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AOA Area of Applicability 
ARA Angular Range Analysis 
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SE Standard Error 
SPM Suspended Particulate Matter 
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SVM Support Vector Machines 
TOC Total Organic Content 
USBL Ultra-Short Baseline (acoustic positioning system) 
VI  Variable Importance 



Abstract 

This dissertation addresses two topics: a) deep-sea polymetallic nodules spatial modelling 
using machine learning and backscatter analysis, and b) mining-induced benthic plume 
monitoring. Deep-sea polymetallic nodules have a heterogeneous and spatially clustered 
distribution pattern within short distances (m to km). High-resolution data are needed to 
understand the reasons behind their patchy distribution, associate nodule coverage with benthic 
fauna occurrences, and enable accurate resource estimation and mining path planning. This 
study uses autonomous underwater vehicle (AUV), multibeam echosounder (MBES) data, 
seafloor images and photomosaics, providing a meter-to-millimeter spatial resolution and 
allowing detailed geomorphological analysis and accurate image-derived estimations of the 
polymetallic nodule seafloor coverage. Multi -model machine learning approaches (generalized 
linear models, generalized additive models, random forests, support vector machines, and 
neural networks) were used to link the two data types. They predict well (R2 > 0.7) for 
geographical areas where correlations between the response variable and predictors exist, the 
spatial autocorrelation is isolated from the model training, and an adequate feature space 
representation of the predicted space is guaranteed from the training data. Quasi-linear, 
monotonic and nonlinear relationships between the nodule coverage and spatial predictors were 
identified using interpretable machine learning tools such as multi-model variable importance 
and partial dependence plots (2D and 3D). The most important spatial predictors were the 
MBES backscatter, particularly from incident angles between 25° and 55°, bathymetry, slope, 
and slope orientation (eastness and northness), agreeing with the existing knowledge of nodule 
occurrence for larger areas. 
Regarding benthic plume monitoring, the thesis shows that artificially generated sediment 
plumes initially spread as a high-density turbidity current perpendicular to the mining lanes, 
having little to no mixing with the ambient water. During the investigated mining experiment, 
the turbidity current was channelled through steeper seafloor sections (> 3° slope), increasing 
the propagation distance and sediment mass transportation outside the mining site, a factor not 
considered so far in numerical models. After the weakening of the turbidity current dynamics 
(100 to 500 m, depending on the seafloor slope), a passive transfer of suspended particles by 
bottom currents continues to transport fine-grained particles. The suspended particulate matter 
concentration (mg L-1) decreases fast with distance and altitude, and values almost at 
background levels were recorded at the end of the monitored area at a 4.5 km distance and the 
highest monitoring altitude of 50 m. Particle flocculation was recorded in situ for the first time 
�± another so far neglected factor, leading to fast (minutes to hours) sediment redeposition 
within short distances (< 500 m) from the mining site. Within the mining site, mm-resolution 
seafloor photomosaic showed that the sediment redeposition was at least 3 cm, and the seafloor 
erosion was 5 cm. The study underlined the need to combine hydroacoustic and optic 
backscatter sensors on stable (landers) and moving (AUVs) platforms with seafloor images to 
achieve informative, high-resolution 4D plume monitoring.   
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Zusammenfassung 

Diese Dissertation untersucht die räumliche Verbreitung von polymetallischen Knollen mittels 
Machine Learning Methoden, für deren Modellierung die Analyse der hydroakustischen 
Rückstreustärke wesentlich war. Weiter Untersucht die Arbeit die Sedimentausbreitung im 
Rahmen eines Knollen-Kollektor Prototyp Tests, der 2021 als erster wirklich industrieller Test im 
zentralen Pazifik durchgeführt wurde. Polymetallische Knollen in der Tiefsee weisen auf kurzer 
Entfernungen (m bis km) ein heterogenes und räumlich geclustertes Verteilung auf. 
Hochauflösende Daten sind erforderlich, um die Gründe für diese zum Teil lückenhafte Verteilung 
zu verstehen, die Knollenbedeckung mit der Verteilung  benthischer Fauna zu korrelieren  und eine 
genaue Ressourcenabschätzung und Abbaupfadplanung zu ermöglichen. In dieser Arbeit werden 
AUV MBES, Meeresbodenbilder und Fotomosaike verwendet, die eine räumliche Auflösung von 
einem Meter (Hydroakustik) bis zu einem Millimeter bieten (Optik). Hierdurch ist eine detaillierte 
geomorphologische Analyse sowie eine genaue, Quantifizierung der Knollenbedeckung am 
Meeresboden möglich. Die beiden Datensätze wurden dafür durch verschiedenen ML Ansätze 
(Generalized Linear Models, Generalized Additive Models, Random Forests Model, Support 
Vector Machines, and Neural Networks Model) miteinander kombiniert und deren Resultate 
verglichen. Alle Modelle machen gute Vorhersagen (R2 > 0,7) für geografische Gebiete, in denen 
Korrelationen zwischen abhängigen Variable und den Prädiktoren bestehen, die räumliche 
Autokorrelation vom Modeltraining isoliert ist und genügend Trainingsdaten für den gesamte 
Feature Space des vorherzusagenden Gebietes gegeben sind. Quasi-lineare, monotone und nicht-
lineare Beziehungen zwischen der Knollenbedeckung und den räumlichen Prädiktoren wurden z.B. 
über die Variablen-Wichtigkeit aus mehreren Modellen und partiellen Abhängigkeitsdiagrammen 
(2D und 3D) ermittelt. Die wichtigsten räumlichen Prädiktoren waren die MBES-Rückstreuung 
(insbesondere für Einfallswinkeln zwischen 25° und 55°), die Bathymetrie, die Steigung und die 
Steigungsausrichtung (Easting und Northing), was generell gut mit den vorhandenen Erkenntnissen 
für größere räumliche Skalen übereinstimmt.  
Bezüglich der Ausbreitung der anthropogen induzierten benthischen Sedimentfahne belegt die 
Arbeit, dass sich initiale Trübeströme  mit hoher Dichte senkrecht zu den Abbauspuren ausbreitet 
und sich nur wenig oder gar nicht mit dem Umgebungswasser vermischen. Diese Trübeströme 
werden durch steilere Abschnitte am Meeresbodens (> 3° Steigung) kanalisiert, wodurch sich die 
Ausbreitungsdistanz und die Menge an Sediment außerhalb des eigentlichen Abbaugebietes erhöht, 
ein Faktor, der bisher in numerischen Modellen nicht berücksichtigt wurde. Nach der 
Abschwächung der Trübestromdynamik (in ca. 100 bis 500 m Entfernung, je nach Steigung des 
Meeresbodens) kommt es zum  passiven Wietertransport von Schwebepartikeln durch 
Bodenströmungen. Die Partikel-Konzentration nimmt dabei mit der Entfernung und Höhe schnell 
ab. Dabei sinken Partikelkonzentrationen in 4.5km Entfernung und 50m Höhe über dem 
Meeresboden fast wieder auf das ursprüngliche Hintergrundniveau. Während der Untersuchungen  
wurden erstmals Partikelausflockung in situ festgestellt - ein weiterer bisher vernachlässigter 
Faktor, der zu einer schnellen (Minuten bis Stunden) Sedimentablagerung innerhalb kurzer 
Entfernungen (< 500 m) vom Abbaugebiet führt. Innerhalb des Abbaugebietes wurde durch 
hochauflösende Photomosaiks und der daraus generierten Geländemodelle mit mm Auflösung neue 
Sedimentablagerung von bis zu 3 cm und Erosionen von bis zu 5 cm ermittelt. General  zeigt das 
durchgeführten Monitoring der Sedimentausbreitung die Notwendigkeit, das hydroakustische und 
optische Rückstreuungssensoren auf stabilen und beweglichen Plattformen eingesetzt werden 
müssen um diese mit Bildern vom Meeresboden zu kombinieren, um eine aussagekräftige, 
vollumfängliche und hochauflösende 4D-Sedimentfahnenüberwachung zu ermöglichen. 
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Introduction   

Deep-sea polymetallic nodules (hereafter nodules) are mineral concretions of mm to cm in 
�G�L�D�P�H�W�H�U�����H�P�E�H�G�G�H�G���L�Q���W�K�H���V�H�G�L�P�H�Q�W���V�X�U�I�D�F�H���R�I���W�K�H���R�F�H�D�Q���À�R�R�U�����P�D�L�Q�O�\���E�H�W�Z�H�H�Q����,000 and 6,000 
m water depth (Hein et al., 2020). They are formed by precipitation of Fe- and Mn-
oxyhydroxides from seawater and sediment porewater (Figure 1), creating repeated concentric 
encrustations around a core (e.g., nodule fragment, rock debris, and shark's tooth) over millions 
of years (Kuhn et al., 2017; Hein et al., 2020). Nodules formed by hydrogenetic precipitation 
have an average growth rate of 1-5 mm Myr-1, while diagenetic precipitation results in a faster 
growth rate of up to 250 mm Myr-1 (Kuhn et al., 2017 and references therein). Both 
precipitation types can co-occur in the same nodule (Figure 1), resulting in an asymmetrical 
growth and texture between the upper (exposed = hydrogentic) and lower (embedded = 
diegentic) parts (SPC, 2013).  

 

Figure 1. a) Nodule with hydrogenetic and diagenetic growth. b) Simplified schematic illustration of nodule 
formation. Figure source: SPC, 2013. 

The extremely slow growth rate is why scientists call nodules the "black box"  of ocean history 
(ISA, 2009; Reykhard and Shulga, 2019). Indeed, the study of nodules has provided valuable 
information on the changes in physical and geochemical conditions of deep-sea basins. For 
example, a single nodule's magnetic and chemical scanning revealed the Antarctic Bottom 
Water (AABW) current weakening in the early Pliocene (Yi et al., 2023). Another example is 
the first in situ documentation of a fossil tooth of the megatooth shark Otodus (Megaselachus) 
megalodon from the deep-sea within a nodule field in the Pacific Ocean (Pollerspöck et al., 
2023).  

Apart from a priceless repository of ocean conditions, nodules are central to the deep-sea 
ecosystem as they are one of the few hard substrates on vast regions covered by otherwise soft 
siliceous clay (Figure 2). Several studies have linked nodule abundance (kg m-2�������V�H�D�À�R�R�U���D�U�H�D��
coverage (% m-2), and nodule size (cm) to the abundance, spatial distribution, species richness, 
and community composition of benthic megafauna, macrofauna, meiofauna and microbial 
communities (Amon et al., 2016; Vanreusel et al., 2016; De Smet et al., 2017; Simon-Lledó et 
al., 2019; Molari et al., 2020; Pape et al., 2021). A recent study upgrades the ecosystemic role 
of nodules as it supports the idea of oxygen formation (the so-called "dark oxygen") through 
seawater electrolysis, with the necessary energy to come from the potential difference between 
metal ions within the nodule layers, particularly of larger nodules (Sweetman et al., 2024). 
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Figure 2. ROV images of benthic megafauna inside nodule fields in Clarion Clipperton Zone and Peru Basin. a) 
Echinoidea, b) Holothuroidea, c) Porifera and Asteroidea, d) Actiniaria, e) Holothuroidea and Scyphozoa, f) 
�(�F�K�L�Q�R�L�G�H�D�����7�K�H���I�D�X�Q�D���D�Q�Q�R�W�D�W�L�R�Q���Z�D�V���E�D�V�H�G���R�Q���W�K�H���V�W�D�Q�G�D�U�G�L�]�H�G���W�D�[�R�Q�R�P�L�F�� �¿�H�O�G���J�X�L�G�H���E�\���6�L�P�R�Q-Lledó et al., 
2023. Figure source: GEOMAR Helmholtz Centre for Ocean Research Kiel, ROV Team. 

�7�K�H���L�P�S�R�U�W�D�Q�F�H���R�I���Q�R�G�X�O�H�V���I�R�U���W�K�H���E�H�Q�W�K�L�F���H�F�R�V�\�V�W�H�P���L�V���F�O�H�D�U�O�\���G�H�S�L�F�W�H�G���Z�K�H�Q���Q�R�G�X�O�H�V���K�D�Y�H��
�E�H�H�Q���U�H�P�R�Y�H�G���L�Q�W�H�Q�W�L�R�Q�D�O�O�\���G�X�U�L�Q�J���G�L�V�W�X�U�E�D�Q�F�H���H�[�S�H�U�L�P�H�Q�W�V�����H���J�������,�6�2�3�(�����������������D�Q�G���+�D�D�O�E�R�R�P��
�H�W���D�O�������������������R�U���S�L�O�R�W���P�L�Q�L�Q�J���W�U�L�D�O�V�����H���J�������%�X�U�Q�V�����������������D�Q�G���9�L�Q�N���H�W���D�O��������������������Figure 3�������7�K�H��
�U�H�P�R�Y�D�O�� �R�I�� �Q�R�G�X�O�H�V�� �G�L�V�W�X�U�E�V�� �W�K�H�� �E�H�Q�W�K�L�F�� �H�F�R�V�\�V�W�H�P���� �V�W�X�G�L�H�V�� �V�K�R�Z�� �D�O�W�H�U�Q�D�W�L�R�Q�V�� �L�Q��
�V�H�G�L�P�H�Q�W�R�O�R�J�L�F�D�O�� �D�Q�G�� �J�H�R�F�K�H�P�L�F�D�O�� �S�D�U�D�P�H�W�H�U�V���Z�L�W�K�L�Q�� �W�K�H�� �V�H�G�L�P�H�Q�W�����D�Q�G�� �D���G�H�F�U�H�D�V�H�� �L�Q��
�D�E�X�Q�G�D�Q�F�H���� �V�S�D�W�L�D�O�� �G�H�Q�V�L�W�\�� �D�Q�G�� �V�W�U�X�F�W�X�U�H�� �R�I���W�K�H���E�H�Q�W�K�L�F�� �F�R�P�P�X�Q�L�W�\�� �H�Y�H�Q�� �D�I�W�H�U�� �������������\�H�D�U�V��
���0�L�O�M�X�W�L�Q���H�W���D�O�������������������-�R�Q�H�V���H�W���D�O�������������������9�R�O�]���H�W���D�O�������������������9�R�Q�Q�D�K�P�H���H�W���D�O�������������������&�X�Y�H�O�L�H�U���H�W��
�D�O�������������������/�H�I�D�L�E�O�H���H�W���D�O���������������������7�K�H���V�H�G�L�P�H�Q�W���S�O�X�P�H���F�U�H�D�W�H�G���G�X�U�L�Q�J���W�K�H���Q�R�G�X�O�H�V�
���U�H�P�R�Y�D�O���K�D�V��
�D�O�V�R���E�H�H�Q���R�I���K�L�J�K���H�Q�Y�L�U�R�Q�P�H�Q�W�D�O���F�R�Q�F�H�U�Q���D�V���L�W���L�Q�F�U�H�D�V�H�V���W�K�H���V�X�V�S�H�Q�G�H�G���S�D�U�W�L�F�X�O�D�W�H���P�D�W�W�H�U�����6�3�0����
�F�R�Q�F�H�Q�W�U�D�W�L�R�Q���V�H�Y�H�U�D�O���W�L�P�H�V���R�U���P�D�J�Q�L�W�X�G�H�V���D�E�R�Y�H���W�K�H���Y�H�U�\���O�R�Z���E�D�F�N�J�U�R�X�Q�G���O�H�Y�H�O�V���R�I�������������P�J��
�/ �������W�K�D�W���W�K�H���G�H�H�S���V�H�D���E�L�R�W�D���L�V���D�G�D�S�W�H�G���W�R�����5�H�F�H�Q�W���H�[�S�H�U�L�P�H�Q�W�V���V�K�R�Z�H�G���W�K�D�W���6�3�0���F�R�Q�F�H�Q�W�U�D�W�L�R�Q�V��
�D�E�R�Y�H���������P�J���/�������Q�H�J�D�W�L�Y�H�O�\���D�I�I�H�F�W���G�H�H�S���V�H�D���S�H�O�D�J�L�F���M�H�O�O�\�I�L�V�K���V�S�H�F�L�H�V�����6�W�H�Q�Y�H�U�V���H�W���D�O���������������������7�K�H��
�U�H�G�H�S�R�V�L�W�H�G�� �V�H�G�L�P�H�Q�W�� �I�R�O�O�R�Z�L�Q�J�� �W�K�H�� �V�H�G�L�P�H�Q�W�� �S�O�X�P�H�� �D�O�V�R���Q�H�J�D�W�L�Y�H�O�\�� �D�I�I�H�F�W�V�� �D�E�X�Q�G�D�Q�F�H�� �D�Q�G��
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�H�Y�R�O�X�W�L�R�Q�� �D�Q�G�� �L�P�S�D�F�W�� �R�I�� �P�L�Q�L�Q�J���L�Q�G�X�F�H�G�� �S�O�X�P�H�V�� �K�D�Y�H�� �E�H�H�Q�� �F�K�D�U�D�F�W�H�U�L�]�H�G�� �D�V�� �W�K�H�� ���J�U�H�D�W�H�V�W��
�X�Q�N�Q�R�Z�Q���I�D�F�W�R�U�����L�Q���G�H�H�S���V�H�D���P�L�Q�L�Q�J���D�F�W�L�Y�L�W�L�H�V�����$�P�R�V���D�Q�G���5�R�H�O�V�����������������$�P�R�Q���H�W���D�O������������������ 

Nodules could play a significant role in transitioning to green and decarbonized technologies, 
as they have a high average abundance (e.g., 10�±15 kg m-2 of wet weight) and are rich in metals 
as Mn (28.4 wt %), Fe (6.16 wt %), Ni (1.30 wt %), Co (0.215 wt %), Cu (1.07 wt %), Li (131 
ppm) and rare earth elements such as Yttrium. These metals are currently in increasing demand 
as they are needed in technologies such as electric cars and wind turbines (Hein et al., 2020). 
The European Union alone will need 60 times more lithium and 15 times more cobalt by 2050 
than today for this transition (EC, 2020). Thus, nodules are considered a valuable (now 
renewable) 2D resource (including the first five to ten cm of sediment column), and their 
existence has received attention. Considering the geological, ecosystemic and economic 
importance of nodules, the presented Thesis addresses the topics related to the scientific gaps 
in high-resolution spatial nodules mapping and the monitoring of mining-induced sediment 
plumes:  

Section I addresses the main research topic of the thesis, which investigates spatial predictions 
of deep-sea polymetallic nodules by using hydroacoustic and optic data in machine learning 
algorithms (main research topic). Section I introduces the reasons that affect nodules' spatial 
distribution on global and regional scales and underlines the need for local scale studies using 
data obtained by autonomous underwater vehicles (AUVs). Afterwards, the research objectives 
are clarified, and the key findings from the three published research papers are summarized 
and related. Finally, an outlook for future work is given.  

Section II deals with the secondary research topic of the Thesis, the mining-induced benthic 
plume monitoring. It summarizes the research findings of the provisionally accepted research 
paper related to in situ plume monitoring of the first modern trial of an industrial-scale pre-
prototype seafloor nodule collector in the Pacific Ocean. The study underlines the need for a 
holistic scientific and technological approach to study such a complex topic and presents 
important outcomes regarding the technology needed to monitor sediment plumes in high 
spatiotemporal resolution in the future. 

Section III  describes the author's scientific development and achievements, including co-
authorships in peer-reviewed original research articles and book chapters, scientific data 
publications, participation in international conferences, scientific expeditions, workshops and 
awards received during the PhD. 

Section IV includes the references of sections I to III.  

Section V contains the published and submitted research articles, their appendixes, and 
supplementary information. 
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Section I 

�'�H�H�S���V�H�D�� �S�R�O�\�P�H�W�D�O�O�L�F�� �Q�R�G�X�O�H�V�� �V�S�D�W�L�D�O���P�R�G�H�O�O�L�Q�J���Z�L�W�K��
�P�D�F�K�L�Q�H���O�H�D�U�Q�L�Q�J���D�O�J�R�U�L�W�K�P�V���D�Q�G���E�D�F�N�V�F�D�W�W�H�U���D�Q�D�O�\�V�L�V�� 

"Everything is related to everything else, but near things are more related than distant 
things." 

The first law of Geography, (Waldo R. Tobler, 1970)
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�P�L�V�O�H�D�G�L�Q�J���U�H�V�X�O�W�V���H�Y�H�Q���I�R�U���J�R�R�G���T�X�D�O�L�W�\���G�D�W�D�����,�Q���D�G�G�L�W�L�R�Q�����W�K�H���E�O�L�Q�G���X�V�H���R�I���P�D�F�K�L�Q�H���O�H�D�U�Q�L�Q�J��
�D�S�S�U�R�D�F�K�H�V���Z�L�W�K�R�X�W�� �G�R�P�D�L�Q�� �N�Q�R�Z�O�H�G�J�H�� �U�H�V�X�O�W�V�� �L�Q�� �V�X�E���R�S�W�L�P�D�O�� �F�R�Q�F�O�X�V�L�R�Q�V���� �S�D�U�W�L�F�X�O�D�U�O�\�� �L�Q��
�Q�D�W�X�U�D�O���V�F�L�H�Q�F�H�V�����0�D�U�L�Q�H���J�H�R�V�F�L�H�Q�W�L�V�W�V���Q�R�Z�D�G�D�\�V���V�K�R�X�O�G���K�D�Y�H���D�Q���L�Q�W�H�U�G�L�V�F�L�S�O�L�Q�D�U�\���D�S�S�U�R�D�F�K���D�Q�G��
�O�H�D�U�Q�� �Y�D�U�L�R�X�V�� �I�D�V�W���H�Y�R�O�Y�L�Q�J�� �P�H�W�K�R�G�V���� �W�R�R�O�V���� �D�Q�G�� �V�R�I�W�Z�D�U�H���S�D�F�N�D�J�H�V�����F�R�P�P�H�U�F�L�D�O�� �D�Q�G�� �R�S�H�Q��
�V�R�X�U�F�H���� �W�R�� �D�G�G�U�H�V�V�� �V�S�D�W�L�D�O�� �S�U�R�E�O�H�P�V�� �Z�L�W�K�� �U�H�P�R�W�H�� �V�H�Q�V�L�Q�J�� �P�H�W�K�R�G�V���� �,�Q�� �W�K�H�� �H�U�D�� �R�I�� �D�U�W�L�I�L�F�L�D�O��
�L�Q�W�H�O�O�L�J�H�Q�F�H���� �D�� �J�R�R�G���X�Q�G�H�U�V�W�D�Q�G�L�Q�J���R�I�� �W�K�H���G�D�W�D���O�L�I�H���F�\�F�O�H���� �W�K�H���D�O�J�R�U�L�W�K�P�V���X�V�H�G���D�Q�G���W�K�H���F�D�X�V�D�O��
�Q�D�W�X�U�D�O���P�H�F�K�D�Q�L�V�P�V���E�H�K�L�Q�G���W�K�H���L�Q�Y�H�V�W�L�J�D�W�H�G���W�R�S�L�F���D�U�H���H�V�V�H�Q�W�L�D�O���P�R�U�H���W�K�D�Q���H�Y�H�U�����7�K�L�V���3�K�'���W�K�H�V�L�V��
�K�D�V���D���K�R�O�L�V�W�L�F���D�S�S�U�R�D�F�K�����F�U�H�D�W�L�Q�J���D���E�U�R�D�G���P�L�Q�G�H�G���P�D�U�L�Q�H���J�H�R�V�F�L�H�Q�W�L�V�W�� 
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Nodules Spatial Distribution 

Since their discovery in 1873 during the Challenger expedition (Thomson, 1873; Belkin et al., 
2021), nodules have been found in all oceans, the Pacific (e.g., Kuhn et al., 2017), Atlantic 
(e.g., Cronan, 1975), Indian (e.g., Sharma et al., 2013), as well as the Arctic (e.g., Hein et al., 
2017) and Southern Ocean (e.g., Ostwald, and Frazer, 1973). However, they are unevenly 
distributed as several environmental factors affect nodule formation, growth, abundance, metal 
content, shape, size and texture on global, regional and local scales. 

On a global scale, their spatial distribution is driven by the water depth and Calcium 
Compensation Depth (CCD), long-term low sedimentation rates, bottom water oxygen 
concentration, long-term bottom current velocity, seafloor lithology and sediment size, sea-
surface productivity and total organic carbon content in seafloor sediments, seafloor biomass 
and plate tectonics (Dutkiewicz et al., ���������������%�U�L�H�I�O�\�����W�K�H���V�H�D�I�O�R�R�U���������(���������P���E�H�O�R�Z���W�K�H���&�&�'��
is most favourable for nodules as siliceous ooze on the seafloor allows metal exchange through 
the sediment pore water, enhancing diagenetic growth. Deeper than this, the diagenetic 
contribution is reduced due to lower particle flux rates of metal reaching the seafloor and the 
dominance of finer grain size (deep-sea clay), which has reduced sediment permeability and 
metal mobility in pore waters compared to siliceous ooze. Above the CCD, the dilution from 
precipitating carbonates and the higher content of calcareous ooze on the seafloor sediments 
hamper the formation and growth of nodules (Hein et al., 2013; Kuhn et al., 2017). Long-term 
low sedimentation rates (< 5-10 cm kyr-1) and low total organic carbon content (< 0.5 wt %) in 
areas with medium to low surface productivity (< 300 mg C m-2 day-1) are needed to support 
the slow mineral precipitation and retain well-oxygenated waters (150-210 mmol m-3) and oxic 
conditions on the surficial sediments and its pore water (ISA, 2010; Dutkiewicz et al., 2020). 
Long-term steady and well-oxygenated large-scale bottom currents, such as the AABW 
currents, inhibit sediment accumulation by eroding and removing the finest sediments and 
generating fragmental materials that serve as nodules' nuclei (ISA, 2010; Kuhn et al., 2017). 
Large plate movements, such as the northwest shift of the Pacific plate, also contribute to 
creating optimal (past) or suboptimal (present) conditions for nodule formation (ISA, 2010; 
Kuhn et al., 2017). Biotic processes also contribute to nodule growth and preservation. For 
example, free-living bacteria create a biofilm around nodule seeds, contributing to the 
precipitation of Mn- and Fe-oxyhydroxides (Wang and Müller, 2009; Zhang et al., 2023). The 
activity of benthic fauna around, under and on top of nodules (detritus feeding and foraging) is 
considered the primary mechanism sustaining nodules on the sediment surface, as they clean 
the fine sediment on top of nodules and deposit it underneath them (Gardner et al., 1984; 
Mullineaux, 1989; Dutkiewicz et al., 2020). The spatial variability of the abovementioned 
factors has resulted in regions with higher nodule abundance and metal content, gathering 
worldwide and national interest for exploration and future exploitation. Such regions include 
the Clarion Clipperton Zone (CCZ) in the NE equatorial Pacific, the Central Indian Ocean 
Basin, the Peru Basin, the Penrhyn Basin, and the Exclusive Economic Zone (EEZ) of the Cook 
Islands. Only within the CCZ, which has an area of ca. 4.5 million km2, the International 
Seabed Authority (ISA) has issued 18 exploration licenses (ISA, 2023; Figure 4).  
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Figure 4. a) The globe map shows the CCZ between Central America and Hawaii, where most exploration 
contract areas for nodules have been issued, and the location of the Peru Basin. The EEZs are darker blue areas 
(FMI, 2019). b) A zoom-in map of the CCZ shows the exploration contract areas (black polygons), the Areas of 
Particular Environmental Interest (hashed blue squares), and the Reserved Areas (light blue blocks; ISA, 2023). 
The Global Sea Mineral Resources (GSR) exploration contract area is marked yellow, and the locations of the 
three study sites are provided. Each number corresponds to the number of each published research article 
chronologically ordered. Figure source: �*�D�]�L�V���H�W���D�O����������������https://doi.org/10.1038/s41467-025-56311-0 �� 

Regional seafloor morphology further influences the nodules' spatial distribution (Figure 
5). Local bathymetry (Craig, 1979; Kodagali, 1988; von Stackelberg, 2000), terrain ruggedness 
(Kodagali, 1988; Skornyakova and Murdmaa, 1992), steep slopes, and outcropping bedrock 
(Dreisetl, 2016; Yoo et al., 2018; Alevizos et al., 2022), volcanism and the availability of nuclei 
(Glasby et al., 1973) have a direct effect on the nodules' spatial distribution. Synergistically, 
seafloor morphology alters the local hydrodynamics, e.g., when solitary knolls or seamount 
chains influence bottom current velocity and direction, causing erosive and depositional 
structures such as furrows and sediment drifts, respectively (Juan et al., 2018). Alternations in 
local sediment depositional patterns that influence sediment thickness (e.g., seafloor pits with 
increased sedimentation and conical hills with sediment accumulation at the lee side) contribute 
to the patchy nodule distribution (Wiedicke and Weber, 1996; von Stackelberg, 2000; Juan et 
al., 2018). The synergistic effect of seabed topography, bottom currents, and heterogeneous 
sedimentation patterns influences the geochemical sediment conditions that affect nodule 
formation, e.g., removal of clay-size particles by currents, variations in total organic carbon 
content and shifts of the Mn-redox depth in local depressions, highlighting the relationship 
between meter-scale seabed morphology and variation in geochemical conditions (Mewes et 
al., 2014; Volz et al., 2018; Paul et al., 2019). 

The thesis focuses on the geomorphological component of this interplay , providing insights 
into the role of topography on nodule occurrences on local scales (meters to a few km), which 
are not studied as thoroughly as the regional (hundreds to thousands of km) and global scales 
mainly due to the lack of high-resolution data that are typically generated through AUV 
deployments.  

https://doi.org/10.1038/s41467-025-56311-0
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Figure 5. AUV colour-normalized (Köser et al., ������������ �V�H�D�À�R�R�U���L�P�D�J�H�V���V�K�R�Z�L�Q�J�� �W�K�H�� �G�L�I�I�H�U�H�Q�W���Q�R�G�X�O�H���F�R�Y�H�U�D�J�H��
within the same study site. The image-derived nodule coverage has been calculated using the using the Mangan 
Analyzer software (saltation GmbH & Co. KG). Figure source: Gazis et al., 2024 https://doi.org/10.1007/s11053-
024-10393-7  

AUV Multibeam Echosounder (MBES) data: This thesis significantly enriches the 
available high-resolution deep-sea data by presenting the most extensive AUV-based MBES 
datasets on nodules as a deep-sea resource at the time of writing.  In total, 75.3 km2 of 
seafloor were mapped in three study areas (Figure 6): 9.5 km2 in the Global Sea Mineral 
Resources (GSR) B6 area of the CCZ (Research article I), 28.2 km2 in the Disturbance and 
recolonization Experimental Area (DEA) area of the Peru Basin (Research article II) and 
another 37.6 km2 in the GSR B4 area of the CCZ (Research article III). Notably, the GSR B4 
area was ensonified by a 400 kHz MBES with a beam width of 0.7° × 0.7° from an acquisition 
altitude of 60 m above the seafloor; this resulted in a footprint* of 0.7 m × 0.7 m. The smaller 
the beam width and the shorter the acquisition altitude, the greater the resolution as the size of 
the seafloor area in which a certain number of pings fall (footprint), is smaller (Hughes Clarke 
2018). This MBES footprint is the smallest in current literature regarding nodules and 
other deep-sea resources, such as seafloor massive sulfides (Juliani et al., 2021; Haroon et 
al., 2023). AUV-based MBESs capture the nodules' backscatter reflectance with high-
frequencies (< 100 �± 700 kHz), a frequency spectrum in the past not used commonly.  

 
 

* The MBES footprint calculation is done for a flat seafloor according to the equations provided by the 
International Hydrographic Organization, IHO 2011. 

https://doi.org/10.1007/s11053-024-10393-7
https://doi.org/10.1007/s11053-024-10393-7
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Such high-resolution data are necessary to depict the meter-scale seafloor structures that 
influence the nodules' spatial distribution, which are not resolvable with ship-based MBES data 
(e.g. Peukert et al., 2018a and Figure 6). Low frequency ship-based MBESs and towed Side-
Scan Sonar (SSS) systems (< 12 �± 100 kHz) map the nodule coverage on regional scales, i.e., 
hundreds to thousands of km2 (Scanlon and Masson, 1992; Lee and Kim, 2004; Chunhui et al., 
2015; Machida et al., 2019; Kuhn and Rühlemann, 2021; Wang et al., 2021).  

 
Figure 6. Bathymetric maps of the three study areas based on three different sources: a1-a3) GEBCO-based 
bathymetric grid with a cell size of 450 m (GEBCO, 2024). b1-b3) Ship-based MBES bathymetric grid with a cell 
size of 50 × 50 m (Greinert, 2016; Gausepohl et al., 2019 a, b; Gazis, 2020). c1-c3) AUV-based MBES bathymetric 
grids with cell sizes of 3× 3 m (a3 and b3) and 2 × 2 m (c3). Figure source: Gazis, 2025 (PhD dissertation). 

AUV optic data: The recent advancements in underwater photography (Song et al., 2022; 
She et al., 2023; Song et al., 2024), nodule segmentation (Schoening et al., 2017; Song et al., 
2019; Shao et al., 2023; Tomczak et al., 2024) and image clustering (Mbani et al., 2022) make 
seafloor images a valuable tool for quantitative nodule studies, providing thousands to millions 
of ground truth data in high-resolution (mm to cm scale). Based on thousands of images and 
image-derived nodule coverage estimations, robust spatial and statistical analyses have been 
made possible and clearly show that nodule distribution varies significantly even in short (m 
to km) distances (Schoening et al., 2017; Peukert et al., 2018; Alevizos et al., 2022).  

Machine learning: The large amount of hydroacoustic and optic data collected during 
offshore surveys accelerated the application of machine learning at local (Wong et al., 2021), 
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regional (Hari et al., 2018; Kaikkonen et al., 2019; Kuhn & Rühlemann, 2021; Wasilewska-
�%�á�D�V�]�F�]�\�N�� �	�� �0�X�F�K�D���� ������������ �D�Q�G�� �J�O�R�E�D�O�� �V�F�D�O�H�V�� ���'�X�W�N�L�H�Z�L�F�]��et al., 2020). Machine learning 
algorithms have also been used to a smaller extent for the spatial predictive modelling of 
ferromanganese crusts (Josso et al., 2023) and seafloor massive sulfides (Juliani et al., 2021; 
Haroon et al., 2023). Machine learning algorithms use MBES and SSS backscatter and 
bathymetric derivatives (quantitative descriptors of seafloor morphology) to predict the spatial 
distribution of nodules based on the associations built. These spatial predictors relate to nodule 
coverage or are proxies for the physical and geochemical processes that support or prevent 
nodule growth. For example, the slope orientation has been used as a proxy for the mean current 
direction in spatial models when continuous long-term information about bottom currents is 
unavailable (e.g. Uhlenkott et al., 2022). Variations in sediment thickness are reflected in the 
MBES backscatter intensity, Angular Range Analysis (ARA), and SSS backscatter mosaics 
(Yoo et al., 2018; Hillman et al., 2017; Gaida et al., 2019) and can be inferred from topographic 
indices such as the bathymetric position index (BPI; Alevizos et al., 2022). 

In general, the thesis is not limited to getting an accurate prediction map. It conducts an in-
depth machine learning methodological analysis, which includes comparing different machine 
learning algorithms and validation techniques and aims at identifying the limitations of model-
based spatial predictive mapping. Particular attention was given to the interpretability of the 
machine learning models using interpretable machine learning tools such as variable 
importance ranking, partial dependence plots (2D and 3D) and domain knowledge. Such a 
combined analysis approach sheds light on the sometimes mystic character of machine learning 
models and provides valuable feedback regarding each predictor variable's statistical and 
natural contribution and highlights the role of the seafloor geomorphology on the spatial 
distribution of nodules. The thesis provides a detailed overview of the current literature on this 
topic. 
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Research Objectives of Section I 

Section I has five Research Objectives: 

I. Investigate the applicability of machine learning regression algorithms to predict 
the fine-scale spatial distribution of nodules using AUV-based hydroacoustic 
(MBES and SSS) and optic data (seafloor images), as well as a small number of 
ground truth data (i.e. box corers).  

II.  Study the methodological limitations, pitfalls, and challenges of machine learning-
based spatial modelling of nodules, related to spatial autocorrelation and feature 
space extrapolation.  

III.  Examine the performance of five commonly used machine learning regression 
algorithms for the spatial prediction of nodules: generalized linear models, 
generalized additive models, random forests, support vector machines, and neural 
networks.  

IV. Analyze the MBES backscatter response of seafloor parts with different nodule 
coverage and study the contribution of different incident angles (angular range 
analysis) and backscatter components (impedance and volume) on the modelling 
performance. 

V. Provide insights into the geomorphological reasons behind the nodules' patchiness, 
by combining hydroacoustic and optic data, domain knowledge, and interpretable 
machine learning.  

Three peer-reviewed original research articles addressed the abovementioned objectives (see 
Section V). No other peer-reviewed study with such objectives was published before these 
research articles.



Section I �± Research Objective I 
 

22 
 

Research Objective I:  Investigate the applicability of machine learning regression algorithms 
to predict the fine-scale spatial distribution of nodules using AUV-based hydroacoustic (MBES 
and SSS) and optic data (seafloor images), as well as a small number of ground truth data (i.e. 
box corers). 

Key findings  

The three research articles show that machine learning algorithms extract meaningful 
information from thousands of seafloor images and hydroacoustic data, capturing linear, 
monotonic, nonlinear and non-monotonic relationships between nodules, backscatter signal 
and local geomorphology such as depth, slope, and rugosity (also Research Objectives III-V). 
Based on the relations built, one can develop detailed spatial maps on operational scales in a 
reasonable computational time, allowing near-real-time applications as soon as the image 
processing occurs fast enough (Figure 7). Research article I presents for the first time a 
workflow on how to combine AUV-based MBES data, image-derived values of nodules 
occurrences (number m-2, % coverage m-2 and median size m-2) and ground truth data (box 
corers) using machine learning (e.g. random forests) to predict the fine-scale (meter to km 
scale) spatial distribution of nodules (Figure 8). Research article II focused on the 
methodological limitations of this approach and how they can be addressed (also Research 
Objective II), and research article III studied the differences between machine learning 
algorithms and performs an ARA of the MBES backscatter reflectance from different incident 
angles to derive the most sensitive incidence angles (also Research Objective III). MBES 
backscatter was the most important spatial predictor (also Research Objective IV) and, together 
with data generated from seafloor images, revealed a meter scale patchiness that cannot be 
resolved with box-corer data that are typically scarce and sparse (one sample per km2) and only 
represent aa very small sampling area (0.25 m2). The spatial autocorrelation analysis with 
Anselin Local Moran's Index (Anselin, 1995), showed that nodules cluster into statistically 
significant (I > 0.5, p < 0.05) groups of higher and lower coverage following the fine-scale 
seafloor variations in all study areas, underlying the importance of a detailed terrain 
reconstruction for understanding and predicting nodule occurrences on a varying deep-sea 
seafloor (also Research Objective V). 

 

Figure 7. Map showing the model predicted wet abundance (kg m-2) of nodules, accounting for the buried nodules 
���P�D�[���������F�P�������7�K�H���V�H�D�I�O�R�R�U���S�D�U�W�V���Z�L�W�K���V�O�R�S�H���•�����•���D�U�H���P�D�V�N�H�G�����U�H�S�U�H�V�H�Q�W�L�Q�J���D���I�X�W�X�U�H���P�L�Q�L�Q�J���V�F�H�Q�D�U�L�R����Figure source: 
Gazis et al., 2018. https://doi.org/10.5194/bg-15-7347-2018 

https://doi.org/10.5194/bg-15-7347-2018
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Figure 8. Schematic flowchart of the main steps for the spatial prediction of nodules using AUV-based data and 
machine learning algorithms: From data acquisition to model outputs and interpretation. Each Research Objective 
discusses one or more steps of this workflow. Figure source: modified from Gazis et al., 2024 
https://doi.org/10.1007/s11053-024-10393-7  

Research initiatives 
The key findings of Research Objective I initiated additional research topics that have been 
addressed in other projects or additional studies by the author: 

a) Fine-scale distribution maps of nodules allow accurate resource estimation and optimized 
mining path planning on an operational scale and time. Such maps would be the base 
information for an autonomous and adaptive steering system for seabed nodule mining, which 
will determine the most operationally and environmentally efficient mining path on the seabed. 
Such operational calculation will integrate forecasted hydrodynamic and sediment transport 
data, optimal manoeuvrability of the vehicles and production efficiency while guaranteeing 
safe execution, e.g. by avoiding outcropping basement and increased slopes not resolved in 
ship-based MBES data (e.g. Peukert et al., 2018a). This idea initiated a 3.5-year research 

https://doi.org/10.1007/s11053-024-10393-7
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program entitled COMPASS: Control of an Operational Mining Path Through an Auto-
Adaptive Steering System. COMPASS strengthened the collaboration between GEOMAR 
Helmholtz Centre for Ocean Research Kiel and two industrial partners from Germany (saltation 
GmbH and Co. KG) and Belgium (Global Sea Mineral Resources NV). The MarTERA partners 
Flanders Innovation and Entrepreneurship (VLAIO), the German Federal Ministry of 
Economic Affairs and Energy (BMWi) and the European Union co-founded the COMPASS 
project (COMPASS, 2018). It should be highlighted that continuous surfaces with nodule 
coverage are among the best spatial predictors in deep-sea habitat species distribution 
modelling (Uhlenkott et al., 2020; Uhlenkott et al., 2023) 

b) AUV-based images are crucial for Research Objective I, as they provide the % seafloor 
coverage of nodules (here after nodule coverage) constituting the training data for machine 
learning algorithms. This highlighted the need to empirically confirm that the ellipsoid model 
used by the Compact Morphology-based Nodule Delineation (CoMoNoD) and Hierarchically 
Growing Hyperbolic Self-Organizing Map (H2SOM) image processing algorithms yields 
realistic size and area estimations (Schoening et al., 2016; Schoening et al., 2017). The author, 
together with colleagues from the DeepSea monitoring group, measured the length, width, 
height, wet mass, volume, area, and buried depth of 1657 nodules from box corers collected in 
GSR and BGR (Federal Institute for Geosciences and Natural Resources) contract sites during 
the SO268 expedition (Haeckel and Linke, 2021). These measurements were published (see 
Data Publications) and were later used to prove that the nodule shape at these study sites agrees 
with the idealized ellipsoidal shape and that empirical equations (with a high degree of 
confidence; R2 > 0.9) can be established between the nodule weight and the major/minor nodule 
axis (Yu and Parianos, 2021; Figure 9). Such image-derived information regarding shape and 
size can be combined with the number, coverage and size of nodules derived from box-corer 
data, resulting in empirical formulas for the abundance, which are necessary as the images 
cannot provide information on the buried nodules and tend to underestimate the actual nodule 
coverage due to semi-buried nodules or nodules covered by faint sediment (Sharma 1993; 
2017; Lipton et al., 2016; Ellefmo and Kuhn, T. 2021; Tsune 2021). The degree of 
underestimation varies between different nodule sizes, facies and substrates; underestimation 
is higher in sub-areas with thicker sediment layers and lower in sub-areas with rocky substrate 
and basement exposure (Sharma 1993, 2017; Parianos et al., 2021). In regions without surficial 
sediment on nodules and basement exposure-like the three study sites-results have shown a 
good agreement (e.g. R2 > 50 %, locally up to 90%) between image-derived and box-corer-
derived coverage (Lipton et al., 2016; Sharma 2017; GSR, 2018; Wasilewska-�%�á�D�V�]�F�]�\�N���D�Q�G��
Mucha, J. 2021).  

Technological challenges and solutions  
Investigations around Research Objective I highlight technological challenges related to 
hydroacoustic and optic data that hinder spatial modelling independently of the used machine 
learning algorithm.  

a) Artifacts in MBES data products: AUV MBES surveys are typically conducted in low 
altitudes (e.g. 50-60 m above the seafloor) allowing the use of high frequency systems (e.g. 
400 kHz) with small beam angles (e.g. 0.7° × 0.7°) and high-ping rate (e.g. 50 Hz) achieving 
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high-resolution (1 to 3 m-scale). At the same time AUVs as platform avoid ship-based MBES 
acquisition problems like near-surface turbulence and bubbles close to transducers, ship noise, 
rough sea and significant sound velocity changes (Jakobson et al., 2016). However, AUVs are 
prone to navigation drifting over time, roll, pitch, yaw, latency artefacts, and pressure changes 
due to tides that result in artefacts, which are typically more prominent due to the very high 
resolution and are more complex to resolve than for ship-based MBES data. 

 

Figure 9. a) Raw seafloor image. The acquisition altitude is 5.33 m. The bright white spots are Epifauna indet. on 
top of two nodules. b) Nodule coverage segmentation and calculation using the Mangan analyzer software. The 
different colours correspond to different sizes. Scatterplots between the length of the two nodule axes (c) and 
between the nodule area (d) calculated based on the ellipsoid model and the nodule (wet) weight. Figure sources: 
a and b) modified from Gazis et al., 2024 https://doi.org/10.1007/s11053-024-10393-7 , c and d) Gazis, 2025 (PhD 
dissertation).  

Machine learning models are data-driven approaches that demand high-quality data. 
Unresolved acquisition artefacts affect the calculation of bathymetric derivatives (e.g., 
artificially increased slopes) and add unnecessary noise into the predictor variables which 
negatively affects spatial predictions (Lucieer et al., 2016; Lecours et al., 2017, Hughes Clarke, 
2018). The performed in-depth MBES post-processing included roll bias correction, sound 
velocity ray tracing, tide correction. In addition, AUV turn removal, manual and automated 
filtering of erroneous soundings with the Combined Uncertainty and Bathymetry Estimator 
(CUBE) algorithm (Calder and Mayer, 2003), and low pass Gaussian filtering increased the 
quality of the final data producst of high quality bathymetric and backscatter derivatives 
(Figure 10). In a last step, the final bathymetric surface is compared to the ship-based post-
processed bathymetric surface, inspected for XY navigational offsets and adjusted if needed to 
gain an absolute georeferenced data layer (Mohrmann and Greinert, 2022).  

b1) AUV-related errors in absolute positioning: Km-long AUV survey lines result in meter-
scale positional drift over time, mainly when the AUVs use only their onboard inertial 
navigational systems without additional ultra-short baseline (USBL) or long baseline (LBL) 
acoustic positioning. Even if one or both systems are available, the km-long survey lines could 

https://doi.org/10.1007/s11053-024-10393-7
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still result in positional drift. Fine-scale studies in heterogeneous seafloor demand a good 
positional match between the image location and the geomorphological parameter captured by 
the MBES- and SSS-derived predictors. Navigational post-processing (e.g. Kalman filtering) 
and predictor value extraction for each image location using bilinear interpolation of the four 
adjacent cells or from a given radius (depending on the dive-specific positional uncertainty) 
was applied to overcome navigational errors. This was done in accordance to findings of Naimi 
et al. (2011) and Stephens and Diesing (2014).  

 

Figure 10. a-b) AUV-based bathymetric and slope map for a part of the study site used in Research article III, 
showing residual errors creating artificial slopes on a flat seafloor due to a non-thoroughly post-processing 
analysis. c-d) AUV-based bathymetric and slope map for the same part of the study site, showing the improvement 
after detailed post-processing analysis. Such residual artefacts are non-visible in bathymetric maps but become 
pronounced in bathymetric derivatives such as slope and rugosity, adding unnecessary noise to spatial predictors. 
Figure source: Gazis, 2025 (PhD dissertation). 

b2) AUV-related errors due to changing altitude: Flying perpendicular to slopes on a lawn 
mowing patterns alternates the acquisition altitude in uphill and downhill lines, resulting in 
seafloor images from two different altitudes within the same hillslope area which generates 
contradicting results in automated nodule coverage estimations of images (Figure 11 and 
Figure 12). Instead, flying parallel to the slope should be preferred if possible. 
The lawn mowing pattern should also be avoided even in flat areas when the survey aims for 
orthophoto-mosaicking, as the different camera and flashlight orientations create uneven 
illumination and shadows that hinder the feature matching between photos from parallel survey 
lines. Instead, groups of survey lines with the same heading ensure uniform illumination for 
most mapped areas. AUV optic surveys are also affected negatively by changes (jumps) in 
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acquisition altitude due to erroneous altitude warnings. The image analysis articles by 
Schoening et al. (2016) and Schoening et al. (2017) showed that a constant AUV altitude of 4 
to 5 m above the seafloor yields the best results, whilst images obtained from an altitude higher 
than 7 m should be excluded from nodules detection and orthophoto-mosaic reconstruction as 
they have reduced resolution, brightness and contrast hindering the feature matching during 
orthophoto-mosaicking and resulting in poor detection and underestimation of nodules (Figure 
12). The author and his colleagues applied the knowledge from the abovementioned finding in 
the scientific expedition IP21-MANGAN (Vink et al., 2022), improving image acquisition, 
nodule detection and orthophoto-mosaic reconstruction. 

 

Figure 11. a) AUV image survey altitude in GSR B6 contract area (CCZ). b) Slopes (> 3°) force the AUV to 
�P�R�G�L�I�\���L�W�V���D�O�W�L�W�X�G�H�����À�\�L�Q�J���F�O�R�V�H�U���W�R���W�K�H���V�H�D�À�R�R�U���L�Q���W�K�H���D�V�F�H�Q�G�L�Q�J���S�K�D�V�H�����E�O�X�H���O�L�Q�H�V�����D�Q�G���I�D�U�W�K�H�U���I�U�R�P���W�K�H���V�H�D�À�R�R�U��
�L�Q���W�K�H���G�H�V�F�H�Q�G�L�Q�J���S�K�D�V�H�����F�����2�Q���D���I�O�D�W���V�H�D�I�O�R�R�U�����W�K�H���$�8�9���À�\�L�Q�J���D�O�W�L�W�X�G�H���L�V���F�R�Q�V�W�D�Q�W�������±9 m) for almost the entire 
survey. Figure source: Gazis et al., 2018. https://doi.org/10.5194/bg-15-7347-2018  

https://doi.org/10.5194/bg-15-7347-2018
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Figure 12. a) Scatterplot showing the statistically significant correlation between the AUV acquisition altitude 
and image-derived nodule number m-2. b1-b3) Color-normalized seafloor images (Köser et al., 2021) for each 
acquisition altitude. Figure source: modified from Gazis et al., 2018. https://doi.org/10.5194/bg-15-7347-2018

https://doi.org/10.5194/bg-15-7347-2018
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Research Objective II:  Study the methodological limitations, pitfalls, and challenges of 
machine learning-based spatial modelling of nodules, related to spatial autocorrelation and 
feature space extrapolation.  

Key findings 

Spatial autocorrelation  
Spatial autocorrelation describes the phenomenon where local similarity (neighbouring 
observations) is matched by value similarity (correlation between observations; Anselin, 1995). 
Independent of the machine learning algorithms used (see Research Objective III), all are prone 
to spatial overfitting when spatial autocorrelation exists (e.g. Roberts et al., 2017; Meyer et al., 
2018; Misuk et al., 2019; Ploton, 2020; Kattenborn et al., 2022). When spatial autocorrelation 
is present, and a typical random k-fold cross-validation (CV) is used (i.e. the training points 
are assigned randomly to validation folds), the machine learning algorithm uses almost 
identical data for training and CV learning to reproduce neighbouring data with similar 
characteristics based on their spatial proximity and not the underlying relationships with the 
predictor variables (e.g. Dutkiewicz et al., 2017). Consequently, the fitted model predicts well 
in areas that fall within the range (i.e. influence) of spatial autocorrelation but poorly in areas 
beyond the spatial autocorrelation range. The model performance metrics such as Mean 
Absolute Error (MAE), Root Mean Square Error (RMSE) and Coefficient of Determination 
(R2) are over-optimistic without reflecting the model's ability to learn from the available 
predictors. This phenomenon is called spatial overfitting, one of the biggest pitfalls in spatial 
predictive modelling with machine learning algorithms (Roberts et al., 2017; Meyer et al., 
2018; Ploton, 2020; Karasiak et al., 2022). Addressing this issue is particularly important as all 
datasets used in the three research articles have significant (I > 0.5, p < 0.05) spatial 
autocorrelation in nodule occurrences (see Research Objective V).  

Our analysis showed that the commonly applied random k-fold CV underestimates the model 
prediction error compared to the spatial k-block partitioning (Figure 13). The spatial k-block 
CV divides the study area into k-spatial blocks; the algorithm is trained k-times using the data 
from k-1 spatial blocks to train and validate the predictions in the remaining spatial block. The 
model is ready when all spatial blocks have been used for training and validation. The critical 
point in this method is the block size.  

The block size (and consequently, the number of spatial blocks and training iterations) is a 
tradeoff between spatial autocorrelation range and model extrapolation (Roberts et al., 2017; 
Valavi et al., 2018). The optimum block size differs for each dataset, and should be optimized 
before the spatial modelling, following a three steps approach: First, the range, degree and 
significance of spatial autocorrelation are identified using the Incremental Moran Index 
analysis or/and variogram analysis (Figure 14); second, spatial blocks with dimensions close 
to the range of significant spatial autocorrelation are built, and the training data are assigned. 
Third, the density distributions of geographical and feature space distances between the training 
points, the CV blocks, are compared to the total geographical and future space area used for 
model predictions for each spatial block layout (Meyer and Pebesma, 2022). The spatial blocks 
with dimensions close to or beyond the range of significant spatial autocorrelation (e.g. I < 0.5, 
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p > 0.05), that still adequately represent the geographical and feature space used in the spatial 
predictions, are selected. 

 

Figure 13. a) Data splitting into ten random CV folds, b) The random forests CV performance overestimates the 
overall prediction performance (median R2 = 0.93), and it has a minimum variance among the random folds due 
to the almost identical samples. c) Data-splitting into ten spatial blocks. d) The model performance is poor (median 
R2 = 0.13) and varies between the spatial blocks. Figure source: modified from Gazis and Greinert, 2021 
https://doi.org/10.3390/min11111172 

For example, in research article III, the analysis showed that 1 × 1 km spatial blocks yield 
overoptimistic results as the data still fall within the range of spatial autocorrelation. Spatial 
blocks that are too large (e.g. 5 × 5 km) remove a large portion of training data in each training 
iteration, creating feature space gaps and causing unnecessary extrapolation that reduces 
modelling performance and results in over-pessimistic results (see feature space extrapolation). 
A 3 × 3 km block size was the best choice for this dataset (Figure 14). The 'tradeoff' approach 
significantly reduces the effect of spatial autocorrelation but does not eliminate it, as the model 
residuals still exhibit low spatial autocorrelation values (I < 0.3, p < 0.05). These low values 
are not exclusively attributed to the limits of the spatial blocking approach but also to the 
missing predictor variables related to the spatial distribution of nodules (see Research 
Objective V). 

https://doi.org/10.3390/min11111172
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Figure 14. a) Moran Index values at distances from 100 to 5100 m, with a step of 200 m. A locally estimated 
scatterplot smoothing (LOESS; Cleveland, 1981) with a 0.95 confidence interval has been plotted through the 
index values. b) Spatial block configuration for different block dimensions. The spatial blocks where data exist 
correspond to the spatial CV folds used during model training and evaluation. c) Geographical and normalized 
multivariate predictor space Euclidean distances among train dataset, CV folds, and predicted area for random-
CV, spatial-CV (1 × 1 km), spatial-CV (3 × 3 km) and spatial-CV (5 × 5 km). Figure source: modified from Gazis 
et al., 2024 https://doi.org/10.1007/s11053-024-10393-7  

Research articles II and III showed that in addition to a better error estimation, a spatial k-block 
CV offers a better a) model interpretation and b) hyperparameter optimization: 
a) While in random CV, the model performance is similar among the folds, in spatial k-block 

CV, the performance differs between two or more spatial blocks (Figure 13). Knowing that 
a spatial model is not predicting equally well within the study area is useful in the sense that 
it initiates further research to identify the reasons behind the poor performance in some sub-
regions. Such information is beneficial in study sites with varying geomorphology and when 
different models are used and compared (i.e. identification of the spatial blocks where the 
predictions converge or diverge). When large differences exist between the spatial blocks, 
the prediction performance should not be averaged. Median values and box plot graphs 
should be preferred for the data representation instead. 

b) In random CV, where the hold-out samples are almost identical to the training samples, 
parsimonious predictors such as depth could be sufficient to fit the model. On the other hand, 
in spatial k-block cross-validation, more or all the available predictors are used in the model 
as the algorithm is based on the underlying relationships between predictors and response 
variables to gain predictive knowledge and reduce prediction error. The latter enhances the 
model interpretation, essential in researching nodule occurrences (see Research Objective 
V).  

The spatial k-block CV has several advantages to spatial modelling but adds complexity to 
modelling procedure, error calculation and image data acquisition. Contrasting spatial blocks 
demands additional steps that increase the total time. An objective comparison of the local error 
from different spatial blocks demands an almost equal size of training and validation points for 
each spatial block. However, AUV surveys are typically/often not spatially balanced and 
dedicated to data acquisition for spatial predictive modelling, resulting in spatially imbalanced 
datasets. Further research should be conducted in this direction (e.g. Foster et al., 2014; Foster 
et al., 2020). The spatial k-block approach is considered the most conservative (pessimistic 

https://doi.org/10.1007/s11053-024-10393-7
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approach) spatial CV method due to the feature space gaps that might be created during an 
arbitrary (and not optimized as here) spatial partitioning, particularly in sizeable heterogeneous 
study areas (Roberts et al., 2017; Hao et al., 2020; Wadoux et al., 2021). Nevertheless, this 
approach was preferred over other spatial methods such as spatial leave-one-location out 
(Meyer et al., �������������� �(�X�F�O�L�G�H�D�Q�� �E�X
u�H�U�H�G�� �G�L�V�W�D�Q�F�H�V�� ���+�H�Q�J�O��et al., 2018), nearest neighbour 
distance matching (Milà et al., 2022), spatial covariance weighting (Misiuk and Brown 2023) 
because of the dataset size and survey layout (i.e. 30,000 samples in linear AUV transects). 
The abovementioned methods have been designed and tested with fewer samples (<< 1000) 
distributed throughout the entire area and not in a linear AUV transect layout. In contrast, 
spatial blocking is appropriate for large datasets and regions, being computationally efficient 
(fewer training points per model iteration) and provides flexibility in partitioning the 
geographical space (Roberts et al., 2017; Valavi et al., 2019). The presence of geographical 
and feature space gaps represents better the error related to extrapolation and transferability 
over larger areas (Wegner and Olden, 2012; Roberts et al., 2017; Fourcade et al., 2018; Hao et 
al., 2020; Gazis and Greinert, 2021; Meyer and Pebesma, 2021). The local error analysis 
showed that the error magnitude in each spatial block is related to the feature space dissimilarity 
of this block compared to the rest of the training sample (see feature space extrapolation).  

Feature space extrapolation  
Machine learning algorithms use data to capture the underlying relationships between response 
and predictor variables. The algorithm's training occurs within the convex hull, defined by the 
training data based on each predictor's univariate range and the predictors' inter-correlation 
structure (Yates et al., 2018). The developed model is applied to new geographical locations 
(i.e. spatial extrapolation), assuming that response-predictor relationships are stationary and 
remain beyond the calibration site. However, stationarity rarely holds in a heterogeneous 
seafloor like our study sites. Feature space extrapolation aims at predicting new data using 
predictor values outside the range, correlation structure, or value combinations of the existing 
training data (Elith et al., 2010; Zurell et al., 2012; Yates et al., 2018). Feature space 
extrapolation could also occur within the vacant regions of a convex hull (Figure 15), 
particularly in high-dimensional spaces (Kuhn and Johnson, 2013; Barbiero et al., 2020). 
Applying a machine learning model in a new geographical area where the feature space differs 
can result in poor and unreliable predictions (Mesgaran et al., 2014; Meyer and Pebesma, 
2021). It is well-documented that the prediction error does not necessarily increase with the 
geographical distance from the training points but due to the environmental dissimilarity 
between reference (i.e. training sample) and predicted conditions (Meyer and Pebesma, 2021). 
Thus, there is a need for dissimilarity analysis between the training data and the new area where 
the predictions will be made (Ludwig et al., 2023).  
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Figure 15. a) PDPs between slope (S), broad-scale (100-300 m) bathymetric position index (BPI100_300), and 
image-derived number of nodules per square meter (PMN). a1) The PDP shows model predictions for the entire 
range of the new feature space. a2) The PDP shows model predictions only within the convex hull of the two 
variables as defined by the training data. b and c) PDP between BPI100_300 and PMN showing the quantile 
regression forests (Meinshausen, 2006) model response (black line) and LOESS model response (blue line). These 
two response curves show the overall agreement and local differences between a random forests algorithm and a 
simpler non-parametric regression model. The blue ticks on the x-axis represent the data deciles. The red circles 
highlight the gaps in the feature space where no training samples exist, and the models extrapolate either with a 
constant (b) or monotonic (c) response. These gaps are shown in white in Figure a2. Figure source: modified from 
Gazis and Greinert, 2021 https://doi.org/10.3390/min11111172 

Traditional non-spatial statistical approaches, such as visual inspection (e.g., boxplots, density 
plots, histograms), non-parametric tests (Kullback�±Leibler divergence, two-samples 
Kolmogorov �± Smirnov test) can show the differentiation between the two examined 
distributions. However, they cannot identify where these differences occur (Figure 16). When 
several predictors are used (typical scenario), the number of possible pair-wise comparisons 
(to examine the correlation structure) can quickly become large, making detailed analyses time-
consuming and difficult for more than two variables.  

https://doi.org/10.3390/min11111172
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Figure 16. Density plots show the difference in the univariate density distribution range of the spatial predictors 
between the training samples (blue) and the area where the model is applied (red). Figure source: Gazis & Greinert, 
2021 https://doi.org/10.3390/min11111172  

Spatial sample-based methods have been developed to address the abovementioned limitations. 
Multivariate Environmental Similarity Surfaces (Elith et al., 2010), Environmental Overlap 
(Zurell et al., 2012), Mobility-Oriented Parity (Owens et al., 2013) and Extrapolation Detection 
(Mesgaran et al., 2014) compare the univariate distribution range of each predictor and examine 
the presence of novel inter-correlations/combinations among the predictors using Euclidean or 
Mahalanobis distance metrics (Figure 17).  

 

Figure 17. Sample-based extrapolation detection surfaces show a) the areas where at least one predictor variable 
is outside the univariate range of training data (aka NT1) and b) the areas where there are new combinations of 
predictor variables not existing in training data (aka NT2). The training locations are shown in Figure 13. Figure 
source: Gazis, 2025 (PhD dissertation). 

While these methods retain the spatial component of the data, allowing for a combined 
geographical-feature space analysis, they do not account for the fact that deviations in the value 
range or relationship type in some predictors are more impactful to the model than others. In 
other words, they are not model-based, which is needed in a machine-learning application.  

https://doi.org/10.3390/min11111172
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Meyer and Pebesma (2021) introduced the combined sampled- and model-based Area of 
Applicability (AOA) to address this issue. AOA assesses geographical areas with new feature 
space conditions where the prediction error of a given model exceeds the training CV error and 
thus being not representative and not trustworthy (Kuhn and Johnson, 2013). The AOA for 
each model is derived after calculating the Dissimilarity Index (DI) between the training dataset 
and the respective data of the new area (sample to pixel-based analysis). The DI uses the 
normalized Euclidean distance to the nearest training data point in the multivariate predictor 
space. Before the distance calculation, predictors are scaled and weighted according to their 
weights after the model is built. Thus, the distances of more important predictors account for 
the DI estimation more. A pixel in the new area falls outside the AOA when its feature space 
characteristics are beyond the 0.95th quantile (outlier removed) of the dissimilarity observed 
between the training data inside the CV folds. 

Research articles II and III showed that: 

a) Feature space extrapolation occurs where sharp morphological transitions, bedrock 
exposure, consolidated sediments, volcanic knolls and sediment furrows result in 
extreme derivative values and a new inter-correlation structure (Figure 18). 

b) The spatial block CV increases the AOA (Figure 18). Predictions derived from models 
trained with the typical random CV have the smallest AOA. The almost identical 
training points in CV folds and the over-optimistic error assessment limit the AOA to 
a small region around the training locations, where the prediction errors are comparable 
to the CV error. This finding agrees with the current literature (Ludwig et al., 2023; 
Meyer and Pebesma, 2021)  

c) Simpler models with fewer (but relevant) predictors increase the AOA (Figure 18). 
Removing predictors prone to overfitting increases the generalization performance, 
which other researchers have also mentioned (Mereow et al., 2014; Lauria et al., 2015; 
Moreno-Amat et al., 2015). 

d) The random forests prediction intervals cannot substitute DI and AOA. The random 
forests prediction intervals can be calculated with different methods such as Monte 
Carlo simulations (Coulsto et al., ���������������L�Q�¿�Q�L�W�H�V�L�P�D�O���-�D�F�N�N�Q�L�I�H���D�S�S�U�R�D�F�K�����:�D�J�H�U��et al., 
2014) and quantile regression forests (Meinshausen, 2006), with the latter to be the 
most commonly used (e.g. Diesing et al., 2020a; Fouedjio and Klump, 2019; Hengl et 
al., 2018; Kirkwood et al., 2017). They show the locations with increased prediction 
uncertainty but do not show the reasons behind this increased variation (e.g. univariate 
or multivariate feature space extrapolation, new inter-correlation structure). In addition, 
Meyer and Pebesma (2021) have shown that random forests prediction intervals are 
valid only for the data points enclosed within the convex hull of the training data, 
providing unrealistic and overoptimistic results outside the convex hull. Research 
article II also shows that there are sub-regions with high dissimilarity but no high 
analogue uncertainty (Figure 19). 
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Figure 18. a) DI between training samples and the study area accounting for the model weights. b) AOA for a 
model trained with random CV. The prediction error is comparable only around the training locations. c) AOA 
for a model trained with spatial CV. d) AOA for a model trained with spatial CV and fewer predictors. Figure 
source: Gazis & Greinert, 2021. https://doi.org/10.3390/min11111172  

 

Figure 19. a) Random forest prediction uncertainty based on the quantile regression forests approach. The quantile 
uncertainty (QU) is minimized at and around the training locations and maximized in areas of higher DI being 
moderately correlated with the DI-derived surface (r = 0.65, p <0.05). Nevertheless, areas of lower prediction 
uncertainty are within the non-applicable parts (see Figure 17). b) Random forests prediction standard error (SE) 
�E�D�V�H�G���R�Q���W�K�H���L�Q�¿�Q�L�W�H�V�L�P�D�O���-�D�F�N�N�Q�L�I�H���D�S�S�U�R�D�F�K���\�L�H�O�G�V���O�R�Z���V�W�D�Q�G�D�U�G���H�U�U�R�U�V���Ior the entire study area, indicating over-
optimistic results. Figure source: modified from Gazis & Greinert, 2021. https://doi.org/10.3390/min11111172  

https://doi.org/10.3390/min11111172
https://doi.org/10.3390/min11111172
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Based on the abovementioned findings, the conclusions are: 

1) Feature space extrapolation occurs even in small but heterogeneous geographical areas.  
A thorough transferability assessment (e.g., sample- and model-based dissimilarity 
analysis) should precede the model application to a new area, notably if the new area 
lacks validation points. DI and AOA maps should accompany the spatial predictions 
and supplement the interpretation and decision-making process. In other words, the 
focus should not be on the model predictions but on how they were derived from the 
fitted model and available data.  

2) AUV image surveys should aim at and achieve good geographical and feature space 
coverage and prioritize the latter when the data will be used for spatial predictive 
modelling. The acquired samples (i.e. images) should enclose the full range of 
environmental conditions as studies have shown that a poor representation reduces the 
predictive performance and model transferability in machine learning algorithms (e.g. 
Schmidt et al., 2014; Wadoux et al., 2019). DI and AOA could guide feature space 
sampling efforts and improve existing spatial models by prioritizing the most dissimilar 
sites in future AUV surveys. Progress in AUV hardware and software could allow for 
real-time generation of dissimilarity surfaces, improving the survey data collection 
through adaptive sampling. This conclusion initiated ongoing research for an optimized 
AUV path planning within the COMPASS project (see Research Objective I). In this 
direction, Shields et al. (2023) proposed an AUV-based future space sampling approach 
for a balanced geographical and feature space sample coverage.  

The work extends beyond the scientific community of deep-sea mining, as machine 
learning is currently a widely used method in seafloor spatial modelling and habitat mapping 
(Misiuk and Brown, 2024). In the twenty years following the application of machine learning 
algorithms in marine habitat mapping, the focus has been on improving the model fit on a given 
dataset, mainly by using more complex models and predictors (Bowden et al., 2021; Misiuk 
and Brown, 2024). However, the spatial autocorrelation and feature space extrapolation should 
be considered in the modelling procedure and reported to avoid misleading spatial maps, 
independently of the machine algorithm used. By the time of writing research article II, random 
k-fold CV was the dominant approach in seafloor predictive modelling (e.g., Li et al., 2017; 
Diesing et al., 2017; Misiuk et al., 2018; Diesing et al., 2020a). Research article II was the 
first to use spatial CV for  random forests in seafloor predictive modelling with a 
continuous response variable (regression), only two other publications with seabed 
classification tasks considered this before (Misiuk et al., 2019; Dolan et al., 2021). In addition, 
research article II was the first to use the DI and AOA in deep-sea environments and for 
nodule research, only one application existed for shallower waters (Dolan et al., 2021). 
Research article III was the first in seafloor modelling to extend the use of spatial block 
CV, DI and AOA in machine learning models other than random forests (see Research 
Objective III). The latter was a call to the scientific community from the developers of the DI 
and AOA (Meyer and Pebesma, 2021).
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Research Objective III:  Examine the performance of five commonly used machine learning 
regression algorithms for the spatial prediction of nodules: generalized linear models, 
generalized additive models, random forests, support vector machines, and neural networks.  

Key findings 

Research articles I and II used the random forests regression algorithm and quantile regression 
forests (see Research Objective II) as random forests algorithm and its variants are currently 
the "workhorse" in deep-sea predictive mapping (e.g., Lawson et al., 2017; Diesing 2020b; 
Uhlenkott et al., 2022; Josso et al., 2023) and marine habitat mapping in general (e.g., Wei et 
al., 2010; Diesing et al., 2017; Misiuk et al., 2018; Diesing et al., 2020a,b; Misiuk and Brown, 
2024 and references therein). Research article III extended this analysis by adding four other 
commonly applied machine learning regression algorithms to build the following five models: 
generalized linear models (hereafter GLM), generalized additive models (hereafter GAM), 
random forests model (hereafter RFM), support vector machines (hereafter SVM), and neural 
networks model (hereafter NNM). To our knowledge, this is the first time that GAM, SVM 
and NNM were used for predictive nodule mapping and the first time that SVM and NNM 
were used for seafloor habitat mapping with a continuous response variable (regression), as 
literature research only provided applications for seafloor classification (Hasan et al., 2012; 
Diesing and Stephens, 2015; Alevizos and Greinert, 2018; Trzcinska et al., 2020; Janowski et 
al., 2021; Breyer et al., 2023; Haroon et al., 2023; Misiuk et al., 2024). The model evaluation 
included several aspects: predictive performance in test data, spatial and feature space 
extrapolation based on spatial block CV, hyperparameter optimization, complexity and 
interpretability.  

Predictive performance in Test data 
RFM had the best overall fit on the test dataset across all metrics used (R2, adjusted R2, MAE 
and RMSE), a finding that agrees with other studies showing the ability to outperform other 
algorithms in prediction error (Stephens and Diesing 2014; Diesing and Stephens 2015; Li et 
al., 2017). RFM reproduced the testing data distribution (e.g., mean, median, interquartile 
range) but not the minimum (min) and maximum (max) values (Table 1). The overestimation 
of the lower values and underestimation of the higher values is an inherent algorithm limitation 
due to averaging predicted values from each tree at the last calculation step (Breiman, 2001a). 
Similar to RFM, all other models did not manage to predict the maximum test value but were 
closer to the initial min-max range. Due to the linear extrapolation, GLM was the only model 
that predicted beyond the minimum value of the test data. NNM had the second-best predictive 
performance in the test dataset but the worst in spatial-block CV (see section spatial and feature 
space extrapolation). All models were run 30 times, having a stable predictive performance in 
all metrics. The residuals from all models were normally distributed at around zero, with low 
spatial autocorrelation (I < 0.3, p < 0.05), showing the absence of prediction bias in lower or 
higher values and implying that the errors are mainly due to the inherent variability of predictor 
and response variables as well as missing predictor variables (see Research Objective V).  
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Table 1. Model performance metrics on test dataset for the back-transformed predictions. Table source: Gazis et 
al., 2024 https://doi.org/10.1007/s11053-024-10393-7 

 

Spatial and feature space extrapolation 
The analysis showed that less complex models such as GLM, GAM and RFM had better 
resampling performance in a spatial-block CV than SVM and NNM, indicating a better 
generalization ability when a big fraction of the training data is kept out (Figure 20). This fact 
is attributed to the smoother functions that are more transferable (and interpretable) over larger 
areas (Wengner and Olden, 2012; Lauria et al., 2015; Stienessen et al., 2021). RFM had the 
best average performance in CV folds, followed by GAM, which had the smallest interquartile 
of all models. The model performance varied among the spatial blocks in all models. All 
models had the lowest performance in the same spatial block. In the used data set, this spatial 
block was in the southeast of the study area (block 5 in Figure 20c), having complex 
geomorphology that differed from the rest. The presence of horst, cliff, trough, exposed 
indurated sediments, and different nodule facies resulted in extreme derivative values, model 
extrapolation and thus higher error.  

 

Figure 20. (a) CV performance for each model. The median (thick blue line) is higher than the mean (black dot) 
in all models apart from NNM, as the low performance in one block pulls down the mean. (b) In-fold performance 
for each spatial block and model. All models performed similarly in each CV spatial block. (c) Spatial orientation 
of the CV spatial blocks. Figure source: Gazis et al., 2024 https://doi.org/10.1007/s11053-024-10393-7 

Predicted surfaces of the entire study area 
�ùll  models yielded similar spatial predictions on nodule coverage for most of the study site 
(Figure 21). The absolute decimal values differ marginally, but the spatial trends on predicted 
surfaces are similar. In less than 1 % of the total predicted surface, the non-tree-based core of 
GLM, GAM, SVM and NNM (i.e., linear, penalized B-splines, 3rd-degree polynomial and 
sigmoid activation function) allowed for a value range extrapolation beyond the value range of 

https://doi.org/10.1007/s11053-024-10393-7
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the training data; with SVM reaching up to 100 % nodule coverage, although such high values 
were not present in training data. However, such high values were limited to < 1% of the study 
area. 

 

Figure 21. a) Maps of the spatial predictions of nodule coverage and range of predicted values over the entire 
study area for each ML model. All models show that along a north-south axis at the west part of the study area, 
�W�K�H���V�H�D�À�R�R�U���L�V���K�R�P�R�J�H�Q�H�R�X�V�O�\���F�R�Y�H�U�H�G���Z�L�W�K���Qodules (20�±30% coverage). Higher coverage (> 35%) exists in the 
southeast but is somewhat localized. The central and deeper part has lower nodule coverage (15�±25%) that 
progressively decreased, reaching almost zero values at the deepest part of the basin. Lower coverage also existed 
at the northwest corner (crater slope). b) Boxplots of nodule coverage predicted values for the entire study area. 
Figure source: Gazis et al., 2024 https://doi.org/10.1007/s11053-024-10393-7 

A pixel-by-pixel comparison of model predictions showed the spatial agreement, expressed 
here as the standard deviation (SD) of the predicted values from all models for a given pixel 
(Figure 22). Overall, 68% of the study site has SD values < 1, indicating good agreement 
between the different models. Differences occur in geographically small sub-areas associated 
with sharp morphological transitions, bedrock exposure, consolidated sediments, and volcanic 
knolls, with the highest SD within the trough at the southeast part of the study area (Figure 22). 
The combination of deeper parts with steep slopes (causing lower image coverage) and high 
backscatter reflectance (partly attributed here to nodule coverage and partly to hard substrate), 
has led to contradictory predictions: RFM predicted low nodule coverage, while SVM yielded 
high nodule coverage. Such areas are outside of the AOA for all models. All models could be 
applied to 88% of the study area (pixel-by-pixel comparison regarding the pixels where all 
models applied simultaneously); for 6% of the area at least one model was applicable and for 
another 6% of the area no model was applicable (Figure 22). 

https://doi.org/10.1007/s11053-024-10393-7
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Figure 22. a) Combined SD of the predicted values from all models. b) Combined AOA from all models.  
Figure source: modified from Gazis et al., 2024 https://doi.org/10.1007/s11053-024-10393-7 

Hyperparameter optimization and complexity 
Machine learning algorithms have several hyperparameters that influence the model 
complexity, computational speed, fit on the training data, and predictive performance on new 
data. Several studies have applied machine learning algorithms across numerous benchmark 
datasets, examining different values for each hyperparameter and combinations of 
hyperparameters. Investigating different combinations often uses exhaustive techniques such 
as random search, grid search, simulated annealing, and genetic algorithms (Yu and Zhu, 2020; 
Bischl et al., 2021). Such techniques search the multidimensional space created by the 
hyperparameters (aka hyperparameter matrix) and get the best possible set of values, i.e., the 
best global solution that accounts for all joint effects. Six outcomes of these studies are: a) there 
is no ideal hyperparameter set-up for each machine learning algorithm that can be applied 
across different datasets, b) different hyperparameter search techniques could result in a 
different optimal hyperparameter set, c) not all algorithms are affected by the optimization 
process to the same degree, d) not all hyperparameters are of the same importance for each 
algorithm and e) in most cases, the default hyperparameter values in each software package 
provide an overall good solution and starting point (see also Probst et al., 2019a,b; Huang and 
Butros 2016), f) the time and computational power needed to perform an exhaustive search is 
a burden for most real case scenarios and datasets, with many researchers not having access to 
high-performance computing clusters that could handle this issue. An additional practical 
limitation is that not all software and statistical packages offer the option to tune all 
hyperparameters of each machine learning algorithm, with the majority focusing on the most 
influential for each algorithm (Probst et al., 2019b, Fernández-Delgado et al., 2019; Bischl et 
al., 2021). Moreover, some hyperparameters are dependent on "superordinate" 
hyperparameters and are tunable only if the "superordinate" hyperparameter is set to a specific 
value (Hofner et al., 2012; Probst et al., 2019a).  

Considering all the above, a non-exhaustive but still detailed hyperparameter optimization was 
done for all of the five used models. In GLM, the number of boosting iterations was optimized. 
In GAM, the number of boosting iterations and the degrees of freedom in P-splines were 

https://doi.org/10.1007/s11053-024-10393-7
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optimized. In RFM, the number of predictor variables randomly sampled at each node split, 
the split rule and the minimum node size were tuned. The kernel type, polynomial degree, scale, 
and cost hyperparameters were optimized in SVM. The number of hidden layers, neurons and 
activation functions were optimized in NNM. The optimization process occurred during the 
spatial CV, which is the preferred method when the data have spatial autocorrelation (Schratz 
et al., 2019).  

The results showed that the default values are a good choice for GLM and GAM. No further 
improvement was made by increasing the number of boosting iterations and the degrees of 
freedom in P-splines. RFM default values regarding the number of predictor variables 
randomly sampled as candidates at each node split (p/3) and split rule (variance) were the best 
for this dataset. However, the default value for the minimal node size to split was small for 
�V�X�F�K���D���O�D�U�J�H���W�U�D�L�Q�L�Q�J���G�D�W�D�V�H�W���������R�E�V�H�U�Y�D�W�L�R�Q�V���§���������������R�I���W�K�H���W�U�D�L�Q�L�Q�J���G�D�W�D�V�H�W�������U�H�V�X�O�W�L�Q�J���L�Q���G�H�H�S��
trees, which increased computational time and slightly reduced spatial transferability. A larger 
�Y�D�O�X�H�� ���§ 4.9 %) was selected. SVM had the biggest variance and improvement during the 
hyperparameter optimization (Figure 23), a finding which agrees with previous comparative 
studies (Probst et al., 2019a). In NNM, more neurons and hidden layers resulted in better 
performance in random test data but an increased error in spatial blocks, indicating spatial 
overfitting (Figure 23). The model training and evaluation using spatial CV requires a good 
generalization ability, which simpler models typically offer. The simplest model was selected 
between two NNM with equal performance, considering the computational time and 
complexity following Occam's razor principle for model interpretability (Vandekerckhove et 
al., 2015). 

 

Figure 23. a) Boxplot of model performance on spatial CV data during the hyperparameter optimization. b and 
c) Visual representation of NNM with one hidden layer, one neuron (b), and three neurons (c). The model weights 
and biases are also shown. d) As the NNM becomes deeper, it predicts better the similar random test data, but 
worse the spatial block CV data indicating spatial overfitting. Figure source: Gazis, 2025 (PhD dissertation).   
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Variable Importance (VI)  
Each model estimated VI differently: In GLM, the absolute value of the coefficients from the 
final model was used (Kuhn, 2022). In GAM,the in-bag risk reductions per boosting iteration 
(the error difference between the current and the previous step for each base learner contained 
in the model) were calculated (Hothorn et al., 2021). In RFM, the average permutation VI from 
all trees was used (Breiman, 2001a). In SVM, there is no model-specific way to calculate the 
importance. Instead, a permutation approach was used, where the prediction error was 
measured before and after shuffling the values of the predictor variable. The larger the 
prediction error after shuffling, the higher the importance of this predictor variable. NNM 
assigns weights to each predictor to reduce the prediction error. These weights were used to 
derive VI based on the Garson algorithm (Garson, 1991; Goh, 1995). All VI outputs were 
scaled between 0 and 100 for better comparison across the different models (Kuhn, 2022). 

Despite the different ways to calculate VI, all models ranked the predictor variables similarly 
(Figure 24). MBES backscatter mosaic (BS), MBES backscatter from incident angle range of 
25° to 55° (ARA_MF), and SSS backscatter were the three most important predictors in all 
models (see Research Objective IV). All models, but particularly GLM, GAM and SVM, 
heavily relied on the hydroacoustic backscatter-related predictors and their derivatives for error 
minimization, shadowing the role of the seafloor geomorphology (Figure 24). The contribution 
of bathymetry (BT), slope (S), broad-scale BPI (BPI100_300) and eastward slope orientation 
(E) became evident when the hydroacoustic backscatter-related predictors were not considered 
(see Research Objective V).  

 

Figure 24. a) VI for each machine learning model trained with all available predictor variables. BS and ARA_MF 
�V�F�R�U�H�G���¿�U�V�W���L�Q���D�O�O���P�R�G�H�O�V�����E�����9�,���I�R�U���H�D�F�K���P�R�G�H�O���W�U�D�L�Q�H�G���Z�L�W�K�R�X�W���W�K�H���K�\�G�U�R�D�F�R�X�V�W�L�F���E�D�F�N�V�F�D�W�W�H�U-related predictors. 
For the abbreviations of predictor variables, please see the corresponding research article. Figure source: Gazis et 
al., 2024 https://doi.org/10.1007/s11053-024-10393-7 

https://doi.org/10.1007/s11053-024-10393-7
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Which algorithm to select?  
The above described analysis showed that different machine learning algorithms yield different 
results because they capture the underlying relationships between predictors and response 
variable and the hidden relations among the predictors to a different extent and in different 
ways (Figure 25). The best fit and tradeoff between model performance and complexity are 
unknown a priori in real data (Kuhn and Johnson 2013). According to the No Free Lunch 
theorem in supervised statistical learning (Wolpert 1992; Schaffer 1993; Wolpert 1996; 
Wolpert 2002), there is not a universal best algorithm ('silver bullet algorithm') across all data-
driven predictions on non-uniform data, and therefore, one needs to test several algorithms in 
each dataset (Shalev-Shwartz and Ben-David 2014; Sterkenburg and Grünwald 2021).  

 

Figure 25. a) PDPs showing the relationship between nodule coverage (transformed values) and MBES BS for 
GLM, GAM and RFM. As the model complexity increases (left to right), the model captures more subtle 
relationships, resulting in less smooth regression lines. The black marks on the x-axis show the nodule coverage 
distribution concerning MBES BS values. b) PDPs showing the regression plane between nodule coverage, MBES 
BS and SSS. Figure source: Gazis et al., 2024 https://doi.org/10.1007/s11053-024-10393-7 

In agreement with existing knowledge (e.g. Kuhn and Johnson, 2013), this study showed that 
the machine learning algorithms, independently of their core architecture, result in poor 
predictions when there is one or more of the following issues:  
(1) inadequate data pre-processing, such as acquisition artefacts (see Research Objective I), 
improper data georeferencing and scaling, or insufficient hyperparameter optimization, 
particularly in non-tree-based methods such as SVM and NNM (see Research Objective III)  
(2) spatial over-fitting when spatial autocorrelation is present and an inadequate model 
validation occurs (see Research Objective II),  
(3) extrapolation of the training feature space (see Research Objective II),  
(4) use of redundant, noisy or irrelevant predictors that unnecessarily increase the input 
dimensions and noise: Machine learning model complexity heavily depends on the number of 
input dimensions. Many dimensions need more training data, which could result in overfitting, 
loss of generalization ability, decreased interpretation (when multicollinearity occurs) and 

https://doi.org/10.1007/s11053-024-10393-7
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increased computational time (Kuhn and Johnson, 2013; Guyon et al., 2003). The decrease in 
input dimensions can be achieved either with feature space extraction or feature selection 
methods (Alpaydin, 2020). The feature space extraction methods transform a high-dimensional 
space into a lower-dimensional space that still captures the most information (e.g., Principal 
Components Analysis) and can increase the model's predictive performance (e.g. Janecek et 
al., 2008). However, interpreting the transformed dimensions becomes complex as the principal 
components replace the original predictor variables. When performing feature selection on the 
other hand, the original variables are kept, and the number of input dimensions is reduced based 
on statistical, model-based approaches and domain knowledge (Li, 2019). The feature selection 
approach was selected to retain the original variables and enhance model interpretation: 
removal of zero variance predictors, Boruta ranking (Kursa and Rudnicki, 2010), and 
correlation filtering were used in the three research articles (e.g. Figure 26).  

 

Figure 26. Correlation plots before (a) and after (b) the exclusion of correlated variables (r > +0.5 and r < -0.5, p 
< 0.05). Both plots use the same scale. Between two correlated predictor variables, the variable with the highest 
Boruta score and domain relevance remained. For the abbreviations of predictor variables, please see the 
corresponding research article. The feature space and training locations before (c) and after (d) the exclusion of 
correlated variables are also provided. Figure sources: a and b) Gazis and Greinert, 2021 
https://doi.org/10.3390/min11111172 . c and d) Gazis, 2025 (PhD dissertation). 

However, one should be aware that there are cases where irrelevant and artificial predictors 
increase predictive performance (e.g., spurious correlation), outperforming models even with 
domain-relevant predictors (Fourcade et al., 2018; Behrens and Viscarra Rossel, 2020). 
However, such models lack a causal interpretation, a vital aspect of marine (geo) sciences.  

https://doi.org/10.3390/min11111172
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On the road to the best model, researchers should start by investigating the relationship 
between predictors and response variables (e.g. linear or nonlinear) using a thorough 
explanatory data analysis (e.g. distribution correlation tests, zero-variance predictors and 
graphs). It is vital to have a clear overview of each model's pros and cons and to know the exact 
target question and output result for the developed model. Does the model need to reproduce a 
specific test dataset and be applied to a similar area, or will it be used over a more extensive 
and dissimilar region (see also Research Objective II )? The ability of complex methods to 
create subtle regression lines results in a better fit in training data and (similar) test data but 
loses generalization ability if the new data differ significantly (spatial blocks), as noticed with 
the NNM that outperformed GAM. Moreover, researchers should be aware that while the 
primary interest of predictive modelling is to generate accurate predictions, it is equally 
important to understand how predictions occur. Ideally, the model with the highest 
performance metrics, the lowest complexity, and the best interpretability is chosen. However, 
the most accurate models are usually more complex and less interpretable. A tradeoff between 
interpretability and accuracy is thus needed, particularly in natural sciences, where the models 
are also used for causal explanation (Breiman, 2001b; Shmueli, 2010). Interpreting machine 
learning results is difficult, especially when domain knowledge or conceptual understanding is 
still developing and complex methods are used exclusively (e.g., neural networks; Merow et 
al., 2014).  

In this direction, a multi-model approach offers the advantage of comparing and combining 
complex and simple models, finding the best model for the respective task. The largest benefit 
of a multi-model approach is the confidence in areas (spatial and feature space) where 
the model predictions agree (Figure 21). In addition, the contribution of each predictor can 
be evaluated across different models, providing better insights into their importance (Figure 
24). The model agreements on variable important ranking provides confidence in 
interpreting the role of each predictor (see Research Objectives IV and V). To conclude, a 
multi-model approach should be prioritized. However, if there is no option for a multi-model 
approach (e.g., a need for real-time predictions on board a research vessel), then a good starting 
point would be to use an RFM. RFM demands the minimum data pre-processing (e.g. log-
transformation, scaling), and the default hyperparameter values perform well. Furthermore, 
several habitat mapping studies use them already, giving additional confidence in their 
applicability (e.g. Li et al., 2016; Li et al., 2017; Diesing 2020a). RFM can capture linear, 
monotonic and nonlinear relationships and account for hidden interactions (Wright et al., 
2016), enabling an adequate handling of real-life data. Finally, RFM provides variable 
importance without the need for an external function. 
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Research Objective IV:  Analyze the MBES backscatter response of seafloor parts with 
different nodule coverage and study the contribution of different incident angles (angular 
range analysis) and backscatter components (impedance and volume) on the modelling 
performance. 

Research articles II and III showed that MBES backscatter is the best spatial predictor for 
nodule coverage. MBES backscatter scored first in all machine learning models (Figure 24). 
Independently of the model used, the prediction performance peaked only when the MBES 
backscatter and its derivatives were included as spatial predictors (Figure 27). The backscatter 
�D�Q�D�O�\�V�L�V���V�K�R�Z�H�G���D���G�L�V�W�L�Q�F�W���G�L�I�I�H�U�H�Q�F�H�����!�×�������G�%�����L�Q���E�D�F�N�V�F�D�W�W�H�U���L�Q�W�H�Q�V�L�W�\���I�U�R�P���V�H�D�I�O�R�R�U���S�D�U�W�V���Z�L�W�K��
and without nodules. Moreover, the backscatter reflectance could discriminate seafloor parts 
with a 10 % variation in nodule coverage (Figure 27). The backscatter discriminative ability, 
even over transitional areas, is attributed to the combination of high frequency (400 kHz), low 
�D�O�W�L�W�X�G�H���V�X�U�Y�H�\�����������P�����D�Q�G���V�P�D�O�O���E�H�D�P���R�S�H�Q�L�Q�J���D�Q�J�O�H�V�����������ƒ�×�î�×�������ƒ�������Z�K�L�F�K���U�H�V�X�O�W�H�G���L�Q���D���V�P�D�O�O��
�I�R�R�W�S�U�L�Q�W�� �V�L�]�H�� ������������ �P�×�î�×���������� �P�� �L�Q�� �Q�D�G�L�U�� �R�Q�� �D�� �I�O�D�W�� �V�H�D�I�O�R�R�U���� �D�Q�G�� �V�K�R�U�W�� �Z�D�Y�H�O�H�Q�J�W�K�� ���a���� �P�P������
which was in the order or even smaller than the nodules' dimensions (mm to cm scale).  

 

Figure 27. a) Post-processed MBES backscatter mosaic of the study area in research article III and image-derived 
�Q�R�G�X�O�H���F�R�Y�H�U�D�J�H�����E�����7�K�H���0�%�(�6���E�D�F�N�V�F�D�W�W�H�U���D�Q�J�X�O�D�U���U�D�Q�J�H���D�Q�D�O�\�V�L�V�����$�5�$�����I�U�R�P���V�H�D�À�R�R�U���S�D�W�F�K�H�V���Z�L�W�K���G�L�I�I�H�U�H�Q�W��
nodule coverage shows a clear difference in backscatter intensity for the entire range of incident angles. c) Barplots 
of the prediction performance of each model using only the MBES-derived geomorphological predictors (light 
blue), with added SSS backscatter intensity (medium blue) and with added MBES backscatter (dark blue). GLM 
had the largest improvement when the SSS and MBES backscatter data were added due to the monotonic/quasi-
linear relationship between SSS and MBES backscatter with nodule coverage (see Figure 24). Figure source: 
Gazis et al., 2024 https://doi.org/10.1007/s11053-024-10393-7 

Partial dependence plots (PDPs) of all models showed a monotonic relationship between 
backscatter and nodule coverage. The monotonic relationship has a different degree of 
smoothness for each model, but in all cases, it depicts higher backscatter reflectance with 
higher nodule coverage (Figure 25). It should be mentioned that high backscatter values could 
also be due to outcropping basement in small parts of the study area. This is a common issue 
in backscatter surveys within nodule fields, but it is limited in spatial extent and thus its 
contribution to the total backscatter (e.g. Yoo et al., 2018). The clustering of the feature space 
defined by the nodule coverage and the three most important backscatter-related predictors 
depicts this issue well in Figure 28. Spatial masking of such sub-areas/training data (here 
cluster 5) before modelling and the model's ability to learn from the geomorphological 

https://doi.org/10.1007/s11053-024-10393-7
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predictors (the geomorphology and its derivatives change at these locations) minimises this 
issue.  

 

Figure 28. Feature space clustering of nodule coverage and the three most important backscatter-related 
predictors: MBES backscatter mosaic, MBES backscatter from incident angle range of 25° to 55°, and SSS 
backscatter mosaic. After centring and scaling the variables, the k-means++ algorithm (Arthur and Vassilvitskii, 
2007) and the within-cluster sum of squares criterion yielded five clusters as the optimum feature space 
partitioning. The three primary (and cohesive) clusters (1-3) correspond to seafloor images with varying nodule 
coverage (ca. 10% variation). Cluster 4 represents seafloor images (locations) without nodule coverage on a flat 
seafloor (low backscatter values). Cluster 5 (outlier cluster) shows seafloor images without nodule coverage but 
on seafloor parts with consolidated sediment and outcropping hard substrate (high backscatter values). The 
coloured circles are the centres of each cluster, and the images presented are the nearest to these centres. Figure 
source: Gazis, 2025 (PhD dissertation). 

Older studies have described the effect of seafloor roughness created by nodule occurrences on 
sound waves and the measured MBES backscatter intensity, particularly for low-frequency 
systems (Magnuson, 1983; Weydert, 1985; Moustier, 1985; Moustier, 1986; Weydert, 1990). 
The technological developments in underwater imagery now allow to create image-derived 
bathymetric surfaces and calculate bathymetric derivatives, such as roughness, similar to 
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MBES data but in mm resolution. This mm-scale seafloor roughness of nodule areas was 
quantitatively shown for the first time (Gazis et al. 2024) using image-derived roughness 
surfaces from areas with and without nodule coverage (Figure 29).  

 

Figure 29. a1) Orthophoto-�P�R�V�D�L�F���������P�P���S�L�[�H�O���V�L�]�H�����I�U�R�P���������R�Y�H�U�O�D�S�S�L�Q�J���L�P�D�J�H�V���R�I���D���V�H�D�À�R�R�U���S�D�U�W��with nodule 
coverage. a2) Hill-shade of the image-derived Digital Elevation Model (DEM; 5 mm pixel size). a3) Image-
�G�H�U�L�Y�H�G���V�H�D�À�R�R�U���U�R�X�J�K�Q�H�V�V���������P�P���S�L�[�H�O���V�L�]�H�����I�U�R�P���W�K�H���V�D�P�H���V�H�D�À�R�R�U���S�D�U�W�����E�����2�U�W�K�R�S�K�R�W�R-mosaic (2 mm pixel size) 
of 10 overlapping images from a s�H�D�À�R�R�U���S�D�U�W��without nodule coverage. b2) Hill-shade of the image-derived DEM 
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(5 mm pixel size). b3) Image-�G�H�U�L�Y�H�G���V�H�D�À�R�R�U���U�R�X�J�K�Q�H�V�V�� �I�U�R�P�� �W�K�H�� �V�D�P�H�� �V�H�D�À�R�R�U���S�D�U�W�����7�K�H�� �9�H�F�W�R�U���5�X�J�J�H�G�Q�H�V�V��
Measure (VRM; Sappington et al., 2007) was used as a roughness index. The white scale bar represents 0.5 m on 
�W�K�H���V�H�D�À�R�R�U�����F�����%�R�[�S�O�R�W�V���R�I���W�K�H���W�Z�R���L�P�D�J�H-derived VRM surfaces (a3 and b3) without outliers. The Wilcoxon rank 
sum test showed a significant difference between the medians. Figure source: modified from Gazis et al., 2024 
https://doi.org/10.1007/s11053-024-10393-7 

An additional step in backscatter analysis is the identification of the MBES incident angles that 
are most sensitive and contribute the most to backscatter reflectance and nodule detection. 
Generally, backscatter mosaic results from combining several angles from different swaths 
after filtering (angle varying gain, correction, nadir filtering, anti-aliasing, despeckling) and 
blending with inverse distance weighting, i.e. mosaicking, aiming for the best mosaic 
representation (Fonseca and Calder, 2005). However, the backscatter angular response for a 
specific frequency and incident angle is an inherent property of the seafloor, resulting in a 
different backscatter reflectance (Jackson and Briggs, 1992; Fonseca and Mayer, 2007). 
Despite this, nodule-related studies have used only the backscatter mosaic as a spatial predictor 
in machine learning so far (e.g., Kuhn and Rühlemann, 2021).  

Research article II was the first to use MBES backscatter mosaic from 260 kHz, and research 
article III was the first to use MBES backscatter mosaic from 400 kHz and the products of a 
MBES backscatter angular range analysis (ARA) as predictors in machine learning for spatial 
mapping of nodules. The angular range analysis has a higher angular resolution (as only a few 
angles are combined) than the backscatter mosaic, but it has a decreased along-track resolution 
because it stacks 30 (or more) consecutive MBES pings for the half swath width on port and 
starboard side (Fonseca and Mayer, 2007; Fonseca et al., 2009). Despite the lower along-track 
resolution, ping stacking at different beam angles can identify the beam angles that contribute 
the most to the spatial predictions and reveal subtle differences between seafloor patches with 
different sediment properties. Beyond the extraction of the average angular response at certain 
incident angles, ARA attempts to characterize sediment properties by comparing the average 
angular response for each group of incident angles with mathematical models that have linked 
backscatter and sediment properties (Jackson et al., 1986; Fonseca and Mayer, 2007). Based 
on this model inversion, the backscatter impedance (hereafter impedance) and backscatter 
volume (hereafter volume) can be calculated. Impedance is the product of sediment bulk 
density and the sound velocity ratio between the sediment compressional wave speed and water 
sound speed, showing the acoustic contrast between the water and the sediment surface 
(Fonseca and Mayer, 2007). Sediments with lower water content and typically larger grain size 
provide higher impedance and a stronger backscatter signal (Jackson and Briggs, 1992). 
Volume scattering provides information on the sound attenuation within the sediment 
concerning sediment physical properties (e.g., density) and inhomogeneities within the 
sediment column (e.g., buried nodules or fragments of them, biogenic burrows, and gas 
bubbles). In fine-grain size sediments (e.g., deep-sea clay and silt) with low density and 
roughness, volume scattering could be the dominant contributor at lower frequencies, at 
�L�Q�W�H�U�P�H�G�L�D�W�H�� �R�E�O�L�T�X�H�� �L�Q�F�L�G�H�Q�W�� �D�Q�J�O�H�V�� ���!�×�����ƒ�� �D�Q�G�×���×�����ƒ���� �D�Q�G�� �Zhen a bioturbated or 
harder/rougher layered substrate exists below the surficial thin, soft layer, e.g., through 
thickness variations in the semi-liquid bottom sediment layer (Jackson et al., 1986; Lurton and 
Lamarche, 2015). 
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The angular range analysis showed that the backscatter differences between seafloor parts with 
varying coverage on nodules were distinct for the entire range of incident angles but most 
prominent in the mean-far angle range from 25° to 55° (ARA_MF), which scored first in two 
models (RFM and NNM) and second in the other three models (GLM, GAM and SVM). The 
mean-near range (< 25°; ARA_MN) and mean-outer range (> 55°; ARA_MO) ranked lower in 
all models (Figure 24).  

Two practical outcomes from this finding are that 1) the angles ranging from 25 to 55° should 
also be included as an available spatial predictor and that 2) future AUV-based backscatter-
dedicated surveys should prioritize the backscatter acquisition within the incident angles of 25�±
55°, a finding consistent with the existing guidelines for backscatter-optimized surveys (Lurton 
and Lamarche, 2015). It should be highlighted that deep-sea AUV surveys are typically 
optimized for acquiring bathymetric data. The overall increased operational AUV cost, the 
absence of available high-resolution bathymetry (with multiple users from different scientific 
fields), the lack of a well-established need for high angular resolution backscatter data, and the 
additional processing effort, typically discourage dedicated backscatter surveys. A backscatter-
optimized survey would increase survey time, as the seafloor should be ensonified on specific 
angles, ideally obtained from the same direction (Lurton and Lamarche, 2015; Lourton et al., 
2018). However, it would offer a backscatter surface of higher quality than a typical mosaic 
�I�U�R�P�� �µ�E�D�W�K�\�P�H�W�U�L�F�� �V�X�U�Y�H�\�V�¶, allowing for better detailed seafloor modelling and resource 
estimations.  

Regarding the ARA derivatives, impedance (primary) and volume (secondary) contributed to 
the model performance in all models except GLM (Figure 24). This finding agrees with other 
machine learning spatial studies, where ARA and its derivatives increased the machine learning 
prediction performance (Hasan et al., 2014; Alevizos and Greinert, 2018; Menandro et al., 
2022; Misiuk and Brown, 2022; Porskamp et al., 2022). The lower contribution of volume 
backscattering is attributed to the limited penetration depth of the sound waves at 400 kHz, 
�Z�K�L�F�K���L�V���W�\�S�L�F�D�O�O�\�×���×����5 m for silt/clay sediments (�”���������������P�����D�Q�G�×���×���×�����������P���I�R�U���O�D�U�J�H�U���J�U�D�L�Q��
sizes (Huff, 2008; Gaida et al., 2018). The main component of volume scattering is expected 
to be the buried nodules located at a maximum depth of 5�±10 cm. 

In future studies, it would be interesting to use backscatter mosaics and ARA from 
multifrequency MBES because the use of higher and lower frequencies (e.g., 100�±600 kHz) 
and also varying �S�X�O�V�H�� �O�H�Q�J�W�K�V�� ���H���J������ ���V�� �W�R�� �P�V�� �U�D�Q�J�H����could improve the machine learning 
predictive performance and interpretation (Menandro et al., 2022; Misiuk and Brown, 2022).



Section I �± Research Objective V 

52 
 

Research Objective V:  Provide insights into the geomorphological reasons behind the 
nodules' patchiness, by combining hydroacoustic and optic data, domain knowledge, and 
interpretable machine learning. 

The combined use and visual plotting of seafloor images, orthophoto-mosaics, backscatter data 
and ML-derived predicted surfaces showed that the nodule coverage varied significantly 
even on a meter scale distance in all research areas (Figure 7, Figure 21 and Figure 30). The 
nodules are clustered into distinctive higher or lower coverage patches, following the small-
scale seafloor variations. These clusters have a statistically significant spatial autocorrelation, 
as proved by the Anselin Local Moran's Index , with very few (isolated) occurrences of spatial 
outliers, i.e. low values surrounded by high values or/and vice versa (Figure 30). The statistical 
analysis showed significant differences in the range of spatial predictors between the seafloor 
parts with higher and lower nodule coverage (Figure 30).  

Within the GSR B4 area of the CCZ (Figure 21), higher nodule coverage and larger 
nodules occurred �R�Q�� �U�H�O�D�W�L�Y�H�O�\�� �I�O�D�W�� �V�H�D�I�O�R�R�U�� �Z�L�W�K�� �J�H�Q�W�O�H�� �����×���ƒ������ �H�D�V�W�Z�D�U�G-facing slopes. Both 
variable importance measures and partial dependency plots showed increased importance of 
eastward-facing slopes, which points toward a predominance of westward-moving bottom 
currents during the time of nodule formation (Figure 31). Long-term observations in the B4 
domain of the GSR contract area show that the mean bottom current direction is (still) 
northwestward (Hayes, 1979; Juan et al., 2018; GSR, 2018). The predominant mean bottom 
flow towards NW is steady with a slow velocity (0�±3 cm/s) only periodically interrupted by 
tidal currents towards NW and SE and sporadically short-time benthic storms (6�±15 cm s-1), 
which are heading SE (Hayes, 1979; Juan et al., 2018; GSR, 2018). The steady and slow NW 
bottom currents contribute to favourable conditions for nodule growth (Skornyakova and 
Murdmaa, 1992; von Stackelberg, 1997; Mewes et al., 2014; Kuhn et al., 2017; Juan et 
al., 2018; Volz et al., 2018) by: (a) erosion and removal of fine sediments, leaving behind 
coarser particles that serve as nodule nuclei; and (b) continuous contact between nodule surface 
and well-oxygenated bottom water that allows the precipitation of hydroxides in nodules. 
Geochemical studies within the eastern CCZ have shown higher nodule coverage of larger sizes 
to sites with less clay-size particles and deeper oxygen penetration depths, particularly for 
sampling sites within the GSR contract area (Mewes et al., 2014; GSR, 2018; Volz et 
al., 2018). Older studies in the CCZ showed higher nodule coverage on flat seafloor parts with 
weak (~3 cm s-1) but steady near-bottom currents (Skornyakova and Murdmaa, 1992; 
Yamazaki and Sharma, 2000; Kuhn et al., 2017; Juan et al., 2018; Yoo et al., 2018; Alevizos 
et al., 2022). The importance of slope and slope orientation has also been shown in other 
machine-learning spatial studies within the CCZ (Kuhn and Rühlemann, 2021). The PDP of 
�E�D�W�K�\�P�H�W�U�\���V�K�R�Z�H�G���D���E�D�W�K�\�P�H�W�U�L�F���U�D�Q�J�H���R�I�×�a�×������ m, favouring the presence of nodule (Figure 
31). Broader-scale studies in the CCZ and Peru Basin (Weber et al., 2000; von 
Stackelberg, 2000; Sharma, 2017) showed the maximum coverage and abundance occurring 
within a small bathymetric range (50�±100 m) in water depths just below the local CCD, 
resulting in similar response curves as in the here presented studies .  
 

 



Section I �± Research Objective V 

53 
 

 

Figure 30. a-a1) Image-derived spatial distribution of nodules in DEA study area (Research Article II). b-b1) 
Spatial clustering of nodules into groups of high-high (H-H) values and low-low values (L-L) using the Anselin 
Local Moran's Index. The northwest and southeast parts have mainly or exclusively H-H values. Conversely, the 
eastern part has L-�/�� �Y�D�O�X�H�V���� �E������ �7�K�H�� �F�O�X�V�W�H�U�L�Q�J�� �]�R�Q�D�W�L�R�Q�� �I�R�O�O�R�Z�V�� �W�K�H�� �V�H�D�À�R�R�U�� �P�L�F�U�R�U�H�O�L�H�I�� ���D�E�\�V�V�D�O�� �I�X�U�U�R�Z�V������ �F����
Boxplots between spatial clusters and MBES-derived spatial predictors, showing the differences between H-H 
and L-L clusters. For example, higher BS values are linked with H-H clusters (see Research Objective IV). The 
bathymetry, broad-scale BPI (100�±300 m), and slope orientation (Northness and Eastness) also have significant 
differences between the two groups (see following paragraphs). d) Wilcoxon�±Mann�±Whitney test (Wilcoxon, 
�������������0�D�Q�Q���D�Q�G���:�K�L�W�Q�H�\�����������������U�H�V�X�O�W�V���E�H�W�Z�H�H�Q���V�W�D�W�L�V�W�L�F�D�O�O�\���V�L�J�Q�L�¿�F�D�Q�W���V�S�D�W�L�D�O���F�O�X�V�W�H�U�V���D�Q�G���0�%�(�6-derived spatial 
�S�U�H�G�L�F�W�R�U�V�����7�K�H���V�W�D�W�L�V�W�L�F�D�O���V�L�J�Q�L�¿�F�D�Q�F�H�����S-value�����L�V���J�L�Y�H�Q���W�R�J�H�W�K�H�U���Z�L�W�K���W�K�H���V�X�E�V�W�D�Q�W�L�Y�H���V�L�J�Q�L�¿�F�D�Q�F�H�����H�I�I�H�F�W���V�L�]�H����
and magnitude classification for interpreting the results when the p-values are the same or similar. Figure source: 
modified from Gazis and Greinert, 2021 https://doi.org/10.3390/min11111172 
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Figure 31. PDPs between nodules and geomorphological derivatives for the GSR B4 area (Research Article III). 
(a) bathymetry (BT), (b) broad-scale bathymetric position index (BPI100_300) and (c) Eastness (E). Black marks 
on the x-axis show the data distribution. Most nodules are on a gently sloping and flat seafloor (low BPI values 
around 0) facing eastwards (E=1) within a limited bathymetric (ca. 100m). Depths outside that range were related 
to seafloor depressions or topographic highs with few to no nodules. Figure source: Gazis et al., 2024 
https://doi.org/10.1007/s11053-024-10393-7 

The highest nodule coverage of up to 50% was observed at geomorphologically prominent 
locations probably because of abundant nuclei material of fragments that might have been 
gravitationally transported downslope when steep slopes exist (Yamazaki and Sharma, 2000; 
Sharma, 2017; Li et al., 2021). However, the nodules in such high coverage areas were smaller 
than in the central and flatter part of the study area in the GSR are, a fact that can be attributed 
to several factors: a limited available horizontal space relative to a high number of nuclei, 
younger age, primarily slower hydrogenetic growth, and limited supply of dissolved metal 
through diagenetic precipitation due to a thinner or absent semi-liquid bottom sediment layer 
i.e., geochemically active layer (Cochonat et al., 1992; Lipton et al., 2016; Figure 32).  

 
Figure 32. Colour-normalized ortho-photomosaic within a trough at the study area of Research Article III. 
Exposed carbonate-cemented sediment layers appear as successive steps along the eastern slope of the trough. 
�'�H�Q�V�H�O�\���S�D�F�N�H�G���V�P�D�O�O���Q�R�G�X�O�H�V���D�U�H���R�E�V�H�U�Y�H�G���D�W���W�K�H���G�H�H�S�H�V�W���D�Q�G���À�D�W�W�H�V�W���S�D�U�W�V����On top of the compacted and layered 
indurated carbonate sediments, the loose sediment was winnowed away, and fewer to no small nodules lay. The 
grid cell size is 2 mm. Figure source: Gazis et al., 2024 https://doi.org/10.1007/s11053-024-10393-7 

Lower nodule coverage was observed mainly at four sub-environments: (a) in seafloor parts 
with typically higher bottom current velocities such as gullies, furrows or the foot of slopes; 
(b) on topographic highs, with steep slopes such as horsts and volcanic knolls; (c) in deeper 
parts of basins around and inside sub-circular depressions and (d) in areas with basement 
exposure, rocky outcrops, and carbonate cemented sediment layers (Figure 32). In detail, the 
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PDP of BPI100-300 (Figure 31) shows a small response to nodule coverage (i.e., few to no 
nodules) in local depressions with low backscatter reflectivity known as 'black patches' (Figure 
33). Studies have shown that local depressions exhibit geochemical conditions different from 
their surroundings, having a higher amount of fine-grain sediments (clay) and organic carbon 
content. Fine sediments are trapped in the local depressions during sediment transportation 
(Wiedicke and Weber, 1996) and cannot act as nuclei for nodule formation due to their size 
and a typically small content of mobilized manganese, which hinders nodule formation and 
growth (Mewes et al., 2014). The  increased organic carbon content shifts the Mn-redox closer 
to the seafloor, where the limited diagenetically mobilized manganese is released into the 
bottom water without supporting nodule formation and growth (Wiedicke and Weber, 1996; 
Marchig et al., 2001; Benites et al., 2018; Paul et al., 2019).  

 

Figure 33. Sub-circular nodule-free depression in the study area of Research Article III. a) The depth difference 
from the surrounding seafloor is 10 m. Its base is remarkably flat and even. b) The backscatter difference from 
the surrounding seafloor is 10 dB, the minimum recorded in the study area. The even seafloor, without nodules 
and thicker layers of fine-grain sediment, reflects less acoustic energy to the MBES. Figure source: Gazis, 2025 
(PhD dissertation). 

Similar to local depressions, topographic highs also have limited nodule coverage related to 
increased slopes, reduced sediment thickness (even outcropping basement). Local variations in 
sediment geochemical characteristics such as particulate organic carbon (POC), total organic 
content (TOC), and Mn-redox depth occur as a result of the fine-sediment winnowing and 
downslope transportation from the locally intensified or deflected bottom currents as argued 
by Skornyakova and Murdmaa (1992), von Stackelberg (1997) and Volz et al. (2018). These 
studies mention that even small height differences �R�I�×<�×���� to 25 m are associated with such 
changes, which agrees with our findings.  
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Within the DISCOL Experimental Area (DEA) in the Peru Basin, the nodule 
coverage also follows the meter-scale seafloor variations created by the well-pronounced 
abyssal sediment furrows and the prevailing current regime (Figure 30). The observed abyssal 
furrows strike perpendicularly to the regional contours and exhibit a U-shape form. They are 
oriented parallel to the predominant NW bottom current flow (Klein, 1993; Klein, 1996). These 
long-term studies showed that the deep currents ares not stable but have periods of quasi-
unidirectional strong currents (>5 cm/s but sometimes up to 17 cm/s) and periods with slower 
omnidirectional currents (1�±3 cm/s). The recorded bottom current velocities are within the 
velocity range that could preserve abyssal furrows (Flood, 1983). The abyssal furrows act as 
bottom current channels, occasionally eroded during short periods of higher current velocities, 
or they could be relics from an earlier period when the current regime was stronger (Flood and 
Hollister, 1980; Flood, 1983; Lonsdale and Spiess, 1997). Their preservation is supported by 
the low regional sedimentation rates of 0.4�±2.0 cm/ka (Haeckel et al., 2001). Like in the CCZ, 
PDPs of Northness, BPI100_300 and Eastness show that slope orientation and gently sloping 
seafloor are important predictors (Figure 34).  

 
Figure 34. PDPs between nodules and geomorphological derivatives for the DEA area (Research Article II). The 
black line shows the random forests PDP, and the blue line shows the LOESS curve, which shows the overall 
agreement and local differences between a random forests algorithm and a simpler non-parametric regression 
model. Blue ticks on the x-axis represent the data deciles. For Northness (N) and Eastness (E), quasi-linear and 
monotonic relationships are observed. Most nodules are on a gently sloping and flat seafloor (low BPI values 
around 0) facing northwest (N=1 and E=-1) parallel to the dominant bottom current direction. Figure source: 
modified from Gazis and Greinert, 2021 https://doi.org/10.3390/min11111172 

Nodule-free black patches are also observed in the DEA, which are easily recognizable due to 
their low backscatter reflectivity, similar to findings in the CCZ (Figure 30). They have an 
elliptical and elongated shape, with their long axes-oriented downslope. This downslope 
direction has been observed in other low-reflectivity nodule-free patches in the Peru Basin and 
has been associated with downslope sediment transport (Wiedicke and Weber, 1996). The 
depth of the black patches varies between 2�±5 m with a remarkably flat central seafloor, again 
similar to the CCZ. A gravity core from inside such a DEA black patch revealed that its 
geochemical conditions differ significantly from the surroundings, with a strongly enriched 
organic carbon content (0.5 �± 0.8 wt %; Paul et al., 2019) that could hinder nodule formation 
and growth in a similar way to the mechanism described for the CCZ above.  

NE of the DEA, the seafloor is heterogeneous, with elongated and conical knolls and hills 
separated by local depressions. Visual inspection showed that slopes have a thin sediment 
cover, while local depressions act as sediment depocenters with increased sediment 
accumulation and talus debris (Greinert et al., 2015). The debris of basaltic fragments could 
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act as nuclei supply to form new nodules (von Stackelberg, 1997; Weber et al., 2000). Black 
patches are also present, and the nodule coverage varies, showing the need for high-resolution 
quantitative studies that use geomrpholocial and environmental predictors (Figure 35).  

 

Figure 35. Quantile regression forests (QRF) predictions and video observations (SO242-1#135_OFOS-6) NE of 
the DEA area Predictions and observations have the same spatial trend, showing alternations between areas with 
higher, lower, and zero nodule coverage. The superimposed bathymetric contours have a 1 m interval. Figure 
source: Gazis and Greinert, 2021 https://doi.org/10.3390/min11111172
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Future Work  

�7�K�H���P�R�G�H�O���D�F�F�X�U�D�F�\�� �D�F�K�L�H�Y�H�G���L�Q���W�K�H���D�E�R�Y�H���P�H�Q�W�L�R�Q�H�G���V�W�X�G�L�H�V�����5�������� ���������� �V�K�R�Z�V���W�K�D�W���W�K�H�U�H���L�V��
�V�W�L�O�O�� �V�S�D�F�H�� �I�R�U�� �L�P�S�U�R�Y�L�Q�J�� �W�K�H�� �V�S�D�W�L�D�O�� �P�R�G�H�O�V�����7�K�H�� �L�Q�F�O�X�V�L�R�Q�� �R�I�� �P�R�U�H�� �V�S�D�W�L�D�O�� �S�U�H�G�L�F�W�R�U�V���� �W�K�H��
�R�S�W�L�P�L�]�D�W�L�R�Q���R�I���$�8�9���L�P�D�J�H���V�X�U�Y�H�\�V���D�Q�G���W�K�H���X�V�H���R�I���G�L�I�I�H�U�H�Q�W���P�R�G�H�O�V���D�U�H���W�K�U�H�H���P�D�L�Q���Z�D�\�V���R�I��
�D�F�K�L�H�Y�L�Q�J���D���O�R�Z���S�U�H�G�L�F�W�L�R�Q���H�U�U�R�U���� 

�:�K�L�F�K���R�W�K�H�U���V�S�D�W�L�D�O���S�U�H�G�L�F�W�R�U�V���V�K�R�X�O�G���E�H���L�Q�F�O�X�G�H�G�" 

Using AUV-based MBES and SSS derivatives as spatial predictors provides spatially large 
high-resolution maps (see introduction) and enables to derive the causal relationships (direct, 
synergistically or proxy) for modelling the spatial distribution of nodules. Additional 
predictors, unavailable in this thesis, could improve prediction performance and model 
interpretability in future studies towards holistic spatial modelling. These could be: 

a) �*�H�R�S�K�\�V�L�F�D�O���G�D�W�D���R�E�W�D�L�Q�H�G���E�\���6�X�E���%�R�W�W�R�P���3�U�R�I�L�O�H�U�V�����6�%�3�������V�X�F�K���D�V���W�K�H���W�K�L�F�N�Q�H�V�V���D�Q�G��
�F�R�P�S�R�V�L�W�L�R�Q�� �R�I�� �W�K�H�� �V�H�P�L���O�L�T�X�L�G�� �E�R�W�W�R�P�� �V�H�G�L�P�H�Q�W�� �O�D�\�H�U���� �$�V�� �G�L�V�F�X�V�V�H�G�� �D�E�R�Y�H���� �W�K�L�V�� �L�V��
�U�H�O�D�W�H�G���W�R���Q�R�G�X�O�H���F�R�Y�H�U�D�J�H�����S�D�U�W�L�F�X�O�D�U�O�\���L�Q���D�U�H�D�V���Z�L�W�K���D���K�L�J�K���G�L�D�J�H�Q�H�W�L�F���F�R�Q�W�U�L�E�X�W�L�R�Q���W�R��
�W�K�H���Q�R�G�X�O�H�� �J�U�R�Z�W�K�� ���&�R�F�K�R�Q�D�W���H�W�� �D�O���� �������������<�R�R���H�W�� �D�O���� ������������ �'�U�H�L�V�H�W�O�� ������������ �/�L�S�W�R�Q���H�W��
�D�O���� �������������$�O�H�Y�L�]�R�V���H�W���D�O���� ���������������$�Q���H�I�I�R�U�W���W�R���F�R�O�O�H�F�W���6�%�3���G�D�W�D���Z�D�V���P�D�G�H���I�R�U���U�H�V�H�D�U�F�K��
�D�U�W�L�F�O�H���,�,�,�����K�R�Z�H�Y�H�U�����W�H�F�K�Q�L�F�D�O���L�V�V�X�H�V���K�L�Q�G�H�U�H�G���W�K�H���D�F�T�X�L�V�L�W�L�R�Q���R�I���P�H�D�Q�L�Q�J�I�X�O���G�D�W�D���� 

b) �%�D�F�N�V�F�D�W�W�H�U���P�R�V�D�L�F�V���D�Q�G���$�5�$���I�U�R�P���D���E�U�R�D�G���E�D�Q�G���P�X�O�W�L�I�U�H�T�X�H�Q�F�\���0�%�(�6���Z�L�W�K���K�L�J�K�H�U��
�D�Q�G�� �O�R�Z�H�U�� �I�U�H�T�X�H�Q�F�L�H�V�� ���H���J�������������±������ �N�+�]���� �D�Q�G���Y�D�U�\�L�Q�J���S�X�O�V�H�� �O�H�Q�J�W�K�V�� ���H���J���������V�� �W�R�� �P�V��
�U�D�Q�J�H���� �K�D�V�� �V�K�R�Z�Q�� �W�R�� �L�P�S�U�R�Y�H�� �P�D�F�K�L�Q�H�� �O�H�D�U�Q�L�Q�J�� �S�U�H�G�L�F�W�L�Y�H�� �S�H�U�I�R�U�P�D�Q�F�H�� �D�Q�G��
�L�Q�W�H�U�S�U�H�W�D�W�L�R�Q�����0�H�Q�D�Q�G�U�R���H�W���D�O���� �������������0�L�V�L�X�N���D�Q�G���%�U�R�Z�Q�� ������������ 

c) �0�R�U�H�� �D�Q�G�� �Z�H�O�O�� �V�S�D�W�L�D�O�O�\�� �G�L�V�W�U�L�E�X�W�H�G�� �J�H�R�F�K�H�P�L�F�D�O�� �L�Q�I�R�U�P�D�W�L�R�Q���I�U�R�P�� �W�K�H�� �V�H�G�L�P�H�Q�W���� �$��
�G�H�Q�V�H�� �V�D�P�S�O�L�Q�J�� �Q�H�W�Z�R�U�N�� �R�I�� �V�H�G�L�P�H�Q�W�� �D�Q�G�� �S�R�U�H�� �Z�D�W�H�U�� �J�H�R�F�K�H�P�L�F�D�O�� �S�D�U�D�P�H�W�H�U�V�� ���H���J������
�S�R�U�R�V�L�W�\���� �J�U�D�L�Q�� �V�L�]�H�����7�2�&���� �2������ �1�2�������� �)�H�������� �0�Q���������Z�R�X�O�G���O�L�N�H�O�\���F�R�Q�W�U�L�E�X�W�H�� �W�K�H�� �P�R�V�W���W�R��
�V�S�D�W�L�D�O���P�R�G�H�O�O�L�Q�J���D�W���W�K�L�V���V�F�D�O�H���R�I���D�Q�D�O�\�V�L�V�����$�O�W�K�R�X�J�K���W�K�H���J�H�R�F�K�H�P�L�F�D�O���V�D�P�S�O�H�V���D�U�H���O�R�F�D�O��
�R�E�V�H�U�Y�D�W�L�R�Q�V���L�Q���V�S�D�F�H�����W�K�H�\���F�D�Q���E�H���L�Q�W�H�U�S�R�O�D�W�H�G���W�R���F�R�Q�W�L�Q�X�R�X�V���V�X�U�I�D�F�H�V���D�Q�G���X�V�H�G���D�V���L�Q�S�X�W��
�O�D�\�H�U�V�� �L�Q�� �V�S�D�W�L�D�O�� �P�R�G�H�O�V�� �G�H�V�S�L�W�H�� �W�K�H�� �D�G�G�L�W�L�R�Q�D�O�� �P�R�G�H�O�� �X�Q�F�H�U�W�D�L�Q�W�\�� �W�K�D�W�� �L�Q�W�H�U�S�R�O�D�W�L�R�Q��
�E�U�L�Q�J�V�����7�K�L�V���D�S�S�U�R�D�F�K���L�V���D���F�R�P�P�R�Q���S�U�D�F�W�L�F�H���L�Q���O�D�Q�G���E�D�V�H�G���P�L�Q�H�U�D�O���S�R�W�H�Q�W�L�D�O���D�V�V�H�V�V�P�H�Q�W�V��
���H���J�����5�R�G�U�L�J�X�H�]���*�D�O�L�D�Q�R���H�W���D�O�������������������/�L�X���H�W���D�O�����������������D�Q�G���U�H�I�H�U�H�Q�F�H�V���W�K�H�U�H�L�Q�����D�Q�G���P�D�U�L�Q�H��
�V�W�X�G�L�H�V���L�Q���V�K�D�O�O�R�Z���D�U�H�D�V�����Z�K�H�U�H���K�X�Q�G�U�H�G�V���R�I���V�D�P�S�O�H�V���H�[�L�V�W���D�Q�G���F�D�Q���E�H���L�Q�W�H�U�S�R�O�D�W�H�G���X�V�L�Q�J��
�P�D�F�K�L�Q�H���O�H�D�U�Q�L�Q�J���D�O�J�R�U�L�W�K�P�V�����H���J�����'�L�H�V�L�Q�J���H�W���D�O�������������������'�L�H�V�L�Q�J���H�W���D�O���������������D�����E�����6�S�L�H�J�H�O��
�H�W�� �D�O�������������������� �+�R�Z�H�Y�H�U���� �L�Q�� �G�H�H�S���V�H�D�� �H�Q�Y�L�U�R�Q�P�H�Q�W�V�����V�X�F�K�� �D�Q�� �D�S�S�O�L�F�D�W�L�R�Q���L�V�� �O�L�P�L�W�H�G�� �W�R��
�E�U�R�D�G���V�F�D�O�H���V�W�X�G�L�H�V�����H���J�����0�D�F�L���J���D�Q�G���+�D�U�I�I���������������G�X�H���W�R���G�D�W�D���V�F�D�U�F�L�W�\�������V�D�P�S�O�L�Q�J���V�L�W�H�V��
�L�Q���U�H�O�D�W�L�Y�H�O�\���V�P�D�O�O���D�U�H�D�V�����$���W�\�S�L�F�D�O���J�U�R�X�Q�G���W�U�X�W�K���V�D�P�S�O�H���L�Q���W�K�H���G�H�H�S�V�H�D�����H���J�������E�R�[���F�R�U�H�U����
�J�U�D�Y�L�W�\���F�R�U�H�U���R�U���P�X�O�W�L���F�R�U�H�U�����G�H�P�D�Q�G�V���I�R�X�U���K�R�X�U�V���R�Q���D�Y�H�U�D�J�H���W�R���E�H���U�H�F�R�Y�H�U�H�G�����7�K�H���W�L�P�H��
�G�R�X�E�O�H�V���L�Q���F�D�V�H���R�I���G�H�S�O�R�\�P�H�Q�W���I�D�L�O�X�U�H���D�Q�G���D�F�T�X�L�V�L�W�L�R�Q���R�I���D���U�H�S�O�L�F�D�W�H���V�D�P�S�O�H�����5�2�9�V���D�U�H��
�D�O�V�R�� �X�V�H�G�� �W�R�� �D�F�T�X�L�U�H�� �J�U�R�X�Q�G�� �W�U�X�W�K�� �V�D�P�S�O�H�V�� ���H���J���� �V�K�R�U�W�� �S�X�V�K���F�R�U�H�V���� �I�R�U�� �J�H�R�F�K�H�P�L�F�D�O��
�D�Q�D�O�\�V�L�V���� �+�R�Z�H�Y�H�U���� �W�K�H�\���H�[�K�L�E�L�W���O�R�Q�J�� �G�H�S�O�R�\�P�H�Q�W�� �W�L�P�H�V�����§�� �������K������ �O�L�P�L�W�H�G�� �V�S�D�W�L�D�O��
�F�R�Y�H�U�D�J�H�����”�����������P���I�U�R�P���W�K�H���U�H�V�H�D�U�F�K���Y�H�V�V�H�O�����D�Q�G���K�L�J�K���R�S�H�U�D�W�L�R�Q���F�R�V�W�V�����%�R�W�K���D�S�S�U�R�D�F�K�H�V��
�D�U�H���V�X�V�F�H�S�W�L�E�O�H���W�R���Z�H�D�W�K�H�U���F�R�Q�G�L�W�L�R�Q�V�����V�H�D���V�W�D�W�H���D�Q�G���P�H�F�K�D�Q�L�F�D�O���I�D�L�O�X�U�H�V�����8�Q�O�H�V�V���V�D�P�S�O�H�G��
�Z�L�W�K�� �D���P�X�O�W�L���F�R�U�H�U���� �W�K�H�� �V�X�U�I�L�F�L�D�O�� �V�H�G�L�P�H�Q�W�V�� ������������ �F�P���� �W�K�D�W�� �D�U�H�� �Q�H�H�G�H�G�� �W�K�H�� �P�R�V�W�� �D�U�H��
�G�L�V�W�X�U�E�H�G�� �D�Q�G�� �P�L�[�H�G���E�\�� �R�W�K�H�U�� �V�D�P�S�O�L�Q�J�� �J�H�D�U�����7�R�G�D�\���� �V�D�P�S�O�H�V���I�R�U�� �J�H�R�F�K�H�P�L�F�D�O�� �D�Q�G��
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�D�V�V�R�F�L�D�W�H�G���E�L�R�O�R�J�L�F�D�O���V�W�X�G�L�H�V���Z�L�W�K���G�L�I�I�H�U�H�Q�W���V�D�P�S�O�L�Q�J���J�H�D�U�V���D�U�H���W�\�S�L�F�D�O�O�\�� �U�H�F�R�Y�H�U�H�G���L�Q��
�V�P�D�O�O���V�S�D�W�L�D�O���D�U�H�D�V���Q�R�W���D�O�O�R�Z�L�Q�J���F�R�P�S�D�U�L�V�R�Q�V���E�H�W�Z�H�H�Q���G�L�I�I�H�U�H�Q�W���J�H�R�P�R�U�S�K�R�O�R�J�L�F�D�O���X�Q�L�W�V����
�6�W�X�G�L�H�V���K�D�Y�H���V�K�R�Z�Q���L�Q�F�U�H�D�V�H�G���I�L�Q�H���V�F�D�O�H���V�S�D�W�L�D�O���Y�D�U�L�D�E�L�O�L�W�\���R�I���J�H�R�F�K�H�P�L�F�D�O���S�U�R�S�H�U�W�L�H�V��
�H�Y�H�Q�� �L�Q�� �W�K�H�� �G�H�H�S���V�H�D�����K�L�J�K�O�L�J�K�W�L�Q�J�� �W�K�H�� �Q�H�H�G�� �I�R�U�� �L�Q�W�H�Q�V�L�I�\�L�Q�J�� �W�K�H�� �H�I�I�R�U�W�V�� �R�Q���V�H�G�L�P�H�Q�W��
�V�D�P�S�O�L�Q�J���L�Q���W�K�H���G�H�H�S���V�H�D�����0�H�Z�H�V���H�W���D�O�������������������9�R�O�]���H�W���D�O�������������������3�D�X�O���H�W���D�O�������������������� 

What else can be done to improve the modelling performance? 

The model performance could be further improved by optimizing the feature space coverage 
during image data acquisition (see also conclusions of Research Objective II). While scientific 
fields such as soil predictive modelling have realized the need for good feature space coverage 
in spatial models (e.g., Kidd et al., 2015; Brus, 2015; Wadoux et al., 2019; Bouasria et al., 
2023), the deep-sea habitat mapping community lacks behind in this respect, potentially 
because the acquisition of samples demands more time and cost than during terrestrial surveys. 
This paradox is because satellite and airborne DEMs are typically available before field 
sampling in terrestrial studies. In deep-sea studies, the bathymetric and backscatter data are 
obtained shortly before, during (e.g. AUV) or even after the field sampling. Future expeditions 
should prioritize the MBES acquisition and near real-time processing of just acquired data. 
After that spatial predictors can be calculated, and informative sampling locations can be 
selected based on criteria/algorithms that maximize the geographical and feature space 
coverage, such as the conditional Latin Hypercube Sampling method (Minasny and 
McBratney, 2006). Such guidelines already exist in the official manuals for marine sampling 
to monitor Australian waters (Foster et al., 2020) and thus should be also considered in future 
activities elsewhere. 

Notes on reproducibility  

Future work implies building and improving existing knowledge. In this direction, the 
reproducibility of the current work needs to be guaranteed. Regarding research article I, the 
machine learning modelling has been conducted using the Marine Geospatial Ecology Tools 
(MGET). MGET (Roberts et al., 2010) uses the random forests R package for c�O�D�V�V�L�¿�F�D�W�L�R�Q��
and regression (Liaw and Wiener, 2002) inside the graphic user interface of ArcMap�Œ��������������
which is familiar and accessible to the majority of marine geoscientists. Research articles II 
and III used R ( R Core Team, 2022) and R studio (R Studio Team, 2022) to develop the 
machine learning modelling workflow combining different statistical libraries. The R script for 
research article II is uploaded as an R markdown .pdf document on the GEOMAR cloud. The 
R script for research article III will also be uploaded as an R markdown .pdf document using 
the same link once finally generated. 
 
 
 
 

MGET: https://mgel.env.duke.edu/mget/download/  
ArcMap: https://www.esri.com/en-us/arcgis/products/arcgis-pro/overview  
R: https://www.r-project.org/   
R studio: https://posit.co/download/rstudio-desktop/   
GEOMAR cloud: https://cloud.geomar.de/s/G2Jsi82ZTFLoH5A  
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Section II 

Benthic plume monitoring 

 ���«�W�K�H���G�L�V�F�L�S�O�L�Q�H�V���D�U�H���W�K�H���S�O�D�F�H���Z�K�H�U�H���Z�H���E�H�J�L�Q�����E�X�W���Q�R�W���Z�K�H�U�H���Z�H���H�Q�G������ 

Introduction to Interdisciplinary Studies (Allen F. Repko, 2014) 
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Foreword 

The protection of the deep-sea ecosystem and the related holistic scientific and technological 
approaches in deep-sea research have increased the questions' complexity, making it 
impossible to address them from only based on a single scientific field. Modern marine 
(geo)scientists thus need and should follow an interdisciplinary research approach to combine 
knowledge from different fields, effectively working within a team of experts. The US National 
Academies of Sciences, Engineering and Medicine defines that interdisciplinary research 
should have the following characteristics: 

�x It integrates information, data, techniques, tools, perspectives, concepts or theories 
from two or more disciplines or bodies of specialized knowledge. 

�x It can be done by teams or by individuals. 
�x It advances fundamental understanding or solves problems whose solutions are beyond 

the scope of a single discipline or area of research practice (NAS, 2005). 

Mining trial  monitoring 

All the above-mentioned characteristics for interdisciplinarity have been fulfilled during the 
scientific monitoring of the first modern deep-sea industrial mining test of a pre-prototype 
seafloor nodule collector vehicle (hereafter nodule collector), representing a critical step in the 
roll-out of this new and highly controversial industry. The author, with scientists from 29 
European research institutes and universities of 8 European countries (MiningImpact, 2022; 
JPIO, 2022), joined forces to independently monitor the environmental impact of the industrial-
scale mining of polymetallic nodules in the GSR contract area (CCZ), collecting biological, 
microbiological, biogeochemical, ecotoxicological, geological, and oceanographic data and 
testing needed monitoring approaches (Vink et al., 2022).  

A cornerstone of this effort is monitoring the sediment plume (hereafter plume) generated 
behind the nodule collector from the discharged sediment-laden water and the �F�R�O�O�H�F�W�R�U�¶�V��
movement on the seafloor. The plume's SPM concentration, its spatial extent, and the amount 
and grain size of redeposited sediment are critical environmental properties. They define the 
impacted benthic ecosystem beyond the actual mining site and determine the time the 
ecosystem is under anthropogenic pressure. Such data are what marine biologists need to 
quantify the impacts on benthic life during and after the mining and at different levels of 
exposure. The presented data are essential input values to numerical models that extrapolate 
the plume evolution over larger areas and time spans beyond a limited trial. To collect these 
data, the author, together with his colleagues, deployed the most spatially dense sensor 
network for  deep-sea mining research consisting of fifty acoustic [e.g., MBES, acoustic 
doppler profiler (ADCP), hydrophones] and optic backscatter sensors (e.g., JFE, WetLabs) and 
cameras (e.g., PartCam) mounted to twenty seafloor platforms, including tripods, benthic 
landers and moorings (Vink et al., 2022). Two remotely operated vehicles (ROVs) visually 
observed the plume and deployed/recovered the multi-sensor platforms. At the same time, an 
AUV acquired water-column and seafloor data MBES data, SSS backscatter data, seafloor 
images, and SPM concentration at different altitudes (5, 10, 30 and 50 m) and distances (500 
m to 5 km) from the mining site. Sensors were intercalibrated before and after the cruise with 
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sediment from the same area to allow for a quantitative comparison of the sensor recordings in 
SPM concentration (Haalboom et al., 2022). All sensors measured ambient SPM concentration 
and background acoustic backscatter intensity before t, during and after the trial to allow a 
quantitative comparison.  

Research objective of Section II 

�6�H�F�W�L�R�Q���,�,���K�D�V���R�Q�O�\���R�Q�H���U�H�V�H�D�U�F�K���R�E�M�H�F�W�L�Y�H�����Z�K�L�F�K���L�V�� 

�x �W�R���X�Q�G�H�U�V�W�D�Q�G���W�K�H�����'���V�S�D�W�L�R�W�H�P�S�R�U�D�O���H�Y�R�O�X�W�L�R�Q���R�I���W�K�H���P�L�Q�L�Q�J���L�Q�G�X�F�H�G���V�H�G�L�P�H�Q�W���S�O�X�P�H��
�D�Q�G���W�K�H���W�H�F�K�Q�R�O�R�J�\���Q�H�H�G�H�G���I�R�U���L�W�V���P�R�Q�L�W�R�U�L�Q�J���� 

�:�R�U�N�L�Q�J���R�Q���D�G�G�U�H�V�V�L�Q�J���W�K�L�V���R�E�M�H�F�W�L�Y�H���U�H�V�X�O�W�H�G���L�Q���V�H�Y�H�Q���N�H�\���I�L�Q�G�L�Q�J�V���W�K�D�W���G�H�D�O���Z�L�W�K���W�K�H���V�S�U�H�D�G�L�Q�J��
�R�I�� �W�K�H�� �P�R�E�L�O�L�]�H�G�� �V�H�G�L�P�H�Q�W���D�V���W�X�U�E�L�G�L�W�\�� �F�X�U�U�H�Q�W������������ �J�U�D�Y�L�W�\�� �I�O�R�Z�� �������� �D�Q�G�� �V�X�V�S�H�Q�G�H�G�� �V�H�G�L�P�H�Q�W��
�S�O�X�P�H���������D�Q�G�����������W�K�H���S�D�U�W�L�F�O�H���I�O�R�F�F�X�O�D�W�L�R�Q���D�Q�G���I�D�V�W���V�H�G�L�P�H�Q�W���U�H�G�H�S�R�V�L�W�L�R�Q���������D�Q�G���������D�Q�G���W�K�H���G�L�U�H�F�W��
�V�H�D�I�O�R�R�U���G�L�V�W�X�U�E�D�Q�F�H���������� 

Key findings 

1. The plume spreads as a high-density gravity current behind the nodule collector spread 
perpendicular to mining lanes independent of the bottom currents, driven by its turbulent flow 
dynamics. This finding agrees with those of Muñoz-Royo et al. (2022). Optical backscatter 
Sensor (OBS) data showed a maximum SPM concertation of 264 mg L-1 at 1 m altitude, 50 m 
from the mining lines but along the propagation axis of the turbidity current. This is 13,200 
times higher than the background SPM concentration of 0.02 mg L-1 at 1 m altitude (Figure 
36). During our measurements, the SPM concentration at the measuring site returned to 
background concentrations 14h after the mining ended.  

2. a) The gravity current is channelled through steeper seafloor sections (> 3° slope) along its 
propagation path and moves independently of the bottom water current direction. The 
gravitational forces at steeper seafloor sections increased the total propagation distance 
five times (up to 500m) compared to flat seafloor stretches (up to 100 m). A topographic sill 
blocked the propagation at a certain distance, and the plume started spreading laterally (Figure 
36). As a direct consequence, more resuspended sediment was actively transferred and 
redeposited outside of the mining site. This is a new finding as no other study, inclduing 
numerical modelling, had considered small-scale seafloor geomorphology as an essential 
factor for sediment plume propagation and sediment redeposition. AUV-scale mapping of 
mining sites and a large enough surrounding should be an integral part of monitoring, numerical 
modelling, and mining site prioritization.  

2. b) The gravity  current had a distinct backscatter signature in ADCPs and OBS sensor 
data compared to the passive transfer (advection) of the sediment plume transported by bottom 
currents (Figure 37). 

2. c) The gravity current created sediment ripples along its downslope direction at the 
steeper seafloor sections (Figure 36). The shape of ripple crests is sinuous to catenary, a typical 
bedform generated by a strong flow over cohesive sediment (Bass et al., 2016). The presence 
of ripples could imply erosion of surficial sediments (e.g. Koller et al. 2019), but erosion would 
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demand current velocities > 30 cm s-1 (Thomsen and Gust, 2000; McCave and Hall, 2006), 
which were not measured in the field. The massive fallout of aggregated sediments within the 
gravity flow (see point 5) and the unidirectional currents in steeper seafloor parts could result 
in mud ripples generated by large non-cohesive plume aggregates, which behave hydraulically, 
equivalent to fine sands (Thomsen and McCave, 2000; Schieber et al., 2007).  

3. The final plume-stage of sediment spreading is the passive transport  of fine suspended 
particles by the ambient bottom currents. The AUV recorded the plume at distances up to 
4.5 km from the mining site at the very end of the monitoring area (Figure 36). 

 

Figure 36�����D���� �0�D�[�L�P�X�P���F�R�Q�F�H�Q�W�U�D�W�L�R�Q�V�� �U�H�J�L�V�W�H�U�H�G���E�\�� �2�%�6�� �V�H�Q�V�R�U�V�� �D�W������ �P�� �D�O�W�L�W�X�G�H�� �R�Q���G�L�I�I�H�U�H�Q�W���S�O�D�W�I�R�U�P�V�����7�K�H��
�$�'�&�3���W�U�D�M�H�F�W�R�U�\���S�O�R�W���R�I���1�,�2�=�B�3�)�0�B�������V�K�R�Z�H�G���D�Q���H�D�V�W�Z�D�U�G���G�L�V�S�O�D�F�H�P�H�Q�W���D�Q�G���L�Q�F�U�H�D�V�H�G���E�D�F�N�V�F�D�W�W�H�U���L�Q�W�H�Q�V�L�W�\��
�Z�K�H�Q���W�K�H���J�U�D�Y�L�W�\���F�X�U�U�H�Q�W���S�D�V�V�H�G�����7�K�H���H�[�W�H�Q�W���R�I���0�%�(�6���:�&�,���G�D�W�D���D�J�U�H�H�V���Z�L�W�K���W�K�H���2�%�6���G�D�W�D���I�U�R�P���$�8�9�����H�������E�����E������
�5�2�9���Y�L�G�H�R���I�U�D�P�H���J�U�D�E�V���L�Q�V�L�G�H���W�K�H���Q�R�G�X�O�H���L�P�S�D�F�W���V�L�W�H���V�K�R�Z���W�K�H���H�G�J�H���R�I���W�K�H���S�O�X�P�H���E�H�L�Q�J���G�L�V�W�L�Q�F�W���I�U�R�P���W�K�H���D�P�E�L�H�Q�W��
�V�H�D�Z�D�W�H�U�����/�L�P�L�W�H�G���Y�H�U�W�L�F�D�O���P�L�[�L�Q�J���L�V���R�E�V�H�U�Y�H�G���D�V���W�K�H���5�2�9���D�O�W�L�W�X�G�H���L�V���§�����������P�����F�����5�2�9���L�P�D�J�H���V�K�R�Z�L�Q�J���W�K�H���S�O�X�P�H��
�K�H�D�G�L�Q�J���S�H�U�S�H�Q�G�L�F�X�O�D�U���W�R���P�L�Q�L�Q�J���O�D�Q�H�V�� �7�K�H���V�H�Q�V�R�U���V�K�R�Z�Q�����0�L�F�U�R�S�U�R�I�L�O�H�U�����L�V���§���������F�P���L�Q���K�H�L�J�K�W���D�Q�G���������F�P���L�Q���Z�L�G�W�K����
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�V���V�S�D�W�L�D�O���H�[�W�H�Q�W���G�X�U�L�Q�J���D��
�F�D���� ������ �K�� �V�X�U�Y�H�\�� �F�R�Q�G�X�F�W�H�G�� �S�D�U�D�O�O�H�O�� �W�R�� �W�K�H�� �P�L�Q�L�Q�J�� �W�U�L�D�O�� �D�Q�G�� �F�R�Q�W�L�Q�X�H�G�� �D�I�W�H�U�� �L�W�V�� �W�H�U�P�L�Q�D�W�L�R�Q���� �6�F�D�W�W�H�U�H�G�� �L�Q�G�L�Y�L�G�X�D�O��
�P�H�D�V�X�U�H�P�H�Q�W�V���D�E�R�Y�H�������������P�J���/�������G�R���Q�R�W���F�R�U�U�H�V�S�R�Q�G���W�R���W�K�H���S�O�X�P�H���E�X�W���W�R���Q�R�L�V�H�����H���J�����I�U�R�P���I�L�V�K���L�Q�V�L�G�H���W�K�H���V�H�Q�V�R�U�
�V��
�Y�L�H�Z���� �7�K�H�� �E�D�F�N�J�U�R�X�Q�G�� �P�D�S�� �L�V�� �W�K�H���$�8�9�� �0�%�(�6�� �E�D�W�K�\�P�H�W�U�\�� ���F�H�O�O�� �U�H�V�R�O�X�W�L�R�Q�� ���� �P�� �[�� ���� �P���� �R�I�� �W�K�H�� �P�R�Q�L�W�R�U�H�G�� �D�U�H�D��
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�V�X�S�H�U�L�P�S�R�V�H�G�� �R�Q�� �V�K�L�S���E�D�V�H�G�� �0�%�(�6�� �E�D�W�K�\�P�H�W�U�\�����*�D�]�L�V���� �������������� �7�K�H�� �F�R�Q�W�R�X�U�V�� �K�D�Y�H�� �D�� ���� �P�� �D�Q�G�� ������ �P�� �L�Q�W�H�U�Y�D�O����
�U�H�V�S�H�F�W�L�Y�H�O�\�����I�����7�K�H���5�R�V�H���G�L�D�J�U�D�P���D�W���1�,�2�=�B�3�)�0���������U�H�S�U�H�V�H�Q�W�V���W�K�H���F�X�U�U�H�Q�W���G�L�U�H�F�W�L�R�Q���D�Q�G���V�S�H�H�G���G�X�U�L�Q�J���W�K�H���Q�R�G�X�O�H��
�F�R�O�O�H�F�W�R�U���W�U�L�D�O�����7�K�H���H�D�V�W�Z�D�U�G���V�S�L�N�H���L�V���U�H�O�D�W�H�G���W�R���W�K�H���J�U�D�Y�L�W�\���F�X�U�U�H�Q�W�����J�����&�R�Q�F�H�Q�W�U�D�W�L�R�Q���U�H�F�R�U�G�H�G���D�W�������P���������P�����D�Q�G��������
�P���D�O�W�L�W�X�G�H���D�W���1�,�2�=�B�3�)�0�����������7�K�H���P�H�D�V�X�U�H�P�H�Q�W�V���D�W�������P���D�Q�G���������P���D�O�W�L�W�X�G�H���K�D�G���W�R���O�D�V�W���V�K�R�U�W�H�U���W�R���I�D�F�L�O�L�W�D�W�H���W�K�H���I�D�U��
�I�L�H�O�G���V�X�U�Y�H�\�����)�L�J�X�U�H���V�R�X�U�F�H�����*�D�]�L�V���H�W���D�O����������������https://doi.org/10.1038/s41467-025-56311-0  

 

Figure 37�����D�����%�D�F�N�V�F�D�W�W�H�U���W�L�P�H���V�H�U�L�H�V���U�H�F�R�U�G�H�G���Z�L�W�K���D�Q���X�S�Z�D�U�G���O�R�R�N�L�Q�J���$�'�&�3���D�W�����������N�+�]���������������N�P���6�(���I�U�R�P���W�K�H��
�L�P�S�D�F�W���V�L�W�H�����1�,�2�=�B�3�)�0�����������V�H�H��Figure 36�������$�O�W�K�R�X�J�K���W�K�H���E�D�F�N�J�U�R�X�Q�G���Q�R�L�V�H���E�H�W�Z�H�H�Q���������������P���D�E�R�Y�H���W�K�H���V�H�D�I�O�R�R�U��
���F�D�X�V�H�G���E�\���D���I�O�R�W�D�W�L�R�Q���E�R�G�\���R�Q���W�K�H���S�O�D�W�I�R�U�P�����G�R�P�L�Q�D�W�H�V���W�K�H���V�L�J�Q�D�O�����W�K�U�H�H���G�L�V�W�L�Q�F�W���S�O�X�P�H���H�S�L�V�R�G�H�V���U�H�P�D�L�Q���Y�L�V�L�E�O�H����
�E�����7�L�P�H���V�H�U�L�H�V���R�I���D�Q���X�S�Z�D�U�G���O�R�R�N�L�Q�J���$�'�&�3���D�W�����������0�+�]�����*�0�5�B�3�)�0����������Figure 36�������V�K�R�Z�L�Q�J���W�K�H���V�K�D�U�S���L�Q�F�U�H�D�V�H��
�L�Q���E�D�F�N�V�F�D�W�W�H�U���L�Q�W�H�Q�V�L�W�\���Z�K�H�Q���W�K�H���J�U�D�Y�L�W�\���F�X�U�U�H�Q�W���S�D�V�V�H�G�����$�O�O���E�D�F�N�V�F�D�W�W�H�U���Y�D�O�X�H�V���D�U�H���U�D�Q�J�H���Q�R�U�P�D�O�L�]�H�G���D�Q�G���J�L�Y�H�Q���L�Q��
�G�%�����)�L�J�X�U�H���V�R�X�U�F�H�����P�R�G�L�I�L�H�G���I�U�R�P���*�D�]�L�V���H�W���D�O����������������https://doi.org/10.1038/s41467-025-56311-0 

4. The SPM concentration decreases fast with increasing distance and altitude. A power-
law decay of the concentration was detected at successive distances (180 to 1800 m, at 1 m 
altitude) and altitudes (5 to 500 m, at 500 m distance) from the mining site towards the ambient 
bottom current direction (Figure 38). Such empirical power-law shaped functions have been 
observed in diluted plumes such as in hydrothermal plumes (e.g., Bemis, 2002) and in plumes 
�J�H�Q�H�U�D�W�H�G���E�\���W�R�Z�H�G���¿�V�K�L�Q�J���J�H�D�U����e.g., Madron et al., 2005; O'Neill et al., 2013). This power-
law relation shows the settling of the SPM (due to gravity), upward lifting and mixing (due to 
turbulence), and sediment transportation from bottom currents. The empirical power-law 
function cannot be applied at shorter distances (here < 200 m) and lower altitudes (here < 5 m). 
Here, the plume shows little mixing with a sharp front distinct from the ambient water, it is 
dominated by the near-field gravity current dynamics generated by the mining vehicle (Peacock 
and Ouillon, 2023) and seafloor geomorphology. The bulk of the plume stayed below 5 m, 
particularly within the first 500 m. The plume height increased with distance and time; SPM 
concentration similar to the background values was detected at the highest monitoring altitude 
of 50 m. 

 

Figure 38. a) Maximum concentration recorded by OBS sensors at successive distances (from 180 m to 1800 m) 
and times (19-22.04.2021) in the SE direction from the impact site. The records from the following platforms 
were used: JUB_PFM-01 and NIOZ_PFM-03 at 180 m, NIOZ_PFM-04, RBINS_PFM-01, GMR_PFM-43 and 
RBINS_PFM-02 at 500 m, GMR_PFM-47, NIOZ_PFM-02 and GMR_PFM-48 at 1 km, and NIOZ_PFM-01 at 
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1.8 km (see Figure 36). When more than one OBS data set was available, the average maximum value was 
calculated and plotted. Vertical bars represent the highest and lowest maximum concentration values measured; 
this variability is due to the different locations across the longitudinal axis at the same distance from the impact 
site. b) The average maximum concentration recorded by the two OBS on the AUV at successive altitudes (from 
5 m to 50 m) and times (19-20.04. 2021) while circling at a 500 m distance around the impact site. The bars 
represent the highest and lowest difference from the averaged maximum concentration between the two OBS 
sensors on the AUV. �)�L�J�X�U�H���V�R�X�U�F�H�����P�R�G�L�I�L�H�G���I�U�R�P���*�D�]�L�V���H�W���D�O����������������https://doi.org/10.1038/s41467-025-56311-
0 

5. Particle flocculation was recorded in situ, confirming previous lab studies (Gillard et al., 
2019) and mining studies at cobalt-rich crust sites (Spearman et al., 2020). The PartiCam 
system (Gillard et al., 2022) acquired water-column images, that were used to derive a image-
based particle size distribution (Figure 39). While the median particle size (D50) of the top 5 
cm of the seafloor sediment column is 0.012 mm (GSR, 2018), the plume D50 increased up to 
0.147 mm. The D25�±D75 of the plume ranged from 0.061 mm to 0.313 mm, with the largest 
particles to be detected when the plume was produced furthest away from the stationary camera 
location experiencing the longest aggregation time. The fact that the plume was recorded with 
ADCPs at 300 kHz with low sensitivity for the small primary particle si�]�H�����P�H�G�L�D�Q���§�������������P�P����
Haalboom et al., 2022) also indicates that at least parts of the mobilized fine-grained sediment 
must be present in an aggregated form that falls within the sensitivity window of the 300kHz 
frequency, confirming the larger grain sizes seen by the PartiCam system. This finding ends a 
long discussion in the scientific community on when sediment flocculation occurs within 
benthic plumes induced through nodule mining activities (e.g., Aleynik et al., 2017; Purkiani 
et al., 2021; Muñoz-Royo et al., 2022).  It also underlines the need to include sediment 
flocculation in numerical plume dispersion and redeposition models.  

 

Figure 39. a and b) �,�Q���V�L�W�X���Z�D�W�H�U���F�R�O�X�P�Q���S�K�R�W�R�V���R�E�W�D�L�Q�H�G���Z�L�W�K���W�K�H���3�D�U�W�L�&�D�P���V�\�V�W�H�P���G�X�U�L�Q�J���W�K�H���I�L�U�V�W���G�D�\���R�I���W�K�H��
�P�L�Q�L�Q�J���W�U�L�D�O���V�K�R�Z�H�G���D���G�H�F�U�H�D�V�H���L�Q���S�D�U�W�L�F�O�H���Q�X�P�E�H�U���D�Q�G���D�Q���L�Q�F�U�H�D�V�H���L�Q���S�D�U�W�L�F�O�H���V�L�]�H���R�Y�H�U���W�L�P�H�����7�K�H���E�O�D�F�N���V�F�D�O�H���E�D�U��
�F�R�U�U�H�V�S�R�Q�G�V���W�R�������������P�P�����7�K�H���P�L�Q�L�P�X�P���S�D�U�W�L�F�O�H���V�L�]�H���W�K�D�W���F�R�X�O�G���E�H���G�H�W�H�F�W�H�G���Z�L�W�K���W�K�D�W���R�S�W�L�F�D�O���V�H�W�X�S���Z�D�V�����������������P�P��
�Z�L�W�K���D���S�L�[�H�O���U�H�V�R�O�X�W�L�R�Q���R�I�����������������P�P�����F����Time series of particle size distribution during the three plume episodes 
(grey areas). The black line is the D50, and the red area shows the upper D75 and lower D25 of the particle size 
distribution. d) Boxplots of the particle size for each distinct plume episode.���)�L�J�X�U�H���V�R�X�U�F�H�����P�R�G�L�I�L�H�G���I�U�R�P���*�D�]�L�V��
�H�W���D�O����������������https://doi.org/10.1038/s41467-025-56311-0 
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6. Sediment redeposition occurs fast and within a short distance from the mining site; this is 
due to the friction of the developing gravity current and the seafloor and particle flocculation 
that increases the settling velocity (Figure 40). Seafloor images show the extent of the 
redeposited sediment, highlighting that most sediment was redeposited within the first 500 m; 
only a faint redeposition and nodule cover could be detected 3 km downstream (Figure 40). 

 

Figure 40. a) The extent of the redeposited sediment based on AUV and ROV footage. A classification scheme 
of sediment blanketing followed by thick, medium, and faint coverage was used (see Methods). The bottom 
current trajectory plots from three ADCPs are shown in blue. The timestamp (beginning of the day at 00:00:00) 
is also given for the trajectory plot of NIOZ_PFM-03. b) The degree of sediment redeposition expressed as % of 
image-derived seafloor nodule coverage along the plume's path in the SE direction is shown before and after the 
impact (pre and post). b1-b5) AUV images showing reductions of sediment coverage at successive distances in 
the SE direction. c) AUV image of a faint sediment coverage, 2.5 km S-SE from the impact site. �)�L�J�X�U�H���V�R�X�U�F�H����
�*�D�]�L�V���H�W���D�O����������������https://doi.org/10.1038/s41467-025-56311-0  
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7. Direct seafloor disturbance created by the movement of the nodule collector and suction 
of nodules was mapped in high-resolution (cm to mm) using AUV-mounted MBES, SSS 
and seafloor images (Figure 41). Image-derived digital elevation models (DEMs) before and 
after the mining trial were used to calculate the thickness of the redeposited sediment within 
the mining site, where a thick sediment blanketing occurred. The analysis showed that at least 
3 cm of sediment was redeposited during the first 88-110 h after the mining trial ended. The 
depth of the average seafloor erosional inside distinct mining lanes was estimated at be 
arround 5 cm (Figure 41).  

 

Figure 41. a) Orthophoto-mosaic with 2 mm × 2 mm pixel resolution from part of the second mining strip showing 
the nodule collector imprints on the seafloor as mining lanes, the "light bulb" turns, and nodule piles. a1) A sea 
anemone (Actiniaria), capable of cleaning itself from sediment (Savoca et al., 2022), is shown as an example of 
the resolution achieved. b1) Orthophoto-mosaic of the seafloor before the mining trial. b2) The same part of the 
seafloor after the mining trial showed the caterpillar track imprints. b3) Image-derived DEM showing the depth 
of the caterpillar imprints on the seafloor. A depth profile across the caterpillar track (red line) shows the erosion 
depth caused by the nodule collector and the humps on each side of the track due to sideways sediment extrusion 
under the caterpillar tracks. The zero-depth refers to the unmined seafloor between the two caterpillar tracks along 
the same mining lane. The maximum depth shown has been formed after the sediment redeposition and 
consequently could be smaller than the actual erosion depth. c1) Orthophoto-mosaic of the track of the nodule 
collector while performing the light bulb turning manoeuvre at the end of a lane and the deposited �Q�R�G�X�O�H���S�L�O�H�����§��
L 5 m × W 2 m × H 0.9 m). The sideways sediment extrusion under the caterpillar tracks is larger along the "light 
bulb" turn manoeuvres. c2) Image-derived DEM of the same area with a pixel resolution of 5 mm × 5 mm. �)�L�J�X�U�H��
�V�R�X�U�F�H�����*�D�]�L�V���H�W���D�O�����������������K�W�W�S�V�������G�R�L���R�U�J�������������������V������������������������������������
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Future Work  

Four important outcomes regarding the monitoring technology of gravity flows and current 
driven sediment plumes in the deep-sea can be given, that also call for future investigations: 

1. Need for a combined use of hydroacoustic and optical backscatter sensors. Both sensor 
types detected the plume signal and could differentiate between the active and passive 
phases of the mining activity. OBS systems are cheaper and lighter, can be attached to 
all platforms, have a high sampling rate, and can be calibrated with seafloor sediment 
in a small lab or onboard the research vessel. Their drawbacks include underestimating 
the SPM concentration when considerable particle flocculation occurs and the very 
small sampling volume of only several milliliters just in front of the sensor window. In 
contrast ADCPs and MBESs provide continuous measurements over long distances and 
altitudes (frequency dependent), allowing the integration over time and a large water 
volume. They benefit from the sediment aggregation over time and are less sensitive to 
very low SPM concentrations. ADCPs and MBESs technology is typically more 
expensive and challenging to deploy; they also have a disadvantage when being 
calibrated in the lab, where they demand deep tanks and complex sediment steering 
mechanisms. Ideally, each monitoring station on the seafloor, being part of a larger 
monitoring array, should have an ADCP system and an OBS, allowing for inter-
calibration and data comparison between these two sensor types (e.g. Haalbom et al., 
2022; Diaz et al., 2023).  
 

2. Need for a combined use of sensors at fixed seafloor locations and on mobile platforms 
(i.e. AUVs). While sensors at fixed seafloor locations build a dense spatial network or 
array that allows measurement at successive distances (Eulerian approach), AUVs 
move together with the plume (Lagrangian approach) cover longer distances and carry 
several sensors. The technological advances in battery capacity (90+ h of survey) and 
plume tracking (von See et al., 2022; von See et al., 2025) pave the way towards 
automated plume monitoring. A fleet of AUVs that can exchange data (e.g., SPM 
concertation and location) with the mother ship and between each other can provide a 
real-time overview of the plume's spatiotemporal evolution. The AUVs are expected to 
be the cornerstone of monitoring the discharge plume at midwater depths or close to 
the seafloor. The current practice of water-column monitoring is based on ship-based 
sensors (e.g. CTD) and moorings deployment. Both approaches offer limited spatial 
coverage, have long deployment times, and depend on the sea state. Deep sea moorings 
cannot change locations without redeployment, and the ship-based CTDs have limited 
flexibility when needed to adapt the monitoring plan. 
 

3. Need for real-time acoustic communication and data transfer to enable adaptive 
decision-making strategies, refined and adjusted based on the incoming data. Small-
cabled sensor networks or repeated upload of AUV data at central data nodes can 
already be utilized today, allowing on-the-fly changes in the monitoring plan, similar 
to the work in the offshore dredging industry in shallower waters (Helmons et al., 2022). 
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Such an approach was tested during the second mining trial in the BGR contract area 
(Vink et al., 2022), where the real-time exchange of turbidity data provided valuable 
information at the time the ambient bottom currents changed direction.  
 

4. Need for high-resolution underwater imagery of the water-column and the seafloor. 
This study shows that underwater image acquisition plays a vital role in plume and 
seafloor monitoring, providing, among others, the in-situ particle size, thickness and 
extent of sediment redeposition, excavation depth, and the direction of gravity current. 
Moreover, a data compilation of seafloor photographs and mosaics from different 
periods after the mining test shows the initial benthic ecosystem disturbance and its 
recovery. The author currently uses seafloor image-derived mosaics before (29-53 h), 
shortly after (88-110 h) and 1.5 years after the mining trial (SO295; Haeckel et al., 
2023) to annotate the benthic megafauna and quantify the changes in abundance, 
biodiversity, spatial density and community composition within the mining site area.  

The author participates in the third phase of the JPIO MiningImpact project, which will monitor 
the full-scale mining trial of a prototype nodule collector in CCZ. The knowledge acquired and 
research outcomes from the described mining trial will be applied (where feasible) and 
combined with simultaneous monitoring of the discharge plume.  
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Section III  

Scientific development and achievements 

" The mind is not a vessel to be filled, but a fire to be kindled."  

Plutarch, (45 �± 120 BC) 
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Co-authorship in Peer-Reviewed Scientific Publications 

Co-authorship is an essential part of scientific research aiming at synergy and skill transfer 
between research groups and institutes while improving the data analysis and enriching 
research outcomes, providing valuable insights from different scientific fields or sub-fields of 
the same discipline. During the PhD period, the author participated in writing five other 
published peer-reviewed research articles and one book chapter, grouped into three research 
fields.  

Underwater Imagery 

1. Mbani, B., Schoening, T., Gazis, I.-Z., Koch, R., & Greinert, J. (2022). Implementation of an 
automated workflow for image-based seafloor classification with examples from manganese-
nodule covered seabed areas in the Central Pacific Ocean. Scientific Reports, 12(1). 
https://doi.org/10.1038/s41598-022-19070-2  
 

2. Köser, K., She, M., Diller, N., Reissmann, S., Weiß, T., Heger, K., Song, Y., Schöntag, P., 
Nakath, D., Schoening, T., Mohrmann, J., Gazis, I.-Z., Kampmeier, M., Rothenbeck, M., 
Wenzlaff, E., & Greinert, J. (2024). Autonomous visual 3D mapping of the ocean floor by 
underwater robots equipped with a single photo camera. In Scanning Technologies for 
Autonomous Systems (pp. 67�±100). Springer Nature Switzerland. https://doi.org/10.1007/978-
3-031-59531-8_3  
 

3. Van Audenhaege, L., Mahamadaly, V., Price, D., Sneessens, A., Cawthra, H., Delamare, C., 
Danet, V., Delsol, S., Devillers, R., Gazis, I.-Z., & Urbina-Barreto, I. (2023). Workshop on 3D 
mapping of habitats and biological communities with underwater photogrammetry. Research 
Ideas and Outcomes, 9. https://doi.org/10.3897/rio.9.e115796  

Deep-sea mining sediment plumes and oceanography-related monitoring 

4. Haalboom, S., Schoening, T., Urban, P., Gazis, I.-Z., de Stigter, H., Gillard, B., Baeye, M., 
Hollstein, M., Purkiani, K., Reichart, G.-J., Thomsen, L., Haeckel, M., Vink, A., & Greinert, J. 
(2022). Monitoring of anthropogenic sediment plumes in the Clarion-Clipperton Zone, NE 
equatorial Pacific Ocean. Frontiers in Marine Science, 9. 
https://doi.org/10.3389/fmars.2022.882155  
 

5. Purkiani, K., Haeckel, M., Haalboom, S., Schmidt, K., Urban, P., Gazis, I.-Z., de Stigter, H., 
Paul, A., Walter, M., & Vink, A. (2022). Impact of a long-lived anticyclonic mesoscale eddy 
on seawater anomalies in the northeastern tropical Pacific Ocean: a composite analysis from 
hydrographic measurements, sea level altimetry data, and reanalysis model products. Ocean 
Science, 18(4), 1163�±1181. https://doi.org/10.5194/os-18-1163-2022  

Resources estimation and geostatistical analysis 

6. Hasiotis, T., Gazis, I.-Z., Anastasatou, M., Manoutsoglou, E., Velegrakis, A. F., Kapsimalis, 
V., Karditsa, A., & Stamatakis, M. (2021). Searching for potential marine sand resources to 
mitigate beach erosion in island settings. Marine Georesources & Geotechnology, 39(5), 527�±
542. https://doi.org/10.1080/1064119x.2020.1721623  
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Data Publications 

The publication of freely accessible research data (raw and post-processed ready-for-analysis 
data) is an integral part of scientific research as it enables other researchers or entities to 
reproduce, verify the results and conduct further research and meta-analysis. All datasets were 
published in the PANGAEA© data base (Data Publisher for Earth & Environmental Science) 
following the FAIR principles guidelines (Wilkinson et al., 2016). In total, 26 datasets were 
published during this PhD, with the author being the first author in 13 of these publications. It 
is worth mentioning that other researchers already used some of these datasets in high-ranked 
journals (e.g. Muñoz-Royo et al., 2021 in Science Advances). A chronologically sorted list of 
data publications is given below: 

1. Stauffer, Julian B; Hoving, Henk-Jan T; Gazis, Iason-Zois; Mohrmann, Jochen; Kampmeier, 
Mareike; Veloso-Alarcón, Mario Enrique; Schumacher, Mia; Dierking, Jan (2024): Multibeam 
bathymetry raw data (Kongsberg EM712 entire dataset) of RV MARIA S. MERIAN during 
cruise MSM126 [dataset]. PANGAEA, https://doi.pangaea.de/10.1594/PANGAEA.968538  

2. Stauffer, Julian B; Hoving, Henk-Jan T; Gazis, Iason-Zois; Mohrmann, Jochen; Kampmeier, 
Mareike; Veloso-Alarcón, Mario Enrique; Schumacher, Mia; Dierking, Jan (2024): Multibeam 
bathymetry raw data (Kongsberg EM 122 entire dataset) of RV MARIA S. MERIAN during 
cruise MSM126 [dataset]. PANGAEA, https://doi.pangaea.de/10.1594/PANGAEA.968537  

3. Gazis, I.-Z.; Greinert, J (2023): Multibeam bathymetry raw data (Wärtsilä ELAC 3050 MK II 
entire dataset) of RV POSEIDON during cruise POS526, North Sea. PANGAEA, 
https://doi.org/10.1594/PANGAEA.956775  

4. Gazis, I.-Z.; Thomadaki, M; Greinert, J (2023): Multibeam bathymetry processed data 
(Wärtsilä ELAC 3050 MK II entire dataset) of RV POSEIDON during cruise POS526, North 
Sea. PANGAEA, https://doi.org/10.1594/PANGAEA.957183  

5. Haalboom, S; de Stigter, H; Urban, P; Gazis, I.-Z.; Gillard, B; Schoening, T (2022): Turbidity 
data measured during a dredge experiment during RV SONNE cruise SO268/2 in the German 
license area, CCZ, NE Pacific Ocean. PANGAEA, https://doi.org/10.1594/PANGAEA.943396 

6. Baeye, M; Haalboom, S; Urban, P; Gazis, I.-Z.; Gillard, B; Schoening, T; de Stigter, H (2022): 
Turbidity data measured during a dredge experiment during RV SONNE cruise SO268/2 in the 
German license area, CCZ, NE Pacific Ocean. PANGAEA, 
https://doi.org/10.1594/PANGAEA.942065 

7. Greinert, J; Haalboom, S; Urban, P; Gazis, I.-Z.; Gillard, B; Schoening, T; de Stigter, H (2022): 
Turbidity and current data measured during a dredge experiment during RV SONNE cruise 
SO268/2 in the German license area, CCZ, NE Pacific Ocean. PANGAEA, 
https://doi.org/10.1594/PANGAEA.943331  

8. Haalboom, S; de Stigter, H; Urban, P; Gazis, I.-Z..; Gillard, B; Schoening, T (2022): Current 
data measured during a dredge experiment during RV SONNE cruise SO268/2 in the German 
license area, CCZ, NE Pacific Ocean. PANGAEA, https://doi.org/10.1594/PANGAEA.943402  

9. Gazis, I.-Z.; Mohrmann, J; Schoening, T; Wölfl, A-C, 2021: Multibeam bathymetry processed 
data (Kongsberg EM 122 working area dataset) of RV MARIA S. MERIAN during cruise 
MSM96. PANGAEA, https://doi.org/10.1594/PANGAEA.930063  
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10. Mohrmann, J; Gazis, I.-Z.; Schoening, T; Wölfl, A-C, 2021: Multibeam bathymetry raw data 
(Kongsberg EM 122 entiredataset) of RV MARIA S. MERIAN during cruise MSM96. 
PANGAEA, https://doi.org/10.1594/PANGAEA.929091   

11. Schoening, T; Gazis, I.-Z.; Mohrmann, J, 2021: Sediment echosounder raw data (Atlas 
Parasound P70 echosounder entire dataset) of RV MARIA S. MERIAN during cruise MSM96. 
PANGAEA, https://doi.org/10.1594/PANGAEA.929548  

12. Schoening, T; Kopte, R; Mohrmann, J; Gazis, I.-Z., 2020: ADCP current measurements (75 
kHz) during Maria S. Merian cruise MSM96. PANGAEA, 
https://doi.org/10.1594/PANGAEA.925938   

13. Schoening, T; Kopte, R; Mohrmann, J; Gazis, I.-Z., 2020: ADCP current measurements (38 
kHz) during Maria S. Merian cruise MSM96. PANGAEA, 
https://doi.org/10.1594/PANGAEA.925936   

14. Gazis, I.-Z.; Urban, P.; Haeckel, M., 2020: Swath sonar multibeam EM122 bathymetry raw 
data during SONNE cruises SO268/1 and SO268/2, German License Area in Clarion 
Clipperton Zone, Pacific. GEOMAR-Helmholtz Centre for Ocean Research Kiel, PANGAEA, 
https://doi.org/10.1594/PANGAEA.919755  

15. Gazis, I.-Z.; Urban, P.; Haeckel, M., 2020: Swath sonar multibeam EM122 bathymetry raw 
data during SONNE cruises SO268/1 and SO268/2, Belgian License Area in Clarion Clipperton 
Zone, Pacific. GEOMAR-Helmholtz Centre for Ocean Research Kiel, PANGAEA, 
https://doi.org/10.1594/PANGAEA.919756  

16. Gazis, I.-Z.; Urban, P.; Haeckel, M.; Wölfl, A-C., 2020: Swath sonar multibeam EM122 
bathymetry raw data during transits of SONNE cruises SO268/1 and SO268/2, Pacific. 
GEOMAR-Helmholtz Centre for Ocean Research Kiel, PANGAEA, 
https://doi.org/10.1594/PANGAEA.919757  

17. Gazis, I.-Z. 2020: Processed EM122 multibeam swath bathymetry collected during SONNE 
cruise SO268/1 inside the German Licensed Area in Clarion Clipperton Zone, Pacific. 
GEOMAR-Helmholtz Centre for Ocean Research Kiel, PANGAEA. 
https://doi.org/10.1594/PANGAEA.915764  

18. Gazis, I.-Z. 2020: Processed AUV multibeam swath bathymetry collected during SONNE 
cruise SO268/1 inside the German Licensed Area in Clarion Clipperton Zone, Pacific. 
GEOMAR-Helmholtz Centre for Ocean Research Kiel, PANGAEA. 
https://doi.org/10.1594/PANGAEA.915765   

19. Gazis, I.-Z.. 2020: Processed EM122 multibeam swath bathymetry collected during SONNE 
cruise SO268/1 inside the Belgian Licensed Area in Clarion Clipperton Zone, Pacific. 
GEOMAR-Helmholtz Centre for Ocean Research Kiel, PANGAEA. 
https://doi.org/10.1594/PANGAEA.915767  

20. Gazis, I.-Z.; Urban, P., 2020: Swath sonar multibeam EM122 water column data of R/V 
SONNE cruises SO268/1 and SO268/2 with links to wcd data files. GEOMAR-Helmholtz 
Centre for Ocean Research Kiel, PANGAEA, 
https://doi.pangaea.de/10.1594/PANGAEA.914390   
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21. Gazis, I.-Z.; Urban, P., 2020: Profile of sediment echo sounding during SONNE cruise 
SO268/1 with links to raw ParaSound data files. GEOMAR-Helmholtz Centre for Ocean 
Research Kiel, PANGAEA, https://doi.pangaea.de/10.1594/PANGAEA.914607  

22. Gazis, I.-Z.; Urban, P., 2020: Profiles of vertical fish echo sounder Simrad EK60 during R/V 
SONNE cruises SO268/1 and SO268/2 with links to raw data files. GEOMAR-Helmholtz 
Centre for Ocean Research Kiel, PANGAEA, 
https://doi.pangaea.de/10.1594/PANGAEA.914367  

23. Gazis, I.-Z.; Urban, P., 2020: Shipboard ADCP data during R/V SONNE cruises SO268/1 and 
SO268/2 with links to raw data files. GEOMAR-Helmholtz Centre for Ocean Research Kiel, 
PANGAEA, https://doi.pangaea.de/10.1594/PANGAEA.913929 

24. Urban, P; Gazis, I.-Z., 2020: Processed ROV multibeam swath bathymetry collected during 
SONNE cruise SO268/2 inside the Belgian Licensed Area in Clarion Clipperton Zone, Pacific. 
GEOMAR-Helmholtz Centre for Ocean Research Kiel, PANGAEA. 
https://doi.pangaea.de/10.1594/PANGAEA.915766  

25. Schoening, T.; Gazis, I.-Z., 2019: Sizes, weights, and volumes of polymetallic nodules from 
box cores taken during SONNE cruises SO268/1 and SO268/2. GEOMAR-Helmholtz Centre 
for Ocean Research Kiel, PANGAEA, https://doi.pangaea.de/10.1594/PANGAEA.904962  

26. Schoening, T; Gazis, I.-Z., 2019: Summary of sizes, weights, counts and coverage of 
polymetallic nodules from box cores taken during SONNE cruises SO268/1 and SO268/2. 
GEOMAR-Helmholtz Centre for Ocean Research Kiel, PANGAEA, 
https://doi.org/10.1594/PANGAEA.904967  

 

Figure 42. Word cloud of the nine most frequently used words in the titles of the data publications. © Gazis, 2024 
(unpublished)
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Scientific Expeditions  

Offshore scientific expeditions are fundamental to marine research, particularly to deep-sea 
benthic and polymetallic nodule research. The author participated in six scientific expeditions 
and several field surveys to the Baltic Sea during his PhD years. The research expeditions and 
field surveys contributed significantly to the author's overall scientific development as they 
provided unprecedented field experience. The author was responsible for acquiring, storing, 
and post-processing hydroacoustic data, including MBES, SBES, ADCP, SSS, and SBP data. 
Furthermore, he was deeply involved in the design of AUV surveys (Research Objectives, time 
and dive setting optimization), image and oceanographic data acquisition, data post-processing 
and storage. The author was responsible for creating and updating the onboard GIS project 
(e.g., adding the planned and actual field stations, plotting acquired and existing data), 
supporting the onboard decision making and participating in writing the expedition reports. A 
chronologically sorted list of research expeditions is given below: 

1. IP21-MANGAN : Independent scientific monitoring of two collector tests in the BGR and GSR 
contract areas for the exploration of polymetallic nodules in the equatorial NE Pacific. San 
Diego (USA) 04.04.2021 �± San Diego (USA) 15.05.2021 
Cruise Report: Vink, et al., (2022). MANGAN 2021 Cruise Report: independent scientific monitoring of 
two collector tests in the BGR and GSR contract areas for the exploration of polymetallic nodules in the 
equatorial NE Pacific. BGR Report, 363 pp. https://doi.org/10.25928/hw7d-fs42  

2. MSM96 �± METAL ML:  Heterogeneity and complexity of topography, habitats and 
geochemistry of the Atlantic Ocean seafloor. Emden (Germany) �± Emden (Germany), 10.10.-
10.11.2020 
Cruise Report: Schoening, Timm and Paul, Sophie (2021) Metal geochemistry meets machine learning: 
Assessing sedimentary and pore-water rare earth element variability from local to basin scale across the 
N.E. Atlantic Ocean, 10.10.2020 �± 10.11.2020, Emden (Germany) �± Emden (Germany) Metal-ML. Open 
Access. Maria S. Merian-Berichte, MSM96 . Gutachterpanel Forschungsschiffe, 77 pp. 
https://oceanrep.geomar.de/id/eprint/52724/  

3. SO268-1: JPI Oceans-Environmental impacts and risks of deep-sea mining. Manzanillo 
(Mexico) �± Manzanillo (Mexico), 18.02-27.03.2019 
Cruise Report: Haeckel, M., & Linke, P. (2021). RV SONNE Cruise Report SO268�² Assessing the 
Impacts of Nodule Mining on the Deep-Sea Environment: Nodule Monitoring, Manzanillo (Mexico)�²
Vancouver (Canada), 17.02. �± 27.05.2019 GEOMAR Report, N. Ser. 059. GEOMAR Helmholtz-
Zentrum für Ozeanforschung Kiel, Kiel, Germany, 359 + Appendix (in all 802) pp. (2021). 
https://oceanrep.geomar.de/id/eprint/54402/  

4. MPII/112018: Elucidating Patagonian Ice Sheets dynamics during the last deglaciation from 
the underwater geomorphology. Punta Arenas (Chile)- Punta Arenas (Chile), 2.11-18.11.2018 

5. POS530: Environmental monitoring for the delaboration of munitions on the seabed (UDEMM 
project) inside the German EEZ (Baltic Sea). Kiel (Germany) �± Kiel (Germany), 1.10 �± 21.10. 
2018 
Cruise Report: Kampmeier, Mareike, Greinert, Jens, Strehse, Jennifer, Beck, Aaron, Wichert, U., Diller, 
Nikolaj, Kurbjuhn, Torge, Wenzlaff, Emanuel and Schröder, Jens (2018) R.V. Poseidon POS530 Cruise 
Report "MineMoni 2018 "Mine Monitoring in the German Baltic Sea 2018; Environmental baseline 
study testing UDEMM Best Practices, 01rst �± 21rst October 2018, Kiel (Germany) �± Kiel (Germany). 
Open Access. GEOMAR Helmholtz Centre for Ocean Research Kiel, Kiel, 45 pp.  
https://oceanrep.geomar.de/id/eprint/47567/  
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6. SLOGARO M143: Slope failures and active gas expulsion along the Romanian margin �± 
investigating relations to gas hydrate distribution. Varna (Romania) �± Heraklion (Greece), 
12.12.-22.12.2017  
Cruise Report: Riedel, Michael, Gausepohl, Florian, Gazis, Iason-Zois, Hähnel, Line, Kampmeier, 
Mareike, Urban, Peter and Bialas, Jörg, eds. (2018) RV METEOR Fahrtbericht / Cruise Report M143: 
SLOGARO: Slope failures and active gas expulsion along the Romanian margin �± investigating relations 
to gas hydrate distribution, Varna (Bulgaria) �± Heraklion (Greece), 12.12.-22.12.2017. Open Access. 
GEOMAR Report, N. Ser. 042 . GEOMAR Helmholtz-Zentrum für Ozeanforschung, Kiel, Germany, 35 
pp. DOI https://doi.org/10.3289/GEOMAR_REP_NS_42_2018  

 

Figure 43. Photos during scientific expeditions: a) Sediment sampling in the Baltic Sea (POS530) together with 
Mareike Kampmeier (GEOMAR) and Dr. Jennifer Strehse (CAU). b) Smiles after successful data acquisition with 
Jochen Mohrmann (GEOMAR) and Karl Heger (GEOMAR) onboard MV Island Pride (IP21-MANGAN). c & 
d) MBES and SBP data acquisition and post-processing onboard RV Maria S.Merian (MSM969). e) Patagonian 
Ice Sheets Fjords mapping with Dr Mario Veloso-Alarcón onboard Marypaz II (GEOMAR; MPII/112018). f) 
Measuring the size of polymetallic nodules onboard the RV Sonne (SO268). g) Calibrating turbidity sensors 
together with Jochen Mohrmann (GEOMAR) onboard MV Island Pride (IP21-MANGAN). Figure source: Gazis, 
2025 (PhD dissertation).
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Conferences  

Participation in national and international scientific conferences has fostered the author's 
scientific exchange, interdisciplinary thinking, and collaboration, contributing to his research 
progress. Moreover, it has advanced the abilities of the author to present his research findings 
with confidence in the public. The author participated in 19 conferences as first author (12) and 
co-author (7). The author received the first award for the best presentation among young 
researchers in the Section �³Energy and Digitalization in Sustainable Development�  ́during the 
12th Russian-German Raw Materials Conference (Saint Petersburg, Russia, 27-29 November 
2019). A chronologically sorted list of conference participations is given below: 

1. Stauffer J. B., Volpato M., Canning-Clode J., Dierking J., Gazis I-Z., Greinert J., Mohrmann 
J., Hoving Henk-J.; 2025: Benthic habitat distribution and diversity on the slopes of Madeira. 
17th Deep-Sea Biology Symposium, 12-17 January, Hongkong, China. (submitted)  

2. Gazis I.Z., Charlet F. Greinert J., 2024: Machine learning and backscatter for spatial mapping 
of deep-sea polymetallic nodules. 5-7 November, Rostock-Warnemünde, Germany. (accepted)  

3. Gazis I-Z, de Stigter H., Mohrmann J., Heger K., Diaz M., Gillard B., Baeye M., Veloso-
Alarcón, M., Purkiani K., Haeckel M., Vink A., Thomsen L., Cuvelier D., Ramalho P., Greinert 
J., 2023: Deep-sea Mining Trial in the Clarion-Clipperton Zone: Advancements in resource 
estimation, plume monitoring, and environmental impact assessments. Underwater Minerals 
Conference, October 1-6, 2023, Rotterdam, Netherlands. 

4. de Clippele L., Gafeira J., Arosio R., Huvenne V. A. I., Ragnarsson S., Kutti T., Larsson A. I., 
Sowers D., Diesing M., Gazis I.-Z., Greinert J., Hebbeln D., Wienberg C., Titschack J., 
Wheeler A., Mohn C., Burmeister K., Schwarzkopf F., Orejas C., Roberts M., 2023: Using the 
novel CoMMa toolbox to map and characterize coral mounds across the Atlantic Ocean. 8th 
International Symposium on Deep-Sea Corals, Edinburgh, United Kingdom, 29 May-02 June 
2023 

5. Gazis I.-Z., de Stigter H., Mohrmann J., Heger K., Diaz M., Gillard B., Baeye M., Veloso-
Alarcón, M., Purkiani K., Thomsen L., Haeckel M., Vink A., Greinert J., 2023: Deep-sea 
Mining: Spatiotemporal seafloor and plume monitoring of in-situ trials in Clarion-Clipperton-
Zone using hydroacoustic and optic methods, GEOHAB 2023 Marine Geological and Habitat 
Mapping Conference, La Réunion, France, 08-12 May 2023 

6. Gazis I.-Z., Charlet F., Greinert J., 2023: A multiple-model machine learning approach with 
increased interpretability for spatial prediction of polymetallic nodules using hydroacoustic and 
optic data (poster). GEOHAB 2023 Marine Geological and Habitat Mapping Conference, La 
Réunion, France, 08-12 May 2023 

7. Diaz M., de Stigter H., Gillard B., Gazis I.-Z., Mohrmann J., Heger K., Baeye M., Thomsen 
L., Greinert J., 2023: Monitoring flocculation during a deep-sea mining test in the Clarion-
Clipperton Zone, eastern equatorial Pacific Ocean. EGU General Assembly 2023, Vienna, 
Austria & Online, 23-28 April 2023 

8. Gazis I.-Z., de Stigter H., Mohrmann J., Heger K., Diaz M., Gillard B., Baeye M., Purkiani K., 
Veloso-Alarcón, M., Hollstein M., Schoening T., Urban P., Haalboom S., Thomsen L., Haeckel 
M., Vink A., Charlet F., Greinert J., 2022: Deep-sea mining plume monitoring: Results from 
the first deep-sea trial of the Patania-II pre-prototype nodule collector and parallel plume 
monitoring with hydroacoustic and optic methods. Underwater Minerals Conference, October 
2-7, 2022, The Vinoy Renaissance Resort, St. Petersburg, Florida, US 
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9. Purkiani K., Gazis I.-Z., Mohrmann J., Heger K., Diaz M., Veloso-Alarcón, M., Gillard B., 
Baeye M., Paul A., de Stigter H., Haeckel M., Vink A., Greinert J., Thomsen L., Schulz 
M.2022: Numerical simulation of deep-sea sediment dispersion induced by a pre-prototype 
nodule collector vehicle in the northeast tropical Pacific Ocean. Underwater Minerals 
Conference, October 2-7, 2022, The Vinoy Renaissance Resort, St. Petersburg, Florida, USA. 

10. Gazis I.Z., Greinert J., 2022: Machine learning-based modeling of deep-sea polymetallic 
nodules spatial distribution: spatial autocorrelation and model transferability at local scales. 
EGU General Assembly 2022, Vienna, Austria & Online, 23-27 May 2022. 

11. Veloso-Alarcón, M., Gazis I.-Z., Geiger, A., Bertrand Sebastien, and Cristián Rodrigo, 2022: 
Advances on submarine geomorphology at the Fjord system of Gran Campo Nevado (~52°S) 
EGU General Assembly 2022, Vienna, Austria & Online, 23-27 May 2022. 

12. Gazis I.Z., Greinert J., 2022: The effect of spatial autocorrelation in machine learning-based 
modeling of deep-sea polymetallic nodules spatial distribution. GEOHAB 2022 Marine 
Geological and Habitat Mapping Conference, Venice, Italy 16-20 May 2022. 

13. Gazis I.Z., Greinert J., Schoening T., 2019: Spatial quantitative mapping of polymetallic 
nodules based on machine learning. 12th Russian-German Raw Materials Conference, Saint 
Petersburg, Russia, 27-29 November 2019. 

14. Gazis I.Z., Greinert J., Schoening T., 2019: Manganese nodules spatial quantitative mapping 
based on AUV data and machine learning. Regional Conference on Geomorphology, Athens, 
Greece, 19-21 September 2019. 

15. Geiger A.J., Smedley R.K., Garcia1 J.L., Rodriguez P.C., Herrera G., Ferri L.,Veloso M., Gazis 
I.Z., Bertrand S., 2019: A multi-method approach to constrain glacier geometry changes 
between the Gran Campo Nevado and Pacific Ocean during last glacial-deglacial phase.20th 
Congress of the International Union for Quaternary Research (INQUA), Dublin, Ireland, 25-31 
July 2019. 

16. Alibakhsi A., Kumar A., Gazis I.Z., Seelmann K., Juva K. 2018: Presenting the scientific 
research held at GEOMAR Helmholtz Centre for Ocean Research Kiel From the  deep-sea to 
the Atmosphere. NexGen Conference, Helmholtz-Centre Potsdam, German Research Centre 
for Geosciences, 25-27 July 2018 

17. Gazis I.Z., Greinert J., Schoening T., 2018: Digital Data in Marine Resource Assessment: 
Challenges and Chances. GEOMAR DataScience Symposium, Kiel, Germany, 19-20 April 
2018. 

18. Gazis I.Z., Greinert J., Schoening T., 2017: AUV-based small scale quantitative predictive 
mapping of Mn-nodules: Precondition for ideal mining path planning. Economical, 
Technological, and Environmental Aspects: Cooperative Solutions for Future Deep-sea 
Mining. 46th Underwater Mining Conference, Federation of German Industries (BDI), Berlin, 
Germany, 24-29 October 2017. 

19. Gazis I.Z., �+�D�V�L�R�W�L�V�� �7������ �9�H�O�H�J�U�D�N�L�V�� �$���)������ �$�Q�D�V�W�D�V�D�W�R�X�� �0������ �.�D�U�G�Õ�W�V�D�� �$������ �$�Q�G�U�H�D�G�Õ�V���� �2������
Kapsimalis V., Stamatakis M., Poulos S., 2017: The potential of marine aggregate deposits off 
a highly eroded coastal area in Lesvos Isl. (Greece)-Implications for coastal management. 15th 
International Conference on Environmental Science and Technology, Rhodes, Greece, 31st 
August-2nd September 2017. 



Section III �± Conferences 

79 
 

 

Figure 44. Photos from international conferences: a) First award in the Section Energy and Digitalization in 
Sustainable Development during the 12th Russian-German Raw Materials Conference, Saint Petersburg, Russia, 
2019. Here, the Vice-Rector of the Saint Petersburg Mining University, Prof. Dr. Igor. B. Sergeyev presents the 
award to the author. For more details, please see https://www.geomar.de/en/news/article/detection-of-raw-
materials-research-by-machine-learning-honoured. b and c) Oral and poster presentation at GEOHAB 2023 
(Marine Geological and Habitat Mapping Conference) d) Oral presentation at GEOHAB 2022 (Marine Geological 
and Habitat Mapping Conference). Figure source: Gazis, 2025 (PhD dissertation).
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Workshops & Summer Schools 

The GEOMAR Helmholtz Centre for Ocean Research Kiel, the Graduate Center at Kiel 
University and the Integrated School of Ocean Sciences (currently renamed to Foster Young 
Ocean Researcher Development/FYORD) offer various technical courses and workshops for 
PhD students. Participation in such workshops improves technical (e.g., programming, 
statistical analysis, scientific writing) and intellectual skills (e.g., analytical thinking and 
problem-solving, verbal communication and reasoning ability, knowledge transfer and 
teaching). The author participated in 16 workshops and summer schools, particularly in the 
first years of his PhD. The knowledge acquired was transferred to the PhD research. A list of 
workshops grouped based on their thematic areas is given below: 

Statistics, Programming and Machine Learning  

�ƒ Statistics with R for marine scientists-Introduction to data exploration, regression, 
GLM and linear mixed-effects models, European University of the Seas, Kiel, 07-21 
December 2021.  

�ƒ Current Issues In Statistical Analysis, OpenGeoHub Summer School, Wageningen 
(virtual), 1-3 September 2021. 

�ƒ Developing Machine Learning Algorithms for spatial and spatiotemporal data science 
problems, OpenGeoHub Summer School, Wageningen,17-21 August 2020. 

�ƒ First Steps in Python, Integrated School of Ocean Sciences, Kiel, 28 May 2019. 
�ƒ Spatial Analysis in R, Integrated School of Ocean Sciences, Kiel, 9 March 2018. 
�ƒ First Steps in R, Integrated School of Ocean Sciences, Kiel, 5 February 2018. 

MBES post-processing 

�ƒ QPS Qimera training, GEOMAR/DSM Group Workshop, Kiel, 27-30 November 
2017. 

Scientific writing and oral presentations 

�ƒ Dealing with Questions �± Communications Skills in Action, Graduate Center at Kiel 
University, Kiel, 1 February 2020. 

�ƒ My publication �± My Rights? GEOMAR Library Workshop, Kiel, 4 December 2017. 
�ƒ Writing Scientific Publications, Graduate Center at Kiel University, Kiel, 22 

September 2017. 
�ƒ Speaking Clearly, Graduate Center at Kiel University, Kiel, 27-28 July 2017. 

Intellectual skills and teaching  

�ƒ Understand, Formulate and Refute Arguments! Integrated School of Ocean Sciences, 
Kiel, June 7-8, 2022. 

�ƒ Europa macht Schule 2018, DAAD and Department German as Foreign Language, 
Kiel, 30 May 2018 

�ƒ With a School Class to Sylt, Integrated School of Ocean Sciences, Sylt, 6-7 February 
2018. 

�ƒ Management and Leadership in Academia, Integrated School of Ocean Sciences, 
Kiel, 7-8 September 2017. 
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�ƒ University Teaching, Integrated School of Ocean Sciences, Kiel, 13-14 July 2017. 

 

Figure 45. Photos from workshops. A and b) Teaching students of the 11th class at the Regional Vocational 
Training Centre (aka RBZ1) in Königsweg, Kiel. The young pupils and teachers ranked this presentation as the 
best and most fascinating teaching session in a foreign language (English) of the Europa macht Schule 2018 
project. Figure source: Gazis, 2025 (PhD dissertation). 

Section III �± Supervision 

Supervising students 

Supervising master students doing an internship or being employed as student research 
assistants (aka HiWi) was a valuable experience for the author. He learned how to set up short-
term projects that facilitate longer research aims, organize the research conducted, delegate 
weekly and daily tasks, and teach theoretical and technical skills simply and clearly. The author 
has supervised four postgraduate students and five student research assistants across five 
scientific fields: a) MBES and SSS post-processing, b) underwater orthophoto-mosaic 
reconstruction, c) deep-sea fauna annotation, d) spatial density estimation and e) machine 
learning. Their work has produced datasets and workflows that have been used and will be used 
in scientific and data publications.
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 " �«if I have seen further, it is by standing on the shoulders of giants."  

Newton's letter to Robert Hooke, (Isaac Newton, 1675)
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Abstract. In this study, high-resolution bathymetric multi-
beam and optical image data, both obtained within the Bel-
gian manganese (Mn) nodule mining license area by the au-
tonomous underwater vehicle (AUV)Abyss, were combined
in order to create a predictive random forests (RF) machine
learning model. AUV bathymetry reveals small-scale ter-
rain variations, allowing slope estimations and calculation of
bathymetric derivatives such as slope, curvature, and rugged-
ness. Optical AUV imagery provides quantitative informa-
tion regarding the distribution (number and median size) of
Mn nodules. Within the area considered in this study, Mn
nodules show a heterogeneous and spatially clustered pat-
tern, and their number per square meter is negatively corre-
lated with their median size. A prediction of the number of
Mn nodules was achieved by combining information derived
from the acoustic and optical data using a RF model. This
model was tuned by examining the in�uence of the training
set size, the number of growing trees (ntree), and the number
of predictor variables to be randomly selected at each node
(mtry) on the RF prediction accuracy. The use of larger train-
ing data sets with higherntreeandmtry values increases the
accuracy. To estimate the Mn-nodule abundance, these pre-
dictions were linked to ground-truth data acquired by box
coring. Linking optical and hydroacoustic data revealed a
nonlinear relationship between the Mn-nodule distribution
and topographic characteristics. This highlights the impor-
tance of a detailed terrain reconstruction for a predictive
modeling of Mn-nodule abundance. In addition, this study
underlines the necessity of a suf�cient spatial distribution of
the optical data to provide reliable modeling input for the RF.

1 Introduction

High-resolution quantitative predictive mapping of the distri-
bution and abundance of manganese nodules (Mn nodules) is
of interest for both the deep-sea mining industry and scien-
ti�c �elds such as marine geology, geochemistry, and ecol-
ogy. The distribution and abundance of Mn nodules are af-
fected by several factors such as local bathymetry (Craig,
1979; Kodagali, 1988; Kodagali and Sudhakarand, 1993;
Sharma and Kodagali, 1993), sedimentation rate (Glasby,
1976; Frazer and Fisk, 1981; von Stackelberg and Beiers-
dorf, 1991; Skornyakova and Murdmaa, 1992), availabil-
ity of nucleus material (Glasby, 1973), and bottom current
strength (Frazer and Fisk, 1981; Skornyakova and Murdmaa,
1992). As a consequence, the distribution and abundance of
Mn nodules is heterogeneous (Craig, 1979; Frazer and Fisk,
1981; Kodagali, 1988; Kodagali and Sudhakar, 1993; Koda-
gali and Chakraborty, 1999; Kuhn et al., 2011), even on �ne
scales of 10 to 1000 m (Peukert et al., 2018a; Alevizos et al.,
2018). This increases the dif�culty of quantitative predictive
mapping using remote-sensing methods. Vast areas of the
sea�oor can be mapped by ship-mounted, multibeam echo-
sounder systems (MBESs). State-of-the-art MBESs feature a
low frequency (12 kHz) and can map ca. 300 km2 of sea�oor
in 4500 m water depth per hour. Hence, low-resolution re-
gional maps can be created at a grid cell size of 50 to 100 m
within which the main Mn-nodule occurrence can become
apparent, based on the backscatter intensity (Kuhn et al.,
2011; Rühlemann et al., 2011; Jung et al., 2001). A general
separation in areas of high and low abundance (kg m� 2) of
Mn nodules seems possible, especially in �at areas where
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sedimentological changes and physical in�uences on the
footprint size and incidence angle of the transmitted acous-
tic pressure wave can be corrected accurately (De Moustier,
1986; Kodagali and Chakraborty, 1999; Chakraborty and
Kodagali, 2004; Kuhn et al., 2010, 2011; Rühlemann et al.,
2011, 2013). However, the patchy distribution of Mn nod-
ules in size and number at meter-scale cannot be resolved
with ship-mounted MBES data (Petersen, 2017). For an oper-
ational resource assessment, a higher resolution of a few me-
ters grid cell size is needed to supply accurate depth, slope,
and Mn-nodule distribution variability (Kuhn et al., 2011).
Supplementary to the spatial mapping by acoustic sensors,
point-based measurements from box corer samples are used
as ground-truth data for training and validation of geosta-
tistical techniques (e.g., kriging) in order to create quanti-
tative maps of Mn-nodule abundance (Mucha et al., 2013;
Rahn, 2017). However, the generally low number of ground-
truth samples during surveys (usually below 10), their limited
sampling area (typically 0.25 m2), and the relatively large
distance between them (> 1 nm) prevent an accurate correla-
tion with the ship-based MBES data and thus a good predic-
tion of the total Mn nodules' mass and distribution in large
areas (Petersen, 2017). Importantly, the sparse sampling with
box corers affects the performance of interpolation and geo-
statistical techniques, which are typically applied during data
analysis (Li and Heap, 2011, 2014; Kuhn et al., 2016). In
this article, we address this challenge by combining high-
resolution hydroacoustic and optical data sets acquired with
an autonomous underwater vehicle (AUV) and connecting
those data with a machine learning (ML) algorithm (here ran-
dom forests), in order to predict the spatial distribution of the
number of Mn nodules per square meter. Unlike geostatisti-
cal methods, ML can be used to incorporate information from
different bathymetric derivative layers and to detect complex
relationships among predictor variables without making any
prior assumptions about the type of their relationship or value
distribution (Garzn et al., 2006; Lary et al., 2016). To this
end, �rst predictions have already been achieved (Knobloch
et al., 2017; Vishnu et al., 2017; Alevizos et al., 2018). Here,
we present a complete data analysis work�ow for potential
mining exploration (Fig. 1).

1.1 AUV hydroacoustic mapping

AUVs have proven their usefulness for multibeam data ac-
quisition in the deep-sea environment (Grasmueck et al.,
2006; Deschamps et al., 2007; Haase et al., 2009; Wynn et
al., 2014; Clague et al., 2014, 2018; Pierdomenico et al.,
2015; Peukert et al., 2018a). They achieve higher spatial and
vertical resolution compared to ship-mounted MBESs. This
is due to their operation close to the sea�oor, which results
in a smaller footprint at a given beam angle and enables
the use of higher frequencies (Henthorn et al., 2006; Mayer,
2006; Caress et al., 2008; Paduan et al., 2009). Additionally,
AUVs avoid problems like near-surface turbulences, bubbles,

Figure 1. Schematic work�ow of the data sets used in this study to
enable the spatial assessment of Mn nodules inside the study area.
The medium resolution of AUV MBES (meter scale) refers to the
comparison of the optical and physical data (centimeter scale).

ship noise, and strong sound velocity changes (Kleinrock
et al., 1992a, b; Jakobson et al., 2016; Paul et al., 2016).
They work independently from the surface vessel and op-
erate at a stable altitude. AUVs can ef�ciently conduct a
dive pattern of dense survey lines and thus reduce survey ef-
fort and costs (Chance et al., 2000; Bellingham, 2001; Bing-
ham et al., 2002; Danson, 2003; Roman and Mather, 2010).
High-resolution bathymetry enables computing bathymetric
derivatives like slope and rugosity with a similarly high res-
olution. These derivatives play an important role in predict-
ing Mn nodules' distribution and abundance (Craig, 1979;
Kodagali, 1988; Skornyakova and Murdmaa, 1992; Kodagali
and Sudhakar, 1993, Sharma and Kodagali, 1993; Ko et al.,
2006). However, a small number of recent studies have inves-
tigated this role on an AUV scale (Okazaki and Tsune, 2013;
Peukert et al., 2018a; Alevizos et al., 2018).

1.2 Underwater optical data

Underwater optical data have generally played an important
role in the qualitative analysis of the sea�oor features and for
the speci�c task of assessing Mn nodules' distribution ex-
plicitly (Glasby, 1973; Rogers, 1987; Skornyakova and Mur-
dmaa, 1992; Sharma et al., 1993). The development of auto-
mated detection algorithms enabled quantitative optical im-
age data analysis and subsequent statistical interpretation of
Mn-nodule densities. The spatial coverage of optical imag-
ing is much higher than for box core sampling. The data
resolution remains high enough to reveal the high variance

Biogeosciences, 15, 7347–7377, 2018 www.biogeosciences.net/15/7347/2018/



I.-Z. Gazis et al.: Quantitative mapping and predictive modeling 7349

in the spatial distribution of nodules at meter scale. Thus
optical data can �ll the investigation gap between ground-
truth sampling and hydroacoustic remote sensing (Sharma et
al., 2010, 2013; Schoening et al., 2012a, 2014, 2015, 2016,
2017a; Kuhn and Rathke, 2017). Moreover, mosaicking of
optical data could reveal mining obstacles such as outcrop-
ping basements or volcanic pillow lava �ows. In addition,
sea�oor photos are the source for evaluating benthic fauna
occurrences and related habitats on a wider area (Schoening
et al., 2012b; Durden et al., 2016).

1.3 Box corer sampling

Box coring is common to obtain physical samples of Mn nod-
ules and sediments for resource assessments and biological
studies. While optical data reveal only the exposed and semi-
buried Mn nodules, box corers collect the top 30–50 cm of
the sea�oor with minimum disturbance, allowing an accu-
rate measure of the Mn nodules' abundance (kg m� 2). Box
coring data are used for training and validation in geostatis-
tical methods for quantitative and spatial predictions of Mn
nodules (e.g., Mucha et al., 2013; Knobloch et al., 2017). The
representativeness of box coring data is disputable as few de-
ployments can be made due to time constraints (ca. 4 h per
core) and as the spatial coverage of one sample is rather low
(ca. 0.25 m2).

1.4 Random forests

Random forests (RF) is an ensemble machine learning (ML)
method composed of multiple weaker learners, namely clas-
si�cation or regression trees (Breiman, 2001a). Within RF an
ensemble of distinct tree models is trained using a random
subsample of the training data for each tree until a maximum
tree size is reached. In each tree, each node is split using the
best among a subset of predictors randomly chosen at that
node instead of using the best split among all variables (Liaw
and Wiener, 2002). Thus, the process is double-randomized
which further reduces the correlation between trees. About
two-thirds of the training data are used to tune the RF while
the remaining “out-of-bag” (OOB) samples are used for an
internal validation. By aggregating the predictions of all trees
(majority votes for classi�cation, the average for regression),
new values can be predicted. This aggregation keeps the bias
low while it reduces the variance, resulting in a more pow-
erful and accurate model. RFs have the ability to estimate
the importance of each predictor variable, which enables
data mining of the high-dimensional prediction data. Ter-
restrial studies use RFs in prospectivity mapping of mineral
deposits (Carranza and Laborte, 2015a, b; 2016; Rodriguez-
Galiano et al., 2014, 2015). In the marine environment, RFs
have been used to combine MBES bathymetry, backscatter,
their derivatives, sediment sampling, and optical data for var-
ious seabed classi�cation and regression tasks (e.g., Li et al.,
2010, 2011a; Che Hasan et al., 2014; Huang et al., 2014).

Further studies showed the robustness of RFs for selected
data sets compared to other ML algorithms (Che Hasan et
al., 2012; Stephens and Diesing, 2014; Diesing and Stephens,
2015; Herkul et al. 2017), as well as to geostatistical and de-
terministic interpolation methods (Li et al., 2010, 2011a, b;
Diesing et al., 2014).

2 Study area

The study area lies in the Clarion–Clipperton Zone (CCZ;
ca. 4� 106 km2) in the eastern central Paci�c Ocean. The
CCZ has triggered scienti�c and industrial interest for sev-
eral decades due to its high resource potential in Mn-nodule
deposits (Hein et al., 2013; Petersen et. al., 2016) with an
average nodule abundance of 15 kg m� 2 (SPC, 2013). At the
time of writing, the International Seabed Authority (ISA) has
granted 17 exploration licences inside the CCZ (Fig. 2a). The
study area described here is part of the Belgian GSR (Global
Sea Mineral Resources) license area (Fig. 2b) and will be
referred to as block G77 (Fig. 2c). Overall, this part of the
Belgian license area has a high bathymetric range and com-
plex morphology, due to the presence of submarine volca-
noes, solitary seamounts, and seamount chains. Block G77 is
characterized by a low bathymetric range (77 m) and mostly
gentle slopes (95 % of the area below 5� ). An exception is
located in the eastern part, where subrecent small-scale vol-
canic activity created 15 cone-shaped morphological features
of up to 55 m height and 150 m width that are clustered in an
area of ca. 700 m� 380 m. Despite the gentle slopes, block
G77 is characterized by an uneven microrelief (according to
Dikau, 1990) especially in the western part, where small (2–
4 m) depressions coexist next to short (2–4 m) protrusions. In
the central part, a 30 m high elevation acts as a natural barrier
between the western part of the study area that features more
relief and the eastern part that is deeper and has less relief
(Fig. 2c).

3 Methodology

3.1 Hydroacoustic data acquisition and post-processing

The data (Greinert, 2016) were collected in March 2015
during cruise SO239 EcoResponse (Martínez Arbizu and
Haeckel, 2015) with the German research vesselSonne.
Ship-based mapping was conducted with a hull-mounted
Kongsberg EM 122 MBES (12 kHz, 0.5� along- and 1�

across-track beam angle, 432 beams with 120� swath an-
gle). High-resolution MBES data were acquired with AUV
Abyss(GEOMAR, 2016) inside block G77 equipped with a
Teledyne Reson Seabat 7125 MBES (200 kHz, 2� along- and
1� across-track beam angle, 256 beams with 130� swath an-
gle). The data (60 km of survey lines) were acquired from
50 m altitude and with 100 % swath overlap resulting in an
insoni�cation of 9.5 km2. Post-processing of the AUV data
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7350 I.-Z. Gazis et al.: Quantitative mapping and predictive modeling

Figure 2. (a)Areas of Particular Environmental Interest (APEIs), licensed areas (white), and the Belgium/GSR licenses area (black) within
the CCZ.(b) Regional bathymetric map of the study area, created by the EM 122 MBES on R/VSonne(cruise SO239).(c) Block G77,
mapped by AUVAbysswith a Teledyne Reson Seabat 7125 MBES.

was conducted with the Teledyne PDS2000 software for
data conversion of the raw data into s7k and GSF format.
Further multibeam processing (sound velocity calibration,
pitch/roll/yaw/latency artifacts correction) was performed
using the Qimera™ software. The largest uncertainties during
AUV operations result from inaccurate navigation and local-
ization in the deep-sea environment (Paull et al., 2014). AUV
Abysshas a combination of �ve different systems for naviga-
tion and positioning: Global Positioning System (GPS) when
at the sea surface, Doppler velocity log (DVL) when 100 m
or less from the ground, inertial navigation system (INS),
long baseline acoustic navigation (LBL), and dead reckon-
ing (GEOMAR, 2016). Each system has its own limitations
that contribute to the total navigation error (Sibenac et al.,
2004; Chen et al., 2013) that generally results in position-
ing drifts over time. Consequently, this affects the position
accuracy of the MBES and optical data. Our AUV MBES
data processing and an absolute geo-referencing of the result-
ing AUV bathymetry grid with the EM122 ship data, supple-
mented with the use of MBnavadjust in MB-Systems (Caress
et al., 2017), resulted in a well-calibrated AUV bathymetric
data set. The position of the AUV image data “only” relies
on the abovementioned sensors with a “small” position error

that is not quanti�able. Backscatter data were excluded from
the modeling procedure due to artifacts and a generally poor
quality. The output grid cell size for the analyses was set to
3 m� 3 m. The depth raster was exported as ASCII format
for further analysis in SAGA GIS v.6.3.0. SAGA includes
numerous tools that focus on terrain analysis (Conrad, 2015).
Eight bathymetric derivatives were computed (Table 1) with
the SAGA algorithms (Appendix A).

3.2 Optical data acquisition and post-processing

High-resolution optical data (20.2 megapixels) were acquired
by the DeepSurveyCamera system on board AUVAbyss
(Kwasnitschka et al., 2016). During image acquisition, the
altitude above ground was 5 to 11 m, resulting in an over-
lap between the images of ca. 60 % in each direction. In
total, 11 276 photos were acquired in block G77 (Greinert,
2017) and analyzed with the automated image analysis al-
gorithm CoMoNoD (Schoening et al., 2017a, b, c). For each
image this algorithm delineates each individual Mn nodule
and provides quantitative information on each nodule (size
in cm2, alignment of main axis, geographical coordinate of
the nodule). This information is further aggregated per image
to provide the average number of Mn nodules per square me-
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Table 1.The bathymetric derivatives computed in SAGA GIS and used as predictor variables.

Derivative Description

Slope (S) The �rst derivative of the bathymetry; describes the steepness of a surface

Plan curvature (Pl.C) The second derivative of the bathymetry; perpendicular to the direction of the maximum slope
(Zevenbergen and Thorne, 1987)

Pro�le curvature (Pr.C) The second derivative of the bathymetry; parallel to the direction of the maximum slope (Zeven-
bergen and Thorne, 1987)

Topographic position index (TPI) Compares the elevation of a single pixel to the average of multiple cells surrounding it at a
de�ned distance (Weiss, 2001).

Broad-scale (TPI_B) Distance: 150–400 m

Medium-scale (TPI_M) Distance: 50–150 m

Fine-scale (TPI_F) Distance: 0–50 m

Concavity (C) In each cell its value is de�ned as the percentage of concave downward cells within a constant
radius (Iwahashi and Pike, 2007). Here, a 10-cell radius was used.

Terrain ruggedness index (TRI) A quantitative measure of surface heterogeneity; can be explained as the sum change in eleva-
tion between a central pixel and its neighborhood (Riley et al., 1999). Here, a 10-cell radius was
used.

ter (Mn nodules m� 2), the nodule coverage of the sea�oor in
percent, and the nodule size distribution in square-centimeter
size quantiles. The algorithm has successfully been applied
for quantitative assessment and predictive modeling of Mn
nodules (Peukert et al., 2018a; Alevizos et al., 2018). Nev-
ertheless, the derived number of Mn nodules m� 2 is subject
to uncertainties due to the limitations of the CoMoNoD al-
gorithm and the nonconstant altitude of the AUV, especially
in areas with slopes. The CoMoNoD algorithm cannot de-
tect sediment-covered Mn nodules due to the low or nonex-
istent contrast. It may count two or more adjacent small Mn
nodules as one big nodule or misinterpret benthic fauna or
rock fragments with similar visual features as Mn nodules.
The CoMoNoD algorithm �ts an ellipsoid around each de-
tected Mn nodule, which limits the �rst two disadvantages as
it splits huge Mn nodules and accounts for potentially buried
parts (see discussions in Schoening et al., 2017a). In general,
the �rst two disadvantages lead to underestimations while
the third one results in an overestimation of the number of
Mn nodules per square meter. These limitations are common,
and the need for corrections (e.g., a factor that describes the
ratio between the number of Mn nodules seen in the photo
and the number of nodules counted in box corers, consider-
ing for the different spatial scales) has been acknowledged
(Sharma and Kodagali, 1993; Sharma et al., 2010, 2013;
Tsune and Okazaki, 2014; Kuhn and Rathke, 2017). Recent
studies show that the difference between image estimates and
the abundance in box corer data (due to sediment covered Mn
nodules) can be 2–4 times higher (Kuhn and Rathke, 2017).
In this study, none of the box corers was obtained exactly at
a location for which optical data exist; thus, no direct com-

parison and veri�cation exist. Taking box corer samples for
veri�cation requires ultrashort baseline (USBL) navigation
and imaging of the sea�oor prior to the physical sampling.
The effects of the nonconstant �ying altitude on the detec-
tion of Mn nodules per square meter are explained in detail
below. For each photo location, the depth and the bathymet-
ric derivative values were extracted from the hydroacoustic
data. As no absolute geo-referencing could be performed for
the AUV-based photo surveys, drifting sensor data will have
an effect on the alignment between bathymetric and photo
information, which was considered while interpreting the re-
sults.

3.3 Data exploration and spatial analysis

The data exploration, spatial plotting, and analysis was per-
formed with ArcMap™ 10.1, PAST v3.19 (Hammer et al.,
2001), and R (R Development Core Team, 2008). All data
were projected as a UTM Zone 10N coordinate system (to
enable spatial analysis). The existence of spatial autocor-
relation in the distribution of Mn nodules m� 2 was exam-
ined by the global Moran's index (GMI) and Anselin local
Moran's index (LMI). Both GMI (Moran, 1948, 1950) and
LMI (Anselin, 1995) are well-established for examining the
overall (global) and local spatial autocorrelation, respectively
(e.g., Goodchild, 1986; Fu et al., 2014). GMI attains values
between� 1 and 1 with high positive values indicating strong
spatial autocorrelation. High positive LMI index values indi-
cate a local cluster. This cluster could be a group of observa-
tions with high–high (H–H) or low–low (L–L) values regard-
ing the examined variable. A high negative index value im-
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plies local outliers, like high–low (H–L) or low–high (L–H)
clusters, in which an observation has a higher or lower value
in comparison to its adjacent observations. Both Moran's in-
dex analyses were performed in ArcMap™ 10.1 (for param-
eter settings see Appendix A). One decimal was retained in
the presentation of the results from statistical analysis and RF
modeling.

3.4 Box corer data

A total of �ve box corers (0.5 m� 0.5 m surface area) were
obtained close to the study area (coordinates not given due to
con�dentiality). However, one is located within block G77
(Fig. 3a); this is the result of independent sampling schemes
and purposes during the cruise. Nevertheless, all box core
samples (maximum distance < 1.5 km) were analyzed and
used for further analyses. In the three box corers, the number,
size, and weight of nodules were measured and the abun-
dance (kg m� 2) was estimated (mean value: 26.5 kg m� 2).
The total number of Mn nodules within each box corer was
compared with the number of Mn nodules on the surface re-
sulting in an average ratio of 1.32 (Table 2). This means that
� 25 % of the nodules are not seen on the surface but are
completely buried within the sediment (down to a depth of
about 15 cm).

3.5 RF predictive modeling

The RF modeling was performed with the Marine Geospatial
Ecology Tools (MGET) toolbox in ArcMap™ 10.1. MGET
(Roberts et al., 2010) uses the randomForests R package for
classi�cation and regression (Liaw and Wiener, 2002). Our
target variable (number of Mn nodules m� 2 ) is continuous,
so regression was applied. We followed the three main steps
to establish a good model by selecting predictor variables,
and calibration/training of the model and �nally validating
the model results.

Selection of predictor variables. The depth (D) and its
derivatives (Table 1) were used as predictor variables. Al-
though RFs can handle a high number of predictor vari-
ables with similar information, the exclusion of highly cor-
related variables can improve the RF performance and de-
crease computation time (Che Hasan, 2014; Li et al., 2016).
Thus, the correlation between derivatives was investigated
using the Spearman's rank correlation coef�cient. None of
the variable pairs was perfectly correlated (� � 95), and con-
sequently, all of them were used for RF modeling (Ap-
pendix A).

Calibration of the model. During the calibration process,
the RF parameters were adjusted as follows. The number
of predictor variables to be randomly selected at each node
(mtry), the minimum size of the terminal nodes (nodesize),
and the number of trees to grow (ntree) were set to the default
values, in order to investigate the optimum training size. For
regression RF the defaultmtry value is 1=3 of the number of

predictor variables (rounded down),nodesizeis 5 andntree
is 500 (Liaw and Wiener, 2002). RF has been demonstrated
to be robust regarding these parameters, and the default val-
ues have given trustworthy results (e.g., Liaw and Wiener,
2002; Diaz-Uriarte and de Andres, 2006; Cutler et al., 2007;
Okun and Priisalu, 2007; Li et al., 2016, 2017). With regards
to the subsampling method (replace), the subsampling with-
out replacement was selected. Although the initial implemen-
tations of the RF algorithm use subsampling with replace-
ment (Breiman, 2001a), later studies showed that this process
might cause a biased selection of predictor variables that vary
in their scale and/or in their number of categories, resulting
in a biased variable importance measurement (Strobl et al.,
2007, 2009; Mitchell, 2011). Based on recent �ndings, the
raw variable importance was preferred (unscaled) as the �-
nal parameter (Diaz-Uriarte and de Andres, 2006; Strobl et
al., 2008, 2009; Strobl and and Zeileis, 2008). Using these
settings, the in�uence of the training sample size was exam-
ined (10 % to 90 % of the total sample in steps of 10 %) and
compared based on the mean of squared residuals (MSR) us-
ing the respective equation provided in the randomForests
R package (Liaw and Wiener, 2002). The different training
groups need to be considered as representative of the total
sample, in order to capture the heterogeneity of the Mn nod-
ules' spatial distribution. The spatially random selection of
subsamples by MGET ensured similar statistical character-
istics in each group (Appendix A). For each case of differ-
ent training sample size, the model was run 10 times and the
results are presented as the average value of these 10 runs
(Appendix B). Since the optimal training sample size was
de�ned, the in�uence of the number of growing trees (ntree)
and the in�uence of the number of predictor variables to be
randomly selected at each node (mtry) was examined. Only
for the already de�ned optimum training size were 10 dif-
ferentntreevalues (100 to 1000 in steps of 100) and seven
different mtry values (1 to 7 in steps of 1) tested and com-
pared based on the MSR values. In each case of a different
ntreeandmtry parameter, the model was run 10 times, and
the results are presented as the average value of these 10 runs
(Appendix B).

Selection and external validation of the optimal model.
Based on the abovementioned results and considering the
sampling and computational cost, the optimal model was se-
lected, run for 30 iterations, and applied to the entire study
area. Its predicted values were validated with the observed
values from the remaining data set that was not used. Several
validation measures were used including the mean absolute
error (MAE), the mean squared error (MSE), and the root
mean squared error (RMSE). The combined use of MAE and
RMSE is a well-established procedure as the MAE can eval-
uate better the overall performance of a model (all individual
differences have equal weight), while the RMSE gives dis-
proportionate weight to large errors showing an increased
sensitivity to the presence of outliers. Due to this charac-
teristic, RMSE is suitable for outlier detection analysis but
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Table 2.The number of Mn nodules on the sediment surface, the total number of Mn nodules per box core, the ratio of those two values, and
the distance of the box corer deployments from the study area in block G77.

Box corer Total number Number of Mn nodules Ratio Abundance Distance from
station of Mn nodules at the surface (kg m� 2) G77 area (km)

BC20 40 27 1.5 – 0
BC21 67 58 1.1 27.1 1.4
BC22 29 21 1.4 27.1 0.6
BC23 32 20 1.6 25.2 0.1
BC24 17 16 1.0 – 1
Average 37 28 1.32 26.5 0.6

should not be used solely as an index for the model per-
formance (Willmott and Matsuura, 2005). Both MAE and
RMSE are measured in the same unit as the data. In addition,
theR2, Pearson (r ), and Spearman's rank correlation coef�-
cients were used to identify the correlation between predicted
and initial values. Finally, the descriptive statistics of pre-
dicted and initial values were compared and a residual anal-
ysis was performed.

3.6 Resource assessment

As the optimal RF model was applied to the entire block G77,
an estimate of the abundance (kg m� 2) was computed, based
on the analogy between the corresponding abundance mea-
sured from the average number of Mn nodules in the box
corer data and the number of Mn nodules m� 2 in each cell of
the �nal result of the RF model. Considering that the collec-
tor can recover buried Mn nodules from a maximum depth
of 10–15 cm (Sharma, 1993, 2010), the ratio of 1.32 was ap-
plied to account for Mn nodules not detected in the images,
and areas with a slope of > 3� were excluded, assuming that a
potential mining vehicle is limited to less steep slopes (UN-
OET, 1987).

4 Results

4.1 Data exploration

The analysis of AUV photos with the CoMoNoD algorithm
(Schoening et al., 2017a) revealed a rather heterogeneous
pattern of Mn nodules m� 2 in the study area, showing ad-
jacent areas with high and low Mn-nodule number (Fig. 3a).
The number of Mn nodules m� 2 changes within less than
100 m in the overall study area and in the two main subareas
b and c (Fig. 3a–c). In half of the photos (48 %), the number
of Mn nodules m� 2 varies from 30 to 43 with the mean value
being 36.6 Mn nodules m� 2. The very small change of 5 %
trimmed mean value indicates the absence of extreme out-
liers, which is con�rmed by box plot analysis (Appendix B).
Further analysis of their descriptive and distribution char-
acteristics was performed in order to assess the presence
of normality in the data, with the result that the number of

Mn nodules m� 2 is approximately normally distributed (Ap-
pendix B). Although the presence of normality in data is not a
prerequisite assumption in order to perform the RF (Breiman,
2001a), as it is with geostatistical interpolation techniques
like kriging (e.g., Kuhn et al., 2016), this examination can
give us a better understanding of the Mn nodules' distribu-
tion inside the study area, and it is an important step in order
to examine potential extreme observations which may be de-
rived from wrong measurements and could arti�cially change
the training range during RF predictive modeling. Moreover,
an absence of linear correlation was observed between Mn
nodules m� 2 and the produced bathymetric derivatives, indi-
cating the complexity of the phenomenon (Appendix B).

4.2 Spatial analyses

Spatial analyses revealed the presence of a spatial autocor-
relation in the distribution of Mn nodules m� 2. The GMI,
with I D 0:6989,p< 0:01, and aZ score > 2.58 indicates a
positive spatial autocorrelation. According to the incremen-
tal analysis, the index takes its highest value in the �rst 50 m
with a gradual decrease, approaching 0 values after a dis-
tance of 400 m (Fig. 4a). Similarly, the results from the LMI
show that the main size of the spatial clusters does not ex-
ceed 400 m in either direction (Fig. 5a). The main types of
these clusters are H–H and L–L groups (Fig. 4b and Table 3).
A distinct “buffer/transitional zone” with Mn nodules was
found between these two clusters, which does not show a sig-
ni�cant autocorrelation (Fig. 5b, c). Approximately one-third
of the data does not have a signi�cant clustering (NS). In the
subarea c, the few local H–L and L–H groups are located
in the outer parts of these zones without signi�cant spatial
clustering. Both H–L and L–H (from the entire study area)
only account for 2.1 % of the data (Table 3). The compari-
son of the number of Mn nodules m� 2 between the groups
shows a clear discrimination between H–H and L–L clusters
(Fig. 5b). The H–H clusters are in areas with 37.9–78.2 Mn
nodules m� 2 whilst the L–L clusters are in areas with 6.8–
35.2 Mn nodules m� 2.

The application of the LMI reveals a bias that exists in the
data due to the sampling procedure, especially in the subarea
b (Fig. 5b). Here, the presence of the slope around 2.8� forced

www.biogeosciences.net/15/7347/2018/ Biogeosciences, 15, 7347–7377, 2018



7354 I.-Z. Gazis et al.: Quantitative mapping and predictive modeling

Figure 3. (a) The spatial distribution of Mn nodules m� 2 inside block G77 and the box corer position.(b) The spatial distribution of Mn
nodules m� 2 inside the subarea b.(c) The spatial distribution of Mn nodules m� 2 inside the subarea c.

Figure 4. (a)The GMI decrement due to increasing distance, after the �rst 50 m.(b) The range of Mn nodules m� 2 in each clustered group.

the AUV to vary its altitude between the ascending and de-
scending phase (Fig. 6b). This variation seems to affect the
image quality, resulting in fewer nodules being counted for
higher altitudes of the AUV (Figs. 7 and 8). This is also

con�rmed by the distribution map of the Mn nodules m� 2

(Fig. 3b). It is important to emphasize that this difference
shows up clearly in the LMI results (Fig. 5b) and not in the
distribution map (Fig. 3b); here the arbitrary choice of color
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Figure 5. (a)The spatial distribution of the signi�cant cluster types inside the block G77.(b) The spatial clusters inside the subarea b.(c) The
spatial clusters inside the subarea(c).

Table 3.Number and percentage of samples in each type of spatial
clustering.

Cluster type H–H H–L L–H L–L NS

Counts (n) 3472 121 113 3523 4047
Counts (%) 30.8 1.1 1.0 31.2 35.9

scale can hide this bias during plotting. The comparison of
the detected Mn nodules m� 2 in these adjacent lines, inside
the small subarea b, gives a ratio� 1:4 between photos that
have been acquired at 7–9 m altitude and those at 9–11 m al-
titude. The ratio is higher (� 1:8) between photos from 5–
7 and 9–11 m altitude. In contrast, the ratio between photos
from 5–7 m altitude and those at 7–9 m altitude is� 1:25, in-
dicating that the problem mainly exists at upper and lower
�ying altitudes. Despite their different ratio, none of these
groups contain extremely high or low values of Mn nodules
m� 2. Moreover, in several parts of the block, the photos from
higher altitude are the only source of information without the
ability for further comparison, and consequently, they cannot
be excluded from the modeling procedure.

Spatial distribution of median size. Plotting of the median
size in square centimeters (Fig. 9) showed that the number of
Mn nodules m� 2 is anti-correlated to the median Mn-nodule
size. The Spearman's rank correlation coef�cient andR2 be-
tween these two variables are� 0.50 and 0.25, respectively,
supporting this observation (Fig. 10a); other studies found
similar results (Okazaki and Tsune, 2013; Kuhn and Rathke,
2017; Peukert et al., 2018a). The box plot analysis of the me-
dian size values between the H–H and L–L clustered groups
showed that although the L–L group contains the entire range
of median size values (2.8 to 15.9 cm2), the H–H group does
not contain values above 10 cm2 (2.7–10 cm2). This means
in consequence that in areas with signi�cant clustering of
higher numbers of Mn nodules m2, the size of Mn nodules
tends to be smaller (Fig. 10b).

4.3 RF predictive modeling

4.3.1 Effect of training sample size andntreeand mtry
parameters

The results of the modeling procedure demonstrate that the
RF algorithm is in�uenced by the size of the training sample

www.biogeosciences.net/15/7347/2018/ Biogeosciences, 15, 7347–7377, 2018



7356 I.-Z. Gazis et al.: Quantitative mapping and predictive modeling

Figure 6. (a)The altitude of AUVAbyssinside block G77.(b) The altitude inside the small subarea b, where the presence of the slope forces
the AUV to modify its altitude, �ying closer to the sea�oor in the ascending phase (blue lines) and farther from the sea�oor in the descending
phase (red lines).(c) In the big subarea c, the AUV �ying altitude is mainly constant between 7–9 m for the entire part.

Figure 7. Scatterplot of the AUV altitude (m) and the estimated
number of Mn nodules m� 2 inside subarea b. The colors correspond
to the color scale in Fig. 7.

(Fig. 11a). This �nding is in accordance with other studies,
in which larger training samples tended to increase the per-

formance of RF (Li et al., 2010, 2011b; Millard and Richard-
son, 2015). The inclusion of a more representative range of
the observed values, and consequently a larger spectrum of
the causal underlying relationships, assists the RF to build
a better model for the prediction of the value distribution
inside the study area. For our data, the decrement becomes
smaller when the size of the training sample increases fur-
ther; it reaches a minimum value of 0.2 between 80 % and
90 %, showing that these additional 10 % do not notably ben-
e�t the RF model. However, the absence of stabilization of
the error to a minimum value indicates that more optical data
are needed from this block. The small decrement in error be-
tween 80 % and 90 % was the decisive factor to select 80 %
of the data as training samples (also considering the larger
number of remaining validation data and the reduced com-
putational effort). Based on this data set, the examination
of different numbers of trees showed that the RF error re-
mains constant after 600 trees (Fig. 11b). Less trees result
in a larger error; this becomes particularly evident with less
than 300 trees. With more than 300 trees the range of the
error is reduced (Appendix B). A higher number of trees en-
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Figure 8. Adjacent AUV photos from consecutive dive tracks that were obtained inside subarea b from(a) lower (5–7 m) and(b) higher
(9–11 m) altitudes. Note the decrement in the image brightness. (The area of the photos represents the central part of the photo, i.e., ca. 1=4
of the original photo size.)

Figure 9. (a) The spatial distribution of median Mn-nodule size (in cm2). (b) The estimation of median Mn-nodule size in subarea b and
mainly in its southern part has been probably affected by the nonconstant altitude of the AUV.(c) The distribution of the median size inside
subarea c shows also a clumped pattern.
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Figure 10. (a)The plot of median size (cm2) and number of Mn nodules m� 2. (b) The range of median size (cm2) in each type of cluster.
Note the distinct difference in the range between the H–H and L–L cluster type.

ables highermtry values as there are more opportunities for
each variable to occur in several trees (Strobl et al., 2009).
Similarly to thentreeparameter, a larger number ofmtryval-
ues results in a reduced error (Fig. 11c). The error reaches a
minimum and cannot be reduced further formtryD 6; with
values below 3, the error increases signi�cantly. The differ-
ent numbers ofntree reduced the error by only 0.6 in the
MSR (from 18.8 to 18.2); in contrast, differentmtry values
reduced the error by 5.8 in the MSR (23.4 to 17.6), high-
lighting its importance for the prediction accuracy. In gen-
eral a higher number ofmtryvalues is suggested for RF stud-
ies with correlated variables to result in a less biased result
regarding the importance of each variable; this is because
the higher number increases the competition between highly
correlated variables, giving more chances for different selec-
tions (Strobl et al., 2008). The �nally selectedmtry value of
6 coincides with the recommended approach formtry (de-
fault, half of the default, and twice the default) suggested
by Breiman (2001a). Despite the importance of this analysis,
within the model with 80 % of the data as a training sample,
the decrease in error by the use of RF tuned values instead
of RF default values was only 0.7 in the MSR values, whilst
the greatest reduction in error (16.5 in the MSR values) came
from the increase in training data set size. This highlights the
increased sensitivity of the method with respect to training
data and that the recommended settings in the R randomFor-
est package (Lia and Wiener, 2002) give trustworthy results,
increasing its simplicity and operational character.

4.3.2 Selection, application and external validation of
the optimal model

Based on the abovementioned �ndings, the optimal RF re-
gression model, which uses 80 % of training data, 600 trees,
and 6 predictor variables to be randomly selected at each
node, was selected and applied to the entire block G77. The

Table 4. The values of validation measures between predicted and
observed data.

MAE MSE RMSE R2 Pearson Spearman

3.1 19.0 4.4 0.8 0.9 0.9

comparison of the predicted values with the observed values
from the remaining 20 % (2255 observations) of validation
data showed a good predictive performance (Table 4). Ana-
lytically, MAE and RMSE have very low values,R2 has a
high value, and both Pearson's and Spearman's correlation
coef�cients show a strong positive correlation between the
predicted and observed values. The small deviation between
MAE and RMSE and the same good correlation of the Pear-
son and Spearman factor point towards the absence of ex-
tremely high or low predicted values (outliers). Moreover,
the performance is rather stable among all the iterations (Ap-
pendix B).

The scatterplot and box plot (Fig. 12a and b) illustrate this
good match between predicted and observed values, as con-
�rmed also by the descriptive statistics (Table 5). The resid-
ual analysis con�rmed further the robustness of the model
(Appendix B).

The statistical analysis also reveals the limitations of the
RF model which cannot predict beyond the range of training
values. It underestimates the maximum predicted values and
overestimates the minimum values (Fig. 12b and Table 5),
a limitation also mentioned by other authors (e.g., Horning,
2010). This happens because in regression RF, the result is
the average value of all the predictions (Breiman, 2001a).

Biogeosciences, 15, 7347–7377, 2018 www.biogeosciences.net/15/7347/2018/



I.-Z. Gazis et al.: Quantitative mapping and predictive modeling 7359

Figure 11. (a)The effect of training sample size in RF error (in MSR).(b) The effect of thentreeparameter in RF error (in MSR) for the
80 % training size.(c) The effect of themtryparameter in RF error (in MSR) for the 80 % training size.

Figure 12.Comparison between observed and predicted values: scatterplot(a) and box plots(b).

4.3.3 RF-predicted distribution of Mn nodules m� 2

The �nal application of the RF model for the entire block
G77 predicts that the majority of the area is covered by 30–
45 Mn nodules m� 2 (Fig. 13). In the central western part the
distribution is quite uniform (at this scale) with few small ar-
eas of lower numbers. In the western part, there are two ex-
tended areas along the base of the hill with the lowest num-
ber of Mn nodules m� 2. Both of these areas have a linear
shape in N–S direction and follow the sea�oor topography
with increased slope (> 3� ). The third main patch with mini-
mum Mn nodules m� 2 occurs in the eastern depression part.
In contrast, areas with a higher number of Mn nodules m� 2

are located mainly in the central upper part of the hill and
eastward facing slope of eastern depression and south of the
subrecent hydrothermally active area.

4.3.4 RF importance

The analysis of the RF variable importance showed that the
best explanatory variable for the distribution of Mn nod-
ules m� 2 is depth (Fig. 14a). The partial dependence plot

of depth shows that there are speci�c depths, which promote
higher numbers of Mn nodules m� 2 aggregated in a nonlin-
ear way (Fig. 14b). The two most important variables are the
TPI_B and TPI_M. TRI, TPI_F, C, and S follow in impor-
tance (Fig. 14a). All of them also contribute in a nonlinear
way. (Appendix B). Pl.C and Pr.C do not contribute signi�-
cantly as explanatory variables in the performance of the RF
model (Fig. 14a and Appendix B). Although the RF demon-
strates good overall performance, the small study area and
the arbitrary choice of the spatial scales for the TPI and other
derivatives limit the potential of these variables as indica-
tive explanatory variables on a broader scale. It is well estab-
lished that surface derivatives are scale-dependent with dif-
ferent analysis scales to create alterations in results. Thus the
combined use of different scales (here TPI) in the analysis
and modeling procedure can produce models that do cap-
ture the natural variability and scale dependence (Wilson et
al., 2007; Miller et al., 2014; Ismail et al., 2015; Leempoe
et al., 2015). Due to the lack of relevant literature for AUV
scale data sets, the C and TRI were created with the default
scales of SAGA GIS v.6.3.0, while the three different TPI
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Table 5.Descriptive statistics of observed and predicted values.

Mean SE 5 % trim. mean Median Mode SD Min Max C.L (95 %)

Observed 36.5 0.2 36.3 36.3 40.8 9.4 12.8 78.2 0.4
Predicted 36.7 0.2 36.5 36.2 33.9 7.8 16.2 60.2 0.3

Figure 13.The RF-predicted distribution of Mn nodules m� 2 inside block G77.

values were selected based on the minimum possible corre-
lation among them.

4.3.5 Estimation of abundance (kg m� 2) of Mn nodules

The predicted Mn-nodule distribution was combined with the
abundance from box corer data (and corrected with the ratio
of buried to unburied Mn nodules, in order to include the top
� 15 cm of the sediment), resulting in the Mn nodules' abun-
dance map shown in Fig. 15. According to this map, block
G77 is a promising area for mining operations. The entire
block is above the cutoff abundance of 5 kg m� 2 (UNOET,
1987), with a mean value of 33.8 kg m� 2. We calculated that
84 % of block G77 has slopes below 3� ; steeper slopes are lo-
cated mainly at the outer parts of the block, a fact that would
ease establishing an ideal mining path. In this respect, the
AUV scale mapping provides vital information for a poten-
tial mining path by decreasing the possibility of machine fail-
ure due to poorly mapped steep slopes not detected by, e.g.,
ship-based bathymetry (Peukert et al., 2018b). Mn-nodule
distribution maps with this resolution increase the mining ef-
�ciency because local deposit variations can signi�cantly af-
fect the performance of the pickup rate, which is likely deter-
mined by technical parameters of the mining vehicle as well
as the size, burial depth, and abundance of Mn nodules in the
sea�oor (Chung, 1996). The exclusion of areas with slopes
> 3� resulted in 8 km2 minable sea�oor surface. Assuming a
constant 80 % collection ef�ciency (Volkmann and Lehnen,
2018) and a 30 % reduction in the Mn-nodule weight by the
removal of water (Das and Anand, 2017), the dry mass of

Table 6.The estimated amount of metal mass for �ve metals, based
on the average values of metal content inside CCZ and a �ve-metal
HCL-leach recovery method (Volkmann, 2015).

Total wet mass (t): 270 400

Total dry mass (t): 189,280

Metal content Mn Ni Cu Co Mo

Wt % 26.68 1.31 1.11 0.22 0.06
Equal to (t) 50 500 2480 2101 416 113
90 % metal 45 450 2232 1891 374 102
recovery (t)

Mn nodules that can be extracted from the surface and the
�rst 15 cm of the sediment column amounts to ca. 190 000 t.
In a back-of-the-envelope calculation this quantity – assum-
ing constant metal content inside the study area, equal to the
average metal concentrations inside the CCZ (Table 6) (Volk-
mann, 2015), and 90 % metal recovery ef�ciency – could re-
sult in an estimated resource haul of 45 450 t Mn, 2232 t Ni,
1891 t Cu, 374 t Co, and 102 t Mo (Table 6).

5 Discussion

We present a case study that highlights the applicability of
the combination of AUV bathymetric and optical data for
Mn-nodule resource modeling using RF machine learning.
The use of AUVs for collecting hydroacoustic and optical
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Figure 14. (a)The variable importance of each predictor in the RF model.(b) The partial dependence plot of depth. The ticks on the graphs
indicate the deciles of the data.

Figure 15.The total abundance of Mn nodules from the surface and embedded in the sediment (max 15 cm), in areas with slope� 3� inside
block G77 (continuous values of abundance are not given due to con�dentiality).

data in areas of scienti�c and commercial interest can pro-
vide more precise bathymetric and Mn-nodule distribution
maps. Regarding the bathymetric maps, the accurate and de-
tailed reconstruction of the sea�oor bathymetry at meter-
scale resolution enables to use bathymetry and its deriva-
tives as source data layers within a high-resolution RF model.
These data should have high-quality characteristics, as the
presence of acquisition artefacts may affect the robustness of
the modeling procedure (Preston, 2009; Herkül et al., 2017).
The combined use of cameras as the DeepSurveyCamera
(Kwasnitschka et al., 2016) for acquiring high-resolution
photographs and an automated analysis with a state-of-the-
art algorithm (Schoening et al., 2017a) provide essential
quantitative information about the distribution of Mn nod-
ules. Image analysis results are more robust for constant
AUV altitudes (7–9 m) above �at areas (< 3� ), while the al-
ternation of the �ying altitude and camera orientation during
the ascending and descending phases limits the quality of the

obtained images and can affect the derived number of Mn
nodules m� 2 .

Inside block G77, the number of Mn nodules m� 2 seems
to follow a normal distribution without extreme outliers and
without being linearly correlated with the predictor variables
used. Spatially, a clumped autocorrelated pattern is demon-
strated, mainly with clustered areas of H–H and L–L val-
ues. It is still unclear if this heterogeneity is caused by ex-
ternal processes (e.g., topographic characteristics, geochem-
ical conditions, or the availability of nucleus material) or if
it results from the interaction of neighboring Mn nodules.
The areas with a higher number of Mn nodules could pro-
vide more fragments as potential nucleus material. However,
the less available space in these areas may make individ-
ual Mn-nodule growth more dif�cult, resulting in smaller
median sizes. Conversely, a recent study from Kuhn and
Rathke (2017) showed that the blanketing of the Mn nodules
by sediments is higher for larger Mn nodules and, as a re-
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sult, fewer large nodules will be counted, resulting in biased
results in areas where the Mn nodules are bigger. Probably
all of these effects can happen at the same time (with differ-
ent degrees of in�uence), promoting a given, scale-dependent
spatial structure.

This study did not consider the geochemical properties
of the sediments as input data in the modeling process,
which might give additional clues as to why Mn nodules
are distributed as they are. However, RF importance and
partial dependence plots show that bathymetric and topo-
graphic factors tend to affect this distribution in a nonlinear
way and with the bulk of data plotting in speci�c ranges of
the bathymetric derivatives. Classic studies have shown that
the bathymetry and the variation in the topographic charac-
teristics of the sea�oor affects the sediment deposition en-
vironment and bottom currents and thus also geochemical
processes in the sediment. All these factors determine Mn-
nodule growth and thus affect the distribution of Mn nodules
on regional scales (e.g., Craig, 1979; Sharma and Kodagali,
1993). It is still unknown how these properties in�uence the
Mn-nodule distribution on meter to tens of meter scales as
seen in our AUV data. The nonlinear relationship between
Mn nodules and bathymetry on such high-resolution scales
only began to be investigated very recently (e.g., Peukert et
al., 2018; Alevizos et al., 2018). To elaborate more on the
hydrodynamic and geochemical reasons behind the observed
distribution pattern, we would need more investigations at
and in the sediment on the same scale.

It should be acknowledged that the aim of any ML pre-
dictive model is to derive accurate predictions based on an
existing (large) number of measurements to capture a com-
plex underlying relationship (e.g., nonlinear and multivari-
ate) between different types of data, for which our theoreti-
cal knowledge or conceptual understanding is still under de-
velopment (Schmueli, 2010; Lary et al., 2016). Especially
due to the constantly increasing size of scienti�c multivari-
ate data in marine sciences and the existence of such non-
linear relationships between predictor and response variables
(e.g., Zhi et al., 2014; Li et al., 2017), ML and RF are con-
sidered important analytic tools that can objectively reveal
patterns of a (unknown) phenomenon (Genuer et al., 2017;
Kavenski et al., 2009; Lary et al., 2016). Such predictions
may be used to derive causalities or may drive the creation
of new hypotheses. In other words, for a predictive model,
the “unguided” data analyses come �rst and the interpreta-
tion follows (Breiman, 2001b; Schmueli, 2010; Obermeyer
and Emanuel, 2016). This “a priori” knowledge of the dis-
tribution of the Mn-nodule number and size on such a scale
can contribute to the biological data survey planning, too.
Recent studies showed that the abundance and species rich-
ness of nodule fauna inside the CCZ is affected by the abun-
dance of Mn nodules (Amon et al., 2016; Vanreusel et al.,
2016) as well as their size (Veillette et al., 2007). Thus, high-
priority areas (e.g., those with the highest commercial in-
terest) can be targeted for sampling based on the results of

optic data and RF modeling. The RF modeling takes ad-
vantage of the multilayer information (here: hydroacoustic
and optical data), handling their complex relationships effec-
tively while being resistant to over�tting (Breiman, 2001a).
Moreover, the randomization of the input training points in
each tree in each run results in a completely different train-
ing data set each time with mixed points from the entire
study area. This random selection and mixing of points is
appropriate for clustered data, as it ignores their spatial lo-
cations and consequently limits the in�uence of spatial auto-
correlation (Appendix B). Along these lines, several authors
have included the values of latitude/longitude and even the
LMI values as predictor variables in order to increase the
model performance (e.g., Li, 2013; Li et al., 2011b, 2013).
RF has a high operational character due to its relatively sim-
ple calibration, which does not request extensive data prepa-
ration/transformation or the need for geostatistical assump-
tions (e.g., stationarity). The selection of the MGET toolbox
(Roberts et al., 2010) further increased the simplicity of the
work�ow, as the RF modeling was performed entirely in-
side a graphic environment familiar to many geoscientists.
As RF model runs can be implemented inside various soft-
ware packages in future implementations of this work�ow, it
would be interesting to include the uncertainty for the asso-
ciated predictions, e.g., with the use of the quantile regres-
sion forests (Meinshausen, 2006) from the quantregForest R
package (Meinshausen, 2012). However, this will increase
the computational time (Tung et al., 2014) and the simplic-
ity of the procedure, especially if other recently proposed
methodologies of estimating the uncertainty are used: the
jackknife method (Wager et al., 2014), the Monte Carlo ap-
proach (Coulston et al., 2016), and theU statistics approach
(Mentch and Hooker, 2016).

Similarly to other studies (e.g., Cutler et al., 2007; Mil-
lard and Richardson, 2015), RF showed increased stability
in its performance, allowing a small number of iterations to
compute suf�cient results. The examination of the main two
tuning parameters (ntree and mtry) showed that the model
performance can be increased compared to default values.
However, the largest improvement results from using more
training data. In this respect, more photos would potentially
improve the RF performance as no clear threshold was ob-
served. Although the number of 11 276 photos seems to rep-
resent a large data set, the heterogeneity of the distribution
and the occurrence of spatial clusters (patches) in different
sizes and the inherent need of RF and ML in general for
big training data sets (van der Ploeg et al., 2014; Obermeyer
and Emanuel, 2016) stresses the need for collecting more and
well-distributed data. The in�uence of the number of training
data for model performance still remains a discussion point
between studies showing an improvement by adding more
data (e.g., Bishop, 2006) and other studies presenting stable
performance of the model even if more data are added (e.g.,
Zhu et al., 2012). The availability of more data, especially
if they are better distributed (i.e., data that will include the

Biogeosciences, 15, 7347–7377, 2018 www.biogeosciences.net/15/7347/2018/



I.-Z. Gazis et al.: Quantitative mapping and predictive modeling 7363

entire range of the number of Mn nodules m� 2 and come
from all the different sub-terrains), would most likely rein-
force the model to build better and wider relationships be-
tween the predictor and response variables, keeping also a
larger number of validation data points.

Finally, the resource assessment showed that block G77 is
a potential mining area with high average Mn-nodule density
and gentle slopes. While the threshold of 3� (UNOET, 1987)
was used here, newer plans for mining machines seem to en-
able operations on steeper slopes (Atmanand and Ramadass,
2017), increasing the total amount of collected Mn nodules
within the area considered herein.

6 Conclusions

The results of this study show that the acquisition and anal-
ysis of optical sea�oor data can provide quantitative infor-
mation on the distribution of Mn nodules. This information
can be combined with AUV-based MBES data using RF ma-
chine learning to compute predictions of Mn-nodule occur-
rence on small operational scales. Linking such spatial pre-
dictions with sampling-based physical Mn-nodule data pro-
vides an ef�cient and effective tool for mapping Mn-nodule
abundance.

Data availability. The data used in this work are available at PAN-
GAEA. This includes MBES ship-based data (Greinert, 2016), op-
tical imagery (Greinert et al., 2017; Schoening, 2017c), and the
source code of the CoMoNoD algorithm (Schoening, 2017b). The
MBES AUV-based data are not publicly available due to the con�-
dentiality of coordinates.
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Appendix A: Methodology

A1 Hydroacoustic data acquisition and post-processing

The calculation of the bathymetric derivatives was per-
formed with the SAGA GIS v6.3.0 Morphometry li-
brary (http://www.saga-gis.org/saga_tool_doc/6.3.0/ta_
morphometry.html, last access: 6 December 2018).

A2 Spatial statistics

Global Moran's I and local Moran's I were performed with
the ArcMap™ 10.1 software, using the Spatial Statistics tool-
box, according to the equations provided. As a null hypoth-
esis, it is assumed that the examined attribute is randomly
distributed among the features in the study area. For the op-
timal conceptualization of spatial relationships, the inverse
Euclidian distance method was selected, as it is appropriate
for modeling processes with continuous data in which the
closer two samples are in space, the more likely they are to
interact/in�uence each other or have been in�uenced for the
same reasons. The distance threshold was set at 50 m, and
the increment analysis was performed with a step of 50 m.
Moreover, the spatial weights were standardized in order to
minimize any bias that exists due to sampling design (un-
even number of neighbors). Apart from the index value, thep
value andZ score are also provided. The local Moran's I in-
dicates statistically signi�cant clusters and outliers for a 95 %
con�dence level. The high number of observations (� 30)
that was used ensures the robustness of the indexes.

Table A1. Spearman's correlation coef�cient for each pair of predictor variables.

D S Pl.C Pr.C TPI_B TPI_M TPI_F C TRI

D
S � 0.07
Pl.C 0.06 � 0.02
Pr.C 0.08 � 0.01 0.37
TPI_B 0.76 � 0.09 0.13 0.16
TPI_M 0.36 � 0.06 0.20 0.27 0.72
TPI_F 0.23 � 0.05 0.33 0.41 0.47 0.77
C � 0.30 0.05 � 0.25 � 0.34 � 0.54 � 0.79 � 0.90
TRI � 0.10 0.91 � 0.02 � 0.03 � 0.12 � 0.06 0.04 0.05

Table A2. Descriptive statistics of different training samples.

% training sample: 10 % 20 % 30 % 40 % 50 % 60 % 70 % 80 % 90 %

Training set size 1127 2255 3383 4511 5638 6766 7894 9021 10148
Mean 36.5 36.3 36.6 36.6 36.6 36.7 36.6 36.7 36.6
SE 0.3 0.2 0.2 0.1 0.1 0.1 0.1 0.1 0.1
SD 9.3 9.2 9.4 9.2 9.2 9.3 9.3 9.2 9.3
Minimum 7 13 12 13 12 14 7 7 7
Maximum 63 70 72 66 78 78 78 72 78

A3 RF predictive modeling (selection of predictor
variables)

Correlation among the derivatives was checked by the Spear-
man's correlation coef�cient (� ). This coef�cient was pre-
ferred due to the skewed distribution of the values in the
derivatives. The majority of the possible pairs is uncorrelated
or weakly correlated. Only C vs. TPI_F and TRI vs. S have
a strong correlation. However, they should not be excluded
as they express different topographic characteristics and they
are not correlated with the remainder of derivatives. It should
be mentioned that in similar studies even higher thresholds
have been used during the selection of predictor variables
(Che Hasan et al., 2014; Li et al., 2016, 2017).

The nine training samples with different sizes were created
by the MGET tool “Randomly Split Table into Training and
Testing Records”. The spatial randomness of the procedure,
combined with the many available data, resulted in training
samples with similar descriptive statistics.
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Appendix B: Results

B1 RF predictive modeling (calibration of the model)

The descriptive statistics of the performance of each model
were used as decision factors for the number of iterations
(Tables B1–B5). In all cases, the mean value with very
low standard error, very low standard deviation, range, and
the 95 % con�dence interval indicate a rather stable perfor-
mance, without the need for further iterations.

B1.1 Data exploration

The histogram of Mn nodules m� 2 (Fig. B1) shows a good
�t with the superimposed theoretical normal curve, with the
shape of the distribution being rather symmetrical. This fact
is supported by the equal 5 % trimmed mean and median
and the slightly different mode (Table B6). Similarly, the
visual inspection of the probability plot (Fig. B1) shows a
good match as a linear pattern is observed for the greatest
part, with slight deviation existing only in the outer parts of
the curve. According to the box plot, there are only 21 mild
outliers (according to Hoaglin et al., 1986; Dawson, 2011),
which correspond to 0.18 % of the total observation. This
percentage is smaller than the 0.8 % threshold that has been
suggested for normal disturbed data (Dawson, 2011).The
small values for skewness and kurtosis combined with the
large sample size further support the normally distributed
pattern of the data (Table B6). Especially for large data sam-
ples, measurements of skewness and kurtosis combined with
the visual inspection of histogram and probability plot are
recommended ways of examining the normality (D'Agostino
et al., 1990; Yaziki and Yolacan, 2007; Field, 2009; Ghasemi
and Zahediasl, 2012; Kim, 2013).

The potential linear correlation between depth, bathymet-
ric derivatives, and the number of Mn nodules m� 2 was in-
vestigated using the Spearman's rank correlation coef�cient
(� ) (Table B7) because of the skewed distribution and pres-
ence of extreme values in the depth and bathymetric deriva-
tive values (Mukaka, 2012).

B1.2 Selection, application, and external validation of
the optimal model

Despite the fact that RF is a full nonparametric technique
and there is no need for the residuals to follow speci�c as-
sumptions (Breiman, 2001a), the examination of them can
provide an in-depth look at RF performance characteristics.
The scatterplot of residuals against predicted values shows
a random pattern, which is also con�rmed by the low values
of Pearson, Spearman, andR2 coef�cients between predicted
values and residuals (Fig. B2 and Table B8). Moreover, the
residuals tend to cluster towards the middle of the plot with-
out being systematically high or low and having a zero mean
value (Fig. B2 and Table B9). Their constant variance (ho-
moscedasticity) implies that the distribution of error has the

same range for almost all �tted values. Indeed, 99.3 % of the
residuals are inside the range� 15 and 81.2 % are inside the
range� 5 (Table B10). The presence of outliers is very lim-
ited without affecting the main statistical characteristics of
residuals (Table B9), indicating that the model adequately
�ts the overwhelming majority of the observations (> 2165)
and only random variation (that exists in any real, natural
phenomenon) or noise can occur.

The spatial autocorrelation analysis of the residuals using
the global Moran's index (same settings as Appendix A),
showed low spatial autocorrelation (I D 0:112112,p< 0:01
and Z score > 2.58). The index number of the residuals is
relatively low compared with the high initial values of the
original data (I D 0:69890 andI D 0:697747 for the entire
data set and the 80 % training data set, respectively). More-
over, the spatial autocorrelation of the 5 % trimmed residuals
is only 0.093832. According to similar studies (i.e., regres-
sion RF), the presence of spatial autocorrelation in the resid-
uals of the model can result in underestimation of the true
prediction error (Ruß und Kruse, 2010). The presence of low
spatial autocorrelation values in the residuals of regression
RF has been reported also by other authors (e.g., Mascaro et
al., 2014; Xu et al., 2016), and it is a common problem in all
the well-established machine learning methods (e.g., random
forests, neural network, gradient boosting machines, and sup-
port vector machines) when dealing with regression predic-
tions of spatial variables (Gilardi and Bengio, 2009; Ruß und
Kruse, 2010; Santibanez et al., 2015a, b). The spatial plotting
and visual examination of the residuals (Fig. B3) showed that
this spatial clustering exists mainly in the small subarea b and
especially in the areas which are associated with an increased
slope (>3� ), where the AUV is forced to vary its altitude be-
tween the ascending and descending phase and consequently
affects the image quality and the later modeling results.

B1.3 RF importance

The production of the RF partial dependence plots show the
nonlinear character between the Mn nodules m� 2 and the
bathymetric derivatives.
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Table B1.Descriptive statistics of MSR from different training set sizes, after 10 iterations with default settings.

% training sample: 10 % 20 % 30 % 40 % 50 % 60 % 70 % 80 % 90 %

Mean 34.8 30.2 26.1 23.3 22.2 21.3 19.7 18.3 18.1
SE 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Median 34.8 30.3 26.1 23.2 22.2 21.3 19.7 18.3 18.1
Mode 34.7 30.3 26.1 23.2 22.2 21.3 19.7 18.3 18.1
SD 0.2 0.1 0.1 0.1 0.0 0.0 0.0 0.0 0.1
Minimum 34.5 30.1 25.9 23.2 22.1 21.2 19.6 18.2 18.1
Maximum 35.1 30.4 26.3 23.5 22.3 21.3 19.7 18.3 18.1
C.I. (95.0 %) 0.1 0.1 0.1 0.1 0.1 0.0 0.0. 0.0 0.0

Table B2. Descriptive statistics of MSR from a different number of thentree parameter, after 10 iterations with 80 % of the sample as
training data andmtryD 3.

ntree: 100 200 300 400 500 600 700 800 900 1000

Mean 18.8 18.4 18.3 18.3 18.3 18.2 18.2 18.2 18.2 18.2
SE 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Median 18.8 18.4 18.3 18.3 18.3 18.2 18.2 18.2 18.2 18.2
Mode 18.8 18.4 18.3 18.3 18.3 18.2 18.2 18.2 18.2 18.2
SD 0.1 0.1 0.1 0.1 0.0 0.1 0.1 0.1 0.0 0.0
Minimum 18.5 18.4 18.2 18.2 18.2 18.1 18.1 18.1 18.1 18.1
Maximum 18.9 18.5 18.5 18.4 18.3 18.3 18.3 18.3 18.2 18.2
C.I. (95.0 %) 0.1 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Table B3.Descriptive statistics of MSR from different number of themtry parameter, after 10 iterations with 80 % of the sample as training
data andntreeD 600.

mtry: 1 2 3 4 5 6 7

Mean 23.4 19.3 18.2 17.9 17.7 17.6 17.6
SE 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Median 23.4 19.3 18.2 17.9 17.7 17.6 17.6
Mode 23.4 19.3 18.2 17.9 17.7 17.6 17.6
SD 0.0 0.1 0.1 0.1 0.0 0.0 0.0
Minimum 23.3 19.1 18.1 17.8 17.6 17.5 17.6
Maximum 23.5 19.4 18.3 17.9 17.7 17.7 17.7
C.I. (95.0 %) 0.0 0.1 0.0 0.0 0.0 0.0 0.0

Table B4. Descriptive statistics of MSR for the optimum selected RF model, after 30 iterations with 80 % of the sample as training data,
ntreeD 600, andmtryD 6.

Mean SE Median Mode SD Minimum Maximum C.I. (95 %)

Optimum RF 17.6 0.0 17.6 17.6 0.0 17.5 17.7 0.0
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Table B5. Descriptive statistics of RF importance for the optimum RF model, after 30 iterations with 80 % of the sample as training data,
ntreeD 600, andmtryD 6.

RF importance: Depth TPI_B TPI_M TRI TPI_F C S Pl.C Pr.C

Mean 80.1 63.6 46.7 36.1 24.5 19.7 12.0 2.6 2.4
SE 0.1 0.1 0.1 0.0 0.0 0.0 0.0 0.0 0.0
Median 80.1 63.5 46.7 36.1 19.7 19.7 11.9 2.6 2.4
Mode 80.1 63.3 46.9 36.1 19.8 19.8 11.9 2.6 2.4
SD 0.4 0.6 0.6 0.2 0.2 0.2 0.2 0.0 0.0
Minimum 79.1 62.6 45.0 35.7 19.2 19.2 11.7 2.5 2.3
Maximum 80.8 64.9 47.7 36.4 20.1 20.1 12.4 2.6 2.5
C.I. (95.0 %) 0.1 0.2 0.2 0.1 0.1 0.1 0.1 0.0 0.0

Figure B1. (a)Histogram of Mn nodules m� 2 with the superimposed normal curve.(b) The normal probability plot of Mn nodules m� 2. (c)
The box plot of Mn nodules m� 2.

Table B6.The descriptive statistics of the number of Mn nodules m� 2.

Mean 5 % trim. mean Median Mode SD Min Max Skew. Kurtosis

Mn nodules m� 2 36.6 36.4 36.4 39 9.2 6.8 78.2 0.1 � 0.4

Table B7.The Spearman's rank correlation coef�cient between Mn nodules m� 2, depth, and bathymetric derivatives.

Depth Slope TRI Pl.C Pr.C TPI_B TPI_M TPI_F C.I. (95.0 %)

0.38 0.08 0.07 0.03 0.04 0.29 0.24 0.05 � 0.14
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Figure B2. Scatterplot between residuals and predicted values.

Table B8. Pearson, Spearman, andR2 correlation coef�cients be-
tween residuals and predicted values.

Pearson Spearman R2

Correlation of residuals and predicted values 0.1 0.2 0.0

Table B9.Main descriptive statistics of residuals and 5 % trimmed
residuals.

Mean SE Median Mode SD

Residuals � 0.2 0.1 � 0.2 0.6 4.4
5 % trimmed � 0.2 0.1 � 0.2 0.6 2.9
residuals

Table B10.Residuals range.

Residuals range � 20 � 15 � 10 � 5

% of residuals 99.8 99.3 96.1 81.2
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Figure B3. Spatial plotting of the RF residuals (absolute values). The intervals of their range are in accordance with the Table B10.
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Figure B4. Partial dependence plots for each of the predictor variables. They axis represents the number of Mn nodules m� 2 and thex axis
the values of each predictor variable (depth derivatives). The ticks on the graphs indicate the deciles of the data.
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Abstract: Machine learning spatial modeling is used for mapping the distribution of deep-sea

polymetallic nodules (PMN). However, the presence and in�uence of spatial autocorrelation (SAC)

have not been extensively studied. SAC can provide information regarding the variable selection

before modeling, and it results in erroneous validation performance when ignored. ML models are

also problematic when applied in areas far away from the initial training locations, especially if the

(new) area to be predicted covers another feature space. Here, we study the spatial distribution

of PMN in a geomorphologically heterogeneous area of the Peru Basin, where SAC of PMN exists.

The local Moran's I analysis showed that there are areas with a signi�cantly higher or lower number of

PMN, associated with different backscatter values, aspect orientation, and sea�oor geomorphological

characteristics. A quantile regression forests (QRF) model is used using three cross-validation

(CV) techniques (random-, spatial-, and cluster-blocking). We used the recently proposed “Area of

Applicability” method to quantify the geographical areas where feature space extrapolation occurs.

The results show that QRF predicts well in morphologically similar areas, with spatial block cross-

validation being the least unbiased method. Conversely, random-CV overestimates the prediction

performance. Under new conditions, the model transferability is reduced even on local scales,

highlighting the need for spatial model-based dissimilarity analysis and transferability assessment in

new areas.

Keywords: polymetallic nodules; spatial autocorrelation; cross-validation; model transferability

1. Introduction

The spatial distribution of deep-sea polymetallic nodules (PMN) is currently of high
interest due to their high metal content of Mn, Fe, Ni, Co, Cu, or Li. These metals are needed
for green and decarbonized technologies, such as electric cars and wind turbines [1,2].
The European Union alone will need 60 times more lithium and 15 times more cobalt by
2050 than today [3] for this transition. Deep-sea resources such as PMN could support this
transition, with predictive spatial mapping having a key role in mining-block prioritization.

PMN spatial mapping advanced by using autonomous underwater vehicles (AUVs) to
acquire large volumes of hydroacoustic and image data allows for high-resolution sea�oor
reconstruction at meter and even down to centimeter scales. The quantitative analysis of
images enlightens the PMN distribution, narrowing the spatial gap that arises from the
sparse ground-truth box-corer samples (usually > 1.8 km) with very limited sampling area
(0.25 m2) [4–9].

Multibeam echosounder (MBES) data (bathymetry and backscatter), sea�oor lithology,
environmental information (e.g., organic carbon content), and ground-truth information
(photos, information from box-corer sampling) have been analyzed with machine learning
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(ML) methods, providing the spatial distribution of PMN [ 7,10–15]. However, the in�uence
of spatial autocorrelation (SAC) on ML modeling has not been considered.

Spatial autocorrelation describes the phenomenon where local similarity (neighbor-
ing observations) is matched by value similarity (correlation between observations) [ 16].
When the examined variable is spatially autocorrelated, the assumption of independence
among the observations in the cross-validation (CV) data is violated (i.e., the �tted model
uses almost identical data for training and testing).

Recent studies in terrestrial and marine spatial ML modeling showed that if the
commonly used, non-spatial, random k-fold CV is used, the prediction performance is
over-optimistic when SAC exists in the data. The magnitude of the spatial over�tting
varies based on the degree of SAC among the training points, the environmental similarity
among the regions, and the ML method used [ 17–25]. In order to address the in�uence of
SAC, different CV schemes have been proposed; the most common are buffer distances
among training locations [ 18,26,27], successive distances [28], leaving one training location
out [ 19,29], and spatial block training. Spatial blocks can be based on geographical coordi-
nates clustering [30], latitudinal-blocking [ 23], systematic assignment, and environmental
similarity clustering [ 17,23,31]. SAC also in�uences the ML feature selection methods
and hyperparameter optimization, resulting in suboptimal variable selection and model
parameters [19,25,29,32].

Applying ML models can also result in poor and unreliable predictions when they
extrapolate in a new geographical area where the feature space varies [17,33–35]. Thus,
there is a need for dissimilarity analysis between the training data and the new area the
prediction should be performed for. Traditional non-spatial approaches, such as density
plots and boxplots, can show the overall degree of differentiation but cannot identify where
it occurs. Moreover, examining and interpreting such plots in multidimensional space is
dif�cult and could lead to erroneous conclusions [ 36]. Spatial sample-based methods have
been developed, relying on the univariate distribution range of each predictor and the
new correlations among the predictors within their univariate distribution range [ 37–40].
Model-based methods have also been introduced, using the model weights and prediction
error in the dissimilarity calculation [17,35,41].

This paper addresses the presence of SAC in the PMN distribution of a speci�c site
and how this could in�uence the results in the various modelling steps of the ML work�ow
by studying:

(a) The use of SAC as source information for the feature selection before modeling.
The proposed work�ow uses the spatial clusters resulting from the local indicators of spa-
tial association (LISA) and speci�cally from the local Moran's I [ 16] and investigates their
relations with the sea�oor predictors using boxplots and the non-parametric Wilcoxon–
Mann–Whitney test [ 42–44]. The Boruta algorithm [ 45] is used as an alternative automated
ML method. Boruta is an all-relevant feature selection approach that has shown good
performance in high and low-dimensional datasets [ 46–48]. It has been widely used in
ML sea�oor mapping studies, providing increased interpretability and prediction per-
formance [48–53]. However, its performance under the presence of SAC has not been
extensively investigated.

(b) The in�uence of SAC on the cross-validation work�ow steps. Three techniques
are studied: random k-fold CV, systematic spatial block, and feature space clustering.
The latter two techniques were selected as they can highlight the biases due to SAC and
environmental dissimilarity [ 17]. They are appropriate for big spatial data, as they require
less computation time compared with other methods such as buffer distances [18].

(c) The random forests (RF) [54] spatial predictive uncertainty. The prediction uncer-
tainty is an integral part of spatial modeling, as it provides an in-depth analysis of the
prediction validity. It can also prioritize areas for future sampling; this is of interest particu-
larly in deep-sea research, where available ground-truth data are typically scarce. The RF
prediction uncertainty can be estimated with different methods [ 18]. Here, the quantile
regression forests (QRF) [55] was selected, as studies showed that it could outperform
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other methods while it produces informative maps without the need for extensive data
preprocessing and model assumptions [18,56–59].

(d) The recently proposed method of dissimilarity index and area of applicability
(AOA) [ 35]. AOA can identify geographical areas with novel feature space conditions that
could hinder a reliable model transfer.

To our current knowledge, this is the �rst time that these topics are investigated
for a regression random forests model applied for predicting PMN spatial distribution.
Moreover, the literature research yielded only two studies in the marine environment
(habitat mapping) that consider and include spatial-CV or/and the AOA, highlighting the
need for further investigation. Similarly, QRF has been applied only rarely for sea�oor
spatial predictive modeling, despite the popularity of the RF algorithm in general [60].

2. Materials and Methods
2.1. Study Area

The Peru Basin is one of the largest PMN �elds globally, with an average abundance of
10 kg/m 2 [61]. Although the abundance and metal grade are of economic value [ 1], only a
few studies have examined the PMN spatial distribution for economic reasons, focusing on
the northern part of the investigated area that exhibits a substantial spatial variance [ 62–65].
In this northern part, lies the “DISturbance and reCOLonization” (DISCOL) experimental
area (DEA). Inside the DEA (Figure 1), disturbance experiments were conducted to assess
the environmental impact produced by a plough harrow [ 66,67]. The DEA is spatially
heterogeneous regarding the sea�oor morphology, geochemical properties, and PMN
distribution, with many authors highlighting the need for further research [62–64,68,69].
The mapped area extends north and south of the DEA (in the N–S direction) and to-
wards the northeast (hereafter DEA-NE). The entire region lies between � 4047 m and
� 4179 m water depth, which is slightly above the regional carbonate compensation depth
(CCD) at � 4250 m [63]. The DEA itself has low relief, gentle slopes (<3 � ), longitudinal
abyssal furrows, and areas with low re�ectivity backscatter values and no PMN, hereafter
called black patches (Figure 1). The sediments are layered clayey silts and silty clays,
with foraminiferous residues and shell fragments [67,70].

The observed abyssal furrows strike perpendicularly to the regional contours and
have a U-shape form. They are oriented parallel to the predominant NW bottom current
�ow [ 71,72]. Long-term studies showed that this deep �ow is not stable but has periods of
quasi-unidirectional strong currents (>5 cm/s but sometimes up to 17 cm/s) and periods
with slower omnidirectional currents (1–3 cm/s). The recorded bottom current velocities
are inside the velocity range that could preserve abyssal furrows [ 73]. The abyssal furrows
act as bottom current channels, occasionally eroded during short periods of higher current
velocities or even being relics from an earlier basin period, when the current regime was
stronger [73–75]. Their preservation is supported by the low regional sedimentation rates
of 0.4–2.0 cm/ka [76]. Past erosional bottom currents have also been proposed to be
responsible for the formation of the black patches; these show Plio-Miocene carbonate-rich
sediments as in�lling [63,68,72].

The PMN-free black patches are easily recognizable due to their low backscatter re�ec-
tivity (Figure 1). They have an ellipsoid shape, with their long axes oriented downslope.
Their depth varies between 2–5 m with remarkable �at and horizontal sea�oors [ 67]. This
downslope direction has been observed in other low re�ectivity PMN-free patches in Peru
Basin, connected with downslope sediment transport [68].
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Figure 1. Top left: bathymetric map of the surveyed area in the northern Peru Basin (Southeast Paci�c) during research
cruise SO242-1 [77]. The area is characterized by N–S orthogonal striking graben and horst structures, sea mountains, knolls
and hills with steep slopes, local depressions, and pit structures [67]. Top right: ship-based MBES backscatter mosaic map
of the same area. The AUV mapped DEA and DEA-NE areas are indicated as a shaded black polygon. Bottom left: ( a) DEA
and DEA-NE AUV-based bathymetry with photo locations crisscrossing the area (black points). The contours have a 2 m
depth interval. GC: gravity corer [ 69], BCM: bottom current measurements [ 71]. Map (b) is an enlarged map showing
the abyssal furrows. The furrow height is up to 2 m. Bottom right: ( a) DEA and DEA-NE AUV-based backscatter map.
The northern part has a higher backscatter intensity than the central and southern parts because of the higher number of
PMN. Backscatter alternations are also created by the presence of abyssal furrows; (b) two of the three low re�ectivity black
patches (PMN-free) that can be identi�ed in the DEA.

Larger-scale PMN-free areas with low backscatter re�ectivity have also been observed
for the Clarion-Clipperton Zone [ 15]. A recent gravity core inside a black patch in DEA
(Figure 1) revealed that its geochemical conditions differ signi�cantly from the surround-
ings, having increased organic carbon content (0.5 wt%–0.8 wt%) [69]. The increased
organic carbon content might have shifted the Mn-redox closer to the sea�oor, where the
diagenetically mobilized Mn is released into the bottom water and thus not supporting
the PMN formation [ 68,69,78,79]. Photos inside the black patch con�rmed the absence of
sur�cial PMN (Figure A1).

In the DEA-NE area, the sea�oor is heterogeneous, with elongated and conical knolls
and hills separated by local depressions. Visual inspection showed that the slopes have an
extremely thin sediment coverage, while the local depressions act as sediment depocenters
with increased sediment accumulation and talus debris [ 77]. The debris of basaltic frag-
ments could act as nuclei supply to form new PMN [ 63,64]. PMN sur�cial coverage in this
area varies, with black patches also present (Figure 1). The high-re�ectivity sub-areas are
mainly due to an exposed basement, such as the two 10 m high outcropping volcanic cones
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of pillow basalt inside a crate-shaped structure (Figures 1 and A2). The visual inspection
revealed the absence of sediments in their current-exposed, steep sides. PMN were found
in the base of the crater, mixed with talus debris [ 67,77]. Geochemical analyses of the GC
sediments revealed depth-pro�le variations for several chemical compounds, which exceed
the area variability of other stations, highlighting the need for further research [69].

2.2. Hydroacoustic Data

High-resolution MBES data were acquired with the AUV Abyss from GEOMAR [80,81].
Bathymetric data processing was performed with the QPS Qimera 1.7 and MB-System
5.7 software (Monterey Bay Aquarium Research Institute (MBARI) University of New
Hampshire and MARUM, Handelsweg, The Netherlands) [ 82]. The backscatter processing
was carried out with QPS FMGT 7. The �nally generated GeoTIFF grids have a 3 m � 3 m
cell size, projected in Universal Transverse Mercator (UTM) zone 16S. Parts of the MBES
data have been presented already by [67,83], but here they have been reprocessed and
merged into one uni�ed dataset.

Sea�oor Geomorphological Analysis

Sixteen derivatives of the bathymetric data were computed (Table 1), following the
recommendations of the current literature in the �eld of quantitatively geomorphometric
analysis of sea�oor data [ 50,84]. Derivatives were calculated based on a 10-cell (30 m)
neighborhood, which is the minimum de�ned size for some of the derivatives (e.g., vector
ruggedness measure) [85]. However, there are bathymetric derivatives that are calculated
from a 3 � 3 cell neighborhood (e.g., slope, aspect). For those derivatives, the mean
bathymetry was calculated �rst, and afterwards the derivative was determined. This
approach shows better results than grid resampling or derivative averaging [ 86]. The 30 m
neighborhood relates to the AUV positioning uncertainty, ensuring that the correct sea�oor
derivatives values will be extracted for each photo location. In this respect, a spatial
autocorrelation of the predictors can further reduce the impact of positional uncertainty
on the ML accuracy [87,88]. Moreover, the spatial autocorrelation could eliminate existing
MBES artifacts that could affect the predictive modeling [ 52,89–91]. A multiscale approach
was applied for the bathymetric position index, with �ner and broader scales to better depict
sea�oor heterogeneity (0–30 m, 30–100 m, and 100–300 m). The aspect was transformed
to northness and eastness [92–94]. Abbreviations and references to the algorithms of the
calculated 14 derivatives are given in Table 1.

Table 1. MBES derivatives, their abbreviations, and references to their calculation algorithms.

MBES Derivatives Abbreviation Algorithm

Mean Depth MD Focal statistics *1

Deviation from Mean Depth DFMD Focal statistics *1

Slope S Zevenbergen and Thorne, 1987 *1 [95]
Northness N Olaya, 2009 *2 [96]
Eastness E Olaya, 2009 *2

Pro�le Curvature PrC Zevenbergen and Thorne, 1987 *1

Plan Curvature PlC Zevenbergen and Thorne, 1987 *1

Terrain Surface Convexity TSC Iwahashi and Pike, 2006 *1 [85]
Vector Ruggedness Measure VRM Sappington et al., 2007 *1 [97]
Bathymetric Position Index BPI Weiss, 2000 [98], Wilson et al., 2007 *1 [99]

Backscatter BS Focal statistics *1

Backscatter SD BSSD Focal statistics *1

Backscatter Local Moran BSLM Anselin, 1995 *3 [16]
Backscatter Entropy BSE Haralick et al. 1973 *4 [100]

*1 SAGA GIS [101], *2 Benthic Terrain Modeler [102], *3 raster package [103], *4 glcm package [104].
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2.3. Optic Data

High-resolution photos were acquired by the deep survey camera system onboard
the AUV Abyss [ 105]. The compact morphology-based nodule delineation (CoMoNoD)
algorithm [ 9] was used for automated image analysis, providing the number of PMNs/m 2.
CoMoNoD has been used for quantitative assessment and predictive modeling already [ 7,8],
in which the advantages and limitations of the algorithm have been discussed.

We need to highlight that the primary goal of SO242-1 was to re-map in high-resolution
the sea�oor (acoustically and visually) inside and outside the DEA, which had been
ploughed in 1989 [66,67], to have data that can provide insight into the current state of the
environmental status and change when compared to previous data acquired between 1989
and 1996 [67,77]. The crisscrossing AUV photo surveys were baseline exploration surveys
about the general PMN occurrence and faunal distribution and were not meant to be a
proper resource estimation survey. Generally, the optic data underestimate the number and
abundance of PMN, and local correction factors (based on box-corer data from the photo
locations) must be applied for a more realistic resource assessment [14,15,106–109].

For compiling the ground-truth dataset, all photos inside and next to the plough
disturbance tracks were excluded, as they do not represent the original sea�oor state [ 67].
The degree of blanketing around the tracks varies [ 67]. Nevertheless, the PMN abundance
estimation in the area of the full coverage photomosaic (Figure 1) showed that the PMN
could be effectively quanti�ed, while it revealed the �rst signs of a correlation between
PMN occurrence and sea�oor morphology [9].

The optic data sampling in general has good geographical coverage (Figure 1), which
is vital to ef�ciently depict the PMN spatial distribution trend, especially in local-scale
studies such as ours [7,8,110]. The correlation points towards an underlying relationship
between PMN and sea�oor morphology that, synergistically with other environmental
factors, in�uenced the PMN genesis and current spatial distribution. This is true, although
the observed PMN number only represents the minimum number of nodules, as another
part might occur within the sediment or due to a sediment cover that was not detected by
the CoMoNoD algorithm.

In total, analyses of 30,000 photos were considered reliable and exported as ESRI
shape�le in UTM 16S for further spatial analysis steps. The exported dataset was split into
two independent datasets, creating the train and test dataset with 20,000 and 10,000 photos,
respectively. The random data split without replacement was performed using the Subset
Features tool (Geostatistical Analyst) in ArcMap 10.6 (© Environmental Systems Research
Institute Inc. (ESRI), West Redlands, CA, USA); this tool ensures the same geographical
coverage and statistical characteristics of the two generated datasets(Figure A3). The train-
ing dataset was used for the spatial autocorrelation analysis, feature selection, and spatial
modeling, and the test dataset was used only for the �nal model evaluation. An overview
of the different processing steps of the presented modelling work�ow is given in Figure 2.

2.4. Spatial Data Analysis

The presence of spatial autocorrelation was investigated using the local indicators of
spatial association (LISA) and particularly the local Moran's I [ 16]. The local Moran's I
identi�es clusters with signi�cant spatial aggregation of similar high (H-H) or low (L-L)
values (i.e., many or few PMN). The index was calculated using the Cluster and Outlier
Analysis (Anselin Local Moran's I) Tool (Spatial Statistics) in the ArcMap 10.6, according to
the equations and null hypothesis provided as default from the software (i.e., the examined
attribute is randomly distributed). The spatial relationship was based on the inverse
Euclidian distance, and spatial weights were standardized to eliminate any bias that could
be induced due to the uneven number of spatial neighbors. The analysis was based on
999 permutations. A false discovery rate correction was applied as the recommended
approach to deal with the multiple testing and spatial dependency biases in large datasets;
it provides signi�cant clusters and outliers for a 95 per cent con�dence level [111,112].
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Figure 2. The general analyses and modeling work�ow with its different processing steps. For de-
scription, see text.

A visual boxplot analysis was performed between the two spatial clusters and their
underlying MBES derivative values. In addition, the non-parametric Wilcoxon–Mann–
Whitney [ 42–44] was used to identify signi�cant differences in the MBES derivatives
between the two spatial clusters. Due to the large sample size (inherent sampling vari-
ability), the substantive signi�cance (effect size) was additionally used together with the
statistical signi�cance ( p-value) for the interpretation of the results, when the p-values are
similar or the same [113]. The base [114] and rstatix R packages were used here [115].

2.5. Feature Selection

The results from the spatial autocorrelation analysis were used jointly with the Boruta
analysis for the feature selection. The Boruta algorithm creates a shuf�ed copy of each
predictor variable and calculates the average variable importance using the ranger-RF algo-
rithm [ 45]. The variables with higher importance than their shuf�ed copies are considered
relevant to the target variable (PMN). Since all the relevant variables have been identi�ed,
Spearman's rank correlation coef�cient [ 116] was used to exclude correlated features with
coef�cient values > 0–5. Between two correlating features, the one with the higher relevance
was kept. The Spearman correlation was preferred instead of, e.g., the Pearson correlation,
as it is a non-parametric measure, which assesses the presence of monotonic relationships
while being robust to outliers and deviations from normality [ 117,118]. For executing the
features selection, the Boruta [45] and GGally [119] R packages were used.

2.6. Quantile Regression Forests

Random forests is an ensemble machine learning method designed of multiple classi�-
cation or regression trees [54]. Each tree uses a random subset of the training data through
bootstrapping. The remaining data (out-of-bag data) are used for internal error validation.
Each tree node is split using the best subset of predictors randomly chosen, minimizing the
correlation among trees. A tree is developed until the maximum depth is reached; the �nal
predicted value of the regression results after averaging all trees predictions is �nished.
The QRF extends the random forests approach by keeping all the predicted values for each
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observation. This information assesses the conditional distribution and, thus, quantiles
can be estimated. The range between the maximum and minimum quantile for a single
prediction expresses the model uncertainty for this prediction. Here, the 0.05th and 0.95th
quantiles were used for the lower and upper prediction uncertainty value.

RF performs well with the recommended default hyperparameter values (e.g., minimal
node size, maximal tree depth) [7,48,120]. Nevertheless, the default caret [121] ranger-
RF optimization process was applied, focusing on the number of variables available for
splitting (mtry) and the splitting criterion. The permutation variable importance and the
partial dependence plots (PDP) were also calculated using the pdp [ 122] R package. In a
subpart of this study area, previous RF modelling showed an overall good prediction
performance based on the internal OOB data [83].

2.7. Cross-Validation Techniques

Three different cross-validation techniques have been tested.

2.7.1. Random k-fold Cross-Validation

Here, the model is repeatedly trained through random 10-fold CV, and its prediction
performance is evaluated on the left-out fold data (k-1). Ten folds are recommended for
large datasets, as they provide a good bias-variance trade-off [123].

2.7.2. Systematic k-fold Spatial-Blocking Cross-Validation

Ten spatial non-overlapping folds (sub-areas) with equal geographical coverage
(2 km � 1 km) were created using ArcMap 10.6 [Create Fishnet Tool (Data Management)]
(Figure 3). The size of the block is a trade-off between the spatial autocorrelation range
and the need for extrapolation [ 17,22,23,31]; it should minimize the in�uence of spatial
autocorrelation in the training locations without creating extensive feature space differ-
entiation among the blocks [ 17]. The Moran's I incremental analysis [Incremental Spatial
Autocorrelation Tool (Spatial Statistics)] showed that the spatial autocorrelation quickly
drops after the 1st km (<0.25) and approaches almost zero (<0.05) from 2 km onward
(Figure 3).

2.7.3. Feature Space k-fold Clustering Cross-Validation

As third method, the clustering large applications (CLARA) algorithm was used.
CLARA [ 124] is a fast implementation of the partitioning around medoids [ 125] algo-
rithm designed for large datasets. It uses an actual data point (medoid) as the center of
each class, in which the sum of pairwise dissimilarities in this cluster is minimal; this
method is robust to outliers. Only the predictors that resulted from the feature selection
were clustered (Figure 3). The optimal number of clusters was based on the Calinski-
Harabasz index [126]. The clustering was performed with the R packages cluster [ 127],
clusterCrit [128], and RStoolbox [129].

It needs to be mentioned that both the random and the spatial k-fold CV can only be
applied inside the DEA, where AUV footage exists and an objective comparison between
the three CV techniques is possible. Nevertheless, it provides the opportunity for transfer-
ring the model to a different neighboring area, the DEA-NE. The spatial/cluster-blocking
integration within the model training was performed with the CAST R package [130].
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Figure 3. (a) Systematic spatial block CV data assignment, consisting of 10 spatial blocks with equally sized sub-areas
(2 km � 1 km). The background map is the bathymetric hillshade. ( b) Sea�oor clustering CV consisting of 10 clusters
with varying areas between 0.80–3.81 km2. (a1,b1) The sampling effort (here expressed as training points per km 2 inside
each spatial/cluster block) is unevenly distributed among the blocks/clusters and within each block/cluster. Noteworthy,
the AUV data acquisition did not aim at predictive modeling and was not optimized to achieve a balanced spatial sampling.
More samples have been acquired in the central part of the area due to dedicated photomosaic survey [ 4,9]. (a2) PMN
Moran's I value at varying distances; the Moran's I still does not reach zero beyond 2 km. ( b2) Calinski–Harabasz index
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score for different numbers of clusters. Ten (10) is the optimum number in CLARA clustering, which is relatively high for the
small area (� 17 km2), indicating considerable spatial heterogeneity. The central and northern parts have higher variability.
(c) Boxplot of training (hold-in) and validation (hold-out) data that are used in every training iteration for each CV scheme
(RanCV = random-CV, SpaCV = spatial-CV, CluCV = cluster-CV). We noticed that in each training iteration a similar number
of training data is used, reducing the unequal number of sampling points in each block or cluster. ( d) Two-dimensional
representation of the clustered feature space with both independent and overlapping clusters. Due to the area heterogeneity,
the �rst two principal components retained variation accounts only for � 50% of the total variation.

2.8. Dissimilarity Index and Area of Applicability

The recently proposed approach of using the dissimilarity index (DI) and area of
applicability (AOA) [ 35] is a model-based method that assesses geographical areas, which
have new feature space conditions and where the prediction error of a given pre-trained
model exceeds the training CV error. The DI is based on the Euclidean feature space
distances between the training dataset and the respective data of the new area. Before
the distance calculation, predictors are scaled and weighted according to their variable
importance of the model training. Thus, the distances of more important predictors account
more to the DI estimation. The 0.95th quantile (outlier removed) of the DI is used as the
AOA threshold. DI values between 0 and 1 indicate similar conditions, while values >1
indicate dissimilarity. Conversely, AOA values closer to 0 indicate unknown conditions for
the extrapolation. The CAST R package was used.

3. Results
3.1. PMN Spatial Distribution and Spatial Autocorrelation

Plotting of the CoMoNoD results in a spatial context revealed a local scale heteroge-
neous PMN distribution, with higher numbers in the northeast and southwest parts of
the studied area. Of particular interest is the central area within the photomosaic survey,
where patches of high PMN numbers coexist next to areas with lower numbers. The PMN
distribution follows the small-scale sea�oor variations created by the abyssal furrows and
the prevailing current regime (Figure A4). The local Moran's I reveals that the majority of
PMN (62%) are spatially aggregated into areas of H-H (27.5%) and L-L (34.5%) distributions
(Figure 4). The boxplot analysis and the Wilcoxon–Mann–Whitney test show differences
in the derivative distribution between the H-H and L-L clusters (Figure 4 and Table 2).
In detail, higher BS values are linked with H-H clusters having a large effect in the test.
The broad-scale BPI (100–300 m) also has signi�cant differences between the two groups,
with an observable moderate substantive signi�cance (effect size). In contrast, the small-
scale BPI (0–30 m) has no statistically signi�cant variation between the two clusters. Similar
to the backscatter entropy (BSE), the aspect of the sea�oor surface plays a role in H-H
clustering, as areas with higher numbers of PMN tend to be north-faced oriented (i.e.,
northness values closer to 1).
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Figure 4. Top: PMN spatial H-H and L-L cluster distribution based on the local Moran's I analysis.
(a) The northwest and southeast parts have mainly or exclusively H-H values. Conversely, the eastern
part has L-L values. (b) The clustering zonation follows the sea�oor microrelief (abyssal furrows).
Bottom: boxplots between statistically signi�cant spatial clusters and MBES derivatives, showing the
differences between H-H and L-L clusters.
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Table 2. Wilcoxon–Mann–Whitney test results between statistically signi�cant spatial clusters and
MBES derivatives. The statistical signi�cance ( p-value) is given together with the substantive
signi�cance (effect size) for the interpretation of the results when the p-values are the same or
similar. Its calculation and magnitude classi�cation were based on [115].

Derivatives Signi�cance Effect Size Magnitude

Backscatter (BS) p < 2.2 � 10� 16 0.537 large
Bathymetric Position Index (BPI100_300) p < 2.2 � 10� 16 0.346 moderate

Northness (N) p < 2.2 � 10� 16 0.273 small
Mean Depth (MD) p < 2.2 � 10� 16 0.269 small

Backscatter Local Moran (BSLM) p < 2.2 � 10� 16 0.216 small
Bathymetric Position Index (BPI30_100) p < 2.2 � 10� 16 0.149 small

Plan Curvature (PlC) p < 2.2 � 10� 16 0.133 small
Terrain Surface Convexity (TSC) p < 2.2 � 10� 16 0.117 small

Eastness (E) p < 2.2 � 10� 16 0.077 small
Vector Ruggedness Measure (VRM) p = 8.156� 10� 16 0.072 small

Pro�le Curvature (PrC) p = 3.031� 10� 12 0.063 small
Slope (S) p = 1.437� 10� 6 0.043 small

Deviation from Mean Depth (DFMD) p = 0.00225 0.027 small
Backscatter SD (BSSD) p = 0.04903 0.018 small

Bathymetric Position Index (BPI0_30) p = 0.09455 0.015 small
Backscatter Entropy (BSE) p = 0.64650 0.004 small

3.2. Boruta Analysis and Feature Selection

Similar to the spatial analysis, the Boruta algorithm shows that BS, BPI100_300,
and northness are important and relevant predictors. However, the MD and not the BS is
the most relevant predictor (Figure 5). Moreover, S and BSSD are ranked high, although
both have not a signi�cant difference between H-H and L-L groups (Table 2). Opposite to
the Wilcoxon–Mann–Whitney test, Boruta results indicate that all derivatives are relevant
to predict the PMN distribution. Using all variables leads to a highly correlated dataset
(Figure A5) but excluding highly-correlated variables (r > � 0.5; in the Boruta importance
score) results in the following predictors: MD, S, BS, N, BPI100_300, E, BSSD, and BPI0_30.

Figure 5. Boruta importance. See explanation in the text.

3.3. Model Training and CV Results

Based on the random-CV assessment, the QRF prediction performance wasR2 = 0.93.
The same performance also results from the RF internal OOB error. However, when the
spatial- and cluster-CV schemes were used, the prediction performance was reduced to
R2 = 0.19and R2 = 0.53, respectively (Table 3). The performance is minimized when the
spatial-blocking CV is applied. This shows that the model cannot ef�ciently transfer the
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predictions towards spatial blocks, where the SAC is low/absent and feature space extrap-
olation occurs to different degrees (Figure A6). The effect of feature space extrapolation
is also depicted in the clustering CV error assessment. Here, in every training repetition,
the model is trying to predict a new feature space cluster. This feature space can be com-
pletely new, or it has overlap with other clusters to a varying degree (Figure 3). This
fact combined with the varying degree of spatial distance among the training points (and
consequently varying SAC) results in a higher training error variance than spatial- and
random-CV (Figure 6). The random-CV has a minimum training error variance due to
the almost identical spatial and feature space characteristics of the randomly resampling
folders. The performance analysis of each spatial/cluster block could provide in-depth
information regarding the speci�c areas and sea�oor clusters for which the model performs
worst, potentially guiding future sampling (Figure A7).

Table 3. QRF performance (R2) for the three different CV schemes. The internal RF OBB error
assessment is also provided.

Training Data OOB Random-CV Spatial-CV Cluster-CV

H-H and L-L data (12,327) 0.93 0.93 0.19 0.53
All training data (19,952) 0.87 0.87 0.14 0.46

Figure 6. CV performance for each method.

The RF hyperparameter optimization differs between the spatial/cluster and random
CV. In spatial- and cluster-CV, the optimum mtry value is eight (8), whereas it is �ve (5) in
random-CV. This difference might result from the increased dif�culty the model faces in
spatial- and cluster-CV to extrapolate the predictions; it uses all the available information
to gain predictive knowledge. In random-CV, the validation hold-out samples are identical
to the training samples. Consequently, the model can predict well using fewer predictors.

3.3.1. Model Training and Sample Size

No signi�cant correlation was found between the number of training samples used
from the hold-in data and the prediction performance in the remaining (k-1) hold-out
data (random-CV: � 0.03p = 0.93; spatial-CV: � 0.11p = 0.75; cluster-CV: 0.23p = 0.51).
The inclusion of all the available training points did not further improve the modeling
performance, but resulted in a decrease, particularly in spatial- and cluster-CV (Table 3).
This decrement is attributed to the noise added to the model by using the additional 38% of
data that are not spatially aggregated. This `noise' could be the result of the inherent natural
variability of PMN distribution and/or wrong analyses of the CoMoNoD algorithm, e.g.,
through noise or lower resolution image data (greater distance to the sea�oor).

3.3.2. Model Performance in Test Data

The performance for the test data is the same for the three models (R2 = 0.76), in-
dependently of the CV scheme followed. The higher predictive performance during the
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random-CV implies that data over�tting occurred. This is not the case for the spatial- and
cluster-CV. At the end of the training cycle, the model has seen the same training data
from the random folds, spatial blocks, and clusters and similar weights and relationships
between predictors and response variables are established. The relationship type (e.g.,
monotonic, complex) and the marginal effect on the response variable are depicted as PDP
in Figures 7 and A8–A10. The low-correlated dataset ensures that the assumption of inde-
pendence (uncorrelated predictors) holds, and the PDP calculation is not violated [ 131,132].

Figure 7. Top left: The QRF variable importance and PDP between PMN and sea�oor derivatives.
The QRF response curve is represented by a black line; the LOESS curve [133] (blue line) shows the
difference between a complex ML algorithm and a simpler non-parametric regression model [ 122].
Blue ticks on the x-axes represent the data deciles. All RF relationships have a non-linear character,
with BS, MD, N, E, and BSSD having a monotonic response. For BS, a clear trend between higher
backscatter values and an increasing number of PMN can be observed. A similar trend is noticed
for the N and E features, with the highest PNM numbers observed towards NW dipping slopes,
which are parallel the dominant bottom current direction. The BPI100_300 and slope S have complex
relationships, with data aggregating in a speci�c range of the variable. This information could, in
general, be a valuable indication for favorable geomorphological characteristics of PMN occurrence
(e.g., slopes < 2� ), but clearer indications are not given due to the sampling distribution in relation
to the values of the derivatives. In most cases, the training samples are well distributed across the
feature range, providing con�dence regarding the established response curves. For BPI100_300 and
BPI0_30, the data are aggregated in a small range, creating none-sampled regions inside the training
feature space that consequently force model extrapolation. The model extrapolation is visualized
better in the two- and three-way interaction PDP, where the data convex hulls between two predictor
variables are presented (Figures A8–A10). All models have the same variable importance ranking
and PDP and, thus, only this from spatial-CV is presented.

3.3.3. QRF Variable Importance

The backscatter (BS) has the highest variable importance, followed by mean depth
(MD), northness (N), and the coarse bathymetric position index (BPI100_300). Slope (S) and
eastness (E) contribute less, while the backscatter standard deviation (BSSD) and BPI0_30
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have marginal or no contribution at all (Figure 7). This ranking is closer to the spatial
analysis results than from the Boruta analyses, where the BSSD, S, and MD have scored
higher. The overall higher agreement between local Moran's I analysis and a spatially
trained QRF shows that the Boruta may result in sub-optimum importance ranking, due to
the over�tting that occurs when non-spatial training is performed.

3.4. QRF Spatial Predictions and Uncertainty

The model prediction shows a heterogeneous PMN distribution, with a higher number
of PMN aggregated in the northern and southern areas of the DEA that follow the overall
sea�oor topography and the bottom current regime (Figure 8). The lower and upper
quantile predictions differ, with the 0.05th quantile being less affected by sampling artifacts,
which are prominent in the 0.95th quantile. Moreover, the 0.05th and 0.50th quantile predict
the spatial extent of PMN-free patches better (Figure 9). Inside the DEA, the central and
southern parts have the lowest quantile difference, due to the increased sampling effort.
The DEA-NE area also has parts with alternating high and low numbers of PMN (Figure 8).
In Figure 10, the RF model results were plotted together with the visual observations
from the ocean �oor observation system, showing an overall spatial agreement. However,
the predictions inside the DEA-NE area have high uncertainty, as the model has seen no
training data from this area and the sea�oor is morphologically more complex than the
DEA (Figure 8).

Figure 8. QRF spatial predictions for the entire AUV-mapped area. PMN are spatially aggregated in
the northern and southern parts of the DEA, with the eastern part being the least covered. Despite
the overall spatial agreement, the 0.05th and 0.50th quantiles predict the extent of the PMN free
black patches better. In addition, the 0.95th quantile has linear artifacts; these are caused due
to the difference between the model trend and sample values. The quantile uncertainty (QU) is
minimized in the areas that have samples (here images) and have a similar sea�oor geomorphology.
The superimposed bathymetric contours have a 1 m depth interval.
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Figure 9. Enlarged maps of the PMN abundance prediction from three areas with black patches
(no nodules). From left to right are the 0.05th, 0.50th, and 0.95th quantiles shown, followed by the
quantile uncertainty. The superimposed bathymetric contours have a 1 m depth interval.

Figure 10. Semi-quantitative validation between the RF predictions and video observations (SO242-
1#135_OFOS-6). Prediction and observation have the same spatial trend, showing alternations
between areas with higher, lower, and no PMN. The superimposed bathymetric contours have a
1 m interval.
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3.5. Dissimilarity Analysis and Area of Applicability

The dissimilarity analysis showed that the DEA-NE is dissimilar to the training
samples, especially in the areas with rugged sea�oor, increased slopes, and shallower
bathymetric depth range. These circumstances reduce the area of applicability of the model,
showing that additional samples must be added for better predictions. Data derived from
the random-CV model have the smallest AOA. The overoptimistic error assessment that
occurs limits the model AOA to a small region around the training locations, where the
CV error is still small and comparable. Conversely, spatial- and cluster-CV have a larger
prediction error. Hence, this error applies towards a wider area (Figure 11). The AOA
also increased when excluding the MD, BSSD, and BPI0_30 features. The latter two
were excluded due to their negligible contribution in the �nal model. Although, they
are well sampled (Figure 11). MD was excluded, as the training samples do not cover
the entire depth range of the study area (Figure 11). We have prior knowledge from
video observations (e.g., Figure 10 and previous studies [62,63,69]) that the DEA-NE is
inside the bathymetric depth range that favors the aggregation of PMN. The exclusion of
the mean depth could provide a simpler and better transferable model (on local scales),
putting a greater importance on relative bathymetric variations, such as local elevations
and depressions expressed by the BPI. The exclusion of the three variables MD, BSSD,
and BPI0_30 resulted in a decreased dissimilarity and a larger AOA (Figure 11), but the
predictive performance for the test data was reduced (R 2 = 0.73). In general, several parts
of the DEA-NE remain unsuitable for predictions using the developed model, due to the
complex geomorphology and lack of samples that cover this complex terrain.

Figure 11. Cont.
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Figure 11. Top left: the dissimilarity index (DI) between training samples and the study area resulted
from the QRF model weights. Top right: the random-CV has the most limited AOA, which is restricted
to the area directly around the training samples. For block- and cluster-CV (middle left), the pre-
diction error is comparable for the entire DEA and a small part of the DEA-NE ( 0 = Not applicable ,
1 = Applicable ). Without the mean depth (MD) as predictor variable, the AOA increases (middle
right). The spatial- and cluster-CV have very similar AOA statistic values ( r = 0.96, p < 2.2 � 10� 16).
Thus, only the cluster-CV AOA is presented in the density plots (bottom). The density plots show
the difference between the training samples (blue) and the entire study area (red). Mean depth (MD)
has the most signi�cant difference, followed by backscatter (BS), northness (N), and eastness (E).

4. Discussion

This article presents a PMN prediction case study based on AUV hydroacoustic
and image data from the Peru Basin in the Paci�c. The study highlights the presence
of spatial autocorrelation within the polymetallic nodule (PMN) distribution, with the
PMN being spatially aggregated due to local geomorphological settings and the prevailing
bottom current regime. The northwest oriented bottom current is channeled through
abyssal furrows and erodes �ne sediments. This leaves abundant fragmental materials
(�sh teeth, basalt debris, tiny pieces of broken shell, or nodules) as nuclei for the formation
of PMN [ 134]. The higher number of PMN in the northern part of the DEA and DEA-NE
is supported by the vicinity to seamounts (Figure 1), which provides additional nucleus
material, initiating the nodule formation presence [ 135]. It is still unclear to what degree
such in�uence has in comparison or synergistically to the geochemical properties of the
sediment, which play an essential role in the PMN spatial distribution, their abundance,
and size [134,136]. Using spatial geochemical information as input data in the modeling
process would have been advantageous, as omitting such drivers limits the predictive
performance. Unfortunately, the existing sampling methods (gravity cores, push cores,
multi-cores, and box-corers) have limited spatial coverage, are typically clustered in small
sub-regions due to the need for multiple replicates in biological studies, and generally do
not occur in great numbers due to the time-consuming sampling (4–5 h per sample) and
subsequent geochemical analyses.

Although our knowledge of the real reasons and their interrelationship with PMN
formation is incomplete, analyzing the spatial autocorrelation has a strong potential to
explore complex geomorphological relations, as it is an inherent part of the natural PMN
distribution and variability across different spatial scales. In this respect, calculating the
local Moran's I can contribute in three ways:

(a) Local Moran's I reveals signi�cant PMN spatial clusters. Further investigation of
such areas revealed the spatial dependency of PMN by the sea�oor morphology (exogenous
autocorrelation), as the MBES derivatives values differ signi�cantly between the H-H and
L-L groups.
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(b) Local Moran's I can effectively identify predictors for spatial modeling. In contrast,
the non-spatial Boruta algorithm showed increased relevance in predictors such as the
BSSD and BPI0_30 that had a minor to zero contribution in the �nal RF model.

(c) Local Moran's I reduces the number of training samples needed. Only the data
that contribute the most are kept, and the model becomes computationally lighter while its
performance increases. Studies have highlighted the need for better data (i.e., representative
with low sampling uncertainty and noise, having enough variation to capture critical
patterns in the data, and well distributed across the entire feature space) in data-driven
approaches such as geostatistical and ML predictive modeling [ 18,137,138]. In this respect,
the local Moran's I analysis could be an ef�cient tool.

Spatial autocorrelation (SAC) can help to address the issues mentioned above, at the
same time not considering spatial autocorrelation may result in over-optimistic CV predic-
tions. Similar to recent studies [ 17,19–21,23,24,139,140], we showed that the conventional
and commonly applied random 10-fold CV could not assess the model performance when
spatial autocorrelation is present. In such cases, spatial- and cluster-blocking perform better.
Spatial-blocking is the least biased and results in lower variance than cluster-blocking;
the higher variance of cluster-blocking has also been mentioned by others [17].

The spatial- and cluster-CV also yielded different mtry hyperparameter values. Five
predictors were adequate to predict the hold-out samples inside the random (and identical)
folders. However, for the spatial- and cluster-CV, all available predictors (eight) were
needed. The �nal models have the same performance in the unseen (but similar) test data.
By applying different CV methods, we changed our assessment method, not the model
itself. This fact shows that a spatially similar test dataset can show how well the model
can reproduce the data, but it cannot inform about how the model performs when it is
transferred to another area. In this case, the spatial-CV is recommended.

The random-CV could still be preferable in case of a) small datasets with geograph-
ical separation within the training points that exceed the area of spatial autocorrelation
(in�uence zone) or b) when the predictions are restricted to nearby locations of the training
samples [20,33,141]. Random-CV is the most straightforward implementation. Contrast-
ing spatial-blocking demands a prior correlogram calculation to identify the block size,
and cluster-blocking demands the use of clustering indexes (e.g., Calinski–Harabasz) to
�nd the optimum number of clusters along with data preprocessing (e.g., scaling of input
MBES derivatives). These procedures usually demand the use of more than one software,
increasing the time and complexity of the processing.

However, the biggest challenge lies in realizing the need for training data that are
simultaneously well spread across the geographical and feature space of the covariates used
for the analysis. Despite the signi�cant advances in terrestrial spatial sampling [ 142–146],
deep-sea studies have only lately started developing methods to optimize AUV photo
sampling in a way that maximizes the environmental information [ 147–150]. In this respect,
the QRF and AOA could guide sampling efforts in previously sampled areas or even
during sampling surveys (adaptive sampling or/and active learning).

The poor representation of the feature space, especially the range of the most important
predictor variables, causes a reduced performance and transferability of regression random
forests modelling [ 151,152]. In our case, the dissimilarity analysis (DI and density curves)
showed differences between the training samples and the targeted feature space. This
becomes visible in the quantile uncertainty (QU), which is maximized in the DEA-NE.
The QU is a helpful tool to explore the model variation inside the convex hull of the
training points (Figures A8 and A9). QU is correlated with DI (r = 0.65, p < 2.2 � 10� 16).
However, there are subareas inside the DEA-NE with high dissimilarity but no high
analogue uncertainty. This is a misleading extrapolation effect that has been described
by the AOA authors [ 35]. In other words, QRF can provide locations that have increased
model variation, but it cannot identify if this is caused due to the inherent uncertainty of
the hydroacoustic and image data or due to extrapolation.
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Any model extrapolation beyond the training domain should be accompanied by a
thorough transferability assessment, ideally with an external evaluation using data from
the new area [22,33,153]. This was not possible here, due to a lack of data. Instead, we used
the recently proposed AOA method. Within the DEA-NE area, the expected prediction
error is higher than in the trained area of the DEA, reducing the model applicability. The ex-
clusion of predictors that are prone to over�tting, such as elevation/depth, increases the
generalization performance, which has also been mentioned by [ 22]. The advantage of RF
to build complex non-linear response curves with the training data, outperforming other
regression methods [154], could result in a disadvantage when these associations occur
only locally [ 155]. A successful transfer thus relies on the assumption that the relationship
between response variable and predictor exists in both areas. The generalization perfor-
mance is maximized when the data information and feature selection are combined with
the domain knowledge, even if the domain knowledge is basic or imperfect [ 156,157]. Other
studies also showed that machine learning models with only a few predictor variables are
more transferable in marine habitat mapping than complex ones [158].

Similarly, less complex models (e.g., partial least squares regression) could generalize
better when spatial-CV schemes are applied, highlighting the trade-off decision to be made
between accuracy and generalization performance [21,25,27]. Similarly, ensemble ML mod-
els that average predictions of different single models could also yield better predictions
across different areas, as presented by [23,141]. The comparison of different models was
beyond the scope of this paper. Here, we focused on the widely used random forests
algorithm and its quantile uncertainty (i.e., QRF). We should underline that transferability
is not the primary goal when applying machine learning-based spatial modelling. ML is
designed to derive accurate predictions based on an existing measurement that captures
the underlying relationship, for which our knowledge or conceptual understanding is still
developing. Towards this direction, the RF importance score is a valuable measure to test
known hypotheses, but also to generate new ones [155,159,160].

Future research in other parts of the Peru Basin and other known �elds with poly-
metallic nodules (e.g., the Clarion-Clipperton Zone) could further enlighten the drivers
of spatial autocorrelation. In addition, the spatial analysis in various scales would also
provide insights for the underlying mechanisms that in�uence the spatial distribution of
polymetallic nodules.

5. Conclusions

Our case study shows that spatial predictions of polymetallic nodules with ML meth-
ods need to be spatial-cross-validated when the spatial autocorrelation is present, and that
the sea�oor morphology varies. Similarly, model transfer to areas with scarce or no data
should be evaluated by regarding the new area similarity with the training domain. Ideally,
each ML predictive spatial map should be accompanied with its cross-validation strategy,
uncertainty prediction, and area of application analyses, for supporting the model interpre-
tation and decision making. In other words, the focus should not only lie in generating
the �nal prediction map, but also on how this map has been derived from the �tted model
and data.
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Appendix A. Study Area Geomorphology

Figure A1. AUV grayscale images from within the DEA area. Top: high number of PMN; middle:
lower number of PMN; bottom: no PMN. The colored frames correspond to the spatial clusters
(Section 3.1).
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Figure A2. Examples of OFOS photos (SO242-1_135_OFOS06) inside the crate-shaped structure
with two outcropping volcanic cones of pillow basalts (DEA-NE). Top left: the short hillcrest with
increased slopes; top right: PMN mixed with talus debris in the foot slope and crater �oor; middle:
3D bathymetric representation (exaggerated � 5); bottom: the base of the volcanic cone (left) and the
summit (right).
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Appendix B. Methodology

Figure A3. Top left: train and test dataset distribution have the same geographical coverage and
distribution characteristics. The MBES derivative values were extracted at each photo location using
the Extract Multi Values to Points tool (Spatial Analyst) in ArcMap 10.6.
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Figure A4. (a) PMN distribution within the study area (DEA). ( b) The central part of the area is
characterized by successive alternations of higher and lower numbers of PMN. These alternations
seem to follow the abyssal furrows microrelief. The background map is the backscatter intensity,
with brighter areas to imply higher re�ectivity. A higher-resolution map of PMN distribution inside
the photomosaic area is provided by [9].

Figure A5. MBES derivatives correlation plot (left) and low-correlated predictors according to the Boruta ranking (right).
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Figure A6. Sea�oor clusters within each spatial block; at least one cluster is absent in each of the
spatial blocks. This causes spatial-CV extrapolation, which creates results such as the cluster-CV
approach.

Figure A7. Cont.
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Figure A7. Random fold (top), spatial block (middle), and cluster block (bottom) resam-
pling prediction performance during CV. The model uses the information included in the nine
folds/blocks/clusters to predict the remaining fold/block/cluster.

Figure A8. Shown are 2D PDPs between slope, BPI100_300, and PMN. Left: extrapolated feature
space, Right: convex hull of the two variables and the none-described empty feature space. The inter-
pretation outside of the convex hull is inadvisable.
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Figure A9. Three-way interaction PDP show the PMN response (colored) related to the BS, N, and E.
The convex hull of the three variables is presented. The number of PMN increases with higher
backscatter intensity and to the NW direction. In order to display the 3rd continuous variable (N),
the PDP package converts it into shingles (a data structure that consists of a numeric vector along
with four intervals that de�ne the classes of the shingle. The intervals overlap is 10%).

Figure A10. A 3D two-way interaction PDP shows the PMN response (colored surface) related to the
BS and BPI100_300.
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High-resolution mapping of deep-sea polymetallic nodules is needed (a) to understand the
reasons behind their patchy distribution, (b) to associate nodule coverage with benthic fauna
occurrences, and (c) to enable an accurate resource estimation and mining path planning.
This study used an autonomous underwater vehicle to map 37 km2 of a geomorphologically
complex site in the Eastern Clarion–Clipperton Fracture Zone. A multibeam echosounder
system (MBES) at 400 kHz and a side scan sonar at 230 kHz were used to investigate the
nodule backscatter response. More than 30,000 sea�oor images were analyzed to obtain the
nodule coverage and train �ve machine learning (ML) algorithms: generalized linear models,
generalized additive models, support vector machines, random forests (RFs) and neural
networks (NNs). All models ML yielded similar maps of nodule coverage with differences
occurring in the range of predicted values, particularly at parts with irregular topography.
RFs had the best �t and NNs had the worst spatial transferability. Attention was given to the
interpretability of model outputs using variable importance ranking across all models, partial
dependence plots and domain knowledge. The nodule coverage is higher on relatively �at
sea�oor ( < 3� ) with eastward-facing slopes. The most important predictor was the MBES
backscatter, particularly from incident angles between 25 and 55� . Bathymetry, slope, and
slope orientation were important geomorphological predictors. For the �rst time, at a water
depth of 4500 m, orthophoto-mosaics and image-derived digital elevation models with 2-mm
and 5-mm spatial resolutions supported the geomorphological analysis, interpretation of
polymetallic nodules occurrences, and backscatter response.

KEY WORDS: Backscatter, Nodule coverage, Machine learning, Orthophoto-mosaics.

INTRODUCTION

Deep-sea polymetallic nodules (hereafter nod-
ules) are mineral concretions of mm to cm in
diameter, embedded in the sediment surface of the
ocean �oor, mainly between 4000 and 6000 m water
depth. They are formed by precipitation of Fe– and
Mn-oxyhydroxides from seawater and sediment
porewater, creating repeated concentric encrusta-
tions around a core (e.g., nodule fragment, rock
debris, and shark’s tooth) over millions of years
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(Kuhn et al., 2017; Hein et al., 2020). Within the
Clarion–Clipperton fracture zone (CCFZ) in the
eastern equatorial Paci�c Ocean, nodule abun-
dances are typically 10–15 kg m� 2 (wet weight).
Nodules are rich in Mn (28.4 wt%) and Fe
(6.16 wt%) while they also have high contents in Ni,
Co, and Cu, which are usually> 2.5 wt% for these
three metals combined (Kuhn et al., 2017; Hein
et al., 2020). Due to their abundance, metal content,
and the currently increasing demand for those met-
als (e.g., batteries for electric vehicles), nodules are
of commercial interest, and 18 exploration licenses
in the CCFZ have been issued and supervised by the
International Seabed Authority (ISA, 2023). Apart
from a potential metal resource, nodules are central
to the deep-sea ecosystem as they are one of the few
hard substrates on vast regions covered by otherwise
soft siliceous clay. Several studies have linked nod-
ule abundance (kg m� 2), sea�oor area coverage (%
m� 2), and nodule size (cm) to the abundance, spatial
distribution, species richness, and community com-
position of benthic fauna (Amon et al., 2016; Van-
reusel et al.,2016; Simon-Lledó et al., 2019a, b, 2020;
Pape et al.,2021; Mbani et al., 2023; Uhlenkott et al.,
2023). Because nodules are a valuable metal re-
source and deep-sea habitat, the study of their spa-
tial distribution has been advanced.

In regional scales (hundreds to thousands km),
ship-based multibeam echosounder systems
(MBESs) and deep-towed side scan sonar (SSS)
systems have been used to discriminate areas of
nodule presence and absence using the backscatter
response, typically at 12 kHz (Scanlon & Masson,
1992; Lee & Kim, 2004; Chunhui et al., 2015; Ma-
chida et al., 2019; Kuhn & Rü hlemann, 2021; Wang
et al., 2021). These data are linked with sparse
(usually > 1.8 km apart) ground truth samples, e.g.,
box corers (sampling area of 0.25 m2) and geosta-
tistical techniques (e.g., kriging) to provide nodule
distribution and abundance (Kuhn & Rü hlemann,
2021). Within contract areas, high-resolution sea-
�oor mapping with autonomous underwater vehicles
(AUVs) has revealed the �ne-scale (meters to few
km) spatial distribution of nodules (Schoening et al.,
2017; Gazis et al.,2018; Peukert et al., 2018; Gazis &
Greinert, 2021; Alevizos et al., 2022) and associated
fauna (Simon-Lledó et al., 2019a,b; De Smet et al.,
2021). The large amounts of hydroacoustic and optic
data collected during such surveys have driven the
application of machine learning (ML) at local (Gazis
et al., 2018; Gazis & Greinert, 2021; Wong et al.,
2021; Mbani et al., 2022), regional (Hari et al., 2018;

Kaikkonen et al., 2019; Kuhn & Rü hlemann, 2021;
Wasilewska-B�aszczyk & Mucha, 2021) and global
scales (Dutkiewicz et al., 2020). ML provides reli-
able predictions for geographical areas where good
correlations between the response variable and
covariates/predictors exist, and an adequate feature
space representation for the training data is guar-
anteed (Gazis & Greinert, 2021).

Regional and local sea�oor parameters in�u-
ence directly the nodule spatial distribution, e.g.,
bathymetry (Craig, 1979; Kodagali, 1988; von
Stackelberg, 2000), terrain ruggedness (Kodagali,
1988; Skornyakova & Murdmaa, 1992), outcropping
bedrock (Dreisetl, 2016; Yoo et al., 2018; Alevizos
et al., 2022), and volcanism and availability of nuclei
(Glasby et al., 1973). Synergistically, the sea�oor
morphology alters the local hydrodynamics, e.g.,
when solitary knolls or seamount chains in�uence
the bottom current magnitude and direction, causing
erosive and depositional structures such as furrows
and sediment drifts, respectively (Juan et al.,2018).
The slope orientation (i.e., aspect) has been used as
a proxy for the mean current direction in spatial
models when continuous long-term information
about bottom currents is unavailable (Gazis &
Greinert, 2021; Uhlenkott et al., 2022). Alternations
in local sediment depositional patterns that in�uence
sediment thickness (e.g., sea�oor pits with increased
sedimentation and conical hills with sediment accu-
mulation at the lee side) contribute to the patchy
nodule distribution (Wiedicke & Weber, 1996; von
Stackelberg, 2000; Juan et al., 2018; Gazis &
Greinert, 2021). Such variations in sediment thick-
ness are re�ected in the MBES backscatter intensity,
angular range analysis (ARA), and SSS backscatter
mosaic (Yoo et al., 2018; Hillman et al., 2017; Gaida
et al., 2019), while they can be inferred from topo-
graphic indices such as the bathymetric position in-
dex (BPI) (Gazis & Greinert, 2021; Alevizos et al.,
2022) and can be measured in geophysical data ob-
tained by sub-bottom pro�ler (SBP), e.g., thickness
of semi-liquid bottom sediment layer (Cochonat
et al., 1992; Yoo et al., 2018; Alevizos et al., 2022).
The synergistic effect of seabed topography, bottom
currents, and heterogeneous sedimentation patterns
in�uences the geochemical parameters that affect
nodule formation, e.g., removal of clay-size particles
by currents, variations in total organic carbon con-
tent and shifts on Mn-redox depth in local depres-
sions, highlighting the relationship between meter-
scale seabed morphology and variation in geo-
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chemical parameters (Mewes et al.,2014; Volz et al.,
2018; Paul et al., 2019).

Despite the ability to derive accurate predic-
tions based on data that capture the underlying
relationships, different ML algorithms result in
divergent prediction performance even when using
the same dataset (Stephens & Diesing,2014; Diesing
& Stephens,2015; Robert et al., 2016; Li et al., 2017).
Multi-model approaches could help decrease the
prediction error, identify models that better gener-
alize over broad geographical areas or a more
complex feature space, and increase con�dence in
locations with good spatial agreement (Wenger &
Olden, 2012; Diesing & Stephens, 2015; Robert
et al., 2016). To our knowledge, the multi-model
approach has not been used until now for �ne-scale
spatial prediction of nodules. Here, we use �ve well-
established supervised ML algorithms: generalized
linear models (GLMs), generalized additive models
(GAMs), support vector machines (SVMs), random
forests (RFM), and neural networks model (NNM).
These algorithms represent �ve of the most common
modeling architectures with different degrees of
model complexity; they are available in all standard
data analysis programming languages (e.g., R, Py-
thon) and some GIS software (e.g., ArcGIS, QGIS).

While prediction accuracy on an independent
dataset is the standard way to assess model perfor-
mance, it is equally important to understand how
model predictions occurred. Studies have shown that
accurate model predictions can be achieved even
when irrelevant and arti�cial predictors are used,
outperforming models with domain-relevant pre-
dictors (Fourcade et al., 2018; Behrens & Viscarra
Rossel, 2020). A tradeoff between interpretability
and accuracy is thus needed, particularly in natural
sciences, where the models are used for causal
explanation (Breiman, 2001b; Shmueli, 2010).
However, interpreting ML results is dif�cult, espe-
cially when our knowledge or conceptual under-
standing is still developing and complex methods
(e.g., neural networks) are used exclusively (Merow
et al., 2014). In a multi-model approach, the contri-
bution of each predictor can be evaluated across
different models, providing better insights into their
importance (Li et al., 2017). Besides variable
importance measures are partial dependence plots
(PDPs), which depict the relationship type (linear,
monotonic, or complex) built between a response
and the predictor variables during model training
(Friedman, 2001). PDPs are one of the most widely
used model-agnostic methods in regression prob-

lems with large datasets due to their simple inter-
pretation and computation ef�ciency (Molnar,
2018).

In addition to the multi-model approach fol-
lowed, an ARA was done to better interpret the
contribution of MBES backscatter as a spatial pre-
dictor. The backscatter angular response for a
speci�c frequency and incident angle is an inherent
property of the sea�oor (Jackson & Briggs, 1992;
Fonseca & Mayer, 2007). The ARA has a higher
angular resolution than the processed backscatter
mosaic (where several angles from different swaths
have been blended and AVG �ltering has been ap-
plied), but it has a decreased along-track resolution
because it is a stack of 30 consecutive MBES pings
for the half swath width on port and starboard side
(Fonseca & Mayer, 2007; Fonseca et al.,2009). De-
spite the lower along-track resolution, ping stacking
at different beam angles could help to identify the
beam angles that contribute the most to the spatial
predictions and reveal subtle differences between
sea�oor patches with different sediment properties.
Beyond the extraction of average angular response
at certain incident angles, ARA attempts to char-
acterize sediment properties by comparing the
average angular response for each group of incident
angles with mathematical models that have linked
backscatter and sediment properties (Jackson et al.,
1986; Fonseca & Mayer, 2007). Based on this model
inversion, the backscatter impedance (hereafter
impedance) and backscatter volume (hereafter vol-
ume) were calculated. Impedance is the product of
sediment bulk density and sound velocity ratio be-
tween sediment compressional wave speed and wa-
ter sound speed, showing the acoustic contrast
between water and sediment surface (Fonseca &
Mayer, 2007). Sediments with lower water content
and typically larger grain size provide higher im-
pedance and stronger backscatter signal (Jackson &
Briggs, 1992). Volume scattering provides informa-
tion on the sound attenuation within the sediment
concerning sediment physical properties (e.g., den-
sity) and inhomogeneities within the sediment col-
umn (e.g., buried nodules or fragments of them,
burrows, and gas bubbles). In �ne-grain size sedi-
ments (e.g., deep-sea clay and silt) with low density
and roughness, volume scattering could be the
dominant contributor at lower frequencies, inter-
mediate oblique incident angles (> 15� and< 60� )
and when a bioturbated or harder/rougher layered
substrate exists below the sur�cial thin, soft layer,
e.g., thickness variations in the semi-liquid bottom

An Interpretable Multi-Model Machine Learning Approach



sediment layer (Jackson et al.,1986; Lurton & La-
marche, 2015).

To enhance the geomorphological analysis and
better understand the spatial distribution of nodule
coverage, we constructed high-resolution orthopho-
to-mosaics of the sea�oor at a spatial resolution of
2 mm pixel, which has not been acquired elsewhere
in such detail and water depth until now. In addition,
image-derived digital elevation models (DEMs)
from sea�oor parts with and without nodule cover-
age supplemented the analysis and interpretation of
MBES and SSS backscatter.

STUDY AREA

The study area was in the Eastern CCFZ, within
the B4 domain of the global sea mineral resources
(GSR) contract area (Fig. 1). This stretch of the
deep-sea, with an area of 37.34 km2 and � 4520 to
� 4392 m water depth, is one of the study sites of
the in situ mining trials of the Patania II pre-proto-
type sea�oor nodule collector vehicle (Vink et al.,
2022). It is part of a larger geomorphological system
of abyssal hills and valleys (horsts and grabens,
respectively) aligned to the N–S/NW–SE axis, par-
allel to each other (Supplementary Fig. S1), a typical
structure in the eastern CCFZ (Macdonald et al.,
1996; Parianos et al.,2022).

The central part is a wide N–S oriented U-shape
valley limited to the south-west by a volcanic knoll
with a crater on top. To the south-east, it is limited
by a horst, and to the south, there is a sill with slopes
of up to 5� and two cone-shaped morphological
features (Fig. 1, Supplementary Fig. S1). Several
sub-circular and irregularly shaped depressions exist
inside the central basin, creating an uneven sea�oor.
The largest sub-circular depression has a diameter
of � 400 m and a water depth of � 4520 m, the
deepest part of the study area (Fig.1, Supplemen-
tary Fig. S2). Based on the box corer samples re-
trieved from the central part (Haeckel & Linke,
2021), the sea�oor is covered by unconsolidated,
very soft, yellowish to medium grayish-brown clayey
silt with traces of �ne sand and biogenic siliceous
components, being homogeneous at the �rst 5 cm
(Supplementary Fig. S2). The sediment had an in-
creased water content (55.63–72.28%) and bulk
density of 1.35 t m� 3 (GSR, 2018).

The nodules were mainly of diagenetic origin
with Mn/Fe ratio > 5 (Halbach et al., 1981; GSR,
2018). Their shape was ellipsoidal, with the major

and minor axes having a linear relationship
(Schoening & Gazis, 2019; Yu & Parianos, 2021).
Their texture was smooth or botryoidal on top,
separated by a visible equatorial belt from the rough
buried bottom part (Yu & Parianos, 2021). The
nodule density was 1.99 g cm� 3 (GSR, 2018). As
regards the central part of the study area, the med-
ian abundance, including sur�cial and buried nod-
ules, was 22.4 kg m� 2 of wet weight (Schoening &
Gazis,2019). The percentage of buried nodules (�rst
10 cm in the sediment column) accounted for 14.3%
of the total number of nodules within the box corer
samples (Schoening & Gazis,2019). The % sea�oor
nodule coverage (nodule coverage) based on the few
box corer samples ranged from 4 to 43%, with a
median of 38% (Schoening & Gazis, 2019). This
nodule coverage range agrees with the nodule cov-
erage derived from the sea�oor images within the
central part (Fig. 2). The nodules were large indi-
viduals, not interconnected to other nodules (Fig.2).
Lower nodule coverage and smaller nodules existed
around local depressions. Within the local depres-
sions, the nodule coverage was< 3% (Fig. 2).
Mounds of sediment accumulation without nodules
on top caused by bioturbation (i.e., tumuli) co-ex-
isted between the nodules throughout the study area
(Supplementary Fig. S3). Traces of mobile surface
fauna and bioturbated sediments were found in
sea�oor images, box corer, and gravity corer samples
(e.g., sinuous burrows).

The volcanic knoll’s northern and east-
ern/southeastern parts have gentle slopes (3� ) and
relatively smooth terrain. The northwestern part had
steeper slopes (5–7� ) and downslope channels, indi-
cating sediment movement downslope (Fig.1, Sup-
plementary Fig. S2). Lower nodule coverage and
smaller nodules were observed here (Supplementary
Fig. S4). The main crater was 50–60 m deep (Sup-
plementary Fig. S2). Based on sea�oor images, there
were nodule-free areas, consolidated sediments, and
rocky outcrops around and inside the crater (Fig.3).

The horst at the south-east part of the study
area had a length of 2.3 km and maximum width
of � 1 km. Its western side was nodule-covered and
had a maximum slope of 10� , which forms a topo-
graphic high at 4392 m water depth, the shallowest
part of the study area (Fig. 1, Supplementary
Fig. S2). The opposite east side of the horst structure
was bounded by inward-dipping normal faults with a
sediment-free vertical cliff (60–80� ). The base of the
cliff was an enclosed U-shape collapsed trough
(> 80 m altitude difference), related to a combina-
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tion of faulting and carbonate dissolution (Mayer,
1981; Fig. 1). Its width varied from � 100 m in the
northern part to � 700 m in the southern part
(Fig. 1). Different nodule facies existed here: In the
northern part, the sea�oor had smaller nodules with

high spatial density. This part was characterized by
exposed compacted and layered indurated sedi-
ments at successive steps. On top of the exposed
parts, the loose sediment was winnowed away, and
small nodules lie (Fig. 3). Such structures within

Figure 1. (a) Map showing the CCF between North America and Hawaii. The darker blue regions are the exclusive economic zones
(FMI, 2019). (b) Map showing the nodule exploration contract areas (black polygons), reserved areas (light blue polygons around the
exploration contract areas) and the areas of particular environmental interest (hashed blue squares) in the CCFZ (ISA,2023). The GSR
exploration contract area is divided into three blocks (marked in yellow). The black dot indicates the location of the study area. (c) AUV-
based bathymetry of the study area (grid cell is 2 m9 2 m; contour interval 1 m). The background bathymetry is from ship-based MBES
data, with grid cell size of 50 m 9 50 m and contour interval of 25 m (Gazis,2020). The black lines are the AUV sea�oor images used for
spatial modeling. Sea�oor images exist along the entire AUV transect, but only the images obtained at an altitude £ 7 m were used for
spatial modeling and shown here. The locations of inset images in Figures2 and 3 are indicated.
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deep-sea troughs have been mapped in the past in
CCFZ (Mayer, 1981). In the southern part of the
trough, the sea�oor was covered by densely packed
small nodules, debris, pillow basalts, basaltic frag-
ments, and rocky outcrops (Fig.3).

The highest nodule coverage (up to 50%) was
observed at the southeastern edge of the study area
(Fig. 2). Geomorphologically, prominent sites have
been linked to high nodule coverage because of
abundant nuclei material that existed as fragments
or was gravitationally transferred downslope when
steep slopes exist (Yamazaki & Sharma, 2000;
Sharma,2017; Li et al., 2021). The nodules here were
smaller than in the central and �atter part of the
study area (Fig. 2), a fact that could be attributed to
one or several factors: the limited available hori-
zontal space relative to a high number of nuclei,
younger age, primary hydrogenetic growth, and
limited supply of dissolved metal through diagenetic
precipitation due to thinner or absent semi-liquid

bottom sediment layer (i.e., geochemically active
layer) due to frequent basement exposure (Cocho-
nat et al., 1992; Lipton et al., 2016). Further to the
southeast, three pits (or potholes) of varying depths
(10–50 m) were presented (Fig.1, Supplementary
Fig. S1). They had sharp walls (locally steeper than
60� ) with layered consolidated sediments (Supple-
mentary Fig. S5). Pits existed along all the main
horsts within the broader study area, having varying
depths and sizes (Supplementary Fig.S1). Their
presence has been linked to the dissolution of
outcropping carbonate and Miocene limestone be-
cause the study area is at the limit of the calcite
compensation depth (CCD; Berger et al., 1976)
augmented by turbulent erosion and hydrothermal
discharge through conduits created by faulting and
differential compaction between the asymmetrical
�anks (Mayer, 1981; Bekins et al., 2007; Moore
et al., 2007).

Figure 2. Color-normalized AUV-generated sea�oor images from different locations within the study area. Each image shows a different
nodule coverage. The location of each image is given in Fig.1.
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Figure 3. Color-normalized ortho-photomosaics from different sea�oor locations within the study area (the location of each section is
given in Fig. 1). The grid cell size is 2 mm9 2 mm. (a) Exposed carbonate cemented sediment layers appear as successive steps along the
eastern slope of the trough. Densely packed small nodules are observed at the deepest and �attest part, while the carbonate steps exhibit
fewer nodules. (b) Four solitary pillow basalt blocks in the southern part of the trough with associated fauna (Actiniaria ). (c) and (d)
Basement exposure, basaltic debris, small nodules, and nodule fragments generate a hard substrate inside the trough. The sharp-edged
steps with detached, undissolved rocky fragments indicate a cobalt-rich ferromanganese crust. Sessile (Porifera, top left) and motile fauna
(Arthropoda , bottom right) are shown within the black inset in ( d). The fauna annotation was based on the standardized taxonomic �eld
guide presented by Simon-Lledó et al. (2023). (e) The outer crater shows low-to-no nodule coverage and angular rocks as sea�oor
pavement.
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METHODOLOGY

MBES Data Acquisition and Post-Processing

The used HUGIN 6000 AUV was equipped
with a Kongsberg EM2040 MKII operating at
400 kHz, with beam opening angles of 0.7� 9 0.7� .
The swath opening angle was 120� , and the �ying
altitude was kept constant at 60 m above the sea-
�oor, resulting in uniform swath width and � 50%
overlap between neighboring lines. A detailed
description of the acquisition system settings (e.g.,
beam spacing pattern, pulse mode, and ping rate) is
provided in the expedition report (Vink et al., 2022).
The raw data were stored in the Kongsberg .all
format. The navigation data were post-processed
onboard using Kongsberg’s proprietary NavLab
software. The post-processing was done with the
QPS Qimera v1.7 software and included sound
velocity pro�le ray tracing correction, roll bias cor-
rection, and tide correction based on pressure
changes of two �xed deployed SBE16 CTDs (Vink
et al., 2022), AUV turn removal, automated CUBE
�ltering (Calder & Mayer, 2003), and manual re-
moval of erroneous soundings. The generated
bathymetric grid was exported as GeoTIFF with
2 m 9 2 m cell size in Universal Transverse Mer-
cator coordinates zone 10N (hereafter UTM 10N).
The absence of navigational drift was con�rmed
using the available ship-based MBES data (Gazis,
2020) as a reference layer.

The processed lines were exported to MBES
generic sensor format (.gsf) and imported to the
QPS Fledermaus Geocoder Toolbox (hereafter
FMGT) v7.8 for the backscatter post-processing.
The FMGT built-in work�ow was followed (i.e.,
radiometric correction, slope correction based on
the exported bathymetric grid, angle varying gain
(AVG) correction, nadir �ltering, anti-aliasing,
despeckling, and mosaicking) to create the
backscatter mosaic (Fonseca & Calder,2005). The
backscatter mosaic was exported as a GeoTIFF grid
with 2 m 9 2 m cell size in UTM 10N. In addition to
a backscatter mosaic, the ARA in the near range
(incident angles within 0–25� ), far range (incident
angles within 25–55� ), and outer range (incident
angles within 55–85� ) were exported as GeoTIFF
grids in UTM10N. The ARA beam details (i.e., ping
number, beam number, easting, northing, depth,
backscatter value, corrected backscatter value, and
true angle) were exported in .txt format for speci�c
MBES lines for comparing patches with variations in

backscatter intensity and nodule coverage. Based on
the ARA model inversion, the acoustic impedance
(hereafter impedance) and volume scattering
(hereafter volume) were calculated and exported as
GeoTIFF grids in UTM10N.

SSS Data Acquisition and Post-Processing

An AUV-mounted EdgeTech 2205 SSS was
used to acquire sea�oor backscatter data at 230 kHz,
parallel to MBES mapping (Vink et al., 2022). No
interference was observed between the two systems.
The raw data were stored in EdgeTech .jsf format
(in which the post-processed navigation was inte-
grated) and processed with the SonarWiz v7.09
software. The post-processing included bottom
tracking based on the provided threshold detection
method, slat range and bottom slope correction, gain
correction using the empirical gain normalization
method, nadir correction, and turn removal. The
high overlap (� 60%) between the neighboring lines
resulted in the absence of nadir gaps in the �nal
mosaic. The �nal mosaicking was done using the
average blending method. The SSS backscatter
mosaic extent was clipped to the MBES grid extent
and exported as a GeoTIFF grid in 2 m 9 2 m cell
size in UTM10N.

MBES and SSS Derivatives

Following results from previous studies (e.g.,
Gazis & Greinert, 2021), 19 derivatives were pro-
duced (Table 1). Before calculating the derivatives,
the mining site area and adjacent periphery (�
450 9 430 m) were clipped out (in QGIS v3.24) as
the anthropogenic nodule removal and sea�oor
disturbance alternated the natural bathymetric and
backscatter values. The three source grids (MBES
bathymetry, MBES backscatter, SSS backscatter)
were �ltered using a Gaussian �lter (in SAGA GIS
v8) with standard deviation (SD) of 1 and a kernel
radius of 2 pixels to eliminate any remaining single-
cell outliers that could affect negatively the deriva-
tive calculation and modeling performance (Lucieer
et al., 2016; Lecours et al., 2017). Afterward, the
derivatives were produced. The aspect was trans-
formed into eastness and northness (Florinsky,
2017). None of the derivatives had zero variance
(Supplementary Table S1) or was perfectly corre-
lated (r > 0.85, p < 0.05) with another derivative
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(Supplementary Fig. S6). The maximum correlation
was among the ARA outputs. Because the ARA
contribution to modeling performance was one of
the study’s interests, all ARA outputs were kept.
The caret (Kuhn, 2022) and GGally (Schloerke
et al., 2023) R packages were used for the zero
variance and correlation analyses.

Image Data Acquisition and Post-Processing

High-resolution sea�oor images (4096 9 3072
pixels) were acquired by the AUV HD CathX Col-
our Still Camera (M12 A1000) and stored in JPEG
format (Vink et al., 2022). Like the hydroacoustic
data, the AUV navigation from the photo-surveys
was post-processed using Kongsberg’s proprietary
NavLab software to de�ne each image location,
camera altitude and the photographed sea�oor im-
age area. The nodule coverage was calculated using
the saltation GmbH & Co. KG proprietary H 2SOM
software (Supplementary Fig. S7), which automati-
cally detects and segments polymetallic nodules in
underwater images using a hierarchically growing
hyperbolic self-organizing map approach (Schoening
et al., 2016). Other researchers also have used

the H2SOM software to quantify the nodule cover-
age in sea�oor images (Ellefmo & Kuhn, 2021; Kuhn
& Rü hlemann,2021). The �ne-tuning of the software
parameters for this dataset was done by saltation
GmbH & Co. KG. During the image acquisition, the
AUV �ying altitude was set at 5 m above the sea-
�oor, which could not always be kept constant due to
altimeter bottom detection warnings, which forced
the AUV to �y higher in some parts of the survey
lines (up to 15 m in some cases). Image evaluations
showed that the photos obtained above 7 m could
not offer meaningful information and thus were ex-
cluded. Images along the AUV turns and those
outside the MBES grid extent were also excluded. In
total, 31,409 images were used to extract the nodule
coverage for model training and testing.

Although not a direct topic of this study, the
conversion of nodule coverage from sea�oor images
(%) to nodule abundance (kg m-2) was not possible
due to the absence of needed information to estab-
lish local equations between the sea�oor images and
the box corer data. Apart from the available image-
derived nodule coverage, the image-derived size
distribution and box corer-derived nodule abun-
dance, coverage, and size distribution were needed
at the sea�oor image locations. In addition, the

Table 1. MBES and SSS derivatives used for the spatial modeling

MBES and SSS derivatives Abbreviation Algorithm Software

MBES bathymetry
Bathymetry BT CUBE and manual �ltering QPS Qimera
Bathymetry Local Moran BT_LM Anselin ( 1995 R raster package, Hijmans (2022)
Slope S Zevenbergen and Thorne (1987) ArcGIS BTM, Walbridge et al. ( 2018)
Northness N cos (Aspect in radians) ArcGIS (BTM)
Eastness E sin (Aspect in radians) ArcGIS (BTM)
Pro�le Curvature PrC Zevenbergen and Thorne ( 1987) ArcGIS (BTM)
Plan Curvature PlC Zevenbergen and Thorne (1987) ArcGIS (BTM)
Vector Ruggedness Measure VRM Sappington et al. (2007) ArcGIS (BTM)
Bathymetric Position Index BPI Wilson et al. ( 2007) ArcGIS (BTM)
Fine scale BPI0_30 Inner radius: 0 m

Outer radius: 30 m
Broad scale BPI100_300 Inner radius: 100 m

Outer radius: 300 m
MBES backscatter
Backscatter BS Fonseca and Calder (2005) QPS (FMGT)
Backscatter Local Moran BS_LM Anselin ( 1995) R (raster package)
ARA Mean Near ARA_MN Fonseca and Mayer ( 2007) QPS (FMGT)
ARA Mean Far ARA_MF Fonseca and Mayer ( 2007) QPS (FMGT)
ARA Mean Outer ARA_MO Fonseca and Mayer ( 2007) QPS (FMGT)
ARA Impedance ARA_IM Fonseca and Mayer ( 2007) QPS (FMGT)
ARA volume ARA_VO Fonseca and Mayer ( 2007) QPS (FMGT)
SSS backscatter
SSS backscatter SSS SonarWiz SonarWiz
SSS backscatter Local Moran SSS_LM Anselin (1995) R (raster package)
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sea�oor images tended to underestimate the actual
nodule coverage due to semi-buried nodules or
nodules covered by faint sediment (Sharma,1993;
Ellefmo & Kuhn, 2021; Tsune,2021). The degree of
underestimation varied among different nodule si-
zes, facies and substrates, being higher in sub-areas
with thicker sediment cover and lower in sub-areas
with rocky substrate and basement exposure (Shar-
ma, 1993, 2017; Parianos et al., 2021). Finally, sea-
�oor images cannot provide information on the
buried nodules (Sharma et al., 2013; Lipton et al.,
2016; Sharma,2017), and correction factors based on
box corer data must be applied. Nevertheless, stud-
ies have related higher nodule coverage with higher
nodule abundance in areas without sur�cial sedi-
ment on nodules—like our study site (Lipton et al.,
2016; GSR, 2018; Wasilewska-B�aszczyk & Mucha,
2021). Thus, image-derived nodule coverage and
model predictions (see Results section) could guide
future box corer sampling at sea�oor image loca-
tions and sub-areas with different nodule coverage.

Orthophoto-Mosaics and Image-Derived Digital
Elevation Models

The sea�oor images were taken at 5 Hz,
resulting in a high overlap (� 75%) in the along-
track direction, which allowed the computation of
high-resolution orthophoto-mosaics and image-de-
rived DEM. Before orthophoto-mosaicking, the
original sea�oor color was restored in underwater
images using the in-house software Image Normal-
ization (Kö ser et al., 2021), which removes lighting
artifacts and illumination cones (Supplementary
Fig. S7). Orthophoto-mosaics and the respective
DEMs were calculated using the Agisoft Metashape
Pro v8.3 software, following the built-in work�ow
(Camera calibration, Image alignment, Dense Point
Cloud creation, Dense Point Cloud Con�dence �l-
tering, DEM calculation, and orthophoto mosaic
reconstruction). The orthophoto-mosaics and DEMs
were exported as GeoTIFF grids with 2 mm 9 2
mm and 5 mm 9 5 mm pixel/cell sizes, respectively.

Spatial Modeling

Data Pre-Processing

The predictor values of the MBES and SSS data
sets were extracted from each image location using a

bilinear interpolation of the four adjacent cells to
reduce the effect of AUV positioning uncertainty.
The data were split into training (80%) and testing
(20%) datasets using strati�ed sampling without
replacement (i.e., no duplicate samples between
training and testing datasets), ensuring good repre-
sentativeness of the univariate density distribution
and spatial coverage between the two datasets. The
splitTools (Mayer, 2022) R package was used for this
purpose. The testing dataset was kept from further
steps such as correlation analysis, data transforma-
tion, cross-validation (CV), and model training to
avoid data leakage.

Data Transformation

As the nodule coverage (response variable) was
given in % relative to the observed sea�oor, the
arcsine transformation was used to avoid extrapo-
lation below 0% or above 100%. In addition, it en-
hanced the model comparison and interpretability at
the extreme ends because it stretched out the data in
these two areas. The transformation was done in R
using the formula: y ¼ arcsin

���
x

p
ð Þ, where x is a real

number from 0 to 1, representing the nodule cov-
erage in percentage. The model predictions were
back-transformed using the formula: x ¼ sinðyÞÞ2,
and multiplied by 100 to return the predicted per-
centages of nodule coverage. The performance
metrics on the testing dataset were calculated using
the back-transformed data.

ML Algorithms

The following regression algorithms were ap-
plied using the caret package in R (R Core Team,
2022):

GLM is an extension of the linear regression
model that allows for incorporating non-normally
distributed data (e.g., Poisson, binomial) using link
functions that relate the predicted response variable
to predictors (McCullagh & Nelder, 1989). Here, we
used a GLM augmented with component-wise gra-
dient boosting (Bühlmann & Hothorn, 2007) as
implemented in the mboost (Hothorn et al., 2021) R
package.

GAM is a data-driven approach that divides
data into sections (knots), �tting independent
smooth functions (e.g., splines) for each section,
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assuming that the built functions are additive. It can
handle non-linear and non-monotonic relationships
between the response and predictors without
assumptions regarding the distribution of the re-
sponse variable and predictors (Hastie & Tibshirani,
1986). Like the GLM approach, a component-wise
gradient-boosted GAM that uses penalized B-
splines (a.k.a. P-splines; Eilers & Marx, 1996) as a
base learner was applied using the mboost R pack-
age.

RFM is an ensemble of regression trees that
grow independently using a random subset of the
training data and a random subset of predictor
variables (Breiman, 2001a). Thus, correlations
among trees are minimized. In each tree, the ’par-
ent’ nodes are split using the best subset of predic-
tors that minimizes the variance of the ’child’ nodes
until the maximum de�ned depth is reached. The
�nal prediction is the average prediction of all trees
(in regression problems). The ranger R (Wright &
Ziegler, 2017) package was used.

SVM is a non-parametric technique that uses
kernel functions to divide the hyperparameter data
space into subspaces (hyperplane), aiming for good
separation of the data (Cortes & Vapnik, 1995). The
kernel functions can be linear, polynomial, sig-
moidal or radial basis and can project data from a
low-dimensional space to a higher dimensional
space, the so-called ’kernel trick’ (Karatzoglou et al.,
2004). The prior choice of kernel function is arbi-
trary, and several kernel functions should be tested
as the performance may vary depending on the data
size and relationships among data. The kernlab
(Karatzoglou et al., 2023) R package was used.

NNM is a data-driven approach to extract pat-
terns (i.e., relationships) from data using algorithms
(e.g., forward propagation, backpropagation) and
activation functions (e.g., logistic, tanh). It creates
weighted associations between predictors and re-
sponse variables at the hidden layers, which receive
information from all nodes of the previous layers
and transfer it to the activation function and next
layer(s). Non-linear activation functions allow the
network to deal with non-linearities between pre-
dictors and response variable (Lippmann,1987). We
used the neuralnet (Günther & Fritsch, 2010) R
package to develop an NNM that uses resilient
backpropagation with weight backtracking (a.k.a.,
rprop + ; Riedmiller & Braun, 2003; Riedmiller,
1994).

Hyperparameter optimization (aka tuning) was
done for all models. GLM tuning included the

number of boosting iterations (Supplementary
Table S2). GAM tuning included the number of
boosting iterations and the degrees of freedom in P-
splines (Supplementary Table S3). RFM tuning in-
cluded the number of predictor variables randomly
sampled at each node split, the split rule and the
minimum node size (Supplementary TablesS4–S5).
SVM tuning optimized the kernel type, polynomial
degree, scale and cost hyperparameters (Supple-
mentary Tables S6–S7). The number of hidden lay-
ers, neurons and activation functions were optimized
in NNM (Supplementary Tables S8–S9). An
exhaustive hyperparameter tuning was out of the
scope of this paper. The optimization process oc-
curred during the spatial CV, which is the preferred
method when data are spatially autocorrelated
(Schratz et al., 2019; Gazis & Greinert, 2021).

The variable importance was extracted for all
models. Each model estimated variable importance
differently: In GLM, the absolute value of the
coef�cients from the �nal model was used (Kuhn,
2022). In GAM, the in-bag risk reductions per
boosting iteration (error difference between the
current and the previous step for each base learner
contained in the model) were calculated (Hothorn
et al., 2021). In RFM, the average permutation
variable importance from all trees was used (Brei-
man, 2001a). In SVM, there is no model-speci�c way
to calculate the importance. Instead, we used a
permutation approach, where the prediction error
was measured before and after shuf�ing the values
of the predictor variable. The larger the prediction
error after shuf�ing, the higher the importance of
this predictor variable; the iml (Molnar, 2018) R
package was used. In NNM, we used the model
weights assigned to each predictor to measure vari-
able importance; the weights were calculated based
on the Garson algorithm (Garson, 1991; see also
Goh, 1995), as it is implemented in Neural Net Tools
(Beck, 2018) R package. All variable importance
outputs were scaled between 0 and 100 for better
comparison across the different models (Kuhn,
2022). PDPs were calculated using the iml and pdp
(Greenwell, 2017) R packages. All needed graphs
were produced using the ggplot2 (Wickham,2016) R
package.

CV Strategy and Extrapolation Assessment

ML models can yield over-optimistic results
when a non-spatial, random k-fold CV is used for
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spatially autocorrelated data (Roberts et al., 2017;
Meyer et al., 2018; Ploton et al., 2020; Karasiak
et al., 2022). Here, a spatial k-folds CV strategy was
applied. The folds’ dimensions (and consequently,
number) are a tradeoff among spatial autocorrela-
tion range, data representativeness, and model
extrapolation (Roberts et al., 2017; Valavi et al.,
2019). Small folds could not eliminate the in�uence
of spatial autocorrelation in the training locations
(over-optimistic predictions), while too large folds
can result in the removal of a big portion of training
data, which creates feature space gaps and causes
unnecessary extrapolation that reduces modeling
performance (over-pessimistic results). We used an
incremental Moran’s Index analysis to identify the
maximum distance of spatial autocorrelation. This
analysis was done in ArcMap v10.6 according the
provided equations, the null hypothesis (i.e., the
examined attribute is randomly distributed) and the
signi�cance level (p < 0.05). The conceptualization
of spatial relationship was based on the inverse
Euclidian distance, and the spatial weights were
standardized, eliminating any bias that could be in-
duced due to the different number of spatial neigh-
bors (Mitchell & Grif�n, 2021). Three different
numbers of non-overlapping spatial folds were cre-
ated and compared: 19 1 km (28 blocks), 3 9 3 km
(5 blocks) and 5 9 5 km (2 blocks; Supplementary
Fig. S8).

For each of the three spatial block con�gura-
tions, the density distributions of geographical and
feature space distances were compared among the
training dataset, the CV folds and the total geo-
graphical and future space area used for model
predictions aiming to identify the best size of the
spatial blocks (tradeoff between the minimization of
spatial autocorrelation and need for extrapolation).
This comparison was made using the CAST (Meyer
et al., 2024) R package, which implements the
abovementioned method proposed by Meyer and
Pebesma (2022). The degree of how well a model
extrapolates in space was assessed using the area of
applicability (AOA) method (Meyer & Pebesma,
2021). This method outputs the geographical areas
where the multivariate feature space conditions are
similar to those captured by the model, and the CV
predictive performance still holds. The geographical
parts with novel feature space conditions were re-
turned as non-applicable areas (Meyer & Pebesma,
2021). The feature space dissimilarity analysis is
based on the normalized and weighted (according to
model weights, a.k.a. variable importance) Eu-

clidean distances between training data and the total
feature space of the entire study area. The AOA was
calculated using the CAST R package.

The schematic �owchart that illustrates the
main methodological and modeling steps is pre-
sented in Supplementary FigureS9.

RESULTS

CV Block Size

The incremental Moran Index analysis showed
that nodule coverage was spatially autocorrelated,
particularly in distances< 1 km (Moran I statis-
tic > 0.5, p < 0.05). At 3 km distance, the Moran I
statistic was< 0.1 (p < 0.05) with decreasing trend.
It reached zero at distances over 4.5 km (Supple-
mentary Fig. S8). The analysis showed that, at 1 km,
the geographical distances were still smaller than
those needed for representative predictions, and the
spatial autocorrelation was still considerable,
potentially leading to over-optimistic results (Fig. 4).
At 5 km, the geographical and feature space dis-
tances inside CV blocks were larger than those
encountered during prediction, resulting in unnec-
essary extrapolation (Fig. 4). The 3 9 3 km CV ap-
proach showed the best representativeness between
the training data and the model space, and it was
selected for model training, tuning and evaluation
(Fig. 4). All block con�gurations outperformed the
random-CV strategy (Fig. 4).

Predictive Performance, Nodule Coverage
and AOA

RFM had the best predictive performance on
the testing data, followed by NNM (Table 2). SVM
and GAM had the same coef�cient of determination
(hereafter R2) between model predictions and
observations on the testing data. However, SVM had
a lower mean absolute error (hereafter MAE) and
root mean squared error (hereafter RMSE) than
GAM. GLM had the worst �t on the testing data
(R2 = 0.72; Table2).

All models reproduced the testing data distri-
bution (e.g., mean, median, interquartile range) well
but not the minimum (min) and maximum (max)
values of the response variable (Table3). Despite
the best overall performance, RFM yielded the
lowest value range, overestimating the lower values
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and underestimating the higher values (Table 3).
NNM, SVM and GAM predictions were closer to
the initial min–max range. GLM was the only model
that predicted beyond the min value of the testing
data, but it also underestimated the upper range
(Table 3).

All models yielded similar nodule coverage
maps and interquartile ranges (Fig. 5, Supplemen-
tary Table S10). Differences in the predicted min–
max range were observed as GAM extrapolated
only in the lower range of nodule coverage, NNM
only in the upper range, and GLM and SVM
extrapolated in both directions (Fig. 5). SVM pre-
dicted 100% nodule coverage in isolated pixels,
which were not observed in the sea�oor images or
predicted by any other model (Fig. 5). The model
predictions beyond the min–max range of training
data had limited spatial extent ( £ 0.23% of the
total area; Supplementary Fig. S10).

The weighted-average prediction surface from
all models showed excellent spatial agreement with
the sea�oor images from the testing data and box

Figure 4. Geographical and normalized multivariate predictor space Euclidean distances among train dataset, CV folds, and predicted
area for (a) random-CV, ( b) spatial-CV (1 9 1 km), (c) spatial-CV (3 9 3 km) and (d) spatial-CV (5 9 5 km).

Table 2. Model performance metrics on test dataset for the back-
transformed predictions

Model R 2 MAE RMSE

GLM 0.72 2.80 3.92
GAM 0.75 2.60 3.68
RFM 0.84 2.04 2.94
SVM 0.75 2.44 3.63
NNM 0.76 2.54 3.56

Table 3. Summary statistics of test dataset and model predictions
on the test dataset

Min. 1st Qu. Median Mean 3rd Qu. Max.

Test data 1 22 29 26 32 46
GLM 0 24 28 26 30 40
GAM 2 23 29 26 31 34
RFM 7 22 29 26 31 35
SVM 2 23 29 26 31 40
NNM 5 23 29 26 31 41
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corer samples (Fig.6). Comparing the models’ pre-
dictions pixel-by-pixel, we obtained the spatial dif-
ferences (here expressed as SD of the predicted
values). The largest differences were in geographi-
cally small sub-areas associated with sharp mor-
phological transitions, bedrock exposure,
consolidated sediments, and volcanic knolls. The
highest SD was within the trough at the southeast
part of the study area (Fig. 6). The combination of
deeper parts with steep slopes (linked with lower
coverage) and high backscatter re�ectance (linked
with higher nodule coverage), which is partly at-
tributed here to nodule coverage and partly to hard
substrate, led to contradictory predictions: RFM
predicted low nodule coverage, while SVM yielded
high nodule coverage (Fig.6).

Regarding model transferability, the spatial-CV
approach showed that all models performed well
when a large part of the geographical and feature

space was kept out, a fact partially attributed to the
representativeness of the univariate density distri-
bution of each predictor by the training sample
(Supplementary Fig. S11). The CV residuals from all
models had weak spatial autocorrelation and were
normally distributed (Supplementary Fig. S12).
RFM had the best average performance in CV folds,
followed by GAM, which had the smallest
interquartile of all models (Fig. 7). However, the
model performance varied among the spatial blocks,
with median being higher than the mean in all
models (Fig. 7). This variation was due to the poor
performance of all models in the same spatial block
(Fig. 7). This spatial block was in the southeast of
the study area (Fig. 7), having a complex geomor-
phology which differed from the rest of the study
area. The presence of horst, cliff, trough, exposed
indurated sediments and different nodule facies
(Figs. 1, 2, 3) resulted in extreme derivative values

Figure 5. (a) Maps of the spatial predictions of nodule coverage and range of predicted values (over the entire study area for each ML
model. Along a north–south axis at the west part of the study area, the sea�oor is quasi-homogeneously covered with nodules (20–30%
coverage). Higher coverage exists in the southeast but is rather localized (> 35%). The central and deeper part has lower nodule coverage
(� 15–25%) that progressively decreased, reaching almost zero values at the deepest part of the basin. Lower coverage also existed at the
northwest corner (crater slope). (b) Boxplots of nodule coverage predicted values for the entire study area.
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that forced the models to extrapolate beyond the
training feature space, as shown by the feature space
dissimilarity analysis and AOA (Fig. 6).

The sub-areas where severe model extrapola-
tion occurred were limited because each model was
applicable in more than 91% of the total area
(Supplementary Fig. S13). All models had similar

AOA, with marginal differences to occur locally
(Supplementary Fig. S13). All models applied to
88% of the study area (pixel-by-pixel comparison
regarding the pixels where all models applied
simultaneously); there was 6% for which only some
models were applicable (at least one) and another
6% for which no model was applicable (Fig. 6).

Figure 6. (a) Nodule coverage map of the weighted-mean prediction from all models. (b) Map inset from the central part of the study
area, which shows the spatial �t between the predicted surface, test data (derived from sea�oor images) and box corer data. (c) Variance
of the models expressed as SD of the predicted values from each model at each cell). (d) Map showing the areas where models extrapolate
based on the AOA method.
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Variable Importance and ML Interpretation

The variable importance calculation showed
that BS, ARA_FM and SSS were the three most

important predictors for the spatial distribution of
nodule coverage (Fig.8). BS and ARA_FM ranked
in the two �rst positions in all models. The swapping
between �rst and second played among the models

Figure 7. (a) CV performance for each ML model. The median (thick blue line) is higher than the mean (black dot) in GLM, GAM, SVM
and RFM. The low performance in one block pulls down the mean R2. In NNM, the mean and median are the same. Detailed statistics are
provided in Tables S11–S13. (b) In-fold performance for each spatial block and model. All models performed similarly in each CV spatial
block. (c) Spatial orientation of the CV spatial blocks. Block 5 has the smallest AOA (see Fig. 6).

Figure 8. (a) Variable importance for each model trained with all available predictor variables. BS and ARA_MF scored �rst in all
models. (b) Variable importance for each model trained without the hydroacoustic backscatter-related predictors.
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Figure 9. (a) Post-processed MBES backscatter mosaic of the study area and image-derived nodule coverage. (b) ARA curves from
sea�oor patches with different nodule coverage. MBES soundings from locations with different nodule coverage show a clear difference
in backscatter intensity for the entire range of incident angles. (c) Boxplots of SSS backscatter intensity from sea�oor patches with
different nodule coverage. The black horizontal line corresponds to the median, and the black dot corresponds to the mean value. (d) Bar
plots of the prediction performance of each model using only the geomorphological predictors derived from MBES data (light blue),
geomorphological predictors derived from MBES data and SSS backscatter intensity (medium blue), all available predictors including
MBES backscatter data and ARA (dark blue). GLM had the biggest predictive improvement when the SSS and MBES backscatter data
were added (Supplementary Table S6) due to the monotonic/quasi-linear relationship between SSS and MBES backscatter with nodule
coverage (Fig.10).
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was probably due to the correlation (r = 0.8,p < 0.05;
Supplementary Fig. S6). SSS was the third most
important predictor for two models (GAM, SVM)
and scored high in GLM and RFM (Fig. 8). In NNM,
the replacement of SSS from SSS_LM, which ranked
as the third most important predictor, was observed.
SSS and SSS_LM were also correlated predictors
(r = 0.7,p < 0.05; Supplementary Fig. S6).

The MBES backscatter mosaic and ARA
analyses depicted the differences in nodule coverage
(Fig. 9). A distinct difference (> 5 dB) in backscat-
ter intensity from sea�oor parts without and with
nodules existed (Fig.9). Moreover, nodule coverage
variations in the order of 10% were detectable,
highlighting the sensitivity of the used 400 kHz fre-
quency (Fig. 9). All models captured the monotonic
relationship between MBES backscatter and nodule

coverage similarly but with different degrees of
complexity (Fig. 10). Although the backscatter dif-
ferences were distinct for the entire range of inci-
dent angles, they were more prominent in the mean-
far angle range from 25 to 55� , i.e., ARA_MF
(Fig. 9). The inner and outer incident angles
(ARA_MN and ARA_MO, respectively) ranked
lower than the ARA_MF. ARA derivatives
(ARA_IM and ARA_VO) also contributed to the
model performance. The SSS backscatter mosaic
also discriminated well between sea�oor parts with
different nodule coverage (variations in the order of
10%) and increased the model performance (Figs.9,
10, Supplementary Table S15).

All models, particularly GLM, GAM and SVM,
heavily relied on the hydroacoustic backscatter-re-
lated predictors (BS, ARA, SSS and their derivatives)

Figure 10. (a) PDPs showing the relationship between nodule coverage (transformed values) and MBES BS for GLM, GAM and RFM.
As the model complexity increases (left to right), the model captures more subtle relationships, resulting in less smooth regression lines.
The black marks in the x-axis show the nodule coverage distribution to MBES BS values. (b) PDPs showing the regression plane between
nodule coverage, MBES BS and SSS.
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for error minimization and predictions. The broad-
scale sea�oor geomorphology, such as bathymetry
(BT), slope (S), broad-scale BPI (BPI100_300) and
the eastward slope orientation (E) also related to the
spatial distribution of nodule coverage, which became
more evident when the hydroacoustic backscatter-
related predictors are not used (Fig.8).

The PDP of BT showed a bathymetric range
between � 4425 and� 4500 m, in which the nodule
coverage was higher in this study area. Depths be-
yond that range were related to sea�oor depressions
or topographic highs where no nodule existed
(Fig. 11). Similarly, the PDP of BPI100_300 showed
that the nodule coverage was higher where BPI
values were around 0, i.e., �at or gently sloping
sea�oor (Fig. 11). E also had a monotonic relation-
ship with nodule coverage. Higher E values were
associated with higher nodule coverage (Fig.11).

At a rather detailed 2-m pixel size, PrC, PlC, and
VRM seemed to make only a small contribution to the
spatial distribution of nodule coverage (Fig. 8).
However, the image-derived DEM from sea�oor
parts with and without nodule coverage showed dis-
tinct differences in sea�oor roughness along sea�oor
parts, although the sediment characteristics stayed
similar (Fig. 12). These roughness differences were
well captured and integrated into the MBES and SSS
backscatter at 400 and 260 kHz, respectively.

DISCUSSION

The acquisition of high-resolution data with
aerial coverage of 37.34 km2, the largest AUV-based

dataset presented until now in deep-sea nodule re-
search, provided the unique opportunity to study the
spatial distribution of nodules in a geomorphologi-
cally complex terrain using a spatial resolution
ranging between 2 mm (orthophoto-mosaics) and
2 m pixel size (MBES grids).

The combined use of sea�oor images, MBES,
SSS data, and different ML algorithms showed that
the nodule coverage varied signi�cantly (locally up
to 100%) even on a meter scale (Figs.5, 6). Such
variations have been found in other parts of eastern
CCFZ and Peru Basin (Wiedicke & Weber, 1996;
Gazis et al., 2018; Peukert et al., 2018; Gazis &
Greinert, 2021; Alevizos et al., 2022) and are related
to the interaction of the sea�oor topography, sedi-
ment thickness, bottom currents, and the spatial
variability of biogeochemical processes (Cochonat
et al., 1992; Mewes et al., 2014; Sharma,2017; Volz
et al., 2018; Paul et al., 2019; Hein et al., 2020). This
study examined only the geomorphological compo-
nent of this interplay, providing insights into the role
of local topography on nodule occurrences.

Higher nodule coverage and larger nodules
were on relatively �at sea�oor with gentle ( < 3� ),
eastward-facing slopes (Figs.5, 6, 11). Both variable
importance measures (Fig. 8) and PDPs (Fig. 11)
showed an increased importance of eastward-facing
slopes, which points toward a predominance of
westward-moving bottom currents. Long-term
observations in the B4 domain of the GSR contract
area show that the mean bottom current direction is
northwestward (Hayes,1979; Juan et al.,2018; GSR,
2018). The predominant mean bottom �ow toward
NW is steady with slow velocity (0–3 cm/s) and only

Figure 11. RFM PDPs of nodule coverage concerning (a) bathymetry (BT), ( b) broad-scale bathymetric position index (BPI100_300) and
(c) Easting (E).
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periodically interrupted by tidal currents (NW and
SE) and sporadic by short-in-time benthic storms (6–
15 cm/s), which are heading SE (Hayes,1979; Juan
et al., 2018; GSR, 2018). The NW steady and slow
bottom currents contribute to the creation of

favorable conditions for the polymetallic nodule
growth (Skornyakova & Murdmaa, 1992; von
Stackelberg, 1997; Mewes et al., 2014; Kuhn et al.,
2017; Juan et al.,2018; Volz et al., 2018): (a) erosion
and removal of �ne sediments, leaving coarser par-

Figure 12. (a1) Orthophoto-mosaic (2 mm pixel size) from 10 overlapping images of a sea�oor part with nodule coverage, (a2) hill-shade
of the image-derived DEM (5 mm pixel size) and (a3) image-derived sea�oor roughness (5 mm pixel size) from the same sea�oor part.
(b) Orthophoto-mosaic (2 mm pixel size) of 10 overlapping images from a sea�oor part without nodule coverage), (b2) hill-shade of the
image-derived DEM (5 mm pixel size) and (b3) image-derived sea�oor roughness from the same sea�oor part. The two image-derived
roughness surfaces have different univariate distributions and value ranges (Supplementary Fig. S14). The VRM was used as a roughness
index. The white scale bar represents 0.5 m on the sea�oor.
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ticles that serve as nodule nuclei behind; and (b)
continuous contact between nodule surface and
well-oxygenated bottom water that allows the pre-
cipitation of hydroxides in polymetallic nodules.
Geochemical studies within the eastern CCFZ have
shown higher nodule coverage of larger sizes to sites
with less clay-size particles and deeper oxygen pen-
etration depths, particularly for sampling sites within
the GSR contract area (Mewes et al., 2014; GSR,
2018; Volz et al., 2018). Older studies in the CCFZ
showed higher nodule coverage on �at sea�oor parts
with weak (� 3 cm s-1) but steady near-bottom cur-
rents (Skornyakova & Murdmaa, 1992; Yamazaki &
Sharma, 2000; Kuhn et al., 2017; Juan et al., 2018;
Yoo et al., 2018; Alevizos et al., 2022). The impor-
tance of slope and slope orientation has also been
shown in other ML spatial studies within the CCFZ
(Kuhn & Ru¨hlemann, 2021) and the Peru Basin at a
nodule �eld with well-pronounced sediment furrows
(Gazis & Greinert, 2021).

Smaller nodule coverage was observed mainly
at four sub-environments (Figs.5, 6): (a) in sea�oor
parts with typically higher bottom current velocities
such as gullies, furrows or the foot of slopes; (b) in
topographic highs, with steep slopes such as horsts
and volcanic knolls; (c) in the deeper parts of basins
around and inside sub-circular depressions; and (d)
in areas with basement exposure, rocky outcrops,
and carbonate cemented sediment layers.

The PDP of bathymetry showed a bathymetric
range of � 100 m that favored the nodule presence
(Fig. 11). Broader-scale studies in the CCFZ and
Peru Basin showed the maximum coverage and
abundance occurring within a small bathymetric
range (50–100 m) in water depths nearly below the
local CCD, resulting in similar to our study response
curves (Weber et al. 2000; von Stackelberg, 2000;
Sharma, 2017). The PDP of BPI100-300 (Fig. 11)
showed a small response to nodule coverage (i.e.,
few to no polymetallic nodules) in local depressions.
Studies have shown that local depressions exhibit
geochemical conditions different from their sur-
roundings, having: (a) higher amount of �ne-grain
sediments (clay), which is trapped in the local
depressions during sediment transportation (Wie-
dicke & Weber, 1996); �ne sediments cannot act as
nuclei for polymetallic nodule formation due to their
size and typically small content of mobilized man-
ganese, which hinders polymetallic nodule forma-
tion and growth (Mewes et al., 2014); and (b)
increased organic carbon content that shifts the Mn-
redox closer to the sea�oor, where the limited (see

point a) diagenetically mobilized manganese is re-
leased into the bottom water without supporting the
polymetallic nodule formation and growth (Wie-
dicke & Weber, 1996; Marchig et al., 2001; Paul
et al., 2019).

Similar to local depressions, topographic highs
also have limited nodule coverage related to in-
creased slopes, reduced sediment thickness (e.g.,
shallower or outcropping basement), and local
variations in sediment geochemical characteristics
(e.g., POC �uxes, TOC contents, and Mn-redox
depth) as a result of the �ne-sediment winnowing
and downslope transportation from the locally
intensi�ed or de�ected bottom currents (Sko-
rnyakova & Murdmaa, 1992; von Stackelberg,1997;
Volz et al., 2018). The studies mentioned above
showed that even small height differences of< 10–
25 m are associated with such changes, which agrees
with our �ndings.

The construction of sea�oor orthophoto-mo-
saics further enhanced the geomorphological analy-
sis and interpretation of nodule occurrences (Figs.3,
Supplementary Fig. S5). Deep sea orthophoto-mo-
saicking is an emerging �eld with several challenges,
particularly regarding AUV-based camera systems
(Song et al.,2022; She et al.,2023; Song et al.,2024),
and only a few studies have used AUV-based or-
thophoto-mosaics from such depth (but in lower
resolution) within nodules �elds (Simon-Lledo´ et al.,
2019c; Gausepohl et al., 2020). This study’s results
showed a great potential for deep-sea orthophoto-
mosaicking even when it is based on long AUV
transects usually done for fauna or nodule coverage
mapping.

Although the geomorphological predictors de-
scribe the nodule coverage spatial distribution in an
interpretable way linked to natural processes, the
hydroacoustic backscatter contributed the most in
all ML algorithms. MBES BS and ARA_MF were
the most important predictors in all ML models
(Fig. 8). Older studies have described the effect of
sea�oor roughness created by nodules on sound
waves and the measured backscatter intensity in
MBES and SSS (Weydert,1991; Scanlon & Masson,
1992; Chunhui et al., 2015; Machida et al., 2019).
Here, we showed for the �rst time this mm-scale
sea�oor roughness from parts with and without
nodule coverage in a quantitative way using the
image-derived DEM generated during the ortho-
photo mosaic processing (Fig.12). MBES and SSS
backscatter captured the nodule coverage variations,
being able to discriminate not only sub-environ-
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ments with and without nodule coverage but also
sub-environments with varying degrees of nodule
coverage (Fig.9). MBES backscatter and SSS can be
used complementarily, as excluding one results in
poorer predictive performance (Fig. 9, Supplemen-
tary Table S15). This �nding agrees with a previous
study in which the combined use of both systems
increased interpretation and modeling performance
(Janowski et al., 2021).

MBES ARA analyses showed that MBES
backscatter acquisition is most meaningful for inci-
dent angles within 25–55� , a �nding that is consistent
with the existing guidelines for backscatter-opti-
mized surveys (Lurton & Lamarche, 2015). The
MBES backscatter discriminative ability, even over
transitional areas, is attributed to the combination of
high frequency (400 kHz), low altitude survey
(60 m) and small beam opening angles (0.7� 9 0.7� ),
which resulted in a small footprint size
(0.73 m 9 0.73 m in nadir on a �at sea�oor) and
short wavelength (� 4 mm), which was in the order
or even smaller than the nodules’ dimensions (mm
to cm scale). MBES ARA derivatives impedance
(primary) and volume (secondary) contributed to
the model performance in all models except GLM
(Fig. 8). This �nding agrees with other ML spatial
studies, where ARA and its derivatives increased
the ML prediction performance (Hasan et al., 2014;
Alevizos & Greinert, 2018; Menandro et al., 2022;
Misiuk & Brown, 2022; Porskamp et al.,2022). The
lower contribution of volume backscattering is at-
tributed to the limited penetration depth of the
sound waves at 400 kHz, which is typically< 0.5 m
for silt/clay sediments (/ > 4.5) and< < 0.25 m for
larger grain sizes (Huff, 2008; Gaida et al., 2018).
The main component of volume scattering is ex-
pected to be the buried nodules located at a maxi-
mum depth of 5–10 cm.

In future studies, it would be interesting to use
backscatter mosaics and ARA from multifrequency
MBES because the use of higher and lower fre-
quencies (e.g., 100–600 kHz) and pulse lengths (e.g.,
l s to ms range) has shown to improve ML predictive
performance and interpretation (Menandro et al.,
2022; Misiuk & Brown, 2022). A holistic modeling
approach should also include geophysical-derived
data obtained by SBP, such as the thickness and
composition of the semi-liquid bottom sediment
layer, which is related to nodule coverage (Cochonat
et al., 1992; Yoo et al., 2018; Dreisetl, 2016; Lipton
et al., 2016; Alevizos et al., 2022). Similarly, the use
of geochemical information would contribute to

spatial modeling. This approach is used in spatial
studies in shallower depths, where hundreds of well-
distributed samples exist and can be interpolated
using ML algorithms (e.g., Diesing et al., 2017;
2020a; Spiegel et al., 2024). However, in deep-sea
environments, geochemical data rely on sparse local
observations of cm diameter (e.g., gravity corers),
which are typically clustered around areas of par-
ticular interest, hindering their use in spatial models
where continuous surfaces are needed as input data
to generate spatially continuous output data. Studies
have shown increased �ne-scale spatial variability of
geochemical properties related to the spatial distri-
bution and size of deep-sea polymetallic nodules,
highlighting the need for intensifying efforts on
deep-sea sea�oor sampling (Mewes et al.,2014; Volz
et al., 2018; Paul et al., 2019).

Regarding the modeling performance, RFM
had the best �t, which agrees with other studies
showing its ability to outperform other ML algo-
rithms in prediction error (Stephens & Diesing,
2014; Diesing & Stephens,2015; Herkü l et al., 2017;
Li et al., 2017; Fernández-Delgado et al., 2019).
RFM is currently the ‘‘workhorse’’ in deep-sea
predictive mapping (Lawson et al., 2017; Gazis et al.,
2018; Diesing, 2020b; Gazis & Greinert, 2021; Uh-
lenkott et al., 2022; Josso et al.,2023). However,
here, it yielded the smallest range in predicted val-
ues due to the averaging step between the predicted
values from each tree at the last step of the RFM
algorithm (Breiman, 2001a). The non-tree-based
core of the other four models (i.e., linear, penalized
B-splines, 3rd-degree polynomial and sigmoid acti-
vation function) allowed for a more substantial value
range extrapolation (Fig. 5). NNM had the second-
best predictive performance on the testing data but
the worst in spatial block CV. Less complex models
such as GLM and GAM had better resampling
performance in spatial block CV than SVM and
NNM, indicating a better generalization ability
when a big fraction of the training data is kept out
(Fig. 7). This fact is attributed to the smoother
functions that are more transferable (and inter-
pretable) over larger areas (Wenger & Olden, 2012;
Lauria et al., 2015; Stienessen et al.,2021). In addi-
tion, NNM is more sensitive to hyperparameter
optimization than GLM, GAM, and RFM (Supple-
mentary Tables S2–S9). The same applies to SVM,
where the kernel type and other parameters (e.g.,
polynomial degree and cost function) largely in�u-
enced the model performance (Supplementary
Tables S6–S7), a �nding which agrees with previous
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comparative studies (e.g., Probst et al.,2019). To our
knowledge, this is the �rst time that NNM and SVM
were used for a regression task in sea�oor habitat
mapping, as literature research only provided
applications for sea�oor classi�cation (Hasan et al.,
2012; Diesing & Stephens, 2015; Alevizos & Grein-
ert, 2018; Trzcinska et al.,2020; Janowski et al.,2021;
Breyer et al., 2023).

Independent of the model used, the spatial
block CV approach could result in a large CV error
(pessimistic approach) due to the gaps created in
feature space (Roberts et al.,2017; Hao et al., 2020;
Wadoux et al., 2021). The block optimization mini-
mized the geographical and feature space distances
between training data and the prediction area to a
degree but not entirely (Fig. 4). Nevertheless, this
approach was preferred over other spatial CV
methods such as spatial leave-one-location out
(Meyer et al., 2018), Euclidean buffered distances
(Hengl et al., 2018), nearest neighbor distance
matching (Milà et al., 2022), and spatial covariance
weighting (Misiuk & Brown, 2023) because of da-
taset size and survey layout (Figs. 1, 7). The
abovementioned methods have been designed and
tested with fewer samples (<< 1000) distributed
throughout an entire area but not in linear transects
like here. In contrast, spatial blocking is appropriate
for large datasets and large regions, being compu-
tationally ef�cient (fewer training points per model
iteration) and providing �exibility in partitioning the
geographical space (Roberts et al., 2017; Valavi
et al., 2019). The model evaluation based on a spa-
tial block CV was done using held-out data from
each spatial block separately (Fig.7). An alternative
approach would be to use all held-out data from
spatial blocks at once (global R2), which better
represents a model’s ability to predict over larger
areas (Meyer & Pebesma,2022). However, we pre-
ferred the local R2 from each spatial block to get (a)
the strictest evaluation for each model (Supple-
mentary Table S14) and (b) the comparison between
different spatial blocks, identifying the spatial blocks
that model predictions converged or diverged
(Fig. 7). The partitioning of the geographical and
feature space represents better the error related to
extrapolation and transferability although it in-
creases the AOA (Wenger & Olden, 2012; Roberts
et al., 2017; Fourcade et al., 2018; Hao et al., 2020;
Gazis & Greinert, 2021; Meyer & Pebesma, 2021).

Here, the AOA was large and similar for all
models (> 91% of the study area) and enlightened
the reasons behind the poor performance of all

models in a speci�c resampling spatial block (Figs.6,
7). The AOA and SD among model predictions
provide valuable information about the models’
trustworthiness and should be offered next to their
predictions. These two approaches could guide fu-
ture sampling within sub-areas with high SD and low
model applicability. Despite the importance of spa-
tial CV and extrapolation assessment when using
ML algorithms, the literature research yielded only
few studies that have offered such information aside
from ML-based sea�oor spatial predictions (Misiuk
et al., 2019; Diesing, 2020a; Dolan et al., 2021; Gazis
& Greinert, 2021; Spiegel et al.,2024).

It is worth mentioning that a detailed compar-
ison of performance metrics was not the primary
goal of this study. Each spatial problem is unique,
and each algorithm has several issues to address,
such as model accuracy, extrapolation, inter-
pretability, and computational speed. Here, no ML
method could outperform the others in all aspects.
The multi-model approach provides con�dence in
the derived nodule coverage distribution because all
models predicted similar distributions and variable
ranking. The true bene�t of a multi-model approach
is the increased con�dence in areas with good spatial
agreement (i.e., low SD) and understanding of the
contribution of speci�c predictors. Complex and
simple models perform similarly well in the presence
of meaningful predictors and training data that
capture the feature space and variability well (Ru-
din, 2019). As such, we see ML models as derivatives
for predictions based on data that have captured the
underlying relationships and interactions between
the response variable and predictors, but for which
our conceptual understanding is still developing
(Breiman, 2001b; Shmueli, 2010). Thus, although
computational algorithms are used for the predic-
tion, the initial phase of such studies is and needs to
be very data-centric, emphasizing acquisition of a
large amount of high-quality data at the right loca-
tions. A priori knowledge of the right (and techni-
cally feasible) sampling locations considering each
study area’s unique characteristics is dif�cult, par-
ticularly in the absence of legacy data (a typical
problem in deep-sea research). Recently, proposed
AUV-based future sampling approaches (Shields
et al., 2023) and domain knowledge could help
achieve a balanced geographical and feature space
sample coverage.
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CONCLUSIONS

Deep-sea mining research is characterized by
data scarcity, knowledge gaps, and lack of high-res-
olution studies (Amon et al., 2022). This work pro-
vided clear insights into the spatial distribution of
polymetallic nodules within a potential mining �eld
in the Clarion–Clipperton fracture zone, providing
the basis for resource estimation, mining path plan-
ning, and benthic habitat mapping therein. The
multi-model and interpretable analysis combined
with angular range analysis and orthophoto-mo-
saicking can shed light on machine learning models�
�black box� character, giving us valuable feedback
regarding each predictor variable’s statistical and
natural contribution and advancing our knowledge
of deep-sea polymetallic nodule occurrences.
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Figure S1. MBES bathymetry of the broader study area at 50 m x 50 m grid cell size (Gazis 2020). Parallel N-S 
oriented horst and graben structures dominate the seafloor. Several pits of varying depths and sizes exist along the 
horst structures. The contours have a 25 m interval. The black polygon indicates the study area with available AUV-
based bathymetry. 
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Figure S2. a) AUV MBES bathymetry of the study area with indicated box corer and gravity corer sampling locations. 
The box-corer photo from the central part shows yellowish-to-brownish clay on the seafloor surface and medium-to-
large size nodules. A detailed description of the box and gravity corers exists in Haeckel and Linke (2021). The grid 
cell size is 2 m x 2 m; contours have 1 m intervals. The background bathymetry is from ship-based MBES data at a 
grid cell size of 50 m x 50 m (Gazis 2020). b) The bathymetric profile along the NE-SW axis shows the wide U-
shaped valley at the centre of the study area, which is the deepest part of the area. c ) Bathymetric profile along the 
NW-SE axis shows the depth of the crater and its asymmetrical sides, with the southeast side having gentler slopes 
that progressively smooth out. The shallowest part of the study area is on the summit of the horst structure.  
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Figure S3. Mounds of sediment accumulation without nodules on top (i.e., tumuli) caused by bioturbation. a) with 
high nodule coverage of large nodules, b) with low nodule coverage of small nodules and c) within hard substrate. 
The location of each image is given in Figure S2. 
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Figure S4. Seafloor images from the a) northeast, b) southeast, and c) northwest base of the slopes around the volcanic 
knoll (Figure S2). The northwest side has steeper slopes and incised channels, indicating  sediment transport 
downslope., This dynamic environment is related to a lower nodule coverage. The location of each image is given in 
Figure S2. The AUV altitude is higher in image c. Nevertheless, the lower nodule coverage is still distinguishable.   
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Figure S5. Color-normalized ortho-photomosaic of the seafloor at the outer edge of a pit at the southeast part of the 
study area. Steep walls and layered consolidated sediments are present. The location is given in Figure S2.  

Table S1. Zero variance analysis of MBES and SSS derivatives using the R caret package (Kuhn 2022). The frequency 
ratio shows the frequency of the most prevalent value over the second most frequent value. The percent of unique 
values shows the number of unique values divided by the total number of samples (times 100). The recommended 
criteria for frequency ratio (95/5) and percent of unique values (<10) were used for the analysis (Kuhn 2022). Both 
criteria must apply to flag a derivative as a zero-variance predictor. 

MBES & SSS derivatives Abbreviation Frequency 
ratio 

Percent of unique 
values 

zero-variance 
predictor 

MBES bathymetry 
Bathymetry BT 1.03 28.60 FALSE 

Bathymetry Local Moran BT_LM 1.25 97.96 FALSE 

Slope  N 1.00 99.24 FALSE 

Northness E 1.13 95.07 FALSE 

Eastness S 1.00 97.71 FALSE 

Profile Curvature PrC 1.00 99.48 FALSE 

Plan Curvature PlC 1.50 99.43 FALSE 

Vector Ruggedness Measure VRM 1.00 98.48 FALSE 

Bathymetric Position Index     

Fine Scale BPI0_30 1.00 99.32 FALSE 

Broad Scale BPI100_300 1.00 99.24 FALSE 

MBES backscatter 
Backscatter  BS 1.00 68.67 FALSE 

Backscatter Local Moran BS_LM 1.50 99.17 FALSE 

ARA Mean Near  ARA_MN 1.36 4.95 FALSE 

ARA Mean Far ARA_MF 1.27 11.46 FALSE 

ARA Mean Outer ARA_MO 2.27 3.61 FALSE 

ARA Impedance ARA_IM 1.12 7.64 FALSE 

ARA Volume ARA_VO 22.61 6.34 FALSE 

SSS backscatter 
SSS backscatter  SSS 1.10 58.48 FALSE 

SSS backscatter Local Moran SSS_LM 1.00 99.25 FALSE 



 
 

6 
 

 

Figure S6. Pearson's product-moment correlation among the used derivatives. The derivative acronyms are provided 
in Table S1.  
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Figure S7. a) Raw seafloor image. The acquisition altitude is 5.33 m. Epifauna indet. is shown on top of two nodules. 
b) H2SOM nodule coverage segmentation and calculation. The different colours correspond to different sizes classes. 
c) Color-normalized image using the in-house software Image Normalization (Köser et al. 2021). The location is given 
in Figure S2. 
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Table S2. GLM hyperparameter optimization: The mstop restricts the number of boosting iterations to avoid 
�R�Y�H�U�¿�W�W�L�Q�J�����0�D�\�U���D�Q�G���+�R�I�Q�H�U�����������������,�W���L�V���W�K�H���P�D�L�Q���K�\�S�H�U�S�D�U�D�P�H�W�H�U���L�Q���P�R�G�H�O-boosting algorithms with a generalized 
linear model as the base learner. 

�0�R�G�H�O �P�V�W�R�S �5�������V�S�D�W�L�D�O���&�9�� 
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Table S3. GAM hyperparameter joint optimization: Three mstop and dfbase values were tuned. The dfbase defines 
the degrees of freedom and the smoothness of the additive P-splines used as a base learner in GAM (Eilers and Marx, 
1996; Perperoglou et al. 2019). Larger dfbase values result in a more complex model with a better local fit but prone 
to overfitting. In model-based boosting with additive learners like here, large dfbase values could also lead to a high 
learning rate and faster convergence, resulting in the inability to converge at the global minimum of the cost function 
and divergence or oscillation around the optimal point, aka overshooting (Hofner et al. 2014). The model did not 
improve with increasing boosting iterations and degrees of freedom. We selected the simplest model considering the 
model complexity and computational time following Occam's razor principle (Vandekerckhove et al. 2015). The final 
model used two boundary knots anchored at the extremes of the data range and 20 internal equidistant knots connected 
with additive P-splines of 4 degrees of freedom. This model scheme is also recommended as a good overall solution 
(Hofner et al. 2014).  
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Table S4. RFM hyperparameter optimization: The mtry defines the number of predictor variables randomly sampled 
as candidates at each node split (Liaw and Wiener, 2002). The random sampling was done without replacement to 
reduce the bias in variable important ranking and correlation among trees (Strobl et al. 2007). The mtry hyperparameter 
is one of the most critical factors regarding predictive power, computational time, model bias, and variable importance 
(Probst et al. 2019a). The higher the mtry value, the higher the correlation between trees (bias) and computational 
time. Large mtry values could mask the weaker predictors as strong and weak predictors will fall more times into the 
same sample, with the stronger preferred for the split (Probst et al. 2019b). The optimum value here is equal to the 
default value for regression [rounded down (predictor variables/3)]; Liaw and Wiener 2002). 
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Table S5. RFM hyperparameter optimization:  The min.node.size defines the minimal node size to split, controlling 
the tree depth. Smaller values result in deeper trees (i.e. more splits) with a better local fit but are prone to overfitting 
(Segal 2003; Probst et al. 2019b). Computational time increases exponentially with smaller values (Probst et al. 
2019b). Five min.node.size values were tested. The value in brackets corresponds to the percentage of observations 
kept from the total training sample. In all runs, the number of trees was kept constant at 500 (default) as several studies 
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have shown good results and relatively low computational time (e.g. Cutler et al. 2007; Li et al. 2016; Li et al. 2017; 
Diesing 2020). The variance reduction (Breiman 2001) and extra tress (Guerts et al. 2006) methods were compared 
as a split criterion. The variance reduction (default for regression) was preferred as it had a better predictive 
performance (Rvariance

2=0.62 and Rextrattrees
2=0.60). 
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Table S7. SVM hyperparameter joint optimization of a polynomial kernel. The three different values for degree, scale 
and C were jointly tuned. The degree defines the polynomial degree, and the scale defines the polynomial scaling 
factor (Karatzoglou et al. 2004). A 3-degree polynomial gave the best fit. SVM had the biggest improvement during 
the hyperparameter optimization (R2min= 0.16 and R2max= 0.59) compared to all other models, a finding which agrees 
with previous comparative studies (Probst et al. 2019a).  
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Figure S8. a) Moran Index values at distances from 100 to 5100 m, with a step of 200m. A LOESS smoother with a 
0.95 confidence interval has been plotted through the index values using the R ggplot2 package (Wickham 2016). b) 
Spatial block configuration for different block dimensions. The spatial blocks where data exist correspond to the 
spatial CV folds used during model training and evaluation. 
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Figure S8. Schematic flowchart of this study's main methodological and modelling steps: From data acquisition to 
model outputs and interpretation.   
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Table S10. Summary statistics of train dataset and model predictions within the entire study area. 

 Min. 1st Qu. Median Mean 3rd Qu. Max. 
Train data 1.5 22 29 26 31 49 
GLM 0 24 28 26 30 69 
GAM 0 23 28 26 30 42 
RFM 7 22 27 26 30 35 
SVM 0 23 28 26 30 100 
NNM 5 23 27 26 30 63 

 

Figure S10. Maps of the predicted nodule coverage value range concerning the (min-max) range of training data.  
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Figure S11. Density distribution plots of predictors from the study area (blue) and the training data set (red).  



 
 

16 
 

 

Figure S12. a) Histograms and superimposed normal density distribution for the residuals of each model. b) Moran 
Index (Moran I) values for the residuals of each model. 
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Figure S13. Maps of the AOA spatial distribution for each model. The AOA is provided in brackets as a percentage 
of the total area.   
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Table S11. R2 for each CV spatial block of each model.   

CV spatial block  GLM  GAM  RFM  SVM  NNM  
1 0.49 0.54 0.53 0.51 0.48 
2 0.64 0.67 0.68 0.64 0.57 
3 0.65 0.71 0.77 0.75 0.74 
4 0.84 0.85 0.84 0.82 0.79 
5 0.27 0.23 0.25 0.22 0.25 

mean  0.58 0.60 0.62 0.59 0.57 
median 0.64 0.67 0.68 0.64 0.57 

Table S12.  Number of samples for each spatial block that are kept out for model validation, and the remaining 
number of samples from the other spatial blocks used for training. 

CV  
spatial block  

# of samples in each 
validation spatial block  

# of samples in (remaining) 
training spatial blocks 

1 7664 17456 
2 3930 21190 
3 6495 18625 
4 4378 20742 
5 2653 22467 

Table S13. Pearson's product-moment correlation between the number of training samples used in each model 
iteration and R2 in each test spatial block. The unequal number of samples kept out in each iteration did not influenced 
the model performance.  

 GLM  GAM  RFM  SVM  NNM  
correlation (r)  -0.22 -0.34 -0.35 -0.36 -0.37 

p-value 0.72 0.57 0.57 0.55 0.54 

Table S14. �&�R�P�S�D�U�L�V�R�Q���E�H�W�Z�H�H�Q���O�R�F�D�O���D�Q�G���J�O�R�E�D�O���5�����L�Q���W�K�H���&�9���K�H�O�G���R�X�W���G�D�W�D���� 
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Table S15. Adjusted R2 for each model based on the different subsets of predictors  

 Geomorphological  
predictors only  

(A) 

Geomorphological  
Predictors + SSS 

(B) 

Geomorphological  
Predictors, SSS + 
MBES backscatter 

(C)  

Difference  
(C-A) 

GLM 0.43 0.61 0.72 0.29 
GAM 0.59 0.65 0.75 0.16 
RFM 0.74 0.78 0.84 0.10 
SVM 0.50 0.65 0.75 0.25 
NNM 0.50 0.65 0.76 0.26 
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Figure S14. Boxplots of image-derived VRM surfaces without outliers. The Wilcoxon rank sum test showed that 
there is a significant difference between the two datasets (p < 0.05). 
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Monitoring benthic plumes, sediment
redeposition and sea � oor imprints caused
by deep-sea polymetallic nodule mining

Iason-Zois Gazis 1 , Henko de Stigter 2, Jochen Mohrmann 1, Karl Heger 1,
Melanie Diaz 2, Benjamin Gillard 3, Matthias Baeye 4, Mario E. Veloso-Alarcón 1,
Kaveh Purkiani 1,5,6, Matthias Haeckel 1, Annemiek Vink 7, Laurenz Thomsen 3,8 &
Jens Greinert 1,9

A deep-sea (4500 m) trial of a pre-proto type polymetallic nodule collector
with independent scienti � c monitoring revealed that a gravity current formed
behind the collector channeled through steeper sea � oor sections and traveled
500 m downslope. The prevailing bottom currents dominated sediment dis-
persion up to the end of the monitoring area at 4.5 km distance. The maximum
suspended particle concentration re corded 50 m from mining lanes was up to
four orders of magnitude higher than ambient values but decreased rapidly
with increasing time, distance, and alt itude. Most of the plume remained close
to the sea� oor, with the highest concentratio ns at 1 m monitoring altitude and
reaching background concentr ations at 50 m. Rapid particle � occulation was
followed by fast and substantial sedi ment redeposition . A mm-scale photo-
grammetric sea � oor reconstruction allowed quantitative estimates of the
thickness of redeposited sediment next to mining lanes of � 3 cm and a
minimum erosional depth of 5 cm.

Almost 150 years after the � rst deep-sea polymetallic nodules (here-
after nodules) were recovered during the HMS Challenger expedition
(1872–1876)1, the industrial deep-sea trial of a tracked pre-prototype
sea� oor nodule collector vehicle (hereafter nodule collector) in the
Clarion-Clipperton Zone (CCZ; eastern equatorial Paci � c)2 offered the
opportunity to quantify the mobilisation, dispersal and redeposition of
the benthic sediment plume (hereafter plume). Nodules are mineral
concretions of millimetre to decimetre size formed over millions of
years by precipitation of iron and manganese oxyhydroxides from
seawater and sediment porewater around a nucleus 3. They are
embedded on the surface of ocean � oor siliceous clays, typically
between 3500 m and 6500 m water depth 3,4. Due to their abundance

and appreciable contents of copper, nickel, cobalt, and a range of rare
earth elements, nodules have received commercial interest since the
1960s4. The surge of green, digital, and decarbonising technologies has
increased this interest in the last two decades 4. Mandated through the
United Nations Convention on the Law of the Sea 5, the International
Seabed Authority (ISA) is currently draughting the parts of the Mining
Code6 related to exploiting these resources. However, our knowledge
of the monitoring technology needed, plume dispersion, sediment
redeposition and likely impacts of deep-sea mining activities is still
incomplete due to the recent birth of this industry and the complexity
of acquiring data on the resilience of deep-sea life to such
disturbances 7. Valuable insights have been obtained from mining trials,
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and benthic impact experiments carried out since the 1970s, although
those disturbances were of a different nature, spatial scale and inten-
sity than those expected from industrial mining technologies 8–16.

Herein, the most detailed, up-to-date in situ view of deep-sea
plume monitoring using hydroacoustic and optic sensors is presented.
The Patania II nodule collector of the Belgium-sponsored ISA con-
tractor Global Sea Mineral Resources NV (GSR) is smaller in size and
weight than an industrial-scale prototype collector and was tested
without a riser system 2,17. However, it does integrate caterpillar tracks
for locomotion and hydraulic suction for nodule collection, a tech-
nological scheme widely considered feasible for future mining
activities 18. The 4 m wide hydraulic nodule collector head uses water
jets to lift the nodules (Coand � Effect) 17, thereby also mobilising the
topmost bioactive layer of the sea � oor with its epi- and endofauna as
well as its microbial communities 19. The resulting mixture of nodules,
sediment and water passes through a separator, which diverts the
nodules into the collector bucket, while the sediment-laden water
passes through the diffuser located at the rear side and is discharged as
a plume at 2.5–3.2 m above the sea� oor 17,20. Together with sediment
stirred up by the locomotion on the sea � oor, the initial input to the
plume during the trial was estimated to be 12 ± 3 kg s Š1 of sediment 20.

Independent scienti � c monitoring of the plume dispersion and
benthic ecosystem disturbance was conducted in the framework of the
third-party-funded MiningImpact 2 project 21 of the European Joint
Programming Initiative entitled Healthy and Productive Seas and
Oceans22 using the MV Island Pride 2. More than ten years of oceano-
graphic observations, detailed an alyses of the seabed sediment char-
acteristics and spatial distribution of nodules, insights into the
aggregation potential of suspended sediment from laboratory and
small-scale deep-sea disturbance experiments, as well as numerical
models of plume behaviour, provided the basis for the sea � oor and
plume monitoring strategy applied during the mining trial 12,13,16,19,23–29.
Many of the monitoring platforms and sensor settings had already
been tested during a dredge disturbance experiment in the CCZ 12. In
total, 44 oceanographic sensors were mounted on 23 stationary sea-
� oor platforms 2 distributed at various distances (50 –1800 m) from the
collector impact site (hereafter impact site), including a PartiCam 29

sensor for in situ particle size monitoring. Two Remotely Operated
Vehicles (ROVs) were used to visually observe the plume and deploy/
recover the multi-sensor platforms 2. An Autonomous Underwater
Vehicle (AUV) acquired multibeam echosounder (MBES), side-scan
sonar (SSS), and sea� oor image data, as well as suspended particulate
matter (SPM) concentration (hereafter concentration) at different
altitudes (5, 10, 30 and 50 m) and distances (up to 5 km) from the
impact site 2. The optical backscatter sensors (OBS) for measuring
concentration (mg L Š1) were calibrated to reference suspensions pre-
pared from CCZ surface sediments (see Methods). All OBS and
acoustic doppler current pro � lers (ADCPs) measured ambient con-
centration and background acoustic backscatter intensity before
the trial.

Results
Mining imprints on the sea � oor
On 19 April 2021, the nodule collector was lowered to the sea � oor and
was remotely operated for 41.33 h, covering a sea � oor distance of
21.37 km2. It picked up nodules along 171 lanes, each 50 m long and 4 m
wide, resulting in a total mined area of 0.034 km 2. The displaced
nodules ( � 660 t) were deposited on the sea � oor as piles at the end of
each driven lane ( “light bulb ” turn manoeuvre; Figs. 1–2 and Supple-
mentary Fig. S1). The lanes were distributed over three strips ( � rst
strip: 55 lanes, second strip: 31 lanes, third strip: 85 lanes; Fig. 1). The
� rst and third strips were driven from SW to NE, whilst the second strip
was driven from NE to SW. The two northern strips were located on a
gentle NE-sloping sea� oor (0° –3°), whereas the southern strip ended
towards the NE in a steeper (3° –6.5°) slump scar-like structure sloping

down into a wider N-S oriented enclosed basin (Fig. 3). The SSS mosaic
shows that � 0.08 km 2 of the sea� oor was directly disturbed by the
nodule collector, including the turns (Fig. 1). The mined lanes are
cleared from nodules and eroded by the water jets. Based on the
Digital Elevation Model (DEM) derived from sea � oor images acquired
88–110 h after the trial within the impact site, an erosional depth of
� 5 cm was measured. However, this depth is measured after sub-
stantial sediment redeposition occurred (see Sediment redeposition).
The caterpillar tracks created an additional small-scale topography
due to sideways sediment extrusion (Fig. 2 and Supplementary Fig. S2).

Spatial distribution of the plume
At 50 m distance from the edge of the impact site, the maximum
concentration recorded was 264 mg L Š1 at 1 m altitude (NIOZ_PFM-06;
Fig. 3). This was four orders of magnitude above the measured back-
ground level of 0.02 –0.03 mg L Š1, but returned to ambient values after
14 h (Supplementary Figs. S2, S3). At the � attest parts within the impact
site (Fig. 1), the ROV recorded a low-lying plume with a sharp front
distinct from the ambient water and headed perpendicular to mining
lanes. Although a gentle oscillation was observed, the net movement
was downslope in the form of a gravity current (Fig. 3).

NE of the impact site, at a distance of � 200 m downslope, a sharp
increase in the concentration at 1 m altitude was recorded at
NIOZ_PFM-07, which lasted for 2.3 h before returning to background
values (Supplementary Fig. S2). The plume arrival was marked by a
distinct increase in acoustic backscatter intensity, current speed and
current direction change from S to E based on ADCPs at NIOZ_PFM-07
and GMR_PFM-39 (Fig. 3 and Supplementary Figs. S4, S5). A pro-
gressive vector plot at 1.2 m altitude revealed a 380 m eastward dis-
placement during the passage of the gravity current (Fig. 3). The
gravity current created sediment ripples with an NE –E current direc-
tion (Figs. 3, 4). The presence of sediment ripples could imply the
mobilisation of additional surface sediments due to erosion 30. This
would, however, demand current velocities > 30 cm s Š1 as determined
during experiments on sediment resuspension in a large seawater
� ume using original sediments from the CCZ or as determined for
deep-sea sediments of similar particle composition 29,31,32.

We consider a more likely explanation is that the massive fallout
of aggregated sediments within the gravity � ow33 (see Particle � occu-
lation) combined with the unidirectional currents in steeper sea � oor
parts resulted in mud ripples generated by large non-cohesive plume
aggregates. They behave hydraulically equivalent to � ne sands34,35.
Results from laboratory studies of aggregated plume sediments from
the study site 23 using the approach of Thomsen & Gust 31 revealed that
bedload transport generated ripples began to form at a critical shear
stress of 0.04 N m Š2 and resuspension of recently settled plume sedi-
ments starts at 0.1 N m Š2 (see Online Video Content). Multiple turbidity
currents originating from multiple lanes could enhance the shape and
dimensions of ripples. Larger sediment ripples were mapped at the NE
end of the � rst mining strip (downslope direction), where the gravity
current focused into the steeper NE running valley (Fig. 4). Here, the
nearest OBS (JUB_PFM-01) recorded the second-highest concentration
(169 mg LŠ1; Fig. 3), while the ADCP data at NIOZ_PFM-03 shows a
change in current direction from S to E-NE at the same time (Supple-
mentary Fig. S6). No sediment ripples were found upslope of the
mining strips, but nodules were entirely covered by redeposited
sediment (Fig. 2).

SE of the impact site, at 500 m distance downslope, the 2 MHz
ADCP at NIOZ_PFM-04 recorded a change in current direction from SE
to E, but not in magnitude (Supplementary Fig. S7). This implies that
the gravity current had weakened at that distance. However, the
comparison with the ADCP at NIOZ_PFM-07 might be � awed by the
relatively low sampling interval of 5 min 2 and the absence of video data
during the time of ADCP measurements that could ensure that the
ADCPs measured the same part (e.g., head) of the gravity current.
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Nevertheless, this was the most distant location where such a change in
the current direction was observed, implying the end of the active
phase of sediment transportation as a gravity current. A 6 m high sill
with slopes of up to 3° along the plume ’s path blocked the further
eastward propagation, and the plume spread laterally (up to 690 m)
around NIOZ_PFM-04. Here, the AUV mapped the lateral spreading of
the plume ’s lower part (< 5 m altitude) using MBES Water-Column
Imaging (WCI) data (Figs. 3, 5).

Beyond this distance, the plume drifted passively with the ambi-
ent bottom currents in the SE to S direction (Supplementary
Figs. S8–S10). The OBS mounted on the most remote platform at
� 1800 m from the impact site (NIOZ_PFM-01; Fig. 3) recorded a max-
imum concentration of 3.9 mg L Š1 at 1 m altitude (Fig. 3 and Supple-
mentary Fig. S2). This concentration is three orders of magnitude less
than that recorded 50 m from the impact site but is still 100-fold higher
than the background concentrations. The plot of the maximum con-
centrations from OBS located SE of the impact site showed a power-
law decay in plume concentration with increasing distance and time at
1 m altitude (Fig. 6). This was visually con � rmed during an ROV dive,
where the top of the plume was followed. This approach worked well
inside and near the impact site where the plume was still quite dense,
but towards the SE at � 1700 m distance, it became increasingly dif � -
cult to distinguish the top of the plume from overlying clear water.

With the AUV � ying at 5 m and 10 m altitudes, it was possible to
track the plume up to 4.5 km S of the impact site 35 h after the start of
the trial. At that distance, the concentration was 0.1 mg L Š1. The two
AUV tracks north of the impact site only recorded background-level
values, con� rming the SE-S passive advection of the plume by bottom

currents (Fig. 3 and Supplementary Fig. S11). The plume was detected
over an area of � 9 km 2.

N and NW of the impact site, at a distance of � 200 m upslope and
upstream, the lowest maximum concentrations (0.05 –0.14 mg LŠ1) and
backscatter values (34 –49 dB) were recorded (Fig. 3 and Supplemen-
tary Figs. S2, S12, S13).

With regards to the vertical spreading of the plume, the multi-
altitude (5, 10, 30, and 50 m) passes of the AUV at 500 m distance SE
from the impact site also showed a power-law decrease in maximum
concentrations for the survey period (Fig. 6). The upward-looking
ADCPs showed a rapid decrease in backscatter intensity with increas-
ing altitude (Fig. 7 and Supplementary Figs. 1,3–6,10). Moreover, they
revealed that while the lower (< 5 m altitude) and denser (up to
35 mg LŠ1 at 1 m altitude) part of the plume moved towards the E, the
upper part (with a maximum concentration of 3.2 mg L Š1 at 10 m alti-
tude) moved towards SE like the prevailing bottom currents (Supple-
mentary Fig. S7). The 300 kHz ADCPs recorded the plume at altitudes
> 30 m at 1800 m SE from the impact site. Together with the AUV OBS
records of � 0.07 and 0.06 mg L Š1 at 30 and 50 m, respectively (500 m
from the impact site; Fig. 3 and Supplementary Fig. S11), these data
show that suspended particles can reach greater heights with distance
and time but in low concentration.

The plume evolution has been compiled in Digital Earth Viewer 36,
a web-based 4D visualisation software that allows easy navigation
through time and space. Moreover, a time-lapse video from a still
camera (GMR_CAM-37) next to GMR_PFM-432 shows the succession of
the � rst two plume episodes at < 1 m altitude (see Online Video
Content).
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Fig. 1 | The three mining lanes and the sea � oor morphology of the nodule
impact site. a Global map 85 and the Clarion-Clipperton Zone (CCZ), between
Central America and Hawaii, where most of the current polymetallic nodule
exploration contract areas are located (black polygons) 86. The Global Sea Mineral
Resources NV exploration contract area, which is divided into three blocks, is
marked in yellow. The red dot shows the location of the mining trial described in
this study. The blue hashed squares represent Areas of Particular Environmental
Interest (i.e., no mining areas), and the light blue blocks are Reserved Areas (i.e.,
areas reserved for developing nations) 86. Exclusive Economic Zones 87 are shown in

darker blue. b Side-scan sonar map showing the nodule collector mining lanes and
strips superimposed on the bathymetry (0.5 m isobath contours) and the locations
of nearby sensor platforms. The mining lanes across the three parallel strips are
visible due to their lower backscatter intensity related to nodule removal. The white
box inside the second strip indicates part of the orthophoto-mosaic area presented
in Fig. 2. c Slope distribution map of the impact site. Multibeam echosounder
residual artifacts cause the NW-SE linear trending sea � oor parts with slopes > 6.5°
(red coloration).
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Particle � occulation
The fact that the plume can be observed with ADCPs at 300 kHz with
low sensitivity for primary particle size (median � 0.02 mm) 37 indicates
that at least part of the mobilised � ne-grained sediment must be pre-
sent in an aggregated form that falls within the detection window of
these devices. The PartiCam (JUB_PFM-01) showed that whereas the
median particle size (D 50) of the top 5 cm of the sea � oor sediment is
0.012 mm 17, the plume D 50 increased up to 0.147 mm during the sec-
ond and third plume episodes (Fig. 8). Throughout the trial, which
lasted longer than the minimum time needed to form � ocs with CCZ
sediment in the lab 23,38, the � rst (D 25) and third quantile (D 75) ranged
from 0.061 mm to 0.313 mm (Fig. 8, Table S1 and Supplementary
Fig. S14). The largest particles were detected during the third plume
episode when the plume was produced furthest away from the camera
and exhibited the longest aggregation time (Fig. 8, Supplementary
Table S1 and Supplementary Fig. S14). Although the settling velocity
was not measured in situ, laboratory experiments with similar-sized
aggregated plume particles from the study area revealed settling rates
of � 100 m per day 23,39. Such rates resulted in short residence times
within a 2-3 m high plume of 30 – 45 min, with more than 80 % of all
aggregated particles settled by then 39. If these particles settle within
the � rst 500 m away from the nodule collector, the corresponding � ow
velocity of the gravity current would be � 0.15 m sŠ1 for the D 50 and
� 0.2 m sŠ1 for larger particles D 50 - D75. These values are close to the

discharge buoyancy velocity of � 0.21 m sŠ1 mentioned in the near- � eld
study 20. They also agree with the in situ observations from the OBS
sensor at NIOZ_PFM-06, which registered the plume for the � rst time
on 19.04.2021 at 19:25:00. Assuming an average and constant speed of
� 0.2 m sŠ1 for a period of 600 s, the nodule collector should have been
� 120 m away from the platform at the time of sediment discharge.
Plotting the nodule collector track positions shows that on 19.04.2021
at 19:15:00, the collector was 124 m away from NIOZ_PFM-06 on a � at
sea� oor.

Sediment transport and redeposition
The sea� oor orthophoto-mosaic and ROV footage that followed the
trial showed that the unmined sea � oor within the impact site and in
the close vicinity (< 100 m) was completely draped by redeposited
sediment so that nodules did not appear as dark objects anymore,
i.e., sediment blanketing occurred (Fig. 9 and Supplementary
Fig. S15). As the height of the nodules above the sediment surface at
this site is 1–3 cm17,40, the sediment redeposition was at least 3 cm in
these locations (Fig. 9 and Supplementary Fig. S15). The redeposited
sediment smoothed out the convex shape of nodules and � lled the
gaps between neighbouring nodules, resulting in decreased sea � oor
ruggedness (Fig. 9). Throughout the impact site ’s � rst 500 m SE
downslope (along the gravity current propagation path), AUV and
ROV sea� oor images also showed substantial sediment blanketing

Fig. 2 | Orthophoto-mosaics obtained at a depth of 4500 m show the mining
imprints on the sea � oor. a Orthophoto-mosaic with 2 mm × 2 mm pixel resolution
from part of the second mining strip (Fig. 1b), showing the nodule collector
imprints on the sea � oor as mining lanes, the “light bulb ” turns, and nodule piles. b A
sea anemone (Actiniaria )88, a benthic animal capable of cleaning itself from
sediment 89, is shown as an example of the resolution achieved. c, d Orthophoto-
mosaic of the same sea� oor part before ( c) and after ( d) the mining trial. e Image-
derived digital elevation model (DEM) of the sea � oor part shown in ( d). A depth
pro � le across the caterpillar track (red line) shows the erosion depth caused by the
nodule collector and the humps on each side of the track due to sideways sediment

extrusion under the caterpillar tracks. The zero-depth refers to the unmined sea-
� oor between the two caterpillar tracks along the same mining lane. The maximum
depth shown has been formed after the sediment redeposition and consequently
could be smaller than the true erosion depth. f Orthophoto-mosaic of the track of
the nodule collector while performing the light bulb turning manoeuvre at the end
of a lane and the deposited nodule pile ( � L 5 m × W 2 m × H 0.9 m). The sideways
sediment extrusion under the caterpillar tracks is larger along the “light bulb ” turn
manoeuvres. g Image-derived DEM of the same area with a pixel resolution of
5 mm × 5 mm. A three-dimensional orthophoto-mosaic of this area is also shown in
Supplementary Fig. S1.
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(Fig. 10 and Supplementary Figs. S15–S17). A simple estimation of the
sediment mass transported at 500 m SE from the impact site was
attempted using the MBES WCI data and the OBS data from
NIOZ_PFM-04 and RBIS_PFM-01 (see“Methods ”). During a two-hour
mining activity in the � rst strip, 11.2–12.3 % of discharged sediment
mass passed through the lower 2 m and an additional 0.81 –1.02 % of
sediment mass was estimated to pass at 5 –6 m altitude (Supple-
mentary Fig. S18). This estimation sets a lower limit, with the actual

percentage expected to be higher as the locations of platforms are
on the southern edge along the recorded MBES WCI data, where
lower concentrations were observed (Fig. 3). Moreover, the OBS at
those platforms measured concentration at 1 m altitude. However, a
portion of the plume had already ascended to higher altitudes (see
Discussion).

At greater distances from the source, computer-based quantita-
tive analysis of sea� oor images (see “Methods ”) showed that the
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Fig. 3 | Spatiotemporal distribution of the benthic sediment plume. a Maximum
concentration registered by optical backscatter sensors (OBS) at 1 m altitude. Time-
series graphs of concentration for all OBS are provided in Supplementary Fig. S2.
The acoustic doppler current pro � ler (ADCP) trajectory plot of the NIOZ_PFM_07
platform showed an eastward displacement and increased backscatter intensity
when the gravity current passed. The extent of the multibeam echosounder water-
column imaging (MBES WCI) data agrees with the OBS data from the autonomous
underwater vehicle (AUV) ( e). b, c Video frame grabs inside the nodule impact site
show the edge of the benthic sediment plume (plume) being distinct from the
ambient seawater. Limited vertical mixing is also observed as the altitude of the
remotely operated vehicle (ROV) is � 4.8 m. Parts of the ROV footage are available
online (see Online Video Content). d ROV image2 showing the plume heading

perpendicular to mining lanes. The sensor shown (Micropro � ler) 2 is � 80 cm in
height and 60 cm in width. e Sediment ripples at the end of the third mining strip.
f The AUV recorded the spatial extent of the plume during a ca. 54 h survey con-
ducted parallel to the mining trial and continued after its termination. Scattered
individual measurements above 0.03 mg L Š1 correspond to noise, e.g., from � sh
inside the sensor ’s view. The background map is the AUV-based MBES bathymetry
of the monitored area superimposed on the ship-based MBES bathymetry 70. g The
Rose diagram at NIOZ_PFM-04 represents the current direction and speed during
the nodule collector trial. The eastward spike is related to the gravity current.
h Concentration recorded at 1 m, 5 m, and 10 m altitude at NIOZ_PFM-04. The
measurements at 5 m and 10 m altitude had to last shorter to facilitate the far- � eld
survey. The locations of Figs. 4 and 5 are also noted.
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detectable % sea� oor nodule coverage ranged between 20 % and 30 %
before the mining trial. After the passage of the plume, it dropped to
2–10 % (Fig.10 and Supplementary Fig. S17). We observed three types
of sediment redeposition: thick, medium, and faint coverage (see
Methods for classi � cation scheme). The sediment redeposition pro-
gressively faded towards the SE direction, where coverage could no
longer be visually distinguished on the sea � oor images at 1800 m. The
faint blanketing is more extended in a southward direction (Fig. 10),
whilst no sediment blanketing was observed along the two north-
eastern AUV lines, agreeing with the AUV OBS data (Fig. 3).

Within the limits of space and time during our monitoring survey,
sediment redeposition was detected over an area of � 6 km 2 (Fig. 10).
Estimating conservatively the total volume of mobilised sediment to
be 1700 m3 (8500 m of collector lanes, 4 m collector width, 0.05 m
average erosion depth, without considering sediment suspension
around the collector heads and caterpillar tracks), and assuming that
all mobilised sediment would settle out over � 6 km 2, an average cov-
erage thickness of � 0.2 mm is hypothesised (assuming sediment
density equal to that of the undisturbed top 0 –5 cm layer) 17. Knowing
that a small fraction of the mobilised sediment likely travelled out of
the monitored area and that deposition within the monitored area was
focused close to the impact site (< 500 m), this 0.2 mm of coverage
represents the upper limit in distal parts, which we expect to be even
smaller.

Discussion
Our results demonstrate that the sediments mobilised by the nodule
collector generated a gravity current that propagated perpendicular to
the mining lanes to distances of up to 500 m downslope from the
impact site. Up to this distance, the sea � oor slope determined the
E-ward direction of the gravity current. The ambient SE-directed

cross� ow did not de � ect the gravity current from its downslope tra-
jectory within the � rst 500 m. At the base of the slope, a stretch of � at
sea� oor (< 1°) bounded towards the East by a sill forming an enclosed
basin. The sill blocked the propagation of the gravity current further to
the East, and the plume started spreading laterally (Fig. 5). Such � ow
refraction/diversion of gravity currents has also been shown in other
studies41,42. From there onward, ambient currents determined the
plume ’s direction towards SE, with � ner particles still in suspension
dominating the plume composition. The gravity current travelled
downslope for longer distances than reported from initial tests of the
same nodule collector on � at terrain (< 1°) 20. As our results indicate
that sea� oor morphology plays an essential role in gravity current
propagation, increasing the area of thick sediment redeposition, we
suggest that the AUV-scale mapping would be necessary for future
monitoring and plume modelling, while the mining could be priori-
tised to � at areas limiting the spatial extent of thick sediment
redeposition.

The fast sediment redeposition within a limited spatial extent was
supported by particle � occulation, observed in situ, corroborating
previous lab 23,33,38 and � eld studies with nodule collectors 8,43,44, deep-
sea epi-benthic sledges 10–13,16, ROV-induced plumes 45, trawling gear in
muddy sediments 46,47 and redeposition models derived from those
tests11,28,48. Similarly, empirical power-law shape functions have been
reported to describe the sediment concentration decay in low-
concentration plumes under currents 49,50, deep-sea hydrothermal
plumes 51 and plumes generated by towed � shing gear46,47. This power
trend, which expresses the balance between the settling of the SPM
(due to gravity) and upward lifting (due to turbulence), can be
described by the generalised advection-diffusion equation 52, if mixing
and bottom current advection dominates the plume (which is what
occurred here in larger distances and altitudes). At shorter distances
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� rst mining strip before the mining trial. b The same sea� oor part after the mining
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crest, and lee side) is outlined ( d). The ripple crests have a shape sinuous to
catenary, which is typical for strong � ow over cohesive sediments 90.
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(here < 200 m) and lower altitudes (here < 5 m), the plume shows little
mixing, and it is dominated by the near- � eld gravity current dynamics
generated by the mining vehicle 20,53,54. In future surveys, a denser OBS
and ADCP grid closer to the source and along the gravity current
propagation path is favourable to depict the concentration decay at
short distances and capture the ignition, auto suspension and dis-
sipation phase of the gravity � ow55. The required time for the mean � oc
size to form and break up again and its effect on settling velocity within
the gravity current and at greater distances should also be

investigated. Here, it was not possible to establish a clear relationship
between the concentration gradient and the total percentage of sedi-
ment mass passing by in the lower 5 m above the sea � oor, as only one
measurement at 1 m altitude exists. Our empirical data cannot be
extrapolated and applied generally over larger scales or for other trials
with different initial conditions (e.g., discharge rate) or other nodule
collectors, different sediment size distribution, sea � oor morphology
and bottom currents without proper understanding of the physical
processes contributing to the observed dispersion pattern. However, it
does provide a detailed representation of the investigated trial.

The undertaken AUV-mounted MBES survey proved that the
lower plume cross-section can be observed if the AUV � ies across the
plume axis during a low altitude survey and the plume is still highly
concentrated, which shows the potential of MBES WCI data to estimate
concentrations and grain size, at least for larger aggregates 56–59. The
MBES frequency and settings used 2 could not detect the plume during
the far- � eld AUV survey, where the concentration was � 0.1 mg LŠ1 at
5 m altitude and detectable by the OBS on the AUV (Fig. 3). The com-
bined use of two (or more) AUVs that ensonify the plume along and
across the spreading axes using higher MBES frequencies
(700 –1400 kHz) and sea� oor platforms with forward-looking 59 or 360°
rotating MBES 60, would close the gap towards a 3D mapping of the
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plume volume at least for the near- � eld monitoring. The fate of the
plume, as it spreads over longer distances and time spans, and the
thickness of the redeposited sediment can currently only be derived
from 4D numerical models. Improved by in situ data such as those
presented here and accounting for particle � occulation 23 and sea� oor
morphology, such models can provide reliable forecasts under dif-
ferent initial conditions and take account of sporadic environmental
events, such as mesoscale eddies reaching the sea � oor 61–63. In this
regard, the deployment of long-term sea � oor observatories at suc-
cessive distances from the impact site could enrich our knowledge of

far-� eld plume dispersion, as an older mining trial with a towed nodule
collector and different monitoring technology detected the plume in
distances up to 10 km downstream 8.

Whereas observations made at short range from the nodule col-
lector showed that the plume stayed mostly below 2 m altitude 20, our
results demonstrate that it expanded in height, albeit at a much lower
concentration, while spreading from the source. Similar observations
have been reported during deep-sea mining pre-prototype collector
tests in shallow water 43 and benthic disturbance experiments 45. In
addition, the maximum concentration recorded here is higher than
reported from initial testing of the same nodule collector 20. These
differences show that more in situ trials must be closely monitored,
particularly with larger nodule collectors or nodule collectors that use
different technology. It is important to note that the larger size and
longer operation time of a full-scale nodule collector, increasing from a
few days to multiple years, will - in comparison with this trial - result in a
much larger sea � oor mining area ( � 200 km 2 per year) and volume of
resuspended and redeposited sediment over the lifetime of the mine 18.
The method employed for mining, whether along extensive routes or
focused on smaller areas, as well as the sea � oor slope, would also
affect plume dispersion.

In addition, the sediment in suspension around the collector
heads and caterpillar tracks should be considered. This resuspended
sediment is not entrained into the nodule collector, having different
characteristics (e.g., sediment size distribution) and behaviour than
the discharge plume. It contributes to the total plume concentration
within the impact site, but it is unclear if it is integrated into the gravity
current and far- � eld plume transportation. Moreover, the merging of
multiple gravity currents generated by the mining vehicle(s) is a � eld
that should be investigated in detail 64. Both could be of interest if one
or more nodule collectors operate continuously for weeks or months
over the sea� oor. The erosion depth under the caterpillar tracks is
expected to be of similar scale as long as the mass per surface contact
area remains similar to the pre-prototype used here and the sediment
characteristics (e.g., shear streng th) are the same. Using image-derived
DEMs to calculate the erosion depth provides good spatial coverage,
but it only detects the minimum depth as it cannot account for rede-
posited sediment that has already settled before the image data
acquisition. The slurry produced by onboard processing of collected
nodules and discharged via a riser system near the sea � oor will
increase the SPM in the benthic environment with potentially cumu-
lative effects. However, release close to the seabed may help limit the
spreading of the discharge plume and reduce the environmental
footprint, thus being preferred over midwater release.

This data-driven study tested existing sensors and technologies
for deep-sea plume monitoring as an analogue to the equipment and
approaches that we think will most likely be used in future industrial
mining scenarios. The results show that the available sensor technol-
ogy and the combination of � xed and moving platforms can quantify
the evolution of plume concentration in space and time, while the
image-derived 3D reconstruction of the impact site yielded a resolu-
tion down to mm scale that was not available until now. Despite these
advancements, two main issues should be addressed in future studies.

Firstly, the post-processing, analysis, collation, visualisation, and
interpretation of terabytes of data from different sensors is presently a
task that demands computational power and time during onshore
work. The current practice does not allow effective decision-making
informed by real-time data ingest during future mining activities. Sea-
going high-performance computers for image, MBES, SSS analysis, and
adaptive spatiotemporal plume modelling (similar to weather fore-
casts) should become part of the monitoring equipment on mining
vessels, an approach already introduced on research vessels 65. Using
such data and numerical models linked to 4D visualisation capabilities
that enable extracting, exploring, and visualising quantitative and
semantic information in near-real time (digital twin) would allow for
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Fig. 7 | Acoustic doppler current pro � lers recorded the benthic
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meaningful and tailored adaptive environmental monitoring during
future mining activities. Long-ranging AUVs (endurance of 90 h or
more) with integrated multi-sensor instrumentation, such as the one
used in this study, support limited near-real-time data communication,
e.g., turbidity and position data, allowing an adaptive change of the
AUV mission path based on the interpretation of the incoming data.
Acoustic communication, small-cabled sensor networks, or repeated
upload of AUV data at central data nodes can already be utilised today.
Flexible decision-making strategies that are re � ned based on the
incoming environmental data are already applied in the offshore
dredging industry, and similar schemes have been proposed for deep-
sea mining 66. Towards automated plume monitoring, existing studies
on AUV deep-sea hydrothermal plume tracking 67 could be adjusted for
deep-sea nodule mining.

Secondly, the most dif � cult challenge is to de � ne quantitative
tolerance threshold levels of representative deep-sea biota to plume
concentrations and thickness of sediment redeposition as a measure
to protect the wide range of benthic life inhabiting the sea � oor areas
targeted by mining. What tolerance limits do deep-sea fauna have for
suspended and redeposited sediment of certain particle size dis-
tribution and chemical composition, and for what time of exposure
before distress or mortality occurs 68,69? Relating impacts on benthic
life observed after the trial to different levels of exposure to suspended
and redeposited sediment, a s derived from our study, is a � rst step in
that direction but requires time.

This in situ study is part of a worldwide effort to increase our
understanding of deep-sea mining and the requirements that future
monitoring technologies should meet at a time that the ISA is
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mum particle size that could be detected with that optical setup was 0.0153 mm
with a pixel resolution of 0.0051 mm. f Particle size time-series distribution during
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draughting regulations for the exploitation of deep-sea minerals 6, and
several nodule collectors are under development 18.

Online video content
A 4D visualisation of SPM concertation (mg L Š1) evolution is accessible
here: https://cloud.geomar.de/s/6cZC4Mg8ZPFQiFG

A timelapse video showing the � rst two plume episodes is
accessible here: https://cloud.geomar.de/s/BJkHskFmG47onei

Part of the ROV video footage during the mining trial is acces-
sible here: https://www.youtube.com/watch?v=wVGmmfqkItA&ab_
channel=GeoChannelBGRLBEG

https://www.youtube.com/watch?v=EQ0J5hd2EPY&ab_channel=
GeoChannelBGRLBEG

A video on resuspension and bedload transport of recently settled
plume sediments at critical shear stress of 0.04 N m Š2 is accessible
here: https://cloud.geomar.de/s/6qR8Df95n25fB6d

Methods
AUV MBES & SSS data
A HUGIN 6000 AUV (© Kongsberg SA) was used to acquire MBES, SSS,
OBS data and sea� oor images. Detailed mission objectives, survey
routes and statistics are provided in the expedition report 2. Multibeam
bathymetric and backscatter data from the sea � oor and the water
column were acquired using the Kongsberg EM2040 at 400 kHz. The

description of the acquisition system settings (e.g., opening angle,
beam spacing pattern, pulse mode, AUV altitude) is provided in the
expedition report 2. The raw data post-processing was done with QPS
Qimera v1.7 and included full-depth Sound Velocity Pro � le (SVP) ray
tracing correction, roll bias correction, turn removal, � ltering of
erroneous soundings, and tide correction based on the pressure sen-
sors (Digiquartz®) of two SBE16 CTDs at � xed sea� oor locations 2. The
navigation data was post-processed onboard using the Kongsberg SA
proprietary NavLab software. The absence of an absolute navigational
shift was con � rmed using the processed ship-based MBES data 70 as a
reference layer. The � nal bathymetric grid was projected on the Uni-
versal Transverse Mercator (UTM) zone 10 N and exported as GeoTIFF
with a 2 m × 2 m cell size. The MBES WCI data were processed with
FMMidwater v7 (built-in work � ow) and exported as an ASCII dataset. In
parallel to MBES mapping, the EdgeTech 2205 SSS running at 230 kHz
acquired SSS backscatter data 2. Data post-processing was done with
the CT SonarWiz v7.09 software and included bottom tracking (built-in
threshold detection method), gain correction (built-in Empirical Gain
Normalisation method), nadir correction, and turn removal. The high
overlap between the neighbouring lines resulted in the absence of
nadir gaps, while the � nal mosaicking was done using the average
method for blending. A 22 m navigation drift to the west was measured
between the SSS and MBES grids, as they have been recorded on dif-
ferent dives. The SSS grid was corrected accordingly using the ESRI
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ArcMap Georeferencing Toolbox. The � nal backscatter grid was pro-
jected in the Universal Transverse Mercator zone 10 N (UTM 10 N) and
exported as GeoTIFF � les with 0.20 m × 0.20 m cell size.

AUV Image data
An AUV HD CathX Colour Still Camera (M12 A1000) with a resolution
of 12.5MP (4096 × 3072) was used to acquire sea � oor images. The
acquired images were colour corrected/normalised using the DeepSea
Monitoring group (GEOMAR Helmholtz Centre for Ocean Research
Kiel) in-house software Image Normalisation 71, which removes lighting
artefacts and illumination cones created in underwater images while
aiming to restore the original sea � oor colour. The colour-corrected
images from the impact site were used to reconstruct the sea � oor
orthophoto-mosaics and DEM. The Agisoft Metashape Pro
v8.3 software was used following the built-in work � ow (Image align-
ment, Dense Point Cloud creation, Dense Point Cloud Con � dence � l-
tering, DEM, and orthophoto mosaic reconstruction). As the AUV
camera was provided without underwater calibration parameters, the
Agisoft Metashape Pro built-in camera calibration work � ow was used

to estimate the camera orientation parameters (e.g., the principal
point coordinates). Due to the large number of images ( � 500, 000),
the photomosaic area was divided into chunks of 20,000 images to
make computation feasible. The chunk alignment was carried out
based on shared features inside the overlapping parts. The absolute
sea� oor position was corrected where necessary based on the sea � oor
and mining features derived from the MBES and SSS data using the
ESRI ArcMap Georeferencing Toolbox. The � nal orthophoto-mosaics
and DEMs were exported in 2 mm × 2 mm and 5 mm × 5 mm cell sizes,
respectively. The TRI was calculated using the Riley formula 72 as
applied in the free and open-source software QGIS v3.24, which was
also used to create all maps presented here.

The percentage of nodule sea � oor coverage was quanti � ed using
the saltation GmbH & Co. KG proprietary software Mangan Analyser,
� ne-tuned for this explicit dataset. The software is based on a Hier-
archically Growing Hyperbolic Self-Organising Map (H 2SOM) approach
to segment and detects the % of sea � oor nodule coverage per square
metre 73. The algorithm has been used in the past to quantify nodules ’
spatial distribution and support resource estimation studies 74–76. The
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same methodology has been applied to quantify the spatial extent of
sediment redeposition during an epibenthic sledge disturbance
experiment in the CCZ 13. The difference in detectable % sea � oor
nodule coverage between the sea � oor images before and after the
plume passed and (partially or totally) covered up the nodules shows
the spatial extent and degree of sediment redeposition. Such an
approach works well when the redeposited sediment completely
covers the polymetallic nodules (i.e., 0 % detection) but not when there
is a faint sediment cover (powder) on top of the nodules before the
additional sediment deposition 66,75. The latter is not the case in our
study, as shown in sea� oor images acquired before the trial (e.g.,
Supplementary Fig. S16). The images were obtained along two AUV
transects in the SE direction � 29 h before and � 72 h after the mining
trial. The two transects have a similar length of � 1400 m and a max-
imum distance of � 85 m between them. Only the images acquired in
� ying altitudes 5 –7 m were analysed as they have better quality char-
acteristics (e.g., brightness, contrast). Another limitation is that taking
images from the exact same area of sea � oor with an AUV is dif � cult due
to slight (cm- to m-scale) navigation uncertainties. In our case, we use
images from survey lines that cross each other at a slight angle due to
operational restrictions during the AUV dive: two ROVs were used at
the same time to recover equipment on the sea � oor, and the AUV
needed to keep a safety distance, prohibiting � ying the same survey
lines as before the plume settled. In total, 2678 and 2710 images were
analysed before and after the mining trial. The results were exported as
an ESRI point shape� le and projected in UTM 10 N. Parallel to detect-
able % sea� oor nodule coverage, qualitative criteria were used to dis-
tinguish the degree of sediment redeposition. Blanketing: Nodules are
entirely covered by redeposited sediments. The open spaces between
neighbouring nodules are � lled by redeposited sediment. The nodule
shape is not distinguishable, and only the nodules ’ top part, protruding
slightly from the sea � oor, is still visible. The AUV sea � oor photos are
yellowish, and the nodules ’ dark (black) colour is not visible anymore.
Thick: Nodules are entirely covered by redeposited sediments, but
their shape is distinguishable. The nodules ’ dark colour is still not
visible. Medium: Nodules are partly covered by redeposited sediments.
The nodules ’ dark colour is still discernable. Thin: Nodules are partly
covered by redeposited sediments. The brighter sediment slightly
shades their dark colour.

OBS data
Four different types of OBS were mounted on the stationary sea � oor
platforms 2: (i) stand-alone JFE Advantech In� nity Series ATUD-USB
(JFE), (ii) stand-alone AQUAlogger® 310TY (Aqualogger), (iii) WetLabs
ECO FLNTU (FLNTU) coupled on SBE16 and SB19 + CTDs and (iv)
Seapoint STM-S (Seapoint) coupled on SB19 + CTDs. The JFE works at
800 nm, with a 0 –1000 FTU range, precision of 0.03 FTU and accuracy
of ± 0.3 FTU ( ± 2 %). The AQL works at 880 nm, with a 0 –10,000 FTU
range, precision < 1 FTU and accuracy of < 2 %. The FLNTU works at
700 nm wavelength, with a 0 –25 NTU measurement range, sensitivity
of 0.013 NTU and precision of � 0.0065 NTU. The Seapoint works at
880 nm, with a 0 –25 NTU measurement range, sensitivity of 200 mV/
FTU (at 100x gain) and linearity of ± 2 %. The acquisition settings for all
sensors are provided in the expedition report 2. The AUV carried two
OBS: (i) a� xed-mounted FLNTU coupled on a SAIV A/S SD208 6 K CTD
and a stand-alone JFE attached on the AUV dorsal � n2. The JFE raw data
had an offset of one FTU in clear bottom water compared to the cali-
bration dive and the lab calibration. The JFE sensor window was
checked and cleaned before each dive, ensuring no sediment, dirt, or
damage affected the measurement. The sensor recorded 0.04 FTU in
clear CCZ calibration water during the lab calibration, showing no
sensor drift over time. A reasonable explanation for the offset is that
something (part of the AUV � n, security rope, or a loose end of the
tape) was in the sensor ’s � eld of view during the AUV dive. Based on
comparisons with the FLNTU data, the offset occurred exclusively for

lower concentrations. A hand- � tted offset of 1 (0.98 –1.04) FTU was
corrected, resulting in a good match with the FLNTU data (R 2 = 0.94).

OBS calibration
All OBS were calibrated to reference suspensions prepared from CCZ
surface sediment (top 5 cm of the multicore IP21-070MUC) 2 dispersed
in clear CCZ bottom water (IP21-072CTD) 2 at a temperature of 1.5 °C.
The principle of calibrating sensors by reference to arti � cially pre-
pared sediment suspensions has been described earlier by Guillen et al.
(2000) 77 and for CCZ sediment by Haalboom et al 12. Brie� y, the sus-
pensions were contained in a cylindrical calibration vessel made of
PVC, sprayed matt black inside to reduce light re � ections. A stirring
rotor and submerged aquarium wave pump kept the suspension
homogeneous, while baf � es prevented the formation of a vortex that
might create air bubbles. The lid on top had a porthole through which
the sensors were inserted, shielded from incident light. For the � rst
calibration step, the vessel was � lled with 16 L of CCZ bottom water
with an SPM concentration of 0.14 mg L Š1. Sensors were immersed one
after the other in the water for 1 min while measuring at a rate of 1 Hz.
For the next calibration step, half the volume of water in the vessel was
replaced with an equal volume of prepared sediment suspension,
producing a suspension with a concentration of 726 mg L Š1. In each of
the ten subsequent steps, half the volume of suspension in the vessel
was replaced by an equal volume of CCZ bottom water, thus producing
a sequence of logarithmically decreasing concentrations. The mea-
surements were averaged per calibration step for each sensor, plotted
against the concentration of the reference suspensions and � tted with
a linear function of the form OB= c × SPM, where OB is optical back-
scatter recorded as FTU for the JFE/Aqualogger and as output voltage
for the FLNTU/Seapoint sensors; SPM is the concentration in (mg L Š1)
and c the: regression constant. For all JFE, the R 2 of the regression was
1.0000. For all other sensors, R 2 was > 0.9980. Turbidity recorded in
the � eld was converted to SPM concertation (mg L Š1) by application of
the respective regression functions determined for each sensor. Since
the sediment plume investigated in our study was arti � cially produced
by the mining machine stirring up � ne-grained sea� oor sediment into
the bottom water, suspensions produced in the lab from seabed
sediment and bottom water collected from the same region provide a
good analogue for calibrating sensors in the lab. The data quality was
assessed by a feasibility check to identify spurious values or instru-
mental drift. Two FLNTU sensors on GMR_PFM-47 and GMR_PFM-48
had an offset of + 0.17 NTU and + 0.175 NTU, respectively, which was
subtracted. For the JFE, internal quality control was used to discard
erroneous data. Data recorded during the platforms ’ deployment,
relocation, and recovery were dismissed. The AUV FLNTU sensor,
belonging to MV Island Pride, was intercalibrated as it remained
onboard and could not be calibrated with in situ sediment at land.
Using the relationship between SPM concentration (mg L Š1) and optical
backscatter (FTU/NTU) established during lab calibration of the JFE
sensor and the relationship between AUV JFE and AUV FLNTU data, the
AUV FLNTU turbidity data could be converted to SPM concentration
(mg LŠ1). The total least squares – orthogonal regression (TLS) was
used to calculate the relationship between the corrected and cali-
brated AUV JFE and AUV FLNTU turbidity values. TLS was preferred
over the commonly applied Ordinary Least Squares (OLS) as TLS
accounts for errors in independent and dependent variables. The AUV
FLNTU turbidity in SPM (mg L Š1) was found to be
SPMFLNTU = OBSFLNTU� 0:02278291

1:0415194� c , with c being the regression constant.

PartiCam data
The PartiCam is composed of two separate pressure housings, one
containing the camera and one containing the � ash. It was equipped
with a Canon EOS 760D SLR with a resolution of 24.2 megapixels and
a Canon EF-S 60 mm f 2.8 macro lens. Using a macro lens allows the
images to be taken closer to the lens, providing a higher optical
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resolution and a more even illumination of the sample volume. A
collimated light source (Yongnuo YN-468 II Speedlite strobe) was
lined up and facing the camera with a � 2 cm slit between the � ash
and camera window through which water could � ow. A short � ash
duration of 1/200 s allowed the acquisition of images containing
particles that were in focus without motion blur effects. This optical
setup’s minimum detectable particle size is 0.0153 mm, with a pixel
resolution of 0.0051 mm. The MATLAB Image Processing toolbox 78

was used following the methodology of Iversen et al. 79, and the
ParChar architecture code 80 was run to remove the image back-
ground and extract the size of the particles in each image. A rolling
median ( k = 3, with k being the integer width of the rolling window)
was applied to remove a few isolated outliers from the raw data and
allow better visualisation of the trend of increasing D 25, D50, and D75
during the mining trial. The R zoo package was used 81. The raw data
before and after applying the rolling median are shown in Supple-
mentary Fig. S14.

ADCP data
In total, 5 Teledyne RDI Workhorse Sentinel ADCPs at 300 kHz, one at
1.2 MHz and 7 Nortek ADCPs at 2 MHz were deployed on � xed sea-
� oor platforms. A detailed overview of the sensor speci � cations and
acquisition settings is provided in the expedition report 2. Data from
10 devices are presented here (see Supplementary Material). Firstly,
the data recorded during platform deployment, recovery, or any
relocation by the ROV were removed. Secondly, the data in bins
where the acoustic backscatter was lower than 25 counts for high-
frequency (2 MHz) ADCPs and 40 counts for other lower-frequency
ADCP sensors were discarded to ensure the reliability of measured
current speed and direction. The manufacturers provide these values
as the noise � oor, i.e., the lower backscatter threshold, to ensure
good data. In addition to the set ensemble averaging performed
internally by each device during the measurement, the data were
averaged over the user-de � ned burst duration. The measured raw
acoustic backscattered signal in counts was converted to echo
strength (dB) and corrected for sound attenuation away from the
source by both acoustic spreading and absorption by water 82. Due to
the naturally low concentration of suspended particles in the deep
ocean water column 12,17,83, even during the plume episodes (mostly
below 200 mg L Š1), the sound attenuation by the suspended particles
was assumed to be negligible 84.

Sediment transport estimation
The AUV MBES WCI data captured the plume ’s lower part (< 5 m)
during a total time of 3.5 h (19 April 2021; from 08:40 to 12:05) on the
� rst day of the mining trial (1st strip, Fig. 3 and Fig. 5). The recorded
data showed a variable spatial extent while the plume was spreading
over a maximum distance of � 700 m, which was recorded con-
tinuously for the last two hours (Fig. 5). The 2 MHz ADCP at NIOZ_PFM-
04 showed that the average current direction and magnitude at 2.25 m
altitude when the plume was passing by, was 117° and 0.062 m s Š1

respectively. According to the OBS data at NIOZ_PFM-04 and
RBNIS_PFM-01, the average concentration was 18.37 mg LŠ1 at 1 m alti-
tude. The cross-sectional area de � ned by the MBES WCI maximum
spatial extent along the AUV � ight path was nearly normal to the plume
axis (de� ned by the average current direction) with a 22° deviation
from this. It has a length of 640 m, a height of 5 m and a 95° angle
between its normal vector and the N (Supplementary Fig. S18). We
assumed a constant concentration, current direction and magnitude
(equal to the above values) for the entire cross-sectional area of the
� rst two metres of altitude during the two hours with the maximum
recorded plume spread. The altitude of 2 m is based on previous work 2,
which showed that 92 to 98% of the sediment mass remains below 2 m.
The nodule collector average � ow rate was also assumed constant for
these two hours (12 kg s Š1)20. The equations used for estimating the

sediment transport are as follows:

� = SPMcUADCPcos � ð1Þ

Fr = � Acs ð2Þ

M = Fr � t ð3Þ

� : Particles flux[kg m Š2 sŠ1]
SPMc : Suspended particulate matter[kg m Š3]
UADCP : Current magnitude given by ADCP measurements ms � 1

� �

� : Angle in degrees between the gravity current direction
ðADCP measurementÞand the unit vector normal to cross � sectional
area

Fr : Particles flow rate across cross � sectional area[kg s Š1]
Acs : Cross � sectional area m 2

� �

M : Sediment mass Kg½ �
� t : Time window sec½ �
The same equations were used to calculate the sediment mass at

5 m altitude along the same AUV � ight path 500 m from the impact
site. The two AUV OBS data sets revealed a similar lateral extent as the
MBES WCI (slightly extended to SE direction), corroborating the
hydroacoustic results (Fig. 3). The concentration spatial distribution
along the AUV � ight path is similar to the MBES WCI data, with higher
concentration in the eastern part (Fig. 3). The average concentration
along this pathway is 3.15 mg L Š1. When the plume was passing by, the
average current direction and magnitude at 5.25 m altitude were 133°
SE and 0.06 mm sŠ1, respectively. As with the sediment mass calcula-
tion above, we assumed constant concentration, current direction and
magnitude for the entire cross-sectional area between 5 and 6 m alti-
tude during the two hours of plume recording.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
All data associated with the results of this study are presented in the
paper, Supplementary Material and online video content. The data will
be published on PANGEA® Data Publisher for Earth & Environmental
Science (https://www.pangaea.de/ ) and can be obtained from the
corresponding author upon personal request.
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Fig: S1 | 3D orthophoto-mosaic of the nodule collector trial site. 

a) 3D perspective view from an oblique angle of the caterpillar track imprints along the mining lanes (part of the 

second strip, as presented in Fig. 2). The redeposited sediment covers the unmined seafloor between the mining lanes 

and only the humps of the unmined nodules are partly visible. b) Close-up of the small-scale seafloor morphology 

(cm scale) created by the nodule collector caterpillar tracks along the "light bulb" turning maneuver shortly before the 

deposition of the nodule pile at the line end. These imprints are locally deeper (up to 8 cm) than those made along the 

mining lanes due to the additional nodule payload (~ 3 t). The two caterpillar imprints have a total length of 4 m and 

average depth of 5 cm.   



 

Fig. S2 | Time-series of suspended particulate matter concentration 

The optical backscatter sensors (OBS) recorded the suspended particulate matter (SPM) concentrations 1 m above the 

seafloor. The seafloor platforms have been grouped by distance and orientation to the impact site. The grey sections 

indicate the nodule collector operation time (from 19 April 2021 00:52 UTC to 20 April 2021 17:25 UTC). 
  



 

Fig. S3 | Acoustic doppler current profiler (ADCP) data at the NIOZ_PFM -06 platform. 

�D����Current magnitude, b) current direction and c) range normalized backscatter intensity at the NIOZ_PFM-06 

platform between 18 and 22 April 2021. The nodule collector (PatII) operation time and the passage of the benthic 

sediment plume are indicated in Figures a and b.  



 

Fig. S4 | Acoustic doppler current profiler (ADCP) data at the NIOZ_PFM-07 platform. 

Current magnitude, b) current direction and c) range normalized backscatter intensity at the NIOZ_PFM-07 platform 

between 18 and 25 April 2021, with (a and b) and without (c and d) the nodule collector (PatII) activity and benthic 

sediment plume passage time. The gravity current created a distinct change in current speed and direction. 



 

Fig. S5 | Range normalized water-column backscatter at the NIOZ_PFM-07 platform. 

Range normalized water-column backscatter intensity from the upward-looking ADV (2MHz) at the NIOZ_PFM-07 

platform between 18 and 25 April 2021, showing the gravity current's passage.   



 

Fig. S6 | Acoustic doppler current profiler (ADCP) data at the NIOZ_PFM-03 platform. 

a) Current magnitude, b) current direction, and c) range normalized backscatter intensity from the ADCP (2 MHz) at 

the NIOZ_PFM-03 platform between 18 April and 24 April 2021. The nodule collector (PatII) operation time and the 

passage of the benthic sediment plume are indicated in Figures a and b.  



 

Fig. S7 | Acoustic doppler current profiler (ADCP) data at the NIOZ_PFM-04 platform. 

a) Current magnitude, b) current direction and c) range normalized backscatter intensity from the upward-looking 

ADCP (2 MHz) at the NIOZ_PFM-04 platform between 17 and 29 April 2021. The ADCP at platform NIOZ_PFM-

04 recorded the most distant change in the current direction when the benthic sediment plume passed. The nodule 

collector (PatII) operation time and the passage of the benthic sediment plume are indicated in Figures a and b.   



 

Fig. S8 | Acoustic doppler current profiler (ADCP)  data at the NIOZ_PFM-02 platform. 

a) Current magnitude, b) current direction and c) range normalized backscatter intensity from the upward-looking 

ADCP (2 MHz) at the NIOZ_PFM-02 platform between 17 and 29 April 2021. At 1 km SE from the impact site, the 

benthic sediment plume has the same direction as the ambient bottom currents. The nodule collector (PatII) operation 

time and the passage of the benthic sediment plume are indicated in Figures a and b.  



 

Fig. S9 | Acoustic doppler current profiler (ADCP)  downward-looking data at the NIOZ_PFM-01 platform. 

a) Current magnitude, b) current direction and c) range normalized backscatter intensity from the downward-looking 

ADCP (1.2 MHz) at the NIOZ_PFM-01 platform between 17 April and 25 April 2021. The most remote downward-

looking ADCP showed that the benthic sediment plume moves in the SE direction. The nodule collector (PatII) 

operation time and the passage of the benthic sediment plume are indicated in Figures a and b.   



 

Fig. S10 | Acoustic doppler current profiler (ADCP) upward-looking data at the NIOZ_PFM-01 platform. 

a) Current magnitude, b) current direction and c) range normalized backscatter intensity from the upward-looking 

ADCP (300 kHz) at the NIOZ_PFM-01 platform between 17 April and 25th April 2021. The most remote upward-

looking ADCP at 1800m SE from the impact site recorded the suspended particles at 30+ m altitude. The nodule 

collector (PatII) operation time and the passage of the benthic sediment plume are indicated in Figures a and b.  



 
Fig. S11 | Suspended particulate matter (SPM) concentration recorded by the autonomous underwater vehicle 

(AUV)  

The AUV conducted a ca. 54 h survey parallel to the mining trial and immediately after recording the SPM 

concentration with altitude and direction with two different optical backscatter sensors (OBS), namely FLNTU and 

JFE (see Methods). a-b) FLNTU SPM concentration for different monitoring altitudes and directions, c-d) JFE SPM 

concentration for different monitoring altitudes and directions. The data clearly show that the benthic sediment plume 

spread in the S to E direction and that the highest concentrations were registered at 5 m, which was the lowest 

monitoring altitude by the AUV. Even the highest peak in SPM concentration is less than half of the SPM 

concentration recorded at 1 m altitude at the same distance and direction from the impact site (Fig. S29).  



 

Fig. S12 | Acoustic doppler current profiler (ADCP) data at the NIOZ_PFM-05 platform. 

a) Current magnitude, b) current direction, and c) range normalized backscatter intensity from the upward-looking 

ADV (2 MHz) at the NIOZ_PFM-05 platform between 18 April and 25April 2021. The benthic sediment plume was 

not detected NW of the impact site.   



 

Fig. S13 | Acoustic doppler current profiler (ADCP) data at the NIOZ_PFM-08 platform. 

a) Current magnitude, b) current direction, and c) range normalized backscatter intensity from the upward-looking 

ADV (2 MHz) at the NIOZ_PFM-08 platform between 18 April and 24 April 2021. The benthic sediment plume was 

not detected at the N of the impact site.   



Table S1 | Summary statistics of the particle size (D25, D50, D75) for each benthic sediment plume episode (plume). 
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Fig. S14 | Particle number and size before and after applying a rolling median 

a) Time series of particle size (raw data) during the three benthic sediment plume episodes, which are shown in grey. 

The black line is the D50, and the red area shows the upper D75 and lower D25 of the particle size distribution. Few 

isolated outliers are observed in raw data. b) Same as a, after applying a rolling median (k=3, with k being the integer 

width of the rolling window). c) Boxplots of the particle sizes D25, D50 and D75 for the fisrt (1), second (2) and third 

(3) plume episodes using the raw data (n=258 observations). d) Same as c, after applying a rolling median (k=3). Both 

in c and d the black centre line is the median value (50th percentile), and the boxes contain each dataset's 25th to 75th 

percentiles. The black whiskers mark the 5th and 95th percentiles, and values beyond these bounds are outliers (black 

dots).  



 

Fig. S15 | Seafloor image inside the mining site 

A seafloor image obtained by the remotely operated vehicle 5 m from a mining lane shows that redeposited sediment 

completely covers nodules (sediment blanketing). A sea anemone (Actiniaria) was recorded on the redeposited 

sediment. The image location is shown in Fig. 10.   



 

Fig. S16 | Sediment redeposition 500 m E-SE from the impact site.  

Video frame grab shows the seafloor, GMR_PFM-40, and GMR_PFM-43 platforms at 500 SE from the impact site. 

The distance between A and B is 0.75 m. b) Video frame grab that shows the seafloor and NIOZ_PFM-04 and 

RBINS_PFM-01 platforms at 500 m E from the impact site. In both images, the redeposited sediment has covered the 

nodules. Please see Fig. 3 for the location of the platforms.   



 

Fig. S17 | Seafloor images before and after the sediment redeposition  

a) 50 m W from the impact site (next to the NIOZ_PFM-06 platform). b-d) 500�±1800 m SE from the impact site along 

the AUV survey lines shown in Figure 10. d) The images are at the end of the survey lines outside the zone of sediment 

redeposition (see Fig.10). The lower nodule coverage in the pre-impact image is due to the seafloor spatial variability 

in nodule coverage; the pre-impact image was taken within a depression that has lower nodule coverage1. The lateral 

distance from the nearest optical backscatter sensor (OBS), the maximum suspended particulate matter (SPM) 

concentration and the % detectable seafloor nodule coverage per square meter (see Methods) are provided.  



 

Fig. S18 | Cross-sectional area of the benthic sediment plume for the first 5 m altitude 

Schematic representation of the cross-sectional area of the benthic sediment plume, generated during the first mining 

strip. The multibeam echosounder water-column imaging (WCI) and the suspended particulate matter (SPM) 

concentrations recorded by the optical backscatter sensors (OBS) mounted on the autonomous underwater vehicle 

have the same lateral extent. The cross-section is located 500 m E-SE from the impact site, it has a height of 5 m and 

a length of 640 m. The seafloor vertical exaggeration is × 8. The location of seafloor platforms is also given.  
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