Deepsea polymetallic nodules spatianodelling with
machine learning algorithms and benthic plume
monitoring

Dissertation

in fulfilment of the requirements for the degree of
Doctorateof Natural Sciences (Dr. rer. nat.)
of the Faculty of Mathematics and Natural Sciences

at ChristiarAlbrecht University of Kiel

submitted by

lason Zois Gazis (MSc)

Kiel (DE), 205



First examiner: Prof. Dr. rer. nat. Jens Greinert
Second examiner: Prof. Ding. Kevin Kdser
Date of oral examinain: 16.12.202



Sworn Declaration

| hereby confirm that apart from the supervisor's guidance, the content and desighedithe

is all the doctoral researcher's own work and only using the sources listetie$ishas no

been submitted either partially or wholly as part of a doctoral examination procedure to another
examining body and it has not been published or submitted for publicatiothédighas been
prepared subject to the Rules of Good Scientific PractideeoBerman Research Foundation,

and | have never withdrawn an academic degree.

Kiel, 08.10.2024

lason Zois Gazis (MSc)



Acknowledgements

An African proverb says,|f'you want to go fast, go alone. If you want to go far, go togéther
This phrase describes my PHDip", a life-changing experience that helped me (and forced
me) to grow scientifically, mentally and emotionally. TRBEM groupis a vivid scientific

"hive" that welcomed me from the very first moment. Since thencolleagies and kpent
countless hours together on scientific expeditions, labs, and offiweking as a team to
accomplish our missions. Most times, it took us more than we expected, but the results always
matched or exceeded our expectat@SM colleague¢former & current) thank you for our
creative discussions, the valuable tools we learned together and your kind support inside and
outside GEOMARProbably the biggest thanks goes to my Doctoral FaBref, Dr. Jens
Greinert who "took me under his wingsand provided the means to conduct my research
seamlessly until today. Jens saw what | could achexenpefore | realisedt) and pushed me

gently towards it, providing me with the space, time and trust needed to grow as a scientist.
Together, we formlate ideas and research papers that share our common passion for quality,
innovation, applicability and interdisciplinaritfhe PhD researckometimeschallenges the
work-life balanceand in these moments of stress, chatting and meetingeathfriendghere

and abroadis probably the best recipe for recharging my batteAdsig thanks to all of you.

A special thanks goes to my family, who always supports me in my steps abroad, although they
miss me a lotFinally, | am thankful tdDr. Svetlana Kresea, my belovedwife, who believed

in me from the first moment we met here in Kielefais there when | return hapgsom the

office or expeditiondaving newesearchlata andindings, but mainly when | return tired and
frustrated after a long day withbprogresslong the long but fruitfuPhD journey



Preface

This dissertation has been submitted to the Faculty of Mathematics and Natural Sciences at
ChristianAlbrecht University of Kiel in compliance with the requirements for Bleetorate

of Natural Sciences (Dr. rer. natJhe research presented here was conducted entirely at the
DeepSea Monitoring Grougt GEOMAR Helmholtz Center for Ocean Research Kiel under

the supervision of Prof. Dreds Greinert.

The research topics are within the main objectives ofRlegramOriented Funding of
Helmholtz Association of German Research Centers entfitleshging EarthtSustaining our
Futuré in the research field Earth and Environment 20027. The researdh part ofTopic

6 (Marine and Polar Life: Sustaining Biodiversity, Biotic Interactions and Biogeochemical
Functions) and in Topic 8 (Gezsources for the Energy Transition and a Higich Society).

The research was partly carried out in the framework of the European collaborative project
MarTERA-COMPASSDrimp, receiving national funding fronthe Federal Ministry for
Economic Affairs and Climate Action (BMWi, grand no. 03SX466B) and the European
collaborative projectMininglmpact 2 of the Joint Programmingdnitiative Healthy and
Productive Seas and Oceans, receiving national funding from the German Ministry of Research
(BMBF grant no. 03F0812Ad).

The dissertation is a collection fur publishedoriginal peefreviewed articlesAll articles
areopenaccess and licensed under a Creative Commons Attribution 4.0 International License
(http://creativecommons.org/licenses/by/.aFhe research articles are based on fieldwork
duringoffshorecampaigns, acquisition and pgsbcessing of hydroacoustic, optic and ground
truth data, onshore spatial analysis, and visualization with the use of Geographic Information
Systens (GIS), as well as computational analysis and predictive modallsilgg madine
learning algorithms.

Gazis, |-Z., Schoening, T., Alevizos, E., & Greinert, J. (201Quantitative mapping and
predictive modeling of Mn nodules' distribution from hydroacoustic and optical AUV
data linked by random forests machine learnBiggeoscienced5(23), 7347#377.
https://doi.org/10.5194/b#5- 73472018

Gazis, I1-Z., & Greinert, J. (2021)lmportance of spatial autocorrelation in machine learning
modeling of polymetallic nodas, model uncertainty and transferability at local
scale Minerals (Basel, Switzerland) 1(11), 1172.
https://d0i.org/10.3390/min11111172

Gazis, I-Z., Charlet, F., & Greinert, J. (2024)n interpretable multmodel machine learning
approach for spatial mapping of desga polymetallic nodule occurrencBigtural
Resources Researdtfitps://doi.org/10.1007/s1109®4103937

Gazis, I.-Z., Stigter H., Mohrmann J., Heger K., Diaz M., Gillard B., Matthias B., Veloso
Alarcon M., Purkiani K., Haeckel M., Vink A., Thomsen L., Greinert J. 802
Monitoring benthic plumessediment redeposition and seafloor imprints caused by
deepsea polymetallic nodule mining. Nature Communicatiod$, 1229 (2025).
https://doi.org/10.1038/s414625563110



https://www.geomar.de/en/deepsea-monitoring
https://www.geomar.de/en/research/research-programme-changing-earth-sustaining-our-future
https://www.geomar.de/en/research/research-programme-changing-earth-sustaining-our-future
https://www.bmwk.de/MAFO/projekte/projekt-03SX466-COMPASS.html
https://www.jpi-oceans.eu/en/miningimpact-2
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.5194/bg-15-7347-2018
https://doi.org/10.3390/min11111172
https://doi.org/10.1007/s11053-024-10393-7
https://doi.org/10.1038/s41467-025-56311-0

Contents

ADDIEVIATIONS. ... eeer ettt e e e e e e e e e e e e e e e e e e e e e e 1.
Y 0153 = Lo APPSR PPPPRRR 8
ZUSAMMENTASSUIG ... eeeeeeeee et ettt e e bbb seeenss bbb e e e e e e e e 9
)Y 10 6] TP TP TPRPP 10
INEFOTUCTION. ...ttt e e e 11
Section I(spatial MOAelliNg...........uuuriiiiiie e ereer e e e e e e e e e e eeaaanens 14
FOMBWOIG. ...ttt emmme et e e et eemmme e e e e e e e e 15
Nodules Spatial DiStriDULION.............oouiiiii e 16
RESEArCh ODjJECHIVES.....uuuii i 21
FULUIE WOTK. ...t mnne e 58
Section 1(PIUME MONITOMINY....cevriiiiiiiieie e 60
FOTEWOIQ. ..o 61
MiINING trial MONITOTING. ...t e e e e e e e e e e 61
RESAICH ODJECHIVE ... e e 62
FULUNE WOTK. ...ttt e e e 68
Section lll(scientific deVelOpPMENL........cccoeeiii i 70
Co-authorship in Pedreviewed Scientific Publications..............ccccoovvvvieeenee, 71
Data PUDIICALIONS. .....ccoiiiiiiiiiiie et reeme e e 72
ScIentific EXPEAITIONS......coviiiiiiiie e e 75

(O] 01 (=] £=7 g0l 2SR PP PPPPPPPPP i7
Workshops & Summer SChOQIS............coooiiiee e 80
SUPETVISING STUBNIS. ...ttt ieee bbb eerer e e e e e e e e e e e e e e e e s ammeeee s 31
SECtiON IV(FEfEIENCER. ......vveeeiiee e eeee e e e 82
REIEIENCES ...t 83
Section V(research artiClEp...........oooovuiiiiiiiiiiieee e e 96
Published & Submitted Research ArtiCles..............ccuvviiieemeiiiiieeee e 96



Abbreviations

AABW
ADCP
AOA
ARA
AUV
BGR
CCD
ccz
CoMoNoD
CTD
CUBE
CVv
DEA
DEM
Dl
EEZ
GAM
GLM
GSR
H?SOM
I

ISA
LBL
MAE
MBES
NNM
OBS

p

PDP
POC

QU
R2

RFM
RMSE
ROV
SBP
SD
SE
SPM
SSS
SVM
TOC
USBL
Vi

Antarctic Bottom Water

Acoustic Doppler Profiler

Area of Applicability

Angular Range Analysis

Autonomous Underwater Vehicle

Federal Institute for Geosciences and Natural Resources
Calcium Compensation Depth

Clarion Clpperton Zone

Compact Morphologypased Nodule Delineation
Conductivity, TemperatureDepthsensor
Combined Uncertainty and Bathymetry Estimator
CrossValidation

Disturbance and recolonization Experimental Area
Digital Elevation Model

Dissimilarity Index

Exclusive Economic Zone

Generalized Additive Models

Generalized.inear Models

Global Sea Mineral Resources

Hierarchically Growing Hyperbolic Sefbrganizing Map
Moran Index of Spatial Autocorrelation
International Seabed Authority

Long Baseline (acoustic positioning system)
Mean AbsoluteError

Multibeam Echosounder

Neural Networks Model

Optical Backscatter Sensor

Probability Value

Partial Dependence Plot

Particulate Organic Carbon

Quantile Uncertainty

Coefficient of Determination

Random Forest§lodel

Root Mean Square Error
Remotely Operated Vehicle
Sub-Bottom Profiler

Standard Deviation

Standard Ermo

Suspended Particulate Matter
SideScan Sonar

Support Vector Machines
Total Organic Content
Ultra-Short Baseline (acoustic positioning system)
Variable Importance



Abstract

This dissertation address@so topics a) deepsea polymetallic nodules spatial modelling
using machine learning and backscatalysis and b) mining-induced benthic plume
monitoring. Deepsea polymetallic nodules have a heterogeneous and spatially clustered
distribution pattern within short distances (m to kntjigh-resolution data are needed to
understand the reasons behind their patchy distoiy associate nodule coverage with benthic
fauna occurrencesaindenableaccurateresource estimation and mining paianning. This

study usesautonomous underwater vehicle (AUVjultibeam echosoundeMBES) data
seafloor images and photomosaipspviding a neterto-millimeter spatial resolution and
allowing detailedgeomorphological analysis and accurate imdgeved estimations ahe
polymetallic noduleseafloorcoverageMulti-model machine learning approachgsneralized

linear models, generalizedadditive models, randomforests,support vector machines, and

neural networks) were used to link the two data typekhey predict well (R > 0.7) for
geographical areas where correlations between the response variable and predictors exist, the
gpatial autocorrelation is isolated from the model training, and an adequate feature space
representation of the predicted space is guaranteed from the training datalin@assi
monotonic and nonlinear relationships between the nodule coverage andgseditéors were
identified using interpretable machine learning tools such as-maliiel variable importance

and partial dependence plots (2D and 3D). The most important spatial predictors were the
MBES backscatter, particularly from incident anglesMeein 25° and 55°, bathymetry, slope,

and slope orientation (eastness and northness), agreeing with the existing knovtexiysde
occurrencdor largerarea.

Regarding benthic plume monitoring, theesisshows thatartificially generated sediment
plumes initially spread as a higbensity turbidity current perpendicular to the miniages,

having little to no mixing with the ambient wat&uring the investigated mining experiment,

the turbidity currentvaschannelledhrough 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 to500 m, depending on the seafloor slopg)assive transfer of suspended particles by
bottom currentgontinues to transport fingrained particlesThesuspendegbarticulatematter
concentration(mg L?) decreases fast with distance and altitude, andegakbimost at
background levels were recorded at the end of the medidneaata 4.5 kmdistanceand the
highest monitoring altitudef 50 m. Particle flocculation was recorded in situ for the first time
+anotherso farneglected factor, leading to fast (minutes to hours) sediment redeposition
within short distances (< 500 m) from the mining site. Within the miningraiteresolution
seafloor photomosaghowed that the sediment redeposition was at Beast and the safloor

erosion was5 cm. The study underlined the need to combine hydroacoustic and optic
backscatter sensors on stafienders)and moving(AUVSs) platforms with seafloor images to
achieveinformative high-resolution 4D plume monitoring.



Zusammenfassug

Diese Dissertation untersucht die rdumliche Verbreitung von polymetallischen Knollen mittels
Machine Learning Methoden, fur deren Modellierung die Analyse der hydroakustischen
Ruckstreustarke wesentlich war. Weiter Untersucht die Arbeit die Sedimentawsipren
Rahmen eines KnolleKollektor Prototyp Tests, der 2021 als erster wirklich industrieller Test im
zentralen Pazifik durchgefuhrt wurde. Polymetallische Knollen in der Tiefsee weisen auf kurzer
Entfernungen (m bis km) ein heterogenes und raumlicklugeertes Verteilung auf.
Hochauflésende Daten sind erforderlich, um die Grinde fur diese zum Teil [ickenhafte Verteilung
zu verstehen, die Knollenbedeckung mit der Verteilung benthischer Fauna zu korrelieren und eine
genaue Ressourcenabschatzung unblafpfadplanung zu erméglichen. In dieser Arbeit werden
AUV MBES, Meeresbodenbilder und Fotomosaike verwendet, die eine raumliche Auflésung von
einem Meter (Hydroakustik) bis zu einem Millimeter bieten (Optik). Hierdurch ist eine detaillierte
geomorphologishe Analyse sowie eine genaue, Quantifizierung der Knollenbedeckung am
Meeresboden moglich. Die beiden Datensatze wurden dafur durch verschiedenen ML Ansatze
(Generalized Linear Models, Generalized Additive Models, Random Forests Model, Support
Vector Mactines, and Neural Networks Model) miteinander kombiniert und deren Resultate
verglichen. Alle Modelle machen gute Vorhersagen (R2 > 0,7) fUr geografische Gebiete, in denen
Korrelationen zwischen abhéngigen Variable und den Pradiktoren bestehen, die &umlich
Autokorrelation vom Modeltraining isoliert ist und gentigend Trainingsdaten fur den gesamte
Feature Space des vorherzusagenden Gebietes gegeben sindin€ar@simonotone und nicht
lineare Beziehungen zwischen der Knollenbedeckung und den raumliéuekiéhen wurden z.B.

Uber die VariabletWichtigkeit aus mehreren Modellen und partiellen Abhangigkeitsdiagrammen
(2D und 3D) ermittelt. Die wichtigsten raumlichen Pradiktoren waren die MB&Xstreuung
(insbesondere flr Einfallswinkeln zwischen 25° usd)bdie Bathymetrie, die Steigung und die
Steigungsausrichtung (Easting und Northing), was generell gut mit den vorhandenen Erkenntnissen
fur gréRere raumliche Skalen Ubereinstimmt.

Bezuglich der Ausbreitung der anthropogen induzierten benthisebdmentfahne belegt die
Arbeit, dass sich initiale Tribestrome mit hoher Dichte senkrecht zu den Abbauspuren ausbreitet
und sich nur wenig oder gar nicht mit dem Umgebungswasser vermischen. Diese Trubestrome
werden durch steilere Abschnitte am Meereshede 3° Steigung) kanalisiert, wodurch sich die
Ausbreitungsdistanz und die Menge an Sediment aufR3erhalb des eigentlichen Abbaugebietes erhoht,
ein Faktor, der bisher in numerischen Modellen nicht bertcksichtigt wurde. Nach der
Abschwachung der Tribestrogmamik (in ca. 100 bis 500 m Entfernung, je nach Steigung des
Meeresbodens) kommt es zum  passiven Wietertransport von Schwebepartikeln durch
Bodenstromungen. Die Partikkbnzentration nimmt dabei mit der Entfernung und Héhe schnell

ab. Dabei sinken Pakglkonzentrationen in 4.5km Entfernung und 50m Hohe lber dem
Meeresboden fast wieder auf das urspringliche Hintergrundniveau. Wahrend der Untersuchungen
wurden erstmals Partikelausflockung in situ festgesteiin weiterer bisher vernachlassigter
Faktor der zu einer schnellen (Minuten bis Stunden) Sedimentablagerung innerhalb kurzer
Entfernungen (< 500 m) vom Abbaugebiet fihrt. Innerhalb des Abbaugebietes wurde durch
hochauflosende Photomosaiks und der daraus generierten Gelandemodelle mit mm Andteung
Sedimentablagerung von bis zu 3 cm und Erosionen von bis zu 5 cm ermittelt. General zeigt das
durchgefliihrten Monitoring der Sedimentausbreitung die Notwendigkeit, das hydroakustische und
optische Rickstreuungssensoren auf stabilen und beweglichitforRian eingesetzt werden
missen um diese mit Bildern vom Meeresboden zu kombinieren, um eine aussagekratftige,
vollumfangliche und hochauflosende -B2dimentfahneniberwachung zu ermdglichen.
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Introduction

Introduction

Deepseapolymetallic nodules (hereafter nodules) are mineral concretions of mm to cm in
GLDPHWHU HPEHGGHG LQ WKH VHGLPHQW V0oOoUdmEEORT WKH |
m water depth (Heiret al., 2020). They are formed by precipitation of-Fend Mn
oxyhydroxides from seawater and sediment porew&igufel), creating repeated concentric
encrustations around a core (e.g., nodule fragment, rocisdabd shark's tooth) over millions

of years (Kuhret al.,2017; Heinet al.,2020). Nodules formed by hydrogenetic precipitation
have an average growth rate e inm Myr?, while diagenetic precipitation results in a faster
growth rate of up to 250 mmMyr?t (Kuhn et al., 2017 and references therein). Both
precipitation types can eoccurin the same nodulg={gure 1), resulting in an asymmetrical
growth and texture between the upper (exposelydrogenti¢ and lower (embedded
diegenti¢ parts (SPC2013).

A mixed manganese nodule . ,
- Differences in surface texture Formation environment for manganese nodules

a Hydrogenetic

y nodules »
© (o) @ @@@ Hydro- :2: :Ii:sgenetic
@ @ Water
depth
in
@ Diagenetic nodules metres
©

- ©°3°8 232 e0®
® %@ @@G@ ®

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

The extremely slow growth rate is why scientists call nodule®hthek box" of ocean history
(ISA, 2009; Reykhard an8hulga, 2019). Indeed, the study of nodules has provided valuable
information on the changes in physical and geochemical conditions ofsdadpasins. For
example, a single nodule’'s magnetic and chemical scanning reveal@dtéinetic 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 $iadus (Megaselachus)
megalodonfrom thedeepseawithin a nodule field in the Pacific Ocean (Pollerspock et al.,
2023).

Apart from a priceless repository of ocean conditions, nodulesearial to thedeepsea

ecosystem as they are one of the few hard substrates on vast regions covered by otfterwise so
siliceous clay Figure?2). Several studies have linked nodule abundance kg MV HDARRU DUH
coverage (% M), and nodule size (cm) to the abundance, spatial distribution, species richness,

and community composition of benthic megafauna, macrofauna, meiofauna and microbial
communities (Amoret al.,2016; Vanreusett al.,2016; De Smeg¢t al.,2017; SimonrLledo et

al., 2019; Molariet al.,2020; Papet al.,2021). A recent study upgrades the ecosystemic role

of nodules as it supports the idea of oxygen formation (theaked "dark oxygen") through
seawateelectrolysis, with the necessary energy to come frarpotential difference between

metal ionswithin the nodule layers, particularbf largernodules(Sweetmaret al.,2024).
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Figure 2. ROV images of benthic megafauna inside nodule figld3arion Clipperton Zonand PerwBasin a)

Echinoidea, b) Holothuroidea, c) Porifera and Asteroidea, d) Actiniaria, €) Holothuroidea and Scyphozoa, f)
(FKLQRLGHD 7KH IDXQD DQQRWDWLRQ ZDV EDVHG RQ-Me#gort MWD QGDUG!
2023.Figuresource: GEOMARHelmholtz Centre for Ocean Research KROV Team.

7KH LPSRUWDQFH RI QRGXOHV IRU WKH EZKE@RKG& X OHHRR ¥ DMK
EHHQ UHPRYHG LQWHQWLRQDOO\HGXUL®2J3G DQNMXDEDRRA H[!
HW DO RU SLORW PHQLQ»WUWQWWGQN HW DRBgure3 7KH
UHPRYDO RI QRGXO H\H QGLK/VFX UHERWXGMHHWY VKRZ DOWHUQ
VHGLPHQWRORJLFDO DQG JZHRAKHPHERDDHQ®/GHE FHWBWN LQ
DEXQGDQFH W.SD\WLOQOG GWEEKFOMKIHF RARRPPXQLW\\HPHE® DIW
0L O MKW LOO -RQHIR BWHDAD DO 9RQQDKPH HW DO
DO /HHL BEOH 7KH VHGLPHQW SOXPH FUHDWHG G X
DOVR EHHOQRILKRIKRIOEWDQ DV L WK\ 8 F GIBUEWEH /R B
FRQFHQWUDWLRQ VHYHUDO WY.IRY\V ERBLE NP DUIROX. QX @I HDE R YRH
/| WKDW WHKHD GEHIRSV DWBHBPERSWHGHULPHQWY VKRZHG WKDW
DERYH ©HJDWLYHO\VMHMDHEMOGHHS MHOO\ILVK VSARHHV 6W
UHGHSRVLWHG VHGLPHQW I|RO O RYHIDIWW KHOW HX3 LHPF\QW [SEOXX
DOWHUQDWLRQV LQ WKH E KXQLOKIHU PR P XD DVBAW Y O X FIVDXLLEHD

Figure3 529 LPDJHV VKRZLQJ D WKH GLVWXUEHG VHDRBRRWLR Q HIOULSE DHW W
=RQHE WKH VHGLPHQW SOXPH GXULQJ DQG PLQLQJ LPSULQWYV GXULAQ.
UHGHSRVLWLRQ P TUR PXWERIXUBGENMAR Nelmiditz Centre for Ocean Research Kiel

, b and c) Federal Institute for Geosciences and Natural Resoumeds *D]LWW DO
https://doi.org/10.1038/s414825563110

ORUH LPSRUWDQWO\ EHQWISRDWBGUIFE B SR 8 DW PW K HWAUXDVBE\H
RXWVLGH WKH PLQLQHQIYWHR QP& BDWDID/ LRRWSKH. QW RI PLQL
HW DO 5RXXRIW DO +DDOERRP HW DO VFDOMH W
PLQLQJ WULDOW NWXRZ D®IISRPHSEDIEHBQMEK LF HFRV\VWHPV DQG
DFTXLULQJ GDWD RQ WWHDUG VIHO MHRQ WK FKI GIHVAVBXUEDQFHYV
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Introduction

HYROXWLRQ DQG LIPRS®XMH® |ISPIXPHYI KDYH EHHQ FKDUDFW
XQNQRZ@ | DOWEMDB P IDFMVOLIYEPRM B QG S5RHOV $PRQ HW D

Nodules could play aignificantrole in transitioning to green and decarbonized technologies,
as they have a high average abundance (e.gL51 n? of wet weight) and are ridh metals
asMn (28.4 wt%), Fe(6.16 wt%), Ni (1.30 wt%), Co (0.215 wb), Cu (1.07 weo), Li (131
ppm) and rare earth elements such as Yttrium. These metalsaetly in increasing demand
as they ar@meeded in technologies such as electric cars and wind turbinesef-Hgi2020).

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 vdh@able
renewablg 2D resource (including therst five to ten cm of sediment column), and their
existencehas receivedattention. Considering the geological, ecosystenaicd economic
importance of nodules, éipresented hesisaddresses the topics relatedhe scientific gaps
in_high-resolution spatial nodules mapping aheé monitoring of mininginduced sediment

plumes

Section laddresses thmain research topic of thkesis whichinvestigatespatial predictions

of deepsea polymetallic noduldsy using hydroacoustiandoptic datain machine learning
algorithms (main research topi§ectionl introduces the reasons that affect nodules' spatial
distribution on global and regional scales and underlines the need fosdatalktudies using
dataobtained by atonomousunderwaterehicles (AUVs). Afterwards the research objectives
are clarified, and the key findingsom the three published research paessummarized
andrelaked Finally, anoutlook for future works given

Section Il deals with the secondary research topic offthesis the mininginduced benthic
plume monitoringlt summarizes the research findings of the provisionally accepted research
paper related to in situ plume monitoring of the first erodrial of anindustriatscalepre-
prototype seafloor nodule collector in the Pacific Ocddre studyunderinesthe need for a
holistic scientific and technological approatthstudy sucha complex topicand presents
important outcomes regarding thechnology needed to monitor sediment plurimesigh
spatiotemporal resolutian the future

Section 1l describes the author's scientific development and achievements, including co
authorships in peeeviewed original research articles and book chaptientific data
publications, participation in international conferences, scientific expeditions, workshops and
awards received during the PhD.

Section IV includes the references of sections | to Ill

Section V contains the published and submitted research articles, their apperatixes,
supplementary information.
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Section |

'HHSHD SRO\PHWDOOLFPRGQRGXIOMK \
PDFKLQH OHDUQLQJ DOJRULWKPV D

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

The first law of GeographyWaldo R.Tobler, 1970)
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Section | £Spatial Distribution

Foreword

6HFWLRQQWURGXFHV W KH HBHSHDD § R R \WIR\S MFDEXK P RDRIG XD V
WKH UHVXOWYV DQG NQRZOHGJH/ DDLRXG BERIP EMBERHYY G HOL
GXULQ3KW KHIPGIG SUHVHQWHHG/ HDD WRKD WIBRSHEN W\W URYKIO W H
SHVHDUFK 2EMGHEPWLXWHY HG E RS HISOMEBER \WHD\F K7 RGAHULLY H G
FRQFOXVLRQV DUH VHW\L QY PP B UIR QRGH.QH IR CIWHHWDINY B R M/
UHVHDUFKIVIEBIWGNMO SUHGLFWLYH PRGH O VIDPHIFQ\A K@ EDLAWD
PHQWLRQV WKH UHVHDUZRK 16 R MW E YW HE GIGRRLW KHAPHD LIOQ G
VFLHQWLILFLIDISPQ RXWORRNRRHUYNWXUWM BGRUN QRW GHVFL
XVHG DOWKRXJK LW LV DVKKEY® PEWKRG\S BXYVWGRIRW KKN\G U |
LPDJH GODWWL\D OWRJHWRESOZWBW LWKWHFDO DOQOG PRGHOOLQ
GHVFULEHG LQ GHWDLOLDQ6HBIVK RIH WHINYBIPK PR WURQKOHV T
GHWDLO WKH JHRORJLFDO VHWWLQJV RI HD Pkt VWKIGQ DVUKHHD
6\QRSVLVLOBURDIWAY®HY RDUHINVHYWHG WR IDFLOHWDWH V
VHFWLRQ $V WKH UDWLRQDOH IRU WKH VIQRSVLV LV WR RX
DQG JHRPRUSKRORJLFDO VHWWLQJV ZRXOG GLVRULHQW WK

W VKR XOG HGWK QW R PHRWRW VFKB OO HQFBHG WV,DEQ &BW VW K H
QHHG WR ¥WKBL @ BHWIKRFPRORRXMYDUFK ILHOGV

8QGHUZDWHU K\0®4(R IDFARX W& FIGDWD DFSXRVHWVRQJIDQG
8QGHUZDWHLPDBBJMH@DO\VLYV BRGDREWKREKRWR

6WDWIHVWQEYDULDWH DQG PXOWLYDULDW H O Q BVQ WM M/ F \X
ODFKLQH OHDUQHPWXUH VHOHFWLRQ DQG PRGHOOLQJ
3URJUDPRLQJVWDWLVWLFDO PRGHOOLQJ DQG YLVXDOL
*HRJUDSKLF ,QIRUPIBW VBOQWLDWHPYDO\VLY DQG PDS SU
ODULQH *HRORJRUPDWLRQ DQG GLVWULEXWLRQ RI QRG
6XUYH\ GHULIQI$@9 BXOBRVH DOHRPROWNXUYH\ SODQQL

7KH FRPELQDWLRQ Rl WKHVH HLJKW UHVHDUFK ILHOGV DQ
SOD\HG D GHFLVLYH UROH LQ WKH DXWKRU V LQWHUGLVFLS
XQGHUVWD QG WHKWMKMRGE A QG HSHQGH@WO \WKRIY E X BW WULHDH B
SXEOLVKLQJ UHVXOWV 2IWHQ PLVKDQGOLQJV DW WKH GI
VHWWLQ.IVVRRRWMD DQDO\VLY DQG FRXOG HYHQ OHDG WR H
SRRU GDWD DQDO\VISRVW $URMHRQILGDWDNDWLVWLFDO RU F
PLVOHDGLQJ UHVXODMXD/OHWN @ DRUWD JRB®GGLWLRQ WKH EOL
DSSURZEWHKWRXW GRPDLQ NQRZRBEWLIRDWHVRQWYXNVNQROVE SC
QDWXUDHY VFRHRGH JHRVFLHQWLVWNQORZADGDANLEOR KO G \KDS
OHDUQ YDHNYROWLQYWHWKRGYV \8RRODBRFPG WVRINZ DG R
VRXUFH WR DGGUHVV VSDWLDO SUREOHPV ZLWK UHPRWH
LQWHOOLJHQFH D JRRG XQGHUVWDQGLQJ RI WKH GDWD Ol
QDWXUDO PHFKDQLVPV EHKLQG WKH LQYHVAKILIMDMWKBWRSLF
KDV D KROLVWLF DSSURIDFEH 6 URHDUA MW JH K WRLDHI W L
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Nodules Spatial Distribution

Since their discovery in 1873 during tG&allengerexpedition (Thomson, 1873; Belket al.,
2021),noduleshave been found in all oceans, the Pacific (e.g., Kathal.,2017), Atlantic

(e.g., Cronan, 1975), Indian (e.g., Shamhal.,2013), as well as the Arctic (e.g., Hahal.,

2017) and Southern Ocean (e.g., Ostwald, and Frazer, 1973). However, they are unevenly
distributed as several environmental factors affedule 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 th&ater depth andCalcium
Compensation DeptfCCD), longterm low sedimentation rates, bottom water oxygen
concentration, longerm bottom current velocity, seafloor lithology and sediment size, sea
surface productivity and total organic carbon content in seafloor sediments, seafloor biomass
and plate tednics (Dutkiewiczet al., %ULHIO\ WKH VHDIORRU ( P E
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, theetdiagen
contribution is reduced due to lower particle flux rates of nretthing the seafloor and the
dominance of finer grain size (despa clay), which has reduced sediment permeability and
metal mobility in pore waters compared to siliceous ooze. AHw€CD, the dilution from
precipitating carbonates and the higher content of calcareous ooze on the seafloor sediments
hamper the formation and growth of nodules (Hatial.,2013; Kuhret al.,2017). Longterm

low sedimentation rates (<B cm kyrt) and low total organic carbon content (< 0.5 wt %) in
areas with medium to low surface productivity (< 300 mg €day?) are needed to support

the slow mineral precipitation and retaielwoxygenated waterd$0-210 mmol ) andoxic
conditions on the gsticial sediments ands pore water (ISA, 2010; Dutkiewiczt al.,2020).
Longterm steady and wetixygenated largsecale bottom currents, such as the AABW
currents, inhibit sediment accumulation by eroding and removing the finest sediments and
generatig fragmental materials that serve as nodules' nuclei (ISA, 2010; &ukin2017).

Large plate movements, such as the northwest shift of the Pacific plate, also contribute to
creating optimal (past) or suboptimal (present) conditions for ndduieation (ISA, 2010;

Kuhn et al.,2017). Biotic processes also contribute to nodule growth and preservation. For
example, frediving bacteria create a biofilm around nodule seeds, contributing to the
precipitation of Mn and Feoxyhydroxides (Wang and Muller, 280Zhanget al.,2023). The

activity of benthic fauna around, under and on top of noqdkgsitus feeding and foraging
considered the primary mechanism sustaining nodules on the sediment surface, as they clean
the fine sediment on top of nodules ahepositit underneath them (Gardnet al., 1984;
Mullineaux, 1989; Dutkiewiczt al.,2020) The spatial variability of the abovementioned
factors has resulted in regions with higher nodule abundance and metal content, gathering
worldwide and national ietest for exploration and future exploitation. Such regions include
the Clarion Clipperton Zon€CC2) in the NE equatorial Pacific, the Central Indian Ocean
Basin, the Peru Basin, the Penrhyn Basin, an&xickisive Economic ZonEEZ2) of theCook
Islands.Only within the CCZ, which has an area of ca. 4.5 million %rthe International
Seabed AuthoritylSA) has issued 18 exploration licenses (ISA, 202Gure4).
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a b

Figure 4. a) The globe map shows ti@&CZ 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 zoorvin map of theCCZ shows the exploration contract areas (blpok/gons), the Areas of
Particular Environmental Interest (hashed blue squares), and the Reserved Areas (light blue blocks; ISA, 2023).
The Global Sea Mineral ResourcéSSR) exploration contract area imarkedyellow, and the locations of the

three study sites are provided. Each number correspontte taumber ofeach publishedresearch article
chronologically ordered=iguresource:* D] LHAV D Ohttps://doi.org/10.1038/s41468725563110

Regional seafloor morphologyfurther influenceghe noduls' spatial distribution Figure

5). Localbathymetry (Craig, 1979; Kodagali, 1988; von Stackelberg, 2000), terrain ruggedness
(Kodagali, 1988; Skornyakova and Murdmaa, 1992), steep slopes, and outcropping bedrock
(Dreisetl, 216; Yooet al.,2018; Alevizost al.,2022), volcanism anttheavailability of nuclei
(Glasbyet al.,1973) have a direct effeon the nodulg’ spatial distributionSynergistically,
seafloormorphology alters the local hydrodynamics, e.g., when splkaolls or seamount
chains influence bottom currentlocity and direction, causing erosive and depositional
structures such as furrows and sediment drifts, respectively é9aar2018). 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 (ieke and Weber, 1996; von Stackelberg, 2000; &uan

al., 2018). The synergistic effect of seabed topography, bottom currents, and heterogeneous
sedimentation patterns influences the geochensediment conditionshat affect nodule
formation, e.g., remal of claysize particles by currents, variations in total organic carbon
content and shiftef the Mn-redox depth in local depressions, highlighting the relationship
between metescale seabed morphology and variation in geocheroaraitions(Meweset
al.,2014; Volzet al.,2018; Paukt al.,2019).

The thesisfocuseson the geomorphological component of thigterplay, providing insights
into the role of topography on nodule occurrermekcal scalegmeters to a few km), which
are not studied as thoroughly as the regional (hundreds to thowddadsand global scales
mainly due to the lack ofigh-resolution data that are typically generated throAgh
deployments
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Figure 5. AUV colour-normalized (Kdseet al., VHDARRU LPDJHV VKRZLQJ WKH GLIIHUF
within the same study site. The imagerived nodule coverage has been calculated using the usinatigan
Analyzersoftware (saltation GmbH & Co. KGFiguresourceGazisetal.,2024https://doi.org/10.1007/s11053

024103937

AUV Multibeam Echosounder (MBES) data: This thesissignificantly enriches the
available highresolution deefsea data bgresenting the most extensive AU\based MBES
datasets onnodules as adeepsea resource at thaime of writing. In total, 75.3 km of
seafloor were mappeih three studyarea (Figure 6): 9.5 knt in the Global Sea Mineral
Resource$GSR B6 areaof the CCZ (Research article 1), 28.2 Knn the Disturbance and
recolonization Experimental Ared@EA) area of thePeruBasin (Research article II) and
another37.6 knf in the GSR B4 areaf the CCZ (Research article 1ll). Notably, the GSR B4
area was ensonified @400 kHz MBESwith a beanwidth of 0.7° x 0.7° from an acquisition
altitude of 60 m above the seaflptrisresulted in a footprint* of 0.7 m x 0.7.fMhe smaller
the beanwidth and the shorter the acquisition altitude, the greateetwtutionas thesizeof
the seafloor area in whichcartain number of pings faffootprint), is smallefHughes Clarke
2018).This MBES footprint is the smallest in current literature regarding nodules and
other deepsea resourcessuch as seafloor massive sulfides (Juletnal.,2021; Harooret
al., 2023). AUV-based MBESs capture the nodules' backscatter reflectance with high
frequencies (< 10@&700 kHz), a frequency spectrum in the past not used commonly.

* The MBES footprint calculation is done for a flaeafloor according to the equations ypded by the
International Hydrographic Organization, IHO 2011.
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Such high-resolution data are necessary to depict the rsete seafloostructuresthat
influence thenodules' spatial distribution, which are not resolvable with-bhged MBES data
(e.g. Peukert et al., 2018adFigure6). Low frequencyship-basedVIBESs andtowed Side
Scan SonafSSS systemg< 12 +100 kHz) map th@odule coveragenregional scales, i.e.,
hundreds to thousands of kiScanlon and Masson, 1992; Lee and Kim, 2004; Chuethali,
2015; Machideet al.,2019; Kuhn and Rihlemann, 2021; Waial.,2021).

|C‘1 %’

al b1

Figure 6. Bathymetric maps of the three study areas based on three different soura8y:GHEBCGbased
bathymetric grid with a cell size of 450 m (GEBCO, 20243}bB} Shipbased MBES bathymetric grid with a cell
size of 50 x 50 m (Greinert, 2016; Gausepadldl, 2019a,b; Gazis, 2020). ¢t3) AUV-based MBES bathymetric
grids with cell sizes of 3x 3 m (a3 and b3) and 2 x 2 m 8uresource Gazis, 208 (PhD dssertatioi.

AUV optic data: The recent advancements in underwater photography (&aalg2022;
Sheet al.,2023; Songet al.,2024) nodule segmentation (Schoenieigal.,2017; Songet al.,
2019; Shaet al.,2023; Tomczalet al.,2024) andmageclustering (Mbanet al.,2022) make
seafloor images a valuable tdot quantitativenodulestudies, providing thousands to millions

of ground truth data in higresolution (mm to cm scale). Based on thousands of images and
imagederived nodule coverage estimations, robust spatial and statistical arreyselseen
made possiblandclearly showthat nodule distribution varies significantly even in short (m
to km) distances (Schoeniegal.,2017; Peukergt al.,2018; Alevizoset al.,2022).

Machine learning: The large amount of hydroacoustic and optic data collected during
offshore surveysiceleratedhe application of machine learning at local (Wat@l.,2021),
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regional (Hariet al.,2018; Kaikkoneret al.,2019; Kuhn & Ruhlemann, 2021; Wasilewska
%abDV]F]\N OXFKD DQG JOR EDaD, 2020 Rddhine leawihgL HZ L F ]
algorithms have also been used to a smaller extent for the spatial predictive modelling of
ferromanganese crusts (Jost@l.,2023) and seafloor massive sulfides (Julenal.,2021;

Haroon et al., 2023). Machine learning algghms use MBES and SSS backscatter and
bathymetric derivatives (quantitative descriptors of seafloor morphology) to predict the spatial
distribution of nodules based on th&sociationbuilt. These spatial predictors relate to nodule
coverage or are proes for the physical and geochemical procesisassupport or prevent
nodule growthFor example, the slope orientation has been used as a proxy for the mean current
direction in spatial models when continuous kiegm information about bottom currents is
unavailable (e.g. Uhlenkogt al.,2022). Variations in sediment thickness are reflected in the
MBES backscatter intensityngular Range Analysi$ARA), and SSS backscatter mosaic
(Yooetal.,2018; Hillmanet al.,2017; Gaidaet al.,2019)andcan be inferred from topographic
indices such as the bathymetric position index (BPI; Alevet@sd.,2022).

In general, lhe thesisis 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 ainas atdentifying the limitations of moel-

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 domainekigeabuch a
combined analysigpproactshedlight on thesometimes mysticharacter of machine learning
models andprovidesvaluablefeedback regarding each predictor variable's statistical and
natural contributionand highlghts the role ofthe seafloorgeomorphologyon the spatial
distribution of nodules. Thilesisprovides a detailed overview of the current literature @ th
topic.
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Section | has fiv&Research Objectige

Investigate the applicability of machine learning regression algorithms to predict
the finescale spatial distribution of nodules using Aldsesed hydroacoustic
(MBES and SSS) and optic data (seafloor images), as well as a small number of
ground truth datéi.e. box orerg.

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

Examine the performance of five commonly used machine legrmegression
algorithms for the spatial prediction of nodulegeneralizedlinear models,
generalizedadditive models,randomforests,supportvector machines, andheural
networks.

Analyze the MBES backscatter responstseafloor parts with differemhodule
coverage and study the contribution of different incident angles (angular range
analysis) and backscatter components (impedance and votumtée modelling
performance.

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

Three peereviewedoriginal research articlesddressed the abovementioned objectives (see
Section V).No other peefreviewed study with such objectives was publisbetbre these
research articke
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Research Objectivd: Investigate the applicability of machine learning regression algorithms
to predict the finescale spatial distribution of nodules usiAgV-based hydroacoustic (MBES
and SSS) and optic data (seafloor images), as well as a small number of ground tr(ile data
box corers.

Key findings

The three research articles show that machine learning algorithms extract meaningful
information fromthousands of seafloor images and hydroacoustic data, capturing linear,
monotonic, nonlinear and nenonotonic relationships between nodules, backscatter signal
and local geomorphology such as depth, slope, and rugasbResearch Objectigelll-V).

Based on theelationsbuilt, onecan develop detailed spatial maps on operational scales in a
reasonablecomputational time, allowingnearreattime applications as soon as the image
processing occurs faginough(Figure 7). Research article presers for the first time a
workflow on how to combine AUased MBES data, imagkerived values of nodules
occurrences (numberm% coverage mand median size %) and ground truth data (box
corers) using machine learning (etgndomforests) to predict the firgcale (meter to km
scale) spatial distribution of nodulesrigure 8). Research article Il focused on the
methodological limitations of this approach and how they can be addr@dse®esearch
Objective Il), and research article lll studied the differences between machine learning
algorithms and perforsan ARA of the MBES backscatter reflectance from different incident
anglesto derive the most sensitive incidence andklso Research Objectivél). MBES
backgatter was the most important spatial predictsdqResearch Objectii¥/) and, together

with data generated fromeafloor images, revealed a meter scale patchthassannot be
resolved with boscorer data that are typically scarce and sparse (ongeaer kni) and only
represent avery small sampling area (0.253n The spatialautocorrelatioranalysiswith
Anselin Local Moran's Index (Anselin, 1995howed that nodules cluster into statistically
significant (I > 0.5, p < 0.05) groups of higher and lower coverage following thesdade
seafloor variations in all study areas, underlying the importance of a detailed terrain
reconstruction for understdimg and predicting nodule occurrences owaaying deepsea
seafloor élsoResearch Objective).

Abundance (kg/m?)
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Figure 7. Map showing the model predicted wet abundance (Rgafinodules, accounting for the buried nodules
PD|[ FP 7KH VHDIORRU SDUWV ZLWK VORSH ¢ « DUHFiguEsOUHKE& UHSUHYV
Gaziset al.,2018.https://doi.org/10.5194/b#5-734 72018
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Figure 8. Schematic flowchart of the main steps for the spatial prediction of nodules usindhAt#d data and
machine learning algorithms: From data acquisition to model outputs andeati¢iqn. EacliResearch Objective
discusses one or more steps of this workfloigure source:modified from Gaziset al., 2024
https://doi.org/10.1007/s1108®4-103937

Research initiatives
The key findings oResearch Objectiveinitiated additionalresearch topicthat have been

addressed in other projects or additional studies by the author

a) Finescale 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
informationfor an autonomous and adaptive steering system for seabed nodurg, minich

will determine the most operationally and environmentally efficient mininggoatte seabed

Such operational calculation wilhtegrae forecasted hydrodynamic and sediment transport
data, optimal manoeuvrabilityf the vehiclesand productiorefficiency while guaranteeing

safe execution, e.dpy avoidingoutcropping basement and increased slopes not resolved in
shipbased MBES data (e.g. Peukettal.,2018a).This idea initiated a 3:gear research
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program entitted COMPASSControl of an Opeational 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 Mailé&tesources NV). The MarTERA partners
Flanders Innovation and Entrepreneurship (VLAIO), the German Federal Ministry of
Economic Affairs and Energy (BMWi) and tliiropean Uniorco-founded the COMPASS
project (COMPASS, 2018)t should behighlighted that continuous surfaces with nodule
coverage areamong the best spatial predictors in deep habitat speciedistribution
modelling (Uhlenkotet al.,2020; Uhlenkotet al.,2023)

b) AUV-based images are cruciar Research Objectivke as they provide the % seafloor
coverageof 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 th&€ompact Morphologyasd Nodule DelineatioCoMoNoD) andHierarchically
Growing Hyperbolic SelDrganizing Map(H?SOM) image processing algorithms yields
realistic size and area estimatig¢Sehoeninget al.,2016 Schoeninget al.,2017). Theauthor
together with colleagues from the DeepSea monitoring group, measured the length, width,
height, wet mass, volume, area, and buried dept6®7 nodulegrom box corers collected in

GSR and BGRFederal Institute for Geosciences and Natural Resguroesact sites during

the SO268 expedition (Haeckel and Linke, 20Zhese measurementgere publishedsee

Data Publicationsand werdater used to prove that the nodule shape at these study sites agrees
with the idealized ellipsoidal shape atitht empirical equationgwith a high degree of
confidenceR?> 0.9) can be established between the nodule waigtthe majofminor nodule

axis (Yu and Parianos, 202Fjgure9). Such imagealerived information regarding shape and
size can be combined with the number, coverage and size of nodules derived froomdsox
data, resulting in empirical formulas for the abundance, which are necessaryiraaghe
cannot provide information on the buried nodules and tendderestimate the actual nodule
coverage due to serburied nodules or nodules covered by faint sediment (Sharma 1993;
2017; Lipton et al., 2016; Ellefmo and Kuhn, T. 2021; Tsune 2021).e Ttegree of
underestimation varies between different nodule sizes, facies and supstderestimation

is higher in subareas with thicker sediment layers and lower in@das with rocky substrate

and basement exposure (Sharma 1993, 2017; Pagtaig2021). In regions without surficial
sediment on nodules and basement expdgieehe three study sitegsultshave shown a

good agreement (e.g2R 50 %, locally up to 90%) between imagerived and boxorer
derived coverage (Liptoat al.,2016;Sharma 2017; GSR, 2018; Wasilewsk@ad D V]F]\N DQG
Mucha, J. 2021).

Technological challenges and solutions

Investigations aroundResearch Objectivé highlight technological challenges related to
hydroacoustic and optic data that hinder spatial modelling independentlyudatimachine
learning algorithm.

a) Artifacts in MBES datgproducts AUV MBES surveys are typically conducted in low
altitudes (e.g. 580 m abovethe seafloor) allowing the use of hifflequeny systemge.g.
400 kHz) with small beam angles (e.g. 0.7° x 0.7°) and-pigy rate (e.g. 50 Hz) achieving
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high-resolution (1 to 3 rscale) At the same time AUVs as platforavoid shipbased MBES
acquisition problems like neaurface turbulence and bubbles close to transducers, ship noise,
rough sea and significant sound velocity changes (Jakatsdn2016). HoweverAUVs are
proneto navigatiordrifting over time, roll, pitch, yaw, laten@rtefacts, and pressure changes
due to tides that result in artefacts, which are typically rpooeninent due to the very high
resolution and are mommplex to resolve thaior ship-based MBES data.
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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. biNodule coverage segmentation and calculatising the Mangan analyzer softwafide
different colours correspond to differesizes. Scatterplots between the length of the two nodule ajeand
between the nodule aréd) calculated based on the ellipsoid model and the nodule (wet) weighte sources:

a and bmodified from Gazigt al.,2024https://doi.org/10.1007/s1108®4103937 , cand d)Gazis, 208 (PhD
dissertatiol

Machine learning models are dataven approaches that demand heglality data
Unresolved acquisitiorartefacts affect the calculation of bathymetric derivatives (e.qg.,
artificially increased slopes) and add unnecessary noise into the predictor vanhldes
negativelyaffect spatial predictions (Lucieet al.,2016; Lecouret al., 2017, Hughes Clarke
2018). The performedin-depthMBES postprocessing included roll bias correction, sound
velocity ray tracing, tide correctiorin addition AUV turn removal, manual and automated
filtering of erroneous soundings with tl@@mbined Uncertainty and BathymetEstimator
(CUBE) algorithm (Calder and Mayer, 2003), and low pass Gaussian filtering increased the
quality of thefinal data producsbf high quality bathymetric and backscatter derivatives
(Figure 10). In a last step,he final bathymetric surface is compared to the diaged post
processed bathymetric surface, inspected for XY navigational offsets and adjusted iftoeeded
gain an absoite georeferenced data lay®tohrmann and Greinert, 2022).

bl) AUV -related errors in absolute positioningm-long AUV survey lines result in meter
scale positional drift over time, mainly when the AUVs usdy their onboardinertial
navigational systemwithout additionalultra-short baseline(USBL) or long baseline(LBL)
acoustic positioningeven if one or both systems are available, thddag survey lines could

25


https://doi.org/10.1007/s11053-024-10393-7

Section | tResearch Objectivie

still result in positional drift Fine-scale studies in heterogeneous seafloor demand a good
positional match between the image location and the geomorpdeadlpgrametecaptured by

the MBES and SSSlerived predictors. Navigatiahpostprocessing (e.g. Kalman filtering)
and predictowvalue extraction for each image location using bilinear interpolation of the four
adjacent cells or from a given radius (depending on thegpeeific positional uncertainty)
was appliedo overcome navigational errors. This was done in accordafficelitays of Naimi

et al.(2011) and Stephens and Diesing (2014).

Depth (m)
w-4442

4511

Figure 10. ab) AUV-based bathymetric and slope map for a part of the study site used in Research article Ill,
showing residual errors creating artificial slopes on a flat seafloor due to-theromghly posprocessing
analysis. ed) AUV-based bathymetric and skomap for the same part of the study site, showing the improvement
after detailed pogprocessing analysi§uch residual artefacts are nasible in bathymetric maps but become
pronounced in bathymetric derivatives such as slope and rugosity, addirngssary noise to spatial predictors
FiguresourceGazis, 208 (PhD dssertatiof.

b2) AUV -related errors due to changing altitudiying perpendicular tslopes on a lawn
mowing patters alternates the acquisition altitude in uphill and downhill lines, resulting in
seafloorimages from two different altitudes within the same hillslope areiah genertes
contradictingresults in automatedodule coverage estimatiom$ images(Figure 11 and
Figurel?). Insteadflying parallel tothe slope should be preferred if possible.

The lawn mowing pattern should also be avoided even in flat areas when the survey aims for
orthophotemosaicking, as the different camera and flashlight orientations create uneven
illumination and shadows that hinder the feature matching between phaotogdrallel 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 erroneoadtitude warnings. The image analysis articlelsy
Schoening et al. (.6 and Schoening et al. (2013howed that a constaAtJV 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 fromdules detection and orthophetwsaic reconstructioas

they have reduced resolution, brightness and contrast hindering the feature matching during
orthophotemosaicking and resulting in poor detection and underestimation of noBigase(

12). The author and his colleagues applied the knowledge from the abovementioned finding in
the scientific expedition IP2ZMANGAN (Vink et al.,2022), improving image acquisition,
nodule detectin and orthophotonosaic reconstruction.

S s i A
4478 4536 i &
57 79 -1

— AUV Abyss descent

Figure 11. a) AUV image survey altitude in GSR B6 contract ait€€Z). b) Slopes (> 3°) force the AUV to

PRGLI\ LWV DOWLWXGH A\LQJ FORVHU WR WKH VHDARRU LQ WKH DVFH
LQ WKH GHVFHQGLQJ SKDVH F 2Q D IODW VHD®BORBrAmstkientii@d A\LQJ D
survey.Figure sourceGaziset al.,2018.https://doi.org/10.5194/b@5-734 72018
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Figure 12 a) Scatterplot showing the statistically significant correlation between the AUV acquisition altitude
and imagederived nodule number ‘fnb1-b3) Colornormalized seafloor images (Kosetral.,2021) for each
acquisition altitudeFigure sourcemodifiedfrom Gaziset al.,2018.https://doi.org/10.5194/b45-734 72018
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Research Obijectivell: Study the methodological limitations, pitfalls, and challenges of
machine learningpased spatial modelling ofodules 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 (corretfabetween observations; Anselin, 1995).
Independent of the machine learning algorithms usedRgsearch Objectividl), all are prone

to spatial overfitting when spatial autocorrelation exists (e.g. Ro#tests2017; Meyeret al.,

2018; Misuketal.,2019; Ploton2020; Kattenbormt al.,2022). When spatial autocorrelation

is present, and a typicedndom kfold crossvalidation CV) is used(i.e. the training points

are assigned randomly to validation folds), the machine learning algorithmablmsest
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. Dutkiewiez al.,2017). Consequentlyhe 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 nmtdlcsasMean
Absolute Error(MAE), Root Mean SquarerEor (RMSE) and Coefficient of Determination

(R? are oveyoptimistic 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 (Robettal, 2017; Meyeret al.,

2018; Ploton2020; Karasialet 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 occurrendeseResearch Objectiv¥).

Our analysis showed that ttemmonly appliedandom kfold CV underestimates the model
prediction errorompared to the spatiattkock partitioning Figure13). The spatial ¥block

CV divides the study area intedpatial blocks; the algorithm is trainedikes 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 validagocritical

point in this method is the block size.

The block size (and consequently, the number of spatial blocks and training iterations) is a
tradeoff betweemspatial autocorrelation range and model extrapolation (Robedts,2017;

Valavi et al.,2018). The optimum block size differs for each datasad 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 analysiadure 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 Pebesmg, Z02Xpatial blocks

with dimensions close to or beyond the range of significant spatial autocorrelation (e.g. 1 < 0.5,
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p > 0.05) that still adequately represent the geographical and feature space tnsespatial
predictions are selected.
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Figure 13. a) Data splitting into ten random CV folds, b) The random forests CV performance overestimates the
overall prediction performance (mediafR0.93), and it has a minimum variance among the random folds due
to the almost identical samples. c) Datditting into ten spatial blocks. @he model performance is poor (median

R? = 0.13) and varies between the spatial blodkgure sourcemodified from Gazis and Greinert, 2021
https://doi.org/10.3390/min11111172

For example, in research article 1ll, the analysis showedlthatl km spatial blockgield
overoptimistic results as the data stilll faithin the range of spatial autocorrelation. Spatial
blocks that are too large (e.g. 5 x 5 km) remove a large portion of training data in each training
iteration, creating feature space gaps and causing unnecessary extrapolation that reduces
modelling gerformance and results in oveessimistic results (séeature space extrapolatijon

A 3 x 3 km block size was the best choice for this dat&sguie 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 (.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 nodulesResearch
ObjectiveV).
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Figure 14. a) Moran Index values at distances from 100 to 5100 m, with a step oh.280ocally estimated
scatterplot smoothing (LOESS; Cleveland, 1981) with a 0.95 confidence interval has been plotted through the
index values. bppatial block configuration for different block dimensions. The spatial blocks where data exist
correspond to the spatial CV folds used during model training and evaluation. ¢) Geographical and normalized
multivariate predictor space Euclidean distancesraptrain dataset, CV folds, and predicted area for random

CV, spatialCV (1 x 1 km), spatiaCV (3 x 3 km) and spatialV (5 x 5 km).Figure sourcemodified from Gazis

et al.,2024https://doi.0g/10.1007/s1105824-103937

Research articles Il and Il showed that in addition to a better error estimation, a sphtcd k

CV offers a better a) model interpretation and b) hyperparameter optimization:

a) While in randomCV, the model performance is similamong the folds, in spatiattdock
CV, the performance differs between two or more spatial bld€gsie13). Knowing that
a spatial model is not predicting equally well within the study area is usehd 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 thialsplaicks 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 preferrefbr the data representatiomstead.

b) In randomCV, where the holebut 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 kblock crossvalidation, more or all the available predictors ased 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 nodateirrences (selResearch Objective

V).

The spatial Kolock 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 thatriease the total time nfobjective comparison of the local error
from different spatial blocks demands@most equadize oftraining and validation pointer

each spatial block. However, AUV surveys are typicaftgn 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.geFabki2014; Foster

et al.,2020). Thespatial kblock approach is considered the most conservative (pessimistic
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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 lesteong

study areas (Robertt al.,2017; Haoet al.,2020; Wadouxet al.,2021). Nevertheless, this
approach was preferred over other spatial methods such as spatiabriedeation out

(Meyer et al., (XFOLGHDQ EXuHUH ét ab,2018), he€dreldt \heighbbQrJ O
distance matching (Milat 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 desigmbdeated with fewer samples (<< 1000)
distributed throughout the entire area and noa Imear AUV transectayout In contrast,

spatial blocking is appropriate for large datasets and regions, being computationally efficient
(fewer training points per auel iteration) andprovides flexibility in partitioning the
geographical space (Robedtsal.,2017; Valaviet al.,2019). The presence of geographical

and feature space gaps represents better the error related to extrapolation and transferability
over larger areas (Wegner and OlId2012; Robertgt al.,2017; Fourcadet al.,2018; Hacet

al., 2020; Gazis and Greiner2021; Meyer and Pebesm2021). The local error analysis
showed that the error magnitude in each spatial block is related to the $patcealissimilarity

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 vaables. The algorithm's training occurs within the convex hull, defined by the
training data based on each predictor's univariate range and the predictormiation
structure (Yateet al.,2018). The developed model is applied to new geographical locations
(i.e. spatial extrapolation), assuming that respgmsdictor relationships are stationary and
remain beyond the calibration site. However, stationarity rarely holds in a heterogeneous
seafloor like our study siteg:eature space extrapolatiaims atpredictng new data using
predictor values outside the range, correlation structure, or value combinatibagxikting

training data(Elith et al., 2010; Zurellet al., 2012 Yateset al, 2018). Feature space
extrapolation could also occur within the vacant regions of a convex kigliré 15),
particularly in highdimensional spaceKuhn andJohnson, 2013; Barbieret al., 2020.
Applying a machine learning model in a new geographical area where the feature space differs
can result in poor and unreliable predictions (Mesgataal.,2014; Meyer and Pebesma,
202)). It is well-documented that therediction 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 predadaditions (Meyer and Besma, 2021).

Thus, there is a need for dissimilarity analysis between the training data and the new area where
the predictions will be made (Ludwag al.,2023).
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Figure 15. a) PDPs between slope (S), breadle (106800 m) bathymetric position index (BP1100_300), and
imagederived number of nodules per square meter (PME)The PDP shows model predictions for the entire

range of the new feature space. a2) The PDP shows model predictions only within the conveihauiivo

variables as defined by the training data. b and ¢) 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 theeaadl agreement and local differences between a random forests algorithm and a
simpler nonparametric regression model. The blue ticks on thgig represent the data deciles. The red circles
highlight the gaps in the feature space where no training saregist, and the models extrapolate either with a
constant (b) or monotonic (c) response. These gagshownin white in Fgure a2 Figure sourcemodified from

Gazis and Greinert, 2021ttps://doi.or¢10.3390/min11111172

Traditional norspatial statistical approaches, suclviasal inspectiorfe.g., boxplots, density
plots, histograms), neparametric tests (Kullbackeibler divergence, twsamples
Kolmogorov * Smirnov test) can show the differentiation between the two examined
distributions. However, they cannot identify whénesedifferencesoccur Eigurel6). When
several predictors are used (typical scenario), the number of possiblegemromparisons

(to examine the correlation stiture) can quickly become large, making detailed analyses time
consuming and difficult for more than two variables.
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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 appli¢dduee sourceGazis & Greinert,
2021https://doi.org/10.3390/min11111172

Spatial sampkbdased methods have been developed to address the abovementioned limitations.
Multivariate Environmental Similarity Surfaces (Eligt al.,2010), Environmental Overlap
(Zurelletal.,2012), Mobility-Oriented Parity (Owenrst al.,2013) and Extrapolation Detection
(Mesgararet al.,2014) compare the univariate distribution range of each predictor and examine
the presence of novel inteorrelations/combinations among the predictming Euclidean or
Mahalanobis distance metridsigure17).

Different range

M Similar condiitons

I Different combinations
I similar condiitons

Figure 17. Samplebased 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 traig data (aka NT2). The training locations are showridgnire13. Figure
sourceGazis, 208 (PhD dissertation

While these methods retain the spatial component of the data, allowing for a combined
geographicafeature space analysis, they do not account for the fact that deviations in the value
range or relationship type in some predictors are more impactful tadtlel than others. In

other words, they are not modedsed, which is needed in a macHe&ning application.
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Meyer and Pebesma (2021) introduced the combined samguheldmodebasedArea 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 trairengCand

thus being not representative anbt trustworthy (Kuhn andohnson, 2013)The AOA for

each model is derived after calculating Bhssimilarity Index(DI) between the training dataset

and the respective data of the new area (sample to-lpseld analysis). The DI uses the
normalized Euclidean distance to the nearest training data pdim¢ multivariate predictor
space. Before the distance calculation, predictors are scaled and weighted according to their
weights aftethe modelis built. Thus, the distances of more important predictors account for
the DI estimation moreA pixel in the rew area falls outside the AOA when its feature space
characteristics are beyond the ('3fuantile (outlier removed) of the dissimilarity observed
between the training data inside the fo\ds.

Research articles Il and Bhowedthat:

a) Feature spacextrapolation occurs whereharp morphological transitionsbedrock
exposure, consolidated sediments, volcanic knolls and sediment fureswi in
extreme derivative values aaghew intercorrelation structureRigure18).

b) The spatial block CV increases the AQRigurel8). Predictions derived from models
trained with the typical random CV have the smallest AOA. The almost identical
training points in CV folds and the oveptimistic error assessment limit tA®A 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 (Ludwigl.,2023;
Meyer and Pebesma, 2021)

c) Simpler models with fewer (butelevan) predictors increase the AOAFigure 18).
Removing predictors prone to overfitting increases the generalization performance,
which other researchersyealso mentioned (Mereoet al.,2014; Laurieet al.,2015;
MorencAmatet al.,2015).

d) Therandom forests prediction intervalsannot substitute DI and AOAThe random
forests prediction intervals can be calculated with different methods such as Monte
Carlo simulations (Coulstet al., LQ¢QLWHVLPDO -DFENNQILIH DSSU
2014) and quantile regression forests (Meinshausen, 2006), withttéretéabe the
most commonly used (e.g. Diesiagal.,2020a; Fouedjio and Klump, 2019; Hermrgl
al., 2018; Kirkwoodet al.,2017). They show the locations with increased prediction
uncertainty butlo not show the reasons behind this increased vari@ignunivariate
or multivariate feature space extrapolation, new interelation structure). In addition,
Meyer and Pebesma (2021) have shown that random fanestetion intervals are
valid only for the data points enclosed within the convex hullhef ttaining data,
providing unrealistic and overoptimistic results outsiie convex hull. Research
article Il also shows that there are gelgions with high dissimilarity but no high
analogue uncertainifrigure19).
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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 eri©comparable only around the training locations. ¢) AOA

for a model trained with spatial CV. d) AOA for a model trained with spatial CV and fewer predi€tpree
sourceGazis & Greinert, 202Tttps//doi.org/10.3390/min11111172
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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 fdkerivedsurface (r = 0.65, p <0.05). Nevertheless, areas of lower prediction
uncertainty are within the neapplicable parts (see Figure 17). b) Random forests prediction standard error (SE)
EDVHG RQ WKH LQ¢QLWHVLPDO -DFNN Q LdttheDegtBd s5Ridly Ri€a) ntH@tdy/ @R Z VW D Q
optimistic resultsFigure sourcemodified from Gazis & Greinert, 202bttps://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., saimbel modebased 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 sipplement the interpretation and decismaking 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 shouldim at andachievegoodgeographicabnd feature space
coverage and prioritize the latter when the data will be used for spatial predictive
modelling. The acquired samples (i.e. images) shamdose the full range of
environmental conditions asudies lave shown that a poor representatieduces the
predictive performance and model transferability in machine learning algorithms (e.g.
Schmidtet al.,2014; Wadouxet al.,2019). DI and AOA could guide featuspace
sampling efforts and improve existing spatial models by prioritizing th¢ dnssmilar
sites in futureAUV surveysProgressn AUV hardware and software could allder
reattime generation of dissimilarity surfaces, improving the survey data collection
through adaptive samplinghis conclusion initiated ongoing research for an optimized
AUV path planning within the COMPASS project (d@esearch ObjectivB. In this
direction, Shieldgt al.(2023) proposed an AUYased future space sampling approach
for a balanced geographicalchfeature space sample coverage.

The work extends beyond the scientific community of deepea mining, as machine
learning is currentlya widely used method in seafloor spatial modelling and habitat mapping
(Misiuk and Brown, 2024)in thetwenty 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 predi@omsdenet al.,2021; Misiuk

and Brown, 2@4). 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 udggithe time of writing research article tandom

k-fold CV was the dominant approach in seafloor predictive modelling (e.gt, dli,2017,
Diesinget al.,2017; Misiuket al.,2018; Diesinget al.,2020a).Research article Il was the

first to use spatial CV for random forests in seafloor predctive modelling with a
continuous response variable (regression)only two other publications with seabed
classification tasks consider#ds beforgMisiuk et al.,2019; Dolaret al.,2021). In addition,
research article Il was the first to use the DI and AOA in deefsea environments andor

nodule research,only one application existetbr shallower waters (Dolaet al., 2021).
Research article 11l was the firstin seafloor modellingto extend the use of spatial block

CV, DI and AOA in machine learning models other than random forestg{seeResearch
Objectivelll). The latter wasa call to the scientific community from the developers of the DI
and AOA (Meyer and Pebesma, 2021).

37



Section | tResearch Objectividl

Researt Objective Ill: Examine the performance of five commonly used machine learning
regression algorithms for the spatial prediction of nodulgeneralizedlinear models,
generalizedadditive models,randomforests supportvectormachines, aneheural networks.

Key findings

Research articles | and Il used the random forests regression algorithm and quantile regression
forests (se®kesearch Objectivl) as random forests algorithm and its variants are currently

the "workhorse" in deepea predictive mapng (e.g., Lawsoret al.,2017; Diesing 2020b;
Uhlenkottet al.,2022; Josset al.,2023) and marine habitat mapping in general (e.g.,aVei

al., 2010; Diesinget al.,2017; Misiuket al.,2018; Diesinget al.,2020a,b; Misiuk and Brown,

2024 and refergces therein). Research article 11l extended this analysis by adding four other
commonly applied machine learning regression algorithms to build the folldwenmodels:
generalizedinear models bereafterGLM), generalizedadditive models bereafterGAM),
randomforestsmodel hereaftelRFM), supportvectormachines ljereafteiSVM), andneural
networksmodel hereafteiNNM). To our knowledge, this is the first time that GAM, SVM

and NNM were used for predictiveodulemapping and the first time thav$l and NNM

were used for seafloor habitat mappwgh a continuous response variable (regressias)
literature research only provided applications for seafloor classification (l¢asdn2012;

Diesing and Stephens, 2015; Alevizos and Greinert, ZD¥8jnskaet al.,2020; Janowsket

al., 2021; Breyeet al.,2023; Harooret al.,2023; Misiuket al.,2024). The model evaluation
included several aspects: predictive performance in test data, spatial and feature space
extrapolationbased on spatial block GVhyperparameter optimization, complexity and
interpretability.

Predictive performance in Test data

RFM had the best overall fit on the test dataset across all metrics dsedj(Rted R MAE

and RMSE), a finding that agreegthvother studies showing the ability to outperform other
algorithms in prediction error (Stephens and Diesing 2014; Diesing and Stephens 2815; Li
al., 2017). RFM reproduced the testing data distribution (e.g., mean, median, interquartile
range) but nothe minimum (min) and maximum (mpaxalues(Table1). 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 thealastationstep (Breiman, 2001a).
Similar to RFM, all other models did not manage to predict the maximum test value but were
closer to the initial mimmax range. Due to the linear extrapolation, GLM was the only model
that predicted beyond the minimum value of ths tklata. NNM had the secobest predictive
performance in the test dataset but the worst in sgatiak CV (see section spatial and feature
space extrapolation). All modelgererun 30 times, having a stable predictive performance in
all metrics. The r&iduals 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 varaiipligdictor

and response variables as well as missing predictor variableéRgsearch Objective).
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Table 1. Model performance metrics on test dataset for the-tratisformed prediction3.able sourceGaziset
al., 2024https://doi.org/10.1007/s110884-103937

Model R? MAE RMSE
GLM 0.72 2.80 3.92
GAM 0.75 2.60 3.68
RFM 0.84 2.04 204
SVM 0.75 2.44 3.63
NNM 0.76 2.54 3.56

Spatial and feature space extrapolation

The analysis showed that less complex models such as GLM, GAM and RFM had better
resampling performance ia spatiatblock CV than SVM and NNM, indicating a better
generalization ability when a big fraction of the training data is kepiFagtire20). This fact

is attributed to the smoother functions that are more transferable (and interpretable) over larger
areas (Wengner and OIde2012; Lauriaet al.,2015; Stienesseet al.,2021). RFM had the

best average performance in @lds, 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 tottie used data sehis spatial

block was n the southeast of the study ar@dock 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 anthushigher error.

CV spatial
blocks

| K
2

2 | Lyl

|

a OLM GAM RFM SVM NNM | GLM GAM RFM SVM NNM ¢

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 mearfdlo)performance

for each spatial block and model. All modptrformed similarly in each CV spatial block. (¢) Spatial orientation

of the CV spatial blockdrigure sourceGaziset al.,2024https://doi.org/10.1007/s110884-103937

Predicted surfaces othe entire study area

ull models yielded similar spatial predictions on nodule coverage for most of the study site
(Figure2l). The absolute decimal values diff@arginally, but the spatial trends on predicted
surfaces are similar. In less than 1 % of the total predicted surface, tiiee@based core of
GLM, GAM, SVM and NNM (i.e., linear, penalized-$plines, 3redegree polynomial and
sigmoid activation functionallowed for a value range extrapolation beyond the value range of
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thetraining datawith SVM reaching up to 100 %odule coverage, although such higtiues
werenot presenin training dataHowever such high values wetenited to < 1% of the study
area.

a

Nodule Coverage
Il <5%
Il 5-15%
Bl 15-25%
25-35%
>35%

Train GLM GAM RFM SVM NNM

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 +santth axis at the west part of the study area,
WKH VHDARRU LV KRPRJH@HR R¥0% coRevagd). Highet cavidkagd (> 35%) exists in the
southeast but is somewhat localized. The central and deeper part has lower nodule cove?&ge) (that
progressively decreased, reaching almost zero values at the deepest part of theweastoverage also existed

at the northwest corner (crater slope). b) Boxplots of nodule coverage predicted values for the entire study area.
Figure sourceGaziset al.,2024https://doi.org/10.1007/s110584-103937

A pixel-by-pixel comparison of model predictiostiowedthe spatial agreement, expressed
here as thaetandard deviatio(SD) of the predicted valuesom all models for a given pixel
(Figure 22). Overall, 68% of the study site has Sialues< 1, indicating good agreement
between the different models. Differences occur in geographegmakll subareas 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 studkigtea2?).

The combination of deeper parts with steep slopassinglower imagecoverage) and high
backscatter reflectangpartly attributed here to nodule coverage and partly to hard siépstra
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 modielde
applied to 88% of the study area (pkkstpixel comparison regardinthe pixels where all
models applied simultaneously@ir 6% of the areaat least onenodelwasapplicableandfor
another 6%of the areano model was applicabl&igure22).
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[ None applicable
1 applicable
2 applicable
3 applicable
4 applicable
[ All applicable

Figure 22. a) Combined SD of the predicted values from all models. b) Combined AOA from all models.
Figure sourcemodified from Gazist al.,2024https://doi.org/10.1007/s1105824103937

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 numecbunsabe
datasets, examining different values for each hyperparameter and combinations
hyperparameterdnvestigating different combinations ofteises exhaustiveechniquesuch

as random search, grid search, simulated annealing, and genetic alg@fithansg 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 effe&ix outcomes of these studies ar¢haje

is noideal hyperparameter sep for each machine learning algorithm that can be applied
across different datasets, b) different hyperparameter search techniques could result in a
different optimal hyperparagter set, c) not all algorithms are affected by the optimization
procesdo 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 Priladt,2019a,b; Huang and
Butros 2016)f) the time and computational power needed to perform an exhaustive search is
aburden for most real case scenarios and datasets, with many researchavingaiccess 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, Wwi&htajority focusing on the most
influential for each algorithm (Probst al.,2019b, FernandeRelgadoet al.,2019; Bischlet

al., 2021). Moreover, some hyperparameters are dependent on "superordinate"
hyperparameters and are tunable only if the "sugderate" hyperparameter is set to a specific
value (Hofneret al.,2012; Probset al.,2019a).

Considering all the above, a rerhaustive but still detailed hyperparameter optimization was
done for allof the five useanodels. In GLM, the number of bdogy iterations was optimized.
In GAM, the number of boosting iterations and the degrees of freedonspmhin@s were
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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 sizere tuned The kernel type, polynomial degree, scale,
and cost hyperparameters wegimized in SVM. The number of hidden layers, neurons and
activation functions were optimized in NNM. The optimization process occurred during the
spatialCV, 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 iteratmh the degrees of
freedom in Psplines RFM default values regarding the number of predictor variables
randomly sampled as candidates at each nodgs{3jtand split rulg(variancewere the best

for this datasetHowever, the default value for theimmal node size to split was small for
VXFK D ODUJH WUDLQLQJ GDWDVHW REVHUYDWLRQV 8§
treeswhichincreased computational time and slightly reduced spatial transferability. A larger
Y D O X409 9% was slected.SVM had the biggest variance and improvement during the
hyperparameter optimizatidfrigure 23), a finding which agrees with previous comparative
studies (Probset al.,2019a). In NNM, more neurons and hidden layers resulted in better
performance in random test data but an increased m spatial blocks, indicating spatial
overfitting (Figure 23). The model training and evaluation using spatial CV requires a good
generalization laility, 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 interpretabiltar{dekerckhovest

al., 2015).
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Figure 23. a) Boxplot of model performance on spatial CV data during the hyperparameter optimization. b and
¢) 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 bexodeeper, it predicts better the similar random test data, but
worse the spatial block CV data indicating spatial overfittifigure sourceGazis, 208 (PhD dissertation
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Variable Importance (VI)

Each model estimated VI differently: In GLM, thbsolute value of the coefficients from the

final model was used (Kuhn, 20223 GAM,the inbag risk reductions per boosting iteration
(theerror difference between the current and the previous step for each base learner contained
in the model) were caltated (Hothorret al.,2021). In RFM, the average permutation VI from

all trees was used (Breiman, 2001a). In SVM, there is no repeeific way to calculate the
importance. Instead, a permutation approach was used, where the prediction error was
measuredbefore 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 weightssackito
derive VI based on the Garson algorithm (Garsb®@91; Goh, 1995). All Vloutputs 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
(Figure24). MBES backscatter mosaic (BS), MBES baciser from incident angle range of

25° to 55° (ARA_MF), and SSS backscatter were the three most important predictors in all
models (sedResearch Objectivé/). All models, but particularly GLM, GAM and SVM,
heavily relied on the hydroacoustic backscatetated predictors and their derivatives for error
minimization, shadowing the role of the seafloor geomorphalbmure24). The contribution

of bathymetry (BT), slope (S), broadale BPI (BP1100_300) and eastward slope orientation
(E) became evident when the hydroacoustic backsaatteed predictors weret considered
(seeResearch ObjectiVe).
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Figure 24. a) VI for each machine learning model trained with all available predictor variables. BS and ARA_MF
VFRUHG ¢(¢UVW LQ DOO PRGHOV E 9, IRU HDFK PRGHec@ted pf®lic@QslG ZLWKR
For the abbreviations of predictor vaiie®, please see the corresponding research aRiglere sourceGaziset

al., 2024https://doi.org/10.1007/s110884-103937
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Which algorithm to select?

Theabove describednalysis showed that different machine learning algorithms yield different
results because they capture the underlying relationships between predictors and response
variable and the hidderelationsamong thepredictors to a different extent and in different

ways Figure25). The best fit and tradeoff between model performance and complexity are
unknown a priori in real datgkuhn and Johnson 2013). According to tHe Free Lunch
theoremin supervised statistitdearning (Wolpert 1992; Schaffer 1993; Wolpert 1996;
Wolpert 2002), there is not a universal best algorithm ('silver bullet algorithm') across-all data
driven predictions on neaniform data, and thereforeneneed to test several algorithms in

each dtaset (Shalesshwartz and Beiavid 2014; Sterkenburg and Grinwald 2021).

GLM GAM REM
07- .y
0.54 -
S
8 0.6-
5} 52-
2 05 0.52
© 05-
o)
2 0.50 -
‘g 0 4 -
7 041 0.48-
0.3~ s e — . | 1EIE O S \ 0.46 - T —
a -35 -30 -25 -35 -30 -25 -20 -35 -30 -25
BS BS BS

nodule coverage

8
So

o

b )
03 04 05 06 07 0.3 0.4 0.5 0.6 0.46 0.5 0.54

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 linesbEwk markson the xaxis show the nodule coverage
distribution concerning MBES BS values. b) PDPs showing the regression plane between nodule coverage, MBES
BS and SSSrigure sourceGaziset al.,2024https://doi.org/10.1007/s1109® 4103937

In agreement witlexistingknowledge (e.g. Kuhn and Johns@013), this study showed that

the machinelearning algorithms, independently of their core architecture, result in poor
predictions when theris one or more of the following issues:

(1) inadequate data pprocessing, such as acquisition artefacts Research Objectivg,
improper datageoreferencingand scaling,or insufficient hyperparameter optimization,
particularly in nortreebased médtods such as SVM and NNM (sResearch Objectividl)

(2) spatial ovefitting when spatial autocorrelation is present and an inadequate model
validation occurs (selResearch Objectivid),

(3) extrapolatiorof the trainingfeature space (sé&esearch Olegtivell),

(4) use of redundant, noisy or irrelevant predictors that unnecessarily increase the input
dimensions and nois&achine learning model complexity heavily depends on the number of
input dimensionsMany dimensions neadore training datayhich could resulin overfitting,

loss of generalization ability, decreased interpretation (when multicollinearity occurs) and
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increased computational time (Kuhn and Johnson, 2013; Gatyaln2003). The decrease in

input dimensions can be achieved either with feasp@ceextraction or feature selection
methods (Alpaydin, 2020). The feature space extraction methods transforrrdenhggisional
spaceinto a lowerdimensional space that stilagtures the most information (e.g., Principal
Components Analysisgndcanincrease the model's predictive performance @agecelet
al.,2008). However, interpreting the transformed dimensions becomes complex as the principal
components replace the ginal predictor variable&Vhen performing feature selection the

other hand, the original variables are kept, and the number of input dimensions is reduced based
on statistical, moddbased approaches and domain knowledge (Li, 2019). The featureoselecti
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 articlesHiguy.e26).
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Figure 26. Correlation plots before (a) and after (b) the exclusion of correlated variables (r > +0.5 #nf, p<

< 0.05). Both plots use the same scale. Between two correlated predictor variables, the variable with the highest
Boruta score and domain relevanemained. For the abbreviations of predictor variables, please see the
corresponding research articlehe feature space and training locations before (c) and after (d) the exclusion of
correlated variables are also providedrigure sources: a and b)sazis and Greinert, 2021
https://doi.org/10.3390/min11111172 and d)Gazis, 208 (PhD dissertation

However,oneshould be aware that there are cases where irrelevant and artificial predictors
increase predictiveperformance (e.g., spurious correlation), outperforming models even with
domainrelevant predictors (Fourcadet al., 2018; Behrens and Viscarra Rossel, 2020).
However such models lack a gsalinterpretation, a vital aspect of marine (ysciences
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On the road to the best modelresearchershould 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;vagi@nce predictors and
graphs). It is vital to have a clear overview of each model's pros and cons and to know the exact
targetquestion and output restitr the developed model. Does the model need to reproduce a
specific test dataset and be appliecGtsimilar area, or will it be used over a more extensive
and dissimilar region (see al§tesearch Objectivl)? The ability of complex methods to
create subtle regression lines results in a better fit in training data and (similar) test data but
losesgereralization ability if the new data differ significantly (spatial blocks), as noticed with
the NNM that outperforme@&AM. Moreover, researcheshould be aware that while the
primary interest of predictive modelling is to generate accurate predictioiss,egually
important to understand how predictions occldeally, the model with the highest
performance metrics, the lowest complexity, and the best interpretabitiypsenHowever,

the most accurate models are usually more complex anithiegsretable. 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). 20E0pretingmachine
learning results is difficult, eggially whendomainknowledge or conceptual understanding is

still developing and complemethods areised exclusivelyd.g., neural networkdMerow et
al.,2014).

In this direction, a mukmodel approach offers the advantage of comparingcantbining
complex and simple models, finding the bstdelfor the respective tasKkhe largestbenefit

of a multi-model approach is the confidence in areas (spatial and feature space) where
the model predictions agregFigure21). In addition, the contribution of each predictor can
be evaluated across different models, providing better insights into their imporftgaes (
24). The model agreemerg on variable important ranking provides confidence in
interpreting the role of each predictor (seeResearch ObjectigelV and V). To concludeg
multi-model approach shud be prioritized However, if there is no option for a muftiodel
approach (e.g., a need for rtiahe predictions on board a research vessel),dlggod starting
point would be to usenraRFM. RFM demands the minimum data {m@cessing (e.dog-
transformation, scaling), and the default hyperparameter values perfornFurgtiermore,
several habitat mappingstudies us them already, giving additional confidence in their
applicability (e.g. Liet al.,2016; Liet al.,2017; Diesing 2020a). RFMan capturelinear,
monotonic and nonlinear relationships and account for hidden interactions (\&tight
2016), enablingan adequatehandling of reatlife data. Finally, RFM providewvariable
importancewithoutthe needfor an external function.
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Research ObjectivelV: Analyze the MBES backscatter respon$eseafloor parts with
different nodule coverage and study the contribution of differemtident angles (angular
range analysis and backscatter components (impedance and voluame)Xhe modelling
performance.

Research articles Il and 11l showed thBES backscatter is the best spatial predictofor
nodule coverage MBES backscatter scored first in all machine learning mdéejsire 24).
Independently of the model used, the prediction performance peaked only when the MBES
backscatter and its derivatives were included as spatial predieigusg27). The backscatter
DQDO\WLYVY VKRZHG D GLVWLQFW GLIITHUHQFH !x G% LQ EDI
and without nodules. Moreover, the backscatter reflectance coulthdisate seafloor parts
with a 10 % variation in nodule covera@f@gure27). The backscatter discriminative ability,
even over transitional areasaidributed to the combination of high frequency (400 kHz), low
DOWLWXGH VXUYH\ P DQG VPDOO EHDP RSHQLQJ DQJOH
IRRWSULQW VL]H Px1x P LQ QDGLU RQ D IODW VHDI!
which was in the order or even smaller than the nodules' dimensions (mm to cm scale).
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Figure 27. a) Postprocessed MBES backscatter mosaic of the study area in research article |l andénnaeyt

QRGXOH FRYHUDJH E 7KH 0%(6 EDFNVFDWWHU DQJXODU UDQJH DQDO\
nodule coverage shows a clear difference ikbeatter intensity for the entire range of incident angles. ¢) Barplots

of the prediction performance of each model using only the MB&f&ed geomorphological predictors (light

blue), with added SSS backscatter intensity (medium blue) and with added bdBER atter (dark blue). GLM

had the largest improvement when the SSS and MBES backscatter data were added due to the monetonic/quasi
linear relationship between SSS and MBES backscatter with nodule coveradiég(see24). Figure source:

Gaziset al.,2024https://doi.org/10.1007/s1108®4-103937

Partial dependenceplots (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 coverad€&igure25). It shouldbementionedhat high backscattealuescould

also be due to outcropping basement in small parts of the atadyhisis a common issue

in backscatter surveys within noddields, but it is limited in spatial extent anthus its
contribution to theotal backscatter (e.g. Yaat al.,2018). The clustering of the feature space
defined by the nodule coverage and the three most important backselatied predictors
depicts this issue welh Figure 28. Spatial masking ofsuch subareas/training datéhere

cluster 5)before modelling and the model's ability to learn from the geomorphological
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predictors (the geomorpholognd its derivativeghange at these locationsjnimisesthis
issue.

Figure 28 Feature space clustering of nodule coverage and the three most important backéattter
predictors: MBES backscatter mosaic, MBES backscatter from incident angle range of 25° to 55°, and SSS
backscattemosaic. After centring and scaling the variables, tmeelans++ algorithm (Arthur and Vassilvitskii,

2007) and the withicluster sum of squasecriterion yielded five clusters as the optimum feature space
partitioning. Thethree primary (and cohesive) clusters3{lcorrespond 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 Sl{eucluster) 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 easeBtdmthese centrésgure
sourceGazis, 208 (PhD dissertation

Older studies have described the effect of seafloor roughness created byosoduiencesn
sound waves and the measuMBES backscatter intensifyparticularly for lowfrequency
systems(Magnuson 1983 Weydert, 1985; Moustier, 198Moustier, 1986; Weydert, 1990).
The technological developments in underwater imageny allow to create imagderived
bathymetric surfaces and calculate bathymetric derivatives, such as roughméss, to
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MBES databut in mm resolution. This mrscale seafloor roughnes$ nodule areaswas
guantitatively shown for the first tim@Gazis et al. 208 using imagederived roughness
surfaces from areas with and without nodule cove 'Eg;ureZQr.

Figure 29. al) OrthophotoP RV DL F PP SL[HO VL]H IURP RYHUOWItB 8dd@e) LPDJHV |
coverage. a2) Hilkhade of the imagéerivedDigital Elevation Model(DEM; 5 mm pixel size). a3) Image
GHULYHG VHDARRU URXJKQHVV PP SL[HO VL]H-mosarRR2 ihiKgikeVsx@®H VHDAR
of 10 overlapping images from aisD A R Rwith8ubriddile coverage. b2) Hilhade of the imageerived DEM
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(5 mm pixel size). b3) Imag& HULYHG VHDARRU URXJKQHVV IURP WKH VDPH VHDAR
Measure (VRM; Sappingtoet al.,2007) was used as a roughness index.\Wltige scale bar represents 0.5 m on

WKH VHDARRU F % R [S-GeRwat\WHAM sWkdes (@ZaRd bB) Dithidut outliers. The Wilcoxon rank

sum test showed a significant difference between the medianse sourcemodified from Gazist al.,2024

https://doi.org/10.1007/s110884-103937

An additionaktepin backscatter analysis the identification of the MBES incident angles that

are most sensitive antbntribute 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, ai@sing, despeckling) and
blending with inverse distance weightinge. 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 seaélsolting in a
different backscatter reflectan¢dacksonand Briggs, 1992; Fonsecand Mayer, 2007).

Despite this, noduleelated studies have used only the backscatter mosaic as a spatial predictor
in machine learningo far(e.g., KuhnandRuhlemann, @21).

Research article MWas the first to use MBES backscatter mosaic from 260 kHz,ems@urch

article 11l was the first to usBIBES backscatter mosaic from 400 kblzdthe products o&

MBES backscatter angular rangealysis (ARA) as predictors machine learning for spatial
mapping of noduleshe angular range analysis has a higher angular resolagsonly a few

angles are combined) than the backscatter mosaic, but it has a decreastd@iaegolution
because it stask30 (or more)conseative MBES pings for the half swath width on port and
starboard side (FonseaadMayer, 2007; Fonseas al.,2009). Despite the lower alofigack
resolution, ping stacking at different beam angles can identify the beam angles that contribute
the most tdhe spatial predictions and reveal subtle differences between seafloor patches with
different sediment properties. Beyond the extractioh@&verage angular response at certain
incident angles, ARA attempts to characterize sediment properties by cogireriaverage
angular response for each group of incident angles with mathematical models that have linked
backscatter and sediment properties (Jacksai.,1986; FonsecandMayer, 2007). Based

on this model inversion, the backscatter impedance (fereempedance) and backscatter
volume (hereafter volumejan becalculated.Impedance is the product of sediment bulk
density andhesound velocity ratio betwedhesediment compressional wave speed and water
sound speed, showing the acoustic contrastvéenthe water andthe sediment surface
(Fonseca and Mayer, 2007). Sediments with lower water content and typically larger grain size
provide higher impedance aradstronger backscatter signal (Jackson and Briggs, 1992).
Volume scattering provides infoation 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 theogenic burrows, and gas
bubbles). In finegrain size sediments (e.g., desga clay and silt) with low density and
roughness, volume scattering could be the dominant contributor at lower frequencies,
LOQWHUPHGLDWH REOLTXH LQFLGHQWheD @ Jiokibated xor f DQG
harder/rougher layered substrate exists below the surficial thin, soft layertheogigh
thickness variations in the sefiquid bottom sediment layer (Jacksenal.,1986; Lurton and
Lamarche, 2015).
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The angular range analysis sleal that thdackscatter differences between seafloor parts with
varying coverage on nodules were distinct for the entire range of incident angie®diut
prominent in thenean-far angle range from 25° to 55° ARA_MF), which scored first in two
models (RM and NNM) and second in the other thraedels(GLM, GAM and SVM). The
meannear range (< 25°; ARA_MN) and meanter range (> 55°; ARA_MO) ranked lower in
all models{Figure24).

Two practical outcomes from this finding are thathe angles ranging from 25 to 55° should
also be included as an available spatial predictortlaa®) future AUV-based backscatter
dedicated surveys should prioritize the backscatter acquisition within the incident air2fieis
55°,a finding consistent with the existing guidelines for backscattémized surveys (Lurton

and Lamarche, 2015)t should be highlighted that degpa AUV surveys are typically
optimized for acquiring bathymetric data. The overall increased operational AUV cost, the
absence of available higlesolution bathymetry (with multiple users from different scientific
fields), the lack of a welestablished need fbiigh angular resolution backscatter data, and the
additional processing effotypically discouragaledicated backscattearveys A backscatter
optimized survey would increasearveytime, as the seafloor should be ensonified on specific
angles, ideally obtained from the same direction (Lurton and Lamarche, 2015; Leualon
2018). However, it would offer a backscatter surface of higher quality than a typical mosaic
I[URP pEDW KB WY MAMEiIRg Yor better detailed seafloor modelling and resource
estimatiors.

Regarding the ARA derivatives, impedance (primary) and volume (secondary) contributed to

the model performance in all models except G{Bjure24). This finding agrees with other

machine learning spatial studies, where ARA and its derivatives increased the machine learning
prediction performance (Hasaat al.,2014; Alevizos and Greinert, 2018; Menandtoal.,

2022; Misiuk and Brown, 2022; Porskarap al.,2022). The lower contribution of volume
backscattering is attributed to the limited penetration depth of the sound waves at 400 kHz,
ZKLFK LV W\ Fobsitolay sediments”( P DQGx x x P IRU ODUJF
sizes (Huff, 2008; Gaidat al.,2018). The main component of volume scattering is expected

to be the buried nodules located at a maximum depthidf &m.

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.i0Q0MHz)
andalso varyingS XOVH OHQJWKYV H &ould vhpwuethe YhathiD€)ldaining
predictive performance and interpretation (Menaredral.,2022; MisiukandBrown, 2022).
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Research ObjectiveV: Provide insights into the geomorphological reasons behind the
nodules' patchinesd)y combining hydroacoustic andptic data, domain knowledge, and
interpretable machine learning.

The combined use and visual plotting of seafloor images, orthophagaics, backscatter data

and ML-derived predicted surfaces showed thatribdule coverage varied significantly

even on ameter scale distance in all research aredBigure7|[Figure21landFigure30). The
nodules are clustered into distinctive higher or lower coverage patches, following the small
scale seafloor variations. These clusters have a statistically significant spatial alatcoyre

as proved by the Anselin Local Moran's Indewth very few (isolated) occurrences of spatial
outliers, i.e. low values surrounded by high values or/and vice . The statistical
analysisshowed significant differences in the range of spatial predictors between the seafloor
parts with higher and lower nodule covergggure30).

Within the GSR B4 areaof the CCZ (Figure 21), higher nodule coverage and larger
nodulesoccurredRQ UHODWLYHO\ I1ODW VHDIORRdhgAslopéeK BbHQ WO H
variable importanceneasures angartial dependency ploshoved increased importance of
eastwarefacing slopes, which points toward a predominance of westmardng bottom
currentsduring the time of nodule formatidFigure 31). Long-term observations in the B4
domain of the GSR contract area show that the mean bottom current directsdiil)is
northwestwardHayes[1979 Juan et a[201§ GSR[201§. The predominant mean bottom
flow towards NW is steady witha slow velocity (08 cm/s) only periodically interrupted by
tidal currentsowardsNW and SE andporadially shorttime benthic storms (85 cm s?),
which are heading SE (Hayfi979 Juan et af201§ GSR[201§. Thesteady and slowW
bottom currents contribute to favourable conditions for nodule growth (Skornyakova and
Murdmaal1992 von Stackelber{{997 Mewes et al[2014 Kuhn et al[2017 Juan et
al.[201g Volz et al.j2019 by: (a) erosion and removal of fine sediments, leaving behind
coarser particles that serve as nodule nuclei; @ncbftinuous contact between nodule surface
and welloxygenated bottom wer that allows the precipitation of hydroxides in nodules.
Geochemical studies within the east€@Zhave shown higharodule coverage of larger sizes
to sites with less clagize particles and deeper oxygen penetration depths, particularly for
sampling sites within the GSR contract area (Mewes e{28ll4 GSR|201§ Volz et
aI.,. Older studies in th€CZ showed higher nodule coverage on flat seafloor parts with
weak (~3cms?) but steadynearbottom currents (Skornyakova and MurdniaQQZ
Yamazaki and Sharnfap0q Kuhn et al[2017 Juan et aj201§ Yoo et al[201g Alevizos
et aI.. The importance of slope and slope orientation has also been shown in other
machinelearning spatial studies within te&CZ (Kuhn and RUhIeman. The PDP of
EDWK\PHWU\ VKRZHG D E D WhKfaRduitig tihepreteDa@fiiddiRe(Figure
[3]). Broaderscale studies in theCCZ and Peru Basin(Weber et aI
Stackelberd200q Sharmg2017 showed the maximum coverage and abundance occurring
within a small bathymetric range (5000m) in water depthgust below the local CCD,
resulting in similaresponse curveas in thehere presentestudes.
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Figure 30. a-al) Imagederived spatial distribution of nodules in DEA study area (Research Article-bl}) b

Spatial clustering of nodules into groups of higgh (H-H) values and lowow values (l-L) using the Anselin

Local Moran's Index. The northwest and soastgarts have mainly or exclusivelyHivalues. Conversely, the

eastern part has-L. YDOXHV E 7KH FOXVWHULQJ JRQDWLRQ IROORZV WKH VH!
Boxplots between spatial clusters and MB&#Sived spatial predictors, showinget differences between-H

and L-L clusters. For example, higher BS values are linked with &lusters (se®esearch Objectivle/). The

bathymetry, broadgcale BPI (10@G00 m), and slope orientation (Northness and Eastness) also have significant
differenes between the two groups (see following paragraphs). d) Wileteam #Vhitney test (Wilcoxon,

O0DQQ DQG :KLWQH\ UHVXOWYV EHWZHHQ VWD WlenvédIspalaD O\ VLJIQL
SUHGLFWRUV 7KH VWDMiUeVWV RDYHWQ MORIFWRRAKMW A WK WKH VXEVWDQWI
and magnitude classification fonterpretingthe results when theyalues are the same or simil&igure source:
modified from Gazis and Greinert, 2QRitps://doi.org/10.3390/min111111f72
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Figure 31. PDPs between nodules and geomorphological derivatives for the GSR B4 area (Research Atrticle IlI).
(a) bathymetry (BT), (b) broaskcale bathymetric position index (BP1100_300) é)cEastness (E). Blaakarks

on the xaxis show the data distribution. Masbddules are on a gently sloping and flat seafloor (low BPI values
around 0) facing eastwards (E=1) within a limited bathymetric (ca. 1@ep}hs outside that range were related

to seafloor depressions or topographic highs with few to no nodilgare source: Gazis et al., 2024

https://doi.org/10.1007/s110584103937

The highest nodule coveragé up to 50% was observed at geomorphologically prominent
locationsprobablybecause of abundant nuclei matenélfragmentsthat might havebeen
gravitationallytransportedlownslope when steep slopes exist (Yamazaki and Sharma, 2000;
Sharma, 2017; Let al.,2021). However, the nodul@ssuch high coverage areasre smaller

than in the central and flatter part of the study amdhe GSR area fact thatanbe attributed

to several factorsa limited available horizontal space relative to a high number of nuclei,
younger age, primdy slower hydrogenetic growthand limited supply of dissolved metal
through diagenetic precipitation dueadhinner or absent seriguid bottom sediment layer

i.e., geochemically active layer (Cochorasl.,1992; Liptonet al.,2016[Figure32).

Figure 32. Colournormalized orthgphotomosaic within a trough at the study area of Research Article Ill.

Exposed carbonatsemented sediment layers appear as successive steps along the eastern slope of the trough.
'"HQVHO\ SDFNHG VPDOO QRGXOHV DUH R EOhHOP ¥fth€& campadtédahdGiere8 HV W D C
indurated carbonate sediments, the loose sedimentvimaswed away, anfewer to no small nodules lay. The

grid cell size is 2 mnFigure sourceGaziset al.,2024https://doi.org/10.1007/s110584-103937

Lower nodule coverage was observed maiatyfour subenvironments: (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 basinsraund and inside sutircular depressions and (d) in areas with basement
exposure, rocky outcrops, and carbonate cemented sediment{Eigere 32). In detail, the
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PDP of BP110€300 shows a small response to nodule coverage (i.e., few to no
nodules) in local depressions with low backser reflectivity known as 'black patch

. Studies have shown that local depressions exhibit geochemical conditions different from
their surroundingshaving a higheramount of finegrain sediments (clayandorganic carbon
content Fine sedimentsre trapped in the local depressions during sediment transportation
(Wiedicke and Web andcannot at as nuclei for nodule formation due to their size
anda typically small content of mobilized manganese, which hinders nodule formation and
growth (Meweset aI.. The increased organic carbon content shifts ther®tioxcloser

to the seafloor, where the limited diagenetically mobilized manganese is releaséukint
bottom water without supporting nodule formation and growth (Wiedicke and V@
Marchiget al.[200] Beniteset al.,2018; Paukt al. :

Figure 33. Subcircular nodulefree depression in the study area of Research Article Ill. a) The depth difference
from the surrounding seafloor is 10 m. Its base is remarkably flat and evEne tjackscatter difference from

the surrounding seafloor is 10 dB, thanimum recorded in the study area. The even seafloor, without nodules
and thicker layers of fingrain sediment, reflects less acoustic energy to the MBIg8re sourceGazis 205

(PhD dissertation

Similar to local depressions, topographic highs alsee limited nodule coverage related to
increased slopes, reduced sediment thickree@nputcropping basement)ocal variations in
sediment geochemical characterisscgh as articulateorganiccarbon(POQ, total organic
content(TOC), and Mnrredox depthoccuras a result of the finsediment winnowing and
downslope transportation from the locally intensified or deflected bottom cuseriyued
by Skornyakova and Murdmga993, von Stackelbergl997 andVolz et al.{201§. These
studies mention that even small height differenéesx to 25m 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 metsrale seafloor variations created by the ypetinounced
abyssal sediment furrows and the prevailing cumregime[Figure30). The observed abyssal
furrows strike perpendicularly to the regional contours arbibita U-shape form. They are
oriented parallel to the predominant NW bottom curflemt (Klein, 1993; Klein 1996).These
longterm studiesshowed thathe deepcurrents are not stable bubave periods of quasi
unidirectional strong currents (>5 cm/s but sometimes up to 17 cm/s) and periods with slower
omnidirectional currents (B cm/s). Tle recorded bottom current velocities avithin the
velocity range that couldreserve abyssal furrows (FlqgdP83). Theabyssal furrows act as
bottom current channels, occasionally eroded during short periods of higher current velocities,
or they could b relics from an earlier period when the curregime was stronger (Flood and
Hollister, 1980; Flood, 1983; Lonsdale and Spiess, 1997). Their preservation is supported by
the low regional sedimentation rates of 4 cm/ka (Haeckadt al.,2001). Likein theCCZ,

PDPsof Northness, BP1100_300 and Eastngssw that slope orientation and gently sloping

seafloor are important predictqisigure34).

Figure 34. PDPs between nodules and geomorphological derivatives for the DEA area (Research Article Il). 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 randeest® algorithm and a simpler nparametric regression

model. Blue ticks on the-axis represent the data deciles. For Northness (N) andeEsgt), quasiinear and
monotonic relationships are observed. Most nodules are on a gently sloping andflfiat ¢kav BPI values

around 0) facing northwest (N=1 and E¥ parallel to the dominant bottom current directiBigure source:
modified from Gazis and Greinert, 2QRips://doi.org/10.3390/min111111f72

Nodulefree black patches are also observeth@DEA, which aresasily recognizable due to
their low backscatter reflectivity, similar tbndings in theCCZ {Figure 30). They havean
dliptical and elongatedshape, with their long axewiented downslope. This downslope
direction has been observed in other-@flectivity nodulefree patches in th€eru Bain and
has been associatedth downslope sedimerttansport (Wiedicke and Weber, 1996he
depthof the black patchegaries between & m witharemarkaby flat centralseafloor,again
similar to the CCZ A gravity corefrom inside such aDEA black patchrevealed that its
geochemical conditions differ significantfpom the surroundingsyith a strongly enriched
organic carbon content (0.80.8 wt%; Paulet al.,2019)that couldhinde nodule formation
and growthin a similar way to the mechanism described forGZ above

NE of the DEA, theseafloor 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 talugebris (Greineret al.,2015). The debrisf basaltic fragments could
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act as nuclei suppito form newnodules (von Stackelberg, 1997; Webtal.,2000).Black
patchesarealso presenfaind thenodule coverage varigshowing the need for higtesolution
guantitative studies that use geomrpholocial and environmental predketpuge 35).

Figure 35. Quantile regression forests (QRF) predictions and video observations (3&232 OFOS5) NE of

the DEA aredredictions and observations have the same spatial trend, showing alternations between areas with
higher, lower,and zero nodule coveragéhe superimposed bathymetric contours have a 1 m intéfigaire
sourceGazis and Greinert, 20Rt&tps://doi.org/10.3390/min111111172
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Future Work

7KH PRGHO DFFXUDF\ DFKHGQWHE QHGC WKMHX BBERVZH/5WKDW WK
VWLOO VSDFH IRU LPSURYK®JLWEKB XWIRWLRO PRRRUGHUSDWLL
RSWLPL]IDWLRQ RI $89 LPDJH VXUYH\V DQG WKH XVH RI GLI
DFKLHYLQJ D ORZ SUHGLFWLRQ HUURU

'KLFK RWKHU VSDWLDO SUHGLFWRUV VKRXOG EH LQFOXGHC

Using AUV-based MBES and SSS detftives as spatial predictogovides spatiallyarge
high-resolutionmaps(see introduction) andnables to derive theausal relationshg(direct,
synergistically or proxy) for modelling the spatial distribution of nodules. Additional
predictors, unavailable in thithesis could improve prediction performance and model
interpretability in future studies towards holistic spatial modellifigesecould be

a) *HRSK\VLFREOWGLRGRE EWWRP 36983 LVXIBUVWKH WKLFNQHV'
FRPSRVLWLRQ CRITWIKG! BRWW RP ¢ M GG& PHRXV HIB\ HE R Y H
UHODWHG WR QRGXOH FRYHUDKHJIKS B UNIHXIOW WR\FRQ D!
WIKIHRGXOH JURZWKW[ORF KRBWW J 'UHLIVHWO SWRQ
DP ] $OHYHWYVJ $Q HIIRUW WR FROOHFW 6%3 GDWD
DUWLFOH ,,, KRZHYHU WHFKQLFDO LVVXHV KLQGHUHG

b) %DFNVFDWWHU PRV D IERM D Q PEXEIRMGL IWRHPT YOHZQ A KKIRL) 6
DQG ORZHU IUHTXHQMIVDEIEU\BE@OVH OHQJIWWR RV J
UDQJH KDV VKRZQ WR LPSURYH PDFKLQH OHDUQLQ
LQWHUSUHWDWMRQJ0BIQDLXGIUREG

c) ORUH DQG ZHOO VSDWRBRBRLED\ON UQERWRHB URIDG LP H Q!
GHQVH VDPSOLQJ QHWZRUN RI VHGLPHQW DQG SRUH :
SRURVLW\ JUDLQ ML]HH DIRZRXOGNHRQWULEXWH WKH P
VSDWLDO PRGHOOLQJ DWOWKIRX YK IWKH RHRERBRLED O V
REVHUYDWLRQV LQ VSDFH WKH\ FDQ EH LQWHUSRODWF
OD\HUV LQ VSDWLDO PRGHOV GHRAHBULWBIL W H VDIGIEW WLIGR
EULQJV 7KLVDBRBBRQFXUDV\EDNH &P IO@HED O SRWHQWLLE
HJ 5RGUDOXHWRDO /LKW DODQG UHIHUHQFHV WKHUHL(
VWXGLHV LQ VKDOORZ DUHDV ZKHUH KXQGUHGV RI VDP
PDFKLQH OHDUQLQJ DOBRWDWK'RW VH\WID'QBIE LQSLHIHO
HW DO +RZHWQHGHHSDYLURQPKRKWDQ DSSODEPWWRG W
EURDERDOH VWXGLHV H J ODFL J DQG +DWDIPSOL @XM LWH
LQ UHODWLYHGWVHATFOO DUR R Y GWKHXBHHBIED P ERBIHILQ
JUDYLW\ FRUFRRWRU FRRXHPWIQGV IRXU KRXER/YR® HDOM. BB H
GRXEOHV LQ FDVH Rl GHSOR\PHQW IDLOXUH DQG DFTXL
DOVR XVHG WR DFTXLUH JURXQG RMRUDHVK \RPRSBRNK H
DQDO\VLV +RZHXKHPRWKIKBHSOR\PEHQW WQPPRIVWWHG VSD\
FRYHUDJW® IURP WKH UHVHBURK MHDWHE QDRRY/ WV %R W k
DUH VXVFHSWLEOH WR ZHDWKHU FRQ G L8\QIORIYS/OWIED V W |
ZLW R XOPRIUMUKH VXUILFLDO FPMGWKHDQWBUH QHHGHG W
GLVWXUEHG EDQRRWRH[W G/ D PERGIMD PISBUVIHRFKHPLFDO I
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DVVRFLDWHG ELRORJLFDO VWJX-COLUHWY EBLLHF R OGOL\ | LM FHROYWH U
VOO VISIDMDINOIRRZ L QJ PERSZHHIRGLIIHUHQW JHRPRUSH
BWXGLHV KDYH VKR ¥®©DLOH VIS D WHOIHRBKH BERBE WW RH V
HYHQ LQ WKRLGKOBIJKWLQJ WKH QHHG IRUVHGWRMYWI\L
VDPSOLQGHRSWKIBHAHWO 9RBW DO 3DKXW DO

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 conclusioReeéarch Objective)llWhile scientific

fields such as soil predictive modelling have realized the need for good feature space coverage
in spatial models (e.gKidd et al.,2015 Brus, 2015;Wadouxet al.,2019; Bouasriaet al.,

2023), the deepseahabitat mappingcommunity lacks behind in this respectpotentially
becausehe acquisition of samples demands more time and costlitinangterrestrialsurveys.

This paradox is because satellite and airborne DEMs are typically available before field
sampling in terrestrial studieb deepsea studies, the bathymetric and backscatter data are
obtained shortly before, during (e.g. AUV) or even afterigld §ampling. Future expeditions
should prioritize the MBES acquisition and near H#t@ak processing ofust acquireddata.

After that spatial predictors can be calculated, amidrmative sampling locations can be
selected based on criteria/algorithntstt maximize the geographical and feature space
coverage such as theconditional Latin Hypercube Sampling method (Minasagd
McBratney, 2006)Such guidelinealreadyexist in the official manuals for marine sampling

to monitor Australian waters (Fostetral.,2020 andthus should be also considered in future
activities elsewhere

Noteson reproducibility

Future work implies building and improving existing knowledge. In this direction, the
reproducibility of the current workeeds to be guaranteedRegarding research article I, the
machine learning modelling has been conducted usintylthame Geospatial Ecology Togls
(MGET). MGET (Roberts et al., 2010) uses the random forests R packag®©fBr\¢V L ¢ FDWLR(
and regression (Liaw and Wiener, 2002) inside the graphic user interfaceldiip|E

which is familiar and accessible to the majority of marine geoscierf@stearch articles Il
and Il usedR|( R Core Team, 2022ndR studid(R Studio Team, 2022p develop the
machine learning modelling workflow combininigfdrent statistical libraries. The R script for
research article Il is uploaded as an R markdown .pdf documehg@&EOMAR cloud The

R script for research article Il will also be uploaded aRkanarkdown .pdf document using
the same linlonce finally generated

MGEThttps://mgel.env.duke.edu/mget/downldad/
ArcMapihttps://www.esri.com/emis/arcgis/products/arcggo/overview
R{https://www.rproject.orgf

R studiofhttps://posit.co/download/rstudibesktop
GEOMAR cloudhttps://cloud.geomar.de/s/G2Jsi82ZTFLoH5A
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Benthic plumemonitoring

«WKH GLVFLSOLQHY DUH WKH SODFH ZKHUH ZH
Introduction to Interdisciplinary Studigsllen F.Repko, 2014)
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Foreword

The protection of the deegea ecosystem and thedatedholistic scientific and technological
approachesin deepsea research have increased the questions' complexity, making it
impossible to address them froomly based on a&ingle scientific field.Modern marine
(geo)scientistshus need andhould follow an interdigplinary research approach to combine
knowledge from different fields, effectively working within a team of exp&hsUS National
Academies of Sciences, Engineering and Medidieines that interdisciplinary research
should have the followingharacteristics:
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 d&e®problems whose solutions are beyond
the scope of a single discipline or area of research practice (NAS, 2005).

Mining trial monitoring

All the abovementionedcharacteristics for interdisciplinarity have been fulfilléagring the
scientific monitoringof the first modern deegea industrial mining test of a ppeototype
seafloor nodule collectarehicle (hereafter nodule collector), representing a critical step in the
roll-out of this new and highly controversial industry. The author, with scieffitests 29
European research institutes and universiie8 European countries (Mininglmpact, 2022;
JPIO, 2022), joined forces to independently monitor the environmental imphetradustriat
scalemining of polymetallic nodules ithe GSR contract are@CCZ2), collecting biological,
microbiological, biogeochemicagcotoxicological, geological, and oceanographic data and
testingneedednonitoring approaches (Vindt al.,2022).

A cornerstone of this effort is1onitoringthe sediment plume(hereafter plume) generated
behind the nodule collector from the discharged seditaglen water and the ROOHFW R U \
movemenbn the seafloor. The plumed®M concentratigrits spatial extentand the amount

and grain size of redeposited sedimentaitical environmental properties.h&y define the
impacted benthic ecosystem beyond #mual mining site and determinethe time the
ecosystem isunder anthropogenigressureSuchdata are what marine biologists need to
guantify theimpacts on benthic lifeluring andafter themining and at different levels of
exposure. Th@resentedlata are essential input values to numerical models that extrapolate
the plume evolution over larger areas and time spans beyond a limite@dr@dlect these

data, the author, together with his colleagues, depltlyedmost spatially densesensor
network for deepseamining research consistingof fifty acoustic[e.g., MBES,acoustic
dopplerprofiler (ADCP), hydrophongsandoptic backscatter sensdesg., JFE, WetLabs) and
cameras (e.g., PartCammounted to twenty seafloor platforms, including tripods, benthic
landers and moorings (Vingt al.,2022). Two remotelyoperatedvehicles (ROVS) visually
observed the plume and deployed/recovénedmultisensor platforms. At theame time, an

AUV acquiredwatercolumn and seafloor datdBES datg 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 sit&ensos were intercalibrated before and after the crwigle
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sediment from the same areaallow for a quantitative comparison of the semsoprdingsn
SPM concentratio(Haalboomet al.,2022). All sensors measured ambiS/RiMconcentration
and backgroundécoustic backscatter intensity before t, during after thetrial to allow a

guantitative comparison.
Research objectiveof Section Il

BHFWLRQ ,, KDV RQO\ RQAKUFKW HBUFK REMHFWLYH

X WR XQGHUVWDQG WKH ' VSDW L RWHRBESXFEWIZEO VHHGR.E KW WR
DQG WKH WHFKQRORJ\ QHHGHG IRU LWV PRQLWRULQJ

'RUNLQJ RQ DGGUHVVLQJ WKLV REMHFWLYH UHVXOWHG LQ V
RI WKH PRELOL]|HMGXVHEHGGPWQR WXDVYHQW JUDYLW\ IORZ
SOXPH DQG WKH SDUWLFOH IORFFXODWLRQ DQG IDVW \

VHDIORRU GLVWXUEDQFH
Key findings

1. The plume spreads as high-density gravity current behind the nodule collectspread
perpendicular to mining lan@sdependent of theottom currents, driven by its turbulent flow
dynamics. This finding agrees with those of Muiitayo et al. (2022). Optical backscatter
Sensor (OBS) datshowed a maximumPV concertation of 264 mgiat 1 m altitude, 50 m
from the mining linedut alongthe propagation axis dhe turbidity current This is13,200
times higher than the background SPM concentraifom.02 mg L*at 1 maltitude {Figure]
. During our measurementshe SPM concentratiorat the measuring siteeturnedto
background concentrations 14h after the mining ended

2.a) The gavity current is channelled through steeper seafloor sections (> 3° slope) along its
propagation path andnoves independently of the bottorwater current direction. The
gravitational forces at steeper seafloosectionsincreased the total propagabn distance

five times (up to 500m) compared to flat seafletretchequp to 100 m). A topographic sill
blocked the propagaticat a certain distancand the plume started spreadia@rally

. As adirect consequence, more resuspended sediment was actively transferred and
redeposited outside of the mining sitdis is anew finding as no other study inclduing
numerical modeling, had considered smalscale seafloor geomorphology as an essential
factor for sedimentplume propagation and sediment redepositionAUV-scale mapping of
mining sites and large enougburrounding should kenintegralpartof monitoring numerical
modelling and mining siterioritization

2. b) Thegravity current had a distinct backscatter signaturein ADCPs and OBSensor
datacompared to the passive transfer (advectidiiie sediment plume transporiggbottom
currents|Figure37).

2. ¢) The gravity current created sediment ripples along its downslope directiorat the

steeper seaflo@ectiongFigure36). The shape of ripplerests is sinuous to catenary, a typical
bedformgenerated by strong flowover cohesive sediment (Bass et al., 20T6g presence
of ripplescouldimply erosion of surficial sediments (eKpller et al. 2019)but eosionwould
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demand current velocities > 30 cmh @Thomsenand Gust 2000;McCaveand Hall, 2008,

which were not measured in the field. Thagsive fallout of aggregated sedimentthin the
gravity flow (see point 5andthe unidirectional currents in steeper seafloor paotdd result
in mud ripples generated by large raohesive plume aggregat@gichbehave hydraulically
equivalent to fine sand¥homserandMcCave 2000;Schieberet al., 2007).

3. Thefinal plumestage of sediment spreadirggthe passivetransport of fine suspended
particles by the ambient bottom currents The AUV recordedhe plume at distances up to
4.5 km from the mining sttat thevery end of the monitoring ard&igure 36).

Figure 36 D OD[LPPRQFHQWUDWLRQV UHJLVWHUHG E\ 2%6 VHQVRUV DW P
$'&3 WUDMHFWRU\ SORW RI 1,2=B3)0B VKRZHG DQ HDVWZDUG GLVSOD
ZKHQ WKH JUDYLW\ FXUUHQW SDVVHG V7 EHWHK WHKW2 B 6 0008/ B&I,URPVSB 9D .
529 YLGHR IUDPH JUDEV LQVLGH WKH QRGXOH LPSDFW VLWH VKRZ WKH
VHDZDWHU /LPLWHG YHUWLFDO PL[LQS LWV REY% WPBGHDVKR DHEE2 W IO \§ L
KHDGLQJ SHUSHQGLFX®BW WRVRLRVKR 2D @H¥P RYURHLOKW D¥G FP LQ
G6HGLPHQW ULSSOHV DW WKH HDCH RSI8 W KIHH FARKULGIHEG PW & HQSOWW H L\S VS D W
FD K VXUYHG BRQGRPWB WR WKH PLQLQJ WULDO DQG FRQWLQXHG D
PHDVXUHPHQWY DERRHQRW PRUUHVSRQG WR WKH SOXPH EXW WR QRLVE
YLHZ 7KH EDFNJURXQG PDS LV WKHD $88 VOREQ(E WELLR/QK \ PRH W U \P FRIOWKH PF
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VXSHULPSRVHEGVREG WRI(S EDWHLRHWUNKH FRQWRXUV KDYH D P DQG

UHVSHHWIKYH®RVH GLDJUDP DWHISBHEHQWY WKH FXUUHQW GLUHFWLRQ |
FROOHFWRU WULDO 7KH HDVWZDUG Y &RRH H QWIUHDDMWRHG UM R RAUKGHH GUIDW L
P DOWLWXGH DW 2KH-BB)DVXWHPHO@W® D P DOWLWXGH KDG WR ODVW VK
ILHOXAU YHIXUH VBRXIUW B W |Bti@s://doi.org/10.1038/s4146125563110

Figure37 D %DFNVFDWWHU WLPH VHUIORRRNHFR Y RBCOM WKNHP XSZDNBGE( IU
LPSDFW VLWH 1 JMEH®@EBEE $OWRRKHKDFNIURXQG QRRDEEWMW IWHHQVHDIOF
FDXVHG E\ D IORWDWLRQ ERG\ RQ WKH SODWIRUP GRPLQDWHV WKH VI
E 7LPH VHULHV GRR PON)L @ $ BD&JIGD W 0+] [FiquEeB& )OVKRZLQJ WKH VKDUS LQ
LQ EDFNVFDWWHU LQWHQVLW\ ZKHQ WKH JUDYLW\ FXUUHQW SDVVHG $¢(
GWLIXUH VARXGJIAHHGDUR FH W [BXi@s://doi.org/10.1038/s41460255631 10

4. The SPM concentration decreases fast witincreasingdistance and altitude A power

law decayof the concentratiomvas detectedat successive distances (180 to 1800 m, at 1 m
altitudg and altitudes (5 to 500 m, at 500 m distance) from the mining site towards the ambient
bottom current directiofFigure 38). Such empirical powelaw shapd functions have been
observed in diluted plumes suchimasiydrothermal plumese(g.,Bemis, 2002) and plumes
JHQHUDWHG E\ W R&dH Badranktlal JOOSHOINEIll et al.,2013) This power

law relationshowsthe settling of the SPM (due to gravitypward liftingand mixing(due to
turbulence), andsediment transportation fromnottom currerd The empirical powelaw
functioncannot be applied at shorter distan@ese < 200 m) and lower altitudes (here <5 m)
Here, theplume shows little mixingvith a sharp front distinct from the ambiewgter, it is
dominated by the nedield gravity current dynamics generated by the mining veliRdacock
and Ouillon, 2023) and seafloor geomorphologyhe bulk of theplume stagd below 5 m,
particularlywithin the first 500 mThe plume height increased with distance and ;tiaiM
concentration similar to the backgrowalueswas detectedtthe 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 (122.042021) in the SE direction from the impact site. The records from the following platforms
were used: JUB_PFNI1 and NIOZ_PFMJ3 at 180 m, NIOZ_PFMA4, RBINS PFMO01, GMR_PFM43 and
RBINS_PFMO02 at 500 m, GMR_PFM?7, NIOZ_PFMO02 and GMR_PFM8 at 1 km, and NDZ_PFMOL1 at
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1.8 km 6edFigure 36). When more than one OBS data set was availableatbmgemaximum value was
calculated and plotted. Vertical bars represent the highest and lowest maximum concentratianeadueed;

this variability is due to the different locations across the longitudinal axis at the same distance from the impact
site. b) Theaveragemaximum concentration recorded by the two OBS on the AUV at successive alfftodes

5 m to 50 m)and tines (1920.04.2021) 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) LJXUH VARRXGJIHHH GDUR PH W |BX@s://doi.ora/10.1038/s4146R55631 |

5. Patrticle flocculation was recorded in sity confirming previous lab studies (Gillard et al.,
2019) and mining studies at cobstth crust siteSpearman et al., 2020). The PartiCam
system (Gillard et al., 2022) acquired watefumn images, that were used to derive a image
based particle size distributigRi§ure 39). While the median particle size 4@ of the top 5

cm of the seafloor sediment column is 0.012 mm (GSR, 2018), the plstmc2ased up to

0.147 mm. The B s of the plume ranged from 0.061 mm to 0.313 mm, with the largest
patticles 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 particletéi PHGLDQ 8§ PP
Haalboom et al., 2022) also indicates that at least parts of the mobilizepdined sediment

must be present in an aggregated form that falls within the sensitivity window of the 300kHz
frequency, confirming the larger grain sizeen by the PartiCam systenfis findingends 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; MuioRoyo et al., 2022). It also underlines the need to include sediment
flocculation in numerical plume dispersion and redeposition models

Figure 39.aand ) ,QVLWX ERWXRIQ SKRWRV REWDLQHG ZLWK WKH 3DUWL&DP V!
PLQLQJ WULDO VKRZHG D GHFUHDVH LQ SDUWLFOH QXPEHU DQG DQ LQF
FRUUHVSRQGV WR PP 7KH PWQHRPX®GS bW & IHAMOHHF WIHE WKW K WKDW RSV

ZLWK D SL[HO UHYVR O X WhheRs€rieR of particle Bize dibtribution during the three plume episodes
(grey areas). The black line is thggDand the red area shows the uppes @hdlower Dysof the particle size

distribution.d) Boxplots of the particle size for each distinct plume episgdeJ X UH VARRXGIIHHHGDIUR P
HW D Qhttps://doi.org/10.1038/s4148¥25563110
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6. Sediment redeposition occurs fasand within a short distance from the mining ;sites is
due to the frictiorof the developing gravity current atite seafloor and particle flocculation
that increases the téng velocity {Figure 40). Seafloor imageshow the extent of the
redepositegedimenthighlightingthat most sediment was redeposiéthin the first 500 m
only a faint redepositioand nodule coverould bedetected3 km downstrearfigure40 .

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 showhlire. The timestamp (beginning of the day at 00:00:00)

is also given for the trajectory plot of NIOZ_PFD3. b) The degree of sediment redeposition expressed as % of
imagederivedseafloor nodule coverage along the plume's path in the SE direction is shown before and after the
impact (pre and post). Hi5) AUV images showing reductions of sediment coverage at successive distances in
the SE direction. ¢) AUV image of a faint sedimeaverage, 2.5 km-SE from the impact site) LIJXUH VRXUFH
*D]LV HW |bBti@s://doi.org/10.1038/s4146725563110
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7. Direct seafloor disturbancecreated by thenovementf the nodule collector and suction

of noduleswas mapped in highresolution (cm to mm)using AUV-mounted MBES, SSS
andseafloor imagef§Figure41). Imagederiveddigital elevation modelsDEMs) 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 diment was redepositeiringthe first 88110 h after the mining trisdnded The

depth of the averageseafloorerosionalinside distinct mining lanes was estimated la¢

arround5 cm |Q:igure41 .

Figure 41. a) Orthophotemosaicwith 2 mm x 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. al) A sea
anemone (Actiniaria), capable of cleaning itself from sedirf®avoca et al., 2022), is shown as an example of

the resolution achievethl) Orthophotemosaic of the seafloor before the mining tri#2) The same part of the

seafloor after the mining trial showed the caterpillar track imprints. b3) hiegeed DEMshowing 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
underthe caterpillar tracks. The zedepth 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 actuagien depth. c1) Orthophotoosaic of the track of the nodule

collector while performing the light bulb turning manoeuvre at the end of a lane and the defBitedXOH SLOH §
L5mxW 2m x H 0.9 m). The sideways sediment extrusion under the catdrpiles is larger along the "light

bulb" turn manoeuvres?) Imagederived DEM of the same area with a pixel resolution of 5 mm x 5 jiml X U H
VRXUFH *D]LYKMWWB® GRL RUJ \

67



Sectionll *Future Work

Future Work

Four important outcomes regarding tmnitoring technologyof gravity flows and current
drivensediment plumem the deepsea can be given, that also call for future investigations

1. Need for acombined use of hydroacoustic and optical backscatter seBstinsensor
typesdetectedhe plume signal and could differentiate between the active and passive
phase®f the mining activity OBSsystemsare 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 onboattie research vessédlheir drawbacks include underestimating
the SPM concentration when considerable particle flocculation occurs anerihe
small smpling volume of only severaiilliliters just in front of the sensor windown
contrasADCPsand MBES provide continuous measuremeot®rlong distances and
altitudes (frequency dependent), allowithg integration over time and largewater
volume.They benefit from the sediment aggregation over amgare less sensitive to
very low SPM concentrationsADCPs and MBESs technology is typicaligore
expensive and challenging to depldhey also have aisadvantagevhen being
calibraed in the lab, Wwerethey demandleep tanks and complex sediment steering
mechanisms. Ideally, eachonitoring stationon theseafloor,being part of a larger
monitoring array,should have an ADCRystem andan OBS allowing for inter-
calibration and data comparisbetween these two sensor tyfesy. Haalbonet al.,

2022; Diazet al.,2023.

2. Need for a combined use of sensors at fixed seafloor locatiormandbile platforms
(i.e. AUVs). While sensors at fixed seafloor locations build a dense spatial network
array that allows measurement at successive distances (Eulerian approach), AUVs
movetogether with the plume (Lagrangian approaerlonger distances and carry
several sensors. The technological advances in battery capacity (90+ h of survey) and
plume tracking (von Seet al.,2022; von Seeet al., 2025 pave the way towards
automated plume monitorindh fleet of AUVs that can exchange data (e.g., SPM
concertation and location) with the mother ship and between each other can provide a
reattime overvew 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 watelumn monitoring is based on sHyased
sensors (e.g. CTDand 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 thebstsipd CTDs have limited
flexibility when neededo adapt the monitoring plan.

3. Need for reatime acoustic communication and data trangterenable adaptive
decisionmaking strategiegefinedand adjustedbased on the incoming data. Small
cabled sensor networks or repeated upload of AUV data at central data nodes can
already be utilized today, allowing 4he-fly changes in the monitoring plan, similar
to thework in theoffshore dredging industry in shaler waters (Helmonat al.,2022).
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Such armapproach was tested during the second mining trial in the BGR contract area
(Vink et al.,2022), where theealtime exchange of turbidity data pradedvaluable
informationat the timethe ambient bottom currentbanged direction.

4. Need for highresolution underwater imagenf the watercolumn andthe seafloor.
This study showthat underwater imagacquisitionplays a vital role in plume and
seafloor monitoring, providing, among others, thesitm particle ste, thickness and
extent of sediment redeposition, excavation depthlandirection of gravity current.
Moreover,a datacompilation ofseafloor photographs and mosaics from different
periods after the mining test shows thdial benthic ecosystem disturbance atsd
recovery The author currently uses seafloor imaigeived mosaics before (Z3 h),
shortly after (88.10 h) and 1.5 years after the mining trial (SO295; Haeekal.,
2023) to annotate the benthic megafauna anatduahe changes in abundance,
biodiversity, spatial density and community composition within the miningesz

The author participates in the third phase of the JPIO Miningimpact project, which will monitor
the 1ull-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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Sceentific developmentindachievements

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

Plutarch, (45+120BC)
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Co-authorship in PeerReviewed Scientific Publications

Co-authorship is an essential part of scientific researshing 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 -Gretigof

the same disciplineDuring the PB period the author participatedin writing five other
published peereviewed research articles and one book chapter, groupethietresearch

fields.

Underwater Imagery

1. Mbani, B., Schoening, TGazis, |-Z., Koch, R., & Greinert, J. (2022mplementation of an
automated workflow for imagbased seafloor classification with examples from manganese
nodule covered seabed areas in the Central Pacific O&aentific Reports, 12(1).
[https://doi.org/10.1038/s4159822-190702]

2. Koser, K., She, M., Diller, N., Reissmann, S., Weil3, T., Heger, K., Song, Y., Schontag, P.,
Nakath, D., Schoening, T., Mohrmann, Gazis, |-Z., Kampmeier, M., Rothenbeck, M.,
Wenzlaff, E., & Greinert, J. (2024Autonomous visual 3D mapping of the ocean floor by
underwater robots equipped with a single photo camera. In Scanning Technologies for
Autonomous Systems (pp. B#00). Springer Nature Switzerlafidtps://doi.org/10.1007/97B

3-031:595318_3

3. Van Audenhaege, L., Mahamadaly, V., Price, D., Sneessens, A., Cawthra, H., Delamare, C.,
Danet, V., Delsol, S., Devillers, RGazis, 1-Z., & Urbina-Barreto, |. (2023). Workshop on 3D
mapping of habitats and biological communities with underwater photogrammetry. Research
Ideas and Outcomes|&ips://doi.org/10.3897/ri0.9.e115796

Deepsea mining sediment plumes and oceanogragtgted monitoring

4. Haalboom, S., Schoening, T., Urban, ®azis, |-Z., de Stigter, H., Gillard, B., Baeye, M.,
Hollstein, M., Purkiani, K., Reichart, &., Thomsen, L., Haeckel, M., Vink, A., & Greinert, J.
(2022). Monitoring of anthropogenic sediment plumes in the Cla€itipperton 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,&azis, |-Z., de Stigter, H.,
Paul, A., Walter, M., & Vink, A. (2022)impact of a longived anticyclonic mesoscale eddy
on seawater anomalies in the northeastern tropical Pacific Ocean: a compog#is dirmah
hydrographic measurements, sea level altimetry data, and reanalysis model products. Ocean
Science, 18(4), 1168181{https://doi.org/10.5194/6$8-11632022

Resources estimation and gedstatal analysis

6. Hasiotis, T.,Gazis, I-Z., Anastasatou, M., Manoutsoglou, E., Velegrakis, A. F., Kapsimalis,
V., Karditsa, A., & Stamatakis, M. (20213earching for potential marine sand resources to
mitigate beach erosion in island settings. Mariner€smurces & Geotechnology, 39(5), 527
542]https://doi.org/10.1080/1064119x.2020.1721)623
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Data Publications

The publication of freely accessiblesearch data (raandpostprocessedeadyfor-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 aneamadiesis. All datasets were
publisredin the PANGAEA® data baselfata Publishefor Earth & Environmental Scienge
following the FAIR principles guidelines (Wilkinscet al.,2016). In total, 26 datasets were
published during this PhD, with tleithorbeingthe first author in 1®f these publicationdt

is worth mentioning that otheesearchers already used soméeke datasets in highnked
journals (e.g. MuicRoyoet al.,2021 inScience AdvancgsA chronologically sorted list of

data publications is given below:

1. Stauffe, Julian B; Hoving, Herldan T;Gazis, lasonZois; Mohrmann, Jochen; Kampmeier,
Mareike; VeloseAlarcon, Mario Enrique; Schumacher, Mia; Dierking, Jan (2024): Multibeam
bathymetry raw data (Kongsberg EM712 entire dataset) of RV MARIA S. MERIAN during
cruise MSM126 [dataset]. PANGAEIMtps://doi.panqaea.de/lo.1594/PANGAEA.96E 538

2. Stauffer, Julian B; Hoving, Herkan T;Gazis, lasonZois; Mohrmann, Jochen; Kampmeier,
Mareike; VeloseAlarcon, 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]. PANGAE;tps://doi.pangaea.de/10.1594/PANGAEA.964537

3. Gazis, I-Z.; Greinert, J (2023): Multibeam bathymetry raw data (Wartsila ELAC 3050 MK I
entire dataset) of RV POSEIDON during cruise POS526, North Sea. PANGAEA,
https://doi.org/10.1594/PANGAEA.9567[75

4. Gazis, |-Z.; Thomadaki, M; Greinert, J (2023): Multibeam bathymetry processed data
(Wartsila ELAC 3050 MK 1l entire dataset) of RV POSEIDON during cruise POS5@@h N
Sea. PANGAEANttps://doi.org/10.1594/PANGAEA.9571B3

5. Haalboom, S; de Stigter, H; Urban,®azis, I.-Z.; Gillard, B; Schoening, T (2022): Turbidity
data measured during a dredge experiment dRMGONNE cruise SO268/2 in the German
license area, CCZ, NE Pacific Ocean. PANGA'EADS://doi.orq/lO.1594/PANGAEA.943396

6. Baeye, M; Haalboom, S; Urban, Bazis, I-Z.; Gillard, B; Schoening, T; detiter, 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,®azis, I.-Z.; Gillard, B; Schoening, T; de Stigter, H (2022):
Turbidity and current data measured during a dredge experiment during RV SONNE cruise
S0268/2 in the German license area, CCZ, NE Pacific Ocean. PANGAEA,
https://doi.org/10.1594/PANGAEA.9433B1

8. Haalboom, S; de Stigter, H; Urban, ®azis, I-Z..; Gillard, B; Schoening, T (2022): Current
data measured during a dredge experiment during RV SONNE cruise SQ288&23erman
license area, CCZ, NE Pacific Ocean. PANGAiEnps://doi.orqllo.1594/PANGAEA.943402

9. Gazis, I.-Z.; Mohrmann, J; Schoening, T; Wolfl -8, 2021: Multibeam bathymetry processed
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24. Urban, P;Gazis, |.-Z., 2020: Processed ROV multibeam swath bathymetry collected during
SONNE cruise S0O268/2 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.914766

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. GE@#dhkRholtz Centre
for Ocean Resech Kiel, PANGAEAlhttps://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 S0O268/1 and S0O268/2.
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 publicatiGagis, 2024
(unpublished)
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Scientific Expeditions

Offshore scientific expeditions are fundamental to marine research, partidoladgpsea
benthic and polymetallic nodule research. &h#horparticipated irsix scientific expeditions

and several field surveys the Baltic Sea duringis PhDyears The research expeditions and
field surveys contributed significantly to tlaithor's overall scientific developmeas they
provided unprecedented field experience. @bthorwas responsible for acquiring, storing,
and posiprocessing hydroacstic data, including MBES, SBES, ADCP, SSS, and SBP data.
Furthermore, he was deeply involved in the design of AUV sunRgsegarch Objectiggtime

and dive setting optimization), image and oceanographic data acqus#tappstprocessing

and storag. Theauthorwas 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 expedjpiomns.é
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 Paaific. S
Diego (USA) 04.04.2021San Diego (USA) 15.05.2021
Cruise ReportVink, 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 |bibtps://doi.org/10.25928/hw#$4 2]

2. MSM96 + METAL ML: Heterogeneity and complexity of topography, habitats and
geochemistry of the Atlantic Ocean seafloor. Emden (Germagynden (Germany), 10.10.
10.11.2020
Cruise ReportSchoening, Timnand Paul, Sophie (2021) Metal geochemistry meets machine learning:
Assessing sedimentary and povater rare earth element variability from local to basin scale across the
N.E. Atlantic Ocean, 10.10.202€10.11.2020, Emden (GermanyEmden (Germany) MelaML. Open
Access. Maria S. MeriaBerichte, MSM96 . Gutachterpanel Forschungsschiffe, 77 pp.
[https://oceanrep.geomar.de/id/eprint/52724/

3. S02681: JPI Ocean&nvironmental impacts and risks dieepsea mining. Manzanillo
(Mexico) tManzanillo (Mexico), 18.0227.03.2019

Cruise ReportHaeckel, M., & Linke, P. (2021). RV SONNE Cruise Report SO2688sessing the
Impacts of Nodule Mining on the Deé&gea Environment: Nodule Monitoring, Manzanillo (Ni) 2
Vancouver (Canada), 17.02:27.05.2019 GEOMAR Report, N. Ser. 03BEOMAR Helmholtz
Zentrum flr Ozeanforschung Kiel, Kiel, Germany, 359 + Appendix (in all 802) (pp21).
https://oceanrepaepmar.de/id/eprint/5440p/

4. MPII/112018: Elucidating Patagonian Ice Sheets dynamics during the last deglaciation from
the underwater geomorphology. Punta Arenas (CHiahta Arenas (Chile), 2.4118.11.2018

5. POS530 Environmental monitoring for thegelaboration of munitions on the seabed (UDEMM
project) inside the German EEZ (Baltic Sea). Kiel (Germatiiel (Germany), 1.10+21.10.

2018

Cruise Reportkampmeier, Mareike, Greinert, Jens, Strehse, Jennifer, Beck, Aaron, Wichert, U., Diller,
Nikolaj, Kurbjuhn, Torge, Wenzlaff, Emanuel and Schrdder, 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, 01es21rst October 2018, Kiel (Gerany) +Kiel (Germany).

Open Access. GEOMAR Helmholtz Centre for Ocean Research Kiel, Kiel,.45 pp
https://oceanrep.geomar.de/id/eprint/47%67/
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6. SLOGARO M143: Slope failures and active gas exporfsialong the Romanian margif
investigating relations to gas hydrate distribution. Varna (Romasidgraklion (Greece),
12.12:22.12.2017
Cruise ReportRiedel, Michael, Gausepohl, Florian, Gazis, |aZois, Hahnel, Line, Kampmeier,
Mareike, Urban, Pet and Bialas, J6rg, eds. (2018) RV METEOR Fahrtbericht / Cruise Report M143:
SLOGARQO: Slope failures and active gas expulsion along the Romanian raargéstigating relations
to gas hydrate distribution, Varna (BulgariaHeraklion (Greece), 12.1:22.12.2017.0pen Access.
GEOMAR Report, N. Ser. 042 . GEOMAR HelmheHEentrum fir Ozeanforschung, Kiel, Germany, 35
pp. DOI(https://doi.org/10.3289/GEOMAR_REP_NS_42_ 2pD18

Figure 43. Photos during scientific expeditions: a) Sediment sampling in the Baltic Sea (POS530) together with
Mareike Kampmeair (GEOMAR) and Dr. Jennifer Strehse (CAU). b) Smiles after successful data acquisition with
Jochen Mohrmann (GEOMAR) and Karl Heger (GEOMAR) onboard MV Island Pride-M&NGAN). ¢ &

d) MBES and SBP data acquisition and parstcessing onboard RV MariaMerian (MSM969). e) Patagonian

Ice Sheets Fjords mapping with Dr Mario Vele&larcén onboard Marypaz 1l (GEOMAR; MPI1/112018). f)
Measuring the size of polymetallic nodules onboard the RV Sonne (S0268). g) Calibrating turbidity sensors
together with JocheMohrmann (GEOMAR) onboard MV Island Pride (IPRIANGAN). Figure source: Gazis,

2025 (PhD dissertation).
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Conferences

Participation in national andinternational scientific conferences hfosteredthe authds
scientific exchangdnterdisciplinarythinking, and collaboration, contributing ks research
progressMoreover, it has advanced the abilities of dln¢ghorto presenthis research findings
with confidercein thepublic. Theauthorparticipated irl9 conferenceasfirst author (12) and
co-author (7).The author received the first award for the best presentation among young
researchersin the Section®Energy and Digitalization in Sustainable Developmieltring the
12th RussiarGerman Raw Materials Conference (Saint Petersburg, Russk®, Révember
2019).A chronologically sorted list afonference participations given below:

1.

Stauffer J. B., Volpato M., Cannir@lode J., Dierking JGazis I-Z., Grenert J., Mohrmann
J., Hoving Henkl.; 2025: Benthic habitat distribution and diversity on the slopes of Madeira.
17th DeepSea Biology Symposium, 127 JanuaryHongkong China.(submitted)

Gazis I.Z., Charlet F. Greinert J., 2024: Machine learning laackscatter for spatial mapping
of deepsea polymetallic nodules-B5November, RostoeWarnemiinde, Germany. (accepted)

Gazis |-Z, de Stigter H., Mohrmann J., Heger K., Diaz M., Gillard B., Baeye M., Veloso
Alarcén, M., Purkiani K., Haeckel M., Vink A.,ibmsen L., Cuvelier D., Ramalho P., Greinert

J., 2023: Deegea Mining Trial in the Clarioflipperton Zone: Advancements in resource
estimation, plume monitoring, and environmental impact assessments. Underwater Minerals
Conference, October@, 2023, Rderdam, Netherlands.

de Clippele L., Gafeira J., Arosio R., Huvenne V. A. |., Ragnarsson S., Kutti T., Larsson A. |.,
Sowers D., Diesing M.Gazis |-Z., Greinert J., Hebbeln D., Wienberg C., Titschack J.,
Wheeler A., Mohn C., Burmeister K., Schwarzkopf®tejas C., Roberts M., 2023: Using the
novel CoMMa toolbox to map and characterize coral mounds across the Atlantic Ocean. 8th
International Symposium on De&ea Corals, Edinburgh, United Kingdom, 29 M¥/June

2023

Gazis I-Z., de Stigter H., Mohrmand., Heger K., Diaz M., Gillard B., Baeye M., Veleso
Alarcén, M., Purkiani K., Thomsen L., Haeckel M., Vink A., Greinert J., 2023: Beap
Mining: Spatiotemporal seafloor and plume monitoring ediia trials in ClariorClipperton
Zone using hydroacoustand optic methods, GEOHAB 2023 Marine Geological and Habitat
Mapping Conference, La Réunion, Francel@8Vay 2023

Gazis |-Z., Charlet F. Greinert J., 2023: A multiplenodel machine learning approach with
increased interpretability for spatial predtict of polymetallic nodules using hydroacoustic and
optic data(poster) GEOHAB 2023 Marine Geological and Habitat Mapping Conference, La
Réunion, France, 082 May 2023

Diaz M., de Stigter H., Gillard BGazis 1-Z., Mohrmann J., Heger K., Baeye M., Theem

L., Greinert J., 2023: Monitoring flocculation during a deea mining test in the Clarion
Clipperton Zone, eastern equatorial Pacific Ocean. EGU General Assembly 2023, Vienna,
Austria & Online, 2328 April 2023

Gazis |-Z., de Stigter H., Mohrmann,Heger K., Diaz M., Gillard B., Baeye M., Purkiani K.,
VelosaAlarcon, M., Hollstein M., Schoening T., Urban P., Haalboom S., Thomsen L., Haeckel
M., Vink A., Charlet F., Greinert J., 2022: Degga mining plume monitoringResults from

the first deepseatrial of the Patanil 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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Purkiani K, Gazis I-Z., Mohrmann J., Heger K., Diaz M., Velegdarcon, M., Gillard B.,
Baeye M., Paul A., de Stigter H., Haeckel M., Vink A., Greinert J., Thomsen L., Schulz
M.2022: Numerical simulation of deegga sediment dispersion induced by appeotype
nodule collear vehicle in the northeast tropical Pacific Ocean. Underwater Minerals
Conference, October?2, 2022, The Vinoy Renaissance Resort, St. Petersburg, Florida, USA.

Gazis 1.Z., Greinert J., 2022: Machine learnibgsed modeling of deegea polymetallic
noduks spatial distribution: spatial autocorrelation and model transferability at local scales.
EGU General Assembly 2022, Vienna, Austria & Online2Z3Viay 2022.

VeloscAlarcén, M.,Gazis |-Z., Geiger, A., Bertrand Sebastien, and Cristian Rodrigo, 2022:
Advances on submarine geomorphology at the Fjord system of Gran Campo Nevado (~52°S)
EGU General Assembly 2022, Vienna, Austria & Online2Z3Viay 2022.

Gazis I.Z., Greinert J., 2022: The effect of spatial autocorrelation in machine ledvasegl
modeling of deepsea polymetallic nodules spatial distribution. GEOHAB 2022 Marine
Geological and Habitat Mapping Conference, Venice, Italg@6lay 2022.

Gazis 1.Z., Greinert J., Schoening T., 2019: Spatial quantitative mapping of polymetallic
nodules based on miaine learning. 12th Russidberman Raw Materials Conference, Saint
Petersburg, Russia, 2P November 2019.

Gazis I.Z., Greinert J., Schoening T., 2019: Manganese nodules spatial quantitative mapping
based on AUV data and machine learning. Regional Ceméeron Geomorphology, Athens,
Greece, 1221 September 2019.

Geiger A.J., Smedley R.K., Garcial J.L., Rodriguez P.C., Herrera G., Ferri L.,VeldSad,

I.Z., Bertrand S., 2019: A muHinethod approach to constrain glacier geometry changes
between the @n Campo Nevado and Pacific Ocean during last gideiglacial phase.20th
Congress of the International Union for Quaternary Research (INQUA), Dublin, IrelaBd, 25
July 2019.

Alibakhsi A., Kumar A.,Gazis I.Z., Seelmann K., Juva K. 2018: Presenting $entific
research held at GEOMAR Helmholtz Centre for Ocean Research Kiel Frodedpseato

the Atmosphere. NexGen Conference, HelmhGkntre Potsdam, German Research Centre
for Geosciences, 287 July 2018

Gazis I.Z., Greinert J., Schoening T.028: Digital Data in Marine Resource Assessment:
Challenges and Chances. GEOMAR DataScience Symposium, Kiel, Germa2g, Al
2018.

Gazis 1.Z., Greinert J., Schoening T., 2017: AthAsed small scale quantitative predictive
mapping of Mnnodules: Precadtition for ideal mining path planning. Economical,
Technological, and Environmental Aspects: Cooperative Solutions for Future-sBaep
Mining. 46th Underwater Mining Conference, Federation of German Industries (BDI), Berlin,
Germany, 24829 October 2017.

Gazis 1.Z., +DVLRWLV 7 9HOHJUDNLV $ ) $QDVWDVDWRX 0
Kapsimalis V., Stamatakis M., Poulos S., 2017: The potential of marine aggregate deposits off
a highly eroded coastal area in Lesvos Isl. (Grekup)ications for coastahanagement. 15th
International Conference on Environmental Science and Technology, Rhodes, Greece, 31st
August2nd September 2017.
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Figure 44. Photos from international conference:First award in the Section Energy and Digitalization in
Sustainable Development during thé"RussiarGerman Raw Materials Conference, Saint Petersburg, Russia,
2019. Here, the Vic®ector of the Saint Petersburg Mining UniversityofPDr. Igor. B. Sergeyev presents the
award to theauthotr For more details, pleassee]https://www.geomar.de/en/news/article/detecidmaw|
[materialsresearcky-machinelearninghonoured 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 Conferenc&jgure souce: 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
problemsolving, verbal communication and reasoning ability, knowledge #anshd
teaching). Theauthorparticipatedin 16 workshops and summer schogiarticularly in the

first years ofhis PhD. The knowledge acquiredastransferred to the PhD researéhlist of
workshopggrouped based on their thematic areas is given below:

Statistics, Programming and Machine Learning

f Statistics with R for marine scientidtgtroduction to data exploration, regression,
GLM and linear mixeeeffects models, European University of the Seas, KieRD7
December 2021.

f Current Issues In Statistil Analysis, OpenGeoHub Summer School, Wageningen
(virtual), 1-3 September 2021.

f Developing Machine Learning Algorithms for spatial and spatiotemporal data science
problems, OpenGeoHub Summer School, Wageninge2i, 1August 2020.

f First Steps in Python, tegrated School of Ocean Sciences, Kiel, 28 May 2019.

f Spatial Analysis in R, Integrated School of Ocean Sciences, Kiel, 9 March 2018.

f First Steps in R, Integrated School of Ocean Sciences, Kiel, 5 February 2018.

MBES postprocessing

f QPS Qimera training, GEMAR/DSM Group Workshop, Kiel, 230 November
2017.

Scientific writing and oral presentations

f Dealing with QuestiongsCommunications Skills in Action, Graduate Center at Kiel
University, Kiel, 1 February 2020.

f My publication tMy Rights? GEOMAR Library Wikshop, Kiel, 4 December 2017.

f Writing Scientific Publications, Graduate Center at Kiel University, Kiel, 22
September 2017.

f Speaking Clearly, Graduate Center at Kiel University, Kiel28duly 2017.

Intellectual skills and teaching

f Understand, Formulatand Refute Argumentbitegrated School of Ocean Sciences,
Kiel, June 78, 2022.

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

f With a School Class to Sylt, Integrated School of Ocean Sciences,-3Weluary
2018.

f Management and Leadership in Academia, Integrated School of Ocean Sciences,
Kiel, 7-8 September 2017.
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f University Teaching, Integrated School of Ocean Sciences, Kidl41ily 2017.

Figure 45. Photos from workshops. A and b) Teaching students of tHectbks at the Regional Vocational
Training Centre (aka RBZ1) in Kdnigsweg, Kighe young pupils and teachers ranked this presentation as the
best and most fascinating teaching session in @idiorlanguage (English) of the Europa macht Schule 2018
project.Figure source: Gazis, 2025 (PhD dissertation).

Section Il +Supervision

Supervisingstudents

Supervising master students doiag internship or being employed astudent research
assistantgaka HiWi)was avaluable experience for tleithor He learned how teet 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 cleadwytfidwe
hassupervised fourpostgraduatestudentsard five student research assistantacross five
scientific fields: a) MBES and SSS pgsbcessing, b) underwater orthophotosaic
reconstruction, c) deegea fauna annotation, d) spatial density estimation and e) machine
learning.Their work hagproducediatasets and workflows that have been used and will be used

in scientific and data publications.
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References

" «if | have seen further, it is by standing on the shoulders of glants

Newtors letter to Robert HookdglsaacNewton 1675
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Abstract. In this study, high-resolution bathymetric multi- 1 Introduction
beam and optical image data, both obtained within the Bel-
gian manganese (Mn) nodule mining license area by the auHigh-resolution quantitative predictive mapping of the distri-
tonomous underwater vehicle (AUVBbyss were combined  bution and abundance of manganese nodules (Mn nodules) is
in order to create a predictive random forests (RF) machineof interest for both the deep-sea mining industry and scien-
learning model. AUV bathymetry reveals small-scale ter-ti ¢ elds such as marine geology, geochemistry, and ecol-
rain variations, allowing slope estimations and calculation ofogy. The distribution and abundance of Mn nodules are af-
bathymetric derivatives such as slope, curvature, and ruggedected by several factors such as local bathymetry (Craig,
ness. Optical AUV imagery provides quantitative informa- 1979; Kodagali, 1988; Kodagali and Sudhakarand, 1993;
tion regarding the distribution (number and median size) ofSharma and Kodagali, 1993), sedimentation rate (Glashy,
Mn nodules. Within the area considered in this study, Mn1976; Frazer and Fisk, 1981; von Stackelberg and Beiers-
nodules show a heterogeneous and spatially clustered patiorf, 1991; Skornyakova and Murdmaa, 1992), availabil-
tern, and their number per square meter is negatively correity of nucleus material (Glasby, 1973), and bottom current
lated with their median size. A prediction of the number of strength (Frazer and Fisk, 1981; Skornyakova and Murdmaa,
Mn nodules was achieved by combining information derived 1992). As a consequence, the distribution and abundance of
from the acoustic and optical data using a RF model. ThisMn nodules is heterogeneous (Craig, 1979; Frazer and Fisk,
model was tuned by examining the in uence of the training 1981; Kodagali, 1988; Kodagali and Sudhakar, 1993; Koda-
set size, the number of growing treedrée), and the number  gali and Chakraborty, 1999; Kuhn et al., 2011), even on ne
of predictor variables to be randomly selected at each nodacales of 10 to 1000 m (Peukert et al., 2018a; Alevizos et al.,
(mtry) on the RF prediction accuracy. The use of larger train-2018). This increases the dif culty of quantitative predictive
ing data sets with highertreeandmtry values increases the mapping using remote-sensing methods. Vast areas of the
accuracy. To estimate the Mn-nodule abundance, these pr&ea oor can be mapped by ship-mounted, multibeam echo-
dictions were linked to ground-truth data acquired by box sounder systems (MBESSs). State-of-the-art MBESs feature a
coring. Linking optical and hydroacoustic data revealed alow frequency (12 kHz) and can map ca. 30C%koi sea oor
nonlinear relationship between the Mn-nodule distributionin 4500 m water depth per hour. Hence, low-resolution re-
and topographic characteristics. This highlights the impor-gional maps can be created at a grid cell size of 50 to 100 m
tance of a detailed terrain reconstruction for a predictivewithin which the main Mn-nodule occurrence can become
modeling of Mn-nodule abundance. In addition, this study apparent, based on the backscatter intensity (Kuhn et al.,
underlines the necessity of a suf cient spatial distribution of 2011; Rihlemann et al., 2011; Jung et al., 2001). A general
the optical data to provide reliable modeling input for the RF. separation in areas of high and low abundance (k&)nof

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; Riuhlemann 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 0.254) and the relatively large
distance between them (> 1 nm) prevent an accurate correla-

tion with the ship-based MBES data and thus a good prediCrigyre 1. Schematic work ow of the data sets used in this study to
tion of the total Mn nodules’ mass and distribution in large enable the spatial assessment of Mn nodules inside the study area.
areas (Petersen, 2017). Importantly, the sparse sampling witithe medium resolution of AUV MBES (meter scale) refers to the
box corers affects the performance of interpolation and geocomparison of the optical and physical data (centimeter scale).
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-ship noise, and strong sound velocity changes (Kleinrock
resolution hydroacoustic and optical data sets acquired witlet al., 1992a, b; Jakobson et al., 2016; Paul et al., 2016).
an autonomous underwater vehicle (AUV) and connectingThey work independently from the surface vessel and op-
those data with a machine learning (ML) algorithm (here ran-erate at a stable altitude. AUVs can ef ciently conduct a
dom forests), in order to predict the spatial distribution of the dive pattern of dense survey lines and thus reduce survey ef-
number of Mn nodules per square meter. Unlike geostatistifort and costs (Chance et al., 2000; Bellingham, 2001; Bing-
cal methods, ML can be used to incorporate information fromham et al., 2002; Danson, 2003; Roman and Mather, 2010).
different bathymetric derivative layers and to detect complexHigh-resolution bathymetry enables computing bathymetric
relationships among predictor variables without making anyderivatives like slope and rugosity with a similarly high res-
prior assumptions about the type of their relationship or valueolution. These derivatives play an important role in predict-
distribution (Garzn et al., 2006; Lary et al., 2016). To this ing Mn nodules' distribution and abundance (Craig, 1979;
end, rst predictions have already been achieved (Knoblochkodagali, 1988; Skornyakova and Murdmaa, 1992; Kodagali
etal., 2017; Vishnu et al., 2017; Alevizos et al., 2018). Here,and Sudhakar, 1993, Sharma and Kodagali, 1993; Ko et al.,
we present a complete data analysis work ow for potential 2006). However, a small number of recent studies have inves-
mining exploration (Fig. 1). tigated this role on an AUV scale (Okazaki and Tsune, 2013;

Peukert et al., 2018a; Alevizos et al., 2018).
1.1 AUV hydroacoustic mapping

1.2 Underwater optical data
AUVs have proven their usefulness for multibeam data ac-
quisition in the deep-sea environment (Grasmueck et al.lUnderwater optical data have generally played an important
2006; Deschamps et al., 2007; Haase et al., 2009; Wynn afle in the qualitative analysis of the sea oor features and for
al., 2014; Clague et al., 2014, 2018; Pierdomenico et al.the specic task of assessing Mn nodules' distribution ex-
2015; Peukert et al., 2018a). They achieve higher spatial anglicitly (Glasby, 1973; Rogers, 1987; Skornyakova and Mur-
vertical resolution compared to ship-mounted MBESs. Thisdmaa, 1992; Sharma et al., 1993). The development of auto-
is due to their operation close to the sea oor, which resultsmated detection algorithms enabled quantitative optical im-
in a smaller footprint at a given beam angle and enablesage data analysis and subsequent statistical interpretation of
the use of higher frequencies (Henthorn et al., 2006; MayerMn-nodule densities. The spatial coverage of optical imag-
2006; Caress et al., 2008; Paduan et al., 2009). Additionallying is much higher than for box core sampling. The data
AUVs avoid problems like near-surface turbulences, bubblesresolution remains high enough to reveal the high variance

Biogeosciences, 15, 7347-7377, 2018 www.biogeosciences.net/15/7347/2018/
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in the spatial distribution of nodules at meter scale. ThusFurther studies showed the robustness of RFs for selected
optical data can Il the investigation gap between ground- data sets compared to other ML algorithms (Che Hasan et
truth sampling and hydroacoustic remote sensing (Sharma edl., 2012; Stephens and Diesing, 2014; Diesing and Stephens,
al., 2010, 2013; Schoening et al., 2012a, 2014, 2015, 20162015; Herkul et al. 2017), as well as to geostatistical and de-
2017a; Kuhn and Rathke, 2017). Moreover, mosaicking ofterministic interpolation methods (Li et al., 2010, 2011a, b;
optical data could reveal mining obstacles such as outcropbiesing et al., 2014).

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 (Schoenirgy Study area

et al., 2012b; Durden et al., 2016). . . .
) The study area lies in the Clarion—Clipperton Zone (CCZ;

ca. 4 10°km?) in the eastern central Pacic Ocean. The

CCZ has triggered scienti ¢ and industrial interest for sev-

Box coring is common to obtain physical samples of Mn nod- eral dgcades_due to its high resource potential in Mn-n_odule
g Py P C((iﬁposns (Hein et al., 2013; Petersen et. al., 2016) with an

ules and sediments for resource assessments and biologi
studies. While optical data reveal only the exposed and semigverage nodule abundance of 15 kgSPC, 2013). At the

buried Mn nodules, box corers collect the top 30-50cm oftime of writing, the Ipterpational Segbed Authorityi(ISA) has
the sea oor with minimum disturbance, allowing an accu- granted 17 exploration licences inside the CCZ (Fig. 2a). The
rate measure of the Mn nodules' abunélance (kgmBox study area described here is part of the Belgian GSR (Global

coring data are used for training and validation in geostatis-sefa M:jn?ral R;sotr((:;e%s; I||(::_en32e ar(e)a (F'ﬁ' til')) an(i[l V\;”tlhbe
tical methods for quantitative and spatial predictions of Mn referred to as bloc ( '9. c). Overa » (IS part ot the
nodules (e.g., Mucha et al., 2013; Knobloch et al., 2017). TheBGIglan license area has a high bathymetric range and com-
representativeness of box coring data is disputable as few dep_lex morphology, due to the presence of squarlne volca?
ployments can be made due to time constraints (ca. 4 h perpoes, solitary seamounts, and seamount chains. Block G77 is

core) and as the spatial coverage of one sample is rather Io\%‘lharacterlzed by a low bathymetric range (77 m) ar_ld ”.“’S“y
(ca. 0.25 ) gentle slopes (95 % of the area below).5An 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
Random forests (RF) is an ensemble machine learning (ML)area _Of ca. 700 m 380m. Despite the_ gentlg slopes, b.IOCk
method composed of multiple weaker learners, namely cIas-G_77 IS characterlze_d by_an uneven microrelief (according to
si cation or regression trees (Breiman, 2001a). Within RF an Dikau, 1990) especially in the western part, where small (2—

ensemble of distinct tree models is trained using a random4 m) depressions coexist next to short (2-4 m) protrusions. In

subsample of the training data for each tree until a maximu the central part, a 30 m high elevation acts as a natural barrier
tree size is reached. In each tree, each node is split using t etween the western part of the study area that features more

best among a subset of predictors randomly chosen at thjﬁ“ef and the eastern part that is deeper and has less relief

node instead of using the best split among all variables (Lia ig. 2).

and Wiener, 2002). Thus, the process is double-randomized

which _further reduc_e; the correlation between trees. Abqu§ Methodology

two-thirds of the training data are used to tune the RF while

the remaining “out-of-bag” (OOB) samples are used for an3.1  Hydroacoustic data acquisition and post-processing
internal validation. By aggregating the predictions of all trees

(majority votes for classi cation, the average for regression), The data (Greinert, 2016) were collected in March 2015
new values can be predicted. This aggregation keeps the biaturing cruise SO239 EcoResponse (Martinez Arbizu and
low while it reduces the variance, resulting in a more pow- Haeckel, 2015) with the German research vessehne
erful and accurate model. RFs have the ability to estimateShip-based mapping was conducted with a hull-mounted
the importance of each predictor variable, which enableKongsberg EM 122 MBES (12kHz, 0.5along- and 1
data mining of the high-dimensional prediction data. Ter-across-track beam angle, 432 beams with 12®@ath an-
restrial studies use RFs in prospectivity mapping of mineralgle). High-resolution MBES data were acquired with AUV
deposits (Carranza and Laborte, 2015a, b; 2016; RodriguezAbyss(GEOMAR, 2016) inside block G77 equipped with a
Galiano et al., 2014, 2015). In the marine environment, RFsTeledyne Reson Seabat 7125 MBES (200 kHzal2ng- and
have been used to combine MBES bathymetry, backscatted, across-track beam angle, 256 beams with 1@ath an-
their derivatives, sediment sampling, and optical data for var-gle). The data (60 km of survey lines) were acquired from
ious seabed classi cation and regression tasks (e.g., Li et al50 m altitude and with 100 % swath overlap resulting in an
2010, 2011a; Che Hasan et al., 2014; Huang et al., 2014)insoni cation of 9.5 knf. Post-processing of the AUV data

1.3 Box corer sampling

1.4 Random forests
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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 ois&1ike(cruise SO239)(c) Block G77,
mapped by AUVAbysswith a Teledyne Reson Seabat 7125 MBES.

was conducted with the Teledyne PDS2000 software forthat is not quanti able. Backscatter data were excluded from
data conversion of the raw data into s7k and GSF formatthe modeling procedure due to artifacts and a generally poor
Further multibeam processing (sound velocity calibration,quality. The output grid cell size for the analyses was set to
pitch/roll/lyaw/latency artifacts correction) was performed 3m 3m. The depth raster was exported as ASCII format
using the Qimera software. The largest uncertainties during for further analysis in SAGA GIS v.6.3.0. SAGA includes
AUV operations result from inaccurate navigation and local- numerous tools that focus on terrain analysis (Conrad, 2015).
ization in the deep-sea environment (Paull et al., 2014). AUVEight bathymetric derivatives were computed (Table 1) with
Abysshas a combination of ve different systems for naviga- the SAGA algorithms (Appendix A).

tion and positioning: Global Positioning System (GPS) when

at the sea surface, Doppler velocity log (DVL) when 100m 3.2 Optical data acquisition and post-processing

or less from the ground, inertial navigation system (INS), . . . . .
long baseline acoustic navigation (LBL), and dead reckon-H'gh'reSOIUt'on optical data (20.2 megapixels) were acquired
ing (GEOMAR, 2016). Each system has its own limitations 2Y the DeepSurveyCamera system on board Allbyss
that contribute to the total navigation error (Sibenac et al.,(Kwasnitschka et al., 2016). During image acquisition, the
2004; Chen et al., 2013) that generally results in position-alt'wde above 9“?“”“ was 5 to 11m, _resultlng In-an over-
ing drifts over time. Consequently, this affects the positionIalo between the images of ca. 60% in each dlrecthn. In
accuracy of the MBES and optical data. Our AUV MBES total, 11276 photos were acquired in blopk G77 (Grenjert,
data processing and an absolute geo-referencing of the resuf917) and analyzed with the automated image analysis al-
ing AUV bathymetry grid with the EM122 ship data, supple- gorlthm C_OMON(,)D (Schgenlng etal, 2,01_7"_’" b, c). For each
mented with the use of MBnavadjust in MB-Systems (CaresdM29€ this algorithm delineates each individual Mn nodule
et al., 2017), resulted in a well-calibrated AUV bathymetric f"md prow_des quant|tat|v_e |nf(_)rmat|on on _each nodgle (size
data set. The position of the AUV image data “only” relies " cn?, alignment of main axis, geographical coordinate of

on the abovementioned sensors with a “small” position errorthe 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 (PI.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: 0-50m

Concavity (C) In each cell its value is de ned as the percentage of concave downward cells within a constant

radius (lwahashi 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?), the nodule coverage of the sea oor in parison and veri cation exist. Taking box corer samples for
percent, and the nodule size distribution in square-centimeteveri cation requires ultrashort baseline (USBL) navigation
size quantiles. The algorithm has successfully been appliednd imaging of the sea oor prior to the physical sampling.
for quantitative assessment and predictive modeling of MnThe effects of the nonconstant ying altitude on the detec-
nodules (Peukert et al., 2018a; Alevizos et al., 2018). Nev-+ion of Mn nodules per square meter are explained in detail
ertheless, the derived number of Mn nodules?ris subject  below. For each photo location, the depth and the bathymet-
to uncertainties due to the limitations of the CoMoNoD al- ric derivative values were extracted from the hydroacoustic
gorithm and the nonconstant altitude of the AUV, especially data. As no absolute geo-referencing could be performed for
in areas with slopes. The CoMoNoD algorithm cannot de-the AUV-based photo surveys, drifting sensor data will have
tect sediment-covered Mn nodules due to the low or nonexan effect on the alignment between bathymetric and photo
istent contrast. It may count two or more adjacent small Mninformation, which was considered while interpreting the re-
nodules as one big nodule or misinterpret benthic fauna osults.

rock fragments with similar visual features as Mn nodules.

The CoMoNoD algorithm ts an ellipsoid around each de- 3 3 pata exploration and spatial analysis

tected Mn nodule, which limits the rst two disadvantages as

it splits huge Mn nodules and accounts for potentially buried_\_he data exploration, spatial plotting, and analysis was per-
parts (see discussions in Schoening et al., 2017a). In generg ; ™ .
ormed with ArcMap™ 10.1, PAST v3.19 (Hammer et al.,

the rst two disadvantages lead to underestimations wh|Ie2001)’ and R (R Development Core Team, 2008). All data

the third one results in an overestimation of the number ofWere projected as a UTM Zone 10N coordinate system (to

Mn nodules per square meter. These limitations are common . . . :
) . énable spatial analysis). The existence of spatial autocor-

and the need for corrections (e.g., a factor that describes thg , .~ ~ A
X : relation in the distribution of Mn nodules A was exam-
ratio between the number of Mn nodules seen in the photo o ;
and the number of nodules counted in box corers considerIned by the global Moran's index (GMI) and Anselin local
' Moran's index (LMI). Both GMI (Moran, 1948, 1950) and

ing for the different spatial scales) has been acknowledgecIi_Ml (Anselin, 1995) are well-established for examining the

(Sharma and Kodagali, 1993; Sharma et al., 2010, 2013'verall(global) and local spatial autocorrelation, respectively
Tsune and Okazaki, 2014; Kuhn and Rathke, 2017). Recen%_g_, Goodchild, 1986; Fu et al., 2014). GMI attains values

studies show that the difference between image estimates arjs

. : etween 1 and 1 with high positive values indicating strong
:]hoedi?:Sr;dc?ncgénzb_zxt?;g ﬂiatﬁe((rj?;Jﬁr?zdn'én;gttﬁgge;%igﬂ)gpatial autocorrelation. High positive LMI index values indi-
. 9 . ' cate a local cluster. This cluster could be a group of observa-

In this study, none of the box corers was obtained exactly a%ions with high—high (H—H) or low—low (L—L) values regard-

a location for which optical data exist; thus, no direct com- 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) predictor variables (rounded dowmdesizds 5 andntree
clusters, in which an observation has a higher or lower valugs 500 (Liaw and Wiener, 2002). RF has been demonstrated
in comparison to its adjacent observations. Both Moran's in-to be robust regarding these parameters, and the default val-
dex analyses were performed in ArcMad0.1 (for param-  ues have given trustworthy results (e.g., Liaw and Wiener,
eter settings see Appendix A). One decimal was retained irR002; Diaz-Uriarte and de Andres, 2006; Cutler et al., 2007,
the presentation of the results from statistical analysis and RPOkun and Priisalu, 2007; Li et al., 2016, 2017). With regards

modeling. to the subsampling methodeplace, the subsampling with-
out replacement was selected. Although the initial implemen-
3.4 Box corer data tations of the RF algorithm use subsampling with replace-

ment (Breiman, 2001a), later studies showed that this process

A total of ve box corers (0.5m 0.5m surface area) were might cause a biased selection of predictor variables that vary
obtained close to the study area (coordinates not given due tm their scale and/or in their number of categories, resulting
con dentiality). However, one is located within block G77 in a biased variable importance measurement (Strobl et al.,
(Fig. 3a); this is the result of independent sampling scheme2007, 2009; Mitchell, 2011). Based on recent ndings, the
and purposes during the cruise. Nevertheless, all box coreaw variable importance was preferrachécaled as the -
samples (maximum distance <1.5km) were analyzed anchal parameter (Diaz-Uriarte and de Andres, 2006; Strobl et
used for further analyses. In the three box corers, the numbeasl., 2008, 2009; Strobl and and Zeileis, 2008). Using these
size, and weight of nodules were measured and the abursettings, the in uence of the training sample size was exam-
dance (kgm?) was estimated (mean value: 26.5kg®h ined (10 % to 90 % of the total sample in steps of 10 %) and
The total number of Mn nodules within each box corer wascompared based on the mean of squared residuals (MSR) us-
compared with the number of Mn nodules on the surface reing the respective equation provided in the randomForests
sulting in an average ratio of 1.32 (Table 2). This means thaR package (Liaw and Wiener, 2002). The different training

25% of the nodules are not seen on the surface but argroups need to be considered as representative of the total
completely buried within the sediment (down to a depth of sample, in order to capture the heterogeneity of the Mn nod-

about 15cm). ules' spatial distribution. The spatially random selection of
subsamples by MGET ensured similar statistical character-
3.5 RF predictive modeling istics in each group (Appendix A). For each case of differ-

ent training sample size, the model was run 10 times and the

The RF modeling was performed with the Marine Geospatialresults are presented as the average value of these 10 runs
Ecology Tools (MGET) toolbox in ArcMap 10.1. MGET  (Appendix B). Since the optimal training sample size was
(Roberts et al., 2010) uses the randomForests R package fale ned, the in uence of the number of growing treedree
classi cation and regression (Liaw and Wiener, 2002). Our and the in uence of the number of predictor variables to be
target variable (number of Mn nodules #) is continuous,  randomly selected at each nodatfy) was examined. Only
so regression was applied. We followed the three main stepfor the already de ned optimum training size were 10 dif-
to establish a good model by selecting predictor variablesferentntree values (100 to 1000 in steps of 100) and seven
and calibration/training of the model and nally validating different mtry values (1 to 7 in steps of 1) tested and com-
the model results. pared based on the MSR values. In each case of a different

Selection of predictor variablesThe depth (D) and its ntreeandmtry parameter, the model was run 10 times, and
derivatives (Table 1) were used as predictor variables. Al-the results are presented as the average value of these 10 runs
though RFs can handle a high number of predictor vari-(Appendix B).
ables with similar information, the exclusion of highly cor-  Selection and external validation of the optimal model
related variables can improve the RF performance and deBased on the abovementioned results and considering the
crease computation time (Che Hasan, 2014, Li et al., 2016)sampling and computational cost, the optimal model was se-
Thus, the correlation between derivatives was investigatedected, run for 30 iterations, and applied to the entire study
using the Spearman's rank correlation coef cient. None of area. Its predicted values were validated with the observed
the variable pairs was perfectly correlated ( 95), and con-  values from the remaining data set that was not used. Several
sequently, all of them were used for RF modeling (Ap- validation measures were used including the mean absolute
pendix A). error (MAE), the mean squared error (MSE), and the root

Calibration of the modelDuring the calibration process, mean squared error (RMSE). The combined use of MAE and
the RF parameters were adjusted as follows. The humbeRMSE is a well-established procedure as the MAE can eval-
of predictor variables to be randomly selected at each nodeate better the overall performance of a model (all individual
(mtry), the minimum size of the terminal nodesoflesiziy differences have equal weight), while the RMSE gives dis-
and the number of trees to gront(ee were set to the default proportionate weight to large errors showing an increased
values, in order to investigate the optimum training size. Forsensitivity to the presence of outliers. Due to this charac-
regression RF the defautitry value is 3 of the number of  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 ﬁ) 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 perMn nodules m? is approximately normally distributed (Ap-
formance (Willmott and Matsuura, 2005). Both MAE and pendix B). Although the presence of normality in data is not a
RMSE are measured in the same unit as the data. In additiorgrerequisite assumption in order to perform the RF (Breiman,
theR2, Pearsonr(), and Spearman's rank correlation coef - 2001a), as it is with geostatistical interpolation techniques
cients were used to identify the correlation between predictedike kriging (e.g., Kuhn et al., 2016), this examination can
and initial values. Finally, the descriptive statistics of pre- give us a better understanding of the Mn nodules' distribu-
dicted and initial values were compared and a residual analtion inside the study area, and it is an important step in order

ysis was performed. to examine potential extreme observations which may be de-
rived from wrong measurements and could arti cially change
3.6 Resource assessment the training range during RF predictive modeling. Moreover,

. . . an absence of linear correlation was observed between Mn
As the optimal RF model was applied to the entire block G77.nodules m?2 and the produced bathymetric derivatives, indi-

an estimate of the abundance (kgfhwas (_:omputed, based cating the complexity of the phenomenon (Appendix B).
on the analogy between the corresponding abundance mea-

sured from the average number of Mn nodules in the box, 5 Spatial analyses

corer data and the number of Mn nodules?in each cell of

the nal result of the RF model. Considering that the collec- gpatial analyses revealed the presence of a spatial autocor-
tor can recover buried Mn nodules from a maximum depthg|ation in the distribution of Mn nodules . The GMI.

of. 10-15cm (Sharma, 1993, 2010), the ratio o_f 1.32 Was aPyiith | D 0:6989, p< 0:01, and aZ score >2.58 indicates a
plied to account for Mn nodules not detected in the imagesositive spatial autocorrelation. According to the incremen-
and areas with a slope of > 8/ere excluded, assuming thata | analysis, the index takes its highest value in the rst 50 m
potential mining vehicle is limited to less steep slopes (UN-ith a gradual decrease, approaching 0 values after a dis-

OET, 1987). tance of 400 m (Fig. 4a). Similarly, the results from the LMI
show that the main size of the spatial clusters does not ex-

4 Results 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).

4.1 Data exploration A distinct “buffer/transitional zone” with Mn nodules was

found between these two clusters, which does not show a sig-
The analysis of AUV photos with the CoMoNoD algorithm ni cant autocorrelation (Fig. 5b, c). Approximately one-third
(Schoening et al., 2017a) revealed a rather heterogeneous the data does not have a signi cant clustering (NS). In the
pattern of Mn nodules n? in the study area, showing ad- subarea c, the few local H-L and L—H groups are located
jacent areas with high and low Mn-nodule number (Fig. 3a).in the outer parts of these zones without signi cant spatial
The number of Mn nodules n¥ changes within less than clustering. Both H-L and L—H (from the entire study area)
100 m in the overall study area and in the two main subareasnly account for 2.1 % of the data (Table 3). The compari-
b and c (Fig. 3a—c). In half of the photos (48 %), the numberson of the number of Mn nodules i between the groups
of Mn nodules m?2 varies from 30 to 43 with the mean value shows a clear discrimination between H-H and L—-L clusters
being 36.6 Mn nodules ntf. The very small change of 5% (Fig. 5b). The H-H clusters are in areas with 37.9-78.2 Mn
trimmed mean value indicates the absence of extreme outaodules m? whilst the L-L clusters are in areas with 6.8—
liers, which is con rmed by box plot analysis (Appendix B). 35.2 Mn nodules m?.
Further analysis of their descriptive and distribution char- The application of the LMI reveals a bias that exists in the
acteristics was performed in order to assess the presenaiata due to the sampling procedure, especially in the subarea
of normality in the data, with the result that the number of b (Fig. 5b). Here, the presence of the slope aroundf2rged
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Figure 3. (a) The spatial distribution of Mn nodules s inside block G77 and the box corer positigh) The spatial distribution of Mn
nodules m 2 inside the subarea tc) The spatial distribution of Mn nodules s inside the subarea c.

Figure 4. (a) The GMI decrement due to increasing distance, after the rst 5@iThe range of Mn nodules nf in each clustered group.

the AUV to vary its altitude between the ascending and de-con rmed by the distribution map of the Mn nodules

scending phase (Fig. 6b). This variation seems to affect thgFig. 3b). It is important to emphasize that this difference
image quality, resulting in fewer nodules being counted forshows up clearly in the LMI results (Fig. 5b) and not in the
higher altitudes of the AUV (Figs. 7 and 8). This is also 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 @)7The spatial clusters inside the subaregpThe
spatial clusters inside the subafea

Table 3. Number and percentage of samples in each type of spatial Spatial distribution of median siz®@lotting of the median

clustering. size in square centimeters (Fig. 9) showed that the number of
Mn nodules m? is anti-correlated to the median Mn-nodule
Clustertype H-H H-L L-H L-L NS size. The Spearman's rank correlation coef cient &fdbe-
Counts) 3472 121 113 3523 4047 tween these two variables aré).50 and 0.25, respectively,
Counts (%) 308 11 1.0 312 359 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-

| hide this bias duri lotting. Th ) fdian size values between the H-H and L—L clustered groups
scale can hide this bias uring p ottlng: € comparison Olgp e that although the L-L group contains the entire range
the detected Mn nodules rf in these adjacent lines, inside

of median size values (2.8 to 15.9 &nthe H-H group does
the small subarea b, gives a ratiol:4 between photos that ( ot group

: ) ot contain values above 10én2.7-10 cm). This means
have been acquired at 7-9 m altitude and those at 9-11m a e )

: SR n consequence that in areas with signi cant clustering of
titude. The ratio is higher ( 1:8) between photos from 5— d ¢ g

X ! higher numbers of Mn nodules’mthe size of Mn nodules
7 and 9-11m altitude. In contrast, the ratio between photog, i< 0 be smaller (Fig. 10b)

from 5—7 m altitude and those at 7-9 m altitude i4:25, in-

dicating that the problem mainly exists at upper and lowers 3 RF predictive modeling

ying altitudes. Despite their different ratio, none of these

groups contain extremely high or low values of Mn nodules 4.3.1  Effect of training sample size andtreeand mtry

m 2. Moreover, in several parts of the block, the photos from parameters

higher altitude are the only source of information without the

ability for further comparison, and consequently, they cannotThe results of the modeling procedure demonstrate that the
be excluded from the modeling procedure. RF algorithm is in uenced by the size of the training sample
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Figure 6. (a) The altitude of AUVAbyssdnside 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.

formance of RF (Li etal., 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-
Figure 7. Scatterplot of the AUV altitude (m) and the estimated putational effort). Based on this data set, the examination
number of Mn nodules m? inside subarea b. The colors correspond of different numbers of trees showed that the RF error re-
to the color scale in Fig. 7. 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

.(Fig. .11a). This n(_j",qg Is in accordance Wit,h other studies, error is reduced (Appendix B). A higher number of trees en-
in which larger training samples tended to increase the per-
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Figure 8. Adjacent AUV photos from consecutive dive tracks that were obtained inside subarea fajrtmwer (5-7 m) andb) higher
(9-11 m) altitudes. Note the decrement in the image brightness. (The area of the photos represents the central part of the photd, i.e., ca. 1

of the original photo size.)

Figure 9. (a) The spatial distribution of median Mn-nodule size (inzon(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 thécAUNe 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 (cf) and number of Mn nodules nf. (b) The range of median size (@nin each type of cluster.
Note the distinct difference in the range between the H-H and L—L cluster type.

ables highemtry values as there are more opportunities for Table 4. The values of validation measures between predicted and
each variable to occur in several trees (Strobl et al., 2009)observed data.

Similarly to thentreeparameter, a larger numberrofry val-
ues results in a reduced error (Fig. 11c). The error reachesa MAE MSE RMSE R2  Pearson Spearman
minimum and cannot be reduced further fotryD 6; with 31 19.0 44 08 0.9 0.9
values below 3, the error increases signi cantly. The differ-
ent numbers ohtree reduced the error by only 0.6 in the
MSR (from 18.8 to 18.2); in contrast, differenttry 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 oftryvalues is suggested for RF stud-
ies with correlated variables to result in a less biased resul

regarding the importance of each variable; this is becaus%oef cients show a strong positive correlation between the

the higher number increases the competition between highl3f>redicted and observed values. The small deviation between

correlated variables, giving more chances for different selecs :
: ! MAE and RMSE and the same good correlation of the Pear-
tions (Strobl et al., 2008). The nally selectadtry value of g

6 coincides with the recommended approachriary (de- son and Spearman factor point towards the absence of ex-

: tremely high or low predicted values (outliers). Moreover,
fault, half of the default, ?”d tW'.Ce the default) ;uggestgdthe performance is rather stable among all the iterations (Ap-
by Breiman (2001a). Despite the importance of this analysis

o ; . pendix B).
within the model with 80 % of the data as a training sample . . .
. ) ' The scatterplot and box plot (Fig. 12a and b) illustrate this
the decrease in error by the use of RF tuned values instea P plot (Fig )

. .~ “good match between predicted and observed values, as con-
of RF default values was only 0.71n the MSR values, whilst rmed also by the descriptive statistics (Table 5). The resid-

) : . . L Cal analysis con rmed further the robustness of the model
from the increase in training data set size. This highlights the

. L . - (Appendix B).
increased sensitivity of the method with respect to training The statistical analysis also reveals the limitations of the
data and that the recommended settings in the R randomFoh

. i ; F model which cannot predict beyond the range of training
_est packag_e (L|_a ar_1d_ Wiener, 2002.) give trustworthy reSUItSVaIues. It underestimates the maximum predicted values and
increasing its simplicity and operational character.

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).

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 value®? has a

igh value, and both Pearson's and Spearman's correlation

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

Figure 12. Comparison between observed and predicted values: scatt@piotd box plotgb).

4.3.3 RF-predicted distribution of Mn nodules m 2 of depth shows that there are speci ¢ depths, which promote
higher numbers of Mn nodules rf aggregated in a nonlin-
The nal application of the RF model for the entire block ear way (Fig. 14b). The two most important variables are the
G77 predicts that the majority of the area is covered by 30-TPI_B and TPI_M. TRI, TPI_F, C, and S follow in impor-
45 Mn nodules m? (Fig. 13). In the central western part the tance (Fig. 14a). All of them also contribute in a nonlinear
distribution is quite uniform (at this scale) with few small ar- way. (Appendix B). PI.C and Pr.C do not contribute signi -
eas of lower numbers. In the western part, there are two exeantly as explanatory variables in the performance of the RF
tended areas along the base of the hill with the lowest numimodel (Fig. 14a and Appendix B). Although the RF demon-
ber of Mn nodules m?. Both of these areas have a linear strates good overall performance, the small study area and
shape in N-S direction and follow the sea oor topography the arbitrary choice of the spatial scales for the TPI and other
with increased slope (>3 The third main patch with mini-  derivatives limit the potential of these variables as indica-
mum Mn nodules m? occurs in the eastern depression part. tive explanatory variables on a broader scale. It is well estab-
In contrast, areas with a higher number of Mn nodule$m lished that surface derivatives are scale-dependent with dif-
are located mainly in the central upper part of the hill and ferent analysis scales to create alterations in results. Thus the
eastward facing slope of eastern depression and south of theombined use of different scales (here TPI) in the analysis

subrecent hydrothermally active area. and modeling procedure can produce models that do cap-
ture the natural variability and scale dependence (Wilson et
4.3.4 RF importance al., 2007; Miller et al., 2014; Ismail et al., 2015; Leempoe

et al., 2015). Due to the lack of relevant literature for AUV
The analysis of the RF variable importance showed that thescale data sets, the C and TRI were created with the default
best explanatory variable for the distribution of Mn nod- scales of SAGA GIS v.6.3.0, while the three different TPI
ules m 2 is depth (Fig. 14a). The partial dependence plot
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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 94 128 782 0.4
Predicted 36.7 0.2 36.5 36.2 339 7.8 16.2 60.2 0.3

Figure 13. The RF-predicted distribution of Mn nodules minside block G77.

values were selected based on the minimum possible correFable 6. The estimated amount of metal mass for ve metals, based
lation among them. on the average values of metal content inside CCZ and a ve-metal
HCL-leach recovery method (Volkmann, 2015).

4.3.5 Estimation of abundance (kg m2) of Mn nodules

Total wet mass (t): 270400

The predicted Mn-nodule distribution was combine_d with the_ Total dry mass (t): 189,280
abundance from box corer data (and corrected with the ratio
of buried to unburied Mn nodules, in order to include the top ~ Metal content Mn N Cu Co Mo

15 cm of the sediment), resulting in the Mn nodules’ abun- w9 2668 1.31 1.11 0.22 0.06
dance map shown in Fig. 15. According to this map, block  Equal to (t) 50500 2480 2101 416 113
G77 is a promising area for mining operations. The entire 90 % metal 45450 2232 1891 374 102
block is above the cutoff abundance of 5kgfUNOET, recovery (t)

1987), with a mean value of 33.8 kg rh We calculated that
84 % of block G77 has slopes below; 3teeper slopes are lo-
cated mainly at the outer parts of the block, a fact that wouldpn nodules that can be extracted from the surface and the
ease establishing an ideal mining path. In this respect, theyst 15 cm of the sediment column amounts to ca. 190 000t.
AUV scale mapping provides vital information for a poten- | 3 back-of-the-envelope calculation this quantity — assum-
tial mining path by decreasing the possibility of machine fail- jng constant metal content inside the study area, equal to the
ure due to poorly mapped steep slopes not detected by, e.gaverage metal concentrations inside the CCZ (Table 6) (Volk-
ship-based bathymetry (Peukert et al., 2018b). Mn-nodulemann, 2015), and 90 % metal recovery ef ciency — could re-
distribution maps with this resolution increase the mining ef- it in an estimated resource haul of 45450t Mn, 2232t Ni,

ciency because local deposit variations can signi cantly af- 1891t Cu, 374t Co, and 102t Mo (Table 6).
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 inthg Discussion

sea oor (Chung, 1996). The exclusion of areas with slopes

>3 resulted in 8 kr minable sea oor surface. Assuming a We present a case study that highlights the applicability of
constant 80 % collection ef ciency (Volkmann and Lehnen, the combination of AUV bathymetric and optical data for
2018) and a 30 % reduction in the Mn-nodule weight by the Mn-nodule resource modeling using RF machine learning.
removal of water (Das and Anand, 2017), the dry mass ofThe use of AUVs for collecting hydroacoustic and optical
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Figure 14. (a) The variable importance of each predictor in the RF ma@eIThe 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 stugpde
block G77 (continuous values of abundance are not given due to con dentiality).

data in areas of scienti c and commercial interest can pro-obtained images and can affect the derived number of Mn
vide more precise bathymetric and Mn-nodule distribution nodules m?2 .

maps. Regarding the bathymetric maps, the accurate and de- Inside block G77, the number of Mn nodules frseems
tailed reconstruction of the sea oor bathymetry at meter-to follow a normal distribution without extreme outliers and
scale resolution enables to use bathymetry and its derivawithout being linearly correlated with the predictor variables
tives as source data layers within a high-resolution RF modelused. Spatially, a clumped autocorrelated pattern is demon-
These data should have high-quality characteristics, as thstrated, mainly with clustered areas of H—-H and L-L val-
presence of acquisition artefacts may affect the robustness afes. It is still unclear if this heterogeneity is caused by ex-
the modeling procedure (Preston, 2009; Herkdl et al., 2017)ternal processes (e.g., topographic characteristics, geochem-
The combined use of cameras as the DeepSurveyCameieal conditions, or the availability of nucleus material) or if
(Kwasnitschka et al., 2016) for acquiring high-resolution it results from the interaction of neighboring Mn nodules.
photographs and an automated analysis with a state-of-théFhe areas with a higher number of Mn nodules could pro-
art algorithm (Schoening et al., 2017a) provide essentiaivide more fragments as potential nucleus material. However,
gquantitative information about the distribution of Mn nod- the less available space in these areas may make individ-
ules. Image analysis results are more robust for constantal Mn-nodule growth more dif cult, resulting in smaller
AUV altitudes (7—9 m) above at areas (<B while the al- median sizes. Conversely, a recent study from Kuhn and
ternation of the ying altitude and camera orientation during Rathke (2017) showed that the blanketing of the Mn nodules
the ascending and descending phases limits the quality of they sediments is higher for larger Mn nodules and, as a re-
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sult, fewer large nodules will be counted, resulting in biasedoptic data and RF modeling. The RF modeling takes ad-
results in areas where the Mn nodules are bigger. Probablyantage of the multilayer information (here: hydroacoustic
all of these effects can happen at the same time (with differ-and optical data), handling their complex relationships effec-
ent degrees of in uence), promoting a given, scale-dependentively while being resistant to over tting (Breiman, 2001a).
spatial structure. Moreover, the randomization of the input training points in
This study did not consider the geochemical propertieseach tree in each run results in a completely different train-
of the sediments as input data in the modeling processing data set each time with mixed points from the entire
which might give additional clues as to why Mn nodules study area. This random selection and mixing of points is
are distributed as they are. However, RF importance andppropriate for clustered data, as it ignores their spatial lo-
partial dependence plots show that bathymetric and topoeations and consequently limits the in uence of spatial auto-
graphic factors tend to affect this distribution in a nonlinear correlation (Appendix B). Along these lines, several authors
way and with the bulk of data plotting in speci ¢ ranges of have included the values of latitude/longitude and even the
the bathymetric derivatives. Classic studies have shown thatMI values as predictor variables in order to increase the
the bathymetry and the variation in the topographic characimodel performance (e.g., Li, 2013; Li et al., 2011b, 2013).
teristics of the sea oor affects the sediment deposition en-RF has a high operational character due to its relatively sim-
vironment and bottom currents and thus also geochemicaple calibration, which does not request extensive data prepa-
processes in the sediment. All these factors determine Mntation/transformation or the need for geostatistical assump-
nodule growth and thus affect the distribution of Mn nodulestions (e.g., stationarity). The selection of the MGET toolbox
on regional scales (e.g., Craig, 1979; Sharma and Kodagal(;Roberts et al., 2010) further increased the simplicity of the
1993). It is still unknown how these properties in uence the work ow, as the RF modeling was performed entirely in-
Mn-nodule distribution on meter to tens of meter scales asside a graphic environment familiar to many geoscientists.
seen in our AUV data. The nonlinear relationship betweenAs RF model runs can be implemented inside various soft-
Mn nodules and bathymetry on such high-resolution scalesvare packages in future implementations of this work ow, it
only began to be investigated very recently (e.g., Peukert etvould be interesting to include the uncertainty for the asso-
al., 2018; Alevizos et al., 2018). To elaborate more on theciated predictions, e.g., with the use of the quantile regres-
hydrodynamic and geochemical reasons behind the observesion forests (Meinshausen, 2006) from the quantregForest R
distribution pattern, we would need more investigations atpackage (Meinshausen, 2012). However, this will increase
and in the sediment on the same scale. the computational time (Tung et al., 2014) and the simplic-
It should be acknowledged that the aim of any ML pre- ity of the procedure, especially if other recently proposed
dictive model is to derive accurate predictions based on amethodologies of estimating the uncertainty are used: the
existing (large) number of measurements to capture a comjackknife method (Wager et al., 2014), the Monte Carlo ap-
plex underlying relationship (e.g., nonlinear and multivari- proach (Coulston et al., 2016), and tHestatistics approach
ate) between different types of data, for which our theoreti-(Mentch and Hooker, 2016).
cal knowledge or conceptual understanding is still under de- Similarly to other studies (e.g., Cutler et al., 2007; Mil-
velopment (Schmueli, 2010; Lary et al., 2016). Especiallylard and Richardson, 2015), RF showed increased stability
due to the constantly increasing size of scienti ¢ multivari- in its performance, allowing a small number of iterations to
ate data in marine sciences and the existence of such nomompute suf cient results. The examination of the main two
linear relationships between predictor and response variablesining parametersnfree and mtry) showed that the model
(e.g., Zhi et al., 2014; Li et al., 2017), ML and RF are con- performance can be increased compared to default values.
sidered important analytic tools that can objectively revealHowever, the largest improvement results from using more
patterns of a (unknown) phenomenon (Genuer et al., 2017training data. In this respect, more photos would potentially
Kavenski et al., 2009; Lary et al., 2016). Such predictionsimprove the RF performance as no clear threshold was ob-
may be used to derive causalities or may drive the creatiorserved. Although the number of 11 276 photos seems to rep-
of new hypotheses. In other words, for a predictive model,resent a large data set, the heterogeneity of the distribution
the “unguided” data analyses come rst and the interpreta-and the occurrence of spatial clusters (patches) in different
tion follows (Breiman, 2001b; Schmueli, 2010; Obermeyer sizes and the inherent need of RF and ML in general for
and Emanuel, 2016). This “a priori” knowledge of the dis- big training data sets (van der Ploeg et al., 2014; Obermeyer
tribution of the Mn-nodule number and size on such a scaleand Emanuel, 2016) stresses the need for collecting more and
can contribute to the biological data survey planning, too.well-distributed data. The in uence of the number of training
Recent studies showed that the abundance and species rictlata for model performance still remains a discussion point
ness of nodule fauna inside the CCZ is affected by the abunbetween studies showing an improvement by adding more
dance of Mn nodules (Amon et al., 2016; Vanreusel et al.,data (e.g., Bishop, 2006) and other studies presenting stable
2016) as well as their size (Veillette et al., 2007). Thus, high-performance of the model even if more data are added (e.qg.,
priority areas (e.g., those with the highest commercial in-Zhu et al., 2012). The availability of more data, especially
terest) can be targeted for sampling based on the results of they are better distributed (i.e., data that will include the
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entire range of the number of Mn nodules fnand 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 o BNOET, 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 A3 RF predictive modeling (selection of predictor

variables)
Al Hydroacoustic data acquisition and post-processing

Correlation among the derivatives was checked by the Spear-
The calculation of the bathymetric derivatives was per-man's correlation coef cient (). This coef cient was pre-
formed with the SAGA GIS v6.3.0 Morphometry li- ferred due to the skewed distribution of the values in the
brary (http://www.saga-gis.org/saga_tool_doc/6.3.0/ta_derivatives. The majority of the possible pairs is uncorrelated
morphometry.html, last access: 6 December 2018). 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).

A2 Spatial statistics

Global Moran's | and local Moran's | 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 random|

o . The nine training samples with different sizes were created
distributed among the features in the study area. For the op: ’ . . .

. 2 . . . . y the MGET tool “Randomly Split Table into Training and
timal conceptualization of spatial relationships, the inverse

Euclidian distance method was selected, as it is appropriatt-ereStIng Records”. The spatial randomness of the procedure,

for modeling processes with continuous data in which thecomblned with the many available data, resulted in training

: . samples with similar descriptive statistics.
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 valuepthe
value andZ score are also provided. The local Moran's | in-
dicates statistically signi cant clusters and outliers for a 95 %
con dence level. The high number of observations 80)

that was used ensures the robustness of the indexes.

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

D S PI.C PrC TPI_B TPI_M TPI_F C TRI
D
S 0.07
PI.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 0.10 091 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 365 363 366 36,6 366 367 366 367 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
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Appendix B: Results same range for almost all tted values. Indeed, 99.3 % of the
o _ o residuals are inside the rangel5 and 81.2 % are inside the
B1 RF predictive modeling (calibration of the model) range 5 (Table B10). The presence of outliers is very lim-

o o ited without affecting the main statistical characteristics of
The descriptive statistics of the performance of each modelggjqyals (Table BY), indicating that the model adequately
were used as decision factors for the number of iterationsq e overwhelming majority of the observations (> 2165)

(Tables B1-BS5). In all cases, the mean value with very g only random variation (that exists in any real, natural
low standard error, very low standard deviation, range, andphenomenon) Of Noise can oceur.

the 95% con dence interval indicate a rather stable perfor-" the spatial autocorrelation analysis of the residuals using
mance, without the need for further iterations. the global Moran's index (same settings as Appendix A),
showed low spatial autocorrelatioh 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

t with the superimposed theoretical normal curve, with the °rginal data [ D 0:69890 and D 0:697747 for the entire

shape of the distribution being rather symmetrical. This factdata set and the 80% training data set, respectively). More-
is supported by the equal 5% trimmed mean and mediarPVe": the spatial autocorrelation of the 5% trimmed residuals

and the slightly different mode (Table B6). Similarly, the IS Only 0.093832. According to similar studies (i.e., regres-
visual inspection of the probability plot (Fig. B1) shows a Sion RF), the presence of spatial autocorrelation in the resid-

good match as a linear pattern is observed for the greateé{als of the model can result in underestimation of the true
part, with slight deviation existing only in the outer parts of Prediction error (Rult und Kruse, 2010). The presence of low
the curve. According to the box plot, there are only 21 mild spatial autocorrelation values in the residuals of regression
outliers (according to Hoaglin et al., 1986; Dawson, 2011), RF has been reported also by other authors (e.g., Mascaro et
which correspond to 0.18 % of the total observation. Thisal" 2014; Xu eF al., 2016),.and itis acommon problem in all
percentage is smaller than the 0.8 % threshold that has bedfi€ Well-established machine learning methods (e.g., random
suggested for normal disturbed data (Dawson, 2011).Th‘;f,orests,neural network, gradient boosting machines, and sup-

small values for skewness and kurtosis combined with thePOrt vector machines) when dealing with regression predic-
large sample size further support the normally distributegtions of spatial variables (Gilardi and Bengio, 2009; Ruf3 und

pattern of the data (Table B6). Especially for large data samXruse, 2010; Santibanez et al., 2015a, b). The spatial plotting

ples, measurements of skewness and kurtosis combined wifind visual examination of the residuals (Fig. B3) showed that

the visual inspection of histogram and probability plot are this sp_atlal_clustermg eX|st_s mainly mth_e small_subar_eab and

recommended ways of examining the normality (D'Agostino especially in the areas Whlch are associated ywth an increased

etal., 1990; Yaziki and Yolacan, 2007; Field, 2009; GhasemiSIoP€ (>3), where the AUV is forced to vary its altitude be-

and Zahediasl, 2012; Kim, 2013). tween the a}scending gnd descending phase_and consequently
The potential linear correlation between depth, bathymet-2ffects the image quality and the later modeling results.

ric derivatives, and the number of Mn nodules hwas in-

vestigated using the Spearman's rank correlation coef cient

(1) (Table B7) because of the skewed distribution and pres—rg production of the RF partial dependence plots show the

ence of extreme values in the depth and bathymetric derivayqnjinear character between the Mn nodules2rand the

tive values (Mukaka, 2012). bathymetric derivatives.

B1.1 Data exploration

The histogram of Mn nodules M (Fig. B1) shows a good

B1.3 RF importance

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 ¢ 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, aRd 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
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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 348 302 261 233 222 213 197 183 181
SE 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Median 348 303 261 232 222 213 197 183 181
Mode 347 303 261 232 222 213 197 183 181
SD 0.2 0.1 0.1 0.1 0.0 0.0 0.0 0.0 0.1

Minimum 345 301 259 232 221 212 196 182 18.1
Maximum 351 304 263 235 223 213 197 183 181
C.1. (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 titeece parameter, after 10 iterations with 80 % of the sample as
training data andntryD 3.

ntree: 100 200 300 400 500 600 700 800 900 1000
Mean 188 184 183 183 183 182 182 182 182 182
SE 060 00 00O 00O o00 ©00 00 00 o00 0.0
Median 188 184 183 183 183 182 182 182 182 182
Mode 188 184 183 183 183 182 182 182 182 182
SD 61 01 01 01 00 01 01 01 o00 0.0

Minimum 185 184 18.2 182 182 181 181 18.1 181 18.1
Maximum 189 185 185 184 183 183 183 183 182 182
C.1. (95.0%) 0.1 00 01 0.0 0.0 0.0 0.0 0.0 0.0 0.0

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

mtry: 1 2 3 4 5 6 7

Mean 234 193 182 179 177 176 176
SE 00 00 0.0 0.0 0.0 0.0 0.0
Median 234 193 182 179 177 176 176
Mode 234 193 182 179 177 176 176
SD 0.0 0.1 0.1 0.1 00 00 00

Minimum 233 191 181 178 176 175 17.6
Maximum 235 194 183 179 177 177 17.7
C.1. (95.0%) 00 01 00 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.l. (95 %)
Optimum RF 176 0.0 17.6 176 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 TRl TPI_F C S PLC PrC

Mean 80.1 63.6 46.7 36.1 245 197 120 2.6 2.4
SE 0.1 0.1 0.1 0.0 00 00 00 00 00

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 02 02 00 0.0

Minimum 79.1 62.6 45.0 35.7 19.2 192 117 2.5 2.3
Maximum 80.8 64.9 47.7 36.4 201 201 124 26 2.5
C.I. (95.0%) 0.1 0.2 02 01 01 01 0.1 0.0 0.0

Figure B1. (a)Histogram of Mn nodules m? with the superimposed normal cun{b) The normal probability plot of Mn nodules . (c)
The box plot of Mn nodules m2.

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

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

Mn nodules m 2 36.6 36.4 36.4 39 92 6.8 782 0.1 0.4

Table B7. The Spearman's rank correlation coef cient between Mn noduled rmepth, and bathymetric derivatives.

Depth Slope TRI PL.C Pr.C TPILB TPILM TPIF C.I(95.0%)
0.38 0.08 0.07 003 004  0.29 024  0.05 0.14
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Figure B2. Scatterplot between residuals and predicted values.

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

Pearson Spearman R?

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 44
5% trimmed 0.2 01 0.2 0.6 29
residuals

Table B10.Residuals range.

Residuals range 20 15 10 5
% of residuals 99.8 99.3 96.1 81.2

Biogeosciences, 15, 7347-7377, 2018
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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 variablesy Eixés represents the number of Mn nodulesfand 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 | 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 n?) [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 P8], 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 [  37-40Q.
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 | [ 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 [ 46-4§]. 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) p5] 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 ¢) during research
cruise SO242-117]. 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 a2 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 Al).

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



Minerals 2021, 11, 1172

50f33

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 gridshavea3m 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) B5]. 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 P2-94]. 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 #
Deviation from Mean Depth DFMD Focal statistics #
Slope S Zevenbergen and Thorne, 1987 4 [95]
Northness N Olaya, 2009 2 [96]
Eastness E Olaya, 2009 2
Pro le Curvature PrC Zevenbergen and Thorne, 1987 4
Plan Curvature PIC Zevenbergen and Thorne, 1987 4
Terrain Surface Convexity TSC Iwahashi and Pike, 2006 # [85]
Vector Ruggedness Measure VRM Sappington et al., 2007 £ [97]
Bathymetric Position Index BPI Weiss, 2000 P8, Wilson et al., 2007 2 [99]
Backscatter BS Focal statistics #
Backscatter SD BSSD Focal statistics #
Backscatter Local Moran BSLM Anselin, 1995 = [16]
Backscatter Entropy BSE Haralick et al. 1973 ** [100]

*1 SAGA GIS [101], # Benthic Terrain Modeler [102], *® raster package [103], * 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
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 [7,8,11(. 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

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 | [ 16]. The local Moran's |
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) [7,48,12(. 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 [ 127 R package. Ina
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 | 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].



Minerals 2021, 11, 1172 9 of 33

Figure 3. (a) Systematic spatial block CV data assignment, consisting of 10 spatial blocks with equally sized sub-areas
(2km 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 kn?. (al,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 | value at varying distances; the Moran's | 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 km?), 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, CIuCV = 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 | 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 | 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.



Minerals 2021, 11, 1172

12 of 33

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<22 10 16 0.537 large
Bathymetric Position Index (BPI1100_300) p<22 10 16 0.346 moderate

Northness (N) p<22 10 16 0.273 small

Mean Depth (MD) p<22 10 16 0.269 small

Backscatter Local Moran (BSLM) p<22 10 16 0.216 small

Bathymetric Position Index (BP130_100) p<22 10 16 0.149 small

Plan Curvature (PIC) p<22 10 16 0.133 small

Terrain Surface Convexity (TSC) p<22 10 16 0.117 small

Eastness (E) p<22 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=1.437 106 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 (BPIO_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, BP1100_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, BPI1100_300, E, BSSD, and BPIO_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 wasR? = 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
R? =0.19and R? = 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 ¢ 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 (0]0]=] 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 itis 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 (R? = 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 [ 131,137.

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 curve139 (blue line) shows the
difference between a complex ML algorithm and a simpler non-parametric regression model [ 127.
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 BP1100_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
BPIO_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 (BP1100_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 | 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 minterval.



Minerals 2021, 11, 1172

17 of 33

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 BPIO_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 BPIO_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 | can contribute in three ways:

(a) Local Moran's | 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 | 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 | 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 [ 18,137,13§. In this respect,
the local Moran's | 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 [ 17,19-21,23,24,139,14(, 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 mostimportant
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 19).
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[ 156157]. 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 P3,141]. 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 nhodules 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 A1l. 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 (S0242-1_135_OFOSO06) 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, BP1100_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 BP1100_300.
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Check for
updates

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 kmn

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



(Kuhn et al., 2017 Hein et al., 2020. Within the
Clarion—Clipperton fracture zone (CCFZ) in the
eastern equatorial Pacic Ocean, nodule abun-
dances are typically 10-15 kg m

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

2016 Van-
reusel et al.,2016 Simon-Lled6 et al., 20193 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 & Ru 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 m

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-Lledd et al., 20193b; 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 & Ru 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-



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 & Diesing2014 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
(GAMSs), 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, 2001y 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 efciency (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 ¢ 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



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 krn

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. ), 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. ). 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. ). Based on the box corer samples re-
trieved from the central part (Haeckel & Linke,
2021), the seaoor 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. ). The sediment had an in-
creased water content (55.63-72.28%) and bulk
density of 1.35t m 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 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

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. ). 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. ). Lower nodule coverage and
smaller nodules were observed here (Supplementary
Fig. ). The main crater was 50-60 m deep (Sup-
plementary Fig. ). 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. ). 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-



2019

tion of faulting and carbonate dissolution (Mayer,
198% 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

2023

2020

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



deep-sea troughs have been mapped in the past in
CCFZ (Mayer, 198J). 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, 200Q
Sharma,2017 Lietal., 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. ). They had sharp walls (locally steeper than
60 ) with layered consolidated sediments (Supple-
mentary Fig. ). Pits existed along all the main
horsts within the broader study area, having varying
depths and sizes (Supplementary Fig. ). 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).
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METHODOLOGY
MBES Data Acquisition and Post-Processing

The used HUGIN 6000 AUV was equipped
with a Kongsberg EM2040 MKIl operating at
400 kHz, with beam opening angles of 0.79 0.7.
The swath opening angle was 12Q 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 NavlLab
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
Itering (Calder & Mayer, 2003, and manual re-
moval of erroneous soundings. The generated
bathymetric grid was exported as GeoTIFF with
2m9 2 m cell size in Universal Transverse Mer-
cator coordinates zone 10N (hereafter UTM 10N).
The absence of navigational drift was conrmed
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
with2 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 m9 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 (
4509 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 ) or was perfectly corre-
lated (



1995 2022
1987 2018
1987
1987
2007
2007
2009
1995
2007
2007
2007
2007
2007
1995
). The maximum correlation the H
was among the ARA outputs. Because the ARA 2021 Kuhn

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 (40969 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

), 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

& Ru'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



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.,202]). 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

Orthophoto-Mosaics and Image-Derived Digital
Elevation Models

The seaoor 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 (Ko'ser et al., 2021), which removes lighting
artifacts and illumination cones (Supplementary
Fig. ). 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 |-
tering, DEM calculation, and orthophoto mosaic
reconstruction). The orthophoto-mosaics and DEMs
were exported as GeoTIFF grids with 2 mm9 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 stratied 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:

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 (Btihimann & 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,



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, 20018. 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 (Gunther & Fritsch, 2010 R
package to develop an NNM that uses resilient
backpropagation with weight backtracking (a.k.a.,
rprop + ; Riedmiller & Braun, 2003 Riedmiller,
19949).

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

number of boosting iterations (Supplementary
Table ). GAM tuning included the number of
boosting iterations and the degrees of freedom in P-
splines (Supplementary Table ). RFM tuning in-
cluded the number of predictor variables randomly
sampled at each node split, the split rule and the
minimum node size (Supplementary Tables - ).
SVM tuning optimized the kernel type, polynomial
degree, scale and cost hyperparameters (Supple-
mentary Tables — ). The number of hidden lay-
ers, neurons and activation functions were optimized
in NNM (Supplementary Tables - ). 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, 202)). In RFM, the average permutation
variable importance from all trees was used (Brei-
man, 20013. In SVM, there is no model-speci ¢ way
to calculate the importance. Instead, we used a
permutation approach, where the prediction error
was measured before and after shufing 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 itis 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



spatially autocorrelated data (Roberts et al., 2017
Meyer et al.,, 2018 Ploton et al., 202Q 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 (

2021). Three different
numbers of non-overlapping spatial folds were cre-
ated and compared: 19 1 km (28 blocks), 39 3 km
(5 blocks) and 59 5 km (2 blocks; Supplementary
Fig. ).

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.,, 20249 R package, which implements the
abovementioned method proposed by Meyer and
Pebesma @022. 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,
2027). 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 Figure

RESULTS
CV Block Size

The incremental Moran Index analysis showed
that nodule coverage was spatially autocorrelated,
particularly in distances< 1 km (Moran | statis-
tic> 0.5,

). 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 39 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 R

2).

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



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 ). 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. ).

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



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. ). The CV residuals from all
models had weak spatial autocorrelation and were
normally distributed (Supplementary Fig. ).
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



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. ). All models had similar

AOA, with marginal differences to occur locally
(Supplementary Fig. ). 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).



Variable Importance and ML Interpretation important predictors for the spatial distribution of
nodule coverage (Fig.8). BS and ARA_FM ranked
The variable importance calculation showed in the two rst positions in all models. The swapping

that BS, ARA FM and SSS were the three most between rst and second played among the models
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was probably due to the correlation (

). 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
( )

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 (Figs9,
10, Supplementary Table ).

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



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 BP1100_300 showed
that the nodule coverage was higher where BPI
values were around O, 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 arather detailed 2-m pixel size, PrC, PIC, 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 km

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 (Figs5, 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



periodically interrupted by tidal currents (NW and
SE) and sporadic by short-in-time benthic storms (6—
15 cm/s), which are heading SE (Hayes1979 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-



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 ( 3cm's

1992 Yamazaki &
Sharma, 200Q 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
intensied or deected bottom currents (Sko-
rnyakova & Murdmaa, 1992 von Stackelberg,1997
Volz et al.,, 2018. The studies mentioned above
showed that even small height differences ok 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. ). 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.,
2019¢ 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-



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 ). 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 (0.79 0.7),
which resulted in a small footprint size
(0.73 m9 0.73 m in nadir on a at seaoor) 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-
guencies (e.g., 100-600 kHz) and pulse lengths (e.qg.,
| 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
20208 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 Herkul et al., 2017
Li et al.,, 2017 Fernandez-Delgado et al., 2019.
RFM is currently the “workhorse” in deep-sea
predictive mapping (Lawson et al., 2017, Gazis et al.,
2018 Diesing, 2020 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, 20013. The non-tree-based
core of the other four models (i.e., linear, penalized
B-splines, 3

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.202J). In addi-
tion, NNM is more sensitive to hyperparameter
optimization than GLM, GAM, and RFM (Supple-
mentary Tables — ). 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 - ), a nding which agrees with previous



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.,202Q 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 (Mila et al., 2022, and spatial covariance
weighting (Misiuk & Brown, 2023 because of da-
taset size and survey layout (Figs.1l, 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 R

2022. However, we pre-
ferred the local R

) 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, 20203 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 specic 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, 2001k 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.



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 astab0 m x 50 m grid cell size (Gazis 202Bprallel NS
oriented horst and graben structures dominate the seafleveral pits of varying depths and sizes exist along the
horst structures. The contours have a 25 m intefa black polygon indicatdhe studyarea with available AUV
based bathymetry



Figure S2. a)AUV MBES bathymetry of the study area with indicated boxer and gravity corer sampling locations

The boxcorer photo from the central part shows yellowtstibrownish clay on the seafloor surface and mediom

large sizenodules A detailed description of the box and gravity corexsts inHaeckel and Linke (2021T.he grid

cell size is 2 m x 2 m; contours have 1 m intesv@ihe background bathymetry is from shigsed MBES data at a

grid cell size of 50 m x 50 nfGazis 2020)b) The bathymetric profile along the NEW axis shows the wide-U

shaped valley at the centre of the study area, which is the deepesttparardac ) 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.



Figure S3.Mounds of sediment accumulation without nodules on top (i.e., tumuli) caused by bioturaptidtn
high nodule coverage of large nodulb}with low nodule coverage of small nodules advithin hardsubstrate.
The location of each imadse given in Figure 3.



Figure $4. Seafloor images from the northeastb) southeast, and) 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 relatéala lower nodule coverage. The location of each image is given in
Figure . The AUV altitude is higher in image Kevertleless, the lower nodule coverage is still distinbaide.
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Figure S5.Color-normalized orthgphotomosaic of the seafloor at the outer edgef at the southeast part of the
study area. Steep walls and layered consolidated sediments are present. The location is given & Figure S

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 frequerithalpecentof unique

values shows the number of unique esldivided by the total number of samples (times 100). The recommended
criteria for frequency ratio (95/5) and percent of unique valg&8)(were used for the analysis (Kuhn 2022). Both
criteria must apply to flag a derivative as a zeadance predictor

MBES & SSSderivatives Abbreviation Frequency | Percent of unique | zerovariance
ratio values 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 PIC 1.50 99.43 FALSE
Vector Ruggedness Measure VRM 1.00 98.48 FALSE

Bathymetric Position Index
Fine Scale BPIO_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
SSSbhackscatter

SSS backscatter SSS 1.10 58.48 FALSE
SSS backscatter Local Moran SSS_LM 1.00 99.25 FALSE




Figure S6. Pearson's produchoment correlation among the used derivatives. The derivative acronyms are provided
in TableS1.



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-house software Image Normalization (Késer et al. 2021). The location is given

in Figure S2.



Table S2. GLM hyperparameter optimization: The mstop restricts the number of boosting iterations to avoid
RYHU,; WWLQJ OD\U DQG +RIQHU , W L \bodstihy alg@ith@s Witls dldéEaliyedP HW HU |
linear model as the base learner.

ORGHO PVWRS 5 VSDWLE

*/0

Table S3.GAM hyperparameter joint optimization: Three mstop and dfbase values were tuned. Theddfiveese

the degrees of freedom and the smoothness of the addisiplnés 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 modelbased 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 oscillaticaround 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 Occarazor 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 Rsplines of 4 degrees of freedom. This model scheme is also recmi®dchas a good overall solution
(Hofner et al. 2014).

ORGHO PVWRS GIEDVH 5 VSDWLE

*$O

Table S4 RFM hyperparameter optimization: Thery defines the number of predictor variables randomly sampled

as candidates at each node split (Liaw and Wiener, 2002). The rasaohopting was done without replacement to
reduce the bias in variable important rargkand correlation among trees (Strobl et al. 2007) nTthehyperparameter

is one of the most critical factors regarding predictive power, computational time, model bias, and variable importance
(Probst et al. 2019a). The higher timéry value, the highethe correlation between trees (bias) and computational
time. Largemtry 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. 2019kppfirham value here is equal to the
default value for regression [rounded down (predictor variables/3)]; Liaw and Wiener 2002).

ORGHO PWU\ 5 VSDWLE

5)0

Table S5.RFM hyperparameter optimization: Th@n.node.sizelefines 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.a&019b). Computational time increases exponentially with smaller values (Probst et al.
2019b). Fivemin.node.siz&alues were tested. The value in brackets corresponds to the percentage of observations
kept from the total training sample. In all runs, tiuenber 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). Theariance reductior{Breiman 2001) anéxtra tress(Guerts et al. 2006) methods were compared

as a split criterion. Theariance reduction(default for regression) was preferred as it had a better predictive
performance (Rriancd=0.62 and Rxrattree3=0.60).

ORGHO PWU\ PLQ QRGH S5 VSDWLD

5)0

7TDEOH660 K\SHUSDUDPHWHU MRLQW RSWLPL]DWLRQ 7KUHH NHUQHO W\St
GHILQHVY WKH K\SHUSODERHNQUERQDOWISH KHIJRKH & Y\D@EXUHI E R @ WERIRONDW K
EHWZHHQ WKH K\SHUSOWRQH/ D@DUIKHISKR YW OXHHY SHQDOL]H WKH HUURU PR
SURQH WR RYHUILWWLQJ .DUDW]JRJORX HW DO

ORGHO NHUQHOQ & 5 VSDWLO
OLQHDU
SRO\QRPL
UDGLDO ED
OLQHDU
690 SRO\QRP/I
UDGLDO ED
OLQHDU
SRO\QRPI
UDGLDO ED

Table S7.SVM hyperparameter joint optimization of a polynomial kernel. The three different valudegfiae, scale
and Cwere jointly tunedThe degreedefines the polynomial degree, and Hualedefines the polynomial scaling
factor (Karatzoglou et al. 2004). 3-degree polynomial gave the best 8VM had the biggest improvement during
the hyperparanter optimization (Rmin= 0.16 and Rna= 0.59)compared to all other modebs findingwhich agrees
with previous comparative studies (Probst et al. 2019a).

ORGHO GHJUHFE VFEFDOH & 5 VSDWL

690




7DEOHL60 K\SHUSDUDPHWHU MRLQMP R W LR LODDHEK LVRIDARVR W B W L BQV W& AW LR C
ILUVW KLGTHQ QOHX\BRQ RU QHOHURRN RUHFAHLUIKAMWH® YDOXHV IURP WKH LQS
FRQVWDQW YDOXH WRDWX\QFLWWR QVIKFHURFW LWBM K\SHUSODQH IRU RSWLPXF
LI QRGHV ZLWK ]HURG LRISKWHVFHA VWIVRY MREK LA EW LIRQHQWLDEOHUHQX ORJL
D QUG W U R G XORLH)\H QR IQW \ L QOVCRR WIKQH) ARG W® ®HDUQ FRPSOH[ UHODWLRQVKLS

KLGGHQ O $SFWLYD
ORGHO QXPEHU RI )XQFWL| 5 VSDWL
ORJLVL
ORJLVL
ORJLVL
WDQK
110 WD QK
WDQK
UHOX
UHOX
UHOX

7DEOH160 K\SHUSDUDPHWHU MRLQW R S@H RUFMRANLRIEG VR | WHFHR @& FOEH® \RK L U
OD\AKH KLJKHU WKH QXPEHU RI KLGGHQ OD\HUV DQG QHXURQV SHU KLGG
EXW SURQH WR RYHUILWWL\®H S PPLRXFH V S/BISL PW R FWWR SWWK KH WRBIGQ L QJ
WKUHVKROG IRU WHW FSIDW WH HJ GRIU U XRWWY R @ BW LW\D R/'$ RIQFTHIXETBWBR QL R Q
ZHUH NHSW FRQVWDDQMG MRIHVWLF UHVSHFWLYHO\ ,Q WKLV VWXG\ WKH
OD\HUV GLG QRW IXUWKHU IQFSIRREYHO WWUHD P Q G®I.D [5QHE) HRUIPGX X WU RQ X\ RRS
JHQHUDOL]DWLRQ DELOLW\ W\SLFDOO\ RIIHUHG E\ VLPSOHU PRGHOV %H\
WKH VLPSOHVW PRGHO FRQVLGHULQJ WKH PRCBRZERBE SXFHLRVV DJPGRAR 8B b
PRGHO LQWHUSUHWDELOLW)\ 9O GHONHEWAKKRSW LK R®\SHUSITUDPHWHU Y
WLPHV VKRZLQJ VWDEOH SHUIRUPDQFH

KLGGHQ | KLGGHQ | KLGGHQ
QXPEHU QXPEHU QXPEHU 5
ORGHO  QHXUR QHXUR QHXUR|{ VSDWLI
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Figure S8. a) Moran Index values at distances from 100 to 5100 m, with a step of 200m. A L&diREhemwith a
0.95 confidence interval has been plotted through the index vadirggthe R ggplot2 packageé/ickham 2018. b)
Spatialblock configuration for different block dimensions. THgatialblocks where dataxist correspond tdhe
spatialCV folds used during model training and evaluation.
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Figure S8.Schematic flowchart ahis study's main methodological and modelling stépem 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. | 1stQu.| Median Mean | 39Qu. | 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 30. Maps of thepredicted nodule coverage value rangencerninghe (minmax) range of training data
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Figure S11. Density distributiomplotsof predictorsfrom the study area (blue) and the training data set (red).
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Figure S12. a) Histograms and superimposed normal density distribution for the residuals of eachbhdttmian
Index (Moran 1) values for the residuals of each model.
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Figure S13. Maps of the AOA spatial distribution for each model. The AOArisvidedin bracketsas apercenage
of the total area.
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Table S11. R? for each CV spatial block of each model.

CV spatial block | GLM | GAM | RFM | SVM | NNM
1 049 | 054 | 0.53 | 0.51 | 0.48

2 0.64 | 067 | 0.68 | 0.64 | 0.57

3 065 | 071 | 0.77 | 0.75 | 0.74

4 0.84 | 085 | 084 | 0.82 | 0.79

5 0.27 | 023 | 0.25 | 0.22 | 0.25

mean 058 | 060 | 0.62 | 059 | 0.57
median 0.64 | 067 | 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 tlather spatial blockased for training.

CcVv # of samples in each | # of samples iffremaining)
spatial block| validation spatial block| training spatial blocks
1 7664 17456
2 3930 21190
3 6495 18625
4 4378 20742
5 2653 22467

Table S13. Pearson's produchoment correlation between the numbertrafining samplesused in each model
iterationandR?in eachtestspatial 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.&RPSDULVRQ EBWZHHRBDREBRO KX WHOIW D

ORG

/REDO VSDV

*OREDO VSD

*/0

*$0

5)0

690

110

Table S15. Adjusted R for each model based on the different subsets of predictors

Geomorphological Geomorphological Geomorphological Difference
predictors only | Predictors + SSS| Predictors, SSS + (C-A)
(A) (B) MBES backscatte
(©)
GLM 0.43 061 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 imagederived VRM surfaces without outliers. The Wilcoxon rank sum test showed that
there is a significant difference between the two dataset® (@5«
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A deep-sea (4500 m) trial of a pre-proto type polymetallic nodule collector

with independent scienti
behind the collector channeled through steeper sea

¢ monitoring revealed that a gravity current formed
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
reaching background concentr ations at 50 m. Rapid particle

ns at 1 m monitoring altitude and
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

3cmand a

minimum erosional depth of 5cm.

Almost 150 years after the rst deep-sea polymetallic nodules (here-
after nodules) were recovered during the HMS Challenger expedition
(1872-1876)", 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)? 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 °. They are
embedded on the surface of ocean  oor siliceous clays, typically
between 3500 m and 6500 m water depth **. 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
1960s". The surge of green, digital, and decarbonising technologies has
increased this interest in the last two decades “. Mandated through the
United Nations Convention on the Law of the Sea °, the International
Seabed Authority (ISA) is currently draughting the parts of the Mining
Code® 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 ’. 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 ~ *°.
Herein, the most detailed, up-to-date in situ view of deep-sea
plume monitoring using hydroacoustic and optic sensors is presented.
The Patania Il 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 *'”. 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 *®. The 4 m wide hydraulic nodule collector head uses water
jets to lift the nodules (Coand  Effect)*, thereby also mobilising the
topmost bioactive layer of the sea  oor with its epi- and endofauna as
well as its microbial communities *°. 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 2.5-3.2m above the sea oor'"*. 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+ 3kgs ' of sediment .
Independent scienti ¢ monitoring of the plume dispersion and
benthic ecosystem disturbance was conducted in the framework of the
third-party-funded Mininglmpact 2 project ' of the European Joint
Programming Initiative entitled Healthy and Productive Seas and
Oceans® using the MV Island Pride % 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 121316192529,
Many of the monitoring platforms and sensor settings had already
been tested during a dredge disturbance experiment in the CCZ  *2 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  *°
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 5km) from the
impact site >. The optical backscatter sensors (OBS) for measuring
concentration (mg L %) 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 kn®. It picked up nodules along 171 lanes, each 50 m long and 4 m
wide, resulting in a total mined area of 0.034km 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
5cm 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 264mgL St at 1 m altitude (NIOZ_PFM-06;
Fig. 3). This was four orders of magnitude above the measured back-
ground level of 0.02 —0.03mg L %, but returned to ambient values after
14 h (Supplementary Figs. S2, S3). Atthe 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 1m 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  *. This
would, however, demand current velocities >30cms S 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 ~ 2%%+2,

We consider a more likely explanation is that the massive fallout
of aggregated sediments within the gravity ow* (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 sands®*°.
Results from laboratory studies of aggregated plume sediments from
the study site ?* using the approach of Thomsen & Gust ' revealed that
bedload transport generated ripples began to form at a critical shear
stress of 0.04 N'm ¥ and resuspension of recently settled plume sedi-
ments starts at 0.1 N m ¥ (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 L 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 5min 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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Fig. 1 | The three mining lanes and the sea oor morphology of the nodule

impact site. a Global map ® 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) . 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) . Exclusive Economic Zones®” are shown in
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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. ¢ 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).

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 (<5m 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 3.9mgL S 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 5m 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 0.1mgL 5. 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 L% 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 (<5m altitude) and denser (up to
35mg L% at 1 m altitude) part of the plume moved towards the E, the
upper part (with a maximum concentration of 3.2mgL ' 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 S'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  *,
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-43 shows the succession of
the rst two plume episodes at <1m altitude (see Online Video
Content).
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Fig. 2 | Orthophoto-mosaics obtained at a depth of 4500 m show the mining
imprintsonthesea  oor. a Orthophoto-mosaic with 2 mm x 2 mm pixel resolution
from part of the second mining strip (Fig.  1b), showing the nodule collector
imprintsonthe sea ooras mining lanes, the “lightbulb ” turns, and nodule piles. b A
sea anemone (Actiniaria )*¢, a benthic animal capable of cleaning itself from
sediment ®, is shown as an example of the resolution achieved. ¢, d Orthophoto-
mosaic of the same sea oor part before ( ¢) 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 5mxW 2mxH 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 x 5 mm. A three-dimensional orthophoto-mosaic of this area is also shown in
Supplementary Fig. S1.

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) ¥ 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 s5p) of the top 5cm of the sea  oor sediment is
0.012 mm™, the plume D s, 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 2% the rst (D ,s) and third quantile (D 7s) ranged
from 0.061 mm to 0.313mm (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 **. Such rates resulted in short residence times
within a 2-3m high plume of 30 — 45 min, with more than 80 % of alll
aggregated particles settled by then *°. If these particles settle within
the rst500 m away from the nodule collector, the corresponding ow
velocity of the gravity current would be 0.15ms™ for the D 5o and
0.2ms* for larger particles D 5o - D7s. These values are close to the

discharge buoyancy velocity of ~ 0.21 m s mentioned in the near- eld
study ®°. 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 s® 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 ona 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 cm***?, 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 500m SE
downslope (along the gravity current propagation path), AUV and
ROV sea oor images also showed substantial sediment blanketing
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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 image’ showing the plume heading
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perpendicular to mining lanes. The sensor shown (Micropro ler)?is 80cmin
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 0.03mg L S 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  "°. 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, 5m, and 10 m altitude at NIOZ_PFM-04. The
measurements at 5m and 10 m altitude had to last shorter to facilitate the far-
survey. The locations of Figs. 4 and 5 are also noted.

eld

(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 (seéMethods "). 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 —6m 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. 4 | Formation of ripples downstream and downslope from the rst model (DEM) after the mining trial. The depth of sediment erosion behind the

mining strip.a  Orthophoto-mosaic of sea  oor part downslope from the end of the
rst mining strip before the mining trial. b The same sea oor part after the mining

trial. The formation of ripples heading towards the East (downslope direction) is

depicted. c, d Topographic pro les based on the image-derived digital elevation

nodule ( c) and the ripple ’s lee side are shown (d). The ripple geometry (stoss side,
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 .

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? (Fig. 10).
Estimating conservatively the total volume of mobilised sediment to
be 1700 m? (8500 m of collector lanes, 4 m collector width, 0.05m
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?, an average cov-
erage thickness of 0.2mm is hypothesised (assuming sediment
density equal to that of the undisturbed top 0 -5 cm layer) *". 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 withinthe st 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
studies“**?, 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°) ?°. 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 #**%* and eld studies with nodule collectors #%*, deep-
sea epi-benthic sledges*>***¢, ROV-induced plumes **, trawling gear in
muddy sediments “°*" and redeposition models derived from those
tests™*?%“8, Similarly, empirical power-law shape functions have been
reported to describe the sediment concentration decay in low-
concentration plumes under currents “°*°, deep-sea hydrothermal
plumes > and plumes generated by towed  shing gear*®*’. 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 2, 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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Fig. 5 | Multibeam echosounder water-column backscatter data 500 m SE of the
impact site. a —d Time-series plot of the multibeam echosounder (MBES) water-
column backscatter data 500 m SE from the impact site, showing the evolution of
the benthic sediment plume s lower part (<5 m), corresponding to the rst mining
strip. The sea oor topography blocked further eastward propagation, and the
plume spread laterally. The time (in UTC) corresponds to the start of each MBES

le. The sea oor vertical exaggeration is x 9.

(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 2°°**. 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 ~ ow**°. The required time forthe 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

concentrations of suspended particulate matter observed. a
pended particulate matter (SPM) concentration recorded by optical backscatter
sensors (OBS) at successive distances (from 180 m to 1800 m) and times (19 to 22
April 2021) in the SE direction from the impact site. The maximum values from the

OBS on the following platforms were used: JUB_PFM-01 and NIOZ_PFM-03 at 180 m
(n=3), NIOZ_PFM-04, RBINS_PFM-01, GMR_PFM-43 and RBINS_PFM-02 at 500 m
(n=4), GMR_PFM-47, NIOZ_PFM-02 and GMR_PFM-48 at 1 knm (= 3), and
NIOZ_PFM-01 at 1.8 km ( =1). The sensors locations are given in Fig. 3, and their
time series data in Supplementary Fig. S2. When more than one OBS were available,
the averaged maximum value was calculated and plotted (blue circle). The vertical

bars represent the highest and lowest maximum values measured,; this variability is

due to the different locations across the longitudinal axis at the same distance from

the impact site. b The averaged maximum SPM concentration recorded by the two
(n=2) OBS mounted on the autonomous underwater vehicle (AUV) at successive
altitudes (from 5 m to 50 m) and times (19 to 20 April 2021) while circling ata 500 m
distance around the impact site. As two OBS were available at all altitudes (  n=2),
the average maximum value was calculated and plotted (blue circle). The vertical

bars represent the highest and lowest maximum values measured,; this variability is

due to a) different mounted locations on AUV and looking directions (forward and
upward). For a detailed comparison, see Supplementary Fig. S11.

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 °°™°. The
MBES frequency and settings used  could not detect the plume during
the far- eld AUV survey, where the concentration was 0.1 mgL% at
5m 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
(7001400 kHz) and sea oor platforms with forward-looking ~ *° or 360°
rotating MBES ®°, would close the gap towards a 3D mapping of the
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Fig. 7 | Acoustic doppler current pro lers recorded the benthic

sediment plume. a , b Water-column backscatter data from two upward-looking
acoustic doppler pro  lers (ADCPs) at 2 MHz located at different distances SE from
the impact site. The three benthic sediment plume (plume) episodes are visible due

to the sharp increase in backscatter intensity. A 10 dB decrease in maximum
backscatter intensity was observed between the two ADCPs, indicating fewer par-
ticles at greater distances. ¢ An upward-looking ADCP at 1.2 MHz shows a sharp
increase in backscatter intensity when the gravity current passes.  d An upward-
looking ADCP at 300 kHz, almost 2 km SE from the impact site, shows the three
plume episodes having a larger height. A otation body on the platform causes the
background noise between 18 —22 m above the sea oor. All backscatter echo values
are normalised. Each ADCP could capture only part of the plume s vertical extent as
different frequencies and settings were used 2.

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 ** 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®=%. 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 .

Whereas observations made at short range from the nodule col-
lector showed that the plume stayed mostly below 2 m altitude ~ 2°, 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 “* and benthic disturbance experiments “°. In
addition, the maximum concentration recorded here is higher than
reported from initial testing of the same nodule collector 2 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 - resultin a
much larger sea oor mining area (200 km ? per year) and volume of
resuspended and redeposited sediment over the lifetime of the mine %
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 itis 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 ®*. 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
DEM s 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 forimage, 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 . 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. 8| Number of suspended particles and particle size during the mining trial.

a Particle number during the mining trial using the PartiCam data (JUB_PFM-01
platform). Three successive benthic sediment plume (plume) episodes (grey areas)
corresponding to the three mining strips were recorded. b Video frame grab
acquired at 4.7 m altitude above the bulk of the plume. ¢ Video frame grab acquired
at 4.3 m altitude but now within the plume at the same location (JUB_PFM-01
platform) 40 s later. The reduced visibility becomes noticeable, with the sensor
(Micropro ler)? hanging from the arm of the remotely operated vehicle (ROV) at
about 1 m from the camera not being visible in ( c). d, e In situ PartiCam images
during the st day of the mining trial show a decrease in the number of particles
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and an increase in particle size with time. The red scale bar is 0.27 mm. The mini-
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
the mining trial. The black line corresponds to the median particle size (D 50), and
the pink area corresponds to the  rst (D »s5) and third (D 7s) particle size quantile
range. g Boxplots of the particle sizes D s, Dsg and D5 for the 15 (n = 92), 2™ (n = 66)
and 3" (n = 100) plume episodes ( n = 258 observations). The black centre line is the
median value (50 " percentile), and the boxes contain each dataset s 25" to 75"
percentiles. The black whiskers markthe 5 " and 95" percentiles, and values beyond
these bounds are outliers (black dots).

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 ®. Towards automated plume monitoring, existing studies
on AUV deep-sea hydrothermal plume tracking ¢’ 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 ¢%%°? 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, isa  rststep 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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Fig. 9 | Sediment redeposition within the impact site. a Sea oor orthophoto-
mosaic before the mining trial within the impact site. The exact location is shown in
Fig. 10. b Hill shade of the same sea oor part based on the image-derived digital
elevation model (DEM). c Terrain Ruggedness Index (TRI) of the image-derived
DEM (see Methods). d—f Orthophoto-mosaic ( d), hill shade (e), and TRI (f) of the
same sea oor part after the mining trial. The sediment redeposition has covered

Distance (cm)

the nodules entirely ( d) and smoothed out the sea oor cm-scale relief ( e—f).

g Image-derived DEM of the sea oor before the mining trial showing large nodules
and a height pro le over a large nodule (red line). h The height pro le shows that
the exposed part of the nodule reaches almost 3 cm above the sea  oor before the
sediment redeposition and is covered with redeposited sediment after the mining

trial (d).

draughting regulations for the exploitation of deep-sea minerals ~ °

several nodule collectors are under development *%.

,and

Online video content
A 4D visualisation of SPM concertation (mg L ) 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=wVGmmfgkltA&ab_
channel=GeoChannelBGRLBEG

https://www.youtube.com/watch?v=EQO0J5hd2EPY&ab_channel=
GeoChannelBGRLBEG

Avideo on resuspension and bedload transport of recently settled
plume sediments at critical shear stress of 0.04Nm ¥ 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 % 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, Itering 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 " 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 2m x 2 m cell size. The MBES WCI data were processed with
FMMidwater v7 (built-inwork  ow) and exported as an ASCII dataset. In
parallel to MBES mapping, the EdgeTech 2205 SSS running at 230 kHz
acquired SSS backscatter data®. 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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Fig. 10 | Sediment redeposition map for the entire study area. a The extent of the

redeposited sediment based on AUV and ROV footage. A classi  cation scheme of
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sea oor nodule coverage (see “Methods ") is shown before (pre) and after (post) the
passage of the benthic sediment plume. c—g Autonomous underwater vehicle
(AUV) images showing reductions of sediment coverage at successive distances in
the SE direction. An extensive version of ( ¢—g) is given in Supplementary Fig. S17.
h AUV image of a faint sediment coverage, 2.5 km S-SE from the impact site.

i Location of Fig. 9. Location of Supplementary Fig. S15.

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 x 0.20 m cell size.

AUV Image data

An AUV HD CathX Colour Still Camera (M12 A1000) with a resolution
of 12.5MP (4096 x 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 "%, 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 |-
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 onthe 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 x 2 mm and 5 mm x 5 mm cell sizes,
respectively. The TRI was calculated using the Riley formula ™ 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 . The algorithm has been used in the past to quantify nodules
spatial distribution and support resource estimation studies ~ "“®. 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 3. 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 ®"°. 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 areaof sea oorwithan AUVisdif cultdue
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 ? (i) stand-alone JFE Advantech In nity Series ATUD-USB
(JFE), (ii) stand-alone AQUAIlogger® 310TY (Aqualogger), (i) 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, witha 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  n’. 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)  ? dispersed
in clear CCZ bottom water (IP21-072CTD) ? 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) " and for CCZ sediment by Haalboom et al *>. Brie v, 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 mgL . 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 mgL . 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 x 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 %)
and c the: regression constant. For all JFE, the R 2 of the regression was
1.0000. For all other sensors, R ? was >0.9980. Turbidity recorded in
the eld was converted to SPM concertation (mg L %)) 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 (mgL %) 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 L. 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% was found to be
SPMp ppy = B 092278291 yith ¢ 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 mmf 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 Il 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 1/200s 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
was used following the methodology of Iversen et al. °, and the
ParChar architecture code * 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 55, Dsg, and D75
during the mining trial. The R zoo package was used . The raw data
before and after applying the rolling median are shown in Supple-
mentary Fig. S14.

78

ADCP data
Intotal, 5 Teledyne RDI Workhorse Sentinel ADCPs at 300 kHz, one at

1.2MHz 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 2. Due to
the naturally low concentration of suspended particles in the deep
ocean water column ****# even during the plume episodes (mostly
below 200 mg L ), the sound attenuation by the suspended particles
was assumed to be negligible *.

Sediment transport estimation
The AUV MBES WCI data captured the plume ’'s lower part (<5m)
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 0.062ms
respectively. According to the OBS data at NIOZ_PFM-04 and
RBNIS_PFM-01, the average concentration was 18.37 mg L% 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 5m 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 mis based on previouswork 2,
which showed that 92 to 98% of the sediment mass remains below 2 m.

1

sediment transport are as follows:

=SPM.UppcpCOS dp
Fr= Ag &b
M=F t ot}

: Particles flux[kg m £ s¥]
SPM, : Suspended particulate matter[kg m &
Uapce : Current magnitude given by ADCP measurements ms 1
: Angle in degrees between the gravity current direction

AADCP measurementkand the unit vector normal to cross
area

F, : Particles flow rate across cross

A : Cross sectional area m2

M : Sediment massg

t : Time window &éc

The same equations were used to calculate the sediment mass at
5m 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 . When the plume was passing by, the
average current direction and magnitude at 5.25 m altitude were 133°
SE and 0.06 mms®, 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.

sectional

sectional arealkg s ]

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 caterpitieck imprints along the mining lanegaft ofthe
second stripaspresented in Fig.)2Theredeposited sediment covers the unmined seafloor between the mining lanes
and aly the humpsof the unminedhodules argartly visible. b) Closeup of the smalscale seafloor morphology

(cm scale) created by the nodule collector caterpillar tracks alofiightbulb® turningmaneuveshortly before the
deposition of the nodule pile at the linedefhese imprints are locally deeper (up to 8 cm) than those made along the
mining lanes due to the additional nodule payload (~Bhg.two caterpillar imprints have a total length of 4 m and

average depth of 5 cm.



Fig. S2 | Time-series of suspendegarticulate matter concentration

The optical backscatter sensors (OBS) recorded the suspended particulateSsteofcentrations 1 m above the
seafloor. Theseafloorplatformshave been grouped by distance and orientation to the impact site. The grey sections
indicate the nodule collector operation tinfi@in 19 April 2021 00:52 UTC to 20 April 2021 17:25 UT.C



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

D Current magnitudeb) current directionand c) range normalized backscatter intensityttae NIOZ_PFM-06
platform between 18 and 2Rpril 2021. The nodule collector (Patll) operation time and the passagiee benthic
sediment plumare indicated irfriguresaandb.



Fig. S4| Acoustic doppler current profiler (ADCP) data at the NIOZ_PFM-07 platform.
Current magnitudeh) current direction and) range normalized backscatter intensitthe NIOZ_PFM-O07 platform
between 18 and 25pril 2021, with (aandb) and without ¢ andd) the nodule collector (Patl§ctivity andbenthic

sedimenplumepassgetime. The gravity current created a distinct change in current speed and direction.



Fig. S5| Range normalized watercolumn backscatterat the NIOZ_PFM-07 platform.
Range normalizedatercolumnbackscatter intensity from the upwdmbking ADV (2MHz) atthe NIOZ_PFM-07

platform between 18 and 25 April 20Zhowing the gravity current's passage.



Fig. S6| Acoustic doppler current profiler (ADCP) data at the NIOZ_PFM-03 platform.
a) Current magnituddy) current directionandc) range normalized backscatter intensity from the ADCP (2 MHz) at
theNIOZ_PFM-03 platformbetween 1&\pril and 24 April 2021The nodule collector (Patll) 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 magnitudeh) current direction and) range normalized backscatter intensity from the upveolling
ADCP (2 MHz) atthe NIOZ_PFM-04 platformbetween 17 and 29 April 202The ADCP at platform NIOZ_PFM
04 recaded the most distant change in the current direction whehethihic sedimenplume passedlhe nodule

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



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

a) Current magnitudeh) current directiorandc) range normalized backscatter intensity from the upv@o#ling
ADCP (2 MHz) attheNIOZ_PFM-02 platformbetween 17 and 29 April 202At 1 km SE from the impact site, the
benthic sedimermlume has the same direction as the ambient bottom curfémtfiodule collector (Patll) 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 magnituddy) current direction and) range normalized backscatter intensity from the down@kling
ADCP (1.2 MHz) athe NIOZ_PFMOL1 platformbetwee 17 April and 2%pril 2021. The most remote downward
looking ADCP showed that thieenthic sedimenplume moves in the SE directiofihe nodule collector (Patll)

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, lurrent direction and c) range normalized backscatter intensity from the ulpo&ndg
ADCP (300 kHz) at the NIOZ_PFNI1 platform between 17 April and 2Rpril 2021. The most remote upward
looking ADCP at 1800m SE from the impacttsirecorded thsusp@aded particleat 30+ m altitudeThe nodule
collector (Patll) 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 bthe autonomousunderwater vehicle

(AUV)

The AUV conducted a ca. 54 h survey parallel to the mining trial and immediately after recording the SPM
concentratiorwith altitude and directionvith two different optical backscatter sensors (OBS), namely FLNTU and
JFE (seevlethods) a-b) FLNTU SPM concentration for different monitoring altitudes and directicn,JFESPM
concentration for different monitoring altitudes and directidie data clearly shothat thebenthic sedimermlume

spread inthe S to E direction andhat the highest concentrationavere registerecét 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 difiextidhe impact site (Fig. S29).



Fig. S12| Acoustic doppler current profiler (ADCP) data at the NIOZ_PFM-05 platform.
a) Current magnitudel) current directionandc) range normalized backscatter intensity from the upvweoling
ADV (2 MHz) attheNIOZ_PFM-05 platformbetween 1&pril and 25April 2021 The benthicsedimenplume was

notdetected NW of the impact site.



Fig. S13| Acoustic doppler current profiler (ADCP) data at the NIOZ_PFM-08 platform.
a) Current magnitudel) current directionandc) range normalized backscatter intensity from the upvweolling
ADV (2 MHz) attheNIOZ_PFM-08 platformbetween 18 April and 24 April 202The benthicsedimenplume was

not detectecht theN of the impact site.



Table S1 | Summary statistics of the particle sizex{Dso, D7s) for eachbenthic sedimenplume episod¢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 sedimentgpisndes, which are shown in grey.
The black line is the £, and the redrea shows the upperdand lower Ds of the particle size distribution. Few
isolated outliers are observed in raw dajeSame as a, after applying a rolling median (k=3, with k being the integer
width of the rolling window)c) Boxplots of the particlsizes D,s, Dspand Drs for thefisrt (1), second (2) and third

(3) plume episodes using the raw data258 observationsil) Same as c, after applying a rolling median (k&jth

in ¢ and d the blackentre line is the median value {5@ercentile), and the boxes contain each datasét' so2&"
percentiles. The black whiskers mark tieafid 95" percentiles, and values beyond these bounds are outliers (black
dots).



Fig. S5 | Seafloor image inside the mining site
A seafloorimageobtainedy the remotely operated vehidan from a mining lane shows thatdeposited sediment
completely covers nodules (sediment blanketirg)sea anemoneActiniaria) was recorded on the redeposited

sedimentThe image location is shown in Fit0.



Fig. S16 | Sediment redeposition500 m ESE from the impact site.

Video framegrabshows the seafloor, GMR_PFHD, andGMR_PFM43 platforns at 500 SE from the impact site.
The distance between A and B is 0.75bn.Video framegrab that shavs the seafloor anfllOZ_PFM-04 and
RBINS_PFMOL1 platforms at 500 m E from the impact slteboth imagesheredeposited sediment has covered the

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



Fig. S17 | Seafloor images before andafter the sediment redeposition

a) 50 m W from the impact site (next to the NIOZ_ Pl platform) b-d) 5004800 m SE from the impact site along

the AUV survey lines shown in Figure ). The images are at the end of the survey lines outside the zeedimient
redeposition (see Fig.10). The lower nodule coverage in thienpact image is due to the seafloor spatial variability

in nodule coverage; the pimpact image was taken within a depression that has lower nodule cov@iagéateral

distance fom 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 benthisedimentplume for the first 5 m altitude

Schematic representation of the crgsstional area of the benttgedimenplume,generated during the first mining

strip. The multibeam echosounder watefumn imaging (WCI) and the suspended particulate matter (SPM)
concentrations recorded by the optical backscatter sensors (OBS) mounted on the autonomous underwater vehicle
have thesame lateral extent.he crosssectionis located 500 m £E from the impact site, it has aightof 5mand

a length of 68 m. The seafloor vertical exaggeration is I Be location of seafloor platforms is also given.
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