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Abstract

Abstract

Studies of landvater interactions are important for water management. The properties of
land surfaces determine the quantity and quality of water resources. Land use changes can
modify streamflow regimes and exacerbate water pollution. Thus, a bettestamdéng of the
guantity and quality of water resources in changing environments is critical for watershed
management, especially in coastal watersheds, because they provide important ecosystem
services.

Understanding how land use/cover change (LUCC) impacts regional water resources is
also of great concern for water security. The assumption of stationarity in hydrology is
guestioned in a changing environment as the theoretical basis of water resourgennesua
and the linkage between land use and water quality is-deplendent and nonlinear. Thus, the
aims of this study are to identify the spatial driving factors that control LUCC patterns, to
investigate the impacts of human activities on hydrologedfemes, and to explore the
nonlinear relationship between LUCC and water quality in coastal watersheds.

The driving factors of LUCC were evaluated using a machine lealdagd CAMarkov
model developed in this study. The results illustrated thatgelsain each category of land use
were well calculated, with average AUC (Area Under Curve) values of 0.999 and 0.916 for the
training and testing periods, respectively. We found out that urbanization is highly related to
the distribution of population andDP, and spatial variations of topography factors influence
the distribution of woodland. The proposed method identifies the driving forces of LUCC and
can therefore be used for sustainable land management in coastal watersheds.

Besides the LUCC, the clite variability may change the regimes of streamflow. Thus,
the nonstationary methods have been employed to understand the relationship between
hydrological extremes, human activities and climate variability. The results reveal that
amplified streamflow ecording to precipitation may be easier to observe at shorter time scales,
and human activities may potentially amplify streamflow extremes in the watersheds, especially,
in smaltscale watersheds. To further understand the coupling effects of climatge clnadh
human activities, the relationship between LUCC and regional climate change was analyzed.
We found that accelerating urbanization in the Minjiang River watershed modified climate
extremes. The influence of climate variability on water resourcestésdified by human
activities.

To further understand the effects of LUCC on water quality at different developing stages,
we selected coastal watersheds in difference regions as the study areas and analyzed them using
the interpretable machine learningle found that the land use category with the highest

influence on water quality changes with development stages, although agricultural activities
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still played a major role in water pollution at all stages. In China, pollution from urbanization
still consttutes an important factor controlling the water quality in watersheds. In contrast,
because of the high rate of domestic wastewater treatment in the USA, urbanization has
contributed only slightly to water quality degeneration in coastal watersheds. ohddlij
climate variability is a cause of a nonlinear relationship between LUCC and water quality. It
amplifies the export of nutrients from nonpoint or point pollution sources and modifies the
transport and biochemical processes.

This study highlights he LUCC impacts the water quantity and water quality under a
changing environment in coastal watersheds. The findings provide new insights into water

resource management under global change conditions.
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Zusammenfassung

Studien zu Interaktionen zwischen Gewdsern und der Landoberfl&he sind Grundlagen
des Managements von Wasserressourcen, denn die Eigenschaften der Landoberfl&chen steuern
die Quantitd und Qualitd der Wasserressourcen. Durch Anderumigeriandnutzung ddern
sich auch das Abflussregime und die Verschmutzung der Gewd&ser. Ein besseres Verstadnis
der Entwicklung von Quantitd und Qualitd ist deshalb vor allem in sich schnell &dernden,
kistennahen Systemen ndig, weil sie auch wichtigkoSystendiensteistungen bereitstellen.

Die Auswirkungen von Landnutzungsaderung auf regionale Wasserressourcen spielen
auch eine wichtige Rolle bei der Beurteilung der Sicherheit der Wasserversdrgengem
sich veradernden hydrologischen Systemdsdie Zusammenhage zwischen Landnutzung
und Wasserhaushalt oft nicht mehr station, sondernicbar und skalenabhangig. Das Ziel
dieser Arbeit ist deshalb die Identifikation der raimlichen Einfluaktoren, die Analyse des
anthropgenen Einflussesufahydrologische Extreme und die Analyse der nioigaren
Beziehungen zwischen Landnutzungsanderungen (LUCC) in kistennahen Okosystemen.

Die Steuergr°Cen des LUCC wurden mit einem
(Cellular Automata) Markov Modell analigst, das in dieser Arbeit entwickelt wurde. Die
Ergebnisse zeigen, dass die Anderungen in jeder Kategorie gut erfassbar waren, die mittleren
AUC (Area Under CurveWerte bewegten sich zwisch@rf99 und 0.916 fir die Trainings
und Testperioden. Wir fande eine starke Verbindung zwischen der Urbanisierung,
Bevdkerungsverteilung und Bruttosozialprodukt. Die Verteilung von Waldfl&éhen wurde vor
allem von der Topographie beeinflussiit der Methode konnten die Kontrollgrden des
LUCC identifiziert werden nd fir das nachhaltige Management der Landnutzung in
kistennahen Einzugsgebieten genutzt werden.

Neben LUCC beeinflusst auch die Klimavariabilitd das Abflussverhalten. Zum
Verstandnis der Wechselwirkungen zwischen hydrologischen Extremen, anthropogenen
Aktivitden und der Variabilitd des Klimas wurden nictgtationden Methoden eingesetzt.

Die Ergebnisse zeigen, dass erhdter Abfluss in kirzeren Zeitintervallen besser zu beobachten
ist. Anthropogene Aktivitden verdndern hydrologischen Extreme, vor rallén kleinen
Einzugsgebieten. Fir ein tieferes Verstandnis zwischen Klimadderungen und anthropogenen
Aktivitden wurde der Zusammenhang zwischen regionalen Klimadaderungen und LUCC
analysiert. Wir konnten eine Verbindung zwischen Urbanisierung des Mjrifisnizugsgebiets

und verdnderten klimatologische Extremen identifizieren und damit nachweisen, dass
anthropogene Aktivitden die Variabilitd des lokalen Klimas beeinflussen.

Zur vertieften Analyse der Auswirkungen von LUCC auf die Wasserqualitd wénlten w
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verschiedene kistennahe Regionen mit unterschiedlichen &onomischen Entwicklungsstadien
aus und analysierten sie mit-Klethoden (interpretable machine learning). Wir fanden heraus,
dass die Landnutzung den staksten Einfluss auf die Wasserqualité&, hgéfolgt von
verschiedenen landwirtschaftlichen Aktivitden. In China spielt die Wasserverschmutzung aus
urbanen Regionen immer noch eine wichtige Rolle, durch die Abwasserreinigung nimmt die
Rolle in anderen Regionen jedoch ab. Aulerdem beeinflusst dagliKlima die Verbindung
zwischen LUCC und Wasserqualitd, es verstdkt der Export von Néaorstoffen und aus Punkt
und Fla&henquellen und modifiziert den Transport von Stoffen und andere biogeochemische
Prozesse.

In dieser Studie wird analysiert, wie LUCC die Wasserquantitd waaalitd von
kistennahen Einzugsgebieten bei gedderten klimatischen Rahmenbedingungen beeinflusst.
Die Ergebnisse geben neue Einblicke in das Management von Véassarcen in Zeiten des
Klimawandels
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Chapter 1 Geeral Introduction

Chapter 1 General Introduction

1.1 Research background

Water resources are the ultimate connectors in global commitment towards a sustainable
future (UN WWDR, 2020). Coupled with multiple stressors (e.g. climate change, hydrology
processes), human activities may redineepredictability of water availability and affect water
quality. It is not surprising that many rivers across the world suffer from severe water quality
deterioration owing to the rapidly increasing human population and economic development
(UN WWDR, 20®). With a large population and rapid economic development, coastal
watersheds in China have undergone unprecedented urbanization rates, as well as accelerated
disturbances from climate change, which may modify regional water resources (Bai et al., 2014,
Lu et al., 2019). Therefore, it is essential to quantify and understand the effects of land use

change on water resources in coastal watersheds in a sophisticated and clear manner.

1.1.1Dynamics of water sources

Valuing water has become recognized worldwidealise over 2 billion people live in
areas where water scarcity is becoming more prominent as the world changes (UN WWDR,
2021). Climate change is one of the major factors influencing the hydrological cycle,
diminishing water resources availability, and offiag spatial distribution worldwide (UN
WWDR, 2020). In addition, increases in human activities, such as dam construction,
deforestation, and urbanization, have significantly contributed to streamflow regimes alteration
and water quality degradation (Zhagigal., 2020a).

Water pollution exacerbates regional water scarcity (Ma et al., 2020) and water pollution
is on the rise globally, and eutrophication of surface waters is still a major environmental
concern worldwide, especially in developing countriégmcause of the accelerating
development of these areas and high demand for resources (UN WWDR, 2009; Shi et al., 2017).
Given that water quality plays a pivotal role in habitat protection, agriculture, industry, and
public health (Akasaka et al., 2010; Cabal., 2013; Shi et al., 2017; Qu et al., 2022),
understanding the dynamics of water quality in watersheds is necessary for sustainable water
resources management.

Watershed models serve as powerful tools for understanding watershed processes and are
supportive for water resource management (Hdmann et al., 2007; Jaéitaka et al., 2017,

Zhang et al., 2020b). Although some models have clear physical significance, researchers
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should consider critical criteria, such as the objectives of the user, @altbdity, and cost

benefit analysis, when selecting an appropriate model to understand the key processes within
watersheds. Overly simplistic models are likely to fail under different field conditions that are
beyond the bounds of the calibration dathereas models with too many parameters may
surpass the type of data required, and turn out to be unjustified in practice (Perrin et al., 2001;
Paudel and Jwaitz, 2012; Jackdglake et al., 2017). Therefore, there is a continuing challenge

in constructingor selecting an appropriate model structure that adequately represents the key

watershed processes.

1.1.2Dynamics of land use/cover change

Land use/cover change (LUCC) is an important theme regarding the impacts of human
activities on the Earth ecosystems atayp a vital role in the evolution of the local or regional
environment (Foley et al., 2005; Lambin and Meyfrooidt, 2011; Ning et al., 2018). As a priority
region, the dramatic transformations of land use in Asia have been a concern for related studies
(Zhao et al., 2006; Song and Deng, 2017; Shfizadefghadam et al., 2019). Because of the
rapid economic development and complex ecosystems, the remarkable land changes, especially
urbanization, that have occurred in coastal China during recent decadesdaextensively
documented and have drawn much attention (Huang et al., 2018; Liu et al., 2021a; Xie et al.,
2022). Therefore, it is essential to quantify the patterns of LUCC and identify the major factors
that influence LUCC in the coastal areas for wstied management.

Coupling human activities and related environments, spatial and temporal patterns of
LUCC can reflect underlying human activities as well as their interactions with nature over
time (Lambin and Meyfroidt, 2011; Xie et al., 2022). LUCCswaainly studied from a
disciplinary perspective until the 1990s, while new tools and technigues have recently enhanced
our ability to monitor and explore changes in land use/cover (Turner et al., 2007; Verburg et al.,
2009; Chen and Kirwan, 2022). The eat development of geographic information systems
and remote sensing technology has enabled researchers to deal with large amounts of data to
understand LUCCs at the spatial and temporal scale (Mundia and Anlay, 2005; Redriguez
Galiano et al., 2012; Ayaleet al., 2022). Based on these technologies, numerous methods have
been proposed for detecting the dynamics of LUCC. Most of the methods were developed for
the specific environmental settings (e.g., urbanization, forest retreat), or are too subtle to
interpret without the fundamental knowledge of basic metrics of LUCCs. Recently, the intensity
analysis, which provides a guantitative framework that can identify the patterns of land use
change at different levels, has been widely applied to gain insightthanmrocesses of land
use changes in many countries such as Greece, India, and China (Mallinis et al., 2014; Huang
et al., 2018; Govind and Ramesh, 2019).



Chapter 1 Geeral Introduction

Land use models are useful tools for identifying the driving forces of LUCC and
understanding thegtterns of land use/cover with specific environmental settings (Verweij et
al., 2018; Zhou et al., 2020). Since the 1970s, a few seminal papers have discussed the topic of
land use modelling, and boosted by increasing remote sensing data availabilyyumbter
of land use models have been developed in recent decades, such as urban growth, forest
landscapes, and agricultural land use models (Wilson, 1971; Batty et al., 1997; Liao et al., 2016;
Thompson et al., 2016; Verweij et al., 2018). Thus, varioathads have been proposed to
simulate land use/cover under different scenarios, such as thegedti model, support vector
machines, logistic regression, and cellular automata models (Castella and Verburg, 2007;
Wagner and Waske, 2016; Thompson et2016; Mustafa et al., 2018). The advantages and
disadvantages of these models have been widely discussed in related studiede@Reetal.,
2012; Mustafa et al., 2018; Niya et al., 2020). For example, the Markov chain models were
proven to be effectiven simulating LUCCs, providing adequate information to support land
use management, while it is difficult to identify the spatial variation of the system effectively
(Sang et al., 2011; Zhou et al., 2020; da Cunha et al., 2021). Therefore, to takegedefnta
them and eliminate their defects, researchers have attempted to integrate these models and apply
them in land use modelling to achieve a deep understanding of the causes and possible future

developments of lanrdse systems.

1.1.3Impacts of land use on waatquality

Nutrient exports in the watersheds are strongly related to increasing anthropogenic
influences, such as urbanization, agriculture, industng, sewageBrabec et al., 2002; Brett
et al., 205, Huang et al., 2015). According the SecretarGeneral of the United Nations,
more than 80% of the pollutants entering the seas are contributed by t#msmtdpollution
(UN General Assembly, 2004). As one of the most importargéploté characterized by
intensive agricultural activitieand denspopulations nutrient pollution in the watershexast
continuum isone of the most significant environmental problems worldwide (Fohrer and
Chicharo, 2011). It alters aquatic ecosystems and affects their capacity to provide essential
ecosystenfunctions (Howarth et al., 2002; Brizzetti et al., 2021). However, compared with the
point sources of the nutrients (e.gndustrial, and municipal wastewater discharghg
nonpoint sources of the nutrisnsuch as fertilizer application during agtiatal activities, are
more difficult to control in watersheds (Ongley et al.,, 2010). Therefore, identifyiag
relationship between land use and nutrient pollutantgaitershed is an imperative stapto
understandinghe dynamics ofhe water qualityn watersheds and in controlling the nutrient
export within the catchmermpast continuum.

Several studies have addressed the relationships between land use and water pollution.

Generally, humaiimpacted land has significant positive correlations with watglution,
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whereas the natural land is significantly negatively correlated with nutrients (Lopez et al., 2008;
Pratt and Chang, 2012; Huang et al., 2015). Agricultural activities in watersheds may enhance
nutrient export. Many studies also point out theerine nutrients export is highly related to
arable land in Europe, China, and the USA (Ahearn et al., 2005; Huang et al., 2015; Kéadler et
al., 2017) As a result of urbanization, increasing impervious surfaces in the watersheds may
modify the streamfley regimes, and additional nutrient exports are usually observed in the
urbanized areas (Kaushal et al., 2011). In contrast, the natural lands are usually considered as
the net sinks for the pollutants in watersheds because forests can absorb or fitsrftivi@ng

et al., 2015Pacheceet al., 2015; Jachniak et al., 2019). Wetlands can improve downstream
water quality by intercepting soil, nutrients, and other pollutants transported from uplands and
upstream aquatic ecosystems (Tan et al., 2013).

The reldionship between land use and water pollutants may be inconsistent and nonlinear
across space (Kaushal et al. 020Liu et al., 2016). In addition, climate variability, solil
conditions and topographic factors may modify the relationship between larahdsautrient
expors in the watersheds (Lei et al., 2021; Huang et al., 2021). The impacts of land use on
water quality may also vary under different climatic conditions (Larned et al., 2004; Julian et
al., 2017). The interaction between land use and tfirariability may lead to large changes
in pollutantconcentrations or fluxes ovehort periods (Kaushal et al., 2008; Vidon et al., 2009;
Huang et al., 2021). For example, Kaushal ef2008) suggested thtte pollutantsretained
by the impervious stacesin urbanized areasay amplify the nutrient export the during the
flood seasonAdditionally, the natural land may become a source of nutrients because of
anthropogenic activities, too. For example, the excess nitrogen in mature forests may be
expoted and result in nitrification and nitrate leaching (Pacheco et al., 2015). Thus, more
attention should be paid to the relationship between land use composition and water quality in
a watershed.

1.2 Aim of the study

1.2.1Research gaps

As a result of complex intactions between humans and the physical environment,
LUCC has been recognized as an important component of global environmental change (Foley
et al., 2005; Huang et al., 2012; Akinemi et al., 20Ayalew et al., 202R Assisted by
technologies like remoteensing and geographical information systems, researchers can
preliminarily understand the state and trend of LUCC over time and identify its major driving
factors (Wilson, 1971; Batty et al., 1997; Liao et al., 2016). With statistical methods like the
logistic regression, exploratory regression, and principal component analysis, researchers have
identified the major driving factors of the heterogeneity and inertia of land use and employed
these factors for land use modelling (Lau and Kam 2005; Feng aiggd 2@l 7; Lei et al., 2019).

4
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However, it is still difficult to identify the relationship between the driving force and land use
patterns.

LUCC can modify the water resources by changing the characteristics of the land surface,
infiltration patterns, runoff groundwater recharge, sediment, water vyield, and
evapotranspiration (Lee et al., 2009; Cuo et al., 2013; Shrestha et al., 2018). Additionally, land
use change may alter the characteristics of nutrient exports by linking water quality to specific
land usaypes. The complexity of processes induced by human activities and other factors in a
watershed can exert linear or nonlinear impacts on water resources. Coupled with other factors,
the patterns of nutrient exports may be more complex because of nomkifeanships
between land use and water quality under specific environmental settings. Therefore, it remains
unclear how LUCCs control watershed water resources in a changing environment.

It is necessary to understand the dynamics of LUCCs and evidupteential impact on
regional water resources in watersheds caused by intensifying human activities and accelerating
economic development. Land use in the coastal areas will change constantly owing to
population pressure and limited resources, and epgjliestion is how water resources will be
affected under such conditions. Thus, considering the stress caused by rapid LUCC, more
attention should be paid to the coupling and coordination between LUCC and regional water

resources, especially in coastalteraheds.

1.2.2Research questions

In this thesis we aimed to investigate the effects of LUCC on water resources in a changing
environment. The main research questions of this study are as follows:

(1) What are the major factors influencing the land use/athaange in coastal watersheds?

(2) How does land use/cover change impact regional water resources in the context of
climate variability?

(3) What is the nonlinear relationship between land use and water quality in coastal
watersheds?

1.3 Methodology

Focusingon the overall research objective and the key research questions, we developed
a machine learningased CAMarkov model to identify the major driving factors influencing
the distribution of land use/cover, and the dynamics of LUCC under different scefidmgos
effects of human activities and climate were identified using thestadionarity theory based
on a rainfalrunoff model, remote sensing data, and leergn hydrology records. Using an
interpretable machine learning method, the nonlinear relaijp$ietween LUCC and water
guality were identified in coastal watersheds with different development stages. Figure 1.1

shows the method route followed in this study.
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1.4 Thesis structure

This PhD thesis is organized inseven chapters. Chapter 1 is a general introduction
involving the background, research gaps and questions. Chapter 2 identifies the major factors
influencing LUCC in coastal watersheds. Chapters 3 and 4 answer the question of how LUCC
impacts regional wateresources in the context of climate variability. Chapters 5 and 6
investigate the nonlinear relationships between land use and water quality in coastal watersheds.

Chapter 7 discusses the main findings of this thesis and draws conclusions.
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Abstract

Understanding the land use/cover change (LUCC) in watersheds is essential for
sustainable development. To comprehensively evaluate the factors that inflig@€e Wwe
developed and implemented a machine learbmsed CAMarkov model to understand the
dynamics of LUCC in a coastal watershed located in Southeast China, namely, Minjiang River
Watershed (MRW). The proposed method performed well for each catedarndaiise with
an average AUC value of 0.999 and 0.916 for the training and testing periods for the suitable
images. And the overall accuracy for LUCC was 0.971. The process of urbanization in the
MRW was speeding up recently, and the urban area incrbgsed2% of the total area during
20152020, and most of that was transferred from woodland and agricultural land. The
population and GDP were the major factors influencing the distribution of urbanized land in
the MRW. In contrast, the distribution of wdland was highly related to the topographic
factors in the MRW. Additionally, the scenario analysis was employed based on the proposed
method. The result shows that process of urbanization may be more complex with increasing
population and GDP. Land useolstion may be more sustainable with scientific spatial plans
which consider facilities for human beings and ecological protection. The proposed method
guantified the LUCC with changing environmental settings, which would be a helpful tool for
sustainablevatershed management.

Key words:Land use/cover change; Machine learning-Karkov; Intensity Analysis
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2.1 Introduction

Land use/cover change (LUCC), as the most direct indicator depicting the effects of human
activities on the natural ecosystem, playsignificant role in the process of global change
(Hersperger et al.,, 2018; Bacau et al., 2022; Wang et al.,, 2022). As a complex system
constructed by the interaction between natural processes and human activities, regional LUCC
is influenced by social, gitical, and natural factors (Wang et al., 2021a; Chen and Kirwan,
2022; Palmate et al., 2022). Therefore, assessing and quantifying LUCC patterns is critical for
developing regional environmental management and enhancing the understanding of the
interactons between ecosystems and human activities (Marques et al., 2019; Zheng and Hu,
2018; Ayalew et al., 2022).

Modelling of LUCC has recently attracted growing interest, as it is a complex issue
involving physical, environmental, and so@oonomic factors (Aburas et al., 2017, 2019;
Zhou et al., 2020). It has been proven that models are one of the most effecisvéot
understanding the dynamics of LUCC under various scenarios, grasping theapatoal
pattern of LUCC for regional environmental management, and providing a scientific reference
for rational decisiormaking (Bacau et al., 2022; Fu et al., 20Y&@ng et al., 2020). For this
reason, a number of models have been developed to simulate LULC patterns, such as the
logistic regression model, multigent models, and the cellular autordsl@rkov chain (CA
Markov) (Ervinia et al., 2018; Lei et al., 2019aWy et al., 2021a; Palmate et al., 2022). These
models have been widely applied to understand the evolution of land use and play a significant
role in spatial planning (Zhou et al., 2020; Bacau et al., 2022). However, it is still difficult to
meet the regeements of land use planning and management with these models for the absence
of considering impacts from soeazonomic and natural factors in these models (Zhou et al.,
2020; Wang et al., 2021a). Hereby, the coupled models were developed recentlrstaunad
the LUCC in regional or global scale (e.g . Wagner and Fohrer, 2019; Zhou et al., 2020).

Coupled with different modelling techniques, the-Blarkov model has more advantages
for simulating changes in complex land use systems by providing impam@dacy and
effective simulation (Fu et al., 2018; Palmate et al., 2022; Wang et al., 2022). Typically, the
researchers attempted to assign the suitability score for each affecting factor for land use based
on experience, literature review, and the fulryic method, and quantify the impacts of factors
on land use by converting original values to a unified scale, namely the degree of suitability.
After scoring the suitability of each factor, transition rules were constructed and further applied
for land se modelling (Fu et al., 2018). Among them, fulzgic-based methods, such as
logistic regression, have been widely used to build suitability data for land use modelling (Fu
et al., 2018; Lei et al., 2019; Wagner and Fohrer, 2019). For example, to anderst driving

forces for land use, Wang et al. (2022) integratedMi#kkov and logistic regression models
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to scientifically simulate the law of land use evolution, and suggested that natural and human
factors have the main impact on LULC, while proxinfagtors have a relatively small impact.
Thus, the CAMarkov model is more scientific and practical compared to other models
(Arsanjani et al., 2013; Xu et al., 2019; Wang et al., 2021a).

A common problem in existing methods is that the assignment ditytalobres may not
reflect land use changes for specific regions (Fu et al., 2018; Okwuashi and Ndehedehe, 2021).
Although the fuzzy logidased methods can model uncertainty in real world data with
continuous boundaries, these methods may produce thieprof overfitted models because
their rules are based on heuristics (Amato et al., 2018; Okwuashi and Ndehedehe, 2021).
Meanwhile, these traditional fuzdggic based methods may not work well when modelling
complex relationships between the potentiavidg factors and land use for the nlmear
behaviour or discard the effects of heterogeneity may not be fully captured, especially for the
process of urban development (Xu et al., 2019; Zhou et al., 2020; Viana et al., 2021). Recently,
machine learningnethods have attracted the attention of geospatial science researchers and
have been applied in the remote sensing data analysis (Aburas et al., 2019; Karimi et al., 2019).
As a subfield of artificial intelligence, machine learning can successfully overdbhm
limitations of previous methods, and achieve superior or at least equivalent accuracy outcomes
(Ren et al., 2020; Viana et al., 2021). Nowadays, several studies have been carried out to
understand land use change using machine learning modelefaritimetropolitan regions.
For example, coupled with the machine learning method, Zhou et al. (2020) simulated the
evolution of urban space in Shanghai from 2015 to 2030 under different scenarios and showed
that urban development will be more sustainalmeler the constraints of ecological and
cultivated protection. However, most related studies have focused on the evolution of
urbanization; these methods have rarely been introduced to understand the evaluation of
multiple land use types at global or regabscales.

Using the integrated GMarkov Chain model is of significance due to its important role
in land use modelling, especially in developing countries (Aburas et al., 2017; Zhou et al.,2020).
To date, few studies have combined machine learninglnedth the CAMarkov model, and
limited research has been conducted on the regional scale in China. To close these knowledge
gaps, we developed a machine learddaged CAMarkov model with a random forest (RF)
algorithm. RF has proven to be a suitabsehinelearning algorithm with good interpretability
and moderate time complexity (Zhou et al., 2020). To understand the impacts of multiple
variables on the evaluation of land use at the regional scale, we applied this model to the largest
watershed in Sdheast China, namely Minjiang River Watershed (MRW), which is under
increasing pressure from continuous population growth, rapid-gcoieomic development,
and limited natural resources. To improve the capability of théviafov model, we selected

the MRW as a case to study LUCC in Southeast China, and the aims of this study were (1) to

1C
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quantify the land use change in Southeast China, (2) to analyze the evolution of land use under
different scenarios, and (3) to understand the role of strategic spatiaing on regional land
use change and providedepth implications for sustainable watershed management

2.2 Material and methods

2.2.1Study area

The MRW( 116 A28 Nj4 3 NjiZES§ A 1285MbREBgest watershed in Southeast
China, with an area of 6892 km2. As a watershed located in the subtropical zone, the mean
annual temperature and precipitation are 18 € and 1617 mm, respectivgygpproximately
70% of the precipitation occurring between April and September (Zhou et al., 2016; Zhang et
al., 2019). Based on the official population record, the populations of 2010, 2015, and 2020
were 10.75 million, 11.02 million, and 11.72 million. More than 60% of the population lives in
urban areas (Fig. S1). The GDP increased by 200% approximately instiiEOpgears, which
increased from 417 billion CNY (2010) to 1292 billion CNY (2020) (Fig1$By 2021, more
than 1900 km of higispeed railway and 6000 km of highways were built in Fujian Province,
and about 60% of which were built in the MRW. More higlys and higispeed railways are
planned to be constructed by 2030, which may change the patterns of land use in the MRW
(Fig. 21).

2.2.2Data sources

Landsat images were obtained from the USGS Earth Explorer
(https://earthexplorer.usgs.gyvior the years 2010, 2015, and 2020 in the MRW. After

examining the available images, we realized that the uncertainties caused by the clouds would

be more significant than the uncertainties induced by the inconsistent afatemges.
Therefore, different dates were used to obtain complete and-tEeidoverage of the study
area (Table ). The unsupervised classification for the Landsat images was performed using
the Iterative Self Organizing Data Analysis Technique Atgor (ISODATA) integrated with
postclassification enhancement (Yang and Liu, 2005; Huang et al., 2018). Ancillary data,
including highresolution images from Google Earth, GIS data, and information collected
during field trips, were employed as refererdata for the classification and accuracy
assessment. In this study, we classified the land use/cover into 7 categories, namely, Woodland,
Grassland, Agriculture, Orchard, Urban, Barren and Water (TaBle Phe results of the
accuracy assessment were shamTable S21 and Table S2, and the overall accuracy of the
classifications was 0.8050.024, 0.868 0.021, and 0.862 0.021 for the years 2010, 2015,
and 2020, respectively.

11
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Fig 2-1 Study area

Based on previous studies, the spatial driving factdigencing land use/cover that we
employed were listed in Table® The topographical data, including elevation, slope, and
aspect, were estimated using the 30 m SRTM Digital Elevation Database produced by the

National Aeronautics & Space of USA (NASAttps//www.nasa.goy/The vector and Point

of-Interest (POI) data were collected from the OpenStreatMap (OSM,
https://www.openstreatap.org), including motorway, higlspeed rail, city centers, and
education facilities in the MRW. The VIIRS Nigtitnme Light (VNL) data were used to identify

the socieeconomic development in the MRW (Fig.-3R which was produced by the Earth

Observatio Group, Payne Institute for Public Policy, Colorado School of Mines (Elvidge et
al.,, 2017; 2021). The population data were obtained based onLCéipapulation density
provided by the WorldPop & Center for International Earth Science Information Network
(2018)
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Table 21 Information of the satellite images

Year 2010 Year 2015 Year 2020
Acquisition data Path/Row Satellitesenor Acquisition data Path/Row Satellitesenor Acquisition data Path/Row Satellitesenor
10/31/2010 119/41 Landsat 5TM 9/27/2015 119/41 Landsat 80LI 10/10/2020 119/41 Landsat 8OLI
10/31/2010 119/42 Landsat 5TM 9/27/2015 119/42 Landsat 80LI 4/17/2020 119/42 Landsat8-OLI
12/9/2010 120/41 Landsat 5TM 2/26/2015 120/41 Landsat 80LI 2/20/2020 120/41 Landsat 8OLI
12/9/2010 120/42 Landsat 5TM 5/13/2015 120/42 Landsat 80LI 2/20/2020 120/42 Landsat 8OLI
1/14/2010 121/41 Landsat 5TM 10/11/2015 121/41 Landsat8-OLlI 4/15/2020 121/41 Landsat 8OLI
1/14/2010 121/42 Landsat 5TM 2/13/2015 121/42 Landsat 8OLI 4/15/2020 121/42 Landsat 8OLI

Note: TM:Thematic Mapper; OLI: Operational Land Imager.
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Table 22 Classifications of landse/cover in the MRW

Category  Description
Any significant clustering of dense vegetation, typical with a closed or d
Woodland y'sig g g P
canopy.
Grassland Open areas covered in homogenous grasses with little vegetation.
_ Land used for cultivatiorincluding newly cultivated land, fallow land,
Agriculture . .
swidden land, and rotation plough land.
Areas for planting perennial woody plants and perennial herb which wer
Orchard . . . .
used for collecting their fruit, leaves and rhizome.
Built-u Human made structures, thaailway, large homogenous impervious
P surfaces.
Barren The areas with little vegetation, including exposed rock or soil, desert al
sand dunes, dry salt flats/pans, mines.
Water Areas where water was predominantly present throughout the year.
Table2-3 Driving factors for land use/cover change modelling
Category Driving factor Year
Topographical Elevation
P g. P Slope
variable
Aspect
Distance to motorwa 2015,
y 2020
2015
. Distance to higtspeed rail '
Proximity grep 2020
variables Distance to citycenter (i.e. cities and counties) 2020
Distance to education facilities (i.e. kindergartens, schou
colleges and universities)
Distance to entertainment facilities (e.g. public garden
. . 2015,
. . Population density
Socioeconomic 2020
variables ) ) . 2015,
VIIRS nighttime lights
2020

2.2.3The RFCA-Markov model

LUCC models were commonly set up based on the relationship between historical land

use and related driving factors (Wu et al., 2019; Feng et al., 2020). In this study, we proposed

a method to simulate land use with RF, CA and Markov chain (F&). Zhe elationship

between multi

and the cells

ple driving factors and each land use type was identified with the RF method,

that may transfer to other types of land use were depicted by the transition

14
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suitability images estimated by the RF models. Previous studige proven that RF is a
powerful machine learning classifier for land use studies because of itmrametric nature,

high classification accuracy, ability to determine variable importance, and capability to avoid
overfitting (RodriguezGaliano et al 2012; Tan et al., 2017; Zhou et al., 2020).

’

v
[ :
Land use database Statellite images E High-speed railways
f] Entertainment facilities

VIIRS nighttime lights
o §
Probability of

oceurrence - <€— Data process

'I
1
Database of i
driving factors i
|
N\,

T ———

Neighborbood _ <€— CA-Markov
influence

<€— RF model

Transition
probility

<€— RF-CA-Markov

Fig 2-2 The flowchart of the coupling models

The coupled CA with the Markov model can be used to simulate the dynamics of land use.
The CA model can describe the changes in spatial positions, while the temporal changes in land
use were simulated by the Markov transformation matrix. The CA modearaatbrized by
discreteness in space and the state of land use, which can be used to analyze spatial distribution
and neighborhood interactions (Fu et al., 2018; Wang et al., 2021a). The overall complex, self
organizing system was described with a CA mdaeded on individual cell behaviour and
interactions between neighbouring cells (Wu & Webster, 1998). The land use changes were
simulated with the assumption that areas have a higher tendency to transfer to typical land use
when the same type of land usasmearby (Arsanjani et al., 2013). The CA model is composed
with four elements, including a cell, cell state, neighbourhood, and transformation rules. The
CA model has been widely applied in urbanized land use, such as sprawl (e.g. Zhou et al., 2020;
Bacau et al., 2022).

The Markov model is a stochastic model to simulate LUCC in temporal scale to describe
how likely one state is to change to another state. Based on the formation of Markov random
process for the prediction and optimal control theory, tssibility of one state transferring to
another state was described by the probability matrix (Takada et al., 2010). In the land use
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analysis, the transition objective was produced by the Markov analysis with the historical land
use images (Arsanjani et a2013).

2.2.4Method to evaluate land use change

To evaluate the performance of the model, the simutededition suitability imagesere
validatedwith the receiver operating characteristic (ROC) cuifV® Area Under Curve (AUC)
was calculated to evaluatbe performance of the model. An AUC value of 1 represents a
perfect model performance amdlue of0.5is no better accuracy than chanéelditionally,
the useis and producés accuracy along with figure of merit (FOM) were employed to evaluate
the perfemance of simulated land use maps which calculatdgesbased on the confusion
matrix (Table S23).

H+CR

Overallaccuracy=
H+M +FA+CR

Producer'saccuracy(®nsitivity) =
H+M

User'saccuracy(pecision)= H
Y H+FA

B
H+M+FA
WhereH, M, FA, andCR are the number of hits, misses, false alarms, and correct

FOM =

rejections in the confusion matrix.

Intensity analysis for the category level was used to quantify land use change of each
category. The change intensity of each category was measured by théggaseizain and
Loss(Pontius et al., 2004). The components of the intensity were estimated by the percentages
of Quantity, Exchange andShift for each category in the study area (Pontius and Santacruz,
2014). Quantity is the quantitative difference afvo time points,Exchangeis the location
changes between two categories during the periodShiftiwas the location change of more
than two categories (Shafizad®toghadam et al., 2019; Pontius 2019).

2.2.5Scenario analysis

To understand the patterns of LUQMder different strategies, we developed three

scenarios to explore the dynamics of land use change in MRW under different policies. The
scenari os (Scenari os ) was set up under th
developed under current éronmental setting, and all related factors were same as that in the

year of 2020. The scenari os (Scenarios ) wa
and socieeconomic development will increase or improve based on the expected value. Based

ont hese pl ans, t he Government of China indicate
billion which will increase by 2% compared to the population in 2020, and the GDP will grow

at a rate of 5% per year . Th etheassemptoomthaotise (Sce
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socieeconomic factors will develop as expected, and the traffic, education, and the living
facilities in the MRW will be improved continually. More higipeed railways and motorways
will be built based on plans of the local goweent (Fujian Provincial Development and
Reform Commission, http://fgw.fujian.gov.ch The distances to the education and

entertainment facilities will be decreased by 20% compared the year of 2020, and human
activities will be limited with the protected area in the MRW..

2.3 Results

2.3.1Patterns of land use change

The patterns of land use of ten years were presented in the FR3galdg with the losses
and gains of different land use categories during each tiraevat The transitions of each
category of land use were also calculated in the TaBlevZoodland accounted for more than
80% of the MRW area at all time points. Net increased urban area was observed during all time
intervals and there were no lossesidfan area for these two periods. The urban area increased
by 0.84% and 2.22% of the total area in 2@0Q5, and 201/2020. The increasing urban area
was mainly transferred from agricultural and woodland areas, and 0.65% and 1.92% of the total
area wererainsferred to the urban area which accounts for more than 75% net increased urban
area in these periods

The intensity of loss and gain and the components of temporal differences in the two
periods were quantified in this study (Fig32 Based on the iahsity analysis, the contribution
of each category to the overall change was identified. The grassland, agricultural land, orchard,

urban, and barren land were always active during the two periods

2.3.2Model training and validation

The RF models performed wédtlr each land use category, with average AUC values of
0.999 and 0.916 for the training and testing periods, respectively (B)g.ring the testing
period, the AUC values ranged from 0.844 for barren land to 0.981 for the water areas in the
MRW. Oveanll, a high model performance was identified when estimating the transition
suitability of woodland, agricultural areas, orchard, urban areas, and water areas, whereas low
accuracy was observed for grassland and barren land

The contribution of eactiriving factor on the output of RF models was displayed in Fig.2
5. The population, VIIRS nighttime lights, and slope were the most important factors
influencing the distribution of urban areas. Population and slope were important factors that
influence tte distribution of agricultural land. In contrast, natural land use may be influenced
by topographical variables. The most important factor that influenced distributions of woodland

was slope, meanwhile the top factor that influenced distributions of watealleviation
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Table 24 Land use/cover change during the two periods (% of MRW)

From Category Period Woodland Grassland  Agriculture Orchard Built-up Barren  Water Sum Loss
Woodland 20102015 84.13 0.11 0.36 0.12 0.20 0.01 001 8494 0.81
20152020 85.34 0.17 0.14 0.28 0.71 0.01 001 86.66 1.32
Grassland 20102015 2.51 1.59 0.02 0.06 0.10 0.01 0.03 432 273
20152020 0.15 1.28 0.09 0.13 0.06 0.01 1.72  0.44
. 20102015 0.02 0.01 3.18 0.10 0.45 3.76  0.58
Agriculture
20152020 0.02 0.07 2.16 0.15 1.21 0.02 3.63  1.47
Orchard 20102015 0.05 1.80 0.09 0.01 1.95 0.15
20152020 0.03 0.03 1.81 0.20 0.01 2.08  0.27
Built-up 201062015 0.00 0.00 0.00 0.00 3.54 0.00 0.00 3.54 0.00
20152020 0.00 0.00 0.00 0.00 4.38 0.00 0.00 4.38 0.00
201062015 0.01 0.01 0.10 0.12 0.02
Barren 20152020 0.02 0.02 0.02 0.02 0.01 0.04 013  0.09
Water 201062015 0.01 1.36 1.37 0.01
20152020 0.03 0.01 0.11 0.03 1.22 1.40 0.18
201062015 86.66 1.72 3.63 2.08 4.38 0.13 1.40 100
Sum 20152020 85.56 1.58 2.44 2,50 6.60 005 127 100
Gain 201062015 2.53 0.13 0.45 0.28 0.84 0.03 0.04
20152020 0.22 0.30 0.28 0.7 2.22 0.01 0.05

Note: Blanks indicated less than 0.005% of the total area of the MRW
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Fig 2-5 Variable importance for determining land use change based on RF models
(Note: EL. ,SL., AS., MO., RA,, Cl., ED., EN., PO.,dNL. represented elevation, slope,
aspect, distance to motorway, distance tosigked railway, distance to city center, distance

to education facilities, distance to entertainment facilities, population density and VIIRS

nighttime lights, respectively)

The land use patterns of the MRW in 2020 were simulated based on the proposed model
(Fig. 2-6). The simulated land use was highly consistent with the observed land use. Though
t he accuracy of barren |l and (Producer 6s acc.|
FOM=0.60) and grassland (Producer ds accur ac)
FOM=0.64) was lower than other categories of land use, the proposed model still suitable for

predict land use change in the MRW. The overall accuracy of the map was 0.972{%nble

2.3.3Land use change under different scenarios

Based on the conditions set under the three development scenarios, transition suitability
images were simulated using the RF models (Fig4,S25, and S26). In Scenario |, the
patterns of land use changere identified under the assumption that changes in land use will
be developed under the environmental setting of 2020 (Fiy. 2he results show that there
are no new barren areas, and approximately 81.8% of barren land may be transferred to other
types of land use, including urbanized land, orchard, agricultural land, and grassland. And the

urban area will increase continually during this process.
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Fig 2-6 Observed and simulated land use patterns in 2020
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Table 25 Accuracy assessment of the model

Woodland Grassland Agriculture Orchard Built-up Barren Water
Overall accuracy 98.58% 99.46% 98.73% 99.18% 98.53% 99.91% 99.78%
Producer's accuracy 99.76% 60.98% 96.59% 75.60% 78.00% 68.30% 96.72%
User's accuracy 98.63% 84.59% 66.74% 92.20% 99.89% 61.70% 87.32%
FOM 0.99 0.64 0.65 0.75 0.78 0.6 0.85
Overall accuracy of maj 0.971
Kappd 0.884

*Note: Kappa is a metric we do not encourage. We include it here to help user better understand its misleadpgperties and compare with related studies. For
detail discussion of its drawbacks, please see Pontius and Miliones (2011).
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Fig 2-9 Patterns of land use change under Scenarios

The transformation patterns of land use were also evaluated with Scenario Il, which
assumes that the social and economic factors will be improved with increasing population and
GDP (Fig. 28). Theresults indicated that barren land may be more frequent, and approximately
9.1% of new barren areas were gained during this process. The process of urbanization will be
more complex under scenario I, and it is found that approximately 0.5% of urbanarea m
transfer to other types of land use.

Spatial planning of the related facilities may influence land use patterns in the MRW (Fig.
2-9). Compared with the transformation pattern under Scenario Il, barren land may be less
prominent under the assumptionSxfenario lll. There was no newly gained barren land under
the assumption of Scenario Ill. Meanwhile, the intensity of agricultural activities may be less
pronounced compared to Scenario . The gained
and 7.6%, resgtively, under Scenario Ill (Fig-2). In contrast, approximately 46.2% and 9.3%
of orchard and agricultural land may be gained under the assumption of Scenario Il. In addition,

the process of urbanization may still be complex under this scenario.

2.4 Discussion
2.4.1LUCC in the MRW
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Chinese cities are undergoing rapid anthropogenic disturbance, and the LUCC in China
has drawn much attention recently (Huang et al., 2012; Zhou et al., 2020). The pattern of land
use in the MRW during 201020 was analyzed in thssudy (Table 24, Fig. 23). The land
transformation has accelerated across the two time intervals, which is consistent with the
accelerating economic development in Southeast China (Fib). Sais finding is comparable
to the results of previous studigsrelated area (Huang et al., 2012; Zhou et al., 2014). The
change in grassland was pronounced at two time intervals, and the change was most prominent
during 20152020. This result is similar with the trend observed in Asia (Shafizadeh
Moghadam et al.2019). In this study, an efficient hybrid geospatial explicit approach was
developed based on a RF model combined with CA and Markov models to understand patterns
of land use in a large watershed located in Southeast China.

Although the CAMarkov model ha been widely used in landscape and urban planning,
the development of suitability maps for the model has not improved over the past decades (Fu
et al., 2018). The RF model has the advantage of exploring the relationship between land use
and local factorsgspecially for nonlinear relationships. The accuracy of the proposed method
was relatively high, which was satisfactory for land use modelling. Compared to other land use
categories, the accuracy for grassland and barren land was relatively low -@igT &
uncertainty from input data, parameters, model structure, processes, and mathematical
representation may influence the performance of land use models (Pontius et al., 2006; Ren et
al., 2019; Lu et al., 2020). Recently, Lu et al. (2020) suggesteththpercentage of land use
may also affect the performance of the models. It was confirmed in this study, the total areas of
the barren land and grassland in the MRW were less than other categories of land use, and data

for training and testing for the RRodels may not enough

2.4.2Driving factors for land use change

The evolution of land use is affected by regional environmental settings;ezmiomic
development, and related policies (Arsanjani et al., 2013; Lei et al., 2019). Land use models are
valuabletools for understanding land use changes and identifying potential outcomes of
policies or strategies (Van Vilet et al., 2019; Bacau et al., 2022). The importance of the driving
factors influencing land use change was identified using the RF model2-8idt is indicated
that the urban sprawl may be significantly affected by secanomic factors. Population
density and VIIRS nighttime lights were proven to be the major factors that influence the
distribution of urbanized land in the MRW (Fig:52. These results are consistent with the
findings of previous studies (Huang et al., 2018; Lei et al., 2019; Zhou et al., 2020). Meanwhile,
the topography was one of the most important factors influencing humdaced land use, and
in this study, we also foud that slope can highly influence the distributions of urbanized land

and agricultural land use in the MRW.

25



Chapter2 Driving factors for land use/cover change

Topographic factors such as elevation and slope gradient can reflect land productivity
(Guan et al., 2019). The area with steep slopes may bediffacelt to develop and use, and
lower economic benefits may be achieved in these lands, which have a lower probability of
change. Thus, natural or senatural land uses were likely to be found in these areas (Arsanjani
et al., 2013; Lei et al., 2019;ua@n et al., 2019). For example, Lei et al. (2019) indicated that
the probability of fallow, forest, or orchard/garden would increase by 35.7%, 34.7%, and 50.3%,
respectively, while the slopes would increase by 1 degree in a rural lowland catchment in
Germany. Viana et al. (2021) also proposed that slope can be used as an explanation factor
regarding agricultural land use, and different threshold values were found in the Beja district
located in southern Portugal. In contrast, the urbanized land uses allg abserved in the
area with flat terrain (Zhou et al., 2020; Bacau et al., 2022). In this study, we also found that
the distribution of woodland was highly related to slope in the MRW

2.4.3Effects of spatial planning on the dynamics of land use @&ang

The land use patterns were simulated under different scenarios in this study-(Figs. 2
8, and 29). Overall, the urbanized land may still be dynamic in these scenarios, and most of
the newly gained urbanized areas were transferred from the agricldtiaand woodland.

Similar studies also found that the agricultural land may be replaced by the urbanized land to
meet the demand of market in the former socialist countries such as Slovakia and Romania in
Europe with changing policies (Pazur and Bolljg®17; Bacau et al., 2022). With increasing
demands of market, the process of urbanization becomes more complex, some urbanized land
may be lost and more of the woodland was transferred to the urbanized land under Scenarios |l
and Il (Figs. 28, and 29). For the rapid economic development and high population in the
highly urbanized area, the urbanized land may be increased in these areas for urban sprawl,
while the urbanized land may be reduced in the rural area due to a decreasing population. The
similar results were observed in related studies in China. For example, Zhou et al. (2020) found
that the urban land area in the Chongming District, the rural area of Shanghai, experienced
negative growth during 201%020 while the urban area of Shanghai wasreasing
continuously.

The spatial regional planning plays an important role in land use development (Zhou et al.,
2020; Bacau et al., 2020). Comparing the scenarios of rapid economic development and high
population (i.e., Scenarios Il and Ill), we foul@t regional planning may reduce the effect of
land degeneration during the process of urbanization. Although more urbanized land may have
been gained under these scenarios, increased land abandonment was observed under Scenario
Il (Figs. 28, and 29). Fa the unconstrained development and limited facilities to meet the
demands of peopl e, the | and use change patter |

more orchard, agricultural land, and barren land were gained compared with the results under
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Scenam s : On the one hand, for the |l imited faci
increase, thus the agricultural and orchard may increase nearby. On the other hand, for
unconstrained development in this area, more area may be developed withoublirritais,

more land may be abandoned and more barren land may be gained.

2.4.40utlook

To understand LUCC with changing environmental settings, the relationship between the
driving factors and land use was identified using RF models, and suitable images for each
category of land use were simulated. The improvedM@ikov model is more efficient for
understanding land use patterns in different scenarios. However, the Markov model was built
based on the historical land use images, which may have enhanced thantyagithe model.

In the next step, we will attempt to improve the Markov model by considering the changing

environmental setting to improve the accuracy of the model.

2.5 Conclusions

We developed a machine learnipgsed CAMarkov method to nderstand LUCC under
different scenarios in the MRW. The proposed method exhibited an acceptable performance.
Lower accuracy was observed in the grassland and barren land simulations. The land
transformation has been accelerating in past decades, whicimdgstent with accelerating
socieeconomic development in the MRW. With the RF model, the most important driving
factor for land use change was identified. The spatial planning may playrsegtgible role
in land use evolution. This study provides afliépth understanding of LUCC patterns using

various strategies
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Chapter 3 A method for detecting the nonstationarity during high
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Abstract

The sustainability of existing water resources is influenced by extreme streamflow, and
climate variability and human activities are generally the major factors controlling these
dynamics. However, most of previoygiroposed methods to determine the effects of these
factors have only been developed under the assumption of stationarity. Therefore, to overcome
the existing research gap, an innovative method was proposed in this study to analyze and
distinguish the efcts of climate variability and human activities on extreme streamflow based
on the norstationarity theory. Accordingly, a rainfallinoff model was developed using leng
term hydrological data in the watersheds of Southeast China, which cover >75,000hkm?2.
model proposed in this study showed an acceptable performance, as indicated by the Nash
Sutcliffe efficiency coefficient (NSE), the KlinGupta efficiency (KGE), and percent bias
(PBIAS). The NSE, KGE, and |[PBIAS| were Q.6775, 0.570.74, and 1.2216.79 during the
calibration periods, respectively. And the NSE, KGE, and |PBIAS| were®7#&R 0.650.76,
and 0.9817.51 during the validation periods, respectively. The trends of the extreme
streamflow were analyzed for these watersheds at differemt sitales. The streamflow
extremes at short time scales were found to be more sensitive to changing environment than
those at longer time scales. The major factor controlling streamflow extremes at short time
scales was human activities and climate changg be the dominant factor influencing
streamflow extremes at long time scales. The findings of this study could provide useful

insights into water management under global change conditions.

Keywords: Rainfabrunoff model; Streamflow; Generalized extrensue; Nonstationarity;

Climate change
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3.1 Introduction

Changes in the frequency and intensity of extreme hydrologic events worldwide threaten
human life, infrastructure, and agriculture, thereby adversely impacting society and economy
(Milly et al., 2008;Vinnarasi and Dhanya, 2019; UN WWDR, 2020). Hydrologic modeling is
a useful tool to estimate the frequency and intensity of hydrologic extremes in the future
(Ervinia et al., 2020; Zhang et al., 2@20However, these models have been developed with
staticnary parameters. Models are calibrated with present available data, but applied for future
projections (Wagner and Fohrer, 2019; Ervinia et al., 2020; Kiesel et al., 2020). It is
increasingly recognized that the responses of hydrologic systems to changirgnment
needs to be better understood (Mentaschi et al., 2016; Pathiraja et al., 2016; Ouarda et al., 2019).

Methods to evaluate extreme events are crucial for assessing the risks that human beings
are facing, and for water management (Ishak et al3;2@entaschi et al., 2016). Hydrologic
frequency analysis, which estimates the occurrence probability of rare hydrologic events by
fitting a probability distribution to the data selected from the maxima in a defined period, is
widely applied to design viables to an acceptable exceedance probability (Sraj et al., 2016;
Luke et al., 2017; Bracken et al., 2018). Conventionally, most of these analysis methods are
developed based on the hypothesis of independency and stationarity of streamflow events,
assumig that the probabilistic distribution parameters and exceedance probability of events
are static (Huang et al., 20¢3hang et al., 2014; Ouarda et al., 2019). Consequently, most
hydrologic modeling practices have been performed under this assumptioragbteret al.,

2016; Sadegh et al.,, 2019). However, an assumption that the change in extreme events is
stationery has been challenged by the fact that extreme events are changing in the past decades
and are likely to change in the future (Sraj et al., 2CH8es et al., 2017; Sadegh et al., 2019).
Additionally, The stationary models may misestimate flood quantiles relative to the non
stationary models and many studies highly recommend the consideration obtatiammary
framework to enhance the flood nay@ment in Europe (Sraj et al., 2016; Hesarkazzazi et al.,
2021). Therefore, it is necessary to quantify extreme hydrologic events under the assumption
of nonstationary.

Non-stationarity of hydrologic events can be attributed to local anthropogenic snpact
such as land use change and damming, or to the global climate change (Milly et al., 2008; Zhang
et al.,, 2015; Ouarda et al., 2019; Cui et al., 2020). Related studies indicated that extreme
precipitation events are projected to be more frequent and&terceeding known historical
records, and thereby providing strong evidences that extreme hydrologic events are closely
related to global climate change (Luke et al., 2017; Sarhadi et al., 2018; Sun et al., 2018). The
distribution of hydrologic extremes likely to be modified in the context of climate change
(Nasri et al., 2017; Li et al., 20&48Carney et al., 2020). Additionally, human activities have
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increasingly influenced the streamflow regime and extreme hydrologic events (Zhang et al.,
2015; Zhag et al., 2028). Human land use has a strong impact on water balance components
and it has been identified as a major contributing factor testationarity in rainfalrunoff
relationships (Wagner et al., 2016; Deb et al., 2019; Wagner et al., 201ehgh al., 2020).

Furthermore, the interaction between local human activities and global climate change
made this nosstationarity more complex (Li et al., 2df&rvinia et al., 2020). For example,
in the developing regions, urban expansion may be tjernfactors to modify the change
patterns of the local climate. A study in the Yangtze River Delta found that the recurrence levels
of the Xday and 5day maximum precipitation increased by 25.9 % and 59.1 % for highly
urbanized areas, 34.2 % and 36.9¢&n0dlightly urbanized areas, and 30.7 % and 61.5 % for
rural stations, respectively (Lu et al., 2019). In contrast, the climate change may increased the
risk of flood or high flow events in the developed regions. Some studies indicated that the
increasingmagnitude of extreme precipitation may increase thestationarity and lead to
more uncertainties of flooding. (Tromel and Schonwiese, 2007; Sraj et al., 2016; Huo et al.,
2021). Sraj et al. (2016) found that a 10 % increase in annual precipitatidi@-ybar flood
increases by 8 % in a watershed of Slovenia. Although significant progress has been made in
understanding hydrologic extremes, the role of local or global forcing on the frequency and
intensity of high flows remains uncertain.

The coastal warsheds in southeast China had been suffering from increased frequencies
of climate events (e.g., typhoons) and drastic human activities (e.g. accelerated land use
changes) (Huang et al., 2Gt3Huang et al., 2018 Zhang et al., 202(). To understand the
vulnerability induced by extreme hydrology events, the-stationary patterns of high flows
was identified in this study. To achieve this goal, a raimfaibff hydrology model coupled
with the generalized extreme value (GEV) model were developed. Jéwivbs of this study
were: (1) to evaluate the occurrence ofstationary patterns in high flows, (2) to identify the
impacts of climate change and human activities on high flows, and (3) to provide evidences for
management of wateelated extremes. His study provides new insights into the non

stationary of high flows in the context of human activities and climate changes.

3.2 Materials and methods

3.2.1Study area

Minjiang River Watershed and Jiulong River Watershed are the two largest watersheds in
SoutheasChina located west of the Taiwan Strait, in the subtropical zone with a subtropical
monsoon climate (Fig-3). The Minjiang River Watershed covers 60,997 amd the annual
average precipitation is 1617 mm, of which 70 % occurs between April and Sept&imber.
average annual discharge of the Minjiang River Watershed is 198QZhang et al., 2019;

Huang et al., 2020). The Jiulong River Watershed is the second largest river in the Fujian

31



Chapter3 Streamflow extremes under global change

Province and it covers an area of approximately 14,700 Kime averge discharge of the
Jiulong River Watershed is 380%s (Huang et al., 2083 Zhang et al., 2015). These
watersheds supply water to >35 million residents, households, and industries, and provide
resources for agricultural irrigation (Zhang et al., 2015 righet al., 2019; Huang et al., 2020).

As a result of population increase and economic growth, the areas of urban increased
significantly after 1980s (Huang et al., 2010; Huang et al., 2012a). Simultaneously, the
demands of water resource increased. Fampte, hundreds of dams or reservoirs were build

in the in the Jiulong River Watershed (Zhang et al., 2015).

3.2.2Data sources and processing

The daily river discharge data of nine hydrological stations in two major watersheds in the
Fujian Province (i.e.Jiulong River Watershed and Minjiang River Watersiied; 3
landTable 31) were obtained from the Hydrology and Water Resources Bureau.
Meteorological data with 0.5%0.5°patial resolution from 1961 to 2012, including mean daily
air temperature, maximum daily air temperature, minimum daily air t&npe, and daily
precipitation, were obtained from the China Meteorological Administratidp:({/data.cma.gn
The potentiabvapotranspiratiowas estimated based on the Hargreaves metthadj(eaves
et al., 1985Hargreaves and Allen, 20D3Theclimate variabilitytrends of these watersheds
are shown irFig 3-2, Fig 3-3, andFig 3-4.

3.2.3Streamflow reconstruction

A conceptual rainfaltunoff hydrology model was developed in this study based
onJacksorBlake et al. (2017)The model was calibrated for the baseline (i.e., streamflow
generated under the environmental setting of the 1980s), and the baseline streamflow (i.e.,
streamlfow reconstructed based on thevironmental setting of baseline) after the 1980s were
reconstructed by only changing the meteorological inputs of the model. The surface runoff, soil
water, and groundwater were considered as input variables in this modeB{Ejga®hd they

were estimagd as follows:
Q=f® (1)

whereQsis the surface runoff,is the proportion of precipitation that exceed the infiltration,

andP is the precipitation.

S

Qsoi :(V oil ~ fS)QI.f_l (if Vi~ fs) (2

dVy i ) e €Y
—7s0ll = (1. f)dp- alphalPET@L- e S01l)- Q 3)

dt soil
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Fig 3-2 Precipitation in the study area
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Fig 3-4 Potential evapotranspiration in the study area
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Table 31 Description of the hydrology stations

Name Hydrology station ~ Watershed size (kfn Time period Length (m)

West River Watershed (WRW) Zhengdian (ZD) 3491.37 19612012 239430
North RiverWatershed (NRW) Punan (PN) 8458.72 19612012 509131
Shaxi River Watershed (SRW) Shaxian (SX) 9918.13 19652012 549756
Jianxi River Watershed (JRW) Qilijie (QL) 14816.17 1961, 19631968, 1972012 647260
Futunxi River Watershed (FRW) Jiangle (JL) 5995.75 1961,19651966,1970-2012 531577
Shaowu (SW) 2712.34 1961, 19631967, 19691972, 19762000, 2003201z 205356

Youxi River Watershed (YRW) Datian (DT) 370.94 19621977 13865
Youxi (YX) 4075.33 1984, 19962012 321146

Dazhangxi RiveiWatershed (DRW) Youtai (YT) 3948.38 1961, 19632012 375344
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whereQsoilis the soil water flowVs.i is the soil water volumés is the soil field capacityf] is

the threshold between soil and groundwater flbsis the soil water time constaRET is the
potential evapotranspiratioalphais the correction factor for the potential evapotranspiration,
ande is a parameter that determines the shape of the curve that link the relationship between
evapotranspiratioand soil water content (Fenicia et al., 2011). .

av, _ .
F =beta@,; - Qg (4)
V d
Qg =_9 or i :i (5)
Tg dVg Tg
dQ, _dV, .dQ . .1
= 00— =(beta@_ . - o— 6
dt  dt dv, (beta@u - Q,) T, ©)

whereVyis the groundwater voluméetais the baseflow indexTg is the groundwater time
constant, an€, is the groundwater flow.

We argue that physical changes in a watershed transform the underlying processes, which
are manifested in the temporal variation of parameters in this conceptual model. The
comparison method was employed to understand thestadionary of streamflow in tov
periods (i.e. baseline period and impacted period ) with the assumption that the human activities
were inactive in the baseline period and were active in the impacted period. Thus, the
parameters for conceptual model would not change too much duringetiigl. The model
was calibrated and validated using the daily streamflow data by comparing the simulation
results with field measurements. The periods for calibration and validation of the model were
19611969 and 1971977, respectively. The NaSutcliffe efficiency coefficient (NSE) (Nash
and Sutcliffe, 1970), percent bias (PBIAS), and Klagpta efficiency (KGE, Gupta et al.,
2009) were used to evaluate the performance of the model. PBIAS is a statistical metric
providing an estimate of over predmi (PBIAS>0) or under prediction (PBIAS<O0) of the
model. They were calculated as follows:

é (Qobs_ (Dcal)2
NSE= -2 (7)

a_ (Qobs - Qave)2

é. (Qcal - Qobs)
PBIAS =100 1= ®)

n

é Qobs
i=1
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whereQobs Qcal, Qave, @andn are the measured data, simulated déaaverage, the number of
days.

KGE=1- \/(r - 1)*+(@- 1)*+(b- 1)° (9)

where r, a,andb are the linear correlation between observations and simulations, the measure
of the flow variability error (i.e. the ratio between the standard deviation ofaied flow and

the standard deviation of observed flow), and the bias term respectively (i.e. the ratio between
the mean simulated and mean observed flow). Knoben et al. (2019) reported that the KGE
scores betweei®.41 and 1.0 can be considered as satisfy model performance. The index

of agreement (d) (Willmott 1981) was employed to evaluate the degree of model prediction

error. The agreement value of 1 indicates a perfect match, and 0 indicates no agreement at all.

3.2.4GEV model

The GEV distribution is e of the most important extreme distribution functions applied
in extreme theory, and has been widely used worldwide (Ishak et al., 2013; Zhang et al., 2014;
Zhang et al., 2018; Ragno et al.,, 2019). The cumulative distribution function for the non

statiorary GEV model is defined as follows (Towler et al., 2010):

i g),s ) =exg - G MA@y, R alg. g )
T e c S ] i,’ c S +

wherex is the annual extreme valuldq) is the location parameter in the rstationary GEV

model;qgis the covariate of thinear function of the location parameter; asd and x are

the scale and shape parameters of the GEV model, respectively. The employed GEV method is
based on a study by Ragno et al. (2019), named Pridesmied Nonstationary Extreme Value
Analysis (ProNEVA), in which the nestationarity component can be defined by the temporal
explanatory variable. Using the ProNEVA approach, the distribution parameters were estimated
by the Bayesian inference approach and thetguimr distribution function of the parameters
was sampled with a newlyeveloped hybrid evolution Markov Chain Monte Carlo approach
(Ragno et al., 2019).

The precipitation in Southeast China has increased in the past, and may continue to
increase in théuture (Huang et al., 20h3Zhang et al., 2015; Ervinia et al., 2020). Moreover,
the intense human activities (including land use change) after the 1980 may have modified the
streamflow regime in this region (Huang et al., 2012; 202818). In addition patterns of
hydrological may be changed at different scales (Tu et al., 2017; Sun et al., 2018). Therefore,
in this study, the @lay maximum streamflow (annual maxima efl® means; Sm3day); 7
day maximum streamflow (Sm7day),-88y maximum streamflonSm30day), and 9@ay

maximum streamflow (Sm90day) were used as the annual extreme values for GEV models.
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These indices of the flow statistics were calculated according to previous studies (Zhang et al.,
2015; Zhang et al., 202D

3.2.5Method to distinguish thenonstationary of climate change and

human activities

Theoretically, the hydrologic extremes can be extrapolated with probability density
function or cumulative distribution function with observed maxima or minima. According to
the assumption of theon-stationary theory, the extrapolated extreme can vary temporally and
the return level can be estimated annually. This is also referred to as the effective return level
(Cheng et al., 2014). The parameters in the GEV distribution can change tempbuslly, t
facilitating the efficient detection of extreme trends within this framework (Bennett et al., 2015;
Zhang et al., 2018; Steirou et al., 2019). In this study, we developed GEV models under two
conditions, including the baseline streamlfow (i.e., stré&amfre-constructed with the
environmental setting of the baseline, which was influenced by the changed climate conditions
in 19782012) and impacted streamflow (i.e., observed streamflow, which was influenced by
the changed climate conditions and humarviies). Distribution curves for the effective
return levels for the two scenarios were then constructed. The slopes of the return period at the
specific scale were further estimated to quantify the impacts from the related factors (Lu et al.,
2019) (i.e, U a n d-5).6The inEreaged Slope (i.e., positive value) indicated that the
magnitude of the streamflow extreme may increase in the future, and the decreased slope (i.e.,
negative value) indicated that the magnitude of the streamflow extreme maasemn the

future.

e [ ffective return level (human activities & climate change)
= [ ffective return level (climate change)

Return level

Covariate

Fig 3-5 Method to identify the noestationarity of hydrologic extremes associated with

climate and human forcing

Then, the contribution of climate chand®)(and human activities (including the coupled

effect of climate change afmiman activities)En) can be estimated as follows:
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b .
E. = l—jcnooyo (11)

3.3Results

3.3.1Model calibration and validation

The calibration and validation results are shown in Fig Bhe simulated discharge fitted
well with the observed values, with an NSE over 0.65, |PBIAS]| less than 20, and KGE over
0.60 except for the DT station (Table€2R suggesting that the models reaably reflected the
characteristics of the rainfallinoff processes in these watersheds during the baseline period,
and thus can be used to evaluate future changes with the environmental setting in this period.
Additionally, the simulated flow durationucves fitted well with the observed curves (d=0967
0.989), which indicated that the models can perform well for the maxima and minima
streamflow (Fig 36).

3.3.2Patterns of hydrologic extremes

The time series of maximum streamflow at different scales fop¢hied from 1978 to
2012 are illustrated in Fig-3. The alteration of the red to blue from bottom to top indicated
that the maximum streamflow decreased with a longer time scale. Moreover, high variabilities
were observed in the bottom area of the timéesgesuch as for Smlday and Sm3day, which
indicated that these indicators may be more sensitive to the changing environment. In contrast,
low variabilities were observed for Sm90day and Sm30day, and this might suggest that these
indicators were less setige to the changing environment. In addition, similar patterns of the
annual maxima streamflow were observed in adjacent hydrology stations, such as the ZD and
PN stations which are located in the Jiulong watershed.

According to the nowstationary GEV argsis, the return level curves of the annual
maxima streamflow for the different scales (Fi§)3and the observed data fitted well with the
maximum likelihood return level curve. All the stations exhibited similar return level patterns
(Fig 3-8).
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Table 32 NashSutcliffe efficiency coefficient (NSE), Klingsupta efficiency (KGE), and percent bias (PBIAS) of the raidtilmodel in streamflow

simulation
Station Calibration Validation

NSE KGE PBIAS NSE KGE PBIAS
ZD 0.67 0.72 1.92 0.71 0.72 1.83
PN 0.72 0.73 11.26 0.74 0.76 9.42
SX 0.72 0.57 16.61 0.77 0.74 14.89
QL 0.71 0.63 -6.81 0.75 0.65 -7.46
JL 0.75 0.63 16.79 0.69 0.68 17.51
SW 0.67 0.74 1.22 0.72 0.70 0.98
DT 0.50 0.58 25.86 0.52 0.62 18.36
YT 0.70 0.70 8.99 0.74 0.74 2.49
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Fig 3-6 Daily streamflow calibration and validation for the rainfalhoff hydrology model
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Fig 3-7 Annual maxima streamflow of the study area
(Note: from up to down: ZD, PN, SX, QL, JL, SW, YX, and YT)

3.3.3Impacts of climate change and human forcing

The nonstationary GEV models of the hydrology stations were set up for the different
streamflow scenarios, and accordingly, the effects of human activities and climate change were
identified (Fig 39). Excepffor the SW and YX stations, the return levels of the annual maxima
streamflow might be reduced in the future because of human activities. Climate variability
evidently had limited impacts on the annual maxima streamflow in the YT station which might
be dueto the small watershed area and low variability of climate change (TablEi§ 3-2,

Fig 3-3, and Fig 34).
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Fig 3-8 Return level of the annual maxima streamflow

Furthermore, the quantified effects of human activities and climate change are presented
in Table 33. Human activities might alter the patterns of annual maxima streamflow in terms
of the Sm3day and Sm7day for the small watersheds (i.e., ZD, SW, and YT stations). The E
of Sm3day and Sm7day at the ZD, SW, and YT stations, with watershedesgehan 3500
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km?, were 177208% and 114214%, respectively. Except for the YT station, climate change
was the major factor that influenced the patterns of the annual maxima for the different stations
(Table 33).
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Fig 3-9 Time series of the effectiveturn levels for the annual maxima streamflow based on
the nonstationary generalized extreme value (GEV) modely@#r return level)
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Table 33 Effects of human activities and climate change (%)

Station Index En E. Station Index En Ec
Sm3day 208 -108 Sm3day 22 78
Sm7day 118 -18 L Sm7day 39 61
Sm30day  -42 142 Sm30day 16 84
Sm90day  -11 111 Sm90day -1 101
Sm3day 28 72 Sm3day 177 =77
Sm7day 7 93 Sm7day 214 -114

PN SW
Sm30day 24 76 Sm30day  -29 129
Sm90day 51 49 Sm90day -24 124
Sm3day 22 78 Sm3day 16 84

sx Sm7day 11 89 vx Sm7day 175 -75
Sm30day 23 77 Sm30day -10 110
Sm90day 31 69 Sm90day 166 -66
Sm3day 174 -74 Sm3day 189 -89
Sm7day 18 83 vT Sm7day 114 -14
Sm30day 13 87 Sm30day 107 -7
Sm90day 27 73 Sm90day 99 1

Note: k and Eare the effect of human activities and climate variability, respectively.

3.4 Discussion

3.4.1Applicability of the rainfaltrunoff model

This study assumed that the marginal distribution of streamflow regimes follows a GEV
distribution, where thdistribution parameters can vary temporally. However, the streamflow
regimes may be controlled by climatic factors (including precipitation, temperature, and
weather generator parameters) and huimdnced factors (including land use/cover change
and dam onstruction) in the watersheds (Huang et al., 20ZRang et al., 2015; Steirou et al.,
2019; Aghsaei et al., 2020). Hydrological models are useful tools for understanding the impacts
of climate variability on watersheds (Deb et al., 2019; Ervinia 2@20; Zhang et al., 202D
To identify the streamflow regimes controlled by climate change, the streamflow of the study
area was reconstructed, which eliminated the interference of human activities after the 1980s,
by only changing the meteorological irip of the watersheds. The model structure employed
in the study was found to be a viable tool to simulate the rainfadff process for the large
scale watershed.
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Previous studies in the study area employed models with more complex structures (Huang
etal., 2013a; Zhang et al., 2019; Zhang et al., 2020a). Although the assumptions of the rainfall
runoff model proposed in this study were simpler than the popular proased models, that
is, Soil & Water Assessment Tool (SWAT) and Hydrological Simula@ogramFORTRAN
(HSPF), the performance of the proposed model was comparable to those models in previous
studies (Table S3). For example, the NSE for the daily streamflow simulation of SWAT in
the NRW during the calibration and validation periods we6éd @nd 0.60 while those were
0.72 and 0.74 respectively, using the rainfafioff model in this study (Table3 and Table
S31).

The development of watershed models may be highly complex under certain
environmental settings (JacksBieke et al., 2017)n this study, this conclusion for watershed
modeling was further confirmed by comparing the results of this model with the other models
employed in previous studies in Southeast China (TablE) SBhree major runoff generation
processes were considergdthis study, and both the models performed similarly during
calibration and validation in the large watersheds. Although the prbesssl models,
including SWAT and HSPF, better represent watershed processes, such as land use and soil
condition, thesamight also intensify the uncertainty in the structure of the model due to
insufficient or parsimonious inputs of models for the large watersheds. Compared to the
performance on small watersheds, the model exhibited better performance on the large
watershedecause the effects of some processes (e.g., land use changes and dam construction)
can be neglected in such cases (Zhang et al., 2020a).

Compared with the combination methods for estimating potential evapotranspiration (e.g.,
PenmarMonteith method), theemperaturdoased methods have been widely applied in water
energy balance analysis because of its low data requirements and better correlation with
temperature, which would be beneficial for future projections (Weiland et al., 2012; Seong et
al., 2018).Some researchers have attempted to adapt these methods to estimate daily potential
evapotranspiration. Aguilar and Polo (2011) indicated that the Hargreaves method can be used
to study the water and energy balance on a daily scale after correction. Fpieex&/eiland
et al. (2012) proposed a revised Hargreaves method to estimate daily global reference potential
evapotranspiration. In this study, the potential evapotranspiration was further corrected to
simulate the soil runoff, and the models were actdptéilTable 32). Some models have
employed the similar methods to correct potential evapotranspiration to satisfy requirements
(e.g., Jung et al., 2016).

Obtaining representative meteorological data for watersbat® hydrological modeling
can be difficul and timeconsuming (Fuka et al., 2014). Ghdsed meteorological data are
becoming an important source for driving hydrological models because of their high temporal
resolution and reliability (Wang et al., 2021b; Tan et al., 2021). Fuka et al. (284 #)dicated
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that gridbased data such as CFSR datag>fesolution) can be as good as the traditional
weather gauging stations in small watersheds ¢220D kn3). In this study, we used grid

based meteorological data as the driving force for theal&inmoff model to understand
streamflow regime in Southeast China. It required less time due to the less data acquired to
establish the model. Although the performance of this were lightly poorer in the small sub
watersheds, for example the NSE of sintedbstreamflow during the calibration and validation
periods were 0.50 and 0.52 at DT station (396)Kifable 32 and Table S3). In this study,

we also compared the performance of the rammtaibff model with different driving forces

(Fig S32), the esults shown that the performance of grased meteorological data can be as
good as the local stations. Compared to the performance of related studies (e.g. Fuka et al.,
2014), our model is acceptable

3.4.2Hydrologic extremes in Southeast China

Streamflow egimes are generally controlled by climate variability such as precipitation,
temperature, evapotranspiration, soil moisture (Huang et al.a2@bang et al., 2015), and
they may be effective indicators that identify regional change (Wang et al., 2048g ldt al.,
2014; Zhang et al., 2018). Moreover, changes in precipitation amplify changes in streamflow,
as observed for the past decades across the Asian Pacific region (Chen et al., 2007; Huang et
al., 2014; Zhang et al., 2018). However, this trend ddd altered due to intensive human
activities. For example, a different trend was observed in Southeast China. Owing to global
change, an amplified runoff response to rainfall was observed at the eastern Taiwan Strait,
China (Huang et al., 2014). Howevehjs trend was rarely observed in the Jiulong River
Watershed, which is located at the western Taiwan Strait China (Huang et a&), 2013

In this study, these conclusions were further confirmed by analyzing the patterns of
streamflow extremes across digdfiydrologic stations in Southeast China. These differed from
each other even though they exhibited similar patterns of climate variability since the past
decadesFKigs 3-2, 3-3, 3-4, and 3-7). For example, the streamflow extremes of West River
Watershed (WRW; ZD station) were evidently more sensitive to the climate variability than the
DRW (YT station), even though they exhibited damiclimate variability and watershed
characteristicsTable 3-1). In addition, a study in the Pearl River, which is near the present
study area, indicated thtte response of extreme low flows to climate change would vary with
different time scales and the annual minima with a short time scale may be more sensitive to
climate change based on the observed streamflow in the past ddaadeal(, 201Y. A similar
result was obtained in this study, as compared to shorter time scales, a lower variability was
observed in the streamflow extreme for the annual maxima dtovage.g., day maximum
streamflow;Fig 3-7). Thus, the amplified streamflow according to precipitation may be more
evident for shorter time scales.
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The jointreturn periods for streamflow extreme is one of the most important factors that
should be considered in the field of water management (Bennett et al., 2015; Vinnarasi and
Dhanya, 2019). However, the stationary model may underestimate streamflow quenctées
climate change or overestimate streamflow quantiles because of human activities relative to the
nonstationary models (Zhang et al., 2015; Sraj et al., 2016; Liu et al., 2021b). The hydrological
return period must be carefully reformulated and ex@dnthder notstationary conditions due
to the timevarying aspect of climate extremes as well as the changed characteristics of
watersheds that may be induced by human activities (Sraj et al., 2016; Lu et al., 2019). The
return levels of the annual maxirmaeamflow were also evaluated in this study based on the
nonstationary theory, and all the stations exhibited similar patterns in terms of the return level
and the uncertainty, which might increase in the high return period (e.gye&08cale). Thus,
more attention should be paid to the +svationarity of the high return period level of the

streamflow extreme, when considering a hydraulic project in the watershed.

3.4.3Impacts of climate change and human forcing

During the last decades, numerous theoerd conceptions have been proposed to
evaluate the impacts of human activities and climate change, including hydrological indicators
(Richter et al., 1996), the elasticity of rainfalinoff (Sankarasubramanian et al., 2001),
ecohydrological analysis metti® (Tomer and Schilling, 2009), and other related methods
(Zhang et al., 2015; Huang et al., 2014; Zhang et al., &0Rdwever, most methods were
developed based on the stationary theory, which assumed that the return level of annual
streamflow extremeis constant and a simple relationship exists between the return period and
the return level of streamflow extremes. However, thestationarity of signals is a common
problem including hydrological research (Bennett et al., 2015; Mentaschi et al. B2@tken
et al.,, 2018). To our knowledge, this study was the first to identify the impacts of human
activities and climate variability on the streamflow based on thestaiimnarity theory in
Southeast China. Compared with the previous methods, this staayly distinguished the
impacts of human activities and climate variability on the watershed processes but also
evaluated these impacts on different time scales.

The maximum flow at different periods can be used to understand the magnitude and
duration of annual extreme flow conditions (Richter et al., 1996). The maximum flow at
different scales may respond differently to the effects of climate variability and human activities.
For example, in Japan, due to monsoons, persistent heavy rainfall ovet daysrfrequently
occurs during the rainy season, anrdady maximum flow have proven to be a useful index to
represent the potential damage caused by persistent heavy rain (Hu et al., 2017). Sraj et al.
(2016) suggested that streamflow regimes witlyd® return levels may be more sensitive to

precipitation. In this study, the impacts of climate variability and human activities were also
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determined in terms of the d@ar return period in Southeast China (F§ 8nd Table 3).
Human activities and clinta change in Southeast China evidently reduced the return levels of
extreme high flow based on the-§8ar return period.

Human activities potentially amplify floods in the watershed (Sun et al., 2018; Zhang et
al., 2018). Extreme streamflow at low timeakes (e.g. Sm3day and Sm7day) may be more
sensitive to human activities, particularly in sredble watersheds (Table33. Accordingly,
amplified floods have been observed more frequently in high urbanized areas with intensified
human activities and shhadischarge areas (Fang et al., 2022). The observedhldes of
Sm3day and Sm7day at stations where the discharge areas are less than’380@ Kii?

208% and 114£14%, respectively (Table-3). Moreover, human activities may directly
decrease strearoflv owing to the increasing demand for water consumption (Zhang et al., 2015;
Wang et al., 2020). Mahmoodi et al. (2021) found that the Sm90day may decrease 35% with
increasing demand for water resources and climate change in a dry area. The dam canstructio
may decrease the magnitude oty max flow while climate variability may increase the
magnitude of 9@lay max flow (Zhang et al., 2020 The values of Hor the Sm30day and
Sm90day in the stations, except for the YT, were high compared that thes€ able 33).
Notably, human activities were always the dominant factor controlling the streamflow extreme
in the YT station, which might be attributed to the intensive water intake in this watershed.

Similar results were also observed in North Chinarf@/et al., 2020).

3.4.4Limitations and outlook

The performance of the rainfalinoff model proposed in this study might be lower for
the small watersheds than the large ones. To reduce the complexity, the effect of the
evapotranspiration on surface flow weaeglected in the model, which may overestimate the
surface flow and underestimate the soil flow. Moreover, the different forces of human activities
(e.g., land use/cover change, water intake, and hydropower dam operation) might have a
different effect on th regional hydrological processes. The effects of climate and human
activities may be coupled. Therefore, the raiafafioff model in this study should be improved,
and the effects of the different forces of human activities on streamflow regimes could be

distinguished and quantified in future studies.

3.5Conclusions

This study presents an innovative approach to distinguish the effects of climate change
and human activities on extreme streamflow based on thstationarity theory. A rainfall
runoff model wa adopted to evaluate the streamflow regimes under the natural conditions. The
proposed approach facilitates the detection of thestationarity of high flow driven by
climate change and human activities at different time scales. The method propbsestudy

could be valuable for understanding the potential impacts of climate change and human
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activities on the watershed system. For the watersheds in Southeast China, human activities
may be the major factor that controls the streamflow extremes dor tsine scales. Climate

change would be the dominant factor that influences streamflow extremes at long time scales.
Furthermore, the water intake in the watershed might be an important factor that influences its

streamflow extremes.
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Abstract

Urbanization has profoundly influenced the local environment and climate conditions.
Based on nostationary theory, a gritb-grid framework was proposed in this study t@antify
the effects of urbanization on the regional climate change in the Minjiang River Watershed
(MRW), the largest watershed in Southeast China. The urbanization in the MRW was inactive
during 198062000, and cities in the MRW have continued to exparahatcreasing rate since
2000. These changes may modify climate extremes. Asignificant increasing trend was observed
for the 3day maximum precipitation (Rx3day) during 193000 in some grid cells, while a
decreasing trend was detected from 2001 to 208% same area. The-8@y maximum PET
(Ex30day) and 9@ay maximum PET (Ex90day) decreased slightly from 1980 to 2000, but the
values of most grid cells increased from 2001 to 2020. The patterns-day9thaximum
precipitation (Rx90day), -day maximumtemperature (Tx7day), and 8@ay maximum
temperature (Tx30day) may be more sensitive to the urban sprawl. And the extreme
temperatures may be amplified in the highly urbanized areas. The proposed method quantified
the impacts of urbanization on local ogi@nal climate and could be useful for understanding

the relationship between human activities and climate change.

Key words: Urbanization; Regional climate change; Istationary;
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4.1 Introduction

The past several decades have seen a widespread urbasi@xanwell as a changed
climate (Song et al., 2019; Li et al., 2020a; Chen et al., 2021). Land use/cover change, as one
of the most important humainduced change, have been proved by many studies that it may
exert a great influence on local environmg@timm et al., 2008; Fenner et al., 2019; Song et
al.,, 2021). And there is a broad agreement that urbanization may influence local or regional
climate extremes (Sun et al., 2016; Gu et al., 2019). As a result of an exponential population
growth and accelated economic development, the increased impervious surface area caused
by urbanization may alter the surface energy balance and the regional climate (Yang et al., 2013;
Li et al., 2020a; Song et al., 2021). However, the response of regional climatancation
may be different for varying climate parameters and the urbanization may modify the patterns
of climate extremes in the local or regional scales (Vittal et al., 2016; Lu et al., 2019). It is
therefore crucial to identify the impacts of urbanizaton regional climate change.

Previous studies suggested that urbanization may influence the urban boundary layer and
modify the local climate including regional climate extremes by increasing the impervious
surface areas (Grimm et al., 2008; Gu et2019; Li et al., 2019; Wang et al., 2@21For
example, several studies found that urbanization may amplify precipitation in cities, and
increasing frequencies and amounts of staration intense rainfall was observed in the
urbanized areas (Yang et,a017; Lu et al., 2019). Meanwhile, some studies also found a
negative influence of urbanization on local precipitation (Wang et al., 2012). Many studies also
concluded that urbanization has a significant influence on extreme temperatures. As a result of
the urban heat island induced by the effects of urbanization, higher air temperature was usually
observed in urban areas (Grimm et al., 2008; Mishra et al., 2015; Li et al., 2020b). However,
different trends were observed in different regions. For exarspleral studies indicated that
unexpected heat waves may be induced as the result of urbanization in some cities of Japan,
USA, and China (Nonomura et al., 2009; Mishra et al., 2015; Li et al., 2020b). The relationship
between urbanization and regiondh@te change is very complex and varies spatially, which
is still an open question (Scott et al., 2018; Fenner et al., 2019); climate extremes may be
amplified or reduced by urbanization (Li et al., 2014; Gu et al., 2019; Li et al., 2020b). To
contribute o this discussion, we analyzed the impacts of urbanization on regional climate
extremes for cities within the largest watershed in Southeast China.

Extreme value theory has been widely used to analyze meteorological and hydrological
extremes (Vasilliades et al., 2015; Tian et al., 2021). Due to the changes in climate patterns and
human activities, the traditional assumption of stationarity might estierate the extreme
events. Many studies suggested that the temporal evolution of climate extremes would follow

the patterns of noestationary (Milly et al., 2008; Vu and Mishra, 2019). For water resources
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management, the nestationary frequency analysigs more valuable than climate models and
the presence of any trend can have a considerable effect on the interpretation of observations
(Chen et al., 2017: Su and Chen, 2019). Thestationary patterns of climate extremes may
be controlled by many faats and many studies suggested that regional factors induced by
human activities are more responsible for these patterns than other factors (Liu et al., 2022).
The nonstationary generalized extreme value (GEV) has been widely used to understand the
charateristics of climate extremes through fitting annual series of maxima (Lu et al., 2019; Gu
et al.,, 2019). For this reason, many studies developeestationary models for climate
extreme based on GEV theory for water resource management including tedgsisan
recurrence levels analysis, frequency analysis and engineering design. For example,
Siliverstovs et al. (2010) assessed the likelihood of heat waves in summer with the GEV
distribution. Su and Chen (2019) proposed a framework to identify majoemntés on extreme
precipitation in the Pearl River Basin and suggested that extreme precipitation is not only
affected by climate factors but also by human activities (e.g., urbanization). However, most
studies use climate indices (e.g. ENSO) to underdtamchonstationary patterns of climate
extremes, but this may not be appropriate for modelling. The impacts of human activities,
especially urbanization should be fully understood.

Since the 1980s, cities in China began to sprawl and urbanization hisatedein the
2000s in most of China (Huang et al., 2012; Lu et al., 2019: Song et al., 2021). Recently, studies
tried to identify the impacts of urbanization on regional climate using the difference of time
series between urban and rural stations. Famgie, after comparing the patterns of climate
extreme in urban, suburban and rural areas, Lu et al. (2019) found that urbanization increases
the magnitudes and recurrence levels of extreme precipitation for different return periods. The
estimated recurree levels of the annual maximunmday and ESday precipitation were
increased by 25.9% and 59.1% for urbanized stations. Gu et al. (2019) also proved that
urbanization may induce nestationarity in precipitation extremes at local or regional scales in
China, and significant nestationarity may tend to occur in urbanized areas compared with
rural or urbanized areas for the precipitation extremes. The classification of stations (e.g. urban,
suburban or rural) is usually based on administrative boundamassinstudies. However, this
method may influence the results of the studies if regions have a different developing level or
a complex shape of the administrative unit. In addition, most of these studies were conducted
based on limited station data. Meanl&himost norstationary modeling studies focus primarily
on changes in extremes over time (Ragno et al., 2019). Few studies have explorschlaesge
areas.

To extend the existing studies, we analyzed the spatial and temporal patterns of
urbanization inSoutheast China as well as the climate extremes during the past 40 years. To

achieve this goal, a framework will be proposed based on the GEV method. The objectives of
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this study are: (1) to identify the spattaimporal variability of urbanization; (29 understand
the patterns dynamics of climate extremes in Southeast China; and (3) to analyze the impacts
of urbanization on regional climate changes.

4.2 Data and methodology

4.2.1Study area

The Minjiang River Watershed (MRW) is the largest watershed in SoutGlast with
aareaof 60992 kif 1 1 6iA 2 8 Aj4 3 Nji2ES A 1295NIN)3w & tiypigal subtropical
monsoon climate with about 70% precipitation between April and September (Zhou et al., 2016;
Zhang et al., 2019). The annual temperature and precjpitatie 18 € and 1617 mm,
respectively (Zhou et al., 2016; Wang et al., 2017). The watershed provides water for residential,
industrial and agricultural activities of its more than 12 million residents which account for
approximately half of the populatian Fujian Province (Zhou et al., 2016; Zhang et al., 2019).
Similar to other regions in Coastal China, MRW is experiencing rapid urbanization since the
beginning of the reform and opening period. The impervious areas in the MRW expand with
an increasig rate since 2000.

116° E 117°E

River N
D Minjiang River W ter:
Elevation (m) !
2155

28°N

27°N
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Fig 4-1 Study area
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4.2.2Data sources

The land use data for the MRW of the years 1980, 1990, 1995, 2000, 2005, 2010, 2015,
2018, and 2020 were provided by the Data Center for Resources & Environmental Science,
Chinese Academy of SciencesHBDC) (http://www.resdc.cn). The land use information was
interpreted manually based on TM digital images. The accuracy of the six classes of land use
(i.e. Cropland, Woodland, Grassland, Water body, Bipltand, and Unused land) was above
94.3% while tle overall accuracy of the 25 subclasses was above 91.2% (Liu et al., 2014). The
meteorological data, including mean daily air temperature, maximum daily air temperature,
minimum daily air temperature, and daily precipitation was obtained from the China
Meteorological Administration (http://data.cma.cn) with 0.5%0.58patial resolution during
19802020 and potential evapotranspiration was estimated with the Hargreaves method
(Hargreaves et al., 1985; Hargreaves and Allen, 2003).

4.2.3Urbanization & Climate indice

Impervious surfaces have been used as an important indicator of urbanization for decades
(Brabec et al., 2002; Claggett et al., 2013; Yang et al., 2021). The impervious surface
coefficients (ISC) were applied in this study to estimate the percent ofiiope surface area
for each grid cell.

sg= & AIBC
A

WherelSG is the percent of imperviousness for each analysis gridAdl, the area of the
particular land uséSC; is the impervious surface coefficient for the specific land use category
(Table 41), andA is the area of the analysis grid cell.

Table 41 Impervious surface coefficients (ISC) for major land use category

Land use Description ISC (%)
Open space Natural areas 2
Agriculture Farming area 4
Urban area Community, neighborhood, office in urban aree 83

Suburban area Community, neighborhood, office in suburban ar 69
Other builtup Publicly owned, buildings in rural area 50

Note: ISC wasstimated based on Washburn et al. (2010)

The extreme indices were calculated for precipitation, temperature and potential

evapotranspiration (PET). The details of the indices are listed in Tdble 4
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Table 42 Indices of climate extremes

Index Indicatorname Definition

Rxlday 1-day maximum precipitatior Annual maximum precipitation of 1 day mea
Rx3day 3-day maximum precipitatior Annual maximum precipitation of 3 day mea
Rx7day 7-day maximum precipitatior Annual maximum precipitation of 7 day mea

Rx30da 30-day maximum Annual maximum precipitation of 30 day
y precipitation means

Rx90da 90-day maximum Annual maximum precipitation of 90 day
y precipitation means

Txlday 1-day maximum temperature Annual maximuntemperatur®f 1 day mean
Tx3day 3-daymaximum temperature Annual maximuntemperaturef 3 day means

Tx7day 7-day maximum temperatur¢ Annual maximuntemperatur®f 7 day means

Tx30da _ Annual maximuntemperaturef 30 day
30-day maximum temperatur
y means
Tx90da _ Annual maximumemperaturef 90 day
90-day maximum temperatur
y means
Exlday 1-day maximum PET Annual maximunPET of 1 day mean
Ex3day 3-day maximum PET Annual maximunPET of 3 day means
Ex7day 7-day maximum PET Annual maximunPET of 7 day means
Ex30da _ _
30-day maximum PET Annual maximunPET of 30 day means
y
Ex90da _ .
90-day maximum PET Annual maximunPET of 90 day means
y

4.2.4Methods to distinguish the impacts from urbanization

Logistic regression models were used in this study to simulate urbanization (i.e. ISC) from
1980 to 2020. In order to understand the relationship between climate extremes and
urbanization, the processformed nonrstationary extreme value analysis proposgdRagno
et al. (2019) was used. With this method, the-stationary GEV method was used to estimate
return periods of climatic extremes with urbanization which was developed on a hybrid
evolution Markov Chain Monte Carlo approach for numerical parameistimation and
uncertainty assessment.

In order to understand the impacts of an increasing rate of urbanization, tb@tionary
GEV models were built for different periods (i.e. 198100 and 2002020). Based on the

GEV models for the different peds, the relationship between magnitude of climate extremes
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and the levels of urbanization at-§8ar return levels. Based on previous study (i.e. Lu et al.,
2019), the impacts of the urbanization can be quantified as follow:

Alteration= f'(ISC)- g'(ISC)

Where Alteration is the index to quantify the impact of urbanization on the regional
climate extremed(ISC) is the function to estimate the relationship between climate extremes
and urbanization in the pimpacted period (i.e. 1982000) and thg(ISC) is thefunction to
estimate the relationship between climate extremes and urbanization in thenasied
period (i.e. 20022020)

The nonparametric Manikendall trend (MK) test (Mann, 1945; Kendall, 1975; Alan et
al., 2003) was used to detect the trendsicfatle extremes. For thestore calculate for MK
trend test, Zscore more than O means increasing trend and less than O means decreasing trend.
If the Z-score more than 2.58 or less tharb8, the significance level is better than 1%. If the
Z-score morghan 1.96 or less thafh.96, the significance level is better than 5%scdre more
than 1.65 or less thafi.65, the significance level is better than 10%.The Ma#hitney test

was used to test the difference between two groups.

4.3 Results

4 .3.1Patterns of uranization

Urbanization from 1980 to 2020 was estimated based on the land use change analysis (Fig
S41, S42, 4-2, and Table S4). From 1980 until 2000 the urbanization was quite slow and
the suburban area increased from 3 grid cells in 1980 to 6adisdrc2000. From 2000 onwards,
the trend increased from 6 grid cells in 2000 to 15 grid cells in 2020. Urban grids also increased
1 grid cell in 2000 to 6 grid cells in 2020.

The patterns of the urbanization in the MRW were quantified based on the process of the
urbanization in the two periods (i.e. 198000 and 2002020). And three patterns of land use
was identified as follows, Group 1: the grid cell that was inactive giwo periods; Group 2:
the grid cell that was inactive in 192000 and transferred to suburbanized grid cell in 2001
2020; Group 3: the grid cell that was inactive in 122800 and transferred to urbanized grid
cell in 20022020 (Fig 43).

Logistic regession models were employed to further understand the process of
urbanization(Fig S43). The Reduced Ctsqgr and Adj. Rwere calculated for the logistic
regression models in the MRW (Fig4d. The observed data matched well with the simulated
data. The alue of Reduced Ci8qr was less than 0.2 and the value of Adjw&s more than

0.90. The models simulate urbanization quite well.
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Fig 4-2 Process of urbanization in the MRW
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Fig 4-3 Land use patterns in the MRW
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Fig 44 Reduced Ch8qr and Adj. Rfor the urbanization simulation
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Fig 45 Z-score of MK trend test in the MRW from 1980 to 2020

4.3.2Patterns of climate change

Based on the MK trend test, trends of climate extremes in terms of precipitation,
temperature and PET from 1980 to 2020 were detected (5jgrie indices of extreme
temperature in the Southeast MWR where the level of urbanization was high increased more
significantly, especially for the Tx1day, Tx3day, Tx7day and Tx90day. The indices of extreme
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PET in the Northeast MRW where the level of urbanization was relatively low, decreased more
significantly than other indices including Ex1day and Ex3day.

To further understand the interaction between urbanization and climate change, the trend
of the climate variables was also estimated with aK kést for different periods, i.e. from
1980 to 2000 and from 2001 to 2020 (Fi§} A significantly increasing trendag observed
for the R3day and@x90dayfrom 1980 to 2000 in some grid cells and a decreasing trend from
2001 to 2020 in the same area. Ex30day and Ex90day decreased slightly from 1980 to 2000,
but the values of most of the grid cells increased from 20020&28). This shows that
urbanization may influences trend of climate variability in the MRW.
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Fig 4-6 Z-score of MK trend test in the MRW in different periods
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4.3.3The impact of urbanization on climate change

In order to understand the netationary patterns of climate extremes influenced by
urbanization, the nestationary GEV models were built for each grid cell in different periods.
The resultsshow that the models can be used to estimatestationary patterns of climate
extremes (Fig 4).

Based on the models above, the values of -geh0 return period were estimated. The
degree of change was estimated by comparing the difference betwdér20D@8and 2001
2020 (Fig 48).

The effects of urbanization were estimated by comparing the differences among the groups
classified (Table 8). The climate extremes may be modified in the high urbanized areas
(inactiveturbanized). In contrast, the patterns of climate extremes in thebaunlzed areas
(inactivet+suburbanized) were similar with the inactive areas (inactive+inactive).

The temperature extremes were more sensitive to urbanization @{®igandl 410),
especially in the high urbanized areas (F@)4And the amplified temperature extremes were
observed with increasing urbanization, especially for the Tx7day and Tx30day (T3 flad}

Fig 4-9).

Table 43 Result of ManfWhitney test among flerent group (Zvalues)

Category Indices Inactive+suburbanizet Inactive+urbanizec

Rx1day 0.61 1.45

Rx3day -0.78 -0.33

Precipitation Rx7day -0.72 -1.08
Rx30day -0.09 -1.08

Rx90day -1.18 -2.01

Txlday 0.20 -1.92

Tx3day 0.00 -1.73
Inactivet+inactive Temperature Tx7day -0.09 -2.20
Tx30day -0.61 -2.01

Tx90day -0.12 -0.52

Exlday -0.49 -0.89

Ex3day -0.14 -1.45

PET Ex7day 0.26 -0.98
Ex30day -1.70 -1.64

Ex90day 1.15 -1.45

"p<0.05
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4.4 Discussion

4.4.1Applicability of the proposed framework

Recent studies have confirmed 8teong relationship between urbanization and climate
extremes (Yang et al., 2017;Song et al., 2@2inonsree et al., 2022). They found that the
patterns of regional climate extremes follow a -stetionary distribution as the results of
urbanization andleveloped methods to understand the relationship between urbanization and
regional climate change. For example, Lu et al (2019) analyzed this relationship by comparing
the differences between the mgiationary patterns of urban stations, suburban stat@ns
rural stations. With the GAMLSS (Generalized Additive Model for Location, Scale and Shape)
framework, Gu et al. (2019) found that urbanization may inducestaiionary behavior in
precipitation extremes. In this study, we further extend existindjestuand propose a new
framework to quantify the impacts of urbanization on regional climate extremes.

Instead of using time covariates rstationary models which may not cover the physical
relations, we introduced an index of urbanization as covariatdsuitd grid based nen
stationary models for climate extremes. To understand urbanization in the MRW, logistic
models were used with Reduced Slijr and Adj. Ras performance measures. Compared with
previous studies, the netationary GEV models are mouseful to quantify the patterns of
climate extremes. The different metrics used to evaluate the models included AIC, BIC, RMSE,
and NSE. Though the NSE and RMSE were similar in the three types of models (i.e. GEV
models for Precipitation, Temperature &1T, respectively), the Observed AIC and BIC were
more effective in these models. The calculated AIC for the precipitation, temperature, and PET
were 50250, 2060, and <20 respectively (Fig@. The observed BIC for the precipitation,
temperature, and AEwere 50300, 1070, and <30 respectively (Figd. The value of AIC
and BIC may be more effective to evaluate the uncertainty of thetationary GEV models.
Similar results were found in related studies. Panagoulia et al. (2014) showed that both AIC
and BIC are always effective to detect rstationary behavior, and BIC may be more effective
to evaluate the models except in very small samples. Kim et al. (2017) also suggested that the

AIC may be better than other metrics for raiationary data with gelatively small sample size.

4.4.2Dynamics of climate extremes

The patterns of regional climate have changed remarkably in the past decades as a
consequence of global climate change and intensified human activities (Gu et al., 2019; Lu et
al., 2019; Li et h, 2021). As a consequence of global climate change, precipitation can become
more extreme in some regions (Donat et al., 2016). For example, Van den Besselaar et al. (2013)
observed a general increase of extreme precipitation in Northern Europe in auvintan and

spring. In China, both annual maximum daily precipitation and heavy precipitation days
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increase in southern, but decrease in northern China (Chen et al., 2011). Huang etal. (2013
also found that extreme precipitation seems to be intedsifiehe past decades in Southeast
China. In this study, an upward trend of extreme precipitation was also foundgJi§Hghtly
increasing trends were observed in more than 80% of the grid cells for Rx1day, Rx3day, and
Rx30day. Significantly increagintrends were found in grid cells located in the southeast for
Rx3day, Rx7day, and Rx30day. This suggests that the coastal area may be more sensitive to
climate change and exhibit more frequent extreme climate events. Additionally, the extreme
temperaturesincreased significantly including Txlday, Tx3day, Tx7day, Tx30day, and
Tx90day (Fig 45).

Changes in climate extremes would follow similar patterns in all grid cells if climate
change was the only factor controlling the climate patterns. However, theretpatterns for
the two periods (i.e. 1982000 and 2002020) were totally different from each other (Fig 4
6). It is therefore highly probable that the patterns of climate extremes are controlled by
urbanization. China has experienced rapid urbanizaiince its reform process (Lu et al., 2019;
Li et al., 2020a). The changes of land use in the MRW were similar to other areas in China. In
this study, we divided the data set into two periods, a period from 1980 until 2000 and from
2001 until 2020. In téfirst period, the values of ISG in each grid cell increased slowly, only a
few rural cells were changed into suburban cells. The number of urban cells did not change. In
contrast, in the period of 20020, the number of urban grid cells increased ftof2000) to
6 cells (2020). Urbanization was speeding up since 2000. Similar of land use and land cover
changes were found in other areas in China. For example, Huang et al. (2012) found a more
intense land use and cover change since 2000 in the Jiuloeg Ratershed in Southeast
China. Lu et al. (2019) reported an increasing urbanization in the Yangtze River Delta since
2000.

4.4.3Impacts of urbanization on local or regional climate extremes

Chinese cities have been experiencing unprecedented growth fahmerdecades and
the resulting urbanization has a remarkable impact on the hydrological cycle at the local and
regional scale (Huang et al., 2@1&u et al., 2019; Lu et al., 2019). Urbanization may modify
the relationship between regional climate aextee and global change and urbanization may
contribute differently to local or regional climate extremes (Lu et al., 2019; Gu et al., 2019).
The response to urbanization may vary with climate indices. Though an increasing trend of
observed temperature wamihd in the past decades in the MRW (Fig)4the opposite trends
were identified for different periods (Fig&). During the period from 1980 to 2000 with low
urbanization, the observed extreme temperatures decreased but increased in the peried of 2001
2020 with a high urbanization rate. Most of the temperature extremes in the same period

decreased including Tx7day, Tx30day, and Tx90day. 12 grids of Tx90day showed a
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significantly decreasing trend in this period. Similarly, the different trends of piepit
extremes were also observed in these two periods, respectively. Rx1day, Rx3day, Rx7day, and
Rx30day increased in more than 80% of the grid cells in period 0f2@@0, and most of these
indices decreased in the period of 23WP0 (Fig 46). Especilly for Rx3day, 24 grids
increased significantly from 1980 to 2000.

Additionally, the speed of the urbanization may influence regional climate extremes. Gu
et al. (2019) also proved that the transition patterns of land use may play an important role in
local or regional climate patterns. The patterns of Rx90day, Tx7day, and Tx30day may be more
sensitive to the urban sprawl (Tableé8¥ There is no doubt that increasing urbanization
increases the area of impervious surface and urban heat islands (Mishra@t5s Zhou et
al., 2019; Li et al., 2020b). Among the indices of climate extremes, the observed temperature
and precipitation were more sensitive to urbanization then PET in this study.

Urbanization contributes to the climate extremes and may intrauorestationarity of
local or regional climate data sets (Mishra et al., 2015; Lu et al., 2019; Gu et al., 2019). The
nonstationary GEV plays an important role to understand the patterns of climate extremes (Lu
et al., 2019; Vu and Mishra, 2019). In ortteguantify the norstationarity of climate extremes,

Lu et al. (2019) developed a method to estimate thestationary impacts of urbanization in
terms of rate and applied it in the Yangtze River Delta. We also estimated tis&ationary
patterns of imate extremes based on theyidar return period with the nestationary GEV
models (Figs € and 410). The norstationary patterns of climate extreme in the kinte
scale may be more sensitive to the process of urbanization. The Rx90day, Tx7daxaGday
changed much in the MRW (Table3). Meanwhile, the urbanization may amplify the

temperature extremes in the watershed (F%).4

4.5 Conclusion

This study presents a grithsed framework to identify the impacts of urbanization on
regional climate exemes from a nostationary perspective . €hurbanization in the MRW
may d the trend of the local climate extremes. The increase of urban area may change the non
stationary patterns of local or regional climate by modifying the rate of the expectad retur
period. The proposed method quantifies the impacts of urbanization on local or regional climate
and would be helpful for understanding the relationship between human activities and climate

change.
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Abstract

Understanding the spatial relationship between watershed properties and water quality is
essential for watershed management. However, it remains challenging to identify such a
relationship because @& nonlinearity. To understand the temporal and spatial effects of the
driving of water quality, we developed a ghded interpretable machine learning method that
integrated the random forest regression (RFR) model with the Shapley Additive exPlanations
(SHAP) method to explore the relationship between water quality (e.i. nitrogen, phosphorus,
and chemical oxygen demand) and watershed properties in the Minjiang River Watershed
(MRW). Agrid-based model was developed with 1837 input features for streamsservoirs,
respectively, based on land use, population, fertilizer, and Noah land surface model in the MRW.
The simulated data fitted well with the observed values. Compared to the water quality in the
stream, the water quality in the reservoirs maynoee sensitive to the change environmental
settings. The reservoirs may amplify the effects of climate variability on water quality. The soil
moisture may modify the water quality, especially the dryness of the top soil may control the
pollutants that eny into the watershed. The effects of the urbanization may modify the
distributions of important feature that control the regional water quality. The point source
pollution per inhabitant may be reduced with increasing urbanization. This study provides an
in-depth understanding of the relationship between water quality and watershed properties,

temporally and spatially

Keywords:Land-use; water quality; nonlinearity; machine learning
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5.1 Introduction

Climate change, topography, and anthropogenic activities can strongly affect regional
ecosystems on different spatemporal scales (Collins et al., 2019; Lei et al., 2021). Good
water quality is one of the most critical factors to support the regionalstem as well as the
livelihood of human beings. However, the increasing export of agrochemicals and nutrients
threatens water quality globally, and an increasing in flow of waste makes these systems
vulnerable to the adverse effects of global and redienvironmental changes (Liang et al.,
2020; Ahmed and Lin, 2021). To quantify effects of global and regional changes on the
watersheds system, the relationships between water quality and watershed properties should be
fully understood.

Water quality $ essentially controlled by land use/cover change as well as other watershed
properties such hydrology conditions, soil conditions and anthropogenic activities (Nielsen et
al., 2012; Huang et al., 2014; Liu et al., 2021c). Although these relationshipsbbare
extensively investigated, there is no generally accepted theory (Liu et al., 2021c). Theoretically,
land use change determines the water quality of watersheds (Baker 2003; Roberts and Prince
2010; Liang et al., 2020). Excessive fertilizer applicatioagriculture has been regarded as a
major nonpoint source of nutrients in rivers (Haidary et al., 2013; Lee et al., 2014; Strehmel et
al., 2016). Urbanization may amplify nutrient exports by increasing impervious surface area
(Kaushal et al., 2014; Huog et al., 2021). Natural land cover such as wetlands or forests may
reduce nutrient exports by reducing soil erosion, filtering pollutants, and assimilating nutrients
(Huang et al., 2015). Unfortunately, the results of these studies were not consisécot tiaz
most important reasons for the inconsistent results was that most studies ignored the nonlinear
response of water quality to these factors (Liu et al., 2021c). To analyze water quality of a
watershed, the contributions of different propertiestrbesconsidered separately.

In the past decades, many efforts have been made to understand the relationships between
water quality and multiple properties (e.g. land use/cover change, soil conditions, and streaflow
regimes) of watersheds (Baker, 2003; &laal et al., 2014; Collins et al., 2019). These
relationships are commonly analyzed using conventional statistical methods such as ordinary
least squares regression, redundancy analysis, and correlation analysis. Using multiple linear
regression, Huang etl. (2013c) found that urbanization may be one of the most important
factors that influence water quality in a watershed located in Southeast China. Using stepwise
multiple linear regression and redundancy analyses, Lei et al. (2021) found that watgr quali
is affected by soil properties, land use composition (areal shares of arable or pasture land,
respectively with slopes >2%, forest, and urban) and configuration in a-Serthan
catchment. Additionally, geographically weighted regression (GWR) was tosa&tentify
spatial relationships (Tu 2011; Huang et al., 2015; Wang et al., 2021d). Using this method, Tu
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(2011) found that percentages of commercial and industrial lands have stronger positive
relationships with the concentrations of water pollutantssaurbanized areas than in highly
urbanized areas in the watersheds around the metropolitan Boston USA which indicated that
the inverse relationship may be found between land use change and water quality. However,
these methods were developed with theumption that the relationships between water quality
and catchment properties are linear. Therefore, a new method should be developed to
understand the nonlinearity and threshold effects of catchment properties on water quality.
Recently, a nonlinear kdionship between water quality and catchment properties has
been observed in some studies (Zhou et al., 2016; Zhang et al., 2019; Liu et al., 2021c). After
investigating the nonlinear relationships between water quality and ecological responses in
streans with varying laud use, Amairo et al. (2019) assumed that nonlinearity may be common
in watershed systems and found it occurred in more than 50% of the cases compared with other
relations. This highlights the potential complexity of nonlinear relatiosskipross the
watershed systems. For example, Liu et al. (2021c) indicated that the limited capability of self
purification in the polluted water body may induce a nonlinear result. The hydrology conditions
may also modify the relationships across the wgails. Zhang et al. (2019) found that
reservoirs may increase the concentration of ammonia nitrogesf-Hn the downstream
for the modified streamflow regimes. Although the traditional nonlinear regression method
such as power, exponential, qguadratid aegmented regressions can be used to detected the
potential nonlinear relationship across the watersheds, it is still difficult to explain the
development of water quality because the relationships across the watershed may be modified
at different stage Recently, several machine learning algorithms have been proved to
outperform traditional methods when it comes to explain complex relationship across the
watersheds, especially for the nonlinear cases (Ahmed et al., 2021; Adedeji et al., 2022).
Assesment and modelling of water quality is needed to understand the potential threats
to watersheds, because it describes temporal and spatial changes in watersheds (Kaushal et al.,
2014; Gallo et al., 2015; Wang et al., 2021e). To depict the nonlinear earidtivater quality
with changing multiple properties and project the water quality in the watersheds, the machine
learning models were employed in a few studies, recently. For example, Zhou et al. (2016) used
selforganizing maps to identify the relatidmgs between water quality and land use with a
focus on point source pollution. However, the results of these models are difficult to shed
mechanistic insights to the underlying physical processes (Lipton, 2018; Wang et al., 2021e).
Thus, the interpretablmachine learning approaches have recently been developed to gain a
deeper understanding of the relationship between water quality and different properties. For
example, Wang et al. (2021e) coupled the SHapey Additive exPlanations (SHAP) method with
randomforest regression (RFR) to simulate the distribution of water quality in the Taihu Lake

Basin. They identified the driving forces and found that the total nitrogen (TN) was mainly
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affected by agricultural nepoint sources, while the permanganate inde®@®n) and total
phosphorus (TP) were affected by agricultural and domestic sources. Wang et al., (2021d)
analyzed the spatial relationship between water quality and different properties with the GWR
method and interpretable machine learning modelling. Toepd that urban development
influences stream water quality and that hifginsity urban development was more effective in
reducing nutrient exports than current sprawl development. However, there is still a lack of
robust methods to link water quality chdifferent watershed properties at different temporal
and spatial scales.

Many rivers across the globe are experiencing declining water quality and over 45% of
rivers in China (Morosmarty., 2010; Lintern et al., 2018). Owing to intensified anthropogenic
activities, water quality seems to have degraded in Southeast China (Huang et al., 2015; Zhou
et al., 2016; Zhang et al., 2019). The Minjinag River Watershed (MRW), the largest watershed
in Southeast China, is an important source of water for more thanillitd residents for their
residential, industrial, and agricultural activities and plays an important role in the regional
economy and ecology (Huang et al., 2020). Previous studies in the MRW primarily explored
the nonlinear relationships between watgality and watershed properties as a function of the
heterogeneity of urbanization, landscape characteristics, and hydrological conditions (Zhou et
al., 2016; Zhang et al., 2019; Huang et al., 2020). For example, Zhou et al. (2016) assumed that
additional point source pollution in the MRW may weaken the relationship between water
guality and land use. Zhang et al. (2019) also indicated that reservoirs in the MRW modify the
hydrodynamic characteristics, which may change water quality. The objectivessbiithisre
to: (1) develop an interpretable machine learning approach for water quality modelling in
temporal and spatial scales; (2) to identify the most important watershed properties that control
water quality (e.g. nitrogen, phosphorus, and chemicajex demand); (3) to understand how
the temporal and spatial heterogeneity of watershed properties controls water quality and finally

(4) derive consequences for regional water resource management.

5.2 Material and methods

5.2.1Study area

The MRW is the largest wershed in Southeast China, with an area of 60992 km
(116A23ANj43NjiE3AI2BNN)3,Nj | ocated wesl.ltle§ing he Tai w
subtropical zone with subtropical monsoon climate, with about 70% precipitation between
April and Septemberand only 23% of precipitation occurring during November and
December (Zhang et al., 2019; Huang et al., 2020). The annual mean temperature and
precipitation in this watershed were 18 € and 1617 mm, respectively (Zhou et al., 2016; Wang
et al., 2017). A the seventh highest watershed in China in terms of runoff, more than 60 billion

m? runoff was produced each year which flow into the East China Sea (Zhang et al., 2019). As
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one of the most developed regions in China, more than 15 million residentsasseater
source for households, industries, and agricultural irrigation. With increasing demand, several
dams or reservoirs were built in the MRW, which modified streamflow and nutrient budget
(Zhang et al., 2019).

o ) TP
G T AR

Fig 51 Study area

5.2.2Data sources

Water quality data from 2000 to 2014 were collected at 32 sampling sites in the stream
and 20 sampling sites in the reservoirs by the Hydrology and Water Resources Survey Bureau
of Fujian Province based on the Environmental Quality Standards for Surfaee(&B3838
2002) (Fig 51). The three water quality indicators TP, M, and COL, were monitored
routinely and reflected the changes of water quality in the MRW. TP andMBire indicators
of nutrient pollution, COR, can be used as an indicator oflption with oxygerdemanding

organic matter.
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Table 51 selected features to simulate the water quality in the MRW

Features Description TP  NHs-N COD
Climatic variable

PotEvap_tavg Potential evaporation rate (W3n a a a
Rainf_f_tavg Rainprecipitation rate (kg rs?) a a a
Hydrology

Qs_acc Surface runoff (kg m) a a a
Qsb_acc Baseflowgroundwater runoff (kg rf) a a a
Soil property

SoilMoi0_10 Soil moisture in @10 cm (kg n?) a a a
SoilMoil0_40 Soil moisture in 1810 cm(kg nT?) a a a
SoilMoi40_100 Soil moisture in 4.00 cm (kg %) a a a
SoilMoi100_200 Soil moisture in 10200 cm (kg 1) a a a
SoilTMO_10 Soil temperature in-A0 cm (K) a a a
SoilTM10_40 Soil temperature in 280 cm (K) a a a
SoilTM40_100 Soil temperature in 4000 cm (K) a a a
SoilTM100_200 Soil temperature in 16200 cm (K) a a a
Anthropogenic variables

Population Population

P_app P fertilizer applied (g Mcropland yr) a

N_app N fertilizer applied (g m3 cropland yr) a

Fer_app Application of fertilizer (g it cropland yrt) a
Land use/cover

Agriculture Percentage of agricultural land (%) a a a
Nature Percentage of natural land (%) a a a
Urban Percentage of urbanized land (%) a a a

To understand theelationship between water quality and related properties (e.g. variables
of climate, hydrology, soil properties, anthropogenic factors, and land use/cover), a database
was set up to develop the machine learning models based on the location of sanagliimg sit
the MRW (Table 1) and the sources of the data were shown in the Tablel'ae land use
information was interpreted manually based on TM digital images and the accuracy of the six
classes of land use (i.e. Cropland, Woodland, Grassland, Water Boityup land, and
Unused land) was above 94.3% while the overall accuracy of the 25 subclasses was above 91.2%
(Liu et al., 2014). The land use/cover in the MRW was further classified into 3 categories:

nature, agriculture, and urhan
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Table5-2 Sources of the data for the database

Indicator Sources

PotEvap_tavg,Rainf_f_tavg,Qs_acc,Q

_acc,SoilMoi0_10,SoilMoil0_40,SoilV Noah land surface model (No&alsM, Kumar et
0i40_100,S0ilM0i100_200,S0ilTMO0_1( al., 2019)based on the NASA GLobal Land Da
,S0ilTM10_40,S0ilTM40_100,SoilTM1 Assimilation System (GLDAS)

00_200

WorldPop & Center for International Ear
Science Information Network (2018)
P_app,N_app,Fer_app Spatial dataset provided by Lu and Tian (2017
Land usedata in the year of 2000, 2005, 2010, ¢
2015 provided by the Data Center for Resour
& Environmental Science, Chinese Academy
Sciences (RESDC)

Population

Agriculture,Nature,Urban

5.2.3Impacts of urbanization on local or regional climate extremes

We propose a grithased interpretablenachine learning approach to simulate water
guality and identify the properties that control water quality with spatial data ofdeg®e
resolution. Each property was further classified into 108features according to location of
the central point ofhe grid. In other words, 1836 sfdatures (108 17) were used as input
features for modelling. Additionally, the locations of the sampling sites were considered. Thus,
1837 input features (i.e. 1836 stdatures for watershed feature and 1 feature foation of
sampling sites) were used for the final models. Specifically, to understand the impacts of
different streamflow regimes on water quality, the machine learning models for streams and
reservoirs were set up, respectively

For the machine learningadels, we used the RFR method, which is a suitable method
because it detects nonlinearity between independent variables and is robust to outliers (Wang
et al.,, 2028). As an ensemble learning method, it is based on a large number of individual
decision trees. Each tree was independent during the modelling process because it was built
with a unigue bootstrap sample of the training dataset (Breiman 2001). The models wer
verified with the observed data and the kgperparametensere identified withk-fold cross
validation. As a resampling method to tuneligperparameters of the models, khld cross
validation was usually used to evaluate models with limited sanflhek in this method
means the number of groups. In this study, we useldiCcrossvalidation to identify the
number of trees (n_estimators), the minimum number of samples required to split a node
(min_sample_split),the minimum number of samplesqtered to be at a leaf node
(min_samples_leaf), the number of features to consider when looking for the best split
(max_features), and the maximum depth of the tree (max_deptime water quality models.
Based on related studies, 80% and 20% of engitaset were resampled randomly and further
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split into the training and testing dataset (Wang et al., 0Zhe mean absolute error (MAE),
mean squared error (MSE), root mean square error (RMSEpd¥icient of determination
(R?), percent bias (PBIASaNnd KlingGupta efficiency (KGE) (Gupta et al., 2009) were used
to evaluate the performance of the model.

The SHAP analysis was used to identify the major watershed properties that control the
water quality at different scales. The SHAP analysis, whicbaised on game theory, can
calculate the contribution of each property to the output of the models (Strumbelj and
Kononenko, 2014; Lundberg and Lee, 2017). The contribution of each variable to the model
output is allocated based on the marginal contribufiaundberg and Lee, 2017). To identify
the spatial distribution of watershed propert.i
estimate the correlation between SHAP values of input properties and indicators of topography
or land use including gpe, elevation, topographic wetness index (TWI), and percentage of

agricultural or urbanized land use.

5.3 Results

5.3.1Model training and validation

We computed RFR models of the water quality parameters (i.€-NIH'P, and COR»)
for stream and reservoir, rasgively (Table &). The simulated data fitted well with the
observed values based on the MAE, MSE, RMSEPBIAS, and KGE.

Table 53 Performance of models during the training and testing periods
Stream Reservoir

NH4*-N TP CODwn  NHs™-N TP CODwn

Training period MAE 0.158 0.023 0.394 0.055 0.014 0.157
MSE 0.094 0.003 0.520 0.008 0.001 0.051

RMSE  0.307 0.050 0.721 0.088 0.032 0.226

R? 0.619 0.709 0.691 0.811 0.674 0.885

PBIAS -0.541 -0.622 -0.236 0.436 -0.674 0.280

KGE 0.616 0.577 0.544 0.779 0.562 0.770

Testing period MAE 0.159 0.023 0.390 0.060 0.013 0.170
MSE 0.088 0.002 0.321 0.008 0.001 0.054

RMSE 0.296 0.039 0.567 0.089 0.026 0.232

R? 0.724 0.591 0.585 0.828 0.603 0.861

PBIAS 3.494 5.120 1.509 0.794 4750 -0.400

KGE 0.762 0.773 0.598 0.738 0.620 0.723

The performance of the reservoir models was better than that of the water quality models

for the stream (Table-3, Fig 52), particularly for the COx models. The extreme values may
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not be well predicted by the models fire stream and the high concentrations may be
underestimated by the models (Fi@p
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Fig 52 The training and testing results of RFR models
We also tested the spatial accuracy of the models. Based on the estimated local PBIAS of
the models, the COl models achieved the highest accuracy, followed by the TP and NH
N models (Fig 83). For the water quality models of stream, the sites of low accuracy were
found in the outlet of the MRW which may be the induced by interference from the invaded
sea watefrom tidal action. The low accuracy of sites from the reservoir models were found in

downstream of the sulvatershed where multiple swiatersheds meet.

Fig 53 Spatial performance of the models during the training and testing periodviiRive
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