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Abstract

ABSTRACT

Integrating Remote Sensing and Hybrid Machine Learning for Developing a
Gridded Groundwater Storage Dataset for Different Climate Scenarios

in Sri Lanka

Reliable groundwater monitoring is essential to ensure water security. Yet, many regions lack
dense observational networks. High-resolution gridded groundwater datasets therefore provide
valuable alternatives for characterising groundwater dynamics. The Gravity Recovery and
Climate Experiment (GRACE) offers large-scale terrestrial water storage anomaly (TWSA)
data, but its coarse spatial resolution limits regional applicability. Recent studies have
increasingly utilized machine learning (ML) to improve GRACE-based groundwater
estimates; however, most have relied on individual ML models, which enhance prediction
accuracy only to a limited extent. Based on these grounds, this study proposes a stacking
ensemble machine learning (SEML) framework that integrates Random Forest (RF), eXtreme
Gradient Boosting (XGBoost), Light Gradient Boosting Machine (LightGBM), and
Categorical Boosting (CatBoost) for more precise statistical downscaling of GRACE-derived
groundwater storage anomalies (GWSA) to finer spatial resolutions. The framework was first
evaluated in the Kumbukkan Oya Basin, where GWSA was downscaled from 0.25° to 0.05°
resolution, achieving strong predictive skill (R? = 0.84, RMSE = 3.04 cm), with grid-wise
validation against GRACE yielding R? values exceeding 0.9 and in-situ groundwater level
comparisons showing correlations above 0.7 in most wells. To further assess the physical
consistency of the downscaled signals, an independent Physics-Informed Neural Network
(PINN) framework was developed for the same basin. The groundwater system was idealised
as a one-dimensional transient unconfined flow, reflecting the predominantly linear basin
geometry. The PINN model embedded the Boussinesq groundwater flow equation directly into
the learning process and was trained using rainfall as the primary forcing, with the uppermost
and lowermost wells prescribed as transient boundary conditions and two interior wells used
for training and testing. The model reproduced historical groundwater dynamics with a
correlation coefficient of 0.81 and an RMSE of 0.57 m at the testing interior well, providing
physics-based validation of the downscaled GWSA patterns. The methodology was
subsequently extended to the entire Sri Lankan domain, generating the first high-resolution
national GWSA dataset capable of resolving spatial heterogeneity and groundwater stress
patterns. Future groundwater dynamics were assessed using precipitation projections from the
CMIP6 CNRM-CM6-1 model under SSP2-4.5 and SSP5-8.5 scenarios for near- (2021-2039)
and mid-century (2040-2059) periods. Trend analysis revealed spatially coherent groundwater
depletion hotspots, particularly across the dry and intermediate zones, with projected GWSA
declines locally exceeding —1.5 cm yr under high-emission conditions. By integrating
ensemble learning, climate projections, and national-scale analysis, this study delivers a
robust, transferable framework for groundwater monitoring, climate impact assessment, and
evidence-based groundwater management in data-limited regions.

Keywords: climate scenarios, GRACE/GWSA, groundwater monitoring, Kumbukkan
oya, PINN, remote sensing in hydrology, statistical downscaling
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1 INTRODUCTION

1.1 Background of the Study

Groundwater, an essential pillar of the planet's freshwater supply, constitutes roughly
30% of the world's readily accessible freshwater reserves (De Luca et al., 2024).
Across the globe, more than 2 billion people depend on these subterranean aquifers to
meet their daily drinking water needs. Beyond its role in drinking water supply,
groundwater sustains a substantial share of global food production; nearly 38% of the
world’s irrigated agricultural land relies on groundwater abstraction. This dependence
is particularly pronounced in South Asia, where groundwater supports approximately
57% of irrigated areas, reflecting both climatic variability and increasing pressure on

surface water resources (Siebert et al., 2010).

In recent decades, the growing variability in climate has disrupted surface water
availability and precipitation patterns, further intensifying the global dependence on
groundwater (Swain et al., 2022). Prolonged droughts, irregular rainfall, and declining
river flows have led many regions to increasingly turn to groundwater as a more stable
and dependable resource (de Graaf et al., 2019). At the same time, the global surge in
water demand driven by population growth, expanding agricultural activities, and
industrial development has placed unprecedented stress on existing water resources

(Shammout et al., 2023).

Given the increasing dependence on groundwater, systematic monitoring of
groundwater levels is essential for sustainable water resource management. But
monitoring its status remains a significant challenge in many developing countries due
to inadequate infrastructure, limited funding, and logistical constraints (Ahmed et al.,
2024). However, in numerous regions characterised by limited data availability, the

absence of reliable monitoring networks presents a significant challenge to informed
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decision-making and the long-term conservation of water resources, particularly in
areas with high dependence on groundwater for agriculture and domestic use. To
support regional-scale planning, hydrological modelling, and evidence-based
policymaking, gridded groundwater datasets are essential. They enable a clearer
understanding of groundwater dynamics, especially in regions with sparse monitoring
networks. Such data informs critical decisions across sectors, including domestic water
supply, agriculture, industry, mining, healthcare, forestry, and commercial enterprises

reliant on groundwater (Haqiqi, 2023).

In Sri Lanka, groundwater supports a large portion of rural livelihoods, particularly in
the dry and intermediate zones where surface reservoirs are seasonal. Further, there
are famous farming practices, rural water schemes, and industries that utilise
groundwater resources, resulting in enormous stress on the aquifers, which
subsequently diminishes groundwater resources and contaminates them heavily
without our understanding. However, the present status of the groundwater resources

under this external stress has not yet been systematically assessed.

The advent of satellite gravimetry, particularly through the Gravity Recovery and
Climate Experiment (GRACE) and GRACE-FO (GRACE Follow-On) missions,
offers a promising alternative for overcoming these observational challenges (Save et
al., 2016). Since 2002, the GRACE and GRACE-FO satellite missions have provided
global estimates of Total Water Storage Anomalies (TWSA; i.e., Total Water Storage
(TWS) changes relative to a mean-field) by detecting changes in Earth's gravity field
(Awange et al., 2014; Anyah et al., 2018; Rodell et al., 2018). These datasets have
proven especially valuable for monitoring large-scale hydrological trends, including
groundwater storage variations, in data-scarce regions (Frappart & Ramillien, 2018;
Lietal., 2019; Sediqi et al., 2019). However, the coarse spatial resolution of GRACE
products limits their local applicability, necessitating downscaling techniques to
enhance resolution for practical use (Chen et al., 2019; Long et al., 2019; Scanlon et
al., 2016). To address this limitation, applying a downscaling approach is essential to

enhance the spatial resolution of GRACE data (Chen et al., 2019).

Hence, this approach can be adhered to, adopting a robust statistical downscaling

method to downscale coarse-resolution GRACE-derived GWSA into high-resolution
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gridded datasets for Sri Lanka. The resulting fine-scale groundwater database
enhances spatial representation of subsurface water dynamics, supporting evidence-
based water-resources management. Furthermore, the validated downscaling
framework can be extended to project future groundwater availability under various
climate scenarios and to generate groundwater vulnerability maps, enabling proactive

planning and sustainable groundwater governance across the country.
1.2 Research Gap Identification

Despite the growing importance of groundwater for domestic, agricultural, and
industrial use in Sri Lanka, a reliable, high-resolution gridded groundwater dataset
suitable for regional-scale analysis is still lacking. Groundwater assessments are
constrained by sparse and unevenly distributed monitoring wells, while satellite
gravimetry products such as GRACE, although valuable for capturing large-scale
groundwater variability, remain too coarse for direct application at basin and national
scales. To bridge this scale mismatch, previous studies have employed machine-
learning-based downscaling approaches; however, these efforts have largely relied on
individual models, limiting robustness and predictive reliability due to model-specific
uncertainty. At the same time, groundwater modelling has evolved along two largely
independent pathways: physics-based numerical models and purely data-driven
models, each offering strengths but also clear limitations when used in isolation. The
integration of physical groundwater processes into data-driven frameworks through
Physics-Informed Neural Networks (PINNs), particularly for wvalidating and
constraining satellite-derived groundwater products, remains underexplored in the Sri
Lankan context. Furthermore, existing studies provide limited insight into future
groundwater availability by coupling high-resolution groundwater datasets with
climate model projections. These unresolved gaps collectively highlight the need for
an integrated, scale-consistent framework that combines ensemble machine learning,
physics-informed groundwater modelling, and climate change analysis to support

sustainable groundwater management in data-scarce tropical regions.



Introduction

1.3 Aims and Objectives

The main objective of this study is to develop a high-resolution gridded groundwater
dataset for Sri Lanka by downscaling GRACE-derived groundwater storage
anomalies, to assess the impacts of climate change on groundwater resources, and to

support sustainable water management across the region.
The specific objectives are as follows:

e To downscale GRACE/GRACE-FO—derived groundwater storage
anomalies (GWSA) to a fine spatial resolution (0.05°) at the basin scale

using remote sensing and machine learning techniques.

e To develop a groundwater simulation model for spatio-temporal
groundwater level prediction and evaluate its performance against

high-resolution gridded datasets.

e To extend the validated downscaling model to generate a high-
resolution gridded groundwater dataset for the entire territory of Sri

Lanka.

e To assess future groundwater availability under multiple climate-
change scenarios by integrating General Circulation Model (GCM)

outputs with the downscaled model.
1.4 Scope and Limitations

The scope of this study is limited to the assessment of groundwater storage dynamics
across the aquifer systems of Sri Lanka using available satellite remote sensing and
reanalysis datasets, with a focus on overcoming data scarcity through statistical
downscaling and machine learning techniques. The analysis is constrained by the
spatial resolution and temporal coverage of GRACE/GRACE-FO and associated
hydroclimatic products, as well as by the limited availability of in-situ groundwater
observations for validation. Consequently, local-scale hydrogeological heterogeneity

and anthropogenic abstraction processes are not explicitly represented, and the results
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primarily reflect large-scale groundwater storage anomalies and regional trends rather

than absolute groundwater volumes or groundwater level behaviour.
1.5 Significance of this Study

This study provides a robust scientific basis for climate-resilient groundwater
management by delivering spatially refined representations of groundwater storage
dynamics across Sri Lanka. Through the integration of satellite observations and
advanced machine-learning downscaling, the resulting high-resolution groundwater
storage anomaly datasets address critical national-scale data gaps and enhance the
interpretability of subsurface water variability. These outputs support evidence-based
policy formulation, enable the identification of emerging groundwater stress zones,
and strengthen strategic planning for sustainable water resources management under

changing climatic conditions.
1.6 Methodology

This research followed a structured multi-phase framework designed to downscale
coarse-resolution GRACE-derived GWSA data to a finer spatial resolution and to
assess future groundwater availability under different climate-change scenarios across
Sri Lanka. The overall methodology consisted of seven major steps, systematically
progressing from data collection to national-scale modelling and climate-based

groundwater vulnerability assessment, as follows:

i. Data collection and case study selection

The study commenced with the acquisition of relevant datasets required for model
development and validation. Primary hydrometeorological data, including daily
rainfall and groundwater level records, were obtained from the Department of
Meteorology and the Water Resources Board (WRB) of Sri Lanka. Supplementary
remote sensing datasets, such as GRACE/GRACE-FO TWSA data, Global Land Data
Assimilation System (GLDAS) hydrological components, Moderate Resolution
Imaging Spectroradiometer (MODIS)-based land surface temperature (LST),
evapotranspiration (ET), and normalised difference vegetation index (NDVI), were

incorporated to support the statistical downscaling framework. Based on data
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availability, spatial coverage, and hydrogeological diversity, representative basins
were identified for model calibration and validation. Among them, the Kumbukkan
Oya Basin, located across the southeastern dry and intermediate climatic zones of Sri
Lanka, was selected as the pilot study area due to its marked climatic variability, heavy
reliance on groundwater for agriculture, and the presence of established monitoring

networks.

ii. Data pre-processing
The raw datasets were subjected to preprocessing to ensure spatial and temporal
consistency. Missing rainfall and other values were imputed using statistical
interpolation. All spatial datasets were reprojected to a uniform coordinate system and
resampled to achieve consistent spatial and temporal resolutions. Subsequently,

normalisation and feature standardisation were applied to all input variables to enhance

numerical stability and ensure balanced learning during the model training phase.

iii. Development of the downscaling model

A statistical downscaling framework was implemented using a Stacking Ensemble
Machine Learning (SEML) approach that integrates Random Forest (RF), eXtreme
Gradient Boosting (XGBoost), Light Gradient Boosting Machine (LightGBM), and
CatBoost algorithms. These base learners were trained using satellite-based
environmental predictors (MODIS LST, NDVI, ET, bias-corrected CHIRPS
precipitation, and SRTM elevation) and validated against GRACE-derived GWSA
data. The meta-learner combined outputs from the base models to produce high-
resolution groundwater storage estimates for the basin. The optimised SEML model

was then validated using in-situ groundwater level data from observation wells.

iv. Development of the groundwater simulation model

A Physics-Informed Neural Network (PINN) groundwater simulation model was
developed to predict spatiotemporal variations in groundwater levels within the basin.
The groundwater system was idealised as a one-dimensional transient unconfined flow
due to the predominantly linear basin geometry. The model utilised two wells as
boundary conditions, two interior wells for training and testing, and rainfall as the

primary recharge input. This simulation facilitated an independent evaluation of
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groundwater dynamics and provided additional validation for the downscaled GWSA

data.

v. Evaluation and validation for the basin scale

The performance of both the downscaling and simulation models was evaluated using
statistical indices such as the Coefficient of Determination (R?), Root Mean Square
Error (RMSE), and Pearson Correlation Coefficient (CC). The validation process
compared the downscaled GWSA with GRACE-derived values and in-situ
groundwater observations. Temporal patterns, spatial consistency, and anomaly
detection accuracy were examined to confirm the reliability of the developed models.

vi. Expand the framework into the Sri Lankan scale and develop a high-resolution
GWSA dataset

Following successful basin-scale validation, the optimised SEML model was
expanded to the entire Sri Lankan domain to generate a national high-resolution
gridded GWSA dataset. This dataset provides comprehensive spatial coverage and
serves as a foundational resource for groundwater monitoring and resource assessment

in data-scarce regions.

vii. Produce groundwater vulnerability maps for future climate scenarios

Finally, the validated model framework was integrated with General Circulation
Model (GCM)-based climate projections under different Shared Socioeconomic
Pathways (SSPs). Future GWSA variations were simulated for multiple climate
scenarios to evaluate the potential impacts of climate change on groundwater
availability. Spatial vulnerability maps were developed to identify high-risk zones of
groundwater depletion, supporting sustainable groundwater management and climate

adaptation strategies in Sri Lanka.
1.7 Structure of the Thesis/ Dissertation

Chapter 1 introduces the study by presenting the background, identifying the research
gap, defining the research aims and objectives, outlining the methodological approach,

and explaining the overall structure of the thesis.
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Chapter 2 reviews the literature relevant to the study, covering GRACE-derived
terrestrial and groundwater storage anomalies, statistical and machine-learning-based
downscaling techniques, ensemble modelling approaches, hydrological controls on
groundwater storage, physics-informed neural networks (PINNs), and climate change

impact assessment frameworks.

Chapter 3 describes the methodology adopted in the study, including the study area,
data sources, preprocessing procedures, statistical downscaling of GRACE-derived
groundwater storage anomalies, development of the stacking ensemble machine
learning framework, basin-scale groundwater modelling using PINNs, and approaches

for future groundwater availability assessment and trend analysis.

Chapter 4 presents the data checking and analysis procedures, focusing on bias
correction of satellite precipitation products and the selection and evaluation of

groundwater monitoring wells used for PINN-based validation.

Chapter 5 discusses the results obtained from the statistical downscaling and PINN
modelling frameworks, including model performance, validation against in-situ
observations, spatiotemporal variability and long-term trends of groundwater storage
anomalies, extension of basin-scale results to the national scale of Sri Lanka, and the

assessment of climate change impacts on groundwater storage.

Chapters 6 and 7 conclude the thesis by summarising the key findings and presenting
recommendations and directions for future research based on the outcomes of the

study.
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CHAPTER 2

2 LITERATURE REVIEW

2.1 Chapter Introduction

The literature review explores current knowledge on groundwater monitoring,
statistical downscaling, and machine learning modelling, while highlighting the
research gap addressed in this study. It synthesises global and regional studies on
GRACE-derived GWSA, emphasising the limitations of coarse spatial resolution and
the need for better downscaling for local applicability. The chapter discusses the
evolution of statistical downscaling methods and the integration of remote sensing
with advanced machine learning techniques, including Random Forest, XGBoost,
LightGBM, and ensemble learning, to improve groundwater estimation in data-scarce
areas. It also examines advancements in groundwater simulation modelling, focusing
on the shift from traditional models to data-driven frameworks like Physics-Informed
Neural Networks (PINNs). This review lays the foundation for developing a high-
resolution gridded groundwater dataset for Sri Lanka and assessing the impacts of

climate variability on groundwater resources.
2.2 General

The rapid advancement of remote sensing technologies has revolutionised
hydrological monitoring and water-resources assessment, enabling continuous
observation across vast and previously inaccessible regions. Satellite-based platforms
now provide consistent, spatially extensive, and temporally regular data that overcome
the limitations of sparse or unevenly distributed in-situ measurements. Among these,
GRACE products have become indispensable tools for quantifying TWS changes at
regional to global scales (Scanlon et al., 2018) and have been extensively used to
evaluate groundwater storage (GWS) changes around the world (Lietal., 2019; Sediqi
etal., 2019; Zhang et al., 2020). These capabilities make GRACE an invaluable dataset
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for understanding large-scale hydrological processes, drought detection, and

groundwater depletion.

However, the coarse resolution of GRACE products limits their application to local
areas, making it challenging to link GRACE estimates to local-scale ground
observations. (Long et al., 2016; Scanlon et al., 2012). To address this constraint,
researchers have increasingly adopted downscaling approaches to refine GRACE data
to a finer spatial resolution (Chen et al., 2019). Coarse-resolution GWSA data can be
downscaled at three levels: spatial, temporal, and vertical (Reager et al., 2015). Of
these, spatial downscaling has gained the most prominence due to its relevance for
regional water-management applications and its synergy with advances in climate

modelling.

Spatial downscaling methods generally fall into two categories: Dynamic
Downscaling (DD) and Statistical Downscaling (SD). DD integrates GWSA into high-
resolution land surface models but requires extensive data, intensive computation, and
careful calibration of model parameters and process representations (Jyolsna et al.,
2021; Pascal et al., 2022; Rahaman et al., 2019). In contrast, statistical downscaling
(SD) establishes empirical links between GRACE observations and high-resolution
environmental variables by training non-parametric models to estimate local TWSA
based on GRACE data and variables influencing groundwater storage (Sun et al., 2010;
Yin et al., 2018). According to Liu et al. (2016), SD techniques are more flexible,
easier to implement, and computationally efficient, making them more practical than

DD methods for broader applications and parameter estimation.

Current GRACE downscaling efforts are predominantly based on statistical
approaches, particularly machine learning techniques (Agarwal et al., 2023; Liu et al.,
2016; Rahaman et al., 2019; Yin et al., 2018; Zhang et al., 2021). These methods
assume spatial transferability of relationships between TWSA/GWSA and
hydrological variables, applying them to high-resolution input data to generate
downscaled outputs (Wang et al., 2024). Methods based on basic resampling or spatial
interpolation techniques, such as nearest-neighbour and bilinear approaches, have
demonstrated limited reliability because they do not represent the complex, nonlinear

relationships between climatic drivers and hydrological responses (San et al., 2023;

10
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Zhu et al., 2024). In contrast, machine learning (ML) approaches such as Random
Forest, XGBoost, LightGBM, and ensemble techniques have shown superior
predictive performance, leveraging multi-source remote-sensing inputs to downscale
GRACE data effectively. Ensemble and hybrid ML frameworks, in particular, provide
greater robustness and generalisation for hydrological applications (Catani et al., 2013;

Jing et al., 2020; Keller & Evans, 2019).
2.3 GRACE Data and Terrestrial Water Storage Anomalies (TWSA)

The GRACE and its successor, GRACE Follow-On (GRACE-FO), represent
milestone satellite missions in Earth observation, enabling direct measurement of
large-scale mass changes across the planet’s surface. Jointly launched by NASA and
the German Aerospace Center (DLR), these twin satellites operate by precisely
tracking minute variations in inter-satellite distance using a microwave ranging
system. These distance changes reflect gravitational anomalies caused by mass
redistribution, allowing the satellites to estimate monthly TWSA at spatial resolutions

of approximately 300-400 km (Wabhr et al., 1998).

GRACE data products are generated by three major processing centers Center for
Space Research (CSR), GeoForschungsZentrum (Geo-research Centre) (GFZ), and Jet
Propulsion Laboratory (JPL) and are categorised into Level 2 spherical harmonic
solutions and Level 3 mascon grids. Among these, the JPL RLO6M mascon product
has gained wide adoption in hydrological studies due to its improved spatial
localisation, reduced north—south striping errors, and integration of scaling factors to
correct signal leakage (Save et al., 2016; Xiong et al., 2021). The resulting mascon-
based products provide gridded TWSA expressed in centimetres of equivalent water
thickness, reflecting total water mass change within each grid cell. To enhance
hydrological interpretability, GRACE data are further subjected to post-processing
steps including destriping filters, Gaussian smoothing, glacial isostatic adjustment
(GIA) corrections, and the application of scaling factors derived from land surface
models (Chen et al., 2021; Rodell et al., 2009). These processed TWSA values
represent vertically integrated water storage components such as soil moisture, surface

water, snow, groundwater, and canopy water (see Figure 2-1), making GRACE a

11
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powerful tool for large-scale water resource monitoring (Castellazzi et al., 2016; Pan

etal., 2017; Tian et al., 2019).
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Figure 2-1: Conceptual illustration of the terrestrial water storage (TWS) system and its major
components within the hydrological cycle, including groundwater, soil moisture, surface water
(rivers, lakes, and reservoirs), and cryospheric storage (ice and snow)

Source: Adapted from GFZ German Research Centre for Geosciences

(https://www.globalwaterstorage.info/en/anwendungen/terrestrial-water-storage)

2.4 GRACE Data Usage for Hydrological Applications and Groundwater

Monitoring

Since its launch in 2002, the GRACE mission has transformed large-scale hydrological
research by enabling the quantification of TWSA through precise satellite gravimetry.
GRACE detects minute temporal changes in Earth’s gravity field caused by mass
redistribution within the hydrosphere, cryosphere, and lithosphere, allowing the
estimation of total water mass variations at regional to continental scales. These mass
variations integrate all forms of water storage surface, soil moisture, snow, and
groundwater, offering a comprehensive and data-driven means of assessing water

balance dynamics (Dahle et al., 2019; Tapley et al., 2004).

12
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The use of GRACE data in hydrology has expanded rapidly, providing insights into
global and regional drought assessment (Boergens et al., 2020; Gerdener et al., 2020),
flood monitoring (S. Han et al., 2021; S.C. Han et al., 2021), retrieving groundwater
(Feng et al., 2013; Huang et al., 2013), detecting land subsidence (Wang et al., 2017)
(Tangdamrongsub et al., 2020), and climate hydrology interactions (Li et al., 2020). In
particular, groundwater monitoring has become one of the most significant GRACE
applications, as the satellite’s ability to detect subsurface mass variations allows for
the assessment of groundwater depletion and recharge trends over vast, ungauged
regions such as the Amazon basin (Chen et al., 2009), the Yangtze River basin (Xiong
et al., 2021), northwestern India (Kumar Joshi et al., 2021), the North China Plain
(Gong et al., 2018), and California’s Central Valley (Liu et al., 2019), Nile River basin
(Jing et al., 2020). Thus, GRACE has evolved from a purely research-oriented mission
into a practical monitoring tool for groundwater management, offering a reliable basis
for regional drought detection, aquifer sustainability studies, and hydrological model

calibration.
2.5 Deriving Groundwater Storage Anomalies (GWSA) from TWSA

Since GRACE TWSA represents the sum of all hydrological storage components,
GWSA are extracted by removing the contributions of surface and near-surface
storage, primarily using outputs from global land surface models (LSMs). This

relationship can be expressed as:
GWSA = TWSA — (SWSA + SWEA + CWSA + SMSA) [2-1]

where SWSA, SWEA, CWSA, and SMSA represent surface water, snow water
equivalent, canopy water, and soil moisture storage anomalies, respectively. This
separation enables the isolation of subsurface groundwater variations that cannot be
directly measured from space. GLDAS products, particularly Noah v2.1, are
frequently utilised due to their consistent spatial coverage and multi-layer soil moisture

representation (Verma & Katpatal, 2020; Zhang et al., 2021).

13
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2.6 Downscaling Techniques

The relatively coarse native resolution of GRACE observations poses a significant
limitation for localised hydrological studies, especially those aiming to monitor
groundwater changes at the scale of individual aquifers or catchments. To address this
issue, researchers have developed a range of downscaling techniques designed to
enhance the spatial resolution of GRACE-derived TWSA/GWSA, often refining them
to resolutions of 0.25°, 0.05°, or even as fine as 1 to 5 km. These methods improve the
applicability of GRACE data by integrating high-resolution auxiliary datasets such as
climate variables, land surface characteristics, and static physiographic factors (Zhang

et al., 2021; Pulla et al., 2023).

Downscaling can occur along three primary dimensions: spatial, temporal, and vertical
(Reager et al., 2015), with spatial downscaling being the most widely explored due to
its relevance to hydrological modelling and water resource management. Earlier
approaches that relied on simple spatial interpolation (e.g., nearest-neighbour or
bilinear resampling) have been shown to yield low accuracy, as they fail to capture
non-linear hydroclimatic interactions (San et al., 2023; Zhu et al., 2024). Therefore,
recent studies adopt other types of downscaling techniques to precisely estimate the
high-resolution gridded datasets. Broadly, spatial downscaling approaches fall into
two categories: Dynamic Downscaling (DD) and Statistical Downscaling (SD). While
both aim to bridge the resolution gap between GRACE signals and finer-scale ground
observations, their methodologies differ considerably. DD, often referred to as data
assimilation (DA), involves integrating GRACE observations with hydrological model
outputs to simulate water storage at higher resolutions (Tangdamrongsub et al., 2015).
In contrast, SD establishes empirical relationships between coarse-resolution GRACE
data and higher-resolution environmental predictors, typically using machine learning
or regression models to estimate localised TWSA or GWSA based on observed

patterns (Sun et al., 2010; Yin et al., 2018).

2.6.1 Dynamic Downscaling (DD)

Dynamic downscaling involves the use of physically based hydrological and land

surface models (e.g., GLDAS, WGHM, CLM, VIC) to simulate fine-scale

14
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hydrological variables that are constrained or calibrated using GRACE-derived TWS
observations (Zaitchik et al., 2008). This approach integrates GRACE data into model
frameworks through DA techniques, allowing for improved spatial resolution and
temporal continuity of hydrological states. Previous studies have demonstrated that
DA can effectively disaggregate TWSA into individual components (Eicker et al.,
2014; Tian et al., 2017).

Despite these advantages, DD approaches are computationally intensive and strongly
dependent on the boundary conditions and parameterisations of the hydrological
models used (Khaki et al., 2017; Nie et al., 2019). Their performance is further
influenced by the accuracy of the error covariance matrices of both the GRACE
observations and model simulations, which determine the weight assigned to each data

source during assimilation (Miro & Famiglietti, 2018).

In practice, the application of DD in data-scarce or heterogeneous basins remains
challenging. These methods require extensive calibration data, reliable meteorological
inputs, and precise land surface characterisation, which are often unavailable in
developing regions (Jyolsna et al., 2021; Pascal et al., 2022; Rahaman et al., 2019).
Furthermore, model structural uncertainties and simplifications can propagate through
the assimilation process, affecting the reliability of localised water storage estimates.
Consequently, while DD is theoretically robust, it may struggle to accurately represent
aquifer-scale groundwater dynamics in areas with strong human abstraction or

complex hydroclimatic variability (Milewski et al., 2019; Wang et al., 2023).

2.6.2 Statistical Downscaling (SD)

Statistical downscaling (SD) establishes empirical or data-driven relationships
between coarse-resolution GRACE-derived TWSA/GWSA and high-resolution
hydroclimatic predictors such as precipitation, temperature, evapotranspiration,
vegetation indices, and static land parameters, including topography, soil type, and
lithology. The core principle of SD is to develop a regression model between low-
resolution target data and predictor variables and then apply high-resolution predictor

data to generate fine-scale outputs (Wilby et al., 1998). These empirical relationships
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are often modelled using regression or ML algorithms capable of capturing nonlinear

spatial and temporal dependencies (Zhang et al., 2021; Ghaffari et al., 2023).

Early applications of SD for GRACE relied on simple empirical regression techniques
that related large-scale TWSA to single hydrological variables. For example, Yin et
al. (2018) used evapotranspiration (ET) as the primary predictor, assuming a strong
correlation between ET and groundwater storage variations. While these early methods
achieved reasonable accuracy, they were limited in transferability across regions with
varying hydrogeological characteristics, as linear relationships could not adequately

capture complex groundwater climate interactions.

The evolution of ML—based statistical downscaling has significantly improved model
robustness and flexibility. ML algorithms, including Random Forest (RF), Gradient
Boosting (XGBoost), and Artificial Neural Networks (ANN), can handle
nonlinearities and interactions among multiple predictors, making them particularly
effective for reconstructing and downscaling GRACE-derived hydrological signals
(Verma & Katpatal, 2019; Zhang et al., 2021). These models have been successfully
applied to enhance GRACE’s spatial resolution from coarse global grids (~1°) to sub-
basin scales (0.25°-0.05°), demonstrating substantial improvements in both spatial

detail and accuracy.

2.6.3 Review of Downscaling Techniques and Rationale for Statistical

Approach

Across GRACE-based hydrological applications, SD techniques have emerged as the
preferred approach, particularly in data-scarce or heterogeneous tropical and arid
regions (Zhang et al., 2021; Wang et al., 2023). Dynamic models such as WGHM or
CLM offer valuable physical insight but require extensive data assimilation and are
sensitive to model parameterisation. Conversely, statistical and ML-based models
demonstrate high predictive accuracy and generalizability, leveraging globally
available datasets such as GLDAS, ERAS5, MODIS, and CHIRPS (Milewski et al.,
2019; Ghaffari et al., 2023). As summarised in Table 2-1, statistical downscaling
methods consistently achieve finer spatial resolutions (0.25°, 0.05°, and <5 km) while

maintaining strong correlations with observed groundwater trends. Their
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computational efficiency and adaptability make them particularly suitable for

operational groundwater monitoring in developing regions.

Table 2-1: Comparison of dynamic and statistical downscaling methods for GRACE
applications

Aspects Dynamic Downscaling Statistical Downscaling

Integrates GRACE data with
physically based hydrological or

Core Principle  land surface models through
data assimilation (e.g., CLM,
WGHM, VIC).

Empirical or data-driven
relationship between GRACE
TWSA/GWSA and high-
resolution predictors.

Requires extensive
Input meteorological, soil, and
Requirements  boundary condition data;
dependent on in-situ calibration.

Easily accessible reanalysis
and remote sensing data
(ERAS, GLDAS, MODIS).

Computational ~ High (requires model integration  Moderate to low (depends on

Demand and calibration) ML model complexity)
Strong physical basis, Limited physical

Interpretability transparent water balance interpretability, depends on
structure. model explainability.

Highly flexible; adaptable to

Spatial Limited in data-scarce or L
e : local hydroclimatic
Adaptability heterogeneous terrains. .
conditions.
Agarwal et al. (2023); Arshad
Example J. Sun et al. (2022); J. Sunetal. etal. (2024); Kalu et al.
Studies (2023) (2024); Sabzehee et al.

(2023); Yin et al. (2018)

Therefore, in the context of Sri Lanka and other tropical, data-scarce basins, SD
presents a more practical and efficient solution. It facilitates the scalable integration of
multi-source remote sensing and reanalysis data to produce fine-scale groundwater
estimates with minimal dependence on ground-based calibration. Consequently, this
study adopts a statistical-machine learning-based GRACE downscaling framework as
the most suitable approach for high-resolution groundwater estimation under tropical

monsoon conditions.
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2.7 Machine Learning Models in GRACE Downscaling

The integration of ML techniques into GRACE-based downscaling has evolved
rapidly over the past decade, driven by the need to enhance the spatial resolution of
GRACE-derived TWSA and GWSA. Early studies focused on empirical and statistical
regression approaches, which established linear relationships between GRACE
observations and hydroclimatic variables such as precipitation, temperature,
evapotranspiration, and vegetation indices (Sun et al., 2010). While these approaches
were computationally simple, their ability to capture nonlinear and non-stationary
hydrological processes was limited, often leading to high uncertainties in arid and

heterogeneous basins.

To address these shortcomings, researchers began applying Artificial Neural Networks
(ANNs) for spatial downscaling, marking the first major shift toward nonlinear
learning. ANNs demonstrated improved performance by capturing complex
relationships between GRACE-derived TWSA and ancillary environmental
predictors. In early applications, Miro and Famiglietti (2018) and Sun (2013) applied
ANN to downscale GRACE data in California, capturing high-resolution GWS
variations. For instance, Milewski et al. (2019) applied an ANN-based approach to
downscale GRACE data in the Upper Floridan Aquifer, achieving better correlation
with in-situ groundwater observations compared to linear regression. Similarly, Verma
and Katpatal (2020) combined ANN with GLDAS-derived soil moisture and
precipitation inputs to model groundwater storage variability in India’s Tapi River
Basin, successfully reproducing seasonal recharge—depletion cycles. However, these
models required extensive parameter tuning and often suffered from overfitting and

limited generalisation, particularly in data-scarce regions.

The next methodological phase introduced tree-based ensemble models, notably
Random Forest (RF) and Extreme Gradient Boosting (XGBoost), which have become
dominant in GRACE downscaling studies since 2020. These models effectively
capture nonlinearities, manage multicollinearity, and rank variable importance without
overfitting. Jyolsna et al. (2021) applied Multiple Linear Regression (MLR) and RF
models to downscale GRACE-derived TWSA from 1° to 0.25° using land surface and
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hydroclimatic variables. Chen et al. (2021) used RF to downscale GRACE TWSA
from 0.5° to 0.05° in the Yangtze River Basin, achieving a validation correlation (R?)
above 0.85 with in-situ groundwater data. Likewise, Ghaffari et al. (2023) downscaled
GRACE mascon data to ~5 km resolution across the Mississippi Alluvial Plain,
accurately identifying localised groundwater depletion zones. Although RF and
XGBoost have demonstrated robustness, they remain empirical and may not fully
capture the physical constraints of hydrological systems (Ali et al., 2023; Zhang et al.,
2021).

Several studies have demonstrated the effectiveness of ML techniques in downscaling
GRACE-derived TWSA/GWSA to a resolution of 0.25° in larger study areas (Ali et
al., 2022; Chen et al., 2019; Gorugantula & Kambhammettu, 2022; Sabzehee et al.,
2023; Seyoum & Milewski, 2017). However, achieving finer resolutions such as 5 km,
2 km, or 1 km remains challenging, particularly in data-scarce small regions.
Numerous studies aiming to improve the spatial resolution of GRACE data to finer

scales have employed a wide range of input variables, as summarised in Table 2-2.

The reviewed studies reveal a clear methodological progression in the application of
ML for GRACE-based groundwater and terrestrial water storage downscaling. Across
most studies, tree-based ensemble models such as RF and Gradient Boosting variants
(XGBoost, LightGBM, and CatBoost) have become the most frequently applied
frameworks, primarily due to their stability, nonparametric nature, and strong
predictive performance. These models have consistently achieved fine-scale
resolutions (from 0.25° to 0.05° and even down to 1 km) while maintaining high
correlation with in-situ groundwater observations. Studies by Chen et al. (2021) and
Ghaffari et al. (2023) demonstrated that RF can effectively preserve GRACE’s large-
scale signal integrity while enhancing spatial detail. Similarly, boosting algorithms
such as XGBoost and LightGBM provided superior accuracy in heterogeneous basins,
especially where complex topographic and climatic interactions dominate (Mohtaram

et al., 2025).
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Table 2-2: Summary of key studies on statistical downscaling of GRACE TWSA/GWSA to finer spatial resolutions

Resolution

Performance

Reference ML (From - Evaluation Input Study ?rea Key Findings and Future Directions
Model(s) ) Variables (km?)
To) Metrices
Developed tree-based ML models with different window
sizes (WS3-WS9).
RF. ETR 0.5° SM, ET, Guantao County,  RF + WS5 performed best, increasing resolution to 0.05°
, , 5% to ) )
Chen et al. ABR 0.25° then CC, NSE, LST qay’ Hebei Provmce, while preserving GRACE signal integrity.
(2021) ’ ' o RMSE, MAE LST night, China ) o
GBR 0.05 Temp 456 The accuracy of each combined model is improved after
adding the residuals to the high-resolution downscaled
results.
Haihe River Basin PLSR model used to identify the most influential predictor
Yin et al. 0.5° to ET, Temp, . " variables for SD, which are (ET, LST, Temp and SM)
(2022) RF 0.05° CC, RMSE LST. SM China
' ’ 329,000 GRACE TWS downscaled using PLSR + RF hybrid model.
Pr, Temp, Downscale GRACE Mascon data into 0.05° accurately.
. AT, ET, N .
Ghaffari ° 2 Mississippi Alluvial = [gentified groundwater depression in the central Delta.
0.5°to R?, RMSE, LC, :
et al. RF o Plain, USA ) L
0.05 MAE NDVI, Key predictors: precipitation & temperature. Confirms
(2023) . 44,834 _ . onfl
Ele, Soil GRACE’s capacity for local-scale aquifer monitoring.
type
Pr, Terra : s
DL, GB, . ’. Sunflower County, ~Ensemble and hybrid approaches can help mitigate the
Pullaetal. = 5o 0.5%to 1 R?, RMSE, Climate Mississippi limitations of individual models and better capture the
2023 ’ km MAE, MSE  grid cell Pk : : :
( ) KNN ’ grlLSCfl:" S, 1,068 complexity of the underlying hydrological processes.
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ML Resolution  Performance Input Study Area
Reference (From - Evaluation P Y ) Key Findings and Future Directions
Model(s) . Variables (km?)
To) Metrices
RF model exhibits superior performance.
Exploitation of groundwater resources in the aquifers is the
; main driver of groundwater storage and changes in the

Sabzehee RF, 025° to 1 CC, NSE, Pr, LST, Urmia catchment, - % g g

et al. SVM, km RMSE ET. NDVI Iran regional ecosystem.

(2023) MLP ’ 51,676 The impact of Pr and ET on the GWSA was found to be
rather weak, indicating that the anthropogenic drivers had the
most significant impact on the GWSA changes.

Consider a time-lag effect of the input variables and develop
Pr. PET a time-lag-adjusted BPNN model to downscale GRACE
R ’ > Alxa League, Inner GWSA.
Wanget = oy 020D o rmse B8 Mongolia, China
al. (2023) km ’ NDVI, 2g70 2’00 Emphasised the role of Pr lag (3 months) and deep SM.
SM ’ Showed strong spatial detail and applicability for arid
regions.
Blending Pr, Temp,
Ensemble SM. ET
Learning » = Demonstrated strong agreement with 129 observation wells
(Catboost st Ele, and showed rainfall-lagged GWS recharge after the July
. Draln'age Henan Province 2021 Henan rainstorm.
Lietal. X é 0.25°to 1 R RMSE density, hi ’
(2023) gB E))?[St km , RMS NDVI, 127 16180 Outperformed RF, XGBoost, and single-learner methods.
RE.ET. LC, PD, ’ Identified precipitation, ET, DEM, NDVI, and MNDWI
and Lithology, distance as key drivers.
MNDWI
AdaBoos .
0 density
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ML Resolution  Performance Input Studv Area
Reference (From - Evaluation b Y ) Key Findings and Future Directions
Model(s) . Variables (km?)
To) Metrices
and
distance
Agarwal 0.25° to Central Valley,  pevyeloped a Random Forest model to downscale GRACE-
etal. RF 0.05° CC, NSE Pr, Temp California derived GWSA to 5 km resolution
(2023) ' 52,000
Statistical downscaling using regional hydrological fluxes
) from the Australian Water Outlook model.
Cambrian
Kalu et al. . . R2, RMSE, Pr, ET, Limestone Aquifer, Achieved strong correlation (CC=0.70) with in-situ
(2024) SVM 110 0.05 NSE, MAE Runoff northern Australia  groundwater; validated via PCA and water budget.
570,000 Showed 1-2-month lag between rainfall and TWS; improved
fine-scale TWS heterogeneity detection.
Evapotranspiration was the most influential predictor
Shilenowe Pr, LST  Barotse Catchment, variable in the RF model, whereas it was rainfall in the
>l & RF, 025°to  R%,RMSE, day,LST  Upper Zambezi  XGBoost model.
(2024) XGBoost 0.05 NSE, MAE night, Basin, Zambia Compared with those of XGBoost, the RF estimates
EVL ET 106,000
performed better.
Ele, LC, Developed an ensemble downscaling framework using RF,
RF. GTB PD, HMI, Western Saudi GTB, and CART integrated with the Super Learner stacking
Arshad et C:ART ’ 0.5° to 1 R2 RMSE LST Qay, Arabia (Makkah,  algorithm.
al. (2025)  Stacking km Bias LST night, - Jeddah, Al Jumum, =4 GAM with CMIP6 (SSPs 1-2.6 to 5-8.5) to
Pr, Temp, Bahrah) . .
Ensemble project 21st-century GWS decline (up to —216 mm/year by
SM, ET, 2,150,000
NDVI 2099 under SSP5-8.5).
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ML Resolution  Performance Input Study Area
Reference (From - Evaluation b Y ) Key Findings and Future Directions
Model(s) . Variables (km?)
To) Metrices
Demonstrated that ensemble ML improves reliability and
bias reduction compared to individual ML models, and that
climate and anthropogenic factors jointly drive groundwater
decline.
Examined the lag effects of influential covariates in the
downscaling process, further enhancing model accuracy.
Mohtaram . Pr, ET, Both the LightGBM and RF algorithms exhibit high accuracy
et al. LightGB 1°to 1 km CC, RMSE, LST, Taght-BakI;tlegALagrlz and performance in reconstructing and downscaling GRACE
(2025) M, RF NSE NDVTI, Ele Basin, Iran 31, observations.
Pr, LST, and ET were the most influential predictors with
lagged effects (2—8 months).
Pr, NDVI,
% ET, Slope, . . RF model demonstrated better predictive performance.
ang et RF 025°to1  R2, RMSE Aspect, ~ °'angsu Province,
al. (2025) g ' ’ ’ pect, China Demonstrated north—south groundwater contrast (—6.8 to
GWR km MAE, NSE Ele,
102,600 +0.18 cm/month).
Temp,
LST
Downscaled GRACE CSR TWS (2002-2022) with RF;
achieved R?=0.80, NSE=0.90, RMSE=0.25 cm.
Hamou- R2 RMSE Pr, NDVI, M
Ali et al. RF 1°to 1 km ’ > LST, ET, 0roceo Downscaled products were validated via three methods:
(2025) MAE, NSE Ele, NDSI 710,850 statistical, in-situ GWL (139 wells), and aquifer dynamics.

Pr is the dominant predictor
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Note: RF for Random Forest; ETR for Extra Tree Regressor; ABR for Adaptive Boosting Regressor;
GBR for Gradient Boosting Regressor; PLSR for partial least squares regression; DL for Deep Learning;
GB for Gradient Boosting; MLP for Multi-Layer Perceptron; KNN for K-Nearest Neighbours; SVM
for Support Vector Machine; BPNN for Back Propagation Neural Network; XGBoost for Extreme
Gradient Boost: GTB for Gradient Tree Boost; CART for Classification and Regression Trees;
LightGBM for Light Gradient Boosting Machine; GWR for Geographically Weighted Regression; CC
for Pearson Correlation Coefficient; NSE for Nash-Sutcliffe Efficiency; RMSE for Root Mean Square
Error; MAE for Mean Absolute Error; R? for Coefficient of Determinant; MSE for Mean Square Error;
SM for Soil Moisture; ET for Evapotranspiration; LST for Land Surface Temperature; Temp for Surface
air temperature; AT for Aquifer thickness; LC for Land cover; NDVI for Normalized Difference
Vegetation Index; Ele for Elevation; Pr for Precipitation; PET for Potential Evapotranspiration; WS for
Wind speed; PD for Population density; MNDWI for Modified Normalized Difference Water Index;
EVI for Enhanced Vegetation Index; HMI for Human modification index; NDSI for Normalized
Difference Snow Index

A consistent trend among recent studies (2021-2025) is the shift toward hybrid and
ensemble modelling approaches, which integrate multiple algorithms to overcome the
weaknesses of individual models. Frameworks such as blending ensembles (Li et al.,
2023) and stacked learning (Arshad et al., 2025) have demonstrated superior
robustness and generalisation across spatial and climatic regimes. These models

reduce overfitting, improve bias—variance trade-offs, and enable better representation

of nonlinear hydrological interactions.

Despite these advancements, several limitations persist. Many models remain data-
driven and empirical, lacking explicit physical constraints to ensure water balance
consistency. Their performance often depends heavily on input variable quality and
spatiotemporal representativeness, and overfitting remains a risk, especially in small
study areas or short time series. Furthermore, while most studies have focused on
spatial refinement, the temporal component, including lagged hydrological responses,
has been underexplored, with only a few studies (e.g., Wang et al., 2023; Mohtaram et

al., 2025) integrating time-lag analysis into ML frameworks.

Overall, the reviewed literature indicates a strong tendency toward ensemble and
hybrid machine learning approaches as the next step in GRACE downscaling research.
These frameworks demonstrate clear advantages in predictive accuracy, robustness,

and adaptability, laying the groundwork for the integration of physics-informed ML
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systems capable of combining data-driven learning with hydrological process

understanding.

2.7.1 Ensemble and Hybrid Machine Learning Approaches

Most studies on SD have relied on individual ML models such as RF, XGBoost, and
LightGBM, which improve prediction accuracy only to a limited extent (Zhu et al.,
2024). However, each ML approach exhibits distinct strengths and weaknesses
depending on its computational framework and the complexity of the data (Akbar et
al., 2025; Senanayake et al., 2024; Yuan et al., 2025). As a result, individual-model
frameworks can perform inconsistently across regions or hydroclimatic regimes,

limiting their generalisation and stability.

To address these shortcomings, ensemble learning has gained increasing attention in
climate and hydrological modelling. Ensemble approaches combine the outputs of
multiple models to reduce biases inherent in individual algorithms and generate more
reliable and robust predictions (Akbar et al., 2025; Wang et al., 2023). Bilbao-
Barrenetxea et al. (2024) has demonstrated that such combinations significantly
enhance the accuracy of regional hydroclimatic projections and groundwater

simulations by leveraging the complementary strengths of different models.

In the context of GRACE data downscaling, ensemble and hybrid ML techniques
represent a major advancement. These methods integrate multiple base learners to
improve predictive robustness, reduce variance, and enhance generalisation (Catani et
al., 2013; Keller & Evans, 2019). By combining models with varying sensitivities and
feature learning capacities, ensemble frameworks are capable of capturing the
nonlinear and spatially heterogeneous relationships inherent in hydrological systems

more effectively than any individual model.

Several GRACE-based downscaling studies have successfully demonstrated the
advantages of ensemble frameworks (Arshad et al., 2025; Li et al., 2023; Mohtaram et
al., 2025). Collectively, these findings demonstrate that ensemble and hybrid ML
methods can significantly improve accuracy, stability, and interpretability, especially
in data-scarce, hydrologically diverse basins. By combining the complementary

strengths of multiple algorithms, ensemble learning mitigates overfitting, enhances

25



Literature Review

generalisation, and produces physically consistent groundwater storage estimates.
Therefore, ensemble modelling represents the most promising direction in GRACE
downscaling research and forms the methodological foundation for the present study’s
SEML framework, designed to integrate multiple learners for enhanced predictive

reliability under tropical monsoon conditions.
2.8 Hydrological Variables Influencing Groundwater Storage

The selection of suitable input variables is fundamental in developing accurate
GRACE-based groundwater downscaling models, as these predictors govern the
model’s ability to represent key hydrological processes such as recharge,
evapotranspiration, and groundwater—surface water interactions. A synthesis of past
studies (2019-2025) shows that most ML-based GRACE downscaling frameworks
incorporate a combination of various input variables. Specifically, the input variables
can be categorised into the following types: climatic indices (e.g., precipitation and
temperature), water storage components (e.g., soil moisture and snow water
equivalent), and topographic factors (e.g., lithology and hydraulic conductivity) (Yin
etal., 2022).

Among these, ET consistently appears as a critical variable since it reflects the land—
atmosphere water exchange and the indirect effects of groundwater contribution to
vegetation water use. ET has been identified as one of the dominant predictors in
studies such as Chen et al. (2021), Ghaffari et al. (2023), and Shilengwe et al. (2024),
where it showed strong correlations with GRACE-derived groundwater anomalies.
Closely linked to ET, LST, both daytime and nighttime, have proven to be an effective
indicator of soil moisture conditions and surface energy balance. Incorporating LST
data enables models to detect changes in evapotranspiration rates and heat fluxes that
indirectly signal groundwater variations, as demonstrated by Yin et al. (2022) and Li

et al. (2023).

Precipitation (Pr) remains the principal climatic driver influencing groundwater
recharge. It is widely used across GRACE downscaling models (e.g., Agarwal et al.,
2023; Kalu et al., 2024; Sabzehee et al., 2023) as a primary input to represent seasonal

and interannual recharge variability. However, several studies, including Wang et al.
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(2023) and Mohtaram et al. (2025), highlighted a temporal lag, typically 1-4 months,
between precipitation and groundwater response, emphasising the importance of

temporal matching in predictor selection.

In addition to climatic drivers, vegetation indices such as Normalised Difference
Vegetation Index (NDVI) have been widely adopted to capture the indirect influence
of groundwater on vegetation health and biomass productivity. NDVI has been shown
to enhance the model’s sensitivity to shallow groundwater variations and drought
impacts (e.g., Pulla et al., 2023; Hamou-Ali et al.,, 2025). Moreover, static
physiographic features, particularly elevation, have been frequently used to improve
the spatial structure of groundwater simulations. As shown in Ghaffari et al. (2023)
and Li et al. (2023), incorporating elevation helps delineate hydrological gradients and

capture terrain-controlled recharge—discharge patterns.

It is worth highlighting that anthropogenic activities play an important role in TWSA
and GWSA. Unfortunately, these kinds of datasets are only provided in terms of yearly
and provincial scales, while the input variables of downscaling models are required to
be monthly and gridded scales. Hence, anthropogenic activities are rarely considered

as predictors in downscaling research (Yin et al., 2022).

Collectively, these studies highlight that integrating multiple complementary
predictors, particularly ET, LST (day and night), precipitation, NDVI, and elevation,
yields superior model performance compared to using climatic variables alone. The
combination of dynamic and static variables allows ML frameworks to capture both
the temporal variability driven by climate and the spatial heterogeneity shaped by
topography and vegetation. Hence, based on the consensus from the reviewed
literature, these six predictors were identified as the most relevant inputs for GRACE
downscaling, providing a physically meaningful representation of the processes

influencing groundwater storage across tropical and monsoon-affected regions.
2.9 Machine Learning in Groundwater Modelling

Groundwater systems exhibit complex, nonlinear, and delayed responses to climatic
forcing and anthropogenic stresses, making their reliable simulation increasingly

challenging under changing environmental conditions. Conventional groundwater
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modelling has historically relied on physics-based numerical frameworks. However,
their practical implementation is often constrained by limited subsurface data,
parameter uncertainty, and calibration complexity, particularly at basin to regional
scales (Di Salvo, 2022). In response to these challenges, ML techniques have gained
prominence in groundwater studies due to their ability to learn nonlinear relationships
directly from observational data and their relatively low data-preparation and
computational requirements (Feng et al., 2024; Tran et al., 2025). Recent hydrological
literature demonstrates that ML models can effectively reproduce historical
groundwater level variations and reconstruct missing observations; nevertheless, their
reliability under non-stationary conditions such as climate change and altered recharge
regimes remains a critical concern (Zhang et al., 2022). Consequently, contemporary
groundwater research increasingly recognises the need to systematically examine both
process-based and data-driven modelling paradigms before advancing toward hybrid
and physics-informed learning frameworks capable of balancing predictive

performance with physical consistency.

2.9.1 Groundwater Modelling Paradigms: Process-based and Data-driven

Approaches

Groundwater modelling has traditionally relied on process-based numerical
representations that explicitly describe subsurface flow using governing physical laws.
Classical groundwater flow models, such as those based on the Darcy—Boussinesq
formulation and solved using finite-difference or finite-element methods, have been
widely applied since the 1970s through platforms such as MODFLOW (McDonald &
Harbaugh, 1988), SUTRA (Voss, 1984), and FEFLOW (Diersch, 1981). These models
provide a physically interpretable framework for simulating groundwater heads,
fluxes, and storage variations under natural and anthropogenic stresses, and they
remain the theoretical foundation of groundwater hydrology (Ali et al., 2024).
However, their practical application requires detailed hydrogeological
characterisation, including aquifer geometry, hydraulic conductivity, storage
parameters, boundary conditions, and recharge estimates, which are often difficult to
obtain with sufficient accuracy, particularly in data-scarce regions (Gonzalez-Ortigoza

etal., 2023).
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In response to these challenges, data-driven modelling approaches have gained
increasing attention in groundwater studies over the past two decades. ML techniques
offer an alternative paradigm in which groundwater dynamics are inferred directly
from observational data without explicitly prescribing the underlying physical
equations. Early applications focused on ANNSs, followed by more advanced models
such as random forests, gradient boosting, support vector regression, and recurrent
neural networks, including long short-term memory (LSTM) architectures (Ahmed et
al., 2024). These approaches have demonstrated strong capability in capturing
nonlinear relationships between groundwater levels and driving factors such as
precipitation, evapotranspiration, pumping, and surface water interactions (Bakker &
Schaars, 2019). Their success is largely attributed to their flexibility, minimal
parameterisation requirements, and ability to learn complex temporal patterns directly

from data.

More recently, spatiotemporal machine learning models have been introduced to
address the inherent spatial connectivity of groundwater systems. Graph-based neural
networks (GNN) and spatiotemporal deep learning frameworks explicitly model
interactions between neighbouring wells and hydrological forcings, leading to
improved groundwater level predictions in densely monitored aquifers (Taccari et al.,
2024). These studies demonstrate that groundwater behaviour cannot be treated as an
independent time series, and that incorporating spatial structure significantly enhances
predictive skill. Similarly, ML models have been widely used for groundwater level
reconstruction and gap filling, enabling the generation of continuous historical
groundwater time series from incomplete observational records (Tran et al., 2025). In
this context, data-driven models offer a practical means of analysing groundwater
dynamics where traditional process-based modelling is constrained by limited data

availability or computational feasibility.

Despite their different philosophical foundations, both process-based and data-driven
approaches aim to improve the understanding and prediction of groundwater
behaviour. Process-based models emphasise physical realism and causal
representation, while ML models prioritise predictive performance and flexibility. As

documented across hydrology and groundwater literature, these two paradigms are not
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competing replacements but complementary approaches that have evolved to address
different aspects of groundwater system complexity. Their parallel development has
laid the foundation for hybrid modelling frameworks that seek to integrate physical
knowledge with data-driven learning, an approach that is increasingly recognised as

necessary for addressing contemporary groundwater challenges.

2.9.2 Limitations of Conventional Groundwater Modelling Approaches

Conventional groundwater modelling approaches, encompassing both physics-based
numerical models and purely data-driven machine learning frameworks, exhibit
several limitations that constrain their reliability under conditions of data scarcity and
climate non-stationarity. Physics-based models require detailed hydrogeological
parameterisation, including aquifer properties, boundary conditions, and recharge
estimates; however, these inputs are often poorly constrained due to sparse monitoring
networks and subsurface heterogeneity, resulting in substantial calibration uncertainty
and equifinality, particularly at basin to regional scales (Bandai & Ghezzehei, 2022;
Cai et al., 2022). Although data-driven machine learning models can bypass explicit
physical representation and have demonstrated strong performance in groundwater
level prediction and reconstruction, their effectiveness remains highly dependent on
the availability, length, and continuity of historical groundwater observations, which
are frequently incomplete or inconsistent (Tran et al., 2025). Consequently, neither
traditional physics-based models nor standalone machine learning approaches are
sufficient on their own to address contemporary groundwater modelling challenges.
These limitations collectively highlight the need for modelling frameworks that
preserve physical consistency while remaining adaptable to limited and imperfect
observations, thereby motivating the development of hybrid and physics-informed

learning approaches.

2.9.3 Physics-Informed Neural Networks (PINNs)

Physics-informed neural networks (PINNs) have recently emerged as a powerful
hybrid modelling framework that integrates the governing physical laws of
groundwater flow directly into ML architectures. Unlike purely data-driven models,

PINNs embed partial differential equations (PDEs), boundary conditions, and initial
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conditions into the training process by augmenting the loss function with physics-
based residuals, thereby constraining the solution space to physically admissible states
(Nucci, 2018; Zhang et al., 2022). This formulation allows PINNs to learn
spatiotemporal groundwater dynamics while preserving mass conservation and flow
consistency, even in settings characterised by sparse or irregular observational data.
Several studies highlight that this physics-guided learning paradigm substantially
reduces the dependence on large training datasets compared to conventional machine
learning models, a critical advantage for groundwater systems where long, continuous

monitoring records are rarely available (Dai et al., 2024).

2.9.4 Application of PINN in Groundwater Modelling

From a computational perspective, PINNs differ fundamentally from traditional
numerical groundwater models such as finite-difference or finite-element schemes.
PINNs are mesh-free and rely on automatic differentiation to compute spatial and
temporal derivatives of the predicted groundwater head, avoiding numerical
discretisation errors and mesh-generation complexity (Schiano Di Cola et al., 2025;
Yang et al., 2022). This property enables PINNs to provide continuous groundwater
head predictions at arbitrary spatial-temporal locations, rather than being restricted to
predefined grid points, and facilitates efficient evaluation under varying boundary and
forcing conditions once the model is trained. Recent groundwater studies demonstrate
that PINNs can successfully simulate both confined and unconfined aquifer systems,
solve inverse problems, and estimate hydraulic parameters while maintaining
physically realistic groundwater behaviour (Nagy-Huber & Roth, 2024; Zhang et al.,
2022). PINN models have also been used for solving some relatively small and simple
problems, such as steady-state saturated groundwater flow (Shadab et al., 2023;
Tartakovsky et al., 2018), calibration of Richard’s Equation (Depina et al., 2022), one
and two-dimensional confined flow (Cuomo et al., 2023), unconfined groundwater
flow (Secci et al., 2024), and some groundwater radial flow problems (Zhang et al.,

2022).

One of the earliest groundwater-focused implementations is the GW-PINN framework

presented in (Zhang et al., 2022), where groundwater head dynamics in confined and
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unconfined aquifers were simulated by embedding the groundwater flow equation
directly into the neural network loss function. In this study, hydraulic head was
represented as a continuous spatiotemporal function, while governing equations,
boundary conditions, and initial conditions were enforced through physics-based
residuals. To address sharp hydraulic gradients induced by pumping wells, locally
refined collocation strategies were introduced, and the resulting PINN solutions were
benchmarked against analytical solutions and MODFLOW simulations, demonstrating
that PINNs can accurately reproduce groundwater head distributions when physics-
guided sampling is properly implemented (Zhang et al., 2022). Chen et al. (2023)
modelled water flow in unsaturated soils, integrating with the Richards equation (RRE)
as the guiding PDE. Within this study, a comparison was built up between GN-PINN,
PLF-PINN, and the base model PINN using RRE to check the accuracy of these
models. It was conducted by solving three (3) main problems related to groundwater
flow, (1) 1D infiltration problem, (2) 1D cyclic wetting-drying problem, and (3) 2D
infiltration problem. Cuomo et al. (2023) and Schiano Di Cola et al. (2025) used the
groundwater flow equation in an unconfined aquifer as the guiding PDE in the PINN
model. This equation describes the flow of groundwater through a porous medium
based on Darcy’s Law. Cuomo et al. (2023) applied the PINN model in stimulating
three (3) groundwater flow situations: (1) 1D case of a single pumping well, (2) 2D
case of a single pumping well, and (3) 1D case of multiple pumping wells in an infinite
aquifer. And finally, the results from the PINN model for these three scenarios were
compared with a Finite Difference Method (FDM) to emphasise the advantages of the
application of PINN in groundwater modelling, such as the ability to handle high-

dimensional problems, complexities in boundary conditions, and data scarcity.

Beyond forward groundwater flow simulation, PINNs have been successfully applied
to inverse problems in unsaturated groundwater systems. In a study conducted by
Depina et al. (2022), Richards’ equation was employed as the guiding partial
differential equation to jointly reconstruct pressure head fields and estimate unknown
soil hydraulic parameters, including van Genuchten parameters, under sparse
observation conditions. By coupling data-misfit terms with PDE residuals, the PINN

framework was shown to stabilise the inverse problem and significantly reduce data
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requirements compared to traditional calibration approaches, highlighting the
suitability of PINNs for subsurface systems where parameter uncertainty is a dominant
limitation. Dai et al. (2024) further extended this concept by proposing hybrid-
constraint PINNs for seepage and unsaturated flow analysis, where additional physical
constraints were embedded in the loss function to improve numerical stability and
physical realism. The results demonstrated that hybrid-constraint PINNs outperform
purely data-driven models in reconstructing seepage fields under limited measurement

availability.

Recent methodological developments also highlight the flexibility of physics-
informed learning for groundwater-type partial differential equations. Boundary-
integral physics-informed neural networks have been proposed as an alternative
enforcement strategy for elliptic and parabolic PDEs, offering improved numerical
efficiency and stability in boundary-dominated flow problems relevant to groundwater
applications (Nagy-Huber & Roth, 2024). Additionally, physics-informed learning
applied to soil-water characteristic curve reconstruction has demonstrated that PINN
performance is highly sensitive to neural network architecture, activation functions,
and loss-term weighting, underscoring the importance of careful model design when
applying PINNs to hydrological and hydrogeological systems (Yang et al., 2025).
Foundational PINN studies further establish that combining physics-based loss terms
with data constraints via automatic differentiation enables robust PDE solutions under
sparse data conditions, reinforcing the role of PINNSs as a bridge between numerical

groundwater models and machine-learning approaches (Nucci, 2018).

Collectively, existing studies demonstrate that PINNs have progressed from
conceptual PDE solvers to practically relevant tools for groundwater and subsurface
flow modelling, capable of handling data scarcity, complex boundary conditions, and
inverse parameter estimation while preserving physical consistency. These
developments establish PINNs as a promising physically constrained alternative to
both traditional numerical solvers and purely data-driven machine learning models.
However, despite the rapid growth of PINN-based groundwater research, the majority
of published applications remain confined to idealised aquifer configurations, limited

spatial domains, or controlled benchmark problems. Comparatively fewer studies have
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explored the potential of PINNs as an independent physics-based validation
framework for satellite-derived or statistically downscaled groundwater datasets at the
basin scale. This limitation is particularly critical in data-scarce regions, where gridded
groundwater products derived from remote sensing or statistical reconstruction require
rigorous, physically consistent verification before large-scale or operational use.
Addressing this gap, the present study positions PINNs as a physically informed
groundwater simulation and validation framework, aimed at bridging observational

limitations and enhancing confidence in basin-scale groundwater assessments.
2.10 Climate Change Impacts Assessment

According to the Sixth Assessment Report of the Intergovernmental Panel on Climate
Change (IPCC AR6 SYR, 2023), global greenhouse gas emissions have continued to
increase over recent decades, largely driven by unsustainable energy production, land-
use change, and consumption patterns. These emission trajectories are projected to
intensify the global hydrological cycle, resulting in amplified precipitation variability,
increased evaporation, altered runoff processes, and changes in groundwater
dynamics, alongside a higher frequency and severity of extreme hydroclimatic events
(Epting et al., 2022; Mensah et al., 2022). Such intensification is expected to
exacerbate water scarcity worldwide, with nearly half of the global population
projected to experience water stress arising from the combined influence of climatic

and non-climatic pressures.

South Asia represents one of the most climate-sensitive regions globally, owing to its
dense population, strong dependence on monsoon-driven hydrological systems, and
pronounced socio-economic vulnerabilities. Climate projections indicate that the
annual mean temperature across South Asia is likely to increase by approximately 1.2
°C, 2.1 °C, and 4.3 °C by the end of the twenty-first century under the Shared
Socioeconomic Pathways (SSPs) known as SSP1-2.6, SSP2-4.5, and SSP5-8.5
scenarios, respectively (Almazroui et al., 2020). Sri Lanka, situated in the Indian
Ocean and strongly influenced by monsoonal circulation, is particularly exposed to
these regional climate trends and has been identified as one of the most climate-

vulnerable countries worldwide according to the Climate Risk Index (CRI).
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Consequently, shifts in climate zones, rainfall regimes, and temperature patterns are
expected to exert substantial pressure on the country’s hydrological systems. Given
the strong influence of climate on water availability, ecosystem stability, and socio-
economic development, it is essential to examine how climate change alters
hydrological processes, with particular emphasis on groundwater systems, to support

sustainable water resource management in Sri Lanka.

2.10.1 Climate Change and Hydrological Processes Governing Groundwater

Recharge

Climate change exerts a direct influence on groundwater systems by modifying the
fundamental hydrological processes that control recharge, discharge, and subsurface
thermal regimes. Rising temperatures and altered precipitation patterns affect the
partitioning of rainfall into evapotranspiration, runoff, and infiltration, thereby
regulating the amount of water available for groundwater recharge (Davamani et al.,
2024). Increased air and land surface temperatures enhance surface water evaporation
and plant transpiration, leading to reduced soil moisture availability and lower
effective recharge, even in regions where total precipitation does not decline
(Davamani et al., 2024). In addition to changes in rainfall magnitude, shifts in
precipitation timing, intensity, and seasonality play a critical role in determining
recharge efficiency, as short-duration high-intensity rainfall events often generate

runoff rather than infiltration.

Evidence from both observational analyses and modelling studies indicates that
changes in groundwater storage cannot be attributed solely to population growth and
increased groundwater abstraction. Numerous studies, including those by Asoka et al.
(2017), de Graafetal. (2017), Sivarajan etal. (2019), and van der Knaap et al. (2015),
have demonstrated strong associations between climatic variability and groundwater
level fluctuations across different hydroclimatic settings, highlighting the sensitivity
of groundwater systems to long-term changes in climate forcing. These studies
consistently show that prolonged dry periods, delayed recharge seasons, and increased

evaporative losses contribute to declining groundwater levels, while recovery
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following drought events is often slow due to the inherent memory and buffering

behaviour of aquifer systems.

Under future climate scenarios, these process-level changes are expected to intensify,
with increasing pressure on groundwater resources, particularly in rural, arid, and
semi-arid regions where groundwater constitutes a primary source of water supply.
The combined effects of climate-driven recharge reduction and rising groundwater
demand for domestic use, agriculture, and food security are therefore anticipated to
play a decisive role in shaping future water resource sustainability (Gamvroudis et al.,
2017). Understanding how climate change alters the hydrological processes governing
groundwater recharge is thus essential for anticipating long-term groundwater

availability under non-stationary climatic conditions.

2.10.2 Observed and Projected Impacts of Climate Change on Groundwater
Storage

Empirical observations and climate-driven projections consistently indicate that
groundwater storage has already experienced widespread declines and is likely to face
further stress under future climate conditions. Long-term groundwater monitoring and
large-scale assessments reveal declining groundwater levels across many regions, with
climate variability and warming identified as significant contributors alongside
anthropogenic abstraction (Asoka et al., 2017; Davamani et al., 2024; de Graaf et al.,
2017). Climate model-based projections further suggest that groundwater storage
reductions are likely to intensify under future warming scenarios, even where changes
in mean annual precipitation are modest, due to cumulative recharge deficits and
delayed system recovery (Kamali & Asghari, 2023; van der Knaap et al., 2015). Recent
groundwater-inclusive climate impact studies emphasise that these changes manifest
gradually but persist over long time scales, reducing the capacity of groundwater
systems to buffer hydrological extremes under future climates (Mourot et al., 2025;

Rusli et al., 2024).

2.10.3 Climate Change Projections for Groundwater Impact Assessment

Climate change projections have been widely employed to assess future groundwater

storage dynamics by coupling climate model outputs with groundwater or integrated

36



Chapter 2

hydrological models. Numerous studies using bias-corrected climate projections
demonstrate that future groundwater storage is highly sensitive to projected changes
in temperature and precipitation regimes, with consistent indications of declining
recharge and long-term storage under warming scenarios (de Graaf et al., 2017;
Mourot et al., 2025). Groundwater-inclusive projection frameworks show that
temperature-driven increases in evapotranspiration often outweigh projected increases
in precipitation, resulting in net groundwater depletion across many regions (Mourot
et al., 2025). Process-based simulations further reveal that projected changes in
precipitation seasonality and drought frequency lead to delayed groundwater recovery
and persistent storage deficits, particularly under higher emission scenarios (Rusli et
al., 2024). These studies collectively indicate that groundwater responses to future
climate forcing are gradual but cumulative, highlighting the necessity of using climate
projections that adequately represent both precipitation variability and thermal

influences when assessing long-term groundwater sustainability.
2.10.3.1 General circulation models (GCM)

The Earth’s climate system responds to both natural climate variability and
anthropogenic increases in greenhouse gas concentrations, and these responses are
commonly investigated using physics-based numerical models known as General
Circulation Models (GCMs) (Ashfaq et al., 2022). GCMs simulate the evolution of the
climate system by solving the fundamental equations governing atmospheric
dynamics, ocean circulation, land—atmosphere exchanges, and cryospheric processes,
thereby providing a physically consistent framework for projecting future climate
conditions. To facilitate coordinated evaluation and intercomparison of GCM
simulations, the Coupled Model Intercomparison Project (CMIP) was established,
enabling the global climate modelling community to produce ensembles of simulations
based on common experimental protocols and radiative forcing pathways (Eyring et

al., 2016; Meehl et al., 2000).

Since its inception in 1995, successive CMIP phases have substantially expanded the
number of participating GCMs while improving their physical realism, coupling
complexity, and spatial resolution (Ashfaq et al., 2022). Modern GCMs are capable of

reproducing key aspects of historical climate variability and long-term trends,
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demonstrating their skill in representing large-scale circulation patterns and climate
feedbacks (Mohandas, 2023). Nevertheless, inherent challenges remain due to the
complexity of the climate system, which necessitates the use of parameterisations for
unresolved sub-grid-scale processes. These simplifications introduce uncertainty into
climate projections, particularly for variables such as precipitation that are strongly
influenced by local-scale processes (Wang et al., 2020). Furthermore, despite recent
improvements, the spatial and temporal resolutions of GCMs remain insufficient to
explicitly capture fine-scale climatic features and rapid hydrological responses,
especially in regions with complex topography and strong land—atmosphere

interactions (Kendon et al., 2021).

In the latest phase of CMIP, CMIP6, more than fifty GCMs are available, with
horizontal grid resolutions reaching approximately 0.5°. While these models provide
robust representations of large-scale climate dynamics, their coarse spatial resolution
limits their ability to accurately represent local hydrological variability within small
river basins (Schulz & Kingston, 2017). As a result, climate projections derived from
GCMs are commonly subjected to downscaling, using either statistical or dynamical
techniques, prior to their application in basin-scale hydrological and groundwater
impact assessments (Sirisena et al., 2021). Downscaled climate data enable improved
representation of local precipitation patterns and temperature variability, which are

critical for groundwater recharge and storage analyses.

For the present study, appropriate GCMs are selected from the CMIP6 archive with
specific emphasis on their ability to capture the South Asian monsoon system and
associated rainfall variability over Sri Lanka. Selection criteria include spatial and
temporal resolution, representation of regional circulation patterns, and performance
in reproducing observed monsoon rainfall characteristics. Based on a comprehensive
evaluation of CMIP6 models, Jayaminda et al. (2023) identified CNRM-CM6-1-HR
as among the best-performing models for simulating monsoon rainfall patterns in Sri
Lanka. Accordingly, CNRM-CM6-1-HR is selected for use in this study to provide
future climate projections for subsequent downscaling and groundwater impact

assessment.
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2.10.3.2 The Coupled Model Intercomparison Project - Phase 6 (CMIP6)

The Coupled Model Intercomparison Project Phase 6 (CMIP6) represents the most
recent coordinated international effort to evaluate and intercompare climate
simulations produced by coupled general circulation models (Meehl et al., 2000;
Eyring et al., 2016). CMIP6 provides an expanded and more physically consistent
ensemble of climate projections, enabling systematic assessment of future changes in
temperature and precipitation under a range of emissions pathways. Recent analyses
of CMIP6 simulations indicate substantial inter-model spread in projected temperature
and precipitation patterns, reflecting both structural differences among models and
uncertainties in representing key climate processes (Cook et al., 2020). Compared with
earlier CMIP phases, CMIP6 demonstrates notable improvements in spatial resolution,
representation of physical processes, and inclusion of integrated socio-economic
forcing scenarios through the Shared Socioeconomic Pathways framework (Chen et
al., 2020; Grose et al., 2023; Rao & Garfinkel, 2021). These advancements enhance
the reliability of regional-scale climate assessments, particularly for hydroclimatic
variables critical to groundwater recharge and storage. Nevertheless, despite these
improvements, uncertainties remain substantial at regional and local scales, especially
for precipitation, underscoring the need for careful model selection, bias correction,
and downscaling prior to application in basin-scale hydrological and groundwater

impact studies (Shetty et al., 2023).
2.10.3.3 Shared Socioeconomic Pathways (SSPs)

The Shared Socioeconomic Pathways (SSPs) constitute a set of internally consistent
scenarios designed to explore future climate conditions by integrating socio-economic
development trajectories with climate forcing pathways. Within the CMIP6
framework, SSPs provide a structured basis for generating climate projections that
reflect alternative futures characterised by differing levels of greenhouse gas
emissions, mitigation efforts, and adaptive capacity (Meinshausen et al., 2020). The
latest CMIP6 simulations based on SSPs offer enhanced opportunities to examine
future changes in hydroclimatic variables, including temperature, precipitation, and
drought characteristics, which are directly relevant for assessing groundwater recharge

and storage dynamics (Almazroui et al., 2020). The SSP framework encompasses four
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primary pathways, SSP1-2.6, SSP2—4.5, SSP3-7.0, and SSP5-8.5 (Figure 2-2), each
representing distinct combinations of socio-economic development and climate
mitigation challenges. SSP1-2.6 reflects a sustainability-oriented pathway with low
emissions resulting from strong global cooperation, technological advancement, and
effective governance, whereas SSP2—4.5 represents a “middle-of-the-road” trajectory
consistent with current national commitments to emissions reduction. In contrast,
SSP3-7.0 depicts a fragmented world characterised by limited international
cooperation and high adaptation challenges, while SSP5-8.5 represents a fossil fuel—
intensive development pathway associated with very high emissions. For the present
study, climate projections corresponding to SSP2—4.5 and SSP5-8.5 are selected, as
they span a broad range of plausible future climate conditions and are widely available
across multiple CMIP6 models, thereby enabling robust assessment of groundwater

responses under moderate and high emission scenarios (Cook et al., 2020).
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Figure 2-2: Projected changes in global average mean surface air temperature from 1950 to
2100 under different Shared Socioeconomic Pathway (SSP) scenarios

Source: World Bank Climate Change Knowledge Portal (2023)
(https://climateknowledgeportal/)
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2.10.4 Methods of Bias Correction

Climate model outputs are subject to systematic errors arising from limitations in
representing complex interactions within the climate system, particularly for
hydrological variables such as precipitation. These biases stem from imperfect process
representations, coarse spatial resolution, and challenges in capturing local and
regional climate variability, especially in tropical and monsoon-dominated regions
(Cannon, 2016; Gleckler et al., 2008). As a result, direct application of raw GCM
outputs in hydrological and groundwater impact assessments may lead to misleading

conclusions unless appropriate bias correction procedures are applied.

Bias correction techniques aim to adjust simulated climate variables so that their
statistical properties, such as the mean, variance, higher-order moments, and temporal
dependence, more closely align with observed records (Rajulapati & Papalexiou,
2023). A wide range of bias correction methods has been developed, spanning from
simple scaling approaches to more sophisticated distribution-based techniques,
including quantile mapping and parametric distribution adjustment (Mendez et al.,
2020). While bias correction methods are generally designed to preserve the climate
change signal embedded in model projections, most approaches implicitly assume that
the statistical relationship between model simulations and observations during the

historical period remains stationary in the future (Ngai et al., 2017).

Several comparative studies have evaluated the performance of different bias
correction techniques for precipitation in tropical and monsoon-influenced regions.
Chaudhary and Dhanya (2019) assessed the applicability of empirical quantile
mapping and linear scaling (mean-based correction) methods for satellite-based
precipitation estimates over India and demonstrated that linear scaling outperformed
quantile mapping in correcting long-term mean biases across monsoon-dominated
regions. Their findings highlight the robustness of mean-based correction approaches
in reproducing seasonal rainfall characteristics where precipitation variability is
strongly governed by large-scale circulation patterns. Similarly, linear scaling has been
successfully applied to both satellite precipitation products and GCM outputs, yielding
improved agreement with observed rainfall while preserving the temporal structure of

the original climate signals (Rajulapati & Papalexiou, 2023).
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Although more advanced bias correction methods, including quantile mapping and
machine-learning-based approaches, often provide superior performance in
reproducing rainfall extremes and higher-order distributional properties, they typically
require large training datasets, increased computational resources, and stronger
assumptions regarding statistical stationarity (Seo et al., 2023). In basin-scale
hydrological and groundwater studies, where long-term consistency, seasonal water
availability, and interpretability are of primary importance, mean-based bias correction
remains a pragmatic and widely adopted approach. Its balance between
methodological simplicity, robustness, and effectiveness makes it particularly suitable
for climate impact assessments focused on groundwater recharge and storage under

future climate scenarios (Seo et al., 2023).
2.11 Objective Functions

To evaluate the model performance in hydrological models, a list of objective
functions is used in the calibration and validation processes as an indicator of model
accuracy. Model calibration and validation are conducted to check the fitness of the
simulated results from inputs and observed outputs, and these objective functions can

also determine the need for model optimization (Abdulla & Al-badranih, 2000).

Coefficient of Determination (R?) (Equation 2-2) is one of the objective functions that
is very good in quantifying the proportion of variance in the dependent variable that is
explained by the predictors, and is commonly used to assess model fit (Li et al., 2023).
The R? value ranges between 0 and 1.0, where 1.0 shows the best fit.

Yie (i — 9)?

R2=1-— 2-2
S =) [2-2]

Root Mean Square Error (RMSE) (Equation 2-3) measures the average magnitude of
error between predicted and observed values, with a stronger emphasis on larger errors
due to the squaring of residuals (Chai & Draxler, 2014). Higher predictive accuracy is
shown by smaller values of RMSE.
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RMSE — \/21{;1(3’1’ - yi)z [2_3]

n

The Pearson Correlation coefficient (CC) (Equation 2-4) evaluates the strength and
direction of the linear relationship between two variables, with higher values reflecting

stronger agreement between datasets (Rodgers & Nicewander, 1988).
o - a0 -G -7)
— ~ =\ 2
\/Z?=1(yi - y)z(yl - y)

[2-4]

Where y; represents the true value of the i th observation, J; is the value predicted by

the model, y is the average value of the true values, and 7 is the number of samples.
2.12 Literature Summary

The reviewed literature consistently shows that GRACE and GRACE-FO observations
have become the primary data source for large-scale groundwater assessment, yet their
coarse spatial resolution remains the main limitation for basin- and aquifer-scale
applications. To overcome this, most recent studies favour statistical downscaling over
dynamic approaches, particularly in data-scarce tropical and monsoon-dominated
regions, due to its lower data demand, computational efficiency, and flexibility. Within
statistical downscaling, tree-based machine learning models such as Random Forest,
XGBoost, and LightGBM have repeatedly demonstrated strong performance;
however, many studies report that no single algorithm performs optimally across all
hydroclimatic settings. As a result, ensemble learning frameworks especially stacking
and blending ensembles have emerged as the most robust solution, consistently
outperforming individual models by reducing uncertainty, improving generalisation,
and better preserving GRACE signal integrity at fine spatial scales. The literature also
converges on a common set of influential predictors for groundwater downscaling,
including Pr, ET, LST, soil moisture, vegetation indices, and elevation, with several
studies highlighting lagged climatic effects as critical for capturing delayed
groundwater responses. To address the lack of physical consistency in purely data-

driven products, recent research increasingly recognises PINNs as an effective
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groundwater modelling and validation tool, particularly under limited observational
data, due to their ability to enforce governing flow equations while remaining data
efficient. Finally, the literature consistently indicates increasing groundwater stress
under future warming due to enhanced evapotranspiration and changes in precipitation
regimes, particularly in monsoon-dominated regions. To ensure reliable groundwater
impact assessment, studies emphasise the need for bias-corrected CMIP6 projections,
with mean-based (linear scaling) bias correction widely identified as a robust and
practical approach for correcting precipitation while preserving seasonal rainfall
characteristics. Recent regional evaluations further highlight CNRM-CM6-1-HR as a
well-performing GCM for simulating Sri Lankan monsoon rainfall, and its bias-
corrected projections under SSP2—4.5 and SSP5-8.5 are commonly adopted to assess

groundwater responses under moderate and high future climate forcing.
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CHAPTER 3

3 METHODOLOGY

3.1 General

This chapter presents the research processes adopted in this study. The overall
methodological framework comprises three integrated components: statistical
downscaling of GRACE data, subsequent validation using a PINN model, and the final
assessment of future groundwater availability in Sri Lanka. The methodology begins
with the identification of a suitable study basin, followed by the acquisition of remote
sensing and in-situ observational data. These datasets are then processed and integrated

through a structured modelling framework to achieve the study objectives.
3.2 Study Area

The study focuses on Sri Lanka, a tropical island nation located in the Indian Ocean
off the southern coast of India. The geographic location of Sri Lanka falls between the
latitudes 5°55" and 9°51' north and longitudes 79°41" and 81°53' east, covering an area
of 65,610 km?. Sri Lanka is a small island nation susceptible to extreme weather events

such as floods, landslides, and droughts.

The climate of Sri Lanka is characterized by a tropical monsoon climate, which is
further divided into two major monsoon rainfall seasons and two discernible inter
monsoon rainfall seasons (Esham & Garforth, 2013). The distinct monsoon seasons
experienced in Sri Lanka are the Northeast Monsoon (NEM) from December to
February and the Southwest Monsoon (SWM) from May to September. Additionally,
two inter-monsoon periods of rainfall are observed, namely the First Inter-Monsoon
(FIM), lasting from March to April and the Second Inter-Monsoon (SIM), occurring
between October and November. The topography of Sri Lanka is diverse, with

elevations ranging from sea level to 2,505 m. This topographical variation results in
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slight variations in air temperature throughout the island and changes in rainfall
patterns. Furthermore, based on topography, precipitation patterns and soil type, the
island is divided into three principal climatic zones: wet, intermediate, and dry

(Panabokke, 1996).
Case Study Area

The Kumbukkan Oya Basin (Figure 3-1) was selected as the case study area owing to
the availability of in-situ datasets required for model validation, its hydro-climatic
representativeness, and its potential applicability for national scalability. The locations

of the wells are listed in Appendix 1.
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Figure 3-1: Kumbukkan Oya Basin and associated groundwater monitoring network within
the study area. (a) The topography of the basin (m MSL) and groundwater monitoring wells
within the basin (b) Climatic zone distribution across Sri Lanka

The basin lies in the southeastern part of Sri Lanka, spanning the Dry and Intermediate
climatic zones, extending from 81°10' to 81°45" E and 6°30' to 7°10' N, with elevations

varying from 0 to 1,505 m MSL (Mean Sea Level). This basin serves as a vital water
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source for irrigation, particularly for paddy cultivation and various other crops.
Additionally, many rural communities within the basin depend on groundwater wells
as the source of drinking water supply. The terrain primarily consists of plains, low
hills, and mountainous areas, covering a total area of 1,218 km?. The basin receives

approximately 1,750 mm of rainfall annually (Kumbukkan Oya River, 2024).
3.3 Data Sources

All datasets required for the Physics-Informed Neural Network (PINN), statistical
downscaling, and climate modelling frameworks were compiled from a combination
of satellite-based products and national observational records obtained from the
Department of Meteorology, the Water Resources Board, and the Irrigation

Department of Sri Lanka. The assembled data comprised four main components:

i.  Rainfall observations from multiple rain gauge stations spatially distributed

across Sri Lanka

ii.  Groundwater level measurements collected within the Kumbukkan Oya Basin

and Maduru Oya Basin

iii.  Gridded remote-sensing products covering the entire country (summarised in

Table 3-1)

iv.  Global Climate Model (GCM) outputs representing present and future climatic

conditions over Sri Lanka.

The review conducted by Nourani et al. (2024) highlights that groundwater is
influenced by various climatic factors, which are frequently utilized as inputs in
GRACE downscaling studies. These factors include precipitation (Pr),
evapotranspiration (ET), and land surface temperature (LST). In this study, outputs
from the GLDAS Noah hydrological model were used to derive GWSA from GRACE
TWSA. From a hydrological perspective, Pr, ET, LST, and land use-land cover
characteristics directly affect groundwater variability, while elevation was included to
account for topographic gradients that drive groundwater flow from higher to lower
elevations (Avand et al., 2020). To support the downscaling framework, nine datasets

were integrated: GRACE/GRACE-FO data, GLDAS Noah outputs, LST (day and
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night), Pr, ET, in-situ GWL observations, and core geographic information layers. A

full description of these datasets is provided in Table 3-1.

Table 3-1: Datasets used in this research with detailed spatial and temporal resolutions

Resolution
Dataset Variable Abbreviation Source
Spatial Temporal
ii/llz?ccog Terrestrial https://www2.csr.utexas
Water Storage TWSA 0.25° Monthly -edu/grace/
(CSR Anomaly
RLO6M)
Storm surface
runoff (Qs_acc)
Plant canopy Qs 0.25° Monthly  hitps://1das.gsfe.nasa.go
GLDAS surface water
° v/gldas
Noah v2.1  (Canoplnt ins CWS 0.25 Monthly
t) SMS 0.25° Monthly
Soil moisture
(SM)
CHIRPS s o https://chc.ucsb.edu/dat
V03 0 Precipitation Pr 0.05 Monthly a/chirps
Evapotranspir
MODI6A2 ation
GF v06l Normalized ET 500 m 8day  MODIS/MODI16A2.006
MODI13A2 Difference
Vegetation NDVI 1 km 16 day MODIS/MOD13A2.061
V6T 1dex (NDVT)
LST 1 km Daily MODIS/MOD11A1.061
MOD11A1
V061 Land Surface
Temperature
(LST)
SRTM Elevation Elevation 90 m - https://earthexplorer.usg
s.gov/
In-situ Groundwat Water Re§0urces Board,
Groundwate rmllélvev;/a o GWL Wells Daily Sri Lanka
rlevel data https://wrb.Ik/
Observed Rain Department of
JOSCIVE Rainfall Pr gauge Daily Meteorology, Sri Lanka
rainfall data .
stations

https://meteo.gov.lk/

3.3.1 GRACE and GRACE-FO

GRACE represents a collaborative initiative between the National Aeronautics and
Space Administration (NASA) and the German Aerospace Center (Deutsches Zentrum
fiir Luft- und Raumfahrt, DLR). It measures variations in TWSA by tracking minute
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changes in the distance between two satellites in the same orbit. These distance
fluctuations, caused by spatial variations in Earth’s gravity field resulting from mass
redistribution such as GWS changes, are converted into equivalent water thickness.
Notably, a mass change of 1 gigaton corresponds to approximately 1 km?® of water
storage. TWSA are derived by subtracting the long-term mean TWS over a baseline
period (2004-2009) for global applications and expressed in centimeters (cm) of water
equivalent (Tapley et al., 2004). In this study, monthly TWSA data were obtained from
the Center for Space Research (CSR) GRACE/GRACE-FO RL06.3 Mascon solution
(Save et al., 2016), which provides global mascon fields at 0.25° spatial resolution
were utilized to evaluate changes in terrestrial water storage within the Kumbukkan
Oya Basin. The RL06.3 product incorporates all standard corrections and adjustments
recommended by CSR, including (i) C20 and C30 coefficient replacement with
Satellite Laser Ranging (SLR) solutions (Loomis et al., 2019); (ii) Degree-1 geocenter
correction (CSR TN-13a); (iii) Glacial Isostatic Adjustment (GIA) correction using the
ICE-6G-D model (Richard Peltier et al., 2018); (iv) addition of the AOD1B “GAD”
field for mass-balance completeness; and (v) an ellipsoidal-Earth correction following
Ditmar (2018). The RL06.3 mascon grid employs a redefined coastline-split geodesic
geometry to minimize land—ocean signal leakage, and amplitude restoration is already
embedded in the product. Accordingly, no additional scaling, leakage correction, or
empirical filtering was applied in this study. The temporal scope of this analysis
encompasses the period from April 2002 to February 2024. To address missing data
(8.33% of the dataset), linear interpolation was applied, except for the period between
July 2017 and May 2018, which marks the transition between the GRACE and
GRACE-FO missions (Wang et al., 2024).

3.3.2 GLDAS Products

The Global Land Data Assimilation System (GLDAS) was collaboratively created by
the Goddard Space Flight Center (GSFC) and the National Centers for Environmental
Prediction (NCEP). Utilizing satellite and ground observation data as its main
resource, GLDAS generates global surface state and flux data through sophisticated
land surface models and data assimilation techniques. At present, GLDAS offers

products from four land surface models: Noah, Mosaic, CLM, and VIC. This research
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utilizes the GLDAS NOAHO025 M, which features spatial resolutions of 0.25° x 0.25°
and temporal resolutions of one month. From this dataset, storm surface runoff
(Qs_acc), plant canopy surface water (Canoplnt inst), and soil moisture (SM),
including four distinct depth categories (i.e., 0—10 cm, 10—40 cm, 40—100 cm, and
100-200 cm), were extracted to compute the GWSA from the TWSA data.

3.3.3 CHIRPS Precipitation Data

Given the lack of consistent gridded precipitation datasets for the region, it was
necessary to identify a suitable high-resolution product for this study. Bandara et al.,
(2022) demonstrated that the Climate Hazards Center Infrared Precipitation with
Stations (CHIRPS) precipitation dataset can reliably replicate precipitation patterns
across Sri  Lanka. Consequently, the CHIRPS dataset (available at:
https://chc.ucsb.edu/data/chirps), which integrates 0.05° resolution satellite imagery

with in-situ rainfall station data to produce a gridded time series of monthly global
precipitation, was selected. Its high spatial resolution and proven reliability make it
particularly suitable for capturing precipitation variability, a primary driver of
groundwater recharge in the study area. To further improve accuracy, the CHIRPS
precipitation data were bias-corrected using the mean-based correction method

(Schmidli et al., 2006).

3.3.4 Evapotranspiration data

Evapotranspiration data were acquired from the MOD16A2GF Version 6.1 product,
which provides 8-day composites of evapotranspiration and latent heat flux at 500 m
spatial resolution (Running et al., 2021). The initial MODIS evapotranspiration values
were presented in kg m2 8 days™ (equivalent to mm 8 days™') and subsequently scaled
by a factor of 0.1 for effective interpretation. These scaled values were then converted
into monthly totals by aggregating all composites within each month. The resulting
monthly ET data were resampled to spatial resolutions of 0.25° and 0.05° using
bilinear interpolation to align with the GRACE and downscaling grids. Ultimately,
evapotranspiration was represented as monthly anomalies relative to the mean baseline
from 2004 to 2009, thereby maintaining consistency with the anomaly convention

utilised by GRACE.
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3.3.5 Normalised Difference Vegetation Index (NDVI) Data

The Normalised Difference Vegetation Index (NDVI) data were obtained from the
MOD13A2 Version 6.1 product, which provides 16-day composites of vegetation
indices at 1 km spatial resolution (Didan et al., 2021) and were multiplied by the scale
factor of 0.0001. The 16-day composites were averaged within each month to obtain
monthly mean NDVI values for the period April 2002—February 2024. The monthly
NDVI data were then resampled to 0.25° and 0.05° spatial resolutions using bilinear
interpolation to align with the GRACE and downscaled grids, respectively. Finally,
NDVI values were standardised as monthly anomalies relative to the 2004-2009 mean

baseline, ensuring consistency with the GRACE anomaly convention.

3.3.6 Land Surface Temperature (LST) Data

Land surface temperature, representing the thermal state of the Earth’s surface, was
obtained from the MOD11A1 Version 6.1 product, which provides daily daytime and
nighttime LST observations at 1 km spatial resolution. The raw MODIS LST values,
expressed in Kelvin and scaled by a factor of 0.0005, were multiplied by this scaling
factor to obtain actual temperature values. Daily data were then averaged to monthly
means to ensure temporal consistency with other predictors. Both daytime and
nighttime LST layers were incorporated separately as model inputs. The monthly LST
datasets were subsequently resampled to 0.25° and 0.05° spatial resolutions using
bilinear interpolation to match the GRACE and downscaling grids and finally
converted to monthly anomalies relative to the 2004—-2009 mean baseline to maintain

consistency with the GRACE anomaly convention (Mohtaram et al., 2025).

3.3.7 Digital Elevation Model (DEM) Data

Topographic data were obtained from the Shuttle Radar Topography Mission (SRTM)
Digital Elevation Model, which provides near-global elevation data for the Earth’s
land surface. The DEM was used to derive elevation inputs for Sri Lanka, enabling the

model to account for terrain-related influences on groundwater flow and storage.
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3.3.8 In-situ Groundwater Level Data

The groundwater data were obtained from six in-situ monitoring wells managed by the
Water Resources Board (WRB) of Sri Lanka. The spatial distribution of the 6 wells is
illustrated in Figure 3-1(a), with metadata summarised in Table 3-2. The wells range
in depth from 33 m to 80 m below ground level (bgl), and their screened intervals (21—
69 m bgl) correspond to shallow permeable zones consisting of sandy soil materials.
Borehole records from multiple sites indicate that these aquifers are unconfined,
exhibiting high hydraulic conductivity and a rapid response to rainfall recharge.
Because GRACE is most sensitive to storage variations in the upper unconfined
groundwater system, these wells provide appropriate in-situ validation of GRACE-
derived GWSA fluctuations. Daily data were averaged to yield monthly groundwater
level measurements. In addition, to replicate the long-term anomaly data derived from
GRACE, the Groundwater Level Anomaly (GWLA) was computed by deducting its
own average value from the GWL changes, which can be compared with the GRACE-
derived GWSA.

Table 3-2: Metadata of groundwater observation wells used for wvalidation in the
Kumbukkan Oya Basin

Total

Obs&,r‘e/ﬁtion Latitude (°N) Longitude (°E)  Depth Sereen Depth
(m bgl) (m bgl)

KUB-MON-001 6.82 81.29 79.0 68.325-69.325
KUB-MON-004 7.06 81.20 33.0 21.00-22.00
KUB-MON-007 6.70 81.37 80.0 47.70-48.70
KUB-MON-010 6.77 81.26 80.0 43.17-44.17
KUB-MON-015 6.94 81.29 70.0 59.00-60.00
KUB-MON-039 6.99 81.38 45.0 39.00—40.00

3.3.9 Observed Rainfall Data

Observed daily precipitation records covering a continuous 30-year period from 1990

to 2020 were obtained from the national rain-gauge network operated by the
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Department of Meteorology, Sri Lanka. The dataset comprises measurements from 46
meteorological stations distributed across the country, providing broad spatial
coverage of Sri Lanka’s major hydroclimatic zones. Details of the selected stations,
including their geographic coordinates and period of record, are presented in Table 3-

3, while their spatial distribution is illustrated in Figure 3-2.
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Figure 3-2: Spatial distribution of the 46 meteorological stations across Sri Lanka used in this
study, obtained from the Department of Meteorology. The stations provide broad spatial
coverage across the country’s major hydroclimatic zones
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Table 3-3: Metadata of the meteorological stations used in this study, including station
location, geographic coordinates, and period of record

Coordinate
Gauging Station Longitude (°E) Latitude (°N)
Agalawatta 80.15 6.53
Alupolla Group 80.58 6.72
Ambewela 80.80 6.88
Amparai Tank 81.67 7.28
Annfield Estate 80.63 6.87
Anuradhapura 80.38 8.35
Aralaganwila 81.15 7.80
Baddegama Estate 80.18 6.18
Badulla 81.05 6.98
Batticaloa 81.70 7.72
Bopatthalawa 80.72 6.83
Campion Estate 80.70 6.78
Canawarella Group 81.12 6.90
Chilaw-P.W.D 79.78 7.58
Colombo 79.87 6.90
Dedigama 80.25 7.22
Detanagalla 81.68 6.73
Diyasenapura 81.02 8.12
Diyatalawa-Survey Camp 80.97 6.82
Eheliyagoda S.P. 80.27 6.85
Elahera 80.82 7.68
Embilipitiya 80.87 6.28
Galle 80.22 6.03
Galoola Estate 81.15 7.07
Hambantota 81.13 6.12
Horowupatana Aga Office 80.15 8.55
Jaffha 80.03 9.68
Katugastota 80.63 7.33
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Coordinate
Gauging Station Longitude (°E) Latitude (°N)
Katunayaka 79.88 7.17
Kurunegala 80.37 7.47
Lunugamwehera 81.20 6.33
Mabha Illuppallama 80.47 8.12
Mannar 79.92 8.98
Mutu Iyankaddu 80.65 9.22
Nuwara Eliya 80.77 6.97
Okkampitiya 81.30 6.75
Pelawatte 80.22 6.42
Pottuvil 81.83 6.88
Pussella S.P. 80.35 6.80
Puttalam 79.83 8.03
Randenigala 80.92 7.20
Ratnapura 80.40 6.68
Ridibendi Ela 80.25 7.73
Ridiyagama Irrigation 80.97 6.18
Trincomalee 81.25 8.58
Vavuniya 80.50 8.75
Wellawaya 81.10 6.73

3.4 Methodology

The overall methodology adopted in this study is structured into three main

subsections. First, a statistical downscaling framework is implemented to derive high-

resolution groundwater storage anomaly (GWSA) estimates from GRACE

observations. Second, a Physics-Informed Neural Network (PINN) model is developed

to characterise and simulate spatiotemporal groundwater variability across the selected

basin. Finally, future groundwater availability is assessed by integrating the trained

modelling framework with bias-corrected climate projections under selected future

climate scenarios (Figure 3-3).
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Figure 3-3: Overall methodological framework of the study, including statistical downscaling
of GRACE-derived groundwater storage anomalies, PINN-based groundwater modelling, and
future groundwater availability assessment under climate change scenarios

3.5 Statistical Downscaling of GRACE-Derived Groundwater Storage
Anomaly (GWSA)

This subsection presents the methodology employed to downscale coarse-resolution
GWSA data derived from GRACE/GRACE-FO to a finer spatial resolution using
statistical and machine-learning-based techniques. The workflow begins with the
derivation of GWSA from GRACE/GRACE-FO, followed by the selection and
preprocessing of hydroclimatic predictors, model training and evaluation using

multiple ML algorithms, and validation against in-situ groundwater observations. This
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structured approach ensures methodological rigour while enabling the results to be

directly applied to basin-scale water resources assessment and management.

3.5.1 Estimating the Groundwater Storage Anomalies using GRACE Data

The TWSA represents the combined contributions of GWSA, soil moisture storage
anomaly (SMSA), canopy water storage anomaly (CWSA), snow water storage
anomaly (SnWSA), and surface water storage anomaly (SWSA) within each GRACE
grid cell (Arshad et al., 2022; Chen et al., 2014; Frappart & Ramillien, 2018).This

relationship can be expressed as:
TWSA = GWSA + SMSA + SnWSA + CWSA + SWSA [3-1]

In a tropical country such as Sri Lanka, snow water storage is non-existent. Moreover,
findings from the global surface water storage dataset (GloLakes) developed by Hou
et al. (2024) confirm minimal surface water presence in this region. Consequently,
GWSA can be approximated by subtracting SMSA from TWSA (Alshehri &
Mohamed, 2023; Arshad et al., 2025):

GWSA = TWSA — SMSA [3-2]

Soil moisture storage anomalies (SMSA) were estimated using Global Land Data
Assimilation System (GLDAS) outputs, ensuring consistency with GRACE data

processing. The soil moisture anomaly was derived as:
SMSA; = SMS; — SMS3004-2009 [3-3]

Here, SMS represents the soil moisture content at time ¢, and the overbar denotes the
long-term mean during the GRACE baseline period (January 2004—December 2009).
Soil moisture anomalies were extracted from the Noah Land Surface Model (0-2 m
depth) provided within the GLDAS dataset. These anomalies were computed by
subtracting the climatological mean for the baseline period to maintain consistency

with the GRACE anomaly reference frame (Lin et al., 2019).
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3.5.2 Temporal Lags and Feature Selection

The selection and design of predictor variables is necessary for optimising model
efficiency and accurately representing the hydrological processes that influence GWS
variability. The tentative input variables, ET, Pr, daytime and nighttime LST,
elevation, and the NDVI were identified based on their well-established relevance to
groundwater dynamics and evidence from recent studies (Nourani et al. 2024). Proper
variable selection enhances computational efficiency and reduces model complexity
by excluding redundant or weakly correlated features. Thus, a preliminary exploratory
analysis was conducted to assess the suitability of each predictor for reproducing
GRACE/GRACE-FO-derived GWSA, following the approach of Mousavimehr and
Kavianpour (2025).

Subsequently, ML techniques were tuned and trained using different combinations of
these inputs. The efficiency of five (5) ML algorithms, including RF (Breiman, 2001),
XGBoost (Chen & Guestrin, 2016), LighGBM (Ke et al., 2017), Catboost
(Prokhorenkova et al., 2019) and an SEML, were assessed for GWSA prediction. Eight
distinct feature configurations were tested to identify the optimal set of hydrologically

meaningful predictors that maximized model performance (Table 3-4).

Table 3-4: Different combinations of input predictors used to train and evaluate machine
learning models for groundwater storage anomaly (GWSA) prediction

Combination Input Variables
Comb 01 Pr, ET, NDVI, LST Day, LST Night, Elevation
Comb 02 Pr, NDVI, LST Day, LST Night, Elevation
Comb 03 Pr, ET, LST Day, LST Night, Elevation
Comb 04 Pr, ET, NDVI, LST Day, Elevation
Comb 05 Pr, LST Day, LST Night, Elevation
Comb 06 Pr, NDVI, LST Day, Elevation
Comb 07 Pr, ET, LST Day, Elevation
Comb 08 Pr, LST Day, Elevation
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To capture the delayed hydrological responses between climatic drivers and GWS
variations, temporal lags were introduced for each predictor variable. Lagged features
were generated for up to four previous months to account for the inherent memory
effects in groundwater recharge and discharge processes (Seyoum & Milewski, 2017).
The strength and timing of these relationships were quantified through lagged Pearson
correlation analyses (0—4 months), following the methodology outlined by
Dissanayake et al. (2021) and J. Zhang et al. (2021). The lag corresponding to the
highest correlation coefficient for each variable was subsequently used in ML model
training. Importantly, each lagged feature was computed manually to ensure that only
prior-month values were available when predicting the current month’s GWSA,
thereby preventing information leakage and preserving the physical realism of

temporal dependencies.

3.5.3 Machine Learning Models

Accordingly, RF, XGBoost, CatBoost, LightGBM, and the proposed SEML model

were selected for this study, with detailed descriptions provided below.
3.5.3.1 Random Forest (RF) model

The random forest algorithm, developed by Breiman (2001), is an ensemble method
that integrates multiple Classification and Regression Trees (CART) to address
regression and classification tasks. By constructing numerous decision trees during
training and averaging their outputs, the model mitigates overfitting, enhancing both
accuracy and generalizability. Each tree is trained on a bootstrap sample of the data,
with a random subset of features considered at each split to introduce diversity among
the trees (Wijayaweera et al., 2024; Wijekoon et al., 2024). The bootstrap sampling
process involves randomly selecting subsets of the original dataset for training, while
the remaining out-of-bag data serves to evaluate model accuracy. In applications such
as groundwater storage estimation, random forest models effectively capture complex
interactions and nonlinear relationships between dependent and independent variables,
improving the spatial resolution of GRACE-derived estimates (Rahaman et al., 2019).
Additionally, the algorithm provides feature importance estimation, enabling

identification of key predictors, and robustly handles missing data. For this study, the
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RF model was configured with a maximum tree depth of 15, 100 estimators, with a
minimum sample leaf of 5, and a minimum sample split of 10 to, in order to balance

the bias-variance trade-off and ensure stable training.
3.5.3.2 Extreme Gradient Boost (XGBoost) model

The Extreme Gradient Boost (XGBoost) model is a scalable and high-performance
framework for gradient boosting, originally proposed by Chen and Guestrin (2016). It
constructs an ensemble of decision trees sequentially, with each tree designed to
minimize the residuals from previous iterations. Unlike conventional boosting
approaches, XGBoost explicitly optimises the loss function by leveraging both first-
and second-order gradient information through a second-order Taylor approximation.
This formulation accelerates convergence and enhances predictive accuracy. A key
advantage of XGBoost lies in its regularisation mechanism, which integrates L1 and
L2 penalties into the objective function to control model complexity and mitigate
overfitting. The final model prediction is obtained by aggregating the weighted
contributions of all trees in the ensemble. In this study, XGBoost was configured with
a maximum tree depth of five (5), 200 estimators, and a learning rate of 0.05, settings

chosen to balance the bias—variance trade-off and ensure robust training performance.
3.5.3.3 CatBoost model

CatBoost is a gradient-boosted decision tree (GBDT) framework designed to achieve
high accuracy with reduced parameter tuning requirements, while offering strong
support for categorical variables (Prokhorenkova et al., 2017). A distinguishing feature
of CatBoost is its use of balanced symmetric (oblivious) decision trees as base learners,
which enhance regularization and mitigate overfitting, thereby improving both
predictive accuracy and generalization. Its principal innovation lies in addressing
gradient bias and prediction shift through an ordered boosting mechanism, which
effectively prevents target leakage and reduces noise in model training (Hancock &
Khoshgoftaar, 2020). Unlike conventional GBDT implementations, CatBoost encodes
categorical features using a target-based statistical approach with added priors,
allowing efficient utilization of the entire dataset without introducing bias. In this

study, the CatBoost model was configured with a maximum tree depth of five, 300

60



Chapter 3

estimators, and a learning rate of 0.03 to balance the bias—variance trade-off and ensure

robust performance in downscaling groundwater storage anomalies.
3.5.3.4 LightGBM model

LightGBM is a gradient boosting framework based on decision trees, widely
recognised for its efficiency and scalability in classification, regression, and ranking
applications (Ke et al., 2017). Its performance advantages arise from two core
innovations: Gradient-based One-Side Sampling (GOSS), which retains samples with
large gradients to emphasise informative instances, and Exclusive Feature Bundling
(EFB), which reduces dimensionality by combining mutually exclusive sparse
features. LightGBM constructs its predictive model by summing the outputs of
multiple regression trees, each defined by a set of decision rules and sample weights.
The training process is additive, with each iteration refining the model using Newton’s
method to approximate the objective function more effectively. Distinct from
conventional GBDT algorithms, LightGBM employs a leaf-wise tree growth strategy
that allows deeper exploration of branches with the greatest loss reduction, thereby
enhancing accuracy while maintaining computational efficiency. For this study,
LightGBM was configured with 31 maximum leaves per tree, a learning rate of 0.1,
and a maximum depth of 10 to balance computational efficiency, reduce overtitting,

and ensure robust predictive performance.
3.5.3.5 Proposed stacking ensemble machine learning (SEML) model

Ensemble learning techniques are broadly categorised into bagging, boosting, and
stacking frameworks. Bagging methods, such as Random Forest (RF), train multiple
models on bootstrapped datasets and average their predictions to reduce variance and
mitigate overfitting. Boosting approaches, including Gradient Boosting (GB),
XGBoost, LightGBM, and CatBoost, sequentially train weak learners, where each new
model corrects the errors of its predecessor, resulting in reduced bias and improved
accuracy. Stacking (or stacked generalisation) represents a more flexible strategy,
where predictions from several base models are combined through a meta-learner,
enabling the model to leverage complementary strengths and capture complex inter-

variable dynamics (Jing et al., 2020; Kalirane, 2023).
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Stacking ensemble learning is a strategy that exploits the complementary strengths of
multiple base models to enhance predictive performance and improve generalisation
(Wolpert, 1992). Unlike approaches that rely on selecting a single best-performing
algorithm, stacking develops a meta-learner that synthesises the outputs of diverse base
learners in a more robust manner than traditional winner-takes-all methods. In this
framework, base models generate distinct predictions, which are subsequently
integrated by the meta-learner to produce a final output that typically outperforms any
individual model. The stacking process generally involves two stages: the training of
base learners and the subsequent training of a meta-model (Zhou, 2021). In the first
stage, the dataset is partitioned into training and testing subsets, with base learners
trained through A-fold cross-validation. During the second stage, predictions generated
by the base learners are reassembled, preserving the original data order, to construct a

new training dataset for the meta-learner (see Figure 3-4).

Stacking Ensemble Model Framework
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Figure 3-4: Conceptual architecture of the proposed Stacking Ensemble Machine Learning
(SEML) model. Multiple base learners are trained using k-fold cross-validation to generate
intermediate predictions, which are subsequently used as inputs to a meta-learner that produces
the final groundwater storage anomaly (GWSA) prediction
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In the present study, the meta-model was developed by combining predictions from
four base algorithms, RF, XGBoost, LightGBM, and CatBoost, to enhance the
accuracy of downscaled GWSA. The outputs from these base learners served as input
features for the meta-learner, which was trained to determine the optimal integration
strategy. This hierarchical approach capitalises on the strengths of each model while
mitigating its limitations, thereby yielding improved accuracy and stronger

generalisation compared with any single-model framework.

3.5.4 Statistical Downscaling Methodology Framework

The SD procedure for GWSA is outlined as follows and illustrated in Figure 3-5. The
red arrow represents the low-resolution phase; the black arrow represents the high-

resolution phase of the overall methodology.

1. Separation of GWSA from TWSA: Variables from the GLDAS dataset,
including soil moisture storage anomalies (SMSA), canopy water storage
anomalies (CWSA), and surface runoff anomalies (SSRA) at a 0.25° spatial
resolution, are used to extract GWSA from TWSA.

il.  Aggregation of input variables: High-resolution input datasets were aggregated
to both 0.05° and 0.25° spatial resolution and standardized to a monthly
temporal resolution to ensure consistency with GRACE data and enable

seamless integration into the downscaling framework.

iii. ML algorithm training: RF algorithms are trained using independent variables
such as Pr, LST, ET, NDVI, and elevation at a 0.25° resolution, with GWSA
derived by subtracting TWSA.

iv.  Model evaluation: The predicted GWSA is compared to actual values, and the

residual is calculated.

v.  High-resolution prediction: The trained model is used to predict GWSA at a
0.05° resolution using the high-resolution input variables (Pr, LST, ET, NDVI,

and elevation).

vi.  Residual correction: The model error, initially computed at 0.25°, is converted

to 0.05° resolution and added to the prediction from step
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vii.  Validation: The downscaled GWSA from step vi is validated by comparing it

to in-situ groundwater observation data.
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Figure 3-5: Methodological framework for downscaling GWSA, showing the input data
sources, anomaly estimation, downscaling algorithms, and performance evaluation. Flowchart
of the study design, divided into three parts: data preprocessing, model building, and
downscaling and validation

3.5.5 Residual Correction

The residual correction method was applied to transfer large-scale correction patterns
from coarse GRACE observations to the fine-resolution ML predictions while
preserving basin-scale mass consistency. First, the residual at the coarse scale (0.25°)

was computed as the difference between the observed GRACE-derived GWSA

(GWSA(G(;TC)E and the ML-predicted value (GWSA;%E,Z)),

r025)(j ) = GWSAE;(;%iSc)E(i' t) — GWSA}(,?ZZ)(L', t) [3-4]

where (925 (i, t) represents the residual at the grid cell i and time t. These residuals
were then spatially interpolated to the fine scale (0.05°) using the inverse distance

weighting (IDW) approach:
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ZiWijr(o'zs)(i, t) 1 3.5
, W= — -
ZiWij Y 3]

T(O'OS) (]-) t) —

Here, (%95 (j, t) is the interpolated residual at the fine-resolution grid cell j, d; jis the

distance between the coarse grid cell iand fine grid cell j, and p = 2 denotes the

distance-decay exponent. The interpolated residuals were subsequently added back to

the fine-scale ML predictions (GWSAI(,?ZZ)) to obtain the final corrected GWSA field
(0.05)
(GWSA¢inar)
GWSANS)(j,t) = GWSASSD (j, £) + @99, 1) [3-6]

This approach preserved basin-scale mass conservation, as the mean aggregated value

of GWSA}?;?;B across each 0.25° cell remained consistent with the corresponding

GRACE-derived value, while also enhancing the spatial realism of local anomalies

without introducing artificial texture.

3.5.6 Model Training and Evaluation

The models were trained and validated using a train-test split of 70%, 30%, ensuring
that 30% of the data was held out for testing the model's performance. Additionally,
randomised cross-validation was applied to optimise hyperparameters and prevent
overfitting, providing a robust framework for model evaluation (King et al., 2021).
The cross-validation process was performed using K-fold cross-validation, ensuring
that the models were evaluated across multiple data subsets, further improving their
generalizability. The optimised model was trained with these parameters. After the
model was trained on the training set, it was tested on the unseen validation set to
assess its performance using multiple evaluation metrics, including Coefficient of
Determination (R?) (Li et al., 2023), Root Mean Squared Error (RMSE) (Chai &
Draxler 2014), and Pearson Correlation coefficient (CC) (Rodgers & Nicewander
1988). The final downscaled GWSA dataset was then saved and exported for further
hydrological analysis.
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3.5.7 Validation of Downscaled GWSA

Validating downscaled GWSA is inherently challenging due to the lack of alternative
satellite-based GWS products or dense in-situ observations for direct comparison with
GRACE data. In this study, the first validation strategy focused on statistical
evaluation, following approaches adopted in recent literature (Pulla et al., 2023;
Vishwakarma et al., 2021; Zhang et al., 2021). This method involved a direct statistical
comparison between the downscaled GWSA, aggregated back to the native GRACE
resolution, and the original GRACE-derived GWSA to verify mass consistency and
overall agreement. Performance indices, including the RMSE, R? and CC, were
employed to quantify discrepancies between the original GRACE observations and the
downscaled outputs. A validation outcome was considered satisfactory when these
statistical indices improved after downscaling, indicating a closer approximation of

the true hydrological dynamics (Zhang et al., 2021).

The second validation pathway relied on in-situ groundwater level observations
obtained from monitoring wells across the Kumbukkan Oya Basin (see Figure 3-1(a)).
This approach, widely recognised as a benchmark for evaluating GRACE-based
groundwater estimates (Chen et al., 2019; Foroumandi et al., 2023; Miro & Famiglietti,
2018), was implemented primarily to assess the temporal correspondence between
satellite-derived and observed groundwater dynamics. Because specific-yield (S,) data
were unavailable to convert groundwater level into equivalent storage changes, direct
magnitude comparisons were not feasible. Similar constraints have been reported in
previous studies; for instance, Zhang et al. (2024) validated downscaled groundwater
products using GWLA data alone in the absence of reliable specific yield estimates.
Accordingly, this study focused on evaluating temporal coherence rather than absolute
agreement in magnitude. Validation was therefore conducted by examining the
correspondence in timing, phase, and correlation between the downscaled GWSA and
observed GWLA at corresponding pixel locations. The CC was computed to quantify
the degree of synchronisation between the two signals, following similar approaches
adopted by Ning et al. (2014) and Zhang et al. (2021). This phase- and correlation-
based agreement provides confidence that the downscaled dataset effectively captures

the seasonal and interannual variability of groundwater storage.
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As an additional validation tier, Seasonal-Trend Decomposition using Loess (STL)
was employed to examine the temporal consistency and physical realism of the
downscaled GWSA time series relative to GRACE. STL decomposition separates each
signal into long-term trend, seasonal, and residual components, allowing a direct
comparison of the amplitude and phase of seasonal cycles between datasets. Consistent
seasonal amplitudes and synchronised peak timings (phase) indicate that the
downscaled product effectively preserves the intra-annual hydrological variability
represented by GRACE. Furthermore, the residual component analysis enables the
identification of sub-seasonal mismatches or localised errors not captured by
traditional metrics. This approach thus provides a physically interpretable validation
layer that complements purely statistical and field-based comparisons, ensuring that
the downscaled GWSA reproduces not only the magnitude but also the temporal
dynamics of GWS changes.

3.6 Physics-Informed Neural Network (PINN) Modelling of Basin-Scale

Groundwater Variability

The Physics-Informed Neural Network (PINN) model was developed to simulate one-
dimensional unsteady groundwater flow within the Kumbukkan Oya Basin, Sri Lanka.
PINN is a promising technique to incorporate limited field observations with the
governing physical laws expressed through partial differential equations (PDEs). In
this approach, the governing groundwater flow equation is embedded directly into the
learning process by incorporating the corresponding PDE residual as a component of
the overall loss function, thereby constraining the model to satisfy physical consistency
during training. Such a formulation is particularly advantageous under conditions of
sparse or incomplete observational data, where purely data-driven models may
perform poorly. Accordingly, in this study, the PINN framework is employed to
reproduce the spatiotemporal groundwater flow profile of the basin using a limited set
of available observations. This section presents a detailed description of the developed
PINN model, including the physical basis of unsteady flow in an unconfined aquifer,
the structure of the deep neural network, the formulation of the composite loss

function, and the strategy adopted for parameter optimisation.
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3.6.1 Methodology Flowchart

The methodology adopted in the PINN model development is illustrated in Figure 3-
6 below.
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Figure 3-6: Methodological flowchart of the Physics-Informed Neural Network (PINN)—based
groundwater simulation model

3.6.2 PINN Model Development
3.6.2.1 Conceptualisation of the Groundwater System

The groundwater system of the Kumbukkan Oya Basin was conceptualised as a one-
dimensional (1D), transient, unconfined aquifer system. This simplification was
justified by the predominantly elongated basin geometry and the near-linear alignment
of available groundwater observation wells along the principal groundwater flow
direction. Under such conditions, horizontal groundwater flow dominates basin-scale
dynamics, while vertical flow components and transverse lateral variations are
comparatively minor and may be neglected without significant loss of physical

realism.

Six groundwater level observation wells were initially available within the basin. To
ensure hydrological representativeness and numerical stability, wells were screened

based on correlation strength, spatial distribution, and relevance to the main
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groundwater flow path. Two wells located near the upstream and downstream extents
of the basin were selected to define transient boundary conditions, while one interior
well was used to provide observational constraints during training. An additional
interior well was withheld entirely from training and used exclusively for independent

model validation, allowing objective assessment of predictive performance.

The conceptual model assumes homogeneous and isotropic aquifer properties,
including hydraulic conductivity and specific yield, over the entire domain.
Groundwater abstraction and lateral subsurface inflows were not explicitly
represented, while recharge was assumed to be the primary external driver of
groundwater level variability. The aquifer bottom was assumed to be impermeable at

mean sea level (0 m MSL), preventing downward leakage.
3.6.2.2 Governing Equation and Physics-Informed Formulation

Under the stated assumptions, groundwater flow was governed by the nonlinear
Boussinesq equation for unconfined aquifers (Serrano & Workman, 1998), expressed

as:

oh K 0 dh R(t, -
K _(h_)+ (t,x) [3-7]
0x S,

at S, " ox
where h(x,t) denotes hydraulic head (m), K is the hydraulic conductivity (m day™),
x is the spatial coordinate along x-direction, S,, represents specific yield, and R(x,t)
is the spatially and temporally varying recharge term (m day'). This equation captures
the nonlinear dependence of transmissivity on saturated thickness, a defining
characteristic of unconfined aquifer behaviour. In the PINN framework, this governing
equation was embedded directly into the training process by constructing a physics-
based residual loss. Automatic differentiation was employed to compute the required
spatial and temporal derivatives of the neural network output, enabling evaluation of
the PDE residual at arbitrary points in the spatiotemporal domain without reliance on

numerical discretisation schemes.
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3.6.2.3 Spatiotemporal Domain Definition and Data Normalisation

The PINN model inputs consisted of the spatial location x and time t, forming a
continuous spatiotemporal domain. The physical spatial domain extended from 0 m to
44,000 m, corresponding to the upstream and downstream boundary well locations.
Time was represented in days from the simulation start date, providing a continuous
temporal axis for transient groundwater flow simulation. To improve numerical
stability, convergence efficiency, and balanced gradient propagation, all groundwater
level observations, spatial coordinates, and temporal inputs were independently
normalised to the range [0, 1] using Min max scaling. Normalisation is particularly
important in PINNs because the physics-based loss involves higher-order derivatives
that are sensitive to variable magnitude. Scaling inputs and targets to comparable
numerical ranges ensured stable optimisation and improved learning of the underlying

physical relationships.
3.6.2.4 Initial and Boundary Condition Specification

Initial conditions were defined using observed groundwater levels at four wells at the
simulation start date (11 October 2022). These observations were interpolated spatially
using a polynomial fit to construct a continuous initial groundwater head profile across
the domain. This profile was enforced through an initial condition loss term that
penalised deviations between the network-predicted head and the interpolated initial
profile at t = 0. Boundary conditions were prescribed using daily observed
groundwater levels at the upstream and downstream boundary wells. These transient
boundary heads were imposed as fixed-head (Dirichlet) boundary conditions and
enforced through boundary loss terms calculated as the mean squared error between
predicted and observed heads at the corresponding spatial locations for all time steps.
This formulation allowed boundary conditions to evolve dynamically while remaining

physically consistent with field observations.
3.6.2.5 Recharge Representation and Collocation Point Sampling

Recharge was represented as a fraction of observed daily rainfall, reflecting effective
infiltration into the unconfined aquifer. Rainfall data from three stations distributed

along the basin were converted from mm to m and multiplied by a recharge coefficient
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0f0.10. Spatial variability in recharge was introduced by linearly interpolating rainfall-
derived recharge values between stations at each time step. Physics enforcement was
achieved using collocation points randomly sampled across the normalised
spatiotemporal domain. At each collocation point, recharge was evaluated using the
interpolated rainfall field, and the governing equation residual was computed using
automatic differentiation. This approach enabled enforcement of the Boussinesq
equation throughout the domain rather than only at observation locations, ensuring

physically plausible groundwater behaviour even in data-sparse regions.
3.6.2.6 Neural Network Architecture, Loss Function, and Training Strategy

The groundwater head function h(x,t) was approximated using a fully connected
feed-forward neural network (FFNN) comprising two input neurons corresponding to
the spatial coordinate x and time t, a series of hidden layers, and a single output neuron
representing the normalised groundwater head. The network architecture consisted of
five hidden layers, each containing 64 neurons, a configuration selected based on
numerical stability and convergence performance observed during preliminary testing.
Rectified Linear Unit (ReLU) activation functions were employed in all hidden layers
to effectively capture nonlinear groundwater dynamics while reducing the risk of
vanishing gradients. Network weights were initialised using the Xavier scheme to
enhance training stability and convergence efficiency. The output layer used a linear

activation function, yielding the predicted normalised groundwater head h(x, t).

The total loss function was formulated as a weighted sum of four components:
boundary condition loss, interior observation loss, initial condition loss, and physics
residual loss. Weighting coefficients were assigned to balance data fidelity and
physical consistency, ensuring that the model respected governing equations while

accurately reproducing observed groundwater levels. The equation is expressed as;
LosStotar = W1L0SSpge + W, L0SS;c + W3L0oSSye + Wy L0SSgqatq [3-8]

where,

Losspqe- The physics residual loss, quantifying the deviation of the governing PDE at

collocation points (Equation 3-9)
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Loss;. - The initial condition loss, enforcing the agreement between the model

predicted and known groundwater level distributions at t=0 (Equation 3-10)

Lossy. - The boundary condition loss, ensuring the agreement between model

predicted and known water level distributions at x=L and x=0 (Equation 3-11)

LosS44tq - The data loss, computed as the mean squared error between predicted and

observed groundwater levels at the monitoring station (Equation 3-12)

Wy, Wy, W3, W,- weight coefficients that control the relative importance of each loss

term. The equations for calculating each loss term are as follows:

Lossyge = Njes N [ahpred — X aa_x (h %) T R(;;x)r [3-9]
Loss;. = Niwf[hpred (x,0) — hinitial(x)]z [3-10]

LoSSpe = Nibcjzb:[hpred(xbc. £) = hye(®)]’ [3-11]
Lossgata = ﬁl\lia[hpred (Xaatar t) — haata (t)]z [3-12]

i=1

where, N,.s is the number of collocation points to check residual loss, N;. is the
number of initial data points at t=0, N, is the number of boundary data points at x=L

and x=0, and N4, is the number of data points.

Model training was carried out by minimising the composite loss function using
gradient-based optimisation. Gradients of the loss function with respect to all network
parameters were computed using automatic differentiation, enabling exact evaluation
of first-order derivatives required for back-propagation. The Adaptive Moment
Estimation (Adam) optimiser was employed due to its robustness in handling noisy
gradients and its rapid convergence during early training stages. A learning rate of

4 x 10~* was selected based on numerical experimentation, and training was
p g
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conducted for up to 1,000 epochs. A learning rate scheduler was incorporated to reduce
the learning rate when convergence stagnated, thereby improving stability during later
training stages. Hydraulic conductivity and specific yield were treated as tunable
parameters within physically reasonable ranges, allowing implicit calibration of
aquifer behaviour. Model performance was evaluated using correlation coefficient
(CC), coefficient of determination (R?), and root mean square error (RMSE), computed
separately for training and independent testing wells. Following training, the PINN
was used to generate continuous groundwater head profiles along the entire basin for
each time step, enabling detailed analysis of spatiotemporal groundwater dynamics

under observed hydroclimatic forcing.

3.7 Assessment of Future Groundwater Availability under Climate Change

Scenarios

The proposed SEML framework was subsequently employed to assess future
groundwater availability, as the model is primarily driven by climate variables,
particularly precipitation and LST. However, the limited spatial density of in-situ
precipitation observations in Sri Lanka constrains the direct derivation of high-
resolution gridded precipitation fields. To address this limitation, monthly CHIRPS
precipitation data covering the period 1985-2015 were extracted for the entire Sri

Lankan territory and adopted as the baseline high-resolution precipitation dataset.

To reduce systematic biases inherent in satellite-derived precipitation, the CHIRPS
dataset was bias corrected using available ground-based observations from 46 rain
gauge stations for the same period. A combined bias-correction approach was
implemented, integrating Thiessen polygon-based spatial weighting with a mean-
based bias correction technique (see Section 4.1). This procedure produced monthly
bias-correction factors for each grid point, which were subsequently applied to the
CHIRPS dataset to generate a bias-corrected historical precipitation field at 0.05°

spatial resolution.

For future climate projections, GCMs from the CMIP6 ensemble were considered.
Based on the evaluation by Jayaminda et al. (2023), CNRM-ESM2-1, CNRM-CM6-
1-HR, and MRI-ESM2-0 were identified as the most suitable models for representing
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Sri Lanka’s monsoon rainfall characteristics. Among these, CNRM-CM6-1-HR was
selected for this study due to its superior performance and higher native spatial
resolution. Since future CHIRPS precipitation products are not available, a statistical
downscaling strategy was adopted to generate high-resolution (0.05°) future

precipitation datasets suitable for input into the SEML framework.

Future precipitation projections were developed under SSP2-4.5 and SSP5-8.5
scenarios using a 30-year baseline period (1985-2015). Given the uncertainty
associated with identifying a single critical future period, projections were generated
for two distinct time horizons: a short-term future (2021-2040) and a medium-term
future (2041-2060). Initially, historical GCM precipitation data were extracted over
Sri Lanka and bias corrected using the same correction factors derived for the CHIRPS
dataset, ensuring consistency between datasets. Subsequently, a grid- and month-
specific linear relationship was established between the bias-corrected CHIRPS and

bias-corrected GCM precipitation data, expressed as,
PrSHIRPS — g PrGCM 4 b, [3-13]

where m denotes the calendar month (1-12), a,,, represents the scaling factor, and by,
is the additive offset. These parameters were estimated independently for each grid
point and month. The derived relationships were then applied to future GCM

precipitation data to obtain projected high-resolution precipitation fields as,

Projected,CHIRPs __ GCM, future _
Pr,, = a, Pry, + by, [3-14]

Through this procedure, 0.05° gridded precipitation datasets were generated for both

future climate scenarios.

An analogous methodology was applied to derive future high-resolution LST datasets.
Relationships between historical LST and near-surface air temperature were first
established at the grid scale and subsequently used to transform future GCM
temperature projections into LST fields at matching spatial resolution. The resulting
high-resolution precipitation and LST datasets for SSP2-4.5 and SSP5-8.5 scenarios
were finally used as inputs to the SEML model to project future groundwater

availability across Sri Lanka.
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3.8 Trend and Change-Point Analysis of Groundwater Storage Time Series

To investigate long-term variability and structural changes in groundwater storage
time series, a set of non-parametric statistical techniques was employed. The Mann—
Kendall (MK) trend test (Kendall, 1948; Mann, 1945) was used to detect the presence
of monotonic trends, Sen’s slope estimator (Sen, 1968) was applied to quantify the
magnitude of identified trends, and Pettitt’s test (Pettitt, 1979) was adopted to detect
abrupt change points. These methods are widely applied in hydrological and
climatological studies because they do not require assumptions of normality and are
robust to missing values and outliers (Alahacoon & Edirisinghe, 2021; Sabzehee et al.,

2023).

3.8.1 Mann-Kendall Trend Test

The Mann—Kendall test is a rank-based, non-parametric method commonly used to
assess the existence of monotonic trends in environmental time series (Kendall, 1948;
Mann, 1945). The null hypothesis assumes that the observations are independently and
randomly distributed, while the alternative hypothesis indicates the presence of a
statistically significant increasing or decreasing trend. For a time series Xy, X3, ..., Xy,

the MK test statistic S is computed as:

S = "Z_:l Zn: sign(x; — x;) [3-15]

i=1 j=i+1
where n denotes the total number of observations, and the sign function is defined as:

+1if (x; — x;) > 0 Increasing trend
sign (xj — xi) = 0if (xj - xl-) = 0 No trend [3-16]
—1if (x; — x;) < 0 Decreasing trend

A positive value of S indicates an increasing trend, whereas a negative value indicates
a decreasing trend. For time series with sample sizes greater than 10, the test statistic
is standardised using a normal approximation. The variance of S, accounting for tied

observations, is calculated as (Kendall, 1948):
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n(n—1)2n+5) — X7 t;(t; — 1)(2t; + 5)
18

Var(s) = [3-17]

where p represents the number of tied groups and t; is the number of observations in

the i**tied group.

The standardised test statistic Z is then obtained as:

S—-1
—ifS5>0
(\/Var(s) f5>
ZS:{ 0ifS=0 [3-18]
l5+1 )
—— —_ ifS<0

JVar(s)

At a significance level of 5% (a = 0.05), the critical value of Zgis £1.96. If |Z|
exceeds this threshold, the null hypothesis of no trend is rejected, indicating a

statistically significant trend in the time series (Alahacoon & Edirisinghe, 2021).

3.8.2 Sen’s Slope Estimator

Although the Mann—Kendall test identifies the presence of a trend, it does not provide
information on its magnitude. Therefore, Sen’s slope estimator was applied to quantify
the rate of change in the time series (Sen, 1968). Unlike simple linear regression, Sen’s

method does not assume a constant linear trend and is less sensitive to extreme values.

For all possible pairs of observations (xj,xk) where j > k, individual slopes are

calculated as:

xj—xk

Qi = Tk [3-19]

The Sen’s slope estimate (Q,,.4) is obtained as the median of the Ncalculated slopes:

Qn+1if Nisodd
2
Qmea = 40N + Qn+1 [3-20]

2 > 2_ if N is even
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A positive value of Q,,.q4 indicates an increasing trend, while a negative value
represents a decreasing trend. The magnitude of Q,,.4 reflects the steepness of the

trend and provides a quantitative measure of change over time (Sen, 1968; Sabzehee

etal., 2023).

3.8.3 Pettitt’s Change-Point Detection Test

In addition to gradual trends, hydro-climatic time series may experience abrupt shifts
due to climatic variability or anthropogenic influences. Pettitt’s test is a non-parametric
change-point detection method used to identify the timing of a significant shift in the

mean of a time series when the change point is unknown (Pettitt, 1979).

Given a time series X1, X5, ..., Xp,, the test assumes that the series can be divided into
two segments with different distribution functions. The test statistic U, is computed

as:

Zt:zn: sign(x; — x;) [3-21]
i=1 j=t

The maximum absolute value of U, across all possible time steps is defined as:
K = Max|U;| [3-22]

The approximate significance level (p-value) associated with K is calculated as (Pettitt,

1979):

=2 —6K” 323
b = sexp n2+n3 [_ ]

In this study, a 5% significance level (« = 0.05) was adopted. When p < 0.05, the
null hypothesis of no change is rejected, and the identified time step is considered a
statistically significant change point. Otherwise, the time series is regarded as stable

with no evidence of a structural shift (Jaiswal et al., 2015).
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CHAPTER 4

4 DATA CHECKING AND ANALYSIS

4.1 CHIRPS Precipitation Data Bias Correction

Satellite-based precipitation products often exhibit systematic biases relative to in-situ
rain-gauge observations, arising from sensor limitations, retrieval algorithms, and
scale mismatches. Therefore, bias correction of satellite precipitation is a necessary
preprocessing step before its use in hydrological and downscaling applications. In this
study, CHIRPS precipitation data were employed to generate a high-resolution gridded
precipitation dataset, which served as an input environmental variable for the

downscaling framework.

As the analysis primarily focuses on variables at a monthly temporal resolution, the
selected CHIRPS precipitation data were bias corrected using a linear scaling (mean-
based) approach. This method applies a monthly correction factor to the monthly
satellite precipitation values, ensuring consistency between satellite-derived and
observed long-term precipitation means. The bias correction formulation is expressed

as:

P
Pcor,d —p .um( obs,d)

a X e [4-1]
satd Um (Psat,d)

where P, 4 and Psq¢ 4 are the corrected and uncorrected daily satellite precipitation
values, P, 4 1s the daily observed gauge precipitation value, and p,, is the long term

monthly mean of precipitation of that corresponding month (Chen et al., 2013).

The bias correction procedure was implemented through a spatially explicit
framework. First, CHIRPS grid cells associated with each rain-gauge station were
identified. Using data from 46 observation stations, the island of Sri Lanka was

partitioned into 46 spatial influence zones via the Thiessen polygon method in ArcGIS
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(Figure 4-1). For each polygon, all overlapping CHIRPS grid cells were extracted, and
their mean precipitation values were computed. Monthly bias correction factors were
then derived separately for each polygon by comparing long-term monthly means of
CHIRPS and gauge observations. These polygon-specific monthly correction factors
were subsequently applied to adjust the full daily CHIRPS precipitation time series for
each corresponding grid cell. By repeating this procedure across all polygons, a
spatially consistent, bias-corrected CHIRPS precipitation dataset was produced for the

entire island of Sri Lanka.
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Figure 4-1: Spatial bias correction framework for CHIRPS precipitation data using Thiessen
polygons derived from 46 rain-gauge stations across Sri Lanka. Each polygon represents the
area of influence of a station used to compute polygon-specific monthly correction factors

After completing the bias correction procedure, the reliability of the bias-corrected

CHIRPS rainfall dataset was evaluated using an independent set of rain-gauge
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observations. A total of 23 rain-gauge stations were selected for validation, comprising
10 stations from the wet zone, 5 from the intermediate zone, and 7 from the dry zone
(Figure 4-2). These stations were chosen to ensure representative coverage across Sri
Lanka’s major climatic regions. For each validation station, the nearest CHIRPS grid
point was identified, and monthly rainfall time series from the original and bias-
corrected CHIRPS datasets were compared with the corresponding observed rainfall
records. The performance of the bias correction was assessed using correlation analysis

between the satellite-based and observed rainfall data.
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Figure 4-2: Spatial distribution of the 23 rain-gauge stations used for validating the bias-
corrected CHIRPS precipitation dataset across the wet, intermediate, and dry climatic zones
of Sri Lanka

The results indicate a substantial improvement in agreement following bias correction.
After correction, correlation coefficients exceeded 0.7 at all validation stations,

demonstrating a strong temporal correspondence between the bias-corrected CHIRPS
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rainfall and ground observations. A summary of the validation statistics is presented
in Table 4-1. Additionally, comparative plots of observed, original CHIRPS, and bias-
corrected CHIRPS rainfall for a representative two-year period at each station are

provided in Appendix 2.

Table 4-1: Validation statistics (CC: correlation coefficient) comparing observed rainfall with
bias-corrected CHIRPS datasets for the selected rain-gauge stations

Coordinate CC between
Station ' . observed anq bias
Longitude  Latitude corrected rainfall

(°E) (°N) data
Hiyare 80.32 6.07 0.87
Kudawa 80.42 6.43 0.86
Labugama Tank 80.18 6.83 0.90
Hanwella Group 80.12 6.88 0.84
Angoda Mental Hospital 79.92 6.93 0.77
Kirindiwela (Coconut) 80.12 7.03 0.73
Canyon 80.53 6.88 0.64
Labukelle 80.72 7.02 0.82
Undugoda 80.37 7.13 0.81
Ambepussa Govt Farm 80.17 7.28 0.83
Hettipola 80.07 7.58 0.86
Andigama Farm 80.12 7.37 0.91
Nalanda Exper.Station 80.63 7.67 0.76
Mapakadawewa 81.03 7.27 0.86
Mahadowa Estate 81.17 7.02 0.75
Tanamalwila Water Supply 81.12 6.47 0.77
Navatkiri Aru Tank 81.72 7.47 0.85
Kudasigiriya 81.13 7.68 0.88
Ehetugaswewa 80.83 8.97 0.81
Mahagalkadawla Galgamuwa 80.28 8.07 0.77
Huruluwewa 80.72 8.22 0.88
Padawiya 80.77 8.83 0.85
Horowupatana AGA Office 80.15 8.55 0.83
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4.2 Groundwater Monitoring Well Selection for the PINN Model

The selection of groundwater monitoring wells for the PINN model was based on an
integrated assessment of inter-well correlation, basin geometry, and spatial well
configuration. Figure 4-3 presents the correlation heatmap derived from observed
groundwater level time series, which indicates strong hydraulic connectivity among
several wells, supporting the assumption of a dominantly longitudinal groundwater
flow system. Given the basin geometry and flow direction, the groundwater system
was conceptualised as an idealised one-dimensional (1D) domain aligned with the
main axis of the Kumbukkan Oya Basin (Figure 4-4). Within this framework, KUB-
004, located in the upstream region at a higher elevation, was selected as the upstream
boundary well, while KUB-007, situated downstream at a lower elevation, was
identified as the downstream boundary well. These wells exhibit strong correlations
with other monitoring points and physically define the hydraulic limits of the modelled

domain.

Interior wells were selected based on both their spatial position between the boundaries
and their correlation strength with upstream and downstream wells. Accordingly,
KUB-038 and KUB-011 were identified as interior wells representing internal
groundwater dynamics. For model implementation, KUB-004 and KUB-007 were
used exclusively as transient boundary conditions, KUB-038 was used as an interior
training well, and KUB-011 was reserved as an independent testing well to evaluate

the spatial generalisation of the PINN model.

Recharge inputs were derived from rainfall observations at the Nakkala, Mahadowa
Estate, and Okkampitiya rain gauge stations, selected based on their proximity to the
modelled groundwater transect (Figure 4-4). The PINN model was simulated for the
period 22 August 2022 to 31 December 2024, corresponding to the availability of
consistent groundwater and rainfall data. The spatial arrangement, elevation
differences, and inter-well distances shown in Figure 4-4 further justify the adopted

1D conceptualisation and well selection strategy.
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Figure 4-3: Correlation heatmap of observed groundwater level time series among monitoring
wells used to guide boundary, interior, and testing well selection for the PINN model
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CHAPTER 5

S RESULTS AND DISCUSSION

5.1 Chapter Introduction

This section presents the results and discussion derived from the developed statistical
downscaling and physics-informed modelling frameworks. It first examines the
performance of individual machine learning models and the proposed stacking
ensemble in downscaling GRACE-derived groundwater storage anomalies, followed
by validation against in-situ groundwater level observations and basin-scale
consistency checks. The results of the physics-informed neural network (PINN)
simulations are then analysed to assess their ability to reproduce basin-scale
groundwater variability. Finally, spatiotemporal patterns, long-term trends, and
climate change—induced impacts on groundwater storage are discussed, providing an
integrated evaluation of the proposed framework for groundwater assessment in data-

scarce regions.
5.2 PINN model

The groundwater dynamics of the Kumbukkan Oya Basin were represented using a
simplified one-dimensional, transient unconfined aquifer conceptualisation, consistent
with the linear basin geometry and the near-linear arrangement of observation wells
along the principal groundwater flow direction. Within this framework, upstream and
downstream wells provided transient boundary conditions, while one interior well was
used for model training and another was reserved exclusively for independent
validation. Despite assumptions of aquifer homogeneity and the exclusion of
abstraction and lateral inflows, the model formulation captures the dominant
horizontal flow processes governing basin-scale groundwater variability, providing a
physically consistent basis for evaluating the PINN predictions presented in this

section.
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5.2.1 Model Convergence Behaviour, Loss Evolution, and Optimised

Parameters

The convergence behaviour of the PINN model was analysed to assess training
stability and the balance between observational fidelity and physical consistency. The
model was trained for 1000 epochs using the Adam optimiser with an initial learning
rate of 8 X 1073, coupled with a ReduceLROnPlateau scheduler (patience = 500
epochs, reduction factor = 0.5). The network architecture comprised five hidden layers
with 64 neurons per layer and ReLU activation functions, while groundwater flow
physics was enforced through the one-dimensional transient Boussinesq equation
using a hydraulic conductivity of K = 1.0 m day *and a specific yield of S = 0.25. A
total of 5000 randomly sampled spatio-temporal collocation points were used to
impose the physics constraint, while boundary conditions, interior observations, and

initial conditions were incorporated using weighted loss terms.

Figure 5-1 illustrates the evolution of the total loss and its individual components on a
logarithmic scale. A rapid reduction in total loss is observed during the initial training
phase (approximately the first 200 epochs), driven primarily by the boundary condition
and data losses, indicating effective learning of groundwater level constraints at
observed wells. Subsequently, the physics loss decreases more gradually by several
orders of magnitude, reaching values on the order of 107°, reflecting progressive
enforcement of the governing Boussinesq equation across the domain. The
stabilisation of all loss components without oscillatory behaviour confirms
numerically stable training and an appropriate balance between data and physics,
achieved through loss weights of 10.0 (boundary conditions), 105.0 (observational
data), 5.0 (initial condition), and 0.1 (physics). This convergence behaviour
demonstrates that the optimised PINN configuration yields groundwater head

predictions that are both observationally consistent and physically meaningful.
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Figure 5-1: Evolution of total loss and individual loss components, highlighting progressive
reduction of the PDE loss during PINN training

5.2.2 Training and Testing Performance of the PINN Model

The performance of the PINN model was evaluated using both training and
independent testing datasets to assess its ability to reproduce observed groundwater
dynamics and generalise beyond constrained locations. Figure 5-2 presents the
comparison between observed and simulated groundwater levels at the training wells,
including the upstream boundary well (KUB-004), the interior training well (KUB-
038), and the downstream boundary well (KUB-007).

The model demonstrates strong predictive accuracy during the training phase at both
boundary and interior wells. At the upstream boundary well (KUB-004), a high R? of
0.8, a strong CC of 0.91, and a low RMSE of 0.52 m indicate excellent agreement
between observed and simulated groundwater levels. Similarly, the downstream
boundary well (KUB-007) achieves a moderate R? of 0.60, a high CC of 0.81, and an
RMSE of 0.87 m, confirming the model’s ability to capture the dominant groundwater
dynamics at the downstream boundary. The interior training well (KUB-038) also
exhibits strong model performance, with an R? 0 0.75, a CC 0f 0.87, and a low RMSE
of 0.12 m, demonstrating the robustness of the PINN in reproducing groundwater
behaviour away from boundary constraints. A summary of these performance metrics

is provided in Table 5-1.
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Figure 5-2: Comparison of observed and PINN-simulated groundwater levels at training

wells (a) KUB-004, (b) KUB-007, and (c) KUB-038

Across all training wells, the PINN successfully captures the temporal evolution of
groundwater levels, reproducing both seasonal recharge-driven rises during
monsoonal periods and recession behaviour during dry conditions. The close
agreement between simulated and observed groundwater levels indicates that the
model effectively assimilates boundary conditions and interior observations while
simultaneously satisfying the imposed physical constraints. Minor discrepancies
observed during periods of sharp groundwater decline or rapid recovery can be

attributed to unmodelled local groundwater abstraction and spatial variability in
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recharge, which were not explicitly represented in the conceptual model. Nevertheless,
the overall agreement demonstrates that the PINN effectively learns the dominant

basin-scale groundwater response mechanisms.

To evaluate the generalisation capability of the model, groundwater level predictions
at the withheld interior well (KUB-011) were examined independently. Figure 5-3
illustrates the observed and simulated groundwater level time series at this testing well.
Despite not being used during training, the PINN reproduces the overall temporal
variability at KUB-011 with reasonable accuracy, achieving an R? of 0.58, a CC of
0.81, and an RMSE of 0.57 m (Table 5-1). The model successfully captures seasonal
groundwater fluctuations and long-term trends, although slight underestimation is
observed during periods of rapid groundwater decline. These deviations are likely
influenced by intensive groundwater extraction for commercial and industrial
activities in the Kumbukkan Oya Basin, which were not incorporated into the current

model formulation.
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Figure 5-3: Observed and predicted groundwater levels at the testing well (KUB-011)

Overall, the combined evaluation of training and testing results demonstrates that the
PINN achieves reliable performance under both constrained and unconstrained
conditions. The integration of physical constraints through the governing Boussinesq
equation enables the model to generalise groundwater behaviour beyond observed
locations, making it particularly suitable for groundwater simulation in data-scarce
basins such as the Kumbukkan Oya Basin. While the exclusion of explicit groundwater

abstraction introduces some uncertainty, the model’s strong predictive capability
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highlights its potential as a practical and physically consistent tool for groundwater

assessment in regions with limited monitoring data.

Table 5-1: Evaluation metrics of the PINN model for groundwater level prediction at the
withheld validation well (KUB-011), including R?, correlation coefficient (CC), and RMSE

Well R? RMSE (m) CC

KUB-004 0.82 0.52 0.91

Training KUB-007 0.60 0.87 0.81
KUB-038 0.75 0.12 0.87

Testing KUB-011 0.58 0.57 0.81

5.2.3 Seasonal Groundwater Profiles and Validation of Spatial Downscaling

Seasonal groundwater level profiles predicted by the PINN model were analysed to
assess the physical consistency of the spatial downscaling and to support validation of
the GRACE-derived high-resolution groundwater dataset. Figure 5-4 illustrates
groundwater level profiles along the one-dimensional basin domain for four
representative periods corresponding to the Southwest Monsoon, Northeast Monsoon,
Inter-Monsoon 1, and Inter-Monsoon 2. The predicted profiles exhibit smooth and
physically plausible spatial gradients across all seasons, with higher groundwater
levels in the upstream region and a gradual decline towards the downstream boundary.
Elevated groundwater levels during the Southwest Monsoon reflect enhanced recharge
conditions, while comparatively lower groundwater levels during the inter-monsoon
and Northeast Monsoon periods indicate reduced recharge and increased groundwater

depletion.

This behaviour provides strong indirect validation for the GRACE-derived high-
resolution groundwater dataset, as the downscaled groundwater estimates reproduce
realistic seasonal spatial patterns expected under varying hydro-climatic conditions.
Since GRACE observations represent spatially averaged groundwater storage
anomalies, the ability of the PINN-constrained downscaling framework to produce
physically meaningful spatial gradients supports the credibility of the high-resolution

groundwater product. Overall, the seasonal groundwater profiles confirm that the
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integrated PINN-GRACE approach yields hydrologically consistent spatial

downscaling suitable for basin-scale groundwater analysis.
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Figure 5-4: 2D Line Plot GWL profile over domain at four dates in 4 different monsoonal
seasons

5.3 Statistical Downscaling Framework Development for Basin Scale

The statistical downscaling framework integrates coarse-resolution satellite-derived
GWSA with multiple hydroclimatic predictors through machine-learning models to
capture spatial heterogeneity and temporal variability at the basin scale. Model
performance is evaluated using independent validation datasets, including in-situ
groundwater observations, to assess predictive accuracy and robustness. The following
subsections systematically discuss the effectiveness of the selected predictors,
comparative performance of the downscaling models, and the hydrological
implications of the downscaled GWSA products in the context of basin-scale

groundwater assessment.

5.3.1 Input Combination

The models were tuned and trained to predict GWSA using various combinations of
input parameters, as shown in Table 3-4. Overall, all models, irrespective of the input

combinations, were capable of providing reliable predictions of the target variable.
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Figure 5-5 and 5-6 present the performance of the best predictive combinations for

GWSA across different ML models.

Comb 01 RIS 3.70 3.63 3.30 4.4
Comb 02 PR 3.61 3.31 42
Comb 03 WK 3.63 3.29 20
Comb 04 RN 3.50 3.27 E
38 =
Ll
[42]
Comb 05 [ 3.48 3.51 3.21 =
36 ©
Comb 06 RIS 3.50 3.63 3.28
3.4
Comb 07 RV, 3.45 3.62 3.24
-3.2
Comb 08 [EEEEE 3.43 3.45 3.04
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Figure 5-5: Comparison of RMSE (cm) for different machine-learning models under
multiple predictor combinations used in GWSA downscaling
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Figure 5-6: Comparison of R? for different machine-learning models under multiple
predictor combinations used in GWSA downscaling
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However, the model incorporating Pr, LST Day, and elevation (Comb 08) yielded the
most accurate predictions when compared to other combinations (see Figure 5-5, 5-6).
These findings are consistent with previous studies by Ghaffari et al. (2023) and Ali et
al. (2021), who identified temperature and precipitation as the most significant
predictors of GWSA. These results align with these studies, confirming that
precipitation is the most influential variable, followed by temperature, in predicting
GWSA values. Furthermore, elevation plays a critical role in defining recharge areas
for GWSA, a factor recognized as essential in GWS dynamics (Li & Wong, 2010;
Mirostaw-Swiatek et al., 2017). This analysis underscores the importance of
incorporating key hydrological variables, such as precipitation, temperature, and
elevation, to enhance the accuracy of GWSA predictions and provide insights into
groundwater dynamics, particularly in regions with limited observational data. Based
on these findings, Combination 8 will be considered for further analysis in subsequent

sections.

5.3.2 Model Accuracy

The predictive accuracy of the statistical downscaling framework was evaluated using
both training and testing datasets to assess model fitting capability and generalisation
performance. Following hyperparameter optimisation, the RF, XGBoost, LightGBM,
CatBoost and SEML models were retrained using the optimised configurations, and

their performance was quantified using the R, RMSE, and CC values.

During the training phase, all ML models demonstrated strong agreement with
GRACE-derived GWSA, indicating adequate learning of the underlying predictor—
response relationships. Gradient boosting—based models, particularly XGBoost,
LightGBM, and CatBoost, exhibited higher training accuracy compared to the RF
model, reflected by higher R? values and lower RMSE. The SEML model achieved the
best training performance, benefiting from the complementary strengths of the

individual base learners and reducing model-specific bias (Figure 5-7).

Model performance on the independent testing dataset provides a more robust
indication of predictive capability. In the testing phase, XGBoost, LightGBM, and

CatBoost consistently outperformed the RF model, achieving R? values of

93



Results and Discussion

approximately 0.80 with RMSE values around 3.40 cm, whereas the RF model showed
comparatively lower performance (R? = 0.68, RMSE = 4.39 cm; Figure 5-8). All
models exhibited strong correlation with GRACE-derived GWSA, confirming their
ability to capture the dominant temporal variability. However, differences in error
magnitude highlight varying generalisation capacities among the individual
algorithms. The ensemble integration of RF, XGBoost, LightGBM, and CatBoost into
the SEML framework resulted in a further improvement in predictive accuracy. The
SEML model achieved the highest performance during testing, with R* = 0.84 and
RMSE = 3.04 cm, indicating superior generalisation and reduced prediction error
relative to individual models. The improved performance of the SEML model reflects
the effectiveness of multi-model integration in mitigating individual model

weaknesses and enhancing robustness.

A comprehensive comparison of training and testing performance metrics for all
models is presented in Table 5-2. Based on its consistently superior performance
across both datasets, the SEML model was selected as the optimum downscaling
framework for subsequent high-resolution GWSA estimation and hydrological

interpretation.

Table 5-2: Comparison of training and testing performance metrics of the machine learning
models evaluated for groundwater storage anomaly (GWSA) prediction

Training Testing
R? RMSE (cm)  CC R? RMSE (cm) CC
RF 0.83 3.25 0.92 0.68 4.39 0.82
XgBoost 0.95 1.81 0.97 0.80 3.43 0.90
CatBoost 0.89 2.58 0.95 0.81 3.36 0.90
LightGBM  0.97 1.27 0.99 0.80 3.45 0.90
SEML 0.85 3.05 0.92 0.84 3.04 0.92
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To evaluate model robustness, bootstrap-based uncertainty quantification was
performed using 100 resampled training datasets. The variability of ensemble
predictions across these resamples was used to estimate prediction uncertainty. The
resulting distribution of prediction standard deviations (Figure 5-9) shows that most
test samples exhibit low variability, with standard deviations between 1.0 and 1.3 cm,
indicating high model stability and reliable generalization. Only a few samples show
higher uncertainty (> 2 cm), suggesting localized sensitivity to data sparsity or extreme
anomaly conditions. Overall, this analysis confirms that the ensemble model
predictions are statistically consistent and not strongly influenced by sampling
variability.

Distribution of Prediction Uncertainty (Bootstrap SD)
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Figure 5-9: Distribution of prediction uncertainty from 100 bootstrap runs

5.3.3 Lagged Correlation Analysis Between GWSA and Environmental

Predictors

A lagged Pearson correlation analysis (0-4 months) was conducted to assess the
temporal response of GWSA to environmental drivers, following a similar
methodological approach as described by Dissanayake et al. (2021) and (Zhang et al.,
2021). The results (Figure 5-10) reveal distinct lag-dependent patterns for each
variable, elucidating delayed hydrological responses in the study area. CHIRPS
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precipitation shows the strongest positive correlation with GWSA at a 1-month lag
(CC = 0.65), indicating high sensitivity of groundwater to rainfall with a one-month
delay. This one-month lag likely represents the time required for rainfall infiltration
through the soil profile, percolation to the saturated zone, and subsequent storage
accumulation in the aquifer. Consistent with Zhang et al. (2021), precipitation shows
the highest correlation with GWSA among all environmental variables. LST displays
contrasting patterns: daytime LST is strongly negatively correlated with GWSA at lag
0 (CC = - 0.75), likely due to associations with reduced soil moisture or enhanced
evapotranspiration, while nighttime LST shows negligible correlation. Overall, these
results indicate that GWSA variability in the Kumbukkan Oya Basin is primarily
controlled by short-term rainfall recharge and surface thermal conditions,
underscoring the importance of incorporating lagged predictors in statistical

downscaling to capture the basin’s hydro-climatic memory.
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Figure 5-10: Pearson correlation between GWSA and predictor variables at different lag times
(0 to 6 months)

A comparative analysis was carried out to assess the impact of optimal lag time by
testing the model with and without its inclusion. The integration of lagged features led
to a marked improvement in predictive accuracy across all dataset splits (Table 5-3).
On the overall data set, the RMSE dropped by 5.3%, from 3.22 c¢cm to 3.05 cm,

indicating a substantial reduction in prediction error. Correspondingly, the R? rose
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from 0.83 to 0.85, an 2.4%improvement, highlighting stronger agreement between
observed and predicted values. The consistent improvements confirm the value of

integrating temporal dependencies using optimal lag features (see Table 5-3).

Table 5-3: Model performance (R?, RMSE, CC) with and without lag features for training,
testing, and overall datasets

Without Lag With Lag
Training  Testing Overall Training  Testing Overall
R? 0.8 0.82 0.83 0.85 0.84 0.85
RMSE 3.52 3.30 3.22 3.05 3.04 3.05
CC 0.89 0.90 0.91 0.92 0.91 0.92

5.3.4 Spatial Downscaling of GWSA

For demonstration purposes, January 2023 was chosen as a representative month to
illustrate the downscaling process (see Figure 5-11). Initially, the GWSA values
obtained from GRACE (Figure 5-11(a)) were compared to the predicted GWSA
(Figure 5-11(b)). The SEML model demonstrates strong performance, showing a local
R? value of about 0.93. Figure 5-11(c) illustrates the residuals found between the
GRACE/GWSA and the predicted GWSA, which were then resampled to a spatial
resolution of 0.05° (Figure 5-11(d)). By utilizing climatic factors at a 0.05° spatial
resolution as input for the trained model, GWSA values were predicted at the same
resolution (Figure 5-11(e)). Ultimately, the residuals (Figure 5-11(d) were
incorporated into the downscaled GWSA (Figure 5-11(e)). The final downscaled
GWSA, corrected for residuals, is represented in Figure 5-11(f). This outlines how the
downscaling of GWSA was achieved.
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Figure 5-11: Workflow of the downscaling process for GWSA in January 2023: (a) Original
GRACE-derived GWSA at 0.25° resolution, (b) Predicted GWSA from the SEML model, (¢)
Residuals between GRACE and predicted GWSA at 0.25°, (d) Residuals resampled to 0.05°
resolution, (e) Predicted high-resolution GWSA (0.05°) from the SEML model, and (f) Final
corrected high-resolution GWSA after residual adjustment

5.3.5 Validation of GRACE Downscaling

To ensure the reliability of the downscaled results, validation was carried out using
two complementary approaches. The first involved a statistical comparison between
the downscaled GWSA, aggregated back to the native GRACE resolution, and the
original GRACE-derived GWSA to verify mass consistency and overall agreement.
The second approach incorporated independent field-based validation against in-situ
GWL records from monitoring wells across the Kumbukkan Oya basin, enabling
assessment of how well the downscaled product reproduced observed groundwater

dynamics.
5.3.5.1 Mass conservation validation between GRACE and downscaled GWSA

To verify that the downscaling framework preserved mass consistency, the
downscaled 0.05° GWSA estimates were spatially averaged within each 0.25°
GRACE grid cell, reconstructing basin-scale values comparable to the original

GRACE data. As shown in Figure 5-12 and Table 5-4, the aggregated downscaled
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GWSA closely reproduced both the temporal dynamics and magnitude of the GRACE-
derived anomalies, confirming that the SEML-based SD maintained consistency with
the coarse-resolution mass balance. The reconstructed fields exhibited strong
agreement with GRACE observations, with R? values consistently exceeding 0.9.
These results demonstrate that the downscaling framework is physically coherent and
mass-conservative, effectively enhancing spatial detail while preserving the

volumetric integrity of GRACE-derived GWS estimates.

Table 5-4: Statistical comparison between downscaled GWSA and GRACE-derived GWSA
at GRACE grid points, showing R%, RMSE, and CC

Grid Location R? RMSE (cm) CC
Point 1(81.375° E, 6.625° N) 0.98 1.12 0.99
Point 2 (81.625° E, 6.625° N) 0.99 1.03 0.99
Point 3 (81.125° E, 6.875° N) 0.97 1.03 0.98
Point 4 (81.375° E, 6.875° N) 0.98 1.00 0.99
Point 5 (81.125° E, 7.125° N) 0.94 1.91 0.98

The model’s temporal predictive accuracy and basin-scale mass conservation were
further validated through a comparison between the downscaled and GRACE-derived
GWSA over the study area. Basin-mean GWSA values at each time step were obtained
by averaging all grid cells within the basin extent (Pulla et al., 2023). The resulting
time series of the downscaled product closely followed the GRACE-derived GWSA,
accurately reproducing both the timing and magnitude of seasonal anomalies (Figure
5-13). Minor underestimations were observed only during extreme anomaly periods.
The scatter plot between the aggregated downscaled and GRACE-observed basin-
mean GWSA (Figure 5-14) further confirmed the model’s conservation and predictive
consistency, exhibiting a strong agreement (R* = 0.93, RMSE = 1.92 cm), thereby
verifying that the residual correction maintained total water mass while enhancing

spatial detai
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Figure 5-13: Timeseries of GRACE-derived GWSA and GWSA after downscaling in Kumbukkan Oya Basin
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Figure 5-14: SEML model simulated (orange line), GRACE-derived (blue line) monthly time
series GWSA data for the entire study area, highlighting the GRACE-GRACE-FO 11-month
data gap (gray hatched area)
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Seasonal decomposition using the STL method (period = 12 months) was applied to
the basin-mean GRACE-derived and downscaled GWSA time series to assess the
model’s ability to reproduce the observed seasonal cycle (Figure 5-15). The
decomposition separates each signal into trend, seasonal, and residual components,
facilitating a physically interpretable comparison of temporal behavior (Figure 5-15(a—
c)). The results reveal that the downscaled product closely reproduces the GRACE-
derived seasonal dynamics, with both series exhibiting maximum GWS in August,
corresponding to the monsoon peak period. The estimated seasonal amplitude was
15.27 +£ 0.14 cm for GRACE and 13.72 + 0.14 c¢cm for the downscaled GWSA,
indicating a small underestimation of AAmplitude = —1.55 + 0.14 cm. The phase
difference between the two series was 0 months, confirming that the model
successfully captured the timing of annual groundwater rise and depletion cycles
(Figure 5-16). The 95 % confidence interval of the amplitude difference (—1.96 cm to
—1.68 cm) further supports the robustness of this seasonal agreement. Overall, the STL
analysis demonstrates that the downscaled product preserves both the magnitude and

timing of seasonal GWS variations observed in the original GRACE record.
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Figure 5-16: STL decomposition of basin-mean GRACE-derived and downscaled GWSA
into (a) trend component, (b) seasonal component, and (c) residual components
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Figure 5-17: Climatological seasonal cycles derived from the STL seasonal component.
Shaded bands represent 95% bootstrap confidence intervals, reflecting uncertainty in the
monthly mean seasonal variations

5.3.5.2 Validate with the in situ GWL data

Once the downscaling model reached a stable performance stage, its accuracy was
further evaluated against in-situ GWL observations. GWSA derived from monitoring
well records was compared with the downscaled GRACE-based estimates to assess
the model’s ability to capture basin-scale groundwater dynamics (Barbosa et al., 2022).
Because site-specific yield values were not incorporated, magnitude comparisons were
not performed; instead, the validation focused on the temporal correspondence of
seasonal and interannual variations. As shown in Figure 5-17, the downscaled GWSA
closely reproduced the timing and phase of observed GWLA across six monitoring
wells. Five wells exhibited strong correlations with the downscaled series (CC > 0.6),
while one well showed moderate agreement (CC = 0.54). These results confirm that
the downscaled product effectively captures spatially coherent GWS variations at the
kilometer scale. However, the downscaled estimates exhibited slightly amplified
seasonal signals compared to the observed records, suggesting that future refinements

could further improve the representation of local aquifer dynamics.
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Correlation analysis between the long-term monthly downscaled GWSA and observed
GWLA revealed strong agreement across all monitoring wells in the Kumbukkan Oya
basin. As shown in Figure 5-18, the correlation coefficients exceeded 0.70 for every
well, demonstrating that the downscaled estimates reliably reproduce the long-term
average monthly fluctuations captured by the in-situ observations. This consistency
confirms that the SEML approach effectively preserves seasonal to interannual

variability, further validating its capacity to capture GWS dynamics at the basin scale.

The findings of this study show close agreement with previous GRACE-based
groundwater validation efforts in South Asia. Bhanja et al. (2016) compared two
GRACE products across twelve major Indian basins and recommended the mascon
solution for regions with similar climatic and hydrogeologic conditions. Given Sri
Lanka’s comparable tropical monsoonal setting, our results also exhibit strong
alignment with GRACE mascon-derived estimates in capturing seasonal groundwater
fluctuations. Their study reported correlations above 0.7 in eight basins, and our
analysis similarly achieved high consistency, with correlation coefficients exceeding
0.6 across all six monitoring wells. This indicates that the downscaled GWSA product
effectively represents monsoonal recharge and dry-season depletion patterns observed
in the in-situ data. In contrast, Akhtar et al. (2022) found moderate correlations (R? =
0.32-0.46) between GRACE-based GWSA and well data in the Indus Basin, primarily
due to GRACE’s coarse (1°) spatial resolution and complex topography. The higher
correspondence achieved in this study highlights the benefits of finer (0.05°)
downscaling and basin-specific hydroclimatic integration, demonstrating improved

capability to reproduce GW dynamics in heterogeneous tropical environments.
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Figure 5-18: Study area map showing the locations of GW monitoring wells. Time series plots
compare in situ groundwater level anomalies (GWLA; blue line, primary axis) with
downscaled groundwater storage anomalies (GWSA; orange line, secondary axis) at each well
location across the basin. Correlation coefficients (CC) between the two datasets are also
calculated

Human-induced impacts, particularly groundwater pumping, were not incorporated as
inputs in this study due to the unavailability of reliable datasets. The Kumbukkan Oya
basin experiences substantial extraction for agricultural and domestic purposes, which
is likely to contribute to deviations observed between modeled GWSA and measured
GWL fluctuations. The absence of quantitative pumping records, therefore, introduces
additional uncertainty in the validation process (Brookfield et al., 2018). Moreover,

variability in aquifer characteristics may further amplify these uncertainties,
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underscoring the need for improved groundwater use monitoring and aquifer

parameter data to strengthen future downscaling assessments.
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Figure 5-19: Time series plots compare long term monthly average in situ groundwater level
anomalies (GWLA; blue line, primary axis) with downscaled groundwater storage anomalies
(GWSA; orange line, secondary axis) at each well location across the basin

In conclusion, the analysis of time-series plots and correlation results between
observed GWL fluctuations and the downscaled GWSA in the Kumbukkan Oya basin
demonstrates that the downscaled estimates effectively capture the overall
groundwater trends. The findings highlight the potential of GRACE data as a valuable
resource for GWS monitoring in data-scarce regions. Moreover, the spatial SD
framework applied in this study has proven to be both reliable and accurate, providing

high-resolution GWS estimates that complement limited in-situ observations.
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5.3.5.3 Comparison between PINN model simulated groundwater profile with
downscaled GWSA profile

After the development of the PINN model, a groundwater level profile was simulated
along the selected one-dimensional (1D) transect for January 2023 to demonstrate the
spatial consistency between model-based and satellite-derived groundwater
representations. Figure 5-19 presents the groundwater level profile simulated by the
PINN model, shown by the orange dashed line, while Figure 5-20 illustrates the spatial
distribution of the downscaled GWSA across the basin for the same month. The
GWSA values were subsequently extracted along the identical 1D transect and plotted
together with the PINN-simulated groundwater profile in Figure 5-19 using the blue
line. Both profiles exhibit a comparable spatial pattern across the domain,
characterised by a consistent longitudinal gradient and similar inflection behaviour.
This agreement indicates that the downscaled GWSA dataset reliably captures the
spatial variation of groundwater storage at the basin scale. Moreover, the consistency
between the physically constrained PINN simulation and the statistically downscaled
GWSA profile provides strong evidence that the proposed downscaling framework is
sufficiently robust to represent groundwater storage variations, thereby reinforcing the
credibility of the integrated GRACE—PINN approach for groundwater assessment in

data-limited basins.
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Figure 5-20: Comparison between PINN-simulated groundwater level profile and downscaled
GWSA profile along the selected one-dimensional transect for January 2023
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Figure 5-21: Spatial distribution of downscaled GWSA across the Kumbukkan Oya Basin for
January 2023, showing the location of the extracted one-dimensional profile

5.3.6 Spatiotemporal Variability and Long-Term Trends of Downscaled GWSA

Based on the 0.05° resolution GWSA data generated by the SEML model, the
spatiotemporal distribution characteristics of GWSA in the Kumbukkan Oya Basin
were examined at both monthly and annual scales from 2002 to 2023. This analysis
revealed marked seasonal fluctuations, regional heterogeneity, and long-term trends in

groundwater dynamics.

The long-term average cumulative monthly GWSA (Figure 5-21) demonstrates a
cyclical pattern, with aquifer drawdown from September to January and recharge from
February to September. Positive anomalies dominate during June—October, while
negative anomalies prevail from November—May. The most severe drawdown occurs
in December, with a maximum decline of -13.1 cm, primarily concentrated in low-
elevation regions and the southern portion of the basin. In contrast, GWSA peaks in
August and September, attaining values of 10.6 cm and 10.0 cm, respectively, with
widespread positive anomalies across the basin. Spatially, December exhibits the
lowest GWSA values, with uneven distribution favoring depletion in topographically

lower and southern areas. From February to August, GWSA progressively recovers,
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culminating in the observed seasonal maximum. A sharp decline ensues in November,
reaching its nadir in December. This cyclical pattern aligns with the integrated
influences of climatic variability and anthropogenic factors captured in GRACE-
derived data, which incorporate total water storage changes, including human-induced
activities such as groundwater pumping, irrigation withdrawals, and reservoir
operations (Famiglietti et al., 2011; Jing et al., 2020; Rodell et al., 2009; Voss et al.,
2013).

The observed GWSA dynamics align closely with Sri Lanka’s dry zone agricultural
calendar, which is structured around two primary cultivation seasons: Maha
(September—March) and Yala (April-June). During the Maha season, extensive GW
abstraction for irrigation driven by intensive pumping from both shallow and deep
aquifers coincides with the northeast monsoon (November—February). Despite
relatively high rainfall during this period, the heavy irrigation demand leads to
pronounced GW depletion, reflected in the negative GWSA anomalies. In contrast, the
Yala season involves comparatively lower irrigation demand, while the inter-monsoon
and southwest monsoon rains contribute to progressive aquifer recharge. This
combination explains the positive anomalies observed between June and October.
Overall, these patterns highlight that rainfall alone does not guarantee GW
replenishment; instead, the seasonal balance between climatic inputs and human
withdrawals governs GWSA variability across the basin. This seasonal-anthropogenic
interplay underscores the need to integrate both hydroclimatic and agricultural drivers
in groundwater management. Downscaled GRACE-derived GWSA provides a
valuable diagnostic tool for identifying stress periods and supporting basin-scale water

resource planning in data-scarce regions.
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Figure 5-22: Long-term average cumulative monthly spatial variation of GWSA across the
Kumbukkan Oya Basin (2002-2023). The Maha season extends from September to March,
while the Yala season spans April to June
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5.3.7 Long-Term Groundwater Storage Anomaly (GWSA) Variations

It can be seen from Figure 5-22 that the spatial and temporal variability of annual
average GWSAs in the Kumbukkan Oya Basin from 2002 to 2023 highlights clear
temporal variability with alternating phases of depletion and recovery that align well
with regional hydroclimatic conditions. Years such as 2006, 2008, and 2010 show
widespread positive anomalies linked to wetter conditions, whereas 2012, 2016, 2018,
and 2020 exhibit pronounced negative anomalies, reflecting significant groundwater
losses. More recently, 2022 and 2023 display marked storage declines, indicating
growing stress driven by prolonged dry periods and intensified abstraction. Spatial
heterogeneity is evident, with the southern and southeastern sectors emerging as more
vulnerable to depletion compared to the relatively stable northern areas. These results
highlight the capacity of the SEML-based downscaling framework to capture
interannual variability and spatial heterogeneity in GWS, offering actionable insights
for adaptive groundwater management under both climatic and anthropogenic

pressurcs.

To support effective decisions on the water resources management over the catchment,
it is vital to understand the long-term variation of GWSA over the basin. Non-
parametric statistical approaches were therefore applied, including the Mann—Kendall
(MK) test (Mann, 1945; Kendall, 1948) to detect monotonic trends and Sen’s slope
estimator (Sen, 1968) to quantify the rate of change. These methods are widely used
in environmental time series analysis due to their robustness to non-normality and
missing data (Alahacoon & Edirisinghe, 2021; Hirsch et al., 1982; Sabzehee et al.,
2023). A significance level of 10% (a = 0.10) was adopted, and 95% confidence
intervals (ClIs) were computed for all Sen’s slope estimates to characterize the

associated uncertainty.
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Figure 5-23: Spatial and temporal variability of annual average groundwater storage anomalies
(GWSA) in the Kumbukkan Oya Basin from 2002 to 2023 derived from the SEML-based

downscaling framework
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Neither GRACE-derived nor downscaled GWSA time series exhibited statistically
significant monotonic trends over the entire 2002—-2023 period (Z =—0.30 and Z = —
0.93, respectively; Figure 5-23(a)). This apparent lack of significance can be explained
by the temporal heterogeneity within the dataset. Specifically, from 2002 to 2020,
GWSA shows an increasing trend, whereas from 2020 onwards, a sharp decline is
observed (Figure 5-22). When aggregated across the entire 2002—-2023 period, these
opposing phases effectively cancel each other, resulting in an overall non-significant

trend.

To more precisely identify the year when a structural transition in GWS occurred, the
Pettitt’s test (Pettitt, 1979) was applied at the 10% significance level. This non-
parametric test identifies the most probable change point in a time series without
requiring prior knowledge of its occurrence (Jaiswal et al., 2015). The results indicated
a statistically significant change point in November 2020 for both GRACE-derived
and downscaled GWSA (p < 0.10), marking the onset of accelerated depletion.
Accordingly, the series was divided into pre- and post-2020 periods for further

analysis.

The MK and Sen’s slope results revealed a weakly positive, though not significant,
trend before 2020 (+0.016 £ 0.022 cm/month for downscaled GWSA; +0.021 + 0.019
cm/month for GRACE)), reflecting relatively stable to slightly improving groundwater
conditions. In contrast, post-2020 trends showed a sharp and statistically significant
decline (—0.269 + 0.039 cm/month for downscaled GWSA; —0.265 £+ 0.041 cm/month
for GRACE), underscoring intensified groundwater stress in recent years (Figure 5-

23(b)).

Spatial analysis of post-2020 trends (Figure 5-24) further highlighted consistent basin-
wide declines, ranging from —0.16 + 0.03 to —0.30 + 0.05 cm/month. The southern and
coastal areas, along with parts of the northwest, exhibited the steepest decreases,
suggesting heightened stress from irrigation pumping and reduced recharge under
prolonged dry conditions. Such spatially explicit insights are valuable for identifying
depletion hotspots, guiding targeted interventions such as regulating groundwater
abstraction, prioritizing recharge enhancement projects, and aligning irrigation

schedules with groundwater availability.
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These findings demonstrate that the SEML-based downscaling framework not only
captures temporal shifts in GWS but also provides spatially detailed diagnostics,

offering a practical tool for adaptive groundwater governance in data-scarce basins.
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Figure 5-24: Long-term trends in GWSA for the Kumbukkan Oya Basin from 2002-2023. (a—b)
Time series of GRACE-derived and downscaled GWSA showing pre-2020 stability and post-
2020 decline

81"19'0"E 81“29'0"!5 81°3p'0"E 81"49‘0"E
N

z A Z
o =)
o o
~ ~
z z
o =
[ =
o 1
© o
z z
o o
o =l
5 N
© | GWSA Trend (After 2020) ©

cm/month

[0 03<

[]-025-03
z []-02--025 =
% ] 0.15--02 0o 5 20km -.2
o Woi-o15 ——————— ©

81°10'0"E 81°20'0"E 81°30'0"E 81°40'0"E

Figure 5-25: Spatial distribution of post-2020 GWSA trends (cm/month)
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5.3.8 Summary of the Basin-Scale Statistical Downscaling Framework

Development

Building on these findings, the developed basin-scale statistical downscaling
framework demonstrates strong potential for application at the national scale of Sri
Lanka for high-resolution GWSA estimation. The framework is specifically designed
to exploit widely available hydroclimatic and land-surface variables, with precipitation
and land surface temperature (LST) selected as the core predictors due to their direct
physical linkage with groundwater recharge, evapotranspiration, and subsurface
storage dynamics. By integrating these predictors within the SEML architecture, the
framework effectively transfers coarse-resolution GRACE signals to finer spatial
scales while preserving hydrologically consistent patterns. The demonstrated
robustness of the SEML model at the basin scale, supported by strong agreement with
both GRACE-derived GWSA and in-situ groundwater observations, provides
confidence that the same framework can be extended across Sri Lanka to generate
spatially continuous GWSA fields at 0.05° resolution. Overall, the proposed
framework establishes a transferable and physically grounded approach for large-scale
groundwater storage downscaling, tailored to the hydroclimatic and data constraints of

Sri Lanka.
5.4 Extension of Basin-Scale GWSA Downscaling to Sri Lanka

The case study conducted for the Kumbukkan Oya Basin demonstrated strong
downscaling performance and confirmed the reliability of the proposed statistical
downscaling framework, providing the basis for its extension to the national scale of
Sri Lanka. Accordingly, CHIRPS precipitation data (0.05°) and daytime LST data (1
km) were extracted for the entire country. As a preliminary step, all predictor datasets
were aggregated to both 0.05° and 0.25° spatial resolutions at a monthly temporal scale
to ensure consistency with GRACE-derived GWSA data. Elevation data were
similarly aggregated to the same two spatial resolutions at the national scale. The
SEML model was then trained using GRACE-derived GWSA at 0.25° resolution as
the target variable, with precipitation, LST, and elevation at the same resolution used

as input predictors. During the low-resolution modelling phase, the SEML framework
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exhibited excellent performance for both training and testing datasets. The training
phase achieved an R? of 0.87, an RMSE of 2.28 cm, and a CC of 0.93 (Figure 5-25),
while the testing phase yielded an R? of 0.88, an RMSE of 2.24 cm, and a CC of 0.94
(Figure 5-26). The close agreement between training and testing performance metrics
indicates strong generalisation capability of the SEML model and confirms its

suitability for national-scale downscaling of GRACE-derived GWSA across Sri

Lanka.
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Figure 5-26: Scatter plot comparing observed GRACE-derived GWSA and SEML-predicted
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To assess whether the downscaling preserved mass consistency, the 0.05° downscaled
GWSA estimates were spatially aggregated to the original 0.25° GRACE grid scale
and compared with the GRACE-derived GWSA over Sri Lanka. As shown in Figure
5-27, the aggregated downscaled GWSA closely matches the GRACE observations,
confirming that the SEML-based downscaling approach maintains large-scale mass
balance. Strong agreement is evident across most grid cells, with R? and CC generally
exceeding 0.7, indicating that the fundamental GRACE signal is effectively preserved

while enhancing spatial resolution.

Relatively weaker agreement is observed in coastal grid cells, which is consistent with
known limitations of GRACE-derived GWSA in coastal regions. Oceanic and tidal
influences, land—sea signal leakage, and the inability of GRACE-based models to fully
represent complex anthropogenic and estuarine processes contribute to increased
uncertainty in these areas (Huang et al., 2023; Neves et al., 2020). Such limitations
have been widely reported in previous studies and suggest that the reduced
performance in coastal zones primarily reflects inherent GRACE data constraints
rather than deficiencies in the downscaling methodology. Overall, the developed high-
resolution GWSA dataset provides a mass-consistent and improved representation of

groundwater dynamics across Sri Lanka, particularly in inland regions.

Figure 5-28: Spatial comparison of (a) CC, (b) R?, and (c) RMSE between aggregated 0.05°
downscaled GWSA and original 0.25° GRACE-derived GWSA across Sri Lanka, illustrating
mass-consistency preservation of the downscaling framework
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To further evaluate the reliability of the developed high-resolution downscaled GWSA
dataset, a validation was carried out using in situ groundwater level observations from
selected monitoring wells distributed across different regions of Sri Lanka. For this
purpose, groundwater observation wells located within the Maduru Oya Basin were
selected (Figure 5-28), and the observed groundwater level data were converted into
GWLA following the same procedure adopted in the earlier validation steps. The

locations of the wells are listed in Appendix 1.
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Figure 5-29: Spatial distribution of selected groundwater observation wells within the Maduru
Oya Basin used for validating the downscaled GWSA dataset

The comparison demonstrates a generally strong agreement between the temporal

patterns of observed GWLA and the downscaled GWSA, with CC exceeding 0.7 for
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the majority of the wells, indicating that the proposed framework is capable of
capturing basin-scale groundwater variability with reasonable accuracy. However, a
relatively weaker relationship (CC of 0.52) was observed at the MAD-MON-18 well,
which is situated in a coastal region. This reduced agreement is likely attributable to
the increased uncertainty in GRACE-derived GWSA over coastal zones, where signal
leakage, land—ocean mixing, and local hydrogeological heterogeneity can adversely
affect satellite-based groundwater estimates. Figure 5-29 presents a comparative
illustration of the observed groundwater level variations and the corresponding
downscaled groundwater storage anomalies for the selected wells, further highlighting
the overall robustness of the developed GWSA dataset while also underscoring its

limitations in coastal settings.
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Figure 5-30: Comparison between observed groundwater level anomalies (GWLA) and
downscaled groundwater storage anomalies (GWSA) at selected observation wells in Sri
Lanka, illustrating the temporal consistency and agreement between in situ observations and
satellite-derived estimates
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5.5 Long-Term Monthly Mean GWSA Variability over Sri Lanka

The long-term monthly mean GWSA over Sri Lanka demonstrates a pronounced
seasonal cycle with coherent spatial organisation across the island (Figure 5-30).
Positive anomalies dominate during October to January, coinciding with the second
inter-monsoon and northeast monsoon periods, indicating widespread groundwater
storage accumulation. In contrast, a progressive decline in GWSA is evident from
March through September, with large areas exhibiting neutral to negative anomalies,
particularly within the Dry Zone and lowland regions. This seasonal evolution
highlights a clear recharge—depletion sequence, with persistent spatial contrasts
between the wetter southwestern region and the comparatively drier northern, eastern,

and southeastern regions throughout the year.

These GWSA variations reflect the integrated influence of monsoonal rainfall,
evapotranspiration demand, and seasonal groundwater abstraction associated with
agricultural practices. In particular, the depletion phase during the mid-year months
aligns with the Yala cultivation season, when irrigation demand is high and rainfall
contributions are limited, while the recovery of groundwater storage during October—
January corresponds to the Maha cultivation season, characterised by sustained rainfall
and enhanced recharge conditions. The persistence of negative anomalies over several
consecutive months indicates cumulative groundwater drawdown rather than short-
term variability, whereas the rapid storage recovery during the late-year monsoon
highlights efficient recharge processes. Hence, the long-term monthly GWSA
climatology provides a comprehensive depiction of seasonal groundwater availability
across Sri Lanka and identifies regions that are repeatedly exposed to groundwater

stress during extended dry periods.
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Figure 5-31: Spatial distribution of long-term monthly mean groundwater storage anomalies (GWSA) across Sri Lanka, illustrating the seasonal recharge—depletion
cycle driven by the island’s monsoonal climate.
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5.6 Climate Change Effect on GWSA

Projected climate change impacts on GWSA were assessed by integrating future
precipitation trends and corresponding groundwater storage responses under SSP2-4.5
and SSP5-8.5 scenarios for short-term (2021-2039) and medium-term (2040-2059)
periods. Spatial trend analysis of precipitation indicates a predominantly positive
rainfall tendency across Sri Lanka under both emission pathways, with Sen’s slope
values generally reflecting weak to moderate increases. However, rainfall trends
exhibit pronounced spatial heterogeneity, particularly under the high-emission SSP5-
8.5 scenario, where localized zones of weak or negative trends emerge in the south-

western and south-central regions (Figure 5-31).
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Figure 5-32: Spatial distribution of projected precipitation trends across Sri Lanka under
SSP2-4.5 and SSP5-8.5 scenarios for short-term and medium-term periods
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Despite these generally positive precipitation trends, groundwater storage responses
display markedly different behaviour (Figure 5-32). Under the SSP2-4.5 short-term
scenario, GWSA trends remain predominantly near-neutral across much of the
country, with Sen’s slope values largely ranging between —0.1 and O cm/year.
However, distinct groundwater depletion hotspots are evident in the northern region,
where negative trends exceed —0.1 cm/year. These patterns indicate that even under
moderate emission pathways, groundwater systems in vulnerable regions may
experience declining storage despite modest increases in rainfall. During the medium-
term period under SSP2-4.5, negative GWSA trends become more spatially extensive,
suggesting a gradual transition from relative stability toward progressive groundwater

depletion.

The impacts become more pronounced under the high-emission SSP5-8.5 scenario.
Short-term projections reveal intensified groundwater depletion in the northern region,
accompanied by widespread weak-to-moderate declines across central and southern
Sri Lanka. In the medium-term horizon, these negative trends expand further, with
fewer grid points exhibiting stable or positive storage changes. The increasing spatial
coherence of depletion patterns under SSP5-8.5 highlights the amplification of

groundwater stress under stronger climatic forcing.

The contrasting behaviour between precipitation and GWSA trends demonstrates a
clear decoupling between rainfall changes and groundwater storage dynamics.
Although future rainfall is projected to increase across large portions of the country,
these increases do not translate into corresponding groundwater gains. This
discrepancy reflects the integrative nature of GWSA, which captures not only climatic
inputs but also evapotranspiration losses, surface runoff dominance, subsurface flow
dynamics, and sustained groundwater abstraction. Elevated temperatures associated
with climate change are likely to enhance atmospheric water demand, reducing

effective recharge even in regions experiencing increased rainfall.

Overall, the results demonstrate that climate change is likely to intensify groundwater
stress across Sri Lanka, particularly under high-emission pathways. While
precipitation projections alone may suggest a relatively resilient future water balance,

GWSA trends reveal a contrasting narrative of progressive subsurface depletion. These
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findings emphasise the necessity of incorporating groundwater storage diagnostics into
climate impact assessments, as reliance on rainfall trends alone may substantially
underestimate future groundwater vulnerability. The projected decline in GWSA
under both SSP2-4.5 and SSP5-8.5 underscores the urgency of adaptive groundwater

management strategies to mitigate long-term climate-induced water scarcity.
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Figure 5-33: Spatial distribution of projected groundwater storage anomaly (GWSA)
trends across Sri Lanka under SSP2-4.5 and SSP5-8.5 scenarios for short-term
(2021-2039) and medium-term (2040-2059) periods
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CHAPTER 6

6 CONCLUSIONS

This study presents a comprehensive and integrated remote sensing—machine learning
framework for advancing groundwater storage assessment in data-scarce tropical
environments, with Sri Lanka serving as a national-scale case study. By addressing the
inherent spatial and observational limitations of GRACE-derived groundwater storage
anomaly (GWSA) products, the research successfully demonstrates how statistically
robust downscaling can transform coarse-resolution satellite observations into

hydrologically meaningful, high-resolution groundwater information.

The proposed stacking ensemble machine learning (SEML) framework significantly
improved the downscaling of GRACE-derived GWSA from 0.25° to 0.05° spatial
resolution in a data-scarce tropical regions. The SEML model, integrating RF,
XGBoost, LightGBM, and CatBoost, achieved superior predictive performance with
an R? of 0.84 and an RMSE of 3.04 cm, outperforming individual models. Statistical
validation against GRACE-derived GWSA yielded R? values above 0.9 across grid
points, while in-situ groundwater level comparisons demonstrated strong correlations
(CC > 0.7 in most wells), confirming the model’s reliability. Importantly, the
integration of a Physics-Informed Neural Network (PINN) further strengthened the
physical credibility of the results by independently simulating groundwater flow
dynamics under a simplified one-dimensional unconfined aquifer representation. The
PINN-based groundwater simulations reproduced observed groundwater level
variations with high accuracy with an RMSE of 0.57 m and a CC of 0.81, capturing
both spatial and temporal dynamics while highlighting localized deviations
attributable to intensive groundwater abstraction. The coherence between simulated
groundwater profiles and downscaled GWSA patterns provides additional validation

that the proposed framework reliably represents basin-scale groundwater behaviour.

The spatiotemporal analysis of the Kumbukkan oya basin highlighted alternating
phases of recharge and depletion between 2002 and 2023, with pronounced
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groundwater declines in recent years (2020-2023) and a marked post-2020 shift
toward accelerated depletion. Spatial heterogeneity was evident, with the southern and
southwestern sectors of the basin showing greater vulnerability. The Pettitt’s test
identified November 2020 as a significant change point (p < 0.10), after which GWSA
trends turned sharply negative (—0.269 £ 0.039 cm/month for downscaled; —0.265 +
0.041 cm/month for GRACE), contrasting with weakly positive trends before 2020.
These findings demonstrate the capability of downscaled GRACE products to uncover
localized groundwater depletion that is often masked at the coarser GRACE resolution,
underscoring the urgent need for adaptive groundwater governance to mitigate the

post-2020 depletion trajectory.

Extending the framework to the national scale demonstrated that mass conservation is
largely preserved between aggregated downscaled GWSA and original GRACE
observations with R? and CC generally exceeding 0.7 in most grid cells, although
reduced performance along coastal regions reflect well-known challenges associated
with land—sea signal leakage and complex coastal hydrodynamics. The climate-change
signal on groundwater storage in Sri Lanka is clearly manifested in the downscaled
GWSA trends derived under future emission scenarios. Grid-based Mann—Kendall
analysis of the high-resolution (0.05°) GWSA projections indicates a widespread
intensification of groundwater depletion from the near-future period (2021-2039) to
the mid-century period (2040-2059). Under the SSP2-4.5 scenario, Sen’s slope
estimates of GWSA predominantly range between approximately —0.5 and —2.0 cm
yr ! across large portions of the country, with statistically significant declining trends
observed in nearly half of the analysed grid cells. In contrast, under the high-emission
SSP5-8.5 scenario, the magnitude and spatial extent of negative GWSA trends increase
markedly, with Sen’s slope values reaching up to —3.0 to —3.5 cm yr' and the
proportion of grid points exhibiting statistically significant groundwater decline
increasing by approximately 20-30% relative to SSP2-4.5. The mid-century
projections further reveal an expansion of coherent depletion hotspots, indicating not
only stronger groundwater losses but also increased spatial persistence of groundwater

stress under intensified warming.
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A key limitation of this study is the absence of explicit specific-yield incorporation
when comparing GWL changes with storage anomalies. Because specific yield varies
spatially and introduces uncertainty in level-to-storage conversion, the well-based
validation should be interpreted qualitatively, focusing on timing and phase agreement
rather than quantitatively in magnitude. Additionally, the absence of a comparison
with an independent high-resolution GWSA product represents another constraint of
the present analysis. Future research will seek to address these limitations by testing
various plausible specific yield scenarios and integrating independent high-resolution
GWSA datasets to enhance the physical consistency and robustness of the validation.
Furthermore, the framework will be expanded to include additional environmental
variables, alongside human-driven factors such as groundwater extraction, reservoir
operations, and irrigation intensity. The utilization of higher-resolution spatial and
temporal datasets will facilitate a more accurate representation of local-scale

groundwater dynamics and their responses to socio-hydrological interactions.

Overall, the results provide actionable support for groundwater management in
tropical, data-limited contexts, including targeted recharge enhancement in hotspot
areas, optimized irrigation scheduling, and the design of climate adaptation strategies
to buffer communities against water scarcity. Importantly, the methodological
framework offers opportunities for integration into hydrological modelling and basin-
level planning, thereby strengthening resilience to both climatic variability and human-
induced pressures. These results demonstrate that future climate conditions are likely
to accelerate groundwater storage decline across Sri Lanka, specially Northern part
and Southern part, with substantially higher depletion rates and broader affected areas
under high-emission pathways, thereby reinforcing the sensitivity of national-scale

groundwater systems to long-term climate forcing.
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CHAPTER 7

7 RECOMMENDATIONS AND FUTURE WORK

This study provides a climate-consistent, high-resolution assessment of groundwater

storage dynamics at the national scale, highlighting both current and future

vulnerabilities of Sri Lanka’s groundwater systems. Building on the methodological

advancements and key findings of the downscaled GWSA analysis, the following

recommendations and future research directions are proposed to support sustainable

groundwater management and to further enhance the scientific robustness of large-

scale groundwater assessments in data-scarce regions.

Adopt the 0.05° downscaled GWSA product as a supplementary national-scale

groundwater monitoring indicator.

Incorporate climate-driven GWSA trends into long-term groundwater

management and irrigation planning frameworks.

Prioritise regions exhibiting statistically significant negative GWSA trends for

targeted groundwater conservation measures.

Integrate groundwater abstraction and land-use data to separate climatic and

anthropogenic impacts on groundwater storage.

Include additional land-surface and hydroclimatic variables to improve model

robustness and physical interpretability.

Extend the proposed groundwater modelling framework to multi-dimensional
(2D) groundwater modelling to achieve broader spatial representation,

particularly in data-scarce regions.

Utilise Graph Neural Networks (GNN) and deep learning models to develop
groundwater flow simulations that explicitly represent spatial connectivity and

complex subsurface dynamics in data-scarce regions.
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Annexure 1

ANNEXURE 1

ANNEXURE 1

Metadata of groundwater observation wells used for validation in the

Kumbukkan Oya Basin and Maduru Oya Basin

Observation Well ~ Location Name Latitude (°N) Longitude (°E)

KUB-MON-001 Kumbukkana 6.82 81.29
KUB-MON-004 Adawatte State 7.06 81.20
KUB-MON-007 Maligawila 6.70 81.37
KUB-MON-010 Pattagamwela 6.77 81.26
KUB-MON-015 Rattanadeniya 6.94 81.29
KUB-MON-039 Madulla 6.99 81.38
MAD-MON-012 Rideepokuna 7.88 81.20
MAD-MON-018 Vakaneri 7.94 81.48
MAD-MON-017 Kadawath 7.96 81.30
Maduwa
MAD-MON-009 Gomathiyaya 7.82 81.21
MAD-MOD-011 Kallichchai 7.94 81.26

MAD-MON-025 Meeravodai 7.89 81.52
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Annexure 2

ANNEXURE 2

ANNEXURE 2

Station-Wise Comparison of Observed, Original CHIRPS, and Bias-Corrected
CHIRPS Rainfall
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CANYON | Best 2-Year lmprovement Window
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HIYARE | Best 2-Year Improvement Window
CC:0.93 — 095 | RMSE: 72.1 — 46.8
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KUDASIGIRIYA | Best 2-Year Improvement Window
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MAHADOWA ESTATE | Best 2-Year Improvement Window
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Monthly Rainfall (mm)
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The findings, interpretations and conclusions expressed in this thesis/dissertation are entirely based on
the results of the individual research study and should not be attributed in any manner to or do neither
necessarily reflect the views of UNESCO Madanjeet Singh Centre for South Asia Water Management
(UMCSAWM), nor of the individual members of the MSc panel, nor of their respective organizations.
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