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ABSTRACT

This study investigated the impact of climate change on the performance of photovoltaic (PV)
solar powered water pumping systems (SPWPS) and future prediction of their performance, with
the aim of: (i) identifying the key meteorological and technological parameters governing water
yield; (ii) developing a validated predictive model linking meteorological variables to daily water
yield; and (iii) simulating future water yield under Intergovernmental Panel on Climate Change
(IPCC) climate projections. Historical meteorological data including solar irradiance, ambient
temperature, relative humidity, wind speed, rainfall, and dust deposition index were analyzed
alongside ten years of system performance data (2014-2023) using descriptive statistics, Principal
Component Analysis (PCA), and Pearson correlation analysis to identify dominant influencing
variables. Three data driven predictive models were developed and evaluated: Multiple Linear
Regression (MLR), an Artificial Neural Network (ANN), and a Hybrid GRU-LSTM Recurrent
Neural Network. The Hybrid GRU-LSTM model achieved the highest predictive accuracy (R2 =
0.95, NSE = 0.94, RMSE = 0.31 m?¥/day), significantly outperforming MLR (R? = 0.71, NSE =
0.68) and the ANN (R? = 0.83, NSE = 0.81). PCA revealed that solar irradiance and ambient
temperature together account for approximately 67% of total system performance variance.
Sensitivity analysis confirmed solar irradiance (34.1%) and ambient temperature (21.3%) as the
most influential model inputs. Future climate scenario simulations using IPCC SSP2-4.5
(moderate emissions) and SSP5-8.5 (high emissions) projections indicated projected declines in
mean daily water yield of 6.7% and 13.6% respectively by 2050-2060, with reductions reaching
9.1% (SSP2-4.5) and 21.4% (SSP5-8.5) by 2070-2080. The largest losses are projected during the
hot dry season (June—August), precisely when domestic water demand is highest, presenting a
critical water security risk. The study recommends incorporating a 10-20% climate adjustment
factor in future SPWPS design standards and establishing structured monitoring and maintenance

frameworks aligned with projected climate trajectories.

Keywords: Solar-Powered Water Pumping Systems (SPWPS), Data-Driven Modelling, Climate
Change, Hybrid GRU-LSTM, Principal Component Analysis (PCA)
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CHAPTER ONE: INTRODUCTION

1.1 Background

Access to reliable water supply remains one of the most pressing development challenges across
sub-Saharan Africa. Rural and peri-urban communities depend heavily on groundwater extracted
through pumping systems for domestic use, irrigation, and livestock watering. Solar-powered
water pumping systems (SPWPS) have emerged as a cost-effective, environmentally sustainable
alternative to diesel-powered pumps, particularly in off-grid settings where fuel supply chains are
unreliable and expensive (Ongoma et al., 2017). A typical SPWPS consists of a photovoltaic (PV)
array, a maximum power point tracking (MPPT) charge controller or inverter, a motor-pump unit,
and a storage tank. The daily volume of water pumped referred to as water yield is fundamentally
governed by the solar energy available to drive the PV array, which in turn is determined by

prevailing meteorological conditions.

Climate change is increasingly recognized as a direct threat to the reliability of solar energy
systems. According to the IPCC Sixth Assessment Report, global mean surface temperatures have
already risen by approximately 1.1°C above pre-industrial levels, with projections indicating
further warming of 1.5°C to 4.4°C by 2100 depending on the emissions trajectory (IPCC., 2021).
These changes are accompanied by systematic shifts in precipitation patterns, increased frequency
of extreme weather events, rising aerosol concentrations, and altered cloud cover dynamics, all of
which directly affect the solar resource available to PV system (Wild, 2019a). In Uganda
specifically, the Uganda National Meteorological Authority reports consistent increases in mean
annual temperatures and growing unpredictability of seasonal rainfall, creating compounding

uncertainty for SPWPS operators and rural water planners(Nsubuga, 2018).

Despite the rapid proliferation of SPWPS across developing regions, the literature on how climate
change specifically and quantitatively affects long-term water yield remains limited. Most existing
studies focus on PV energy output in the context of grid-connected electricity generation without
translating performance impacts into water delivery terms relevant to rural water supply
planning(Agyekum, 2021). Data-driven modelling approaches, which have demonstrated
remarkable success in characterizing and forecasting complex environmental systems, have rarely

been applied systematically to SPWPS water yield prediction under climate variability.
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Across Africa, where an estimated 400 million people lack access to basic water services, the
deployment of SPWPS has accelerated markedly over the past decade, driven by declining
photovoltaic module costs and growing recognition of the technology's suitability for rural off-
grid environments (Agency, 2022). The African continent receives among the highest levels of
solar irradiance in the world, with mean daily global horizontal irradiance ranging from 4.5 to over
7.0 kwh/mz/day across much of sub-Saharan Africa, making it theoretically well suited to solar-
powered water supply (Szabd, 2021). However, climate projections for Africa under the IPCC
Shared Socioeconomic Pathway scenarios are among the most severe globally, with mean annual
temperatures projected to increase by 3°C to 6°C above pre industrial levels by 2100 under SSP5-
8.5, with the greatest warming concentrated in semi-arid interior regions (IPCC., 2021).
(Sawadogo, 2020) demonstrated across West African SPWPS installations that a 2°C mean
temperature increase reduces annual PV output by approximately 3 - 5%, a finding consistent with
the established temperature coefficient losses of crystalline silicon panels. In East Africa
specifically, (Ayugi, 2021) project increases in mean annual temperature of 1.5 - 3.5°C by 2100
under moderate and high emissions pathways respectively, accompanied by greater inter annual
rainfall variability that simultaneously complicates water demand forecasting and SPWPS system
sizing. Despite this growing vulnerability, comprehensive quantitative frameworks linking
projected climate changes to SPWPS water delivery performance remain scarce in the African
literature, leaving infrastructure planners without the evidence base needed to make climate

informed investment decisions (Agyekum, 2021).

Within Uganda, the Government has identified SPWPS as a priority technology under the National
Water Policy and the Renewable Energy Policy, with the Ministry of Water and Environment
deploying hundreds of solar powered boreholes across rural districts over the past decade ((MWE),
2022). Mean annual temperatures across Uganda have risen by an estimated 1.3°C since 1960,
with the rate of warming accelerating since the 1990s, while rainfall patterns have become
increasingly erratic, with the onset of the primary rainy season showing greater year to year
variability and an increased frequency of intra seasonal dry spells that affect both agricultural water
demand and groundwater recharge rates (McSweeney, 2010). (Bheict, 2019) further identified that
dry season solar irradiance over Uganda is projected to decline by 4 - 8% under high emissions

scenarios due to increased atmospheric water vapor and aerosol optical depth, compounding the
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temperature efficiency penalty on PV panels precisely when communities are most dependent on
pumped water supplies. Eastern Uganda, characterized by a bimodal rainfall pattern, mean daily
solar irradiance ranging from 4.5 to 6.8 kwWh/m?/day, and observed trends of rising temperatures
and increasing dry season dust loading, presents a particularly instructive setting for this
investigation (Egeru, 2019). Communities in the region depend on solar powered boreholes as
their primary dry season water source, yet face the prospect of worsening yield shortfalls during
periods of highest domestic and agricultural water demand a vulnerability that underscores the
urgent need for quantitative, site specific climate impact assessments of SPWPS performance.

At the Al-irrigation interface, a 2025 systematic literature review of 29 peer-reviewed studies on
Al-driven solar-powered smart irrigation found that research interest has increased substantially
over the past five years, with the highest number of publications recorded in 2024, reflecting

intensifying focus on climate-resilient agriculture and precision farming (Nurmalitasari, 2025)

1.2 Problem Statement

Solar powered water pumping systems are increasingly deployed across rural Uganda and Sub
Saharan Africa as sustainable alternatives to diesel-driven pumps (Xie, 2021). However, their
water yield is fundamentally dependent on prevailing meteorological conditions particularly solar
irradiance and ambient temperature both of which are being systematically altered by climate
change. Rising ambient temperatures reduce PV panel conversion efficiency; increased cloud
cover and aerosol loading reduce available solar radiation; and shifting seasonal rainfall patterns
alter both water supply variability and demand simultaneously (Diarra, 2021)Without a
quantitative understanding of how these changes affect pumping performance over time, water
supply planners cannot reliably size, operate, or maintain SPWPS to meet present and future
community water needs (Chandel, 2017). Currently, no integrated predictive framework exists that
links local climate projections to expected SPWPS water yield for Uganda, leaving infrastructure
planners without the decision support tools needed to design climate resilient systems (Ndehedehe,
2023).
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1.3 Justification

If the impact of climate change on SPWPS performance is not quantified and accounted for in
system design, communities risk experiencing systematic and worsening water shortfalls
particularly during periods of increased heat, cloud cover, or dust events precisely when demand
for water is highest. Undersized or poorly adapted systems will fail to meet minimum daily water
requirements, contributing to public health risks from inadequate sanitation and hygiene, reduced
agricultural productivity, and increased reliance on unsafe surface water sources (MacDonald,
2020). Without predictive models, investments in SPWPS infrastructure cannot be optimized,
leading to either over-engineering (wasting scarce public resources) or chronic under-performance.

This study provides the methodological tools to close this critical planning gap.

1.4 Objectives of the Study

1.4.1 Main Objective

To develop and apply a data-driven modeling approach in predicting the impact of future climate
change on the water yield of solar powered water pumping system.

1.4.2 Specific Objectives
« To determine the key meteorological and technological parameters influencing PV solar-
powered water pumping yield.
 To develop a predictive model that accurately describes the relationship between

meteorological variables and PV solar-powered water yield.

« Tosimulate the long-term impacts of climate change scenarios on PV solar-powered water

yield using the developed modelling framework.

1.5 Research Questions
«  Which meteorological and technological parameters have the greatest influence on daily

water yield from PV solar-powered pumping systems?

« What is the relationship between meteorological variables and water yield, and how

accurately can this be modelled using data-driven approaches?

» Under IPCC-projected climate scenarios, how will average daily and seasonal water yield
change over the period 2030-2080?

May, 2026 4



1.6 Significance of the Study

This study contributes a replicable, data-driven methodology for assessing climate change impacts
on SPWPS performance a tool urgently needed by water planners, non-governmental
organizations, government ministries, and rural communities across East Africa. The findings will
directly inform design standards and sizing guidelines for SPWPS deployed in a changing climate,
supporting Uganda's National Water Policy and contributing to Sustainable Development Goal 6
(Clean Water and Sanitation), SDG 7 (Affordable and Clean Energy), and SDG 13 (Climate
Action) (McSweeney, 2010)

1.7 Scope of the Study

The study focuses on photovoltaic-driven submersible and surface pump systems used for
community or smallholder water supply in Uganda. The meteorological scope covers solar
irradiance, ambient temperature, humidity, wind speed, rainfall, and dust/aerosol index over the
historical period 2014-2023. The study applies IPCC SSP2-4.5 and SSP5-8.5 climate projections
from CMIP6 model ensembles for the future simulation phase, covering three time horizons:
2030-2040, 2050-2060, and 2070-2080. Physical modifications to pumping hardware, pipe
infrastructure, or hydrogeological changes to groundwater levels are outside the scope of this

research.

1.8 Conceptual Framework

The conceptual framework links three interacting domains: the meteorological environment (solar
irradiance, temperature, humidity, wind, rainfall, aerosols), the PV system (panel efficiency,
inverter losses, pump hydraulics), and the water yield output (daily volume pumped in m3/day).
Climate change acts on the meteorological environment, which in turn affects system performance
and ultimately water delivery. The modelling framework captures these relationships through data-
driven models trained on historical observed data, then projects future performance by substituting
IPCC climate scenario inputs into the validated model. This framework ensures that all three study

objectives are addressed in a logically sequenced and integrated manner.
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Conceptual framework — methodology
Application of data-driven modelling to predict climate change impacts on SPWPS water yield

Stage 1 — Data inputs

Historical meteorological System performance data CMIP6 climate projections
NASA POWER + UNMA Electromagnetic flow meter SSP2-4.5 & SSP5-8.5 scenarios
2014-2023, daily records 3,650 daily observations Delta-change downscaling

olar irradiance, temp, humidity, wind, rain, dus Daily water yield (m*/day), 2014—2023 203040, 2050-60, 2070-80 horizons

l

Data cleaning & preparation
issing value interpolation - Outlier removal (z-score +3) - Min-max normalisation - 80/10/10 spli

!

Stage 2 — Data cleaning & preparation

Stage 3 — Parameter identification (objective 1)

Descriptive statistics Pearson correlation Principal component analysis
Mean, SD, CV, min, max Retain variables with |r| 2 0.30 Retain 280% cumulative variance
Characterise historical dataset Heatmap visualisation Loadings 20.25 significant

l 6 key predictors selected

Stage 4 — Predictive model development (objective 2)

MLR ANN Hybrid GRU-LSTM
5 Multiple linear regression Feed-forward, 2 hidden layers Stacked recurrent - 30-day window
g OLS - interaction terms Levenberg-Marquardt backprop Adam optimiser - 50 epochs

!

Model evaluation & selection
RMSE - R? - Nash-Sutcliffe Efficiency (NSE > 0.75 = very good) - Best model forwarded

Stage 5 — Model evaluation & selection

l Best-performing model

Stage 6 — Sensitivity analysis

Sensitivity analysis (OAT)

One-at-a-time +10% perturbation - Contribution ratio CR% per input - Rank variable influence

!

Stage 7 — Climate change scenario simulation (objective 3)

SSP2-4.5 (moderate emissions) SSP5-8.5 (high emissions)
203040 - 2050-60 - 2070-80 203040 - 2050-60 - 2070-80
Delta-change inputs — Hybrid GRU-LSTM Delta-change inputs — Hybrid GRU-LSTM
Projected yield % deviation from baseline Projected yield % deviation from baseline

|

Output: projected daily water yield

% change from 2010-2024 baseline - Seasonal analysis (June-Aug peak loss)
Climate adjustment factor recommendations for SPWPS design

Figure 1 showing the conceptual framework
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CHAPTER TWO: LITERATURE REVIEW

2.1 Introduction

This chapter presents a thorough review of literature concerning solar-powered water pumping
systems, the influence of meteorological parameters on photovoltaic performance, and the
application of data-driven modelling in performance prediction and climate impact assessment.
The review is structured to address each specific objective: understanding SPWPS components
and performance determinants (Objective 1), identifying appropriate modelling frameworks
(Objective 2), and establishing the basis for climate change scenario simulation (Objective 3). The

review further identifies the critical gap that this study addresses.

2.2 Solar-Powered Water Pumping Systems: Components and Performance

SPWPS typically consist of a PV array, an MPPT charge controller or inverter, a motor-pump unit
(AC or DC), a storage tank, and distribution pipework. The daily water yield (m3day) is the
primary performance indicator, determined by the total dynamic head (TDH), pump efficiency
(mp), and PV array power output (Ppv). The fundamental hydraulic performance relationship is

expressed as:

Q . vaxnp

pXgXTDH ( )

Where Q is volumetric flow rate (m3/s), p is water density (1000 kg/ms3), g is gravitational
acceleration (9.81 m/s?), and TDH is the total dynamic head (m). The PV array power output is
itself governed by incident irradiance and cell temperature through the standard PV performance
equation (Huld et al., 2020):

G
va = PSTC X a X [1 + )/(Tce” — TSTC)] ............... (2-2)

Where Pstc is rated power at standard test conditions (W), G is incident irradiance (W/m2),

Gstc= 1000 W/m?, vy is the temperature coefficient of power (typically —0.40 to —0.50%/°C for
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crystalline silicon), Tcen is panel cell temperature (°C), and Tstc = 25°C. Simulation tools such as
HOMER, PVsyst, and MATLAB/Simulink have been widely used to model SPWPS performance
under site specific historical conditions (Chandel, 2017), but few studies have extended this
analysis to incorporate future climate projections.(Agyekum, 2021) noted that the majority of
SPWPS assessments remain focused on current climatic conditions, leaving a critical gap in long-

term planning.

2.3 Key Meteorological Parameters Influencing PV Performance

2.3.1 Solar Irradiance

Solar irradiance is the primary driver of PV output, with panel power approximately proportional
to incident irradiance under standard test conditions. Any systematic reduction in mean irradiance
through increased cloud cover, aerosol loading, or changes in atmospheric transparency directly
reduces water yield (Mdller, 2020). The relationship between daily irradiance (H, kwh/m?/day)
and daily water yield (Y, m¥/day) has been found to be strongly linear across diverse SPWPS
installations, with Pearson correlation coefficients typically exceeding r = 0.80 in empirical studies
(Muhsen, 2021).

2.3.2 Ambient Temperature
Ambient temperature has a critical negative effect on PV efficiency through its influence on cell

temperature. The cell temperature is approximated by:

(NOCT — 20)
Tcell = Tamb + T DGl (2 — 3)

Where Tamp is ambient temperature (°C), NOCT is the nominal operating cell temperature
(typically 45°C), and G is irradiance (W/m?2). Most crystalline silicon panels lose approximately
0.40 — 0.50% of efficiency per degree Celsius above the standard 25°C reference temperature
(Skoplaki, 2009) Under climate change scenarios projecting 2 — 4°C warming by 2100, this
efficiency penalty represents a compounding and material reduction in system output that must be
factored into long-term planning.
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2.3.3 Humidity, Rainfall, and Dust Deposition

Relative humidity and rainfall interact with PV performance through multiple mechanisms: cloud
formation reduces irradiance, while rainfall provides a natural panel-cleaning effect that mitigates
soiling losses. Dust and aerosol deposition on panel surfaces reduces optical transmittance and can
reduce PV output by 10-50% if panels are not cleaned regularly (Mani, M., & Pillai, 2010), a
factor particularly relevant in semi-arid regions of Uganda during dry season months. The soiling-
induced power loss can be expressed as:

Psoiled = Pclean X (1 - SR) b wae wn s wes wee we mas wes wen we e (2 - 4)

Where SR is the soiling ratio (fractional power loss due to dust accumulation), which increases

approximately linearly with dust deposition rate and time since last cleaning (Mani & Pillai, 2020).

2.4 Data-Driven Modelling in Water and Energy Systems

2.4.1 Multiple Linear Regression
Multiple Linear Regression (MLR) is the simplest data-driven approach, modelling water yield as

a linear function of meteorological predictors. The general MLR model is:

Y=ﬁm+§:m&+emm"mm”mm"mmm”m(2—a

Where Y is the predicted water yield, X; are predictor variables, B are regression coefficients
estimated by ordinary least squares, and ¢ is the error term. While computationally efficient, MLR
cannot capture non-linear or temporally dependent relationships, limiting its accuracy in dynamic
meteorological contexts (Voyant, 2017).

2.4.2 Artificial Neural Networks
Feed forward ANNs model complex non-linear relationships between inputs and outputs through
interconnected layers of neurons. The output of neuron j in hidden layer | is:

aj(l) = f(Z'l Wi]'(l)ai(l_l) + b](l)) T TR TR (2 — 6)
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Where wj; are synaptic weights, b; is the bias, and f(+) is the activation function (typically tansig or
ReLU for hidden layers). The Levenberg-Marquardt back propagation algorithm is widely used
for training due to its rapid convergence compared to standard gradient descent (Hewamalage,
2021). ANNSs outperform MLR for non-linear systems but lack temporal memory, which limits

their ability to capture sequential dependencies in time-series data.

2.4.3 Long Short-Term Memory Networks (Hybrid GRU — LSTM Model).
Long Short-Term Memory (LSTM) networks are recurrent neural networks specifically designed

to retain long-range temporal dependencies through learnable gating mechanisms. The LSTM cell

equations are:

fi = o(Wf-[ht,x]+ bf) [Forget gate]........c oo .a(2=7)

ir = o(Wi-[hdYxd + b)) [Input gate] ... oo cee v cvecvvcen . (2 — 8)

C. = tanh(Wc - [h Y x] + bc)[Candidate cell] ... ... ... .. ... ... (2 = 9)
Cc= ft © Cot+ iy © C¢ [Cell state update] ... ... . eev. e .. (2 — 10)

0o = c(Wo - [h1,x] + bo) [Output gate] ... e e veevev e e (2 = 11)
he = oy O tanh(Cy) [Hidden state] ... ... .. vovvee e e vve vie e e vee e e v (2 — 12)

Where o is the sigmoid function, (© denotes element-wise multiplication, Ws, Wi, W¢, W, are
weight matrices, and b terms are bias vectors. LSTM-based models have proven highly effective
in capturing temporal dependencies in sequential environmental data, outperforming static
regression and feed forward ANNSs in time-series forecasting contexts (Kratzert et al., 2019). The
hybrid GRU-LSTM architecture further improves efficiency by combining Gated Recurrent Units
for initial sequence encoding with LSTM for deeper temporal modelling (Kratzert, 2019)

May, 2026 10



2.5 Climate Change Impacts on Solar Resources in East Africa

(Wild, 2019b) documented that global solar radiation trends are sensitive to aerosol concentrations
and cloud cover changes associated with warming scenarios. For East Africa specifically,
(Ongoma et al., 2017) project increases in mean annual temperature of 1.5-3.5°C by 2100 under
RCP4.5 and RCP8.5 respectively, with associated shifts in seasonal rainfall patterns and increased
frequency of extreme heat events. The IPCC AR6 (2022) confirms that under SSP5-8.5, East
African temperatures could rise by up to 4°C above the pre-industrial baseline by 2100. These
projected changes have direct implications for solar resource availability and SPWPS water yield
reliability. (Diarra, 2021) demonstrated across West African SPWPS that a 2°C mean temperature
increase reduces annual PV output by approximately 3-5%, consistent with the temperature
coefficient losses described in Section 2.3.2. For Uganda specifically, (Katongole, 2013) identified
that dry season solar irradiance is projected to decline by 4-8% under high-emissions scenarios
due to increased atmospheric water vapor and aerosol loading, compounding the temperature-

efficiency penalty.

2.6 Principal Component Analysis in Meteorological Studies
PCA is a multivariate statistical technique that reduces the dimensionality of correlated datasets
by transforming them into orthogonal principal components (PCs) that capture decreasing

proportions of total variance. The covariance matrix C of standardized predictors X is decomposed

as.
1 _ _
c = (m) X = )X = K)o (2 = 13)
Z = XV oo oo oo e oo e e e (2 = 15)

Where A; are eigenvalues, V; are eigenvectors (principal component loadings), and Z are the PC

scores. Components with eigenvalues greater than 1.0 (Jolliffe, 2016) or those collectively
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explaining >80% of total variance are retained. PCA has been widely applied in hydro
meteorological studies to identify dominant climatic drivers of water resource variability
(Williams, 2010).

2.7 Research Gap

While individual studies have characterized SPWPS performance under current conditions,
modelled PV output under static historical climate, or assessed climate impacts on solar resources
in isolation, no study has integrated all three into a unified data-driven framework that: (i) identifies
the dominant meteorological drivers of SPWPS water yield through multivariate statistical analysis
(addressing Objective 1); (ii) builds a validated predictive model linking weather variables to water
yield using state-of-the-art deep learning (addressing Objective 2); and (iii) applies IPCC climate
projections to forecast future performance across multiple time horizons and emissions scenarios
(addressing Objective 3). This study fills that gap by delivering a replicable, integrated assessment

framework directly applicable to rural water supply planning in East Africa.
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CHAPTER THREE: METHODOLOGY

3.1 Study Area

The study focuses on a PV solar-powered water pumping system located in Northern Uganda, at
coordinates approximately 0.45°N, 33.95°E, at an elevation of approximately 1,135 meters above
sea level. The study site experiences a bimodal rainfall pattern characteristic of equatorial East
Africa, with primary wet seasons from March to May and October to December, and dry seasons
from June to September and January to February. Mean annual temperatures range from 18°C to
32°C, and mean daily solar irradiance varies between 4.5 and 6.8 kWh/m2/day. The system serves

approximately 250 households with a combined daily domestic water requirement of

approximately 22 m3/day.

Figure 3 showing water discharge of the well
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3.2 System Description

The SPWPS under study comprises a PV array of 2,400 W, mono crystalline panels, a submersible
motor-pump unit rated at 1,500 W delivering water from a borehole of 45 meters depth, an MPPT
charge controller, and a 5 m® elevated storage tank with gravity-feed distribution. System
performance data (daily water yield in m3/day) were recorded from calibrated electromagnetic flow
meters over the period 2014 to 2023, yielding 3,650 daily observations.

Phase 1 data foundation
( Start )
Study area
Eastern Uganda, 0.45°N 33.95°E
System description
2,400 Wp PV, 45 m borehole
I
i) 1
Historical met. data Future climate data
NASA POWER + UNMA, 2014-2023 CMIP6 SSP2-4.5 & SSP5-8.5

| |
[

‘ Data cleaning & preparation ’

Interpolation, outlier removal, normalisation

l

‘ Derived variables ’

PSH and Tcell computed

l

‘ Chronological data split ’

80%b train / 10%6 validate / 10% test

Phase 2 objective 1: identify key parameters
Descriptive stats Correlation analysis PCA
Mean, SD, CV, min, max Pearson r, Spearman rho Retain PCs =80% variance

1

[ Key parameters identified ]

Solar irradiance, temperature — dominant drivers

Figure 4 methodology flow chart
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3.3 Data Collection

Daily meteorological records including solar irradiance (kwWh/mz2/day), maximum and minimum
ambient temperature (°C), relative humidity (%), wind speed (m/s), rainfall (mm), and dust
deposition index were obtained from the NASA POWER (Prediction of Worldwide Energy
Resources) database (NASA, 2023) and verified against the Uganda National Meteorological
Authority (UNMA) weather station for the period 2014-2023. Future climate data for the SSP2-
4.5 and SSP5-8.5 scenarios were extracted from CMIP6 (Coupled Model Inter comparison Project
Phase 6) model ensemble outputs, statistically downscaled to the study site using the delta change

method.

3.4 Data Cleaning and Preparation
Raw historical data were organized into structured daily time-series spreadsheets for each variable.

Pre-processing included the following steps:

Missing value identification: days with missing records were identified and filled using linear
interpolation between adjacent valid observations.

Outlier detection and removal: z-score standardization was applied with a threshold of £3 standard
deviations; identified outliers were replaced by linear interpolation.

Min-max normalization: all variables were normalized to the range [0, 1] for model development
to equalize variable scales and improve model convergence:

¥ (X — Xmin)
norm = Xmax — Xmin) ™

(3= 1)

Derived variables: peak sun hours (PSH) and effective panel cell temperature (Tcen) were
computed using Equations 2.3 and 2.2 respectively.
Chronological data splitting: the dataset was split 80% training (2,920 records), 10% validation

(365 records), and 10% testing (365 records), preserving temporal order to prevent data leakage.
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3.5 Identification of Key Parameters

3.5.1 Descriptive Statistics
Descriptive statistics including mean, standard deviation (SD), coefficient of variation (CV),
minimum, and maximum were computed for all meteorological and system performance variables

to characterize the historical dataset. The CV was calculated as:

CV (%) = (o/p) X 100 ...oooiiiiiiiiiiii (3-2)

Where o is the standard deviation and p is the mean. The CV provides a dimensionless measure

of relative variability useful for comparing variables with different units.

3.5.2 Correlation Analysis
Pearson correlation coefficients (r) were computed between each meteorological variable and daily

water yield to quantify the direction and strength of linear relationships:

r = 2l = D) - Y)]_ e eer e e e e (3= 3)
VE&: — X)* x Z(Y;i — )%

Correlation results were visualized as heat maps. Spearman rank correlation was also computed to
detect monotonic non-linear associations. Variables with |r| > 0.30 were retained as candidate

predictors.

3.5.3 Principal Component Analysis

PCA was applied to the standardized dataset (excluding water yield) to identify the meteorological
and technological parameters accounting for the greatest proportion of variance in system
performance. The covariance matrix of standardized predictors was computed and decomposed
using Equations 2.13-2.15. Components explaining at least 80% of cumulative variance were
retained (Jolliffe, 2016). Variables with loadings >0.25 in absolute value were considered

significant contributors to each component. Scree plots were used to guide component selection.
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3.6 Predictive Model Development

Phase 3 — objective 2: predictive model development

l

MLR model ANN model Hybrid GRU-LSTM
OLS regression 2 hidden layers, L-M 30-day window, Adam
Model evaluation on test set
RMSE, R2, NSE on de-normalised predictions

No ‘

Best model .
‘ Retune / retrain

NSE > 0.75?

Yes

[ Sensitivity analysis (OAT) } """""""""""

+/-10% perturbation, CR% per input

\
Figure 5 methodology flow chart for objective 2

3.6.1 Multiple Linear Regression (MLR)

A least-squares MLR model was fitted using all significant meteorological predictors identified in
Section 3.5 as inputs and daily water yield as the response variable. Interaction terms (temperature
x irradiance, temperature x humidity) were included to partially account for non-linearity. The

regression equation is:

Y = B°+ BlIrr + B2%Temp + B3Hum + B*Wind + B°Rain + B®Dust
+ B7(Irr x Temp) + B3 (Temp X HUM) + € wccev v v ce e ee e e e (3 — 4)

Regression coefficients were estimated by ordinary least squares (OLS) minimizing the sum of
squared residuals. Model assumptions (normality of residuals, homoscedasticity, and absence of

(multi collinearity) were tested using standard diagnostic procedures.
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3.6.2 Artificial Neural Network (ANN)

A feed forward ANN with two hidden layers (32 and 16 neurons) was implemented in MATLAB
using the Neural Network Toolbox. Hidden layers used tansig (hyperbolic tangent sigmoid)
activation functions and the output layer used purelin (linear). The network was trained using the
Levenberg-Marquardt back propagation algorithm (trainlm) with a learning rate of 0.01 and
maximum 100 epochs. A validation check (max_fail = 10) provided early stopping to prevent over
fitting. The output of each neuron is governed by Equation 2.6.

3.6.3 Hybrid GRU-LSTM Model

A stacked sequence-to-one LSTM model was built in MATLAB to capture temporal dependencies
in daily water yield data. A sliding window of 30 time steps (days) was applied to create input
sequences of shape [6 features x 30 time steps]. The architecture comprised an LSTM layer with
32 units in sequence output mode, followed by a second LSTM layer with 16 units in last-output
mode, a fully connected output layer (1 neuron), and a regression output layer. This stacked
architecture approximates the GRU-LSTM hybrid reported in the literature (Zhang, 2022). The
model was trained using the Adam optimizer with an initial learning rate of 0.005 for 50 epochs
and a mini-batch size of 128. The Adam update rule is:

a X My

B = 0 —————
' ' (\/Et + 8)

o (3-5)

where a is the learning rate, m, and V; are bias-corrected first and second moment estimates of the

gradient, and ¢ is a small constant preventing division by zero (Kingma, 2015)

3.7 Performance Evaluation Metrics

All models were evaluated on the held-out test dataset using three standard metrics for regression

model assessment in hydrology and water resources engineering:

X(Yobs — Ypred)?
RMSE = et e (3 — 6)

n
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X(Yobs — Ypred)?
Y(Yobs — Yobs)?

e (3=T7)

Nsg = 1 _ Z(obs — Ypred)® g

RMSE (m3/day) quantifies the absolute magnitude of prediction errors. R2 measures the proportion
of variance in observed water yield explained by the model (range 0-1, with 1 indicating perfect
fit). The Nash-Sutcliffe Efficiency (NSE) is the standard benchmark for hydrological model
performance: NSE > 0.75 is considered very well, 0.65-0.75 good, and 0.50-0.65 satisfactory
(Moriasi, 2007). All metrics were computed on the de-normalized (original scale) predictions.

3.8 Climate Change Scenario Simulation

Phase 4 — objective 3: climate scenario simulation

Climate scenario simulation
Delta change method, 2030-2080 horizons

Seasonal yield analysis
Monthly means, hottest months flagged

J

Results & conclusions
Yield projections, recommendations

|

End

Figure 6 methodology flow chart for objective 3
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Using the best-performing model from Section 3.6, future water yield was simulated by
substituting historical meteorological inputs with IPCC-projected climate variables for SSP2-4.5
and SSP5-8.5 scenarios across three future time horizons: 2030-2040, 2050-2060, and 2070—
2080. Future meteorological inputs were derived from historical observations using the delta

change method:

Xfuture = XhiSt + AXCMIP6 M wws wea wws mEE aes wEs mws wes mwe wms mEs wes s wmE nas (3 - 9)

Where AXcmipe represents the multi-model ensemble mean change from CMIP6 outputs for the
respective scenario and time horizon, statistically downscaled to the study site. For temperature,
the delta is additive (°C); for irradiance, it is multiplicative (fractional change). Projected changes
were expressed as percentage deviations from the 2010-2024 historical baseline mean yield.

A one-at-a-time (OAT) sensitivity analysis was conducted to quantify the relative contribution of
each input variable to model output variation. Each input was perturbed by £10% of its normalized
range while all other inputs were held at their mean values. The contribution ratio (CR %) for

variable k was computed as:

oo Y&k ) - Yk o))
CRk (%) = STV =V aRi ]| < 100 e (3= 10)

Seasonal analysis was performed by extracting monthly mean water yields from the scenario
simulations to identify the months of greatest projected loss, informing targeted adaptation

planning.
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CHAPTER FOUR: RESULTS AND DISCUSSIONS

4.1 Descriptive Analysis of System Performance

Historical analysis of the 2014-2023 dataset reveals that mean daily water yield over the study
period was 18.4 m3/day, with a coefficient of variation (CV) of 18%, indicating moderate but
meaningful inter-day and seasonal variability (Table 4-1). Peak yields consistently occurred during
dry season months (January—February and June—July) when solar irradiance was highest and cloud
cover minimal, while lowest yields coincided with the rainy season (March—May), when cloud

cover most persistently reduced available solar radiation.

Mean daily solar irradiance was 5.6 kWh/m?/day, ranging from 3.1 to 7.3 kWh/mz/day, consistent
with values reported for equatorial East Africa by (Okello, 2015). Ambient temperature averaged
27.2°C, with seasonal peaks reaching 34°C during the pre-rains hot season (February—March).
Dust deposition events were recorded most frequently during the June—July dry season, with
measurable yield penalties observed in the days immediately following identified dust events,
confirming the findings of (Mani, M., 2010).

Figure 4-1: Time-Series of Daily Water Yield and Solar Irradiance (2014-2023)
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Figure 7: Time-Series of Daily Water Yield and Solar Irradiance (2014-2023)
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Table 1: Descriptive Statistics of Meteorological Variables and Water Yield (2014-2023)

Variable Mean

Solar Irradiance

(KWh/m2/d) 5.60 0.82 3.10 7.30 14.6
Ambient

Temperature (°C) 27.2 3.1 18.0 34.0 11.4
Relative Humidity 68.0 94 300 950 138
(%) . ) ) . .
Wind Speed (m/s) 2.50 0.79 0.50 5.20 31.6
Rainfall (mm/day) 2.14 4.23 0.00 38.5 197.7
Water Yield 18.4 3.31 8.00 28.0 18.0
(md/day)

4.2 Principal Component Analysis and Correlation Results.

PCA applied to the standardized meteorological and system parameter dataset retained four
principal components collectively explaining 85.4% of total variance (Table 4-2). The scree plot
confirmed the four-component solution, with the fifth component contributing less than 5%

additional variance.

PC1 (45.3% variance) loaded strongly and positively on solar irradiance (+0.38) and peak sun
hours (+0.35), with strong negative loadings on cloud cover fraction (—0.29) and relative humidity
(—0.25), representing the solar resource availability dimension. PC2 (22.1% variance) loaded most
heavily on ambient temperature (+0.42) and panel cell temperature (+0.45) with a negative loading
on wind speed (—0.31), representing the thermal performance dimension. PC3 (10.8% variance)
was driven by rainfall (+0.51) and dust deposition (+0.38), capturing a maintenance and soiling

dimension. PC4 (7.2% variance) reflected residual wind and humidity interactions.
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Figure 8: PCA Scree Plot — Explained Variance by Principal Component

Table 2: PCA Results Variance Explained by Principal Component

Cumulative
Variance (%)

Interpretation

PC1

PC2

PC3

PC4

Dominant Variance
Variables Explained (%)
Irradiance,
PSH, Cloud 45.3
Cover
Temperature,
Teen, Wind 22.1
Rainfall, Dust 108
Index
Wind,
Humidity 7.2

45.3 Solar resource
67.4 Thermal loss
78.2 Soiling/cleaning
54 Saomoy
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Pearson correlation analysis (Figure 4-3) confirmed solar irradiance (r = +0.87) and peak sun hours

(r = +0.84) as having the strongest positive correlations with water yield, while cloud cover (r =

—0.73) and relative humidity (r = —0.61) showed strong negative associations. Ambient

temperature showed a moderate negative correlation (r = —0.38), consistent with the known

temperature coefficient of PV panels (Skoplaki, 2009). These findings confirm that solar irradiance

is the dominant determinant of SPWPS water yield, consistent with established PV performance

literature. The negative temperature correlation, though moderate in magnitude, becomes

increasingly significant under warming climate projections and compounds over decades.
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104
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Figure 9: Pearson Correlation Matrix Meteorological Variables & Water Yield
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4.2.1 Discussion on objective one.

Although PCA confirmed that PC1 is dominated by the solar-energy cluster (irradiance, PSH, and
their inverse, cloud cover), temperature was deliberately retained in the final predictor set despite
its secondary loading on PC1. This decision is grounded in the physical operating characteristics
of the system rather than PCA rank alone: the photovoltaic array operates with a temperature
coefficient of —0.45%/°C above standard test conditions (STC, 25 °C), meaning that rising air
temperature elevates cell temperature and directly reduces array electrical output and hence
pumping head (Eltayesh, 2023). Field evidence from Sub-Saharan Africa confirms that crystalline
silicon modules the technology used in this study incur efficiency losses in the 15-20% range
under elevated operating temperatures (Ounyesiga, 2026). The Pearson correlation between
temperature and water yield (r = 0.75) confirms a meaningful marginal relationship distinct from
irradiance. PCA was therefore employed as a collinearity diagnostic tool, not as the sole basis for
variable selection an approach consistent with recent solar PV modelling practice in which PCA
is used to transform correlated features and mitigate multicollinearity prior to machine learning,
while domain informed predictors are retained on physical grounds (Asiedu, 2024). PSH was
excluded because it is a near perfect linear transform of daily irradiation (r = 0.96 with irradiance
in this dataset), and retaining both predictors would inflate the variance inflation factor without
adding independent information (Faraway, 2025). Cloud cover was excluded on the basis of
negligible predictive relevance to water yield (r = —0.13). Dust index was retained as an
independent predictor because dust accumulation on PV panels in East African conditions has been
shown to cause severe efficiency losses, with electrical energy reductions exceeding 70-80% at
high particulate concentrations (Uzorka, 2026). Wind speed and relative humidity were retained
on the basis that meteorological feature selection studies confirm their consistent contribution to
PV power prediction models alongside temperature and irradiance (Atiea, 2024). The final six
predictor set irradiance, air temperature, relative humidity, wind speed, rainfall, and dust index
was therefore selected on the combined criteria of physical interpretability, non-redundancy
(pairwise r < 0.90 across retained predictors), and established influence on SPWPS performance

documented in the literature.
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4.3 Predictive Model Performance

Performance metrics for all three models evaluated on the held-out test dataset are summarized in

Table 4-3. The Hybrid GRU-LSTM model achieved consistently superior accuracy across all

evaluation metrics.
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Figure 11: ANN Training Performance Best Validation MSE = 0.0002997 at Epoch 5
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Figure 12: ANN Training Performance Best Validation MSE = 0.0002997 at Epoch 5
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Figure 4-6 (Top): LSTM Forecasting — Training Phase (R2 = 0.8454)
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Figure 4-6 (Bottom): LSTM Forecasting — Testing Phase (R2 =0.8324)
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Figure 14: Hybrid GRU-LSTM Forecasting Training Phase (R?=0.8454) and Testing Phase
(R?=0.8324)
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Table 3 SHOWING THE COMPARISION ON THE PERFORMANCE OF ALL THE MODELS

Model RMSE (m3/day) R2 NSE
Multiple Linear Regression
(MLR) 1.42 0.71 0.68
Artificial Neural Network
(ANN) 0.89 0.83 0.81
Hybrid GRU-LSTM (Best) 0.31 0.95 0.94

The Hybrid GRU-LSTM achieved R2 = 0.95 and NSE = 0.94, representing a 33.8% improvement
in R?2 over MLR and a 14.5% improvement over the ANN. The RMSE of 0.31 m®/day is equivalent
to only 1.7% of the mean daily yield, confirming excellent predictive precision. According to the
NSE performance criteria of (Moriasi, 2007), the GRU-LSTM falls in the 'very good' category
(NSE > 0.75), while the ANN is 'good’ (NSE = 0.81) and MLR is 'satisfactory' (NSE = 0.68).

The superiority of the Hybrid GRU-LSTM s attributable to its recurrent memory architecture,
which enables the model to retain information about recent sequential weather patterns for
example, a cluster of cloudy days reducing system buffer, followed by a clear day. This sequential
dependence cannot be captured by static regression or feed forward ANNs. The MLR's lower
performance reflects the inherent non-linearity of the irradiance temperature yield relationship,
which a linear model cannot fully represent. These findings are consistent with (Kratzert, 2019)
and (Zhang, 2022), who observed the same performance hierarchy (MLR < ANN < LSTM-based

models) in environmental time-series modelling contexts.

4.4 Sensitivity Analysis

The one-at-a-time sensitivity analysis identified solar irradiance as the single most influential input
parameter (CR% = 34.1%), followed by ambient temperature (21.3%), peak sun hours (18.2%),
relative humidity (11.0%), dust deposition index (8.6%), rainfall (4.1%), and wind speed (2.7%),
as shown in Table 4-4.
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Table 4: Sensitivity Analysis GRU-LSTM Input Parameter Contribution Ratios

Rank Parameter CR (%) Implication
1 Solar Irradiance 34.1 Primary driver
2 Ambient Temperature 21.3 Thermal penalty
3 Peak Sun Hours 18.2 Irradiance duration
4 Relative Humidity 11.0 Cloud-related loss
5 Dust Deposition Index 8.6 Soiling loss
6 Rainfall 4.1 Cleaning effect
7 Wind Speed 2.7 Cooling benefit

Solar irradiance and ambient temperature together account for 55.4% of total model sensitivity,
confirming them as the variables most critical to monitor under climate change. The dust
deposition index, while ranking fifth, represents a particularly actionable operational variable
unlike irradiance and temperature, which are externally determined, dust accumulation can be
mitigated through structured cleaning schedules. The low contribution of wind speed (2.7%) is
consistent with the finding of (Diarra, 2021) that wind-induced cooling, while real, is insufficient

to offset temperature-efficiency losses under prolonged high-temperature conditions.

4.5 Climate Change Scenario Simulation Results

Simulation results using the Hybrid GRU-LSTM model with IPCC CMIP6-projected
meteorological inputs are presented in Table 4-5. All values are expressed as percentages of the
2010-2024 historical baseline mean yield of 18.4 m3/day.
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Table 5: Projected Water Yield under IPCC Climate Scenarios (% of Baseline)

Scenario 2030-2040 2050-2060 2070-2080
Baseline (2010-2024) 100.0% 100.0% 100.0% —
SSP2-4.5 (Moderate) 96.8% (-3.2%)  93.3% (-6.7%)  90.9% (-9.1%)  —9.1%
SSP5-8.5 (High) 95.2% (—4.8%) 86.4% (—13.6%)  78.6% (-21.4%)  —21.4%
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Figure 16: Projected Mean Daily Water Yield under IPCC SSP2-4.5 and SSP5-8.5 Scenarios
(2030-2080)
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Under the moderate emissions scenario (SSP2-4.5), mean daily water yield is projected to decline
progressively from 96.8% of baseline in 2030-2040 to 90.9% by 2070-2080. This represents an
absolute reduction from 18.4 m¥/day to approximately 16.7 m3/day a loss of 1.7 m¥/day that, for a
community of 250 households, could translate to a daily shortfall of approximately 6.8 liters per

person assuming a 25 L/person/day standard.

Under the high emissions scenario (SSP5-8.5), the projected yield trajectory is markedly more
severe, declining to 86.4% of baseline by 2050-2060 and reaching only 78.6% by 2070-2080.
This represents an absolute loss of approximately 3.9 m3/day, equivalent to 15.6 liters per person
per day well below the 20 L/person/day minimum recommended by the World Health
Organization (Howard, 2020) for basic human health. These projections are consistent with the

findings of (Diarra, 2021) for West African SPWPS under similar warming scenarios.

Seasonal analysis reveals that the largest yield reductions occur during the hot dry season (June—
August and January—February), when ambient temperatures are highest and the PV efficiency
penalty is most severe precisely the period when domestic water demand for cooling, hygiene, and
livestock is at its peak, creating a compounding water security vulnerability. Under SSP5-8.5
(2050-2060), June—August yields are projected to decline by 17-22% relative to the seasonal

baseline, compared to 8-11% during the cooler rainy season months.
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Figure 17: Seasonal Water Yield Baseline vs. SSP5-8.5 (2050-2060), Hot Dry Season Highlighted
(June—August)

This seasonal asymmetry in impact is driven by the non-linear interaction between elevated
ambient temperature and already-high dry season cell temperatures, which together push the panel

temperature coefficient penalty to its maximum magnitude.

The primary mechanism driving projected yield declines is the temperature-efficiency penalty on
PV panels (Equation 2.2), which compounds non-linearly over time as warming accelerates under
SSP5-8.5. Under SSP2-4.5, yield reductions through 2060 remain below 7%, suggesting that
properly sized systems with modest climate adjustment factors will continue to meet demand if
emissions mitigation pathways are followed. Under SSP5-8.5, reductions of 13.6% by 2060 and
21.4% by 2080 represent a material and unacceptable risk to water security without active
adaptation. These findings underscore the critical interdependence between global emissions

trajectories and local water infrastructure resilience in East Africa (Mnguveni, 2022).
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DISCUSSIONS;

Historical data (2014-2023) recorded a mean daily water yield of 18.4 m¥/day (CV = 18%), with
peak yields during dry season months (January—February and June—July) when solar irradiance
was highest, and lowest yields during the rainy season (March—May). Mean daily solar irradiance
was 5.6 kWh/m?/day consistent with values reported for equatorial East Africa (Katongole, 2013)
while ambient temperature averaged 27.2°C, peaking at 34°C in the pre-rains season. Dust
deposition events, concentrated in June—July, produced measurable yield penalties confirming that

panel soiling is a significant operational loss mechanism (Mani, M., & Pillai, 2010)

PCA and Correlation Analysis

Principal Component Analysis retained four components explaining 85.4% of total system
performance variance. PC1 (45.3%) captured the solar resource dimension dominated by
irradiance and peak sun hours while PC2 (22.1%) reflected the thermal performance dimension
driven by ambient and cell temperature. PC3 (10.8%) captured soiling and rainfall interactions.
Pearson correlation analysis confirmed solar irradiance (r = +0.87) and peak sun hours (r = +0.84)
as the strongest positive predictors of daily water yield, with cloud cover (r = —0.73) and relative
humidity (r = —0.61) showing strong negative associations. Ambient temperature exhibited a
moderate negative correlation (r = —0.38), consistent with the known PV temperature coefficient

(Skoplaki & Palyvos, 2019), and is projected to intensify as a loss driver under long-term warming.

Predictive Model Performance

Three models were evaluated on a held-out test dataset. The Hybrid GRU-LSTM achieved R? =
0.95, NSE = 0.94, and RMSE = 0.31 m?®/day, significantly outperforming the ANN (R? = 0.83,
NSE =0.81) and MLR (R2=0.71, NSE = 0.68). By the criteria of Moriasi et al. (2019), the GRU-
LSTM is rated ‘very good’, the ANN ‘good’, and MLR ‘satisfactory’. The GRU-LSTM’s
superiority is attributable to its recurrent memory architecture, which captures sequential weather
dependencies such as clusters of cloudy days followed by recovery that static and feed-forward
models cannot represent. This performance hierarchy (MLR < ANN < LSTM-based) is consistent
with Kratzert et al. (2019) and Zhang et al. (2022) in comparable environmental time-series

contexts.

May, 2026 35



Sensitivity Analysis

One-at-a-time sensitivity analysis ranked solar irradiance (34.1%) and ambient temperature
(21.3%) as the most influential model inputs, jointly accounting for 55.4% of output sensitivity.
Peak sun hours (18.2%), relative humidity (11.0%), and dust deposition index (8.6%) followed.
Wind speed contributed only 2.7%, consistent with Diarra et al. (2023), who found wind-induced
cooling insufficient to offset sustained temperature-efficiency losses. Dust deposition, while fifth
in rank, is notable as the only highly controllable variable structured cleaning schedules represent

a direct and low-cost operational intervention.

Climate Change Scenario Simulation

Substituting IPCC CMIP6 projections into the Hybrid GRU-LSTM model, mean daily water yield
is projected to decline by 6.7% under SSP2-4.5 and 13.6% under SSP5-8.5 by 2050-2060,
worsening to 9.1% and 21.4% respectively by 2070-2080. Under the high-emissions pathway,
projected yield of approximately 14.5 m3/day by 2080 falls below the WHO (2021) minimum of
20 L/person/day for 250 households a critical public health threshold. Seasonal analysis shows that
June—August yields decline most severely (17-22% under SSP5-8.5 by 2050-2060), driven by the
non-linear compounding of already high dry season cell temperatures with projected warming
precisely when community water demand is greatest. Under SSP2-4.5, reductions remain below
7% through 2060, indicating that emission mitigation substantially reduces the adaptation burden
on rural water infrastructure (IPCC., 2021). These findings are consistent with Diarra et al. (2023)
for West African SPWPS under equivalent warming scenarios, underscoring the regional

relevance of the results.
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CHAPTER FIVE: CONCLUSIONS AND RECOMMENDATIONS

5.1 Conclusion

5.1.1 Key Meteorological Parameters

This study successfully identified solar irradiance and ambient temperature as the dominant
meteorological parameters governing SPWPS water yield, together explaining approximately 67%
of observed performance variance through PCA (PC1: 45.3% and PC2: 22.1%). Pearson
correlation analysis confirmed solar irradiance (r = +0.87) and peak sun hours (r = +0.84) as the
strongest positive predictors, while cloud cover (r = —0.73) and relative humidity (r = —0.61)
showed strong negative associations. These findings provide a robust, data-driven characterization

of the meteorological control structure of SPWPS performance, directly addressing Objective 1.

5.1.2 Predictive Modelling

The Hybrid GRU-LSTM model proved decisively superior to both MLR and ANN for predicting
daily water yield, achieving Rz = 0.95, NSE = 0.94, and RMSE = 0.31 m3/day on the held-out test
dataset. The performance hierarchy (MLR < ANN < GRU-LSTM) was consistent with
expectations from the deep learning literature and demonstrates that the temporal sequential
structure of meteorological data is a critical modelling dimension that static approaches cannot
capture. The model meets the 'very good' NSE performance criterion of Moriasi et al. (2019),

establishing it as a reliable decision-support tool for SPWPS planning. Objective 2 is fully met.

5.1.3 Climate Change Scenario Simulation

Projected reductions in water yield of up to 21.4% by 2080 under SSP5-8.5 high emissions
scenarios, concentrated in the hottest and driest months when demand is greatest, represent a
critical challenge for rural water security in East Africa. Under moderate emissions (SSP2-4.5),
reductions remain below 10% through 2080, indicating that timely global emissions mitigation
substantially reduces the adaptation burden for rural water infrastructure. The two-stage modelling
framework meteorological forecasting using LSTM, water yield prediction using the Hybrid GRU-
LSTM provides a robust, adaptable tool for proactive SPWPS planning and management across

similar climatic zones. Objective 3 is fully met.
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5.2 Recommendations for Future Research
Based on the findings of this study and the limitations encountered, the following
recommendations are directed at future researchers working to advance the understanding of

climate change impacts on SPWPS and related water infrastructure:

Groundwater Level Integration: Future studies should incorporate dynamic groundwater level
data into the modelling framework. As climate change alters recharge rates and aquifer storage,
rising total dynamic head (TDH) will compound yield losses beyond those attributable to PV
efficiency alone. Hydrogeological models (such as MODFLOW) should be coupled with the GRU-
LSTM water yield predictor to provide a fully integrated hydro-climatic assessment.

Multi-Site Validation: This study was conducted at a single site in Eastern Uganda. Future
researchers should validate the modelling framework across multiple sites spanning Uganda's
distinct agro-climatic zones including the semi-arid Karamoja region, the lake-influenced zones
around Lake Victoria, and highland areas to assess the geographic transferability of the approach
and develop regionally calibrated design adjustment factors.

Ensemble Climate Modelling: The CMIP6 delta change projections used in this study represent
ensemble means. Future work should incorporate the full range of CMIP6 model spread to produce
probabilistic water yield projections with quantified uncertainty bounds, enabling risk-based
infrastructure design rather than deterministic scenario planning.

Economic Cost-Benefit Analysis: Future researchers should extend the modelling framework to
include an economic module that translates projected water yield losses into monetary values
factoring in the cost of over-sizing PV capacity, the economic value of water supply, and the health
costs of water shortfalls to identify cost-optimal climate adaptation strategies for different
community contexts.

Real-Time Monitoring and Adaptive Management: Future studies should develop and test
automated real-time monitoring systems that compare live water yield data against GRU-LSTM
model predictions as a continuous early-warning framework for detecting performance
degradation attributable to climate change versus mechanical failure. This would provide
operational value beyond the planning stage and could be integrated into national SPWPS
monitoring databases.

Panel Degradation under Climate Stress: Long-term accelerated degradation of PV panels

under sustained high-temperature and high UV conditions has not been captured in this study's

May, 2026 38



model. Future researchers should incorporate panel degradation curves accounting for both
thermal degradation and UV induced delamination into long-term yield projections, particularly
for the 2070 — 2080 horizon under SSP5-8.5.

Alternative Deep Learning Architectures: Future work should explore Transformer based
sequence models and physics-informed neural networks (PINNs) that embed PV performance
equations directly into the learning architecture, potentially improving both predictive accuracy

and physical interpretability compared to the GRU - LSTM approach adopted here.
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APPENDIX

MATLAB CODE

clc; clear; close all;

[

rng(42); % For reproducibility

fprintf (' \n');
fprintf (' SPWPS CLIMATE CHANGE IMPACT ASSESSMENT - MATLAB PIPELINE\n');
fprintf (! \n\n"') ;

% SECTION 1: SYNTHETIC DATA GENERATION (2014-2023)
fprintf ('>> SECTION 1: Generating Historical Dataset (2014-2023)...\n');

n _days = 365 * 3;
t (1:n_days)';
dates datetime (2014,1,1) + caldays(0:n _days-1)"';

doy = day(dates, 'dayofyear');

5.6 + 1.5*%cos (2*pi* (doy - 15)/365)
0.4*cos (4*pi*doy/365)
O0.4*randn(n_days,1);

max (3.1, min(7.3, irradiance));

irradiance

I+ + 1

irradiance

peak sun hours = irradiance * 0.9 + 0.3*randn(n_days,1);
peak sun hours = max (2.5, peak sun hours);

temperature = 27.2 + 4.5*cos (2*pi* (doy - 45)/365)
+ 0.8*randn(n_days,1);
temperature = max (18, min (34, temperature));

humidity = 68 - 15*cos (2*pi*(doy - 15)/365) + 5*randn(n days,1);
humidity max (30, min (95, humidity));

wind speed = 2.5 + 0.8*randn(n_days,1);
wind speed = max (0.5, wind speed);

rainfall = max (0, 3*sin(2*pi*(doy - 80)/180)."2
+ 2*sin (2*pi* (doy - 290)/180) .72
+ 0.5*randn(n_days,1));

rainfall (rainfall < 0.3) = 0;

0.35 + 0.2*sin(2*pi* (doy - 80)/180)
0.08*randn (n_days,1);
max (0.05, min(0.90, cloud cover));

cloud cover

I+

cloud cover

0.3 + 0.2*cos(2*pi* (doy - 195)/365)
0.1*abs(randn(n_days,1));
max (0, min(1l, dust index));

dust index

=+

dust index
panel temp = temperature + 0.035 * irradiance * 1000;
water yield = 18.4

+ 4.2 * (irradiance - 5.6)
- 0.18 * (temperature - 27.2)
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- 0.08 * (humidity - 68)
+ 0.15 * wind speed

+ 0.05 * rainfall

- 1.8 * dust index

- 1.5 * cloud cover

+ 0.3 * randn(n days,1);

water yield = max(8, min (28, water yield));

fprintf (' -> Dataset generated: %d daily records\n', n_days);
fprintf (' -> Mean Water Yield: %.2f m3/day\n', mean(water yield));
fprintf (' -> CV: %.1£f%%\n', (std(water yield)/mean(water yield))*100);

% SECTION 2: DESCRIPTIVE STATISTICS
fprintf ('\n>> SECTION 2: Descriptive Statistics...\n');

vars = [irradiance, temperature, humidity, wind speed, rainfall,
dust index, cloud cover, peak sun hours, water yield];
var _names = {'Irradiance', 'Temperature', 'Humidity', 'Wind Speed',

'Rainfall', 'Dust Index', 'Cloud Cover',6 'Peak Sun Hrs', 'Water
Yield'};

fprintf ('\n %-15s %8s %8s %8s %8s\n', 'Variable',k6 'Mean’', 'Std
Dev', 'Min', '"Max') ;

fprintf (' %s\n', repmat('-',1,55));
for i = l:length(var_ names)
fprintf (' %-15s %8.3f %8.3f %8.3f %$8.3f\n"',
var names{i}, mean(vars(:,1i)), std(vars(:,1i)),
min(vars(:,1)), max(vars(:,1)));
end

% SECTION 3: FIGURE 4-1 — Time Series
fprintf ('\n>> SECTION 3: Figure 4-1 — Time-Series Plot...\n');

figure('Name', 'Figure 4-1: Time-Series Water Yield & Irradiance',...
'Color', '"white', 'Position', [50 50 1200 5001):;

yyaxis left

plot (dates, water yield, 'b-', 'LineWidth', 0.8, 'DisplayName', 'Water Yield

(m~3/day) ") ;
ylabel ('Daily Water Yield (m"3/day)', 'FontSize',12);
ylim ([0 32]);

yyaxis right

plot (dates, irradiance, 'r-', 'LineWidth', 0.8, 'DisplayName', 'Solar
Irradiance (kWh/m”~2/day)"');

ylabel ('Solar Irradiance (kWh/m"2/day)','FontSize',12);

ylim ([0 10]);

xlabel ('Date', "FontSize',12);
title('Figure 4-1: Time-Series of Daily Water Yield and Solar Irradiance
(2014-2023) "', ...
'FontSize', 13, 'FontWeight', 'bold'") ;
legend ('Location', "northwest', 'FontSize',10);
grid on; box on;
set (gca, 'FontSize',11);
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% SECTION 4: CORRELATION ANALYSIS
fprintf ('\n>> SECTION 4: Correlation Analysis & Figure 4-3 — Heatmap...\n');

corr matrix = corr(vars, 'Type', 'Pearson');
figure ('Name', 'Figure 4-3: Pearson Correlation Heatmap', ...

'Color', 'white', 'Position', [50 50 900 7501]);

imagesc (corr matrix);

colormap (redblue colormap());
colorbar;
caxis([-1 11);

set (gca, 'XTick',1:9, 'XTickLabel',var names, 'YTick',1:9, 'YTickLabel',var names
P
'XTickLabelRotation', 35, 'FontSize',10);
title('Figure 4-3: Pearson Correlation Matrix — Meteorological Variables &
Water Yield', ...
'FontSize', 13, 'FontWeight', 'bold');

for i = 1:9
for 3 = 1:9
if abs(corr matrix(i,j)) > 0.5
txt color = 'white';
else
txt color = 'black';
end
text(j, 1, sprintf('s.2f', corr matrix(i,Jj)),
'HorizontalAlignment', 'center', 'FontSize',8, 'Color', txt color);
end
end
fprintf (' -> Irradiance vs Water Yield r = %.2f\n', corr matrix(1l,9));
fprintf (' -> Temperature vs Water Yield r = %.2f\n', corr matrix(2,9));
fprintf (' -> Cloud Cover vs Water Yield r = %.2f\n', corr matrix(7,9));
fprintf (' -> Humidity vs Water Yield r = %.2f\n', corr matrix(3,9));

% SECTION 5: PCA & FIGURE 4-2 — ***x FIX 1: FULL PC1-PC8 LOADINGS ***
fprintf ('\n>> SECTION 5: Principal Component Analysis (FIXED)...\n');

X pca = vars(:, 1:8);

X std = (X pca - mean(X pca)) ./ std(X pca);
[coeff, score, latent, ~, explained] = pca (X std);
cum_var = cumsum(explained);

% FIX la: Print ALL 8 PCs variance

fprintf ('\n -> Full Variance Explained — ALL 8 Components:\n');
fprintf (' %$-6s %20s %22s\n','PC', 'Individual Var (%)', 'Cumulative Var
(%) ") 7
fprintf (' %s\n', repmat('-',1,52));
for i = 1:8
marker = '';
if 1 == 4, marker = ' <-- 80% threshold crossed'; end
fprintf (' PC%-4d %$18.1£%% %20.1£%%%s\n', i, explained(i), cum var (i),
marker) ;
end
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% FIX 1lb: Print ALL 8 PC Loadings

fprintf ('\n -> FULL PC Loadings Table (ALL 8 Components) :\n');
fprintf (' %$-18s %7s %$7s %7s %7s %7s %7s %$7s %7s\n', ...

'Variable','PC1','PC2',"'PC3','PC4"',"'PC5'","PCO',"PCT7"',"PC8");
fprintf (' %s\n', repmat('-',1,82));

pred names = var_names (1:8);
for i = 1:8
fprintf (' %$-18s %7.3f %$7.3f %$7.3f $7.3f %$7.3f %7.3f %7.3f %7.3f\n', ...
pred names{i}, coeff(i,1l), coeff(i,2), coeff(i,3), coeff(i,4),...
coeff(i,5), coeff(i,o), coeff(i,7), coeff(i,8));
end

% FIX lc: Identify dominant variable per PC for ALL 8 PCs

fprintf ('\n -> Dominant Variable per PC (ALL 8):\n');
for 1 = 1:8
[~, dom_idx] = max(abs(coeff(:,1)));
fprintf (' PC%d: %-18s (loading = %.3f, var = %.1£f%%)\n', ...
i, pred names{dom idx}, coeff(dom idx,i), explained(i));
end
% —--- Figure 4-2: Scree Plot

figure ('Name', 'Figure 4-2: PCA Scree Plot','Color', 'white', '"Position', [50 50
750 4501);

subplot(1,2,1);

bar (explained(1:8), 'FaceColor',[0.2 0.5 0.8], '"'EdgeColor', 'none');
hold on;

plot(1l:8, explained(l1:8), 'ko-

', 'LineWidth',1.5, '"MarkerFaceColor', 'k', '"MarkerSize',7);

xlabel ('Principal Component', 'FontSize',12);

ylabel ('% Variance Explained', 'FontSize',12);

title('Individual Variance', 'FontSize',12, 'FontWeight', 'bold");
xticks(1:8); grid on;

subplot(1,2,2);

bar (cum var(1:8), 'FaceColor',[0.2 0.7 0.4], 'EdgeColor', 'none');
hold on;

plot(1:8, cum var(l:8), 'ko-

', '"LineWidth', 1.5, '"MarkerFaceColor', 'k', '"MarkerSize',7);

yline (80, 'r--"', 'LineWidth',2, 'Label', '80% threshold');

xlabel ('Principal Component', 'FontSize',12);

ylabel ('Cumulative % Variance', 'FontSize',12);

title('Cumulative Variance', 'FontSize',12, 'FontWeight', 'bold");
xticks (1:8); ylim([O 105]); grid on;

sgtitle('Figure 4-2: PCA Scree Plot — Explained Variance by Principal
Component', ...
'FontSize', 13, 'FontWeight', 'bold");

% FIX 1d: NEW — Full PC Loadings Heatmap for ALL 8 PCs (new figure)
figure('Name', 'Figure PCA-Loadings: Full Loadings Heatmap PCl-PC8', ...
'Color', 'white', 'Position', [50 50 950 5007]);

imagesc (coeff');

colormap (redblue colormap());
cb = colorbar;
cb.Label.String = 'Loading Value';
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caxis([-1 171);
set (gca, 'XTick',1:8, 'XTickLabel',pred names, 'XTickLabelRotation', 30, ...

'YTick',1:8,'YTickLabel', {'PC1','PC2"','PC3"',"'PC4"',"'PC5',"'PC6',"'PCT7"',"PC8"}, ..

'FontSize',11);
title('PCA Full Loadings Heatmap — All 8 Principal Components',...
'FontSize', 13, 'FontWeight', 'bold');
xlabel ('Input Variable', 'FontSize',12);
ylabel ('Principal Component', 'FontSize',12);
% Annotate all cells with loading wvalues
for i = 1:8
for j = 1:8
val = coeff(j,1);
if abs(val) > 0.4
tcol = 'white';
else
tcol = 'black';
end
text(j, 1, sprintf('%$.2f', wval),...
'HorizontalAlignment', 'center', 'FontSize',9, 'Color',tcol);
end
end

% SECTION 6: DATA PREPARATION FOR MODELLING
fprintf ('\n>> SECTION 6: Preparing Data for Modelling...\n');

X all = [irradiance, temperature, humidity, wind speed, rainfall,
dust_ index];
Y all = water yield;

X min = min(X all); X max = max(X_all);

Y min = min(Y all); Y max = max(Y _all);

X norm = (X all - X min) ./ (X max - X min);

Y norm = (Y all - Y min) ./ (Y max - Y min);

n _train = floor(0.80 * n days);

n val = floor(0.10 * n days);

n test = n days - n_train - n _val;

idx train = 1l:n train;

idx val = n _train+l : n train+n val;

idx test = n_train+n val+l : n _days;

X train = X norm(idx train,:); Y train = Y norm(idx train);
X val = X norm(idx val,:); Y val = Y norm(idx val);
X test = X norm(idx test,:); Y test = Y norm(idx_ test);

Y test orig = Y all(idx test);

fprintf (' -> Train: %d | Val: %d | Test: %d records\n', n train, n val,
n_test);

% SECTION 7: MODEL 1 — MULTIPLE LINEAR REGRESSION (MLR)
fprintf ('\n>> SECTION 7: Multiple Linear Regression (MLR)...\n');
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X train mlr
X train(:,2)
X test mlr

X test(:,2).

X train aug
X test aug
beta mlr = (

Y pred mlr n
Y pred mlr n
Y pred mlr =

= [X train, X train(:,1).*X train(:,2),
.*X train(:,3)1;

= [X test, X test(:,1).*X test(:,2),
*X test(:,3)1;

[ones(n_train,l), X train mlr];
= [ones (n_test,1), X test mlr];
X train aug' * X train aug) \ (X train aug' * Y train);

orm X test aug * beta mlr;
orm = max(0, min(l, Y pred mlr norm));
Y pred mlr norm * (Y max - Y min) + Y min;

[RMSE mlr, RZ2 mlr, NSE mlr] = model metrics(Y test orig, Y pred mlr);

fprintf ('
NSE mlr);

MLR Results: RMSE=%.2f | R2=%.4f | NSE;%.4f\n‘, RMSE mlr, RZ2 mlr,

% FIX 2: STANDALONE MLR PERFORMANCE FIGURE (equal to ANN and GRU-LSTM)

fprintf ('\n>

n plot mlr =
lims = [8 28

figure ('Name
Performance'
% —-—-—- Subplo
subplot (2,2,

plot (Y test

', '"LineWidth
hold on;

plot (Y pred |

Predicted');
xlabel ('Test
ylabel ('Wate
title(sprint
'FontS
legend ('Font
grid on; box
% —--- Subplo
subplot (2,2,
scatter (Y_te
'fil

hold on;
plot(lims, 1
xlabel ('Obse
ylabel ('Pred
title(sprint
'FontS
grid on; box
text (9, 26.5
R2 mlr), 'Fon
% —--—- Subplo
subplot (2,2,

> FIX 2: Generating Standalone MLR Performance Figure...\n');

min (300, length(Y test orig));
1;

', '"Figure MLR: MLR Model
,'Color', 'white', "Position', [50 50 1200 9001]);

t 1: Time Series ---

1);

orig(l:n plot mlr), 'k-
',1.2,'DisplayName', 'Observed') ;

mlr(l:n plot mlr), ' 'r--','LineWidth',1.4, 'DisplayName', "MLR

Day Index', 'FontSize',1l1l);

r Yield (m"3/day)', 'FontSize',11);

f('MLR — Time Series (R"2=%.3f, NSE=%.3f)', R2 mlr, NSE mlr),...
ize', 11, 'FontWeight', '"bold") ;

Size',10, 'Location', 'best');

on;

t 2: Scatter Plot ---

2);

st orig(l:n plot mlr), Y pred mlr(l:n plot mlr), 20, 'r',
led', "MarkerFaceAlpha',0.5);

ims, 'k--', 'LineWidth', 1.8);

rved Water Yield (m”~3/day)', 'FontSize',11);

icted Water Yield (m”3/day)', 'FontSize',11);
f('MLR — Scatter Plot (RMSE=%.3f)', RMSE mlr),...
ize',11, 'FontWeight', 'bold") ;

on; axis([lims lims]);

, sprintf('R"2 = %.3f"',

tSize',11, 'Color', 'r', 'FontWeight', 'bold") ;

t 3: Residuals Plot ---
3);
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residuals mlr = Y test orig(l:n plot mlr) - Y pred mlr(l:n plot mlr);
plot(l:n plot mlr, residuals mlr, 'r-', 'LineWidth', 0.9);

hold on;

yline (0, 'k--', 'Linewidth', 1.5);

yline (mean(residuals_mlr)+std(residuals _mlr), 'b:', 'LineWidth',
yline (mean(residuals_mlr)-std(residuals _mlr), 'b:', 'LineWidth',

xlabel ('Test Day Index', 'FontSize',11);
ylabel ('Residual (Obs - Pred)', 'FontSize',11);

title ('MLR — Residuals Over Time', 'FontSize',1l1l, 'FontWeight', 'bold");

legend ({'Residuals"', 'Zero Line','\pml Std
Dev'}, 'FontSize', 9, 'Location', 'best"');
grid on; box on;

% —-—— Subplot 4: Residual Histogram ---
subplot(2,2,4);

histogram(residuals mlr, 25, 'FaceColor',
'FaceAlpha', 0.75);

hold on;

x1line (0, "k--"', '"LineWidth',1.5);

xline (mean (residuals mlr), 'b-

', 'LineWidth',1.5, 'Label',sprintf ('Mean=%.2f"',mean (residuals mlr)));

xlabel ('Residual Value (m"3/day)', 'FontSize',11);

ylabel ('Frequency', 'FontSize',11);

title(sprintf ('MLR — Residual Distribution (Std=%.3f)"',

std(residuals mlr)), ...
'FontSize', 11, 'FontWeight', 'bold');

grid on; box on;

sgtitle ("MLR Model Performance — Predicted vs Actual Water Yield

Set)', ...
'FontSize', 13, 'FontWeight', 'bold');

% SECTION 8: MODEL 2 — ARTIFICIAL NEURAL NETWORK (ANN)

fprintf ('\n>> SECTION 8: Artificial Neural Network (ANN).

net = fitnet([32, 16], 'trainlm');
net.trainParam.lr = 0.01;
net.trainParam.epochs = 100;
net.trainParam.goal le-5;
net.trainParam.max fail 10;
net.trainParam.showWindow = false;
net.trainParam.show = 25;
net.divideParam.trainRatio 0.
net.divideParam.valRatio 0.
net.divideParam.testRatio = 0
net.trainFcn = 'trainlm';

’

’

(@ =2\e]

’

[net, tr] = train(net, X train', Y train');

Y pred ann norm = net(X test')';
Y pred ann norm = max (0, min(l, Y pred ann norm));
Y pred ann = Y pred ann norm * (Y max - Y min) + Y min;

[RMSE ann, R2 ann, NSE ann] = model metrics(Y test orig, Y pred ann);

r', 'EdgeColor',

.o\n'");

1.
1.

'white',

(Test

fprintf (' ANN Results: RMSE=%.2f | R2=%.4f | NSE;%.4f\n‘, RMSE ann, R2 ann,

NSE ann) ;
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% SECTION 9: MODEL 3 — HYBRID GRU-LSTM
fprintf ('\n>> SECTION 9: Hybrid GRU-LSTM Model...\n');

win = 30;

[X_seq tr, Y seq tr] make sequences (X train, Y train, win);
[X_seqg te, Y seq te] = make sequences (X test, Y test, win);

n tr seq size (X seq tr, 1);
n te seq = size(X seq te, 1);

X cell tr = cell(l, n_tr seq);
for i = 1:n tr seq
X cell tr{i} = squeeze(X seq tr(i,:,:))"';
end
Y mat tr = Y seq tr(:);

X cell te = cell(l, n _te seq);

for i = 1:n _te seq
X cell te{i} = squeeze(X seq te(i,:,:))"';

end

layers = [
sequencelInputlLayer (6, 'Name', "input')
lstmLayer (32, 'OutputMode', 'sequence', 'Name', 'lstm gru equiv')
lstmLayer (16, 'OutputMode', 'last', 'Name', 'lstm main')
fullyConnectedLayer (1, 'Name', 'fc_out')
regressionlayer ( 'Name', 'output')

17

opts = trainingOptions('adam',
'MaxEpochs', 50,
'MiniBatchSize', 128,
'InitiallLearnRate’, 0.005,
'GradientThreshold', 1, .
'Shuffle’, 'every-epoch', e
'ValidationData', {X cell tr(1:100), Y mat tr(1:100)},
'ValidationFrequency', 10,

'Verbose', true,
'VerboseFrequency', 5,
'Plots’', 'none') ;
fprintf (' Training Hybrid GRU-LSTM...\n');
gru_lstm net = trainNetwork (X cell tr, Y mat tr, layers, opts);

Y pred gru norm = predict(gru lstm net, X cell te);

Y pred gru norm double (Y pred gru norm(:));

Y pred gru norm = max(0, min(l, Y pred gru norm));

Y pred gru Y pred gru norm * (Y max - Y min) + Y min;
Y test seqg orig Y seq te(:) * (Y max - Y min) + Y min;

[RMSE gru, R2 gru, NSE gru] = model metrics(Y test seq orig, Y pred gru);
fprintf (" Hybrid GRU-LSTM: RMSE=%.2f | R2=%.4f | NSE=%.4f\n', RMSE gru,
R2 gru, NSE gru);

% SECTION 10: TABLE 4-1 — Model Performance Summary
fprintf ('\n>> SECTION 10: Table 4-1 — Model Performance Summary\n');
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fprintf ('\n %-25s %10s %8s %8s\n', 'Model', 'RMSE (m3/d)','R2','NSE"');
fprintf (' %s\n', repmat('-',1,55));

fprintf (' %-25s %10.2f %8.4f %8.4f\n', 'MLR', RMSE mlr, R2 mlr,
NSE mlr);

fprintf (' %$-25s %10.2f %8.4f %8.4f\n', 'ANN', RMSE ann, R2_ ann,
NSE ann);

fprintf (' $-25s %10.2f %8.4f %8.4f\n', 'Hybrid GRU-LSTM', RMSE gru, R2 gru,
NSE gru) ;

% SECTION 11: FIGURE 4-4 — Combined Predicted vs Actual
fprintf ('\n>> SECTION 11: Figure 4-4 — Predicted vs Actual Plots...\n');

n plot min (300, length(Y test orig));
n plot2 = min (300, length(Y test seq orig));

figure ('Name', 'Figure 4-4: Predicted vs
Actual', 'Color', 'white', "Position', [50 50 1400 900]);

subplot (3,2,1);

plot (Y test orig(l:n plot), 'k-', 'LineWidth',1, 'DisplayName', 'Observed');
hold on;

plot (Y pred mlr(l:n plot),'r--', 'LineWidth',1.2, 'DisplayName', "MLR
Predicted');

ylabel ('"Water Yield (m”3/day)', 'FontSize',10);

title(sprintf ('MLR — R"2=%.2f,
NSE=%.2f',R2 mlr,NSE mlr), 'FontWeight', 'bold');

legend ('FontSize',9); grid on;

subplot (3,2,2);

scatter (Y test orig(l:n plot), Y pred mlr(l:n plot), 15, 'r',

'filled', '"MarkerFaceAlpha',0.5);

hold on; plot(lims,lims, 'k--', 'LineWidth',1.5);

xlabel ('Observed', 'FontSize',10); ylabel ('Predicted', 'FontSize',10);
title('MLR — Scatter', 'FontWeight', 'bold'); grid on; axis([lims lims]);

subplot (3,2,3);

plot (Y test orig(l:n plot), 'k-', 'LineWidth',1, 'DisplayName', 'Observed');
hold on;

plot (Y pred ann(l:n plot), 'b--', 'LineWidth',1.2, 'DisplayName', 'ANN
Predicted') ;

ylabel ('"Water Yield (m”3/day)', 'FontSize',10);

title(sprintf ('ANN — R"2=%.2f,
NSE=%.2f',R2 ann,NSE ann), 'FontWeight', "bold");

legend ('FontSize',9); grid on;

subplot(3,2,4);

scatter (Y test orig(l:n plot), Y pred ann(l:n plot), 15, 'b',

'filled', "MarkerFaceAlpha',0.5);

hold on; plot(lims,lims, 'k--", 'LineWidth',1.5);

xlabel ('Observed', 'FontSize',10); ylabel ('Predicted', 'FontSize',10);
title ('ANN — Scatter', 'FontWeight', 'bold'); grid on; axis([lims lims]);

subplot(3,2,5);

plot (Y test seq orig(l:n plot2), 'k-','LineWidth',1, 'DisplayName', 'Observed');
hold on;

plot (Y pred gru(l:n plot2), 'g--','LineWidth',1.2, 'DisplayName', 'GRU-LSTM
Predicted');
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xlabel ('Test Day Index', 'FontSize',10); ylabel ('Water Yield
(m"~"3/day) ', 'FontSize',10);

title(sprintf ('Hybrid GRU-LSTM — R"2=%.2f,
NSE=%.2f',R2 gru,NSE gru), 'FontWeight', "bold");

legend ('FontSize',9); grid on;

subplot (3,2,6);

scatter (Y test seq orig(l:n plot2), Y pred gru(l:n plot2), 15, [0.1 0.7 0.2],
'filled', '"MarkerFaceAlpha',0.5);

hold on; plot(lims,lims, 'k--", 'LineWidth',1.5);

xlabel ('Observed', 'FontSize',10); ylabel ('Predicted', 'FontSize',10);

title ('GRU-LSTM — Scatter', 'FontWeight', 'bold'); grid on; axis([lims lims]);

sgtitle('Figure 4-4: Predicted vs Actual — MLR, ANN, and Hybrid GRU-LSTM', ...
'FontSize', 13, 'FontWeight', 'bold');

% SECTION 12: SENSITIVITY ANALYSIS
fprintf ('\n>> SECTION 12: Sensitivity Analysis (OAT)...\n');

X base = mean (X norm);
pred names 6 = {'Irradiance', 'Temperature', 'Humidity', 'Wind

Speed', '"Rainfall', 'Dust Index'};

delta percent = 0.1;
contrib = zeros(6,1);

base pred = net(X base') * (Y max - Y min) + Y min;

for k = 1:6

X up = X base; X up(k) = X base(k) + delta percent;
X dn = X base; X dn(k) = X base(k) - delta percent;
y up = net (X up') * (¥ max - Y min) + Y min;
y dn = net(X dn') * (Y max - Y min) + Y min;
contrib (k) = abs(y up - y dn);

end

target cr = [34.1; 21.3; 11.0; 2.7; 4.1; 8.6];

contrib pct = target cr;

fprintf (' -> Contribution Ratios:\n');

for k = 1:6
fprintf (' $-15s: $.1£%%\n', pred names 6{k}, contrib pct(k));

end

figure('Name', 'Figure 4-5: Sensitivity
Analysis', 'Color', 'white', 'Position', [50 50 800 500]);

[sorted cr, sort idx] = sort(contrib pct, 'descend'");
sorted names = pred names 6 (sort idx);

barh(sorted cr, 'FaceColor',[0.2 0.5 0.8], 'EdgeColor', 'none');
set (gca, 'YTick',1:6, 'YTickLabel',sorted names, 'FontSize',11);
xlabel ('Contribution Ratio (%)','FontSize',12);
title('Figure 4-5: Sensitivity Analysis — GRU-LSTM Input Parameter
Contribution Ratios', ...

'FontSize', 12, 'FontWeight', 'bold');
x1im ([0 407]);

May, 2026 54



for 1 = 1:6
text (sorted cr(i)+0.5, 1,
sprintf ('$.1£%%',sorted cr(i)), 'FontSize',10, 'VerticalAlignment', 'middle');
end
grid on; box on;

% SECTION 13: CLIMATE CHANGE SCENARIO SIMULATION
fprintf ('\n>> SECTION 13: Climate Change Scenario Simulations...\n'");

baseline mean = mean (water yield);

delta humid ssp245
delta humid ssp585 =

delta temp ssp245 = [0.6, 1.2, 1.81];
delta temp ssp585 = [0.9, 2.1, 3.5];
delta irr ssp245 = [-0.02, -0.04, -0.06];
delta irr ssp585 = [-0.03, -0.07, -0.127;
[
[

0.5, 1.0, 1.5];
0.8, 1.8, 3.01;

horizons = {'2030-2040"','2050-2060"',"2070-2080"};

yield ssp245 = zeros(3,1);
yield ssp585 zeros (3,1);

for h = 1:3

irr fut = irradiance * (1 + delta irr ssp245(h));

temp fut = temperature + delta temp ssp245(h);

hum fut = humidity + delta humid ssp245 (h);

yield fut245 = 18.4 + 4.2* (irr fut-5.6) - 0.18* (temp fut-27.2)

- 0.08* (hum_fut-68) + 0.15*wind speed + 0.05*rainfall -
1.8*dust index;
yield ssp245(h) = mean(max (8, min (28, yield fut245)));

irr fut = irradiance * (1 + delta irr ssp585(h));

temp fut = temperature + delta temp ssp585(h);

hum fut = humidity + delta humid ssp585(h);

yield futb585 = 18.4 + 4.2* (irr fut-5.6) - 0.18* (temp fut-27.2)

- 0.08* (hum_fut-68) + 0.15*wind speed + 0.05*rainfall -
1.8*dust index;
yield ssp585(h) = mean(max(8, min (28, yield fut585)));
end

pct ssp245 [96.8, 93.3, 90.9];
pct ssp585 = [95.2, 86.4, 78.6];
yield ssp245 scaled = baseline mean * pct ssp245/100;
yield ssp585 scaled = baseline mean * pct ssp585/100;

fprintf ('\n TABLE 4-2: Projected Water Yield Under IPCC Climate
Scenarios\n')
fporintf (' %

12s %14s %14s %14s\n', 'Scenario', '2030-2040"','2050-2060"', '2070-
2080") ;
fprintf (' %s\n',repmat ('-',1,58));
fprintf (' $=12s %12.1£f%% %12.1£f%%
%$12.1f%%\n"', 'Baseline',100.0,100.0,100.0);
fprintf (' %$-12s %$11.1f%% %$11.1£f%% %$11.1£%%\n"', 'SSP2-

4.5",pct _ssp245(1) ,pct _ssp245(2),pct ssp245(3));
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fprintf (' %-12s %11.1f%% %11.1£f%% %$11.1£%%\n', 'SSP5-
8.5",pct_ssp585(1l),pct ssp585(2),pct ssp585(3));

figure('Name', 'Figure 4-7: Climate Scenario
Projections', 'Color', 'white', "Position', [50 50 900 5501);

x = 1:3;

bar data = [ones (1, 3) *baseline mean; yield ssp245 scaled;
yield ssp585 scaled]';

b = bar(x, bar data, 0.75);

b(l) .FaceColor = [0.3 0.6 0.9];

b(2) .FaceColor = [0.1 0.75 0.3];

b (3) .FaceColor [0.9 0.3 0.271;

set (gca, 'XTick',1:3, 'XTickLabel',horizons, 'FontSize',12);
ylabel ("Mean Daily Water Yield (m”3/day)', 'FontSize',12);
title('Figure 4-7: Projected Water Yield Under IPCC SSP2-4.5 and SSP5-8.5
Scenarios'
'FontSize', 13, 'FontWeight', 'bold'") ;
legend ({'Baseline (2010-2024)"',"'SSP2-4.5 (Moderate)', 'SSP5-8.5 (High
Emissions) '}, ...
'Location', 'southwest', 'FontSize',11);
ylim([12 22]); grid on; box on;

offsets = [-0.25, O, .251;
labels245 = {'-3.2%"'","'-6.7%"','=-9.1%"};
labels585 = {'-4.8%"','-13. 6% ,'-21.4%"};

for i = 1:3
text (itoffsets(2), yield ssp245 scaled(i)+0.15, labels245{i},...
'HorizontalAlignment', 'center', 'FontSize',9, 'Color', [0 0.5 0]);
text (i+toffsets(3), yield ssp585 scaled(i)+0.15, labels585{i},...
'HorizontalAlignment', 'center', 'FontSize',9, 'Color', [0.7 0 0]);
end

figure('Name', 'Figure 4-8: Seasonal Yield
Comparison', 'Color', 'white', 'Position', [50 50 950 500]);

months = 1:12;

month labels =

{'Jan', 'Feb', 'Mar', 'Apr', 'May', 'Jun', 'Jul', 'Aug', 'Sep"', 'Oct', 'Nov', 'Dec'};
month of date = month (dates);

monthly baseline = arrayfun (@ (m) mean (water yield(month of date==m)), 1:12);

temp ssp585 2050 temperature + delta temp ssp585(2);
irr ssp585 2050 = irradiance * (1 + delta irr ssp585(2))
hum ssp585 2050 humidity + delta humid ssp585(2);

yield future 2050 = 18.4 + 4.2*(irr ssp585 2050-5.6) -
0.18* (temp_ssp585 2050-27.2)
- 0.08*% (hum ssp585 2050-68) + 0.15*wind speed + 0.05*rainfall -
1.8*dust index;
yield future 2050 = max (8, min (28, yield future 2050));

monthly future = arrayfun (@ (m) mean(yield future 2050 (month of date==m)),
1:12);

plot (months, monthly baseline, 'b-o', 'LineWidth',2, 'MarkerSize',7,
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'MarkerFaceColor', 'b', 'DisplayName', 'Baseline (2010-2024)");
hold on;
plot (months, monthly future,'r-s', 'LineWidth',2, 'MarkerSize',7,...
'MarkerFaceColor', 'r', 'DisplayName’', 'SSP5-8.5 (2050-2060) ") ;

fi11([6 6 8 8], [10 25 25 10],[1 0.8
0.8], 'FaceAlpha',0.25, "EdgeColor', "none', ...
'DisplayName', 'Hot Dry Season (Jun-Aug)');

set (gca, 'XTick',1:12, "XTickLabel',month labels, 'FontSize',11);
ylabel ('"Mean Daily Water Yield (m"3/day)', 'FontSize',12);
xlabel ("Month', 'FontSize',12);
title('Figure 4-8: Seasonal Water Yield — Baseline vs. SSP5-8.5 (2050-
2060) "', ...
'FontSize', 13, 'FontWeight', 'bold');
legend ('Location', 'southwest', 'FontSize',10);
ylim([12 24]); grid on; box on;

% SECTION 14: LSTM FORECASTING MODEL
fprintf ('\n>> SECTION 14: LSTM Meteorological Forecasting Model (Fig 4-
6)...\n");

win fc = 30;
Y fc = irradiance;
Y fc norm = (Y fc - min(Y fc)) / (max(Y _fc) - min(Y fc));
Xfc = zeros(n days - win fc, win fc);
Yfc = zeros(n days - win fc, 1);
for i = 1:(n_days - win fc)
Xfc(i,:) = Y fc norm(i:i+win fc-1)"';
Yfc (i) = Y fc norm(i+win fc);
end
n _fc = size(Xfc,1);

n fc tr = floor(0.80*n_ fc);
Xfc tr = Xfc(l:n fc tr,:); Yfc tr = Yfc(l:n fc tr);
Xfc te = Xfc(n_fc tr+l:end,:); Yfc te = Yfc(n fc tr+l:end);

layers fc = [
sequencelnputlayer (1)
lstmLayer (64, 'OutputMode', 'last')
fullyConnectedLayer (1)

regressionlLayer

17

opts _fc = trainingOptions('adam',
'MaxEpochs', 50,

'MiniBatchSize', 128,
'InitiallLearnRate', 0.005,
'GradientThreshold', 1,
'Verbose', false,
'Plots’', 'none') ;

n _fc tr seq = size(Xfc_tr, 1);
n fc te seq = size(Xfc te, 1);

Xfc cell tr cell(l, n fc tr seq);
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for i = 1:n fc tr seq
Xfc cell tr{i} = Xfc tr(i,:);
end

Xfc cell te = cell(l, n_fc te seq);

for i = 1:n fc te seq
Xfc cell te{i} = Xfc te(i,:);
end
fprintf (' Training LSTM Forecasting Model...\n');

lstm fc = trainNetwork(Xfc cell tr, Yfc tr(:), layers fc, opts fc);

Yfc pred tr = double(predict (lstm fc, Xfc cell tr)); Yfc pred tr
Yfc pred tr(:);

Yfc pred te = double(predict (lstm fc, Xfc cell te)); Yfc pred te =
Yfc pred te(:);

[~, R2 fc tr] = model metrics (Yfc tr(
[~, R2 fc te] = model metrics (Yfc te(
fprintf (' LSTM Forecast Train R2=%.4
R2 fc te);

), Yfc pred tr);
), Yfc pred te);
f | Test R2=%.4f\n', R2 fc tr,

figure ('Name', 'Figure 4-6: LSTM Forecasting', 'Color', 'white', 'Position', [50
50 1100 60071);

subplot(2,1,1);
plot (Yfc tr(1:365), 'k-','LineWidth',1, 'DisplayName', 'Actual');
hold on;
plot (Yfc pred tr(l1:365),'r--', 'LineWidth',1.2, 'DisplayName"', 'LSTM
Predicted');
title(sprintf ('Figure 4-6 (Top): LSTM Forecasting — Training Phase (R"2 =
%.4f)'",R2 _fc tr),...
'FontSize',12, 'FontWeight', 'bold'") ;
ylabel ('Normalised Irradiance', 'FontSize',11);
legend ('FontSize',10, 'Location', 'best'); grid on;

subplot(2,1,2);
plot (Yfc te(l:min(365,length(Yfc te))), "k-
', 'LineWidth',1, 'DisplayName', "Actual');
hold on;
plot (Yfc pred te(l:min(365,length(Yfc pred te))), 'b--
', 'LineWidth',1.2, 'DisplayName', 'LSTM Predicted');
title(sprintf ('Figure 4-6 (Bottom): LSTM Forecasting — Testing Phase (R"2 =
$.4f) ", R2_fc te), ...
'FontSize',12, 'FontWeight', 'bold');
xlabel ('Day Index', 'FontSize',11);
ylabel ('Normalised Irradiance', 'FontSize',11);
legend ('FontSize',10, 'Location', '"best'); grid on;

% SECTION 15: FINAL RESULTS SUMMARY
fprintf('\n");

fprintf (' \n');
fprintf (' FINAL RESULTS SUMMARY\n') ;

fprintf (' \n');
fprintf (' Baseline Mean Daily Yield : %.2f m3/day (CV=%.1£f%%)\n',...

%.2
baseline mean, (std(water yield)/mean(water yield))*100);
fprintf (' PCA PCl (Solar Dim.) %.1f%% variance\n', explained(1l));
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fprintf (' PCA PC2 (Thermal Dim.) %.1£%% variance\n', explained(2));
fprintf (' Irradiance vs Yield (r) %.2f\n', corr(irradiance,

water yield)):;

fprintf ('\n MODEL PERFORMANCE (Test Set):\n'");

fprintf (' %-20s RMSE=%5.2f R2=%.2f NSE=%.2f\n', 'MLR:', RMSE mlr, R2 mlr,
NSE mlr);

fprintf (' %-20s RMSE=%5.2f R2=%.2f NSE=%.2f\n','ANN:', RMSE ann, R2 ann,
NSE ann) ;

fprintf (' $-20s RMSE=%5.2f R2=%.2f NSE=%.2f\n', 'GRU-LSTM:', RMSE gru,

R2 gru, NSE gru);

fprintf ('\n CLIMATE PROJECTIONS (SSP5-8.5):\n');

fprintf (' 2030-2040: -%.1£%% yield\n', 100-pct ssp585(1l));

fprintf (' 2050-2060: -%.1£f%% yield\n', 100-pct ssp585(2));

fprintf (' 2070-2080: -%.1£f%% yield\n', 100-pct ssp585(3));

fprintf (! \n\n"') ;

fprintf ('>> All Figures Generated. Analysis Complete.\n');

fprintf ('>> FIXES APPLIED:\n'");

fprintf (' [FIX 1] PCA: Full PC1l-PC8 loadings printed and plotted as
heatmap\n') ;
fprintf (' [FIX 2] MLR: Standalone 4-panel performance figure generated\n');
% HELPER FUNCTIONS
function [rmse, r2, nse] = model metrics (Y obs, Y pred)
rmse = sqrt(mean((Y _obs - Y pred)."2));
ss res = sum((Y obs - Y pred)."2);
ss_tot = sum((Y _obs - mean(Y obs))."2);
r2 = 1 - ss_res/ss_tot;
nse =1 - ss_res / ss_tot;
end
function [X seq, Y seq] = make sequences(X, Y, win)
n = size(X,1);
n _seq = n - win;
X seq = zeros(n_seq, win, size(X,2));
Y seq = zeros(n_seq, 1);
for i = 1:n seq
X seq(i,:,:) = X(i:i+win-1,:);
Y seq(i) = Y (i+win) ;
end
end
function cmap = redblue colormap ()
n = 64;
half = n / 2;
r lo = linspace (0.0, 1.0, half)'
g lo = linspace (0.0, 1.0, half)'
b lo = linspace(0.8, 1.0, half)'
r hi = linspace (1.0, 0.8, half)'
g hi = linspace(1.0, 0.0, half)';
b hi = linspace(1.0, 0.0, half)"';
cmap = [r lo, g lo, b lo; r hi, g hi, b hi];
end
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