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Abstract

Estimating runoff is vital for managing water resources, especially in areas where water is
essential for agriculture, industry, and households. Traditionally, this involved using data
from rain gauge stations and complex mathematical equations based on physical principles.
However, this study explores advanced modeling techniques integrating satellite
observations, particularly in regions lacking historical hydrological data. By employing in-
situ precipitation data and various remote sensing products such as CHIRPS precipitation,
MODO09GA 006 NDVI, MODI11A1 V6.1 LST, and MOD16A2GF.061 ET from 2001 to
2020, a Fully Connected Long Short-Term Memory (FC-LSTM) model was developed to
predict monthly runoffs in the basin. Compared to the Soil and Water Assessment Tool
(SWAT) model, the LSTM model outperformed, achieving higher accuracy with an R? of
0.94 and Nash-Sutcliffe Efficiency (NSE) of 0.93, while SWAT obtained R? and NSE values
of 0.78 and 0.75, respectively. Additionally, integrating remote sensing variables enhanced
model performance, underscoring the potential of remote sensing in hydrological studies.
These findings advance our understanding of runoff estimation methods and underscore the

importance of LSTM models and remote sensing technology in hydrology.

Keywords: runoff estimation, LSTM, remote sensing, Pra River Basin
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Chapter 1
Introduction

1.1 Background

Effective water resource management is a crucial element in fostering sustainable
development, particularly in regions heavily dependent on agriculture and grappling with
challenges related to scarce water availability, drought, and flooding (Agarwal & Global
Water Partnership, 2000). In this complex scenario, successful water resource management
goes beyond mere allocation, necessitating a thorough understanding of hydrological

systems and their intricate dynamics.

The modeling of runoff holds paramount significance in the realm of hydrological systems
and water resource management, given its substantial implications for water availability,
ecological equilibrium, and human activities (Beven, 2011). The accurate forecasting of
runoff, particularly in the medium and long term, plays a pivotal role in the comprehensive
development, effective utilization, scientific management, and optimization of water
resources. The heightened occurrence of extreme floods in recent years, attributed to climate
change, has led to substantial human suffering and considerable economic losses worldwide.
Consequently, the accurate prediction of the timing and magnitude of peak flow before a

flood event becomes an imperative undertaking.

Rainfall-runoff modeling, boasts a rich history within hydrological sciences, with initial
attempts to forecast discharge based on precipitation events dating back 170 years (Beven,
2001; Mulvaney, 1850). Currently, hydrological models fall into two main categories:

physical models and empirical models (C. Li et al., 2019).

Physical-based models, alternatively termed process-based models, encompass tools like the
Hydrologic Engineering Center - Hydrologic Modeling System (HEC-HMS) and the Soil
and Water Assessment Tool (SWAT). These models operate on a comprehensive
understanding of the underlying physical processes governing hydrological phenomena,
simulating water movement through equations rooted in the principles of physics, such as

the conservation of mass and energy. However, the application of physical models faces



constraints due to high expertise requirements, data acquisition challenges, and significant
computational costs (Kratzert et al., 2018; Young & Liu, 2015). Therefore, physically based
models are still rarely used in operational rainfall-runoff forecasting. In contrast, empirical
models, categorized as statistical models, forego explicit representation of physical
processes. Instead, they derive patterns and relationships from historical data to formulate
predictions. Empirical models, including regression and neural networks, establish direct
connections among hydrologic variables by extracting pertinent information from input data
without delving into the intricacies of physical mechanisms (Liu et al., 2021; Young et al.,
2017) These models are characterized by their simplicity, lower computational costs,

flexibility, and accuracy.

In the 1990s, the initial applications of artificial neural networks (ANNSs) for predicting
rainfall-runoff, as demonstrated by Daniell (1991) and Halff et al. (1993), showcased their
efficacy in capturing nonlinear relationships. Subsequent to these pioneering studies, a
multitude of research endeavors have employed ANNs for modeling runoff processes.
Despite ANNs exhibiting superior performance compared to process-based models, a
notable drawback lies in the significant loss of sequential order information within inputs,
attributed to the independence of neurons within the same layer. To address this limitation,
recurrent neural networks (RNNs) have emerged as a specialized neural network architecture
explicitly designed to comprehend temporal dynamics by processing input data in its
sequential order (Rumelhart et al., 1986). This adaptation has proven beneficial in the
domain of rainfall-runoff modeling, with RNNs demonstrating accuracy in both single- and
multiple-step-ahead forecasting scenarios. (Nagesh Kumar, Raju, et al., 2004; R. Zhao et al.,
2019). Hochreiter S. and J. Schmidhuber (1997) proposed the Long Short-Term Memory
(LSTM) network to overcome the vanishing gradient problem of the traditional RNN in
storing long term dependencies. Today, the LSTM network has great potential and plays an

important role in hydrological processes and modeling applications.

In ungauged catchments or basins, remote sensing technology offers continuous
observations of variables such as precipitation and temperature over extensive spatial extents
and extended time periods. This capability is vital for simulating runoff in areas where

traditional measurements are unavailable (Huang et al., 2020). Remote sensing data have
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been widely applied in combination with hydrological models for runoff estimation, flood
estimation and water resource evaluation tasks. However, few studies have combined remote
sensing data with LSTM—-based models in simulating runoffs in a watershed or catchment

area.

1.2 Problem Statement

The Pra River Basin (PRB), second only to the Volta basin in Ghana, holds immense
importance due to its substantial contributions to crucial socio-economic activities, including
agriculture, tourism, and mining. This basin is a primary freshwater source for four out of
Ghana's sixteen administrative regions, supporting a population exceeding 4.2 million
people (Awotwi et al., 2017a). The upper reaches of the PRB act as the main source of runoff
for the entire basin, playing a pivotal role in supplying water for both domestic and
commercial purposes, including irrigation activities and household needs in the middle and

lower regions.

Given the indispensable role of the PRB in sustaining various sectors of Ghana's economy
and the livelihoods of millions, it becomes crucial to comprehend the dynamics or changes
in runoff within the basin. Accurate estimation and prediction of streamflow or runoff at the
output discharge station become imperative for effective water resource management.
Previous research endeavors have aimed to model hydrological dynamics in the basin,

utilizing various methodologies and models with specific aims.

Several process-based models, such as the PolFlow model used for long-term annual Pra
river discharge estimation (G. Owusu et al., 2017), have been applied to simulate runoff and
hydrological dynamics. Awotwi et al. (2017) explored the variability in runoff and quantified
the contributions of precipitation and anthropogenic activities on runoff at the Lower Pra
River Basin using the Mann—Kendall statistical test. Additionally, Awotwi et al. (2019a)
deployed the Soil and Water Assessment Tool (SWAT) to simulate and assess impacts of
Land Use and Land Cover (LULC) changes on Water Balance Components (WBC) in the
PRB.

However, despite these efforts, the application of LSTM, a powerful deep learning model,

in modeling hydrological dynamics, particularly runoff, within the PRB remains notably



absent. Additionally, there have been no instances of employing deep learning models to
simulate runoff in the PRB, and the integration of remote sensing data products with LSTM

models for runoff estimation in this region has not been explored.

This study therefore seeks to bridge the gaps by integrating remote sensing and neural
networks to model the hydrological and runoff dynamics in the Pra Basin. The research
aspires to explore and compare the performance of this robust approach with traditional
models such as SWAT applied in the basin. By leveraging the capabilities of remote sensing
data and the predictive power of neural networks specifically the long-term dependencies
capability of LSTM, this research aims to enhance the precision and efficiency of runoff
estimation in the PRB, contributing valuable insights for sustainable water resource
management in the region. With this focus on deep learning and remote sensing integration

for accurate predictions, the following research questions can be stated:

1) How does the incorporation of remote sensing data, including NDVI, land surface
temperature, and evapotranspiration, impact the precision and accuracy of LSTM-based

runoff predictions?

2) How does the overall performance of the LSTM model compare with SWAT model in

estimating monthly runoft discharge in the Pra Basin, Ghana?

1.3 Objectives
The goal of this research is to accurately estimate runoff in the Pra Basin in Ghana, with the
explicit objective of integrating in situ data (observed precipitation) and remote sensing
products; normalized difference vegetation index (NDVI), land surface temperature (LST),
evapotranspiration (ET) with LSTM to optimize monthly runoffs estimates routes.
To achieve this goal, the following intermediate objectives are defined:
e Develop and implement the LSTM model for estimating monthly runoff discharge.
e Utilize established process-based models (SWAT) for monthly runoff discharge

estimation in the same study area.



e Assess overall performance of the LSTM model against process-based models based
on accuracy metrics such as Root Mean Squared Error (RMSE), Nash-Sutcliffe
Efficiency (NSE).

e Analyze model sensitivity: determining the relative contributions of NDVI, LST, and

ET to the LSTM model's performance.

1.4 Significance and Relevance

The integration of remote sensing technology plays a pivotal role in advancing hydrological
science, particularly in the context of runoff estimation. Remote sensing provides a unique
vantage point, enabling a comprehensive understanding of the hydrological dynamics of
watersheds or basin over long time frames and large spatial coverages (Xue et al., 2022).
The incorporation of NDVI, LST, and ET facilitates a nuanced examination of

environmental factors influencing runoff in the Pra Basin.

While most well-known applications of deep learning are in the field of computer vision
(Farabet et al., 2013; Krizhevsky et al., 2012; Tompson et al., 2014), the utilization of Long
Short-Term Memory (LSTM) in this study underscores its remarkable abilities in capturing
intricate temporal patterns, a critical aspect in hydrological modeling. LSTM's adaptability
to changing conditions and its capacity to discern complex relationships make it a potent

tool for precise runoff estimation in the Pra Basin.

Drawing inspiration from successful applications in various jurisdictions and regions, the
approach of incorporating NDVI, LST, and ET with LSTM has been proven effective in
enhancing hydrological modeling precision and optimizing water resource management
strategies (Xue et al., 2022). By adopting and implementing this proven approach in the
unique context of the Pra Basin, the study pioneers a transformative narrative. It brings forth
immense benefits empirical approach for hydrological modeling and water resource
management in the region, offering tailored insights and solutions. This approach, backed
by evidence of its efficacy elsewhere, stands poised to contribute significantly to the
advancement of hydrological sciences and the sustainable management of water resources

in the Pra Basin.



1.5 Thesis Organization
The theoretical background of the study including the interdisciplinary concepts of
hydrological sciences, remote sensing and deep learning as well as the objectives and

justification of the project are introduced in this first chapter.

A thorough literature review and use case examples further explains the concepts of
hydrological modeling and deep learning neural networks (with focus on LSTM) in the case

of runoff estimation in the second chapter.

Chapter three details the overall project methodology. Data acquisition (in-situ observations
and remote sensing products), data preprocessing and preparation as well as selection of
model parameters are discussed. LSTM model development and implementation is also
explained in this chapter. Sensitivity analysis is explored to determine the contribution or
influence of each of the remote sensing products on the overall performance of the LSTM

model.

A demonstration of the results including graphs, charts and tables (performance of LSTM
and SWAT) discussed in chapter four is followed by a discussion of their implications in the

fifth chapter.

Finally, a summary of the research contribution and possible recommendations for future

works are discussed in the concluding chapter.



Chapter 2

Literature Review

In the pursuit of understanding and advancing hydrological modeling, this chapter initiates
a comprehensive exploration of the existing body of knowledge. A synthesis of literature is
presented, delving into the hydrological processes, the historical evolution of hydrological
models, ranging from physical-based approaches to the contemporary era of empirical
methodologies. The roles played by artificial neural networks (ANNSs), recurrent neural
networks (RNNs), and, in particular, Long Short-Term Memory (LSTM) networks in
shaping the landscape of hydrological (runoff) modeling are unveiled throughout the chapter.
Furthermore, the pivotal integration of remote sensing technology is scrutinized, examining
its contributions to observed variables and its applications in hydrological sciences
specifically runoff modeling. The threads of past research endeavors, gaps, challenges, and
the theoretical foundations that paved the way for the unique integration of LSTM networks

and remote sensing in modeling runoff in watershed or river basins are unraveled.

2.1 Hydrological Process

Hydrological processes refer to the various processes involved in the movement and
distribution of water within the Earth's hydrological cycle. These processes include
precipitation, runoff generation, evaporation, infiltration, and the behavior of water in
different hydrological phases (Zhou et al., 2023). Hydrological processes within a catchment
perform an important role in the functioning of the ecosystem, by incorporating the complex
processes (physical, chemical and biological) that sustain life (Ekundayo, 2020). A
catchment is an area of land that is drained by a river and its tributaries. In studying
hydrological processes, the most common spatial unit of consideration is the catchment or
drainage basin.

The catchment at various scales within a defined area forms a landscape element that
integrates all aspects of the hydrologic processes, which can be studied, quantified, and acted
upon (Wagener et al., 2004). A catchment may range in size from a matter of hectares to

millions of square kilometers, and all catchments are in reality made up of set of nested sub-



catchments. River basin is the area of land from which water flows towards a river and then

in that river to the sea.

2.2 Components of Hydrological Processes

Within the realm of hydrological processes, distinct components govern the intricate journey
of water. From the initial stage of precipitation to the final discharge as runoff, these
components, including interception, infiltration, evapotranspiration, and groundwater flow,

collectively contribute to the hydrological cycle.

2.3 Hydrological Modelling (Runoff Modeling)

Moradkhani Hamid and Sorooshian, (2008) define a model as a simplified depiction of a
real-world system. Models are mainly used for predicting system behaviour and
understanding various hydrological processes (Devia et al., 2015). Hydrological modelling
according to Islam, (2011) entails formulation of mathematical models to illustrate the
interaction between the hydrologic processes as well as represent them (evapotranspiration,
interception, infiltration, sub-surface flow, surface flow, precipitation, and snowmelt).
Hydrological models are constructed to simulate the genuine relationships among geo-
climato-hydrological variables, forecasting their future interactions (Majumder

Mrinmoyand Barua, 2010).

According to Devia et al. (2015), a runoff model is characterized as a collection of
mathematical equations designed to calculate runoff based on a range of parameters
describing watershed attributes. Essential inputs for all models include rainfall data and
drainage area. Additionally, watershed features such as soil properties, vegetation cover,
watershed topography, soil moisture content, and characteristics of the groundwater aquifer
are taken into account. Hydrological models are recognized as crucial tools in contemporary

water and environmental resource management.

Runoff models are classified based on model input and parameters and the extent of physical
principles applied in the model. These models can be classified based on the type of
independent variable (time, space, or both) and can be single or multievent, as well as
lumped or distributed (Devia et al., 2015; Majumder Mrinmoyand Barua, 2010; Moradkhani
Hamidand Sorooshian, 2008; Sitterson et al., 2018)

8



Devia et al., (2015) and Sitterson et al., (2018) explain that with lumped models the entire
river basin is taken as a single unit hence the outputs (runoffs) are generated without
considering the spatial processes and spatial variability within the catchment. A distributed
model has the capability to generate spatially distributed predictions by subdividing the
entire catchment into small units, typically square cells or a triangulated irregular network.

This allows for spatial variation in parameters, inputs, and outputs (Khakbaz et al., 2012).

Fig 1. Visualization of the spatial structure in runoff models. A: Lumped model, B: Semi-
Distributed model by sub-catchment, C: Distributed model by grid cell. Runoff is calculated for
each sub-catchment at the pour point represented by the black dots in Figure 1B. Distributed
models calculate runoff for each grid cell, while lumped models calculate one runoff value for the
entire catchment at the river outlet point represented by the black dot in Figure 1A. Images from

(Sitterson et al., 2018)

Khakbaz et al. (2012) investigate the benefits of employing a semi-distributed modeling
framework in hydrologic models. The research introduces an enhanced semi-distributed
version of the NWS SACramento Soil Moisture Accounting (SAC-SMA) model, explicitly
addressing distinctions between fast and slow response runoff components. Findings reveal
that calibration strategies, whether lumped or distributed, enhance simulations at the outlet

and yield meaningful streamflow predictions at internal points. Moreover, utilizing a semi-



distributed structure calibrated at both interior points and the outlet further enhances model

performance at the outlet, even with limited historical data available.

Lavenne et al. (2016) highlight the difficulties faced by the semi-distributed model in
identifying stable optimal parameter sets, particularly for the parameters responsible for the
closure of the water balance, such as intercatchment groundwater flow parameter. In the
study (de Lavenne et al., 2016), emphasis is laid on the importance of considering parameter
identifiability in the calibration strategy and evaluation approach of a semi-distributed

model, especially when exploring future scenarios in a changing world.

Forecasting or modeling runoff, especially in the medium and long term, plays a crucial role
in the comprehensive development, effective utilization, scientific management, and
optimization of water resources. Substantial research and application studies have been
conducted over the past decades, and these methods can be classified into two categories:

empirical models and physically-driven models.

2.3.1 Physically-based models

Physical (process-based) models, also referred to as mechanistic models, are simplified
mathematical representations of actual phenomena that incorporate concepts from physical
processes (Jehanzaib et al., 2022). These models typically construct a simplified watershed
system and express internal behavior by solving mathematical equations that best represent
current knowledge of hydrological processes (Rezaeianzadeh et al., 2013a). Finite definite
equations are used to represent the hydrological processes of water movement in these
process-based models (Devia et al., 2015). Physical models utilize mass, momentum, and
energy conservation equations to represent various hydrological processes (Jaiswal et al.,
2020). Capable of considering the spatial variability of land use, slope, soil, and climate,
physical models, distributed in nature, require extensive topographical, soil, land use, and
climatic data. This data-intensive approach provides a framework to explore changes in the
hydrological cycle due to human interferences and climate change, crucial for water

resources management (Y. Chen et al., 2016; Devia et al., 2015; Yang et al., 2008).
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Hydrologic modeling system HEC-HMS (Feldman, 2000) developed by the US Army Corps
of Engineers, Hydrologic Engineering Center is one of the well-known physical based
models. The Soil and Water Assessment Tool (SWAT) model (Santhi et al., 2001) is a
complex physically based model and was designed to test and forecast the water and

sediment circulation and agriculture production with chemicals in ungauged basins. Systéme

Hydrologique Européen (SHE) is also another well-known distributed process-based model
(Abbott et al., 1986).

2.3.2 Empirical models

Empirical models, are observational models that solely rely on current data without
considering the characteristics and processes of the hydrological system (Pandi et al., 2021).
Empirical models establish a direct correlation between hydrologic variables, extracting
their relationships from historical measured data through algorithms in the domains of
statistics, computational intelligence, machine learning, and data mining (Abrahart et al.,
2004; Dawson & Wilby, 2001; Tabari et al., 2010). These models are commonly used in
water resources forecasting, especially when relating variables such as rainfall, runoff, and
antecedent moisture content (Alaba et al., 2010). They perform good modelling results in
ungauged watersheds owing to a lack of particular knowledge about the watershed (Jackson
et al., 2011). Empirical models are selected for a variety of reasons, including ease of

implementation, quicker calculation speeds, and cost efficiency (Amatya et al., 2022).

Beven (2011) and Granata et al., (2016) elaborate that the majority of empirical models are
considered black-box models, indicating limited or no understanding of the internal
processes generating runoff results. If the aim is to quantify the flow volume, the target
function should center on either the volume of discharge or the shape of the hydrograph
(Varvani et al., 2019). In most empirical models, the governing equation for calculating

runoff is expressed as a function of inputs, and expressed as
Runoff=F (X,Y) (Sitterson et al., 2018) (1)

where X and Y are precipitation and historical runoft.
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Madsen (2000) noted that the constraint of empirical models is that their parameters cannot

be directly derived from the watershed; consequently, calibration is required.

Artificial neural networks (ANN) and regression analysis are widely used empirical

approaches applied in runoff modeling studies.

2.4 Deep Learning (Neural Networks) for Runoff Estimation

Artificial neural networks (ANNS5), serving as models for hydrological systems, replicate the
functionality of human brain cells by learning patterns from extensive training data
(Garbrecht, 2006; Haykin & Network, 2004; Rezaeianzadeh et al., 2013b). The structure of
ANN is composed of three layers: (i) input layer, (ii) hidden layer, and (iii) output layer. In
engineering applications, the Feedforward Backpropagation (FFBP) is widely utilized
among artificial neural networks for making non-linear general estimates (Hornik et al.,
1989). ANNS, categorized as empirical models, have gained prominence in rainfall-runoff
modeling, finding widespread applications in recent decades (Mukerji et al., 2009; Nourani

& Kalantari, 2010; Rezaeianzadeh et al., 2014; Shamseldin, 1997).

Rezaeianzadeh et al. (2014) presents artificial neural networks (ANN), adaptive neuro-fuzzy
inference systems (ANFIS), multiple linear regression (MLR), and multiple nonlinear
regression (MNLR) for predicting maximum daily flow at the Khosrow Shirin watershed in
Iran. The study further evaluates the performance of these models using different input
precipitation data sets and concludes that the MNLR model is superior to the other models,
with an R? value of 0.81 and an RMSE of 0.145 m3 s™!. Furthermore, the authors indicates
that the inclusion of antecedent flow with one- and two-day time lags significantly improves

flow prediction.

In a study by Gholami & Sahour (2022), ANN is applied to simulate the rainfall-runoff
process using data from field sampling plots in conjunction with rainfall and hydrometric
data. The modeling process in the study utilizes a multi-layer perceptron network with inputs
including rainfall time series, initial loss, soil antecedent moisture condition (A.M.C), and
the time to peak of the basin, and the output being the runoff time series. The authors'
modeling processes demonstrated positive outcomes, with high R-squared values and low

mean square errors, signifying the capability of artificial neural networks (ANNSs) for
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simulating runoff time series and flood hydrographs in basins lacking active hydrometric
stations. This highlights the usefulness of ANNSs as a valuable tool for hydrological modeling
in data-scarce regions (Gholami & Sahour, 2022).

Kisi (2008) explored the application of different ANN techniques, namely feed forward
neural networks (FFNN), generalized regression neural networks (GRNN), and radial basis
ANN (RBF), for monthly streamflow estimation and forecasting. The performance of these
ANN techniques was evaluated for one-month ahead streamflow forecasting using monthly
flow data from two stations in the Eastern Black Sea region of Turkey in the first part of the
study. It was identified that the GRNN technique outperforms the other ANN techniques in
monthly flow forecasting. The study further investigated the impact of periodicity on the
forecasting performance of the models. The author used the Levenberg-Marquardt (LM)
optimization technique for adjusting the weights in the FFNN simulations, which is
considered more powerful than the conventional gradient descent technique. The RBF and
FFNN techniques were found to be better than the GRNN technique in monthly river flow
estimation using nearby river data during the second part of the study. The potential of
artificial neural networks (ANN) as a promising alternative for rainfall-runoff modeling,
streamflow prediction, and reservoir inflow forecasting in the hydrological forecasting

context was highlighted in the study (Kisi, 2008).

ANN s have notable limitations including challenges associated with over-fitting, negotiating
local minima, vanishing gradient point, overseeing learning rate processes, coping with
computation time and cost, and demanding manual interventions like training. In recent
rainfall-runoff modeling (runoff estimation), advanced forms of artificial neural networks
such as deep neural networks (DNN), convolutional neural networks (CNN), long short-term
memory (LSTM), and recurrent neural networks (RNN) (Han et al., 2021; Kratzert et al.,
2018; Roy et al., 2021; Xue et al., 2022; Yin et al., 2021; Yokoo et al., 2022a) have gained

prominence.
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2.5 Recurrent Neural Networks for Runoff Estimation

Recurrent Neural Networks introduced by (Rumelhart et al., 1986), represent a distinct
variant of neural networks characterized by interconnected neurons forming a directed cycle.
This architectural design incorporates internal self-looped cells, enabling dynamic temporal
behavior. RNNs adopt chain-like structures comprising repeating modules, facilitating the
retention of past information. Conventional RNNs take into consideration the sequential
details of time series, allowing them to retain and comprehend past information, thereby
possessing the capability to effectively handle varied and prolonged sequences. This inherent
ability to remember prior data contributes to the success of RNNs in tasks related to learning

sequences and temporal dynamics (Bhattacharjee & Tollner, 2016; Pan et al., 2007).

(a)

(b)

Fig. 2. (a) Architectural representation of the recurrent neural network. The self-connected hidden
units allow information to be passed from one step to the next. (b) Graphical representation of

LSTM’s memory block Image sourced from (J. Zhang et al., 2018).
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Carriere et al. (1996) conducted one of the first studies utilizing RNN for runoff modeling.
The study presented a Virtual Runoff Hydrograph System (VROHS) trained using data from
45 lab experiment sets, with 29 sets used for training and 16 sets for testing. The authors
further highlight the use of a recurrent back-propagation neural network in the VROHS,
which contributes to its ability to generate accurate predictions. (Hsu et al., 1997) also
conducted a comparative analysis between a traditional ANN and an RNN. Although the
conventional ANN demonstrated similar performance to the RNN, the study underscored the
importance of the number of delayed inputs, a critical hyperparameter for the ANN's

efficacy. However, the architecture of the RNN rendered the search for this number obsolete.

RNNs were found to perform better than feed forward networks in forecasting monthly river
flows, as indicated in a comparative study by (Nagesh Kumar, Srinivasa Raju, et al., 2004).
The selected RNN models showed improved accuracy in both single step ahead and multiple
steps ahead forecasting of river flows. The architecture size and training time required for
RNNs were found to be less compared to feed forward networks. The authors recommended
the use of recurrent neural networks as a tool for river flow forecasting, based on their

superior performance and efficiency.

2.6 Long Short-Term Memory for Runoff Modeling

The typical configuration of a standard RNN involves simple looping units, commonly
utilizing a single layer with hyperbolic tangent (tanh) activation, as observed in various
studies (Gelly & Gauvain, 2018; Mou et al., 2017; Poornima & Pushpalatha, 2019;
Shewalkar et al., 2019). To address the vanishing gradient issue and facilitate the learning of
longer-term dependencies in sequential data, merits of nonlinear predictive capability and
faster convergence, the LSTM architecture (improved variant of RNN) was introduced by

Hochreiter & Schmidhuber, (1997).

The architecture of the LSTM network encompasses an input layer, memory cell(s), and an
output layer. Key to its functionality are the three gates within each memory cell: a forget
gate (ft), an input gate (it), and an output gate (o¢). At each time-step t, these gates are
influenced by both the input x: and the output A1 from the memory cells of the previous

time-step t—1 (Hochreiter & Schmidhuber, 1997; Hu et al., 2018).
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[ specifies the content removed from the cell state.
ir. specifies the content added to the cell state.
o specifies the content from the cell state is used.

The sequential update formulas are

Input node
g()=tanh(W gxx(e)+ W gnh(e-1) +hg) 2)
Input gate

i(¢) = o(Wixx(e)tWinh(e-1) +bi) 3)
Forget gate

f(©) = o(Wpxx()+W gnh(e-1) +by) (4)
Output gate

0(t) = 5(Woxx(t)+Woh(t-1) +bo) (5)
Cell state

s(e) = g(0) - i()+s(e-1) . 0(c) (6)
Hidden gate

h(t) = tanh(s(s) . o(c) (7)
Output layer

y(t) = (Wiyh(c) + by) (8

where o is the activation function (sigmoid),
x¢ 18 the input vector for time step t,

W is the weight, by is the bias,

yt 1s the output at time step t,

h is the hidden state,
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s 1s the memory cell state

Despite being widely employed in computer vision (Farabet et al., 2013; Krizhevsky et al.,
2012) domains, such as speech recognition (bukhari et al., 2017; Greff et al., 2016; Hinton
et al., 2012) and natural language processing (NLP) (Sutskever Google et al., 2014.), LSTM
has also shown promise in hydrological modeling and by extension rainfall-runoff modeling,
as indicated by previous studies (Boulmaiz et al., 2020; W. Li et al., 2021; Sahoo et al., 2019;
Yokoo et al., 2022b; Yuan et al., 2018).

W. Li et al. (2021) developed an empirical rainfall runoff (RR) model using a sequence-to-
sequence LSTM network for high temporal resolution modeling of RR. The LSTM network
was capable of learning long-term dependencies between input and output, allowing for
modeling the RR at a 15-minute time resolution. The model was tested using 10 years of
precipitation data from 153 rainfall gages and river channel discharge data, with over 5.3
million data points. In the study, the LSTM model showed efficient prediction of river
discharge and achieved good model performance when compared to a process-driven model,
Gridded Surface Subsurface Hydrologic Analysis (GSSHA). The overall performance of the
developed empirical rainfall runoff (RR) model using the LSTM network was evaluated

using the test Nash-Sutcliffe model efficiency (from 0.666 to 0.942).

Yuan et al. (2018) employed a hybrid model called LSTM—-ALO, which combines LSTM
network and the ant lion optimizer, for monthly runoff forecasting. The LSTM parameters
were calibrated using the ant lion optimizer to improve the prediction performance of the
LSTM model. The study utilized historical monthly runoff data from the Astor River Basin
in Pakistan for the case study. The simulation results from the Astor River Basin
demonstrated that the LSTM—-ALO model has higher accuracy compared to three other
models; Back Propagation (BP), Radial Basis Neural Network (RBNN) and least squares
support vector machine (LSSVM) for monthly runoff forecasting.

Hu et al. (2018) also compared the performance of ANN and LSTM models in terms of
rainfall-runoff simulation and prediction in the Fen River basin in North China. The study
used data from 14 rainfall stations and one hydrologic station in the catchment, covering a

period from 1971 to 2013. Both models were found to be suitable for rainfall-runoff
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modeling, but LSTM models outperform ANN models in terms of simulation performance
and stability. The performance of the models was assessed using statistical error measures
such as the coefficient of determination (R2), root mean square error (RMSE), Nash-
Sutcliffe Efficiency (NSE), mean absolute error (MAE), error of time to peak discharge and
error of peak discharge. The LSTM model achieved high values of R? and Nash-Sutcliffe
Efficiency (NSE), indicating its superior performance in simulating the rainfall-runoff

process.

In their recent work, Man et al. (2023) developed an enhanced LSTM model for daily runoff
prediction in China's upper Huai River Basin, focusing on accurately forecasting peak runoff
crucial for flood defense. The model introduces unique loss functions, including peak error
tanh (PET) and peak error swish (PES), emphasizing peak runoff predictions. Utilizing a
feature extractor with three LSTM networks, the model captures temporal features,
enhancing its capacity to handle the complexity of runoff processes. In validation, the
enhanced LSTM model outperforms widely used process-based hydrological (Australian
Water Balance Model, Sacramento, SimHyd, and Tank Model) and empirical models
(artificial neural network, support vector regression, and gated recurrent units), with the PES
loss function exhibiting superior performance in predicting extreme runoff, achieving a mean

NSE for floods of 0.873 (Man et al., 2023).

Boulmaiz et al. (2020) also compared the performance of LSTM and traditional FFNN
models in rainfall-runoff modeling, utilizing varying training data sizes from 3 to 15 years.
Results indicated that the deep LSTM consistently outperformed the FFNN across different
training set sizes. Notably, the LSTM demonstrated satisfactory performance with a 9-year
training data length, further improving with 12 years of data. The study highlighted the deep
LSTM's competence even with a small 3-year data size, surpassing the FFNN, which

required 9 years for comparable outcomes.

J. Lietal. (2022) employed LSTM to forecast inland runoff in arid regions, utilizing a model
with 5 layers, Relu activation, Mean Absolute Error (MAE) as the loss function, and Adam
as the optimizer (learning rate 0.01). Trained and tested on Yarkant River runoff data in

Northwest China, the LSTM model showed better prediction accuracy compared to models
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such as convolutional neural network (CNN), Decision Tree Regressor (DTR), and Random

Forest (RF), with MAE and RMSE values of 3.633 and 7.337.

2.7 Remote Sensing applications (products) in Runoff modeling

Remote sensing products have become invaluable tools in the field of hydrological
modeling, providing essential data for understanding and predicting runoff dynamics (Jiang
& Wang, 2019; Moradkhani, 2008; Thakur et al., 2017). Many studies have highlighted the
use of satellite-based remote sensing as an alternative means to observe hydrological
variables such as remotely sensed precipitation, land surface temperature,
evapotranspiration, soil moisture, and snow water equivalents for effective hydrological
modeling and by extension runoff predictions (X. Chen et al., 2017; Hartanto et al., 2017,
Kalma et al., 2008; Laiolo et al., 2016; Y. Li et al., 2018).

Sirisena et al. (2020) adopted two calibration approaches: single variable calibration with
measured station streamflow and remotely sensed Global Land Evaporation Model
(GLEAM ET) evapotranspiration separately, and multi-variable calibration with both
variables together to calibrate SWAT models in the Chindwin Basin, Myanmar. The
performances of each calibrated model were evaluated using the NSE metric. The simulation
results showed that the GLEAM ET data together with the streamflow data can be used for

model calibration as the performance was reasonable with an NSE > 0.85.

Owusu et al. (2019) evaluated the accuracy of three satellite rainfall products (TMPA
3B42RT, TMPA 3B42, and CMORPH) in the Pra basin of Ghana using point-to-pixel method
to compare the satellite rainfall data with gauged rainfall measurements. Performance
evaluation methods such as correlation coefficient (r), bias, and percent bias (%Bias) were
used to analyze the data at daily, monthly, annual, and seasonal timescales. The TMPA 3B42
and 3B4RT products performed better than the CMORPH concluding that remotely sensed
rainfall data can be used to supplement gauged rainfall measurements in the basin and

estimate rainfall in ungauged basins with similar characteristics.

Furthermore, Xue et al. (2022) investigated the use of multiple remote sensing parameters
(NDVI, Precipitation, LST and ET provided by MOD13A2, TRMM3B43, MODI11A2 and
MOD16A2 respectively) along with hydrological station data (precipitation and runoff or

19



discharge) in estimating runoft Upper Reaches of the Heihe River Basin in China using an
LSTM model. The study period was covered from 2001 to 2016, which may not have
captured long-term variations or trends in the runoff. However, the study showed that the
incorporation of remote sensing data improved the quality of runoff estimation with limited
data availability compared to rain gauge observations, with an increase in R? from 0.91 to

0.94 and an improvement in NSE from 0.89 to 0.93.

Investigating the impact of land cover changes on watershed hydrological response, Nourani
et al. (2017) utilized a conceptual rainfall-runoff model. The researchers harnessed Landsat-
derived NDVI to establish the relationship between the land cover characteristics of the
watershed and the model parameter. NDVI values played a crucial role in considering the

effects of land cover changes on the response of rainfall-runoff.

In their research, Park et al. (2014) assessed the effectiveness of MODIS NDVI and LST in
explaining forest soil moisture using the SWAT model. Calibration and verification of the
SWAT model were conducted with daily streamflow data from three gauging stations and
daily measured soil moisture data from three locations within the watershed. The study
showed a higher correlation between SWAT soil moisture and MODIS LST during the forest
leaf growing period (March-June). The correlation between SWAT soil moisture and MODIS
NDVI was also higher during the leaf falling period (September-December), emphasizing
the practical application of MODIS NDVI and LST as valuable indicators of forest soil

moisture in hydrological modeling.

While not focused on rainfall-runoff, Thapa et al. (2020) utilized various machine learning
techniques, including LSTM, nonlinear autoregressive exogenous model (NARX), Gaussian
process regression (GPR), and support vector regression (SVR), along with satellite data
such as 3B42RT TRMM precipitation and MODI10A2 snow cover datasets. The study,
conducted in the Himalayan basin, Nepal, aimed to model snow discharge. Through a
Gamma test, the authors determined the optimal input combination for the models. The
results, indicating higher R?, NSE, RMSE, and modified Kling-Gupta efficiency (KGE”)
values, underscored the effectiveness of LSTM and the use of remote sensing datasets

(MODIS and TRMM) in snowmelt and, by extension, hydrological modeling.
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In summary, this chapter delved into pivotal aspects of hydrological science and runoff
modeling, covering various hydrological processes, diverse model types and approaches.
The incorporation of remote sensing alongside neural networks for runoff modeling was
extensively explored, drawing insights from various research findings. These insights not
only shed light on the capabilities of different methodologies but also serve as inspiration
and motivation for the chosen modeling approach in this study. The synthesis of these
elements not only deepens our understanding of hydrological processes but also underscores
the transformative potential of advanced technologies in achieving more robust rainfall

runoff predictions.
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Chapter 3

Methodology

This chapter transitions from the theoretical underpinnings discussed in the literature review
to the practical implementation of the robust methodology for rainfall runoff modeling in
the study area. The chosen methodology (LSTM) is a carefully crafted framework designed
to address the mechanical and computational complexities associated with utilizing the
process-based approaches to model hydrological processes specifically runoff modeling,
incorporating insights learned from the literature review. Through a systematic approach,
this chapter outlines the data collection methods, model development procedures, and the
integration of advanced technologies, such as remote sensing and neural networks, in the

pursuit of accurate and efficient rainfall runoft predictions.
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Fig 3. Methodology flow chart
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3.1 Study Area

The Pra Basin, situated in Ghana's forest ecological zone, spans latitudes 5°N to 7° 30°’N and
longitudes 2° 30°W to 0° 30°W in south-central Ghana, with an approximate surface area of
23,330 km?. Comprising three interconnected sub-basins; Offin, Birim and Pra, it ultimately
discharges into the Gulf of Guinea, part of the Atlantic Ocean in the northeast (Awotwi et
al., 2019b). The Pra River and its branches form the largest river basin within the

southwestern region of Ghana (Commission, 2012)

The basin displays diverse topography with flat terrain in the south and scattered mountains
in the central to northern areas, reaching peak elevations of 800 meters along the northern
and eastern borders. Predominantly covered by moist semi-deciduous forest, the basin
exhibits varied land cover, including agricultural land (60%), forest (30%), and a mix of
grassland and human settlements (10%) (C. Owusu et al., 2019b). Significant features
include isolated forest reserves and extensive commercial tree plantations located within the

basin.

Two main seasons occur in the basin: rainy/wet season (major and minor occurring in April-
July and September-November respectively) and the dry season (December - March). The
annual rainfall ranges from 1300 mm to 1900 mm with a mean of 1500 mm and the mean
surface temperatures range between 23 °C and 33 °C (Akrasi & Ansa-Asare, 2008; Awotwi
etal., 2017b, 2019b; C. Owusu et al., 2019b).
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3.2 Data Acquisition
3.2.1 Field Observations

A network of 11 meteorological stations, spatially distributed provided the daily precipitation
data, offering a localized perspective and understanding the temporal patterns of
precipitation within the study period (2001-2020). Two hydrological stations; Twifo Praso
station (TS) and Daboase station (DS) as shown in fig 4 also supplied daily runoff discharge
data for the specified timeframe (2001-2020). This data was crucial for understanding the
hydrological response or flow of water within the basin. All field data were obtained from

the Ghana Meteorological Agency (GMA).

3.2.2 Satellite Data
NDVI

The NDVI data, essential for evaluating vegetation dynamics which is a pivotal factor
influencing hydrological processes was acquired from the MODIS Terra Daily NDVI. This
dataset, accessible through the Google Earth Engine platform, is derived from the near-
infrared and red bands of the MODIS/006/MODO09GA surface reflectance composites, at a
spatial resolution of 500m. The MODO09GA derived NDVI are extremely useful for
monitoring vegetation dynamics as it has been shown in past studies including monitoring
vegetation growing season, crop phenology, estimating phenological metrics and large-scale
rice yield estimation, etc. (Rykin et al., 2019; Son et al., 2014; Testa et al., 2018; H. Zhao et
al., 2009).

Land Surface Temperature

The Land Surface Temperature (LST) data was provided by the MOD11A1 V6.1 product.
This product provides daily LST information in a 1200 x 1200 km grid, featuring distinct
bands for day and night temperatures. To synthesize the data, an averaging process was
applied to the day and night bands, resulting in a consolidated band that represents the mean
LST for each time step throughout the study period. The LST data was resampled to 500m

spatial resolution.
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Evapotranspiration

The ET data were obtained from the 8-day MOD16AGF.016 product at a spatial resolution
of 500m. This data is essential in understanding the water loss through evaporation of soil
water and transpiration of water from plant leaves in the basin. Kim et al. (2012) affirms the

reliability of the MODIS derived ET data in estimating actual ET values.
Precipitation (PT)

Remotely sensed precipitation was also obtained for this study to be used in together with
the in-situ rainfall recorded for comparative analysis and modeling the runoff in the basin.
The data was acquired from the global rainfall dataset, Climate Hazards Group InfraRed

Precipitation with Station data (CHIRPS) with a spatial resolution of Skm.

All data used in the study is shown in table 1.

Table 1. Datasets used for building LSTM for runoff prediction

Temporal Spatial
Hydrological Data Data Source Resolution Resolution
Precipitation GMA Daily

CHIRPS Daily Skm

Land surface MODI11A1 V6.1 Daily 1 km
temperature
NDVI MODO09GA 006 Daily 500 m
Evapotranspiration MOD16A2GF.061 8-Day 500m
Observed Discharge GMA Daily
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3.3 Data Preparation and Preprocessing

All the remotely sensed data were obtained and processed using the Google Earth Engine
(GEE) platform, known for its efficient batch processing of large images through the online
JavaScript application programming interface (API). The study area's vector data (boundary
shapefile) was imported into GEE to extract all relevant remotely sensed data within the
specified study period. The CHIRPS and LST images were resampled from Skm and 1km
respectively to 500m spatial resolution. The 8-day MOD16A2 — ET data was synthesized to
daily temporal resolution, and the reduceRegions function in GEE was utilized to compute
spatial mean values over the study area for each image. Subsequently, the mean values of
PT, NDVI, LST, and ET were exported as CSV files for further use in developing the LSTM
model for runoff predictions. The rainfall measurements recorded by the 13 meteorological
stations distributed in the basin were aggregated to a single value representing the mean

rainfall in the basin for each daily time step within the study period (2001-2020).

The runoff discharge recorded at the outlet station (DS) or downstream (of the two
hydrological stations (TS and DS) as shown in fig 4) was used to represent the runoff of the

entire basin.

3.4 Feature Selection

The process of selecting input variables is a critical aspect of runoff estimation, exerting a
substantial influence on the accuracy of estimation outcomes. Numerous variables contribute
to the precipitation—runoff relationship, necessitating a thoughtful grouping of inputs for the
LSTM model. Drawing on literature and existing knowledge, certain variables were
designated as standalone inputs, while others were combined to assess their impact on
estimation results. Input combinations were determined based on observed correlations

among variables.

To explore the relationship between precipitation and NDVI, both variables were grouped
together with the runoff variable as a unified input. Additionally, evapotranspiration was
incorporated with NDVI as inputs, acknowledging the influence of vegetation cover on

evaporation and transpiration. Standalone inputs included both observed and remotely
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sensed precipitation, given the pivotal role of precipitation as the primary input for runoff.

The following input combinations were examined:
C1: P T(observed)

C2: PT(RS)

C3: PT (observed), NDVI

C4: PT (observed), NDVI, ET

C5: PT (observed), NDVI, ET, LST

C6: PT (RS), NDVI, ET, LST.

3.5 LSTM Model Development

3.5.1 Data Splitting

In order to effectively train, validate, and test the LSTM model within the study's timeframe
(2001-2020), a systematic data splitting approach was employed. Following the widely
adopted 70-30 principle, the dataset was partitioned into three distinct subsets: training,

validation, and testing.

Training Data (70%): The training dataset encompassed the period from 2001 to 2014,
constituting 70% of the overall data. This extensive timeframe provided the foundation for
training the LSTM model, allowing it to learn the intricate patterns and relationships within

the hydrological processes.

Validation Data (15%): To assess the model's performance and fine-tune its parameters, a
dedicated validation dataset was carved out from the years 2015 to 2017, representing 15%
of the total data. Both the training and validation datasets collaboratively contributed to the

model development process.

Testing Data (15%): The remaining 15% of the data, spanning from 2018 to 2020, served as

the independent testing dataset. This dataset played a crucial role in evaluating the model's
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predictive capabilities and generalization to unseen data, providing insights into its real-

world applicability.

3.5.2 Data Transformation

To facilitate efficient training and enhance the model's learning process, a crucial step
involved the transformation of all datasets (PT, NDVI, LST and ET as inputs and runoff as
output variables) comprising training, validation, and testing sets. The transformation
process was executed utilizing the MinMaxScaler function from the known scikit-learn
library. The MinMaxScaler function fits and transformed data based on the computed
minimum and maximum values. This MinMax Scaling process ensures that all datasets share
a consistent scale between 0 and 1, preventing features with larger magnitudes from
dominating the model training. The scaled datasets collectively contribute to an optimized
and standardized learning experience for the LSTM model. MinMaxScaler is expressed as:

X — Xmin

X =
scaled Xmax _ Xmin

where:
o Xicaled is the scaled value.
e Xis the original value of the variable.

e Xminis the minimum value of the variable in the dataset.

e Xmax is the maximum value of the variable in the dataset.

3.5.3 Fully Connected LSTM model

Following the transformation of datasets through MinMax scaling, the subsequent step
involved the training of the LSTM model. Ensuring proper formatting of the training,
validation, and testing datasets was crucial to align with the requisite input shape for LSTM:

NxTxD, where N signifies the number of observations, 7 denotes the time step (with a
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chosen window size of 7 for capturing short to mid-term dependencies), and D represents

the number of features/variables.

The architectural composition of each LSTM model included an input layer utilizing the
input combinations, an LSTM layer, a fully connected dense layer, and a single output layer

predicting the target variable (runoff).

The LSTM model construction, executed using the TensorFlow-Keras framework, involved
the configuration of various hyperparameters. Hyperparameter tuning was conducted using
the random search approach. The learning rate, acting as a critical factor influencing the size
of steps during optimization, was set to govern the convergence speed of the model. Adam
optimizer was employed to adjust model weights based on computed gradients, ensuring
optimal performance. Determining the number of hidden LSTM units and dense (fully
connected layer) units was crucial for capturing intricate temporal patterns and enabling

effective learning.

In addition, dropout (0.5), a regularization technique, was introduced to mitigate overfitting
by randomly deactivating a fraction of neurons during training. The batch size (32), defining
the number of samples processed before updating the model, impacted the computational
efficiency and convergence speed. The activation function used was Rectified Linear Unit

(ReLU), introducing non-linearity to the model and influencing the information flow.

During training, the validation dataset coupled with MSE as the validation metric guided the
model's training by ensuring it not only learns from the training data but also generalizes
well to diverse unseen data. Monitoring the validation metric, such as MSE, helps in fine-
tuning the model's hyperparameters and ensuring it achieves good predictive performance

on new data.

Multiple FC-LSTM models were constructed for each input combination, and the
hyperparameter tuning process aimed to select the most optimal parameters for each model

was done. Table 2 shows the hyper parameters for each model.
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Table 2. Hyperparameters for LSTM models

Model Learning rate Dropout No. of LSTM  No. dense
units units
Cl1 0.0009829175534613746 True 80 80
C2 0.0008792587648188515 True 90 60
C3 0.000968299956121367 True 100 40
Cc4 0.0009231024572743306 True 60 20
C5 0.0008481676645756039 True 100 40
Coé 0.0008792463061777378 True 70 80

3.6 Evaluation of Model Performance

The performance of the models was assessed or evaluated to determine the accuracy and
reliability of the LSTM model in predicting runoff. Multiple metrics were employed for a
comprehensive evaluation, including Mean Squared Error (MSE), Root Mean Squared Error

(RMSE), R-squared (R?), and Nash-Sutcliffe Efficiency (NSE).

MSE is used to assess the average squared difference between the predicted and observed
values quantifying the overall magnitude of errors. A lower MSE indicates a better fit of the

model to the data. MSE is defined as:

MSE = 23, (Y - 7))’ )

where:
e nis the number of observations,
e Y;is the observed value,

o Y;is the predicted value.
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RMSE used to evaluate the accuracy of the model by measuring the average magnitude of
the errors between predicted and observed values. A lower RMSE indicates that, on average,
the model's predictions are closer to the observed values. Conversely, a higher RMSE

suggests larger prediction errors. Root Mean Square Error is then calculated as:

RMSE = VMSE 3)

The R? metric assesses how well the model captures the actual values, with values ranging
from O to 1. A higher R value, nearing 1, indicates a more effective model fit. R is further
calculated as:

2 XY (vi-P))2
R = Y (=Y X (V-7)? (4)

where:
e 1 is the number of observations,
e Y;is the observed value,
e Y;is the predicted value.

o Y is the mean of the observed values (Y;)

The NSE metric employed to assess the accuracy of hydrological model predictions, with
NSE values ranging from negative infinity to 1. A higher NSE value indicates a better fitting
effect of the model. NSE is expressed as:

Y, (v-7)?

NSE =1 — I=AL (5)

« where ¥} is the simulated/predicted runoff, ¥; represents the observed runoff and ¥; is

the mean of the observed values (V7).
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Chapter 4

Results and Discussion

In this chapter, the results obtained from the implementation of the proposed methodology
outlined in Chapter 3 is implemented. Through rigorous analysis and evaluation, this section
delves into the outcomes of utilizing advanced technologies, including remote sensing
datasets and LSTM modeling, to predict rainfall runoff in the study area. The findings offer
valuable insights into the effectiveness and reliability of the developed models, shedding

light on the intricate dynamics of hydrological processes within the river basin.

4.1 Model Training Results

After training six distinct LSTM models with varied input combinations and predefined
hyperparameters as detailed in Chapter 3, an iterative fitting process ensued over 200 epochs
per model. The objective was to achieve convergence between validation and training loss
functions (figure 6), aimed to refine models for optimal performance. The C5-model,
incorporating observed precipitation and remote sensing data (NDVI, LST, and ET),
exhibited the best convergence, with training and validation losses of 0.000595 and

0.000531, respectively. Complete details on minimal loss values are presented in Table 3.

Table 3. Minimal loss values of the six distinct LSTM models

LSTM Model Training Loss Validation Loss
C1 0.000622 0.000432
C2 0.000653 0.000374
C3 0.000659 0.001719
C4 0.000595 0.000418
C5 0.000595 0.000531
Co 0.000704 0.000521
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4.2 LSTM Runoff Prediction or Simulation

The LSTM models developed in chapter 3 were employed to predict the runoff across the
entire basin for the period spanning 2018 to 2022, utilizing the testing dataset. Subsequently,
the accuracy of these predictions or simulations was assessed using the testing data. Within
the testing period (i.e. 2018-2020), the peak observed runoff discharge recorded at the
Daboase hydro-station was on September, 2019 equal to 595.21mm/s with the lowest runoff
observed on May, 2020 at 14.673mm/s. The peak observed runoff values for the testing

period occurred roughly around the rainy or wet season within the basin.

The predictions made using the C1-LSTM model, based solely on observed precipitation
data from rainfall gauge stations as input, resulted in simulated values that were generally
higher than the observed flows. The hydrograph in Figure 7a illustrates the observed flow
compared to the simulated flow for the 2018-2020 period within the basin. While the C1-
LSTM model was able to capture the overall trend or pattern of the observed runoff, there
were differences in the peak values. The simulated runoff value on the observed peak date
was 599.61mm/s, closer to the observed peak runoff value. Evaluation of prediction accuracy
using R?, RMSE, and NSE revealed high R? and NSE values of 0.91 and 0.89, respectively,
and a low RMSE value of 26.006.
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Figure 8a depicts the hydrograph generated by the C2-LSTM model, which utilized remotely

sensed precipitation data, alongside the observed runoff. While the simulations generally

mirror the observed flow pattern, notable underestimations in the simulated runoff values

are evident compared to the observed data. Additionally, the C2-LSTM model's predictions

exhibit a decrease compared to those of the C1-LSTM model. Specifically, the R2 and NSE

values decrease to 0.88 and 0.79, respectively, compared to the performance of the Cl1-

LSTM model and an increase in the RMSE value to 27.109.

600

Streamflow
-
o

100

Simulated vs Observed

. v
2018-01 20138-05

Simulated

600

500

400

300

200

100

— Simulated Runoff
| Qbserved Runotf

*\‘Mj

B ' v + v v - +
201809 201901 201505 201909 202001 20200% 202009 202101

Date

a)

y =0.8626x +3.4131
R?=0.88

100 200 300 400 500 600 700
Observed

b)

Fig 8. a) Hydrograph from C2-LSTM model prediction b) Regression trendline of model

simulations

37



Figure 9a presents the hydrograph generated by the C3 model, incorporating observed
precipitation and NDVI data. The inclusion of NDVI, reflecting vegetation dynamics and its
contribution in the runoff process, enhances the model’s performance compared to the C2
model. The simulated hydrograph depicts the general pattern of the observed flow for the
year 2018. The C3 model demonstrates improved accuracy with higher R? and NSE values
(0.90 and 0.86, respectively) and a reduced RMSE value of 26.525. However, the model still
struggles to accurately simulate extreme runoff events during heavy rainfall periods (rainy

seasons).

In Figure 10a, the gap between the simulated and observed hydrograph further decreases
under C4 compared to the C3 input combination. The addition of ET to the input combination
improves the model’s performance and predictive ability. Although there is a marginal
improvement in simulating peak runoff values, significant overestimations are still notable.
Moreover, the model reproduces low runoff levels, particularly during the dry season. R?
and NSE values show improvement under the C4 model, reaching 0.92 and 0.90 respectively,

slightly outperforming C3 model. RMSE decreases under C4, with a value of 25.881.
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The C5 model, integrating observed precipitation, NDVI, LST, and ET as inputs
demonstrated the best performance in reproducing the runoff patterns. The simulated
hydrograph generated by the model in figure 11a closely mirrors the observed hydrograph
and outperformed the other models in the evaluation indices, with higher R? and NSE values
of 0.94 and 0.93, respectively. Moreover, C5 achieved the lowest RMSE at 25.860,
confirming its precision. The regression trendline in figure 11b indicates a strong linear
relationship between the observed and predicted runoff with an R? value of 0.9403 closer to

1 suggesting a better fit of the regression line to the data.

The C6 predictions significantly differ from those of C5, primarily due to the incorporation
of remotely sensed precipitation, NDVI, LST, and ET as inputs. This notably enhances the
model's performance compared to the predictions under C2, where only precipitation from
satellite observation was utilized. However, there is a reduction in evaluation metrics,
particularly with R? and NSE values, compared to the metrics obtained under the C5

simulations with noticeable underestimations depicted in the hydrograph (figure 12b).

Table 4 provides a comprehensive overview of the performance of all six input combination

models.

Table 4. Performance of the six models used to simulate runoff

Model R2 NSE RMSE
Cl 0.91 0.89 26.006
C2 0.84 0.79 27.109
C3 0.90 0.86 26.525
C4 0.92 0.90 25.881
C5 0.94 0.93 25.860
Co6 0.88 0.84 26.536
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4.3 SWAT Predictions

The SWAT model has been utilized in previous works to simulate the runoff process in the
basin for the same timeframe as the LSTM predictions (2018-2020). SWAT, being a physical
model, incorporates mechanical and physical processes within the hydrological system. The
dataset used in the SWAT model included observed precipitation from rain gauge stations,
land use and land cover (LULC) data, and digital elevation model (DEM) data. However,
the prediction accuracy of the SWAT model, with R? and NSE values of 0.78 and 0.75
respectively, was lower than that of the best-performing LSTM model (C5). Figure 13a
illustrates a notable difference between the simulated and observed hydrographs. The SWAT
model struggled to reproduce both peak and low runoff values accurately. Moreover, in
Figure 13b, many points deviated from the trendline, indicating discrepancies or

inconsistencies between the simulated and observed runoff values.
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4.4 Discussion

Over the years, LSTM architectures have demonstrated potential in hydrological modeling,
especially in runoff estimation. In this study, a fully connected LSTM was applied to forecast
runoff in Ghana's Pra River Basin, resulting in satisfactory to excellent outcomes. The model
performed well when in-situ precipitation data was incorporated in the input combinations,
indicating the significant role of precipitation as the primary driver in rainfall-runoff
processes. This importance is reflected in the similar hydrograph patterns observed across

models C1, C3, C4, and C5.

4.4.1 Runoff Trends

The regression plots displayed in figures 7b, 9b, 10b, and 11b mirror the patterns observed
in their corresponding hydrographs in figures 7a, 9a, 10a, and 11a. These figures reveal that
points exceeding 400 mm?/s, indicating high runoff values, diverge from the straight line,
indicating overestimation of peak values by the models, despite their overall satisfactory
performance. In the Pra River Basin, peak runoff values typically occur during the wet

seasons, namely between April - July and September - November. Uncertainties in rainfall
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events, largely influenced by climate change impacts such as delayed or excessive rains
during the wet season, may contribute to errors in simulating peak runoff values. Despite
these challenges, models C1, C3, C4, and C5 effectively predicted low runoff values (>100

mm?/s) during the dry season between December - March.

The hydrographs produced by the C2 and C6 models, illustrated in figures 8a and 12a,
exhibit a similar shape or trend. These models utilize satellite-derived precipitation data,
resulting in lower prediction accuracies compared to models incorporating in-situ
precipitation data. The decreased performance of C2 and C6, relative to C1, C3, C4, and CS5,
can be attributed to the utilization of remotely sensed precipitation data with a coarse
resolution (500m). Despite this limitation, both C2 and C6 achieved satisfactory results in
terms of evaluation metrics with R?> value of 0.84 and 0.88, as outlined in Table 4,
underscoring the potential of remote sensing data as an alternative source in the absence of

field observations for runoff modeling in basins and watersheds.

4.4.2 Comparison between SWAT and LSTM model

It is important to emphasize that the accuracy achieved by the SWAT model was lower
compared to the LSTM model used for runoff estimation in the basin. The SWAT's relatively
low performance stems from the intricate interactions, feedback loops, and complexities
within the hydrological cycle, as well as the diverse geophysical characteristics, which pose
challenges in the development of the physical based-model. SWAT requires a variety of
topographical and meteorological data in a watershed with sufficient historical hydrological
data. Comparing the evaluation metrics in this study, SWAT yielded R? and NSE values of
0.78 and 0.75 respectively, while the LSTM model (specifically CS5, the highest-performing
LSTM model) achieved R? and NSE values of 0.94 and 0.93 respectively.

The superior performance of the LSTM model compared to SWAT aligns with findings from
previous studies that have evaluated both models in simulating runoff. For instance, Zou et
al. (2016) used an integrated SWAT model to simulate monthly runoff in the Heihe River
Basin, achieving R? and NSE values of 0.83 and 0.82 respectively. In contrast, Xue et al.
(2022) employed FC-LSTM for monthly runoff estimation in the same region, yielding
higher R? (0.95) and NSE (0.94) values than the SWAT model. Similarly, C. Kim & Kim
(2021) compared LSTM and SWAT performances for rainfall-runoff analysis, with SWAT
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obtaining R? and NSE values of 0.90 and 0.80 respectively, while LSTM achieved superior
results with R? = 0.98 and NSE = 0.94. The R? and NSE values of 0.94 and 0.93 attained by
LSTM in this study highlight the effectiveness of the fully connected LSTM architecture in
capturing temporal dynamics and extracting pertinent information from diverse parameters,

thereby enhancing runoff modeling accuracy.

4.4.3 Impacts of Remote Sensing Products on Runoff Estimation

In runoff estimation, the selection of input data significantly impacts the accuracy of the
results (Bai et al., 2021; Ouma et al., 2021; Xue et al., 2022). Including more variables as
inputs generally improves model performance, leading to more precise outcomes. With the
exception of in-situ precipitation, the input variables were derived from satellite imagery
using remote sensing techniques. Numerous prior studies have demonstrated the
effectiveness of remote sensing data in runoff estimation (Pangali Sharma et al., 2020;

Yeditha et al., 2022; Y. Zhang et al., 2009; Zhu et al., 2023).

In this research, ET served as a critical indicator of soil and plant water loss, influencing the
hydrological process. Models incorporating both ET and in-situ precipitation (C4, C5)
outperformed those with precipitation alone. This improvement can be attributed to ET's role
in reflecting the available water content, which contributes to the runoff response in

hydrological processes.

NDVI was utilized as a biophysical indicator, representing both the physical characteristics,
such as vegetation cover, and the biological aspects, including the health and growth of
vegetation within the basin. Its role is pivotal in influencing hydrological processes such as
interception and evapotranspiration rates, thereby affecting the response of rainfall in the
runoff discharge process. The integration of NDVI into the C3 model led to significant

performance improvements.

LST was incorporated as a climatic factor due to its reflection of the Earth's surface
temperature, influenced by various climatic elements such as solar radiation. Its integration
into runoff modeling helps capture the climatic conditions affecting processes like
evaporation, thus impacting the available water for runoff. The C5 model, which achieved

the best performance, utilized both in-situ and satellite data (NDVI, LST, and ET), yielding
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the best results. This is attributed to its inclusion of more input variables compared to other
models, except for C6, which had the same number of input variables (remotely sensed

precipitation, NDVI, LST, and ET).

The successful outcomes of the models with multiple remote sensing input variables
underscore the benefits of integrating new features into model inputs, improving estimation
results and providing alternative methods for obtaining relevant hydrological data for runoff

modeling.
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Chapter 5

Conclusion and Recommendation

5.1 Conclusion

In this study, runoff modeling in the Pra River Basin, Ghana, was carried out using a fully
connected long short-term memory modeling approach combined with remote sensing data.
Literature indicates that LSTM, a form of recurrent neural network architecture, is a
sophisticated deep learning algorithm highly effective in runoff modeling. It is apparent that
studies utilizing LSTM tend to outperform physically-based models like SWAT, achieving
significant accuracies. Moreover, the importance of remote sensing data in supplying crucial

hydrological information for runoff modeling has been underscored in several studies.

A promising research opportunity therefore arose with the aim to harness the strength and
capabilities of the LSTM network and remote sensing technology to enhance the accuracy
of runoff estimations in the Pra River Basin. Previous studies in the area have not delved
into this approach for simulating runoff, marking the novelty of this thesis. It highlights the
significance of precise runoff modeling for effective water resource management and

environmental planning in the region.

Overall, the research questions defined to achieve the aim of the thesis have been answered.

1) How does the incorporation of remote sensing data, including NDVI, land surface
temperature, and evapotranspiration, impact the precision and accuracy of LSTM-based

runoff predictions?

The methodology involved the development of six LSTM models utilizing various input
combinations derived from both in-situ and remote sensing data spanning the period
from 2001 to 2020. Remote sensing datasets including CHIRPS-PT, MODIS-NDVI,
MODIS-LST, and MODIS-ET were processed using Google Earth Engine. The fully
connected LSTM exhibited the capability to capture temporal patterns in the input data,
demonstrating strong learning capacity and accurately predicting runoff for the testing

period (2018-2020). Models utilizing a single input (observed precipitation) and target
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2)

(observed runoff) achieved R? and NSE values of 0.91 and 0.89, respectively, while those
incorporating mixed data of field and remote sensing yielded R? and NSE values of 0.94
and 0.93, respectively. Among the six models developed, two utilized single inputs
(observed and satellite-based precipitation), while the remaining four integrated both
remote sensing and in-situ data. Integrated models consistently outperformed single-
input models, with improved accuracy and performance attributed to the inclusion of

additional variables (NDVI, LST, and ET).

How does the overall performance of the LSTM model compare with Soil Water
Assessment Tool physical-based model in estimating monthly runoff discharge in the Pra

Basin, Ghana?

The top-performing LSTM model incorporated in-situ precipitation, satellite-derived
NDVI, LST, and ET as inputs, achieving R?> and NSE values of 0.94 and 0.93,
respectively. This model's performance was then compared to that of a SWAT model
developed for the same basin during the testing period (2018-2020), which yielded
prediction accuracy metrics of R*> = 0.78 and NSE = 0.75. Clearly, the LSTM
outperformed the SWAT model in simulating runoff within the basin, emphasizing the

robustness and efficiency of deep learning, particularly LSTM, in runoff simulation.

5.2 Limitations and Future Applications

This study encountered limitations in several areas. Firstly, there were challenges regarding

the availability of sufficient in-situ precipitation data, which affected the temporal range of

the study period. This resulted in a limited number of data points for model development,

with the study period set between 2001 and 2020. The absence of earlier precipitation records

from meteorological stations necessitated preprocessing of the in-situ data to address

missing values and ensure consistency. Additionally, remote sensing data had to be obtained

within the same timeframe to maintain dataset coherence for LSTM modeling.

In future studies, addressing data sufficiency challenges and increasing the amount of input

datasets might involve relying solely on remote sensing datasets. Remote sensing offers
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extensive historical data, and previous works including this study has shown that models
utilizing such data can accurately simulate runoffs, presenting an alternative source of
hydrological data for runoft modeling. Additionally, improving model accuracy could entail
the inclusion of supplementary variables. Therefore, variables like the soil moisture index,
which impacts infiltration and runoff in hydrological processes, could be explored and

integrated into forthcoming research.

Additionally, the modeling process did not consider the various spatial resolutions of remote
sensing products, as all data were resampled to a 500m resolution. While the simulated
runoffs captured the general trends in the basin's runoff and achieved satisfactory results,
future research could explore the sensitivity of models to different spatial resolutions by

incorporating remote sensing images with varied resolutions.

Lastly, this study employed a lumped model approach to estimate basin runoff, treating the
study area as a single unit. However, the basin comprises three sub-basins, raising concerns
about spatial dependency. The runoff recorded at downstream points or within sub-basins
may not fully represent basin-wide runoff. Additionally, temporal dependency exists, where
the time taken for surface water to flow between points impacts recorded downstream flow.
Future research should address these issues by considering spatiotemporal dependency and
exploring distributed models to better simulate sub-basin runoffs, providing a more accurate

representation of runoff in the Pra River Basin.
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