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ABSTRACT

Water is an indispensable natural commodity, a fundamental human need, and
the most critical source for the existence of the human race and its development.
Presently, the world is grappling with water scarcity issues which have risen to
an alarming mark. Climate change projection shows that the situation will become
grimmer and more prevalent in the near future. The agriculture sector is the primary
consumer of water and uses almost 75-80% of the freshwater available worldwide.
India, an agricultural country, requires a huge amount of water for irrigation. Still,
it has only 4% of the world’s freshwater to serve the food demands of about 18%
of the global population. Thus, precise estimation of the irrigation requirements is
a significant task to manage the available water resources efficiently and optimize
water usage in agriculture.

Researchers are trying hard to develop efficient irrigation techniques. The water
requirement problem requires more efficient, intelligent, and sustainable techniques
to address the problem. Evapotranspiration (ET) is a significant factor in determin-
ing crop water requirements. The precise estimation of reference evapotranspiration
(ETy) and crop evapotranspiration (ET,) is necessary to determine the irrigation
requirements to maintain crop-water balance. Deep learning (DL) models are effi-
cient in handling complex non-linear relationships with a massive amount of data.
It shows the ability to handle time-series forecasting problems. Estimating evapo-
transpiration shows similar characteristics, such as complex non-linear relationships
among meteorological parameters and the time-dependence nature of these param-
eters.

Therefore, the work reported in this thesis is carried out to develop deep learning-
based models for the precise estimation of ETy and ET, values. These proposed DL
models are further investigated to handle the limited availability of meteorological
data required for their reliable estimation. The main contributions of this thesis are

as follows:

e Estimation of reference evapotranspiration using a hybrid deep neural network

approach for limited meteorological data.

e Estimation of reference evapotranspiration using deep reinforcement learning-
based ensemble approach to consider the effect of time-varying characteristics

of the ETj process.



e Estimation of daily crop evapotranspiration using limited climate data and to

forecast future changes in wheat and rice ET..

Two-hybrid deep neural network models, i.e., Convolution-Long Short Term
Memory (Conv-LSTM) and Convolution Neural Network-LSTM (CNN-LSTM), are
investigated for the estimation of reference evapotranspiration. Conv-LSTM per-
forms the convolution operation in LSTM cells and CNN-LSTM uses the convolu-
tion layer for feature extraction of input data, and then the extracted features are
fed to LSTM layers. The climate dataset of two stations in India: Ludhiana and
Amritsar, is adopted to develop the proposed models. It includes daily maximum
temperature (7,4, ), minimum temperature (7,,;,), wind speed (WSP) measured at
the height of 2m, solar radiation (R;), relative humidity (RH), vapor pressure (VP),
and sunshine hours (SSH) data from the period 2003 to 2015 of Ludhiana station and
2000 to 2016 of Amritsar station. The study also focuses on climate data scarcity
conditions, and thus, different input combinations of climate parameters have been
used to investigate the minimum required parameters to model the ETj process.
Several performance measures are used to assess the precision of the model and to
perform sensitivity analysis. Temperature and radiation are observed as the prime
data inputs required to estimate ET{ values. The proposed hybrid models are then
compared with existing temperature and radiation-based empirical models such as
Hargreaves, Makkink, and Ritchie. The comparison reveals that CNN-LSTM and
Conv-LSTM outperform these existing models. Moreover, Conv-LSTM performs
better than CNN-LSTM.

To investigate the time-varying characteristics of the ET{ process, a deep rein-
forcement learning (DRL) based ensemble approach, DeepFEvap, is proposed for the
estimation of ETy values by using three climate parameters as input variables i.e.,
Trnins Tmaz, and R,. The modeling procedure of the proposed ensemble model con-
sists of three phases. In phase I, the data preprocessing technique is performed on
the meteorological data to clean the existing impurities(e.g., outliers, missing data)
as it affects the performance of any machine learning (ML) based approach. In phase
I1, four different deep neural network-based models are used to build the estimation
model of ETy and calculate the prediction results. In phase III, the DRL approach
is used to ensemble the prediction results of these four models. The meteorological
datasets of two stations of India: Ludhiana and Patiala, are selected to validate the
proposed approach. Simulation results show that the proposed DeepEvap approach
is competitive for ETj prediction by achieving a coefficient of determination (R?)
= 0.96, mean sqaure error (MSE) = 0.0018 mmd~!, and explained variance score
(EVS) = 0.96. It significantly outperforms four baseline models. Moreover, DeepE-
vap also integrates four deep neural network models and works better than existing

stack based and weighted ensemble approaches.

vi



Two-hybrid DL models, i.e., Convolution Neural Network-eXtreme Gradient
Boosting (CNN-XGB) and Convolution Neural Network-Support Vector Regression
(CNN-SVR) are proposed to estimate daily ET, values of wheat and rice crops.
Further, limited climate data (Tin, Tnee, mean temperature (Thean), and (Ry)) is
used for the prediction of ET, values to handle data-scarce situations. Also, the
future climate data obtained using two emission scenarios: Representative Concen-
tration Pathways (RCP) 4.5 and RCP 8.5 for the time period 2023-2033, is used to
project changes in ET,. The results demonstrate that the proposed hybrid models
provide satisfactory performance with the Nash-Sutcliffe Efficiency (NSE) = 0.95
and 0.976 for rice and wheat ET. values, respectively. The simulation of future
data (IPSLCM5A-LR (Institute Pierre-Simon Laplace Circulation Model 5A - Low
Resolution) and HadGEM?2 (Hadley Centre Global Environmental Model version 2)
obtained from MarkSim GCM) reveals the increase in T),;, by 7.03%, 7.33%, and
Trnae by 10.5%, 11.5% for RCP 4.5 and RCP 8.5 respectively. Also, an increase in
ET, of rice crop has been reported by 20-22% while increment of wheat ET. has
been noticed by 3-4%. Thus, using limited climate data, the proposed approach
efficiently estimates ET,. of wheat and rice crops and could assist water resource

managers in achieving agricultural water sustainability.
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Chapter 1

Introduction

Water policy is among the most critical worldwide concerns. It aims to regulate wa-
ter consumption and determine the best strategies to avoid exploitation and squan-
dering of existing freshwater resources [1]. India is a water-scarce country that is
further exacerbated by the detrimental effects of climate change, inadequate water

management, and flawed pricing policies.

Indian population represents 18% of the world’s population with only 4% of
global freshwater, out of which 75-80% is consumed for agricultural purposes [2].
However, despite growing water scarcity, India’s irrigation practice is still very in-
efficient. Thus, water management in agriculture is always encouraged to meet the
growing demand for food [3]. Therefore, it is necessary to design and implement
efficient irrigation practices to reduce the amount of water required for irrigation

water while sustaining or improving yield production.

Agriculturists need to know the crop-specific water requirement to obtain sat-
isfactory crop yield and to avoid over or under irrigation [4]. This problem can be
tackled with the adoption of smart farming and analytics, which can be a boon to
Indian agriculture. Smart farming is the practice of using advanced Information
and Communication Technologies (ICTs) to revolutionize the agricultural world.
It promises to provide more sustainable and efficient agricultural output through
its three main pillars: Internet-of-Things (IoT), cloud, and analytics. Analytics
solutions make use of IoT, GPS technologies, Big Data, and Cloud Computing to
generate pertinent data and provide actionable insights with the help of Artificial In-
telligence (AI) algorithms. Figure depicts the role of analytics in smart farming.
Crop and seed selection, seed sowing, land preparation, crop growth monitoring,
and irrigation requirements are a few applications of Al-assisted analytics in smart

farming.
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Figure 1.1: Role of analytics in smart farming (Modified from )

1.1 Background

The agricultural sector has a vital role in the economic development of a nation.
The explosive growth in global population, climate change, and water scarcity have
made it challenging to meet the ever-increasing food demand. Water scarcity has
threatened sustainable development since food can not be grown without it. It is
expected to affect approximately 1800 million people by 2050 . Increasing pop-
ulation, industry, and agriculture demands put heavy pressure on water resources,
contributing to water scarcity as shown in Figure [1.2] Despite this, climate change

will further worsen the situation in the future.

The global population is expected to reach 9.7 billion by 2050, increasing the
demand for healthy food and water @ Areas where food is grown, do not expand;
therefore, agricultural cropping systems must make optimal use of limited available
water and land resources to feed the world’s growing population. Agriculture uses
approximately 75-80% of available freshwater globally for irrigation purposes and is
considered as a victim and reason for water scarcity.

Irrigation is the practice of applying water to the soil to increase agricultural

growth, maintain landscapes, and revegetate damaged soils in arid regions during
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Figure 1.2: Major reasons of water scarcity

Approximately, 1.55 x 10° hectares of agricultural land cultivated globally ac-
counts for around 11% of the Earth’s entire land area and is expected to increase to
13% by 2050 [7]. Further, 17% of these agricultural areas are subject to irrigation
management . However, this relatively modest area equipped for irrigation may
provide as much as 30-40% of global crop production @ﬂ It indicates that irrigated
land is more likely to be the source of most of the increase in food production. How-
ever, 90% of agricultural water is consumed for irrigation purposes . Therefore,
due to the limited supply of water resources, rising demand for water from other
sectors, and climate change, efficient use of available water resources for irrigation

is becoming increasingly important.

In this context, efficient irrigation techniques are essential for maximizing water
efficiency while maintaining crop yield and quality. Excessive water in the soil can
impede root respiration, impact root growth, and cause soil degradation issues such
as surface runoff, soil erosion, and nutrient leaching, in contrast, lack of water may
result in a decrease in crop yield. In addition, improper irrigation techniques result
in severe soil salinization, and climate change threatens to worsen this tendency

in many regions. Over the past few years, the irrigation technologies have evolved
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globally at a steady pace starting from manual irrigation to upcoming Al-assisted
irrigation technology. This journey of evolution started from the first generation
with the use of multi-client electronic hydrants. The variable frequency pump was a
second-generation irrigation technology. The micro irrigation method was the third
generation of irrigation technology but was only partially deployed due to the costly

initial expenditure.

The fourth generation of irrigation technology was subsurface drip irrigation
(SDI) which was developed to address the challenges of surface drip irrigation, par-
ticularly the issue of emitter clogging. Deficit irrigation was the fifth generation of
irrigation technology which was developed to deliver less water without impacting
crop yield [11] [12]. Intelligent irrigation systems based on Al are the current trend

in providing cost-effective and efficient models for water management in agriculture.

1.2 Motivation

Evapotranspiration is a crucial part of the hydrological cycle and plays a vital role
in sustainable water resource management. The accurate estimation of evapotran-
spiration is a prerequisite for irrigation scheduling and also for hydrological, cli-
matological, and ecological research studies. Past studies have also concluded that
evapotranspiration-based irrigation scheduling is the optimum choice among other
irrigation scheduling methods |13|. This irrigation scheduling method is easy to de-
ploy, economical, and fairly accurate. Moreover, it can be used without considering

field conditions and require only meteorological and crop coefficient values.

Precise estimation of evapotranspiration is essential for designing, planning, and
effectively implementing irrigation scheduling particulars in water-scarce areas to
increase agricultural productivity. It can be measured directly using a lysimeter or
eddy covariance. However, due to technical complexities and high cost, it is calcu-
lated using some empirical equations such as FAO-56 Penman—Monteith (FAO56-
PM) or American Society of Civil Engineers Penman—Monteith (ASCE) equations.
These equations require meteorological data (solar radiation, temperature, vapor
pressure, humidity, and wind speed) as inputs and are widely accepted and used
in various applications and research worldwide. However, the availability of these
meteorological data is a challenging issue in developing countries. So, there is a need
to develop a model that uses limited available climate data as input to predict ET,

with no compromise on estimation accuracy.

Recently, deep learning models have shown show high potential for time series
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forecasting problems because of the ability to handle temporal structures such as
trends and seasonality and learn temporal dependency. Deep learning models effec-
tively address problems with massive amounts of data, multi- variate with complex
relationships, and multi-step time series forecasting tasks. The problem of prediction
of evapotranspiation values also exhibits the same characteristics, such as there ex-
ist complex non-linear relationships between multiple variables, and these variables
follow time series behavior. Nevertheless, these methods are less widely applied to
the evapotranspiration process. The above mentioned reasons motivate the proposal
of novel deep learning-based approaches for predicting evapotranspiration to design

intelligent irrigation scheduling.

1.3 Objectives

The following objectives were outlined:-

e To develop an approach for reference evapotranspiration estimation using deep

learning techniques.

e To develop an approach for crop evapotranspiration of different crops using

deep learning techniques.

e To evaluate the performance of the selected deep learning techniques.

1.4 Thesis Organization

Chapter 1: Introduction

The chapter 1 provides an overview of the current status of water scarcity and the
requirement to design efficient irrigation strategies. Different irrigation scheduling
techniques based on evapotranspiration, soil moisture, and crop water stress are
discussed in detail. It also presents the role of Al in smart irrigation strategies.
The chapter clearly elaborates the motivation behind development of deep learning-
based water management techniques in agriculture and enlists the objectives of the
present research work. The chapter ends with a discussion on the outline of the

thesis.

Chapter 2: Literature Survey

The chapter 2 presents a detailed literature survey to outline the research efforts
concerning the prediction of reference evapotranspiration and crop evapotranspira-
tion using Al-based approaches. The chapter finally concludes with research gaps

identified from the survey.
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Chapter 3: Study Areas and Dataset

The chapter 3 describes the study areas and dataset used to conduct the research
studies in the present research work. The geographical conditions of the three sta-
tions of Punjab: Ludhiana, Amritsar, and Patiala, are discussed. It also describes
these stations’ meteorological parameters using various statistical measures. The

chapter also presents the wheat and rice crop dataset description.

Chapter 4: Hybrid Deep Learning Models for Reference Evapotranspi-
ration (ETp)

The chapter 4 presents two deep learning-based hybrid models, i.e., CNN-LSTM
and Conv-LSTM to predict daily E'T, values of Ludhiana and Amritsar stations. It
also addresses the data-scarcity issue by investigating different input combinations
of meteorological parameters to predict ET,. The chapter elaborates the methodol-
ogy used and the performance evaluation parameters for the assessment of proposed
hybrid DL models. Further, the results of the proposed hybrid models are evaluated

and compared with existing temperature and radiation-based models.

Chapter 5: Deep Reinforcement Learning based Ensemble Approach for
ET,

The chapter 5 investigates a deep reinforcement learning-based ensembling approach
to predict ET, using limited meteorological parameters. It presents the background
and preliminary information required to understand the proposed ensemble mod-
els. The ET, process is represented as a mixed integer non-linear programming
problem with the objective to minimize the mean square error. Further, the chap-
ter discusses the four baseline models, i.e., CNN-LSTM, Conv-LSTM, CNN-XGB,
and CNN-SVR, and the proposed methodology adopted to conduct the study. The
experimental results and their comparison to existing ensemble approaches are thor-

oughly explained at the end of the chapter.

Chapter 6: Hybrid Models for Estimation of Crop Evapotranspiration
(ET.)

The chapter 6 introduces two hybrid models, i.e., CNN-SVR and CNN-XGB, for
the prediction of daily ET, values of wheat and rice crops. The study is conducted
at Ludhiana station, and general circulation models (GCMs) are used to generate
future climate data of the station to observe the future water requirements of both
crops. It also elaborates the development of the proposed models to predict daily
ET, values and the model evaluation parameters to examine the performance of
proposed hybrid models. The chapter demonstrates the results obtained from the

conducted research study and concludes the chapter.



1.4. THESIS ORGANIZATION

Chapter 7: Conclusions and Scope for Further Work
The chapter 7 summarizes the contribution of the research work and highlights the
key findings. Moreover, the chapter also discusses the issues that are yet to be

addressed along with the potential future directions.






Chapter 2

Literature Review

This chapter provides an exhaustive review of the literature related to Artificial
Intelligence approaches used for the prediction of reference and crop evapotranspi-

ration.

2.1 Overview

Efficient irrigation scheduling is considered as one of the key components governing
smart agricultufre. Under or over-irrigation causes yield loss, crop stress, nutrient
leaching, and water loss. Therefore, the need for intelligent irrigation scheduling
techniques is critical to deal with the aforementioned issues. Artificial Intelligence
acts as a game-changer in designing and optimizing intelligent irrigation scheduling
techniques for smart agriculture. The Al-centred approach carries enormous poten-

tial in estimating water requirements and the right time and place of irrigation.

Evapotranspiration is a crucial part of the hydrological cycle and plays a vital
role in the sustainable water resource management [14] [15] [16] [17]. The accu-
rate estimation of evapotranspiration is a prerequisite for irrigation scheduling as
well as for hydrological, climatological, and ecological research studies [18]. The
past few decades have experienced the development of various artificial intelligence-
based techniques to model, predict and optimize the evapotranspiration prediction
process. The following section presents an in-depth analysis of the role of Al in pre-
dicting evapotranspiration and design Al-enabled intelligent irrigation scheduling

techniques.

2.2 AI/ML enabled ET, Prediction Models

This section provides different AI models such as evolutionary and neuro-fuzzy,
machine learning, neural network, and deep learning, and hybrid models used in

past studies to predict ET, values.
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2.2.1 Evolutionary and Neuro-Fuzzy Models for ET, Pre-
diction

Evolutionary Computation (EC) methodologies are inspired by nature and address
optimization problems in a randomized manner. These methodologies can provide
a reliable and effective solution to solve complex issues in real-world applications.
Also, Neuro-fuzzy systems are fuzzy systems created using a learning method based
on a neural network. This section provides an overview of the recent literature
regarding the applications of evolutionary computing and neuro-fuzzy approaches
in modeling the evapotranspiration process. Table summarizes the state-of-art

evolutionary and neuro-fuzzy models for ET, prediction.

Baba et al. [19] evaluated both Artificial Neural Network (ANN) and ANFIS
model for ET, prediction. The findings of their study revealed that both models
could provide reliable accuracy using available climate data, and further the perfor-
mance of both the models decreased by using the estimated R, value. Kisi et al. [20]
examined the potential of Subtractive Clustering-based Fuzzy Inference System (S-
ANFIS) and Grid Partition-based Fuzzy Inference System (G-ANFIS) for modeling
daily ET, in the Mediterranean climate region of Turkey. Authors found that both
ANFIS models achieved reliable results compared to empirical models using three
to four input parameters. However, empirical models with two climate parameters

performed better than two input ANFIS models.

ANFIS model have been used to identify most influential climate parameters
for the estimation of ET, in the study conducted by Petkovic” et al. [21]. Authors
identified SSH, vapory pressure (VP), and T,,;, as the most important parameter
and further found that 7,,,, and RH are the optimal input combination for two
input parameters combination. Further, Keshtegar et al. [22] evaluated the ANFIS
model by dividing data points to k-subset using uniform selection for daily ET,
prediction and comparison to ANN and M5Tree models revealed the superiority of
subset-ANFIS model. Zakhrouf et al. [23] also investigated two types of neuro-fuzzy
models, i.e., subtractive clustering model (S-ANFIS) and fuzzy C-means clustering
model (F-ANFIS) to estimate daily ET, under semi-arid climate region. The sta-
tistical measure shows that S-ANFIS outperformed F-ANFIS.

Genetic expression programming (GEP) is a logical progression of genetic pro-
gramming (GP) and genetic algorithms (GA), and it uses symbolic regression to
generate mathematical models. GEP generates non-linear entities (computer pro-

grams) represented in relatively basic linear string structures. The contribution of
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GEP in developing an expression for ET, estimation is widely explored [24]. Traore
et al. [25] used public weather forecast data to forecast one week ET, values using
the GEP model. Authors suggested that by using general weather data (tempera-

ture data), reliable estimation of ET, values is possible to plan irrigation scheduling.

Shiri [26] also conducted study using GEP for ET,, prediction. The performance
of GEP model was compared to empirical models (Hargreaves, Turc, Priestley-
Taylor, and Kimberly-Penman) for the similar input combination of temperature,
radiation, and humidity. The obtained results demonstrated the superiority of the
GEP model over empirical models. A similar study was also conducted to examine
the suitability of GEP models for predicting E'T, using limited input data by Mat-
ter [27]. The author further compared the performance of GEP to empirical models,
and it was observed that GEP yielded better results. Mattar and Alazba [2§], ex-
tended this study by comparing GEP with multiple linear regression (MLR) models
and other empirical models. According to this study, GEP turned out to be a pow-

erful tool compared to all other models in case of an incomplete dataset.

Valipour et al. |29] examined the potential of GA and GEP on four different cli-
mate regions (arid, semiarid, very humid, and Mediterranean) for estimating ET,.
They concluded that GEP provides reliable accuracy using a minimal dataset for
all climate regions. The right training/testing data selection is a crucial challenge
in applying Al models. Kazemi et al. |30] compared various hold-out and k-fold
validation temporal data partitioning strategies to estimate daily E7T, in arid region
using GEP approach. They found that k-fold validation provides the lowest overes-

timation and underestimation of ET, values.

Finally, it can be concluded that GEP models were proven capable of expressing
physical phenomena of ET, process into the mathematical form using less meteoro-
logical data. These models also show superiority over empirical models and claim
to be alternatives to empirical models. ANFIS models combined with clustering
and partitioning algorithm could deliver reliable performance and also show better
results as compared to the ANN model using the same dataset in [22]. The real
benefit of fuzzy logic-based models over ANN is that they allow for a more linguistic
description of the data. Moreover, the studies mentioned above focused on pro-
viding a solution to the non-linear complex ET, modeling process using a limited
meteorological parameter to handle data-scarce situations. These studies identified
different input combinations of meteorological parameters in other climate regions,
confirming that factors affecting E'T, process depends on the type of climate or

environment.
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2.2.2 Conventional Machine Learning Models for ET, Pre-
dictions

ET, can be expressed as a complicated multivariate non-linear regression process
that is dependent on a large number of meteorological parameters. A significant
number of environmental factors interact with ET, in a complex way, implying the
need for high-dimensional feature space to define the non-linear changes in E'T, with
regard to changes in diverse environmental parameters. Therefore, it is difficult to
create comprehensive empirical models that accurately describe all of the compli-
cated processes. Machine learning techniques can overcome this problem, which can

represent complex and non-linear interactions between inputs and output.

As a result, researchers have proposed machine learning techniques for ET, esti-
mation since these models do not require knowledge of internal variables and provide
easy solutions for non-linear and multi-variable functions. This subsection provides
insights into the contribution of ML techniques for ET, modeling process in liter-
ature. Four types of ML models have been widely used in past studies: non-linear
regression models, tree-based regression models, kernel-based regression models, and
machine learning-based ensemble models. The contribution of neural networks has
not been covered in this subsection and will be discussed separately in the following
subsection. Table[2.2]summarizes the contribution of ML models for ET, prediction.

Non-linear regression models are preferable to other Al approaches such as AN-
FIS, ANN, and Support Vector Machine (SVM) since they have less complexity.
Furthermore, these models provide us with formulas or relationships to work with
an acceptable level of accuracy. Khoshravesh et al. [31] attempted to use multi-
variate fractional polynomial (MFP), robust regression and Bayesian regression to
predict ET, in three semi-arid climate regions of Iran. The findings of this study
stated that the accuracy of the MFP model was higher than the other two regression
approaches, and also with the use of only T},.., and R, acceptable accuracy could

be achieved.

Reis et al. [32] recommended multiple linear regression model over ANN and
Extreme Learning Machine (ELM) model. The authors attempted to model ET,
using Al models (ANN, MLR, and ELM) by considering only temperature data as
input in five semi-arid regions of Brazil. Further, the performance of these models
was evaluated using local data of each station and pooled data of all five stations.
They found out that all models provided more accurate results than the Hargreaves

model in both scenarios, but MLR was recommended as it was easier to use than
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the other two models.

The tree-based regression models have also gained popularity due to their high
computational speed and satisfactory performance. These models are also explored
in ET, prediction. Kisi [33] introduced the M5 Model Tree (M5tree), Multivariate
Adaptive Regression Splines (MARS), and Least Square Support Vector Regression
(LSSVR) for modeling monthly ET,. They further evaluated the proposed models
to provide reliable results using cross-station data. It was reported that M5Tree
could act as the best alternative approach for E'T, modeling over other proposed
models and empirical models (Valiantzas and HS model) in the absence of local

input and output data.

Feng et al. [34] evaluated the applicability of the Random Forest (RF) and Gen-
eralized Regression Neural Network (GRNN) model for predicting E'T, values using
two input scenarios: only temperature data and complete data. It was observed that
using temperature data, both RF and GRNN could provide reliable accuracy. How-
ever, the RF model provided slightly better performance than the GRNN model.
RF model also performed better in study conducted by Niaghi et al. [35]. Authors
applied GEP, SVM, Linear Regression (LR) and RF using three combinations of
input data: Thaze, Tming Tmazs Tmin, WSP; and Ry, T),0z, Tmin. Results showed the

superiority of RF model using input combination of R, T},4z, Tinin parameters.

Ponraj et al. [36] further analyzed three ML models, i.e., RF, Gradient Boost
Regression (GBR) and MLR for ET, modeling with or without using preprocessing
techniques. They found out that preprocessed GBR model provided better results
than the other two models. Moreover, they reported that the influence of soil tem-
perature data was negligible for the estimation of ET,. Fan et al. [37] evaluated four
regression trees (RF, M5Tree, Gradient Boosting Decision Tree (GBDT) and XG-
Boost) against SVM and ELM model for modeling daily ET, values using different
combinations of meteorological data in different climate zone of China. Their find-
ings indicated that R, was the most important parameter than WSP and RH, and
reliable accuracy could be achieved using tree-based models: GBDT and XGBoost

in different climate zone of China.

This study was further extended by Fan et al. [3§]. The authors introduced Light
Gradient Boosting Machine (Light GBM) for predicting daily ET, in the humid sub-
tropical region. They compared the results to empirical and traditional tree-based
ML models such as M5Tree and RF. The Light GBM is an enhanced gradient learn-

ing framework that uses decision trees and the concept of ‘weak ’learners. Further,
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the potential of LightGBM for ET, prediction using cross-station meteorological
data was also assessed. LightGBM was observed to be effective and generalizable

using both local and cross-station data.

Huang [39] compared a newly introduced gradient boosting model called Cat-
Boost to well-known ML models (SVM and RF) for estimating E'T, in the subtrop-
ical humid climate region of China. Statistical measures proved the superiority of
CatBoost over SVM and RF models. It was also reported that two input combina-
tions of climate data (Tyuin, Tmaz, Rs O Timin, Tmaz, WSP, RH) could be used for
data scarcity situation to obtain reliable results. In addition to it, Catboost also

showed less computational cost as compared to SVM and RF models.

Granata [40| performed a comparative study of four ML models, such as the M5P
Regression Tree, Bagging, RF, and Support Vector Regression (SVR), to evaluate
their capability for modeling E7T, in humid subtropical climate zone. Four different
combinations of input climate data were used, and results indicated that except
SVR, all other three models provided accurate results using Ry, sensible heat flux,
soil moisture content (SMC), WSP, RH, and air temperature (T). Kisi et al. [41] pro-
posed a novel regression model called Radial Basis M5 Model Tree (RM5Tree) and
compared it with traditional M5Tree and Response Surface Method (RSM), Multi-
Layer Perceptron Neural Networks (MLPNN) and Radial Basis Function Neural
Network (RBFNN) models. They take three different input data combinations, and
the results revealed the superiority of RM5Tree over other models using T},can, Rs,
WSP, and RH as the input parameter.

Mehdizadeh et al. [42] compared sixteen empirical models with four Al models
(GEP, MARS, SVM-poly, SVM-RBF) for the estimation of monthly ET, values.
They found that MARS and SVM-RBF outperform other Al and empirical models.
It is also concluded that Ry showed a higher impact on the accuracy of ET, than
R,,, and combining WSP with other input combinations enhanced the performance
than using WSP as a sole input parameter. Pour et al. [43] showed the superiority
of the SVM model over ANFIS and GEP for simulating monthly E7T, values in an
arid region of Iran. Moreover, they suggested using the proposed approach in case

of the unavailability of sunshine hours and relative humidity.

This study was further supported by Chia et al. [44]. They recommended SVM
over other existing empirical models using the same input dataset. Seifi et al. [45]

proposed hybrid model using Least Square Support Vector Machine with Gamma
Test (LSSVM-GT) for the estimation of ET,. Gamma test revealed that Ty,in, Thnas
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and WSP are main influential parameters. Comparison with other models such as
ANN, ANFIS, and empirical models proved that LSSVM performed better using

the gamma test in the arid region of Iran.

Ensemble learning-based approaches have also gained researchers’ interest in
modeling evapotranspiration process since these approaches are typically more sta-
ble, perform better, and have reduced computing costs. Manikumari et al. [46] pro-
posed ensemble learning approach to combine ANN models for daily ET, estimation.
They reported that ensemble models achieved better performance than individual
ANN models. Salam et al. [47] proposed two new ensemble learning-based models:
Random Tree (RT), Bagging, and Random Subspace (RS) for ET, prediction in the
subtropical humid climate region of Bangladesh and compared the performance of
these models to RF and SVM model. Statistical measures indicated that RT and
RF provided better performance. Further, it was observed that R, and WSP were
most influenced parameters and combination of R, 1), and 1), provided satis-
factory results and R,, T).;n and T, were found as least input combination for
ET, estimation. Nourani et al. |48] employed linear ensemble (simple and weighted
average) and non linear ensemble (neural ensemble) approaches. They reported that
neural-based ensemble performed better than SVR, ANFIS, ANN, and MLR models

for estimating single and multi ahead ET,.

Martin et al. |49] further proposed a stacked-based learning approach to pre-
dict evapotranspiration using meteorological data of twenty stations of Spain. They
used SVM, RF, GBM, and XGBoost as first-level predictors and XGBoost as second-
level predictors. Further, the performance of the newly developed ensemble model
was compared to state-of-art models (SVM, RF, XGBoost, GBM, ELM, MARS,
and LASSO) and empirical models (temperature-based, radiation-based, and mass-
energy transfer based). They reported that the stack-based ensemble approach
could address the problem of variation in performance with the change in environ-
ment conditions (using different datasets) as it shows less variation in performance

than other compared models.

The review of publications in this subsection revealed that traditional ML models
had been effectively employed to predict ET, values. Moreover, these models proved
less costly in terms of computational cost. Also, ensembled learning approaches
were used to address the issue of variation in the performance of ML models for
different types of datasets. However, a continuous effort was made to develop Al
models using the limited meteorological dataset to provide better performance than

empirical models.
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2.2.3 Neural Network and Deep Learning Models for E7T,
Predictions

ANNSs have been widely used in hydrological modeling over the last two decades due
to their capacity to map the input and output connection without comprehending
the physical process. An artificial neural network model is a mathematical model
with highly interconnected processing units structured in layers that is substantially
equivalent to the learning potential of the human brain. The most fundamental
technique for creating an artificial neural network-based model of system behavior
is to train the network using system samples. Recently, many publications employed
ANN to simulate the reference evapotranspiration process. Some of the recent arti-
cles with significant contributions in this field are discussed in this subsection. Table

2.3 summarizes these research studies in brief.

Laaboudi et al. [50] investigated the effectiveness of ANN to estimate ET, using
incomplete dataset and compared the results to MLR model. It was reported that
the MLR model could also predict ET, at desirable accuracy. However, ANN has
overcome the issue of multi-colinearity problem present in MLR. Kim et al. [51] in-
vestigated the performance of neural networks in predicting monthly ET, using the
bootstrap resampling technique on the GRNN (GRNN-backpropagation algorithm
(GRNN-BP), Bootstrap GRNN-GA (BGRNN-GA)). The analysis revealed that in-
creasing the quantity of the training data via bootstrapping could not enhance the
GRNN models significantly. Further, the generalization ability of ANN and M5 tree
model for modeling ET, was investigated by Kisi and Kilic [52]. The authors con-
cluded that the M5 tree model and the ANN could give excellent ET, estimation
when trained and tested locally. However, reliable accuracy could not be achieved
without training and testing these models at different stations. The performance
comparison of ANN with GEP was also performed by Yassin et al. |[16] in their
study. They evaluated the performance of ANN and GEP model to predict ET,
in the arid region of Saudi Arabia. The result demonstrated that the ANN model

performs slightly better using an incomplete data set.

An attempt to use easily available public weather forecast data to estimate ET,
was made by Traore et al. [53]. They employed neural network-based four models
named Generalized Feedforward (GFF), Linear Regression Network (LRN), Mul-
tilayer Perceptron (MLP), and Probabilistic Neural Network (PNN) using limited
data (Thaz, Timin, Rs, and R,) retrieved from public weather forecast data. They
concluded that more reliable results were obtained when R, was used with tempera-

ture data instead of R,. However, the authors concerned about the reliability of the
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public weather data for the acceptability of the proposed approach. The best archi-
tecture of the ANN model in the sub-humid environment was identified by Nema et
al. [54]. They compared ET, values generated with FAO-56 PM to different ANN
models, which included a variety of training functions and neuron numbers. They
reported that the ANN trained using the Levenberg—Marquardt algorithm with nine

neurons in a single hidden layer produced the best estimation results.

Researchers were constantly exploring ANN models for ET, prediction from dif-
ferent perspectives. For instance, a study conducted by Antonopoulos et al. [55]
showed that the ability of ANN to predict E7, was dependent on the training and
testing dataset samples. They trained ANN using different combinations of mete-
orological data and compared the results with existing empirical models. Results
revealed that there was a significant effect on ANN accuracy by changing the train-
ing year; therefore, it was evident that training data affected the ANN simulation.
Further, the superiority of ANN to ANFIS and GEP was also examined by Gavili et
al. |56| for estimating E'T, in the continental climate region, Iran. They employed
three artificial intelligence models (ANN, ANFIS, and GEP) and five empirical mod-
els, in which ANN produced the best predictions. In another study, Kaya et al. [57]
compared MLP to other AI models such as SVM and MLR for predicting ET,.
Findings concluded that MLP performs better using a double combination of T-R;
and T-RH.

The most recent advancement in artificial intelligence models contributed to
the introduction of the Extreme Learning Machine as an ANN option. Extreme
Learning Machine is a quick learning technology that employs single-hidden layer
feedforward neural networks to achieve excellent generalization performance. This
variant of ANN was initially used to predict ET, in Iraq by Abdullah et al. [58],
where the authors claimed that this geographical area mirrored general atmospheric
and geographical circumstances. The study reported that ELM provides accurate

results using complete and incomplete datasets.

The success achieved by Abdullah et al. [58] gained the attention of other re-
searchers to investigate further ELM for predicting F'T, in other climate regions.
Feng et al. [59] attempted to evaluate the performance of ELM over other hybrid
neural network models. They estimated ET, using ELM, Genetic Algorithm Opti-
mized by Backpropagation Neural Networks (GANN), and Wavelet Neural Networks
(WNN) models. They found that ELM and GANN models provided equivalent per-
formance using limited data and could be highly recommended in this scenario than

other temperature-based empirical models. This study was further extended by
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Gocic et al. [60]. They compared the performance of ELM in modeling monthly
ET, to empirical models such as adjusted Hargreaves, Priestley—Taylor, and Turc
methods. They concluded that ELM could be a better alternative with limited data

availability.

Patil and Deka [61] also proved the superiority of ELM over other AI models such
as ANN and LS-SVM for predicting ET, values. They used different input combi-
nations of another station’s temperature data and E'T, values. It was reported that
using local temperature data and E'T, values of another station, ELM outperformed
the Hargreaves model and could be recommended for weekly ET, prediction. A
comparable study conducted by Kumar et al. [62] demonstrated the advantages of
ELM in terms of accuracy and computational speed over SVM, ANN, and genetic
programming (GP) for modeling the ET, process in the humid subtropical region
of India.

The introduction of the multi-linear perceptron and extreme learning machines
in the field of hydrology has also encouraged to explore another variation of the ANN
model. The Generalized Wavelet Neural Networks (GWNN), Radial Basis Neural
Network (RBNN) and GRNN are examples of it. Feng et al. [63] introduced a new
approach to generalize the ability of ELM and GRNN in modeling the ET, process
using cross-station meteorological data (temperature data only). They trained both
models in two scenarios: pooled and local data from six stations in China. Results
revealed that both the models performed better in the case of pooled data training
than training these models on regional data of stations. However, ELM was slightly
more efficient in the local scenario, while the GRNN model performed well in the

pooled system.

Banda et al. [64] performed comparative analysis of neuro-computing models
(ANFIS, RBNN, GRNN and MLP) for predicting ET, values. WSP and R, were
found as dominating parameters that affect the accuracy of ET,. GRNN model was
further compared to other Al models by Sanikhani et al. [65]. They used different Al
models (GRNN, MLP, ANFIS-GP, ANFIS-SC, and GEP) to perform temperature-
based modeling of E'T, for the Mediterranean region of Turkey. They compared these
models to Hargreaves—Samani and its calibrated version and found that GRNN and
GEP models provided better accuracy. Bellido-Jim’enez et al. [66] introduced new
climate parameters called Energyr and Hourmin, based on temperature data only
and also compared six Al models (MLP, GRNN, ELM, SVM, RF, and XGBoost)
for modeling E'T, using these climate parameters in five different semi-arid regions

of Andalusia. Results revealed that the newly introduced parameters could provide
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reliable accuracy in regions where data is not easily available. Adamala et al. [67]
investigated the GWNN for modeling ET, process in four different climate zones
(semi-arid, arid, humid and sub-humid). Further, the generalization ability of the
GWNN model was compared to GANN, GWR, and GLR models, and the results
showed that GWNN and GANN models provided accurate results in all climate

zones.

Deep learning has received much attention in the past few years and has been
used in various fields, outperforming conventional machine learning models and at-
taining state-of-art results. DL models also efficiently handle multivariate time series
problems with massive data. Therefore, they have been explored to estimate ET in
many recent studies. Recently, many research studies have focused on the potential
of deep neural network models to predict ET. These research studies are briefly
summarised in Table Saggi et al. |68] used H2O framework to develop Gradi-
ent Boosting Machine (GBM), Generalized Linear Model (GLM) and RF and deep
learning model for estimation of E7T, and observed that DL model outperform all
models using T1in, Tmaz, Rs, RH, WSP, and SSH in semi-arid region of India. Chen
et al. |69] examined DNN, CNN, and LSTM in predicting daily ET, with limited
meteorological data and proposed different combinations of meteorological parame-

ters with reasonable accuracy.

Yin et al. |70] has reported the use of Bidirectional-LSTM (Bi-LSTM) for pre-
dicting daily ET, in a arid region of China. Ferreira and da Cunha [71] examined the
potential of LSTM, one-dimensional CNN, and a combination of LSTM-CNN, as well
as ML models (ANN and RF) for predicting daily E7T, in the arid region of Brazil.
They concluded that the proposed DL models outperformed ML models. Lucas et
al. [72] employed ensemble CNN models to solve the ET, time series problem in the
subtropical region of Brazil. They conclude that CNN models outperform seasonal
autoregressive integrated moving average (SARIMA) and seasonal Naive time series
models. The study conducted by Nagappan et al. [73] shows the superiority of the
Deep Learning Neural Network (DLNN) model to the RBFNN model with a reduced
feature set of climate data to estimate ET,. Granata et al. [74] explored LSTM and
Nonlinear autoregressive exogenous (NARX) for modeling ET, in different climatic
conditions. It was observed that the NARX model performs well in the semi-arid
region while LSTM outperforms NARX in humid subtropical climate conditions.
Roy et al. [75] utilized decision theory based on Shannon’s entropy to select best
DL model among LSTM, Bi-LSTM, sequence-to-sequence regression (SSR-LSTM)
and ANFIS for ET, prediction and observe that Bi-LSTM outperformed all other
DL models.
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2.2.4 Hybrid Models for ET, Predictions

The optimization models are effective methods for reducing uncertainties related to
tuning the hyper-parameters of Al models. Meta-heuristic Optimization Algorithms
(MOASs) are widely employed in tackling optimization problems because they can
identify several optimum solutions in a single run. Different MOAs are coupled ef-
fectively with Al models to solve non-linear E'T, process modeling problems. Table

[2.5] summarizes these hybrid models used in the literature for the ET, process.

Gocic et al. [77] explored four Al models named GP, ANN, SVM-wavelet and
SVM-fire-fly algorithm (SVM-FFA) to estimate monthly ET, in humid continental
climate region of Serbia. SVM model was coupled with wavelet and optimization
algorithm for hyper-parameter tuning, and it was observed that SVM coupled with
wavelet transform outperformed all other models. The success of wavelet transform
was also repeated in [78]. Wavelet transform was coupled to ANN and ANFIS mod-
els to estimate daily ET, values using different input combinations of meteorological
data. The authors found that ANN-wavelet with limited input data (Tynin, Tmaz, Ra
and (ET,);—1) provides reliable results as compared to other models. The wavelet
transform-based optimization model was further explored by kisi, and Alizamir [79].
They investigated wavelet-based ELM (WELM) and ANN for the ET, process using
different input combinations of meteorological data. The comparison of obtained re-
sults to simple ELM, ANN, WANN, and online sequential ELM (OS-ELM) revealed
the outstanding performance of WELM.

Other optimization models were also explored in past studies, e.g., Tikhama-
rine et al. [80] attempted to use Whale optimization, Ant Lion Optimizer (ALO),
Multi-Verse Optimizer (MVO), Grey Wolf Optimizer (GWO), particle swarm-based
hybrid model of ANN. A comparison of these models with the existing empirical
model using limited data showed the remarkable performance of hybrid models.
However, the ANN model coupled with the Grey wolf optimizer (ANN-GWO) out-
performed all other proposed hybrid models using limited input data (Tuin, Tma,
and R;). ANN-GWO model was further used by Maroufpoor et al. [81] in their
study to overcome the two constraints of the unavailability of all meteorological
data and comprehensive model for all types of climate regions in Iran. The Shannon
entropy test was used to analyze the importance of each meteorological parameter.
Results demonstrated that ANN-GWO with limited input data (i, Timas, and
WSP) provide promising results as compared to stand-alone ANN and LS-SVR for

all climate regions.
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Dong et al. [82] performed the comparison of four bio-inspired algorithms (grass-
hopper optimization, grey wolf optimizer, particle swarm optimization, and salp
swarm algorithm (SSA)) to optimize Kernel-based Non-linear Extension of Arps
Decline (KNEA) for estimating monthly ET, for seven different climate zones of
China. Results revealed that GWO-KNEA performed excellent in all climate zones
of China using input combination of T),;n, Tihez, and Rs. ANFIS model can inte-
grate the benefit of fuzzy features and an adaptive neural network system to process
non-linear and stochastic problems and has provided comparable results to ANN in
many studies. It takes advantage of the fuzzy system’s ability to handle ambiguity
and imprecision of the dataset. However, ANFIS showed some limitations related
to parameter tuning. As a result, many researchers have attempted to couple opti-

mization algorithms to overcome this limitation.

Tao et al. [83] explored nature-inspired optimization model called firefly algo-
rithm (FFA) for the first time to optimized the ANFIS model. They reported out-
standing predictive ability of the hybrid ANFIS-FFA model for ET, estimation in
the dry tropical region of Burkina Faso compared to ANFIS. In another study, Roy et
al. [84] investigated four optimization algorithms named FFA, Biogeography-based
Optimization (BBO), Particle Swarm Optimization (PSO), and Teaching-Learning-
based Optimization (TLBO) to tune ANFIS model’s parameters for the estimation
of ET, in subtropical regions of different geographical locations (Bangladesh, south
Florida, and the USA). They compared the results of these hybrid models to the
classical ANFIS model, whose parameters were tuned using least square back prop-
agation gradient descent. Results supported the findings of [83] and indicated that
the FFA-ANFIS model outperforms other hybrid models.

AT models are recently coupled with a bio-inspired optimization algorithm to find
the optimal solution to the problem and improve the computational speed. Wu et
al. [85] coupled ELM with bio-inspired optimization models named GA, Ant Colony
Optimization (ACO), Cuckoo Search Algorithm (CSA), and Flower Pollination Al-
gorithm (FPA) for estimation of ET,. The results indicated that using bio-inspired
models, especially CSA and FPA, improved the performance of the ELM model in
different climate zones of China. Mohammadi et al. [86] coupled whale optimiza-
tion algorithm with SVM model. They also explored preprocessing approaches such
as RL, RF, PCA, and COR to find optimal input parameters for different climate

regions (arid, semi-arid, and hyper-arid) to obtain general results for ET, modeling.
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This study is also followed by Yan et al. [87], WOA optimizer was coupled to
XGB to estimate daily ET, in arid and humid climate regions of China. The findings
showed that in the arid region, the relevance of meteorological data for forecasting
daily ET, was WSP >SSH >RH, while in the humid region, SSH >RH >WSP, with
XGB-WOA providing outstanding performance in both the climate regions.

Whale optimization was further evaluated by Gao et al. [88] in their study. They
coupled three bio-inspired optimization algorithms, named bat algorithm, cuckoo
search, and whale optimization algorithm, with the ANN model for the prediction
of ET, in the continental monsoon region of China. Statistical comparison indicated
that temperature-based ANN coupled with Whale Optimization Algorithm (ANN-
WOA) provided more accurate results. The ELM model has proved its applicability
for ET, estimation in recent studies [32]. However, the ELM model’s input weights
and hidden biases are randomly set, which may result in non-optimal solutions.
Therefore, tuning the model’s parameters with optimization algorithms can provide

a more accurate and robust E7T, estimation.

Wu et al. [89] proposed the coupling of FFA and K-means clustering with ker-
nel ELM model (Kmean-FFA-ELM) for the prediction of ET,. The coupled model
achieved better results than other models, such as the ANFIS, M5P model tree, RF,
and FFA-ELM. Zhu et al. [90] recommended to use particle swarm optimization
model to tune ELM (PSO-ELM) parameters for estimating daily ET, values in arid
region of China. The study showed that the PSO-ELM model outperformed the
ELM, ANN, and RF model in three input combinations of input data(temperature

data, radiation data, and mass-transfer data).

The PSO-ELM model was further evaluated for different climate zones of China
in the study conducted by Gong et al. [91]. They attempted to tune the parameters
of the ELM model using a GA and PSO for modeling E'T, using temperature-based
and radiation-based input parameters. In contrast to the previous study, the result
indicated that GA-ELM provided a more reliable estimation of ET, in a different
type of climate zone in China than the PSO-ELM model. An analysis of the nu-

merous research articles covered in this subsection indicates the following:

Optimization algorithms have gained considerable attention in recent years due
to their capacity to improve AI techniques in addressing complex non-linear prob-
lems. Several studies have indicated a significant improvement in their modeling
accuracy using the optimization approaches in the literature, piqued researchers’
curiosity. Therefore, much effort has been put into applying hybrid AI models and

single AT model techniques for ET, prediction. Related articles mainly focused on
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comparing stand-alone Al models with hybrid Al models (coupled with optimized

models).

The effective modeling outcomes of these investigations proved the usefulness
of optimization models for enhancing single Al models in calculating E'T,. For in-
stance, ANN and ANFIS models provided more reliable results when coupled with
GWO and FFA optimization techniques for modeling the ET, process. It has also
been observed that bio-inspired optimization models were more vigorously explored
and proved their efficiency in tuning hyper parameters than other optimization tech-
niques. Moreover, instead of improving the model’s performance, attention was paid
to develope generalized models of E'T, for all climate regions using limited available

meteorological data.

2.3 AI/ML Models for Remote Sensing Data to
Predict ET

The development of new orbit sensors and the availability of free satellite images
have encouraged the use of remote sensing (RS) data and techniques in agriculture
and hydrology [92]. The main advantages of RS techniques are data availability,
time and cost-effectiveness, and their potential to monitor hydrological and climate
phenomena continuously. Remote sensing techniques have been widely used for esti-
mating ET on a range of temporal and spatial scales and have massive potential for
bridging the gap between point and large-scale ET measurements. The broad cov-
erage of the spatiotemporal range is one of the critical advantages of remote sensing

data over traditional ground observation data for ET estimation.

The ability to estimate ET using data from satellite sensors is improving, allow-
ing researchers to understand better how ET behaves in space and time, lowering
the parameter’s uncertainty levels. Numerous surface energy balance algorithms for
ET calculation using remote sensing data have been developed in this context. Sur-
face Energy Balance Algorithm for Land (SEBAL) and its extended variant known
as Mapping Evapotranspiration at High Resolution with Internalized Calibration
(METRIC) are two widely accepted algorithms for mapping ET from satellite im-

ages and have been used in many parts of the world.

In addition, satellite images can offer a wide range of parameters that can be
utilized to train AI for ET, prediction. Moreover, several studies have focused
on constructing a novel and widely applicable linear relationship between indepen-

dent remote sensing metrics such as Albedo, Normalized difference vegetation index
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(NDVI) emissivity, and a dependent parameter (ET) utilizing different Al tech-
niques. Table summarizes the related research studies in brief. ANN model
provides reasonable accuracy for predicting ET using remote sensing parameters
(NDVI, land surface temperature (LST), R,,) in the study conducted by Chen et
al. [93]. NDVI was observed to have more influence on cropland ET than grassland
ET. RF model has also provided more accurate results of ET prediction than the
global MODIS ET product in [94]. Further, a comparison study of ten different ma-
chine learning models to observe their applicability to predict ET using the different
combinations of remote sensing data was conducted in [95]. Dias also used ML
models to predict ET, MOD16 product and WorldClim data for a distant location.

Hybrid models that combine ML and PM model also shows the great potential
of simulating surface conductance (Gs) and ET process [96]. Despite the numerous
benefits of RS techniques to estimate spatial daily ET, there are certain limitations
(s), such as the unavailability of satellite images or cloudy skies. These limitations
were addressed in [97] by developing RVM trained on the output generated by the
METRIC algorithm and weather data to predict spatial ET. Many attempts have
also been made to identify fewer RS parameters that can be fed to ML models to

achieve satisfactory performance.

Rahimikhoob et al. [9§] investigated the use of leaf surface temperature for the
estimation of E'T, using ANN and M5Tree models. Results revealed that this ap-
proach could act as an alternative approach in case of data unavailability. Zhang et
al. 199 also investigated ML models (SVM, ANFIS and BP) to predict ET, using
fewer RS data such as LST and R,. It had been observed that LST is an essential
parameter for predicting ET,.

Another attempt was made by Kim et al. [100] to use different R and mete-
orological data to estimate daily ET,. The authors observed that LST and WSP
were important parameters for the accurate prediction of ET,. Another attempt
was made to use meteorological variable and vegetation indexes to predict ET us-
ing different ML models by Mosre et al [101]. NDVI and surface energy had been

observed as the main variables in estimating actual evapotranspiration.
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2.4 AI/ML enabled ET. Prediction Models

Recently, research on modeling the ET process using Al models has been concen-
trating on directly predicting ET, values instead of ET,. However, ET, is heavily
dependent on crop types (different k.), and the conducted studies are quite particu-
lar regarding crops and geographical areas. Table[2.7|provides the brief contribution
of such studies. For instance, Abyaneh et al. [L07] obtained lysimeter readings from a
case study in Hamedan Province, Iran. They compared the performance of the ANN
and ANFIS model with the PM method to estimate ET, for garlic crops and ob-
served that both Al models achieve better performance. Aghajanloo et al. [10§] and
Tabari et al. [109] also investigated different AI models for the prediction of potato
ET, in semi-arid regions of Iran. Shrestha and Shukla [110] identified the need to
estimate k. values using local conditions for the reliable estimation of ET,.. They
predict k. values for vine and standing crops using the SVM model hydro-climate
data and then further compared estimated ET, values with lysimeter and FAO-56
based k. values. Results show that SVM outperforms ANN and RVM models and
has better accuracy than FAO-PM based ET. method. Feng et al. [111] examined
the predictive capability of ELM and GRNN models for maize E7T, based on meteo-
rological data, leaf area index (LAI) and h, in continental temperate climate region
of China. The results indicated that crop and meteorological data models produced

maize ET,. accurately.

A similar case study for maize ET, was conducted using meteorological param-
eters, LAI, and plant height by Tang et al. |112] in arid region of China. They
identified that SVM and GANN models with combined meteorological and maize
crop data produced more accurate ET, predictions than models with only meteoro-
logical data. Abrishami et al. [113] also explored different combinations of LAIL, h,
crop parameters with meteorological data to estimate wheat and maize E'T, values
against lysimeter and FAO-PM method using ANN. They found that five inputs:
Trins Tz, Rn, LAIL and h. achieve satisfactory performance closer to lysimeter

values.

Another study conducted by Saggi et al. [114] examined Al models (fuzzy-genetic
and regularization random forest (FG-RRF)) for predicting wheat and maize ET,
values. k. values of both the crops were also simulated using local meteorological pa-
rameters, and the results depicted the suitability of this approach for modeling ET.
process of both the crops. Yamag and Todorovic [115] employed KNN, ANN, and
AdaBoost models with four different input combinations of meteorological data and

k. values to estimate the daily ET, of potatoes in the Mediterranean region of Italy.
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The results demonstrated that the KNN model gave the best ET, estimates under
limited meteorological data scenarios, whereas the ANN model produced somewhat

better E'T, predictions when all data were available.

DL models, as an extension to traditional ANN models, have recently gained
much attention in many fields such as image classification, autonomous driving, and
regression problems due to their capability to learn the most complex relationship
between the data using multiple hidden layers. Chen et al. [116] recently used deep
learning models (Temporal Convolutional Networks (TCN), LSTM, DNN) to predict
ET, of maize crop based on meteorological, soil, and crop data. It was observed that
the TCN model using the seven most critical input parameters (he, Theans Tmaz, Rh,
R, LAI and ST) identified by PCA and MIC method predicted maize ET, with ex-
cellent accuracy. Hashemi and Sepaskhah [117] compared the performance of MLP
model with the FAO-PM model and RBF model to estimate barely ET, against the
lysimeter measurements. The MLP and RBF models outperformed the PM model
using SSH, RH, T},can, and WSP as input. This finding eliminated the require-
ment for time-consuming data collection for k. calculation. Fan et al. |[118] explored
the effect of different combinations of plant, soil, and meteorological data on the
transpiration process of maize using Al models (SVM, Xgboost, DNN, and ANN).
They found that LAI and soil water content (SWC) improve the performance of Al
models than using only meteorological data to simulate the transpiration process.
119] employed AI models (RF, SVM, KNN, Adaptive Boosting) to obtain

the minimum required input parameters to estimate sugarbeet E7T, in the semi-arid

Yamag

region of Turkey. All AT models with T,,.;,, ,Tinez, WSP, Rs and k. as input param-

eters gave satisfactory results.

Ohana-Levi et al. [120] compared the performance of linear and non-linear Al
models for predicting Cabernet Sauvignon E7T, values. Furthermore, ET, were esti-
mated using two approaches: direct estimation of E7T, using meteorological and crop
parameters and another approach including simulation of k. values and multiplying
them by E'T, values. Results demonstrated that both approaches yield similar per-
formance, non-linear AI models perform better, and LAI improves the important
performance parameter for ET, estimation. Shan et al. [121] investigated the ability
of the MARS model to estimate maize ET, using limited meteorological data in the
semi-arid region of China and highly recommend the MARS model in data-scarce

situations.
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2.5 Research Gaps

After analyzing the aforementioned existing research work, the following research

gaps have been identified.

e India has about 4the world’s population. However, some of its major agri-
cultural commodities need 2-4 times more water than other countries, such
as China and USA due to poor irrigation techniques. Therefore, advanced
technologies based on smart strategies and systems need to be developed to

effectively use freshwater.

e Climate change, which has become more and more intense these days, is also
strongly affecting crop water needs. It has raised irrigation demand, putting
more pressure on available freshwater for agricultural production in many areas
that already have water scarcity. Therefore there is a need to mitigate this

issue by designing new efficient irrigation strategies.

e With recent developments in computational capacity in terms of parallel pro-
cessing, software, and hardware, a new Al paradigm known as deep learning
is now viable to address large amounts of data. The adoption of DL for ir-
rigation scheduling is still minimal. It should be explored more for irrigation
scheduling strategies. Also, Al models with the integration of metaheuristic
optimization algorithms have enhanced performance. Deep learning models
should also be hybridized to optimize model parameters for modeling complex

hydrological processes.

e The development of the evapotranspiration model using the AI approach faces
the unavailability of required data, especially in underdeveloped nations or
remote areas. Therefore, the Al-enabled evapotranspiration modeling pro-
cess’s major challenge is to provide reliable accuracy using less meteorological
data. Further, research studies are required to use only temperature as input
data. Also, studies on evapotranspiration prediction for data-scarce stations
using meteorological data of another station with a similar climate should be

explored.

e FAO-PM has been widely accepted to estimate evapotranspiration in all cli-
mate regions. Although AI models have been used to simulate the evapotran-
spiration process, the biggest challenge for modeling evapotranspiration using

Al is to develop a procedure/model that can be applied to all climate regions.
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Chapter 3

Study Areas, Data and
Theoretical Background

This chapter presents the geographical conditions of study areas and a description
of the meteorological and crop dataset used in the research work. The research
area of the conducted study includes the Ludhiana, Amritsar, and Patiala stations
of the Punjab region of India. The statistical observations and cross-correlation of
meteorological parameters of these stations and crop characteristics (wheat and rice)

are provided in this chapter.

3.1 Overview

The agriculture sector has a significant role in the economy and culture of Punjab.
The wheat-rice crop system (WRCS) is India’s dominant cropping system, occupying
around 12.3 million ha area [123]. The continuous groundwater withdrawal for the
cultivation of this water-intensive cropping system has led to a dramatic fall in
Punjab’s groundwater level. For this reason, precise estimation of rice and wheat
crop evapotranspiration is required to successfully monitor crop water requirements
to prevent over or under irrigation problems. This study selects wheat and rice
crops to model the crop evapotranspiration process. The required meteorological
and crop datasets are obtained from India meteorological department (IMD) Pune,
India. The crop coefficient values of rice and wheat crops are adopted from the case

study of Punjab Agriculture University, Ludhiana.

3.2 Study Area

Punjab, known as India’s ‘food bowl’, has 80% agricultural land and located be-
tween north latitude (29°32" and 32°32' ) and east longitude (73°55" and 76°50")
with an altitude between 230 m and 700 m. It occupies around 50,362 km? geo-

graphical area of India. The study area map is shown in Figure [3.1, There are five
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Agro-Climatic Zones: Western Plain, Central Plain, Western, Sub-Mountain, and

Undulating Plain.

Wheat is the primary cereal of India, and Punjab alone contributes 40% of the
wheat to the central pool. The state has a 3.51 million ha area under wheat culti-
vation . Rice is one of India’s largest export grains, and more than one-third of
it is exported from the Punjab state alone. It is cultivated on a 2.6 million ha area
in Punjab and is mainly flood irrigated .

This unsustainable use of groundwater has led many blocks of Punjab towards
zero groundwater level as per the report of the Central Ground Water Board Depart-
ment of Water Resources . Therefore, it is urgent to optimally pay attention to
the use of water resources to minimize the adverse effects caused by this cropping

pattern in Punjab and achieve a sustainable agricultural system.

69°10'E  73°30'E  77°50'E  82°10'E  86°30'E  90°50'E  95°10'E 73°45'E T4°1S'E 74°45'E  75°IS'E 75°45'E 76°1S'E 76°45'E 77°1S'E
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Figure 3.1: Punjab

3.2.1 Ludhiana

Ludhiana station is situated between north latitude (30°34’ and 31°01’) and east
longitude (75°18" and 76°20’) with an altitude of 262 m. The study area map is
shown in Figure The climate of Ludhiana can be categorized as tropical steppe,
hot, and semi-arid, often dry with hot summer and cold winter except in the monsoon
season. The station has an average annual and monsoon rainfall of 680 mm and 528
mm, respectively, and rainy days are limited to 34 days. The temperature varies

from the lowest, 5.8°C' in winter, to the highest, 45°C' in summer. The soil type is
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Figure 3.2: Ludhiana station

alkaline and classified as clayey loam and sandy. Ludhiana is the primary producer

of wheat and paddy crops. Canal irrigation occupies 90 sq. km out of 3600 sq. km of

the total area under irrigation. The rest of the area is irrigated using groundwater.
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3.2.2 Amritsar

Figure 3.3: Amritsar station

Amritsar station is situated between north latitude (31°28" and 32°30') and east

longitude (74°29 and

shown in Figure |3.3

75°24") with an altitude of 234 m. The study area map is

The climate of Amritsar is also semi-arid, with a very hot
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Figure 3.4: Patiala station

summer and freezing winter season. The average annual and monsoon rainfall of
the station is approximately 703 mm and 570 mm, respectively. The average lowest
temperature in winter is approximately 3.4°C, and the highest temperature is 44°C'
in summer. This station’s western part’s soil type is coarse loamy, whereas the soil’s
nature is fine loamy in the central part. The major crops of this station are wheat
and paddy. The 15% of the total irrigation area of 2180 sq. km is canal irrigated,
and irrigation relies on groundwater in the rest of the area. The groundwater level
of this station is dropping due to insufficient irrigation strategies. It has declined at
the rate of 0.27 - 0.75 m/year over the last decade.

3.2.3 Patiala

Patiala station is situated between latitude 29°49" and 30°40’ North and longitude
75°58 and 76°48 East with an altitude of 351 m. Figure depicts the area
map of Patiala station. This station also falls under a semi-arid tropical ecosystem
characterized by dry and hot summers and cold winters. The average annual and
monsoon rainfall is approximately 677 mm and 547 mm, respectively. The average
minimum temperature in winter is 7.1°C', and the maximum temperature is 40.4°C'.
Most of the area of this station is covered with arid brown and tropical arid brown
soils, and the soil in this area is poor in potassium, phosphorus, and nitrogen. Paddy,

maize, and wheat are major crops of this station.
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3.3 Dataset Description

This section presents a detailed description of the meteorological and crop data used

in this research work.

3.3.1 Meteorological Dataset

A set of daily observations of meteorological parameters is retrieved from the India
meteorological department in Pune, India. The meteorological parameters used in
the study are maximum temperature (7),4,), minimum temperature (7,;,), wind
speed measured at the height of 2 m (WSP), solar radiation (R;), relative humidity
(RH), vapor pressure (VP), and sunshine hours (SSH). The aforementioned daily
meteorological parameters dataset covers data from 2003 to 2015 of Ludhiana sta-
tion, 2000 to 2016 of Amritsar station, and from 2000 to 2015 of Patiala station
located in the Punjab region of India. Actual ET, values are calculated by the
FAO-PM method using CROPWAT 8.0 software.

The statistical properties of meteorological parameters such as max (X4, ), min
(Xmin), mean (X,ean ), standard deviation (Xgq), skewness (Xgpew ), kurtosis (Xgurt ),
and coefficient of variation (C.V.) for training and testing data are provided in Ta-
bles and [3.3] of Ludhiana, Amritsar and Patiala stations, respectively. It
is observed from these tables that the statistical properties of training and test-
ing datasets are somewhat similar for developing the best possible model. The
cross-correlation of each variable and ET, is provided in Tables [3.4] [3.5] and [3.6] of

Ludhiana, Amritsar and Patiala stations, respectively.

3.3.2 Crop Dataset

Wheat and rice crops are considered in the research study to estimate crop evapo-
transpiration values. Wheat crop is sown in Punjab state during sowing windows
from late October to December and harvested in April. The optimal temperature
range for ideal wheat seed germination is 20°C-25°C', and the optimal temperature
for vegetative growth is 16°C-22°C' [127]. The rice crop is sown from late June to
August and harvested in October. It is a tropical plant that needs a lot of heat and
humidity to survive. The temperature should be 16°C' — 30°C' during the sowing
period, 20°C' — 30°C' at the time of the growth period, and 16°C' — 27°C' when har-
vesting [128].

The planting and harvesting dates of wheat and rice crop from the time duration

of 2003-2015 are also obtained from IMD Pune, along with the meteorological data
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Table 3.1: Statistical observation of the meteorological data of Ludhiana station

Training Dataset

M.D. szn Xmax Xmean Xstd Xske'w ka“t C.V.
Toim  -1.6 345 174 81 -02 -12 05
Tax 78 462 298 75 -04 -06 0.3
RH 205 100 669 156 -0.7 0.04 0.2
WSP 0 3.3 1.1 06 09 0.7 0.6
VP 3.6 2995 147 64 046 -1.14 043
SSH 3.6 30 147 64 046 -1.1 0.4
R, 48 297 175 63 -01 -091 04
ETy 0.6 9.5 38 19 04 -08 0.5
Testing Dataset
M.D. szn Xmaz Xmean Xstd Xskew Xk:urt C.V.
Tom -1 312 179 8 02 -12 05
Tz 8.6 442 301 71 -04 -0.3 0.3
RH 23 100 674 155 -0.7 0.03 0.2
WSsSP 0 3.2 1.1 06 09 0.6 0.6
VP 42 284 152 6.52 046 -1.32 043
SSH 42 284 152 6.52 0.5 -1.3 0.4
R, 48 295 177 63 -01 -097 04
ETy 06 94 38 19 04 -08 0.5

Table 3.2: Statistical observation of the meteorological data of Amritsar station

Training Dataset

M.D. szn Xmam Xmean Xstd Xskew Xk:urt C.V.
Toin -26 304 1597 837 -0.29 -1.22 0.52
T nax 7.8 48 30 754 -039 -045 0.24
RH 13 98.5 63 170 -0.69 -0.15 0.27
WSP 0.0 ) 1.29 115 0.86 0.19 0.89
VP 1.35 42 188 9.09 043 -0.98 0.48
SSH 0.0 120 6.71 328 -0.73 -0.50 0.48
Ry 0.0 280 16.15 6.16- 0.15 -085 0.38
ETy 0.52 1197 387 240 0.77 0.11 0.62
Testing Dataset
M.D. Xmin Xma:v Xmean Xstd Xsk;ew Xkurt C.V.
Toin -14 315 1587 853 -0.33 -1.19 0.54
T nax 8.4 47 305 7.64 -045 -0.50 0.25
RH 15 98 15 3.27 -062 -0.34 0.28
WSP 0.0 ) 1.27  1.15 091 031 0.90
VP 14 409 188 912 044 099 048
SSH 0.0 12 6.69 327 -0.74 -048 0.49
R, -1.0 27 16 6.27 -0.20 -0.84 0.38
ETy 052 11 3.92 240 0.69 -0.02 0.61

52



3.3. DATASET DESCRIPTION

Table 3.3: Statistical observation of the meteorological data of Patiala station

Training Dataset

M.D. Xmm Xma;t Xmean Xstd Xskew Xkurt C.V.
Toin -21 314 156 84 -03 -12 0.5
Tz 74 480 302 78 -03 -06 0.3
RH 13.0 99.0 66.0 180 -06 -0.1 0.3
WSP 0.0 8.6 1.4 1.3 1.1 1.3 0.9
SSH 0.0 124 6.5 3.2 -0.7 -04 0.5
R 49 284 165 59 -02 -0.8 04
ETy 0.6 132 4.0 24 09 0.3 0.6

Testing Dataset

M.D. szn Xma;r Xmean Xstd Xskew Xk:urt C.V.
Trin -26 296 157 83 -03 -12 0.5
Tz 7.8 464 303 79 -05 -04 0.3
RH 19.0 99.0 66.1 185 -0.7 -0.1 0.3
WSP 0.0 7.2 1.4 1.3 1.0 1.0 0.9
SSH 00 124 6.6 3.2 -0.7 -0.5 0.5
Ry 49 283 165 59 -02 -0.8 04
ETy 0.7 129 39 24 0.8 0.2 0.6

Table 3.4: Cross-correlation among meteorological data and ET, of Ludhiana station

Ludhiana Station

M.D. Tyin Twe RH WSP VP SSH Ry FElj
Tonin 1 08 -0.23 035 08 017 057 0.8
Trnaz  0.85 1 -0.62 025 055 046 076 0.9
RH -0.2  -0.62 1 -0.16 024 -0.5 -0.57 -0.6
WSP 035 025 -0.16 1 0.26 -0.07 0.17 0.5
VP 085 055 024 0.26 1 -0.02 032 046
SSH 017 046 -0.5 -0.07 -0.02 1 0.86 0.5
Ry 0.57 076 -0.57 0.17 032 0.86 1 0.9
LT 077 087 -062 048 046 054 0.86 1

Table 3.5: Cross-correlation among meteorological data and ET, of Amritsar station

Amritsar Station

M.D. Tyin Thwe RH WSP VP SSH R ET
Tonin 1 08 -0.36 027 065 030 070 0.54
T oz 0.86 1 -064 031 042 053 -080 0.61
RH -0.36 -0.64 1 -0.34 0.05 -046 -0.57 -0.52
WSP 026 031 -0.34 1 0.15 0.10 031 0.51
VP 0.65 042 0.05 0.15 1 0.10 035 0.24
SSH 030 053 -046 0.10 0.10 1 0.82 045
Ry 0.70 -0.80 -057 031 035 0.82 1 0.55
ETy 054 061 -052 051 024 045 0.55 1
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Table 3.6: Cross-correlation among meteorological data and ET, of Patiala station

Patiala Station

M.D. Tyin Thee RH WSP SSH Ry FElj
Tonin 1 087 -044 0.12 034 0.67 08
Trnar 087 1 -0.71  0.14 056 0.80 0.8
RH -0.44 -0.712 1 -0.24  -0.50 -0.63 -0.7
wWSspP 0.12 0.14 -0.24 1 0.06 014 0.5
SSH 034 056 -0.50 0.053 1 0.89 0.6
Ry 0.67 080 -0.63 0.14 0.89 1 0.8
ET 077 083 -0.68 050 058 0.82 1

of growing durations of these two crops. The crop phenological stages are generally
divided into four stages: initial stage, development stage, mid-stage, and late-stage,
with different duration lengths. The length of each stage is calculated from growing
degree days (GDD) which is determined using eq. (3.1)).

o Tma:v + Tmzn

GDD
2

-7 (3.1)

where T),02 , Tin and T; represents maximum, minimum, and base temperature.
The base temperature for wheat is 5°C' and 10°C for rice crop |127] [129].

Table and provide the growth stage duration details of wheat and rice
crop, respectively. The k. values of wheat and rice are adopted from the research
conducted at the Punjab Agricultural University’s School of Climate Change, and
Agricultural Meteorology in Ludhiana that aims to calculate k. values of both the
crops |130]. The k. values for the wheat crop used in the study are k. init = 0.39,
k. mid = 1.26, and k. late = 0.36, and for rice crop, k. init = 1.15, k. mid = 1.36,
and k. late = 0.86.

Actual crop evapotranspiration values are calculated by multiplying the reference
evapotranspiration with a single crop coefficient (k.) that integrates the character-
istics of the crop during different phenological stages [131], given in eq. (3.3). The
study considered T},.in, Tinazs Tmean, and R, meteorological parameters of Ludhiana
station for the prediction of ET, of wheat and rice crops. The correlation between
above mentioned meteorological parameters and ET, of wheat and rice crops is pro-
vided in Table [3.9] and respectively. The mean values of T},.;,., Thhazs Tmean, and
R, of Ludhiana station from 2003 to 2015 for wheat and rice crops growing period
are provided in Table
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Table 3.7: Wheat growth stages duration from 2003-2016

Crop Sowing Harvesting  Initial ~ Development Mid Late
Variety date date stage stage Stage Stage
PBW-343 19-11-2003  16-04-2004 27 69 23 30
HD-2329  20-11-2004  16-04-2005 25 59 32 31
HD-2329  21-11-2005  19-04-2006 26 54 33 36
PBW-502 02-11-2006  10-04-2007 24 71 40 24
PBW-502 05-11-2007  16-04-2008 27 85 27 24
PBW-343 22-11-2008  16-04-2009 27 60 29 29
DBW-17  25-11-2010  19-04-2011 37 59 23 26
PBW-550 15-11-2011  01-05-2012 28 71 28 41
PBW-550 28-11-2012  23-04-2013 36 56 23 31
PBW-550 14-11-2014  21-04-2015 33 66 30 29
PBW 621 08-11-2015  15-04-2016 30 66 30 33
Table 3.8: Rice growth stages duration from 2003-2015
Crop Sowing Harvesting  Initial =~ Development Mid Late
Variety date date stage stage Stage Stage
PR-118  01-07-2003  23-10-2003 33 28 34 19
PR-118  28-05-2004  17-09-2004 28 36 36 12
PR-118  26-05-2005  27-09-2005 28 40 40 16
PR-115  14-06-2006  28-09-2006 32 28 30 16
PR-114  16-06-2007  25-10-2007 29 33 51 18
PR-116  28-06-2008  15-10-2008 33 26 35 15
PAU-201 05-06-2009  17-10-2009 32 33 51 18
PR-118  25-06-2010  25-10-2010 31 34 43 14
PR-116  30-07-2011  14-11-2011 28 28 35 16
PR-118 16-07-2012  30-10-2012 29 27 35 17
PR-116  16-07-2013  19-11-2013 31 32 47 16
PR-118  19-06-2015  24-10-2015 31 27 51 18

Table 3.9: Cross-correlation among meteorological data and ET, of wheat crop

Wheat crop
M.D. Thin Ther Thean Rs ETp
Trnin 1 0.75 09 0.38 0.53
Traz  0.75 1 096 077 0.7
Trean 0.9  0.96 1 0.65 0.67
Ry 0.38 0.77 0.65 1 0.86
ET, 053 07 067 08 1
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Table 3.10: Cross-correlation among meteorological data and ET, of rice crop

Rice crop

M.D. Tmin Tmax Tmean Rs E TO
Tonin 1 0.7 087 0.2 0.5
Trnar 0.7 1 0.7 066 0.7
Trnean 0.87 0.7 1 0.5 0.75
Ry 02 066 05 1 0.86
ETy 05 07 075 086 1

Table 3.11: Mean values of meteorological data of wheat and rice growth duration

Crop Month T, Twar Tmean  Fs

Wheat  Nov 89 246 168 122
Dec 7.1 209 14 10.2

Jan 6.8 17.7 123 10.3

Feb 94 226 16 15.2

March 13.8 28.6 21.2 19.5

Apr 173 355 264 195

Rice July 27 34 30.5 19
Aug 262 333 298 19.2
Sep 24 33 28.5 195
Oct 199 324 262 16.2

3.4 Methods of Irrigation Scheduling

Irrigation scheduling (IS) determines when and how much water to apply to an agri-
cultural field. Developing efficient irrigation scheduling needs better knowledge of
the biophysical processes of soil root water absorption and crop canopies’ transpira-
tion process. The primary goal of efficient irrigation scheduling is to minimize yield
reduction, irrigation cost, and excess groundwater withdrawal, preventing aquifer
exploitation, water logging problems, and water wastage. The precise estimation of

water demand is critical for irrigation scheduling.

Various irrigation scheduling techniques may be used to determine the appro-
priate time of Irrigation and depth for crop development. Numerous methods for
scheduling and estimating the required depth of different irrigation treatments have
been introduced during the last few decades. These developed and suggested ir-
rigation scheduling techniques can be categorized into three categories according
to factors upon which scheduling depends, i.e., the evapotranspiration process, soil

moisture, and plant water status.
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3.4.1 Evapotranspiration based Irrigation Scheduling

“Fvapotranspiration (ET) is defined as the total amount of water lost by evap-
oration and transpiration via soil and plant canopy, is the primary route by which

plants lose water and interchange energy with the environment.”

The amount of solar radiation that reaches the soil surface determines how much
evaporation occurs. The effects of solar radiation on the surface decrease as crops
mature and get denser. At this time, transpiration through crops governs and be-
comes the primary process. Crops lose around 99% of the water they absorb through
transpiration, with only 1% utilized for metabolic activity [132]. Thus accurate esti-
mation of ET is one of the most significant steps in determining crop water require-
ments in the agricultural field and therefore acts as an important and necessary
parameter in irrigation scheduling. It also gives decision-makers the information
they need to figure out how to reduce water usage and ensure sustainable water
management. The direct measurements of ET in the field is performed by isolat-
ing a portion of the crop from its surrounding using various instruments such as
lysimeters, eddy covariance, sap flow gauge, and Bowen ratio. However, direct mea-

surement of ET is costly, time-consuming, and difficult.

The alternative procedure is to estimate ET indirectly using empirical models
that use local readily available meteorological variables. However, ET is influenced
by a multitude of factors, including climatic variables such as air temperature, solar
radiation, wind speed, and humidity; crop characteristics such as crop variety and
type, development stage; environmental aspects including soil conditions, fertility,
salinity, and crop disease [133]. Therefore, it is nearly impossible to develop an
equation that can be utilized to estimate actual ET due to the interdependence of
most of these parameters and their spatial and temporal variability. As a result, the
concept of standardizing ET equations using reference evapotranspiration has been

proposed in [134].

Reference Evapotranspiration

“Reference Fuvapotranspiration is defined as the rate of ET from a large area
of green grass of uniform height—8 to 15 cm, which is actively growing, entirely

shading the ground, and not water stressed” [135] [136].

The process of reference evapotranspiration is represented in Figure [3.5] Pre-
viously, grass and alfalfa have been employed as reference surfaces under different

environmental situations. Numerous empirical models have been suggested in the
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past to calculate reference evapotranspiration for grass surface (ET,) and alfalfa sur-
face (ET,). These models can be classified into temperature-based, radiation-based,
evaporation-based, and a combination of climate variables. Some of these models

are provided in Table [3.12

CLIMATE

- d
dd dd ddd Sunshine

Humidity

Reference Crop

Figure 3.5: Reference evapotranspiration

The majority of researchers recommended to standardized Penman-Monteith
equation for calculation of ET, as this equation roughly approximates the obser-
vations made by lysimeter for ET calculations [137]. Hence, for this reason,
the standardized Penman-Monteith equation is selected in two versions. The first
version, referred to as the American Society of Civil EngineersASCE-PM equa-
tion [162], has been suggested by the American Society of Civil Engineers Task
Committee (ASCETC), while the second version, referred to as the Food Agricul-
ture and Organization (FAO)-56 PM equation , has been recommended by the
United Nations Food and Agriculture Organization (UNFAO). Food Agriculture
and Organization has recommended FAO-56 Penman-Monteith (PM) as a reliable
method to estimate ET, that has been proved to provide consistent performance in
different climate regions [164]. This method is accepted worldwide and used
by agronomists, researchers, and irrigation engineers as a standard method for ET,
calculation. The equation of FAO-56 PM is provided in eq. .

7, QA8 A (B = G) gt Ua(es o) (3.2)
A+ (1 +0.340,)

Here, R,,, G, v, Trean, and A\ are radiation (M Jm™2day™'), soil heat flux density
(MJm™2day™"), psychrometric constant (kPa°C~'), mean air temperature (°C),
and slope of saturation vapor pressure function (kPa°C~'), respectively. Us, e,

represents the wind speed at 2m height (ms™!), saturation vapor pressure (kPa),
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Table 3.12: Empirical models for evapotranspiration

Classification Methods Ref.
Thornthwaite [138]
SCS Blanery-Criddle [139]
FAO-24 Blanery- Criddle [140]
Temperature Hargreaves [141]
Turc [142]
Jensen-Haise [143] [144]
Priestly-Taylor [145]
FAO-24 radiation [146]
Radiation Makkink 1147
Ritchie [148]
Evaporation Christiansen Pan [149] [150]
FAO-24 Pan [146]
Penman VPD #1 [151] [152]
Penman VPD #3 [152]
Businger- van Barvel [153] [154]
Penman-Monteith [155]
1972 Kimberly-Penman [156]
Combination FAO-24 Corrected Penman  [157]
FAO-24 Penman(c=1) [140]
FAO-PPP-17 Penman [158]
1982 Kimberly Penman [159]
CIMIS Penman [160]
FAO-56 Penman Monteith ~ [161]
ASCE-PM [162]

and e, represents actual vapor pressure (kPa), respectively.

Crop Evapotranspiration

“Crop evapotranspiration (ET.) is the total water loss from the specific crop due
to the evaporation and transpiration processes.” FAO-56 PM method is the most
popular and effective technique to estimate crop water requirements. It adopts a
two-step crop coefficient (K..) — reference evapotranspiration (ET,) method for the
realistic calculation of crop evapotranspiration. ET, is the predominant climate
effect on water intake, and the crop coefficient (K..) scales the ET, to provide crop-
specific effects on evapotranspiration and their variation during the growing season,

as shown in eq. (3.3).
ET. = K. x ET, (3.3)

Ideally, quantifying E'T, using grass-reference ET, or alfalfa-reference E'T,. should
yield similar results. However, K, values obtained using different reference surfaces

can not be used interchangeably. The crop phenological stages are generally divided
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into four stages: initial stage, development stage, mid-stage, and late-stage, with

different durations as defined below.
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Figure 3.6: Growth stages of crop

e Initial Stage: This stage runs from the sowing date to 10% ground cover.
This stage’s duration depends on the crop type, variety of crops, and climate
conditions. The leaf area is modest during this time, and soil evaporation

accounts for most of the evapotranspiration process.

e Development Stage: This stage starts at the end of the initial stage and
lasts until the effective ground cover of 70-80%. The crop matures and increas-
ingly covers more area, hindering the evaporation process and transpiration,

gradually replacing it as the primary process.

e Mid Stage: This stage represents the period between the effective complete

cover and the beginning of maturity.

e Late Stage: The period between the beginning of maturity and harvest, or

complete senescence, is the late stage of the crop.
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The crop coefficient differs for each stage and varies with climatic conditions, as
shown in Figure Crop type, climate conditions, the growth stage of the crop,

and soil evaporation are primary factors that determine the value of crop coefficient.

3.4.2 Crop Water Stress-based Irrigation Scheduling

Crop water stress is defined as insufficient water availability to crops. It can be
identified from the physiological changes in the crop and the decrease in soil water
content. In a water deficit situation, the crop leaves receive hydraulic and chemical
signals via the xylem route, which changes crop physiological responses such as a
decrease in photosynthetic process rate and stomata closure. This situation nega-
tively impacts crop physiology (e.g., leaf area reduction, leaf wilting) and nutritional

development, which leads to reduced crop biomass, yield, and quality.

The plant response to water stress depends on the environmental conditions
and the need for crop evapotranspiration conditions as irrigation must replenish soil
moisture losses due to evapotranspiration. Plant water status (PWS) measurements
are necessary to better understand the processes of plant response to water stress
adaptation and increase yield production through precision irrigation. It determines
the response of the crop to available soil moisture, soil evaporation requirements,
hydraulic resistance, and absorption capability of the plant-root interface. It is a
more vulnerable stress indicator than soil moisture. Plant-based irrigation schedul-
ing methods employ indices related to plant water status. A variety of plant-based

stress measures have been suggested for irrigation scheduling.

The direct method involves pressure chambers and parameters to quantify crop
water stress by measuring leaf water potential (LWP). Leaf water potential is con-
sidered to provide the average soil water potential next to the roots of the plant
and gives a good indication of crop water status. However, the application of these
instruments is limited as this is time-consuming and laborious to perform numer-
ous measurements to quantify leaf water potential. Non-destructive and rapid on-
set monitoring of crop water stress is critical to precision irrigation management.
Canopy temperature (7,) has long been regarded as a good indicator of plant water
status. The use of thermal infrared technology to measure canopy temperatures is a
widely acknowledged method for monitoring plant water status and identifying the

onset of water stressors [165].

Crop water stress index (CWSI), first introduced by Jackson et al. [166] and Idso
et al. [167], is a method that uses infrared thermography (IRT) based T, measure-

ments and other climate parameters such as air temperature (T), solar radiation
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(Rs), wind speed (WSP), and relative humidity (RH) to quantify water stress. It
has been an extensively used index to identify water stress, schedule irrigation,
and forecast yield in various crops under various agro-climatic scenarios due to its
reliable and non-destructive nature [165] [168]. Ideally, CWSI has two limits: 0
and 1, 0 denotes a non-water stressed, and 1 denotes a highly water-stressed con-
dition. Moreover, there exist two forms of CWSI, theoretical [167], and empirical
approach [166]; both of these approaches have been successful in relating sap flow
and leaf flow potential. However, CWSI computation require lower baseline temper-
ature (T},) and upper baseline temperature (7,;). In the theoretical approach, these
baseline temperatures are generally computed by the mass-energy balance method,
which is complex and infeasible to obtain in field conditions. On the other hand, the
empirical method involves simple calculation and requires only temperature and rel-
ative humidity to determine baseline canopy temperature. Therefore, the empirical
approach has been widely adopted to calculate CWSI and is defined in eq. .

(3.4)

Here, T, denotes canopy temperature, Ty, represents canopy temperature in non-
water-stressed conditions (lower baseline temperature), and T, represents canopy
temperature in water-stressed conditions (upper baseline temperature). Ty, is es-
timated using linear regression of T, — T and vapor pressure deficit (VPD) for no
transpiring and possibly transpiring crops, respectively, and for estimating T, con-

stant values have also been suggested for different crops |169].

Although, this method yields accurate CWSI estimations and is easier to imple-
ment in the field. However, the direct measurement of these two baseline tempera-
tures is practically very difficult while simultaneously measuring 7T, as both baseline
temperatures require undesirable and unattainable soil moisture conditions. The
alternate methods for their estimation have been suggested that involves artificial
reference surfaces [170], stressed and non stressed water treatments [171], numeri-
cal estimation using physical models |172], etc. However, their field application is
limited due to the numerous parameters involved in the physical models and the

extensive maintenance of artificial reference surfaces.

As a result, estimating the baseline temperature using parsimonious prediction
models based on inadequate meteorological data would promote the use of CWSI
as a tool for monitoring crop stress and scheduling irrigation. Thermal remote sens-

ing techniques have been extensively adopted in measuring canopy temperature for
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monitoring water stress. Recent studies have focused on utilizing Al-based models
to estimate CWSI using thermal remote sensing techniques. Moreover, a section of
researchers also focuses on directly using digital images to differentiate stressed and

non-stressed plants using Al-based techniques.

3.4.3 Soil Moisture-based Irrigation Scheduling

Soil moisture (SM) is a key element in agricultural productivity and the hydrological
cycle. The accurate prediction of SM is critical for the efficient use and management
of water resources. Moreover, crop water requirement (CWR) using the soil water
balance approach is highly recommended because it takes into account actual CWR

and can result in considerable water savings in irrigated agriculture [173].

Applying this approach for irrigation scheduling involves understanding tempo-
ral fluctuations in SM at the field for crops grown under optimum or water-stress
circumstances. However, SM is affected by soil properties, crop type, and meteo-
rological parameters, and it is difficult to formulate ideal mathematical models for
the prediction of SM. Therefore, methods for forecasting SM with low data require-
ments are needed to achieve optimized irrigation scheduling, especially for various
water-saving irrigation strategies that are necessary to handle food and water secu-

rity challenges under water scarcity.

Researchers have used a variety of ways to determine soil moisture (in gravi-
metric and volumetric forms), which may be classified into classical techniques (e.g.,
calcium carbide technique and thermo-gravimetric) and modern techniques (e.g., di-
electric techniques, heat flux soil moisture sensors, infrared moisture balance, etc.).
However, the inability to directly measure soil water content in the field at a low cost

limits the applicability of the soil water balance equation for irrigation scheduling.

Over the last three decades, several models for modelling soil water content
(SWC) in soil-crop systems have been developed e.g. HYDRUS [174], SWAP |175],
EUROACCESS- 1II [176] [177], etc. Artificial intelligence models are also applied
for simulating numerous hydrological processes, including soil moisture estimation.
These models have a high prediction ability and do not need a thorough understand-
ing of soil physical parameters. Further Al models with remotely sensed data have

also been applied to simulate soil water dynamics.
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Chapter 4

Hybrid Deep Learning Models for
Reference Evapotranspiration

This chapter presents hybrid deep learning models to predict the daily reference
evapotranspiration using meteorological parameters of Ludhiana and Patiala sta-
tions. CNN-LSTM and Conv-LSTM are investigated on different combinations of
meteorological parameters to identify the minimum required meteorological param-
eters for the reliable prediction of ET,. Further, the proposed hybrid models are

compared to temperature and radiation-based empirical models.

4.1 Overview

Reference evapotranspiration (ET,) plays an undeniably important role in irri-
gation management. Precise estimation of ET, is essential for designing, planning,
and effectively implementing irrigation scheduling particulars in water-scarce ar-
eas to increase agricultural productivity [178]. It can be measured directly using
a lysimeter or eddy covariance. However, due to technical complexities [179] and
high cost, it is calculated using some empirical equations such as FAO-PM [161] or
American Society of Civil Engineers Penman—Monteith (ASCE-PM) equations [180].

These equations require meteorological data (solar radiation, temperature, va-
por pressure, humidity, and wind speed) as inputs and are widely accepted world-
wide. However, the availability of these meteorological data is a challenging is-
sue in developing countries. So, many other empirical models have been devel-
oped that use limited climate data to estimate evapotranspiration, such as the
temperature-based models: Hargreaves Samani model [141], and radiation-based
models: Makkink [147], Ritchie [148]. The choice of these methods depends on the
availability of data and the accuracy of these methods. However, it has been found
that these models perform best for weekly and monthly data but not for daily data.

Also, these equations have not able to provide comparable accuracy with the ob-
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served ET, equation |181]. So, there is a need to develop a model that uses limited
available climate data as input to predict KT, with no compromise on estimation

accuracy.

There exists a complex non-linear regression process to calculate ET, that de-
pends on meteorological data. Many meteorological variables, such as air temper-
ature, radiation, relative humidity, sunshine hours, etc., show seasonality and time
dependency properties. Therefore, the process of evapotranspiration can be consid-

ered as a time series regression problem.

Deep learning models effectively address problems with massive amounts of
data, multivariate with complex relationships, and multi-step time series forecasting
tasks [182]. The problem of prediction of evapotranspiration values also exhibits the
same characteristics, such as there exist complex non-linear relationships between
multiple variables, and these variables follow time series behavior. Nevertheless,
these methods are less widely applied to the evapotranspiration process. Therefore,
in this chapter, an attempt is made to apply deep learning time series forecasting

algorithms to model the process of reference evapotranspiration.

Convolution neural network (CNN) and long short-term memory (LSTM) are
two popular deep learning algorithm. However, a literature review conducted in
this study reveals that very little work has been reported for estimating reference
evapotranspiration using these two models. It has also been reported that CNN and
LSTM models can provide better performance when used as hybrid models such
as CNN-LSTM and Conv-LSTM [183] [184]. In consideration of the foregoing, the
present study proposes two-hybrid deep neural network models for the estimation
of reference evapotranspiration: Convolution—Long Short Term Memory (Conv-
LSTM), which performs the convolution operation in LSTM cells and Convolution
Neural Network—LSTM (CNN-LSTM) that uses the convolution layer for feature

extraction of input data, and then extracted features are fed to LSTM layers.

The study also focuses on climate data scarcity conditions, and thus, different
input combinations of climate parameters have been used to investigate the mini-
mum required parameters to model the ET, process. Further, the proposed hybrid
models are then compared with existing temperature and radiation-based empirical
models such as Hargreaves, Makkink, and Ritchie. The next sections discuss the
proposed hybrid models and methodology adopted for the prediction of daily ET,

values.
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Figure 4.1: Architecture of Conv-LSTM

4.2 Conv-LSTM

Conv-LSTM is a type of recurrent neural network. Its core working is similar
to the LSTM model, but here the convolution operation is used to decide the input-
to-state and state-to-state transitions. LSTM cells receive input x; and hidden state
output h; at each time iteration ¢. The previous cell output state C;_; and current
cell output C; are also taken into consideration to perform state updations using

convolution operation and generating output. The key operations of Conv-LSTM

are shownbelow in the eq. (4.1]) to (4.6)).

iy = sigm(Mie. 0 Cyq + My x hy_q + My % x4 + b;) (4.1)
fi = sigm(My. o Cy—y + Mypp * hy—y + My, % x4 + by) (4.2)
or = sigm(Moe 0 Cy_1 + Moy % hy_1 + My * xp + b;) (4.3)

gr = tanh(Mgyp, * hy_y + My, * x, + b.) (4.4)
Ci=Ci1ofi+gioty (4.5)
hy = tanh(C}) o o (4.6)

where o represents convolution operation, % represents Hadamard product, sigm and
tanh represent the logistic sigmoid function and hyperbolic tangent function, respec-
tively. i, fi, oy, and g; represents the input, forget, output and input modulation
gates, respectively. xz;, Cy and h; are the input, cell state, and hidden state at
step of the model. M;, M,, and M; are the weight matrix for input, output, and
forget gates, respectively. The architecture of Conv-LSTM used in this study for

modeling the process of evapotranspiration is shown in Figure 4.1

tth
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4.3 CNN-LSTM

CNN-LSTM [184] is a hybrid neural network model that combines the CNN layers
and LSTM in one unified framework. It has been proved in the past that the per-
formance of LSTM is improved if relevant features are provided |186].

In the present study, the CNN-LSTM model is used for predicting ET, values,
which consists of a CNN layer to extract relevant features from climate data and find
a correlation among multivariate time series sequences that affect the evapotranspi-
ration process. This layer’s output is used as an input to the LSTM layer (after
several other layers, such as pooling and flattening layers) that models the temporal

information to predict the evapotranspiration values of the next timestamp.

Let X7 = [X1, Xg, X3, X4.... X,] to be the input meteorological data vector,
which is provided to CNN. Then the output of the CNN is passed to gate units of
the LSTM layer. The LSTM cell updates its state using the operations shown in

eqgs. (@ to .

Or=glex X,_ zt+z—|—thET) (4.7
iy = sigm(w;hi—y + Mzi+ b;) (4.8
fe = sigm(wshy—y + Myz+ by) (4.9

4.

o = sigm(wohy—1 + Myxy + b, )

gr = tanh(wyh,—y + Myxy)

—_
N

Ci=Ci10fr + gixiy

e

—_ —_
w (=)
~— ~— ~—  ~—  ~— ~—

—~~
=~
—_
—_

he = tanh (¢;) * oy
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Zw” Yrelu(h»1) + 'Y (4.14)

where ReLu is the rectified linear activation function which is a non-linear one, w is
the weight from ** node of layer n-1 to j** node of layer n, and b represents bias. 3"
is the final output of ET, values. The dense layer is the last layer of this model that
receives feature vector hy = [hy, hy, hg, hy,..., h,]. The architecture of CNN-LSTM
used in this study is shown in Figure

4.4 Methodology

This section presents the proposed methodology used in the study. In the first sub-
section, a detailed analysis of the dataset is provided using statistical properties.
Then, the criteria for selecting input parameters for developing the proposed hy-
brid deep learning models are discussed. The subsection 4.4.2| presents the model
development strategy and flow chart of the conducted study. Finally, in the last sub-
section, the evaluation parameters used to assess the performance of the proposed

models are provided.

4.4.1 Data Collection and Input Selection

The study is carried out at Ludhiana and Amritsar stations in the Punjab region of
India. A detailed description of the geographical conditions of both the study areas
is provided in section of chapter 3. The daily meteorological parameters (7,4,
Tonin, WSP, R, RH, VP, and SSH) of both stations are retrieved from IMD Pune,
India. The actual/observed ET, values are calculated by the FAO-PM method using
CROPWAT 8.0 software. The statistical observations of meteorological parameters
show that the training and testing datasets are somewhat similar for developing the
best possible model (Tables and . The number and combinations of input

variables affect the performance of the model [187].

This study selects the deep learning models’ inputs based on the correlation of
different meteorological variables with reference evapotranspiration. It is clear from
these two tables that air temperature and solar radiation show the highest correlation
with ET, (Tables and . Hence, these input variables must be included in
selecting input variables with a combination of other climate variables to find the
best model. Hereby, selecting only limited variables with reliable accuracy will
also solve the problem of estimating reference evapotranspiration in the developing
countries that do not have sensors deployed in every region to collect values of all

climate variables.
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4.4.2 Model Development

In this study, model development is carried out in Python programming language
(3.6) using the following libraries: Keras (2.3.0-tf), Tensor Flow (2.2.0), Scikit Learn
(0.22.2). All the computations are performed online using the graphical processing
unit (GPU) provided by the cloud platform (Google Colab). Both Conv-LSTM and
CNN-LSTM have been developed in the study to estimate the daily evapotranspi-
ration of both stations. The meteorological dataset retrieved from IMD Pune, India
is in the raw form and has some impurities such as missing values, outliers, etc.

Hence, it cannot be directly fed to the deep learning models.

Missing data is one of the well-known research problems and can lead to inaccu-
rate predictions and inconsistent results. The machine learning model’s performance
is also affected by the methods used to treat these missing values [188] [189]. Here,
two missing data treatment methods are used to handle the climate dataset’s miss-
ing values: Linear regression and K-nearest neighbor (KNN). Linear regression for
missing data imputation has been widely adopted in past studies |190]. The only
necessary condition is independent (X) and dependent (missing data variable) vari-
ables (y) must be correlated. Some of the climate parameters are highly co-related
and can help in estimating the missing data (Table and . Linear regression
for missing data treatment is performed with the iterative imputer class of Python’s
scikit-learn package. The algorithm works in a round-robin fashion, and for each
iteration, it tries to fit the regressor line (X, y), and loss is computed using equation

(4.15).

1 n
loss = - Z(yp —7)? (4.15)
i=1

where y, is the predicted value of dependent variable y and is given as follows:
Yp = X + (4.16)

here, the values a; and ay are coefficients of X and intercept, respectively. These
values are updated to minimize the loss function to find the best fit line using gra-

dient descent until convergence is reached.

The second method used in the study is KNN, where missing data is filled us-
ing the average or most common value of k-neighbors depending upon the type of
data. The nearest neighbors are selected using distance matrices such as Euclidean
distance, Minkowski’s distance, and Manhattan distance. The KNN Imputer class
in scikit-learn package of Python provides imputation of missing data using the K-

nearest approach. The KNN imputation has been used in past studies and proved to
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be a robust and sensitive method for missing data imputation [191]. Missing data of
those climate parameters that are not correlated with other parameters are handled
in the study using KNN. The value of k = 3 is used to provide the best trade-off

between imputation error and data structure preservation [192].

The outliers present in the dataset due to instrument or human error are detected
and eliminated in the study using the z-score method. The equation of the z-score

method is provided in the following equation.

Ty — X

z =

- (4.17)

where x; is the data point, Z is the mean, and s is the standard deviation; if the
value of z exceeds 3, the corresponding data point is considered an outlier. z score ()
method of scipy library of Python is used in this study to detect and remove outliers
present in the dataset. Normalization transforms the dataset in the standard range
[0,1] to avoid convergence problems during the model’s training. There are many
methods to normalize the dataset, such as power transformer, quantile transformer
(uniform/normal), robust scaler, max-abs scaler, and min-max scaler. However, the
min-max scaler has been selected in this study as it is widely used in the literature
and outperforms other techniques in some cases [193]. The min-max normalization
equation is given as:
Ti — Tmax

Tnorm = — (4.18)

Tmaz — Tmin
where x,,,., represents normalized value, x,,,, and x,,, represents the maximum

and minimum values of the dataset.

The pre-processed dataset is fed to deep hybrid learning models (CNN-LSTM
and Conv-LSTM). The selection of hyper-parameters such as the number of filters,
kernel size, activation function, number of neurons in fully connected layers, op-
timizer, batch size, etc., affects a given model’s learning speed and performance.
Therefore in this study, the model’s hyper-parameter is defined using the Random
search method of the Keras tuner library, as it has been observed that this approach

is more efficient than grid search and manual hyper tuning methods [194].

The dataset is divided into two subsets: training data (70%) and testing data
(30%). The dropout layer (with a probability of 0.1) is applied to dense layers to
avoid overfitting and make the generalizable model. The random search method
trains the model using this training data, and 10% of the training data is used
for the validation process for hyper-parameters tuning. The hyper-parameters that

minimize the error are selected to obtain the best model. Finally, the best obtained
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Figure 4.3: Flowchart of the proposed methodology of ET, estimation

model is tested with testing data. The flowchart of the proposed methodology is
shown in Figure [£.3

4.4.3 Model Performance Evaluation Parameters

The performance evaluation is an essential step towards model development. It
includes the comparison of models’ estimated values with actual values using math-
ematical measurement to observe how efficiently the proposed model can simulate
the actual output. In this study, deep learning models (CNN-LSTM, Conv-LSTM)
are trained on different input combinations of climate data to estimate ET,. The
estimated ET, values are compared to the observed/actual ET, values calculated
using the following statistical indicators: Mean absolute error (MAE), Root mean
square error (RMSE), Percent bias (Pbias), Nash-Scuttle efficiency (NSE), Coeffi-
cient of determination (R?) and Index of agreement (IA) which are calculated by
the following equations.
N

1
MAE = — > (ETw, — ET),) (4.19)

=1
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N
- (ETy, — ET, )?
RMSE _ \/Z’L:].( ]1\7} pz) (420)
N
_(ET, — FET,
Pbias = 2z 2 ») x 100 (4.21)
Ei:l ETObi

N (ET,, — ET,.)?
Z—l (3 Pi
Zi\il (ETObi - ETob)2

NSE =1- (4.22)

R2 _ = Zi]il(ETObi j ETob)(f?Tpi - E_Tp)i (423)
(Zi:l(ETObi - ETob)Q)(Zi:1 (ETPi - ETp)Q)

N 2
- (ET,,. — ET,,
[A: 1_ < Z’L:l( — b; pl) _ (424)
Zz’:1<|ETPi _ETObi +|ET0bi _ETObiD
Here ET,, (mmd™!) is observed or FAO-PM calculated value of ET,, ET, »; is the

estimated value of ET,, which is predicted by using the proposed deep learning

models for the i value of data point, ET,, is mean of observed value, E_Tp is the
mean of predicted values of ET,, and N is the number of data points considered in
the study.

Mean absolute error is the average of absolute and predicted values without
considering the directions, and it ranges between 0 to 1. The lower MAE value
results in a perfect estimation by the model [195]. RMSE is a measure of residual
error deviation that indicates how close the data is to the best fit line. The lower
value of RMSE shows a better estimation of the model. Percent bias is an estimation
error that is normalized by observation. The low-magnitude values of percent bias
indicates accurate model simulation. R? shows the degree of correlation between
ET, values estimated by deep learning models and observed ET, values. IA is a
dimensionless measure to represent model quality, which ranges between 0 (worst
fit) and 1 (best fit) [196]. NSE is a popular and potentially reliable metric for
evaluating the predictive competency of hydrologic models. It ranges from 0 to 1
for unbiased models, with 1 representing a perfect model, and for biased models, it

may be algebraically negative [197].

4.5 Results and Discussion

The essence of this study is to find out the minimum required input parameters
and observe the feasibility of the proposed hybrid deep neural network models to
model the complex non-linear relationship that exists between climate parameters
and E'T,. This section provides insight into the obtained results from the conducted

study. An experiment is conducted to examine two-hybrid deep neural network
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models: CNN-LSTM and Conv-LSTM to estimate daily ET, values of Ludhiana

and Amritsar stations.

In the first subsection, the aforementioned models are implemented using dif-
ferent input combinations of the available meteorological dataset to estimate the
ET, values. The results obtained with these two-hybrid deep learning models are
provided in Tables and using performance metrics such as NSE, MAE, and
RMSE of training and testing datasets. In the second subsection, input combina-
tions that give promising results are further comprehensively analyzed. In the third
subsection, the proposed models’ performance is compared with the existing tem-
perature and radiation-based empirical models. Finally, in the last subsection, the

strengths and limitations of the conducted study are analyzed.

The comparison of predicted E'T, values of proposed hybrid deep learning mod-
els are shown in Figures {4.4] and of both stations. Table summarizes the
best-selected input combination’s performance. Table [£.4] depicts the comparison of
empirical models with proposed deep learning models. The scatter plots showing
the hybrid models’ performances with limited input data and empirical models are
shown in Figures and [4.7] respectively.

4.5.1 Performance Comparison of Hybrid Models under Var-
ious Input Combinations

Temperature is considered as the inseparable input data for the estimation of KT, in
many studies [53] [61] [198]. Solar radiation has also shown the highest correlation
with ET,, among other climate variables, as shown in Tables and [3.5] Also,
radiation has been used as one of the key input data in many empirical equations
for calculating reference evapotranspiration. Therefore, in this study, temperature
and radiation are considered as prime input parameters to estimate KT, values.
The different input combinations with these prime input parameters are fed to deep
learning models (CNN-LSTM and Conv-LSTM). Tables and present the re-
sults of these models with 21 different input combinations. The input combinations
used in the study are also consistent with many previous studies [28] [199]. Input
combinations from 1-6 in Table use air temperature and the combination of air
temperature with other meteorological variables RH, R,, WSP, VP, and SSH.

The correlation between the above mentioned meteorological parameters and
ET. of wheat and rice crops is provided in Table [3.9] and respectively. The
mean values of T),in, Tinaz, Tmean, and Ry of Ludhiana station from 2003 to 2015

for wheat and rice crop growing period are provided in Table [3.11, The obtained

74



4.5. RESULTS AND DISCUSSION

results also support the decision to use other combinations using temperature and
solar radiation as prime inputs for estimating reference evapotranspiration. The
result is also consistent with the work of Traore [53|, where improvement in results

has been observed with the use of solar radiation along with air temperature.

Sunshine hour is also another input variable that shows the promising result
with NSE ranges from 0.906 to 0.910 and 0.9078 to 0.9136, MAE ranges from 0.050
to 0.049, and 0.0494 to 0.0479, and RMSE varies from 0.068 to 0.066, and 0.0674
to 0.646 of training and testing data using CNN-LSTM and Conv-LSTM models,
respectively of Ludhiana station and NSE ranges from 0.9039 to 0.9068 and 0.9087
t0 0.9135, MAE ranges from 0.0491 mmd~—! to 0.0491 mmd =", and 0.0494 mmd =" to
0.0488 mmd~—' and RMSE varies from 0.0691 mmd~! to 0.0691 mmd~! and 0.0674
mmd~to 0.0647 mmd~" of training and testing data using CNN-LSTM and Conv-
LSTM, respectively of Amritsar station.

The combination of relative humidity, wind speed, and vapor pressure does not
provide good results. Also, Conv-LSTM outperforms the CNN-LSTM model in
combinations from 1-6 as shown in Table .1} Table demonstrates the perfor-
mance of possible input combinations using temperature and radiation as prime
input data along with other meteorological variables. It is clear from Table that
Conv-LSTM provides the most accurate results in almost every possible combina-
tion considered in the study. It can be observed from Table that generally, the
model’s performance is increased with an increase in the number of input variables,
but in some cases, it is also found that an increase in the number of input variables
does not impact the model’s performance. For example, combination 10, 12, and
14 provides comparable performance, and combination 11, 13, and 17 also shows

similar performance.
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4.5.2 Comprehensive Evaluation of Best Input Combination
for Proposed Hybrid Models

The value of NSE indicates the predictive power of hydrological models. The value
closer to 1 shows the model’s efficiency. Thus, based on the value of NSE, eight
promising input combinations are selected to predict the value of ET,. The values
of IA, R?, and Pbias during the training and testing period of the considered models
are given in Table [4.3]

It is clear from Table [4.3 that the Conv- LSTM has IA and R? values closer to 1
and Pbias closer to zero, which shows that the model is not under or overestimated.
However, a Pbias value greater than zero in some input combinations for the CNN-

LSTM model has been observed, indicating the overestimation.

The other important information that can be derived from Table {.3]is that wind
speed when combined with prime input data, gives satisfactory results. From the
selected best eight input combinations, number 13 (7542, Tinin, Rs, WSP, and RH)
is able to achieve reliable performance with R? values from 0.989 to 0.991 with pos-

sible limited input combinations.

The line graph visualizes daily E'T, values predicted by proposed deep learning
models during the testing period in Figures [£.4] and of Ludhiana and Amritsar
stations, respectively. It is clear from Figures and that the estimation of
ET, values by CNN-LSTM and Conv-LSTM are somewhat similar to the observed
ET, values. However, the estimated ET, values by Conv-LSTM are closer to the
observed E'T, values and indicate that Conv-LSTM performs better in eight selected

combinations.
In the following subsection, empirical models are compared to CNN-LSTM and

Conv-LSTM models with the same input combination as used by these empirical

models.
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4.5.3 Performance Comparison with Empirical Models

The comparison of the proposed deep learning models (CNN-LSTM and Conv-
LSTM) with temperature-based empirical models: Hargreaves model (HG) and
radiation-based models: Makkink (MK) and Ritchie (RC) are provided in Table
@ Hargreaves equation uses Tyin, Tmaee, and R, as the input parameters to pre-
dict E'T, values.

Table [.4] shows that CNN-LSTM and Conv-LSTM provide better results than
the Hargreaves model with similar input datasets. These hybrid algorithms improve
the performance of the Hargreaves model by increasing R? by 6% and decreasing
RMSE by 92%. Figure [4.6| presents the scatter plot of Hargreaves, CNN-LSTM, and
Conv-LSTM with respect to observed ET, values. The highest accordance with 1:1
is observed with Conv-LSTM and CNN-LSTM models. The evaluation of regression
lines shows that the value ‘a’(slope value) and value of ‘b’(intercept value) have a
small difference with ideal values (a = 1 and b = 0) of both hybrid models. It
indicates these models’ ability to predict ET, using only temperature and extra-
terrestrial radiation (R,) data with more reliability than the existing temperature-
based empirical Hargreaves model. Makkink and Ritchie used T},4:, Timin, and Ry

as input combinations.

Table 4.4: Comparisons of empirical models with hybrid DL models

Temperature Based Model

Input data Model R? MAE  RMSE
(mmd™) (mmd=")

CNN-LSTM 0.87 0.0553 0.0749
Trins Tnaz, Re  Conv-LSTM (.88 0.0534 0.0735
Hargreaves  0.83 0.8274 1.0047

Radiation Based Model

Input data Model R? MAE RMSE
(mmd™')  (mmd™")

CNN-LSTM 0.94 0.0427 0.0607

Toiny Trmaz, Rs Conv-LSTM  0.95 0.0383 0.053
Makkink 0.84 0.8233 1.1632
Ritchie 0.86 0.6577 0.8188

A similar input dataset is used in combination 3, as shown in Table 4.1 Both
CNN-LSTM and Conv-LSTM improve the results of these empirical models by de-
creasing the MAE and RMSE values by 94% to 95% and increasing the R? score by
9% to 12%, as shown in Table [4.4] The scatter plots of CNN-LSTM, Conv-LSTM,
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Figure 4.6: Comparison of ET, prediction by hybrid DL and Hargreaves models

Makkink, and Ritchie methods for the same input dataset with respect to the ob-
served ET, values are shown in Figure [£.7] It is evident from Figure [4.7] that CNN-
LSTM and Conv-LSTM are consistent with the 1:1 line as compared to Makkink and

Ritchie method and closely follow observed ET, values, and generate less scatter-

ness. The evaluation of the regression line (ax+b) shows that Conv-LSTM is closer

to the best fit line with a slope value equal to 1 and a lower intercept value equal

to 0.0183, indicating its superiority over other algorithms to predict ET, values.

Another key information that can be gleaned from Table[4.4]is that the radiation-

based model used in the study performs better than the temperature-based model.

This could be because both stations are in the semi-arid region, where other climate

conditions are more favorable to the evapotranspiration process.
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Figure 4.7: Comparison of ET, prediction by hybrid DL, Makkink, and Ritchie models

Patil et al. [61] also used the combination of T},4z, Timin, and R, to predict ET,
values and compare the results with the Hargreaves equation. RMSE = 0.70 mmd !
to 0.72 mmd~! for Pali and Jodhpur stations of India using extreme learning ma-
chine was achieved in this study. However, in the current study, RMSE = 0.075

mmd~' has been obtained for the same input combination.

Traore et al. [53] estimated ET, values using the different sets of Tyaz, Tinin,
R,, and R, and obtained the highest performance using T},.2, Tmin, and R, using
MLP with MAE = 0.708 mmd~! and MSE = 0.770 mmd~'. In the present study,
combination 3, as shown in Table [4.1} uses a similar input set and gives improved
results by providing MAE = 0.0365 mmd~! and MSE = 0.002938 mmd~. Traore
et al. [25] used Gene expression programming to model the reference evapotranspi-

ration process of one station in China using limited input data, and only minimum
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and maximum temperatures were considered. They obtained R? = 0.77, MAE =
0.902 mmd~", and RMSE = 1.207 mumd ! on average.

In the current work, combination 1, as presented in Table[d.T] uses both minimum
and maximum temperatures to predict E'T, values, and the improved result has been
obtained using Conv-LSTM which provides the maximum result with R? = 0.8111,
MAE = 0.076 mmd !, and RMSE = 0.0969 mmd~!. This comparison reveals the
effectiveness of Conv-LSTM in modeling the process of ET,.

88



Chapter 5

Deep Reinforcement Learning
based Ensemble Approach for ET,

This chapter presents a Deep Reinforcement Learning (DRL)-based ensembling ap-
proach to predict daily ET, values of Ludhiana and Patiala stations. Four deep
learning-based models, i.e., CNN-LSTM, Conv-LSTM, CNN-XGB, and CNN-SVR,
act as baseline models for the proposed ensembling approach. The ET, process is
represented as a mixed integer non-linear programming (MINLP) problem with an
objective to minimize the mean square error (MSE) using the DRL-based ensembling

approach.

5.1 Overview

The past few decades have experienced the development of various artificial intelli-
gence (Al) based techniques to model, predict, and optimize the ETj process. These
Al-based techniques mainly include artificial neural network (ANN) based models,
e.g., multi-layer perceptron (MLP), radial basis function (RBF) neural networks,
and generalized regression neural networks (GRNN) [59] [34], genetic programming
(GP) based models [77] [200], tree-based models, e.g., random forest (RF) and M5
model tree (M5Tree) [34] [37], kernel-based models, e.g., support vector machine
(SVM) and least-squares support vector machine (LSSVM) [110] [42] and other Al
models such as multivariate adaptive regression splines (MARS) [201] [202], adap-
tive neuro-fuzzy inference system (ANFIS) [83] [203]. Although these Al-based
techniques may provide reliable results; the main concern is that for a particular

problem, different models produce different outputs [49] [204].

Ensemble learning is a technique that deals with other models to solve a specific
problem [205]. It has been observed that an ensemble of different models results
in improved forecasting accuracy and low error variance as compared to individual

models [206] [207] and hence effective in real-world scenarios [208] [209]. However, as
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per the authors’ knowledge, very few works have been reported in the literature to
model ET, process using the ensemble learning technique. Weighted average-based
and stack-based ensembles are two prominent ensemble learning techniques [210].
Stack ensemble technique considers baseline models’ output as input features for

another high-level model and trains it to generate the final output [49] [211].

The weighted average-based ensemble approach calculates and combines the con-
tribution weights of each baseline model to the final output by minimizing the mean
square error (MSE) of ensemble outputs. However, these ensemble learning tech-
niques suffer certain limitations. For example, the stack-based ensemble technique
is time-consuming, expensive to deploy, and does not perform better as compared

to the best individual baseline model in some situations [212].

In the weighted ensemble technique, the baseline models’ contribution weights
remain the same and do not take into account the time-varying features of the
input dataset (e.g., climate dataset). Therefore, to overcome the stated limitations,
this study proposes a novel ensemble technique based on the concept of DRL. It
uses hybrid deep learning models as baseline models and agents of deep-Q-network

(DQN) ensemble these models to ensure effective estimation of ET, values.

5.2 Overview of Deep Reinforcement Learning (DRL)

DRL integrates a neural network with a reinforcement learning framework to help
agents reach their targets. This learning technique is gaining popularity in many
fields, especially in dynamic decision-making systems. This technique is used to en-
semble DL models to estimate E'T, values in the present study. This section presents
the underlying theory to understand the proposed solution better. In particular, an
overview of reinforcement learning is provided in subsection the introduction
of Q learning is given in subsection [5.2.2] and an illustration of the Deep Q Network

is presented in subsection [5.2.3|

5.2.1 Reinforcement Learning

Reinforcement Learning (RL) is a machine learning paradigm that works on the
principle of dynamic programming that builds and trains algorithms using a reward
and punishment strategy. It is different from other ML paradigms, so there is no
need to provide an explicit recommendation to execute the task; instead, it solves

the problem independently.
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5.2. OVERVIEW OF DEEP REINFORCEMENT LEARNING (DRL)

There exists a set of states s = {30, S T st}, set of actions a = {ao, Afeennnn. at},
and reward R in RL environment. The agent interacts with an environment and at
time ¢, performs an action a;, and move from state s; to a new state s, with some
defined reward r;. The next action of the agent for the specific state is defined by
policy function 7(s;|a;), which maps states and actions. The agent receives a reward

for the right actions and punishment for the wrong actions.

The main objective of RL is to identify the optimized policy 7* that maximizes
the discounted rewards by minimizing the punishment so that agent can take cor-
rective action in the future for a particular state [213]. Mathematically, this process

is formulated as Markov Decision Process (MDP) and represented in eq. (5.1)).

P(St+1,at+1‘8t,at) = P(St+1,at+1‘80,a0 ........ st,at) (51)

Here, P(s,a) is a transition probability that can be described as the probability
of state that move from one state (s;) to another state (s;;1) by taking an action
a;. The value function (V (s, a)) for each state and action (s, a) pair is the expected
scalar reward in given state s if agent performs an action a, by following policy ,
and is mathematically represented in eq. .

V7™(s,a) = E[Z y'r(s,a) (5.2)

Here r(s,a) € R is reward function that defines the goals to be achieved by
the agent. The optimal value function (V™ (s,a)) derived using the optimal policy

(7*) provides the maximum reward achieved from all states by obeying the Bellman

equation. This is given in eq. (5.3).

V™ (s,a) = r(s,a) + marw Z P(s',a)Vr*(s,a) (5.3)

The graphical representation of the reinforcement learning process is shown in

Figure p.1]

5.2.2 (Q Learning

Q-Learning is a value-based, model-free Reinforcement Learning algorithm that eval-
uates the quality of the action to be performed by the agent based on the action-value
function. It determines the value of being in a particular state and performing a

specific action.
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The basic QQ learning version maintains a g-table containing Q(s,a) values for
each state-action pair. The two inputs: current state (s) and action (a), are provided
to the Q function, and it returns a reward as an output for that state-action pair.
This Q value function Q7(s,a) : S x A — R satisfies the Bellman equation and is
represented as MDP in eq. :

Q" (s,a) = Z P(s' a)r(s,a) + wQ™ (s, d") (5.4)

ses

Here, w is a discount factor that denotes the importance of future rewards com-
pared to current rewards and ranges between 0 and 1. A discount factor of 0 means
that the system prioritizes the current reward, whereas a value of 1 means that
the system prioritizes future rewards. Initially, this function returns random fixed
values before analyzing the environment. Afterward, with further analysis, the Q
function provides a more accurate estimate of the value function for the action ’a’

in the state ’'s’.

The Q function is constantly updating to provide the optimal value. The opti-
mized policy can easily be obtained after obtaining the optimum @ value for each
state-action pair, corresponding to the maximum Q(s,a) value. This directs the

agent on the optimum course of action a* to take in a particular state s.
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Figure 5.1: Reinforcement learning
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5.2. OVERVIEW OF DEEP REINFORCEMENT LEARNING (DRL)

5.2.3 Deep Q Network

DQN is a reinforcement learning technique that combines deep neural networks and
Q-Learning to enable RL to operate in complicated, high-dimensional, and dynamic
environments [214]. The concept was first introduced to remove the shortcoming of
Q learning, such as the curse of dimensionality caused by increased memory size for
storing QQ-table of a huge set of state-action and the unrealistic amount of time re-
quired for exploring a large number of states to create Q-table [215]. It also removes
the possibilities of overestimation due to the max operator present in the ) learning

algorithms by using a neural network to approximate the Q value function |216].

DQN uses two strategies: replay memory [217] and the target network. In replay
memory, the experience (s, at, ¢, S¢41) of the last X, epqy € X time steps is collected

using € greedy policy and stored in memory with size M.

The main objective of replay memory is to apply a set of experiences (¢, as, ¢, S¢41)
called a mini-batch to train selected neural networks randomly from replay memory
to approximate the Q function. In target network the @ function Q(s, a) is replaced
by Q(s,a; ©),where © represents parameters of network. This parameter is only up-
dated after i iterations to minimize the possibility of divergence as the target value
Y PN is kept constant for i iterations. The target value can be given in eq.

yDeN _ Tir1 + wmax,Q(s, ar; O) (5.5)

The Loss (AL) is calculated using the squared difference between the target and
updated Q value and represented in eq. (5.6). Stochastic Gradient descent (SGD)

is used to minimize the loss.

AL(sy, a;0,) = ((ry + wmaz,Q*(s¢, ar; O't)) — Q(s¢, ar; ©))? (5.6)

The ©; value is updated by minimizing the mean square error in the Bellman
equation using the eq. (5.7)).

Orp1 = O, + a(Yy — Q(St, a; ©1))AL(st, ar; ©y) (5.7)

where « is the learning rate.
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5.3 Problem Formulation

The process of ET, prediction can be formulated as a mixed-integer non-linear
programming problem (MINLP) which consists of input data (climate parameters),
a set of constraints followed by an objective function to predict the ET, values.
The input training data can be formulated as a tuple: (Tr,in, Trnaz, Rs), where Ty,
Taz, and R, are the daily average minimum and maximum temperature and solar
radiation. In any prediction problem, the actual observed value can be represented
in eq. .

y=r(xz)+n (5.8)

where y is the observed value, r(z) denotes the real value of true predicted func-

tion and n is noise.

In this study, Deep Learning (DL) models are used as prediction models that try
to find the ' function closer to the true function r. The main aim of the prediction
model is to minimize the distance between predicted and actual values to reduce
errors. The mean square error is the expected value of the square difference of c. It
can be mathematically represented in eq. .

MSE = E[(y —r'(x))"] (5.9)

This MSE can be further decomposed to the sum of bias and variance present
in the predicted function. Bias is defined as the difference between the expected
value of 7/(x) to the true predicted function r(z). The bias can be represented in
eq. ((5.10).

bias[r'(z)] = E[r'(z)] — r(z) (5.10)

Variance is calculated as the average square deviation of 7'(x) from its expected
value and mathematically represented in eq. (5.11]).

varlr'(z)] = B[(r'(z) — B[r'(2)])*] (5.11)

Now, MSE can be rewritten as the sum of bias, variance, and non-reducible error

(1?) as shown in eq. (5.12).
E[(y —7'(2))?] = Elbias[r'(z)]*] + Elvar(r'(x))] + ? (5.12)
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Because of the bias-variance issue, balancing bias and variance as optimization

goals is logical. Thus, the objective function for the stated problem can be formu-

lated as shown in eq. (5.13)).

min(MSE) = minE[(y — '(z))?] (5.13)

The core of ensemble learning is to minimize bias and variance. Thus ensemble
approach has been adopted to minimize the objective function. Four hybrid DL
models, such as CNN-LSTM, Conv-LSTM, CNN-XGB, and CNN-SVR, act as the

baseline models for the ensemble approach.

5.4 Methodology

The framework of the methodology used to conduct the study is shown in Figure
It includes four parts: a collection of the meteorological dataset, prediction of
ET, by baseline models, ensembling baseline models using DRL, and prediction of
the final output. This section elaborates on the proposed DRL-based ensemble ET,
prediction model. The subsection [5.4.1]provides the description of the meteorological
dataset of Ludhiana and Patiala stations. Then, the subsection [5.4.2 introduces the
baseline models used to predict KT, values. The prediction of these models serves
ensemble learning. In the subsection the proposed Ensemble Approach using
the DQN algorithm is discussed in detail.

5.4.1 Data Collection and Preprocessing

The research study is conducted in the Ludhiana and Patiala stations of Punjab,
India. The geographical conditions of these study areas are discussed in chapter 3.
Daily meteorological inputs, e.g., minimum temperature (7,,;,), maximum temper-
ature (Thqz), relative humidity (Rpy), windspeed (Us), sunshine hours (SSH), and
solar radiation (R;) covering a period of 13 years (2003 to 2015) and 17 years (2000
to 2015) of Ludhiana station and Patiala station respectively, is retrieved from India
meteorological department (IMD) Pune, India to evaluate the proposed technique.
Table [3.1] and Table [3.3] show the statistical observations of meteorological data of
both stations. The cross-correlation among meteorological data of Ludhiana and

Patiala stations is provided in Table |3.4]
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Meteorological Parameters

Performance Evaluation Metrics

Figure 5.2: Framework of proposed approach

FAO-56 PM equation is used to compute ET, values to obtain the benchmark
dataset to compare the ET, values estimated by proposed models. The conducted
study considers limited climate parameters such as T},,;, Thaz, and Ry to estimate
ET, values and then evaluate how close it can get to actual observations made by
the FAO-56 PM equation.

The meteorological dataset is preprocessed to transform the data into a useful
and efficient format. Data preprocessing includes missing data treatment, outlier
detection, and normalization. In this study, the mixgh package of R programming
language, proposed by Deng et al. , is used to handle missing values. Outlier
detection is performed using the z-score method, whereas normalization of data is
done using min-max scaler .
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5.4.2 Baseline Prediction Models

The selection of baseline models for the ensemble approach is critical. The conducted
study explores ten Al regression algorithms and their hybrid versions with Convolu-
tion Neural Network (CNN). These algorithms belong to a different paradigm and
have been proven effective in modeling the evapotranspiration process and regres-

sion problems in past studies.

These algorithms are Support Vector Regressor (SVR), eXtreme Gradient Boost-
ing (XGboost), RF, ANN, Long Short-term memory (LSTM), CNN, CNN-LSTM,
CNN-XGB, CNN-SVR, and CNN-RF'. Thus, the study uses four hybrid deep neural
network models (CNN-LSTM, Conv-LSTM, CNN-XGB, and CNN-SVR) to con-
struct baseline models for ensemble learning. Each hybrid deep neural network
model use historical data to obtain the prediction results of ET,. The principle of

these baseline models is discussed in the following subsections.

These algorithms are applied to the dataset used in the study and ranked in
order of their performance as shown in Table 5.1 Among these algorithms, we have
opted top 4 algorithms for ensemble techniques that provide higher performance

than other models.

Table 5.1: Performance comparison of different Al algorithms

Model R? RMSLE MSE

(mmd=1)  (mmd™1)

Conv-LSTM  0.948262 0.001226  0.002502
CNN-XGB  0.943238 0.001301 0.002745
CNN-SVR  0.942897 0.001294 0.002762
CNN-LSTM  0.93656  0.001432  0.003068

LSTM 0.927483  0.001639  0.003507
CNN-RF 0.905995 0.002352  0.004534
ANN 0.903026  0.002418  0.004558
XGB 0.894868  0.002714  0.004941
SVR 0.886865  0.002844  0.005456
RF 0.877211 0.003142 0.005921

5.4.2.1 CNN-LSTM

CNN-LSTM is a hybrid neural network model that integrates the layers of Convo-
lutional Neural Networks (CNN) and long short-term memory (LSTM) into a single
framework. This model was firstly proposed by Sainath et al. |184]. Tt has already

been proven that relevant features improve the performance of LSTM. CNN algo-
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rithm is widely known to extract relevant features from input data. The architecture
of CNN-LSTM consists of a CNN layer, LSTM layer, and dense layer to produce
the final output. The extracted relevant features from CNN layers are fed to cor-
responding LSTM layers. Finally, after performing temporal modeling, the output
of the LSTM is passed to a fully connected layer to provide sequential output [219)
The detailed architecture of CNN-LSTM used in the study is explained in section

of chapter 4.

5.4.2.2 Conv-LSTM

Shi et al. [220] proposed convolution LSTM network firstly in 2015. It is a type
of recurrent neural network (RNN). Its basic operation is identical to the LSTM
model, except that the convolution operation instead of matrix operation is applied
to determine the input and state-to-state transitions. At each iteration ¢, LSTM
cells receive input x; and h; output of hidden state. The convolution operation is
performed to generate output and state update using input x;, the output of hidden
state h;, the output state of current cell C;, and output state C;_; of the previous
cell. The detailed architecture of CNN-LSTM used in the study is explained in
section [4.2] of chapter 4.

5.4.2.3 CNN-XGB

CNN has several notable milestones in the fields of image processing and Natu-
ral Language Processing (NLP). The primary reason for the success of CNN is its
ability to extract relevant and essential features automatically. XGBoost is an inte-
grated learning approach based on gradient boosting that provides accurate results
via repetitive processing of weak learners. It has been employed in many research

works due to its outstanding performance and efficiency [221] [222].

This study proposes a hybrid model of CNN and XGboost, i.e., CNN-XGB, to
model the reference evapotranspiration process. Firstly, convolution layers are used
to learn relevant input features automatically, and then the XGBoost regression
model is employed to extract a high dimensional feature set to predict ET,. The
architecture of the proposed CNN-XGB model consists of a convolution layer and a

pooling layer (max) followed by flattening.

Then, finally, the fully-connected layer’s output is passed through the XGBoost
algorithm for regression analysis, i.e., to predict the values of ET, for wheat and
rice crops. Figure visualizes the proposed architecture of the CNN-XGB hybrid

model. The mathematical representation of convolution operation in 1D CNN is eq.

98



5.4. METHODOLOGY

Meteorological Parameters CNN XGB

Convolution and Pooling Layer

Figure 5.3: Architecture of CNN-XGB

M
€Ty =4 (Z $zk‘z] + bj> (514)
n=1

where n denotes the size of filters, k indicates the total number of filters, M
represents the channel input numbers, and b is the kernel bias. Then the max
pooling operation is used, and then finally, the output of the fully connected layer

is fed to XGBoost. The mathematical expressions for the XGBoost algorithm are

discussed in eq. (5.15]).

D = {(xj,y;)} (|ID| = m,x;eR", y;eR) (5.15)

where D represents the dataset, m denotes the total number of input samples,
n represents the total number of features associated with those samples, z; is the
eigenvalue, and y; is the true value. Finally, the XGBoost algorithm adds up the
results of K-trees to get the final predicted value which can be given as shown in eq.

(15.16)).
K

i = (), greG (5.16)

k=1

where gy, is the leaf score of k' tree and G denotes the set of all the K scores.

5.4.2.4 CNN-SVR

CNN-SVR is a hybrid deep learning model that merges two powerful algorithms,
i.e., CNN and SVR, into a single framework. CNN extracts the essential features
of the input data, and then SVR is substituted at the place of the output layer to

perform the regression analysis to generate the output. The architecture of CNN-
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Figure 5.4: Architecture of CNN-SVR

SVR used in the present study consists of a convolution layer, a pooling layer (max),
and flattening. SVR is employed as the final output layer to produce output. The
proposed architecture of the CNN-SVR hybrid model is illustrated in Figure

Algorithm 1 Ensembling using DQN for E'T, estimation

Input:

N-Total number of episodes.

M-Capacity of replay memory.

€ - the probability of random action.

w - discount rate.

M - size of mini-batch

A - a smoothening function of target critic.

T- number of iterations in DQN episodes.

Initialize a deep neural network.

Initialize replay memory buffer with the capacity M.
Initialize the action-value function as Q(s,a,0)
Initialize the target-value function as Q(s,a,f’) with some random weights 6’ =0

1: for (episode = 1;episode < N;episode++) do

2: for (t =1;t < T;t++) do

3: Observe environment conditions and generate the state s.

4: Using e- greedy policy, select action a in A ={a1,a2,a3,a4}.
random action e probability

52 at = {
mazqQ(st,a;0) (1—€) probability

6: Execute the action a; and calculate the prediction results.

7 Observe the reward r; and next state s¢y1

8: Save the experience (s¢,at, ¢, St+1) in replay memory.

9: Extract random mini-batch M (s¢, at,7¢, S¢41) from replay memory.

10 set target value function as:

11

) T4 for terminal s;41

12: vi = {
ri+wmazai+1Q’(sé,a’;9’) otherwise

13: Perform a gradient descent on (y; — Q(si, a;;0)) to minimize the loss.
14: Update target critic function by
15: 0 = A0+ (1—AN)0.
16: end for
17: end for

The meteorological parameters are passed through layers of the CNN for the
feature extraction process, and then these features are fed to SVR to predict the
value of E'T, for wheat and rice crops. The CNN operation is the same as discussed

in the previous section. The output of CNN is treated as an input feature vector to
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train the SVR model, which can be mathematically formulated as ([5.17)).:

> wzi+b=0 (5.17)
=1

where z; is the input sample, w is the corresponding weight, and b denotes the

bias.

5.4.3 Ensemble Approach based on DRL

The downside of existing ensemble techniques is that the chosen solution is imple-
mented every time step, and thus it makes the combination of the baseline models
invariant. However, distinct baseline models exhibit different accuracy rates for dis-
tinct observations. The predictions of each baseline model are unstable for all time
steps. Therefore, a deep reinforcement learning-based framework is proposed to dy-
namically choose the best model for each time step to tackle this problem. There are
five components of the constructed reinforcement learning framework: state, action,
reward, agent, and environment. These components are described in the following

subsections.

5.4.3.1 State

The state space for the defined problem is represented as observations of real-world
environment parameters, such as climate parameters used to estimate ET, values.
Here, only limited climate parameters are used to develop a technique that can
handle data-scarce situations without compromising prediction accuracy. The state

is described in eq. [5.18|
S = {Tmma Tmawu Rs} (518)

The abovementioned state includes three climate parameters : minimum tem-
perature (7,:,), maximum temperature (7,,.), and, solar radiation (Rs). All the

state parameters are normalized to [0, 1] scale to remove the effect of amplitude.

5.4.3.2 Action

The action space is the option of baseline models that the agent will select for
estimating ET, process.

A= {al,ag,ag,a4} (519)

In this case, there are four possible actions in terms of hybrid DL models such

as a; for CNN-LSTM, as for Conv-LSTM, a3 for CNN-XGB, and a4 for CNN-SVR
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Figure 5.5: Flowchart of proposed approach

model is performed. The selection of these actions that are to be performed by an

agent is determined by a greedy policy.

5.4.3.3 Reward

The aim of the reward design is to minimize the prediction error over all time steps.
The reward for the action is calculated by observing the prediction error made by the
selected hybrid DL model. If prediction error is minimum among all other models,
the reward is positive; otherwise, a negative reward is awarded. The current action
at time ¢ selects model m from a set of ensembled models M={CNN-LSTM, Conv-
LSTM, CNN-XGB, CNN-SVR} and the prediction result of the ensembled model is
given in eq. .

f(t) = Ensplm(t; D)] (5.20)

where {(t) is output of proposed ensembling approach for datapoint D at time

step t by selecting model m. Also, the absolute prediction error of the prediction
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result from the actual value is given in eq. ([5.21)).

O(t) = f(t) —a (5.21)

This prediction error is compared to the prediction error of the static selected
model with minimum prediction error among all other models at time ¢ to design
reward architecture. If the prediction error ® is the same as the error of the static
selected model M*, the reward is positive, otherwise negative. The agent is trained
to gradually select the optimum model for time step ¢ by following the direction
of reward. The mathematical representation of the reward function is given in eq.
.22

F1 o if B()=®(t,M*)
re = { (5.22)

—1 else

5.4.3.4 Agent

The agent’s main objective is to develop an optimum policy that chooses actions
to achieve maximum cumulative future rewards. It interacts with the environment
using actions, rewards, and observations. In this research study, the DQN agent is
used to determine an action to select an optimal hybrid DL model using e-greedy

approach for the estimation of ET, values.

5.4.3.5 Environment

The reinforcement environment (Env) can be expressed as shown in eq. ((5.23)).

Env={S, A r P} (5.23)

where S denotes a set of state-space, A denotes the action-space set, r indicates
the reward function, and P indicates the transition probability of state. Algorithm
depicts the DQN-based ensembling for ET, prediction. The flowchart of the pro-

posed approach is presented in Figure [5.5)

5.4.4 Model Performance Evaluation Criteria

Prediction accuracy is an essential parameter in the assessment of predictive mod-
els. In the study, five model performance evaluation metrics are employed in terms
of mean square error (MSE), root means square log error (RMSLE), error vari-
ance score (EVS), and coefficient of determination (R?) (see eq. [£.23). Further,
Diebold-Mariano (DM) test is also used to assess the predicting ability of the pro-

posed ensemble technique. The mathematical representation of performance evalu-
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ation metrics is as follows:

Zi]il (ETObi — ETPi)2

MSE = N (5.24)
N
N (log(ET, +1) — log(ETy, + 1))2
RMSLE: \/Zzl( Og( Pi + j)\[ Og( ob; + )) (525)
var(ETy, — ET),)
EVS=1- : : 2
Vs var(ETy,) (5.26)

where ET,, (mmd~1) is FAO-56 PM estimated or observed ET, value, ET,, is
the predicted value of ET, for the i** value of data point, ET,, is mean of observed
value of ET, and N is the number of data points considered in the study. MSE
is the mean of the squared difference between observed and estimated values and
lies between 0 to co. The lower MSE value shows that model makes a better es-
timation. RMSLE calculates the root of squared differences between the model’s

log-transformed observed and predicted values, and the optimal value of this metric
is 0.0.

Explained Variance Score (EVS) indicates how efficiently the given model can
explain the variations in the dataset or measure the discrepancy between predicted
and actual values. The value closer to 1.0 indicates that the model makes better
predictions [223]. R? represents the degree of correlation between predicted values
of ET, by proposed models and observed values estimated by FAO-56 PM.

Diebold-Mariano Test

The standard evaluation metrics, such as MSE, R2, etc., are useful for comparing the
performance of two models. However, these metrics cannot determine the significant
difference in the prediction of the two predictive models. Hypothesis testing is a
statistical inference technique to determine the significant difference between the two
predictive models by quantifying confidence levels. In the present study, Diebold-
Mariano (DM) hypothesis test [224] is employed to assess the performance of the
proposed DRL-based ensemble model. Let ET,, denotes the observed value and
ET,SP and ETIS? denote the estimated value of ET, by two predictive models for
time series climate data. The objective is to determine if these two models are

significantly different. The errors between observed and predicted values of these

two models are defined in eq. ((5.27) and ({5.28]).
EY = ET,, — ET.) (5.27)
E® = ET,, — ET? (5.28)

104



5.4. METHODOLOGY

where EM and E® denote the error between the observed and predicted values of
model 1 and model 2, respectively. The loss function (L(E)) is used to determine the

precision of each prediction. Two widely used loss functions are absolute deviation

error as shown in eq. (5.29))
L(E) =) |Ep)| (5.29)
i=1

and squared error loss as shown in eq. (5.30))

L(E) = Y (B (530

Here E; is error of prediction of " input. In this study, an equal accuracy
hypothesis is tested to examine if one model predicts better than another. The null
hypothesis for the study is represented in eq. (5.31)).

Hy = L(EW) = L(E@) (5.31)

against the alternative hypothesis is represented in eq. (5.32)).

H, = L(EW) # L(EW) (5.32)

Here, L(EM) and L(E®) denotes the loss functions of model 1 and model 2

respectively.

The null hypothesis (Hy) states that the prediction accuracy of the two models
is the same, whereas the alternative hypothesis (H;) states that the accuracy of the
models varies. DM test statistic can be formulated as shown in eq. (5.33]).

w i (L(ED) — L(E®D))

\/s2/n

DM =

(5.33)

Here, s? represents the variance of d = L(EM) — L(E®). The null hypothesis
will be rejected for the present study if the DM test score is not in the range of
[-1.96, 1.96] at 5% confidence level.
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5.5 Results and Discussion

This section analyzes the four baseline models’ performance using the meteorolog-
ical dataset of Ludhiana and Patiala stations. Then, the estimation ability of the
proposed DRL-based ensemble model is evaluated and compared to the baseline
models’ estimation abilities using four performance metrics, i.e., MSE, R?, RMSLE,
and EVS, followed by the Diebold-Mariano test. To further assess the performance
of the proposed DeepEvap approach, the estimation results of alternative existing
ensemble models (stacked and weighted ensemble models) are also added as a con-

trast.

5.5.1 Prediction of E'T, by Baseline Models

The CNN-LSTM, Conv-LSTM, CNN-SVR, and CNN-XGB deep neural networks
are evaluated in this section to observe the effectiveness of these models in ET,
prediction. The bar-graph representation of prediction results of these four baseline

models for Ludhiana and Patiala stations is shown in Figure [5.6, The performance

Table 5.2: Performance comparison of baseline models for Ludhiana station

Model Train
MSE R? RMSLE EVS
(mmd1) (mmd1)

CNN-LSTM  0.003354 0.932629 0.001568 0.935775
Conv-LSTM  0.002940 0.940930 0.001441 0.942152
CNN-XGB 0.002943 0.940875  0.001389 0.941625
CNN-SVR 0.003015 0.939441 0.001417 0.940024

Model Test
MSE R? RMSLE EVS
(mmd™") (mmd™")

CNN-LSTM  0.003068 0.936560 0.001432 0.940903
Conv-LSTM  0.002502 0.948262 0.001226 0.948746
CNN-XGB 0.002745 0.943238  0.001301 0.943425
CNN-SVR 0.002762 0.942897  0.001294 0.944099

comparison of these models for training and testing datasets is provided in Table
and Table for Ludhiana and Patiala stations, respectively. The meteorological
dataset of Ludhiana and Patiala stations is divided into a training dataset (70%)
and a testing dataset (30%), 10% of the training dataset is further used as a valida-

tion set for the hyperparameter tuning process.
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Figure 5.6: Performance measures of baseline models

The hyperparameters of these models, such as the number of filters, learning rate,
activation function, batch size, number of hidden nodes, number of epochs, etc., are
selected using the random search algorithm of the Keras tuner library. Minimization
of the MSE is the objective function during neural network training that represents

the degree to which the neural network approximates the ET;, prediction.

It is noteworthy that if these hyper-parameters are not selected carefully, the
performance of these baseline models gets affected and can even lead to worst per-
formance. However, this phenomenon helps in building a more powerful ensemble
model since the baseline models with different hyper-parameters are naturally di-

verse.

It can be observed from the Table[5.2l and Table 5.3 that Conv-LSTM shows best
overall prediction, with MSE, R?, RMSLE, and EVS values as 0.002502 (mmd~1)?,
0.948262, 0.001226 mmd ", and 0.948746 for Ludhiana Station and 0.002519 (mmd~1)?,
0.947927, 0.001241 mmd =", and 0.949443 for Patiala Station respectively. Accord-
ing to experimental results, CNN-LSTM provide worst performance with MSE =
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Table 5.3: Performance comparison of baseline models for Patiala station

Model Train
MSE R? RMSLE EVS
(mmd™!) (mmd™!)

CNN-LSTM  0.003330 0.933110 0.001571 0.934357
Conv-LSTM  0.002919 0.941369 0.001464 0.943999
CNN-XGB 0.002813 0.943485 0.001384  0.94352
CNN-SVR 0.003080 0.938126  0.001454 0.938807

Model Test
MSE R? RMSLE EVS
(mmd1) (mmd1)

CNN-LSTM  0.002998 0.938004 0.001408 0.938779
Conv-LSTM  0.002519 0.947927 0.001241 0.949443
CNN-XGB 0.002829 0.941516  0.001343 0.941733
CNN-SVR 0.002721 0.943738  0.001285 0.945095

0.003354 (mmd=1)? to 0.003330 (mmd=1)2.

It has been further noted that a single deep neural network is not capable of ade-
quately estimating E'T,, for different meteorological datasets. The primary reason for
this could be that different deep neural networks have varied hidden layer structures,
resulting in recognition abilities for different meteorological datasets. Therefore, a
technique (e.g., ensemble learning) that can increase the model’s flexibility and re-
silience is required. In the following subsection, the performance of the proposed

DeepEvap approach is discussed.

5.5.2 Results of Proposed Ensemble Model

This subsection provides the results of the proposed DRL-based ensemble model.
The line graph represents the relationship between two sets of values, where one set
is always dependent on the other. The line graph representation of E'T, prediction
values over time by the proposed ensemble model versus actual ET, values is shown
in Figure 5.7 It is evident from Figure [5.7] that the proposed model can simulate
the actual values of E'T,. In order to prove that the ensemble model shows bet-
ter performance than baseline models, the proposed DRL-based ensemble model is
compared to the CNN-LSTM model, the Conv-LSTM model, the CNN-SVR model,
and the CNN-XGB model. Table 5.4 shows the performance comparison of baseline
models (CNN-LSTM, Conv-LSTM, CNN-SVR, and CNN-XGB) with the proposed

model.
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Table 5.4: Performance comparison of DeepEvap with baseline models

Station ~ Models MSE R? RMSLE EVS
(mmd™!) (mmd™!)

Ludhiana CNN-LSTM 0.003068 0.936560 0.001432 0.940903
Conv-LSTM 0.002502 0.948262 0.001226 0.948746
CNN-SVR 0.002745 0.943238  0.001301 0.943425
CNN-XGB 0.002762 0.942897  0.001294 0.944099
DeepEvap approach  0.001889 0.960948  0.000909 0.961137

Patiala CNN-LSTM 0.002998 0.938004  0.001408 0.938779
Conv-LSTM 0.002519 0.947927 0.001241 0.949443
CNN-SVR 0.002829 0.941516  0.001343 0.941733
CNN-XGB 0.002721 0.943738  0.001285 0.945095

DeepEvap approach  0.001864 0.961452  0.000880  0.962270

Further, to examine the effectiveness of the proposed DRL-based ensemble model,
the Diebold-Mariano test is conducted with these baseline models. This test is con-
ducted to determine if there is a significant difference in the prediction performance

of the two models. A detailed discussion of this model is presented in section |5.4.4]

Table represents the DM statistics values using absolute deviation error as
loss function. The results indicate that DM values of CNN-LSTM, Conv-LSTM,
CNN-SVR, and CNN-XGB models are above the upper limits of 5% significance
level. Thus, the study’s null hypothesis: the prediction accuracy of the two models
is the same, is rejected. Table[5.4]and Table [5.5|indicate that the proposed ensemble
model (DeepEvap) substantially outperforms the baseline models and is significantly
better than these models. For instance, the MSE, R?, RMSLE, and EVS of proposed
DeepEvap are 0.001889 (mmd~1)2, 0.960948, 0.000909 mmd ", and 0.961137 respec-
tively for Ludhiana station and the MSE, R?, RMSLE, and EVS of the proposed
ensemble model are 0.001864 (mmd=1)%, 0.96145, 0.000880 mmd~*, and 0.962269,

respectively.

The scatter plot of the baseline models and the proposed model is presented
in Figure .8 and Figure 5.9 of Ludhiana and Patiala stations, respectively. The
highest accordance with the 1:1 line is observed with the proposed ensemble model
(DeepEvap). The examination of regression lines reveals that the slope value (7a”)
and intercept value ("b”) of the proposed DeepEvap approach deviate slightly from
their ideal values (a=1 and b=0) as compared to the four baseline models. It shows
that the proposed ensemble model is more reliable than the baseline models.

Moreover, the study aims to minimize the objective function, i.e., MSE. It is

clear from Table that the proposed DeepEvap approach has achieved minimum
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Table 5.5: Diebold-Mariano test of baseline models with DeepEvap approach

Model DM Statistics
Ludhiana Patiala

CNN-LSTM 7.97 8.58

Conv-LSTM 6.85 6.75

CNN-XGB 7.10 6.88

CNN-SVR 7.10 7.82

Proposed DeepEvap approach _ _
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Figure 5.7: ET, Prediction results of: (a) Ludhiana station (b) Patiala station

MSE as compared to four baseline models. The MSE value of CNN-LSTM, Conv-
LSTM, CNN-XGB, CNN-SVR, and proposed DeepEvap approach for Ludhiana sta-
tion is 0.003068, 0.002502, 0.002745, 0.002761, and 0.001888 respectively and for
Patiala station MSE value of CNN-LSTM, Conv-LSTM, CNN-XGB, CNN-SVR,
and proposed DeepEvap approach is 0.002998, 0.002518, 0.0028286, 0.002721, and
0.0018644, respectively.

5.5.3 Comparision with Alternative Ensemble Approaches

Deep Reinforcement Learning (DRL) works best in decision-making problems in a
dynamic environment. An agent learns via repeated interactions with the environ-
ment to attain a goal. Such interaction generates information regarding the agent’s
behavior outcomes and helps improve performance. The proposed ensemble tech-
nique uses a deep reinforcement approach to dynamically select models for predic-
tion by interacting with the environment and incorporating the time-varying input
characteristics. However, other approaches, such as weighted and stacked ensemble

approaches, are static and do not deploy time-varying environment characteristics.

In this subsection, a comparative study is carried out to validate the effectiveness

of the proposed DeepEvap approach. The Proposed model (PM), DeepEvap, is
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Figure 5.8: Comparison of baseline models and DeepEvap for Ludhiana station

compared to the best baseline model and two existing ensemble approaches, the
weighted ensemble model (WM) and the stacked ensemble model (SM). Table 5.6
summarizes the performance comparison of the proposed DeepEvap approach with
the best baseline, weighted, and stacked ensemble model. It can be gleaned from
Table that the presented DRL-based ensemble model, DeepEvap improves the
result by decreasing the MSE value of the best baseline model by 25%, weighted
ensemble model by 22% and stacked ensemble model by 20% for Ludhiana station
and Patiala station the MSE value is decreased by 26%, weighted ensemble model
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Figure 5.9: Comparison of baseline models and DeepEvap for Patiala station

by 22% and stacked ensemble model by 19%. Figure [5.10[ and Figure |5.11) show the
absolute prediction error of the weighted ensemble model, stacked ensemble model,
and the proposed ensemble model of the Ludhiana and Patiala stations, respectively.
It can be observed that the prediction error of the proposed ensemble model is lower
than that of the other two ensemble models. Thus it shows the superiority of the
proposed model over existing ensemble approaches.  The heat map of Diebold

Mariano test values for each pair of models used in the study is represented in

Figure [5.12] (a) and Figure [5.12] (b) for both stations.
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Table 5.6: Performance comparison of DeepEvap with baseline and ensemble models

Station Models MSE R? RMSLE EVS
(mmd™') (mmd™!)

Ludhiana Best baseline model 0.002502 0.948262 0.001226 0.948746
Weighted ensemble model 0.002406 0.950257 0.001165 0.950316
Stacked ensemble model 0.002365 0.951098 0.001142 0.952603
Proposed DeepEvap approach  0.001889  0.960948 0.000909 0.961137

Patiala Best baseline model 0.002519 0.947927 0.001241 0.949443
Weighted ensemble model 0.002391  0.950558 0.001155 0.950702
Stacked ensemble model 0.002296 0.952528 0.001109 0.952855

Proposed DeepEvap approach  0.001864 0.961452  0.000880  0.962270
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Figure 5.10: Error detected in the estimation of ETy of Ludhiana station

It is observed from the heat map that for Ludhiana station, the pairs {CNN-
SVR, CNN-XGB} and {SM, WM} have DM values in the range of [-1.96,1.96]. Thus
for these pairs, the null hypothesis can not be rejected, i.e., no model is superior to
each other. However, the remaining pairs of the models are significant at a 5% sig-
nificance level. The DM values for pairs {SM, PM} and {WM, PM} are 4.9 and 5.5,
respectively, which shows the significant difference in the prediction performance of

the proposed DeepEvap approach, stacked and a weighted ensemble model. In Fig-
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Figure 5.11: Error detected in the estimation of ETy of Patiala station

ure (b), the heat map of the Patiala station shows that DM values for the pairs
{Conv-LSTM, CNN-SVR}, {CNN-SVR, CNN-XGB}, {Conv-LSTM, WM} are in
the range of [-1.96,1.96] and thus null hypothesis for these pairs can not be rejected.
In other words, these models are not better than each other significantly. However,
for all other pairs of models involved in the study, DM values show a significant
difference in the prediction of ET, values. The DM values for the pairs {SM, PM}
and {WM, PM} are 5 and 5.3, respectively, and thus null hypothesis is rejected.
The overall results of the Diebold-Mariano study demonstrate that prediction re-
sults obtained from the proposed ensemble model differ significantly from existing

ensemble models and baseline models.

This study examines the proposed DRL based ensemble approach, DeepEvap
in respect to how this approach can predict E'T, values using Truin, Tmaz, and Ry.
Traore et al. also used Tiaz, Tmin, and Ry as input set to predict ET, using
Multi-layer Perceptron (MLP) and achieve MSE value 0.770 mmd~'. However,
this study is able to achive MSE value 0.001889 mmd~!. Fan et al. explored

different input combinations to model ET, process and with combination T,,.., Trin,
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Figure 5.12: DM values for (a) Ludhiana station (b) Patiala station

and R, as input dataset ,the R? =0.91 to 0.95 for different station was achieved.
The proposed DeepEvap approach used in the study has obtained R%=0.96 for a

different dataset. This comparison reveals the usefulness of the proposed DeepEvap
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approach for modeling the ET, process.
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Chapter 6

Hybrid Models for Estimation of
Crop Evapotranspiration

The main objective of this chapter is to predict daily wheat and rice evapotranspi-
ration values. Two hybrid models, i.e., CNN-XGB and CNN-SVR, are proposed
to achieve reliable prediction of crop evapotranspiration (E7.) of both crops using
limited input climate data. Further, the projection of the future changes in wheat
and rice E'T, is examined using RCP 4.5 and RCP 8.5 emission scenarios. This may
help to develop adaptation strategies to increase production potential in climate

change scenarios.

6.1 Overview

Crop water requirements are vital for developing effective irrigation management
techniques to improve crop water usage efficiency. ET, is the total water loss from
the given crop due to the evaporation and transpiration processes. It is considered
an essential process in determining crop water requirements. The direct measure-
ment of KT, requires specialized instruments such as eddy covariance, Bowen ratio

equipment, or lysimeter.

Unfortunately, due to the extreme heterogeneity of soil and the dynamic nature
of energy transfer, such systems cannot accurately estimate the spatially resolved
ET, at large scales, and also, these direct methods are costly, time-consuming, and
cumbersome [97] [225]. Since direct measurement of E7T, is expensive, inconvenient,
and complex, several empirical models for E'T, estimation have been introduced over

time.

FAO-56 PM method is the most popular and effective technique generally used
to estimate crop water requirements. Although it is possible to achieve a reliable

estimation of ET, by this method, the requirements for large-scale meteorological
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data (air temperatures, solar radiation, wind speed, and vapor pressure) at pre-
cise spatiotemporal scales are not always available in many underdeveloped nations.
Therefore, alternative approaches are needed to estimate ET, that use less meteo-
rological data and provide reliable results. Also, ET,. computations are complicated
and non-linear, relying on several meteorological and crop indices variables and their
relationships. Thus, it is challenging to develop an empirical model that takes these

complicated processes into account |85] [226].

In recent years, AI methods have been successfully implemented to estimate the
ET, of various crops. However, these studies did not consider limited available me-
teorological data to model the E'T, process. Thus, it is essential to comprehend the
temporal distributions of crop evapotranspiration and its estimated future changes

utilizing limited meteorological data.

Climate change is considered to have significant impacts on crop production.
So, understanding climate change’s regional impacts is of utmost importance for
adaptation and mitigation programs to handle such situations in the future. A few
research studies have been conducted to understand the impact of climate change
on crop water requirements. For example, Saadia et al. [227] studied the effect of
climate change on crop evapotranspiration of winter wheat and tomato crops us-
ing the A1B emission scenario and found that ET,. will decrease by approximately
5%. Ye et al. |228] investigated climate change impact on rice cultivation using
the A1B emission scenario in Southern China and found an increase in crop water
requirements by 8-20%. Worqlul et al. [229] also investigated the impact of climate
change in Ghana using Representative Concentration Pathways (RCP) 4.5 emission

scenario and reported that there would be an increase in evapotranspiration by 6-7%.

Further, Xiao et al. [230] used RCP 4.5 and RCP 8.5 future climate emission
scenarios and found a decrease in F'T, of winter and spring wheat using Agricultural
Production Systems Simulator (APSIM) model. Chen et al. [231] analyzed the cli-
mate change impact on crop evapotranspiration of sorghum crop using RCP 4.5 and
RCP 8.5 scenarios in Northern High Plains of Texas, and results indicate that ET,
decreased by 8-25%.

Deep learning models are efficient in handling complex non-linear relationships
with a massive amount of data and also show the ability to handle time-series fore-
casting problems [232] [233]. Estimating crop evapotranspiration also shows similar
characteristics, such as complex non-linear relationships among meteorological pa-

rameters and the time-dependence nature of these parameters.
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In this chapter, the objective is to assist irrigation engineers and agricultural
practitioners in adequately estimating ET,. in light of the limited availability of
climatic data for efficient crop water demand estimation. Therefore, two hybrid
models, Convolution Neural Network-eXtreme Gradient Boosting (CNN-XGB) and
Convolution Neural Network-Support Vector Regression (CNN-SVR), are proposed

for the reliable estimation of daily ET, values of wheat and rice crops.

Further, limited climate data (minimum temperature (7,,;,), maximum tem-
perature (T},,,), mean temperature (T},eqn), and solar radiation (R;)) is used for
prediction of ET, values to handle data-scarce situations. Also, the future climate
data obtained using two emission scenarios: RCP 4.5 and RCP 8.5 for the time
period 2023-2033, are used to project changes in ET,.. The next section provides
the methodology opted to conduct the study.

6.2 Methodology

This section describes the proposed methodology opted to conduct the research
study. The subsection [6.2.1] provides a detailed description of the meteorological
and crop dataset used in the study. In the subsection the model development
process and flowchart are discussed in detail. Finally, the subsection |6.2.3| provides
the model evaluation parameters for the performance assessment of the proposed

model.

6.2.1 Dataset Collection and Input selection

The geographical area of the conducted study is Ludhiana station in the Punjab
state of India. It is the most developed agricultural district and plays a significant
role in shaping agriculture of Punjab. It is among the foremost stations in the
country where the Intensive Agriculture Development Program (IADP) was intro-
duced. However, the water table is dropping at an alarming rate in the Ludhiana
district due to poor irrigation planning. The water level decline ranges from 0.11
m/year - 1.34 m/year, and the water table in the area lies between 9-26 m below
ground level (bgl) according to the report of the Central Ground Water Board [234].

The geographical conditions of this station are discussed in the section of Chapter 3.

The meteorological dataset has been obtained from the India Meteorological De-
partment (IMD), Pune, India, from 2003-2015 of the station. The meteorological
parameters used in the study includes T}, Thnaz, Tmean, and Rg. The mean values

of these parameters from 2003-2015 for the wheat and rice crop growing period are
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provided in Table |3.11] of chapter 3.

GCMs (General Circulation Models) are the most powerful tools for forecasting
future climate data by modeling the reaction of the global climate system to rising
greenhouse gas concentrations. However, GCMs are generally incapable of reliably
providing the local-scale forecasts required to analyze climate change’s impact on
the environment, agriculture, water resources, etc. Thus, downscaling techniques
are frequently employed to provide output at the required lower spatial scales. This
technique assumes that local climate is influenced by the interaction between large-

scale atmospheric variables and local factors.

Two GCMs named IPSLCM5A-LR (Institute Pierre-Simon Laplace Circulation
Model 5A - Low Resolution) and HadGEM2 (Hadley Centre Global Environmental
Model version 2) is used in this study for future climate projection using emission
scenarios RCP 4.5 and RCP 8.5 and downscaled data of daily T, Timas, and Ry
over the period of 2023-2033 of Ludhiana station is obtained from MarkSim GCM.

Wheat is sown in Punjab state during sowing windows from late October to
December and harvested in April. The optimal temperature range for ideal wheat
seed germination is 20° — 25°C', and the optimal temperature for vegetative growth
is 16° — 22°C [127]. The rice crop is sown from late June to August and harvested
in October. It is a tropical plant that needs a lot of heat and humidity to survive.
The temperature should be hot, with a mean monthly temperature of 24°C. The
temperature should be 16° — 30°C' during the sowing period, 20° — 30°C" at the time
of the growth period, and 16° — 27°C when the harvesting period is there |12§].

Calculation of ET,

Daily crop Evapotranspiration is calculated by multiplying the reference evapotran-
spiration with a single crop coefficient (K.) that integrates the characteristics of
the crop during different phenological stages [131], given in eq. . The crop
phenological stages are generally divided into four stages: initial stage, development
stage, mid-stage, and late-stage, with different duration. The crop coefficient value
is different for each stage and varies with climatic conditions. The planting and
harvesting dates of wheat and rice are also obtained from IMD Pune. The length of
each stage is calculated from growing degree days (GDD) which is determined as:

Tmax Tmzn
GDD = + -, (6.1)
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where T),42, Thin, and T; represents maximum, minimum, and base temperature.
The base temperature for wheat is 5°C" and 10°C for rice crop [129] [127]. The k.
values of wheat and rice are adopted from the research conducted at the Punjab
Agricultural University’s School of Climate Change, and Agricultural Meteorology
in Ludhiana that aims to calculate k. values of both the crops [130]. The k. values
for the wheat crop used in the study are k. init = 0.39, k. mid = 1.26, and k. late
= 0.36, and for rice crop, k. init = 1.15, k. mid = 1.36, and k. late = 0.86. Table
and Table [3.8 provide the growth stage duration details of wheat and rice crop,

respectively.

6.2.2 Model Development

The detailed architecture of CNN-XGB and CNN-SVR is discussed in chapter 5.
These models are implemented using python-3.0 on the Google Colab platform to
simulate the wheat and rice crop evapotranspiration process. Meteorological pa-
rameters such as Tin, Tinaz, Rs, and crop coefficient (k.) of each growing stage are
provided as input to these models. These meteorological parameters of Ludhiana
station are retrieved from IMD, Pune, and K, values of wheat and rice crops are
collected from the case study conducted by Punjab Agricultural University, Ludhi-

ana station |130].

The correlation matrix between above mentioned meteorological parameters and
ET, of wheat and rice crops is provided in Table and The objective is to
determine which parameters can afford the best prediction of wheat and rice ET,.

The results indicate the highest correlation between R, and ET.. Air temperature

Table 6.1: Input scenarios for hybrid models for predicting ET,

Model Rs Tmean Tmam Tmin
CNN.XGB1 Vv

CNN.SVR1 V

CNNXGB2 v VvV

CNNSVR2 v vV

CNNXGB3 v VvV v
CNNSVR3 v vV v
CNN.XGB4 v VvV v v
CNNSVR4 v vV v v
CNN_XGB 5 v v v
CNN_SVR 5 v v v

also shows a positive correlation with E7T,.. Thus, it can be inferred that radiation

and temperature have the highest impact on E7T,. and also show good performance
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Figure 6.1: Schematic diagram of the proposed work

while estimating ET, in arid and semi-arid environments [141]. Temperature with
solar radiation has been proved as a main driver for predicting evapotranspiration
process in past studies [115] and support the choice of using Tyin, Tz, and R as

limited meteorological parameters for modeling E'T..

Five different input scenarios are created and analyzed by proposed hybrid mod-
els (CNN-XGB and CNN-SVR). Table [6.1| shows the input scenarios that are cate-
gorized by placing the subsequent highest correlation with ET,.. The input scenar-
ios considered in the study are: scenario 1 (radiation only), scenario 2 (radiation
and mean temperature), scenario 3 (radiation, mean temperature, and max tem-
perature), scenario 4 (radiation, mean temperature, max temperature, and min
temperature), and scenario 5 (mean temperature, max temperature, and min tem-
perature) that consider only temperature parameters. Figure illustrates the
study’s schematic consisting of data collection, preprocessing, modeling, and pre-
diction phase. Data preprocessing is important, as raw data can have impurities
such as missing or noisy values. The preprocessing of the data is done using missing

data treatment, outlier detection, and normalization techniques. The missing data
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is handled using the mixgh package of R Language [218] that uses multiple imputa-
tions using XGBoost. Outlier detection is performed using z-score method [235] as

follows:
Ty — X

(6.2)

z =
S

where x, 7, and s are data point, mean, and standard deviation, respectively. Data

is normalized in range of 0 to 1 using min-max scaler [193] by following equation.

Ti — Tmax

Tnorm = P (6.3)
where Z,orm, Tmaz, and x,,;, represents normalized, maximum and minimum values
of the collected data respectively. The preprocessed data is split into training and
testing data in the ratio of 60:40 and fed to proposed hybrid algorithms CNN-XGB
and CNN-SVR. The hyperparameters of these algorithms such as number of filters,
activation function, learning rate, number of layers, number of neurons of CNN
layer, max_depth, min_child node, max_leaf nodes, and gamma values of XGboost
algorithms and type of kernel, degree, regularization parameter C', and epsilon value
of SVR algorithm is tuned with the help of random search algorithm [194] to get the
best model for the given data. The dropout layer is also added to avoid overfitting
in the model. The obtained optimal model is tested with test data and evaluated
using performance metrics discussed in the next section. These optimal models are

further used to predict future ET, values of wheat and rice crops.

6.2.3 Model Performance Evaluation Criteria

The models used in the study are evaluated for their predictive ability, which is a
crucial phase in model development. It involves statistical analysis of the model’s
predicted values to perceive how accurately the model can approximate the observed
or actual values. In this study, ET, is predicted using CNN-based hybrid models
(CNN-XGB, CNN-SVR). The predicted ET. is compared with observed ET, values
(computed by eq. ) using the following performance measures: Nash-Sutcliffe
Efficiency (NSE) (see eq. [£.22), Root Mean Square Error (RMSE) (see eq. [4.20),
Mean Absolute Error (MAE) (see eq. |.19), and Mean Absolute Relative Error
(MARE) is calculated using the following equation:

Zf\il ETo, — ET),
Zz‘]\il ET o,
where ET,,, (mmd™') is observed value of ET,, ET,, is the predicted value of

ET. for the i** value of data point, ET,, is average of observed values of ET,, and N

MARE = (6.4)

is the number of data points considered in the study. NSE is a popular and poten-

tially reliable metric for evaluating the predictive competency of hydrologic models.
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It ranges from 0 to 1 for unbiased models, with 1 representing a perfect model, and

for biased models, it may be algebraically negative [197].

RMSE reflects how closely the data points are to the best fit line. The lower
the RMSE value, the better the model prediction. MAE is the mean difference
between observed and predicted values without taking directions into account and
ranges from 0 to 1. The lower the MAE value, the more accurate the model’s

prediction [195]. MARE value closer to zero shows the best predictive model.

6.3 Results and Discussion

The effectiveness of the proposed hybrid models (CNN-XGB and CNN-SVR) is
assessed by comparing predicted and observed crop evapotranspiration values for
wheat and rice crops. The model’s performance in predicting ET, is evaluated using
a set of statistical metrics (NSE, RMSE, MAE, MARE), and a visual inspection of
results are presented using scatter plots, line plots, and radar charts. The obtained
results are summarized in the following sections. Section [6.3.1] and [6.3.2] describe
the performance of CNN-XGB and CNN-SVR in predicting wheat and rice evapo-
transpiration. The estimation of future crop evapotranspiration of wheat and rice
crop in the time period of 2023-2033 is presented in Subsection [6.3.3] In the last
Subsection the outcome of the proposed study is discussed in detail.

6.3.1 Performance Assessment of Proposed Models for Es-
timation of ET, of Wheat

The viability of the proposed hybrid CNN-XGB and CNN-SVR models during the
training and testing phase in terms of statistical metrics is shown in Table [6.2]

For scenario 1, the CNN-XGB on account of (NSE = 0.9008, RMSE = 0.4112,
MAE = 0.2957, and MARE = 0.1544) is superior to CNN-SVR (NSE = 0.8804,
RMSE = 0.4517, MAE = 0.3310, and MARE = 0.1726) in testing data. Besides,
Figure (a) shows the scatter plot of CNN-XGB and CNN-SVR for scenario 1.

It can be observed that predicted values obtained by CNN-XGB are in greater
agreement with observed values as compared to CNN-SVR. Figure [6.3| demonstrates
the line graph of CNN-XGB and CNN-SVR in comparison to actual observed values
of wheat E'T.. A line graph shows change in values over time and help in deter-
mining the relationship between two sets of values. According to Figure (a),

CNN-XGB model predicted E'T, values are more closer to actual observed values of
ET, than CNN-SVR model.
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Figure 6.2: Comparison of hybrid models for different input scenarios of wheat crop
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The statistical indices for scenario 2 reported in Table shows that the CNN-
XGB owing to highest (NSE = 0.9667) and lowest diagnostic errors (RMSE = 0.2385,
MAE=0.1753, and MARE = 0.0914) provides the best performance for predicting
wheat ET.. Computationally, it can be stated that CNN-XGB shows decrement
in the error i.e., RMSE, MAE, and MARE by 11%, 9.6%, and 9.6% respectively
as compared to CNN-SVR (NSE = 0.9575, RMSE = 0.2694, MAE=0.1941 and
MARE=0.1012).

Table 6.2: Performance Comparison of hybrid models for Wheat ET,

Model Training Data

NSE RMSE MAE MARE
(mmd=') (mmd™') (mmd™)

CNN.SVR 1 0.9132 0.4012 0.2818 0.1466
CNN_XGB 1 0.9499 0.3059 0.3382 0.1109
CNN_SVR 2 0.9634 0.2604 0.1733 0.0926
CNN_XGB 2 0.9882 0.1476 0.1818 0.0552
CNN_.SVR 3 0.9622 0.2648 0.1813 0.0933
CNN_XGB 3 0.9823 0.1809 0.1335 0.0674
CNN_SVR 4 0.9803 0.1911 0.1300 0.0675
CNN_XGB 4 0.9907 0.1314 0.1385 0.0487
CNN_SVR 5 0.8491 0.5052 0.3560 0.1933
CNN_XGB 5 0.9071 0.3964 0.2793 0.1512

Model Testing Data

NSE RMSE MAE MARE
(mmd™') (mmd™') (mmd™)

CNN.SVR 1 0.8804 0.4517 0.3310 0.1726
CNN_XGB 1 0.9008 0.4112 0.2957 0.1544
CNN_SVR 2 0.9575 0.2694 0.1941 0.1012
CNN_XGB 2 0.9667 0.2385 0.1753 0.0914
CNN_SVR 3 0.9564 0.2727 0.1949 0.1017
CNN_XGB 3 0.9550 0.2771 0.2040 0.1064
CNN_SVR 4 0.9765 0.2002 0.1407 0.0734
CNN_XGB 4 0.9745 0.2087 0.1482 0.0773
CNN_SVR 5 0.8521 0.4864 0.3394 0.1832
CNN_XGB 5 0.8723 0.4527 0.3103 0.1672

Figure (b) depicts that the data points obtained from the CNN-XGB are
more concentrated around the identity line. Figure (b) illustrates that the pre-
diction of CNN-XGB is closer to the actual observation. However, the CNN-SVR
model shows slightly similar results to the CNN-XGB model for this input scenario.
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Figure 6.3: Prediction of wheat ET, by hybrid models for different input scenarios
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Figure 6.4: Comparison of hybrid models for wheat and rice ET,

The predictive capability examination of the proposed hybrid models provided
to predict the E'T, of wheat crop exhibits the superiority of the CNN-XGB model re-
garding (NSE = 0.9823, RMSE = 0.1809) as compared to CNN-SVR, (NSE = 0.9622
and RMSE = 0.2648) for training data in scenario 3. However, CNN-XGB (NSE =
0.9550) and CNN-SVR (NSE = 0.9564) models have slightly similar performance for
testing data. Figure (c) confirmed equal agreement with actual and predicted
ET, using both hybrid models. Figure (c) illustrates the distribution of predicted
values by hybrid models and actual observed values and illustrates that prediction
values of CNN-XGB and CNN-SVR show slightly similar results with actual wheat
ET, values. In scenario 4, the evaluation of statistical metrics demonstrates the
more efficiency of CNN-XGB with respect to higher (NSE=0.9907) and lower er-
rors (RMSE = 0.1314, MAE = 0.1385 and MARE = 0.0487) than CNN-SVR for
training data. However, CNN-SVR exhibits a similar performance for testing with
NSE=0.9765 to CNN-XGB (NSE = 0.9745). In input scenario 5, CNN-XGB (NSE
= 0.907, RMSE = 0.396, MAE = 0.279, and MARE = 0.151) shows better perfor-
mance as compared to CNN-SVR (NSE = 0.849, RMSE = 0.505, MAE = 0.356,
and MARE = 0.193) for training data as well as testing data with NSE = 0.872
(CNN-XGB) as compared to NSE=0.852 (CNN-SVR). Furthermore, the efficiency
of these hybrid models is significantly greater in scenario 4 as compared to other
scenarios according to the distribution pattern in Figure and [6.3]

The statistical values for hybrid models of all scenarios are displayed in Figure
to evaluate the performance of the models and analyze their predictive potential
for wheat E'T.. It is evident that CNN-XGB shows fewer errors in all five scenarios,
which is identified as an efficient model and yielded reliable precision for predict-
ing wheat E'T,.. However, CNN-SVR shows similar performance to CNN-XGB for

scenarios 2, 3, and 4 for wheat ET, prediction. The analysis also shows that the
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best prediction results have been obtained using these hybrid modes for scenario 4

when Thuin, Toaz, Tmean, and Ry are provided as input. The year-wise analysis of the

Table 6.3: Comparison of total predicted wheat ET, by hybrid models with actual ET,
values

Year Actual CNN- CNN-XGB
XGB
(mm) (mm) MAE NSE RMSE
(mmd™) (mmd™!)
2003 269.69  280.42 0.181 0.977 0.242
2004  285.28  285.62 0.123 0.987 0.172
2005  246.95  258.77 0.166 0.97 0.225
2006  296.62 294.54 0.129 0.971 0.184
2007  262.46  264.64 0.134 0.968 0.2
2008 287.42  279.08 0.119 0.987 0.158
2009  267.57  268.49 0.119 0.985 0.161
2010  261.55 261.40 0.097 0.991 0.132
2011 267.39 268.01 0.095 0.991 0.131
2012 270.04 270.41 0.096 0.991 0.131
2013 286.49 274.75 0.167 0.977 0.224
2014 283.09  279.32 0.141 0.978 0.208
2015  255.89  253.69 0.120 0.975 0.183
Year Actual CNN- CNN-SVR
SVR
(mm)  (mm) MAE NSE RMSE
(mmd™) (mmd™!)
2003  269.69  280.98 0.216 0.969 0.279
2004  285.28  284.66 0.145 0.982 0.199
2005  246.95 262.52 0.204 0.96 0.259
2006  296.62 304.42 0.161 0.958 0.22
2007  262.46  262.68 0.182 0.947 0.257
2008  287.42  275.30 0.162 0.975 0.229
2009  267.57  266.23 0.153 0.977 0.197
2010  261.55 239.81 0.123 0.986 0.167
2011 267.39  267.08 0.124 0.985 0.169
2012 270.04  269.79 0.125 0.985 0.169
2013  286.49 264.82 0.26 0.952 0.321
2014  283.09 277.21 0.193 0.967 0.256

2015  255.89  254.08 0.154 0.968 0.209

total actual wheat ET,. and estimated wheat ET, using CNN-XGB and CNN-SVR
is provided in Table [6.3]
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Table 6.4: Performance comparison of hybrid models for rice ET,

Model Training Data

NSE RMSE MAE MARE
(mmd=') (mmd™') (mmd™)

CNN_SVR 1 0.730 0.847 0.709 0.123
CNN.XGB 1 0.913 0.484 0.623 0.067
CNN_SVR 2 0.870 0.587 0.606 0.083
CNN_XGB 2 0.966 0.304 0.383 0.041
CNN_.SVR 3 0.920 0.460 0.314 0.062
CNN_XGB 3 0.967 0.297 0.318 0.041
CNN_SVR 4 0.939 0.404 0.277 0.051
CNN_XGB 4 0.983 0.216 0.159 0.030
CNN_SVR 5 0.829 0.675 0.499 0.092
CNN_XGB 5 0.883 0.559 0.480 0.078
Model Testing Data

NSE RMSE MAE MARE
(mmd=') (mmd™) (mmd™)

CNN_SVR 1 0.742 0.814 0.638 0.115
CNN_XGB 1 0.866 0.584 0.425 0.077
CNN_.SVR 2 0.895 0.519 0.407 0.073
CNN_XGB 2 0.933 0.413 0.314 0.057
CNN_.SVR 3 0.931 0.421 0.311 0.056
CNN_XGB 3 0.945 0.382 0.294 0.053
CNN_SVR 4 0.945 0.375 0.277 0.050
CNN_XGB 4 0.951 0.354 0.273 0.049
CNN_.SVR 5 0.845 0.632 0.472 0.085
CNN_XGB 5 0.897 0.514 0.398 0.072

6.3.2 Performance Assessment of Proposed Models for Es-
timation of E7T, of Rice

Sophisticated metrics and graphical visualization of data are used to examine the
ability of the proposed hybrid models to predict rice ET,. Table shows the com-
parison of CNN-XGB and CNN-SVR for all input scenarios for rice ET,. According
to Table [6.4] the results belong to the scenario 1 proved that the CNN-XGB model
by statistical criteria (NSE = 0.866, RMSE = 0.584, MAE = 0.425 and MARE
= 0.077) outperformed the CNN-SVR (NSE = 0.742, RMSE=0.814, MAE= 0.638
and MARE=0.115) for testing data. Figure depicts the comparison between
predicted and observed rice ET, values in all input scenarios. The superiority of
CNN-XGB is evident in Figure [6.5(a) based on distributed pattern around the per-
fect line (1:1 line) as the CNN-SVR model is far away from observed values. The

predicted ET, and actual observed values in the form of a line graph are presented
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Figure 6.5: Comparison of hybrid models for different input scenarios of rice crop
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in Figure for a better assessment of the effectiveness of proposed hybrid models.
The predicted values obtained by CNN-XGB are closer to the observed ET, of the
rice crop than CNN-SVR in scenario 1, as shown in Figure (a).

The robustness of proposed models for input scenario 2 shows that CNN-XGB
with NSE value (NSE = 0.933) and lower error values (RMSE = 0.413, MAE=0.314,
and MARE = 0.057) provides better prediction than CNN-SVR for testing data. On
the other hand, CNN-SVR has a higher error value (RMSE=0.519, MAE = 0.407,
and MARE = 0.073) and a lower NSE value (NSE = 0.895), which confirms that
CNN-SVR is not able to provide the reliable estimation of rice E7T, values for input
scenario 2. Figure[6.5](b) and Figure[6.6)(b) also proved that CNN-XGB outperforms
CNN-SVR. In input scenario 3, the statistical indicators shows that CNN-XGB
(NSE=0.967, RMSE=0.297, MAE=0.318, and MARE=0.041) shows better perfor-
mance as compared to CNN-SVR (NSE=0.920, RMSE=0.460, MAE=0.314, and
MARE=0.062) for training data. However, for testing data, CNN-XGB (NSE=0.945)
and CNN-SVR (0.931) exhibit similar results as shows in Figure (c) and
(c). The effectiveness of the proposed hybrid models is examined for input sce-
nario 4; the outcome of this scenario also concludes the superiority of the CNN-
XGB (NSE=0.983) model to CNN-SVR (NSE=0.939) using training data. How-
ever, for testing data, CNN-SVR (NSE=0.951) exhibits a similar performance as
CNN-XGB (NSE=0.945) in this situation. Figure[6.5](d) and [6.6] (d) also confirmed
similarity between predicted values of rice E'T, of CNN-XGB and CNN-SVR. Fi-
nally, in input scenario 5, CNN-XGB (NSE=0.883, RMSE=0.559, MAE=0.480, and
MARE=0.078) shows better performance as compared to CNN-SVR (NSE=0.829,
RMSE=0.675, MAE=0.499, and MARE=0.092) for training data as well as testing
data with NSE=0.897 (CNN-XGB) as compared to NSE=0.845 (CNN-SVR).

The performance comparison of proposed hybrid models to predict the ET, of
rice crop clearly shows the superiority of the CNN-XGB model compared to CNN-
SVR for all scenarios. The radar plot of statistical metrics values of all scenarios
is presented in Figure of rice crop using both hybrid models. The radar plot
demonstrates that for input scenarios 1,2, and 5, the CNN-SVR model can not pro-
vide reliable performance. However, for input scenarios 3 and 4, CNN-SVR is able
to provide reliable performance and show results somewhat similar to CNN-XGB
for testing data. The best result for rice ET, is obtained for input scenario 4 (T},
Tnazs Tmean, K¢) using both hybrid models with NSE = 0.95 for testing data. The
year-wise analysis of the total actual rice E'T, and estimated rice ET. using CNN-
XGB and CNN-SVR is provided in Table [6.5
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Figure 6.7: Comparison of averages annual ET. of a) wheat and b) rice crop

The rise in T}, is from 29.9°C to 33.03°C and 33.26°C respectively for RCP
4.5 and 8.5. Similarly, corresponding T},;, also shows increment in their values from
17.5°C to 18.79°C and 18.85°C' respectively. The average T, will increase by 11.5
% and 10.5 % for RCP 8.5 and 4.5 and correspondingly 7,,;, will increase by 7.37
% and 7.03 %.

6.3.3 Estimation of Rice and Wheat E7T, in 2023-2033

The projected climate variables under two emission scenarios (RCP 4.5 and RCP
8.5) for 2023-2033 show a rise in their values compared to average historic data from
2003-2015. The proposed hybrid models (CNN-XGB and CNN-SVR) are trained
and tested on historical data (2003-2015) and then applied to projected climate
data for 2023-2033 to predict future values of wheat and rice ET.. Table[6.6 and [6.7]
depict future ET, values for wheat and rice ET, of both emission scenarios using
CNN-SVR and CNN-XGB. It is evident from Figure that the average E'T, value
for rice crop is going to increase in the future by 20% to 22% than historical time
period (Table [6.5). The average across of two emission scenarios indicates that
ET, of the wheat crop would increase by 3% to 4% than the historical time period
(Table as predicted by the proposed models. Results demonstrate that the
proposed hybrid models effectively reproduce the present ET,. values with limited
meteorological data and can be utilized as a robust and trustworthy approach to

estimate future KT, values.

6.3.4 Discussion

The applied predictive models demonstrate the tremendous potential of hybridized
Al models in addressing the ET, modeling process using a limited dataset. The
integration of CNN with XGB and SVR is evaluated for the prediction of crop evap-
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Table 6.5: Comparison of total predicted rice ET, by hybrid models with actual ET,
values

Year Actual CNN- CNN-XGB
XGB
(mm) (mm) MAE NSE RMSE
(mmd™) (mmd™")
2003  566.3 D73.8 0.199 0.963 0.254
2004 706.5  687.9 0.284 0.929 0.406
2005 672.0 668.1 0.205 0.977 0.276
2006  566.8 567.2 0.211 0.961 0.305
2007  553.0 553.4 0.234 0.963 0.322
2008  545.0 549.8 0.202 0.954 0.285
2009 571.2  576.0 0.22 0.96 0.282
2010 577.3 o81.8 0.214 0.967 0.279
2011 569.0 D78.2 0.224 0.967 0.299
2012 552.5 562.9 0.206 0.958 0.264
2013 543.2 55H7.3 0.229 0.952 0.295
2015 624.2 623.3 0.182 0.975 0.256
Year Actual CNN- CNN-SVR
SVR
(mm) (mm) MAE NSE RMSE
(mmd™') (mmd=1)

2003  566.3 593.7 0.397 0.761 0.642
2004 706.5 655.3 0.7 0.722  0.802
2005  672.0 645.0 0.599 0.845 0.71
2006  566.8 270.8 0.334 0.916 0.449
2007 553.0  557.2 0.399 0.89  0.559
2008  545.0 556.7 0.347 0.821 0.566
2009 571.2 562.2 0.338 0.916 0.411
2010 577.3 566.0 0.369 0.915 0.45
2011 569.0 567.6 0.326 0.939 0.403
2012 5525 579.7 0.319 0.894 0.419
2013 543.2 958.0 0.306 0.924 0.37
2015 624.2 628.5 0.32 0.926 0.439

otranspiration of wheat and rice crop using limited meteorological parameters such
as Toazs Twmin, Tmean, and R, that are readily available and proved as prime data
inputs for the estimation of evapotranspiration in previous studies [236] [237]. The
outputs yielded by these two hybrid models are then compared using statistical met-
rics such as NSE, RMSE, MAE, and MARE and visual representation using scatter

plots, line plots, and radar charts.

It is worth noting that the performance of these models varies with different
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Table 6.6: Prediction of total wheat ET, of future data using RCP 4.5 and 8.5

CNN-SVR CNN-XGB

Year RCP 4.5 RCP 8.5 Average RCP 4.5 RCP 8.5 Average
ETc(mm) ETc (mm) ETc (mm) ETc(mm) ETc (mm) ETc (mm)

2023 278.3 265.2 271.8 278.1 273.5 275.8
2024 280.5 268.1 274.3 275.1 275.7 275.4
2025 2828 280.4 281.6 277.2 278.7 2779
2026 284.1 272.1 278.1 278.7 275.3 277.0
2027 290.2 2784 284.3 285.0 287.4 286.2
2028  283.2 280.7 281.9 2777 285.4 281.6
2029 281.7 272.3 277.0 278.9 282.8 280.9
2030 2979 288.4 293.2 295.4 289.1 292.2
2031  280.9 2771 279.0 287.7 289.3 288.5
2032 286.5 2777 282.1 283.3 287.6 285.4

Table 6.7: Prediction of total rice ET, of future data using RCP 4.5 and 8.5

CNN-SVR CNN-XGB

Year RCP 4.5 RCP 8.5 Average RCP 4.5 RCP 8.5 Average
ETc(mm) ETc (mm) ETc (mm) ETc(mm) ETc (mm) ETc (mm)

2023 7148 713.2 714.0 722.5 713.1 717.8
2024 7145 713.2 713.9 721.6 714.7 718.2
2025 714.2 712.9 713.5 720.6 714.6 717.6
2026 7114 713.6 712.5 714.7 712.7 713.7
2027 710.5 714.4 712.5 716.8 715.5 716.1
2028 T711.2 7154 713.3 717.8 715.4 716.6
2029 T711.0 713.2 712.1 715.0 714.1 714.5
2030  709.7 714.1 711.9 714.4 715.6 715.0
2031 704.0 722.1 713.0 710.5 723.7 717.1
2032 705.2 718.1 711.6 709.1 720.6 714.9
2033 705.8 7474 726.6 710.4 725.7 718.1

input scenarios of meteorological parameters. This clearly explains the complexity
of modeling the E'T, process as various climate factors affect it. However, proposed
hybrid models, especially CNN-XGB, provides superior performance in estimating
ET, of wheat and rice crop. The study is further extended to estimate wheat and
rice water requirement in the time period of 2023-2033 using two GCM models for
emission scenarios: RCP 4.5 and 8.5. The results reveal that the projected water
requirement for rice and wheat crop is expected to increase in the coming years due

to climate change.
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Temperature is one of the most critical factors affecting the evapotranspiration
process. The simulation of future data (2023-2033) reveals the increase in minimum
temperature by 7.03%, 7.37%, and maximum temperature by 10.5%, 11.5% for RCP
4.5 and RCP 8.5, respectively. Thus, as the temperature increases, evapotranspira-
tion also increases. It is because evaporation rises as there is more energy available
to transform the water from the liquid state to the vapor state, while transpiration
rises as plants open their stomata and emit more water vapor due to an increase in
temperature. This might cause an increase in the value of ET, for wheat and rice
crop in the near future (2023-2033).

Nikam et al. [238] first attempted to model crop evapotranspiration of wheat
crop using an artificial neural network approach and obtained R? = 0.776, RMSE
= 1.334, and MAE = 0.892. Saggi et al. [114] also attempted to estimate wheat
crop evapotranspiration using Fuzzy-Genetic (FG) and Random Forest (RRF) mod-
els and achieved R? = 0.94, RMSE = 0.352, and MAE = 0.218. However, in the
present study, the proposed hybrid models have provided better performance as
provided as shown in Figure and Table for wheat crop with R? = 0.976,
RMSE = 0.20, and MAE = 0.1407. Moreover, the results obtained in the study
are consistent with the study conducted by Yamacc et al. [115] in Southern Italy
for potato ET, prediction using four different input scenarios of meteorological data
and achieved R? = 0.81-0.97 by employing ML algorithms.

The results of present study is closer to Elbeltagi et al. [122] who estimated
monthly ET, values of the wheat crop for a study area in Egypt using a deep neural
network and achieved R? = 0.95-0.97 for training and 0.94 - 0.95 for testing data.
The present study is able to achieve R?= 0.98 - 0.99 for training and R? = 0.97-0.98
for testing data for wheat crop evapotranspiration. In addition, the results are in
agreement with Yammac [119], who applied AT algorithms to estimate sugar beet
ET, values in semi-arid regions for different combination of input data and achieved
R? from 0.96 to 0.97 for input combinaion T}z, Timin, and Rs. The proposed mod-
els provides adequate results as compared to Maselli et al. [239], who proposed
improved version of normalized difference vegetation index (NDVI) to model ET,
in Mediterranean regions and achieved R? = 0.81-0.93. These comparisons reveal
the usefulness of the proposed hybrid models and supports that ET,. can be suc-
cessfully estimated using only limited input data (Truaz, Timins Tmean, and Rg). The
comparison of the proposed approach with previous related studies is also presented
in Table [6.8
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Chapter 7

Conclusions and Scope for Future

Work

This chapter summarizes the dissertation by providing an overview of the con-
ducted research studies, the key findings, the conclusion reached, and the directions
for future work. The proposed research studies in this thesis aim to provide an
efficient approach to determine the precise water requirements of crops to achieve
water sustainability in agriculture. To achieve this aim, Deep Learning based ap-
proaches have been designed and developed to predict the reference evapotranspira-
tion (ETp) and crop evapotranspiration (ET.). Moreover, these proposed research
studies also take limited climate data into consideration to eliminate the limitation

of data scarcity.

7.1 Summary

In Chapter 3, the geographical conditions of the study locations are presented,
along with a description of the crop and meteorological datasets that were used in
the research. Ludhiana, Amritsar and Patiala stations of Punjab are selected to
conduct the study. The statistical and cross-correlation of the meteorological data
of these stations are discussed. Further, the crop characterstics of these stations are

also described.

In Chapter 4, the two deep learning-based hybrid models (CNN-LSTM and
Conv-LSTM) have been introduced to predict the daily ET, values of the Lud-
hiana and Amritsar stations of Punjab, India. The respective models are used to
investigate different input combinations of meteorological data to identify the mini-
mum required meteorological parameters. The proposed models are evaluated using
different model evaluation parameters. Further, the performance of these models
is compared with existing temperature and radiation-based empirical models, i.e.,
Hargreaves, Makkink, and Ritchie.
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In Chapter 5, the deep reinforcement-based ensemble approach, i.e., DeepEvap,
is introduced to predict daily ETj values of Ludhiana and Patiala stations. DeepE-
vap ensembles the predicting power of four hybrid baseline models, i.e., CNN-LSTM,
Conv-LSTM, CNN-SVR, and CNN-XGB, for the prediction of ET,. Moreover, the
proposed DeepEvap ensemble model also incorporates time-varying input charac-
teristics to remove the static nature of existing ensemble techniques by dynamically
selecting baseline models for each specific input to predict E7Ty. The performance
of DeepEvap is evaluated against existing ensemble approaches (e.g., stacked and
weighted) and baseline models using different evaluation parameters. Further, an
attempt is made in the direction to extend the findings of the previous study by
considering only required minimum meteorological parameters, i.e., Thuin, Tmaz, and
R, to predict ET, values.

In Chapter 6, the hybrid models of CNN with two powerful machine learning
models (CNN-XGB and CNN-SVR) are proposed for the prediction of daily crop
evapotranspiration of wheat and rice crops. Four different input scenarios of me-
teorological parameters (Trnin, Tmazs Tmean, and Rg) and k. are examined for ob-
taining satisfactory performance. Further, future climate data (2023-2033), using
two emission scenarios, is considered to project the changes in wheat and rice water

requirement.

7.2 Conclusions

The main conclusions of the conducted study are drawn from the investigations:

e The foremost strength of the conducted study is the reliability of both the
hybrid deep learning algorithms: Conv-LSTM and CNN-LSTM, in modeling

the KTy process under data-scarce situations.

e T iny Thmae, and R, are identified as the minimum required meteorological
parameters used to predict reliable prediction of ETy (NSE=0.9415-0.9483,
MAE=0.0383-0.0345, and RMSE=0.053-0.0500) in semi-arid region.

e The combination of T),;,, T, and R, with other available meteorological
parameters could provide comparable performance to gold standard FAO-PM

model.

e The input combination of T,;,, Tihez, s, WSP, and RH could be considered
as best input combination for both the stations with R2=0.989-0.991.

e The proposed models (CNN-LSTM and Conv-LSTM) show better performance

than empirical models (e.g., Hargreaves, Makkink, and Ritchie) using limited
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meteorological data.

Although both the proposed hybrid models provide satisfactory results, the
Conv-LSTM model provides more accurate results in almost every possible

input combination considered in the study.

The proposed DRL-based ensemble approach is effective in integrating four
baseline hybrid deep learning models (CNN-LSTM, Conv-LSTM, CNN-XGB,
and CNN-SVR) and enhances the prediction of ET, by minimizing the mean

square error.

The present research study deals with the issue of the lack of the majority of
meteorological parameters essential to estimate ET, values in underdeveloped
regions. The DeepEvap use T,in, Tz, and R, to predict daily ET, and
achieves decent success with R? ~ 0.96 and MSE ~ 0.0018 for both stations.

Although the proposed DRL ensemble approach provides closer performance
to other existing ensemble approaches, the major aspect of the proposed en-
semble approach is to implement an intelligent and a coherent system that
surmounts the state-of-art deep learning models. Also, they should be able
to work in an unknown dynamic environment (such as climate change) and
provide reasonable accuracy using limited climate data. Thus, unlike other ap-
proaches that use only historical data to predict outcomes, the DRL approach
can become more intelligent via iterations and work in an unknown dynamic

environment of future climate data.

CNN-XGB and CNN-SVR yield excellent results for estimating E7, employing
a limited meteorological dataset, with NSE = 0.95 for rice and NSE = 0.97-0.98

for the wheat crop.

The input scenario 4 (Thuin, Tmazs Tmean, and Ry) yield better performance

than other input scenarios.

Both CNN-SVR and CNN-XGB models are capable of providing a reliable
prediction of E'T, using limited meteorological data. However, the CNN-XGB

model yielded slightly better results for both crops in all input scenarios.

According to proposed hybrid models, the wheat ET, will rise by 3-4% and
rice ET, by 20-22% for future data (2023-2033).

This applied technique can aid in the development of intelligent systems that
can calculate the water requirements of specific crops, which is incredibly useful
for agronomists and water resource managers in establishing sustainable water

policies.
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7.3 Contributions

The main research contributions of this thesis are as follows:

The research study focuses on developing a model that can handle data-scarce
situations by utilizing fewer climate variables and predicting ET, values with
reasonable accuracy. To achieve this, Convolution neural network-Long short
term memory (CNN-LSTM), Convolution-Long Short Term Memory (Conv-
LSTM) are proposed in this study.

Trnae s Toin , and Ry are proved to be prime data inputs in the proposed study
for E'T, modeling.

An attempt is also made to incorporate time-varying characteristics of inputs
by dynamically selecting models and to remove the static nature of ensemble
techniques. In the proposed DeepEvap approach, the Deep Q Network (DQN)
agent of DRL is trained to dynamically select the baseline model to predict
the E'T, value for each specific input.

Two hybrid models, CNN-XGB and CNN-SVR are proposed to predict daily
crop evapotranspiration of wheat and rice crops. This study also deals with

the limited availability of climate data to model the E'T, process.

The study also investigates the climate change impact on the crop water re-
quirement of wheat and rice crops using Representative Concentration Path-

way (RCP) 4.5 and 8.5 emission scenarios of Ludhiana station of Punjab.

7.4 Scope for Future Work

The journey of research never ends. This dissertation introduced the notion that

deep learning based approaches can be applied successfully to determine the crop

water requirement. The primary objectives have been achieved successfully, and the

following are future directions for further study.

e Geographical information systems (GIS) and remote sensing technologies have
been widely employed in modeling hydrological processes. Remote sensing
technology has provided non-invasive, time and cost-effective approaches for
detecting the plant water status, soil moisture, and meteorological parameters
for ET prediction over a wider variety of temporal scales than any manual
method. Further research should be directed toward the integration of remote
sensing-based data and Al to better interpret remote sensing data for irrigation

scheduling.
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e The biggest challenge for modeling E'T, using Al is to develop a procedure/model
that can be applied to all climate regions. Most of the research in this field has
focused only on a single climate region to model E'T,,, which makes it unaccept-
able for different climate regions. There is great demand for the development

of a generalized AI model for the ET, process using less meteorological data.

e Climate change is considered as a major concern since historical trends may
no longer be valid in the future. Therefore, future research studies should
focus on developing Al-based E'T, models that consider climate change for the
realistic E'T, projection. Data and sampling for training and testing should be
done with care to ensure data uniformity and minimum climate change influ-
ence. Furthermore, models should be kept as up-to-date as feasible. Dynamic
modeling, such as reinforcement learning, may be used to meet this demand by
updating the training data and providing results on real-time data. Therefore,
more studies are required using the dynamic modeling concept to predict the

behavior of water requirements in the future.
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