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ABSTRACT

In India, irrigation is the largest consumer of fresh water and is drawing about

90% of groundwater. The requirement of irrigation system is much needed for the

region such as Central Punjab, which occupies nearly 97.95% of the gross irrigated

area for agricultural production. The water consumption is very high in commonly

cultivated crops in Punjab that are Wheat, Maize, and Rice. This requires modern

technologies in water management to meet the agricultural challenges. Hence, this

system referred as Irrigation Water Management (IWM), is poised to be a key driver

of smart farming to meet crop water requirement with a sufficient economic return

without any damage to land and soil.

The major challenge in agriculture sustainability and dawdling is to utilize every

drop of fresh water effectively and efficiently. The studies on water shortage suggest

the development of innovative irrigation methods such as controlled deficit irrigation,

partial root drying, and continuous deficit irrigation. In this context, the controlled

irrigation, climate, soil fertility, crop quality, and time management are essential

to the Decision Support System (DSS) to maximize the crop yield with minimum

consumption of water.

Advanced Analytics and DSS can help farm managers in taking decision to solve

complex irrigation problem. The Reference Evapotranspiration (ETo) is one of the

most valuable parameters for hydrological, climatologist investigation, and water

resources management. An exact estimate of ETo is necessary to analyze the water

demand of irrigated agriculture, crop-water balance and improve the water quality.

However, ETo estimation is very difficult to achieve due to its dependency on many

input parameters. Therefore, the primary objective of the research is to establish

regression models for the estimation of ETo with limited climate parameters. The

estimation of daily ETo can help in real-time prediction of crop evapotranspiration

and crop irrigation demand.

The framework of ensemble-based modeling has been designed in this work using

Machine Learning (ML) and Deep Learning (DL) models for estimating the Refer-

ence Evapotranspiration ETo, Crop Evapotranspiration ETc, and thus meet crop

water requirement in Irrigation Scheduling (IS). The work is carried out with the

following objectives:

� Estimation of Reference Evapotranspiration (ETo) using H2O framework based

on Deep Learning-Multilayer Perceptron’s (DL), Generalized Linear Model



(GLM), Random Forest(RF), and Gradient-Boosting Machine (GBM) for clas-

sification and regression purposes.

� Estimation of single Crop Coefficient (Kc) and Crop Evapotranspiration (ETc)

using a novel multilevel ensemble model based on Fuzzy-Genetic (FG) and

Regularization Random Forest (RRF) models for Wheat and Maize crops.

� Investigations on DSS based crop water requirement, Net Irrigation, Gross

Irrigation, and Pumping Time in Irrigation Scheduling using Particle-Swarm

optimization with Deep Neural Network (PSO-DNN), and Deep Learning mod-

els.

The H2Omodel framework is investigated to determine the daily Reference Evap-

otranspiration (ETo) for the Hoshiarpur and Patiala districts of Punjab. Daily Mete-

orological dataset is collected from Indian Meteorological Department (IMD), Pune

having combination of six input variables i.e. Tmin, Tmax, RH , u2, Is and Rs. The

appropriate missing values have been filled using MissForest algorithms. Four super-

vised learning algorithms have been investigated to forecast ETo. These are Deep

Learning-Multi-Layer Perceptron (DL), Generalized Linear Model (GLM), Ran-

dom Forest (RF), and Gradient-Boosting Machine (GBM). The FAO-56 Penman-

Monteith method is used to calculate the Rs and ETo. A three-layer Deep Learning

model with Rectified Linear Unit (ReLU) function and Stochastic Gradient Descent

(SGD) via Backpropagation have been developed to obtain the minimum prediction

error. The multinomial classification as cross-entropy function has been applied for

calculating the loss function. The effectiveness of the developed model is tested

using performance metrics to obtain the accurate estimation of ETo using classifica-

tion and regression purposes. A three-layer multi- model ensemble machine learning

approach has been investigated to predict ETo for regression. The three supervised

machine learning models: Extreme Machine Learning (ELM1, ELM2, ELM3, ELM4),

Multi-Layer Perceptron’s Neural Network (MLP1, MLP2, MLP3, MLP4), Support

Vector Machine (SVM1, SVM2, SVM3, and, SVM4) models have been applied to

investigate the abilities and applicability of the ensemble-based model.

The investigations on estimation of Crop Coefficient (Kc), and Crop Evapotran-

spiration (ETc) are carried out using ensemble-based modeling. Two algorithms

namely Fuzzy-Genetic (FG), and Regularized Random Forest (RRF) are applied

to develop the FG-RRF based (ETc) framework for three crops, namely (Maize,

Wheat1, and Wheat2). Fuzzy-Genetic model is applied to simulate the Kc and ETc

values using a training dataset. The Kc and ETc prediction probabilities are com-

bined in dataset. Then, the ensembling dataset is used to train the RRF model for

predicting the ETc values of each sample of the crop. After getting the best accuracy
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from a training model, the testing dataset is applied to validate the accuracy of the

model. The proposed model is evaluated based on performance metrics to check the

accuracy of results. The effectiveness of the developed model (FG-RRF based ETc)

is tested and compared with the SVM model including (Sigma and C) parameters.

The ensemble-based model is proposed to estimate the DSS-IS using Particle

Swarm Optimization with Deep Neural Neural (PSO-DNN), and Deep Learning

(DL). The fuzzy forest algorithm is applied for the selection of the best ten input

features. The algorithm is based on random forest and designed to reduce and rank

the important number of features in regression. These features are chosen based

on a feature recursive exclusion function. Using these models, a DSS is developed

with improved accuracy by reducing the number of features. The effectiveness of

the developed model DSS-IS using PSO-DNN and DL is tested and compared with

three samples of irrigation parameters. A decision support system can help the user

not only in estimating the ETo but also in selecting the best ( ETo) and ( ETc) (and

intermediate parameters). The enhancement of water efficiency requires controlling

the high demand for irrigated agriculture, which improves the capabilities to simulate

the water cycle and its components accurately. The ensemble learning can enhance

the effectiveness of classifiers by blending their decisions individually. A combination

of Daily average temperature and solar radiation is the optimal combination for the

ETo and ETc estimation. Ensemble models showed great applicability in modeling

ETo, and can be highly recommended for estimating (ETc) in Punjab as well as

other stations.
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Chapter 1

Introduction

“WATER- Every drop is precious, save it”. Water is the main limiting factor

of agricultural development in semi-arid and arid climates. “Arthur Keith said that

the discovery of agriculture is the first major step for civilized life”. For the last

seven decades, Indian agriculture has played a major part in the country’s economic

development.

Figure 1.1: Smart agriculture management

However, the agriculture sector of India has been transformed from traditional to

modern practices by the deployment of Information and Communication Technolo-

gies (ICTs) which provide various services (such as- Smart water management, Soil

management, Plant diseases, Precision Farming, and Crop management as depicted

in Fig. 1.1). The demand of water for the India’s agriculture and industry sectors

is constantly increasing to fulfill the requirements of 1.366 billion people. Central

Punjab has occupied a high percentage of the area for agricultural production which

requires proper irrigation system.
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CHAPTER 1. INTRODUCTION

Punjab has 97.95% of irrigation area [1]. Therefore, achievement of the Green

Revolution is endangered by a significant decline in water resources. Consequently,

water conservation and precision agriculture are becoming vital issues in tropical

climate areas. Wheat, maize and rice are the most commonly cultivated crops that

have high water consumption in Punjab. The major challenge in agriculture sustain-

ability and dawdling is due to climate change; therefore, every drop of freshwater

needs to be utilized effectively and efficiently. Kumar et al. [2] investigated the

changes in the frequency, area, and population exposure affected by both dry and

wet extremes in India under the warming climate.

To overcome these challenges, the multivariate, complex, and unpredictable agri-

cultural ecosystems must be well understood by continuously analyzing, measuring,

and monitoring several physical aspects and phenomena [3]. Advanced Analytic

and DSS can help to solve the complex problems of farm managers to take decision

regarding irrigation.

1.1 Overview

“Irrigation is defined as the process of artificially supplying water to the soil

for the growth of crop” [4]. Therefore, it is becoming a very important managerial

activity to achieve effective and efficient utilization of water. The primary objective

of good irrigation scheduling is to apply the right amount of water at right time.

There is need to predict the water requirement for the crops development.

Crop Growth Monitoring Soil Monitoring

Climate Monitoring

Water Quality

Field Monitoring

Figure 1.2: Smart irrigation scheduling
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Irrigation scheduling identifies the crop-water balance, control sensor technolo-

gies, and improve the water quality by estimation of evapotranspiration (ETo) [5].

Fig. 1.2, presents the approaches for Smart Irrigation Scheduling such as Crop

growth monitoring, Soil monitoring, Climate monitoring, water quality, and Field

monitoring using drones.

The ultimate sustainable irrigation potential of India has been estimated in 1991

United Nations’ Food and Agriculture Organization (FAO) report to be 139.5 million

hectares, comprising 58.5 mha from major and medium river-fed irrigation canal

schemes, 15 mha from minor irrigation canal schemes, and 66 mha from groundwater

well fed irrigation [6]. It is estimated that even after achieving the full irrigation

potential, nearly 50 percent of the total cultivated area will remain rain-fed.

The expected problem in irrigation scheduling is “when and how much to irri-

gate?”. Currently, irrigation decision-making systems applied to the field of agri-

culture mostly aim at a given area and for specific crops [7] But it is difficult to be

applied to different areas and crops. Under the growing environment, the amount

of irrigation is defined as the quantity of water required to meet the crop water loss

due to evapotranspiration.

It can be obtained via prediction using indirect channels or field measurement

techniques. However, the amount of water and timing of irrigation have major

impact on quality of crop and its yield. Several methods are applied for the irrigation

scheduling such as pan evaporation, soil moisture, leaf water potential, and crop

growth-stages. The demand of water can be fulfilled by complete or partial irrigation

in all methods.

1.2 Reference Evapotranspiration (ETo)

“Evapotranspiration is the sum of evaporation from the soil surface, and transpi-

ration from plant surfaces to the atmosphere ” [8].

Irrigation scheduling is applied to meet the needs of daily crop evapotranspiration

and its accurate estimation. Evapotranspiration of crops differs significantly over

the growing season mainly due to alterations in climatic conditions and crop cover.

It also varies among the crops. Therefore, estimation of water required for a crop

is a crucial parameter in the planning, and development of irrigation management

systems. Fig. 1.3 presented the concept of ETo.

The reference evapotranspiration is approximated from meteorological data with

the following parameters (relative humidity, air temperature, wind duration/wind

speed, sunshine hours and solar radiation) by using the Penman-Monteith equation

[8].
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Figure 1.3: Evapotranspiration ETo process

Factors Affecting ETo

Climate and weather play significant role in determining long-term and day-to-

day activities in the agriculture. The demand of crop-water is determined largely

by weather variables. Rainfall is the foremost weather variable that affects the

water resources for irrigation planning. The main climatic factors for agriculture are

rainfall, maximum/minimum temperature, solar radiation, humidity, photo-period

or sunshine hour, wind speed, and night temperature [9] as depicted in Fig. 1.4.

Weather elements control the crop water demand and crop evapotranspiration

which depends upon the different weather elements such as humidity, temperature,

sunshine hours, solar radiation, wind speed, etc. It is also affected by rainfall. The

weather elements affecting ETo is presented by Table 1.1:

FAO ETo Estimation Models

There are various mathematical models used to calculate the reference evapo-

transpiration (ETo). The procedures for calculating the ETo is introduced by the

Food and Agriculture Organization of the United Nations (FAO) and it is presented

in Table 1.2.

So, the FAO-56 Penman Monteith method is the most dominant as compared to

others methods [8] [10] [11]. Moreover, it requires several climatic data factors to

estimate ETo Maroufpoor et al. [12].

The FAO-56 Penman Monteith method [8] has been broadly used to analyze

ETo from meteorological factors and it is suggested as the standard technique by

the FAO Ladlani et al. [13] and calculated by Eq. (1.1).

ET0 =
0.408 ·∆ · (Rn −G) + γ · 900

Tmean+273 · u2 · (es − ea)

∆ + γ(1 + 0.34u2)
(1.1)
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where, ETo is the reference evapotranspiration (mm/day−1); ∆= slope of satu-

ration vapor pressure function (kPa ◦C−1); Rn= net radiation (MJ m−2day−1); γ =

psychometric constant (kPa ◦C−1); G = soil heat flux density (MJ m−2day−1); u2

= average 24-h wind speed at 2 m height (ms−1);Tmean = mean air temperature

(◦C); ea = actual vapour pressure (kPa); es = saturation vapour pressure (kPa);

and (es − ea) = vapour pressure deficit (kPa).

Table 1.1: Weather affecting parameters

Parameters Models References

Solar Richardson Model Richardson [14]
Radiation Rg/Ra = a(Tmax − Tmin)

b

Angstrom Model Angstrom [15]
Rg = Ra(a+ b)(n/N)
Regression Model Ali et al. [16]
Rg = a0 + a1x1 + a2x2 + ...+ anxn

Air Tmean =
Tmax + Tmin

2
Allen et al. [17]

Temperature

Air Relative Humidity ALi [4]
Humidity Instruments for measurements

Psychrometer, Hair hygrometer
Dew-point hygrometer

Wind v̄
v =

z

z1

k
, v̄

v1
=

ln(z/z0 + 1)

ln(z1/z0 + 1)
Linsley [18]

Sutton [19]

Sunshine
hour

N = (2/15)cos−1(−tanδtanϕ) Duffie and
Beckman [20]

Rainfall Arithmetic average, Theissen weight, Iso-
hyetal weight

Ali [4]

P = (P1+P2+ ...+Pn)/n P = (PA.WA)+

(PB.WB) + (PC .WC) + .. P =

∑
PiAi∑
Ai

Effective rainfall=Total rainfall-Surface
runoff

To conclude, FAO-56 Penman Monteith method can estimate ETo most accu-

rately, if attributes (vapor pressure deficiency, wind speed, minimum and maximum

air temperatures, and solar radiation) are being made available from meteorological

weather stations [21].

Thus, in case of insufficient data or nonavailability of data other models could

be required for estimating ETo. So, this creates the requirement of exploring more

flexible models or developing new models to calculate ETo using fewer weather

properties and a reasonable precision.
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Figure 1.4: Factors affecting evapotranspiration

Table 1.2: ETo estimation empirical methods

Method Formula Ref.

A standard scientific empirical model

FAO Penman
Monteith

ETo =
0.0864

λ
.
△(RN −G) + cpρaDPV/ra

△+ γ(1 + rc/ra)
[17]

Temperature based estimation models

FAO Blaney-
Criddle method

ETo = [ρ(0.46T + 8)] [22]

Rational use of
the FAO Blaney-
Criddle method

ETo = [bρ(0.46T + 8.13)(1 + 0.0001E)] [23]

Hargreaves and
Samani method

ETo = (0.00023Ra)(Tmean + 17.8)TD0.5 [24]

Hargreaves and
Samani method
1

ETo = (0.0030 ∗ 0.408Ra)(Tmean +
20)TD0.4

[25]

Thornthwaite ET(o) = 16
Tmean

i

i

[26]

Pan evaporation
method

ETo = KpEpan [27]

Radiation based estimation models

FAO radiation
method

ETo = a+ b[
△

△+ gamma
∗Rs] [28]

Priestley-Taylor ETo = 1.26
△
△+ γ

∗ Rn −G

λ
] [29]

Jesen-Haise ETo = 0.408∗CTmean ∗(T−Tk)∗KTmean ∗
Ra ∗ TD0.5

[30]
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1.3 Crop Evapotranspiration (ETc)

“The crop evapotranspiration denoted as ETc, is the water requirement of crop.”

Crop Evapotranspiration is the most significant factor to understand the requirement

of crop water, the utilization of water resources for irrigation scheduling, and the

monitoring of crop yield production. The crop evapotranspiration can be computed

in two steps, where in first step a reference evapotranspiration ETo is determined

and then, in second step, the crop evapotranspiration ETc is estimated. Various

climate conditions and crop-growth models are developed to predict the accurate

crop requirement, and crop production [31]. There are three factors that affect the

estimation of ETc: The Climate, Growth of crop, and Type of crop [32]:

Climate based ETc

It is determined by climatic factors including Solar Radiation, Temperature,

Wind, and Humidity as well as environmental factors. The evaporation account for

approximately 10% of the overall evapotranspiration and the transpiration of crops

constitutes the remaining 90% [33]. Hence, there is a need to estimate ETc in area’s

of hot, dry, windy, and sunny seasons. Value of ETc is lowest during the season

of cold, humid and cloudy season without wind. Climate impact on crop water

requirements is determined by reference crop evapotranspiration ETo and generally

expressed per unit of time in millimeters i.e. mm/day, mm/month, or mm/season.

Crop Type and Crop Growth Stages

This section presents the influence of the type of crop and stages of growth in

crop water requirement. The daily and seasonal crop water needs are influenced by

the type of crop and that affects the accuracy of ETc estimation. For example, rice

crop requires more water than maize crop [32].

The crop evapotranspiration ETc is calculated by multiplying a crop coefficient

(Kc) with the reference evapotranspiration ETo.

The (Kc) value is sensitive and depends on several aspects such as type of crop,

weather variables, canopy cover density, stage of growth, soil-moisture and agricul-

tural operations.

However, Kc method has the capability to determine the actual crop evapotran-

spiration ETc precisely. The two-step crop coefficient Kc reference evapotranspira-

tion has been a successful method to predict the evapotranspiration ETo and crop

water requirements. The total growing period is divided into four stages of growth

shown in Fig. 1.5 [34] [35]. According to the FAO methodology, the four growing

stages of a crop are the initial, development, mid-season and end-season stages Allen

et al. [8].
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� The initial stage: The period ranges from transplanting or sowing till crop

covers the 10% of ground.

� The crop development stage: The period begins at the completion of the initial

stage and remains until the full ground has been covered (ground cover 70-

80%).

� The mid-season stage: The period begins at the completion of the crop de-

velopment stage and remains till maturity; it consists of grain-setting and

flowering time.

� The late-season stage: The period starts at the completion of mid-season stage

and remains until the last day of the harvest; it consists ripening of the crop.

Figure 1.5: Various crop-growth development stages

The idea of crop coefficient Kc is proposed by Jensen [36] and has been improved

by many researchers like Doorenbos [37]; Burman et al. [38]. The crop coefficient

method can be expressed as follows in Eq. (1.2):

ETc = Kc × ETo (1.2)

where ETc represents the requirement of crop water (mm d−1), ETo the reference

crop water requirement (mm d−1), and Kc the crop coefficient. Besides, Kingra

et al. [39] computed crop water requirement for Wheat and transplanted Rice at

Ludhiana, reported that the Wheat crop used about 315 mm water whereas the

Rice crop used about 780 mm water during its growing season.

The Kc values of Wheat1 crop as 0.4, 1.15 & 0.4 and Wheat2 as 0.5, 1.36, 1.42,

and 0.42 are considered in the initial, mid and last stage of growth respectively. The

length of time in (days) for four stages of Wheat1 as 29, 55, 14 & 32 days while for

Wheat2 as 24, 46, 35, 42 days are considered.
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The Kc values of 0.7, 0.85, 1.15 & 1.05 for Maize crop are considered at different

stages. The length of time (days) for four stages of Maize are 35, 18, 17, and 15

days used.

1.4 Irrigation Scheduling

Howell explored the irrigation schedule for effective and efficient use of water [40].

This efficiency can be enhanced by using advanced methods of irrigation. For the

accurate estimation of crop-water requirement, we deduct the amount of effective

rainfall from the total amount required for a crop. It is calculated in mm/month or

mm/day. The main goal of good irrigation scheduling is to apply the correct amount

of water at the right time, and make sure that water becomes available when the

crop requires it.

According to predetermined schedules, the irrigation water is supplied to the

cultivation by keeping in mind the status of the soil and the need of crop [41].

Judicious and accurate usage of water for crop production needs a knowledge of

the quality of water, soil, weather, crop, and drainage situation. The soil type and

climate condition plays a vital role for determining correct amount of water to be

supplied to any specific crop.

Figure 1.6: Types of irrigation scheduling

Irrigation scheduling is a very time consuming and complex process [32]. How-

ever, the advent of advanced technology has made it simpler and the water supply

can be scheduled precisely to meet the water requirements of crop. Application is

required to fix date and time of irrigation for a specific crop and to fix the quantity
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of water required for irrigation. Otherwise, excess water would reduce the efficiency

of its usage and hinder the development and growth of crop.

Methods of Irrigation Scheduling

Different methods of irrigation can be applied which have their own benefits

and limitations. Earlier, watering is being done by the use of bucket. But it is

very time-consuming and difficult method. More advanced water application are

available such as i.e. sprinkler, or drip irrigation, depending upon following aspects:

� Natural conditions

� Type of crop

� Type of technology

� Previous experience with irrigation

� Required labor inputs

� Costs and benefits

Sprinkler Irrigation

Bord
er I

rri
gatio

n Drip Irrigation

Figure 1.7: Irrigation methods

Surface irrigation or irrigation methods may be categorized based on mode of

water application as depicted in Fig. 1.6. [42]: and Fig. 1.7 shown the different

types of irrigation methods.

Border irrigation: Border irrigation is a traditional method of surface irri-

gation. Surface irrigation is where the water is applied to the surface of field by

gravity flow. The water is applied into small channels (furrows) or complete sur-

face is flooded with water (basin irrigation) or strips of land (borders). Borders are

uniformly long, graded strips of land and, separate by earth bunds. They are also

10



1.4. IRRIGATION SCHEDULING

known as border strips. There are several ways to fed the irrigation water to the

border such as by using small gates, launching the channel bank, and using spiles or

siphons. A sheet of water is guided by the earth bunds and flows down the slope of

the border. It is mostly suited to cover long uninterrupted field lengths to facilitates

machine operations in the huge mechanized farms.

Sprinkler Irrigation: It is equivalent to natural rainfall, where water is pumped

using a pipe system and then rotating sprinkler heads used to spray onto the crops.

Further, the spray is applied into the air via sprinklers to breaks it into small drops

of water that fall on the grounds uniformly.

Drip Irrigation: It involves application of dripping water to the soil from a

small diameter plastic pipe systems attached with outlets called emitters or drippers

at very low rates (2-20 liters/hour). It is also called as trickle irrigation. Water is

applied very close to plants so that only part of the soil in which the roots grow is

wetted, unlike sprinkler and surface irrigation [32]. It is well suited for trees, vine

crops and row crops (vegetables, soft fruit).

Figure 1.8: The need for irrigation scheduling

Need of Irrigation Scheduling

Hydrological, Climatologist, and Agronomical processes are required for the devel-

opment of irrigation system. These studies are mainly developed to estimate daily,

weekly, or monthly evapotranspiration. The precise approximation of evapotranspi-

ration is an important process that plays a key role in crop planning, deployment

and production of irrigation systems.

In recent years, several approaches have been developed to overcome the prob-

lems and obstacles that occur with smart farming, such as species recognition, yield

prediction, disease detection, drought, crop productivity problems and irrigation

management as depicted in Fig.1.8.
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So, there is a great need to explore research to enhance the scalability of irrigation

scheduling based on advanced data analytic and machine learning. Some research

has been done in the decision support system to improve the right decision on

agricultural data.

Sustainable irrigation scheduling, enhances the crop yield, monitor the quality

of water, protect soil quality, limit use of water, increase irrigation frequency, and

minimizes water logging problems.

1.5 Decision Support System

Decision support system (DSS) was introduced in 1970’s to assist users in complex

decision-making processes and for making efficient use of irrigation water at the farm

level [43].

Figure 1.9: Process of DSS for crop water irrigation scheduling

The decision support system is an integrated approach to solve complex prob-

lems, combining the computer calculation and data storage capacities with hu-

man language and perception, support of mathematical model statistics, providing

decision-maker. It is known as a primary tool in management for better decision

making and environmental resources. Fig 1.9 presented the process of DSS for crop

water irrigation scheduling and Fig. 1.10 shows the DSS for agriculture application.

Guariso et al. [44] introduced the concept of DSS. Various researchers surveyed

the advanced use of the DSS management for utilizing water resources. DSS system

decides about the requirement of water on the basis of knowledge of condition of

soil, climate and type of crop.

12
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Figure 1.10: DSS for agriculture application

Statistics

“Statistic is the scientific method that works upon collected data to do analy-

sis and representing the facts for making decisions in every domain.”. Statistical

learning is known as applied statistics, and is a powerful mathematical tool that is

similar to predictive modeling in machine learning. Statistics can be used to prepare,

summarize, visualize data for hypothesis testing.

It is very useful for us to explore the description and understand the variability.

Bayesian method is used to estimate the hydrologic properties and irrigation needs

for an under-constrained mass balance model. They presented an approach Markov

chain Monte Carlo algorithm to solve for spreading of values for each unknown

parameter in a conceptual mass balance model [45].

Machine Learning

“Machine learning (ML) is described as the scientific method which allows the

machines to learn without being strictly programmed” [46]. From the last decade,

machine learning and data analytics is becoming a wide research area in the domain

of agriculture.

Machine learning models have demonstrated excellent results for crop-based

modeling in recent days. There is a variety of machine learning models based on

prediction for reference crop evapotranspiration. Various researchers applied the

machine-learning and data analytics modeling to predict the crop evapotranspira-

tion. Yamaç and Todorovic presented the satisfactory results of machine learning

modeling using climate data [47]. A comparative analysis has been performed by

Shiri, Nazemi, et al. [48] to estimate the ETo using various intelligent models, namely

ANN, ANFIS, Support Vector Machine (SVM), and GEP.

13
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In the domain of agriculture, Big Data Analytics Technology have offered newly

predictive models for ETo estimation, e.g. Generalized Neuro-fuzzy models (Kisi

et al. [49]), Artificial Neural Network (ANN), (Kumar et al. [50]), Adaptive Neuro-

fuzzy Inference System (Tabari et al. [51]), Multi-layer Perceptrons Neural Network

(MLPNN), (Zaji and Bonakdari [52]), Extreme Learning Machine (ELM) (Abdullah

et al. [53]), Multivariate Adaptive Regression Splines (MARS) and Least Square

Support Vector Regression (LSSVM) (Kisi [54]), GRNN (2016), ELM, WNN and

GANN by Feng et al. [55]. Moreover, the Auto-ML technique is found to show

excellent results while applying a border and sprinkler irrigation methods.

Deep Learning

“Deep learning (DL), sub-field of Artificial Intelligence (AI), is the most fostering

domain considered for research and industry”. In order to deal with the complex

input-output data mapping, DL is significantly correlated with ML approach. DL

technique handles the large amount of data applying on Artificial Neural Network

(ANN).

Deep feed-forward neural networks are based on Multi-Layer Perceptrons (MLPs)

published by Alexey Ivakhnenko and Lapa [56]. It can be used to model the compli-

cated relationship between input and output due to its high hierarchical structure

model training, construction and feature learning [57].

DL is applied in the hydrological and agricultural domain to overcome the diffi-

culty of software such as data availability, cost factor, and its complexity for e.g. in

application of modeling the crop evapotranspiration [40]. Brahma et al. [58] fore-

casted the solar-irradiance from NASA’s POWER project based on DL model in

two location of India. Rumar detection system using Deep learning (convolutional

neural network) is proposed by [59].

ML and DL models are equivalent in artificial intelligence method to address the

complex input-output relationships. [57]. However, DL has a benefit over traditional

ML, due to its high hierarchical structure model.

Big Data Analytics

“Big Data Analytics (BDA) is a process of analyzing the big data to provide past,

present and future statistics”. The developments in Big Data Analytics provide a

new paradigm and solutions for big data sources, storage, and advanced analytics.

The BDA helps in acquiring a deep understanding and useful insights of various

sectors such as: Smart Agriculture.

Big Data is a fascinating new field which include advanced analytics, data science,

statistics, and machine learning. Big data analytics have tremendous development

benefits in the agriculture economy. Advanced big data analytics have improved
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Figure 1.11: Schematic diagram of research work

the tools and technologies that changed the way of real-time applications to make

better decision provide high-performing platform for efficient analysis, capturing,

storing and managing large scale of big data. In addition, agriculture practices are

becoming increasingly data-derived and data-enabled with the recent development

of 5G in Internet of Things, Machine Learning Analytics, Big data and Artificial

Intelligence approaches [60].

The goal of the research is to develop irrigation management protocols that

will lead to improved decision system (allocation, application, and optimization).

This study is expected to provide a decision tool that will assist irrigators and wa-

ter managers in determining the reference evapotranspiration (ETo), Crop Water

Requirement (CWR), Irrigation Water Requirement (IWR), and irrigation schedul-

ing for more effective water allocation and its application. Fig. 1.11 presents the

schematic diagram and structure of research work.
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1.6 Objectives

Based on extensive Literature Survey, following objectives were outlined:-

� To analyze existing empirical models for estimating evapotranspiration ETo,

and ETc for irrigation scheduling.

� To develop a crop water model for estimating changes in evapotranspiration

for varying meteorological data of different locations.

� To develop an on-farm smart irrigation decision support system of different

irrigation scheduling.

� Validation of the proposed decision support system and comparison with ex-

isting models.

1.7 Contributions

The Thesis contributions in the following ways:

� Theoretical Contribution 1

From the theoretical point of view, a comprehensive investigation has been

conducted by using Big Data Analytics for gaining useful insights and attaining

a deep understanding of several sectors such as healthcare, agriculture, smart

cities, cyber-physical system, and social media analytics, etc. A systematic

and extensive methodological review has been given on several technologies

and tools of BDA and also described the research gaps for further investigation.

� Theoretical Contribution 2

Beginning with the introduction to smart agriculture, this study provides an

overview of irrigation scheduling which includes reference evapotranspiration,

crop evapotranspiration, and crop water need, using various decision support

system technologies. This study introduces the theoretical framework that

is necessary to understand this process and the following chapters. Machine

learning, Deep Learning, and Big Data Analytics have been investigated for

the irrigation scheduling application.

� To calculate Reference Evapotranspiration (ETo), H2O model framework is

applied to determine the ETo for Patiala station, and Hoshiarpur station of

Punjab for classification. In this work, the Missforest imputation algorithm has

been applied to impute missing values in the original dataset. Four data-driven

models (such as Random Forest, Deep Learning, Generalized Linear Model,
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and Gradient Boosting Machine) have been analyzed under H2O framework.

The estimation of daily ETo using DL, RF, GLM, and GBM models is done

based on performance metrics such as Pearson Correlation (r), Root Mean

Square Error (RMSE), Normalized Root Mean Square Error (NRMSE), Root

Mean Square Logarithmic Error (RMSLE), Coefficient of Determination (r2)

or (R), Mean Square Error (MSE), Nash–sutcliffe Efficiency (NSE), Accuracy

(ACC) and Mean Per-class Error (MCE) using the training, validation and

testing datasets respectively. The main results of this contributions are as

follows:

– DL model provided the most accurate results among the considered mod-

els with average (RMSLE=0.0693, r=0.98, r2=0.99, NSE=0.98, NRMSE=

13.90%, RAE=0.0346) for Hoshiarpur station.

– GBMmodel is a slightly better than GLMmodel with average (MSE=0.0522,

RMSE=0.2285, LL=0.218, ACC=0.932, MCE=0.0842 and RMSLE=0.0894,

r=0.98, r2= 0.97, NSE=0.97, NRMSE=16.80%, RAE=0.0508), but GBM

gives over-fitting in case of training dataset.

– GLM had slightly better accuracy than RF with (MSE=0.0641, RMSE=0.253,

LL=0.235, ACC=0.93, MCE=0.0848) and (r=0.96, r2= 0.97, NSE=0.97),

NRMSE =17.80% and RAE=0.0567).

� To calculate Reference Evapotranspiration (ETo), a Matrix Product State

(MPS) classifier has been proposed to classify classical and quantum data.

To illustrate the validation of the developed model, a ibmqx4 quantum com-

puter simulation has been applied in order to determine the accuracy of model,

and the experimental outcomes shows the superiority of the proposed model

through MPS circuits.The main results of this contribution are as follows:

– The accuracy of the testing data set of Agri1 is just slightly greater. It

has been investigated that the training accuracy of the Agri2 and Agri3

samples is marginally higher than the testing samples, respectively.

– In the case of the training data set of the Agri1 sample, the specificity is

approximately 0.98, that is, the MPS classifier identifies more negative

results compared to the testing set’s 0.76. Therefore, the true positive

value of the training set is less than that of the testing set for Agri1.

� A novel multi-level ensemble model is developed using various ML approaches

to ensure the generalization, and robustness of the model. Three different

models Extreme Machine Learning (ELM1, ELM2, ELM3, ELM4), Multi-layer

Perceptrons Neural Network (MLP1, MLP2, MLP3, MLP4), Support Vector
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Machine (SVM1, SVM2, SVM3, and, SVM4) based on various parameters (such

as activation function, kernel functions, and hidden layers) used to estimate

the reference evapotranspiration (ETo). We presented a study to find accurate

quantification for ETo, using CROPWAT8.0 software with Ludhiana station.

The ensemble-SVM model achieved good accuracy (99.46% to 99.72%) to pre-

dict the daily ETo and the correlation coefficient is closed to 1 during training,

validation, and testing datasets. The RMSE of (0.0085 to 0.0935) and MAE of

(0.0614 to 0.0639) results are found minimum as compared to other ensemble

ML models.

� An innovative multilevel ensemble model based on Regularization Random

Forest (RRF) and Fuzzy-Genetic (FG) model is proposed for accurate estima-

tion of crop coefficient (Kc) and reference evapotranspiration (ETc). The fuzzy

approach ensures that the rules determining the (Kc) and (ETc) are always

comprehensible, accessible, and adjustable to achieve the target of saving wa-

ter. This study presents the water requirement of three crops namely (Maize),

(Wheat1), and (Wheat2). The main results of this contribution are as follows:

– The ETc is ranged from 1.22 to 7.05 mm day-1 for maize crop, 0.65 to

3.70 mm day-1 for wheat1 crop, and 1.22 to 7.05 mm day-1 for wheat2

crop. In this respect, our analysis depicted that the models have high

performance for modeling daily Kc and ETc (e.g. MSE= 0.0134-0.156,

RMSE= 0.1160-0.396, r2= 0.830-0.99, ACC= 94-99) in testing set.

– During the growth stage of Maize crop, the Actual total water require-

ment is recorded as 263 mm and Predicted as 255 mm. For Wheat1 crop

Actual requirement recorded as 245 mm and Predicted as 255.1 mm, for

Wheat2, Actual and Predicted requirements are recorded as 191 and 190

mm, respectively on using testing dataset.

– Overall results of model simulation performance of Kc and ETc methods

using the proposed model showed that Maize crop performed better than

the other crops (Wheat1 and Wheat2) in training and testing scenario,

respectively.

� To calculate irrigation need, the Auto-ML based on Particle Swarm optimiza-

tion (PSO) and Deep Learning (DL), have been applied to estimate the three

parameters of irrigation scheduling. The net irrigation, gross irrigation, and

pumping discharge are used to estimate the water requirement for Border ir-

rigation and Sprinkler irrigation methods.
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1.8 Thesis Organization

The research work discussed in this thesis is intended to establish a few analytic

techniques and DSS for irrigation water management. The proposed work encapsu-

lates the approaches which are weaved into Eight chapters. This thesis is devoted

to design a crop water model for estimating changes in evapotranspiration by using

data of different meteorological stations.

Chapter 1: Introduction

An approach towards better smart agriculture, this chapter presents an overview

of irrigation scheduling using advanced technologies. This chapter provides coverage

on some aspects of smart agriculture like an introduction to the concept of smart

water management, reference evapotranspiration, crop evapotranspiration and ir-

rigation scheduling. The goal of the research is to develop irrigation management

protocols that will lead to improved irrigation decision systems (analytic and model-

ing application). This chapter elaborates the related concepts of the new paradigm

of agriculture application based on decision support systems using machine learning,

deep learning, and big data analytics.

Chapter 2: Literature Review

This chapter provides a literature survey of the existing reference evapotranspi-

ration (ETo), and crop evapotranspiration (ETc) to estimate the water requirement

for different crops in irrigation scheduling (IS). In this chapter, we explain method-

ological surveys on various machine learning methods, statistics, analytics, and deep

learning for estimation of (ETo), (ETc) and (IS). We examined how such develop-

ments can be leveraged to develop and execute the next generation of data, models,

analytics, and decision support tools for agricultural irrigation water systems.

Chapter 3: Reference Evapotranspiration ETo using H2O Framework

In this chapter, we have investigated H2O model for classification of data. We pre-

sented a H2O model framework to determine the daily ETo for the Hoshiarpur and

Patiala districts of Punjab. The four supervised learning models: Deep Learning-

Multilayer Perceptrons (DL), Generalized Linear Model (GLM), Gradient-Boosting

Machine (GBM), and Random Forest (RF) are applied to predict the overall ability

to predict the future ETo.

Chapter 4: Reference Evapotranspiration (ETo) using MPS

The concept of matrix product state classifier is proposed and applied to classify

the quantum encoded data. The binary classification of the classical machine learn-
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ing data set is applied on the agriculture dataset encoded into a quantum state.

The main advantage of MPS quantum classifier is that training can be implemented

with high efficiency by considering the various parameters on the ibmqx4 quantum

computer. Furthermore, it is implemented using agriculture dataset to classify the

ETo for the Patiala station.

Chapter 5: Reference Evapotranspiration ETo using Multi-Ensembling

In this chapter, we have investigated some regression based models for modeling

the ETo for Ludhiana station. We have applied three machine learning models,

and a Multi-ensembling technique to build the model accurately. Recently machine

learning (ML) techniques like Extreme Machine Learning (ELM), Artificial Neural

Network (ANN), Support Vector Machines (SVM) are being widely used for mod-

eling the process of evapotranspiration. The proposed framework of the Multi-level

Ensembling ETo Forecasting Model (MLE-ETo) consists of five phases: (i) Input

dataset, (ii) Partitioning of dataset, (iii) Model development, (iii) Multi-level en-

sembling for ETo, and (v) Quantified prediction output.

Chapter 6: Crop Evapotranspiration ETc using FG-RRF

We developed an innovative multilevel ensemble model for accurate estimation

of crop coefficient (Kc) and reference evapotranspiration (ETc) using Regularization

Random Forest (RRF) and Fuzzy-Genetic (FG) models. This chapter presented

the water requirement of three crops namely (Maize, Wheat1, and Wheat2). The

developed model is applied to examine the weather data collected by IMD, Pune,

and PAU, Ludhiana (case study) for decision making in a crop water model.

Chapter 7: Decision Support System for Irrigation Scheduling using AI
(DSS-IS)

We have explored artificial intelligence and evolutionary algorithms for estimation

of the Net Irrigation Requirement, Gross Irrigation, and Pumping Time Discharge:

Using Deep learning and PSO based Deep Neural Network developed using a case

study of Border Irrigation and Sprinkler Irrigation systems for Ludhiana station. We

have divided each dataset further into sub-parts. Therefore, we got higher accuracy

in the case of border irrigation where we have applied three sub-parts of the dataset

and the Pumping time discharge parameters has given higher accuracy using the

proposed model.

Chapter 8: Conclusion and Future Research

The motivation behind future research work, well-informed and a comprehensive

examination, and realistic analysis of deploying machine learning successfully in
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industries have been given. Data analytics has great potential in the agriculture

era, if the water irrigation management research is combined with the modeling

approach using machine learning analytics and big data, the research level will be

achieved at different levels of the agricultural development sector.

Finally, this chapter is the conclusion of the Thesis. We present a technical

summary of all results and outline current limitations together with future research

directions.

1.9 Summary

This chapter provides an overview of the irrigation water scheduling. It presents

the concept of reference evapotranspiration and crop evapotranspiration for crop-

water modeling. It also presents the various methods of irrigation scheduling and

address the need of decision support system and its various approaches that lead to

irrigation water management. In the last, this chapter highlights the contributions

and thesis organization.
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Chapter 2

Literature Review

This chapter provides a literature review in the domain of Statistics, Machine

Learning, Deep Learning, and Decision Support System of an Irrigation Scheduling.

In the first section, concept of reference evapotranspiration (ETo), crop evapotranspi-

ration (ETc) and irrigation water scheduling methods have been described. Further-

more, the existing literature with various empirical models and analytics approaches

have been presented.

2.1 Overview

Smart Climate based agriculture provides a necessary contribution to farming in

terms of quantity and quality of crop production. Change in climate and variations

in meteorological aspects influence the water requirement of crops, and evapotran-

spiration. However, there are some difficulties in monitoring the growth of crop and

irrigation management system.

In climate of arid and semi-arid, accurate estimation of evapotranspiration (ETo)

can provide a scientific basis for developing irrigation scheduling. Quantification of

transpiration (T) to evapotranspiration (ETo) from crop is critical in the irrigation

scheduling. However, few investigations have explored the seasonal variability of

(T), (ETo), and provides the comparison of ETo with different methods using various

climate conditions [1] [29] [61].

Several computer simulation techniques, and decision support systems have been

developed to estimate ETo, ETc and crop water requirement (CWR). It is also

important to identify changes in the hydrological cycle when we want to predict

the impacts of climate change. However, current studies on climate change must be

expanded to cover the entire globe.
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2.2 Estimation of Reference Evapotranspiration

(ETo)

The application of Evapotranspiration (ETo) in irrigation scheduling is divided

into different categories for literature section such as statistical, machine learning,

evolutionary models, and decision support system [40], [62], [63]. We have presented

a comprehensive review literature for reference evapotranspiration as follows:

ETo is an imperative aspect of the hydrological cycle that is stirring water avail-

ability on the earth surface. It is one of the significant criteria of accurate quan-

tification of crop water requirement that influence various hydrological processes,

planing of water management and resources [51], and requirement of irrigation [64].

Traditionally, the ETo is estimated at the field scale, but it consumes lot of time and

is difficult to process by complex mathematical calculations with various climatic

variables. Methods for measuring evapotranspiration from meteorological data in-

clude a number of climatology, and the field inputs which is directly estimated in

weather stations. Some parameters are associated with measured data, where as

others can be obtained directly or through empirical methods.

Empirical based methods

Since many years, various researchers have established reference evapotranspira-

tion ETo estimation with empirical methods. There are few categories of ETo esti-

mation methods: Temperature-based, Radiation-based, Empirical, Pan, and many

more. Commonly, FAO-56 Penman-Monteith method is applied as the scientific,

standard and temperature based method to estimate the ETo [8] [65]. FAO-PM has

been extensively adopted because to its positive outcomes in a variety of climates

across the world. However, it needs a significant amount of meteorological data

obtained from regular meteorological observation stations [66].

To overcome the existing limitation of the FAO-PM model, various attempts

aiming to estimate ETo with limited observed data have been made. A large number

of studies have focused on estimating ETo using empirical methods with limited

ground-level data such as the Hargreaves and Samani equation, Priestley–Taylor

equation, and Thornthwaite equation have been used for estimating (ETo) by Tomas-

Burguera et al. [67].

ETo is estimated with simplified or empirical methods (e.g. Lysimetric mea-

surements) and it is highly difficult to achieve more precise and robust approaches

[68] [69]. HS equation is the most simple and accurate approach based on temper-

ature [27], [8]. There are many empirical approaches to predict the ETo using five

mass transfer-based models (Ivanov, WMO, Penman, Trabert, and Mahringer), five

radiation-based approach (Tu, PT, Ab, JH, and Mk), and five temperature-based
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approach (HS, modified Hargreaves-Samani1) (Th, BC, MHS1, and MHS2) [70]. Ta-

ble 2.1 shows the empirical methods for estimation of ETo.

Table 2.1: Estimation of evapotranspiration ETo with empirical methods

Author Method Parameters

Malamos et al. [71] FAO Penman-
Monteith

Tmean, u2, RH , latitude
ϕ, altitude (m), Is

Tegos et al. [72] FAO Penman-
Monteith

Tmean, u2, RH ,Is, Rs, R

Ficklin et al. [73] Penman, Monteith,
Thornthwaite, Ha-
mon

Tmean, u2, RH ,Is

Yang et al. [61] FAO-56 Penman-
Monteith,
Hargreaves-Samani,
Reduced-set Penman
Monteith (RPM)

Tmean, Tmax, Tmin,
RHmean, u2, Is, VPD.

Heydari, et al. [74] Blaney-Criddle Tmean, RHmin, u2, Is, ρ,
α, and β coefficients.

Malamos et al. [71] investigated the monthly Geo-spatial ETo with FAO Penman-

Monteith using line, polygon, and point through a geometry independent algorithm.

They selected various climate parameters such as Tmean, u2, RH , latitude ϕ, altitude

(m), Is.

Tegos et al. [72] applied the radiation based model to calculate the daily potential

evapotranspiration ETo with FAO-56 Penman-Monteith using Tmean, u2, RH ,and Is

parameters. The Potential ETo is estimated for current and future drought condition

using PDSI tool, Spatial, and Temperature based models such as Penman-Monteith,

Thornthwaite, and Hamon methods. They have selected Tmean, u2, RH , Is input

variable, and analyzed on MATLAB GUI [73].

Yang et al. [61] analyses the daily reference evapotranspiration (ETo) using short-

term forecasting with FAO-56 Penman-Monteith equation, Hargreaves-Samani equa-

tion, and Reduced-set Penman-Monteith (RPM). The R language is used to simulate

with various climate parameters including Tmean, Tmax, Tmin, u2, RHmean, Is, and

Vapor pressure (ea).

Machine learning and Evolutionary models

There have been many studies on hybrid models with machine learning, and

evolutionary algorithms to estimation of ETo with few climate parameters around

the world.

Patil and Deka [75] investigated the performance of extreme machine learning

(ELM) to quantify the weekly ETo in the Thar Desert of India. Also, they have
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showed the comparison of Artificial Neural Network (ANN) with three input vari-

able. The ELM model gives slightly higher accuracy than empirical, and ANN

models.

Wu et al. [76] proposed hybrid model using machine learning and soft-computing

to estimate the monthly ETo in south China with 26 data stations. The proposed

(Kmeans-FFA-KELM) approach developed with the three approaches (K-means

clustering, Firefly Algorithms, and Kernel Extreme Learning Machine model) found

higher accuracy using three input variables (Temperaturemax, Temperaturemin, and

Ra). Another study showed performance of six remote-sensing based ML models to

predict the daily ETo in the Andalusian. The two ELM and MLP models found

higher accuracy than RF, SVM, GRNN, and XGBoost models [77].

Stacking and blending ensemble based ML models are used to calculate the daily

ETo with limited input variables. Two-layer ensemble model is build with RF, SVR,

MLP, LR and KNN models and found higher accuracy in terms of R2 ranged from

(0.66 to 0.99) as compared to empirical models [78]. Another, ensemble based model

is build with ANN, SVM and RF to estimate the ETo with geno-types and optimize

the ETo with time series data, and found the correct results [79].

Bai et al. [80] proposed ensemble-based four ML models with RF, BMA, KNN,

SVM and MLP to calculate the ETo. The MLP-based ensemble model provides

the efficient results in terms of R2from (0.69 to 0.71) and RMSE(23.0 to 25.0).

However, the ML and DL based models are proposed to estimate a urban ETo with

Flux Footprint, Remote Sensing and Geographic Information System (GIS) data.

The RF model provides slightly better result in terms of (R2 of 0.840 and RMSE of

0.0239 mm/h) than CNN model [81].

Adnan et al. [82] demonstrated the capability of different Neuro-Fuzzy meth-

ods to estimate the pan evaporation monthly using climatic inputs of different pa-

rameters obtained from Uttarakhand, (India). Recently, Adnan et al. [83] demon-

strated the capability of dynamic evolving Neural-Fuzzy Inference System (DENFIS)

and Least-Square Support Vector Regression with a Gravitational Search Algorithm

(LSSVR-GSA) for estimating ETo.

It has been shown that the extraterrestrial radiation or temperature-based LSSVR-

GSA models are superior to DENFIS model for estimating monthly ETo. They [84]

forecasted the monthly and daily stream flows of poorly gauged mountainous water-

shed with Fuzzy Genetic Algorithm (FGA), Least Square Support Vector Machine

(LSSVM), and M5 model tree (M5T) models.

Heddam et al. [85] estimated and compared daily reference evapotranspiration

(ETo) using the Online Sequential Extreme Learning Machine (OSELM) and Opti-

mally Pruned Extreme Learning Machine (OPELM) in the Mediterranean region of

Algeria. The OPELM models showed good performances as compared to OSELM
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models.

Recently, Tikhamarine et al. [86] combined the Support Vector Regression and

Grey Wolf Optimizer (SVR-GWO) to predict the monthly ETo at Annaba, Algiers,

and Tlemcen stations in North Algeria. Moreover, the proposed model is compared

with the existing variants of SVR and showed that the performance of the SVR-

GWO gives occasionally competitive and very promising results. Maroufpoorb et

al. [30] proposed the concept of hybrid Artificial Neural Network-Gray Wolf Opti-

mization (ANN-GWO) model and predicted the ETo for Iran.

Further, the proposed model showed more efficient and accurate results as com-

pared to ANN and LS-SVR. Mohammadi and Mehdizadeh [87] proposed a hybrid

of two models Support Vector Regression and Whale Optimization Algorithm to

predict the daily reference evapotranspiration at three stations in Iran. It has

been shown that hybrid models outperformed the support vector regressions mod-

els. Kisi [54] obtained weather dataset from Turkish Meteorological Organization

(TMO) for 2 stations from 1982 to 2006 and applied MARS, LSSVR, and M5-Tree

to estimate ETo.

Valipour et al. [70] collected data for the period of (1961-2010) with 50 climate

parameters from 18 regions of Iran to estimate monthly ETo using five models

namely (mass transfer, radiation and temperature based).

Mattar [88] obtained 32 weather stations of data from United Nations Food &

Agriculture Organization (UN-FAO) known as CLIMWAT for (2013 to 2015) and

presented gene expression programming (GEP) and empirical models to estimate

ETo. Tao (2018) [89] presented the hybrid intelligent ETo model using data of three

meteorological stations during 1998 to 2012. They used the Adaptive Neuron Fuzzy

Inference System (ANFIS), Firefly Optimization Algorithm with ANFIS (ANFIS-

FA) and Penman-Monteith models.

Co-active Neuro Fuzzy Inference System (CANFIS) model is proposed for mod-

eling the monthly evaporation of Lake Nasser, Egypt [90]. The Gene Expression

Programming (GEP), Support Vector Machine (SVM), Classification and Regres-

sion Tree (CART), the Cascade Correlation Neural Network (CCNNs), and are

proposed for estimating evaporation by Yaseen et al. [91].

Falamarzi et al. [92] estimated the daily ETo for water resources with ANN and

WNN models from the period of 2009 to 2012. They have applied RMSE, APE,

N.S., R2 metrics to check the model accuracy with three input parameters such as

Tmin, Tmax, and u2. Models LS-SVM, MARS, and M5 models have been applied to

estimate the Pan evaporation for Reservoir and water resources management. They

have applied four input variable, Tmean, Rs, u2, and Rh with dataset of period 1986

to 2006 [93]. Another, ANN model is applied to forecast the ETo for application of

real-time irrigation scheduling with Tmean, Rs, u2, and Rh input parameters using
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dataset of (2011 to 2012) [94].

Yassin et al. [64] analyzed the performance of ANN, and GEP models to quantify

the ETo with various climate parameters using dataset from 1980 to 2010. The

GeneXpro Tools 5.0, and Propagation version 2.2.4 were used to developed the

model and also provide the accuracy on the basis of these metrics MAE, RMSE,

R2, and OI. Gocic et al. [62] forecasted the ETo using SVM, FFA, DWT, ANN,

and GEP models with climate parameters for the period of 1980 to 2010. Goyal

et al. [95] explored the four ML models namely ANN, LS-SVR, FL, ANFIS, and

Gamma Test to estimate the pan evaporation for the duration of 2000 to 2010.

They have found the efficient results with the FG and LS-SVR models using various

climate parameters on MATLAB platform.

However, Chen et al. [96] found the best performance of Bayesian Model Av-

eraging Model to estimate the terrestrial ETo using KGE and Cubist software.

Mehdizadeh et al. [97] proposed the hybrid model to estimate the monthly ETo with

GEP, SVM-Poly, SVM-RBF, and MARS models for duration of 1951 to 2010. The

performance of the applied models is compared with the empirical methods, where

the MARS and SVM-RBF models give the most accurate results. The hybrid ELM

model revealed a superior performance to estimate the daily ETo at the four major

countries of (US, Germany, Belgium, and Sweden) using 9 years of dataset [63].

Mohammadi et al. [87] proposed an approach that couples Support Vector Re-

gression with Whale Optimization (SVM-WO) to estimate the daily ETo.The Tmax,

Tmin, RHmean, u2, Rh, and SSD parameters are used to build the model and found

accurate result with SVM-WO model.

In the domain of agriculture, ML offered new predictive models for ETo estima-

tion, e.g. Generalized Neuro-Fuzzy Models (GNFM) [49], ANN model [50], ANFIS

model [51], MLP-NN [52] [98], ELM algorithm [53] [99], M5 Model Tree [98], LS-SVR

, MARS, ELM, WNN and GANN [55]. The DL model and ML model are applied

in various domains such the COVID-19 analysis [100], proposed a novel method

based on artificial intelligence (AI) to identify COVID-19 disease [101], developed

genetically optimized Deep Neural Network [102], Tripathy et al. [103] investigated

the performance of MARPUF approach and it is found to be better resistant to

such modelling attacks, image classification using deep learning [104], Artificial In-

telligence approaches used to classifying various types of cancer [105], enhanced the

grip functionality of myoelectric hands based on deep learning [106], and classifiers

for on-line handwriting recognition based on SVM and KNN algorithms [107], and

a survey for software fault prediction [108]. Singh et al. [109] presented the efficient

results and reliable algorithm for optimal design of water distribution networks.The

summary of ML and EA are given in Table 2.2.
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Finally, it maybe concluded that the various machine learning, soft computing,

evolutionary algorithms, and ensemble-based models have been investigated to ana-

lyze and predict the ETo using many climate parameters. However, the performance

of deep learning and ML-based ensemble models could provide efficient results to

forecast the reference evapotranspiration ETo with limited climate parameters.

2.3 Estimation of Crop Evapotranspiration (ETc)

Crop evapotranspiration (ETc) one the most essential element of the hydrological

system for irrigation scheduling. The crop coefficient Kc method multiplied with

(ETo) is most widely-used to determine the (ETc) Eq. (1.2). Different estimations

and methods having their own advantages and disadvantages are available. For

the estimation of ETc using Machine Learning, Deep Learning and Evolutionary

Algorithms, some potential literature work are presented in this section.

Machine learning and Evolutionary models

The Back-propagation Neural Network (BP-NN) model is proposed to evaluate

the crop evapotranspiration ETc with combination of various climate parameters

(Tmax, Tmin, RHmean, Sh, RF and crop coefficient Kc). It is observed that the

combination of Eddy Covariance method and BP model achieved the best accuracy

in terms of R2 (0.87) and accuracy (91.44%) than MLR model [110]. Mehta et

al. [111] estimated the ETo, ETc and Kc of Wheat and Maize crops of Gujarat using

climate data. They applied the various temperature and radiation based empirical

methods to calculate and estimate the crop water requirement.

It is observed that the accurate value of Kc for wheat crop is more efficient as

compared to FAO-56 Penman-Monteith method results. Whereas in case of maize

crop the outcomes were found less accurate at Surat and higher outcomes as com-

pared to FAO method at Bharuch station.

Elbeltagi et al. [112] presented the deep learning model to estimate the Wheat

ETc from 1970-2017 and forecasting the future changes from 2022-2035 of Nile Delta

in Egypt using Visual Gene Developer technology. For calibration R2 of 0.95, 0.96,

0.97 and for testing R2 of 0.94, 0.95, 0.95 have been found efficient result respectively.

Russo et al. [113] presented the MCMC and Bayesian algorithms to analysis the

irrigation requirements for ground water mass balance with soil tensiometer of Rice

crop. They have optimized the management decisions on crop replacement and

increased the irrigation efficiency. The NN model and regression model are explored

to estimate a greenhouse tomato crop yield, its growth, and efficiency in use of water

with CropAssist and NeuralWare platforms [114]. Maurya et al. [115] developed a

novel fuzzy-based energy-efficient routing protocol based on automated irrigation
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system for maize crop on MATLAB platform. The FIS-DSS (Flexible Irrigation

Scheduling Decision Support System) is proposed to analyze the optimal allocation

of water resources of irrigation system. Fuzzy-inference and knowledge based user-

friendly optimization tool is developed for Wheat and corn crops [116]. Chauhan

et al. [117] proposed a web-based DSS to enhance irrigation water management for

peanut crop on APSIM platform.

Table 2.5: Estimation of ETc based on empirical, ML and EA

Author Algorithm Crops

Han et al. [110] BP-NN Wheat

Mehta et al. [111] Empirical Wheat, Maize

Elbeltagi et al. [112] DL Wheat

Russo et al. [113] Bayesian, MCMC Rice

Ehret et al. [114] NN, RA Tomato

Maurya et al. [115] Fuzzy-based, Hy-
brid routing

Maize

Yang et al. [116] Fuzzy Inference
Model

Wheat Corn, Cot-
ton

Chauhan et al. [117] DSS Peanut

Gavilán et al. [118] Radiation,
Makkink FAO-24

Strawberry

Tabari et al. [119] ANFIS, SVM Potato

Yamaç et al. [120] NN, ABM, KNN Potato

Gavilán et al. [118] measured the daily greenhouse crop evapotranspiration for

strawberry and found more accuracy using empirical methods and sensors based on

soil moisture. Tabari et al. [119] explored a ANFIS and SVM model performance

for Potato crop evapotranspiration ETc using meteorological data.

Yamaç et al. [120] applied the four scenarios based on features subset to accu-

rately estimate the ETc of Potato crop using ANN, ABM and KNN models. Further,

ANN and SVM models are also applied to estimate the garlic ETc by Abyaneh et

al. [121] and the outcomes are found accurate as compared to lysimeter performance.

The need of precise estimation of crop water is an crucial aspect of agricultural

planning and there exists several methods for determining ET in crop land [122].

The field based estimations are required and appropriate for monitoring the crop-

water status at the land-scale level [123] [124].

The FAO-Penman and Penman methods are applied to forecast the ET for rice

crop using meteorological data [125]. They have found the crop coefficients for ini-

tial, middle and late stage as 1.39, 1.51, and 1.43. The derivation and development

of crop Kc are identified for castor and maize crops of Rajendranganagar by Reddy

et al. [126]. Ko et al. [127] conducted a analyses report to evaluate the crop water

requirement for cotton, and wheat crops at Uvalde, TX, USA. Fang and Ping [128]
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presented an optimal solution to estimate the ETo using interval regression anal-

ysis, crop water production function and Penman–Monteith method with LINGO

software.

Numerous experiments have been conducted in recent decades to investigate

the possible effect of climate change on evapotranspiration ETc. For efficient crop

evapotranspiration ETc modeling using VIP (Vegetation Interface Processes) for

Wheat and Maize [129], durum wheat in Tunisia [130], APSIM-Maize model [131],

SEBAL model for yield, WUE, IWUE and HUE for Wheat crop [132], weighing

lysimeter for Kc and ETc [133], farm-level operational services in smart agriculture

[134], crop water model based on Crop2ML framework [135] have been used.

The ETc estimation results proved that the ML and EA approaches performed

better than existing classical methods. However, several studies have investigated

the estimation of ETc with empirical methods. But limited studies have reported

the estimation of ETc using ML, and EA models as shown in Table 2.3.

2.4 Decision Support System for Irrigation Schedul-

ing

This section considers the Decision support system (DSS) based on research that

have included ETo, ETc, and irrigation requirement. An irrigation management

system can offer farmers with appropriate decision-making tools in order to regulate

the amount of water supplied to crops.

A decision support system PETP V2.0.0 is developed to analysis and estimate

the potential evapotranspiration ETo using various empirical approaches namely

Hargreaves, Jensen-Haise, Penman-Monteith, Priestley-Taylor, etc. Visual Studio

2010 software is used to build the computational tool to estimate the accurate results

for water requirement of crop [136].

Navarro et al. [137] developed smart irrigation DSS for managing the irrigation

scheduling. They purposed 2 ML techniques i.e. PLSR and ANFIS. Maximum and

minimum relative humidity, temperature, and direction of wind, global radiation,

vapour pressure deficit, rainfall, dew point are the variables used to predict the daily

ETo with FAO Penman–Monteith method. Zizhong and Zenghui [138] presented a

single irrigation system that enhanced higher corn production and also provided

efficiency in use of water in Northeast China. They include climate parameters

namely average, max and min of air temperatures, max and min of relative humidity,

wind speed, and sunshine hours from 1980 to 2012. Penman–Monteith approach is

used to determine the soil evaporation and ETc.

The knowledge of the irrigation management has an impact on crop water re-

quirements, maintaining water balance and is the practical considerations to enhance
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productivity of crop [139]. Various research work in Punjab have demonstrated the

requirements of crop water irrigation, irrigation water based on ET and pan evapo-

ration, [140], but few studies have focused on Soil Water Deficit (SWD) [141].

Paraskevopoulos and Singels [142] investigated the integrated content of soil wa-

ter recordings of real-time field into the MyCanesim system to estimate its use in 15

sugarcane fields of South Africa for supporting irrigation system. It is used to deter-

mine the decision making for irrigation scheduling based on the status of forecasts

of crop, soil water, and the next irrigation date. Ying, Shaoyuan and Xianfang [143]

represented the evaluation for summer wheat and winter maize cropping system for

optimal irrigation scheduling. Further, they described topical versions of the SWAP

and Wofost models for crop growing simulation and obtaining efficiency in use of

water.

Afzal, Battilani, Solimando and Ragab [144] improved water resources manage-

ment using different irrigation strategies and water qualities by field, and modeling

study. To deficit irrigation PRD and RDI methods are used to estimate the effects

of waste and fresh water on salinity distribution, soil moisture, and crop yield of

potato, maize in Italy, Bologna through field experiments.

The fuzzy, evolutionary, and machine learning models are used to develop a DSS

model for irrigation scheduling. Gaiqiang et al. [145] developed a FIS-DSS software

based on knowledge, interface for user, and an inference engine for wheat, corn and

cotton crops. It is a fuzzy interval programming model having multiple objectives

and constraints, flexibility of model, data processing, and an alternative solving

algorithm. The main objective is to maximize the economic-based benefits for crop-

land in China. The NN model is used to train the model with precipitation and

historical climate parameters.

Giusti and Marsili-Libelli [146] developed a fuzzy-DSS to schedule the daily

irrigation need of crop based on soil moisture as a predictive model and an infer-

ence model as irrigation decision maker. This model determines the actual need of

water for kiwi, corn, and potato crops with past irrigation soil moisture, climatic

parameters, and ETc. They used meteorological data including temperature, solar

radiation, wind, rain, etc. The objective of FDSS model is to reduce the water usage

and provide the efficient result in terms of saving water up-to 13.55, 18.3, and 72.95

water units for irrigating three crops respectively. Sahoo et al. [147] proposed fuzzy

multi objective linear programming approach for planing of land-water-crop system.

The meteorological data like daily rainfall, evaporation, temperature, solar radia-

tion, daily sunshine hours, humidity, wind velocity, and albedo are collected from

the Central Rice Research Institute, Cuttack. The objective function is to optimize,

maximized crop production, net return, and to minimize the labor requirement for

various vegetables and pulses.
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Reddy and Kumar [148] demonstrated a multi-objective method for the opti-

mal crop pattern and multi-crop irrigation reservoir scheme by several procedures.

Adeyemo and Otieno [149] explored a method to solve the multi objective crop

planning model by an evolutionary algorithm. They have found excellent results in

minimizing total water irrigation, maximizing the yield productivity, and net income

from farming. Table 2.4 shows the different types of irrigation systems.

Table 2.6: Different types of irrigation systems

Name Advantages Application Technology Ref

Drip Irri-
gation

Efficient system, Saves
water, Reduces nutri-
ent leaching

Fuzzy Control for au-
tomatic greenhouse ir-
rigation, DIDAS soft-
ware for linearized wa-
ter flow and scheduling

Matlab, Del-
phi (Em-
barcadero,
Version XE3)

[150]
[151]

Sprinkler
Irrigation

Automatic Irrigation,
Smooth fertigation
and chemigation, No
labor requirements

Multi-agent system
for garden irrigation,
Crop model AquaCrop
for the optimization

Agent based
simulation,
AquaCrop
Simulator

[152]
[153]

Flood Ir-
rigation

Usable on shallow
soils, Low cost

The risk and sensitiv-
ity analysis of water,
Energy and emissions
in IR

Risk Software [154]

Border
Irrigation

Easy to design and
maintain, Simple oper-
ations of the system,
Natural drainage

Improved understand-
ing of IR Models and
measures basis for im-
proving IR

SISCO [155]

Furrow
Irrigation

Accomplished, Mini-
mal erosion , Adapt-
able to a large array of
land slopes

Irrigation and fertiga-
tion in isolated furrow
networks

C-language [156]

Basin Ir-
rigation

Small fields, Well
suited for crops

Modelling and multi-
criteria analysis of wa-
ter saving

ISAREG,
SRFR, SIR-
MOD

[157]

Irrigation water management is numerically intensive for computations and pro-

vides model interpretation and discretization. Neural networks and evolutionary

algorithms demonstrated to estimate the irrigation volume and also determined the

effectiveness to diminish irrigation application and maximize production [158]. Or-

tega Álvarez et al. [159] proposed a non-linear model to recognize yield schemes

and water irrigation management plannings using the genetic algorithms. Further,

they estimated crop yield, gross margin and production as a function of irrigation

depth. Schmitz et al. [160] simulated 92 percent greater production for corn using

evolutionary algorithm as compared to dynamic programming.

Application and web based DSS models are developed for the irrigation water

scheduling by various researchers. Recently, a web-based DSS is proposed to es-
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timate the soil-water balance for irrigation system with limited input parameters

such as (dual crop-coefficient and meteorological). The irrigation parameters are

computed through soil moisture and requirement of water. A web-based irrigation

decision support system is introduced with limited inputs (WIDSSLI) for summer

corn and winter wheat irrigation management in North China Plain (NCP). [161].

Table 2.7: Estimation of evapotranspiration ETo, ETc, and Irrigation with DSS systems

Author Estimation Developed
Software

Approach Crop

Cesar et al. [136] ETo PETP V2.0.0 Empirical
Methods

-

Navarro-Helĺın et
al. [137]

ETo, IR DSS PLSR, ANFIS -

AL et al. [142] IR MyCanesim - 15 Sugar-
cane

Ma et al. [143] Optimal IR DSS SWAP, Wofost Summer
Wheat,
Winter
Maize

Yang et al. [145] Crop-land
Model

FIS-DSS Fuzzy Interval
Programming,
Neural Net-
work

Wheat,
Corn, Cot-
ton

Giusti et al. [146] ETc, IR fuzzy-DSS Fuzzy Kiwi, Corn,
Potato

Alvarez et
al. [159]

Yield,
Gross mar-
gin

Non-linear
Model

Genetic Algo-
rithms

Li et al. [161] Soil-water
balance IR

Web-based
DSS

Dual crop-
coefficient

Summer
Corn, Win-
ter Wheat

Rowshon et al.
[162]

ETc Climate-
Smart-DSS

GCM Rice

Table 2.5 presents the estimation of ETo, ETc, and irrigation with DSS sys-

tems. Antonopoulou et al. [163] presented an appropriate decision support system

for crops which is implemented on web-based software. They introduced this ap-

proach by using the Java and PHP technologies for specific irrigation technique and

soil improvement instructions. Dutta et al. [164] developed a mobile application

based on sustainable irrigation DSS. They proposed cloud sensors based approach

to evaluate the ground water usage and availability of water. This approach in-

cludes the CSIRO sensor based cloud computing organization and integrated big

data that includes machine learning technologies. Bonfante et al. [165] proposed

an irrigation water supply management tool to obtain the maximum yield of maize

with W-tens, IRRISAT, and W-Mod approaches. W-Mod and IRRISAT models

found more accurate results as compared to W-Tens in terms of irrigation water use
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efficiency.

A Climate-Smart Decision-Support System (CSDSS) tool is proposed to evaluate

the requirement of rice crop in Malaysia. They determine a daily crop-water balance

based on input data (2010 to 2099) and (1976 to 2005) from Global climate models

(GCM) and integrate with evapotranspiration using MATLAB simulator [162].

Ragab et al. [166] proposed a SALTMED model which includes the to partial root

drying or deficit irrigation, subsurface irrigation, soil nitrogen fertilizer application,

fertigation, dry matter production, plant nitrogen uptake, and nitrate leaching.

For the model calibration and endorsement the statistical measurements are

used such as R2 coefficient, RMSE, and percentage error. The DIDAS software

package for irrigation system decision-making strategies of drip irrigation systems is

developed. [151].

A DSS framework have been introduced which includes 22 ETo estimation ap-

proaches using user-friendly GUI (Microsoft Visual Basic 6.0) of 133 selected stations

of India [167]. Potential-ETo and FAO56-PM ETo are used to estimate the ETo in

the Geisenheim Irrigation Scheduling (GS) for vegetable crops using sprinkler irriga-

tion [168]. Ballesteros et al. [169] estimated the ETo using FORETO software with

Hargreaves Samani (HS) equation or the Penman Monteith (PM) and Artificial neu-

ral networks (ANNs) models. Modern platforms (.NET and Java) software applied

to calculate the daily/monthly ETo using meteorological parameters [170]. There are

various crop simulation based models exists such as CropSyst [171], STICS (Brisson

et al. 1998) [172], EPIC [173], DSSAT [174], VegSyst simulation model [175], and

CERES [176].

A single approach, that can address all operational circumstances (weather infor-

mation, crop growth monitoring, field data, agricultural expertise and infrastructure

etc.), as well as the associated expenses for farmers which may limit the usage of

these systems. Therefore, DSS’s for irrigation scheduling have been developed to

integrating various approaches in terms of (data collection from meteorological),

pre-processing techniques and modeling based on empirical or artificial intelligence.

A bibliometric perspective of Irrigation Scheduling: The number of

articles from digital database such as Science direct is considered. The irrigation

scheduling, reference evapotranspiration and crop evapotranspiration articles are

demonstrated from 1995 to 2021 as shown in Fig 2.1. We have selected only elsevier

science direct library to find out research articles, where we found 34,083 results

in area of irrigation scheduling, 32,775 papers in reference evapotranspiration and

14,261 results articles in crop evapotranspiration (crop water need).

Irrigation scheduling, ETo and ETc trends are represented by Green, Blue, and

Yellow colored lines respectively. Fig 2.2 shows the publication year in the field of

Irrigation Scheduling, ETo and ETc. Fig 2.3 shows the article type in which review
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Figure 2.1: Number of publication in different journal type

Figure 2.2: Timeline of publication year in domain of irrigation scheduling and evapo-
transpiration

Figure 2.3: Number of publication articles types
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reports, case reports, data articles, mini review, and many more articles.

2.5 Research Gaps

Based on the literature survey, some of the following research gaps have been iden-

tified:

� Internet of things sensors provides information about crop growth, yields, rain-

fall, soil moisture, soil nutrition, pest infestation, monitor their smart irrigation

equipment’s to farmers and connected harvesters to farmers. It generates lot

of agriculture internet of things data and low usage of water efficiency, deficit

and diffusion are the huge interrogations of presently improvement of irrigated

agriculture.

� For the development purpose large areas of irrigation plantation is an oner-

ous job. However, Irrigation scheduling techniques are introduced to solve

these problems, which are based on parameters such as soil, crop and weather

conditions. In traditional approaches, irrigation system is practiced by us-

ing manual control strategies and analyzing without real streaming dataset.

Thereby, it is essential to analysis data on real-time streaming weather and

effective rainfall dataset. However, after applying the appropriate approaches,

irrigation decision system is still affected by soil monitoring, crops and weather

information..

� Irrigation scheduling methods are based on soil moisture measurements, soil

water balance calculations/meteorological approaches, plant water status mon-

itoring or computer simulation. Several irrigation scheduling models using soil

water balance calculation/meteorological approach, evaporation pan measure-

ments, soil measurements are available. Other studies have also determined

the potential use of crop water stress index for irrigation timing. However,

irrigation scheduling using crop water models is limited.

� Effective irrigation requires management decisions that ensure an accurate es-

timation of crop and irrigation water requirements as well as an allocation ir-

respective of the irrigation scheduling methods. Accurate Evapotranspiration

estimates are important in determining crop water requirements for appropri-

ate irrigation scheduling.

� Crop water Irrigation scheduling has been investigated by various researchers.

A lot of works is required to explore the potential of this irrigation scheduling in

crop water management. There are incredible opportunities for soft computing
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models and machine learning in irrigation. However there is need to explore

advanced data analytics based on statistical methods, soft computing method

and machine learning algorithms for calculation or prediction that need to

obtain the optimal Irrigation scheduling.

� Today, DSS is required for crop on-farm irrigation water management due to

the use of computer to control quality conditions of historical weather, crop,

soil water, and effective rainfall. It can be used for determining and analyzing

how much water is needed and when the irrigators should provide irrigation

later.

� A DSS need to deliver a statistics methods, machine learning and precision

farming using cloud based applications for big data analytics, visualization tool

for allowing farmers to easily interrogate and analyze agriculture database,

greatly enhancing their understanding of the key factors that lead to effective

irrigation water management, for saving water and crop yield increasing.

2.6 Motivation

As technology rapidly spread in a few decades, precision agriculture is the key

to fostering a new revolution in Irrigation scheduling. The United Nations statisti-

cal data indicate that agriculture consumes 70% of the overall use of water world-

wide, compared with 20% for industry and 10% for domestic use [177]. To ensure

the proper use of water supplies in irrigation we need more effective technologies.

Automatic irrigation scheduling techniques replaced manual irrigation which was

based upon crop water estimation. The crop evapotranspiration can be measured

by weather indicators such as max-min temperature, humidity, solar radiations,

wind speed and also the crop parameters such as the crop height, stage of growth,

and the soil properties for the development of irrigation scheduling. The machine

learning and deep learning advanced technologies provide direction and motivation

to propose a novel application on crop water modeling.

2.7 Summary

In spite of the vast literature available, the subject of irrigation water management

and crop water modeling for machine learning techniques are yet in its emerging

phase. Although there is wide literature available on statistics, machine learning,

decision support system for general manifolds. To estimate crop water modeling on

general manifolds, we have different approaches available in literature.
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All the approaches suffer from specific drawbacks such as model complexity while

implementing approaches and the model-based DSS for irrigation scheduling. DSS is

one of the key components for irrigation to increase agricultural water productivity

by focusing on water applications during critical periods of crop water use. Vari-

ous sensors and tools are used to validate the model accuracy and to improve via

feedback using model-based DSS. Moreover, the water balance is well-entrenched

approach for estimating irrigation amount and time (i.e. irrigation frequency) in

irrigation scheduling. This approach is simple to use, typically inexpensive and very

effective approach to estimates the ETo, and ETc.

The major objective is to adopt the several approaches to develop a flexible sys-

tem that supports irrigation water requirement system, which may fit into diverse

fields of operational activities (weather information, field data collection, crop coeffi-

cients etc.) This study consist of three main methodologies for Irrigation Scheduling,

which are based on ETo, ETc and Irrigation Scheduling using DSS (Weather param-

eters, Crop Coefficients, Irrigation Frequency, Net Irrigation and Gross Irrigation

etc.).
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Reference Evapotranspiration ETo

using H2O Framework

This chapter presents H2O model framework to determine the daily reference

evapotranspiration ETo using Hoshiarpur station and Patiala station. The effects

of four supervised learning algorithms: Random Forest(RF), Gradient-Boosting Ma-

chine (GBM), Deep Learning-Multilayer Perceptrons (DL), and Generalized Linear

Model (GLM) models and to predict future ETo. Analysis of these four models,

perform in H2O framework.

3.1 Overview

The accurate calculation of ETo is necessary to evaluate the requirement of Net

Irrigation, regional water resources planning and management, and to model the

climate change effect. A more comprehensive decryption can be found in previous

literature for the ETo estimation using sensitivity analysis or empirical based within

or India. Similarly, several studies have examined the predictive accuracy of Genetic

Programming (GP), and Gene Expression Programming (GEP) in the modeling of

ETo.

3.2 Study Area and Datasets

Punjab is called as “India’s bread basket”, located from 29°32 N to 32°32 N latitude

and 73°55 E to 76°50 E longitude) and has 4.20 million ha land under cultivation.

The area under Wheat cultivation is 3.4 million hectare (ha) with a production of

14.9 million [178] and the state contributes 60% of the Wheat crop to the central

pool. Since the central zone of Punjab is facing problem of declining water table,

increased energy cost for pumping, and scanty rainfall, there is a need to manage the

available surface water and ground water resources optimally to sustain agriculture.
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Over-irrigation can cause to waterlogging, water wastage, nutrient leaching in

the soil, and polluting the groundwater resources. To avoid such negative impact,

proper policies and measures are needed for the quantification of crop growth as

well as water. This section describe the study area and various types of dataset.

3.2.1 Geographical Conditions

Punjab is classified into five Agro-Climatic Zones (ACZ) i.e. Central Plain, Sub-

Mountain, Western plain, Undulating Plain, and Western. The climatic data of the

district Patiala, Hoshiarpur, Ludhiana, and Amritsar stations have been received

from India Meteorological Department (IMD), Pune, India. The Hoshiarpur station

is located at 31.5◦E latitude and 75.9◦S longitude. The Patiala station is located at

30.33◦E latitude and 76.38◦S longitude. The elevation of the Hoshiarpur and Patiala

stations are (296 m and 351 m) above sea level. Ludhiana is centrally located of

Punjab at (30° 54’ N latitude, 75° 48’ E longitude), and an 247m elevation. The

location of the climatology station, and its map of the study area as shown in Fig.

3.4. The climate of Hoshiarpur area has a hot, dry summers and very cold in winters.

The soil types are calcareous sand, silt, and sandy loam. The Patiala station climate

has hot and semi-arid which is mainly dry in summers and winters are on their peak

except during monsoon. Also, Patiala soil types are arid-brown and tropical arid-

brown. Ludhiana has semi-arid climate with hot summer and mild winter seasons.

The proposed model have been developed using three different types of datasets.

� Weather Dataset: The proposed model is developed for the estimation of ETo

using daily weather dataset of Punjab from IMD, Pune. Daily meteorological

data during (1970-1999 and 2007-2016) of Thirty-eight years for Patiala station

and 1978-1999 and 2007-2016 of Thirty-one years for Hoshiarpur station is

considered for study. Six attributes such as Solar Radiation (Rs), Wind Speed

(u2), Temperature maximum (Tmax) and minimum (Tmin), Average Relative

Humidity (RH), and Sunshine Hours (Is) are used for this study.

� Crop Dataset: In this study two crops are considered Wheat and Maize, and its

characteristics such as crop type and variety, planting and harvesting period,

and total crop growth days with different number of stages are obtained from

PAU package of practice for crops and vegetables, Ludhiana [179]. The four

stages of crop growing period from date of sowing and their correspondence

crop coefficient (Kc) values are taken from PAU, Ludhiana.

� Soil Dataset: The soil pH and electrical conductivity (EC) of the soil are

7.99 and 0.31 DSM values are obtained from the Department of Soil Science,

PAU, Ludhiana respectively. Table 3.1 shows the statistical parameters of
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meteorological variables at Hoshiarpur and Patiala sites. Table 3.2 and Table

3.3 shows the correlation coefficients of the two dataset respectively.

Table 3.3: Cross-correlation matrix of dataset at Hoshiarpur

Tmin Tmax RH u2 Is Rs ETo

Tmin - 0.84 -0.18 0.21 0.14 0.57 0.81
Tmax 0.84 - -0.37 0.17 0.31 0.66 0.82
RH -0.18 -0.37 - -0.16 -0.31 -0.41 -0.29
u2 0.21 0.17 -0.16 - -0.05 0.14 0.20
Is 0.14 0.31 -0.31 -0.05 - 0.84 0.58
Rs 0.57 0.66 -0.41 0.14 0.84 - 0.91
ETo 0.81 0.82 -0.29 0.20 0.58 0.91 -

Table 3.4: Cross-correlation matrix of dataset at Patiala

Tmin Tmax RH u2 Is Rs ETo

Tmin - 0.85 -0.30 0.06 0.16 0.59 0.81
Tmax 0.85 - -0.56 0.11 0.34 0.68 0.81
RH -0.30 -0.56 - -0.27 -0.38 -0.51 -0.42
u2 0.06 0.11 -0.27 - 0.13 0.20 0.16
Is 0.16 0.34 -0.38 0.13 - 0.82 0.58
Rs 0.59 0.68 -0.51 0.20 0.82 - 0.91
ETo 0.81 0.81 -0.42 0.16 0.58 0.91 -

3.3 Methods

3.3.1 FAO-56 Penman-Monteith

In this section, the estimation of ETo is done by the PM method, which is

introduced by the Land and Water Development Division of Food and Agriculture

Organization (FAO) of the United Nations.

The FAO-56 Penman-Monteith (PM) is broadly used to estimate ETo from mete-

orological factors (Eq 3.1) and it is suggested as the standard technique by FAO [13].

FAO56-PM method is renowned for being the most accurate model and it can be

used for hourly or daily time stamps. For hourly time stamps, the equation is as

shown [8]:

ET0 =
0.408 ·∆ · (Rn −G) + γ · 900

Tmean+273 · u2 · (es − ea)

∆ + γ(1 + 0.34u2)
(3.1)

where, (FAO56-PM) method is applied to calculate the reference crop evapo-

transpiration ETo (mm/day−1) using Eq. (3.1).
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3.3.2 Random Forest (RF)

Random forest (RF) provides the many key advantages over other well-known

classifier models, because of it’s non-parametric nature. RF technique, is relatively

new approach developed from the decision tree that aggregates the predictions from

many decision trees on different subsets of data [180]. It combines an ensemble

of decision trees to improve prediction accuracy and demonstrate a more robust

capacity in terms of incurring the over-fitting problem and resisting noise data. Fig.

3.1 shows the structure of Random Forest.

Random Forest 

0 1 3 82 4 5 9

Tree-1 Tree-2 Tree-3 Tree-n

Class-A Class-B Class-C Class-n

Majority Voting

Final Class

........

........

...

Figure 3.1: Structure of random forest

The study presents a detailed methodological insights to model setup and val-

idation of the underlying machine learning approach with RF. Further, a detailed

methodological insights to set up model and validate the underlying machine learn-

ing approach with the RF method is presented. RF is an ensemble learning tech-

nique, in which the performance of several weak learners is boosted via a voting

scheme. It also provides higher classification accuracy than the other classifier mod-

els. Moreover, RF is a powerful classification (in the case of a nominal response)

and regression (the case of a numeric response) approach, which is currently an ac-

tive research area and successfully solves problems in many domains. It has been

applied in many applications such as remote sensing, image classification, medicine,

48



3.3. METHODS

neuroscience, bio-informatics etc [181]. The steps of the random forest algorithm

are summarized in Algorithm 3.1.

Algorithm 3.1: The steps of random forest algorithm

1. Bootstrap sampling: Generate ntree bootstrap sample sets from the origi-
nal training dataset.

2. Random-forest tree growing: Grow a tree for each bootstrap for the dataset,
at each node, select the best split among a randomly selected subset of
input variables (mtry), which is the tuning parameter of random forest
algorithm.

(a) Randomly select sample ”k” variables from all the input variables
”m”.

(b) Pick the best split predictor from those k features, where k < m, and
m is a number of all input variables.

3. Ensemble averaging: Predict new output by averaging the outputs of n
classification trees when new inputs are fed into RF. Assemble informa-
tion from the ntree for new dataset prediction such as majority voting for
classification.

4. Out-of-bag error estimation: Compute an out-of-bag (OOB) error rate by
using the data, not in the bootstrap sample.

The number of trees is referred to as ntree. For each split in a tree, mtry ran-

domly drawn predictors are assessed as candidates for splitting and the predictor

that yields the best split is chosen. The default values for mtry are
√
p for classifica-

tion and p/3 for regression. For regression models, the prediction error is returned

as a mean squared error (MSE).

3.3.3 Gradient Boosting Machine (GBM)

Gradient Boosting Machine (GBM), is introduced by Friedman [182]. The idea of

gradient boosting originated in the observation by Breiman [183] and stated boosting

can be interpreted as an optimization algorithm on a suitable cost function. GBM is

a machine learning technique that combines two powerful tools: Gradient-based op-

timization and Boosting. Gradient based-optimization uses gradient computations

to minimize a model’s loss function with respect to training data and it also used

for predictive results for regression or classification. It is also an ensemble learning

method and provides high-prediction accuracy and often outperforms many com-

peting methods, such as linear regression/classification, bagging [180].

GBM can be used in multiple predictive fashions such as regression or tree based

classification. In GBM [184], the learning process constantly fits new models to yield

a more accurate estimate of the response variable. The main perception behind this

algorithm is to develop the new base-learners to be maximally correlated with the
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negative gradient of the loss function and combine with the whole ensemble. The

five parameters are used to build the GBM model such as the number of trees, the

depth of the tree, the learning rate, the sample rate, and distribution. Moreover,

other tuning parameters are defined at their given default values in GBM book-

let [184]. GBM for classification is defined in Algorithm 3.2.

Algorithm 3.2: The steps of gradient boosting machine algorithm

1. Initialization:
Initialize fk0 = 0, k = 1, 2, 3, ...., K

2. Calculate Error loss:
For m = 1 to M

(a) Set = pk (x ) =
e
f
k(x)∑K

l=1 efl (x)
for all k = 1 , 2 , 3 , ...K

(b) For k = 1 to K

i. Computerikm = yik − pk(xi), i = 1, 2, ..., N

ii. Fit a regression tree to the targets
rikm, i = 1, 2, ..., N, giving terminal regions Rjkm, i = 1, 2, ..., Jm

iii. Compute yjkm = K−1
K

∑
xi ϵRjkm

(rikm )∑
xi ϵRjkm

|rikm |(1−|rikm |) , j = 1 , 2 , ..., Jm

iv. Update fkm(x) = fk,m−1(x) +
∑Jm

j=1 yjkmI(x ϵ Rjkm)

(c) END

3. Output fk(x) = fkM (x), k = 1, 2, 3, ..,K

END

The above algorithm considers multi-class classification k-regression trees, where

one tree represents each target class. The indexm tracks the number of weak learners

to be added to the current ensemble. Within this outer loop, there is an inner loop

across each of the K classes. The first line initializes optimal constant model, which

is just a single terminal node. Within this inner loop is to compute the residuals,

rikm, which are the actually gradient values for each N bins in the CART model.

A regression tree is then becomes fit to these gradient computations. This fitting

process is distributed and paralleled. Further, inner loop is to add the current model

to the fitted regression tree to improve the accuracy of the model during the inherent

gradient descent step. After M iterations, the final ”boosted” model can be tested

out on new data.

3.3.4 Generalized Linear Model (GLM)

Generalized linear model (GLM) extend the concept of the well understood linear

regression model which is widely used in field of hydrology and meteorology [185]
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[186], using a machine learning technique. An application of GLMs for simulation

of daily sequences of potential evaporation for hydrological applications model is

given [187]. The theory of generalized linear model (GLM’s) has been reviewed

thoroughly [188].

GLM model can be fitted by solving the maximum likelihood optimization prob-

lem. In this chapter, GLM is implemented and fitted with elastic-net penalties [189].

The elastic net penalty is used for parameter regularization. The model fitting com-

putation is distributed, extremely fast and scaled well for models with a limited

number (∼ low thousands) of predictors with a non-zero coefficient.

GLM is the model for solving the following likelihood optimization with param-

eter regularization:

maxβ,β0(GLMLog − likelihood–RegularizationPenalty). (3.2)

where β is the maximum likelihood, β0 represents the vector coefficient and y

is the independent observations vector. The Eq. (3.2) presents the algorithm for

the elastic-net, which include the least absolute shrinkage and selection operator

(LASSO) and Ridge regression functionalities. GLM model penalties have been

used to avoid over fitting, deal with corrected predictors and reduced the variance

of the prediction error. The Ridge regression and LASSO are the popular penalized

models that provide a feasibility and an elastic-net which combines both penalties

for predicting the model. These penalized parameters are known as L1 and L2

penalties and these are parameterized by the α and λ arguments presented [182].

Elastic net regularization penalty is the weighted sum of the L1 and L2 norms of

the coefficients vector.

By using this approach, α handles the elastic net penalty distribution between

the L1 and L2 norms. However, it can have any value in the [0; 1] range or a vector

of values (which triggers grid search). If α = 0, it determines the GLM model using

ridge regression. If α = 1, the LASSO penalty is used. In case of λ, it handles the

penalty strength in which the range is computed as a positive value or a vector of

values. However it, models the likelihood of an observation belonging to an output

category from given data (for instance Pr(y = c|x )) and refer as Eq. (3.2). The

likelihoods are demonstrated as follows:

ŷc = Pr(y = c|x) = ex
T βc+βc0∑K

k=1(e
xT βk+βk0)

(3.3)

When the output response variable y has K > 2 levels, the Eq (3.3) and Eq (3.4)

can be generalized to a multinomial model. The multinomial model extends the

binomial when the number of classes is more than 2.

The regularized multinomial classification probabilities with elastic net are de-
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fined as follow:

−[ 1
N

∑N
i=1

∑K
k=1(yi,k(x

T
i βk + βk0))− log(

∑K
k=1 e

xT
i βk+βk0)]

+λ[
(1− α)

2
||β||2F + α

∑P
j=1 ||βj||1]

(3.4)

,where the Eq (3.4) presents the GLM parameter β is determined by maximum

likelihood estimation and is a p X K matrix of coefficients, βk refers to the kth

column (outcome category), βj the jth row (vector of K coefficients for variable j).

βc is a vector of coefficients for class c, j denotes the penalty factor for the jth

variable and yi,k is the kth element of the binary vector developed by extending the

response variable using one-hot encoding (i.e. yi,k == 1 if the response at the ith

observation is k; otherwise is it 0.)

The regularization parameters α and λ are tune in order to find the optimal one

and it provides a grid search over α and a certain form of grid search called “lambda

search ”over λ.

However, the value of parameter α = 0.5, λ = 1.0E-5 is considered. Lambda

search enables efficient and automatic search for the optimal value of the lambda

parameter.

3.3.5 Deep Learning (DL)

Deep feed-forward neural networks are based on Multi-layer Perceptrons (MLPs)

[190]. A Neural network (NN), or Artificial Neural Network (ANN), is an informa-

tion processing system that consists of a directed graph with activation functions

associated to each node. DL is based on high-level artificial neural networks whose

parameters are optimized via stochastic gradient decent using back-propagation. A

multi-layer DL model has been implemented by considering a number of multiple

hidden layers and rectified linear active function. Thus, our model is trained with

stochastic gradient descent using back-propagation. Fig. 3.2 shows the structure of

the Deep Learning model. The DL structure, it consists input layer, first hidden

layer hj, the second hidden layer hk, the third hidden layer hL and final output layer.

Deep learning approach supports many advanced features for learning, optimiza-

tion and to overcome the over-fitting of the model. [191]. A perceptron’s consist of

a vector of weights w=[w1, w2. . . .wn], one for each input xi= [x1, x2. . . .xn], a dis-

tinguished weight b, called bias, so the weighted sum Y(net) can be computed by

Eq. (3.5).

Y (net) =
n∑

i=1

wi ∗ xi + b (3.5)

In addition, the activation function is applied to the input variable (xi) which is

then multiplied with the (w) and added to the (b) function.
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X1Maximum Temp (Tmax)

X2Minimum Temp (Tmin)

X3Average Temp (Tavg)

X4Wind Speed (u2)

X5Relative Humidity (RH)

X6Sunshine Hours (Is)

X7Solar Radiation (Rs)

hj

hk

hL

Yi ETo

Inputs Hiddenlayer3Hiddenlayer2Hiddenlayer1 Output

H1 = 40 H2 = 60 H3 = 40

ReLU
hidden layer

Softmax

Xi Wij

Wik WiL

Wip

Figure 3.2: Architecture of deep learning

The weighted combination of input signals is aggregated, and then an output

signal is transmitted by the connected neuron. The function f(x) represents the

non-linear activation function used throughout the network, and the bias b accounts

for the neuron’s activation threshold. The weights of each node are learned through

the process of forward propagation and backward propagation changes the weights

based on a computed output and update the weights to minimize the error.

The Rectified Linear Unit (ReLU) function has demonstrated high performance

on image recognition tasks. It is more biologically accurate and computationally

cheaper. The ReLU is expressed by Eq. (3.6):

f (x ) = max (0 , x ) (3.6)

The derivative of ReLU is:

f ′(x) =

{
1, if x > 0

0, otherwise

}

The multinomial classification for calculating loss function is defined as Cross

Entropy and is calculated by Eq. (3.7):

53



CHAPTER 3. REFERENCE EVAPOTRANSPIRATION ETO USING H2O
FRAMEWORK

L(W,B|j) = −
n∑

yϵO

(ln(O(j)
y ) ∗ (t(j)y ) + ln(1−O(j)

y )

∗(1− t(j)y ))

(3.7)

A three-layer deep learning model algorithm steps are summarized as follows:

From input layer to first hidden layer f(hj) with relu activation, which can be

expressed by Eq. (3.8)

f(hj) = ReLU(
∑
i

(xi ∗ wij) + bj) (3.8)

From first hidden layer f(hj) to second hidden layer f(hk), which can be ex-

pressed by Eq. (3.9)

f(hk) = ReLU(
∑
j

(hj ∗ wik) + bk) (3.9)

From second hidden layer f(hk) to third hidden layer f(hL), which can be ex-

pressed by Eq. (3.10)

f(hL) = ReLU(
∑
k

(hk ∗ wiL) + bL) (3.10)

From third hidden layer f(hL) to output soft-max layer pL, which can be ex-

pressed by Eq. (3.11)

pL = softmax(
∑
L

(hL ∗ wip) + bp) (3.11)

Soft-max activation function is a type of sigmoid function, which can handle

several classes in the classification problem. The output of soft-max function is

equivalent to a probability distribution.

Y = softmax(xi =
exp(xi)∑k

k=1(exp
(xi))

) (3.12)

,where xi represents i th element of the input to soft-max, which correspond to

class i and k that are the number of classes.

The output layer error between the target and the observed output is calculated

by Eq. (3.13) to Eq. (3.17). Here, the equations show that stochastic gradient

descent has been applied to update the weights and bias via back-propagation for

minimizing the prediction error. Standard (SGD) can be summarized as follows,

with the gradient ▽ L (W,B|j) computed via back-propagation and the partial

derivatives.
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wjk = wjk − α
δL(W,B|j)

δwjk

(3.13)

bjk = bjk − α
δL(W,B|j)

δbjk
(3.14)

net =
∑
i

(wjk ∗ xi + bjk) (3.15)

Y = activation(net) (3.16)

E = error(Y ) (3.17)

where, updated weights wjk ∈ W , biases bjk ∈ B, α represents a learning rate to

compute the parameters W and b with iterations which is expressed by Eq. (3.13)

and (3.14). Y = output of layers or neurons; x i = input layer i to hidden neurons;

w i, wk, wL, w p = weight connection among input and a hidden layer or neurons

from input i to layer p; bj, bk, bL, bp = bias of hidden neurons of each hidden layer.

3.4 Proposed Model

3.4.1 H2O Framework

H2O provide a Java-based platform for more scalable, fast and open source

machine learning, recently applied in more than 2000 corporations [191] [189] [184].

H2O framework is focused on scalable machine learning as the API for big data

applications. It is an open source platform which mainly focuses on scalable machine

learning and interactive data science.

Figure 3.3: Reference evapotranspiration ETo estimation framework
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H2O uses in-memory Map-Reduce paradigm to distribute work. One of its ad-

vantages is the clever distribution of data chunks. When H2O imports a file, it does

so in distributed fashion, i.e., each node tries to load it in parallel (number of cores,

nthreads). When the data file is parsed, it gets split into several data chunks. H2O

tries to have more data chunks than CPU cores. Since it uses Map-Reduce paradigm,

it is often useful to look in different chunks in map phase than the one map worker

is given. H2O assumes that such lookups are more likely to data chunks that are

nearer to the given chunk. Due to this reason, H2O tries to keep these chunks in

the same node. Another benefit of using H2O is the simplicity of deployment.

The proposed H2O framework model consist of four phases to collect, process and

analyze the dataset. Fig 3.3 represents the proposed H2O framework for prediction

the ETo of two stations. Our methodology consists of four steps. It shows the

four phases of the framework (i) Data sources, (ii) Data Pre-processing, (iii) Data

Modeling, and (iv) Data Prediction.

Data Sources:

Data collection is same as the case study presented in section 3.2.1. In this section,

we briefly discuss about the study area and climate datasets as shown in Fig 3.4.

Figure 3.4: Study area’s in Hoshiarpur and Patiala
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Data Pre-processing:

In this section, the data is processed using imputation method, such as MissForest

package. The missForest package is a non-parametric imputation method. Missing

data treatment (MDT) has been generally mentioned in the data-driven studies

of psychology, social science, transportation, biology, and behavioral science [192].

However, the missing values in datasets have negative impacts on the estimation of

accurate predictive accuracy and therefore, could lead to inconsistent results.

MissForest is a random forest-based method to impute phenomic data [193]. In

this study, MissForest calculation is utilized to estimate the missing information as

shown in Fig. 3.5. This process is carried out in three rounds.
Round 1. esoph.imp2 ← missForest(esoph.mis1, verbose= TRUE, maxiter = 5,

ntree = 100)
Round 2. esoph.imp3 ← missForest(esoph.mis1, xtrue = esoph.imp2$ximp, ver-

bose = TRUE)
Round 3. esoph.imp4 ← missForest(esoph.mis1, xtrue = esoph.imp3$ximp, ver-

bose = TRUE)

In the first process of iteration, the imputation of missing values have been

divided by the data into three chunks, i.e. chunk 1, chunk 2, and chunk 3. For each

Sample X dataset missing values are imputed by first fitting a random forest with

response Y obs and predictors x obs; Secondly, predicting the missing values ymis by

applying the trained random forest to xmis. MissForest uses an iterative imputation

scheme by training a RF on observed values for each variable, followed by predicting

the missing values, and then proceeding iteratively until the stopping criteria is

met. Besides, it can be run parallel to save computation time and the OOB (out-

of-bag) imputation error to evaluate the continuous and categorical parts of the

imputed datasets. OOB is a method for calculating prediction error in random

forest approach.

The performance of this evaluation is observed by comparing the absolute differ-

ence between true imputation error (errortrue) and OOB imputation error (errorOOB)

in all simulation iterations. The method is repeated until the imputed values reach

convergence.The difference for the set of continuous variables N in the data set is

computed by Eq (3.18):

△N =

∑
jϵN (Ximp

new −Ximp
old )2∑

jϵN (Ximp
new)2

(3.18)

The normalized root mean squared error (NRMSE) is calculated by Eq. (3.19):

NRMSE =

√
mean((Xtrue −Ximp)2)

var(Xtrue)
(3.19)

where Xtrue − is the total data matrix, Ximp − is the imputed data matrix and
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mean/var − are empirical mean and variance computed over the continuous missing

values.

In this section, the algorithm demonstrated that how missing data imputed in the

dataset.The algorithm steps are summarized in Algorithm 3.3. The process of Miss-

Forest to impute the missing values is as follows:

Algorithm 3.3: The steps of missforest algorithm

1. X −→ n × p matrix, divide X sample into chunks X1,2,3...N .

2. Ximp ←− Calculate the number of variables that have missing values
and Impute the values.

(i) for X in Chunk = 1,2,3, do and Iteration = Round 1 to Round 3,

(ii) Store the previously imputed values in Ximp
old

(a) Fit a random forest: Y
(c)
obs ∼ X

(c)
obs,

(b) Predict Ymis using Xmis

(c) Update the new imputed values in Ximp
new

(d) end for

3. Compute Error between OOBerror and NRMSE error Xtrue(Complete
data) and Ximp (Imputed data).

4. Return the imputed matrix Ximp

5. Combine the Dataset of Chunks

Where, Xs is observed values denoted by Yobs and missing values denoted by

YmisX
imp
old and Ximp

new denotes new and previously imputed data matrix using predicted

Ymis. Error results obtained by MissForest for Hoshiarpur and Patiala is shown in

Table 3.4.

Table 3.5: Estimated error results of two dataset using missforest

NRMSE Chunk1 Chunk2 Chunk3
HSP PTL HSP PTL HSP PTL

1. OOBE 0.1879 0.1577 0.1520 0.1357 0.1743 0.1533
2. OOBE 0.1874 0.1567 0.1495 0.1368 0.1734 0.1524
Error 0.0656 0.0387 0.0686 0.0416 0.0823 0.0459

3. OOBE 0.1872 0.1565 0.1517 0.1362 0.1737 0.1524
Error 0.0470 0.0413 0.0605 0.0591 0.0402 0.0444

During simulation, it is observed that MissForest performed the best in each

chunk of dataset. The imputation procedure is repeated until a stopping criterion

is defined. Furthermore, data division is an essential phase in the modeling process.

Various researchers divided the data into training and testing dataset, based on

domain knowledge or arbitrarily.
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In this study, the dataset is split into three subsets (Training, Validation, and

Testing) datasets. The training set consists of 55%, validation set consists of 30%

and testing set consists of 15% of the original dataset. These divisions are selected

based on several iterations. Then, the optimal values have been selected to avoid

the over-fitting problem. The procedure of H2O framework shown in Fig. 3.6.

Figure 3.6: The procedure of H2O model

Data Modeling and Prediction

In this stage, the DLs, GLMs, GBMs, and RFs models are trained by using training

dataset. After receiving the best accuracy from the training dataset, validation

dataset is applied to evaluate the model accuracy. After achieving best accuracy

from training and validation datasets, the model is applied to the testing dataset.

In the fourth step, the prediction values are evaluated. The flowchart of proposed

ETo estimation model is shown in Fig. 3.7.

3.5 Simulation

Based on the simulation parameter settings described in section 3.4, this section

presents the prediction performance of the applied models. This study has been

conducted with H2O software and R-studio [194]. Four data-driven methods(DL,

GLM, GBM and RF) have been developed in this study to simulate and predict the

daily ETo for Hoshiarpur and Patiala stations. The essential parameters used for

considered models are illustrated in Table 3.5.
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Figure 3.7: Flowchart of ETo estimation based on H2O framework

Table 3.6: Model Hyper-parameters for ETo model

Model-Name Parameters

DL hidden layer= (40,60,40), actfunction= Rectifier, epoches= 100,
L1= 1e-5, Distribution= multinomial

GLM lambda= TRUE, solver= IRLSM, and nlambdas = 100
GBM ntree = 200, max depth = 30, sample rate = 0.2 and learning rate

= 0.1
RF ntree = 100, max depth = 50, mtries = 5 and score each interval

= TRUE, distribution= multinomial

3.5.1 Evaluation of Model Parameters

In this section, to evaluate the performance of models, the following statistical indi-

cators have been selected using Mean Square Error (MSE), Root Mean Square Error
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(RMSE), Normalized Root Mean Square Error (NRMSE), Root Mean Square Loga-

rithmic Error (RMSLE), Pearson Correlation (R), Coefficient of Determination(R2),

Logloss(LL), Nash-Sutcliffe Efficiency (NSE), Accuracy (ACC) and Mean Per-Class

Error (MCE). Here, R2 and ACC present with largest values and RMSE, MSE,

NRMSE, and LL with lowest values in terms of mean higher model efficiency.

(i) MSE: The Mean Squared Error of an estimator observed for estimating actual

is and if MSE observed is smaller, then it is a better estimator of actual and

calculated by Eq. (3.20).

MSE =
1

N

N∑
i=1

(ET i
o,PM − ÊT i

o,M)2 (3.20)

(ii) RMSE: The Root Mean Squared Error determines the precision of the model

by comparing the deviation between the predicted and real data. The RMSE

has always a positive value and is calculated by Eq. (3.21).

RMSE =

√√√√ 1

N

N∑
i=1

(ET i
o,PM − ÊT i

o,M)2 (3.21)

(iii) NRMSE: The Normalized Root Mean Squared Error, normalizing the RMSD

facilitates the comparison between datasets or models with different scales.For

RMSE we can find these kinds of normalization and is calculated by Eq. (3.22).

NRMSE =

√
1
N

∑N
i=1(ET i

o,PM − ÊT i
o,M)2

nval

nval =

sd(Oi), norm = ”standard deviation”

Omax −Omin, norm = ”max min”

(3.22)

(iv) RMSLE: The Root Mean Square Logarithmic error computes the root mean

squared log error between two numeric vectors and is calculated by Eq. (3.23).

RMSLE =

√√√√ 1

N

N∑
i=1

(log(ET i
o,PM + 1)

×
√
−log(ÊT i

o,M + 1))2

(3.23)

(v) R : The R represents the Pearson correlation between actual and predicted
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value and is calculated by Eq. (3.24)

(r) =

∑N
1 (ET i

o,PM − ET i
o,PM)(ÊT i

o,M)− ÊT i
o,M)√∑N

1 (ET i
o,PM − ET i

o,PM)2
∑N

1 (ÊT i
o,M − ÊT i

o,M)2
(3.24)

(vi) R2: The coefficient of determination is computed by taking the square of R

(Correlation) and calculate by Eq. (3.25).

r2 = r ∗ r (3.25)

(vii) LL: Log-loss measures the performance of a classification model where the

prediction input is a probability value between 0 and 1. It is calculated by Eq.

(3.26).

LL = − 1

N

N∑
i

P∑
j

ET i
o,PMij

log(̂ET i
o,M) (3.26)

(viii) NSE: The Nash-Sutcliffe Efficiency is a normalized statistic that determines

the relative magnitude of the residual variance (”noise”) compared to the

measured data variance (”information”) and calculated by Eq. (3.27).

NSE = 1−
∑N

i=1(ET i
o,PM − ÊT i

o,M)2∑N
i=1(ET i

o,PM − ET i
mean)

2
(3.27)

(ix) Accuracy: Number of classes correctly identified as either truly positive or

truly negative out of the total number of classes and defined as Eq. (3.28)

ACC =
TP + TN

N
× 100 (3.28)

(x) RAE: Relative Absolute Error, is the residual sum of square, where actual bar

is a actualmean, that the total absolute error and normalizes it by dividing it

by the total absolute error as Eq. (3.29)

RAE =

∑N
i=1 |ÊT i

o,M − ET i
o,PM |∑N

i=1 |ET i
o,PM − ET i

o,PM |
(3.29)

where, ETi
o,PM is observed/actual values, ET i

o,PM is actualmean, ÊT i
o,M is simu-

lated or predicted value and N as total number of data points, TP and TN is True

Positive and True Negative, FP and FN is False Positive and False Negative.
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3.5.2 Results and Discussion

The results of Hoshiarpur and Patiala stations are categorized into two sections.

The first result section describes the Hoshiarpur station results through tables and

figures.

3.5.3 Estimation of ETo using Heuristic Models at Hoshiarpur

The performance indices, including MSE, RMSE, LL, ACC are conducted for

determining the high-accuracy of deployed models of daily ETo prediction during

the training, validation and testing periods in Table 3.6. The values of RMSLE, R,

R2, NRMSE, NSE, and RAE during the training, validation and testing datasets for

DL, RF, GLM and GBM models are summarized in Table 3.8 for Hoshiarpur site.

Table 3.9: Performance comparison of DL, RF, GLM and GBM models for Hoshiarpur

Dataset DL RF GLM GBM

RMSLE Training 0.0853 0.1150 0.1112 0.0128
Validation 0.0764 0.1069 0.1123 0.0972
Testing 0.0693 0.09529 0.1023 0.0894

R Training 0.97 0.96 0.96 0.99
Validation 0.98 0.96 0.96 0.98
Testing 0.98 0.96 0.96 0.98

R2 Training 0.97 0.96 0.97 0.99
Validation 0.98 0.95 0.97 0.97
Testing 0.99 0.96 0.97 0.97

NSE Training 0.97 0.97 0.97 0.99
Validation 0.98 0.96 0.96 0.97
Testing 0.98 0.96 0.97 0.97

RAE Training 0.0468 0.0602 0.0602 0.00107
Validation 0.0376 0.0662 0.0644 0.0540
Testing 0.0346 0.0621 0.0567 0.0508

NRMSE Training 16.10% 18.20% 18.20% 2.40%
Validation 14.40% 20.30% 18.90% 17.30%
Testing 13.90% 18.70% 17.80% 16.80%

As evident from Table 3.8, the Deep learning (DL) provided the best accuracy

results (MSE= 0.0369, RMSE= 0.1921, LL= 0.126, ACC= 0.95, MCE= 0.04187).

Although, it presents global average performance of heuristic models DL, RF, GLM,

and GBM during the testing period. It can be seen that DL model provided the

most accurate results among the considered models with average (RMSLE= 0.0693,

R= 0.98, R2= 0.99, NSE= 0.98, NRMSE= 13.90 %, RAE= 0.0346) for Hoshiarpur

station. GBM model is a slightly better than GLM model with average (MSE=

0.0522, RMSE= 0.2285, LL= 0.218, ACC= 0.932, MCE= 0.0842 and RMSLE=

0.0894, R= 0.98, R2= 0.97, NSE= 0.97, NRMSE= 16.80%, RAE= 0.0508), but

GBM gives over-fitting in case of training dataset.
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Generally, GLM had slightly better accuracy than RF with (MSE= 0.0641,

RMSE= 0.253, LL= 0.235, ACC= 0.93, MCE= 0.0848) and (R = 0.96, R2= 0.97,

NSE= 0.97, NRMSE= 17.80% and RAE=0.0567).

The results obtained by four models for Hoshiarpur Station are shown in Fig 3.8,

Fig. 3.9 and Table 3.8. Violin plots represents the obtained results for predicted

and actual ETo with training, validation and testing dataset as shown in Fig 3.8.

This plot presents density of data distribution and a box plot (median, inter-quartile

range, and adjacent values) plot. Violin plots presents the comparison of distribu-

tions between multiple group of models. Fig. 3.12 presented predicted and actual

estimated ETo of the models during the testing period for Hoshiarpur stations.

d
-1

d
-1

d
-1

Figure 3.8: Estimated ETo for actual and predicted results of Hoshiarpur

66



3.5. SIMULATION

A C
D

B

F
ig
u
re

3
.9
:
R
es
u
lt
s
fo
r
D
L
,
R
F
,
G
B
M
,
an

d
G
L
M

of
H
os
h
ia
rp
u
r

67



CHAPTER 3. REFERENCE EVAPOTRANSPIRATION ETO USING H2O
FRAMEWORK

3.5.4 Estimation of ETo using Heuristic Models at Patiala

The DL, RF, GLM and GBM models have been evaluated using training, vali-

dation and testing datasets (0.55%, 0.30%, and 0.15% splitting). The performance

of the DL is found to be better than the other models in estimating ETo for Patiala

station as shown in Table 3.7 and Table 3.9.

Model Training

d
-1

FAO56-PM

FAO56-PM

Model Validation

d
-1

FAO56-PM

FAO56-PM

Models

FAO56-PM

Model Testing

d
-1

Figure 3.10: Estimated ETo for actual and predicted results of Patiala

The values of RMSE, MSE, LL, ACC, MCE results during the testing period for

the applied models are given in Table 3.9. The DL model values of (MSE= 0.0442,

RMSE= 0.210, LL= 0.162, ACC= 0.94, MCE= 0.0594) and (R= 0.98, R2= 0.97,

NSE= 0.97, NRMSE= 16.20%, RAE= 0.0454) shown in Table 3.9.

Similarly, the values of (MSE= 0.0502, 0.0590 and 0.0605, RMSE= 0.0224, 0.243

and 0.245, LL= 0.1951, 0.2158 and 0.2864, ACC= 0.93, 0.92 and 0.91) (0.55%, 0.30%

and 0.15% splitting) respectively obtained for the GBM, GLM, and RF models

during the testing period. Comparisons of daily ETo between measured and modeled

by DL, RF, GBM and GLM models in the testing period for Patiala site is shown

in Fig. 3.11.
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Table 3.10: Performance comparison of DL, RF, GLM and GBM models for Patiala

Dataset DL RF GLM GBM

RMSLE Training 0.0738 0.0088 0.0939 0.0256
Validation 0.0863 0.1046 0.0971 0.0862
Testing 0.0839 0.1055 0.0928 0.0837

R Training 0.98 0.99 0.98 0.99
Validation 0.98 0.96 0.96 0.96
Testing 0.98 0.96 0.96 0.98

R2 Training 0.9783 0.9998 0.9713 0.9981
Validation 0.9706 0.9537 0.9665 0.9700
Testing 0.9738 0.9542 0.9682 0.9707

NSE Training 0.97 0.99 0.97 0.99
Validation 0.97 0.95 0.97 0.97
Testing 0.97 0.95 0.97 0.97

RAE Training 0.0376 0.0003 0.0499 0.0031
Validation 0.0510 0.0684 0.0579 0.0515
Testing 0.0454 0.0667 0.0552 0.0507

NRMSE Training 14.7 1.3 16.9 4.4
Validation 17.1 21.5 18.3 17.3
Testing 16.2 21.4 17.8 17.1

It is clear from the table 3.9 that the DL model has the lowest RMSE, MSE, LL

and the highest ACC as compared to RF, GLM and GBM models. The DL model

is superior to the other models in the estimation of ETo in the testing period, with

the highest values of ACC= 0.95 for Hoshiarpur and ACC= 0.94 for Patiala station

and the lowest values of MSE= 0.0369 for Hoshiarpur and MSE= 0.0442 for Patiala.

Results obtained by four models for Patiala station are shown in Fig 3.10, Fig 3.11,

and Table 3.9.

Comparisons with the standard PM method and four models DL, RF, GBM and

GLM for predicting daily ETo in the training, validation and testing of Hoshiarpur

and Patiala sites shown in Fig 3.12 and Fig 3.13.

3.6 Summary

In this chapter four data-driven models (DL, GBM, GLM, and RF) have been

analyzed under H2O framework for evaluating daily ETo at Hoshiarpur and Patiala

sites in India. The five-fold cross-validation test has been deployed to estimate the

performance of considered models. The following conclusions are drawn from the

study-

� The combination of six input variables i.e. Tmin, Tmax, RH , u2, Is and Rs,

have filled the appropriate missing values using MissForest for estimation of

daily ETo for Hoshiarpur and Patiala.
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� The newly developed DL model showed great capabilities for ETo estimation

and performed much better than the original and calibrated RF, GLM and

GBM models. One of the most significant results to be noted is that the

Deep Learning model performed very well and showed very accurate results in

comparison of RF, GBM and GLM.

� Moreover, the DL model has avoided the over-fitting issue by giving more

accuracy on training, validation, and testing respectively. It has shown higher

robustness than conventional approaches.

� DL model provided the most accurate results among the considered models

with average (RMSLE= 0.0693, r= 0.98, R2= 0.99, NSE= 0.98, NRMSE=

13.90 %, RAE= 0.0346) for Hoshiarpur station.

� In this respect, our analysis depicts that models present high performance

for modeling daily ETo (e.g. NSE= 0.95-0.98, R2= 0.95-0.99, ACC= 85-95,

MSE= 0.0369-0.1215, RMSE= 0.1921-0.2691).
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Chapter 4

Reference Evapotranspiration ETo

using MPS

Matrix product state (MPS) is a well-designed class of tensor network states that

plays an important role in processing quantum information. The MPS, as a one-

dimensional array of tensors, can be used to classify classical and quantum data. In

this chapter, we have investigated matrix product state models for classification and

to predict the reference evapotranspiration ETo.

4.1 Overview

Quantum computing is a winsome field that deals with theoretical computational

systems (i.e., quantum computers) combining visionary ideas of Computer Science,

Physics, and Mathematics. It concerns with the behavior and nature of energy at

the quantum level to improve the efficiency of computations. Quantum computing

relies upon the quantum phenomena of entanglement, superposition and interference

to perform operations, which are generally considered as resources for this speed up.

Although, the full influence of quantum computing is probably more than a

decade away. But, it has the potential to transform the information processing and

promises a wide range of applications in the area of quantum chemistry, high energy

physics and condensed matter, which are not tractable on classical computers.

In the last decade, the simulation of open and closed quantum systems has got

overwhelming response. The study of tensor network theory taking a central role in

quantum physics and beyond. It is simply a countable group of tensors associated

by contractions. Tensor network states are a new language, based on entanglement,

for quantum many-body systems. Tensor network states are classified on the basis

of dimensions along which the tensors are traversed. It is widely used to simulate

strongly entangled correlated systems and to represent quantum states and circuits.

Tensor network methods is the term associated with the tools, which are widely

employed in experimental and quantum theoretical applications of machine learn-
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ing. The matrix product state (MPS) is the most prominent example of tensor

network states which is maximally unbalanced. It can be observed by the maximum

entanglement entropy without even forfeiting one-dimensional distributions expres-

siveness. Matrix product tensor networks has the ability to surround the whole

input or output state space.

By using classical resources, tensor networks have shown impressive results for

supervised and unsupervised learning tasks. Recently, MPS method have been in-

troduced to compress the weights of neural network layers and classify the images.

Matrix product state (MPS) as one-dimensional array of tensors can be used to

classify classical and quantum data.

Quantum computing can also bring revolution through its ability to handle ex-

perimental data, which can produce numerous solutions in various areas such as

healthcare, smart city, smart agriculture etc.

We have performed binary classification of agriculture dataset encoded in a quan-

tum state. Further, this study investigated the performance by considering different

parameters on the ibmqx4 quantum computer and proved that MPS circuits can be

used to attain better accuracy.

Further, the learning ability of MPS quantum classifier is tested to classify evap-

otranspiration (ETo) for Patiala meteorological station located in Northern Punjab

(India), using three years of historical dataset (Agri). Furthermore, the performance

metrics are used to measure its capability.

4.2 Matrix Product State (MPS)

Matrix product state concedes the extent of entanglement in bond dimensions. It

is a method of tensor network, where the tensors are connected in a one-dimensional

geometry. In fact, any pure quantum state can be described by substituting the

coefficients. In MPS, a pure quantum state |ϕ⟩ is given in Eq. (4.1):

|ϕ⟩ =
d∑

σ1,σ2,...σL

Tr[Mσ1
1 Mσ2

2 ...MσL
L ] |σ1, σ2, ...σL⟩ (4.1)

where Mσi
i are complex square matrices, d is dimension, σi represents the indices

i.e. {0, 1} for qubits and Tr() denotes trace of matrices [195].

Figure 4.1: Representation of MPS with five sites

Figure 4.1 shows the MPS as one-dimensional array of tensors and an instance
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of finite system of 5 sites. It provides an efficient approximation of realistic local

Hamiltonians and can be produced sequentially by tensors.

4.3 Encoding of Classical Data

In quantum mechanics, the N independent systems can be combine by performing

tensor product operation on their respective state vectors [193] [196]. The feature

map is consider as shown in Eq. (4.2)

ϕd(x) = ϕs1(x1)⊗ ϕs2(x2)⊗ ...⊗ ϕsN (xN) (4.2)

where sj are indices run over the local dimension d such that d={s1, s2, ..., sN}.
Therefore, each state vector xj is mapped to full feature map ϕ(x) in a d -dimensional

space. Fig 4.2 shows the tensor diagram of full feature map ϕ(x).

s1 s2 s3 s4 s5 sN

 1  2  3 4 5 N

d
N

=
........

x =  [ x1, x2, x3, . . . , xN ]

Input Vector

Figure 4.2: Mapping of input vector to order N tensor

Before illustrating the MPS tensor network, it is very crucial to encode classical

machine learning dataset into quantum state. Consider a classical dataset S =

{(xd, yd)}Dd=1 for binary classification, where yd ∈ {0, 1} are class labels for N -

dimensional input vectors such that xd ∈ IRN . The input vectors are normalized to

lie in [−π, π]. Thus, the qubit ϕ is represented as Eq. (4.3), and Eq. (4.4).

ϕd
n = cos(xd

n) |0⟩+ sin(xd
n) |1⟩ (4.3)

ϕd
n =

[
cos(xd

1)

ssin(xd
1)

]
⊗

[
cos(xd

2)

sin(xd
2)

]
⊗ ...⊗

[
cos(xd

N)

sin(xd
N)

]
(4.4)

The N -dimensional input vectors xd ∈ IRN are mapped to a product state on

N qubits by using the feature map as shown by Eq. (4.2). The full quantum data

is represented as tensor product ϕd = ⊗N
n=1ϕ

d
n [197] [198]. Thus, the preparation

of quantum state is efficient as it only needs single-qubit rotations to encode each

segment of classical dataset n = {1, 2, ...N} in the amplitude of a qubit. Overall,
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there is no relevant cost for such encoding. Similar to classical dataset for binary

classification, quantum data set for binary classification is denoted as a set Sq =

{(ϕd, yd)}Dd=1, where yd ∈ {0, 1} are class labels for 2N -dimensional input vectors

such that ϕd ∈ C2N . It can be easily checked that quantum data as a output of

quantum circuit is in superposition state.

4.4 Quantum Circuit Classifier

=

Figure 4.3: Matrix product state quantum classifier

In this section, the MPS quantum circuit classifier is constructed for classification

of quantum data, which is made up of unitaries. An iterative approach is followed

by keeping positive trace values from N -qubit input space to output qubits. The

unitaries composed of single qubit rotations are applied around y-axis. Further,

the CNOT gate is applied to the input set, and one of the qubits (unobserved) is

discarded from each unitary. Therefore, the qubit is split into two parts for the next

layer of the circuit. This process continues till the last qubit is left to be measured.

The unitary blocks in Fig 4.3 consists of input dataset with ancilla qubit which is

initialized to zero. It can be easily traced out. Ancilla qubit can be used to execute

large class of non-linear operations. In Fig 4.3, circles denote inputs prepared in

a product state and triangles indicate unobserved qubits. At the end, when all

unitary operations interpreted in the circuit have been executed, then one qubit is

observed and used as the output qubit. The measurement on particular qubit is

carried out by applying Pauli operators in particular direction. The output qubit

determines the predicted value of the input, i.e. the class label values assigned. In

order to calculate the most likely state of output qubit, the quantum circuit can

be evaluated for number of iterations considering the same input to determine their

probability distribution in the computational basis. The MPS quantum circuit for

7 qubits is consisting inputs, unitary blocks {Ui}6i=1 and measurement operator on
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last qubit. Here, single-qubit rotations in the y-direction are followed by a CNOT

gate and discard a qubit for next layer of the quantum circuit.

In order to assess the quality of actual and predicted values of dataset, the

cost function is needed to calculate. It measures the difference between actual and

predicted values of dataset. It is given as Eq. (4.5):

Jθ =
1

D

D∑
d=1

(Mθ(x
d)− yd)2 (4.5)

where xd and yd are the input and class labels respectively, M is qubit operator,

θ represents the set of parameters to define the unitaries and D is total number of

data points. It calculates the average amount that the model’s predictions differ

from the actual values. The goal is to minimizing the cost function i.e. it must be

close to zero. Although, there exists various procedures to carry out optimization.

The conjugate gradient (CG) method is applied to to optimize the large datasets. It

is iterative and effective method to optimize the results. But, it can be break down

over multiple iterations when the function to be optimized is noisy. Alternatively,

stochastic gradient descent method can be applied which is resilience to noise.

Different parameters are used to measure the performance of MPS quantum

classifier such as accuracy (ACC), sensitivity (Sens), specificity (Spec) and gini co-

efficient. Accuracy is computed to measure the correctness of classifier, Specificity

refers the the ability of classifier to identify the negative results. Sensitivity de-

fines the true positive rate i.e. correctly identified by the classifier, Gini coefficient

determines the inequality in the distribution and it should be between 0 and 1.

(i) Accuracy:

ACC =
TP + TN

N
× 100 (4.6)

(ii) Sensitivity:

Sens =
TP

TP + FN
(4.7)

(iii) Specificity:

Spec =
TN

TN + FP
(4.8)

(iv) Gini:

Gini = 1−
N∑
i=1

p2(ci) (4.9)

, where N is the total number of data points, p(ci) is the probability of class,

TP is True positive, TN defines True negative, FP and FN represent False positive

and False negative respectively.
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4.5 Proposed Model

Data Collection and Pre-processing

The MPS based model is developed for classification using agriculture dataset.

The daily meteorological data for Patiala during (2014, 2015 and 2016) has been

utilized. It consists following parameters: maximum and minimum air temperature

(Tmax) (Tmin), relative humidity (RH), wind speed (u2), solar radiation (Rs), sun-

shine hours (Is), evapotranspiration (ETo), stand-deviation (SD), skewness (SK),

and kurtosis (K). The statistical parameters of meteorological variables at Patiala

are given in Table 4.1. Fig 4.4 presents the climate Parameters of IMD dataset.

Table 4.1: Statistical parameters of available meteorological variables and ETo of Patiala
station

Parameters Max Min Mean SD SK K
Tmin (◦C) 30.7 2.3 18.71 7.50 -0.27 -1.28
Tmax (◦C) 44.4 9.8 30.39 7.10 -0.47 -0.36
RH(%) 100 0 73.30 17.64 -0.77 -0.02
u2 (km h−1 day−1) 16 0 3.23 2.18 1.46 3.16
Is (h) 12.2 0 6.24 3.53 -0.52 -0.98
Rs (MJ m−2 day−2) 28.2 4.9 16.15 6.14 -0.01 -0.98
ETo (mm) 6 0 2.49 1.48 0.17 1.01

Figure 4.4: Parameters of IMD weather dataset

In agriculture dataset, the ETo varies from 0 to 6 classes. In order to perform

binary classification, each class is divided into three categories, the set {0, 1} comes

under LOW , {2, 3} is MEDIUM and set {4, 5, 6} is categorized to HIGH as shown

in Table 4.2. The three binary dataset is generated for classification tasks as C1, C2

and C3. Then, the input vectors are re-scaled and element-wise lie in [−π, π] and
applied binary classification to class labels.
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Table 4.2: Low, medium and high categories for the estimation of ETo

ETo Categories Classes Samples

0 (0-1)→ LOW C1 Agri1 (C1 (0) & C2 (1))
1

2 (2-3)→ MEDIUM C2 Agri2 (C2 (0) & C3 (1))
3

4 (4-6)→ HIGH C3 Agri3 (C1 (0) & C3(1))

After normalization process, the combination of samples (Agri1, Agri2 and Agri3)

are formed into pairwise on the basis of classes such as Agri1 consists data belong

to class labels C1 and C2 (now encoded as 0 and 1). Similarly, Agri2 and Agri3

consist data belong to class labels C2, C3 and C1, C3 respectively. Further, each

sample is divided into training and testing sets. The training set consists of 80% and

testing set consists of 20% of the original dataset. Further, MPS quantum classifier

is applied to the training dataset. It is repeated for number of iterations considering

the same input. After achieving best accuracy, the trained model is applied to the

testing dataset (unseen) and results are analyzed.

Development Phases

The training and testing sets are mapped into tensor network state by using

Eq. (4.2). The input vectors are encoded into quantum state for classification of

classical data on a quantum computer using Eq. (4.3). Finally, taken the tensor

product of each input quantum state to form complete quantum data so that it can

be ready to use in a quantum circuit using Eq. (4.4).

MPS Quantum Classifier

In this stage, qubit efficient MPS quantum classifier is trained using unitary

parameters and qubit rotations in chosen direction. At the end, one or more qubits

are measured using Pauli operators. Fig 4.5 shows the seven stages of proposed

methodology for model development.

Outcome

In final stage, determined the predicted value of the input, i.e. the class label

values assigned for training set after assigning it to the quantum circuit. In order

to calculate the most probable state of output qubit, the above stage is repeated for

number of iterations considering the same input. Finally, the classification results

for each sample are obtained.
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Dataset

Stage 1: Pairwise Partitioning of Dataset

Sample1 Sample2 Sample3

Binary Classification Apply on Sample Dataset

Stage 3: Partitioning of Dataset

Stage 2: Normalization  of Dataset 

Pairwise Combination of Each Sample

Training Subset Testing Subset

Stage 4: Encoding Process

Stage 5: Matrix Product State (MPS)

Measurement

Testing Dataset

Stage 6:  Validation Process

Classification Output

Stage 7: Classification Output 

Weather 
IMD Dataset

Iris 

Dataset

X1, X2,  X3, ..., Xn  
 Y1, Y2, Y3, ...,Yn 

TR1, TR2, ...,TRn TS1, TS2, ...,TSn

Sam1, Sam2, ...., Samn

Figure 4.5: Matrix product state for classification
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4.6 Simulation

In this section, the data pre-processing, encoding and managing of quantum data

that are implemented on real-time quantum device ibmqx4, open source software

and a programming language python 3.6.5 with installed Qiskit i.e. an open-source

software development kit (SDK) for working with the IBM Q quantum processors.

The ability of MPS quantum classifier is tested to classify the reference evapo-

transpiration. In experimentation, we have given qubit rotations in y-direction to

real values and parameterized the unitaries using ancilla qubit. It is represented

as four-qubit input gate consisting an ancilla qubit. It can be traced out in order

to execute non-linear operations on dataset. In order to analyze the performance

of MPS quantum classifier, the dataset in divided into three samples on the basis

of pairwise combination of class labels. Each sample consists 2/3 of the dataset.

Further, the dataset is split into a training set and testing test with 80:20 ratio to

compute the accuracy.

Here, the experiments are performed with quantum circuits of N = 4 qubits.

The datasets consisting 2500 quantum states for each of the classes y ∈ {1, 2, 3}.
The each quantum state is selected as an input into the quantum computer where

the MPS quantum classifier is implemented. The four-qubit are used as input gates

including ancilla qubit which is set to |0⟩.
Each sample of Agri dataset consists statistical parameters (given in Table 4.1)

formed by pairwise combination of classes. In order to test the ability of MPS

classifier, the dataset is trained with training set as an input. The process is repeated

considering the same input. Further, the testing set i.e. unseen data is given to

quantum classifier. The performance of the proposed model during the training

and testing period for each sample is given in Table 4.3. Compared with the each

samples of training datasets, the accuracy of testing dataset of Agri1 is just slightly

greater. It can be easily checked that training accuracy of Agri2 and Agri3 samples

is marginally higher than testing samples respectively. In case of training dataset

of Agri1 sample, the specificity is 0.98 approx i.e. MPS classifier identifies more

negative results as compared to testing set 0.76. Therefore, the true positive value

of training set is less than testing in case of Agri1.

The estimated ETo actual and predicted values (in %) for training and testing

sets of Agri1 (Sample1), Agri2 (Sample2) and Agri3 (Sample3) are plotted in Fig

4.6.

Fig 4.7 describes the results of training and testing set Accuracy, Cost, Spec,

Sens and Gini coefficient for each sample and shows the consistency in accuracy of

MPS quantum classifier.

The similarity between actual and predicted values is expressed on the basis
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Predicted

Sample1

Sample1

Sample3

Sample2
Actual Actual Actual

Actual Actual Actual

Predicted Predicted Predicted

Predicted Predicted

Sample2

Sample3

Figure 4.6: Estimated ETo actual and predicted values (%) using training (in red), and
testing (in blue) datasets with three samples

Table 4.3: Performance comparison of MPS for each samples of agriculture dataset

Sample Training Testing
Cost ACC Spec Sens Gini Cost ACC Spec Sens Gini

Agri1 0.20 79.03 0.98 0.72 0.52 0.19 80.65 0.76 0.83 0.53
Agri2 0.24 75.34 0.68 0.82 0.51 0.26 73.33 0.67 0.79 0.50
Agri3 0.21 78.73 0.73 0.89 0.61 0.22 77.04 0.77 0.75 0.53

of centered root-mean-square difference, correlation and their variations in ampli-

tude i.e. standard deviation. Fig 4.8 represents the Taylor diagrams to graphically

outline the degree of correspondence among values. It have been extensively used

to investigate the performance of models to study aspects of climatic environment.

The colors indicate actual and predicted values of different samples for Agriculture

datasets.
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Figure 4.7: Comparison of forecasting ETo results with MPS model (a) Cost, (b) ACC,
(c) Gini, (d) Sens and (e) Spec

The main advantage of MPS quantum classifier is that training can be imple-

mented with high efficiency. The mapping of classical data into MPS form i.e.

(highly dimensional) is really beneficial for generating high-order correlations be-

tween classes. The bond dimension of MPS manages the parameters of the machine

learning model. It is easy to compute and can be selected adaptively. Usually, the

bond dimension exists between (10-10,000) or more. It follows that larger dimen-

sion of bond results in higher accuracy. In fact, on selecting a extremely large bond

dimension, the model can also result in over-fitting, which is not in our case. MPS

quantum classifier have been used to avoid over-fitting as well as under-fitting, deal

with corrected predictors and reduced the variance of the prediction error. It has

been found to perform very effectively and efficiently handled big datasets. We be-

lieve that it can be adopted for many other machine learning tasks to scrutinize its

power. It has shown great learning capability for ETo estimations in Agri dataset.

Figure indicating the statistical summary of how well patterns match each other in
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terms of their correlation, RMSD and the ratio of their variances.

Testing

Figure 4.8: Representation of degree of correspondence between each sample of agricul-
ture dataset trainingAgri, and testingAgri using taylor diagrams

4.7 Summary

In this chapter the Matrix Product State (MPS) is used as quantum classifier to

predict the ETo of Patiala station. Mainly focused on MPS quantum circuit aug-

mented with ancilla qubit that is implemented on quantum computer with restric-
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tion on qubit rotations to be real only. The key advantage of executing classification

with MPS quantum circuit is that it can be executed efficiently with small number

of qubits. The following conclusions are drawn from the study-

� In order to analyze the performance of MPS quantum classifier, the dataset

is divided into three samples on the basis of pairwise combination of class

labels. Compared with the each samples of training datasets, the accuracy

of testing dataset of Agri1 is just slightly greater. It can be easily checked

that training accuracy of Agri2 and Agri3 samples is marginally higher than

testing samples respectively. In case of training dataset of Agri1 sample, the

specificity is 0.98 approx i.e. MPS classifier identifies more negative results as

compared to testing set 0.76. Therefore, the true positive value of training set

is less than testing in case of Agri1.

� MPS quantum classifier has been used to avoid over-fitting as well as under-

fitting, deal with corrected predictors and reduced the variance of the pre-

diction error. It has been found very effective and efficient in handling big

datasets. Moreover, it has shown great learning capability for ETo estima-

tions in Agri dataset.
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Chapter 5

Reference Evapotranspiration ETo

using Multi-Ensembling

The main overarching goal of this chapter is to investigate the abilities and

applicability of Three supervised machine learning models: Extreme Machine Learn-

ing, Multi-layer Perceptrons-Neural Network, Support Vector Machine to model daily

ETo process. Further, a three-layer multi-model ensemble machine learning approach

is presented to predict evapotranspiration (ETo).

5.1 Overview

Quantification of transpiration (T) to evapotranspiration (ET) from crops is

critical in Irrigation Scheduling [1]. However, several research work have compared

the ET methods and analyzed the the seasonal variability of (ETo) and (T) un-

der different climate conditions. The study of general atmospheric and geographic

conditions of Punjab (India) received an overwhelming response from research com-

munities. The serious decline in the ground water resources has threatened the

success of Green Revolution in terms of crop yield. Moreover so many due to cli-

matic change, a variation in meteorological aspects influences the water requirement

for crops, evapotranspiration, and water allocation of agro-meteorological and agri-

culture. Accurate estimation of Evapotranspiration (ETo) has great importance to

improve the utilization of water efficiently and irrigation scheduling. Till now, the

development of more precise and reliable techniques for estimating evapotranspira-

tion has attained attention by several hydrologists.

However, many scientific disciplines advocate routine adoption of machine learn-

ing (ML) methods, which will have differing levels of success. Various ML algorithms

have been available for decades such as most notably neural networks [199]. Gautam

et al. [200] proposed the IoT based smart system to monitor and forecast the water

consumption in an urban areas.

ML approaches are of two types: Supervised and Unsupervised. Supervised

87



CHAPTER 5. REFERENCE EVAPOTRANSPIRATION ETO USING
MULTI-ENSEMBLING

learning (SL) is used to predict the target outcome based on mathematical and

statistical modeling for regression and classification problem. Regression analysis

is used to predict a continuous outcome and classification for predicting the class

individuals. In this chapter, we have investigated the some regression based models

for modeling the ETo for Patiala station. For advanced machine learning methods,

three machine learning models and multi-ensembling technique are used to build the

model accurately.

Recently, ML techniques like Extreme Machine Learning (ELM), Multi-Layer

Neural Network (ML-NN), Support Vector Machines (SVM), have been applied to

estimate the evapotranspiration. Various researchers applied the ANN model to

overcome the limitations of empirical based methods. In the next section these

algorithms are discussed in detail.

5.2 Extreme Machine Learning (ELM)

ELM model is developed for generalized single-hidden layer feed-forward neural

networks (SLFNs) [201]. The architecture of ELM model consist of three layers:

Input layer, Hidden layer, and Output layer [202].

X1
Maximum Temp 

(Tmax)

X2
Minimum Temp 

(Tmin)

X3
Average Temp 

(Tavg)

X4
Wind Speed 

(u2)

X5
Relative Humidity 

(RH)

X6
Sunshine Hours 

(Is)

X7
Solar Radiation 

(Rs)

Y ETo

Inputs Hiddenlayer Output

Xi

.  .  .

m

xi

wi

Optimized    

Figure 5.1: Basic structure of the ELM model

The basic structure of ELM is shown in Fig. 5.1. Consider a V arbitrary distinct

88



5.2. EXTREME MACHINE LEARNING (ELM)

samples (xt, yt) with xt ϵ R
d and yt ϵ R then, a SLFN with V hidden nodes is modeled

by 5.1.

Yj =
V∑
t=1

ηtf(wit, xj + bt), j = 1, ..., V (5.1)

where, wt is the weights, bt is the bias, f being the activation function, η is the

output weight matrix which can be written in compact form by Eq. (5.2).

Zη = Y (5.2)

where, Z is the output matrix of hidden layer and expressed by Eq. (5.3):

Z(w̃, x̃, b̃) =


f(w1, x1, b1 ... f(wL, x1, bL))

: :

: :

f(w1, xv, b1 ... f(wL, xv, bL


V xL

(5.3)

where, w̃ = w1, w2... wL, x̃ = x1, x2... xV , b̃ = b1, b2... bL η denotes the training

output matrix by Eq. (5.4)

η =


ηT1

ηT2

ηT3

:

ηTL


L×N

and η =


ηT1

ηT2

ηT3

:

ηTL


L×N

(5.4)

The activation function f(x): Re → Re for the additive hidden nodes such as

Positive Linear Function (Poslin), and Linear Function (Purelin) are given by Eq.

(5.5)

f(wt, x, bt) = g(wt ∗ x+ bt), bt ∈ Re (5.5)

The main process of the ELM can be summarized as the following three steps:

(i) Randomly generates input weights wt and biast before training, 1≤ t ≤ V.

(ii) Compute the output matrix Z with hidden layer.

(iii) Compute the output weight matrix as Y = Z†η.

where, Z† is referred as a Moore–Penrose generalized inverse of the matrix Z [203].

89



CHAPTER 5. REFERENCE EVAPOTRANSPIRATION ETO USING
MULTI-ENSEMBLING

5.3 Multi-layer Perceptrons Neural Network (MLP-

NN)

Multi-layer Perceptrons is defined as a feed forward artificial neural network

(FF-ANN) which consists at-least three-hidden layers of nodes and it is calculated

by Eq. (5.6).

f(x) =
m∑
i=1

wij ∗ xi + b (5.6)

It is an efficient NN and significantly used to solve different tasks such as re-

gression, time-series modeling, and classification. It is organized as hierarchical

NNs consisting an input layer, hidden layer(s), and the output layer (Wang et al.,

2016) [13]. It consist one or more hidden layers, which are connected by neurons

between the input and output layers (i.e. Synaptic weights, Biases, and Activation

functions).

Each node takes the input value(s) from an input parameter and determines a

weighted sum of input values progress through the transfer function, which produces

the outcome of nodes.

(i) Input layer is expressed by Eq. (5.7):

x→ x1, x2....., xm (5.7)

(ii) Calculate the sum of product and output of each hidden layer in order from h

ℓ1 to h ℓm−1 and shown by Eq. (5.8) to Eq. (5.10):

hℓ1 = f(
m∑
i=1

wi ∗ xi + bi) (5.8)

hℓ2 = f(
m∑
j=1

hℓT1wj + bj) (5.9)

hℓ3 = f(
m∑
k=1

hℓT2wk + bk) (5.10)

(iii) Calculate the output layer and expressed by Eq. (5.11):

y = f(
m∑
k=1

hℓT3wm + f(
m∑
k=1

hℓT2wk + f(
m∑
j=1

hℓT1wj+

f(
m∑
i=1

wi ∗ xi + bibjbkbm))))

(5.11)
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where, Y is the output , x i expressed as inputs i, w i, w j, wk, wm are weight

connection among input and hidden layer or neurons from input i to layer m, bi, bj,

bk, bm = bias, f is a transfer function for hidden neurons from i, j, k to m hidden

layers respectively.

X1 (Tmax)

X2 (Tmin)

X3 (Tavg)

X4(u2)

X5(RH)

X6 (Is)

X7(Rs)

hl1

hl2

hl3

ETo

Inputs Hiddenlayer3Hiddenlayer2Hiddenlayer1 Output

H1 = hl1 H2 = hl2 H3 = hl3

Hidden Layers

X
W

W Wk

Y

Figure 5.2: Basic structure of MLP-NN model

The MLP structure is shown in Fig 5.2, it includes an input layer, three hidden

layers (h ℓ1, h ℓ2, h ℓ3), and the output layer. A backpropogation MLP used gradient

descent technique to minimize the error function.

5.4 Support Vector Machine (SVM)

SVM is a machine learning approach which creates input-output mapping func-

tions from a collection of labeled training data. It has three layers: Input layer,

Hidden layer, and Output layer as shown in Fig. 5.3. Classification and regression

problems can be used as mapping functions.

Initially, SVM began as an application of Vapnik’s Structural Risk Minimization

(SRM) principle [204], which is recognized for low generalization error and also avoid

the over-fitting to the training dataset. It consider various types of kernel functions

such as Radial Basis function (RBF), Linear Function and Sigmoid Function [205].
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Figure 5.3: Basic structure of SVM model

Several fields have shown success with SVM as a classifier including (Smart

Agriculture, Image or Pattern recognition [206], and Probability-based decision)

[207]. The object function for the SVM method and the regression function can be

expressed as Eq. (5.12) [208]:

f(x) = (w.xi) + b (5.12)

A set is given (x 1, y1), (x 2 , y2),......, (xm , ym) ϵ (X, Y ) where X = denotes the

input set of parameter, Y = denotes the output, Y refers to an unseen x ϵ X. (x i,

y i) ⊂ X x Re, i= 1, 2, 3,...,m and it is calculated by Eq. (5.13).

Y = f(x) =
m∑
k=1

ᾱk.K(x, yk) + b (5.13)

To predict the value among the different kernel functions linear, sigmoid, and

RBF is applied: Linear : The Linear kernel is the simplest kernel function defined

as Eq. (5.14):

Linear : K(xi, yi) = xT
i yi (5.14)

Radial : The Gaussian kernel is called as RBF, where σ signifies a window width

defined as Eq. (5.15):

Radial : K(xi, yi) = exp(−||xi − yi||2/2σ2) (5.15)
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Sigmoid : The sigmoid kernel is expressed by Eq. (5.16):

Sigmoid : K(xi, yi) = tanh(k(xiyi) + b) (5.16)

RBF kernel provides an efficient performance as compare to other kernels [209].

The kernal (sigma) and the C parameters were used to develop the SVM model. In

this study, three common types of kernel functions, i.e. Linear (Eq. (5.14)), Sigmoid

and RBF (Eq. (5.15, 5.16)) are employed in modeling process of ETo as above.

5.5 Proposed Model

The three-layer multi-ensemble machine learning approach is proposed to pre-

dict evapotranspiration ETo. The first layer consists of different statistical models

to produce individual forecasts. The blending approach is employed to create an

ensemble of the forecasts generated by the initial layer to produce probabilistic fore-

casts. In the second layer, three ensemble models (EnsembleELM , EnsembleMLP ,

EnsembleSVM) are trained for the prediction of ETo by using the previous layer

predictions with training data. In the third-layer, accuracy of the ETo is estimated

by tuning the parameters of second layer ensemble model.

The proposed framework of multi-level ensembling ETo forecasting model (MLE-

ETo) is presented in Fig 5.4. It consists five phases: (i) Input dataset, (ii) Partition-

ing of dataset, (iii) Model development, (iii) Multi-level ensembling for ETo, and (v)

Quantified prediction output.

In first phase, as depicted in Fig. 5.4 dataset are collected from IMD, Pune for

Patiala site, then the ETo and Rs were computed using CROPWAT 8.0 software.

The dataset is divided into three portion: Training, Validation and Testing

datasets as shown in second phase. Our training dataset range contains 7027 data

vectors with (50%), for validation contains 4096 data vectors with (30%), and the

testing dataset contains data vectors 2756 with (20%). In fact, the validation and

testing datasets are employed to make sure that the applied models do not over-fit

to the training datasets.

In third phase, the major objective behind the development of ensemble ap-

proach is to introduce a predictive model by combining homogeneous various ma-

chine learning models. The nine machine learning models are trained, validate and

tested and then blend them into an ensemble. Three different machine learning

models (ELM1,.., ELM 3), (MLP1,.., MLP3), (SVM1,.., SVM3) as learner algorithm

are developed.

After combining the aforementioned models, ensembling is performed to design

the homogeneous multilevel model and to generate a prediction of each model. To

maximally utilize potential and to ensure the greater diversity of models, three ELM
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Figure 5.4: Framework of proposed MLE-ETo forecasting model

models are applied with different activation function and hidden nodes. Similarly,

we have created three MLP models with different multi hidden layer and also created

three SVM with different kernel functions, i.e. cost, gamma and degree parameters.

In fourth phase, data-driven models SVM, MLP, and ELM have been applied to

estimate the daily ETo. We have blended the each model predictions with training

dataset and prepared a new dataset to train the next level models such as (ELM4,
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MLP4, and SVM4) models. In another words, to obtain accurate forecasts, multiple

machine learning models from the third layer are included in the ensembles. In fourth

layer, considered models are used to train a third layer of models and it generate

a prediction output by ensemble the models and use their ensemble predictions

outputs (i.e. probabilities) to train a fourth layer of models such as (ELM4, MLP4,

and SVM4).

In fifth phase, the new prediction ETo is estimated using the ensemble of each

models of fourth layer. The fourth phase model is trained such as (ELM4, MLP4,

and SVM4) with training dataset and ensemble prediction of each models. The

newly modeled ETo predictions have been verified using accuracy of each model

with the training, validation and testing set. Then, the model with best accuracy is

determined

Using a data blending and Machine Learning approach, this study seeks to de-

velop and evaluate a prediction model that is able to predict the daily ETo values.

5.6 Simulation Results and Discussion

This work presents the performance of twelve machine learning models such as

(ELM1,..,ELM3), (MLP1,..,MLP3), (SVM1,..,SVM3), and (EnsembleELM , EnsembleMLP ,

and EnsembleSVM) to predict the ETo. Table 5.1 presents the detail of applied

model parameters and essential packages. The “caret” and “e1071” packages of R

software [210] is used for the SVM modeling.

Fig. 5.6 and Fig. 5.7 presents the comparison among considered models in the

validation and testing datasets respectively. As shown in Fig. 5.8, the EnsembleELM ,

EnsembleMLP , and EnsembleSVM models presented best forecasted ETo in the train-

ing, validation, and testing periods for Patiala station.

The EnsembleMLP model shows better performance on validation and testing

datasets as compare to training dataset in terms of ACC (96.4, 98.9 and 99.1).

While the training dataset generates highest accuracy as compare to validation and

testing periods (99.41 and 99.72), (99.0 and 99.5), (99.1 and 99.4) of EnsembleELM

and EnsembleSVM models respectively. Fig. 5.5 presents the comparison of the

obtained ETo through ELM, MLP, and SVM models and observed ETo for training

dataset.

The comparative study of the results is shown in Table 5.2. For comparison

three performance metrics such as Mean Square Error (MSE), Accuracy (ACC), and

Coefficient of Determination (R2) parameters are used. Results shown in this table

indicate the superiority of ELM2 model in terms of ACC, MSE, and R2. It is also

observed that ELM2 model takes very less time 0.01(s) during training comparison

to the SVM2 model 27.26(s).
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Table 5.1: Model parameters

Model Name Packages Parameters
ELM 1 elmNN,

caret
actfunction= poslin, nhid= 10, regression

ELM 2 elmNN,
caret

actfunction= purelin, nhid= 10, regression

ELM 3 elmNN,
caret

actfunction= poslin, nhid= 10, regression

MLP 1 mlpML,
caret

hidden layer 1= 10, layer 2= 10, layer 3 = 10

MLP 2 mlpML,
caret

hidden layer 1= 20, layer 2= 40, layer 3 = 60

MLP 3 mlpML,
caret

hidden layer 1= 10, layer 2= 50, layer 3 = 10

SVM 1 e1071,
caret

kernalfun= sigmoid, type= eps-regression,
cost= 1000, gamma= 0.0001, eplison= 0.001

SVM 2 e1071,
caret

kernalfun= radial, type= eps-regression, cost=
1000, gamma= 0.0001, eplison= 0.001

SVM 3 e1071,
caret

kernalfun= linear, type= eps-regression, cost=
2(̂2:8), gamma= 1, eplison= 1, degree= 1

En ELM 1 elm, caret actfunction= poslin, nhid= 50, regression
En MLP 2 mlp,caret size= 10, tuneLenth=10, number=5, method=

‘cv ’
En SVM 3 e1071,caret kernalfun= svmRadial, sigma=c(.01, 0.15, 0.1,

0.2, 1.0, 2.0) , C=c(0.7, 0.9, 1, 1.1, 1.25, 2.0)

Table 5.2: Performance comparison of selected models for Patiala with ACC, MSE and
R2

Models Training Validation Testing
ACC MSE R2 ACC MSE R2 ACC MSE R2

ELM 1 86.08 0.1214 0.941 87.01 0.1150 0.948 86.28 0.1189 0.947
ELM 2 97.87 0.0374 0.982 97.53 0.0416 0.981 97.31 0.0404 0.982
ELM 3 80.82 0.1516 0.932 80.66 0.1528 0.981 81.93 0.1434 0.937
MLP 1 96.29 0.0524 0.973 95.58 0.0611 0.973 96.52 0.0517 0.978
MLP 2 96.44 0.0485 0.971 96.07 0.0557 0.975 96.63 0.0483 0.979
MLP 3 95.18 0.0601 0.972 95.12 0.0656 0.973 95.43 0.0577 0.977
SVM 1 97.27 0.0391 0.981 97.22 0.0448 0.982 97.13 0.0427 0.981
SVM 2 98.92 0.0103 0.992 98.58 0.0161 0.995 98.62 0.0133 0.994
SVM 3 97.64 0.0378 0.982 97.51 0.0424 0.983 97.39 0.0411 0.981
En ELM 1 99.41 0.0108 0.991 99.05 0.0414 0.990 99.13 0.0133 0.996
En MLP 2 96.14 0.0592 0.974 98.93 0.0337 0.986 99.13 0.0336 0.985
En SVM 3 99.72 0.0073 0.995 99.51 0.0084 0.993 99.46 0.0087 0.994
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Figure 5.5: Estimated ETo with ELM, MLP and SVM models using training dataset

Figure 5.6: Estimated ETo with ELM, MLP and SVM models using validation dataset
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Figure 5.7: Estimated ETo with ELM, MLP and SVM models using testing dataset

Figure 5.8: Estimated ETo with proposed ensemble models using training, validation
and testing datasets
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Figure 5.9: Comparison of forecasted ETo results with ensemble models using training,
validation, and testing datasets

In this research work, the performance of the twelve machine learning models

of ETo estimation is given in Fig. 5.9. Out of these twelve models the all ensem-

ble three models generate the best performance respect to accuracy and R2. The

predicted accuracy of an ensemble model is analyzed and it improved the accuracy

dramatically.

Fig. 5.10 shows the EnsembleSVM model gives the best accuracy results (MSE=

0.0073, 0.0084 and 0.0087, RMSE= 0.0085, 0.0919 and 0.0935, ACC= 99.7, 99.5 and

99.4, NRMSE= 5.70%, 6.20% and 6.20%, NSE= 0.99, 0.99, and 0.99) for (50%, 30%,

and 20%) splitting of training, validation and testing datasets respectively. Table

5.3 also indicated that ELM3 model provided a slightly better than ELM1 and ELM2

model, because both models were shown to be over-fitting in the training dataset.

In the case of MLP, all the three models, MLP1, MLP2, and MLP3 presented the

better performance in case of the testing as compared to the validation dataset.

Measured daily ETo performance comparison from 1978-1999 to 2007-2016 for

Actual, ELM, MLP and SVM of training, validation and testing datasets of Patiala

are demonstrated in Fig. 5.11. The comparison result shows that a EnsembleELM

model achieved the very similar estimation of ETo values using (actualEnsembleELm
=

22458.5 mm and estimatedEnsembleELM
= 22455.7 mm) of training and (actualEnsembleElm
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= 8705.6 and estimatedEnsembleELM
= 8711.4) of testing, and (actualEnsembleMLP

=

13223.9 and estimatedEnsembleMLP
= 13225.2) of validation datasets respectively.

Comparison of model results show that the Ensemble SVM model is more success-

ful in the Patiala station using training, validation and testing scenario. SVM has

shown great generalization ability, high training efficiency, and optimal solution.

The ensemble-based ELM model presented the high accuracy for the prediction of

daily ETo.
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Figure 5.10: Comparison of forecasted ETo results with ensemble models using ACC,
MSE, R2, and RMSE
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Figure 5.11: Approximation values of observed and estimated ETo values with ELM,
MLP and SVM

5.7 Summary

In this study, we have proposed a multilevel framework to determine the daily

ETo for Patiala station (India). Results indicate that the proposed EnsembleELM

and EnsembleSVM significantly outperforms than other models. Although, the best

results are obtained on training, validation and testing datasets without over-fitting

using EnsembleMLP . Among the nine forecasting models of the first layer perfor-

mance of SVM2, SVM3 and ELM2 have been comparability better to predict the

ETo.

The following conclusions are drawn from the investigations-

� Multi-level ensembling ETo forecasting model (MLE-ETo) has been developed

on the basis of the twelve machine learning models such as (ELM1,.., ELM 3),

(MLP1,..,MLP3), (SVM1,..,SVM3), and (EnsembleELM4, EnsembleMLP4 and

EnsembleSVM4).

� The performance of developed models is evaluated over seven statistical error

parameters. Through experimental results, it is concluded that classification

or regression accuracy can be improved by blending approach from multiple

homogeneous models into one using an ensemble approach.

� Comparison of model results show that the Ensemble SVM model is more suc-

cessful in Patiala station using training, validation and testing scenario. SVM

is good at improving generalization, ability and the estimated ETo generally

fit the observed ETo very well.

� The EnsembleSVM model gives the best accuracy results (MSE= 0.0073, 0.0084

and 0.0087, RMSE= 0.0085, 0.0919 and 0.0935, ACC= 99.7, 99.5 and 99.4,
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NRMSE= 5.70%, 6.20% and 6.20%, NSE= 0.99, 0.99, and 0.99) for (50%, 30%,

and 20%) splitting of training, validation and testing datasets respectively.

� Among the nine forecasting models of the first layer performance of SVM2,

SVM3 and ELM2 have been better comparatively.

Ensemble models showed great applicability in modeling of ETo, and can be

highly recommended for estimating reference crop evapotranspiration (ETc) for Pun-

jab in future work.
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Chapter 6

Crop Evapotranspiration ETc

using FG-RRF

The main objective of this chapter is to design and develop an innovative multilevel

model ensembling for accurate estimation of crop coefficient (Kc) and crop evapo-

transpiration (ETc) using Fuzzy-Genetic (FG) and Regularization Random Forest

(RRF) models.

6.1 Overview

Smart water management has played a significant role in Decision Support

System (DSS) to maximize the yield with minimum consumption of water. Accurate

estimation of evapotranspiration (ETo) can provide a scientific basis for developing

Irrigation Scheduling. Reference evapotranspiration (ETo) is the combination of two

separate processes whereby water loss from the soil by evaporation and on the other

hand water loss from the crop by transpiration.

The main objective of this study is to determine the crop coefficients (Kc) and

crop evapotranspiration (ETc) for Wheat and Maize grown in the Ludhiana dis-

trict of Punjab, India using ensembling method, such as the Fuzzy-Genetic and

regularization random forest models. Wheat and Maize are the most commonly

cultivated crops in the region of Punjab, India and have high water consumption.

The problems in irrigation sector in India include low irrigation efficiency (30–35%),

water-logging, inefficient water supply, and soil salinity. To avoid such negative im-

pact, proper policies and measures are needed to deployed for the quantification of

crop growth as well as crop-water balance.

The (Kc) is introduced [36] and several researchers have enhanced the same in

the future work [37] [38]. The Kc has the ability to estimate the ETc. The (Kc) value

is sensitive and depends on several aspects such as type of crop, weather parameter,

canopy cover density, growth stage, soil moisture and agriculture operations. Ac-

cording to the FAO methodology, the four growing stages of a crop are the initial
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stage, crop development stage, mid-season stage and end-season stage. The crop

evapotranspiration ETc is calculated by multiplying a crop coefficient (Kc) with the

reference evapotranspiration ETo. The crop evapotranspiration ETc method can be

expressed by Eq. (1.2).

Two main strategies can be used to improve the use of water in the agriculture

sector: (i) Upgrading the irrigation planing and management. (ii) DSS based on

artificial and machine learning technology.

The correct estimation of daily ETc is used to evaluate how much water is re-

quired to increase the crop yield, and to decrease the cost. Several research have

been carried out in recent years to investigate the (ETc) using machine learning [119],

deep learning [112] and evolutionary algorithms [116]. Wheat is a major cereal crop

of India after Rice and it provides more protein than any other cereal crops. In-

dia is the region’s largest Wheat producer, with 30 million hectares of Wheat area

accounting for 107 million metric tons (MMT) of grain [211].

Ludhiana is one of the major Wheat producing district and contributes 12%

of total Wheat produced by Punjab [212]. Weather factors such as temperature,

rainfall and solar radiation are important for Wheat production. Importance of

change in temperature in Wheat growing areas of India has been highlighted [213].

In addition to the improvements in ETc equations based on reducing the de-

pendency of climatic data, artificial intelligence approaches have been introduced to

develop ETc models in a new pattern. Recently, machine learning models are found

to show excellent reliability in Evapotranspiration (ET) estimation and modeling.

There are variety of machine learning models based on prediction for reference crop

evapotranspiration. However, to accurately separate and estimate the contribution

of weather and crop changes on ET variation is still uncertain.

There is a great need to modernize agricultural practices for better water pro-

ductivity and resource conservation. Any changes in meteorological variables due

to climate change will affect evapotranspiration, crop water requirement, and even-

tually affect water allocation for agriculture and food production [214].

In this chapter, the developed model is implemented on the basis of two factors.

Firstly, a crop coefficient (Kc) can be predicted with (Initial, Development, Middle,

and Late) stages for Maize and Wheat crops using weather dataset. Secondly, after

estimation of (Kc) coefficient value, further, it can be used to predict the (ETc)

value for a particular crop.

The field experiment and crop data for this study has been collected from the

PAU, Ludhiana. Moreover, the model has been calibrated for three selected crops

of different varieties including Maize (PMH-2) sown on 6th Feb, Wheat1 (PBW-621)

sown on 12th Dec and Wheat2 (PBW-502) sown on 25th Oct categorized as timely

crops cultivation.
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6.2 Fuzzy-Genetic Model

The Fuzzy-Genetic is a machine learning algorithm to develop the prediction

model based on Fuzzy Logic (FL). The concept of this model is explained in detail as

follows: Fuzzy-Logic (FL), Genetic Algorithm (GA), and Fuzzy-Genetic Algorithm

(FGA).

Fuzzy-Logic

“Fuzzy Logic is a set of mathematical principles for knowledge representation

based on degree of membership.” Fuzzy logic is a soft computing approach which

simultaneously manage numerical data and linguistic knowledge. FG is used to get

the fuzzy set of values between the crisp set of values. The fuzzy set of values

contains the range of possibilities either True or False. Fuzzy control is based on

fuzzy sets, fuzzy logic, and fuzzy inference. The four conceptual components of

fuzzy control system are defined as follows: Fuzzification phase, Inference engine,

Defuzzification phase, and Knowledge base.

Genetic Algorithm

“Genetic algorithm is a heuristic search and optimization technique to mimic

the process of natural evolution.” GA is used to generate useful solutions (find the

maximum or minimum of a function). The principal of GAs have been developed

by John Holland and has since been tried on various optimization problems with a

high degree of success. Basic concepts of genetic algorithm are as follows:

� Population: Set of possible individual/solutions to the given problem.

� Chromosomes: A set of solution to the given problem.

� Gene: A gene is one element position of chromosome.

� Fitness: A fitness function for optimization.

Genetic algorithm initially starts with a random generation of population, and

then, the “selection”, “crossover”, and “mutation” are preceded until the maximum

generation is reached. The basic genetic algorithm involves three types of operators:

Selection, Crossover and Mutation.

The Fuzzy-Genetic Algorithm

GAs as an optimization process for finding the optimum parameters of the fuzzy

system designed to predict the reference evapotranspiration ETc. The hybridization
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of the GA and fuzzy logic gives an advanced soft computing method called the

Genetic-Fuzzy System (GFS), in which a GA is used to evolve a fuzzy system by

tuning fuzzy membership functions and learning fuzzy rules.

The genetic algorithm generates a random population of the fuzzy system. At

each generation, all the fuzzy systems are tested and their predictions are then

compared with the labels and a ”performance” is given at each system. The top

best system elitism are taken without modification for the next generation. The

population is used to generate the population for the next generation using crossover

and mutation. Finally, the fuzzy system with the best performance is obtained. The

flowchart of Fuzzy-Genetic system is presented in Fig. 6.1.

Fuzzy Rule Based 

System
Input 

Inference 
Output 

Interference

Genetic Algorithm 

Based Learning Process

Knowledge Base

Data Base + Rule Base

Figure 6.1: Block diagram of fuzzy-genetic system

From the optimization point of view, to find an appropriate fuzzy model is equiv-

alent to code it as a parameter structure and then to find the parameter values that

gives us the optimum results for a concrete fitness function. Therefore, the first step

in designing a GFS is to decide which parts of the fuzzy system are subjected to

optimization by the GA coding them into chromosomes.

6.3 Regularized Random Forest (RRF)

The RRF model has been known by its two primary reasons, firstly RRFs are well-

known to provide high accuracies that are competitive with state-of-the-art across

a wide range of classification or regression problems. Secondly, RRFs are relatively

efficient to train, which is important to our study, since we must train one RRF

for each possible subset of features (up to some maximum size). The regularization

framework is applied to the random forest and boosted trees, and can be easily

applied to other tree models.
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Random forest (RF) is a well-established supervised machine learning algorithm

for classification and regression problem. There are several techniques to construct

the ensemble, for e.g, bagging, and boosting etc. In this experiment the performance

of RRF tree is estimated as ensemble model. RRF is a recent advance version of

random forest (RF), that applies a regularization framework to random forests that

incorporates into the tree growing algorithm [215]. Regularization usually involves

the additional penalty to a loss function in order to prevent over-fitting.

6.4 Proposed Model

The proposed model consists of five different stages, i.e. Data collection, Data

pre-processing, Modeling, Multilevel modeling, and Estimated output presented in

Fig. 6.3.

6.4.1 Data Collection and Pre-processing

The historical weather dataset is collected from IMD and case study of crop

coefficient Kc values of three crops such as Maize, Wheat1, Wheat2 from PAU,

Ludhiana. Fig. 6.2 shows the map of the study area in Ludhiana. In the Data

pre-processing stage, the reference evapotranspiration ETo and solar radiation Rs

parameters are estimated using CROPWAT 8.0 software [216].

India
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Figure 6.2: Location of study area in Ludhiana

The study is conducted for Ludhiana District which is one of the centrally located

District of Punjab (India) with 3706 sq km geographical area. The topography of

the study area is a typical representation of an alluvial plain. The climate of the area

is sub-tropical steppe, semi-arid with hot dry summers from April to June, hot and

humid monsoon period from July to October, winters from November to January

and mild climate during February to March. During winter, the average minimum
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temperature range between 2-18 (◦C) and the average maximum temperature goes

up to 16-47 (◦C) in summer. The mean relative humidity is lowest during summer

and ranges between 30-60%. However, it is highest during monsoon and generally

rises up to 90% in July and August. The average annual rainfall varies from 500-

650 mm, which is received during the monsoon season from July to September and

about 70 to 80 mm rainfall is received during winter months [217].

The crops are chosen to perform the analysis during (Feb 2012 to April 2012) for

Maize and two Wheat growing seasons (Dec 2012-April 2013 and Oct 2013-March

2014) at the research farms of Punjab Agricultural University (PAU), Ludhiana.

The weather data has been obtained from the meteorological observatory, PAU,

located 200 m from the experimental site. For model training, the daily climatic data

is collected from School of Climate Change and Agro-meteorology, Punjab Agricul-

ture University (PAU), Ludhiana. For model testing, weather data is collected from

the India Meteorological Department (IMD), Pune (India).

Table 6.1: Statistical parameters of available meteorological variables and ETo of Lud-
hiana station

Year Months Tmax Tmin Rhmax Rhmin u2 Is Rs ETo

2012 Feb 20.98 8.16 70.71 42.58 4.21 7.43 15.16 1.923
March 27.93 12.94 59.39 31.71 4.71 7.17 17.32 2.714
April 33.92 18.58 54.57 30.40 4.70 8.64 24.94 4.735
Dec 19.43 7.44 91.35 58.81 3.85 5.17 9.70 2.081

2013 Jan 17.04 5.12 94.48 60.61 3.23 5.19 10.36 1.834
Feb 20.54 9.62 97.11 67.54 3.79 6.38 13.60 2.340
March 27.63 13.17 94.26 50.45 3.46 9.27 19.89 4.398
April 31.22 15.66 54.00 27.80 3.82 10.87 23.80 6.728
Oct 28.80 13.30 75.29 44.14 1.86 8.61 15.91 2.284
Nov 27.16 10.89 82.23 44.37 1.67 8.83 14.63 1.890
Dec 20.44 8.27 85.29 59.94 3.10 6.03 11.05 1.204

2014 Jan 16.14 7.10 94.48 72.90 2.77 4.60 9.87 1.123
Feb 22.75 10.28 88.57 57.14 4.25 7.75 15.66 2.118
March 24.20 12.11 82.59 55.68 3.41 8.10 18.10 2.765

Table 6.1 presents the data of the year when Wheat and Maize are grown un-

der six weather attributes namely maximum air temperature (Tmax), minimum air

temperature (Tmin), relative humidity (RH), wind speed (u2), solar-radiation (Rs),

and sunshine hours (Is). It is also shows the statistical parameters of meteorological

variables at Ludhiana site. It also describes the changing trend of max and min tem-

perature, relative humidity, wind speed, sunshine hours, radiation, and ETo. Table

6.2 presents seasonal variations of meteorological variables during growing seasons

of (2012-2014) of crops Maize, Wheat1 and Wheat2 for the training dataset. To

present more detailed climatic condition of the study area, and the seasonal trend

of ETo is shown in Figure 6.3 and Table 6.1.
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Figure 6.3: Monthly mean variations of daily weather dataset during 2012-2014.
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It is observed that in the weather dataset of Maize crop during Feb (2012) to

April (2014), the value of ETo between 0.9 to 7.08 mm day−1 value is considered

for the training dataset. Similarly, during Feb (2014) to April (2014), ETo value

is between 1.2 to 5.33 mm day−1 for testing dataset. For Ludhiana station, the

ETo value 272.3 and 250 mm day−1 is considered for training and testing dataset

respectively. The weather dataset during Dec (2012) to April (2013), for Wheat1

crop, the ETo between 0.77 to 7.9 mm day−1, value is considered for the training

dataset. Similarly, during Dec (2014) to April (2015) for testing dataset consist the

ETo value between 0.4 to 7.9 mm day−1.

It has been observed that the total amount of water requirement of Ludhiana

station ETo value is found as 356.8 and 308.9 mm day−1 using training and testing

dataset respectively. However, it is also observed that weather dataset of wheat2

crop during Oct (2015) to March(2016), the ETo value between 0.9 to 3.01 mm

day−1 is considered for training dataset. Similarly, during Oct (2015) to March

(2016), ETo from 0.73 to 3.26 mm day−1, value is considered for testing dataset.

Ludhiana station for ETo value 243.4 and 229.3 mm day−1 of training and testing

dataset respectively.

Fig. 6.4. shows the division of weather and crop dataset training (50%), and

testing (50%). MaizeCP1, WheatCP2, and WheatCP3 the dataset of three crops are

considered. These samples are used to predict the two subsets of each sample namely

Kc, and ETc.

6.4.2 Wheat and Maize Crops

The study is conducted for prediction of Maize and Wheat crops co-efficient (Kc)

and (ETc). (Kc) is defined as the ratio of actual crop evapotranspiration (ETc) to

reference evapotranspiration (ETo). Water requirement of crops is determined by

product of (ETo) and crop coefficient i.e. (Kc). It is useful to determine the water

requirement of crops according to their stages and environmental factors.

The Kc values of Wheat1 crop are considered 0.4, 1.15 & 0.4 and for wheat2 are

0.5, 1.36, 1.42 and 0.42 for the initial, mid and last stage of growth respectively.

The length of time (days) for initial, development, mid and late seasons for Wheat1

are 29, 55, 14 & 32 days and for Wheat2 24, 46, 35, 42 days as shown in Table 6.2.

Maize is globally a top ranking cereal in productivity, human food, animal feed

and as a source of a large number of industrial products. It is the third most

important crop of Kharif season after paddy and cotton in Punjab. The area under

Maize in Punjab has declined from 1.65 lakh ha in 2000-01 to 1.27 lakh ha in 2015-

16. The Kc values of Maize crop are considered 0.7, 0.85, 1.15 & 1.05 for the initial,

mid and end stage of growth respectively.

The length of time (days) for initial, development, mid and late seasons for Maize
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Table 6.2: Crop coefficient (Kc) values of different crops at different stages of Ludhiana
for the training dataset

Period Crop Variety Initial Develop Mid Late TD
Kc TGD Kc TGD Kc TGD Kc TGD

06/02/2012-
30/04/2012

Maize PMH-2 0.7 35 0.85 18 1.15 17 1.05 15 85

01/12/2012-
05/04/2013

Wheat PBW621 0.4 29 1.15 55 1.15 14 0.4 32 130

25/10/2013-
22/03/2014

Wheat PBW502 0.5 24 1.36 46 1.42 35 0.42 42 147

Abbreviations represent the following- Crop coefficient: Kc; Total days: TD;
Total Growing days: TGD;

Table 6.3: Crop coefficient (Kc) values of different crops at different stages of Ludhiana
for testing dataset

Period Crop Variety Initial Develop Mid Late TD
Kc TGD Kc TGD Kc TGD Kc TGD

06/02/2014-
30/04/2014

Maize PMH-2 0.7 35 0.85 18 1.15 17 1.05 15 85

01/12/2014-
05/04/2015

Wheat PBW621 0.4 29 1.15 55 1.15 14 0.4 32 130

25/10/2015-
22/03/2016

Wheat PBW502 0.5 24 1.36 46 1.42 35 0.42 42 147

Abbreviations represent the following- Crop coefficient: Kc; Total days: TD;
Total Growing days: TGD;

are 35, 18, 17 and 15 days used in different stage. Detail of selected crops and period

of data for the study are shown in Table 6.2 and Table 6.3 using training and testing

datasets respectively.

6.4.3 Multi-Ensembling Modeling for Kc and ETc using FG-
RRF

Fuzzy-Genetic model is applied to simulate the Kc and ETc values using train-

ing dataset. Based on the Fuzzy-Genetic model prediction results, both Kc and

ETc prediction probabilities are combined in newly dataset with previous weather

dataset. This ensemble dataset is evaluated on the basis of performance metrics to

check accuracy of results.

Once all the above stages are successfully completed, the output prediction of

each sample is obtained. Then, the obtained results are evaluated by the different

performance metrics such as ACC, MSE, RMSE, MAE, NSE, R2 for each sample.

Performance analysis of the proposed model is depicted in Table 6.4 and Table

6.5.
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Figure 6.5: Proposed reference crop ETc model

Then, the ensembling dataset is used to train the RRF model for predicting the

ETc values of each sample of the crop. After getting the best accuracy from training

model, the testing dataset is applied to validate the accuracy of model. The Fig 6.5

presents the proposed model for crop ETc using FG-RRF ensemble model. In this

section, the proposed FG-RRF algorithm has demonstrated the process of ensemble

modeling by Algorithm 5.1.
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Algorithm 5.1: The algorithm steps of proposed model

Input: Weather dataset (Tmax, Tmin, Rhmax, Rhmin, u2, Is, Rhs, ETo) and Crop
dataset (MaizeCP1), (WheatCP2) and (WheatCP3)

Output: Kc and ETc values.

Training: (Kc1TR1),(Kc2TR2) and (Kc3TR3) for (MaizeCP1), (WheatCP2) and
(WheatCP3) and (ETc1TR1), (ETc2TR2) and (ETc3TR3) for (MaizeCP1TR1),

(WheatCP2TR2) and (WheatCP3TR3).

Testing: (Kc1TS1), (Kc2TS2) and (Kc3TS3) for (MaizeCP1), (WheatCP2) and
(WheatCP3) and (ETc1TS1), (ETc2TS2) and (ETc3TS3) for (MaizeCP1),

(WheatCP2) and (WheatCP3).

Model1: Fuzzy-GeneticM1, Fuzzy-GeneticM2 and Fuzzy-GeneticM3.

Model2: RRFM1, RRFM2 and RRFM3.

Ensemble Dataset:
EnsembleETc1(TR1),EnsembleETc2(TR2),EnsembleETc3(TR3) and

EnsembleETc1(TS1),EnsembleETc2(TS2),EnsembleETc3(TS3).

Stage1 −→ Input Dataset: Weather dataset and crop dataset

Stage2 −→ Data Pre-processing:

i. Estimating ETo, Kc and ETc: Estimated ETo CROPWAT 8.0 from
(2012 to 2016) and ETc calculated by equation (1.2).

ii. Training and Testing Dataset: (MaizeCP1), (WheatCP2) and
(WheatCP3).

Stage3 −→ Crop ETc Model Development:

i. Model Kc: Fuzzy-GeneticM1, Fuzzy-GeneticM2 and Fuzzy-GeneticM3

models are trained by (Kc1TR1), (Kc2TR2) and (Kc3TR3).

ii. Model ETc: Fuzzy-GeneticM1, Fuzzy-GeneticM2 and Fuzzy-GeneticM3

models are trained by (ETc1TR1), (ETc2TR2) and (ETc3TR3).

Stage4 −→ Multilevel Model Ensembling:

i Predictions: (Fuzzy-GeneticM1,M2,M3) models will give predic-
tion probabilities on training dataset of (KcPred1, Pred2, Pred3)and
(ETcPred1,Pred2,Pred3) values. Ensemble dataset is combined by predicted
(KcPred1, Pred2,Pred3) and (ETcPred1,Pred2,Pred3).

ii Ensemble Datasets: The EnsembleETc1(TR1), EnsembleETc2(TR2) and
EnsembleETc3(TR3) datasets are used to train the RRFM1, RRFM2 and
RRFM3 models for predicting the Final ETc1, ETc2 and ETc3. For val-
idation purpose, the testing datasets are used to evaluate this model by
EnsembleETc1(TS1), EnsembleETc2(TS2) and EnsembleETc3(TS3)

Stage5 −→ Estimated Output: The comparison of the proposed model is shown in
results. The proposed fuzzy-genetic and RRF model makes effective decisions
using the multilevel ensembling for the each crop sample.
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6.5 Simulation Results and Discussion

In this section, the experimental results of FG-RRF (ETc) model for each sample

of crops are presented. Statistical measurements have been used to estimate daily

performance of Kc and ETc model.

The Fuzzy-Genetic and Regularized Random Forest (FG-RRF) proposed model

is implemented using R-studio version 3.5.2 to simulate the reference crop coefficient

Kc and ETc. The package ”fugeR” implements genetic algorithms to construct an

FRBS from numerical data for classification [218]. The package fugeR is designed

for training fuzzy systems based on evolutionary algorithms. In this package, there

are two main functions which are fugeR.run() for construction of the FRBS model

and fugeR.predict() for prediction. For the development of model, we have set

maximum number of rules as 5, maximum variables per rule set as 4 and a number

of generations considered are 100 to 150, and the population as 200. The elitist

parameter was set to be 20% out of every generation. The regularized random

forest model is implemented with ’caret’ and ’RRF’ packages.

6.5.1 ETc of Maize

Crop coefficient values Kc are taken from PAU Ludhiana [219]. It is observed that

the Kc value of Maize crop during (Feb 2012-April 2012) is varying from (0.7, 0.83,

1.15, 1.05) and (0.7, 0.83, 1.15, 1.05) during (Feb 2014-April 2014) for training and

testing dataset respectively. Similarly, parameter metrics results have also reported

that the Fuzzy-Genetic model provided a slightly better accuracy results in training

dataset than testing results for Kc value. However, Table 6.4 shows the Fuzzy-genetic

model results (MSE= 0.0003 and 0.0134, RMSE= 0.055 and 0.1160, ACC= 100%

and 100%) for splitting of training and testing datasets in ratio (50% and 50%).

During the initial stage, the mean water requirement ETc varies in 1.27 to 2.15

mm day−1 for Maize using Fuzzy-Genetic model. However, there is a slight variation

observed with RRF model i.e. 1.22 to 2.05 mm day−1. During the developmental

stage, ETc increases and as the ratio between 2.2 to 2.73 mm day−1, whereas the

RRF model varies between 1.99 to 2.85 mm day−1. During the mid season, stage

mean water requirement also increases and varies between 2.81 to 5.27 mm day−1

whereas across the RRF model it varies between 2.29 to 5.27 mm day−1. During the

late-season stage ETc increases progressively up to end of crop season using Fuzzy-

Genetic (5.27 to 7.05) mm day−1 and (5.11 to 6.79) mm day−1 for RRF model.

Figure 6.6 shows the comparison of observed ETc and predicted ETc for Fuzzy-

Genetic and RRF models using training and testing datasets. The observed Kc

(Blue) and predicted Kc (orange and red) color are also presented in training and

testing datasets for Maize crop. It is observed that Fuzzy-Genetic and RRF model
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Figure 6.6: Estimated Kc and ETc values for actual and predicted of maize crop

presented the best performance for testing dataset predicted ETc in terms of MSE

(0.0240 and 0.0711) mm day−1 and MSE of (0.0209 and 0.069) mm day−1.

Results of ETc with RMSE of (0.1530 and 0.2670) mm day−1, MAE of (0.1130

and 0.1580) mm day−1, ACC of (98% and 97%) mm day−1 using Fuzzy-Genetic

and RRF model for the training dataset. The results show that ETc with RMSE

of (0.1447 and 0.2630) mm day−1, MAE of (0.1048 and 0.1870) mm day−1, ACC of

(99% and 98%) mm day−1 suggesting a good agreement between Fuzzy-Genetic and
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RRF model for the testing dataset.

6.5.2 ETc of Wheat1

It is observed that the Kc value of Wheat1 crop during (Dec 2012-April 2013)

and (Dec 2014-April 2015) is varying from 0.4 (stage I), 1.15 (stage II), 1.15 (stage

III), and 0.4 (stage IV) for training and testing datasets respectively.

m
m
-1

m
m

 d
-1

Wheat1 Training
Actual
Predicted FG

Number of Days

C
ro

p
 C

o
e

ff
ic

ie
n

t 
 (

K
c
) 

Wheat1 Testing
Actual
Predicted FG

Number of Days

C
ro

p
 C

o
e

ff
ic

ie
n

t 
 (

K
c
) 

m
m
-1

m
m

 d
-1

Figure 6.7: Estimated Kc and ETc values for actual and predicted of wheat1 crop
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Table 6.4: Performance comparison of selected models for Patiala with training dataset

Maize Wheat1 Wheat2
Models Fuzzy-Gentic RRF Fuzzy-Gentic RRF Fuzzy-Gentic RRF
Results ETc Kc ETc ETc Kc ETc ETc Kc ETc

MSE 0.024 0.003 0.071 0.073 0.064 0.064 1.145 0.015 0.267
RMSE 0.153 0.055 0.267 0.271 0.253 0.254 1.070 0.123 0.516
R2 0.99 0.96 0.99 0.98 0.71 0.98 0.79 0.97 0.92
MAE 0.113 0.040 0.158 0.149 0.151 0.148 0.725 0.065 0.355
Acc 98 100 97 93 93.1 97.5 75 100 85
NSE 0.993 0.91 0.98 0.95 0.77 0.95 0.97 0.92 0.84

Table 6.5: Performance comparison of selected models for Patiala with testing dataset

Maize Wheat1 Wheat2
Models Fuzzy-Gentic RRF Fuzzy-Gentic RRF Fuzzy-Gentic RRF
Results ETc Kc ETc ETc Kc ETc ETc Kc ETc

MSE 0.020 0.0134 0.069 0.124 0.104 0.156 0.012 0.0257 0.075
RMSE 0.144 0.1160 0.263 0.352 0.323 0.396 0.112 0.1603 0.273
R2 0.990 0.990 0.990 0.940 0.830 0.890 0.94 0.88 0.830
MAE 0.104 0.0512 0.187 0.218 0.250 0.264 0.053 0.0519 0.118
Acc 99.0 100.0 98.0 94.0 94.0 93.0 99.0 96.0 94.0
NSE 0.99 0.59 0.97 0.89 0.75 0.97 0.97 0.88 0.68

The comparison of predicted and observed ETc values using Fuzzy-Genetic and

RRF models of training and testing periods are shown in Figure 6.7. Also obtained

observed Kc (Blue) and predicted Kc (green and red) color values are presented

in training and testing datasets for Wheat1 crop. Comparisons of measured and

observed Kc value under Fuzzy-Genetic model, for training periods, have presented

best performance than testing dataset using statistical metrics with (MSE= 0.064

and 0.104, RMSE= 0.253 and 0.323, MAE= 0.151 and 0.250).

During the initial stage, mean water requirement ETc for Wheat1 using Fuzzy-

Genetic model is (0.9 to 2.64) mm day−1, however, the stage slight variation is

observed with RRF, where it varies between (0.8 and 1.51) mm day−1. During the

developmental stage, ETc increases and it varies between 0.9 to 3.35 mm day−1,

whereas across the RRF model it varies between 0.65 to 3.19 mm day−1. During the

mid season stage, the mean water requirement also increases and varies between 1.3

to 3.44 mm day−1, whereas across the RRF model it varies between 1.74 to 3.70 mm

day−1. During the late-season stage, ETc increases progressively up to end of crop

season using Fuzzy-Genetic (1.11 to 3.55) mm day−1 and (1.5 to 1.83) mm day−1

for RRF model.

Similar parameter metrics results have also been reported that Fuzzy-Genetic

and RRF model provided slightly better accuracy results in training dataset than

testing results.
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Figure 6.8: Estimated Kc and ETc values for actual and predicted of Wheat2 crop

However, Table 6.4 shows the Fuzzy-genetic and RRF models with (MSE= 0.073

and 0.0640, RMSE= 0.271 and 0.254, ACC= 93% and 97%, MAE= 0.149 and 0.148)

for training dataset. The results show that ETc with RMSE of (0.352 to 0.396) mm

day−1, MSE of (0.124 to 0.156) mm day−1, MAE of (0.218 to 0.264) mm day−1, ACC

of (94% and 96%) mm day−1 using Fuzzy-Genetic and RRF model during testing

dataset. Comparison of observed and predicted Kc and ETc values for Wheat1 crop

using the proposed model for training and testing are presented in Fig. 6.7.
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6.5.3 ETc of Wheat2

It is observed that the Kc value of Wheat2 crop during (Oct 2013-March 2014)

and (Oct 2015-March 2016) is varying from 0.5 (stage I), 1.36 (stage II), 1.42 (stage

III), and 0.42 (stage IV) for training and testing datasets respectively.

Similar parameter metrics results have also been reported that Fuzzy-Genetic

model provided slightly better accuracy results in training dataset than testing re-

sults. However, Fig. 6.4 and Fig 6.5 shows the Fuzzy-Genetic model results (MSE=

0.0150 and 0.0720, RMSE= 0.1230 and 0.2680, ACC= 100% and 97%, MAE= 0.065

and 0.1580) for (50% and 50%) splitting of training and testing datasets.

The scatter plots of the observed and predicted ETc using Fuzzy-Genetic and

RRF models of training and testing periods presented in Figure 6.8. The observed

Kc (Blue) and predicted Kc (Green and Orange) color values are presented over the

training and testing period of Wheat2 crop.

Figure 6.9 and 6.10 indicate the statistical summary of how well patterns match

each other in terms of their correlation, their root mean square difference and the

ratio of their variances using the Taylor diagram. The colors indicate training and

testing dataset results of Maize, Wheat1 and Wheat2 crops observed and predicted

values of ETc and Kc.

Figure 6.11 shows the comparison results of Kc and ETc using Fuzzy-Genetic and

RRF model by a statistical performance with MSE, RMSE, R2, MAE and ACC.

During the initial stage, mean water requirement ETc for Wheat2 using Fuzzy-

Genetic model is (0.5 to 1.12) mm day−1, however the stage slight variation is

observed with RRF, where it varies between (0.6 to 1.12) mm day−1. During the

developmental stage, ETc increases and it varies between 1.36 to 2.24 mm day−1,

whereas across the RRF model it varies between 0.6 to 2.11 mm day−1. During

the mid season stage, mean water requirement also increases and varies between

1.28 to 2.34 mm day−1 whereas across RRF model it varies between 0.8 to 2.18 mm

day−1. During the late-season stage ETc increases progressively up to end of crop

season using Fuzzy-Genetic (0.55 to 1.37) mm day−1 and (0.6 to 1.23) mm day−1

for RRF model. Figure 6.12 shows by the range of ETc at different stages. The

proposed model ETc is found to be in a low range (between 0 and 2 mm day−1)

indicated by blue colour, medium range (between 2 and 4 mm day−1) indicated by

red colour, high range (between 4 and 6 mm day−1) indicated by green colour and

very high range (greater than 6 mm day−1) indicated by purple colour for training

and testing. Moreover, it indicates that the crop evapotranspiration ETc is divided

in to four categories such as (low, medium, high and very-high) for further analysis

over training and testing periods.

The results show that ETc with RMSE of (1.070 to 0.516) mm day−1, MSE of
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Figure 6.9: Taylor diagram representation of predicted and actual ETc

(1.145 to 0.2670) mm day−1, MAE of (0.7250 to 0.3550) mm day−1, ACC of (75%

and 85%) mm day−1 using Fuzzy-Genetic and RRF model for the training dataset.
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Figure 6.10: Taylor diagram representation of predicted and actual Kc
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6.5. SIMULATION RESULTS AND DISCUSSION

Figure 6.11: The comparison results of proposed model using training and testing
datasets

The ETc results with RMSE of (0.150 to 0.273) mm day−1, MSE of (0.022 to

0.075) mm day−1, MAE of (0.119 to 0.118) mm day−1, ACC of (99% and 94%) mm

day−1 using Fuzzy-Genetic and RRF model for testing dataset. Fig. 6.8 presented

the comparison of the predicted and observed Kc and ETc values for Wheat2 crop

using proposed model for training and testing periods.

6.5.4 Comparison of Actual, Proposed and SVM model of
Kc and ETc

The (FG-RRF) proposed model presented the Fuzzy-Genetic (FG), and Regu-

larized Random Forest (RRF) for estimating value for Kc and ETc using meteoro-

logical and crop coefficient parameters including maximum air temperature (Tmax),

minimum air temperature (Tmin), relative humidity (RH), wind speed (u2), solar-
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Figure 6.12: Forecasted actual and proposed model ETc values in range of low, medium,
high and very high

radiation (Rs), and sunshine hours (Is). Shrestha et al. [220] estimated the Kc and

ETc for pepper and watermelon crops using different irrigation and climatic con-

ditions (including air temperature, wind speed, relative humidity, solar radiation,

rainfall, soil moisture, irrigation frequency, and water table depth (lysimeter) using

Support Vector Machine (SVM) model (Sigma and C).

In case of Maize crop, comparison of results of proposed and SVM showed slightly

variation in the last stage of crop coefficient (Kc) during training period. It is ob-

served that proposed model provide efficient results than SVMmodel during training

and testing period. It is also observed that SVM model provide correct estimation

of ETc using training dataset. However, proposed model provided superior results

than SVM model during testing period. In case of Wheat crop, SVM model showed

slightly better performance during training period, but proposed model performed
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Table 6.6: Actual, the FG-RRF-predicted, the SVM model values of Maize crop Kc and
ETc with training dataset

Crop Coefficient (Kc) Crop Evapotranspiration (ETc)
Days Kc Proposed SVM ETc Proposed SVM
1 0.7 0.7 0.79998 1.22 1.236774611 1.369801487
2 0.7 0.7 0.79991 1.22 1.220258065 0.920378307
3 0.7 0.7 0.79992 1.22 1.222051282 0.780370336
4 0.7 0.7 0.79992 1.22 1.220277457 1.120366274
5 0.7 0.7 0.79973 1.22 1.230544444 1.259709419
6 0.7 0.7 0.7998 1.22 1.230488351 1.299718444
7 0.7 0.7 0.79986 1.22 1.226061694 1.340374269
8 0.7 0.7 0.80012 1.38 1.558059965 1.599556032
9 0.7 0.7 0.80033 1.34 1.330555856 1.569768558
10 0.7 0.7 0.79992 1.22 1.244519553 1.369868402
11 0.7 0.7 0.7999 1.22 1.227135417 1.250259317
12 0.7 0.7 0.7999 1.22 1.2542775 1.389801487
13 0.7 0.7 0.80007 1.34 1.341614973 1.569734242
14 0.7 0.7 0.80033 1.56 1.551723423 1.710213283
15 0.7 0.7 0.80036 1.54 1.54673975 1.699912441
16 0.7 0.7 0.79993 1.56 1.544184783 1.71030778
17 0.7 0.7 0.79993 1.22 1.270549261 1.460376486
18 0.7 0.7 0.80051 1.29 1.446233512 1.540169347
19 0.7 0.75 0.80003 1.38 1.403200197 1.59990809
20 0.7 0.74 0.80005 1.22 1.264626102 1.440376664
21 0.7 0.72 0.80048 1.32 1.348311287 1.560322832
22 0.7 0.75 0.80008 1.54 1.599483425 1.699728744
23 0.7 0.71 0.79992 1.42 1.463872549 1.619771296
24 0.7 0.71 0.80007 1.76 1.799569106 1.849728225
25 0.7 0.71 0.79992 1.53 1.609648571 1.689721199
26 0.7 0.75 0.80007 1.67 1.858238095 1.790019656
27 0.7 0.77 0.8 1.22 1.886293651 1.309848927
28 0.7 0.71 0.79988 1.88 1.996182927 1.930374741
29 0.7 0.72 0.79993 2.1 2.185054974 2.109870394
30 0.7 0.77 0.79986 2.14 2.330810284 2.139754283
31 0.7 0.74 0.8 1.22 1.278981378 1.36996098
32 0.7 0.74 0.79965 1.22 1.264438739 1.119867394
33 0.7 0.74 0.80025 1.8 1.79941989 1.88035845
34 0.7 0.74 0.80036 1.85 1.85329619 1.909707639
35 0.7 0.74 0.80055 1.78 1.895243455 1.859721091
36 0.85 0.73 0.89975 2.02 1.658930851 2.139717696
37 0.85 0.71 0.89994 1.78 1.373728621 1.660383251
38 0.85 0.77 0.8999 2.29 2.17300289 2.399466945
39 0.85 0.77 0.8974 2.32 2.168454286 2.420035594
40 0.85 0.8 0.89986 2.41 2.495790323 2.520383999
41 0.85 0.79 0.89455 2.68 2.579266484 2.819756209
42 0.85 0.89 0.90015 2.76 2.890909761 2.91014692
43 0.85 0.93 0.89994 1.8 2.270076993 1.949707601
44 0.85 0.97 0.89995 2.95 3.081348231 2.969707601
45 0.85 0.78 0.89994 2.34 2.408937385 2.450144121
46 0.85 0.78 0.89994 2.22 2.146442029 2.329867394
47 0.85 0.78 0.89994 2.46 2.788445355 2.570223601
48 0.85 0.83 0.89994 2.56 2.796302326 2.679771305
49 0.85 0.89 0.90078 2.75 2.879955263 2.900326006
50 0.85 0.94 0.90527 2.69 2.940166667 2.829746491
51 0.85 0.94 0.89995 2.79 3.186690476 2.949868402
52 0.85 0.81 0.90028 2.73 2.764468692 2.869708411
53 0.85 0.94 0.90943 2.67 2.839679775 2.799726375
54 1.15 0.91 1.0499 3.9 2.744571695 3.749756217
55 1.15 1.08 1.05011 2.96 2.704408602 3.180229433
56 1.15 1.06 1.05055 2.24 2.323521505 2.600366825
57 1.15 1.11 1.05007 2.27 2.372231429 2.629855467
58 1.15 1.11 1.05005 2.38 2.42872093 2.750372343
59 1.15 1.11 1.04972 2.46 2.49331016 2.840376219
60 1.15 1.11 1.05011 2.76 2.681986111 3.077781924
61 1.15 1.11 1.04971 2.91 2.791843407 3.1403837
62 1.15 1.11 1.04963 3.13 2.973822581 3.289734242
63 1.15 1.09 1.05007 3.61 2.93200448 3.640274195
64 1.15 1.11 1.04963 4.14 4.189373737 4.099777234
65 1.15 1.11 1.04992 4.45 4.500049828 4.33028064
66 1.15 1.11 1.0499 4.62 4.756782486 4.410280556
67 1.15 1.11 1.04973 5.04 5.162990854 4.860365931
68 1.15 1.11 1.04987 5.28 5.227797178 5.099713125
69 1.15 1.1 1.04992 5.28 5.238751961 4.980360019
70 1.15 1.11 1.04992 5.55 5.163555877 5.310016619
71 1.05 1.05 0.94991 5.38 5.391581395 4.979752085
72 1.05 1.02 0.94993 6.23 6.048996933 5.890259081
73 1.05 1.08 0.94991 6.18 6.126134752 5.819717715
74 1.05 1.05 0.94991 6.05 6.398749031 5.849714167
75 1.05 1.05 0.94961 6.4 6.358708333 6.349870394
76 1.05 1.11 0.94993 6.96 6.411491892 6.940259089
77 1.05 1.04 0.95001 6.44 6.360964618 6.389708596
78 1.05 1.07 0.95007 6.81 6.621955095 6.769777239
79 1.05 1.04 0.95011 6.65 6.898885475 6.690140973
80 1.05 1.04 0.94993 7.15 6.909337814 7.093788416
81 1.05 1.06 0.94992 7.18 6.862989848 7.077498724
82 1.05 1.07 0.95043 6.37 6.447392505 6.199753388
83 1.05 1.05 0.9501 5.13 5.087273529 5.150144106
84 1.05 1.05 0.95011 7.17 5.998854592 7.084368126
85 1.05 1.04 0.9498 6.15 5.748074951 6.200345968
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Table 6.7: Actual, the FG-RRF-predicted, the SVM model values of Maize crop Kc and
ETc with testing dataset testing dataset

Crop Coefficient (Kc) Crop Evapotranspiration (ETc)
Days Kc Proposed SVM ETc Proposed SVM
1 0.7 0.7 0.899923594 1.27 1.22 3.07723441
2 0.7 0.7 0.899796651 0.87 1.23 3.074914799
3 0.7 0.7 0.899938191 1.34 1.24 3.077485138
4 0.7 0.7 0.888897966 1.02 1.27 2.881397577
5 0.7 0.7 0.895589907 1.16 1.23 3.010581453
6 0.7 0.7 0.899911371 1.2 1.22 3.077044956
7 0.7 0.7 0.89924346 1.24 1.23 3.064810586
8 0.7 0.7 0.899938815 1.5 1.36 3.077495091
9 0.7 0.7 0.897426883 1.47 1.34 3.034042452
10 0.7 0.7 0.899443129 1.27 1.24 3.068657376
11 0.7 0.7 0.899530207 1.15 1.25 3.070483745
12 0.7 0.73 0.899894166 1.29 1.43 3.076719433
13 0.7 0.72 0.899603734 1.47 1.52 3.071167293
14 0.7 0.78 0.899938922 1.93 2.03 3.077497534
15 0.7 0.74 0.89993841 1.8 1.89 3.07748791
16 0.7 0.74 0.899927627 1.89 2.01 3.077300091
17 0.7 0.71 0.899164482 1.63 1.59 3.062653131
18 0.7 0.71 0.874424316 1.65 1.74 2.685366831
19 0.7 0.75 0.899938974 1.48 1.51 3.07749854
20 0.7 0.76 0.899938983 1.79 1.88 3.077498724
21 0.7 0.75 0.899558233 2.04 2.08 3.071979673
22 0.7 0.73 0.895869892 1.6 1.58 3.025617545
23 0.7 0.72 0.899678123 1.52 1.43 3.073115807
24 0.7 0.72 0.899815724 1.75 1.77 3.075393163
25 0.7 0.73 0.899906848 1.59 1.66 3.077002992
26 0.7 0.72 0.899938983 1.69 1.74 3.077498724
27 0.7 0.73 0.89763882 1.21 1.42 3.039593639
28 0.7 0.71 0.899769907 1.83 1.79 3.074839919
29 0.7 0.71 0.897196578 2.01 1.95 3.03310702
30 0.7 0.71 0.899929877 2.04 2.01 3.077324848
31 0.7 0.71 0.899938983 1.76 1.78 3.077498724
32 0.7 0.71 0.885213384 1.94 2 2.870002557
33 0.7 0.72 0.899755933 1.94 1.99 3.074003866
34 0.7 0.71 0.899714995 1.75 1.77 3.073515096
35 0.7 0.78 0.899231075 2.04 2.05 3.066264047
36 0.7 0.81 0.898918158 2.14 2.14 3.062782037
37 0.85 0.79 0.899855312 2.54 2.38 3.076362597
38 0.85 0.71 0.898358376 2.18 1.99 3.056611997
39 0.85 0.85 0.899348573 2.75 2.53 3.068804854
40 0.85 0.85 0.899938963 2.31 2.16 3.077498322
41 0.85 0.85 0.897391826 2.41 2.26 3.03587182
42 0.85 0.85 0.896255236 2.48 2.31 3.028839215
43 0.85 0.85 0.899541857 2.41 2.31 3.071224131
44 0.85 0.85 0.899923473 2.75 2.5 3.077252714
45 0.85 0.85 0.899937242 2.7 2.55 3.077469718
46 0.85 0.85 0.899826665 2.36 2.41 3.075741449
47 0.85 0.85 0.899936634 2.99 3.88 3.077463195
48 0.85 0.85 0.899936231 2.85 2.85 3.077446308
49 0.85 0.85 0.899938817 2.74 2.71 3.07669394
50 0.85 0.85 0.899938852 2.73 2.68 3.077495784
51 0.85 0.85 0.899936457 2.85 2.94 3.077463554
52 0.85 0.85 0.899937042 2.77 2.8 3.077341712
53 0.85 0.85 0.899945652 2.7 2.72 3.076143645
54 0.85 0.85 0.899938719 2.85 2.85 3.077493986
55 1.15 0.8 0.89993865 3.28 2.66 3.077493197
56 1.15 0.84 0.89993898 2.5 2.37 3.077498682
57 1.15 0.78 0.897155738 2.53 2.29 3.049339259
58 1.15 0.71 0.899938975 2.65 2.19 3.077498523
59 1.15 0.71 0.899938933 2.74 2.21 3.077497632
60 1.15 0.8 0.89920005 3.08 2.48 3.068241937
61 1.15 0.78 0.899938983 3.8 3.03 3.077498726
62 1.15 1.15 0.899938983 4.58 4.82 3.077498724
63 1.15 1.15 0.899936183 3.94 3.16 3.077445472
64 1.15 1.15 0.899815315 4.38 4.63 3.075933127
65 1.15 1.15 0.900091626 3.97 3.21 3.079081088
66 1.15 1.15 0.907493984 4.47 4.56 3.153957919
67 1.15 1.15 0.899938826 4.23 4.54 3.077496491
68 1.15 1.15 0.90003461 5.2 5.21 3.078968055
69 1.15 1.15 0.899939175 5.08 5.2 3.077494332
70 1.15 1.15 0.900816591 5.41 5.27 3.090462929
71 1.15 1.11 0.899938983 5.57 5.11 3.077498724
72 1.05 1.06 0.899939214 5.99 6.01 3.077482718
73 1.05 0.9 0.900080333 5.92 5.99 3.076587264
74 1.05 1.05 0.899940778 5.95 6.09 3.077643962
75 1.05 1.11 0.899938993 6.45 6.1 3.07749921
76 1.05 1.11 0.899939228 7.04 6.55 3.077520456
77 1.05 1.11 0.90074053 6.49 6.11 3.08162261
78 1.05 1.05 0.899982469 6.87 6.59 3.077580061
79 1.05 1.05 0.89993932 6.79 6.4 3.077498233
80 1.05 1.05 0.899938996 7.32 6.79 3.077497418
81 1.05 1.05 0.899938994 7.43 6.74 3.077499253
82 1.05 1.05 0.899939383 6.3 6.01 3.077516911
83 1.05 1.05 0.901730217 5.25 5.19 3.094726772
84 1.05 1.05 0.900287625 7.35 6.72 3.077987353
85 1.05 1.05 0.899944076 6.3 6.07 3.077735059
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Table 6.8: Actual, the FG-RRF-predicted, the SVM model values of Wheat crop Kc and
ETc with training dataset

Crop Coefficient (Kc) Crop Evapotranspiration (ETc)
Days Kc Proposed SVM ETc Proposed SVM
1 0.4 0.4 0.59 1.04 1.1504 1.1396
2 0.4 0.4 0.65 0.7 0.8029 0.7996
3 0.4 0.5 0.64 0.92 1.1061 1.0199
4 0.4 0.4 0.64 1.59 1.433 1.6898
5 0.4 0.4 0.5 1.22 1.2119 1.3202
6 0.4 0.4 0.5 1.25 1.2075 1.35
7 0.4 0.4 0.65 1.02 1.0402 1.12
8 0.4 0.4 0.53 0.99 1.0211 1.0898
9 0.4 0.4 0.52 0.86 0.9216 0.9596
10 0.4 0.4 0.65 1.14 1.1639 1.2399
11 0.4 0.4 0.65 1.01 1.0783 1.1104
12 0.4 0.4 0.65 0.48 0.5264 0.58
13 0.4 0.4 0.65 0.76 0.8163 0.8599
14 0.4 0.4 0.65 0.73 0.7887 0.83
15 0.4 0.4 0.65 0.43 0.4863 0.5305
16 0.4 0.4 0.65 0.79 0.8136 0.8899
17 0.4 0.5 0.65 1.38 1.4683 1.4801
18 0.4 0.4 0.65 1.09 1.1084 1.1897
19 0.4 0.5 0.64 1.17 1.2818 1.2703
20 0.4 0.4 0.65 1.14 1.3747 1.2398
21 0.4 0.4 0.89 0.79 0.8571 0.8896
22 0.4 0.4 0.65 0.48 0.57 0.58
23 0.4 0.4 0.65 0.31 0.4143 0.4104
24 0.4 1.1 0.65 0.43 0.6152 0.5299
25 0.4 1.1 0.65 0.37 0.5222 0.4702
26 0.4 0.4 0.66 0.48 0.5005 0.5796
27 1.15 1.11 1.05 2.28 2.2075 2.2692
28 1.15 1.04 1.05 2.29 2.1684 2.269
29 1.15 0.95 1.05 1.92 1.6555 2.0199
30 1.15 1.11 1.05 1.46 1.397 1.5602
31 1.15 1.11 1.05 1.36 1.4003 1.4599
32 1.15 1.11 1.05 1.06 1.0929 1.1599
33 1.15 1.11 1.05 1.69 1.5554 1.7903
34 1.15 1.11 1.05 1.22 1.2095 1.3203
35 1.15 1.15 1.05 1.23 1.2103 1.33
36 1.15 1.15 1.05 1.13 1.197 1.23
37 1.15 1.15 1.05 1.58 1.4996 1.68
38 1.15 1.15 1.05 1 1.0806 1.1004
39 1.15 1.15 1.05 1.99 1.8713 2.09
40 1.15 1.15 1.05 2.9 2.8147 2.7999
41 1.15 1.15 1.05 2.79 2.7324 2.6903
42 1.15 1.15 1.05 3 2.901 2.9
43 1.15 1.15 1.05 2.98 2.8154 2.8797
44 1.15 1.15 1.05 1.93 1.8688 2.0299
45 1.15 1.11 1.05 2.73 2.6827 2.63
46 1.15 0.7 1.05 2.32 1.8825 2.2199
47 1.15 1.11 1.05 0.94 1.0627 1.0403
48 1.15 1.05 1.05 2.56 2.3833 2.4602
49 1.15 1.11 1.05 1.19 1.1447 1.2899
50 1.15 1.11 1.05 2.76 2.6057 2.6599
51 1.15 1.11 1.05 1.56 1.2179 1.6605
52 1.15 1.11 1.05 2.46 2.3331 2.36
53 1.15 1.11 1.05 2.47 2.3874 2.5683
54 1.15 1.11 1.05 2.33 2.2778 2.2521
55 1.15 1.11 1.05 2.51 2.3484 2.4097
56 1.15 1.15 1.05 3.02 2.8356 2.9206
57 1.15 1.15 1.05 2.74 2.6562 2.6401
58 1.15 1.15 1.05 2.29 2.1818 2.2625
59 1.15 1.15 1.05 2.77 2.6714 2.6706
60 1.15 1.15 1.05 2.8 2.7141 2.6999
61 1.15 1.15 1.05 1.41 1.2046 1.5104
62 1.15 1.15 1.05 2.02 1.7898 2.1204
63 1.15 1.15 1.05 2.2 1.9489 2.1802
64 1.15 1.15 1.05 2.87 2.7071 2.7699
65 1.15 1.15 1.05 1.8 1.4279 1.8997
66 1.15 1.15 1.05 1.51 1.1812 1.6099
67 1.15 1.15 1.05 1.64 1.2607 1.7399
68 1.15 1.15 1.05 2.79 2.7043 2.6898
69 1.15 1.11 1.05 2.89 2.7578 2.7897
70 1.15 1.11 1.05 2.77 2.6803 2.6701
71 1.15 1.11 1.05 3.03 2.8687 2.9301
72 1.15 1.11 1.05 2.68 2.6207 2.5798
73 1.15 1.11 1.05 3.26 3.1377 3.1599
74 1.15 1.11 1.05 3.18 3.0963 3.0801
75 1.15 1.11 1.05 3.31 3.2023 3.2104
76 1.15 1.11 1.05 3.2 3.0387 3.0996
77 1.15 1.11 1.05 2.61 2.4769 2.5103
78 1.15 1.11 1.05 1.57 1.2177 1.6698
79 1.15 1.11 1.05 2.78 2.7241 2.6803
80 1.15 1.11 1.05 2.69 2.6863 2.5902
81 1.15 1.11 1.05 2.68 2.6862 2.5798
82 1.15 1.11 1.05 2.82 2.8146 2.7202
83 1.15 1.11 1.05 1.33 1.2726 1.4298
84 1.15 1.11 1.05 3.3 3.0345 3.1999
85 1.15 1.11 1.05 1.06 1.0737 1.16
86 1.15 1.11 1.05 2.83 2.8523 2.7298
87 1.15 1.15 1.05 2.84 2.8622 2.7398
88 1.15 1.15 1.05 3.86 3.9185 3.7603
89 1.15 1.15 1.05 3.97 4.003 3.8696
90 1.15 1.15 1.05 3.85 3.8573 3.7498
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Crop Coefficient (Kc) Crop Evapotranspiration (ETc)
Days Kc Proposed SVM ETc Proposed SVM
91 1.15 1.15 1.05 4.06 4.0149 3.9602
92 1.15 1.15 1.05 4.07 4.0248 3.9701
93 1.15 1.15 1.05 4.04 4.0703 3.94
94 1.15 1.15 1.05 4 4.0718 3.8997
95 1.15 1.15 1.05 4.27 4.2394 4.2477
96 1.15 1.15 1.05 4.51 4.5005 4.4101
97 1.15 1.15 1.05 4.67 4.6548 4.5702
98 1.15 1.15 1.05 4.74 4.7261 4.6396
99 1.15 1.15 1.05 5.65 5.2144 5.5502
100 1.15 1.15 1.05 6.02 5.1319 5.9199
101 1.15 1.15 1.05 4.33 4.3336 4.2299
102 1.15 1.15 1.05 4.02 4.0385 3.92
103 1.15 0.59 1.05 5.85 4.8624 5.75
104 1.15 0.94 1.05 4.53 4.5131 4.43
105 1.15 0.63 1.05 4.73 4.4899 4.6301
106 1.15 1.11 1.05 4.7 4.5602 4.6002
107 1.15 0.72 1.05 4.94 4.6849 4.84
108 0.41 0.4 0.54 1.87 1.9035 1.9704
109 0.41 0.4 0.55 1.78 1.8581 1.8801
110 0.41 0.4 0.51 2.03 2.0837 1.9298
111 0.41 0.4 0.52 2.09 2.1045 2.1032
112 0.41 0.4 0.65 1.87 1.9557 1.9699
113 0.41 0.4 0.65 2.99 2.912 2.8904
114 0.41 0.4 0.63 1.87 1.938 1.9702
115 0.41 0.4 0.56 1.91 2.043 2.0097
116 0.41 0.41 0.72 1.9 1.9062 1.9997
117 0.41 0.41 0.65 1.55 1.6315 1.6501
118 0.41 0.41 0.65 1.2 1.1895 1.2997
119 0.41 0.4 0.65 1.64 1.8605 1.7402
120 0.41 0.4 0.63 2.12 2.1099 2.2199
121 0.41 0.4 0.63 2.2 2.252 2.2626
122 0.41 0.4 0.64 2.11 2.2668 2.2099
123 0.41 0.4 0.64 2.46 2.4609 2.36
124 0.41 0.4 0.65 2.39 2.4575 2.2904
125 0.41 0.4 0.65 3.18 2.957 3.0799
126 0.41 0.41 0.65 3.32 3.1056 3.2199

Table 6.9: Actual, the FG-RRF-predicted, the SVM model values of Wheat crop Kc and
ETc with testing dataset

Crop Coefficient (Kc) Crop Evapotranspiration (ETc)
Days Kc Proposed SVM ETc Proposed SVM
1 0.4 0.4 0.9 1.04 1.5856 2.2674
2 0.4 0.4 0.9 0.7 0.8661 2.2692
3 0.4 0.5 0.9 0.92 1.0053 2.2643
4 0.4 0.4 0.9 1.59 1.4455 2.2692
5 0.4 0.4 0.9 1.22 1.3134 2.2692
6 0.4 0.4 0.9 1.25 1.3192 2.264
7 0.4 0.4 0.9 1.02 1.6901 2.2692
8 0.4 0.4 0.89 0.99 1.0709 2.2228
9 0.4 0.4 0.9 0.51 0.7823 2.2693
10 0.4 0.4 0.9 0.46 0.6515 2.2641
11 0.4 0.4 0.9 0.62 1.6343 2.2692
12 0.4 0.4 0.91 0.52 0.7752 2.2834
13 0.4 0.4 0.9 0.76 0.934 2.2672
14 0.4 0.4 0.9 0.73 0.8858 2.2692
15 0.4 0.4 0.9 0.43 0.6883 2.2689
16 0.4 0.4 0.9 0.78 0.8773 2.2706
17 0.4 0.5 0.9 1.38 1.5053 2.2554
18 0.4 0.4 0.9 1.08 1.2205 2.2692
19 0.4 0.5 0.9 1.17 1.2157 2.2692
20 0.4 0.4 0.9 1.14 1.1917 2.2692
21 0.4 0.4 0.85 0.79 0.8894 1.9793
22 0.4 0.4 0.9 0.48 0.6482 2.2678
23 0.4 0.4 0.9 0.31 0.6549 2.2673
24 0.4 1.1 0.9 0.43 0.6232 2.2686
25 0.4 1.1 0.9 0.37 0.6171 2.2337
26 0.4 0.4 0.86 0.29 0.6352 1.7798
27 1.15 1.11 0.9 1.18 1.3746 2.2697
28 1.15 1.04 0.9 0.84 1.2704 2.2265
29 1.15 0.95 0.9 1.29 1.3163 2.1904
30 1.15 1.11 0.9 1.25 1.2249 2.2639
31 1.15 1.11 0.84 0.84 1.2508 1.4874
32 1.15 1.11 0.94 1.01 1.237 1.8022
33 1.15 1.11 0.9 1.28 1.2701 2.2481
34 1.15 1.11 1.04 0.98 1.2279 1.3502
35 1.15 1.15 0.91 1.13 1.1979 2.1325
36 1.15 1.15 0.9 1.32 1.3892 2.2692
37 1.15 1.15 0.93 1.32 1.3909 2.0925
38 1.15 1.15 0.9 1.28 1.3535 2.2692
39 1.15 1.15 0.92 1.27 1.3928 2.2234
40 1.15 1.15 0.9 0.91 1.3036 2.2692
41 1.15 1.15 0.91 1.17 1.3482 2.3148
42 1.15 1.15 0.9 1.2 1.3653 2.3304
43 1.15 1.15 0.95 1.3 1.4424 2.549
44 1.15 1.15 0.99 1.28 1.3939 2.0968
45 1.15 1.11 1.03 1.64 1.8914 2.5868
46 1.15 0.7 0.9 1.41 1.573 2.2832
47 1.15 1.11 0.9 0.99 1.2731 2.2692
48 1.15 1.05 0.9 1.29 1.3246 2.2688
49 1.15 1.11 0.92 1.2 1.3172 1.9631
50 1.15 1.11 0.9 2.76 2.4428 2.2685

130



6.5. SIMULATION RESULTS AND DISCUSSION

Crop Coefficient (Kc) Crop Evapotranspiration (ETc)
Days Kc Proposed SVM ETc Proposed SVM
51 1.15 1.11 0.9 1.55 1.5501 2.2513
52 1.15 1.11 0.9 2.46 2.3848 2.2692
53 1.15 1.11 0.9 2.46 2.2793 2.146
54 1.15 1.11 0.9 2.33 2.2392 2.2581
55 1.15 1.11 0.9 2.51 2.3229 2.1955
56 1.15 1.15 0.9 3.02 2.5115 2.2416
57 1.15 1.15 0.89 2.74 2.3743 2.2106
58 1.15 1.15 0.92 2.29 2.4503 2.3719
59 1.15 1.15 0.9 2.77 2.6252 2.2957
60 1.15 1.15 0.9 2.79 2.5715 2.2436
61 1.15 1.15 0.9 1.41 1.5533 2.2634
62 1.15 1.15 0.9 2.02 1.9257 2.2692
63 1.15 1.15 0.9 2.2 2.4698 2.2692
64 1.15 1.15 0.9 2.88 2.7355 2.2655
65 1.15 1.15 0.9 1.79 2.3978 2.2696
66 1.15 1.15 0.9 1.51 1.5565 2.2153
67 1.15 1.15 0.88 1.64 1.7097 2.1064
68 1.15 1.15 0.9 2.79 2.495 2.251
69 1.15 1.11 0.88 2.89 2.7075 2.2267
70 1.15 1.11 0.89 2.77 2.7249 2.2249
71 1.15 1.11 0.9 3.04 2.7574 2.2637
72 1.15 1.11 0.9 2.68 2.5208 2.2687
73 1.15 1.11 0.9 3.25 2.8508 2.2622
74 1.15 1.11 0.99 3.19 2.974 2.5133
75 1.15 1.11 0.9 3.31 3.3138 2.3305
76 1.15 1.11 0.9 2.45 2.9035 2.3647
77 1.15 1.11 0.9 2.58 3.0043 2.3078
78 1.15 1.11 0.9 2.83 3.2033 2.2692
79 1.15 1.11 0.9 2.94 3.1502 2.2699
80 1.15 1.11 0.9 3.17 3.4724 2.27
81 1.15 1.11 0.9 2.96 3.2238 2.2692
82 1.15 1.11 0.9 3.11 3.2421 2.2713
83 1.15 1.11 0.9 2.68 2.7441 2.2658
84 1.15 1.11 0.9 2.71 3.2336 2.2712
85 1.15 1.11 0.9 2.43 3.1283 2.2958
86 1.15 1.11 0.9 2.93 3.309 2.2692
87 1.15 1.15 0.9 3.35 3.4247 2.3741
88 1.15 1.15 0.9 3.02 3.1123 2.2691
89 1.15 1.15 0.9 2.83 2.9669 2.2692
90 1.15 1.15 0.9 2.94 2.881 2.2692
91 1.15 1.15 0.9 3.28 3.3539 2.2693
92 1.15 1.15 0.9 3.31 3.2714 2.2692
93 1.15 1.15 0.89 3.09 3.1786 2.2516
94 1.15 1.15 0.9 1.91 1.9136 2.2692
95 1.15 1.15 0.9 2.4 2.5273 2.2625
96 1.15 1.15 0.92 3.25 3.3146 2.535
97 1.15 1.15 0.9 2.9 3.0375 2.2692
98 1.15 1.15 0.9 3.19 3.2942 2.397
99 1.15 1.15 0.9 3.19 3.1895 2.2818
100 1.15 1.15 0.9 2.88 2.7754 2.2692
101 1.15 1.15 0.9 3.35 3.4464 2.2692
102 1.15 1.15 0.9 3.51 3.6221 2.5155
103 1.15 0.59 0.9 3.44 3.4484 2.2692
104 1.15 0.94 0.9 2.96 3.3427 2.2692
105 1.15 0.63 0.9 3.73 4.1361 2.5125
106 1.15 1.11 0.9 3.13 3.2949 2.2701
107 1.15 0.72 0.9 3.25 3.2926 2.2688
108 0.4 0.4 0.9 1.17 1.744 2.2696
109 0.4 0.4 0.9 1.14 1.7134 2.2692
110 0.4 0.4 0.9 1.29 1.8261 2.4085
111 0.4 0.4 0.9 1.27 1.8258 2.5559
112 0.4 0.4 0.9 1.11 1.7643 2.2694
113 0.4 0.4 0.65 2.99 1.9189 2.8904
114 0.4 0.4 0.63 1.86 1.8562 1.9702
115 0.4 0.4 0.56 1.91 1.8838 2.0097
116 0.4 0.4 0.72 1.9 1.8636 1.9997
117 0.4 0.4 0.65 1.54 1.6513 1.6501
118 0.4 0.4 0.65 1.2 1.5754 1.2997
119 0.4 0.4 0.65 1.64 1.7802 1.7402
120 0.4 0.4 0.63 2.12 1.8567 2.2199
121 0.4 0.4 0.63 2.2 1.8489 2.2626
122 0.4 0.4 0.64 2.11 1.856 2.2099
123 0.4 0.4 0.64 2.46 1.8488 2.36
124 0.4 0.4 0.65 2.38 1.8495 2.2904
125 0.4 0.4 0.65 3.18 1.8495 3.0799
126 0.4 0.4 0.65 3.32 1.8614 3.2199
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Table 6.10: Performance comparison of FG-RRF (Proposed model) and SVM model
using Maize crop

Training Maize Kc Testing Maize Kc

Proposed SVM Proposed SVM

MAE 0.04031 0.0895 0.0512 0.1689
MSE 0.00298 0.0084 0.01346 0.0332
RMSE 0.0546 0.0918 0.116 0.1824
ACC 100% 100% 100% 80%
R 0.91 0.74 0.59 0.28

Training Maize ETc Testing Maize ETc

MAE 0.1584 0.1052 0.1871 1.433
MSE 0.07129 0.0124 0.0691 2.776
RMSE 0.2670 0.1114 0.2629 1.666
ACC 97.65% 96.47% 98% 24.71%
R 0.98 0.99 0.97 -2.56

Table 6.11: Performance comparison of FG-RRF (Proposed model) and SVM model
using Wheat Crop

Training Wheat Kc Testing Wheat Kc

FG-RRF SVM FG-RRF SVM

MAE 0.15051 0.1440 0.2497 0.3047
MSE 0.0640 0.0257 0.10433 0.1050
RMSE 0.25315 0.1604 0.3230 0.3241
ACC 93.65% 99.21% 94.44% 75.4%
R 0.50 0.79 0.19 0.17

Training Wheat ETc Testing Wheat ETc

MAE 0.1478 0.0956 0.2635 0.8162
MSE 0.0644 0.0094 0.1564 0.8999
RMSE 0.2539 0.0972 0.3955 0.9486
ACC 97% 99% 93% 65.87%
R 0.95 0.99 0.77 0.010

better outcomes during testing period for Kc. It is observed that the proposed model

provide accurate outcomes of ETc during testing period than SVM model.

Table 6.6 and Table 6.7 presents the values of Maize crop (Kc) and (ETc) using

Actual, Proposed model and SVM model for training dataset and testing datasets

respectively. Table 6.8 and Table 6.9 presents the values of Wheat crop (Kc) and

(ETc) using Actual, Proposed model and SVMmodel for training dataset and testing

datasets respectively.

Table 6.10 presents the performance comparison of FG-RRF Proposed model

and SVM model for Maize crop (Kc) and (ETc) using training dataset and testing

datasets respectively. Table 6.11 presents the performance comparison of FG-RRF

Proposed model and SVM model for Wheat1 crop (Kc) and (ETc) using training

dataset and testing datasets respectively.
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6.6 Summary

The main objective of this paper is to design and develop an innovative multi-

level model ensembling for accurate estimation of crop coefficient (Kc) and reference

evapotranspiration (ETc) using Fuzzy-Genetic (FG) and Regularization Random

Forest(RRF) models. The following conclusions are drawn from the investigations.

� The (FG-RRF) proposed ensemble model estimated accurately (Kc) and (ETc)

for Maize crop than other crops. The (Kc) value was correctly predicted using

Fuzzy-Genetic approach for Initial, Development, Middle and Last stage of

crops. The climatic and crop parameters such as (TemperatureMax), (RHMax),

(RHMin), (Kc) and (ETo) found better to estimate (ETc) for crops.

� To evaluate the accuracy of proposed model, (Kc) and (ETc) predicted results

are compared with the SVM model. The testing dataset found slightly better

than training dataset using proposed model as compared to SVM model in

case of (Kc) and (ETc) estimations. The highest accuracy was achieved with

by the (Kc) with 99% and (ETc) with 98% for Maize crop using training and

testing period.
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Chapter 7

Decision Support System for
Irrigation Scheduling using AI
(DSS-IS)

This study presents a framework of Decision Support System (DSS) based on

Artificial Intelligence (AI) for irrigation scheduling. Particle Swarm Optimization

with Deep Neural Network (PSO-DNN) and Deep Learning (DL) models are applied

to estimate the irrigation scheduling parameters such as (Irrigation Water Require-

ment, Net Irrigation, Gross Irrigation and Pumping Time) that can help to improve

water use efficiency.

7.1 Overview

“Agriculture is at the heart of our world’s economy” - Crop life international.

Emerging technologies such as Artificial Intelligence (AI) and Machine Learning

(ML) make agriculture ubiquitous and helps to develop model-based Decision Sup-

port System (DSS). A combination of DSS method with modern technology and

irrigation, is the need of the hour to develop smart utilization of water to the crops

in different climate conditions.

In modern farming, the watering process has become one of the important and

critical processes due to shortage of fresh water in most of the area of the world [221].

Farmland consume more than 70% of total global freshwater, and is much higher (up

to 90%) in the developing countries. In order to estimate crop evapotranspiration

(ETc) a significant amount of fresh water is needed for better crop growth and yield.

In addition to rain, the proper irrigation water is also required for the growth of

crop.

It is necessary to use an efficient irrigation technique that saves irrigation water

without compromising yield production. Punjab is an economically advanced and

energy-intensive state of India. In North-Western India, Wheat is usually irrigated
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at an IW: CPE of 0.9 with a 75 mm depth of irrigation water (conventional irrigation

technique, CP), which results in water waste. The quantity and timing of precipi-

tation have a significant impact on water irrigation needs. The annual precipitation

is usually less than ten inches in arid areas and irrigation needs to be done to grow

crops successfully.

Crops can be cultivated without irrigation, in semi-arid areas that typically re-

ceive 15 to 20 inches of annual precipitation but due to droughts, crop yield decreases

and it causes crop failure. Short, and dry periods are common in sub-humid areas,

which receive between 20 to 30 inches of annual rainfall. Depending on soil water

storage capacity and crop root depth, irrigation is required for short periods during

the growth stage in these areas.

Irrigation Decision Support System (IDSS) plays an important role by providing

the scientific and reasonable suggestion for efficient utilization of water manage-

ment [222]. In the last two decades, various researchers have observed the success

of the Integrated Decision Support System (IDSS) in various domains of agricul-

tural systems. Mateos et al. [223] presented a scheme of Irrigation Management

Information System (SIMIS) to enhance the irrigation efficiency based on a simple

water balance method. Maza et al. [224] applied the ArcGIS toolbar to estimate

accurate ETo and Net Irrigation Requirement (NIR) values for crop water demand.

Srivastava et al. [225] developed a hyper-spectral predictive approach to monitor the

soil organic carbon in the Indo-Gangetic Plains of Punjab, India.

Irrigation’s primary goal is to supply enough water to crops in order to achieve

optimal yield and a high-quality harvest. Accurate estimation of quantity and tim-

ings of water can be determined by current climatic conditions, the crop stages, and

soil water storage capacity.

Moreover, the field water balance for crop evapotranspiration is required to de-

termine the estimation of crop water requirement.

As motivated by Sharda et al., [219] developed a DSS based on Border, Sprinkler

and Drip Irrigation systems to the estimation of when and how to determine water

irrigation for Maize, Potato, Chilli, and Wheat crops. They have applied some

dataset to build the DSS system such as climate dataset, crop dataset with water

quality, soil dataset and irrigation system.

In this chapter, the main contribution is to analyze the irrigation scheduling

parameter using feature selection based on random forest algorithm and ensemble-

based modeling using PSO and DL models. We have shown that the feature subset

can improve the accuracy of this model. The proposed model have been applied on

case study which is received from PAU, Ludhiana station. We have taken dataset

of Border Irrigation and Sprinkler Irrigation parameters to determine the Irrigation

Water Requirement (IWR).
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7.2 Material and Study Area

This section discusses about the case study of Ludhiana District which is one of

the centrally located District of Punjab (India) with 3706 sq km geographical area.

The topography of the study area is a typical representation of an alluvial plain.

The climate of the area is sub-tropical steppe, semi-arid with hot dry summers from

April to June, hot and humid monsoon period from July to October, winters from

November to January and mild temperature during February to March.

The case study have been carried out at the research farms of Punjab Agricul-

tural University (PAU), Ludhiana, India 30(◦C) 54 N, 75(◦C) 48 E, elevation 247

m above sea level). For the development of DSS-IR model, three datasets are con-

sidered (Weather dataset, Crop dataset and Irrigation Methods). Firstly, the daily

meteorological data with the following parameters (viz Max/Min Temperature, Rel-

ative Humidity, Wind Speed, Sunshine Hours and Rainfall) are collected from IMD,

Pune. Then, ETo is calculated using weather dataset and CROPWAT software.

Secondly, crop dataset parameters (i.e. Crop Variety, Crop Sowing/Planting Date)

from package of practices for crops and vegetables of Punjab Agricultural Univer-

sity, Ludhiana are taken for estimation of ETc. Finally, the irrigation system dataset

is considered with several parameters (viz Irrigation Frequency, Irrigation Require-

ment, Net Irrigation, Gross Irrigation, Pumping Time). Table 7.1 shows the original

case study parameters of Border Irrigation and Fig 7.2 presents the crop coefficient

values of Wheat crop.

Table 7.2: Crop coefficient (Kc) values of Wheat crop at various stages of Ludhiana
station

Period Variety Initial Development Mid Late TD
Kc TGD Kc TGD Kc TGD Kc TGD

2013/12/01-
2014/04/31

PBW621 0.4 29 1.15 55 1.15 14 0.4 32 130

7.3 Feature Subset using Fuzzyforest

In this section, the fuzzyforest algorithm is applied for the feature subset. The

fuzzyforest algorithm is based on random forest and it is designed to reduce and rank

the important number of features in regression. These features are chosen based on

a feature recursive exclusion function. The random forests algorithm is applied for

both classification and regression problems [180].

This model for the use of a variety of methods for partitioning the features

into distinct clusters. The fuzzyforest package allows the analyst to input their own

clustering of the features [226]. Commonly, such a partition of the features would be
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derived by considering the correlation matrix of the features. The R studio software

is used to implement this fuzzyforest package and it gives the analyst the option

of utilizing the functionality of the package WGCNA to partition covariates into

distinct clusters [227].

WGCNA (Weighted Gene Co-expression Network Analysis) is a rigorous frame-

work for detecting correlation networks [228]. Although WGCNA has been used

primarily in genetics, it has also been applied successfully in contexts such as brain

imaging and cancer biology [229].

WGCNA takes in the matrix of features and uses the correlation structure to

partition the features into distinct groups such that the correlation between features

of the same group is large and the correlation between features of separate groups

is small. WGCNA constructs a network of features, each feature representing one

node, via the correlation matrix of features. It determines modules based on this

network.

The working process of model is described in Fig 7.1. In the first step of fuzzy

forests, the input features are divided into various samples based on high and low

co-relation [230]. Then, the fuzzy forests eliminates the features into two steps:

Screening step ,and Selection step as shown in Fig 7.1.

In the Screening step, RFE-RF is used on each module to eliminate the least

important features within each module. In the Selection step, a final RFE-RF is

used on the surviving features with mtry and ntree parameters.

                               

Step1: WGCNA Algorithm

Partition of features into distinct modules 

(Correlation)

Partitioning of parameters P= {P 1,  P 2, 

P 3... P n-1 }

WGCNA_params <- 

WGCNA_control(p = 6, 

minModuleSize = 1, 

nThreads = 1)

Step2: REF-RF Algorithm

Recursive feature elimination random 

forests

mtry=1; min ntree= 500; drop fraction= 

.8; factor ntree= 5.

Screen_params <- screen_control(keep 

fraction = .9,mtry factor, min ntree, ntree 

factor, drop fraction)

Screening Step

Step3: REF-RF Algorithm

Identify the most important features and 

 

select_params <- 

select_control(drop_fraction = fraction 

drop, no selected = 10, ntree factor,min 

ntree, mtry factor)

 Selection Step

Step 4:  Final set of reduced features 

and to build the final model using 

random forest classifier 

wff_fit <- wff(y ~ ., data=datafile,

               WGCNA_params = 

WGCNA_params,

               screen_params = 

screen_params, select_params, final 

ntree = 500)

Step 5:  Result (Important Features)

vims <- wff_fit$feature_list vims

$feature_name

Final Step

Figure 7.1: Steps of fuzzyforest
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7.4 Deep Learning (DL)

“Deep learning (DL) is a subset of machine learning dealing with algorithms

inspired by the structure and function of the brain called Artificial Neural Networks

”. The soul of DL is its capability to learn multiple levels of abstractions and rep-

resentations from data [231]. Deep learning requires a huge amount of data to train

the model because DL algorithms learn only from data by extracting the features

through hierarchical representation. The accuracy of the DL model is dependent on

the complexity and size of training data.

In few decade, DL has achieved rapid progress in fields as diverse as computer vi-

sion, natural language processing, machine translation language, smart agriculture,

health-medical, automatic speech recognition, statistically modeling, and reinforce-

ment learning. In 1943, Warren McCulloch and Walter Pitts developed computer

model of the brain using Neural Networks [232]. Ivakhenenko and Lapa applied sta-

tistically and supervised models with Polynomial (complicated equations) activation

functions, Deep, Feed-Forward, and Multi-Layer Perceptrons [190].

In 1970’s, the concept of back propagation is introduced based on errors in Deep

Learning models. Zhou and Ji ( [233]) proposed a Deep Forest (DF) framework which

consists Multi-Layer Deep Learning layers. It combines different ensemble-based

methods, including stacking, Random Forests into a structure that is equivalent to

a Multi-Layer Neural Network, where each layer consists of RFs instead of neurons.

The efficient modeling of nonlinear functions is performed by Deep Learning. The

major benefit of deep hidden layers x=(x1, ....xn) where, the input space is high-

dimensional. The DL framework considers a uni-variate activation function where,

f1, ... fn, applied on each layer (e.g. Cosh, Sin, Sigmoid, Tanh, Heaviside Gate

Functions, or Rectified Linear Units) [234]. To determine the suitable parameter for

DNN, the model is used with three hidden layers with activation function on each

layer including Relu-leak, Eta, and Optimizer.

7.5 Particle Swarm Optimization (PSO) and Deep

Neural Network (DNN)

In last few years Auto-ML or Automated Machine Learning has become widely

popular to bring the automation in real world. Auto-ML aims to automate methods

for model selection, feature extraction and hyper-parameter optimization.

There are two parameters for each machine learning model: Normal parameters

are optimized during the training and Hyper-parameters are set manually prior to

training by the model designer. The settings of hyper-parameters monitors the

behavior of machine learning algorithm. The primary task of Auto-ML is to set
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these hyper-parameters automatically to optimize the performance of model [235].

This section presented a new package i.e. Auto-ML for automated machine

learning. An Auto-ML package adapts from simple regression to highly tailor-made

deep neural networks either with meta heuristic or gradient descent, using custom

cost function and automatic hyper-parameters tuning. A mix is motivated by the

common tricks on Particle Swarm Optimization (PSO) and Deep Neural Network

(DNN).

Particle Swarm Optimization (PSO) is proposed by Kennedy et al. [236]. PSO

is one of the population-based meta-heuristic optimization techniques. It is based

on the social and individual behavior of biological groups e.g. school of fishes, flocks

of birds, and swarms of bees.

Firstly, it prepares a batch of individuals as a population and the state of these

individuals is updated with an evolutionary process. After the initialization, an evo-

lution procedure is applied with a definite number of generations, and each particle

(individual) finds a possible optimal solution by changing its direction according to

its velocity and position of the individual based on best previous experience during

each generation. It is easy to implement, and capable to determine the global op-

timum solution which are closest to the actual solutions and also offers an efficient

search and quick procedure. It has been significantly applied in a wide area of fields

such as economic problems, control systems, and other real-world applications.

The crucial hyper-parameters for PSO models are (Numiterations, Psopartpop-

size) and for DNN model (Hparlayer activation, Mini batch, and Weight decay)

parameters used for optimization.

7.6 Model Development for DSS

7.6.1 Estimation of (ETo)

The Reference evapotranspiration for DSS is same as the Reference evapotran-

spiration ETo presented in section 1.2. The estimated results of ETo, Kc and ETc

are presented in Figure 7.2.

7.6.2 Estimation of (ETc) and IR Parameters

The crop evapotranspiration for Decision Support System is same as the crop

evapotranspiration ETc presented in section 1.3.

This section presents the procedure for calculating the irrigation requirement,

net irrigation in mm and litres, gross irrigation in mm and litres, and pumping

discharge time in hours.

The Irrigation Frequency (IF) and ETo are the most important parameter that
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Figure 7.2: Estimation of daily reference evapotranspiration ETo and crop ETc

influence the irrigation management system. The need of an irrigation water is

defined as the difference between the crop water requirement and effective rainfall.

In this study, only effective rainfall factor is considered due to negligible effect of

other factors on the requirement of irrigation water, given in Eq. (7.1), and Eq.

(7.2):

IRneed = ETo = (Pe +Ge +Wb) (7.1)

where, We signifies water stored in the soil at the beginning of each period (mm),

Ge denotes groundwater contribution from water table (mm), Pe is the effective

rainfall (mm), IR denotes the Irrigation Requirement (mm), and ETc is the total
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crop evapotranspiration (mm).

Pe = P × 65

100
(7.2)

where, Pe is the effective rainfall (mm), P is the rainfall (mm),

Some rainfall may not be effective due to water loss via surface runoff, deep

evaporation or percolation. It depends upon the root zone depth and the soil storage

capacity. Generally, in India 50% to 80% of total rainfall is assumed as effective rain.

In this study effective rainfall is taken to be 65% of the rainfall. The contribution

of groundwater table Ge changes to the Ec due to level of water table below the

available water content in the root zone, and soil type. In this study, Ge is taken as

zero.

The field Irrigation Efficiency (IEf ) is defined as the volume of removed water

from the crop root zone to a given area from the water source. In this study field

irrigation efficiencies i.e. 40%, and 65% are taken for Border irrigation and Sprinkler

irrigation system respectively as shown by eq (7.3).

Ef =
Wsr

Wds
× 100 (7.3)

where,

Ef is the field irrigation system efficiency (%), Wsr is the volume of water stored

in crop root zone soil, Wds is the volume of water diverted or pumped from the

source

The Irrigation Frequency (IF) requirement is calculated by Eq. (7.4):

(IF ) =
IRn

ETc
(7.4)

It is the number of days between two irrigation’s consecutively, i=
d

ETc

, where

d denotes the net depth of irrigation application (dose) in mm and ETc is the daily

crop evapotranspiration in mm.

7.6.3 Net Irrigation (NetIR)

The Net Irrigation (NetIR) is the requirement of water for the crop growth (mm

per day). It is determined by the climate and cropping pattern. The net irrigation

depth is identified by examining that how much water is set per irrigation application

using local irrigation approach. The net irrigation water requirement for border and

sprinkler irrigation system is calculated by Eq. (7.5):

IRn = IR + LR

IRnv = (IRn ∗ 10−3 ∗Wa ∗ 104 ∗ 103)
(7.5)
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where, IRnv is the Net Irrigation Requirement in (litres), Wa is the Net given

cropped area (ha), IRn is the Net Irrigation Requirement in (mm), IR is the Irriga-

tion Requirement (mm), LR is the Leaching Requirement (mm).

The leaching requirement is the additional water required for leaching down the

extra salts with irrigation water and makes the EC of soil up to the required level so

that it may not harm the crop growth and development [237]. The Ecw for Ludhiana

station is estimated as 1.5 * Ecw [238].

7.6.4 Gross Irrigation (GRIR)

The Gross Irrigation (GRIR) requirement is referred as the overall amount of water

applied through irrigation. The Net Irrigation requirement plus additional losses and

application is the total amount of water required. The (GRIR) requirement is used

to evaluate the crop growth losses in different stages, irrigation system and it is

determined by Eq. (7.6):

IRg =
IRn

Ef

× 100

IRgv =
IRn

Ef

× 100

(7.6)

where, IRn is the Net Irrigation Requirement per day (depth), IRg is the Gross

Irrigation in mm, IRgv is the Gross Irrigation in liters. Ef is the ratio between water

that enters and stays in the root zone to meet crop requirements.

7.6.5 Irrigation Pumping (IPt)

Irrigation Pumping (IPt) is the maximum number of days that a single irrigation

can be applied to an area during the crop’s peak consumption period. It is controlled

by irrigation system, discharge capacity, equipment and the irrigation interval which

is not longer than the irrigation period.

The Pumping Time or irrigation period of border irrigation system per applica-

tion is determined on the basis of volumetric approach, and the discharge rate i.e.

the ratio of volume of container or bucket to time required to fill. At peak demand of

irrigation, the minimum flow capacity should matches with the water requirements

of the area for any irrigation system.

IPt =
IRgv

Q

Q =
V

T
× 60

(7.7)
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Crop Dataset

Maize Crop and Wheat 
Crop 

Initial, Development, 
Middle, and Late Stage

Kc value of selected crop 
stage

Crop Evapotranspiration
ETc= ETo X Kc

No Yes

Yes

Select Crop

Yes
Yes

Figure 7.3: Flowchart of decision support system for irrigation scheduling
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where, IPt is referred as irrigation period (hours), Q is a discharge rate of pump

(lph), IRgv is a gross irrigation required in term of volume (liters), T is a time

required to fill-up container or bucket (minute), V is referred as volume of container

or bucket (liters).

In case of border irrigation system, it is determined as when gross irrigation

depth is less than equal to previous depth of irrigation. For sprinkler system, the

irrigation frequency is taken as 7 days.

7.6.6 Proposed Model

Fig 7.3 presents the flow chart of proposed decision support system for on-farm

irrigation scheduling to estimating reference evapotranspiration, crop coefficient,

crop evapotranspiration, and irrigation methods.

DECISION SUPPORT SYSTEM for IRRIGATION 

Weather Dataset

Tmax, Tmin, RHmax, RHmin, Ws, Is, Rs

Irrigation Dataset

IRn, Net, Gross, Pumping time

Crop Dataset

ETo, Kc, ETc

Data Preprocessing

Selection of Input and Output

Feature Subset 

Fuzzyforest

Deep Dive

Hidden layer|activation|eta| 

reluLeak|optimiser|modelType

NET GR PT

NET GR PT

Figure 7.4: Framework of smart DSS-IS

In this process, the first module is about weather dataset selected for this study

and FAO-56 Penman Monteith method is used to estimate ETo for DSS system.

After estimating ETo, crop dataset module is applied to select the crop variety

and their stages. Then the crop evapotranspiration is estimated based on ETo

and Kc values of wheat crop. Border and sprinkler irrigation datasets are used to

estimate irrigation frequency and their parameters such as irrigation requirement,

net irrigation, gross irrigation and irrigation pumping time. These parameters are
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considered in this study as case study for further process of ensemble based machine

learning modeling.

Fig 7.4 shows the schematic diagram of the proposed ensemble model for DSS-

IS using two irrigation methods. It presents the key parts of the proposed DSS-IS

model, whose goal is to achieve the accurate forecasting of given target values for

particular crop. The proposed model is described in few steps as follows.

The model development is divided into sub-parts: Data collection, Data pre-

processing, Data analysis and Ensemble modeling and results.

1. Data Collection : The data collection is described in previous chapters,

where weather data is collected from IMD, Pune and for crop water modeling

the case study has been selected from PAU, Ludhiana. The two irrigation

scheduling methods are selected for this case study: Border Irrigation and

Sprinkler Irrigation.

2. Data Pre-processing and Estimation : The Reference Evapotranspira-

tion (ETo) is estimated using FAO-56 Penman Monteith method. The crop

coefficient (Kc) is described in Table 7.2, where wheat crop has been selected

for case study. The equation (1.2) is applied for the estimation of crop evap-

otranspiration (ETc).

Data Pre-processing covers the data cleaning and normalization where the

feature vectors of dataset are normalized to zero mean and unit variance. In

Machine Learning, data normalization is a crucial step in the process. It is

important to convert all features from vector space to unit space. All input

variables are normalized between 0 and 1 before the training of each model.

3. Feature Subset : The fuzzy forest model is a novel machine learning model

that applied for feature subset. This model is used to extract the highly

correlated features from the given dataset. Initially, there are 21 features as

input and (22, 23, 24) three target values. The 10 features are selected for

Border Irrigation and 10 inputs for Sprinkler Irrigation respectively.

4. Data Division : Border Irrigation and Sprinkler Irrigation datasets are sep-

arated individually in training and testing subsets. For 1 year of full crop

dataset, it is separated further into two subset of training and testing to as-

sure the generalization ability of model.

5. Modeling and Analysis: In this step, analysis and ensemble modeling

process is applied on training dataset for both irrigation methods.

Stage I: In this step, each subset of training dataset is used to train the

PSO-DNNmodel using auto-ml package. Then the testing dataset is applied to
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validate the model accuracy which generate the individual forecasting results.

All the predicted results are evaluated by performance metrics to report their

error.

Stage II: The Deep Learning model is selected to aggregate the individual

forecasts to obtain the ensemble results. However, to obtain the desired results,

the higher accurate predicted values were selected and combined with the

previous training dataset to train the deep learning model by using ensemble

model. Then, the Deep Learning model (DL-Ensemble) trained with the given

ensemble model to predict the three target values such as Net Irrigation, Gross

Irrigation and Pumping Time.

6. Evaluate Performance: The best predicted solution selected in the previ-

ous step is used to forecast the three targets on the testing dataset. Further,

the error and accuracy of the proposed model is evaluated using performance

metrics discussed in result section.

The decision support system is based on the concept of forecasting the water

need of crops in order to properly irrigate them. Traditionally, an expert farmer

or farming technician make this decision. In this system, agronomist is analyzing

information from various sources: Weather Stations (Meteorological data), Crop

and Soil characteristics (Type, Variety, Size, etc.) in the crop fields. Based on

these parameters two irrigation scheduling methods were applied to calculate the

Irrigation Requirement, Net irrigation, Gross Irrigation and Pumping Time. These

calculated parameters are selected for prediction purpose by using ensemble based

machine learning. To make this decision making process, this information is needed

to create the irrigation need for specific crop.

7.7 Results and Discussions

7.7.1 Performance Metrics

In this section, the six statistical indicators have been selected to investigate the

performance of models such as using Pearson Correlation (r), Root Mean Square

Error (RMSE), Mean Absolute Error (MAE), Mean Square Error (MSE), Accuracy

(ACC) and Coefficient of Determination(R2).

(i) Mean absolute error

MAE =
1

N

N∑
i=1

|IRactual − IRpredict| (7.8)
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(ii) Mean square error

MSE =
1

N

N∑
i=1

(IRactual − IR2
predict) (7.9)

(iii) Root mean square error

RMSE =

√√√√ 1

N

N∑
i=1

(IRactual − IRpredict)2 (7.10)

(iv) Pearson correlation coefficient

(r) =

∑N
1 (IRactual − IRactual)(IRpredict − IRpredict)√∑N

1 (IRactual − IRactual)2
∑N

1 (IRpredict − IRpredict)2
(7.11)

(v) Coefficient of determination

r2 = r ∗ r (7.12)

(vi) Accuracy

ACC =

(∑M
i=1 IRn

M
× 100

)

IRn =

1 if |IRactual − IRpredict| < error

0 otherwise

(7.13)

where, IR is Irrigation Requirements, IRactual is observed/actual values where

three target (NetIR, GrossIR, and PTIR), M is referred as total no of data vectors,

and IRpredict as predicted values.

Performance of ensemble model during model development phase: Training pe-

riod based on six metrics for Border and Sprinkler Irrigation is shown in Table

7.3, and Table 7.4. Similarly, the performance of ensemble model in forecasting of

the targets during the testing period based on six metrics for Border and Sprinkler

irrigation in Table 7.5 and Table 7.6.

The simulation is carried out to evaluate the performance of the PSO-DNN and

DL models of NetIR, GrossIR, and PTIR estimation are given in Table 7.3 and 7.4

for Border and Sprinkler Irrigation Systems.

The performance indices, including MAE, MSE, RMSE, R2, R, and ACC are

used for calculating the high-accuracy of deployed models of daily prediction. Here,

R2 and ACC present with largest values and RMSE, MSE, and MAE with lowest

values in terms of mean higher model efficiency.
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Table 7.3: Performance of DL-ensemble model during model development phase: training
period based on six metrics for border irrigation

Models Name MAE MSE RMSE ACC % R R2

Net irrigationS1 0.1715 0.1093 0.3306 82 99 100
Gross IrrigationS1 0.3736 0.5338 0.7306 69 99 100
Pumping TimeS1 0.0823 0.0277 0.1664 99 99 100
Net irrigationS2 0.1928 0.1367 0.3697 84 99 100
Gross IrrigationS2 0.4782 0.8275 0.9096 71 99 100
Pumping TimeS2 0.0946 0.0316 0.1777 99 99 100
Net irrigationS3 0.3202 0.3593 0.5995 79 99 100
Gross IrrigationS3 0.7100 1.9602 1.4001 74 99 100
Pumping TimeS3 0.1486 0.0741 0.2722 93 99 100

Table 7.4: Performance of DL-ensemble model during model development phase: training
period based on six metrics for sprinkler irrigation

Models Name MAE MSE RMSE ACC% R R2

Net irrigationS1 0.2765 0.2163 0.4651 76 99 100
Gross IrrigationS1 0.2875 0.2420 0.4920 78 99 100
Pumping TimeS1 0.3359 0.2677 0.5174 70 99 100
Net irrigationS2 0.3112 0.3560 0.5966 76 99 100
Gross IrrigationS2 0.5216 0.8535 0.9238 69 99 100
Pumping TimeS2 0.5230 0.7809 0.8837 69 99 100
Net irrigationS3 0.2589 0.2686 0.5183 86 99 100
Gross IrrigationS3 0.3571 0.5599 0.7483 82 99 100
Pumping TimeS3 0.2714 0.4686 0.6845 86 99 100

For feature selection: minimum number of tree as 500, final ntree as 500, ntry fac-

tor as 5, drop fraction as 0.8, mtry factor as 1, keep fraction as 0.05, number selected

as 10 have been found for best performance using fuzzyforest with R Language.

Table 7.5: Performance of DL-ensemble model in forecasting of the targets during the
testing period for border irrigation

Models Name MAE MSE RMSE ACC% R R2

Net irrigationS1 0.1408 0.0901 0.3002 84 99 100
Gross IrrigationS1 0.3977 0.5925 0.7698 69 90 100
Pumping TimeS1 0.0885 0.0341 0.1846 99 99 100
Net irrigationS2 0.2115 0.1421 0.3770 76 99 100
Gross IrrigationS2 0.5031 0.8105 0.9003 69 90 100
Pumping TimeS2 0.0923 0.0299 0.1729 99 99 100
Net irrigationS3 0.3677 0.4453 0.6673 76 99 100
Gross IrrigationS3 0.1230 0.8240 2.8720 76 99 100
Pumping TimeS3 0.2269 0.2311 0.4808 84 99 100

In the proposed approach, the crucial hyper-parameters PSO (modexec as ’train-

wpso’, numiterations as 200, psopartpopsize as 220) and DNN (hparlayer activation
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Table 7.6: Performance of DL-ensemble model in forecasting of the targets during the
testing period for sprinkler irrigation

Models Name MAE MSE RMSE ACC% R R2

Net irrigationS1 0.2924 0.2040 0.4517 69 90 99
Gross IrrigationS1 0.3199 0.2838 0.5327 78 99 100
Pumping TimeS1 0.3289 0.2411 0.4910 70 99 100
Net irrigationS2 0.3134 0.3701 0.6084 73 99 100
Gross IrrigationS2 0.4492 0.6278 0.7924 69 90 99
Pumping TimeS2 0.4404 0.6193 0.7870 77 99 100
Net irrigationS3 0.1843 0.1487 0.3856 91 99 100
Gross IrrigationS3 0.2573 0.3465 0.5886 86 99 100
Pumping TimeS3 0.1688 0.1861 0.4314 91 99 100

as (relu, linear), mini batch, and weight decay default set) are considered for opti-

mization.

To determine the suitable parameter for DNN, the moderate sized architecture

is used with three hidden layers containing (10,8,3) with activation function (Sin,

Sin, Sin) on each layer, relu-leak as 0.01, model type as regress, iteration as 1000,

eta as 0.01 and optimizer as ”Adam”. Each experiment is executed till 1000 epochs.

7.7.2 Trends in ETo and ETc

The reference evapotranspiration and crop evapotranspiration for trends in the

climate meteorological variables are same as the trends of reference evapotranspira-

tion ETo presented in section 6.4.1. The seasonal ETo is shown in Figure 6.3 and

Table 6.1 to give more climatic condition of the study area in details.

7.7.3 Border Irrigation

According to the best sample results, Initially the NetIR as 200.62 mm/day,

GrossIR as 501.55 mm/day, and PTIR as 83.2 hours were considered for training

dataset using Border irrigation. It is observed that the Sample8 presented the better

results for (NetIR = 200.34 and PTIR = 83.22) and Sample3 provided accurate results

of (GrossIR= 500.2). A 3D surface plot representation of NetIR, GrossIR, and PTIR

estimation of three samples using actual, PSO-DNN, and DL-Ensemble are shown

in Fig 7.5, Fig 7.6 and Fig. 7.7 for Border Irrigation.

It is observed that the evaluation parameters based on the Sample2 provides best

accuracy in terms of (MAE= 0.1928, MSE=0.1367, RMSE=0.3697, ACC=84.62) for

NetIR, the Sample3 provided better results in terms of (MAE=0.7100, MSE= 1.9602,

RMSE=1.4001, ACC=74.42) for GrossIR, and the Sample1 provided better results in

terms of (MAE=0.0823, MSE= 0.0277, RMSE=0.1664, ACC=100) for PTIR during

training period respectively.
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Figure 7.5: Sample1−3 of net irrigation for border irrigation
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Figure 7.6: Sample1−3 for gross irrigation for border irrigation

152



7.7. RESULTS AND DISCUSSIONS

A
c
tu

a
l

Deep Learning

P
S

O

A
c
tu

a
l

Deep Learning

P
S

O

A
c
tu

a
l

Deep Learning

P
S

O

Figure 7.7: Sample1−3 for pumping time for border irrigation

Similarly, the other results shows that the proposed model provides best accuracy

for NetIR with Sample1 in terms of (MAE=0.1408, MSE=0.0901, RMSE= 0.3002,

ACC=84%), for GrossIR with Sample3 in terms of (MAE=0.1230, MSE=0.8240,

RMSE= 2.8720, ACC=76%), and for PTIR with Sample2 in terms of (MAE=0.0923,

MSE=0.0299, RMSE=0.1729, ACC=99%) during testing period respectively.

Also, it is observed that Sample1 and Sample2 provides highest accuracy as 99%

for PTIR during testing period as compared to other Samples.

7.7.4 Sprinkler Irrigation

According to the best sample results, initially the (NetIR as 205.59 mm/day, GrossIR

as 315.805 mm/day, and PTIR as 287.175 hour) values were considered for training

dataset using Sprinkler Irrigation. It is observed that the Sample3 provides the

best results for NetIR = 284.9 mm, and Sample3 provides the accurate results of

(GrossIR= 315.2, and PTIR=287.05).

Similarly, 3D surface plot representation of NetIR GrossIR, and PTIR estimation

of three samples using actual, PSO-DNN and DL-Ensemble are shown in Fig 7.8,

Fig 7.9 and Fig. 7.10 for Sprinkler Irrigation.

It is observed based on evaluation parameters, the Sample3 provides best accu-
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Figure 7.8: Sample1−3 for net irrigation of sprinkler irrigation
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Figure 7.9: Sample1−3 for gross irrigation of sprinkler irrigation
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Figure 7.10: Sample1−3 for pumping time of sprinkler irrigation

racy in terms of (MAE= 0.2589, MSE= 0.2686, RMSE= 0.5183, ACC= 86.21%) for

NetIR, provides better results in terms of (MAE= 0.3571, MSE= 0.5599, RMSE=

0.7483, ACC=82.76%) for gross irrigation, and also provides better results in terms

of (MAE= 0.2714, MSE= 0.4686, RMSE= 0.6845, ACC= 86%) for pumping time

during training period respectively.

Similarly, the other results shows that the proposed model provides best accuracy

for NetIR with Sample3 in terms of (MAE=0.1843, MSE=0.1487, RMSE= 0.3856,

ACC=91%), for GrossIR with Sample3 in terms of (MAE= 0.2573, MSE=0.3465,

RMSE= 0.5886 , ACC= 86%), and for PTIR with Sample3 in terms of (MAE=0.1688,

MSE= 0.1861, RMSE= 0.4314, ACC= 91%) during testing period respectively.

Also it is observed that Sample3 provides highest accuracy as 91% for NETIR

and PTIR during testing period than other Samples.

7.7.5 Comparison

Initially the case study parameters (GrossIR= 365.95 mm, GrossIR= 3659505.00

liters, and PTIR= 60.99 hours) for Border Irrigation using Wheat crop have been

considered and the simulated results were found superior in terms of (GrossIR=

731901 liters, and PTIR= 12.20 hours) average volume of water required and time

of pumping required per irrigation.
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These estimation were forecasted based on pre-decided applied depth of irrigation

as 45 mm, soil type as sandy loam, net cropped area as 1 hectare, volume of container

with 1000 liters and pumping time taken to fill up the tank with 1 minute.

Table 7.7: The estimated results of border irrigation

Border Irrigation Parameters Case study Results
Pumping discharge rate 83.591 lph 83.05 lph
Total Irrigation 5 5
Total gross depth of irrigation in mm 501.55 mm 500.52
Total volume of water required for 1 ha 50155000 5005200
Total time of pumping 83.2 83.05
Average volume of water required per irrigation 1003100 l 10,01,040 l
Average time of pumping required per irrigation 16.64 h 16.61 h

Table 7.8: The estimated results of sprinkler irrigation

Sprinkler Irrigation Parameters Case study Results
Pumping discharge rate 11000 lph 11000 lph
Total Irrigation 15 14
Total gross depth of irrigation in mm 315.805 315.256
Total volume of water required for 1 ha 3158059892 3152566
Total time of pumping 287.175 h 287.053 h
Average volume of water required per irrigation 225575.64 l 225183.28 l
Average time of pumping required per irrigation 20.5125 h 20.503 h

Table 7.7 shows the names of parameters that are considered to build the decision

support system for Border Irrigation. Initially, these parameters are taken to cal-

culate the Border and Sprinkler Irrigation system, based on case study parameters.

Then, these calculated parameters are used to train the model using new dataset

and forecast the results. The sample results presented the forecasting results using

proposed method.

We have applied these parameters to calculate the Border Irrigation parameters

to build the new dataset for modeling, the calculated results are GrossIR= 501.55

mm , and PTIR= 83.2 hours. Then these parameters are decided as final case study

to carry out the modeling. The sample results of the Border and Sprinkler Irrigation

are shown in Table 7.7 and Table 7.8.

Figure 7.11, and Figure 7.12 presents the combo box plot, density plot and dot

plot representation of estimated NetIR and GrossIR of Border Irrigation. This figure

presents the information about the distribution of values assumed by all observa-

tions. Box-plots are particularly useful when comparing several subgroups, where it

presents the median, quartiles, symmetry, skewness, and outliers.

In Fig 7.11, the box plot presents the estimated (Net Irrigation) with actual,

PSO-DNN, and DL-Ensemble models of three samples. The each sample presents
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Figure 7.11: Combo box plot, density plot and dot plot for net irrigation

the comparison between Actual, PSO-DNN and DL-Ensemble model, where it is

observed that the distribution of each samples accurately predicted using DL model.

The median of PSO box plot model illustrates the difference between the other two

groups. The median line of a box plot for the PSO model using Sample 1 is outside

the box of a comparison box plot (with actual and DL-Ensemble model). However,

the actual and DL-Ensemble models provides the negative symmetric results. The

smoothened distribution of points along the numeric axis is shown by the Density

Plot. It is an estimation of the frequency distribution based on the sample data. The

peaks of the density plot are at the area where there is the highest concentration

of data points. The figure 7.13 and 7.14 presented the performance metrics of

estimated NetIR GrossIR, and PTIR during training and testing results for Border

and Sprinkler Irrigation.
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Figure 7.12: Combo box plot, density plot and dot plot for gross irrigation
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Figure 7.13: Performance metrics presented using box plot for Border Irrigation
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Figure 7.14: Performance metrics presented using box plot for Sprinkler Irrigation

7.8 Conclusion

In this chapter, we have developed DSS for Irrigation Scheduling using Border

and Sprinkler Irrigation parameters. The research have been conducted for Wheat

crop based on case study of Ludhiana station. The climate dataset is used to

estimate the reference evapotranspiration ETo and crop evapotranspiration ETc.

The Irrigation Water Requirement parameter is calculated using case study based

parameters. We have divided these datasets into three samples for feature selection

using fuzzy forest. PSO-DNN and DL-Ensemble models are applied to estimate the

NetIR, GrossIR, and PTIR parameters using training and testing dataset.

� The fuzzy-forest model has been used to select the top 10 features from the

input features.

� PSO and DL models are applied to estimate the NetIR GrossIR, and PTIR

parameters using training and testing dataset. The optimal irrigation results

were found as 500 mm and 315 mm for Wheat crop of Border and Sprinkler

Irrigation System.

� According to the best sample results, Initially the NetIR as 200.62 mm/day,

GrossIR as 501.55 mm/day, and PTIR as 83.2 hours are considered for training

dataset using Border Irrigation. It is observed that the Sample8 presented

the better results for (NetIR = 200.34 mm, and PTIR = 83.22) and Sample3

provided accurate results of (GrossIR= 500.2).

� According to the best sample results, Initially the NetIR as 205.59 mm/day,

GrossIR as 315.805 mm/day, and PTIR as 287.175 hours are considered for
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training dataset using Sprinkler Irrigation. It is observed that the Sample3

provided the best results for NetIR= 284.9 mm, and also provided the accurate

results of (GrossIR= 315.2, and PTIR= 287.05).

� The newly forecasted case study parameters (GrossIR= 501.55 mm, GrossIR=

50155000 liters, and PTIR= 83.2 hours) for Border Irrigation were considered

for modeling and their predicted results were found superior as average vol-

ume of water required and time of pumping required per irrigation (GrossIR=

1003100 liters, and PTIR= 16.61 hours).

In Machine Learning, ensemble-based methods are commonly employed to im-

prove the accuracy of regression models’ predictions. This study investigated the

performance of proposed model, where DL-Ensemble gives accurate results for Bor-

der and Sprinkler irrigation system. Our proposed ensemble-based approach inves-

tigated that it can generate the accurate ensemble based outcomes in agriculture

domain.
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Chapter 8

Conclusions and Scope for Further
Work

This chapter summarizes the major contributions of the research work and

list the scope to extend it. The research work has been carried out to develop the

methodology to determine the accurate crop water requirement of Wheat and Maize

crops for Hoshiarpur, Patiala and Ludhiana stations. To address this objectives,

a Machine Learning and Deep Learning based approaches have been developed to

predict the reference evapotranspiration (ETo) and crop evapotranspiration (ETc) in

Smart Irrigation Scheduling. Section 8.1 presents the the summary of main findings

of the research work. Section 8.2 presents the scope of possible extension of the

current work.

8.1 Summary of Important Findings

In Chapter-3, the four data-driven models (DL, GBM, GLM, and RF) have been

developed under H2O framework for evaluating daily ETo at Hoshiarpur and Patiala

sites in India. The five-fold cross-validation test has been deployed to estimate the

performance of considered models. The following conclusions are drawn from the

study-

� The combination of six meteorological variables i.e. Tmin, Tmax, RH , u2, Is

and Rs, been used as input variables. The missing values have been filled

appropriately using MissForest for estimation of daily ETo for Hoshiarpur and

Patiala.

� The newly developed DL model showed great capabilities for ETo estimation

and performed much better than other standard existing models. The Deep

Learning model performed very well and showed very accurate results in com-

parison of RF, GBM and GLM.
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� The DL model has avoided the over-fitting issue. It has shown higher robust-

ness than conventional approaches.

� The DL model presents high performance for modeling daily ETo (e.g. NSE=

0.95-0.98, r2= 0.95-0.99, ACC= 85-95, MSE= 0.0369-0.1215, RMSE= 0.1921-

0.2691).

� The performance of deep learning model has been analyzed as 5360 K weights

and 5320 K weights model complexity.

In Chapter-4, the Matrix Product State (MPS) is used as quantum classifier to

predict the ETo of Patiala station. The key advantage of classification with MPS

quantum circuit is that it can be executed efficiently with small number of qubits.

Moreover, the encoding process of classical data can be done using qubits. The

following conclusions are drawn from the study-

� In order to analyze the performance of MPS quantum classifier, the dataset is

divided into three samples on the basis of pairwise combination of class labels.

� The mapping of classical data into MPS form is beneficial for generating high-

order correlations between classes. The bond dimension of MPS manages

the parameters of the machine learning model. The larger dimension of bond

results in higher accuracy. Even, over-fitting is not observed with an extremely

large bond dimension.

� MPS quantum classifier has been trained to avoid both over-fitting and under-

fitting. It has dealt with corrected predictors and reduced the variance of the

prediction error. It has shown great learning capability for ETo estimations in

Agri dataset.

In Chapter-5, a Multilevel framework is proposed to determine the daily ETo for

Patiala using 38 years of dataset during (1970-1990, 1993-1999, to 2007-2016) from

IMD (Pune). The following conclusions are drawn from the investigations-

� Multi-Level Ensembling ETo (MLE-ETo) forecasting model has been devel-

oped on the basis of the three machine learning models such as ELM, SVM

and MLP.

� The performance of developed models is evaluated over seven statistical er-

ror parameters. It is observed that classification or regression accuracy can

be improved by blending multiple homogeneous models using an ensemble

approach.
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� Comparison of model results show that the Ensemble SVM model is more

accurate. SVM is good at improving generalization ability. The estimated

ETo generally fit the observed ETo very well.

� The EnsembleSVM model gives the best accuracy results (MSE= 0.0073, 0.0084

and 0.0087, RMSE= 0.0085, 0.0919 and 0.0935, ACC= 99.7, 99.5 and 99.4,

NRMSE= 5.70%, 6.20% and 6.20%, NSE= 0.99, 0.99, and 0.99) for (50%, 30%,

and 20%) splitting of training, validation and testing datasets respectively.

In Chapter-6, a multi-ensemble based approach is used to predict the crop coeffi-

cient (Kc) and crop evapotranspiration (ETc) for three crops namely Maize, Wheat1

and Wheat2. The proposed approach presents two models namely Fuzzy-Genetic

(FG), and Regularized Random Forest (RRF) for estimating value for Kc and ETc

of Ludhiana station. The following conclusions are drawn from the investigations.

� The proposed ensemble model estimated accurately (Kc) and (ETc) for Maize

crop.

� The (Kc) value estimated through Fuzzy-Genetic approach helps in correctly

predicting Initial, Development, Middle and Last stage of crops.

� The climatic and crop parameters (TemperatureMax), (RHMax), (RHMin), (Kc)

and (ETo) are found suitable to better estimate (ETc) for crops.

� To evaluate the accuracy of proposed model, the results from predicted (Kc)

and (ETc) are compared with the SVM model. The testing dataset is found

slightly better than training dataset using proposed model as compared to

SVM model.

� It has been observed that the proposed model shown the accuracy of 99% (Kc)

and 98% (ETc) for maize crop during training and testing periods.

In Chapter-7, a Decision Support System is developed for Irrigation Scheduling

using Border and Sprinkler irrigation system. This research was conducted for

wheat crop based on case study of Ludhiana station. The climate dataset was used

to estimate the reference evapotranspiration ETo and crop evapotranspiration ETc.

The following conclusions are made through the study:

� The fuzzy-forest model has been used to select best 10 features from the input

data.

� PSO and DL models are applied to estimate the NetIR GrossIR, and PTIR

parameters. The optimal irrigation results were found as 500 mm and 315

mm for wheat crop of Border and Sprinkler irrigation system.
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� According to the best sample results, the NetIR is initialized as 200.62 mm/day,

GrossIR is initialized as 501.55 mm/day, and PTIR as 83.2 hour for training

dataset using Border irrigation. It is observed that the Sample8 provided

the best results of (NetIR as 200.34 mm, and PTIR as 83.22 h) and Sample3

provided accurate results of GrossIR as 500.2 mm.

� According to the best sample results, NetIR is set as 205.59 mm/day, GrossIR

is initialized as 315.805 mm/day, and PTIR as 287.175 hour for training dataset

using Sprinkler irrigation. It is observed that the Sample3 provided the best

results of NetIR as 284.9 mm, and Sample3 provided the accurate results of

(GrossIR as 315.2 mm, and PTIR as 287.05 h).

� The proposed ensemble-based approach is found to predict accurately the out-

comes in agriculture domain.

8.2 Future Research Directions

The completion of a study endeavor is the beginning of various possibilities for

future work. This dissertation introduced the notion that Machine Learning, Deep

Learning, and Data Analytics can be applied in the area of irrigation scheduling.

The primary objectives have been successfully completed and the following aspects

have been identified for further study effort for smart water irrigation management

with Artificial Intelligence technologies.

� To calculate reference evapotranspiration ETo, based on classification using

H2O model framework, and MPS quantum classifier and based on regression, a

multilevel ensemble model using machine learning models have been developed

for Hoshiarpur, Patiala, and Ludhiana (three stations of Punjab). There is

scope to estimate the ETo and compare with other stations of Punjab, where

climate location is varying.

� To calculate the crop evapotranspiration ETc, an innovative multilevel model

ensembling technique has been introduced for the accurate estimation of single

crop coefficient Kc and crop evapotranspiration ETc using Fuzzy-Genetic (FG)

and Regularization Random Forest (RRF) models. There is scope to investi-

gate the performance of FG-RRF model using dual crop coefficient approach

for improving the estimation of daily crop ETc.

� The estimation of ETo and ETc based on DL and ML have been found ef-

ficient. The other efficient approaches to forecast the ETo and ETc can be

investigated with Reinforcement Learning (RL), Generative Adversarial Net-

work and Variational Autoencoders model (VAE’s) models.
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8.2. FUTURE RESEARCH DIRECTIONS

� The estimation of irrigation requirement, net irrigation, gross irrigation and

pumping time based on Automl and DL-ensemble models have been developed

for DSS-Irrigation Scheduling (DSS-IS). The forecasting website based on R-

studio and R-shiny to represent the DSS-IS can be investigated. Also, DSS for

irrigation scheduling based estimation can be conducted for Wheat and Maize

crop using drip irrigation system.
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[120] S. S. Yamaç and M. Todorovic, “Estimation of daily potato crop evapotranspiration
using three different machine learning algorithms and four scenarios of available
meteorological data,” Agricultural Water Management, vol. 228, p. 105875, 2020.

[121] H. Z. Abyaneh, A. M. Nia, M. B. Varkeshi, S. Marofi, and O. Kisi, “Performance
evaluation of ann and anfis models for estimating garlic crop evapotranspiration,”
Journal of irrigation and drainage engineering, vol. 137, no. 5, pp. 280–286, 2011.

[122] G. Rana and N. Katerji, “Measurement and estimation of actual evapotranspiration
in the field under mediterranean climate: a review,” European Journal of agronomy,
vol. 13, no. 2-3, pp. 125–153, 2000.

[123] C. Liu, X. Zhang, and Y. Zhang, “Determination of daily evaporation and evap-
otranspiration of winter wheat and maize by large-scale weighing lysimeter and
micro-lysimeter,” Agricultural and Forest Meteorology, vol. 111, no. 2, pp. 109–120,
2002.
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