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Abstract

Water plays an important role in the creation of everything we produce. Around
70% of freshwater around the world and up to 95% in several developing coun-
tries is used for farming. Agriculture is the main sector for global water use. The
growing water scarcity is one of the major challenges for agriculture. However,
water resources need to be used more efficiently and sustainably in agricultural
production as population growth, coupled with increasing urbanization and in-
dustrialization, will cause less and less water to become less available for cereal
production. Traditional systems of irrigation and water use and management
in agriculture are highly inefficient with low water productivity, and cannot en-
sure long-term sustainable food security. Many innovative technologies, such as
micro-irrigation (low volume irrigation), offer an efficient alternative to tradi-
tional flood irrigation. Drip irrigation (surface and subsurface) systems provide
water (and nutrients) to the crop root zone, where it can be utilized most effi-
ciently. Recent advances in the science of sensor technologies and the internet
of things (IoT) can be useful in the automation of irrigation systems, which can
help in addressing the emerging challenges of labor shortages and inefficiency
of water use in agriculture. The use of wireless sensor networks (WSNs), IoTs,
and communication technology for the automation of irrigation in general and
drip irrigation in cereal crops, in particular, is an entirely new and futuristic
field. The purpose of this study has been to forecast the crop water demand
efficiently. To sustain and improve agriculture production from the depleting
freshwater resources. In this work, various parameters affecting the crop water
demand have been identified. The problem of forecasting crop water demand
has been formulated as classification, regression, and a deep learning problem.
Hence, various machine learning models and two deep models have been im-
plemented, and the most suitable for irrigation demand forecasting have been
selected. Machine learning classification models have been found to predict the
need for irrigation accurately. While the regression and deep learning models
have predicted, the amount of water to be applied quite well. The best per-
forming models were ensembled, and an algorithm defining the approach was
proposed and implemented. We also used dynamic simulation model APSIM
(Agriculture Production System Simulator) which is being used commercially
for irrigation scheduling in many countries, however, it needs intensive data

to calibrate and simulate the irrigation scheduling. We compare the APSIM

vil



results to our results to see if there is any loss of prediction accuracy if we used

data-driven models which are based on readily available datasets.
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Chapter 1

Introduction

By 2050, the world’s population will increase to about 9.15 billion from the
current level of 7.79 billion; the population of South Asia will form a large
percentage (24.5%) of the global population, with India accounting for 17.9%
of the total world population (Table 1.1). Cereals continue to be an essential
part of the human diet [1]. Wheat, maize, rice, and, to some extent, millet and
sorghum are major food items crucial to the survival of billions of people around
the globe. The South-Asian region is one of the world’s key breadbaskets,
producing almost 20% of global wheat and 31% of rice. These are the staple
diet of the majority of the world’s population. The International Food Policy
Research Institute’s report [2] indicates that the total cereal production in the
world and South Asia will have to be increased by 50.1% and 62.7% respectively
by 2050 from the 2010 level under the no-climate-change scenario. Whereas,
under the climate-change scenario, likely increase is estimated to be only 38.7
and 48.4% in the world and in South Asia, respectively, indicating the severe
implications of the effects of climate change for cereal production and food
security (Table 1.2).

Water is a crucial input of the agricultural production process, and its availabil-
ity is also related to nearly all the socioeconomic and environmental impacts of
climate and population changes and their implications. The imbalance between
water availability and water demand leads to water scarcity, which is one of the
most urgent challenges in the world [3]. Moreover, global water demand is pro-
jected to increase by 55% between 2000 and 2050, i.e., from 3500 to 5425 km?3.
Evidence has shown that climate change hurts world water resources and food
production with a high degree of regional variability and scarcity [4]. Meeting
this projected need in South Asia is doubly challenging, considering that most
of the land suitable for farming is already under cultivation and that almost
half of it faces multiple climatic hazards such as water shortage and heat stress.
Sustainably increasing agricultural production to meet the growing demand for
food, especially with a growing scarcity of water, is a significant issue under the

changing climate. South Asia is home to nearly 25% of the global population



Table 1.1: Population trend and projection for India, South-Asia and the

world [7]
Population / Year | 1950 | 1960 | 1970 | 1980 | 1990 | 2000 | 2010 | 2015 | 2020 | 2030 | 2050
- :
World population 254 | 3.03| 3.7 446| 533| 6.14| 6.96| 7.38| 7.79| 831| 9.15
(Billions)
South Asia population | o' 57| 071 | 09| 113| 139| 164| 175 | 1.86| 2.02| 2.24
(Billions)
India population 038 | 045| 056 07| 087| 1.06| 1.23| 1.31| 1.38| 15| 1.64
(Billions)
Share of India in world |,y o/ | 1y g5 | 15 | 1568 | 1630 | 17.2 | 17.74 | 1775 | 17.7| 18.1 | 17.91
population (%)
Share of South Asia in | 1o 70 | 19 g7 [ 1999 | 20.2 | 21.98 | 22.64 | 23.56 | 23.7 | 23.82 | 24.26 | 245
world population (%)

Table 1.2: Impact of climate change on production and per capita
consumption of cereals [2]

Total cereal production
(million tons)
Without climate change | With climate change

Per capita food consumption
(kg per capita per year)
Without climate change | With climate change

2010

2030

2050

2030

2050

2010

2030

2050

2030

2050

World

2155

2746

3235

2622

2989

143.5

146.7

148.3

143.4

140.4

South Asia

279

384

454

362

414

148.5

150.7

154.1

147.5

145.9

Production in South Asia 12.95

13.98

14.03

13.81

13.85

as % of world

but contains only about 4.6% of the global annual renewable water resources,
which are very unevenly distributed between countries and river basins [5, 4].
Except for Bhutan and Nepal, per capita water availability is below the world
average and continues to decline as populations increase. More than 90% of
all groundwater extracted in South Asia is used by the agriculture sector, com-
pared with 70% globally. The 60% of agricultural water use in South Asia is
from surface water sources and 40% from groundwater. Cereal crops, especially
Rice, are major consumers of water in the region’s agriculture sector. Resource
shortages, driven by climatic, institutional and social changes in many regions
of Asia, combined with growing imperatives to increase food production whilst
ensuring environmental sustainability, are driving research into modified agri-
cultural practices [6]. Therefore, appropriate strategies and modern tools and
technologies for cereal production, especially those aimed at producing more
with less water and still minimizing the impact of environmental externalities
due to projected climate change is crucial for sustainable food security in the

future.

The average water availability in South Asia is low (1137 m?®/person/year), but
varies widely between different South Asian countries [4], with the lowest avail-
ability in Pakistan (1306) and India (1458), the two major cereal-producing
countries of the region (Table 1.3). India has 2.4% of the world’s total geo-
graphical area, 18% of the world’s population, and only 4% of its freshwater



Table 1.3: Water resources in South Asian countries [4, 5]

Country / Afghanistan | Bangladesh | Bhutan | India | Nepal | Pakistan | Sri Lanka | South Asia
Parameter
Rainfall fsnowfall 213 396 84 3560 | 225 393 112 4980
(km3/year)
Internal renewable water resources 47 105 73 1446 198 55 53 1982
(km3/year)
Surface water .
(km3/year) 10 1122 0 635 12 265 0 -
Groundwater 5
(t3 yon) 10 25 7 363 19 47 7 -
Total renewable water resources 65 1297 78 1911 210 ou7 53 B
(km3/year)
Per capita availability of total 2008 7622 100645 | 1458 | 7372 1306 2549 1137
renewable water (m3/person/year)

R, - - . ~oq ac 07 3 <
Agricultural water uses as % of total 08 88 04 90 08 04 87 091
water use

resources. Annual water availability in India was about 3000 cubic meters (m?)
per capita in 1951, which has declined to the current level of 1458 m? per capita
due to an increase in population and increased water use in different sectors
of the economy. As per the Falkenmark Index, a commonly used indicator of
water scarcity, a country with renewable water availability below 1700 m?® per
capita per annum is categorized as water-stressed, although this index cannot
be directly applied to the South Asian region due to variations in lifestyle and
water usage as compared to developed nations. The declining per capita avail-
ability calls for more restraint and higher efficiency as declining per capita total
renewable water availability makes India a water-stressed region in the coming

near future.

The major issues related to the variability in available water resources in the

region are:
1. Large temporal variability, leading to disasters such as floods and droughts.

2. A high regional mismatch between availability and rapidly increasing de-
mand for water for various uses, while availability remains nearly the

salme.

3. Increasing and unsustainable use of both surface and groundwater re-

sources to meet the growing demand.

High temporal variability in India is primarily due to the monsoon climate,
where about 80% of the annual rainfall takes place in a limited span of four
months, i.e., from June to October. Consequently, during this period, rivers
carry 70-75% of their annual flow, which at times is beyond their safe carrying
capacity. During the remaining eight-month period, river flows account for the

residual 25-30%, and many rivers run dry during summer months. Groundwa-



ter levels also follow a somewhat similar pattern of rise and fall, but with some
time-lag. Considerable variability in water availability gives rise to a host of
problems, including floods and droughts. Besides, there are significant spatial
variations in water availability that lead to scarcity in some regions and sur-
pluses in others, usually occurring at the same time. Agricultural water use as
a percentage of the total water use in the country is 90% (Table 1.3), and hence
needs close attention and greater efforts in developing and deploying precision
water management technologies and practices that may reduce the volume of

water used by agriculture by improving water use efficiency.

1.1 Water in agriculture

Water is an essential input in any agricultural production system and plays a
role not only as a critical constituent of plant food synthesis and translocation
but also in reducing stress and vulnerability to climatic risks. Irrigated agri-
culture accounts for the major share of food grain production in the country
as it accounts for 55% of the total food production, and about 74% of the
production of major cereals (wheat and rice); is thus the fulcrum of country’s
food security. Since the area under cultivation has already reached a satura-
tion point, and there are very limited further opportunities for expansion of the
cultivated area, the growing food demand has to be met through productivity
gains from the same land. A large proportion of agricultural land is under
rainfed farming, which faces the growing complexities of climate change, and
substantial productivity gains in these areas cannot be expected. Therefore,
irrigated farming (both surface and groundwater) has to play a significant role
in future production gains in the region through increased cropping intensity as
well as yield enhancement. An increase in cropping intensity in irrigated areas
provides an opportunity to improve the production of agricultural commodities

but requires an increased amount of irrigation water as well.

1.1.1 Current status

Cereal-based systems in general and rice-wheat (13.5 m ha) and rice-rice (10.0
m ha) systems, in particular, form the basis for food security in South Asia [8].
Rice, a water-guzzling cereal crop, is grown on about 42 m ha in different rice-
based cropping systems in India and consumes a significant share of irrigation

water. Total irrigation water required to produce 1kg rice is around 2500mm,



however consumptive water use (evapotranspiration) of rice is around 700-
800mm and rest is water loss from the system in form deep drainage. Government’s
wrrigation support policies has resulted in the irrational use of irrigation water
resources and waste of irrigation water resources which have created a large
gap of about 22 m ha between gross irrigation potential created (118 m ha) and
utilized (96 m ha) in India. This gap can potentially be bridged to a large ex-
tent by improved irrigation efficiency and water productivity using innovative
cropping systems and precision water-management practices. At the current
level of utilized irrigation potential of 96 m ha, India utilizes approximately 650
billion cubic meters (BCM) of irrigation water, giving a delta of about 68 cm
per hectare of gross irrigated area (GIA).There is a huge difference in utilization
of irrigation water resources as we move from north-west to eastern India. In
northwestern Indian states like Punjab and Haryana irrigation water resources
(mainly groundwater) are over-exploited and resulted in groundwater table de-
cline. However, in eastern India states like Bihar, Jharkhand, West Bengal
irrigation water resources are not utilized fully and there is big potential to
increase the irrigation water use. Considering that 70% of the average annual
rainfall of 1,170 mm is sufficient for meeting the demand of crops for water,
gross irrigation water use works out as 148 cm per hectare of GIA. Based on
this data gross irrigation water use works out as 1480mm per hectare of GIA,
however, we need only 820mm (which is 70% of the average annual rainfall of
1170mm) to meet the demand of consumptive use of water of crops. This is
quite high in comparison to irrigation water use in developed countries (about
90 cm per hectare in the USA), and hence there is a high potential for bringing
more area under irrigation through water-efficient technologies and production

systems.

The development of groundwater has made a significant contribution to an
increase in irrigated area, as about 63% of it depends on groundwater for ir-
rigation. Highly subsidized or free power for pumping in many states is being
provided to incentivize the use of groundwater for irrigation. However, it has
also encouraged users to overexploit deeper aquifers, resulting in depletion of the
water table and deterioration of water quality in many areas. The latest assess-
ment carried out in India by the Central Groundwater Board (CGWB) reveals
that out of 6,584 Development Blocks in the country, 1034 are over-exploited,
253 are critical, and 681 are semi-critical, while 96 are saline. Waterlogging is
another challenge that has emerged both due to poor drainage of irrigated soils

and over-use of irrigation water in canal commands. Moreover, the projected



Table 1.4: Sector-wise current and projected water demand (BCM) in India

Committee Name Standing Sub-Committee of | National Commission on Integrated
Ministry of Water Resources | Water Resources Development

Year/ 2010 | 2025 2050 2010 | 2025 2050

Sector of economy

Agriculture 688 | 910 1072 557 | 611 807

Domestic 56 73 102 43 62 111

Industry 12 23 63 37 67 81

Others 57 87 210 73 103 181

Total 813 | 1093 1447 710 | 843 1180

impacts of climate change (rise in temperature and variability in rainfall due to
a reduction in the number of rainy days and increasing intensity of rain) have
significant negative consequences on the availability of water for agriculture
[9, 10]. South Asia in general and India, in particular, are more vulnerable to
climate change due to significantly high pressure on natural resources and their
overexploitation because of a high density of population, the majority of which

is dependent on agriculture.

1.1.2 Future trends

Future water use projections for the developing and developed regions of the
world indicate that these will have increased irrigation water (IW) requirements
of 50% and 16%, respectively, between 2000 and 2080 [11]. At the same time,
with the growth of other sectors of the economy, water demand has increased,
creating more competition for agriculture and a wider gap between demand
for and supply of irrigation water in agriculture. Future demand for water by
different sectors of the economy, such as urban centers, industries, and infras-
tructure in 2030 and 2050 scenarios, has been estimated to be significantly high
(Table 1.4). It is estimated that by 2050, total water demand in India by all
sub-sectors (1180 BCM) will surpass the total utilizable water resources of the
country [12]. Agriculture’s share will be reduced to 68% (Table 1.4); hence ce-
real systems that produce the major share of food, will have to be sustained with
a much lesser quantity of water, and that too of poor quality water. Therefore,
the productivity of cereal systems needs to be improved through the precision

management of irrigation water while protecting groundwater resources.



1.2 Methods of Irrigation

By 2025, more than one-third of the global population will face a severe shortage
of water, with availability becoming increasingly scarce [13], semi-arid regions
of Asia, the Middle-East, and sub-Saharan Africa (where a substantial part of
the world’s population lives below the poverty line) being the worst affected
areas. The demand for food and other agricultural commodities in these areas
with fast-growing populations is increasing, while the availability of freshwater
is continuously declining. As agriculture is a major consumer of water for irri-
gation in South Asia, there is an increasing need to re-allocate the water used
for irrigation to domestic, industrial, and other purposes, but this may seriously
impair food security in the region. Sustainable management of water in agri-
culture aims to match water availability and demand in quantity and quality,
in time and space, at affordable cost, and with acceptable or no environmental
implications. The sustainability and economic health of irrigated agriculture
depend on the ability of producers to adapt to growing constraints on water,
particularly by improving the efficiency of water use. Efficient water use not
only reduces production costs but also increases profitability by reducing the

loss of nutrients.

1.2.1 Surface irrigation

Managing irrigation water at field scale can be improved by quantifying the wa-
ter balance and using advanced techniques for scheduling irrigation. Reduced
availability of water for irrigation may result in lower productivity of irrigated
crops, especially rice, that consumes about 120-180 c¢m per hectare of water
[14]. However, over the years, on account of advancements in research, sev-
eral tools and techniques have been developed for various production systems
and ecologies that help in saving water and improving water productivity in

agriculture.

For cereal-based systems, different methods of irrigation (flood, furrow, micro-
irrigation) are being practiced by Farmers (Figure 1.1), the most common being
flood irrigation [14]. Flood irrigation is the traditional system practiced in the
country, providing protective irrigation to crops. In this method, fields can be
irrigated in two ways: by using earthen (unlined) or brick-lined channels or
by using underground cement, concrete or high-density polyethylene (HDPE)

pipes. The conveyance losses are higher when using unlined channels for flood



irrigation as compared to using cemented or HDPE underground pipes. The
efficiency of flood irrigation largely depends upon stream size, field size, and
soil type, as the most significant loss of water is due to leaching beyond the root
zone. Flood irrigation in unlevel fields causes temporary waterlogging in low-
lying areas and adversely affects the productivity of upland field crops (wheat,
maize, and pulses). Waterlogging is more severe and prolonged in soils used
for growing rice, as puddling leads to the development of a hardpan (having
low permeability) at shallow depths in such soils. This hardpan can adversely

impair the productivity of upland crops (e.g., wheat) that follow rice [15].

Furrow irrigation is generally used for raising vegetables and potatoes, but
furrow-irrigated raised beds (FIRB) are also being used to a limited extent for
growing wheat, maize, and other crops. Saving in the requirement for IW has
also been reported for rice and many other crops, sown or planted on raised
beds [16]. Several studies conducted across South Asia on the FIRB system,
show a significant reduction (20-30%) in the use of irrigation water for different

cereal crops and cropping systems [16, 17].

Irrigation methods

Flood Furrow Micro Irrigation
Earthen Underground Sprinkler Surface Subsurface
channels pipes drip drip

Figure 1.1: Irrigation methods for cereal-based systems

1.2.2 Pressurised irrigation

A pressured irrigation system is a network of pipes and fittings designed to
supply irrigation water to the field under pressure. Micro-irrigation is a pres-
surized but low-volume irrigation system for irrigable areas. Precision water-
management technologies (like a sprinkler, surface drip, and subsurface drip)
help cultivators not only in saving the irrigation water but also in reducing
the cost of production through efficient use of fertilizers and reduced cost of
labor and other agricultural inputs. Micro-irrigation systems provide a 35-65%
saving of water as compared to traditional flood irrigation systems, along with
an appreciable increase in the productivity of crops and the income of farmers
[14]. The advantages of micro-irrigation in terms of a significant increase in

irrigation water use efficiency have already been demonstrated [18]. Despite



multiple benefits and government support, the adoption of micro-irrigation in
South Asian countries is very low compared to that in developed countries like
Russia, the USA, Brazil, Israel, Spain, China (Figure 1.2). In South Asia,
the largest acreage under micro-irrigation is in India, where it has seen steady
growth over the years. Of the total acreage under micro-irrigation, sprinkler
systems account for 56% and drip irrigation systems for 44%; drip irrigation is
increasing at a faster rate, having a CAGR of 9.85% during 2012-2015, while
sprinkler irrigation has grown at a pace of 6.60% in the same time. The cur-
rent acreage under micro-irrigation in India is 7.73 m ha, whereas there is a

potential of bringing about 42 m ha under it [19].

Israel 90%
South Africa 78%

Russia 18%

Spain 65%

Italy 58%
Saudi Arabia 56%

USA 55%

Brazil 52%

France 51%

China [110%"

India [6%"

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Figure 1.2: Penetration rate of micro-irrigation in major countries [12]

1.2.2.1 Sprinkler irrigation

Sprinkler irrigation technology is a pressurized micro-irrigation system, where
irrigation water is generally applied over the crop canopy in an identical way to
rainfall. It was introduced in the world about a century ago, but its increased
use for larger areas started during the past few decades. In this system, wa-
ter is pumped through a system of aluminum or HDPE pipes for distribution.
Sprinkler systems eliminate water loss through leakage and seepage in con-
veyance channels. Water is more uniformly distributed even in an uneven field,
thereby reducing wastage. Compared to conventional flood irrigation, by using
the sprinkler system for cereals and other field crops, a significant saving in
irrigation water (30-70%) for various crops grown in different soil types and

agro-ecologies has been reported across the globe [20].



1.2.2.2 Surface drip irrigation

Surface drip irrigation is a micro-irrigation system that applies IW to plants by
trickling water drop by drop at the soil surface near the plant roots. This irri-
gation system distributes water as well as nutrients through a network of pipes,
valves, and emitters. Apart from highly efficient and uniform IW application
and prevention of soil loss due to erosion, the fertigation also reduces nutrient
loss due to leaching. However, the system requires a high initial capital invest-
ment and a high cost of labor for moving laterals during the cropping season.
A large number of studies in different crops and especially cereal systems across
the world [21, 22, 23, 24] have reported that drip irrigation systems help make
a significant saving (up to 50%) of water in cereals (wheat, rice, corn) and other

crops in comparison to flood irrigation.

1.2.2.3 Sub-surface drip irrigation

In contrast to the surface drip irrigation system, the subsurface drip irrigation
(SSDI) system reduces the labor cost for anchoring laterals during the crop-
ping season and ensures a longer life of laterals [14]. SSDI minimizes water loss
from the soil surface due to evaporation [25] and allows direct application of
nutrients along with water to the crop root zone, which ensures more efficient
use of fertilizer, reduces the growth of weeds and cost of labor, and enables
the performance of cultural operations with ease [26, 27, 28, 29, 30]. Conser-
vation agriculture (CA) systems integrate three major interventions (viz. zero
tillage, crop rotation, and soil surface cover, i.e., mulch), which can potentially
improve irrigation efficiency by simultaneously reducing evaporation and runoff
and improving soil properties that help in better water retention and storage in
the soil profile. Some researchers [31, 24] have reported irrigation water savings
of 48-53% and 42-53% in rice and wheat respectively under a layering of SSDI

and CA compared to the traditional flood irrigated rice-wheat system.

1.3 Automation of Micro-irrigation System

Automation of the micro-irrigation system means the operation of an irrigation
system with minimal or no human interventions. Automation of irrigation
is desirable when the farm size is large and needs to be divided into small
sections for efficient use of water, given the available stream size. Automation

of micro-irrigation is gaining momentum in India due to the increasing scarcity
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Figure 1.3: Open-Loop and Closed-Loop Irrigation

of water and the elimination of manual operation of control valves, thereby
reducing labor requirements. It offers an opportunity to modify the frequency of
irrigation and fertigation of crops to optimize water and fertilizer use efficiency.
The operating time of irrigation systems can be increased, and the exact amount
of irrigation can be applied by better control of pump operation, and thereby

optimize energy use.

1.3.1 Types of Automation

It can be a time-based system wherein the basis of irrigation is time duration.
The operating time of the system is worked out based on water stream size and
volume of irrigation water required. In volume-based system, the pre-set amount
of water is applied to different sections of the field segments with the use of
automatic volume metering valves. It may be an open-loop system (Figure 1.3
(A)), where an operator decides the amount of water and time of application of
an irrigation event. In a closed loop system (Figurel.3 (B), feedback is collected
from a different type of sensors and decision about how much irrigation water
to apply and when to apply is based on a general control strategy developed

by the operator.

1.3.2 Computer Based Irrigation Control

These days the computer-based irrigation control systems are used to manage
micro-irrigation systems, and these consist of a combination of hardware and
software for managing irrigation, fertigation, and other related practices such
as maintenance. These systems can be interactive that collect and process in-
formation from various points in the system, and allow manual control of the

system from a central point by remote operation of valves or other control
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devices. Or, these can be fully automatic irrigation systems that automati-
cally actuate the valves, pumps based on feedback received from sensors, and
control the performance of the system. In such systems, the manual interven-
tion is eliminated and replaced by a specially programmed computer to react
appropriately to any changes in the parameters monitored by sensors. The
automatic functions are activated by feedback from field units and corrections
in the flow parameters by control of devices in the irrigation system until the
desired performance level is attained. Automatic systems can also perform
auxiliary functions such as stopping irrigation in case of rain, injecting acid
to control pH, sounding alarms. Most control systems include protection in
emergencies such as loss of the handled liquid due to pipe burst. They close
the main valve of the whole system or branching when an unusually high flow

rate or an unusual pressure drop is reported by the sensors.

1.4 Machine Learning Approaches

Agriculture is a vital component of the global economy, and Digital Agriculture
(DA) involves the use of agro-technology in conjunction with precision farming.
DA or Smart Farming is emerging as a new concept using ML-powered high-
precision algorithms. These cutting-edge developments contribute to sustain-
able productivity growth in agriculture. ML is increasingly used to carry out
different agricultural operations with better efficiency, which is getting better
over time. Smart tractors equipped with sensors, GPS systems, and radars are
used for land preparation, precision seeding and crop planting, and harvesting

without human driving intervention.

Year after year, ML applies in increasingly scientific fields including, for exam-
ple, meteorology, climatology, aquaculture, agriculture, economics, food safety,
medicine, bioinformatics, ,and robotics. ML tasks are typically classified into
different categories depending on the learning type, learning models, or the
models employed to implement the given task. The introduction of learning

models in ML is limited to those implemented in this work.

1.4.1 Regression

Regression is a supervised model of learning which aims to provide the pre-
diction of an output variable according to the known input variables. Mostly

used algorithms consist of linear regression, logistic regression, and step by step
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regression. More complex regression algorithms viz. ordinary least square re-
gression, multiple linear regression, multi-variate adaptive regression splines,

and local scatter-plot smoothing have also been developed.

1.4.2 Clustering

Clustering is an unsupervised learning model application, typically used for
finding natural data groupings (clusters). Well-established clustering tech-
niques are the hierarchical technique, the k-means technique, and the expecta-

tion maximisation technique.

1.4.3 Bayesian Models

Bayesian models (BM) are probabilistic graphic models that are used to anal-
yse within the framework of Bayesian inference. This is a supervised learn-
ing model, used to solve classification or regression problems. Some of the
most prominent Bayesian algorithms are Naive Bayes, Gaussian naive Bayes,

Bayesian network, Multinomial naive Bayes, and Bayesian belief network.

1.4.4 Instance-based Models

Instance-based models (IBM) are memory-based models that compare new ex-
amples with training database instances. These generate hypotheses directly
from the available data, and by utilising specific instances, create regression
or classification predictions. But complexity of these models increases with
increase in data. Most common learning models of this type are K-nearest

neighbour, learning vector quantization, and locally weighted learning.

1.4.5 Decision Trees

Decision trees (DT) are regression or classification models with a tree-like ar-
chitecture. With DT, the dataset is organized progressively into smaller homo-
geneous subsets, while a connected tree graph is generated at the same time.
The leaf nodes reflect the final prediction made after following the root-to-leaf
path (expressed as a classification rule). The common learning algorithms of
DT are regression and classification trees, the iterative dichotomiser, and the

chi-square automatic interaction detector.
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1.4.6 Artificial Neural Networks (ANNs)

There are two categories of ANNSs i.e., " Traditional” and "Deep” ANNs. These
are inspired by the versatility of the human brain, emulating complex functions
like pattern creation, learning, reasoning, and decision making. Millions of
neurons constitute the human brain and these inter-communicate and process
any given information. Likewise, an ANN, as a simplified model of the biological
neural network structure, consists of interconnected processing units arranged
in a specific topology. Numerous nodes are organized in multiple layers, viz.
an input layer for feeding the data into the system; one or more hidden layers

for learning; and an output layer to convey the prediction.

ANNSs are models for supervised learning usually used for the classification and
regression problems. The commonly used learning algorithms in ANNs include
the perceptron algorithms, radial basis function networks, back-propagation
and resilient back-propagation. Numerous learning algorithms based on ANN,
viz. Counter-propagation algorithms, auto-encoders, XY-Fusion, and super-
vised Korhonen and Hopfield networks, adaptive-neuro fuzzy inference systems,
self-organizing maps, multilayer perceptron, generalised neural regression net-
works, extreme learning machines, ensemble neural networks, and self-adaptive
evolutionary extreme learning machines. Deep ANNs are generally known as
Deep Neural Networks (DNNs) or Deep Learning (DL). These are a fairly new
area of research that allow computational models comprising of several pro-
cessing layers for learning complex representations of data using many levels
of abstraction. The DL model can itself perform the feature extraction step in
some cases and thus can enhance the state of the art in many areas including
agriculture. An ANN having several hidden layers between the layers of input
and output is a DNN and can be a supervised, partially supervised, or even
uncontrolled model. A typical DL model is the coevolutionary neural network
(CNN), in which convolutions are performed image domain to extract feature
maps. Some common DL architectures are the deep Boltzmann machine, auto-

encoders, and deep-belief network.

1.4.7 Support Vector Machines

Statistical learning theory laid the foundation of support vector machines (SVMs).
Intrinsically, SVM is a binary classifier that classifies the data instances by
constructing a separating linear hyperplane. The classification capabilities of

conventional SVMs can be significantly improved by using the "kernel trick”

14



for turning the original feature space into a space of higher dimension. SVMs
can be used for regression, classification, and clustering. Based on global opti-
mization, SVMs can tackle overfitting problems that arise in high-dimensional
spaces, making those engaging in different applications. The most commonly
used SVM algorithms include, least squares SVM, support vector regression,

and successive projection algorithm SVM.

1.4.8 Ensemble Learning

Ensemble learning (EL) models are designed to enhance the predictive per-
formance of a specified statistical learning technique by constructing a linear
combination of a simpler base learner. Assuming that a single hypothesis is
represented by each trained ensemble, these multiple-classifier systems allow
the hybridization of hypotheses that are not caused by the same base learner,
resulting in better results in the case of substantial variability between the sin-
gle models. Decision trees have usually been used as the primary learner in
EL models, such as random forest. A large number of boosting and bagging
techniques viz. adaboost, and bootstrap aggregating or bagging algorithms,

etc. have also been suggested

By applying ML to sensor data, farming systems will progressively develop into
real Al systems. This will provide deeper insight in management issues and
richer recommendations for the subsequent decisions and actions, and thus im-
proving the farm production. The use of ML models is, thus, expected to be
much more common in the future, thereby allowing for the possibility of de-
velopment of integrated and usable techniques. At the moment in agriculture,
these techniques take into account individual strategies and solutions and are
not properly correlated to the decision-making process, as seen in other ap-
plications. This incorporation of automated data collection, data processing,
ML implementation, and decision-making or support would provide realistic
tools that are compatible with so-called knowledge-based farming to increase
the productivity and the quality of bio-products. Smart farming thus has real
potential to deliver a more productive and sustainable agricultural production,
based on a more accurate and resource-efficient approach. New smart farms will
eventually realize humanity’s everlasting dream and feed our rising population,
which could exceed 9.6 billion by 2050.
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1.4.9 ML for irrigation management

Intelligent systems are being developed to monitor crop conditions in the field
with hyperspectral images and laser scanning. These can significantly improve
diagnostic accuracy, contribute to a comprehensive multi-dimensional analysis
of crop health, and improve its harvest potential. Precision farming systems,
together with ML algorithms, use real-time data to make location-specific deci-
sions for the application of pesticides, fertilizers or irrigation, rather than their
application in the field as a whole, thereby reducing waste and costs while avoid-
ing larger environmental footprints. Water is a crucial input in an agricultural
production system and plays the role of a moderator in reducing the vulner-
ability to the climatic change. Santiago et.al stressed the importance of prior
planning for development initiatives aimed at improving food security for small-
scale farmers while maintaining social equity and offering a rigorous framework
for ex ante assessment of the impact of agricultural interventions [32]. Irrigated
agriculture accounts for about 55% of food-grain production in the country, and
irrigated areas are the fulcrum of its food security, contributing about 74%of
the production of major cereals, i.e., wheat and paddy of the country. In India,
the net sown area is stagnating at around 140 million hectares (Mha), and the
prospectus of its horizontal expansion is limited. Development of irrigation in
this country has contributed to an increase of the gross irrigated area (GIA),
i.e., from 22.56 Mha to 96.46 Mha from 1950-51 to 2015-16 [33]. Improvements
in productivity of crops can be a strategic way forward to increase production.
Moreover, another opportunity to improve the production of agricultural com-
modities is provided by the increase in cropping intensity in irrigated areas as
there is a vast scope to improve water use efficiency therein. The protected
cultivation systems, i.e., the use of greenhouse technology in crop production,
also use Artificial Neural Networks (ANNs) and Fuzzy Logic Controllers to con-
trol the environment, i.e., the temperature and humidity of these structures.
Irrigation systems that were inefficient and difficult-to-handle in open fields are
already being replaced by automated systems capable of predicting and apply-
ing water as per crop needs. It not only improves the water use efficiency but

also improves the productivity of crops as well as their quality.

16



1.5 Thesis Organization

The thesis is organized into seven chapters. A brief outline of these chapters is

given below:

Chapter 1: This chapter describes the background of the emerging scarcity of
freshwater resources and the need for their efficient use in agriculture. Agricul-
ture, being the largest consumer of freshwater, has to produce more food from
the decreasing quantity of available water and that too of marginal quality.
Thus, there is a need to efficiently forecast the crop water demand to ensure
the judicious use of available water and to improve water productivity. It briefly
describes the methods of irrigation and the increasing use of micro-irrigation
systems to conserve irrigation water. The automation of drip irrigation sys-
tems further economizes on water use, reducing human intervention. It briefly

introduces the use of machine learning crop water demand forecasting.

Chapter 2: This chapter presents the literature survey which is related to our
work. Various existing models for automation of irrigation and the application
of machine learning in this automation process have been discussed to identify

the research gaps.

Chapter 3: This chapter defines the problem being tackled in this research
endeavor after the identification of significant research gaps based on the lit-
erature survey given in Chapter 2. Based on these gaps, the objectives of the
present research have been defined. It also briefly describes the experimental
set-up where rice is grown under a drip-irrigated system. Wether, soil, and
crop-related parameters from this location of the experimental site have been

collected for training and validation of models in this research work.

Chapter 4: This chapter describes the application of basic machine learning
models for predicting the crop water demand as a regression problem. The data
pre=processing, model selection, hyper-parameter tuning, and model validation
stages have been described in detail. The results received after implementing
these models have been discussed and analyzed. The best performing model

and dataset have been identified.

Chapter 5: This chapter describes the prediction of crop water demand
as a classification and regression problem. Classification predicts the pres-
ence/absence of an irrigation event, and regression quantifies the amount of

water required. Various basic classification machine learning models have been
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applied, and the most suitable has been chosen to predict the first stage of a
multi-level model. The use of an advance deep learning model has been de-
scribed for predicting the water quantity in the second stage of the model.
The performance of this proposed approach has been benchmarked against the
industry standard (APSIM), and the best performing dataset has been identi-
fied.

Chapter 6: This chapter summarizes the key findings of this research and

suggests possible directions for research in future.
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Chapter 2

Literature Review

The need for judicious use of irrigation water in agriculture, i.e., the application
of the right amount of water at the right time, is increasing due to growing
competition for water and its increasing scarcity. The part of rainwater, which
is utilized by the crop during different stages of its growth, is termed as ’effective
rainfall” and is generally not enough to support crop growth. Irrigation supplies
the remaining amount of water. So, irrigation water requirement (IWR) is the
net depth of water (in millimeters) required to be applied to a crop to fully
satisfy its specific water needs to achieve its full production potential in a

particular growing environment.

2.1 Irrigation scheduling and approaches

Irrigation scheduling (IS) is the process of deciding when to irrigate, and for
how long. Drip Irrigation (DI) influences the amount of water and nutrients
applied to the crop and ensures that there is no wastage due to deep percolation
or runoff. It combines the agronomic expertise with weather data to balance
the effect of realities of the stage of growth of the crop, weather, and cultural

operations.

Scheduling irrigation for any irrigation method determines the productivity
and efficiency of any irrigation system. Irrigation scheduling is not necessarily
based on the full crop water requirement but is designed to ensure the opti-
mal use of allocated water. In irrigated areas, water productivity (WP) can
be improved with better systems for water conveyance, allocation, and distri-
bution. Irrigation water losses can be drastically reduced by using advanced
irrigation methods, including drip irrigation systems that allow water to be
delivered precisely when and where it is needed [10]. Saving irrigation water
does not necessarily help in saving crop evapotranspiration (ET). Therefore,
optimal use of irrigation water in time and space involves scheduling its appli-

cation to conserve water and optimize crop yields based on scientific principles.
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Table 2.1: Approaches for on-farm irrigation scheduling

Irrigation scheduling
approaches

Parameters

Plant observation based

Visible changes in plant appearance, such as leaf curling
and wilting. Plant moisture status can also be measured
using sap flow sensors, infrared guns, and pressure bombs,
which measure leaf water potential.

Weather data based

Crop water loss is estimated on the basis of either evapora-
tion from an open-pan (PE) water surface or historical cli-
mate data, such as length of the day (sunshine hours), max-
imum and minimum temperatures during the day, wind
speed, and relative humidity. Irrigation schedules based
on 0.9 to 1.2 IW/cumulative PE have been observed to be
optimal for different crops.

Soil moisture monitoring

based

Soil moisture used to assess water stress in the plants is
measured by gravimetric (volume basis) and soil metric
potential method. Use of a tensiometer is a most practical
and simple tool for farmers to use for scheduling irrigation.

Irrigation scheduling is a systematic process of estimating the IW requirement
that avoids water stress in the crop over relatively short periods. Researchers
have developed improved irrigation schedules for flood-irrigated cereal-based
systems [34]. Various conventional approaches for scheduling irrigation using
different parameters, viz. crop evapotranspiration, plant observation, canopy
temperature, soil moisture monitoring are given in Table 2.1 and are described

briefly in the following section.

2.1.1 Climate-based

Soil moisture availability and ET-based crop water demand are better scientific
practices than fixed schedule irrigation (e.g., weekly supply from canal outlets)
because the volume of the IW application is much lower. Climate-based ap-
proaches for irrigation scheduling involve the use of a measure of cumulative
potential evaporation [35]. Potential evaporation is determined using open-pan
evaporation, and reference ET are calculated from meteorological data in a va-
riety of ways, but the modified Penman-Monteith method is generally preferred.
Crop ET is calculated from potential ET using crop coefficients. Irrigation is
scheduled after a pre-determined amount of ET has occurred, and this thresh-
old amount varies with soil type plant available water capacity (PAWC), crop
type (e.g., shallow versus deep-rooted crops) and stage of crop growth. The
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threshold is determined using information from past studies on crop water use.
Optimal irrigation means the application of water precisely equal to the ET of

the crop.

The CROPWAT software developed by the FAO Land and Water Development
Division is widely used to determine crop water requirements and irrigation
scheduling. This model is a simple water balance model that allows the simula-
tion of crop water stress conditions and estimations of yield reductions based on
well-established methodologies for the determination of crop evapotranspiration

and yield responses to water.

2.1.2 Pan Evaporation-based

Irrigation scheduling based on evaporation involves the application of IW based
on moisture deficit in the soil profile to a level such that it does not start to
affect crop growth. Irrigation frequency is set to correspond to the time it takes
for moisture depletion to drop about 50% of the field capacity. The estimated
reduction in soil moisture due to loss through ET is made up by applying an
irrigation [36]. Carefully managed deficit-irrigation of crops have high potential
to significantly reduce IW demand, as they cover a significant portion of the
area under various crops. State-of-the-art delivery systems based on advanced
irrigation technologies are needed to implement deficit-irrigation strategies suc-
cessfully. Prihar et al. [37] proposed a simple concept for scheduling wheat
irrigation based on the ratio of the fixed depth of IW to the cumulative pan
evaporation (CPE) since the previous irrigation (which equals to open pan
evaporation (Pang) minus amount of rain). The quantity of IW is worked
out depending on the permissible moisture deficit in the soil profile [38]. The
deficit-irrigation practice propagates the use of moisture stored in the soil pro-
file by extending the depth of the root zone through an increase in the length
of roots along with the receding moisture front. Deficit irrigation has been re-
ported to save two irrigations of wheat out of the six normally applied without

any penalty on crop productivity [39].

2.1.3 Soil-based

Irrigation scheduling based on soil moisture includes assessing the soil moisture
status (volumetric soil water content or matric potential) within the root zone
and knowing the wilting point for the irrigation of a specific crop. Initially,

the moisture level is raised to field capacity, and as water is consumed by
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the crop, water is applied to the crop as per requirement. Water budgeting
is a quantitative method wherein current models of estimating ET based on
temperature and crop water use is employed. If ET during the season exceeds
effective rainfall, it is necessary to irrigate to sustain crops in the field. Once
the ET rate of a location is known, the volume of IW determined may be
applied at a known rate in a given time through a calibrated irrigation system,
and 10% extra water may be applied to account for the losses in the delivery
system. The available water in the root zone is the volumetric soil moisture
content between permanent wilting point and field capacity of the soil, and
the irrigation threshold is generally expressed as percentage depletion of total
available water. Alternatively, irrigation can be scheduled based on soil matric
potential (SMP), at an explicit depth in the soil profile [40].

Tensiometers and granular matrix sensors are most commonly used for deter-
mining SMP, and these can be logged or manually read. A tube tensiometer is
easy to use, robust, and relatively inexpensive device. It consists of a plastic
tube connected to a porous ceramic cup at one end and a vacuum gauge at
the other. Tensiometers provide in situ soil moisture content in real-time and
are accurate measures of SMP in the moisture range from 0 to about -80 kPa,
which is the moisture range required for major crops. The threshold value of
SMP for scheduling irrigation depends on the type of crop to be grown. Based
on this criterion, Kukal et al. [41] recommended that puddled transplanted rice
(PTR) should be irrigated at an SMP of -16 kPa measured at a soil depth of
20 cm. For scheduling irrigation under different tillage and mulch treatments,
Gupta et al. [42] recommended an SMP of -35 kPa at a soil depth of 32.5 cm
for wheat, and -15 kPa at a 17.5 cm soil depth for dry seeded rice.

2.1.4 Plant-based

Plant-based irrigation scheduling is based on the physiological and phenological
conditions of the crop. The physiological condition (water stress level) can be
judged from canopy temperature [43] depression relative to air temperature
(measured by infrared thermometry). Then the calculation of the cumulative
stress degree days (SDD) [44], and crop water stress index [45, 46] can be used
for scheduling irrigation. Phenological stages can also be used to determine
when to irrigate. For example, in wheat, critical growth stages for irrigation
are crown root initiation (CRI), tillering, jointing, flowering, and the grain-

filling stage. Water stress at any of these stages may result in loss of yield
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depending upon the severity of the stress.

Das et al. [47] reported that the canopy temperature minus the air temperature
(Tc-Ta) for wheat under stressed conditions was higher than under unstressed
conditions throughout the season. The Tc-Ta could explain the 55% variation
in wheat yield in sandy loam soil, and this index could be used as a tool to
assess crop water status and hence to schedule irrigation. Gontia and Tiwari
[48] concluded that the crop water stress index based on Tec-Ta and vapor
pressure deficit could be used for monitoring plant water status and planning
irrigation schedules in central India. However, this technique is costly and may
not be economically feasible for smallholder farmers. Moreover, all irrigation
techniques require a better understanding of the sensitivity of crops to water
stress and its ecological and physiological basis, which generally varies through

the different stages of crop growth [49].

2.1.5 Deficit-irrigation

Deficit irrigation (DI) is a water-saving irrigation strategy used in many parts of
the world [50] in which IW is applied at lower amounts than the full crop water
requirement (i.e., ET), thereby increasing water use efficiency (WUE). It has
been argued that the level of irrigation supplied under DI should be between
60 and 100% of ET.Evaporation (E) component of ET is non-beneficial loss
of water from the soil surface, by reducing E component of ET, also increased
water productivity (WP). Water productivity (WP) increases under DI, relative
to its value under full irrigation, since small amounts of irrigation increase crop
ET more or less linearly up to a point when yield reaches its maximum value,
and additional amounts of irrigation do not increase it any further. The location
of that point is not easily defined, and thus, when water is not limited, irrigation
is applied in excess to avoid the risk of a yield penalty. The amount of IW
saving and improved WP under DI strongly depends on the crop (and cultivar),
planting date, soil, and site specifications, and is generally accompanied by no
or minor yield loss [51]. In particular, many crops have different sensitivities
to water stress at various stages of development, and the DI program must be
designed to manage the stress, so that yield decline is minimized. Information
regarding the crop response to DI is essential to achieve such objectives when

water is limited.

In DI, irrigation water is applied during the drought-sensitive growth stages of a

crop to maximize the water productivity, by allowing the crops to sustain some
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degree of water deficit and yield reduction [52]. For DI, it is necessary to identify
the critical growth stages of the various crops for their water demand, and
irrigation needs to be applied at critical growth stages to realize the maximum
WUE. Ali et al. [53] suggested that crown root initiation (CRI) and booting to
heading are the two most sensitive growth stages of wheat, and that drought
stress should be avoided during these stages. To quantify the irrigation water
requirement of DI, it is necessary to define the full ET requirements of the crop.
When irrigation is applied at rates below the ET, the crop extracts water from
the soil reservoir to compensate for the deficit. This results in two situations.
One, if sufficient water is stored in the soil and transpiration is not limited by
soil water, even though the volume of IW is reduced, the ET and yield are
unaffected; in the other case, if the soil water supply is insufficient to meet the
crop demand, growth and transpiration are reduced, and DI induces an ET
reduction below its maximum potential [10]. If the stored soil water that was
extracted is replenished by seasonal rainfall, the DI practice is sustainable and
has the advantage of reducing IW use. In some situations, both water use and
ET are reduced by DI, but yields may be negatively affected. In the rice-wheat
(RW) system in Punjab, India, around four irrigations are recommended for
the wheat crop at different growth stages, and the amount of these generally
turns out to be lower than the actual amount of ET of the crop. It is perhaps
the water stored in the profile during the previous rice-crop season that is used
for supplying the extra water to be used for meeting the ET requirements of

the wheat crop.

Research indicates that DI can increase the WP of wheat, maize, and rice by
10-42% [54]. Deficit irrigation (DI) can also save water by reducing the TW
depth by watering only the plant root zone and increasing the interval between
successive irrigations. Results of field experiments conducted in Dhenkanal,
Odisha (India) showed that with two supplemental irrigations, the WP of maize,
groundnut, sunflower, wheat, and potato was 0.55, 0.22, 0.23, 0.41, and 2.27 kg
per m3, and the application of three irrigations resulted in WP enhancement
by 40, 14, 22, 38 and 7%, respectively [55]. It has been suggested that yields
and WP could increase even more if DI were used in combination with water
conservation practices (e.g., mulching) or rainwater harvesting techniques [56].
Studies conducted in China showed that ridge furrow planting combined with
the DI system significantly increased wheat and maize yields and WP compared
with the conventional flood irrigation method, and this system has been widely

adopted in many parts of northwest China [57].
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Another form of DI, partial root-zone drying (PRD), increases WP while margin-
ing the crop yield under limited water resources. PRD is a novel improvement
of DI in which each half of the root zone is irrigated alternately in sched-
uled irrigation events [51]. From an exhaustive review, Sepaskhah and Ahmadi
[58] concluded that in comparison to the DI strategy, PRD is a successful al-
ternative irrigation technique compared to full irrigation that can save up to
approximately 50% of IW without significant yield loss and thereby improve
the WP. It is necessary with this technique to irrigate the two sides of the root
system alternately to keep the roots in the dry soil alive and fully functional

and sustain the supply of root signals [59].

Alternate or every-other-furrow irrigation is also considered as PRD irrigation.
Alternate furrow irrigation has been successfully used as a water-saving irriga-
tion method [60]. Partial root drying has been adopted for different crops by

using alternate furrow irrigation, resulting in higher WP [51].

2.2 Scheduling for automated systems

Irrigation systems in the country are still manually operated. However, feeding
the growing population under the projected scenario of limited water availabil-
ity and increased demand due to climate change [61, 62], needs an infusion of
modern tools and technologies primarily for making more precise use of water

for irrigation [63].

The advent of Wireless Sensor Networks (WSNs) spurred a new direction of
research in the agricultural and farming domain. Raghuvanshi et al. [63] have
analyzed comprehensively the specific requirements, the devices, sensors, and
communication techniques associated with WSNs in improving farming appli-
cations. Various case studies that thoroughly explore the proposed solutions
according to their design and related implementation parameters have been re-
viewed, specifically with features like autonomous operation, low maintenance,
and low initial investment. The network and node architectures of WSNs, the
associated factors, and classification according to different applications have
been presented along with the specific issues and challenges associated with
deploying WSNs for simplified, low cost, and scalable systems. Finally, they
have listed the prospects and problems associated with the existing applica-
tions. And the directions for future research with associated factors for im-

provement in using the new age technologies. Overall, futuristic pre-planning
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is required for the success of these applications, specifically to overcome the
problems from a global perspective. The inclusion of WSNs is envisioned to
be useful for advancing the agricultural and farming industries by introducing
new dimensions. Semi-automated and automated field irrigation systems are
now being introduced to replace conventional uncontrolled surface irrigation
systems. An automatic irrigation system can irrigate fields according to avail-
able soil moisture, soil type, and the climatic requirement for the crop-water
relationship. These devices are ideally suited for applying precise irrigation
through the surface, sprinkler, and drip irrigation systems in the prevailing sit-
uation of water and labor shortages. Intelligent, sensor-based irrigation systems
can help to achieve optimal water use, through significantly improving water
use through better scheduling, and thereby significantly improving water use
efficiency [63, 64].

2.2.1 Sensor-based system

Automated precision irrigation is a data-centric approach and requires real-time
data on soil moisture, temperature, and weather parameters. The sensors are
employed for real-time monitoring/sensing these parameters and are useful for
planning irrigation. Besides, monitoring soil moisture content, the sensors pre-
cisely assess the crop water demand from weather data. Initially, tensiometers
and granular matrix sensors were used for estimating soil moisture to automate
the control of irrigation water. Electromagnetic-based sensors [65] were also
used and showed promise for the real-time estimation of soil moisture. Infor-
mation from the moisture sensor is provided as input to the micro-controller
that transforms the data from analog to digital. The micro-controller transmits
the data using a radio-frequency (RF) module. The Bluetooth and Wi-Fi-based
wireless transmitters can transmit these data to the base station. The micro-
controller displays the soil moisture and flow levels. This facilitates a remote
assessment of the field conditions and real-time monitoring of the variable-rate

irrigation controller.

An irrigation controller is employed to operate a solenoid valve that supplies
water to crops when soil moisture content falls below a pre-defined critical
point. When the soil moisture content is low, the power automatically switches
on the pump, and water from the tank starts flowing through the pipe; when
the soil moisture reaches a pre-defined, soil-specific saturation limit, the power

turns off, and the water stops. A typical example of automation is a wireless
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sensor network (WSN) based irrigation system that comprises different types
of sensors, viz. soil moisture sensors that are positioned over the entire farm,
and wind speed and direction sensors. Multiple wireless sensor nodes and a
gateway consisting of a sensor-based wireless monitoring system can provide a
unique and secure solution with improved spatial and sequential resolutions for

automated precision irrigation.

In some systems, irrigation scheduling is accomplished by using a tensiometer to
measure soil metric potential (SMP) that determines the soil moisture content,
for operating irrigation through an automated controller system. The fuzzy
logic system, which works on the principle of assigning a particular output de-
pending on the probability of the state of the input, can improve the reliability
of the estimated value of the irrigation amount and facilitate decision making.
Some researchers are also working on variable-rate sensors for improving the

efficiency of irrigation systems.

Jain et al. [66] used a Radio Frequency (RF) module along with a remote
monitoring unit for the automation of an irrigation system. Ojha et al. [63]
undertook a critical review of the available evidence on the deployment of WSNs
in international and national scenarios, and the potential use of these in the
advancement of different applications in agriculture. WSNs and ICTS play a
key role in enhancing the application of precision technologies in agriculture,
viz. monitoring of soil moisture, weather, and crops in real-time [67, 68, 63, 69].
Table 2.2 lists various sensors and methods currently being used in automation

o irrigation systems for precision application of irrigation water to crops.

2.2.2 WSN-based system

Communication without using wires reduces the cost. Wireless communication
can be put to good use for managing agricultural land and monitoring irrigation
operations. WSNs are recognized as a powerful tool for collecting and process-
ing data for low-cost and low-energy precision agriculture [81]. Precision agri-
culture implies better allocation of resources in space and time, in some place
producing more-with-less and others producing more-with-more [82]. WSNs
provide high spatial and temporal resolution for monitoring soil and crop pa-
rameters via wirelessly-connected sensor nodes installed across the field [83, 84]
that automatically transmit data in multi-hop mode. Technological advances
in micro-controllers and wireless communication have led to the development

of embedded devices (nodes) that are smaller and have a higher capability for
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Table 2.2: Sensors and methodology used for precision irrigation

Sensing elements Methodology used Ref

Sensors for humidity, soil moisture | Based on fuzzy logic plus neural net- [70]

and soil temperature, LDR sensor, | work pattern classification technique

CO2 sensor

Air temperature sensor, air humidity | Fuzzy logic controller is used for [71]

sensor data acquisition. Well devised fuzzy

LDR sensor, soil moisture sensor, | rules produce appropriate time and [72]

temperature sensor duration for irrigation.

Sensors for humidity, soil moisture | Ontology-based decision support [73]

and temperature system

Smart phone Pixel differentiation process [74]

Soil moisture sensor Priestley-Taylor method to find ref- [68]
erence evapotranspiration

Sensors for soil moisture and soil fer- [75]

tility

Soil sensor array Threshold-based [76]

Soil moisture sensor, humidity sen- (77, 78]

sor temperature sensor

Soil moisture sensor [79]

Humidity sensor, soil temperature [80]

sensor

sensing, measuring, controlling, transmitting, processing, and storing informa-
tion. WSNs can thus improve the monitoring of plants and soil and can improve
productivity, efficiency, and profitability while minimizing risks due to climatic
aberrations, water shortages, pest infestation, and other factors hostile to crop
growth and development. WSNs are helping to achieve better response times

due to real-time sensing and communication.

There are multiple ways to use wireless sensors for irrigation scheduling. Based
on the threshold values of temperature and soil moisture content, the gateway
allows automated actuation of the ir rigation system. Some of the sensors,
modules, and valves that are commercially available for assembly in an irri-
gation network are quite complex and expensive to be deployed for managing
fixed irrigation systems. The cost and complexity of installation, operation,
and maintenance of these systems have been limiting factors in their adoption.
Sensor-based automated systems for irrigation are of two types: (1) systems
that assess soil moisture content based on the measurement of various weather
and other parameters; and (2) systems that measure soil moisture content di-

rectly using sensors [85].
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A WSN can be used in diverse environments and has advantages over a wired
network in terms of size, flexibility, distributed intelligence, and cost. Certain
other advantages of wireless transmission include its potential for deployment
in areas where cabling is not feasible, as well as its more considerable simpli-
fication and significant cost savings over cabling. Soil moisture content and
temperature are transmitted wirelessly, thereby permitting the adjustment of
the water supply to daily weather fluctuations or variations in the volumetric
soil profile moisture [86]. The adoption of wireless technologies eliminates 20-
80% of cabling costs in the setting up of industries. Water distribution in a
field for agricultural production can be monitored precisely through the use of

wireless sensor networks.

2.2.2.1 Components of the system

The components of a WSN application are a sensor node, master node, database,
and base station (BS). Wireless sensor networks based on communication tech-
nology and microcontrollers can improve existing monitoring methods to suit-
ably support real-time response for a wide array of applications. Recent devel-
opments in wireless technology and microelectronics have led to the creation
of low-power-consuming and low-cost components. In a sensor network, dif-
ferent communication technologies such as Zighee, WI-FI, Bluetooth, RF, and
General Packet Radio Service (GPRS) have been put to use for efficient com-
munication between the elements of a network — the sensor nodes and data

receiver — and the network itself.

Zigbee technology that carries small amounts of data over a short distance
is suitable for a small farm, whereas, for automation of multiple sensors in
larger areas, Wi-Fi technology can be used. Zigbee technology is the preferred
choice among various wireless technologies due to its efficiency in low-power
connectivity and its ability to connect a large number of items of equipment
into a single network. Zigbee technology utilizes a license-free and globally
available 2.4GHz frequency band. It allows wireless applications for personal
area wireless networks, using a standardized set of high-level communication
protocols sitting atop a cost-effective, low-power digital radio based on the
IEEE 802.15.4 standard.

An alternate mode of communication is based on a cellular internet interface
(GPRS protocol) using a mobile data service cellular global system. The GPRS

permits mobile phones continuous connectivity to the network and transfers
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the desired data promptly. The GPRS technology is more practical and useful
due to its ability to transfer data; it can both receive and send data during a
call without disconnecting it. Internet connectivity allows for real-time data
inspection on the website. Its low cost permits wider use of the technology
in remote control applications; mesh networking offers better reliability, and
broad range and low power use permit batteries to be smaller with longer life.
The software, which works on a WSN and nodes, monitors the entire farm from
a distant location using IoT. The network has two nodes: a camera node to
monitor crops and collect images; and a sensor node that captures all the soil
and environmental data, viz. temperature, hours of sunshine, soil moisture, air

humidity.

2.2.2.2 Process of automation

Automation of the irrigation system is accomplished by linking two wireless
sensor units (WSUs) through radio transceivers, which enable the transfer of
data related to temperature, soil moisture, and sunshine using XBee software
and a GPRS module to convey the information via the public mobile network
to a web server. Tracking the information online is enabled through devices
with internet access or a smartphone Wi-Fi network. Pathan and Hate [87]
used a different set of sensors, viz. temperature sensor LM35, LDR, and soil
moisture sensor. Avati and Patil [88] and Hussain et al. [89] have demonstrated
a Zigbhee-based wireless protocol for drip irrigation. A WSN application based
on radio frequency identification (RFID) and quick response (QR) codes were
proposed by Nam et al. [69] for the management of irrigation systems. An
application of Wi-Fi modules and circuitry design of sensors for automation of

irrigation is depicted in Figure 2.1.

Gutiérrez et al. [76] developed and tested a microcontroller and wireless communication-
based WSN system for an experiment on irrigation automation of malt barley.
The system comprised two components: WSUs in the field; and a wireless infor-
mation unit (WIU), connected by radio transceivers that enabled the transmis-
sion of data on soil moisture content and temperature, using Zighee technology
to implement a WSN. It was operated by photovoltaics and comprised dis-
tributed networks of temperature- and soil-moisture sensors installed in the
root zone of the crop. Every sensor node included a temperature probe, a soil
moisture probe, a radio transceiver, a microcontroller for data acquisition, and a

microcontroller-based receiver to which the sensed data were transmitted. This
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Figure 2.1: An application of Wi-Fi modules and circuitry design of sensors
for irrigation automation

gateway allowed the automatic actuation of irrigation as soon as temperature
and soil moisture values reached the threshold values. The gateway device also
handled information from sensors, triggered actuators, and communicated the
information to the web application. Threshold values of temperature and soil
moisture were used to develop an algorithm that was programmed to control
the quantity of water through a gateway based on microcontrollers. A cellular-
Internet interface-based duplex communication connection enabled the system
to inspect the data and accomplish irrigation scheduling through web-based

programming.

Mafuta et al. [90] further improved this WSN-based, solar-powered, and ro-
bust automated irrigation system. The end nodes sense soil temperature and
soil moisture content and transmit the information to the coordinator node.
Based on this data, the coordinator node decides whether to irrigate the field
or not. The coordinator node forwards the information on soil temperature, soil
moisture, valve status, battery level, and performance of wireless link through
an Xbee unit to the gateway node that transmits it to a remote station via
a cellular network. The significant advantages of the system are adequate ir-
rigation and higher energy efficiency due to power-saving modes. However,
the primary issues with the system are that it ignores sunshine duration, air

humidity, and wind speed when determining reference ET, which reduces the
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efficiency of irrigation, and it has a lower coverage area because of the Xbee
devices [91].

2.2.2.3 IoT-based systems

Anbarasi et al. [92] proposed an IoT application-based system for a smart ir-
rigation system to improve water use and crop yield, wherein the decision is
taken based on real-time data from the soil. This automated irrigation system
switches the pump ON and OFF based on the moisture content of the soil. A
soil moisture sensor measures the exact soil moisture content, and this input
operates the pumping motor through an operational amplifier. Farmers can see
the soil moisture status in a mobile application or web page using a modem
through IoT. They can check whether the water sprinklers are turned ON or
OFF at any time. This model includes a sensor hub and a control hub. In
a multi-cropping system, information about soil moisture content is required.
This is because information about an assortment of yields is stored, and this
is confirmed with information detected by sensors. This system reduces the
physical contribution of the irrigator and improves efficiency and, thus, pro-
ductivity. In rural areas with a severe rainfall deficiency, this model can be
used effectively to achieve extraordinary outcomes in most of the soils. Sani
Abba et al. [93] designed an IoT-based irrigation monitoring and control sys-
tem, using different sensors and actuators, for facilitating a smart irrigation
system to provide an autonomous supply of an adequate amount of water from
a reservoir to crops. The main objective was to enable users to monitor and
control the remote farm independently to improve crop productivity. The sys-
tem employed a soil moisture sensor to estimate soil water content, a pump to
supply the desired amount of irrigation water to the crop, and a Wi-Fi module
to access sensed data via the Internet. The sensor readings that were commu-
nicated to the Internet in real-time were stored on a web server that served as
the main base station. The flow chart for the process is given in Figure 2.2.
Based on the analysis of these readings, a user can precisely monitor the soil
moisture content in the field. The system ensures real-time notification about
any inadequacy or excess in the supply of irrigation water as water pump is
turned off or on depending on the moisture content of the soil. Experimental
and simulation results validate the flexibility and applicability of the proposed
system and are of the utmost importance for the users because through remote
monitoring and control of irrigation supplies. The system reduces the cost of

supervision.
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Figure 2.2: Flow chart of loT-based irrigation automation process

2.2.2.4 GSM-based systems

A global system for mobile communications (GSM) based wireless network has
been employed for irrigating crops in an automated irrigation system. Chaware
et al. [94] proposed automation of irrigation for shallow-rooted crops like veg-
etables, where the moisture sensors were mounted near the root zone of the
plants to sense and provide the output. These measured values were then fed
to the controller that sent these to the user via the GSM modem. Information
about time of sensing, status of water availability, and water requirement of

the crop would be provided along with the starting of the motor. The system
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navigates through a controller that can optimally handle the sensors for soil

moisture assessment with a low requirement of energy.

Tope and Patel [95] designed a system consisting of two units: a transmitter
unit and a receiver unit, to determine the parameters effectively with the use
of sensors for temperature, humidity, and soil moisture. A soil moisture probe
comprising several moisture sensors measures the soil moisture content. 2.4
GHz ISM band, XBee modules are commonly employed for efficient wireless
data transmission without a license. The solar-powered system has a duplex
communication link based on a cellular-Internet interface that permits data
inspection and programming of the irrigation schedule through a web page.
In this irrigation system, the use of solar power is significantly appropriate in
situations where the supply of electrical power is expensive. A real-time system
based on GSM and a Zighee module is incredibly versatile and cost-effective. A
significant drawback of a GSM technology-based WSN is that the water level

in this system is not continuously monitored.

2.3 Types of irrigation automation

2.3.1 Tensiometer and capacitance-based

Tensiometers and capacitance are used for detecting soil moisture for the au-
tomation of irrigation water application. Testezlaf et al. [96] designed and
evaluated an automated irrigation system for real-time water management in
greenhouses. The irrigation system consisted of a pressure transducer-mounted
tensiometer to monitor the soil water content in pots. The pressure transducers
were chosen due to their high-level analog performance, low cost, low range of
operating pressure, and accuracy. The transducers’ output voltages were in-
terfaced to a PC via the input port of a digital/analog board responsible for
the acquisition of data and the control system. The strategy for automated
control utilized a closed-loop unit that supplied irrigation water on demand.
This strategy helped the system to sustain constant soil moisture content (soil
metric potential setpoint). The control interface paused for a preset time in-
terval termed ”sensor response time” to continue to monitor the tension in the
container for the next irrigation activity to take place. This was necessary to
account for the time taken after water application for change in SMP to be
measured by the tensiometer. The pumps were controlled by solid-state relays.

The system monitored the water status of plants in the container accurately,
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applied water according to the plants’ demand, and kept a record of applied wa-
ter. However, Testezlaf and colleagues suggested further testing of the system
at the field level to assess its feasibility on a commercial scale. During testing
at lower tension values, a significant variance was observed in the data recorded
by sensors placed in similar substrate conditions in different containers. This
variation in sensed data suggests that in managing an irrigation system rely-
ing on sensors that measure SMP, the number of plants being monitored, and
whether these form a substantial sample of the total number of plants or the

experimental plot in the irrigation station should be considered.

Lakshmiprasad et al. [97] developed an intelligent irrigation system consisting
of a server equipped with a microcontroller processor to measure different pa-
rameters. It utilized only one parameter at a time, e.g., a soil moisture sensor
to assess the moisture content. For instance, if we are using a soil moisture
sensor for irrigation control in an automated drip irrigation system, then when-
ever the soil moisture level falls below the threshold value, and only then does
the system direct the valve to change from the OFF to the ON position. When
the soil moisture level reaches the optimum preset level, then the system is
switched OFF automatically. To measure the soil moisture content, a coded
soil moisture sensor (10 HS) was used. This sensor has a low power requirement
and a much higher resolution, and uses a capacitance technique to estimate the
volumetric moisture content of the soil by determining its dielectric constant;
it enables measurement as many times as required over a long period with low
battery usage. It has a GSM communication device that transmits the data
to a farmer or receives it from a farmer who can take appropriate action. The
system is also equipped with electrochemical sensors to assess the spatial vari-
ability of various chemical properties of the soil. The capacitance-based sensor
consists of two metal plates separated by a non-conductive polymer film. This
film gathers air moisture, which causes minor changes in voltage between these
plates. These changes are converted into digital values indicating the moisture
content of the air. The RS 232-level converter, which performs between -15V

and 415 V| is used for serial communication.

Recently, an automatic subsurface drip irrigation system based on WSNs using
tensiometer-mounted SMP sensors has been designed and is being evaluated in
the rice-wheat system at the research farm of Borlaug Institute for South-Asia
(BISA), Ladhowal (Ludhiana), Punjab, India. Results from initial observa-

tions reveal that the new automatic system performed well and delivered the
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desired quantity of irrigation water whenever SMP values fell below the pre-
fixed threshold value [24]. The system is being evaluated on a large farm for its
performance and further improvements if required. Stone et al. [85] developed
a magnificent, microcomputer-based, low-cost data-acquisition system to as-
sess soil moisture potential continuously. The system comprises a tensiometer-

mounted pressure transducer that performs well under field conditions.

2.3.2 Smart phone-based

A recent development in irrigation automation technology includes the use of
sensor-based smartphone apps [74]. On activation of the app, the lighting cir-
cuit is switched on, and the app takes a photograph of the soil; the lighting
circuit is then switched off to save power. The RGB photo of the soil is trans-
formed into a grayscale image wherein white pixels represent a dry area, and
dark pixels represent a wet area. Next, the process of pixel segregation is started
to determine the number of saturated pixels, which is the difference between the
grey and light field matrices A number is computed from the relatively wet soil,
and the router node communicates this to the gateway node that controls the
time of application of the irrigation water. This system has the advantages of
reduced complexity of hardware, wide-ranging network coverage due to the use
of Wi-Fi, and more energy efficiency due to being able to tap the mobile to put
it into sleep mode. More irrigation sensors have to be embedded to achieve wet

soil areas in the smartphone, but that increases the cost of the system.

2.3.3 Solar power-based

Merlin et al. [75] designed and tested an automated irrigation system using
WSNs that is solar-powered, reliable, and economical. As soon as wireless
sensor nodes determine soil moisture, the measured value is compared with
reference values utilizing an on-stream camera. This actuates the valve for ir-
rigation. When irrigation is not required, the microcontroller is in sleep mode,
and when irrigation is required, it shifts to active mode. The significant advan-
tages of the system are increased energy efficiency by using the power-saving
mode and dynamic irrigation. However, as air temperature, hours of sunshine,
and wind speed are not considered for working out reference ET. In this case,

the irrigation efficiency of the system is reduced.
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2.3.4 Combination of soil and weather sensors-based

A combination of soil moisture sensors and weather sensors has also been ad-
vocated for efficient application of irrigation by several researchers. Gokul et
al. [98] reviewed existing automated irrigation technologies. At present, mainly
wireless LAN, Bluetooth, and Zigbee are used as transmission mediums from
end nodes to the sink node, which results in coverage of a lesser area. Some
of the current methods only use soil moisture content and humidity values for
deciding when to irrigate. However, crop water demand is also dependent on
the duration and intensity of sunshine, wind speed, and air temperature, which
contributes to a flawed estimation of the irrigation schedule. Further, the use
of an algorithm based on threshold values and fuzzy logic affects the precision
of the output. Several factors — the algorithm for determining reference ET,
the capabilities of the sensor node to communicate and process the informa-
tion, and likely exceptions during the application of irrigation — need special
attention for efficient automated irrigation systems. Therefore, to achieve high
precision, the combination of soil moisture sensors and weather-based sensors

is highly useful.

John et al. [99] described a WSN for sensing the relative humidity of the air,
soil moisture, and temperature. The system comprises clusters of nodes, and
the lifetime of the network node is improved through a sleep-wake up plan.
A drip irrigation system automated with an effective routing protocol termed
Equalized Cluster Head Election Routing Protocol (ECHERP) was evaluated
by Nikolidakis et al. [68]. All data sensed by sensor nodes are forwarded to
the base station that acts as a gateway to transmit these data to the server.
This system employs the Priestley-Taylor method for determining the refer-
ence ET. The system also considers the historical data to make the irrigation
automation process more useful by taking optimal irrigation decisions. This
system has higher energy efficiency than other routing protocols like LEACH,
TEEN, and PEGASIS, and decisions based on historical data help in achieving
high-impact optimal irrigation. The system has limitations, as humidity and
duration of sunshine are not considered for estimating reference ET}; also, irri-
gation efficiency is low, and the overall coverage range of the Zigbee protocol

is also low.

Similarly, Anurag et al. [100] developed a WSN for precision irrigation wherein
weather, and environmental data are sensed and transmitted to a central repos-

itory in real-time. The network consisted of three separate sections: (i) sensor
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nodes; (ii) wireless mesh network; and (iii) actuation devices based on standards
laid out in IEEE-802.15.4; the selection was based on four attributes suitable
for commonly grown crops. They developed a new algorithm of static routing
suitable for sensing applications. The tree-based routing can be most efficiently

used as compared to other Zighee-supported routing algorithms.

Chikankar et al. [101] used a Zigbee technology-based WSN with a tree-based
structure to control soil moisture, air humidity, and temperature. They first
prepared a pictorial topology with routers installed along the path at suitable
distances. A basic algorithm was used to determine the address of various
routers. The algorithm operated on an algorithm of the lowest depth-first, i.e.,
the first address was assigned to the deepest router, and then it ”worked up” the
topology. The tracking needs to permit us for the advanced setting of addresses
to maintain the tree structure. The actuation was accomplished based on the
information provided by the sensors. The system generated automatic warning
messages on the console after the threshold value was exceeded so that the
necessary action could be initiated. At the controller end, these valve-based
actuators were operated by discrete electrical switches. An RFID device was

attached to each actuator to identify and control it uniquely.

Another automated drip irrigation system, powered by photo photovoltaically
and, consisting of a distributed wireless network of temperature and soil mois-
ture sensors are deployed in the crop root zone. Every sensor node includes a
soil moisture sensor, temperature sensor, data acquisition microcontroller, and
radio transceiver; the sensed data is communicated to a receiver that is also
based on a microcontroller. The automated drip irrigation system developed
by Nalini Durga and Ramakrishna [80] has three parts, viz. a humidity-sensing
part, a control unit, and an output segment for deciding irrigation. The mois-
ture content of the soil is sensed through a Y1.-69 soil sensor (a resistance-type
sensor). The control unit consists of an arduino microcontroller. The switching
controls are of an on/off type that depends on soil moisture content. The soil
moisture module consists of two parts, an amplifier circuit, and the probes.
The analog output provides information regarding plant moisture in real-time,
and this output is used by the system. A water pump connected to the relay
module works when this module receives such instruction from the microcon-
troller. The Arduino board is energized using a 7V to 12V solar panel, a plug-in
adaptor, or a wall wart. The smart irrigation system for automatic watering is

depicted as a Block diagram in Figure 2.3. Whenever the soil moisture content
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is low, the sensors detect the moisture change and signal to the microcontroller
to start the pump. Several studies carried out in different production systems
and geographical areas across the world have demonstrated the tangible ben-
efits of irrigation systems using different sensors (Table 2.3) over traditional

water management practices.

| Power Supply

Soil Moisture
Sensor

Relay Driver

Water Pump
Control

Arduino
Board

Moisture Content
display

Figure 2.3: Block diagram of smart irrigation system

In another study, Soorya et al. (2013) compared a soil moisture sensor-based
automated drip irrigation system with a non-automated drip system for okra
(Abelmoschus esculents) and reported a substantial reduction in water use with
the automated drip system. Using a microcontroller-based automated drip
irrigation system for sweet corn that was irrigated when soil moisture content
reached 70% of field capacity, Deekshithulu et al. (2018) reported 36% less
water use as compared to the flood irrigation method, with respective water
use of 332 and 520 mm.
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Table 2.3: WSN architecture and effect on system efficiency

End node/ sensors and | Communication Irrigation schedul- | Irrigation automation | System efficiency Ref
their mode of trans- ing/application crite- | procedure
mission ria
Temperature, soil mois- | Cellular-internet interface | Algorithm based on soil | Webpage controlled Water savings up to 85% | [102]
ture sensors and wireless moisture and temperature and reduced cost
camera threshold values
Temperature, moisture, | Wired communication | Crop water- stress index | - - [66]
pressure, vapor pres- | system (field bus) (CWSI)-based
sure sensors with radio
transceiver
Soil moisture sensors Bluetooth Neural network based - - [103]
Soil moisture content and | Cellular-internet interface | Threshold based - Aggregation of data im- | [77]
temperature sensors GPRS proves the residual energy

by 10 % and through-

put by 13 %. Due to

use of energy conserva-

tion techniques, this sys-

tem achieves better energy

efficiency.
Humidity, soil moisture, | GPRS Threshold based operate the irrigation con- | saving up to 25% in irriga- | [91]
and soil temperature sen- trol valve tion water use
sors
WSN of temperature and | GPRS Threshold values of soil | Threshold-based gateway | Needs better design of | [104]
soil-moisture sensors lo- moisture and temperature | actuates hardware and software
cated in the root zone.
Soil-moisture and temper- | CDMA Threshold  values  of | Micro-controller-based - [95]
ature sensors soill moisture content | gateway regulates the

and  temperature-based | amount of water
algorithm

Humidity, sunshine, wind | SMS or GPRS Threshold values of wind | Wireless interface unit | Overlooking of weather | [80]

speed and soil tempera-
ture sensors

speed, RH, sunshine dura-
tion and soil moisture

(WIU) operated solenoid
valve

parameters reduced irriga-
tion efficiency




2.4 ML-based irrigation forecasting

There are several critical features for irrigation, such as water stress, gas-
exchange rate, evapotranspiration rate, stomatal conductance, and closing of
stomata. Cultivators can use information such as light, humidity, and tempera-
ture levels to modify irrigation schedules and avoid the risk of damaging crops.
Machine learning is an upcoming approach for forecasting the irrigation water
demand. New thermal imaging, in combination with other image processing
and analytic data techniques, attempts to decrease crop water stress and pro-
vide irrigation scheduling. Thermal imaging is a noncontact and nonintrusive
technique in which a much fewer number of sensors are required than in soil
monitoring and measurement. These sensors can work in conjunction with drip
irrigation methods and fertigation to avoid unnecessary waste of water and

fertilizer.

2.4.1 Image-based

Several studies have demonstrated that information from thermal imaging is
an appropriate approach to identifying key parameters to schedule irrigation.
Dong et al. [105] collected and processed high-resolution images through a
cloud-based smart irrigation system. These images are based on input from the
human visual system, and a have density-based measure. The captured ther-
mal image is decomposed into blocks, and the canopy temperature distribution
is extracted for the considered blocks. An optimization algorithm, such as the
genetic algorithm or a recursive algorithm, is used to calculate a threshold value
for the control. Tt has been suggested that temperature distribution be intro-
duced and utilized as a quality measure for automated intelligent CoT-based

irrigation systems.

Remote sensing provides a fast and reliable alternative for traditional in situ
water status measurement in vineyards. In this study the authors use multispec-
tral sensors on board of a UAV platform for obtaining high-resolution images
that were used to monitor the water status in the vineyard [106]. These aerial
multispectral images were processed to derive several vegetation indices (VIs).
Statistical methods and algorithms for machine learning were used to test the
associations between the midday stem water potential (W) of grapevines and
VIs. Results by simple regression showed no significant relationships between

VIs individually and (Ve ). A pattern recognition ANN model was developed
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for irrigation scheduling purposes. It uses (V) measured in the study site
as inputs and multiple thresholds of (We,,) as outputs. This study confirmed
that a UAV platform equipped with multispectral sensors and machine learn-
ing modeling strategies could be an efficient and affordable option to assess
vine water status and to map vineyard spatial variability to optimize irrigation
management. However, additional pixel by pixel data information available
per plant may be useful for physiological studies and more in-depth irrigation
practices, such as identification of localized irrigation problems (broken emit-
ters or flooded furrows). Nevertheless, problems associated with irradiance and

reflectance still need to be investigated for other potential applications.

2.4.2 ET-based

Irrigation demand can be indirectly estimated by forecasting the Evapotran-
spiration. Usually, reference Evapotranspiration (ETo) is estimated by using
the well-known FAO-56 Pennman-Montieth method [CROPWAT 8.0], which
requires reliable and good quality climatic data. In a poor data environment,
it’s application is restricted. The correctness of the ETo forecast remains a
challenging computational task since inaccurate weather variables can alter the
forecast accuracy. Mohamed Abdrabbo and Gamal El Afandi studied four ref-
erence evapotranspiration (ET) methods, namely: Blaney-Criddle, Hargreaves,
Thornthwaite, and FAO-56 Penman-Monteith. The results revealed that the
Blaney-Criddle and Thornthwaite equations had the lowest ET values compar-
ing with Hargreaves and Penman-Monteith method [107]. Wang et al. [108]
used artificial neural networks to determine real-time ETo forecast values for
short-term use by using weather information from weather forecast messages for
the daily public release. Four ANN learning algorithms including Generalized
Feedforward (GFF), Linear Regression (LR), Multilayer Perceptron (MLP) and
Probabilistic Neural Network (PNN) are implemented with a combination of
three sets of inputs consisting of minimum (Tmin) and maximum (Tmax) daily
air temperatures, extraterrestrial radiation (Ra), and net solar radiation (Rs)
for ETo in Dallas. The model evaluation used the coefficient of correlation,
mean square error, normalized mean square error, mean absolute error, and
mean square error capacity score. Results showed that input data set Tmin,
Tmax, and Rs yielded the highest performance with the Multilayer Perceptron
(MLP) backpropagation network capable of reproducing the closest values to
the observed FAO-56 PM. The results of this study can lead to the develop-

ment of an automated customized interactive website to be interfaced directly
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with public weather forecast data for deriving short-term ETo forecast values

for irrigation purposes in Texas.

Krupkar et al. [109] reviewed the then available computational and statistical
methods used to determine Evapotranspiration. They discussed various ma-
chine learning methods, such as Logistic Regression, Support Vector Machine (
SVM), Decision Tree Classifier, Systematic Forests, Artificial Neural Networks
( ANNs), Fuzzy Logic techniques and ARIMA, which have been previously used
to automate the water irrigation prediction process. These algorithms capture
and interpret semantic relationships between the various parameters and hence
can be used to make predictions. However, they propose the use of a recurrent
neural network (RNN) model that uses the LSTM activation function to model
the irrigation requirement. A typical LSTM circuit consists of an input gate
(i), the forget gate (f), the output gate (o), the cell gate (c), and the hidden
layer outputs (h). The RNN is found to be robust enough to map the intrinsic
variations in observations that occur due to various factors like global warm-
ing, faulty equipment. It is recommended to explore the use of deep learning
models to predict Evapotranspiration, as trained models require minimal space
(as opposed to conventional memory Al models) and are computationally fast

in testing.

In their paper [73], the authors implemented an autonomous closed-loop zone-
specific irrigation by describing the design and deployment of an adaptable
decision support system integrated with a wireless sensor/actuator network
(WSAN) for zone-specific irrigation control in a greenhouse setting. The pri-
mary plant signals and environmental parameters explored are plant’s leaf Tem-
perature, Chlorophyll Fluorescence, Ambient Temperature, Humidity, and Soil
Moisture. The learning goals drought stress and heat stress were categorized
with values TRUE/FALSE. Machine learning algorithms such as probabilis-
tic logic, fuzzy logic, and Bayesian networks have been used for inducing new
rules and determining thresholds of plant-based parameters by analyzing logged
datasets. Also, the machine learning process was applied to extend the ontology
of the system to cope, for example, with a sensor type failure or to improve the
accuracy of a plant state diagnosis. The effectiveness of the developed system
was validated by comparing its agronomic performance to traditional agricul-
tural practices. It is suggested that the integration of a chlorophyll content
meter sensor would allow a system upgrade to incorporate fertigation. The

platform may also be expanded to detect the presence of specific pathogens
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or pests. Infection alerts and pathogens or pest-specific responses may be is-
sued by integrating sensors for the detection of plant-emitted volatile organic
compounds (VOCs). Some such compounds are ethylene that signals general
stress, jasmonic acid esters that signal pest attack, and salicylate esters that

signal pathogen attack.

2.4.3 Soil-based

Khan et al. [110], the authors prepared a dataset containing suitable attributes
such as Maximum and Minimum Temperature, Wind speed, Humidity, Rainfall,
Solar Radiation, Soil Type, Crop Type, and Crop Water Usage for forecasting
irrigation water demand. To predict an irrigation occurrence, they applied and
compared the effectiveness and efficiency of several data mining classification
methods such as logistic regression decision tree, SVM, SysFor, and ANN. Pre-
dictions of accuracy made by SVM, logistic regression, and traditional ETc
method is found to be 78%, 75%, and 77%, respectively. Interestingly, ANN
performs better than SVM by carefully forecasting the water demand to actual
water used with 95% accuracy. SysFor ’s proximity of prediction accuracy per-
forms best at 97.5%, followed by decision tree 96 percent accuracy. Therefore,
we suggest that SysFor, decision tree, and ANN techniques are ideally suited
to forecast an irrigation event. They suggested that the performance of the
prediction model can be further improved by adding more attributes that have
a strong influence on water requirements such as seepage, soil moisture, and

cropping stage.

Navarro et al. [111] proposes a Smart Irrigation Decision Support System,
SIDSS, to manage irrigation in three commercial citrus tree orchids in south-
eastern Spain. They design and developed a closed-loop automatic decision
support system that adapted to local disturbances and measurement errors.
Two machine learning techniques, Partial Least Square Regression (PLSR)
and Adaptive Neuro-Fuzzy Inference Systems (ANFIS) are proposed as the
reasoning behind the adaptive SIDSS. The plantation weekly irrigation needs
are estimated based on both soil and climatic variables gathered by several au-
tonomous field nodes. A VWC sensor was used to record the soil variables of
the site. Hence, a detailed analysis of the plantation’s soil textures is required
to extrapolate the sensor information to the specific soil texture where the DSS
is to be deployed. Performance is measured against a human expert ’s decisions.

Although the use of a soil sensor resulted in a 22 percent lower weekly error
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compared to the performance of using only weather information, the authors
suggested that soil sensors should be removed from the experiment due to their

high dependence on site-specific soil properties.

Goap et al. [112] proposed an [oT based smart irrigation architecture along with
a hybrid machine learning-based approach to predict the soil moisture. The
soil moisture is affected by several ground parameters like soil temperature, and
environmental variables, e.g., air temperature, Ultraviolet (UV) light radiation,
and relative humidity of the crop field. SVR, coupled with K-means, was used
to predict the upcoming soil moisture values based on which decision is made
whether to irrigate the field or not. This paper proved the concept that IoT
based smart irrigation management systems can help in achieving optimum

water-resource utilization in precision farming.

2.4.4 ML-based

Goldstien et al. [113] aimed to use data collected from different sources to
predict irrigation recommendations. In addition to actual irrigation records
determined by the agronomist, the dataset captured various sensor-based fea-
tures, weather features, and plot-describing features. Models were developed
using eight different variables subsets to determine which variables consistently
contributed to predictive accuracy. It was also shown that different feature sets
were optimal for different plots, suggesting that developing unique models for
different plots might be useful. Based on this, different irrigation recommenda-
tions were developed using the traditional linear regression, Gradient Boosted
Regression Trees (GBRT), and Boosted Tree Classifier (BTC). Results showed
that GBRT and BTC models were more accurate in predicting irrigation de-
cisions than linear regression models, with 93 and 95 percent success rates,
respectively. The resulting model can automate irrigation decision making and
can significantly facilitate the irrigation planning process of the agronomist.
The proposed solution was suggested to be applied to other crops as well as for

new decision-making processes in agriculture.
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Chapter 3

Problem Formulation and Experimental

Design

The growing water crisis and its increasingly negative impact on the economy
and environment call for judicious use of available water resources of the coun-
try. During 20"" century, water management mostly focused on a search for new
water supplies, based on water storage and distribution from large projects.
However, the focus at present is on-demand management by efficiently allocat-
ing available water resources amongst various competing uses. As agriculture
is the largest consumer of water, efforts to efficiently use water in agriculture
can play a crucial role in meeting its future needs as well as of other sectors of
the economy. Sustainability of the country’s agriculture is also crucial because

of its direct impact on the livelihood of millions of farmers.

3.1 Problem formulation

Efficient forecasting of crop water demand is necessary to prepare an efficient
irrigation schedule for optimal use of available irrigation supplies. Irrigation
scheduling is the decision of how much irrigation water to apply to a field and,
at what time, to improve irrigation efficiency. Over-irrigation leads to wastage
of water, labor and energy; leaching of costly nutrients below the crop root
zone; and reduces soil aeration and thus the crop yields. On the other hand,
under-irrigation leads to moisture stress in the plant and reduces crop yield.
To maximize the benefit, two critical elements in irrigation scheduling are the
accurate measurement of the volume of water applied and its uniform distri-
bution across the field. It also enables the irrigator to plan water application
among the various fields to abate water stress and thus improve crop quality
and yield as well as net returns by use of 'saved’ water to irrigate additional

area during the periods of water-shortages.

There is a need for a completely automated irrigation system so that the

wastage with respect to water; that comes with the involvement of humans

47



can be done away with. Hence, a system that can predict the schedule of the
irrigation required by the crop(s) in the field needs to develop. Though various
models have been developed for this purpose, yet the application of data min-
ing methods and techniques to model the data collected from agricultural fields
needs to be explored further. The models that exist are either linear or have
just started to explore the relationship between various parameters such as as-
soil, crop, field, and environment. With the use of WSNs for agricultural data
collection, the volume of data collected has increased. Hence, machine learning
needs to be utilized to discover new insights from the data. In the present
times, agriculture needs data scientists who can process the data collected over

the years to give well-researched recommendations.

The problem of irrigation scheduling consists of when to irrigate and how much
to irrigate, i.e., efficient forecasting of crop water demand. To minimize the non-
productive loss of water while maintaining the crop yield and hence increasing
the water productivity. Forecasting can be based on soil matric potential while
maintaining the soil matric potential in safe limits where crop yields do not
decline and avoid non-productive water loss. The efficient use of water depends
on the timely application of water in the right way and the right amount. The
objective of irrigation scheduling is to minimize wastage of water and irrigation

costs while maximizing yield and crop quality.

Daily demand needs to be forecast to schedule pumping effort and minimize
cost. There is a need to examine methodologies for demand modeling and
prediction in a real-time environment for an on-demand irrigation system. The
focus has to be on the development of total daily volume demand models.
The daily crop water requirements estimated by the rate of percolation and

evaporation do not always meet the actual need.

3.2 Research gaps

From the detailed literature review, the following research gaps have been iden-
tified:

i. Machine learning algorithms are mainly being used to forecast weather,
rainfall, and yield and irrigation water demand as well. However, the
number of parameters being considered is limited to weather parameters.
For better model development for irrigation scheduling, focus from ET

needs to be shifted to soil parameters like available water content, soil
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ii.

iii.

1v.

texture, topology, salinity, porosity, etc.

There is more than one approach to forecast irrigation water requirements
such as a statistical approach, sensor network-based approach, and as
a machine learning approach. There are instances in literature where
one model has been compared to another model of the same approach.
However, a comparison of the different models on one data set and analysis

of the obtained results on specific evaluation parameters is yet to be done.

There aren’t many standardized and fully automated irrigation systems
available. Either the automation is in parts that inter-operate to provide
complete service or the development has not followed a specific standard.

Hence, standards need to be developed.

Farmers have resorted to indiscriminate pumping of groundwater so that
the field irrigation demand can be met. This is further encouraged by
subsidies given on installation of pumps in the field and free electricity
supplied to the farm. Hence, there is a need for guidelines backed by
analytical research that lays down the amount and frequency of irriga-
tion water supplied to the crop.However with current irrigation support
policies like free irrigation water and electricity, farmers have very little

incentives to adopt efficient water management practices.

Given the present conditions, climate change has arrived and is there to
stay. The 70-80% of annual rainfall that was received during monsoon,
i.e., from June to September, has now reduced, and the amount of winter
rains has increased. It not only spoils the crop in the field but also
promotes pumping of groundwater to make up for the loss. There is a
need to document and study its effect so that water can be used effectively

and efficiently.

3.3 Objectives

The main objectives of the proposed research work are mentioned as follows:

1.

il.

1il.

To study the existing methods for estimating crop water requirements

and collect real data based on factors affecting.
Propose and validate an efficient prediction model.

Compare the performance of the proposed model with the existing pre-
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diction methods.

3.4 Methodology

A conceptual model generally aims to formulate the daily water requirements
for crop irrigation by the rates of percolation and evapotranspiration that have
been predicted at the stage of irrigation planning. Many models have been
used to simulate crop water requirements. These do not always match actual
use due to changes in field conditions such as weather parameters and farmers’
perceptions. It should be pointed out that data availability often determines
the model choice. Continuous measurements of climatic data (precipitation,
temperature, relative humidity, wind speed) can be quickly and cost-effectively
obtained as compared to continuous measurements of soil characteristics, initial
soil moisture, infiltration, and thus are more suitable for operational forecasting
purposes. A list of few parameters and their brief description is given in Table
3.1.

The existing approaches for predicting water demand (time and amount of ir-
rigation) for the crop. The factors affecting the crop water requirement have
been identified and selected for further analysis. The data-set has been collected
from the experimental site of Central Soil Salinity Research Institute (CSSRI)-
International Centre for Improvement in Wheat and Maize (CIMMYT) Re-
search Platform at Karnal, Haryana (India). Various machine learning models
have been implemented using Python and its libraries. A comparative analysis

of their performance has been carried out.

For this purpose, a multi-level model has been developed and implemented to
predict the crop water requirement using machine learning techniques. The
model has been benchmarked against APSIM (an industry standard for fore-

casting crop water demand for drip-irrigated fields).

3.5 Experimental Set-up

The observations related to the amount of irrigation water used in rice crop with
subsurface drip irrigation (SDI) were collected from the experimental farm of In-
dian Council of Agricultural Research - Central Soil Salinity Research Institute
(29° 70’N, 76° 95’E), Karnal, Haryana, India (Figure 3.1). The experimen-
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Table 3.1: Parameters affecting CWR and their brief description.

Parameter

Description

Solar radiation

It is radiant energy emitted by the sun.

Air temperature

It is a measure of hotness or coldness of the air and is
the most common weather parameter.

Air humidity

It is the amount of water vapor in the air and indicates
the likelihood of precipitation, dew, or fog.

Wind speed

It is the measure of motion in the air with respect to the
surface of the earth.

Wind direction

It is an indicator of the direction of the wind.

Crop parameters

Crop type, crop variety, growth stage, and crop height
are some crop features that may be considered.

Soil salinity

It is the salt content of the soil.

Plant density

It is the number of individual plants that occur within
a given unit of space.

Type of irrigation system

Different types of farm irrigation systems are flood,
sprinkler, drip, and micro-irrigation.

Soil Texture

Based on particle size, soil can be categorized into clay
(d<0.002 mm), silt (d:0.002-0.05 mm), sand (d> 0.05
mm), coarse, medium and fine.

Soil Structure

It is the arrangement of the solid parts of the soil and
the pore space between them.

Soil Drainage

It is the process of water removal from the surface and
sub-surface of an area.

Soil Fertility

It refers to the ability of soil to sustain plant growth.

Type of farm

A farm may be under a monoculture system or with a
variety of crops. It may be combined with or separate
from livestock.

Residue management

There is a difference in burning the residue or mulching
it in the field.

Water quality

It refers to the chemical, physical, biological and radio-
logical characteristics of water.

Evapotranspiration It is the process of water transfer from the land to the at-
mosphere by evaporation and transpiration from plants.
Rainfall It is the quantity of rain falling within a given area in a

given time.

tal site represented the sub-tropical and semi-arid climate and characterized by
three distinct seasons, i.e., Kharif (July-October), Rabi (November-March) and

Zaid (April-June). The Kharif season (wet monsoon season) coincides with the

South-West monsoon and receives 80% of total average annual rainfall (670

mm). The site was under a continuous rice-wheat system for ten years before

the establishment of the experiment. The soil of the study site (0-15 cm layer)
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Karnal

" [
(29°70N, 76°96E)

Figure 3.1: Location and layout of experiment

was loam in texture (34% sand, 46% silt, and 20% clay) with a pH of 8.0 (1:2
soil: water). The soil was low in major available nutrients (N, P, K) and organic
carbon (0.45%).

The rice crop was sown under anchored wheat residue condition using the Happy
Seeder machine. The drip irrigation (DI) system consisted of polyethylene
laterals with an inside diameter of 16 mm and was laid parallel to sowing rows.
The laterals were provided with in-line emitters of 2.0 liters per hour capacity
at a pressure of 135 kPa and spaced at 30 cm so that the complete plot area was
wetted. Each dripline served three rows (67.5 cm) of rice crops. Groundwater
for the DI system was filtered using a hydro-cyclone filter coupled with a 100-

micron screen filter fitted at the source of irrigation.

In the rice, irrigation was applied based on soil moisture potential (SMP) using
a tensiometer (IRROMETER, River-side, California) installed at 15 cm soil
depth mid-way between the two crop rows in the center of each plot. The
irrigation in the crop was given at -20 to -30 kPa. In DI, the water meter is
fitted after the venture injector in between the horizontal pipe just above the
ground to make ease in taking readings. All three replications of a rice scenario
received a similar amount of irrigation at the same time. The volume of water
applied in SDI plots for rice crops in each irrigation was measured with the
help of water meter (Dasmesh Mechanical Works, Punjab, India) fitted to the
delivery pipe.
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Chapter 4

ML-based crop water demand forecast-

ing

Rice is one of the world’s most popular food crops. Since its production is
dependent on intensive water use, water management is critical to ensure the
sustainability of water resources. However, minimal data is available on water
use in rice irrigation. In this chapter, traditional machine learning methods
have been used to predict the irrigation schedule of rice daily. The data of the
year 2013-2015 is used to train the models and to optimize it further. The data
of 2016-2017 is used for testing the models. Correlation thresholds are used
for feature selection, which helps in reducing the number of input parameters
from the initial 26 to final 11. The models estimated the crop water demand
as a function of weather parameters. Results show that Adaboost performed
consistently well with an average accuracy of 71% as compared to other models

for predicting the irrigation schedule.

4.1 Introduction

Rice (Oryza Sativa L.) is one of the majorly consumed food-crop in Asia [114].
A significant share of available freshwater is used to irrigate rice [41]. Lowland
irrigated rice is inefficient [115] because a large proportion of the irrigation
water is lost to seepage and deep percolation [116]. The water-use efficiency
of rice is lower than in other crops. On average, 2500 liters of water are used,
ranging from 800 liters to more than 5000 liters to produce 1 kg of coarse rice
[117]. An increase of 10% in irrigation efficiency can help extend irrigation to
an additional 14 million ha. Solely reducing water use in puddled transplanted
rice resulted in a proportional reduction in yield, hence various management
practices of rice cultivation have to change simultaneously to improve water

productivity, without compromising on the productivity of yield.

The soaring population is resulting in huge pressure on the limited freshwa-

ter resources of the world. The growing population is also contributing to an

53



increased demand for water from domestic as well as industrial sectors. Con-
sequently, increasing the scarcity of available water demands efficient use of
irrigation water in agriculture. Since the available water sources are already
almost completely exploited, there is a need for achieving increased water pro-
ductivity through efficient irrigation. Usually, 15% of the water delivered is lost
in conveyance, another 15% is lost during on-farm supply through field chan-
nels, and 25% is lost due to inefficient water use practices, thus leaving only
45% of the water supplied to be utilized by the crop [118]. The efficiency of
irrigation water use depends on the timing, duration, and method of irrigation
employed. Information from multiple sources such as soil, plant, and atmo-
sphere is required. There are two different approaches for estimating the crop
water requirement to manage irrigation requirement in crops [119] efficiently;
one, a conceptual approach based on various factors viz. soil moisture, seepage,
and evapotranspiration and the other, a data-driven approach approach based
on training a model using the available data. The data-driven approach is more
accurate than the conceptual approach [119]. Saleem et al. [120] developed a
framework for controlling real-time irrigation scheduling that took into account
some of the most common constraints, such as restricted water availability or
the maximum or minimum quantity of water applied. It is desired for effec-
tive irrigation scheduling that the water supply matches the water demand as
closely as possible. Rice has been generally grown under puddled transplanted
conditions over large tracts in irrigated areas. However, for improving water
use efficiency in irrigated rice, experiments are being conducted to raise the
crop under a drip irrigation system. In this, the water slowly drips out of an
emitter, either into the root zone or onto the surface. This minimizes fertilizer

and water use. [121].

Data available on water use in drip irrigated rice, and its irrigation schedule
is limited. The study [122] attempts to estimate the crop and irrigation water
requirement of rice. In their work [73], the authors have integrated decision sup-
port systems and a wireless sensor network to achieve an autonomous, flexible

zone-specific closed-loop irrigation system.

Crop water demand may be calculated using direct measurements of stem or
leaf water potential of a plant [123]. More commonly, however, it is measured
from indirect measurements such as moisture content of the root zone [124]
and reflectance in the near-infrared bands [125]. Saturation, field capacity,

or wilting point account for the soil water content. These then can be used
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to estimate the total available water and the readily available water. The
Penman-Montieth method is a commonly used method for determining the
crop water requirement [126, 127]. In this, evapotranspiration for a reference
crop (ETo) is estimated using field climatic data. This ETo is then multiplied
by a pre-determined crop-specific coefficient to obtain crop water use. This
crop coefficient is dependant on many factors such as local crop characteristics,
soil moisture, day of the year (for planting), climatic conditions, length of the
growing season, irrigation regimes, and management [128, 35]. Unlike the one-
step approach [127, 35], this two-step approach is a simpler and more reliable

method to estimate actual evapotranspiration (ETa) [122].

In evapotranspiration based estimation of water demand, the reliability of the
climatic data determines the accuracy of crop water demand estimates. In many
cases, recorded weather data is reduced to the number of variables measured
by a weather station in an area because of which there is a limit to the estima-
tion of evapotranspiration (ET) [129]. Torres et al. [130] used the Multivariate
Relevance Vector Machine algorithm and a Multi-layer Perceptron model to
forecast ETo. In one of the two above mentioned approaches, the future ETo
values are calculated as a times series forecast from historical data; or as (the
other approach) estimates the ETo values using the forecast climatic data in
a Hargreaves ETo equation. It was found that the latter approach that took
into consideration the weather parameters had better goodness of fit results.
The Pennman-Montieth method of the Food and Agriculture Organization of
the United Nations (FAO) is better suited for estimating crop water require-

ments.

For sensor-based estimation of water demand, sensors may be used to collect
information about the conditions of the field and environment. Climate param-
eters based models have an open-loop structure while the models using data
from soil sensors form a closed-loop one [111]. However, closed-loop systems
did not get wide acceptance due to the technological limitation of the sensors.
This has changed in the last few years due to the availability of more suited
and versatile sensors [63]. Variability in soil and crop characteristics, as well as
their irrigation requirements overgrowth cycle [131] along with non-uniformity
of irrigation methods [132], adds complexity which may make the model re-
sults deviate from ideal. Human experts who can comprehensively interpret
the different variables are few, not readily available, and slow to analyze the

data. Machine learning models can assist experts instead. Crop parameters
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[133], volumetric water content of soil [134], ET [135], total available water in
root zone [136] and stem water potential [137, 138] have been estimated in the

past using machine learning techniques.

Most of the modeling techniques that have been developed to characterize the
state of irrigation systems lack practical application. This is due to the un-
availability of the required data and the overhead expense incurred during data
acquisition. Machine learning approaches based on data-driven learning model-
ing such as artificial neural networks, support vector machines have been used
[119] to overcome this drawback. The time-series nature of soil water con-
tent variations has been simulated using leaning machine models. However,
since the objective was to estimate the values from historic SWC values, it was

a somewhat restrictive approach to determine irrigation scheduling based on
that [139].

Perea et al. [140] successfully predicted the presence or absence of an irrigation
event using genetic algorithm based input parameters to build an optimized
decision tree. Khan et al. [141] performed a comparative study checking for
the effectiveness of decision tree, artificial neural network, systematically de-
veloped forest, support vector machine, and logistic regression in predicting
the irrigation water requirement. They recommend that decision tree, system-
atically developed forests, and artificial neural networks were best suited for
forecasting the irrigation water demand. Andriyas and McKee [142] used deci-
sion tree and random forest for making short-term water demand forecasts for

alpha alpha.

The rest of the paper is organized as follows: a brief overview of the data set
and its features is mentioned in Section 4.2. The methodology describing the
experiments is covered in Section 4.3. Results and discussion are in Section 4.4,

and the conclusion is in Section 4.5.

4.2 Materials and methods

4.2.1 Site description

The experimental site on ( 76 °N 96 °FE) is located at Karnal in Haryana,
India, at a farm of the Central Soil Salinity Research Institute (CSSRI). The
weather data at the site was recorded using an automated weather station.

Daily weather data, including minimum and maximum temperature, humidity,
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Table 4.1: Soil properties at experimental site

Soil Property | Soil Sampling Depth) | Unit
Mean + SE)
Clay 19.89 £+ 0.50 (%)
Silt 46.07 £+ 0.76 (%)
Sand 34.03 £ 0.77 (%)
pH 8.00 £ 0.02 (dS m-1) (1:1 soil:water)
EC 0.37 £+ 0.02 (dS m-1) (1:1 soil:water)
Total Carbon 0.56 + 0.01 (%)
Available P 5.74 £ 0.29 (mg keg-1)
Exchangeable K 130 + 1.73 (mg kg-1)
TN 0.06 + 0.002 (%)
Particle Density 2.57 £ 0.01 (g cm-3)

wind speed, rainfall and rate of evapotranspiration is measured The incorpo-
rated sensors are air temperature and humidity sensor, wind sensors, thermopile
pyrometer, and automatic rain gauge. All variables are sampled every hour and
recorded daily. The site is a reclaimed alkali loam soil. Table 4.1 lists the soil
characteristics of the experimental site. Laser-leveler was used to level the field,
which was then divided into 12 permanent plots. These plots were separated
by 1.0 m wide and 0.20 m high earthen bunds. The crop stand was uniform
across the entire area. Drip irrigation lines (67.5 cm apart with emitter spacing

of 30 cm) were used for each row.

4.2.2 Feature measurement

Multiple parameters affect crop water demand. Some of these are weather-
based, some crop-based, other soil-based, and some other. Soil parameters
such as salinity, texture, structure, drainage, and fertility have not been ac-
counted for because the data has been collected from subplots of a farm, hence
not providing variation that may have otherwise been modeled. However, soil
temperature at different levels and at different times during the day has been
used to capture the effect of soil parameters somehow. Crop parameters such
as crop type, crop variety, crop height, and plant density have also not been
explicitly included. Crop growth stage and number of days since sowing have
been engineered to reflect the crop parameters partially. Other parameters such
as type of irrigation system, type of farm, residue management practice, and
water quality have not been accounted for, as there was no source of variability

that may have helped the model to learn better. Weather-based (such as solar
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radiation, rainfall, air humidity, wind direction, wind speed, evapotranspira-
tion, and air temperature) parameters have been used in this study. They have
been described in Table 4.2.

Table 4.2: Features of data set obtained from experimental site

Code | Type Name Unit Instrument
Vo1 Derived from Date No.of days after sowing

V02 Derived from Date Stage of growth

V03 Temperature Maximum temperature °C Thermometer
V04 Temperature Minimum temperature °C Thermometer
V05 Temperature Gross Minimum temperature °C Thermometer
V06 Temperature Dry bulb at 6:00 A.M. °C Thermometer
Vo7 Temperature Dry bulb at 2:00 P.M. °C Thermometer
V08 Temperature Wet bulb at 6:00 A.M. °C Thermometer
V09 Temperature Wet bulb at 2:00 P.M. °C Thermometer
V10 Humidity Humidity at 6:00 A.M. Mm of Hg | Humidity probe
V11 Humidity Humidity at 2:00 P.M. Mm of Hg | Humidity probe
V12 Humidity Relative humidity at 6:00 A.M. Mm of Hg | Humidity probe
V13 Humidity Relative humidity at 2:00 P.M. Mm of Hg | Humidity probe
V14 Soil heat flux Soil temperature 5 cm below surface at 6:00 A.M. | °C Thermometer
V15 Soil heat flux Soil temperature 5 cm below surface at 2:00 P.M. | °C Thermometer
V16 Soil heat flux Soil temperature 15 cm below surface at 6:00 A.M. | °C' Thermometer
\ave Soil heat flux Soil temperature 15 cm below surface at 2:00 P.M. | °C Thermometer
V18 Soil heat flux Soil temperature 20 cm below surface at 6:00 A.M. | °C' Thermometer
V19 Soil heat flux Soil temperature 20 cm below surface at 2:00 P.M. | °C Thermometer
V20 Sunshine hours Sunshine hours Hrs/day

V21 Wind speed Wind speed Km/hr Anemometer
V22 Wind direction Wind direction

V23 ET ET

V24 | Rain Rainfall Mm/day

V25 Derived from Rain No. of days since last rain

V26 Derived from Irrigation | No. of days since last irrigation

V27 Target Amount of irrigation Mm/day

Where °C' = Degree Celsius, Mm of Hg = Millimeter of Mercury, Km/hr = Kilometer per
hour and Mm/day = Millimeter per day.

4.3 Methodology

4.3.1 Data collection and pre-processing

The first step in any machine learning approach is data collection and pro-
cessing. As data about the weather and the data about irrigation came from
two different sources, it had mismatched sampling intervals. This resulted in
the need to compile the data from the weather station and the flow meter into
one data set. This was done with the guidance of an agriculture expert. This
resulted in a data set that contained a one-dimensional array containing all the
values corresponding to the input variables for a day. Five data sub-sets (cor-
responding to the year 2013, 2014, 2015, 2016, and 2017) were created (having
variable season length of 127, 98, 92, and 102 entries each) and compiled into
one. Since the data set represents 3 replications of the experimental plot for

the same set of input parameters, we obtained different quantities of water as
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Table 4.3: Features incorporated in different data sets

Set No. | Parameters Included

Set 1 V01, V02, V03, V04, V05, V06, V07, V08, V09, V10, V11, V12, V13, V14,

V15, V16, V17, V18, V19, V20, V21, V22, V23, V24, V25, V26

Set 2 V01, V03, Vo4, V06, V08, V11, V12, V15, V14, V19, V20, V21, V22, V23,

V24, V25, V26

Set 3 V01, V03, V06, V11, Vi2, Vij, V19, V20, V21, V22, V23, V2/, V25, V26

Set 4 V01, V03, V06, V11, V19, V20, V21, V22, V23, V25, V26

the target value. The average was considered as the modified target and the
standard deviation as the range. Also, the wind direction was a categorical
variable, containing different wind directions. One-hot encoding was applied
to the categorical variable wind direction, and it was converted to a Boolean

one.

Irrigation was applied based on tensiometer readings. To monitor the soil ma-
tric potential (SMP), gauge-type soil tensiometers (IRROMETER, Riverside,
California) were installed at 15-cm and 30-cm depths in all plots immediately
after each crop was planted. Irrigation water applied to each plot was measured
using a Woltman@®) turbine water meter. To measure the amount of water ap-
plied in each irrigation, the water meter reading (kiloliter, kL) was recorded at
the start and end of the irrigation of each plot, each irrigation was applied until
a b-cm flooding depth was achieved. The amount of irrigation water applied

was calculated as water depth (mm).

4.3.2 Feature selection

The next step applied was feature selection, which was accomplished using
correlation. Since the variables are continuous, Pearson Correlation Coefficients
were used to create a matrix depicting the dependencies in the data. A subset
of features (Table 4.3) was obtained by dropping off the variables with values
at fixed thresholds and discarding those that had a value above the threshold.
Set 1 includes all the variables mentioned in Table 4.2. Set 2 discards those
variables which had a correlation coefficient greater than that of 0.9. Set 3 and
Set 4 further discarded those variables that had a correlation coefficient greater

than 0.8 and 0.7, respectively.
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4.3.3 Model selection

Models chosen were Linear Regression (LR), Support Vector Regressor (SVR),
Decision Tree Regressor (DTR), Random Forest Regressor (RFR), Extra Tree
Regressor (ETR), Adaboost Regressor (ABR), and Gradient Boosting Regres-
sor (GBR). Sklearn was used to implement these models in Python. Along
with the traditional machine learning methods, a Neural Network has also im-

plemented on Tensorflow.

LR model is based on the assumption that the output variable can express
as a linear combination of the input variables. Given the complex interaction
between the input variables, the linear model was unable to capture the be-
havior of the input features for this regression exercise. Hence, it was found
to be highly unsuitable for use. An SVR finds the hyper-plane that differen-
tiates the data plotted as a point in n-dimensional space where the value on
the co-ordinate is equal to the feature value. A DTR uses a recursively parti-
tioning approach where the growth of the tree is achieved by splitting at each
attribute iteratively. This model is computationally cheap, easy to understand-
implement-use, straightforward to train, and easy to interpret. Overfitting is
prevented by pruning the tree. Random Forest is an accurate and efficient
method which grows out of many trees. Each tree returns a value for the tar-
get, and a decision is made based on the most votes. An RFR fits a number
of decision trees on sub-samples of the data (the size of which is the same as
that of the original input sample). An ETR fits numerous randomized Decision
Trees on variable-sized sub-samples of the data. Both RFR and ETR improve
accuracy by averaging the result. A GBR fits a regression tree on the negative
gradient of a loss function. At every iteration, it optimizes an arbitrary dif-
ferentiable of the loss function. An AdaBoost regressor (ABR) iteratively fits
a regressor with adjusted weights on original data. Neural Network (NN) is a
series of neurons that can adapt to changing input in such a way that the best

possible results can be obtained as output.

4.3.4 Data splitting

In this study, regression estimators have been used to predict the irrigation
schedule for rice. Here the data has been divided into 60% and 40% partitions
for creating the training set and testing set, respectively. The data was kept in
sequence, given the inherent time series-ness of the data. The data splits used

for the 3 fold cross-validation are as shown in Table 4.4
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Table 4.4: Splits of data set for validation

Iteration | Years for Training | Year for Testing
1 2013-2014 2015
2 2013-2015 2016
3 2013-20116 2017

Table 4.5: Models and their respective optimized hyper-parameter values

Model | Parameter Value Value Value Value
(Setl) (Set2) (Set3) (Set4)

SVR C 2 256 128
Gamma 0.000244140625 0.0039063 0.0078125

DTR Maximum depth 2 7 3 3
Minimum samples per split 32 35 60
Learning rate 0.001 0.0001

ABR Loss function Square Exponential Linear
Number of estimators 500 400 800
Maximum depth 2 3 4

RFR Minimum samples per split 32 42 49
Number of estimators 125 25 10
Maximum depth 10 7 13 9

ETR Minimum samples per split 35 41 35 33
Number of estimators 10 800 10
Maximum depth 3 2 3

GBR Minimum samples per split 111 68 108 ‘ 112
Number of estimators 10 25 10
Learning rate 0.4 0.2 0.5
Number of hidden layers 0 2 2 2

NN Number of epochs 3 13 6 7
Network architecture (48,1) (39,9,11,1) | (34,8,1,1) | (32,7,7,1)
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4.3.5 Hyper-parameter optimization

Of the numerous parameters used for model building using sklearn package,
only 6 were optimized using GridSearchCV viz: maximum depth (md), maxi-
mum features (mf), minimum samples per split (mss), minimum samples per
leaf (msl), number of estimators (ne), learning rate (LR), gamma (G) and C,
where applicable. GridSearchCV method has an in-built cross-validation func-
tionality that was used for implicit cross-validation while optimizing the model
parameters. Three-fold cross-validation was used to find the optimized value of
various parameters (which are mentioned in Table 4.5). SVR, DTR, and ABR
had a limited number of parameters that needed to be optimized. Hence, their
optimization was done in one go. RFR, ETR, and GBR, however, have multi-
ple parameters that can be a candidate for optimization. To reduce the time
complexity of the exhaustive grid search on the limited computing resources
available, this was done in a two-stage approach. Maximum depth, minimum
samples per leaf, and minimum samples per split were optimized at stage one.
The values received were then added to the values being sent with maximum
features, learning rate, and the number of estimators. The parameter values
received from this stage were used to train/test and validate the models. For
Neural Network, the architecture of the network and the number of epochs
were optimized. The number of layers and number of nodes in each layer was
optimized together as these were interdependent, and after finalizing the ar-
chitecture, an early stopping criterion was used to find the optimal number of
epochs. To keep the time complexity minimum, optimization of the number of

hidden layers was done up-to-the value of at maximum 2.

4.3.6 Performance evaluation

The performance of the model can be measured using multiple evaluators, some
more suitable than others. The models used have been evaluated against mean
square error (calculated using eq 4.1), coefficient of determination (calculated
using eq 4.4), mean absolute error (calculated using eq 4.2), estimated vari-
ance explained (calculated using eq 4.3) and accuracy with respect to a range.
3-fold cross-validation is used to measure the performance of the predictive

models.
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4.3.6.1 Mean Square Error (MSE)

It is the average of the square of errors. This parameter is similar to MAE, but
is sensitive to outliers.

n

_q.)2
MSE: Zi:l(pl a’L)

n

(4.1)

Where a is actual value of the target variable, p is predicted value of the target

variable and n is no. of instances.

4.3.6.2 Mean Absolute Error (MAE)

It is the average of how much does the predicted value deviate from the real

value.
n

MAE — i1 (pi — ai) (4.2)

n
Where a is actual value of the target variable, p is predicted value of the target

variable and n is no.of instances

4.3.6.3 Explained Variance Score (EVS)

It measures how well the model has explained the variations in the dataset.
This gives the ratio between the variance of error and variance of true values.

The highest value for this parameter can be 1.

Var(p — a)

EVS=1-—
Vs Var(a)

(4.3)
Where a is the actual value of the target variable, and p is predicted value of

the target variable.

4.3.6.4 Coefficient of Determination (R? score)

It describes the amount of variance explained by the regression model. One is

the desired value. R? equal to zero means that the model has failed.

SSR SSE

2
2 2=
: SST SST

(4.4)

Where :

Sum of Squares Total: SST = >_ (p — p)?, Sum of Squares Regression: SSR =
S (P — p)?, Sum of Squares Error: SSE = Y (p — p)?, p is predicted value of
the target variable
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4.3.6.5 Accuracy

It is reflective of the correct predictions made in comparison to the total pre-
dictions made. As explained in Section 5.3.3.1, accuracy was calculated with

respect to the range.

4.3.7 Results

Table 4.6: Model Evaluation parameters of different models for predicting
irrigation events

Set | Model Name | MSE | R? | MAE | EVS | Acc
SVR 541.92 | 0.10 | 15.75 | 0.10 | 9.5
DTR 102.40 | 0.83 | 5.17 | 0.84 | 70.5
) RFR 109.80 | 0.82 | 5.48 | 0.82 | 64
ETR 166.23 | 0.72 | 871 | 0.73 | 12
GBR 113.17 | 0.81 | 598 | 0.82 | 11
ABR 11549 | 0.81 | 5.56 | 0.81 | 70.5
NN 407.79 | 0.29 | 16.40 | 0.21 | 27.8
SVR 537.45 | 0.10 | 18.35 | 0.10 9
DTR 187.59 | 0.69 | 7.26 | 0.70 | 67
5 RFR 123.61 | 0.79 | 5.90 | 0.80 | 66.5
ETR 173.63 | 0.71 | 851 | 0.72 | 18
GBR 130.56 | 0.78 | 6.34 | 0.79 | 10
ABR 12523 | 0.79 | 5.86 | 0.80 | 71
NN 374.08 | 0.17 | 15.99 | 0.13 | 29.9
SVR 563.39 | 0.06 | 18.56 | 0.06 | 10.5
DTR 142.00 | 0.76 | 6.35 | 0.77 | 65
5 RFR 133.59 | 0.78 | 6.17 | 0.78 | 69
ETR 159.00 | 0.73 | 821 | 0.75 9
GBR 142.89 | 0.76 | 6.55 | 0.77 7
ABR 125.86 | 0.79 | 5.86 | 0.80 | 70.5
NN 275.47 | 0.05 | 13.67 | 0.11 | 28.7
SVR 521.49 | 0.13 | 17.18 | 0.13 | 9.5
DTR 142.00 | 0.76 | 6.35 | 0.77 | 65
A RFR 133.20 | 0.78 | 6.07 | 0.78 | 68
ETR 145.36 | 0.76 | 7.04 | 0.77 | 36
GBR 146.36 | 0.76 | 6.73 | 0.77 9
ABR 125.79 | 0.79 | 5.83 | 0.80 | 71
NN 300.26 | 0.11 | 14.15 | 0.08 | 33.8

Traditional machine learning models like the Linear Model, Support Vector
Machine, Decision Tree, and Random Forest was used to predict the irrigation
in drip-irrigated rice. The performance of these models is shown in Table
4.6.
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Figure 4.1: Comparison of results of Adaboost for the various data sets
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The SVR was unable to give a decent prediction. This may be because the
dynamics of the data were beyond its modeling capabilities. The NN also did
not perform well which maybe because of the time-series nature of the data.
Also, the black-box nature of the method reduces the explain-ability of the

results.

DTR and RFR performed reasonably well. Of the four random forest regres-
sors used, GBR and ETR did not perform well. The stage-wise optimization of
the loss function in gradient boosting and the averaging the accuracy of trees
constructed using a random subsample size less than that of the original input
sample size in Extra-Tree Regressor did not fit well with the data being pro-
cessed in this application. However, the averaging of the accuracy of trees with
subsample size the same as the input sample size in Random Forest Regressor
and creating additional error adjusted trees for Adaboost, both suited the ap-
plication quite well. Where ever applicable, the value for the minimum number
of samples per split was 2, and the value of maximum features (found through

optimization) came out to be equal to 'auto.’

The performance of the estimators is analyzed over the four datasets. For Set
1, DTR gives the best performance. It has the least error and highest R? and
explained variance score. It may be noted that the accuracy with respect to
the range for both DTR and ABR is the same.

For Set 2, RFR has the highest value of explained variance score and R? while
having the least error. Although accuracy with respect to the range is higher
in the case of ABR, given the better performance of RFR on more than one

evaluation parameter, it is deemed better performing.

Observing the performance parameter values for Set 3, it can be seen that ABR
has the best values for all the parameters. It has the least value for error and
the largest value for R?, explained variance score and accuracy with respect to

range.

For Set 4 as well, it can be observed that with the largest values for R?, ex-
plained variance score and accuracy with respect to range, Adaboost is the best

performing model. It also has the smallest value for MSE and MAE.

On observing the value of hyperparameters, it can be seen that ABR needed
the least number of trees in the forest when the exponential loss function was
being minimized during the boosting iteration (400 trees for Set 2 and Set 3); a

little more when square loss function was being minimized (500 trees for Set 1)
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and the most number of trees when the linear loss function was being minimized

over the boosting iterations (800 trees for Set 4).

Given that only 3 hyper-parameters are to be tuned for ABR, 4 for DTR,
and 5 for RFR, the most exhaustive and somewhat least time consuming (in
comparison) parameter tuning can be performed for ABR. On observing the
3-fold validation test results in Figure 4.1, it can be observed that the principle
of machine learning (Performance of the machine should improve as the amount
of data increases over time) is validated. MSE and MAE have been minimized,

and R? score, EVS and accuracy have improved.

4.3.8 Discussion

Figure 4.2 shows that the model can capture the behavior of the target variable
sufficiently. The predicted values for the year 2016 and 2017, both reflect the
actual value closely. For predictions made on Set 1, Set 2, Set 3 and Set 4 for
both the years follow a similar trend. The model is better able to predict the
event of irrigation than the required quantity. However, ABR has performed
well over three sets. Hence it is safe to say that it is adaptive to change in the
number of input parameters. Set 4 consists of all the most important factors
affecting water demand. Also, it has the least number of input features as
compared to the other three sets. Hence using it can be easy to acquire, store,
process, and use. Given this ease without any considerable loss of performance,
it can be concluded that the ABR algorithm on Set 4 is most suitable for

forecasting farm-level irrigation.

Since all the sets have similar weather parameters, ABR performs equally well.
However, Set 4 is said to be better because it has the least number of input
parameters. Set 1 has 9 variables depicting the air temperature, whereas Set
2 has 5; Set 3 and Set 4, both have 3 variables. Similarly, for humidity, Set 1
has 4, Set 2 has 2, Set 3 and Set 4 both have 1 parameter respectively. Set 1
has 6 parameters for soil temperature; Set 2 has 2, Set 3 has 1, and Set 4 has
none. Days after sowing, rainfall, ET, sunshine hours, wind speed, and days

since last rain are the constant parameters across all Sets.

DTR has previously been used to classify irrigation events and RFR has been
used to predict irrigation. However, our approach combines the two objectives
and gives a reasonably good performance. Hence, improving on the previous

research.
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4.4 Conclusion

In this chapter, we explored traditional machine learning methods for esti-
mating the irrigation schedule of drip-irrigated rice. The performance of the
models is expressed using the standard regression performance parameters such
as mean absolute error, median absolute error, explained variance score, coef-
ficient of determination, mean square error, and accuracy. The models are
validated using a 3 fold iterative process in which the previously used dataset
becomes the training set, and the data of the next time quantum becomes a test
set. The performance of the models has been improved by using GridSearchCV
for fine-tuning hyperparameters. Given the widespread application of neural
networks in the field of irrigation scheduling, we can extend this current work
using the concepts of deep learning. In the coming future, water availability
is likely to be a more significant constraint than land, so it is time to likely
change mindset from improving agricultural productivity from per unit land
to per unit of water. Hence, the use of a computationally intelligent approach

becomes more relevant in the present scenario.
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Chapter 5
LSTM-based multi-level model for fore-

casting

Rice is a staple food crop around the world, and its demand is likely to rise
significantly with growth in population. Increasing rice productivity and pro-
duction largely depends on the availability of irrigation water. Thus, the ef-
ficient application of irrigation water such that the crop doesn’t experience
moisture stress is of utmost importance. In this chapter, a Long Short Term
Memory (LSTM) based neural network with Logistic Regression has been used
to predict the daily irrigation-schedule of drip-irrigated rice. The correlation
threshold of 0.75 was used for the selection of features, which helped in limiting
the number of input parameters. Also, a dataset based on the recommenda-
tion of a domain expert, and another used by the tool Agricultural Production
Systems Simulator (APSIM) was used for comparison. Field data comprising
of weather station data and past irrigation schedules have been used to train
the model. Grid search has been used to optimize the hyper-parameters of the
model. Nested cross-validation has been used for validating the results. The
results show that the correlation-based selected dataset is as useful as the do-
main expert-recommended dataset in predicting the water requirement using
LSTM as the base model. The models were evaluated on different parameters,
and a multi-criteria decision evaluation (TOPSIS) was used to find the best

performing.

5.1 Introduction

Rice is a major food crop in the world. Despite the water scarcity, its production
over the next two decades must increase significantly to meet the challenge of
feeding the growing population. The increasing population is exerting enormous
pressure on the available freshwater resources of the world. It is leading to an
increased water demand from other sectors of economy, such as industrial as

well as domestic. Consequently, the agriculture sector, which is the largest user
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of available water supplies, is expected to utilize it for irrigation. Thus, the
future increase in productivity and production of rice largely depends on the
availability of irrigation water and its efficient use. Usually, only about 45%
of the irrigation water applied to crop is utilized by it. Remaining is lost in
conveyance up to the field (15%), in field channels (15%), and due to inefficient
irrigation practices (about 25%) [118]. However, land preparation, maintaining
the water level in puddled rice fields, and the creation of anaerobic conditions
through soil saturation require more water than the evapotranspiration needs
of rice. So, for optimal use of depleting water resources, efficient use of water
for irrigation to meet the crop water requirement in a manner that crop doesn’t

experience moisture stress is crucial.

Changing climate is not just a cause of concern, but a reality today. Also,
available freshwater resources are scarce. Hence, for sustaining life on Earth,
action must be taken to mitigate the impact of both the issues mentioned above.
One method is to ensure the adequate irrigation of crops that is adjusted to the
variations in the climate. Reducing wastage during irrigation applications can
be ensured by using a drip irrigation system. However, to ensure the benefit
of its use, an irrigation schedule for a drip irrigation system has to be different
from the conventional schedule. Although APSIM is available for generating
a drip irrigation schedule, it does not have the adaptability to learn from the
schedules created by the domain experts. Hence, an LSTM based model has
been used to learn from the pre-existing schedules that are adaptable to climate
change. The adaptability comes from the data based learning that is used to

develop the model.

In our field experiments, irrigation schedule was being managed by field man-
ager and the total amount of irrigation applied to each plot were decided by
fiend manager by visually seeing if irrigation water height is 5 cm or not this
added the variability to irrigation amount being applied at each irrigation event

and became a challenge for the data-driven model also.

The rest of the paper has been arranged as follows. Section 5.2 provides a
brief overview of related work. Section 5.3 gives the introduction to the data
set used and its features. Section 5.4 covers the methodology describing the
experiments. Section 5 comprises of the results obtained and the related dis-
cussion, and Section 6 presents the conclusion, along with the scope of work in
the future.
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5.2 Related work

The traditionally grown rice in puddled transplanted conditions has a very high
irrigation water demand. However, its yield are significantly higher in both
lowland and upland conditions as compared to direct seeded rice [143]. The
improvement in agronomic practices for cultivation and change in the meth-
ods of irrigation can play a crucial role in curtailing the demand. Efforts are
being made to make efficient use of available rainfall through the development
of short-duration varieties and change in crop calendar, which means a shift in
date of transplanting and thereby reduce the water used for rice production.
Alternate methods of water application such as alternate wetting and drying,
water recycling, conjunctive use, and growing irrigated rice under aerobic con-

ditions have also been recommended for irrigated rice crops [144].

The method, timing, and duration of irrigation have a significant bearing on
the efficiency of the irrigation water use in a crop. The information regarding
various parameters related to weather, soil, and plant is required for efficient
management of crop water requirements. The crop water requirement is a
function of evapotranspiration (ET), which is the process of water transfer to
the atmosphere by evaporation from land and transpiration from plants. It can
be estimated using two different approaches [119]; first, a conceptual approach
which is based on various parameters such as soil moisture content (SMC), its
depletion, evapotranspiration and the second, a theoretical approach which is
based on developing a mathematical model and training it using the available
time-series data. As compared to the conceptual approach, the crop water
demand estimated using the theoretical approach gives more precise outcomes
[119]. Saleem et al. [120] developed a mathematical model for predicting the
crop irrigation schedules in real-time. They took into account some of the
standard operational constraints, such as the practical limits on minimum or
maximum amount of water applied and limitations on water availability. In an
optimum irrigation schedule, the crop water demand very closely matches the

available water supplies.

In irrigated environments, rice is mostly planted in puddled transplanted con-
ditions. Research trials are being conducted by planting rice under a drip
irrigation system to improve irrigation efficiency, which permits the raising of
the crop following optimal irrigation and fertigation schedules. In drip irriga-

tion system, water is applied drop by drop in the crop root zone, through a
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network of pipes, valves, and emitters, either laid on the soil surface or below
the surface of soil [121].

Crop water requirement may be estimated using direct measurements of leaf
water potential of a plant [123]. It is determined by measurement of SMC
in root zone of the crop [124] and the reflectance in the near-infrared bands

[125).

The SMC or the readily available water can be estimated by calculating the
difference between its value at saturation (field capacity) and the wilting point.
Sensors may be used to collect information about SMC from the field. The
models based on weather parameters have an open-loop structure, whereas the
models based on data gathered by soil sensors form a closed-loop [111]. How-
ever, the closed-loop systems are now better suited for irrigation scheduling due
to the availability of more versatile sensors [63]. Variability in crop character-
istics, soil type, change in water requirement of plants over the growth cycle
[131], and dissimilarity in methods of irrigation [132] makes the development
of models more complex. All these reasons make the results deviate from the
ideal. Machine learning techniques can assist the agriculture experts as these
have been used in the past to calculate crop parameter values [133], the volu-
metric soil water content [134], ET [135], total water available in the crop root
zone [136], and stem water potential [137]. The modeling techniques developed
for such irrigation systems are not practically used due to the non-availability
of requisite data and the cost involved in its acquisition. Machine learning
models based on data-driven learning, such as artificial neural networks and
support vector machines, have been used to overcome these issues[119]. Ma-
chine learning techniques are being used for simulation of the time-series nature
of variations in SMC. However, as the goal was to determine the SMC values
based on historical data, the approach to schedule irrigation based on that was
somewhat restrictive [139]. Further, only limited data on the use of irrigation

water and its scheduling in drip irrigated rice is available.

Soil Matric Potential (SMP) is a measure of the force with which the soil parti-
cles and the pore space hold the water. It indicates the soil moisture availability
to plants and can be used for scheduling irrigation. Jimenez et. al. collected
data from two different soil types were fed into an LSTM neural network model
to predict the irrigation schedule [145]. Capraro et. al, [146] designed and
developed a soil moisture controller to facilitate automatic irrigation that regu-

lates the moisture level in the root zone. It controls the opening and closing of
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valves based on soil characteristics, the amount of irrigation water supplied, and
the consumption by the crop. Multiple linear regressions and NN were trained
using the water demand and climatic variables of two years for forecasting the
irrigation demand. However, in the existing methods, a significant drawback
was the presence of noise in the data. An effective way to reduce this noise
content was to pre-process the data before training the model. Thus, Calvo et.
al. [147] employed the data pre-processing using a smoothening process that
significantly improved the results. Along with an extensive survey of various
machine learning approaches being used in agriculture, Krupakar et. al. [109]
also proposed the use of a recurrent neural network (RNN) to model the irriga-
tion requirement of a crop. The advantage of using such an approach is that the
model inherently learns from sequential data. Hence, the long input streams
do not loose information, and the sequence information gets incorporated in
the hidden layer. Furthermore, Internet-of-things (IoT) is coming up as a new
sphere of application, and F. Bu and X Wang [148] developed an IoT based ir-
rigation scheduling system using deep reinforced learning and cloud computing
and recommended to explore the implementation of LSTM for modeling the

irrigation schedules.

5.3 Materials and methods

5.3.1 Description of site

The trial site (29.6857°N and 76.9905 °E) is located at the Central Soil Salinity
Research Institute (CSSRI) farm in Karnal in Haryana, India. The site cli-
mate is somewhat dry (semi-arid), with an average of 700 mm of precipitation
per year. June to September are the months when most of the precipitation
(75-80%) is received. The daily minimum temperature in January varies from
0-4°C', while the highest daily temperature in June ranges from 41-44°C'. The
relative humidity throughout the year is in the range of 50-90%. Weather in-
formation on site was logged using an automated weather station. All variables

were sampled and recorded daily.

5.3.2 Feature measurement

Crop water demand is affected by various parameters. Some of these are soil-
based, while others are weather-based, and there are still others that are crop-

based. Soil parameters, such as soil structure, texture, fertility, salinity, and
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drainage, have not been considered as the data were collected from sub-plots of
the same farm. Hence, the effect of soil variation remains unmodeled. However,
effect of soil parameters has been captured with use of soil temperature at
different levels and at different times during the day. Crop parameters such as
type of crop, its variety, its height, and the plant density have not been included
explicitly. However, number of days since sowing and growth stage of the crop
has been used to provide for the effect of cropping stage. There is no other
source of variability that may have helped the model to learn better. Thus,
other parameters such as type of farm, type of irrigation system, water quality,
and crop residue management practices have not been considered. Weather
parameters such as rainfall, solar radiation, air temperature, wind speed and
direction, evapotranspiration, and air humidity have been used in this study.

Their detailed description is as follows:

5.3.2.1 Weather parameters

The weather has a tremendous effect on the water demand of the crop. Various

parameters have been considered, some of which are described below.

1. Temperature: The temperature of the air affects its water vapor holding
capacity and, thereby, the ET. Lower the temperature, lower is the crop
water demand. The temperature is measured at a standard height of 2m

above ground level, i.e. at the canopy level of the crop.

2. Humidity: This measures the quantity of water vapor in the air. The
degree of air saturation, which is a ratio between the amount of water
the ambient air holds and the total amount it could hold at the same
temperature, is termed as Relative Humidity (RH). It is measured as the

difference between the dry and the wet bulb temperatures.

3. Wind speed and direction: These affect the water vapor removal over
the evaporating surface. It is recorded at 2m or 3m above the surface i.e.

at canopy level.

4. Evapotranspiration: Process of water transfer to the atmosphere by
evaporation from land and transpiration from plants is called evapotran-
spiration. Higher the evapotranspiration, the higher is the crop water

demand.

5. Rainfall: It is the amount of rain falling within a given area in a given

time. The intensity and amount of rainfall affect the irrigation water
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requirement of the crop.

6. Solar radiation: More solar radiation means more available energy to
vaporize water. Sunshine hours, which reflect this component in our data,

affect the incoming solar radiation and hence the crop water demand.

5.3.2.2 Soil parameters

1. Soil heat flux: Soil Heat flux is the energy utilized in heating the soil
and is usually estimated by measuring the temperature of the soil at three
different depths of 5, 10, and 20m below the surface. It is measured at
two times during the day, i.e. morning (6 A.M.) and afternoon (2 P.M.).

2. Texture: The soil type at the experimental site is a reclaimed alkali loam

and is characterized by a homogeneous and deep sandy clay loam texture.

5.3.2.3 Crop parameters

1. Type: Rice is considered as a cereal grain in developing countries. Be-
cause it is a major food supplement, it is commercially grown in many

parts of the world as a cash crop.

2. Variety: Oryza Sativa, commonly referred to as Asian rice, is the variety

under consideration.

3. Growth stage: Rice varieties have five main crop stages: germination,
panicle initiation, tillering, maturity and harvest. These have been engi-

neered from the date of sowing.

5.3.2.4 Type of irrigation System

In these experiments, the drip irrigation system has been laid with a drip line

spacing of 67.5 cm and emitter spacing of 30 cm for each row.

5.3.2.5 Residue management

The burning of Rice crop residue is a major source of environmental pollution,
so it was used as a mulch in these experimental plots. The heat from burning
causes the soil properties to change and hence alters the composition of soil

over time, causing variations in CWD of the crop.
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5.3.3 Methodology

The workflow for the methodology is showcased in Figure 5.1. Pseudo-code for
the same is written in Algorithm , and the steps are explained in detail in the

following subsections.

5.3.3.1 Data collection and pre-processing

In any machine learning approach, the first step is data collection and pre-
processing. As weather and irrigation information came from two different
sources, sampling intervals did not match such that the information from the
weather station and the flow meter had to be compiled into one data collection.
It was performed with the advice of a domain expert/agronomist. The informa-
tion set comprising of a one-dimensional array with all the values corresponding
to the one-day input variables was prepared. Five sub-sets of information were
developed (corresponding to 2014, 2015, 2016, 2017, and 2018, with a fixed
season duration of 112 days each) and compiled in one. The data set contained
three trial plot replications for the same set of input parameters with differ-
ent amounts of water as CWR for each plot. The average of these 3 values
was taken as target and standard deviation as the range of acceptable error.
Wind direction was a categorical variable with distinct wind directions. One-
hot encoding has been implemented to transform the categorical variable into
a boolean one. The input features used in the datasets are described in Table
5.1. In this table, Julian date is the count of the number of days since Jan-
uary 1, 4713 BC. It has been used to reflect the shift in the dates of the crop

cycle.

Classification Regression
All feahures ~
Weather 1 : @
Station B
Data Feature Selaction ]
Data -Correlation based — | 7 y=1
Sat -Expert suggested J et
Past - APSIM T
Irrigation T ot ;
Fedul ¥ Logistic regressiom
Schedule Selected features Outpu
y=0

Ma irrigation Imigation
guantit

Irrigation schedule

Figure 5.1: Methodology proposed for development of a multi-level model
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Algorithm 5.1 Methodology

Input :
fw = [ TMim TMaXa DrYB; RHMaX7 RHMin7 1:{HAvg7 TSoih SHr57 Ws, WDa ET7
R, Y., E]
Output :
S [day, status, quanity]
Step 1: Data set:
i. Past weather data {Wp}
ii. Past irrigation schedule {Sp}
iii. Current weather data {W¢}
Step 2: f,, <= MappingS
Step 3: Pre-process the data to make it suitable for machine learning;
(i) Feature engineering based on auxiliary information available in the dataset
e {Jp, Dss, Sg } < Date of sowing
° DLR +~ R

D 0, ifR#0
LR CountofdayssinceR # 0, otherwise.

O{YB7DLI}<—YR
{ 0, ifYr#0
Yp =

1 =0, otherwise.

Do 0, ifYg=1
L7\ CountofdayssinceY s # 1, otherwise.

(ii) One-hot encoding on Wp,
(iii) Normalise the data between {0,1}
Step 4: Train/Test a machine learning model
for each day of the cropping season: do
Predict irrigation event
if irrigation is required then
Predict amount of water
else
No irrigation required
end if
end for
Step 5: Repeat Steps 1 - 4, k times (k-fold cross validation)

* Refer to Table 5.1

5.3.3.2 Feature selection

The next stage was the selection of features that were performed using correla-
tion. As mentioned in Section 4.3.2 of the previous chapter, Pearson Correlation
Coefficients were used to create a matrix representing the data dependencies.

A threshold of 0.75 was used to obtain a subset of features by dropping those
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Table 5.1: Data set features and its subsets

Code | Symbol | Name Parameters selected | Parameters suggested | Parameters used
based on correlation by domain expert by APSIM
Vol | Jq Julian date Yes Yes Yes
V02 | Dgg Days since start of season Yes Yes No
V03 | S¢ Stage of growth No Yes No
V04 | Tuin Maximum temperature Yes Yes Yes
V05 | Tyax Minimum temperature No Yes Yes
V06 | Dryg Dry bulb at 2:00 P.M. Yes No No
V07 | RHypax Relative humidity at 6:00 A.M. Yes Yes No
V08 | RHyjin Relative humidity at 2:00 P.M. No Yes No
V09 | RHavg Average Relative humidity No No Yes
V10 | Tson Soil temperature Yes No No
V11 | Smis Sunshine hours Yes Yes Yes
V21 | Wg Wind speed Yes Yes Yes
V13 | Wp Wind direction Yes Yes No
Vi4 | ET Evapotranspiration Yes Yes No
V15 | R Rainfall Yes Yes Yes
V16 | Drr No. of days since last rain Yes Yes No
V17 | Dyg No. of days since last irrigation Yes Yes No
VI8 | Yy Event of irrigation Yes Yes No
V19 | Y, Amount of irrigation Yes Yes Yes
V20 | E Range of acceptable error Yes Yes No

variables with values above it to ignore those having very positive and strong

co-relations (correlation-based dataset). Also, a data set (Expert suggested

dataset) containing features recommended by a domain expert (agricultural

scientist) was used.

5.3.3.3 Model selection

Classification: At first, the need for an irrigation event was assessed using

some simple classification algorithms. Here, F18 was considered to be an in-

dependent variable, and remaining (except F19 and F20) were considered as

dependent variables. Different classification models were used during the model

training, and their details are given below.

1. Logistic regression (LoR): It is a predictive analysis algorithm. It is used

to describe and explain data as a function of one or more independent

variables that can be a nominal, ordinal, interval, or ratio. It can manage

input that can either be dense or be sparse.

Support Vector Machine (SVM): An SVM is a discriminatory classifier
that defines a hyperplane. For a given labeled data set, an optimal hyper-

plane is produced by the algorithm, which is later used for new samples.

Decision Tree (DT): A DT is a flowchart in which a feature is represented

by an internal node, a decision rule by a branch, and a result by each leaf

node. The default values for the parameters lead to fully grown and un-

pruned trees. Some appropriately specific values of the model parameters
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should be set to reduce the complexity and size of the trees.

4. Random Forest (RF): A large number of individual decision trees that
operate effectively as an ensemble comprises of an RF. Each tree predicts
a class forecast; the class with the maximum number of votes becomes

the prediction.

LSTM for regression: A time-series compatible non-linear regression model
was chosen to predict the amount of water required to meet the crop demand.
LSTM is a deep learning neural network that is appropriate for use in learn-
ing from sequential information as it is robust against long-term dependency
issues. The historical aspect of data is stored inside the input vector. An input
layer, a hidden layer, and an output layer usually comprise of the architecture.
The input layer contains nodes equal to the number of input variables, and the
output layer contains only one output node. The weight vectors of the layer
connections are recalculated at every iteration of backpropagation. Here, fea-
ture F18 was disregarded, and F19 was considered as the independent variable.
Keeping the dependent variables the same, F20 gave the acceptable range of
error. Data collected by sensors is configured as an input vector containing
7-day data. The objective of the training is to correctly predict the amount
of water to be applied to the plant. Precision and loss were accumulated to
monitor the progress of the training. It has was experimentally determined
that 1000 iterations were sufficient to obtain acceptable precision. The model
matched the target’s actual values with those predicted to help optimize the

parameters.

5.3.3.4 Data splitting

In this work, both classification and regression estimators have been used to
predict the irrigation schedule for rice. The training set and testing set have
been created here by dividing the data here into 60% and 40% partitions,
respectively. Given the inherent time series-ness of the data, the training set of
data was kept in a sequence; the nested cross-validation technique was used to

perform the cross-validation.

5.3.4 Hyper-parameter optimization

Out of the various parameters used for LSTM, only five were optimized such

as number of epochs (number of iterations), batch size (number of samples in
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each iteration), activation function (defines the transformation on the input),
optimizer (responsible for governing the weights and learning rate), and dropout
rate (controls overfitting). The time complexity of an exhaustive grid search on
the limited computing resources available was reduced by adopting a stage-wise
approach. Number of epochs and batch size were optimized in one stage due
to their interdependence while the rest of the parameters were done one by

one.

5.3.5 Performance evaluation

The performance of the model can be measured in numerous ways. Their
relative suitability depends upon the considered application. The models have
been evaluated against error, correlation, and accuracy with respect to a range.
The performance of the predictive models was measured using three-fold nested

cross-validation.

5.3.5.1 For classification

1. Sensitivity: Also known as recall or true positive rate, it is the proportion
of actual positive cases that are correctly identified. In simpler words, it

is a measure of how often true were predicted as true.

TP

—_— 1
TP+ FN (5:1)

Sensitivity =
In the above equation, TP refers to True Positive, and FN refers to False

Negative.

2. Specificity: It is the proportion of actual false cases that are correctly

identified.
TN

TN+ FP

In the above equation, TN refers to True Negative, and FP refers to False

Specificity = (5.2)

Positive.

3. Area Under the Curve (AUC): The Receiver Operating Characteristic
(ROC) curve is the plot between sensitivity and 1-specificity. To change
the curve to a number, AUC is calculated. The ranges and their equivalent
interpretations are as follows: 1-0.90 = Excellent; 0.90-0.80 = Good; 0.80-
0.70 = Fair; 0.70-0.60 = Poor; 0.60-0.50 = Fail.
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4. Accuracy: The most common evaluation metric, accuracy is the number

of correct predictions made to the ratio of all the predictions made.

TP+ TN
A =—— %100 5.3
ceuracy Total Data * (5:3)

In the above equation, Total Data is the sum of TP, TN, FP, and FN.

5. F1 Score: It is a measure of accuracy that takes into account the balance

between precision and recall.

Precision x Recall

F1Score = (5.4)

*
Precision + Recall

5.3.5.2 For regression

Of the evaluation parameters described in Subsection 6, Section 3 of Chapter
4, Mean Absolute Error, Coefficient of Co-relation and accuracy w.r.t. a range

were used.

The Technique for Order of Preference by Similarity to Ideal Solution
(TOPSIS): To make a multi-criteria decision based on the multiple evaluation
parameters, TOPSIS was used to help make the correct choice. A cumulative
score and ranking of the various approaches were obtained, and the highest-

ranking was chosen as the most suitable.

5.4 Results and discussion

5.4.1 Results

In this study, a two-level ensemble model has been developed. At first, only
an LSTM was used for prediction. However, the performance of the model was
quite low. Hence, a hybrid model with an additional stage of classification to
predict the occurrence of an irrigation event was added. Once the need for
irrigation is established at the first level, then the second level method uses re-
gression to predict the amount of water needed to be applied to the crop. Since
all the classification models performed very quite well, the models were eval-
uated against precision, recall, AUC, accuracy, and F1 score. The LSTM has
been evaluated against Mean Absolute Error, coefficient of correlation between
the actual and predicted value, and accuracy with respect to a range. Three-

fold cross-validation was used to measure the robustness of the model.
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Table 5.2: Performance of LSTM neural network model

Model LSTM
Data set Expert suggested Correlation based selected
Batch | Epochs | MAE | R? | Accuracy | Topsis | Rank | MAE | R? | Accuracy | Topsis | Rank
Size Score Score
1000 20.79 | 0.16 53.27 0.04 12 20.2 0.16 52.23 0.33 11
112 750 20.84 | 0.16 53.57 0.31 8 20.63 | 0.18 50.86 0.48 9
500 21.48 | 0.17 54.46 0.60 6 21.52 | 0.18 47.32 0.62 5
250 22.45 | 0.17 52.68 0.76 3 21.56 | 0.19 45.98 0.74 3
1000 1747 | 0.23 57.79 0.28 10 18.46 | 0.2 57.59 0.42 10
7 750 18.1 0.21 59.38 0.40 7 18.21 | 0.22 54.91 0.57 6
500 17.46 | 0.22 61.61 0.69 4 19.88 | 0.2 54.02 0.69 4
250 18.63 | 0.2 56.7 0.86 1 18.08 | 0.2 56.25 0.80 1
1000 19.56 | 0.22 56.7 0.26 11 17.26 | 0.26 60.71 0.52 7
1 750 19.94 | 0.15 54.02 0.30 9 22.13 | 0.05 50.54 0.22 12
500 18.96 | 0.17 59.82 0.61 5 22.29 | 0.12 51.34 0.49 8
250 19.13 | 0.17 59.38 0.77 2 20.25 | 0.18 53.13 0.74 2
Table 5.3: Performance of classification models
Data set Evaluation Logistic Support | Decision | Random
Parameter | Regression | Vector Tree Forest
f1 score 0.97 0 0.96 0.93
Precision 0.96 0 0.95 0.88
Recall 0.85 0 0.9 0.87
Expert selected AUC 0.91 0.5 0.88 0.94
Accuracy 100 71.88 100 96.43
Topsis score 0.61 0.4 0.6 0.59
Rank 1 4 2 3
f1 score 0.93 0 0.98 0.97
Precision 0.82 0 0.81 0.82
Recall 0.89 0 0.97 0.94
Correlation based selected AUC 0.82 0.5 0.98 0.97
Accuracy 100 71.88 99.11 98.21
Topsis score 0.6 0.4 0.56 0.58
Rank 1 4 3 2

Table 5.2 shows the performance of an LSTM on an Expert selected and
correlation-based selected data set. Different batch sizes (Daily - value count
1, Weekly - value count 7 and Season length - value count 112) and different
values of epochs (i.e. 250, 500, 750 and 1000) were also optimized to find the
most satisfactory result. It was found that for both the data set, the optimum

batch size was found to be 7 with epoch size equal to 250.

In Table 5.3, we show the performance of classical machine learning models
for the classification stage of the model on two different data sets i.e. Expert
selected and correlation-based selected. Four models, namely, Logistic regres-
sion, Support Vector, Decision Tree, and Random Forest), were evaluated on
five evaluation parameters,i.e. Flscore, Precision, Recall, AUC and Accuracy.

Furthermore, TOPSIS was used to make a multi-criteria decision. Based on the
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TOPSIS score, it can be seen that for Expert selected data set, logistic regres-
sion performs best, followed by decision Tree and random forest. Whereas for
the correlation-based dataset as well, logistic Regression performs well, followed

by random forest and decision tree.

Table 5.4: Performance of Multi-level model

Model Logistic Regression with LSTM
Data set Expert selected Correlation based selected
Batch | Epochs | MAE | R? | Accuracy | Topsis | Rank | MAE | R? | Accuracy | Topsis | Rank
Size Score Score
1000 9.39 | 0.67 74.55 0.37 7 9.78 | 0.62 75.45 0.35 7
112 750 9.11 | 0.67 75.45 0.68 4 9.48 | 0.64 75.89 0.67 4
500 9.02 | 0.68 74.55 0.98 1 9.7 |0.63 75 0.97 1
250 1043 | 0.6 75.45 0.10 12 10.13 | 0.63 76.79 0.13 10
1000 10.36 | 0.58 73.21 0.33 9 9.97 | 0.61 75 0.35 8
7 750 10.63 | 0.58 75.45 0.65 6 9.61 | 0.63 76.34 0.67 5
500 10.49 | 0.57 74.55 0.86 2 10.61 | 0.59 73.66 0.92 3
250 9.85 | 0.63 74.55 0.13 11 10.1 | 0.61 75.45 0.11 11.5
1000 10.09 | 0.63 73.21 0.35 8 10.8 | 0.53 75.45 0.33 9
1 750 10.15 | 0.58 76.34 0.65 5 10.37 | 0.55 76.34 0.65 6
500 10.72 | 0.53 74.55 0.82 3 9.66 | 0.62 75.89 0.97 2
250 19.13 | 0.17 59.38 0.77 2 20.25 | 0.18 53.13 0.74 2

Combining the classification and LSTM as a multi-level model, Table 5.4 shows
the results obtained. As stated before, different batch sizes with different epochs
were used to find the optimal performance value. It was found to be a batch

size of 112 and 500 epochs. Both the data sets performed equally well.

On close examination, it can be observed that both the datasets i.e. expert
suggested as well as selection based on correlation performed equally well and
are comparable in performance. This can be indicative that both the datasets
are interchangeably usable. However, We chose the correlation-based selected
dataset for validation as the choice of input parameters is in-line with the data-

based approach.

Figure 5.2 shows that the hybrid LSTM performs well during validation. Figure
5.2(a) shows that R? increases when the model is trained on larger time-series
data. Figure 5.2(b) shows that during three-fold cross-validation, the MAE
reduces from 12.6 to 8.0 as additional data is used for training the model.
Figure 5.2(c) indicates that accuracy also improves as the model is trained on
a larger dataset. Hence, it can be concluded that as the amount of data being
used to train the model increases, the performance of the proposed approach

improves.
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Figure 5.2:

3 - Fold validation for R?
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5.4.2 Comparison with APSIM

The APSIM

tains a suite of modules that allow the simulation of systems for a variety of
plant, soil, climate, and management interactions. The APSIM irrigation mod-

ule allows the user to specify a multi-year irrigation schedule and to configure

is a tool for modeling and simulating agricultural systems. It con-
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an automatic irrigation schedule calculated based on soil moisture.

Table 5.5: Comparison of Multi-level model with APSIM for predicting the
occurrence of an irrigation event

Evaluation Parameter | Proposed approach | APSIM
Senstivity 0.79 0.43
Specificity 1 0.77
Accuracy 94.19 67.41
F1 Score 0.88 0.43

Table 5.6: Comparison of Multi-level model with APSIM for predicting the
amount of irrigation

Evaluation Parameter | Proposed approach | APSIM
Correlation 0.59 0.05
MAE 10.27 19.75
Accuracy 75.9 58.93

Table 5.5 and Table 5.6 show the performance of our proposed approach as
compared with APSIM. From Table 5.5, it can be observed that our proposed
approach performs better than APSIM on all parameters. Our approach can
correctly predict the absence of an irrigation event every single time while
predicting reasonably well the need for an irrigation event as well. Also, Table
5.6 shows similar results. Our proposed technique is better at predicting the
irrigation quantities closer to the original value than APSIM. This may be
because APSIM, while capable of predicting irrigation schedules for subsurface
drip-irrigated crops, does not self learn from the data. It instead runs on
predefined set rules of irrigation scheduling. Since our approach is based on
learning from field data, it is capable of capturing the interaction between the
independent variables better and hence perform well in predicting the irrigation

schedule.

5.4.3 Discussion

For machine learning approaches, it is important to compare the results of
one with the other to find the most appropriate approach. There are various
ways to do this, both for classification and regression problems. Some stan-
dard classification evaluation parameters are the confusion matrix, F1 Score,
Sensitivity, Specificity, and Accuracy. For regression, the standard evaluation

parameters used are correlation between Actual and predicted values, accuracy
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Figure 5.3: ROC curve for Multi-level model and APSIM

with respect to an acceptable range, and some measure of error. These have
been stated in the preceding sub-section on the comparison. However, a graph-
ical representation of the results makes it easier to understand and process the

results.

Receiver Operating Characteristic (ROC) curve is one of the most popular
graphical representation used for the evaluation of a two-class classification
problem. It is a plot between true positive rate and false positive rate as
the threshold varies from - co to oo. We can observe in Figure 5.3 that the
ROC curve of the hybridized LSTM lies above that of APSIM. Hence, it can be
concluded that for any arbitrary value of the threshold, hybrid LSTM performed
better for this dataset in terms of both false negatives and false positives than
APSIM. The diagonal line represents the performance of a trivial classifier, that

randomly allocates classes to the objects.

Figure 5.4 shows how well the respective models fit the regression values. A
diagonal line is desirable as it shows a high correlation between the actual and
the predicted values. As can be seen, LSTM with Logistic Regression performs
better than APSIM. This means that our model can predict better, not only the

frequency but also the amount of irrigation to a nearer value of the actual.
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5.5 Conclusion

The proposed approach was used to correctly predict the timing and amount of

water for an irrigation event. The classification allows for the model to know to

weather the crop requires water or not, while the regression stage calculates the

amount of water required. The logistic regression was able to predict whether

the irrigation is required or not correctly. The LSTM can estimate the required

amount of water by capturing the intrinsic variations in the observations. How-

ever, the availability of more data that not only captures the dynamic inter-

action of the input variables but also contains more number of affecting input

variables can help improve the performance of the approach.
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Chapter 6

Conclusions and scope for future work

With the increasing water scarcity in the region, particularly Indo-Gangetic
plains (IGP), agricultural production, even at the current level, might not be
sustainable. So, significant efforts are needed to conserve water by making the
best use of every drop to produce more with it. Bundling new cutting-edge
technologies such as micro-irrigation, and especially drip irrigation, coupled
with automation in water application can help to increase the application effi-
ciency and water productivity, especially in high water-consuming, cereal-based

systems.

The present study has been carried out to develop a multi-level model for
forecasting crop water demand, which may be used as an input to an automated

irrigation system to plan the efficient use of water in agriculture.

6.1 Conclusion

Earlier studies have shown that the recent advances in the development of
WSNs have introduced a new dimension into the automation of drip irrigation,
promoting the precision application of water and nutrients simultaneously. The
introduction of WSNs and Cloud-based technologies has led to an opportunity
where on-field data can be captured for analysis and learning. The previously
existing Threshold-based algorithms and fuzzy logic-based irrigation scheduling
techniques are limited to perform well in the context of the current existing
scenario. However, these are not adaptive to the rapidly changing climate
conditions. Hence, machine learning and its aides can be explored to not only
calculate the irrigation demands of various crops better but also help design
a forecasting system that is inherently adaptive to climate change. This is
ensured, as the models learn from the changing climatic parameter values and
are hence make better predictions, in this case. The availability of more data

that not only captures the dynamic interaction of the input variables but also
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contains a higher number of affecting input variables can help improve the

performance of the approach.

The performance of the experimental models is stuck at a bottleneck of about
70-75% accuracy because the enormous amount of data that is required to
train/test/validate the models is often not available in the required quantity.
Also, in many cases, the data for some influential parameters are not recorded.
Add to this the limitations of the experimental site and experiment design.
This is a field-level experiment; it has been upscaled by removing the depen-
dence on soil characteristics. An agronomist’s irrigation schedule is based on
tensiometer readings, which are a measure of soil metric potential. However,
this very parameter has been excluded during model development and has been
indirectly inference from air and soil temperature. It can be concluded that soil
parameters are a vital input to assess the crop water demand. Ignoring soil pa-
rameters can make the experiment widely applicable as weather data is more
readily available from public weather stations as compared to soil parameters,

but it reduces the forecasting accuracy.

6.2 Scope for future work

Research is an iterative and continuous procedure. The work presented in this
thesis focused on the efficient prediction of crop water demand primarily using

climatological data. Some of the suggestions for future work are:

Weather parameters are only a partial component of calculating crop water
demand. On a field level, crop parameters such as crop variety and date of
sowing are factors that influence the demand. Whereas on a broader scale,
the dependence on soil parameters and the effect of soil composition and type
cannot be ignored. Hence, data for such parameters need to be included in
the dataset for holistic model development. As future work, it is recommended
that additional information for other influencing parameters be modeled into

the approach.

Further, to optimize the permissible benefits to the users and address their le-
gitimate concerns, additional research and development efforts are required to
standardize WSN protocols and communication frequencies. The calibration
of sensors and equipment, as well as their maintenance, needs regular monitor-
ing. An approach to automate the process and alert the need for the same is

required.
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New technological advances, viz. sensor-cloud computing, big-data analytics,
and the Internet of Things (IoT), can provide flexible control mechanisms in
real-time for on-field parameters. These may be explored to develop a stan-
dardized framework for futuristic applications in automated drip irrigation sys-

tems.

Subsurface drip is laid below the surface of the soil. The evapotranspiration
(ET) component of the CWD gets reduced in this case. This research may
be extended to forecast for the crop water requirement in the subsurface drip.
This work may be extended not only to other crops but to encompass various

crop rotations as well.
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