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Abstract

Rice, the second most vital cereal crop globally, plays a crucial role in culture,
lifestyles, and ecosystem services. Despite its significance, challenges such as
industrialization, resource constraints, and climate change threaten global food security.
This study focuses on rice production in Kerala, where a sharp decline in area and
production was observed for the past 20 years and given the ongoing climate changes, this
scenario is anticipated to worsen in the future. The objective of this research was to
identify optimal management practices for rice, focusing on water and nutrient
requirements to enhance its growth and maximize production. This goal was accomplished
through a comprehensive approach involving field experiments, crop modelling, and
simulation studies. Furthermore, the investigation sought to evaluate the influence of
diverse environmental factors on rice growth and production, particularly under varying
climate scenarios. The research aims to address this issue by assessing the Crop Simulation
Model (CSM) for rice under diverse climatic scenarios and proposing sustainable
management practices, which will improve the crop and water productivity. The study
outlines seven experiments conducted from 2018 to 2023, focusing on nutrient and water
management strategies, post-harvest field management, and greenhouse gas emissions
mitigation. Results from experiments reveal the impact of different irrigation and nutrient
management strategies on rice varieties, emphasizing the importance of optimizing
practices for enhanced crop performance and resource conservation. The experiment
showed a significant 37.52% water savings through alternate wetting and drying compared
to conventional flood irrigation. Additionally, the study explores aerobic rice management
techniques as water-saving technologies, providing valuable insights into nutrient and
planting strategies in which Direct Seeding of Rice (DSR) with 125 % inorganic fertilizers
exhibited superior yield and growth characteristics. The research also delves into effective
water nutrient management practices for aerobic rice in midland lateritic soils,
emphasizing the significance of incorporating cocopeat to combat water stress.
Furthermore, experiments evaluating organic management practices showcase the
potential benefits of combining compost and Azolla for improved crop yield and soil
health. Post-harvest field management strategies are explored to mitigate greenhouse gas
emissions, with Non-Winter Flooding and Late Straw Incorporation proving effective.
Furthermore, DSSAT-CERES Rice model was calibrated and validated for aerobically

grown Uma rice cultivar with field experiment data. The study employs the Crop



Simulation Model and spatial techniques, simulate crop yield under various management
practices, projecting a decline in rice production with increasing temperatures. Also
assessed the impact of climate change on paddy farming in Kozhikode and Palakkad
districts using the temperature data from CMIP6 SSP 2-4.5 and SSP 5 -8.5 in different
models (CMCC-ESM2, EC-Earth3, EC-Earth3-Veg, and GFDL-CM4) for the future yield
prediction. The study indicates that climate change is likely to negatively impact paddy
yield with a corresponding increase in temperature. Further the study highlighted the
potential adaptation measures, such as altering sowing dates and fertilizer management. In
conclusion, this research offers valuable insights into site-specific nutrient and water
management strategies affecting rice yield and provides recommendations for sustainable
agricultural practices. The findings emphasize the need for precision farming, water-
efficient technologies, and adaptation measures to ensure food security and support

Kerala's goal of becoming carbon-neutral by 2050.
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Introduction
1. Introduction

The second most important cereal crop in the world is rice, after maize crop and
it also contributes to the enrichment of culture, lifestyles and ecosystem services. Rice
requires highly specific environmental conditions to grow and is successfully grown in
several parts of the world for numerous purposes. Asian countries are the major
contributors of rice in the globe. With 165.25 million ha of agricultural land worldwide,
502.98 MMT of rice were produced globally in 2022-2023. However, in 2021-2022,
China produced 148.99 MMT of milled rice, more than any other country. India came in
second with 129.47 MMT, followed by Bangladesh with 35.85 MMT. Around 510.3
million metric tons of milled rice were used worldwide in 2021-2022. Which, China was
by far the world's largest consumer of rice in 2021/ 22, consuming almost 155 MMT of
milled rice annually. India is ranked second after China, consumed 103.5 MMT of rice
during the same time period (apps.fas.usda.gov). Population expansion in countries like
Africa and Asia is driving future rice demand, with global demand expected to be around
584 MT or less by 2050 (Samal et al., 2022; Rezvi et al., 2023). Rice is a vital nutrition
crop for more than a fifth of the global population, this prediction might emphasise the
significance of ensuring food security. However, challenges like industrialization, crop
diversification, resource constraints, and climate change make plans crucial for food

security.

India's agriculture is the main contributor to its GDP, with agriculture and related
industries growing at a rate of 10 % annually. As the world's largest rice-growing country,
India accounts for over 40 % of food grain output and employs 70 % of rural residents
(Kumar et al., 2019). The most important rice-producing states are West Bengal, Odisha,
Uttar Pradesh, Andhra Pradesh, Punjab, Bihar, Tamil Nadu, and Chhattisgarh. However,
rice yields differ significantly across India. Even in districts with high rice-growing land,
yields are low, which drags down the national average (DoES, 2023). This is the root cause
of the country's low productivity especially compared with countries like China

(Surendran et al., 2021).
1.1. Challenges faced by Kerala rice production

Kerala has a humid tropical climate with heavy rainfall, high humidity, and
abundant sunshine. It is divided into three topography zones: Western Ghat highland,

coastal lowland, and midland zone. The state's diverse agro-ecological conditions make it
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easy to cultivate a variety of crops, from semi-arid to temperate. However, the majority of
crops' production is trending lower, making the state's agriculture productivity problem

complicated and influenced by a variety of variables.

Rice cultivation stands as a cornerstone of agricultural practices in the Indian
state of Kerala, playing a pivotal role in ensuring food security and livelihoods for a
significant portion of the population. Kerala ranked as the 18 largest producer of paddy
in India. The production and area of rice have been declining consistently over the last
several years. In Kerala, 8.76 lakh ha of paddy cultivated land in 1980-81 was reduced to
1.95 lakh ha in 2021-22. During 1980-81, 1.29 MT was the rice production whereas today,
2021-2022, it is 562097 ton (DoES, 2023). Kerala state with a low base in food production
is facing serious challenges in retaining even this meagre area. Since the mid-1970s,
Kerala's agricultural economy has been undergoing structural change. A significant
amount of the region's traditional crop-land, which was used for subsistence crops like
tapioca and rice, has been converted to more lucrative plantations and crops like bananas.

(spb.kerala.gov.in).

Kerala's economy is primarily agricultural due to abundant water resources,
rainfall, and terrain. However, irregular rainfall distribution results in a long dry spell and
moisture stress, hindering productivity (Varadan, 1996; Surendran et al., 2015, 2019;
Chaturvedi et al., 2019). The soil type is predominantly laterite, with large-particle and
low-water-holding gravel soils due to loss of organic matter and fine-textured topsoil. This,
along with the soil’s poor water-holding capacity, makes soil moisture stress- a key barrier
to increased productivity in the State. The State's low irrigation efficiency is largely due to
the lack of location-specific scientific data on crop irrigation scheduling, which should be
based on soil types and agro-ecological environments (Raine et al., 2007; Surendran et al.,

2015; Yohannes et al., 2019).

Climate change is acknowledged as one of the most important concerns confronting
humanity today. Anthropogenic activities have caused an increase in atmospheric CO>
concentration from 280 ppm in pre-industrial times to approximately 400 ppm and is
increasing at a rate of roughly 2 ppm/ year, with the mean global temperature rising by 0.8
°C since 1880 and potentially 5-7 °C by 2100 (IPCC, 2007a, b; WMO 2008; Hashimoto,
2019; Hamza et al., 2020; Dong et al., 2024). Kerala also experienced a significant increase

in temperature between 1956 and 2004, with a maximum temperature of 0.64 °C and a
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minimum of 0.23 °C (Surendran et al., 2014). The annual average temperature increased
by 0.44 °C. This tendency was also observed at the Centre for Water Resources
Development and Management in Kozhikode between 1983 and 2010 (Joseph et al. 2011;
Jayakumar et al., 2016; Surendran et al., 2017).

Greenhouse gas (GHG) emissions have as well, increased since 2000 (Le Quéré et al.,
2013), despite efforts to curb them. To mitigate this, large-scale deployment of negative
emissions technologies is being considered, with soil carbon sequestration having a global
mitigation potential of 4.8 Gt CO»-eq in 2030 (Smith et al., 2013; Riahi et al. 2015; Singh,
et al., 2023). Methane, a significant greenhouse gas, contributes to global warming by 20
% since pre-industrial times. Rice cultivation, mainly due to water and straw management,
is a major source of agricultural CH4 emissions (Kirschke et al., 2013; Saunois et al., 2016;
Martinez-Eixarch et al., 2018, 2021; Dutta et al., 2022). Apart from growing season rice
management, post-harvest rice field management is also crucial in GHG emission control.
However, the works on similar lines are very few and need more research for a clear
understanding of the GHG emission from paddy fields. So, the combination of changing
climate patterns and increasing agricultural demand presents challenges for sustaining rice

productivity.
1.2. Crop Simulation Models

Climate change has been predicted to impact the productivity of some crops, such
as rice, wheat, maize, sorghum, and mustard, while others, like potato, soybean, and
coconut, are projected to gain (Pathak et al., 2003; Kumar & Aggarwal, 2013; Kumar et
al., 2013; Surendran et al., 2014; Jayakumar et al., 2017; Kingra et al., 2019; Marcinkowski
& Piniewski, 2024). Adaptation is necessary to maximize the benefits of climate change
in specific areas while minimizing its negative effects (Saeed et al., 2023). Crop simulation
models (CSMs) are crucial for managing agricultural resources. A model is a computer-
based program that simulates crop growth and development based on soil, weather, and
crop management variables. It helps in understanding and improving the system's

performance (Abimbola et al., 2022).

CSMs have been used for over 40 years to study crop systems, but few studies in
upland Kerala use them to manage crops. Field research in Kerala mostly empirical and
site-specific, with no active aid from agricultural system models. Integrating system

models with field research will make it easier to interpret results and eliminate knowledge
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gaps. As climate change accelerates, the impact on agriculture is becoming more
pronounced, with altered precipitation patterns, temperature extremes, and unpredictable
events. CSMs provide a predictive framework to assess water availability, nutrient
dynamics, and rice growth under diverse scenarios, helping identify the most promising

input combinations and sustain production systems.
1.3. Research problem

The area and production of any crop are determined by a variety of factors such
as land fertility, irrigation, fertilizer application, climate charges, marketing facilities and
the availability of agricultural labourers. The reduction in productivity of crops and its
effects are very crucial and need to pay attention to how climate changes in Kerala affect
plant growth and development and the impact of different post-harvest rice field
management and GHG emissions from these paddy fields towards these changing

environments.

The majority of studies attempting to measure the advantages of drought and
nutrient stress on agriculture and the environment have concentrated on arid and semi-arid
regions, where irrigation is crucial to output and water supply is becoming more scarce
and costly. The reasoning behind drought and nutrient needs, however, must be carefully
considered in humid tropical environments where rainfall plays a significant role in crop
evapotranspiration requirements. This is especially true when considering the potential
savings on water and energy that could result from using a different scheduling strategy.
Hence such a study is required to optimize the water and nutrient inputs for obtaining
maximum productivity and less damage to the environment in changing climatic scenarios.
The validated crop simulation models (CMS) will help in identifying the best management
strategies to maximize production sustainably and GIS and remote sensing coupled with
modelling tools are indispensable for assessing, monitoring, and managing rice cultivation
in the context of climate change. With this background, the present work has been chosen
for the PhD research program to assess the CSM for rice under different climatic scenarios

and suggest better management practices to achieve sustainable rice production.
1.4. Objectives

The objectives of the current study are to contribute to an understanding of the

effects of different climate scenarios on the rice and how they deal or adapt with it.
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Establish nutrient and water recommendations for rice using field experiments and

crop simulation model.

To quantify the impact of weather, soil and water on the changes in rice growth

and yield parameters using sensitivity analysis of the simulation model.

To predict the rice productivity for future climate scenarios and suggest Best
Management Practices (BMPs) for improving the productivity under different

climatic scenarios.
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2. Review of Literature

2.1. Rice cultivation and its status

Rice (Oryza sativa L.) is important grain crop that is grown all over the world,
feeding more than half of the population. The majority of Keralites eat rice as their basic
cuisine. Due to the population explosion, by 2035 and 2050 global demand for rice
production will increases by 26 % and 50 % respectively. The global food demands and
extreme climate events are likely to reduce crop yield including rice production which in
turn threatens food security (Alauddin et al., 2020, Surendran et al., 2021). This will
negatively impact the livelihood of Asians, especially in Kerala, India since rice is their
principal food crop. Aside from this, there are numerous constraints involved with rice
cultivation, namely a huge water demand (1000-2000 mm) for puddling and maintaining
continuous flooding (Surendran et al., 2021), soil quality loss, yield loss, higher labor
inputs, and overdosage of agrochemicals have made it expensive for several farmers,
particularly small farmers. India's population will exceed 1400 million by the year 2025.
Then they will require 300 million ton of food grain, compared with about 200 million ton
today. So, food security has been a major worry for India. Water shortage, climatic
changes, environmental calamities, and low soil fertility will all contribute to a far worse
condition in the result, increasing crop productivity has become India's primary goal, and
farmers are using surplus water and chemicals to achieve so (Jayakumar et al., 2023) To
attaining maximum crop growth and grain yield farmers frequently apply excess nitrogen
(N) fertilizers (E.g.: Urea) and water than the optimum requirement. The extra water does
not benefit the plant since it percolates or runs off the field. However, excessive use of
fertilizers reduces soil fertility and disturbs soil texture in the long run. The technique of
application, as well as the appropriate management of agrochemicals, is very vital to
acquire the intended results without causing an environmental population (Jayakumar et
al., 2023). Furthermore, persistent production of rice, frequently under poor soil and crop
management techniques, results in loss of soil fertility, indicating multi-nutrient deficits

(Dwivedi et al., 2012).
2.1.1. Importance of rice cultivation
One of the essential elements of a healthy diet is cereal. Moreover, 40 % of the

world's population considers rice to be a dependable food source, making it one of the
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most popular cereals in the world. More than any other cereal, rice provides a good source
of carbs, iron, calcium, thiamine, and vitamin E. Nearly 35 % of the energy and 28 % of
the protein in rice. Additionally, those who consume rice in their diet receive nutrients and
dietary fibre from it. The top two rice-producing nations are China and India, and Asian
nations account for 90% of the world's rice production. In India, rice is grown on 44.5
million ha of land, yielding 172.6 million tons of rice. Rice cultivation employs nearly 70

% of the rural population. At present India is cultivating more than 4000 cultivars of rice.

2.1.2. Rice Cultivation in India

In India rice has been grown under different agro-climatic region which varies in
altitude and climate. It has been found adapted to the high mountainous regions and also
to the below sea level regions. The average temperature required for rice cultivation is 21
to 37 °C and is suitable in the region with an annual rainfall of 150-300 cm. As a result,
rice growing seasons vary across India, depending on temperature, soil, precipitation,
water availability, and other factors. While in southern and eastern regions of the country,
climatic conditions were found favourable hence rice cultivation can be carried out
throughout the year. Autumn, winter, and summer are the three main growing seasons for
rice in India, and these seasons are categorized according to when the crop is harvested.
The precise window of sowing varies between Indian states and is largely influenced by
weather (monsoon-rainfall) or the water from irrigation projects. Yield is also influenced
by the period of sowing, the variety used, and other factors. Similar names for the seasons
are given locally in accordance with local customs and culture. For example, the autumn
rice crop is referred to as "Bhadai" in Bihar, "Virippu" in Kerala, "Aus" in West Bengal,
"Beali" in Orissa, "Kuruvai/ kar/ Sornavari" in Tamil Nadu, and "Ahu" in Assam
(Surendran et al., 2021). Kharif is the main growing season in the country. Rice is grown
under rainfed conditions and irrigated conditions. Irrigated rice covers roughly 22 million
ha of the country's total rice production area. Rainfed conditions consist of both upland
and lowland rice production (Singh, 2009).

The top three rice-producing states in India as of 2020-21 is mentioned below:
West Bengal, Uttar Pradesh, Andhra Pradesh and Punjab. These three states provide about
36 % of India's total rice production. Thirteen percent of India's total rice production came
from West Bengal. Of the rice produced in India, Uttar Pradesh produced 12.81 % of it
(FAOSTAT, 2022; www.statista.com).

12
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2.1.3. Rice Cultivation in Kerala

One of the attractive features of Kerala state is its luxurious green paddy field, even
though the area under rice cultivation is reducing since the 1980s. However now rice
occupies the third position when compared with other crops regarding area under
cultivation, first two positions are handled by coconut and rubber (Thomas, 2011). Major
rice-producing districts of Kerala are Palakkad and Alappuzha, the former is considered
as the “Rice bowl of Kerala”. In Alappuzha, Kuttanad which is gifted with a large system
of backwaters supports rice production.

In many regions of Kerala, rice cultivation has been carried out in such a manner
that enriches certain geographical and ecological features of those regions e.g. kaipad
fields, pokkali fields, kole fields etc. In Kerala rice productivity is less i.e. nearly 2790 kg
ha! but higher than the Indian average (2424 kg ha'!). In Kerala, the paddy area decreased
from 8.7 lakh ha in 1975-1976 to 2.05 lakh ha in 2020-21. Paddy production fell from
13.31 lakh ton to 6.3 lakh ton during that time. When the state produced 4.3 lakh ton of
paddy in 201617, production reached its lowest point. From 1587 kg ha™! in 1980-81 to
3091 kg ha™! in 202021, paddy production grew (DoES, 2023). However, the sharp drop
in the area covered by paddy and the subsequent production decline cancels out the
increase in productivity. Along with several environmental and ecological issues, the
decrease in rice-growing land and the ensuing decrease in paddy yield have contributed to
Kerala's problem of food insecurity. A large range of goods and services are directly and
indirectly provided by the environment of the rice-growing agricultural wetland. Paddy
field conversion has a lot of negative social, economic, and environmental effects.
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Fig.2.1. Paddy area of cultivation in Kerala during 1985 to 2022
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Fig.2.2. Paddy production and productivity of Kerala during 1985 to 2022

The diagrammatic representation of area, production, and productivity of paddy
during 1985 to 2022 is given (Fig.2.1 & Fig.2.2). The area under cultivation reached the
highest level in 1985-86, i.e. 6.78 lakh ha. The lowest figure was noted in the year 2016-
17, i.e. 1.71 lakh ha. Highest production was achieved in 1985-86, i.e. 11.73 lakh ton and
the lowest level in 2016-17, 1.e.4.36 lakh ton. Productivity is achieved the highest during
2021-22 (3091 kg ha'!) and lowest values in 2006-07 (1800 kg ha'!).

Kerala's paddy production has steadily decreased since the 1980s. Kerala's
economic, ecological, and social development has been significantly impacted by the steep
decline in the state's paddy-growing area and rice production. However, there have been
encouraging signs of a rebound in Kerala's rice production over the past five years. Kerala's
Department of Agriculture Development and Farmers' Welfare is implementing a rice
development program with an outlay of ¥ 9510 lakh for 2023-24. The program includes
input assistance for sustainable rice development, support for group farming activities, and
royalty to paddy landowners. It also includes soil and root health management and
productivity improvement, area expansion, Registered Seed Growers Programme, Seed
Village Programme, Operation Double Kole, and group farming activities. The department
also has other schemes to promote agriculture in Kerala, such as farm plan-based
production, vegetable development, coconut development, spices, supply chain

development, state crop insurance schemes, and more (keralaagriculture.gov.in;
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keralaagriculture.gov.in; spb.kerala.gov.in; www.indiatoday.in). Paddy farmers all around

the state are now showing a renewed sense of purpose and zeal.
2.2. Water management strategies in rice cultivation

Agriculture depends on a climate and any change in that alters crop productivity.
Climate change situations include higher temperatures, precipitation changes, and higher
atmospheric CO2 concentrations (Nazir et al., 2020). Elevated C0O. accelerated rice
development, increased leaf photosynthesis activity by 30-70 per cent and crop yield by
15-30 per cent, depending on its environment and genetic makeup and its environment.
Under optimum temperature conditions, a significant increment in grain yield can be
observed in those COz-responsive rice varieties. However, higher temperatures would
lower the yield and quality of rice. Spikelet sterility is caused by heat waves beyond certain
temperature/ humidity thresholds. Grain yield decreased by 10 % for every 1 °C increase
in growing-season lowest temperature in the dry season, but the effect of maximum
temperature on crop yield was minimal. Hence, increasing temperatures shorten the
growth season, which results to decreasing yields, whereas elevated CO, promotes
enhanced yields (Erda et al., 2005). As a result, we must research water-saving methods

to combat the effects of climate change and engage in more sustainable rice growing.
2.2.1. Water Requirement of Rice

The seasonal water consumption of rice fields includes water used for land
preparation as well as water required to compensate for crop growth losses due to
seepage, evaporation, transpiration, and percolation. The majority of the water sprayed
during crop development is not used immediately for transpiration and so considered lost
from fields (Dhinesh et al., 2019). Typically, water input for rice varies between 660 to
5280 mm depending on the environmental factors, growth season, growing period length
of the growing period, climatic conditions, soil type, and hydrological parameters
(Tripathi, 1996; Gupta et al., 2002; Tuong & Bouman, 2003; Surendran et al., 2021).
According to soil type and its texture, seasonal water input to rice in India was found to be
ranging from 1566 mm to 2262 mm, in clay loam soil and sandy loam soil respectively,
with variations due to significant percolation losses. In Kerala, the total annual water
demand for rice ranged between 852 to 2362 mm. In rice production, the ET normally
varies from 35 to 50 % of the total water requirement, depending on the type and length

of the growing season. For instance, in the Thrissur District, the Triveni rice variety
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experienced 7.42 mm per day of evapotranspiration and 17.15 mm per day of percolation,

resulting in a total seasonal water loss (Chirayath et al., 1998).

The increased water input in rice is mainly due to water requirements for land
preparation and puddling, and the seepage and deep percolation losses (to groundwater)
associated with continuous flooding. Depending on the soil type and water table, seepage
and percolation losses might range between 25 % and 85 % of total water input (Cabangon
et al., 2001; Dong et al., 2004). At the field level, a farmer's losses from seepage and
percolation are frequently genuine, but at the basin scale, those losses are typically less
significant because some water is reclaimed and used downstream (Kumar & Ladha, 2011;

Li, et al., 2023; Huber et al., 2023).

The traditional flooding system is extremely productive and inhibits weed
development, but it requires a large amount of water (Nawaz et al., 2019; Bhatt et al.,
2019). It will be necessary to manage non reusable resources carefully in order to combat
the effects of climate change on agriculture sector. India will need to take action at every
possible level to address how climate change is affecting agricultural and food production

(Bhattacharya, 2018; Roy et al., 2024).

2.2.2. Water saving technologies for rice cultivation

The agricultural sector is one of the largest consumers of water but water use in
agriculture is often highly inefficient because only a fraction of the water is diverted for
plant growth. Whereas the rest is drained or lost through evapotranspiration (ET). The
exponential growth of World’s population directly demands more food and thus the
agricultural requirement of water for irrigation is increasing. Simultaneously, there is less
and less water that is of sufficient quality. Thus, the only choice is to produce more while
using less water. Water-saving methods in agriculture are becoming increasingly
significant and widespread. However, diverse approaches to water conservation include
proper irrigation scheduling, effective irrigation practices, and the use of alternate water
sources for irrigation. It should be emphasized that enhancing water efficiency frequently
brings benefits that go far beyond reduced water consumption.

Irrigation is required when plants cannot meet their water requirements through
natural precipitation. Thus, an ideal irrigation effort seeks to cover the difference between
a crop's actual water needs and what it can absorb through natural means. It is affected by
all meteorological and soil conditions and cultivated plant types. Irrigation practices are

important aspects in determining the efficiency and effectiveness of irrigation. Crops have
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different daily water requirements and growth periods. Furthermore, crop type has a
significant impact on irrigational water requirements. Furthermore, local climate and soil
conditions influence crop water availability, often known as physiological dryness. It helps
to minimize or lessen occurrences of crop irrigation with too little or too much water. The
optimal amount of water is accessible to the plants when they need it due to careful

irrigation scheduling that manages the soil reservoir (Shaw et al., 2023).

Rice may be effectively cultivated with less water by utilizing resource
conservation technology (Umesh et al., 2017; Bhatt et al., 2019; Ishfaq et al., 2020) and
the non-conventional rice cultivation methods help in yield enhancement and water-
saving. Several water-saving technologies have been tested and distributed to improve rice

output, including (Zhang et al., 2020a):

a. Direct seeded rice (DSR)

b. Alternate wetting and drying (AWD)

c. Aerobic rice

d. System of rice intensification (SRI)

e. Saturated soil culture

f.  Raised-bed systems

g.  System of ground cover rice

h. Combining shallow water depth with wetting and drying

— e

Transplanting in non-puddled soil
J. Non-flooded mulching cultivation
k. Intermittent dry spells

I.  Semi-dry cultivation

DSR and AWD are attractive options among water-saving techniques and are
practiced in various parts of the globe (Farooq et al., 2011). Nonetheless, because of
increased water inputs and fluctuating fertilizer supplies in light-textured soils, DSR and
AWD have not proven effective. (Chakraborty et al., 2017). Adoption of mild/ safe-AWD
reduces total water inputs while maintaining grain output, whereas severe-AWD reduces
total water inputs but reduces yield. Implementing AWD alone is insufficient to maximize
benefits; instead, an integrated approach is necessary to improve resource efficiency and
overall profitability in the farming industry. These difficulties necessitate site-specific

technology and extension work to modify farmer perception, integrated weed management
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strategies for weed control, and use of all resources according to soil type and farm
condition (Ishfaq et al., 2020). The AWD system has the ability to save 23-33 % of water
(Carrijo et al., 2017).

Implementation of water-saving techniques in rice not only enhances paddy output
but also promotes carbon sequestration, aids in resource conservation, and reduces
greenhouse gas emissions (Yang et al., 2017). Climate scenarios significantly affect rice
yield. Even with long-term overfertilization, unfavourable climates will lower yields in the
future. The proposed water and carbon management strategy for paddy fields balances
water conservation, maintains soil organic carbon (SOC) and steady rice production, and

balances water use with the use of adequate organic fertilizer (Jiang et al.,2021).

As a key adaptation strategy to sustain rice production in China, the changing
sowing date has been considered. However, it remains unclear to what degree it can lessen
the adverse impact of climate change on yield and whether further irrigation is needed.
Average yield losses will be effectively compensated when the optimized sowing date is
applied. To accomplish these, the rice-sowing date will be extended back by up to 54 days,
and an average of 17.8-23.4 % more fresh water will be required in future periods to meet
rice growth water requirements. Farmers in Chinese rice production zones will have
limited sowing windows by the end of the century as heat events become more frequent.
This study reveals that appropriate irrigation and adjustments to sowing dates may

alleviate the harmful climate effect on China's rice production (Ding et al., 2020).

Kavitha et al. (2020) studied on SRI technique in India which results in higher
grain yield (17 %) coupled with substantial water saving (29 %) resulting in higher Water
Use Efficiency (7.7 kg ha™! mm). This approach also benefitted with higher gross income,
net profit and benefit cost ratio were also associated. Das et al. (2017) conducted a study
on the modified system of rice intensification, Average rice productivity rose by 39 %,
while employment and net returns grew by 15 % and 61 %, respectively. Water
consumption efficiency improved by 12 %, but water productivity increased by 59 %. In
another study higher rice grain yield up to 55 % was obtained with SRI (Nirmala et al.,
2021), compared to the conventional transplanting method. The overall cost of producing
rice decreased by 22.71 %. (Nirmala et al., 2021). Lowest GHG emissions of 0.280 kg
CO:z e kg'! rice grain. Akondo et al. (2020) and Mishra et al. (2021) also practiced SRI and

found better performance in terms of yield-contributing characteristics than conventional
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cultivation methods in Bangladesh and Cambodia, Laos, Thailand, and Vietnam

respectively.

In an experiment on aerobic rice cultivation in Australia, Silwal et al. (2020) found
that a higher leaf area index, fertile spikelets, and immediate water use efficiency during
flowering all contributed to an increase in yield. According to Liu et al. (2019), aerobic
lowland rice cultivars could produce a higher yield than the upland rice cultivars currently
grown under aerobic conditions. The most vulnerable stage of the rice panicle to water
stress was the aerobic phase, which caused a significant drop in yield for several kinds.
According to Zaman et al. (2018), MR253 rice generated more panicles and more yield
when grown in an aerobic environment. In comparison to continuous flooding or any other
irrigation regime, rice productivity, water productivity, and N use efficiency were all

increased in aerobic systems (de Borja Reis et al., 2018).

The current water-saving irrigation method places a strong emphasis on innovative
technology, but the scientific selection of irrigation and drainage modes has been
hampered by the lack of research on the possibility of lower output (Sruthi & Surendran,
2023). Although several studies have demonstrated that it is possible to generate good
yields while conserving water, farmers lack the necessary information for these methods.
A certain amount of yield reduction is possible since several indices, including soil
moisture content, soil suction, and other factors, are not properly managed. This is
particularly true when determining the lower limit of irrigation. Raising the depth of
rainwater after a downpour can lower water consumption under the mode of water storage
and controlled irrigation, but it may also result in crop lodging and decreased production

(Zhang et al., 2020a).
2.3. Pre and post scenario of the green revolution

After the green revolution, the productivity and yield of crops increased
tremendously. This was achieved by replacing the traditional varieties by genetically
improved high-yielding and stress-resistant varieties and incorporating synthetic
chemicals (fertilizer, pesticide, weedicide etc.). These genetically amended varieties of
cereals had 20 % more grain yield than their former cultivars and were more receptive to
synthetic chemicals, especially to N fertilizers (Makino, 2021). Additionally, the cropping

intensity was also increased to 2-3 cropping seasons per year due to the short crop duration.
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For instance, rice cultivars released during the green revolution, IR-8 and IR-72 required
130 days and 100 days to mature, while conventional rice cultivars took 150-180 days
(Davies, 2003; Buresh et al., 2021). Consequently, the production of cereals also hiked by
174 % during 1950-1990 whereas the population expanded by 110 % globally (Otero &
Pechlaner, 2008; Hossain et al., 2021). Hence, during this period (1960 to1985), the total
food production and yield were doubled, and it has had a positive impact on food security
and financial stability in many developing nations including India (Conway, 2019) and

with the help of green revolution nations enabled to feed their increasing population.
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Fig.2.3. World-wide production of rice, maize and wheat

Indian agriculture did not undergo any technological advances in agricultural
practices for several millennia before green revolution. The seeds that farmers grew had a
genetic makeup that dates back thousands of years. Other technologies used in agriculture
included wooden ploughs, waterwheels, and bullock carts, as well as agricultural
operations powered by the energy of humans and animals. As a result, post-independence,
from 1947 to 1965, the agricultural sector's inability to satisfy India's needs negatively
impacted the development of the industrial sector. India was on the edge of a severe famine
in the middle of the 1960s due to droughts, a lack of suitable technological advancement,
and inadequate land reforms. Thus, such a situation was overcome with the support green
revolution (Davies, 2003; Pathak et al., 2022). The usage of high yielding varieties (HY Vs)
of wheat and rice as well as the adoption of new agricultural practices collectively uplifted
the growth rate of food grain output and climbed from 2.4 per cent annually before 1965

to 3.5 per cent after 1965 (FAO, 2019). The practices of using HY'V with various chemicals
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and machinery together termed "High-yielding variety technology". However, the results
of the green revolution reached their maximum efficiency and vigorous usage of fertilizers
reduces the fertility of the soil. Hence, World food production reached a point where
further improvement is not possible (Fig.2.3) with existing methods. New areas of research

and technologies need to be identified to overcome this situation.
2.4. Traditional agronomic research and its limitations

Traditional agronomic research, such as field trials, has been and continues to be a
credible source of information for demonstrating causal links between agricultural land
management practices and observable measures in the real world (Durr et al., 2016; Liang
et al., 2016). Traditional agronomic research methodologies, on the other hand, are
becoming insufficient to meet the rate at which data is needed to drive policies and
decision-making processes. Old-style agronomic research needs several trials of lab/ pot
experiments followed by laborious field experiments. However, these experiments give
only the outcomes done at specified times and locations, resulting in season- and site-
specific results. Furthermore, these studies are labor-intensive, time-consuming, and costly
(Choruma et al., 2019) and induce delays in the data collection period. Again, testing
season- and site-specific recommendations for a large variety of factors over several
years and on multiple sites is difficult (Hoffmann et al., 2018). In order to summarize a
management recommendation for a particular crop for a state/ country, assessing the crop
behavior in different agro-ecological zones with the help of on-farm yield trials and multi-
location yield trials is needed. But experiments in the field are not always practical.
Furthermore, even when and where they are possible, such studies are frequently time and
money-consuming. It should be evident that it is difficult to examine every system on Earth
to understand the kind of interactions that species have with one another and how these

interactions affect community dynamics.

Furthermore, these trails may lack adequate spatial and temporal data to identify
appropriate and successful management techniques. Due to the shortcomings of traditional
field experiments, there is an urgent need for a tool/ method that allows for the rapid
acquisition of new data and research findings, as well as the rapid dissemination of results
to end-users in various sectors who rely on such data and results for decision-making. By

speeding up these plant—environment processes, the desired outputs and consequences will
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be available sooner, reducing the reliance on farm experiments for data (Kephe et al.,

2021).

The use of Information and Communication Technologies (ICTs) in agriculture
and food has increased in recent years. Many examples are found in the scientific literature:
wireless sensor networks used to monitor farms, irrigated areas, or weather conditions
(Wang et al., 2006; Delgado et al., 2015; Mekonnen et al., 2019) new hardware and
software developments to automate and control agricultural facilities (Voulodimos et al.,
2010; Delgado et al., 2015), CSMs, nutrient budgeting models (Surendran et al., 2016) etc.
The expansion and penetration of computer/ mobile devices has also led to the
development of several model agricultural applications(Molina-Martinez & Ruiz-Canales,

2009; Jonoski et al., 2012; Fuentes et al.,2012; Delgado et al., 2015; Emeana et al., 2020).

Understanding, assessing, and predicting crop yield outcomes under different
climate scenarios is critical, as are farm management practices geared toward adaptation
and sustainability. As a result, the information necessary for agricultural decision-making
at all levels, from farm management to adaptation measures and relief schemes, is
increasing, and a mechanism of supplying such information in comparatively shorter time
frames is needed (Kepheet al., 2021). Hence, technologies like CSMs must be developed
and used effectively to project food crop yield as a function of its abiotic components like
soil and climate conditions under diverse scenarios and time frames (Hoogenboom et al.,
2015). It is important to note that crop models cannot completely replace field experiments.
On the other, there is a growing recognition, particularly among crop modelling experts,
that good field trials, despite their scarcity, are critical for improving and testing crop
models (Porter et al., 2019). With this in mind, we examine how crop models bridge the
gap between traditional field trials and crop models. Scientists and engineers have been
evolving more process-oriented simulation models for different crops for more than 40
years. Now in this century CSMs are available for most of the world’s major crops. It is
an alternative strategy to improve the effectiveness of agronomic experimentation (Kropff
et al., 1996; Singh et al., 2005; Divya et al., 2020). With advancements in computer
technology and accessibility, they have become a more and more valuable tool for
absorbing the knowledge obtained from field research (Bowen et al., 2002). Because the
simulation is based on plant and soil processes and their response to diverse environmental
circumstances, these models emphasize process-based research (Divya et al., 2020). As a

result, the model's output is extrapolative rather than having a site-specific net effect
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(Divya et al., 2020). The initial model was developed by De Wit, 1965 by relating the
photosynthetic rate of the crop to yield and thereby predicting the yield.

2.5. Evolution of Crop Simulation Models (CSM)

A model is a schematic representation of a system's conception, an act of mimicry,
or a set of equations that reflect the behavior of a system, with the goal of assisting,
understanding, and enhancing the system's performance (Ahmad & Mahdi, 2019;
Abimbola et al., 2022) and a crop model is a computer-based programme which simulates
crop development as a function of crop management variables, soil, and weather by using
simplified representations of physical processes and predicts crop yield (Fig.2.4). Crop
production is the collection of individual plant species grown in a given area to attain an
irreversible rise in the development, size, and volume of seeds or consumables from these
plants, which are harvested for a variety of reasons. Finally, breeders can predict future
needs based on climate change by recreating the characteristics of the natural
environmental system investigated on a shorter time scale with an appropriate model (O.

Rauff & Bello, 2015).

Crop models have been proven to be significant decision-making tools for
assessing the effects of climate change and management methods on the productivity and
environmental performance of different cropping systems, promoting better and more
sustainable agriculture (Kephe et al., 2021) (Fig.2.5). These models can help you save time
and money. The prediction accuracy of simulation models is a critical component in the
decision-making process. CSMs are useful not only for predicting yield but also for
quantitative analysis. They also provide an opportunity to investigate cultivar performance
in new location before going for time-consuming and costly field experiments. Long and
costly agronomic and modelling field studies with a large number of treatments and
combinations could be pre-evaluated in seconds using tests on a desktop computer or
laptop. They offer a cheaper and quicker way to explore the effects of agricultural land
management strategies on crop production and the environment. (Choruma et al., 2019;
Kephe et al., 2021) and demonstrate the best level of management for achieving

economically efficient yields (Kadiyala et al., 2015a).

Soil, atmosphere, and plants that dwell in it interact in a complex way to form the
bio-system. A change in one element might have both positive and negative consequences.

The farmer's primary goal is to minimize the undesired while achieving the desired result.
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Among the various modelling methodologies, mathematical modelling allows one to

forecast design behaviors while keeping costs to a minimum. Agricultural systems are

essentially modified ecosystems that are extremely difficult to manage. Over the years,

various sorts of models have been developed.
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They can be divided into a number of categories or sorts, ranging from explanatory
models to empirical ones, according to their functional components and prediction systems
(Hoogenboom, 1999). In empirical models, the assessment of yield is based on direct
descriptions of observable data that are represented as regression equations. Data are
analysed using an empirical approach, and then an equation or set of equations are fitted
to the data. The mechanisms that regulate the outputs are not disclosed in these models
(Arvidsson & Hakansson, 1991; Phakamas et al., 2013). Mechanistic models, on the other
hand, describe both the correlations between meteorological variables and crop yields as
well as the mechanisms governing these interactions (Bannayan et al., 2003). Each
outcome in stochastic models has a probability element associated with it. Different
outputs are provided along with probability for each combination of inputs. These models
specify the rate-dependent state of the model variables (Etkin et al., 2015). Quantitative
descriptions of the mechanisms behind a behavior make up explanatory models. Such
models quantify each component separately before integrating them into the overall
system (Hoogenboom, 1999). The most commonly used models are the Environmental
Policy Integrated Climate (EPIC) model (Williams, 1990; Khan & Walker, 2015), CERES-
maize (Bao et al., 2017), PM Models (Boylan & Russell, 2006), CROPGRO, Decision
Support System for Agro-Technology Transfer (DSSAT) model (Ritchie & Otter-Nacke,
1985; Jones et al., 1998; Jones et al., 2003; Boote et al., 2010; Hoogenboom et al., 2015),
SALUS (Basso and Ritchie, 2015; Dzotsi et al., 2013) SORGF (Wiegand and Richardson,
1984), APSIM- Agriculture Production Systems Simulator (Keating et al., 2003a, 2003b;
Holzworth et al., 2014), CERES-pearl millet model (Santos et al., 2016), CROPSYST
(Stockle et al., 2003, 2014), CROPWAT (Smith, 1992; FAO, 2009), STICS (Brisson et
al., 2003; Bergez et al., 2014). These CSMs can incorporate soil physicochemical
properties, water, N, carbon, and phosphorus, and some models are able to include pests
and damage to some crops (Batchelor et al., 1993). Most models have been built for
specific crops and places, and they are not necessarily relevant to other regions.
(Adejuwon, 2005; Khan & Walker, 2015). Thus, it is necessary to assess the crop models'

applicability before introducing them to new areas.
2.6. Crop Simulation Models used in agriculture

Crop modelling has mostly been utilized as a decision-making tool for crop

management in conjunction with the environment and crop physiology. Given that crop
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development is impacted by environmental factors and crop management, it can be a useful
tool for management decisions aimed at improving yield. The application of CSM has been
widespread in many areas of agriculture, including generating optimum management
practices for maximizing output, responding to shifting climatic circumstances, identifying
pest management techniques, etc. This chapter covers the review of literature based on the

study that has been carried out.

Planet Earth supports a wide range of life forms, from single-celled microbes to
complex living beings and offers the necessary resources and products to create an
ecosystem capable of supporting the lives in it. Air, water, and soil are the major
components required for continuing life on earth. Any changes that occur in these systems
will directly influence the balance of life on earth. The earth and its climate kept on
changing from its origin and moulded itself suitable for life. These changes happened at a
very slow pace and took several thousand years. But now, different anthropogenic actions
accelerate climate change which threatens the entire ecosystem. In addition to this, the
ever-increasing population and its food demand worsen the situation. Hence, natural
resources that are essential for food production, such as crops, water, and nutrients, are
now under pressure (Ungureanu et al., 2020). Hence, more cautious efforts are needed in

the utilization of natural resources for us and for the future.

The world’s population is projected to rise by 2 billion people in the next 30 years,
i.e., from 7.7 billion to 9.7 billion people on the planet in 2050 (UN DESA, 2022). Hence,
the need for clean water and food leads to the concepts of food and water security. Since
agriculture is a significant freshwater user, these cropping systems must make optimal use
of the available water and other resources. Therefore, it is crucial to identify the new
practices and technologies that might increase water and nutrient usage efficiency, lead to

large water and other natural resource savings, and thus increase yield.
2.6.1. Importance of CSM

CSMs are significant in agricultural resource management and have been used
for over four decades to study, observe, and experiment with crop systems (Graves et al.,
2002; Nagamani & Mariappan, 2017). Crop growth simulation models are used to study
the links between environmental and crop productivity parameters (Adejuwon, 2005; Gul

et al., 2020). These models employ one or more arrays of differential equations throughout
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time, typically from planting to harvest, to estimate agricultural productivity as a function
of weather, soil conditions, and crop management (Murthy, 2004). The 1970s saw the
introduction of crop models and their usage in agriculture, but practitioners with varying
degrees of exposure and experience can now access a wider variety of models (Cheeroo-
Nayamuth et al., 2000). CSMs can also be utilized as DSS to evaluate the economic and
risk consequences of agricultural managing practices. According to Zhao et al. (2016), if
the models are validated using credible observed field data, the modelling approach can
yield reasonably credible results for developing agricultural land management strategies
(fig.2.6). They are critical for forecasts because they may incorporate knowledge about
specific crop physiology gathered from years of laboratory and field trials, as well as
provide an effective method of evaluating crop responses to climate change and different
management scenarios. They are modules built for specific crops within each model

(Kephe et al., 2021).

Each model contains modules designed for a particular crop; these modules can
incorporate knowledge of a crop's physiology gathered over many years from field and
laboratory experiments. They also offer a useful way to look into how crops are responding
to climate change and different management scenarios; these modules are crucial for

projections (Kephe, et al., 2021).
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Fig.2.6. Calibration and Validation of Crop simulation model
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2.6.2. Crop Simulation Models used for water and nutrient management and recent

progress

Crop growth and physiological processes are negatively impacted by water and
nutrient deficiency during the crop growth phase (Hsiao, 1973), which decreases yield
(Osakabe et al., 2014). For the proper development of crops, proper nutrition irrigation
management and scientific scheduling are necessary, and simulation models can aid with
this (Boggess & Amerling, 1983). Crop growth models are created to solve crop yield and
economic variation problems in agriculture. Researchers were able to integrate different
approaches to finding explanations to the multifaceted problem of water, nutrient, soil,
environment and crop management when farmers faced the difficult task of managing their
crops with limited water and poor soils in harsh and risky climates. Crop water and nutrient
demand are influenced by a variety of factors, including climatic conditions, topography,
lithology, soil, management practices, crop type, and so on (Rauff & Bello, 2015).
Knowing these parameters allows for the estimation of crop-nutrient-water requirements
and the establishment of best management practices. This allows researchers to
comprehend the biological behavior of Plants under various situations and to implement

effective management under these conditions to achieve the borderline yield.

Agricultural crop water and nutrient requirements can be determined locally at the
field level through site-specific management. In agricultural research, crop models are
used to test scientific hypotheses, highlight information gaps, organize data, and integrate
across various disciplines. CSMs can be used to forecast plant performance in areas where
the plant has never been grown before or in areas where the crop has not been grown under
ideal conditions (Murthy, 2004). Such applications are beneficial to regional development
and agricultural planning in nations with limited resources. It can be built with varying
degrees of intricacy. The goal of the modelling exercise determines the level of complexity
required (Chapman et al., 1993; Matthews et al., 2002; Tittonell et al., 2010). For models
aimed at yield prediction and model improvement, the top-down approach to model design

is appropriate.

The integration of a number of unrelated and opposing factors is necessary for
decision-making. In the past ten years, decision support system (DSS) technologies have
been developed to helping the decision-making process using the data through models to
solve various problems, as well as with environmental and climate change decisions. These

tools for making decisions assist the decision-maker in outlining all of the potential
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possibilities. DSS is widely used in India for agricultural management, particularly in crop
productivity. The Crop Environment Resource Synthesis (CERES) — Wheat DSS was used
to simulate wheat growth in Punjab, revealing that soil water-holding capacity affects grain
yield and water productivity. The Cropping System Model "DSSAT-CSMCERES-Wheat

4.0" was used to predict crop yield and irrigation scheduling.

Abimbola et al. (2022) conducted an experiment using a Hybrid-Maize model for
different combinations of irrigation and N nutrient management practices during 2019 and
2020. The maize variety used in this experiment was 1197-AMT. Calibrated models
showed the relationship between total received water and other six parameters which were
more sensitive to yields, namely, light use efficiency, maximum photosynthetic rate,
potential kernel filling rate, number of kernels per ear growth respiration coefficient of
grain, and observed parameter identifying the relative influence of a soil layer to uptake of
water. This was a novel multi-parameter approach for yield improvement which was
coupled with real-time information. This calibrated Hybrid-Maize model can be used for

yield prediction of management of in-season season.

Araya et al. (2021) used the DSSAT to model the effects of cropping systems and
water management strategies on the production of various crops. For five years, the
treatments involved combining various cropping (wheat, barley, and chickpea) systems
and water management techniques. Calculations were made for the yield gaps, relative
yields, and yield variations. This case study simulation demonstrated the significance of
combining crop rotations with water and soil conservation techniques to increase overall

yields and make contributions to ecological intensification.

Mao et al. (2005) found spatial patterns in crop yield, water use, and water use
related to water management with SVAT-crop growth model. Wu et al. (2006, 2008)
simulated climate effects on grain yield and water demand using WOFOST model. Yang
et al. (2006) proposed methods for increasing yield with minimal irrigation water using
DSSAT- Wheat model and Chen et al. (2010) studied water resource efficiency and
sustainable utilization in China using APSIM model (Chen et al., 2010).

The relatively recent method of nutrient recommendations is based mostly on the
crop's nutrient requirement to attain the target yield and the soil's natural nutrient supply.
The SITE-SPECIFIC NUTRIENT MANAGEMENT (SSNM) recommendations could be

developed solely or in conjunction with soil and plant analysis. According to Dass et al.
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(2014), SSNM technologies and tools can improve nitrogen use efficiency, crop
production, and crop profitability in addition to improving farm lives. APSIM, COUP,
CERES, EPIC, CROPSYST, HERMES, DAISY, FASSET, WOFOST, MONICA, and
STICS and are the popular CSMs used in nutrient management. The ability of APSIM
model to forecast nutrient availability and subsequent crop growth after the addition of
organic and inorganic sources of N and P was assessed by Probert and Dimes in 2004.
A collection of biophysical modules in the APSIM modelling framework can be

customized to simulate biological and physical processes in agricultural systems.

Adiele et al.'s (2022) experiment aimed to construct and evaluate the crop model
LINTUL-Cassava-capacity NPK's to imitate cassava biomass growth and yield under
nutrient-limited conditions. In Nigeria, research data were collected throughout two
successive growing seasons between 2016 and 2018 from several agro-ecologies.
Combining the NPK - nutrition indices allowed for the implementation of nutrient stress
in the model. Demand and supply of nutrient equivalents were then balanced to determine
nutrient uptake. This is the first tried-and-true model of the cassava process-based three
macronutrients. This study deepens our understanding of N, P, and K interactions on

cassava growth and production as well as nutrient restrictions.

GOSSYM was CSMused by Landivar et al. (1983) to examine the yield
differences between cotton plants with deeply lobed (okra-leaf) leaves and cotton plants
with regular leaves under various irrigation and N fertilization conditions. Cotton with
okra leaves often generate more fruiting sites than cotton with regular leaves. The model's
results indicated that cotton genotypes with smaller leaves would utilize the extra
carbohydrates for the growth of roots, stems, and flowers instead of increasing their leaf

area.

A comprehensive literature search was conducted in the Science Direct, Google
Scholar, PubMed and Web of Knowledge databases using the keywords ‘Crop simulation
models for water and nutrient management’ for a span of the last 10 years. The study was
chosen based on the criteria that the field experiments in water and nutrient management
conducted over the last few decades using CSM have been undertaken in a suitable
scientific manner. There were 20 articles that fit this criterion. (Table 2.1). These field
trials were mostly conducted in India, Pakistan, USA, China, Pakistan and European
countries. Most of the references focused on rice, wheat, maize, pea, potato, soyabean,

sunflower and sorghum.
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Table 2.1. Summary of different studies on water and nutrient management using crop simulation model

Review of Literature

SI. No. Model Crop Country  Output Reference
Water management
1 CERES-Rice Rice Pakistan Developed new irrigation regime with highest yield Ahmad et al., 2013a
SUBSTOR-
2 POTATO potatoes Spain Most suitable irrigation strategy in semi-arid regions Montoya et al., 2019
3 AquaCrop potatoes Denmark. Irrigation scheduling in potato production Razzaghi et al., 2017
wheat, barley, Crop rotations with soil and water conservation practices
4 CSCERO047 —barley  chickpea Ethiopia for improving overall yields and ecological intensification. Araya et al., 2021
CSM-CERES- Model using the FAO-56 PM technique performed better in
5 Maize Maize Colorado  terms of grain yield. Anothai et al., 2013
Simulate the development of peanuts, as well as soil water
6 CSM-CROPGRO Peanut Georgia content, for various irrigation regimes. Tojo Soler et al., 2013
Maximum profit and yield are different, which has Cammarano et al.,
7 CROPGRO- cotton  cotton Australia  economic and environmental implications. 2012
Model is calibrated and validated to predict for irrigation Ebrahimirad et al.,
8 CERES rice Rice Iran and different densities conditions in northern Iran 2018
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Nutrient management

10

11

12

13

14

15

16

CSM-IXIM- maize

EPIC

CERES-Rice

APSIM

CSM-CERES-Maize

OILCROP-SUN

DSSAT-CSM

CERES-Rice

Maize

Rice, Wheat, Maize

Rice

potatoes

Maize

Sunflower

Wheat and Maize

Rice

Water and Nutrient management

18

19

CERES-Rice

CERES rice

Rice, Maize

Rice

Indonesia,
Philippine,

Vietnam
China
India

Australia

China

Pakistan

China

Pakistan

India

Iran

Agronomic n efficiency increased by 42 %; site-specific

nutrient management

Bmp across different regions, cropping systems and weather
conditions of China

15 % more yield and 25 % less no3 — leaching

Prediction of yield, phenology, nutrient uptake and nutrient
leaching

Simulate soil N dynamics and predict soil organic carbon
sequestration

Identify the optimum management practices for a specific
region

Sensitivity analysis simulated grain yields to fertilizer n
application rates under various soil water conditions
Predicted high yield and monitory return of irrigated rice in

the semiarid environment

Best management practices for aerobic rice and maize
Model calibrated and validated to predict the experimental

results of irrigation and N conditions in northern Iran

Pasuquin et al., 2014

Zhang et al., 2018
Prasad & Mailapalli, 2017

Borus et al., 2018

Yang et al., 2013

Ahmad et al., 2013b

Lietal., 2015

Ahmad et al., 2011

Kadiyala et al., 2015b

Amiri et al., 2013
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2.6.3. DSS tools

The majority of DSS tools currently in use are relatively specific to specific
situations, such as when to apply a fungicide to a specific crop, when to apply the next
irrigation, or how much nitrogen fertilizer to apply to a specific crop in a specific location.
(Jones et al., 2017). In the management of water resources, numerous DSSs have been
created for irrigation scheduling of field crops. Numerous DSSs have been created in the
USA by private consultancy firms (Cahn & Johnson, 2017; Montoro et al., 2011).
CROPWAT (Smith, 1992), created by the FAO to determine the crop water requirements
of multiple crop species, for various management situations, is one well-known and well-
established DSS for irrigation scheduling. The FAO-developed crop growth model
AQUACROP (Steduto et al., 2009) predicts the yield response to water supply for field
crops (Li et al., 2018).

The CER (a consortium of irrigation administrators) in the Emilia-Romagna region
of Italy runs the web service IRRINET (Mannini et al., 2013; Gallardo et al., 2020), which
offers irrigation advice for crops of numerous vegetable species utilizing the water
balance. The Irrigation-Advisor DSS (Miras-Avalos, 2019), which is based on weather
forecasts and has recently been successfully developed for vegetable crops in the
Mediterranean coast of Spain, is able to separately assess soil evaporation and crop
transpiration. For the control of sprinkler irrigation of approximately 27 vegetable crops
in Central Europe, the Gesenheim Irrigation Scheduling was developed in Germany
(Olberz et al., 2018). IRRINET, ISS-ITAP, Irrigation advisor, IRRIX, GSEHEN, ProHo,
Hydrotech are the most relevant DSSs for irrigation management of different vegetable

crops and fruit trees

In order to help in nutrient (N) management of vegetable crops, a number of DSSs
based on simulation models have been used in Europe, including N-Expert (Feller et al.,
2011, 2015) and Azofert are DSS tools that recommend N levels (Machet et al., 2017). N-
Expert, CAL-FERT program (Incrocci et al., 2013), FertiliCalc (Villalobos et al., 2020),
and PLANET are DSS that determine fertilization schedules for N, P, and K for diverse
vegetable species. Recommendations for N are based on anticipated yield and consider
soil N supply. DSSs presently used that can determine the crop nutrient and irrigation
needs for fertigated vegetable crops are VegSyst, GesCoN, FERTIRRIGERE V2.11, and
CROPMANAGE.
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IRRIX DSS (Casadests et al., 2012) and Hydro-Tech (Todorovic et al., 2016) are
irrigation scheduling DSSs in combination with soil and plant sensors. The Spanish DSS,
Irrigation-Advisor (Ramirez-Cuesta et al., 2018) and Australia-made IrriSAT (Car et al.,
2012) are remote-sensing based irrigation management technologies. To establish the
analyses and outputs to address questions about the management of that specific farm's
biophysical and socioeconomic situation, as well as the uncertainties in those estimates,
we create a possible DSS platform that connects various models, databases, analysis, and

information synthesis tools in a user-friendly interface.
2.7. Crop simulation models used for Rice: special emphasis on DSSAT

International Benchmark Sites Network for Agrotechnology Transfer (IBSNAT)
developed a Decision Support System for Agrotechnology Transfer (DSSAT) with an
international network of scientists to enable the use of crop models in a system. The first
version of DSSAT was released in 1989 it is a group of separate applications that work
together. The development of DSSAT was initially motivated by the requirement to
integrate information on soil, weather crops and management for making better decisions
in transferring production technology from one region to other regions with different soil
and climatic conditions (IBSNAT, 1993). This Software assists users in creating databases,
comparing simulation results with observations, and deciding whether to make changes to
the models in order to increase accuracy (Uehara, 1989; Jones et al., 1998). Additionally,
tools included in DSSAT enable users to simulate crop management alternatives across
several years to evaluate the hazards related to each option (Jones et al., 2003). The current
DSSAT version is 4.6.1, which includes models of 20 crops drawn from the former
DSSAT CROPGRO and CERES models. Numerous models have been created to predict
rice growth, including the ORYZA1 model developed by Kropff et al. (1994), DSSAT
CERES-Rice model designed by Singh et al. (1993), SIMRIW model developed by Horie
etal. (1992), TRYM by Williams et al. (1994), VSM by Kobayashi (1994), RICAM by Qi
et al. (1993), a model to predict rice-weed competition by Graf et al.(1990) and InfoCrop
model by Aggarwal et al., 2006a, b. Each model has a unique set of underlying
assumptions and complexity due to its unique objective(s). ORYZA2000 and CERES-

Rice are the popularly used crop models for rice.

The APSIM model was designed to mimic different crop sequences, residue/ tillage

techniques, and field management strategies (Keating et al., 2003a). Because of its roots
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in dryland cropping applications, it was previously unable to replicate processes associated
with the long-term flooded or saturated soil conditions found in rice-based systems. To
overcome this problem, the rice crop components of the ORYZA2000 rice model were
added, and the APSIM soil water and nutrient modules were updated to include
descriptions of SOC and N dynamics under anaerobic circumstances. An eco-
physiological model known as ORYZA2000 can simulate rice growth and development
for a specified yield using different N fertilizer rates and planting density in a rice
production system. This model can be used explore the impacts of rice genotype, N
management, and their interactions on yield for optimal crop management (Yuan et al.,

2017).

The WARM rice model is utilized within the agricultural yield forecasting system
of the European Commission. The model is appropriate for forecasting rice yields on
regional, national, and international scales due to WARM's resilience and accuracy, low
input requirements, and implementation of modules for simulating biophysical phenomena

that greatly influence the year-to-year yield variance.

The DSSAT system includes the CERES-Rice generic and dynamic simulation
model (Godwin & Jones, 1991; Singh, 1994; Hoogenboom et al., 1995; Godwin & Singh,
1998; Ritchie et al., 1998; Jones et al., 2003). It includes a thorough explanation of crop
growth in ideal, nitrogen- and water-limited circumstances. Despite only being partially
explained in many papers, the concept is relatively popular (Timsina & Humphreys, 2003).
Typically, experimental data from many sites or from more than one season were used just
once to calibrate and evaluate CERES-rice. Model evaluations typically do not include any
or very few quantitative goodness-of-fit factors and are instead restricted to graphical
comparisons of simulated and measured crop growth characteristics (Bouman & van Laar,

2006).
2.7.1. Crop simulation models used for rice yield

Busato (2015) determined the essential group of input variables and verified the
simulation model (IDEF3 modelling scheme). The operational parameter prediction error
was determined to be extremely low, ranging from 2.59 % to 3.12 %, based on
measurements collected during validation. When compared to the actual practice of
harvesting a full operating width, the simulated model practiced selective harvesting at a

reduced operating width. It was discovered that harvesting at a smaller operational width
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greatly boosted capacity (up to 7 %), especially when the system performance was
constrained by the capacity of the available transport units. Su et al. (2017) integrated
developmental stage and yield prediction methods to create a support vector machine-
based open crop model (SBOCM) for rice. Models could predict the rice yield and
developmental stage for perennial simulation and one-year rice predictions within its
limits, while not being a crop physiology simulation model. Future integration with
significant social and economic elements has the potential to increase prediction precision

and applicability.

Using long-term (more than 30 years) meteorological data, Yin & Struik (2017)
examined the crop model GECROS for rice in tropical, subtropical, and temperate regions
to assess several biochemical factors for yield enhancement. All biochemical techniques
benefited crop mass production and were higher in the presence than in the absence of

drought, and under the current climate than in the climate forecasted for 2050.

Gumel’s (2017) study used the Ceres rice model v4.6.1.0 to study the seasonal
impact of temperature and rainfall on rice yield. The model accurately predicted rice yield
with an RMSPE of 8.9 % and a D- Index of 0.99. The study found that temperature
increases led to a loss in yield, while rainfall variations had both positive and negative

effects

The findings of the Jha et al. (2019) study show that averaging the simulated yield
using individual members does not ensure superior yield prediction, in contrast to the
traditional ensemble averaging strategy frequently employed in seasonal climate
forecasting. The study utilized the Cropping System Model-CERES-Rice and 28 years'
worth of daily hindcasts from the coupled forecast system model version 2 (CFSv2) SPS.
Li et al. (2020) assessed the rice yield with CERES-Rice and ORYZA crop models for two
widely grown varieties using a 34-year database in the Mississippi Delta region. Because
ORYZA used lower cardinal temperatures, CERES-Rice more accurately predicted the
length of growth than that model did. The accuracy of ORYZA was enhanced and
systematic error was decreased with a rise in base and ideal temperatures. Following that,
both models performed similarly when it came to estimating the length of the growing
season and the production of rice for most locations and years. Although CERES-Rice
projections were more responsive to years with reduced solar energy, neither model was

especially good at simulating the detrimental effects of extreme heat or cold. According to
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these findings, both models can be used to investigate the typical response of various rice
cultivars in the Mississippi Delta region for decision-support studies incorporating the

current climate scenarios.

The genetic coefficients for rice were calibrated and evaluated by Phakamas et al.
(2013) for Thailand. The new coefficient values can be used to calculate solar radiation
from air temperature data for all sites in Thailand and other Southeast Asian environments
with similar climates and successfully used to yield predictions. Jha et al. (2022) estimated
genetic coefficients of two rice genotypes in the Philippines, namely, inbred PSB Rc82
and hybrid Mestizo 20, for the model CERES-Rice for predicting best phenology and
yield, using parameter estimation methods such as Genotype Coefficient Calculator
Generalized Likelihood Uncertainty Estimation, and National Microcomputer Genetic
Association) (Noisy Monte Carlo Genetic Algorithm. When a crop model is used to test

the performance of a new rice cultivar, it is critical to estimate its genetic coefficients.
2.7.2. Crop simulation models used for water management in rice crop

Water shortage in many rice-growing locations, combined with rising global food
production demands, is driving research into enhanced water usage efficiency and
modified agricultural techniques in rice-based cropping systems. Cropping system models
that have been thoroughly validated and reflect interactions between soil water and nutrient
dynamics, crop growth, climate, and management can help in the evaluation of innovative

agricultural practices.

Confalonieri & Bocch (2005) calibrated and validated the CropSyst model for rice
growth in Northern Italy from 1989 to 2002 under flooded conditions. The model
improved yields by considering the thermal profile, which is strongly influenced by
flooding water at mid-latitudes. Confalonier et al. (2009) evaluated the WARM model for
rice growth simulation in China and Italy, demonstrating its robustness. Gaydon et al.
(2012) improved the APSIM model against various rice-based cropping systems, soil
types, management practices, crop species, varieties, and sequences. Maniruzzaman et al.
(2015) calibrated and validated the AquaCrop model for rice crop growth modelling under
different irrigation water regimes at the Bangladesh Rice Research Institute. The FAO
AquaCrop model was able to forecast rice growth and yield with acceptable accuracy
under varied water regimes. The CERES-Rice model was calibrated by Ebrahimirad et al.

(2018) in Iran's semi-Mediterranean climate during the 2014 and 2015 cropping seasons
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under various densities and water management choices. In both calibration and evaluation,

the observed and anticipated planting densities for rice exhibited good agreement.

Akinbile et al. (2020) used CROPWAT to estimate crop water requirements and
AQUACROP and CERES models were calibrated and validated for upland rice's response
to various irrigation schedules in Nigeria for two seasons 2015 and 2016. Five different
ET treatments were used on NERICA 4. Results revealed that when grain and biomass
yields were simulated about irrigation schedules, there were substantial discrepancies
between the models. While both CERES and AQUACROP somewhat overestimated
grains and biomass yields, CERES slightly underestimated the leaf area index (LAI).
While CERES had the highest grain yield accuracy, AQUACROP had the highest biomass
yield accuracy and slightly overestimated canopy cover, making it a useful tool for
calculating water needs and ET. In the simulation of rice grain and biomass yield, the

models demonstrated great performance and accuracy.

With experimental data collected over a ten-year period (2006-2015) at the
CIMMYT-BISA (Borlaug Institute for South Asia) research farm in Pusa, Bihar, Jha et
al. (2020) calibrated and validated the DSSAT CERES-Rice model and developed genetic
coefficients for the Rajendra Mahsuri rice variety. The goal of the study is to determine
the effects of water stress on crop productivity and the optimal management practices to
increase rice yield. The model showed that water stress reduced rice yield by 24 %, 33 %,
and 43 %, respectively, during the vegetative, mature, and reproductive phases. Several
optimum management strategies like transplanting date (June), crop row spacing (15-25
cm), crop residue application rate (2500 kg ha'!), and planting depth (2—4 cm) were
identified for the highest yield.

2.7.3. Crop simulation models used for nutrient management in rice crop

Aggarwal et al. (1997) used the ORYZA-1 model to investigate the yield potential
of IR72 (check cultivar) with three levels of N management: Agronomic recommendations
for high yield potential, as well as growth-rate-driven N uptake, were implemented in
breeder screening plots. The results showed that the cultivar has a high yield potential that
can be enhanced with better N management and less yield for the level of management
that breeders typically use. As a result, even if genotypes have higher yield potential traits,

they will be unable to express them due to poor nutrient management.
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Swain et al. (2007) calibrated and evaluated the CERES—Rice model for cultivar
IR 36 cultivated at Cuttack, Orissa. He predicted the phenological events accurately and
simulated yield at various levels of N and found it in close agreement with actual yield.
By using field experimental data from Kharagpur, India, Swain & Yadav (2009) calibrated
and thoroughly evaluated the crop simulation model CERES-rice for medium and long-
duration varieties. The CERES-Rice model predicted increased yield variability for the
Swarna variety compared to the IR-36 and Lalat verities under rainfed conditions in
Kharagpur, India, using the past 27 years (1974-2000) of weather data. Under ideal water
and nutrient conditions, rice grain production rose by up to 6 % with a 100ppm increase
in atmospheric CO». The yield of the IR 36 and Lalat types decreased with a 20 °C increase
in average air temperature, but the yield of the long-lasting variety increased. However,
under ideal input management conditions, the variety Swarna with superior climate change

tolerance than the medium duration varieties had the best mean yield.

For evaluating the impact of N fertilizer rates and split N fertilizer application on
rice yields grown in paddy fields that were irrigated with reclaimed wastewater, Jeong et
al. (2014) calibrated and validated the DSSAT model in Suwon, Gyeonggi-do, central
Korea. According to the findings, the ideal N fertilizer rate for paddy fields of rice that are
irrigated with reclaimed wastewater is thought to be 20 to 50 per cent less than the typical
fertilizer rate (SFR). It was shown that changing the split N fertilizer application rate was
sufficient to produce the desired rice yield and reduced the amount of N fertilizer needed

by an extra 10 to 20 kg ha™'.

Yuan et al. (2017) calibrated ORYZA (v3) model to simulate yields under different
N rates, planting densities, dynamics of crop biomass, leaf area index seasonal yield, and
seedlings per hill, using historical weather data from 1986 to 2015 but slightly over-
estimated leaf N concentration. Gaydon et al. (2012) simulated the CERES-Rice model to
sustain soil organic C and soil N-supplying capability in rice-based cropping systems. It is
demonstrated that the performance of simulations of long-term rice cropping systems with
and without the inclusion of organic inputs differs significantly, and this helps explore

sustainability concerns related to management change in rice-based cropping systems.
2.7.4. Crop simulation models used for water and nutrient managements in rice crop

Rice growth and development are simulated by Bouman & van Laar (2006) using

the ORYZA2000 model for water and N management. Lowland rice's growth and
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development are simulated using ORYZA2000 (Bouman et al., 1996) for potential
production, water, and N restrictions. It is evaluated that the crop is well protected from
pests, diseases, and weeds in each of these production scenarios and that yields are not
affected. In Bouman & van Laar (2006), data collection of five field tests with irrigated
rice was conducted at IRRI between 1991 and 1993. Even though the simulated LAI
exceeded the measured values, particularly at low N application levels, ORYZA2000 can
be utilized in the field of N fertilizer studies and to research the best N application regimes.
Future model upgrades will draw on the generated database and quantitative goodness-of-

fit parameters.

Ahmad et al. (2011) evaluated CERES-Rice's ability to simulate the growth and
development of Basmati-385 rice under irrigated conditions in Pakistan. They conducted
field trials from 2000-2001, analyzing 52 scenarios using historical weather data. The
model was found to replicate rice growth and production with an average error of 11 %
between simulated and observed yield. This strategy has proven to be an efficient way to
manage N and optimize density for high yield and financial return. It will support the

production of rice.

Amiri et al. (2013) evaluated the CERES rice model under various N and water
regimes in northern Iran during 2005- 2007. Results showed that predictions were in good
agreement with observed yields, total dry matter yields and N uptake. The CERES rice
model can be used in northern Iranian environments for studies on nitrogen and irrigation

(Darikandeh et al., 2023).

The root zone modelling approach and simulation with the HYDRUS-1D model
were used by Lama et al. (2014) to assess the potential recharge and nitrate leaching below
the root zone of rice crops. According to the verified results, 55.5 % of the applied water
percolated beneath the root zone. Volatilization, denitrification, plant uptake, and leaching
losses in the 120 cm deep soil profile were calculated as 24.0, 18.9, 109.0, and 28.5 kg N
ha'!, respectively. Nitrate discharge was equal to 23.7 % of additional fertilizer. Different
fertilizer application rates over the recommended dose were used to create various nitrate
leaching scenarios. The assessment of nitrate leaching under the root zone under various
fertilizer input situations for rice cultivated in similar hydroagro-climatic zones may be
done using these scenarios, which revealed an increasing tendency with increasing

fertilizer rates.
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Using the DSSATCERES-Rice model, Alejo (2020) evaluated the effects of
climate change on aerobic rice production. For calibration and validation, actual data from
four cropping seasons at two sites were used. Results demonstrated that DSSAT-CERES-
Rice was capable of simulating aerobic rice production accurately. Rice output was
negatively impacted by changes in seasonal rainfall and temperature, particularly during
dry seasons. By the end of the twenty-first century, crop improvements could drop from
83 % to 53 % and yield declines could rise from 150 % to 177 % as a result of climate
change. A variety of aerobic rice farm crop and nutrient management strategies, as well as
other climatic and soil variables, might be evaluated using the obtained set of genetic
coefficients. The long-term projections for aerobic rice production could serve as a guide
for decision- and policy-makers when developing long-term programs and plans for

climate change adaptation and mitigation.
2.7.5. Crop simulation models used for climatic change effects in rice crop

Saseedran et al. (2000) calibrated and validated the CERES-Rice v3 model which
accurately predicts rice production in Kerala State, India's tropical and humid
environment. When examining how climate change is affecting the state's rice
productivity, the Jaya variety is employed. The findings of this study showed that, under
the anticipated climate change scenario used for the study, an increase in rice yields (under
rainfed circumstances) is possible in the state of Kerala by the middle of the next century.
Additionally, due to the increase in temperature brought on by the buildup of greenhouse
gases in the atmosphere, crop duration was seen to be decreasing in every region in the
state. The best times to transplant rice were determined using the probability of rainfall
events calculated using ClimProb, and using the target yields predicted by the CERES-
Rice v3.0 (Saseendran et al., 1998). The best times to transplant under rainfed conditions
were between the 23™ and 26" week for more than one rice cropping system per year and

between the 26™ and 32" week for a rainfed monocrop.

Basak et al. (2010) evaluated the impact of climate change on the production of
two kinds of Boro rice using the DSSAT model. For 12 locations (districts) in Bangladesh,
the yield of the Boro rice varieties BR3 and BR14 have been simulated for the years 2008,
2030, 2050, and 2070. Due to climate change, the model projected considerable yield
losses for both kinds of boro rice; for both rice varieties, average yield reductions of over

20 % and 50 % were expected for the years 2050 and 2070, respectively. Increases in solar
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radiation and CO- concentration have been found to improve rice yield to some amount,
but their impact is not as great as that of temperature, which reduces yield when daily
temperatures rise. It has also been discovered that variations in rainfall patterns during the
growing season have an impact on rice output and water requirements. It has been
discovered that rising temperatures and sun radiation shorten the time that rice varieties
spend in physiological maturity. Additionally, model findings imply that climatic change
may make rice production more susceptible to transplanting date. The DSSAT modelling
method might be helpful for analyzing the effects of management techniques and climate

change on various rice types and other crops.

Oteng-Darko (2012) simulated the yield of rice under various climate change
scenarios in Ghana by using the CERES-rice model which was calibrated and evaluated.
Weather data of eighteen years was used to run the model. He concluded that the model
was sensitive to various weather parameters like temperature, rainfall, solar radiation and
CO» concentration and these have an effect on rice yield. An increase or decrease of
temperature by 4 °C caused a reduction in yield by 34 % when compared to the base
scenario of 2006. The CERES-Rice model in the DSSAT was used to study the impact of
climate change on rice and for further development of adaptation policies to maintain rice
production over the western zone of Tamil Nadu. From the study, it was shown that rice
yield was expected to decrease by 4 to 56 % with an increase in temperature by 1 to 5 °C
from normal during various dates of planting i.e. June 1% to July 15" (Bhuvaneswari et al.,

2014).

In order to comprehend the impact of climatic variability on rice-wheat
productivity over 5 selected areas during the previous 25-30 years and the fluctuation
observed in the Indo-Gangetic Plains, Subash & Mohan (2012) simulated rice-wheat
system yield using DSSAT-CSMv4.5. Except for Hisar, none of the sites experienced a
major shift in rainfall throughout the growth seasons for either wheat or rice. Based on a
comparison of observed and simulated rice and wheat production, it can be seen that there
is a high degree of agreement between them. This is significant at the P 0.05 level for all
sites except Samastipur. Mishra (2013) studied the spatial variability of rice and wheat
yield in the Indian Ganga Basin using DSSAT. The studies found that under projected
climate (using regional climate models) showed a decrease in the yield of rice and wheat

in the upper and middle Indian Ganga Basin during the 2011-40 periods.
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The productivity trends in rice due to climatic variability were simulated by Bemal
et al. (2013) using DSSAT for the eastern agroclimatic zone of Haryana during the period
of 1978- 2008 and compared this with the on-farm productivity. According to the results,
increasing the minimum temperature by 0.5 °C from the average (1977-2008) would have
a detrimental influence on simulated rice output, however increasing the maximum

temperature by up to 1 °C would allow for increased yield.

Nyang’Au et al. (2014) validated the DSSAT- Ceres model for rice growth during
the 2011 cropping season for IR 2793-80-1 and Basmati 370 cultivars under the System
of Rice Intensification in Mwea and Western Kenya, determined the Genetic coefficients
for rice crop and conducted sensitive analysis for irrigation schemes. According to the
study, increasing both maximum temperature and minimum temperatures has an impact
on grain yield. Increased atmospheric CO> concentration and solar radiation resulted in
increased grain yield under SRI and concluded that the Kenyan weather affects rice

productivity under SRI .

Dias, (2016) used a validated DSSAT model to forecast the rice yield for the Yala
season in the mid-centuries and a decreasing trend of yield was observed along with a
reduced growth period. The effect of altering the planting window on rice production was
simulated by Azdawiyah et al. (2016) using DSSAT under different climate conditions up
to 2080 year. The meteorological data was generated from PRECIS by Malaysian
Meteorological Services. To analyze the effects of weather trends on yield, the calibrated
model predicted the yield output under the expected weather circumstances. The results
showed that seasonal total rainfall and daily sun radiation averages have the biggest effects
on annual crop production. The findings indicate that altering the planting date enhanced
rice production during the major season, however shifting the planting date lowered rice

production during the off-season.

Ray, (2018) studied the effect of changing climate on the yield of the Swarna rice
variety through sensitivity analysis in the CERES rice model in the Keonjhar district of
Odisha and it was found that an increase in both maximum temperature and minimum
temperature has a negative impact on the yield of rice. Kant et al. (2018) experimented
with three rice varieties CAU-R1, Shahsarang-1 and Lumpnah-1 at Umiam, Meghalaya
and concluded that the DSSAT- CERES rice model can be used for predicting the yield of

the varieties considered under the study, even then calibration may be done for close
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prediction of yield and phenophases. It was found that the model successfully predicted
yield at different levels of nitrogen. Chaudhari et al. (2019) studied in the south Gujarat
region where they evaluated the impact of temperature and CO; on rice growth and yield
using DSSAT. He observed that a rise in temperature by 1-2 °C leads to a reduction in
yield by 3.25 % to -9.47 % while a decrease in temperature by 1 to 2 °C leads to an increase
in yield by 5.93 %. Islam, (2021) conducted an experiment to study the DSSAT-CERES
rice model simulation of upland rice yield under different temperatures. Results showed
that a moderate temperature of 28 °C gave the highest simulated yield while a maximum

temperature of 32 °C gave the least simulated yield.
2.7.6. Crop Simulation Model Limitations

Despite the advancement of a few irrigation technologies, both GIS-based and
without integration with GIS, remote sensing, and yield mapping, are not popular among
farmers and irrigation specialists due to the complexity involved in numerous parameters
and temporal data. Running point-based crop models at limited range within a field is one
way to get around spatial resolution, as is using geospatial technologies to apply models
to regions with similar plant responses. Analyzing the geographical and temporal patterns
of vegetation indices with the help of Unmanned Aerial Vehicles (UAVs) enables the
collection of timely information on soil and crop variability (Ehmke, 2013; Lu et al.,
2022a). With this data with yield mapping analyses, crop models may be built to identify
regions of the field that are stable through time and space. As a result, new sensors,
communication technologies, and algorithms for providing geographical inputs for
precision farming, as well as statistical and model-based analyses, are assisting in
overcoming the barrier of spatially variable data availability. Furthermore, most models
are unable to predict changes in climate variability on a local scale, as well as the frequency
of extreme occurrences such as storms and droughts. Despite the fact that changes in
climatic variability, such as increases in the frequency of drought and storms, could have
a large impact on crop yields, GCMs have yet to be able to make trustworthy projections
(Oteng-Darko et al., 2013; Corbeels et al., 2018). Because crop models are not universal,
the user must select the best-suited model for his experimental purpose. As a result,
estimates are used to analyses the potential implications of climate change. Furthermore,
most models are unable to predict changes in climate variability on a local scale, as well
as the frequency of extreme occurrences such as storms and droughts. Furthermore,

agricultural models reflect systems for which some components' behavior is not fully
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known or regulated, and differences between model output and real-world systems cannot
be completely explained (O. Rauff & Bello, 2015) . Crop models, as a result of a lack of
understanding of natural processes and computer power limitations, are unable to provide
reliable estimates. Another limitation of these models is that they do not simulate on real-

time basis, and some are not user-friendly.

The model validation process is difficult since it requires testing multiple
hypotheses at the same time. Field data is frequently insufficient for conclusive validation
because characteristics and driving factors are derived from site-specific conditions. Soil
heterogeneity and variances in measured metrics are caused by husbandry practices and
soil properties. Crop data captures soil heterogeneity and seasonal environmental factors.
The model's success is determined by the quality of its input data, which frequently
includes enormous volumes of data on above-ground crop growth and development.
Accurate meteorological data is necessary for simulation models, and sampling errors can
cause data inconsistencies. The ideal crop model would physically and biologically explain
correlations between variables and universally applicable real-world behavior, but this is
difficult due to the complexity of biological systems and unknown activities. Obtaining
precise system characteristics and input data for the crop environment is a major job (Jame

& Cutforth, 1996; O. Rauff & Bello, 2015).

Statistical, Mechanistic, Deterministic, Stochastic, Dynamic, Static, and
Simulation models are used to evaluate and predict crop growth and production. Crop
growth models are an effective tool for predicting how climate change would affect crop
yield and growth. These models can be used for a wide range of agricultural problems.
Human resource competence must be strengthened, and proven simulation models must
be built all around the world. Model development and deployment as a research tool can
aid in the discovery of knowledge gaps, allowing for more efficient and targeted study
design. Models based on adequate physiological data can be extrapolated to alternate
cropping cycles and locales, allowing for the assessment of temporal and geographical
variability. The effectiveness of most models is unknown because they are either untested
or undertested. It is true that developing models is simpler than testing them. Many
agronomists are baffled by the situation. They are discouraged by the complexity of the
models, the absence of model testing, and the unavoidable errors that arise during such

testing. Hence, crop models' efficacy in agronomy has been significantly questioned.
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Unfortunately, some of the misunderstanding arises from people who believe that
crop modelling will solve all of agriculture's problems and that crop models can be applied
to every environment. More training is needed because most agronomists are unfamiliar
with crop growth modelling and systems-approach research. A model that has been
thoroughly calibrated and tested can be used to conduct research that saves time and money
while simultaneously making a significant contribution to the creation of sustainable

agriculture that fulfils the world's food demands.
2.8. Post-harvest rice field management: special emphasis on GHGs emissions

According to Smith et al. (2014), the production of rice accounts for between 9 and
11 % of greenhouse gas emissions in the agricultural sector globally. According to Sistani
et al. (2011), Linquist et al. (2012), and Carlson et al. (2016), carbon dioxide (CO»),
methane (CH4), and nitrous oxide (N20O) are the main greenhouse gases (GHGs) released.
In rice farming, methane emissions are very important. As a result of their 28 and 265
times greater warming potentials than CO; (Smith et al., 2014; Belenguer-Manzanedo et
al., 2022), methane and N>O have a greater effect on global warming. According to Naser
et al. (2019), CH4 may predominate the crop's net greenhouse gas content, especially in
rice paddies. One of the primary drivers of CH4 production is flooding circumstances

during rice farming (Neue et al., 1996).

Temperature and moisture have important roles in regulating soil organic matter
and rice straw decomposition, which contributes to GHG emissions. Increases in
temperature are associated with increased OM decomposition and carbon emissions
(Huang et al., 2015; Tang et al., 2016; Zhang et al., 2020b). Soil moisture determines
oxygen diffusion and substrate mobility (Agehara & Warncke, 2005). In flooded soils,
anaerobic conditions promote lower mineralization rates (Li et al., 2021). Studies on the
interaction effect of moisture and temperature on rice straw breakdown and organic matter
mineralization have been undertaken, but the majority are under controlled conditions

(Devévre & Horwath, 2000; Benbi & Khosa, 2014; Lu et al., 2021).

Gummert et al. (2020) evaluated how mechanized post-harvest processes affected
energy efficiency, income, and greenhouse gas emissions in small rice farms in Myanmar's
Ayeyarwaddy delta. Results reveal that mechanical procedures boost net revenue by 30-
50 % over traditional practices, reduce post-harvest losses, and improve rice quality. The

study also highlights the importance of combined harvesting and flatbed dryer and
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hermetic storage in post-harvest management, providing valuable information for

policymakers in South and Southeast Asia.

Martinez-Eixarch et al. (2021) studied the Mediterranean rice agrosystem (Ebre
Delta, Catalonia) aimed to improve the accuracy of the CH4 budget in paddy rice fields.
The study evaluated the cumulative and temporal pattern of CH4 emissions and conducted
multi-variate analyses. Results showed that the fallow season, which is often neglected, is
the most significant source of CH4 emissions. The main regulating factors in the growing
season were positively associated to water level and plant cover, while soil redox was
adversely related. The study emphasizes the importance of measurement programs
covering the entire crop field cycle for effective mitigation strategies based on straw and

water management.

Belenguer-Manzanedo et al. (2022) evaluated the impact of flooding and straw
incorporation timing on greenhouse gas exchanges in the post-harvest of paddy rice
cultivation in the Ebro delta area of Spain. A field experiment showed that non-winter
flooding and late straw incorporation strategies reduced greenhouse gas emissions by
206% compared to conventional post-harvest management. Avoiding winter flooding
reduced CH4 emissions significantly, while delay straw incorporation prevented CH4 and
CO; emissions. The study concluded that post-harvest management affects net global

warming potential without compromising sequestration budget.
2.9. Rice yield prediction in relation with changing climate scenarios

To observe traditional rice cultivation practices and collect data on crop yields,
input use, and labour requirements. The paper presents the results of the study, including
the benefits and challenges of traditional rice cultivation in Kerala. The authors highlight
the importance of traditional rice cultivation practices for maintaining the ecological
balance of the region, preserving traditional knowledge and cultural heritage, and
providing sustainable livelihoods for farmers. The authors also discuss the challenges
faced by traditional farmers in the region, including the lack of government support and
incentives for traditional farming practices, the availability and affordability of inputs, and
the competition from commercial rice production. Overall, the study provides a valuable
contribution to the understanding of traditional rice cultivation practices in Kerala and the
importance of maintaining these practices for the sustainability of the environment and the

livelihoods of farmers in the region. The study highlights the need for greater support and
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recognition of traditional farming practices and the integration of traditional knowledge

and modern science in sustainable agricultural development.

Roy & Saha (2018) aimed to assess the land suitability for paddy cultivation in the
Hinglo River basin of eastern India using the Analytic Hierarchy Process (AHP). The
authors collected data on various physical, chemical, and biological parameters of soil and
water, as well as climatic conditions, and then used AHP to prioritize and weight the
criteria based on their relative importance. The authors identified four different land
suitability classes, ranging from highly suitable to not suitable, based on the final AHP
scores. The results of the study can be useful for decision-makers and farmers to identify
the most suitable areas for paddy cultivation in the Hinglo River basin, and to plan
appropriate land use practices to maximize the yield and minimize the environmental
impact. Overall, the study demonstrated the effectiveness of using AHP for land suitability

assessment, especially in areas where the availability of data is limited.

Saaty et al. (2001) study the basic concepts and principles of the AHP, such as the
fundamental scale of measurement, pairwise comparisons, and the use of matrices to
represent decision problems. Saaty then discusses the four main steps in the AHP process:
modelling the decision problem, structuring the decision hierarchy, making pairwise
comparisons, and synthesizing the results. The study also presents several applications of
the AHP in different fields, such as engineering, business, and social sciences. Saaty
emphasizes the flexibility and versatility of the AHP and how it can be adapted to different

decision problems and contexts.

Duc (2006) investigated the use of GIS and the Analytic Hierarchy Process (AHP)
for land-use suitability analysis in Vietnam. The study aimed to identify the most suitable
land use types for an area in central Vietnam based on various criteria, such as slope, soil
type, and land cover. The study used a combination of AHP and GIS to generate a
suitability index for each land use type. The AHP was used to determine the relative
importance of each criterion and to assign weights to each criterion based on their relative
importance. The GIS was used to analyse the spatial distribution of each criterion and to
create a suitability map for each land use type. The results showed that the most suitable
land use type for the study area was agroforestry, followed by fruit orchards and vegetable
gardens. The study also found that slope and soil type were the most important criteria in

determining land use suitability in the study area. Overall, the study demonstrates the
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effectiveness of using GIS and AHP for land-use suitability analysis, which can help
decision-makers in identifying the most appropriate land-use types for a given area based

on a set of criteria.

Al-Hanbali et al. (2021) conducted a study on land suitability analysis for paddy
fields in Tanzania using a GIS-based analytical hierarchy process. The research aimed to
identify the potential areas for rice cultivation by integrating various factors such as
climate, soil, topography, and land use. The study used a multi-criteria decision analysis
approach to determine the weightage of each factor and to create a suitability map for rice
cultivation. The results showed that 32 % of the total area was highly suitable for rice
cultivation, while 44 % of the area was moderately suitable. The study also identified some
areas that were unsuitable due to environmental constraints. The research findings provide
valuable insights for policymakers and agricultural planners to improve rice production in
Tanzania by targeting suitable areas for cultivation. The use of a GIS-based analytical
hierarchy process can also be applied to other regions to assess land suitability for other

Crops.

Robertson & Oinam (2023) aimed to develop a rice suitability map in a river
catchment using the Analytic Hierarchy Process (AHP) approach. They collected data on
various criteria such as topography, soil, climate, and water availability, and used AHP to
weigh and rank these criteria based on their importance for rice cultivation. The authors
then combined the rankings to generate a rice suitability map for the study area. The results
showed that soil was the most important criterion for rice cultivation, followed by water
availability, climate, and topography. The suitability map generated using AHP showed
that the majority of the study area was highly suitable for rice cultivation, with some areas
having moderate or low suitability. The authors suggest that this approach could be useful
for land-use planning and decision-making related to rice cultivation. Overall, the study
provides a useful example of how AHP can be applied to assess land suitability for specific
crops and highlights the importance of considering multiple criteria when making land-

use decisions.

Orhan et al. (2021) aimed to assess the site suitability and map the areas suitable
for rice cultivation in the delta plain of Turkey using multi-criteria decision analysis based
on fuzzy analytic hierarchy process (FAHP) and technique for order of preference by

resemblance to ideal solution under semi-humid ecological conditions. The study
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considered several criteria, including soil, climate, topography, hydrology, and land use,
and assigned weights to each criterion based on the FAHP. The TOPSIS method was used
to rank the sites based on their suitability for rice cultivation. The study found that the
highest-ranked sites were located in the western and northern parts of the study area, while
the lowest-ranked sites were located in the south and east. The results showed that the
proposed MCDA approach using FAHP and TOPSIS can effectively assess the suitability
of different sites for rice cultivation, which can be useful for decision-making in

agricultural planning and land-use management.

Chandrakala et al. (2019) present a land suitability evaluation study for major crops
in the tropical humid region of Kerala, India. The study aimed to identify the most suitable
land for each crop and provide guidance for farmers in crop selection and management.
The paper begins by discussing the importance of land suitability evaluation in crop
planning and management. The authors then describe the study area and the data sources
used, including soil, topography, and climate data. The authors explain the methodology
used for land suitability evaluation, which involved the integration of various data sources
in a GIS platform. The authors used fuzzy logic-based analytical hierarchy process (AHP)
to develop a land suitability index for each crop based on multiple criteria, including soil
properties, topography, and climate. The paper presents the results of the land suitability
evaluation for major crops in the study area, including paddy, coconut, banana, rubber,
and black pepper. The authors identified the most suitable land for each crop and provided
guidance for farmers in crop selection and management. The authors also discussed the
limitations and implications of the study. The authors noted that the study was limited by
the availability and quality of data, and the need for more detailed data in certain areas.
However, the study provides valuable guidance for farmers and policymakers in crop
planning and management, which can help improve agricultural practices and increase

crop yields in the region.

Shanmugapriya et al. (2019) provides an overview of the use of remote sensing in
agriculture. The authors reviewed various studies that have applied remote sensing
techniques for monitoring crop growth, yield prediction, crop mapping, and detection of
crop stress. The paper begins by discussing the importance of agriculture and the need for
improved agricultural practices to meet the growing demand for food. The authors then
describe the basic principles of remote sensing and the types of sensors used for

agricultural applications, including optical, thermal, and radar sensors. The authors review
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several studies that have used remote sensing for crop monitoring and yield prediction.
They discuss the use of vegetation indices to monitor crop growth and detect stress. The
authors also describe the use of thermal sensors to detect water stress in crops. The paper
also discusses the use of remote sensing for crop mapping and classification. The authors
review studies that have used optical and radar sensors to map crops and estimate crop
acreage. They also discuss the use of hyperspectral sensors for crop classification. Finally,
the paper discusses the potential of remote sensing for precision agriculture. The authors
describe how remote sensing can be used to guide site-specific management practices,
such as variable rate application of inputs. They also discuss the use of unmanned aerial

vehicles (UAVs) for high-resolution remote sensing.

Ajith et al. (2017) aimed to estimate rice acreage in Thanjavur, Tamil Nadu, India,
using Landsat 8 OLI images and GIS techniques. The authors used supervised
classification to extract rice paddies from the images and then calculated the rice acreage
using the classified image and ground truth data. The accuracy assessment showed an
overall accuracy of 89.6 % and a kappa coefficient of 0.88, indicating good classification
performance. The authors concluded that the use of remote sensing and GIS techniques
can provide accurate and timely information on rice acreage for efficient planning and
management of agricultural activities. Overall, the study provides valuable insights into

the application of remote sensing and GIS in rice acreage estimation.

Ayehu et al. (2019) explore the use of Geographic Information Systems (GIS) and
multi-criteria decision analysis (MCDA) techniques for assessing land suitability for rice
production in Ethiopia. The study involves the use of various criteria, such as soil
properties, climate, and topography, and a weighted overlay analysis to generate suitability
maps for rice cultivation. The results indicate that about 23 % of the study area is highly
suitable for rice cultivation, while 40 % is moderately suitable. The study also highlights
the importance of considering both physical and socio-economic factors in land suitability
assessments. Overall, the study demonstrates the potential of using GIS and MCDA

techniques for effective land suitability analysis for agricultural land use planning.

Kasampalis et al. (2018) conducted a comprehensive review of the contribution of
remote sensing to crop models. The study aimed to evaluate the state-of-the-art research
on the integration of remote sensing data with crop models for improved agricultural

management practices. The authors analysed various types of remote sensing data, such as
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optical, thermal, and radar data, and their application in crop models. The study also
reviewed different crop models, including statistical, process-based, and machine-learning
models, and their integration with remote sensing data. The authors highlighted the
benefits of using remote sensing data in crop models, such as providing a large-scale and
synoptic view of crop conditions, improving the accuracy and efficiency of crop
modelling, and enabling the monitoring of crop growth and yield. The study also identified
several challenges in integrating remote sensing data with crop models, such as the
complexity of the models, the need for accurate calibration and validation, and the
availability and quality of remote sensing data. Overall, the study demonstrated the
significant potential of integrating remote sensing data with crop models to enhance crop
productivity and food security. The authors also suggested future research directions, such
as the integration of multiple sources of remote sensing data and the development of more

accurate and efficient crop models.

Myneni & Williams (1994) investigated the relationship between the Fraction of
Absorbed Photosynthetically Active Radiation (FAPAR) and the Normalized Difference
Vegetation Index (NDVI). The authors used data from the Advanced Very High-
Resolution Radiometer (AVHRR) to study the relationship between FAPAR and NDVI in
several ecosystems. They found that FAPAR and NDVI are highly correlated in most
vegetation types, but the relationship between the two indices is affected by the presence
of non-photosynthetic vegetation, such as bare soil or snow. The authors concluded that
FAPAR and NDVI can be used as complementary measures of vegetation activity, with
FAPAR providing a more accurate estimate of photosynthetic activity and NDVI
providing a more sensitive measure of vegetation greenness. The study provides important
insights into the use of remote sensing data for monitoring vegetation dynamics and

ecosystem processes.

Pazhanivelan et al. (2022) attempted to predict spatial rice yield using multiple
linear regression analysis, a semi-physical technique, and assimilating SAR satellite-
derived data with the DSSAT crop simulation model. The study utilized SAR data, land
surface temperature, rainfall, and crop phenological data to estimate the rice yield. The
results of the study showed that the semi-physical approach using SAR and land surface
temperature as inputs provided the highest accuracy in estimating rice yield. The study
also showed that the assimilation of SAR data into the DSSAT model improved the

accuracy of the model in predicting rice yield. Overall, the study demonstrates the potential
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of using SAR data in combination with crop models to accurately estimate rice yield in

spatially explicit locations.

Chaurasiya et al. (2017) proposed a semi-physical approach for sugarcane yield
modelling using remotely sensed inputs. The study was conducted in the sugarcane-
growing region of Maharashtra, India. The proposed approach combined spectral
vegetation indices, meteorological data, and a sugarcane growth model to estimate
sugarcane yield. The study found that the proposed approach could accurately estimate the
sugarcane yield with an R? value of 0.88. The authors concluded that the semi-physical
approach can be used as an effective tool for sugarcane yield estimation and monitoring.
The study highlights the potential of using remote sensing and sugarcane growth models

for yield forecasting and management in sugarcane cultivation.

Rugira et al. (2020) used the Decision Support System for Agrotechnology
Transfer (DSSAT) CERES-Maize model to identify the best irrigation management and
date of sowing for improving maize yield in northern China. The study involved field
experiments conducted over two growing seasons with six treatments of different sowing
dates and irrigation regimes. The results showed that the best sowing dates were from April
25 to May 5 and that the optimum irrigation regime was 75 % of field capacity during the
vegetative stage and 70 % during the reproductive stage. The study also found that using
this optimal combination could increase maize yield by up to 16.5 %. Overall, the study
demonstrates the potential of using DSSAT CERES-Maize to identify optimal
management strategies for improving maize yield in different regions. Ahmad et al. (2018)
developed a method for forecasting spring maize yield in Faisalabad, Punjab, Pakistan,
using remote sensing and crop modelling. The model yield prediction results were more

accurate than remote sensing, with an RMSE of 255 kg ha™!.

Scaria & Vijayan (2015) present a study of the spatio-temporal changes in the
cropping pattern of paddy fields in Kerala state, India, with a focus on the Palakkad district.
The study aimed to identify the patterns of change in the cropping intensity and
diversification in the paddy fields and the factors influencing these changes. The study
begins by providing an overview of the agricultural practices in Kerala and the importance
of paddy cultivation in the state's economy. The authors then describe the study area and

the data sources used, including satellite images, topographic maps, and field surveys.
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The authors explain the methodology used for the study, which involved the use of
remote sensing and GIS techniques to analyse the spatio-temporal changes in the cropping
pattern of paddy fields in the Palakkad district. The authors also conducted field surveys
to validate the results of the remote sensing analysis and identify the factors influencing
the changes in the cropping pattern. The paper presents the results of the study, including
the changes in the cropping intensity and diversification in the paddy fields in the Palakkad
district between 1973 and 2011. The authors identified a significant decline in the cropping
intensity and a shift towards diversification in the paddy fields during this period. The
authors also identified the factors influencing these changes, including the availability and
affordability of labour, the profitability of different crops, and the changes in land use
policies and regulations. The authors discuss the implications of the study for sustainable
agricultural development in the region, including the need for policies and interventions
to promote the sustainability of paddy cultivation and maintain the ecological balance of
the region. The study demonstrates the potential of remote sensing and GIS techniques for
analysing and monitoring changes in agricultural practices and provides valuable insights

for policymakers and researchers in sustainable agricultural development.

Raju et al. (2022) focuses on the use of Sentinel-2 data and GIS techniques for
mapping rice areas in the Palakkad district of Kerala, India. The study aimed to provide
accurate and timely information on rice areas for efficient crop management and decision-
making. The paper begins by discussing the importance of rice cultivation in Kerala and
the need for accurate and up-to-date information on rice areas. The author then describes
the study area and the data sources used, including Sentinel-2 satellite imagery and field
data collected from the district agriculture office. The author explains the methodology
used for rice area mapping, which involved preprocessing of the Sentinel-2 data, including
atmospheric correction, radiometric correction, and cloud masking. The author then used
supervised classification techniques in GIS to map rice areas in the study area. The paper
presents the results of the study, including the accuracy assessment of the rice area map.
The author reports an overall accuracy of 92 % and a kappa coefficient of 0.88, indicating
a high level of agreement between the classified map and the ground truth data. The author
also discusses the implications of the study for rice crop management and decision-
making. The accurate and up-to-date information on rice areas provided by the study can
help farmers and policymakers make informed decisions on crop management, irrigation,

and fertilizer application. Overall, the paper provides a valuable contribution to the use of
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remote sensing and GIS techniques for rice area mapping in Kerala. The study
demonstrates the potential of Sentinel-2 data and GIS techniques for accurate and timely
crop mapping, which can help improve agricultural practices and decision-making in the

region.

Saseendran et al. (2000) conducted a study on the effects of climate change on rice
production in Kerala, India. The authors used simulation models to predict the impacts of
climate change scenarios on rice production in the region. The study focused on two major
rice-growing districts of Kerala and considered two climate change scenarios (A1B and
A?2) for the period from 2010 to 2099. The authors found that both scenarios resulted in an
increase in temperature and a decrease in rainfall, which negatively affected rice
production. The study also predicted a decline in rice yield by up to 16 % under the A2
scenario and up to 10 % under the A1B scenario. The authors highlighted the importance
of developing adequate adaptation methods to reduce the negative effects of climate
change on rice production in the region. The study emphasizes the need to recognize the
possible effects of climate change on agriculture, as well as the need for suitable actions

to meet the difficulties that climate change presents.

Nguyen (2016) reviews the impacts of climate change on rice production and food
security, with a focus on Southeast Asia. The paper begins by providing an overview of
the importance of rice as a staple food in the region, and then discusses the various ways
in which climate change is expected to affect rice production, including changes in
temperature, rainfall patterns, and extreme weather events. The paper then goes on to
review a range of studies that have attempted to model the impacts of climate change on
rice production, including studies that use CSMs and remote sensing data. The author notes
that while these studies have identified a range of potential impacts, there is still
considerable uncertainty regarding the magnitude and timing of these impacts. The paper
also discusses some of the potential adaptation measures that could be implemented to
help mitigate the impacts of climate change on rice production and food security, including
improved water management, crop breeding programs, and the development of new
cropping systems. Overall, the paper provides a useful overview of the potential impacts
of climate change on rice production and food security in Southeast Asia and highlights
the importance of developing effective adaptation measures to help farmers and

communities cope with these impacts.
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The comprehensive literature analysis concludes by highlighting the critical
importance of rice agriculture on an international, Indian, and regional scale—with a
particular emphasis on the Keralan context. The adoption of innovative water and nutrient
management practices, coupled with the integration of cutting-edge Crop Simulation
Models (CSM), emerges as a promising avenue for optimizing cultivation strategies. The
incorporation of CSMs not only facilitates enhanced prediction of rice yields in future
scenarios but also aids in the development of sustainable and efficient management
practices. Moreover, the review highlights the demanding need for suitability mapping and
robust post-harvest management strategies in paddy fields to minimize losses and ensure
food security. In core, the synthesis of literature emphasises the multifaceted dimensions
of rice cultivation, calling for a holistic approach that combines technological
advancements, predictive modelling, and sustainable practices to ensure the resilience and

productivity of rice ecosystems at local and global scales.
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3. Materials and Methods

Field experiments on various rice water and nutrient management strategies were
conducted from 2018 to 2023 to study the ‘“Application of crop simulation models for
water and nutrient management on growth, and productivity of rice under different
climate scenarios”. A detailed description of various materials used, experimental
protocols, procedures and methodology adopted in the present study are described in this

chapter. It has been planned into seven numbers of experiments.
3.1. Experiment -1

Assessing the influence of nutrient management and method of irrigation on four different

rice cultivars

The first experiment was designed to evaluate the effect of different levels of
nutrient management and methods of irrigation on four different rice varieties, commonly
cultivated in Kerala on different rice growth parameters and the methodology for this

experiment is being detailed hereunder.
3.1.1. Design and Layout

In general, rice grows during three distinct seasons: Viruppu, Mundakan, and
Puncha. The first agricultural season, Viruppu or autumn spans from April - May to
September - October. Mundakan or winter is the second harvest, lasting from September
- October to December - January. Puncha is the third crop, which starts in December-
January and lasts till March-April. The experimental design was a randomized block
design conducted during the Mundakan season of 2018 (September 2018- January 2019)
with four different rice varieties, viz., Jyothi (V1), Jaya (V2), Kanchana (V3), and Uma
(V4) in the lysimeter boxes of the Land of Water Management Research Group at Centre
for Water Resources Development and Management (CWRDM), Kunnamangalam,
Kozhikode, Kerala, India. Paddy seeds were procured from the Regional Agriculture
Research Station in Pattambi, Kerala. Each experimental subplot was a 6 m? rectangle
box with 2 m width and 3 m length. The treatments that were attempted are given the Table
3.1. Treatments consist of (1) method of irrigation, which consists of (a) water-logged/
flooded (I1) and (b) alternate wetting and drying (AWD) (I12); and (2) nutrient management
practice treatment, which consists of applying (a) Absolute control (No NPK application)
(N1), (b) 100 % recommended dose of NPK (N2), and