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FORECASTING YIELD OF MAJOR CROPS IN THE NORTHERN
DISTRICTS OF WEST BENGAL

ABSTRACT

The crop yield prediction gains a growing importance for all stakeholders in
agriculture in order to make various agriculture related decisions. Crop yield prediction at
regional level is essential for the formulation of location specific policies. In this present
study. four northern districts of West Bengal namely, Cooch Behar, Jalpaiguri, Malda and
Uttar Dinajpur are considered. Five majorly cultivated crops viz. Rice, Wheat, Potato, Jute
and Rapeseed-Mustard are selected for the present study. Inter-annual crop yield variability
largely depends on weather conditions that have been altered by climate change. The models
based on weather variables provide a reliable forecast of crop yield. The extent of weather
effect on crop yield is not only depends on magnitude of weather factors; but also, the
distribution pattern of each weather factor over the crop season. Hence, it is required to give
appropriate weightage to weekly weather conditions according to its effect on ultimate crop
yield. In order to give weightage to the respective week’s weather conditions, correlation
based generated weighted indices have been used by many researchers in the past four
decades. The path coefficient calculated from path analysis measures only the direct effect
of independent variable on the ultimate response. Hence, path coefficient based weighted
index is proposed in this study in a view of getting more precise and accurate weighted
weather indices. Since, the crop yield is complexly associated with many environmental
factors, different models with different functional forms have to be explored in order to
obtain location specific best performing model. In this present study, the performance of
Multiple Linear Regression (MLR), three penalized regression models viz. Ridge Regression
(RR), Least Absolute Shrinkage and Selection Operator (LASSO) and Elastic Net (ENET)
and two machine learning models viz. Artificial Neural Network (ANN) and Support Vector
Regression (SVR) have been evaluated. The inclusion of all the explanatory variables in the
model makes the model to be complex and leads to overfitting issue generally. Hence, three
variable selection or dimension reduction techniques namely, Stepwise Regression (SR),
Principal Component Analysis (PCA) and Partial Least Square Regression (PLSR) are
employed in a view of avoiding overfitting issue, increasing speed of training algorithm and
to avoid multicollinearity issue. The MLR, ANN and SVR models have been fitted under
three variable selection conditions. Since the penalized regression models are doing inner
variable selection by shrinking the coefficient values, there is no necessity of variable
selection or dimension reduction. Twelve models are fitted for each crop in each district.

The results revealed that there is a significant trend in the yield of all the five crops in all



four districts except rapeseed-mustard yield in Cooch Behar. The significant increasing trend
in crop vield can be attributed to the introduction high high-yielding varieties. improved
cultivational practices erc. over the years. The proposed path coefficient based weighted
indices are having predictable effect on crop yield along with the existing unweighted and
correlation coefficient-based weighted indices. The number of variables selected from
stepwise regression ranges between two to seven. Four to six principal components which
explain more than eighty percent of the variability in the original variables are selected. The
optimum number of PLSR components ranges from one to seven. The optimum number of
hidden layer neurons in ANN is less than or equal to the number of input layer neurons. The
optimum learning rate ranges between 0.02 and 0.10. The Tangent hyperbolic (Tanh)
function is found to perform better as a hidden layer activation function in ANN. The
hyperparameter-tuned SVR model using RBF kernel was found to perform better than linear
and polynomial kernel. In comparison with OLS estimates, the regression coefficients of
each index are shrunken in all three penalized regression models. In Ridge regression, the
coefficient values are never shrunken to zero. But in LASSO and ENET models, some of
the coefficients are shrunken to zero, thereby variable selection is accomplished. Only
important variables are retained in the final LASSO and ENET models. The correlation and
path coefficient-based weighted indices are retained in the final models. The penalized
regression models provide stable performance in both training as well as validation stages
for rice crop. For other crops, the machine learning models accompanied with PLSR
components as input are found to perform well in both training and validation stages. The
PLSR-SVR is found to perform better in most of the cases of wheat, potato, jute and
rapeseed-mustard crops in four districts. The models using PLSR components as input
performed better than PCA based models. If the dimension reduction is to fit the prediction
model, the PLSR performs better than PCA. The best-fitted models have good forecasting
ability with less percent deviation from actual yield. The yield of five major crops in four
northern districts of West Bengal can be forecasted using the respective best-fitted models
with the use of observed weather data.

Keywords: Yield, Weather Indices, Partial Least Square Regression, Statistical Models,
Machfrﬁ}eaming Models, Forecasting.
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Chapter I
INTRODUCTION

The crop yield prediction gains growing importance for all stakeholders in
agriculture starting from individual farmers to state, national and international level
government as well as private organizations to make various agriculture-related decisions
(Lobell et al 2006, Lecerf et al 2019, Vander-Velde et al 2019). The government requires
advanced yield prediction of principal crops for policy-related decisions such as foodgrain
availability, crop insurance, ensuring availability of farm inputs, raw material supply chain
management to industries, price and market-related decisions etc. (Meinke and Stone, 2005,
Kross et al 2020, Li et al 2022). The advanced yield prediction will be useful for the
formulation of import and export policies to ensure an adequate supply of agricultural
produce and to curb price hikes. At an individual farmer level, it is helpful to decide on what
crop has to be grown, how much area to be allocated for each crop and other management
as well as economic decisions (Basha et al 2020; Ansarifar et al 2021). Crop yield prediction
at the regional level is essential for location-specific decision-making (Van Klompenburg,
2020, Rai et al 2022).

Crop vyield over the years is affected by technological changes and weather
variability. The technological factors such as the release of high-yielding varieties, improved
cultivation practices etc, increase the yield smoothly over the years; but the weather
variability both within and between seasons is the unmanageable source of variability in
yield (Agarwal and Mehta, 2007). Inter-annual crop yield variability largely depends on
weather conditions that have been altered by climate change (Delerce et al 2016). Climate
change adversely affects agricultural production at the global level (Chandio et al 2022;
Huang et al 2022). The changes associated with the effects of climate change and future
population growth will be the major concern about food security (Hong et al 2019, Habib-
ur-Rahman et al 2022). The pressure exerted on agricultural systems by the increasing

climatic variability may constrain the attainment of food security (Aggarwal, 2008).

The average global temperature is expected to increase by 1.5°C over the next 20
years (IPCC, 2021). An increase in average temperature in the long run negatively affects
crop yield (Jan et al 2021, Kumar et al 2021, Abbas, 2022, Ozdemir, 2022). The impact of
climatic changes such as increasing temperature, diurnal temperature variation and
interannual changes in the pattern and distribution of precipitation impacts the growth,

photosynthesis and transpiration rates of crops which ultimately alter the yield (Tan et al
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2021, Arun et al 2022). The most influencing climate anomalies on crop yield are
temperature and precipitation-related parameters (Lacasa et al 2023).

In India, a significant temperature rise was observed over the years which is found
to have an adverse effect on crop yield (Birthal et al 2014). There was a high magnitude of
warming in winter and post-monsoon seasons (Khan et a/ 2017). 0.5°C -3.0°C increase in
temperature leads to 0.6%-3.7% additional water requirement for the crops (Surendran et a/
2021). There is a significant increasing trend in the temperature, a decreasing trend in the
rainfall and profound seasonal variability in the weather phenomena over the last 30 years
(Radhakrishnan ef al 2017). Around 10% of districts of the country witnessed an increasing
trend in rainfall and 8% of districts experienced a decreasing trend (Kaur ez a/ 2017). As to

the seasonal impacts, the winter season crops in India will be riskier (Mall et al 2006).

The impacts of climate change on crops vary by region and season and crop. The
change in agroclimatic resources due to the effect of climate change significantly reduces
the yield potential of different crops at global, regional and local scales (Hao et a/ 2018, Jia
et al 2022). The changes in the climate-yield relationship are more pronounced at the local
level than across relatively large regions (Trnka et al/ 2016). Often the reduction in
agricultural production is not realized at the macro level, but has been a serious concern at

the regional or district level (Mandal et al 2019, Bhardwaj et al 2022).

The Northern part of West Bengal state lies under the sub-Himalayan region. The
districts of North Bengal are prone to vulnerable due to extreme climatic events during pre-
monsoon and winter seasons (Ghosh e al 2017). It is projected that the average temperature
in this region will increase at the rate of 0.027°C per year (Sam and Chakma, 2019). The
changes in temperature trends are different in various seasons in this region. The cold and
dry northern wind blows during winter, lowering humidity level substantially. An increasing
trend in minimum temperature is greater than that of maximum temperature which causes
larger diurnal temperature variation in this region (Datta and Das, 2019). There is an
increasing trend in the diurnal temperature range in the winter season and a decreasing trend
in the mean frequency of rainy days throughout the year except in the winter season in this

region (Raha et al 2014).

The monsoon arrives in North Bengal earlier than South Bengal and the precipitation
in North Bengal is more dispersed within a year in the sense that the participation is not only
concentrated in the monsoon season (Chatterjee et al 2016). The dense forest cover and large
plantations in this region act as a good source of evapotranspiration that results in well-
distributed rainfall throughout the year (Kundu and Mondal, 2019). There has been a

declining trend in the annual, monsoon, and post-monsoon rainfall and a non-significant
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increasing trend in the pre-monsoon rainfall in this region in the past century (Halder ef al
2022). An increasing trend in winter temperature in this region impacts winter crop
productivity in terms of higher water requirements due to increased evapotranspiration losses
(Das et al 2019). Erratic weather and its undesirable impacts affect the agricultural sector by

lowering the yield of principal crops in this region (Nag et al 2022).

Hence, it is necessary to couple meteorological information into the crop yield
prediction mechanisms since the growth and development of crops are fully connected with

weather factors (Semenov and Porter, 1995).

The extent of weather effect on crop yield depends not only on the magnitude of
weather factors; but also, on the distribution pattern of each weather factor over the crop
season (Laxmi and Kumar, 2011). The weather conditions during the critical period of crop
development influence the yield significantly (Cardoso et a/ 2010). The same level of a
particular weather parameter, say temperature affects crop growth in different ways in

different crop stages (Asseng et al 2015, Chandarsiri et al 2022).

For example, for potential productivity of rice crop, the requirement of optimum
temperature is 25.1°C-30.7°C during the germination stage, 27.2°C-29.6°C during the
tillering stage, 22.4°C-31.0°C during panicle initiation and 25.0°C-27.6°C during anthesis
(Sanchez et al 2014, Wang et al 2022). For mustard crop, the maximum temperature ranges
between 20.0°C-27.3°C and minimum temperature ranging from 4.6°C- 11.8°C are required
during the flowering stage and it is 11.3°C-20.4°C and 3.8°C-7.2°C during pod formation
stage respectively (Kaur and Gill, 2017). Potato crop tuber induction is best at 15°C, tuber
initiation 1s at 22°C and tuber setting is at 15°C (Struik, 2007). Heat stress during the
flowering stage of wheat crop causes pollen and anther sterility that leads to undeveloped
embryos which reduce the number of grains; heat stress during the grain filling stage reduces
grain filling rate and ultimately affects grain yield (Dubey et al 2020). The movement of
photosynthates to the sinks is adversely affected by heat stress during post-anthesis to seed
filling stages of the crop that lowers the seed weight and seed yield (Kumar et al 2017).

Hence it is required to give appropriate weightage to weekly weather conditions
according to its effect on ultimate crop yield. To give weightage to the respective week’s
weather conditions, Jain ef a/ (1980) generated composite yearly weighted weather indices
as weighted averages of weekly weather variables where weight is correlation-coefficient
between weather variables in respective week and yield. Assigning appropriate weights in
the composite index reduces the bias in regional-level climate-based models (Dhamija et a/

2020). The correlation coefticient-based weighted weather indices can be successfully used
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as input variables to predict crop yield (Pandey et al 2016, Gupta et al 2018, Singh et al
2021).

The weather variables are not only correlated with the response variable; they
correlate among themselves. The correlation coefficient between an independent variable
and a response variable is the sum of the direct and indirect effects of the independent
variable (Wright, 1923). Hence it is required to separate the direct influence of a particular
variable on response (direct effect) from the indirect influence of that variable through other
independent variables (indirect effect) on the ultimate response. Path analysis partitions the
correlation coefficient into two components viz. direct and indirect effects (Li, 1956). The
path coefficient calculated from path analysis measures only the direct effect of an
independent variable on the ultimate response (Niles, 1923). The direct effect of an
independent variable is part of its total effect that directly influences the response (Lleras,
2005). The difference between the path coefficient and correlation coefficient is that the latter
is invariant of change of all other variables in the system whereas the former is not (Hope,
1971). Hence path coefficient-based weighted index is proposed in this study in a view of
getting more precise and accurate weighted weather indices in combination with the existing

correlation coefficient-based weighted indices.

The models based on weather variables provide a reliable forecast of crop yield.
Many distinct climate-crop models are been used to estimate how the climate change process
affects agricultural production (Rotter et al 2011). Statistical models are often used to
understand complex associations between agricultural systems and different climatic
parameters (Roberts et al 2017). These models are based on causal relationships between
input and output variables (Siebert et al 2017). The empirically formulated statistical models
with a smaller number of parameters could be used to predict crop yield using climate data
(Lobell and Asseng, 2017, Kern, 2018, Gornott and Wechsung, 2022). Since crop yield is
complexly associated with many environmental factors, different models with different
functional forms have to be explored to obtain location-specific best-performing model
(Mavromatis, 2016).

Linear regression is a standard statistical model to study the cause-and-effect
relationship between one dependent variable and one or more independent variables. (Sagar
and Cauvery, 2018). The penalized regression models such as Ridge Regression (RR), Least
Absolute Shrinkage and Selection Operator (LASSO) and Elastic Net (ENET) add penalty
term in the Mean Square Error (MSE) function while estimating the parameters of the model.
Due to the added penalty, the estimated parameter values are shrunken. Thus, the overall
slope of the fitted model tends to decrease, thereby overfitting of the model can be avoided.
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The penalized regression models are applied successfully to predict the yield of Rice (Das
et al 2018), Wheat (Setiya et al 2022), Groundnut (Abhinaya et al 2021) and other crops.

Advanced machine learning methods provide insights into the pattern of crop
response to climatic variations for practical crop yield prediction (Kang ef al/ 2020). Machine
learning models are promising methods to get optimized performance for regional-level crop
yield prediction (Paudel ef al 2020). The machine learning models observe the behavior of
crops for the climate change effects to predict the yield (Hussain et a/ 2021). The machine
learning regression algorithm is a better modeling approach for yield prediction using less

data (Batool et al 2022).

Artificial Neural Network (ANN) is a widely used machine learning technique to
capture non-linear associateship between a set of independent variables and a response
variable (Vora et al 2014). The Back Propagation (BP) training algorithm is designed to
reduce Mean Square Error (MSE) between the actual and desired output (Vora et al 2014).
The activation function present in the hidden layer of the neural network should optimally
update the weight of the BP algorithm in successive iteration to avoid convergence to any
local minimum (Szandata, 2021). Hence, the selection of the appropriate hidden layer
activation function is essential to model the complex association between weather factors
and crop yield for a better predictive neural network model. The ANN model with one or
two hidden layers is sufficient as well as efficient to predict crop yield using weather factors
(Dahikar and Rode, 2014).

Vapnik (2000) developed a Support Vector Machine for classification purposes.
Later the concept was modified for prediction context and the same was termed Support
Vector Regression (SVR). The crucial role in fitting the SVR model is a selection of kernel
function that captures nonlinear dynamics of closely related datasets (Qu and Zhang, 2016).
The parameters or hyperparameters that are associated with the kernel function of the SVR
model have to be optimized for better predictive models (Paidipati, 2021). To improve the
performance of the SVR model for yield prediction using weather factors, the optimum

kernel function along with their hyperparameters are to be identified.

While fitting a predictive model using many independent variables, variable selection
plays an important role as it removes the variables that are redundant and do not influence
the response variable significantly (Shahhosseini, 2020). This makes the algorithm work
fast, reduces the problem of overfitting and allows to interpretation of the model easily
(Kumar et al 2019). The number of variables can be reduced either by selecting the best

subset of variables or transforming the original variable into derived variables in such a way
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that the few derived variables store most of the variation present in the original data (Vander-

Maaten, 2009).

Stepwise regression can be employed to screen the weather variables that have
significance on crop yield for fitting advanced yield prediction models (Han et al 2022). But
in some situations, some variables that have a causal effect on the response will not be
statistically significant and some variables become significant coincidently which leads to a
good fit of the model for training data and poor performance with new data (Smith, 2018).
Sometimes removal of some variables completely ignores the information that exists in those
variables which reduces the predictability of the model (Olusegun, 2015). In most of the
practical situations, the measured variables are prone to multicollinearity problems which
leads to unstable estimates of parameters (Farrar and Glauber, 1967, Vatcheva et al 2016,
Daoud, 2017).

To obtain orthogonal or uncorrelated independent variables, the Principal Component
Analysis (PCA) is being employed traditionally as a dimension reduction technique (Bauer
and Drabant, 2021). PCA forms a low-dimensional representation of high-dimensional data
which is expected to describe as much variance in the original data as possible (Boneh and
Mendieta, 1994). In PCA, the majority of the variability in the original variables is preserved
in a few principal components (Pavithra and Vengadessan, 2020). PCA technique is used to
replace a set of many measured variables with a smaller set of variables while fitting a
predictive model (Jolliffe, 2003). The concept of replacing original explanatory variables
with principal components in the statistical model was proposed by Hotelling (1957). The
components that are associated with small variations can be safely dropped from regression

analysis (Mosteller and Tukey, 1977)

The components that explain low variance are associated with very small latent root
or eigenvalue. These components generally would not be considered for selection as this loss
is not substantial. Hence, PCA can be adopted as a variable selection methodology such as
backward elimination to eliminate the redundant component without decreasing the residual
sum of squares of the models (Mansfield et al/ 1977). Since the principal components are
orthogonal or uncorrelated to each other, the problem of multicollinearity can be mitigated

using PCA (Carter et al 1977).

The Principal Component Analysis (PCA) considers only independent variables set
while deriving components; it does not consider response variable. The principal
components that explain less variance in the independent variable set are generally not
selected for further analysis or modeling. But sometimes those components are important

for explaining the response variable (Kung and Sharif, 1980, Jolliffe, 1982). In Partial Least
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Square Regression (PLSR), the components are derived in such a way that it maximizes the
covariance between a dependent variable and independent variable set (Firinguetti et al
2016). Hence, the PLSR components that are explaining majority variability in independent
variable have the good predictability on response variable (Hu ez al 2018). When the variable
reduction is to fit a predictive model, PLSR performs efficiently than PCA (Yeniay and
Goktag, 2002, Maitra and Yan, 2008, Wang and Li, 2020).

In view of the above facts, the present study has been formulated to forecast the yield
of major crops in some selected northern districts of West Bengal using weather indices with

the following objectives,

1) To develop different weather and agrometeorological indices for major crops.

2) To select the indices using standard statistical procedures.

3) To fit and estimate the parameters of different statistical models for major crops.

4) To forecast the yield of major crops in the northern districts of West Bengal using

respective best fitted models.

*hkkkhkkhkkkikkikikkikk
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Chapter 11
REVIEW OF LITERATURE

A review of the literature provides guidelines from past studies which gives the
foundation to a theoretical framework for the present investigation. The review of past
literature allows the researcher to get an insight into the methods and procedures to be
followed. With this aim, this chapter attempts a brief review of research works that were
carried out in the area of crop-weather modeling and forecasting by various researchers at the
national and international levels. The literature of related studies conducted hitherto has been
grouped under the following three captioned categories for the convenience of better

presentation and understanding of the subject matter.

2.1 Developing weather indices
2.2 Variable selection or dimension reduction methodologies
2.3 Crop yield forecasting models

2.1 Developing Weather Indices

Pioneering work in crop-weather modeling was done by Fisher (1924). The study
revealed that the effect of change in rainfall on yield in successive weeks would not be an
abrupt or erratic change, but it is an orderly one that follows some mathematical law.

Hendricks and Scholl (1943) modified Fisher’s technique by dividing the crop season
into weekly intervals and assumed that a second-degree polynomial in the week number
would be sufficiently flexible to express the relationship. The study concluded that the effect
of weather parameters on different stages of the crop may help in understanding their
response in terms of final yield and also provide a valid forecast of crop yield.

Jain et al (1980) modified Hendricks and Scholl's method by including a correlation
coefficient between yield and weekly weather parameters as a weight for giving weightage
to the respective week’s weather condition while developing generated weather variables.

Agarwal et al (1983) further included the joint effect of two weather variables in the
model for forecasting rice yield. The year number is also included in the model to correct
the long-term trend in the yield. The study revealed that the interaction of weather variables
improves the predictive power of the crop-weather forecasting model.

Agarwal et al (1986) updated the Jain et al method by removing the trend effect from
the yield while calculating the correlation coefficient as the trend effect on yield was
significant. The study revealed that the model using generated variables obtained by yield
adjusted for trend performs better than the unadjusted one. Also, the inclusion of the
quadratic term of the correlation coefficient did not improve the performance of the model.
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The above studies have provided a strong base for the crop-weather modeling
approach. The different methodologies that had been developed for generating weather
indices from the above studies are being applied by many researchers for crop yield

forecasting using the generated weather indices as independent variables or input variables.

Bal et al (2004) compared two types of wheat yield forecasting models for Ludhiana
district of Punjab state. The first model was fitted using only weather parameters as regressor
variables and the second model was fitted by introducing the year number to capture
technological changes along with the weather variables. The first model explained only 69
percent of the variation in the yield. However, by the introduction of technological trends in
the model, the amount of variation explained by the model was increased to 87 percent. From
the results, it was concluded that the weather variable along with the trend variable increases

the predictive power of the yield prediction model.

Kumar and Bhar (2005) fitted a multiple linear regression model for predicting
Indian mustard yield using weather parameters. The weather variables considered for the
study were temperature, relative humidity, wind velocity and bright sunshine hours. The
whole crop period was divided into critical phases. The weekly average of each weather
factor was obtained for each phase. A composite weather variable was developed which is
the weighted sum of weather variables of weeks of that phase where the weights is the
correlation coefficients between yield and respective weather parameters of the week.
Similarly, interaction terms were also developed as a weighted sum of products between two
weather variables, where the weights being correlation coefficients of yield with product of
weather variables in respective phases. Results of multiple linear regression on mustard yield
with these developed composite weather variables indicated that the interaction terms had a
significant effect. The interaction of maximum temperature and relative humidity was the

most significant weather factor for forecasting the yield of Indian mustard.

Bazgeer et al (2007) fitted a wheat yield forecasting model using agrometeorological
indices for the Hamedan district of Iran. The results from multiple linear regression revealed
that daily minimum temperature, Growing Degree Days (GDD), accumulated difference of
maximum and minimum temperature and sunshine hours were found to be the most
significant factors that influenced the wheat yield. The above variables accounted 83 percent
of the variation in the wheat yield.

Dhekale et al (2014) attempted to forecast rice yield in the Kolhapur district of
Maharashtra. The unweighted indices and weighted indices were calculated where weight is
the correlation coefficient between yearly detrended yield and weather parameters with

respective weeks. Three generated variables viz. weighted interaction between morning
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relative humidity and minimum temperature, weighted interaction between morning relative
humidity and maximum temperature and evening relative humidity only explained 89

percent of variation in rice yield.

Garde et al (2015) used weighted and unweighted weather indices along with their
interactions for forecasting wheat yield in the Varanasi district of Uttar Pradesh. The
weighted indices were calculated as weighted accumulations of the weather variables over
weeks, where, the weight is the correlation coefficient between detrended crop yield and
weather parameters in respective weeks. The weighted indices were found to be significant

for forecasting wheat yield using Multiple Linear Regression.

Kumar et al (2016) applied a modified Hendrick and Scholl technique for forecasting
paddy and sugarcane yield in south Gujarat. The results revealed that weighted weather
indices and interaction indices had a significant effect on paddy yield. Unweighted did not
have a significant effect on paddy yield in any district. Similar results were obtained for
sugarcane crop also. The combined effect of weather parameters viz. minimum temperature
and rainfall for paddy, minimum, maximum temperatures and rainfall for sugarcane were
found to play a crucial role in determining the yield. Hence, it was concluded that the
combination of weather variables and crop yield data is an appropriate option for yield

forecasting.

Pandey et al (2016) attempted to forecast rice crop yield in the Faizabad district of
Uttar Pradesh using five different weather indices approaches. The five different models
were fitted as follows, unweighted indices, correlation coefficient-based weighted indices,
unweighted interaction between two variables, weighted interaction between two variables
and a combination of unweighted and weighted indices. Among all five fitted models, the
model with unweighted interaction between two variables had a better predictive power with
the highest R? (0.86) and lowest Root Mean Square Error (65.57) and predictive error
(6.11%).

Banakara et al (2017) modeled kharif rice yield using weather parameters in the
Valsad district of south Gujarat. The study revealed that the model with weather indices
involving interaction between wind speed and rainfall, minimum temperature, maximum
temperature and time trend performs better with the highest adjusted R? (0.61) and lowest
Root Mean Square Error (381.45) values.

Jayakumar et al (2017) attempted to forecast coffee yield using weather indices in
Kerala. The weather variables considered for the study were maximum temperature,
minimum temperature, rainfall and relative humidity. Two types of climate indices were

developed for each climate variable i.e. simple as well as weighted accumulation of climate

Review of Literature | 10



variables where weights are correlation coefficients of climate variables in the respective
week with yield. Similarly, interaction indices were also generated using products of weekly
climate variables taking two at a time. From the results of stepwise regression, it was
revealed that weighted indices of maximum temperature, weighted interaction indices of
minimum temperature x relative humidity and maximum temperature x relative humidity
were significantly affecting Arabica coffee yield which explains 78.3 percent of variation in
yield. Similarly, weighted interaction indices of maximum temperature X minimum
temperature and maximum temperature x rainfall significantly influenced Rustica coffee

yield with a coefficient of determination of 0.529.

Poonam et al (2017) attempted to forecast wheat yield using weather parameters for
the western agroclimatic zone of Haryana. Two types of models were fitted. To study the
effect of individual weather variables, the yield was expressed as a quadratic function of the
respective correlation coefficient of weather variables in different weeks with yield adjusted
for trend. To study the joint effects of weather variables on wheat yield, interaction terms
were also considered. The model using all seven weather parameters together was found to
be the best-fitted model with the highest adjusted R? (0.86).

Gupta et al (2018) used twenty years of weather and yield data of wheat and mustard
crops to fit a forecasting model for ten districts of western Uttar Pradesh. Simple and
weighted weather indices were generated using weekly weather parameter values and their
weighted values using correlation coefficients. The yield prediction model developed for all
districts showed that minimum temperature was the most important parameter as simple and
weighted indices in all the models for both crops. The coefficient of determination ranged
between 0.30 to 0.81 for the models developed for the wheat crop and it ranged between
0.26 to 0.87 for the mustard crop. The percent error between observed and predicted yield
was less than 10 kg ha* on validation of the fitted model for both the crops in all the districts
implying that these models can be used for predicting the wheat and mustard yield using the
respective model.

Rajavel et al (2018) applied a modified Hendricks and Scholl method by utilizing
weather parameters from sowing time to a week before the harvest was employed to forecast
rice yield in different districts of Chhattisgarh. The study revealed that rainfall, temperature,
relative humidity and sunshine hours were the main weather parameters that affected the
yield of rice in Chhattisgarh. Forecasting Error percent range from -10 to 6 in 2014 and -4
to 8 in 2015.

Sharma et al (2018) attempted to forecast wheat and soybean yield using generated
weather variables in Malwa agroclimatic zone. Three types of variables were generated for
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each weather variable, one as a simple average of weather variables and the other one as a
weighted average of weather variables with correlation coefficients of weather variables in
respective weeks with yield as the weight. Similarly, for the joint effect of weather variables,
interaction variables were generated as the products of weekly weather variables taking two
at a time. The unweighted and weighted indices developed from rainfall, minimum
temperature and maximum temperature were found to be the most influencing factors in
almost all the districts. The model developed for the wheat crop at the pre-harvest stage had
R? ranges from 0.38 to 0.73 at different locations; while it ranges from 0.33 to 0.75 for the

soybean crop.

Das and Kumar (2019) developed a wheat yield forecasting model using weather
variables in Banaskantha district of Gujarat. Simple and weighted weather indices were
generated for each weather variable. The results from stepwise regression analysis revealed
that weather parameters such as weighted relative humidity, weighted product of maximum
and minimum temperature and unweighted product of bright sunshine hours and relative
humidity were found to be the most influencing parameters for wheat yield. The fitted model
had a significant R? (0.67) with a standard error of 168.40. There was a good agreement with
actual and predicted yield while testing the performance of the fitted model with three years

of independent data sets.

Chutiya et al (2021) used a modified Hendrick and Scholl model to forecast winter
rice yield in fourteen districts in the Brahmaputra valley of Assam. The fitted models showed
weighted and unweighted indices associated with maximum temperature, minimum
temperature and interaction of maximum temperature and relative humidity increase the
predictive power of the model for determining winter rice yield in most of the districts. The
interaction of rainfall and maximum temperature showed a positive impact on crop yield in
Lakhimpur and Kamrup districts. The technological trend was found to be a significant

factor in the determination of rice yield in seven districts.

Singh et al (2021) attempted to forecast the yield of wheat, mustard and potato crops
in western districts of Uttar Pradesh using unweighted and weighted weather indices. The
results revealed that rainfall and maximum temperature were the most important parameters
for determining the yield of wheat crop and maximum temperature was the most important
parameter for mustard and potato yield. R? of the fitted models ranged between 0.44 to 0.96
for wheat crop, 0.57 to 0.87 for mustard crop and it ranged between 0.54 and 0.99 for potato.
During the validation of the fitted models, the forecasted yield was in good agreement with

the observed yield for wheat, mustard as well as potato crop.

Review of Literature | 12



2.2 Variable Selection or Dimension Reduction Methodologies

Keong and Keng (2012) established a stepwise multiple regression model by
employing oil palm yield as the dependent variable and agrometeorological variables as
independent variables. The study was conducted at Tun Razak Agricultural Research Centre
at Tekam in the state of Pahang in Malaysia. The study revealed that palm age and Percent
Average Water Holding Capacity (PAWHC) were significant at a 1 percent level of
significance in stepwise multiple regression. The above variables cause 68 percent of the

variability in the oil palm yield.

Yadav et al (2014) applied Principal Component Analysis for developing wheat yield
foresting model using weather variables. Five weekly weather parameters were used to
develop five unweighted and five weighted weather indices, ten unweighted and ten
weighted interaction indices. Four different models were fitted using principal component
analysis by utilizing the above weather indices. In the first model, all thirty indices were
used in principal component analysis and the first six principal components accounted for
90.44 percent of total variance. For the second model, five weighted and five unweighted
weather were used to extract the principal component from which the first three principal
components explained over 75 percent of the total variance. In the third model, five
unweighted weather indices and ten unweighted interactions were used and the first four
principal components explained about 95.36 percent of the variance. In the fourth model,
five weighted weather indices and ten weighted interactions used in principal component
analysis and the first four principal components were accounted for about 85 percent of total
variance. Four multiple linear regressions were fitted by taking yield as the dependent
variable and the principal components selected from the above four methods were used as
independent variables. The first model that was developed by utilizing all the thirty indices
while extracting principal components was found to be the best-fitted model with the highest
adjusted R?(0.80) and lowest RMSE of 3.378 and Percent Standard Error of Forecast (PSEF)
of 3.19 percent.

Kumar et al (2014) fitted a stepwise multiple linear regression model to forecast the
paddy and wheat yield of the Navsari and Bharuch districts of Gujarat. The generated
weather variables were considered for the analysis. The results from stepwise regression
analysis revealed that bright sunshine hours, evaporation and rainfall were significant at
Navsari, while maximum relative humidity, rainfall and bright sunshine hours showed a
significant effect on the paddy yield of Bharuch. Similarly, for wheat yield, only minimum
temperature was significant for Navsari while maximum temperature and minimum

temperature showed a significant effect for Bharuch.
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Azfar et al (2015) applied Principal Component Analysis (PCA) to forecast mustard
and rapeseed yield using weather parameters in the Faizabad district of Uttar Pradesh. Six
different models were fitted as follows, using unweighted weather indices of six weather
variables, using weighted weather indices of weather variables, using all 42 weather indices
(including interaction indices) of weather variables, using weighted and unweighted weather
indices, using unweighted and unweighted interaction of six weather variables and the final
model with weighted and weighted interaction of weather variables to generate principal
components. The result revealed that the model fitted with principal components generated
using all 42 weather indices (including interaction indices) of weather variables was found
to be the appropriate model with the highest R? (0.86) and lowest RMSE value (1.29 quintal
per hectare). During validation, the same model has a very low percent deviation of 5.66

percent from the actual yield.

Goyal (2018) compared stepwise regression with weather parameters as regressors
and with principal component scores as regressors to forecast wheat yield in selected districts
of Haryana state. The result revealed that principal component analysis offered a substantial
improvement over the least squares regression method in the presence of multicollinearity.
The estimated yield from the selected models indicated a good agreement with actual wheat
yield by showing only 2 to 10 percent average deviations in most of the districts except
Panchkula district.

Hu et al (2018) used Partial Least Square Regression (PLSR) method to determine
the factors controlling winter wheat yield. The experiment was done at Key State
Agroecological Experimental Station in Shaanxi province of China. Cross-validation was
used to determine the number of significant PLSR components. The results revealed that the
first two components cumulatively explained about 94.3 percent of the total variance in
wheat yield. The study suggested that the PLSR methodology is beneficial as it helps to
eliminate co-dependency among independent variables and allows a less biased view of the
contributions of factors to the wheat yield.

Banakara et al (2019) fitted forecasting models for kharif rice yield in the Navsari
district of Gujarat using principal component analysis and multiple linear regression
techniques. The principal components were extracted from fifteen unweighted and fifteen
weighted weather indices. The decision on the number of principal components to be
retained was taken by considering Kaiser's criteria and scree plot methods. Five principal
components were retained as their eigenvalues were greater than unity. The cumulative
variation of the first five components was about 93 percent. Multiple linear regression

technique was applied by taking weather indices as predictors. A stepwise regression
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procedure was also applied to select significant indices. It was found that weighted
interaction between rainfall and morning relative humidity, simple weighted morning
relative humidity, weighted interaction between rainfall and maximum temperature and
simple weighted minimum temperature along with time trend were found to have significant
effect on kharif rice. From the results, it was found that multiple linear regression was
superior as compared with principal component analysis for forecasting kharif rice yield.

Kumar et al (2019) attempted to compare stepwise regression with principal
component regression for rice yield forecasting. From the results, it was found that principal
component regression performs better with less mean square error and less percentage
standard deviation than the stepwise multiple regression. The coefficient of determination of
PCR was 0.92 percent which was higher than the coefficient of determination of stepwise

multiple regression (0.85).

Sujaritha et al (2019) made a comparative study on Partial Least Squares Regression
(PLSR) analysis and Principal Component Analysis (PCA) on a publicly available dataset
named octane dataset, where spectral data of gasoline with 401 other attributes are provided.
From the results, it was identified that the number of components required by the PLSR is
comparatively lesser than PCA for the same level of accuracy of the model. The study
concluded that the partial least squares regression method yields better prediction than the

principal component regression model.

Bahrami et al (2020) used backward multiple linear regression to select the effective
weather parameters influencing rainfed wheat yield in the Fars province of south Iran. The
results indicated that the backward elimination procedure performs better than the forward
selection in the multiple linear regression with a comparatively high R? value. The minimum
relative humidity, rainy days and average relative humidity have a significant impact on

rainfed wheat yield.

Duan et al (2020) applied Partial Least Squares Regression (PLSR) technique to
identify factors affecting rice yield in Southern China. The study was conducted to quantify
the influence of climatic, soil properties, geographic attributes and fertilizer types on rice
yield and to identify the dominant control factors on rice yield in southern China. As these
factors exhibit collinearity among themselves, PLSR was applied to elucidate the linkages
between annual rice yield and 34 measured variables. These results indicate that these factors
explained 57 to 85 percent of the variation in rice yield in different regions of Southern
China. The study suggested that the PLSR method is beneficial as it partially eliminates the
effect of multicollinearity among the independent variables and reduces bias in the
contribution of the factors to rice yield.
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Nain et al (2021) applied principal component regression to forecast rice yield using
agrometeorological indices in the Karnal district of Haryana. The principal component
analysis was used to address the problem of multicollinearity. Thirty indices composed of
five unweighted weather indices, five weighted weather indices, ten weighted interaction
indices and ten unweighted interaction indices were used to obtain principal components.
The first twelve principal components that explain about 83 percent of the variation of the
original variables were used in the final model. The multiple regression model with principal
component scores as regressor showed a coefficient of determination of 0.79, whereas the
multiple regression model with original variables was with low coefficient of determination
(0.58). The study concluded that principal component scores derived from weather indices
as predictor variables help to obtain better yield estimates.

2.3 Crop Yield Forecasting Models

Chen et al (2015) assessed the performance of Support Vector Regression (SVR)
with Artificial Neural Network (ANN) and Multiple Linear Regression (MLR) models for
predicting rice yield in southwestern China. Three commonly used kernel functions of SVR
viz. linear, polynomial and radial basis functions were explored. The radial basis function
was the best-performing kernel in SVR with the lowest Mean Absolute Error (MAE) of 0.39
t ha ', Relative Root Mean Square Error (RRMSE) of 7.19 percent and the highest R? of
0.56. The results revealed that the Support Vector Regression (SVR) model with radial basis
kernel outperformed ANN and MLR.

Das et al (2018) examined multiple linear and penalized regression models along
with a neural network model for forecasting rice yield using weather parameters of the west
coast of India. The study examined Stepwise Multiple Linear Regression (SMLR), penalized
regression models viz. Least Absolute Shrinkage and Selection Operator (LASSO) and
Elastic Net (ENET) and Artificial Neural Network (ANN) model solely and also in
combination with principal components scores (PCA-ANN) to overcome the problem of
multicollinearity. The tuning parameter alpha value was set at 1 for LASSO and it was 0.5
for ENET. The principal components having eigenvalues greater than one were selected
which were able to explain more than 90 percent variability present in the original dataset in
all the districts. The number of PCs retained ranged between 6 and 9. The optimum number
of hidden neurons in ANN was varied between 1 and 12. It was identified that the number
of hidden layers neurons was less in the PCA-ANN model as compared to the ANN model
since the number of inputs was less in PCA-ANN. The results revealed that the ANN model
performed better during calibration but it was worse during validation which indicated
overfitting of the data. LASSO and ENET models outperformed the other models in both
the calibration and validation stages. It was concluded that the better performance of the
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LASSO and ENET model was due to penalization of the magnitude of regression
coefficients with feature selection which prevents overfitting of the data. Hence, it was
suggested that penalized models viz. LASSO and ENET can be effectively utilized for

weather-based rice yield forecasting.

Oguntunde et al (2018) compared Support Vector Machine Regression (SVR) with
Multiple Linear Regression (MLR) for the prediction of rice yield using thirty-three climatic
variables of southern Nigeria. Both the models were fitted with original weather variables
and principal components as well. The first eight principal components exhibited an
eigenvalue greater than one which were cumulatively explained 83.10 percent variation in
the original variables. In MLR, Solar radiation, humidity and evaporation were found to be
the most significant variables which explained 68 percent of the variation in rice yield. While
fitting MLR with principal component scores as independent variables, only the first
principal component was significant which explained 64 percent variation. The SVR model
using original variables yielded a coefficient of determination of 0.87, whereas the SVR
model using principal component scores yielded a coefficient of determination of 0.75 only.
The results revealed that SVR using all candidate predictor variables reduced the risk of

over-fitting compared to MLR.

Parviz (2018) assessed the prediction accuracy of Multiple Linear Regression (MLR)
and Support Vector Regression (SVR) models for barley crop yield in three provinces of
Iran. Mean air temperature, minimum air temperature, maximum air temperature,
precipitation and windspeed were used as input variables. Sensitivity analysis was done to
select the optimal kernel for SVR. Linear, polynomial, Gaussian Radial basis and sigmoidal
kernel function were explored. Low Relative Root Mean Square Error (RRMSE) and Mean
Absolute Error (MAE) were obtained with linear kernel function in Zanjan and Gilan
provinces and for Yazd provinces, minimum RRMSE and MAE were obtained with
sigmoidal kernel function. The respective kernels were used to fit the SVR model. There
was a decrease in RRMSE and MAE of SVR compared to MLR in all three provinces. The
study concluded that SVR performed better for barley yield forecasting.

Alkaff et al (2019) explored the Support Vector Regression (SVR) model for
forecasting wetland rice yield in South Kalimantan Province of Indonesia. Radial Basis
Function (RBF) kernel with various combinations of parameters were examined. The results
revealed that the SVR model fitted with RBF kernel with parameters of C=1.0,
epsilon=0.002 and gamma=0.2 was the best fitted model with R? of 0.98 and RMSE value

of 0.13. During validation of the model, the predicted yield was closer to the actual yield.
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Hence, it was concluded that the Support Vector Regression model can be applied to forecast

rice yield using climate variables.

Guo et al (2020) compared the performance of different machine learning models
with traditional regression models for predicting rice yield using climate, phenology and
geographic data of 75 Agrometeorological Experimental Stations in South China. Three
machine learning methods namely Backpropagation Neural Network, Support Vector
Machine Regression and Random Forest were fitted to the training dataset. It was found that
the machine learning models performed better than the traditional regression model because
of built-in non-linear relationships between rice yield and independent variables. More
specifically, the performance of Support Vector Machine Regression and Random Forest
models was better than Backpropagation Neural Networks. It was iterated that the poor
performance of the backpropagation method may be due to the gradient steepest descent

algorithm which would lead to a local minimum.

Kumar et al (2019) compared the Least Absolute Shrinkage and Selection Operator
(LASSO) with stepwise regression for wheat yield forecasting. Thirty different unweighted
and weighted indices that developed from the individual, as well as joint effects of five
weather variables, were used as independent variables. Only two indices along with time
trend were significant in stepwise regression and these variables were able to explain only
85 percent of variation in the wheat yield. The optimal LASSO model was fitted with five
indices and a time trend which were able to explain 95 percent of the variation in the wheat
yield. The percent error of the LASSO model was less than stepwise regression while
validating the models. Hence, it was concluded that the LASSO model performed better than

the stepwise regression model for forecasting wheat yield.

Singh et al (2019) applied the Least Absolute Shrinkage and Selection Operator
(LASSO) model for forecasting wheat yield using weather indices. The performance of the
LASSO model was compared with stepwise regression. The R? of LASSO regression was
0.85 which is slightly higher than stepwise regression (0.84). The Mean Square Error (MSE)
and Root Mean Square Error (RMSE) of the LASSO model were 13385.20 and 115.70
respectively which were comparatively lower than the stepwise regression model. Hence, it
was concluded that LASSO regression gives a better prediction model for wheat crop yield

compared to stepwise regression.

Das et al (2020) evaluated different weather-based linear and nonlinear models for
the prediction of coconut yield on the west coast of India. Linear models viz. Stepwise
Multiple Linear Regression (SMLR), Principal Component Analysis in combination with
SMLR (PCA-SMLR), Least Absolute Shrinkage and Selection Operator (LASSO) and
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Elastic Net (ENET) and nonlinear models namely Artificial Neural Network (ANN) with
original variables and in combination with principal component scores (PCA-ANN) were
employed. The number of principal components retained in the PCA-SMLR model varied
between four to seven which was able to explain about 90 percent variability of the original
dataset. The number of hidden layers in ANN was five for Ratnagiri and North Goa and it
was eleven for Dakshina Kannada and Kannur. The R? and RMSE of the fitted models
ranged between 0.45-0.99 and 18-3624 nuts ha® respectively. The Absolute Percentage
Error (APE) varied between 0.12 and 58.21 percent during validation. It was identified that
the performance of SMLR and ANN using principal component scores as regressors was
poor as compared with SMLR and ANN using original variables. This may be due to the
exclusion of some components that explain less than 5 percent of variance which may have
high predictive power in the regression model. The overall performance of the models was
in the order of ENET > LASSO > ANN > SMLR > PCA-SMLR > PCA-ANN. It was

concluded that the ENET model could be utilized for coconut yield prediction.

Abbas et al (2020) applied Linear Regression (LR), k-Nearest Neighbour (k-NN),
Elastic net (ENET) and Support Vector Regression (SVR) for predicting potato tuber yield
using soil and crop properties collected through proximal sensing. The study was conducted
at six fields in Atlantic Canada. The whole dataset was partitioned into 80 percent and 20
percent for training and testing sets respectively. SVR model was fitted with a linear kernel
function. For fitting ENET model, the penalty parameter value was fixed at 0.5. The highest
R? was obtained in the SVR model with a slightly higher standard deviation of 0.07 in
comparison with LR and EN. The lowest MAE and RMSE were also recorded in SVR
model. Hence, it was concluded that the SVR model outperformed all other models. The
reason behind the better performance of the SVR model was attributed to the better
optimization provided by the SVR algorithm for a high number of variables. Also, additional
functionality of the kernel in SVR improved the model's ability for predictions by
understanding the nature of each feature.

Amaratunga et al (2020) compared the performance of three training algorithms in
an Artificial Neural Network for predicting paddy yield in major growing areas of Sri Lanka
using climate data. Three training algorithms considered for the study were Levenberg-
Marquardt (LM), Scaled Conjugated Gradient (SCG) and Bayesian Regularization (BR).
The results revealed that the LM training algorithm performed better compared to the other
two algorithms. All three training algorithms were performed well with low Mean Square
Error (MSE) in terms of validation. However, LM and SCG algorithms were better in terms
of a smaller number of epochs and computational time. Hence, it was concluded that the LM
training algorithm was performed better for determining the relationship between climatic
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factors and paddy yield with an MSE value closer to zero with a smaller number of epochs

within less computational time.

Sridhara et al (2020) compared neural networks, stepwise linear regression and
penalized regression models for forecasting rabi sorghum yield in Karnataka. Six statistical
models viz. Ridge Regression (RR), Least Absolute Shrinkage and Selection Operator
(LASSO), Elastic Net (ENET), Principal Component Analysis in combination with Stepwise
Multiple Linear Regression (PCA_SMLR), Artificial Neural Network (ANN) alone and in
combination with PCA (PCA_ANN). The results revealed that LASSO and ENET models
were found to be the best-fitted models with R? greater than 0.90 for most of the districts.
During validation of the fitted model, LASSO was the best model based on the nNRMSE value
followed by ENET compared to PCA_SMLR, RR, ANN and PCA_ANN. It was attributed
that LASSO and ENET models performed better by preventing overfitting of the model and
reducing regression coefficient values by penalization imposed by them. It was concluded
that LASSO and ENET models can be effectively utilized for district-level weather-based
crop yield forecasting purposes.

Abhinaya et al (2021) applied penalized regression models to predict groundnut yield
using weather indices in the Coimbatore district of Tamil Nadu. Penalized regression models
viz. Ridge Regression, Least Absolute Selection and Shrinkage Operator (LASSO) and
Elastic Net (ENET) were fitted by taking yearly groundnut yield as dependent variable and
various weather indices as independent variables. While evaluating of performance of the
fitted models using goodness of fit criteria, it was found that all three penalized regression
models provided a better fit to the data. The multiple linear regression showed comparatively
lesser R? and high error values due to lack of fit. Hence, it was concluded that the penalized
regression models are the better alternatives to the classical linear regression model to deal

with the problem of multicollinearity.

Guo et al (2021) made an attempt to predict rice yield using Artificial Neural
Network (ANN) and Partial Least Square Regression (PLSR) based on agronomic and
climatic variables in East China. Feed-Forward Backpropagation Neural networks (FFBN)
was employed. The FFBN model having one hidden layer with 29 neurons showed better
prediction performance. FFBN model had comparative higher R? of 0.86 than PLSR (0.75).
The root Mean Square Error of PLSR and FFBN were 0.44 and 0.54 t ha! respectively. It
was concluded that the nonlinear ANN model performed better than a linear model for yield

prediction with a complex input context.

Paidipati et al (2021) explored various kernels in Support Vector Regression (SVR)
to assess nonlinear patterns in rice yield. The SVR model was fitted with linear, polynomial
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and radial basis function kernels to predict rice yield data of India and also five leading rice-
producing states. The performance of various kernels was assessed by cross-validation and
hyperparameter optimization. A grid search optimization technique and 10-fold cross-
validation were used to optimize the hyperparameters. For the overall India level, linear
kernel with cost function C = 1.1 performed better with error validation such as RMSE of
27.52 and 31.05 and MAE of 23.05 and 22.72 for training and testing datasets respectively.
For the training dataset of all the five states, the polynomial kernel performed better by
allocating predefined parameters such as degree of polynomial de(1, 5), Cost Ce(0.05, 1.1)
and scale parameter Ye(0.05,0.5). Similarly, the polynomial kernel was the best with the
same parameters for a testing dataset of four states viz. Uttar Pradesh, Punjab, Bihar and
Tamil Nadu. For the testing set of West Bengal, the linear kernel performed better with cost
function C=1.05. Hence, it was concluded linear and polynomial kernels can be exploited in
the SVR model for forecasting rice yield of overall India and leasing states.

Shafiee et al (2021) compared Support Vector Regression (SVR) with the Least
Absolute Shrinkage and Selection Operator (LASSO) model for predicting spring wheat
yield. The study was conducted at VVollebekk Research Farm at the Norwegian University of
Life Sciences in South-Eastern Norway. Separate models were fitted for 47, 54 and 70 days
after sowing and also for pooled data. Radial Based Function (RBF) kernel function was
found to be most appropriate in SVR for all dates, whereas the linear kernel function was
chosen as the best kernel for pooled data. The LASSO model was able to predict the wheat
grain yield with R? of 0.82, 0.81 and 0.86 and Mean Square Error (MSE) of 0.25, 0.23 and
0.19 respectively for 47, 54 and 70 days after sowing respectively. The SVR model was
having R? of 0.80, 0.81 and 0.81 and MSE of 0.26, 0.26, and 0.23 respectively. The R? for
pooled data was about 0.90 for both models and MSE values were also equal to 0.14. The
above results revealed that the performance of both models was increased for pooled data. It
was concluded that the LASSO model provides similar results as compared to SVR with

much less computation time.

Vashisth (2021) compared three machine learning models namely, Artificial Neural
Network (ANN), Support Vector Regression (SVR) and Random Forest (RF) for district-
level mustard yield prediction using unweighted and weighted weather indices. The models
were fitted using the variables selected from Stepwise Regression (SR) as well as dimension
reduction by Principal Component Analysis (PCA). The results revealed that the models
fitted using principal components as the input were performed better than the indices selected
using stepwise regression. The SVR model performed well under both SR as well as PCA

variable reduction conditions. Among the six fitted models, the PCA-SVR model
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outperformed with comparatively lesser RMSE, MAE and nRMSE in both the calibration
and validation stages.

Wickramasinghe et al (2021) modeled rice yield with climate variables of major
regions of Sri Lanka using various statistical and machine learning techniques. The fitted
models were Artificial Neural Network (ANN), Support Vector Regression (SVR), Gaussian
Process Regression (GPR), Multiple Linear Regression (MLR), Robust Regression (RR) and
Power Regression (PR). The performance of the fitted models was assessed in terms of
coefficient of determination (R?), Mean Squared Error (MSE), Root Mean Squared Error
Ratio (RSR) and bias value. ANN and GPR regression models performed better with R?
values above 0.80 and comparatively less error value. Both the models were performed better
while validation of fitted models with actual yield of all four stations. It was concluded that
the machine learning techniques outperformed conventional statistical methods for modeling

rice yield with weather variables.

Aravind et al (2022) made an attempt to forecast wheat yield using multiple linear
regression, neural network and penalized regression techniques. Unweighted and weighted
weather indices were used as independent variables and wheat crop yield was taken as the
dependent variable for fitting the forecasting model. The models fitted were Stepwise
Multiple Linear Regression (SMLR) with original variables and in combination with
principal component scores, Artificial Neural Network (ANN) model alone and combination
with principal component scores, Least Absolute Shrinkage and Selection Operator
(LASSO) and Elastic Net (ENET). Seventy percent of data were utilized for model training
and the remaining data were used for model validation. On comparison of these fitted
models, LASSO and Elastic Net performed better with an nRMSE value of less than 10
percent for four out of five locations. The study concluded that the penalized models viz.
LASSO and Elastic Net performed better by avoiding the problem of overfitting as it reduces
regression coefficients by imposing penalties.

Kakati et al (2022) made an attempt to forecast rapeseed and mustard yield using
Multiple Linear Regression (MLR) and Artificial Neural Network (ANN) techniques in
fifteen districts in the Brahmaputra valley of Assam. Out of the twenty-seven years of data,
the first twenty-five years of data were utilized for model calibration, and the remaining two
years (2017-18 and 2018-2019) data were used for validation purposes. Thirty-one weather
indices developed from five weather parameters and trend variables were used as input
variables. The results revealed that ANN models were found to have greater R? values over
MLR except in 3 districts. Similarly, a profound improvement was observed in the RMSE
of ANN models. During validation of the fitted models, it was observed that the percent error
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between observed yield and predicted yield by ANN were within 5 percent in more than 80
percent of the districts. Hence, it was concluded that the weather-based ANN model was
found to give a more accurate prediction of rapeseed and mustard yield in the Brahmaputra

valley of Assam.

Kittichotsatsawat et al (2022) examined Artificial Neural Network (ANN) and
Multiple Linear Regression (SMLR) models for predicting arabica coffee yield using
weather parameters in the northern part of Thailand. The number of hidden layers in ANN
was fixed as two. The optimum number of neurons in the hidden layers was determined by
trial-and-error method to find the best ANN configuration. The ANN model with two hidden
layers each with eight neurons was best performing configuration with the highest R? of 0.95
and the lowest Root Mean Square Error (RMSE) of 0.07. The MLR model was fitted by
including all four weather parameters. The R? and RMSE were 0.92 and 0.01 respectively.
The study confirmed the general phenomena of higher R? in the ANN model than that of the
MLR model when large datasets were used. The study concluded that both MLR and ANN
models were effective in forecasting arabica coffee yield.

Madeshwaran et al (2022) compared linear and non-linear models for predicting the
yield of the West Coast Tall (WCT) cultivar of coconut in the Coimbatore district of Tamil
Nadu using weather factors. The performance of three linear models viz. Ridge, Least
Absolute Shrinkage Selection Operator (LASSO) and Elastic Net (ENET) regression
methods were compared with the non-linear Artificial Neural Networks (ANN) model. The
sigmoid activation function was utilized while fitting the ANN model. Results revealed that,
in comparison with the nonlinear ANN model, linear models performed better. The
coefficient of determination was comparatively high for ENET (0.98) followed by LASSO
(0.96) and ANN (0.92). The RMSE, MAPE and MAE values were also found to be the least
in the ENET model which were 58.98, 3.04 and 35.89 respectively. Hence it was
recommended that the ENET model could be applied for the prediction of coconut yield.

Setiya et al (2022) compared five statistical and machine learning models for wheat
yield forecasting for seven districts of Uttarakhand using weather indices. Five different
models fitted were Stepwise Multiple Linear Regression (SMLR), Artificial Neural Network
(ANN), Least Absolute Shrinkage and Selection Operator (LASSO), Elastic Net (ENET)
and Ridge Regression (RR). During validation of the fitted models, the ANN model
performed better as compared to other models with the lowest range of RMSE (0.01-0.47)
and nRMSE (0.16-26.17) for all districts. The study also indicated that SMLR, LASSO,
ENET and Ridge Regression models performed better during calibration but not good during
validation of the model which may be attributed to the overfitting of the data. Hence, the
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study concluded that the ANN model was found to be the best model for forecasting wheat
yield for the study region.

Tasan et al (2022) explored the performance of five machine-learning models to
predict eggplant yield. The study was carried out at the Black Sea Agricultural Research
Institute of northern Turkey. The machine learning models considered for the study were
Anrtificial Neural Networks (ANN), Support Vector Machines (SVR), Random Forests (RF),
k Nearest Neighbor (KNN) and Adaptive Boosting (AB). Ten vegetative indices were used
as input variables. Principal components derived from these indices were also used as input.
The performance of machine learning models under these two input conditions was
examined. The first two principal components obtained from these ten indices could explain
88.68 percent of the variance in the original data. The activation function used in the ANN
model were Tangent sigmoid and linear functions in the hidden and output layers
respectively. While fitting the SVR model, polynomial and Radial Basis Function (RBF)
kernel functions were used. The results revealed that all machine learning models performed
better with higher accuracy using PCA-based inputs than original input variables. The best
results were obtained with the PCA-ANN model with the highest coefficient of
determination of 0.97, lowest Mean Absolute Error (MAE) of 274.81 kg ha* and Root Mean
Square Error (RMSE) of 352.78 kg ha. The result of the SVR model was also similar to the
ANN model with slightly lower prediction performance. The RF model recorded a poor

performance among the other fitted models.

Satpathi et al (2023) made a comparative study on statistical and machine learning
models for forecasting rice yield in three districts of Chhattisgarh using unweighted and
weighted weather indices. The performance of five models namely Stepwise Multiple Linear
Regression (SMLR), Ridge regression, LASSO, Elastic Net and ANN were evaluated. The
results revealed that the ANN and LASSO models performed better than other models in
both the calibration and validation stages. The Ridge, SMLR and Elastic Net models were
performed well during the calibration of the model but their performance was very poor

during the validation of the models due to an overfitting issue.

Sridhara et al (2023) made an attempt to compare machine learning models such as
Artificial Neural Networks (ANN), Support Vector Machines (SVR) and Random Forests
(RF) with penalized regression models namely, Least Absolute Shrinkage and Selection
Operator (LASSO) and Elastic Net (ENET) to predict Pigeon pea yield using weather
parameters in eleven Pigeon pea growing districts of Karnataka. The study revealed that
maximum temperature and relative humidity were identified as the most important weather

factors influencing the yield of pigeon pea. Among the fitted models, ANN was selected as
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the best model for the prediction of pigeon pea yield with a good model fit and lower error
values. The study concluded that the nonlinear machine learning models outperformed linear
models which indicate the existence of a non-linear association between crop yield and

weather parameters.

Vashisth and Goyal (2023) made an attempt to find the best machine-learning model
to predict mustard yield in the major mustard-growing districts of Rajasthan using
unweighted and weighted weather indices. Artificial Neural Networks (ANN), Support
Vector Machines (SVR) and Random Forests (RF) models were fitted in combination with
Stepwise Regression (SR) and Principal Component Analysis (PCA). Hence, six models
were fitted for each district. The study revealed that the SVR model performed well under
both variable selection methodologies followed by ANN. The study concluded that PCA-
SVR and SR-SVR models can be used to predict the mustard yield at the region level with

comparatively higher accuracy.

*hkkhkkhkhkkiikkkik
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Chapter |11
MATERIALS AND METHODS

This chapter aims to provide a description of the study area, crops under
investigation, description of data and statistical tools and techniques employed in the
analysis. The details of the materials and methods used in this study were discussed under
the following headings.

3.1 Description of Study Area, Crop and Data.

3.2 Weather and Agrometeorological Indices.

3.3 Variable Selection or Dimension Reduction Methodologies.

3.4 Statistical and Machine Learning Models.

3.1 Description of Study Area, Crop and Data
3.1.1 Description of Study Area

The northern part of West Bengal lies under the Eastern Himalayan region. The North
Bengal region lies within the latitude of 24°45°N to 27°20°N and longitude of 87°45’E to
89°50°E. The total geographical area of this region is 21859 square kilometers approximately
which is 24.62% of the state’s geographical area. The northern part of West Bengal
comprises eight districts viz. Cooch Behar, Jalpaiguri, Malda, Uttar Dinajpur, Dakshin
Dinajpur, Alipurduar, Darjeeling and Kalimpong. This region has a great inequality
concerning topological and geographical features. Cooch Behar, Jalpaiguri and Alipurduar
districts are characterized by a mixture of plains and hill landscapes while Darjeeling and
Kalimpong districts are almost lies in hilly areas. Uttar Dinajpur, Dakshin Dinajpur and

Malda districts are riverine plains.

This region is not well industrialized. Agriculture practices are the mainstay of the
economy in this region (Paul and Paul, 2020). The plain areas of this region are being utilized
for the intensive cultivation of various crops in different seasons. The overall soil status of
this region is high organic matter, acidic pH, moderate nitrogen, phosphorus and potassium,

high organic carbon and low sulphur and silicon content (Kunda et al 2021, Pati et al 2021).

The North Bengal region is dominated by cereal-based cropping system followed by
the vegetable and jute-based system (Chatterjee et al 2013). There was a positive growth
rate of 1.11%, 6.50% and 2.74% per year in the cultivation area of Wheat, Potato and
Rapeseed-Mustard crops respectively in the North Bengal region in the last 40 years while
Rice and Jute crops has experienced a negative growth in terms of cultivation area. The yield
of Rice, Wheat, Potato, Jute and Rapeseed-Mustard achieved a positive growth rate of
2.72%, 1.04%, 4.53%, 2.56% and 1.15% per year respectively (Lepcha et al 2020). There is
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a great diversity in the productively of principal crops over different districts of this region
(Aktar, 2015).

Based on the availability of long-term weather and crop yield data, four northern
districts of West Bengal namely Cooch Behar, Jalpaiguri, Malda and Uttar Dinajpur are
considered for the study. Cooch Behar and Jalpaiguri districts belong to the Terai zone and
Malda and Uttar Dinajpur are in the Old Alluvial zone of West Bengal.

sove move
1 1

N Bhutan 3
Assam

wov N
1

Jalpaiguri

Bihar

000N
1

1000 N
1

Bangladesh

- Malda
k
1 1 E
L A o 37.5 7 150 KM E
;- _3 L 1 1 1 I} L L L |
. i s ¥*  Legend
E' [ ndia
g_ I West Bengal
l Jalpaiguri
;_ - Cooch Behar
E Malda
g L_ Uttar Dinajpur
]
Fig 3.1 Study Area Map

3.1.2 Description of Selected Crops
Five majorly cultivated crops in terms of larger cultivation area in North Bengal viz.

Rice, Wheat, Potato, Jute and Rapeseed-Mustard are selected for the present study.

3.1.2.1 Rice

Rice growing seasons in West Bengal are Aus (Autumn Rice), Aman (Winter Rice)
and Boro (Summer). Winter rice is the major rice growing season in the Northern district of
West Bengal. It is also known as Aman Rice. Generally, the sowing of winter rice starts
during July to August and the ideal period for harvest is November or December. The name
winter rice came as the harvesting takes place during the winter season. Aman season rice is
the dominating rice season compared to the Aus and Boro seasons. The Aman Rice crop is
grown in a 656.26 thousand hectares area in the north Bengal region that produces 16.96
lakh tonnes of rice grains with an average productivity of 2585 kg ha™'. There was a declining

trend in the cultivation area of Aman rice in this region because of crop diversification.
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3.1.2.2 Wheat

Wheat crop is grown in the winter season as a rabi crop. Sowing of winter wheat
takes place in the month of November-December and harvesting is done in March-April
(Poddar et al 2022). The prevalence of cold weather conditions during the early stage of the
crop and hot weather at the harvesting stage is suitable for wheat cultivation in this region.
The wheat crop is grown in a 45.32 thousand hectares area in the north Bengal region that
produces 1.09 lakh tonnes of wheat grains with an average productivity of 2403 kg hal.
There is a declining trend in wheat cultivation in the West Bengal state as a whole as well
as in North Bengal. Due to the effects of environmental factors, a huge gap between the
actual and potential yield of Wheat crop is observed in this region (Mukherjee and Huda,
2018).

3.1.2.3 Potato

Potato crop is mostly grown in the Rabi season in this region. Cooch Behar and
Jalpaiguri are major potato-growing districts in North Bengal (Singh et al 2009). The potato
crop is grown in 85.82 thousand hectares area in north Bengal region that produces 27.05
lakh tonnes of potato tubers with an average productivity of 31.52 tonnes ha™'. The humid
sub-tropical climate of North Bengal is conducive to the growth of potato crop (Roy, 2019).
The environmental factors of the region greatly influence the growth and development of
potato crop which plays a vital role in determining tuber yield. Drought Tolerance Index and
Heat Tolerance Index are low in potato crop in this region (Pradel et al 2019). The number
of favorable days for potato crop is expected to decrease due to the impact of climate change

in this region (Luck et al 2012).

3.1.2.4 Jute

Jute is an important commercial cash crop grown by the majority of the marginal and
small farmers of West Bengal state. West Bengal contributes four-fifths of jute production
and three-fourths of cultivation area of the country (Barman and Anoop, 2023). The jute crop
i1s grown in 134.88 thousand hectares area in the north Bengal region that produces 18.73
lakh bales of jute produce with an average productivity of 13.89 bales ha™. The crop is
growing in the pre-kharif season from March to July in this region (Roy et a/ 2018, Kale et
al 2023). Jute crop in West Bengal is often exposed to climate risk (Murthy et al 2022).
Climatic condition during the growing period particularly temperature, rainfall and humidity
plays a significant role in the occurrence major pests of Jute crop in this region (Rahman and
Khan, 2012). The declining trend in rainfall during the March-April months necessitates
high water requirements during the earlier stage of the crop for better establishment of the

crop (Barman et al 2014).
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3.1.2.5 Rapeseed-Mustard

Rapeseed-Mustard is one of the important oilseed crops that is grown in the Rabi
season as a rainfed crop in North Bengal (Barma et al 2021). The rapeseed-mustard crop is
grown in 141.81 thousand hectares area in the north Bengal region and produces 1.58 lakh
tonnes of grains with an average productivity of 1112 kg ha!. The productivity efficiency of
rapeseed-mustard crop is low in this region (Sur et al 2023). Temperature and humidity are
the most influencing factors that cause the incidence of major pests and diseases of the crop.
The major pests of the crop namely Sawflies and Aphids appear during the second fortnight

of January and February in this region (Pal and Debnath, 2020).

3.1.3 Data Sources

The yearly yield data on selected crops in each of the selected districts from the year
1997-98 to 2020-21 have been collected from the Directorate of Economics and Statistics,
Ministry of Agriculture & Farmers Welfare, Govt. of India. Weekly weather data of these
districts have been collected from the Indian Regional Meteorological Centre, Kolkata. The
weather parameters considered for the study are maximum temperature, minimum
temperature, relative humidity, rainfall and windspeed.

Weekly weather data of the period in which a particular crop is grown are used to
develop yearly weather indices for each crop. The crop growing periods of each crop in
terms of Standard Meteorological Week (SMW) are given in table 3.1.

Table 3.1 The growing period of selected crops in the study region

Crop growing period

NS(')_ Crop Crop growing period in Standard Meteorological
Week (SMW)
Rice (Aman) Seco.nd fortnight of June to first 261 SMW to 451 SMW
fortnight of November
2. Wheat Second fortnight of November to 47" SMW of a year to 111"
first fortnight of March SMW of next year
3. Potato Second fortnight of November to 47" SMW of a year to 111"
first fortnight of March SMW of next year
4.  Jute Second fortn_lght of March to 12t SMW to 251 SMW
second fortnight of June
5. Rapeseed- Second fortnight of November to 47" SMW of a year to 11%"
Mustard first fortnight of March SMW of next year
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3.2 Weather and Agrometeorological Indices
3.2.1 Calculation of Agrometeorological Indices to study the climate suitability of the
study area for cultivation of crops
The agrometeorological indices are indicators for the climate suitability of a location
for the cultivation of crops (Charalampopoulos, 2021). In the present study, the following
agrometeorological indices have been calculated for each crop in each district to assess the
climate suitability for potential cultivation of the selected crops in the study area in

agrometeorological point of view.

3.2.1.1 Growing Degree Days (GDD)
A degree day is the mean temperature above the base temperature. It measures the
abundance of thermal energy for crop growth. The GDD is an indicator of accumulated heat

units in the crop. The unit of GDD is degree days (° days)

GDD = Y- min _ T, ..(3.1)

where Tmax is the Maximum temperature, Tmin is the minimum temperature and Ty
is the base temperature of a crop. The base temperature is the threshold temperature for crop
growth below which the growth and development of the crop are affected significantly. The
base temperature of the winter crop is 5°C (Verma et al 2003) whereas it is 10°C for Kharif
crops (Chaudhari et al 2019).

3.2.1.2 Relative Temperature Disparity (RTD)
The Relative Temperature Disparity (RTD) is a relative measure of temperature

variation which is expressed in percentage.

RTD = (F22tmin) x 109 ..(3.2)

max

3.2.1.3 Diurnal Temperature Range (DTR)
The Diurnal Temperature Range (DTR) measures the temperature variation within a
day. The diurnal temperature difference is the measure of the thermal restriction factor for

the potential cultivation of crops.
DTR = Tpax — Timin ...(3.3)

3.2.1.4 Number of Rainy Days
A day in which the rainfall is greater than or equal to 2.5 mm is termed as a rainy

day as per the Indian Meteorological Department (IMD) (Kumar and Jain, 2011)
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3.2.2 Calculation of different Weather Indices

Three types of yearly weather indices have been calculated for each crop in each
district.
3.2.2.1 Unweighted-Indices

Unweighted indices are the simple average of weekly weather variables of the weeks
in which the crop is grown.

2k Xijk

Uy =— ..(3.4)

where, Ujj is unweighted weather index for j" weather parameter in i" year, Xij is
the observation of j" weather parameter in k™ week of i year and m is the number of weeks

in which the crop is grown

3.2.2.2 Correlation-coefficient based Weighted Weather-Indices
The correlation coefficient based weighted indices are calculated as follows,

m
_ Xk=1 Tk Xijk

CCyi =

..(3.5)

where, CCjj is correlation coefficient based weighted weather index for j™ weather
parameter in i year and rj is the correlation coefficient between crop yield and j™ weather

parameter at k™" week.

The yield is to be detrended before calculating correlation coefficient if there exists
a significant trend in the yield (Agarwal et al 1986). Detrended yield represents only actual
effect of weather factors after removing trend causing factors over the years such as release

of improved high yielding varieties and agronomic practices etc. (Huzsvai et al 2022).

Mann Kendal (MK) test is the most commonly used non parametric test to detect the
presence of monotonic trend in the time series data (Wang et al 2020). The null hypothesis
of the MK test is that there is no trend in the data (Gadedjisso-Tossou et al 2021). Modified
Mann Kendal test is the robust test than MK test for trend estimation in the presence of
autocorrelation in the data (Yue and Wang 2004, Hamed and Rao, 1997). The Sen’s slope
is another non-parametric method to estimate the magnitude of trend which measures the

change per unit time (Kurigi et al 2020).

The presence of trend in the crop yield data has been tested using Modified Mann
Kendal test and the change per year in the yield has been quantified using Sen’s slope
method. The detrending of yield has been done by subtracting predicted yield from actual
yield where the predicted yield has to be obtained by regressing the yield using year number

as the explanatory variable (Sridhara et al 2020).
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3.2.2.3 Path-coefficient based Weighted Weather-Indices
The correlation between an explanatory variable and response variable is the sum of
direct and indirect effects of that particular explanatory variable. Path analysis partitions the
correlation-coefficient into two components viz. direct and indirect effects (Freedman,
1987). The path-coefficient accounts for only the direct effect of an explanatory variable on
the response variable (Alwin and Hauser, 1975). Hence path-coefficient based weighted-
indices are proposed as the weighted average of weather variables where weight being the
path-coefficient.
_ 2k=1DPjk- Xijk

PC, =
) k1 Pjk

.. (3.6)

where, PCjj is path coefficient based weighted weather index for j weather
parameter in i"" year and pjk is the path-coefficient between detrended crop yield and j™"

weather parameter at k™ week.

3.2.2.3 a) Path Analysis

Path analysis was first developed by Sewall Wright as a method to measure direct
influence of causes as sperate path in a system to find degree to which variation of a given
effect is determined by each particular cause. Path analysis is a multivariate statistical
analysis widely applied in the context of cause-and-effect relationship in the system of

interrelated variables (Deway and Lu, 1959).

In path analysis, independent variables or exogeneous variables are the determining
variables and the variables determined by those are response variables or endogenous
variables. The exogenous variables may be correlated among themselves. In contrast to the
exogenous subset of variables, the total variation of the ultimate endogenous variable is
assumed to be determined by some linear combination of exogeneous variables and other
endogenous variables in the system if any, provided that the other endogenous variables in
turn depend on the exogeneous variables and any further endogenous variables (Wright,
1960). That is, the ultimate endogenous variable is determined by the exogenous variables
directly and/or through any other exogeneous variable(s). The undetermined variation of the
ultimate exogeneous variable is accounted to the residual variable which is assumed to be

uncorrelated with all the variables in the system.

Thus, path analysis examines an entire structure of interrelationship among a set of
variables. It is able to handle not only simple direct causal relationships between variables
but also any number of indirect causes and unanalysed relationships (Duffy et al 1981). Path
analysis focuses on the problem of interpretation rather than a method for discovering causes
(Wright, 1934).
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The correlation between an independent variable and response variable is additive
effect of direct and indirect effect of that particular independent variable. Further, the
coefficient of correlation of two variables is the sum of products of path coefficients of all
the chains that connecting the two variables (Niles, 1922, Li, 1968).

Indirect effects of independent variable on a response variable are those parts of its
total effect which are transmitted or mediated via variables specified as intervening between
cause and effect of interest in a model. Direct effect of is part of its total effect that it is not

transmitted via any other intermittent variables.

Let there are ‘k’ independent variables X1, Xa..., Xk and a response variable Y. The

correlation between X; and Y is given as

COV(Xl,Y) _ COV(Xl,X1+X2+"‘+Xk+R)

Y T Nar)var) | JVar®p)var() -(37)

- \/% ot \/Vzcr’zg)l.é(;r)w) + \/V;:ro(‘),((:;.l\'lzi(Y) +-(38)
Var(X,) ri12+/Var(Xy).Var(X;) rik-+/Var(Xy).Var(Xy)

= NaGovarw | Wartovary T T Varcovar O

= Z—$+r12.z—i+---+r1k.2—: ...(3.10)

1y = P1y + I12.Poy + -+ + I Pry ...(3.11)

where,
D1y, Pa2y,- .- and pyy are the path coefficients of X1, Xo... and Xk respectively.

1y, I'1y,... and ryy are the correlation coefficient between Y and X1, Xo... and Xk

respectively.

R is unexplained part that is, Residual which is uncorrelated with any of the

variables in the model.

Similarly,
Iy = I12.P1y + P2y + =+ I'zp. Pry ...(3.12)
and so on,
Tky = I'ip.P1y + T2p- P2y + =+ + Pky ...(3.13)
The solution of these system of simultaneous equations provides the direct and
indirect effect of independent variables on response variable (Turner and Stevens, 1959).

The above equations can also be written in the matrix form as
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Ty "1 T2 Nk P1y

e T L Y (314)
rI:tY rl.cl T'I'cz " rl.ck Pllcy
Since r1=1y, ... = 1 = 1, the above equation can be rewritten as
Tiy (O 7 T 1" 12%%
ot b T (P ...(3.15)
Ty r,;l r,;z 1 Piey
C A P
Then,C=AXP ...(3.16)

The matrix A is a symmetrical about the diagonal. The elements of column vector C
represent estimated values of the correlation coefficients between dependent variables and
response variable. The elements of the column vector P represent the path coefficients to be
estimated as follows (Mitchell, 1969),

P=AlxC ..(3.17)

The diagonal elements in the resulted matrix P are the direct effects and the off-

diagonal elements are the indirect effects.

Since there are five weather parameters, five unweighted, five correlation
coefficients based and five path coefficient based weighted weather indices are developed
as given in the table 3.2. The correlation coefficient based weighted indices are prefixed with

CC and path coefficient based weighted indices are prefixed with PC.

Table 3.2 Description of Unweighted and Weighted Weather Indices

Indices Description
Tmax Unweighted index of Maximum Temperature
Tmin Unweighted index of Minimum Temperature
RH Unweighted index of Relative Humidity
WS Unweighted index of Windspeed
RF Unweighted index of Rainfall

CC_Tmax Correlation Coefficient based weighted index of Maximum Temperature

CC_Tmin Correlation Coefficient based weighted index of Minimum Temperature

CC_RH Correlation Coefficient based weighted index of Relative Humidity

CC_WS Correlation Coefficient based weighted index of Windspeed

CC_RF Correlation Coefficient based weighted index of Rainfall

PC_Tmax Path Coefficient based weighted index of Maximum Temperature

PC_Tmin Path Coefficient based weighted index of Minimum Temperature

PC RH Path Coefficient based weighted index of Relative Humidity

PC_WS Path Coefficient based weighted index of Windspeed

[y [ Y SRR YR pd
U8 w NP oQ XN GRS WN SN

PC_RF Path Coefficient based weighted index of Rainfall
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3.3 Variable Selection or Dimension Reduction Methodologies

Inclusion of all the explanatory variables in the model makes the model to be
complex and necessitate to estimate many parameter values. Inclusion of many variables
prone to the multicollinearity problem that leads to unstable coefficients (Liu et al 2021).
Hence, among the fifteen developed weather indices, the indices that have significant effect
on yield are selected using three statistical methodologies namely, Stepwise Regression
(SR), Principal Component Analysis (PCA) and Partial Least Square Regression (PLSR).

3.3.1 Stepwise Regression (SR)

Stepwise regression is a classical variable selection methodology which is used to
identify and select a useful subset of the important explanatory variables (Lewis-Beck, 1978,
Johnsson, 1992). Stepwise regression selects explanatory variables based on their statistical
significance. It is employed in stepwise manner on choosing the variables that give the best
predictions by addition or deletion of variables at each step. Stepwise regression is the
combination of both forward selection and backward elimination procedures (Ghani and
Ahmad, 2010).

In forward selection, the regressor variables are added one by one successively in
stepwise manner. The process begins with a null model. An explanatory variable that has
highest partial correlation coefficient with the response variable is to be added in the first
step. The significance of regression coefficient corresponding to the added variable is
checked using F test. If the regression coefficient of added variable is significant and the
addition of variable improves the overall predictability (R?) of the model, then the variable
iIs retained. Otherwise, the variable is discarded and another variable is to be added. In the
second step, the explanatory variable that has second highest first order partial correlation
coefficient given the first explanatory variable is added. The decision to retain the variable
is taken based on significance of coefficient and improvement in overall R? after addition of
second variable. In the third step, second order partial correlation coefficient given the first
two explanatory variables is considered. This procedure is continued till all the variables are

exhausted.

The backward elimination procedure starts with fitting a multiple linear regression
model with all possible explanatory variables (full model). The least significant variables are
to be discarded one by one in successive steps. The process continued until all the variables

retained in the model are statistically significant.

The stepwise regression is the compromise between forward selection and backward
elimination procedures in managing the limitations of both the methods (Huberty, 1989). In
each step, every candidate variable that are already included will be revisited to check
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whether the inclusion of the variable in the model is still worth (Pope and Webster, 1972).
It is possible to drop a variable that is found to be nonsignificant in the later stages given the
significant variable is added (Henderson and Denison, 1989). In total, 2X-1 models are fitted
where k is the number of explanatory variables. The best subset model can be selected using
statistical criteria such as highest adjusted R? or lowest AIC values (Ruengvirayudh and
Brooks, 2016).

The F-test statistic calculated for the stepwise regression is given as,

_ MSR(X))
~ MSE

F ...(3.18)

where, MSR(X) is the Mean Square of the Regressor Xi and MSE is the Mean Square
Error. The above F test statistic follows F distribution with (1, n-k) degrees of freedom at a
specified level of significance, where n is the number of observation and k is the number of
regressors. The candidate variable X; is considered to be selected if the calculated F value
exceeds the F calculated value. The variables selected using stepwise regression were used
to fit the models.

3.3.2 Principal Component Analysis (PCA)

Principal Component Analysis (PCA) is a multivariate statistical technique which is
used in dimension reduction or variable reduction context (Wold et al 1987). The dimension
reduction in PCA can be achieved by transforming a set of variables into a considerably
smaller number of linear combinations of original variables (Lever et al 2017). The
transformation is to be done in such a way that majority of the information present in the
original set of variables is stored in few linear combinations (Dar, 2021). These linear
combinations are termed as Principal Components (PCs). In PCA, the variances and
covariance or correlation between the original set of variables are of interest. Hence the PCs
are derived in such a way that most of the variations present in the original variable set is
preserved in few PCs. Principal component has been applied in many fields for various
purposes such as dimensional reduction, mitigation of multicollinearity problem, examining

underlying variability existed in closely related datasets etc.

Let, X is a random vector that consists k random variables namely X1, X, Xas,...Xk.
It is assumed that the mean vector of X is 0 and variance-covariance matrix of X is real
positive definite matrix Y. The ¥ is a (kxk) matrix such that (i,j)" element is the covariance
between i and j" variables if i=j and it is the variance of i" variable if i=j. Let, A1, Az2,...,
are the k non-zero eigenvalues of ) such a way that A1> A>>...> A« and the corresponding

eigenvectors are y4,Yz, -, Yk-
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For distinct Ai’s (i=1,2,...k), orthogonal matrix T of order (kxk) can be formed as

I'= [y, Y2 r YKl ...(3.19)

The matrix I" diagonalizes . such that
Y. =TAT’ ...(3.20)

where, A = diag(A1, A2,...A) = I'"El. The orthogonal transformation of X vector to
Z vector is represented as
Z=TX ...(3.21)

where, Z1,2>,..., Zx are the k components of Z which are termed as Principal
Components (PCs). The rows of the matrix I''are eigenvectors which represent the
orientation of principal components relative to original variables. The elements of each row
or eigenvectors are the weights. These weights are termed as Loadings which describes the
contribution of each variable to a particular principal component. A strong contribution of a
variable to a particular component is represented by large loadings that may be either positive
or negative. The sign of the loadings indicates whether a particular principal component is
positively or negatively correlated with a variable. The diagonal elements of ) are the
eigenvalues which is the variance explained by each component. The off-diagonal elements
are zero as the principal components are uncorrelated with each other and covariance

between them are zero.
Here, E(Z)=0 ..(3.22)
V(Z) = E(ZZ') = E(T'XX'T) = TAT' = A = diag(Ay, A2,... M) ...(3.23)
The overall variability present in the original variable sets X can be taken as
tr(Z) = tr(TAT") = tr(A) = Y5, 4 ...(3.29)
The variability stored in the transformed variables or principal components Z is
tr(Z) = ¥, A ...(3.25)

Hence the total variation stored in the principal components remain same as that of

total variation existed in original set of variables X even after transformation.

Let, Zi (i=1,2,...k) is the i principal component of Z, then

E(Z)=0 ...(3.26)
V(Z;) = N ...(3.27)
Cov(Z;, Z;) = 0 forall i#j=1,2,...k ...(3.28)
V) 2 V() = 2V(A) =0 ...(3.29)

Since X is a positive definite matrix, Ai IS strictly positive.
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Let, Z1 is the first principal component corresponding to the eigenvalue A1 which is
the linear combination of original sets of variables Xi, Xz, Xs,...Xk with elements of

eigenvector vy, as weights. The Z; can be represented as follow,
Zl = Y1’X = af11X1 + af12X2 + -+ alka == Zif:l alin- (330)

where, a44,045, ..., 01 are the k elements of eigenvector y,. The vector y,is to be
chosen such a way that V(Z,) = V(y;'X) = y,'Zy,is maximum. Here the constraint is the
sum of squares of the elements of y,equals 1, that is, y;"y; = 1. The standard approach to
maximize y,'Zy; subject to the constraint y,"y; = 1 is Lagrange multiplier technique. The

quantity to be maximized here is
Y1'Zy1 —Alyi'y1 — 1) ...(3.31)

where A is a Lagrange multiplier. On differentiating the above equation with respect
to y; and equating to zero,

= (L= Al)y; =0 ...(3.33)

where, Ik is the identity matrix of order k. A is an eigenvalue of ) and the
corresponding eigenvector is y;. In order to identify which among the k eigenvalues that

give maximum variance of y;'X, the quantity to be maximized is

Y1'Zy1 = v1'Ayr = Ayi'va = 4 ...(3.34)
Hence, A should be as maximum as possible. Thus, in order to get maximum variance

of the first principal component, the eigenvector y; corresponds to the largest eigenvalue of

Y has to be chosen. Thus, V(Z,) = V(y,'X) = y,'Zy; = A,is the largest eigenvalue of ..

The second principal component is derived as the weighted linear combination of
original variables in such a way that the second component is uncorrelated with the first
principal component. The eigenvalues are constrained to decrease monotonically from first
component to last component. Hence, the second component has to be account for the
maximum amount of remaining variation that already not been accounted for by first
principal component. Thus, second principal component Z, =y,'X that maximizes
V(y,'X) = vy, Zy, subject to the condition Cov(y,;'X,y,'X) = 0 has to be derived. The

quantity to be maximized is

Y2'2y, —A(y2'y2 —1) — ¢Y2,Y1 ...(3.35)

where, A and ¢ are Lagrange multipliers. On differentiating the above equation with

respect to y, and equating to zero results

Ly, — Ay, — ¢y =0 ...(3.36)
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On multiplying y, with above equation leads to

Y1'2Y2 —Ay1'v2 —dyi'v1 =0 ...(3.37)

Since first two terms in the above equation are zero and y,"y; = 1, results ¢ = 0.

On substituting ¢ = 0, the equation (3.35) can be rewritten as
> Z—-AL)y, =0 ...(3.39)

Again, A is an eigenvalue of ; and the corresponding eigenvector is y,. Here the A
should not be equal to A1 since A=\ leads to y, = y,, that violates the constraint y,"y, = 0.
Hence, the A is the second largest eigenvalue (A2) of Y, and the corresponding eigenvector is

Y2 that maximizes V(y,'X) = y,'Zy,.

In similar fashion, the third, fourth,....k™ principal component are derived as the
weighted linear combination of original variables set X with eigenvalues A3, A4,... A« and

their corresponding eigenvectors are ys, Va4, ..., Yx respectively.
The percentage of variation explained by i principal component among total
variation present in original dataset X is

A

T; = =——— % 100 .. (3.40)
k)
i1=1“"1

The cumulative percentage of variation explained by first m principal components is
(where m « k),
m

i=lli
M = St x 100 .. (3.41)
i=1“"1

The number of principal components derived is same as that of number of variables
in original dataset. In general, the majority of variation in the original variable set X will be
accounted for by first m principal components, where, m « k. Thus, few principal
components store most of the variation present in many variables (Sclove, 2022). As the
developed principal components are orthogonal or uncorrelated with each other, the PCA
can be efficiently employed to avoid the multicollinearity problem (Eslamian et al 2010).

3.3.2.1 Determination of number of principal components to be selected

The key aspect of PCA is to select as few principal components as possible in such
away that the selected components store most of the variation present in the original variable
set. The idea is to choose adequate number of components that represent the original variable
set in optimal way. The decision on number of principal components to be selected for

further analysis is taken based in the following criteria (Jolliffe and Cadima, 2016).
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a) Proportion of total variance explained

The number of principal components that are cumulatively account for a
predetermined proportion of total variation is to be selected (Rea and Rea, 2006, Cangelosi
and Goriely, 2007, Wood et al 2021). The decision on proportion of total variation that is
sufficient is subjective. The components that are explaining 80% variation cumulatively are
selected for further modelling (Artigue and Smith, 2019).

b) Eigen value criteria (Kaiser, 1960)

The principal components that correspond to laten root or eigenvalue (1) greater than
one is to be selected (Olawuwo et al 2014). The idea behind is that the PCs which stores less
than one variable worth information is redundant and the same has to be omitted in order to

accomplish efficient dimension reduction.

c) Scree plot (Cattell, 1966)

In order to show the decreasing rate of variance that is explained by each additional
principal components, the eigen values are plotted against their respective principal
components in a graph which is termed as Scree plot. The number of principal components

corresponding to a point before levelling-off of the curve (Elbow point) is to be selected.

If the PCA is employed in order to utilize the derived components as independent
variables or input variables for fitting predictive models, the decision on number of
components is to be oriented towards increasing predictability of the model. Selection of few
components leads to poor model due inadequate representation original variables. On a
contrary, selection of more components results overparameterized model and there is a

question of dimension reduction (Valle et al 1999).

Principal Component Analysis is carried out using fifteen unweighted and weighted
indices and a trend variable. Sixteen Principal Components (PCs) have been obtained as
there are sixteen variables. The decision on the number of PC’s to be retained was taken
based on three criteria viz. proportion of variance explained, Kiser criteria and Scree Plot
(Banakara et al 2019). Let, PCy, PCy, ..., PCn be first m (m<16) principal components that
explaining about 80 percent of the total variation in the original data and their eigen values
are greater than one. Then these k principal components will be used as regressors or input

variables in the models.

3.3.3 Partial Least Square Regression (PLSR)

PCA decomposes explanatory variables set (X) in order to derive components that
best explain X. But there is no guarantee that the derived component explains the maximum
variance in response variable (Y). The Partial Least Square Regression (PLSR) finds the

components from the explanatory variables set (X) that best predict response variable (Y)
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(Abdi, 2010). PLSR can be used as an alternative to PCA in the context of dimensionality
reduction problem. The difference between PLSR and PCA is that the PLSR considers
response variable (Y) also while deriving components from explanatory variables set (X)
(Jia et al 2014). PCA components are extracted in such a way to maximize the variance of
explanatory variables set while the PLSR components are extracted in such a way to

maximize the covariance between response variable and explanatory variable sets.

The PLSR combines the features of Principal Component Analysis (PCA) and
Multiple Linear Regression (MLR). Thus, the goal of PLSR is to predict a response variable
or dependent variable using a set of independent variables. Here the prediction can be
achieved by extracting a set of orthogonal factors from the independent variables set which
is termed as PLSR components. PLSR is especially useful in the context of a greater number

of explanatory variables and a smaller number of observations (Goktas and Akkus, 2020).

The PLSR searches a set of components that decompose both X and Y
simultaneously with a constraint of maximizing the covariance between X and Y as
maximum as possible (Abdi, 2003). It is followed by regression step in which the derived

components are utilized to predict the response variable (Y).

The PLSR find a set of components (T) coupled with a specific set of loadings that
decomposes X and simultaneously predict the response (Y). The double decomposition of
independent variables set X and to predict the response variable Y is as follows,

X=TP andY = TBC’ ...(3.42)

where, T is the PLSR score matrix such that T'T = I and P is component loadings.
B is a diagonal matrix that contains regression weight correspond to each independent
variable in their diagonal elements. C is loading matrix of response variable. The columns
of T are the PLSR components. These components are arranged in the order of variance of

Y they are explaining.

The PLSR components are derived in using iterative application of Singular Value
Decomposition (SVD). Each run of iteration provides a set of orthogonal components that
decompose X and Y (Krishnan et al 2011).

Let, X and Y are normalized and mean cantered that are stored in the matrices Xo
and Yo respectively. The matrix of covariance or correlation between Xo and Yo are

calculated and stored in R1.

The SVD is applied on the Ry in order to decompose it into two sets of orthogonal
singular vectors W1 and C1 with a corresponding singular value A1 which is represented as

below,
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Rl = WlACII (343)

The first columns of W1 and C; are taken as the first pair of singular vectors which
are represented by wi and c respectively. The corresponding singular value is represented
by &1 which is the first diagonal elements of the matrix A. The 31 represents the maximum

covariance between these two singular vectors wi and cz.
First PLSR components is derived as below,
t; = Xow, suchthatt;'t; =1 ...(3.44)
The loadings of X on the first component t; is as follows,
p1 = Xo't; ...(3.45)
The estimate of X from first PLSR component is represented as follows
X, =t'p; ...(3.46)
Similarly, the decomposition of Y is represented as follows,
u, =Yoo, and ¥ = uy'cy ...(3.47)

Since the first component t; is derived in such a way to the maximum covariance
between two singular vectors wi and ¢ that are stored in covariance matric (R1) of X and Y,

the first PLSR component explains as maximum variation as in both X and Y.

In the similar fashion, second component t, is derived such that it is uncorrelated
with t1. The process continues up to k components, where k is the number of independent

variables. In general i is represented as,
ti = Xw; ...(3.48)
such that Cov(t1,Y)=maximum, t;'t; = 1 and t;'t; = 0 for i # j.

As the PLSR components are derived such that first component is expected to explain
maximal variation in both X and Y. The amount variation explain by the PLSR components
decreases as the component are increasing (Cheng and Wu, 2006). Hence variation explain
by the later variable are generally low and inclusion of such components would not increase

the predictive power of the model as well as it leads to overfitting of the model.

A cross-validation procedure is commonly employed in PLSR for determining the
appropriate number of components (Han et al 2002). The optimal number of PLSR
components corresponded to a minimal RMSE-CV (Krol, 2017, Mehmood et al 2020).

The PLSR yields maximum reduction in number of variables (Hoskuldsson, 1988).

The higher predictive power compared to PCA is the most desirable property of PLSR
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analysis (Wakeling and Morris, 1993). Since the PLSR components derived are orthogonal
to each other, the PLSR can handle the highly collinear data (Shetty and Gislum, 2011). The
PLSR is a robust technique when the independent variables are highly collinear and the
number of variables is greater than number of observations (Yang et al 2006, Bhat and
Vidya, 2018, Cook and Forzani, 2020, Zifarelli et al 2020).

3.4 Statistical and Machine Learning Models
3.4.1 Multiple Linear Regression
Let, there are k independent variables X1, X2, Xs,...Xkand Y is the response or

dependent variable. The linear regression is given as

Y=ﬁo+31X1+B2X2+ﬁ3X3+"'+ﬁka+g (349)
or
Y =Bo+ X BiXj + e ...(3.50)

where, B1, B2, Bs,...Bk, are the unknown parameters corresponds to X, Xz, Xs,...Xk
respectively. The coefficient Pj represents the effect size of j™ independent variable on the
response. That is, for a unit change in the j™ independent variable (while keeping other
variable fixed), the observed change in the response will be fj. The € is the unknown term or

error term which represents the portion of response that is not explained by the functional

part ¥); B;X; of the model.
If there are n observations on Y and X, then the equation can be written as
Y =ﬁ0 +ﬁ1Xi1+ﬁ2Xi2 +ﬁ3Xi3 +"'+ﬁpXik+€i fori=1,2,...n (351)

Alternatively, it can be written in matrix form as,

Y=XL+¢€ ...(3.52)
where,
1 BO €
Y1 X11 X12 - Xqk B, 1
1 €
Y = YZ : X = 5 X?1 X?1 X?k : B=|B,|and e = 22
Yn 1 Xp1 Xpp o o Xpk B:k €k

From the model assumption, we have
E(e)=0 and Cov(e)=c?In € ...(3.53)
where, In is the identity matrix of the order n.

In the equation, the unknown parameter vector 3 has to be estimated. The Ordinary
Least Square (OLS) method is the most commonly used method of estimation. The OLS
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estimator is consistent and optimal in the class of linear unbiased estimators when the errors
are homoscedastic and serially uncorrelated and there is no multicollinearity. Under these
conditions, the method of OLS provides minimum-variance mean-unbiased estimation when
the errors have finite variances. Under the additional assumption that the errors be normally

distributed, OLS is the maximum likelihood estimator.

The object is to find a vector ' = (B4, Bz, ... Bp) such that it minimizes the sum of

square of residuals.
SB)=Yr,ef =c'e=Y—-XB)'(Y —XB) ...(3.54)

The minimum is always exists as S(B) is real valued, convex and differential function.

The above equation can be rewritten as
SB) =YY" +B'X'XB —2B'X'Y ...(3.55)

Differentiate S(f) with respect to 3

= 6;(;) — ZX’X[)) —2X'Y (356)
9%s(B) _ ’
=P =2XX >0 ...(3.57)

which is a non-negative. Hence the sum of square of residual S(f) function has a

minimum and the minimum is obtained by equating the first order derivative to zero.

3s(B) _
5 =0 ...(3.58)
X'XB=X'Y ...(3.59)

which is the normal equation. Since it is assumed that rank (X)= k (full rank), then

X'X is positive definite. The unique solution of the normal equation is
f=XX)XY ...(3.60)

which is the Ordinary Least Square (OLS) estimator of . Since Nas_ﬁ(f) is at least non
negative definite, § minimize S(P).
The least square estimators are unbiased estimators of the parameter.
ie. E(B) = E[(X'X)7'X'Y] ...(3.61)
= (X'X)"IX'E(Y)
=X'X)"X'E(XB + ¢)

= (X'X)X'XB + (X'X)X'E(€)
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E(B)=P [~ E(e) =0and (X'X)"X'X =1]...(3.62)

Hence, the OLS estimators are unbiased estimators of . The variance of the OLS

estimator is derived as,
V(B) =V[X'X)"X'Y] ...(3.63)
=X X)TXVOEXNTXT
= X' XO)TXVOX[E' )T
= o?(X' X)X X[(X' X))’
V(B)=c*(X'X)" ...(3.64)

Hence, the OLS estimators are unbiased estimators of parameters with variance
a?(X'x)?
3.4.1.1 Problems in OLS

The OLS estimators were unbiased estimators. But its variance is generally very high.
The existence of slight to moderate correlation between independent variables leads to the
problem of multicollinearity and the corresponding regression coefficient were unstable due
to high SE. If there exist a strong multicollinearity between independent variables, the

regression coefficient cannot be estimated (Dorugade and Kashid, 2010).

One of the common problems arises with OLS method is the tendency to overfit the
data when there is too much noise caused by correlated variables. Overfitted model describe
the data very well. But its performance for the new data is generally poor (Zhang, 2014). The

penalized or regularized regression models are used to mitigate these problems.

3.4.2 Penalized Regression models

This is also known as regularization. These methods involve the introduction of an
additional information in the form of penalty in addition to the Residual Sum of Squares
(RSS) function while estimating parameters. The general form of the function that has to be

minimized while estimating the parameters of the penalized regression is as given below,

(i — Sxy;B;)" + A+ Penalty(p) ...(3.65)

The first part of the above equation is the RSS function of the OLS estimation. In
addition to the RSS of OLS, the penalty term also to be minimized while estimating the
parameters. The penalty term differs based on the penalized regression models. The term A
is the penalty parameter or regularization parameter which governs the amount of penalty to

be imposed. If A=0, then the entire penalty term become zero, which is equal to OLS
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estimator. If the A is low, it adds less penalty and the amount of penalty increases as A

increases.

The idea of the penalized regression model is to scarifies the unbiasedness property
in order to reduce the variance of the estimator. That is, in order to decrease the variance of
the estimator, the bias of the estimator is increased for a small quantity deliberately. Due to
the addition of penalty some of the coefficients are shrunken. Thus, the overall slope of the
fitted line decline (Wang et al 2022). This regularization improves the performance of the

linear regression models.

The performance of three penalized regression models viz. Ridge Regression (RR),
Least Absolute Shrinkage and Selection Operator (LASSO) and Elastic Net (ENET) are

examined.

3.4.2.1 Ridge Regression (RR)
Ridge regression imposes L2 penalty on linear regression. The L, penalty is sum of

squared coefficients. Then the function that has to minimized is

S(Brr = Tia(yi — TxyB;)” + A X1 (B)” ...(3.66)
This function can be written in matrix notation as below,

S(B)rr = (Y = XB)'(Y — XB) + AB'B -.(3.67)
= (Y' — B'X)(Y — XB) + AB'B
=Y'Y-Y'XB—-B'X'Y+BX'XB+AB'P

SBrr =Y'Y —2Y'XB + B'X'XB + AB'B ...(3.68)

On differentiating the above function with respect to 3

N —"’S;‘;)RR = —2Y'X + 2X'XB + 228 ...(3.69)
= Z3Brr _ x1x 4 201 = 2(X'X + 2A1) > 0 3.70
T e = - ...(3.70)

Hence function S(8)gg has a minimum. On equating the first derivative to zero

dS(B)rr _
B 0 ...(3.71)

= —2Y'X+2X'XB+218=0
= frr = X'X +AD)7X'y ...(3.72)

Even if X is not a full rank matrix, X'X + Al is positive definite. This is very useful
when k>n. In this case, X'X can be at most rank of n<k. Thus X'X is not invertible.

Eventually, the least square estimate is undefined. However, X'X + Al is always invertible
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and the ridge estimate always exists. This is an advantage of ridge regression over OLS. For
2>0, the RSS of the ridge regression is less than that of OLS.

The penalty parameter shrinks the coefficients. If 1 — oo the coefficients shrink
towards zero. If the A is close to zero, the estimate is close to OLS estimate. The penalty
parameters A is ranged between zero and infinity. However, the coefficient values will not
be shrunken to zero unless A = oco. Hence all the variables will be retained in the final model.
Thus, variable selection will not be accomplished in ridge regression. The value of A for
which the reduction in the variance is not exceeded the squared bias is the optimum value of
the penalty parameter. The optimum choice of penalty parameter value is determined by

cross validation procedure.

Another advantage of ridge regression is bias-variance tradeoff. As A increases, bias

increases and variance decreases.
E(Brr) = E[(X'X + AD)7'X'Y] ...(3.73)
= (X'X+AD'X'E(Y)
E(Brr = (X'X + ADTX'XP

E(Brr) # B ...(3.74)

Hence, the ridge estimator is not an unbiased estimator. The relationship between

Ridge and OLS estimator can be derived as below,
Brr = X'X +2D7'X'Y ...(3.75)
= +AD7'X'Y
=1+ )XY
=1+D)TX'X)" XY
Bre = (1 + D)7 ...(3.76)

Thus, the ridge estimator is inversely proportional to the amount of penalty. The
absolute value of ridge estimate shrinks towards zero for large A. But they never reach zero.

They shrunken by quantity 1/(1+A). Hence,
|BjRR| = m}l forj=1,2,... k ...(3.77)

The ridge estimate approaches zero as A — co.

The variance of the ridge estimator can be obtained as follows,
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Let, a linear operator,

W=XX+A)TX'X ...(3.78)
Then, WB=XX+ADX'XX'X) X'y =X'X+AD)"'X'y = frg ...(3.79)
Var(frg) = Var(Wp) ...(3.80)

=WVar(H)W'
Var(Brr) = o*WX' X)W’ = a2(X'X + ADTHX'X + ADX'X] ...(3.81)
Var(B) — Var(Brr) = o2(X' X)L — a?W(X'X) "W’ ...(3.82)
Var(B) —Var(Brr) = a?[(X'X)" = W(X'X)"W'] ...(3.83)

The difference is non negative. The variance of OLS estimator exceeds the variance of
ridge estimator.

Also,
lim Var(Brg) = lim 2X'X+ADUX'X+AD7IX'X] =0 ...(3.84)
Hence, the variance of the ridge estimator vanishes as ridge penalty approaches
infinity.
3.4.2.2 Least Absolute Shrinkage and Selection Operator (LASSO)

LASSO regression imposes L1 penalty in which sum of squared coefficients is

replaced by sum of absolute values of coefficient as the penalty term.

2
S(B)rasso = Z?:l(yi -2 xijﬁj) + /12;(=1|,3j| ...(3.85)
An equivalent way to write is

S(B)rasso = IIY = XBII5 + AlIBll1 ...(3.86)

Where, the first term in the right-hand side is the RSS function of OLS and ||B]|, =
j=alBil-

The idea of LASSO problem is to find a solution to minimize the RSS function

subject to the condition that Zf=1|ﬁj| < n. Where, 1 is any small quantity.

SBrasso = IY = XBII5 + 2B1l; ...(3.87)
= mﬁin (Y’Y —-Y'XB-B'X'y+B'X'XB+ AZIﬁjl)

= mﬁin(—Zﬁ’ﬁ +B'B+1%|B]) ...(3.88)

Materials and Methods | 48



For each coefficient fj
S(B)rasso = m/}n(Z?:l _Z.Bj.éj + :8]'2 + Alﬁjl) ...(3.89)
For each Bj=p we need to solve the above equation. Hence,

S(B)Lasso = mﬁin(Zfﬂ —2BB + B* + AIBI) ...(3.90)

Case i) If # = 0, then the B 4550 = the value of B that minimizing the S(8) 4550 IS also

greater than 0.

—5’5(‘2;;‘550 = —20 + 2BLus50 + A ...(3.91)

Equating this to zero,
65“3% =—20 + 2B, 4550 + 1 = 0 ...(3.92)
Brasso = B —g ...(3.93)

Hence if the B of OLS is positive, then the LASSO estimator is reduced by A/2.

Case i) If B < 0, then necessarily B 4550 < 0

We have to solve,

S(B)rasso = m[}n(Z?ﬂ —2BB + B* - AlBI) ...(3.94)
Then,
as(p) 5 o5
“;—LBASSO = =20 + 2Biass0 — A ...(3.95)
Equating this to zero,

as(B) 5 5

% =—20+ 2Buss0 — 1 =0 ...(3.96)
5 5 A
Brasso = B +3 ...(3.97)

provided that the right-side quantity is negative. Hence, if the £ of OLS is negative,
then the LASSO estimator is increased by A/2.

Thus,

BiLisso = Sian(B (18;1 -2) ..(3.98)

Further, the LASSO estimates of some of the coefficients are zero provided that their

OLS estimates are smaller than 0.5A.
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3.4.2.2 a) Subset selection in LASSO
As a coefficient shrinkage method, ridge regression performance is better due to bias
variance trade off. As ridge regression model retains all the predictors in the final model, it

is not a parsimonious model.

In best subset selection, for each x; such that {j € 1,2, ...k} we select the model of

size p that gives the lowest RSS.
. . 2 .
le.  min Yisa(Y; = X x;;B;) "subjectto X5_, 1.(B; #0) <p ...(3.99)

that means we are looking for a set of coefficient estimates that minimizing the SSE

subject to have no more than p non zero coefficients among {f1, B2,... Bx}-

If the column of independent variable matrix X is orthogonal such that X'X = I, then

the problem reduced to

min —28'B+B'B ...(3.100)
mﬁin Zﬂ;l —2,8j[§j + /3]-2 subject to at most p coefficients.

Hence, we keep only p largest coefficients (in absolute values), that make the sum as
small as possible.

ie. B, isso = BilBil > |Bi-pl) ...(3.101)

3.4.2.2 b) Shrinkage

Different types of coefficient shrinkage are done in ridge and LASSO regression. In
ridge, the constant rate of shrinkage is done for every least square estimate. The LASSO also
shrunk the least square estimate at a constant rate unless the absolute value of least square is
estimate is less than A/2. The imposition of quadratic penalty due to ridge had greater impact
on the larger coefficients and small penalty for the coefficients near zero. In contrast to that,
the sum of absolute penalty due to LASSO, the smaller coefficients skunks quickly towards

zero and larger coefficients were less affected by the penalty (Fahrmeir et al 2013).

3.4.2.3 Elastic Net (ENET)
Elastic Net was introduced by Zou and Hastie (2005) as another penalized regression
model. ENET is combination of Ridge and LASSO. In ENET both sum and absolute penalty

are imposed together with RSS function.

S@B)ener = i — xyfy)” + 2 (1 - O 2, (8) + a 20, .(3.102)

where, 2>0 and 0<o<l1. The parameter lambda controls the mix between L1 and L»
penalty. It can be seen that the ENET is the generalization of Ridge and Lasso. If a=0, then
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the RSS function reduces to Ridge and if a=1, then the RSS function reduces to Lasso. if the
value of a is near zero the ENET behaves like ridge regression and if a is close to one, then
it is of Lasso type. If the a=0.5, then ENET is the equal combination both ridge and Lasso.
If A=0, then the whole penalty vanishes and only the RSS of OLS remains.

An equivalent way to write the RSS is
SBener = IIY — XBII3 + 21 — DIIBIIZ + 2allBlly  -..(3.103)
Let, A(1 —a) = 1, and Aa = A,,
= SB)ever = 1Y = XB1I3 + A1IB13 + 2211811y ..-(3.104)

The idea of ENET problem is similar to LASSO to find a solution to minimize the

RSS function. But subject to both the conditions of absolute and sum penalty of coefficients.

min S(B)ener = mﬁin(IIY = XBII3 + 2118115 + 22118110 ...(3.105)
= mﬁin(Y’Y —2B'X'Y +B'X'XB + MB'B + A, X1B])
= min(=28'8 + 'S + 1ap'B + 2, ZIB1)

= mﬁin(—Zﬁ’ﬁ + (1 +A)B'B+ 2, 2IB1)  ...(3.106)

Minimization can be done for each variable separately. For each Bj=p we need to

solve the above equation. Hence,
= rr%in Zle(—Zﬁjﬁj +(1+ /11)3}-2 + 1, Z|[>’j|) ...(3.107)

Proceed as like Lasso, on # > 0, necessarily the solution of By gy is positive. Hence
the criterion to minimize —28;5; + (1 + A,)B} + 2, X|B;| is on right half only. The

minimum is obtained as

35([:’3)5NET = =28 4 2(1 + 1) Pener + Ay ...(3.108)

Equating this to zero,
—2B +2(1 + A1) Pener + A, =0
—2B 4 2(1 + A1) Bener = — A,

2[(1 + A1) Bener — B] = -1,

5 s A
(14 A)Bener — B ===

2

Az

(14 A1) Bener = B — -
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3 —_ 1 (p_%
BeNET D ( > ) ...(3.109)
On substituting 4, = A(1 — a) and 4, = Aa

5 1 5 Aa
Bener = o] (,3 - 7) ...(3.110)

Hence, minimum is obtained at this point provided this quantity is positive and it is

at zero otherwise.

Similarly, if § < 0, the solution of Bzygr is negative. The criterion to minimize
—2B;8; — (1 + 2)B? — A, X|B;| is on left half. The minimum is obtained as

~ _ 1 ~ ,1_2
Bener = s (B+ %) ..(3.111)
Thus,

Bener = s sign® (181 -2)  -.(3112)

or
Bener = wrri Sian () (18]-%) ..(3113)

3.4.3 Artificial Neural Network (ANN)

Artificial Neural Network (ANN) is the most popular and widely used machine
learning technique to model the real-world problem. The ANN became a promising
alternative to traditional statistical models for both classification as well as prediction
context. As the ANN models were non-parametric in nature, there was no prior assumption

to be made on the distribution of data.

The concept of ANN was inspired from the learning mechanism of biological
organisms. The basic signalling units of human nervous system are referred as neurons
which are connected to each other through dendrites and axons. The connection between one
neuron to another neuron is termed as synapse. The signal or information flow from one
neuron to another neuron is done through the use of these interconnections. The ANN

algorithm mimics this process.

The building blocks of ANN is a neuron or node which is a simple computation unit.
A typical ANN algorithm is organized into layers of these neuron. Each layer is a row of one
or more neurons. The connection is made in such a way to connect the nodes of successive
layers. The amount of input received to node a layer from a node from previous layer is
depends on the strength of connection between the nodes which is termed as weight. These

wights were adjustable to strengthen or weaken an input.
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3.4.3.1 Multilayer Perceptron (MLP)

The processing units of the ANN is connected each other according to certain
networking topology. Multilayer Perceptron (MLP) is the most commonly used type of
Feedforward Neural Network topology. Perceptron is a single neuron or node model which
Is a precursor to high complex neural network. The MLP architecture is a fully connected
neural net architecture where each neuron of a layer is connected with every neuron of

previous and/or next layer.

A typical MLP architecture consists of three layers namely, input layer, hidden layer
and an output layer. The input layer obtains input data (xi) into the neural network system
and an appropriate weight (w;) is to be multiplied with each input. A bias term (b) also
incorporated as weight of an edge using a bias neuron. The sum of this product is termed as
activation value which is transmitted to the hidden layer. In hidden layer a nonlinear
transformation is to be applied through a nonlinear activation function. This computed value
transmitted to the output layer as a linear combination of all the neurons of hidden layer.

This structure learns nonlinear relationships between input and output vectors.

The relationship between output and inputs can be mathematically represented as

follows:

q

k
Y, =f Z w;. g Z(Wi.xi) + b.w, ..(3.114)
j=1 i=1

where, k is the number of input nodes, q is the number of hidden nodes, w;
(i=1,2,.. k) are connection weights of input layer, w; (j=1,2,...q) are output layer weights,
b is bias term and g and f denote the activation function at hidden and output layer
respectively and e; is error term. The graphical representation of ANN with MLP topology

is given in the Fig.3.2.

The MLP algorithm approximate output as nonlinear function of input variables even
when there is no assumption has made on the nature relationship between input and output
variables. This is the advantage of MLP over the linear regression model to capture the
nonlinearity while fitting a model for predicting a response variable using many input

variables.
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Input Layer Hidden Layer Output Layer

Fig. 3.2 Graphical representation of MLP topology of ANN

3.4.3.2 Back-propagation (BP) algorithm

The process of finding the right value of weight for each input is called as learning
rule. The procedure to adjust the weight in learning rules is termed as learning algorithm
(Noriega, 2005). Many training algorithms are being used to train the ANN model. As the
feedforward MLP are memoryless in the sense its output for a given input during a specified
training run is independent of its previous trainings. The main drawback of feedforward

MLP is the information flow is in unidirectional. Hence, the weights are fixed.

Hence, Rumelhart (1986) found an algorithm to update the weights in feedforward
MLP which was termed as Backpropagation (BP) learning law or Generalized Delta rule.
The BP algorithm starts training the input data with random weights and the weights are
adjusted in successive steps to reduce error. BP algorithm uses the error signal for
determining, to what degree of weights to be adjusted to reduce overall error of MLP
training. The BP algorithm uses gradient descent algorithm on the error surface to obtain

optimum set of weights.

Let, I = %, (wl,.x;) is the sum of product of an input x; and its corresponding
initial weight w®, plus bias term to the m™ hidden layer. Let, w2, is the initial weight
between m'" hidden layer and the output layer neuron. Both the initial weights were to be
adjusted by learning of specific input-output patterns over many steps iteratively in order to
reduce the gap between actual and predicted output. Let, I(t) and Y (t) were the input-output
pattern at t'" steps. ¥ (t) is the output that is obtained through the output layer for input-output
pattern I(t) and Y (t) at the t™" steps. Y (t) is the actual output value.

The Mean Square Error at the t" steps is given as

MSE(t) = E(t) =237, [v () - 7(0)]° ...(3.115)

Materials and Methods | 54



=S¥ [Y(6) - FWgu (D). Hy)? ...(3.116)

where,
Hpy = gUim) ...(3.117)
Iim = 28w (). Xim] ...(3.118)

The weight w2, between m™ hidden layer neuron and the output neuron in t+1 step is

wo(t+ 1) =wp () + Awp, () ...(3.119)
where,
A2, (£) = —n ;VET(Z) ..(3.120)
n is the learning rate.
Using chain rule, 0; =Y Aw},;(t). Hpy ...(3.121)
Y, =f(0) ...(3.122)

dE(t) 9E(H) a0,
awe . (6) 90, aws,(D

0 _y 3.124
Hence,
JE(t) J0E(t)
= ..(3.12
w2, ()~ a0, "™ (3.125)
Here,
OE(t) OJE(t) aY,
(&) _9EQ®) on ..(3.126)

a0, 9y, ‘a0,

JE(t) J |1 . N

0" O EZ[Y —9 = -[r -] ..(3127)
=1

ore) _olFool ,[1 - 7] ..(3.128)

90, 00,
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On substitution of (3.128) into (3.126),

0E(t) . ~ N
50 = Al =7l -7)

On substitution of (3.129) into (3.125),

0E(t) . . .
RO IRC A LY

Finally on substitution of (3.130) into (3.120),

So, Awi () = Y[y = V][1 - V)]Hpy
Let, § =Yy -7][1-7]
Then, Awp, () = 1.6, Hpy

..(3.129)

..(3.130)

...(3.131)
...(3.132)

...(3.133)

Hence, the new weight between m™ hidden neuron and the I output neuron in t+1

step wo, (t + 1) is

Wi (t + 1) = wi(t) + 1. 6 Hp

...(3.134)

Similarly, the weight w2 between m'" hidden layer and output neuron in t+1 step is

wgn(t +1)= W{,’n(t) + Awi’;n(t)

0E(t)
ow ()

AWl () = -

JE(t) B J0E(t) 0H,,
owl,(t)  0H;, owS(t)

As, Him = Z[W/i(6). Xim]

OHim
owo () m

Hence,

0E(t) B 0E(t)
awS.(t)  0H,, m

Using chain rule,

0E(t) B JdE(t) 00,
OH;, 00, 0H;,

...(3.135)

...(3.136)

..(3.137)

...(3.138)

..(3.139)

.. (3.140)

.. (3.141)
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Let,

EO) Z 5 2% (3.142)
0Hm YoH,, A
B 00, aY,
- Y97, 0H,y,
o7,
— o ___ -
= z 81 Wiy oH,,
OE(t N N
® =— Z S wo. [1 - 7] ..(3.143)
0H;,

On substitution of (3.143) and (3.139) into (3.137),

JE(t) . .
aWron(t) = _Yl[l - Yl] z 61 Wr?ll' Xim (3144)

On substitution of (3.144) into (3.136),

AW (8 = n¥,[1 - 7] Z 8, W2 Xim ... (3.145)
Let, Sm=Y[1-1]Z 6w ...(3.146)
Then, Aw! () = 16, Xim ...(3.147)

Hence, the new weight between i input neuron and the m™ hidden neuron in t+1

step w)t, (t + 1) is
Wi (t + 1) = Wi, (8) + N6nXim ...(3.148)

The BP algorithm avoids to converge to a local minimum with high speed of
convergence while training the ANN model (Iranmanesh and Mahdavi, 2009). The learning
rate n decides the weight adjustment by scaling gradient of error surface. For a small learning
rate, the adjustment in the weight is also small. As a result of which the learning process is
slow that takes many iterations to converge. Too large learning rate speeds up the learning
process by making huge changes in the weights in each single step that leads to the
oscillatory and unstable trajectory on error surface. A compromise between these extremes
can be obtained by implementing backpropagation using adaptive learning rate (Chaturvedi,
2008). In our study, the learning rate ranges between 0.01 and 1.00 have been tried at 0.01
interval. Hence 100 different learning rates are under consideration. The optimum learning
rate was chosen for the value of 1 at which the error function of gradient descent algorithm

converged to the minimum.
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Feed Forward Process

Input data to k input layer

Incorporate intial weight W£;1 to

each input x;,, that is to be
transfered to mt" hidden neuron

\. J

4 N\
Sum of this product is transmitted to
mth hidded layer neuron

m = 2{‘::1[w?m'xim] - N
(& J
Adjusting weight between it" input
( ) neuron and mt" hidden neuron in t+1
Imposition of nonlinear activation step
function g on this I, wh (£ +1) = wh (8) + 18 Xim
) ’ . J
4 )
Incorporating intial output layer
weight wy,; to each hidden neuron
outcome H,,, of m™ hidden layer to . _
\ y hidden neuron and I output neuron

in next step (t+1) as
Wi (t+ 1) = wi () + 1.6 Hm

( )

Sum of this product is transmitted to
Ith output layer neuron

Omi = T [Woy Hint ]

. /

s N

Obtaining predicted ouput ¥; by BaCkp rOpagatiOn

imposing linear output function f on

Oml

\. J

e N

Calculating MSE at this tth itera;ion
step E(t) = 3 XL, [Y () — P(0)]

Checking
convergence of
error E(t)

If not converged

If Converged

The ouput of this tth step is taken as
predicted output Y;(t)

Fig. 3.3 Two-step training procedure of Multilayer Perceptron (MLP) using
Backpropagation (BP)
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3.4.3.3 Optimizing number of hidden layer neurons

The choice of activation function and number of neurons in the hidden layer are the
critical part in the neural network design (Aggarwal, 2018). A MLP that has a single hidden
layer with appropriate number of neurons coupled with right choice of nonlinear activation

function is able to capture nonlinear association between input and output variables.

The BP algorithm converges to a local minimum rather than global minimum or may
not be converged to minimum when there is a less number of neurons in the hidden layer. It
may cause underfitting of model and more statistical bias as well. In converse to this, too
many hidden layer neurons generally lead to overfitting, high variation and more
computational time due to over complexed model (Ke and Liu, 2008). Hence, determination
of optimal number of hidden layer neuron is necessary for fitting optimally performing

neural network model (Sheela and Deepa, 2013).

The number of the hidden layer neurons is optimised by 10-fold cross validation
procedure (Srinivasan et al 2019). The number of hidden layer neurons from 1 to 10 are
evaluated. The optimum number of neurons in hidden layer is the number of neurons for
which the Root Mean Square Error for Cross validation (RMSE-CV) is low.

3.4.3.4 Activation Function

Activation Function or Transfer Function is a mathematical function that is
responsible for the nonlinearity in neutral network. The linear activation function in the
hidden layer would be a linear approximation of input values. The nonlinear activation
function maps the weighted sum of input data to a nonlinear output. An appropriate nonlinear
activation function learns the pattern of nonlinearity that exists in the training dataset and it
improves the learning rate as well. Without a nonlinear activation function, the hidden layer
neuron performs a linear transformation on weighted sum of input and bias. The increased
computational power of the MLP can be achieved by the proper choice of non-linear

activation function in the hidden layer.

The right choice of activation function is context dependent since no activation
function performs exceptionally best in every context (Sharma et al 2018). In this present
study, the performance of MLP with backpropagation algorithm using three nonlinear
hidden layer activation functions viz., Logistic, Tangent hyperbolic (Tanh) and Restricted
Linear Unit (ReLU) have been evaluated.

3.4.3.4 a) Logistic Function
The logistic function is the most commonly used activation function on neural

network. Mathematically, the logistic activation function is given as,
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1
(1+e~%)

glx) = ...(3.149)

where x € (—o,4+) and g(x) € (0,1). It is a differentiable and monotonic
function. Since the function is not symmetrical about zero, the signs of all output from
logistic is same. The value of g(x) is close to one for larger input and it is close to zero for
smaller input. This relationship is represented by a Sigmoid (S) shaped curve.

3.4.3.4 b) Tangent hyperbolic (Tanh) Function

The Tanh activation function is also S shape curve function similar to logistic
function but its output ranges between -1 and +1. The functional relation of Tanh function
IS given as,

(e*—e™)

glx) = otre ™ ...(3.150)

Unlike the sigmoid function, the Tanh function is zero centred since the output can
be mapped into positive as well as negative. The larger the input, the output will be near +1
and the output moves towards -1 for smaller input. As the output ranges between -1 to +1,
the average output from hidden layer will be zero or near zero. This cantering of output from
hidden layer makes the output layer learn much easier. As the gradient of Tanh function is
much steeper than sigmoid function, the former is always better than later in terms of

nonlinearity.

3.4.3.4 ¢) Restricted Linear Unit (ReLU) Function

The ReLU functions are linear for positive inputs and zero for negative inputs.

_ 0 _ XllelZO 3151
9(x) = max(0,x) —{OL_M “ 0 ...(3.151)

The ReLU function does not activate all neurons at same time. As only certain
neurons were activated, the computational efficiency of ReLU is more than sigmoid and
Tanh functions. The weights of some neurons are not updated during the backpropagation
since the neuron output becomes zero for the negative input values (Madhu et al 2023). This
leads to some dead neuron. As a result of which the model fit and generalized performance
of the model get affected. But linearity for the positive input has an attractive property of

non-saturation of gradient even though some of gradient are zero.

3.4.3.4 d) Linear Activation Function for output layer

Linear activation function which is also known as identity function is a function in
which the activation is proportional to it input. The linear function does not do anything on
the weighted sum. It just passes the input as like linear regression. Mathematically, the linear

activation function is,
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f(x)=x ...(3.152)

While fitting an Artificial Neural Network (ANN) model to any real-world data, the
questions to be answered are which Network architecture to be used, the Learning algorithm
to update neural weights, the methodology to fix the number of hidden layer neurons and
activation function to be used in hidden layer (Hunter et al 2012). In our present study,
Multilayer Perceptron (MLP) architecture of ANN is used with Backpropagation (BP) to
update neural weights. 10-fold cross validation procedure is employed to determine the
number of hidden layer neurons. The performance of three activation functions viz. Logistic,
Tangent hyperbolic (Tanh) and Restricted Linear Unit (ReLU) are evaluated.

Data normalization is necessary before training ANN model to avoid bias due to
magnitude of input variable and its range of variation (Puig-Arnavat and Bruno, 2015). Many
numbers of input variables resulting more complex network of neuron as well as many
weights to be adjusted. In consequence of these, the convergence speed of the BP algorithm
gets slow downed (Gardner and Dorling, 1998) Removing of redundant variables and
dimension reduction are the solutions to avoid the problem of slow convergence of network

algorithm.

3.4.4 Support Vector Regression (SVR)

Support vector machines (SVM) is a robust and efficient nonlinear multivariate
machine learning tool. Initially, the SVM was developed by Vapnik for classification
problems by formulating convex optimizing problem. The SVM maps the input feature
vectors into a high dimensional space that creates a best separating hyperplane (Nti et al

2021). This hyperplane is represented by support vectors.

For a continuous valued output, the SVM can be generalization to the regression
context which was termed as Support Vector Regression (SVR). The basic concept of SVR
is to transform the input data into a high dimensional feature space and a linear regression is
to be constructed in the new high dimensional space which corresponds to a nonlinear

regression in the original input space.

The optimization problem in SVR is formulated by introducing a e-insensitive tube
or hyperplane. The hyperplane that best approximates the continuous valued output by
balancing both model complexity and prediction error has to identified. The optimization

procedure in SVR is formulated by defining a convex g-insensitive loss function.

Let y is the dependent variable and x is a set of input data, the support vector

regression is expressed as,

y=f() =X, wx;+b ...(3.153)
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This can be written in matrix notation as follows,
wiT 11 T
i) =1} | [O] =WTX +b ...(3.154)

The optimization problem in SVR attempts to find the narrowest hyperplane centred
around the surface and minimize the difference between actual and predicted output as well.

The optimization problem produces the following objective function,
Min,, | W2 ...(3.155)

The geometric properties of the hyperplane are the major concern in SVR model.
The data points that lie on and outside around the hyperplane are called as support vectors
(Awad and Khanna, 2015). The support vectors and width of hyperplane (¢) are the most
important factors that determine the shape of hyperplane. Smaller value of ¢, lowers the
tolerance level for error as well as number of support vectors. The margin of the hyperplane
moves inwards if the width of hyperplane (¢) is decreased. This leads to the occurrence of
more datapoint around the margin or more number of support vector. Increasing € results
into fewer support vectors. The aim of SVR to contain all the datapoints within margin of
the hyperplane (g). The loss function is to be minimized in order to find a flattest hyperplane

that contains most of the training data points.

Fig. 3.4 Graphical representation of SVR

The e-insensitive tube makes the SVR more robust as it is less sensitive for noisy
inputs. In order to guard against outliers, the soft margin approach is to applied by including

slack variables & and &” in the optimizing function (Cortes and Vapnik, 1995) as follows,
Mins W2 + C T, & + & ...(3.156)

Subject to
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yi —WTx; <e+ &
Wlix; —y; <e+ & Vi=12,..,N ...(3.157)

§i,81 20
The & and & represent the distance from the datapoints that lies outside the tube to
the upper and lower margins of the hyperplane respectively. The & and & equals to zero for
the datapoints that lie inside the hyperplane as well as on the margin of the hyperplane
(support vectors). The slack variables determine the number of points lie outside the tube
can be tolerated. The e-loss function penalizes the datapoints that are farther than the margin

of the hyperplane (g) from the centre.

C is the regularization parameter or cost. The value C>0, determines the trade-off
between size of the hyperplane and the maximum distance of datapoints that are larger than
¢ can be tolerated. C is a tuneable parameter which gives weightage to minimize the tube
flatness. A larger C gives more weightage to the minimize error but its generalized
performance is generally poor for new data during validation stage. A very low C imposes

less penalty for error
The constraint optimization problem can be solved by writing the equation in
Lagrangian form as given below,
LW,EE LN aa) =W+ CEN &+ & +3N ;i — W —e— &) +
Y=y +Wix —e— &) — XL A& + 1% ...(3.158)
where, A, A", o and o are the Lagrange multipliers which are non-negative real

numbers.

The minimum of the Lagrangian form equation can be solved using Karush-Kuhn-
Tucker (KKT) conditions by taking partial derivatives with respect to each variable and

equating them to zero as follows,

oL .
5 =W - ZiLi(a] —a)x; =0)
:_;ch_l*i—a?=0
oL
a_fi:C_/li_ai:O
L .
or = i §i <0} ...(3.159)

oL N
a—li=2i=1fi <0

AL

=y, —WTx; —e—&<0
aai
AL T
= = . e &<
oa, YitWixi—e—=§<0)

These above equations result into the following equations,
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iy —Wix;—e—=§)=0
ai(—yi+ Whx;—e—§) =0

gt Vi ...(3.160)
& =0
14 =0
On solving the above equations,
W =55 (@ - @) x; ...(3.161)
On substitution,
f@) =L (a; —a)x"x o, e €[0,C]  ...(3.162)

The datapoints that lie inside the hyperplane are corresponded by the Lagrange
multipliers which are equal to zero. The support vectors or datapoints that exist outside are
represented by non-zero Lagrange multipliers. The datapoints that satisfies (a; — a;) # 0

are the support vectors.

The above expression of f(x) corresponds to a linear function. In order to solve a
nonlinear relationship with high accuracy, the input data can be transformed to a high
dimensional space using a kernel function. The optimizing function can be expressed by

replacing x; with ¢ (x;),

Min= W%+ CZL & + & ...(3.163)
Subject to
yi—-Who(x) <e+¢
Wro(x)—y;Se+&vi=12,.,N ...(3.164)
fi' fl* =0

where, @(x;) is the transformation from feature space to kernel space. The

Lagrangian form for the transformed form is written as
* * * 1 * *
LW, §,E A ) =2 IWIP+ CEL & +& +Eliai (i —Wo(x) — & —

E)+ X ai(—yi + WTo(x) —e— &) — XL L& + A&

...(3.165)
The new weight vector in terms of transformed input is,
W =557 (@ — @) p(x) ...(3.166)

where Ny, represents the number of support vectors. Finally, the output function in

terms of kernel function is
F(x) =2 (@) — ) K (xi, ) ..(3.167)
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where, K (x;, x;)is the kernel function that maps two-vector input space vector x; and
Xk into high dimensional feature space such that K (x;, x) = @(x;). ¢ (x;). From the above
equation, it is evident that the output is independent of input dimension and is depends on
the new high dimensional feature space and the number of support vectors (Smola and
Scholkopf, 2004).

3.4.4.1 Kernels

The kernel is a function which simulates the input data into higher dimension feature
space (Yekkehkhany et al 2014). The performance of SVR to a nonlinear problem is strongly
determined by the proper choice of kernel function. Any symmetric function in original input
space that is capable of representing a scalar product in higher dimensional feature space can

be used as the kernel function, i.e. K(x;,Xx) = @(x;). e(Xy).

Linear kernel function can be used when the data is linearly separated. Nonlinear
kernel such as Radial Basis Function (RBF) and polynomial kernel were appropriate when
the data is not linearly separated (Al-Azies et al 2019). The performance SVR model under
three kernel functions are evaluated in this study. They are,

Linear kernel: k(x;, x) = xI.x ...(3.168)
Polynomial kernel: k(x,x) = (v.xl.x, + 1) ...(3.169)
Radial Basis Function (RBF) kernel: k(x;, x;) = exp(—yllx; — x¢ll?) ...(38.170)

3.4.4.2 Hyperparameters Tuning

Hyperparameter in SVR are the values that control the learning process. The
hyperparameters are to be tuned to the optimum level that minimize the e-loss function. The
SVR parameters C and € along with kernel parameters have to optimized for the generalized

performance of the model.

The Cost (C) and Epsilon (¢) are the hyperparameters to be optimized while training
SVR model using linear kernel. Along with Cost and Epsilon, an additional parameter
Gamma (y) has to be optimized in nonlinear RBF kernel function. Another parameter, degree
of polynomial (d) has to be optimized in polynomial kernel function. Cost (C) adds penalty
term to the optimization problem that acts as a leverage between width of hyperplane margin
and training error, Epsilon (g) is the margin of the hyperplane and Gamma (y) is the scale
parameter (Savas and Dovis, 2019). The degree of polynomial is of one is similar to linear
kernel. Higher degree of polynomial is required for explaining non-linear relationship

between features (Hasan et al 2016).

If the C increases infinitely large, the SVR model does not allow error. The error

would be more if the C reduces to zero. If € is very large, there would be few support vectors
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and a smaller € results more support vectors that leads to the chance of overfitting (Samui et
al 2008). Fixing the value of € at quite low level and setting C and vy as high as is sensible
which gives probably the best fit (Brereton and Lloyd, 2010).

In the present study, grid search has been done using 10-fold cross validation to find
the right combination of hyperparameters (Pence et al 2022). The range of cost (C) parameter
is set as 1 to 32, both epsilon (€) and gamma (Y) are set from 0 to 1 with an interval of 0.1.
The degree of polynomial (d) is the fourth parameter in polynomial kernel which was tuned
from 1 to 10.

3.4.5 Model Evaluation Criteria

A traditional Multiple Linear Regression (MLR), three penalized regression models
viz. Ridge Regression (RR), Least Absolute Shrinkage and Selection Operator (LASSO) and
Elastic Net (ENET) and two machine learning model such as Artificial Neural Network
(ANN) and Support Vector Regression (SVR) have been fitted for each crop in each district
using all the fifteen weather indices as independent or input variables and respective crop
yield as dependent variable.

Further MLR, ANN and SVR models have been fitted under three variable selection
or dimension reduction techniques namely Stepwise Regression (SR), Principal Component
Analysis (PCA) and Partial Least Square Regression (PLSR) in a view of avoiding
overfitting issue, increasing speed of training algorithm, to avoid multicollinearity issue as
well as to get a less complex model that enables easy interpretation. As a result of which the
performance of each of these models can also be examined under three variable selection

methodologies.

Since the penalized regression models are doing inner variable selection by shrinking
the coefficient values as well as these models mitigate the problem of multicollinearity by
their parameter estimation procedure, there is no necessity of variable selection or dimension

reduction.

Hence twelve models have been fitted for each crop in each district. Among the fitted
models, the best fitted model for each crop in each district has been selected by examining

following model evaluation criteria.

n 02
Coefficient of Determination: RZ=1- M ...(3.171)
2?:1(Yi_Y)2
Mean Absolute Error: MAE = w ...(3.172)
n a — A. 2
Root Mean Square Error: RMSE = JZi:l(Y‘ %) /n ...(3.173)
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normalized Root Mean Square Error: nRMSE = %SE ...(3.174)

where, Y; and Y; are observed and predicted yield corresponding to i year and Y; is

the average yield.

3.4.6 Model Validation and Forecasting

The data from the year 1997-98 to 2019-20 have been utilized to fit the models and
the data of the year 2020-21 is reserved to compare the actual and forecasted yield.
Validation of the model is essential to check the generalized performance of the model for
the new data which are not utilized while training or fitting the model. Hence 80% of the
data between the years 1997-98 and 2019-20 are randomly selected for model training.
Remaining 20% of data are utilized for validation of the fitted models using residual
measures such as MAE, RMSE and nRMSE. The random selection is employed in order to

ensure the presence of recent as well as past year’s data in both training and testing data set.

The model which performs better in both training and validation stages are
considered as the best fitted model. The best fitted model for each crop in each district is
selected. The yield is forecasted for the year 2020-21. The forecasted yield is compared with
actual yield. Further, the yield of all the five crops in each of the four districts are forecasted
for the years 2021-22 and 2022-23.
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Chapter IV
RESULTS AND DISCUSSION

In accordance with the objectives formulated for the present study in the
introduction chapter, this chapter deals with the presentation and interpretation of the
results obtained along with relevant discussions. The results obtained from the present

investigation have been divided into the following four sections:
4.1 Calculation of Agrometeorological Indices.
4.2 Calculation of Unweighted and Weighted Weather Indices.
4.3 Application of Variable Selection or Dimension Reduction Methodologies.

4.4 Fitting and Estimation of parameters of different Statistical and Machine
Learning Models.

4.5 Comparison of performance of fitted models.
4.6 Forecasting the yield of major crops

4.1 Calculation of Agrometeorological Indices

The agrometeorological indices are the crop-climate related parameter to assess
the climate suitability of a location for the cultivation of crops. The agrometeorological
indices such as Growing Degree Days (GDD), Diurnal Temperature Range (DTR),
Relative Temperature Disparity (RTD) and Number of Rainy Days have been calculated
for each crop in each district using the weather data of the period in which the crop is
grown. Since, wheat, potato and rapeseed-mustard crops are grown in the same period
during the winter season, the agrometeorological indices are calculated commonly for
winter crops. For rice and jute crops, the agrometeorological indices are calculated

separately for the period in which the crop is cultivated as given in Table 3.1.

The summary of five agrometeorological indices for four districts is given in Table
4.1. The basic idea for calculating the GDD is that the growth and development of the
plant will occur only when the temperature exceeds some threshold or base temperature.
The GDD of winter crops is high followed by rice and jute season in all the four districts.
The higher GDD in the winter season than other two season can be attributed that the
threshold temperature requirement of winter crop is low. The GDD of Malda is high for
winter crops as well as rice and jute crops followed by Uttar Dinajpur and Jalpaiguri. The
GDD of Cooch Behar is comparatively low. There is a significant increasing trend in the

GDD of Uttar Dinajpur, Cooch Behar and Malda districts during aman rice crop season.
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Table 4.1 The summary of Agrometeorological indices in four districts

Winter crops Rice Jute

Indices District Mean Sen’s p Mean Sen’s p Mean Sen’s p
slope value slope  value slope value
_ Cooch Behar | 332359 391  0.34|2583.11 581 0.02| 1609.03 055 0.88
GVE‘)’;"':?GDSS;% Jalpaiguri 334459 -0.67 0.93|2609.04 169 020| 165591 0.88  0.54
{" day) Malda 3579.65 -19.84  0.00 | 2783.30 378 0.04| 1882.28 -048 0.76
Uttar Dinajpur | 3536.09 7.49  0.26 | 2733.90 918 0.02| 181591 092 0.70
Diurnal Cooch Behar 1406 0.08  0.00 8.20 0.06  0.00 950 0.00 1.00
Temperature Jalpaiguri 1302 0.07 004| 840 004 0.0 999 0.00 0.9
Range (DTR) Malda 11.09 -0.05  0.00 7.05 -002 0.6 10.26  -0.05  0.05
(°C) Uttar Dinajpur | 1250 -0.08 0.04| 856 -008 002 1102 -005 0.14
Relative Cooch Behar 5300 022 0.01| 2558 0.17 0.10 30.10 -0.01 081
Temperature Jalpaiguri 49.43 021 0.09| 2574 001 0.57 30.68 001 0.92
Disparity (RTD) Malda 4146 -0.02 0.67| 2155 -0.14 0.06 2953 -0.10 0.06
(%0) Uttar Dinajpur 4629 -043 001| 2594 -029 0.1 31.90 -0.18 0.06
Cooch Behar 3 000 095 60 -0.67 0.00 37 006 0.70
Rainy Days (RD) Jalpaiguri 3 000 1.00 68 0.00 1.00 37 015 0.19
Malda 4  -033 0.00 47  -016 043 17 -0.07 0.46
Uttar Dinajpur 1 000 031 36 -068 0.21 17 -0.27  0.07
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The change per year is high in Uttar Dinajpur (9.18 °days) followed by Cooch
Behar (5.81 °days) and Malda (3.78 °days). The change in GDD per year in Jalpaiguri is
low due to a non-significant trend in GDD. There is a significant decreasing trend in the
GDD of Malda during the winter season. The decreasing trend in GDD is attributed to the
decreasing trend in the maximum temperature as well as the mean temperature (Mishra,

2013).

The Diurnal Temperature Range (DTR) reflects the variation in temperature
within a day. The average DTR is high in the winter season followed by jute and aman
rice season. There is an increasing trend in the DTR of Cooch Behar and Jalpaiguri
districts and decreasing trend in Malda and Uttar Dinajpur in all three seasons. The DTR
is high in Cooch Behar during winter season and it is high in Uttar Dinajpur during jute

s€ason.

The Relative Temperature Disparity (RTD) is high during winter season crops
followed by jute and aman rice season. The higher value of RTD indicates the prevalence
of high mean temperature and comparatively lower minimum temperature (Pal et al
2013). The RTD is high during the winter season. The Cooch Behar district has registered
a high RTD in the winter season followed by Jalpaiguri and Uttar Dinajpur. The RTD of
aman rice growing season is less. There is a significant increasing trend in the RTD of
Cooch Behar and there is a significant negative trend in the RTD of Uttar Dinajpur during
winter season. There is a significant decreasing trend in the RTD of Uttar Dinajpur during

aman rice season.

The number of rainy days is higher during rice season due to the coincidence of
monsoon followed by jute season due to summer showers. The number of rainy days
during winter is low. It can be observed that there is a significant decreasing trend in the
number of rainy days in Malda during winter season and there is a significant decreasing

trend in Cooch Behar during aman rice season.

4.2 Calculation of Unweighted and Weighted Weather Indices

The weekly weather data of the period in which a particular crop is grown are used
to calculate the unweighted and weighted weather indices. The unweighted indices have
been calculated as the simple average of each weather variable as given in the formula
3.4. for all the weather parameters except rainfall for which the cumulative value of the

crop growing period is calculated instead of average.
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4.2.1 Examination of Trend in Yield

Before calculating the correlation coefficient-based as well as path coefficient-
based weighted indices, the yield of each crop in each district is tested for the presence of
a trend. Modified Mann Kendall is employed to detect the presence of a significant trend
in the yield. The null hypothesis of the test is that there is no significant trend in the yield.
Simple linear regression is also applied by regressing the yield with year number as the
regressor variable. Further, the change in yield per year has been quantified using Sen’s
slope method. The yield is detrended if the trend in yield is found to be significant.

4.2.1.1 Rice

The results of the trend analysis for rice crop have been given in Table 4.2. The
average yield of rice crop is high in Malda (2618.70 kg ha*) followed by Uttar Dinajpur
(2199.57 kg ha't), Cooch Behar (1966.52 kg ha) and Jalpaiguri (1928.15 kg ha). From
the results of simple regression and the Modified Mann-Kendall Test, it can be seen that
there is a highly significant trend in the yield of rice crop in all four districts. Further, the
change in the yield of rice crop per year is a high level of 70 kg ha* per year in Cooch

Behar followed by Jalpaiguri district.

Table 4.2 The results of Trend analysis for Rice crop in all four districts

Average . : Modified Mann- ,
District Yield Simple Regression Kendall Test Sle(;l :
(kg hal)  Fstatistic pvalue Z statistic p value P
Cooch Behar 1966.52 157.27 0.00 5.20 0.00 70.00
Jalpaiguri 1928.15 254.10 0.00 5.65 0.00 69.95
Malda 2618.70 36.72 0.00 3.85 0.00 62.35
Uttar Dinajpur  2199.57 64.74 0.00 4,59 0.00 62.50
Cooch Behar Jalpaiguri
-03 CCIS-CS _____ -98 5-06 2CCIS-CS 23'.5-'.3 23'.Ié-'_' 232:’.-2‘.
Year Year
Malda Uttar Dinajpur
e e
08 cclg,:; _____ 28 CCISVCQ _____
Year Year

*  Actual Yield *

Trendline

Fig. 4.1 Trend plots for yield of Rice crop in all four districts
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It can be seen from Fig. 4.1 that there is an increasing trend in the yield of rice
crop in all four districts. The significant increasing trend in the yield of rice crop can be
attributed to the introduction high high-yielding varieties, improved cultivational
practices etc. over the years. As there is a significant trend in the yield of rice crop in all
the four districts, the yield is to be determined before the calculation of the correlation

coefficient as well as path coefficient-based weighted indices.

4.2.1.2 Wheat

The results of the trend analysis for wheat crop have been given in Table 4.3. The
average yield of wheat crop is high in Malda (2749.32 kg ha*) followed by Uttar Dinajpur
(2382.41 kg ha't), Jalpaiguri (2136.43 kg ha) and Cooch Behar (2022.81 kg ha?). It can
be observed from the results of trend analysis that there is a highly significant trend at
0.01% level of significance in the yield of wheat crop in all the districts except Uttar
Dinajpur. The trend in the yield of wheat crop in Uttar Dinajpur is also significant at 5%
level of significance as the p value is less than 0.05. Further, the change in the yield of
wheat crop per year is a high level of 37.62 kg ha™* per year in Cooch Behar followed by
Jalpaiguri.

Table 4.3 The results of Trend analysis for Wheat crop in all four districts

Average . : Modified Mann- ,
District Yield Simple Regression Kendall Test Sle(;l :
(kg hal)  Fstatistic pvalue Z statistic p value P
Cooch Behar 2022.81 10.69 0.00 2.85 0.00 37.62
Jalpaiguri 2136.43 10.38 0.00 7.68 0.00 36.86
Malda 2749.32 22.91 0.00 3.64 0.00 33.34
Uttar Dinajpur  2382.41 6.92 0.02 2.11 0.03 14.79
Cooch Behar Jalpaiguri
O
3 §-09  2012-13  2016-17  2020- -S.S §-00  2012-13  2016-17  2020-
Year Year
Malda Uttar Dinajpur
3 309  2012-13  2016-17  2020- 08 309 2012-13  2016-17  2020-
Year Year

*  Actual Yield * Trendline

Fig. 4.2 Trend plots for yield of Wheat crop in all four districts
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It can be seen from Fig. 4.2 that there is an increasing trend in the yield of wheat

crop in all four districts.

4.2.1.3 Potato

The results of the trend analysis for potato crop have been given in Table 4.4. The

average yield of potato crop is high in Malda (26.52 t ha*) followed by Jalpaiguri (24.86
t hal), Cooch Behar (23.97 t ha') and Uttar Dinajpur (23.81 t hal). There is a highly
significant trend at 0.01% level of significance in the yield of potato crop in all the

districts. Further, the change in the yield of potato crop per year is a high level of 1.17 t

ha* per year in Malda.

Table 4.4 The results of Trend analysis for Potato crop in all four districts

Average . . Modified Mann-
District Yielo? Simple Regression Kendall Test Sen’s
(thal) Fstatistic pvalue Zstatistic  pvalue Slope
Cooch Behar 23.97 8.05 0.00 3.11 0.00 0.55
Jalpaiguri 24.86 35.86 0.00 4.12 0.00 0.72
Malda 26.52 29.49 0.00 3.53 0.00 1.17
Uttar Dinajpur  23.81 33.21 0.00 4.06 0.00 0.65

It can be seen from Fig. 4.3 that there is an increasing trend in the yield of potato

crop in all four districts.
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Fig. 4.3 Trend plots for yield of Potato crop in all four districts
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4.2.1.4 Jute

The results of trend analysis for jute crop have been given in Table 4.5. The
average yield of jute crop is high in Malda (13.96 bales ha') and the average yield in
other districts are less than 12 bales ha™*. There is a highly significant trend at 0.01% level
of significance in the yield of jute crop in all the districts. Further, the change in the yield
of jute crop per year is high in Malda (0.27 bales ha* per year) followed by Jalpaiguri and
Uttar Dinajpur districts.

Table 4.5 The results of Trend analysis for Jute crop in all four districts

Average . . Modified Mann- ,
District Yieldg Simple Regression Kendall Test Sen’s
(bales ha)  Fstatistic pvalue Zstatistic  p value Slope

Cooch Behar 11.25 78.38 0.00 4.85 0.00 0.23
Jalpaiguri 11.80 86.51 0.00 4.59 0.00 0.28
Malda 13.96 58.72 0.00 4.27 0.00 0.31
Uttar Dinajpur 11.78 71.46 0.00 5.36 0.00 0.27

There is an increasing trend in the yield of jute crop in all four districts as seen
from Fig. 4.4.
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Fig. 4.4 Trend plots for yield of Jute crop in all four districts

4.2.1.5 Rapeseed-Mustard

The results of the trend analysis for rapeseed-mustard crop have been given in
Table 4.6. The average yield of rapeseed-mustard crop in Malda is a high level of 1054.54
kg ha! and the average yield is less than 800 kg ha in the remaining districts. From the
results of simple regression as well as the Modified Mann-Kendall Test, it can be revealed

that there is a highly significant trend in the yield of rapeseed-mustard crop in Jalpaiguri,
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Malda and Uttar Dinajpur districts which are significant at 0.01% level of significance.
But there is no significant trend in Cooch Behar at 5% level of significant (p>0.05). The
change per year in the yield is high in Uttar Dinajpur (22.49 kg ha*) followed by Malda
(21.92 kg ha') and Jalpaiguri (13.41 kg ha). The change is very low (7.29 kg ha?) in
Cooch Behar which might be due to the non-significant trend in yield.

Table 4.6 The results of Trend analysis for Rapeseed-mustard crop in all four districts

Average . . Modified Mann-
District YieloglJ Simple Regression Kendall Test Sen’s
(kg hal)  Fstatistic pvalue Z statistic p value Slope
Cooch Behar 539.06 2.76 0.11 1.16 0.24 7.29
Jalpaiguri 626.17 31.57 0.00 4.33 0.00 13.41
Malda 1054.54 35.46 0.00 6.85 0.00 21.92
Uttar Dinajpur 799.31 33.41 0.00 3.85 0.00 22.49

Due to the non-significant trend in the yield of rapeseed-mustard in Cooch Behar
district, the slope of the trendline is very low as seen from Fig. 4.5. There is an increasing

trend in the yield of rapeseed-mustard crop in the other three districts.
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Fig. 4.5 Trend plots for yield of Rapeseed-mustard crop in all four districts

Since there is a significant trend in the yield of all the five crops in all four districts
except rapeseed-mustard yield in Cooch Behar, the respective yield is detrended before
the calculation of weighted weather indices. Detrending of yield before calculating
correction as well as path coefficient is done with an aim to study the actual effect of
weather parameters on yield by removing trend-causing factors. The detrending of yield
has been done by subtracting the predicted yield from actual yield where the predicted

yield is obtained by regressing the yield using year number as the explanatory variable.
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4.2.2 Calculation of Weighted Indices

In order to calculate the correlation coefficient based on weighted indices, first-
week data of a particular weather parameter say, the maximum temperature of all the
years have been taken and the correlation coefficient between the first-week data and the
detrend yield is calculated. Similarly, second-week data of all the years are taken and the
correlation between the second-week data and the detrend yield is calculated. This
procedure is continued till the last week of the crop growing period of a particular crop.
Then, the correlation coefficient-based weighted indices have been calculated for each
weather parameter using the formula 3.5 as the weighted average of weekly weather data
with the correlation coefficient as the weight. In similar fashion, the path coefficient-
based weighted indices have been calculated as the weighted average of weather variables
as given in the formula 3.6. The average of unweighted and correlation coefficient based
as well as path coefficient based weighted indices of all the five crops in each district are
given in the Table 4.7.

In rice crop, the correlation coefficient based weighted indices of maximum
temperature (CC_Tmin) of all the district are almost close to unweighted indices except
Uttar Dinajpur, where the CC_Tmax is greater than unweighted based on the correlation
of maximum temperature with yield. CC_RF of all the districts is far lesser than the
unweighted according to the effect of rainfall on yield. CC_WS of Uttar Dinajpur is
negatively weighted that might be due to the negative effect of windspeed on yield. The
PC Tmin of Cooch Behar is weighted more according to its direct effect on yield,
whereas, it is negatively weighted in Jalpaiguri. The exposure of different phenological
phases of rice crop to a temperature lower than the threshold temperature or a cold spell
affects the yield directly (Nishad et a/ 2018). The PC_RF of all the districts is also far
lesser than unweighted indices but it is close to the CC_RF. Undistributed rainfall during
the monsoon season largely influences the kharif rice cop which ultimately affects the
yield (Akhter er al 2021). The correlation coefficient as well as path coefficient-based

weighted indices of relative humidity are also closer to unweighted indices.

For the wheat crop in Cooch Behar, the average of correlation-based indices of all
the weather parameters are lesser than the unweighted indices. The reduction in the
weighted indices may be according to the correlation of weather parameters with yield in
different weeks. The correlation coefficient-based weighted index of maximum
temperature (CC_Tmax) of the other three districts is greater than the unweighted indices
which might be due to the importance of maximum temperature to the yield of wheat
crop. CC_Tmin as well as CC_RF are also greater than unweighted indices in the case of

Malda district.
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Table 4.7 Average of Unweighted and Weighted Weather Indices of five crops in four districts

Crop Rice Wheat Potato Jute Rapeseed-mustard
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Tmax (°c) | 316 319 324 326| 265 262 269 319| 265 262 269 272 | 314 321 347 343|265 262 269 27.2

Tmin(°c) | 234 235 253 240| 125 133 158 19.0| 125 133 158 147| 219 222 243 232|125 133 158 147

RH (%0) 824 820 800 823 | 755 762 712 774 | 755 762 712 80.1| 745 736 67.0 78.7|755 762 712 80.1

WS (m/s) 2.1 22 28 25 1.8 1.9 26 32| 18 19 26 23 2.5 27 31 30| 18 19 26 23

RF (mm) | 2060 2380 1004 899 | 451 323 670 57| 451 323 670 153 | 1071 983 354 335|451 323 67.0 153

CC_Tmax | 294 302 321 384 | 250 283 311 342 | 249 241 385 203 | 315 233 342 340|226 254 224 263

CC_Tmin | 26.0 23 246 234 9.5 21 324 154| 35 124 388 -35| 217 215 458 222|119 127 137 156

CC_RH 833 803 779 824| 735 749 623 799| 826 79.1 490 806| 659 778 56.6 793|374 87.7 -217.7 831

CC_WS 2.1 39 22 -29 0.6 2.7 26 23| 20 19 26 21 2.4 28 33 39| 15 18 26 24

CC_RF |1232 1151 393 738 | 225 0.8 57 32|-975 -24 44 -03|1358 1276 375 61.0|106 141 -14 13

PC_Tmax | 321 313 322 30.7| 254 226 256 302 | 294 276 239 254 | 316 36.0 336 343|255 263 236 276

PC_Tmin | 78.0 -947 259 24.0 2.8 -227.3 55 159| 181 13.0 -419 305| 222 230 311 208|119 137 140 124

PC_RH 83.0 80.7 789 8231077 765 111.8 805 | 80.9 87.2 190.2 80.6| 747 729 539 792|693 72 740 80.3

PC_WS 2.1 23 -23 28 1.4 24 25 22| 23 18 26 21 2.5 31 30 35| 17 21 27 24

PC_RF |1125 625 481 76.7 2.1 -0.9 52 59]|-175 21 45 -12 1445 1374 549 334| 16 23 31 -04
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Similarly, the path coefficient weighted indices are also optimally weighted for
each weather parameter according to its direct effect on yield. Noticeability, PC_RF of
all the districts is far lesser than the unweighted indices which might be due to their lesser
direct effect on yield. The PC_RF of Jalpaiguri is negative which might be due to the
negative effect of rainfall on yield. The PC_RH of all the districts is greater than the
unweighted indices due to the higher direct effect of relative humidity on wheat yield.
The high relative humidity during the 50% flowering stage of the wheat crop is having a
direct positive effect on attaining the physiological maturity of the crop (Satish et al
2023). The PC_Tmin of Jalpaiguri has a high negative value. The maximum reduction in
wheat yield in Jalpaiguri district has been noticed due to the decline of 2.4°C to 2.8°C in

minimum temperature during winter season (Mukherjee et al 2023).

In the case of potato crop also, almost all the correlation coefficient indices are
lesser than the unweighted indices except, CC_Tmax and CC Tmin in Malda. The
CC _RF is negative in Cooch Behar, Jalpaiguri and Uttar Dinajpur districts which might
be due to the negative effect of rainfall on yield. The path coefficient-based index of
maximum temperature (PC_Tmax) are greater than unweighted indices in Cooch Behar,
Jalpaiguri and Uttar Dinajpur. The PC_Tmin of Cooch Behar and Uttar Dinajpur are also
greater than unweighted indices. The prevalence high maximum and minimum
temperature during mid of the winter season has high positive effect on potato tuber yield
(Singh and Sandhu, 2022). The PC_Tmin of Malda is negative which may due to the
negative direct effect of minimum temperature on potato yield. The PC_RH of all the
districts is greater than the unweighted indices which might be due to the greater direct
effect of relative humidity as similar to the wheat crop. The relative humidity of greater
than 85% increase the tuber yield significantly (Wheeler et al 1989). The PC RF is
negative in Cooch Behar and Uttar Dinajpur districts and it is positive but lesser than the

unweighted indices in Jalpaiguri and Malda districts.

The CC Tmax is less weighted than unweighted indices in Jalpaiguri and
CC_Tmin is more weighted in Malda according to the effect of the respective weather
parameter on yield of jute crop. The correlation coefficient-based weighted indices of
windspeed and relative humidity are almost close to the unweighted indices of respective
weather factors. CC_RF of all the districts is far lesser than the unweighted according to
the effect of rainfall on yield. The PC_Tmax of Jalpaiguri and CC_Tmin of Malda are
more weighted which might be due to greater direct effect of the respective weather
parameter on yield. An increased temperature of 0.8°C to1.4°C during jute growing
season increases the fibre yield (Singh et a/ 2019). PC_RH of Malda are lesser than the
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unweighted as well as correlation-based weighted indices according to their direct effect
on yield. Similar to CC_RF, the PC_RF of all the districts is far lesser than the unweighted
indices and there is a considerable difference between PC_RF and CC_RF.

Similarly, correlation coefficient indices are lesser than the unweighted indices of
rapeseed-mustard crop except for CC_RH of Jalpaiguri and Uttar Dinajpur districts. The
CC_RHand CC_RF of Malda are negative which might be due to the negative association
of relative humidity and rainfall with yield. The path coefficient-based indices of almost
all the weather parameter are lesser or closer to unweighted indices. The PC RF is far
lesser than unweighted as well as correlation-based weighted indices that might be due to
the lesser direct effect of rainfall on rapeseed-mustard yield. Intermitted rainfall during

winter season affects the Indian mustard yield considerably (Boomiraj et al 2010).

It can be observed that both the weighted indices of majority of the weather
parameters are lesser than weighted indices in most of the cases and some of the weighted
indices are negative due to the negative association of the weather parameter on yield.
Hence, the weighted indices differ from unweighted indices in terms of weighting a
particular weather parameter based on its relationship on yield. The correlation-based
weighted indices are weighting a particular weather parameter according to its correlation
with yield, while path coefficient-based weighted indices weighting a particular weather
parameter according to its direct effect on yield. Whereas, the unweighted indices are just
an average of the weather parameter during the weeks in which the particular crop is

grown.

4.3 Application of Variable Selection or Dimension Reduction Methodologies

Five unweighted, five correlation coefficients based and five path coefficient
based weighted indices have been calculated for each crop in each district as there are
five weather parameters. Since the trend in yield is significant in almost all crops in every
district, the year number is also used as a trend variable in the model to account the trend-
causing factor along with weather indices. It is to be mentioned here that the detrended
yield is only used while calculating the weather indices with an aim of studying the exact
effect of weather factors on yield by removing the trend. However, the actual yield is used
while fitting the model. Hence, the weather indices as well as time trend variable are used
as the input or explanatory variables. The time trend variable is referred as Year hereafter.
Therefore, there are sixteen input or explanatory variables for each crop in each district.

The inclusion of all the explanatory variables in the model leads to a complex
model which necessitates the estimation of many parameter values that leads to the slow

learning of the model. In some cases, inclusion of some of the redundant or nonsignificant
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variables into the model leads to the overfitting issue. With this aim, three variable
selection or dimension reduction methodologies viz. Stepwise Regression (SR), Principal
Component Analysis (PCA) and Partial Least Square Regression (PLSR) are employed.

4.3.1 Stepwise Regression (SR)

The stepwise regression analysis has been carried out by taking crop yield as the
dependent variable and fifteen weather indices as well as time trend variables as
explanatory variables for each district separately.

4.3.1.1 Rice

The summary of stepwise regression analysis for rice crop in all four districts is
given in Table 4.8. For the Cooch Behar district, the time trend variable is included in the
first step which is significant at 1% Level of Significant (LoS). The Adjusted R? is 0.86
and the Akaike’s Information Criteria (AIC) value is 306.70. The CC_RF is included in
the second step which further increases the adjusted R? to 0.93. There is a decrease in
AIC value as well. CC_WS, PC_RF, Tmin and CC_Tmax are included in subsequent
steps. There is a further increase in adjusted R? and a decrease in AIC values on the
inclusion of the above variables. All six indices and intercepts are significant at 5% LoS.
These six indices cumulatively explain 98% of the variation in the yield. The AIC value
is at a low level of 262.54 when these seven indices are included in the model. The
inclusion of other indices to the stepwise regression does not increase the adjusted R? to
a significant level and their respective regression coefficients are not significant at 5%
LoS.

There are five steps for Jalpaiguri district in which Trend variable, CC_RF
PC_WS, PC_RH and PC_RF are included in the model in each step respectively. There
is a decline in the AIC value in each step and it is low when these five indices are included
in the model. These five indices are significant at 5% LoS. These five indices are together
explain 98% of the variation present in the yield of rice crop in Jalpaiguri district.
Similarly, there are five steps for Malda district in which trend variable, CC_WS,
CC_RH, CC_RF and PC_Tmax are included in each step respectively. The time trend
variable, CC_Tmax and PC_RF are included in stepwise regression for Malda district.
All the five indices and intercept are significant at 5% LoS. The AIC value is decreased
and Adjusted R? is increased on inclusion of each variable into the model. The AIC value
is low when these five indices are included in the model. These five indices cumulatively
explain 92% of the variation in the yield of rice crop in Malda district.

The trend variable, CC_Tmin and CC_RF are included in three steps for Uttar
Dinajpur district. All three indices along with intercept are significant at 1% LoS and
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AIC is low when these three indices are included in the model. These three indices
cumulatively explain 93% of the variation in the yield of rice crop in Uttar Dinajpur
district.

Table 4.8 Summary of Stepwise Regression (SR) analysis for Rice crop

District Nugnber of Predictors Coefficient P
teps value
(Intercept) 2152.33  0.00
Year 71.00 0.00
CC_RF -0.26  0.01
Cooch 5 CC WS -549.80  0.00
Behar PC RF -0.88  0.00
Tmin 70.71  0.00
CC_Tmax -13.10  0.02
CC_Tmin -39.19  0.05
(Intercept) 96.12 0.84
Year 69.18 0.00
Jalpaiguri 5 CC RF -0.19 0.01
PC_WS -176.08  0.00
PC RH 17.80 0.01
PC_RF -0.07  0.05
(Intercept) 7160.48 0.00
Year 54.98 0.00
CC_WS 79.77 0.02
Malda > CC_RH 2421 001
CC RF -2.70  0.02
PC_Tmax -105.12 0.04
(Intercept) 511.39 0.00
Uttar 3 Year 63.47 0.00
Dinajpur CC_Tmin 36.09 0.00
CC_RF 1.12  0.00

4.3.1.2 Wheat

The results of stepwise regression analysis for wheat crop for all four districts is
given in Table 4.9. For the Cooch Behar district, CC_Tmin is included in the first step
which is significant at 1% LoS. CC_Tmin is alone explains 60% variation in the yield.
The RF is included in the second step which further increases the adjusted R? to 0.70.
There is a decline in AIC value as well. Tmin is included in the third step. There is a
further increase in adjusted R? and a decrease in AIC values. All three includes indices
and intercept are significant at 1% LoS. These three indices cumulatively explaining 73%
of the variation in the yield of wheat crop. The inclusion of other indices to the stepwise
regression does not increase the adjusted R? to a significant level and their respective

regression coefficients are not significant at 5% LoS.
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There are four steps for the Jalpaiguri district in which PC_Tmin, RH, Time trend
and CC_RF are added in successive steps. There is a decline in the AIC value in each step
and it is low when these four indices are included in the model. These four indices are
together explain 88% of the variation present in the yield of wheat crop in Jalpaiguri
district. These four indices are significant at 1% LoS. The time trend variable, CC_Tmax
and PC_RF are included in stepwise regression for the Malda district. All three included
indices are significant at 1% LoS. AIC value is low when these three indices are included
in the model. These three indices cumulatively explain 83% of the variation in the yield
of wheat crop in Malda district.

The CC_Tmin, CC_RF and RF are included in three steps for Uttar Dinajpur
district. The AIC value is 312.81 and the adjusted R?is 0.38 in the first step in which
CC_Tminalone is included in the model. There is a decrease in AIC value and an increase
in adjusted R? in the subsequent steps. These three indices cumulatively explain 73% of
the variation in the yield of wheat crop in Uttar Dinajpur district. All three indices along

with intercept are significant at 1% LoS.

Table 4.9 Summary of Stepwise Regression (SR) analysis for Wheat crop

District Number of Predictors  Coefficient b
Steps value
(Intercept) 3092.47  0.00
Cooch 3 CC_Tmin -208.08 0.00
Behar RF -3.15 0.00
Tmin 84.36 0.00
(Intercept) -1147.93 0.31
PC_Tmin 1.08 0.00
Jalpaiguri 4 RH 4152 0.01
Year 31.49 0.00
CC_RF -15.72  0.00
(Intercept) 147.72  0.69
Malda 3 Year 37.73 0.00
CC_Tmax 67.42 0.00
PC_RF 10.52  0.00
(Intercept) 903.64 0.00
Uttar 3 CC_Tmin 101.96 0.00
Dinajpur CC_RF -43.42  0.00
RF 8.66 0.01

4.3.1.3 Potato

The results of stepwise regression analysis for potato crop for all four district is
given in the Table 4.9. For Cooch Behar district, CC_Tmin is included in the first step
which is significant at 5% LoS. The Adjusted R? is 0.32 when CC_Tmin alone included
in the model. The AIC value is 149.63. The CC_WS is included in the second step which
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further increases the adjusted R? to 0.56. There is a decline in AIC value as well. CC_RF
is included in the third step. There was a further increase in adjusted R? and a decrease in
AIC values. The time trend variable is included in the fourth step. All the four included
indices are significant at 5% LoS. These three indices cumulatively explain 66% of the
variation in the yield of potato crop.

There are five steps for the Jalpaiguri district in which CC_Tmin, Year, PC_RH,
PC_Tmax and PC_WS are added in successive steps. The AIC is 130.46 and the adjusted
R? is 0.62 when CC_Tmin alone is included in the model in first step. There is a decline
in the AIC value in each step and it is low when these five indices are included in the
model. These five indices explain 92% of the variation present in the yield of potato crop
in Jalpaiguri district. These five indices and intercept are significant at 5% LoS.
Similarly, there are five steps for Malda district in which the time trend variable,
CC_Tmin, PC_RH, RF and PC_Tmax are included in each step respectively. All the five
includes indices as well as the intercept are significant at 5% LoS. AIC value is decreasing
in each step and the low AIC of 130.70 is obtained in the fifth step. These five indices

cumulatively explain 86% of the variation in the yield of potato crop in the Malda district.

Table 4.10 Summary of Stepwise Regression (SR) analysis for Potato crop

District Nugnber of Predictors Coefficient b
teps value
(Intercept) -455 0.53
Cooch CC_Tmin -0.49 0.03
Behar 4 CC_WS 13.00 0.00
CC RF -0.01 0.04
Year 0.29 0.05
(Intercept) 45.80 0.00
CC_Tmin -2.84  0.00
Jalpaiguri 5 Year 0.52 0.00
PC RH -0.13  0.00
PC_Tmax 051 0.04
PC WS 3.16 0.05
(Intercept) -40.67  0.00
Year 1.50 0.00
CC_Tmin 0.43 0.00
Malda > PC_RH 0.05 0.00
RF 0.04 0.01
PC_Tmax 0.83 0.03
(Intercept) 0.30 0.96
Uttar Year 0.68 0.00
Dinajpur 4 CC_Tmin -0.23  0.00
CC RF 091 0.01
CC RH 0.18 0.03
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The time trend variable, CC_Tmin, CC_RF and CC_RH are included in four steps
for Uttar Dinajpur district. The AIC is low when these three indices are included in the
model and all three indices are significant at 5% Lo0S. These three indices cumulatively

explain 88% of the variation in the yield of potato crop in Uttar Dinajpur district.

4.3.1.4 Jute

The results of stepwise regression analysis for jute crop in all four districts is given
in Table 4.11. The time trend variable is included in the first step for Cooch Behar district
which is significant at 1% LoS. The AIC value is 59.59 and the Adjusted R? is 0.78 when
the time trend variable alone is included in the model. CC_Tmin, PC_Tmax, CC_WS and
PC_RH are included in the subsequent steps. There is a decrease in AIC value as well as
an increase in adjusted R? in each step. All the five indices included are significant at 5%
LoS. These five indices are cumulatively explaining 94% of the variation in the yield of
jute crop in Cooch Behar district. The inclusion of other indices to the stepwise regression
does not increase the adjusted R? to a significant level and their respective regression
coefficients are not significant at 5% LoS.

There are four steps for the Jalpaiguri district in which time trend variable,
CC_WS, PC_RF and RF are included in the model in successive steps. There is a decline
in the AIC value in each step and it is low level of 36.58 when all the four indices are
included in the model. These four indices explain 95% of the variation in the yield of jute
crop in Jalpaiguri district. These four indices and intercept are significant at 5% LoS.
There are three steps for Malda district in which the time trend variable, CC_WS and
CC_RF are included in each step respectively. The adjusted R? is 0.72 when time trend
variable alone is included in the first step. The adjusted R? increases in each step and the
AIC value decreases in each step. The low AIC value of 66.99 is obtained in the third
step. All three indices as well as the intercept are significant at 5% LoS. and. These three
indices cumulatively explain 87% of the variation in the yield of jute crop in Malda
district.

There are four steps for Uttar Dinajpur district in which the time trend variable,
CC_WS, PC_Tmax and CC_RF are included in the stepwise regression model. The
adjusted R? is 0.76 and AIC value is 73.02 when the time trend variable alone is included
in the first step. There is a decline in AIC and an increment in adjusted R? in each step.
The adjusted R? is 0.96 and the AIC value is 34.04 in the fourth step in which four indices
are included in the model. All the four indices are significant at 5% LoS. These four
indices are cumulatively explained 96% of the variation in the yield of jute crop in Uttar
Dinajpur district.
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Table 4.11 Summary of Stepwise Regression (SR) analysis for Jute crop

District Number of Predictors Coefficient X
Steps value

(Intercept) 324 0.35

Year 0.24  0.00

Cooch 5 CC_Tmin -0.39 0.00
Behar PC_Tmax 0.44 0.00
CC_WS 1.10 0.00

PC_RH -0.04 0.05

(Intercept) 11.77 0.00

Year 0.31 0.00

Jalpaiguri 4 CC_WS -1.39  0.00
PC_RF -0.01  0.00

RF 0.00 0.04

(Intercept) 13.92  0.00

3 Year 0.26  0.00

Malda CC_WS 080 0.00
CC_RF -0.01 0.05

(Intercept) 253 0.25

Year 0.25 0.00

Diﬁ;tj%rur 4 CC WS 035  0.00
PC_Tmax 0.21 0.00

CC RF 0.00 0.04

4.3.1.5 Rapeseed-Mustard

The summary of the stepwise regression analysis for rapeseed-mustard crop is
given in the Table 4.12. The CC_RH is included in the first step for Cooch Behar district
which is significant at 5% LoS. The AIC value is 282.45 and Adjusted R? is 0.50 when
CC_RH alone included in the model. PC_Tmax and CC_WS are included in second and
third steps. There is a decrease in AIC value as well as increase in adjusted R? in each
step. All the three indices and intercept are significant at 5% LoS. These three indices
cumulatively explain 72% of variation in the yield of rapeseed-mustard crop. The time
trend variable is not included in the model as there is no significant trend in yield of
rapeseed-mustard in Cooch Behar district.

There are five steps for Jalpaiguri district in which time trend variable, CC_Tmakx,
PC_WS, Tmin and CC_WS are included to the model in successive steps. The adjusted
R? is 0.58 and AIC is 274.03 in the first step in which the time trend variable alone
included in the model. There is a decline in the AIC value in each step and it is low level
of 250.68 when all the five indices are included in the model. These four indices are
explaining 87% of the variation in the yield of rapeseed-mustard crop in Jalpaiguri
district. These five indices are significant at 5% LoS. There are four steps for Malda
district in which the time trend variable, CC_RF, CC_RH and PC_RH are included in
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each step respectively. The adjusted R? is 0.61 when time trend variable alone is included
in the first step. The adjusted R? increases in each step and AIC value decreases in each
step. The low AIC value of 259.25 is obtained in the fourth step after including the above-
mentioned indices. All four indices as well as the intercept are significant at 5% LoS. and.
These four indices are cumulatively explain 91% of variation in the yield of rapeseed-
mustard crop in the Malda district.

There are three steps for Uttar Dinajpur district in which the time trend variable,
CC_RH and CC_WS are included the stepwise regression model. The adjusted R? is 0.60
and AIC value is 279.08 when time trend variable alone included in the first step. There
is a decline in AIC and an increment in adjusted R? in each step. The adjusted R? is 0.79
and AIC value is 284.15 in the third step in which the two indices and a time trend variable
are included in the model. All the three are significant at 1% LoS. These three indices are

cumulatively explained 79% of variation in the rapeseed-mustard yield in Uttar Dinajpur.

Table 4.12 Summary of Stepwise Regression (SR) analysis for Rapeseed-mustard crop

District Nugnberof Predictor Coefficient P
teps value

(Intercept) -828.76  0.01

Cooch 3 CC RH 2.38  0.05

Behar PC_Tmax 37.10 0.00

CC_WS 220.67 0.02

(Intercept) 617.09 0.06

Year 12.81  0.00

Jalpaiguri 5 CC_Tmax 28.93 0.00
PC_WS -44.21 0.01

Tmin -41.03 0.04

CC_WS -129.54  0.05

(Intercept) 619.59 0.00

4 Year 20.33 0.00

Malda CC RF 2.43  0.00

CC RH 0.17 0.00

PC RH 3.13 0.03

(Intercept) -324.14  0.34

Uttar 3 Year 30.65 0.00

Dinajpur CC RH 12.76  0.00
CC_WS -128.66  0.01

From the results of stepwise regression, it can be observed that only two to seven
explanatory variables are selected. The information present in the other variables is
completely ignored. In order to achieve variable selection as well as to store maximum
information present in the entire data in few of the selected variable simultaneously, two
dimension reduction techniques namely, Principal Component Analysis (PCA) and
Partial Least Square Regression (PLSR) are employed.
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4.3.2 Principal Component Analysis (PCA)

Principal Component Analysis (PCA) is conducted for each crop in all four
districts by using their respective weather indices as well as time trend variable
corresponding to the particular crop of a district. The variables are standardized before
performing PCA. Sixteen Principal Components (PCs) are derived for each crop in each

district as there are sixteen variables.

4.3.2.1 Rice

The summary of PCA for the rice crop of four districts is given in Table 4.13. The
first principal component (PC1) explains the largest variability present in the original data
for all the districts. The amount of variability explained by the PC; is 28.18%, 37.29%,
32.03% and 34.45 for Cooch Behar, Jalpaiguri, Malda and Uttar Dinajpur respectively.
The eigen value of the first five principal components are greater than one which indicates
that each of the first five components explains more than one variable worth of
information. Since each of those components explains the information that existed in
more than one variable, the selection of such a component is beneficial in the view of
dimension reduction. The first five principal components of Cooch Behar explain about
80% of the variation present in the original dataset. The first five components of
Jalpaiguri, Malda and Uttar Dinajpur explained 80.90%, 84.44% and 83.91% of the
variability original data respectively. It can be observed from the scree plot that is given
in Fig. 4.5. The components after the fifth component explained less than 6% variability

in the data. Hence, first five components of each district are selected for further analysis.

Table 4.13 Summary of Principal Component Analysis (PCA) for Rice crop

Parameters PC: PC:2 PCs PCas PCs
Cooch Behar
Eigen value 451 261 222 203 1.32

Variability Explained (%) 28.18 16.29 13.87 12.67 8.24
Cumulative Variability (%) 28.18 44.46 58.34 71.00 79.24
Jalpaiguri
Eigen value 597 2.20 1.96 1.64 1.18
Variability Explained (%) 37.29 1373 1226 10.25 7.37
Cumulative Variability (%) 37.29 51.02 63.28 73.53 80.90
Malda
Eigen value 513 347 229 1.39 1.23
Variability Explained (%) 32.03 2166 14.33 8.71 7.71
Cumulative Variability (%) 32.03 53.70 68.02 76.73 84.44
Uttar Dinajpur
Eigen value 551 3.01 2.23 1.68 1.00
Variability Explained (%) 3445 1881 1391 1048 6.25
Cumulative Variability (%) 34.45 53.26 67.17 77.66 8391
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Fig. 4.6 Scree plot of Principal Component Analysis (PCA) for Rice crop

4.3.2.2 Wheat

The summary of PCA for wheat crop in four districts is given in Table 4.14. For
Cooch Behar district, the first principal component (PCi) is explaining the largest
variability present in the original data (30.47%). The eigenvalues of the five components
are greater than one. The first five components are cumulatively explained 82.60% of
variability in the original data. From the scree plot given in Fig. 4.7, it can be observed
that variability explained by the components after the fifth PCs is substantially low. Hence
first five principal components that explained 82.60% variability of fifteen weather

indices as well as time trend variable are selected.

Similarly, the eigenvalues of the first five PCs are greater than one in Malda and
Uttar Dinajpur districts. The first five PCs are cumulatively explained 84.33% and
82.77% of variability in the original data respectively. It can be observed from the scree
plot that the variability explained by the components after the fifth PCs are of lesser than
6%. For the Jalpaiguri district, the eigenvalues of first six PCs are greater than one and
those explained about 87% of variability in the original data. Hence first five PCs of
Cooch Behar, Malda and Uttar Dinajpur districts and first six PCs of Jalpaiguri are

selected for further analysis.
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Table 4.14 Summary of Principal Component Analysis (PCA) for Wheat crop

Parameters PCi PC2 PCs PC4 PCs  PCe
Cooch Behar
Eigen value 487 327 221 148 138 0.83
Variability Explained (%) 3047 2043 1381 924 865 518
Cumulative Variability (%) 30.47 50.90 64.71 7395 82.60 87.77
Jalpaiguri
Eigen value 504 299 232 139 116 1.01
Variability Explained (%) 3152 1868 1447 870 7.23 6.30
Cumulative Variability (%) 31.52 50.20 64.67 73.38 80.61 86.91
Malda
Eigen value 471 327 289 156 106 0.84
Variability Explained (%) 29.41 2045 1804 9.78 6.65 5.27
Cumulative Variability (%) 29.41 4986 6790 77.68 84.33 89.60
Uttar Dinajpur
Eigen value 443 311 281 160 129 094
Variability Explained (%) 27.72 19.43 1754 10.00 809 5.90
Cumulative Variability (%) 27.72 4715 64.68 74.68 82.77 88.67
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Fig. 4.7 Scree plot of Principal Component Analysis (PCA) for Wheat crop

4.3.2.3 Potato

The summary of PCA for potato crop in four districts is given in Table 4.15. The

first principal component (PC1) explains the largest variability present in the original data

of all the districts. The amount of variability explained by the PC; is 29.69%, 29.00%,

35.10% and 39.43% for Cooch Behar, Jalpaiguri, Malda and Uttar Dinajpur respectively.

The eigen values of first five principal components are greater than one for Cooch Behar,

Jalpaiguri and Uttar Dinajpur districts which are cumulatively explaining 83.59%,
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83.09% and 86.10% variability in the original data respectively. It can be observed from
the scree plot that is given in Fig. 4.8. The components after fifth component explained

less than 6% variability in the data.

Table 4.15 Summary of Principal Component Analysis (PCA) for Potato crop

Parameters PCi PC2 PCs PCas PCs
Cooch Behar
Eigen value 475 3.00 249 1.98 1.15
Variability Explained (%) 29.69 18.73 1559 1238 7.20
Cumulative Variability (%) 29.69 4841 64.01 76.39 83.59
Jalpaiguri
Eigen value 464 320 2.36 1.93 1.17
Variability Explained (%) 29.00 19.99 1473 12.03 7.34
Cumulative Variability (%) 29.00 48.99 63.72 75.75 83.09
Malda
Eigen value 562 387 291 1.13  0.87
Variability Explained (%) 3510 2418 1820 7.07 544

Cumulative Variability (%) 35.10 59.29 77.49 8456 90.01
Uttar Dinajpur

Eigen value 471 408 2.02 1.59 1.37

Variability Explained (%) 29.43 2553 1265 991 857

Cumulative Variability (%) 29.43 5496 67.62 77.53 86.10

The eigenvalues of the first four principal components are greater than one in
Malda which are cumulatively explained 84.56% variability. The components after the
fourth component explained substantially less variability. Hence first five components of
Cooch Behar, Jalpaiguri and Uttar Dinajpur district and first four components of Malda

are selected for further analysis.
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Fig. 4.8 Scree plot of Principal Component Analysis (PCA) for Potato crop

Results and Discussion | 91



4.3.2.4 Jute

The summary of PCA for jute crop in four districts is given in Table 4.16. The
amount of variability explained by the PCi is 39.60%, 26.25%, 27.30% and 37.14% in
Cooch Behar, Jalpaiguri, Malda and Uttar Dinajpur respectively. The eigenvalues of the
first four principal components are greater than one for Cooch Behar and Uttar Dinajpur
districts while the first five components are having eigenvalues greater than one in
Jalpaiguri and Malda districts. The first four components of Cooch Behar and Uttar
Dinajpur are explaining 84.28% and 80.02% variability in the original data respectively.
Similarly, the first five components of the Jalpaiguri and Malda districts explained
84.48% and 81.24% of the variability in the original dataset. It can be observed from the
scree plot that is given in Fig. 4.9, the components after the fourth component of Cooch
Behar and Uttar Dinajpur districts and components after the fifth component of Jalpaiguri
and Malda are explaining substantially low variability in the data. Hence, the first four
components of Cooch Behar and Uttar Dinajpur and the first five components of

Jalpaiguri and Malda are selected for further modeling.

Table 4.16 Summary of Principal Component Analysis (PCA) for Jute crop

Parameters PCi PC: PCs PCas PCs
Cooch Behar
Eigen value 6.34 328 246 141  0.93
Variability Explained (%) 39.60 2052 1535 881 583
Cumulative Variability (%) 39.60 60.12 7547 84.28 90.11
Jalpaiguri
Eigen value 420 371 240 214 1.07
Variability Explained (%) 26.25 2319 1499 1335 6.70
Cumulative Variability (%) 26.25 4944 64.43 77.79 84.48
Malda
Eigen value 437 327 277 1.46 1.13
Variability Explained (%) 27.30 2047 1733 9.10 7.05

Cumulative Variability (%) 27.30 47.77 65.10 74.19 8124
Uttar Dinajpur

Eigen value 594 316 213 1.57 0.89

Variability Explained (%) 37.14 19.77 1332  9.79 6.23

Cumulative Variability (%) 37.14 56.92 70.23 80.02 86.25
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Fig. 4.9 Scree plot of Principal Component Analysis (PCA) for Jute crop

4.3.2.5 Rapeseed-mustard

The summary of PCA for rapeseed-mustard crop in four districts is given in Table

4.17. The first principal component (PC1) explains the largest variability present in the

original data for all the districts. The amount of variability explained by the PC; is
35.83%, 27.66%, 39.08% and 23.56% for Cooch Behar, Jalpaiguri, Malda and Uttar

Dinajpur respectively. The eigenvalues of first five principal components are greater than

one for all the districts. The first five principal components are cumulatively explaining

84.99%, 83.33%, 86.65% and 77.51% of the variability of the original data respectively

Table 4.17 Summary of Principal Component Analysis (PCA) for Rapeseed-mustard

Parameters PCi PC2 PCs PC4 PCs
Cooch Behar
Eigen value 573 321 2.09 1.43 1.14
Variability Explained (%) 35.83 20.06 13.05 8.94 7.11
Cumulative Variability (%) 35.83 55.90 6894 77.88 84.99
Jalpaiguri
Eigen value 443 349  2.63 1.60 1.20
Variability Explained (%) 2766 21.79 16.43 998 7.48
Cumulative Variability (%) 27.66 4945 65.88 75.86 83.33
Malda
Eigen value 6.25 3.13 1.83 1.59 1.05
Variability Explained (%) 39.08 1959 1144 996 6.59
Cumulative Variability (%) 39.08 58.66 70.11 80.06 86.65
Uttar Dinajpur
Eigen value 3.77 324 233 1.69 1.37
Variability Explained (%) 2356 20.26 1455 1058 8.57
Cumulative Variability (%) 23.56 4382 5837 6895 7751
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. It can be observed from the scree plot that is given in Fig. 4.10, the components

after fifth component are explaining substantially less variability of the original data.
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Fig. 4.10 Scree plot of Principal Component Analysis (PCA) for Rapeseed-mustard crop

4.3.3 Partial Least Square Regression (PLSR)

Partial Least Square Regression (PLSR) has been carried out for each crop of all
four districts by taking crop yield as the dependent variable and their respective weather
indices as well as time trend variable as independent variables. Sixteen partial least square
components are obtained for each crop in each district as there are sixteen independent
variables. The optimum number of components are selected using cross-validation
technique. First few components up to a component for which the Root Mean Square
Error for Cross Validation (RMSE-CV) is low are selected.

4.3.3.1 Rice

Cross-validation plots of PLSR for rice crop of each district are given in Fig. 4.11.
For Cooch Behar district, the low RMSE-CV of 144.3 is obtained at the sixth component.
The selection of the next component may increase the predictive error. Hence first six
components are optimum. Similarly, the RMSE-CV is at the low level of 150.9 and 190.7
at the fifth components of the Jalpaiguri and Malda districts respectively. For Uttar
Dinajpur, the low RMSE-CV of 167.6 is attained at the sixth component. Hence, the first
six components of Cooch Behar and Uttar Dinajpur districts and the first five components

of Jalpaiguri and Malda districts are selected for further analysis.
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Fig. 4.11 PLSR cross-validation plots for Rice crop of four districts

The summary of PLSR for rice crop is given in Table 4.18. The first component
of all the districts explained the highest variability in the yield. The first component of
Cooch Behar is explaining 20.44% variability in the independent variables which can
explain 82.21% of the variability in the yield. Similarly, the first component of Jalpaiguri,
Malda and Uttar Dinajpur explained 28.63%, 24.17% and 12.82% variability in
independent variables and they can explain 63.20%, 75.47% and 78.77% variability in

yield respectively.

Table 4.18 Summary of Partial Least Square Regression (PLSR) for Rice crop

Cumulative Variability
Explained

Comp.1
Comp.2
Comp.3
Comp.4
Comp.5
Comp.6

Cooch Behar
Independent Variables (%) 20.44 4222 5149 61.18 64.22 73.12

Yield (%) 8221 9161 9531 96.6 97.94 98.46
Jalpaiguri
Independent Variables (%)  28.63 48.67 55.75 63.24 72.06 76.95
Yield (%) 63.20 89.85 96.20 97.99 98.74 99.16
Malda
Independent Variables (%)  24.17 46.84 64.33 7113 76.46 82.73
Yield (%) 7547 8649 89.46 9391 95.15 9541

Uttar Dinajpur
Independent Variables (%) 12.82 40.23 55.03 67.76 77.98 85.64
Yield (%) 78.77 8755 9357 9549 96.30 96.74
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The first six components of the Cooch Behar and Uttar Dinajpur districts are
explaining 73.12% and 85.64% variability in independent variables and they can explain
98.46% and 96.74% of the variability in the yield respectively. Similarly, the first five
components of Jalpaiguri and Malda explained 72.06% and 76.46% of the variability in
independent variables and they can explain 98.74% and 95.15% of the variability in the
yield respectively. Hence, the PLSR components which explained the majority of
variability in the independent variable also explained the maximum variability in the

response variable (Duan et al 2020).

4.3.3.2 Wheat

Cross-validation plots of PLSR for wheat crop for each district are given in Fig.
4.12. For the Cooch Behar district, the RMSE-CV is low at a level of 304.0 at the fifth
component. For Jalpaiguri and Uttar Dinajpur districts, the RMSE-CV is at the low level
of 182.3 and 162.5 respectively at the fourth component. The low RMSE-CV of 176.6 is
obtained at the seventh component for Malda. Hence, the first five components of Cooch
Behar, seven components of Malda and four components of Jalpaiguri and Uttar Dinajpur

districts are selected.
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Fig. 4.12 PLSR cross-validation plots for Wheat crop of four districts
The summary of PLSR for wheat crop is given in Table 4.19. First component of
Cooch Behar is explaining less variability in the independent variables (7.78%); but it can
explain 69.73% of the variability in the yield. Similarly, first component of Jalpaiguri,
Malda and Uttar Dinajpur explained 53.26%, 20.72% and 29.89% variability in
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independent variables and they are able to explain 97.51%, 90.40% and 38.88%
variability in vyield respectively. The first five components of Cooch Behar are
cumulatively explaining 82.36% variability in independent variables and they are able to
explain 99.77% of the variability in the yield. Similarly, first four components of
Jalpaiguri and Uttar Dinajpur are cumulatively explaining 91.63% and 84.72% of
variability in independent variables and they are able to explain 99.88% and 91.51% of
variability in the yield respectively. First seven components that explain 93.05% of
variability in independent variables are able to explain 99.74% of variability in the yield

of wheat crop in Malda district.

Table 4.19 Summary of Partial Least Square Regression (PLSR) for Wheat crop

Cumulative Variability
Explained

Comp.1
Comp.2
Comp.3
Comp.4
Comp.5
Comp.6
Comp.7

Cooch Behar

Independent Variables (%) 7.78 2346 50.78 78.89 8236 84.35 85.12

Yield (%) 69.73 84.67 9448 99.57 99.77 99.83 99.93
Jalpaiguri
Independent Variables (%) 53.26 61.46 90.48 91.63 92.92 93.23 94.07
Yield (%) 9751 99.41 99.79 99.88 99.94 99.97 99.98
Malda
Independent Variables (%) 20.72 65.98 76.28 80.90 89.17 89.51 93.05
Yield (%) 90.40 94.05 9519 97.00 97.63 99.70 99.74

Uttar Dinajpur

Independent Variables (%) 29.89 69.23 7829 84.72 87.33 88.25 89.99

Yield (%) 38.88 5557 90.03 9151 93.79 96.65 97.61

4.3.3.2 Potato

Cross-validation plots of PLSR for potato crop for each district are given in the
Fig. 4.13. The low RMSE-CV of 5.19 is obtained at first component of Cooch Behar.
The inclusion of the second component increases the predictive error. Hence only the first
component of Cooch Behar district is selected. For Jalpaiguri and Uttar Dinajpur districts,
the low RMSE-CV of 2.82 and 3.13 are obtained at the fourth component respectively.
For Malda, the RMSE-CV is at a low level of 6.10 at the fifth component. Hence, the first
four components of Jalpaiguri and Uttar Dinajpur districts and five components of Malda
are selected.
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Fig. 4.13 PLSR cross-validation plots for Potato crop of four districts

o

The summary of PLSR for potato crop is given in Table 4.20. The first component

of Cooch Behar is explaining 24.68% variability in the independent variables which is

able to explain 66.48% of the variability in the yield. Similarly, the first component of
Jalpaiguri, Malda and Uttar Dinajpur explained 28.50%, 34.54% and 27.12% variability
in independent variables and they are able to explain 81.16%, 61.47% and 72.52%

variability in yield respectively.

Table 4.20 Summary of Partial Least Square Regression (PLSR) for Potato crop

c | bil A N ™ < 0
umulative Variability o = = o o
Explained g g g g g
@) O O @) @)
Cooch Behar
Independent Variables (%) 24.68 46,5 56.06 63.8 67.72
Yield (%) 66.48 73.1 76.79 7892 80.33
Jalpaiguri
Independent Variables (%) 2850 39.98 47.69 58.46 68.62
Yield (%) 81.16 89.57 93.19 9430 95.11
Malda
Independent Variables (%) 34.54 46.63 61.67 75.84 86.39
Yield (%) 61.47 76.31 83.12 86.42 89.12
Uttar Dinajpur
Independent Variables (%) 27.12 40.24 6155 7243 78.61
Yield (%) 7252 87.14 89.23 90.86 92.26
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First four components of Jalpaiguri and Uttar Dinajpur are cumulatively
explaining 58.46% and 72.43% of variability in independent variables and they are able
to explain 94.30% and 90.86% of variability in the yield respectively. Similarly, first five
components of Malda are cumulatively explained 86.39% variability in independent

variables and they are able to explain 89.12% of variability in the yield.

4.3.3.4 Jute

PLSR cross-validation plots for jute crop for each district are given in Fig. 4.14.
The low RMSE-CV of 0.70 and 1.22 are obtained at the fourth component of Cooch
Behar and Malda districts respectively. Similarly, RMSE-CV is at a low level of 0.85 and
0.65 at the sixth and fifth components of the Jalpaiguri and Uttar Dinajpur districts
respectively. Hence, the first four components of Cooch Behar and Malda districts, six

components of Jalpaiguri and five components of Uttar Dinajpur are selected for further

analysis.
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Fig. 4.14 PLSR cross-validation plots for Jute crop of four districts

The summary of PLSR for jute crop is given in Table 4.21. The first component
of Cooch Behar is explaining less variability in the independent variables (17.29%); but
it can explain 70.29% of variability in the yield. Similarly, the first component of
Jalpaiguri, Malda and Uttar Dinajpur explained 21.16%, 20.69% and 27.02% variability
in independent variables and they can explain 69.30%, 74.22% and 70.67% variability in
yield respectively. First four components of Cooch Behar and Malda are cumulatively

explaining 80.03% and 67.81% of the variability in independent variables and they are
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able to explain 92.59% and 92.19% of variability in the yield respectively. Similarly, first
six components of Jalpaiguri are cumulatively explaining 85.26% of variability in
independent variables and they are able to explain 95.44% of variability in the yield. First
five components that explain 76.32% of variability in independent variables are able to

explain 93.74% of variability in the yield of jute crop in Uttar Dinajpur district.

Table 4.21 Summary of Partial Least Square Regression (PLSR) for Jute crop

Cumulative Variability
Explained

Comp.1
Comp.2
Comp.3
Comp.4
Comp.5
Comp.6

Cooch Behar
Independent Variables (%) 17.29 4462 6459 80.03 85.89 91.68

Yield (%) 70.29 8238 90.36 9259 94.83 95.75
Jalpaiguri
Independent Variables (%) 21.16 36.04 47.20 65.66 73.16 85.26
Yield (%) 69.30 82.84 9169 9432 95.17 95.44
Malda
Independent Variables (%) 20.69 38.18 5212 67.81 73.95 80.77
Yield (%) 7422 84.89 91.15 92.19 93.74 94.30

Uttar Dinajpur
Independent Variables (%) 27.02 53.75 64.48 73.69 76.32 81.76
Yield (%) 70.67 84.16 93.26 97.00 97.95 98.05

4.3.3.5 Rapeseed-mustard

PLSR cross-validation plots for the rapeseed-mustard crop for each district are
given in Fig. 4.15. The low RMSE-CV of 96.66 is obtained at second component of
Cooch Behar. Similarly, the RMSE-CV is at low level of 69.30 and 84.67 at fourth
component of Jalpaiguri and Malda districts respectively. For Uttar Dinajpur, the low
RMSE-CV of 151.50 is attained at first component. Hence, the first two components of
Cooch Behar, four components of Jalpaiguri and Malda districts and only first component

of Uttar Dinajpur district are selected for further analysis.

The summary of PLSR for the rapeseed-mustard crop is given in Table 4.22. First
component of Cooch Behar is explaining 34.77% variability in the independent variables
which is able to explain 67.11% of variability in the yield. Similarly, first components of
Jalpaiguri and Malda are explaining 23.59% and 23.51% variability in independent
variables and they are able to explain 80.28% and 81.08% variability in yield respectively.
First two components of Cooch Behar are cumulatively explaining 51.63% variability in
independent variables which are able to explain 74.18% of variability in the yield. First

four components of Jalpaiguri and Malda are cumulatively explaining 62.25% and
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72.87% of variability in independent variables and they are able to explain 91.42% and
94.06% of variability in the yield respectively. First component of Uttar Dinajpur district
is explaining 23.17% variability in independent variables and they are able to explain

72.21% of variability in the yield.
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Fig. 4.15 PLSR cross-validation plots for Rapeseed-mustard crop of four districts

Table 4.22 Summary of Partial Least Square Regression (PLSR) for Rapeseed-Mustard

Cumulative Variability
Explained

Comp.1
Comp.2
Comp.3
Comp.4

Cooch Behar
Independent Variables (%) 34.77 51.63 63.29 72.89

Yield (%) 67.11 7418 775 79.69
Jalpaiguri
Independent Variables (%) 23.59 4357 56.12 62.25
Yield (%) 80.28 85.81 89.62 9142
Malda
Independent Variables (%) 2351 56.99 67.1 72.87
Yield (%) 81.08 87.65 91.23 94.06

Uttar Dinajpur
Independent Variables (%) 23.17 32.47 46.01 56.96
Yield (%) 7271 79.1 80.88 82.33
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4.4 Fitting and Estimation of parameters of different Statistical and Machine
Learning Models

Multiple Linear Regression (MLR), three penalized regression models viz. Ridge
Regression (RR), Least Absolute Shrinkage and Selection Operator (LASSO) and Elastic
Net (ENET) and two machine learning models viz. Artificial Neural Network (ANN) and
Support Vector Regression (SVR) have been fitted for each crop in each district. The
MLR, ANN and SVR model have been fitted separately under three variable selection or
dimension reduction methodologies viz. SR, PCA and PLSR. While fitting the models,
the crop yield is taken as the dependent variable or output variable and the variables
selected from SR or components selected from PCA or PLSR as the explanatory variables

or input variables.

The penalized regression models are doing inner variable selection by shrinking
the coefficient values. As a result of inner variables selection, only important variables
are retained in the model and due to coefficient shrinkage, the overfitting issue is also
mitigated. Hence, there is no necessity of variable selection or dimension reduction in
penalized regression models. Therefore, while fitting the penalized regression models, the
crop yield is taken as the dependent variable and all the fifteen weather indices as well as

time trend variable as independent variables or explanatory variables.
4.4.1 Multiple Linear Regression (MLR) Model

4.4.1.1 Stepwise Regression-Multiple linear Regression (SR-MLR)

In SR-MLR, the variables selected from the stepwise regression are used as the
independent variables and the yield of the respective crop in the respective district are
used as the dependent variable. Since the parameters of SR-MLR are estimated while
employing the stepwise regression in section 4.3.1, here it is not included again in order

to avoid ambiguity.

4.4.1.2 Principal Component Analysis-Multiple linear Regression (PCA-MLR)
In PCA-MLR, the selected principal components of a respective crop in a
respective district are used as the independent variables and crop yield is taken as the

dependent variable.

4.4.1.2 a) Rice

Five principal components were optimum for all four districts of rice crop. Hence,
the regression models have been fitted using five principal components as independent
variables and the rice crop yield of the respective district as the dependent variable. The

summary of PCA-MLR for rice crop is given in Table 4.23. It can be seen that the first
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two principal components (PCs) and fourth PC are highly significant at 1% level of
significance (LoS) for the Cooch Behar district. For Jalpaiguri, PC1, PC3 and PCs are
highly significant at 1% LoS and PC: is significant at 5% LoS. First three PCs of Malda
are significantly influenced the yield of rice crop. For Uttar Dinajpur, only PCs is

significant and other components are non-significant at 5% LoS.

Table 4.23 Summary of PCA-MLR model for Rice crop in four districts

District Cooch Behar Jalpaiguri Malda Uttar Dinajpur
5 g 5 & 5 & 5 &
PCA z3 S| 28 35| 28 3| 28 3
Components| SE S| SE S| £ £ | £E S
D3 a o a o3 o 23 o
x O x O x O x O
(Intercept) | 1963.99 0.00 | 1904.37 0.00 | 2620.17 0.00 | 2167.51 0.00
PC:1 96.81 0.00 81.25 0.01| -80.50 0.01 16.49 0.61
PC> 199.78 0.00 | -91.61 0.03| -107.76 0.01 34.31 0.53
PCs 24.69 0.49| -234.95 0.00| 218.14 0.00 85.79 0.15
PC4 163.61 0.00 1.88 0.97| -23.41 0.70| -257.12 0.00
PCs -33.87 0.56 | -181.90 0.00| -26.15 0.68| -12.09 0.89

4.4.1.2 b) Wheat

The first five principal components were optimum for Cooch Behar, Malda and
Uttar Dinajpur districts and it is six for Jalpaiguri. The summary of PCA-MLR for wheat
crop is given in Table 4.24. It can be seen that only first two principal components (PCs)
are highly significant at 1% LoS for the Cooch Behar district and the remaining
components are non-significant at 5% LoS. For Jalpaiguri, PCy is highly significant at 1%
LoS and PC,, PCs3 and PCs are significant at 5% LoS. PCy, PC4 and PCs are significant at
1% LoS for Malda. For Uttar Dinajpur, only PC> and PC4 are significant and other
components are non-significant at 5% LoS.

Table 4.24 Summary of PCA-MLR model for Wheat crop in four districts

District Cooch Behar Jalpaiguri Malda Uttar Dinajpur
S5 o | S5 | &5 o | 85
commnens| £ | B2 T 28 3| fe =
ponents | - o’g a| 238 a| 238 a| &3 a

x o x o x o x o
(Intercept) | 2041.56 0.00 | 2132.84 0.00 | 2752.15 0.00 | 2390.89 0.00
PCi1 98.66 0.01| 171.91 0.00 61.92 0.01| -19.99 0.21
PC: -113.91 0.00 | -92.74 0.02 2161 0.36| -92.10 0.02
PCs 29.41 0.46| -87.23 0.02 28.40 0.25 66.44 0.01
PCa -43.73  0.39 -1.71 0.97 | -129.68 0.00 | -75.98 0.06
PCs 33,51 0.48| 108.02 0.04 | 11559 0.01 47.30 0.21

PCs NA NA -5.86 0.92 NA NA NA NA
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4.4.1.2 c¢) Potato

The first five principal components were optimum for Cooch Behar, Jalpaiguri
and Uttar Dinajpur districts and it is four for Malda. The summary of PCA-MLR for
potato crop is given in the Table 4.25. It can be seen that only the first two principal
components (PCs) are highly significant at 1% LoS for Cooch Behar district and the
remaining components are non-significant at 5% LoS. For Jalpaiguri, first four
components are highly significant at 1% LoS. PCq is significant at 1% LoS and PCs is
significant at 5% LoS for Malda. For Uttar Dinajpur, the first three components as well

as PCsare significant at 1% LoS.

Table 4.25 Summary of PCA-MLR model for Potato crop in four districts

District Cooch Behar Jalpaiguri Malda Uttar Dinajpur
[ c < c < c
Components S S < S < S < £ S
o3 o o3 o o3 o 23 o
x O x O x O x O
(Intercept) 24.30 0.00 41.28 0.00 26.79 0.00 23.51 0.00
PC:1 1.48 0.01 -2.65 0.00 2.66 0.00 1.46 0.00
PC> 2.33 0.00 0.55 0.00 -0.66 0.40 -1.46 0.00
PCs -0.28 0.67 -0.14 0.00 1.28 0.16 1.32 0.01
PCs 0.98 0.28 0.70 0.01 -2.94 0.05 -0.45 0.41
PCs 0.00 1.00 1.71 0.35 NA NA -2.14 0.00

4.4.1.2 d) Jute

The first four principal components of Cooch Behar and Uttar Dinajpur and the
first five components of Jalpaiguri and Malda are found to be optimum. The summary of
PCA-MLR for the jute crop is given in Table 4.26.

Table 4.26 Summary of PCA-MLR model for Jute crop in four districts

District Cooch Behar Jalpaiguri Malda Uttar Dinajpur
S5 o | S5 | &5 o | 85
componens| 58 £ B2 5| Eg 5 Eg ¢
P 23 a| &8 a| &8 a | &8 a

@ o x o x o x o
(Intercept) 11.31 0.00 11.91 0.00 14.07 0.00 11.95 0.00
PCi1 -0.06 0.60 -0.29 0.09 0.19 0.26 0.35 0.01
PC2 0.33 0.06 0.55 0.00 -0.73 0.00 -0.77 0.00
PCs -0.52 0.01 -0.25 0.23 0.60 0.01 -0.69 0.00
PC4 0.46 0.08 -0.71 0.00 -0.04 0.90 -0.04 0.86
PCs NA NA -0.28 0.35 0.43 0.32 NA NA
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It can be seen that only PC; is highly significant at 1% LoS for Cooch Behar
district and remaining components are non-significant at 5% LoS. For Jalpaiguri, PC>and
PCsare significant at 1% LoS. PC,and PCs are significant at 1% LoS for Malda. For Uttar

Dinajpur, first three components are significant at 1% LoS.

4.4.1.2 e) Rapeseed-mustard

First five principal components have been found to be optimum for all the four
districts. The summary of PCA-MLR for rapeseed-mustard crop is given in the Table
4.27. For Cooch Behar district, only PC; and for Jalpaiguri, PC1 and PC:are significantly
influencing the rapeseed-mustard yield at 1% LoS. PC, of Malda is significant at 1% LoS
as well as PCsand PCs are significant at 5% LoS. For Uttar Dinajpur, only first component

Is significant at 1% LoS.

Table 4.27 Summary of PCA-MLR model for Rapeseed-Mustard crop

District Cooch Behar Jalpaiguri Malda Uttar Dinajpur
S5 o | S5 | &5 o| 85
comenens| L€ T B2 5| fg 3 E2 <
omponents | &'y a| &8 a | &8 a | &8 a
x o x o x o @ o
(Intercept) | 545.16 0.00 | 624.65 0.00 | 1062.70 0.00 | 820.78 0.00
PCi1 49,52 0.00| -26.97 0.00 14.15 0.08 95.86 0.00
PC: 25,58 0.07| -54.69 0.00| -93.26 0.00| -33.42 0.09
PCs 27.79 0.09 0.43 0.97 -7.40 0.64| -26.27 0.21
PCa 14.57 0.45 20.27 0.16| -37.04 0.02| -12.86 0.60
PCs 159 094 | -24.16 0.12| -51.80 0.03 27.16 0.29

4.4.1.3 Partial Least Square Regression-Multiple linear Regression (PLSR-MLR)

In PLSR-MLR, the selected PLSR components of a respective crop in a respective
district are used as the independent variables and crop yield is taken as the dependent

variable.

4.4.1.3 a) Rice

The first six PLSR components of Cooch Behar and Uttar Dinajpur and first five
components of Jalpaiguri and Malda are found to be optimum. The summary of PLSR-
MLR for rice crop is given the Table 4.28. It can be observed that the first five PLSR
components out of six components were significantly influencing the rice yield of Cooch
Behar. Similarly, first four components out of five components of Jalpaiguri and Malda
are significant at 1% LoS. The first three components out of six components are

significant at 1% LoS for Uttar Dinajpur. Since the PLSR components are derived in such
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a way that it maximizes covariance between the independent variables set and dependent

variable, the derived components are significantly influencing the yield.

Table 4.28 Summary of PLSR-MLR model for Rice crop in four districts

District Cooch Behar Jalpaiguri Malda Uttar Dinajpur
E% <] §§ [«3] gg <] 5% <]
R L 8g 5 e 3| 88 3| f2 3
ponents | = @ a| &8 a| 38 a| 38 o

x o x o x o x o
(Intercept) | 1956.80 0.00 | 1927.49 0.00 | 2620.91 0.00 | 2203.17 0.00
Comp.1 267.24 0.00 | 212.40 0.00| 223.85 0.00| 307.28 0.00
Comp.2 89.98 0.00 | 145.48 0.00 85.70 0.00 73.41 0.00
Comp.3 88.26 0.00 | 131.18 0.00 71.08 0.01| 100.97 0.00
Comp.4 54.28 0.00 78.17 0.00| 104.75 0.00 47.26 0.08
Comp.5 114.00 0.00 31.39 0.10 71.48 0.10 47.64 0.08
Comp.6 39.14 0.12 N/A N/A N/A N/A 31.00 0.20

4.4.1.3 b) Wheat

The First five PLSR components of Cooch Behar, four components of Jalpaiguri
and Uttar Dinajpur districts and first seven components of Malda were found to be
optimum. The summary of PLSR-MLR for wheat crop is given in Table 4.29. It can be
observed that the first PLSR component is significant at 5% LoS and second, third and
fourth components are significant at 1% LoS for Cooch Behar. Similarly, first three
components out of four components of Jalpaiguri and first five components out of seven
components of Malda are significant at 1% LoS. For Uttar Dinajpur, first two components

and fourth component are significant at 1% LoS and third component is significant at 5%

LoS.

Table 4.29 Summary of PLSR-MLR model for Wheat crop in four districts

District Cooch Behar Jalpaiguri Malda Uttar Dinajpur
St St St St

= @ <) —_ D <) —_ D <) —_ D <)

o] £ | B2 T 28 3| Eg s

omponents | o’g a| 238 a| @38 a| &3 a
x o x o x o x o

(Intercept) | 2052.03 0.00 | 2151.09 0.00 | 2750.15 0.00 | 2393.02 0.00

Comp.1 1.16 0.05 1.39 0.00 2.19 0.00 9.93 0.00

Comp.2 6.29 0.00 7.36  0.00 14.72 0.00 19.12 0.00

Comp.3 8.91 0.00 16.13 0.00 12.79 0.00 4.35 0.02

Comp.4 8.71 0.00 14.86 0.12 11.16 0.01 31.29 0.01

Comp.5 9.21 0.39 N/A N/A 14.74 0.01 N/A N/A

Comp.6 N/A N/A N/A N/A 0.94 0.71 N/A N/A

Comp.7 N/A N/A N/A N/A| 4129 0.02 N/A  N/A
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4.4.1.3 c) Potato

Only the first PLSR component of Cooch Behar, first four components of
Jalpaiguri and Uttar Dinajpur districts and the first five components of Malda were found
to be optimum. The summary of PLSR-MLR for potato crop is given in Table 4.30. It can
be observed that the first PLSR component of Cooch Behar is highly significant at 1%
LoS. First three components of Jalpaiguri and Malda are significant at 1% LoS. Similarly,

two components out of four components of Uttar Dinajpur are significant at 1% LoS.

Table 4.30 Summary of PLSR-MLR model for Potato crop in four districts

District Cooch Behar Jalpaiguri Malda Uttar Dinajpur
S5 o | S5 | &5 o| 85
comn s $8 3| B2 | g2 T g ¢
ponents | =g a| &8 a | &8 a | &8 a

x o x o x o @ o
(Intercept) 24.39 0.00 24.98 0.00 27.12 0.00 23.63 0.00
Comp.1 2.75 0.00 2.58 0.00 3.18 0.00 2.52 0.00
Comp.2 N/A  N/A 1.57 0.00 3.88 0.00 1.78 0.00
Comp.3 N/A N/A 1.26 0.01 1.92 0.01 0.41 0.27
Comp.4 N/A  N/A 0.55 0.25 0.88 0.31 0.73 0.10
Comp.5 N/A N/A N/A N/A 1.34 0.10 N/A N/A

4.4.1.3 d) Jute
The first four PLSR components of Cooch Behar and Malda districts, six
components of Jalpaiguri and the first five components of Uttar Dinajpur were found to

be optimum. The summary of PLSR-MLR for jute crop is given in Table 4.31.

Table 4.31 Summary of PLSR-MLR model for Jute crop in four districts

District Cooch Behar Jalpaiguri Malda Uttar Dinajpur
c < c < c < c
PLSR 252 %82 3|38 3|82 2
Components S & S S & S S & S S E S
o3 o 23 o 23 o o3 o
x o x o x o x o
(Intercept) 11.25 0.00 11.79 0.00 14.00 0.00 11.78 0.00
Comp.1 0.92 0.00 0.98 0.00 1.20 0.00 0.95 0.00
Comp.2 0.35 0.00 0.57 0.00 0.63 0.00 0.44 0.00
Comp.3 0.28 0.00 0.62 0.00 0.42 0.01 0.65 0.00
Comp.4 0.19 0.05 0.21 0.02 0.16 0.30 0.39 0.00
Comp.5 N/A N/A 0.20 0.15 N/A N/A 0.32 0.03
Comp.6 N/A  N/A 0.08 0.48 N/A N/A N/A N/A

It can be observed that the first three PLSR components of Cooch Behar and
Jalpaiguri are significantly influencing the jute yield of respective districts at 1% LoS and

the fourth component is also significant at 5% LoS. Similarly, the first three components
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out of four components of Malda are significant at 1% LoS. The first four components
are significant at 1% LoS and fifth component also significant at 5% LoS for Uttar

Dinajpur.
4.4.1.3 e) Rapeseed-mustard

Only two PLSR components of Cooch Behar, the first four components of
Jalpaiguri and Malda districts are found to be optimum. In the case of Uttar Dinajpur,
only the first component is found to be optimum. The summary of PLSR-MLR for
rapeseed-mustard crop is given in Table 4.32. For Cooch Behar, the first component is
highly significant at 1% LoS and the second component is also significant at 5% LoS.
Similarly, first two components of Jalpaiguri are significant at 1% LoS and the third
component is also significant at 5% LoS. All four components of Malda are significantly
influencing the rapeseed-mustard yield at 1% LoS. Only one PLSR component which is
found to be sufficient is significantly influencing the rapeseed-mustard yield of Uttar

Dinajpur at 1% LoS.

Table 4.32 Summary of PLSR-MLR model for Rapeseed-Mustard crop

District Cooch Behar Jalpaiguri Malda Uttar Dinajpur
c = c ¥ c ¥ c =
S5 ) S5 ) S5 ) S5 )
Components >'c 2 5T o >'C o >Q o
x o x o x o @ o
(Intercept) | 548.31 0.00 | 624.74 0.00 | 1058.69 0.00 | 816.03 0.00
Comp.1 56.29 0.00 63.31 0.00 95.16 0.00 | 104.18 0.00
Comp.2 34.02 0.02 24.33 0.01 24.77 0.00 N/A  N/A
Comp.3 N/A  N/A 18.84 0.04 34.37 0.01 N/A  N/A
Comp.4 N/A N/A 20.60 0.09 53.25 0.01 N/A  N/A

It can be observed that most of the PLSR components of PLSR-MLR models are
significant. The earlier PLSR components are significantly influencing the response
variable since the PLSR components are derived by considering the response variable
also. Only a few last components are non-significant. But in PCA based model there is
no such order. Theoretically, the first few principal components may explain almost close
to 100% variability in the explanatory variable. But there is no surety that the components
that explain the majority of the variability in the explanatory variable, explain the greater
variability in the response variable. The last principal component that explains less
variability in the explanatory variables set may fit the response very well; but it is

generally ignored (Hadi and Ling, 1998).
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4.4.2 Artificial Neural Network (ANN) Model

Three ANN models have been fitted for each crop in each district by taking indices
selected from stepwise regression as input (SR-ANN), principal components as input
(PCA-ANN) and PLSR components as input (PLSR-ANN). The Multilayer Perceptron
(MLP) architecture of the ANN model is trained using the Backpropagation (BP)
algorithm. The performance of three activation functions viz. Logistic, Tangent

Hyperbolic (Tanh) and Restricted Linear Unit (ReLU) have been evaluated.

The number of input layer neurons of SR-ANN, PCA-ANN and PLSR-ANN
models are the number of indices selected using SR, the number of principal components
selected from PCA and the number of components selected from PLSR respectively. The
number of output layer neurons is one as there is only one output variable which is crop
yield. The number of neurons in the hidden layer is determined using 10-fold cross-
validation technique. The number of neurons in the hidden layer for which the Root Mean
Square Error for Cross Validation (RMSE-CV) is low are considered as the optimum
choice. The data is normalized before training ANN model in order to avoid bias due to

the magnitude of the input variable and its range of variation.

4.4.2.1 Rice
The results of SR-ANN, PCA-ANN and PLSR-ANN models based on the
backpropagation algorithm using three different activation functions for rice crop of all

four districts are given in the Table 4.33.

4.4.2.1 a) Cooch Behar

The RMSE-CV is low for six hidden layer neurons for PCA-ANN and PLSR-ANN
models and it is one for SR-ANN model. The number of input neurons for SR-ANN is
six since six weather indices are found to have a significant effect on rice yield of Cooch
Behar in stepwise regression. Similarly, the number of input neurons was five and six for
PCA-ANN and PLSR-ANN as the first five and six components of PCA and PLSR

respectively are found to be optimal.

In the SR-ANN model, the ReLLU activation function is converged to the lowest
possible Sum of Squared Error (SSE) of 0.01 with a learning rate of 0.03 in 591 iterations.
The learning rate of Tanh is also 0.03 and it converged to SSE of 0.02 in 236 steps.
However, the SSE is low in ReLLU. Further, the AIC value is also low in ReLU. Hence
the ReLU function is found to perform better in SR-ANN. In PCA-ANN, the logistic
activation function is converged to the lowest possible SSE of 0.11 with a learning rate

of 0.07. But it has taken many iterations to converge.
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Table 4.33 Summary of ANN models using three activation functions for Rice crop in
four districts
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Logistic 0.07 0.03 1120 98.05
SR-ANN 6 6 Tanh 0.03 0.02 236 98.04

5 ReLU 0.03 0.01 591  98.03
S Logistic 0.07 0.11 18298 16.22
®  PCAANN 5 1 Tanh  0.07 0.12 1610 16.23
g ReLU 0.09 0.79 39 1759
@) Logistic  0.09 0.80 57  99.59
PLSR-ANN 6 6 Tanh  0.02 0.02 868  98.03

ReLU 0.09 0.79 52 99.59

Logistic  0.06 0.02 888 72.03

SR-ANN 5 5 Tanh  0.03 0.01 795 72.02

- ReLU 0.09 0.96 47  73.92
= Logistic 0.07 0.17 3583 30.33
s PCA-ANN 5 2 Tanh  0.07 0.18 480 30.36
= ReLU 0.09 0.92 70 31.84
” Logistic  0.09 0.94 47  73.89
PLSR-ANN 5 5 Tanh  0.03 0.02 360 72.03

ReLU 0.09 0.96 45  73.92

Logistic 0.06 0.07 671 72.14

SR-ANN 5 5 Tanh  0.02 0.06 974 7213

ReLU 0.09 0.76 47 7353

< Logistic 0.09 0.77 47 73.54
< PCA-ANN 5 5 Tanh  0.02 0.09 1639 7217
= ReLU 0.09 0.76 43 7353
Logistic 0.08 0.08 522 72.16

PLSR-ANN 5 5 Tanh  0.04 0.05 421 72.09

ReLU 0.09 0.77 47  73.53

Logistic 0.06 0.07 663 12.10

_ SR-ANN 3 1 Tanh  0.03 0.05 900 12.10
3 ReLU 0.09 0.78 28 13.56
) Logistic 0.06 0.23 621  30.47
S PCA-ANN 5 2 Tanh  0.07 0.13 4439 30.26
= ReLU 0.09 0.78 43 3157
E Logistic 0.06 0.04 2200 34.06

PLSR-ANN 6 2 Tanh 0.02 0.038 1827 34.06
ReLU 0.09 0.78 42  35.57
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The learning rate of Tanh is also 0.07 and it converged to SSE of 0.12 in 1610
steps. The decision is to be in the direction of minimizing the error even with a
comparatively larger learning rate (Kandil et a/ 1993). Since the SSE and AIC values is
also low in logistic function, the logistics function is found to perform better in PCA-
ANN. For the PLSR-ANN model, Tanh activation function is converged to the lowest
possible SSE of 0.02 with a learning rate of 0.02 in 868 steps. Further, the AIC in Tanh
function is also low. Hence, the Tanh activation function is found to perform better in the

PLSR-ANN model.

4.4.2.1 b) Jalpaiguri
The RMSE-CV is low for five hidden layer neurons for SR-ANN and PLSR-ANN
models and it is two for the PCA-ANN model. The number of input neurons are five for

all three models.

In SR-ANN model, Tanh activation function is converged to the lowest possible
SSE of 0.01 with a learning rate of 0.03 in 795 steps. Similarly, the Tanh activation
function is converged to the lowest possible SSE of 0.02 with the learning rate of 0.03 in
360 steps in PLSR-ANN. Further, AIC in the Tanh function is also comparatively low in
both SR-ANN and PLSR-ANN. Hence, the Tanh activation function is found to perform
better in SR-ANN and PLSR-ANN models. The main advantage of Tanh activation
function is that its output is zero-centered which makes the algorithm to learn faster
(Nwankpa et al 2018). In PCA-ANN, logistic activation function is converged to the
lowest possible SSE of 0.17 with a learning rate of 0.07 in 3583 steps. Further, AIC in
logistic function is also comparatively low. Hence, the logistic activation function is

found to perform better in the PCA-ANN model.

4.4.2.1 ¢) Malda

The RMSE-CV is low for five hidden layer neurons for all three ANN models.
The number of input neurons is also five for all three models. The Tanh activation function
1s converged to the lowest possible SSE of 0.06, 0.09 and 0.05 with the learning rate of
0.02, 0.02 and 0.04 in SR-ANN, PCA-ANN and PLSR-ANN models respectively.
Further, the AIC in the Tanh function is low in all three ANN models. Hence, the Tanh
activation function is found to perform better. The Tanh activation function can be used

as an effective nonlinear function in the hidden layer (Feng and Lu 2019).

4.4.2.1 d) Uttar Dinajpur
The RMSE-CV is low for two hidden layer neurons for PCA-ANN and PLSR-

ANN models and it is one for SR-NN model. The number of input neurons are three, five
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and six for SR-ANN, PCA-ANN and PLSR-ANN models respectively. The Tanh
activation function is converged to the lowest possible SSE of 0.05, 0.13 and 0.03 with
the learning rate of 0.03, 0.07 and 0.02 in SR-ANN, PCA-ANN and PLSR-ANN models
respectively. Further, the AIC in Tanh function is comparatively low in all three ANN

models. Hence, the Tanh activation function is found to perform better.

It can be observed that the number of hidden layer neurons are less than or equal
to the number of input layer neurons. It is in agreement with the results of Silaban and
Zarlis (2017). More number of hidden layer neurons cause slow learning as well as
overfitting issues and a smaller number of neurons may be insufficient. The ANN model
with the optimum number of hidden layer neurons performs better (Meerasri et al 2022).
The optimum learning rate ranges between 0.02 and 0.10. The optimum learning rate are
in agreement with the results of Igiri ef al (2015). The ANN models fitted by optimizing
critical aspects such as learning rate and the number of hidden layer neurons increases the

predictive power of the crop yield prediction model (Kaul ez a/ 2005).

4.4.2.2 Wheat
The results of SR-ANN, PCA-ANN and PLSR-ANN models based on the
backpropagation algorithm using three different activation functions for wheat crop of all

four districts are given in Table 4.34.

4.4.2.2 a) Cooch Behar

The RMSE-CV is low for two, six and four hidden layer neurons for SR-ANN,
PCA-ANN and PLSR-ANN models respectively. The number of input neurons are five
for PCA-ANN and PLSR-ANN models and it is three for SR-ANN.

In SR-ANN model, Tanh activation function is converged to the lowest possible
SSE of 0.14 with a learning rate of 0.02 in 577 iterations. The logistic function is also
converged to SSE of 0.14 with a learning rate of 0.09 and it took comparatively many
iterations to converge. The AIC value is also low in Tanh. Hence the Tanh function is
found to perform better in SR-ANN. In PCA-ANN, Tanh activation function is converged
to the lowest possible SSE of 0.05 with the learning rate of 0.02. Since the SSE and AIC
value is also low in Tanh function, the Tanh function is found perform better in PCA-
ANN. For PLSR-ANN model, both logistics and Tanh activation function is converged
to the lowest possible SSE of 0.06. But Tanh function converged with comparatively
lesser learning rate and iterations. Further, AIC in Tanh function is also low. Hence, Tanh

activation function is found to perform better in PLSR-ANN model.
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Table 4.34 Summary of ANN models using three activation functions for Wheat crop in
four districts
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Logistic 0.09 0.14 1540 72.29
SR-ANN 3 2 Tanh 0.02 0.14 S7T7 7227

5 ReLU 0.09 0.56 52 73.11
g Logistic 0.09 0.54 48  87.09
= PCA-ANN 5 6 Tanh  0.02 0.05 1691 86.11
g ReLU 0.09 0.56 47 87.11
O Logistic 0.06 0.06 1739 58.14
PLSR-ANN 5 4 Tanh  0.02 0.06 1166 58.11

ReLU 0.09 0.56 53 59.11

Logistic 0.05 0.05 1178 62.09

SR-ANN 4 5 Tanh 003 0.02 629 62.05

- ReLU 0.09 0.46 45 62.93
= Logistic 0.09 0.07 1845 130.15
S PCAANN 6 8 Tanh  0.02 0.03 1351 130.06
T ReLU  0.09 0.46 58 130.93
” Logistic  0.09 0.47 59 98.93
PLSR-ANN 4 8 Tanh 001 0.04 1506 98.08

ReLU 0.09 0.46 57 98.93

Logistic 0.06 0.06 1442 52.11

SR-ANN 3 5 Tanh  0.03 0.03 5004 52.06

ReLU 0.09 0.68 49 53.36

L Logistic 0.05 0.09 2003 86.17
< PCA-ANN 5 6 Tanh 001 0.03 7065 86.06
= ReLU 0.09 0.68 48 87.36
Logistic 0.05 0.04 1948 92.07

PLSR-ANN 7 5 Tanh  0.02 0.02 1667 92.05

ReLU 0.09 0.68 46 93.36

Logistic 0.10 0.11 546 52.22

C SR-ANN 3 5 Tanh 003 006 701 5212
3 ReLU 0.10 0.68 29 53.36
) Logistic 0.10 0.68 191 45.37
S PCA-ANN 5 3 Tanh 004 0.05 1007 44.10
= ReLU 0.10 0.68 25  45.36
5 Logistic 0.10 0.68 31 39.36

PLSR-ANN 4 3 Tanh 0.04 0.01 33634 38.02
ReLU  0.10 0.68 34 39.36
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4.4.2.2 b) Jalpaiguri

The number of input neurons is four for SR-ANN and PLSR-ANN models and it
is six for PCA-ANN model. The RMSE-CV is low for eight hidden layer neurons for
PCA-ANN and PLSR-ANN models and it is five for SR-NN model. The Tanh activation
function is converged to the lowest possible SSE of 0.02, 0.03 and 0.04 with the learning
rate 0£ 0.03, 0.02 and 0.01 in SR-ANN, PCA-ANN and PLSR-ANN models respectively.
Further, the AIC in Tanh function is comparatively low in all three ANN models. Hence,

the Tanh activation function is found to perform better.

4.4.2.2 ¢) Malda

The number of input neurons are three, five and seven for SR-ANN, PCA-ANN
and PLSR-ANN models respectively. The RMSE-CV is low for five hidden layer neurons
for SR-ANN and PLSR-ANN models and it is six for PCA-ANN model. The Tanh
activation function is converged to lowest possible SSE of 0.03, 0.03 and 0.02 with the
learning rate of 0.03, 0.01 and 0.02 in SR-ANN, PCA-ANN and PLSR-ANN models
respectively. Further, the AIC in Tanh function is comparatively low in all three ANN

models. Hence, the Tanh activation function is found to perform better.

4.4.2.2 d) Uttar Dinajpur

The number of input neurons are three, five and four for SR-ANN, PCA-ANN
and PLSR-ANN models respectively. The RMSE-CV is low for five hidden layer neurons
for SR-ANN and it is three for PCA-ANN and PLSR-ANN models. The Tanh activation
function is converged to lowest possible SSE of 0.06, 0.05 and 0.01 with the learning rate
of 0.03, 0.04 and 0.04 in SR-ANN, PCA-ANN and PLSR-ANN models respectively.
Further, the AIC in Tanh function is low comparatively in all three ANN models. Hence,

the Tanh activation function is found to perform better.

4.4.2.3 Potato
The results of SR-ANN, PCA-ANN and PLSR-ANN models based on the
backpropagation algorithm using three different activation functions for potato crop of all

the four districts are given in Table 4.35.

4.4.2.3 a) Cooch Behar

The RMSE-CYV is low for four hidden layer neurons for SR-ANN and PCA-ANN
models and it is one for PLSR-ANN model. The number of input neurons are four, five
and one for SR-ANN, PCA-ANN and PLSR-ANN respectively. The Tanh activation
function is converged to the lowest possible SSE of 0.03, 0.03 and 0.25 with the learning
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rate 0f 0.01, 0.01 and 0.07 in SR-ANN, PCA-ANN and PLSR-ANN models respectively.
The Tanh function has taken many steps to converge but converge to the lowest possible
error. Further, the AIC in Tanh function is comparatively low in all three ANN models.

Hence, the Tanh activation function is found to perform better.

4.4.2.3 b) Jalpaiguri

The number of input neurons are five for SR-ANN and PLSR-ANN models and
it is four for PCA-ANN. The optimum number of hidden layer neurons are four for SR-
ANN and PCA-ANN models and it is two for PLSR-ANN model. It can be observed in
PCA-ANN that the Tanh function converged to SSE of zero with very small learning rate.
Due to the smaller learning rate, the algorithm has taken many steps to converge. For SR-
ANN, and PLSR-ANN models, the Tanh activation function is converged to lowest
possible error of 0.05 with a learning rate of 0.03. The AIC in Tanh function is low in all

three ANN models. Hence, the Tanh activation function is found to perform better.

4.4.2.3 ¢) Malda

The number of input neurons are five for SR-ANN and PLSR-ANN models and
it is four for PCA-ANN. The optimum number of hidden layer neurons are three, four and
two for SR-ANN PCA-ANN and PLSR-ANN models respectively. The Tanh activation
function is converged to the lowest possible SSE of 0.06, 0.17 and 0.04 with the learning
rate 0£ 0.03, 0.01 and 0.07 in SR-ANN, PCA-ANN and PLSR-ANN models respectively.
The Tanh function has taken many steps to converge but converge to the lowest possible
error. Further, the AIC in Tanh function is comparatively low in all three ANN models.

Hence, the Tanh activation function is found to perform better.

4.4.2.3 d) Uttar Dinajpur

The number of input neurons is three for PCA-ANN and PLSR-ANN models and
it is two for SR-ANN. The optimum number of hidden layer neurons are four for SR-
ANN and PLSR-ANN models and it is five for PCA-ANN model. In SR-ANN model,
ReLU activation function is converged to lowest possible error SSE of 0.03 with a
learning rate of 0.05 in 3408 steps. The ReLU function has taken many steps to converge
due to smaller learning rate. The AIC of ReLU function is also low. Hence the ReLU
function is found to perform better in SR-ANN. The Tanh activation function is converged
to the lowest possible error of 0.08 and 0.09 with the learning rate of 0.06 and 0.04 PCA-
ANN and PLSR-ANN models respectively. Further, the AIC in Tanh function is low in

all three ANN models. Hence, the Tanh activation function is found to perform better.
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Table 4.35 Summary of ANN models using three activation functions for Potato crop in
four districts
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Logistic 0.08 0.83 163 51.65
SR-ANN 4 4 Tanh 0.01 0.03 7906 50.06

5 ReLU 0.09 0.82 43 5163
g Logistic 0.08 0.24 493 5847
= PCA-ANN 5 4 Tanh  0.01 0.03 3610 58.06
§ ReLU 0.09 0.82 55 59.63
O Logistic 0.08 0.26 543 8.52
PLSR-ANN 1 1 Tanh  0.07 025 2929 851

ReLU 0.09 0.82 35 9.63

Logistic  0.09 0.79 50 59.57

SR-ANN 5 4 Tanh  0.03 0.05 1250 58.11

- ReLU 0.09 0.79 48 59.57
= Logistic  0.08 0.15 834 58.30
S PCA-ANN 5 4 Tanh  0.01 0.00 47951 58.00
T ReLU 0.09 0.79 52  59.57
” Logistic  0.09 0.79 49 5157
PLSR-ANN 4 2 Tanh  0.03 0.05 1075 50.09

ReLU 0.09 0.79 44 5157

Logistic 0.07 0.07 5544 44.13

SR-ANN 5 3 Tanh  0.03 0.06 2096 44.13

ReLU 0.09 1.02 42 46.04

ke Logistic 0.09 1.03 49 52.05
< PCA-ANN 4 4 Tanh  0.01 0.17 6014 50.33
= ReLU 0.09 1.02 44 52,04
Logistic 0.06 0.08 3145 30.17

PLSR-ANN 5 2 Tanh  0.07 0.04 14105 30.08

ReLU 0.09 1.02 42 32.04

Logistic 0.07 0.07 2754 26.15

_ SR-ANN 4 2 Tanh  0.06 0.07 315 26.13
3 ReLU 0.03 0.05 3408 26.10
) Logistic 0.07 0.12 2883 44.24
5  PCA-ANN 5 3 Tanh  0.06 0.08 2734 44.17
= ReLU 0.05 0.12 6598 44.23
E Logistic  0.09 1.03 49  40.06

PLSR-ANN 4 3 Tanh 0.04 0.09 755 38.18
ReLU  0.09 1.03 55 40.06

Results and Discussion | 116



4.4.2.4 Jute
The results of SR-ANN, PCA-ANN and PLSR-ANN models based on the
backpropagation algorithm using three different activation functions for jute crop of all

the four districts are given in Table 4.36.

4.4.2.4 a) Cooch Behar

The number of input neurons are five for SR-ANN and it is four in PCA-ANN
and PLSR-ANN models. The RMSE-CV is low for two hidden layer neurons for SR-
ANN and PLSR-ANN models and it is one for PCA-ANN model. The Tanh activation
function is converged to the lowest possible error of 0.04, 0.44 and 0.07 with the learning
rate 0f 0.03, 0.09 and 0.07 in SR-ANN, PCA-ANN and PLSR-ANN models respectively.
The Tanh function has taken many steps to converge but converge to the lowest possible
error. Further, the AIC in Tanh function is comparatively low in all three ANN models.

Hence, the Tanh activation function is found to perform better.

4.4.2.4 b) Jalpaiguri

The number of input neurons are four, five and six for SR-ANN, PCA-ANN and
PLSR-ANN models respectively. The optimum number of hidden layer neurons are four
for PCA-ANN and PLSR-ANN models and it is two for SR-ANN model. The Tanh
activation function is converged to the lowest possible error of 0.03 and 0.04 with the
learning rate of 0.05 and 0.02 in SR-ANN and PCA-ANN models respectively. Further,
the AIC in Tanh function is comparatively low in SR-ANN and PCA-ANN. Hence, the
Tanh activation function is found to perform better in SR-ANN and PCA-ANN models.
In PLSR-ANN, both logistic and Tanh function converged to the lowest error of 0.04. But
Tanh function has taken many steps to converge due to small learning rate. The AIC of
logistic function is comparatively low. Hence, the PLSR-ANN model with logistic

activation function is found to perform better.

4.4.2.4 ¢) Malda

The number of input neurons are three, five and four for SR-ANN, PCA-ANN
and PLSR-ANN models respectively. The optimum number of hidden layer neurons are
two, four and three for SR-ANN, PCA-ANN and PLSR-ANN models respectively. It can
be observed in PCA-ANN that the Tanh function converged to SSE of zero with a learning
rate of 0.03. Due to the smaller learning rate, the algorithm has taken many steps to
converge. For SR-ANN, and PLSR-ANN models, the Tanh activation function is
converged to the lowest possible error of 0.07 and 0.04 with a learning rate of 0.06 and
0.04 respectively. The AIC in Tanh function is low in all three ANN models. Hence, the

Tanh activation function is found to perform better.
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Table 4.36 Summary of ANN models using three activation functions for Jute crop in
four districts
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Logistic  0.09 1.02 47  32.04
SR-ANN 5 2 Tanh 0.03 0.04 5213 30.08

5 ReLU 0.09 1.02 47  32.04
g Logistic 0.07 0.45 966 14.90
= PCA-ANN 4 1 Tanh  0.09 0.44 752 14.88
g ReLU 0.07 0.88 73 1575
@) Logistic  0.08 0.07 283  26.22
PLSR-ANN 4 2 Tanh  0.07 0.06 398 26.11

ReLU 0.09 0.88 77 21.75

Logistic  0.08 0.04 505 26.07

SR-ANN 4 2 Tanh  0.05 0.03 452 26.05

- ReLU 0.09 0.70 39 27.40
3 Logistic 0.09 0.12 95231 58.24
s PCA-ANN 5 4 Tanh  0.02 0.04 3214 58.07
= ReLU 0.09 0.70 52 59.40
” Logistic  0.08 0.04 530 66.07
PLSR-ANN 6 4 Tanh  0.03 0.04 1369 66.08

ReLU 0.09 0.70 40 67.40

Logistic 0.08 0.08 1628 22.23

SR-ANN 3 2 Tanh  0.06 0.07 317 2213

ReLU 0.09 0.94 39 23.87

ke Logistic  0.09 0.92 48 59.85
< PCA-ANN 5 4 Tanh  0.03 0.00 46406 58.00
= ReLU 0.09 0.94 54  59.87
Logistic 0.08 0.07 9747 38.14

PLSR-ANN 4 3 Tanh  0.04 0.04 24604 38.08

ReLU 0.09 0.94 51 39.87

Logistic 0.09 0.01 30902 38.02

_ SR-ANN 4 3 Tanh  0.05 0.02 135 38.04
3 ReLU 0.03 0.02 1597 38.04
) Logistic  0.09 0.58 49 3917
5  PCA-ANN 4 3 Tanh  0.04 0.14 271  38.28
= ReLU 0.09 0.58 53 39.16
5 Logistic  0.07 0.03 820 16.05

PLSR-ANN 5 1 Tanh 0.07 0.02 352 16.03
ReLU  0.09 0.58 40 17.16

Results and Discussion | 118



4.4.2.4 d) Uttar Dinajpur

The number of input neurons are four for SR-ANN and PCA-ANN models and it
is five for PLSR-ANN. The optimum number of hidden layer neurons are three for SR-
ANN and PCA-ANN models and it is one for PLSR-ANN model. In SR-ANN model,
logistic activation function is converged to lowest possible error SSE of 0.01 with a
learning rate of 0.09. The logistic function has taken many steps to converge to lowest
possible error. The AIC of logistic function is also low. Hence, the logistic function is
found to perform better in SR-ANN. The Tanh activation function is converged to lowest
possible error of 0.14 and 0.02 with the learning rate of 0.04 and 0.07 in PCA-ANN and
PLSR-ANN models respectively. Further, the AIC in Tanh function is comparatively low
in PCA-ANN and PLSR-ANN. Hence, the PCA-ANN and PLSR-ANN models with Tanh

activation function is found to perform better.

4.4.2.5 Rapeseed-Mustard
The results of SR-ANN, PCA-ANN and PLSR-ANN models based on the
backpropagation algorithm using three different activation functions for rapeseed-

mustard crop of all four districts is given in Table 4.37.

4.4.2.5 a) Cooch Behar

The number of input neurons are three, five and two for SR-ANN, PCA-ANN for
PLSR-ANN models respectively. The RMSE-CV is low for three hidden layer neurons
for SR-ANN and PCA-ANN models and it is four for PLSR-ANN model. The Tanh
activation function is converged to the lowest possible error of 0.14 and 0.01 with the
learning rate of 0.03 and 0.05 in SR-ANN and PCA-ANN models respectively. The Tanh
activation function in PCA has taken many steps to converge very lowest error of 0.01.
The AIC in Tanh function is low in SR-ANN and PCA-ANN. Hence the SR-ANN and
PCA-ANN models with Tanh activation function is found to perform better. In PLSR-
ANN model, logistic activation function is converged to lowest possible error of 0.07
with a learning rate of 0.07. The AIC of logistic function is also low. Hence, the logistic

function is found to perform better in PLSR-ANN.

4.4.2.5 b) Jalpaiguri

The number of input neurons are five for SR-ANN and PCA-ANN models and it
is four for PLSR-ANN. The optimum number of hidden layer neurons is three in SR-
ANN and PLSR-ANN models and it is five for PCA-ANN model. The Tanh activation
function is converged to the lowest possible SSE of 0.05, 0.04 and 0.06 with the learning
rate 0o 0.04, 0.03 and 0.03 in SR-ANN, PCA-ANN and PLSR-ANN models respectively.

The Tanh function has taken many steps to converge but converged to the lowest possible
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error. Further, the AIC in Tanh function is comparatively low in all three ANN models.

Hence, the Tanh activation function is found to perform better.

4.4.2.5 ¢) Malda

The number of input neurons are four for SR-ANN and PLSR-ANN models and
it is five for PCA-ANN. The optimum number of hidden layer neurons are two, five and
three in SR-ANN, PCA-ANN and PLSR-ANN models respectively. In SR-ANN model,
logistic activation function is converged to the lowest possible error of 0.04 with a
learning rate of 0.07. The logistic function has taken many steps to converge but
converged to the lowest possible error. The AIC of the logistic function is also
comparatively low. Hence the logistic function is found to perform better in SR-ANN. In
PCA-ANN model, Tanh activation function is converged to lowest possible SSE of 0.07
with the learning rate of 0.03 in 358 steps. Similarly, the Tanh activation function is
converged to lowest possible error of 0.02 with a learning rate of 0.03 in PLSR-ANN.
The Tanh function in PLSR-ANN has taken many steps to converge but converged to the
lowest possible error of 0.02. Further, AIC in Tanh function is also comparatively low in
both PCA-ANN and PLSR-ANN. Hence, SR-ANN and PLSR-ANN models with Tanh

activation function is found to perform better.

4.4.2.5 d) Uttar Dinajpur

The number of input neurons is three, five and one for SR-ANN, PCA-ANN and
PLSR-ANN models respectively. The optimum number of hidden layer neurons are three
in SR-ANN and it is two in PCA-ANN and PLSR-ANN models. The Tanh activation
function is converged to the lowest possible error of 0.12 and 0.01 with the learning rate
of 0.03 and 0.07 in SR-ANN and PCA-ANN models respectively. Further, the AIC in
Tanh function is comparatively low. Hence SR-ANN and PCA-ANN models with Tanh
activation function is found to perform better. In PLSR-ANN model, both logistic and
Tanh activation function is converged to lowest possible error of 0.07 with a learning rate
of 0.17. But the Tanh function has taken comparatively more steps to converge to the
same error of 0.17. The AIC of logistic function is also comparatively lesser than Tanh.

Hence, the PLSR-ANN model with logistic activation function is found to perform better.
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Table 4.37 Summary of ANN models using three activation functions for Rapeseed-
mustard crop in four districts
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Logistic 0.06 0.17 2215 32.35
SR-ANN 3 3 Tanh 0.03 0.14 3329 32.27

bt RelLU 0.09 0.88 50 33.75
g Logistic 0.09 0.88 47  45.75
= PCA-ANN 5 3 Tanh 0.05 0.01 85006 44.03
g ReLU 0.09 0.84 78 45.69
O Logistic 0.07 0.07 5414 34.34
PLSR-ANN 2 4 Tanh 0.04 0.19 237 34.38

RelLU 0.09 0.88 41 35.75

Logistic 0.06 0.06 974 4411

SR-ANN 5 3 Tanh 0.04 0.05 600 44.09

= RelLU 0.09 0.62 42  45.25
3 Logistic 0.09 0.64 47 73.28
'g PCA-ANN 5 5 Tanh 0.03 0.04 1237 72.07
T RelLU 0.09 0.60 136 73.19
” Logistic 0.09 0.62 49  39.25
PLSR-ANN 4 3 Tanh 0.03 0.06 1031 38.11

RelLU 0.09 0.62 54  39.25

Logistic 0.07 0.04 8068 26.09

SR-ANN 4 2 Tanh 0.06 0.05 180 26.10

RelLU 0.09 0.52 41 27.05

ke Logistic  0.09 0.53 239 73.07
< PCA-ANN 5 5 Tanh 0.03 0.07 358 72.14
= RelL.U 0.09 0.52 43 73.05
Logistic 0.09 0.52 48  39.05

PLSR-ANN 4 3 Tanh 0.03 0.02 18764 38.04

RelLU 0.09 0.52 55 39.05

Logistic 0.05 0.16 452 32.31

_ SR-ANN 3 3 Tanh 0.03 0.12 832 32.23
= RelLU 0.09 0.78 48 33.56
'g Logistic 0.07 0.17 521 30.34
a PCA-ANN 5 2 Tanh 0.07 0.01 2218 30.20
S RelLLU 0.09 0.78 41 31.56
5 Logistic 0.06 0.17 233  14.34

PLSR-ANN 1 2 Tanh 0.04 0.17 698 14.35
ReLU 0.09 0.78 42 15.56
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4.4.3 Support Vector Regression (SVR) Model

Three Support Vector Regression (SVR) models have been fitted to each crop in
each district by taking indices selected from stepwise regression as input (SR-SVR),
principal components as input (PCA-SVR) and PLSR components as input (PLSR-SVR).
The performance of SVR model under a Linear kernel as well as two nonlinear kernels
viz. Polynomial and Radial Basis Function (RBF) have been evaluated. Linear kernel has
only two hyperparameters, cost and epsilon. RBF kernel has an additional parameter
gamma. The range of cost (C) parameter is set as 1 to 32. The range of epsilon (¢) and
gamma (y) are set from 0 to 1 with 0.01 interval. The degree of polynomial (d) is the
fourth parameter in the polynomial kernel which is tuned from 1 to 10. The best
combination of these hyperparameters is selected for each kernels using grid search

algorithm based on 10-fold cross validation technique.

4.4.3.1 Rice
The results of SR-SVR, PCA-SVR and PLSR-SVR models using three different

kernel functions for rice crop of all four districts are given in Table 4.38.
4.4.3.1 a) Cooch Behar

The optimum cost (C) is the lowest level of one for linear kernel of all three
models. Similarly, the optimum width of the hyperplane (¢) is also at lowest level of 0.01
for linear kernel of all three models. In the case of polynomial kernel, the degree of
polynomial is one for all the three models which is similar to linear kernel. But the cost
of polynomial kernel increased to 4 in SR-SVR and PLSR-SVR and it is highest level of
32 in PCA-SVR. The width of the margin (¢) is zero in polynomial kernel of all the three
models due to which the number of support vectors are high level of 20. The low margin
(¢) leads to many support vectors and high € leads to a reduction in number of support
vectors (Alrefaee et al 2022). The model with huge number of support vectors may fit to
the training data well. However, the generalized performance of the model for new data
during validation is generally poor due to the overfitting issue (Nanda ef a/ 2018). The
gamma (y) which is the symbol of curvature of kthe ernel is greater than zero. The y=1
in PCA-SVR indicates the existence of more nonlinearity in the model. In RBF kernel,
the optimum cost is four in SR-SVR and it is eight for PCA-SVR and PLSR-SVR models.
The number of support vectors are high level of 20 in RBF function of in SR-SVR and
PLSR-SVR since the width of the hyperplane margin (¢) is zero. The € value of 0.02 leads
to a considerable reduction in the number of support vectors in PCA-SVR model. It can
be observed that a small increase in the € in linear kernel makes more reduction in support

vectors than other two kernels. On the whole, the RBF kernel with optimum choices of
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hyperparameter achieved the lowest RMSE in all the three models. Similar result is

obtained by Guo et al 2020.

4.4.3.1 b) Jalpaiguri

The optimum C and ¢ is the lowest level of 1 and 0.1 respectively for linear kernel
of all the three models. The degree of polynomial of polynomial kernel is one for all the
three models. But the cost of polynomial kernel increased to 4 in SR-SVR and PLSR-
SVR and it is the highest level of 32 in PCA-SVR. The ¢ is zero in polynomial kernel of
all three models due to which the number of support vectors are high level of 20. The
non-zero y of both polynomial and RBF indicates the presence of nonlinearity. In RBF
kernel, the optimum cost is four in SR-SVR and PLSR-SVR models and it is eight for
PCA-SVR model. The width of the hyperplane margin () is increased to 0.1 in RBF
kernel of SR-SVR due to which there is a reduction in the number of support vectors.
Further increase in the € of RBF to 15 leads to a further reduction in the support vectors.
The RBF kernel with optimum choices of hyperparameter performed better with the
lowest RMSE in all three models. On the whole, the RBF kernel with PLSR components
as input achieved the lowest RMSE.

4.4.3.1 ¢) Malda

The optimum C and ¢ is lowest levels of 1 and 0.1 respectively for the linear kernel
of all three models. The degree of polynomial of polynomial kernel is one for all the three
models. The € of 0.1 in polynomial kernel leads to a reduction in the number of support
vectors. The non-zero y of both polynomial and RBF indicates the presence of
nonlinearity. In RBF kernel, the optimum cost is four in all three models. The width of
the hyperplane margin () is zero in RBF kernel of all the models due to which the number
of support vectors is highest level of 20. The RBF kernel with optimum choices of
hyperparameter performed better with the lowest RMSE in all the three models. On the
whole, the RBF kernel with PLSR components as input achieved the lowest RMSE.

4.4.3.1 d) Uttar Dinajpur

The optimum C and ¢ is the lowest level of 1 and 0.1 respectively for linear kernel
of all three models. The degree of polynomial of polynomial kernel is one for all the three
models. There is a reduction in the number of support vectors in polynomial kernel as ¢
is greater than zero. The y of polynomial kernel is greater than RBF which indicates the
presence of more nonlinearity in the former than latter. In the RBF kernel, the optimum
cost is four in all three models. The number of support vectors in RBF is reduced as the €
is increased from zero but the reduction is lesser than the other two kernels. The RBF

kernel with optimum choices of hyperparameter performed better with the lowest RMSE
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in all the three models. On a whole, the RBF kernel with PLSR components as input
achieved the lowest RMSE.

Table 4.38 Summary of Support Vector Regression (SVR) model using three kernels for
Rice crop in four districts

. Number of
Model  Jernel - Cost Epsilon Gamma Degrce g pport  Rwise
Vectors

Cooch Behar
Linear 1 0.10 N/A N/A 12 63.36
SR-SVR Polynomial 4 0.00 0.20 1 20 64.08
RBF 4 0.00 0.10 N/A 20 18.85
Linear 1 0.10 N/A N/A 15 206.09
PCA-SVR  Polynomial 32 0.00 1.00 1 20 205.97
RBF 8 0.02 0.20 N/A 17 91.69
Linear 1 0.10 N/A N/A 17 67.33
PLSR-SVR Polynomial 4 0.00 0.10 1 20 63.05
RBF 8 0.00 0.10 N/A 20 0.13

Jalpaiguri
Linear 1 0.10 N/A N/A 9 53.35
SR-SVR Polynomial 4 0.00 0.30 1 20 52.35
RBF 4 0.10 0.10 N/A 15 43.73
Linear 1 0.10 N/A N/A 17 213.54
PCA-SVR  Polynomial 4 0.00 0.10 1 20 219.30
RBF 8 0.50 0.10 N/A 12 202.53
Linear 1 0.10 N/A N/A 11 58.61
PLSR-SVR Polynomial 16 0.10 0.60 1 11 59.11
RBF 4 0.00 0.10 N/A 20 7.68

Malda

Linear 1 0.10 N/A N/A 15 129.20
SR-SVR Polynomial 4 0.10 0.10 1 14 130.29
RBF 4 0.00 0.10 N/A 20 111.01
Linear 1 0.10 N/A N/A 19 216.84
PCA-SVR  Polynomial 32 0.10 0.70 1 19 218.90
RBF 4 0.00 0.10 N/A 20 138.44
Linear 1 0.10 N/A N/A 13 117.17
PLSR-SVR Polynomial 4 0.00 0.20 1 20 116.61
RBF 4 0.00 0.10 N/A 20 95.3

Uttar Dinajpur
Linear 1 0.10 N/A N/A 18 104.99
SR-SVR Polynomial 8 0.20 0.80 1 13 104.47
RBF 32 0.20 0.20 N/A 12 76.54
Linear 1 0.10 N/A N/A 18 245.32
PCA-SVR  Polynomial 4 0.30 0.10 1 12 238.87
RBF 4 0.20 0.10 N/A 17 175.21
Linear 1 0.10 N/A N/A 18 86.35
PLSR-SVR Polynomial 8 0.30 0.60 1 15 100.64
RBF 16 0.10 0.10 N/A 17 41.69
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The performance of RBF kernel is better than other kernels in terms of the stability
of SVR model (Truong and Pham, 2021). The RBF kernel accompanied with parameter
tuning reduces predictive error than polynomial and linear kernels (Guenther and
Schonlau, 2016). The grid search algorithm is effective for optimizing the
hyperparameters RBF kernel (Agustina et al 2018, Ngoc et al 2021).

4.4.3.2 Wheat
The results of SR-SVR, PCA-SVR and PLSR-SVR models using three different

kernel functions for wheat crop of all four districts are given in Table 4.39.

4.4.3.2 a) Cooch Behar

The optimum cost (C) is the lowest level of one for linear kernel of all the three
models. Similarly, the optimum width of the hyperplane (¢) is also at lowest level of 0.01
for the linear kernel of all three models. In the case of polynomial kernel, the degree of
polynomial is one for all the three models. The width of the hyperplane (¢) of 0.3 in
polynomial kernel of SR-SVR leads to a reduction in number of support vectors to 10.
The € of 0.6 in polynomial kernel in PCA-SVR leads to a further reduction in number of
support vector to the level of 7. The ¢ is zero in RBF kernel of PCA-SVR due to which
the number of support vectors is high level of 20. The € of 0.1 in RBF kernel of SR-SVR
leads to a reduction in support vectors. The € of 0.4 in RBF of PLSR-SVR leads to further
reduction in the number of support vectors to 11. It can be seen that the reduction in the
number of support vectors for increase in ¢ is less in RBF. The y=1 in PLSR-SVR
indicates the existence of more nonlinearity in the model. The y is 0.1 for the remaining
models of polynomial as well as RBF kernel. The optimum cost is high level of 32 in
polynomial kernel of PLSR-SVR followed by RBF of the same model. The RBF kernel
with optimum choices of hyperparameter performed better with lowest RMSE in all three
models. On the whole, the RBF kernel with PLSR components as input achieved the
lowest RMSE.

4.4.3.2 b) Jalpaiguri

The optimum C and ¢ is the lowest level of 1 and 0.1 respectively for linear kernel
of all three models. The € of zero in both polynomial, as well as RBF kernels of SR-SVR,
leads to many support vectors. The =1 in polynomial kernel of PCA-SVR, due to which
there is a huge decrease in the number of support vectors to 4. It can be noted that the
degree is 5 and the y is 0.40 which indicates that there is a high nonlinearity in the
polynomial kernel of PCA-SVR model. The cost is the highest level of 32 in RBF kernel
of PCA-SVR and it is four for both the non-linear kernels of other models. The RMSE in
PCA-SVR model with RBF kernel is at the lowest level of 0.14. The RMSE of SR-SVR
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and PLSR-SVR also low in RBF kernel. The RBF kernel with optimum choices of

hyperparameter performed better with lowest RMSE in all the three models.

Table 4.39 Summary of Support Vector Regression (SVR) model using three kernels for

Wheat crop in four districts

. Number of
Model  Jernel - Cost Epsilon Gamma Degrce g pport  Rwise
Vectors

Cooch Behar
Linear 1 0.10 N/A N/A 17 188.29
SR-SVR Polynomial 4 0.30 0.10 1 10 197.35
RBF 4 0.10 0.10 N/A 18 178.17
Linear 1 0.10 N/A N/A 18 225.15
PCA-SVR  Polynomial 4 0.60 0.10 1 7 213.08
RBF 8 0.00 0.10 N/A 20 77.43
Linear 1 0.10 N/A N/A 16 156.75
PLSR-SVR Polynomial 32 0.00 1.00 1 20 171.66
RBF 16 0.40 0.10 N/A 11 118.16

Jalpaiguri
Linear 1 0.10 N/A N/A 14 156.49
SR-SVR Polynomial 4 0.00 0.10 1 20 170.83
RBF 4 0.00 0.10 N/A 20 92.18
Linear 1 0.10 N/A N/A 18 191.56
PCA-SVR  Polynomial 4 1.00 0.40 5 4 286.54
RBF 32 0.00 0.01 N/A 20 0.14
Linear 1 0.10 N/A N/A 12 140.27
PLSR-SVR Polynomial 4 0.00 0.10 1 20 148.53
RBF 4 0.10 0.10 N/A 16 86.76

Malda

Linear 1 0.10 N/A N/A 18 126.01
SR-SVR  Polynomial 4 0.70 0.30 1 4 126.59
RBF 8 0.00 0.10 N/A 20 63.12
Linear 1 0.10 N/A N/A 19 158.19
PCA-SVR  Polynomial 16 0.70 0.70 1 7 155.10
RBF 8 0.00 0.20 N/A 20 15.64
Linear 1 0.10 N/A N/A 17 82.90
PLSR-SVR Polynomial 4 0.10 0.20 1 15 82.23
RBF 4 0.00 0.10 N/A 20 11.58

Uttar Dinajpur
Linear 1 0.10 N/A N/A 17 114.79
SR-SVR  Polynomial 8 0.20 0.20 3 13 101.74
RBF 32 0.40 0.01 N/A 10 95.34
Linear 1 0.10 N/A N/A 14 118.36
PCA-SVR  Polynomial 4 0.20 0.20 1 11 116.51
RBF 4 0.30 0.10 N/A 11 86.90
Linear 1 0.10 N/A N/A 13 94.21
PLSR-SVR Polynomial 4 0.60 0.50 1 4 106.74
RBF 4 0.10 0.10 N/A 17 52.95

Results and Discussion | 126



4.4.3.2 ¢) Malda

The optimum C and ¢ is the lowest level of 1 and 0.1 respectively for linear kernel
of all the three models. The € of 0.7 in the polynomial kernel of SR-SVR leads to the
reduction in the number of support vectors to 4. The € of polynomial kernel in PCA-SVR
model is 0.7, the y is 0.7 and the cost is high level of 16 which leads to 7 support vectors.
The number of support vectors are 20 for RBF kernel of all the three models as the ¢ is
zero. The RMSE is less in RBF kernels of all three models and it at the lowest level of
11.58 in PLSR-SVR.

4.4.3.2 d) Uttar Dinajpur

The optimum C and ¢ is lowest level of 1 and 0.1 respectively for linear kernel of
all three models. The ¢ is increased to 0.20 in polynomial kernel of SR-SVR model
leading to the reduction in support vectors to 13. Further, decrease in € to 0.40 in RBF
kernel results in further reduction in support vectors to 10. It can be noted that the degree
of polynomial kernel is 3 which indicates that there is a considerable nonlinearity in the
model. It can be observed that the ¢ is 0.20 and 0.30 in polynomial and RBF kernel of
PCA-SVR respectively which results in same number of support vectors of 11. The € of
0.60 and y of 0.50 result in a reduction in the number of support vectors to 4. The C is
high in RBF kernel in SR-SVR model. The RMSE is lowest level of 52.95 in RBF kernel
of PLSR-SVR model.

4.4.3.3 Potato
The results of SR-SVR, PCA-SVR and PLSR-SVR models using three different

kernel functions for potato crop of all four districts are given in the Table 4.40.

4.4.3.3 a) Cooch Behar

The optimum C and ¢ is the lowest levels of 1 and 0.1 respectively for linear kernel
of all the three models. The € of 0.80 and y of 0.50 in polynomial kernel of SR-SVR leads
to the reduction in the number support vectors to 6. The degree of polynomial is one for
all three models. The number of support vectors are 20 for RBF kernel in SR-SVR and
PCA-SVR as the ¢ is zero. The € of 0.30 in RBF in PLSR-SVR leads to 13 number of
support vectors. There is a high level of non-linearity in polynomial kernel in PLSR-SVR
as the y is one. The RMSE is less in RBF kernels of all three models and it is lowest level
0f 0.22 in SR-SVR.
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Table 4.40 Summary of Support Vector Regression (SVR) model using three kernels for

Potato crop in four districts

. Number of
Model Fljﬁz?i%ln %g;t Ep(ssl )Ion Ga(r]r(l)ma Dei%;ee Support RMSE
Vectors

Cooch Behar
Linear 1 0.10 N/A N/A 16 3.50
SR-SVR  Polynomial 4 0.80 0.40 1 6 3.86
RBF 32 0.00 0.10 N/A 20 0.22
Linear 1 0.10 N/A N/A 17 4.08
PCA-SVR  Polynomial 4 0.00 0.10 1 20 4.06
RBF 4 0.00 0.30 N/A 20 0.61
Linear 1 0.10 N/A N/A 14 3.91
PLSR-SVR Polynomial 32 0.00 1.00 1 20 3.91
RBF 8 0.30 0.10 N/A 13 3.69

Jalpaiguri
Linear 1 0.10 N/A N/A 16 1.44
SR-SVR  Polynomial 4 0.30 0.10 1 7 1.43
RBF 4 0.00 0.10 N/A 20 0.53
Linear 1 0.10 N/A N/A 16 2.94
PCA-SVR Polynomial 4 0.30 0.10 1 11 2.77
RBF 8 0.30 0.10 N/A 14 1.73
Linear 1 0.10 N/A N/A 18 1.60
PLSR-SVR Polynomial 4 0.20 1.00 1 13 1.54
RBF 8 0.00 0.10 N/A 20 0.36

Malda

Linear 1 0.10 N/A N/A 18 3.04
SR-SVR Polynomial 4 0.30 0.80 1 12 3.03
RBF 16 0.00 0.10 N/A 20 0.00
Linear 1 0.10 N/A N/A 19 5.63
PCA-SVR  Polynomial 4 0.70 0.30 1 7 6.06
RBF 8 0.00 0.30 N/A 20 1.56
Linear 1 0.10 N/A N/A 17 3.06
PLSR-SVR Polynomial 4 0.40 0.10 1 15 2.99
RBF 8 0.00 0.10 N/A 20 1.11

Uttar Dinajpur
Linear 1 0.10 N/A N/A 18 1.81
SR-SVR Polynomial 8 0.00 0.60 1 20 1.87
RBF 4 0.40 0.01 N/A 12 2.00
Linear 1 0.10 N/A N/A 18 2.79
PCA-SVR  Polynomial 4 0.60 0.10 1 6 2.79
RBF 4 0.20 0.10 N/A 15 1.40
Linear 1 0.10 N/A N/A 18 1.81
PLSR-SVR Polynomial 32 0.20 0.70 1 15 1.85
RBF 4 0.20 0.10 N/A 15 1.36
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4.4.3.3 b) Jalpaiguri

The € 0of 0.30 and y of 0.10 in polynomial of SR-SVR leads to 6 support vectors.
The same level of € and y in polynomial and RBF kernel in PCA-SVR results in 11 and
14 number of support vectors respectively. The degree of polynomial is one for all the
three models. The number of support vectors are 20 for RBF kernel of PLSR-SVR as the
€ 1s zero and it is 13 in polynomial kernel since the € is 0.20. The y is one in polynomial
kernel of PLSR-SVR model indicates high nonlinearity in the model. The RMSE is
comparatively less in RBF of all the three models and it is the lowest level of 0.36 in

PLSR-SVR model.

4.4.3.3 ¢) Malda

The number of support vectors are 20 for RBF kernel of all three models as the ¢
is zero. The € 0 0.30, 0.70 and 0.40 in the polynomial kernel of SR-SVR, PCA-ANN and
PLSR-SVR models which results to 12, 7 and 15 support vectors. The y is 0.80 in
polynomial kernel of SR-SVR. The y is 0.30 in polynomial and RBF kernels of PCA-
SVR model. The RMSE is less in RBF kernel in all three models and it is lowest level of
zero in SR-SVR model.

4.4.3.3 d) Uttar Dinajpur

The € of 0.40 in RBF kernel of SR-SVR model results in 12 support vectors and
the number of support vectors in both PCA-SVR and PLSR-SVR is 15 with € 0f 0.20 and
y of 0.10. The € of 0.60 in polynomial kernel results to the lowest number of support
vectors of 6. The linear kernel with € value of 0.1 and 18 number of support vectors results
in comparatively lesser RMSE among the three kernels of SR-SVR model. The RMSE is
less in RBF kernel in PCA-SVR and PLSR-SVR.

4.4.3.4 Jute
The results of SR-SVR, PCA-SVR and PLSR-SVR models using three different

kernel functions for jute crop of all four districts are given in Table 4.41.

4.4.3.4 a) Cooch Behar

The € of 0.10 in RBF kernel of SR-SVR model results in 17 support vectors. It
can be noted that the optimum € of RBF kernel in PCA-SVR model is at high level of 1.0
due to which the number of support vectors reduced to 8. But the linear kernel in PCA-
SVR with € of 0.1 and having 19 support vectors achieved less RMSE among the three
kernels in PCA-SVR model. In PLSR-SVR model, the RBF kernel achieved
comparatively lesser RMSE with € and y of 0.1. The lowest RMSE is obtained in RBF
kernel in both SR-SVR and PLSR-SVR models.
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Table 4.41 Summary of Support Vector Regression (SVR) model using three kernels for

Jute crop in four districts

. Number of
Model Fljﬁz?i%ln %g;t Ep(ssl )Ion Ga(r]r(l)ma Dei%;ee Support RMSE
Vectors

Cooch Behar
Linear 1 0.10 N/A N/A 13 0.38
SR-SVR  Polynomial 4 0.00 0.10 1 20 0.40
RBF 4 0.10 0.10 N/A 17 0.26
Linear 1 0.10 N/A N/A 19 1.10
PCA-SVR  Polynomial 4 0.00 0.10 3 20 1.16
RBF 4 1.00 0.10 N/A 8 1.25
Linear 1 0.10 N/A N/A 16 0.45
PLSR-SVR Polynomial 4 0.10 0.40 1 16 0.45
RBF 4 0.10 0.10 N/A 18 0.29

Jalpaiguri
Linear 1 0.10 N/A N/A 15 0.41
SR-SVR  Polynomial 4 0.10 0.10 1 13 0.41
RBF 8 0.00 0.10 N/A 20 0.12
Linear 1 0.10 N/A N/A 16 1.26
PCA-SVR Polynomial 4 0.70 0.10 3 4 1.52
RBF 8 0.00 0.10 N/A 20 0.42
Linear 1 0.10 N/A N/A 17 0.43
PLSR-SVR Polynomial 4 0.50 0.30 1 7 0.50
RBF 8 0.10 0.20 N/A 15 0.38

Malda

Linear 1 0.10 N/A N/A 15 0.73
SR-SVR Polynomial 4 0.00 0.10 1 14 0.75
RBF 4 0.10 0.30 N/A 11 0.62
Linear 1 0.10 N/A N/A 17 1.36
PCA-SVR  Polynomial 4 0.10 0.70 1 17 1.36
RBF 8 0.10 0.80 N/A 9 1.35
Linear 1 0.10 N/A N/A 16 0.76
PLSR-SVR Polynomial 4 0.20 0.10 1 12 0.74
RBF 8 0.10 0.10 N/A 17 0.46

Uttar Dinajpur
Linear 1 0.10 N/A N/A 14 0.40
SR-SVR Polynomial 4 0.30 0.20 1 5 0.44
RBF 16 0.00 0.10 N/A 20 0.29
Linear 1 0.10 N/A N/A 20 1.12
PCA-SVR  Polynomial 16 0.70 0.70 1 7 1.17
RBF 16 0.00 0.10 N/A 20 0.24
Linear 1 0.10 N/A N/A 13 0.30
PLSR-SVR Polynomial 4 0.10 0.40 1 13 0.30
RBF 4 0.00 0.10 N/A 20 0.06
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4.4.3.4 b) Jalpaiguri

The number of support vectors is 20 in RBF kernel of SR-SVR and PCA-SVR
models since their € is zero. The RBF kernel of PLSR-SVR model which has the € of
0.10, vy 0of 0.20 and 15 support vectors achieved the lowest RMSE of 0.38 among the other
two kernels. An increase in the ¢ value of the polynomial kernel of SR-SVR and PCA-
SVR models leads to a drastic reduction in the number of support vectors but their RMSE
is higher than the RBF kernel. On the whole, the SR-SVR model with RBF kernel
achieved the lowest RMSE of 0.12 among all the kernels of all the three models.

4.4.3.4 ¢c) Malda

In SR-SVR model, the RBF kernel with € of 0.10, Cost of 4 and y of 0.30 results
in 11 support vectors and the RBF kernel achieved the lowest RMSE among other two
kernels of the SR-SVR model. The RBF kernel which has € of 0.10 and y of 0.80 results
in 9 support vectors and comparatively lower RMSE is obtained in RBF kernel of the
PCA-SVR model. Similarly ,the RBF kernel of PLSR-SVR model achieved
comparatively lesser RMSE with € and y of 0.1. The PLSR-SVR model with RBF kernel
achieved the lowest RMSE of 0.46 among all the kernels of all three models.

4.4.3.4 d) Uttar Dinajpur

The RBF kernel results in the highest level of 20 support vectors since the € is
zero in all three models. The y value of greater than zero indicates certain nonlinearity in
the model. The same kernel achieved a comparatively lower RMSE among the other two
kernels in all three models. There was a reduction in the number of support vectors in
polynomial as well as linear kernels. But their RMSE is comparatively high. The PLSR-
SVR model with RBF kernel achieved the lowest RMSE of 0.06 among all the kernels of

all three models.

4.4.3.5 Rapeseed-Mustard
The results of SR-SVR, PCA-SVR and PLSR-SVR models using three different

kernel functions for the rapeseed-mustard crop of all four districts are given in Table 4.42.

4.4.3.5 a) Cooch Behar

In SR-SVR model, the RBF kernel with € of 0.40, Cost of 4 and y of 0.10 results
in 9 support vectors and the RBF kernel achieved the lowest RMSE among other two
kernels of the SR-SVR model. The RBF kernel which has € of 0.40 and y of 0.10 results
in 14 support vectors and comparatively lower RMSE is obtained in the RBF kernel of
the PCA-SVR model. Similarly, the RBF kernel of PLSR-SVR has the optimum ¢ of 0.70

and y of 0.1 which results in 9 support vectors. The RBF kernel achieved comparatively
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lesser RMSE. The PCA-SVR model with RBF kernel achieved the lowest RMSE of 55.51

among all the kernels of all the three models.

Table 4.42 Summary of Support Vector Regression (SVR) model using three kernels for

Rapeseed-mustard crop in four districts

. Number of
Model  Jernel - Cost Epsilon Gamma Degrce g pport  Rwise
Vectors

Cooch Behar
Linear 1 0.10 N/A N/A 19 70.90
SR-SVR Polynomial 4 0.70 0.20 1 4 71.10
RBF 4 0.40 0.10 N/A 9 61.85
Linear 1 0.10 N/A N/A 17 85.12
PCA-SVR  Polynomial 4 0.70 0.40 1 8 84.75
RBF 16 0.40 0.10 N/A 14 55.51
Linear 1 0.10 N/A N/A 17 74.97
PLSR-SVR Polynomial 4 0.50 0.20 1 8 71.57
RBF 32 0.70 0.10 N/A 5 69.84

Jalpaiguri
Linear 1 0.10 N/A N/A 17 43.19
SR-SVR Polynomial 4 0.00 0.10 1 20 43.15
RBF 4 0.00 0.10 N/A 20 25.13
Linear 1 0.10 N/A N/A 17 64.23
PCA-SVR  Polynomial 4 0.00 0.10 1 20 64.12
RBF 4 0.00 0.10 N/A 20 23.44
Linear 1 0.10 N/A N/A 14 41.39
PLSR-SVR Polynomial 4 0.10 0.20 1 14 41.39
RBF 32 0.00 0.10 N/A 20 0.04

Malda

Linear 1 0.10 N/A N/A 16 60.17
SR-SVR Polynomial 32 0.30 1.00 1 9 57.82
RBF 32 0.00 0.10 N/A 20 23.10
Linear 1 0.10 N/A N/A 18 72.20
PCA-SVR  Polynomial 4 0.50 0.70 1 6 74.03
RBF 4 0.50 0.10 N/A 10 78.29
Linear 1 0.10 N/A N/A 18 50.24
PLSR-SVR Polynomial 4 0.30 0.40 1 8 52.85
RBF 8 0.10 0.10 N/A 17 25.93

Uttar Dinajpur
Linear 1 0.10 N/A N/A 16 97.22
SR-SVR Polynomial 4 0.10 0.20 3 18 97.12
RBF 32 0.50 0.10 N/A 10 97.40
Linear 1 0.10 N/A N/A 14 108.77
PCA-SVR  Polynomial 4 0.00 0.10 1 20 67.67
RBF 4 0.00 0.10 N/A 20 67.77
Linear 1 0.10 N/A N/A 13 111.75
PLSR-SVR Polynomial 16 0.00 0.80 1 20 111.90
RBF 32 0.70 0.30 N/A 3 108.82
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4.4.3.5 b) Jalpaiguri

The RBF kernel results in the highest level of 20 support vectors since the € is
zero in all three models. The y value of greater than zero indicates certain nonlinearity in
the model. The same kernel achieved a comparatively lower RMSE among the other two
kernels in all three models. There was a reduction in the number of support vectors in
polynomial as well as linear kernels. But their RMSE is comparatively high. The PLSR-
SVR model with RBF kernel achieved the lowest RMSE of 0.04 among all the kernels of

all three models.

4.4.3.5 ¢) Malda

In SR-SVR model, the RBF kernel with € of zero, Cost of 32 and y of 0.10 results
in 20 support vectors and the RBF kernel achieved the lowest RMSE among other two
kernels of the SR-SVR model. The linear kernel which has € of 0.10 results in 18 support
vectors and comparatively lower RMSE is obtained in linear kernel of the PCA-SVR
model. The RBF kernel of PLSR-SVR has the optimum € of 0.1 and y of 0.1 which results
in 17 support vectors. The RBF kernel achieved comparatively lesser RMSE. The SR-
SVR model with RBF kernel achieved the lowest RMSE of 23.10 among all the kernels

of all three models.
4.4.3.5 d) Uttar Dinajpur

In SR-SVR model, the polynomial kernel with € of 0.10, y of 0.2 and degree of
polynomial of 3 results in 18 support vectors and the polynomial kernel achieved the
lowest RMSE among other two kernels of the SR-SVR model. Similarly, the polynomial
kernel which has ¢ of zero and y of 0.10 results in 20 support vectors and comparatively
lower RMSE is obtained in polynomial kernel of the PCA-SVR model. The RBF kernel
of PLSR-SVR has the optimum ¢ of 0.70 and y of 0.30 which results in very low level of
3 support vectors. The RBF kernel achieved comparatively lesser RMSE in PLSR-SVR
model. The PCA-SVR model with polynomial kernel achieved the lowest RMSE of 67.67

among all the kernels of all three models.
4.4.4 Penalized Regression Models

The performance of three penalized regression models viz. Ridge Regression
(RR), Least Absolute Shrinkage and Selection Operator (LASSO) and Elastic Net
(ENET) have been evaluated for each crop in each district. For fitting the penalized
regression modes, the penalty parameters Alpha (o) and Lambda (A) have to be optimized.
The alpha value for Ridge and LASSO regression is fixed; that are 0 and 1 respectively.
Hence only lambda () value has to be optimized for Ridge and LASSO models. For
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ENET model, both alpha (o)) and lambda (A) have to be optimized. The penalty parameters

have been optimized using 10-fold cross-validation.

4.4.4.1 Rice

The optimum values of penalty parameters for penalized regression models for
rice crop are given for each district in Table 4.44. The lambda values are more in Ridge
regression than LASSO in Cooch Behar, Jalpaiguri and Malda. In Uttar Dinajpur, the
LASSO penalty is more than Ridge. The better combination of alpha and lambda values
of ENET models is optimized. The alpha value for Cooch Behar is close to zero. Hence
the ENET model of Cooch Behar is of Ridge type. The alpha value of ENET models of
Jalpaiguri, Malda and Uttar Dinajpur are equal to one which is similar to the LASSO

model.

Table 4.43 Optimum penalty parameters of penalized regression models for Rice crop

o Ridge LASSO Elastic Net
District
Lambda Lambda Alpha Lambda
Cooch Behar 38 2 0.1 1
Jalpaiguri 39 10 1 10
Malda 33 24 1 24
Uttar Dinajpur 24 49 1 49

The estimated coefficients of three penalized regression models as well as
multiple linear regression model with parameters estimated using the Ordinary Least
Square (OLS) method are given in Table 4.44. In comparison with OLS estimates, the
regression coefficients of each index are shrunken in the Ridge model as it imposes a
penalty to the model. But the coefficient values are never shrunken to zero. But in LASSO
and ENET models, some of the coefficients are shrunken to zero, thereby variable
selection is accomplished. Only important variables are retained in the final LASSO and

ENET models.

For Cooch Behar, the sum of absolute coefficient values is lesser in Ridge
regression followed by LASSO and ENET. In the LASSO model, the coefficients of three
indices namely, WS, PC_Tmax and PC Tmin are shrunken to zero and the same are
removed from the model. In ENET, only PC_RF is shrunken to zero. It can be observed
that the estimated coefficients as well as the sum of absolute coefficient values of LASSO
and ENET models of Jalpaiguri, Malda and Uttar Dinajpur are equal since the optimum
penalty parameters of both models are same. The sum of absolute coefficient values of
LASSO and ENET models of Jalpaiguri, Malda and Uttar Dinajpur are lesser than the
Ridge model.

Results and Discussion | 134



Table 4.44 Estimated coefficients of three penalized regression models for Rice crop in four districts

Cooch Behar Jalpaiguri Malda Uttar Dinajpur
i ® O ) O ® @) @ (@]
Indices 2 & g L 9 & 3 L 9 & 3 L 9 & 3 U
© o i L o o f L O o ﬂ w O o f w
(Intercept) | -27520 -4257 5236 5277 | -6654 -6953 134 134 | -9018 5854 6038 6038 | -1313 554 249 249
Year 15 46.9 77.4 78.9 576  52.7 66.9 66.9 772 464 469 46.9 580 512 474 474
Tmax -69.1 122.2 53 169.3| 98.0 170.3 0 0| 1734.7 50.9 0 0| 1539 20.2 0 0
Tmin 462.1 170 550 838 | 16.7 -27.3 0 0| 6516 905 0 0] 123.0 319 0 0
RH 1254 258 -17.9 -427| 384 168 0 0 475 112 0 0| 783 103 0 0
WS 3278.0 4139 0 489 ]|-5729 -61.7 0 0| 2052 101.1 0 0| 242.7 -69.7 0 0
RF -0.1 -0.1 -0.1 -0.1 -0.1 0.1 0 0 03 -01 0 0 -0.2  -0.2 0 0
CC_Tmax -126.3  -17.9 -4.2 -4.4 1.8 -0.3 0 0| -693.4 -81.8 -686 -686| -16.6 -2.0 0 0
CC_Tmin -230.0 -6.4 -47.4 -106.0 6.4 0.5 0 0| -317.3 434 0 0| 374 165 0 0
CC RH 62.6 -3.3 -0.6 147 -5.2 5.9 3.9 39| -256.7 -10.8 0 0]-1410 -93 0 0
CC_WS 5009 -423.6 -323.1 -137.7 | -213.3 -34.8 -8.4 -84 | -107.0 408 338 338 1.1 -0.2 0 0
CC_RF -2.2 -0.3 -0.6 -0.8 0.2 0 -0.1 -0.1 32 -26 -28 -28| -156 -0.2 0 0
PC_Tmax 519.0 28.8 0 -427| -208 -0.2 0 0| -399.9 -953 -26.0 -260| -919 -6.8 0 0
PC_Tmin 20.3 1.3 0 2.0 33 -1.0 0 0| -598.6 -83.1 0 0|-1304 204 575 575
PC_RH -114.0 -36 -186 -50.0| 362 219 131 131 | 1518 -147 -11.7 -11.7| 677 -715 0 0
PC_WS -832.3 -99.8 -144.1 -316.2| 562.0 -81.4 -139.9 -139.9 7.7 74 78 -7.8] -90.0 -940 -10 -10
PC_RF 6.2 -0.7 -0.1 0 -02  -0.1 -0.1 -0.1 -1.7 0.1 0 0| 153 1.6 0 0
Sum of
absolute
value of 33869 5468 5930 6375 | 8287 7428 366 366 | 14272 6534 6236 6236 | 2575 896 355 355

coefficients
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Six variables are retained in LASSO and ENET models of Jalpaiguri while seven
variables are retained in Malda. For Uttar Dinajpur, only three variables are retained in
the final LASSO and ENET models. It can be observed that all the unweighted indices
and some of the correlation coefficient-based indices are removed. Path coefficient-based
indices are retained in the final model. Due to the coefficient shrinkage as well as variable
selection in penalized regression, it is expected that penalized regression models perform

better.

4.4.4.2 Wheat

The optimum values of penalty parameters for penalized regression models for
wheat crop are given for each district in Table 4.45. The lambda values are more in Ridge
regression than LASSO in Cooch Behar, Jalpaiguri and Uttar Dinajpur. In Malda, the
LASSO penalty is more than Ridge. The alpha values of ENET models of Cooch Behar
and Malda are less than 0.5 which indicates the ENET models of these districts are of
Ridge type. Since the alpha value of Uttar Dinajpur is zero and lambda is equal to ridge
lambda, the ENET model of Uttar Dinajpur is identical to the Ridge model. Similarly, the
alpha value of Jalpaiguri is one and lambda is equal to LASSO lambda, the ENET model
of Jalpaiguri is identical to the LASSO model.

Table 4.45 Optimum penalty parameters of penalized regression models for Wheat crop

_ Ridge LASSO Elastic Net
District
Lambda Lambda Alpha Lambda
Cooch Behar 400 74 0.3 176
Jalpaiguri 200 58 1 58
Malda 14 60 0.1 4
Uttar Dinajpur 275 38 0 275

The estimated coefficients of three penalized regression models are given in Table
4.46. The sum of absolute coefficient values of all three penalized models is lesser than
OLS coefficients in all four districts. It can be observed that the estimated coefficients of
the LASSO and ENET models of Jalpaiguri are equal since the optimum penalty
parameters of both models are the same. The sum of absolute coefficient values of the
LASSO and ENET models are equal and less than the Ridge model. Similarly, the
estimated coefficients of the Ridge model and ENET model of Uttar Dinajpur are equal.
The sum of absolute coefficient values of the LASSO model is less than the Ridge and
ENET models. For Cooch Behar and Uttar Dinajpur districts, the sum of absolute

coefficient values is lesser in Ridge regression.
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Table 4.46 Estimated coefficients of three penalized regression models for Wheat crop in four districts

Cooch Behar Jalpaiguri Malda Uttar Dinajpur
i ® O ® O @ @) ® (@]
Indices 2 & g Ll 9 & g L 9 & g Ll 9 & 37 L
O i < m O iz g m O x g m O x g @
(Intercept) 4767 -18 1846 1205 | 1673 -723 339 339 | -1363 68 1725 -308 778 1999 1721 1999
Year 51.83 956 1352 11.24| 1153 1883 2538 2538 | 4245 2991 2050 39.76 | 5216 511 560 511
Tmax -138.64  21.70 0 0| -10.94 22.95 0 0| 123.40 55.0 0 9594 | -21.22 7.40 0 740
Tmin 21.87 -4.80 0 0| -10.19 -36.22 0 0|-106.63 -78.25 0 -89.07| 66.86 9.15 952 9.15
RH -19.36  11.15 0 417 020 18.34 0 0| -18.47 -0.97 0 -16.85| 2019 0.73 0 0.73
WS 479.54 167.14 0 0| 38.62 239.93 0 0| -273.07 -183.32 0 -303.94 | 430.42 18.49 0 18.49
RF -2.74  -0.45 0 0| 1131 -1.36 0 0 -0.85 -0.98 0 -1.32 -253  0.33 0 033
CC_Tmax | 336.96 10.11 0 0| -44.42 -9.30 0 0| 1500 18.29 2279 723 | 1333 -6.04 -880 6.04
CC_Tmin -6.48 -31.52 -59.36 -37.08 | -90.50 7.35 0 0| 12.84 959 283 10.75| 58.60 21.68 46.95 21.68
CC_RH 5.26 915 834 10.10| 13.87 9.41 19.62 19.62 8.11 1.86 0 6.51| -42.15 -0.84 0 084
CC_Ws 68.03 17.07 0 0| -8.98 -72.40 0 0| 12591 47.64 0 21.82]-285.30 -33.59 0 33.59
CC_RF 2.57 0.02 0 0| -1536 -7.81 0 0 -4.92 0.06 0 -0.51 | -25.84 -547 -8.78 547
PC Tmax |-299.91 -9.60 0 0| 65.90 2.17 0 0| 2867 25.26 0 2620| 19.77 -12.73 0 1273
PC_Tmin -750 -8.28 0 -6.26| 148.62 040 091 091 -16.82 -16.21 0 -18.75 -1.73  18.67 0 18.67
PC RH -453  -0.88 0 0| -20.73 940 405 4.05| 1294 7.23 0 12.69 8.62 -1.50 0 150
PC_WS 36.82 35.73 0 1945| 8535 -95.76 -18.81 -18.81| 69.40 58.44 0 149.29| 2284 2945 17.60 29.45
PC RF -13.53  -2.88 0 0| -15.04 0.22 0 0| 16.79 9.43 0 14.06 021 -1.57 0 157
Sum of
absolute
value of 6263 358 1808 1294 | 1850 1274 408 408 2239 611 1771 1123 2264 2172 1819 2172
coefficients
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Only three and six variables are retained in the final LASSO and ENET models
of Cooch Behar. Whereas, only five variables are retained in the final LASSO and ENET
models of Jalpaiguri. Only three variables are retained in the final LASSO model of
Malda and none of the indices are shrunken to zero in ENET model. Six variables are
retained in the final LASSO and all the variables remain present in the ENET model of
Uttar Dinajpur.

4.4.4.3 Potato

The optimum values of penalty parameters for penalized regression models for
potato crop are given for each district in Table 4.47. The optimum lambda values of
LASSO models of all four districts are one. The lambda values are higher in Ridge
regression than LASSO. In Malda, the LASSO penalty is more than Ridge. The alpha
values of ENET models of Cooch Behar and Uttar Dinajpur are less than 0.5 which
indicates the ENET models of these districts are of Ridge type. Since the alpha value of
Malda is one and lambda is equal to LASSO lambda, the ENET model of Malda is
identical to the LASSO model.

Table 4.47 Optimum penalty parameters of penalized regression models for Potato crop

o Ridge LASSO Elastic Net
District
Lambda Lambda Alpha Lambda
Cooch Behar 6 1 0.1 4
Jalpaiguri 4 1 0.6 1
Malda 3 1 1 1
Uttar Dinajpur 2 1 0.4 1

The penalized regression models have been fitted using their respective optimum
penalty parameter values. The estimated coefficients of three penalized regression models
are given in Table 4.48. The sum of absolute coefficient values of all three penalized
models is lesser than OLS coefficients in all four districts. Only five variables are retained
in the final LASSO model of Cooch Behar, whereas only five variables are removed in
the ENET model. The sum of absolute coefficient values is lesser in LASSO followed by
ENET and Ridge in Cooch Behar. The sum value is lesser in Ridge followed by ENET
and LASSO in Jalpaiguri. Only four and five variables are retained in the final LASSO
and ENET models of Jalpaiguri. It can be observed that the estimated coefficients of the
LASSO and ENET models of Malda are equal since the optimum penalty parameters of
both models are the same. The sum of absolute coefficient values of the LASSO and

ENET models are equal and the same is less than the Ridge model.
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Table 4.48 Estimated coefficients of three penalized regression models for Potato crop in four districts

Cooch Behar Jalpaiguri Malda Uttar Dinajpur
i ) O ® O ) @) @ (@]
Indices & 5 @ E < 2 a E 9 2 f E A =k 3 E
O o g m O @ S m O e I @ © & 3 m
(Intercept) | -124.03 19.83 13.86 18.14| -3.94 26.18 50.66 4258 | -224.40 -21.14 -578 -5.78 -2.90 -1.65 10.70 8.11
Year -016 019 018 021| 054 025 039 040 1.34 054 072 0.72 0.39 0.37 0.49 0.49
Tmax 722 044 0 013| -135 067 0.03 045 -0.04 -0.31 0 0 -0.03 -0.04 0 0
Tmin 9.20 -0.27 0 0| 211 -091 0 0 3.65 -0.93 0 0 0.86 0.43 0 0
RH 141 -0.02 0 0| 029 0.18 0 0 1.06 0.27 0 0 091 0.12 0 0
WS -20.61  -5.30 0 -249| 2620 153 0 0 12.16 -0.07 0 0| -1457 054 0 0
RF 0.06  0.00 0 0| -0.04 -0.01 0 0 -0.06 -0.01 0 0 -0.04 0.00 0 0
CC_Tmax -538 013 016 0.12] -0.02 -0.09 0 0 0.47 0.21 0 0 -0.03 -0.17 -0.03 -0.12
CC_Tmin -347 -025 -047 -0.28| -093 -1.14 -212 -2.29 -0.50 032 052 0.2 -0.19 -0.08 -0.13 -0.12
CC_RH 340 -0.07 -0.08 -0.07| 0.17 -0.01 0 0 -0.01 -0.02 0 0 -1.35 0.05 0 0
CC_Ws 651 401 6.16 3.89|-29.69 0.72 0 0 -54.21 0.56 0 0 5450 0.68 0 0.23
CC_RF -0.03  0.00 0 0| -001 o0.01 0 0 -0.33 0.03 0 0 -1.39  0.21 0.17 0.06
PC_Tmax -0.72  -0.09 0 -007| 218 0.18 0 0 2.88 0.68 0 0 0.09 -0.32 -0.06 -0.21
PC_Tmin -291  0.13 0 009| -319 -0.83 0 0 -0.25 -0.06 0 0 -0.03 0.04 0 0.02
PC_RH -4.01  -0.07 0 -006| -0.34 -0.08 -0.05 -0.08 0.11 0.00 0 0 0.44 0.10 0.11 0.12
PC_WS 9.29 295 0 266| 1156 141 0 080 43.57 218 155 155| -33.57 0.59 0.30 0.49
PC_RF 0.06 0.00 0 0| 097 -0.06 0 0 1.64 0.06 0 0 1.63 0.29 0.06 0.27
Sum of
absolute
value of 198.44 33.75 2091 2821 | 8355 3426 5325 46.60| 346.68 27.39 857 857| 11292 568 1205 10.31

coefficients
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Only time trend variable, CC_Tmin and PC_WS are retained in the final LASSO
and ENET models. The sum of absolute coefficient values of the Ridge model is
comparatively less followed by ENET model in Uttar Dinajpur. For Cooch Behar and
Uttar Dinajpur districts, the sum of absolute coefficient values is lesser in Ridge
regression. Eight and ten variables of Uttar Dinajpur are retained in final LASSO and

ENET models respectively.

4.4.4.4 Jute

The optimum values of penalty parameters for penalized regression models for
jute crop are given for each district in Table 4.49. The optimum lambda values of both
Ridge and LASSO models of all four districts are equal to one. The alpha values of ENET
models of all four districts are less than 0.5 which indicates the ENET models are of Ridge
type. Since the alpha value of Cooch Behar is zero and lambda is equal to ridge lambda,

the ENET model of Cooch Behar is identical to the Ridge model.

Table 4.49 Optimum penalty parameters of penalized regression models for Jute crop

_— Ridge LASSO Elastic Net
District
Lambda Lambda Alpha Lambda
Cooch Behar 1 1 0 1
Jalpaiguri 1 1 0.1 10
Malda 1 1 0.3 24
Uttar Dinajpur 1 1 0.2 49

The estimated coefficients of three penalized regression models are given in Table
4.50. The sum of absolute coefficient values of all three penalized models are less than
OLS coefficients in all four districts. Only time trend variable and CC_WS are retained
in final LASSO model of Cooch Behar, whereas RF, CC_RH, CC_RF and PC _RF are
removed in the ENET model. The sum of absolute coefficient values is lesser in LASSO
in Cooch Behar. Only time trend variable, Tmax, CC_Tmin and PC_RH are retained in
the final LASSO model of Jalpaiguri. Along with these three indices, PC_WS also
retained in the ENET model. The sum value is lesser in Ridge followed by ENET and
LASSO in Jalpaiguri. Only time trend variable and CC_WS are retained in the final
LASSO model of Malda. Along with these two indices, PC_WS is also retained in the
ENET model. The sum value is lesser in LASSO followed by ENET and Ridge in Malda.
Only time trend variable and CC_WS are retained in the final LASSO model of Uttar
Dinajpur. Seven variables are retained in the final ENET model of Uttar Dinajpur. The
sum of absolute coefficient values of Ridge model is comparatively less followed by

ENET model in Uttar Dinajpur.
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Table 4.50 Estimated coefficients of three penalized regression models for Jute crop in four districts

Cooch Behar Jalpaiguri Malda Uttar Dinajpur
i ) O ) O ® @) @ (@]
Indices 2 % 2 L 3 & 37 W 2 & 3 L 9 & g L
O o f L O o f L O o ﬂ L O o f L
(Intercept) -1.38 1399 1059 1399 | -3.94 26.18 50.66 42.58 -68.01 15.1 126 1431 4101 359 1059 7.09
Year 0.14 0.1 012 01| 054 025 039 040 0.20 0.16 0.14 0.16 021 0.15 0.12 0.16
Tmax -1.18  0.05 0O 005| -135 067 003 045 1.71 -0.02 0 0 -0.28 0.05 0 0
Tmin 7.25 -0.1 0 01| 211 -091 0 0 -0.02 0.07 0 0 -1.11  0.04 0 0.01
RH 0.38  0.03 0O 003| 029 0.18 0 0 0.50 0.02 0 0 0.02 0.02 0 0
WS -1.75  -2.49 0 -249| 2620 1.53 0 0 2.53 0.46 0 0 -3.32 -0.48 0 0
RF 0.00 0 0 0| -0.04 -0.01 0 0 -0.01 0 0 0 0.00 0 0 0
CC_Tmax 1.02 -0.11 0 -011| -0.02 -0.09 0 0 -0.12 -0.06 0 0 -0.59 0.04 0 0.01
CC_Tmin -5.99  -0.11 0 -011| -093 -114 -212 -2.29 0.08 0.02 0 0 1.06 0.03 0 0.03
CC_RH 0.07 0 0 0| 017 -0.01 0 0 0.07 -0.01 0 0 -0.09 0 0 0
CC_WS -220 026 -0.05 0.26|-29.69 0.72 0 0 -3.09 -042 -0.02 -0.32 041 -0.17 -0.05 -0.17
CC_RF 0.02 0 0 0| -001 o0.01 0 0 0.02 -0.01 0 0 0.04 0 0 0
PC_Tmax 1.02 0.18 0O 018| 218 0.18 0 0 -0.17 -0.02 0 0 058 0.1 0 0.09
PC_Tmin -2.25  -0.08 0 -0.08| -319 -0.83 0 0 -0.14 -0.01 0 0 -0.17 0.01 0 0
PC_RH -0.34  0.02 0O 002| -034 -008 -005 -0.08 -0.08 -0.01 0 0 0.04 0 0 0
PC_WS 3.33 0.16 0 016] 1156 141 0 0380 1.08 -0.49 0 -0.23 -1.47  -0.3 0 -0.24
PC_RF 0.00 0 0 0| 097 -0.06 0 0 0.00 0 0 0 -0.10 0 0 0
Sum of
absolute
value of 28.35 17.68 10.76 17.68 | 83.55 34.26 53.25 46.60 7784 16.88 12.76 15.02 5049 4.98 10.76 7.80

coefficients
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4.4.4.5 Rapeseed-mustard

The optimum values of penalty parameters for penalized regression models for
jute crop are given for each district in Table 4.51. The lambda values are more in Ridge
regression than LASSO. The alpha values for Cooch Behar and Jalpaiguri districts are
less than 0.5. Hence the ENET models for these districts are of Ridge type. The ENET
models for Malda and Uttar Dinajpur are of LASSO type as their alpha values are near
one.

Table 4.51 Optimum penalty parameters of penalized regression models for Rapeseed-
Mustard crop

o Ridge LASSO Elastic Net
District
Lambda Lambda Alpha Lambda
Cooch Behar 299 25 0.3 66
Jalpaiguri 70 12 0.3 20
Malda 62 12 0.8 14
Uttar Dinajpur 130 27 0.6 38

The estimated coefficients of three penalized regression models are given in Table
4.52. The sum of absolute coefficient values of all three penalized models is lesser than
OLS coefficients in all four districts. In LASSO and ENET models of Cooch Behar, only
four and six indices are retained. The sum value is comparatively lower in Ridge
regression followed by LASSO and ENET. For Jalpaiguri, at the optimum penalty values
of LASSO and ENET models, eight and twelve indices are retained. The sum of absolute
coefficient value is comparatively lower in ENET followed by LASSO and Ridge model.
Only six indices are retained at the optimum lambda level of LASSO and ENET models
of Malda and Uttar Dinajpur districts. The sum of absolute coefficient value is

comparatively lower in LASSO followed by ENET and Ridge model.
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Table 4.52 Estimated coefficients of three penalized regression models for Rapeseed-mustard crop in four districts

Cooch Behar Jalpaiguri Malda Uttar Dinajpur
i ) ©) ) ©) ) @) ® (@]
Indices ! & ? E < = 7 E 9 g 9 E q S & E
O x S @ o x 3 m o iz 3 m O x I &
(Intercept) 2710 22 -21  -287 1634 486 438 40 1712 1004 868 896 12944 -1846 -1000 -1187
Year 19.31  0.50 0 0| 2038 653 1028 9.23| 2424 1166 1557 17.21| 13499 6.84 16.53 15.12
Tmax 22.719  3.12 0 0]-21391 13.29 0 1056| 1996 -3.19 0 0| 29131 145 0 0
Tmin -217.13  -2.20 0 0| -58.14 -33.21 -10.63 -29.99 | -31.14 -1.98 0 0 -65.99  5.38 0 0
RH -71.42  -0.97 0 0| -56.74 2.68 0 0 -0.03 1.54 0 0 -71.18 3.61 141 517
WS -415.22 -21.58 0 0|-505.39 25.88 0 0|-151.76 16.81 0 0 92795 94.01 0 0
RF -2.31  -0.01 0 0 059 -0.39 0 0 2.69 -0.39 0 0 -2356 -0.82 0 0
CC_Tmax 7541  5.00 856 6.46| 3058 557 0 363| -19.00 3.4 0 0| -118.28 1588 1857 23.71
CC_Tmin 706.91 -5.10 0 0| -27.17 -465 -0.11 -555 3.88 -1.68 0 0 -56.49 1376 216 391
CC_RH -11.03  1.03 442 193] 30.37 -1.56 0 -0.15 010 012 014 014 -1356 6.66 9.63 10.27
CC_WS 1811.70 61.14 137.69 99.79 | 589.54 -40.8 0 -098|-329.36 -48.35 -47.12 -47.87| 606.34 -19.71 0 0
CC_RF -10.08 0.14 0 0 081 -056 -0.73 -069| 1254 161 220 221| -15346 -2.63 0 0
PC_Tmax -6.54  9.03 13.3 1294 | 24519 10.78 26.54 21.06| 29.04 5.68 0 0| -259.54 -2.83 0 0
PC_Tmin -529.94  -5.50 0 -0.04| -19.43 -1419 -33.26 -16.51| -80.51 -27 -10.83 -12.45| -241.14 2148 1349 1957
PC_RH 3520 1.22 0 0 528 056 052 0.62 587 373 373 381 421  2.87 0 0
PC_WS -1376.56  79.88 0 7434 | -2332 -26.64 -19.24 -23.38| 21518 -14.71 0 0|-1300.38 17.15 0 0
PC RF 4196  0.71 0 0 8.68 -0.99 0 0] -2495 151 0 0 16.33 1.12 0 0
Sum of
absolute
value of 8063 219 380 482 3469 674 539 532 2662 1147 948 980 17229 2076 1062 1265

coefficients
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4.5 Comparison of Performance of Fitted Models

The MLR, ANN and SVR models have been fitted under three variable selection
or dimension reduction techniques viz. Stepwise Regression (SR), Principal Component
Analysis (PCA) and Partial Least Square Regression (PLSR). Along with these, three
penalized regression models are also fitted. Hence, twelve models have been fitted for
each crop in each district. Among the fitted models, the best-fitted model for each crop in
each district has been selected by examining the following model evaluation criteria such

as R?, MAE, RMSE and nRMSE.

The data from the years 1997-98 to 2019-20 have been utilized. Among that 80%
of the data between the years 1997-98 and 2019-20 are randomly selected for model
training (calibration) and the remaining 20% of data are utilized for validation of the fitted
models using residual measures such as MAE, RMSE and nRMSE. The model which
performs better in both the training and validation stages is considered the best-fitted

model. The best-fitted model for each crop in each district is selected.

4.5.1 Rice

The model evaluation criteria of fitted models for rice crop for both calibration as
well as validation stages are given in Table 4.53. It can be observed that MLR, ANN and
SVR models under all three variable selection methodologies have having highest R? of
close to one. However, error measures such as MAE, RMSE and nRMSE are very high
for both calibration as well as validation stages for all the districts. But penalized
regression models are having moderate R?. But the MAE, RMSE and nRMSE are

comparatively low for both calibration as well as validation stages.

For Cooch Behar, the SR-SVR model has highest R? of 0.99 and low MAE, RMSE
and nRMSE of 4.32, 18.85 and 0.01 respectively. But the error measures are very high
for validation data. It is clearly indicating the presence of overfitting issue. The overfitted
model describe the training data very well; but its performance for new data is generally
poor. The Ridge model which has R? of 0.72 is having lowest MAE, RMSE and nRMSE
of 2.69, 3.46 and 0.14 for training data respectively. The MAE, RMSE and nRMSE for
testing data are also lowest level of 0.55, 6.02 and 0.30. From the Fig. 4.16, it can also be
seen that RMSE of Ridge model during calibration as well as validation stages are low.
Other two penalized regression models viz. ENET and LASSO models are also having
moderate R? and less error in both training and validation stages. Hence, the Ridge model
is found to perform well for predicting the yield of rice crop in Cooch Behar followed by

ENET and LASSO models.
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Table 4.53 The model evaluation parameters in calibration and validation stages of fitted models for Rice crop

Model Calibration Validation Calibration Validation
R? MAE RMSE nRMSE MAE RMSE nRMSE R? MAE RMSE nRMSE MAE RMSE nRMSE
Cooch Behar Jalpaiguri

SR-MLR 0.99 419  57.53 0.03 24.97 26.63 0.01| 0.99 38.03 48.96 0.02 42.07 42.99 0.03

SR-ANN 0.98 50.85 68.51 0.04 410.63 478.96 0.37 | 0.99 39.37 50.14 0.03 48482 611.33 0.04

SR-SVR 0.99 432 18.85 0.01 243.86 247.13 0.14 | 0.99 42.33 43.73 0.02 229.07 273.79 0.16

PCA-MLR 0.83 156.34 194.43 0.10 168.46 205.55 0.11| 0.80 170.04 206.74 0.10 309.65 353.74 0.21

PCA-ANN 0.85 147.48 181.13 0.11 53.96 64.03 0.05| 0.83 15499 192.28 0.13 309.52 328.75 0.25

PCA-SVR 0.82 140.59 206.09 0.10 321.40 331.73 0.18 | 0.81 189.79 202.53 0.10 308.08 319.79 0.19

PLSR-MLR  0.98 4338 60.34 0.03 74.54 75.12 0.04 | 0.99 45.22 56.42 0.03 40.97 48.9 0.03

PLSR-ANN  0.98 50.64  65.84 0.16 867.32 1212.32 0.46 | 0.98 51.99 60.25 0.04 269.47 290.36 0.22

PLSR-SVR  0.98 39.32 63.05 0.03 58.03 61.31 0.03 | 0.98 45.53 58.61 0.03 47.81 59.94 0.04

Ridge 0.72 2.69 3.46 0.14 0.55 6.02 0.30 | 0.86 1.55 2.10 0.08 0.88 3.33 0.16

LASSO 0.67 2.96 3.73 0.15 0.52 6.29 0.31] 0.83 1.87 2.29 0.09 0.87 3.46 0.17

ENET 0.70 2.79 3.57 0.15 0.57 6.11 0.30 | 0.88 1.51 1.94 0.08 0.90 3.30 0.16
Malda Uttar Dinajpur

SR-MLR 0.92 9391 12171 0.05 73.91 86.16 0.03 | 0.94 9155 103.63 0.05 114588 12331 0.06

SR-ANN 0.92 93.01 12452 0.08 361.82 364.55 0.23| 0.94 93.6 104.52 0.07 338.88 385.78 0.29

SR-SVR 0.94 41.09 111.01 0.04 290.61 314.7 0.13 | 0.97 74.07 76.54 0.03 59.6 62.66 0.03

PCA-MLR 0.76  159.98 212.12 0.08 34.14 42.29 0.01| 0.70 168.16 232.29 0.11 600.25 604.20 0.29

PCA-ANN 0.89 115.05 143.75 0.09 521.33 599.38 037 | 0.83 112.77 172.13 0.11 712.01 807.78 0.61

PCA-SVR 0.75 15465 216.84 0.08 41.68 54.04 0.02 | 0.83 12169 175.21 0.08 308.77 318.20 0.15

PLSR-MLR  0.93 78.17 10941 0.04 62.87 63.59 0.03 | 0.96 72.35 83.62 0.04 73.81 9241 0.04

PLSR-ANN  0.94 78.63 106.44 0.07 188.62 216.05 0.13 | 0.96 7.00 2.34 0.05 207.78 256.69 0.19

PLSR-SVR 0.93 69.07 116.61 0.04 84.85 95.9 0.04 | 0.96 7451 86.35 0.04 56.99 63.25 0.03
Ridge 0.85 2.82 3.58 0.13 0.59 7.89 0.33| 0.89 1.61 1.90 0.08 0.90 2.25 0.10
LASSO 0.82 2.93 3.96 0.15 0.59 8.01 0.34 | 0.82 2.02 2.44 0.10 0.82 2.47 0.11
ENET 0.82 2.93 3.96 0.15 0.59 8.01 0.34| 0.90 1.54 1.85 0.08 0.83 2.16 0.09
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Fig. 4.16 RMSE plots of all fitted models of Rice crop of four districts

Similarly, for Jalpaiguri, the MLR, ANN and SVR models are having high R?. But
the error measures are very high for both training and validation data. The ENET model
which has R? of 0.88 is having lowest MAE, RMSE and nRMSE of 1.51, 1.94 and 0.08
for training data respectively. The MAE, RMSE and nRMSE for testing data are also
lowest level of 0.90, 3.30 and 0.16. From Fig.4.16, it can also be seen that RMSE of
ENET model during calibration as well as validation stages are low. Other two penalized
regression models viz. Ridge and LASSO models also have moderate R? and less error in
both the training and validation stages. Hence the ENET model is found to perform well
for predicting the yield of rice crop in Jalpaiguri followed by the Ridge and LASSO

models.

The MLR, ANN and SVR models have high R? in Malda. But the error measures
are very high for both training and validation data. The Ridge model which has R? of 0.85
is having lowest MAE, RMSE and nRMSE of 2.82, 3.58 and 0.13 for training data
respectively. The MAE, RMSE and nRMSE for testing data are also the lowest level of
0.59, 7.89 and 0.33. From Fig.4.16, it can also be seen that RMSE of the Ridge model
during calibration as well as validation stages are low. Other two penalized regression
models viz. ENET and LASSO also have moderate R? and less error in both the training
and validation stages. Hence the Ridge model is found to perform well for predicting the

yield of rice crop in Malda followed by the ENET and LASSO models.

Results and Discussion | 146



For Uttar Dinajpur, the PLSR-ANN model has the highest R? of 0.96 and low
MAE, RMSE and nRMSE of 7.00, 3.14 and 0.05 respectively. But the error measures are
very high for validation data due the possibility of overfitting issue. The ENET model
which has R? of 0.90 is having lowest MAE, RMSE and nRMSE of 1.54, 1.85 and 0.08
for training data respectively. The MAE, RMSE and nRMSE for testing data are also
lowest level of 0.83, 2.16 and 0.09. From the Fig.4.16, it can also be seen that the RMSE
of ENET model during calibration as well as validation stages are low. Other two
penalized regression models viz. Ridge and LASSO models are also have moderate R?
and less error in both the training and validation stages. Hence the ENET model is found
to perform well for predicting the yield of rice crop in Uttar Dinajpur Ridge and LASSO

models.

The penalized regression models were showing stable performance in both
calibration and validation of the model (Sridhara ef al 2023). The penalized regression
models that accompanied by coefficient shrinkage and variable selection are found to be

the best-fitted models (Ajith e al 2023).

4.5.2 Wheat

The model evaluation criteria of fitted models for wheat crop for both calibration
as well as validation stages are given in Table 4.54. For Cooch Behar, the PCA-ANN and
PLSR-ANN models have the highest R? of 0.90. The MAE, RMSE and nRMSE of PCA-
ANN are 86.82, 110.25 and 0.07 respectively. But the error measures are very high for
testing data. The PLSR-ANN model has MAE, RMSE and nRMSE of 92.82, 113.60 and
0.08 for training data and 76.05, 87.30 and 0.20 for testing data respectively. From Fig.
4.17, it can also be seen that RMSE of PLSR-ANN model during calibration as well as
validation stages are low. The PCA-ANN model is also having R? of 0.90 and less error
in both the training and validation stages. Hence, the PLSR-ANN model is found to
perform well for predicting the yield of wheat crop in Cooch Behar followed by PCA-
ANN. The ANN algorithm using PLSR dimension reduction simplifies the neural
network structure and increases the predictive efficiency (Jia ef al 2014). The best fitted
PLSR-ANN model using Tangent hyperbolic (Tanh) function as the activation function
and PLSR components as the input is given in Fig. 4.18.
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Table 4.54 The model evaluation parameters in calibration and validation stages of fitted models for Wheat crop

Model Calibration Validation Calibration Validation
R? MAE RMSE nRMSE MAE RMSE nRMSE R? MAE RMSE nRMSE MAE RMSE nRMSE
Cooch Behar Jalpaiguri

SR-MLR 0.74 136.01 180.40 0.09 129.13 148.78 0.09| 0.89 116.46 148.40 0.07 119.68 130.60 0.08

SR-ANN 0.76  139.30 175.60 0.12 86.64 96.36 0.55| 0.95 77.14 105.44 0.05 95.08 100.79 0.50

SR-SVR 0.75 11452 178.17 0.09 142.01 187.42 0.12 | 0.96 40.21 92.18 0.04 61.94 62.24 0.16

PCA-MLR 0.67 162.83 204.84 0.09 22154 322.9 020 | 0.84 142.19 179.92 0.08 130.07 157.75 0.09

PCA-ANN 0.90 86.82 110.25 0.07 94.45 95.08 0.54 | 0.94 78.22 113.27 0.05 96.68 97.55 0.49

PCA-SVR 0.96 35.65  77.43 0.04 21191 217.05 0.14| 0.83 138.17 191.56 0.09 130.14 157.68 0.10

PLSR-MLR  0.83 118.71 146.62 0.07 224.00 248.86 0.15| 091 10241 136.99 0.06 11235 150.27 0.09

PLSR-ANN  0.90 92.82 113.60 0.08 76.05 87.30 020 091 109.70 138.11 0.07 14592 149.53 0.75

PLSR-SVR 0.81 111.81 156.75 0.08 225.12 239.54 0.15| 091 95.26  140.27 0.06 121.84 151.79 0.09

Ridge 0.74 139.01 182.70 0.08 232.67 294.15 0.18 | 0.89 115.09 146.31 0.06 101.43 121.62 0.07

LASSO 0.65 160.97 208.53 0.10 256.68 328.42 0.20| 0.85 137.43 174.12 0.07 27212 313.75 0.19

ENET 0.66 158.47 205.81 0.09 239.39 306.37 0.19 | 0.85 13743 174.12 0.07 27212 313.75 0.19
Malda Uttar Dinajpur

SR-MLR 0.81 97.75 120.62 0.04 67.96 76.65 0.03 | 0.81 95.92 109.73 0.05 12156 146.29 0.06

SR-ANN 0.95 45.83 60.21 0.06 225.77 228.18 026 | 091 58.52 74.36 0.08 156.32 179.36 0.35

SR-SVR 0.95 3426  63.12 0.02 12537 144.26 0.06 | 0.86 90.60 95.34 0.04 12486 164.56 0.07

PCA-MLR 0.73 118.36 144.40 0.05 15259 161.62 0.06 | 0.81 80.81 111.50 0.04 104.82 134.24 0.05

PCA-ANN 0.95 45.63 60.14 0.06 207.65 226.69 0.26 | 0.93 51.45 68.69 0.08 178.20 220.95 0.43

PCA-SVR 0.99 3.56  15.64 0.01 235.63 291.71 0.11 | 0.79 79.31 116.51 0.05 100.55 140.13 0.06

PLSR-MLR  0.92 62.98  79.58 0.03 97.61 102.17 0.04 | 0.88 70.38 89.20 0.04 99.49 121.26 0.05

PLSR-ANN  0.96 4230  52.04 0.05 330.44 395.27 0.45| 0.99 17.99 30.09 0.03 25436 312.97 0.61

PLSR-SVR 0.91 60.80 82.23 0.03 81.53 84.17 0.03| 0.96 22.95 52.95 0.02 90.61 120.18 0.05

Ridge 0.92 62.01 73.86 0.02 102.46 106.25 0.04 | 0.73 9222 121.71 0.05 14192 163.96 0.07
LASSO 0.63 132.69 167.81 0.06 24233 265.81 0.10 | 0.70 9586 128.54 0.05 14430 157.11 0.07
ENET 0.96 39.63  48.79 0.01 122.80 146.50 0.05| 0.73 9222 121.71 0.05 14192 163.96 0.07

Results and Discussion | 148



dataset I catibration I Vatigation

Cooch Behar Jalpaiguri
3004 300
1200 212007
wm wm
= =
<4 <4
) .. ) IIII..I.
o - - - " """ """ L
S M B B B OB OFoME 2 2 Z 59 B M @B 2 M B & £ £ &
o =] = =} o =
224232 382 32 % 322 z 22 27 3 42423 % 339
S 2 5 % & % 3 % 3 ¢ S 2% % g% &% B &
2 2 o 57 =5 2§ 4 g
Malda Uttar Dinajpur
400 3004
3001

RMSE
2

_
L
h
h
e
|
B
L
-
L
B
—
h
i
T
L
—
E—
i

=
1

0

PLSR-ANN
LASSO
PCA-SVR
LASSO
PCA-SVR
SR-MLR
SR-SVR
PCAMLR
PLSR-ANN
PCA-ANN
Ridge
ENET
SR-ANN
PLSR-MLR
PLSR-SVR

Fig. 4.18 The best fitted PLSR-ANN model for Wheat crop of Cooch Behar district

For Jalpaiguri, the SR-SVR model has the highest R? of 0.96. The error measures
such as MAE, RMSE and nRMSE are comparatively low level of 40.21, 92.18 and 0.04
for training data and 61.94, 62.24 and 0.16 testing data respectively. From the Fig. 4.17,
it can also be seen that RMSE of SR-SVR model during the calibration as well as
validation stages are low. The SR-ANN and PCA-ANN models are also have high R? and

low less in both the training and validation stages. Hence, the SR-SVR model is found to
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perform well in predicting the yield of wheat crop in Jalpaiguri followed by SR-ANN and
PCA-ANN. Due to the presence of a nonlinear complex association between crop yield
and weather factors, the non-linear machine linear models accompanied by feature

selection is effective for crop yield prediction (Shahsavari et al 2023).

For Malda, PCA-SVR, PLSR-ANN, PCA-ANN, SR-ANN and SR-SVR models
are having high R2. But the error measures are very high for both training and validation
data. The PLSR-SVR model which has R? of 0.91 is having lowest MAE, RMSE and
nRMSE of 60.80, 82.23 and 0.03 for training data respectively. The MAE, RMSE and
nRMSE for testing data are also lowest level of 81.53, 84.17 and 0.03. From the Fig. 4.17,
it can also be seen that RMSE is low in PLSR-SVR model during both the calibration as
well as validation stages. The Ridge model and PLSR-MLR models also have high R?
and less error in both the training and validation stages. Hence, the PLSR-SVR model is
found to perform well in predicting the yield of wheat crop in Malda followed by Ridge
regression and PLSR-MLR models. The hyperparameter-tuned Support Vector model
performs better for predicting crop yield (Saha et al 2021).

For Uttar Dinajpur, the PLSR-ANN model has the highest R? of 0.99. The MAE,
RMSE and nRMSE of PLSR-ANN are 17.99, 30.09 and 0.03 respectively. However, the
error measures are very high for testing data. The PLSR-SVR model which has R? of 0.96
has MAE, RMSE and nRMSE 0f22.95, 52.95 and 0.02 for training data and 90.61, 120.18
and 0.05 for testing data respectively. From Fig. 4.17, it can also be seen that RMSE of
PLSR-SVR model during calibration as well as validation stages are low. The PLSR-
MLR model also has R? of 0.88 and less error in both the training and validation stages.
Hence the PLSR-SVR model is found to perform well for predicting the yield of wheat
crop in Uttar Dinajpur followed by PLSR-MLR.

4.5.3 Potato

The model evaluation criteria of fitted models for potato crop for both calibration
as well as validation stages are given in Table 4.55. For Cooch Behar, SR-SVR, PCA-
ANN and SR-ANN models are having high R%. The MAE, RMSE and nRMSE are also
low for training data. But the error measures are very low for testing data which indicates
the chance of overfitting issue. The PLSR-ANN model which has R? of 0.79 is having
lowest MAE, RMSE and nRMSE of 1.98, 1.64 and 0.13 for training data respectively.
The MAE, RMSE and nRMSE for testing data are also lowest level of 1.56, 1.79 and
0.10. From Fig. 4.19, it can also be seen that RMSE of PLSR-ANN model during
calibration as well as validation stages are low. The PCA-MLR and penalized regression

models also have high R? and less error in both the training and validation stages. Hence,
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the PLSR-ANN model is found to perform well in predicting the yield of the potato crop
of Cooch Behar followed by PCA-MLR and penalized regression models. The ANN
model using PLSR components as input performs better in a prediction context

(Sharabiani ef al 2023).
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Fig. 4.19 RMSE plots of all fitted models of Potato crop of four districts

For Jalpaiguri, the PCA-ANN model has the highest R? 0f 0.99. The MAE, RMSE
and nRMSE are 0.13, 0.24 and 0.01 respectively. But the error measures are very high for
testing data. The PLSR-SVR model which has R? of 0.92 has MAE, RMSE and nRMSE
of 1.14, 1.44 and 0.06 for training data and 0.52, 0.61 and 0.03 for testing data
respectively. From Fig. 4.19, it can also be seen that RMSE of PLSR-SVR model during
calibration as well as validation stages are low. The PLSR-MLR, SR-ANN and SR-MLR
models are also have high R? and less error in both the training and validation stages.
Hence, the PLSR-SVR model is found to perform well for predicting the yield of potato
crop in Jalpaiguri followed by PLSR-MLR, SR-ANN and SR-MLR models.

For Malda, the SR-SVR model has the highest R? of 0.99. The MAE, RMSE and
nRMSE of zero. But the error measures are very high for testing data. The PCA-SVR
model which has R? of 0.97 has MAE, RMSE and nRMSE of 0.35, 1.56 and 0.06 for
training data and 3.36, 3.65 and 0.15 for testing data respectively.
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Table 4.55 The model evaluation parameters in calibration and validation stages of fitted models for Potato crop

Model Calibration Validation Calibration Validation
R2 MAE RMSE nRMSE| MAE RMSE nRMSE R2 MAE RMSE nRMSE| MAE RMSE nRMSE
Cooch Behar Jalpaiguri

SR-MLR 0.73 2.63 3.40 0.14  3.13 4.99 024 094 113 1.38 0.05 2.46 2.52 0.12

SR-ANN 09 114 1.26 0.06  8.95 10.27 0.55| 0.93 1.20 1.45 0.07 0.3 1.63 0.04

SR-SVR 099 0.05 0.22 001 414 4.33 021] 099 0.20 0.53 0.02  3.63 4.00 0.19

PCA-MLR 0.64 292 3.89 015 259 3.61 0.17] 0.76 218 2.71 0.11 1.62 1.66 0.08

PCA-ANN 097 0.94 1.19 0.05 11.28 13.66 0.73| 099 0.3 0.24 001 1421 16.97 0.99

PCA-SVR 0.62 2.80 4.08 017 444 6.05 030] 0.75 215 2.77 0.11 2.55 2.55 0.12

PLSR-MLR  0.64 2.85 3.90 0.16 344 4.55 0.22 | 0.93 1.32 1.52 0.06 0.91 0.95 0.05

PLSR-ANN  0.79 1.98 1.64 0.13 1.56 1.79 0.10] 0.94 1.09 1.34 0.07 4.28 4.36 0.25

PLSR-SVR 0.64 2.83 3.91 0.16 3.36 441 0.22| 0.92 1.14 1.44 0.06 0.52 0.61 0.03

Ridge 0.72 2.69 3.46 0.14  0.59 6.32 0.31| 0.86 155 2.10 0.08 0.88 3.33 0.16

LASSO 0.67 2.96 3.73 0.15 052 6.29 031| 083 1.87 2.29 0.09 0.87 3.46 0.17

ENET 0.70 2.79 3.57 0.15 057 6.11 030 | 0.88 151 1.94 0.08 0.90 3.40 0.16
Malda Uttar Dinajpur

SR-MLR 0.90 2.46 2.94 011 431 4.99 021 091 1.42 1.76 0.07 1.53 1.85 0.08

SR-ANN 094 1.83 2.31 0.08  4.56 4.92 021] 095 0.98 1.25 0.07 4.13 4.42 0.32

SR-SVR 099 0.00 0.00 0.00 7.25 10.16 043 | 090 143 1.81 0.08 1.34 1.78 0.08

PCA-MLR 065 4.14 5.49 0.20 7.06 8.97 0.38 | 0.80 2.22 2.56 0.11 2.30 2.82 0.13

PCA-ANN 084 2.66 3.74 013  3.02 3.92 0.17 ] 0.92 1.20 1.64 0.09 2.69 3.25 0.23

PCA-SVR 097 0.35 1.56 0.06 3.36 3.65 0.15| 0.76  2.62 2.79 0.12 1.94 2.28 0.10

PLSR-MLR 0.90 250 291 011 459 5.32 0.22 | 0.90 1.56 1.79 0.07 1.37 1.60 0.07

PLSR-ANN 096 1.44 1.88 0.07 5.52 5.98 0.25| 091 1.36 1.71 0.10  3.00 4.30 0.31

PLSR-SVR 090 251 2.99 011 423 5.10 0.22 | 0.90 1.52 1.85 0.08 1.13 1.39 0.06

Ridge 085 2.82 3.58 0.13  0.59 7.89 0.33 | 0.89 1.61 1.90 0.08 0.90 2.25 0.10
LASSO 082 293 3.96 0.15 0.59 8.01 0.34| 082 2.02 2.44 0.10 0.82 2.47 0.11
ENET 082 293 3.96 0.15 0.59 8.01 0.34 ] 0.90 1.54 1.85 0.08 0.83 2.56 0.12
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From Fig. 4.19, it can also be seen that RMSE are low in PCA-SVR model during
calibration as well as validation stages. The R? of SR-ANN, PCA-ANN, PLSR-ANN and
SR-MLR models are also high and the errors are less in both training and validation
stages. Hence, the PCA-SVR model is found to perform well for predicting the yield of
potato crop in Malda followed by SR-ANN, PCA-ANN, PLSR-ANN and SR-MLR

models

For Uttar Dinajpur, the PLSR-SVR, PLSR-MLR, SR-SVR and SR-SVR models
have the R? of around 0.90. The MAE, RMSE and nRMSE of both calibration and training
stages of the models are very close. But the error measures are very high for testing data.
The PLSR-SVR model which has R? of 0.90 has comparatively low MAE, RMSE and
nRMSE of 1.13, 1.39 and 0.06 for testing data respectively. From Fig. 4.19, it can also be
seen that RMSE of PLSR-SVR model during calibration as well as validation stages are
less. Hence the PLSR-SVR model is found to perform well for predicting the yield of
potato crop in Uttar Dinajpur followed by PLSR-MLR, SR-SVR and SR-SVR models

4.5.4 Jute

The model evaluation criteria of fitted models for jute crop for both calibration as
well as validation stages are given in Table 4.56. For Cooch Behar, The PLSR-SVR model
which has R? of 0.97 is having low MAE, RMSE and nRMSE of 0.19, 0.25 and 0.03 for
training data and 0.63, 0.34 and 0.06 for testing data respectively. From Fig. 4.20, it can
also be seen that RMSE of PLSR-SVR model during calibration as well as validation
stages are low. The SR-SVR, SR-ANN, PLSR-ANN and SR-MLR models also have high
R? and less error in both training and validation stages. Hence, the PLSR-SVR model is
found to perform well for predicting the yield of jute crop in Cooch Behar followed by
SR-SVR, SR-ANN, PLSR-ANN and SR-MLR models.

For Jalpaiguri, the SR-SVR model has the highest R? of 0.99. The MAE, RMSE
and nRMSE are low level 0f 0.06, 0.12 and 0.01 for training data and 0.44, 0.52 and 0.08
for testing data respectively. From the Fig. 4.20, it can also be seen that RMSE of SR-
SVR model during calibration as well as validation stages are low. The PLSR-SVR,
PLSR-MLR and SR-MLR models are also have high R? and less error in both the training
and validation stages. Hence, the SR-SVR model is found to perform well for predicting
the yield of jute crop in Jalpaiguri followed by PLSR-SVR, PLSR-MLR and SR-MLR

models.
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Table 4.56 The model evaluation parameters in calibration and validation stages of fitted models for Jute crop

Model Calibration Validation Calibration Validation
R2 MAE RMSE nRMSE| MAE RMSE nRMSE R2 MAE RMSE nRMSE| MAE RMSE nRMSE
Cooch Behar Jalpaiguri

SR-MLR 095 0.27 0.35 0.03 043 0.45 0.04| 096 0.33 0.39 0.08  0.52 0.57 0.05

SR-ANN 096 0.25 0.32 0.06  0.66 0.76 0.15| 096 0.37 0.40 005 118 1.25 0.32

SR-SVR 0.97 0.20 0.26 0.02 041 0.41 0.04| 099 0.06 0.12 001 044 0.52 0.08

PCA-MLR 055 0.86 1.08 010 031 1.77 0.16 | 0.70  0.87 1.13 0.10  0.62 1.41 0.13

PCA-ANN 057 0.84 1.06 0.21 1.37 1.83 036 | 095 0.35 0.47 0.06 1.16 1.26 0.32

PCA-SVR 054 0.84 1.10 0.10 1.62 1.79 016 | 0.96 0.19 0.42 0.04 1.10 1.22 0.11

PLSR-MLR 093 0.36 0.44 0.04 055 0.58 0.05| 096 0.35 0.42 0.04 051 0.55 0.05

PLSR-ANN 094 0.33 0.38 0.08 0.25 0.31 006 | 094 041 0.49 006 0.71 0.78 0.20

PLSR-SVR 097 0.19 0.25 0.03 0.63 0.34 0.06 | 096 0.36 0.43 0.04 0.46 0.52 0.05

Ridge 0.83 0.54 0.66 006 111 1.33 0.12| 0.87 0.56 0.73 0.06 0.94 1.10 0.10

LASSO 056 1.09 1.39 012 141 1.80 0.16 | 056  1.09 1.39 012 141 1.80 0.16

ENET 0.83 0.54 0.66 006 1.11 1.33 0.12| 0.86 0.62 0.77 0.07 0.84 1.05 0.09
Malda Uttar Dinajpur

SR-MLR 0.89 0.58 0.72 0.05 1.09 1.54 0.13| 097 0.32 0.39 0.03 0.34 0.45 0.04

SR-ANN 093 0.29 0.39 0.08 0.62 0.65 006 | 098 0.21 0.30 0.03 1.66 1.66 0.28

SR-SVR 092 0.57 0.62 0.04 1.40 1.76 0.14| 098 0.11 0.29 0.02 053 0.54 0.05

PCA-MLR 0.67 0.92 1.27 0.09 0.28 3.07 0.25| 075 091 1.05 0.09 0.83 1.71 0.15

PCA-ANN 099 0.02 0.03 0.00 6.13 7.07 086 | 0.76  0.92 1.03 0.12 1.14 1.40 1.14

PCA-SVR 0.62 0.83 1.36 0.10 2.03 2.66 0.22| 0.72 1.11 1.17 0.10 1.38 141 0.13

PLSR-MLR 0.90 0.7 0.70 0.05 0.61 0.81 0.07] 098 0.24 0.29 0.02 0.39 0.47 0.04

PLSR-ANN 096 0.29 0.47 0.06 1.25 1.34 0.16 | 097 0.29 0.29 0.04 0.64 0.79 0.13

PLSR-SVR 0.89 0.54 0.76 0.05 0.72 0.79 006 | 099 0.01 0.06 001 031 0.37 0.03

Ridge 0.87 0.57 0.80 0.06 1.71 2.21 0.18| 090 0.54 0.66 0.06 1.00 1.14 0.10
LASSO 056 1.09 1.39 0.12 1.41 1.80 0.16 | 0.56 1.09 1.39 0.12 1.41 1.80 0.16
ENET 0.80 0.77 0.97 0.07 1.71 2.43 0.20 | 0.87  0.59 0.76 0.06 0.87 1.16 0.10
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Fig. 4.20 RMSE plots of all fitted models of Jute crop of four districts

For Malda, the PCA-ANN model has the highest R? of 0.99. The MAE, RMSE
and nRMSE are 0.02, 0.03 and zero respectively. But the error measures are very high for
testing data. The SR-ANN model which has R? of 0.93 has MAE, RMSE and nRMSE of
0.29, 0.39 and 0.08 for training data and 0.62, 0.65 and 0.06 for testing data respectively.
From Fig. 4.20, it can also be seen that RMSE of SR-ANN model during calibration as
well as validation stages are low. The R? of PLSR-MLR and PLSR-SVR models are also
high and errors are less in both training and validation stages. Hence the SR-ANN model
is found to perform well for predicting the yield of jute crop in Malda followed by PLSR-
MLR and PLSR-SVR models. The optimized ANN model performs better than the
tradition linear models (Niazian et a/ 2018). The best-fitted SR-ANN model with Tangent
hyperbolic (Tanh) activation function using weather indices selected by stepwise

regression as the input is given in Fig. 4.21.

For Uttar Dinajpur, the PLSR-SVR model which has very high R? of 0.99 has low
MAE, RMSE and nRMSE 0f 0.01, 0.06 and 0.01 for training data and 0.31, 0.37 and 0.03
for testing data respectively. From Fig. 4.20, it can also be seen that RMSE of PLSR-SVR
model during calibration as well as validation stages are low. The PLSR-MLR, SR-SVR
and SR-MLR models also have high R? and less error in both training and validation
stages. Hence, the PLSR-SVR model is found to perform well for predicting the yield of
jute crop in Uttar Dinajpur followed PLSR-MLR, SR-SVR and SR-MLR models.
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Fig. 4.21 The best fitted SR-ANN model for Jute crop of Malda district

4.5.5 Rapeseed-mustard

The model evaluation criteria of fitted models for rapeseed-mustard crop for both
calibration as well as validation stages are given in the Table 4.57. For Cooch Behar, the
PCA-ANN model has the highest R? of 0.98. The MAE, RMSE and nRMSE are 12.47,
18.47 and 0.04 respectively. But the error measures are very high for testing data which
indicates the chance of overfitting. The SR-ANN model which has R? of 0.84 is having
MAE, RMSE and nRMSE 0f49.22, 58.69 and 0.12 for training data and 16.55, 18.23 and
0.09 for testing data respectively. From the Fig. 4.22, it can also be seen that RMSE of
SR-ANN model during calibration as well as validation stages are low. The R? of PLSR-
ANN model is also high level of 0.80 and errors are less in both training and validation
stages. Hence, the SR-ANN model is found to perform well for predicting the yield of
rapeseed-mustard crop in Cooch Behar followed by PLSR-ANN model. The ANN model
using relevant input variable perform better for crop yield forecasting purposes
(Emamgholizadeh ef al 2015). The best-fitted SR-ANN model with Tangent hyperbolic
(Tanh) activation function using weather indices selected by stepwise regression as the

input is given in the Fig. 4.23.
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Table 4.57 The model evaluation parameters in calibration and validation stages of fitted models for Rapeseed-mustard crop

Model Calibration Validation Calibration Validation
R? MAE RMSE nRMSE MAE RMSE nRMSE R2 MAE RMSE nRMSE MAE RMSE nRMSE
Cooch Behar Jalpaiguri

SR-MLR 0.78 57.82  69.03 0.13 78.29 91.17 0.16 | 0.90 31.12 42.54 0.07 38.66 41.10 0.07

SR-ANN 0.84 49.22  58.69 0.12 16.55 18.23 0.09| 093 28.19 37.16 0.07 32.33 33.60 0.27

SR-SVR 0.83 5597 61.85 0.12 88.73 110.59 020 094 861 25.13 0.04 37.99 44.23 0.07

PCA-MLR 0.71 6733  80.29 0.15 65.23 82.57 0.14 | 0.82 45.03 58.63 0.09 23.46 31.24 0.05

PCA-ANN 098 1247  18.47 0.04 137.08 167.22 0.79 | 094 23.87 33.05 0.06 18.56 16.75 0.16

PCA-SVR 0.69 63.25 85.12 0.16 37.02 46.79 0.08 | 0.78 41.17 64.12 0.10 27.98 33.47 0.06

PLSR-MLR  0.77 6086  71.32 0.13 75.66 92.28 0.16 | 092 28.93 39.79 0.06 26.06 26.90 0.04

PLSR-ANN  0.80 56.63  65.73 0.13 23.92 24.37 012 091 3248 41.61 0.08 29.47 37.46 0.30

PLSR-SVR 0.75 5722 7497 0.14 49.66 58.66 0.10| 091 28.82 41.39 0.07 16.04 17.43 0.03

Ridge 0.68 60.42  79.37 0.15 91.87 101.91 0.19| 091 29.16 39.31 0.06 76.38 86.51 0.13

LASSO 0.75 5480 70.86 0.13 83.11 96.35 0.18| 092 26.10 36.70 0.06 60.63 67.19 0.10

ENET 0.73 5587 73.23 0.14 85.49 95.52 0.18| 094 2380  32.88 0.05 67.57 75.56 0.12
Malda Uttar Dinajpur

SR-MLR 091 4532 55.72 0.05 45.08 59.55 0.02 | 0.83 73.30 95.09 0.12 88.03 90.65 0.13

SR-ANN 092 4336  53.70 0.07 89.14 97.16 0.18 | 0.85 69.85 88.33 0.11 96.20 116.58 0.53

SR-SVR 099 718 23.10 0.02 190.82 245.36 0.25| 0.85 63.49 90.00 0.11 72.81 77.68 0.11

PCA-MLR 0.87 5442  67.59 0.06 88.01 94.87 0.10| 0.79 81.03 105.63 0.13 16459 209.64 0.30

PCA-ANN 0.87 5524 68.54 0.08 106.51 121.69 0.23 | 0.87 65.08 81.56 0.10 69.30 85.66 0.39

PCA-SVR 0.85 56.33 72.20 0.07 86.39 96.58 0.10| 0.76 80.59 116.19 0.14 126.63 160.37 0.23

PLSR-MLR 093 41.18 59.36 0.05 38.34 44.50 0.05| 0.77 8146 109.00 0.13 128.21 151.22 0.21

PLSR-ANN  0.96 27.35 3545 0.04 167.20 209.25 039 | 0.78 79.23 86.79 0.13 42.68 50.51 0.23

PLSR-SVR 0.93 42.08 50.24 0.05 38.30 43.14 0.04| 0.76 7728 111.75 0.14 116.98 135.37 0.19

Ridge 0.92 4401 5454 0.05 39.72 49.75 0.05| 0.83 61.28 88.20 0.11 128.77 178.37 0.22
LASSO 094 39.68 49.79 0.05 45.12 50.96 0.05| 0.82 67.10 91.87 0.12 116.28 134.74 0.16
ENET 094 39.78  49.59 0.05 46.49 51.77 0.05] 0.82 6543 90.78 0.11 109.50 136.95 0.17
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Fig. 4.22 RMSE plots of all fitted models of Rapeseed-mustard crop of four districts

Fig. 4.23 The best fitted SR-ANN model for Rapeseed-Mustard crop of Cooch Behar

For Jalpaiguri, the PCA-ANN model which has high R? of 0.94 has low MAE,
RMSE and nRMSE of 23.87, 33.05 and 0.06 for training data and 18.56, 16.75 and 0.16
for testing data respectively. From Fig. 4.22, it can also be seen that RMSE of PCA-ANN
model during calibration as well as validation stages are low. The PLSR-SVR, PLSR-
MLR and SR-SVR models also have high R? and less error in both the training and
validation stages. Hence, the PCA-ANN model is found to perform well for predicting
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the yield of rapeseed-mustard crop in Jalpaiguri followed PLSR-SVR, PLSR-MLR and
SR-SVR models. The best fitted PCA-ANN model with Tangent hyperbolic (Tanh)

activation function using principal components as input is given in the Fig. 4.23.

Fig. 4.23 The best fitted PCA-ANN model for Rapeseed-Mustard crop of Jalpaiguri

For Malda, the SR-SVR model has the highest R? of 0.99. The MAE, RMSE and
nRMSE are 7.18, 23.10 and 0.02 respectively. But the error measures are very high for
testing data which indicates the chance of overfitting. The PLSR-SVR model which has
R? of 0.83 has MAE, RMSE and nRMSE of 42.08, 50.24 and 0.05 for training data and
38.30, 43.14 and 0.04 for testing data respectively. From Fig. 4.22, it can also be seen that
RMSE of PLSR-SVR model during calibration as well as validation stages are low. The
SR-MLR, PLSR-MLR and penalized regression models also have high R? and less error
in both training and validation stages. Hence, the PLSR-SVR model is found to perform
well for predicting the yield of rapeseed-mustard crop in Malda followed by SR-MLR,
PLSR-MLR and penalized regression models.

For Uttar Dinajpur, the PLSR-ANN model which has R? of 0.78 has low MAE,
RMSE and nRMSE of 79.23, 86.79 and 0.13 for training data and 42.68, 50.51 and 0.23
for testing data respectively. From Fig. 4.22, it can also be seen that RMSE of PLSR-
ANN model during calibration as well as validation stages are low. The PCA-ANN, SR-
SVR and SR-MLR models are having also high R? and less error in both training and
validation stages. Hence, the PLSR-ANN model is found to perform well for predicting
the yield of rapeseed-mustard crop in Uttar Dinajpur followed PCA-ANN, SR-SVR and
SR-MLR models.
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The best-fitted model as well as better better-performing model for each crop in

each district are summarised in Table 4.58. While fitting regional-wise predictive models

for predicting crop yield using climatic factors, the best-fitted model of a location may

not perform better for other locations (Lobell and Burke, 2010).

Table 4.58 The best-fitted model for each crop in all the four districts

g _
b~ Crops Rice Wheat Potato Jute Rapeseed
A Mustard
o Bestfitted  Ridge o) op ANN  PLSR-ANN PLSR-SVR  SR-ANN
< model model
T Better  ENET PCAMLR SRV
8 performing & PCA-ANN & Penalized ' PLSR-ANN
S models LASSO models PLSR-ANN
& SR-MLR
g Bestfittd ENET 5o SVR  PLSR-SVR  SR-SVR  PCA-ANN
=1 model model
§  Better Ridge oo rnng PLSRMLR, PLSR-SVR, PLSR-SVR,
© performing & PCA-ANN SR-ANN & PLSR-MLR PLSR-MLR
" models  LASSO SR-MLR & SR-MLR & SR-SVR
Bestfitted  RIdge ) spSVR  PCA-SVR  SR-ANN  PLSR-SVR
© model model
T Better  "\C!  Ridgemodel N PLSR-MLR S MLR,
= performin &  &PLsR- PCAANN, e gp. PLSR-MLR
P i delsg LASSO ¢ 3 PLSR-ANN VR & Penalized
& SR-MLR models
s Bestfitted  ENET ) op oVR  PLSR-SVR PLSR-SVR PLSR-ANN
a model model
=
5 Better . PLSR-MLR, PSR PCA-ANN,
- performing g PLSR-MLR  SR-SVR & . SR-SVR &
£ models & SRSVR  SVR&SR- “op MR
5 LASSO MLR

The models using PLSR components as input performed better than PCA based

models in most of the cases. If the dimension reduction is to fit the prediction model, the

PLSR performs better than PCA (Mahesh et a/ 2018, Liu et a/ 2022). The PLSR requires

fewer components than PCA (Wentzell and Montoto, 2003). Even when the number of

components selected from PCA and PLSR are the same, the PLSR yields better predictive

power since the PLSR components cover most of the variation in the response variable

(Mevik and Wehrens, 2015). PLSR is more efficient than stepwise regression as well as

PCA in identifying relevant predictors and their magnitude of influence on the response

(Carrascal et al 2009).
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4.6 Forecasting the Yield of Major Crops

The yield of all five selected crops in four districts are forecasted for the year
2020-21 using the respective best-fitted model and the same is compared with the actual
yield in order to assess the forecasting performance of the best-fitted model. The actual

and forecasted yield of all the five crops in four districts are given in Table 4.59.

The forecasted yield is close to the actual yield. In rice crop, the yield is
overestimated by a small quantity in Jalpaiguri district and it is underestimated in the
other three districts. The percent deviation of actual and forecasted yield ranges 2.52% to
3.77% which indicates that the models are performing better for forecasting the rice yield.
In wheat crop, the yield is underestimated by a small quantity in Jalpaiguri district and it
is overestimated in other three districts. The percent deviation of actual and forecasted

yield ranges 1.42% to 4.29%.

Table 4.59 Actual and forecasted yield for the year 2020-21

E Rice Wheat Potato Jute ﬁﬁggﬁ;ﬁg
2 (kghat) (kgha?) (tha') (balesha™) (kg ha?)
Actual 2400.00 1950.00 28.13 12.10 870.00

§ 5__“5 Forecast 2341.00 1985.00 27.16 12.56 925.00
S & Deviation -59.00 35.00 -0.97 0.46 55.00
Percent Deviation 2.52 1.76 3.57 3.66 5.95

- Actual 2640.00 2040.00 32.70 14.17 900.00
> Forecast 2735.00 1956.00 33.21 13.56 946.00
% Deviation 95.00  -84.00 0.51 -0.61 46.00
=  Percent Deviation 3.47 4.29 1.54 4.50 4.86
Actual 2710.00 2980.00 35.68 15,50  1390.00

3 Forecast 2636.00 34.23 34.23 1420  1420.00
S Deviation 7400  43.00 -145 -0.75 30.00
Percent Deviation 2.81 1.42 4.24 5.08 2.11

= Actual 2590.00 2640.00 29.57 13.78  1290.00

§ = Forecast 2496.00 2716.00 28.96 12.96  1319.00
S c Deviation -94.00 76.00 -0.61 -0.82 29.00
0O Ppercent Deviation 3.77 2.80 2.11 6.33 2.20

For Potato crop, the yield is overestimated by a small quantity of 0.5 t ha! in
Jalpaiguri and it is underestimated in other three districts. The percent deviation of actual
and forecasted yield ranges 1.54% to 4.24%. For jute crop, the yield is overestimated by
a small quantity of 0.46 bales ha'! in Cooch Behar district and it is underestimated in other

three districts. The percent deviation of actual and forecasted yield ranges 3.66% to
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6.33%. Whereas, the yield of rapeseed-mustard is overestimated by a small quantity in all
the four districts and percent deviation of actual and forecasted yield ranges 2.11% to

5.95%. The results are in agreement with results of Latwal et a/ 2019.

The crop yield can be forecasted for the future years using the observed weather
data. The yield of all the five selected crops in four districts are forecasted for the years
2021-22 and 2022-23 using the respective best fitted model and the same has been given
in the Table 4.60. There is a considerable increasing trend in the forecasted yield of all
the five crops in four districts except wheat yield in Uttar Dinajpur and Potato yield in

Malda where, slight decreasing trend is observed.

Table 4.60 The forecasted yield of five crops in four districts for 2021-22 and 2022-23

Crop Year ggﬁgr] Jalpaiguri  Malda DiLrJ\;?C)rur
2021-22 2640.00 2685.00 2722.00 2613.00
2022-23 2716.00 2728.00 2765.00 2712.00

2021-22 2021.00 1986.00 2942.00 2519.00

Rice (kg ha™)

1
Wheat (kgha™) 5055 53 206200 201500  2959.00  2490.00
potato (that) 202122 2751 33.13 32.45 28.24
2022-23 27.83 3351 33.16 28.57

Jute (bales hat) 202122 12.25 14.10 15.61 13.21
2022-23 12.33 14.29 15.70 13.43
Rapeseed-mustard  2021-22 790.00 906.00  1396.00  1312.00
(kg ha'l) 2022-23 810.00 91400  1408.00  1323.00

The district wise yield data of major crops are obtained through the crop cutting
experiments in different villages of the district which is compiled and pre-processed by
Special Data Dissemination Standards (SDDS) division of Directorate of Economics and
Statistics (DES). This process involves more manpower and it is cost intensive. More
importantly, this complete process takes long period of time in order to get the final
district wise crop yield data. The district wise yield data for the year 2020-21 is the latest
available data from the authorised source. The availability of district wise yield data of
the major crops for the current year is essential in order make various policy related
decision for the concerned district. Crop yield forecasting is essential in order to have an
idea regarding how much quantity of major crops will be produced in each district and it
will be helpful for making various agriculture and policy related decisions. The yield of
five major crops in four northern districts of West Bengal can be forecasted using the

respective best fitted models with the use observed meteorological data.
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Chapter V
SUMMARY AND CONCLUSION

The crop yield prediction gains a growing importance for all stakeholders in
agriculture starting from individual farmers to state, national and international level
government as well as private organizations in order to make various agriculture-related
decisions. Crop yield prediction at the regional level is essential for formulating location-
specific policies. In the present study, four northern districts of West Bengal viz. Cooch
Behar, Jalpaiguri, Malda and Uttar Dinajpur are considered. Five majorly cultivated crops

viz. Rice, Wheat, Potato, Jute and Rapeseed-Mustard are selected for the present study.

Inter-annual crop yield variability largely depends on weather conditions that have
been altered by climate change. The models based on weather variables provide a reliable
forecast of crop yield. The extent of weather effect on crop yield is not only depends on the
magnitude of weather factors; but also, on the distribution pattern of each weather factor
over the crop season. Hence, it is required to give appropriate weightage to weekly weather
conditions according to its effect on ultimate crop yield. In order to give weightage to the
respective week’s weather conditions, correlation-based weighted indices have been utilized
by many researchers in the past four decades. The path coefficient calculated from path
analysis measures only the direct effect of an independent variable on the ultimate response.
Hence, path coefficient-based weighted index is proposed in this study in a view of getting
more precise and accurate weighted weather indices. The weather parameters considered for
the study are maximum temperature, minimum temperature, relative humidity, rainfall and

windspeed.

The study area is examined for climate suitability for the cultivation of crops using
agrometeorological indices. The agrometeorological indices such as Growing Degree Days
(GDD), Diurnal Temperature Range (DTR), Relative Temperature Disparity (RTD) and
Number of Rainy Days have been calculated for each crop in each district using the weather
data of the period in which the crop is grown. The GDD of winter crops are high followed
by rice and jute season in all four districts. The higher GDD in the winter season than the
other two seasons can be attributed to the low threshold temperature requirement of winter
crop is low. The GDD of Malda is high for winter crops as well as rice and jute crops
followed by Uttar Dinajpur and Jalpaiguri. The GDD of Cooch Behar is comparatively low.
There is a significant increasing trend in the GDD of Uttar Dinajpur, Cooch Behar and Malda
districts during aman rice crop season. The average DTR and RTD is high in the winter
season followed by jute and aman rice season. There is an increasing trend in the DTR of

Cooch Behar and Jalpaiguri districts and decreasing trend in Malda and Uttar Dinajpur in all
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three seasons. The number of rainy days is higher during rice season due to the coincidence
of monsoon followed by jute season due to summer showers. The number of rainy days
during winter is low. There is a significant decreasing trend in the number of rainy days in
Malda during the winter season and there is a significant decreasing trend in Cooch Behar

during aman rice season.

The weekly weather data of the period in which a particular crop is grown are used
to calculate the unweighted and weighted weather indices. The unweighted indices are
calculated as the average of weekly weather data of all the weather parameters except rainfall

for which the cumulative value of the crop growing period is calculated instead of average.

Before calculating the correlation coefficient-based as well as path coefficient-based
weighted indices, the yield of each crop in each district is tested for the presence of trend.
Modified Mann Kendall is employed to detect the presence of a significant trend in the yield.
There is a significant trend in the yield of all the five crops in all four districts except
rapeseed-mustard yield in Cooch Behar. The significant increasing trend in crop yield can
be attributed to the introduction high high-yielding varieties, improved cultivational
practices efc. over the years. The respective yield is detrended before the calculation of
weighted weather indices. Detrending of yield before calculating correlation as well as path
coefficient is done with an aim to study the actual effect of weather parameters on yield by
removing trend-causing factors. The detrending of yield has been done by subtracting the
predicted yield from actual yield where the predicted yield is obtained by regressing the yield

using year number as the explanatory variable.

Five unweighted, five correlation coefficients and five path coefficient-based
weighted indices have been calculated for each crop in each district as there are five weather
parameters. Both the weighted indices of the majority of the weather parameters are lesser
than weighted indices in most of the cases and some of the weighted indices are negative
due to the negative association of the weather parameter on yield. Hence, the weighted
indices differ from unweighted indices in terms of weighting a particular weather parameter
based on its relationship to yield. The correlation-based weighted indices are weighting a
particular weather parameter according to its correlation with yield, while path coefficient-
based weighted indices weighting a particular weather parameter according to its direct
effect on yield. Whereas, the unweighted indices are just an average of the weather parameter
during the weeks in which the particular crop is grown.

Since the trend in yield is significant in almost all crops in every district, the year
number is also used as a trend variable in the model to account for the trend-causing factor
along with weather indices. Therefore, there are sixteen input or explanatory variables for

each crop in each district. The inclusion of all the explanatory variables in the model leads
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to a complex model which necessitates the estimation of many parameter values that leads
to the slow learning of the model. In some cases, the inclusion of some of the redundant or
nonsignificant variables into the model leads to the overfitting issue. With this aim, three
variable selection or dimension reduction methodologies viz. Stepwise Regression (SR),
Principal Component Analysis (PCA) and Partial Least Square Regression (PLSR) are
employed.

From the results of stepwise regression, it can be observed that only two to seven
explanatory variables are selected. However, the information present in the other variables
is completely ignored. In order to achieve variable selection as well as to store maximum
information present in the entire data in a few of the selected variables simultaneously, two
dimension reduction techniques viz. Principal Component Analysis (PCA) and Partial Least
Square Regression (PLSR) are employed.

Principal Component Analysis (PCA) is conducted for each crop in all four districts
by using their respective weather indices as well as time trend variables corresponding to the
particular crop of a district. Sixteen Principal Components (PCs) are derived for each crop
in each district as there are sixteen variables. The decision on the number of components to
be selected is taken based on three criteria viz. cumulative percent variability explained,
eigenvalue criteria and scree plot. The number of principal components selected ranges
between four to six.

Similarly, Partial Least Square Regression (PLSR) has been carried out for each crop
of all four districts by taking crop yield as the dependent variable and their respective
weather indices as well as time trend variable as independent variables. Sixteen partial least
square components are obtained for each crop in each district as there are sixteen
independent variables. The optimum number of components is selected using a cross-
validation technique. The optimum number of PLSR components ranges between one to
seven. Since the PLSR components are derived by maximizing the covariance between the
yield and explanatory variables set, the derived PLSR components are expected to have

maximum variability in the yield.

Since crop yield is complexly associated with many environmental factors, different
models with different functional forms have to be explored in order to obtain location-
specific best-performing models. In this present study, the performance of Multiple Linear
Regression (MLR), three penalized regression models viz. Ridge Regression (RR), Least
Absolute Shrinkage and Selection Operator (LASSO) and Elastic Net (ENET) and two
machine learning models viz. Artificial Neural Network (ANN) and Support Vector

Regression (SVR) have been evaluated.
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The MLR, ANN and SVR models have been fitted under three variable selection
conditions. Since the penalized regression models are doing inner variable selection by
shrinking the coefficient values, there is no necessity for variable selection or dimension
reduction. Hence, twelve models have been fitted for each crop in each district. 80% of the
data are randomly selected for model training and the remaining 20% of data are utilized for
validation of the fitted models. The random selection is employed in order to ensure the
presence of recent as well as past year’s data in both training and testing data set. The
performance of the fitted models has been evaluated using the Coefficient of Determination
(R?), Mean Absolute Error (MAE), Root Mean Square Error (RMSE) and normalized Root
Mean Square Error (nRMSE). The model that performs better in both the training and
validation stages is considered the best-fitted model. The best-fitted model for each crop in

each district is selected.

From the results of MLR model, it can be observed that most of PLSR components
are significantly influencing the yield of the respective crop in all four districts in PLSR-
MLR models. The earlier PLSR components are significantly influencing the response
variable, since the PLSR components are derived by considering the response variable also.
Only a few last components are non-significant. But in PCA based model there is no such

order.

Three ANN models have been fitted for each crop in each district by taking indices
selected from stepwise regression as input (SR-ANN), principal components as input (PCA-
ANN) and PLSR components as input (PLSR-ANN). The Multilayer Perceptron (MLP)
architecture of the ANN model is trained using the Backpropagation (BP) algorithm. The
performance of three activation functions viz. Logistic, Tangent Hyperbolic (Tanh) and
Restricted Linear Unit (ReLU) have been evaluated. The number of input layer neurons of
SR-ANN, PCA-ANN and PLSR-ANN models are the number of indices selected using SR,
the number of principal components selected from PCA and the number of components
selected from PLSR respectively. The number of output layer neurons is one as there is only
one output variable which is crop yield. The number of neurons in the hidden layer is

determined using 10-fold cross-validation technique.

The optimum number of hidden layer neurons is less than or equal to the number of
input layer neurons. More number of hidden layer neurons cause slow learning as well as
overfitting issues and a smaller number of neurons may be insufficient. The ANN model
with the optimum number of hidden layer neurons performs better. The optimum learning
rate ranges between 0.02 and 0.10. The ANN models fitted by optimizing critical aspects
such as learning rate and number of hidden layer neurons increase the predictive power of

the crop yield prediction model. The ANN model using Tanh activation function can
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converge to the lowest possible error with a reasonable learning rate. Hence, the Tanh
function is found to perform better as a hidden layer activation function for predicting crop

yield.

Three Support Vector Regression (SVR) models have been fitted to each crop in each
district by taking indices selected from stepwise regression as input (SR-SVR), principal
components as input (PCA-SVR) and PLSR components as input (PLSR-SVR). The
performance of SVR model under a Linear kernel as well as two nonlinear kernels viz.
Polynomial and Radial Basis Function (RBF) have been evaluated. The linear kernel has
only two hyperparameters, cost and epsilon. RBF kernel has an additional parameter gamma.
The range of cost (C) parameter is set as 1 to 32. The range of epsilon (¢) and gamma (y)
are set from 0 to 1 with 0.01 interval. The degree of polynomial (d) is the fourth parameter
in the polynomial kernel which is tuned from 1 to 10. The best combination of these
hyperparameters is selected for each kernels using a grid search algorithm based on a 10-
fold cross-validation technique. The SVR model using RBF kernel function achieved the
lowest RMSE in most of all the cases than the other two kernels. The hyperparameter-tuned
SVR using RBF kernel was found to perform better for predicting the crop yield. The grid

search algorithm is effective for optimizing the SVR hyperparameters.

The performance of three penalized regression models viz. Ridge Regression (RR),
Least Absolute Shrinkage and Selection Operator (LASSO) and Elastic Net (ENET) have
been evaluated for each crop in each district. For fitting the penalized regression modes, the
penalty parameters Alpha (o) and Lambda (A) have to be optimized. The alpha value for
Ridge and LASSO regression is fixed; that are 0 and 1 respectively. Hence only lambda ()
value has to be optimized for Ridge and LASSO models. For ENET model, both alpha (o)
and lambda (A) have to be optimized. The penalty parameters have been optimized using 10-
fold cross-validation. In comparison with OLS estimates, the regression coefficients of each
index are shrunken in all three penalized regression models. In Ridge regression, the
coefficient values are never shrunken to zero. But in LASSO and ENET models, some of the
coefficients are shrunken to zero, thereby variable selection is accomplished. Only important
variables are retained in the final LASSO and ENET models. In most of the cases,
unweighted indices are removed. The correlation and path coefficient-based indices are
retained in the final model. Due to the coefficient shrinkage as well as variable selection in

penalized regression, it is expected that penalized regression models perform better.

The penalized regression models provide stable performance in both training as well
as validation stages for rice crop. The Ridge model is found to perform better for Cooch
Behar and Malda districts and ENET model is found to perform well for Jalpaiguri and Uttar

Dinajpur districts.
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For other crops, the machine learning models accompanied with PLSR components
as input is found to perform well in both training and validation stages. The PLSR-SVR is
found to perform better in seven out of sixteen cases of wheat, potato, jute and rapeseed-
mustard crops of four districts. The SR-SVR and PCA-SVR performed well in two and one
cases respectively. The SR-ANN, PCA-ANN and PLSR-ANN models are performed better

in two cases each.

The path coefficient-based weighted indices are found to have a significant effect on
yield in stepwise regression. The path coefficient-based weighted indices are retained in the
final penalized regression models as well. Hence, the proposed path coefficient-based
weighted indices are having a predictable effect on crop yield along with the existing

unweighted and correlation coefficient-based weighted indices.

The models using PLSR components as input performed better than PCA-based
models in most of the cases. If the dimension reduction is to fit the prediction model, the
PLSR performs better than PCA. Even when the number of components selected from PCA
and PLSR are the same, the PLSR yields better predictive power since the PLSR components
cover most of the variation in the response variable. PLSR is more efficient than stepwise
regression as well as PCA in identifying relevant predictors and their magnitude of influence
on the response. The machine learning models that are able to capture complex nonlinear
associateship between weather variables and crop yield outperformed the traditional linear

regression model.

The yield of all five selected crops in four districts is forecasted for the year 2020-21
using the respective best-fitted model and the same is compared with the actual yield in order
to assess the forecasting performance of the best-fitted model. It is found that the forecasted
yield is close to the actual yield. The percent deviation ranges between 1.54% to 6.33%.
Hence, the best-fitted models perform better for forecasting the yield. The yield of all the
five selected crops in four districts is forecasted for the years 2021-22 and 2022-23 using the
respective best-fitted model. The yield of five major crops in four northern districts of West
Bengal can be forecasted using the respective best-fitted models with the use of observed

weather data.
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The methodologies used in this research can also be applied to other crops in this

region as well as other areas.

The weather factor which has close relation with crop yield such as Photosynthetically
Active Radiation (PAR), Bright Sunshine Hours (BSH) can also be used. But the non-

availability of the long-term data on these parameters is a constraint.

The data on plant characters, pest and disease incidence and soil nutrient availability
can also be incorporated along with weather factors while fitting models to predict

crop yield.

The statistical and machine learning models can also be fitted using agrotechnological
indices as input variables for predicting crop yield and the performance of the same
can be compared with the models based on weather indices.

Since the LASSO and ENET models are also doing variable selection, the variables

selected from the above can be used to fit machine learning models.

Machine learning based feature selection techniques can be employed and the same
can be compared with Stepwise Regression (SR), Principal Component Analysis
(PCA) and Partial Least Square Regression (PLSR).

The performance of ANN model using other activation functions and SVR model with

other kernel functions can also be evaluated.

The advanced machine learning models such as Decision Tree, Random Forest,
Extreme Gradient Boost algorithm and deep learning models such as Convolution
Neural Network (CNN) and Long Short-Term Memory (LSTM) can be explored to
predict the crop yield.

*hkkkkhkkkikkikikkik
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