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Abstract Recent changes in the climatic conditions have significantly threatened the
food security globally. Increasing in temperature adversely affected different crops in
Pakistan particularly Wheat crop. Mostly farmer’s crop wheat in District Khairpur but
yield is not predicted yet. Therefore, famers are unable to estimate the effects of cli-
mate changes. This research work introduces a novel framework for the development of
wheat yield prediction model using Support Vector Regression. The model incorporates
four predictor variables: temperature, rainfall, humidity and pH value of soil. The essen-
tial wheat yield data obtained from official departments, websites, and scholarly publica-
tions. Five datasets are created from the gathered data in order evaluate the suggested
wheat prediction model. For the creation of dataset, some preprocessing operations
such as handling missing values and outlier’s detection are applied to the collected raw
data. Experiments performed using simple linear and multiple linear regression models.
By dividing the dataset in 70% and 30%, model training and testing performed respec-
tively. The conducted research illustrated that multiple linear regression model provide
desired outcomes

*Correspondence author email address: shahid.mahar@salu.edu.pk
DOI: 10.21015/vtse.v12i2.1855

1 Introduction
With billions of people depending on agriculture as
their primary means of food and a living, it is the most
strategically important sector globally [1]. Pakistan’s
economy is mostly dependent on agriculture, which
makes up a significant proportion of its GDP. In
Pakistan, agriculture produces over 45% of all jobs
and contributes about 23% in the country’s GDP.

Roughly 60% of those living in rural areas are exclu-
sively dependent on agriculture for their standard of
living [2]. Agricultural land and water are the most
important natural resources of Pakistan, which has
an abundance of them across a range of ecosystems
and climate types [3]. Pakistan, a developing nation
with limited GDP, depends heavily on its agriculture
industry to feed its expanding population, which has
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increased by more than four times. Persistent and
secure nutrition supply can only be guaranteed by
taking comprehensive steps including forming founda-
tion, executing maintainable practices and remaining
up to date with innovation [4].

Traditional approaches used for estimating crop
production take too much time and human effort
[5]. Therefore, modern approaches with the help
of technology provide better results for prediction
in agriculture along with insightful information on
factors affecting crop production. In this regard,
regression analysis is a very popular and efficient
method for accurately evaluating multidimensional
data, highlighting the relationship between impor-
tant variables [6, 7]. Regression analysis considers a
number of characteristics for this task such as yearly
rainfall, temperature, soil pH value and others as
independent variables, while crop yield is considered
as a dependent variable in these frameworks. Even
though regression analysis is a very powerful tool
for yield prediction tasks, it still has not gained much
consideration for predicting wheat production in
Pakistan. Adequate forecasting regarding the yield
is very important for agrarian policymakers, based
on which different crop management strategies and
resource allocation is performed. Moreover, there are
various problems encountered with the techniques
used for wheat yield prediction including poor predic-
tion methods, less importance given to key factors
affecting wheat yield, and many more.

A statistical technique called regression analysis is
employed to ascertain the correlation among a single
dependent and one or more independent variables.
Wheat has been considered for this research because
of its vital significance in the region’s agriculture,
especially considering Pakistan’s vast agricultural
environment [8, 9]. This study develops a novel frame-
work to achieve the task of wheat yield prediction for
Khairpur District using regression analysis. Regression
analysis is a popular method to deal with complex
data that uses a mathematical formulation to explain
the link between a number of predictor factors (also
known as independent variables) and a major result
variable (also known as dependent variable). Local

government organizations provided the primary data
used in this investigation. It is essential to carry out
a thorough investigation and introduce an effective
regression analysis strategy that takes into account
a number of weather factors, agricultural and soil
properties techniques. This will improve the preci-
sion and accuracy of the wheat crop yield prediction
model. This study aims to increase the accuracy and
applicability of crop prediction simulation approaches
specifically in Pakistan, which would result in more
efficient crop management methods and superior
agricultural output. The major research contribution
which shows the innovative aspect of this study lies
in its comprehensive approach to analyzing complex
data including detailed analysis and incorporation of
various parameters into the regression model.
2 Literature Review
Computerized agricultural methods have been the
subject of numerous research articles with a focus
on crop production using different techniques. Since
agriculture is the key factor in the food production
process, its significance for preserving the food supply
increases with the global population growth [10]. In
the modern era, advanced and progressive farming
overcomes the old practices. It combines several
information technology domains like robotics, cloud
computing, machine learning, and more. It is crucial
to understand how environmental changes impact
the agriculture sector because agricultural production
has a significant impact on the global economy [11].
There is also a need to control variables that greatly
affect agricultural productivity, such as crop genetics,
farming practices, fertilizer application, and others.

Predicting crop yields with sufficient accuracy is
very important for promoting the decision-making pro-
cess regarding crop reproduction [12]. An ensemble
learning approach focused on the application of multi-
sensor data fusion using unmanned aerial vehicles
(UAVs) in wheat yield production. Various research
studies highlight the implications of agriculture for
Pakistan’s economy [13]. According to Pakistan’s Eco-
nomic Survey for 2011–2012, 21% of the nation’s GDP
and 45% of its workforce are employed in agribusiness.
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Irrigation is an essential part of Pakistan’s farming
cycle. 84% of the 22.05 million hectares of agricultural
land are under irrigation, with the remainder being
rainfed, also known as barani. More than 90% of
the freshwater resources in the country are used for
irrigated agriculture. A model has been generated
to cope with the difficulties farmers have, especially
those pertaining to losses brought on by a lack of
understanding of how to cultivate in various soil and
weather circumstances [14]. The model used artificial
intelligence (AI) algorithms to give farmers information
about which crops are best to cultivate based on a
variety of characteristics. Long Short-Term Memory
(LSTM) networks, Recurrent Neural Networks (RNN),
and Support Vector Machines (SVM) are some of the
machine learning and deep learning approaches used
in its design. These methods analyze several factors
that influence cultivation results, making it easier to
anticipate which crops are best for a specific area. The
model’s main objective is to lower farmers’ expenses
by assisting them in selecting the best crops based on
a thorough evaluation of predictive parameters.

Currently, a large number of Larkana rice farmers
are unable to predict their crop yields with any degree
of accuracy [15]. The primary goal of the study was
to apply Regression Analysis (RA) techniques for the
analysis and prediction of rice yields. Data on rice was
obtained from the Agriculture Statistics Department
web portal in Islamabad, which included information
on yield, production, and area under cultivation. The
connection among the dependent factor (yield, Y) and
the independent factor (area under cultivation, AUC)
for rice crops was investigated in this study using RA.
The dependent and independent variables showed a
positive, direct, and significant association, as demon-
strated by the R2 value. The significance of agriculture
to the economy of Pakistan was emphasized by the
scholars. Evaluation of opinions, rule-based learning,
machine learning, genetic algorithms, random forest,
classification tree, and social network analysis were
among the statistical and data mining approaches
researchers covered. The study highlighted the im-
portance of crop yield prediction for food production
as well as its noteworthy economic impact, especially

in a nation like Pakistan that depends heavily on
agriculture [16].

Using Hyper3DNetReg, the job of crop yield estima-
tion was attempted as a two-dimensional regression
problem, allowing production values for small ge-
ographic areas within a field to be simultaneously
predicted. Numerous solutions based on artificial
neural networks have proven to perform better in
anticipating yields when compared to conventional
methods. Additionally, the authors recommended
using Feedforward Neural Networks in an equivalent
AdaBoost algorithm for impaired learners. Further-
more, an accurate wheat production model has been
created using artificial neural networks [17]. The 71-
year dataset, which spans 1948 to 2018, was broken
down into testing and training subsets. The model’s
performance was optimized through the application
of hyperparameter tuning. The comparative analysis
of published papers is given in Table1.
3 Methodology
In order to accomplish the necessary prediction re-
sults, the approach of this research project is divided
into four primary components, each of which is further
broken down into sub-modules. Data gathering is the
first step in the process, when official sources are con-
sulted to obtain information on a variety of variables,
including temperature, rainfall, humidity, and soil pH.
The variable selection process, which comes after
data collection, identifies two categories of variables:
the goal variable (wheat yield) and predictor variables
(temperature, rainfall, humidity, and soil pH).

Following the selection of the variables, prepara-
tion steps are taken with the data. To make sure the
data is prepared for modeling, this phase involves
data purification and statistical analysis approaches.
Regression equations are developed, including sup-
port vector regression, basic linear regression, and
multiple linear regression models, following pre-
processing. To make predictions, such algorithms
are tested and trained on both single and multiple
predictive variables. Lastly, a comparative study is
done using the outcomes of the models that were
generated. A visual illustration of the process is given
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Ref. No. Year Technique Name Remarks
[6] 2022 Multivariate Adaptive Regres-

sion Splines
The obtained results of yield prediction were compared
among the multiple regions of India.

[10] 2022 Long short-term memory neu-
ral network and random forest
(LSTM-RF)

The obtained result presented that the LSTM-RF is an
efficient model.

[11] 2019 Multiple Regression Analysis The percentage deviation of error is approximately
±30% in most of the years.

[12] 2024 Machine Learning Methods The results presented that according to performance
the XGBoost algorithm is outstanding in multi-sensor
data synthesis.

[17] 2019 Artificial Neural Network (ANN) The obtained results disclose that the most important
features in wheat production are usual tendencies, mo-
mentum, and volatility.

[20] 2021 Machine Learning Models The results are reliable with the consideration of meteo-
rological impacts on wheat yield, suggesting the useful-
ness of explainable machine learning in climatological
crop yield prediction in the rainy season.

[21] 2024 Support Vector Machines
(SVM) and Random Forest (RF)

The SVM and RF algorithms effectively classified winter
wheat fields. The SVM performance was outstanding
compared to RF.

Table 1. Comparative Analysis of Wheat Yield Prediction

in Figure1.
4 Regression Models Development
Predicting a target variable as a function of multiple in-
dependent variables is possible with regression analy-
sis, which is mainly used for forecasting. In convinced
situations, it reveals the associations involving these
dependent and independent values of the preferred
variables as well. Following are the steps to create a
regression model to forecast wheat crop yield:

Algorithm: Methods for predicting crop produc-
tion through regression

Input: An exploratory dataset containing soil, crop,
and meteorological data

Output: Crop yield prediction for the testing
dataset.
Method
Step-1: Gather, prepare, and arrange the informa-
tion: To construct a model, raw data is insufficient on

its own. To produce results that are usable, the data
must be gathered, sorted in accordance with the re-
quirements, and processed effectively. Further perti-
nent informationmay be added during this procedure.

Step-2: Divide the dataset into subsets for test-
ing and training: Two separate sets of data must be
created from the data. The model is trained on the
majority of the examples to anticipate the output us-
ing the training set, which normally consists of about
70% of the data. The testing set, which is comprised
of the remaining data, is used to assess the system’s
efficiency.

Step-3: Apply regression on training sets: The
algorithm’s complexities should be synchronized with
the problem’s details, and the frameworkmay be spec-
ified correspondingly. Throughout processing, the de-
sign and composition can be updated as required.

Step-4: For each model, determine the R2 and
residual parameters.

Step-5: To recalculate the residual and R2 statis-
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Figure 1. Proposed Framework for Wheat Yield Prediction

tics, apply the trained regression algorithm to the
testing dataset. Comparing these values with other
regression models is recommended. The model that
provides the greatest R2 value is deemed themost suc-
cessful for crop yield prediction.

A regression model generates an equation that
justifies the correlation among an independent and
one or more response variables. Modeling a linear
equation to the collected data allows one to generate
a regression model that simulates the correlation
between various explanatory variables and an out-
come variable. The dependent variable in a regression
model comprises a quantitative or rate/ratio element
that the model seeks to explicate. The dependent
variable (y) has an equivalent value for every value
of the external variable (x). The regression model is
created in this study to forecast wheat yield, where
crop yield is the dependent, target, and response
variable. The explanatory variables also include a
variety of numerical or rate/ratio fields. Regression
models are constructed with these independent
variables to help justify the variable which is treated
as dependent. For example, independent variables
for a regression model predicting crop yield could be
soil pH, rainfall, temperature, and humidity. These
mentioned variables are mainly focused on during the

experiments of wheat yield prediction using multiple
statistical models of regression.
5 Data Collection
Pakistan is considered an agricultural country because
of its physiography; nonetheless, province Sindh is the
2nd prolific for wheat production. The cultivated lands
filled with rich silt soils formed by the Indus River are
home to the wheat producing regions of Lower Sindh.
Temperature affects the wheat development process
in this area; shorter-duration types that harvest in
100–120 days are more common in the southeast.
The data of wheat crops taken from the District
Khairpur for experiments, particularly from the Taluka
Gambat, is a necessary portion of this study since
the Agricultural Statistics Department in Islamabad
(https://www.pbs.gov.pk/) show thorough statistical
information on wheat crops. District, provincial, and
national levels of this data are accessible. In partic-
ular, manually compiled wheat data (in million tons)
covering the years 2015–2022 for Taluka Gambat is
provided in Table 2. The required data is collected
with six variables i.e., Temperature Maximum (TM),
Temperature Minimum (TMI), Humidity (H), Rainfall
(R), pH Value of Soil (pHVS) and Crop Yield (CY).
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Year TMI (°C) TM (°C) H R (MM) pHVS CY (Million Tons)
2015 40.82 26.73 24.2 158 46.34 362.53
2016 41.52 27.08 26.03 86.6 36.2 368.21
2017 42.15 27.32 30.78 30.1 32.26 378.16
2018 41.98 26.63 26.9 39 38.21 361.98
2019 41.47 27.57 25.37 19 45.93 385.02
2020 40.59 27.61 24.29 96.6 48.12 369.41
2021 41.83 26.45 31.08 152 52.73 372.74
2022 40.38 27.96 698 52.33 362.56

Table 2. Data Collection using Six Variables

6 Experiments
Compiling the datasets frommany sources is essential
to doing the research. A thorough collection of data
must be preprocessed in order to obtain the necessary
outcomes before being fed into the regression model.
6.1 Data Preprocessing Operations
Data preparation is an essential step in the context of
a regression analysis-basedwheat yield forecasting ap-
proach. The raw data needs to be cleaned and con-
verted before it can be evaluated. The gathered data is
subjected to the four preprocessing procedures listed
below:
6.1.1 Handling Missing Values
Addressing missing values in the dataset to approxi-
mate the original values as closely as possible is a crit-
ical aspect of the data preprocessing. The reliability of
recoveringmissing values largely depends on the com-
patibility between the dataset type and the preferred
analytical method [18]. This study introduces a novel
method for handling missing values in datasets that
exhibit clustering properties.

The core idea of this approach is to estimate miss-
ing values by combining regression and clustering
techniques [19]. To construct a preliminary dataset D,
initially, the regression method is used to estimate the
missing values in the specific dataset D. Subsequently,
validation and clustering analysis on D is performed
to identify the most effective clustering of all data
records. Since records within the same cluster share
significant similarities, the missing values for D in

each cluster are re-estimated using regression, but
only within those specific clusters. By incorporating
cluster properties into the regression analysis, the
accuracy of estimated missing values is enhanced.
This approach integrates regression and clustering
methods to address the missing value problem. The
2-dimensional (X,Y) dataset illustrated in Figure 2
shows a well-constructed linear regression model
with a high coefficient of determination (R2), indicating
good data locality and model fit.

Figure 2. Dataset with Good Regression Model
By employing the Regression and Clustering (RC)

method to handle missing values in a given dataset
D, the RC method can be broken down into three key
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steps as follows:
1. The dataset D is divided into two subsets, Dc and

Dm, whereDm comprises all the data recordswith
missing values, and Dc is the subset withoutmiss-
ing values (Dc = D – Dm). Initially, the regressionmethod is applied toDc, which serves as the basisfor recovering the missing values in Dm. This re-sults in an interim dataset D′, where the missing
values have been imputed.

2. A clustering analysis is then conducted on D′ to
determine the optimal clustering configuration.
Suppose that k clusters are formed, denoted as
C1,C2, . . . ,Ck, ensuring that the total number of
records across all clusters∑ |Ci| = |D|.3. Within each cluster Ci, regression analysis is car-
ried out for all records Rj that belong to Dm and
Ci. The regression base for this prediction con-
sists of the set {Rc | Rj ∈ Dc ∧ Rj ∈ Ci}, ensuringthat missing values within each cluster are accu-
rately estimated using the records from the same
cluster.

6.1.2 Outlier Detection and Treatment
For quantitative data analyses to be meaningful, it’s
crucial that the unit of measurement remains consis-
tent throughout the dataset. Identifying anomalies, or
outliers, is a key aspect of data analysis and cleaning.
Data points that substantially deviate from the main
part of the dataset are called outliers. Statistical out-
lier detection methods form the basis of data cleaning
techniques in this field. These methods identify values
that significantly deviate from what is expected based
on the rest of the data. The two kinds of datasets that
have been the subject of themost research on context-
aware outliers are temporal (time-based) and spatial
datasets [20, 21].
6.1.3 Exploratory Data Analysis (EDA)
Wheat is a Rabi crop, and in the Khairpur District, its
sowing begins in November, with harvesting taking
place in April and May each year. Therefore, the fluctu-
ating values of independent variables throughout the
year are not suitable for processing. Consequently,
for further preprocessing, the average values of tem-

6.1.4 Exponential Moving Average
To examine a variable’s average throughout duration,
consider exponential moving averages [22]. The aver-
age of a particular set of data points can be calculated
using this metric. When a new data point is added,
the existing ones in the dataset are all removed. A
moving average helps analysts smooth fluctuations
and create a more consistent curve from a dataset
that may have variations. Unlike a simple moving
average, which averages data over a fixed period, the
exponential moving average places more emphasis
on recent data points, enhancing their impact on the
overall average.

With the help of this method, the idea of weight-
ing is introduced. Contemporary data points get more
weight than older ones, which has a greater impact
on the moving average computation. Equation 6.1.4
outlines the formula used to calculate the exponential
moving average:

EMACurrent =
(
ValueCurrent ×

(Smoothing
1 + days

))
+

EMAYesterday ×
(1 – (Smoothing1+days

)) (1)
The exponential moving average calculates a mean

at specific intervals by assigning different weights to
various data points, with the most recent values hav-
ing the highest weight. This approach is beneficial for
both long-term forecasting and short-term fluctuation
analysis. Figure 3 illustrates the monthly temperature
data over the past seven years. Similarly, exponential
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perature, monthly rainfall, relative humidity, and soil
pH from November to May of each year are needed.
Furthermore, the gathered data is subjected to im-
portant Exploratory Data Analysis (EDA) approach
in order to provide an initial comprehension of the
data dispersion. This process includes computing
fundamental statistics like standard deviation, me-
dian, mean, maximum, and minimum values for
variables such as wheat yield and additional pertinent
predictors. Exploratory Data Analysis (EDA) entails
thoroughly examining datasets to summarize their
essential features using a combination of statistical
computations and visual representations [22].
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moving averages for annual yield of wheat crop, hu-
midity, and rainfall are computed using Equation 6.1.4.

6.2 Support Vector Regression
After completing the preprocessing steps, the next
phase involves prediction using regression models.
Both linear and non-linear regression models are
employed for this purpose. Initially, a non-linear
regression model, specifically the support vector
regression (SVR) model, is utilized for predicting
crop yield. Since training points away from a given
margin are not taken into account by the model’s
cost operation, a subset of the training data is used
while building a support vector classification system.
Correspondingly, a subclass of data is used for con-
structing the SVR model. The SVR is formulated as the
minimization of a specific objective function. Equation
2 outlines the various parameters involved in these
equations.

1
2∥W∥2 + C N∑

i=1
(ξi + ξ∗i ) (2)

With constrains, when y = wx + b,
yi –W · xi – b ≤ ϵ + ξi

W · xi + b – yi ≤ ϵ + ξ∗i
ξi, ξ∗i ≥ 0

where W represents the weights, C is a regulariza-
tion parameter, ξi and ξ∗i are slack variables, ϵ repre-
sents the margin, and xi and yi are the input variablesand output (target) values, respectively.

The developed dataset is divided into 70% for
training and 30% for testing purposes for measuring
the required prediction results. The prediction is
conducted using each independent variable individu-
ally. Initially, the model is applied using temperature
as the sole predictor variable, followed by rainfall,
then humidity, and finally the pH value of the soil,
each considered independently. Figure 4 depicts the
experiments carried out using the SVR model for
predicting wheat yield based on temperature as the
independent variable

Figure4 demonstrated how well the model fore-
casts wheat yield when compared to temperature
data, using training. Subsequently, the model had
been developed to forecast wheat production in rela-
tion to other predictor factors, including temperature,
rainfall, humidity, and soil pH. SVR prediction using
many predictor variables is shown in Figure5
6.3 Linear Regression Model
In order to create a regressionmodel, apparent data is
integrated with a linear equation to determine the af-
filiation between themultiple variables which are used
as independent and experimented along with the tar-
geted variable. The response variable, also known as
the dependent variable, can take the form of a numer-
ical data. Each value of the independent variable (x)
corresponds to a specific value of the dependent vari-
able (y).

The dependent variable is the crop yield, and schol-
ars use a regression model to forecast the yearly pro-
duction of wheat crops. In addition, independent vari-
ables can be incorporated into the regression model
to provide an explanation for the dependent variable.
According to model data, the results for the Durbin-
Watson test, regression formula, R2, modified R2, p-
value, residual standard error, and F statistic are de-
scribed.

The accuracy of a model and the precision of
its predictions for the dependent variable can be
assessed through its outputs and statistical measures.
The predictive capability of a model relies on the
dataset it utilizes. A regression model generates a
result dataset containing input fields along with esti-
mated values, residuals, and standardized residuals.
It is important to apply the Ordinary Least Squares
(OLS) method to fit a linear equation to collected data,
which models the relationship between independent
and dependent variable.

Results like projected values and the remainder
are essential for testing the OLS concepts. The values
for each independent variable and the regression for-
mula are used to determine the approximate values.
The predicted values and the actual values optimally
match.

The basic form of a regression equation involves
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Figure 3. Dataset development using Monthly Average Temperature

Figure 4. SVR Model Prediction with Temperature Data

using estimated values alongside observed values to
compute residuals. In regression analysis, residuals
represent the disparities between observed values in
a dataset and the values predicted by the regression
equation. In a predictive model where crop yield is
the label variable, temperature, rainfall, and pH value
serve as training features. Equation 3 for this simple
regression model is outlined as follows:

Y = m · X + c (3)
In this context, ’Y’ represents the dependent vari-

able, also referred to as the label, while ’X’ is the inde-

Figure 5. SVR Model Prediction with Multiple Predictor Data
Variables

pendent variable, also known as the training feature. A
model illustrating the relationship between these two
variables is shown in Figure 6 Two data points are plot-
ted: the first at coordinates (x1, y1) and the second at
(x2, y2). Here, ’Y’ is the dependent variable that relies
on the x-axis, with ’X’ being the independent variable.
The slope of the line, denoted as ’m’, is calculated us-
ing the formula m = y2–y1

x2–x1 , and ’c’ is the line’s intercept.Thismodel is employed to predict crop yield using both
simple and multiple linear regression methods. For a
basic linear regression model, the dependent variable
(crop yield) is estimated by considering each individual
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learning parameter in consequently, i.e., rainfall, tem-
perature, humidity, and soil pH value in turn.

Figure 6. Simple Linear Regression Model

6.3.1 Correlation
Especially in arid land conditions, temperature, rainfall,
humidity, and soil quality can all have amajor effect on
crop output. These factors primarily determine agricul-
tural yield variability. Numerous factors can interact
to significantly affect the productivity of wheat crops.
It is expected that there will be a positive correlation
between rainfall and wheat yield, as water availability
is essential for all stages of growth, from germination
to grain development. Wheat growth is influenced by
temperature, and within a perfect range, there is typ-
ically an upward correlation among temperature and
wheat yield. However, extreme temperatures can ad-
versely affect yield. Soil pH levels also play a critical
role by impacting nutrient availability. Given that soil
pH stimulates nutrient uptake, there may be a positive
association among wheat yield and pH levels within an
ideal range. The approach of finding the correlation be-
tween the selected variables is mandatory for achiev-
ing the required outcomes.
6.3.2 Correlation between Temperature

and Rainfall
The relationship among rainfall and temperature is
vital in determining wheat crop yield. The nature and
strength of this correlation can greatly affect crop
yield and productivity. Wheat requires ideal tem-

perature conditions for development and its growth.
These early phases of development benefit from a
positive association between moderate temperatures
and precipitation. Similarly, maintaining a balance
between temperature and water availability is critical
during the vegetative phase. Moderate temperatures
combined with adequate rainfall positively influence
healthy vegetative growth. In contrast, prolonged
periods of high temperatures and inadequate rainfall
can lead to heat stress during the growing season.
This stress reduces the number of seeds per spike
and negatively impacts wheat yield.

A relationship between temperature and precip-
itation is determined using the Pearson correlation
coefficient (PCC) algorithm. The Pearson correlation
coefficient is a statistical metric used to measure
the strength and direction of a linear relationship
between two variables. It quantifies the degree to
which temperature and rainfall are linearly related. By
applying PCC, the linear relationship between average
monthly temperatures and rainfall is evaluated each
year, gaining insights into how these climatic factors
interact and influence each other over time. Variable
relationships can be positive (high values of X, like
rainfall, are typically correlated with large quantities
of Y, like temperature), negative (high values of X are
typically correlated with small quantities of Y, and vice
versa), or neither. PCC is reflected in the following
statistical formula:

rXY =
∑(XY ) – ∑

X
∑

Y
N√[∑ X2 – (∑ X)2

N ][∑ Y2 – (∑ Y )2
N ] (4)

Where N is the total number of data points, X is the
x-score (temperature), and Y is the y-score (rainfall).

To determine the correlation between various vari-
ables, the dataset is divided into different sections. Fig-
ure7 illustrates an example of the input dataset used
to identify the correlation between temperature and
rainfall.

The correlation matrix is shown in Figure8, along
with a simulation depicting the correlation operation
that has been carried out to determine the relationship
between rainfall and temperature with regard to crop
yield.
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Figure 7. Selected Input Values to Execute the Operation of Correlation

Figure 8. Correlation Operation Performed to Identify the Relations

Figure9 depicts a Heatmap illustrating the correla-
tion analysis between temperature and rainfall. The
darker regions on the Heatmap indicate areas with a
very low correlation coefficient, whereas the brighter
regions represent a very strong correlation coefficient
between the variable.
6.3.3 Correlation between Temperature

and Humidity
Humidity has an influence on wheat crop output in
addition to rainfall. The rate of perspiration can be
affected by humidity levels, which might impact the

water imbalance of the plant. In order to calculate the
extreme heat that crops endure, the Temperature-
Humidity Index (THI) combines measurements of
humidity as well as temperature.

Elevated THI values, which arise from high temper-
atures combined with high humidity, can adversely
affect wheat yield by disrupting plant metabolism
and inhibiting grain filling. On the other hand, low
humidity combined with high temperatures can cause
moisture stress. Figure10 and Figure11 show the
experiments conducted to investigate the relationship
between temperature and humidity.
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Figure 9. Explanation of Heatmap for Operation of
Correlation

Figure 11 illustrates the inverse relationship be-
tween the variables "Temperature" and "Humidity." A
negative value for humidity indicates that an increase
in temperature leads to a decrease in humidity, which
ultimately has a detrimental effect on yield production.
Figure12 provides a Heatmap representation of the
correlation analysis conducted between rainfall and
temperature.
6.3.4 Correlation between Rainfall and

Humidity
There might be seasonal and regional variations in the
relationship between rainfall and humidity. Elevated
humidity levels may indicate impending rain in certain
regions, but not in others. Local topography can also
affect the correlation between humidity and rainfall.
Seasonal changes can impact this relationship as well.
For optimal growth, wheat crops require sufficient
water. Crops receive water from rainfall, but relative
humidity can affect water availability with method like
transpiration.

The excessive humidity can provide an ideal en-
vironment for some pests and illnesses that could
harm wheat harvests. Excessive rainfall, particularly in
areas with poor drainage, can result in waterlogging,
which adversely affects crop health. During the critical
grain-filling stage, sufficient moisture is crucial for
wheat yield. However, too much rainfall during this
period can cause lodging, which negatively impacts
the yield. The experiments conducted to determine
the relationship among the factors temperature and
humidity are displayed in Figures13and Figure14.

Figures 14 indicate that the variables ’Humidity’
and ’Rainfall’ are positively correlated, meaning an
increase in rainfall results in higher humidity levels.
However, the relationship between humidity/rainfall
and crop yield is inverse; higher humidity or rainfall
tends to lead to decreased crop yield. The Heatmap
depicting the association between humidity and
rainfall in Figure15.
6.4 Simple Linear Regression
Following the SVR model prediction, the next step in
this research methodology involves employing a sim-
ple linear regressionmodel. This phase focuses on pre-
dicting crop yield using each independent variable in-
dividually. Initially, experiments are conducted using
Temperature as the sole variable for prediction. Tem-
perature is used as an explanatory variable in experi-
mentation for estimating wheat production, as shown
in Figure16.

Humidity, chosen as the second variable for the
simple linear regression model, has a complex impact
on wheat growth and yield. Its influence is intertwined
with other environmental factors like temperature
and soil moisture. The interactions among humidity
and these variables are pivotal in shaping the overall
effect on wheat production. The research findings
of predicting wheat production using humidity are
shown in Figure17.,

Rainfall’s complicated impacts onwheat output can
vary depending on a number of variables, such as the
quantity, timing, and dispersion of the precipitation.
Hence, predictions of wheat yield are also conducted
using rainfall as an independent variable. Figure18
illustrates the experimental outcomes of wheat yield
prediction based on rainfall.

Rainfall’s complicated impacts onwheat output can
vary depending on a number of variables, such as the
quantity, timing, and dispersion of the precipitation.
Soil pH influences several soil characteristics, all of
which eventually impact yield production. Therefore,
experiments were conducted using the collected data
on soil pH in the Khairpur district. Figure19 illustrates
theexperimental results of wheat yield prediction
based on soil pH.
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Figure 10. Selected Input Values to Execute Operation of Correlation

Figure 11. Correlation between Humidity and Temperature Variables

Figure 12. Explanation of Heatmap for Operation of
Correlation

6.5 Multiple Linear Regression (MLR)
The multiple linear regression emerges using the
least squares method. MLR is based on a number
of fundamental assumptions, such as normality of
errors, self-determination of errors, homogeneity

Figure 13. Selected Input Values for Correlation Between
Rainfall and Humidity

(unchanged variability of irregularities), and linear be-
havior. Before conducting experiments with the linear
regression model, preliminary data exploration op-
erations are performed. The dataset, which includes
six attributes (Year, Temperature, Rainfall, Humidity,
pH Value, and Crop Yield), is depicted in Figure20.
Therefore, in the model of MLR, the core objective
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Figure 14. Correlation of Humidity and Rainfall with Crop
Yield

Figure 15. Explanation of Heatmap for Operation of
Correlation

is to predict the ’Crop Yield’ using the remaining
characteristics.

The EDA technique is employed, as seen in Figure
21to determine whether the dataset contains any
null values. The best course of action would be to
remove that specific value if it is found. If null values
account for 10% to 20% of the total dataset, methods
such as using the mean, median, or mode are typically
chosen to impute themissing values for the respective
columns. However, when null values exceed 20%, the
model risks losing crucial data, which can compromise
the accuracy of predictions.

The quantitative data known as categorized data is
composed of information that has been divided into
variables that have been categorized into groups. Lin-
ear regression models assume that the input data is
symmetrically distributed. Unlike basic linear regres-
sion models, various linear regression models employ
various training parameters to identify the target pa-
rameter. Figure22 illustrates that in the multiple lin-
ear regression model, there are five coefficients corre-

Figure 16. Wheat Yield Prediction using Temperature

Figure 17. Wheat Yield Prediction using Humidity

sponding to the five training features.
The framework trained to anticipate the targeted

variable i.e crop productivity, as indicated in Figure23,
using the previously specified training attributes, coef-
ficient, and intercept parameters.

The coefficient of determination, denoted as R-
squared (R2), is a statistical metric used in multiple
linear regression. It measures the proportion of
the variance in the dependent variable that can be
explained by the independent variables included in
the model. In multiple linear regression, the R2 value
falls between 0 and 1, such asR2=0, it indicates that
none of the variation in the response variable around
its mean is explained by the model.

When R2=1, it signifies that all of the variance of the
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Figure 18. Wheat Yield prediction using Rainfall

Figure 19. Wheat Yield Prediction using pH Value of Soil

response variable around its mean is explained by the
model, meaning the model fits the data perfectly.

A high R2 value, which is in the neighborhood of 1,
indicates that the factors that are independent in the
model may account for a significant percentage of the
volatility in the dependent variable.High H2 value high-
lights the model’s performance at satisfactory level
regarding identifying and exposing hidden patterns in
the data. While the variation seen in the dependent
variable against independent variables is highlighted
by 1-score of R2 indicator. On the other hand, 0-
score of R2 indicator highlights that the independent
variables used in the regression model are failed at

signifying dependent variable. Such results indicating
the lacking of model against the dataset as well as use
of insufficient and irrelevant independent variable.
Hence, the calculating R2-score is essential in order
to evaluate and validate the developed model in term
of explaining variance in dependent variable. The
resultant model’s R2 value is "1.0," or 100% prediction
accuracy, as shown in Figure24.

It is important to highlight that R2 alone does not
indicate whether the model is correctly specified or if
the coefficients are individually or cooperatively sub-
stantial. Therefore, to thoroughly assess the model’s
performance and validity, it’s essential to employ
additional diagnostic tools such as residual analysis
and consider p-values alongside R2. These tools
provide a more comprehensive evaluation of how well
the model fits the data and whether the relationships
between variables are statistically significant.

A residual in a case of linear regression is the
variance among the dependent variable’s recorded
(real) value and the value anticipated by the regres-
sion model. The i-th observation’s residual (ei) can be
computed mathematically as follows:

ei = yi – ŷi (5)
Figure25 displays the residual that are computed

for the developed model.
7 Results
The data for the independent variables, namely Rain-
fall, Temperature, pH Value of Soil and Humidity are
collected individually. Initially, studies were conducted
using SVR and SLR algorithms with different variables,
which were referred to as five datasets.
7.1 Results with Dataset-I
For SVR and SLR models, datasets were separately
created for each independent variable. Dataset-I
specifically consists of temperature variable data. Low
average temperature and high average temperature
classifications have been generated from the tempera-
ture data in order to anticipate wheat crop production.
When predicting yield in relation to elevated average
temperature, Figure26 displays the calculated wheat
yield prediction with average high temperature. The
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Figure 20. Input Dataset based on Six Attributes

Figure 21. Checking Null values using EDA Operation

Figure 22. The Values of Coefficient and Intercept Used for
Training

values of the intercept and coefficient are also used
in experiments which are remain unchanged i.e., 5.11
and 158.44 respectively over the course of the studies,
while the average high temperature value varies to
determine different prediction outcomes.

In an identical manner, experiments with low
mean temperatures are conducted and average
temperature data for the previous seven years is also
obtained. Figure27 presents the yield prediction re-
sults obtained using Low Average Temperature across

Figure 23. MLR Model Based Wheat Yield Prediction

Figure 24. R2 Value of the Developed Model

the selected areas whereas the value of Coefficient is
3.43 and the value of Intercept is 276.88.
7.2 Results with Dataset-II
Many researchers have utilized simple linear regres-
sion for predicting crop yields using datasets from var-
ious crops. Similarly, in this study, wheat yield predic-
tion is conducted using the rainfall data individually
through a Simple Linear Regressionmodel. The values
of Coefficient and Intercept (-0.02 and 372.84) are used
in the experiments with the dataset-II. The obtained
findings of the rainfall and wheat crop yield forecast-
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Figure 25. Residual Calculated for the Developed Model

Figure 26. Measured Prediction Outcomes through
Average High Temperature

ing for Taluka Gambat is depicted in Figure 28.
7.3 Results with Dataset-III
The third dataset only includes seven years’ worth
of humidity data. As a result, the model additionally
trained to make the forecast using independent hu-
midity data. The results obtained from this dataset are
presented in Figure29. These outcomes are derived
from the developed regression model that utilizes
humidity as one of the main parameters for predicting
yield. The collected and used values of Coefficient and
Intercept are -0.28 and 378.27 respectively.
7.4 Results with Dataset-IV
Finally, a prediction was also made using the pH
Value of Soil data from Dataset-IV. A comprehensive
overview of the prediction results obtained with pH
Value of Soil from Dataset-IV is shown in Figure 30. In
the experimental purposes the values of Coefficient
and Intercept are -0.15 and 377.09 respectively are
used.

Figure 27. Measured Prediction Outcomes through
Average Low Temperature

Figure 28. Measured Prediction Outcomes with Rainfall

Figure 29. Measured Prediction Outcomes with Humidity

Figure 30. Measured Prediction Outcomes with pH Value of
Soil
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Table 3. Multiple Predictor Variables Based Yield Prediction Results
Predictor Variable Coefficient value Intercept R-square Residual

Temp 3.59 285.44 1 4.73
Humidity 2.98 273.92 0.92 1.18
Rainfall 3.22 264.22 0.79 1.57

pH-value of Soil 3.43 279.21 1 3.91

wheat yield production per year selected as the de-
pendent variable. Data collection focused on District
Khairpur, specifically Taluka Gambat, gathered from
various sources such as official departments, news ar-
ticles, research papers, and websites. To develop the
wheat yield prediction model, support vector, simple,
andmultiple linear regression approaches are applied.
Collinear associations across the independent and
dependent variables are discovered for the purpose
of model validation. Five datasets were prepared for
each selected variable, facilitating experiments aimed
at enhancing accuracy in predicting wheat yield. Each
dataset was split into 70% for training and 30% for

In this paper, the data is collected from Taluka
Gambat. In future, the data of other Talukas of District
Khairpur will be gathered and experimented. Only
Wheat crop is preferred in this research. The Dates,
Guava, Rice and some other crops and fruits will
be considered for yield prediction and data will be
statistically analyzed. The statistical technique of
regression analysis is used in this paper, in future
some advanced techniques will be used as given in
References [23] [24] for getting more authentic and
reliable prediction results.
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