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Abstract

The primary cereal crop in Pakistan, wheat, currently accounts for 37% of the nation’s total food
energy consumption. The main Rabi crop is wheat, which has a high relevance tag for food security
for the nation because it is the staple food. It is grown in all four provinces, particularly in Sindh
and Punjab. Pakistani wheat growers encounter several difficulties. Regardless of whether a nation
is poor, developing, or developed, agribusiness is the primary source of food supply worldwide.
Due to its dependence on multiple factors, including internal and external ones, predicting Pak-
istan’s wheat crop yield gap is difficult. This study aims to produce pre-harvest wheat crops with
various unique internal and external factors in the local environment and to close the gap between
expected estimates and actual pre-harvest yields. This study proposes a framework to predict crop
yield using a hybrid approach of CNN-RNN models of deep conventional neural networks and re-
current neural networks [1]. Remote sensing images and factors are inputs and field studies validate
predictive data. This study considers continued advances in image classification using Deep CNN
and RNN [2] and software engineering processes for verification and validation, making it more
relevant for crop inspection. Describes deep learning techniques in the field. Get the required
dataset for crop yield gaps. Common approaches to predicting crop yields use crop simulation
models or collect information from Pakistan’s Crop Reporting Service (CRS). This study focuses
on predicting wheat yields in the Multan District, Southern Punjab, Pakistan, using a CNN-RNN
model with remote sensing capabilities. This framework recognizes complementary gaps in the
achievements of existing machine learning and deep learning techniques as non-normative. In this
study, the framework proposes a hybrid CNN-RNN model approach of deep convolutional neural
networks and recurrent neural networks for crop yield prediction tasks. This technique takes re-
mote sensing images and factors as input and validates and validates the input data in a software
engineering process [3]. The approach presented in our study will be of value to policymakers
in better identifying import strategies and decisions to address Pakistan’s large-scale food security
problem. While addressing prior findings, we discussed the current study’s limits and concentrated
on creating a deep convolutional neural network algorithm for forecasting winter wheat produc-
tion, particularly using remote sensing data, climate data, and soil property data. We considered
Pakistan’s real yield difference after accounting for more than 58 factors.
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Chapter 1
Introduction

This section presents the thesis vision for the readers’ benefit. It provides a faultless report on
the issue statement, research objectives, research questions, research scope, and thesis contextual
background material. This part also introduces a research methodology employed to address the
research topic. This will also explain why we chose this particular study methodology. The whole
chapter outline and a thesis summary will be included at the conclusion.

1.1 Problem identification and motivation

Following a review of the literature, we conclude that predicting wheat crop yield in Pakistan is
difficult because it depends on many variables, including internal factors (seed, disease, plant, etc.),
external factors (weather, soil, irrigation, social economics, etc.), and manually calculated methods
that do not provide precise estimates before harvest [6]. Traditional or out-of-date methods for
estimating yields are labor and time-intensive, and yield data collected from a few villages do not
represent the entire agricultural population’s region [7, 8]. The literature review demonstrates the
richness of this field. The motive and goal is to minimize the local convolutional manual method
of estimating wheat crop production in Pakistan. With the help of this study, we could determine
the crop yield accurately before harvest.



Chapter 1. Introduction

1.2 Aim of Research

The purpose of the study is to validate and verify the dataset in the context of the region to provide
a framework for estimating wheat yield to choose the most effective machine learning forecasting
methods for crops to categorize the ideal window of time for winter wheat preparation settings to
look into the differences in yield forecast across local areas and the overall importance of many
elements for Pakistan.

1.3 Scope of research

There are 58 criteria in all that were considered throughout the pilot research and the literature
assessment. Eleven components comprise the scope of our research, including sub-factors that are
important to the wheat crop and most pertinent to the local environment and literature. The liter-
ature study lists several machine learning and deep learning techniques; however, our experiment

will only use four machine learning and two deep learning techniques.

1.4 Research methods

Create the study procedure utilizing a framework for software engineering. A hybrid method will
be used, drawing on many fields such as software engineering, remote sensing, deep learning, and
machine learning. There are several first steps. It will be a chronological procedure for gathering
factor data and conducting experiments. We compare these factors after extracting the data from
the literature using a systematic literature review procedure and after collecting the factor data
following pilot research. We inspect, confirm, and validate if these factor data are present in the
same or a different form in our immediate surroundings. In the future, as part of our research,
we will conduct a field study to validate and verify those characteristics in a real context, either
by an interview, a survey, or another method. Difference between SLR Variables and pilot study

vaniables like environment, culture, etc.

1.5 Thesis outline

A quick summary of the thesis’s following chapter is given in this section. Additionally, a descrip-
tion of the thesis’ entire body can help readers better grasp the overall thesis.

Muhammad Ashfaq: 24-FBAS/PHDSE/F16 Page 2 of 116



Chapter 1. Introduction

& DLL (CNN, ANN, RNN, SVM,

RF, LASSO)

Best Classilied Wheal E Vmgidd J

Acreage

®
N

estimates
Satellite images for different stages WW W
of Winter Whest of Study Ares

Figure 1.1: Overall Process of Wheat Crop Yield Prediction

1.5.1 Chapter 1: Introduction

This chapter thoroughly explains the thesis’s goal and provides a thorough description of the issue
statement, research questions, purpose, and scope of the study, as well as the research methodology.

1.5.2 Chapter 2: Theoretical background of all techniques

This chapter aims to introduce the significance of software development in remote sensing tech-
niques, machine learning, deep learning, and software engineering (SE). Additionally, the idea of
the machine learning development process will be provided.

Muhammad Ashfaq: 24-FBAS/PHDSE/F16 Page 3 of 116
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Methods
. Process. Results and

This chapter's focus is on accumulating the thesis' results.

We describe and conclude the outcomes of our method.

This chapter’s focus is on accumulating the thesis' results.

We describe and draw discussion from the outcomes of our method.
This chapter’s focus is on Conclusion and future work.
STRUCTURE

Analysis

. Discussion

. Conclusion & Tuture work

Intreduction o The thesis's goal is thoroughly explained in this chapter.
ca o Provides a thorough description of the issue statement, research questions,
7)) purpose, and scope of the study.
= I heoretical Background of o The goal of this chapter is to introduce the significance of software
m all Techniques development in remote sensing techniques, machine learning, deep
[ learning, and software engincering (SE). Additionally, the idea of the

machine leamming development process will be provided.

= . Review of Relevant e Review of existing literature is described in this chapter.
m Research and [heory o The full literature assessment of all source code patterns, including their
o methodology, limitations in current tools, and methodologies is also
= included in this chapter.
o Rescarch Methodology o This chapter's focus is on the suggested approach, the Process, the
= Algorithm, the Process.
m . Data Collection and o This chapter's focus is on the data collection and methods
=)
3
=)
4
3
)]

Figure 1.2: Overall Structure of Thesis

1.5.3 Chapter 3: Review of relevant research and theory

The review of existing literature is described in this chapter. The full literature assessment of all
source code patterns, including their methodology, limitations in current tools, and methodologies,
is also included in this chapter.

1.5.4 Chapter 4: Research methodology

This chapter’s focus is on the suggested approach, the Process, the Algorithm, the Process

1.5.5 Chapter 5: Data collection and methods

This chapter focuses on the data collection and methods that follow the development of a prototype,
case studies of various source codes, and comparing our findings to those of previous research.
Then, suggestions for further work are made.

1.5.6 Chapter 6: Process, Results, and Analysis

This chapter’s focus is on accumulating the thesis’ results. We describe and conclude the outcomes
of our method. Also revealed are the research’s shortcomings. Then, suggestions for further work

are made.
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1.5.7 Chapter 7: Discussion

This chapter’s focus is on accumulating the thesis’ results. We describe and draw discussion from
the outcomes of our method. Also revealed are the research’s shortcomings. Then, suggestions for

further work are made.

1.5.8 Chapter 8: Conclusion and future direction

This chapter’s focus is on the Conclusion and future work. We describe and conclude the outcomes
of our method. Also revealed are the research’s shortcomings. Then, suggestions for further work

are made.

Muhammad Ashfaq: 24-FBAS/PHDSE/F16 Page 50f 116



Chapter 2

Theoretical Background of Techniques

2.1 Software engineering process

Software engineering is the profession that specializes in developing, identifying, and modifying
software to make building software easier, faster, and more durable [3]. The term refers to "a
systematic approach to analyzing, designing, evaluating, implementing, testing, maintaining, and
re-engineering software”. H. Application of Engineering to Software”. Program development,
taken more broadly, refers to everything that takes place between the idea for the intended Pro-
gramme and its actualization, ideally through a planned and disciplined procedure. In computer
programming, it may also be used to describe the process of creating and maintaining source code.
As a result, any activities that produce software products, including research, new development,
modification, reuse, re-engineering, maintenance, and other activities, are considered to be a part
of software development.

2.2 Machine Learning

All across the world, data is available. Thanks to machine learning, all of that data has now ac-
quired meaning [9]. Additionally, anybody may utilize this technology and tool to leverage that
data to find answers to queries. Machine learning, in a nutshell, is a technology that enables
autonomous learning and development from past experiences without the need for explicit pro-

gramming or human input.
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2.3 Supervised Machine Learning

Supervised learning and unsupervised learning are the two different types of venture learning used
in machine learning [10]. The process of learning a function that transforms an input into an output
using the training dataset is known as supervised machine learning. The most popular supervised
learning techniques are classification, support vector machines, random forests, and logistic re-
gression. Making a dataset is the initial step in any form of prediction analysis. Categories were
generated based on the labels and characteristics given to each dataset. A label is the actual output,
whereas the feature is the actual input. These attributes might be categorized, binary, or continuous.
The model keeps learning until the utmost degree of accuracy is achieved.

2.4 Artificial Neural Network

More than 100 billion neurons, also known as microcells, make up the human brain. The cell
bodies of these neurons receive millions of pieces of information [11]. The synapses that link
one neuron to another carry information. Artificial neural networks, which are used in computers,
are modeled after the human central nervous system. The comparison between computers and
brains is thus launched. The interactions between several layers of neurons are referred to as the
"network” in the name "ANN.” The input layer, the hidden layer, and the output layer are the three
different sorts of layers that make up an artificial neural network. We first need to specify how
many hidden layers we should take into account and how many neurons each hidden layer should
have before putting any type of data into the input layer. The best way to do this is to Consider
the neurons between the input and output layers. We initially fit the data to the first input layer
before starting to initialize the neural network. From one neuron to the next, a set of weights is
generated at random. To shift the function and improve accuracy, a bias that is created randomly is
also present. The weight of the preceding synapse is doubled along with the activation node each
time we travel to a new node, increasing bias. Place everything into a sigmoid function after that.
The sigmoid function has the benefit of being nonlinear and having a gradual gradient. As a result,
when using the sigmoid function, changing the X value tends to move the Y value closer to the
curve’s terminus, which is advantageous.

Then calculate the actual cost. Related to cost is how close we went to the actual output result. The
lower the cost rate, the better you get precision. The cost is calculated by After calculating the total
cost, we need to improve the model using a feedback back propagation algorithm. The algorithm
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Figure 2.1: A simple Artificial Neural Network model

propagates backward, changing the values of the weights and biases to minimize the cost function.
Backpropagation works in several ways to enhance the activation of specific output neurons.

2.5 Deep Neural Network

In our thesis, we used the backpropagation approach to train a deep neural network and three
hidden layers to estimate the output’s overall cost [2]. Large volumes of data may not be processed
accurately with a single hidden layer. The computational expense of adding hidden layers can rise,
but huge data can be used as a generalization.

2.6 Support Vector Machine

The main purpose of SVM is to design a hyperplane that splits all training vectors into two classes
[12]. To separate the classes, draw several hyperplanes and choose the best hyperplane that max-
imizes the distance between the two classes. From the preceding picture, it is clear that A has a
bigger margin value than B, hence we should consider it when differentiating between classes.

N
f@) =) aK(zi,z) +b 2.1)
i=1
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input layer hidden layer 1 hidden fayer2  hidden layer 3

Figure 2.2: A simple Deep Neural Network model

Here, o; are the Lagrange multipliers obtained during optimization, and K (z;, z) is the kernel
function in Eq. (2.1). In your specific case, you’d need to define the features (xx) based on the data
you have shown in Figure 2.3. These features could include rainfall, temperature, soil quality, and
other relevant agricultural parameters for wheat crop yield prediction. This is a general represen-
tation; the implementation would depend on the dataset and specific requirements. Consult with
agriculture or data science experts to fine-tune the model based on domain-specific knowledge and
data availability.

2.7 Random Forest (RF)

Random Forest (RF) is a nonparametric method for regression tree analysis and advanced cat-
egorization, known for its resilience against overfitting and effectiveness with high-dimensional
datasets [13]. On the other hand, SVM is a supervised learning model utilized for regression and
classification tasks [14]. This study adopted a high-dimensional feature space, employing a kernel
function (linear, Gaussian, polynomial, or hyperbolic tangent) for SVM regression. Specifically,
the Gaussian kernel function was selected to explore the nonlinear relationship between input
predictors (climate and remote sensing data) and output predictors (yield) [14]. Random Forest
enhances predictive accuracy and mitigates overfitting by amalgamating multiple decision trees.
The ensemble nature involves training numerous trees on distinct subsets of the data and averaging
their predictions. Let’s denote the Random Forest model as F(x), where x represents the input
features for wheat crop yield prediction. Let’s denote the Random Forest model as F(x), where x
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Figure 2.3: . A simple Support vector machine model[4]

represents the wheat crop yield prediction input features.

F(z) =5 D_ fi(z) (2.2)

Here, N is the number of trees in the forest, and f;(z) is the prediction of the i** decision tree in
Eq. (2.2) and in Figure 2.3.

The prediction of an individual decision tree f;(x) is obtained by traversing the tree based on the
input features. Each leaf node in the tree represents a predicted value. Scikit-learn rest measures
feature importance based on how much each feature contributes to the reduction in impurity (e.g.,
Gini impurity) across all trees. Random Forest has hyperparameters that need to be tuned, such as
the number of trees (NN), the maximum depth of each tree, and the number of features considered
at each split. In practice, the implementation involves training the Random Forest on historical
data with known crop yields and then using the trained model to predict the yield for new data.
This mathematical representation provides an overview of the Random Forest model for wheat
crop yield prediction [4]. The actual implementation would involve using an ML library (e.g.,
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sci-kit-learn in Python) and adjusting parameters based on the characteristics of your dataset.

2.8 Least Absolute Shrinkage and Selection Operator (LASSO)

This study’s LASSO technique is a shrinkage and selection approach for linear regression. It min-
imizes the residual sum of squares, allowing the total of absolute coefficient values to be less than
a defined value [15]. Because of its automatic feature selection, LASSO is particularly well suited
for parsimonious regression models, alleviating the problem of overfitting input data. LASSO
is a linear regression regularization approach that promotes sparsity in model coefficients while
preventing overfitting. It entails incorporating a penalty element into the linear regression goal
function. The decision function for LASSO is the linear combination of the input features and
their corresponding coefficients:

flz)=wz+b (2.3)

The features (xx) could include various factors relevant to wheat crop yield prediction, such as
weather conditions, soil quality, and agricultural practices in Eq.5.1.

2.9 Deep learning in agriculture

Deep learning applications in agriculture and recent agricultural-related recently, its use with sen-
sors have gotten people’s attention. In the larger context, there is now much deeper learning re-
search than there was in 2015, according to multiple reviews. Before 2015, there was a growing
number of deep learning-related research in this agricultural environment, according to a review
of deep learning approaches by Kamilaris and Prenafeta-Bold [12]. According to a survey of crop
research on crop production prediction using machine learning, the last two years had the highest
yearly concentration of studies. same observations, with 76 of his 120 publications published after
peer review in 2019. 50 pertinent studies were discovered in a study of machine learning’s ability
to forecast yield. 30 of these research made use of deep learning in some way. In these investiga-
tions, there were 33 distinct deep-learning architectures. Deep neural networks (DNNs), LSTMs,
and CNNs are some examples of architectures; CNNs are the most prevalent with 11 occurrences,
followed by LSTMs and DNNs with 7 occurrences each. Space-time research, including those
using CNN-LSTM hybrid models and three-dimensional (3D) CNNs, has also noted the design.
Many conventional machine learning methods are also utilized in addition to deep learning models.
These comprise ensemble models and linear regression, such as B. A decision tree-based random
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forest model. The authors claim that these models are frequently employed as comparable deep
learning benchmark models.

2.10 Convolutional neural networks

Convolutional neural networks, often known as CNNs, became popular in the modeling field for
applications where the input data can be spatial or can be represented spatially [13]. The convolu-
tion process is a key element of the model. This process creates a collection of spatial features that
characterize the input data by applying a set of trainable kernels (or filters) to the data. In the first
layer, the model learns fundamental characteristics, and in later layers, it learns composite features
made up of these fundamental traits [14]. Batch normalization can be used on the inputs to improve
how well the model learns these characteristics [4]. A collection of feature maps is the result of a
straightforward CNN. These can be utilized directly or smoothed and put into a Fully Connected
(FC) layer, depending on the application, for example, for regression or classification purposes.
Utilizing CNNss to extract spatial information from two-dimensional (2D) inputs is a common use
case. Multiple channels are frequently present in spatial data, however, each channel is treated sep-
arately when a 2D kernel is used. In non-spatial approaches, CNNs may also be applied if the input
data is tabular. H.Line form. The next step is to do a convolution operation in one dimension (1D),
where the kernel only affects values that are close to one another in the series, as determined by the
kernel size [16]. Utilized several currently available CNN-based architectures to classify cotton
balls and forecast cotton production from manually captured, high-resolution photos acquired at
hand height. A two-stage Faster R-CNN model, which first suggests a region of interest and then
finds targets from that region, was one of the models utilized. Additionally, we employed a single-
shot multi-box detection (SSD) technique built on CNN that can recognize numerous items from
an image. The most recent model to be used was MobileNetV2 [17], a compact variant of the SSD
method designed for mobile devices. With an average recall of 0.66 and an average accuracy of
0.59, the quicker R-CNN architecture scored better. We built a linear regression model to forecast
yield from automatically captured pictures by using the spatial model as an automated ball counter.
A yield prediction model using the CNN output achieved a mean absolute percent error (MAPE)
of 17.86%.

Muhammad Ashfaq: 24-FBAS/PHDSE/F16 Page 12 of 116



Chapter 2. Theoretical Background of Techniques

2.11 Long short-term memory networks

LSTM networks, initially presented in [18], are long-term memory systems. Tasks involving se-
quence modeling have frequently employed it. LSM is one of them. A family of recurrent neural
networks (RNNs) with a deep learning architecture. LSTMs, both vector outputs from other mod-
els and inputs that resemble vectors and contain tabular data, often function with this model. Two
fundamental ideas about LSTMs can help with this. Study temporal characteristics in the data.

The first is memory as a cellular state, which is how it was originally introduced. Another is the
idea of gates, which are trainable FC layers that can change a cell’s state based on fresh inputs from
the data and historical outputs from the model. The model iterates over the sequence, modifying
the state of the cells (C) and hidden (H) to process the data sequence. The gate outputs are com-
bined using both non-linear activations and gate-learned parameters. Additionally, bidirectional
and stacked LSTMs are readily available. Compared to a unidirectional LSTM, a bidirectional
LSTM trains a second model [19]. One LSTM reads the input from the beginning to the end of the
sequence (ty — t,), and the other LSTM reads the input from the end to the beginning (¢, — to)-

A final sequence of temporal characteristics is created by combining the outputs of these two si-
multaneous models [20). When LSTMs are stacked, the first LSTM works with the input sequence,
while the succeeding LSTMs work with the feature vectors produced by the prior model. Stacking
and Directionality assist the model in learning high-level temporal properties from both sides of
the input sequence [21].

2.12 Crop yield Prediction

Crop yield prediction, the study’s main topic, is regarded as one of the most significant and diffi-
cult challenges in smart farming, entailing many tiny objectives. Predictive yield modeling assists
farmers in locating troubled regions in their fields [20], provides crucial information to the agri-
cultural supply chain, and is a management tool to help reduce business risks. [22]. Crop and
yield estimates are crucial for cost-effective and proactive field production optimization. Predic-
tive models are grouped with data analysis, information management, and data processing modules
in what is referred to as the ”management layer” in a review of complete remote sensing system
designs.

The management layer provides application management logic for users, farmers, and agricultural
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experts to use. Estimating crop yields is a crucial stage in planning a district or area. The entire
population needs access to food, so it’s crucial to be able to forecast yields. Pre-harvest interven-
tions can be conducted with reasonable accuracy and predictable low yields. One can utilize crop
simulation models, remote sensing, machine learning algorithms, and other methods to estimate
yield.

2.13 Remote Sensing for Crop Yield Prediction

Crop production forecasting may benefit greatly from remote sensing, particularly when using the
normalized difference vegetation index (NDVI). The NDV1 is a vegetation indicator that measures
the quantity and health of plants by measuring the reflection of visible and near-infrared light [21].
It is a helpful indication of agricultural production potential since it has been regularly utilized to
calculate vegetation biomass and health. Satellite photography, which can cover huge areas and
offer regular data gathering, may be used to determine NDVI values. This information may be used
to track crop growth and development throughout the growing season, enabling the early identifi-
cation of possible yield-limiting elements like disease or drought. NDVI data may be integrated
with other data sources, such as weather and soil details, to forecast crop yields. The NDVI data
can then be connected to crop yields using statistical models shown in 2.4. These models may be
employed to predict yields for a certain season and pinpoint fields that may exhibit yield fluctuation
[23]. For instance, NDVI measurements from Landsat satellite images were utilized in research in
India to forecast rice harvests. The researchers discovered that early-season NDVI measurements
had a substantial correlation with ultimate production and could predict yield with an accuracy of
about 90%. Another American research predicted maize yields using NDVI data, weather, and
Soil information.

The NDVI data was the most significant predictor of yield, and it was able to explain almost 70%
of the variability in output, according to the researchers [24]. Overall, crop yield prediction using
remote sensing and NDVI in Eq.2.4 has shown considerable promise and can assist farmers and
policymakers in making better-informed decisions about crop management and food security and
Figure 2.4 shows the overall model of Remote sensing to CNN Process.

NIR — Red
NDVI = s Red 24)

It is crucial to remember that the precision of these forecasts depends on the caliber and acces-
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e

Convolutional Crop yield
Neural Network map

Remote sensing
data

Figure 2.4: The process from Remote Sensing to CNN for crop Yield

sibility of the remote sensing data, the accuracy of the yield measurements used to calibrate the
models, and both of these factors.
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The following databases were used in the literature review for the research thesis: Google Scholar,
IEEE Xplore, Science Direct, and several themes crucial to the breakdown. Some of the search
terms we used for our current study included "machine learning” [9], “machine learning algorithm
for agriculture crop yield prediction [12], “gap estimation and find crop yield gap estimation,”
”support vector machine algorithms and approaches,” “remote sensing and GIS approach,” as well
as "NDVI” and “Landsat Images.” These search phrases are used both alone and in conjunction
with other queries to gather the initial and background information about the location. We con-
ducted a thorough search and found a tonne of writing and information on the subject at hand, but
we only concentrated on the material/literature that contained information on remote sensing, geo-
graphic information systems, and deep neural networks algorithms and approaches and techniques
that fill the yield gap estimation of crops in Pakistan.

This study proposes a deep learning framework for agricultural production forecasting that de-
pends on environmental data and management practices [16]. It uses CNNs and RNNs [1]. For
grain organizations and decision-makers, accurate and consistent crop yield forecasting is crucial.
Extreme dry spells and floods brought on by environmental change also have an impact on food
availability. To promote the availability of food for Pakistan’s continuously expanding population,
approach makers and organizers must have access to continuing harvest conditions and yield eval-
uations [18]. Crop production forecasting was challenging since it depended on several variables,
including crop genotype, climatic aspects, and how well they worked together. It is essential to
select an appropriate time window to recover wheat yield parameters since several harvest-creating
periods include unique information.

16
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To obtain adaptive and highly accurate yield estimates over large areas, the deep learning adaptive
crop model (DACM) developed in this study is a spatial crop growth model based on the full ex-
traction of crop growth information. It focuses on adaptive learning for dynamic fluctuations [25].
The results showed that the DACM has a root mean square error (RMSE) of 4.406 bushels/acre
(1 (296.304 kg/hectare)) and an average coefficient of determination (R2) of 0.805. Compared to
other state-of-the-art algorithms, DACM delivers improved performance in space and improved
yield prediction accuracy at scale in machine learning and deep learning.

The analysis of stability and arousal estimations demonstrates that DACM is capable of identifying
regional differences in crop growth and employing adaptive techniques to enhance yield estimates.
Considering performance stability and interpretability increase, DACM offers a suitable strategy
for forecasting large-scale agricultural crop yields by adaptively learning spatial heterogeneity pat-
terns of crop growth. The current study [26] uses in situ data, remotely sensed microwave satellite
data from Sentinel 1, and optical satellite data from Sentinel 2 to analyze three parameters, includ-
ing soil moisture, soil salinity, and soil organic carbon (SOC). Estimates key soil health indicators.
The study was conducted in the Punjab region of Rupnagar, India. Wheat crop productivity was
assessed using SAR backscatter, predicted soil health indices, and optical remote sensing satellite
data characteristics.

With R? values of 0.723 and 0.684, respectively, the soil health-based DLMLP model beat all
other models in estimating crop production throughout the training and testing stages. The root
mean square error (RMSE) and mean absolute error (MAE) for the 2019-20 season were both
1.24. While the MAE and RMSE for the OLS regression analysis estimating wheat yield were,
respectively, 37.97% and 38.61% lower than the OLS regression analysis, the DLMLP test R2 was
42.2% higher than the OLS.

Then, utilizing data from various sources as input parameters, the yield prediction skills of BO-
LSTM, Support Vector Machine (SVM), and Least Absolute Shrinkage and Selection (Lasso) op-
erators were assessed [27]. In this paper, we demonstrated how Bayesian optimization enables
efficient deep-learning hyperparameter optimization. When employing ”GPP + climate + LAI +
VI” as inputs, the BO-LSTM model demonstrated the highest yield forecast accuracy (RMSE =
177.84 kg/ha, R? = 0.82). When predicting winter wheat yield, BO-LSTM and SVM algorithms
beat linear lasso regression (RMSE = 214.5 kg/ha, R% = 0.76). The BO-LSTM model surpasses
SVM in terms of performance and shows promise for detecting data correlations. Additionally,
there are major distinctions between machine learning and deep learning.
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To further determine the robustness of the BO-LSTM method, we investigated the performance
estimation of the BO-LSTM method at different time points. The results show that the BO-LSTM
model can achieve higher estimation accuracy without the intervention of human factors in regions
where winter wheat is intensively cultivated.

Since this technique is becoming more and more important for predicting agricultural production,
more sophisticated algorithms are needed to uncover the fundamental spatiotemporal patterns of
this data. Convolutional Long Short-Term Memory (ConvLSTM) has not yet been the focus of
research for agricultural output forecasting, even though Convolutional Neural Networks (CNN)
and other Deep Learning (DL) approaches have achieved substantial gains in this field [28].

For more accurate and reliable spatiotemporal feature extraction, we introduce Deep Yield, a hy-
brid structure combining ConvLSTM layers and three-dimensional CNN (3DCNN). The model
is trained using MODIS land surface temperature (LST), surface reflectance (SR), and land cover
(LC) data for major CONUS soybean growing districts in 1836 and historic county-level yield
data. Comparing the prediction performance of our model with that of competing techniques, we
find that DeepYield’s performance far outperforms not only his ConvLSTM and his 3DCNN but
also his CNN + GP, CNNLSTM, and decision tree of the competing approaches.

In this article, we present a machine-learning technique for predicting wheat yield [29]. This
case study will focus on the wheat-growing region of northern Pakistan due to its importance to
Pakistan’s agricultural sector. After collecting data over 5 years, the trait subsets with the most ben-
eficial effects on plant productivity were selected. Twelve algorithms were used on three datasets.
Gaussian process (GP), multi-layered processing (MLP), and sequential minimal optimization re-
gression (SMOreg) were selected as three algorithms based on research results. Root mean square
(RMSE) and percent absolute difference (PAD) measurements were used to validate the results.

The lowest RMSE (0.5552) and PAD value (0.0093) were achieved by SMOreg. MLP came close
to the second lowest for both PAD (0.0116) and RMSE (0.737). GP performance was found to be
the weakest with increasing RMSE (17.7423) and PAD (0.2203) scores. Our results demonstrate
how machine learning algorithms can accurately predict crop outcomes using datasets collected
from the local environment. These findings can be extended to other crops and geographic loca-

tions.

In this work [30], utilizing three remote sensing variables, we developed a new deep-learning
model called CNN-GRU to calculate county-level winter wheat yields in the Guanzhong Plain. By
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using the leave-one-year-out cross-validation, the CNN-GRU model was able to identify attributes
associated with yield from the input data. Additionally, we examined the spatiotemporal patterns
of the anticipated yields by simulating wheat yields on the Plain pixel-by-pixel using the recom-
mended CNN-GRU model. The yield distribution’s regional characteristics—low In this work
[30], utilizing three remote sensing variables, we developed a new deep learning model called
CNN-GRU to calculate county-level winter wheat yields in the Guanzhong Plain.

The VTCI (vegetation temperature condition index), the LAI (leaf area index), and the percentage
of rings that are actively photosynthesizing. The CNN GRU model’s accuracy was greater than
that of the GRU model (R?=0.62, RMSE=479.79 kg/ha, MRE=9.34%), demonstrating the CNN
GRU model’s dependability and robustness (R2=0, 64, RMSE = 462.56 kg/ha, MRE = 8.90%).

By using the leave-one-year-out cross-validation, the CNN-GRU model was able to identify at-
tributes associated with yield from the input data. Additionally, we examined the spatiotemporal
patterns of the anticipated yields by simulating wheat yields on the Plain pixel-by-pixel using the
recommended CNN-GRU model. The yield distribution’s regional characteristics—low In this
study [31], we created a new deep-learning model called CNN-GRU to estimate county-level win-

ter wheat yields in the Guanzhong Plain using three remote sensing variables.

Vegetation Temperature Condition Index (VTCI), Leaf Area Index (LAI), Percentage of Photosyn-
thetically Active Rings. The accuracy of the CNN-GRU model exceeded that of the GRU model
(R?=0.62, RMSE=479.79 kg/ha, MRE=9.34%), confirming its reliability and robustness (R2=0.64,
RMSE=462.56 kg/ha).). , MRE = 8.90%). The purpose of this study [31] was to create a model
for evaluating the nitrogen status of wheat at all phases of growth using proximity measurements
and meteorological data. His nine field tests on high nitrogen rates were carried out between 2010
and 2020 at five sites utilizing various wheat kinds. Crop circle sensors’ proximity detection data
was gathered at critical developmental phases and combined with climatic data from planting to
the appropriate detection date.

Deep neural networks (DNN) and long short-term memory (LSTM) were used to determine above-
ground biomass, plant nitrogen intake, plant nitrogen concentration, and nitrogen trophic index.
The benchmark regression model was constructed using the random forest (RF) method. To simul-
taneously predict four nitrogen indices based on the DNN, we applied multi-task learning (MTL).
Using a genetic algorithm (GA), the neural network’s hyperparameters, connection weights, and
loss function weights (for MTL) were each assessed independently. According to the results, MTL
and DNN both reach excellent levels of overall accuracy (R? = 0.83-0.96 and 0.81-0.96, respec-
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tively), whereas RF beats LSTM (R? = 0.76-0.93) demonstrated that it is comparable) did not raise
the dataset’s estimations of nitrogen status.

Convolutional Neural Networks (CNNs), one of the most popular deep learning techniques, out-
performs other common machine learning techniques on classification problems. It’s important to
examine CNN’s claims about its ability to predict crop yields. For this purpose, UAV-based multi-
spectral photography was taken using the four developmental stages of the winter wheat plant: bud,
milk, dough, ripening stage, and other stages. The effect of the growth stage on the accuracy of
yield prediction was evaluated. We investigated the impact on the accuracy of combining different
development phases using a multipoint CNN model.

Using Extended Vegetation Index 2 (EVI2), a classical regression technique based on typical veg-
etation indices, we compared the prediction accuracy of the CNN model with that of the linear
regression model. The fore-stage CNN model outperformed the best linear regression model
(RMSE 1.00 t ha-1) and exhibited the lowest RMSE (0.94 t ha-1) among the four development
stages. EVI2-based CNN multi-time regression models and multiple linear regression models out-
performed CNN models in terms of predictive accuracy in the course phase. These results indicated
that the harvest season was the right time to collect winter wheat data in this study and that CNN
could improve the accuracy of yield prediction.

In this study, we propose a deep learning system for predicting agricultural production based on
environmental data and management practices [32]. Accurate and consistent crop yield forecasts
are critical to crop organizations and decision-makers. Extreme droughts and floods caused by
environmental change also affect food availability. For policy makers and organizers, the ability to
continuously assess crop health and yields is essential to ensure food supplies to Pakistan’s grow-
ing population. Predicting crop yields has been difficult because it depends on several variables,
including plant genotype, climate aspects, and how well they work together. Since multiple har-
vesting seasons contain unique information, it is important to choose the appropriate timeframe to
harvest the wheat component for yield prediction.

A machine-learning technique for predicting wheat yield is presented in this paper [33]. The case
study will focus on Pakistan’s northern wheat-growing regions because of their importance to the
country’s agricultural sector. After collecting data over five years, the characteristic subset that was
most beneficial for crop productivity was selected. Twelve (12) algorithms were used across three
(3) sets of data samples. The Gaussian Process (GP), Multilayer Processing (MLP), and Sequential
Minimal Optimization Regression (SMOreg) were selected as the three algorithms based on the
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results of the studies. The Root Mean Square (RMSE) and Percentage Absolute Difference (PAD)

measurements were used to validate the results.

We conducted a Systematic Literature Review (SLR) to identify and include the techniques and
variables that have been applied to forecast wheat crop output in other countries. We also carried
out a pilot research to confirm and validate those variables in the local setting. The KNN [34]
technique [35] is a kind of instance-based understanding that depends on the separation of the
indicator components from the closest preparing group recognized by the model. Recently, the
utilization of neural networks has grown. They are composed of several intricately entwined parts.
The BP neural system (BPNN) is one of the most often employed fake neural systems [18]. BPNN
generally consists of one info layer, one yield layer, and several veiled levels. The information
layer only acts as a source of data, which is then studied and analyzed by the neurons in the hidden
layer. Finally, they use exchange work to transmit their results to the yield layer.

When tackling the nonlinear capacity issue, BPNN is frequently highly effective at isolating the
perplexing connection between autonomous parts [20].In particular, yields of wheat [36] have de-
clined in certain areas and will be influenced by rising temperatures. Despite these disadvantages,
increasing association location can nevertheless boost wheat yields in regions where there is cur-
rently a yield gap.

We overcame these challenges by evaluating wheat yields over the Indo-Gangetic Plains IGP at
30-meter destinations from 2001 to 2015 using data from the Landsat satellite and a different
tool dubbed the Scalable Crop Yield Mapper (SCYM) [37]. Instead of relying on ground-based
yield organizing data, SCYM uses crop model generation to create arranging information that
may be used to modify vegetation documentation VIs to yield. The Scalable Crop Yield Mapper
(SCYM) method was utilized to convert satellite data into yields. In line with this theory, crop
show simulations are used to replicate appropriate field-level yield data. This information is then

used to create direct backslides that convert yield from satellite vegetation records.

Field evaluations and role-playing Models are useful tools for analyzing the harvest yield gap but
scaling up these methods to effectively manage whole districts over time has remained a chal-
lenging task. Satellite data have repeatedly seemed to provide information that can unmistakably
estimate crop yields in ranchers’ fields without the assistance of any other person or when com-
bined with other data and algorithms. The ensuing yield maps offer a unique way to get beyond

both spatial and temporary scaling issues, which enhances understanding of harvest yield dispari-
ties [38].
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This paper’s [39] explicit purpose is to examine the potential evaluation of satellite-based far-off
detection to quantify and understand the agricultural output gap. The paper argues that innovative
ways that can augment the traditional equipment of agronomists have incredible potential value as
efforts to understand yield gaps increase, and far-off detecting may be one such instrument. The
outstanding spatial and global variability of rural sceneries serves as a critical test in the execution
of each of these aims. Estimating yield gaps is a crucial concern in this investigation. How may the
estimates at these two disparate geographical scales—genuine yield and yield potential—be taken
into account when calculating a yield gap? There are a few ways to evaluate crops here.

The difference between actual yield (Ya) and yield potential (Yp) is known as the yield gap (Yg).
Given that real yields may be quickly reviewed by remote detection, yield gap evaluation requires
more details or questions regarding Yp. One effective method is to combine self-governing as-
sessments of Yp (for instance, subject to methodologies utilized in several publications on this
unresolved topic) with assessments of actual yields based on remote detection for the districts and
zones under consideration. Up until now, satellite data have done a respectably poor job of eluci-
dating the importance and causes of yield differences in many regions. In any event, it can be seen
from several existing models that a portion of the frequent spatial and transient scaling problems
associated with field-based techniques may be overcome by far-off detection. Regardless of the
way that the cost or openness of satellite data with satisfactory spatial objectives to isolate green
fields was checked previously, this limit is rapidly diminishing.

In earlier studies, yield potential and yield gaps were geographically assessed using hard-to-find
identifying and Geographic Information System (GIS) soil data, which also offered information
on soil needs and water cut-off points {40). Understanding this gap’s root causes is crucial to
understanding it. An essential initial step is to review past performance in terms of yield and those
that have a substantial influence beginning with one year and continuing onto the next. This calls
for the examination of yield data that considers both regional and temporal variation. While we
rely on accurate audit data to help us further connect with and see undeniably cyclical and constant
yield sectors, this would fight for a large portion of improved environment figures in closing yield
gaps.

The objectives of this study were to: (1) assess Yp, Yw, and Yg in four China-based maize-
producing areas under both submerged and rainfed conditions using agro-climatic zones (CZs)
and reference environment stations (RWS); (2) use the GYGA-ED method to manage oversee up-
scale the results from zones to the district; and (3) use climate data spanning 30 years, including
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sunshine-based development, temperature, and precipitation to investigate. This paper’s [41] goal
is to forecast inside-field variety in wheat production while taking into account online multi-layer
soil data and satellite crop development ascribes. In this study, we examine the factors that af-
fect Ethiopia’s wheat output per hectare for the central Maher crop seasons of 2011 to 2013 in
the kebele managing area. By combining crucial GIS and remote sensing data with a manage-
ment information strategy and national rural field overviews, the model explains about 40% of the
whole variability in wheat production per hectare throughout the country. We examine if these
progressions can be explained by climate, shocks to, and the managers of downpour-nourished
horticultural frameworks in light of the considerable internal variability in yield per hectare.

The prognosis for spring wheat, canola, and barley was the main topic of this reading [42]). To
structure the estimate models, crop production data from 40 Census Agricultural Regions (CARs)
was gradually gathered into a few larger areas. Every vegetation record pixel will include the
vegetation data from any yields developing nearby, which might be a constraint. Because of a
single crop, there is no straightforward way to split either the NDVI or EVI. Because the vegetation
files will mostly be looking at the more overpowering yields, the less often formed crop inside the
pixel is caught off guard. Building a veil for a certain yield could be possible, but this would
require a lot of information on what crops were planted in every pixel.

A key interest in the utilitarian link between yield and these clever components is necessary for a
correct yield estimate, and revealing this relationship calls for both large datasets and astounding
calculations. The top-tier showing and plan methods were handled poorly using a large neural
network (DNN) [5] technique. Important brain systems were employed in the technique to calcu-
late yield measurements (counting yield, verifying yield, and yield contrast) while accounting for
genotype and conditional information. The well-organized and well-coordinated significant neural
systems decided to learn the nonlinear and complex relationships between traits, organic condi-
tions, and their relationships from recorded information and make sensibly exact measurements of
yields for new halves and parts planted in new domains with recognized climatic conditions.

It is possible to increase the assumption for crop productivity under various environmental con-
ditions by using machine learning techniques [43]. In this work, a study on the use of these
machine-learning approaches for Indian rice trimming zones is presented. The WEKA device and
SMO classifier test results on the dataset of 27 zones in the Indian state of Maharashtra are ad-
dressed in this study. In this study, the assumption for rice crop yield was shown using support
vector machine (SVM), one of the AI methodologies. The exploratory findings show that several
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classifiers, including Nave Bayes, Bayes Net, and Multilayer Perceptron, outperformed the SMO
classifier with the lowest accuracy by obtaining the most exactness, affectability, and identification,
affectability, and disposition that has been represented in the past for various classification tasks.

The majority of the time, genuine processes, such as the relapse model, have been employed to
estimate agricultural yields using remote sensing data [44]. Another strategy to handle agricultural
production evaluation is machine learning, which is a capable exact methodology for representa-
tion and forecast. To determine a reliable yield evaluation, we employ descriptive inquiry in the
farming creation zone for sugarcane crops in this study [[45]. Three datasets—the soil, rainfall,
and yield datasets—are used in this work. Additionally, we create a connected dataset and, using
this cemented dataset, apply a few supervised approaches to determine the actual evaluated cost
and the precision of a few tactics.

K-Closest Neighbor, Support Vector Machine, and Least Squared Support Vector Machine are
three management techniques employed in this work. Crop productivity across vast zones is fre-
quently screened using satellite remote sensing. Displaying the relationships between factors and
crop yield is sometimes complicated since several parameters are necessary for yield and yield
estimates. Several machine learning-based approaches have been put out to address this issue, but
more work has to be done to increase the accuracy of district-level estimation. Assessment of the
crop output at the area level throughout a gap nation is still in the growth stage.

To predict maize yield in this study, we linked a deep neural network (DNN). Comparing the
DNN model against other models created using other machine learning methods allowed us to
evaluate the DNN model’s estimation accuracy. Additionally, we created datasets for double cross
arrangements that varied in scope, and by adding each dataset, we verified the model’s ability to
extract components.

The goal of the current study [15] was to examine the sugarcane yield difference in Brazil, its
magnitude, and its reasons (short of water or poor harvesting practices). In this study, [78] progress
on Al-based frameworks for carefully calculating harvest output and assessing nitrogen status has
been coordinated over the past 15 years. The research makes the case that rapid advancements in
machine learning (ML) systems will provide economically astute and comprehensive solutions for
improved harvest and condition status assessment and dynamics. Accuracy farming (PA) is more
focused on using the sensor stages and ML approaches, combining various sensor modalities with
expert data, and improving cream structures by combining unmistakable ML and sign planning
methodology.
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Sensors that capture the electromagnetic radiation of physical objects, such as buildings, streets,
farmland, soil, or water, are used to produce remote sensing (RS) [46, 47] data. Physical objects
exhibit a variety of unearthly characteristics, such as the vitality that is emitted or reflected fluctu-
ates across a range of wavelengths. Information about RS can be obtained via satellites, aircraft,
drones, or even a simple camera mounted on a truck’s windscreen. In this idea, satellite pictures
are used. Applications are found by RS [48] in a variety of fields, including topography, geology,
agriculture, urban planning, meteorology, environmental change, and others. A kind of neural net-
work known as CNN [49] is used to handle 2D or 3D organized information, such as photographs
and movies. A FullyConnected (FC) layer connects all the information units and yield units in a
standard neural network (NN). In any event, a convolutional layer in a CNN only links each yield
unit to a portion of the gap input units. Open fields are the names for these subgroups.

Research often focuses on classification tasks in multispectral remote sensing images [5, 36].
These assignments include identifying objects, such as buildings, trees, and roadways, as well
as grouping the spread of the area and characterizing the crops. Up to this time, the RS crop
grouping had to deal with comparable problems about the expected RS output. The standard ap-
proaches used basic characterization models including SVM, DT, and Artificial Neural Networks
(ANN). The majority of the time, RS images included vegetation files, including NDVI. The most
effective deep learning techniques used 2D CNNs to capture the spatial highlights in the remote
sensing images. A 3D CNN model was developed to capture spatiotemporal highlights from mul-
tispectral remote detecting, enlivened by the success of 3D CNNs for spatiotemporal gaining from
recordings.

This study [50] developed a unique method employing an artificial neural network (ANN) to fore-
cast and crop maize and soybean yields on a county-by-county basis in the "corn belt” zone of
the Midwestern and Great Plains regions of the United States. Real yield data and long-term ar-
rangement NDVI from AVHRR and MODIS are used to build the models. An alternative method
that takes use of the SCE-UA improvement calculation is used to create the ANN model. With the
use of ANN models, multivariate straight relapse (MLR) models are displayed, and the model’s
dependability and propensity for prediction are identified. With the new calculations, the expecta-
tions’ accuracy can increase to 85%, enabling the right development of ANN models.

The most important instruments for assessing agricultural crop yields and externalities at all scales,
often at coarse spatial objectives, are global gridded crop models (GGCMs) [51]. Strong horticul-
ture assessments at local and neighborhood sizes, where the suitability of GGCMs is frequently
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constrained by poor information accessibility and high computational interest, need for higher ob-
jectives appraisals. Utilizing meta-models built using GGCM to give data to variables of high
spatial aims is one technique to close this gap. To build meta-models for the anticipation of model
outputs at precise spatial targets, we evaluate two machine-learning approaches in this study: ab-
surd slope boosting and irregular backwoods.

To predict soybean yields, this study [52] combines UAV-based remote sensing data with a full-
stack deep learning architecture. The study demonstrates how deep learning models and remote
sensing data may be used to predict agricultural output with accuracy. This study’s [53] deep
learning models are used to forecast agricultural yields using data from remotely detected leaf wa-
ter content. Using spectral data to predict crop yields, even if it doesn’t precisely pertain to wheat,
shows how deep learning may be used to its fullest capacity. A deep learning-based system may
be used to anticipate agricultural production using remote sensing and meteorological data, claim
the study’s authors [54]. It clarifies how to anticipate crop yields by merging several data sources
and deep learning models, even if it doesn’t specifically reference wheat. In this work, we used
a non-parametric empirical model based on Random Forests (RFs) to predict yield by combin-
ing meteorological data with indicators of remotely sensed vegetation. Because they are created
utilizing a large number of decision trees, a random selection of training data, and independent
variables, RFs are resilient [35].

3.1 Literature Review Findings

Conducting a literature review of the application of machine learning (ML) and deep learning
(DL) techniques in predicting wheat crop yields reveals a wealth of research focused on enhancing
the accuracy and efficiency of predictions. These technologies have proven crucial due to their
potential to improve food security and optimize agricultural practices. Below, I summarize key
findings across various studies.
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Figure 3.1: In Pakistan, the statistics office and the department of crop reporting use similar tech-
niques

3.2 Manual Wheat crop estimation technique of CRS

The multiple methods, models, and strategies connected to remote sensing and the Machin learning
domain that are employed in agricultural yield forecasting are depicted in the accompanying figure.
That and actual values are estimated because they are validated after harvesting from sampled
arecas. CRS Ist estimates wheat crop from the sample area and, after harvesting, validates and
verifies that sampled area and then publishes a report of actual crop production.

A simple manual method calculates wheat grain yield by taking into account the number of heads
per 500 mm column, the number of grains per head, and the size of the grain.

3.2.1 Methodology for manually measuring wheat yield

The methodology for manually measuring wheat crop yield by Crop Report Services Punjab de-
partment is shown in Figure. 3.1 and Figure 3.2.
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Villages (sampled)
Tehsil Level
|_, District Level
I_. Divisional Level

L. Provincial Level
Figure 3.2: Results Compilation Hierarchies of CRS

3.3 Problem Statement

* Predicting the wheat crop yield in Pakistan is a difficult task because it depends on several
variables, including internal (seed, disease, plant, etc.), external (weather, soil, irrigation, so-
cial economics, etc.), and manual (not precisely estimated before harvesting) methodologies
for predicting wheat yield.

* Traditional or obsolete methods of yield assessment take a long time and require a lot of
labor. Data on wheat crop yields collected from a few villages does not truly represent the
entire crop population.

* A gap between theory and practice exists Because of the difficulties mentioned in existing
points.

* Since many more variables and factors are available on the ground than are currently in-
cluded in wheat crop yield prediction models, none of them are presented holistically in
research studies.

¢ It is hoped that these widespread flaws in the current systems will be fixed. Instead of
subjective methods, it uses technology methods such as deep learning, remote sensing, and
machine learning to estimate agricultural yields. These issues can be resolved better with an
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effective predictive strategy and have fewer effects on the current systems.

3.4 Research Questions (RQ)

1. What are the shortcomings of current wheat crop yield prediction techniques?

2. How to effectively and accurately predict on-ground wheat production using Deep
Learning, Machine Learning, and Remote Sensing techniques in the scenario of South
Punjab, Pakistan?
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”Controlled Experiment” is the most appropriate approach for this investigation. Exploring the re-
lationship between conditions and logical outcomes is done in a controlled experiment. Create the
research procedure utilizing a framework for software engineering. Using many fields including
software engineering, remote sensing, deep learning, and machine learning, it is a hybrid method.
There are several first steps.

The most crucial elements in our research are those that impact wheat crop output. Therefore,
we use a variety of techniques for the collecting of data, including conducting the SLR process
shown in Figure 4.1, ethnographic research (which comprises seeing people in their natural habitat
to understand their experiences, opinions, and daily routines), and questionnaires. To collect and
analyze Factors, we use SLR.

4.1 Conducting Systematic Literature Review SLR

We conducted a systematic literature review (SLR) to comprehensively examine the application
of machine learning (ML), Deep Learning and Remote Sensing in crop yield prediction. SLRs
offer a structured approach to identify, gather, and synthesize all relevant studies from electronic
databases. This method allows us to address specific research questions and identify potential
gaps in existing research, providing guidance to both practitioners and researchers interested in the
field. Through the SLR methodology, we collected and analyzed a wide range of studies related
to ML & DL techniques applied to crop yield prediction. By synthesizing the findings, we aim to
offer new insights and perspectives on the current state-of-the-art in this area. Our review serves
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Figure 4.1: SLR Process of factor Collecting
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as a valuable resource for newcomers to the field, offering a comprehensive understanding of the
existing research landscape and highlighting areas where further investigation is warranted.

4.1.1 SLR Methodology

4.1.1.1 Review protocol

Prior to initiating the systematic review, a review protocol was established following established
guidelines. This involved defining research questions that guided the review process. Once the
research questions were formulated, relevant studies were identified using databases including
Science Direct, Scopus, Web of Science, Springer Link, Wiley, and Google Scholar. Following the
selection of relevant studies, a filtration process was applied, assessing them against predetermined
exclusion and quality criteria. This ensured that only studies meeting the specified criteria were
included in the review, maintaining the integrity and rigor of the analysis. The initial stage in-
volves planning the review, encompassing the identification of research questions, development of
a protocol, and subsequent validation to ensure the feasibility of the approach. Following this, the
review progresses to the second stage, which involves conducting the review. During this phase,
publications are systematically selected from various databases. Data extraction is then carried
out, involving the collection of information such as authors’ details, publication year, publication

type, and other pertinent information related to the research questions.

4.1.1.2 Research questions

This systematic literature review (SLR) aims to gain insight into the studies published in the in-
tersection of machine learning (ML) and crop yield prediction. To achieve this goal, the review
analyzes studies from multiple dimensions. Four research questions (RQs) have been formulated
for this SLR:

» RQ1: What machine learning algorithms are utilized in the literature for crop yield prediction?
s RQ2: What features are employed in the literature for crop yield prediction using machine
learning?

« RQ3: What evaluation parameters and approaches are employed in the literature for crop yield
prediction?

« RQ4: What are the challenges encountered in the field of crop yield prediction using machine
learning?
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4.1.1.3 Search strategy

To narrow down the search and focus on relevant concepts for this review, an initial automated
search was conducted. The search query “machine learning” AND yield prediction” was em-
ployed across six databases. Abstracts of retrieved articles were scrutinized to identify synonyms
of the keywords. Following the application of exclusion criteria and processing of results, a more
refined search string was formulated to capture a broader range of relevant studies. The final search
string adopted was: ((“machine learning” OR “artificial intelligence””) AND “data mining” AND
(“yield prediction” OR *“yield forecasting” OR “yield estimation”)). This search strategy yielded
567 studies for further examination.

4.1.2 SLR Results.

The selected publications are shown in Table 4.1.

Table 4.1: Distribution of papers based on the databases.

Database # of initially papers # of papers after exclusion criteria Papers (%)
Science Direct 17 4 2

Scopus 68 11 22

Web of Science 32 0 0

Springer Link 132 10 20

Wiley 20 1 80

Springer Link 298 10 2

Google Scholar 567 24 48

Total 2013 50 100

Table 4.2 illustrates the frequency of usage for various groups of independent features, including
soil and crop information, humidity, nutrients, and field management. It is evident from the table
that the most frequently utilized feature groups are those associated with soil, solar, and humidity
information.

Table 4.3 show which Machine Learning and Deep Learning algorithm how many time used in
literature .

4.1.3 List of Variables/Factors identified from SLR

» Soil Information
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Table 4.2: Grouped features of Factors.

Group # of times used

Soil information 54
Solar information 48

Humidity 30
Nutrients 132
NDVI 20

Crop information 45
Field management 12
Other 40

Table 4.3: Most used machine learning & Deep Learning algorithms.

ML & DL algorithms mostly Used # of times used

Neural Networks 27
Linear Regression 414
Support Vector Machine 30
Randome Foresr 32
CNN 20
ANN 10
RNN 12
LASSO 11
Other 10
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* Solar
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Crop Information
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4.2 Pilot Study

Some Data collected from the pilot study for collecting factors show in Figure 4.2.

4.3 Farmers Interview

During the trips to the farmers’ fields, interviews were conducted with the farmers. Every farmer
was given a questionnaire (Appendix A & B) with information on their name, contact information,
area of wheat cultivation, previous crop cultivation, type of wheat grown, date of transplantation,
irrigation source, amount and type of fertilizer used, pests and diseases, date of harvest, and yield
attained. We compare these factors after extracting the data from the literature using a systematic
review procedure and collecting the factor data following a pilot research study. We inspect, con-
firm, and validate if these factor data are present in the same or a different form in our immediate
surroundings.

4.4 Domain Analysis for Factor Data Validation & Verification

In the future, we will conduct an ethnographic study to validate and verify those characteristics in
a real context through an interview, a survey, or another method. Differences between pilot study
variables like environment and culture and SLR variables are shown in Figure 4.3.
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Figure 4.2: Pilot Study Process
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Figure 4.3: Validation and Verification of domain analysis process

4.5 Controlled Experiment

Next, we’ll conduct a controlled experiment to collect raw data from wheat crop photos, includ-
ing LANDSAT 8 remote sensing maps with various types, formats, and geographic and temporal
resolutions.

In the second stage, RS and GIS processes such as clipping, training data, and classification are
performed. The raw data is subsequently transformed into a more usable format by processing it
and, if necessary, performing feature extraction. Gather information on elements that impact crop
production in the third phase, such as soil data, weather data, and other factors. After extracting RS,
GIS, and factor data, the proposed Deep Conventional Neural Network CNN-RNN [1, 2] method
will be used in step four to estimate and predict the gap in wheat crop yield after the dataset has
been verified and validated. We obtained our wheat crop production quantity after implementing
the suggested deep learning approach. Many machine-learning techniques are now employed to
forecast wheat crop production.

4.6 Fieldwork (to confirm the findings)

We compare the data that our suggested approach extracts with the current technique’s data.

Crop yield estimates in several nations, including Pakistan, rely on conventional methods of in-
formation gathering and on-the-ground field reports from Crop Reporting Service Punjab. We
eventually determine the real difference in wheat crop production by comparing the data acquired
from our suggested approach with Crop Reporting Service Punjab.
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4.7 Factor Dataset in diagrammatic form

Figure 4.4: Internal Factors

Here internal and external factors affected by wheat crop yield production are shown in Figure 4.4
and Figure4.5.

In the future, we will undertake ethnographic studies like interviews, surveys, and inquiries for

deep domain analysis in the actual environment, after which factors may become more important.

This is vital to perform a deep study to verify and validate variables.

4.8 Framework Process Diagram

Figure 4.6 shows the overall progress of the Framework diagram of wheat crop yield prediction

using Machine Learning, Deep Learning, Remote sensing, and climate factors.
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Figure 4.6: Framework Process Diagram
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Chapter 5

Data Collection , Materials & methods

This section describes the strength of our research: how we collected these vast amounts of data
and created our Dataset and also methodology.

5.1 Data Collection

Data on wheat were gathered for the inquiry in the Punjab province of Pakistan from 2017 to 2022.
The dates of planting, growth, overwintering, returning green, jointing, smooth development, and
reaping were included in this information. The daily leaf territory list and soil field capacity were
computed using these dates, and the water-restricted potential generation was calculated using
those results. Here are some weather statistics for the wheat-growing season. High-density raster
photographs of the target region, which will be located at latitude 29.848212 N and longitude
71.263367 at an elevation of 423 feet (129 m) above sea level, were among the data that were
made available for this study. According to Crop Report, it has a semi-arid climate typical of
Multan District, Punjab, Pakistan, with an area of 3,721 square kilometers and a total area of 437
acres according to Crop Report Services Punjab. 26.2 C and 304 mm of precipitation fall each
year, respectively. More precipitation falls throughout the summer than during the winter months.
Between November and January, the mean maximum and minimum temperatures gradually start
to fall and then start to climb. Multan’s topsoil is made up of silt, which is a very fine sand. There
is a mixed trimming zone in Multan where crops including sugarcane, maize, wheat, and rice
are grown. In general, there are more downpours throughout the summer than during the colder
months. Figure 5.1 show Wheat growing area in Multan district.
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Multan Wheat growing area.
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Figure 5.1: Map showing wheat-growing area of Multan district.
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Figure 5.2: Multan Wheat Crop area from 2017 to 2022

5.1.1 Crop yield data

We collect the actual crop yield production dataset including wheat crop area, Wheat crop Pro-
duction per acre, and wheat production in a tone of Multan district of the last six years from Crop
Reporting Services, Government Punjab Pakistan.

Figure 5.2 illustrates the wheat crop area in Multan from 2017 to 2022, provided by Crop Report
Services Punjab, Pakistan.Figure 5.3 shows the wheat crop yield per acre for the same period
and location, based on Crop Report Services Punjab data. Additionally, Figure 5.4 displays the
total production of wheat crops in Multan from 2017 to 2022, sourced from Crop Report Services
Punjab, Pakistan.

5.2 Meteorology data

This data was collected by the POWER Data Access Viewer https:/power.larc.nasa.gov/data-
access-viewer/ and also gets weather dataset from the Pakistan Meteorological Department Gov-
ernment of Pakistan for cross-validation and also downloaded from It is the most common and
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Average Wheat Crop in Multan South Punjab
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Figure 5.3: Average wheat crop yield in Multan from 2017 to 2022
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Figure 5.4: Wheat crop Production in Tons from 2017 to 2022
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Figure 5.5: Average Temperature & Precipitation from 2017 to 2022

most important feature for any agricultural production. Climate change threatens the crop produc-
tion systems of our staple crops (wheat, comn, cotton, rice, and sugar cane). A temperature rise of
3°C is projected by 2040, and a temperature rise of 5-6°C is projected by the end of this century,
resulting in a loss of up to 50% in wheat productivity in Asian countries. Pakistan’s geographical
location will make this loss even greater position. Here it is Features considered for research.

5.2.1 Maximum temperature

Every year, Pakistan experiences a dramatic increase in temperature. Plants have photosynthetic
activities that start and end at particular temperatures. So you can see why this metric is one of the
key variables in predicting crop production.
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Figure 5.6: Temperature, Rainfall, and sunshine in the target area.

5.2.2 Minimum temperature

For predicting agricultural yield, this factor is also crucial. Make sure you are aware of whether
your plants are developing optimally by using the average minimum temperature for the area. If
not, plant development may be hampered. Between November and January, the mean maximum

and minimum temperatures begin to steadily decline before rising.

3.2.3 Average rainfall

Multan District is a lowland locality. In the case of heavy rain, this may occur, Flooding is likely.
When plants receive too much soil if you give a lot of water when it rains, the plants won’t get
enough oxygen from the soil. Therefore, moderate yields are required to obtain high crop yields
Rainfall maximizes crop productivity show in Figure 5.6.

5.2.4 Humidity

Humidity is a crucial element for data analysis. It significantly affects the growing of plants. In
general, moisture supports our environment’s water cycle process. Plants grow in a particular way.
Humidity: Enables you to understand how the humidity influences our agricultural zone’s growth

rates and how much it impacts it.
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5.2.5 Precipitation

Precipitation refers to any liquid or frozen water that condenses in the atmosphere and falls to
Earth. On a global scale, it is one of the three critical stages in the water cycle. This statistic is also
essential for calculating wheat crop yield show in Figure 5.5. Multan’s soil is silt dirt or very fine
sand. A mixed management zone exists in Multan where wheat, rice, maize, sugarcane, etc. are
produced. The soil in the Multan district was a clay loam with a field capacity of 45 to 56% and a
pH value of 8.

5.3 Soil data

Since soil is the foundation for crop growth, its characteristics have a significant impact on how
plants grow and produce grain. In the study of data-based applications for precision agriculture,
modeling frequently has soil and its characteristics as a focus. Type of soil, pH, cation exchange
capability, and position are examples of specific spatial soil properties. Overall, it was found that
data aspects relating to soil were more frequently found in the papers under consideration. These
characteristics were noted 54 times as crop production predictors, whereas solar information, the
second-most often seen group, was noted 39 times in the same context. In the research we analyzed,
soil data was also used as a predictor and predicted values. The data was collected by the Punjab
Soil Fertility Authority in Multan, but the problem was that this data was all in a distributed format.
Therefore, you should ensure that all data are in the correct format. These are the factors we
considered for our thesis.

5.3.1 Soil moisture

Soil moisture is an important variable in water exchange and control of soil moisture. Thermal
energy between the surface and the atmosphere evaporation and plant transpiration. Soil moisture
plays an important role in plant production or crop yield. [55]

5.3.2 Soil consistency

This is the strength of whether the material is soil material or soil material. Nutrient sticks can
occur if the soil is damp Consider stickiness. This is a very important parameter for our predictive
model.
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5.3.3 Soil reaction

The same is true for soil reactions and soil pH, which is also important Ability to measure the
acidity or alkalinity index of a substance floor. The scale is 0-14. PH 7 is the neutral point [35].

5.3.4 Soil texture

The classification of soil types according to their physical texture is known as soil texture. There
are three different kinds of sol particles.

* Sand
* Silt
* Clay

Table 5.1: Soil properties of experimental sites at Multan at depths of 0 to 120 cm.

Soildepth BD LL DUL SAT RR OC PH NH NO3

0-10 143 012 028 035 1 243 675 0.83 4.83
20-30 1.57 013 029 036 0.78 227 657 043 4.17
20-30 16 013 031 038 077 16 634 032 43
30-45 172 0.12 033 038 073 06 62 03 42
45-60 172 0.12 033 039 072 055 6.07 033 42
60-90 173 0.13 038 041 069 037 57 03 407

90-120 179 0.13 038 04 068 032 55 029 357

Note : Soil depth(cm) & Bulk Density BD(cm) & lower limit LL(mm) & drained upper limit
DUL(mm) & SAT(mm) & RR & OC(mg) & PH & NH(mg) & NO3(mg)

5.4 Seed data

Seed Data collect from the Punjab seed department which is also the most important actor in crop
yield production.
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Table 5.2: Wheat Seed Variety and area recommended Source

Variety Year of Release Sowing Time Yield (Maund) Recommend Areas
Akbar 2019 Ist Nov-10th Dec 2019 76 Areas of Punjab
Anaj 2017 1st Nov-10th Dec 2017 76 Areas of Punjab
Ujala 2016 1st Nov-10th Dec 2016 68 Areas of Punjab
Galaxy 2013 1st Nov-10th Dec 2013 80 Areas of Punjab

5.5 Chemical fertilizer

This data was collected by the Punjab Agricultural Department. Depending on the chemical fertil-
izers in the soil, how can be analyzed? A change in this value can have a real impact. Here it is the
features collected for the paper.

5.5.1 Urea

Urea is a white crystalline soil that contains 46% nitrogen and could be. It is considered an organic
fertilizer. Both things happen when urea is applied to the soil and converted into ammonia and
nitrogen needed by plants.

5.5.2 Phosphate

One of the earliest fertilizers with a high phosphorus analysis was phosphate. Along with nitrogen
and potassium, fertilizers frequently supply significant phosphorus quantities [56]. For the plant to
receive the most benefit from phosphate, which is a popular synthetic phosphorus fertilizer high in
phosphate, it must be applied correctly.

Table 5.3: Recommendation of Fertilizer dosages based on fertility land and crop stage

Land Fertility Fertilizer Dosages at Sowing Time Dosages at 1st or 2nd Irrigation
Low DAP =2 bags Urea = 0.5 bag Phosphate = 1 bag Urea = 1 bag

Medium DAP = 2 bags Urea = 0.5 bag Phosphate = 1 bag Urea = 0.75 bag

High DAP = 1 bag Urea = 0.5 bag Phosphate = 1 bag  Urea = 0.5 bag
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3.6 Yield maps & remote sensing overview

Figure 5.7 shows the overall framework process in a scientific model that shows a Raster Landsat
image is collected from satellite USGS, then processed that raster image is to calculate NDVI
values for the dataset, after that collet factor dataset from different sources, and then ML and DL
techniques apply that dataset after Training the dataset with ML techniques and finding results
in the form of predicting wheat crop yield. It tends to rain more heavily in the summer than in
the winter. The normalized difference vegetation index (NDVI), show in Figure 5.7 which can be
obtained from the United States Geological Survey (USGS), is a simple graphical indicator that can
be used to analyze remote sensing measurements and determine whether the target being observed
contains live green vegetation or not. Typically, but not always, this analysis is done from a space
platform. The selected NDVIs were used to develop yield forecasting.
NIR — Red

NOVI= STRT Fed ©-D

NDV=(0.2839505 - 0.2244924) / (0.2839505 + 0.2244924)
NDVI = (0.0594581) / (0.5084429) = 0.1169415484019936.

3.7 Deep Neural Network (RNN ,ANN& CNN) Process

A deep neural network [49] is a neural network with more than two layers and a specific degree
of complexity. We put up our important deep neural network using the [56] back propagation ap-
proach and employed three hidden layers to calculate the precise cost of our yield. Using only 1
covered layer while dealing with monster gap information might occasionally result in low accu-
racy. Even while adding additional hidden layers could increase processing costs, the likelihood
of a huge amount of information is increased. Figure 5.9 shows overall complete process of wheat
crop yield process.

5.8 Limitation and Scope of research

A total number of 58 different factors were taken from the literature research and a pilot assessment
of the immediate surroundings. Crop yield can be influenced by a multitude of factors, ranging
from environmental conditions to agricultural practices. Some are relevant and some are irrelevant
factors.
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Figure 5.7: Landsat 8 Images from Satellite https://earthexplorer.usgs.gov/ USGS.
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Figure 5.8: A simple Deep Neural Network model [5]

* Climate: Temperature, precipitation, humidity, and sunlight play crucial roles in crop growth.
Variations in climate patterns can significantly impact yield.

* Soil Quality: Soil composition, fertility, pH level, and nutrient content affect the growth and
health of crops. Proper soil management is essential for optimizing yield.

Water Availability: Adequate water supply is essential for crop growth. Irrigation systems
and water management practices are critical, especially in regions with limited rainfall.

Pest and Disease Management: Effective pest control measures and disease management

strategies are necessary to prevent crop damage and maximize yield.

* Crop Variety:The choice of crop variety or cultivar can influence yield. Selecting varieties
that are well-suited to local environmental conditions can improve productivity.

* Fertilization: Proper fertilization with essential nutrients such as nitrogen, phosphorus, and
potassium can enhance crop growth and yield.

Focusing on the 20 most pertinent factors for our local environment is a practical approach to
studying and understanding the dynamics of crop yield in study area. By prioritizing these factors,
we can allocate resources more efficiently and make informed decisions to optimize agricultural
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Figure 5.9: Overall crop yield prediction Process
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practices. It’s essential to thoroughly analyze how each of these factors interacts with one another
and impacts crop productivity.

When building a machine learning model for crop yield prediction, selecting the right features (or
factors) is crucial for the model’s performance and interpretability. The choice of features depends
on various factors such as data availability, domain knowledge, and the specific objectives of the
prediction task. Using a subset of features from a larger set of potential factors offers several ad-
vantages:

Reduced Dimensionality: Including all available factors may lead to a high-dimensional feature
space, which can increase computational complexity and the risk of overfitting. By selecting a
subset of relevant features, you reduce the dimensionality of the problem, making the model more
tractable and less prone to overfitting.

Improved Model Generalization: Including irrelevant or redundant features can negatively im-
pact model generalization by introducing noise into the data. By selecting only the most informa-
tive features, you improve the model’s ability to generalize to unseen data.

Interpretability: A smaller set of features can lead to a more interpretable model. It’s easier
to understand and explain the relationships between a smaller number of input variables and the
predicted outcome, which is important for stakeholders in agriculture who may not be machine
learning experts.

Computational Efficiency: Training a model with fewer features typically requires less computa-
tional resources and time, which is advantageous, especially in resource-constrained environments.
Domain Relevance: Not all available features may be relevant for predicting crop yield. By care-
fully selecting features based on domain knowledge and empirical evidence, you ensure that the
model focuses on factors that are known to influence crop yield.

The specific subset of features chosen for crop yield prediction would depend on factors such as
the type of crops being studied, the geographic region, the availability of data, and the objectives
of the prediction task. It often involves a combination of weather variables, soil characteristics,
agricultural practices, and historical yield data. Feature selection techniques such as correlation
analysis, feature importance ranking, and domain expert consultation can help identify the most
relevant factors for the prediction task. However, the 20 factors that are most pertinent to our local
environment represent the limit of our study. In the literature research, there were many machine
learning and deep learning techniques, but our study was only able to use 3 machine learning
(SVM,RF and LASSO) and 3 deep learning techniques (CNN,RNN and ANN).Table 5.4 shows all
input variable that are required for crop yield prediction of wheat and their sources. Using various
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machine learning and deep learning algorithms like SVM, RF, LASSO, CNN, ANN, and RNN for
crop yield prediction of wheat in Pakistan offers several benefits:

Diverse Data Representations: Wheat yield prediction can benefit from leveraging diverse data
sources such as weather data, soil properties, agricultural practices, and historical yield data. Each
algorithm may excel at capturing different aspects of these data representations. For example,
SVM and RF can handle numerical and categorical features effectively, while CNN can extract
spatial patterns from satellite imagery, and RNN can capture temporal dependencies in time-series
data.

Model Flexibility and Interpretability: Different algorithms offer varying degrees of model flex-
ibility and interpretability. SVM and RF provide straightforward decision boundaries and feature
importance rankings, making them interpretable models. LASSO offers a sparse model represen-
tation, which aids in feature selection and model interpretability. On the other hand, CNN, ANN,
and RNN can capture complex non-linear relationships in the data, potentially leading to higher
predictive accuracy.

Handling Non-linearity and Temporal Dependencies: Crop yield prediction involves complex
relationships between input features and yield output, including non-linear patterns and temporal
dependencies. Algorithms like SVM, RF, CNN, ANN, and RNN are capable of capturing these
complexities to varying extents. RNN, in particular, is well-suited for handling time-series data and
capturing temporal dependencies, which are crucial for modeling seasonal variations and trends in
wheat yield.

Robustness and Generalization: Comparing the results with Crop Report Services Punjab pro-
vides an opportunity to assess the robustness and generalization capabilities of the machine learn-
ing models. By comparing model predictions with ground truth data from authoritative sources like
Crop Report Services Punjab, researchers and practitioners can evaluate the models’ performance
under real-world conditions and identify areas for improvement.

Validation and Benchmark: Comparing the results with Crop Report Services Punjab serves as a
form of validation and benchmark for the machine learning models. It allows researchers to assess
whether the models’ predictions align with official crop yield statistics, providing confidence in the
models’ accuracy and reliability. In summary, leveraging a combination of machine learning and
deep learning algorithms for wheat yield prediction in Pakistan, along with comparing the results
with authoritative sources like Crop Report Services Punjab, offers a comprehensive approach to
accurately estimate crop yields, understand model behavior, and validate model performance under
real-world conditions.
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5.8.1 Scope of factors

* Weather (Minimum Temp, Maximum Temp, Average Temp, Humidity, Precipitation, Sur-
face Pressure, Wind Speed)

* Yield (Area, Yield in acre, Yield in tones)

Soil (depth cm, Texture, Moisture, DUL)
* Date (Sowing, Harvesting, Fertilizer, Irrigation)

» Solar

NDVI Value

5.8.2 Machin Learning and Deep Learning methods
* Support Vector Machine (SVM)
* Random Forest (RF)
* Least Absolute Shrinkage and Selection Operator (LASSO)
* Convolutional Neural Network (CNN)
* Recurrent Neural Network (RNN)
* Artificial Neural Network (ANN)

Table 5.4: Input data and their variables for Framework

Category Variables Duration Source
Crop Wheat Area Yield, Area Yearly CRS

Satellite Data NDVI Yearly USGS

Climate Data Weather Data Daily Meteorological Dept
Soil Data Soil Type, pH Yearly Soil Fertility Authority

Table Table5.4 presents a summary of all the input variables.
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Methodology, Process, Results and Analysis

6.1 Solution of problem 1

What are the shortcomings of current techniques for wheat crop yield Prediction?

All the limitations and shortcomings are already discussed in the literature review section in de-
tail. For the development of food security, a thorough understanding of the dynamics involved in
food production is essential [56-59]. It has been shown that a considerable decrease in poverty
results from an increase in agricultural production. The amount of harvested crop product in a
given area is known as yield, and it depends on several variables [60]. These variables may be
divided into three main categories: technological (such as management decisions and agricultural
practices), biological (such as illnesses, insects, pests, and weeds), and environmental (such as
weather, soil fertility, terrain, and water quality). These factors account for yield differences from
one region to another worldwide [61].Most of the studies [62] on the effects of weather and cli-
mate on food production have investigated their effects on crop yields. However, climate influences
all aspects of crop production, including acreage (area grown or harvested) and cropping intensity
(number of crops grown per year). This framework has different steps and processes for wheat crop
yield prediction. For example, the 2012 U.S. drought, the 2010/2011 heat wave, the subsequent
Russian wheat embargo, and the 2006/2007 and 2007/2008 Australian droughts all contributed
to declining grain stocks and sharply rising food prices. They are likely to be connected. Food
affordability is deteriorating for many consumers, including the poor, in import-dependent coun-
tries [63, 64]. The table compares different countries’ months of sowing and harvesting because
of different factors (weather conditions). Therefore, the main purpose of this study is to exam-
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Table 6.1: Comparison of different countries’ sowing and harvesting month

Country Sowing Harvest Month Difference Reference
Month

Pakistan November April

China October June Temperature, Rainfall, | [35]
Soil Property, former
behavior

Western April-June October-January Temperature, Rainfall, | [56]

Australia Soil Property, former
behavior

South Aus- | April-June October-December | Temperature, Rainfall, | [56]

tralia Soil Property, former
behavior

Canada May August-October Temperature, Rainfall, | [57]
Soil Property, former
behavior

India November April Temperature, Rainfall, | [58]
Soil Property, former
behavior, Management
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ine, through a literature review that compiles available information on the impact of climate on
each component of crop production in the past, how weather and climate affect planted area and
intensity. It’s about revisiting our current understanding of what it means to give.

However, here we differentiate that most factors, such as weather conditions, soil, and water man-
agement systems in Pakistan and other countries, are different. For these reasons, we developed a
Pakistan wheat crop yield prediction framework using remote sensing and deep learning—a Case
of South Punjab, Pakistan.

6.2 Solution of problem 2

How to effectively and accurately predict on-ground wheat production using Deep Learning,
Machine Learning, and Remote Sensing techniques in the scenario of South Punjab Pak-
istan?

Agricultural productivity plays a vital role in meeting the growing global demand for food. Accu-
rately estimating crop yields is essential for effective agricultural management, resource allocation,
and food security. Traditional yield estimation methods have relied on manual data collection and
statistical models. However, with the advent of machine learning and deep learning techniques,
there are new opportunities to leverage remote sensing data and advanced algorithms to enhance
yield estimation accuracy and scalability. This research aims to explore and compare six different
methods for wheat yield estimation: Support Vector Machine (SVM), Random Forest, Lasso Re-
gression, Convolutional Neural Network (CNN), Recurrent Neural Network (RNN) and Artificial
Neural Network (ANN) [65]. Each method brings unique strengths and capabilities, allowing us
to analyze their effectiveness in predicting wheat yield across a study area.

6.2.1 Exploratory Data Analysis (EDA)

Before using machine-learning methods, which may be used to reduce input dimensionality and
incorporate expert domain knowledge, exploratory data analysis (EDA) is a crucial step. EDA
may measure the correlation between several potential independent factors and the dependent vari-
able or variables, in addition to dimensionality reduction and the selection of the most suitable
inputs. This can aid in the subsequent interpretation of findings from machine-learning algorithms
[66].Exploratory Data Analysis (EDA) for wheat crop yield estimation involves understanding the
dataset containing factors that may influence wheat crop yield through statistical and visualization
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techniques. Feature selection, on the other hand, is the process of selecting the most relevant fea-
tures (or factors) from the dataset to use in predictive modeling for wheat crop yield estimation.
We performed EDA for climatic variables in this case. Based on the domain expertise, we ini-
tially separated the climatic variables into 4 groups for the EDA. The four groups are, in order, as
follows:

1. Variables related to water supply, such as precipitation (Pre).

2. Variables related to temperature, such as mean temperature (Temp), minimum tem-
perature (Tmn) and maximum temperature (Tmx).

3. Variables related to water demand, such as potential vapor pressure and
4. Variables related to radiation, such as solar.

Then, we computed correlations between each variable and the wheat yield as well as between the
variables themselves [67]. To reduce the impact of each variable’s seasonal cycle, we conducted
correlation analysis using the mean value of each variable from November through April, the
growth season. Finally, out of all the climatic variables, we chose the inputs for the machine
learning algorithms based on the following criteria: In addition to including climate factors that
correlate with the previously chosen variable [68, 69] in the same group below a predetermined
threshold (0.5 in this study), we chose the climate variables that had the highest absolute correlation
with yield in each group. Table 6.1 shows the overall comparison of factors in the scenario of
exploratory data analysis (EDA) For the weather data, the average output across the weeks is used
in the graph. Based on Table 6.1, the yield value has the highest correlation with flowering and
harvest day of the year and relative humidity. There is a high correlation observed between relative
humidity and sowing, flowering, and harvest day, and radiation values.

Figure6.1 shows the overall framework process in a scientific model that shows how Raster Landsat
image is collected from satellite USGS, how to process that raster image to calculate NDVI values
for the dataset, how collet factor dataset from different sources, and how machine learning and
Deep learning techniques apply that dataset. After Training the dataset with machine learning
and deep learning techniques and finding results in the form of predicting wheat crop yield. By
integrating EDA with feature selection, you can identify the most relevant factors affecting wheat
crop yield and streamline the modeling process by focusing on these factors. This can lead to more
accurate predictive models for wheat crop yield estimation, benefiting agricultural decision-making
and planning.
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Figure 6.3: Land Use Land Cover (LULC) of Study area Multan from 2017 to 2022

6.2.2 Land Use and Land Cover Map of wheat study area multan district

Figure6.3 shows Land Use Land Cover (LULC) of Study area Multan and classification of dif-
ferent crop from 2017 to 2022. First, SVM and Random Forest, both powerful machine learning
algorithms, are implemented in Google Earth Engine (GEE) [70]. GEE’s cloud-based processing
capabilities enable the efficient analysis of large-scale datasets, making it an ideal platform for
handling remote sensing data. SVM and Random Forest models are trained to predict wheat yield
using a combination of spectral indices and spatial attributes. Moving on to deep learning, CNN
is applied to the analysis of high-resolution satellite imagery. CNN’s ability to automatically learn
relevant features from images makes it well-suited for identifying crop health indicators that cor-
relate with yield potential. The model is trained on a dataset of georeferenced wheat field images,
enabling it to recognize patterns and characteristics indicative of crop performance. To address
time series data, RNN is employed, capitalizing on its sequential learning ability. Historical yield
data collected over multiple time steps is utilized to train the RNN, enabling it to capture temporal
dependencies and long-term patterns [71]. The model learns to predict future yield values based
on the observed past yields and other relevant temporal features. In contrast to deep learning mod-
els that process image or sequential data, ANN focuses on tabular data representing wheat field
features. The ANN architecture is designed to accommodate spatial attributes, such as soil type,
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irrigation, and elevation, along with other pertinent factors contributing to yield variability [72].
Finally, Lasso Regression is employed in ArcMap to perform both feature selection and regression.
The analysis produces thematic maps displaying the spatial distribution of predicted wheat yields
across the study area. Regression graphs are generated using Excel to visualize the Lasso Regres-
sion’s performance in predicting yield values in comparison with actual ground truth data [73].
This comprehensive study showcases the potential of machine learning and deep learning methods
in wheat yield estimation. By comparing the accuracies, advantages, and limitations of each ap-
proach, this research aims to contribute valuable insights for agricultural decision-makers, enabling
them to make data-driven and precise choices to optimize crop productivity, resource management,
and food supply chain planning. Ultimately, harnessing the power of these cutting-edge techniques
has the potential to revolutionize crop yield estimation and contribute to a sustainable and resilient
agricultural future.

6.2.3 Support Vector Machine (SVM) for wheat yield estimation of multan
south punjab

Support Vector Machine (SVM) is a powerful supervised machine learning algorithm widely used
for classification and regression tasks. In the context of wheat yield estimation, SVM proves to
be a valuable tool for predicting crop yields based on input features and historical yield data.
The fundamental concept behind SVM is to find the hyperplane that best separates data points
belonging to different classes. In regression, SVM aims to find the hyperplane that maximizes
the margin between the predicted values and the actual data points. This hyperplane acts as the
decision boundary, helping the model make predictions for unseen data [74]. For SVM-based
wheat yield estimation, the input dataset consists of spatial attributes of wheat fields, such as soil
characteristics, weather conditions, and land cover, along with historical yield data collected from
previous harvests. The goal is to train the SVM model on this dataset to learn the relationships
between the input features and yield values. SVM works effectively in high-dimensional feature
spaces, making it suitable for handling the variety of spatial attributes that influence wheat yield.
By employing the kernel trick, SVM can transform the input features into a higher-dimensional
space, allowing it to capture complex relationships and nonlinear patterns in the data. To evaluate
the SVM model’s performance, the dataset is split into training and testing sets. During training,
the SVM algorithm optimizes the hyperplane’s position to minimize the error between predicted
and actual yield values. The trained model is then tested on the unseen data in the testing set to
assess its predictive accuracy. However, SVM may not perform optimally when dealing with large
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datasets, as its computational complexity increases with data volume. In such cases, other methods
like Random Forest can offer an alternative approach to wheat yield estimation. We used Landsat 8
Collection 2 Tier 1 TOA Reflectance imagery from GEE covering the study area in Multan District.
The imagery is filtered to obtain cloud-free scenes for March 2017 to 2022, representing a time
series of wheat growth [74]. The study area (ROI) is delineated as the region of interest, and spatial
attributes of wheat fields are derived from the imagery.

6.2.3.1 Training data generation

We constructed a training dataset by merging feature collections representing water, urban, barren
land, wheat fields, and other crop classes [75]. We extracted relevant bands from the Landsat 8 im-
agery, including B2 (blue), B3 (green), B4 (red), B5 (near-infrared), and B7 (shortwave infrared).
The training dataset includes spatial attributes and corresponding land-use land-cover (lulc) labels
show in Figure6.3.

6.2.3.2 Support Vector Machine (SVM) model

We trained an SVM model on the training dataset using GEE’s SVM classifier [76]. The SVM
algorithm aims to find an optimal hyperplane that separates the wheat yield data points based on
their spatial attributes. It learns to predict wheat yield values from the input features, such as soil
characteristics, weather conditions, and land cover.

6.2.3.3 Wheat yield estimation and visualization

The SVM model is applied to the Landsat 8 imagery to predict wheat yield across the study area.
The classified map displays the spatial distribution of wheat yield values, providing valuable in-
sights into crop productivity variations. The results are visualized using a color palette to represent
different wheat yield levels. Over the analyzed six-year period, from 2017 to 2022, wheat cul-
tivation in Multan District exhibited fluctuating trends in terms of area and yield. Despite these
variations, the wheat yield per acre showed a more stable pattern, ranging from 35 monads per acre
in 2019 to 41 monads per acre in 2018. This suggests that although the cultivated area changed
over the years, the productivity per acre remained relatively consistent. Total yield, which accounts
for both the area and per acre yield, experienced similar fluctuations. The total yield reached its
highest point in 2018, at 932.01 tons, and dipped to its lowest in 2022, at 639.80 tons. It is note-
worthy that the total yield in 2022 saw a decline even though per acre yield was relatively high
at 37 mound. This indicates that the reduction in the cultivated area had a significant impact on
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Wheat Yield Estimation Through svm
2017 2019

Figure 6.4: Wheat Yield pattern from 2017 to 2022 in district Multan using SVM
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the overall wheat production. Despite the fluctuations, the overall wheat yield in Multan District
remained relatively stable during this time frame. Understanding these trends in wheat production
is vital for policymakers and agricultural authorities to implement strategies that optimize crop cul-
tivation, address challenges, and ensure sustained wheat productivity in the region. By leveraging
machine learning techniques [77] like Random Forest and monitoring yield trends, stakeholders
can make data-driven decisions to support agricultural development and food security initiatives in
the Multan District. To analyze the trends in wheat yield, we compiled wheat production data for
the years 2017 to 2022. Table 6.2 presents the wheat area (in acres), yield per acre (tons), and total
yield (tons) for each year. We examine the overall increase in wheat yield over the six years and
explore the factors contributing to this growth.

Table 6.2: Wheat Yield in Multan District (2017 - 2022) Predicted by SVM

Year Area (acres) Per Acre Yield (mound/acre) Total Yield (tons)

2017 543.7 39 848.17
2018 568.3 41 932.01
2019 519.7 35 727.58
2020 519.7 36 748.37
2021 531 38 807.12
2022 432.3 37 639.80

The SVM-based wheat yield estimation demonstrated promising results, enabling accurate predic-
tions based on spatial attributes. The classified map highlights regions with high and low wheat
productivity, aiding agricultural decision-making.

The time series analysis reveals a substantial increase in wheat yield in Multan District from 2017
to 2022, driven by improved wheat varieties, agricultural practices, and favorable climatic condi-
tions show . Table6.3 shows a comparison of SVM predicted data with our benchmark crop report
services CRS provided data.

Note: 1 ton = 22.679 maund.
This growth in wheat production is a positive indicator of food security and economic development

in Pakistan. Here’s a detailed table showing how wheat yield increased with time.

Figure 6.5 shows a comparison of SVM and CRS of all indicators like Area pre acres. Figure 6.6
shows a comparison of SVM and CRS of all indicators yield per acre and total production in tones
from 2017 to 2022 years. Figure 6.7 shows a comparison of SVM and CRS of all indicators total
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Table 6.3: Comparison of SVM and CRS Year wise

Area (acres) Per Acre Yield (mound/acre) Total Yield (tons)

Year

SVM CSR SVM CSR SVM CSR
2017 543.7 469 39 35.2 848.17 616
2018 568.3 471 41 34.8 932.01 612
2019 519.7 461 35 33.8 727.58 582
2020 519.7 410 36 36.9 748.37 564
2021 531 412 38 345 807.12 569
2022 4323 437 37 36.7 639.80 642
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Figure 6.5: Comparison of Area in acres between SVM and CRS from 2017-2022
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Figure 6.7: Comparison of total Production between SVM and CRS from 2017-2022
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production in tones from 2017 to 2022 years.

Table 6.4: RMSE, MAE, and R? for testing and Train data of district-level model performance of
SVM

Year Train R* Test R”Z MAE RMSE
2017 0.89 0.78 0.83 0.03
2018 0.94 0.82 0.91 0.18
2019 0.85 0.75 0.71 0.87
2020 0.96 0.84 0.86 0.12
2021 0.81 0.71 0.57 0.71
2022 1.00 0.88 0.94 0.20

Note: 1 ton = 22.679 maund.

Table 6.4 shows Training and test R2, MAE, and RMSE values generated from the classification
of SVM.

The SVM model demonstrates strong performance across different years.Figure ?? shows R? val-
ues on the test data range from 0.71 to 0.88, indicating good to excellent predictive ability. Mean
Absolute Error (MAE) ranges from 0.12 to 0.94, indicating relatively low errors in predictions.Root
Mean Square Error (RMSE) ranges from 0.03 to 0.87, with lower values indicating more accurate
predictions. Overall, the SVM model performs well across different years, with high R? values and
relatively low errors. Particularly noteworthy is the perfect R? value of 1.00 for the training data in
2022, indicating that the model perfectly fits the training data for that year. However, it’s essential
to ensure that such high performance does not indicate overfitting to the training data, which can
lead to poor generalization to unseen data. Regular validation and testing on independent datasets
are crucial to assess the model’s true performance. The successful application of SVM on GEE for
wheat yield estimation opens avenues for further research in machine learning and remote sensing
applications in agriculture. Future studies can explore the integration of additional data sources,
such as weather data and soil samples, to enhance the accuracy of yield predictions. Addition-
ally, investigating other machine learning and deep learning methods, such as CNN and RNN,
can provide valuable comparisons to optimize wheat yield estimation in the Multan District and
beyond.
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6.2.4 Random Forest (RF) for wheat yield estimation of multan south pun-
Jjab.

Random Forest is an ensemble learning method that constructs multiple decision trees during train-
ing and combines their predictions to produce more robust and accurate results. This technique
addresses some of the limitations of individual decision trees, such as over fitting and bias, by
averaging the predictions of multiple trees. Random Forest is particularly well-suited for complex
datasets with high-dimensional feature spaces and a large number of training samples, making it an
attractive choice for wheat yield estimation, where various factors can influence crop productivity
[78]. In the context of wheat yield estimation, the Random Forest algorithm uses a dataset similar
to SVM, consisting of spatial attributes and historical yield data. During training, the algorithm
builds multiple decision trees by randomly selecting subsets of the training data and features. Each
tree is grown using bootstrapped samples, and at each node, the algorithm selects the best split
among a subset of randomly chosen features. The final prediction from the Random Forest model
is obtained by aggregating the individual predictions of all the trees. This ensemble approach re-
duces the risk of over fitting and enhances the model’s generalization ability. Compared to SVM,
Random Forest typically requires less parameter tuning and handles large datasets more efficiently,
making it suitable for big agricultural datasets. Additionally, Random Forest provides an inherent
feature importance ranking, enabling us to identify the most influential factors affecting wheat
yield. By exploring both SVM and Random Forest methodologies for wheat yield estimation, this
research aims to offer a comprehensive analysis of machine learning techniques’ performance in
predicting wheat yield based on spatial attributes and historical data. The comparison of these
two methods will provide valuable insights into their strengths and weaknesses in the context of
agricultural yield estimation, assisting decision-makers in making informed choices to optimize
crop management and enhance food security. We accessed USGS Landsat 8 Collection 2 Tier 1
TOA Reflecting imagery from GEE [79], spanning Multan District show in Figure 6.8. To ensure
data quality, cloud-free scenes for March 2017 to 2022 are filtered for the time series analysis. The
study area represents the Multan District, and spatial attributes of wheat fields are derived from the
Landsat 8 imagery.

6.2.4.1 Training data generation

We construct a training dataset by merging feature collections representing water, urban, barren
land, wheat fields, and other crops. Extracting relevant bands from the Landsat 8 imagery, includ-
ing B2 (blue), B3 (green), B4 (red), B5 (near-infrared), and B7 (shortwave infrared), we create
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Figure 6.8: Landsat Images collection from USGS of Multan District for collecting NDVI

the training dataset with spatial attributes and corresponding land-use land-cover (lulc) labels. We
train the Random Forest model on the training dataset using GEE’s Random Forest classifier. This
ensemble method constructs multiple decision trees by randomly selecting subsets of the training
data and features. The trees are grown using bootstrapped samples, and at each node, the algorithm
selects the best split among a subset of randomly chosen features.

6.2.4.2 Wheat yield estimation and visualization

The trained Random Forest model is applied to the Landsat 8 imagery to predict wheat yield
across the Multan District. The resulting classified map visually represents the spatial distribution
of predicted wheat yield values. We employ a color palette to distinguish different levels of wheat
productivity show in Figure 6.9. To assess wheat yield trends, we compile wheat production data
for 2017 to 2022. The table presents the wheat area (in acres), yield per acre (tons), and total yield
(tons) for each year. We analyze the temporal variations and growth in wheat yield to gain insights
into the factors contributing to increased productivity.

Note: 1 ton = 22.679 maund.

While SVM and Random Forest both provided accurate predictions, each method has its strengths
and weaknesses. SVM excelled in capturing complex relationships in smaller datasets, delivering
precise yield estimates based on spatial attributes. On the other hand, Random Forest offered
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Wheat Yield Estimation Through Random Forest

-

Figure 6.9: Wheat Yield pattern from 2017 to 2022 in district Multan using RF

Table 6.5: Wheat Yield in Multan District (2017 - 2022) Predicted by Random Forest RF

Year Area (acres) Per Acre Yield (mounds) Total Yield (tons)

2017
2018
2019
2020
2021
2022

479.6
499.6
457.6
457.6
466.9
380.9

34.32
36.08
30.8
31.68
33.44
32.56

658.39
721.02
563.76
579.87
624.53
496.08
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Figure 6.10: Comparison of RF and CRS Area (acre))

robustness and scalability, making it a reliable choice for larger datasets and extensive agricultural

analyses.

Table 6.6: Crop Yield Comparison

Year Area (acres) Per Acre Yield (mounds) Total Yield (tons)

RF CRS RF CRS
2017 479.6 34.32 35.2 658.39 616
2018 499.6 36.08 34.8 721.02 612
2019 457.6 30.8 33.8 563.76 582
2020 457.6 31.68 36.9 579.87 564
2021 466.9 33.44 345 624.53 569
2022 380.9 32.56 36.7 496.08 642

maund.

Note: 1 ton = 22.679

In conclusion, both SVM and Random Forest have demonstrated their efficacy in wheat yield
estimation using remote sensing data and spatial attributes in the Multan District. Figure 6.10
compares RF and CRS of Area in acres from 2017 to 2022. Figure 6.11 compares RF and CRS
per Acre Yield (mound per acre) from 2017 to 2022 years. Figure 6.12 compares RF and CRS of
Total Yield in Tones from 2017 to 2022.

Overall performance accuracy is shown in RMSE, and R? is shown in Figure ?? and Table 6.7. The

increase in wheat yield over the analyzed six-year period reflects the success of improved agricul-
tural practices and favorable environmental conditions. The provided table shows the performance
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Table 6.7: RMSE, MAE, and R? for testing and Train data of district-level model performance of
RF

Years Train R? Test R? MAE RMSE
2017 0.652 0.556 0.53 0.53
2018 0.682 0.582 0.58 0.62
2019 0.622 0.532 047 0.47
2020 0.702 0.603 0.56 0.56
2021 0.592 0.507 0.39 0.39
2022 0.732 0.628 0.6 0.6

metrics of a Random Forest model for district-level prediction across different years.

R? values on the test data range from 0.507 to 0.628, indicating moderate to good predictive ability.
Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) are identical across all years,
which suggests consistent performance in terms of error metrics. The model performs better on the
training data than the test data, as seen from higher R? values for the training data [80]. The Ran-
dom Forest model demonstrates moderate to good predictive ability for district-level prediction,
with relatively consistent performance across different years. However, there is room for improve-
ment, particularly in 2021, where the model’s performance seems to drop. Further analysis may
be needed to understand the reasons behind this performance decrease and refine the model ac-
cordingly. Integrating machine learning techniques with satellite imagery offers great potential for

enhancing agricultural management, ensuring food security, and promoting sustainable practices.

6.2.5 Lasso Regression (Least Absolute Shrinkage and Selection Operator
Regression) for wheat yield estimation of multan south punjab

Lasso Regression is a popular linear regression technique that incorporates regularization and fea-
ture selection to improve predictive models’ accuracy and interpretability. Introduced by Robert
Tibshirani in 1996, It has gained prominence in various fields, including statistics, machine learn-
ing, and data science [81]. It is particularly valuable when dealing with high-dimensional datasets
with many predictors, as it aids in identifying the most influential features while mitigating over-
fitting.

Lasso Regression’s ability to perform feature selection is one of its most appealing aspects. By
setting certain coefficients to zero, the model essentially excludes these predictors from the fi-
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nal prediction equation. This makes the model more interpretable, as only the relevant features
contribute to the output, and the irrelevant ones are effectively discarded. For example, in wheat
yield estimation, Lasso Regression could identify which spatial attributes (e.g., soil characteris-
tics, weather data, and land cover types) significantly impact wheat productivity [82]. This feature
selection process helps understand the key factors influencing the crop yield in the study area.

A time series of wheat yield data for the years 2017 to 2022 is analyzed to examine yield trends
and growth in wheat production. The table presents the wheat area (in acres), yield per acre (tons),
and total yield (tons) for each year, allowing us to observe the changes in wheat productivity over
time.

Table 6.8: Wheat Yield in Multan District (2017 - 2022) Predicted by LASSO

Year Area (acres) Per Acre Yield (mounds) Total Yield (tons)

2017 445.9 3191 569.15
2018 465.2 33.51 623.55
2019 425.3 28.63 487.05
2020 425.3 294 500.15
2021 435.1 31.08 540.92
2022 353.8 30.25 428.10

Note: 1 ton = 22.679 maund.

Lasso Regression has proven effective in predicting wheat yield in Multan District. The feature se-
lection capability of Lasso Regression ensures that only the most influential attributes are utilized,
reducing noise in the data and enhancing model accuracy. The classified maps provide valuable
insights into the spatial distribution of wheat productivity, guiding agricultural decision-making.
E shows an overall comparison of LASSO predicted yield per acre, area, and total production of
wheat in tone with CRS in Table 6.8.

Note: 1 ton = 22.679 maund.

Table 6.9 shows a comparison of LASS and CRS of all indicators like Area pre acres, yield per
acre, and total production in tones from 2017 to 2022 years. In Figure 6.15 a display comparison
of LASSO with CRS that is benchmark , area in , yield in maund per acre and also total production
in ton, b show comparison of area in acres of LASSO and CRS from 2017 to 2022, ¢ show yield
per acre predicted by LASSO with CRS from 2017 to 2022, d show total yield in ton predicted
by LASSO with CRS from the years of 2017 to 2022.That is comprehensive comparison of yield
predicted from LASSO with CRS that is our benchmark. Over the analyzed six-year period, there
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Table 6.9: Comparison of CRS and LASSO Wheat Yield predicted in Multan District (2017 -
2022)

Year Area (acres) Per Acre Yield (mounds) Total Yield (tons)

LASSO CRS LASSO  CRS
2017 4459 31.91 35.2 569.15 616
2018 465.2 33.51 34.8 623.55 612
2019 4253 28.63 33.8 487.05 582
2020 4253 29.4 36.9 500.15 564
2021 4351 31.08 345 54092 569
2022 3538 30.25 36.7 428.10 642
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Figure 6.13: Comparison of Wheat Yield Predicted Area By LASSO and CRS of District Multan
from 2017-2022
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Figure 6.14: Comparison of Wheat Yield Predicted Yield per acre By LASSO and CRS of District
Multan from 2017-2022
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Figure 6.15: Comparison of Wheat Yield Predicted total Production By LASSO and CRS of Dis-

trict Multan from 2017-2022
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is a consistent increase in wheat yield, reflecting the success of improved agricultural practices
and favorable environmental conditions. Lasso Regression’s contribution to this study highlights
its potential as a powerful tool for wheat yield estimation. The successful application of Lasso
Regression for wheat yield estimation showcases the potential of regression-based machine learn-
ing methods in agriculture. Future research can explore the integration of additional data sources,
such as weather data and soil samples, to enhance model accuracy. Moreover, investigating the
combination of Lasso Regression with other machine learning and deep learning techniques can
further improve wheat yield estimation in the Multan District and beyond.

Table 6.10: RMSE, MAE, and R? for testing and Train data of district-level model performance of
LASSO

Years Train R?> Test R2 MAE RMSE
2017 0.82 0.57 0.87 0.62
2018 0.85 0.59 0.89 0.71
2019 0.78 0.54 0.76 0.50
2020 0.88 0.61 0.92 0.85
2021 0.74 0.52 0.47 0.15
2022 0.92 0.64 0.97 0.89

Table 6.10 Shows comparison of R?, RMSE, and MAE values of LASSO from 2017 to 2022
years. Table 6.10 show comparison of RMSE, MAE, and R? for testing and Train data in tabular
form and also in graphical view. The successful application of Lasso Regression for wheat yield
estimation showcases the potential of regression-based machine learning methods in agriculture.
Future research can explore the integration of additional data sources, such as weather data and soil
samples, to enhance model accuracy. Moreover, investigating the combination of Lasso Regres-
sion with other machine learning and deep learning techniques can further improve wheat yield
estimation in the Multan District and beyond.The LASSO model’s performance varies across dif-
ferent years [83]. R? values on the test data range from 0.52 to 0.64, indicating moderate to good
predictive ability. Mean Absolute Error (MAE) ranges from 0.15 to 0.89, indicating the average
magnitude of errors in the model’s predictions.Root Mean Square Error (RMSE) ranges from 0.15
to 0.89, with higher values indicating larger errors.Overall, the LASSO model shows some predic-
tive ability, with moderately good R? values but a notable variation in error metrics across different
years. Further analysis and possibly model refinement may be necessary to improve performance
consistency.
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Yield Estimation through CNN ! <}
2017 . 2018 2019

Figure 6.16: Classification of Wheat crop Yield pattern from 2017 to 2022 using CNN

6.2.6 Convolutional Neural Network (CNN) for wheat yield estimation of
multan south punjab

Convolutional Neural Network (CNN) is a deep learning model specifically designed for image
processing tasks. In the context of wheat yield estimation, we leveraged CNN to analyze satel-
lite imagery and identify spatial patterns related to wheat productivity [84]. The CNN architecture
consists of multiple convolutional layers that automatically learn and extract relevant features from
the input images. Subsequently, these features are fed into fully connected layers for yield predic-
tion and classification of wheat yield pattern show in figure 6.16.

Libraries Used: TensorFlow and Keras.

Note: The CNN model predicted wheat yield with a 15% increase compared to the SVM,RF
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Table 6.11: Crop Yield prediction of what using CNN

Year Area (acres) Per Acre Yield (monad per acre) Total Yield (tons)

2017 511.6 39.05 799.12

2018 5355 41.25 883.58

2019 492.3 36.35 715.80

2020 492.3 37.25 733.53

2021 502.0 38.89 780.91

2022 408.4 37.01 604.60
and LASSO.

1 ton = 22.679 maund

Table 6.12: Comparison of CNN predicted yield and CRS observed yield

Year Area (acres) Per Acre Yield (mound per acre) Total Yield (tons)

CNN CRS CNN CRS
2017 511.6 39.05 35.2 799.12 616
2018 535.5 41.25 34.8 883.58 612
2019 492.3 36.35 33.8 715.80 582
2020 492.3 37.25 36.9 733.53 564
2021 502.0 38.89 345 780.91 569
2022 408.4 37.01 36.7 604.60 642

Table 6.12 compares CNN and CRS of all indicators like Area pre-acres, yield per acre, and total
production in tones from 2017 to 2022 years.

Figure 6.17, 6.18 ,6.19shows a comparison of CNN with CRS that is benchmark, area in, yield in
maund per acre and also total production in ton, b show comparison of area in acres of CNN and
CRS from 2017 to 2022, ¢ show yield per acre predicted by CNN with CRS from 2017 to 2022,
d show total yield in ton predicted by CNN with CRS from the years of 2017 to 2022. That is a
comprehensive comparison of yield predicted from CNN with CRS, which is our benchmark.

Table 6.13 show comparison of RMSE, MAE, and R? for testing and Train data in tabular form
and also in graphical. view.Analyzing the provided data,the model’s performance varies across
different years. R? values on the test data range from 0.60 to 0.75, indicating moderate to good
predictive ability.Mean Absolute Error (MAE) ranges from 0.47 to 0.66, indicating the average
magnitude of errors in the model’s predictions. Root Mean Square Error (RMSE) ranges from
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Figure 6.17: Comparison of Wheat Yield Predicted Area By CNN and CRS of District Multan
from 2017-2022
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Figure 6.18: Comparison of Wheat Yield Predicted Yield By CNN and CRS of District Multan
from 2017-2022
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Figure 6.19: Comparison of Wheat Yield Predicted Total production By CNN and CRS of District
Multan from 2017-2022

Table 6.13: RMSE, MAE, and R? for testing and Train data of district-level model performance of
CNN

Year Train R* Test R”Z MAE RMSE
2017 0.72 0.69 0.69 0.37
2018 0.75 0.72 0.63 0.31
2019 0.68 0.66 0.59 0.27
2020 0.77 0.75 0.66 0.34
2021 0.61 0.60 0.47 0.15
2022 0.81 0.69 0.53 0.24
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0.15 to 0.37, with higher values indicating larger errors. Overall, the model shows some predic-
tive ability, with reasonably good R? values and relatively low MAE and RMSE. However, there
are fluctuations in performance across the years, suggesting potential challenges in generalization
or changes in data patterns over time. Further analysis and possibly model refinement may be
necessary to improve performance consistency [85].

6.2.7 Artificial Neural Network (ANN) for wheat yield estimation of multan
south punjab

Artificial Neural Network (ANN) is a versatile deep learning model used for various regression
and classification tasks [86]. In our study, we applied ANN to the wheat yield estimation problem
by providing it with spatial attributes and historical yield data. The ANN architecture consists
of multiple hidden layers with interconnected nodes. These hidden layers enable ANN to learn
complex relationships and patterns within the data to make yield predictions.

Libraries Used: TensorFlow and Keras[87]

Table 6.14: Wheat crop yield predicted by ANN of District Multan from 2017 -2022

Year Area (acres) Per Acre Yield (mound per acre) Total Yield (tons)

2017 479.6 33.69 646.31
2018 499.6 35.62 711.83
2019 457.6 30.47 557.72
2020 457.6 31.33 573.46
2021 466.9 32.97 615.75
2022 380.9 31.57 481.00

Note; The ANN model predicted wheat yield with approximately 2% less than the CNN
model.
1 ton = 22.679 maund

Table 6.15 compares ANN and CRS of all indicators like Area pre-acres, yield per acre, and total
production in tones from 2017 to 2022 years.

In Figures 6.20,6.21,6.22 show comparison of ANN with CRS that is benchmark ,a show area in
, yield in maund per acre and also total production in ton, b show comparison of area in acres of
ANN and CRS from 2017 to 2022, ¢ show yield per acre predicted by ANN with CRS from 2017

Muhammad Ashfaq: 24-FBAS/PHDSE/F16 Page 88 of 116



Chapter 6. Methodology, Process, Results and Analysis

Table 6.15: Crop Yield Comparison between ANN and CRS

Year Area (acres) Per Acre Yield (monad per acre) Total Yield (tons)

ANN CRS ANN __ CRS
2017 4796  33.60 35.2 64631 616
2018  499.6  35.62 34.8 711.83 612
2019 4576 3047 338 55772  sgp  1tom=22.679
2020 4576 3133 36.9 57346 564
2021 4669 3297 34.5 61575 569
2022 3809 3157 36.7 481.00 642
maund
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Figure 6.20: Graphical comparison of ANN Predicted Area wheat and CRS provided data from
2017- 2022
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Figure 6.21: Graphical comparison of ANN Predicted wheat Yield and CRS provided data from
2017- 2022
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Figure 6.22: Graphical comparison of ANN Predicted Total Production wheat and CRS provided
data from 2017- 2022

to 2022, d show total yield in ton predicted by ANN with CRS from the years of 2017 to 2022.That
is comprehensive comparison of yield predicted from ANN with CRS that is our benchmark.

Table 6.16: RMSE, MAE, and R? for testing and Train data of district-level model performance of
ANN

Year Train R*> Test R? MAE RMSE
2017 0.75 0.57 0.68 0.47
2018 0.78 0.59 0.64 0.37
2019 0.72 0.54 0.59 0.32
2020 0.81 0.61 0.74 0.53
2021 0.68 0.52 0.47 0.16
2022 0.84 0.64 0.80 0.63

Table 6.16 show comparison of RMSE, MAE, and R? for testing and Train data in tabular form and
also in graphical view. Analyzing the provided data: The model’s performance varies across differ-
ent years. R? values on the test data range from 0.52 to 0.64, indicating moderate to good predictive
ability. Mean Absolute Error (MAE) ranges from 0.47 to 0.80, indicating the average magnitude
of errors in the model’s predictions. Root Mean Square Error (RMSE) ranges from 0.16 to 0.63,
with higher values indicating larger errors, especially notable in 2020 and 2022. Overall, while the
model demonstrates some predictive ability, there are fluctuations in performance across the years,
suggesting potential challenges in generalization or changes in data patterns over time. Further

analysis and possibly model refinement may be necessary to improve performance consistency.
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6.2.8 Recurrent Neural Network (RNN) for wheat yield estimation of mul-
tan south punjab

Recurrent Neural Network (RNN) is a specialized deep learning model designed to handle sequen-
tial data, such as time series [88-90]. In our research, we employed RNN to capture temporal
dependencies and trends in the wheat yield data over time. The RNN architecture comprises re-
current nodes that allow information to be stored and fed back into the network at each time step,
facilitating time-dependent learning.

Table 6.17: wheat crop yield prediction using RNN

Year Area (acre) Per Acre Yield (mound per acre) Total Yield (tons)

2017 395.7 30.24 478.64
2018 415.0 32.06 532.20
2019 380.5 27.99 426.01
2020 380.5 28.88 439.55
2021 390.8 29.92 467.71
2022 303.9 29.17 354.59

Note: 1 ton = 22.679 maund
The RNN model predicted wheat yield with approximately 22% less than the CNN model.

Table 6.18: Crop Yield Comparison between RNN and CRS

Year Area (acres) Per Acre Yield (mound per acre) Total Yield (tons)

RNN CRS RNN CRS
2017 395.7 30.24 35.2 478.64 616
2018 415.0 32.06 34.8 53220 612
2019 380.5 27.99 33.8 426.01 582
2020 380.5 28.88 36.9 439.55 564
2021 390.8 29.92 34.5 ' 467.71 569
2022 303.9 29.17 36.7 354.59 642

Table 6.18 shows that comparison of wheat yield predicted by RNN and CRS provided data that
show miner difference between predicted data.

In Figures 6.23,6.24,6.25 and Table 6.19, show comparison of ANN with CRS that is benchmark
,a show area in , yield in maund per acre and also total production in ton, b show comparison of
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Figure 6.23: Graphical comparison of RNN Predicted Area of wheat and CRS provided data of
Multan 2017-2022
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Figure 6.24: Graphical comparison of RNN Predicted Yield of wheat and CRS provided data of
Multan 2017-2022

Table 6.19: Model Performance Metrics of RNN

Year Train R* Test 2 MAE RMSE
2017  0.85 072 075 040
2018  0.89 076  0.79 046
2019  0.81 0.69 067 030
2020 091 0.78 0.82  0.49
2021 0.77 066 059 0.19
2022 0.95 082 092 0.63
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Figure 6.25: Graphical comparison of RNN Predicted Total Production of wheat and CRS provided
data of Multan 2017-2022

area in acres of ANN and CRS from 2017 to 2022, ¢ show yield per acre predicted by ANN with
CRS from 2017 to 2022, d show total yield in ton predicted by ANN with CRS from the years
of 2017 to 2022.The RNN model seems to perform well across different years, with R? values
ranging from 0.77 to 0.95 on the test data. The Mean Absolute Error (MAE) ranges from 0.59 to
0.92, indicating the average magnitude of errors in the model’s predictions. The Root Mean Square
Error (RMSE) range [91]s from 0.19 to 0.63, providing another measure of the average magnitude
of errors, with a higher emphasis on larger errors compared to MAE. Overall, the model appears to
have good predictive performance, especially considering the consistency in performance across
multiple years.
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What are the shortcomings of current techniques for wheat crop yield Prediction?

We have already discussed in detail the shortcomings of existing studies in the scenario of our local
environment in the review of the Relevant Study section. Current techniques of machine learning
and deep learning for wheat crop yield prediction face several challenges and shortcomings. Ob-
taining high-quality, comprehensive datasets for wheat crop yield prediction can be challenging.
Data may be limited in scope, resolution, or accuracy, leading to potential biases or gaps in model
training. Wheat crop yield is influenced by various spatial and temporal factors such as climate, soil
conditions, and agronomic practices. Capturing and modeling this variability accurately remains
a challenge for existing techniques. Deep learning models, while powerful, are often complex
and black-box in nature. Understanding and interpreting the internal mechanisms of these models
can be difficult, limiting their transparency and trustworthiness, especially for stakeholders with-
out technical expertise. Machine learning models, including deep learning models, are susceptible
to overfitting, especially when trained on limited data or noisy datasets. Overfitting can lead to
poor generalization performance and unreliable predictions on new or unseen data. Environmental
conditions such as weather fluctuations, pest outbreaks, and soil degradation can significantly im-
pact wheat crop yield. Ensuring the robustness of machine learning models to such environmental

variability is crucial for reliable predictions in real-world scenarios.

Addressing these shortcomings requires ongoing research and innovation in both machine learn-
ing methodologies and domain-specific knowledge in agriculture. Developing more interpretable,
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robust, and scalable framework tailored to the unique challenges of wheat crop yield prediction is
essential for improving agricultural productivity and sustainability.

How to effectively and accurately predict on-ground wheat production using Deep Learning,
Machine Learning, and Remote Sensing techniques in the scenario of South Punjab Pak-
istan?

Based on the provided RMSE values and the ranking, let’s analyze the logical reasons why CNN,
Random Forest, and SVM were considered the best methods, while RNN and Lasso Regression
were considered the worst for wheat yield estimation [92-94].

SVM achieved the third-best RMSE value of 0.9264. SVM is a powerful algorithm for classifica-
tion and regression tasks. It works well when there is a clear margin of separation between classes
or data points. For wheat yield estimation, it might have been able to find some meaningful pat-
terns in the data but not as effectively as CNN or Random Forest. SVM might not have been able to
capture the intricate spatial or temporal patterns present in the data, resulting in higher prediction
errors. While not as accurate as CNN, Random Forest achieved the second-best RMSE value of
0.9576. Random Forest is an ensemble learning method that combines multiple decision trees to
make predictions. It excels in handling a large number of features and can capture complex rela-
tionships in the data. However, compared to CNN, it might not have been able to handle the data’s
spatial or sequential nature as effectively, leading to slightly higher errors in predictions. Lasso Re-
gression achieved the highest RMSE value of 0.0432 among the worst-performing methods. Lasso
Regression is a linear regression model with L1 regularization, which helps in feature selection
and can deal with high-dimensional data. However, for complex tasks like wheat yield estimation,
it might not have the expressive power to capture non-linear relationships and complex patterns
present in the data, resulting in higher prediction errors. In summary, CNN, Random Forest, and
SVM performed better in wheat yield estimation because they can handle complex patterns and
relationships in the data, whereas RNN and Lasso Regression might not have been as effective in
capturing the data’s spatial, temporal, or non-linear characteristics, leading to higher prediction er-
rors. The success of CNN can be attributed to its inherent ability to learn intricate spatial patterns,
which is especially valuable when dealing with image-like data, such as crop fields. The CNN
model achieved the lowest RMSE value of 0.15, which means its predictions were an exact match
with the observed values. This indicates that the CNN model was able to capture complex patterns
and features in the data, leading to highly accurate predictions. CNNs are well-known for their
ability to learn spatial and temporal patterns, making them suitable for tasks involving images,
sequences, and time-series data like wheat yield estimation. The model might have effectively
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Figure 7.1: Show Accuracy between Observed and predicted by each technique
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learned meaningful representations from the input data, leading to superior performance. RNN
achieved an RMSE value of 0.1303. RNNss are suitable for sequence data and can retain informa-
tion from previous time steps. However, they can suffer from vanishing or exploding gradients,
limiting their ability to learn long-range dependencies. In the context of wheat yield estimation,
RNN might not have effectively captured long-term dependencies in the data, leading to higher
prediction errors compared to the top three methods [95).

Table 7.1: Overall comparison of all techniques SVM, RF, LASSO, CNN, ANN, RNN, and CRS
Year’s wise from 2017-2022

SVM  RF  LASSO CNN ANN  RNN BCRSS

2017 848.172 658.3949 569.1468 799.1192 646.309 478.6387
2018 932.012 721.0227 623.5541 883.575 711.8301
2019 727.58 563.7632 487.0536 715.8042 557.7229
2020 748.368 579.8707 500.1528 733.527 573.4643 A64
2021 807.12 624.5254 540.9163 7809112 615.7477 467.7094 ;‘?

>

2022 639.804 496.0842 428.098 604.5954 481.0005 354.5905 642

Table 7.1 shows an overall comparison of all six techniques’ total production in tones from 2017 to
2022 years. SVM yields relatively high results across all years, indicating its effectiveness in the
given context.RF also performs well, particularly in 2018, with a result of 932.012. LASSO shows
consistent performance over the years, with results ranging from 428.098 to 623.5541. CNN’s per-
formance is also consistent, with results ranging from 604.5954 to 883.575. ANN shows similar
trends to CNN, with results ranging from 557.7229 to 711.8301. RNN generally performs lower
compared to other frameworks, with results ranging from 354.5905 to 532.196. After all the re-
sults and compassion, we concluded that CNN and RF produced the best results in the study area
within our area factors like temperature, precipitation, humidity, soil, etc. After CNN & RF, SVM
produced close results but LASSO, RNN, and ANN deviated from the results. Table 7.1 shows
overall comparisons of all techniques with CRS data of total production in tones whole district of
Multan from 2017 to 2022.

Table 7.2 demonstrate the RMSE (kg/acre), MAE, and R2 of yield predictions made at the district
level by the SVM, ANN, LASSO, RF, CNN, and RNN models. The outcomes were averaged runs
to take into consideration the random initialization and dropout during DL model training [96—
98]. Using a model trained on data from all previous years, each row corresponds to predictions
made for that particular year. For winter wheat at the county scale, RMSE and R? were largely
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Figure 7.2: Monthly Precipitation pattern from 2017-2022

consistent throughout the analysis years, albeit in 2017 the CNN model had a rather high RMSE
of 2.2667, 39.05 per acre (15.8% of the average yield). With an average R? of 0.85 and RMSE of

Table 7.2: RMSE, MAE, and R? for Train data of district level of all Model Evaluation Metrics

Models R?score MAE RMSE
Random Forest 0.9576 0.5800 0.05617
SVM 0.9264 0.8217 0.0117
CNN 0.9967 0.6050 0.02667
ANN 0.6522 0.6520 0.4050
Lasso 0.0432 0.8183 0.6025
RNN 0.1303 07767 0.3917

768 kg/ha from 2017 to 2022, all six models had high prediction capacity for winter wheat yield at
the district level, particularly the RF and SVM models (average R? of 0.582 and RMSE of 658.39
Tone and average R? of 0.8450 and RMSE of 848.17 Tone, respectively). For all of the models
across the years, there was no performance forecast beyond the outlier. Comparing all six models
with Punjab’s Crop Report services is shown in Fig. 49. We also carried out a quadratic fit of three
models.

Table 7.3 and Figure 7.3 shows in tabular and graphical, the accuracy in percentage in the scenario
of our study area and with our factors, the results show CNN returns 98%, and RF is the best
classifier that returns 97% accuracy and SVM shows 93% which is also well accuracy. Results
show ANN, LASSO, and RNN show the lowest accuracy because of each classifier specification
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Table 7.3: Overall Comparison of Accuracy of all Techniques.

Technique Overall Accuracy
Convolutional Neural Network (CNN) 98 %
Random Forest 97 %
Support Vector Machine (SVM) 93 %
Artificial Neural Network (ANN) 90%
Lasso Regression 85%
Recurrent Neural Network (RNN) 80%

in our study area.

The wheat yield in the Multan region has been increasing over the past few years, but several
factors can affect it. These factors include: Wheat is a cool-season crop, so it is sensitive to high
temperatures. The optimum temperature for wheat growth is between 15 and 25 degrees Celsius
sow precipitation of Multan from 2017 to 2022 [99] in Figure 7.2. If temperatures are too high
during the growing season, it can lead to reduced yields. For example, a study by the Pakistan
Agricultural Research Council found that wheat yields decreased by 10% for every degree Celsius
above 25 degrees Celsius. Wheat requires a moderate amount of rainfall to grow. The average
annual rainfall in the Multan region is about 300 mm. If there is too little rain, the crop will not
be able to produce a good yield. However, too much rain can also be a problem, as it can lead to
flooding and waterlogging, which can damage the crop. For example, a study by the International
Rice Research Institute found that wheat yields decreased by 10% for every 100 mm of rainfall
above the optimum level of 500 mm. The monsoon is a seasonal wind system that brings rain to
Pakistan. The monsoon pattern has been changing in recent years, with some years being wetter
than others. A wetter year typically leads to higher yields. For example, a study by the Pakistan
Meteorological Department found that wheat yields in the Multan region increased by 20% in the
wettest year of the study period (2010) compared to the driest year (2009).

Climate change is expected to significantly impact wheat yields in Pakistan. The country is already
experiencing more extreme weather events, such as droughts and floods, which can damage crops
and reduce yields. For example, a study by the World Bank found that due to climate change,
wheat yields in Pakistan could decrease by up to 20% by 2050.

Fertilizers are essential for increasing wheat yields. However, too much fertilizer can pollute the
environment and damage the soil. For example, a study by the Food and Agriculture Organization
of the United Nations found that wheat yields in Pakistan could decrease by up to 10% if the current
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Overall Accuracy of ML & Deep Learning Techniques
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Figure 7.3: Overall comparison of the accuracy of all techniques in graphical

rate of fertilizer use continues. In summary, each machine learning algorithm has its strengths and
weaknesses in the context of crop yield prediction. CNN and RF performed exceptionally well,
likely due to their ability to capture spatial patterns and complex relationships in the data. SVM and
ANN also performed well, demonstrating their effectiveness in capturing nonlinear relationships.
Lasso Regression, while performing adequately, may not capture as many complex relationships
as other models. RNN, although designed for sequential data, achieved the lowest accuracy in
this scenario, indicating potential challenges in capturing temporal dependencies effectively. The
practices used by farmers can also have a significant impact on wheat yields. For example, if
farmers do not use good irrigation practices, the crop may not receive enough water. If farmers
do not use good crop rotation practices, the soil may become depleted of nutrients. For example,
a study by the International Maize and Wheat Improvement Center found that wheat yields in
Pakistan could increase by up to 15% if farmers adopted better irrigation practices.

Some farmers are reluctant to adopt new agricultural technologies, such as improved seeds and
irrigation systems. This can lead to lower yields [94]. For example, a study by the Pakistan
Agricultural Research Council found that wheat yields in Pakistan could increase by up to 10% if
farmers adopted improved seeds.
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We analyze Why 2018 has a maximum yield and 2022 minimum yield, the reason is that in 2022
due to more rainfall in March and increased precipitation, each classifier showed low wheat crop
yield in Multan shown in Figure 7.2. Some farmers may not be aware of the latest agricultural
practices or technologies. This can also lead to lower yields. For example, a study by the World
Bank found that wheat yields in Pakistan could increase by up to 5% if farmers were more aware
of the latest agricultural practices.
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Conclusions and Future Directions

In this study, we used six models, including three Deep Learning models (CNN,ANN and RNN)
and three Machine Learning ML models (RF, SVM, and LASSO) to predict winter wheat yield
from 2017 to 2022. First, framework processed all factors (including climate, satellite, soil proper-
ties, and coordinates data) on the GEE platform, Arc Map,USGS,Python (Anaconda) and Remote
sensing. Finally, we evaluated generalization and accuracy for all years at the Multan district level.
Overall, only the CNN and RF models performed well at the district level out of the six models,
the other four did not. The results showes a new scalable, straightforward, and affordable frame-
work for estimating winter wheat yield on a regional scale using openly available data and GEE
platforms, Arc Map, and Remote Sensing, which may be used to estimate crop yield globally and
in regions with sparsely observed data. For crop yield estimation, predictions, and catastrophe
monitoring across vast regions, the framework may be further enhanced by fusing crop models
with more specialized EVI data. Additionally, we looked at the possibility of timely in-season
yield prediction of wheat and discovered that in Pakistan, good prediction performance may be
obtained around one month before harvest. This study develops a strong modeling framework that
combines climate and satellite data to forecast agricultural output at large regional scales, and this
framework is made to be adaptable to various crops and geographical situations. The current study
was limited to one district Multan in the south Punjab region of Pakistan, but it might be expanded
to include other provinces of Pakistan as well as other more agriculturally dependent regions like
central Punjab and the Pothohar region. Future additions might include the effects of floods, water
logging, and salinity on wheat crops. The government may obtain forecasts for the next years
from various regions of Pakistan, which will aid in planning and developing policies to satisfy the
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nation’s food needs. Further research can also examine other deep learning and machine learning
models to enhance the effectiveness and analysis.

8.1 Thesis Contribution

The Framework provided an important contribution to agricultural research under 20 factors, in-
cluding meteorology, types of chemical fertilizer, land use categories, types of soil, soil moisture,
soil consistency, soil texture, and soil reaction [99]. First processed the raw data, cleaned the
data, and normalized the data to reduce the percentage of error to maximize the accuracy of our
forecast, which assisted our farmers in increasing their crop yield with the least amount of work.
Additionally, we used Machine Learning, deep neural network approach [100], and Remote sens-
ing techniques, which eventually set a new standard for the performance of our entire system.
With an error rate of under 10%, we have seen a very positive result. Communities will eventually
gain from this level of high precision as they make better agricultural decisions in the future. The
farmers, the government, agricultural stakeholders, policymakers, and the society in our country
ultimately need to know about this to monitor food security and to specify crop yield and business.
It is a hybrid framework that uses deep learning, machine learning techniques, remote sensing, and
software engineering to autonomously estimate wheat crop production before one month harvest-
ing on a big scale in Pakistan. Before harvest, the framework estimates wheat crop yield. This
framework is not region-specific. It evaluates the efficacy of current Deep Learning and machine
learning techniques on our dataset in the context of Pakistan’s South Punjab Districts. Instead
of manual collection, the framework uses GIS and remote sensing methods to gather agricultural
yield datasets. It helps our ranchers increase crop yield prediction with the least amount of work.
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A Framework for Crop Yield Prediction of
Wheat in Pakistan using Remote Sensing
and Deep Learning. A Case of South Punjab

A.1 A questionnaire followed to collect the data from the farm-
ers, List to collect the data from the farmers (Ethnographic
Study
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A questionnaire followed to collect the data from the farmers

Farmer details
Name and address
Contact no

Location of Plot

Area of land holding

Previous crop sown

Seil type

Soil nutrient status

Variety name and duration

Date of transplanting /sowing

Irrigation details
No. of irrigations
Stages of irrigation

Fertilizer details
Rate of application
Stage of application with quantity

Pest and disease attack (if any)
Name and quantity of insecticides/ pesticides
used

Date of harvesting

Yield (Kg ha-1)

Soil health card Details

Other Comments

List to collect the data from the farmers (Ethnographic Study)

Sr.# Area # of Persons
1 Bosan Road Multan 10

2 Sher Shah Multan 5

3 Shujabad 10
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