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Abstract
Bangladesh is an agrarian country. Though, a substantial portion of our economy
and workforce depends directly or indirectly on agriculture. However, due to climate
change, floods, insufficient incentives, and less grist our farmers are getting demo-
tivated in farming. As a result, more and more farmers are leaving the agriculture
sector every year and this can cause devastating effects for Bangladesh. Moreover,
there is little or no research on improving Bangladesh agriculture using cutting-edge
machine learning techniques. So, this research works on Crop yield prediction Using
Machine learning and deep learning. This work explores the different state-of-the-art
machine learning and deep learning techniques and relevant dataset to develop an
effective Crop yield prediction system for Bangladeshi farmers. So that our farmers
can decide which crop to cultivate for gaining the maximum yield by following our
prediction system.

Keywords: Crop Yield Prediction; Artificial Intelligence; Machine Learning; Deep
Learning; Neural Network; Classification Models; Recurrent Neural Network
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Chapter 1

Introduction

1.1 Introduction
Bangladesh has been an agricultural country since its dawn. However, with the rise
of industrialization, agriculture is on the decline. But still, agriculture accounts for
42.7% of the country’s employment and 14-2% of the GDP [1] which is one of the
highest.

Moreover, in the past decade, Bangladesh has become self-sufficient in most of the
essential crops. It was possible due to extensive research and the green revolution.
As a result, the production of the essential crops has increased 5-10 fold [2].

However, one thing that has not gone up is the condition of the farmers. It is
still the same as in the 90s. Their land has not increased their wealth. As a result,
more and more farmers are shifting from farming to other sectors. According to a
survey by the daily star, the number of farmers has fallen from around 73 percent
of the population in 1983/84 to nearly 42.7 percent by 2022 [3]. As a developing
nation, it is an alarming signal. Because if we lose self-sufficiency in the crop sector,
our food import cost will increase. Moreover, it might as well cause famines.

The main reason behind farmers leaving agriculture is not getting enough prices
for their crops. For example, rice takes 3-4 months to grow and 1 kg of rice will
require 3,000 liters of water to grow, not to mention the price of fertilizer and insecti-
cides. Furthermore, growing rice is a labor-intensive task too. But farmers only get
36 tk for one Kg of rice [4]. That might be ok for large farms which account for only
2 percent of the farms in Bangladesh. On the other hand, 98 percent of the farmers
have limited farmland and labor. So, with lesser pay, it’s not possible for them to
keep up with the price hikes. Moreover, there are middlemen involved in the trading
of crops. The middleman takes a large chunk of the profit of the farmers. Lastly,
there is a labor shortage in rural areas. So, more and more farmers are leaving their
forefather’s professions. Moreover, Bangladesh is one of the top producers of rice,
potato, jute, and fish [5], but still, it has very little farm productivity.

To solve the issue, farming productivity must be increased so that farmers do not
have to leave their profession and can get more pay from their limited farmland with
less labor. From our research, we have found, precision agriculture can solve the
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productivity issue and increase the profit of our farmers.

In order to support management decisions based on estimated variability for im-
proved resource use efficiency, productivity, quality, and profitability, precision agri-
culture is a management strategy that collects, processes, and analyzes temporal,
spatial, and individual data with the help of different state of the art machine learn-
ing models. It then combines this data with other information and finds out which
crop is better for production in a certain area. However, agriculture is different in
every country and continent. As a result, not all precision agriculture techniques
work for our country. Furthermore, it is crucial that the predictions made by pre-
cision agriculture techniques have to be precise and error-free. Otherwise, it might
result in heavy capital loss and labor waste.

Various studies are already done on precision agriculture to achieve a precise and
effective system for crop yield recommendation. One such method is developing a
custom dataset and testing it on different machine learning and deep learning mod-
els. This study develops a system that uses a custom dataset tailored to Bangladeshi
crop data and uses this dataset to train and test state-of-the-art machine learning
classifiers and custom deep learning models and compare the results.

1.2 Problem Statement
Crop yield prediction is a multiclass classification problem. As our deep learning
and machine learning models have to predict from multiple crops based on the soil
and weather data. Solving this issue by using deep learning and machine learning
approaches with Bangladeshi crop data is one of the toughest tasks.

As the extreme effect of climate change, the temperature, humidity, and rainfall
data drastically change every season. As a result, it is hard to collect and select
relevant data which can be used for better prediction outcomes.

On the other hand, the crop yield processes and strategies might vary with time
as these strategies are nonlinear in nature. Moreover, they might be intricate due
to the integration of correlated factors. They can also be impacted by non-arbitrate
runs and external aspects.

Furthermore, for prediction models, the novelty of data is quite important. How-
ever, finding accurate data from the Bangladesh Agricultural University is extremely
difficult. As the data is taken on pen and paper. So, there is a high chance that
there are so many errors in those data. Again, we need to transform the analog data
into a digital format to train our models which is an extremely difficult task as the
handwriting was not clear enough.

Another issue for us is the lack of knowledge about crops and the cultivation process.
As all of us are from CSE background. So, we have no idea about how the cultivation
system of our country works and without proper knowledge, we would not be able
to develop and train our models. So, we had to study different crops, their culti-
vation process, and the optimal environment for them in order to develop our model.
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Lastly, the Bangladeshi agriculture process is quite different from other countries
and there is little or no previous study on crop yield prediction in Bangladesh agricul-
ture. As a result, we are going through a lot of trial and error phases for developing
the most suitable crop yield prediction system for Bangladesh.

1.3 Research Objectives
The principal objective of this study is to develop and compare multiple cutting-edge
machine learning classifiers and deep learning models to find out the best solution
for Crop yield prediction. So, the aims of this research are

1. To profoundly understand the proposed Machine learning classifiers and deep
learning models.

2. Train our proposed state-of-the-art models with large-scale environment data
containing nitrogen, phosphorus, and potassium content in the soil, tempera-
ture, humidity, rainfall, and pH value.

3. Test and compare the classifiers and models to figure out the best-performing
model for crop yield prediction.

4. Evaluate the proposed model using different evaluation matrixes.

Lastly, the proposed system would not only bring solid outcomes in the training
dataset but also in unseen data.
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Chapter 2

Literature Review

2.1 Related works
Babu et al. [6] explain the specifications and preparation required to design a system
for precision farming. It studies the foundations of precision farming in detail. In
order to exert some control over unpredictability, this research proposes a system
that applies Precision Agriculture techniques to small, open farms at the level of the
solo farmer and crop. The model’s overall goal is to use the most accessible tech-
nology, such as SMS and email, to provide consultancy services to even the tiniest
farmer at the level of the smallest plot of crops. This model was created to account
for the situation in Kerala State where the typical farm size is smaller than in any
other state. As a result, this model can be applied elsewhere in the world with some
minor upgrades.

Khedr et. al [7] aims to find a solution to Egypt’s food security issue. It suggests a
structure that would forecast production and import for that specific year. WEKA
builds the prediction using Artificial Neural Networks and Multilayer Perceptron.
As a result, the researchers would be able to monitor the quantity of cultivation,
import, requirement, and availability at the conclusion of the procedure. Therefore,
it would be easier to decide whether or not food needs to be imported further.

Ahamed et al. [8] outlines multiple classification techniques for the data set on
liver disease. Because accuracy depends on the dataset and the learning process,
the study underlines the importance for accuracy. These disorders were categorized
using classifiers such VFI, ZeroR, ANN, and Naive Bayes. Then the efficacy and
error rates were compared. The models’ performance was evaluated in terms of
precision and computational efficiency. All classifiers, with the exception of naïve
bayes, had improved predictive performance, it was determined. The proposed al-
gorithms with the highest accuracy are Multilayer Perceptron.

Yang et al. [9] attempt to find a solution to the critical ensemble learning problem
of classifier selection. There has been a method developed for choosing the best
models from a pool of classifiers. Their method seeks to increase performance and
accuracy. Based on categorization precision and accuracy, the SAD approach was
suggested. The relationship between the most accurate and relevant classifiers is
discovered using Q statistics. The ensemble was created by combining the classi-
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fiers that weren’t selected. The goal of this measure is to ensure that the ensemble
performs better and is more diverse. There were other ways found, including the No
selection algorithm, the Selection by Accuracy, Selection by accuracy, and Diversity
algorithms. Finally, it is implied that SAD functions more effectively than others.

Kumar et al. [10] demonstrates the significance of crop choice, and elements in-
fluencing crop choice are examined, such as production rate, market price, and
governmental policy. This study suggests a crop selection method (CSM), which
fixes the crop selection issue and raises the crop’s net yield rate. It proposes that a
season’s worth of crops be chosen while taking the weather, crop type, soil type, and
water density into account. The accuracy of CSM depends on the expected value of
key factors. Consequently, a prediction approach with increased performance and
accuracy must be included.

Savla et al. [11] explored assortment algorithms in detail, including how well they
function in predicting yield in precision husbandry. These algorithms are used to
predict the production of a soybean crop using data that has been gathered over
a number of years. In this study, Random Forest, SVM, Bayes, Neural Network,
Bagging, and REPTree were employed as the yield prediction techniques. The re-
sult reached, in the end, is that, of the algorithms mentioned above, bagging has
the lowest error deviation with a mean absolute error of 18985, making it the best
approach for yield prediction.

The soil datasets in the study of Paul et al. [12] are examined, and a projected
categorization is made. It is determined that the crop yield is a classification rule
from the expected soil category. For predicting agricultural yield, naive Bayes and
KNN algorithms are employed. The indicated future study involves developing ef-
fective models utilizing other classification methods, such as principal component
analysis and support vector machines.

In their study, Dahikar et al. [13] explored different feed-forward back propaga-
tion artificial neural networks for crop yield prediction. They created their own
dataset. Their dataset contained features like phosphate, PH, potassium, nitrogen,
organic carbon, calcium, magnesium, sulfur, manganese, copper, iron, depth, of soil
along with the type of soil and climate contains like humidity, temperature, and
rainfall. After that, they trained their custom ANN model with the dataset features
and ANN with zero, one, and two hidden layers and found satisfactory results.

In their work, Panda et al.[14] used NDVI, GVI, SAVI, and PVI measurements
from aerial images to develop models for predicting corn crop yield before harvest.
The authors used data mining techniques, and satellite and drone images to create
the dataset. Then they transformed the image data into numbers using different
encoding methods. Lastly, they fed their data into different BPNN crop yield pre-
diction models. From their research on corn, they have bought extraordinary results
and hope to apply this method to other crops as well.
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Chapter 3

Dataset Description

3.1 Data Collection
The data collection process was one of the toughest for us till now. Because for our
prediction system to be precise and efficient we would need accurate data. Moreover,
we need specific soil attributes to train our models which is hard to get because the
BAU authority keeps the soil data in analog form. But we need the data in digital
CSV format. So, our data collection process was slow and we could not manage a
substantial amount of data.

Moreover, as the weather in Bangladesh is not diverse and farmers tend to fol-
low other farmers to grow a certain type of crop in one district only. For example,
Rajshahi and Chapainawabganj have similar weather and most mangos are produced
there. As a result, the data points collected on a single crop are in close proximity.

However, general crop research data were collected from Bangladesh Agriculture
University. After collecting the data on different crops we labeled each data point.

3.2 Dataset Analysis
The fruits and crops examined in our models are Banana, Watermelon, Mango, Rice,
Pigeon Peas, Moth Beans, Black gram, Lentil, Pomegranate, Muskmelon, Papaya,
Coconut, Maize, Mung bean, Cotton, and Jute. The number of data points for each
crop available in the dataset is shown in the below table.
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Crop and Fruit Data Points
Banana 280
Watermelon 280
Mango 260
Rice 240
Pigeon Peas 240
Moth Beans 240
Blackgram 240
Lentil 240
Pomegranate 240
Muskmelon 240
Papaya 240
Coconut 240
Maize 220
Mungbean 220
Cotton 220
Jute 220
Total 3860

Table 3.1: Data Points on different crops of Bangladesh

Below here there is a small sample of our Dataset

Figure 3.1: Custom Dataset Sample

In the above sample, the data points are on nitrogen, phosphorus, pH, temperature,
rainfall, and humidity. In the last column, we can view the labeled data according
to the corp.
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Crop and Fruit Data Points
Banana 180
Watermelon 180
Mango 160
Rice 140
Pigeon Peas 140
Moth Beans 140
Black gram 140
Lentil 140
Pomegranate 140
Muskmelon 140
Papaya 140
Coconut 140
Maize 120
Mung bean 120
Cotton 120
Jute 120
Total 2260

Table 3.2: Unique Data Points on different crops of Bangladesh

3.3 Data Cleaning
After labeling the data we looked for certain errors in the dataset. We have found
errors like duplicate data, symbols, punctuation, wrong input etc. Then we started
the data cleaning process.

At first, we looked whether there were null values or not using the useful func-
tion Assert [15]. Then we removed the null values using the null value operation.
Secondly, we checked whether there are duplicate values or not using the useful func-
tion Assert. Then we eliminated all duplicated rows with drop_duplicates. Lastly,
we checked whether all the values are unique or not with the help of library func-
tions. After cleaning the data we have got the following 2260 unique values
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Figure 3.2: Before cleaning the dataset

Figure 3.3: After cleaning the dataset

Figure 2 and 3 demonstrates the change in our dataset after the data-cleaning pro-
cess.

After cleaning the data and making it more efficient for our models to understand,
we started the feature selection process.

3.4 Feature Selection
For our models to be more efficient and provide better recommendations we selected
certain features of our dataset. The crop data in the figure contains the optimal
level of nitrogen, phosphorus, pH, temperature, rainfall, and humidity needed to
harvest the crops in order to achieve high yield. The below table provides an initial
idea of the data
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Figure 3.4: Different Features of The dataset

From our initial research on different crops, we have found that Nitrogen helps the
growth of leaves on the plant whereas Phosphorus accounts for root growth and
flower and fruit development.

On the other hand, Potassium helps the overall functions of the plant perform cor-
rectly. Moreover, different plants require different optimal temperatures, humidity,
pH, and rainfall. This is why we have chosen these seven features for our analysis.

All the above criteria in the soil are required for crops to grow perfectly and maxi-
mize the profit of the farmers.

3.5 Exploratory Data Analysis
After cleaning the data and selecting certain features from the data we initiated
the EDA process. It will help us better understand the data and also help us
understand the correlation between different data points. As a result, we will be
able to understand patterns and detect errors when training and testing our models.

The below graphs show a glimpse of our analysis

Figure 3.5: Predicted Temperature and pH level for selected crops

The above graph indicates Temperatures mostly ranged from 20 to 42 degrees Cel-
sius. Meaning almost all the crops in our dataset grow within this temperature
range. Moreover, a high number of the crops in the dataset needed an optimal
temperature of 25 degree Celsius and a pH level of 6-6.5 to grow.
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Figure 3.6: Rainfall and humidity level for selected crops

In figure 6, we find that the rainfall level ranges between 50-280 which is normal for
our country. Rainfall is a very important feature of our dataset. As nowadays our
country gets rain almost every season. Moreover, it is a great source of water for
our farmers and also washes away the pests and germs from the plant. Most of our
crops prefer a rainfall of 100 mm and humidity between 90-100 to grow.

Figure 3.7: Data points on different crops

Figure 7 shows the unique data points available on each crop after cleaning the data.

Figure 3.8: Humidity vs pH

In figure 8 we can understand more crops grow between 80-90% humidity which is
mid-level and also medium pH level of 6-8 is also good for crops.
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Figure 3.9: Optimal Temperature for selected crops

In figure 9 we can see the predicted optimal temperature of our models for different
crops from the data points on different crops.

Figure 3.10: Optimal Temperature vs pH level for selected crops

Figure 10 demonstrates the Optimal Temperature vs pH level for our selected crops.
The dense area is in the middle which proves that most of the selected crops in the
dataset grows better within 22 degree Celsius to 35 degree Celsius and at a pH level
of 5-8.
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Figure 3.11: Optimal potassium level in soil for selected crops

In figure 11 we can see the required potassium level for each crop in our dataset.

Figure 3.12: Optimal Nitrogen level in soil for selected crops

In figure 12 we can see the required Nitrogen level for the crops in the dataset.

Figure 3.13: Optimal Phosphorus level in soil for selected crops

Figure 13 demonstrates the required Phosphorus level for the crops in the dataset.

Figure 3.14: Selected crops growth in different temperature levels
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Figure 14 shows that most of our selected crops have a mid-level optimal temperature
to grow.

Figure 3.15: Optimal Rainfall and Humidity for selected crops

In figure 15 we can see the optimal rainfall and humidity of different crops in our
dataset.

Figure 3.16: Correlation between different features

Figure 16 demonstrates the correlation between different features of our dataset.
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Chapter 4

Research Methodology

4.1 Work Plan
This flowchart describes our work procedures step by step In the initial research

Figure 4.1: Work Plan

period, we explored different approaches to crop yield prediction. According to our
research, we developed our own methodology for this research. Then we started
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collecting data from Bangladesh Agricultural University.

Once the dataset was ready, we initiated the data-cleaning process and then started
the feature selection. After feature selection, we split the data into training, vali-
dation, and testing. We also tuned some parameters of our deep learning models.
Lastly, we trained and tested our models and bought predicted results.
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Chapter 5

Model Specification

We have tested a handful of models. However, Decision Tree, Logistic Regression,
SVM and our custom MLP have bought the best results. The model descriptions
are given below.

5.1 SVM
SVM is a supervised machine learning classifier that can be used to solve binary clas-
sification, multiclass classification, or regression problems. The full form of SVM
is Support Vector Machine. SVMs are particularly well-suited for classification of
complex but small- or medium-sized datasets.

In the case of classification, the algorithm tries to find the hyperplane that maxi-
mally separates the two classes, which is done by finding the one with the largest
margin between the nearest points in each class. Points that are nearest to the hy-
perplane are called support vectors[16], and the distance between the nearest points
and the hyperplane is called the margin. In the case of regression, the algorithm
tries to find the hyperplane that minimally separates the data points, which is done
by finding the one that minimizes the distance between the points and the hyper-
plane.

One advantage of support vector machines is that they can be highly effective even
when the number of dimensions is very high. Another advantage is that it can be
used with both linear and nonlinear data by using the kernel trick, which allows
them to learn more complex relationships in the data.

There are some limitations to SVM, however. One limitation is that they are
sensitive to the choice of kernel and the kernel’s hyper-parameters, which can be
difficult to tune. Another limitation is that it can be inefficient to train on very
large datasets.
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Figure 5.1: Support Vector Machines

5.2 Logistic Regression
Logistic regression is a statistical model that is used for binary classification, i.e. it
is used to predict the probability of a binary response typically labeled as ”0” or ”1”
based on one or more predictor variables also known as features.

In logistic regression, the log odds of the binary response are modeled as a lin-
ear combination of the predictor variables. The model estimates the probability of
the binary response using the sigmoid function, which maps the log odds to a value
between 0 and 1.

The coefficients which are known as weights or parameters of the logistic regression
model are estimated using maximum likelihood estimation, which involves finding
the values of the coefficients that maximize the likelihood of the observed data. The
maximum likelihood estimate of the coefficients can be found using an iterative op-
timization algorithm [17], such as gradient descent. One of the strengths of logistic
regression is that it can handle both continuous and categorical predictor variables.
It is also relatively easy to implement and interpret, and it is robust to noise in the
data.

However, logistic regression has some limitations. It assumes that the relationship
between the predictor variables and the binary response is linear, which may not be
the case in practice. It also assumes that the errors in the model are independent
and identically distributed, which may not always be true.

Despite these limitations, logistic regression is a widely used and effective method for
binary classification and is a good starting point for many machine-learning tasks.
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Figure 5.2: Logistic Regression

5.3 Decision Tree
Decision tree is a machine learning algorithm that belongs to the supervised learn-
ing category. It is a flowchart-like tree structure, where an internal node represents
a feature(or attribute), the branch represents a decision rule, and each leaf node
represents the outcome. The topmost node in a decision tree is known as the root
node. It learns to make decisions based on the features of the data, splits the data
based on a decision rule, and generates sub-nodes. The process continues until it
reaches a leaf node, which is the final decision.

In case you want to build a decision tree to predict whether an individual has
diabetes or not based on certain features such as age, BMI (Body Mass Index), and
blood pressure.

First, you need to select the feature that will be used to split the data at the
root node. You can choose any of the three features - age, BMI, or blood pressure
- as the root node. Let’s say you choose age as the root node.

Next, you need to decide on a decision rule for the root node. For example, you can
say that if the age of an individual is less than 30, then the individual does not have
diabetes (outcome 0). If the age is greater than or equal to 30, then the individual
has diabetes (outcome 1).

Now, the data will be split into two groups based on the decision rule - one group
for individuals with age less than 30 and the other group for individuals with age
greater than or equal to 30.

For the group with age less than 30, you can build a sub-node with BMI as the
feature and a decision rule that says if the BMI of an individual is less than 25, then
the individual does not have diabetes (outcome 0). If the BMI is greater than or
equal to 25, then the individual has diabetes (outcome 1).
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Similarly, for the group with age greater than or equal to 30, you can build a
sub-node with blood pressure as the feature and a decision rule that says if the
blood pressure of an individual is less than 120, then the individual does not have
diabetes (outcome 0). If the blood pressure is greater than or equal to 120, then the
individual has diabetes (outcome 1).

This process continues until you reach a leaf node, which is the final decision. The
decision tree algorithm uses a greedy approach to make decisions, meaning it chooses
the feature and decision rule that gives the best split at each step without consid-
ering the long-term impact of the decision on the final outcome.

Decision trees are simple to understand and interpret, and they can be used for
classification or regression tasks. They are also easy to implement, but they can be
prone to overfitting if the tree becomes too complex. To avoid overfitting, you can
prune the tree or use ensemble methods such as random forests or gradient boosting.

Figure 5.3: Decision Tree

5.4 Multi-layer Perceptron
The basic units of computation in an ANN [18] are called ”neurons,”. Multilayer
Perceptron is a type of artificial neural network consisting of multiple layers of in-
terconnected ”neurons” . Each successive layer processes the data using weighted
connections between the neurons and an activation function after receiving the raw
input data from the input layer. The model’s ultimate output is provided by the
output layer.

In Multi-layer Perceptron, the layers between the input and output layers are called
hidden layers, and the neurons in these hidden layers use the weighted connections
and activation function to transform the input data into a representation that is
useful for predicting the output. The weights of the connections between the neu-
rons are adjusted during training, allowing the network to ”learn” to map the input
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data to the desired output.

Multi-layer Perceptron is used for a variety of tasks, including image classification,
language translation, and even playing games. They are particularly useful for tasks
that require the modeling of complex relationships between the input data and the
output.

Figure 5.4: Custom Multilayer Perceptron
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Chapter 6

Experiment Setup

We have trained and tested our data with various machine learning classifiers and
our custom deep learning model.

6.1 Machine Learning Approach
For our machine learning approach, we tried SVM, Logistic Regression, and Decision
tree.

After cleaning the dataset we looked for empty rows and columns and dropped
them. Then we rechecked the dataset for duplicate values. Once we are done check-
ing the dataset we split our cleaned data into 80:20 ratios for training and testing.
80 percent of our data is used for training while 20 percent was used for testing.

Then we started to train our data and once training was done we fed our selected
models the test data which bought back test results.

After testing we have also initiated the cross-validation process [19] with cv=05
for our machine-learning models to detect overfitting.

6.2 Deep Learning Approach
Setting up the deep learning model is a bit more complex than the machine learning
models. As we can not feed labeled words and alphabets to the deep learning mod-
els. So, first, we encoded our labels into numbers. All the numbers in the dataset
were transformed into StandardScaler.

6.2.1 Model Setup Of Multi-layer Perceptron
After the data preparation, building the model is next. we trained and tested our
data with various Multi-layer Perceptron setups. From there we have found that
Multi-layer Perceptron with two hidden layers brings the most efficient result. So,
the proposed model is made of three MLP layers.
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In Keras, an MLP layer is referred to as dense, which stands for the densely con-
nected layer.Both the first and second MLP layers are identical in nature with 22
units and 64 units, followed by the Rectified Linear Unit (ReLU) activation.

Relu(z) = max(0, z) (6.1)

Multi-layer Perceptron is a sequential model [20]. The output layer has 16 units
followed by a softmax activation layer. The 16 units correspond to the 16 possible
labels, classes, or categories.

Softmax Function

Xi =
exi∑N−1

j=1 exj

j = 1, ..., n (6.2)

The equation is applied on all N = 16 outputs, for i = 0, 1 … 15 for the final pre-
diction. The idea of softmax is surprisingly simple. It squashes the outputs into
probabilities by normalizing the prediction. Here, each predicted output is a proba-
bility that the index is the correct label of the given input features. The sum of all
the probabilities for all outputs is 1.0.

Figure 6.1: Custom Multilayer Perceptron

First, we set the input shape to 7 as there are 7 features of our data. Then the first
hidden layer transformed our 7 features into 22 neurons. The second hidden layer
took the 22 neurons as input and transformed them into 64 neurons. In the last
output layer, the 64 neurons were taken as input and provided an output of 16. As
we have 16 crops to predict.
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Figure 6.2: Model summary of Custom Multilayer Perceptron
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Chapter 7

Result and Discussion

We have tried both machine learning and deep learning approaches. The test results
are then evaluated in four assessment criteria. They are Accuracy: It is the number
of accurate predictions out of total predictions.

Number of Correct Prediction
Total number of predictions made

F1 Score: The F1 Score summarizes a model’s predictive effectiveness by merging
two previously opposing variables, accuracy, and recall.

2 ∗ precision * recall
precision + recall

Precision: Precision determines the standard of positive predictions determined by
the models. It’s derived by dividing the total number of positive forecasts by the
number of genuine positives.

TP
TP+FP

Recall: It estimates a model’s ability to determine positive samples. It is estimated
within the range of [0,1].

TP
TP+FN

7.1 Machine Learning Models
For our Machine Learning classifiers, we have observed the Precision, Recall, F1
score, and Test accuracy for Decision Tree, logistic regression, and, SVM

The below tables describe that in a supervised environment, our chosen models
gained accuracy in selecting the accurate crop.
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7.1.1 Test Result Of Decision Tree

Crops Precision Recall F1-Score Support
Banana 1.00 1.00 1.00 34
Cotton 1.00 1.00 1.00 25
Maize 1.00 1.00 1.00 22
Coconut 1.00 1.00 1.00 29
Mango 1.00 1.00 1.00 32
Jute 0.80 0.96 0.87 25
Moth beans 1.00 0.64 0.78 28
Black gram 0.84 1.00 0.92 27
Mung bean 1.00 1.00 1.00 33
Lentil 0.81 1.00 0.89 21
Muskmelon 1.00 1.00 1.00 30
Papaya 1.00 1.00 1.00 30
Pigeon peas 1.00 1.00 1.00 31
Pomegranate 1.00 1.00 1.00 24
Rice 0.96 0.79 0.86 28
Watermelon 1.00 1.00 1.00 33
Accuracy 0.96 452
Macro avg 0.96 0.96 0.96 452
Weighted avg 0.97 0.96 0.96 452

Table 7.1: Evaluation Matrix of Decision Tree

7.1.2 Confusion Matrix Of Decision Tree

Figure 7.1: Confusion Matrix of Decision tree

This confusion matrix of the Decision tree classifier shows the summary of correct
and incorrect predictions by the model. For example, in the case of Bananas, it pre-
dicted all the results correctly. On the other hand, in the case of Jute, it predicted
21 corrects and 5 wrongs.
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7.1.3 Test Result Of Logistic Regression

Crops Precision Recall F1-Score Support
Rice 0.87 0.93 0.90 28
Muskmelon 1.00 1.00 1.00 30
Pigeon peas 0.97 1.00 0.98 31
Watermelon 1.00 1.00 1.00 33
Jute 0.88 0.88 0.88 25
Lentil 0.91 0.95 0.93 21
Banana 1.00 1.00 1.00 34
Maize 0.94 0.77 0.85 22
Black gram 0.96 0.85 0.90 27
Mango 1.00 1.00 1.00 32
Coconut 1.00 1.00 1.00 29
Moth beans 0.80 0.86 0.83 28
Cotton 0.89 0.96 0.92 25
Mung bean 0.94 0.97 0.96 33
Papaya 1.00 0.93 0.97 30
Pomegranate 1.00 1.00 1.00 24
Accuracy 0.95 452
Macro avg 0.95 0.94 0.94 452
Weighted avg 0.95 0.94 0.94 452

Table 7.2: Evaluation Matrix of Logistic Regression

7.1.4 Confusion Matrix Of Logistic Regression
Figure 7.2 demonstrates the confusion matrix for the logistic regression classifier.
This means, it shows the summary of correct and incorrect predictions by the model.
For example, the 15th crop of our dataset is watermelon and in the test data there
are 33 samples of watermelon and logistic regression has predicted all of them to be
correct. On the other hand, In case of 6 or lentils, logistic regression has predicted
17 corrects 4 wrongs among which it predicted 3 samples to be coconut and 1 to be
cotton.
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Figure 7.2: Confusion Matrix of logistic regression

7.1.5 Test Result Of SVM

Crops Precision Recall F1-Score Support
Banana 0.09 1.00 0.16 34
Blackgram 1.00 0.04 0.07 27
Coconut 0 0 0 29
Cotton 1.00 0.04 0.08 25
Jute 1.00 0.04 0.08 25
Lentil 0 0 0 21
Maize 0 0 0 22
Mango 1.00 0.31 0.48 32
Mothbeans 0 0 0 28
Mungbean 0 0 0 33
Muskmelon 1.00 0.30 0.46 30
Papaya 0 0 0 30
Pigeonpeas 0 0 0 31
Pomegranate 1.00 0.08 0.15 24
Rice 0 0 0 28
Watermelon 1.00 0.94 0.97 31
Accuracy 0.20 452
Macro avg 0.48 0.17 0.15 452
Weighted avg 0.46 0.20 0.17 452

Table 7.3: Evaluation Matrix of SVM

7.1.6 Confusion Matrix Of SVM
The matrix demonstrates the confusion matrix for the SVM classifier. This means
it shows the summary of correct and incorrect predictions by the model. As this
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Figure 7.3: Confusion Matrix of SVM

model has the lowest accuracy with our dataset so, it has only done well in just a
few test data samples like 15 or watermelon.

7.1.7 Cross Validation
The Below table shows the cross-validation score for our chosen classifiers.

Model Cross Val Score Cross Val Score Cross Val Score Cross Val Score Cross Val Score
Decision Tree 0.97566372 0.94690265 0.9579646 0.96238938 0.98230088
Logistic Regression 0.94911504 0.94690265 0.95353982 0.94911504 0.96238938
SVM 0.15486726 0.17035398 0.18141593 0.2079646 0.19911504

Table 7.4: Cross Validation Score Of Different Models

From the above table, we can see the cross-validation score of our models is in close
proximity to our predicted accuracy. So, we can clearly state that our selected
models might not overfit on our tested dataset.

7.2 Custom Multi-layer Perceptron Model
Our custom Multi-layer Perceptron model with 100 epochs, .30 validation, and batch
size 50 has bought the most satisfactory result. It has gained 99.28% train accuracy
and 98.00% test accuracy which is the highest among all the models.
Figure 7.4 and figure 7.5 demonstrate the model accuracy and model loss for Cus-
tom Multi-layer Perceptron.

The blue line shows accuracy and loss in test data and the yellow line shows accu-
racy and loss in test data.

In the case of model accuracy, the slope goes close to 1 as our model accuracy was
.98 or 98%. On the other hand, the slope is close to .20 which indicates that our
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Figure 7.4: Model Accuracy of Custom Multi-layer Perceptron

Figure 7.5: Model Loss of Custom Multi-layer Perceptron

model has 0.2 wrong predictions.

Moreover, in the case of both model accuracy and model loss, the test and train
slope is in close proximity which indicates there is little chance of overfitting.
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Crops Precision Recall F1-Score Support
0 1.00 1.00 1.00 34
1 0.85 1.00 0.92 28
2 1.00 1.00 1.00 22
3 1.00 1.00 1.00 31
4 1.00 1.00 1.00 28
5 1.00 1.00 1.00 33
6 0.96 0.96 0.96 27
7 0.95 0.95 0.95 21
8 1.00 1.00 1.00 24
9 1.00 1.00 1.00 34
10 1.00 1.00 1.00 32
11 1.00 1.00 1.00 33
12 1.00 0.97 0.98 30
13 1.00 1.00 1.00 29
14 1.00 1.00 1.00 25
15 1.00 0.84 0.91 25
Accuracy 0.98 452
Macro avg 0.99 0.98 0.98 452
Weighted avg 0.99 0.98 0.98 452

Table 7.5: Evaluation Matrix of Multi-layer Multi-layer Perceptron

7.2.1 Confusion Matrix Of Multilayer Perceptron

Figure 7.6: Confusion Matrix of Custom Multilayer Perceptron

In the confusion matrix, we can see the correct and wrong predictions of our labeled
data from our Custom Multilayer Perceptron. For instance, out of 33 data samples
on 01 or Banana our Custom Multi-layer Perceptron has predicted 28 to be correct
0, 4 samples were predicted to be data sample 15, and 1 sample to be 12.

31



7.3 Model Comparison
We found that our custom Multilayer perceptron brings out the best result of 98.00%.
As it’s a simple ANN model which works great with complex non-linear problems.
Moreover, it’s easy to train and test with both large and small datasets.

Secondly, the Decision Tree brings the most satisfactory test accuracy of 96.20%.
Because it provides a highly effective structure within which we can lay out options
and investigate the possible outcomes of choosing those options. As a result, it is
one of the best fit for our multiclass classification problem.

Thirdly, we have found that logistic regression brings the second-best result. It
has provided an accuracy of 94.10%. Because it brings out good performance with
linearly separable classes. It is an extensively employed algorithm for multiclass
classification.

Lastly, SVM brings out the most unsatisfactory result of 20.02%. SVM does not
bring satisfactory results because in some instances our dataset has close or over-
lapping data points.

Model Accuracy
Decision Tree 96.20%
Logistic Regression 94.10%
SVM 20.02%
Multilayer Perceptron 98.00%

Table 7.6: Accuracy Of Different Models

7.4 Final Result
As we have achieved the best result with Multilayer perception with our dataset.
So, we will proceed with Multilayer perceptron for future research.

Because Multilayer perceptron can handle both large and small datasets. On the
other hand, it is more precise than the tested machine learning classifiers. Moreover,
Multilayer perceptron is less complex and requires less hardware capabilities to run.
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Chapter 8

Conclusion and Future Work

8.1 Further Research
For finding the best-performing techniques for Bangladeshi crop yield prediction we
have already tested 5 machine-learning classifiers and 3 deep-learning models. How-
ever, due to limited data avaiability, we could only bring satisfactory results from 3
machine learning models and 1 custom deep learning model.

So, our first future concern is enriching our dataset so that the usability and relia-
bility of our models can increase. Moreover, we plan to release our dataset publicly
in the future. We will also try to test more state-of-the-art models with our enriched
dataset.

8.2 Final Words
In conclusion, building an effective prediction system for crop yields in Bangladesh
using Machine Learning and deep learning approaches is one of the most difficult
tasks. As our country has not seen notable association between agriculture and state
of the art machine learning classifiers before. So, our big challenge is the successful
integration of agriculture with Machine Learning and deep learning. However, we
take these challenges as our inspiration to develop the most efficient prediction
system for crop yields using different Machine Learning approaches. Though this
study is still at its beginning level. But our step might be the start of something
which will revolutionize the entire agricultural sector of Bangladesh.
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