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ABSTRACT

This project deals with the study of soil properties ,crop and
the regional influences along with their dependencies which
would be further used for a digital map. Both classification
and regression algorithms were carried out and a decision
tree as well as a decision regressor tree was plotted to finalise
the results. Out of the 6 classification algorithms applied
decision tree gave the highest accuracy of 95.24% and linear
regression gave the best accurate results of 100% among the
3 regression algorithms.
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1 Introduction

Economy is highly dependent on agriculture which is the
basic building block of the economic system of a
country.Along with providing of food and raw materials
itis a source of various employment opportunities as well.
Soil is an important feature when it comes to agriculture
which provides sufficient nutrients for a successful
cultivation.Likewise, weather plays an important role in
agricultural production. Weather aberrations may cause
physical damage to crops and erosion. The quality of crop
produced during movement from field to storage and
transport to plug depends on weather. Digital mapping is
the process by which a set of knowledge is compiled and
formatted into a reflection. The primary function of this
technology is to supply maps that give accurate
representations of a specific area, detailing major road
arteries and other points of interest Digital mapping is
now used world wide to map soil classes and its features.
The introduction of machine learning (ML) algorithms in
DSM is a game changing way for scientists in the
production of maps. Machine learning is widely used to
map soil properties or classes just like in other fields of
study

This study is aimed at providing digital maps that would
help us to get a clear idea about the soil, weather and crop
of seven districts of Bangladesh along with yield

prediction. Various Classification and regression
algorithms was used for this analysis which are discussed
in further sections.

2 Methodology

In this section we have discussed the dataset and machine
learning techniques that were used for both classification
and regression.

2.1 Dataset

The data set is collected from the Kaggle and is of 7
districts from Bangladesh. There were 150 data’s in
total. All the variables except two were in the categorical
datatype while the rest were all numerical variables.

2.2 Features Used

Table 1 depicts the different features used and their data
types.

Table 1: Features and their datatypes

Variable Name Data Type
District Categorical
Year Numerical
Avg rainfall Numerical
Max_temperature Numerical
min_temperature Numerical
Aus Numerical
Aman Numerical
Boro Numerical
Wheat Numerical
Potato Numerical
Jute Numerical
Humidity Numerical




Storm Numerical
Urea Numerical
Tsp Numerical
Mp Numerical
DAP Numerical
inundationland Highland Numerical
inundationland mediumhighland Numerical
inundationland lowland Numerical
inundationland mediumlowland Numerical
inundationland_verylowland Numerical
Miscellaneous Land Numerical
Calcareous Alluvium Numerical
Noncalcareous alluvium Numerical
Acid basic clay Numerical
Calcareous brown floodplain soil Numerical
Calcareous grey floodplain soil Numerical
Calcareous dark grey floodplain soil Numerical
Noncalcareous frey floodplain soil Numerical
Noncalcareous dark grey floodplain soil | Numerical
peat Numerical
Made land Numerical
Noncalcareous brown floodplain soil Numerical
Shallow red brown terrace soil Numerical
Deep red brown terrace soil Numerical
Brown mottled terrace soil Numerical
Shallow grey terrace soil Numerical
Deep grey terrace soil Numerical
Grey valley soil Numerical
Brown hill soil Numerical
Grey piedmont soil Numerical

2.3 Work Flow

The characteristic of features used in this research work
involved micro climatic conditions, soil properties and area of
the field. Initial steps was data cleaning process which
involved detection of missing values, skewness outliers and

their treatments. Normalization techniques were applied for
data transformations. By using Principal Component Analysis,
data reduction was performed on the dataset. Further, data was
converted into training and testing. After the completion of
successive splitting of the data, different regression algorithms
such as Linear Regression, Random forest Regressor and
decision tree regression algorithms were applied in order to

predict the potato yield and decision tree, Random Forest,

SVM, Gaussian Naive Bayes, logistic regression algorithms
for classification.

Based on the accuracies obtained from different models, the
best algorithm was selected for the model deployment. The
accuracies obtained from the different model was compared in
order to find the best algorithm for model deployment. For
entire research work python environment was used. Entire
workflow is depicted in Figure 1.
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Fig 1: Workflow of the model
2.4 Pre-processing
2.4.1 Checking Missing Value

The missing values in the data affects the accuracy of the
model. The problem with the missing data is, most of the
algorithms do not accept the missing values. We cannot
simply ignore the missing data from our dataset.

The first step of pre-processing is to check null values in the
dataset. If there exists, missing data needs to be treated.
There are different deletion and imputation techniques
available in order to treat the missing values in the dataset.
In this dataset we checked the missing value using isnull()
command in python.

2.4.2 Checking Skewness

Skewness is the degree of asymmetry observed in a
probability distribution. The skewness does not detect the
outliers but it can give the direction to the outlier in the
dataset. Using the skew() command in python we can easily
detect the skewness existing in the data. The distplots of the
different features in the dataset will give a visualization of



distributions in the dataset. Using different transformations
we can treat the skewness in the data. Here we have used the
box-cox transformation to treat the skewness.

2.4.30utliers

Outliers are data points that are quite far away from the other
data points. In other words, they are unusual values
appearing in a dataset.. Outliers are an issue for many
statistical analyses because they make tests to either miss
significant findings or effect real results. Here it is found that
there are outliers present in the yield. So here we plot the
boxplots of all the variables in order to find the outliers and
then used winsorizing method to treat them.

2.4.4 Data Transformation

Data transformation in machine learning models needs
certain data processing operations.

1. Data cleansing — Removing superfluous and repeated data
records from data will enhance the speed at which a
business’s machine learning model trains, also as improve
their analysis.

2. Alter Data Types — Leveraging the right data types assists
in saving memory usage and may be a requirement for
predictions to be performed against it.

3. Convert Categorical Data to Numerical — There is a
requirement for converting categorical variables to
numerical variables in many of the ML analyses. This is yet
another data transformation

2.5 Data Reduction

Since the dataset contains many features, we can perform
dimensionality reduction techniques. For Dimensionality
reduction we have used Principal Component
Analysis(PCA) which converts the data from high
dimension to lower dimension. This process will not lose
much information as it holds most of the information in the
data even after the dimensionality reduction using PCA.

2.6 Data Splitting

Here training and testing of the dataset is done The loaded
data is divided into a training and a testing set with a division
ratio of 80% or 20%, such as 0.8 or 0.2. During the learning
phase, a classifier is used for formation of available input
data. In this step, classifiers support data is and
preconceptions to approximate and classify the function is
created. Data is tested during the test phase The final data is
formed during preprocessing and is processed by the
machine learning module. So this process is certainly an
essential step for any supervised machine learning or data
science application.

2.7 Algorithms
2.7.1 Random forest

It is a supervised machine learning algorithm used for

both classification and regression algorithm.eventhough

it's mainly used for classification problems..Steps for

this algorithm are:

Step 1: Selection of random samples

Step 2: Creation of decision tree and prediction of results

form each tree

Step 3: Voting for each prediction result

Step 4: select the foremost voted prediction result
Random forest, consists of a number of decisions that

works as an ensemble. Each decision tree gives out a

prediction and the class with foremost votes becomes the

prediction

2.7.2 KNN Classifier

The k-nearest neighbors (KNN) algorithm is a supervised
machine learning algorithm that can be used for both
regression and classification. It is easy to implement and
understand but is quite slow in working. It works by
finding distance between the question and other data
points in the dataset. Selecting the required number of
closer points, and then voting for the most frequent or
averages.

2.7.3Decision tree classifier

Decision is a supervised machine learning algorithm
which is used for both classification and regression Here
the internal nodes are representation of features and
branches represent choice rules and every leaf node
represents the results. Decision nodes will not make any
decision and they have multiple branches while,leaf
nodes are those with no long braches but are results of
the decsions. Decsions are performed on the features of
the dataset. It is a graphical representation of the possible
outcomes of a problem within certain conditions

2.7.4Gaussian Naive Bayes

Gaussian Naive Bayesis a variant of Naive Bayes
following Gaussian distribution and supports continuous
classification. Naive Bayes are a version of supervised
machine learning classification algorithms using bayes
theorem. It is a simple classification technique with high
functionality

2.7.5Logistic Regression

Logistic regression is named after a function used within
the method, the logistic function or sigmoid function
f(value)=1/(1+evalue),

Logistic regression uses this equation as the
representation, Input values are combined linearly using
coefficient values to predict an output value The output
value being modelled is binary values (0 or 1) rather than
a numeric value.

2.7.6 Support vector machines



(SVMs) are a group of supervised learning methods used
for classification, regression and outliers detection.
The advantages of support vector machines are:
*Effective in high dimensional spaces.
o Effective in cases where number of dimensions is
greater than the number of samples.
* Uses a subset of training points in the decision function
(called support vectors), so it is also memory efficient.
» Versatile: Different Kernel functions can be specified
for the decision function. Common kernels are provided,
but it's also possible to specify custom kernels.

2.7.7Linear Regression

Linear Regression is a method of modelling a target value
based on independent predictorslt is an attractive model
because the representation is so simple. Representation is a
linear equation that combines a specific set of input values
(x), the solution to which is the predicted output for that set
of input values (y). As such, both the input values (x) and the
output values are numeric.

3.Results and Discussions

In this section, we have described the results obtained for
pre-processing as well as model accuracies for different
algorithms for classification and regression.

Missing data detection and treatment

Here we had 32 missing value observations in the variable
“area” (Figure 2). Since it was a numerical variable we could
do mean imputation to tackle the issue.

Outlier detection

Figure 3 sows the outliers present in the data and Figure 4
depicts the treatment of the same using winsorizing method.
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Fig 2: Checking Missing values

Fig 3: Showing outliers
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Fig 4: Outlier treatment using winsorizing method
Skewness in the data

Figure 5 shows that there exists skewnesss in the data. So we
used box-cox transformation to treat this skewness. The
resultant skewness after the transformation is given in Figure
6.

Fig 5: Checking the skewness in data



skw =data6.skew(axis=@,skipna=True)
print(skw)
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Fig 6: After box-cox transformation

Visualization results

Heatmap in Figure 7 indicates the correlation between the
variables. Some of the variables are positively correlated and
some them are negatively correlated and variable aus has a
high correlation with the area. Barchart is plotted in Figure
8 and 9 for all variables. Figure 10 depicts the pie chart.

Fig 7: Heatmap
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Fig 11: Output class conversion and checking imbalance in the data
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Fig 12: Treatment using smote

Figure 11 show the class imbalance present in the dataset
which are treated by SMOTE and result is showed in Figure
12.

Algorithms:

Result obtained for different classification algorithms are as
follows: For decision tree classifier had an accuracy of
95.24% was obtained, Random forest classifier, Gaussian
Nb, K nearest neighbors classifier and Logistic regression
obtained 92.8 %. For Support vector machine linear kernel
obtained 92.8 and RBF kernel and poly kernel obtained
85.7%. All these results are depicted in Table 2.

Table 2:Accuracy results of classification

Results obtained for regressors are as follows: Linear
regression obtained an accuracy of 100%, Random forest
94.1% and Decision tree 94.2%. The structure chart of
decision tree regressor is depicted in Figure 13.

Table 3:accuracy results of regression



(3]

(4]

94.19

94.926

From the classification and regression results we can
conclude that among classifiers Decision tree and KNN are
the best with 100% and in regressors Random forest is the
best with 100%.

Fig 13 Final chart of decision tree regressor
4.CONCLUSIONS

From the analysis it is clear that decision tree is the best
classifier for classification of the yield and linear regression
is the accurate regressor for predicting the yield. From the
decision tree and decision regressor tree it is visible that the
variables,storm,and shallow deep terrace soil are the most
contributing features to the yield class.
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