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Abstract: The issue of precise crop prediction gained worldwide attention in the midst of food security concerns.
In this study, the efficacies of different machine learning (ML) algorithms, i.e., multiple linear regression (MLR),
decision tree regression (DTR), random forest regression (RFR), and support vector regression (SVR) are integrated
to predict wheat productivity. The performances of ML algorithms are then measured to get the optimized model.
The updated dataset is collected from the Crop Reporting Service for various agronomical constraints. Randomized
data partitions, hyper-parametric tuning, complexity analysis, cross-validation measures, learning curves, evaluation
metrics and prediction errors are used to get the optimized model. ML model is applied using 75% training dataset
and 25% testing datasets. RFR achieved the highest R? value of 0.90 for the training model, followed by DTR, MLR,
and SVR. In the testing model, RFR also achieved an R? value of 0.74, followed by MLR, DTR, and SVR. The lowest
prediction error (P.E) is found for the RFR, followed by DTR, MLR, and SVR. K-Fold cross-validation measures also
depict that RFR is an optimized model when compared with DTR, MLR and SVR.
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1. INTRODUCTION applied agricultural science [ 7-9]. Various supervise

Data science is an interdisciplinary field that
comprises  scientific = computing, processes,
algorithms and systems to extract meaningful
insights and knowledge from data [1, 2]. Machine
learning (ML) is viewed as an advanced tool of
data science and artificial intelligence and focuses
on developing algorithms and statistical models
that enable computers to perform tasks without
explicit programming [3, 4]. Arthur Samuel, a
pioneer in ML, defined ML as “field of study that
gives computers the ability to learn without being
explicitly programmed”, and used to learn the
machines, how to handle the data in more efficient
way [5, 6]. ML algorithms created new dimensions
and possibilities for data intensive research in the
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machine learning models, i.e., linear regression,
decision tree, random forest and artificial neural
networks, etc., are used for the prediction of
parameters using agricultural constrains [10, 11].
Global food supply system is facing challenges
due to rapid population growth and unpredictable
changes in climate [12, 13]. Agriculture being
core component, got key significance in the
midst of food security situation in the world, and
the focus of the agricultural research is diverted
towards the improvement and true prediction of
crop productivity [14-16]. The high growth rate
of population, increases the demand of staple food
crop [17]. Wheat, maize and rice are the world’s
significant cereals crops in terms of area and food
supply channels [18]. Wheat is important food crop
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in the developing world after rice [19, 20]. Wheat
crop, ranks first in acreage and production among
all others food crops [21].

Chlingaryan et al., [22] conducted a study using
various machine learning techniques to predict the
crop yield, and they concluded that ML approaches
provide comprehensive and effective solutions for
better crop projection. Bondre and Mahagaonkar
[23] studied the efficacies of support vector and
random forest machine learning algorithms to
predict the crop yield using agricultural dataset
of fertilizer application. They demonstrated that
random forest is better choice to predict the crop
yield.

Cedric et al., [24] proposed prediction system
using machine learning algorithms to predict the
crops yield in African countries using weather,
climatic and chemical datasets. They applied
decision tree, multivariate regression, k-nearest
neighbor models. They performed hyper-parameter
tuning and cross-validation to optimize the model
performance to avoid over fitted model. The results
indicated that decision tree model is better fitted
model. Mohapatra and Chaudhary [25] applied
machine learning models, i.e., multiple linear
regression, decision tree regression, random forest
regression, k-nearest neighbor approach and support
vector regression. They applied evaluation metrics
to measure the model performances and reported
that random forest regression performed well.

Currently, Food supply system in the world
is facing major stress due to food insecurity.
The advancement in agricultural science and
technology leaded immense volume of data.
Machine learning algorithms have been emerged
as advanced tools of artificial intelligence and
applied as an alternative of traditional statistical
modeling, to extract meaningful information inside
from data using algorithms. The optimization and
validations of machine learning algorithms is one
of the key concerns for the world, to predict the true
agricultural productions. This research will focus,
to apply and to integrate different machine learning
algorithms such as multiple regression, decision
tree, random forest and support vector regression
with the aim to search out, which one is best,
and able to validate and to optimize the learning
algorithms, to predict the wheat productivity in
Pakistan using various agronomical constrains.

2. MATERIALS AND METHODS

2.1 Data Collection and Variables Features

The secondary cross-sectional data of 15000 crop
cut experiments (CCE), conducted by the Crop
Reporting Service is collected along with different
agronomical constrains comprise from year 2019
to 2021. This data is further pre-processed and
centralized using the centroid clustering scheme
introduced by Islam and Shehzad [14] for the
136 wheat area sown tehsils zones in Punjab. The
experiment is performed using the python’ key
library called Scikit Learn (https://scikit-learn.
org/stable/supervised learning.html). The wheat
average yield in mds/acre is used as depended
(labeled) wvariable along with agronomical
constrains, i.e., urea, DAP and other fertilizers used
in kg/acre, water, spray pest, soil type (chikny loom
or not), adoption of advanced varieties trend (yes/
no), wheat harvested from April 1 to 20 (yes/no),
and wheat sown in November (yes/no).

2.2 Hierarchy of Machine Learning Algorithms

The layout hierarchy of supervised machine
learning model deployment fallows under the
following seven prominent steps.

2.2.1 Steps-1: Data Collection

Collection of the quality data relevant to the
problem.

2.2.2 Steps-2: Data Preparation

Accurate data format is essential to apply machine
learning algorithms. Sometimes, collected dataset is
found incomplete and inadequate. Data preparation
is a machine learning tool used to gather, combine,
clean, complete, transform and feature selection of
raw data in well shape to make true prediction [14,
26, 27].

2.2.3 Steps-3: Choosing of Machine Learning
Model

There are three types of machine learning
algorithms, i.e., supervised machine learning,
unsupervised machine learning and reinforcement
machine learning [5, 28]. The following condition
is applied to choose the ML model. When class
label (predicted variable) is categorical, the well-
known algorithms applied as decision tree, random
forest, support vector machines and artificial
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neural networks, etc. When class label (predicted
variable) is real values or continuous, the well-
known algorithms applied are linear regression,
decision tree regression, random forest regression
and support vector regression, etc.

2.2.4 Steps-4: Mutually Exclusive Randomized
Data Partition

The whole dataset (d) is split into two mutually
exclusive randomized datasets called training and
testing datasets [29, 30]. The training dataset (d,, )
used to train the ML model. For the current study
75% of datasets is used to train the model. The
remaining 25% used as test dataset (d,,, = (d) —d,_ )
and used to evaluate the ML model performance for
unseen datasets.

2.2.5 Steps-5: ML Model Evaluation, Model
Complexity, Over and Under-Fit Model

Evaluation of ML model is assessed for training
and testing algorithm. The ML model error found
in training datasets called bias or in sample error
or training error. The ML model error found
in testing dataset called testing error or out-of-
sample error or variance. The model with lowest
values of root mean square error (RMSE), mean
square error (MSE), mean absolute error (MAE)
and highest performance score (R?), viewed best
model. A model depicts low bias and high variance
called over fit, while a model depicts high bias and
high variance called under fit. Bias and variance
tradeoft is common property of ML model [31, 32].
Optimum model complexity means a condition,
where model depict optimum lowest range of bias
and variance (Figure 1). The following equation is
used to determine the prediction error (PE).
y=h(x)+e (1)
Where “e” is error term. Let the estimate of “/i(x)”
is “h"(x)” and the expected prediction squared error
at "x” is determine as under:
PE(x) = E[(y — h*())] ()
The prediction error further decomposed into bias

and variance components as:
P.E (x) = Var[h*(x)] + [Bias{h*(x)}]? +
3)
Var(error)

P.E (x) = variance + bias’+ error  (4)

2.2.6 Step-6: Hyper Parametric Tuning of ML
Model

The ML models involve different parameters
learning rates, etc. The process to extract the
optimum values of these parameters learning rates
called hyper-parameters tuning of ML problem.
Hyper parameter tuning is a way to produce
optimized ML model to avoid under and over fit
conditions [33, 34]. The prominent ML function
called GridSearchCV is used to tune the ML model.

2.2.7 Step-7: Model Deployment for Final
Predictions

ML algorithms are applied after data preparation
and hyper parametric tuning, and used to test/unseen
data with the aim to make the true prediction for the
dependent variable (wheat productivity). For the
current study the following ML models are applied.
Multiple linear regression
Decision tree regression

Random forest regression

Support vector regression

2.3 Multiple Linear Regression Model (MLR)

The entire dataset is split into two mutually
exclusive datasets, i.e., training and testing datasets.
Multiple linear regression model is deployed for the
dependent variable (wheat productivity) using the
features (independents variables).

yi= Pizi+ ¢ (5)
Where “y” stands wheat productivity in mds/

acre, “z,” stands for the features, “f,” stands for
regression coefficients of features.

r s
Error

Under-fit model

Ideal Range of ML Model Complexity analysis

Over-fit model

Variance or
test model error

~ Bais or
train model error

Ideal Range
of Complexity

~

Fig. 1. Ideal range of model complexity for ML model
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2.4 Decision Tree Regression Algorithm (DTR)

Decision tree is supervised machine learning
algorithms used to breaks down the dataset into
smaller homogenous subset using flowchart
structure of root-to-leaf direction [35, 36]. Figure
2 shows the root-to-leaf direction flowchart of
decision tree algorithms. The each homogenous
subset is associated with specific decision about the
whole data. The roots node is split into intermediate
nods based on specifics characteristic of root node,
and signifies a test. The intermediate node is further
split into more intermediate or leaf nodes based on
specifics characteristic of previous intermediate
nodes, and each leaf node signifies the decision or
outcomes. For the current study, the root nodes are
constructed for the wheat yield using the different
agronomical constrains. The mean square error
(MSE) is used to build the structure of root-to-leaf
nodes.

2.5 Random Forest Regression

Random forest regression (RFR) is supervised
machine learning algorithm that combined the large

Intermediate Node-1
[Sp]jt]

RootNodes

(o]

Intermediate Node-1 —
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set of decision trees [37-39]. RFR search has the
best features and uses precision techniques to make
the forest random. Figure 3 shows the flowchart
structure of RFR algorithm. For RFR, decision tree
is constructed for a random set of variable dataset.
In RFR, various trees are merged together by taking
the average of the prediction trees. RFR algorithm is
based on three hyper parameters (no. of trees forest,
no. of features and maximum depth of the tree).
Machine learning function named GridSearchCV is
used to tune the RFR hyper parameters.

2.6 Support Vector Regression (SVR)

Support vector is a non-linear generalization
of generalized portrait algorithm developed by
Vladimir Vapnik and his colleagues [40,41]. SVR is
based on the structural risk minimization principle
for minimizing a bound on the generalization
prediction error and to fit the optimum hyper
plane with the aim to have maximum number of
points within the decision boundary line. SVRs are
limiting the prediction error margin (¢) and search to
fit maximum points between the decision boundary
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Fig. 2. Root-to-leaf direction flowchart of decision tree algorithms
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Fig. 3. Flowchart structure of RFR algorithm
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lines. The SVRs are dependent on different kernel
function such as linear, radial basis function (RBF)
and polynomial. RBF kernel can better fit and
handle the situation in case of nonlinear relation.
Smola and Scholkopf [41] defined for a given train
set [(x, ¥),....(x, )] € X X R, where “X" is the
space of the input patterns (X = R?). The basic aim
of this technique is to obtain “f{x)” has at most
one ‘©” deviation obtained from the current targets
“y.” at the time and that is as flat as possible. The
flatness is determine by the small value of “w” and
the problem can be written as:

f(x) = (w,x) + b with wex,beR  (6)

A linear function that approximate all pairs (x, y,)
with precision (g). ’

Min Z[lwl?  (7)
: yi —{w,x;) — b <€
Subject to {(W,xi) +b—y, <€

Figure 4 and Figure 5 show the structure for SVR.

The key hyper parameters in SVR are noted as:

e Hyperplane: Hyper plane means a line used to
separate two datasets

e Support vector: Datasets points lies on either
side of the hyper plane as closest as, called
support vectors.

e Kernel: Kernel means a set of mathematical
functions used to transform input data into
required forms and it is generally used to search
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Fig. 4. Structure of hyper plane for SVR

optimum hyper plane.

e Decision boundary lines: The two lines drawn
around the hyper plane at a distance of “ ” and
used to create a margin between the dataset
points.

2.7 K-Fold Cross-Validations Measures

Cross-validation is resampling, out of sample
testing or rotation estimations, that partitioning
the data into complementary subsets. In K-Fold
cross validations various rounds of train test split
are applied and average of all rounds of partitions
is taken to assess the model performance [42-44].
For K-Fold cross- validation, various learning
disjoint subsets of equal size “k” is made and
model is trained for “k-1” subsets, and test for
complementary subset. For the current study “10”
fold cross- validation is applied. Figure 6 shows
the flowchart for the application of K-Fold cross-
validation.

3. RESULTS AND DISCUSSION
3.1 Randomized Data Partitions

For the current study collected datasets is complete
and free from any inadequacy. Data partition is
applied using the randomized data splitting. The
75% datasets is used to train the model and 25%
is used to test the model. The centroid clustering
scheme is applied to prepare the dataset of 136
tehsils zones in Punjab for wheat crop CCE. The
wheat crop CCE of 102 tehsils is split to train the
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model, and 34 tehsils is split to test the model
performance for unseen datasets.

3.2 Hyper Parametric Tuning of Machine
Learning Models

Figure 7 shows the machine learning model
complexity for DTR and RFR. Learning curves
show high variance and high bias at lower model
complexity (under fit). The learning curves reached
their lowest point at the ideal range of model
complexity with an optimum depth value of 4.
However, the test curve rises again (over fitting)
after reaching the lowest point in the optimum range
of model complexity. GridSearchCV, a Python’s
key hyper parameter tuning library, produced the
optimal value for the minimum sample split is 4,
while the number of trees in the forest is found
optimum at 10 for RFR.

3.3 Integrating the Performance of MLR, DTR,
RFR and SVR

Table 1 shows the performance of multiple
regression, decision tree regression, random forest
regression and support vector regression using the
machine learning approach. The highest value of
R?found is 0.90 for RFR, followed by DTR, MLR
and SVR for train model (R RER R? >R >

), while for the test model, it is 0.74, followed

SVR

by MLR, DTR and SVR (R*,_ >R?* >R’ >
R? ). Comparing the performance of MSE and
MAE, the lowest MSE and MAE are reported for
the RFR as 4.58 and 1.66, followed by DTR, MLR
and SVR for the train model (MSE (MAE),,, <
MSE (MAE)__ < MSE (MAE)_ . < MSE (MAE)
o)+ In the test model, RFR produced an MSE of
8.98 and an MAE of 2.36, followed by MLR, DTR,
and SVR (MSE (MAE),., < MSE (MAE), . <
MSE (MAE),, < MSE (MAE)SVR) Integrating the
performance of prediction error (P.E) for the MSE
and MAE, lowest value of P.E found for the RFR is
13.56 for MSE and 4.02 for MAE, and followed by
DTR, MLR and SVR. The relationship among the
prediction error (P.E) values for RFR, DTR, MLR,
and SVR is represented as follows PE . <PE_ <
PE,, . <PE,. Figure 8 shows the learning curves
for the MSE and Figure 9 shows the learning curves
for the MAE. It is found that RFR is better and
optimized fitted model, as the lowest error is found
for the RFR with highest performance score (R?).

3.4 K-fold Cross-Validations Measures

Table 2 shows the K-Fold cross-validation measures
for the MLR, DTR, RFR and SVR using the MAE
and MSE criterion. For the MLR, the smallest
values of MAE and MSE are found for K-Fold-5,
with 2.25 and 7.65, respectively, while the largest
values are found for K-Fold-7, with 3.74 for MAE

Mean squared error

=2 =1 L=

Hwpeaerparamater Tuning

i@ ddepth optimuarm = <4

Tre=s depth

—_— Trazining error
— Testing ermror

8 10 12 1<

Fig. 7. Machine learning model complexity for DTR and RFR

Table 1. Performance of machine learning models

Evaluation Train set Test set
Metrics MLR DTR RFR SVR MLR DTR RFR SVR
R? 0.75 0.89 0.90 0.48 0.68 0.508 0.74 0.31
MSE 11.09 4.65 4.58 22.9 11.23 17.36 8.98 24.17
MAE 2.76 1.67 1.66 3.55 2.59 3.06 2.36 3.67
P.E (MSE) 22.32 22.01 13.56 47.07 - - - -
P.E (MAE) 5.35 472 4.02 7.22 - - - -
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Table 2. K-Fold cross-validation measures for the MLR, DTR, RFR and SVR
ML K- K- K- K- K- K- K- K- K- K- K-
models Criterions Fold Fold Fold Fold Fold Fold Fold Fold Fold Fold Fold
average 1 2 3 4 5 6 7 8 9 10
MLR MAE 2.97 2.65 3.22 2.30 245 2.25 3.14 3.74 3.16 3.10 3.74
MSE 13.10 9.27 16.04  8.19 10.15  7.65 15.78 1996 1329 1459 16.71
DTR MAE 2.50 2.23 2.02 2.11 1.90 2.86 3.20 3.17 2.78 2.06 2.08
MSE 10.56 7.55 12.12  7.38 6.96 12.05 16.16 15.97  9.96 7.82 9.00
RFR MAE 2.29 2.08 2.24 2.18 1.55 1.99 2.24 3.49 2.79 2.04 2.45
MSE 8.41 5.84 6.68 6.20 4.50 7.53 6.92 20.04 9.83 8.16 10.77
SVR MAE 3.57 2.93 2.94 3.04 2.36 3.62 3.43 4.42 5.08 3.69 4.18
MSE 21.80 1455 1272 2093 7.17 2173 2122 2926 3569 21.89 3293

and 19.96 for MSE. The lowest values of MAE and
MSE are found at K-Fold-4, with 1.90 and 6.96 for
DTR, 1.55 and 4.50 for RFR, and 2.36 and 7.17 for
SVR, respectively. The largest values of MAE and
MSE are found to be 3.20 and 16.16 for the DTR
at K-Fold-6, 3.49 and 20.04 for RFR at K-Fold-7,
and 5.08 and 35.69 for SVR at K-Fold-8. Figure 10
shows the learning curves of MAE and MSE for
comparing RFR, DTR, MLR and SVR. RFR are
found to perform better as it predicted the lowest
learning curve compared to other machine learning
models.

4. CONCLUSIONS

Machine learning (ML) emerged as an advanced
tools of data science and artificial intelligence. ML
is used to extract reliable information from data
using various algorithms. The issue of precise crop
prediction gained worldwide attention in the midst
of food security concerns. ML models, i.e., linear
regression, decision tree, random forest and support
vector regression are applied as an alternative of
statistical model in almost every field. True crop
prediction got key significance in the midst of

7.65

MAE and MSE
O P N W PSS Ul ) NN 0O O

6.96 7.17

4.5

2.36

1.55
1

MLR DTR

MAE (K-Fold-5) MSE (K—Fold—5)|MAE (K-Fold-4) MSE (K—Fold—4)|MAE (K-Fold-4) MSE (K-FoId—4)|MAE (K-Fold-4) MSE (K—Fold—4)|

RFR SVR

Fig. 10. Learning curves of MAE and MSE for K-Fold cross-validations measures
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food security situation in the world. Validations
and optimization of ML algorithms have become
the key concerns for the world to predict the true
agricultural productions. This study integrated the
efficacies of different machine learning algorithms,
i.e., multiple linear regression (MLR), decision
tree regression (DTR), random forest regression
(RFR), and support vector regression (SVR) with
the aim to get optimized model to predict the wheat
productivity in Pakistan using various agronomical
constrains. The updated centroid clustering based
dataset is collected from the Crop Reporting
Service. The python’s key library called ScikitLearn
is used to analyze the results. Different machine
learning tools such as randomized data partitions,
hyper parametric tuning, complexity analysis and
cross-validation measures are also performed to get
the optimized model.

Highest value of R?is reported from RFR,
followed by DTR, MLR and SVR for train model
(R2 >R, >R >R ), and for test model, it
is followed by MLR, DTR and SVR (R? > R2MLR
R? >R’ ). Lowest MSE and MAE are reported
for the RFR followed by DTR, MLR and SVR for
the train model (MSE (MAE), .. < MSE (MAE) .
<MSE (MAE),, . < MSE (MAE)_,.), and for the
test model, it is followed by MLR, DTR and SVR
(MSE (MAE), ., < MSE (MAE),, . < MSE (MAE)
s < MSE (MAE) ). Lowest value of prediction
error (P.E) is found from RFR, followed by DTR,
MLR and SVR both for the MSE and MAE (P.E, <
PE_ . <PE, . <PEg,). Learnmg curves of MAE
and MSE depict that RFR is an optimized machine
learning model compared to DTR, MLR, and
SVR. K-Fold cross-validation results indicate that
the lowest error is found for RFR when compared
with DTR, MLR, and SVR. RFR found a validated
and optimized model when compared with other
machine learning models. This research can also be
extended by applying other clustering approaches
and machine learning algorithms.
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