i, o

Available online at http://bajas.edu.iq

Basrah Journal

N\ https://doi.org/10.37077/25200860.2021.34.1.02 :
BJAS College of Agriculture, University of Basrah ~ Of Agricultural
S~ S Sciences

ISSN 1814 — 5868

Basrah J. Agric. Sci., 34(1): 14-27, 2021

E-ISSN: 2520-0860

Energy Prediction of Wheat Production Using Data Mining Technique in

Iran

Nasim Monjezi

Department of Biosystems Engineering, Faculty of Agriculture, Shahid Chamran
University of Ahvaz, Ahvaz, Iran

Corresponding author-mail: n.monjezi@scu.ac.ir
Received 27 September 2020; Accepted 18 December 2020; Available online 5 February 2021

Abstract: Wheat is considered as one of the most important products in Iran.
Concerning high cultivation area of wheat in Khuzestan, an instrument is required to
process stored data in order to give information resulted from such processing to
managers of agricultural sectors. Data mining technique is able to give essential
information and models to producers of wheat for modelling energy consumption. One
of the most practical algorithms is an artificial neural network. The main aim of this
research is to predict output energy of wheat farms using a multilayer perceptron neural
network. This is an analytic research and its database consists of 1240 records. Data
required for the research was obtained from wheat farm during 2014-2018. Data
analysis was done via IBM SPSS modeller 14.2 and standard CRISP. Concerning the
model used in the research, it was found that variables of chemical fertilizers,
machinery & diesel fuel with coefficients of 0.2987, 0.2064 and 0.1527 respectively
had the highest effect on output variable (productive energy). Amount of prediction
precision in neural network algorithm, meaning ratio of correctly predicted records to
total records was 93.08%. Also, linear correlation between actual values and predicted
values were 0.92 and 0.88 respectively, for training data and testing data suggesting
strong correlation. The results obtained can be effective for wheat farmers in direction
of evaluation and optimization of energy consumption in process of wheat production
and reduction of consumption of energy inputs.
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Introduction

One of factors that cause stable production of
agricultural products is optimal energy
consumption. In one hand, concerning
increasing price of agricultural inputs, paying
more attention to optimal management of
energy consumption is very important. Wheat
is not exceptional as well. Energy in process of
wheat production has been always paid
attention due to its importance in decision
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making on application of different inputs.
Therefore, optimization and modeling of
energy consumption are very important in
production of agricultural products, especially
wheat. On the other hand, collected data are
various with complex relationship and it is
difficult to analyze and manage them via
empirical and statistical analyses and
experiences. Data mining is a powerful
technology in management and organization of
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a large size of information. Data mining means
searching in one database for finding inter-data
patterns. Several researches have been
conducted on application of data mining
techniques in agriculture. Ferraro et al. (2009)
analyze large production database describing
crop yield patterns. They studied the influence
of several factors controlling sugarcane
productivity in one of the most important area
of cane production in Argentina. They propose
using a data mining technique called
classification and regression tree to identify the
dependence of sugarcane yield on the variation
of both environmental and management
factors. This paper provides useful information
regarding Genotype x Environment interaction
as it was possible to detect multiple paths for
defining different sugarcane yield groups of
crop fields using genotype, management and
environmental variables.

Ekasingh et al. (2005) used the C4.5 data
mining algorithm to model farmers’ crop
choice in two watersheds in Thailand. Result
showed that the decision trees produced in this
study could be useful to analyze of water
resource management as they can be integrated
with biophysical models for sustainable
watershed management. Ramesh & Vardhan
(2013) predicted agricultural products yield
using different data mining techniques such as
k-means, k-nearest Neighbor, support vector
machines and artificial neural network. They
wanted to find a model with high accuracy and
ability for prediction of yield of agricultural
products.

Jeysenthil et al. (2014) designed and
predicted a support system for database of soil
using data mining clustering technique (k-
means). Everinghama et al. (2009) in Australia
and Fernandes et al. (2011) in Brazil have
estimated the yield of farms using data mining
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techniques. Goktepe et al. (2005) classified
soils of Antalya region in 2005 using 120 soil
samples via k-means and fuzzy clustering.
Results of the research showed that fuzzy
clustering method had more optimal result.

Medar & Rajpurohit (2014) present the
various crop Yyield prediction methods using
data mining techniques. Different Data Mining
techniques such as K-Means, K-Nearest
Neighbor (KNN), Artificial Neural Networks
(ANN) and Support Vector Machines (SVM)
for very recent applications of data mining
techniques in agriculture field. Mucherino et
al. (2009) present some of the most used data
mining techniques in the field of agriculture.

Some of these techniques, such as the k-
means, the k nearest neighbor, artificial neural
networks and support vector machines, are
discussed and an application in agriculture for
each of these techniques is presented. In
addition, the references included in brackets
confirmed the ability and necessity of using
data mining technique in agriculture (Raorane
& Kulkarni, 2013; Kalpana et al., 2014;
Geetha, 2015; Khedr et al., 2015; Raorane &
Kulkarni, 2015; Almaliki et al.,, 2016;
Almaliki, 2017; Oliveira et al., 2017; Thomas,
2017). Therefore, the energy used in wheat
production was predicted and modelled using
data mining techniques (Artificial Neural
Network).

Materials & methods

The study site

The present research was conducted on wheat
farms of Khuzestan province in Iran. Using
data in 2014-2018. Khuzestan province with
an area 64055 km? is located in southwest of
Iran (within 29° 58 and 33° 04 N and 47" 41’
and 50° 39'E). Fig. (1) showed the position of
Khuzestan province in Iran.
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Fig. (1): The position of Khuzestan province in Iran.

Energy equivalents of inputs and output

The data included the quantity of various
energy inputs used per hectare of wheat
production, including: human labor,
machinery, diesel fuel, chemicals, fertilizer,
water for irrigation and electricity and seed,
and the production yield as output. In order to
analyze the energy of farmers, all of inputs and
output were then converted into energy
equivalents by multiplying the quantity of
input use with their corresponding energy
equivalent  coefficients.  The  energy
coefficients of inputs are the energy used from
primary production to the end user. The energy
equivalents of inputs were presented in table
(1). The energy equivalent of human labor is
the muscle power used in field operations of
crop production. Chemicals and chemical
fertilizers energy equivalents means the energy
consumption for producing, packing and
distributing the materials and they are given on
an active ingredient basis. Also, the energy
sequestered in diesel fuel and electricity means
their heating value (enthalpy) and the energy
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needed to make their energy available directly
to the farmers (Mousavi-Avval et al., 2011).

The energy equivalent of water for irrigation
input means indirect energy of irrigation
consist of the energy consumed for
manufacturing the materials for the dams,
canals, pipes, pumps, and equipment as well as
the energy for constructing the works and
building the on-farm irrigation systems (Khan
et al., 2008). For calculating the embodied
energy in agricultural machinery it was
assumed that the energy consumed in the
production of the tractors and agricultural
machinery be depreciated during their
economic life time (Beheshti Tabar et al.,
2010); therefore, the machinery energy input
was calculated using the following Eqg.
(Srivastava et al., 1993):

El_ W.T
Em = mT (1)
Where En is the machinery energy per unit
area (MJ hal); W is the machine mass (kg);
Elm the production energy of machine (MJ kg

1: T is the time that machine used per unit
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Table (1). Energy coefficient equivalents of inputs and outputs.

Inputs/outputs Unit Energy coefficient Reference
equivalent (MJ unit?)

Diesel Fuel L 47.8 (Banaeian & Zangeneh, 2011)
Human Labor h 1.96 (Mandal et al. 2002)
Chemical Fertilizers

Nitrogen (N) kg 47.1 (Kaltschmitt et al. 1997)
Phosphate (P2Os) kg 15.8 (Kaltschmitt et al. 1997)
Chemical herbicide kg 238 (Kaltschmitt et al. 1997)
Machinery Kg per year (Khoshnevisan et al. 2013)
seed kg 14.7 (Mandal et al., 2002)
Electricity kWh 11.93 (Kitani, 1999)

area (h hat) and N is the economic life time of
machine (h).

Data mining technique

Generally, data mining technique is divided
into predictive and descriptive techniques (Fig.
2). The neural network is one of the most
practical data mining techniques in prediction.

‘ Data mining

I

N E— p—
Predictive Descriptive
I T T 1 I T T ‘ 1 |
: - Time Series A ] Sequence Summarizatio Association
‘ Regression ‘ Prediction ‘ Analysis Classification ‘ Clustering ‘ ‘ Discovery n | Rules |

Fig. (2): Data mining techniques (Sharma 2006; Ayman et al. 2015)

Artificial neural networks

Neural networks can estimate approximately
any continuous correlation between input and
target even if such relationship is non-linear
(Phillips-Wren et al. 2008). The most
important feature of neural networks that is
important in their application is their ability in
learning samples (Efendigil et al. 2009).
Learning method can be in three forms: with or
without observer and both of them. Learning
method with observer is conducted by pairs of
input-output patterns while learning without
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observer includes offering training samples to
the network and it continues until the highest
separation is obtained among classes of
samples. The most famous neural networks are
multilayer perceptron neural networks that are
trained with  observer or error-back
propagation algorithm (Liao & Wen, 2007).

Standard CRISP-DM

This is a data-oriented research. Its main basis
is to discover knowledge from database of
wheat farms of Khuzestan province in Iran.
Therefore, cross- industry standard process for
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data mining (CRISP-DM) was used in the
research. This method presents a process
model for data mining that reviews life cycle
of each data mining project. Life cycle of each
data mining project includes six stages of
problem perception, data perception, data

Problem

Deployment |

lﬁl Data Collection

Modelling
Evaluation

preparation, modelling, result evaluation and
application of the model. Fig. (3) shows stages
of this standard in the form of a process.

| Data Preparation|

Fig. (3): Data mining process model (Chapman et al., 2011).

Data analysis

Data mining software of IBM SPSS Modeler
14.2 has been used in the research for
modelling neural network and result
validation. The data were divided into training
and testing data. 70% of data were training and
30% of them were testing data. Research
stages have been indicated in fig. (4).

Decision UT\I/R?] i?gta
Making 1< Techniques

RIS | o WU S

AN |

Atrtificial Neural
Network (ANN)

Model assessment

In this stage, output model of training data was
used for testing data. In other words, testing
data (30% of data in the research) are predicted
by derived model and results of prediction are
compared with reality using this model.

TN

o § N
= 3
T
-

[4
> ¢ Collected k—
o
= < Data
< -
2 g
L
a

:

i Chemical Fertilizers :

Chemical herbicide
Seed
Electricity and
irrigation
Machinery
Diesel Fuel
Human Labor

Fig. (4): Proposed framework.
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Results & Discussion

Analysis of energy input and output in
wheat production

In the first research phase, wheat farms should
be studied in order to investigate energy
consumed in farms.

Input energies based on inputs consumed
in farms

Table (2) showed input energies in production
of wheat farms. As seen in table (2), between
consumed inputs, chemical Fertilizers
40723.67 MJ ha (62.92%) energy has been
determined as the first energy input for
production of wheat in farms. On average, total
consumed energy in process of wheat
production in farms was 64720.53MJ ha! of
which 62.92% associate with inputs of

chemical fertilizer. In another study in Iran,
reported by Houshyar et al. (2010), total
energy input and chemical fertilizer, in wheat
farming were 38817.82 MJ ha! and 12347.44
MJ ha?, respectively. In another study in Iran,
Shahin et al. (2008) found that total energy
input and chemical fertilizer in wheat
production were 38356.39 MJ hal and
14749.51 MJ ha, respectively. In another
study in India, Nassiri et al. (2009) noted that
total energy input and chemical fertilizer in
wheat production were 15261 MJ ha? and
8004 MJ ha'l, respectively.

Output energy of wheat farms

Product yield for farms has been summarized
in table (3).

Table (2): Input energy in wheat farms.

Input Average (MJ ha Percent
b (%0)
Human Labor 2078.03 3.21
Diesel Fuel 9304.44 14.38
Elerct.r ICIt.y and 3741.05 5.78

irrigation

Machinery 4532.11 7.00
Chemical Fertilizers 40723.67 62.92
Chemical herbicide 2390.42 3.69
Seed 1950.81 3.01
Total input energy 64720.53 100

Table (3): Yield of farms.

Farm

Yield (ton ha?)

Output energy (MJ ha'l)

Wheat

3.12

45864

Product yield has been 3.12 tons of wheat
per hectare in farms of Khuzestan province.
Concerning degree of harvested wheat and

energy of wheat per kilogram, output energy of
farms was obtained and it is equal to 45864 MJ
ha™.

380
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Data mining

Information used in this research was collected
from farms of Khuzestan province. 155 farms
(where wheat was produced between 2014 and
2018) were used as database. Executive stage
of the second phase of the research (data
mining) was divided into six stages of data
identification and selection, data description,
data pre-processing and preparation, data
analysis and modeling, model evaluation and
validation and model development.

Stage of data identification and selection

In the first stage, information available about
consuming inputs into process of wheat
production has been studied. Concerning
collected information, seven effective
variables required for modeling energy
consumption in process of wheat production
were defined and stored in an informational
bank of farms as separate fields. These seven
variables are independent variables of the
research and they are as follows: human labor,

diesel fuel, electricity and irrigation,
machinery, chemical fertilizers, chemical
herbicide and seed. Variable of output energy
of the farm is dependent variable of the
research.

Data description and definition of variables
used in the model

Among seven input variables in neural
network, seven variables were previously
defined in energy analysis (the first stage of
research).

Data used in this research is entered in IBM
SPSS modeler 14.2 in form of an Excel file
with 8 columns including seven independent
variables (input) and one dependent variable
(target) and descriptive information of
variables has been shown in table (4). Table (4)
includes type of variable, minimum and
maximum amounts of the variable, variable
mean, standard deviation and number of valid
records in database of each variable.

Table (4): Description of all wheat variables used for this study.

] Variable minimum maximum Standard numbfer of
Variable Average . valid
type amount amount deviation
records

Che_m_lcal Continuous 30093.720 317759.29 40606.37 22582.104 155
Fertilizers
Electricity and .
e Continuous  3004.32 4987.35 3586.95 339.29 155
irrigation
Chemical .

. Continuous  1444.38 12400.70 2289.67 863.93 155
herbicide
Seed Continuous 2940 3675 3180.89 320.87 155
Machinery Continuous  1000.76 41397.80 4283.78  3123.98 155
Diesel Fuel Continuous  6004.65 06347.11 925420  7108.81 155
Human Labor Continuous 1100.28 2299.56 2045.24 272.47 155
Output Energy Continuous 54235.00 64668.00 59864.17 1701.35 155
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Stage of data and
preparation

Before modeling, raw data collected from
wheat farms were prepared and pre-processed
for improvement of data quality. Data pre-
processing and  preparation  include
standardization of unique values in different
data sources, correction or deletion of
inconsistent and irrational values and addition
of different sources based on the number of
standardized farm. Also, presence of
unconventional records in database increased
error factor in results of data mining.
Therefore, identification and management of
such unconventional data is very important in
data preparation stage. Concerning statistical
data description, there is no missing data

among records in this stage.

pre-processing

Bias &

Chemical
Fertilizers f

Chemical 2
herbicide .f

Electricity
and &

irrigation

Input Variables

Hidden Layer

Stage of data analysis and modeling

Data are modelled in this stage and necessary
analyses are presented regarding model
validation. In order to predict output energy of
wheat farms and to enter the software, final
database had 1240 records and 8 fields of input
and output variables. In order to model data,
field of output energy variable was introduced
to the software as output and other variables
(fields) were introduced to the software as
input variables. The main algorithm used in
this research for energy of wheat farms is
artificial neural network. The network used
here is multilayer perceptron which is one of
the most practical artificial neural networks.
Number of hidden layers of the network is one
layer with three neurons (Fig. 5).

Qutput
& energy

Output Layer

Fig. (5): Architecture of a multilayer perceptron.

The condition for stopping modeling is that
if error is not reduced, optimization will be
stopped. In present model, data prediction
precision was 93.08%. Concerning description
of input and output variables, it is noteworthy
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that some variables are more effective on
prediction of the model. In the graph of neural
network in fig. (6), descending trend of effect
of variables has been determined by target
variable. The first variable with the highest
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effect is chemical fertilizers. Concerning Table
(5), variables of chemical fertilizers,
machinery & diesel fuel with coefficients of
0.2987, 0.2064 and 0.1527 respectively have

the highest effect on output variable
(productive energy). Other variables are
effective as well but their effectiveness is less
than the three variables.

Predictor Importance

Target: Qutput energy

Chemical |

Wachinery|

ieseFusr]
]
-
-
l

Human Labor

Seed|

Chemical |
herbicide

Electrictty and|
irrigation

Fig. (6): Predictor importance (Target: output energy)

Table (5): The importance order of variables in prediction of target variable.

Variable coefficient
Human labor 0.1315
Seed 0.0842
Chemical herbicide 0.0842
Machinery 0.2064
Electricity and irrigation 0.0423
Diesel fuel 0.1527
Chemical fertilizers 0.2987

Model evaluation and validation

After preparation of model, it should be
evaluated. Evaluation results  cause
improvement of model and they make it
practical. Since the method presented in every
research should be measured based on validity
and concerning that the research method is
data-oriented, validation method is as follows:
data are divided into two training and testing
data collections. Training data makes the
model and testing data evaluates the model. In
other words, testing data were predicted by
extracted model and prediction results are
compared with reality by this model.
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Data were divided randomly by software.
Regarding number of data in each set, number
of training data is always more than testing
data. In present research, number of training
sets is 70% (109 farms) and the rest (30%) has
been considered as testing data (46 farms) (Fig.
7). Validity value is tested by results of new
data and training data are entered the algorithm
as observer and evaluate results of its accuracy.
Amount of prediction precision in neural
network algorithm meaning the ratio of correct
predicted records to total records was 93.08%
(Fig. 8). Therefore, the model made by neural
network has high estimative precision.
Another argument is how precision of
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prediction methods can be measured. In order
to evaluate precision of prediction models (the
difference between the real value and predicted
value of dependent variable), index of mean
absolute value of prediction error is used.
Mean absolute error value (MAE) of training
data and testing data is 1368.09 and 1650.39
respectively which is an optimal value (Table

6). It is clear that in order to increase precision
of a predictive method, the values of above
mentioned indices should be small. Also,
linear correlation between real and predicted
values is 0.92 and 0.88% for training data and
testing data respectively and it suggests a
strong correlation.

. _
5
H
H

Fig. (7): Ratio of training and testing data in the neural network model.

Better

—

93.08%

I T
0% 25%

T
S50%

T
75% 100%

Accuracy

Fig. (8): Amount of predictive precision in neural network algorithm.

Table (6): Comparing predicted output energy with actual output energy.

Partition 1 Training 2_Testing
Minimum Error -2390.774 -4870.99
Maximum Error 3782.924 5291.23
Mean Error 109.245 217.730
Mean Absolute Error 1368.098 1650.398
Standard Deviation 1023.45 1458.93
Linear Correlation 0.923 0.885
Occurrences 109 46

Model development

In this stage, the model and its results can be
presented to farmers to be used in future for
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prediction of energy production during the
process of wheat production. Therefore, after
necessary reports, it was explained the most
effective variables on prediction of output
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energy of wheat farms based on this model.
Concerning that variables of chemical
fertilizers, machinery & diesel fuel are the
most effective variables on output energy of
wheat farms, energy efficiency will be
increased in farms if input variables are
optimized.

Conclusion

Data of wheat farms of Khuzestan province
was used in present study. In the first research
phase, input and output energies of farms were
analyzed. In the second research phase (data
mining), database was divided into training
and testing parts. Then, a model was created
based on artificial neural network technique of
data mining in order to estimate energy in
process of wheat production using IBM
modeler 14.2 and training dataset. As a result,
the model was assessed using testing datasets
and could reach 93.08% precision for
estimation of output energy. It is clearly
evident that this model has a good accuracy for
estimation of amounts of output energy. Also,
results of the study indicate that prediction
methods provide proper source allocation and
increase efficiency of inputs by presenting
more accurate picture of energy status in wheat
farms. It is suggested to use other techniques
available for data mining in future studies and
they are compared with results of the present
research, exploration of rules for including
input and output variables in database via
farma can help considerably data mining in
order to extract more real results from them.
Concerning high potential of data storage and
advanced analysis in wheat farms, it is
suggested to collect systematically and
mechanize data by creating proper software
infrastructures, data warehouse with aim of
using reporting and analytic tools. Finally,
concerning that data of this research belongs to
one province, it is suggested that a similar
research is conducted on other provinces and
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results are compared with results of the present
research and other methods.
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