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Abstract

is 85%.

The attack of various diseases is one of the major issues in agriculture, and it has a significant impact on the
productivity of agriculture. The correlations between the plant disease life cycle and environmental conditions can
be successfully used for the prediction and early warnings of the occurrence of diseases. This study proposes a
machine-learning approach for the prediction of disease attacks based on environmental conditions. The proposed
model is based on the crop field Internet of Things (loT) based directly sensed temperature, humidity, and rainfall
to predict the monthly occurrence of the Cotton Leaf Curl Virus (CLCV) disease on cotton crops. Moreover, the
proposed regression model enables the prediction of the CLCV disease attack with a multiple co-efficient of co-
relation value of 0.88 and a coefficient of determination (R2) of 0.82 from the prevailing temperature, humidity, and
rainfall environmental conditions. The field evaluation reveals that the predicted accuracy of the proposed solution

Keywords—Machine Learning, Precision agriculture, Cotton, Cotton Leave Curl Virus (CLCV), Internet of Things (loT),

Regression model

1 Introduction

griculture is the source of livelihood for human

beings. Shortage of resources, urbanization, and
climatic changes have adverse impacts on productivity
in agriculture. The agricultural sector is under
immense pressure to feed the ever-increasing human
population. Plant diseases and pest attacks are the
major reasons for low productivity in agriculture. The
low productivity in agriculture is a serious threat to
sustainable development in agriculture.
Pakistan is an agricultural country with 18.9% of
its GDP from the agriculture sector [1]. Around
70% of the population lives in rural areas, which is
directly or indirectly linked with agriculture[2]. The
low productivity in agriculture is a serious threat to
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the national as well as individual economy/[3].

Plant disease attack is the major reason for the low
productivity in agriculture[4].

Plant disease attacks cause serious economic damage
to the crop. Plant diseases cause reductions in the
quality and quantity of agricultural production[5].
Early prediction of disease attack is important for the
effective and efficient control of the disease attack [6].
Disease seriously damages the quality and quantity of
agricultural production[7]. Many solutions emerged
to deal with the disease attacks. Chemical treatments
are the most popular method to control disease
attacks. Applications of chemicals for disease control
further diversified the issues by creating economic and
environmental hazards in the form of pollution[§].
Judicious use of chemicals is the prerequisite for
integrated pest management and efficient disease
control.

The environmental impacts of existing disease control
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strategies are also very damaging [6]. The extensive
use of chemicals to control pests and diseases in the
last few decades has caused environmental pollution
and the loss of other species. Early disease attacks
would be very helpful for the judicious use of the
resources for early pest prediction [9].

For effective control of disease and efficient use of
chemicals, information regarding the occurrence of
the disease is very important[10]. Early prediction of
the occurrence of the disease is very important for
effective control against disease attacks[11]. Machine
learning has a predominant role in the detection and
prediction of the occurrence of plant diseases[12].
Information and Communications Technologies (ICT)
have a predominant role in every aspect of life
including agriculture[13]. Internet of Things (IoT) and
machine learning are extensively used in agriculture
to deal with the issue of low productivity in terms
of smart farms, and precision agriculture[14]. The
objective of these technologies is the improvement in
productivity with efficient use of resources.

Machine learning is capable to deal with long-lasting
problems in agriculture[15]. Machine learning has been
extensively used for the identification of plant diseases
to overcome the problems associated with traditional
plant disease identifications[16]. Automated plant
disease identification using deep learning is very
successful in plant disease identification[17]. Deep
learning-based computer vision approaches achieve
remarkable accuracy in plant disease identification[18].
Many computer vision and image-based plant disease
prediction solutions were proposed in recent years[19].
The major problem associated with these approaches
is the identification of the disease that has already
been set and has already caused severe damage to the
crop. There is a need for a solution for early warning
for the occurrence of plant disease.

Early warning regarding the occurrence of plant
diseases is very important for the effective control
of the diseases[20]. Early warning regarding the
occurrence of plant diseases would be helpful in the
effective control of the diseases and for the economic
welfare of the farmers. Early warning of the occurrence
of the disease is also helpful in the judicious use of
pesticides that will also result in economic welfare
for the farmers as well as a positive impact on the
environment.

There is a strong correlation between plant disease
and environmental conditions|[21]. The plant disease
depends upon environmental conditions to complete
its life cycle and cause damage to the crop plant. Using
the correlation of plant diseases and environmental
conditions, the occurrence of plant diseases can be

Fig. 1: CLCV affected plant

predicted with a significant level of accuracy.

Cotton is the major crop in the world that supports
the textile industry. Cotton Leaf Curl Virus (CLCV)
is the major viral disease of cotton that has reduced
the production of cotton in the country[22]. In CLCV
the leaves of the plants turned upward, and the
growth of the plant is restricted[23]. In Pakistan, the
production of cotton is severely affected due to the
CLCV. The CLCV-affected cotton plant is shown in
Figure 1.

The CLCV disease is highly dependent on
environmental conditions to complete its life cycle.
High temperature and humidity with low rainfall are
the optimum conditions for the development of crop
plant diseases.

The study proposed a solution to predict early
warning systems for plant disease occurrence based
on prevailing environmental conditions. The proposed
solution uses environmental conditions to assess the
occurrence of the disease. The proposed solution is
implemented on the Cotton Leaf Curl Virus (CLCV)
disease of the cotton crop.

1.1 Contribution of the study
The major contributions of the study are as follows.

1) We proposed an environmental conditions-based
plan disease prediction model for early warning
against disease attacks using machine learning
and IoT.

2) We Proposed a regression model for plant disease
prediction based on IoT-assisted crop field sensed
environmental conditions to generate early warn-
ing against the plant disease attack.

3) The study also explores the performance of the
regression model for CLCV disease attack predic-
tion on cotton.



QUEST RESEARCH JOURNAL, VOL. 20, NO. 02, PP. 01-10, JUL-DEC, 2022 3

1.2 Organization of the study

The rest of the study is organized into a literature
review, fallow by the contribution of the study. In the
next section, the material and method for the proposed
solution are described. In the end, an evaluation of the
proposed solution is given.

2 Literature review

Srivastava et al. [6] proposed an acoustics-based so-
lution to detect the occurrence of pest attacks on
a crop field. Tanmay Baranwal et al.[24] proposed
grain storage monitoring to detect intruder attacks.
Troung et al. [25] proposed fungal disease attack pre-
diction based on environmental conditions captured
using the IoT. Nagaraju and Chawla. [20] explored
the deep learning-based approaches for identification
of the plant diseases.

K.V.Raghavendra et al. [26] explored the relationship
between environmental conditions and pest attacks on
cotton crops. Shashank Chaudhary et al. [27] reviewed
the computer vision approaches for the identification
of plant diseases. Chen Junde et al. [28] proposed a
deep transfer learning-based model for plant disease
identification. Liu and Wang [29] proposed a model
for tomato disease and pest attack identification with
help of a computer vision-based approach using the
Yolo V3.

Gang Liu et al. [30] proposed the neural network-
based approach to determine the occurrence of disease.
Araby, A.A. et al. [31] proposed IoT assisted disease
identification and recommendation system. Syarif, I.
et al. [32] explored the correlation between crop field
environmental conditions and the occurrence of plant
diseases attack. Banker et al. [33] proposed an au-
tomated crop disease prediction system. Saeed Azfar
et al. [34] proposed Wireless Sensor Network (WSN)
based crop field monitoring for the prediction of the
occurrence of plant diseases. Kundu Nidhi et al. [35]
proposed IoT based model for disease prediction in
pearl millet.

Jun Liu and Xue Wei Wang [29] proposed deep
learning-based identification of tomato crop diseases.
Bhatia Anshul et al. [36] proposed an extreme
machine-learning approach for plant disease identifi-
cation with an imbalanced dataset. Yu Shang and Zhu
[37] proposed insect attack predictions using a Ge-
netic Algorithm (GA) and Artificial Neural Network
(ANN). Vishnoi Vibhor Kumar et al. [38] proposed a
computer vision-based approach for crop plant disease
identification.

Rajesh Yakkundimath et al. [39] recommended a plant

health monitoring system. Vibhor Kumar [40] pro-
posed a feature extraction technique for plant disease
identification. Ramesh.S [41] proposed a real-time crop
health monitoring system using IoT. Cristin et al. [42]
proposed a Rider-Cuckoo search algorithm for plant
disease identification. Liu Zhiyan et al. [43] proposed
a blister blight disease prediction model for the tea
plant.

Sehan Kim et al. proposed [44] proposed the ‘Farm as
Service’ (FAAS) named approach for strawberry plant
disease identification. Shah Dhruvil et al. [45] proposed
a residual deep interruptible model for plant disease
identification. Ntihemuka Materne and Masahiro and
Inoue [46] suggested IoT-based crop plant monitoring
to determine the impacts of climatic changes on crop
plant health. Sahu et al. [47] proposed real-time mon-
itoring of crop plants as a computer vision-based ap-
proach to monitoring crop plant health. Pandey et al.
[48] explored the challenges and issues for the identifi-
cation of fungal crop plant diseases. Shanmuga Priya.S
and Abinaya.M [49] proposed a data cluster technique
for disease prediction using environmental conditions.
Singh et al. [50] proposed a dataset for vision-based
crop disease identification. Takashi Okayasu et al.
[51] proposed IoT bases crop plant health monitoring
system.

Tibpromma et al. [52] proposed a model for the fungal
pathogen in tea~-grown areas. Cohen, Y. [53] proposed
a Decision Support System (DSS) for disease control
in citrus orchids. Georgina Stegmayer et al. [54] rec-
ommended a model for the identification of diseased
attacks on fruits. S.Azfar e al., [55] proposed WSN
based plant disease identification model by real-time
crop field observations. Navin Dames and Sultani [56]
proposed a temperature-based model for predictions of
disease attacks on crop plants.

Pankhuri Pragya et al. [57] proposed a computer
vision-based approach for the identification of tomato
disease from crop plants. Colin Gilmore et al. [58]
recommended a grain storage monitoring system. Jiten
Khurana et al. [59] proposed a deep learning-based
plant disease detection model. Anbarasi M. et al. [60]
proposed Convolution Neural Network (CNN) assisted
plant disease, identification model. Swapna C. and
Shahji [61]proposed Centroid Distance Neighborhood
Features (CDNF) based to identify the disease-affected
areas in plants.

Sarika Datir and Wagh [62] proposed etiology-based
powdery mildew disease identification by directly ob-
serving the etiological conditions using WSN capa-
bilities. Jinpeng Wang et al.[63] recommended IoT
and machine learning-based plant disease identifica-
tion. R. W. Mankin [64] recommended IoT-assisted
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remote crop field monitoring to assess farm conditions.
Wei and Lin r[65]recommended a fuzzy RBP Neural
Network-based pest attack prediction model. Xiao
Yang et al. [66] recommended an image-based lettuce
quality monitoring system. Shanmuga Priya.S [49]pro-
posed a correlation-based pest prediction in cotton.
The proposed solution is implemented for thrip pests
in the cotton crop which is very accurate in predicting
the occurrence of thrips.

Lee Haemin et al. [67] proposed loT-assisted crop field
monitoring of environmental conditions and the corre-
lation between the pest population and weather con-
ditions. M.A. Ebrahimi et al. [68] SVM-based thrips
identification on Strawbery plants. Bratislav Predic
et al. [69] proposed weather-based prediction of the
fruit’s disease using the data mining approach. Araby
et al. [31] IoT assisted in the identification of diseased
plants from healthy plants. Demin Gao et al. [70]
proposed Unmanned Aerial vehicles (UAV) and image-
based disease identification in wheat crops. Liu Gang
et al. [30] proposed a neural network-based ring spot
disease of fruit plants. Patil and Mytri [71] proposed a
thrips pest attack in cotton crops. Shang, Yu, and Zhu
[37] recommended ANN-based pest and disease attack
identification in crop plants. Paul Boissard et al.[72]
proposed rose plant disease identification.

After a comprehensive literature review, it is observed
that many plant disease detection and prediction
models were proposed in recent years. Most of these
approaches use vision-based and acoustics technology.
The proposed solutions are limited to generating early
warnings against the occurrence of disease attacks.

3 Material and Methods

In this section, the flow chart of the proposed solution
with implementation detail is described.

3.1 Environment data sensing prototype

For crop fields, an environmental data sensing
prototype is developed with the Arduino platform.
The implemented prototype senses the crop field
temperature, humidity, and rainfall for the prediction
of CLCV disease. The implemented hardware
prototype for the proposed solution is shown in Figure
2. The IoT-assisted prototype senses the crop field
environmental conditions from the crop field.

3.2 Flow Chart of the disease

The proposed flow chart for the prediction of
CLCV on cotton crops based on crop field sensed

Fig. 2: Environmental monitoring sensor node

environmental conditions is shown in Figure 3. The
crop field environmental conditions from February to
November are observed along with the CLCV disease
level. The directly sensed environmental conditions
are processed to determine the average monthly
environmental conditions. The dataset from the year
2016 to the year 2019 for the selected months is used
to train the model.

The dataset is pre-processed for missing values and
any invalid entries into the dataset. The dataset is
split into training and test datasets with a 70:30
ratio. The model is trained with a training dataset
using a regression modeling approach. The proposed
regression model is tested using a test dataset.
The proposed solution is also evaluated by field
observations by comparing the predictions of the
proposed model against the field observations from
the year 2019 to 2021.

3.3 Environmental Conditions

This section presents the environmental condition that
is important for the growth and development of CLCV
disease in cotton crops. Temperature humidity and
rainfall are the most important environmental con-
ditions for the successful life cycle of CLCV disease
in cotton crops. High temperature and high humid-
ity with low rainfall or favorable conditions for the
occurrence of CLCV disease in cotton crops. The
temperature and humidity are directly related to the
occurrence of CLCV disease and rainfall are inversely
related to the occurrence of CLCV in cotton crops.

To implement the solution the temperature humidity
and rainfall in that experiment area are observed from
the year 2016 to the year 2021. The proposed solution
is based on the monthly prediction of CLCV disease
therefore the daily observed temperature humidity,
and then rainfall is expressed on monthly basis.
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Fig. 3: Flow chart of the proposed solution
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Fig. 4: Mean Monthly temperature of experiment area

3.3.1

Temperature is directly related to the disease life cycle.
The successful life cycle of CLCV depends upon the
temperature in the range of 30 to 40 C. The daily
maximum temperature (Tmax) is used to determine
the mean monthly temperature (Tmean) by Eq. 1.
The temperature in the experiment area for selected
months from the year 2016 to 2019 is shown in Figure
4.

Temperature

Tmal‘
Tmean - N (1)
No. of days in the month

3.3.2  Humidity

The high humidity along with the high temperature
is favorable for the development of CLCV disease in
cotton plants. The daily maximum humidity (Hmax)
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Fig. 5: Mean monthly humidity of experiment area
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Fig. 6: Monthly maximum rainfall in the experiment
area

is used to determine the mean monthly humidity
(Hmean) expressed by Eq. 2. The humidity in the
experiment area for selected months from the year
2016 to 2019 is shown in Figure 5.

Hmax

Hipean = - 2
No.ofdaysinthemonth 2)

The correlation between humidity and CLCV attack
is shown.

3.3.3 Rainfall

The rainfall is also associated with the successful de-
velopment of CLCV disease in cotton. For CLCV pre-
diction the maximum rainfall (Rmax) for the month is
used and expressed by Eq. 3.

Ryaz = Mazg,, (3)

Where “Rmax” is the monthly maximum rainfall,
“Rx” is the daily maximum rainfall. The rainfall
observation in the experiment area is shown in Figure
6.
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TABLE 1: CORRELATION BETWEEN ENVIRON-
MENTAL CONDITIONS AND DISEASE INTEN-
SITY

Rain Fall
-0.49

Humidity
0.81

Temperature

0.89

Disease
Intensity

3.4 Machine learning model

Due to the presence of a linear relationship, the regres-
sion machine learning model is applied for the imple-
mentation of the proposed solution. Multiple Linear
Regression (MLR) is used to determine the level of
occurrence of CLCV from mean monthly temperature,
mean monthly humidity, and monthly maximum rain-
fall. The multiple regression equation for the problem
is expressed by Eq. 4.

Y = (0.051065 * Tean) + (0.00771 % Hypean )+

(—0.03059 * Rypaz) + (—1.30814) (4)

The correlation of the independent variable’s tem-
perature, humidity, and rainfall with the occurrence
of CLCV disease is shown in the Table. 1. From the
Table. 1, it can be observed that temperature and
humidity are positively correlated with CLCV disease,
and rainfall is negatively correlated with the occur-
rence of CLCV disease.

4 Evaluation

The purpose solution is evaluated in the following
context.

1) In terms of the accuracy of the model for the
prediction of the occurrence of CLCV disease on
cotton crops.

2) In terms of comparison of the predictions against
the field observations.

The occurrence of the CLCV disease is observed in
terms of the level of disease severity. The occurrence
of the disease below the Economic Threshold level is
marked as 1, at ETL, marked as 2, and above ETL
level is marked as 3. The probability distribution of
CLCV with three ETL levels is shown in Figure 7.
The three levels of ETL for prediction purposes are
elaborated on in Table. 2. The marking of ETL level
for the CLCV disease would make the implementation
easy.

The difference in prediction by the proposed model
and actual ETL of the CLCV disease is analyzed
in terms of a residual plot. The residual plot based

TABLE 2: MARKING OF LEVEL OF ECONOMIC
THRESHOLD LEVEL (ETL) OF CLCV IN THE
DATASET

Level Marker
Below ETL level 0
AT ETL level 1
Above ETL level 2
2.5
2 —
f o
2 15
=
s 1 —
0.5
0 C—
0] 50 100 150

Sample Percentile

Fig. 7: Normal probability plot of ETL level of CLCV
disease in the dataset

on temperature is shown in Figure 8. The resid-
ual values are evenly distributed around means with
temperature-based predictions of the CLCV predic-
tion.

Figure 9, depicts the residual values for the
humidity-based ETL level of CLCV prediction. The
residuals are evenly distributed around means. The
residual plots show that the humidity-based prediction
of CLCV disease is accurate with the minimum differ-
ence from the actual level of CLCV in cotton crops.

Figure 10, shows the residual plot for rainfall-based
CLCV prediction. The residual values for the rainfall-
based CLCV predictions are evenly distributed around
the mean.

In the next section, the best-fitted regression lines

RESIDUALS

60

MEAN WEEKLY TEMPERATURE

Fig. 8: Mean weekly temperature-based residual plot
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for each of the three independent variables, temper-
ature, humidity, and rainfall for CLCV level predic-
tion are given. In Figure 11, the best-fitted regression
line for temperature-based CLCV level prediction is
shown.

The best-fitted regression line for humidity-based
CLCV level prediction is shown in Figure 12.

The best-fitted regression line for rainfall-based
prediction is shown in Figure 13. The proposed re-

2.5
1.5

0.5

CLCV LEVEL

60
-0.5

-1.5

©CLCV Level Predicted CLCV Level
MEAN WEEKLY TEMPERATURE

Fig. 11: Synchronous reluctance motor view of stator
and rotor
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Fig. 12: Humidity-based best line fit plot

CLCV LEVEL

MEAN WEEKLY RAINFALL
©OCLCV Level Predicted CLCV Level

Fig. 13: Rainfall-based best line fit plot

gression model enables the prediction of the CLCV
with a 0.035 coefficient of determination from the
prevailing temperature, humidity, and rainfall. The
Table. 3 different statistics regarding the implemented
regression model are given which reveal the regression
model is accurate in the prediction of CLCV disease
from temperature, humidity, and rainfall. From 1439
observations the statistics of the proposed model re-
vealed that the model can make accurate CLCV pre-
dictions from the temperature, humidity, and rainfall
environmental conditions. The ANOVA test results
of the regression model are given in Table 4. Model
statistics are given in Table 5.

TABLE 3: REGRESSION STATISTICS

Regression Statistics
Multiple R 0.881898
R Square 0.825094
Adjusted R Square 0.833737
Standard Error 0.013483
Observations 1429
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TABLE 4: ANOVA STATISTICS

df SS MS F Significance F
Regression | 3 | 295.3023 | 98.43411 | 261.5419 3.3E-135
Residual | 1425 | 536.3142 | 0.376361
Total 1428 | 831.6165
TABLE 5: ANOVA STATISTICS
. Standard Lower Upper Lower Upper
Coefficients Error t Stat P-value 95% 95% 95.0% 95.0%
Tntercept 1.30814 0.144738 | -9.03798 | 5.07E-19 | -1.59206 | -1.02422 | -1.59206 | -1.02422
1\T4eanweekly 0.051065 | 0.002926 | 17.45095 | 5.87E-62 | 0.045325 | 0.056805 | 0.045325 | 0.056805
emperature
Mean Weekly | 5779 0.001246 | 6.18903 | 7.9E-10 | 0.005266 | 0.010154 | 0.005266 | 0.010154
Humidity
Mean Weekly 0.001302 | -23.4901 | 2.1E-103 | -0.03315 | -0.02804 | -0.03315 | -0.02804
Rainfall

4.1 Field Evaluations

To evaluate the proposed model in the real-time envi-
ronment the predictions made by the proposed solu-
tions are compared against the level of CLCV disease
in the experiment area. The field evaluation is made
from the year 2019 to the year 2021. The prediction for
the selected months is made and compared against the
field observations. For each selected year ten predic-
tions are made. In 2019 seven predictions are correct,
in 2020 and 2021 eight predictions are correct. The
overall accuracy of field evaluations is 85%.

5 Discussion

The plant disease life cycles are heavily dependent
upon environmental conditions. Each plant disease
requires an optimum level of environmental conditions
to complete its life cycle and cause disease. The cor-
relation between environmental conditions and plant
disease life cycle can be effectively used for the level of
occurrence of plant diseases as an early warning of the
occurrence of plant disease.

The CLCV disease of the cotton crop can be used
for the occurrence of the CLCV disease level based
on crop field temperature, humidity, and rainfall. The
temperature and humidity are positively related to the
occurrence of CLCV disease and rainfall is negatively
related to the occurrence of CLCV disease. The crop
field sensed data is used to train and test the regression
model.

The proposed regression model is trained based on
crop field data collected from the experiment area for
the year 2016 to 2019. The crop field data for the
selected years is observed from February to November
for the cotton crop. The trained model is used to make
field evaluations in the year 2019 to the year 2021.

The evaluations of the model reveal that the model is
accurate to predict the occurrence of the level of CLCV
disease with a 0.35 coefficient of determination (R2).
In the case of field observations, the proposed solution
is to make 85% accurate predictions.

The model can make accurate predictions with pre-
vailing environmental conditions. The study proposed
a regression model for the prediction of plant disease
attacks based on environmental conditions due to the
availability of a limited dataset. The inclusion of more
data and the application of a deep learning approach
are recommended for future work.

6 Conclusion

The crop field environmental conditions can effectively
be used for the early warning of plant disease. There is
a strong correlation between disease life cycle and crop
field environmental conditions. The implementation of
the proposed solution for predictions of the CLCV
attack on cotton crops reveals that the CLCV attack is
predicted with a 0.35 coeflicient of determination from
prevailing temperature, humidity, and rainfall. The
field evaluation of the proposed solution reveals that
the proposed solution made 85% accurate predictions
in the year 2019, 2020, and 2021 for predictions of
CLCV attack on cotton crops. The major limitation
of the study is the use of machine learning due to
the availability of a limited dataset. The addition of
more data in the dataset and the application of a deep
learning approach are recommended for future work.
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