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A B S T R A C T

Plant diseases are one of the most significance issues in agriculture fields. The diseases destroy fruits 
and are decreased the production rate. They also decrease the economic growth in worldwide and 
increase the demand about preventing plant diseases. The major cause of plant diseases is climate 
changes, weather conditions and environmental factors. To prevent the diseases, we need to identify the 
plant diseases about corresponding environmental factors. In this study, we analysis the plum data and 
identify the plant diseases with corresponding environmental factors by using Logistic Regression model. 
The first process is to identify the number of diseases and its type, and then implement Logistic 
Regression to predict the diseases by using environmental factors as inputs. Finally, we compare the 
actual value of diseases with predicted value of diseases, and need to check the accuracy of diseases by 
using correlation method. We also find the environmental factors for the reasons to forms more diseases. 
In result and discussion, it would be clearly explained about the plum diseases and their environmental 
factors. 
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1. Introduction

Plants diseases are one of the most 
significance issues in agriculture fields. Plant 
diseases destroy any type of fruits and 
decrease the production in agriculture fields. 
It also decreases the economic growth and 
increases the demand in worldwide. The 
major part of cause plant diseases is climate 
changes, weather changes and environmental 
changes in worldwide. To be solve, we need 
some machine learning algorithm to find out 
which environmental factor to causes the 
plants diseases. So, in this study examine 
plum diseases and identify the corresponding 
environmental factors by using logistic 
regression and correlation method. 

In plum data, consist of different categories 
they are Month, Date, Temperature, Rainfall, 
Windspeed, Humidity, Daylight or Sunlight, 
Bud, Flowering, Perfect Flowering, Average 
Plum Fruit width, Average Plum Fruit Length, 
and the diseases are X0, X1, X2, X3, X4, 
X5, X6, X7, X8, & X9. So, this data shortly 
denoted as environmental factors, fruit size, 
and the series of X’s are variety of diseases. 
First, we analyse the number of disease 
(count) and different type of diseases in plum 
fruits. In this process, easily recognize 
diseases types and it counts.  Based on this 
result, we split the different categories of 
disease and then implement the logistic 
regression model to predict the plum fruit 
diseases one-by-one. In this case, use a 
different combination of input factors and 

produce the single output. After predicting the 
plum diseases, need to compare the actual 
disease and predicted disease by the help of 
correlation method. The purpose of the 
correlation method is defined as the 
relationship between two variables. Depends 
on the correlation result, its effortless to 
identify the combination of environmental 
factors in plum data. In this result, we 
concluded which factors cause more diseases 
in plum fruits. 

2. Related Works

Sindhuja Sankaran, and et al, had been 
published a review of advance techniques for 
detecting plant diseases [1]. Jayme Garcia 
Arnal Barbedo was examined a review on the 
main challenges in automatic plant disease 
identification based on visible range images 
[2]. Jayme Garcia Arnal Barbedo and et al, 
were analysed and identified the multiple 
plant diseases using digital image processing 
[3]. Jiang Lu and et al, were published an 
in-field automatic wheat disease diagnosis 
system [4]. Konstantinos P. Ferentinos was 
examined deep learning models for plant 
disease detection and diagnosis [5].  Andreas 
Kamilaris, and Francesc X. Prenafeta-Boldu, 
were published the deep learning in 
agriculture: a survey [6]. Alexander Johannes 
and et al, were analysed automatic plant 
disease diagnosis using mobile capture 
devices, applied on a wheat use case [7]. 
Monalisa Ray and et al, examined the fungal 
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disease detection in plants: Traditional assays, 
novel diagnostic techniques and biosensors 
[8]. Wayne Goodridge and et al, investigated 
the intelligent diagnosis of diseases in plants 
using a hybrid multicriteria decision making 
technique [9].  Savita Kolhe and et al, had 
been published a web-based intelligent 
disease-diagnosis system using a new 
fuzzy-logic based approach for drawing the 
inferences in crops [10]. Ilaria Pertot and et 
al, examined identificator: a web-based tool 
for visual plant disease identification, a proof 
of concept with a case study on strawberry 
[11]. Shanwen Zhang and et al, were 
published the leaf image based cucumber 
disease recognition using sparse representation 
classification [12]. Shanwen Zhang and et al, 
studied the plant diseased leaf segmentation 
and recognition by fusion of superpixel, 
K-means and PHOG [13]. Santanu Phadikar 
and et al, examined the rice diseases 
classification using feature selection and rule 
generation techniques [14]. Roberto Oberti and 
et al,were analysed the automatic detection of 
powdery mildew on grapevine leaves by 
image analysis: Optimal view-angle range to 
increase the sensitivity [15]. Based on the 
related works, this study analysed and identify 
the environmental factors in fruit disease by 
using a logistic regression model and the 
correlation method. 

2.1 Logistic Regression Model

In regression analysis, logistic regression is 

estimating the parameters of a logistic model 
[16]. The two possible dependent variable 
values are often labelled as “0” and “1”, 
which represent outcomes such as pass/fail, 
win/lose, healthy/sick [16]. Peter Peduzzi and 
et al, were published a simulation study of 
the number of events per variable in logistic 
regression analysis [17].  Based on this 
reference and many of the authors detailed 
explained the logistic regression model. 

2.2 Pearson Correlation Coefficient

The Pearson correlation coefficient or 
bivariate correlation is a measure of the linear 
correlation between two variables X and Y 
[18]. It has a value between +1 and -1, 
where +1 is total positive linear correlation, 
-1 is total negative linear correlation and 0 is 
no linear correlation [18]. 
 

 

 

where,   is the covariance,   is the 

standard deviation of X,   is the standard 

deviation of Y. 

3. Materials and Methods

The plum data consist of several categories, 
they are month, date, temperature, rainfall, 
windspeed, humidity, daylight or sunlight, 
bud, flowering, perfect flowering, average of 
plum fruit width, average of plum fruit 
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Types of 
Diseases

Number of 
Diseases 
(Counts)

X0 2
X1 2
X2 2
X3 2
X4 2
X5 3
X6 3
X7 2
X8 2
X9 4

length, and the number of diseases are X0, 
X1, X2, X3, X4, X5, X6, X7, X8, and X9. 
This plum data is 7 months’ data from Jan 
01, 2018 to July 31, 2018and the data are 
collected from the area is HaeRyong in 
Korea. In this plum data, first essentially to 
analyse the number of plum diseases and 
variety of plum diseases. 

 Figure 1. Diagram shows for Identifying the number of 

diseases in plum data. 

<Figure 1> diagram shows for identifying 
the number of diseases in plum data. In 
<figure 1> X-axis has number of days from 
01-03-2018 to 01-07-2018 and Y-axis has 
disease point from 0 to 1. If 0 means no 
disease and 1 means diseases occur in plum 
data. In <figure 1> contains different colors 
and various symbols shows for many diseases 
are occurred in plum data from X0 to X9. 
<Table 1> elaborately shows for different 
types of diseases and the number of diseases 
occurred in plum data.

Table 1. shows for types of diseases and the number of 
diseases.

4. Result and Discussion

In this section, discussed the result of 
logistic regression and disease correlation 
values. Initially implemented the logistic 
regression model for the purpose of predicting 
the plum diseases. Afterward, necessary to 
compare the actual diseases and predicted 
diseases because need to find the accuracy of 
the result. In this case, the Pearson 
correlation coefficient method is used to find 
the accuracy of disease result. <Table 2> 
shows for the result of diseases correlation 
values from X0 to X4. The correlation is 
defined as a relationship between two values, 
one is the actual value of X and another is 
predicted value of X. <Table 2> shows the 
result of X0, X1, X2, X3, X4 diseases and 
the corresponding environmental factors (Input 
factors) used in the logistic regression model. 
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Different 
Combination of 
Input  Factors

Disease Correlation 
Values

X0 X1 X2 X3 X4

T 0.12 0.14 0.13 0.06 0.02

T + R 0.12 0.14 0.14 0.06 0.06

T + R + W 0.16 0.19 0.19 0.08 0.06

T + R+ W + H 0.16 0.20 0.20 0.09 0.07

T + R + W + H + 
D 0.18 0.20 0.22 0.13 0.12

T + R + W + H + 
D + W1 0.40 0.75 0.66 0.13 0.13

T + R + W + H + 
D + W1 + L 0.41 0.76 0.68 0.13 0.13

Different 
Combination 

of Input  
Factors

Disease Correlation Values

X5 X6 X7 X8 X9

T 0.01 0.01 0.01 0.10 0.17

T+ R 0.06 0.06 0.06 0.10 0.18

T + R + W 0.06 0.06 0.06 0.14 0.19

T + R + W + 
H 0.29 0.29 0.44 0.20 0.21

T + R + W + 
H + D 0.12 0.12 0.54 0.44 0.23

T + R + W + 
H + D + W1 0.10 0.11 0.65 0.61 0.25

T + R + W + 
H + D +W1 + 
L

0.82 0.81 0.65 0.60 0.49

If the correlation value is 1 or close to 1 that 
value is perfect matching to actual disease 
and the corresponding environmental factors 
are caused the diseases. In <table 2> the 
highest correlation values are in bold number. 
In <table 2> and <table 3> T for 
Temperature, R for Rainfall, W for 
Windspeed, H for Humidity, D for Daylight, 
W1 for average of fruits width, and L for 
average of fruits Length. 

Table 2. shows for result of diseases correlation values from X0 
to X4.

<Table 3> shows for the result of diseases 
correlation values for X5, X6, X7, X8, and 
X9. In <table 3> the highest correlation 
values are in bold number. The highest 

correlation values with their corresponding 
environmental factors and their plots are 
shown one by one.

Table 3. shows for the result of diseases correlation values from 
X5 to X9.

Figure 2. The diagram shows for the result of comparison of 
actual X0 disease and predicted X0 disease. 
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<Figure 2> diagram shows for the result of 
comparison of actual X0 disease and 
predicted X0 disease. X-axis has number of 
days and Y-axis has diseases point. If Y 
value is 0 then, it has no diseases and if Y 
value is 1 then, it has diseases occurred. The 
grey line shows for actual disease value and 
the redline shows for predicted disease value.  
The X0 diseases are formed on 150th days 
(5th month) and the number of X0 diseases 
(count) is 2. The maximum correlation value 
of X0 disease is 0.41 and their corresponding 
environmental factors are temperature, rainfall, 
windspeed, humidity, daylight or sunlight, an 
average of plum width, an average of plum 
length. Therefore, these environmental factors 
are caused to formed X0 diseases.

Figure 3. The diagram shows for the result of comparison of 
actual X1 disease and predicted X1 disease. 

Figure 4. The diagram shows for the result of comparison of 
actual X2 disease and predicted X2 disease. 

<Figure 3> diagram shows for the result of 
comparison of actual X1 disease and 
predicted X1 disease. The X1 diseases are 
formed on above 120th days (after 4th 
month) and number of X1 diseases (count) 
is2. The maximum correlation value of X1 
disease is 0.76 and their corresponding 
environmental factors are temperature, rainfall, 
windspeed, humidity, daylight or sunlight, an 
average of plum width, an average of plum 
length. So, these environmental factors are 
caused to formed X1 diseases.

<Figure 4> diagram shows for the result of 
comparison of actual X2 disease and 
predicted X2 disease. The X2 diseases are 
created on above 100th days (after 3rd 
month) and number of X2 diseases (count) 
is2. The highest correlation value of X2 
disease is 0.68 and their corresponding 
environmental factors are temperature, rainfall, 
windspeed, humidity, daylight or sunlight, an 
average of plum width, and an average of 
plum length. Therefore, these environmental 
factors are caused to created X2 diseases. 

Figure 5. The diagram shows for the result of comparison of 
actual X3 disease and predicted X3 disease. 
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Figure 6. The diagram shows for the result of comparison of 
actual X4 disease and predicted X4 disease. 

<Figure 5> diagram shows for the result of 
comparison of actual X3 disease and 
predicted X3 disease. The actual diseases are 
occurred on above 100th days (after 3rd 
month) and number of diseases (count) is 2. 
In this result, didn’t get the predicted 
diseases, because of the input factors are not 
suited to predicted X3 disease. 

<Figure 6> diagram shows for the result of 
comparison of actual X4 disease and 
predicted X4 disease. The actual diseases are 
occurred on above 60th days (after 2nd month) 
and number of diseases (count) is 2. In this 
result, didn’t get the predicted diseases, 
because of the input factors are not suited to 
predicted X4 disease. 

Figure 7. The diagram shows for the result of comparison of 
actual X5 disease and predicted X5 disease. 

<Figure 7> diagram shows for the result of 

comparison of actual X5 disease and 
predicted X5 disease. <Figure 8> diagram 
shows for the result of comparison of actual 
X6 disease and predicted X6 disease. The X5 
and X6 diseases are occurred on 100th days 
(after 3rd month) and the number of diseases 
(count) is 3. The maximum diseases 
correlation value of X5 disease is 0.82 and 
the X6 disease is 0.81 and their 
corresponding environmental factors are 
temperature, rainfall, windspeed, humidity, 
daylight or sunlight, average plum width, 
average plum length. Therefore, these 
environmental factors are caused to formed 
X5 diseases and X6 diseases.

Figure 8. The diagram shows for the result of comparison of 
actual X6 disease and predicted X6 disease. 

Figure 9. The diagram shows for the result of comparison of 
actual X7 disease and predicted X7 disease. 

<Figure 9> diagram shows for the result of 
comparison of actual X7 disease and 
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predicted X7 disease in plum data. The actual 
X7 diseases are presented on 100th days 
(after 3rd month) and the number of diseases 
(count) is 2. The highest disease correlation 
value is 0.65 and their parallel environmental 
factors are temperature, rainfall, windspeed, 
humidity, daylight or sunlight, average plum 
width, and average plum length. Therefore, 
these input factors are caused to simulated 
the X7 diseases. 

Figure 10. The diagram shows for the result of comparison of 
actual X8 disease and predicted X8 disease. 

Figure 11. The diagram shows for the result of comparison of 
actual X9 disease and predicted X9 disease. 

<Figure 10> diagram shows for the result 
of comparison of actual X8 disease and 
predicted X8 disease in plum data. The actual 
X8 diseases are presented on close to 140th 
days (after 4th month) and the number of 
diseases (count) is 2. The highest disease 
correlation value is 0.61 and their parallel 

environmental factors are temperature, rainfall, 
windspeed, humidity, daylight or sunlight, 
average plum width. Therefore, these input 
factors are caused to simulated the X8 
diseases. 

<Figure 11> diagram shows for the result of 
comparison of actual X9 disease and 
predicted X9 disease in plum data. The actual 
X9 diseases are presented on close to 110th 
days (after 3rd month) and the number of 
diseases (count) is 4. The maximum disease 
correlation value is 0.49 and their parallel 
environmental factors are temperature, rainfall, 
windspeed, humidity, daylight or sunlight, 
average plum width, and average plum length. 
Therefore, these input factors are caused to 
simulated the X9 diseases. 

5. Conclusion

In this study, environmental changes are 
one of the most important reason to formed 
plum plant diseases or plum fruits diseases. 
To be solved, need to identify the 
environmental factors by using a logistic 
regression model and Pearson correlation 
coefficient.  <Table 1> shows types of 
diseases and the number of diseases occurred 
in plum data. <Table 2> shows for result of 
diseases correlation values for X0, X1, X2, 
X3, & X4 diseases and their maximum 
diseases correlation value of X0 is 0.41, X1 
is 0.76, X2 is 0.68. <Table 3> shows for 
result of diseases correlation values for X5, 
X6, X7, X8, & X9 and their highest diseases 
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correlation values are X5 is 0.82, X6 is 0.81, 
X7 is 0.65, X8 is 0.61 and X9 is 0.49. For 
the reason, each disease is the different type, 
based on the diseases the correlation values 
are varying from to others. In result, 
elaborately explained about each and every 
diseases and their plots. Therefore, based on 
this results, we identified the most 
corresponding environmental factors are 
temperature, rainfall, humidity, windspeed, 
daylight or sunlight, an average of plum fruit 
width, an average of plum fruit length. In the 
future, this study will improve more and 
implements new sophisticated machine 
learning algorithms in plum diseases. This 
study will be extended into strawberry data 
and also identify the environmental factors in 
strawberry diseases.
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요  약

식물질병은 농업 분야에서 가장 중요한 문제 중 하

나이다. 식물질병은 과일을 파괴하고 생산율을 감소시

키며, 세계적 경제성장을 감소시키고 식물질병 예방에 

대한 수요를 증가시킨다. 식물질병의 주요원인은 기후

변화, 기상조건과 환경요인이 있다. 식물질병을 예방

하기 위해서는 식물질병에 따른 해당 환경요인을 규

명해야한다. 본 연구에서는 로지스틱 회귀 모델을 사

용하여 매실데이터를 분석하고 해당 환경요인에 대한 

식물질병을 규명한다. 이를 위해 우선 질병의 수와 유

형을 확인한 후 환경요인을 입력으로 하여 질병을 예

측하는 로지스틱 회귀 분석을 구현한다. 마지막으로, 

식물질병의 실제값과 예측값을 비교하고, 상관관계를 

이용하여 질병예측의 정확성을 확인한다. 또한 질병을 

발생시키는 추가적인 환경적 요인들을 제시한다. 마지

막으로, 매실질병에 대한 환경적 요인을 명확하게 제

시한다.
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