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Abstract

The Mustard crop is one of the important oil seed crops, but the crop suffers from
various diseases causing loss in its yield. Diseases can be detected by the naked eyes by
experts, but this method is time consuming when applied to large farms. The recent trends in
computer vision with the help of various techniques show considerable results in detecting
diseases in various crops. As a result, this paper presents a system for feature selection and
classification of leaves for detecting diseases at an early stage to prevent the plants from
further damage. For image segmentation OTSU technique is applied, GLCM feature selection
is used for extracting the features and at last the feed forward ANN classifier is used to
classify the infected mustard leaves. The performance of ANN is tested with various other
classifiers like RFGBM, J48, Naive Bayes, Decision Tree, KNN, SVM and RF. Classification
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parameters, such as Precision, Recall, F-measure, Error, and Accuracy is used as a measure
for effectiveness of the feed forward ANN achieving an accuracy of 86.78%.

Subject Classification: 68T07.
Keywords: Machine learning, Deep learning, Disease detection, SVM, ANN, GLCM.

1. Introduction

Diseases in plants are one of the most significant challenges affecting
the quality and quantity of agricultural produce [1]. Nowadays, one of the
most essential challenges in agriculture is to detect and classify plant
lesions to improve the quality of plant production for economic growth. It
is reported that in India the most common disease of Indian mustard is
Alternaria blight which affects the crop adversely causing nearly 47%
losses in the yield [2]. Monitoring plant health and Pathogen detection at
an early stage are essential to reduce spreading of disease and facilitate
effective and efficient management practices [3]. Technology has a vital
role to play in detection of these diseases in horticulture, floriculture etc.

By 2050, the world’s [4] population is expected to reach to nearly 10
billion, which calls for increase in agricultural development somewhere in
the range of 50% in contrast to 2013[5]. Between 2005/07 and 2050 every
individual would require raising the overall food production by around 70
percent [6]. However, projected amount of crop production needs to be
ensured by the farmers across the world by increasing the area of
agricultural land or by improving the productivity on available agricultural
area by adopting smart farming techniques [7]. This paper is organized
into 4 sections as follows: in section 1 the disease detection process in
plants is discussed briefly. The phases of the process with various
techniques used in that, their pros and cons are reviewed. Section 2
contains the related work in computer vision in plant disease detection.
Section 3 gives the results and discussions with respect to all the classifiers
at last Section 4 considers the recommendations, challenges, limitations.

1.1 Disease Detection and Classification Process

Disease detection is nowadays scan also be carried out with the help
of image processing techniques [8][9]. A network of Sensor Nodes (SNs)
[23][25] deployed within the agricultural fields are used to collect the data
in regular intervals that can be used to analyze the crop health and these
systems are also managed using some softwares[28][10][11][12]. The
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Figure 1

Disease detection techniques in plants

techniques consist of four major steps which includes the preprocessing of
data, disease detection followed by the feature extraction and classification
[13][14][15][16].

Figure 1 shows the step-by-step process of disease detection in plants.
The process is carried out and further the training and testing data is
divided from the dataset [17][18][29]. At the end the validations are done
with the comparison.

2. Literature Review

Many researchers now have explored the area of disease detection in
plants using various techniques like machine learning and deep
learning[26]. Jitesh P Shah et al. carried out a survey on 19 research papers
including the present research carried out on rice diseases, other plants,
and fruits. The survey done by the authors includes criteria like dataset,
no. of classes, techniques used for preprocessing, segmentation techniques,
feature extraction, edge detection, color space and background of images.
A comparative study on various segmentation and classification techniques
applied in rice disease detection is carried out. It was observed that the
SVM classifier is suitable for high dimensional data whereas neural
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networks can be applied where a large data set is to be trained. The least
used classifier is the rule-based classifier as it is based on production rules.
A technique for detection of diseases in rice crop is proposed in this work.
Mainly the researchers worked on three diseases i.e., bacterial leaf blight,
brown spot, and leaf smut of rice crop.X.E. Pantazi et.al [20] worked on an
automated technique for identifying the crop disease on various leaf
samples by using Local Binary Patterns (LBPs) for extracting the features
and for classification single Class Classification classifier is used. The
proposed methodology uses a committed One Class Classifier for
individual plant conditions like health, powdery mildew and black rot.
Vine Leaves were used for the successful application of the algorithms.
The results are said to be true for most of the cases. As mentioned, 44 of
the 46 tests plants were classified correctly, 95% accuracy was achieved.
The research combines advanced Image processing techniques with
Artificial Intelligence (Al) like GrabCut Algorithm to classify the plan
conditions.Aakanksha Rastogi et.al [21] proposed a  method for
identifying the leaf diseases and further grading them by using image
processing and machine vision. The process is carried out in two phases.
Firstly, pre-processing is done for extracting the leaf from the noises and
then Artificial Neural Network based training is done to train the network
based on features. The entire process proposed uses Euclidean distance
technique, K-Means based segmentation of defected areas, Fuzzy logic
system for grading and finally ANN based classification of disease.Raciel
Year Toledo et.al [19]  proposed Automatic Detection of Nutrition by
analyzing the shape and texture of coffee leaves. The research was focused
on identification of nutritional deficiency of Boron, Iron, Calcium and
Potassium in coffee tea tree leaves. The algorithm used for segmentation
was Otsu’s Method. To extract the characteristics of the coffee tea tree
leaves, Blurred Shape Model (BSM) and Gray-Level Co-occurrence
descriptors were applied onto them. To infer the results of deficiency,
obtained images are used for training KNN, NN and Naive Bayes
Classifiers. Better accuracy was produced by the proposed algorithm
associated to Boron (B) and Iron (Fe) deficiencies.

3. Proposed Work

This paper presents a comparison of AI models on the plant dataset.
Various classifiers are used for the comparisons such as REGBM, J48,
Naive Bayes, Decision Tree, KNN, SVM, ANN and RF.
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4. Result and analysis

Among all the classifiers, ANN has the highest performance than all
other classifiers. Table 1 shows the comparison of proposed algorithm
with other algorithms. The results of the comparisons are also presented
in the form of bar graphs from Figure 2.

4.1 Dataset used

All images are taken are of 512*512 resolution using a mobile
device[22][27] as this makes the dataset a bit less complex and offers low
computation scaling the dataset uniformly for accurate extraction of
features. The images can also be taken using the aerial view and then the
data is sent to the device using wireless services[24]. The images are
smoothened using the median filter. In the next step the OTSU technique
is applied to segregate the foreground and the background based on the
image characteristics. At last, the classifier is used to detect the unhealthy
and healthy portion of leaves.

4.2 Parameters Taken

In this work a total of 5 parameters are taken. These are: Sensitivity,
Accuracy, Precision, F- score and Recall.

Confusion matrix: While dealing with classification problems
confusion matrix are of great use as the percentage of correct classified
samples and misclassified samples are the measures of the efficiency of
the classification model. This n*n matrix evaluates the efficiency of the
classifier used for any problem.

Accuracy: It is the measure of predictions that the model got right. It
is defined as the ratio of the total observations predicted correctly to the
total number of observations predicted. The higher the accuracy of the
model, the higher the efficiency of the classifier.

(true positive+true negative) )

accuracy =
y true positive+true negative+false positive+false negative

Precision: It is the measure of the correct positive predictions made by the
classifier to the total positive results predicted by the classifier. The higher
the precision of the model, higher is the reliability of the mode in predict-
ing the samples as positive.

True positive (2)

Precision = — —
True positive+False positive
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Recall: It gives the measure of proportion of actual positives that were
predicted right. Higher value of recall indicates that the samples were
detected more positively.

True posistive ( 3)

recall = — ,
True positive+False negative

F-Score: The Harmonic Mean of precision and recall is the F1 Score.
F1 Score has a range of [0, 1]. It indicates the exactness and robustness of
the classifier.

fscore =

True posistive ( 4)
True positive+(False positive+False negative)

Specificity: This gives the measure of the true negatives that are
correctly identified by the model.

True negative ( 5)
gative+False positive

specificity = -

4.3 Comparison Table

The comparison of the classifiers is shown in Table 1. Among all the
classifiers, ANN gives the best results in terms of accuracy, F-score,
specificity, and precision.

Table 1
Comparison of various existing classifiers based on some parameters
Classifier Name Accuracy | Precision | Recall | F-Score |Specificity
DT 79.209 73.894 73.612 78.567 78.095
J48 78.314 77.564 77.111 78.267 78.953
RF 83.561 82.341 82.212 83.452 82.223
ANN 86.782 84.121 84.674 | 86.906 85.123
SVM 82.345 83.897 83.906 83.126 84.323
KNN 79.947 77.764 77.514 | 75.908 76.987
Naive Bayes 76.569 76.452 75.589 75.541 76.906
Logistic Regression 77.906 76.908 75.08 77.011 75.987
RFGBM 85.456 83.435 83.231 85.633 84.675
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Figure 2:
(a) ROC curve for SVM; (b) ROC curve for DT; (c) ROC curve for ANN;
(d) ROC curve for REGBM; (e)ROC curve for RF; (f) ROC curve for Naive
Bayes; (g) ROC curve for LR; (h) ROC curve for KNN; (i) ROC curve for SVM;
(j) Histogram with 20 bins
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Figure 2 (a) to (i) shows the ROC curve for all the. The ROC curve for
ANN among all the classifiers shows the least variation form the threshold
i.e from true positive rate and false positive rate.

All the comparisons in Figure 3 show that the ANN performs the best
when the mustard leaves are given as input for the classification of healthy
and unhealthy leaves. ANN outpowers all other classifiers with an
accuracy of 86.78%, precision of 84.121%, recall of 84.674%,F-score of
86.906% and specificity of 85.123%. The same has been presented in the
form of bar graphs. All the classifier’s validation parameters are presented
in Figure 3 which shows ANN performs best among all others.
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Figure 3

Comparison of RFGBM, J48, Naive Bayes, Decision Tree, KNN,
SVM, ANN and RF
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5. Conclusion and future work

In this paper various classifiers were used and after comparing the
results it was found that the performance of ANN is better with the
accuracy of 86.726 among all other on the mustard leaf images. As ANN
works with feed forward principle. More improvements can be made in
each phase of disease identification as refinement in segmentation is
needed to get more accurate results. Also, some metaheuristic techniques
can be used to improve the efficiency of the classifiers by hyperparameter
tunning.
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