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Abstract

Potato is a popular crop that is cultivated in many different climates. Potato farming has recently gained
incredible traction, increasing relevance in international agricultural production. Potatoes are susceptible
to several ilinesses that stunt their development. This plant has significant leaf disease. Early blight (EB)
and late blight (LB) are the two devastating leaf diseases for potato plants. The early detection of these
diseases would be beneficial for enhancing the yield of this crop. The ideal solution is image processing
to identify and analyze these disorders. Using image processing and machine learning, we detail a
method that requires no outside help to detect late-blight potato leaf in this article. The pro- posed
method comprises four different phases: (1) Histogram input images may improve from equalization to
boost their overall quality; (2) feature extraction is performed using a Deep CNN model, then these
extracted features are concatenated; (3) feature selection is performed using wrapper-based feature
selection; (4) classification is performed using an SVM classifier and its variants. By utilizing SVM and a
meticulously selected set of 550 characteristics, the suggested technique achieves an unprecedented
99% accuracy.

1. Introduction

In areas where potatoes are planted, late blight diseases are frequent. According to Arora et al., Potato
blight is a widespread disease that affects green leaves. It starts as small, irregular, light green lesions
around the leaf’s tip and edges, and eventually turns into huge, dark brown or even purple necrotic areas
(1),(2). Its production of over 329 million metric tons of non-grain agricultural products in 2009 serves as
an essential element of over 1.5 billion people's daily diets (3). Potato is a multipurpose and widely
available crop that has played a critical role in China’s economic growth. Pests and diseases, on the other
hand, significantly limit potato production. Late blight, a disease that affects potatoes over the globe, is
the most destructive (4). The agriculture industry is vital to the world economy. It emphasizes the need to
provide adequate care for plants from when they are seedlings until they produce the desired crop. The
crop has to undergo several stages throughout this procedure (5). If sufficient measures are taken to
protect the playing area, this issue may be remedied. People won't be able to change some parts of the
weather; their only option is to wish for better conditions. Finally, the significance of preventing infections
that might stunt the crop’s growth and reduce its yield cannot be overstated (6). The crop will be able to
be protected with the right nutrients if these illnesses can be detected early enough. Providing a method
for recognizing and categorizing illnesses that are amenable to digitalization would be beneficial for
agriculturists (7). Agriculture nowadays, management is increasing complexity due to many factors (7).
Regarding farming, in particular, the business has evolved into an increasingly competitive and worldwide
one, where producers must consider local climatic conditions, environmental issues, and worldwide
environmental and economic elements (8). Compared to grains, the potato is a more productive crop in
terms of the amount of protein, dry matter, and minerals it generates per unit of land. On the other hand,
the production of potatoes is susceptible to a wide variety of illnesses, which may cause yield losses and
a decline in tuber quality, ultimately leading to an increase in the price of potatoes (9). Potato crops are
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susceptible to various illnesses, particularly parasitic infections, which may significantly decrease crop
output and cause severe financial losses for farmers and producers. Enzymes (10),(11) play an essential
role in developing potato leaf disease caused by the pathogenic fungus Phytophthora infectans. Farmers
who want to minimize annual losses must first identify the many illnesses that harm potato plants.
Blights, both early and late, are among the most prevalent diseases. Economic loss and waste reduction
prevention may be achieved by identifying these ilinesses early and applying effective therapy. Because
early and late blight treatments are distinct, every potato plant must be correctly identified. Certain strains
of microalgae (12) (a diverse group of tiny, aquatic microorganisms (13)), such as Chlorella pyrenoidosa,
protect potato plants from infection. Here, a convolutional neural network model is trained using deep
learning to categorize ilinesses affecting potato plants. For farmers to select the proper treatment, the
model should provide a way to identify whether their potato plants have early or late blight diseases (14).
Environmental factors have an impact on the occurrence of late blight. Excessive humidity and specific
temperature conditions may wreak havoc on an entire field in a short period (15). Leaf yellowing, wilting,
and withering will be seen, as well as a shift in spectral characteristics (16). The approach suggested by
Islam, Dinh, Wahid et al. (2017) utilizes imaging technology and Al to identify plant diseases on leaves.
Potato plant diseases and natural leaves have been identified from public-domain images using an
automated approach validated using so-called 'Plant Village data. The accuracy of the proposed model
is around 95%, and it is achieved via the use of support vector machines for the segmentation and
classification out- lined below. The proposed technology may now be used for widespread plant disease
diagnosis. An easy-to-use and automated method was developed using multiclass support vector
machine picture segmentation. A small amount of computational work is required to identify basic potato
illnesses such as Late Blight and Early Blight. Using this strategy, farmers could identify diseases more
quickly, accurately, and efficiently (17). Agriculture nowadays, management is increasing complexity due
to many factors (7). Regarding farming, in particular, the business has evolved into an increasingly
competitive and worldwide one, where producers must consider local climatic conditions, environmental
issues, and worldwide environmental and economic elements (8). Compared to grains, the potato is a
more productive crop in terms of the amount of protein, dry matter, and minerals it generates per unit of
land. On the other hand, the production of potatoes is susceptible to a wide variety of illnesses, which
may cause yield losses and a decline in tuber quality, ultimately leading to an increase in the price of
potatoes (9). Potato crops are susceptible to various illnesses, particularly parasitic infections, which may
significantly decrease crop output and cause severe financial losses for farmers and producers. Enzymes
(10), (11) play an essential role in developing potato leaf disease caused by the pathogenic fungus
Phytophthora infestans. The inter-class resemblance and intra-class variation of potato leaf images
affect the recognition accuracy. Variation in shape, texture, and size is a challenging task for the
segmentation of late blight. The low contrast of potato leaf disease infection area in agriculture images
is difficult to detect. It will shorten the time needed to identify diseases and improve the accuracy with
which they are classified. The authors compared two CNN approaches for diagnosing 26 diseases in 14
crops using the (18) Plant Village Dataset.

1.1. Research Contribution
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The main contributions of this study are:

1. Histogram Equalization is used for image enhancement.

2. Deep CNN model is used for feature extraction.

3. Feature Concatenation and Wrapper Based Feature Selection is used for selecting core features.
4. SVM classifier and its Variants are used for Classification.

1.2. Paper Organization

We will expand on our findings in the parts that follow. Section 2 will go over previous research in the
field. The materials and procedures we used are described in Section 3, and our findings are presented
and thoroughly discussed in Section 4. The summary and conclusions of our investigation will be
presented in Section 5 to conclude.

2. Related Work

A modest convolutional neural network was developed by Kang et al (34), using the Django framework,
they developed a system to tell the difference between early blight, late blight, and healthy leaves in
potatoes. The parameters have been drastically reduced to guarantee a Top-1 identification accuracy of
93% or higher for the model. The Django framework includes this trained model to build a website for
spot- ting early potato leaf diseases. This technical assistance helps develop a mobile-based diagnosis
and warning system for potato leaf disease. (19) presented a CANet-based context-aware 3D
convolutional neural network model for autonomously segmenting leaf lesions and identifying plant
diseases. In order to identify the subtype of lesions in the segmented area, a deep CNN is used. Finally, a
hybrid technique using CNNs and linear regression is used to forecast the plant’s prognosis for survival.
They then evaluated the Plant Village Benchmark Dataset with DICE and loU matrices for lesion
segmentation to assess detection strategy and forecast accuracy. Average efficiency for the suggested
lesion segmentation model was 92%, with an loU of 90%. For tomato, potato, and pepper plants, the
lesion subtype identification model’s precision was 91.11%, 93.01%, and 99.04%, correspondingly.
Consequently, the most recent lesion segmentation algorithm is ideal for real-time disease diagnosis
using UAVs and for offline provision of crop health updates to cut the risk of reduced yields. Mahum et. al
[20] potato vertex wilt, potato leaf roll, and potato late blight are the five states of potato leaves that may
be identified using this improved deep learning method. The given approach, which is trained on a subset
of "The Plant Village” dataset, can differentiate among Early Blight and Late Blight on potato departs as
well as a Healthy class. Manual data collection is also performed for PLR, PVw, and PH categories. To
effectively categorize potato leaf diseases, we use an Efficient DenseNet model that includes a transition
layer. Given the asymmetry in the training data, Reweighting the cross-entropy loss function is what really
gave the proposed technique some oomph. Small datasets of potato leaf samples may be trained with
less overfitting thanks to the strong connections with regularization. The suggested method is an
innovative and ground-breaking strategy for diagnosing four illnesses in potato leaves. The accuracy of
the algorithm was determined to be 97.2% based on evaluations on the test set. Multiple trials proved the
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method'’s superiority over previously used models for identifying and diagnosing potato leaf diseases.
Chakraborty et al. (21) evaluated the current state of the art in deep learning algorithms for autonomously
detecting late and early blight diseases in potato leaves using optical imagery. Using the PlantVillage
Dataset, four deep learning models were tested: VGG16, VGG19, MobileNet, and ResNet50. The findings
showed that VGG16 achieved the maximum accuracy, at 92.69 percent. By tweaking the model’s
parameters, we were able to improve performance to an accuracy of 97.89% while trying to disclose a
healthy potato leaf from one affected by late blight or early blight. Comparisons of validation accuracy
and losses between the current study’s enhanced VGG16 model and those of previously utilized methods.
Kumar et al. (22) introduced a Hierarchical Convolutional Neural Network for Deep Learning to identify
diseases in leaves. First, median filtering is used to lessen the visual disturbances. The Intuitionistic
Fuzzy Local Bi-nary pattern (IFLBP) is then used to retrieve the leaf’s individual properties. HDLCNN is
then utilized for dis- ease classification, and Decision Support Systems allow farmers to manage
treatment programs without increasing risk effectively. Matlab Simulink software comparisons show that
this method outperforms the VGG-INCEP, Variations on the Deep Convolutional Neural Network, Random
Forest, and Spiking Neural Network. The proposed HDLCNN yields an accuracy, precision, recall, and F-
score that is roughly 4%, 6%, 3%, and 3.5% better than existing methods. Additionally, this method has a
specificity, sensitivity, and PSNR that outmatches existing methods by 4.5%, 1%, and 2%. Utilizing this
modified HDLCNN improves the method's performance with practical implications for former studies.
This research serves as an alert to prevent leaf diseases worldwide which will, in turn, enhance potato
crop yield globally.

3. Methodology

In this proposed four phases, the first is preprocessing for image enhancements. In preprocessing, we
resize the image into 300 X 300 X 3. Histogram equalization is utilized for image enhancement. In the
second phase, we used feature engineering using Deep CNN models. Darknet-53 (23), AlexNet (24), and
Vgg-19 (25) are used for feature extrac-tion. Moreover, in the third phase, feature concatenation is
performed to concatenate the in-depth CNN features. Equilibrium optimization (EO) (26) is performed for
feature selec-tion. These selected features are given to different SVM (27) for Classification. In Fig. 1, we
see a schematic depiction of the proposed procedure. We used plant village dataset for detection of late
blight disease (28). The total number of images in dataset is 1760, 1000 images in late blight folder and
760 images in healthy leaf folder.

3.1. Preprocessing

Our proposed method begins with the preprocessing step of resizing (29) and histogram equalization.
The resizing method displays each matrix slice as a separate, unconnected pixel. On the first, more
substantial plane, we see how bright the red pixels are, on the second, how bright the green ones are, and
on the third, how bright the blue ones are. With this method, we can demonstrate two behaviors in the
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column while maintaining the same image quality regardless of the width. It is important to note that the
supplied image's first two dimensions must be modified. Due to its ease of use and high level of
performance, Histogram Equalization (HE) (30) has become one of the most used algorithms for contrast
enhancement. As a rule, the HE creates a better picture with a linear cumulative histogram because of the
even distribution of pixel values. Histogram modification is often used with HE enhancement for
applications (31), including medical image processing, object recognition, and texture. The whole
discussion of the image-enhancing method known as histogram equalization (HE), which is described in
Eq. 1.

P(vi) =nvi/Nmi =0,...,L —1(1)

In this case, a digital image with grayscale values between [0, L — 1] and examine the probability
distribution of those values. Eq. 1 is utilized to calculate the image's function. If 7’7 is the fraction of a
picture's pixels that are shades of grey vz, and vi is the equivalent grey level. The CDF may also be
calculated in the following ways:

C(vi) = mP(r),izO,L—l,OSC(vi)S 1(2)

<.

o

To rectify this, Histogram Equalization (HE) uses the following equation to adjust the input image’s
grayscale from level yi to level vi in Eq. 2. As a result:

yi = (L — 1)XC (vi) (3)
Ayi = (L — 1)XP (vi) (4)

Gray level Ayi Changes can be compute in the usual histogram equalization method as shown in the
above equation ( 3 & 4). Figure 2 displays the results of the histogram equalization of late blight leaf
disease.

3.2. Feature Engineering

In this phase, we implemented feature engineering using a deep neural network. Feature extraction is
accomplished with the help of Darknet-53, AlexNet, and Vgg-19. Features are extracted on the darknet
using the Global Average Pooling (GAP) layer. The 1760 X 1024 are total features extracted using the
GAP layer of Darknet-53. Moreover, the FC7 layer of AlexNet and Vgg-19 is used for feature extraction. A
total of 4096 features are selected individually and extracted. Following the completion of feature
extraction, the next step is feature concatenation, which is used to combine the deep CNN features. It is
mathematically discussed in Eq. 5. The 1760 X 9216 are total features after feature con-catenation as
described in Eq. 6.
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For features optimization, equilibrium optimization (EO) is often carried out. These core selected features
are sent to several SVM variants for the classification. Figure 3 shows the mesh representation of feature
engineering.

1024
Fec = Z Darknet53U E}\(f)ii AlexnetU Z}\?ﬁ Vgg19 (5)
N=1
9216
Fc= Z (Total Features) (6)
N=1

4. Results and Discussion

Extensive tests are carried out in this part to test the proposed structure. Here are the processes that were
used to get those outcomes: Features are extracted using a pre-trained deep CNN model, the top features
from the model are enhanced using equilibrium optimization, SVM variations are used to integrate the
most useful information for classification. An image is upgraded using histogram equalization (32). In
this work, the Plant Village dataset is used. Moreover, only binary Classification (potato healthy and late
potato blight, as shown in Fig. 4) is performed using deep learning. The implied method is evaluated
using a variety of measures, including accuracy, total cost, prediction speed, training speed, precision, F1
Rate, and recall rate. In our research, MATLAB served as a useful tool for data analysis and modeling.
Classifiers and the best outcomes in each test case are compared, along with a confusion matrix. Five
folds are used in the experiments.

Several measures of performance are used to determine how well the proposed research might work. The
confusion matrix created during identification task testing is often used in procedures. These protocols
are simply calculated as Accuracy (Ac), Sensitivity (Se) & Specificity (Sp) shown in equations 7, 8 and 9.

TruePositiveValues + TrueNegValues

Ac = 7
¢ TruePosValues + TrueNegValues + FalsePosValues + FalseNegValues (7)
g TruePositiveValues (8)
e =
TruePosValues + FalseNegValues
TrueNegValues
Sp (9)

" TrueN egValues + FalsePosValues

4.1. Experiment setup 1 (150 Features)

In this study, we test a novel approach using a realistic dataset consisting of 150 features. The selected
feature vector has dimensions of 1760 by 150. SVM classifiers use a feature set to distinguish between
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occurrences with late blight and those without. The C-SVM & Q-SVM classifier performed the best, with a
success rate of 98.1%. The accuracy of the L-SVM classifier is second best. Table 1 displays a summary
of the results of this experiment using 150 attributes. Figure 4.16 below depicts the training durations and
prediction speeds of several true classifiers. Confusion matrices for the classifier were shown in Fig. 5.

Experiment Results for 150 FeaturgaAl?)ISrlach with Different SVM Classifiers
Classifier Features Accuracy Sensitivity Specificity
Linear SVM 150 97.00 98.66 94.92
Quadratic SVM 150 98.10 99.09 96.78
Cubic SVM 150 98.10 98.69 96.26

Fine Gaussian SVM 150 56.82 56.82 0

Medium Gaussian SVM 150 97.61 99.08 95.79
Corse-Gaussian SVM 150 95.63 98.53 54.01

4.2. Experiment setup 2 (250 Features)

An innovative approach is tested through its trials in this experiment by being applied to a representative
sample of 250 features. The dimension chosen for the selected feature vector is 1760 by 250. SVM
classifiers use the feature set to distinguish between late blight occurrences and normal occurrences. In
this test, the C-SVM classifier had the highest average performance, at 98.9 percent. The Q-SVM classifier
has second- best accuracy in the business. The results of this trial, as measured by 250 criteria, are
summarized in Table 2. In the graph below, we see a real classifier, and in Figs. 4.2, 8, we see how long it
takes to train the model and how quickly it can make predictions. The confusion matrices with regard to
the classifier are given in Fig. 7.

Experiment Results for 250 Featurgizlp?riach with Different SVM Classifiers
Classifier Features Accuracy Sensitivity Specificity
Linear SVM 250 97.61 08.68 9414
Quadratic SVM 250 98.52 99.29 97.54
Cubic SVM 250 98.94 99.60 98.04
Fine-Gaussian 250 56.83 56.82 0
Medium-Gaussian 250 98.42 99.39 97.04
SVM Coarse-Gaussian SVM 250 96.31 98.85 93.28

4.3. Experiment setup 3 (550 Features)
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This trial paved the way for a whole new strategy through its tests by applying it to 550 features chosen
at random. The selected feature vector has dimensions of 1760 by 550. SVM classifiers are used in the
feature set to distinguish late blight outbreaks from normal events. The C-SVM classifier came out on top
in this test, with an impres- sive total accuracy of 99.6 percent. When compared to other commercial
classifiers, Q-SVM'’s Accuracy ranks second-best. The results of this trial, as measured by 550 criteria, are
summarized in Table 3. Figure 4.3; 10,demonstrate the training and pre- diction times for one such
classifier, respectively. As shown in Fig. 9, the confusion matrices for the classifier were provided.

Experiment Results for 550 Featur;- aAtp)JISrgach with Different SVM Classifiers
Classifier Features Sensitivity Specificity Accuracy
Linear SVM 550 98.21 99.19 97.03
Quadratic SVM 550 98.57 99.29 97.54
Cubic SVM 550 99.62 99.50 97.42
Fine-Gaussian 550 56.81 56.82 0
Medium-Gaussian 550 98.24 99.19 96.91
SVM Coarse-Gaussian SVM 550 97 99.17 93.28

4.4. Discussion

This study evaluates a novel method using a substantial data set of 150 features. Dimensions of the
selected feature vector are 1760 by 150. SVM classifiers employ the feature set to separate late blight
from normal occurrences. The C-SVM & Q-SVM classifier (33) performed the best in this evaluation with a
success rate of 98.1%. The Accuracy of the L-SVM classifier is second best. Table 1 provides a brief
overview of the results of this experiment based on a set of 150 features. In setup 2 of the experiment, a
novel method is put through its paces by being applied to 250 features meant to indicate the whole. The
selected feature vector will have dimensions of 1760 by 250. SVM classifiers are used in the feature set
to distinguish late blight occurrences from typical occurrences. The C-SVM classifier came out on top in
this test, with an impressive total accuracy of 98.9 percent. The Q-SVM classifier is second only to the
gold standard in terms of Accuracy—the 250-criterion outcomes of this study. Using 550 randomly
selected characteristics, prepare a new technique for testing in experiment setup 3. The feature vector
size that was ultimately decided upon is 1760 by 550. Late blight outbreaks may be distinguished from
everyday occurrences using SVM classifiers in the feature set. The C-SVM classifier is shown to be the
most effective in this test, with an accuracy of 99.6 percent. Q-SVM is a classifier that has the second-
best Accuracy in the market. Table 4 provides a concise summary of the 550 criteria-based trial findings.
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Table 4

Comparison of proposed
method with approaches.

References  Accuracy

(34) 93%
(35) 92%
(36) 97.2%
(37) 97.89%

Proposed 99%

The proposed approach for identifying late blight illness in potato leaves was evaluated in comparison to
numerous recent research publications in the area. Kang et al. (34) used the Django framework to create
a compact convolutional neural network with a Top-1 detection accuracy of over 93% for diagnosing
several potato plant diseases, including late blight. Shoib et al. built a 3D CANet-based Convolutional
Neural Network model for disease diagnosis and lesion segmentation using contextual information, with
an average accuracy of 92% for lesion segmentation and good accuracy for distinguishing lesion
subtypes in various plants. Mahum et al. (20) developed an improved deep learning technique that used
an Efficient DenseNet model with re- weighted cross-entropy loss to successfully classify five separate
classes of potato leaves, reaching illness detection accuracy of 97.2%. Chakraborty et al. explored deep-
learning models for identifying blight infections at different stages; tweaked VGG16 achieved 97.89%
accuracy. Kumar et al. suggested a Hierarchical Deep Learning Convolutional Neural Network that
outperforms existing illness detection methods by roughly 4%. Our results demonstrate that the proposed
model is robust and effective.

5. Conclusion

In this research paper, we aim to classify potato leaf diseases. Specifically, there are two types of leaf
diseases that can affect potato plants: early blight (EB) and late blight (LB). In this article we only focus
on potato late blight disease. Detecting this disease early on can significantly increase the yield of this
crop. As a result, the application of image processing for diagnosing and evaluating these conditions is
very desirable. Here, we de-scribe a self-sufficient approach using image processing and machine
learning to identify potato leaf late blight. The beginning of the pipeline's four stages, preprocessing,
focuses on enhancing images. During the first processing stage, the image is shrunk to 300 X 300 X 3—
image enhancement using histogram equalization. Second, we implemented feature engineering using
Deep CNN models. Features are extracted using Darknet-53, AlexNet, and Vgg-19. In addition, the deep
CNN features are con- catenated in the third step. Feature selection is an EO (equilibrium optimization)
task. We next employ many supports vector machine (SVM) variations for classification based on these
characteristics. Using image processing and machine learning techniques, the research also proposes a
unique autonomous strategy for the early identification of Late Blight disease in potato leaves. The
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suggested technique, which incorporates Histogram Equalization, Deep CNN feature ex-traction, wrapper-
based feature selection, and SVM classification, achieves a remarkable 99% accuracy. This method has
significant potential for increasing potato farming productivity by allow- ing for the prompt diagnosis and
study of leaf diseases, ultimately leading to increased crop yield and agricultural production globally.
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Figure 1

Proposed Deep Learning model for Potato leaf disease identification
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Histogram Equalization

Figure 2

Leaves late blight images after histogram equalization for enhanced contrast
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Figure 3

Mesh representation illustrating the process of feature engineering.
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Figure 4

(a) Healthy Potato Leaves Images, (b) Late Blight Potato Leaves Images

{a) Healthy

Potato Late
Blight

i(b) Late Blight

Potato
Healthy

747

Test Case 1
L-SVM

Potato Late
Blight

Blight

1000

Healthy

Potato
Healthy

760

Potato Late

Potato Late Potato Late
Blight Blight 979 29
Potato Potato
Healthy ) gl Healthy 5 4
Potato Late Potato
Test Case 3 Blight Healthy

Potato Late

Figure 5

Displayed confusion matrices (150 Features) with respect to classifier
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Comparison of training and prediction times for 150 features across classifiers
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Displayed confusion matrices (250 Features) with respect to classifier
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Figure 9

Displayed confusion matrices (550 Features) with respect to classifier
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Figure 10

Comparison of training and prediction times for 550 features across classifiers
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