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Abstract: Manual inspection of fruit diseases is a time-consuming and
costly because it is based on naked-eye observation. The authors present
computer vision techniques for detecting and classifying fruit leaf diseases.
Examples of computer vision techniques are preprocessing original images for
visualization of infected regions, feature extraction from raw or segmented
images, feature fusion, feature selection, and classification. The following
are the major challenges identified by researchers in the literature: (i) low-
contrast infected regions extract irrelevant and redundant information, which
misleads classification accuracy; (ii) irrelevant and redundant information
may increase computational time and reduce the designed model’s accuracy.
This paper proposed a framework for fruit leaf disease classification based
on deep hierarchical learning and best feature selection. In the proposed
framework, contrast is first improved using a hybrid approach, and then data
augmentation is used to solve the problem of an imbalanced dataset. The next
step is to use a pre-trained deep model named Darknet53 and fine-tune it.
Next, deep transfer learning-based training is carried out, and features are
extracted using an activation function on the average pooling layer. Finally, an
improved butterfly optimization algorithm is proposed, which selects the best
features for classification using machine learning classifiers. The experiment
was carried out on augmented and original fruit datasets, yielding a maximum
accuracy of 99.6% for apple diseases, 99.6% for grapes, 99.9% for peach
diseases, and 100% for cherry diseases. The overall average achieved accuracy
is 99.7%, higher than previous techniques.
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1 Introduction

Agriculture is essential to the economic development of any country [1]. In Pakistan, agriculture
is the second largest sector in the national economy [2]. The sector yearly contributes 19% of the
Gross domestic product (GDB) [3]. Agriculture contributes approximately 91%, which is a significant
contribution to any other economic sector in Pakistan [4]. It also helps other sectors, such as the
industrial sector, by utilizing innovative tools in the farming process [3]. Fruits, which contain vitamins,
zinc, folic acid, and magnesium, protect humans from heart disease, cancer, inflammation, and
diabetes [5]. Fruit nutrients benefit heart health, reduce the risk of chronic diseases, protect human
cells from damage, boost the immune system, reduce obesity, maintain blood pressure, and control
cholesterol levels in the human body [6]. Every third fruit from a farm has a bacterial, viral, or fungal
infection. Some apple, grape, peach, and cherry diseases include scab, fire blight, powdery mildew,
bitter rot, apple rust, black rot, crown gall, downy mildew, bunch rot, bacterial leaf spot, bacterial
canker, brown rot, and peach mosaic [7,8]. Traditional methods of detecting various fruit illnesses rely
on acute naked-eye monitoring. Manual fruit disease identification is costly, time-consuming, and
requires an expert [9]. Early disease detection can save a lot of money, which helps to increase fruit
production and boost the national economy.

For the reasons stated above, computerized techniques are widely used for the early detection of
fruit diseases and classification into relevant classes. The automated methods are based on several
key steps, including input image, image preprocessing, feature extraction, feature fusion, selection,
and disease recognition [10]. Preprocessing is used to improve image data by removing undesired
distortions or increasing specific graphic features relevant for further computation [11]. Feature
extraction is an essential step in any computerized technique, and several methods are described in
the literature, including color features, shape features, texture features, and others [12,13]. Another
critical step is important feature selection, which improves accuracy by removing some redundant
information. This step also reduced the computational time of the designed system [14]. Following
the selection of the best features, a variety of machine learning classifiers can be used for the final
classification. Support vector machine (SVM), Softmax, K-Nearest Neighbors (KNN), ensemble
trees, and a few others are among essential classifiers [15].

Deep learning has recently shown significant success in large dataset classification in computer
vision. The most common applications are agriculture, medical imaging, surveillance, and object clas-
sification. A neural network is a type of convolutional neural network (CNN). It has a convolutional
layer, a ReLu layer, a Pooling layer, a normalization layer, a fully connected layer, and a classification
layer, among others. The researchers used deep learning techniques to detect and classify fruit diseases.
They have still faced several challenges, including a poorly visible infected region, noise, and redundant
feature extraction. In this article, we proposed a new automated framework based on deep learning
and an improved butterfly optimization algorithm to address these issues. Our major contributions
are listed as follows:

� A hybrid contrast enhancement technique was proposed based on the fusion of the CNN
denoising function and the top-bottom formulation.

� Fine-tuned Darknet53 CNN model and trained on augmented dataset instead original images.
The training is performed through deep transfer learning by employing fixed hyperparameters.

� Proposed an improved butterfly optimization algorithm and used the Newton-Raphson
method to stop iterations.
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2 Related Work

Fruit leaf disease recognition is a hot research topic in computer vision, and several techniques
have been proposed in the literature. Traditional and deep learning techniques are used in the
techniques presented. Traditional techniques work well for small datasets with few images, whereas
deep learning techniques work well for large datasets. Rehman et al. [16] presented an automated
system for fruit leaf illness recognition. They used contrast stretching to improve the visual quality of
infected parts. They later used a mask recurrent neural network (RCNN) to detect infected regions.
In parallel, they extracted features using a pre-trained model, which was refined using a selection
technique. Experiments on the Plant Village dataset yielded 96.6% accuracy. Shah et al. [17] presented
a novel computerized approach using ant colony optimization (ACO) for feature selection. They
performed four steps: data augmentation, model selection such as MobileNet-V2 and NasNet Mobile,
fusion, and ACO-based selection. The experiments were performed on the augmented dataset and
acquired an accuracy of 99.7% which is very effective and better than the recent techniques.

Adeel et al. [18] presented a computerized system for detection of grape leaf diseases. The
presented method includes four main steps. Initially, it enhances the local contrast of symptoms
by using local contrast refinement (LCHR). The best channel is then selected, and LAB color
transformation is performed based on pixel information. Next, geometrical, color, and texture features
are combined using canonical correlation analysis (CCA). Then, distorted features are removed using
the neighborhood component analysis (NCA) approach, which is then classified using the support
vector machine. The plant village dataset was employed for the experimental process and attained an
accuracy of 90%. Yamparala et al. [19] presented a technique for the identification of fruit diseases by
using convolutional neural networks (CNN). They obtained an accuracy of 90% which was better than
the other methods. Baranwal et al. [20] presented a technique for plant leaf illness identification and
addressed symptoms as an issue. They used a plant village dataset that included both damaged and
healthy leaves. To obtain a larger dataset for training, image generation, image filtration, and image
compression techniques were used. Wagh et al. [21] presented a CNN model for the detection of grape
leaf disease at a very early stage to save the fruit from damage. A pre-trained AlexNet architecture is
used for feature extraction. The dataset was collected from “National Research Center for Grapes”
that contains images of grape leaves and attained an accuracy of 98.23%.

Nhat et al. [22] presented a framework for plant leave disease identification using deep neural
networks and feature selection. Firstly, they used a contrast enhancement method for image pre-
processing on the plant village dataset then the symptomatic images were segmented. These symp-
tomatic images were selected based on principle component analysis. Several features are extracted
and performed classification. They achieved the maximum accuracy of 81.2% using the presented
approach. Akram et al. [23] presented a correlation coefficient, and deep features-based approach for
plant leave diseases. At the very first step, they enhanced the original images and trained two deep
models named vgg16 and Caffe Alexnet. Features of both models were fused that further optimized
using a selection technique. The selected features are finally classified using a support vector machine.
Sladojevic et al. [24] presented a plant disease recognition model based on a deep neural network. The
presented model recognized 13 different diseases of fruit leaves. They contain images from agriculture
experts and attained a precision rate between 91% and 98%. Several other methods are also presented,
such as Akram et al. [25], Al-bayati et al. [26], and Adeel et al. [27]. In all these methods, the major
challenge was the selection of the best features.
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3 Proposed Methodology

Initially, original images are required from the database. Then, a hybrid contrast enhancement
technique is applied to improve the contrast of the infected region and perform some filtering
technique for noise removal. After that Darknet53 pre-trained model is employed and trained on the
augmented dataset. The model will be selected based on a number of parameters and Top-5 accuracy.
Next, features are extracted from the trained model using the activation layer on the average pool layer.
After that, proposed an improved Butterfly optimization technique for selecting the best features. In
the last stage, several classifiers were utilized for the final classification. Fig. 1 depicts the framework
for recognizing proposed fruit diseases.

Figure 1: Proposed framework of fruit leaf diseases recognition

3.1 Dataset Description

In this article, we utilized the plant village dataset. This dataset contains several leaf diseases found
on various fruits and crops. Apple, peach, cherry, and grape leaf disease classes were chosen. Each
fruit’s healthy class is also available. There are three diseases in the Apple dataset: apple scab, apple
black rot, and apple cedar rust. In addition, a healthy class is included for classification purposes. A
few sample images are illustrated in Fig. 2a. For the grapes dataset, three disease classes have been
picked: black rot, black measles, and leaf blight. Moreover, a healthy class is also included. Sample
images are illustrated in Fig. 2b. The peach dataset contains only peach bacterial and healthy classes,
as shown in Fig. 2c. The cherry dataset also includes only two classes-powdery mildew and healthy, as
shown in Fig. 2c.

3.2 Hybrid Contrast Enhancement and Data Augmentation

Contrast enhancement has been an essential step in the domain of computer vision for the last
couple of years. As a result, several contrast enhancement techniques have been introduced in the
literature for different challenges. In this work, we proposed a hybrid contrast enhancement technique
to visualize fruit leaf-infected regions accurately. The proposed approach is based on two different
transformations: (i) local-global information stretching and fusion, and (ii) HSV color transformation.
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Figure 2: Sample plant village dataset images for classification

Consider we have an input image I having dimension 512 × 512. The resultant local-global
contrast image is represented by Ilg and HSV image is represented by Ihsv. First, the local-global contrast
is mathematically defined as follows:

I1 = I + It (1)

It = I − (I ◦ s) (2)

I2 = I − Itb (3)

Itb = I + (I · s) (4)

Ilg = (I1 + I2) − I (5)

where, It is the local contrast image, Itb is the global contrast image, Ilg is the resultant local-global
contrast image, and s is a static parameter having a value 9. In the next step, HSV color transformation
is applied on Ilg image as follows to get the maximum information of infected regions.

IH =
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where, R, G, B ∈ Ilg, � = φmax − φmin, φmax = max (IR, IG, IB), and φmin = min (IR, IG, IB). The
remaining channels are computed as follows:

IS =
⎧⎨
⎩

0, φmax = 0
�

φmax

, φmax �= 0, IV = φmax

(7)

Based on the above channels, the final output is computed as follows:

Ihsv = (IH , IS, IV) (8)

A few resultant samples are shown in Fig. 3. In this figure, (a) represent the original images and
(b) represents the hybrid contrast enhanced images, respectively.

Figure 3: Sample image of hybrid contrast enhancement. (a) Original images; (b) enhanced images

After that, the data augmentation is performed using three different operations: shift left, shift
above, and transpose [28]. Data is increased based on these three operations, as listed in Table 1. The
augmented dataset is further utilized for the training of deep models in the next step.

Table 1: Number of images before and after augmentation

Fruits Diseases Total images Augmented images

Apple Apple scab 630 2449
Apple black rot 621 2484
Cedar apple rust 275 2022
Healthy apple leaf 1645 2026

Grapes Black rot 1180 2361
Black measles 1383 2463
Leaf light 1076 1946
Healthy 423 1692

Peach Bacterial spot 2297 2347
Healthy 360 1395

(Continued)
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Table 1: Continued
Fruits Diseases Total images Augmented images

Cherry Powdery mildew 1052 2027
Healthy 854 1816

3.3 Convolutional Neural Networks (CNN)

Convolutional neural networks are artificial neural networks that have gained popularity in
recent years in various computer vision applications, particularly in agriculture. CNN is intended to
learn spatial feature hierarchies automatically and adaptively through backpropagation using various
building blocks such as convolution layers, pooling layers, and fully connected layers [29]. A simple
flow of CNN is illustrated in Fig. 4.

Figure 4: A simple CNN architecture for plant disease recognition

3.4 Deep Features Extraction

In this work, we utilized a pre-trained deep model named Darknet53 [30] for feature extraction.
The selected pre-trained model was previously trained on the Imagenet dataset having 1000 object
classes, as illustrated in Fig. 5. We fine-tuned this model and trained it on an augmented dataset
through the deep transfer learning concept. Deep transfer learning is the most common approach
in which models are used as a starting point for solving problems and can be used later for another
problem to save time [31]. The purpose of transfer learning is to gain a better understanding of
conditional probability distribution. A source domain is Ds, the learning task is Ts and target domain is
Dt. The probability distribution in target domain using the knowledge obtained from source domain

and learning task. The probability distribution will be P(Yt|Xt) where Dt �= Ds or Tt �= Ts. In the
feature extraction process, the previous layer of fully connected is employed and performed activation.
On the selected layer, the extracted feature vector of dimensional N ×1024 is obtained which is further
utilized in the optimization process.
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Figure 5: Structure of pre-trained Darknet53 model [32]

3.5 Improved Butterfly Optimization Based Features Selection

We proposed an improved butterfly optimization algorithm for the best feature selection in this
paper. This step’s main goal is to select the best optimum features that improve accuracy and reduce
computational time. Butterfly optimization is a meta-heuristic algorithm for selecting the best features.
This algorithm promotes the butterfly’s ability to find food. Butterflies have multiple senses, including
hearing, smelling, and tasting, as well as partner mating and evading hunters. Chemoreceptors are
nerve cells that search for food. Chemoreceptors can use their sense of smell to locate food and
a partner [33]. A butterfly can find the best fragrance population consisting of common types of
butterflies that act as search agents. Butterfly optimization algorithm (BOA) is a swarm optimization
technique in which each agent shares its experiences with the other butterflies depending on fragrance
distribution over a distance [34]. In the improved version, we utilized the entropy function for the
sensory modality instead of the static value. Mathematically, the improved algorithm is defined as
follows: Initially, the fragrance is computed by the following equation:

ψ = c. ϕa (9)

where ψ represents the perceived magnitude of a fragrance, sensory modality is represented by c, α

is a power exponent, and ϕ is intensity. For the initialization, the population size is selected as 100,
and the number of iterations is 500. Two key phases have been performed in the entire algorithm: the
global search phase and the local search phase. The global search phase is defined as follows:

Xi (p + 1) = Xi (p) + (
q2 × g∗ − Xi (p)

) × ψi (10)

where, Xi denotes the ith butterfly position, p is the iteration number, q is a random number between
[0,1], g∗ is a global optima, and ψi is the ith butterfly fragrance. The local search space is defined as
follows:

Xi (p + 1) = Xi (p) + (
q2 × Xj (p) − Xk (p)

) × ψi (11)

where, Xj and Xk denotes the jth and kth butterflies from the population. The above both equations
are combined for BOA as follows:{

Xi (p + 1) = Xi (p) + (
q2 × g∗ − Xi (p)

) × ψi if rand < t
Xi (p + 1) = Xi (p) + (

q2 × Xj (p) − Xk (p)
) × ψi otherwise

(12)

where t is a constant of value between [0, 1]. The value of c is updated as follows:
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c (p + 1) = c (p) + Ent
(c (p) × ξ)

(13)

where, Ent is the entropy value, and ξ is the maximum number of iterations. The entropy value for the
above equation is computed as follows:

Ent = −
∑

X
H (X) . log H (X) (14)

=
∑

X
H (X) log

1
H (X)

(15)

where, H (X) represents the probability value of the local and global search phases, respectively. The
single-layered neural network is utilized to check the fitness of the selected features in each iteration.
In the end, a best-selected feature vector is obtained, having dimension N × 572. The selected vector
is passed to machine learning classifiers for final classification.

4 Results and Discussion

The proposed deep learning and optimum feature selection based framework are tested on the
augmented Plant Village dataset. The augmented dataset has been divided into a ratio of 60:40 for
the training of the model and testing. During the training process, several hyperparameters have been
employed, such as a learning rate is 0.0001, epochs are 100, momentum is 0.6, mini-batch size is 32, a
weights optimization method is stochastic gradient descent, and loss function is cross entropy. The 10-
fold method was carried out for cross-validation. The entire framework is implemented in MATLAB
2021b, Corei7, with 16 GB of RAM and an 8 GB graphics processing unit.

4.1 Results

The proposed framework results are presented in this section. Ten different classifiers have been
utilized for the classification purpose, as given in the below tables. Each classifier performance is
computed through several measures such as sensitivity rate, precision rate, F1-Score, accuracy, and
testing time for the classification task. In addition, the following experiments have been performed for
the evaluation of the proposed framework: (i) experiment 1 # Apple leaf diseases recognition results;
(ii) Grapes leaf diseases recognition results; (iii) Peach leaf diseases recognition results, and (iv) Cherry
leaf diseases recognition results.

4.2 Experiments

Experiment 1: In this experiment, classification results are discussed using the proposed frame-
work on the augmented apple leaf diseases dataset. This dataset consists of four classes: apple scab,
apple cedar rust, apple healthy, and black apple rust. Table 2 presents the proposed classification
results for apple leaf disease recognition. This table presents the best accuracy of 100.0%, whereas the
rest of the measures, such as sensitivity rate of 99.9, precision rate of 99.9, and F1-Score, are 99.9%,
respectively. The sensitivity rate can also be verified by a confusion matrix, illustrated in Fig. 6. The
classification time is also noted, and the best-mentioned time is 3.8041 (s). The obtained accuracy
for the rest of the classifiers, such as 96.9%, 94.8%, 87.2%, 99.9%, and so on. Fine Gaussian SVM
shows a minimum accuracy of 62.4% due to the complex structure of this classifier. Moreover, a
time comparison among originally extracted Darknet53 features and features after the selection of
the proposed framework has been illustrated in Fig. 7. This figure shows that the proposed framework
significantly reduces the testing time than the original Darknet53 features.



1188 CMC, 2023, vol.75, no.1

Table 2: Classification results using proposed framework on augmented apple leaf diseases dataset.
∗ where FPR represents a false positive rate and AUC is an area under the curve

Classifier Sensitivity
(%)

Precision
(%)

F1-Score FPR AUC Accuracy
(%)

Time
(s)

Fine tree 95.7 95.8 95.7 0.95 0.97 95.8 8.2094
Medium tree 93.9 92.6 93.2 0.93 0.97 92.5 6.3832
Coarse tree 87.6 88.0 87.7 0.87 0.93 87.8 3.8041
Gaussian Naive Bayes 99.4 99.4 99.4 0.99 1.00 99.4 3.9375
Kernel Naive Bayes 99.4 99.4 99.4 0.99 1.00 99.5 132.92
Linear SVM 99.8 99.8 99.8 1.00 1.00 99.8 6.6071
Quadratic SVM 99.9 99.8 99.8 1.00 1.00 99.9 6.9896
Cubic SVM 99.9 99.9 99.9 1.00 1.00 100 7.7668
Fine Gaussian SVM 61.4 80.2 69.5 0.86 0.87 62.4 38.051
Ensemble subspace KNN 99.9 99.9 99.9 1.00 1.00 99.9 40.87

Figure 6: Confusion matrix of proposed framework for augmented apple leaf diseases recognition

Figure 7: Testing time-based comparison among original Darknet53 features and proposed selected
features
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Experiment 2: In this experiment, classification results are discussed using the proposed frame-
work on the augmented grapes leaf diseases dataset. This dataset consists of four classes: grape black
rot, grape esca, grape leaf blight, and grape healthy. Table 3 presents the proposed classification results
for grapes leaf disease recognition. This table shows the best accuracy of 99.9%, whereas the rest of the
measures, such as sensitivity rate of 99.9, precision rate of 99.8, and F1-Score of 99.8%, respectively.
The sensitivity rate can also be verified by a confusion matrix, illustrated in Fig. 8. The classification
time is also noted, and the best-mentioned time is 3.3957 (s). Computational time based comparison is
also conducted among originally extracted Darknet53 features and features after the selection of the
proposed framework, as shown in Fig. 9. Based on this figure, it is clearly illustrated that the time is
significantly reduced after the best features selection.

Table 3: Classification results using proposed framework on augmented grapes leaf diseases dataset

Classifier Sensitivity
(%)

Precision
(%)

F1-Score FPR AUC Accuracy
(%)

Time
(s)

Fine tree 96 96.1 96.0 0.01 0.98 96.0 7.0839
Medium tree 94.0 94.2 94.0 0.02 0.98 94.1 4.4476
Coarse tree 87.7 87.1 87.3 0.04 0.93 87.4 3.3957
Gaussian Naive Bayes 99.6 99.6 99.6 0.00 1.00 99.6 7.8958
Kernel Naive Bayes 99.5 99.4 99.4 0.00 1.00 99.5 444.39
Linear SVM 99.8 99.8 99.8 0.00 1.00 99.8 10.341
Quadratic SVM 99.9 99.8 99.8 0.00 1.00 99.9 98.206
Cubic SVM 99.9 99.8 99.8 0.00 1.00 99.9 9.8529
Fine Gaussian SVM 60.2 85.9 70.7 0.13 0.86 62.4 39.158
Ensemble subspace KNN 99.5 99.5 99.5 0.00 1.00 99.5 125.43

Figure 8: Confusion matrix of proposed framework for augmented grapes leaf diseases recognition
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Figure 9: Testing time based comparison among original Darknet53 features and proposed selected
features for grapes leaf diseases recognition

Experiment 3: In this experiment, classification results are discussed using the proposed frame-
work on the augmented peach leaf diseases dataset. This dataset consists of two classes such as
peach bacterial spot and healthy. Table 4 presents the proposed classification results for peach leaf
disease recognition. This table presents the best accuracy of 99.9%, whereas the rest of the measures,
such as sensitivity rate of 99.9, precision rate of 99.8, and F1-Score of 99.8%, respectively. The
sensitivity rate can also be verified by a confusion matrix, illustrated in Fig. 10. The classification
time is also noted, and the best-mentioned time is 3.0846 (s). Computational time based comparison
is also conducted among originally extracted Darknet53 features and features after the selection of the
proposed framework, as shown in Fig. 11. Based on this figure, it is clearly illustrated that the time is
significantly reduced after the best features selection.

Table 4: Classification results using proposed framework on augmented peach leaf diseases dataset

Classifier Sensitivity
(%)

Precision
(%)

F1-Score FPR AUC Accuracy
(%)

Time
(s)

Fine tree 98.6 98.3 98.4 0.01 0.98 98.6 3.9151
Medium tree 98.6 98.3 98.4 0.01 0.98 98.6 5.8179
Coarse tree 97.4 97.5 97.4 0.02 0.98 97.6 2.6849
Gaussian Naive Bayes 99.4 99.3 99.3 0.00 1.00 99.4 2.5023
Kernel Naive Bayes 99.1 99.1 99.1 0.01 1.00 99.2 14.145
Linear SVM 99.9 99.8 99.8 0.00 1.00 99.9 3.0846
Quadratic SVM 99.8 99.8 99.8 0.00 1.00 99.8 7.052
Cubic SVM 99.8 99.8 99.8 0.00 1.00 99.8 5.0131
Fine Gaussian SVM 87.2 93.4 90.1 0.13 0.91 90.5 4.585
Ensemble subspace KNN 99.7 99.5 99.5 0.00 1.00 99.6 13.383
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Figure 10: Confusion matrix of proposed framework for augmented peach leaf diseases recognition

Figure 11: Testing time based comparison among original Darknet53 features and proposed selected
features for peach leaf diseases recognition

Experiment 4: In the last experiment, classification results are discussed for the augmented cherry
leaf diseases dataset. Table 5 presents the classification results for peach leaf disease recognition having
the best accuracy of 100%. The rest of the measures, such as sensitivity rate of 100, precision rate of
100, and F1-Score 100%, respectively. The sensitivity rate can also be verified by a confusion matrix,
illustrated in Fig. 12. The classification time is also noted, and the best-mentioned time is 1.7489 (s).

Table 5: Classification results using proposed framework on augmented cherry leaf diseases dataset

Classifier Sensitivity
(%)

Precision
(%)

F1-Score FPR AUC Accuracy
(%)

Time (s)

Fine Tree 98.1 98.1 98.1 0.01 0.98 98.2 1.74898
Medium Tree 98.1 98.1 98.1 0.01 0.98 98.2 3.47418
Coarse Tree 95.7 95.8 95.7 0.04 0.97 95.8 2.40372

(Continued)
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Table 5: Continued
Classifier Sensitivity

(%)
Precision
(%)

F1-Score FPR AUC Accuracy
(%)

Time (s)

Gaussian Naive Bayes 99.7 99.7 99.7 0.00 1.00 99.7 3.75578
Kernel Naive Bayes 99.6 99.6 99.6 0.00 1.00 99.6 16.027
Linear SVM 100 100 100 0.00 1.00 100 2.6173
Quadratic SVM 100 100 100 0.00 1.00 100 10.64146
Cubic SVM 100 100 100 0.00 1.00 100 10.60205
Fine Gaussian SVM 78.7 86.2 82.2 0.21 0.98 79.9 12.9407
Ensemble subspace KNN 99.8 99.8 99.8 0.00 1.00 99.8 16.3285

Figure 12: Confusion matrix of the proposed framework for augmented cherry leaf diseases recognition

5 Conclusion

In this paper, we proposed an automated framework for detecting fruit leaf diseases using deep
learning and an improved butterfly optimization algorithm. Before performing data augmentation,
the proposed framework improves contrast in the first step to increase the visibility of the infected
region. The Darknet53 deep model was then fine-tuned, and deep learning features were extracted.
We proposed an improved butterfly optimization algorithm for the best feature selection because
the extracted features contain redundant and extra information, increasing computational time and
decreasing accuracy. On the chosen Plant Village dataset, many experiments were run, with an average
accuracy of more than 99%. Based on our findings, we concluded that selecting the best features
improves accuracy while decreasing computational time. In the future, weight optimization will be
considered to strengthen the proposed framework. Moreover, in the future some active learning
techniques shall opt as fitness functions of optimization algorithms [35,36].
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[26] J. S. H. Al-bayati and B. B. Üstündağ, “Early and late fusion of deep convolutional neural networks
and evolutionary feature optimization for plant leaf illness recognition,” Journal of Xi’an University of
Architecture & Technology, vol. 12, no. 3, pp. 1591–1610, 2020.

[27] A. Adeel, T. Akram, A. Sharif, M. Yasmin and T. Saba, “Entropy-controlled deep features selection
framework for grape leaf diseases recognition,” Expert Systems, vol. 4, no. 2, pp. 1–23, 2020.

[28] C. Shorten, T. M. Khoshgoftaar and B. Furht, “Text data augmentation for deep learning,” Journal of Big
Data, vol. 8, no. 4, pp. 1–34, 2021.

[29] J. Guo, K. Han, H. Wu, Y. Tang and Y. Wang, “Cmt: Convolutional neural networks meet vision
transformers,” in Proc. of the IEEE/CVF Conf. on Computer Vision and Pattern Recognition, NY, USA,
pp. 12175–12185, 2022.

[30] J. Redmon and A. Farhadi, “Yolov3: An incremental improvement,” ArXiv Preprint, vol. 1, no. 2, pp. 1–8,
2018.

[31] W. Li, R. Huang, J. Li, Y. Liao and G. He, “A perspective survey on deep transfer learning for fault diagnosis
in industrial scenarios: Theories, applications and challenges,” Mechanical Systems and Signal Processing,
vol. 167, no. 41, pp. 108487, 2022.

[32] H. Wang, F. Zhang and L. Wang, “Fruit classification model based on improved Darknet53 convolutional
neural network,” in 2020 Int. Conf. on Intelligent Transportation, Big Data & Smart City (ICITBS), NY,
USA, pp. 881–884, 2020.

[33] A. Mortazavi and M. Moloodpoor, “Enhanced butterfly optimization algorithm with a new fuzzy regulator
strategy and virtual butterfly concept,” Knowledge-Based Systems, vol. 228, no. 8, pp. 107291, 2021.

[34] S. Arora and S. Singh, “Butterfly optimization algorithm: A novel approach for global optimization,” Soft
Computing, vol. 23, no. 4, pp. 715–734, 2019.

[35] P. M. Blok, G. Kootstra, H. E. Elghor, B. Diallo and E. J. van Henten, “Active learning with MaskAL
reduces annotation effort for training Mask R-CNN on a broccoli dataset with visually similar classes,”
Computers and Electronics in Agriculture, vol. 197, no. 6, pp. 106917, 2022.

[36] Y. Yang, Y. Li, J. Yang and J. Wen, “Dissimilarity-based active learning for embedded weed identification,”
Turkish Journal of Agriculture and Forestry, vol. 46, no. 3, pp. 390–401, 2022.


	Fruit Leaf Diseases Classification: A Hierarchical Deep Learning Framework
	1 Introduction
	2 Related Work
	3 Proposed Methodology
	4 Results and Discussion
	5 Conclusion



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [300 300]
  /PageSize [612.000 792.000]
>> setpagedevice


