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 The timely identification and diagnosis of leaf diseases is crucial for crop 

productivity and health. This study proposes a robust approach to this issue 

by combining beetle swarm optimization (BSO) with other ML models. Four 
different datasets were used to train our model: apple leaf, grape leaf, plant 

village leaf, and tomato leaf for disease detection. The process begins with 

preparing the leaf images, involving contrast enhancement and noise 

reduction. Through color-based segmentation, we can distinguish healthy 
regions from diseased ones, aiding in the classification process. Our research 

demonstrates the effectiveness of the BSO-convolutional neural networks 

(CNN) method in recognizing and categorizing plant diseases with high 

accuracy rates. Leveraging the power of BSO to adjust the model’s 
parameters and incorporating color-based segmentation enhances the 

model’s robustness and accuracy. The results of this study highlight the 

potential of automated disease management systems for agriculture, 

providing agronomists and farmers with the necessary tools to address and 

monitor emerging threats to their crops effectively. 
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1. INTRODUCTION 

Agriculture is a cornerstone of India’s economy, yet plant diseases significantly hinder crop growth 

and yield [1]. These diseases can affect various parts of plants, such as leaves, flowers, roots, and fruits, 

complicating accurate diagnosis due to the vast number of cultivated plants and the complexity of crops [2]. 

Pathologists often struggle to diagnose these diseases accurately, leading to the loss of vital qualitative and 

quantitative crop information [3]. Additionally, many farmers lack the knowledge to detect plant diseases, 

and relying on the naked eye for identification is time-consuming and unreliable [4], [5]. 

Automated identification of plant diseases can mitigate these challenges by reducing human effort 

and providing reliable results. Such systems are particularly beneficial for farmers with limited knowledge of 

plant diseases. Machine learning (ML) and deep learning (DL) are promising technologies in this field, 

offering precise and cost-effective solutions for plant disease detection and health monitoring [6]. These 

technologies enable the accurate identification of plants, the detection of pests and diseases, and the 

monitoring of nutritional requirements [7]. 

Early and precise identification of plant diseases is critical for crops to remain healthy. Early 

detection reduces the need for chemical treatments and helps prevent crop loss [8]. Traditional methods of 

disease detection can be laborious and require highly skilled personnel. However, advancements in deep 

learning and computer vision have significantly improved the accuracy of plant disease classification and 
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detection [9]. Recent research has demonstrated the effectiveness of deep learning algorithms in diagnosing 

plant diseases. For instance, convolutional neural networks (CNNs) have been used to identify multiple plant 

diseases from extensive image datasets, achieving high accuracy rates [10], [11]. Moreover, optimization 

techniques such as particle swarm optimization (PSO) and beetle swarm optimization (BSO) have been 

employed to enhance the performance of these models [12], [13]. Techniques like color slicing and median 

filtering improve detection accuracy in crops like paddy and soybean [14], [15]. 

The proposed research aims to develop a more effective method for classifying plant diseases by 

combining deep learning and optimization techniques. By analyzing extensive collections of annotated leaf 

data, the methodology seeks to improve classification accuracy by integrating advanced image processing 

and optimization methods [16], [17]. Additionally, the research explores the potential of incorporating IoT 

devices and mobile platforms for real-time monitoring and response to plant diseases [18]. 

This research has the potential to revolutionize how plant diseases are managed and diagnosed, aiding 

farmers in making informed decisions and improving agricultural productivity [19]. CNN was widely used 

for this purpose [20]–[22]. The proposed methodology could serve as a foundation for developing new 

precision agriculture technologies, promoting sustainable practices, and meeting the increasing global food 

demand. The detailed method will be discussed in the following sections, encompassing data collection, 

preprocessing, model creation, and optimization methods. 

 

 

2. MATERIALS AND METHODS 

Several procedures detect plant leaf diseases, including segmentation, pre-processing, feature 

extraction, feature selection, and classification. The proposed BSO method, shown in Figure 1, can help 

improve these processes. 

 

 

 
 

Figure 1. Schematic illustration of the proposed methodology 

 

 

2.1.  Datasets 

Some of the datasets featured here contain images of plant leaves that are infected or healthy. These 

are used in the detection of plant diseases and agricultural research. The PlantVillage dataset [23] is regarded 

as one of the most prominent collections of plant images in this field. It includes both healthy and diseased 

specimens. There are varying versions of this repository. The tomato disease detection dataset [24] features 

images of plants with various pests and diseases. It also includes healthy ones. Leaf disease detection and 

categorization may be done with Gaussian filters. The grape leaf diseases dataset [25] is also available, as is 

the tomato dataset. It features pictures of both healthy and sick leaves. Images of unhealthy specimens, pests, 

and diseases affecting the apple tree leaves may be found in the apple leaf dataset [26]. In that order, the 

example photos are displayed in Figure 2. 

 

2.2.  Pre-processing 

Gaussian filters [27], [28] can classify and detect leaf diseases. They are accommodating when 

dealing with textured or noisy images. The 2D Gaussian filter’s equation can be found in (1). The value of 

the Gaussian filter is expressed as Y(a, b). 

 

𝑌(𝑎, 𝑏) =
1

2𝜋𝜎2 𝑒
−𝑎2+𝑏2

2𝜎2  (1) 
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Figure 2 illustrates the image datasets employed in this study. Specifically, Figure 2(a)  

presents a sample from the PlantVillage image dataset, followed by the tomato leaf image data set in  

Figure 2(b). Furthermore, Figures 2(c) and (d) display samples from the grape leaf and apple leaf image 

datasets, respectively. 
 

 

  
(a) (b) 

  
(c) (d) 

 

Figure 2. The example photos; (a) PlantVillage image dataset, (b) tomato leaf image dataset,  

(c) grape leaf image dataset, and (d) apple leaf image dataset 
 

 

The sigma is the distribution’s standard deviation, which dictates the filter’s spread. A more 

considerable value can produce a more robust smoothing or broader distribution. The Gaussian filter kernel 

can apply a convolution to an input image. The (2) shows the procedure for doing so. 
 

   𝐽𝑠𝑚𝑡(𝑎, 𝑏) =  ∑ ∑ 𝑌(𝑘, 𝑙). 𝐽(𝑎 − 𝑘, 𝑏 − 𝑙)∞
𝑙=−∞

∞
𝑘=−∞    (2) 

 

The resulting image, Jsmt, is smoothed after applying the Gaussian filter. The pixel value in the input 

image is represented by J (a-k, b-l), while the value of the Gaussian filter is defined by Y (a, b). The output 

image is smoothed using a convolution procedure, which minimizes noise and maintains the overall 

structure’s integrity. 

 

2.3.  Segmentation using BSO 

Here is the protocol for the segmentation. First, initialize a population of beetles. Each beetle 

represents a potential solution to the optimization problems. Beetle j (Bj) has a position (yj) in the solution 

space. Then, define the objective function. The Davies-Bouldin index determines the average level of 

similarity between clusters. It can then be used to identify those with the worst clustering quality. 
 

𝐷𝐵(𝐶𝑗) =  𝑚𝑎𝑥(𝑅𝑗𝑘), 𝑓𝑜𝑟 𝑗 ≠  𝑘 (3) 
 

Where Rjk is the average distance between cluster j (Cj) and cluster k, a particle’s overall fitness can 

be calculated as the mean Davies-Bouldin index over all clusters: Fitness=(1/L)×ΣDB (cluster) for all clusters 

in the image. In BSO, the beetles explore the solution space to reach the next level. Their movement is 

influenced by the positions of other insects and their current position. Update the position of each beetle using 

an equation that combines individual exploration and cooperation among beetles, as shown in (4) and (5). 
 

𝑦𝑗(𝑤 + 1) =  𝑦𝑗(𝑤) +  𝛼 ×  𝛥𝑦𝑗 (4) 
 

Where yj(w) is the current position of beetle I, α is a step size, and Δyj is a random exploration vector. 
 

𝑦𝑗(𝑤 + 1) =  𝑦𝑗(𝑤) +  𝛽 ×  𝛥ℎ (5) 
 

Where β is a cooperation factor, and Δh is a vector pointing towards a global best solution found by 

the entire population. Then, we calculate the fitness (objective function value) of each beetle’s new position 

using the objective function: f(w+1) = f(yj(w+1)). Further, we keep track of the best solution obtained by any 

beetle in the population: best = again (fj). Until the termination condition is satisfied, repeat steps 3-5.  

The exploration and cooperation parameters (α and β) are adjusted depending on the specific problem and 

performance requirements. The critical idea in BSO is that beetles explore the solution space individually 

while benefiting from the best solutions found collectively by the swarm. 
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2.4.  Feature extraction 

Color features [29] are visual elements extracted from an image to represent information about the 

color composition within the picture. These features are widely used in computer vision and image analysis 

applications, including tasks like categorizing and detecting leaf diseases. By analyzing color characteristics, 

valuable insights can be gained about the arrangement and balance of colors in an image. 

One common color feature is the color histogram, which shows the distribution of colors in an 

image. This histogram is typically represented as a 3-channel color histogram, where histograms are created 

for the red, green, and blue channels individually. For each channel, the histogram is constructed by counting 

the number of pixels with a given color value. Statistical color moments, such as the mean, standard 

deviation, skewness, and kurtosis, can be computed for each channel to describe color distribution more 

quantitatively. For example, the mean value of the red channel is calculated by averaging the color values of 

all pixels in that channel. Another important color feature is the color co-occurrence matrix (CCM), which 

represents the frequency of color pairs appearing at specific angles and distances. The CCM coordinates 

indicate how often color i occurs next to color j at a given angle and distance. Color entropy measures the 

level of disorder or uncertainty in the distribution of colors within an image and is expressed as the 

probability of a particular color appearing in the frame. 

Dominant colors in an image can be identified by calculating their frequency in the color histogram. 

Additionally, the layout descriptor captures the spatial arrangement of colors, describing their patterns and 

relationships. When merging texture and color features, statistical methods can be used to integrate these 

elements. For example, the mean texture feature of the red channel might be computed alongside color 

features to provide a more comprehensive analysis. 

 

2.5.  Feature selection using BSO 

When identifying leaf diseases, utilizing BSO involves selecting the most accurate segment of the 

leaves’ color features to help determine the presence of the disease. Here, we explain the steps involved in this 

process. (a) Extract a set of leaf color features using input images. These can include data from various 

channels, color moments, and histograms. (b) Establish the proper settings for the BSO method, including the 

population size, maximum number of iterations, convergence criterion, and more. (c) An objective function 

should be defined to measure the quality of a subset of the leaf color features. It should be able to tell which 

features are most accurate in distinguishing healthy leaves from diseased ones. (d) First, establish a population 

of beetles with binary vectors representing the exclusion or inclusion of certain color features. The group 

should then be divided into different subsets. (e) The values of the objective function for each subset of the 

population should be calculated. Then, the classifier will be trained on the selected features and determine if 

they can help differentiate healthy leaves from diseased leaves. (f) Based on the objective function values, the 

positions of the beetles should be updated. Beetles that belong to subsets that have better classification 

capabilities should be favored. (g) The number of iterations achieved or the convergence of the BSO algorithm 

should be checked. (h) If the convergence or maximum number of iterations has been reached, proceed with 

the next step. (i) The optimized feature subset derived from the beetle should be obtained using the best binary 

vector. It should represent the areas of the leaves with the most accurate discrimination when identifying leaf 

ailments. (j) The classifier should only train on the specified subset of the color features. (k) Cross-validate the 

classifier’s results on a validated dataset or evaluate its performance using the optimized subset. It should also 

measure its accuracy, recall, precision, and F1 score. (l) After collecting the evaluation results, the selected 

features should be finalized to provide the best possible performance when detecting leaf diseases. 

 

2.6.  CNN architecture 

The ResNet architecture, designed for deep neural network training, uses residual blocks to address 

the vanishing gradient issue, facilitating the training of intense networks [30]. The ResNet-50 model is 

employed for leaf image classification with a 256×256-pixel input size and outputs two classes: healthy and 

disease. The model starts with an input layer for leaf images with dimensions 256×256 pixels and three-color 

channels (RGB). The initial convolutional layer uses a 7×7-pixel kernel with 64 filters, producing 

128×128×64 feature maps through padding and stride. Following this, a max-pooling layer reduces the 

spatial dimensions to 64×64×64 by considering the maximum values in a region. The network then 

progresses through multiple residual blocks, each containing its filters and skip connections to aid in learning 

complex features. As the network deepens, the feature maps’ dimensions change, representing the feature 

channels’ height, width, and spatial dimensions. Fully connected dense layers follow the residual and 

convolutional layers, leading to the final output layer, which consists of two units for binary classification. 

The SoftMax activation function converts these outputs into class probabilities. 
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3. RESULTS AND DISCUSSION 

The performance of various optimization methods, such as PSO, cuckoo search (CS), genetic 

algorithm (GA), and BSO, in optimizing a specific parameter are compared in Table 1. The best value is 

achieved across multiple iterations or runs of the algorithm. The BSO method had the best optimization 

result, with an overall score of 0.83. On the other hand, the worst score was recorded by BSO with a result of 

0.26. The mean value indicates the central tendency of the achieved results. The PSO method has a mean 

value of 0.33. CS, on the other hand, BSO has a mean value of 0.59. The median value measures the central 

tendency, showing the optimization’s results at the midpoint. The data collected by these statistics provide an 

overview of the performance of various optimization techniques when optimizing a specific parameter.  

The best and worst scores are displayed because of the highest and lowest achieved values, respectively.  

The “median” and “mean” values represent the central tendency of the results; the higher the score, the more 

favorable it is. 

 

 

Table 1. Performance comparison of optimization techniques for parameter optimization 
Parameter PSO [31] CS [32] GA [33] BSO 

Best 0.78 0.79 0.82 0.83 

Worst 0.0016 0.0012 0.25 0.26 

Mean 0.33 0.39 0.42 0.59 

Median 0.39 0.48 0.52 0.60 

 

 

The presented method was tested by collecting plant leaf images. The collected data were then 

analyzed using a BSO technique, and the process was evaluated. Table 2 shows performance indicators for 

the machine learning model (LR), which combine logistic regression with multiple optimization techniques, 

such as the PSO. These assess the models’ effectiveness and quality in specific classification tasks. 

 

 

Table 2. Performance indicators for various machine learning models 
Performance measures PSO + LR CS + LR  GA + LR BSO (proposed technique) +LR 

Accuracy 0.81 0.82 0.78 0.84 

Sensitivity 0.83 0.92 0.79 0.85 

Precision 0.77 0.82 0.86 0.89 

Dice coefficient 0.87 0.8 0.75 0.85 

Jaccard 0.78 0.76 0.92 0.84 

 

 

The proportion of correctly classified instances measures the model’s accuracy. It helps to evaluate 

the model’s correctness when making predictions on both negative and positive cases. PSO+LR, CS+LR, 

GA+LR, and BSO+LR all achieved an accuracy of at least 0.81. Among the models, the BSO+LR model is 

the most accurate at 0.84. The sensitivity of a model is computed by considering the likelihood of it 

identifying true positives from all known instances. It can then be used to measure its effectiveness in 

capturing such cases. The sensitivity of the PSO+LR model was set at 0.83. Other models that have better 

sensitivity include the CS+LR, LR+GA, and BSO+LR. 

The precision ratio serves as a gauge for the model’s positive prediction accuracy. It indicates how 

capable the model is of making accurate predictions. The PSO+LR, CS+LR, GA+LR, and BSO+LR made 

accurate predictions with 0.77, 0.82, 0.86, and 0.89 precision, respectively. The concept of the dice 

coefficient measures the overlap of the predicted and actual positive instances in each set. It is commonly 

used in the classification of binary types and image segmentation. The PSO+LR achieved a dice coefficient 

of 0.87, while CS+LR had a value of 0.80. On the other hand, the GA+LR had a value of 0.75, and BSO+LR 

achieved a value of 0.85. 

The classification tool known as the Jaccard Index considers the similarity between predicted and 

actual instances when performing segmentation or classification tasks. The classification tools that performed 

well were the PSO+LR, CS+LR, GA+LR, and BSO+LR. The highest score was achieved by the BSO+LR, 

which had a value of 0.84. The various metrics analyzed in this study provide a detailed analysis of the 

capabilities of the models when it comes to capturing positive instances and accuracy. The results indicate 

that BSO+LR performed well regarding sensitivity, precision, and the Dice coefficient. It is essential to 

consider the classification task’s specific requirements when picking a suitable model. 

Table 3 shows the performance indicators that apply to the different optimization algorithms:  

PSO, CS, BSO, and GA. These are used in combination with a CNN for specific applications or tasks.  

These include sensitivity, precision, Jaccard index, and dice coefficient. The PSO-CNN combination has an 

accuracy rate of 83%, CS-CNN has an accuracy rate of 84%, BSO-CNN has an accuracy rate of 91%,  
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and GA-CNN has an accuracy rate of 85%. The sensitivity of PSO+CNN, CS+CNN, BSO+CNN, and 

GA+CNN is 86%, 85%, and 93%, respectively. On the other hand, these two groups show the highest 

sensitivity values at 93%, indicating they are better at identifying positive cases. 

 

 

Table 3. Performance indicators for various deep learning models 
Performance measures PSO+CNN CS+CNN GA+CNN BSO+CNN (proposed technique) 

Accuracy 0.83 0.84 0.85 0.91 

Sensitivity 0.86 0.93 0.85 0.93 

Precision 0.82 0.84 0.88 0.93 

Dice coefficient 0.91 0.85 0.86 0.95 

Jaccard 0.88 0.81 0.86 0.95 

 

 

The dice coefficient measures the overlap between positive areas and the predictions. The highest 

score is recorded by CNN+BSO, which has a 95% correlation. The positive predictive value of PSO+CNN is 

82%, CS+CNN is 84%, GA+CNN is 88%, BSO+CNN is 93%, and so on. The combination with the highest 

precision, BSO+CNN, makes fewer errors than the others. The Jaccard index is the classification-over measure 

of the correlation between predicted and actual positive regions. The CNN+BSO index has the highest score at 

almost one hundred percent, which indicates a substantial overlap between the predicted and the actual 

positive areas. As seen in Figure 3, BSO+CNN outperforms the other groups on a wide range of measures. 

 

 

 
 

Figure 3. The performance of deep learning techniques across various metrics 

 

 

4. CONCLUSION 

The timely diagnosis and identification of diseases in leaves is a critical factor in maintaining the 

health and productivity of crops. This research suggests a unique automated plant disease identification and 

classification method that combines CNN and BSO. The research utilizes four distinct datasets to train and 

assess our model. These include the PlantVillage, apple leaf, and grape leaf datasets. The study provides a 

novel and comprehensive solution to the issue of identifying and managing leaf diseases in agriculture.  

By integrating BSO with CNN and employing advanced image processing methods, we offer a potent tool to 

help farmers and agronomists improve crop productivity and health. As the evolution of automated systems 

continues, they have the potential to make a significant contribution to global food security and sustainability 

efforts. 
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