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Abstract 13 

Cucurbits, a widely cultivated crop from the Cucurbitaceae family, account for about 6% of global 14 

vegetable production. Their yield, however, is susceptible to disease and pest attacks, contributing to 15 

food insecurity. Timely detection of these diseases is crucial to prune agricultural yield losses. This 16 

paper proposes a hybrid compact vision transformer (CVT) and cubic support vector model (CSVM) 17 

that employs Harris Hawks Optimization (HHO) for cucurbit leaf disease classification. Initially, 18 

image preprocessing is carried out using histogram equalization and GrabCut algorithm to effectively 19 

handle images with dispersed backgrounds. The preprocessed output is fed into the proposed hybrid 20 

model, where the CVT hyperparameters are optimized using the HHO algorithm. Finally, the 21 

features are extracted through CVT and classified using CSVM. The efficiency of the proposed 22 

model is highlighted by comparing it to various standard machine learning classifiers. Experimental 23 

study with the cucurbit dataset reveals that the proposed method attained 96.96% accuracy, 24 

contributing to sustainable crop production. 25 
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1. Introduction  35 

Cucurbits, from the Cucurbitaceae family, are a diverse group of vegetables encompassing 36 

approximately 90 genera and 950 species including pumpkins, gourds, etc. [1]. However, their 37 

growth is impeded by various diseases that affect the overall crop yield. Fungal diseases and viral 38 

diseases cause rapid defoliation and fruit deformities [2-3]. Hence, to prevent disease outbreaks and 39 

avoid major yield losses, early identification of cucurbit leaf disease is essential.  40 

Since the 1990s, advanced image processing technologies have been utilized for providing 41 

accurate and realistic identification of plant diseases [4]. Nowadays, image processing techniques are 42 

utilized with machine learning (ML) approaches for capturing and classifying the plant diseases. ML 43 

models classify plant diseases based on features such as shape, color, statistics, and texture that are 44 

manually extracted from the leaf images [5-8]. Support Vector Machines (SVM), k-nearest 45 

neighbors, and Random Forests (RF) are the most commonly applied traditional ML approaches for 46 

plant disease classification [6]. However, the performance of ML models depends heavily on the 47 

quality of the handcrafted features from the input data [5]. But deep learning (DL) models overcome 48 

this issue by automatically learning features from plant images, eliminating the need for manual 49 

feature extraction [9,10].  50 

DL techniques, particularly convolutional neural networks (CNNs) and vision transformers 51 

(ViTs), have been applied to image-related plant disease detection [11-15]. CNNs extract spatial and 52 

hierarchical features from leaf images using convolutional layers and then classify infected and non-53 

infected leaves [16]. However, they focus less on global relationships across images. In contrast, 54 

ViTs divide the leaf images into small patches, convert them into tokens, and process these tokens 55 

using transformer encoders [17]. They specialize in capturing global relationships to understand the 56 

scattered patterns across different regions of the leaf throughout the entire image(s) using a self-57 

attention mechanism. But they generally require large datasets to reach peak performance.  58 

In contrast, Hassani et al. [18] proposed a compact vision transformer (CVT) for image 59 

classification tasks, which captures global information, is suitable for small datasets and edge-60 

deployment. The CVT replaces the class token in the ViT with a sequence pooling method. This 61 

method aggregates information from all the tokens after or during training, thereby reducing the 62 

computations performed by the class token. Hence, they have smaller parameters and reduced 63 

overfitting. A lightweight CVT that runs on edge devices for plant disease detection in agricultural 64 

field, enables real-time diagnosis for farmers.  65 

The performance of CVT depends on its choice of hyperparameters, such as attention heads, 66 

number of encoders, patch size, etc. [18]. Manual hyperparameter tuning, though common, is 67 

tedious. Recently, many studies have employed optimization algorithms for hyperparameter selection 68 
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in an ML or DL architectures [19-25]. Among these approaches, the Harris Hawks Optimization 69 

algorithm (HHO) [26] has emerged as a promising method. It follows the hunting method used by 70 

Harris Hawks to explore the multidimensional hyperparameter space and excels in balancing 71 

exploration and exploitation for avoiding local minima. 72 

Several research gaps exist in plant disease classification using ML or DL models. Although 73 

CNN- and ViT-based approaches have reported high accuracies, they are either computationally 74 

expensive or require large datasets. then the exploration of different crops and disease coverage. 75 

Additionally, there is a lack of systematic hyperparameter optimization.  76 

In this paper, a lightweight CVT is introduced to classify the diseases in cucurbit plants. The 77 

dataset undergoes preprocessing using CLAHE and Grabcut; the features are extracted by CVT and 78 

then classified using a cubic support vector machine (CSVM). The CSVM classifier allows the 79 

extracted features to be mapped with clearer decision boundaries. The proposed model achieved 80 

96.96% accuracy with 0.257 million training parameters. 81 

The remainder of this paper is organized as follows. The proposed scheme, including the 82 

materials and methods, is given in Section 2. The results of the performance validation of the 83 

proposed plan, along with the future scope, are presented in Section 3. Finally, this study is 84 

concluded in Section 4.  85 

2. Proposed methodology 86 

The proposed work is presented in this section. The proposed work consists of four steps, as 87 

depicted in Fig. 1. The dataset is subjected to augmentation and resizing. It is then preprocessed 88 

using the CLAHE and GrabCut. The features are extracted using a CVT, whose hyperparameters are 89 

optimized via HHO. The extracted features are classified using 10 ML classifiers, among which 90 

CSVM achieved the highest performance. Thus, we propose a CVT-HHO-CSVM hybrid 91 

combination that identifies cucurbit leaf diseases, which makes it ideal for other image classification 92 

and agriculture-related tasks. 93 

2.1 Dataset  94 

The images were collected in agricultural fields near Coimbatore, Tamil Nadu, India. They were 95 

taken using a One Plus Nord CE 2 Lite smartphone with 64-megapixels. Fig. 2 shows examples of 96 

the dataset. Multiple cucurbit species were covered, including bottle gourd, sweet pumpkin, and 97 

ridge gourd. All photographs were stored in the JPEG format. In addition to the images from the 98 

local field, images were incorporated from the Sweet Pumpkin Disease Recognition Dataset [27]. 99 

 Various techniques such as random rotation, crop, and flip were applied to the original images 100 

with a random seed of 42. The input images were resized to a size of 128*128. The final dataset is 101 
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split into training (70%), validating (20%), and testing (10%) images. Table 1 provides the class 102 

distribution of both datasets. 103 

2.2 Preprocessing  104 

2.2.1 CLAHE 105 

The dataset undergoes preprocessing using the Contrast Limited Adaptive Histogram 106 

Equalization (CLAHE) approach [28]. It enhances the contrast of an image while simultaneously 107 

reducing the noise. It is employed due to its efficiency in preserving edges while mitigating 108 

information loss.  109 

2.2.2 GrabCut  110 

The CLAHE output is fed into a segmentation algorithm: the GrabCut algorithm [29]. 111 

Segmentation of a color image is straightforward when all objects have distinct colors and 112 

boundaries, but it becomes a complex problem when the images in the dataset have diverse 113 

backgrounds. This makes it difficult for the classifier model to extract the features. GrabCut is 114 

applied to address such issues by segmenting the foreground from the background with graph cut and 115 

iterative energy minimization.  116 

2.3 Disease classification using the proposed CVT-HHO-CSVM 117 

2.3.1 Structure of the CVT 118 

The proposed methodology is based on the CVT presented by Hassani et al. [18], a DL model 119 

designed for image processing applications. The architecture has five main parts: patch creation and 120 

embedding, positional encoding, transformer encoder, sequence pooling, and classification head, as 121 

illustrated in Fig. 3.  122 

Patch creation and embedding: First, the input is split into a sequence of patches such that it 123 

becomes more accessible for the transformer to process the data. If the input has a dimension of 124 

H W C  , where H is the height; W is the width; the dimension of patch is h wP P , then the 125 

number of non-overlapping patches generated is given by Eq. (1). 126 

                                                                    
h w

H W
N

P P


=


                                                                —(1) 127 

The non overlapping patches are then flattened ( )_flatten iX into an 1D vector and is projected to an 128 

embedding dimension as described in Eq. (2). 129 

                                                             
_ _pd i l flatten i lX W X b= +                                                                              —(2) 130 

where each 
_pd iX represents a linearly embedded vector for the 

thi patch, lW is the learnable weight 131 

matrix, and lb is the learnable bias vector. 132 
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Positional encoding: Transformers lack the ability to gauge the position of split tokens that are 133 

supplied to them because they are not sequential. In this study, trainable positional encodings ( )iPE134 

are added to the input embeddings to encode the position of each token individually as given in Eq. 135 

(3). 136 

                                                                 
_ _input i pd i iX X PE= +                                                        —(3) 137 

where _input iX  is the positional encoded token.  138 

Encoder block: The positionally encoded token _input iX  is fed to the encoder of the transformer. 139 

Every encoder is made up of four main components namely: MHSA (multi-head self-attention), 140 

MLP (multi-layer perceptron), layer normalization, and residual connections, as shown in Fig. 3.  141 

The encoder is based on the self-attention method, where the model dynamically weighs the 142 

significance of each token relative to every other token, allowing it to prioritize key patches. Each 143 

token in a self-attention mechanism is represented by one of three vectors: the key iK , query iQ , and 144 

value iV  [17].  145 

_ _ _; ;Q K V

i input i i i input i i i input i iQ X W K X W V X W= = =                                     —(4) 146 

The attention scores are determined by calculating the scaled dot product of the query and key 147 

vectors as given in Eqn (4). These scores are then scaled by the square root of the dimension of the 148 

key vectors and processed through a softmax function to generate a weight matrix. These weights 149 

determine the contribution of each token to the self-attention mechanism output. The output of self-150 

attention layer iA for 
thi token is given in Eq. (5) [17]. 151 

                                         ( , , ) Softmax
T

i i
i i

k

Q K
A Q K V V

d

 
=  

 
 

                                                  —(5) 152 

where kd is dimensionality of key vector. 153 

This enables each token to incorporate information from the other tokens, resulting in a global 154 

context. A single attention head in the MHSA block produces an output given by Eq. (6).  155 

                                                           ( , , )i iSAHead A Q K V=                                                     —(6) 156 

Following the computation of iSAHead values, they are concatenated across the feature 157 

dimension as given in Eq. (7). 158 

             ( ) ( )_ 1 2, ,..., o

input i nMHSA X Concat SAHead SAHead SAHead W=                        —(7) 159 
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where 𝑛 represents the number of attention heads in a single MHSA layer, and where 
oW is the 160 

learnable projection matrix that projects the concatenated output to a desired dimension. The output 161 

of the MHSA is stored in the _input iX as given in Eq. (8). 162 

                                           ( )_ _output i input iX MHSA X=                                                         —(8) 163 

The MLP block consists of a simple feed-forward network with a GeLU activation function, as 164 

shown in Eq. (9-10).  165 

                        ( )_ 1 1output iH GeLU X W b= +                                                 —(9) 166 

                                                            2 2MLPX HW b= +                                                                     —(10) 167 

Where iW  and ib are weights and biases respectively. This architecture utilizes layer normalization 168 

before every sublayer (MHSA/MLP) and residual connections after every sublayer. 169 

Sequence pooling: Sequence pooling aggregates the information from all the token embeddings 170 

via attention weights to generate a single vector that represents the entire sequence as given by Eq. 171 

(11) [18]. 172 

                                                          ( ) b n d

MLPZ f X R  =                                                     —(11) 173 

where Z is the output of the transformer encoder, b refers to batch size, n refers to sequence length, 174 

and d  is the embedding dimension. A linear layer g is applied to this Z to attain attention weights as 175 

shown in Eq. (12). 176 

                             ( )( ) 1_ Softmax
T b nAttention weights g Z R  =                                     —(12) 177 

The weighted sum of token embeddings is then computed as given in Eq. (13). The output178 

b dZ R  is subsequently produced, which is then fed into the classifier. 179 

                                            _ b d

poolZ Attention weights Z R =                                           —(13) 180 

Classification head: This takes the pooled outputs from the sequence pooling layer and applies a 181 

linear transformation to produce classification probabilities using the softmax activation.  182 

2.3.2 Optimization of the CVT using HHO 183 

HHO is a swarm-based metaheuristic optimization algorithm proposed by Heidari et al. [21]. 184 

This algorithm is founded on the Harris hawk’s cooperative conduct and chasing modes in nature. In 185 

HHO, each hawk represents a potential solution and it works in three phases: exploration, energy 186 

estimation, and exploitation. The HHO algorithm searches for a near-optimal set of hyperparameters 187 

for optimizing the CVT. Each search agent (hawk) in the algorithm represents a set of 188 

hyperparameters (potential solutions). During each iteration, the model is instantiated using the 189 
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hyperparameters defined by a particle, trained on the training data, and evaluated on the validation 190 

set. The validation accuracy is a fitness score to tell how close we are to the objective.  191 

Initialization 192 

The HHO begins by initializing the agent population N . Each agent is assigned a random 193 

position in a multidimensional search space. The maximum number of iterations T , dimensionality 194 

of the problem d , and the bounds for dimension as  ,lb ub are also defined.  195 

Let the hyperparameter search space be 
d , where 𝑑=4 represents the problem dimensionality 196 

(the total number of hyperparameters to be optimized). The hyperparameter vector for each agent 𝑖 is 197 

denoted in Eq. (14). 198 

                                          1 2 3 4, , ,i i i i ix x x x x=                                                    —(14) 199 

where projection dimension 1ix  [16, 256], number of self-attention heads 2ix  [1,8], and number 200 

of transformer layers 3ix  [1,8], patch size 4ix  [4, 16]. The objective is to find the near-optimal 201 

hyperparameter vector 
*x that maximizes validation accuracy given by Eq. (15). 202 

                                                  ( )* arg min
x X

x f x


=                                                               —(15) 203 

Fitness function 204 

A fitness function ( )f x  evaluates the position of each agent after a move and calculates the 205 

fitness score. In this study, the set of hyperparameters that gives higher validation accuracy for the 206 

CVT model serves as the objective as depicted in Eq. (16). 207 

                                              ( ) ( )( )_f x validation accuracy CVT x=                                     —(16) 208 

Escaping energy 209 

HHO balances exploration and exploitation through adjustment of "escaping energy," enabling 210 

robust global optimization across complex search spaces. The energy of the target is then estimated; 211 

based on its value, the hawks either continue exploration or switch to exploitation. The adaptation 212 

from exploration to exploitation is modelled using the escaping energy of the target E as shown in 213 

Eq. (17). 214 

            02 1
t

E E
T

 
= − 

 
                                                            —(17) 215 

where 0 [ 1,1]E  − is the initial state of its energy and t  is the current iteration. 216 

Case 1: Exploration Phase (|𝐄| ≥ 𝟏) 217 
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During exploration, the hawks either perch or search the multidimensional space randomly. 218 

When the escaping energy is large, the algorithm performs exploration. Initially, the agents explore 219 

random locations expecting to find their target depending upon a 𝑞 value as shown in Eq. (18).  220 

    ( )
( ) ( ) ( )

( ) ( )( ) ( )( )
1 2

arg 3 4

| 2                               0.5
1

      0.5

rnd rnd

t et m j j j

Y t r Y t r Y t q
Y t

Y t Y t r lb r ub lb q

 − − 
+ = 

− − + − 

          —(18) 221 

where t  is the current iteration, ( )1Y t + is the positional vector of agent in the upcoming iteration, 222 

argt etY is the target’s spot, ( )Y t is the current spot of vector of agents 1 4tor  and q are random numbers 223 

in (0,1) and is updated every iteration. ( )rndY t is randomly selected agent from the present 224 

population. ( )mY t average spot of the current population of agents and it is obtained using Eq. (19). 225 

      ( ) ( )
1

1 N

m i

i

Y t Y t
N −

=                                                           —(19) 226 

Case 2: Exploitation Phase (|𝐄| < 𝟏) 227 

During exploitation, the hawks use one of the four chasing and attacking strategies to catch the 228 

prey depending upon E : soft besiege, hard besiege, soft besiege with progressive dives, and hard 229 

besiege with progressive dives. The hawks dynamically switch between these modes for adaptive 230 

convergence. 231 

i. Soft besiege  232 

This step is slowly sneaking closer to the target and is given by Eq. (20-21). 233 

                                        ( ) ( ) ( ) ( )arg1 | t etY t y t E JY t Y t+ =  − −                                                 —(20) 234 

                                                 ( ) ( ) ( )argt etY t Y t Y t = −                                                           —(21) 235 

where ( )Y t is the difference between the position of the target and current location in iteration t , 5r236 

is a random number between 0 and 1, ( )52 1J r= − is the random moving strength of the target while 237 

escaping. The J  value changes randomly in every iteration to simulate the nature of rabbit (target) 238 

motions. 239 

ii. Hard besiege 240 

This part here tells the process of jumping directly and quickly to catch the target. Here the 241 

current positions are updated using Eq. (22). 242 

                                                 
arg( 1) ( ) | ( )t etY t Y t E Y t+ = −                                             —(22) 243 

iii. Soft besiege with progressive dives 244 

This is to sneak slowly but also to do sudden dives and jumps as shown in Eq. (23). 245 
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arg arg( ) | ( ) ( )t et t etP Y t E JY t Y t= − −                                          —(23) 246 

The diving pattern observed here is in accordance with levy-flight patterns given by Eq. (24) 247 

                                                          ( )Q P S LF d= +                                                    —(24) 248 

where S  is the random vector of size 1 d and LF is levy-flight function given by Eqn. (25). 249 

                                  

1

1

(1 ) sin( )
2( ) 0.01 ,

1 1
( ) 2( )| |

2 2

r
m

LF x

rn











 


 
+  

=  =  + −
  
 

                     —(25) 250 

where m and n are random values within (0,1) and β is a constant value of 1.5. 251 

Finally, the position of agents in the soft besiege phase can be executed using Eq. (26). 252 

                                                 ( )
( )( )
( )( )

   ( )
1

   ( )

P if F P F Y t
Y t

Q if F Q F Y t

 
+ = 



                                          —(26) 253 

iv. Hard besiege with progressive dives 254 

This is to jump quickly and attack the target by doing sudden dives and small loops which is 255 

given in Eq. (27). 256 

                                         ( )
( )( )
( )( )

   ( )
1

   ( )

P if F P F Y t
Y t

Q if F Q F Y t

 
+ = 



                                            —(27) 257 

where P and Q  are derived using new rules as in Eq. (28) and Eq. (29). 258 

                                                      
arg arg( ) | ( ) ( )t et t et mP Y t E JY t Y t= − −                                            —(28) 259 

                                                         ( )Q P S LF d= +                                                                 —(29) 260 

After max iterations T is completed, the global best position returns the set of hyperparameters 261 

that produced the highest validation accuracy for the CVT. The flowchart representing the HHO-262 

based hyperparameter selection for CVT is depicted in Fig. 4. 263 

2.3.3 Classification 264 

To distinctly identify each disease of the cucurbits, classifiers are essential. The features 265 

extracted from the CVT were given to the CSVM classifier. To evaluate the performance of the 266 

classifier, it was compared with other classifiers namely: Decision Tree (DT), RF, SVM, Gaussian 267 

Naïve Bayes (GNB), Quadratic SVM (QSVM), Gradient Boosting Machine (GBM), Light GBM 268 

(LGBM), and CatBoost (CB).  269 

3. Results and Discussion 270 

Hereafter the proposed model refers to the hybrid of CVT-HHO-CSVM, where the final 271 

classification layer of CVT is replaced with CSVM classifier.  272 
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3.1 Experimental setup 273 

The performance of the proposed work is evaluated in this section. It is implemented on a 274 

Windows 11 operating system possessing Intel core i5 CPU. The python code was simulated using 275 

Tensorflow 2.16.2 and Keras 3.4.1. HHO search ranges for each hyperparameter are: patch size 276 

(4,16), projection dimension (16, 256), number of transformer layers (1, 8), number of self-attention 277 

heads (1, 8). The Nadam optimizer, was chosen along with categorical cross-entropy loss. Table 2 278 

shows hyperparameter values for the proposed model. 279 

3.2 Performance metrics 280 

The model was evaluated using the four most commonly used performance indices: accuracy, 281 

precision, recall, and f1-score as given in Eqs. (30-33). The confusion matrix is used to discern the 282 

performance of individual classes.  283 

                                               
TP TN

Accuracy
TP FP TN FN

+
=

+ + +
                           —(30) 284 

                                                             
TP

Precision
TP FP

=
+

                                                 —(31) 285 

                                                   
TP

Recall
TP FN

=
+

                                                     —(32) 286 

                                               
2

1
precision recall

f score
precision recall

 
− =

+
                                              —(33) 287 

Here the terms True Negative (TN), False Negative (FN), False Positive (FP), and True Positive 288 

(TP) are used.  289 

3.3 Experimental outcomes 290 

3.3.1 Results of preprocessing 291 

The dataset initially undergoes preprocessing steps as shown in Fig. 1. Fig. 5. shows the step-by-292 

step procedure encountered by each image in the dataset during preprocessing.  293 

3.3.2 Results of feature extraction  294 

The segmented images are given to the CVT for feature extraction. The smallest CVT 295 

architecture proposed by Hassani et al. is considered [18], which has one encoder layer, a projection 296 

dimension of 16, and the Nadam optimizer. To demonstrate the potential of CVT for feature 297 

extraction, a comparative analysis was performed against existing DL models: LeNet and 298 

SqueezeNet.  299 
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The confusion matrices of three models are presented in Fig. 6. CVT achieved 90.41% accuracy 300 

with balanced performance across all classes. In class D, 26 out of 202 images were misclassified as 301 

other classes. In contrast, SqueezeNet exhibited better performance in predicting class D, but lowest 302 

with class C, while LeNet yielded the lowest results overall. The results reinforce that CVT 303 

maintains a consistent performance across diverse classes compared to other models. 304 

The performance metrics of three models are presented in Fig. 7. CVT showcased the best 305 

performance with 90.41% accuracy, 91.7% precision, 91.5% recall, and 91.5% f1-score. The results 306 

signify the model’s ability to identify true positives correctly with curtailing false positives and 307 

negatives across all the classes. SqueezeNet performed more similar to CVT, with a slightly lower 308 

accuracy of 88.9%. Its recall (90%) was marginally lower than CVT, along with a lower precision 309 

(90.5%) led to an overall f1-score of 89.7%. LeNet, lagged behind all the models. It achieved 72.2% 310 

accuracy with the lowest scores in precision (74.7%), recall (72.7%), and f1-score (73%). These 311 

results exhibit the model’s limited capacity in handling complex feature representations, particularly 312 

of the cucurbit dataset.  313 

TP, TN, FP and FN of the analyzed multiclass classification values of the selected CVT is 314 

exhibited in Table 3. Every entry pertains to one of the healthy or diseased classes of cucurbit 315 

dataset. For case in point, in the class A, TP value of 177 stipulates that 177 class A images are 316 

correctly predicted. To indicate that the model is authentic in classifying the cucurbit diseases, the 317 

values must be larger for true predictions and smaller for false predictions. Class B is better predicted 318 

among other classes whereas class C the least. 319 

Few cases of class B misclassification error have been observed while performing classification, 320 

in which the model has generated the least number of FP and FN. In the case of multiclass 321 

classification, a dataset class that has been wrongfully classified as any of other classes is labeled as 322 

FP and the inability of the model to classify the image of a specific class is depicted as FN.  323 

3.3.3 Results of hyperparameter optimization 324 

The performance of cucurbit disease classification can be further improved through effective 325 

hyperparameter optimization. All metaheuristic algorithms employed in this work were executed for 326 

50 iterations and a population size of 10. The fitness of each solution was evaluated based on the 327 

classification accuracy of the CVT model after three training epochs. 328 

Particle swarm optimization 329 

A flock of birds utilizes a subtle mixture of knowledge from their personal instincts and group 330 

awareness while navigating long distances in search of food. In 1995, this unique search behavior 331 

served as an inspiration to develop “particle swarm optimization” (PSO) algorithm for Kennedy and 332 

Eberhart [30]. PSO begins with initializing a population of particles where each particle represents a 333 
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potential solution to the problem. In every iteration, the particles update their position and velocity 334 

based on their experience and the neighbors’ experience to find optimal solutions.  335 

A comparative analysis of the CVT-HHO and CVT-PSO is presented in Fig. 8 and 9. HHO 336 

achieves the highest accuracy of 96.1%, outperforming PSO's 94.4%. In terms of precision and 337 

recall, HHO also maintains a slight edge, with precision of 96.7% and recall of 96.2%, compared to 338 

96.2% and 95.7% for PSO, respectively. The f1-score further reflects HHO’s superiority, achieving 339 

96.2% versus 96% from PSO. These results demonstrate that optimization of CVT using HHO not 340 

only improves classification accuracy but also ensures more consistent and reliable predictions.  341 

3.3.4 Results of classification 342 

The overall performance analysis of all ten ML classifiers on the cucurbit dataset is provided in 343 

Table 4. These findings support the integration of metaheuristic optimization and ML with attention-344 

based deep feature extraction, as proposed in this study. Among all the classifiers, CSVM 345 

outperformed others across almost all metrics, achieving the highest accuracy of 96.96%, f1-score of 346 

97.2%, precision of 96.7%, and recall of 97.2%, indicating its better generalization and prediction 347 

capacity.  348 

Closely following CSVM, SVM also showed outstanding results with an accuracy of 96.8%, 349 

precision and f1-score of 97%, and recall of 96.5%, highlighting its strong capability in handling 350 

complex, non-linear data distributions. Similarly, CB, LGBM, and QSVM achieved high accuracies 351 

of 96.4% and consistent f1-scores of 96.5%, reflecting their efficiency and reliability in 352 

classification, due to their ensemble or kernel-based nature.  353 

Other ensemble models like RF and XGB also demonstrated competitive performance, with RF 354 

achieving 96.2% accuracy and XGB at 95.8%, both maintaining a good balance between precision 355 

and recall. These results suggest that ensemble methods can leverage multiple weak learners to 356 

produce strong predictive performance. On the other hand, traditional models like GNB and DT 357 

showed relatively lower performance, with accuracies of 95.1% and 94.1%, respectively.  358 

The confusion matrix for the CVT-HHO-CSVM is presented in Fig. 10. The results demonstrate 359 

the proposed model's capacity to generalize, be consistent during training, and maintain accuracy 360 

while dealing with disease data. Class B showed the highest classification accuracy with 97%, 361 

indicating it is the most easily distinguishable. In contrast, Class D had the highest misclassification 362 

rate, particularly confused with Class A and C, suggesting overlapping features between them. 363 

The receiver operating characteristics (ROC) graph is given in Fig. 10 for the proposed model. 364 

Here all the four classes have curves above the random classifier which means that the model has 365 

high sensitivity and specificity. The AUC values for class A, B, and C are all 1.00, indicating perfect 366 

discrimination between the positive and negative instances for these classes. Similarly, class D 367 
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achieved AUC scores of 0.99, reflecting near-perfect classification performance. All ROC curves are 368 

tightly clustered near the top-left corner of the plot, signifying a high true positive rate and a low 369 

false positive rate across varying thresholds. These results suggest that the model demonstrates 370 

excellent generalization and robustness in distinguishing between the multiple classes.  371 

Table 5 presents the proposed model training performance metrics for all the four cucurbit leaf 372 

disease categories. For class A, the CVT-CSVM attained 96% precision which shows that almost 373 

96% of the estimated images were perfect. The 98% recall points out that the model can predict 98% 374 

of total actual class A samples piloting to an f1-score of 97%, which strikes an effective equilibrium 375 

between precision and recall. For class B, the model performed even better, with a precision of 100% 376 

and a recall of 97%, showing that it can correctly predict the majority of samples. The f1-score of 377 

99% indicates a strong balance between precision and recall. For class C, the proposed model 378 

performs better, with a precision of 96% and a recall of 99%. The f1-score of 98% demonstrates the 379 

suggested model's performance in balancing false positives and false negatives of class C. Finally, 380 

class D has the highest precision value of 97% but the lowest recall of 93%. The f1-score of 95% 381 

indicates that the model efficiently differentiates mosaic virus. 382 

Fig. 11 shows the five-fold cross validation results for all the classifiers on the dataset. Since we 383 

have a limited dataset, in order to ensure generalizability, five-fold cross validation is conducted. The 384 

graph clearly shows that model provides a consistent performance of 95% to 98% for all classifiers.  385 

3.4 Existing works 386 

The proposed work on the cucurbit dataset is compared with various datasets including a pepper 387 

dataset (Osprey Optimization - OO) [20], Plant Village subset [22] (Enhanced Ganet Optimization 388 

Algorithm - EGOA), and DiaMOS dataset [23] (Extended Stochastic Coati Optimization - ESCO). 389 

Table 6 shows the performance analysis of the proposed method on different datasets contrasted with 390 

existing approaches.  391 

3.5 Ablation study 392 

To highlight the performance of the alterations performed to achieve the final model, ablation 393 

experiments were conducted on the cucurbit dataset as shown in Table 7. Comparing each method 394 

step-by-step, this table shows the models and its performance on the dataset. The proposed method 395 

achieves 7.24% higher with the classifier and optimization from the original model. This study 396 

indicates that the proposed methodology is valid for plant disease detection.   397 

3.6 Discussion 398 

The proposed model achieved 96.96% accuracy outperforming other nine benchmark classifiers 399 

in classifying cucurbit leaf diseases. This result affirms the strength of combining DL-based feature 400 

extraction from a CVT with the cubic kernel function capability of SVM, enhancing robustness. The 401 
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confusion matrix analysis indicates strong per-class performance, particularly in distinguishing class 402 

B, which had the highest f1-score. Some misclassifications occurred between visually similar disease 403 

types such as class A, C and D, likely due to overlapping visual symptoms. Nevertheless, the overall 404 

class-wise f1-scores remained consistently above 95%, demonstrating the model’s effectiveness in 405 

handling intra-class variability.  406 

Table 8 shows the importance of preprocessing on the original dataset. There has been a 1.14% 407 

increase in accuracy with appropriate preprocessing. 408 

As mentioned in Table 9, the proposed model is lightweight with 1 mb space and 0.257 million 409 

training parameters and can be used for real-world applications. 410 

Future work may explore ensemble learning or attention-guided interpretability to enhance trust 411 

and explainability in field deployments. The model’s ability to categorize plant diseases beyond 412 

cucurbits should also be investigated. Additional optimization approaches with reduced 413 

computational complexity should be introduced to explore the efficacy of hyperparameter search 414 

methods, and other model hyperparameters can be examined in future studies 415 

4. Conclusion 416 

In this paper, an HHO-based CVT is presented for cucurbit disease detection. The model 417 

facilitates the usage of CVT for feature extraction, utilizing the HHO algorithm for effective 418 

hyperparameter optimization and CSVM for classification. The implementation results on the 419 

cucurbit diseases dataset prove that the proposed model demonstrates superior performance across 420 

various metrics. The model outperformed several well-known lightweight DL architectures, such as 421 

LeNet, SqueezeNet, with 96.96% accuracy, 97.2% precision, 96.7% recall, and 97.2% f1-score. In 422 

the future, the proposed model, presented for cucurbit disease detection, shall be extended to other 423 

plants and image processing applications. Although HHO helped in selecting the near-optimal set of 424 

hyperparameters, it contributes to increased complexity, which may be considered a minor 425 

limitation. Future work may explore object detection and automatic segmentation networks for 426 

detecting the diseased lesions. 427 
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Fig. 6. Confusion matrices for CVT (before optimization) and existing models. 535 

Fig. 7. Performance metrics of CVT (before optimization) and existing models. 536 

Fig. 8. Confusion matrix for CVT-HHO and CVT-PSO. 537 

Fig. 9. Performance metrics for CVT-HHO and CVT-PSO. 538 

Fig. 10. Performance of CVT-HHO-CSVM: (a) Confusion matrix and (b) ROC curve. 539 

Fig. 11. Five-fold cross validation of classifiers. 540 

Table captions:  541 

Table 1. Class distribution of the cucurbit dataset. 542 

Table 2. Hyperparameters. 543 

Table 3. CVT prediction values. 544 

Table 4. Performance metrics of different classifiers. 545 

Table 5. Recognition results of different cucurbit diseases. 546 

Table 6. Comparison of CVT-HHO-CSVM across multiple datasets. 547 

Table 7. Ablation study on the CVT-HHO-CSVM. 548 

Table 8. Model effectiveness on the dataset. 549 

Table 9. Model complexity analysis. 550 
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Fig. 2. 573 
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Fig. 4.  577 
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Fig. 6. 581 
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Fig. 8. 585 
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Fig. 10 590 

 591 

 592 

Fig. 11. Five-fold cross validation of classifiers. 593 

Tables:  594 

 Table 1 595 

Class Name 
Training 

images 

Validating 

images 

Testing 

images 
Total images 

A Downy mildew 700 200 100 1,000 

B Healthy 498 142 71 711 

0.95

0.96

0.97

0.98

0.99

1

0 1 2 3 4 5

A
cc

u
ra

cy

Fold

Five-fold Cross Validation

GNB DT LGBM GBM SVM CB XGB QSVM RF CSVM
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C Leaf curl virus 980 280 140 1,400 

D Mosaic virus 707 202 101 1,010 

Total 2,885 824 412 4,121 

 596 

Table 2. 597 

S. No Hyperparameter Value S. No Hyperparameter Value 

1 Projection dimension 112 7 Learning rate  0.001 

2 Transformer layers  1 8 Optimizer  Nada

m 

3 Self-attention heads  3 9 Image size  128 

4 Patch size 8 10 Stochastic depth rate 0.1 

5 Batch size 64 11 Weight decay 0.0001 

6 Dropout rate 0.1 12 Label smoothing 0.1 

Table 3. 598 

CVT TP FP FN TN 

Class A 177 14 23 610 

Class B 140 0 2 682 

Class C 255 25 25 519 

Class D 176 37 26 585 

 599 

Table 4. 600 

S. No Classifier Accuracy  Precision  Recall F1-score  

1 DT 0.941 0.942 0.94 0.942 

2 NB 0.951 0.957 0.947 0.955 

3 GBM 0.956 0.96 0.952 0.957 

4 XGB 0.958 0.96 0.957 0.957 

5 RF 0.962 0.967 0.962 0.965 

6 LGBM 0.964 0.97 0.962 0.965 

7 QSVM 0.964 0.967 0.962 0.965 
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8 CB 0.964 0.97 0.962 0.965 

9 SVM 0.968 0.97 0.965 0.97 

10 CSVM 0.969 0.972 0.967 0.972 

Table 5. 601 

Class Accuracy Precision Recall F1-score  

A 0.941 0.96 0.98 0.97 

B 0.97 1.00 0.97 0.99 

C 0.951 0.96 0.99 0.98 

D 0.904 0.97 0.93 0.95 

Table 6. 602 

Ref Dataset name Algorithm Accuracy (%) 

[23] DiaMOS ESCO 0.944 

[22] Plant village subset – multiple EGOA 0.947 

[20] Pepper dataset OO 0.978 

Proposed model DiaMOS HHO 0.949 

Proposed model Plant village subset – multiple HHO 0.973 

Proposed model Pepper dataset HHO 0.985 

Table 7. 603 

Model Accuracy 

CVT  0.904 

CVT-HHO 0.961 

CVT-HHO-CSVM 0.969 

Table 8. 604 

Model Accuracy 

Proposed model – Original dataset 0.951 

Proposed model – CLAHE 0.958 

Proposed model – CLAHE + Grabcut 0.969 

Table 9. 605 

Model Training parameters Memory size (mb) 

LeNet 1,628,216 6.21 

SqueezeNet 737,476 2.81 

Proposed model 257,157 1 

 606 
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