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 Pomegranate is a fruit of high nutritional and economic importance. Still, it 

is highly susceptible to different diseases during its growing stages, leading 

to significant yield losses and financial setbacks for farmers. This article 

proposes a novel disease detection model that integrates handcrafted features 

with deep features extracted using a developed deformable spatial pyramid 

pooling (DSPP)-EfficientNet architecture. Handcrafted features such as 

color (RGB and HSV histograms), texture features from gray level co-

occurrence matrix (GLCM), and shape attributes extracted from contour 

descriptors and Hu moments are captured and fused with deep features by 

weighted fusion strategy, resulted in the most discriminative information. 

The fused features are categorized using a support vector machine (SVM) in 

a classification phase, which effectively classifies different classes of 

pomegranate fruit diseases. The combined deep and handcrafted features 

obtained 96.66% accuracy, 96.26% precision, 96.50% recall, 96.37% F1-

score, and 95.64% specificity on the pomegranate fruit disease dataset which 

compared to existing techniques. 
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1. INTRODUCTION 

Pomegranate, known for their high nutrient context and unique blend of sweet and tart flavors, is a 

major fruit crop primarily cultivated in arid and semi-arid areas [1], [2]. This has different qualities and is 

native on Afghanistan and Iran. In recent years, pomegranate cultivation has extended to areas over Africa, 

Australia, America, Europe, and Middle East [3]–[5]. Consumers enjoy pomegranates in different formats, 

involves fresh fruit, juice, oil, jam, and infusion [6]. Fruits are predisposed to diseases and particularly 

pomegranates are greatly prone to infections in different development phases [7]. The vulnerability of 

pomegranates to diseases causes effective economic challenges to farmers, highlighting the requirement to 

identify development phases for suitable plant monitoring and fulfilment on critical requirements [8]. 

Obtaining knowledge about variant segments on pomegranate fruit growing ensures a cultivators make better 

choices about fertilization, controlling pests and optimum timing of harvest, through optimizing the fruit 

quality and yield [9]. This is significant for acknowledging the timing and attributes integrated with every 

development phase that vary based on parameters like the variety of pomegranate, the conditions of the 

environment and the criteria for cultivation [10]. The cultivation of pomegranate has essential significance in 
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the agricultural field because of the growing demand for their nutritious fruits and their different applications 

in beverages, food and cosmetics [11]. Though, the industry struggles with several challenges, including 

disease management, aligning quality evaluation with development stages, fluctuation of climate and 

managing soil nutrient balance [12]–[14]. Farmers often struggle to precisely identify the pomegranate 

development phases, leading to inefficient resource allocation and affecting decisions related to harvest 

timing and entire crop managing [15]–[18]. Imprecision in identification resulted in source wastage,  

losses in finance and drawbacks on opportunities to advanced effectiveness and sustainability on farming 

practices [19]. For addressing these challenges, advanced techniques like transfer and deep learning (DL) are 

assigned for mitigating issues faced through farmers and exploring potential avenues on simple and improved 

agricultural practices. 

Wang et al. [20] developed tomato leaf disease detection algorithm-based attention mechanisms and 

multi-scale feature fusion. Initially, convolutional block attention module (CBAM) was implemented in a 

backbone feature extraction network for improving a capability to capture affected features. Next, shallow 

feature maps were developed to re-parameterized generalized feature pyramid network (RepGPFN) to 

enhance localization capability for small lesion features. At last, RepGFPN replaced path aggregation feature 

pyramid network (PAFPN) in a you only look once version 6 (YOLOv6) method for obtaining efficient 

integration of deep semantic and shallow spatial data. Model suffered from noise and compression artifacts, 

which minimizes quality of disease detection. Khan et al. [21] presented a method which employed robust 

feature extraction, including gray level co-occurrence matrix (GLCM) and scale invariant feature transform 

(SIFT), integrated with support vector machine (SVM) for effective classification. The extended dataset of 

2,700 tomato leaf images with a minimum of 300 images for every nine different disease classes. This data 

facilitated the training and testing of various machine learning (ML) and DL-based algorithms. Though 

uneven lighting and low contrast make disease symptoms complex for detection, employing contrast limited 

adaptive histogram equalization (CLAHE) improves local contrast and enhances visibility of these 

symptoms. Oad et al. [22] suggested the artificial intelligence (AI) method, which detected and explained 

plant diseases by image analysis. The suggested method identified several diseases in fruits and vegetables 

through assigning an ensemble learning classifier with four DL algorithms visual geometry group 16 

(VGG16), VGG19, ResNet101v2, and Inception-V3. Additionally, provided explanations for predictions by 

local interpretable model-agnostic explanations (LIME) employed for interpreting predictions of DL 

algorithms. Visualizations produced from several algorithms for pixels influence on precise and incorrect 

predictions. The suggested method missed subtle color, texture, and shape features; in contrast, this article 

captured detailed handcrafted features for precisely extracting visual variations. Naseer et al. [23] introduced 

transfer learning-enabled CRNet algorithm to capturing spatial features from pomegranate images in 5 phases 

of pomegranate growth. The captured spatial features were fed into random forest (RF) algorithm, resulting 

in a development of new probabilistic feature set. These features assisted in precisely identifying 

pomegranate developmental phases. For evaluating performance, existing classification algorithms 

considered were convolutional neural network (CNN), k-neighbors classifier (KNC), logistic regression 

(LR), and Gaussian naïve Bayes (GNB). Traditional cell-level learning (CLL) algorithms have difficulty 

handling multi-scale and irregular disease patterns. Combining deformable spatial pyramid pooling (DSPP) 

with EfficientNet enables adaptive, multi-scale pooling concentrated on disease-relevant regions. 

Hu et al. [24] implemented the lightweight detection technique that depends on enhanced YOLOv5. 

Initially, Faster-C3 module was developed to replace the actual cross stage partial (CSP) module in YOLOv5 

for effectively minimizing number of parameters in the feature extraction process. Then, CoordConv and 

enhanced content-aware reassembly of features (CARAFE) were implemented in the neck network for 

enhancing the refinement of position data in feature fusion and refining semantic data in the down-sampling 

process. At last, channel-wise knowledge distillation algorithm was utilized in model training for enhancing 

detection accuracy without maximizing the number of model parameters. Considering handcrafted and deep 

features separately causes incomplete data representation; a weighted fusion strategy was developed to 

effectively integrate both feature types. Jiang et al. [25] developed the method based on efficient feature 

segmentation transformer (EFS-Former). The extended local detail (ELD) module extended the receptive 

field of the model through extending the convolution, good handling of fine spots and efficiently minimizing 

data loss. H-attention minimized computational redundancy through imposing multi-layer convolutions, 

enhancing feature filtering. Parallel fusion framework efficiently utilized various intervals of feature 

extraction of CNN and transformers encoders, obtaining intrinsic feature extraction and integrating semantic 

data in channel and spatial dimensions in feature fusion module (FFM). The initial classifiers failed to 

differentiate between closely resembling disease symptoms; incorporating an SVM classifier improved 

boundary-enabled separation, improving overall classification accuracy. Traditional disease detection and 

classification algorithms are manual, time-consuming and lead to human error, making timely and precise 

diagnosis challenging. Visual symptoms like discoloration, texture changes and shape deformation are subtle 

and vary in intensity, causing challenges for traditional methods. Additionally, inconsistent lighting and 
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image noise reduced reliable feature extraction. The primary objective of this paper is to develop hybrid 

image-based disease detection algorithm for pomegranate fruits through combining handcrafted with  

DL-based features. The handcrafted features like color, texture and shape are integrated with deep features 

captured by DSPP-EfficientNet. Then, the weighted feature fusion strategy is employed for integrating these 

features and classification is performed by SVM.  

In this manuscript, proposed DSPP-enhanced EfficientNet with weighted feature fusion is developed 

in pomegranate disease classification for challenges like varying lesion shapes, subtle texture difference and 

complex backgrounds. EfficientNet act as lightweight model for deep feature extraction, provides optimal 

balance between accuracy and computational cost. The enhancement of model’s capability to extract  

multi-scale contextual data, the DSPP is incorporated, allows the model to capture features in different 

receptive fields. To address the challenges on deep features, proposed model incorporated weighted fusion 

strategy which integrated deep features with handcrafter features. This fusion process ensures the feature 

space through semantic data with domain-relevant low-level patterns, enhancing class separability. The usage 

of learning weights in fusion ensures feature type proportionally for final decision, improving robustness to 

image variability. The significant contributions of the research are described as follows. 

i) Hand crafter features like color histograms, GLCM-based texture descriptors and Hu moments and deep 

features from developed DSPP-EfficientNet are captured to differentiate the low-level and high-level 

characteristics of diseases. 

ii) Integration of DSPP with EfficientNet for effectively focusing on disease relevance regions, by utilizing 

adjustable pooling grids and enhancing multi-scale feature representation. 

iii) The weighted feature fusion strategy integrates handcrafted and deep features, which balances for much 

precise and robust disease classification. 

This research paper is organized as follows: section 2 provides details of a proposed DSPP-

EfficientNet algorithm. Section 3 validates a performance of the DSPP-EfficientNet algorithm. Finally, the 

conclusion is given in section 4. 
 
 

2. PROPOSED SECTION 

This paper proposes a novel disease detection model that integrates handcrafted features with deep 

features extracted using a DSPP enhanced EfficientNet architecture. The pomegranate fruit disease dataset is 

used in this article and the images are pre-processed by using a median filter and CLAHE. Next, the 

handcrafted and deep features are extracted by DSPP-EfficientNet and these features are fused using 

weighted feature fusion. In the classification phase, we used the SVM for multi-class classification. Figure 1 

represents the process of pomegranate fruit disease classification. 
 
 

 
 

Figure 1. Process of pomegranate fruit disease classification 
 
 

2.1.  Dataset 

This paper uses the publicly available pomegranate fruit disease dataset, a standardized resource for 

categorizing pomegranate fruit diseases [26]. The dataset contains 5,099 labelled and classified images of 

healthy and diseased pomegranate fruit, divided into five various pomegranate fruit diseases classes such as 

healthy, bacterial blight, anthracnose, cercospora fruit spot, and alternaria fruit spot. The raw images are 

given as input to pre-processing phase to improve the quality of images. 
 

2.2.  Pre-processing 

2.2.1. Median filter 

It is a non-linear smoothing method utilized for eliminating the impulse noise when preserving the 

edges. The window size 5×5 slides over the image. For every pixel, the window captures neighboring pixel 
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values. The values are sorted and median is chosen. Then, the center pixel is replaced with the median values 

and its mathematical formula is given as (1). It removes background noise caused by compression artifacts. 

Unlike mean filter, median filter preserves edges, that are essential for identifying disease boundaries and 

retains fine patterns like spots or diseased regions on a leaf. 
 

𝑂𝑢𝑡𝑝𝑢𝑡(𝑥, 𝑦) = 𝑀𝑒𝑑𝑖𝑎𝑛{𝐼(𝑖, 𝑗)|(𝑖, 𝑗) ∈ 𝑊𝑖𝑛𝑑𝑜𝑤 𝑎𝑟𝑜𝑢𝑛𝑑 (𝑥, 𝑦)} (1) 

 

2.2.2. CLAHE  

CLAHE is a strong method for contrast enhancement, particularly in non-uniform lighting conditions. 

This is variant of adaptive histogram equalization (AHE) which limits the amplification of noise. The image is 

separated to small regions called tiles. For every tile, execute a histogram and redistribute the pixel intensities 

to flatten the histogram. Clip the histogram to the threshold to avoid noise over-amplification. Assign bilinear 

interpolation for smoothing transitions among tiles, and its mathematical formula is given as (2). 
 

𝐶𝐿𝐴𝐻𝐸(𝑥, 𝑦) = 𝐼𝑛𝑡𝑒𝑟𝑝𝑜𝑙𝑎𝑡𝑒𝑑 𝑜𝑢𝑡𝑝𝑢𝑡 𝑓𝑟𝑜𝑚 𝑡𝑖𝑙𝑒𝑠 𝑖𝑛𝑐𝑙𝑢𝑑𝑖𝑛𝑔 (𝑥, 𝑦) (2) 
 

This improves the local contrast, used to highlight the local disease features like discoloration or 

patches. Also deals with uneven lighting, compensating to non-uniform illumination in captured images. 

Enhances the visibility of both subtle and strong disease-relevant textures and color variations. 

 

2.3.  Feature extraction 

The pre-processed images are fed as input to a feature extraction phase to capture handcrafted and 

deep features to differentiating the various classes of disease regions in pomegranate fruits. The captured, 

handcrafted and deep features to differentiate diseased regions are described in this section. The extracted 

handcrafted and deep features are explained in this sub section. 

 

2.3.1. Color features 

In this section, the handcrafted features such as color features, texture features and shape features 

are captured and explained as follows. Numerous plants have color changes like yellowing, brown spots, pale 

patches, capturing the color distribution helps to identify these symptoms. Initially converts the image to 

RGB and HSV color spaces. Then divide every channel into bins and count the number of pixels in every bin 

to form a histogram, at lastly normalize the histogram to develop a feature vector. 

 

2.3.2. Types of color features 

Different color feature representations are often utilized in image analysis to capture differences in color 

information. 

i) RGB histogram: captures distribution of red, green and blur intensities. It helps to identify raw color 

changes 

ii) HSV histogram: it effectively separates color (hue) from illumination (value) and saturation, making  

it invariant to lighting conditions. This is robust for lighting conditions and highlights the subtle 

disease-specific color shifts.  

 

2.3.3. Texture features 

To capture the texture features, in this article the GLCM is used. It employs a concept of pixel 

intensity distribution, that includes black, white, and various gray shades. In image for each pixel, 

homogeneity value is measured and changes are acquired then there has greatest chance to get abnormal 

region. In a pre-processed image, disease areas offer irregular surface patterns like roughness, lesions, 

powdery textures, these are captures by texture descriptors. GLCM captures spatial relationships among pixel 

intensities, representing how pairs of gray levels 𝑖 and 𝑗 occur at certain angles and distances. Convert the 

image into grayscale and execute the GLCMs in multiple orientations. Finally, statistical features are captures 

from every orientation. Texture features extracted from GLCM include: 

i) Contrast: it captures local intensity variations 

ii) Correlation: it captures pixel correlation 

iii) Energy: it captures textural uniformity 

iv) Homogeneity: it captures the closeness of diagonal distribution 

 

2.3.4. Shape features 

The diseases cause leaf deformation, curling or holes that alters normal shape geometry. Captured 

the leaf contour by edge detection like canny and identify external boundaries. Execute the aspect ratio, 

extends the leaf area or bounding box area and solidity. These capture the geometric distortions because of 
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the disease. Hu moments are the shape descriptors driven from image moments, which are rotation, scale and 

translation invariant. It encodes the spatial distribution of pixels. 𝐻𝑢[𝑖]=function of center moments up to 3rd 

order. Generally, seven Hu moments are captured per image. Shape descriptors capture the global 

deformations like structural damage. Hu moments provide a compact and invariant shape representation. 

Mathematical formula for computing hand crafted features is given in (3). In (3), the 𝐹𝐻 represents 

handcrafted features, the 𝐹𝐶 represents captured colored features, the 𝐹𝑇 represents captured texture features 

and 𝐹𝑆 represents captured shape features. 

 

𝐹𝐻 = [𝐹𝐶 , 𝐹𝑇 , 𝐹𝑆] (3) 
 

2.3.5. Capturing deep features using EfficientNet 

EfficientNet is CNN architecture created through Google Brain Team. This article analyzes network 

scaling and identifies which optimizing the depth, width, and resolution of the network enhances its 

performance. For developing the new model, it scales the neural network for creating DL-based algorithms 

that provide much high effectiveness and accuracy while comparing with previously utilized CNNs. The 

EfficientNet processed high-scale visual recognition with consistency and accuracy. While comparing to 

other algorithms like VGGNet, GoogleNet, Xception, ResNet, and InceptionNet, the EfficientNet 

outperformed these algorithms. EfficientNet utilizes composite scaling algorithm that develops various 

methods in CNN. Number of layers in the network with respect to network depth. Convolutional layer width 

is proportional to amount of filters included. Height and width of input image define a resolution of the 

image. Figure 2 represents an architecture of EfficientNet for feature extraction. 
 

 

 
 

Figure 2. Architecture of EfficientNet for feature extraction 
 

 

The algorithm captures the characteristics over layers by several convolutional layers with receptive 

field of 3×3 and a mobile inverted bottleneck Conv. Mathematical from (4) to (8), represents to scale depth, 

width, and resolution with respect to 𝜙. In (4) to (8), the 𝑑, 𝑤, and 𝑟 represent depth, width and resolution of 

the network and 𝛼, 𝛽, and 𝛾 represents constant terms are defined by a grid search hyper parameters tuning 

method. Coefficient is the user-defined variable that handles whole-scale sources of the method.  

 

𝑑 = 𝛼𝜙  (4) 

 

𝑤 = 𝛽𝜙 (5) 

 

𝑟 = 𝛾𝜙 (6) 

 

𝑠. 𝑡 𝛼. 𝛽2. 𝛾2 ≈ 2, (7) 

 

𝛼 ≥ 1, 𝛽 ≥ 1, 𝛾𝛾 ≥ 1. (8) 
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This method adjusted the depth, width and resolution of the network for optimizing the network’s 

accuracy and memory consumption using available resources. EfficientNet adjusts every dimension by  

pre-defined group of scaling coefficients, outperforming other DL-based algorithms. The method is released 

with scaling levels ranging from 0 to 7, where every level represents an increase in accuracy and model 

parameter size. With recent advancements, EfficientNet provides enhanced ubiquitous connectivity and 

brings capabilities of DL to various platforms, effectively meeting different application requirements. 

i) Spatial pyramid pooling module (SPP): the SPP module is driven from pyramid scene parsing network 

(PSPNet), the pyramid pooling mitigates the drawbacks of fixed-size requirement for CNN input image. 

This is employed for extracting features at multiple scales and synthesizes the global data. Figure 3 

represents the architecture of DSPP. Pyramid pooling module includes 4 stages such as pyramid 

pooling, convolution, up-sampling and concatenation process. By pyramid pooling, spatial features on 4 

various spatial scales are detected. For improving the capability of non-linear learning of multiple scale 

features, 1×1 convolution is incorporated for handling feature size and to minimize number of feature 

channel through 𝑁 − 𝑡ℎ amount of channels of an input feature map, where 𝑁 represents amount of 

pyramid pooling scales. Convoluted feature maps are inserted by a bilinear filter for matching input size 

of a feature map. Input feature maps are fused with 4 up-sampled feature maps, so that the global 

context features are maintained to multiple scale features. Four levels with sizes of 1×1, 2×2, 3×3, and 

6×6 are utilized in SPP module. 
 

 

 
 

Figure 3. Architecture of DSPP 
 

 

ii) DSPP modifies the SPP through making the position of pooling layers learnable. the pooling areas deform 

spatially based on input features, so that they align with semantic or diseases areas. Every pooling layer’s 

sampling position is adjusted through offset, learns dynamically through a lightweight sub-network. The 

mathematical formula for this process is given in (9). 

 

𝑝′ = 𝑝 + ∆𝑝 (9) 
 

In (9), the 𝑝 represents actual pooling position, the ∆𝑝 represents learned feature and the 𝑝′ represents 

final sample position utilized in pooling. These offsets ∆𝑝 are acquired from an individual convolution 

layer trained and integrated with the method. DSPP modifies where the features are pooled based on 

input context. This enables the model to focus effectively on disease-affected areas, even when these 

regions are distorted and irregular. The extracted handcrafted and deep features are fused together by 

weighted feature fusion and it is explained. 

 



        ISSN: 2252-8938 

Int J Artif Intell, Vol. 15, No. 1, February 2026: 642-654 

648 

3.4.  Weighted feature fusion 

Weight of each feature is considered as evaluation of its feature significance. Sensitivity of 

evaluated features is defined through employing values within range of [0, 1]. The extracted hand-crafted and 

deep features are concatenated before being fed into the SVM classifier for classification. The 𝑊𝑖 represents 

weight, which represents capability to classify the different classes of pomegranates and its mathematical 

expression is, as given in (10), where 𝑀 represents number of features. 

 

𝑊𝑖 =
𝑅𝑖

∑ 𝑅𝑖
𝑀
𝑖=1

, 𝑖 = 1, 2, … , 𝑀 (10) 

 

Before performing weighted feature fusion, that is essential for standardize features to prevent 

toeing with smaller data values from features with higher data values. This ensures that the calculation 

outcomes are not distorted because of various dimensions in features. Mathematical formula for 

normalization of feature value 𝑞𝑖 of 𝑖𝑡ℎ 𝑓𝑏𝑒𝑒 is given in (11). 

 

𝑞𝑖
′ =

𝑞𝑖−𝑚𝑖𝑛(𝑞𝑖)

𝑚𝑎𝑥(𝑞𝑖)−𝑚𝑖𝑛(𝑞𝑖)
, 𝑖 = 1, 2, … , 𝑀 (11) 

 

The feature that defines a data to highest extent is acquired by multiplying handcrafted features and 

deep features through their corresponding weight 𝑊𝑖, then summing the results, with total value normalized 

to 1. Handcrafted features like color histograms, texture patterns and shape descriptors captured by different 

traditional algorithms and deep features are automatically learned and encode high-level semantic and spatial 

data like complex textures and contextual patters captured by DSPP-EfficientNet are fused. The vector of 

handcrafted features is represented as 𝐹𝐻 ∈ 𝑅𝑚 and vector of deep features are represented as 𝐹𝐷 ∈ 𝑅𝑛. Here, 

these two features are combined and represented as 𝐹𝑓𝑢𝑠𝑒𝑑 . The mathematical formula for weighted feature 

fusion is given in (12). In (12), the 𝑤𝐻 , 𝑤𝐷 ∈ [0,1] represents scalar weights and by adding this value is 1, the 

𝜙(. ) represents normalized function. 

 

𝐹𝑓𝑢𝑠𝑒𝑑 = 𝑤𝐻 ∙ 𝜙(𝐹𝐻), 𝑤𝐷 ∙ 𝜙(𝐹𝐷) (12) 

 

3.5.  Support vector machine  

SVM is classification model depended on the principle of structural risk reduction. Main aim of 

SVM is to classify different samples and increase the spacing among optimally separated hyperplane and the 

entire training sample. Consider original dataset and it is given as (13). 

 

{(𝑥𝑖 , 𝑦𝑖)|𝑥𝑖 ∈ 𝑅𝑑 , 𝑦𝑖 ∈ {−1, +1}, 𝑖 = 1,2, … , 𝑛} (13) 

 

In (13), the 𝑛 represents number of training data samples, the 𝑥𝑖 represents input of model, the 𝑑 is 

dimension of training sample, the 𝑦𝑖  represents sample class, -1 and 1 represent category labels. For linear 

separable, equation for separation plane is presented as 𝑤 ∙ 𝑥 + 𝑏 = 0. A mathematical expression for sample 

(𝑥𝑖 , 𝑦𝑖) that needs to satisfy is given in (14). 

 

𝑦𝑖[(𝑤 ∙ 𝑥𝑖) + 𝑏] ≥ 1, 𝑖 = 1,2, … , 𝑛 (14) 

 

In (14), the 𝑤 represents the normal vector plane and 𝑏 represents constant term. Distance among 

closest sampling point and separation plane is represented as 1 ‖𝑤‖⁄ . Hence, highest spacing of 1 ‖𝑤‖⁄  is 

equal to highest value of ‖𝑤‖2. Separation line defined through 𝑤 is optimum separation line and samples in 

separation line 𝑤 ∙ 𝑥 + 𝑏 = ±1 are known as support vectors. Lagrange optimization algorithm s employed 

for converting that into a double problem. Mathematical formula for maximisation function is given as (15). 

 

𝑚𝑎𝑥 𝑊(𝛼) = ∑ 𝛼𝑖 −
1

2
𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗(𝑥𝑖 ∙ 𝑥𝑗)𝑁

𝐼=1   (15) 

 

In (15), the 𝛼𝑖 represents the Lagrange multiplier and 𝛼𝑖 ≥ 0, 𝑖 = 1, … , 𝑛. This actually identifies 

optimum solution to quadratic function with constraints and instances respective to non-zero in support 

vectors. Mathematical formula for obtaining optimal classification function is given in (16). 

 

𝑓(𝑥) = 𝑠𝑔𝑛{(𝑤. 𝑥) + 𝑏∗} = 𝑠𝑔𝑛{∑ 𝛼𝑖
∗𝑦𝑖(𝑥𝑖 . 𝑥) + 𝑏∗𝑛

𝑖=1 } (16) 
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In (16), the 𝛼𝑖
∗ represents optimum Lagrange multiplier and the 𝑏∗ represents classification threshold; 

these are parameters to determine the optimum hyper-plane partition. Positive or negative function represents 

class features. For linearly inseparable cases, a slack variable 𝜉𝑖 is employed, transforming the issue of finding 

the hyperplane into a quadratic programming problem and its mathematical formula is given as (17). 

 

{
𝜙(𝑤) = 𝑚𝑖𝑛

1

2
‖𝑤‖2 + 𝐶 ∑ 𝜀𝑖

𝑁
𝑖=1

𝑠. 𝑡. 𝑦𝑖[(𝑤 ∙ 𝑥𝑖) + 𝑏] ≥ 1 − 𝜉𝑖 , 𝜉𝑖 ≥ 0, 𝑖 = 1, … , 𝑛
 (17) 

 

In (17), the 𝜉𝑖 represents positive slack variable which allows misclassification, described deviation 

number of respective data point 𝑥𝑖 from hyperplane. The 𝐶 represents penalty factor describes degree of 

punishment to misclassification. This is utilized to control weight among hyperplanes with less spacing in 

fitness function and guarantees minimum deviation number in data point. Proposed method combined 

lightweight EfficentNet with DSPP to imprve multi-scle feature extraction. This ensures feature 

representation, handcrafted features extract color, texture and shape data are integrated with deep features by 

weighted feature fusion mechanism. This hybrid model uses low-level and high-level descriptors, enables the 

model to differentiate disease classes. The fused features are then classified by dense neural layer by 

SoftMax function as in Algorithm 1. 

 

Algorithm 1. DSPP-EfficientNet with weighted feature fusion for pomegranate disease classification 

Input: pomegranate fruit disease dataset 

Output: predicted disease class for every image, evaluation metrics. 

Begin 

Pre-processing stage 

For every image 𝐼 in 𝐷: 

 Resize image to uniform size (224 × 224) 

 Normalize pixel values 

 Apply data augmentation 

Feature Extraction 

For every image 𝐼: 

 Extract handcrafted features 𝐻 = 𝐸𝑥𝑡𝑟𝑎𝑐𝑡𝐻𝑎𝑛𝑑𝑐𝑟𝑎𝑓𝑡𝑒𝑑(𝐼) 

 Pass 𝐼 by EfficientNet to obtain deep features 

 Apply DSPP on 𝐹 to acquire multi-scale ensriched features 

Feature Fusion 

For every sample 

 Fuse features using weighted sum 𝐹𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = 𝛼 × 𝐻 + 𝛽 × 𝐹𝐷𝑆𝑃𝑃 

Classification 

 Pass 𝐹𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑  to fully connected layers 

 Apply SoftMax activation to obtain class probabilities 

 Employ class label with highest probability 

Model Training 

 Define loss function (CrossEntropyLoss) 

 Optimize Using Adam 

 Train model over epochs with batch size 

Evaluation 

 Use test/validation data to compute Accuracy, Precision, Recall, F1-score, Specificity 

 Apply K-fold cross-validation for stability. 

End 

 

 

3. EXPERIMENTAL RESULTS 

The performance of DSP-EfficientNet with weighted fusion for the SVM method is simulated with 

Python environment and system configurations are 8 GB RAM, Windows 10 (64-bit) and i5 processor. 

Accuracy, precision, recall, F1-score, and specificity are metrics considered in this research to validate the 

performance of developed technique. Error rates like mean squared error (MSE), root mean square error 

(RMSE), mean absolute error (MAE), mean absolute precision error (MAPR), and coefficient of 

determination (R2) are considered to evaluate the performance. Mathematical formula for these metrics is 

given from (18) to (22). 
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𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
× 100 (18) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
× 100 (19) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
× 100 (20) 

 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =
2×𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
× 100 (21) 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁+𝐹𝑃
× 100 (22) 

 

Figure 4 represents the class-wise results for the pomegranate fruit disease dataset. The five 

different classes such as alternaria, anthracnose, bacterial_blight, cercospora, and healthy are evaluated to 

show the performance of the developed technique. This evaluation highlights how each class performs under 

the proposed DSPP-EfficientNet method with weighted feature fusion. 
 

 

 
 

Figure 4. Performance of class wise results for pomegranate fruit disease dataset 
 

 

In Table 1, the performance of combined handcrafted and deep features with different performance 

metrics are evaluated. Here, handcrafted features such as color, texture, and shape features are evaluated 

individually and combined. Then, the deep attributes are evaluated and both handcrafted and deep features are 

evaluated in combination. The combined deep and handcrafted features obtained 96.66% accuracy, 96.26% 

precision, 96.50% recall, 96.37% F1-score, and 95.64% specificity on the pomegranate fruit disease dataset. 
 

 

Table 1. Performance of combined handcrafted and deep features 
Features Accuracy (%) Precision (%) Recall (%) F1-score (%) Specificity (%) 

Color features 91.23 90.92 90.51 90.37 90.03 

Texture features 91.15 90.79 90.33 90.04 89.84 

Shape features 91.34 91.02 90.87 90.66 90.37 

Combined handcrafted features 94.78 94.32 94.05 93.76 93.41 

Deep features 93.26 93.05 92.85 92.58 92.17 

Both handcrafted and deep features 96.66  96.26 96.50 96.37 95.64 

 
 

Table 2 represents the performance of different feature extraction algorithms with metrics and error 

rates. The existing feature extraction algorithms like InceptionNet, MobileNet, ResNet, EfficientNet  

are considered to validate the performance of the developed DSP-EfficientNet with weighted fusion. The 

DSP-EfficientNet with weighted fusion obtained 96.66% accuracy, 96.26% precision, 96.50% recall, 96.37% 

F1-score, and 95.64% specificity on the pomegranate fruit disease dataset. 

Table 3 represents the performance different classifiers with metrics and error rates. The existing 

classifiers like extreme gradient boosting (XGBoost), decision tree (DT), RF, and traditional SVM  

are considered to validate the performance of the developed DSP-EfficientNet with weighted fusion. The 

DSP-EfficientNet with weighted fusion obtained 96.66% accuracy, 96.26% precision, 96.50% recall, 96.37% 

F1-score, and 95.64% specificity on the pomegranate fruit disease dataset. Figures 5 and 6 represents a 

confusion matrix and ROC Curve for proposed method using Pomegranate fruit disease dataset.  
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Table 2. Performance of different feature extraction algorithms 
Methods Classification performance Error rate 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-score 

(%) 

Specificity 

(%) 

MSE RMSE MAE MAPE R2 

InceptionNet 94.52 94.31 94.05 94.25 93.75 0.51 0.49 0.64 0.59 0.51 

MobileNet 94.78 94.53 94.17 94.42 94.28 0.44 0.42 0.59 0.53 0.56 
ResNet 95.02 94.83 94.42 94.55 94.63 0.39 0.34 0.52 0.46 0.60 

EfficientNet 95.43 95.21 95.07 95.13 95.05 0.32 0.28 0.45 0.37 0.68 

DSP-EfficientNet 
with weighted fusion 

96.66  96.26 96.50 96.37 95.64 0.25 0.22 0.37 0.31 0.76 

 

 

Table 3. Performance of different classifiers with metrics and errors rates 
Methods Classification performance Error rate 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-score 

(%) 

Specificity 

(%) 

MSE RMSE MAE MAPE R2 

XGBoost 94.52 94.31 94.05 94.25 93.75 0.51 0.49 0.64 0.59 0.51 

DT 94.78 94.53 94.17 94.42 94.28 0.44 0.42 0.59 0.53 0.56 
RF 95.02 94.83 94.42 94.55 94.63 0.39 0.34 0.52 0.46 0.60 

SVM 95.43 95.21 95.07 95.13 95.05 0.32 0.28 0.45 0.37 0.68 

DSP-EfficientNet with 
weighted fusion for SVM 

96.66  96.26 96.50 96.37 95.64 0.25 0.22 0.37 0.31 0.76 

 

 

  
 

Figure 5. Confusion matrix 

 

Figure 6. ROC curve 

 

 

Table 4 presents the results of 5-fold cross-validation to evaluate generalization ability of proposed 

DSPP-EfficientNet with weighted feature fusion method for pomegranate disease classification. The 

proposed mode is trained and test across five different data splits, ensures robust model performance. The 

results from Table 4, shows that the proposed model performed well on individual splits and generalized 

efficiently across various subsets of data. 

 

 

Table 4. K-fold cross-validation results for proposed DSPP-EfficientNet with weighted feature fusion model 

across different metrics 
K-Fold Accuracy (%) Precision (%) Recall (%) F1-score (%) Specificity (%) 

K=1 96.30 96.10 96.30 96.20 95.50 

K=2 96.80 96.50 96.60 96.55 95.80 
K=3 96.90 96.60 96.70 96.65 95.90 

K=4 96.50 96.30 96.40 96.35 95.60 

K=5 96.60 96.30 96.50 96.40 95.40 
Mean 96.66 96.36 96.50 96.43 95.64 

Standard deviation 0.20 0.19 0.14 0.17 0.20 

 

 

Table 5 presents the comprehensive statistical and computation evaluation for DSPP-EfficientNet 

with weighted feature fusion mode for pomegranate disease classification. Metrics like mean accuracy, 

confidence interval, standard deviation, p-value from t-test, training time, inference time per image, and 
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memory usage are considered to evaluate the performance of proposed model. The results from the  

Table 5 shows the model effectiveness, generalization ability and computational efficiency. 

 

 

Table 5. Statistical significance and computational efficiency of proposed DSPP-EfficientNet with weighted 

feature fusion model 
Metrics Values 

Mean accuracy (%) 96.66 

Confidence interval [96.47, 96.85] 
Standard deviation ±0.20 

p-value from t-test 0.002 

Training time 120 s 

Inference time per image 38 s 
Memory usage (MB) 235 MB 

 

 

4.1.  Comparative analysis 

The performance of the proposed DSP–EfficientNet with weighted fusion for the SVM algorithm is 

compared with YOLOv6+CBAM [20], GLCM, SIFT+SVM [21], ensemble learning [22], and novel CRNet 

[23] using the pomegranate fruit disease dataset. The developed DSP-EfficientNet with weighted fusion for 

the SVM algorithm obtained 96.66% accuracy and 96.26% precision on the pomegranate fruit disease 

dataset. Table 6 represents a comparative analysis of a proposed technique. 
 
 

Table 6. Comparative analysis of the proposed technique 
Methods Type of plant Accuracy (%) Precision (%) 

YOLOv6+CBAM [20] Tomato disease NA 92.9 

GLCM, SIFT+SVM [21] Tomato disease 92.3 NA 
Ensemble learning [22] Plant village dataset 92.3 NA 

Novel CRNet [23] Pomegranate growing stage 98 NA 

Proposed DSP-EfficientNet with weighted fusion for SVM Pomegranate fruit disease dataset 96.66 96.26 

 

 

4.2.  Discussion 

The experimental results determine the effectiveness of proposed DSPP-EfficientNet with weighted 

feature fusion model that accurately classifies pomegranate diseases. The incorporation of DSPP ensures 

model capability to capture multi-scale features, address variations in diseases patterns, lesion size, and 

background textures identified in fruit images. When integrated with handcrafted features, deep features are 

extracted by EfficientNet more semantically meaningful, leads to enhanced classification performance across 

all metrics. By including weighted feature fusion, the proposed model integrated handcrafted features 

(texture, color) with deep features, efficiently ensures representation space and enhancing class separability. 

EfficientNet ensures effective and compact feature learning, when DSPP extracts contextual data at multiple 

receptive fields. The metrics of precision, recall, and F1-score shows the model’s capability to differentiate 

disease classes when maintaining low false positive and false negative rate. The specificity of proposed 

model shows the ability to correctly identify healthy samples that is essential for real-world agricultural 

applications. Statistical analysis and k-fold cross validation show the model robustness and stability, with less 

standard deviation and confidence interval, ensures consistent performance across various data splits.  
 

 

4. CONCLUSION 

This article presents a robust and efficient approach for pomegranate fruit disease detection by 

combining handcrafted and deep features within a novel hybrid framework. In preprocessing stage uses a 

median filter and CLAHE, which helps to effectively remove noise and enhances contrast, enabling clear 

visualization of disease symptoms. Handcrafted features such as color histograms, GLCM-based texture 

descriptors, and shape features, including Hu moments, are captured as domain-specific visual cues.  

Deep features are acquired by EfficientNet model integrated with DSPP that adaptively pools feature from 

disease-relevant regions. These features are fused by a weighted feature fusion strategy that assigns 

importance to each feature type before being classified using an SVM. Experimental outcomes evaluating on 

pomegranate fruit disease dataset show that the proposed method significantly outperforms traditional feature 

extraction and classification approaches and obtained 96.66% accuracy. The proposed hybrid method 

demonstrates a strong generalization ability, effectively integrating handcrafted and deep features, enabling it 

to extract different visual patterns over various disease types. The use of a median filter and CLAHE ensures 
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that variations in lighting and noise conditions don’t degrade feature quality. Additionally, incorporating 

DSPP enables the method to adaptively focus on irregular and multi-scale disease areas, enhancing its 

robustness to spatial variations. Moreover, the weighted feature fusion strategy balances the handcrafted data 

with automatically learned deep representations, enhancing adaptability for unseen data. In future research, 

the proposed model can be extended to detect multiple diseases across various plant species. Integration with 

real-time mobile or drone-based applications could enable in-field disease monitoring. Incorporating 

temporal data or hyperspectral imaging may enhance detection accuracy further. Additionally, explainable 

artificial intelligence (XAI) techniques can be explored to improve transparency in model decisions. 
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