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Abstract – Apple leaf diseases (APD) significantly impact tree 

health and crop yield by causing leaf damage, reducing 

photosynthesis, and making trees more susceptible to other 

infections. However, existing techniques struggle with detecting 

multiple diseases, lighting variations, and generalizing across 

different cultivation conditions. To overcome this challenge, a 

novel deep learning-based APSE-NET is proposed for APD 

detection. The input images are collected from Turkey Plant 

Dataset and preprocessed by Joint Bilateral Filter (JBF) to 

reduce the noise and enhance the image quality. The denoised 

images are fed into DenseGoogleNet (DeGoNet) that combines 

the dense connectivity of DenseNet with the architectural 

principles of GoogleNet (Inception modules) to efficiently 

capture multi-scale features. Gated Self-Attentive Convoluted 

MobileNetV3 (GSACMNet) is a lightweight deep learning 

model that integrates self-attention and gating mechanisms into 

MobileNetV3, enabling it to focus on important regions of the 

image. It effectively uses the extracted features for accurate and 

efficient classification. The proposed APSE-NET model is 

assessed based on its f1 score (F1), specificity (SP), precision 

(PR), recall (RE) and accuracy (AC). The proposed APSE-NET 

model achieves a high accuracy of 98.89% in ALD classification. 

Compared to CBAM, DWT and CNN the proposed model 

improves overall accuracy by 4.88%, 0.26% and 2.74% 

respectively. 

Keywords – Apple leaf diseases, Turkey Plant Dataset, Joint 

Bilateral Filter, DenseGoogleNet, Gated Self-Attentive Convoluted 

MobileNetV3. 

1. INTRODUCTION 

One of the most popular fruits in the world, apples are 

grown all over the world [1].  Because of its excellent 

nutritional and therapeutic qualities, apples are among the 

most prolific fruits [2]. More than seventy-five percent of all 

apples produced in India are produced in the Valley of 

Kashmir [3]. According to the Directorate of Horticulture 

(2021), apples are currently grown on around 160000 

hectares of land in the Valley, with an annual production of 

about 180000 MTs, of which a significant amount is exported 

to other countries [4]. However, each year, illnesses and pests 

cost the apple sector a significant amount of money.  Apple 

farmers continue to face a serious danger from diseases 

including Alternaria, Scab, and Mosaic [5]. 

Seasons and other variables like temperature, humidity, 

CO2 concentration, and water availability all affect the 

patterns of plant diseases [6].  Since each illness may react 

differently to these changes, these variables can have a 

remarkable impact on the progression of the disease [7]. 

Additionally, different lighting conditions can sometimes 

make the visual symptoms of different diseases appear 

similar. However, other factors, such as leaf morphology, 

nonhomogeneous background, age of infected cells, 

variations in leaf color, and light illumination during 

imaging, can cause disease patterns to differ significantly 

[8,9]. In this study, DL-based APSE-NET model has been 

proposed for APD detection. The key contributions of this 

work are summarized as, 

• The apple leaf images are preprocessed using a JBF, 

which enhances image quality by simultaneously 

preserving edge structures and reducing noise, 

ensuring that fine details and texture important for 

APD are retained. 

• The denoised images are fed into DeGoNet that 

combines the dense connectivity of DenseNet with 

the architectural principles of GoogleNet (Inception 

modules) to efficiently capture multi-scale features. 

• GSACMNet integrates self-attention and gating 

mechanisms into MobileNetV3, enabling it to focus 

on significant regions of the image. It effectively 

uses the extracted features for accurate and efficient 

classification. 

• The efficacy of the proposed APSE-NET was 

evaluated using the specific metrics like AC, F1, SP, 

PR and RE. 

The structure of the paper is organized as follows, 

section-2 describes the literature survey, the APSE-NET was 

explained in section-3, the performance outcomes and their 
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comparison analysis were provided in section-4 and section-

5 comprises with conclusion and future work 

2. LITERATURE SURVEY 

In recent years, several researches have investigated for 

the APD detection with DL and ML methods. The section 

that follows provides a review of some current research 

papers. 

In 2022, Wang, Y., et al., [10] proposed the use of a 

Ghost Attention YOLO network (MGA-YOLO) to diagnose 

ALD in real time on mobile devices. The Convolutional 

Block Attention Module (CBAM) and Mobile Inverted 

Residual Bottleneck Convolution were added to improve the 

YOLO network's feature extraction capabilities.  

Additionally, after applying image augmentation techniques 

to the dataset, our method's mAP to 94.0%. 

In 2022, Hasan, S., et al., [11] proposed three 

components: categorization, feature extraction, and sick area 

segmentation. Images of Apple Scab, Black Rot, and Cedar 

Apple Rust illness are used in this paper's experiment on the 

dataset to train and test our model. With an accuracy of 

98.63%, the combination of suggested DWT and color 

histogram characteristics offers a unique method for 

identifying and diagnosing apple leaf disease. 

In 2023, Gong, X. and Zhang, S., [12] proposed the 

Faster R-CNN technique for APD.  For the purpose of 

extracting dependable and multi-dimensional features, the 

sophisticated Res2Net and feature pyramid network 

architectures were presented as feature extraction networks.  

The improved Faster R-CNN structure performs better than 

previous item recognition methods in the annotated APD 

dataset, with an average precision of 63.1%. 

In 2022, Di, J. and Li, Q., [13] proposed an enhanced 

convolutional neural network-based technique for 

identifying ALD.  According to the findings, the DFTiny-

YOLO model's mean average precision (mAP) and average 

IoU were 99.99% and 90.88%, respectively, and its detection 

speed was 280 frames per second.  The performance is much 

enhanced by the novel approach put forward in this study 

when compared to the Tiny-YOLO and YOLOv2. 

In 2021 Bansal, P., et al., [14] proposed a DL method to 

categorize apple tree diseases.  On the validation dataset, the 

accuracy of our suggested model is 96.25%.  The suggested 

model can identify leaves with multiple diseases by 90% 

accuracy.  The suggested model performed well on a variety 

of measures and may be used in the agriculture industry to 

quickly and precisely determine the health of plants. 

In 2025 Huang, X., [15] proposed a classification model 

for APD that combines ConvNeXt and Transformer.  When 

evaluated on a separate dataset, the suggested EConv-ViT 

model produced accuracy rates of 79.3% on photographs 

taken in natural settings and 99.2% on images taken in a lab.  

On a dataset taken in real settings, the EConv-ViT model's 

classification accuracy improved by 18.6%, 36.1%, and 

37.8% when compared to the ViT, ConvNeXt, and ResNet50 

models. 

In 2025 Bao, W. and Zhang, F., [16] proposed an apple 

pest and disease detection network that uses effective 

hierarchical feature fusion and partial multi-scale feature 

extraction.  By adding a wide kernel attention mechanism, 

LKAP broadens the receptive field and improves the 

accuracy of diseased area localization.  Experimental 

findings show that YOLO-PEL achieves a mAP@50 of 

72.9% in the Turkey_Plant dataset apple subset, 

outperforming the baseline YOLOv11 by around 4.3%. 

However, existing techniques struggle with detecting 

multiple diseases, lighting variations, and generalizing across 

different cultivation conditions. To overcome this challenge, 

a novel deep learning-based APSE-NET is proposed for 

ALD detection 

3. PROPOSED METHODOLOGY 

In this research, a novel DL-based APSE-NET model is 

proposed for APD detection. Figure 1 displays the APSE-

NET methodology. 

Figure 1. Proposed APSE-NET methodology
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3.1 Dataset description 

The Turkey_Plant Dataset, an open-source dataset 

created for plant disease and pest detection research, contains 

the apple pest and disease subset that is used in this work.  

The dataset consists of 4000 × 6000 pixel three-channel 

(RGB) color photos taken using a Nikon 7200d camera.  It 

also has unrestricted photos of a variety of landscapes, 

including dirt, trees, leaves, and the sky.  It addresses a 

number of prevalent pest and disease issues that arise 

throughout the apple-growing process, including apple scab 

disease and apple woolly aphid infestation.  The original 

dataset consists of 1416 high-resolution photos of diseases 

and pests of apple leaves that were taken at various times, in 

various locations, and in various lighting situations. 

3.2 Preprocessing 

The JBF is a popular nonlinear edge-preserving filter 

that was used extensively in image fusion lately because of 

how well it stabilizes BF weights and avoids partial reversals 

close to edges. JBF is a bilateral filtering-based image 

filtering method that efficiently eliminates noise while 

maintaining image details by processing color and spatial 

information at the same time. 

𝐼𝐽𝐵𝐹(𝑖) =
1

𝐾(𝑖)
∑ 𝑒

−
‖𝑖−𝑗‖2

𝜎𝑆
2

𝑖∈𝑆 𝑒
−

‖𝐺(𝑖)−𝐺(𝑗)‖2

𝜎𝑟
2

                        (1) 

where the spatial coordinates are 𝑖 and 𝑗, the 

normalization factor is 𝐾(𝑖), the guiding image is 𝐺, the 

spatial filtering intensity is 𝜎𝑆, the intensity filtering asset is 

𝜎𝑟, and the JBF's output is 𝐼𝐽𝐵𝐹(𝑖).  

The filtering process is guided and constrained by the 

guidance image 𝐺, which improves the preservation of 

texture features and edges. The filtering algorithm is capable 

of more accurate filtering operations by using information 

from the guide image to better understand the image's 

structure. The general formula for the image's JBF 

decomposition is as follows: 

𝐹𝐽𝐵𝐹 = 𝐽𝐵𝐹(𝐼, 𝐺, 𝜎𝑆, 𝜎𝑟)                                             (2) 

3.3 Feature extraction 

In this section the denoised images are processed using 

DenseGoogleNet (DeGoNet) for feature extraction. It is a 

combination of DenseNet with an inception model from 

GoogLeNet. It uses a hierarchical feature extraction 

approach in conjunction with effective feature reuse to 

extract relevant characteristics from images. A cutting-edge 

CNN architecture for visual object detection with fewer 

parameters is called DenseNet. With a few key differences, 

DenseNet and ResNet are fairly comparable.  The output 

layers (𝑖𝑡ℎ) are often calculated using conventional CNNs 

applying the output of the previous layer 𝑌𝑖−1 to a non-linear 

transformation 𝑅𝑖(. ). 

𝑌𝑖 = 𝑅𝑖(𝑌𝑖−1)                                                                       (3) 

DenseNet concatenates the layer output functionality 

maps with the inputs rather than summarizing them 

separately. To enhance information flow across layers, A 

straightforward model is offered by DenseNet: The features 

of the previous layers' inputs are transmitted to the 𝑖𝑡ℎ layer. 

The equation (6) is then changed to:  

𝑌𝑖 = 𝑅𝑖[(𝑌0, 𝑌1, 𝑌2, … . , 𝑌𝑖−1)]                                       (4) 

where [𝑌0, 𝑌1, 𝑌2, … . . , 𝑌𝑖−1] is a single tensor created by 

integrating the maps produced by the previous layers. The 

GoogLeNet on the other hand, extracts deep features and 

widens the convolutional network to enhance training results. 

The model parameters are significantly reduced by two 

auxiliary classifiers, dimensionality reduction and mapping 

using a 1x1 convolutional kernel and the fully connected 

layer instead of the average pooling layer. The model was 

created to classify original image in the domain (𝒟1). The 

dataset of labelled images is shown as 

𝒟1 = {𝑥𝑗 , 𝑦𝑗}𝑗=1
106

                                                            (5) 

where 𝑦𝑗 ∈ {1, … … 1000} for class labels. The transfer 

learning concept can be applied to a deep CNN method to 

learn features of images in a different domain. This technique 

has adapted GoogLeNet to our application domain (𝒟2), 

which is determined by the transfer learning methods. 

GoogLeNet transfer learning is the concept behind the 

suggested application. 

𝒟2 = {𝑥𝑗 , 𝑦𝑗}𝑗=1
3064                                                          (6) 

where the class labels, 𝑦𝑗 ∈ {1,2,3}, represent the 

segmentation process. The system uses the pooling layer 

activations to represent the images' features. An image's 

feature vector, 𝑥𝑖 is represented as 

𝐻(𝑥𝑖) ∈ 𝐻1024                                                             (7) 

The output of feature extracted functions are represented 

by 𝐻 applied to input 𝑥𝑖. 𝐻
1024 represents the output in vector 

with 1024 dimensions. The detection sequence is 

transformed into a feature vector when each pixel is extracted 

using DeGoNet. 

3.4 Classification 

Gated Self-Attentive Convoluted MobileNetV3 

(GSACMNet) is used to classify the ALD with minimal time 

complexity. Even as the number of images grows, the DL 

method minimizes training fluctuations and correctly 

diagnoses the infected. To improve accuracy in terms of 

speed and size, the MNetV3 approach is presented. MNetV3 

uses depth-wise convolutions (DC) to improve training. The 

DC is one of the learnable parameters used to retrieve spatial 

information from each input channel during picture training. 

MNetV3 blocks and components are heavily influenced by 

the methods used in MNetV1 and MNetV2. As an alternative 

to the sigmoid function, the MNetV3 employs a non-linearity 

function known as hard-swish (h-swish). 

ℎ − 𝑠𝑤𝑖𝑠ℎ(𝑢) = 𝑢 × 𝜎(𝑢)                                        (8) 

𝜎(𝑢) =
6(𝑢+3)×𝑅𝑒𝐿𝑈

3
                                                    (9) 

The piece-wise linearity analog function is denoted by 

𝜎(𝑢) in this instance. The inverted residual (IR) block, which 

combines the DC and squeeze-excitation (SE) blocks, is a 

crucial component of the MNetV3 network approach. One 

type of bottleneck block that improves FMs with less 
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complexity is the IR block, which adds the input and output 

of related channels. The BN and h-swish functions are 

included in the DC separable, along with 1 × 1 point-wise 

kernels.  By altering the convolution layers (CL), the DC 

separable increases the model's capability.  During the 

training process, the SE block aids in concentrating just on 

pertinent characteristics. 

The MNetV3 technique combines the gated convolution 

(GC) and dilated self-attentive (DSA) modules to efficiently 

acquire the key features. Here, we employ 3 × 3 CL and dual 

SA modules with 3 × 3 dilated convolution rates of 𝑟 = 2 

and 𝑟 = 3. The GC then generates a deep distinguishable 

extraction process using the features from the DSA module 

with 𝑟 = 2 and the 3 × 3 CL. The features from the 3 × 3 

CL are combined and fed into the GC modules to create the 

final output. To extract global and local information, the 

encoder is subjected to Triple CL, which yield the mapped 

features x, y, and z, respectively. The characteristics x and y 

are then rewritten using the SoftMax layer to accomplish 

matrix multiplication.  

𝐴 = 𝑟𝑒𝑓𝑜𝑟𝑚𝑢𝑙𝑎𝑡𝑒 (𝑥)  

𝐵 = 𝑟𝑒𝑓𝑜𝑟𝑚𝑢𝑙𝑎𝑡𝑒 (𝑦)  

𝐶 = 𝑟𝑒𝑓𝑜𝑟𝑚𝑢𝑙𝑎𝑡𝑒 (𝑧)  

𝑃𝑢𝑣 =
𝑒𝑥𝑝 (𝐴𝑢𝐵𝑣)

∑ 𝑒𝑥𝑝 (𝐴𝑧𝐵𝑣)𝑚
𝑧=1

                                                  (10) 

𝐷𝑆𝐴(𝑃, 𝑍) = 𝑃 × 𝑇                                                 (11) 

Here, 𝑃𝑢𝑣 indicates the effect of 𝑢𝑡ℎ and 𝑣𝑡ℎ locations, 

m indicates the total pixels, 𝐴, 𝐵 𝑎𝑛𝑑 𝐶 indicates the 

reformulated features (RF). Also, 𝑃 indicates the location of 

the attention maps and it is increased with RF 𝐶 to obtain the 

final DSA outcome.  

𝐺 = 𝑋𝑔 × 𝐼ℎ𝑖𝑔ℎ                                                                           (12) 

𝐼 = 𝑋𝑙 × 𝐼𝑙𝑜𝑤                                                                       (13) 

𝐾 = 𝜑(𝐼) × 𝜎(𝐺)                                                      (14) 

In this instance, 𝑋𝑔 and 𝑋𝑙 represent the related matrices 

of two convolutional processes, while 𝐼ℎ𝑖𝑔ℎ and 𝐼𝑙𝑜𝑤 

represent the two inputs. 𝐺 is the attention map, 𝐼 is the 

embedded features, 𝜎 is the sigmoid function that falls 

between [0, 1], and 𝜑 is the ReLU function. However, the 

GSACMNet performance frequently declines as a result of 

significant regularization issues and lengthy training periods. 

In order to address this, efficient optimizers must adjust the 

network model parameters to minimize both the training 

complexity and the neurons random initialization. 

4. RESULTS AND DISCUSSION 

The APSE-NET is implemented using MATLAB 

(2020b) and operates on a server configured with an Intel 

Xeon F8 CPU running at 3.5 GHz, 64 GB of RAM and an 

NVIDIA GPU with an 11 GB graphics card.  

 

Figure 3. Experimental result of the APSE-NET 
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Figure 3 demonstrates the simulation results of the 

APSE-NET utilizing different apple leaf image samples. 

Column 1 presents the leaf images and column 2 displays the 

pre-processed images. Column 3 illustrates the feature 

extraction images. Finally, Column 4 shows the 

classification output. 

4.1 Performance analysis 

The evaluation of the proposed APSE-NET model 

including AC, PR, SP, RE, MCC and F1 are utilized to 

determine the efficiency of the APSE-NET for detecting 

leukemia. 

    𝑆𝑃 =
𝑇𝑛𝑒𝑔

𝑇𝑛𝑒𝑔+𝐹𝑝𝑜𝑠
                                                       (15) 

𝑃𝑅 =
𝑇𝑝𝑜𝑠

𝑇𝑝𝑜𝑠+𝐹𝑝𝑜𝑠
                                                           (16) 

𝑅𝐸 =
𝑇𝑝𝑜𝑠

𝑇𝑝𝑜𝑠+𝐹𝑛𝑒𝑔
                                                          (17) 

  𝐴𝐶 =
𝑇𝑝𝑜𝑠+𝑇𝑛𝑒𝑔

𝑇𝑜𝑡𝑎𝑙 𝑛𝑜.𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒𝑠
                                                    (18) 

      𝐹1 = 2(
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
)                                     (19) 

                                     𝑀𝐶𝐶 =
𝑇𝑝𝑜𝑠×𝑇𝑛𝑒𝑔−𝐹𝑝𝑜𝑠×𝐹𝑛𝑒𝑔

√(𝑇𝑝𝑜𝑠+𝐹𝑝𝑜𝑠)×(𝑇𝑝𝑜𝑠+𝐹𝑛𝑒𝑔)×(𝑇𝑛𝑒𝑔+𝐹𝑝𝑜𝑠)×(𝑇𝑛𝑒𝑔+𝐹𝑛𝑒𝑔)
                (20) 

Where 𝑇𝑛𝑒𝑔 and 𝑇𝑝𝑜𝑠 specifies true negatives and true 

positives of the sample images, 𝐹𝑛𝑒𝑔 and 𝐹𝑝𝑜𝑠 requires false 

negatives and false positives of the sample images 

Table 1. Performance assessment of the APSE-NET 

Classes  AC  RE PR  F1  MCC 

Normal 97.56 96.13 98.21 91.85 91.43 

Apple scab 98.89 96.40 96.71 95.90 94.89 

Powdery 

mildew 

98.96 97.14 97.54 93.62 96.10 

Frog eye 

leaf spot 

99.45 99.65 99.87 92.74 90.02 

Black rot 98.10 98.61 93.72 95.04 92.54 

Overall 98.89 97.58 97.21 94.76 95.49 

 

Table 1 presents the performance metrics for detecting 

various types of APD using a classification system. The 

parameters include PR, F1, SP, AC, MCC and RE for each 

disease classes like normal, Apple scab, Powdery mildew, 

Frog eye leaf spot, Black rot. A total AC of 98.59% is 

attained by the APSE-NET using the gathered dataset. The 

proposed APSE-NET achieved 97.21%, 94.76%, 95.49% 

and 97.58% overall PR, F1, SP, MCC and RE identifying the 

dual kinds of leukemia based on the gathered dataset. 

Overall, the classifier demonstrates robust performance in 

distinguishing between different disease stages. 

 
    a)                                                           b)       

 Figure 3. a) Accuracy and b) loss graph of the proposed APSE-NET 

The accuracy and loss graph of the APSE-NET are 

displayed in Figure 3 a) and b). The performance of the 

APSE-NET is evaluated by the following parameters: AC, 

RE, F1, SP and PR. The accuracy curve is defined in Figure 

3 a), where accuracy and epochs are positioned on opposite 

axes. The model's accuracy rises as the number of epochs 

grows. The epoch versus loss curve in Figure 4 b) displays 

that the model's loss reductions as the number of epochs 

increases. A 98.59% accuracy is accomplished by the APSE-

NET. 

4.2 Comparative analysis    

In this section presents a contrast study of the APSE-

NET in comparison of other DL models. To show results of 

the APSE-NET are more effective, compared the 

effectiveness of existing techniques using SP, PR, F1, AC 

and RE. 

Table 2. Assessment of the proposed technique compared 

to existing techniques 

Networks AC PR RE F1  

DenseNet  95.75 95.43 90.13 85.38 

RegNet  97.02 91.02 95.17 92.37 

ShuffleNet   96.38 93.19 94.32 91.14 
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MobileNet 97.76 96.40 93.45 93.83 

GSACMNet 

(ours) 

98.89 97.21 97.58 94.76 

 

Table 2 shows that the comparative analysis of APSE-

NET method obtained 98.59% of AC, 97.21% of PR, 97.58% 

of RE and 94.76% of F1 respectively. The proposed 

GSACMNet technique improves the accuracy range of 

3.31%, 1.95%, 2.63% and 1.18% better than DenseNet, 

RegNet, ShuffleNet and MobileNet respectively.  

Table 3. Comparison of accuracy with existing and 

proposed work 

Author Methods Accuracy 

Wang, Y., et al., [10] CBAM 94.0% 

Hasan, S., et al., [11] DWT 98.63% 

Bansal, P., et al., [14] CNN 96.25% 

Proposed APSE-NET 98.89% 

 

Table 3 shows that proposed APSE-NET expands the 

overall accuracy of 4.88%, 0.26% and 2.74% better than 

CBAM, DWT and CNN. The comparison above indicates 

that in terms of precision, the proposed APSE-NET 

outperforms the current models. 

5. CONCLUSION 

This research proposed a novel APSE-NET for ALD 

detection. The input images are preprocessed by JBF to 

reduce the noise and enhance the image quality. The 

denoised images are fed into DeGoNet that combines the 

dense connectivity of DenseNet with the architectural 

principles of GoogleNet to efficiently capture multi-scale 

features. GSACMNet integrates self-attention and gating 

mechanisms into MobileNetV3, enabling it to focus on vital 

regions of the image. It effectively uses the extracted features 

for accurate and efficient classification. The proposed APSE-

NET model achieves a high accuracy of 98.89% in ALD 

classification. The proposed GSACMNet technique 

improves the accuracy range of 3.31%, 1.95%, 2.63% and 

1.18% better than DenseNet, RegNet, ShuffleNet and 

MobileNet respectively. Compared to CBAM, DWT and 

CNN the proposed model improves overall accuracy by 

4.88%, 0.26% and 2.74% respectively. In future work, 

advanced transformer-based models can be explored to 

improve the detection of multiple co-occurring diseases on 

apple leaves under varying environmental conditions. 
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