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Abstract: Considering the difficulties in identifying pear leaf diseases due to factors such as varying lighting conditions, 

overlapping leaves, and other green plants in the background, a two-stage framework based on strategies is suggested for 

segmenting pear leaves and disease categorisation. To begin, the target damaged pear leaf is extracted, and background 

interference is eliminated by building a DBPN that fuses the low-level feature branch and the semantic branch. Research on 

transformer-based models has grown in recent years, with several studies showing promising results. Unfortunately, 

transformers still have issues with edge detail segmentation and small object recognition. To address these issues, the research 

enhanced the Swin transformer by combining the best features of transformers and CNNs. It then developed an LPSW backbone 

to boost the network's local perception and classification task discovery accuracy. A framework for an SAIEC system was also 

developed as part of the study; this contributed to the network's enhanced accuracy. To fine-tune the parameters of the proposed 

classifier, this paper proposes using improved beetle swarm optimisation. The field dataset DiaMOS Plant, comprising 3505 

images of pear fruit and leaves damaged by four illnesses, is used to evaluate the proposed model in this study. The dataset is 

publicly available and was collected to identify and monitor plant problems. both segmentation and classification. 
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1. Introduction 

 

Sustainable agriculture methods may enhance product accessibility in a supply chain. Soil structure and an orchard's resilience 

to climate change, intense harvest production strains, and extreme weather events might be jeopardised by some conventional 

methods. When implementing sustainable agricultural techniques, it is essential to consider all approaches, whether new or 
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conventional [1]. One way to lessen the impact of global warming is to use precision agricultural methods. Because they can 

accurately predict products, deep neural networks are becoming powerful tools in precision agriculture. This leads to better 

management of resources, such as irrigation water and pesticides, and helps reduce food loss and waste by improving the 

scheduling of agricultural activities [2]. Precision agriculture includes yield estimation as one of its subfields. It enables the 

organisation of supplementary services (such as robot fruit pickup) alongside farming, operations, and inventory management. 

The topic of fruit yield estimation has been covered in many published papers. For the yield estimating method to work, the 

fruit identification step is crucial [3]. Aside from contributing to food production, agriculture also generates resources essential 

to producing goods for sale. Crops were cultivated using time-honoured agricultural methods. Nearly every country still uses 

some form of traditional farming. Methods proposed by seasoned farmers are a part of it. Because of their imprecision, these 

methods require significant manual labour [4]. Precision Agriculture refers to the use of digital technology, such as electronic 

devices, sensors, robotics, and automation. Workload reduction, increased profitability, and better decision-making are the goals 

of this technology [5].  

 

To optimise profitability, maximise yield, and enhance production quality, precision agriculture—also known as precision 

farming—is an agricultural control system that provides a comprehensive approach to managing the spatial and temporal 

variability of crops and soil [6]. Increasing crop yields has never been easier than with precision agriculture. Precision 

agriculture was more often used by farms with high asset valuations than by farms with lower asset valuations, according to a 

discussion of the topic [7]. Country and geographical factors also have a role in the rate of precision agriculture adoption.  

Compared to farmers in the valley, those in the mountain zone are less likely to use Precision Agriculture. Substantial 

investments are required to increase adoption rates. For farms of all sizes to adopt precision agriculture, the cost of the necessary 

machinery must be reduced [8]. Data Science, Artificial Intelligence, Data Mining, and the Internet of Things all play a role in 

precision agriculture [9]. Agronomic applications are utilising wireless sensor networks to remotely monitor soil and ambient 

variables for crop health prediction. Agricultural fields can have their irrigation schedules anticipated using WSN as a 

forecasting method. Among the many environmental factors that wireless sensor networks monitor are soil moisture, salinity, 

temperature, and humidity [10]. The wonderful flavour and high nutritional content of pears make them a favourite fruit in 

China. Growth in the pear tree business is good for the local economy and the farmers who cultivate pears, who get substantial 

financial rewards as a result [11]. Natural environmental variables, however, can cause a variety of illnesses to manifest in the 

leaves of pear trees as they mature.  

 

A significant drop in pear quality and a flood of infected pears caused devastating economic losses. Consequently, it is crucial 

to improve pear production and quality, and to increase farmers' economic returns by promptly identifying and preventing pear 

leaf diseases [12]. Manual plant disease diagnosis has a long history of use but is now fraught with issues such as high labour 

costs, low recognition accuracy, and high subjectivity. Advancements in computer technology and artificial intelligence 

facilitate a rise in agricultural output. To accomplish disease diagnosis tasks, intelligent agriculture develops feature extractors 

that use image processing to extract characteristics of diseased plant leaves [13]. Light, leaflet overlap, and stem occlusion 

often result in noisy pear leaf photos with complicated backgrounds. The characteristics of sick patches are difficult to extract 

due to these circumstances, resulting in low identification accuracy [14]. In many modern applications, the basis of state-of-

the-art fruit detection systems is. Image attributes (such as colours and forms) of fruit may be automatically extracted using 

these approaches. Fruit detection has progressed in a context-specific manner due to the uniqueness of the fruits' sizes, shapes, 

colours, clusters, and tree distributions [15]. CNNs excel at extracting local information, but they can't handle global data with 

long-range dependencies. Many computer vision tasks suggest using self-attention techniques to efficiently overcome CNN 

limitations, drawing inspiration from the transformer's use of self-attention and the need to mine long-range correlations in text 

[16]. Self-attention systems can swiftly learn relationships between distant elements, attend to various parts of the image, and 

integrate data across the image. The main contributions of this paper can be abridged as follows: 

 

 Study on the Pear Leaf Segmentation Method: To address the complex background and feature-scale issues in pear 

leaf images captured in the real production environment, a double-branch polymerisation network (DBPN) 

segmentation algorithm was proposed. DBPN used an asymmetric double–branch encoder–decoder framework to 

enhance multi-scale feature extraction. The low-level feature branch consisted of a three-branch spatial enhancement 

module (TBSEM) to establish pixel-level dependency relations, which enhanced the spatial focusing and detail 

reshaping capabilities of DBPN. The semantic branch used an atrous spatial pyramid pooling (ASPP) module to 

extract contextual information and achieve a sufficiently wide receptive field, thereby enabling the extraction of 

additional semantic features and improving segmentation accuracy. 

 Study on the Classification Task: Researchers used the transformer as our foundational network to construct a 

network well-suited for classification, aiming to circumvent CNNs' limitations in extracting global information. To 

boost local perception skills and categorisation detection accuracy, the LPSW leverages the strengths of CNNs and 

transformers. Researchers present the SAIEC network architecture for spatial attention interleaved execution 

cascades. The network's mask prediction is improved by the multi-tasking method and the improved spatial attention 
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unit. Lastly, a new network model is established by inserting the LPSW into the developed framework as its backbone. 

This model significantly improves detection accuracy. 

 

2. Related Works 

 

Parez et al. [17] proposed an improved method for identifying plant illnesses and infections using Vision Transformers (ViTs), 

called GreenViT. Researchers give the ViT a series of smaller blocks, or patches, that represent the input image, much like word 

embeddings. Researchers circumvent the issues of CNN-based models by capitalising on ViTs' capabilities. To test how well 

the proposed GreenViT would work, researchers ran experiments on popular benchmark datasets. Results from experiments 

show that, compared to SOTA CNN models, the proposed method is superior at identifying plant illnesses. Rehman et al. [18] 

proposed a practical, workable method for producing reliable agricultural data using remote sensing. The 107,899 pixels that 

make up our self-collected dataset were split into 30% for testing and 70% for training. To prevent spatial autocorrelation, the 

acquired data is presented as field parcels, which are further split into training, validation, and test sets. The correctness and 

quality of the training data were checked by excluding 15% for validation and 15% for testing. Our trained model was also 

used for prediction, and the results were significant based on visual examination of the picture region. In addition, the combined 

Planet-Scope and Sentinel-2 time series data sets are not utilised to compare the series; the attained weighted average is 93%, 

and the merged Planet-Scope and Sentinel-2 time series 97%. For precision agriculture, Punithavathi et al. [19] propose a new 

model, CVDL-WDC, based on deep learning and computer vision. The goal of the proposed CVDL-WDC method is to 

accurately distinguish between plants and weeds. Both object identification using multiscale Faster R-CNN and weed 

classification using an optimal extreme learning machine (ELM) are part of the proposed CVDL-WDC method.  

 

The farmland fertility optimisation (FFO) approach is used to fine-tune the ELM model's parameters. The improved results 

over its recent methods across many metrics were demonstrated by a thorough simulation study of the CVDL-WDC method 

using a benchmark dataset. A deep learning-based peach packing robot prototype was created by Wang et al. [20]. To begin, 

researchers constructed the peach object recognition dataset. Researchers used it to train end-to-end YOLO v5 models with 

varying width and depth, carefully balancing accuracy and real-time performance. Afterwards, the coordinate transformation 

matrix was computed using the "Eye-on-Base" hand-eye calibration method, which aligned the camera coordinate system with 

the robot base coordinate system. According to the findings of the landmark positioning experiment, the average positioning 

errors along the X- and Y-axes were 4.87 mm and 5.00 mm, respectively.  

 

Mostly due to the RGB-D camera's depth estimation error, the average Z-direction placement error in the Z direction was 18.47 

mm. With a success rate of 100% for little peaches, 97% for medium peaches, and 97% for giant peaches, the grasping 

experiment investigated the impact of accuracy. Depth perception, object identification, coordinate transformation, and 

grasping route planning took an average of 252.81 ms over the complete pipeline suggested in this study. Next, SFDI technology 

was used to assess early-stage bruising in peaches. Overall, this study laid out a solid plan for the fruit-packing robot, which 

could be used in post-harvest marketing. A method for determining peach maturity based on visible and tactile traits has been 

proposed by Wang et al. [21]. Two steps make up this method. In the initial step, YOLOv4 is used as the main model for initial 

visual categorisation of fruit ripeness.  

 

For a more in-depth tactile ripeness classification, the second step suggests a system based on flexible piezoelectric sensors. 

The peach sorting line can use the system's categorisation of peaches into five groups: A1, A2, B1, B2, and R. The visual portion 

is evaluated using the mAP and meanIoU, whereas the tactile part is validated using the TPA test. Experimental findings reveal 

a mean IoU of 0.9454, a mAP of 0.9304, and tactile part accuracy of 92.22%. The findings show that optical and tactile traits, 

in conjunction with YOLOv4 and a flexible piezoelectric sensor, may reliably categorise peach ripeness. With the suggested 

method, researchers can automate the sorting line and complete classification at reduced cost and with lower power 

consumption. Teng et al. [22] constructed 3D models of peach tree trimming in winter using UAV-SfM and 3D lidar SLAM 

methods. Researchers next proposed a method to differentiate branches from 3D point clouds based on spatial density, after 

comparing and analysing these models. Compared with UAV-SfM, the 3D lidar SLAM method for winter peach tree trimming 

required less time to model and produced more accurate results. Compared with the initial weight of the trimmed branches, the 

method's RMSE was lowest at 3084 g, and its R2 was 0.93. Whether performed before or after pruning, the branch identification 

portion correctly identified branches with diameters greater than 3 cm. There are still major issues in the CV field, despite 

significant improvements in object recognition with transformer-based techniques: 

 

 Weak local information collecting capabilities and poor identification performance for small-scale items. 

 The current transformer-based architecture is primarily used for image categorisation; however, achieving satisfactory 

results for instance segmentation in densely annotated images is challenging for a single-level transformer. This 

significantly affects the accuracy of object recognition and request segmentation in high-resolution, complex-

background, small-object remote sensing pictures. 

 

121



Vol.1, No.3, 2025  

3. Materials  

 

Researchers provide a detailed explanation of the projected dataset here. Description. Here, researchers provide DiaMOS Plant, 

an expanded dataset examined in Fenu and Malloci [23], as a field dataset for plant symptom diagnosis and monitoring. A pilot 

dataset, DiaMOS Plant, was created to establish a representative sample that captures the key cultural features of pear trees. 

The dataset contains photos of a pear tree during its full growing season, from February to July. Machine learning and deep 

learning techniques may be applied to detection and classification problems with this dataset. The total sum of photographs 

collected is 3505. Out of them, 499 depict fruits and 3006 depict leaves. Here are four stages of fruit expansion: setting, nut 

fruit, growth, and ripening. Similarly, there are four types of biotic and abiotic stresses: healthy leaf, slug damage, curling 

leaves, and spotty leaves. You may find a comprehensive overview in Tables 1 and 2. 

 

Table 1: Dataset explanation 

 

DiaMOS Plant Dataset Dataset Description 

Plant Pear 

Annotation csv, YOLO 

Cultivar Septoria Piricola 

Data Source Site Sardegna, Italy 

Category of data RGB Imageries 

Total size 3505 imageries 

Data Accessibility Fenu and Malloci [32] 

 

The DiaMOS plant image library contains 3,355 distinct fruit and leaf images. Classes associated with the leaf pictures are 

distributed as shown in Table 2. 

 

Table 2: Leaf damage indicators by size 

 

Leaf Indications Size 

Fit 43 

Spot 848 

Curl 54 

Slug 2035 

 

All three trees in the photos are from the same Italian land. A smartphone (Honour 6Ï) and a DSLR camera (Canon EOS 60D) 

were used to capture the photographs; as a result, the images have two distinct resolutions: 2976 × 3968 and 3456 × 5184, 

respectively. The device setups are detailed in Table 3. Due to the large number of individuals participating in data collection, 

it was not practical for everyone to use the same device. Therefore, researchers utilised two separate devices. The dataset's 

complexity and value are both enhanced by the use of multiple resolutions. Because it provides models with diverse yet 

representative inputs, using multiple devices is a popular strategy in this area of study. In practice, operators in the agricultural 

and non-agricultural sectors use cellphones with different technical specifications, such as resolution. 

 

Table 3: Acquisition device shapes 

 

Technical Parameters DSRL Camera Smartphone Camera 

Focal ratio f/4.5 f/2.2 

Color space RGB RGB 

Image size 3456 × 5184 2976 × 3968 

Model device Canon EOS 60D Honor 6× 

Focal length 50 mm 3.83 mm 

 

Throughout the growing season, the leaves were photographed from a variety of angles, under varied lighting conditions 

(cloudy, sunny, and windy days), against different backgrounds (other plants and weeds), and with varying levels of background 

noise (Figure 1): 

 

 I was able to capture conditions that could be categorised, which enabled numerous advantages.  

 I was able to capture the evolution of visual indications.  

 I was able to capture the fruit from the fruit phase. 
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Figure 1: In the first row, from left to right, you can see pear leaves photographed in various light conditions: dispersed light, 

intense sunlight reflection, indirect sunlight, direct sunlight and the second row displays photographs of pears at various 

developmental stages 

 

4. Methodology 

 

4.1. Segmentation Using DBPN 

 

DBPNet keeps the encoder-decoder structure and uses the feature extractor from the pre-trained VGG16 classification model 

on the ImageNet dataset as the encoder. In the decoding stage, TBSEM is combined with spatial attention in the low-level 

feature branch [24]. The enhanced ASPP is employed to augment the receptive field of high-level features within the semantic 

branch, thereby maximizing the features' attributes and benefits while mitigating the influence of detrimental factors on model 

performance. Figure 2 shows how the projected model [25] is put together. 

 

 
 

Figure 2: Double-branch polymerisation net 

 

The leaf image has interference pixels, like shadows from lights, branch occlusions, and plastic film, which make its spatial 

information more complicated. The current research emphasizes the optimization of deep depth features during feature fusion 

or reuse, neglecting the role of shallow low-level features in the restoration of pear leaf details, and is unable to concentrate on 

diseased pear leaves in the spatial dimension. To do this, a three-branch space enhancement module (TBSEM) is made to pick 

up on useful spatial local dependencies in the low-level feature branch and make the model better at shaping details and paying 
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attention to the diseased pear leaf area. The module takes in S1, S2, and S3, which are three-branch features. The S1–S3 features 

have fewer convolutional layers, not enough semantic information, and are very similar to each other. Because of this, 

combining branch features can easily lead to information redundancy. The input features provide useful spatial detail, and the 

branch features are adaptively fused in the spatial dimension with independent weights (adaptive feature fusion, AFF) S1–S3. 

When the gradient changes, the model automatically changes the weights of the different feature layers to make the effective 

ones stand out more. The formula of adaptive fusion is defined as: 

 

yij
l = aij

l . xij
1→l + βij

l . xij
2→l + γij

l . xij
3→l               (1) 

 

Where xij
1→l, xij

2→l, xij
3→l represents the shallow features S1,S2,S3, aij

l , βij
l , γij

l  represents the weights of shallow features, and yij
l  

represents the fused features. Then, global information and salient features are extracted by two pooling methods. After splicing, 

multi-scale features are extracted using 3 × 3, 5 × 5, and 7 × 7 convolution kernels, and then 1 × 1 convolutional dimension 

reduction is applied. The activation function uses Sigmoid to map the features to the (0, 1) interval, producing a two-dimensional 

attention map, which is then multiplied by the original features to yield the output of the TBSEM module. 

 

4.1.2. Semantic Branch 

 

It was decided to pass S4–S5 to the advanced semantic branch because they were very close to the encoder output, had low 

resolution, and contained rich semantic information. Because the encoder features have the disadvantages of an insufficient 

receptive field and a single feature scale, the ASPP module is selected to optimise advanced features, and multi-scale 

information from stacked receptive fields with different expansion rates is obtained via dilated convolution. When associated 

with the convolution, the dilated convolution has a unique expansion rate parameter that is significantly different [26]. Based 

on the standard convolution kernel, r-1 0 is placed between every two elements when the expansion rate is r. This indicates that 

the expansion rate is determined by itself. It is possible to obtain larger-scale features using the dilated convolution technique, 

which widens the feature receptive field without introducing additional parameters.  

 

For the purpose of obtaining receptive fields of varying scales, the ASPP is coupled in parallel with dilated convolutions of 

varying expansion rates in DeepLabV2 [27]. By incorporating global context information, the improved ASPP in DeepLabV3 

can counteract the detrimental influence of incorrect information introduced by high-expansion-rate convolution kernels, 

thereby mitigating the degradation of convolution kernel efficacy. This is accomplished by introducing image-level global 

features. Additionally, multi-scale features in the channel dimension are fused with the global spatial pooling of the original 

image, which is coupled in parallel with dilated convolutions. 

 

4.2. Classification Using Modified Swin Transformer 

 

In this part, the planned network architecture is detailed. Figure 3 shows how the model sends the input image to the LPSW 

backbone network, which stands for Local Perception Swin Transformer. Following the FPN structure, the feature map is sent 

to the SAIEC network model for spatial attention interleaved execution cascade. Classifications using feature maps and 

bounding segmentation are handled by the model's back end. Our approach categorises each bounding box as either containing 

an object or not. Below, you will find an introduction to each module, including complete information. 

 

 
 

Figure 3: Model flow diagram including Region of Interest (ROI) constructions, which integrate the suggested local 

perceptual network architecture 
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4.2.1. Local Perception Swin Transformer (LPSW) Backbone 

 

Swin-T and Swin-L are the four diverse variants of the Swin transformer. These versions are arranged from largest to smallest 

[28]. This study presents Swin-T, which accounts for the specificity and computational complexity of images from remote 

sensing observations. Two, two, six, and two blocks are present in each stage, correspondingly. As with ViT, it begins by 

dividing an RGB image into non-overlapping patches using the patch partition layer. When each patch is applied, it is considered 

a "token," and its feature is configured to be the RGB values of the raw pixels. Each of the four stages that make up the Swin 

transformer is responsible for producing a particular quantity of tokens. A token is a 4×4 raw image patch. This vector is given 

an image with dimensions H × W. To map this token to a vector of dimension C, a linear embedding is now being used. During 

the first, second, third, and fourth stages, the tokens that are produced are as follows: H/4 ×  W/4, H/8 ×  W/8, H/16 ×
 W/16, and H/32 ×  W/32. At each stage, there is a patch-merging block comprising a partition layer and a linear embedding 

layer. Additionally, there are some Swin transformer blocks and a local perception block. 

 

4.2.2. Swin Transformer Block 

 

At its heart is the Swin block, which is an algorithmic component. To improve the training stability, researchers insert a layer 

norm (LN) layer in the centre and apply a residual connection after each module. For this section, researchers have Equation 

(2): 

 

X̂l = W − MSA (LN(Xl−1)) + Xl−1

Xl = MLP (LN(X̂l)) + X̂l

X̂l+1 = SW − MSA (LN(Xl)) + Xl

Xl+1 = MLP(LN(X̂l+1))X̂l+1

                                              (2) 

 

4.2.2.1. W-MSA and SW-MSA 

 

The W-MSA in the Swin transformer block, in contrast to the MSA in the traditional ViT, uses a window as a unit to control 

the calculation area; the default window size is 7, which simplifies the problem by reducing the amount of network computation 

to a linear function of the window size. Because MSA does not provide cross-window connections, a new window-segmentation 

mechanism is required for SW-MSA to succeed where W-MSA failed: enabling communication between windows. The window 

is segmented according to W-MSA based on these shifts, and SW-MSA differentiates from W-MSA in its window segmentation 

mechanism. 

 

4.2.2.2. Local Perception Block (LPB) 

 

It is highly unlikely that the site transformer will be able to detect the structural details and local correlation in the image, 

despite the construction using a shift window scheme consisting of successive layers organised in a hierarchical construction; 

a significant amount of information is still not adequately recorded. Researchers proposed a local perception block (LPB) 

preceding the Swin transformer subblock to address this issue. The first step the LPB takes is to transform a collection of vector 

features into a 3-D feature map. This is done because the data Swin operates on are vectors rather than feature maps, unlike 

conventional CNNs. An example of this would be the transformation of a token (B, H * W, C) into a feature map (B, C, H,W). 

Following the addition of a 3×3 convolution with a GELU activation and a dilation of 2, a residual connection is utilised to 

enhance the extraction of local spatial characteristics while maintaining an appropriately large receptive field. The final step 

involves reshaping the feature map to the form (B, H, W, C) and then sending it to the block. As a result of the properties of the 

dilated field of images, the field is expanded, enabling a wide variety of contextual information to be encoded effectively at 

multiple scales. When compared to the conventional convolution procedure, the dilated convolution method allows for the 

enlargement of the receptive field. Notably, the conventional convolutions with dimensions 3 3 each have a field that is also 3 

× 3. Considering that it is a dilated convolution with a dilation of two and a kernel size of seven by seven, the receptive field is 

seven by seven. As a result, dilated convolution can enlarge the field of influence without compromising feature resolution. 

 

4.2.3. Spatial Attention Interleaved Execution Cascade (SAIEC) 

 

The definition of samples at various stages is the primary focus of the Cascade R-CNN proposal. As a result of differences 

across stages, the detector gives greater weight to the positive models that fall below the threshold. Compared to the input IoU 

threshold, the output IoU threshold is higher, leading to more positive samples in the subsequent stage. The detector effect can 

gradually become more effective as the relationship between steps grows. The Cascade Mask R-CNN is a straightforward 

implementation of the Cascade R-CNN architecture. Although it significantly improves in mask AP. Cascade Mask R-CNN is 
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improved in this study, and a novel framework for instance segmentation, called the spatial attention inserted execution cascade 

(SAIEC), is proposed. This was done since the HTC technique served as the inspiration for this study. The precise strategies 

for improvement are as described below. 

 

4.2.3.1. Interleaved Implementation and Mask Information Flow 

 

As shown in Figure 4, the research led to improvements in the CNN. Although Cascade R-CNN incorporates communication 

between the two branches throughout training, this communication occurs in parallel. Consequently, researchers suggest 

interleaved execution, in which the box branch is performed first at each stage and then passed to the mask branch to forecast 

the mask, as demonstrated in Figure 4. In the diagram, the letter F represents the backbone system's characteristics, the letter P 

represents ROI pooling, and the letters Bi and Mi represent the stages. Not only does this increase contact among the various 

departments within each stage, but it also closes the gap between procedures. 

 

 
 

Figure 4: The progress made by the cascade mask head enhancement method, the cascade mask R-CNN system head, the 

execution in the head, and the final structure of the network head following the addition of mask information flow comprise 

the network head. 

 

On the other hand, in the Cascade Mask R-CNN, the only branch that affects the subsequent stage is the one currently being 

processed, and the mask branch connecting to it has no direct information flow. To address this issue, researchers introduced a 

connection between adjacent mask branches, as depicted in Figure 4. Based on the study's findings, the mask material flow was 

provided for the branch. This allowed M_(i+1) to acquire the characteristics of M_i. For the investigation, the Mi feature was 

utilised to perform embedding via a 1×1 convolution. Subsequently, the feature was entered into M_(i+1). By working in this 

manner, M_(i+1) acquired the features of not only the backbone but also the stage that preceded it. 

 

4.2.3.2. Spatial Attention Mask Head 

 

Using the attention approach, one can focus on key aspects while blocking out unnecessary noise [29]. The spatial mask head 

was developed by the study, inspired by the spatial attention mechanism [30]. The attention module was used to direct the mask 

head, which was meant to emphasise pixels that were not relevant to the study. For the study, an enhanced spatial attention 

module was developed and added before the transposed convolution. Four channels within the head must process the resized 

local features. In addition, the enhanced spatial attention module must be applied after the local features have been resized. To 

begin, the enhanced spatial attention module uses average and max pooling to create pooled features P_max and P_avg, 

respectively. These features are subsequently aggregated through concatenation. The sigmoid function is used to normalise the 

3 × 3 dilated convolution layer that follows. What follows is an overview of the calculation procedure: 

 

Xsa = Xi⨂sigmoid(D3×3(Pmax ∘ Pavg))                                                                 (3) 

 

Where ⊗ signifies element-wise multiplication, Xsa is the attention- map, D3×3 is the 3 × 3 conv layer, and ◦ symbolises the 

joining process. Then, the category of the particular mask is predicted using a 1 × 1 convolution, and a 2 × 2 deconvolution is 
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employed for upsampling. Researchers finished the design of the SAIEC framework's mask branch by combining the elements 

mentioned above. Incorporating a spatial attention mechanism to aid in object concentration and noise reduction, the spatial 

attention mask head also recovers the network's cross-stage information transfer. 

 

4.2.4. Hyper-Parameter Tuning Using an Improved Beetle Swarm Optimisation Algorithm 

 

There is a strong correlation between the beetle's initial position and the outcomes produced by the BAS algorithm. To put it 

another way, the initial location that is selected has a significant impact on the effectiveness and efficiency of the optimisation 

process. In PSO, birds in a flock are simulated by constructing massless particles. Each particle agrees to a fitness value that is 

defined by a fitness function. PSO is named after the particle swarm optimisation algorithm. A further improvement to the BAS 

procedure, inspired by the PSO algorithm, extends individuals into groups [31]. That would be the BSO procedure that will be 

presented. The fundamental idea behind the method is to employ the beetle as a substitute for the particles used in the swarm 

procedure. In other words, the BAS optimisation technique replaces the optimal values used in the particle swarm algorithm. 

In a particle swarm optimisation, the initial beetles are identical to the object being optimised. The manner in which the beetle's 

position is updated during the iterative process is not only dependent on the solution now being utilised by the individual beetle, 

but also on each succeeding iteration, where concentration. X = (X1, X2, . . , Xn) is used to space, where Xi = (xi1, xi2, … , xiS)
T 

is an S-dimensional vector that shows where beetle i is in the search space and could be a solution to the optimisation 

problem.Vi = (vi1, vi2, … , viS)
T is beetle i. The separate extreme is represented by Pi = (pi1, pi2, … , piS)

T , and the global 

danger is characterised by Pg = (pg1, pg2, … , pgS)
T. The speed and site updates of the BSO procedure can be uttered as shadows: 

 

xis
k+1 = xis

k + λvis
k + (1 − λ)ξis

k                                                                                                        (4) 

 

vis
k+1 = ωvis

k + c1r1(pis
k − xis

k ) + c2r2(pgs
k − xgs

k )                                                                                  (5) 

 

ξis
k+1 = δk ∗ vis

k ∗ sign (f(xrs
k ) − f(xls

k ))                                                                                  (6) 

 

xls
k+1 = xrs

k + vis
k ∗

d⃗⃗ 

2
; xls

k+1 = xls
k − vis

k ∗
d⃗⃗ 

2
                                                                                (7) 

 

Where s = 1,2, … . S; i = 1,2, … , n and k is the current sum of repetitions. Vis is expressed as the speed of the beetles, and ξis 

characterises the upsurge in the beetle site drive. The loosening factor (λ) and inertia weight (ω) are limits, and r1, r2 are random 

of (0; 1). The parameters c1 and c2 regulate the impression degree of the different beetles. Specifically, as inertial weight ω is 

increased in the BSO algorithm, the search range that corresponds to the particle expands. This implies that the algorithm has 

stronger global search but weaker local search. When the weight ω is smaller, the search range that corresponds to the atom is 

also higher. This means that the particle narrow has a stronger ability to search locally, while its ability to search globally is 

weaker. Given the goal of enhancing the inertia weight, this article proposes modifications to the BSO. Regarding the inertia 

weight formula, the following modifications are made in this paper: 

 

ω(k) = rand ∗ ωmin ∗ (1 − cosh) + ωmax ∗ cosh                                                                     (8) 

 

Where rand is a random variable (0, 1), ωmin = 0.4, ωmax = 0.9, h = πt/2kmax; and kmax is the maximum sum of repetitions 

during iteration. During the initial phase of the search, the enhanced strategy exhibits greater value and a slower rate of σ, which 

is advantageous for the algorithm in extending the duration of the global search. The likelihood of discovering an optimal 

global-scale solution has increased. By utilising the fast ω, the capability to continuously track the solution throughout the later 

stages of the search is enhanced, leading to the discovery of the global optimal key and improved system accuracy. The upgraded 

BAS procedure is merged with the PSO procedure to obtain the IBSO. This is done in accordance with the development factor 

in the BAS procedure. When the IBSO procedure is iterated, the site update works in conjunction with the apparatus to learn 

about update techniques that could accelerate overall progress and reduce the likelihood that the population will converge on 

an optimal solution given its local conditions. Not only does the IBSO algorithm belong to the global optimisation category, 

but it also possesses possibilities for exploration and development. Moreover, the linear grouping enhances the speed and 

accuracy of population optimisation, thereby making the method more stable. 

 

5. Results and Discussion 

 

As the hardware platform for the experiment, the research utilised a computer equipped with a GeForce RTX 3060 GPU (12 

GB) throughout the experiment. Python 3.8 and Python 1.8.1 were the versions of Python used in the compilation environment, 

and researchers used Python as the DL framework. Figure 5 illustrates the loss of learning rate and the batches utilised in the 

proposed model.  
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Figure 5: The training, validation, and learning rate of the final model 

 

5.1. Experimental Analysis of Proposed Model  

 

In Table 4, characterize the trial consequences related to OA using the F1 score. In the Accuracy (max) analysis, the ELM model 

achieved 0.8874, and the CNN model achieved 0.8940. The RNN model attained 0.7129, the LSTM model attained 0.8906, 

and the proposed model attained 0.9141. Then the Accuracy (avg) was 0.8839, the CNN model reached 0.8579, the RNN model 

reached 0.7078, the LSTM model reached 0.8763, and the lastly proposed model reached 0.9026. Then, the ELM, CNN, RNN, 

LSTM, and proposed models all achieved 20k in accuracy. Then the Epoch of ELM model attained 2, the CNN model attained 

13, the RNN model attained 13, the LSTM model attained 8, and the lastly proposed model attained 12. Then, the F1 scores 

were 0.8875 for the ELM model, 0.8816 for the CNN model, 0.7708 for the RNN model, 0.8887 for the LSTM model, and 

0.9018 for the proposed model. 

 

Table 4: According to the optimal accuracy score (F1), the results of the experiment 

 

Model ELM CNN RNN LSTM Proposed 

Precision 0.8828 0.8281 0.7081 0.8882 0.8795 

Data capacity 20 k 20 k 20 k 20 k 20 k 

Accuracy(max) 0.8874 0.8940 0.7139 0.8916 0.9141 

Accuracy(avg) 0.8939 0.8589 0.7078 0.8773 0.9126 

Data capacity 20 k 20 k 20 k 20 k 20 k 

Epoch 2 13 13 8 12 

F1 Score 0.8875 0.8826 0.7708 0.8887 0.9028 

Recall 0.8947 0.9514 0.8562 0.8929 0.9157 

Epoch 2 4 5 23 10 

 

Then the Recall of the ELM model was 0.8947, the CNN model was 0.9504, the RNN model was 0.8562, the LSTM model 

was 0.8919, and the lastly proposed model attained 0.9057. Then the Precision of the ELM model was 0.8818, the CNN model 

was 0.8281, the RNN model was 0.7081, the LSTM model was 0.8872, and the lastly proposed model attained 0.8975. Then, 

the ELM, CNN, RNN, LSTM, and proposed models all achieved 20k in accuracy. Then the Epoch of ELM model attained 2, 

the CNN model attained 4, the LSTM model attained 5, the RNN model attained 23, and the lastly proposed model attained 10 

in accuracy.  

 

Table 5: Experimental consequences leading to optimal data capacity 

 

Model ELM Proposed CNN RNN LSTM 

Accuracy(max) 0.87 0.902 0.825 0.726 0.879 

Precision 0.868 0.901 0.830 0.696 0.874 

Data capacity 11 k 13 k 7 k 7.5 k 12.5 k 

Accuracy(avg) 0.86 0.874 0.805 0.711 0.855 

Data capacity 9.5 k 13 k 6.5 k 14 k 12.5 k 

Epoch 10 10 10 10 10 
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F1 Score 0.87 0.901 0.813 0.694 0.877 

Recall 0.88 0.905 0.799 0.890 0.886 

Epoch 10 10 10 10 10 

 

In Table 5, characterise the experimental consequences that yield optimal data volume. In the analysis of Accuracy(max), the 

ELM model attained 0.871, the proposed model attained 0.902, the CNN model attained  0.825, the RNN model attained 

0.726, and the LSTM model attained the optimal data capacity of 0.879. Then the CPrecisionC0.868, and then the RNN model 

attained 0.901, and the CNN model attained 0.830; the RNN model attained 0.696, and the LSTM model attained the optimal 

data capacity of 0.874. Then the ELM model volume reached 11 k, the proposed model reached 13 k, the RNN model reached 

7 k, the RNN model reached 7.5 k, and the LSTM model reached the optimal data capacity of 12.5 k. Then the Accuracy (avg) 

of the ELM model was 0.862, the proposed model was 0.874, the CNN model was 0.805, the RNN model was 0.711, and the 

LSTM model was 0.855, corresponding to the optimal data capacity.  

 

Then, the ELM model attained 9.5 k, the proposed model attained 13 k, the CNN model attained 6.5 k, the RNN model attained 

14 k, and the LSTM model attained the optimal data capacity of 12.5 k. Then the Epoch of ELM model attained 10, the proposed 

model attained 10, the CNN model attained 10, the RNN model attained 10, and the LSTM model attained the optimal data 

capacity of 10. Then, the F1 scores were 0.875 for the ELM model, 0.901 for the proposed model, 0.813 for the CNN model, 

and 0.694 for the RNN model. Lastly, the LSTM model attained the optimal data capacity of 0.877. Then the Recall of the ELM 

model was 0.887, the proposed model was 0.905, the CNN model was 0.799, the RNN model was 0.890, and the LSTM model 

attained the optimal data capacity of 0.886. The ELM model attained 10, the proposed model attained 10, the CNN model 

attained 10, the RNN model attained 10, and the LSTM model attained the optimal data capacity of 10. 

 

Table 6: Overall accuracy (OA) and training time were cut by five times for the same model that was taught in five different 

batch sizes 

 

Batch Size OA Training Time 

8 93.54 ± 0.67 3 h 45 min 

16 93.65 ± 0.73 1 h 56 min 

32 93.59 ± 0.74 1 h 06 min 

64 93.43 ± 0.71 34 min 

128 93.45 ± 0.83 19 min 

 

According to the data presented in Table 6, the training time and overall accuracy (OA) have increased by a factor of 5 for the 

same pattern that was learned across five different batch sizes. With a batch size of eight, the average overall accuracy was 

93.54 ± 0.67, and the training time was 3 hours and 45 minutes. With a batch size of 16, the average overall accuracy was 93.65 

± 0.73, and the training time was 1 hour and 56 minutes. For a batch size of 32, the average overall accuracy was 93.59 ± 0.74, 

and the training time was 1 hour and 6 minutes. After that, a 64-batch size yielded an average overall accuracy of 93.43 ± 0.71 

and a training time of 34 minutes. Following that, a batch size of 128 was selected, yielding an average overall accuracy of 

93.45 ± 0.83, and the training time was 19 minutes.  

 

6. Conclusion and Future Work 

 

Based on a deep neural network, a new framework is proposed for categorising pear leaf disease in a complex background. The 

experiments demonstrate that the proposed method is effective for segmenting pear leaves and classifying diseases that affect 

them. Our conclusion that the DBPN enables high-precision leaf extraction while preserving whole-edge lesion information to 

assist in high-precision lesion classification is supported by the findings. The purpose of this paper was to develop the Swin 

transformer for the classification of input segmented images by analysing the benefits and drawbacks of both transformers and 

CNNs. Additionally, researchers designed the (LPSW) backbone network. In conclusion, the suggested model developed the 

(SAIEC) network framework with the intention of enhancing the accuracy of mask prediction for classification tasks.  

 

The novel combination of CNNs and transformers, which leverages the strengths of both local and global information, has the 

potential to dramatically improve object detection accuracy. Incorporating the interweaved execution construction and the 

enhanced unit into the mask head can reduce noise and improve the network's ability to predict the mask. On the other hand, 

due to the limited availability of public datasets and photos of pear leaf diseases, research on the topic focuses on only three 

illnesses: pear leaf black spot, pear leaf rust, and pear leaf slug. Additionally, the number of diseases that can be identified is 

rather low. It is possible that in the future, the research may concentrate on broadening the scope of the data sets and disease 

classifications.  
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