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Abstract 

In response to the low efficiency and insufficient accuracy of traditional detection methods when facing 

micro defects, a micro defect detection method for electronic components on the basis of blending attention 

and Full-Scale Feature Enhancement Module (FFEM) is proposed. This method proposes a blending attention 

by combining spatial and channel domain attention, and incorporates a bidirectional feature pyramid structure 

to achieve multi-scale feature fusion, thereby improving the efficiency of feature extraction. The test results on 

the PCB and NEU-DET datasets showed that the Weighted Blending Attention Module (WBAM) achieved the 

average accuracy by about 10%, 15%, and 20% respectively at thresholds of (Mean Average Precision, 

mAP)@0.5, mAP@0.75, and mAP@0.9. The FFEM also significantly improved in precision and recall, with 

an average precision increase of 12% and a recall increase of 18%. In addition, the model that combined WBAM 

and FFEM further improves its performance indicators, with an F1-score increase of about 4%, accuracy 

increase of about 3%, and recall increase of about 5%. The research provides efficient and accurate new 

technological solutions for detecting micro defects in the electronic industry, which is of great significance for 

improving production quality and reducing production costs. The proposed module in this method is highly 

versatile. Its feature enhancement mechanism for detecting minor defects provides a transferable technical 

solution for similar fine detection problems in industrial vision. 
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1. INTRODUCTION 

 

With the updating and iteration of electronic 

industry technology, electronic components, as the 

core of modern electronic devices, directly affect 

product performance and safety. During the 

production process, micro defects such as cracks and 

holes often occur. If they cannot be accurately 

detected, it will cause huge losses. However, 

traditional detection methods are inefficient and 

inaccurate, which limits their ability to meet the 

current demand for high-precision detection of 

electronic components. In this context, Liu et al. 

proposed a Swin converter architecture to address 

the imbalanced Integrated Circuit (IC) defect 

samples and difficulties in defect detection and 

segmentation in electronic component welding 

defect detection. The results showed that the method 

successfully solved the sample imbalance, improved 

the Mean Average Precision (mAP) in IC pin 

welding defect detection, and increased the detection 

speed [1]. Wu et al. built a deep learning model 

method relying on generative adversarial networks 
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and Convolutional Neural Networks (CNN) to 

address the sample imbalance in electronic product 

detection. This method could increase the number of 

electronic component sample images required for 

training, thereby improving detection accuracy [2]. 

Weiss et al. proposed a Cybord AI detection method 

to address the device failure caused by the exposure 

of electronic component pins to adverse 

environments during the assembly process. The 

results indicated that the artificial intelligence 

detection system could effectively detect and prevent 

pollution problems in electronic assembly [3]. Wang 

et al. built a YOLOv5 detection model for automatic 

visual inspection of defects in smart grid 

transmission lines and electrical equipment. The 

accuracy and recall reached 96.8% and 93.3%, 

significantly improving the detection performance of 

key targets and defects [4]. Dong et al. built an 

improved method to address the severe impact of 

scaling on image components for unmanned aerial 

vehicle (UAV) detection of transmission lines. The 

results indicated that the detection accuracy of this 

method was significantly improved on the CPLID 

dataset. The mAP50 and mAP for relatively small 

and medium targets were improved compared with 

the baseline [5]. 

Driven by deep learning technology and CNN 

architecture, Weighted Blending Attention Module 

(WBAM) and Full-Scale Feature Enhancement 

Module (FFEM) have become a hot topic. WBAM 

and FFEM technologies are largely applied in image 

classification, object detection, and image 

segmentation, and are also extensively researched in 

computer vision. Guan et al. proposed a new "plug 

and play" blending attention module to address the 

the difficulty of traditional CNN in obtaining global 

information and detecting partial occlusions in 

object detection. The results indicated that the 

proposed model could better detect obstructions and 

outperformed other lightweight models [6]. Zhang et 

al. proposed a remote sensing scene classification 

model on the basis of multi-scale features and 

blending attention mechanism to address the target 

scale difference, complex spatial distribution, and 

class similarity in high-resolution remote sensing 

image classification. The experiment showed that 

the classification accuracy was as high as 97.29%, 

which was superior to other advanced models on 

classification performance and computational 

efficiency [7]. Ni et al. proposed a novel blending 

attention attack method to address the insufficient 

research on the robustness of deep learning 

translation and the challenge of adversarial attack 

generation. This method achieved the highest attack 

performance when attacking three high-performance 

translation models [8]. Jiang M built an attention 

guided full-scale feature aggregation network to 

address the insufficient multi-scale feature fusion 

and information redundancy leading to poor model 

fitting in high-resolution remote sensing images. The 

F1-score and Intersection over Union (IoU) were 

improved on both public datasets, outperforming 

other mainstream methods [9]. Cao et al. designed a 

CNN relying on dual-attention mechanism and 

multi-scale feature fusion to address the image 

occlusion and human scale changes in human pose 

estimation. The network demonstrated effectiveness 

in benchmark testing [10]. 

In summary, existing research has made 

excellent progress in the field of electronic 

component micro defect detection, blending 

attention, and FFEM. However, there is still a long 

tail distribution defect problem in the balance 

between detection accuracy and speed. Therefore, a 

method for detecting micro defects in electronic 

components based on blending attention and FFEM 

is proposed to optimize the detection speed, 

recognition range, and accuracy of micro defects in 

electronic components. The innovation of the 

research lies in utilizing the Spatial Attention Net 

(SAN) mechanism to focus on the graphic position 

and learn positional weights to highlight important 

regions, thereby improving the efficiency of feature 

extraction. Combining SAN and Channel Attention 

Mechanism (CAM), WBAM is proposed to improve 

the speed of detecting micro defects. In addition, the 

model offers a more efficient solution for detecting 

micro defects in electronic components. 

 

2. METHODS AND MATERIALS 

 

The study first combines SAN and CAM for 

weighted fusion to generate a blending attention 

model. Secondly, the study constructs an FFEM 

based on a bidirectional feature pyramid and 

incorporates a full-scale deep supervision 

mechanism [11-12]. Finally, a micro defect detection 

model on the basis of blending attention and FFEM 

is constructed. 

 

2.1. Construction of micro defect detection 

model based on blending attention 

Existing detection methods often fail to 

accurately identify micro defects in electronic 

components due to their extremely small size. The 

attention mechanism can improve the detection 

accuracy by guiding the model to emphasize key 

areas in the input data. Therefore, a WBAM model 

is proposed based on the spatial and channel 

domains. This model utilizes the attention weights of 

spatial and channel domains through weighted 

superposition, improving the efficiency and 

accuracy of feature extraction [13-14]. SAN 

emphasizes the positional information of each pixel, 

highlighting important regions by learning the 

weights of each position, as presented in Figure 1. 

Figure 1 presents the SAN. The structure first 

sums up each feature point on the channel. 

Afterwards, the dimension of the feature layer is 

changed from H×W×1 to 1× (H×W). Then, the 

summed feature layer is activated using the Softmax 

function, and the Softmax output is rescaled to 

H×W×1. Finally, the reshaped weights are 

multiplied  by  the  original  feature  layer  to get the 
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Fig. 1. Schematic diagram of SAN structure (Source from: Author's self drawn) 

 

output result. Before performing weighted fusion, 

attention coefficients need to be calculated. Firstly, 

feature map F is subjected to two different types of 

pooling, namely, global average and global 

maximum, in order to generate spatial statistics, as 

shown in equation (1). 

{
𝐹𝑔𝑎𝑝(𝑖, 𝑗) =

1

𝐶
∑ 𝐹𝑐(𝑖, 𝑗)𝐶

𝑐=1

𝐹𝑔𝑚𝑝(𝑖, 𝑗) = 𝑀𝐴𝑋𝐶𝐹𝑐(𝑖, 𝑗)
         (1) 

In equation (1), 𝐹𝑐(𝑖, 𝑗) represents the eigenvalue 

of the 𝐶  -th channel at spatial position (𝑖, 𝑗) . 

𝐹𝑔𝑎𝑝(𝑖, 𝑗)  represents performing a global average 

pooling operation on the eigenvalues of all 𝐶 

channels at position (𝑖, 𝑗) . 𝐹𝑔𝑚𝑝(𝑖, 𝑗)  represents 

performing a global max pooling operation on the 

eigenvalues of all 𝐶 channels at position (𝑖, 𝑗). 𝐹𝑔𝑎𝑝 

and 𝐹𝑔𝑚𝑝  are concatenated along the channel 

dimension and spatial features are extracted through 

convolutional layers, as shown in equation (2). 

𝐹𝑠𝑝𝑎𝑡𝑖𝑎𝑙 = 𝐶𝑜𝑛𝑣(𝐹𝑔𝑎𝑝 ⊕ 𝐹𝑔𝑚𝑝)             (2) 

In equation (2), 𝐶𝑜𝑛𝑣 represents the convolution 

operation. 𝐹𝑠𝑝𝑎𝑡𝑖𝑎𝑙  represents the final spatial feature 

map. ⊕  represents channel dimension 

concatenation. Finally, the spatial attention weight 

matrix is produced by activating the Sigmoid 

function, as shown in equation (3). 

𝐺𝑡 = 𝜎(𝐹𝑠𝑝𝑎𝑡𝑖𝑎𝑙)                        (3) 

In equation (3), 𝜎  represents the activation 

function. 𝐺𝑡  represents the spatial attention 

coefficient matrix. The SAN coefficient matrix is 

calculated. CAM models the dependency 

relationships between channels to determine the 

importance of feature channels. The current typical 

CAM algorithm structure is the Squeeze-and-

Excitation Block (SE Block) [15], as shown in 

Figure 2. 

Figure 2 shows the SE Block structure diagram. 

The first step is to start from a single image and 

extract image features. Then, the dimensions of 

feature map [H,W]  are averaged or maximally 

pooled, and the weights of each channel are obtained 

through a Multi-Layer Perceptron (MLP) network. 

Finally, the weight is applied to feature map 

𝑈[C,H,W] . The input 𝐹  undergoes global average 

pooling, a process that extracts global information 

from each channel, as shown in equation (4). 

𝐹𝑔𝑎𝑝 =
1

𝐻⋅𝑊
∑ ∑ 𝐽(: , ℎ, 𝑤)𝑊

𝑤=1
𝐻
ℎ=1 ∈ 𝑅𝐶      (4) 

In equation (4), 𝐽 represents a three-dimensional 

array with dimensions of C×W×H. 𝐻 signifies the 

height size of the three-dimensional array 𝐽 . 𝑊 

signifies the width size of the three-dimensional 

array 𝐽. 𝐶 signifies the channel dimension size of the 

three-dimensional array 𝐽. 𝐽(: , ℎ, 𝑤) represents the 𝐶 

-dimensional vector of the three-dimensional array 𝐽 

at the height and width positions. Two Fully 

Connected Layers (FCLs) are used to perform 

nonlinear transformation on channel information. 

The output of the first FCL is shown in equation 5. 

𝐹𝑓𝑐1 = 𝐹𝐶1(𝐹𝑔𝑎𝑝, 𝑊𝑓𝑐1) + 𝑏𝑓𝑐1 ∈ 𝑅𝐶/2       (5) 

In equation (5), the output of the FCL 𝐹𝑓𝑐1 

signifies an 𝐶/2-dimensional vector. 𝐹𝐶1 signifies 

the first FCL. 𝑊𝑓𝑐1 signifies the weight matrix of the 

𝐹𝐶1 . 𝑏𝑓𝑐1  represents the bias vector of the 𝐹𝐶1 . 

Afterwards, the model is activated with the ReLU 
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Fig. 2. SE Block structure diagram (The physical image in the picture is sourced from: 

https://colorhub.me/photos/Zwoxk) 
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function and the second FCL is output, as shown in 

equation (6). 

𝐹𝑓𝑐2 = 𝐹𝐶2((ReLU(𝐹𝑓𝑐1) ∈ 𝑅
𝐶

2), 𝑊𝑓𝑐2) +

𝑏𝑓𝑐2 ∈ 𝑅𝐶                           (6) 

In equation (6), 𝐹𝐶2 represents the second FCL. 

ReLU represents the modified linear unit activation 

function. 𝑊𝑓𝑐2  signifies the weight matrix of the 

𝐹𝐶2. 𝑏𝑓𝑐2 represents the bias vector of the 𝐹𝐶2, with 

a dimension of 𝐶. 𝐹𝑓𝑐2 represents the output of the 

𝐹𝐶2. Finally, the CAM weight vector is generated 

through the activation function, as shown in equation 

7. 

𝐺𝑑 = 𝜎(𝐹𝑓𝑐2) ∈ 𝑅𝐶                   (7) 

In equation (7), 𝜎  represents the Sigmoid 

activation function. 𝐺𝑑  represents the final output 

CAM weight vector. The attention coefficients and 

their weights of the obtained spatial and channel 

domains are weighted and fused to obtain the 

WBAM coefficient 𝐺𝑐𝑚𝑓 , as shown in equation (8). 

𝐺𝑐𝑚𝑓 =
𝛾𝑑⋅𝐺𝑑+𝛾𝑡⋅𝐺𝑡

𝛾𝑑+𝛾𝑡+∈
               (8) 

In equation (8), 𝛾𝑑 represents the weight scalar of 

CAM, used to measure their respective importance. 

𝛾𝑡  represents the weight scalar of SAN, used to 

measure their respective importance. ∈  represents 

the constant used to prevent situations where the 

denominator is zero. 𝐺𝑐𝑚𝑓  represents the WBAM 

coefficient. The WBAM coefficient 𝐺𝑐𝑚𝑓  is element 

wise multiplied with the original 𝐹 to get the final 

blending attention feature map, as shown in equation 

(9). 

𝐹𝑤𝑏𝑎𝑚 = 𝐹 ⊙ 𝐺𝑐𝑚𝑓                  (9) 

In equation (9), ⊙  represents element level 

multiplication. 𝐹 represents the original feature map. 

𝐹𝑤𝑏𝑎𝑚 represents a blending attention feature map. 

The novelty of the WBAM theory lies in the 

proposal of an adaptive weighted fusion mechanism. 

It dynamically balances the contributions of channel 

and spatial attention through learnable weight 

parameters, rather than simply adding or 

concatenating. This enables the model to adaptively 

adjust the attention focus based on the input features, 

enhancing the flexibility of feature selection. The 

module flowchart of WBAM is shown in Figure 3. 

The complete weighted fusion attention module 

is shown in Figure 3. In the upper part of the figure, 

the input feature map receives global average 

pooling operation, and then sequentially passes 

through two FCLs. The nonlinearity is introduced 

using the ReLU  activation function and channel 

weight maps are obtained. The original feature map 

in the lower part of the figure first goes through a 

convolutional layer, uses the ReLU  activation 

function, and then goes through the convolutional 

layer again. Finally, the spatial weight map is 

generated using the Sigmoid. The spatial weight map 

is multiplied element by element with the 𝐹, and the 

result is weighted and summed with the 𝐹. Finally, it 

is input into the Sigmoid to further modify the 

features and obtain the final output feature map. 

 

2.2. Construction of micro defect detection 

model for electronic components based on 

blending attention and FFEM 

The defect detection model relying on blending 

attention can focus on key areas in the feature map, 

highlight important information, and has high 

detection accuracy and good feature extraction 

ability. However, the model still has limitations on 

computational resource consumption and 

robustness. Therefore, the study further introduces 

FFEM to optimize the detection model. FFEM can 

extract and fuse features, improving the model's 

feature extraction and classification capabilities, 

making it more robust in complex backgrounds and 

detecting micro defects. FFEM constructs rich 

feature representations by extracting multi-scale 

features from input features [16]. It mainly has 

feature extraction, feature fusion, and feature 

enhancement. The architectural innovation of FFEM 

lies in the integration of bidirectional feature 

pyramids and full-scale deep supervision. Through 

the bidirectional path, it achieves complementary 

enhancement of details and semantic information, 

and combines multi-layer auxiliary loss functions to 

strengthen multi-scale feature learning, thereby 

improving the feature representation ability for 

minor defects. 

During feature extraction, three parallel 

convolutional layers are taken to extract feature 

maps, as shown in equation (10). 

{

𝐹𝑠𝑚𝑎𝑙𝑙 = 𝐶𝑜𝑛𝑣1×1(𝐹)
𝐹𝑚𝑒𝑑𝑖𝑢𝑚 = 𝐶𝑜𝑛𝑣3×3(𝐹)

𝐹𝑙𝑎𝑟𝑔𝑒 = 𝐶𝑜𝑛𝑣5×5(𝐹)
             (10) 
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Fig. 3. Weighted fusion attention frame diagram (Source from: Author's self drawn) 
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In equation (10), 𝐶𝑜𝑛𝑣1×1  signifies the 

convolution operation using a 1×1 convolution 

kernel. 𝐶𝑜𝑛𝑣3×3  represents the convolution 

operation using a 3×3. 𝐶𝑜𝑛𝑣5×5  signifies the 

convolution operation using a 5×5. Cross-scale 

feature fusion takes a bidirectional feature pyramid 

structure to achieve cross-scale information 

exchange. This structure can extract multi-scale 

features and achieve cross-scale information 

exchange, enhance feature expression ability, and 

effectively solve the incomplete single scale feature 

information. The expression is shown in equation 

(11). 

𝐹𝑖
𝑡𝑜𝑝−𝑑𝑜𝑤𝑛

= Upsample(𝐹𝑖+1
𝑡𝑜𝑝−𝑑𝑜𝑤𝑛

) ⊕ 𝐹𝑖  (11) 

In equation (11), Upsample  represents the 

upsampling operation. 𝐹𝑖+1
𝑡𝑜𝑝−𝑑𝑜𝑤𝑛

 represents the 

top-down feature of the 𝑖 + 1-th layer. 𝐹𝑖 represents 

the original features of the 𝑖  -th layer. 𝐹𝑖
𝑡𝑜𝑝−𝑑𝑜𝑤𝑛

 

represents the top-down feature of the 𝑖  -th layer. 

The bottom-up path is used to convey detailed 

information, as shown in equation (12). 

𝐹𝑖
𝑏𝑜𝑡𝑡𝑜𝑚−𝑢𝑝

=

𝐶𝑜𝑛𝑣3×3(𝐶𝑜𝑛𝑐𝑎𝑡(𝐹𝑖
𝑡𝑜𝑝−𝑑𝑜𝑤𝑛

, 𝐹𝑖−1
𝑏𝑜𝑡𝑡𝑜𝑚−𝑢𝑝

))             (12) 

In equation (12), 𝐹𝑖
𝑏𝑜𝑡𝑡𝑜𝑚−𝑢𝑝

 represents the bottom-

up feature fusion result of the 𝑖 -th layer. 𝐹𝑖−1
𝑏𝑜𝑡𝑡𝑜𝑚−𝑢𝑝

 

represents the bottom-up feature of the 𝑖 − 1 -th 

layer. 𝐶𝑜𝑛𝑐𝑎𝑡  represents the feature concatenation 

operation. The fused feature enhancement is 

enhanced through the input blending attention 

module, as shown in equation (13). 

𝐹𝑒𝑛ℎ𝑎𝑛𝑐𝑒𝑑 =
WHA(𝐶𝑜𝑛𝑐𝑎𝑡(𝐹𝑡𝑜𝑝−𝑑𝑜𝑤𝑛 , 𝐹𝑏𝑜𝑡𝑡𝑜𝑚−𝑢𝑝))            (13) 

In equation (13), 𝐶𝑜𝑛𝑐𝑎𝑡 represents the feature 

quantity obtained through enhancement. WHA 

represents the blending attention module constructed 

in the previous text. Figure 4 displays the FFEM. 

Figure 4 is an FFEM based on a bidirectional 

feature pyramid structure. The input feature map is 

processed through a multi-scale feature extraction 

layer, and features F1, F2, and F3 of different scales 

are extracted through different convolution kernels. 

The extracted features are input into top-down and 

bottom-up feature paths, and upsampling, feature 

fusion, concatenation, and convolution operations 

are performed, respectively. Finally, the features of 

the bidirectional path are fused to obtain the 

enhanced feature Fenhanced, achieving 

complementarity and enhancement of details and 

semantic information. A full-scale deep supervised 

network is added to the model, and auxiliary 

classifiers are introduced at multiple levels of the 

network to alleviate gradient vanishing and enhance 

shallow feature discriminative ability [17-18], as 

shown in equation (14). 

𝐿𝑎𝑢𝑥
𝑘 = CrossEntropy(𝑦,Classifier(𝐹𝑒𝑛ℎ𝑎𝑛𝑐𝑒𝑑

𝑘 )   (14) 

In equation (14), 𝐿𝑎𝑢𝑥
𝑘  represents the auxiliary 

loss of the 𝑘  -th layer. CrossEntropy  signifies the 

cross-entropy loss function. Classifier represents the 

classifier. 𝐹𝑒𝑛ℎ𝑎𝑛𝑐𝑒𝑑
𝑘  signifies the enhanced features 

of the 𝑘  -th layer. 𝑦  signifies the true label. The 

research incorporates loss functions to enhance 

balance in classification [19-20], as shown in 

equation (15). 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑚𝑎𝑖𝑛 + 𝜆 ∑ 𝐿𝑎𝑢𝑥
𝑘3

𝑘=1               (15) 

In equation (15), 𝐿𝑚𝑎𝑖𝑛 represents the loss of the 

main output layer. 𝐿𝑚𝑎𝑖𝑛 represents the total output 

layer loss. 𝜆 represents the weight coefficient used to 

balance the contributions of the main loss and 

auxiliary loss in the total loss. 

The specific value of the balance coefficient 𝜆 

was determined through ablation experiments on the 

validation set, and the final selected value was the 

one that resulted in the best model performance. The 

structure diagram of the full-scale deep supervision 

network is shown in Figure 5. 
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Fig. 4. Overall framework diagram of the FFEM (Source from: Author's self drawn) 
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Fig. 5. Full-scale deep supervision network architecture diagram (Source from: Author's self drawn) 

 

In Figure 5, the architecture takes a 256×256×3 

image as input, undergoes convolution and pooling 

processing from Stage 1 to Stage 4, and performs 

feature reuse between Stage 3 and Stage 4. After 

each stage, the dimensionality is adjusted through 

1×1 convolution. After global average pooling, the 

main classifier and auxiliary classifier calculate the 

L_main and L_aux1-3 losses, respectively. The final 

total loss L_total is composed of the main loss and 

weighted auxiliary loss, achieving multi-scale 

feature utilization and auxiliary supervision. Finally, 

a micro defect detection model for electronic 

components combining WBAM and FFEM is 

constructed. The model structure diagram is shown 

in Figure 6. 
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Fig. 6. Structure diagram of a micro defect detection model combining blending attention and FFEM (Source 

from: Author's self drawn) 
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In Figure 6, the input image is preprocessed, and 

shallow, middle, and deep feature maps are extracted 

through a backbone network, and then subjected to 

partial detail enhancement, cross-scale feature 

fusion, and global semantic enhancement operations. 

The processed models are combined and a feature 

pyramid is constructed. The pyramid features are 

weighted by a blending attention module and then 

aggregated at multiple scales to enter the defect 

detection head. Detection classification, localization, 

and segmentation are implemented at the detection 

head. Finally, the detection results are output. The 

structure integrates WBAM and FFEM (WBAM-

FFEM), and improves defect detection accuracy 

through cross-scale feature interaction and feature 

weighting, ensuring accurate and reliable 

classification, localization, and segmentation results. 

 

3. RESULTS 

 

The study first validates key indicators such as 

detection accuracy and recall of the electronic 

component micro defect detection model. Secondly, 

the same indicators for the FFEM-based electronic 

component micro defect detection model are 

validated. Finally, the performance metrics and 

resource consumption of the WBAM and FFEM 

models are compared with other models. 

 

3.1. Performance verification of micro defect 

detection model for electronic component 

based on blending attention 

To verify the actual performance, some 

comparative experiments are performed. This study 

selected widely adopted and performance-stable 

classic models such as YOLOv5 and Faster R-CNN 

as the main baselines, aiming to conduct a fair and 

reproducible comparison with the recognized 

benchmarks in the field, thereby clearly verifying the 

effectiveness of the proposed WBAM and FFEM 

modules themselves. Before training and testing, the 

experimental environment and dataset are 

configured. The hardware system configuration and 

software system parameters required for the research 

are presented in Table 1. 

According to Table 1, the environment required 

for experimental validation needs to be configured, 

and a test dataset needs to be prepared for training 

and testing the model. The publicly available PCB 

defect dataset prepared for the experiment includes 

typical defects of six electronic components: missing 

holes, mouse bites, open circuits, short circuits, 

stray, and pseudo copper. It is suitable for analyzing 

the generalization of micro defects. The surface 

defects such as scratches and inclusions in NEU-

DET steel dataset are highly similar to the surface 

damage of electronic components and have micro 

target characteristics, which are often transferred to 

microelectronic defect detection tasks. This study 

used the publicly available PCB and NEU-DET 

datasets for validation. The main considerations 

were as follows: Firstly, the types of defects 

contained in these datasets are highly similar in 

morphology, scale, and appearance to the common 

micro-defects in the actual production of electronic 

components, providing an appropriate benchmark 

for the verification of the core capabilities of this 

method. Secondly, testing on public benchmarks is 

conducive to conducting fair and reproducible 

performance comparisons with existing mainstream 

methods, and establishing the relative advantages of 

the method. Although industrial site data is usually 

more complex, by validating the model's capabilities 

in small target detection, multi-scale feature fusion, 

and subtle feature discrimination on such 

challenging public datasets, it can provide strong 

support for the potential generalization of the 

method in real scenarios. Before delving into the 

performance, the convergence during the training 

and validation process is analysed. The F1-score and 

loss value are key indicators for evaluating the 

learning effectiveness of a model, which can 

intuitively reflect the performance in different 

iteration processes. 

 

 

Table 1. Hardware and software configuration parameters table 

Category Item Model/Version 

Hardware 

Computer host 
Intel Core i7-10700K, 16GB DDR4 3200MHz RAM, 

256GB SSD, 1TB HDD 

GPU accelerator card NVIDIA RTX 3080, 10GB+ VRAM 

Camera 1920×1080 resolution, 30fps frame rate, autofocus 

Image acquisition card 
Compatible with camera, supports multiple resolutions 

and formats 

Electronic component stage Adjustable angle and position, with lighting equipment 

Server 
Multi-GPU configuration, scalable based on data and 

computation needs 

Software 

Operating system Linux Ubuntu 20.04 

Deep learning framework PyTorch 1.9.x 

Data processing tools Python 3.8+, NumPy, Pandas, OpenCV 

Image annotation tool labelImg  

Model evaluation tools Scikit-learn, TensorBoard 

Visualization tools Matplotlib, Seaborn 

Database management system MySQL 
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CNN for Biomedical Image Segmentation (U-

Net) is a type of CNN used for biomedical image 

segmentation, which can effectively handle image 

segmentation tasks. DeepLab Version 3 Plus 

(DeepLab v3+) is a model for semantic image 

segmentation, suitable for semantic segmentation 

tasks in complex scenes. U-Net with Convolutional 

Block Attention Module (U-Net+CBAM) introduces 

CBAM on the basis of U-Net to optimize the ability 

to obtain key features. The following compares the 

F1-score and loss values of four models during the 

iteration process, as shown in Figure 7. 
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Fig. 7. Diagram of the iterative process of 

network results (Source from: Author's self 

drawn) 

From Figures 7 (a), 7 (b), 7 (c), and 7 (d), WBAM 

exhibited faster convergence speed and higher F1-

score during training and validation compared with 

other models. Specifically, the F1-score of WBAM 

during final convergence increased by about 15% 

compared with UNet+CBAM, about 20% compared 

with U-Net, and about 18% compared with 

DeepLabV3+. Meanwhile, WBAM had the lowest 

loss value. These data indicate that WBAM has 

significantly improved both training efficiency and 

detection accuracy. mAP is widely used as a 

performance evaluation metric for object detection 

tasks, which can fully reflect the detection precision 

and recall. The study takes multiple mAP thresholds 

for evaluation, comprehensively measuring the 

detection ability. The specific comparison is shown 

in Figure 8. 
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Fig. 8. Comparison of defect detection 

performance for electronic components under 

multi-model and multi-threshold (Source 

from: Author's self drawn) 

 

Figure 8 (a) compares the overall detection 

performance of You Only Look Once Version 5 

(YOLOv5), Faster Regions with CNN (Faster-R-

CNN), Focal Loss for Dense Object Detection 

(RetinaNet), Detection Transforms (DETR), and 

WBAM at three different mAP thresholds of 0.5, 

0.75, and 0.9. WBAM had an average accuracy 

improvement of about 10% at mAP@0.5, about 15% 

at mAP@0.75, and about 20% at mAP@0.9. Figure 

8 (b) shows the detection performance of WBAM for 

different types of defects at mAP@0.9. The 

detection accuracy of WBAM was improved by 

about 25% in solder joint defects, about 30% in tiny 

scratches, about 20% in pin bend, about 25% in 

oxidation, and about 20% in cracks compared with 

other models. These data indicate that WBAM 

exhibits higher detection accuracy and robustness 
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compared with other models. The confusion matrix 

can visually display the performance differences of 

different attention models in multi-class defect 

classification tasks, as shown in Figure 9. 
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Fig. 9. Structure diagram of a micro defect 

detection model combining blending attention 

and FFEM (Source from: Author's self 

drawn) 

 

The classification results of CAM and WBAM 

for five types of defects are shown in Figure 9. 

WBAM improved accuracy by 4.6% compared with 

SAM in the "normal" category, 18% in the "scratch" 

category, 2.2% in the "hole" category, 2.4% in the 

"welding defect" category, and 15.4% in the "pin 

bend" category. This indicates that the blending 

attention model has stronger capabilities in feature 

extraction and classification, which can more 

accurately identify and distinguish different types of 

defects. 

 

3.2. Performance verification of electronic 

component micro defect detection model 

based on FFEM 

The above experimental research has verified the 

excellent performance of the WBAM-based 

electronic component micro defect detection model 

in improving detection accuracy and robustness. 

Based on FFEM, the micro defects in electronic 

components is further detected by, taking precision 

and recall as key indicators, as shown in Figure 10. 
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Fig. 10. Comparison of precision and recall of 

different models (Source from: Author's self 

drawn) 

 

Figures 10 (a) and 10 (b) show the precision and 

recall. Between the threshold range of 0.1-0.9, 

FFEM improved the average precision by about 12% 

compared with YOLOv5, about 10% compared with 

Faster R-CNN, and about 15% compared with 

DeepLabv3+. The average recall of FFEM within the 

same threshold range increased by about 18% 

compared with YOLOv5, about 13% compared with 

Faster R-CNN, and about 22% compared with 

DeepLabv3+. The data results indicate that FFEM is 

suitable for defect detection tasks that require high 

precision and high recall. Further research is 

conducted to visually demonstrate the classification 

performance of each model on different categories 

through a confusion matrix, as shown in Figure 11. 

According to Figures 11 (a), 11 (b), 11 (c), and 

11 (d), in normal category detection, the accuracy of 

FFEM was improved by 10%, 3%, and 10% 

compared with YOLOv5, Faster R-CNN, and 

DeepLabv3+, respectively. In scratch category 

detection, the accuracy of FFEM was increased by 

13%, 5%, and 13% compared with YOLOv5, Faster 

R-CNN, and DeepLabv3+. For hole category 

detection, the accuracy of FFEM was improved by 

10%, 7%, and 3% compared with YOLOv5, Faster 

R-CNN, and DeepLabv3+. The classification 

accuracy of FFEM was significantly higher than 

other models in all categories, indicating that the 

research model can identify and distinguish different 

types of defects.  
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Fig. 11. Comparison of confusion matrices for 

different models (Source from: Author's self drawn) 

 

3.3. Performance verification of micro defect 

detection model for electronic component 

based on blending attention and FFEM 

The performance verification of the electronic 

component micro defect detection model based on 

WBAM-FFEM is conducted in the above content, 

achieving excellent performance results. The next 

step is to validate the WBAM-FFEM in electronic 

component micro detection, verifying direct 

performance indicators like precision, recall, F1-

score, inference time, and CPU usage. The specific 

comparison is shown in Figure 12. 
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Fig. 12. Comprehensive comparison and analysis of 

performance indicators and resource consumption of 

different models (Source from: Author's self drawn) 

 

In Figure 12 (a), WBAM-FFEM showed an 

average improvement of about 4% in accuracy 

compared with other models, with an average 

improvement of about 3%, 5%, and 4% in precision, 

recall, and F1-score. In terms of resource 

consumption in Figure 12 (b), the inference time of 

WBAM-FFEM was improved to varying degrees 

compared with other models, with the maximum 

improvement being 100%. The CPU usage increased 

by 100% compared with YOLOv5, 33% compared 

with DeepLabv3+, and 71% compared with WBAM. 

WBAM-FFEM has significantly improved 

performance, but the required computing resources 

have increased. To assess the model's sensitivity to 

the loss balance coefficient 𝜆, this study tested the 

performance of the WBAM-FFEM model with 𝜆 at 

different values on the validation set. The results are 

shown in Table 2. 

The experiment shows that when 𝜆  = 0.5, the 

model achieves the best performance. When 𝜆 

varies between 0.3 and 0.7, the fluctuation range of 

mAP is less than ±0.8%, indicating that the model is 

not sensitive to changes in the 𝜆 value within this 

range and has good robustness. However, when 𝜆 

deviates too much from this range, the performance 

significantly declines, suggesting that an appropriate 

amount of auxiliary supervision is crucial for the 

stability of training. 
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Table 2. Model performance under different loss balance coefficients 𝜆 

𝜆 mAP@0.5:0.95 (%) Precision (%) Recall rate (%) 

0 68.2 85.1 72.3 

0.1 70.5 86.4 74.8 

0.2 72.8 87.9 76.5 

0.3 74.9 89.2 78 

0.4 75.8 90 78.9 

0.5 76.1 90.2 79.2 

0.6 75.9 89.9 79 

0.7 75 89.3 78.3 

0.8 73.1 88 76.8 

0.9 71 86.5 75 

1 69.3 85.3 73.4 

 

4. DISCUSSION AND CONCLUSION 

 

Driven by electronics industry, the quality 

detection of electronic components is facing higher 

requirements. Traditional detection methods suffer 

from low efficiency and insufficient accuracy in 

detecting micro defects, which makes it hard to meet 

the production needs. Therefore, the research 

proposes a micro defect detection method on the 

basis of WBAM-FFEM to optimize the detection 

accuracy and efficiency through WBAM and FFEM. 

The research method outperformed existing methods 

in key indicators such as model convergence speed, 

detection accuracy, and recall. The F1-score of 

WBAM during final convergence increased by 15%, 

20%, and 18% compared with UNet+CBAM, U-Net, 

and DeepLabV3+, respectively. The average 

accuracy of WBAM improved by about 10%, 15%, 

and 20% respectively at thresholds mAP@0.5, 0.75, 

and 0.9. In defect classification, WBAM improved 

the average accuracy by 8.5% compared with SAM. 

Compared with other models, FFEM improved the 

average accuracy by 12% and the recall by 18%. 

FFEM improved the average accuracy of category 

detection by 8.6% compared with other models. In 

addition, WBAM-FFEM further improved its 

performance indicators, with F1-score, precision, 

and recall increasing by approximately 4%, 3%, and 

5%, respectively. The experimental results show that 

this method performs exceptionally well in 

addressing key challenges such as dealing with tiny 

targets, complex backgrounds, and the 

differentiation of multiple types of defects. These 

capabilities are core requirements in industrial 

inspection scenarios. The design of the WBAM and 

FFEM modules focuses on enhancing the model's 

feature extraction and discrimination abilities rather 

than overfitting to specific datasets. This 

fundamentally enhances its potential to adapt to data 

from different sources. However, this study 

acknowledges that to ultimately prove its robustness 

in specific production line environments, it will still 

need to collaborate with industrial partners in future 

work, conducting end-to-end verification and fine-

tuning on proprietary large-scale datasets that 

include more noise, lighting variations, and defect 

variants. Although excellent results have been made, 

the increased computational resource consumption, 

long inference time, and robustness in handling 

extremely complex backgrounds or micro defects 

still need further validation. It should be noted that 

although the computational cost of the current model 

has increased, during industrial deployment, through 

optimization techniques such as model 

lightweighting, hardware-specific acceleration, and 

model pruning-distillation, the inference speed can 

be significantly improved while ensuring the 

detection accuracy, thus meeting the strict real-time 

requirements of the production line. The final 

feasibility of the model is the engineering 

optimization result achieved through the trade-off 

between accuracy and speed. Future research will 

emphasize the computational efficiency of the model 

and exploring its potential applications in detecting 

more defect types. 
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