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Abstract 
Focusing on the current online inspection of PCB assembly process, traditional image 
inspection methods cannot extract high-level image features and high noise sensitivity. 
Our purpose is to use the semantic segmentation method to extract the high-level 
semantic features of PCB assembly images, realize the outline segmentation and 
identification of components, and explore an innovative PCB component detection 
method. The implementation method is to improve Deeplab v3+ by adding attention 
mechanism and multi-scale input channels, and improve the edge segmentation 
accuracy of the original network when facing large-scale images under industrial 
cameras. In the experiments, the improved network in this paper has achieved 88.19% 
mIOU on the data set, and the segmentation accuracy of PCB components is significantly 
better than that of traditional FCN. Compared with the original Deeplab v3+, it has 
increased by 6%, and can be applied to the segmentation and recognition of components 
in the PCB assembly process. 
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1. Introduction 

The entire production process of PCB(Printed Circuit Board) SMT upper parts or DIP plug-ins, 
referred to as PCB Assembly (PCBA). In the production process, online inspection of PCB assembly 
quality is required. The common PCB assembly image detection method is the machine vision method. 
Among them, the AOI (Automated Optical Inspection) is the most widely used. When the AOI 
equipment is working, the standard digital image template is compared with the actual captured image 
to obtain the detection result. However, the method can only detect the low-level features of the image, 
which has great limitations.Compared with traditional machine vision methods, deep learning can 
extract deeper image features instead of relying on simple features such as pixel colors and edge 
textures, so it is more adaptable to complex images and has lower requirements for image shooting 
quality, and the efficiency for online detection will be higher. In this paper, we propose an improved 
Deeplab v3+ network based on attention mechanism and multi-scale input channels, realize the 
identification of different components and segment the contour features of the components. 

2. Related Work 

2.1 PCB Detection 

In the image inspection of PCB assembly, common research methods can be divided into machine 
vision, image segmentation and deep learning. Among them, machine vision is the most mainstream 
method, which can be divided into reference method and non-reference method. The reference 



International Core Journal of Engineering Volume 8 Issue 4, 2022
ISSN: 2414-1895 DOI: 10.6919/ICJE.202204_8(4).0039

 

300 

method is to compare the image to be detected with the standard template feature by feature, such as 
the AOI [1]. The non-reference method does not need to be compared, and it is directly judged 
whether there are defects in the image to be inspected according to the design rules of the PCB 
graphics, such as the mathematical morphology method [2]. They all have the advantages of high 
detection accuracy and simple algorithm, and only a small amount of images are needed to complete 
the modeling in the early stage, but the disadvantages are that the imaging requirements are very high, 
and they can only recognize the low-dimensional features of the image, which has great limitations. 
The research of image segmentation method used in PCB inspection has work [3], it proposed a 
segmentation algorithm combining clustering algorithm and watershed algorithm. Clustering is used 
to divide the image into different regions, and then the components in different regions are segmented 
by the watershed algorithm. The work [4] proposes an improved Otsu algorithm for PCB 
segmentation based on the traditional Otsu algorithm, considering the different effects of factors such 
as the distance between the target and the background and various cohesive forces on segmentation. 
The image segmentation method can segment the target object in the picture and extract the edge 
contour information of the target. It is suitable for the detection and recognition of PCB circuits or 
components. It has the advantages of simple calculation and fast speed. But the disadvantage is that 
the position information of the segmented target in the original image cannot be output, and the 
segmentation result is only a simple pixel area without semantic information, which is difficult to 
apply to the segmentation of complex multi-category targets. The research of deep learning used in 
PCB images is mainly related to object detection. The work [5] uses the YOLO algorithm to detect 
capacitor components in PCB assembly process, detects the location information and type 
information of the target capacitor, and then further determines whether there is missing parts or 
wrong piece, the experiments show that the improved YOLO algorithm can identify the type of PCB 
capacitor components in a fast enough time. The work [6] improves the Faster-RCNN network , uses 
ResNet50 with Feature Pyramid Network (FPN) as the backbone of feature extraction, uses GARPN 
to predict more accurate anchors, and merges the residual unit of Shuffle-Net v2 to detect PCB bare 
board circuits defect, it detects tiny defects in the PCB bare board circuit. The accuracy of the object 
detection method in deep learning is excellent, it can extract the advanced features of the image, but 
the disadvantage is that the model training is difficult. 

2.2 Semantic Segmentation 

Semantic segmentation is a major faction of deep learning. The semantic segmentation task is to 
classify the pixels expressing different things in the picture, and mark the pixels expressing the same 
thing as the same color, each color represents a target category in the image. Compared with image 
classification or target detection, semantic segmentation is a more refined task. It needs to classify 
each pixel. It is a pixel-level recognition and segmentation process. The final output is essentially the 
classification and labeling results of all pixels. Instead of the recognition box like object detection. 
At present, semantic segmentation has been applied to the fields of unmanned automobile driving, 
geographic information, medical impact, etc. And there are more application fields that can be 
explored. The FCN proposed in the work [7] is the earliest semantic segmentation network, but it 
does not have a good feature fusion process, resulting in poor edge segmentation. Many subsequent 
semantic segmentation networks focus on strengthening feature fusion. The work [8] proposed U-
Net, which adopts an encoder-decoder structure. The encoder is used for feature extraction, and the 
decoder merges global features and advanced features to supplement the geometric features lost in 
the stacking convolution process. Based on the encoder-decoder structure, the work [9] proposed 
Deeplab v3+, adding ASPP to the encoder to obtain multi-scale features, and keeping all features at 
the same data size for fusion, strengthening multi-scale feature fusion, improve the splitting effect. 

3. PCB Assembly Semantic Segmentation Network 

We selected the Deeplab v3+ network as the basic structure, and tested its segmentation prediction 
performance in the self-built PCB assembly image data set. The prediction graph has unclear 
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segmentation of components, but the mIoU still reaches 0.82. In view of the advantages of Deeplab 
v3+ combining the ASPP and the encoder-decoder structure, we intend to extend part of the structure 
of Deeplab v3+ and improve on this basis. 

 

 
Figure 1. Deeplab v3+ network structure 

 

The disadvantage of Deeplab v3+ is that it cannot simulate the relationship between the local features 
of large-scale targets. One of the shortcomings of Deeplab v3+ is that it cannot well grasp the 
correlation between pixels that are far apart in large-scale targets. The encoding of the data vector 
sequence by the convolutional layer is a local encoding method, which makes the large-scale object 
segmentation tasks, there may be differences in the segmentation of local features of the same object 
in the target. In order to solve the problem of correlation between long-distance pixels, the self-
attention mechanism can be used to improve. The work [10] proposed an improved scene 
segmentation network, adding a self-attention mechanism module at the end of the FCN, and achieved 
a good segmentation effect on the urban road data set Cityscapes. We refer to the attention module 
structure used in work [10], and used the attention module structure to improve Deeplab v3+.  

In addition, for the feature extraction of large-scale images under industrial cameras, there is a 
problem that the depth of the stacked convolutional layer is too shallow, which will lead to poor high-
level feature extraction, and too deep will cause the calculation of the convolution operation to 
increase. Therefore, we improved the input channel of Deeplab v3+ into a multi-scale input structure, 
constructed multiple network input channels, sampled the same original image into several different 
resolution sizes, input different channels respectively, and each channel branch uses the same decoder. 
Accept input. That is, the multi-scale input structure enables the network to extract more diverse 
features while keeping the structure of the stacked convolutional layers unchanged, and the perception 
of the network is greatly improved, especially for high-resolution images [11]. 

In summary, we first adds attention module to the Deeplab v3+ network to enhance the connection 
between the local features of the segmentation target. At the same time, the network is changed to 
multi-scale input structure, and the input image is sampled into different scale states for feature 
extraction to improve the feature extraction effect of large-scale images. 

3.1 Attention Modules 

In this paper, two attention mechanisms are used, namely the position attention module and channel 
attention module. 
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3.1.1 Position Attention Module 

The PAM (Position Attention Module) can model the relationship between any two pixels in the 
spatial dimension, and can pay attention to the similarity between the features of different positions 
and enhance them, regardless of their distance in the space. As shown in Figure 2, X is the input 
feature map. X generates three identical new feature maps a, b, and c through the convolutional layer. 
This is to compress the number of channels of features and reduce the amount of computation, so that 
subsequent computations only need to focus on the spatial relationship of features. Do matrix 
multiplication to generate a spatial attention matrix P, which represents the dependency between the 
vectors at each position in the feature map. The single element in matrix P can be represented as: 
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It represents the correlation between the two pixels of m and n, and the larger the value, the higher 
the similarity between the two pixels. 

 

 
Figure 2. Position attention module (PAM) structure 

 

 
Figure 3. The calculation process of the spatial attention matrix P 

 

The specific calculation process of the spatial attention matrix P is shown in Figure 3. T1 and T2 
represent the shape of the two feature maps after dimension transformation, and the red marked part 
represents an internal spatial position vector. Both T1 and T2 have N spatial position vectors, N=W*H, 
and the dimension is C. When T1 and T2 are multiplied, the spatial position vectors marked in red 
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are multiplied element-wise and then summed to obtain the result vector marked in green in the upper 
left corner of the matrix P, and the result vector marked in green represents the two of T1 and T2. 
Dependencies between vectors are marked in red. All vectors in T1 and T2 are multiplied in turn to 
generate multiple result vectors in matrix P, and finally each element of matrix P is formed. Therefore, 
matrix P contains the dependencies between all vectors in the original feature map, and the dimension 
is N*N. 

The output of the position attention module has the correlation information between all pixels in the 
feature map and other pixels. The data in the matrix R has a global context view, which can distinguish 
and aggregate similar features. 

3.1.2 Channel Attention Module 

The CAM (Channel Attention Module) pays attention to the dependencies between the data of 
different channels in the process of image processing. Computer vision is different from human vision. 
The image recognized by the computer is digitized, and the pixels in the image are encoded into 
different data channels, such as the common RGB three-channel. The convolutional neural network 
has a large number of channels in the process of processing features, and the feature information 
contained in different channels is also different. In the process of semantic segmentation, each 
channel map can be regarded as a separate semantic response. By computing the correlation between 
data in different channel graphs, the interdependent feature maps in different channel graphs can be 
enhanced to improve semantic feature representation. 

 

 
Figure 4. Channel attention module (CAM) structure 

 

In the channel attention mechanism, the calculation is focused on the channel relationship, so it is not 
necessary to use the convolutional layer to first perform channel compression on the input feature X 
like the spatial attention mechanism. Let the input X and its own transpose do matrix multiplication 
to obtain a channel attention matrix E, which represents the correlation between two channels. The 
single element in matrix E can be represented as: 

 

       
 

 
1

m n
nm N

m nm

exp X X
E

exp X X






                             (2) 

 

It is used to measure the influence of channel number m on channel number n. The calculation process 
of matrix E is shown in Figure 5. T1 is the feature map of the input feature X after dimensional 
reshaping, and T2 is the transpose of T1. They all have C-layer channel maps. The part marked in red 
in T1 and T2 is a layer of channel map with dimension N. The red-marked channel maps in the two 
feature maps are multiplied element-wise and then summed, and the green-marked vector in matrix 
E is calculated. The green-marked vector represents the dependency between the two red-marked 
channel maps in T1 and T2. The multi-layer channel in T1 and T2 perform the same operation in turn, 
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and all the result vectors generated finally form the elements of the matrix E, so the matrix E can 
represent the relationship between all the channel maps in the original input feature, and the 
dimension is C* C. 

 

 
Figure 5. The calculation process of the channel attention matrix E 

 

The output of the channel attention module is related to the weighted sum of the product of the channel 
attention matrix E and the input X, indicating the correlation between the data of a single channel and 
other channel. The output of the channel attention module enhance the parameter expression of related 
information in different channel layers, so that they can be more accurately identified as the same 
semantics. 

3.2 Parallel Structure of Dual Attention Modules 

The above two attention mechanism modules are connected in parallel to form a dual attention module. 
This module is then combined with the Deeplab v3+ network and placed in the middle of the encoder 
and decoder of the original network. 

 

 
Figure 6. Parallel Structure of Dual Attention Modules 

 

The dual attention module receives as input the high-level features output by the ASPP of the encoder. 
The two attention mechanisms included in the module operate in parallel to compute pixel spatial 
correlation and channel map correlation respectively on the input high-level feature maps. The 
parallel structure then fuses the outputs of the two attention modules by addition operation, and the 
resultant features obtained by fusion realize the enhancement of pixel semantic correlation and 
channel map information correlation at the same time. The enhanced features obtained by fusion are 
then used as the input of the decoder, and finally decoded and restored according to the decoder 
method of the original network. 
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3.3 Multi-scale Input Channels 

In order to make the improved network model better cope with feature extraction under large-scale 
images, we also changed the input structure of Deeplab v3+ network encoder to multi-scale input 
mode. The purpose of the multi-scale input structure is to extract features from different scale states 
of the input image, and then fuse the results to ensure that the deep features of large-scale images are 
extracted without increasing the depth of stacked convolution layers. Usually, when the same image 
is at different scales, the features that can be observed are also different. Therefore, when the same 
convolution layer structure is used to perform convolution operations on the same image in different 
resolution states, the results obtained are also different. Under the condition that the size of the 
convolution kernel remains the same, when using a fixed convolution depth to process images of 
smaller resolution, compared with larger images, richer high-level semantic feature information can 
be obtained from images of smaller resolution. In order to enable the network to extract more deep 
features of large-scale images without increasing the number of convolutional layers stacked in the 
network, the original data can be sampled multiple times and then input into multiple extractor 
branches for extraction. 

 

 
Figure 7. Multi-scale input channels 

 

The multi-scale input structure we designed is shown in Figure 7. With three input branches, the three 
channel branches receive input of different resolutions of the same original image. The first channel 
receives the original image size, the second channel samples 1/2 the original data size, and the third 
channel samples 1/4 the original data size. The data size of the first channel is larger. In the case of 
the same convolutional layer structure, the feature map that can be extracted by the first channel is 
lower-level and more noisy than the other two channels. The third layer can extract the most high-
level semantic feature information because of the smaller image resolution. But the input size of this 
layer is too small and the geometric details are too small. Subsequent fusion of the features extracted 
by the three-layer input channels can make up for their respective shortcomings. Such a multi-scale 
input mode can realize the extraction of primary geometric features, intermediate features and high-
level semantic features of large-scale images while only using shallow stacked convolutions to 
calculate depth. Used to improve Deeplab v3+, the encoder that can help the main network can be 
more suitable for large-scale complex images. 

3.4 Improved Network Structure 

As shown in Figure 8, improve Deeplab v3+ network structure with dual attention module and multi-
scale input channels. The structure of the improved network is divided into four parts. The first part 
is the multi-scale input channel, which constructs three input channels with different sampling rates. 
The second part is the encoder structure, and three branch networks are constructed in the encoder to 
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link the three input channels of the first part respectively. The structure of the three branch networks 
is the same, and the encoder architecture in the Deeplab v3+ original network is used, including the 
deep network feature extractor and the ASPP. The third part is the dual attention parallel structure 
module. The fourth part is the decoder structure, which basically adopts the decoder structure of 
Deeplab v3+ original network. 

 

 
Figure 8. Improved Network Structure 

 

The data processing process of the improved network can be described as follows. First, the multi-
scale input channel of the first part samples the raw data into three different scale sizes. 

In the second step, the branch network of the encoder of the improved network links the three input 
channels in sequence, and performs feature extraction on images of three different sampling scales 
respectively. The first-layer branch network receives large-size images, so most of the extracted 
primary geometric features are. The second layer branch receives images of smaller size, and the 
extracted semantic features will increase significantly. The image resolution received by the third-
layer branch network is the smallest, so the high-level semantic features are extracted the most. All 
three branch networks will give two outputs, one is the output of the deep feature extractor, which is 
the lower-level features, and the other is the high-level features extracted by ASPP. The three low-
level features of the three branch networks are fused, and then transmitted to the decoder to wait for 
the next action. The three high-level features are also fused and transmitted to the attention module 
for feature enhancement. 

In the third step, the dual attention parallel structure module receives the high-level feature maps of 
the encoder. The position attention mechanism enhances the feature representation of similar pixels 
in the feature map, and the channel attention enhances the same category features between different 
channels in the feature map. The calculation results of the two attention mechanisms are fused again 
and then transmitted to the decoder. 

In the fourth step, the decoder structure fuses the low-level features output by the encoder and the 
high-level features output by the dual-attention module, which greatly improves the segmentation 
prediction ability of the model. Finally, perform an upsampling operation on the fusion result, restore 
it to the original input image size, and obtain a semantic segmentation prediction map. 

4. Experiments 

4.1 Datasets 

Because there is no mask datasets for semantic segmentation related research of PCB assembly 
images, we created a data set for semantic segmentation model training by ourselves. Because there 
are many types of components in actual production, the most common cylindrical capacitors and 
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chips are selected as common objects for research, which can be extended to the segmentation of 
other components in the future. At present, through self-collection of pictures, network collection of 
pictures, and data enhancement, a total of 4,500 original data of various types have been produced, 
and manually labeled with Labelme software to complete the masking of the data. In order to facilitate 
network training, the data set is sampled at a resolution of 512 x 512 and divided into 4000 training 
sets and 500 test sets. The data set includes four semantic categories, namely background, RGB value 
(0, 0, 0); PCB main board, RGB value (128, 0, 0); the capacitance, RGB value the value is (0, 128, 
0); the IC, the RGB value is (128, 128, 0). 

 

 
Figure 9. Original data and labels of PCB assembly images 

4.2 Implementation Detail 

The software environment of the experiment is pytoch deep learning framework, the hardware 
parameter GPU is geforce GTX 1060, and the memory is 6G. The main evaluation index of the 
experiment is mIoU (Mean Intersection over Union), which means the average value of the 
intersection and union ratio of the two sets of real value and predicted value.  
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In order to ensure the effectiveness of the improved method, we sets both the improved network and 
the comparison network to the same hyper-parameters, the batch size is set to 4, the initial learning 
rate is set to 1, the network optimization method uses momentum, and the momentum is 0.9. 

4.3 Experimental Result 

4.3.1 Ablation Experiment for Dual Attention Modules 

In order to verify that the addition of the dual attention module in Chapter 2.3 does indeed improve 
the Deeplab v3+ network, an ablation experiment was designed. Multiple comparative experiments 
are used for testing. The experimental models include the original Deeplab v3+, the improved model 
with a single attention module, and the improved model with a dual attention module. The effect in 
the PCB assembly image test set is shown in Table 1. 

 

 

 



International Core Journal of Engineering Volume 8 Issue 4, 2022
ISSN: 2414-1895 DOI: 10.6919/ICJE.202204_8(4).0039

 

308 

Table 1. Results of ablation Experiment 

Networks Position attention module (PAM) Channel attention module (CAM) MIOU (%) 

Deeplab 
v3+ 

× × 82.84 

Deeplab 
v3+ 

√ × 86.33 

Deeplab 
v3+ 

× √ 83.67 

Deeplab 
v3+ 

√ √ 87.20 

 

It can be seen from Table 1 that whether it is using a single attention module or dual attention module, 
it will improve the performance of Deeplab v3+. And when two attention modules are used in a 
parallel structure, the effect is better than using any one attention module alone. 

4.3.2 Results on Improved Network 

The final improved Deeplab v3+ network is a structure that uses a dual attention mechanism and 
multi-scale input channels at the same time. Table 2 shows the test results of various modified 
Deeplab v3+ networks in the PCB assembly dataset. Each improved form has been improved 
compared to the original Deeplab v3+. Among them, the improved structure of dual attention module 
combined with multi-scale input channels works best. 

 

Table 2. Comparison of the results on improved network 

Networks Position attention 
module (PAM) 

Channel attention 
module (CAM) 

Multi-scale Input 
Channels 

MIOU 
(%) 

FCN-32s × × × 61.09 

FCN-8s × × × 67.31 

Deeplab v3+ × × × 82.84 

Deeplab v3+ √ × × 86.33 

Deeplab v3+ × √ × 83.67 

Deeplab v3+ √ √ × 87.20 

Deeplab v3+ × × √ 83.30 

Deeplab v3+ √ √ √ 88.19 

 

Next, from the output image of segmentation prediction, we further discuss how the improved 
network compares with other networks. First select the test set samples with a resolution of 512 × 
512 for testing. The segmentation prediction output images of the improved Deeplab v3+ network, 
FCN-8s, and the original Deeplab v3+ based on the dual attention mechanism and multi-scale input 
channels are selected for comparison. The comparison results are shown in Figure 10. As can be seen 
from the figure, the FCN model can identify the type and pixel area of the component, but it cannot 
accurately segment the fine outline of the component, and cannot segment the pin part of the chip. 
The effect of the Deeplab v3+ model is obviously much better, and it can better segment the outline 
of the components. However, for the edge of the chip pins, there will be two adjacent pins stuck 
together, which cannot be clearly segmented, and when segmenting large targets, there may be some 
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small holes in the segmented pixel area. The improved network with dual attention and multi-scale 
input channels improves the pin segmentation of chip components. 

 

 
Figure 10. Visualization results of improved network on PCB assembly set. (The improved 

network is a combination of dual attention and multi-scale input structure). 

 

Then discuss the effect of the improved Deeplab v3+ network under large-scale images, and select a 
larger-scale PCB assembly image with a resolution of 2048×2048 for testing. Also compare the 
prediction outputs of the three models of FCN, Deeplab v3+, and Improved Deeplab v3+, and the 
results are shown in Figure 11. As can be seen from the figure, the effect of the FCN model is still 
bad, and it can only segment the general position outline of the components, but cannot segment the 
details, and is accompanied by a large number of segmentation holes. Deeplab v3+ has obvious chip 
pin segmentation, which is more serious than when facing smaller resolution images. In contrast, the 
improved Deeplab v3+ network with dual attention mechanism and multi-scale input channels has 
some improvements in chip pin segmentation when facing high-resolution images. 

 

 
Figure 11. Visualization results of improved network on large scale image 
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5. Conclusion 

We improved Deeplab v3+ by using the dual attention module and multi-scale input structure, and 
tested the effect of the improved network for PCB assembly image component segmentation. The 
main conclusions as follows: 

Whether adding a single attention mechanism or using a dual attention module, compared with the 
original Deeplab v3+ network, the results of ablation experiments show that the attention mechanism 
is effective in improving Deeplab v3+. 

Changing the Deeplab v3+ to a multi-scale input channels can improve the feature extraction 
performance of the network for high-resolution images, as well as better feature fusion, which can 
improve the segmentation effect of high-resolution images. 

The fusion of the attention mechanism and the multi-scale input channels can make up for the 
inconsistency of segmentation within the target class, and improve the edge detail segmentation of 
component chip pins in high-resolution PCB assembly images. And can effectively remove the 
phenomenon of holes in the segmentation. 

The improved Deeplab v3+ combining attention mechanism and multi-scale input structure can meet 
the requirements of accurately identifying components and segmenting component contours. But 
there are shortcomings such as increased recognition time and slow network response. In the later 
work, we will continue to optimize, improve the network operation mode, and consider using the 
improved network algorithm for PCB assembly defect detection research. 
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