
Vol.:(0123456789)

Journal of Electronic Testing (2024) 40:657–667 
https://doi.org/10.1007/s10836-024-06145-3

RESEARCH

PCB Defect Recognition by Image Analysis using Deep Convolutional 
Neural Network

Jiantao Zhang1   · Xinyu Shi1 · Dong Qu1 · Haida Xu1 · Zhengfang Chang1

Received: 17 July 2024 / Accepted: 3 October 2024 / Published online: 18 October 2024 
© The Author(s), under exclusive licence to Springer Science+Business Media, LLC, part of Springer Nature 2024

Abstract
Printed circuit board (PCB) is one of the most important components of electronic products. The traditional defect detec-
tion methods are very difficult to meet the defect detection requirements in the PCB production process. In recent years, the 
Convolutional Neural Networks (CNNs) have developed rapidly and have shown greater advantages than traditional methods 
in the field of machine vision. In order to reduce the workload of manual inspection and improve production efficiency, the 
PCB defect image recognition method based on the convolutional neural network is studied in this paper. Three convolu-
tional neural network classification models VGG16, InceptionV3 and ResNet50 are studied. The test results based on the 
PCB image data set show that the ResNet50 model has better PCB defect image classification capabilities than the VGG16 
and InceptionV3 models. It also shows that the classification accuracy of the ResNet50 model can be improved by data 
augmentation methods, even without increasing the number of PCB image samples. Based on the analysis of the ResNet50 
network structure, an improved network model structure is developed. In the ResNet50 model, a new CNN module Res2Net 
is introduced, which replaces the residual block of the original convolutional layer with a more layered residual connection 
structure. The Rectified Linear Unit (ReLU) function is used as the activation function behind each BottleNeck to improve the 
non-linear expansion capability of the network. The experimental results under the same conditions show that the improved 
ResNet50 model has better classification performance in PCB defect classification tasks.

Keywords  PCB Defective Images · Deep Convolutional Neural Network · Deep Learning · Feature Extraction

1  Introduction

With the rapid development of microelectronics technology 
and computer technology, the microelectronics industry has 
developed rapidly [1]. The PCB industry become the foun-
dation of the entire electronics industry chain. As the con-
tinuous improvement of PCB production level, the require-
ments for PCB performance are getting higher and higher. 
However, due to the complexity of the PCB manufacturing 
process, the quality of the PCB products produced is uneven. 
Therefore, PCB defect detection is particularly important in 
the entire PCB product production process [2]. PCB defects 

can be categorized into two main types: external observ-
able features and internal observable features. The external 
observable features can be further subdivided into several 
subclasses including printed circuit board edges, solder 
mask layers, substrate surfaces, and plated holes. Defects 
in these external features, such as discoloration of the gold 
surface, burrs, skip plating, residues, foreign objects, and 
scratches, can usually be identified using visual inspection 
techniques. Internal observable features include conductive 
patterns and dielectric materials. Detecting these features 
often requires more complex techniques, such as electrical 
testing or cross-sectional analysis of conductors [3]. The 
commonly used methods of PCB defect detection mainly 
include manual detection methods, machine vision-based 
detection methods, and deep learning-based detection meth-
ods [4]. Traditional PCB defect detection is usually based on 
manual visual inspection. The inspectors find PCB defects 
by visual comparison and observation with the help of opti-
cal aids such as magnifying glasses [5]. This method has a 
good detection effect for small batches and low-complexity 
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microchips. Once the number or complexity of PCBs 
increases, inspectors are prone to visual fatigue, which can 
easily lead to errors and omissions. The inspection efficiency 
and accuracy will also be reduced.

In order to overcome disadvantages of traditional PCB 
defect detection methods, automatic optical inspection 
(AOI) systems have gradually been used in PCB defect 
detection [6–8]. AOI uses machine vision technology and 
image processing methods to detect PCB defects. This 
method improves production efficiency and detection qual-
ity stability. Currently, the final inspection of many PCB 
products adopts the AOI method [9–11].

In recent years, deep learning has developed rapidly, and 
convolutional neural networks have made breakthroughs 
in the fields of machine vision, image classification, target 
detection, and intelligent robots [12–14]. Convolutional 
neural networks are particularly well-suited for image pro-
cessing. CNNs mimic the workings of the human visual sys-
tem, effectively recognizing and categorizing objects within 
images. This network architecture excels in processing data 
with hierarchical structures, such as images, because it can 
capture features at multiple levels. A typical CNN includes 
several convolutional layers, activation layers, and pool-
ing layers. These layers learn local features within images, 
gradually building a comprehensive understanding of the 
entire image. Therefore, this paper compares and analyzes 
the performance of the neural network models VGG16 [15], 
InceptionV3 [16, 17] and ResNet50 [18, 19] on PCB defect 
detection. In order to further improve the recognition accu-
racy of the model, an improved network model structure 
is proposed based on the ResNet50 network structure. In 
the ResNet50 model, a CNN module Res2Net is introduced, 
which replaces the residual block of the original convolu-
tional layer with a more hierarchical residual connection 
structure. ReLU is used as the activation function behind 
each BottleNeck to improve the non-linear expansion capa-
bility of the network's multi-layers.

2 � PCB Defect Types and Dataset 
Construction

2.1 � PCB Defect Types

PCB defect images are mainly obtained by the automated 
visual inspection (AVI) system in a PCB manufacturing 
company. The common PCB defects are usually divided 
into nine categories, namely: gold cavity, fracture, chro-
matic aberration, skip plating, delamination, appearance 
burr, scratch, residue and foreign matter. The specific PCB 
defect images are shown in Fig. 1. For a huge image data 
set, the image number of each PCB defect type is uneven. 
Some defect types have very few images, but some defect 

types have a large number of images. Among them, residue 
(abbreviated as RE-CU) and foreign matter (abbreviated as 
FB-CU), are the most common defects and the number of 
appearances is particularly high [20]. Nevertheless, the num-
ber of other types of defects is relatively small. Therefore, 
this paper mainly uses these two types of defective images 
(RE-CU and FB-CU), and the images without defect as data-
sets for training, validation and testing.

2.2 � PCB Dataset Construction

The aim of this study is to identify whether there are defects 
in the PCB. The collected image samples are divided into 
two types: defective (NG) and non-defective (OK). NG 
defective pictures mainly include the residue (RE-CU) and 
foreign matter (FB-CU), which are the two most numerous 
defect types, as shown in the Fig. 2.

The PCB image size is unified to 224 × 224 size in the 
image pre-processing stage. The image transformation is 
utilized to enhance the diversity of data and improve the 
robustness of the network. The common data augmentation 
methods include left–right flip, up-down flip, rotation, 
scaling, and clipping. By using data augmentation 
technology, the number of images, which can be used for 
training, verification and testing, is increased several times 
to improve the testing accuracy of the model and to enhance 
the diversity of data and improve the robustness of the 
network.

In order to expand the number of samples in the data set, 
the original training image data set is augmented using the 
data augmentation method [20, 21]. Both the training and 
test sets before and after data augmentation are divided into 
two categories: defective (NG) and non-defective (OK). The 
training set data is enhanced from the original 5200 NG 
images (2600 and 2600 for residue, foreign matter respec-
tively) and 5200 OK images to 10,400 NG images (5200 and 
5200 for residue, foreign matter respectively) and 10,400 OK 
images. In addition, the test set remained unchanged, with 
a total of 5200 images (1300, 1300 and 2600 for residue, 
foreign matter and defect free types, respectively).

3 � Classification Experiment and Result 
Analysis Based on Three Convolutional 
Neural Network Models

3.1 � Model Training Parameters

In the experiments, the hardware devices such as Intel 
Core i7-9750H cpu @ 2.60 GHz processor, 16G running 
memory, and graphics card model NVIDIA GeFoce GTX 
1660 Ti are used. The operating system is Windows 10, the 
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programming language is Python 3.6, and the deep learning 
framework is Pytorch.

The three convolutional neural network models, VGG16, 
InceptionV3, and ResNet50, are used for training respec-
tively. The parameters of different models are optimized 
and adjusted according to the experimental results. The final 
selected optimal training parameters are as follow:

1)	 Iteration times:150;
2)	 Batch_size:32;
3)	 Basic learning rate:0.01;

4)	 Loss function: Cross entropy;
5)	 Learning rate adjustment strategy: Reduce LR ON Pla-

teau;
6)	 Attenuation constant:0.1.

In addition, the cross-entropy loss function is used in the 
training process, and the network parameters are updated 
using the strategy of SGD. Then in order to evaluate the clas-
sification performance of each model, the data such as loss 
function and verification accuracy during training are visu-
alized. The standards of Accuracy, Precision, Specificity, 

Fig. 1   PCB defect image 
categories: (a) Gold cavity. 
(b) Fracture. (c) Chromatic 
aberration. (d) Skip plating. (e) 
Delamination. (f) Appearance 
burr. (g) Scratch. (h) Residue. 
(i) Foreign matter

Fig. 2   Image samples: (a) 
Residue (RE-CU). (b) Foreign 
matter (FB-CU). (c) Non-defec-
tive (OK)

(a) (b) (c) 
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Sensitivity (Recall) and F1 are utilized to measure the classi-
fication of the model, which are similar to the reference [20, 
22]. The indicators are calculated based on the confusion 
matrix in machine learning. TP (True Positive) is the number 
of positive cases correctly predicted. TN (True Negative) is 
the number of negative cases correctly predicted. FP (False 
Positive) is the number of negative cases wrongly predicted 
as positive. FN (False Negative) is the number of positive 
cases wrongly predicted as negative.

3.2 � Experimental Results and Analysis

In purpose of comparing the classification effects of the three 
models, the training loss values and validation accuracy of 
the three models are plotted in the same figure respectively.

The training loss and accuracy variation graphs for the 
three models are shown in Fig. 3. As can be seen from 
Fig. 3a, the ResNet50 model converges slightly faster and 
converges better than the other two models. Meanwhile, the 
convergent loss values of the VGG16 and InceptionV3 mod-
els are higher than that of the ResNet50 model, indicating 
that the ResNet50 model fits better. The graphs of the veri-
fication accuracy changes for the three models are shown in 

Fig. 3   Curve graphs of three 
models: (a) Training loss curve. 
(b) Training accuracy curve

(a)

(b)
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Fig. 3b. It can be seen that the overall verification accuracy 
of the ResNet50 model is higher than those of the VGG16 
and InceptionV3 models during the training process. It can 
reach 0.9549, which verifies that the stability of the accuracy 
curve is better.

The performances of the three different models under the 
testing set are obtained. Through the analysis of the results, 
it can be found that the accuracy of the ResNet50 network 
is 95.7%, the accuracy of the InceptionV3 network reached 
94.6% and the VGG16 network has the lowest accuracy of 
91.3%.

The three models were trained with optimal parameters 
and tested on the same test set. The obtained accuracy, 
precision, sensitivity, specificity and F1 value are shown 
in Table 1. The performance indicators of VGG16 model 
respectively has reached 91.3%, 95.8%, 86.3%, 96.2% and 
90.8%; The performance indicators of InceptionV3 model 
respectively has reached 94.6%, 95.9%, 93.2%, 96.0% and 
94.5%; The performance indicators of ResNet50 model 
respectively has reached 95.7%, 97.3%, 93.9%, 97.4% and 
95.6%.

The depth of the InceptionV3 network and the ResNet 
network is deeper than that of the VGG16 network. It can 
be seen that the deeper the network, the better the effect 
of extracting features. The ResNet50 model can guarantee 
a high recall rate (sensitivity) under the premise of high 
accuracy and precision. This shows that the number of NG 
images recognized correctly is relatively higher than that 
of other models and more NG images are recognized. In 
addition, the F1 value of the ResNet50 network is also the 
highest, the performance and the classification effect of the 
trained model are better. In summary, from the training loss 
value, accuracy and test indicators of the three models, the 
ResNet50 model has the best results on various indicators 
compared to the VGG16 and InceptionV3 models. It shows 
a better feature extraction effect in the PCB image set. The 
model performance is superior and more suitable for PCB 
image classification and recognition tasks.

3.3 � Impact of Data Augmentation

In order to compare the effect of model classification before 
and after data augmentation, the model training loss value 

and the verification accuracy of ResNet50 before and after 
data augmentation are respectively plotted on the same coor-
dinate axis, as shown in Fig. 4. It can be seen from Fig. 4a 
that the model after data augmentation has a faster conver-
gence speed and a better convergence effect. At the same 
time, the loss value of convergence is smaller. This shows 
that the model after data augmentation fits better. Figure 4b 
shows the change of verification accuracy before and after 
data augmentation. The overall model verification accuracy 
after data augmentation is higher than that before data aug-
mentation and it can reach up to 0.9750 in Fig. 4b.

The accuracy, precision, sensitivity, specificity and F1 
value of the ResNet50 before and after data augmentation 
are shown in Table 2. Before data augmentation, perfor-
mance indicators of ResNet50 model respectively have 
reached 95.7%, 97.3%, 93.9%, 97.4% and 95.6%. After data 
augmentation, performance indicators of ResNet50 model 
respectively have reached 97.8%, 99.8%, 95.8%, 99.8% and 
97.7%.

It can be seen that the model after data augmentation 
achieves the best performance with 2.1% higher in accuracy, 
2.5% higher in precision, 1.9% higher in sensitivity, 2.4% 
higher in specificity, and 2.1% higher in F1 value than that 
of the model before data augmentation. In summary, the 
various indicators of the model can be improved through 
data augmentation. The PCB classification performance of 
the model has been improved.

4 � Improved Network Architecture

4.1 � ResNet50 Network Structure Improvement

Compared with the VGG16 and InceptionV3 networks, the 
number of ResNet network layers is not very deep, the net-
work parameters are relatively small, and the convergence 
speed is faster. However, according to the above experi-
ments, it is found that the sensitivity of the ResNet50 model 
after data augmentation is 95.8%. According to the experi-
mental results, it is found that the size of many defects in 
unrecognized NG images is smaller than the general defect 
size. The feature is easy to be ignored when the network is 
performing feature extraction. After statistics, it is found that 
112 images in the 5200 PCB testing set have small defects. 
The above-mentioned ResNet50 model only recognizes 38 
images correctly, and the recognition accuracy of small 
defect images is less than 34%. It can be seen that while 
improving the accuracy of the overall defect image recogni-
tion, it is also necessary to improve the recognition ability 
of some small defects.

During the training process, some feature information in 
the defective images may be lost as the number of network 

Table 1   Optimal training parameters for each network model

Model Accuracy Precision Sensitivity Specificity F1 value

VGG16 91.3% 95.8% 86.3% 96.2% 90.8%
InceptionV3 94.6% 95.9% 93.2% 96.0% 94.5%
ResNet50 95.7% 97.3% 93.9% 97.4% 95.6%
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layers increases step by step. In order to extract feature infor-
mation more efficiently and represent multi-scale features at 
a finer-grained level, a new CNN module called Res2Net is 
introduced [23–25]. It will combine the original ResNet50 
model to improve the ability to recognize defective images.

Previous networks use features of different resolutions 
to improve multi-scale capabilities. The Res2Net module is 
different from the previous network structure. It constructs 
a hierarchical similar residual connection within a single 
residual block, which can represent multi-scale features at 
a finer-grained level and increase the receptive field of each 

Fig. 4   Curve graphs of the 
model before and after data 
augmentation: (a) Training loss 
curves. (b) Training accuracy 
curves

(a)

(b)

Table 2   Performance indicators 
of ResNet50 before and after 
data augmentation

Accuracy Precision Sensitivity Specificity F1 value

Before data augmentation 95.7% 97.3% 93.9% 97.4% 95.6%
After data augmentation 97.8% 99.8% 95.8% 99.8% 97.7%
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network. The stronger the ability of the model to extract the 
features is, the stronger the ability of the classification is. 
Figure 5a is a block in the ResNet network, and Fig. 5b is a 
single residual unit of Res2Net. It can be seen that the latter 
inserts more hierarchical residual connection structure in 
the residual block.

The module replaces the 3 × 3 convolution kernel of n 
channels with a smaller set of filter banks, and connects dif-
ferent filter banks in a hierarchical-like residual manner. As 
shown in Fig. 5b, after the first 1 × 1 convolution, the input 
is divided into s subsets. It is defined as:

Each feature has the same size, but the channel is 1/s of 
the input feature. Except for x1 , other sub-features have cor-
responding 3 × 3 convolution kernels, which are defined as 
ki() , and their output is yi . In order to reduce the number of 
model parameters when increasing the number of subsets s, 
the 3 × 3 convolution kernel of x1 is omitted. Therefore, the 
output yi is written as:

Each 3 × 3 convolution operation can potentially accept 
all the feature information by the output of the previous 
layer, and each output can increase the receptive field. As 
a result, each Res2Net can obtain feature combinations of 
different number and different receptive field size. Therefore, 
integrating the Res2Net module into the above ResNet50 
model can improve the extraction and recognition capa-
bilities of defect features. The improved ResNet50 network 
structure is shown in Fig. 5c.

The specific modification is as follows: based on the 
ResNet50 model structure, the Res2Net module is integrated 
into the ResNet50 structure. The ResNet50 model has a total 
of 50 layers, consisting of four large blocks, each of which 
has 3, 4, 6, and 3 small blocks. And each small block has 
three convolutional layers. Based on this foundation, the 
multiple small blocks in the second and third large Bottle-
Neck are replaced with Res2Net modules. Then the other 
two large BottleNecks are connected in the original order. 
In addition, ReLU is used as the activation function behind 
each large BottleNeck to improve the non-linear scalability 
of the network multilayers.

4.2 � Experiments and Result Analysis

In the experiment, the improved ResNet50 model is 
used as the deep convolutional neural network model. 
The image samples after data augmentation are used as 

(1)xi, i ∈ {1,2, 3⋯ s}

(2)yi =

⎧
⎪⎨⎪⎩

xi i = 1

ki
�
xi
�

i = 2

ki
�
xi + yi−1

�
2 < i ≤ s

Fig. 5   Comparison of blocks in ResNet model and Res2Net module: (a) 
Resnet Bottleneck block. (b) Res2net module. (c) Modified-ResNet50 
model structure after improvement
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experimental data. The training loss value and the verifica-
tion loss value change with the number of training itera-
tions are shown in Fig. 6a. As the number of iterations 
increases, the training loss value and the verification loss 

value generally show a decreasing trend. Finally, they sta-
bilize around 60 iterations, and the final loss values tend 
to 0.20, indicating that the network is close to convergence 
at this time. The change curves of training accuracy and 

Fig. 6   Curves graphs of the 
improved ResNet50 model: (a) 
Training-validation loss curves. 
(b) Training-validation accuracy 
curves

(a)

(b)
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verification accuracy are shown in Fig. 6b. It is obvious 
that the training accuracy and verification accuracy gener-
ally increase with the increase in the number of iterations, 
and finally stabilize at 0.9781.

The accuracy, precision, sensitivity, specificity and 
F1 value of the ResNet50 before and after optimized 
are shown in Table  3. Before optimized, performance 
indicators of model respectively have reached 97.8%, 
99.8%, 95.8%, 99.8% and 97.7%. After optimized, 
performance indicators of model respectively have reached 
98.3%, 97.9%, 98.7%, 97.9% and 98.3%.

The improved Modified-ResNet50 model has a 0.5% 
higher recognition accuracy and a 1.9% lower precision 
than the ResNet50 model on the same test set. The sensi-
tivity, specificity and F1 value of the improved ResNet50 
model are 2.9% higher, 1.9% lower and 0.6% higher than 
that of the ResNet50 model, respectively.

Table 4 shows the improved ResNet50 model and the 
original ResNet50 model's recognition of small defect 
images in the test set. It can be found from Table 4 that 
the improved ResNet50 model has improved the accuracy 
of recognizing small defects from 33.9% to 88.4%. The 
improved ResNet50 model has greatly improved the ability 
to recognize small defects. In summary, the improved model 
has improved PCB defect recognition ability. Although the 
precision and specificity have been reduced, the overall 
model has a better classification effect in PCB defect 
classification tasks.

In order to test the PCB image recognition ability of the 
improved model, the sensitivity and the specificity of the 
improved ResNet50 model under different thresholds were 
tested. The number of images in the testing set remains the 
same. It is determined whether the image is recognized as 
NG by comparing the image probability with the threshold. 
Figure 7 shows the sensitivity and specificity curves of the 
improved ResNet50 model under different thresholds. It 
can be seen from Fig. 7 that the sensitivity decreases and 
the specificity increases as the threshold increases. It shows 

that the improved ResNet50 model has a higher recognition 
accuracy for NG PCB images at a lower threshold. The 
sensitivity can reach 99.3% under the 0.1 threshold, which 
can basically meet the PCB defect detection requirements in 
industrial production.

5 � Conclusion

This paper introduces the convolutional neural network into 
the classification and recognition of PCB defect images. The 
three convolutional neural network classification models of 
VGG16, InceptionV3 and ResNet50 are studied. Based on 
the constructed PCB image data set, these three network 
models are trained, and the performance of the trained 
model is tested using the test set. The results show that the 
ResNet50 model has a better PCB defect image classification 
effect than the VGG16 and InceptionV3 models. The two 
data sets before and after data augmentation are compared 
through experiments. The results show that even without 
increasing the number of PCB image samples, the method 
of data augmentation can improve the classification and 
recognition accuracy of the ResNet50 model. Based 
on the analysis of the ResNet50 network structure, an 
improved network model structure is developed. In the 
ResNet50 model, a new type of CNN module Res2Net 
is introduced, which replaces the original residual block 
of the convolutional layer with a more layered residual 

Table 3   Performance indicators 
of the original ResNet50 model 
and the improved ResNet50 
model

Model Accuracy Precision Sensitivity Specificity F1 value

Original ResNet50 97.8% 99.8% 95.8% 99.8% 97.7%
Improved ResNet50 98.3% 97.9% 98.7% 97.9% 98.3%

Table 4   Small defect image recognition results of the original 
ResNet50 model and the improved ResNet50 model

Model Total number of 
small defects

Number of cor-
rect recognitions

Accuracy

Original ResNet50 112 38 33.9%
Improved ResNet50 112 99 88.4%

Fig. 7   Sensitivity and specificity of the improved ResNet50 model 
under different thresholds



666	 Journal of Electronic Testing (2024) 40:657–667

connection structure. The ReLU is used as the activation 
function behind each BottleNeck to improve the non-linear 
expansion capability of the network. The comparative 
experiments show that the improved ResNet50 model has 
a better classification effect in the PCB defect classification 
task, and the sensitivity of the model reached 99.3% under 
the threshold of 0.1.
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