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ABSTRACT

Detecting defects is crucial to ensuring the quality of printed circuit
board (PCB) products. Due to the diminutive nature of surface defects
on PCBs, current detection algorithms struggle to extract small defect
features accurately, leading to a propensity for missed detections. To tackle
these challenges, we propose a PCB defect detection algorithm that builds
upon the YOLOv7 algorithm with enhancements. Firstly, we integrate
the proposed CREC module into the backbone network to enhance the
capture of local features about minor defects. Secondly, we propose the
integration of a multi-scale feature fusion module, SPPB, within the head
network to selectively activate channels or positions related to minor
defects in the feature map, thereby enhancing the accuracy of local feature
extraction for minor defects. Subsequently, the algorithm is endowed
with higher efficiency in learning small defect features with the help of
a new loss function, MPNWD. Finally, a small target detection layer
P2 is added to enrich the contextual information in order to facilitate
the algorithm to understand the relationship between small defects and
their surrounding regions. Experimental results demonstrate the effective-
ness of the enhanced YOLOv7 algorithm in testing the PCB_DATASET
defect dataset, achieving a detection accuracy (mAP) of 99.3%, surpass-
ing YOLOv7 by 5.4%, and outperforming other algorithms in terms of
detection accuracy.
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1 Introduction

Printed circuit boards (PCBs) are essential components in electronic product manufacturing,
and their quality and reliability greatly influence product performance and longevity [1]. Traditional
methods for detecting surface defects in PCBs include manual visual inspections, electrical testing, and
infrared scanning. However, these approaches often encounter issues such as missed detections, false
alarms, and inefficiencies. The advancement of computer vision technology has led to the exploration
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of various algorithms for PCB defect detection that enhance accuracy and efficiency while lowering
labor costs. Currently, deep learning algorithms for PCB surface defect detection are primarily divided
into one-stage and two-stage object detection frameworks based on their target localization methods.
The two-stage algorithms include prominent models such as Fast-RCNN [2], Faster-RCNN [3], and
DetectoRS [4]. For instance, to achieve near-real-time simultaneous detection of various damage types,
Cha et al. proposed a visual inspection algorithm based on Faster-RCNN for PCB defect detection,
which outperformed traditional CNN approaches [5]. The one-stage object detection algorithms
encompass the YOLO (You Only Look Once) series, SSD [6], EfficientDet [7], anchor-based RetinaNet
[8], CenterNet [9], and RepPoints [10] (which does not use anchor points). The YOLO series, being
a one-stage detection algorithm, has been widely adopted across various applications and offers
significant advantages over other methods in terms of accuracy, speed, and ease of deployment [11].

YOLOv7 [12], the seventh generation of the YOLO algorithm detector for all kinds of defect
detection, has shown good performance. In PCB defect detection, most defects can be detected, but
for the mouse bite, spur, and other minor defects in the PCB, only a few pixel points are detected,
and the difference with the background is negligible. At present, based on the network detection of
YOLOv7, it is still challenging to find out the cause, as follows:

(1) Deep networks struggle to capture localization and spatial relationships accurately. Minor
defects such as mouse bites and spur in PCBs typically manifest in specific localized regions of images
(e.g., in the interstices of two parallel arterial roads) and there are detection difficulties with small
differences from the background. (2) Key feature information extraction for minor defects in PCBs is
inadequate. Due to the small proportion of small defect images in PCBs (mouse bites and burrs only
account for 3 × 3 pixels in 640 × 640 pixel PCBs), deep neural networks fail to effectively remove
redundant background information during feature extraction, thus resulting in the network’s low
sensitivity to minor defect information. (3) Contextual information is difficult to retain effectively,
causing the relationship between the tiny defect and the surrounding contextual information to become
complicated and difficult for the algorithm to understand.

This article proposes a novel YOLOv7 network algorithm to tackle the challenges above. Initially,
a backbone network structure was devised to resolve the challenge of deep networks inadequately
capturing localization and spatial relationships, introducing a Cascaded Residual with an Efficient
CSP (CREC) residual module featuring cascaded attention. Subsequently, a multi-scale feature fusion
module SPPB (Spatial Pyramid Pooling BiFormer) is proposed to embed into the head network.
Secondly, to tackle the challenge of incomplete extraction of crucial feature information regarding
PCB minor defects, we propose the MPNWD loss function to weigh the significance of defects.
Lastly, to combat the challenges of poor scale adaptability and complexity in context algorithms, we
introduced the small object detection layer, denoted as P2. Fig. 1 illustrates the enhanced YOLOv7
network structure.

The remainder of the paper is structured as follows: Section 2 provides an overview of related
research in PCB defect detection. Section 3 details the enhanced algorithm, highlighting four key
improvements. Next, Section 4 outlines the experimental setup and offers a thorough analysis of
the results obtained. Lastly, Section 5 summarizes the contributions, limitations, and future research
directions of this study.
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Figure 1: Improved YOLOv7 algorithm structure

2 Related Work

With the advancement of deep learning techniques for detecting PCB surface defects, numerous
detection algorithms have been developed and implemented. Cha introduced a real-time crack segmen-
tation algorithm known as SDDNet, which is widely used in detecting PCB losses [13]. Li et al. pro-
posed innovative priority cloning technology and cost-sensitive Bayesian network classifiers [14] to
address the imbalanced category distribution of training data and varying misclassification costs.

The YOLO algorithm series has become widely adopted in applications for detecting PCB defects.
Liu et al. [15] selected YOLOv4 as their foundational algorithm and proposed a new loss function
based on GIoU regression. While this adjustment improved target detection recall, the original
YOLOv4 algorithm exhibited a redundant structure and high computational demands. Tang et al. [16]
enhanced YOLOv5 by adding a small target detection layer, allowing the algorithm to concentrate
on more information regarding small targets. They improved small target localization capabilities
by introducing a depth-separable convolutional compression algorithm. This targeted detection layer
focuses on small targets and optimizes the regression process of the predicted and detected frames
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using the EIoU loss function. In response to the challenges of weak spatial feature extraction and
inadequate recognition of small targets in PCB defect detection with the original YOLOv7 algorithm,
Yang et al. [17] incorporated the SwinV2_TDD module and the MFSA mechanism into YOLOv7.
They replaced part of the ELAN (Efficient Layer Aggregation Network) module to enhance the
extraction of local PCB features and avoid over-compression of the feature map. The mAP of the
improved network reached 98.74%. Meanwhile, Chen et al. [18] employed FasterNet as the backbone
network for YOLOv7, facilitating more efficient spatial feature extraction through a novel partial
convolution. Meanwhile, the CBAM attention mechanism is added into YOLOv7, which strengthens
the feature expression ability of the algorithm, and at the same time, the recognition accuracy of PCB
tiny defects is greatly improved, and the mAP of this enhanced algorithm reaches 97.5%.

The current PCB defect detection methods utilizing the YOLOv7 algorithm have shown promising
results. Nonetheless, there is a need to enhance its accuracy for detecting minor defects within complex
backgrounds and subtle variations from the background. To tackle these issues, this paper introduces a
novel PCB defect detection algorithm that combines cascaded residuals with dynamic sparse attention,
enabling the detection of small defects against the intricate backgrounds typically found in PCBs.

3 Improving the YOLOv7 Network Algorithm
3.1 Improving the Backbone Network

The ELAN module within the YOLOv7 backbone network involves numerous convolutions that
require extensive parameter calculations. However, it struggles to accurately capture localization and
spatial relationships when extracting minor defects, making it challenging to differentiate between
these defects and the background. The extraction of small defect features could be improved. Drawing
inspiration from YOLOv8’s c2f module [19], we developed a CSP module named CREC to replace the
ELAN module in the backbone network. The CREC module utilizes cascaded residuals and cascade
attention mechanisms to enhance local feature extraction, establish spatial correlations, and improve
the detection of minor defects in PCBs. Fig. 2 illustrates the CREC module.

Figure 2: CREC module

The CREC module employs the widely recognized CSP method of slicing the input tensor
X ∈ Rn×c×h×w to splice it with the original tensor. This operation preserves the rich gradient information.
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The procedure is described in Eq. (1).

Y1 = CWRn (X1) ,

Y2 = CWRn (X2) + · · · + CWR2 (X2) + CWR1 (X2) + X2, (1)

Y = [Concat (Y1, Y2)] + X2

CWRn (·) represents the nth CWR module, Concat (·) features that connect two branches, [·]
represents 1 × 1 convolution operation, +: residual connection.

The residual structure not only preserves more detailed information of PCB defect features but
also significantly contributes to reducing the algorithm’s computational complexity.

The CWR residual module obtains more complete defect characterization information in the
following two steps, followed by the fusion of feature maps generated from the multi-scale receptive
domain.

Step 1: This step involves generating relevant residual features from the input features, referred to
as regional residualization. By utilizing the region residuals, the image is precisely segmented and PCB
defect feature extraction is performed in each segmented region. This method allows tiny defects to be
recognized more accurately.

Step 2: Applying the cascading attention mechanism to feature regions with different scale
information and applying the feeling field to a single channel reduces the inflow of unnecessary tiny
defect feature information and captures more spatial relationships.

Finally, the feature information from these two steps is fused with the original feature information
by point-by-point convolution.

CGA(Cascaded Group Attention) [20] level group attention is expressed as:

X̃ij = Attn
(
XijW Q

ij , XijW K
ij , XijW V

ij

)
,

X̃i+1 = Concat
[
X̃ij

]
j=1: h

W P
i (2)

The jth head calculates self attention on Xij, which is the jth segmentation of input feature Xi, i.e.,
Xi = [Xi1, Xi2, · · · , Xih], and 1 ≤ j ≤ h. h is the total number of Heads W Q

ij , W K
ij W K

ij and k are projection
layers that map the input features into different subspaces, while W P

i is a linear layer that projects the
connected output features back to the same dimension as the input.

Integrating the CREC module into the YOLOv7 backbone network improves the accuracy of
localization and spatial relationships, thereby highlighting the differences between minor PCB defects
and their backgrounds.

3.2 Spatial Pyramid Pooling Structure SPPB
Multiple convolutional layer networks in SPPCSPC within YOLOv7 exhibit slow convergence,

employ small pooling kernels, and possess large target receptive fields, thereby hindering the selective
activation of channels or positions corresponding to minor PCB defects within the feature map.
Algorithms, the spatial relationship of minor defects poses a challenge, leading to inaccurate extraction
of features about minor PCB defects. To address these challenges, we introduce a novel spatial pyramid
pooling structure, SPPB, inspired by SimCSPSPF in YOLOv6 v3.0 [21]. The SPPB structure efficiently
integrates multi-scale information from feature maps of different sizes by applying pooling operations
on feature maps of various scales. It facilitates cross-channel feature fusion among feature maps of
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different scales to comprehend minor defects in images from diverse levels and perspectives, thus
enhancing the algorithm’s capacity for detecting minor defects, as illustrated in Fig. 3. This module is
compared with the SPPCSPC module.

Figure 3: Spatial pyramid pooling structure SPPB

(1) By replacing 3 × 3 convolutions with multi-dimensional dynamic convolution in ODConv
and eliminating the convolution layer prior to the pooling layer, we simplify the architecture to utilize
only a single convolution layer along with the ODConv layer. This approach reduces computational
complexity and parameter size, thereby accelerating the network’s convergence rate. ODConv comple-
mentary attention mechanisms in four dimensions in molding space [22]. By progressively multiplying
convolutions across positional, channel, filter, and kernel dimensions—each with its own attention
levels—the convolution operation captures variations across different input dimensions, improving
the ability to extract rich contextual information. The output of ODConv can be represented by the
following formula:

y = (
αw1 � αf 1 � αc1 � αs1 � W1 + · · · + αwn � αfn � αcn � αsn � Wn

) ∗ x (3)

In the formula, αwi,αfi,αci,αsi (i = 1, 2, · · · , n) represents four types of attention, and the convolu-
tional kernel Wi (i = 1, 2, · · · , n) is variable.

(2) Pooling feature maps of various scales individually and then cascading the results produces
a fixed-length feature vector. Information sharing during pooling reduces the required number of
pooling operations, resulting in faster computation. Simultaneously, the pooling kernel (3, 5, 9) is
replaced with the original (5, 9, 13) to align the receptive field of the expanded pooling kernel with
the micro-scale. Enhancing the feature extraction capability of minor defects in PCBs improves the
accuracy of small defect detection.

(3) The study introduces the BiFormer [23] attention mechanism.BiFormer, a Transformer [24]
algorithm variant, incorporates a dynamic sparse attention mechanism into the original Transformer
architecture. This mechanism selectively activates channels or positions in the feature map, enabling
spatial relationships among minor defects in PCBs to be analyzed. Consequently, this enhances the
algorithm’s comprehension of the contextual relationship between minor defects and their surround-
ings, thus improving detection accuracy. BiFormer achieves dynamic and query-adaptive sparsity via
a Bi-Level Routing Attention (BRA) mechanism, depicted in Fig. 4.
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Figure 4: BRA structure diagram

Its mathematical expression is shown in Eq. (4).

O = Attention (Q, Kg, V g) + LCE (V) (4)

Among them, O is a tensor, and Q, K, V are the eigenvectors X ∈ RH×W×C corresponding to the

input feature map X r ∈ RS2× HW
S2 ×C obtained through linear transformation; Kg, V g is generated by

collecting all K and V in the critical area k. LCE (V) is an additional item for enhancing local context.

A new hierarchical visual converter, BiFormer, was constructed using BRA as the core.BiFormer
employs a pyramid structure of the fourth order, illustrated in Fig. 5.

Figure 5: Fourth order pyramid structure

Initially, BiFormer utilizes overlapping block embedding, which is followed by a block merging
module in the subsequent stages (from the second to the fourth). This approach aims to reduce the
input spatial resolution while increasing channel capacity. Afterward, a series of continuous BiFormer
blocks are used for feature transformation.

3.3 Optimization of Loss Function
To give greater emphasis to the small defect areas of PCBs and help the algorithm better focus

on learning the features of minor defects, it is proposed to use a proportional combination of the
NWD (Normalized Wasserstein Distance) [25] loss function and MPDIoU [26]. This combination
aims to derive the CIoU loss function for the MPNWD-optimized YOLOv7, ultimately enhancing
the accuracy of PCB defect detection. The specific design process for MPNWD is outlined as follows:

For the loss function, there are real bounding boxes Bgt and predicted bounding boxes Bprd,
Bgt = (xgt

1 , ygt
1 , xgt

2 , ygt
2 ), Bprd = (xprd

1 , yprd
1 , xprd

2 , yprd
2 ),and the inputted image width w and height h have
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IoU calculation expressions as shown in Eq. (5).

IoU = Bgt ∩ Bprd

Bgt ∪ Bprd

(5)

The CIoU loss function in YOLOv7 considers three essential factors: the overlap area, the distance
between center points, and the aspect ratio. However, it neglects the center position, which restricts
the algorithm’s ability to accurately capture the bounding boxes of small targets and, as a result,
lowers detection accuracy. To tackle this limitation, MPDIoU has been introduced. Its expression
is as follows:

LMPDIoU = 1 − IoU + d2
1

h2 + w2
+ d2

2

h2 + w2
(6)

d2
1 = (

xprd
1 − xgt

1

)2 + (
yprd

1 − ygt
1

)2
,

d2
2 = (

xprd
2 − xgt

2

)2 + (
yprd

2 − ygt
2

)2
(7)

The MPDIoU loss function incorporates the width, height, and center position of the bounding
box during regression. For small targets, it mitigates the difficulties in distinguishing defects from the
background by employing multi-scale regression, which reduces the impact of small bounding box
sizes on detection accuracy.

However, when using the MPDIoU loss function during backpropagation, a lack of overlap
between the predicted and actual bounding boxes significantly hampers the algorithm’s ability to
update its parameters effectively. Determining the similarity between predicted and actual bounding
boxes that encompass one another poses certain challenges. To address this issue, the NWD loss
function is introduced.

NWD evaluates the bounding box using a two-dimensional Gaussian distribution, measuring the
similarity between the predicted and actual boxes through their respective Gaussian distributions. The
calculation is defined by Eqs. (8) and (9).

W 2
2

(
NBprd

, NBgt

)
=

∥∥∥∥∥
([

cxprd, cyprd,
wprd

2
,

hprd

2

]T

,
[

cxgt, cygt,
wgt

2
,

hgt

2

]T
)∥∥∥∥∥

2

2

(8)

NWD
(

NBprd
, NBgt

)
= exp

⎛
⎜⎜⎝−

√
W 2

2

(
NBprd

, NBgt

)
C

⎞
⎟⎟⎠ (9)

Among them, C is a constant, and W 2
2

(
NBprd

, NBgt

)
is the second-order Wasserstein distance of

the two-dimensional Gaussian distribution NBprd
and NBgt between the predicted box and the true box.(

cxprd, cyprd
)

and (cxgt, cygt) are the center coordinates of the predicted box and the true box, respectively.(
wprd, hprd

)
is the width and height of the predicted box, and (wgt, hgt) is the width and height of the

actual box.

The NWD loss function can be matched according to the probability to solve the problem of low
detection accuracy caused by the small difference between PCB tiny defects and the background.
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The new loss function, MPNWD, is created by proportionally combining MPDIoU and NWD, as
demonstrated in Eq. (10). These enhancements to the loss function enable the algorithm to concentrate
more on learning the characteristics of minor defects, improving its ability to differentiate between
defects and the background, and consequently increasing the detection accuracy of minor PCB defects.

LMPNWD = αLMPDIou + (1 − α) NWD
(

NBprd
, NBgt

)
(10)

where α is the proportional coefficient, 0 ≤ α ≤ 1.

3.4 Add Small Object Detection Layer P2
The scale span of defects in the PCB defect dataset is large, and the proportion of minor defects

is exceptionally high. In the YOLOv7 network, when inputting images with a size of 640 × 640, the
P3, P4, and P5 detection layers can only generate feature maps of 80 × 80, 40 × 40, and 20 × 20.
However, minor PCB defects with only a few pixels of “mouse bites and burrs” cannot be detected in
the P3 detection layer of 80 × 80. Consequently, a specialized P2 detection layer for small objects is
introduced to generate a 160 × 160 feature map.As shown in Fig. 6, the 160 × 160 feature layer detects
minor defects such as mouse bites and burrs.

Figure 6: Increase small object detection layer

In contrast, the 80 × 80 and 40 × 40 feature layers detect medium-sized defects such as short
circuits, copper impurities, and open circuits. The 20 × 20 feature layer is dedicated to detecting
more significant defects such as missing holes. Including an additional detection layer fulfills the need
to identify defects across different scales precisely. It enhances contextual understanding, aiding in
discerning the relationship between minor defects and their surroundings, thus elevating the accuracy
of small defect detection in PCBs.

4 Experiment and Analysis
4.1 Experimental Detail Settings

Tables 1 and 2 show the experimental details of this study. Our experiments did not use any pre-
trained weights.
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Table 1: Experimental environment

Configure Setting

CPU i7-10700F 2.90 GHz
GPU NVIDIA GeForce RTX 3050
Accelerated computing framework CUDA 11.7
Deployment environment Python 3.10.11
Optimizer SGD
Operating systems Windows 10
Deep learning framework PyTorch 2.0.0

Table 2: Configuration of experimental parameter

Parameters Setting

Input image size 640 × 640
Epoch 300
Parameter learning rate 0.001(First 200epoch), 0.0001(Post 100epoch)
Batch size 8

4.2 PCB Defect Image Dataset
The defective dataset utilized in this study comes from the Open Laboratory of Intelligent Robotics

at Peking University [27]. This dataset consists of 693 defect images, categorized into six classes:
missing holes,spurious copper, short circuits, mouse bites, open circuits, and spurs. Due to the limited
sample size of the original dataset, various data augmentation techniques were employed to enhance it.
These techniques include blurring, brightness adjustment, random cropping, rotation, translation, and
mirroring. Blurring reduces the detail in the images, creating variations that differ from the original yet
remain highly correlated, thereby increasing the diversity of the training set and aiding the algorithm
in learning richer features. Brightness adjustment alters the image’s brightness, simulating variations
caused by different environmental lighting conditions, which improves the algorithm’s adaptability
to varying brightness levels. Random cropping extracts regions of random size and position from
the images, allowing the algorithm to better adapt to transformations. Image rotation adjusts the
image by a specified angle around its center, enabling the algorithm to identify defects from various
perspectives. Translation shifts the image, while mirroring flips it either horizontally or vertically.
After applying these augmentation techniques, the dataset was expanded to 9009 images, which were
randomly divided into training and testing sets in an 8:2 ratio. The distribution of the expanded defect
categories is presented in Table 3.
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Table 3: Dataset details

Defect type Example of defects Number of original images Number of images after
expansion

Missing_hole 115 1495

Spurious_copper 116 1508

Short 116 1508

Mouse_bite 115 1495

Open_circuit 116 1508

Spur 115 1495

Total number – 693 9009

4.3 Performance Evaluation and Indicators
We use precision, recall, and mean precision(mAP) as evaluation indicators for PCB defect

detection effectiveness, as shown in Eqs. (11) and (12).

P = TP

TP + FP

× 100%,

R = TP

TP + FN

× 100% (11)

AP =
∫ 1

0

P (R) dR,

mAP = 1
n

n∑
i=1

AP (i) (12)

where TP denotes the count of correctly detected defects, FP indicates the count of incorrectly detected
defects, and FN signifies the count of undetected defects. n represents the total number of predicted
bounding box categories.

4.4 Optimization Strategy Ablation Experiment
In order to evaluate the impact of each improved module on the PCB defect detection algorithm,

ablation experiments were conducted based on the original YOLOv7. The algorithm obtained by
replacing SPPCSPC with SPPB in the YOLOv7 network is referred to as YOLOv7-1. The inclusion
of the MPNWD loss function in the YOLOv7-1 configuration results in the YOLOv7-2 algorithm.
Replacing the ELAN module with the CREC module in YOLOv7-2 leads to the YOLOv7-3 algorithm.
Lastly, the algorithm incorporating a P2 small object detection layer into YOLOv7-3 represents the
proposed method in this paper.
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4.4.1 PCB Defect Detection Algorithm Ablation Experiment

We conducted ablation experiments on the algorithm in this article, and the results are shown in
Table 4.

Table 4: Ablation experiment

Algorithm Augmentation SPPB MPNWD CREC P2 P/% R/% mAP/%

YOLOv7 √ 96.2 85.4 93.9
YOLOv7-1 √ √ 97.6 86.8 95.5
YOLOv7-2 √ √ √ 98.8 92.2 97.3
YOLOv7-3 √ √ √ √ 99.6 91.9 98.7
OURS √ √ √ √ √ 99.9 93.9 99.3

Note:
√

represents adding the module.

The comparison between YOLOv7 and YOLOv7-1 clearly shows that integrating the SPPB
module results in a 1.6% increase in accuracy and a 1.4% rise in recall rate, alongside a notable
improvement in mean Average Precision (mAP). This suggests that the algorithm can effectively learn
specific local features associated with minor defects. When evaluating YOLOv7-1 against YOLOv7-2,
it becomes apparent that the MPNWD boundary box regression loss function significantly boosts the
network’s recognition accuracy, achieving an enhancement of 1.8%. Although the increase in mAP is
modest, the issues related to subtle differences between backgrounds and defects have been somewhat
alleviated. A further comparison between YOLOv7-2 and YOLOv7-3 indicates that substituting the
ELAN module with the CREC module for feature extraction yields a 0.8% improvement in accuracy.
Despite a slight decrease in recall rate by 0.3%, likely due to a reduction in parameter count, the mAP
saw an increase of 1.5%, demonstrating the CREC module’s superior ability to capture localization
and spatial relationships. Lastly, the comparison of YOLOv7-3 with the proposed algorithm highlights
that the addition of the P2 detection layer boosts the mAP to 99.3% and significantly enhances the
recall rate by 2%. This reflects a marked improvement in detecting minor defects, such as mouse bites
and spurs.

4.4.2 Algorithm P-R Curve Analysis

We analyze the detection performance of the algorithm through the P-R curve. The extent of
fluctuation in the P-R curve illustrates the algorithm’s stability when handling various data samples;
smaller fluctuations indicate greater stability. Fig. 7 presents the P-R curves for six types of defects,
derived from testing the dataset with different algorithms. Notably, the P-R curve for each type of
PCB defect in this algorithm fully encompasses the curves of the other algorithms, demonstrating that
its detection accuracy is superior. When comparing the P-R curves from the YOLOv7 algorithm, the
YOLOv7+SPPB network shows larger fluctuations in the P-R curve for “short circuit” and “spurs”
defect detection tasks. Conversely, the YOLOv7 algorithm exhibits more substantial fluctuations in
the P-R curve for “mouse bite” defect detection. By replacing the ELAN module with the CREC
module and adding the small object detection layer P2, YOLOv7 addresses the issues associated with
significant P-R curve fluctuations and limited curve envelope area that arise when employing a single
optimization strategy.
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Figure 7: P-R curves of different defect types. (a) P-R curve of short defect; (b) P-R curve of open
circuit defect; (c) P-R curve of spur defects; (d) P-R curve of defect with missing hole; (e) P-R curve
of mouse bite defect; (f) P-R curve of spurious copper defects
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4.4.3 Performance Analysis of CREC Structure

We carried out comparative experiments involving the original YOLOv7 network, the YOLOv7
network featuring two configurations of the CREC module, and the YOLOv7 network with four
different types of CREC structures. The results of these experiments are presented in Table 5.

Table 5: CREC performance analysis

Experiment R/% P/% mAP/%

YOLOv7 85.45 96.22 93.96
YOLOv7 + 2CREC 89.36 98.10 97.36
YOLOV7 + 4CREC 90.9 99.21 97.82

Table 5 demonstrates the effectiveness of the proposed CREC algorithm. (1) The results indicate
that in the original YOLOv7 network, replacing two ELAN modules with CREC led to an increase
of 1.88% in the P-value, 3.91% in the R-value, and 3.40% in the mAP value. This suggests that
incorporating the CREC structure into YOLOv7 enhances the detection accuracy of PCB defects.
(2) Furthermore, when comparing the network with four ELAN modules to the one with just two
ELAN modules, the YOLOv7 network showed an increase of 1.11% in the p-value, 1.54% in the R-
value, and 0.46% in the mAP value. These findings confirm the high detection accuracy of the CREC
module within the YOLOv7 framework.

4.4.4 MPNWD Proportional Coefficient Experiment

The experiment uses YOLOv7 as the baseline model. The proportion of NWD in MPNWD is
determined to achieve the best detection of the algorithm. The experimental results are shown in
Table 6.

Table 6: MPNWD proportional coefficient experiment

Algorithm NWD proportion/% P/% R/% mAP/%

YOLOv7 + MPNWD

0 96.2 85.4 93.9
50 97.2 88.2 94.8
60 97.2 88.5 95.1
70 97.5 89.1 95.6
80 97.8 90.6 95.8
90 98.1 91.2 96.1
95 97.6 90.4 95.4
100 97.5 89.4 94.9

The results in Table 6 show that the accuracy, recall, and precision of the algorithm all improve
with the increase of NWD proportion. Specifically, the YOLOv7 + MPNWD algorithm has the
highest accuracy, accuracy, and recall at a proportion of 90%, with a maximum accuracy of 96.1%, a
maximum recall of 91.2%, and a maximum accuracy of 98.1%. However, when the proportion of NWD
exceeds 90%, the algorithm’s accuracy declines, and the recall and accuracy decrease accordingly.
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Therefore, experiments have shown that the optimal proportion of NWD is 90%, as the target of
“missing holes” in PCBs is more significant than other defects. The algorithm performance will
decrease if the proportion of NWD exceeds 90%.

4.4.5 Comparative Experiment on Attention Mechanisms

We compared the attention mechanisms of BiFormer with those of SE, CA, and CBAM,
emphasizing the advantages of our approach. The results of these experiments are presented in Table 7.

Table 7: Experimental results of different attention mechanisms

Algorithm R/% P/% mAP/%

YOLOv7-SPPB-SE 86.2 94.2 91.5
YOLOv7-SPPB-CA 86.3 96.8 94.2
YOLOv7-SPPB-CBAM 86.4 97.1 94.3
YOLOv7-SPPB 86.8 97.6 95.5

The BiFormer mechanism outperforms other attention mechanisms in terms of recall, accuracy,
and precision. The BiFormer attention mechanism utilized in this study enhances the algorithm’s
ability to comprehend the contextual relationships between minor defects and their surrounding areas.
This effectively emphasizes the critical features of the target area, allowing the algorithm to concentrate
more on the PCB defect regions while reducing training losses. In contrast, other attention mechanisms
tend to focus on some background targets even when highlighting PCB defects.

4.4.6 Different Types of Defect Detection Experiments

To verify the detection effect of this paper’s algorithm on different PCB defects, we carried out
comparison experiments between YOLOv7 and this paper’s algorithm. The experimental results are
shown in Table 8.

Table 8: Results of different types of defects

Class YOLOv7 OURS

P/% R/% mAP/% P/% R/% mAP/%

Missing hole 99.8 99.6 99.5 100 99.9 99.5
Spurious copper 99.3 90.6 96.2 100 92.9 99.5
Short 97.9 85.9 94.8 99.5 93.0 99.5
Mouse bite 91.7 76.2 89.6 99.2 91.1 99.1
Open circuit 97.5 83.8 94.5 99.9 95.1 99.5
Spur 90.7 75.6 88.6 99.9 91.3 98.7
Average 96.2 85.4 93.9 99.9 93.9 99.3

As can be seen from Table 8, compared with the YOLOv7 algorithm, this paper’s algorithm has
improved the detection accuracy on each kind of defect, especially on Mouse bite and Spur defects,
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which have the most obvious improvement, with 9.5% and 10.1% improvement in detection accuracy,
respectively.

4.5 Comparison of the Effectiveness of Commonly Used Algorithms
To verify whether the algorithm proposed in this article has good performance, it was compared

with YOLOv3 [28], YOLOv5, Faster-RCNN, YOLOv8, DETR [29], RT-DETR [30], Gold-YOLO [31],
YOLOv9 [32], and YOLOv10 [33] in the same experimental environment. mAP, P, and R were used
as evaluation indicators for algorithm performance. The experimental results are shown in Table 9.

Table 9: Comparison table of results for different algorithms

Algorithm R/% P/% mAP/%

YOLOv3 86.2 94.2 91.5
YOLOv5 86.3 96.8 93.2
Faster-RCNN 86.8 97.6 95.5
YOLOv8 87.5 97.5 94.8
DETR 89.5 96.2 93.8
RT-DETR 91.2 98.6 96.2
Gold-YOLO 90.8 97.8 95.2
YOLOv9 87.2 97.6 94.3
YOLOv10 90.6 98.1 95.3
OURS 93.9 99.9 99.3

An analysis of the data presented in Table 9 reveals that our algorithm outperforms others in terms
of mAP, accuracy, and recall. The mAP of our method reaches 99.3%, surpassing the other algorithms
by at least 3.1%. As illustrated in the comparison shown in Fig. 8, when detecting mouse bite defects
with minimal manifestations, our algorithm successfully identifies all three defects. It achieves high
confidence levels and accurately pinpoints the locations of these defects. In contrast, other algorithms
demonstrate subpar performance, with lower detection rates, accuracy, and confidence in identifying
the defects.

In addition, the algorithm proposed in this paper is compared with TDD-net [34], YOLOv8-F [35],
YOLOv7-Tiny [36], YOLO-HMC [37], MSD-YOLO [38], YOLOv7-S [17] for the PCBDATA SET
dataset. Variations in detection accuracy across these algorithms can be attributed to differences in
factors such as hardware environment, training dataset, training parameters, and training methodolo-
gies. As presented in Table 10, our algorithm outperforms TDD-net by 0.40% in mAP, YOLOv8-F by
2.70%, YOLOv7-Tiny by 0.70%, and YOLOv7-S by 0.56%, while achieving performance comparable
to MSD-YOLOv5. In terms of parameter count and computational complexity, the proposed method
reduces these aspects by 20% and 32%, respectively, when compared to MSD-YOLOv5. This indicates
that the proposed algorithm not only matches the detection performance of MSD-YOLOv5 but also
achieves a substantial reduction in network complexity. Overall, the analysis demonstrates that, in
the context of small defect detection in PCBs, the enhanced YOLOv7 algorithm outperforms other
detection algorithms in terms of accuracy and is better suited to the requirements of this specific task.
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(a) (b)

(c) (d)

(e) (f)

Figure 8: Comparison of different algorithms for detecting mouse bite defects. (a) Original; (b)
YOLOv3; (c) YOLOv5; (d) Faster-RCNN; (e) YOLOv8; (f) OURS

Table 10: The detection accuracy results of different PCB defect detection algorithms

Algorithm Network Structure mAP/%

TDD-net (2019) Faster-RCNN + feature pyramid network 98.90
YOLOv8-F (2023) YOLOv8 + CFM feature fusion network 96.60
YOLOv7-Tiny (2023) YOLOv7-Tiny + SE + PRelu activation function + REPVGG 98.60
YOLO-HMC (2024) YOLOv5 + horNet bavkbone + MCBAM + CARAFE

content reorganization
98.60

MSD-YOLO (2022) YOLOv5 + mobileNet-v3 + SE 99.30
YOLOv7-S (2023) YOLOv7 + swinV2_TDD + MFSA 98.74
OURS YOLOv7 + CREC + SPPB + MPNWD + P2 99.30
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5 Conclusion

In this paper, an algorithm for detection of tiny defects in circuit boards is proposed. First new loss
function MPNWD can be used in datasets with multiple small targets. The multi-scale feature fusion
module, SPPB, replaces the original SPPCSPC module, and this tuning selectively activates specific
channels or locations in the feature map, in addition, the CREC module replaces the ELAN module
for more effective advanced feature fusion. Finally, a small target detection layer P2 is added at the end
of the model to improve the detection accuracy. The improved algorithm achieves a detection accuracy
of 99.9%, with a mean Average Precision (mAP) of 99.3%, marking an improvement of 3.7 and
5.4 percentage points, respectively, over the original model. Although this enhancement significantly
improves PCB defect detection accuracy, further studies are required to optimize parameter efficiency
and detection speed. Future developments will aim to preserve high detection accuracy while reducing
model weight, and plans are in place to deploy the algorithm on factory edge equipment to accelerate
detection speed.
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