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Abstract

Printed circuit board (PCB) defect detection faces challenges like small target feature
loss and severe background interference. To address these issues, this paper proposes
PCES-YOLO, an enhanced YOLOv11-based model. First, a developed Pre-convolution
Receptive Field Enhancement (PRFE) module replaces C3k in the C3k2 module. The
ConvNeXtBlock with inverted bottleneck is introduced in the P4 layer, greatly improving
small-target feature capture and semantic understanding. The second key innovation lies
in the creation of the Efficient Feature Fusion and Aggregation Network (EFAN), which
integrates a lightweight Spatial-Channel Decoupled Downsampling (SCDown) module
and three innovative fusion pathways. This achieves substantial parameter reduction while
effectively integrating shallow detail features with deep semantic features, preserving
critical defect information across different feature levels. Finally, the Shape-IoU loss function
is incorporated, focusing on bounding box shape and scale for more accurate regression and
enhanced defect localization precision. Experiments on the enhanced Peking University
PCB defect dataset show that PCES-YOLO achieves a mAP50 of 97.3% and a mAP50–95
of 77.2%. Compared to YOLOv11n, it shows improvements of 3.6% in mAP50 and 15.2%
in mAP50–95. When compared to YOLOv11s, it increases mAP50 by 1.0% and mAP50–95
by 5.6% while also significantly reducing the model parameters. The performance of
PCES-YOLO is also evaluated against mainstream object detection algorithms, including
Faster R-CNN, SSD, YOLOv8n, etc. These results indicate that PCES-YOLO outperforms
these algorithms in terms of detection accuracy and efficiency, making it a promising
high-precision and efficient solution for PCB defect detection in industrial settings.

Keywords: PCB defect detection; PCES-YOLO; Pre-convolution Receptive Field Enhancement;
feature fusion; loss function

1. Introduction
Printed circuit boards (PCB) are the key carriers of electrical connections between elec-

tronic components, and their quality directly affects the performance and life of electronic
products [1]. However, their manufacturing process is highly complex, which can easily
result in defects on its surface, such as missing holes, mouse bites, open circuits, short
circuits, burrs, miscellaneous copper, etc. [2]. Because of this, PCB defect detection has
become an indispensable part of PCB industrial production [3].

Appl. Sci. 2025, 15, 7588 https://doi.org/10.3390/app15137588

https://doi.org/10.3390/app15137588
https://doi.org/10.3390/app15137588
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://doi.org/10.3390/app15137588
https://www.mdpi.com/article/10.3390/app15137588?type=check_update&version=1


Appl. Sci. 2025, 15, 7588 2 of 21

Traditional PCB defect detection relies on manual visual inspection, which depends en-
tirely on operator skill and personal judgment [4]. It has several drawbacks: low efficiency,
human bias, and failure to meet industrial quality control requirements. With the increas-
ing recognition of these limitations, machine vision has gained growing popularity in the
semiconductor manufacturing industry. The industry now widely employs automated
optical inspection (AOI) systems based on machine vision [5]. However, AOI systems face
inherent challenges, such as high costs, suboptimal performance in complex environments,
and difficulties detecting tiny defects [6]. In contrast, deep learning-based PCB defect
detection offers a superior solution, characterized by lower costs, faster processing speed,
and higher accuracy [7]. These advantages have established deep learning as the leading
technology for PCB inspection in the current landscape.

Current deep learning-based object detection algorithms can be broadly categorized
into two paradigms [8]. The first category comprises two-stage detection architectures,
exemplified by the R-CNN [9] series, including Fast R-CNN [10] and Faster R-CNN [11].
These approaches employ a region proposal network to initially generate numerous candi-
date bounding boxes potentially containing target objects, followed by subsequent clas-
sification and regression operations performed on these proposals [12]. This hierarchical
detection framework demonstrates particular suitability for PCB defect detection tasks,
where precise localization and accurate classification of subtle defects are paramount.
For PCB defect detection, Chen et al. [13] proposed an advanced PCB defect detection
algorithm using MAFF-Net, an enhanced Faster R-CNN architecture with ResNeXt101
as the feature extraction backbone. Their approach integrates a normalization-based at-
tention mechanism within the residual structure and an AFF module with a coordinate
attention mechanism, collectively achieving visible improvements in detection accuracy.
Xie et al. [14] developed a deep learning system based on the Faster R-CNN framework
with ResNet101 as the backbone, incorporating a feature pyramid network (FPN) and
replacing the ROI-Pooling algorithm with an ROI-Align approach utilizing bilinear interpo-
lation. This modification mitigates feature map distortion caused by quantization during
the interception period, yielding a high-performance detection network. Hu et al. [15]
optimized the Faster R-CNN architecture by using ResNet50 with an FPN, GARPN, and
ShuffleNetV2′s residual units. The experimental results demonstrate that the system is
more suitable for practical production applications compared to alternative methods. The
second paradigm consists of single-stage detection architectures, with YOLO (You Only
Look Once) as the archetype. These end-to-end detectors exhibit superior computational
efficiency and broader applicability than two-stage models, though with a slight trade-off in
detection accuracy. Recent advancements in YOLO-based frameworks have significantly en-
hanced PCB defect detection through innovative modifications. Zhang et al. [16] designed
SF-YOLO by miniaturizing the detection head of YOLOv8, obtaining 0.6% mAP50 and
1.6% mAP50–95 improvements alongside 17.2% parameter reductions. Yuan et al. [17] in-
troduced YOLO-SSW, incorporating P2 high-resolution features, Conv SPD for fine-grained
retention, and SimAM-enhanced backbone with Wise-IoU, achieving 98.4% accuracy (a
0.8% improvement). Zhou et al. [18] developed EPD-YOLO with a FIT structure and SF-
Head, demonstrating 97.6% mAP at only 5.13M parameters and a 7.4ms inference time.
Zhang et al. [19] proposed LPCB-YOLO, a lightweight and high-performance model for
PCB defect detection, which integrates CSPELAN modules for feature extraction, a C-SPPF
module for multi-scale feature fusion, and a C2f-GS module to enhance semantic and detail
feature integration. LPCB-YOLO achieves a 24% reduction in model size while maintaining
97.0% precision and recall. Li et al. [20] developed YOLO-DFA, an enhanced YOLOv10-
based PCB defect detection algorithm. It employs a dual-backbone architecture to reduce
information loss, a fine-grained feature enhancement method with dynamic weighting, and
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an adaptive scale-enhanced loss function. The experimental results show that the model
attains a 96.4% mAP. Wang et al. [21] presented PCP-YOLO, a network that incorporates
the lightweight PotentNet feature extraction module, the C2f_ParallelPolarized fusion
module based on self-polarization attention, and the CARAFE up-sampling technique,
demonstrating superior performance over existing methods. Wang et al. [22] proposed
SSHP-YOLO, a high-precision PCB defect detector for small samples. It integrates ELAN-C
and ASPPCSPC modules with SIoU loss, achieving 97.80% mAP and 11.84% higher re-
call than YOLOv7, effectively reducing missed/false detections. Yin et al. [23] proposed
MAS-YOLO, a lightweight PCB defect detector based on YOLOv12. It introduces MECS
attention for subtle features, AHFIN for adaptive fusion, and SAL loss for localization,
greatly improving mAP and FPS for real-time industrial inspection.

A comprehensive review of the literature reveals that existing models for PCB defect
detection have demonstrated high performance. Through the integration of advanced
feature extraction modules, multi-scale feature fusion techniques, enhanced attention mech-
anisms, and optimized loss functions, these models have demonstrated high detection
accuracy and efficiency. Nevertheless, they are inadequate for dealing with PCB back-
ground interference, and their preservation of small-target features is restricted to fusion
within the backbone network, indicating that there is still room for further improvement in
this field. To tackle the crucial problems, this paper proposes a high-precision PCB detection
algorithm, termed PCES-YOLO. This novel framework brings together four key innovative
elements: the custom-designed C3k2-Pre-convolution Receptive Field Enhancement (PRFE)
module, the integration of ConvNeXtBlock, the self-constructed Efficient Feature Fusion
and Aggregation Network (EFAN), and the Shape-IoU loss function. Collectively, these
components substantially boost detection precision while reducing model parameters. The
specific contributions of this paper are outlined as follows:

(1) Enhanced Feature Extraction: The C3k2-PRFE module combines the C3k2 framework
with the constructed PRFE module. In this design, a 3 × 3 convolution is placed
before the Receptive Field Enhancement (RFE) module to perform initial local context
fusion. This effectively reduces the pixel-level interference at the edges of small
targets. The pre-processing enables cleaner and more semantically explicit feature
processing in subsequent receptive field enhancement while preventing detail feature
dilution caused by large receptive fields. Moreover, the ConvNeXtBlock modules are
integrated into the backbone network to capture more extensive semantic information.
The synergistic operation between C3k2-PRFE and ConvNeXtBlock evidently lessens
the complex PCB background interference during the feature extraction process.

(2) Advanced Feature Fusion: The innovative EFAN feature fusion network presents
three new fusion paths. They can effectively combine the shallow, detail-rich backbone
features with the deep-network information, thus preserving the critical PCB defect
characteristics across multiple feature levels. To handle the increase in parameters
resulting from these additional paths, the Spatial-Channel Decoupled Downsam-
pling (SCDown) module is employed. This two-pronged approach resolves the
issue of small-target feature loss and, at the same time, optimizes the efficiency of
model parameters.

(3) Loss function optimization: The introduced Shape-IoU loss function greatly improves
bounding box regression accuracy by incorporating both shape and scale charac-
teristics into its loss calculations, which endows the model with geometry-aware
capability for diverse bounding boxes. Furthermore, comparative analyses with other
loss functions demonstrate its superior performance for PCB defect detection tasks,
particularly in precise defect localization.
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The remainder of this study is organized as follows. Section 2 introduces the related
work of the YOLO algorithm, including receptive field enhancement, feature fusion, and
loss function. Section 3 introduces the overall architecture of the PCES-YOLO model and
each innovative module. Section 4 details the configuration of the experimental environ-
ment and training parameters, the processing of the experimental dataset, the experimental
performance metrics, as well as the experimental results and analyses. Section 5 summa-
rizes and presents the future work.

2. Related Work
2.1. Receptive Field Enhancement

In industrial defect detection, expanding the feature receptive field is critical for
improving small target recognition capabilities. Traditional methods rely on stacking
convolutional layers or downsampling operations to enlarge the receptive field, but the
resulting resolution reduction and detail loss severely constrain small target localization
accuracy, particularly under dense background interference. Dilated convolution offers
a breakthrough solution. By inserting zero values to expand kernel coverage, it captures
multi-scale contextual information and preserves both parameter efficiency and feature
map resolution, significantly enhancing the semantic understanding of minute defects [24].
However, standard dilated convolutions still face challenges due to high-frequency noise
interference and local feature dilution in complex industrial scenarios. To address this, a
3 × 3 convolutional layer before dilated convolution is embedded for local context fusion,
effectively suppressing pixel-level noise at small target edges and preventing detail attenu-
ation caused by large receptive fields. Simultaneously, the ConvNeXtBlock is introduced to
further expand the receptive field and strengthen global semantic capture capability.

2.2. Feature Fusion

Efficiently fusing multi-scale features proves indispensable for improving the detection
accuracy of small targets. YOLO architectures initially adopted Feature Pyramid Networks
(FPN) [25] to propagate deep semantic information in a top-down manner, enhancing
multi-scale representation but losing shallow details due to unidirectional flow. Later, Path
Aggregation Networks (PANets) [26] added bottom-up paths to improve localization but
still suffered from feature blurring from repeated sampling. Solutions like Bidirectional
Feature Pyramid Network (BiFPN) [27] introduced weighted cross-scale fusion to balance
feature contributions, but they incurred an increase in parameters through complex con-
nections. To reduce the number of parameters while preserving more detailed features,
we designed the EFAN feature fusion network, innovating with three dedicated fusion
pathways. These pathways integrate high-resolution details from P2, P3, and P4 layers
with deep semantics from P3, P4, and P5 layers, while lightweight SCDown modules
control parameter growth. This achieves high-fidelity fusion of shallow and deep features,
advancing PCB defect feature preservation.

2.3. Loss Function

Alongside model architecture advancements, significant progress has been made in
designing loss functions for bounding box regression, aiming to improve intersection
over union (IoU) optimization. Building upon the basic IoU loss, researchers developed
GIoU [28] to address gradient vanishing in non-overlapping cases. Subsequently, DIoU [29]
accelerates convergence through the centroid distance penalty, and CIoU [29] further
optimizes bounding box fitting with aspect ratio constraints. However, these improvements
remain limited to relative scale computations, proving inadequate for PCB defect detection
with absolute size sensitivity. While SIoU [30] redefines directional penalties via vector
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angles, its width–height difference modeling still relies on normalized relative values.
WIoU [31] balances easy and hard samples through dynamic focusing but lacks explicit
geometric prior modeling. The recently proposed Shape-IoU [32] represents a significant
advance in geometric-aware loss design: it introduces size-sensitive weight coefficients to
strengthen absolute scale perception and directly constrains physical dimension matching
through a shape distance term. By integrating absolute geometric attributes into loss
calculations, this approach significantly enhances localization stability for PCB defects,
ensuring precise detection in high-density backgrounds.

3. Methodology
3.1. PCES-YOLO Network

The overall architecture of the PCES-YOLO model is illustrated in Figure 1. The model
enhances PCB defect detection through three key innovations: feature extraction, feature
fusion, and loss function optimization.

 

Figure 1. The overall architecture of the PCES-YOLO model consists of four modules: C3k2-
PRFEmodule, ConvNeXtBlock module, EFAN module, and Shape-IoU loss function.
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For feature extraction, the backbone network integrates the novel C3k2-PRFE module
with ConvNeXt architectural elements. This design expands the feature map’s receptive
field, thereby deepening its understanding of input data and mitigating background in-
terference. Employing lightweight SCDown modules, the EFAN is developed for feature
fusion, which preserves critical detail information while reducing parameter quantity,
effectively bridging low-level features from the backbone network and high-level semantic
information from the neck network to improve small-target detection performance. In
the loss function optimization aspect, a geometry-aware loss function named Shape-IoU
is implemented. By considering the bounding box absolute dimensions, it enables more
precise boundary regression for defect targets.

3.2. C3k2-PRFE Module

PCB images are characterized by densely packed components, intricate wiring, and
diverse textures with substantial background interference. Expanding the receptive field
allows the model to capture richer contextual information, thereby enhancing the defect-
background discrimination and reducing false detections [33]. Inspired by TridentNet,
the RFE [34] module employs four parallel dilated convolutional branches with varying
dilation rates to extract multi-scale features. Each branch covers a distinct receptive field,
which improves feature representation while minimizing parameters and overfitting risk.
Building upon this, an improved receptive field enhancement module, named PRFE, is
presented. By replacing the C3k module in C3k2 with PRFE, a novel feature extraction
module termed C3k2-PRFE is constructed.

The PRFE module effectively enhances feature extraction through innovative pre-
processing techniques. First, a 1 × 1 point-wise convolution expands input channels,
projecting low-dimensional features into a high-dimensional space to enhance the non-
linear expressive capacity. Subsequently, depthwise separable 3 × 3 convolutions are
applied to extract spatial features, executing an initial fusion of local context features on
the input. The step suppresses pixel-level interference at small target boundaries. The
3 × 3 convolution operation performs smoothing on input features through weighted aver-
aging, effectively suppressing high-frequency interference, thereby reducing pixel-level
noise at small target edges. Meanwhile, the output features of the 3 × 3 convolution con-
tain local structural information, providing a clearer semantic foundation for subsequent
multi-scale dilated convolution operations. The formula for calculating the output features
of 3 × 3 convolution is as follows:

Zi,j,c =
1

∑
m=−1

1

∑
n=−1

wm,n·xi+m,j+n,c + bc, (1)

where Zi,j,c represents the feature value of the output feature map at position (i,j) in channel
c; xi+m,j+n,c denotes the original value of the input feature map at position (i + m, j + n) in
channel c, which may contain pixel-level noise; wm,n denotes the weight parameters of the
3 × 3 convolution kernel at offset (m,n); and bc denotes the bias term of channel c.

Then, subsequent receptive field enhancement operations are performed on cleaner,
more semantically distinct features while also pre-augmenting local small-target character-
istics, thus mitigating excessive detail attenuation caused by enlarged receptive fields. The
preprocessed features are then split into three parallel branches, each of which undergoes
dimensionality expansion via 1 × 1 convolutions. These branches employ 3 × 3 dilated
convolutions with dilation rates (d = 1, 2, 3), respectively, to capture multi-scale contextual
information, forming hierarchical receptive field combinations. After the branch outputs are
reduced in dimensionality through 1 × 1 convolutions, they are concatenated in a residual
manner. The fused features are then summed with the original input to retain low-level de-
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tails and mitigate gradient vanishing. During the fusion process, global average pooling is
utilized to generate channel-wise weight coefficients, which are normalized and multiplied
by branch features to dynamically prioritize channels. The weighted features are integrated
across channels to produce multi-scale enhanced features. Finally, a 1 × 1 convolution
adjusts the number of channels, which combines with secondary residual connections to
ensure the retention of multi-scale critical information. The framework of the PRFE module
is displayed in Figure 2.

 

Figure 2. The framework of the PRFE module.

In summary, the PRFE module is constructed by incorporating a 3 × 3 convolution
preprocessing with the RFE module for feature refinement. This stage extracts initial local
features while suppressing high-frequency interference. The processed features then enter
the receptive field enhancement stage, where parallel dilated convolutions progressively
expand the receptive fields. Residual connections are used to preserve hierarchical infor-
mation, and a feature reweighting mechanism dynamically recalibrates feature weights.
This integrated design enables cross-channel feature fusion and dual residual calibration,
overcoming fixed receptive field limitations in the conventional architectures. The pre-
processing stage further prevents excessive detail attenuation. As a result, the framework
greatly enhances feature representation for small-target detection in lightweight networks,
yielding measurable performance gains.

3.3. ConvNeXtBlock Module

ConvNeXt [35], a purely convolutional architecture developed by Facebook AI Re-
search and UC Berkeley, reimagines ResNet’s structure using a Transformer-inspired design
principles. It incorporates large-kernel (7 × 7) depthwise convolutions, inverted bottle-
necks, and layer normalization while retaining the intrinsic translation equivariance and
computational efficiency of convolutional networks.

The ConvNeXtBlock framework, as the core component of ConvNeXt, replaces the
original C3k2 module at the P4 layer in this paper. The frame diagram of ConvNeXtBlock
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module is shown in Figure 3. It employs 7 × 7 depthwise convolutional operations for
spatial feature extraction, effectively expanding the receptive field to incorporate broader
contextual information. This design helps reduce interference from PCB backgrounds dur-
ing defect detection, thereby enhancing detection accuracy. Following the depthwise con-
volution, ConvNeXtBlock applies LayerNorm (LN) to normalize the channel dimensions
of each sample, improving model stability during training. The formulas for calculating
the normalized mean and variance are as follows:

µn(x) =
1

CHW ∑C
c=1 ∑H

h=1 ∑W
w=1 xn,c,h,w, (2)

σn(x)2 =
1

CHW ∑C
c=1 ∑H

h=1 ∑W
w=1(xn,c,h,w − µn(x))2, (3)

where parameters C, H, and W denote the number of channels, height, and width of the input
feature map, respectively. The total number of learnable parameter groups is C × H × W.

Figure 3. The framework diagram of ConvNeXtBlock module.

Subsequently, ConvNeXtBlock adopts an inverted bottleneck structure. It utilizes
two consecutive 1 × 1 convolutional layers to adjust channel dimensions, extending chan-
nel dimensions before feature compression. The combined effect of these two convolu-
tional layers enhances the feature representation for PCB defects. Specifically, the first
1 × 1 convolution allows the model to learn more complex nonlinear mappings, while the
second 1 × 1 convolution reduces computational complexity and preserves key features.
Moreover, the ConvNeXtBlock exploits Gaussian Error Linear Unit (GELU) as its sole
activation function, which amplifies PCB defect feature representation capabilities through
stochastic regularization properties. Its calculation formula is defined as follows:

GELU(x) = 0.5 × x ×
(

1 − tanh

[√
2
π

×
(

x + 0.044715x3
)])

(4)

The ConvNeXtBlock demonstrates exceptional effectiveness in capturing edge features
and fine-grained patterns characteristic in high-density PCB defects, such as short circuits,
broken traces, and missing pads. Its expansive receptive field offers distinct advantages for
detecting minute defects against complex backgrounds, markedly reducing the likelihood
of oversight compared to conventional approaches. Additionally, its inverted bottleneck
structure and GELU activation function enhance the feature representation of PCB defects,
decreasing the likelihood of false detections. These designs enable the model to better
distinguish subtle defect patterns from normal circuit structures, further improving the
reliability of high-density PCB inspection.

3.4. EFAN Neck Network

The YOLOv11 neck architecture integrates FPN and PANet for multi-scale feature
fusion. As shown in Figure 4a, FPN propagates semantic information in a top-down manner
to enrich multi-scale representations, while PANet reinforces localization capabilities by
bottom-up aggregation. Although this structure improves detection accuracy, it suffers
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from shallow information loss and feature blurring due to repeated sampling. Shallow
features are crucial for small-target detection, as their high-resolution edge and texture
details compensate for the positional inaccuracies of deep but low-resolution semantics.
To address this, an enhanced feature fusion network termed as EFAN is proposed. As
depicted in Figure 4b, EFAN incorporates lightweight SCDown [36] convolutions and three
novel feature fusion pathways to optimize the integration of shallow-deep features.

  
(a) (b) 

Figure 4. Comparison of feature fusion structure before and after improvement. (a) Original network
(FPN + PANet); (b) improved network (EFAN).

To address the loss of feature map details during repeated sampling and fusion, three
novel feature fusion pathways are designed. These pathways downsample features from
the P2, P3, and P4 layers, then, respectively integrate them with the final outputs of P3, P4,
and P5. By directly injecting low-level edge and texture details into high-level features, this
design preserves fine-grained information critical for small-target detection. However, the
added pathways carry the risk of excessive parameter expansion, which may dilute subtle
but essential signals—particularly detrimental for PCB defect detection, which relies on
high-resolution features. To mitigate this, SCDown, a lightweight downsampling module,
is introduced to replace standard convolutions. SCDown employs point-wise convolution
for channel adjustment followed by depthwise separable convolution for spatial reduction,
significantly reducing computational costs while retaining downsampling fidelity. The
calculation of the improved feature fusion is as follows.

Pout
3 = FOut

1 ⊕ FOut
2 ⊕ SCDown(P2), (5)

POut
4 = FOut

2 ⊕ Pout
3 ⊕ SCDown(P3), (6)

POut
5 = FOut

3 ⊕ Pout
4 ⊕ SCDown(P4), (7)

where FOut
1 denotes the output of the backbone network P3 layer; FOut

2 and FOut
3 respectively,

represent the output of feature fusions along the top-down pathway in EFAN; SCDown(P2),
SCDown(P3) and SCDown(P4) respectively, denote the results of downsampling output of
layers P2, P3, and P4 using SCDown; POut

3 , POut
4 and POut

5 signify the output of the feature
fusion network; and ⊕ represents the feature fusion operation.

In short, EFAN enhances shallow detail retention through supplementary fusion routes
and counters parameter inflation via SCDown, thereby boosting model efficacy.
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3.5. Shape-IoU Loss Function

YOLOv11 utilizes the CIoU loss function for localization, which improves upon GIoU
by minimizing the normalized distance between bounding box centroids, rather than
merely maximizing the overlap area. CIoU also contains an aspect ratio penalty term to
improve detection accuracy [29]. However, it only focuses on the relative positional and
shape relationships between boxes, ignoring intrinsic geometric properties like absolute size
and shape, which are crucial for small-target detection [37]. In PCB defect analysis, where
targets are often minute, this can lead to small features being suppressed within overlap
regions. To address this, the Shape-IoU loss function was adopted [32], which explicitly
incorporates target frame geometry into IoU calculations. This enables the geometric
awareness of bounding boxes and stabilizing bounding box regression. Consequently,
by introducing a geometry-sensitive loss computation mechanism, the model achieves
heightened sensitivity to absolute physical size deviations. This effectively addresses the
core issue of minuscule defect sizes being neglected during training, making Shape-IoU
particularly suitable for PCB defect detection and other scenarios involving minute object
recognition. Shape-IoU is calculated in the following section.

First, the calculation of the intersection over union (IoU) is calculated as follows:

IoU =

∣∣B ∩ Bgt
∣∣

|B ∪ Bgt|
, (8)

where IoU measures the overlap between the predicted box (B) and the ground truth box
(Bgt) as the ratio of their intersection area to their union area.

The weight coefficients in the horizontal (ww) and vertical (hh) directions are defined,
respectively, as follows:

ww =
2 ×

(
wgt)scale

(wgt)
scale + (hgt)

scale , (9)

hh =
2 ×

(
hgt)scale

(wgt)
scale + (hgt)

scale , (10)

where hgt and wgt represent the height and width of the ground truth box, respectively. scale
is the scale factor, which is related to the scale of the target in the dataset. The calculation of
shape distance is defined as

distanceshape = hh ×

(
xc − xgt

c

)2

c2 + ww ×

(
yc − ygt

c

)2

c2 , (11)

where (xc, yc) and (xc
gt, yc

gt) represent the center coordinates of the predicted box and the
ground truth box, respectively. By accumulating weighted differences in width and height,
the shape consistency term is calculated as follows:

Ωshape = ∑t=w,h

(
1 − e−ωt)θ , θ = 4 (12)

The proportions of weighted differences in width (ωw) and height (ωh) are, respectively
defined as 

ωw = hh × |w−wgt|
max(w,wgt)

,

ωh = ww × |h−hgt|
max(h,hgt)

,
(13)
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where w and h represent the height and width of the predicted box, respectively. Shape-IoU
is defined as

L = 1 − IoU + distanceshape + 0.5 × Ωshape (14)

The diagram of the Shape-IoU prediction frame and real frame is displayed in Figure 5.

Figure 5. The diagram of Shape-IoU prediction frame and real frame.

4. Experiments and Analysis of Results
4.1. Experimental Environment

The training configuration comprises 640 × 640 input images with a total of 300 epochs,
a batch size of 32, and four parallel processes. The model parameters are optimized using
SGD with an initial learning rate of 0.01. The experimental configuration details are listed
in Table 1.

Table 1. Experimental environment configuration.

Environment Configuration

Operating system Ubuntu 18.04.5 LTS
CPU Intel(R) Xeon(R) Gold 6226R CPU @ 2.90 GHz × 4
GPU Tesla V100S-PCIE-32 GB × 1

Programming environment Python 3.8.5
Deep learning framework Pytorch 1.10.0

CUDA 11.0
RAM 32 GB

4.2. Experiment Dataset

This study utilizes the publicly available PCB defect detection dataset from Open
Lab on Human Robot Interaction, Peking University. The dataset comprises 693 images
featuring six distinct defect categories: missing hole, mouse bite, open circuit, short, spur,
and spurious copper. To mitigate potential overfitting caused by limited sample size, the
original dataset was augmented to 10,395 images through cropping, rotation, noise addition,
and brightness adjustment. Subsequently, the enhanced dataset was randomly partitioned
into training, validation, and test sets in a ratio of 8:1:1 through random sampling. The
dataset processing images are shown in Figure 6.
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(a) 

  
(b) (c) 

  
(d) (e) 

Figure 6. The dataset processing images. (a) Original image; (b) cropped image; (c) rotated image;
(d) noise-added image; (e) brightness-adjusted image.

4.3. Evaluation Metrics

In this subsection, precision (P), recall (R), and the mean average precision (mAP)
were adopted as the evaluation metrics of the model.

Precision (P) represents the proportion of predicted positive samples that are actually
positive and is calculated as follows:

P =
TP

TP + FP
× 100%, (15)

where TP denotes the number of actual positive samples correctly predicted as positive,
and FP represents the number of actual negative samples incorrectly predicted as positive.

Recall (R) represents the proportion of all actual positive samples predicted to be
positive. Its calculation is given by the following:

R =
TP

TP + FN
× 100%, (16)

where FN is the number of actual positive samples incorrectly predicted as negative.
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Average precision (AP) quantifies the recognition performance for a specific category
by computing the area enclosed by the precision–recall (PR) curve. The calculation is
defined as follows:

AP =
∫ 1

0
P(R)dR, (17)

where P(R) denotes precision as a function of recall. The mean average precision (mAP)
is an important evaluation metric for object detection models, which is computed as the
mean of AP values across all categories. It is defined as follows:

mAP =
∑N

i=1 APi

N
, (18)

where N denotes the total number of categories, and APi represents the AP for the
i-th category.

4.4. Ablation Experiments

To validate the individual contributions of each model component in PCES-YOLO,
a comprehensive ablation study with eight experimental configurations was performed.
Initial baselines were established using the standard YOLOv11n architecture, followed by
the sequential integration of four novel modules. The quantitative experimental results are
presented in Table 2.

Integration of the C3k2-PRFE module yields performance gains, with mAP50 in-
creasing by 0.9% and mAP50–95 increasing by 2.8%. These enhancements stem from
expanded receptive fields and strengthened feature extraction in the backbone network,
which reduces background interference and false detections. Subsequent incorporation of
the ConvNeXtBlock module raises mAP50 by 0.6% and mAP50–95 by 2.3%. Implemen-
tation of the EFAN feature fusion mechanism achieves measurable benefits, with mAP50
increasing by 0.8%, mAP50–95 by 2.6%, and recall by 1.9%, indicating its role in preserving
shallow feature details and reducing missed detections. Adoption of the Shape-IoU loss
function raises mAP50 by 1.2%, mAP50–95 by 0.4%, and recall by 2.5% through optimized
boundary-aware loss computation, which helps to address the challenge of bounding box
regression instability.

Progressive integration results in the PCES-YOLO architecture, delivering comprehen-
sive performance gains of 2.5% higher precision, 4.9% better recall, 3.6% greater mAP50,
and 15.2% higher mAP50–95 than the baseline model.

Table 2. Results of ablation experiments.

Added Modules
P/% R/% mAP50/% mAP50–95/%

C3k2-PRFE ConvNeXtBlock EFAN Shape-IoU

96.1 89.7 93.7 62.0√
96.8 90.9 94.6 64.8√
97.2 89.9 94.3 64.3√
96.2 91.6 94.5 64.6√
97.0 92.2 94.9 62.4√ √
97.6 91.2 95.1 67.0√ √ √
98.5 93.0 96.3 72.5√ √ √ √
98.6 94.6 97.3 77.2
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4.5. Comparison Experiments
4.5.1. Comparison of Different Receptive Field Enhancement Modules

To evaluate the improved receptive field enhancement module, the unimproved
RFE module was fused with the C3k2 module to form the C3k2-RFE module, whose
performance was compared with that of the C3k2-PRFE module through an experiment.
The results are shown in Table 3.

Table 3. Comparative experimental results for different receptive field enhancement modules.

Models P/% R/% mAP50/% mAP50–95/%

YOLOv11n 96.1 89.7 93.7 62.0
YOLOv11n + C3k2-RFE 96.4 88.2 93.2 61.9

YOLOv11n + C3k2-PRFE 96.8 90.9 94.6 64.8

It can be seen in the data in Table 3 that YOLOv11n with the C3k2-RFE module shows a
0.3% precision improvement, along with a 1.5% recall reduction, a 0.5% decrease in mAP50,
and a 0.1% decline in mAP50–95. In contrast, the model with the C3k2-PRFE module
demonstrates consistent improvements: a 0.7% increase in precision, a 1.2% recall increase,
a 0.9% gain in mAP50, and a 2.8% enhancement in mAP50–95. The results confirm the
effectiveness of the improved receptive field enhancement module.

4.5.2. Comparison of Different Loss Functions

To evaluate the effectiveness of Shape-IoU for PCB defect detection, comparative
experiments were conducted by replacing the original CIoU loss function in YOLOv11n
with three alternatives: SIoU, WIoU, and Shape-IoU. The performance comparison results
are presented in Table 4.

Table 4. Comparative experimental results of different loss functions.

Loss Function P/% R/% mAP50/% mAP50–95/%

CIoU 96.1 89.7 93.7 62.0
SIoU 95.7 89.4 93.5 61.8
WIoU 96.9 91.0 94.6 65.1

Shape-IoU 97.0 92.2 94.9 62.4

It can be seen in the data in Table 4 that the SIoU loss function shows lower per-
formance across all metrics compared to the baseline YOLOv11n with CIoU. In contrast,
WIoU achieves measurable improvements, with precision increasing by 0.8%, recall by
1.3%, mAP50 by 0.9%, and mAP50–95 by 3.1%. Shape-IoU outperforms all comparison
methods, achieving the highest scores in precision, recall, and mAP50, thereby confirming
its suitability for PCB defect detection applications.

4.5.3. Comparison of Different Detector Models

To comprehensively evaluate PCES-YOLO, comparative experiments were conducted
against nine different detector models: Faster R-CNN (FR-CNN), SSD [38], YOLOv5n,
YOLOv8n, YOLOv9t, YOLOv10n, YOLOv11n, YOLOv12n, and YOLOv11s. Consistent
datasets and parameter configurations were maintained across all experiments. As shown
in Table 5, PCES-YOLO achieves a mAP50 of 97.3%, significantly outperforming compara-
tive models. Specifically, it surpasses Faster R-CNN by 11.6%, SSD by 21.0%, YOLOv5n by
3.9%, YOLOv8n by 3.8%, YOLOv9t by 5.2%, YOLOv10n by 5.6%, YOLOv11n by 3.6%, and
YOLOv12n by 7.2%. Further, it also obtains consistent accuracy gains across all defect cate-
gories and maintains parameter efficiency with a reduced model size relative to YOLOv11n.
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Among benchmarked models, only YOLOv9t and YOLOv12n have fewer parameters. How-
ever, this reduction corresponds to substantially lower accuracy. Furthermore, YOLOv11n
with higher detection accuracy is more suitable as the baseline than YOLOv5n, YOLOv8n,
YOLOv9t, YOLOv10n, and YOLOv12n. Compared to YOLOv11s, PCES-YOLO achieves
a 1.0% improvement in mAP50, a 5.6% enhancement in mAP50–95, a 0.9% increase in
precision, and a 1.1% improvement in recall, thereby reducing false positives and missed
detections, despite significant parameter reduction. Consistent accuracy improvements are
observed across all defect categories.

Table 5. Comparative experimental results of different detector models.

Algorithm

AP50/%

P/% R/% mAP50
/% mAP50–95/% Params

/MMissing
Hole

Mouse
Bite

Open
Circuit Short Spur Spurious

Copper

FR-CNN 93.3 81.3 82.8 91.7 80.2 85.1 88.4 82.6 85.7 47.3 136.5
SSD 85.5 71.2 75.4 81.4 65.4 79.0 79.4 71.8 76.3 39.7 24.28

YOLOv5n 99.3 90.7 91.4 96.6 85.7 96.9 95.8 87.9 93.4 60.6 2.65
YOLOv8n 99.4 92.3 90.6 97.8 84.0 96.6 95.7 88.1 93.5 61.4 3.16
YOLOv9t 99.3 89.7 87.7 97.0 84.2 94.6 95.4 86.9 92.1 58.6 2.13

YOLOv10n 99.3 89.4 87.1 96.5 83.4 94.7 94.4 86.7 91.7 60.0 2.78
YOLOv11n 99.4 91.7 91.1 98.1 84.5 97.5 96.1 89.7 93.7 62.0 2.62
YOLOv12n 98.8 87.8 88.8 95.7 80.4 89.3 94.3 84.6 90.1 54.5 2.55
YOLOv11s 99.5 95.5 96.1 99.3 88.2 99.0 97.7 93.5 96.3 71.6 9.46

PCES-YOLO 99.5 96.7 98.2 99.4 90.7 99.4 98.6 94.6 97.3 77.2 2.60

Tables 6 and 7, and Figure 7a present the training dynamics of PCES-YOLO compared
to YOLOv11n, with faster and smoother loss convergence, a much lower loss value, strong
training stability, and higher detection accuracy. Figure 7b–d indicate that PCES-YOLO
outperforms YOLOv11n in precision, recall, and mAP50. During the initial 0–10 training
epochs, PCES-YOLO exhibited a rapid decrease in loss, while its precision, recall, and
mAP50 metrics increased rapidly. Its convergence speed was significantly faster than
that of YOLOv11n. Between epochs 10 and 290, the performance metrics of PCES-YOLO
stabilized, with its stable values surpassing those of YOLOv11n. In the 290–300 epoch phase,
both PCES-YOLO and YOLOv11n showed an increase in loss, indicating overfitting to
some extent. This phenomenon occurs because the models learn irrelevant features, such as
noise, present in the training data. However, as demonstrated by the data in Tables 6 and 7,
the severity of overfitting in PCES-YOLO was far lower than in YOLOv11n, demonstrating
that it significantly mitigates overfitting risks and effectively suppresses loss fluctuations.
The proposed model exhibits faster convergence and fewer training oscillations.

Table 6. Performance of PCES-YOLO during the training process.

Performance 50 Epochs 100 Epochs 150 Epochs 200 Epochs 250 Epochs 300 Epochs

Loss 0.096 0.083 0.075 0.070 0.062 0.086
Precision/% 96.06 98.04 98.23 98.62 98.55 98.61

Recall/% 91.01 93.22 94.29 94.30 94.42 94.57
mAP50/% 94.69 96.44 96.87 97.04 97.16 97.34

Table 7. Performance of YOLOv11n during the training process.

Performance 50 Epochs 100 Epochs 150 Epochs 200 Epochs 250 Epochs 300 Epochs

Loss 0.731 0.634 0.563 0.502 0.448 1.087
Precision/% 91.01 94.14 95.45 96.33 96.44 96.09

Recall/% 80.24 85.51 87.07 87.41 88.44 89.69
mAP50/% 86.17 90.76 92.09 92.62 93.28 93.72



Appl. Sci. 2025, 15, 7588 16 of 21
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Figure 7. Performance curves: before and after improvement. (a) loss curve; (b) precision curve;
(c) recall curve; (d) mAP50 curve.

To verify the performance of the PCES-YOLO model across various defect detection
tasks, the confusion matrices for YOLOv11n and PCES-YOLO were examined, as illustrated
in Figure 8. PCES-YOLO demonstrates higher correct detection rates and lower missed
detection rates for all defect categories compared to YOLOv11n. However, the probability
of misclassifying background regions as spur and spurious_copper shows a slight increase
relative to YOLOv11n. This occurs because the SCDown lightweight downsampling
module adopted in the neck network, while reducing parameter count, may compromise
some spatial information, leading to boundary ambiguity between background features and
the textures characteristic of spur and spurious_copper defects. In contrast, the probability
of misdetection for other defect types decreases due to EFAN’s enhanced preservation of
detailed features. The experiment shows that the overall performance of the model is good,
mainly manifested in the improvement in detection accuracy for all defect categories.

  
(a) (b) 

Figure 8. Confusion matrix of YOLOv11n and PCES-YOLO. (a) YOLOv11n; (b) PCES-YOLO.

To further assess detection performance, comparative testing was conducted on ran-
domly selected defective images from six categories, with results in Figure 9. Both models



Appl. Sci. 2025, 15, 7588 17 of 21

avoid missed and false detections, but PCES-YOLO demonstrates higher detection accuracy
across all defect types compared to the baseline YOLOv11n.

In summary, PCES-YOLO outperforms mainstream detection algorithms, including
Faster R-CNN, SSD, and YOLOv8n, in overall performance metrics.

 

Figure 9. Comparison results of visualization experiments on self-enhanced dataset.
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4.6. Experiments Based on the DeepPCB Dataset

To rigorously assess PCES-YOLO’s performance on PCB defect detection, comparative
experiments were conducted using the DeepPCB dataset [39]. This specialized dataset com-
prises 1500 image pairs, each containing a defect-free reference image and its corresponding
annotated test image. The images were captured using a linear scanning CCD device with
a native resolution of approximately 48 pixels/mm and were subsequently processed into
aligned 640 × 640 pixel sub-images. The dataset provides comprehensive annotations for
six prevalent PCB defect categories: open, short, mousebite, spur, copper, and pin-hole.
The experimental results are detailed in Table 8. The visualization experiment results are
shown in Figure 10.

Table 8. Experimental comparison results on the DeepPCB dataset.

Algorithm P/% R/% mAP50/% mAP50–95/%

YOLOv9t 97.0 94.8 98.3 74.2
YOLOv10n 94.9 93.9 98.1 76.9
YOLOv11n 97.3 96.3 98.7 77.1

PCES-YOLO 98.0 96.9 98.9 77.4

 

Figure 10. Comparison results of visualization experiments on the DeepPCB dataset.

Table 8 and Figure 10 demonstrate PCES-YOLO’s superior performance on the Deep-
PCB dataset. It consistently outperforms YOLOv9t, YOLOv10n, and YOLOv11n in mAP50,
mAP50–95, precision, and recall. The model achieves higher accuracy than YOLOv11n
across all defect categories, confirming its exceptional capability in small target detec-
tion with low false and missed detection rates. These results demonstrate the excellent
performance of the model on different PCB defect datasets and validate its strong general-
ization performance.

4.7. Limitation of the PCES-YOLO

As demonstrated in the preceding research, PCES-YOLO achieves significant improve-
ments in PCB defect detection accuracy while concurrently reducing model parameters.
However, the integration of large-kernel convolutions within the ConvNeXtBlock module
introduces a marginal increase in computational load compared to YOLOv11n, resulting in
a slight reduction in inference frame rate, as listed in Table 9. It is expected that employing
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updated versions of PyTorch, optimizing batch configurations, and improving the acceler-
ation method can effectively mitigate this frame rate decrease. Consequently, the impact
on practical deployment scenarios is anticipated to be minimal. Moreover, Table 9 shows
that PCES-YOLO’s GPU memory usage is lower than that of YOLOv11n and YOLOv11s,
making it suitable for deployment on devices with limited resources.

Table 9. Comparative experimental results for frame rate and GPU memory usage.

Algorithm FPS GPU Memory Usage/%

YOLOv11n 139 18
YOLOv11s 115 32

PCES-YOLO 133 16

5. Conclusions
This paper presents PCES-YOLO, a high-precision PCB detection model based on

YOLOv11n. A 3 × 3 convolution is added before the RFE module to form the PRFE
module, which reduces high-frequency interference and prevents excessive dilution of
detailed features by large receptive fields. The PRFE module is then integrated with C3k2
to create the C3k2-PRFE feature extraction module. Furthermore, the ConvNeXtBlock
module replaces C3k2 in the P4 layer. These modifications enhance the model’s ability
to capture a wide range of semantic information, deepen its understanding of input data,
and effectively reduce small target feature loss. The innovative EFAN achieves two main
goals: reducing the parameter count while effectively integrating shallow detail features
with deep semantic features, ensuring the retention of critical defect information across
different feature levels. During training, PCES-YOLO employs the Shape-IoU loss function,
which emphasizes the geometric attributes of bounding boxes during loss computation,
thereby improving regression stability. The experimental results indicate that the proposed
model outperforms mainstream detection models in comparison, with improvements of
2.5% in precision, 4.9% in recall, 3.6% in mAP50, and 15.2% in mAP50–95 over YOLOv11n,
and effectively addresses the issues of small target feature loss and severe background
interference. For industrial deployment, future work will focus on model lightweighting
to reduce computational costs without sacrificing accuracy, enabling embedded device
deployment. Further optimization will involve real production line testing to enhance
applicability in PCB manufacturing.
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