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ABSTRACT Automatic defect detection for printed circuit boards (PCBs) is crucial for manufacturing
quality and reliability, yet remains challenging due to tiny defect sizes, low visual contrast, and deployment
constraints. We propose SHNet, a lightweight YOLOv8s-based detector that emphasizes shallow high-
resolution representations. Instead of relying on deep low-resolution features, SHNet removes the low-
resolution detection head and uses the 16x feature only as semantic guidance in the neck, reducing
complexity while preserving fine structural cues. To enhance detection performance, we introduce three
modules: the Multi-kernel Adaptive Module (MKAM) for scale-aware representation, the Spatial-Semantic
Alignment Module (SSAM) for cross-layer feature alignment, and the Wavelet Enhancement Module
(WEM) for strengthening weak defect responses in the frequency domain. Experiments show that SHNet
improves mAP@0.5:0.95 by 9.1% and 20.8% over YOLOvS8s on two datasets, respectively, while achieving
a model size of only 2.3 MB with 87% fewer parameters and 56% fewer FLOPs. Code is available at
https://github.com/Frieda73/SHNet.

INDEX TERMS Printed circuit boards, defect detection, lightweight framework, semantic alignment,

Wavelet enhancement

I. INTRODUCTION

Printed circuit boards (PCBs) are fundamental components
in modern electronic devices [1]. However, defects such as
burrs and missing holes often occur in the manufacturing
process [2]. Thus, it has significance to detect surface defects
accurately and efficiently [3]. Actually, this task presents a
set of challenges in industrial applications. Different from
general object detection, PCB defects have extremely high
class imbalance and extremely small size. Most defects only
account for 0.005% to 0.07% of the entire image area. In addi-
tion, the visual similarity between defects and complex back-
grounds make it hard to distinguish between categories [4].

Traditional methods use techniques such as template
matching, filter enhancement and image difference, and rely
on manual extraction of features [5]. While these methods
may be effective in highly canonical environments, they have
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limited robustness in the face of complex backgrounds or
microscopic defects. Moreover, despite their potential advan-
tages for rapid detection, they lack the adaptability required
for modern production lines. Machine learning methods, like
Principal Component Analysis [6], random forests [7], and
reinforcement learning [8], heavily rely on the performance
of hand-designed classifiers. These models usually have high
computational complexity and slow inference speed, which
limits real-time applications.

In recent years, deep learning technology has developed
fast, and Convolutional Neural Network (CNN) has per-
formed well. For example, two-stage networks like R-CNN
series [9-11], prioritize accuracy by generating candidate
regions. Single-stage networks, like YOLO series [12—14],
SSD [15] and EfficientDet [16], optimize for speed by di-
rectly predicting categories and bounding boxes. Recently,
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Vision Transformers (ViTs) [17] have been gradually intro-
duced into vision tasks because of their long-range depen-
dency modeling ability and parallelization advantages. Effi-
cient sequence modeling methods based on Mamba architec-
ture [18], have also begun to attract attention.

Despite these remarkable advances, applying deep learning
to PCB defect detection still faces many challenges. YOLO-
based detectors have achieved great success in general ob-
ject detection by progressively expanding the receptive field
through stacked convolutional and downsampling layers.
However, for PCB defect detection, repeated downsampling
may prematurely discard high-resolution details, leading to
missed detections or inaccurate localization of tiny defects.
On the one hand, the morphology of defects is diverse. At the
same time, the visual contrast between defects and complex
backgrounds is usually very low. On the other hand, many
high-precision models are too complex [19-22] with too
many parameters and computational costs, which limits their
applicability in real industrial environments.

To solve these problems, this paper proposes a lightweight
network focused on shallow high-resolution features
(SHNet). The core idea of SHNet is to get rid of the depen-
dency on deep, low-resolution features. First, to cope with the
large differences in defect scales, we design the Multi-kernel
Adaptive Module (MKAM). The module extracts features
from multiple branches with different receptive fields in par-
allel and fuses them through an adaptive gating mechanism,
allowing the network to flexibly capture defects ranging from
tiny burrs to large scratches. Second, we propose the Spatial-
Semantic Alignment Module (SSAM), which combines local
fine-grained texture recognition with global semantic model-
ing to ensure SHNet can understand the context of the circuit
layout and suppress background noise. Furthermore, the
Wavelet Enhancement Module (WEM) is deeply integrated
in the feature fusion path. WEM uses wavelet transform to
analyze and reconstruct features in the frequency domain,
which significantly enhances weak defect signals that are
easily confused with background textures.

« We propose SHNet, a lightweight PCB defect detector
that emphasizes shallow high-resolution features and
removes the 32 x detection head, making it more suitable
for tiny and low-contrast defects.

¢ We design MKAM to compensate for the reduced
deep receptive field by adaptively integrating point-
wise, local, large-kernel, and asymmetric convolutional
branches.

« We introduce SSAM and WEM to improve spatial-
semantic alignment and enhance weak defect-related
frequency components under complex PCB back-
grounds.

The remaining part of this article will be organized in the
following way. Section 2 reviews the work related to PCB
defect detection and Section 3 details the proposed SHNet.
Section 4 present experimental results and discussion, and
finally in Section 5, conclusions and perspectives for future
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work are given.

Il. RELATED WORK

A. SCALE-AWARE FEATURE LEARNING FOR OBJECT
DETECTION

Defects on PCB board have a wide range of sizes, from
large scratches covering multiple components to subtle short
circuits only a few pixels wide, which puts high requirements
on the scale adaptability of the model. Classical solutions for
multi-scale problems are to employ Feature Pyramid Network
(FPN) and its variants, such as PANet [23] and BiFPN [16].
However, when dealing with PCB defects exhibiting extreme
scale variations, these approaches face a fundamental limita-
tion: for pixel-level micro defects, their visual features are of-
ten severely degraded during the initial downsampling stages
of the backbone. Although subsequent pyramid structures can
fuse multi-scale features, they cannot recover spatial details
lost during early resolution reduction. KAN-YOLO [24] inte-
grates Kolmogorov—Arnold Network modules into YOLOv8
and improves the detection accuracy at a higher compu-
tational cost. MV-YOLO [25] uses a Mamba-based model
with the BHFM module for multi-scale feature extraction,
but remains ineffective for extremely small targets because
of downsampling information loss. CoTNet [26] introduces
Contextual Transformer (CoT) blocks, which use local con-
textual encoding of keys through 3 x 3 convolution to guide
dynamic attention learning. This design enhances contextual
representation for visual recognition tasks. However, CoTNet
was originally proposed as a general-purpose visual recog-
nition backbone rather than a PCB-specific defect detector;
therefore, its relevance to PCB defect detection mainly lies in
contextual feature modeling rather than explicit preservation
of shallow high-resolution defect details.

B. TEXTURE CONFUSION IN COMPLEX LOW-CONTRAST
BACKGROUNDS

In complex PCB images, defect areas are often highly sim-
ilar to dense circuit traces, pads and other background in
texture and gray level, and the contrast is very low, result-
ing in very weak feature signals, which are easily drowned
by strong background noise, making the detection model
easy to be confused, resulting in missed detections and false
positives. To enhance discriminative capability in such sce-
narios, the deformable Transformer-FPN method [27] com-
bines deformable Transformers with an FPN to better lo-
calize irregular defects while increasing computational cost.
The coordinate-based refinement module [28] improves weak
defect recognition but has limited generalization. The local—
global context modeling method [29] enhances PCB defect
detection but remains less effective on complex spatial lay-
outs. The dual-layer template matching with ECA-enhanced
YOLOV7 method [30] improves detection accuracy but re-
mains sensitive to low-contrast textures. The unsupervised
reconstruction-based method [31] detects defects as devia-
tions from normal texture patterns.
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FIGURE 1. Overall architecture of SHNet. MKAM, SSAM, and WEM denote the Multi-Kernel Adaptive Module, Spatial-Semantic Alignment Module, and
Wavelet Enhancement Module, respectively. Conv denotes a convolutional layer, C2f denotes the standard C2f block used in YOLOvS8, and Detect denotes
the decoupled detection head. Feature-map dimensions are expressed as H x W x C, where H, W, and C denote height, width, and channel number,

respectively.

C. LIGHTWEIGHT NETWORK

Real-time is very important in industrial inspection. There-
fore, it is an urgent need to develop lightweight models to
complete the deployment of edge computing platforms. One
mainstream strategy is to optimize the network architecture
by reducing the number of parameters and computational cost
while improving inference speed through efficient convolu-
tional designs or lightweight modules. GC-Neck [32] com-
bines GSConv and CAA modules to get a favorable trade-off
between lightweight design. However, the depthwise separa-
ble convolution (DSC) component in GSConv decouples spa-
tial and channel operations, potentially losing cross-channel
structural information despite reducing computation. The HS-
LSKA and global-EMA method [33] balances accuracy and
speed under small-object, complex-background scenarios.
While HS-LSKA improves small-object sensitivity, it may
misclassify background textures; global-EMA mitigates this
but can increase false positives. MT-YOLO [34] replaces the
backbone C3 with PConv for faster FPS and adds DGConv in
the neck for irregular defect features. Ablation studies show
slightly lower accuracy than YOLOVS5s, traded for speed and
smaller size.

ill. METHOD

To address the challenges of PCB defect detection, including
large scale variation, low contrast between defects and back-
grounds, and the need for efficient deployment, we propose
SHNet, a lightweight detector that emphasizes shallow high-
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resolution features. As shown in Fig. 1, SHNet consists of
three components: a backbone for hierarchical feature extrac-
tion, a neck for feature enhancement and multi-scale fusion,
and a standard decoupled detection head.

The backbone extracts multi-level semantic and texture
features using stacked convolutional layers and C2f blocks.
Different from conventional detectors that continuously
downsample features to obtain deeper semantics, SHNet re-
moves the P5 layer with 32x downsampling and retains
features only up to the P4 level with 16 x downsampling.
This design is motivated by the small spatial extent of PCB
defects. After excessive downsampling, tiny defects may be
compressed into very few feature cells or confused with com-
plex circuit backgrounds. Therefore, SHNet preserves the 4 x
and 8 high-resolution branches and uses the 16 x feature as
the deepest semantic representation, balancing fine structural
details and contextual information.

The neck further enhances and fuses features from different
levels. It follows a bidirectional pyramid structure and em-
beds three key modules: the Multi-kernel Adaptive Module
(MKAM), the Spatial-Semantic Alignment Module (SSAM),
and the Wavelet Enhancement Module (WEM). In the top-
down path, MKAM enlarges the receptive field of deep fea-
tures and strengthens contextual representation. SSAM then
aligns shallow and deep features through global-local col-
laborative attention, improving both spatial consistency and
semantic complementarity. WEM introduces wavelet-domain
enhancement to suppress background noise and strengthen
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defect responses while preserving low-frequency structural
information. In the bottom-up path, features are progressively
downsampled and fused to reinforce semantic consistency
across scales. As a result, the neck produces multi-scale
features with rich texture details, clear defect responses, and
balanced semantic representation.

Finally, the decoupled detection head separates classifica-
tion and localization tasks, enabling SHNet to detect both tiny
defects and large-area anomalies on PCB surfaces.

A. MULTI-KERNEL ADAPTIVE MODULE
PCB defects vary in size and shape, from pinholes to
scratches, which requires a high feature extraction ability of
the model. The traditional convolution module usually uses
a fixed receptive field, which is difficult to flexibly adapt to
this scale diversity. To solve this problem, the multi-kernel
adaptive module (MKAM) is designed, as shown in Fig. 2.
Formally, assume that the input feature map is X €
REXHXW  MKAM first processes the input through a set
of parallel convolutional transformations. We define the op-
erations of these four branches as sets of transformations
& = {Fy, Fa, F3, Fa}, corresponding to 1 x 1 Conv for pre-
serving fine-grained information, 3 x 3 depthwise separable
convolution (DWConv) for extracting local textures, 7 X 7
DWConv for expanding receptive fields, and 1 x 7and 7 x 1
asymmetric convolutional structures to enhance linear defect
perception. These multi-scale features are then aggregated to
generate intermediate features U:

U = Concat (F1(X), F2(X), F3(X), F4(X)). (1)

In order to achieve dynamic selection of different features,
MKAM introduces a dynamic fusion mechanism. This mech-
anism aims to adaptively recalibrate the aggregated features
U, according to the importance of the channels. First, channel
statistics are extracted by global average pooling. Subse-
quently, a multi-layer perceptron containing dimensionality
reduction and dimensionality boosting operations is used to
capture the dependencies between channels, and then, the
Sigmoid is used to generate the attention weight vector a:

a=¢§(Wa o (Wi GAP(U))), (2)

where W, and W5 represent 1 x 1 convolutional weights, and
o and ¢ represent SiLU and Sigmoid.

Finally, multi-scale features are weighted using the gener-
ated attention weights to enhance feature responses related to
defects and suppress background noise.

B. SPATIAL-SEMANTIC ALIGNMENT MODULE

In the multi-level feature fusion, the shallow features focus on
spatial details, and the deep features contain higher semantic
information. There is inconsistency between the two at the
scale and semantic level, and the direct addition or splicing
is easy to introduce noise and lead to feature degradation. To
this end, we propose the Spatial-Semantic Alignment Mod-
ule (SSAM) to achieve effective cross-scale feature fusion,
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as shown in Fig. 3. First, a 1 x 1 convolution is used to
unify the channel dimensions of multi-scale features, and the
Global-Local Attention Module (GLAM) is introduced for
parallel feature enhancement. Among them, the local branch
uses depth-wise separable convolution and gradient prior
to strengthen defect edge response, and the global branch
models long-range semantic dependence through lightweight
Transformer. Then, the enhanced features are aligned to the
same resolution and fused, and the channel and spatial at-
tention are further calibrated by the Convolutional Block
Attention Module (CBAM) [35]. Channel attention adjusts
the importance distribution of feature subspaces, while spatial
attention emphasizes the response of potential defect areas
to alleviate the semantic mismatch problem. All GLAM en-
hanced feature maps are bilinear interpolated to the same
spatial resolution, concatenated in the channel dimension, and
deep fusion of information is completed by a final 1 x 1
convolution.

C. WAVELET ENHANCEMENT MODULE

Many PCB defects exhibit weak high-frequency responses
that are easily confused with dense traces, pads, and other
background textures. Pure spatial-domain enhancement may
therefore be insufficient to separate defect-related details
from background noise. To address this issue, we de-
sign the Wavelet Enhancement Module (WEM), which en-
hances feature representations through wavelet decomposi-
tion, frequency-domain collaborative enhancement, and in-
verse reconstruction, as shown in Fig. 4.

Given an input feature map F € RE*H*W WEM first ap-
plies the two-dimensional discrete wavelet transform (DWT)
to decompose it into a low-frequency approximation subband
and three high-frequency detail subbands:

{F),F,} =DWT(F), Fn,={Fiu,Fu.,Fun}. O3
where F; denotes the low-frequency approximation subband,
while Fry, Fyr, and Fyy denote the three high-frequency
detail subbands.

For the low-frequency component, channel attention is
used to enhance global semantic and structural information:

Fi=Ad(F)OF, )

where A.(-) denotes the channel attention mapping function,
and © represents element-wise weighting.

Since defect-related textures are mainly reflected in high-
frequency components, WEM further uses the enhanced low-
frequency feature F; to guide high-frequency enhancement.
Specifically, a spatial guidance map My;¢e and a background
gating map Gy, are generated as:

Mguige = Gs(F1), Gug = Gp(Fy). (5)
Here, G,(-) highlights high-frequency responses aligned with
potential defect regions, while G(-) suppresses irrelevant
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FIGURE 2. The detailed structure of the Multi-kernel Adaptive Module.
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FIGURE 3. lllustration of the Spatial-Semantic Alignment Module and its
core component, the Global-Local Attention Module.

background textures. The high-frequency features are then
refined by guided modulation and channel attention:

Fj = Fj © Mgyige © Gy, (6)
F,= A.F})) ® F}, (7
Fou = IDWT(F}, F}). (8)

where IDWT(-) denotes the inverse discrete wavelet trans-
form.

Through this process, WEM effectively integrates global
structural cues and local defect details while maintaining
the original spatial resolution, providing more discriminative
features for the subsequent detection head.

IV. EXPERIMENTS
A. EXPERIMENTAL SETUP

Datasets.
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TABLE 1. Experimental parameter settings.

Parameters PKU-Market-PCB  DeepPCB
Epochs 200 200
Batch size 8 8
Learning rate 0.01 0.01
Momentum 0.937 0.937
Image size 640 640
Optimizer SGD SGD
Weight decay 0.0005 0.0005

We evaluate SHNet mainly on the PKU-Market-PCB
dataset [36], which contains 693 high-resolution PCB images
covering six common defect categories. Each image contains
only one defect category but may include multiple instances
of that defect. Representative examples of the six defect
categories are shown in Fig. 5. As summarized in Table 2,
the dataset is divided into 483 training images, 66 validation
images, and 144 test images, containing 2,062, 279, and
612 defect instances, respectively. In total, PKU-Market-PCB
contains 2,953 annotated defect instances.

We further evaluate the generalization ability of SHNet on
the DeepPCB dataset [37], a publicly available black-and-
white PCB defect detection dataset released by Shanghai Jiao
Tong University. DeepPCB contains 1,500 defect images. Un-
like PKU-Market-PCB, a single image in DeepPCB may con-
tain multiple defect categories, with multiple defect instances
co-occurring within the same image, as illustrated in Fig. 6.
As reported in Table 3, the dataset consists of 1,050 training
images, 150 validation images, and 300 test images, contain-
ing 7,009, 993, and 2,011 defect instances, respectively, for a
total of 10,013 annotated defect instances.

For both datasets, the images are randomly divided into
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FIGURE 6. Representative defect images from the DeepPCB dataset. From (a) to (f), each image may contain multiple defect categories and multiple
defect instances. The colored bounding boxes indicate annotated defect locations, and the accompanying text denotes the corresponding defect category.

training, validation, and test sets with a ratio of 7:1:2.

Experimental configuration. The experimental environ-
ment of this paper was based on Linux, and the hardware
setup was composed of NVIDIA GeForce RTX 4090 GPU.
The deep learning framework used was PyTorch 2.4.1, CUDA
version 12.1, and Python 3.10.18. See Table 1 for the specific
training strategies.

Evaluation metrics. For fair comparison with existing
methods, we adopt the same evaluation metrics as in [22], in-
cluding precision (P), recall (R), F1 score, mean average pre-

6

cision (mAP), parameter count, computational complexity,
inference speed, and model size. The number of parameters
(Params) is reported in millions (M), computational complex-
ity is measured in giga floating-point operations (GFLOPs),
inference speed is reported in frames per second (FPS),
and model size is reported in megabytes (MB). The metric
mAP@0.5 denotes mean average precision at an intersection-
over-union (IoU) threshold of 0.5, whereas mAP@0.5:0.95
denotes the mean AP averaged over IoU thresholds from 0.50
to 0.95 with a step size of 0.05.

VOLUME 11, 2023
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TABLE 2. Distribution of images and defect instances across different defect categories in the PKU-Market-PCB dataset.

Defect Type Train Validation Test Total
Images Defects Images Defects Images Defects Images Defects
Missing Hole 80 345 11 41 24 111 115 497
Mouse Bite 80 344 11 48 24 100 115 492
Open Circuit 81 340 11 50 24 92 116 482
Short 81 348 11 46 24 97 116 491
Spur 80 328 11 53 24 107 115 488
Spurious Copper 81 357 11 41 24 105 116 503
Total 483 2062 66 279 144 612 693 2953
TABLE 3. Statistics of the DeepPCB dataset. on this dataset, which may be related to the small size and
low contrast of PCB defects.
Split Images Defects Among the lightweight methods, Hyper-YOLO pro-
_ 050 7009 vides a competitive result on PKU-Market-PCB, with
vfjilzation o 203 0.9247 mAP@0.5, 0.4731 mAP@0.5:0.95, 3.62M parame-
Test 300 2,011 ters, and a model size of 7.3 MB. SHNet further improves
mAP@0.5:0.95 to 0.5091 while using fewer parameters.
Total 1,500 10,013

B. RESULTS AND DISCUSSION

1) Main Experiments and Comparison

In order to evaluate the comprehensive performance of SHNet
in industrial defect detection scenarios, experiments are car-
ried out on two benchmark datasets. The comparison includes
general object detection algorithms, such as YOLO series,
Faster R-CNN, and RT-DETR, as well as lightweight detec-
tion methods, including Hyper-YOLO, MHAF-YOLO, and
Mamba-YOLO. The quantitative results are summarized in
Table 4.

On the PKU-Market-PCB dataset, SHNet obtains 0.9554
precision, 0.9115 recall, 0.9320 F1 score, 0.9398 mAP@0.5,
and 0.5091 mAP@0.5:0.95. Among the compared methods,
these values are the highest across the main accuracy metrics.
Compared with YOLOv8s, SHNet improves mAP@0.5 from
0.9053 t0 0.9398 and mAP@0.5:0.95 from 0.4666 to 0.5091.
At the same time, the number of parameters is reduced from
7.60M to 0.97M, and the model size is reduced from 14.8
MB to 2.3 MB. This result suggests that the proposed design
can improve detection accuracy without increasing the model
scale.

Compared with other YOLO-series baselines, SHNet also
shows a favorable balance between detection performance
and model complexity. YOLOv11s obtains the second-best
recall, F1 score, and mAP@0.5:0.95 on PKU-Market-PCB,
but it requires 9.42M parameters and has a model size of
18.3 MB. YOLOv13s achieves relatively high precision, but
its recall and mAP@0.5:0.95 are lower than those of SHNet.
This indicates that, for PCB defect detection, a high precision
value alone may not be sufficient, because missed detections
are also important in practical inspection scenarios. Faster R-
CNN and RT-DETR show lower recall and mAP@0.5:0.95
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MHAF-YOLO has the lowest GFLOPs among the compared
models, but its precision, recall, F1 score, and mAP values are
lower than those of SHNet. Mamba-YOLO also has moderate
model complexity, but its accuracy and FPS are less favorable
under this experimental setting. These comparisons indicate
that reducing computational cost alone is not sufficient; for
PCB defects, preserving fine spatial details is also important.

On the DeepPCB dataset, SHNet achieves 0.9779 preci-
sion, 0.9725 recall, 0.9752 F1 score, 0.9867 mAP@0.5, and
0.8096 mAP@0.5:0.95. SHNet is not the best method in every
individual metric: YOLOV9s obtains a slightly higher preci-
sion, and YOLOv5s and YOLOV10s obtain marginally higher
mAP@Q.5 values. However, the difference in mAP@0.5 be-
tween SHNet and the best result is only 0.0011, whereas
SHNet improves mAP@0.5:0.95 by 0.0283 over YOLOVSs.
This distinction is important because mAP@0.5 is a relatively
loose localization criterion and is nearly saturated on this
dataset, while mAP@0.5:0.95 evaluates localization qual-
ity across stricter IoU thresholds. Therefore, the DeepPCB
results should be interpreted as evidence of stronger high-
threshold localization and efficiency, rather than uniform
dominance across all metrics.

Compared with YOLOvVS8s on DeepPCB, SHNet improves
mAP@0.5:0.95 from 0.6701 to 0.8096 and increases FPS
from 152.92 to 240.11. The parameter count is also re-
duced from 7.60M to 0.97M. Compared with YOLOVSs,
which performs strongly on this dataset, SHNet improves
mAP@0.5:0.95 from 0.7813 to 0.8096 while using fewer
parameters and achieving higher FPS. These results suggest
that the proposed model is not only effective on PKU-Market-
PCB, but also maintains reasonable generalization on the
grayscale DeepPCB dataset.

The comparison with lightweight detectors on Deep-
PCB shows a similar trend. Hyper-YOLO achieves 0.7531
mAP@0.5:0.95 with a compact model size of 7.3 MB, while
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TABLE 4. Performance comparison of different models on PKU-Market-PCB and DeepPCB. The best results within each dataset are shown in bold, and

the second-best results are underlined.

Model Precision Recall F1Score mAP@0.5 mAP@0.5:0.95 GFLOPs Params(M) FPS Size(MB)
PKU-Market-PCB dataset
YOLOV5s [13] 0.9268  0.8815  0.9032 0.9253 0.4691 18.7 7.82 108.31 15.2
YOLOVS8s [14] 0.9075 0.8698  0.8876 0.9053 0.4666 21.6 7.60 126.03 14.8
YOLOVYs [38] 0.9254  0.8680  0.8949 0.8970 0.4684 22.1 6.20 106.93 12.7
YOLOvV10s [39] 09177 0.8624  0.8370 0.9141 0.4847 214 7.22 110.44 15.8
YOLOv11s [40] 0.9363 0.8972 0.9157 0.9161 0.4884 21.3 9.42 72.10 18.3
YOLOv12s [41] 0.9062  0.8807  0.8929 0.9056 0.4660 19.3 9.08 97.74 17.8
YOLOv13s [42] 0.9400 0.8329 0.8818 0.8815 0.4177 20.0 9.00 112.44 17.8
Faster R-CNN [11] 0.7821  0.4693  0.5863 0.7822 0.3653 181.76 41.10 20.10 158.1
RT-DETR [43] 0.8883  0.8564 0.8717 0.8850 0.4115 103.5 31.99 92.14 63.1
Hyper-YOLO [44] 0.9410  0.8819  0.9092 0.9247 0.4731 9.5 3.62 142.15 1.3
MHAF-YOLO [45]  0.8750 0.7963  0.8297 0.8597 0.4391 7.7 2.28 148.53 30.6
Mamba-YOLO [21]  0.9294  0.8369 0.8784 0.8814 0.4383 12.3 5.67 60.13 11.1
Ours 0.9554 09115 0.9320 0.9398 0.5091 9.5 0.97 168.00 2.3
DeepPCB dataset

YOLOV5s [13] 0.9689  0.9706  0.9696 0.9878 0.7813 18.7 7.82 197.63 15.2
YOLOVSs [14] 0.9464  0.9069 0.9254 0.9688 0.6701 21.6 7.60 152.92 14.8
YOLOWVYs [38] 09812 09673 0.9739 0.9865 0.7523 22.1 6.20 135.60 12.7
YOLOv10s [39] 0.9646  0.9670  0.9658 0.9873 0.7643 214 7.22 172.66 15.8
YOLOv11s [40] 0.9748  0.9396  0.9567 0.9815 0.7326 21.3 9.42 191.63 18.3
YOLOv12s [41] 0.9743  0.9497 0.9614 0.9849 0.7328 19.3 9.08 130.48 17.8
YOLOv13s [42] 0.9669  0.9364 0.9510 0.9796 0.7469 20.0 9.00 72.79 17.8
Faster R-CNN [11] 0.9630  0.7311  0.8315 0.9633 0.6572 181.7 41.10 50.67 158.1
RT-DETR [43] 0.9570  0.9532  0.9545 0.9816 0.6825 103.5 31.99 92.14 63.1
Hyper-YOLO [44] 0.9502  0.9573  0.9525 0.9678 0.7531 9.5 3.62 177.53 1.3
MHAF-YOLO [45]  0.9319 0.9070  0.9190 0.9629 0.5406 7.7 2.28 222.15 30.6
Mamba-YOLO [21]  0.9531  0.8967 0.9224 0.8974 0.7236 12.3 5.67 60.13 11.1
Ours 09779  0.9725 0.9752 0.9867 0.8096 9.5 0.97 240.11 2.3

SHNet reaches 0.8096 mAP@0.5:0.95 with a smaller model
size. MHAF-YOLO has relatively low GFLOPs and few pa-
rameters, but its mAP@0.5:0.95 is 0.5406, indicating that its
localization performance is limited in this setting. Mamba-
YOLO obtains 0.7236 mAP@0.5:0.95, but its FPS is lower
than that of SHNet. These results suggest that SHNet achieves
a relatively balanced trade-off among accuracy, parameter
efficiency, and inference speed.

Overall, the results in Table 4 show that SHNet provides
a favorable accuracy—efficiency trade-off under the present
experimental protocol. On PKU-Market-PCB, the gains are
reflected across the main accuracy metrics, suggesting that
preserving shallow high-resolution features is beneficial for
small and low-contrast defects. On DeepPCB, SHNet does
not dominate every loose-threshold metric, but it achieves
the highest mAP @0.5:0.95 while using the fewest parameters
and the smallest model size. These results support the effec-
tiveness of the proposed design for lightweight PCB defect
detection, within the scope of the two evaluated datasets.

See Fig. 7 for a qualitative comparison of the detection re-
sults produced by different models on the PKU-Market-PCB
dataset. In the “True defect” column, the red bounding boxes
indicate the ground-truth defect locations. For the detection
results of each model, each colored bounding box represents
a predicted defect region; the text attached to the box denotes
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the predicted defect category, while the following numerical
value denotes the corresponding detection confidence score,
ranging from O to 1. A higher score indicates that the model
is more confident in the predicted category and localization.

The visualization reveals noticeable differences among the
compared methods, particularly for small defects located in
complex PCB patterns. Successful detections are character-
ized by predicted boxes that closely overlap with the ground-
truth regions and have correct category labels. Missed detec-
tions occur when one or more ground-truth defects are not
covered by any predicted box, whereas false positives corre-
spond to additional predicted boxes in regions where no de-
fect is annotated. Category-confusion errors occur when a de-
fect is localized but assigned an incorrect class label.

For example, in the short-circuit sample, YOLOvVSs fails
to detect all defect instances, while YOLOv9s introduces an
incorrect prediction of spurious copper. Faster R-CNN also
shows category confusion by classifying a short-circuit defect
as an open-circuit defect, and Hyper-YOLO produces an er-
roneous spur prediction in the same sample. In the spur case,
Hyper-YOLO, MHAF-YOLO, and Mamba-YOLO generate
additional spurious-copper predictions that are absent from
the ground truth, indicating susceptibility to false alarms un-
der dense and repetitive PCB textures. In contrast, SHNet pro-
duces predictions that are more consistent with the ground-
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FIGURE 7. Qualitative comparison of different detection models on the PKU-Market-PCB dataset. Red bounding boxes in the “Ground truth” column
indicate the annotated defect locations. For each detection model, colored bounding boxes denote predicted defect regions, the accompanying text
denotes the predicted defect category, and the numerical value following the category label represents the corresponding detection confidence score in

the range [0, 1].

truth annotations across the six defect categories, with fewer
missed detections, false positives, and category-confusion
errors. These qualitative results indicate that the proposed
shallow high-resolution architecture preserves fine-grained
defect cues more effectively and improves the localization
and recognition of small and low-contrast PCB defects.

On PKU-Market-PCB, SHNet achieves the best overall
detection performance with 0.9554 precision, 0.9115 recall,
0.9398 mAP@0.5, and 0.5091 mAP@0.5:0.95. Meanwhile,
it contains only 0.97M parameters and reaches 168 FPS,

VOLUME 11, 2023

showing a favorable balance between accuracy and efficiency.
On DeepPCB, SHNet further obtains the best mAP@0.5:0.95
of 0.8096 and the highest inference speed of 240.11 FPS,
which verifies its robustness and generalization ability across
different PCB defect datasets. To further show the accuracy-
efficiency trade-off, Fig. 8 visualizes mAP@0.5:0.95, param-
eter size, and GFLOPs on DeepPCB. SHNet lies in the high
accuracy and low parameter region, indicating a strong Pareto
advantage for lightweight industrial deploy- ment.
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FIGURE 8. Accuracy-efficiency comparison of different models on the
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and the bubble size encodes the computational cost in giga floating-point
operations (GFLOPs). Larger bubbles indicate higher computational cost.
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FIGURE 9. Performance comparison across individual defect categories
on the PKU-Market-PCB dataset.

2) Performance on Individual Defect Categories

To further analyze the behavior of SHNet on specific defect
types, we evaluate the category-level mAP@0.5:0.95 on the
PKU-Market-PCB and DeepPCB datasets, as shown in Fig. 9
and Fig. 10. This comparison provides a more fine-grained
view of the detection performance beyond the dataset-level
metrics reported in Table 4.

On the PKU-Market-PCB dataset, Fig. 9 shows that
SHNet achieves competitive performance across most defect
categories. For Spurious copper, SHNet obtains a higher
mAP@(.5:0.95 than the compared models, while Hyper-
YOLO reaches 0.4361 on this category. SHNet also performs
well on Missing hole and Mouse bite, suggesting that the
proposed shallow high-resolution design is helpful for detect-
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FIGURE 10. Performance comparison across individual defect categories
on the DeepPCB dataset.

ing defects with small size or weak visual contrast. However,
for Open circuit and Short, some compared models achieve
slightly better results than SHNet. This indicates that although
SHNet is effective for several texture-confused or small-scale
defects, there is still room for improvement when handling
fine, narrow, or disconnected defect morphologies.

On the DeepPCB dataset, Fig. 10 presents the category-
level comparison across the six defect types. Under the
current experimental setting, SHNet achieves the highest
mAP@0.5:0.95 among the compared methods for all six
categories. The improvement is relatively clear for Copper
and Pin-hole, where SHNet obtains mAP@0.5:0.95 values of
0.9390 and 0.8973, respectively. These results suggest that
SHNet can maintain stable category-level detection perfor-
mance on the grayscale DeepPCB dataset. Nevertheless, the
results should be interpreted within the scope of the two
evaluated datasets, and further validation on more diverse
industrial PCB images would be needed to assess its broader
generalization ability.

Overall, the category-level results indicate that preserving
shallow high-resolution features is beneficial for detecting
several small and low-contrast PCB defects that may be
weakened by repeated downsampling. At the same time, the
remaining gaps on categories such as Open circuit and Short
suggest that future work may need to further improve the rep-
resentation of slender or structurally discontinuous defects.

3) Heatmap Visualization and Analysis
We further employ heatmap visualization to qualitatively an-
alyze the spatial response characteristics of different models.
Brighter regions indicate stronger model responses and are
expected to overlap with potential defect regions.

Fig. 11 presents representative examples from the Deep-
PCB dataset, where the original defect images, corresponding
heatmaps, and final detection results are shown together.
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FIGURE 11. Representative detection results on the DeepPCB dataset, including input defect images, heatmaps, and predicted detection boxes. The visual
results show that SHNet can produce concentrated responses around defect regions and maintain reliable localization under complex PCB textures.
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FIGURE 12. Heatmap comparison of different detection models for the
same Missing Hole sample from the PKU-Market-PCB dataset. Brighter
regions indicate stronger relative model responses at the corresponding
spatial locations.
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Across the selected cases, SHNet generally produces lo-
calized high-response regions around the annotated defects
rather than activating broadly over the PCB background.
This behavior is particularly evident in samples containing
multiple defects distributed over different circuit structures,
where several compact response peaks appear at spatially sep-
arated defect locations. Even in challenging cases with dense
parallel traces, curved conductors, and repetitive geometric
patterns, the dominant responses remain concentrated near
the actual defect regions, while most irrelevant background
structures receive relatively weak activation. Moreover, the
locations of the major heatmap responses are largely consis-
tent with the predicted bounding boxes, indicating that the
features used for prediction are spatially correlated with the
detected defects rather than being dominated by surrounding
circuit patterns.

Fig. 12 further compares the response patterns of different
models on a representative missing-hole sample from PKU-
Market-PCB. Noticeable differences can be observed among
the compared methods. YOLOVS5s exhibits strong responses
along the image boundaries and several non-defect regions,
indicating considerable sensitivity to background structures.
YOLOV9s and YOLOV10s produce relatively broad and spa-
tially dispersed activation areas, with substantial responses
extending beyond the defect locations. Faster R-CNN shows
even more widespread high-response regions over large por-
tions of the PCB, suggesting that its feature responses are
strongly affected by complex circuit textures. Hyper-YOLO
and MHAF-YOLO also generate fragmented or elongated
activations along conductive traces and surrounding compo-
nents, which may increase the risk of background interfer-
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ence. Although RT-DETR and Mamba-YOLO exhibit more
localized responses than several of the above models, no-
ticeable activations can still be observed around peripheral
or non-defect structures. In comparison, SHNet produces
more compact and clearly separated response peaks that are
concentrated around the actual missing-hole regions, while
suppressing unnecessary activation over the surrounding PCB
background. These qualitative observations are consistent
with the quantitative improvements in mAP@0.5:0.95.

4) Ablation Study

To evaluate the contribution of the proposed architecture
and individual modules, we conduct ablation experiments on
PKU-Market-PCB and DeepPCB, as summarized in Table 5.
SHNet-Base follows the same overall architecture as SHNet
but uses the standard C2f and Concat operations of YOLOvVS8
without MKAM, SSAM, and WEM. The three modules are
then ablated individually from the complete model while the
remaining components are kept unchanged. In addition, an
“Ours + 32x” variant is introduced by restoring the conven-
tional P5/32x detection branch to directly examine the effect
of removing this low-resolution branch.

Compared with YOLOvS8s, SHNet-Base maintains compa-
rable performance on PKU-Market-PCB, with mAP@0.5:0.95
changing only from 0.4666 to 0.4605, while substantially
reducing model complexity. On DeepPCB, SHNet-Base fur-
ther improves mAP@0.5:0.95 from 0.6701 to 0.7123. The
different gains on the two datasets may be associated with
differences in defect-scale distribution and image character-
istics. Overall, these results indicate that emphasizing shal-
lower high-resolution representations can provide a compact
foundation without substantially compromising detection ca-
pability.

The influence of the 32 detection branch is more directly
demonstrated by comparing “Ours + 32x” with SHNet.
Restoring this branch results in mAP@0.5:0.95 values of
0.5076 and 0.8082 on PKU-Market-PCB and DeepPCB, re-
spectively, compared with 0.5091 and 0.8096 for SHNet. The
accuracy differences are minor, whereas the additional branch
increases the computational cost from 9.5 to 11.4 GFLOPs,
the parameter count from 0.97M to 1.35M, and the model size
from 2.3 MB to 3.0 MB. This comparison shows that the 32 x
branch provides limited additional benefit for the evaluated
PCB defects while introducing noticeable model overhead,
supporting its removal from SHNet.

The module-wise ablations further verify the effectiveness
of MKAM, SSAM, and WEM. On PKU-Market-PCB, re-
moving MKAM, SSAM, and WEM reduces mAP@0.5:0.95
from 0.5091 to 0.4712, 0.4690, and 0.43006, respectively.
WEM causes the largest degradation, accompanied by a de-
crease in recall from 0.9115 to 0.8341, indicating the im-
portance of frequency-domain enhancement for weak defect
responses. The performance reductions caused by removing
MKAM and SSAM also confirm the benefits of scale-adap-
tive representation and spatial-semantic feature alignment.
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A consistent trend is observed on DeepPCB. Removing
MKAM, SSAM, and WEM decreases mAP@0.5:0.95 from
0.8096 to 0.7851, 0.7854, and 0.7483, respectively, with
WEM again producing the largest degradation. Although the
w/o SSAM variant obtains a slightly higher mAP@0.5 than
SHNet (0.9888 versus 0.9867), SHNet achieves higher recall,
F1 score, and mAP@0.5:0.95. This indicates that SSAM
contributes more clearly to detection completeness and local-
ization performance across stricter IoU thresholds.

Overall, the results demonstrate that the shallow high-
resolution architecture and the three proposed modules play
complementary roles. Removing the 32x branch improves
the accuracy—efficiency trade-off, while MKAM, SSAM, and
WEM enhance scale-aware representation, cross-level feature
fusion, and weak defect responses, respectively. Their com-
bination yields the best overall performance on both datasets.

V. CONCLUSION

This work presents SHNet, a lightweight PCB defect detec-
tor designed around shallow high-resolution representations.
Beyond improving detection performance, the main scientific
contribution of this study is to reconsider the conventional de-
pendence on progressively deeper and lower-resolution fea-
tures for PCB defect detection. For tiny and low-contrast de-
fects, excessive downsampling can irreversibly weaken fine
structural cues. SHNet therefore preserves shallow high-res-
olution features as the primary representations for detection
while using the 16 x feature mainly to provide semantic guid-
ance. On this basis, MKAM, SSAM, and WEM address three
complementary challenges: scale variation, cross-level spa-
tial-semantic misalignment, and weak defect responses un-
der complex background textures. The ablation results further
indicate that these components contribute in complementary
rather than interchangeable ways, providing empirical sup-
port for the proposed feature-preservation and enhancement
strategy.

From a practical perspective, SHNet achieves this repre-
sentation capability with only 0.97M parameters, a 2.3 MB
model size, and 9.5 GFLOPs, while reaching 168.00 FPS on
PKU-Market-PCB and 240.11 FPS on DeepPCB under the
current experimental platform. The compact computational
footprint makes SHNet a promising candidate for resource-
constrained PCB inspection systems, where memory con-
sumption, inference latency, and detection reliability must
be considered simultaneously. More importantly, the results
suggest that lightweight industrial inspection does not nec-
essarily require sacrificing fine-grained defect representation
when high-resolution information is explicitly preserved and
selectively enhanced.
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