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ABSTRACT

The increasing complexity and miniaturization of electronic devices have heightened the need
for high-quality PCB inspection to ensure product reliability and functionality. This study pro-
poses a deep learning-based detection system supported by a custom-designed optical setup us-
ing coaxial illumination to deliver high-contrast images with clearly highlighted defects. The data
were collected from faulty PCBs during production and enriched via various augmentation tech-
niques, including the creation of artificial defects, to enhance the diversity of the dataset. The en-
hanced YOLOv8 framework was evaluated with multiple backbone configurations—YOLOvV8+1P,
ResNet152, HRNet, HRDnet+2 backbone, and HRDnet+3 backbone—achieving test accuracies of
92, 88,90, 93.5, and 93.8%, respectively. The results indicate that HRNet and the HRDnet+3 back-
bone significantly improve the detection of small and blurry defects, with HRDnet+3 providing
enhanced deployment efficiency for real-time industrial inspection systems.
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INTRODUCTION

Printed circuit board (PCB) manufacturing is prone
to various defects, such as incorrect soldering, in-
sufficient or excessive solder, solder bridging, un-
even soldering, surface cracks, fractures, and im-

L2 These defects are

proper electrical connections
often small and subtle, making manual inspection
challenging and error prone. Furthermore, in high-
volume production, defect detection becomes labor-
intensive, time-consuming, and costly. Conventional
approaches, such as flying probe testing, can identify
electrical faults such as open and short circuits but
require significant operational effort and expenses?.
Consequently, vision-based inspection methods have
attracted attention due to their ability to automate and
improve the efficiency of defect detection®®. Auto-
mated optical inspection (AOI) not only increases ac-
curacy but also reduces labor costs compared to man-

ual inspection®.

However, effective automated in-
spection demands both a well-designed optical sys-
tem to highlight subtle defects and robust algorithms
capable of recognizing various defect types across dif-
ferent PCB designs”.

Despite the progress in PCB defect detection, ex-
isting datasets and algorithms face certain limita-
While numerous PCB defect datasets have

been developed, employing various acquisition meth-
8-10

tions.

ods and lighting conditions® ", variations in PCB

types and illumination introduce algorithmic com-
plexity, and limited dataset sizes restrict model gen-
eralization 12, Likewise, while approaches ranging
from principal component analysis (PCA) '3, image
subtraction ', and normalized cross-correlation !° to
heuristic optimization !¢ have shown promise, they
often struggle with subtle defects or require exten-
sive preprocessing. More recent machine learning
and deep learning-based methods—such as beta-
variational autoencoders (beta-VAE)17, support vec-
tor machines (SVMs)!®, CNN-based pose detec-
tion!? , VGG16-based classification2? , Transformer—
YOLO?!, Extended FPN??, Faster R-CNN %}, TDD-
Net?*, and YOLO variants?®>—have demonstrated
high accuracy but still rely heavily on the quality of
input images.

In this paper, we address these limitations by improv-
ing both the data collection process and the defect de-
tection algorithm. First, we design a customized op-
tical system employing a coaxial lighting technique
to optimize the illumination and imaging conditions,
enabling the high-contrast visualization of surface
anomalies. Second, we enhance the dataset diversity
by capturing high-resolution PCB images during pro-
duction, introducing controlled defects, and applying
image-based augmentation. Third, we integrate and
fine-tune state-of-the-art deep learning architectures,
including YOLOv82%, DarkNet?’, ResNet152 28, HR-
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Net?®, and HRDNet >, to achieve high detection pre-
cision for small and blurred defects.
The main contributions of this work are as follows:

o Co-designed optical acquisition and detection
framework: We design a customized coaxial
illumination system combined with a 12MP
monochrome camera (12 pm/pixel resolution)
to enhance surface defect contrast in industrial
PCB inspection. The co-design between optical
acquisition and the detection architecture im-
proves the quality of the input image and the
overall system performance.

« Industrial-oriented PCB dataset:

« Task-adaptive optimization of YOLO architec-
ture:

« Industrial AOI validation:

The paper is structured into three main sections. The
introduction provides an overview of the problem,
the adopted approach, and relevant previous research.
The methodology encompasses the proposed tech-
niques for designing an optical system for PCBs to en-
sure efficient input images, along with suggested deep
learning models for identifying errors on PCBs. The
experimental results present the input data, training
outcomes on various models, evaluation, and com-
parison of the findings. The conclusions summarize
the findings and suggest future research directions.
The optical system design—a tailored coaxial lighting
setup combined with a 12MP monochrome camera—
achieves a 12 pum/pixel resolution and significantly
improves defect contrast:

o Dataset Diversity—A rich and diverse dataset
is built from real defective PCBs, supplemented
with artificial defects and augmentation tech-
niques.

o Deep Learning Integration—Multiple architec-
tures are fine-tuned for PCB defect localization
and classification, achieving high accuracy for
challenging cases.

o Practical Implications—The proposed system
supports faster and more reliable quality control
in electronic manufacturing, enhancing product
reliability.

The remainder of the paper is organized as fol-
lows. Section 2 reviews related works on PCB defect
datasets and presents the proposed methodology, in-
cluding the optical system, dataset preparation, and
deep learning models. Section 3 details the experi-
mental setup, results, and comparative analysis. Sec-
tion 4 provides a brief discussion, and Section 5 con-
cludes the paper and outlines future research direc-
tions.
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METHODS

To address the limitations of early PCB defect
datasets, recent research has focused on developing
publicly available, high-resolution datasets to serve as
benchmarks for algorithm evaluation and compari-
son.

The HRIPCB dataset, proposed by Huang et al.>!,
contains 1,386 images from 10 PCB types across six
defect categories. Notably, it has been widely used
for classification tasks, achieving up to 96% accuracy
with deep learning models*2. Further, the DeepPCB
dataset, comprising 1,500 annotated images of six de-
fect types, has been employed by Sanli et al. 3* in com-
bination with a pyramid pooling module, achieving
98% accuracy. In another study, Feng et al.>* further
combined DeepPCB with PKU-Market-PCB to train
a CNN-Transformer hybrid model, yielding 81% ac-
curacy.

Despite these advances, challenges remain due to vari-
ations in PCB designs and imaging conditions and the
limited scale of existing datasets, all of which highlight
the need for greater data diversity and optimized im-
age acquisition systems to ensure robust and general-
izable detection.

Optical System Design

Various lighting techniques have been employed in
PCB inspection systems, including bright-field, dark-
field, and coaxial lighting 35 For objects such as PCBs,
which can be considered samples of structural com-
plexity, lighting techniques may include bright-field,
dark-field, or coaxial illumination.

For PCBs ranging from 50-200 mm in each dimen-
sion, the primary inspection requirements include
evaluating the circuitry and surface of the coating lay-
ers at the pre-component placement stage and check-
ing for component placement errors and defects aris-
ing during the soldering process of completed PCBs.
Given these requirements, the main lighting tech-
niques typically used for illuminating PCB surfaces
are bright-field and dark-field illumination (Figure 1).
Bright-field lighting is a technique in which illumi-
nation is evenly distributed over the inspection area
or directed through it in the case of transparent sur-
faces (Figure 1). The contrast in the resulting image
is generated by the inherent structures and color vari-
ations on the sample surface. This method is widely
used in standard inspection systems, though its effec-
tiveness depends on controlling the direction of light
shed onto the surface.

For surfaces with strong reflectivity and rough struc-
tures, such as aluminum foil layers on medical or
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Figure 1: Lighting techniques for product appear-
ance inspection: a) bright field, b) coaxial lighting,
c) dome lighting, d) back lighting for transparent
samples; C - camera, L - lighting, O - object.

food packaging, the dome lighting technique provides
a uniform light field with countless directions and
equivalent intensity, ensuring consistent illumination
and minimizing glare (Figure 2).

Figure 2:

Image of the aluminum foil
containing a disposable surgical scalpel captured by:
Smartphone camera with ambient light source (A
and C), Mono camera with coaxial lighting tech-
nigue (B), and Dome lighting (D)

package

However, for surfaces with high planarity or struc-
tured, orderly details (PCBs) where reflectivity is
high, a coaxial lighting source directed perpendicu-
larly onto the sample surface can be effectively em-
ployed. In this configuration, the reflected light from
the surface is highly oriented; this results in greater
image contrast and sharper edge definition compared
to dome lighting, in which the light returning to the
camera predominantly arises due to surface scatter-
ing36.

This paper highlights the advantages of coaxial light-
ing for PCB inspection. Also known as coaxial illu-
mination, this technique directs light along the same

optical axis as the camera lens; this ensures that re-
flected light returns directly to the lens, minimizing
shadows and enhancing the visibility of surface fea-
tures. It delivers uniform illumination across the PCB
surface, producing clear, well-defined images for de-
fect detection. PCBs contain components of vary-
ing sizes and shapes arranged per design; captur-
ing effective inspection images requires clear contrast
between regions, distinct component outlines, sep-
aration between adjacent contours, and the visibil-
ity of defects such as cracks, fractures, and deforma-
tions. Coaxial lighting directs light uniformly and
perpendicularly onto the PCB; this allows reflected
rays to form images unaffected by neighboring com-
ponents, while the defect areas produce varied inten-
sities based on the morphology and material. This
makes it ideal for building high-quality training data
and deploying robust models. We integrate coaxial
lighting with image processing and machine learning
to detect anomalies—surface scratches, missing com-
ponents, damaged pins, and faulty parts—highlighted
effectively by this technique. The experimental results
indicate that combining a customized optical system
with machine learning models is particularly advan-
tageous for PCBs with intricate designs or dense lay-
outs, improving overall quality control in electronics
manufacturing.

Deep Learning Models for PCB Defect De-
tection

The proposed deep learning models for object recog-
nition in this paper are typically categorized into two
main objectives. The first objective focuses on achiev-
ing high accuracy, requiring sufficiently deep mod-
els to extract precise information for identifying small
and complex objects. Models ranging from low to
high resolution, such as VGG1937, ResNet*3, Incep-
tion 38, EfficientNet 3, HRNet??, and Transformer 40,
are proposed for medical and industrial applications
and other domains. However, a drawback of these
models is their relatively large network architecture,
which can reduce efficiency when deployed in sys-
tems. The second objective aims to balance accu-
racy and real-time deployment capabilities. Mod-
els such as Faster-RCNN 20, SSD#!, RetinaNet*2, and
YOLO?! have been proposed for this purpose. These
models are designed to handle real-time requirements
with lighter network architectures, ensuring the sys-
tem’s real-time performance. However, these mod-
els are limited in the sense that their accuracy may
not be fully guaranteed in the recognition of complex
and challenging objects. Among these models, YOLO
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stands out due to its outstanding performance in si-
multaneous object recognition and bounding box de-
lineation (one-stage). Thus, in this paper, we propose
the YOLO model for object recognition and bound-
ing box delineation. Additionally, we enhance the
model’s backbone by improving ResNet 152, HRNet,
and HRDNet to increase its accuracy.

You Only Look Once (YOLO)

YOLO was first introduced by Redmon et al. in
201527 as a rapid single-stage detector that divides
an image into grids to directly predict classes and
bounding boxes. Since then, many improved ver-
sions have been released *>**. In this work, we adopt
YOLOvV82645 the most recent Ultralytics model for
object detection, classification, and instance segmen-
tation.

YOLOVS features a lightweight backbone and an
anchor-free head. Compared with YOLOVS5, it re-
places C3 with C2f blocks, adjusts early convolu-
tion layers (6 X6 — 3x3), removes several redundant
Conv layers, and simplifies the bottleneck to improve
efficiency. The unified head merges the YOLOV5 neck
and head, removes anchor boxes, and employs three
detection scales with SiLU activation. Glenn Jocher
has also introduced a revised objectness-loss formu-
lation to account for scale-dependent object influ-
ences 6,

Overall, YOLOV8 offers stronger feature extraction
and faster inference than previous YOLO versions,
making it well suited for high-performance PCB de-
fect detection. Further, YOLOvVS uses an anchor-free
detection head with scale-aware objectness weighting
and employs Complete IoU (CIoU) for bounding-box
regression (Equation 1):

Lopj = 4 x Ll + 1 x Lygdiom 4 0.4 x
Loy (1)

The Complete IoU Loss is described by Equations 2 to

4:
2 t
Lepy = 1 - ToU + P8 4 gy (2)

V= % (arctan (%) —arctan (%))2 (3)
o= m (4)

Here, b and b$' represent the centroids of the pre-
dicted box and the ground truth box, p denotes the
Euclidean distance between the two box centroids, ¢
is the length of the diagonal of the smallest enclosing
region that can contain both the predicted and ground
truth boxes, o is a positive balancing parameter, and v
is used to measure the consistency of the aspect ratio.
¢ and h¥' are the width and height of the ground
truth box, respectively, and @ and / are the width and
height of the predicted box, respectively.
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YOLOV8 performs well for many image and real-time
video recognition tasks. However, in regard to PCB
defect detection, which requires the identification of
small and complex objects, its feature extraction may
not be ideal. This is because YOLO uses a relatively
compact backbone based on EfficientNet. To im-
prove its ability to detect small objects, we suggest sev-
eral enhancements: increasing the backbone depth to
make it more suitable for the data; using or replac-
ing the backbone with models that can extract smaller
and more detailed features from images; combining
backbones running in parallel at different resolutions;
and designing a new backbone that matches the orig-
inal model, data type, and image resolution.

Improved backbone models of YOLOv8

Increasing the Depth of the YOLOv8 Backbone
(YOLOV8+1P): In the standard YOLOvS8 backbone,
there are five P-blocks, and the network is designed
for input images with dimensions of 640x640. Af-
ter feature extraction in each P-block, the feature map
depth is doubled while its spatial resolution is halved.
YOLOV8 employs P3, P4, and P5 blocks for object
detection. In PCB defect detection, however, input
images acquired from our optical system have di-
mensions of 1518 x 1518, approximately twice the size
used in the original configuration of YOLOv8. To
improve the model’s feature extraction capacity for
such high-resolution inputs, we increase the back-
bone depth by incorporating additional P-blocks and
using P4, P5, and P6 for object detection.

ResNet152 Backbone Integration: The residual neu-
ral network (ResNet), introduced by Microsoft Re-

search in 201528

, represents an architectural mile-
stone in image recognition. Deep neural networks of-
ten suffer from the vanishing gradient problem when
increasing depth, which degrades the accuracy and
impedes training. ResNet addresses this issue by in-
troducing residual connections, enabling direct infor-
mation flow from earlier to later layers and mitigat-
ing gradient vanishing. This significantly improves
both the training stability and model accuracy, mak-
ing ResNet one of the most influential models in deep
learning®®. ResNet152, consisting of 152 layers (Fig-
ure 3), offers substantial feature extraction capabil-
ities. To leverage these advantages, we replace the
original YOLOV8 backbone with ResNet152, creating
a hybrid architecture (Figure 3) that enhances image
feature extraction for PCB defect detection.

HRNet: The high-resolution network (HRNet), pro-
posed in 2019 by researchers from Vietnam Na-
tional University (VNU) and the University of Hong
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Backbone

Figure 3: Architecture of model YOLOv8

Kong?°, offers significant improvements in image
recognition and has achieved notable success across
various computer vision tasks?’. Unlike traditional
models such as ResNet, which reduce the input size
through layers and risk feature loss, HRNet main-
tains high-resolution features throughout processing.
Its architecture runs high- and low-resolution layers
in parallel, allowing features from different resolu-
tions to complement each other. The network is or-
ganized into multiple stages: stage 1 processes high-
resolution features; and from stage 2 onward, lower-
resolution, deeper features are generated, while high-
resolution features from earlier stages are preserved
and enriched. This multi-resolution fusion retains de-
tailed spatial information and enhances the semantic
representation, improving accuracy. The combined
YOLOv8-HRNet architecture is depicted in Figure 4.
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Figure 4: Architecture of model YOLOv8 combines
with ResNet152

R

Backbone Head

HRDNet: Proposed in 2020 by Ziming Liu, Guangyu
Gao, Lin Sun, and Zhiyuan Fang 30 HRDNet con-
sists of two main components: the multi-depth image
pyramid network (MD-IPN) and the multi-scale fea-
ture pyramid network (MS-FPN). MD-IPN extracts
features from high-resolution images while balanc-
ing performance across small, medium, and large
objects. MS-FPN integrates contextual information
among these multi-scale feature groups. HRDNet also
increases the depth of both the backbone and the fea-
ture pyramid network (FPN) in parallel, enabling each

to extract independent features from different im-
age resolutions before feature fusion and recognition.
This design has shown a high performance experi-
mentally; the architecture is illustrated in Figure 5.

Backbone
e S

Figure 5: Architecture of model YOLOv8 combine
with HRNet

HRDNet With Three Backbones: To further en-
hance multi-scale feature representation for PCB de-
fect detection, we integrate a three-backbone variant
of HRDNet into YOLOVS. The architecture consists
of three parallel branches operating at different effec-
tive resolutions, enabling richer high-resolution fea-
ture extraction while preserving deep semantic infor-
mation.

The primary backbone (Sp) follows the standard
downsampling hierarchy to produce feature maps at
strides 8, 16, and 32, corresponding to P3, P4, and
P5. Two auxiliary backbones, S; and S, operate in
parallel and generate additional high-resolution fea-
tures. These branches are aligned via resolution ad-
justment (upsampling/downsampling), followed by
channel-wise concatenation and convolutional refine-
ment to ensure feature consistency.

The fused multibranch representations are injected
into the intermediate pyramid levels (notably P3 and
P4) before entering the PAN-FPN neck, and the final
detection head utilizes the aggregated P3-P 5 outputs
for prediction. This three-backbone design strength-
ens small-object representations and the preservation
of fine details while maintaining compatibility with
the standard YOLOVS detection pipeline. The over-
all structure is illustrated in Figure 5.

HRDNet With Two Backbones: We propose a two-
backbone variant of HRDNet to reduce computa-
tional costs while preserving multi-scale feature ex-
traction. Rather than employing three parallel back-
bones on 15181518 images with resolution scaling
factor , we remove the shallow three P-block branch
and retain the two deeper backbones with five and
four P-blocks to maintain a strong multi-resolution
representation.

The modified HRDNet backbone produces three fea-
ture levels corresponding to strides 8, 16, and 32. The
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feature maps at resolutions H/8, H/16, and H/32 are
used as P3, P4, and P5, with channel dimensions of
256, 512, and 1024, respectively. Multibranch fusion
is implemented via resolution alignment (nearest-
neighbor upsampling), followed by channel concate-
nation and convolutional refinement to unify the fea-
ture dimensions.

The resulting {P3, P4, P5} features are fed into the
standard YOLOv8 PAN-FPN neck for top-down and
bottom-up aggregation before the detection head.
The architecture of the proposed two-backbone struc-
ture is illustrated in Figure 6.

WDTPN msFPN

-

52

LR

=]

Figure 6: Architecture of model HRDNet

Evaluation of the model

Deep learning models can be evaluated using differ-
ent standards depending on the task*$%°, Common
metrics include the following:

Accuracy—Ratio of correct predictions to the total
evaluation set; useful but less reliable for imbalanced
datasets

Precision—Ratio of true positives to all predicted
positives for a class, indicating the model’s predictive
confidence

Recall—Ratio of true positives to all actual positives
for a class, reflecting the model’s ability to detect all
relevant instances

F 1-score—Harmonic mean of precision and recall
The F1-score, calculated as in Equation 5, measures
the per-class accuracy and overall model performance
by combining precision and recall:

Flscore =2 X % (5)

The mean Average Precision (mAP) is widely used in
object detection, calculated as the mean of AP val-
ues across classes, where AP is the area under each
class’s precision-recall curve. It reflects the model’s
precision-recall trade-off across all classes.

The choice of backbones in this work was driven pri-
marily by the need to reliably detect very small and
visually subtle defects rather than by extreme model
compactness. We, therefore, selected ResNet152 and
HRNet48 as strong high-capacity baselines with well-
established performance on fine-grained recognition
tasks. Building on these, the HRDNet-based variants
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were designed to retain most of the small-object sen-
sitivity of HRNet while significantly reducing compu-
tational cost (only 3.8-4.1 x 10% parameters and 10.1
GFLOPs in our YOLOvV8 + HRDNet-2 backbone con-
figuration). While lightweight families such as Mo-
bileNet, ShuffleNet, and CSPDarkNet are attractive
for deployment on significantly resource-constrained
devices, our primary industrial use case targets GPU-
equipped AOI systems on production lines, where the
proposed trade-off between accuracy and computa-
tional load is more critical than achieving the smallest
possible model size.

EXPERIMENTAL RESULTS

Creating a Dataset Using a Specialized Op-
tical System

Optical systems

Figure 7 depicts the real optical system, where the
PCB is positioned beneath the lighting module, with
the inspection area aligned within the field of view
(FOV) of the camera-lens system. The light head’s
working distance and illumination center were cal-
ibrated to ensure uniform brightness across the in-
spection area, which can be verified using an A4 sheet
placed at the PCB position. In this study, a 12 MP
(4024 x 3036 pixels) monochrome camera with a 25-
mm focal length lens was used. The camera-lens
working distance was determined by the target FOV;
in this research, a 55.0 x 41.5 mm FOV requires a
working distance of 105.0 mm. This setup achieves a
resolution of 13.6 pm/pixel, enabling the reliable de-
tection of defects as small as 50 um. The high reso-
lution also improves the clarity of component bound-
aries, reducing labeling errors during dataset prepara-
tion.

Figure 7: Architecture of YOLOv8 combined with
3 backbone HRDnet

The dataset includes two PCB types—(i) populated
boards with components and (ii) unpopulated (bare)
boards—as shown in Figure 8. For populated boards,
the focus is on component-related defects arising
during assembly, inspection, or in-service operation,
such as PCB surface scratches, component scratches,
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missing or lost components, damaged pins (bent, bro-
ken, or deformed), and faulty components (incor-
rect type, defective, or out of specification). For bare
boards, defects primarily originate from the fabrica-
tion and pre-assembly processes, including excess sol-
der; solder shorts/bridging; and mechanical substrate
issues, such as surface scratches, cracks, and edge
chipping.

Figure 8: Architecture of YOLOv8 combine with
2 backbone HRDnet

In a production environment, ambient lighting and
minor mechanical tolerances can potentially affect the
image quality. In our setup, the coaxial illumination
head and camera-lens assembly were mounted in a
rigid mechanical frame and enclosed to minimize in-
terferences from ambient light. Small variations in the
LED intensity over time were compensated for by pe-
riodic gain calibration of the camera and monitoring a
reference patch on the PCB panel. Our internal tests,
with slight changes in the ambient illumination and
sub-millimeter deviations in PCB placement, did not
produce any noticeable degradation in defect visibil-
ity, mainly because the coaxial configuration directs
the dominant portion of the illumination along the
camera axis and suppresses off-axis reflections.

From a maintenance standpoint, the optical mod-
ule was installed as a rigid unit comprising the cam-
era, lens, and coaxial light head on a single mount-
ing plate. During deployment, the PCB conveyor was
mechanically referenced to this module such that the
FOV and working distance remained fixed. In routine
operation, only a simple daily check is required: oper-
ators place a reference PCB or a uniform white sheet
at the inspection position and verify that the overall
brightness and focus match the stored template. Re-
calibration of the working distance or alignment is
only needed after mechanical interventions such as
replacement of the camera, lens, or light head. This
design minimizes the need for frequent calibration
while preserving consistency in the optical quality on
the production line.

Dataset

All images were captured using the same optical setup
described earlier (12 MP monochrome camera, 25-
mm lens; FOV = 55.0 x 41.5 mm; working distance

= 105 mm; coaxial illumination) under fixed distance
and lighting conditions and standardized to 1518 x

1518 px. Given that defect patterns differ between
populated and bare PCBs, and to allow for flexible de-
fect recognition across product lines, we created two
separate datasets.

Bare PCBs: The base dataset contains 1,000 images
(front: 666; back: 334). To increase the diversity, we
applied data augmentation, including random rota-
tion (—30° to +30°), multidirectional translation (1-
25% of the image size), intensity and color adjust-
ments, scaling (75-125%), and composite transfor-
mations. Additionally, a subset of defect samples was
manually generated in Photoshop to provide clear la-
bels and reduce annotation ambiguity. Augmentation
yielded an expanded dataset of 3,500 images. The de-
fect types are illustrated in Figure 9, and their quanti-
ties are listed in Table 1.

Table 1: Description of the data collected.

Label Description Quantity
0 Insufficient solder 1,182
1 Excess solder 1,544
2 Solder bridging 1,120
3 Board scratches 1,343
4 Cracks/chipping causing 1,235

trace opens

Figure 9: a) The optical system includes: (A) Real
optical system. (B) Structure of the optical system:
(1) Mono camera, (2) Optical lens,(3) Coaxial light-
head: (3a) LED plate, (3b) Semi-coating mirror, (4)
object (PCB). b) The optical system when connected
to software, producing high-quality images.

Populated PCBs: Typical defects include scratches on
the board, scratches on components, damaged com-
ponent pins, missing/misplaced components, and
faulty components.
available, with 3,493 for training, 496 for valida-
tion, and 132 for testing. We performed random

In total, 4,121 images were

rotations/translations followed by noise reduction—
removing duplicates, images with unclear defects, and
frames containing many (> 20) identical objects—to

4237



VNUHCM Journal of Science and Technology Development 2026, 29(3):4231-4243

mitigate bias. The defect types are presented in Fig-
ure 10, and the quantity of each is detailed in Table 2.

Figure 10: Coaxial-illumination images of PCB
surfaces: a) bare (unpopulated) board and b)
populated board.

Table 2: Description of the data collected.

Label Description Quantity

0 Scratches on the circuit 5,791
boar

1 Scratches on components 3,578

2 Missing/lost component 10,880

3 Damaged component pins 5,376

4 Faulty components 4,226

PCB Defect Detection From the Deep Learn-
ing Model

The models were trained on Google Colab using the
following machine configuration: a CPU with two
cores at 2401 MHz, 4GB RAM, and a Tesla T4 GPU
with 15GB VRAM. The dataset was divided into train-
ing (70%), validation (15%), and testing (15%) sets.

Defect Recognition Results on Bare PCBs: The
training results are presented in Table 3. The re-
sults for the bare PCB dataset indicate that the
backbone has a pronounced impact on performance
and computational costs: the baseline YOLOVS is
lightweight but offers limited detection effective-
ness, whereas HRNet/ResNet substantially improves
the mAP at the expense of an increased num-
ber of parameters. Among the upgraded vari-
ants, ResNet152 achieves superior recall (better de-
fect coverage), while ResNet152+connected attains
a higher mAP and precision, reflecting a bias to-
ward specificity and fewer false positives. Consider-
ing the overall metrics alongside the computational
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expense, ResNetl52+connected offers the optimal
performance-efficiency balance and is, therefore, the
most suitable choice for automated quality inspection.
The recognition results are shown in Figure 11.

=14
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@@‘?
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Figure 11: Types of defects on PCB: a) Insufficient
solder; b) Excess solder; c) Solder bridging ; d)
Board-scratches; e) Cracks/chipping causing trace
opens.

Defect Recognition Results on Populated PCBs:
The training was performed with a training dataset
of 3,493 samples, a validation dataset of 364 sam-
ples, a test dataset of 132 samples, and a total of 50
training epochs. Table 4 presents the training re-
sults. The sizes of the enhanced models exhibit dif-
ferences in the number of parameters. The original
YOLOvVS model has the smallest size; however, its
ability to detect small errors and similarities is un-
satisfactory. In contrast, the proposed models have
larger sizes. The HRNet48 and ResNet152 models,
with deep network architectures, result in relatively
heavy model sizes. Leveraging the advantage of deep
network structures, these models demonstrate excel-
lent feature extraction capabilities, leading to high ac-
curacy, with the HRNet48 model achieving the high-
est accuracy. Table 4 also indicates that the sizes
of the HRDNet+2 backbone, HRDNet+3 backbone,
and YOLOvV8+1P models increase insignificantly. The
HRDNet model, comprising a lightweight network
structure, attains relatively good accuracy, with min-
imal deviation compared to the HRNet48 model.

The models were evaluated on the test set, with the
The
test set results indicate improved accuracy across the
proposed models, with the HRNet and HRDNet+2
backbone models achieving the highest accuracy and

results presented via the metrics in Table 5.

exhibiting negligible differences. These results also
demonstrate that the model enhancements display in-
creased accuracy and efliciency compared to the orig-
inal YOLOv8 version. The improved models suc-
cessfully identify small, complex errors and similar-
Notably, the combined YOLOv8 and HRD-
Net+2 backbone model proves highly effective in

ities.

terms of both accuracy and model size. This enhance-
ment, despite increasing the training and deployment
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Table 3: Results on the bare PCB dataset.

Backbone Head Parameters Epochs  Precision Recall mAP0.5 GFLOP
M) (%) (%) (%)

YOLOVS8 original YOVOvS 3.2 50 56 33 21.6 8.2

HRNet48 YOVOv8 67 50 89 68 54 271.6

ResNet152 YOVOv8 61 50 89 88 60 196.6

ResNet152+connected YOVOvV8 61,3 50 90 68 65 196.7

Table 4: Results on the populated PCB dataset.

Backbone Head Parameters Epochs Precision Recall mAPO0.5 GFLOP
M) (%) (%) (%)

YOLOVS8 original YOVOVvS 3.2 50 91 85 91 8.2

YOLOVS-1P YOVOvS8 4 50 92 87 92.5 4.8

HRNet48 YOVOv8 67 50 94 88 94 271.6

ResNet152 YOVOvS 61 50 89 88 92 196.6

HRDnet-3back- YOVOvS8 4.1 50 91 89 92.8 10.5

bone

HRDnet-2back- YOVOv8 3.8 50 92 90 93 10.1

bone

time, accelerates the recognition speed for the sys-
tem. Figure 12 depicts the image after detection by
the YOLOv8 model combined with the other back-
bones. The results indicate that all models are capable
of clearly detecting major errors. However, for minor
and blurry errors, the improvement in models such
as YOLOvV8 and YOLOv8+1p is limited, resulting in
poor detection capabilities. The remaining models,
on the other hand, are able to detect these errors ef-
fectively.

Figure 12: Types of defects on PCB: a) Scratches

on the «circuit board; b) Scratches on
components; ¢) Missing/lost component; d)
Damaged component pins; ) Faulty components.

The accuracy graph of the HRDnet+2 backbone
model is depicted in Figure 13, illustrating that the

training results of the model are relatively stable and
converge after 50 epochs.

Q
. .

Figure 13: Results on bare PCBs: a) front side; b)
back side

Figure 14 presents the recision-recall curves of the
YOLOV8 model combined with the HRDNet-2 back-
bone. Classes 2 (missing/lost component) and 3
(damaged component pins) yield the highest AP val-
ues (0.972 and 0.971, respectively), while Class 0 (
cratches on the circuit board) exhibits a lower AP
(0.866), reflecting the greater difficulty associated

with thin and low-contrast defects. The recision—
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Table 5: The accuracy of the models on the test set.

Backbone Parameters (M) Fl-score
YOLOVS8 original 3.2 50
YOLOVS8-1P 4 50
HRNet48 67 50
ResNet152 61 50
HRDnet- 3back- 4.1 50

bone

HRDnet- 2back- 3.8 50

bone

Precision (%) Recall (%) mAPO0.5 (%)
91 85 91

92 87 92.5

94 88 94

89 88 92

91 89 92.8

92 90 93

recall curves maintain high precision over most of
the recall range, indicating the effective control of
false positives and a strong capability in detecting
small defects, particularly with the integration of the
HRDNet-2 backbone.

Figure 14: The results of identifying different
types of errors on a PCB: a) Ground truth errors; b)
Original YOLOV8; c) YOLOv8+1P; d) YOLOv8+

Resnet152; e)YOLOvV8+HRNET4S8; f)
backbone; g) HRD-Net+2 backbone.

HRDNet+2

The accuracy of each class in the combined YOLOV8
and HRDNet+2 backbone model is further illustrated
through the confusion matrix in Figure 15. This ma-
trix indicates the accuracy of each class on the test set
and also demonstrates the consistent and high accu-
racy of the classes.

The identification of different types of errors on a PCB
is presented in Figure 16. Figure 16(a) shows a PCB
image with various types of errors, each framed with a
corresponding color. Figure 16(b) displays the image
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Figure 15: Loss and accuracy graph of the YOLOv8
model combined with HRDnet 2 backbone

after detection by the YOLOv8 model combined with
the HRDNet+2 backbone. The results indicate that
the model successfully identifies all types of errors,
including small and complex ones, accurately classi-
fying each error type.

Predicted

backgroung

Figure 16: Confusion matrix of the YOLOv8 model
combined with HRDnet 2 backbone on test set

Comparison With Other Datasets

We performed a comparison across popular datasets
for PCB defect detection, as presented in Table 6.
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@ )

Figure 17: The results of identifying different
types of errors on a PCB: a) Ground truth errors; b)
The errors detected by the YOLOv8 model with
HRDNet+2 backbone

Here, the authors of the papers have proposed error
classification models to ensure high accuracy. How-
ever, the datasets are relatively limited, and the num-
ber of labeled errors is insufficient, which may lead
to overfitting. Combining the two datasets may result
in a decrease in accuracy. Meanwhile, we focused on
constructing a diverse dataset, utilizing modern op-
tical techniques to enhance the detection of complex
errors. Simultaneously, we improved the model, se-
lecting a model that not only meets accuracy require-
ments but also ensures a suitable size for real-time de-
ployment in intrusion detection systems.

One should note that Table 6 summarizes the re-
sults reported in previous works on different pub-
lic datasets; we did not train or evaluate our mod-
els directly on HRIPCB, PKU-Market-PCB, or Deep-
PCB. Our dataset differs substantially from these
benchmarks in both optical characteristics (coax-
ial monochrome imaging) and defect distributions.
Consequently, cross-dataset evaluation would require
careful domain adaptation and re-annotation, which
Instead, Ta-
ble 6 highlights the relative scale and diversity of our

lies beyond the scope of this study.

dataset compared with existing ones and underlines
the need for optimized optical acquisition in addition
to algorithmic improvements.

DISCUSSION

The results of this study provide several key insights
into the integration of optical imaging and deep learn-
ing for PCB defect detection. One notable finding is
the pronounced sensitivity of detection in terms of
the image quality. Even with advanced neural archi-
tectures, insufficient contrast or poorly defined object
boundaries can hinder performance. This reinforces
the importance of designing acquisition systems that
address the specific optical challenges posed by PCB
surfaces, particularly in scenarios involving reflective
coatings or densely packed components.

The comparative analysis between the backbone con-
figurations reveals that architectural depth and multi-
scale feature fusion directly influence the system’s ca-
pacity to capture fine-grained defects. While models
with greater complexity generally achieve higher de-
tection rates, the trade-off in computational load sug-
gests that deployment decisions must consider pro-
duction line constraints. In this context, architec-
tures that balance accuracy with inference speed can
deliver practical value without compromising inspec-
tion throughput.

From a broader perspective, the studys approach
bridges a gap between controlled laboratory perfor-
mance and the operational demands of electronic
manufacturing. Many prior works have reported high
accuracy under constrained datasets but face perfor-
mance degradation in real-world conditions due to
dataset bias and limited variability. By combining a
dataset enriched with defect diversity and an optical
design tailored to manufacturing realities, this work
moves closer to bridging that divide.

A more systematic robustness evaluation under inten-
tionally perturbed lighting conditions offers an inter-
esting direction for future work.

CONCLUSIONS

This study proposed a two-stage PCB defect detection
framework combining an optimized coaxial illumi-
nation optical system with enhanced YOLOVS8 back-
bones. The approach achieved high precision in de-
tecting small, complex, and visually similar defects,
with the YOLOv8 + HRDNet-2 backbone offering the
optimal balance between accuracy and efficiency. The
experimental results confirm that the method outper-
forms conventional approaches in terms of both de-
tection performance and real-time capabilities, pro-
viding a practical solution for quality control in elec-
tronics manufacturing. Future research should ex-
plore adaptive model compression and knowledge
distillation to further reduce computational require-
ments without eroding the quality of detection. Addi-
tionally, incorporating multimodal inspection data—
such as combining optical imaging with X-ray or ther-
mal scans—could enhance robustness against visually
ambiguous defects. These directions would extend
the applicability of defect detection systems beyond
PCB inspection to other domains with similar visual
challenges.
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Table 6: Comparison with other datasets.

Dataset Total images Number of defect Model Accuracy (%)
HRIPCB 1386 3003 Transformer-YOLO 96.5
PKU-Market-PCB 693 2953 TDD-Net 98.9
DeepPCB 1500 8853 GPP module 98.2
PKU-Market-PCB+ 2193 11806 DDTR 81
DeepPCB
Our Dataset 3989 29851 Yolov8+2 HRDNet 93.8
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