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CDA-YOLO: An Improved YOLOv11 Model for PCB Defect
Detection

Anlong Yuan & Jingmin Li*®

Printed circuit boards (PCBs) are fundamental to modern electronic systems,
and their manufacturing quality directly determines the performance and
reliability of the final product. However, existing YOLO-based defect detection
models still face critical challenges, including high miss rates for tiny defects
and frequent false positives caused by complex background textures. To
address these issues, we propose CDA-YOLO, an enhanced YOLOv11
framework incorporating three key innovations. First, a Cross-level
Bidirectional Feature Pyramid Network (CBiFPN) is designed, which effectively
alleviates the loss of fine-grained details of small targets as features propagate
through deep layers. Second, a lightweight Dual-Scale Convolution module
(DualScaleConv) is proposed, which employs a parallel branch structure to
simultaneously capture local details and global contextual information. Finally,
a parameter-free average attention mechanism (PfAAM) is integrated into the
C3k2 module to enhance the feature response in defect-related regions and
suppresses background noise. Experimental results demonstrate that the
proposed model achieves competitive performance on the PCB defect dataset,
with  mAP@0.5 reaching 96.1% and mAP@0.5:0.95 reaching 56.0%,
corresponding to improvements of 2.8% and 3.4% over the baseline YOLOv11,
respectively. These results validate that CDA-YOLO offers an efficient and

robust solution for industrial-grade PCB defect detection.
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convolution, Multi-scale feature fusion, Parameter-free average attention

School of Mechanical Engineering, Sichuan University, Chengdu 610065, China.
Corresponding author: Jingmin Li. ®email: jingminli@scu.edu.cn



Introduction

As a core component of electronic products, the printed circuit board (PCB) directly
determines circuit performance and product reliability!=. With the trend of electronic
products toward higher density, miniaturization, and lighter weight, the complexity of
PCB circuits continues to increase, leading to a higher probability of various tiny
defects during manufacturing. Common PCB defects include open circuits, short
circuits, missing holes, mouse bites, spurs, and spurious copper. If these defects are
not accurately detected at an early stage, they may cause system failures, resulting in
significant economic losses and safety hazards. Therefore, developing high-precision
and high-efficiency automatic PCB defect detection methods is of great engineering

value and practical significance®.

Traditional PCB defect detection mainly relies on manual visual inspection or
traditional machine vision methods. Manual inspection suffers from low efficiency,
high susceptibility to fatigue, and strong subjectivity, making it difficult to meet the
real-time and consistency demands of modern large-scale production®. Traditional
machine vision methods are limited by the representational power of hand-crafted
features and do not generalize well when facing complex backgrounds and diverse
defect morphologies®. Recently, breakthroughs in deep learning have provided new
solutions to these challenges. Object detection algorithms based on convolutional
neural networks (CNNs), with their powerful automatic feature learning capabilities,

have demonstrated great potential in the field of industrial defect detection’.

Among the numerous CNN-based object detection algorithms, the YOLO (You Only
Look Once) series has become one of the most popular foundational frameworks in
industrial vision inspection due to its excellent balance between speed and accuracy.
Since YOLOv1 pioneered the unification of object detection into a regression
problem, the series of algorithms has continued to iterate®. YOLOV3 incorporates the

idea of a Feature Pyramid Network (FPN) to make detections at three different scales’.



YOLOVS5 offered an easy-to-use lightweight version!®, YOLOv8 adopted C2f,
anchor-free, and decoupled-head designs'!. YOLOv11 further improved multi-scale
fusion with C3k2 and C2PSA modules, incorporated depth-wise separable detection
heads to reduce redundancy, achieving higher accuracy than YOLOvS with fewer
parameters and stronger generalization, thus providing a stronger foundation for tiny

PCB defect detection'?. The network architecture of YOLOv11 is shown in Fig. 1.

In recent times, YOLO algorithms aimed at improving PCB defect detection have
yielded some results. Zhang et al.!* proposed YOLO-VCL, which incorporates the
C3K2-VSSD module in the backbone to capture local features and global context,
achieving an mAP@0.5 of 98.4% and mAP@0.5:0.95 of 70.3%. However, these
results were obtained on a relatively high-performance computing platform. He and
Xie!* proposed ABF-YOLO, which incorporates an axial attention module to capture
horizontal and vertical long-range dependencies and a bidirectional feature fusion
(BiFusion) module for adaptive multi-scale feature aggregation, attaining an
mAP@0.5 of 97.7%. Elsharkawy'® introduced Efficient Multi-Scale Attention (EMA),
Content-Aware ReAssembly of Features (CARAFE), and Efficient IoU (EloU) loss
into YOLOvll, substantially improving detection accuracy and real-time

performance for minute defects.

However, directly applying generic YOLO models to PCB defect detection still faces
several challenges. First, PCB defects are extremely small in size; some defects
occupy only a few pixels, making this a typical small-object detection problem that
demands high spatial detail preservation capability from the model. Second, the
background of PCB images is highly complex. Dense traces, pads, and textural
information such as silk-screen characters severely interfere with defect feature
extraction, leading to false positives and missed detections. Although existing YOLO
models perform excellently on generic object detection tasks, their feature extraction
and multi-scale fusion capabilities are still insufficient when targeting high-density,
small-object scenarios with complex backgrounds, such as PCB inspection.
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Fig. 1. YOLOVI11 network structure.

To address the issues above, we propose an improved YOLOv11 model for PCB
defect detection. The main contributions are as follows:

(1) A Cross-level Bidirectional Feature Pyramid Network (CBiFPN) is designed. By
introducing skip connections between non-adjacent layers and extending the feature
pyramid to the high-resolution P2 level, CBiFPN effectively enhances multi-scale
feature fusion and alleviates the degradation of fine-grained details of small objects
during deep propagation.

(2) A lightweight Dual-Scale Convolution module (DualScaleConv) is proposed.
Using a parallel branch structure, it simultaneously captures local details and global
contextual information, significantly improving the discriminability of tiny defects
while substantially reducing the parameter count.

(3) A parameter-free average attention mechanism (PfAAM) is integrated into the

C3k2 block. Through progressive feature focusing and channel-spatial collaborative



attention, it enhances feature responses in defect-related regions and suppresses

background noise.

Methodology
Network architecture of CDA-YOLO

YOLOvI1 is one of the most advanced real-time object detection models in the
YOLO series. Its network architecture mainly consists of three parts: Backbone,
Neck, and Head.

Fig. 2 illustrates the CDA-YOLO network architecture, which is based on YOLOv11.
The Backbone is responsible for extracting features from the input image. By
integrating the Parameter-free Average Attention Module (PfAAM) into the original
C3k2 blocks of YOLOvI1, it forms the C3k2 PfAAM module, thereby enhancing
feature representation for tiny defects.

Meanwhile, a lightweight Dual-Scale Convolution module (DualScaleConv) is
embedded between the Backbone and the Neck. Using a parallel branch structure, it
simultaneously captures local details and global contextual information, laying the
foundation for subsequent object detection. Building on this, the Neck adopts a
Cross-level Bidirectional Feature Pyramid Network (CBiFPN) to perform further
feature fusion and multi-scale information transfer on feature maps, effectively
enhancing the semantic consistency and fine-grained spatial information of
multi-scale features, and helping the network adapt to variations in defect sizes and
the challenges posed by complex backgrounds.

The Head is responsible for the final defect classification and bounding box
regression tasks, outputting the category and location of objects. These three
improved modules work synergistically, enabling CDA-YOLO to significantly
improve detection accuracy and robustness for tiny PCB defects while maintaining

real-time inference efficiency.
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Fig. 2. CDA-YOLO overall network structure.

DualScaleConv module

PCB defects are mostly tiny in size, with cluttered contours and severe interference
from dense circuit traces. They are typical small targets that are prone to missed
detections and false positives, necessitating the enhancement of the network’s
multi-scale feature extraction capability. While the standard 3x3 convolution
effectively extracts local features, its fixed receptive field limits the modeling of
multi-scale contextual information. To address this issue in a simple yet effective
way, we propose a lightweight DualScaleConv module, which aims to capture both
local details and global context with lower computational cost, thereby improving the
representation of small defects and their surrounding environment.

As illustrated in Fig. 3, the DualScaleConv module first splits the input feature map
equally along the channel dimension. Let the input feature be XeRC™"; it is
divided into X;ER*™" and X,eR“*™" The Local Detail Branch employs a

standard 3x3 convolution (dilation rate d=1) to preserve fine-grained local detail

extraction. The Contextual Perception Branch adopts a 3x3 dilated convolution with



the same kernel size but a dilation rate of d=2, which significantly enlarges the
receptive field without increasing parameter count, capturing a broader range of
contextual information'®!”. The outputs of the two branches are concatenated along
the channel dimension to produce the final feature map YERC™”. Equation (1)

shows this process.
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Fig. 3. DualScaleConv module structure.

A standard 3x3 convolution requires C;,XC,,*x3%3 parameters. In DualScaleConv,
the input channels are grouped; each group has half the channels, and each group
independently performs a 3x3 convolution (with output channels also halved).

Therefore, the total number of parameters is approximately 2x((C/2)x(C/2)x9) =

2
% x9, compared to C*x9 for a standard convolution. Consequently, DualScaleConv

reduces the parameter count by about 50%, significantly lowering the model’s

computational burden.

The Local Detail Branch (d=1) maintains the original receptive field and excels at
capturing local high-frequency information such as defect edges and textures. The
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Contextual Perception Branch (d=2) expands the receptive field to an equivalent 5x5
range via dilated convolution, enabling the perception of contextual information
around the defect. This dual-branch design is particularly beneficial for tiny defects
on PCBs (e.g., broken lines, short circuits): the local branch ensures that fine defect
details are not missed, while the contextual branch provides discriminative
background information to help distinguish genuine defects from noise. Tiny targets
such as micro-cracks, cold solder joints, and scratches typically occupy only a few
pixels, lacking sufficient features for learning. Therefore, incorporating contextual
information can provide additional features.

In summary, DualScaleConv provide complementary multi-scale receptive fields with
fewer parameters, especially in scenarios involving small targets and complex

backgrounds.

CBiFPN

In the baseline YOLOv11, the neck network adopts a Path Aggregation Network
(PANet)>!>!8 structure, which enables multi-scale feature fusion through a top-down
and bottom-up pathway. Although PANet improves the flow of semantic and
localization information, it primarily relies on linear sequential connections, which
can lead to the gradual dilution of fine-grained spatial information (crucial for small
object detection) from the original input image as the propagation path lengthens
within deep networks. To further enhance multi-scale feature fusion in the neck
network of YOLOvI11, we propose a Cross-level Bidirectional Feature Pyramid
Network (CBiFPN). This module is inspired by the efficient bidirectional cross-scale

connections introduced in EfficientDet!’

, while introducing several key enhancements
to the original PANet topology.

To further enhance cross-level information flow, we introduce skip connections
between non-adjacent layers. This design allows gradients to backpropagate more
directly and enables deep feature maps to retain more original spatial details from
shallower networks. Specifically, features from the backbone’s shallow layer (e.g.,

P2) are directly fused with deeper neck outputs. This design preserves fine-grained
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spatial details and alleviates the degradation of small object features caused by deep
stacking.

We insert the DualScaleConv module between the backbone and the neck network,
which refines the input feature maps before they enter the bidirectional fusion paths.
This convolutional layer reduces channel-wise redundancy and enhances the
alignment of features across different scales, leading to more stable and effective
multi-scale fusion.

Finally, we extend the original feature pyramid down to level 2 (P2) to incorporate
higher-resolution feature maps. The inclusion of the P2 detection head significantly
improves the model’s sensitivity to small and fine-grained PCB defects, such as spur,

missing hole, and mouse bite. The overall structure of CBiFPN is illustrated in Fig. 4.

S S S S PSS ——

. DualScaleConv

Fig. 4. Neck network structure.

C3k2_PfAAM module
The C3k2 block improves feature extraction by utilizing smaller convolution kernels,
enabling the model to capture intricate details essential for identifying small or

partially visible PCB defects. However, in high-density PCB images, background



noise and irrelevant regions often dilute the representation of defect features. To
address this, we integrate the PFAAM?° mechanism to refine the feature maps.

This paper introduces a novel C3k2 PfAAM?! module. This module synergistically
combines the fine-grained feature extraction capacity of the C3k2 block with the
targeted focus provided by the Parameter-free Average Attention Module (PfAAM),
establishing a robust architecture for complex industrial inspection scenarios.

PfAAM generates 3D attention weights using only simple average pooling and
element-wise multiplication, introducing no trainable parameters; thus it almost no
increases model size or inference latency. As illustrated in Fig. 5, C3k2 PfAAM
retains the cross-stage partial structure and consists of two convolutional layers (cv/,

cv2), a stack of Bottleneck (or C3k) blocks, and a PFAAM attention module.
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m.o e oo
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Fig. 5. C3k2 PfAAM block overall architecture.

Given an input feature map X€RS™"

, the module first expands the channel
dimension to 2C (where C'Ze-COut and e is the expansion ratio) via cvl, then splits

it into two branches along the channel dimension. One branch is fed into a series of
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Bottleneck blocks for deep feature extraction, while the other serves as a residual
shortcut connection. After passing through n Bottleneck blocks, the output Fiiencek

(ERFMEIW which is then

is concatenated with the shortcut features, yielding F,

compressed to the target output channel number C,,; by cv2.
The PfAAM module then applies parameter-free average attention to this intermediate

feature, as shown in Eq. (2), Eq. (3) and Egs. (4).

1 o,
A=7>21 X % Finp (/) (channel average) (2)
1 .
A= o X Gout Fimp (k) (spatial average) (3)
A= G(Ach ®Asp)'xout:A®thp' (4)

Fimp=Convi«(Fe) , o is the Sigmoid function, & denotes broadcasted

element-wise multiplication, and © represents element-wise weighting. The final
output X,,; not only preserves the original feature information but also enhances the

response of defect-related regions while suppressing background noise.

Experimentation

Dataset

As shown in Fig. 6, this experiment uses the printed circuit board (PCB) defect
dataset released by the Open Lab on Human Robot Interaction, Peking University
(https://robotics.pkusz.edu.cn/resources/dataset). The dataset comprises a total of 693
PCB images, encompassing six types of representative defects in the PCB
manufacturing process: Missing hole, Mouse bite, Open circuit, Short, Spur, and
Spurious copper. However, the total number of images and the quantity within each
category are insufficient to meet the training requirements, and there is a disparity
with real-world industrial inspection scenarios. To enrich features and enhance model
robustness, data augmentation techniques are employed to expand the sample set.
Specifically, horizontal and vertical flipping are applied to the original images,
resulting in 1386 images. The flipping operation generates abundant new positional
information, effectively enhancing the generalization ability of the model.
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Subsequently, Gaussian blur is applied to 15% of these images to simulate common
sensor noise encountered during actual industrial acquisition. The dataset is

partitioned into a training set, a validation set, and a test set at a ratio of 7:2:1.

Missing hole Mouse bite Open circuit

Short Spurious copper

Fig. 6. Examples of PCB defects.

Experimental environment and training parameters
The experiments were conducted on the Windows 11 operating system. The detailed

experimental environment configuration is shown in Table 1.

Category Configuration

(ON} Windows 11

CPU Intel 11th Gen 15-11400H @ 2.70GHz

GPU NVIDIA GeForce RTX 3050 Ti Laptop (4GB
VRAM)

RAM 16 GB

Language Python 3.11

Framework PyTorch 2.5.0

CUDA version 11.8

Table 1. Experimental environment configuration.
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To ensure a fair comparison, the model is trained for 300 epochs without using
pre-trained weights. The batch size was set to 8 due to hardware memory limitations.
An early stopping mechanism (patience) was set to 50 epochs, terminating training
early if the validation loss did not improve for 50 consecutive epochs to prevent

overfitting. The main training parameters are listed in Table 2.

Param | optimiz | IrO Irf | moment | weight | epoc | batch | imgsz | warmup

eter er um _decay | hs size _epochs

Value | AdamW | 0.001 | 0.01 0.937 0.0005 | 300 8 640 3

Table 2. Training parameter configuration.
To improve model generalization and mitigate overfitting, a series of data
augmentation strategies were adopted during training. These strategies include

geometric transformations, color space enhancements, and image mixing methods.

Evaluation indicators

To systematically evaluate the performance of the proposed model in PCB defect
detection, we adopt Precision, Recall, Average Precision (AP), mean Average
Precision (mAP), and mAP50-95 as the primary evaluation metrics. Additionally, we
also adopts the number of model parameters (Parameters) and computational
complexity (GFLOPs) as evaluation metrics to assess the model’s performance in

terms of resource consumption and inference efficiency.

Precision measures the proportion of correctly detected positive samples among all
samples predicted as positive, reflecting the model’s false detection rate. Recall
measures the proportion of correctly detected positive samples among all actual
positive samples, reflecting the model’s missed detection rate. They are defined as in

Eq. (5) and Egs. (6).

TP
TP+FP (5)

Precision =

13



TP

Recall = TPTEN (6)

where TP (True Positive) is the number of correctly detected positive samples, FP
(False Positive) is the number of negative samples incorrectly detected as positive,

and FN (False Negative) is the number of positive samples missed by the model.

Average Precision (AP) is defined as the area under the precision-recall (P-R) curve,
where recall is on the x-axis and precision on the y-axis. The closer the AP value is to

1, the better the model performs on that class. It is calculated in Eq. (7).
1
AP = fo P (R)dR (7)
The mean Average Precision (mAP) is the arithmetic mean of AP values over all

object classes, reflecting the overall detection performance of the model across

multiple categories. It is defined as in Eq.(8).
mAP = %Zil AP, (8)

where C is the total number of classes and AP; is the Average Precision of the i-th

class.

mAPS50 refers to the mAP calculated with an IoU threshold of 0.5, which 1s a common
benchmark for evaluating object detection models. mAP50-95 refers to the average
mAP calculated over multiple IoU thresholds ranging from 0.5 to 0.95 with a step size
of 0.05, providing a stricter evaluation of the model’s ability to precisely localize

objects.

1
MAPsg = MAP|joy=05sMAPsg_95 = 10 ?zomAP|10U=0.5+i><0.05 9)

Results and analysis

Comparison experiments

1) DualScaleConv

To evaluate the design rationale of various convolutional operations in the
DualScaleConv module, this study compares three branch configurations: A

14



(Proposed): the first branch employs a standard 3%3 convolution, while the second
uses a 3x3 dilated convolution with a dilation rate d=2; B: both branches employ a
standard 3x3 convolution; C: both branches use standard 3x%3 convolutions. The

results are shown in Table 3.

Branch Params mAP@0.5 | mAP@0.5:0.95
Plan GFLOPs
Convolution M) (%) (%)
A Standard + Dilated 3.15 12.8 95.4 55.5
(Ours)
Standard + 2.69 10.5 94.9 553
B Depthwise
Separable
C Standard + 3.15 12.8 95.1 56.0
Standard

Table 3. The comparison of different plans of branch convolution.

The experimental results demonstrate that, compared to Scheme C which does not
employ dilated convolution, Scheme A utilizing dilated convolution achieves a 0.3%
improvement in mAP@Q0.5, confirming the effectiveness of dilated convolution in
expanding the receptive field and enhancing multi-scale feature extraction. Although
Scheme B adopts depthwise separable convolution for lightweight design, its

detection accuracy is inferior to that of Scheme A.

2) C3k2_PfAAM

To validate the effectiveness of the proposed C3k2 PfAAM module and its optimal
insertion position within the YOLOv1l framework, a series of comparative
experiments are designed in this section. Since using a single module alone is
insufficient to explore the adaptability of different attention mechanisms to the

already improved network, we employ four Ilightweight attention modules
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respectively on top of the previously constructed strong baseline model (i.e., the

YOLOVI11 integrated with CBiFPN and DualScaleConv modules), to fairly evaluate

their contributions to multi-scale feature enhancement.

First, we integrate attention mechanisms into the C3k2 module in the backbone, with

results presented in Table 4.

Module mAP@0.5 | mAP@0.5:0.95 | P (%) | R (%) | Params | GFLOP
(o) (o) M) s
Strong baseline 95.4 55.5 95.3 92.5 3.15 12.8
C3k2_SimAM? 95.8 55.8 96.3 91.0 3.11 12.8
C3k2 MCA(ttn® 95.5 55.3 94.3 91.7 3.29 13.1
C3k2 ELA* 95.6 55.9 96.0 | 90.4 3.12 12.8
C3k2_PfAAM 96.1 56.0 96.2 | 90.6 3.11 12.8
(Ours)

Table 4. Comparison of different attention modules on the strong CBiFPN +

DualScaleConv baseline.

Then, the different C3k2 modules were applied separately to the backbone and neck

for comparison. The results are shown in the Fig. 7.

96.5

96

95.5

95

94.5

MAP@0.5(%)

94

93.5

95.8

94.6

C3k2_SimAM

95.5

C3k2_MCALttn

B backbone neck

95.6

C3k2_ELA

96.1

C3k2_PfAAM (Ours)

Fig. 7. mAP@0.5(%) comparison of improved module at different insertion positions.
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As shown in Table 4, the C3k2 PfAAM module outperforms all other attention
variants in every evaluation metrics. Specifically, in terms of mAP@0.5,
C3k2 PfAAM achieves 96.1%, which is 0.3%, 0.6%, 0.5% and 0.7% higher than
C3k2 SimAM, C3k2 MCAttn, C3k2 ELA and Strong baseline respectively. Since
the introduced attention mechanisms are parameter-free and lightweight, they
introduce negligible additional computational cost or parameters. The experimental
results indicate that through its progressive feature focusing and channel-spatial
collaborative attention mechanism, PFAAM can more effectively suppress complex
background interference and enhance feature responses of tiny defects, thereby
achieving a better balance between detection accuracy and model efficiency.

As shown in Fig. 7, using an attention-integrated C3k2 module in the backbone
achieves better detection performance. Further analysis indicates that parameter-free
global attention (SIimAM, PfAAM) has very low computational cost and is suitable
for computation-sensitive mid-to-deep backbone layers to enhance global semantics
efficiently. In contrast, local multi-scale attention (ELA, MCAttn), despite
introducing a few parameters, effectively enhances spatial details and multi-scale
feature interactions, making these modules more suitable for low-level neck layers to
improve small object and fine edge representation. Consequently, when applied in the
neck, ELA and MCAttn outperform SimAM and PfAAM. However, overall, using an
attention-integrated C3k2 module in the backbone achieves better detection

performance.

3) Comparison of different methods

Table 5 demonstrates our model’s superior performance over current object detection
methods on the datasets. The proposed model achieves significant advantages across
multiple evaluation metrics, including mAP50, mAP50-95, Precision and Recall.
Compared with the baseline model YOLOv11n, our model improves mAP50 and
mAP50-95 by 2.8% and 3.4% respectively. These results fully demonstrate the
improvement of detection accuracy achieved by our strategies. In contrast, although

17



YOLOv6n has a larger number of parameters, its detection accuracy is lower than that
of the model presented in this paper. Similarly, YOLOv5n and YOLOv10n exhibit
certain advantages in computational cost, but their detection accuracy is significantly
lower than that of our model, making them inadequate to meet the high demands for

both precision and real-time performance in industrial scenarios.

Model mAP50 (%) | mAP50-95 (%) | Params (M) | GFLOPs | P% | R%
YOLOV3-tiny 89.3 49.1 12.1 18.9 92.2 | 82.6
YOLOvV5n 93.3 51.6 2.50 7.1 93.9 | 89.7
YOLOv6n% 93.0 51.0 4.23 11.8 94.5 | 89.6
YOLOv8n 94.4 52.8 3.01 8.1 95.1 | 90.6
YOLOv10n?® 91.4 50.8 2.27 6.5 91.7 | 84.8
YOLOvlIn 933 52.6 2.59 6.4 94.5 | 89.3
YOLOv12n?’ 93.4 51.0 2.56 6.3 95.1 | 90.1
Ours 96.1 56.0 3.11 12.8 96.2 | 90.6

Table 5. Comparison of different methods

Ablation experiment

Table 6 presents ablation experiments that analyze YOLOvll with CBiFPN,
DualScaleConv, and C3k2 PfAAM modules, focusing on their impact on mAP50 and
mAPS50-95. The baseline YOLOv11 model starts with mAP50 of 93.3% and
mAP50-95 of 52.6%. Introducing only the CBiFPN module enhances multi-scale
feature fusion, raising mAP@0.5 to 94.8% and mAP@0.5:0.95 to 54.1%, while
slightly increasing the number of parameters, demonstrating the effect of CBiFPN in
cross-scale information interaction. Adding only the DualScaleConv module
improves the collaborative representation of local and global features through
dual-scale convolutions, achieving a mAP@0.5 of 94.0% and mAP@0.5:0.95 of
52.7%. Integration of the C3k2 PfAAM module maintains lightweight properties

while enhancing sensitivity to small targets, significantly increasing mAP@0.5 and
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mAP@0.5:0.95 to 94.1% and 53.1%, reducing parameters to 2.54M, demonstrating a
favorable balance between accuracy and efficiency. Finally, integrating all three
modules achieves the best performance: mAP@0.5 reaches 96.1%, mAP@0.5:0.95
reaches 56.0%, improving by 2.8% and 3.4% over the baseline, respectively.
Meanwhile, the number of parameters is compressed to 3.1M and computational cost
is 12.8 GFLOPs. These results fully demonstrate the complementarity and
effectiveness of the three proposed modules in improving detection accuracy,

enhancing feature representation, and maintaining real-time performance.

Model CBiFPN DualScale C3k2 P mAP@0.5 mAP@0.5:0.95 Params GFLOP
Conv fAAM (%) (%) ™M) s
YOLOvl1 933 52.6 2.59 6.4
(baseline)
A v 94.8 54.1 2.79 11.0
B v 94.0 52.7 3.03 7.7
C v 94.1 53.1 2.54 6.3
D v v 95.4 55.5 3.15 12.8
E v v 94.1 53.1 2.75 11.0
F v v 94.4 52.2 2.99 7.7
Ours v v v 96.1 56.0 3.11 12.8

Table 6. Ablation study results for different modules.

Visualization

In the field of object detection, visualization aids in interpreting model behavior. Fig.
8 presents a qualitative comparison between the proposed method and the baseline
YOLOvI1l model in terms of object detection results, while Fig. 9 employs
Grad-CAM++ to generate heatmaps that intuitively illustrate the model’s focus on

target regions®®. Grad-CAM++ computes higher-order derivative weights for each
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pixel within every feature map channel, enabling more precise localization of
positively contributing regions and offering stronger discriminative ability in
multi-object scenarios compared to standard Grad-CAM?*2°. It can be observed that,
compared to YOLOV11, the proposed method produces more complete and accurately
localized detection bounding boxes. Moreover, the heatmap results indicate that the
proposed method concentrates effectively on genuine target regions while suppressing
background interference, which is benefited from Grad-CAM++’s emphasis on
positive gradient information and its pixel-wise weighting strategy. Overall, the
proposed method achieves more complete and reliable object detection in complex

scenes, along with notably improved detection confidence scores.

YOLOv11 Ours

RSd L 050NN

0.82]

spur 0.37

Fig. 8. The comparison results of our method with YOLOvI11 are shown.
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Heat maps

Fig. 9. Heatmap visualizations of CDA-YOLO detection results using Grad-CAM-++.

This paper proposes CDA-YOLO, an improved YOLOvI11 model for PCB defect
detection, to address the challenges of high missed-detection rate of tiny defects and
high false-positive rate caused by complex background textures. First, we design a

Cross-level Bidirectional Feature Pyramid Network (CBiFPN). Second, we propose



DualScaleConv, which uses parallel branches to capture local details and global
context. Third, a parameter-free average attention mechanism (PfAAM) is integrated
into the C3k2 module. Together, these enhancements improve multi-scale fusion and

small-target detection.

Experiments show that CDA-YOLO achieves mAP@0.5 of 96.1% and
mAP@0.5:0.95 of 56.0%, improving by 2.8% and 3.4% over YOLOvI11. Ablation
and comparison experiments validate the effectiveness and complementarity of each
module. Visualization analysis shows that the proposed method can better focus on
defects and generate more accurate detection bounding boxes, significantly reducing
missed detections and false positives. Future work includes further compressing the
model parameters and computational complexity for edge deployment, exploring
more efficient attention mechanisms and lightweight architectures, and extending our
method to other industrial vision inspection scenarios, such as semiconductor wafer

defect detection and surface mount technology (SMT) solder joint inspection.

Data availability

The datasets analysed during the current study are available at

https://robotics.pkusz.edu.cn/resources/dataset
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Figure Legends

Fig. 1. YOLOv11 network structure. The backbone extracts multi-scale features via
convolutional and C3k2 modules; the neck fuses features using PANet; the head
produces final detections.

Fig. 2. CDA-YOLO overall network structure. It consists of a backbone with

C3k2 PfAAM modules, a DualScaleConv module inserted between backbone and
neck, a CBiFPN neck for enhanced multi-scale fusion, and the original YOLOv11
detection head.

Fig. 3. DualScaleConv module structure. The input feature map is split along the
channel dimension into two branches: one uses a standard 3x3 convolution (d=1) to
capture local details, the other uses a dilated 3x3 convolution (d=2) to capture global
context. The outputs are concatenated.

Fig. 4. Neck network structure. It introduces skip connections between non-adjacent
layers, incorporates DualScaleConv for feature refinement, and extends the feature
pyramid down to the high-resolution P2 level to improve small-defect detection.

Fig. 5. C3k2 PfAAM block overall architecture. It retains the cross-stage partial
design with two convolutional layers and a stack of bottleneck blocks, followed by a
parameter-free average attention module (PfAAM) that generates 3D attention
weights via average pooling and element-wise multiplication.

Fig. 6. Examples of PCB defects. Six typical defect types are shown: missing hole,
mouse bite, open circuit, short, spur, and spurious copper.

Fig. 7. mAP@0.5(%) comparison of improved module at different insertion positions.
Comparison of mAP@0.5 (%) when applying improved C3k2 modules at different

insertion positions (backbone and neck). The results show that placing

26



attention-enhanced C3k2 in the backbone generally yields better detection
performance.

Fig. 8. The comparison results of our method with YOLOv11 are shown. Qualitative
detection comparison between the proposed method and YOLOv11. Our method
produces more complete and accurately localized bounding boxes with higher
confidence scores, reducing missed detections and false positives.

Fig. 9. Heatmap visualizations of CDA-YOLO detection results using Grad-CAM++.
The model focuses effectively on genuine defect regions while suppressing

background interference, demonstrating improved discriminability.

Table Legends

Table 1. Experimental environment configuration. Lists the operating system, CPU,
GPU, RAM, Python, PyTorch, and CUDA versions used in all experiments.

Table 2. Training parameter configuration. Details the optimizer, initial learning rate
(Ir0), final learning rate factor (Irf), momentum, weight decay, epochs, batch size,
image size, and warmup epochs.

Table 3. The comparison of different plans of branch convolution. Schemes A
(standard + dilated), B (standard + depthwise separable), and C (standard + standard)
are compared in terms of parameters, GFLOPs, mAP@0.5, and mAP@0.5:0.95.
Table 4. Comparison of different attention modules on the strong CBiFPN +
DualScaleConv baseline. SimAM, MCAttn, ELA, and the proposed PfAAM are
evaluated for mAP@0.5, mAP@0.5:0.95, Precision, Recall, parameters, and
GFLOPs.

Table 5. Comparison of different methods. Includes YOLOv3-tiny, YOLOvV5n,
YOLOv6n, YOLOv8n, YOLOvV10n, YOLOvVIIn, YOLOvVI2n, and our CDA-YOLO,
reporting mAP@0.5, mAP@0.5:0.95, parameters, GFLOPs, Precision, and Recall.
Table 6. Ablation study results for different modules. Evaluates the individual and
combined contributions of CBiFPN, DualScaleConv, and C3k2 PfAAM on the
baseline YOLOvI11 in terms of mAP@0.5, mAP@0.5:0.95, parameters, and GFLOPs.
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