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Abstract—Unlike conventional object detection tasks, indus-
trial metal surface defect detection is challenged by severe
background interference and extreme scale imbalance among
defect instances. To address these challenges, we propose PGA-
YOLO, a detection framework co-designed from the perspectives
of feature interaction and detection architecture. Specifically, a
refined feature interaction mechanism is introduced to enhance
the discriminability of deep features while effectively suppressing
background-induced confusion. Meanwhile, efficient convolu-
tional operators together with an adaptive detection head are
incorporated to improve small-object localization accuracy while
maintaining a lightweight model profile. This synergistic design
effectively alleviates the trade-off between detection precision
and computational efficiency. Extensive experiments demonstrate
that PGA-YOLO achieves a superior balance between accu-
racy and efficiency. With only 5.78M parameters, the proposed
method attains 81.43% mAP@50 and 50.67% mAP@50:95 on
the NEU-DET dataset. Furthermore, PGA-YOLO consistently
outperforms state-of-the-art methods in terms of generalization
capability and real-time performance on the GC10-DET and
AL10-DET datasets.

Index Terms—Surface defect detection; Feature interaction;
Small object localization; Lightweight model.

I. INTRODUCTION

In contemporary industrial manufacturing, the surface in-
tegrity of metallic components serves as a fundamental deter-
minant of product performance and structural reliability, where
undetected flaws may precipitate catastrophic material failures
[1]. Despite the emergence of deep learning as a transforma-
tive paradigm for defect identification, practical deployment
remains fraught with persistent obstacles—most notably, se-
vere environmental noise, extreme cross-scale variance among
defect instances, and the subtle inter-class similarities that blur
decision boundaries (as illustrated in Fig. 1).
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Fig. 1. Metal surface defect images are characterized by severe suppression
from complex background interference, extreme scale heterogeneity, and high
inter-class similarity among certain defect types.

To surmount these hurdles, the research community has
explored diverse architectural innovations. From the perspec-
tive of feature enhancement and multi-scale representation,
Zhang [2] and Ning [3] leveraged BiFPN- and ResNet-FPN-
based architectures to bolster the perception of defects across
diverse spatial scales, while Liu [4] expanded the effective
receptive field through parallel atrous convolutions and multi-
scale pooling strategies. In the realm of attention-based re-
finement, Fang [5] demonstrated that integrating attention
modules can effectively calibrate models to concentrate on
salient defect regions. Furthermore, to satisfy the stringent
constraints of lightweight deployment, Ren [6] and Yu [7]
introduced LFEBNet and depthwise separable convolutions to
substantially curtail computational overhead. However, despite
these advancements, existing frameworks often exhibit a sub-
optimal synergy between sophisticated feature interaction and
structural efficiency, frequently failing to maintain high dis-
criminative power under extremely limited resource budgets.

While the aforementioned methodologies have advanced the
field to varying degrees, three pivotal challenges persist in
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Fig. 2. Overall architecture of the PGA-YOLO network. The red stars indicate the improved modules.

reconciling detection sensitivity with architectural efficiency.
Specifically, current attention paradigms often fail to achieve
optimal coordination between spatial and channel dimensions,
rendering fine-grained defect features vulnerable to occlusion
by complex background noise. Furthermore, high-performance
enhancement strategies are frequently accompanied by pro-
hibitive computational overhead, which severely impedes their
deployment on resource-constrained industrial embedded de-
vices. Compounding these issues, conventional fixed label
assignment strategies [8] struggle to accommodate the drastic
scale variations inherent in defect instances, frequently leading
to localization drift and increased missed detection rates.

To address the aforementioned challenges in metal surface
defect detection, this paper presents the following contribu-
tions:

• Development of the PGA-YOLO framework: We con-
struct a novel detector integrating the Parallel Coor-
dinated Spatial-Channel Attention Module (PCSAM),
GSConv [9], and Adaptive Dual-Head Collaborative As-
signment (AD). Through deep integration of these mod-
ules, the model effectively mitigates complex industrial
interference while maintaining an extremely low param-
eter count.

• Innovative design of core components: We design the PC-
SAM to suppress background noise via parallel spatial-
channel interaction. GSConv is incorporated to opti-

mize computational efficiency, balancing precision and
lightweight requirements. Furthermore, the AD strategy
is proposed to precisely rectify the localization drift of
microscopic targets through a differentiated label assign-
ment mechanism.

• Extensive validation and generalization: Experiments
demonstrate that PGA-YOLO achieves superior detection
accuracy and real-time performance across the NEU-
DET, GC10-DET, and AL10-DET datasets, providing a
robust lightweight solution for industrial-grade deploy-
ment in resource-constrained environments.

II. THE PROPOSED METHOD

Building upon YOLOv11 [10], we develop PGA-YOLO,
a synergistic framework optimized for high-precision,
lightweight industrial defect detection. The architecture
strengthens feature discriminability by replacing standard
C3k2 units with self-developed PCSAM, while streamlining
feature fusion through the integration of GSConv in the neck to
minimize computational overhead. Furthermore, an Adaptive
Dual-head (AD) design is employed to refine the localization
and classification of defects across drastic scales. The overall
topology is illustrated in Fig. 2, with the underlying mecha-
nisms elaborated in the following sections.



A. Parallel Coordinated Spatial-Channel Attention Module
(PCSAM)

To address the feature obscuration caused by specular
reflection and texture interference on metal surfaces, and
inspired by CBAM [11], we propose the PCSAM, as illustrated
in Fig. 3. By leveraging parallel joint modeling to achieve
deep feature interaction, this module effectively suppresses
industrial background noise while significantly enhancing the
feature capture precision for microscopic targets.

The input feature map F ∈ RH×W×C is processed through
parallel branches to generate the channel descriptor Dc and
the spatial descriptor Ds(as illustrated in Fig. 3). Specifically,
global information is extracted from F via both maximum and
average pooling. Subsequently, the correlations are modeled
through shared convolutional layers, followed by an element-
wise summation to fuse the statistical features(see Eqs. 1–3).
The symbol | denotes the selection for Dc (left) and Ds (right),
the terms on the left belong to Dc ∈ R1×1×C , while those on
the right belong to Ds ∈ RH×W×1.

Fc,max = MaxPool(F) ∈ R1×1×C | RH×W×1 (1)

Fc,avg = AvgPool(F) ∈ R1×1×C | RH×W×1 (2)
Dc | Ds = CONV(Fc|s,max) + CONV(Fc|s,avg)

∈ R1×1×C | RH×W×1 (3)

Subsequently, Dc is flattened to 1×C and Ds to HW × 1
via reshaping, which are then concatenated to form the joint
descriptor Djoint (see Eqs.4). A joint convolutional layer
(CONV) is utilized to learn the deep interaction between the
two, followed by a split operation to obtain the intermediate
representations M′

c and M′
s. These intermediate states are then

used to derive the final channel attention map Mc ∈ R1×1×C

and spatial attention map Ms ∈ RH×W×1(see Eqs.5). Finally,
Mc performs a channel-wise broadcast multiplication with the
input F , followed by a spatial-wise broadcast multiplication
between Ms and the intermediate result to produce the refined
feature map(see Eqs.6).

Djoint = Concatenate(Flatten(Dc), Flatten(Ds))

∈ R(HW+C)×1 (4)

Mc|s = σ
(
M′

c|s

)
∈ R1×1×C | RH×W×1 (5)

Fout = Mc ⊗ F⊗Ms (6)

B. GSConv Module

GSConv [9] adopts a parallel structural design that ex-
tracts features through dual branches. The SC branch utilizes
standard convolutions to preserve spatial details and chan-
nel dependencies, while the DSC branch employs depthwise
separable convolutions to expand the receptive field with
minimal overhead. After processing, GSConv concatenates the
features from both branches along the channel dimension (see
Fig. 4). To break the feature barriers between branches, a
Shuffle mechanism is introduced to achieve deep interaction
and fusion of channel information. This design enables the

lightweight features of the DSC to complement the dense fea-
tures of the SC. Consequently, it maintains high sensitivity to
small targets such as micro-cracks while significantly reducing
the computational cost for real-time industrial detection.

C. Adaptive Dual-Head Collaborative Assignment (AD)

To address the missed detection issues caused by uniform
assignment strategies in traditional structures, the Adaptive
Dual-Head Collaborative Assignment (AD) is designed (see
Fig. 5). The AD introduces an Adaptive Assigner (AA), which
dynamically generates two sets of customized labels for the
lead and auxiliary heads based on the Ground Truth (GT),
thereby strengthening the capture capability for microscopic
defects. Specifically, the AA employs a high-quality positive
sample selection mechanism for the lead head to ensure it
learns the most discriminative features. For the auxiliary head,
a soft-label assignment mechanism is used to enable learning
from features of suspected positive samples (see Eqs. 7–8).
Here, b∗i and c∗i represent the optimal GT box and its category,
αij denotes the soft-label weight, and [Tl, Tm] indicates the
range of Intersection over Union (IoU) values.

Tl(j) =


(b∗

i , c
∗
i , 1), if maxi IoU(aj ,bi) > τh

and j ∈ TopK(sj)

(0, 0, 0), otherwise
(7)

Ta(j) =


(b∗

i , c
∗
i , 1), if IoU(aj ,bi) > τm

(b∗
i , c

∗
i , αij), if τl < IoU(aj ,bi) ≤ τm

(0, 0, 0), otherwise
(8)

The AA adopts distinct loss functions for the lead and auxil-
iary heads (see Eqs. 11–12). To ensure collaborative learning
and prevent feature representation conflicts, we introduce a
prediction consistency loss Lconsist and a complementary
guidance loss Lcomplement, which are weighted and summed
into the final total loss function (see Eqs. 9–13). In these
formulations, Pl and Pa denote the category predictions of
the lead and auxiliary heads, while Bl and Ba represent their
respective bounding box predictions. The distance between the
feature representations f (j)

l and f
(j)
a of the two detection heads

in the soft-label positive set S is not less than the threshold
γ. Furthermore, P = {j|Tl(j) > 0 or Ta(j) > 0} represents
the positive sample set, and S = {j|0 < Ta(j) < 1} is the
soft-label positive sample set.

Llead = Lcls(Pl,Tl) + Lreg(Bl,Tl) (9)
Laux = Lcls(Pa,Ta) + Lreg(Ba,Ta) (10)

Lcons = 1
Npos

∑
j∈P JS

(
σ(p

(j)
l ), σ(p

(j)
a )

)
(11)

Lcomp = 1
Nsoft

∑
j∈S max(0, γ − ∥f (j)l − f

(j)
a ∥2) (12)

Ltotal = Llead + λ1Laux + λ2Lcons + λ3Lcomp (13)

III. EXPERIMENTS

Experiments are conducted on the NEU-DET industrial
dataset, which contains 1,800 grayscale images (640×640
resolution) across six defect categories, including Crazing (Cr)
and Patches (Pa). To evaluate the generalization capability,
the GC10-DET and AL10-DET datasets are also introduced.
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The development environment consists of Ubuntu 22.04 and
PyTorch 2.3.1, with hardware acceleration provided by an
NVIDIA A30 GPU. For training, the SGD optimizer is em-
ployed with an initial learning rate of 0.01 and a batch size
of 32 for 300 epochs. Evaluation metrics include Precision
(P), Recall (R), mAP50, mAP50:95, Parameters (Params), and
FLOPs. The experimental evaluation is organized into five
subsections (A-E). Section D (Generalization Experiments) is
conducted on various datasets (GC10-DET and AL10-DET) to
assess the model’s adaptability. All other experiments, includ-
ing ablation studies and state-of-the-art (SOTA) comparisons,
are performed on the NEU-DET dataset.

A. Ablation experiment
The effectiveness of each proposed module is quantified in

Table I. Starting from the YOLOv11s baseline, the integration
of PCSAM yields a 1.55% improvement in mAP50, primarily
attributed to its enhanced capability in capturing discrimi-
native defect features. By incorporating GSConv, the model
significantly reduces the computational overhead by 2.43M
parameters while maintaining competitive accuracy. Finally,
the addition of AD elevates the mAP50:95 to 50.45%, effec-
tively addressing the challenges of false positives and missed
detections for microscopic defects. These results validate the
synergistic effect of the proposed components in balancing
detection precision and model efficiency.

TABLE I
ABLATION EXPERIMENT.BOLD INDICATES BEST.

PCSAM GSConv AD R/% P/% mAP50/% mAP50:95/% Params/M Flops/G

- - - 79.32 81.12 79.24 45.32 8.63 18.45

✓ - - 83.42 82.39 80.79 49.84 9.81 19.34

- ✓ - 81.65 80.87 79.62 48.76 6.43 17.12

- - ✓ 84.36 79.91 80.67 50.45 8.79 19.54

✓ ✓ - 83.84 81.35 80.14 49.12 7.55 17.92

- ✓ ✓ 84.51 80.52 81.02 50.12 6.59 18.21

✓ - ✓ 84.36 82.88 81.31 50.55 9.97 20.43

✓ ✓ ✓ 84.45 83.53 81.43 50.67 5.78 16.28

B. Comparison with State-of-the-Art Methods.
The results in Table II demonstrate that PGA-YOLO

achieves the optimal balance between detection performance
and lightweight design. Compared with the YOLOv11s base-
line, its mAP50 and mAP50:95 are improved by 2.19%
and 5.35%, respectively, while the Params and FLOPs are
significantly reduced by 2.85M and 2.17G. Furthermore, PGA-
YOLO outperforms recent SOTA models, such as YOLOv10s
and YOLOv12s, in terms of both accuracy and parameter
efficiency. These results verify its superior efficiency for
practical industrial deployment.

C. Comparative experiments of improved modules
As shown in Table III, PCSAM achieves superior perfor-

mance in key metrics, with Recall (R) and Precision (P)



TABLE II
COMPARISON OF THE PROPOSED PGA-YOLO WITH STATE-OF-THE-ART

MODELS.BOLD INDICATES BEST.

Model R/% P/% mAP50/% mAP50:95/% Params/M Flops/G

Faster R-CNN 66.31 63.4 65.98 35.1 41.33 120.99

YOLOv5s 75.92 67.1 69.25 41.7 7.08 26.52

YOLOv7 66.97 71.7 74.01 38.8 37.41 105.78

YOLOv7-tiny 77.12 72.45 63.82 34.87 6.03 13.22

YOLOXs 74.68 75.48 76.33 38.86 8.94 26.77

YOLOv8s 76.32 74.65 74.42 48.14 11.14 28.67

YOLOv10s 78.91 78.57 73.42 47.16 8.07 24.58

YOLOv11s 79.32 81.12 79.24 45.32 8.63 18.45

YOLOv12s 77.56 79.87 78.45 46.89 9.26 21.53

MSI-YOLO [12] 80.64 81.76 77.98 47.56 9.86 25.34

Ref [13] 81.46 82.41 80.14 49.46 9.82 25.46

Ref [14] 82.76 79.34 78.75 48.96 11.48 29.87

PGA-YOLO 84.45 (↑5.13) 83.53 (↑2.41) 81.43 (↑2.19) 50.67 (↑5.35) 5.78 (↓2.85) 16.28 (↓2.17)

TABLE III
EXPERIMENTAL RESULTS OF THE PCSAM MODULE.BOLD INDICATES BEST.

Modules R/% P/% mAP@0.5/% Params/M Flops/G

ECA [15] + GSConv + AD 79.32 80.32 78.49 10.12 28.86

CBAM [11] + GSConv + AD 83.15 82.59 80.78 7.84 44.63

CA [16] + GSConv + AD 74.38 79.78 77.54 9.45 28.88

GAM [17] + GSConv + AD 77.81 81.85 80.49 21.23 32.45

SimAM [18]+ GSConv + AD 82.32 81.98 80.85 18.48 29.22

PCSAM + GSConv + AD 84.45 83.53 81.43 5.78 16.28

reaching 84.45% and 83.53%, respectively. This demonstrates
that by leveraging parallel joint modeling for deep feature
interaction, PCSAM can more effectively suppress background
interference and enhance the capture capability for micro-
scopic defects. Table IV indicates that GSConv significantly
optimizes model efficiency; it achieves a mAP50 of 81.43%
while maintaining the lowest parameter count (5.78M) and
computational cost (16.28G). Experimental results prove that
this module, by suppressing feature redundancy, serves as
the core component for balancing the lightweight design
and high performance of PGA-YOLO. Furthermore, Table V
illustrates that AD yields promising results across all critical
metrics, with mAP50:95 reaching 50.67%. This underscores
AD’s ability to refine the perception accuracy for tiny defects
through an optimized detection architecture.

TABLE IV
EXPERIMENTAL RESULTS OF THE GSCONV MODULE.BOLD INDICATES

BEST.

Module R/% P/% mAP@0.5/% Params/M Flops/G

PCSAM + PConv [19] + AD 76.32 65.7 76.84 6.48 20.41

PCSAM + SCConv [20] + AD 74.43 67.5 80.86 6.87 18.32

PCSAM + AKConv [21] + AD 71.7 66.3 79.91 8.23 26.41

PCSAM + SAConv [22]+ AD 72.3 66.6 77.72 7.10 19.85

PCSAM + GSConv + AD 84.45 83.53 81.43 5.78 16.28

D. Generalization experiments

The results in Table VI indicate that PGA-YOLO main-
tains highly consistent detection performance and lightweight

TABLE V
EXPERIMENTAL RESULTS OF THE AD HEAD.BOLD INDICATES BEST.

Head R/% P/% mAP50:95/% Params/M Flops/G

PCSAM + GSConv + LDH [23] 83.41 82.12 46.34 6.78 23.31

PCSAM + GSConv + EMAH [24] 84.12 79.23 45.66 8.43 31.78

PCSAM + GSConv + MLLAH [25] 79.95 81.37 48.74 7.46 27.34

PCSAM + GSConv + LWH [26] 82.42 83.14 49.72 11.23 34.25

PCSAM + GSConv + AD 84.45 83.53 50.67 5.78 16.28

advantages across various industrial datasets. Specifically, its
mAP@0.5 remains stable between 78% and 82%, show-
ing minimal fluctuations compared to the baseline dataset.
This demonstrates that the model possesses exceptional anti-
interference capabilities and cross-domain generalization sta-
bility, enabling it to robustly adapt to diverse and complex
inspection requirements on metal production lines.

TABLE VI
EXPERIMENTAL RESULTS ON DIFFERENT DATASETS

Dataset R/% P/% mAP50/% mAP50:95/% Params/M Flops/G

NEU-DET 84.45 83.53 81.43 50.67 5.78 16.28

GC10-DET 83.79 84.56 80.27 51.13 5.78 16.28

AL10-DET 84.67 79.24 78.78 49.97 5.78 16.28

E. Visualization Analysis

To intuitively compare performance and quantitatively eval-
uate the algorithms’ capability to focus on defect regions, vi-
sualization comparisons and Heatmaps (Grad-CAM) between
PGA-YOLO and YOLOv11s on the NEU-DET dataset are
conducted.

Fig. 6 illustrates that PGA-YOLO significantly enhances
feature extraction, effectively compensating for the missed
detections in the baseline model. For extremely small-scale
targets such as Inclusions (In) and Patches (Pa) in Figs. 6(a)
and (b), PGA-YOLO exhibits higher precision; meanwhile,
Fig. 6(e) confirms its superior anti-interference ability in com-
plex backgrounds, markedly improving localization reliability
in industrial environments.

The results in Fig. 7 reveal that the red regions in PGA-
YOLO’s heatmaps are deeper and more closely aligned with
the actual defect contours, proving its ability to precisely lock
onto critical discriminative features. For low-contrast micro-
targets like Scratches (Sc) and Crazing (Cr), PGA-YOLO’s
response intensity significantly outperforms the baseline. This
validates that the AD detection head provides superior super-
visory signals, effectively enhancing the capture capability for
subtle defects in complex environments.

IV. CONCLUSION

This paper presents PGA-YOLO, a lightweight algorithm
optimized for metal surface defect detection. By incorporating
the Parallel Channel-Spatial Attention Module (PCSAM), our
approach enables deep parallel interaction between features,
effectively suppressing interference from complex industrial
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Fig. 7. Heatmap comparison between the baseline and PGA-YOLO. Our
model shows more precise feature localization and higher response intensity
for subtle defects. This demonstrates that the PCSAM and AD significantly
improve feature discriminability and supervision for low-contrast, multi-scale
targets.

backgrounds. Furthermore, the integration of an Adaptive
Dual-head (AD) structure and efficient convolutional operators
significantly improves the localization of microscopic defects.
Extensive evaluations on the NEU-DET, GC10-DET, and
AL10-DET datasets demonstrate that PGA-YOLO achieves
superior detection accuracy and generalization with minimal
computational overhead, making it highly suitable for real-
time industrial applications.
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