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surface defect detection

Liang Liming, Chen Kangquan®, Chen Linjun, Long Pengwei
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341000, China

Abstract: In response to the deficiencies of existing steel surface defect detection algorithms in terms of resource
consumption, detection accuracy, and efficiency, a lightweight steel defect detection algorithm based on YOLOv8n
(FCM-YOLOV8n) is proposed. First, a frequency-aware feature fusion network is utilized to efficiently extract and
integrate high-frequency information, reducing computational costs while enhancing detection speed. Second, a
lightweight feature interaction module (Cc-C2f) is restructured to effectively preserve spatial and channel
dependencies while reducing feature redundancy, thereby lowering model parameters and computational
complexity. Finally, a multi-spectrum attention mechanism is applied to mitigate feature information loss in the
frequency domain, improving the accuracy of detecting complex defects. Experimental results on the Severstal and
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NEU-DET steel defect datasets show that, compared to YOLOv8n, the FCM-YOLOv8n algorithm achieves a 2.2%
and 1.5% improvement in mAP@0.5, respectively, with a 0.5 M and 1.5 G reduction in parameters and

computational complexity. The FPS reaches 143 f/s and 154 f/s, respectively, demonstrating excellent real-time

performance. The algorithm achieves an optimal balance between detection accuracy, computational cost, and

efficiency, providing robust support for edge device applications. Further validation on the GC10-DET dataset

shows a 2.9% improvement in mAP@0.5 compared to the baseline model, fully demonstrating the algorithm's

exceptional generalization ability.

Keywords: defect detection; YOLOvV8n; frequency-aware feature fusion network; Cc-C2f; multi-spectral attention
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Caf 75.2 3.0 8.1 181
Cc-C2f 75.9 2.6 6.9 161
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Table 2 Ablation experimental data
Dataset FreqFusion Cc-C2f MA mAP@0.5/% Par/M FLOPs/G FPS
729 3.0 8.1 153
v 745 2.8 7.7 156
Severstal x/ 73.0 2.6 6.9 141
v 74.1 3.0 8.1 145
\ x/ 74.0 2.5 6.6 145
v x/ \ 75.1 2.5 6.6 143
75.2 3.0 8.1 181
v 75.7 2.8 7.7 188
NEU.DET v 75.9 2.6 6.9 161
v 75.9 3.0 8.1 182
N v 76.0 2.5 6.6 154
v v v 76.7 2.5 6.6 154
Severstal NEU-DET
0.8F
47 e " N a A
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| 0.7 ”[l \ [ \ //j’ l|
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o 09T | w 05 |
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Fig. 6 mAP@Q.5 training curves
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Table 3 Comparison of detection data from different algorithms

Dataset Model mAP@0.5/% Par/M FLOPs/G FPS
YOLOv3-tiny 60.2 121 18.9 151
YOLOv4-tiny 55.5 5.9 16.1 97
YOLOv5Nn 72.6 25 71 175
YOLOv5s 721 9.1 23.8 120
Severstal YOLOv6Nn 74.5 4.2 11.8 153
YOLOv7-tiny 61.5 6.0 13.1 76
YOLOv8n 72.9 3.0 8.1 153
YOLOv8s 73.7 111 28.4 106
Ours 75.1 25 6.6 143
YOLOv3-tiny 64.4 121 18.9 156
YOLOv4-tiny 64.0 5.9 16.1 120
YOLOv5n 73.2 25 71 185
YOLOv5s 75.8 9.1 23.8 106
YOLOv6n 75.9 4.2 11.8 185
YOLOV7-tiny 68.6 6.0 131 89
Reference [3] 74.4 5.4 8.9 87

NEU-DET Reference [10] 75.1 2.3 9.0 -
Reference [11] 75.7 14.4 - 109
Reference [12] 75.7 7.5 16.8 94

Reference [13] 76.0 3.0 - -
YOLOv8n 75.2 3.0 8.1 181
YOLOv8s 75.2 111 28.4 108
Ours 76.7 25 6.6 154

Severstal
YOLOv8n

FCM-YOLOv8n

il

YOLOv8n

NEU-DET

c
[¢e]
> =
OFf i
|
o
o
5 -
O
U i e S . .
Crazing Inclusion Patches Pitted-surface  Rolled-in-scale Scratches

B 7 1t Severstal = NEU-DET #c48 & E 6945 M #E 2t 1

Fig. 7 Comparison of detection performance on the Severstal and NEU-DET datasets
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Fig. 8 Comparison of detection performance of different models on the Severstal dataset after data augmentation
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Table 4 Comparison of GC10-DET dataset detection results

API%
Model mAP@0.5/% Par/M FLOPS/G FPS
ode Pu W Cg Ws Os Ss In Rp Cr W @05/%  Par s
YOLOv8n 979 892 960 779 682 630 37.5 281 447 856 68.8 3.0 8.1 303
FCM-YOLOv8n 98.6 89.3 965 784 697 67.3 201 366 60.8 90.4 M7 25 6.6 270

YOLOv8n

)
c
»
Ilflll & Iﬁlﬂllllﬂllll

FCM-YOLOv8n

YOLOv8n

FCM-YOLOv8n

(9]
(7]

B 9 7 GC10-DET #4458 & E a9 2R At b
Fig. 9 Comparison of detection performance on the GC10-DET dataset
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Improving the lightweight FCM-YOLOv8n for steel
surface defect detection

Liang Liming, Chen Kangquan®, Chen Linjun, Long Pengwei
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Frequency-aware feature fusion network structure

Overview: In response to the deficiencies of existing steel surface defect detection algorithms in terms of resource
consumption, detection accuracy, and efficiency, a lightweight steel defect detection algorithm based on YOLOv8n
(FCM-YOLOV8n) is proposed. This algorithm incorporates three principal innovative elements. First, a frequency-
aware feature fusion network is utilized to efficiently extract and integrate high-frequency information, reducing
computational costs while enhancing detection speed. This network ingeniously integrates an adaptive low-pass filter
generator (ALPF), an offset generator, and an adaptive high-pass filter generator (AHPF). The ALPF generator forecasts
spatially-variant low-pass filters, which serve to attenuate high-frequency constituents within objects, thereby
diminishing intra-class disparities during the up-sampling procedure. The offset generator plays a pivotal role in
refining pronounced inconsistent features and tenuous boundaries. It achieves this by substituting inconsistent elements
with more congruous ones via resampling. Meanwhile, the AHPF generator functions to augment the high-frequency
detailed boundary information that is otherwise lost during down-sampling. Collectively, this fusion paradigm
substantially augments feature consistency and sharpens object boundaries. Secondly, a lightweight feature interaction
module (Cc-C2f) is restructured to effectively preserve spatial and channel dependencies while reducing feature
redundancy, lowering model parameters and computational complexity. The Cc-C2f module integrates the lightweight
convolutional additive self-attention mechanism (CDSA) and the lightweight convolutional gated linear unit (CGLU).
The CDSA module takes into account both channel and spatial information, and employs fast linear transformation to
reduce the number of model parameters and computational complexity. The CGLU module combines local and global
information to enhance the network's representational ability. Finally, a multi-spectrum attention mechanism is applied
to mitigate feature information loss in the frequency domain, improving the accuracy of detecting complex defects.
Experimental results on the Severstal and NEU-DET steel defect datasets show that, compared to YOLOv8n, the FCM-
YOLOv8n algorithm achieves a 2.2% and 1.5% improvement in mAP@0.5, respectively, with a 0.5 M and 1.5 G
reduction in parameters and computational complexity. The FPS reaches 143 f/s and 154 f/s, respectively, demonstrating
excellent real-time performance. The algorithm achieves an optimal balance between detection accuracy, computational
cost, and efficiency, providing robust support for edge device applications. Further validation on the GC10-DET dataset
shows a 2.9% improvement in mAP@0.5 compared to the baseline model, demonstrating the algorithm's exceptional
generalization ability. Through comparative analysis with disparate algorithms, the superiority of the proposed
algorithm's performance is further accentuated.

Liang L M, Chen K Q, Chen L J, et al. Improving the lightweight FCM-YOLOvV8n for steel surface defect detection[J]. Opto-
Electron Eng, 2025, 52(2): 240280; DOI: 10.12086/0ee.2025.240280
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