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Improvement of GBS-YOLOv7t for steel surface
defect detection

Liang Liming, Long Pengwei’, Lu Baohe, Li Renjie
School of Electrical Engineering and Automation, Jiangxi University of Science and Technology, Ganzhou, Jiangxi 341000, China

Abstract: Given that small targets are predominant in the steel surface defect areas, most existing methods cannot
balance the trade-off between detection accuracy and speed. In this paper, we propose a steel surface defect
detection algorithm based on YOLOv7-tiny (GBS-YOLOvT7t). Firstly, we design the GAC-FPN network to fully
integrate the target semantic information progressively and across layers, aiming to address the limited information
flow issue in traditional feature pyramids. Secondly, we embed a bi-level routing attention (BRA) module to endow
the model with dynamic query and sparse perception capabilities, thus enhancing the detection accuracy of small
targets. Thirdly, we introduce the SloU loss function to improve the training and inference capabilities of the model,
and to enhance the network robustness. Experimental validation on the public dataset NEU-DET demonstrates an
mAP of 72.9% and a precision of 69.9% for GBS-YOLOv7t, achieving improvements of 4.2% and 8.5%,
respectively, over the original YOLOv7-tiny model. The FPS reaches 104.1 frames, indicating strong real-time
performance. Compared to other detection algorithms, GBS-YOLOVv7t is more effective in detecting small targets in
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steel surface areas, with experimental results showing that the improved algorithm better balances the detection

accuracy and speed.

Keywords: defect detection; YOLOv7-tiny; GAC-FPN network; bi-level routing attention; SloU
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\ 71.9 6.56 13.2 111.11
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Fig. 7 Comparison of AP values of GAC-FPN, PANet and AFPN
networks for detecting various types of defects

4.5 BRA t=R%tLE 5

AR HfE BRA BEHUINAE YOLOV7-tiny 45 3
T YT B AR R LR A AR RO BT, ST LA
T3FE O EAT S8, Horh, Stage3. Staged Al
Stage5 sl #m RAE TS = S0, 55 1 MRFE

RPURIIA BRA B, SLge 4Rk 3 fo, Hr
IR R iR A

%3 BRAEZHLZR

Table 3 Experimental results of BRA position

Location mAP/% Params/M FPS
Baseline 68.7 6.02 108.69
Stage3 69.0 6.09 79.37
Stage4 69.9 6.20 104.17
Stage5 69.3 7.08 111.11

ML 3 ATHL, X =AEPRERG % &, 4 BRA
Y AbF Stage3 B K B9 S B /D, (H B D
29.32 i, mAP{H{EFE /D 4T Staged Bf mAP {H
H69.9%, AHHF IEAAIIRT; 1.2% NI, 7E4
Y4 /b Params BUIEOL T, PRFF FPS JEARNAS ;. B
Stage5 (1446 2 B2 TE O, (ELAS UDKG BE A S 4 AN
U Staged. £ B3, ¥ BRA BEHINTE T R4 45
DUANRFAE B2 U J5 T O e

[F) i, A B0k BRA BE B i 0B, 78 NEU-
DET #i & filla] — L5 45 7, ¥ BRA 5 SE &
Ji. AEFRIER T (coordinate attention, CA) Al =H &
77 (triplet attention, TA) #EATXT LY, SLHA5 R ANE 4 fr
N, HA IR A e A

JNFE 4 RSB SE R AT A, W =AM RGE A IE,
SE i) mAP {Hik %] 69.3%, LT FARIEET 0.6%,
{HLIARE B 2 8m f T s A . TA Fil CA B
WA SHER D, B TA ML TR mAP {2
PETF 0.2%, KOMPEREAIS AL, CA AH L T IERRIRE
i 0.4%. 2 BRA #ik, mAP K 69.9%, ikF|HAL
B, RTS8 i a . R §EE BRA
ST WBURFEERAE, 700D AR T3 Y[R
T AR EE S R T (5 R, AT E A I 7

%4 BRAxfILZER

Table 4 BRA comparison experiments

Model mAP/% Params/M FLOPs/G
Baseline 68.7 6.02 13.1
SE 69.3 11.57 30.8
TA 68.9 6.02 13.2
CA 68.3 6.03 13.5
BRA (Ours) 69.9 6.20 13.2

4.6 JHELSEIE
RSO PT84k, £ NEU-DET %X
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Table 5 Results of ablation experiment

1 B2 AN IR B SR SR TR AR, il 7.4%
8.4% F17.2%

4.7 LR HHT

BN A SRS, 78 NEU-DET a4
FIAHE 5286 414 F , 5 Faster R-CNN, SSD. FCOS.
RetinaNet Fl YOLO #8158 DL & SCHik [13], [22] Fi
23] AN LR B, 2553 6 FR, Hp iR
HARAE

M 6] 1, Faster R-CNN & % () mAP Ky
65.7% 5 SSD M L2 55 4.7%, (5 %0 FAS I 3 i
#B AU SSD. YOLOV3 7£ SSD (1 L fith I mAP 42 &
6%, HSHEK . BNEERE, FRFEARFHE.
YOLOV4 ] mAP fz X A 51%, K I 2 5 i 2%
YOLOV5s &1 mAP Jy 70.1% . S35 H 7.07 M.,
FPS 24 102 i, BHEALF AT =AML, (A A
IR SRR A B4 . YOLOX-s 5% mAP
F£ YOLOvVSs 5k i S hitlh B i 42 71, {3 FPS F [%
56 i, YOLOv7 % ¥ 5 Faster R-CNN., YOLOv3 Fl
YOLOv4 fEAE R RERY )i, iR & 2ok, HA
FI TSR . YOLOV7-tiny 225 (0 SRR A%,
S R A bR, H mAP {EACAIG, K DUORS BE 25
FCOS F1 RetinaNet fi*) 6 UK B 152 B PR3 A H S50
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Table 6 Comparison of the experimental results

M1 M2 M3  mAP/%  Params/M PI% RI%
68.7 6.02 614 727
\ 71.9 6.56 63.8 70.2
\ 725 6.56 65.3 73.5
v v v 72.9 6.83 69.9 70.5
1 96.5
88 ayoLOv7-tiny 2924 &
2Qurs
80
70 68.269.6
® 60
2 50
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0

35 BN
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<« O > TR @

& Q %Q & %0
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P W S

B8 it F kA gt F Tk

Fig. 8 Comparison of detection results of the improved algorithm

Model mAP/% Params/M FPS
Faster R-CNN 65.7 72.0 17.8
SSD 61.0 24.4 41.0
YOLOv3 67.0 61.5 315
YOLOv4 51.0 52.5 45.0
YOLOV5s 70.1 7.07 102.0
YOLOX-s 71.8 8.0 46.0
YOLOv7 70.0 37.2 36.1
YOLOV7-tiny 68.7 6.02 108.1
FCOS 68.8 43.2 12.0
RetinaNet 69.5 18.3 15.1
PC-YOLOV7™ 71.2 5.97 61.0
k2] 73.0 9.54 —
k23] 741 23.9 75
GBS-YOLOVTt 72.9 6.83 104.1
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Fig. 9 Comparison of detection effect between the proposed algorithm and other algorithms
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Improvement of GBS-YOLOv7t for steel surface
defect detection

Liang Liming, Long Pengwei’, Lu Baohe, Li Renjie
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Network structure of GBS-YOLOv7t

Overview: Aiming at the problem that most of the existing methods are unable to equalize the detection accuracy and
the speed because of the predominance of small targets in the defective region of the steel surface, this paper proposes a
steel surface defect detection algorithm based on YOLOv7-tiny (GBS-YOLOvV7t). The method, firstly, takes into account
that the feature fusion network of the original YOLOv7-tiny model adopts the traditional path aggregation network
(PANet), which is designed with a bottom-up structure, but the bottom-up structure will have the problem of limiting
the information flow. To address this problem, this paper compresses the model complexity and further preserves the
semantic information of small targets by introducing the asymptotic feature pyramid (AFPN), and on its basis, by
introducing the ghost shuffle mixing convolution (GSConv) and cross-layer connectivity. Based on the above
improvements, the Ghost Asymptotic Cross-layer Fusion Network (GAC-FPN) is designed and replaces the original
YOLOvV7-tiny path aggregation network. The GAC-FPN network adopts an asymptotic and cross-layer approach to fully
fuse the semantic information of the target features, which effectively improves the problem of restricting the flow of
information in the top-down structure in the traditional feature pyramid. Secondly, to increase the model's accuracy in
detecting the small targets. To improve the detection accuracy of the model for small targets, a Bi-Level Routing
Attention module is embedded in the backbone network, and the optimal location of the module in the backbone
network is verified through experiments, and the results show that the module makes the model possess the ability of
dynamic querying and sparsity perception while taking into account the number of network parameters and the
computational complexity, which effectively improves the detection accuracy of the model for small targets; thirdly, a
SIoU loss function is introduced to replace the CIoU loss function of the original network, effectively improving the
model training and reasoning ability, which improves the model training and inference ability, and enhances the
network robustness. Finally, experimental validation is carried out on the publicly available Northeastern University
Steel Surface Defect Dataset (NEU-DET), and the experimental results show that the mAP and accuracy of the GBS-
YOLOvV7t algorithm reach 72.9% and 69.9%, respectively, which are improved by 4.2% and 8.5%, respectively,
compared with the original model of YOLOv7-tiny; the FPS reaches 104.1 frames, which is strong real-time
performance. Compared with other classical detection models and current mainstream algorithms, the GBS-YOLOv7t
algorithm has better performance and is more effective in detecting small targets on the surface area of steel, and the
experiments show that the improved algorithm better balances lightweight, detection accuracy and speed.

Liang L M, Long P W, Lu B H, et al. Improvement of GBS-YOLOV7t for steel surface defect detection[J]. Opto-Electron
Eng, 2024, 51(5): 240044; DOI: 10.12086/0ee.2024.240044
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