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Abstract: To address issues such as low detection accuracy, high model complexity, and insufficient attention to defect
boundary information in the steering knuckle surface defect detection process, this paper proposes an improved RT-
DETR-based steering knuckle surface defect detection algorithm GSG-DETR. First, a multi-scale edge information
transfer module GLOFT is designed to improve the backbone network by enhancing the capture and transfer of edge
information, thus increasing the model’ s sensitivity to defect boundaries. Next, a selective edge information
aggregation module SBA is introduced into the neck network, constructing an adaptive fusion mechanism between low-
resolution boundary information and deep semantic features, optimizing the alignment strategy of multi-scale defect
boundary features. Finally, a GroupNorm-based structured pruning method is employed to eliminate redundant coupled
layers, reducing the model’s parameter count and computational complexity. Experimental results demonstrate that the
GSG-DETR algorithm achieves an mAP50 of 88. 2% in the steering knuckle crack detection task, a 2. 0% improvement
over the baseline model, with a 34. 3% reduction in parameters and a 32. 1% reduction in computational complexity,
while the FPS increases to 105.1 frames. Further validation on the NEU-DET dataset shows that the improved
algorithm yields a 4. 3% increase in mAP50 compared to the baseline model. In summary, GSG-DETR not only excels
in detection accuracy but also aligns better with practical applications.
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Table 2 Pruning experiment results corresponding to different acceleration ratios

Speed-up Precision/ % Recall/ % mAPO0. 5/ % Parameters/M FLOPs/G FPS(bs=28)
1.0 87.9 84.2 88.3 21.7 62.0 81.3
1. 25 87.2 84.5 88. 3 16. 2 49. 4 97.5
1.5 87.3 84.7 88.2 13.2 38.7 105. 1
1.75 86.7 81.2 86.9 10.9 32.8 110. 3
2.0 85.2 80. 8 85.2 9.0 27.6 113. 6
2.25 84. 8 79.1 84.4 7.9 23.3 115.5
2.5 83.2 78.5 82.7 6.7 20.1 121.6
R3 HEMXRBHER
Table 3 Ablation experiment results
21 5 GLOFT SBA  GroupNorm Precision/% Recall/% mAP0.5/% Params/M FLOPs/G FPS(bs=8)
A 86. 8 82.3 86. 2 20. 1 57.0 97.8
B N 87.1 83.8 86. 8 19.9 56.9 99.2
C N/ 87.4 84.1 87.2 20.5 59.5 86. 4
D v N 87.9 84.2 88.3 21.7 62.0 81.3
E N N 86. 8 83.5 86. 6 13.9 36.8 101. 9
F N N/ 87.0 83.9 87.1 15.6 40. 6 99. 6
G N J N 87.3 84.7 88.2 13.2 38.7 105.1

?H E Mg F 3@ 3 51 A GroupNorm 3§ £ 5 i, 25 &
YR E 13.9 MR 15.6 M, i B B4 0 B =
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T4 A, BRT GLOFT 34k (0 11 % 55 4E ol 31 5 vk 5
SBA {R BBy B 2 05 U6 5F A ROAME B B R 22, S8 R R
13.2 M, M b 41 A B9 20. 1 M 32> 34.3%; 355 & M
57. 0GFLOPs F&{% 2 38. TGFLOPs, J§ /> 32.1% ., [Amf,
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Table 4 Comparative experimental results

AR Precision/ % Recall/ % mAPO. 5/ % Params/M FLOPs/G FPS(bs=28)
Faster-RCNN 78.2 64.8 73.7 56. 3 218.2 78.3
YOLOv8m 85.9 77.6 84.1 25.8 78.9 92.4
YOLOv9Im 86. 3 78.2 84.5 20.0 76.5 98.7
YOLOv10m 85.5 78.7 84.3 16.5 63.4 101.5
i YOLOv8s 86.7 70. 5 83.4 11.8 27.2 107. 1
DEIM 85. 4 84.1 86. 6 32.3 93.7 111.2
RT-DETR-r18 86. 8 82.3 86. 2 20.1 57.0 97.8
RT-DETR-r34 85.6 84. 3 86.7 31.7 88.1 87.6
FHB-DETR 87.3 83.6 87.8 18.2 56. 3 96. 4
Ours 87.1 84.7 88.2 13.2 38.7 105.1
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Comparison chart of the detection performance and model complexity of each model

Fig. 6

3.7 AHKLSH

JEMEAE GSG-DETR 5% 5 YOLOv10 m & RT-
DETR-r18 7654 ) 7 i 24 S0 AT 55 s 1 25 57, AR
0N I R 3 B 4 A T 45 SR R AT AT Ak X LE  7E G B
B R . BERESRREXT RS R WTRT
YOLOv1O m M RT-DETR-r18, KM R &l 7 iR, 1E

B 7 58 1 AT BT W T 5 B 4 5t vl AR SR v A A B o A
A1 ] YOLOvV10 m JR B B & A K DUORS B4, 1 B 2B Bl B8
KEUERI R IIAE . ZE/ 7 55 2 4TI BB E b . GSG-
DETR R & FE 7 2 A T 8 80, 38 3 K ok 11 24 80
St S E B L, B IR SRS . A
B 755 3 AT R B SR h, BARE R b & 5 S0 L H A

e 237 -



549 4

T ICE ,GSG-DETR 15 g

v F o

A T A

b
defect 0.82

defect 082 ¥ j

defect 0.84

T # K

B .

B N
defect 0.86 %

defect 088 |
defect 0.89

defect 0.90 %

defect 0.90
defect 0.91

% T

(a) G B A

(a) Original image

defect 0.86

defect 0.87

defect 0.89
defect 0.86

Aafact 0.86

defect 0.88ect .88

geridefect 050/

" defect (iElyct 084
defedefect 0.82

> gerest 0,84 defect 025
LT -
“ff"f’x‘eu(fc’n'ii‘aﬁ‘“ defect 0.86
Scfect G.27
defect 0.86

——

(b) YOLOv10m

defect 0.91
defect 0.91
defect 0.93
defect 0.89
Asfact 0.91

Sefect 0.defect 0.92

defect 0.90/
ke defect 0.21

defect G.B<t 0.88

defect 0.68) 85

defect 0.89 ds'ec'i .63}

defect (defect 0:85:CC U.co
i Jef€CT V.07
Jeiect U.53
defect 0.90

defect 0.89

5

(c) RT-DETR-r18

defect 0.94

defect 0.93
defect 0.94

defect 0.90

Aafact 0.93

Jefect 0.defect 0.94

defect 0,92/

defect 0.39¢t 0-90
defegefeci A8

0.7 defect (1.20|

g
fe X .
aerdefeglyletect L

defect 0.92

(d) GSG-DETR

JE R A . YOLOvI0m RT-DETR-r18 Hl GSG-DETR # %4 Lt
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Table 5§ Generalization experiment results

L% Precision/% Recall/% mAP0.5/% Params/M FLOPs/G Cr/% In/% Pa/% Ps/% Rs/% Sc/%
RT-DETR—18 66.5 72.0 71.9 19.9 56.9 29.2 57.9 96. 0 94. 6 58.9 94. 7
Wty RT-DETR 69.1 73.8 72.9 10. 4 32.4 35.4 80.2 92.5 80. 2 57.7 91.5
Ours 74.7 76.5 76.2 13.0 38.6 37.2 67.1 88.0 98.2 79.7 87.0
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