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Defection Algorithm for Connector Surface Defects Based on
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Abstract: Existing connector defect detection methods have the shortages of, insufficient multi-scale defect feature ex-
traction capability and relatively high model complexity. To address this issue, a connector surface defect detection method
based on improved real-time detection Transformer (RT-DETR) is proposed. To reduce the number of algorithm parame-
ters, the FEBlock module is introduced in the backbone network. The HS-FPN network is used to replace the CCFM mod-
ule for muti-scale feature fusion, thereby enhancing the model’s ability to express subtle features. The original loss function
is replaced by the Inner-SloU loss function, which enhances detection accuracy for small targets while increasing the models
generalization capability. Experimental results on a self-built connector defect dataset show that the improved algorithm a-
chieves an average detection precision of 92. 4%, with the FPS of 84. The proposed method outperforms the baseline model
and mainstream YOLO series models in all performance metrics, achieving a balance between high precision and real-time
performance, thus meeting the requirements for industrial connector defect detection.
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# 4 KRF 10U X LE5R

ToU 231 P/% | R/% | mAP50/% | mAP50~95/%
GIoU 92.2 | 88.5 91.9 62. 3
CloU 92.1 | 88.1 91.6 62.2
DIoU 92.4 | 88.1 91.8 62. 8
SloU 92.7 | 88.0 91.9 62.9
WioU 92.5 | 88.7 92.0 62.5

Inner-SIoU 93.1 89.3 92.5 63.2

4.3 FREBEMEXE
Oy HE 20 VAl AR SOk AR R 7 3 1 A 22 RUBE
AT 5 A Pk B 7R AR A B SR KSR AR E R A
A B o B0 S 2 A O A S5 bR K A A
YOLOv5m, YOLOv5s, YOLOv8m, YOLO8s, YOLOv3-
tiny BEATXF L SC B, HARSCIREERANE 5 PR .
5 EWI A LR LR

Wik |P/%|R/% m?;% f;\;?; Pa/r;/[m“ GFLOPs| FPS
YOLOv5m |92.6]88.0] 92.1 | 63.8 | 25.1 | 64.0 | 88
YOLOvSs [92.5(85.5] 90.3 | 60.9 | 9.1 | 23.8 | 128
YOLOv8m |92.9[89.0] 92.3 | 65.4 | 25.9 | 78.7 | 79
YOLOv8s [91.8[86.7] 91.2 | 62.1 | 11.1 | 28.4 | 123
YOLOv3-tiny [89.9[79. 8| 85.8 | 54.6 | 12.1 | 18.9 | 147

RT-DETRr18]93.0(87.8] 91.7 | 62.7 | 19.9 | 57.2 | 82
FEHS DETR|[93.1[89.3] 92.5 | 63.2 | 10.5 | 37.6 | 84

SRR, A SCHE Y Bl R FEHS-DE-
TR, FEMGERE . A RERFF RS 3 F YOLO
FRYVERIE . Hodr, SEIR I B mAPS0 43 51 e 3 i
FAL YOLOvSm., YOLOv5s., YOLOv8m. YOLOvSs,
YOLOv3-tiny #& F 7 0.8%. 0.4%. 2.2%. 0.2%.
L300 6. 7%, 13 BH 7 A5 AL G 0 B O 1AL T B
FE U SE A A A AR Al T T, R R 2
e 10.5 M, WK T YOLOvSs, [t A b T 355
A . YOLOvSm Fl YOLOv8m, &%t & 4 BIKIE T
47.2% . 58.2% . 59.5% . H M # F FPS ik %] T 84,
BT EMERA, LR T YOLOvSs #l YOLOvSs, FHIA
SCE A AR 5 P B 1 () B LA S B e 1 A AR &
¥ 35 A E BRI A BRI Tk 5 T R .

4.4 AIRUERSW

Shy B LU 0 X b S0 IS B AR SR 4 B A
DR s A S S HEfERE A RT-DETR FI S 5 19 8
A FEHS-DETR 746 F @R ROCR FEAT 0 . &9
() 43504 3 SRR . Bk I R T A B G X
. B9 (b Ml (o) AAlERRERADE RT-DETR 1
YL FEHS-DETR I 25 5L 18 . i 3 5K Il 1 6

M 2R P w2t e LT FEHS-DETR X F 4 )&
AR 5 | A 2% ol 2 S R B T S /D st B = 0 A M
IO I EAE B TR RT-DETR. i 5 — 5k
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T
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BEMABEANTEFER B, &AL RT-DETR-r18 Jy # #
B, BT — R B 1 N B AR B B SR I 5 Ok
FEHS-DETR, Bk 5. & %6 A SCO B FE
_ Block gt Ji 3 F W 45 w1 9 BasicBlock, LA & I 5 74
2R, SRIG M HSFPN £ R RE il & B b, &
TR XS /N H AR (14 25 18] 52 07 R B RS SURRIE 2k
fE 1. mJ5, i Inner-SloU i 4k bR & # GIoU $ii
KRB Bz bRe . LR R, mit
B SRR R R, SF B8 K 28
SR B L, R A % A A O B B S A A AT
% oK

HREAETHRG R T, HAEESM. BAE T, &
B S 2 MR B A SR AT A — o 1Y
WA DT PR ARG ARG RS B . PRI L, ROk TR aks 5
AN G RR 4R, IR TR Bt . R TE
PR TR G B 1 TR B i — 2B e B Y, JF He R
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