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Small target defect detection algorithm for steel cables based on
multi-scale feature fusion

Yang Changchang Zhang Duzhen Wang Sihao
(School of Computer Science and Technology. Jiangsu Normal University, Xuzhou 221116, China)

Abstract: In the task of small target defect detection on steel cables, there are common problems such as low detection
accuracy, high missed detection rate and frequent false detection, which are particularly obvious in the detection
scenario with more small sizes. The main reasons for such problems include: insufficient feature extraction capability of
traditional detection algorithms, lack of effective multi-scale information fusion mechanism, and insensitivity of
existing loss functions to small targets. To address the above problems, a steel cable defect detection method based on
improved RT-DETR is proposed. The BasicStar feature extraction module was designed in the backbone network to
improve the semantic representation ability of the model in high-dimensional space; at the same time, a new multi-scale
feature fusion strategy small object pyramid network (SOPN) is designed to strengthen the attention and expression
ability of small targets; in terms of loss function, a focal enhancement Focaler-SloU loss function is proposed to
improve the positioning accuracy of small targets and the stability of training convergence. Experimental results on the
steel cable defect dataset show that the improved model improves the average detection accuracy mAP50 by 2.1%
compared with the original RT-DETR. The comprehensive performance is better than the existing mainstream target
detection algorithms, which verifies the effectiveness and practicality of the proposed method for small target defect
detection tasks in industrial scenarios.
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Fig. 1 Improved model structure diagram
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T E 84. 590 TEARFEAE E RS2 T T I I3 S ek R
JE AR T A A WA AR IESL 5. Y BasicStar 5
SOPN Bk & 1 F BF, mAP50 12 7+ & 84. 8% ; BasicStar 5
Focaler-SloU 4 4 I, mAP50 ik 5| 84. 9%, & W & M i
5 SOPN 5 Focaler-SloU 2 & B}, mAP50 #2& F}
% 85.1%,

I JE S ARTORE 3 FpE Y vk A E a A, B AL 25 A 1
REREI THe . P A 90. 0%, R H 82.9% . mAP50 £ F+ =
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Table 1 Ablation experiment
Baseline BasicStar SOPN Focaler SIoU P/% R/ % mAP50/ % Params/M FPS/bs=1
NG 85. 9 79.7 83.5 19.9 71.2
N N 87.8 79. 9 83.9 20. 1 62. 6
J J 88.9 79.8 84.3 20. 5 53.0
J J 88. 2 82.2 84.5 19.9 60. 1
NG NG N 88.5 82.2 84.8 20. 7 58. 1
NG NG NG 89. 3 81.3 84. 9 20. 1 62. 4
N N N 86. 7 81.3 85.1 20.5 65.5
NG N N NG 90. 0 82.9 85. 6 20. 7 56. 9

85. 6% . M4 T )i ik RT-DETR 540 S48 7F T 4. 1%,
3.2%.2.1%., RESHEBEWIEE 2007 M,FPS T E
56. 9, (ELAGIURS BE A AP SE B T BT 10 T
P& R T A A AR IR O
3.5 bk

Shy ik — 25 o3 AT AR S AR Y A R A e B R U AE 55 v
BPE BE, B A SCRF B ARG O R A0 48 B e R I B R 5
DINO™ | Faster RCNN, TOOD™ . DDQ"™" , YOLOv8 F
T E BRAG I A R AT T PR AN AT b BT A AR R il AR T
AR S E AT N 25, O R — B0 I 25 2 80/ J5 2, LA i
PRXTHE 25 R A R R S, AR SCHEE T mAP50,
mAP50: 95, Params #1 GFLOPs {5 1E Jy £ ZIE M 545, LA
ATV A BR Y P RE . SCR LSRR 2 PR, EIE IS S
B AT R T S AR S HE B SRR E mAPS0
A mAP50:95 $8 45 Lm0 T HAB BRI S IL . RESIE X
R TE LR A R BE 09 [ B 49 G S B A 6 B AR EE oK,
AN T ARSI BR Tl B P W E K . il A ik 2 5T IR
B A SO AR R AE SN A B A A AT S5 P R AL T R
ZRAPERE R WY A Rl A S

xR2 s

Table 2 Comparative experiment

mAP50/ mAP50:95/ Params/

H A y Y GFLOPs
DINO 81.0 34. 6 47.5 179
Faster RCNN  77.5 30.7 41.4 134
TOOD 75.3 30.0 32.0 123
DDQ 80.9 33.2 48.3 179
YOLOvS 79.7 32.8 3.0 8.1
YOLOv11 75.8 30. 9 2.6 6.3
CHk[25] 84.7 — 8.3 10. 9
SCHk[26] 78.2 — 2.74 8.0
RT-DETR 83.5 38.2 19.9 56. 9
AR 85. 6 39.2 20.7 66. 4

e 152 -

3.6 AE4FMERLS KBRS L L8

h T 32 B E SOPN 4R AE il A 5 W 1 20tk A e
Bt T 5t H S8 8 SOPN 5 HoAth JL AR 7 UL A9 FR 1 Fil 5 3R
W& (4 BIFPN™" | GOLD-YOLO™ , HSFPN™" #l MAFPN"")
HEAT THEREXT HL . SEBR A5 SRR W, AR SCHE ) SOPN F5-4iE
Al & A B mAPS0 4845 LB #) 84. 3%, Al T
BIFPN, GOLD-YOLO, HSFPN #l MAFPN #y 83.3%.
83.8%0.84.2%.83. 6% SFHRFAE AL & KM, LA KA,
SOPN R fil 645 Yo 78 45 T4 b5 - 3 e 30 I e 25 G
PEBE L TE B T 7 4 48 e B A AT 55 00 A s A
P, BARZERME 3 Fion, N T EH R AR SOBE A (Y
FEAE Gl SR M A A T LA R AE Bl SR Y e L B 6 T
AL 7R T 2% AR AE Rl G 58 W A 25030 2 1 v A D 2 2L
B 6 A 1473 R MY 2 55 A R AE Bl A SR w7 7 24/ B AR
DR HIRIL. B 2 17 o M0 & AR A il O o 7E b 5%
INEFRTEB TR, 5 31782 A R R L& &
BMEME O T & NI AR RN, 257 RV,
SOPN 7e/N B AR5 2 (15 00, MERG 3R 24 T HoAth 19 R 1E
Fil

*3 AEFERS KRB LW
Table 3 Comparative experiment of different feature

fusion strategies

FRAIE Rl 5 W P/% R/ % mAP50/ %
BIFPN 88. 3 76. 4 83.3
GOLDYOLO 89. 6 78.5 83.8
HSFPN 88.9 81.1 84.2
MAFPN 89. 3 77.2 83.6
SOPN 88.9 79. 8 84.3

3.7 AEEKEHI LK

b T B E AR SC e iE 19 Focaler-SloU # 2% BRI 1 A %%
PELCBUBERE T LR R WL L% bR B0 AT X LL SE 5 A A
SloU, Focaler-ToU, Wise_ MPDIoU""** | Focaler-CloU"™ |
Focaler-DIoUM" fil Focaler-GloU™", SzI& 45 B E B, A 3¢
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(a) Image (b) BIFPN (c) GOLDYOLO (d) HSFPN (¢) MAFPN (f) SOPN

P 6 AN [ 457 AT Rl 546 ek 7 00l 4R b o A 00 45 2R A L

Fig. 6 Comparison of detection results of different feature fusion strategies on the dataset

P& Y Focaler-SloU i 2k R $5 7€ mAP50 4§ br I & # &% F 4 AEHMEFHILLEH

R8T 84.5% Mt T HoAth 3 2k eR B A9 FE BN, i i X Table 4 Comparative experiments on different loss functions
HSE 56 L B IE T Focaler-SloU 451 2 bR 857E 84 45 ik 573 6 ) 4T: %
A R AR B IE ] T AR 2 Tk s i 4 R P R mAP50
SCHME . HARGERINE 4 iR, AT MR MR SC SloU 87.1 81. 9 83. 9
TR T 0 ) 458 2K PR 3R AR Gl 4 2k R 4, TR 7 RS Focaler 87.5 81.0 84. 2
AL 7R T AS [R5 2% RBICTE B0 4R 1w A Rl 25 51, & Wise MPDIoU 87.1 81.9 83.9
AR 1 AT RIS 2 47 R 1RO TRl 38 2% R BT T XS AN ] /) Focaler CloU 38. 8 80. 7 83.0
HARET AR 2 . 55 3 47 328 102 AN A1 458 2k vRi B307E T %) Focaler DIoU 87. 6 80. 0 82.9
NBEFRBZAE ST B RIS B, A5 R R, AR ST Bk Focaler GIoU 87.6 30. 4 83.8
i Focaler_SIoU A f¢ 7 J A 175 10 HL 1 A 32 24 iy T H At 46 Focaler SIoU 88. 2 82. 92 84.5

|

®) SIoU (g) Focaler (h) Focaler_SloU
&7 ORIl 2% R BT 0 2 B 0 R I 5 2R ) L

Fig. 7 Comparison of detection results of different loss functions on the dataset

(a) Image (b) Wise MPDIoU (c¢) Focaler CIoU (d) Focaler DIoU  (e) Focaler_GloU
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3.8 HEFHSEHEEST

Sy ik — 2 B TR AR SO AR A Y 72 AL RE T L E— L
1 800 K &% 1) Cable Damage Computer Vision Project 4§
P AT T R, BURAE TR T T 3 AR UL Y 4K 45 ik
B A R R B . TR S 3. 1 iR D
BERRE S DA R SR A — Bk, BRI g5 R
RN, R T RT-DETR B8 55 4 30 o it B0k 70 8 %
HAE#E mAP50 Fl mAP50.95 284545 F IR,

SCGAE R F W] AR SRR Bk AR A AR bR E R TR
If RT-DETR BB, ELASRF , gk J5 09 BB 7 8 1 ik
F T 86.5% . A% N 80. 8% .mAP50 Fl mAP50:95 435I
9 86.6% F 42.7%, H & T JR 4 RT-DETR #& %Y [
85.4%.81.0%.86. 2% Fll 41. 4%, X LL4E FAE W] T A 3
B B AR AN [R) 28 70 4 4 5 B A6 0 AT 55 b (9 R 4P 2 AL g
VAN U Z SRS GRS A NI Tl R Rl K N2 S
5 PR,

RS ZHSWRE

Table 5 Pansexuality analysis experiment %

e P R mAP50  mAP50:95
RT-DETR 85.4 81.0 86. 2 41. 4
AXHEYE 86.5 808 86. 6 42.7

WA o Shy i — 20 A S 2 7 3 52 T 3 5 o ) 8 e 1
FI A SO KB HEAT T3 2 WAL SE TR
Wl s (ME N 0, FRHE 22 10) BTRIIR 6 IR DL R 3 6 4
3y, AL G I AR Y Al 1 g i b 3 3 SRR P
FHAR IR AT B0 B o 45 3 f s o AR SORE R A 1 2 ]
8 b ARSI R BE T B R B W] 2 /N T U8R RT-DETR AR,
TEAROL BERIBIT (8 48 3l 2% 1F B A PR35 80 19 mAPS0, R B
WRAF LTRSS B R . BAORE o i
A IR RO L BB 4 3 19 mAPSO 23 Bl R

(a) FEGER

(a) Original image

(b) BREEIET LR A
(b) Defect detection result

72.8%.81. 1% L K& 84. 6% . ¥4 F RT-DETR 1Y 69. 6% .
77.2% VA M 82.3% ., 4ESBUWFE 6 Frn,

K6 FAEFMEHTHRMMEREIT L

Table 6 Comparison of detection performance under

different interference conditions %
RT-DETR A
:F‘ N ) E! ‘rﬁghb H.
% mAP50 mAP50 MR
JE IR AR 83.5 85.6 +2.1
o 30 Mg s 69. 6 72.8 +3.2
315t 77.2 81.1 +3.9
B sl 82.3 84.6 +2.3

3.9 HRWHL

T 3k A Ty o ARG 0 45 SR AT T AL, O UMb R R T
A R AR A T B R AT S5 R RO PR RE AL . B LB
A 35k M 2 R A [ R0 ) B A PR o 45 X089 S i R O
T T A B AR AD A A I AL S E I AS EE . B 8 JBAR T
JFf ResNet #57 H1 ot i#f (1 BasicStar 53t 78RR 1iF 56 i b
25, MW 8Ce) . (D XF AT A i W ZZ 3, JF 4 ResNet
F= T A e B X J5 6 T B A, T BasicStar B H 3 W30 T
o B DX 3R 1 56, 22 300 O v A R e A R R L, IR 9
/AT RT-DETR JFAFE A& 15 B0H# 1 SOPN FRIERE & 2
E R REZE R, 9(e) . () E Xl 1, RT-DETR
RS AE A 7 7R WS 0, I LT 22 M 56 7 T BB D Ah Y
A6 K 35, T e HE 5 09 SOPN RAF 2 0 A5 3808 o0 1 I
B 52 A 1 ELAE T i) G T B B DX, MR T AT A
TEHE IS il BE T .

25 iR L BasicStar 5 SOPN 5B 76 45 45 it [ 46 0 AT
25 Hp R B TEORS ofE L TR G A0 R A 58 T 5 e R P RE L KR
FETT T B e G S AR Y ofe o M A R

‘

A
(d) BasicStarfE# 7 B
(d) BasicStar feature heat map

",
(c) ResNethfE# 1B
(c) ResNet feature heat map

1 8 ResNet 55 BasicStar B4R AF i B 4 7 B %t e

Fig. 8 Comparison of ResNet and BasicStar module feature response heatmaps
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(a) JREA B
(a) Original image

(b) BRI R
(b) Defect detection result

9
Fig. 9

ASCHR T — P F B RT-DETR #5841 45 45 ik
Rea Ao 5k, B X AR 48 5 B AE /DN B bR A TR BE B B R A
77 28 . 5%, 7EBA 3 TR E B ik it BasicStar ¢
AIE 4R OB B, 48 T T B L A = 4 R AE 23 8] v Y e g e
O TR R IREOR . HR T T — B B SOPN REE
AlA A S SR T BRI /N B AR OCTERE LT T 2R
BERFERL A RO . IAh, A SCRlA Focaler-IoU #1 SloU
HIPL A 32 T Focaler-SIoU i 26 bR 45, o — 2 46 T 4%
RIZE/NEARRI R B, SER 4 SR R W, Bk e ) AR
TE SN S 0 B BOHE A b 0 R RS B A L U8R RT-DETR %
LT T 2. 1%, 3¢ B AR IOR B 0L F 2400 R0 0 B AR
e A8 G HGE L Tolk 5 5 b 3 K/ B AR Y 4K 2
BRI 55 . 38 A R AN Y X B S 50 RN Rl S 5, BIE T
AR SCHRE H R A5 T it 6T RS T 1 B Y B AR .
JE W) RT-DETR A8 75 4 45 it B3 4 U AE 55 R T 5
BPERE , BE R & T RIS B, SO R T Tk g A xE /N B
FrAGr il (9 55 5K B Tz B R T 5. SRR 1 AR 4k 22
A ASE TR 2% b VR, AR — 25 B TG 0 285 SR R I 1
Sy 50 2 ) 5 3 4L T o o 0ORR AT S B R IR T SR
S % 3Lk
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