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ICR-DETR: A lossless detection model for the industrial sector

CHEN Jun', XIE Bangtian’, MEI Yuging'» FAN Jun’, ZHANG Yanbo’, CHEN Peng”

(1. China Yangtze Power Co., Ltd, Yichang 443004, China;
2. WEITE TECHNOLOGIES CO., LTD, Yichang 443005, China)

Abstract: Accurate and efficient detection of steel surface defects is very important for industrial quality
control. Although the RT-DETR model provides a good balance between speed and accuracy, its fixed
feature extraction method and detection accuracy are still limited when dealing with complex and fine-
grained defects. To this end, this paper proposes an improved detection algorithm based on RT-DETR-
ICR-DETR. Firstly, UniRepLKNet is used as the backbone network to significantly improve the model 's
perception of metal surface features. Secondly, the LWN-CS module is introduced into the neck network,
which combines the learnable wavelet transform and channel shuffle mechanism to effectively enhance the
high-frequency detail modeling and feature fusion capabilities. Finally, the Shape-WIoU loss function is
designed, and the non-monotonic sample weighting mechanism of WIoU is fused with Shape-lIoU to

comprehensively model the shape feature and scale correlation of the bounding box, so as to improve the

%5 B #A:2026-03-03; 1817 H #7: 2026-04-13.
BESWUR : 1 A TLH ) B A7 BR2 7] 98 B2 H (No.Z222302037)

Supported by Project of China Yangtze Power Co., Ltd. (N0.Z2222302037)
38 716 & A, E-mail: zhb0213@126.com



2 A BTN

positioning accuracy and robustness. The experiment is carried out on the open steel surface defect data set
NEU-DET. The results show that ICR-DETR achieves 77.92 %, 75.71 % and 78.42 % in accuracy,

recall and mAP, respectively, which is superior to the existing mainstream detection algorithms. In

addition, in order to verify the generalization ability of the model, the self-built sliding contact line
shedding data set ICRFD and heavy truck crack data set FDMPI were tested to verify its practicability and

robustness in complex industrial environments. The experimental results show that the proposed ICR-

DETR can effectively support high-precision defect detection tasks in complex industrial scenarios.
Key words: defect detection; RT-DETR; sliding contact line; shape-loU; NEU-DET
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vy 30 it (9 7 2 ) LIRS T 72,33 % 1 mAP, {H
FOM B 22 (72.35%) AL H 11 2% (69. 12% ) R
FOF L i B B ik 108GFLOPs, H &% & %% i A
RT-DETR-r18 8 44 Z % & % & 20. I0MB i1 5%
i % 2 57GFLOPs, {H mAP # — 4 T i =
71.79% , 4 [0 FAL K 67. 70 % , 78 46 I R 44 Ty

TS TR R 2

5530 e, HJR AR YR YOLOvSn i it 5
L, BBARME {3, 6MB,mAP K 77.6, 543
mAP AL, KT 0.82% . 53wk ™ HM kL, H 54
R AR BORL (R4 NEU-DET 5 Bz
528, HemAP AL R 72. 9% , 1 WA 7E 12 1k 24 i 251
Hh, RS RORS BE AR THME E ER

M Z T, A SCHE A ICR-DETR #5  7E
NEU-DET & W 4 55t & % & T RT-DETR &
Y, ZKEERIE T 78.42% M mAP, ML T L4k
RT-DETR(72.33%) Kig & F 17 6.09 4~ A 43
Foo B, ICR-DETR 32 8 T 5 & 09 K5 i %R
(77.92%) F1 4 18] 3R (75.71%) , 43 ) 8 H RT-
DETR 5.57 F1 6. 59 1~ A 43 &, A R o 1 J A5
AUTE A 1] 58 0 A I 6 258 95 o T (%) )t A
ICR-DETR 1y Z % & & 81.5MB. it 5 &t K
185GFLOPs, /& T RT-DETR, {5 H: 76 # I A J&
R E R TR T A T AR SCHT BT R B
ROV S R W R Tl 3 T AR T R 25 R R
BAE B ER
4.4.2 HakEk

R T B R — 0 BB A R AR DG A E
RO UEAT I A8 . Nk 2 iR o SE 5 il 48 — i
F LW R IT, 430 8 51 A UniRepLKNet /£ 24
F TP Z5 R FERAIE RS B B ] A LWN-CS £
Yo, DL R AEB G R B2 1 51 A Shape-WIoU $ii 7% o
S 3 o AL TS I [ AR B, i 2 A AR A
(bric WA ZEF) I REE2T G AR SR B
B KRR (BRid M “ICR-DETR”) , LA & G /3 Hr
2% AR B G T PR RE T R UR K is AT SR Y
Al

A, B A Bl 5] A UniRepLKNet # &
190 2% 5 4 Sy L 2 KRR SZ B A RS B2 ) UniRe-
pLK 45 ¥ . % o #F 35 in 1. SMB (% 2 % & Al
24GFLOPs 58 & , fff mAP K47t 3. 14 4
H AR B 75,47 %, R K G U B T W 4 XF
4 Je8 2 T R B A R AE 4R IBCE AT S a5 . B
BAX 51 A LWN-CS #5 He 25 3 i 1 5 )ROBEE 9 1
TOCHBLRE ) . RE SR 12. 6MB, 15
# 7t 59GFLOPs, mAP 318 4. 56 > 43 &5
da it 19 25, IR F 76. 89 %, R IE T %A B AE 2 R
A R I R oG B AE A . BT RL C Bk R
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Shape-WIoU $it 2k bR FULE /N 2 A5 50 750 25 449 11 iy 12
A A B AL S IR ER A 11 B AE [ )
Ak, mAP 2 7+ 0.79 4~ @ 4 A, A F
73,120, Bk T AR AR T AR 2R H AR e ARG
JE 7 T AT B

E— 25, P A AR 1 B A5 8 T A R B T
B 3% . BR D 7 FELR LR [ mAP T 4. 884
Ao BB 77.21% A 2 150GFLOPs,
BLRLE 3 2. 6MB 2 % i Ml 27GFLOPs 11 5%
i, mAPEETH 5. 734 H 43 8 E 78,06 %0, R L
Shape-WIoU 5 3 5 T P 2% 1 % B2 il 5 A0 3, X
th J2 B A B R mAP fi R4 A o R R
FmAP ik 3] 77.43% , B F 4 52 7+ 5. 10 41> A &
AT R B B R, 2R BB R d R 5 LA R
[ U1 A 6 A O Ak X 1 i 4R T LA I 3 BTk

B2 SER BRI ICR-DE TR (8 i A =44
P 1E S50 K 81. 5 MB 4 & 2 185GFLOPs
B2, B 78.42% 19 mAP, & 3 4k 1
6. 09N H 4 . [HAREREMNZ, AR F 5] ICR-
DETR, il if 5] A UniRepLKNet # 10 J5ii & 1+ ™
2 MR 0. 994 H 4r M mAP 25 [F] B S 4
1 hn 2. 3MB, %4 & 1 i 10GFLOPs, & 75
UniRepLKNet £ i £ 245 A1 v A7 H A7 ] UL 114 341
PRAL 5

g b Ik, = Ik A ARG I 1 BB EL A IE 1]
o7 Ek , HoH A B E () UniRepLLKNet &5 Shape-
WIoU 4 A5 ok S KM BB 1 25 , 17 — 3 P [ 440
1) ICR-DETR 7£ £ & P 8 1 ik 8 1 & {1 o
3 4 i gk A [ A4 B T ICR-DETR 25 2% Toll 46 il
fil 1 B %0 Sl

K2 HEXBAR

Tab.2 Resultsofablationexperiment

f5E 8 - Sk Z/ ﬁ%ﬁ/ P% RY%  mAPY%
UniRepLLKNet  LWN-CS  Shape-WIoU MB GFLOPs

base 66. 10 108. 00 72.35  69.12  72.33

A NG 67.6 132 73.18  69.95  75.47

B N 78.7 167 75.52  74.36  76.89

C N 66. 1 108 74.35  69.12  73.12

D NG NG 73.5 150 75.64  72.08  77.21

E NG NG 68.7 135 73.89  70.43  78.06

F NG NG 79. 2 175 76.87  75.12  77.43
ICR-DETR NG NG NG 81.5 185 77.92  75.71  78.42

4.4.3 REH KD H I E R FE YA .

Shy 565 GIE AR SC T SR FH 45 R eR A A A Rt
IEHR ZE X 4 T A1 UL e B 4G I 44 g 1) LA sk
ARUNAT BT T I RS . S5 [ SR ] UniRe-
pLKNet 1 4 B T % 4% I 5 4 1 4 0 28 4, 1 &
G0 M 1 R A 43 25 5 T A A S5 b A A R R A 1
FRATIEBCT H b K60 45 35k oh B A AR 3R PR A
PREICHEAT X L

FIF A % Fe AR B #4578 NEU-DET #4646 |, fifi
88— 1)1 2k 06w R Ak 2 B S B0 AT s B
Ui Y 25 o H T A S B AN ok AR 450 R oR BRI O 3E
B AN B AT AT T AT 2% 2 2 8 ek ek AR ) 4%
Sh kg, R T A R S 80 TR R o
A — 3, TPAL R bR AR FE LA SRR T kS

WL 3 PR AEAR BUE BRI SRR AT 52 T, 45
P RE I B X R A PR BE A DR E R I . AR 3
& 119 Shape-WloU HUAS T i 45 R o %2k pRi
O K M &5 T 5 0K BE AN OK mAP Yo &
78.42% [ B FE A BE A A 0] bt ST T 4 T4
Joo LR FEATUEN] T A SCH R sRBGE B R 1
S 2SI Tl eI 1 G R 2 —
4.4.4 EHESH

by Bk — A B BIr 4 H ICR-DE TR #5584 7 512
B W 37 55 AT 0T S i AR Sk O T
BRI RT-DETR i i B8 ICR-DETR,, 75 AH [A]
MR A5 0 T 64T T TR AR X L S 55, 43 501 in 2%
& H I ZRA5 3 1) S U AR BE AL, % B s 47 4600
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Tab.3 Comparative experimental results of different loss functions

1K R SR A P% R% mAP %
InnerloU 81.5 185 73.56 70.87 74.12
FocalerloU 81.5 185 76.89 72.34 77.23
MPDIoU 81.5 185 73.98 71.23 74.56
Inner-MPDIoU 81.5 185 75.12 72.67 75.67
Focaler-MPDIoU 81.5 185 75.45 73.12 76.01
Inner-ShapelOU 81.5 185 74.67 72.89 75. 34
Shape-WIoU 81.5 185 77.92 75.71 78.42
5L R TR M 5 RGNS, CHAEZ H b X i)

S 2E RN E 10 fr s . ICR-DETR £ A1)
T A BB B s T RT-DETR, A I 371 5 58 i
WA EE S, FEERT RS T ,RT-DE-

Accuracy False

(a)

(b)

I B RS E PR 2% . 1 ICR-DETR W 2B T i
o B 4, BE % o B R ES R i T A H
B, HILF A H B 15 0 o

complex

Miss

B 10 NEU-DET @EMa#rd S (a) RT-DETR, (b) ICR-DETR,
Fig. 10 Qualitative analysis result of NEU-DET (a) RT-DETR and (b) ICR-DETR

4.4.5 EALEH

Sy 58I T B O AR R WL Tk R T iz Ak
fiE 7, FATIAE B A ok 2 it 7 12 AL B s 4 ICRFD
DL K HE R B 1) 1 M U 4R FDMPT BT i 5 4%
PEPPAL , SCBZ5 BN R R PTR o

S 2E R W] AR SCHR Y O R AE MR BE
FAR TS HT 0 H AR £S . #E ICRFD %4
BTk R ¥ E (mAP) A 3] T
98.43% , #H B F £ B8 R ML 19 YOLOv9c i 7!
(94.86% )T+ T 3.57% ,#1# F RT-DETR-r18
R (94. 72V T T 3.71% . IR,

ICR-DETR [a] i} 52 Bl T 97.64% (4 45 i %
94.21% M A 1, 43 51l YOLOv9ce & i 6. 81
H8. 3406, 7843 Uk W 5 ¥ A B A 00T MR
e % 08 45 = B E R R I AE T OF 98 AR T

ICR-DETR 7 FDMPI 48 % b AR i 1
LY G R ) . R T A BIE RS 2
FDMPI J5 ¥ 68 35 A K [ #2 B (9~ B, {0 ICR-
DETRA{5LL87.61% B9 mAP Y faJ& 50 , 4o T
WAL A RT-DETR-r18(86.15%)1.46% .,
R DR BRI A2, TR 43 A 22 5l ok PR R ICR-DE-
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Tab.4 Results of generalization experiment

ok S R ICRFD FDMPI
P% R% mAP Y% P% R% mAP %
YOLOv5m 21.20 48.93 89.37 87.68 92.16 85. 66 79.42 85.73
YOLOv8m 25.92 78.97 87.59 84.32 91.64 84.75 78.32 83.8
YOLOv9c 25.30 102. 10 90. 83 85.87 94. 86 86.45 80.16 85.24
RT-DETR 66. 10 108. 00 89.53 86.32 93.23 85.94 79. 54 84.6
RT-DETR-r18 20. 10 57.00 91.57 85.24 94.72 87.12 81.35 86. 15
ICR-DETR 81.50 185. 00 97.64 94.21 98.43 88.25 86. 96 87.61
TRARSF T B 19 74 [0 R (86.9620) , W #F L T AR FE
YOLOv5m (79.42%) F1 YOLOv8m (78.32%) , 4.4.6 ZACE I M

LR A RGRE] 7. 54 F1 8. 64 %, X —&5 A S M
WEHT T A SO ik R LA IR B 4 i 22

BT HA PRV A AR N, DT AE R 37 5
AR T RS

A EER R, R YOLOVIcHIRT-DETR-
r18 1E S HU B AR (4351 24 25. 30M AT 20. 10M) Y
75 00T B T #3959 19 mAP {H & 19 A [H]
RAIEZ b ¥ R MR E (FDMPI E X F
82%0) , R EATX A B A i BB AT A5 K e
ML Z T A BRI R I8 &, ik 3
185. 00GFLOPs , {H HAr >k iy 1 e 1 £ 1 i+ 5
A3 flan, 535 & 108. 00GFLOPs
B RT-DETR ## A b, ICR-DETR 7 3155 i 4
m71.3% M AE L F L, # E ICRFD L4 3k T
5.20% M) mAP 4 #5 , 7 FDMPI /4% T fe K
I P BE S S P B . 3 A A AR B AR SO s Y
UniRepLLKNet ,LWN-CS 1 S-MIoU % B 7
FHRFAE & 0 M 5 LA SN BE ) 5 1 Y 3 Ak
P FA A8 T 8 Ay o S 0 P SR A e e R

(a)

(b)

¥ UE A3 ICR-DETR &R 1Z fk 375 F
A RO 5 R AR SCHE A R I 4 b %o 356 o
B RT-DETR 5 s A ICR-DETR #47 1
AL X LG S5, 3 S 845 18 I 2k T A d DAL
AT

G5 11 BT R < AE B H BR A DU P, ICR-
DETR 9 T B 15 B 08 e, i1 S AE I 45 °F SR %
TE 25 56 P AKX L B & F R, RT-DE-
TR 5 8w K 5 3R K, M ICR-DETR 1/ 88 £
FE MERR RN BT B b, 0 TR A B Rk
WA EZ Bon 2 RE R E AT 5% T, ICR-
DETR 3 2 {3 R v 6 MOKG JE , 100 W] L el ik 45 44 78
FRAERIN G A5 1R Sy R
M Z F,RT-DETR 78 i1 4 #8158 H b
2 45 DX I I G U 1 e P 2 B

K12 Jom 1 B AL TE BB a2 B iz fb R
B T XA S oG RS B 5 a0 2 R Bk
%, RT-DETR H 30 T B 1 A9 Bl /I R B T A6 2 15
SRl 2 O HE LB A T ICR-DETR AR 1

R Pt

Bl 11 ICRFD &4 #4525k (a) ICR-DETR, (b) RT-DETR,
Fig. 11  Qualitative analysis result of ICRFD (a) ICR-DETR and RT-DETR
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(@)

(b)

B2 R g e M B 45 R (2) ICR-DETR, (b) RT-DETR.
Fig. 12 Qualitative analysis result of FDMPI (a) ICR-DETR and RT-DETR
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G000 XoF K ) S PR R o
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G0 A B AEG, 158 K T G 258 g A (], 42 1 T — b
# T RT-DETR gk # 19 H #r il 55 75 ICR-DE-
TR, B 4,5 A UniRepLKNet 1E Jy & T ™ 4 ,
I H R A7 97 5 22 ROBERRAE Rl & BB 0, A7 3008
ST XV Al 2 20 kRN 45 R R A A R L, 7
FUR W 265 v 4 B LW N-CS A 3 1 ] 2 3 /8N

Z % X #:

N

AR 45 5 38 TE TR VR L, 48 T TR AE RO 5
F A5 S R R Al Y AL RE ) e L kT
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P, D48 T30 5 A RS B 5 ek
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