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Metal surface defect detection algorithm based on
improved RT-DETR algorithm

LI Bing"?, WANG Yue', ZHANG Yimu', WEI Letao', XIE Zhuofan', YE Meng', ZHAI Yongjie'?
(1. Department of Automation, North ChinaElectricPower University, Baoding 071003, China; 2. Baoding Key Laboratory of Intelli-
gent Robot Perception and Control in Electric Power System, Baoding 071003, China)

Abstract: To address the challenges posed by small detection targets, significant scale variations, and complex back-
grounds in metal surface defect detection tasks, an improved model based on RT-DETR (real-time detection trans-
former) has been proposed. This model is referred to as HAS-DETR (high accuracy for small object-DETR). HAS-DE-
TR enhances the feature extraction capability for small targets by introducing a multiple differential convolution mod-
ule (MDConv) into the backbone network. A double multiscale feature fusion module is constructed to effectively cap-
ture global semantic information and detailed features, addressing the problem of scale variations. Additionally, a global
multiscale attention mechanism has been developed to replace the multihead attention mechanism in the AIFI (attention-
based intra-scale feature interaction) module. This modification has been shown to enhance the model’s robustness and
accuracy in complex backgrounds and multiscale target scenarios. On the metal surface defect dataset, HAS-DETR has
been demonstrated to achieve improvements of 6.5% in mAP50 and 4.5% in mAP50-95 compared to RT-DETR. On the
public ADPPP dataset, the model demonstrates a 2.0% enhancement in mAP50 and a 1.3% improvement in mAP50-95.
Experimental results demonstrate that HAS-DETR significantly enhances the detection accuracy for small objects in
complex backgrounds while maintaining high detection efficiency. These findings indicate that HAS-DETR has strong
potential for practical industrial applications.

Keywords: deep learning; metal surface defects; small target; RT-DETR; feature fusion; attention mechanism; differ-

ence convolution; object detection
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3x3, Rl — Conv 1x1

| IS DWConv

DWConv

333 R3 — Conv 1x1

3x3 Ry = Conv 1x1 ?-» Cony 1x1 -»(x)» | AdaptivePool | >

Multihead
self-attention

|
= AvgPool —>=—> Conv 1x] = ReLU - Conv Ix1 » Sigmoid

B 6 GMSA 4y
Fig. 6 Structure of GMSA

GMSA Z5#anE 6 i, #Em 2 RE LT
SCHY 2530 T8 T 14 SR ARG, 43 DA ZS ]
A B2 R E R, ARG R85
IOESZREI

Z R 30, i AFRIEE X e ROV 15k
W 1x1 A5 B L E B A, A5 2 R E ; B
B RRAE 23 0 g A 2 3 AT 5K RN R TR
A E S AERPHRRERE LT XERE. 34
FUBE 53 S a0 1 2 3 11 1 35 R 52 T B 5 0 4
JE, AT SRR, AR — A T 2 RIER
BEEEE . BlA 5 9 RRAE E L — A 1< B
AT HE— 2 Ab B, I 5 R R A R IE X 64T % T
KA, SCBURRAE B 08, 152 2 ] @l A 39 5 F
TEFE Xoo $0J5E, Xo i ad [ 3% N - 23t A0 2, Kl
AR B2 RO R B R 4 o 18 R/NRS B F,

IR RE = WALIN i KGE
X; = Conv,,;(DWConv},(Conv,,,(X))))

X, = (Conv (i; X,-)) ®X

F = AdaptivePool(X,)

AP X, RN R 0] 23 A% A B 28 ek R T
B R s R, RN TR B ATy B 25 B R 1 5k
x,i=1,2,3,R=(1,3,5).R,=(3,5, 7). R=(5, 7,
9); @ K/RBICR AT,

BT ZREWENFE FESEENEZRE
BN SUE R, T A R A A X

(Q.K,V)=(XW*, FW" FW")

X QK. Vil Rm 2 ki B b A i sk it
HEsR AR (HK S e WA W I EROR T AR A
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S S 55 20 &

g B R | (K R A M R AT R
HAA Q 51 K Ay SRR LU BT R A,
Xf ARG R IEAT Softmax H—1k, 158 E 70 -
A = Softmax (Qi;d_le)
A d, sk K A E 4E R
i FH R B o AT AU sk i v, AR BN )
i i

Xu=A4-V

ot AR ok 4 R 22 3k TR ) AR IR B R
i, 2Tt TR RI 2Rk b T SCRY B RE ) .

FEIE B 4 S, e A RRIE IR X AT H
I P Ak, TR 4 A R 4E R, A5 3 A T8 E Y
4 JRy M O[] o i ) i E Ak — A 1x 1 S FRFEAIR
W IE R, LME AT, R 400d Re LU 3T s BOK
HsmdEZe Kb, B, WAt — 1x1 B R
KA AL, FH 4 Sigmoid FEE PRELIETTIH—1k
2 [0, 1] {E W, 143 45> 08 AU EA(E . B AL
HAH 5 R G S AT B o R AR, 74 3 4 F i E
F B BYRFAEI

Xz = ReLU(Conv,,, (AvgPool(X))))
X, = (Sigmod(Conv,,,(Xz)))® X

s X Ron il AR SE R MR s ik &, X, &
71N I8 1 43 SR AR 1R

R, I SR SRR 22 ROBETE = i 5
STIBERE = WAL TRNE il S E X B4 QN TS F

Xow = Xy + X,

GMSA £ 3t il & 2 REEHRFE, FIHZ 3k A
T LA RS A2y bR SCOC &R, Il il i
O3 SCARTHFE R R IBRE T o

3 EBERE AN

3.1 MR R INE

TR DN 4 i 2 Tk B I, A SOl Z A48 A
KRG PEM BRI ROR, B HE RS % (precision, P).
A [ (recall, R), ¥ V-4 & (mean average
precision, mAP), 24 & (parameters, Para) . 5 il fiji
& (frames per second, FPS) #5029, H i, mAP &4
W 4 J 2% TH 6k B A% O PR FE AR, SO T BB AE
EAT F ARSI s 118 4% {41 BE

AR 52 5% Ubuntu 20.04.6 LTS #:1E R 4,
GPU #1525 NVIDIA GeForce RTX 3090 Ti, iz {7
WAy CUDA12.2, TR % I HESR N torch-2.4.1+
cul2l, Python fiAS Ny 3.8, MARIESL I A Pk, BF
A LI A MBI AL E . LI RS
WE L1,

*k1 ZHREESHY
Table 1 Setting parameters of the experiment

253K (epoch) 300
#t¥K (batch) 4
282 (workers ) 1
BIth22 2] 2% (1r0) 0.0001
Pt #% (optimizer) AdamW

BB I 2R RE R 300, B 755 I 4 B BE A%
FE4r A . M T RT-DETR 224978 H A6l o )
2] B R, K IR R A B T LT A 4
5 R R 4 SR i SURRAE o E Z RS R B, f
YR 250 J5 PERE B TS, 300 %8 — A F i
R BEORAIE T U ZR 78 2, O T 3 1A KU
ZBR T WAFGEUR, HER KN B 4, RAE /Mt
e N GRi Bh, EECA AdamW A1 1k 25 2%
X R B, AT RE S B RE E I Sk . Bl ARk
FRUEE N 1, Lhgs il S 56 1 W] o 52 7 0 2R 45 K R
IR . FEIR S 3R Z IR =T, ik
AR R S I RGE R —E IR
BN 0.000 1, 254 U Gy 9155 /0N i b v ORIT#5 TR
() X 2 S5 4, 2 — PRSP T R e e 85 . 76 ) 1B
SR b R B, i KA S R S S B R
B S, 177 3k /0N D) i S50 B T R R PRI ke
£ 0.000 1 7R 47, GBS GIE AT AR E I 25, 5
W% A
32 LBRHEE

AR SI2 56 Aol VA R S A Tl AR BB 3 R S R
4@ e 1%, it Lableme g i 2 1 Bk
VERR 7Y 45 Jm R Mk FE AR 4R o RAE BRI E R
BOGIR, DA 4 JE T2 2 T AN T 3 (1 3 A6 7 B
PGorb 2 BLmE €, ™ S BB [ E A8 AR 4R B
R FE i 9 Y P 2 4 T T A 3 v R 1 SOl R
m . oK 4R 2] EMR AL S KR (scratches) ., #40;
(bruises). MIT (pits). F1 4 (whitespots) iX 4 Fj 4 J&
R BRI, EUR 50 BER N 2592x1 944, RAEK
BoR BN E 7 Fi .

-

7 REBEFRA

Fig. 7 Examples of acquired images
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R 1k K A s 40 A, A A ) P R
FERE J1, X R 4R B Y ER R 17 e &% . Y1050 2 4 i
SRR, 15 340 PER N 640x640 (-5 3L 5538

(a) MR (b) #1i

5. A EIE A Labellmg T HiE 47 ¥ 40 19 45
T, I RAR TG B RAR 4% 72221 I He iR 3 o
NZREE A | ke . sRIE S BIanE 8 Frs .

A.\

(c) M3 (d) 14

Bl 8 GRBARHI
Fig. 8 Examples of defects

33 XGRS

TE R 4R 2 ) 4 T8 % T BB A PE 4R b, 1AL
HAS-DETR #iBU ) PEfig o2& 2 XF L T SE 4 i Y
RT-DETR #  FIAS SC i 42 452 8 HAS-DETR 9 4%
WPF 4845 . W13 2 s, HAS-DETR #A8 7E
4 2T ARG RS B AR F RT-DETR #5551,
HSF-H1H5 BE mAPS0 M 55.5% 425 = 62%., HAik

M5, KR 28 5 R RS B 42 T T 6.9%, M350
FHIFETH T 1.5%, HAAZEG B ERT T 18.8%, 1M
545 28 500 1 A DK B2 22 S AN B, X nT e & i
BMIEIRZAE, K5 R R8T E RN
FH], HAS-DETR B AU 25X R R F |/ METE
DRAFT R | B30 €0 5 s B 8 0 el s O T LA
.

xR 2 BEBREHITMIERR

Table 2 Evaluation indicators for various defects %
- - T fatn
P R mAP50 mAP50-95

FEITS 61.5 58.1 55.5 23.0

7Ll 52.7 40.5 41.1 18.6

RT-DETR Wik 65.3 65.3 61.6 26.1
#b; 59.8 53.8 52.4 20.1

EP= 68.2 728 67.1 27.1

FEZUS 65.5 63.3 62.0 275

B4/ 57.1 49.8 48.0 24.7

HAS-DETR Mg 65.9 62.0 62.6 27.6
%0 61.3 56.5 51.5 229

EP= 77.7 84.8 85.9 349

A& R 45 B3k, HAS-DETR AH#¢ T RT-DE-
TR 76 I A1 PFAl 48 br b ¥R T B 8 42 7, o
mAP50 M 55.5% 2T+ = 62%, mAP50-95 #£ 7+ T
4.5%, W ILAERS B 5z A0 Re 1 Oy i 400 T 364k
FiAY . HAS-DETR FAEITEREH R P, A3 [0 R X
WA Fa s LA B R 82T, o4 T 4% M
5.2%, X7, HAS-DETR #5% 8 75 8 /b Y 46 1) [+
A 5B T TR 2 R A e b, S — P RE T
HAE 4 2 T Sl B R AT 55 v ) AR B E

9T B UEAS SCHE Y A HAS-DETR 57 1E HL52
Yy P RICR , 76 45 Jm 28 TH B 6 Es 45 L B LRk
EEA AR 0 GG TR, TR 55 DR | NI

P07 5 ORI E AR B 2 501, DR A 0 45 2R 5 5
2 RT-DETR #47%F b o AR R &l 9 FioR .
WML E 9 n] %1, RT-DETR M HYYE K% a Hhis ke T
— /N RIR B G, 7R ER b s i T — M
Bk B A — AR EE, 7R RS e Rk T —
B ia, e BE d sk T — A SR B A —
AN A, 1 HAS-DETR A5 50 I 9% A7 1 P i 2
Tmkrm &, fEER e £, 9 RT-DETR £ A
HAS-DETR #5135 i, Dy ez 0 4 v A5 e g, {EL T A
A2 &% B, HAS-DETR A A% A% 6 0 AE EL A5 o =5 )
EAEE . WXl DUE H, HAS-DETR #5274 7%
4 I AR T A AT 55 Th U T R R RE R T
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[E5a 50 Flf&e [E14d Kl e ESE
B 9 RT-DETR 71 HAS-DETR #: i) &5 S 33 Lk
Fig. 9 Comparison of RT-DETR and HAS-DETR detection results
34 HEXW S0 A R MR AR, AR U A SRR AT 1 il S

N T RIEA SR N E G220 B WEZ
FOBE AR Al R B | 42 )Ry 22 RUBE 1 3 T AL X6 /)y
H A i 47 280, % FH RT-DETR A5 £ A 7 il

55, i A SCIR e F Y 4 e 25 SR S 5
PEAT, IR TR AR ) A S0 G B o 7 il S 6 248 SR 4
3w,

x3 HMELBER
Table 3 Ablation test results
FEETR MDConv GMSA DMFF WME',% -
mAP50/% mAP50-95/% SEUE/10° PFAEFHE/(10°s) K IImiER/(fs)
x x x 55.5 23.0 19.88 57.0 55.87
\ x x 59.0 24.7 19.88 57.0 67.11
x v x 60.1 23.9 19.91 57.1 109.89
RT-DETR x x \ 60.6 24.6 20.95 61.9 50.00
S v x 61.2 25.8 19.92 57.2 69.93
x \ \ 612 26.4 20.98 62.1 106.38
S x v 61.1 26.7 20.95 62.0 88.49
HAS-DETR S v v 62.0 27.5 20.99 62.2 84.75

T RS IASE, TR IASEE, RO A e fe

% Fl MDConv 1% BasicBlock A7 A% # i 52 FH
Ji, BB mAPS0 /1 55.5% 2T = 59%, mAP50-
95 1 23% T = 24.7%, SECE A A
A, e -, X KB MDConv BE#E A 22
TEXF /N H AR B RRAE S BCRE T, DT S 35 o5 8 A5 7Y
P49 AGE A R T X R AR A B B U A AN
M. FH GMSA & 1AL & ¥ ATFT B i 2
SLVEE WL Z )5, mAP50 2T 2 60.1%, mAPS50-
95 ik # 23.9%, FPS [ F}- % 109.89 Mii/s, X FKHH,
GMSA BEMEIE I i K2 A4 0y LT SO R T A
FE S 2% 15 S rp 0 6 T RAG TRS 3, SCRE S 4R v
e Ry, BAR S, 25505 A DMFF
J&i, mAP50 Fl mAP50-95 43 B2 T+ = 60.6% Al

24.6%, ZHUEA 1.07x10° W A4 An, He 23 3
TREE 50 Mi/s, XA, DMFF i i 2 R FRE
il 2 B T T BB X H AR ROEE AR Ak Y 3 Pk
H 2 S B0 38 R T B, SENaE B TS AR SR
VAR5

TEH A B ey SE 8, [ A GMSA 5
DMFF 1] #— 4% mAP50 $£ T+ & 61.2%, mAP50-
95 Ik F| 26.4%, {HHE L B AL T 540 5| A GMSA
B . FERBFS] A MDConv, GMSA #il DMFF
i HAS-DETR %! §1 mAP50 Fll mAP50-95 #B3k
N T B RCR, 405k 62% F1 27.5%, S8k Al
THA - AH# RT-DETR A7 B S48 -, (HHE R R -
Th 2% 84.75 /s, HAS-DETR Ky SZ 56 45 5 2 0,
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3 PR B P R E FH RE 0% 0 25 B8 TR DUDORS B, ] s
FEAMEFR U E DR R B ar P g, 38 T X R B2
TS B P Y8 A 0 v SR M I 53¢
3.4.1 MDConv £k &9 ¥ &% 5 5

AT EE Y W Hb 8IE MD Conv #R B i 4 e,
DL e Hofig e RO K T e B AR R g o
AT MDConv BEHGARR T (T I, IV,
Vo VIS ml s . AR 4R 1 {fi F#E% RT-DE-
TR T EA B 3x3 B, AE AL T . fEAK
I, MEEESER KFESERE 3331
GRHEATRERLA, TP 50k 22 5 R 1E )
BRI7 G s g E ] . FEAE R I, FEAR AR
1T ALl Bl Aot 2253 A, DAERSE HhC i i %
H bR i1 5 S i R B OR . FEARARIV R, FE

AR B BE Rl 5] AR 22 0 B R, il 8 B Y
MDConv AT RHESE I, FEARRV VI, 23515
A DySnakeConv?” Fil ShiftwiseConv?® #E47H¢1F $2
i, 5 MDConv Ay 5 R 47 XF H o

M4 GERTTDE W, R AT AZES
BRI, mAPS0 7352 57.8% 1 58.1%, 44
FEL A AT — € PR RESR T, U 22 0015 BT
WO JRy BRI % L ) B B SR RRAE R A ALY, R
P TR AL IO SR B SRR T . B IR IVAE
5E B 1) MDConv B R 4518, 55 Rl G 45 07 1] 223
FRAE, JEAE I 25 05 0138 5 AL G PRl & 42— 3R
R, BB T B mAPS50(59.0% ) Al mAPS0-
95(24.7%), FH N T HALZM, Bk T MD-
Conv 7EH& T 5 I HE B 11 5 T8 7 Sl 3 2805 o

%R 4 MDConv {EIREERMEIGE R
Table 4 Ablation results of the MDConv module
- TR bR
mAP50/% mAP50-95/% SHR/10° TR BHAE/(10° s Ao it/ (/s )
I 55.5 23.0 19.88 57.0 55.87
I 57.8 24.2 19.88 57.0 112.36
Il 58.1 23.1 19.88 57.0 68.03
I\ 59.0 24.7 19.88 57.0 67.11
N 58.7 232 27.86 60.8 97.09
Vi 58.1 23.5 15.93 59.8 86.21

T IR Ry fee e

{4573 2 19 &, MDConv 125 & 54 &
HAKT I M ARFE—3, X & KB A TE MD-
Conv H1, BARIIZI Bt 5l A 24400 3¢, X #6413
SR N NEE PN T T 3 BU R N N E S e
P YRR RRE RN RE T o FEMEEEBYBL, BT A 2 S
B RAE AT ARG, & IF R — D F R R —
G, P, 78 e 2 n 1 B B PR B X — A F
JE B BUZ, MR S HGE A R A
SRR 2243 S, DA 52 BRI ZR B BL i 3R 3K
S 55 4 2R B v

S MAREMWDEEBITIEWXT P,
DySnakeConv £ #A7E mAP50 |3k %] 58.7%, {HAE
mAP50-95 45K & MDConv, [H B i F 451 &
IR, BHRBE FTHE 27.86x10%, 75 S B
FARAE WA, ShiftwiseConv M FI H—F 1
B AR, B AENE B 5 T R 5t — %, mAP50-
95 12K 23.5%.

3.42 GMSA 5 0H ak 52 5

by 22 G5 MDAl T GMIS A AR T 4% 6 At
20 BG4 %o A5 TR P R ) 52 M, LA R CHC A A T
bR REASAL K 35 o B 2245 B BE 1, AR

SO T 6 MRS, 43 5lidh ALB.C.D.E
HF, JTJRIE S8 5 %F e fEAS IR A, &
Bk GMSA e i) 2 RO H 53, X% B GMSA 42
PR 3 T 4 e AR R TR AR, B AR IR
22 FROBE R AE X TR 0 1 BE A RZ . TEAR AR B o,
B 2 ROBE S5 40, K IR 1) 3 AN IFAT B IR BE AT 43
25 23 A A U M R 353l 3x3 A8 BRI T RRAIE L 1R
DA PPA 2 I 6 BRU7E Bl B2 S ) JB% A2 B AR AE )y T A
o fEA IR C Y, B GMSA 3 38 43 52, 13
BA 22 RUBE 43 32, $489% 380 T8 7 78 7 X A 780 3 (A A
PEREMIRZ MR . 7EA8 4R D o, f 52 8 1 GMSA #5
e, DE S H AL AR . WA, A iE—2
XFH GMSA [ HERESLE, 51 APIRN 3 A & )
HL# DAttention®” | CascadedGroupAttention®® f K
AR ELF, SEATRE [ X6 L

a3 5, i LA B 58 4 1 GMSA B A
mAP50, mAP50-95 48 br I U5 s L fig, H 3
IR F] 109.89 /s, X 1A GMSA B H A 4 TH 46
N IRY i S I N A T (5[ 0= S W
GMSA FiHt mAP50 15455 5] 60.1%, HH I LR %
RS ZR AT T 1.7 A58, BIET
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S S 55 20 &

Z RUEAF B RlA X5 B An Al v ae ry 2% 38 FHE
FH o W TR AT 43 85 23 3 26 BV 4 Oy 35 3 4 X

. mAP50-95 FEAIX 0.6%, BB 2= HEBXT FZ2 R
JE BT SCE B R EEAE . JBRiEIE S SO

REAT L

20, mAP50 [ 2 56.5%, WrilF T 18

x5 GMSAEHRMBEMIWER
Table 5 Ablation results of the GMSA module

BOERE B S M 0w B A AR .
5 DAttention Fll CascadedGroupAttention A [t
GMSA B AER AL S50 5 11 & 1 R B, 7E
KB EARRRGSE, JRon th LA S5 i it 5 52 bs
RUREF- A

ik BAREEL
mAP50/% mAP50-95/% ZHE/10° T HE/(10° 57 A it 5/ (Mit/s )
A 58.4 22.8 19.78 57.1 169.49
B 56.7 23.3 20.02 57.2 136.99
C 56.5 22.2 19.91 57.1 119.05
D 60.1 23.9 19.91 57.1 109.89
E 59.2 23.7 19.71 57.0 120.48
F 59.0 23.4 19.88 57.2 123.46

T LR D e

3.4.3 DMFF A5k 49 7 Rk 55 3

hy B UE B2 ) OB 22 RO R AE Al A R
DMFF 7E 4 J& % 1 S 5 R AT 55 wh i A sk, i
11T a.b.c.d, e 3t 5 FAR AL, B4 5] A DMFF
() S5 AR, IR TR R AL 8. 7EAs R ah, B
>k Fl RT-DETR H1 A 1 CCFM, fE 34k 7
o AR D, B EA R CCFM B HUE ey
MSFE &5, KiF MSFE # He o % 1A K6 0 4 B 1)
B, R oL d i, 7EAR IR b 3R 1, 43
SUMA /NG FSRAE /N R SRAE, DAIEAR /N L
TR BN AR B TR . AR e T, SR
MSFE. /N b R4S T oRAE, #4156 % 1Y) DMFF
BB, LATTAY 58 4 250 AOAG I BE 55 3R R BEL .

w3k 6 Fion, AHESELBIAY, 5] A MSFE Bik
J& , BERYE mAP50 F1 mAP50-95 | U B 32
Th, 3 BIHR T 2.2% F12.5%, 58] T MSFE 78457 1F
ZE A5 RO ARy A e . SR, T

FERSIRBE Z W, B A N 57.0 71 BT
% 66.1 57!, FPS T[4 % 52.63 i/s, fEMLILRE |,
3G IAVINEE SRS/ INIE TR . A8MA ¢ $27H mAPSO
& 58.5%, FPS W #2£ T+ & 65.79 Wi/s, (RBL LRk
XoF Jeg 0 40 7 K A2 R A 3 0 o A B AR EAE A, 3
mAP50-95 Sl F B 23.7%, i B 46 0 1 S
S5/NBRR AR . AR d B 59.9% 1) mAPS0
A1 25.1% ) mAP50-95, DA & 103.09 iii/s ) FPS,
AR IR KRR T, Uk T /NI T RFEAE
RS R 2RI L B R e, B R e SRR
SE# DMFF #iH, £ mAP50 F1 mAP50-95 |3k
PN ARAE, B0F T 2 RO R @l A 76 46 000 B 7
AT P B, (4 3 R R [ 22 50 Mit/s, WOR T 58
RS TEAE FE L Se S s i VS 77 . DMFF #5
P S Hosm Mg s AR E IR T EAK b, e, d,
W 58 % DMFF 1E{R 45450 BB W R, 7800 &
P27 22 ROEERG SR 5 /N gl & AL i BRI .

% 6 DMFF #HRA)HRSEINE R
Table 6 Ablation results of the DMFF module

- BRI LIN
mAP50/% mAP50-95/% SHE/10° T IBHHE/(10° s Ao it/ (/s )
a 55.5 23.0 19.88 57.0 55.87
b 57.7 25.5 2224 66.1 52.63
¢ 58.5 23.7 21.21 65.3 65.79
d 59.9 25.1 21.98 62.8 103.09
e 60.6 246 20.95 61.9 50.00

T CHLRC o e LA

L bRk, S A RN X < Je 2R T i g A U e
LA RO AR R 5 7 55 S 2% (R, R SO B

iRyt L T T 22 R E AR, JF
F G Bl SR e 1A R
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—Ji T, 2 R H#BLRE ) 7E Z AR b
MR . MDConv BEHUE o 5] A K
O 25 B F, BESE T XA [ 5 1a) AUk BE 19 34
SORFIERRELRE T, TEA NS 20 5 B R A A i
T ERT TRIPERE . GMSA SRR G 2 RE
23 6 A5 38 38 R AL, A PR T TR X
Z R FFSCRIRFNRE 1 . DMFF B8 7E 2 R
BERA S g ] AN bR ORAER N, i — 42
AR XT Jmy B Al T 5 42 R i AR B A g
TERRR AR S B0 1Y R I S T e e R RS B

Ty — 7T, S SCE 4% 0] R O 2 AL
il 75 LA 3% . MDConv 195 [0] 25 53 A E 1 5 1 4%
RUXE 9 55 6 B A A A OB, AT 3501 55 T o
T4, GMSA b 38 18 1 & o3 it — 4R
T TR A RRE R BERE T, T T OURAE BT

[A] B, J& T Transformer 424 1) 4 Jmy EEAR B ) i A
Y28 i i K R O B A e T, P A
Fe | BERAR AR SRR A B DX Sk EL A B 1 3 M
3.5 fLbseEg

Sy ik — 2B B 5iE HAS-DETR 46 1 45 J& 2% 1 Sk
B PR RE, A SEI SR FH A #E0) 4 Jm 3R T A
Bn e, 2 B AT E A B AR IR A T L,
% T YOLO &4y YOLOVSE! YOLOv6P?
YOLOvV733 YOLOvS8D*I YOLOv9!?3!,
YOLOv10nPS, YOLOvV11P6 Fl YOLOv 1287 28 4
K, DL M R-CNN & 41 H1 ) Cascade R-CNNEP# A
Grid R-CNNBV LAl - Hod ) % % Cascade R-
CNN H1 Grid R-CNN Bl 2k 48 ¥k 50, HA R
B0 300, HA S BURFE—3, XL SEE 45 R
#£ 7R

R®7 MEELEER

Table 7 Results of comparative experiments

- RS
mAP50/%  mAP50-95/%  P/% R/% SEE/10°  TRAEFEHE10°sT) KT (is)

YOLOV5 43.7 17.2 494  46.7 2.50 7.10 94.34
YOLOV6 42.0 159 454 470 423 11.80 111.11
YOLOV7 48.6 15.4 578 467 36.49 103.20 81.30
YOLOVvSn 50.4 20.9 554 483 3.00 8.10 117.65
YOLOV9s 40.3 159 444 46.0 60.50 263.90 49.02
YOLOV10n 46.0 17.2 464  51.0 2.69 8.20 172.41
YOLOv11 42.6 163 50.6  42.7 2.58 6.30 103.09
YOLOVI2 37.8 14.1 442 407 2.51 5.80 227.27
Casecade R-CNN 58.3 25.9 595 376 69.16 162.10 120.40
Grid R-CNN 57.1 27.3 603 435 247.72 64.47 189.10
RT-DETR 55.5 23.0 615 581 19.88 57.00 55.87
HAS-DETR 62.0 275 655 63.3 20.99 65.20 84.75

TE  IRLEE o fee (L

ST R 7, AHMER BL, 7E mAPS0 [, ASCHEH
1A HAS-DETR A F| T 62%, #L# i YOLO &
KR, DL SRS B %58 51 B9 Cascade R-CNN(58.3%)
F1 Grid R-CNN(57.1%) % , 7 mAP50-95 -,
HAS-DETR A [F] R R BAL 5, i85 T 27.5%, ¥
it YOLO &R 918 F1 R-CNN R AL, X
W, HAS-DETR #E B 42 e b RS BE A o 3%
Podte, U HOETE AR RS H An ks AT 55, AR 4R
HE B R (4G T 45 5 . HAS-DETR 76EK5 & P fl A
Wl R XA bs L RIFERILSE H, 4330 65.5%
1 63.3%, UL T FT A % LUBEAY K5I & 78 A Wl
R I, HAS-DETR #%%F Cascade R-CNN(37.6% )
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Table 8 Results of generalization experiments
i PR
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YOLOVS5 59.1 352 68.3 58.2 2.50 7.1 169.49
YOLOv6 58.3 335 63.3 54.0 423 11.8 384.62
YOLOv7 55.6 344 54.2 57.3 36.49 103.2 50.76
YOLOv8n 58.3 36.0 64.0 56.4 3.00 8.1 476.19
YOLOV9s 61.2 37.8 66.1 57.7 60.50 263.9 227.27
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RT-DETR 62.4 394 70.0 57.4 19.88 57.0 178.57
HAS-DETR 64.4 40.7 70.1 57.4 20.99 65.2 178.57

T ML S fee e

FH 7% 8 T %1, HAS-DETR #5171 7£ 32 4k 52 56 v
A TRFE A 44 2 B0 L A0 A R 1 R I 3 3 N

J5. 41X} ADPPP %4t 45, HAS-DETR A 78 A 455 ik
Z5 #5175 RT-DETR, 7E mAP50 1 mAP50-95 |43



Z2yK, 4. P RT-DETR 194 % 22 T S b+ I 2 vk

° 1417 -

2T 2.0% F1 1.3%; HH%E YOLO R 1AL 74 ) 52 21
A 4RSS, 75 mAPS0 Fl mAP50-95 4% 26 I & 73
FIEIR 11.0% 1 5.5%. FEHKS B R 5 4 1] 7 [,
HAS-DETR 43 %3k 2] 70.1% 1 57.4%, B KL T
ZFYOLO RINEH, U HAEAE TR 4555 AL T
ML KT, s AR DR A A ) T L
Mz AL BE 7 o TWi7E A W2 J5 [, HAS-DETR 5
RT-DETR %, Bl WAL T YOLOvV6(54.0% ) Fil
YOLOvV10n(49.1%), i — ik B B4 H i/ 5
b 50 B VU RE ) o AE 4 38 U5 1T, HAS-DE-
TR 5 RT-DETR #5°F, X T4 YOLO R,
R S B PR SR A ] B AR RE T R A R A
JE, 3G R NRG B R 8 1 S R g s

28 I firiR, HAS-DETR 7 ADPPP #5 4E | #Y
CEA BRI, AR MRS B | DR AG R ] S5 A U
R 2 [A) HUAS R AT, R B B R Az AT
FES 50l Pk, 2 4 s 2R 1 Bk fa A DU AT 55 rh e
B g 5 S PR TR

4 % HKiE

B OXF 4 T8 3 THD S5 5 5 i A A I H B L RUEE
AR T R 2 a8, A SCHE RT-DETR £ 7
LAl 32 HAS-DETR B2, A5 5038 T 7 46
KR . i ad/E Backbone I IHE A 2 G, M
s /N B AR P RRAE S ICRE ) o 38 i A R 2 R
JERHIE Al A BLH, A O AR 22 R iE SUfE B A
FRAE, fif ok T H bR ROBEAS AL R By Il 6] B, 3
T4 R 2 ROE FE B I PLHACE AIFL AR b i £
SLERESILR, BRI AR A4y B SCOC R, 7
A PRIE A SR Z2 R H ARt R0 B 4 1 &
PEVEFING 0 B . SO0 25 R K W], HAS-DETR 7E 44
WPKS B2 7 Th] A b 2 e T

AR SC T B A A Y f A RS R R AR e L R A
AUl B AR KRR T, (HAESE PR Tl 3 5 g
Tr et — A . N — 2 TAENG S T an ol 78
R TE A I S B R R B, A 25 e K B
DU A Tl 7 3 55 i A 0 v 258 L T & i i e
ES

£ XUk

(1] 253, M, BERe, 55, SE TR T i & R Ak
2% T B B R 27 3R [T]. il £ R S HLIK, 2023(6):
61-67.

LI Zongyou, GAO Chunyan, LV Xiaoling, et al. A re-
view of surface defect detection for metal materials based

on deep learning[J]. Manufacturing technology & ma-

[2]

(3]

(4]

(5]

(6]

(7]

(8]

[9]

[10]

[11]

chine tool, 2023(6): 61-67.

PN, T 1. Gt YOLOVT (1875 8 3 1 e e A ) 3
[J]. Tolkdaflit5EaL, 2024, 37(8): 94-96,101.

SUN Weibo, DING Wei. Improved YOLOV7 strip sur-
face defect detection algorithm[J]. Industrial control com-
puter, 2024, 37(8): 94-96,101.

s, X§IF, A, %5 T YOLOvSs BRI
4 B R B BARI Ty ik [T]. MR 2254 (B SRRk
h2), 2024, 23(4): 9-19.

MA Ge, DENG Kaihong, LI Guozhang, et al. Metal sur-
face defect dectection method based on an improved
YOLOVSs model[J]. Journal of Guangzhou University
(natural science edition), 2024, 23(4): 9—19.

GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich
feature hierarchies for accurate object detection and se-
mantic segmentation[C]//2014 IEEE Conference on Com-
puter Vision and Pattern Recognition. Columbus: IEEE,
2014: 580—587.

REDMON J, FARHADI A. YOLO9000: better, faster,
stronger[C]//2017 IEEE Conference on Computer Vision
and Pattern Recognition. Honolulu: IEEE, 2017:
6517—6525.

LIU Wei, ANGUELOV D, ERHAN D, et al. SSD: single
shot MultiBox detector[C]//Computer Vision — ECCV
2016. Cham: Springer International Publishing, 2016:
21-37.

)5, 2NN, 2RI &, 4. FE T WGHE Faster RCNN (1948
B T SR A 05 75 (0], AR AR, 2021, 42(1):
191-198.

XIANG Kuan, LI Songsong, LUAN Minghui, et al. Alu-
minum product surface defect detection method based on
improved Faster RCNN[J]. Chinese journal of scientific
instrument, 2021, 42(1): 191-198.

WANG H, WANG J, LUO F. Research on surface defect
detection of metal sheet and strip based on multi-level
feature Faster R-CNN[J]. Mechanical science and techno-
logy for aerospace engineering, 2020, 20(4): 94—107.
FANG Junting, TAN Xiaoyang, WANG Yuhui. ACRM:
attention cascade R-CNN with mix-NMS for metallic sur-
face defect detection[C]//2020 25th International Confer-
ence on Pattern Recognition. Milan: IEEE, 2021:
423-430.

WANG Chenglong, XIE Heng. MeDERT: a metal sur-
face defect detection model[J]. IEEE access, 2023, 11:
35469-35478.

X, PV, B, 55, BT HGH YOLOV3 i 4 @3k
T R BRI [T]. TR AL TR SR, 2023, 45(7):
1226—-1235.


https://doi.org/10.1109/ACCESS.2023.3262264

- 1418 i

#

&b
He

4t

2,
£

it 520 %

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

LIU Haohan, SUN Cheng, HE Huaiqing, et al. Metal sur-
face defect detection based on improved YOLOv3[J].
Computer engineering & science, 2023, 45(7): 1226—
1235.

o, XF, TH2E, 45 DN-YOLOVS [ 4 & B AR %
VAT R B S 32 [ 0] R R B Tk RS2 R, 2023,
55(12): 104-112.

LING Qiang, LIU Yu, WANG Chunju, et al. DN-
YOLOVS algorithm for detecting surface defects of metal
bipolar plates[J]. Journal of Harbin Institute of Techno-
logy, 2023, 55(12): 104-112.

ZHANG Heng, FU Wei, WANG Xiaoming, et al. An effi-
cient model for metal surface defect detection based on
attention mechanism and multi-scale feature[J]. The
journal of supercomputing, 2024, 81(1): 40.

ZHAO Yian, LYU Wenyu, XU Shangliang, et al. DETRs
beat YOLOs on real-time object detection[C]//2024
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Seattle: IEEE, 2024: 16965—16974.
CARION N, MASSA F, SYNNAEVE G, et al. End-to-
end object detection with transformers[M]//Computer
Vision— ECCV 2020. Cham: Springer International Pub-
lishing, 2020: 213-229.

HE, B, HI5E, % TG RT-Detr (9 #TURS:
PEFEHERAT UM 7 IR [0]. £lk T3], 2025, 41(1):
212-220.

DONG Shi, ZHAO Guorui, GOU Hao, et al. Identifying
cucumber fruits during selective picking using improved
RT-Detr[J]. Transactions of the Chinese society of agri-
cultural engineering, 2025, 41(1): 212-220.

B T2 A A ARG A3 (R VR R B i 150 H A
R 75 207, M2z 5 25 [ BEAS L, 2024, 47(10):
104-107,111.

TAO Jian. Small target detection method in remote sens-
ing images based on atrous convolution and spatial atten-
tion[J]. Geomatics & spatial information technology,
2024, 47(10): 104-107,111.

CHEN Zixuan, HE Zewei, LU Zheming. DEA-net: single
image dehazing based on detail-enhanced convolution
and content-guided attention[J]. IEEE transactions on im-
age processing, 2024, 33: 1002—-1015.

ZHANG Luping, LUO Junhai, HUANG Yian, et al.
MDIGCNet: multidirectional information-guided contex-
tual network for infrared small target detection[C]//IEEE
Journal of Selected Topics in Applied Earth Observations
and Remote Sensing. [S.1.]: IEEE, 2024: 2063—2076.

YU Zitong, ZHAO Chenxu, WANG Zezheng, et al.

Searching central difference convolutional networks for

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

face anti-spoofing[C]//2020 IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Seattle: IEEE,
2020: 5294-5304.

o, B A e, dkag, A e o APUTHA R Y H AR
MR GT SRR [T]. B4R, 2024, 45(6): 1145—-1164.

LI Qiong, KAO Yueying, ZHANG Ying, et al. Review on
object detection in UAV aerial images[J]. Journal of
graphics, 2024, 45(6): 1145—1164.

WILLIAMS T, LI R. Wavelet pooling for convolutional
neural networks[C]//6th International conference on
learning representations. Vancouver: [s. n. ], 2018.
WANG CY, YEHIH, LIAOH Y M. YOLOV9: learn-
ing what you want to learn using programmable gradient
information[EB/OL]. (2024—02-29) [2025-01-02].
https://arxiv.org/abs/2402.13616.

YAO Ting, PAN Yingwei, LI Yehao, et al. Wave-ViT:
unifying wavelet and transformers for visual representa-
tion learning[M]//Computer Vision—-ECCV 2022. Cham:
Springer Nature Switzerland, 2022: 328—345.

RAEREE, #6, AR, RSG-YOLO: I T-H6: il e
AW (1], TR R 5 kR, 2025, 35(2):
199-206.

WU Tieyu, YANG Guang, ZOU Li. RSG-YOLO: an effi-
cient neural network for road pothole detection[J]. Com-
puter technology and development, 2025, 35(2):
199-206.

INC I, X BB, JHZEAE, 4. 25T DCNv2 Fl Transformer
Decoder %18 #of 51 2L 4% i SO ST AU T FE 0], 272
2, 2024, 45(5): 1050—-1061.

SUN Jilong, LIU Yong, ZHOU Liwei, et al. Research on
efficient detection model of tunnel lining crack based on
DCNv2 and Transformer Decoder[J]. Journal of graphics,
2024, 45(5): 1050—-1061.

QI Yaolei, HE Yuting, QI Xiaoming, et al. Dynamic
snake convolution based on topological geometric con-
straints for tubular structure segmentation[C]//2023
IEEE/CVF International Conference on Computer Vision.
Paris: IEEE, 2023: 6047—6056.

LI Dachong, LI Li, CHEN Zhuangzhuang, et al. Shift-
wiseConv: small convolutional kernel with large kernel
effect[EB/OL]. (2024-01-23) [2025—03—13]. https://
arxiv.org/abs/2401.12736.

XIA Zhuofan, PAN Xuran, SONG Shiji, et al. Vision
transformer with deformable attention[C]//2022 IEEE/
CVF Conference on Computer Vision and Pattern Recog-
nition. New Orleans: IEEE, 2022: 4784—4793.

LIU Xinyu, PENG Houwen, ZHENG Ningxin, et al. Effi-

cientViT: memory efficient vision transformer with cas-


https://doi.org/10.11975/j.issn.1002-6819.202408102
https://doi.org/10.11975/j.issn.1002-6819.202408102
https://doi.org/10.11975/j.issn.1002-6819.202408102
https://doi.org/10.11975/j.issn.1002-6819.202408102
https://doi.org/10.3969/j.issn.1672-5867.2024.10.029
https://doi.org/10.3969/j.issn.1672-5867.2024.10.029
https://doi.org/10.1109/TIP.2024.3354108
https://doi.org/10.1109/TIP.2024.3354108
https://doi.org/10.1109/TIP.2024.3354108
https://arxiv.org/abs/2402.13616
https://arxiv.org/abs/2401.12736
https://arxiv.org/abs/2401.12736

i

556

b:13 Z2yK, 4. P RT-DETR 194 % 22 T S b+ I 2 vk

* 1419 -

[31]

[32]

[33]

[34]

[35]

[36]

[37]

caded group attention[C]//2023 IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Vancouve:
IEEE, 2023: 14420—14430.

JOCHER G, STOKEN A, BOROVEC J, et al. Ultralytic/
yolov5: v5.0-YOLOV5-P6 1280 models, AWS, Supervise.
ly and YouTube integrations[EB/OL]. (2021-10—12)
[2025—01-02]. https://github.com/ultralytics/yolov5.

LI Chuyi, LI Lulu, JIANG Hongliang, et al. YOLOV6: a
single-stage object detection framework for industrial ap-
plications[EB/OL]. (2022—09—-07) [2025—01—-02]. https://
arxiv.org/abs/2209.02976.

WANG CY, BOCHKOVSKIY A, LIAO HM. YOLOvV7:
trainable bag-of-freebies sets new state-of-the-art for real-
time object detectors[C]//2023 IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Vancouver:
IEEE, 2023: 7464—7475.

VARGHESE R, M S. YOLOVS: a novel object detection
algorithm with enhanced performance and robustness
[C]//2024 International Conference on Advances in Data
Engineering and Intelligent Computing Systems. Chen-
nai: IEEE, 2024: 1-6.

WANG Aowang, CHEN Hui, LIU Lihao, et al. YOLOv10:
real-time end-to-end object detection[EB/OL]. (2024—10—
30)[2025-01-02]. https://arxiv.org/abs/2405.14458.
KHANAM R, MUHAMMAD H. YOLOvI11: An Over-
view of the Key Architectural Enhancements[EB/OL].
(2024-10-23) [2025-01—-02]. https://arxiv.org/abs/
2410.17725.

TIAN Yunjie, YE Qixiang, DOERMAN D. YOLOv12:
Attention-Centric Real-Time Object Detectors| EB/OL].

(2025—02—-18) [2025—03—13]. https://arxiv.org/abs/2502.
12524.

[38] CAI Zhaowei, VASCONCELOS N. Cascade R-CNN:

delving into high quality object detection[C]//2018 IEEE/
CVF Conference on Computer Vision and Pattern Recog-
nition. Salt Lake City: IEEE, 2018: 6154—6162.

[39] LU Xin, LI Buyu, YUE Yuxin, et al. Grid R-CNN[C]//

2019 IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Long Beach: IEEE, 2019: 7355—
7364.

=R

K, B, L, FENTTT
GRS H AL . EREh
e AT B 2 B, R )
FHIFITH 5 31, KRFRIBIL 30 R
T, R B LRIBAN 4 0, E-mail: 1i_
bing@ncepu.edu.cn,

A, SR A, FERR TN
Sy HL e K BARAE I . E-mail:
2011616203@qq.com.

BURAS, 282, Wik, 255
i) g B R . ERFEIR A SRRk
G BWH 2 31 LA F AR AR
GIUH 2 W, gFE A 1A, EAE
4 8. RAAEARIBIC 30 A% . E-mail:
zhaiyongjie@ncepu.edu.cn,


https://github.com/ultralytics/yolov5
https://arxiv.org/abs/2209.02976
https://arxiv.org/abs/2209.02976
https://arxiv.org/abs/2405.14458
https://arxiv.org/abs/2410.17725
https://arxiv.org/abs/2410.17725
https://arxiv.org/abs/2502.12524
https://arxiv.org/abs/2502.12524
mailto:li_bing@ncepu.edu.cn
mailto:li_bing@ncepu.edu.cn
mailto:2011616203@qq.com
mailto:zhaiyongjie@ncepu.edu.cn

