£ & 143

Opto-Electronic Engineering

Article
2026 £1 B, ¥ 53%, £ 11

B
OEE |
4

RMD-DETR: —#h i a4
NP 3% E ERPEA M B A

TR, HARY, B

YT R 2T RAALRL 22228, 1L FAH 434023
TRITKRZ AN TR &, WL M 4340235
SIIUH T AR S N TR A2k, Wdb 2 430070

THE: A xHmst & @k rehm b G 7 6N H F AR, SR EE R £ F P, AR —# A T RT-DETR 4940
# 7% RMD-DETR. &%, 5l A#% %% FasterNet /£ A4 A F F MW, F &2t FasterNetBlock ¥ 9 PConv # 47 & £ 4
R, ERFRSHGREERFMEELALES, BIKTFHE LI RE; Lk, BT THEISZRENIEHRES RN
(DMSFPN), %4 % R & %423 (MSCB) 5 & sk £ R #£423k (EUCB), #3559 R4/ E L — 8 M REFIAET
T EIERey TSSAHLH], #t—F 4 AIFI-TSSA A3, RA AL BF X Taiemfa ek, £HL R4, £ NEU-
DET ## % £, #GHAEA M mAP@O.5 £ 2] 76.7%, %A% RT-DETR #F T 2.6%. £33 REAN P, A FHEFK
A Y 55.4% M £ 50.9%, MEIKT 45%, AL EE5+HE 2558 Y T 39.9% 4 39.3%, M #E (FPS)&RFA T
30.4% (78.9 fls), #H R Tk > & KT 30 fls 69 RN E K. £ R M 4EEF GC10-DET £ 4E £ Layiz LR

F, mMAP@O0.5 5 A3 5T T 2% #2 3%, BiE TR T35 P e S b &40,
KA R @GN ; E AL DMSFPN; AIFI-TSSA; #8 LAl

The English title and abstract appear at the end of the paper.

DOI: 10.12086/0ee.2026.250181 | CSTR: 32245.14.0e€.2026.250181 | EZES: TP391.4 | CHEAFRIRAD: A

FERHE, H/DE, BT, RMD-DETR:—FP ek i kT R M S R s [J]. Ot T/, 2026, 53(1): 250181
Jiang H J, Xiao X L, Yan X. RMD-DETR: an improved steel surface defect detection algorithm[J]. Opto-Electron Eng, 2026, 53(1):

250181

]l

1 3]

WA E SR R OB, B A
AL e, 2 T SEORMRS, Wb L= e
Sy B SAA R . TR RIS ph AR B,
BHUEMRIE . TR EE R L R E AR, U TR
APEEYE . KR R ORI R SRR TN T3, X TR B
PR B AR PR IR A H A R

UTARR, ETURBE S MR I T i S A AR R
SRIZALRE ST, A BAAR G R B R B A 00 )

T AR . YAT R ES AP DL Fast R-CNN'™
Faster R-CNN" {0 % 09 — B Bt vk, ad s 5 1k 48
R R B 8 DX A T 4328 5 A KA SSDY
YOLO™ Z 3 JA% 0o i — Wy BESE TS, 3 3e o 2 SRR A1E 42
HRSE IR ST R A TR H AR AL i 24T 55
R A, EAEF R TN BREE (i RIE |
HOT 2L55) BRI EATAFAE BT BB o X2 T2k
SR 3 BT BNRE IO B DL R R TR AR S5
PR, A BE T 8 TR BRI o 5 I N R R 1
ARORH], TREAE S S Tad e sy g, dEimis| &

Wis A 2025-06-22; f&EEH: 2025-09-23; FMAEH: 2025-09-29; M&HRAH: 2026-01-25

E@ME: ERARRAESTRHIE (61771354)
*BIEEE: B/, xxl@yangtzeu.edu.cn
WA B ©2026 1 [E R4 B o B AR 5T

250181 (Page 1 of 16)


https://doi.org/10.12086/oee.2026.250181
https://cstr.cn/32245.14.oee.2026.250181
mailto:xljrzx@163.com

V724, % 6 T2, 2026, 53(1): 250181

https://doi.org/10.12086/0ee.2026.250181

ZERRRL . M BEA AN Faster R-CNN 7£ NEU-DET %
PtE FAGA 71.9% mAP@O.5, HBEEEIL 4137 M,
SE LA Tk B oK o — B BB v e s Y
YOLOvS8m i mAP@0.5 J 75.1%, {HH: 69% (43 [A] %
FWIXF /N BE BRI I A 245, HL 78.7 GFLOPs Y35
WA A G0 . EExF Tk, #Foe &t il
W2 S50 SRAE LG AL, A R RN 2R 1T A 4% 7 55
T, WE RTINS U S 2 RO I R e
Xia 457 R AT AT 4 BUS SRS T 4%, 454 Atk
STFERA RN, EIRTE IR . 2 RS BB R IR
R B A T R

BE SR BORIN SR R RE R, AR T AR
BRI A B R, RIS Bk ol DA — ot
SR EARASI AN AE A7, U B — R ) A5 47 RV nf 75 3 45
B 2L 4 YE YOLOv7-tiny H il & GAC-FPN 5
BRA L, 38 2 44 R R il A A R s A5 7 i
HITER I THIE, R T AKbE 2R N A
KGR S0t SRS 4 YOLOVS il & R fiF 2 ]
FE 455 30k 3 2 L], A E FSCConv #AF H 4
BEYCRT CSP-OK 2 R ALARAE , 1 3 Ha i T 4N ApF I
TINER B ) 25 ROBE R TN BE 7 0 A T ik BRE RUBE AN 1Y
S o R I R B L B, KB R R 1 3 7 RS A
ERE AR AL KT 10 A5 85 s K 88 50%. Lok, T
CNN (convolutional neural networks) ) 1% %I 4K #i NMS
(non-maximum supression)"’ S|4 TUASTRIMAE , X FbJ5 4k
FEALH] 2 LA fE

Sy S B )i (ARG AR, ]t R A AR 4 A
fiE, Zhao %" WK S H ARKMAR Al —RT-DETR,
FIAL G5 3 T CNN- SR AL (4 4G 0 455 780 4 i 25 5, A4
YOLO %741, RT-DETR ¥ 3 5] 3y 42 44 HL A7 AEE A
Ho—, Y33 NMS J5 Ab B AT 35 5 5 5 B I A (G 1R 4
TR AR 5 B 5 AR RE R ;. Hi—, Transformer [
JRTEE IR BB K FMRIIOC R, A i e B 2
i SCHE P 5 30 Jm B R AE TR VS )L, I YOLO 11y
CNN J&y 0 &% 52 1B 78 0 28 4T 55 A7 #E B A R B . RT-
DETR % T Transformer 2244, FE5 58 KA 4 Jay RR1IE 27
ARy, RDFHTEINZ BEREH] . AR RGhE, A
FET WSIGH R SHEFAOR , (RRIZB R A SRR
HAREKRERNE .

Bt X b 2R T SR A DN A A A BE I . 2R
JE B RIS % i DA SO RA  E R S ) R, AR SO
F RT-DETR H a5k, 4 7 RMD-DETR (it
B, ISR SRR B . FRARGRAR, DL BRI ALY

SRR AT R . A EETTER T

1) A SCHEF TR 5] A RepConv S L F A
X} FasterNetBlock f A TZ5 LML, FEIRIFALTN S i
FARBIRI, AL T TR R 2B IR TR
WIS ZRBr B 22457 302 > SHE R Be gk i ik, 52
RS B 5 B R SR A

2) % it T DMSFPN (dynamic multi-scale feature fusion
network) /£ 5 RT-DETR [ #i#B M 4%, it 5] A MSCB
(multi-scale convolution block) I EUCB( efficient up-
convolution block), A [F] J23 RN 43 B3 Y TR IR J2 4
fE, 2Tt Hinkr ke, mIEF, LI Add {8 Concat #
{EIF 454 RT-DETR Wm0 0L, sS40t
S, SCIEE N IR, ST RS I AR AL A
RE,

3) TEHHR 8 Tt , T 5o 5 T A8 J3 R R I 1Y)
TSSA(token statistics self-attention) AL 5| A AIFT #itk
st AIFI-TSSA HESRAER . 2R DIZe R 5 2R B S i 4
Jry bR SO, TEOR B ARG R ) A R R AR RE T Y
IR, AT AT, BRI RA ) e,
T 2 50 T i AR e

2 RT-DETR {=Z&I/43

RT-DETR J2&3EF Transformer ZE44) it S AS AR Y |
T R R AL B AR RUBE N S 4R IE AR AL 5 2 R 2
A, W E BRI AR IR AR Tl S R OR . H
P ET ML . 2R RE TR A i as S Rc 2540 Bk
WSk A A A 2, INZR R A “loU-aware” #x i) E 4R
PUHI, SRS AR IR S AT B SRR e A L
g5k 1 TR

A0 1 W0 2% R FH ResNet-18 ME47T 22 )R RFAEHRER,
WG =B ARG gt as . b, AIFI BiHaa
HEZ LG S5 & 218 URHE, CCFM BEE T
GRS RERHEAE B, 25 pl G 2R (5 B
FRIET S MRS TI A ToU YER R, Gk E
DS ATSS, (ARG IN 25 SR i 2 ) ) 7 5 46 8 DL G I
2Tt

3 pi#ERY RMD-DETR

RMD-DETR T RT-DETR HEZE , [ [a] 4M A4 Bl 16
TR ZAE AL % BT M4 g =28 AR R
EL TGS e, AR R SRR A

250181 (Page 2 of 16)


https://doi.org/10.12086/oee.2026.250181

V724, % 6 T2, 2026, 53(1): 250181

https://doi.org/10.12086/0ee.2026.250181

Avg pool

{Basic block

® @J

Conv3*3 52

Conv3*3s1
Conv3*3s1

MaxPool2d

/ CCFM

—-‘ Convl*1

High-efficiency hybrid encoder

AIFI

= |<
i-head . ’

Add & norm

+)
ie]
Multi
self-attention
Add & norm

| O
O | _
O O o
o| & o O
o ¢ (O B ]
[} z I0—1 = O
ol & o 3 =
ol & (O g =
O % m| O
ol = o O
O O -
O m}
-

AN J

RepC3 Convl*1 H Rep conv ]—-[ Rep conv H Rep conv
Convl*1

A 1 RT-DETR M4 4 H K
Fig. 1 RT-DETR network architecture diagram

AL LR G AL G X e 5 A B, S0
53 BEARRFAE [ B RS, SRTMMUINRIE E ARG 5 42
Ry IR A G FEEAIL] ,  DLZ A A B O 1 G
BRI SCDCH, AR T SRR o AR R P i ) i g ) i L
AR AR INES IR, PR T LaE RO, fERR ORI IR
TRl IR A 2 Tl T RS E 1 52 1k
REST, BOASTHIEIE 2 PR,

3.1 EFMggt

RT-DETR 7E#47 HARAMET, i ResNet-18 124
FAEHEEUR 2%, {02 ResNet-18 3Z R T 2 M 45 2044 5
e B, 7R 2 HARRAT 55 o LS i 22 RUBE
FRIEA RGN G S5SNI . o TR =
B HFRERIE, A SCHET FasterNet!'” (L EAR, K
HFili& PConv (partial convolution) 5 § S 4 {k it i#t RT-
DETR ‘i T ™%, i#it ZHr B 1T, 7E Blocks itk
TR Rl PConv HYMBAFHESRILAE /1 H1 Rep HYBIASFR
iKBETT, AHELT ResNet-18 SLHL T 2 b iy 2 RO

LR o

PConv il 12 L B X A 3E (19 T 82 A 78
[ERRAE SR, [R5 A 1 Y S bR 5 B 52 2k, B
ARFEE X e RoP | Horft o FoRmiEE, h Fm4y
TEEI ST, w2 reiE E 5

PConv J 3% ZE 1) ¢, 438 18 1F A 5 A RHAE 115
R, H FLOPs [ A=t (1) 58],

fFLopsthWszxcﬁ, (l)

K kREREBE KA. He/e,=1/4 8], Jaif &M
FLOPs S @B 1/16, PRt ] KR 2 Ko Fit
B, DR SRR
3.1.1 ETESEILH Rep-FasterNetBlock

JL4E FasterNetBlock i 1 PConv i 2 #2 7+ T i1
R, B B — AR AT T 29 T BRI
B B 22 ROBEFFAE A 2% 2 BB T o S XX — RAEFR BT,
RepConv' ! 1) 45 14 5 2 Bk AL il 76 U1 2k B Bl 3k 22 4y
SRR Rl 3 5 s (R Z2REPE () I R HE R B B 9 5
Pk, MR LS PConv 1Y Jy # I8 32 B 4R 14 B W2 IR
LR IE AN, AR SC5 1A RepConv (reparameterizated
convolution) X} PConv #% 3t #f 7 {f; 1k #J 7 RPConv #5

250181 (Page 3 of 16)


https://doi.org/10.12086/oee.2026.250181

FEAHE, 4 i T, 2026, 53(1): 250181

https://doi.org/10.12086/0ee.2026.250181

e, JEmR B E S 80k R B Rep-FasterNetBlock 4114 3
JR7R

Rep-FasterNetBlock H: A% 0 1 243 32 1) 3x3 #5
G I ARES R SR IH— It et R
B B 22 BE AR R Al 5 1 iR B AR SRAE R T, IR AFfi Bl

FOH S BACEOR, RIS 2273 S A5 SRR B I Sy Hf
— BB, BEREGTEE R, X shaE RALH
WEDRAIE T I 2k BO S A4 AE AR B2, U IR 155
ol FHFRE (1) s 25 P L

Horp BN ZHFERES i N EE AR AT

EUCB

’ COnV3*352\\' [—[W]——[chs*a]—»[ BN J—{ retu }—{convi*1}—

|

MSCB

© [convarzst] [

Conv3*3s1 |

| HH(P%

/

____________________________________ \\ O
e EUCB-upsampling \\ :D oo
EP2 Conv-downsampli ! :Di EDE
: pine | 0 0
i I o =g O
3 msce_}—{ PN —{Msce H—| io! =H o
: =k ol S B |
H | e Tap
P4 }<{ siren }—{ wsce }—{ siren }—{ mscB }— it :D. 5 =
' — I ASH -
1 - - o =N o m
s }—{ sireN }—{ mscs }—{ sifPN }—{ mscs ]JI_. g g g O
' | e =H o
BackBone | ED: Tul
______________ I | m o
/ 0 -
N - Qf J
H 2 RMD-DETR £# K
Fig. 2 RMD-DETR architecture diagram
" inference
|
Conv
B
R Conv
eparameter 3%3
&)
!
Training l
Input Output )
! ldentity
BN
; Filters RelLU
Conv Conv
T _ ©

Reparameterized partial convolution (RPConv)

B 3 Rep-FasterNetBlock £ # &
Fig. 3 Rep-FasterNetBlock architecture diagram

250181 (Page 4 of 16)


https://doi.org/10.12086/oee.2026.250181

V724, % 6 T2, 2026, 53(1): 250181

https://doi.org/10.12086/0ee.2026.250181

(M* W):,i,:,: —Hi

BN(M* VV’H’ g, y’ﬁ):,i,:,: = yi +ﬁi ) (2)
Voi+e
| SL LS
BN(M* Wﬂ’ g, y:ﬁ):,i,:,: :L : (M* W):,i,:,:

ol+e

YitHi
- > +ﬁi > (3)

\lo'l- +&

A ME R AFIER ; WERREBRE RN
XA LR BEA S 23 [l B b7 5], Hoh 7 Rt
AR ER RO R BUE s R Eh il 1 1Y A E
o TR B IE PR E RS 5 v RN A IE I 1Y 46
K5 BN i MEEMWMBEE T e TR/ NYEEL,
B 1k B 0,

BB BN S =i T f Conv 2 5640 Jy i A i B 1)
Y Conve BEAK', b’} MAK, u, o, ., BYEE e (-9 A% F i 22
A

K. =—2— K. 4)
ol+e
’ l’ti’yi
bi =ﬁi_ 5 ) (5)
Joi+e

K. K WEHBREAE; K AESBIE SR
B b ESEALE B E
B @) M ) RARK 3) B EIHES (6), EZA
A SERAPLH], KSR St e
ZISHE RS, T R A A i 53 2
PEFE T HERLESE
BNM = K,u,0,7,0).;.. =M +K').;.. + b . (6)

3.2 THARMILE I

RT-DETR J5URE R 75 22 R4 i 58 B A7 7 [ R
S BAZME LA Zh A i 2 ROBE BB ) L R 22 5, =
B 2 SRR 5 )2 401 R Al A e R v i I
WL, JCHH N A B AR R AN, [RIETE K
SR e At Y (TRala N1 W0 = A A AT IR el
BOR . RHILAS ST DMSFPN Z5 A B0 AR A 155 R 28
HAREH G R AR RS R A A TS
1, TEORIF AR SRR AR T 0 R B S FHRAAE RA 0%
TEWS S HERR G TR R E5 A S G S B RRIE AR 3
oy '3 38 2 RGBT UL St 58904y, 1 DMSFPN
W B A HIE WAL . TR AR A R 25 W) i Sk
AR XN M A H AR, LSRR 2= 2 B AR i
ARHEBLR, DOSUaME B AC B I B ) REEAL 3 1 SR R
AT SE B BACR S R — Bk R D R

ASCHT ] 4 1) DMSFPN 284, 381 2 URRIE 4
PR G 22 RBERAEDLAL 53Rt a . S0 9 25 % T RUBE
A id W 2 R 45 FURER (multi-scale convolution block,
MSCB)", 7 i JZFFE o & K6 AU 58 K H AR iR
REJT, [RIBTENR PR rh 3 SR S/ ME AR TN H R ff
FERE, dE G S ARG P S5 2 RRRIE RS
5 4RSS HOR A BIFPN'Y SR, 300 ) 3t JH i A28 51
IS REERHEAC .. H i N L )21 Rk 2 4
JRBN, AR W L RA R Z AT AR E NS, I
ITCRSHOT IR 3 PR AE L3tk m sk bR
He (efficient up-convolution block, EUCB)"* 5] A A 7% JE

DMSFPN

EUCB-upsampling

Conv-downsampling

—

]—{ MSCB ]—'[ BiFPN

MSCB ]——>

Conv ww

(
l Conv

}iww MsCB BiFPN

.

Conv1*1

T V]

—

Conv ]—-[

—
L e H-
—{

BiFPN ]—{ MSCB ]—'[ BiFPN MSCB ]——’

2 4 DMSFPN P % &4
Fig. 4 DMSFPN network architecture diagram

250181 (Page 5 of 16)


https://doi.org/10.12086/oee.2026.250181

V724, % 6 T2, 2026, 53(1): 250181

https://doi.org/10.12086/0ee.2026.250181

GRS MIERE EHLE], 82 8] QS R A R R
(28 [ E S, fif o L RAE 300 40 AR 1) A
%24 MSCB R4 B 48 % )5, i BUCB #1747
HERIRE SRS, 54 BiFPN B S 2 B Ay
TER A, i AKGI Sk S 21 s F0

3.2.1 ZREHHI (MSCB)

MSCB ALY R AR YRR AR A I RE T o 1A R
FTF MobileNetV2 i )5 [ 5% 22 5 4 (IRB)' 1T H 4,
FLARAL S DU BORRAE AR . 15l 1< B RUG E
He Y RWILE @REWIER : JRREER=2 1 1), &
it &2 5 —1k (BN) 5 ReLU6 #% 11 ok 450 52 BH A 26 1 e
o BEJE G120 R A B (multi-scale depth-wise
convolution, MSDC) 47 &b BEAS [] j2% 32 HF () 4 fiE , Hirp
K0y SR 22 A B B R DA 2 RE 2 (/] R
SCIR B o SRR B 4 R 2 W38 3 IR R B, ot 2
TRV BRI E F 15 B sC . ek
F Ix1 BRI A e R 46, Flf BN J2WKE IR LG E
Y, MR TEg sk, zibYuE S 2 RIS
B th RS S ah Al s maLhl, R R i
14 [ s} G R T 2 PRI R IR BE )], MSCB %

MSCB(x) =

BN(PWC,(CS(MSDC(R6(BN(PWC, (), (7)
K. PWC, FIPWC, 532 7 e )™ JR R 4038 1 A5 1)
BEERZ; MSDCIEZREY KB, HTHiftimA
FRIER Z R IR SUFER ;s CS I TRRHIEAC B 138 E
IRVEERAE; R6EReLUGHLTE PR%L, MSCB 4541 nl4l 5
2
3.2.2 B4 XHREBHR (MSDO)

Hi5 YOLO-MS" i 5 #4 4% ¥k £ (HKS) % W% |
MSDC"™ 458 He 3 i 5 Bl 22 5 1k 1 R BE ] 43 5 6 B
(DWC) S 2R IERLG W 6 FTos o B A i
Ix1, 3x3., 5x5 =22 T A0 BR B T 43 B8 46 B S 3
P RGRHE RS . o, 1x] B L TR NG
() R R SO BRARAE , 3x3 5 R 3 £ b 45 RUBE BB 1 0
GHILA, 5x5 BRI T8 2 T AR 1 4 Ry 4

fifs B 4% H% BN-ReLUG i AL)5 , 3 i 2h & A
T DR AE Rl o PRS- BRSO 1) 308 T P AF ) T
AN RUBE EAE 7 380 308 4 B Al Sy A A, R L T TR R
VR T B AT RLIEIE RG], i 1] A0 RRIE . 353
R P A ROBE RS 55 R0 4 Jey i SCARRAE A 30 3 4 13

LSS SRy, AR RIEAFIERTOA S 0hae, B
TELHELE
FHARIT
MSDC(x) = ) 1exs DWCBL(x) (8)

K H1: DWCB,(x)=R6(BN(DWC,,(x))), HHDWC,(x)/&
SRR Nes RS, 1AL, MSDC i 38 558 1Y)
A x, HrEIA x BRIEES AT DWCB,, AT
W ENfE, PR AR R

x=x+DWCB;,(x) . 9
3.2.3 B BB (EUCB)

EUCB & — /0 JZFEIE G s g fly , il Z BBt
AP 3 S PERe . Hog Sl UP (upsampling)
AT 2 % ERAERE TV RIS, TR W] 7 B
B FE 2 (6] 5 30 E 2 5 BRI S8, 454 BN-ReLU
TR AR BE RS E HEANAR LM RIRRE ), ReZalid 1x1 B
SIS PRGEIEAERE , A5 7 B, sl g
M ORATE DR 15552 2% B 1 [ IR 4 FHARRAIE B ARG R, 5
MRS 2 RBERIERE T I RILAL . THRA AT

EUCB(x) =C,,;(ReLU (BN (DWC (UP(x))))) . (10)

3.3 AIFI-TSSA &k

T Transformer H A7 A Y H (1% |5 385 1 A 52
HEHAFERNEE /R ek A dEE i s0tae
ZRPE S EBIBCR O T R R, o PER G S T
e A GBI PRE; R, AL B 5 b 52 TUAR S
PGB T, REAURAERIE G

BEXF B R R L, AR SCR L T G2 TH R AE T 4 Y
TSSA (token statistics self-attention) 73: 7 AL " #E47k
o BIERFE GBI, @ TR

MSCB

——O[Convl*l C*Z]—b[ BN ]—-[ ReLU6 ]—-[ MSDC ]—-[Convl*l ]—-[ BN

&

B 5 MSCB &M B
Fig. 5 MSCB architecture diagram

250181 (Page 6 of 16)


https://doi.org/10.12086/oee.2026.250181

V724, % 6 T2, 2026, 53(1): 250181

https://doi.org/10.12086/0ee.2026.250181

//\wa\

[ DWC1*1 ] [ DWC3*3 ] [ DWC5*5 ]

[ BN ] [ BN ]
[ RelU6 ] [ ReLU6 ]

AN

Channel shuffle

B 6 MSDC #:4

Fig. 6 MSDC architecture diagram

TE ] 2 R GET A R AR B 25 ], R Gk
C WG RS B EIE P 22550, S5 A S i R i
KA P ACRRIE 2 B RSE, 51BN RETHZE
S-SR RIELERE o ALRITE ST A R Ak Y
IR, R R AR 45 (Rl 4Rt o 22 S A Al B TP mg
FTHRRET

ARSCH) AN TSSA AL 5 T 5 K Gt 555 He 408 1 U 4
A ER AR Z e RS, TSSA it 254y 54y
RS H AR REOL AT

K
R (2,1 UIEL) =3 Y™
k=1

ii

Zd%@ymwmfmn.m)

3 A (1) 4 i RE [ Z SR A% BRI A S0
AL -

1 K
VARGZ U =~ > U
k=1

T

<nk9

-M@ﬁfkﬁbw wD@Zm@mg, (12)

=D(Zm|Uy)

ARG D E X
D(z,nk|Uk)=Diag(Vf[(Usz)oz <n7:’k 1)]). (13)
T I RS B Al T R ORI -
otz - vkl
I = softmax| — : . : (14)
[EA M 1724

Ko Rl IRESE, Gl RRIE AR RO A A Y fig
WO R E LB, U SE RN, ok
ST BN AR token U, f ()N ARLAE R4 pREL,
Diag (m) 3271 15 53 e ME 23 ] 22 o, A8) J8 R X 7 ISR 5
Vo B AR R R ZSR BB TE | 2 3R i A FRIEJE R
ZH 1) 55 i1 token FEAE 7] 5 . 7E TSSA MR E S,
A2 2] W BE 208 1ok AR R R AE AR 25 A Y RE 5 43 A
SIS TR RN . TEIRBERARET, MR, FF
TERER A BB, AT X aRE2E R BEr
T 1 = N /TR Y N S 11 V& 2 Iy |
AT B AR AL B () DR, HG9R AR 2% T  T R I 6
Rk,
2 e =LK )| e

K
T .
TSSA(Z | WUJE) =~ > UcD (Z.m | Uy) U ZDiag (m)
k=1
(15)

R AT LA ) TSSA 1 i 4o i E IR 48 B L SE
B AR T, SRR 2, (AR b B v 4y
RN E L. HA 2 RGETH RB R shAS T2 R,
FER BR S A5 BB RIS TUAT T, $E T X e
L TS S (&, TSSA JRIREI WA 8 Fs .

£ AIFI-TSSA e i 75 %R B “Wih [ 36 Ik
S Eh A R AR EE” B BRI, B4R (B 5L T A RRAE
PIGETTRAE F S R , DA e 7 A A8 B 54 00y
TEPRER ; FEEAS R, MR R SRR AT 55 Pl K i
TrahSAAe, @i RBRALEDLE FOA [F 375 N = 7oK .
BRI ETE 1 s

EUCB

Up sample I | DWC3*3 [
2X

BN ]—-[ RelLU6 ]—’[ Convl*1

B 7 EUCB &M KB
Fig. 7 EUCB architecture diagram

250181 (Page 7 of 16)


https://doi.org/10.12086/oee.2026.250181

V724, % 6 T2, 2026, 53(1): 250181

https://doi.org/10.12086/0ee.2026.250181

-~

e oo
fi - \ H omplexity
[
O(p) Space
Projected tokens Token statistics Updated tokens O(pn) Time
(UyZ'eRen Diagonal attention
(U7 H Diagonal attention (Head K) }—]
K heads [ II Membership aggregate
'y

—>[ Diagonal attention (Head 1)

~

ZZ+1

/

8 Token Statistics Self-Attention 24 &
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Fig. 9 NEU-DET dataset sample image
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Fig. 10 Tianchi aluminum profiles surface defects dataset sample images
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Fig. 11 Sample images from the GC10-DET dataset
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4.5.3 BERBEXT L
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Table 1 Ablation experiment results

Method Model P/% R/% F1/% mAP@0.5/% mAP@0.5:0.95/% FPS Params/M GFLOPs Model size/M
1 BASE 76.1 67.4 70.0 74.1 414 60.5 19.88 57.0 38.6
2 BASE+A 75.3 71.4 72.4 75.3 42.5 81.1 14.0 42.9 27.5
3 BASE+B 75.9 69.7 71.8 75.1 42.2 57.2 17.95 48.6 34.7
4 BASE+C 81.6 68.0 72.4 74.6 41.8 64.1 19.75 57.1 38.3
5 BASE+A+B 73.5 70.3 71.2 75.8 43.0 70.4 12.07 34.5 236
6 BASE+A+C 83.8 68.4 73.4 76.0 42.4 75.5 13.87 43.0 27.3
7 BASE+B+C 77.4 71.8 73.1 75.9 43.0 61.7 17.81 48.7 34.5
8 BASE+A+B+C 77.8 72.6 74.7 76.7 43.2 78.9 11.94 34.6 234
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Table 2 Comparison of different models

Model P/% R/% mAP@0.5/% Params/M GFLOPs Model size/M
SSD 38.0 41.8 37.7 24.41 141.3 187.0
Faster-RCNN 61.9 69.9 71.9 41.37 134.0 315.0
YOLOv3 70.6 69.6 73.8 61.52 154.6 315.0
YOLOv7 67.1 59.3 67.2 37.22 105.2 71.3
YOLOvSm 76.1 67.9 73.9 25.05 64.0 48.2
YOLOv8m 74.6 69.0 75.1 25.84 78.7 49.6
YOLOv1lm 65.9 75.4 74.9 20.03 67.7 38.7
YOLOv11s 64.8 72.1 74.0 9.42 21.3 18.3
YOLOv12m 63.9 73.4 74.0 19.58 59.5 37.9
YOLOv12s 67.2 64.3 73.2 9.08 19.3 17.8
RT-DETR 76.1 67.4 74.1 19.88 57.0 38.6
RMD-DETR 77.8 72.6 76.7 11.94 34.6 23.4

%3 TREEHIFAE

Table 3 Comparison of different attention mechanisms

Attention P/% R/% mAP@0.5/% Params/M GFLOPs Model size/M
DHSA 77.6 66.5 72.6 12.21 34.9 23.9
DPBA 71.7 69.1 73.3 12.07 34.8 24.8

PA 69.5 68.4 73.7 12.24 34.8 23.9
DA 77.1 69.3 75.9 12.08 34.7 23.7
CGA 75.3 72.7 76.5 11.90 34.6 23.4
TSSA 77.8 72.6 76.7 11.94 34.6 23.4

%4 BHREMNIER

Table 4 Cross-scale performance comparison experiment

Dataset Model P/% R/% mAP@0.5/% mAP@0.5:0.95/% Miss rate/%

RT-DETR 56.5 44.6 48.5 25.1 55.4

NEU-DET
RMD-DETR 57.4 49.1 53.0 26.8 50.9
RT-DETR 48.1 40.9 37.0 21.3 59.1

Tianchi Aluminum

RMD-DETR 429 429 385 23.2 57.1
RT-DETR 61.4 50.8 51.1 24.6 49.2

GC10-DET
RMD-DETR 64.5 52.7 54.4 25.7 47.3
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Table 5 Ablation study on the Tianchi aluminum profile dataset

Model P/% R/% mMAP@0.5/% mMAP@0.5:0.95/% Params/M GFLOPs
BASE 67.6 51.2 51.2 29.7 19.88 57.0
BASE+A 66.8 52.8 52.0 29.7 17.95 48.7
BASE+A+B 56.7 54.0 52.3 30.5 12.08 34.5
BASE+A+B+C 68.8 57.0 53.2 31.1 11.94 34.6
%6 FREEA IR E
Table 6 Comparison of different models
Model P/% R/% mAP@0.5/% MAP@0.5:0.95/% Params/M GFLOPs
RT-DETR 67.6 51.2 51.2 29.7 19.88 57.0
YOLOV8m 49.7 53.6 52.8 29.2 25.84 78.7
YOLOV11m 55.8 49.0 51.9 29.7 20.03 67.7
YOLOV12m 63.6 52.0 51.3 31.1 19.58 59.5
RMD-DETR 68.8 57.0 53.2 311 11.94 34.6
% 7 GC10-DET # 4B % 4 sk i
Table 7 Ablation study on the GC10-DET dataset
Model P/% R/% MAP@0.5/% mAP@0.5:0.95/% Params/M GFLOPs
BASE 724 66.8 67.0 32.4 19.88 57.0
BASE+A 72.7 69.3 68.1 32.1 17.95 48.6
BASE+A+B 71.2 67.2 68.7 335 12.07 34.5
BASE+A+B+C 71.0 71.0 70.0 33.7 11.94 34.6
48 TREAEA LR
Table 8 Comparison of different models
Model P/% R/% mAP@0.5/% mAP@0.5:0.95/% Params/M GFLOPs
RT-DETR 724 66.8 67.0 324 19.88 57.0
YOLOV8m 69.2 62.7 64.5 324 25.84 78.7
YOLOV1lm 62.3 69.6 64.8 333 20.03 67.7
YOLOV12m 63.6 67.2 65.4 33.2 19.58 59.5
RMD-DETR 71.0 71.0 70.0 33.7 11.94 34.6
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Table 9 Comparison of multi-class defect detection performance for different detection models

Dataset Model AP@0.5:0.95/%
Cr Pa In Ps RS Sc
RT-DETR 15.7 41.2 58.3 48.5 29.2 55.6
NEU-DET
RMD-DETR 15.5 43.6 60.8 50.2 32.2 56.7
Bdd Tf Ld Qk Ps Tekl Zd Jp AX Ch
RT-DETR 43.7 27.1 24.9 39.7 2.5 64.5 9.1 47.5 24.8 13.2
PRiikEN)
RMD-DETR 46.1 35.9 24.0 42.7 1.0 64.0 7.3 49.2 26.4 14.1
Cg Cr Ss Ws Wi In Os Rp Ph WH
RT-DETR 54.9 21.1 22.0 46.0 47.9 14.8 31.1 2.3 44.5 39.8
GC10-DET
RMD-DETR 58.3 27.8 21.0 45.1 48.7 135 34.8 3.8 47.0 37.3

W il
s 5 S0e

Noisy image Original image ~ YOLOV8m YOLOV1lm YOLOV12m RT-DETR RMD-DETR

B 12 Az R B

Fig. 12 Detection results diagram
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%%‘f&“ﬂ@ﬁ%i‘%ﬂo Fig. 13 Heatmap comparison results diagram
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Abstract

Objective Steel surface defects such as cracks, scratches, rolled-in scale, pitting, patches, and inclusions are common in industrial

manufacturing and may cause severe degradation in corrosion resistance, wear resistance, and mechanical reliability, which makes accurate

and efficient surface defect inspection essential for quality control. Although deep learning based detectors have achieved promising
results, reliable detection of tiny defects remains difficult because these defects often present small size, low contrast, blurred boundaries,

and large scale variations, while industrial backgrounds contain complex textures and noise that easily interfere with feature extraction.
Two-stage detectors usually require heavy computation and fail to meet real-time requirements, and many one-stage detectors still suffer
from high miss rates on small defects and limited cross-scale adaptability. RT-DETR introduces an end-to-end real-time detection
framework by eliminating non-maximum suppression and leveraging Transformer-based global modeling, which improves dense target

prediction, yet its parameter redundancy and insufficient cross-resolution feature alignment still restrict its efficiency and robustness in
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industrial scenarios.

Methods To address these limitations, this study proposes RMD-DETR, an improved RT-DETR based detection algorithm that enhances
detection accuracy, cross-scale stability, and inference efficiency through three coordinated modifications. First, a lightweight FasterNet
backbone is introduced to replace the original feature extractor, and the partial convolution in FasterNetBlock is further optimized with a
reparameterization strategy to strengthen feature representation under limited computation. During training, multi-branch convolutional
paths are used to enrich spatial diversity and improve learning capacity, while during inference these branches are equivalently fused into a
single convolution operation, which simplifies the computational graph and accelerates deployment without sacrificing accuracy. Second, a
dynamic multi-scale feature fusion network (DMSFPN) is designed as the neck to alleviate semantic inconsistency and misalignment
between high-level semantic features and low-level detailed features, which are critical for localizing micro-defects. DMSFPN integrates a
multi-scale convolution block (MSCB) to capture context information at different receptive fields, where heterogeneous kernel branches
focus on tiny, medium, and large defect patterns, and a channel shuffle mechanism is employed to enhance cross-channel interaction and
reduce feature redundancy. To improve detail recovery in cross-scale aggregation, an efficient upsampling convolution block (EUCB) is
introduced, which combines lightweight convolution operations with deformable convolution based adaptive sampling, thereby mitigating
the feature blurring problem caused by standard interpolation and preserving spatial continuity for small targets. A bidirectional feature
fusion strategy is adopted to enable both top-down semantic propagation and bottom-up detail enhancement, improving cross-resolution
consistency while avoiding redundant repeated computation. Third, to enhance feature interaction under cluttered backgrounds, a token
statistics self-attention (TSSA) mechanism based on statistical feature compression and variational rate reduction is incorporated into the
adaptive feature interaction module, forming an AIFI-TSSA enhancement block. Unlike conventional self-attention that computes pairwise
token similarity with quadratic complexity and high memory cost, TSSA performs global context modeling with linear complexity through
token statistics driven projection and denoising, which reduces computation overhead and improves robustness against redundant textures,
occlusion, and noise. The proposed RMD-DETR is evaluated on three industrial datasets, including NEU-DET, the Tianchi Aluminum
profile surface defect dataset, and GC10-DET, and comprehensive experiments are conducted to verify the effectiveness of each proposed
component, including ablation studies, comparative experiments with representative detectors, cross-scale evaluation by resizing inputs to a
smaller scale, and generalization tests across different industrial scenes.

Results and Discussions Experimental results on NEU-DET demonstrate that RMD-DETR achieves 76.7% mAP@0.5, outperforming
the baseline RT-DETR by 2.6%, while precision and recall reach 77.8% and 72.6%, indicating improved localization reliability and
reduced missed detections. The model simultaneously reduces parameters and computational cost by 39.9% and 39.3%, and the inference
speed increases to 78.9 f/s, satisfying the real-time inspection requirement of industrial production lines. In cross-scale detection
experiments, the missed detection rate decreases from 55.4% to 50.9%, showing stronger adaptability under significant scale variation.
Generalization experiments further confirm the transferability of the proposed design, where mAP@0.5 improves by 2% on the Tianchi
dataset and by 3% on GC10-DET compared with the baseline model. Visualization analysis under Gaussian noise demonstrates that the
proposed method maintains higher confidence and more complete defect coverage, especially for micro-scratches and fine cracks that are
easily ignored in complex textures. These results indicate that the three improvements are complementary: the reparameterized lightweight
backbone improves efficiency while retaining feature extraction capability, DMSFPN enhances multi-scale semantic alignment and detail
preservation, and AIFI-TSSA provides stable global modeling with reduced complexity, enabling the detector to focus on discriminative
defect regions rather than background patterns.

Conclusions In conclusion, RMD-DETR provides an effective balance between accuracy and speed for steel surface defect detection,
achieving enhanced robustness and cross-scale performance across multiple industrial datasets, and it is suitable for practical quality
inspection systems requiring high throughput and reliable detection. Future work will explore further compression for extremely resource-
constrained edge devices and deployment optimization through quantization and acceleration tools to improve engineering applicability.

Keywords: surface defect detection; reparameterization; DMSFPN; AIFI-TSSA; lightweight model
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