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A steel defect detection with fused dynamic convolution and deformable attention
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Abstract: Accurate detection of steel surface defects is a critical aspect of industrial quality control. Especially in precision
manufacturing fields such as mechanical engineering, automotive industry, electronics, aerospace, and artillery barrel production,
surface quality directly determines the safety and reliability of end products. To address the limitations of existing steel surface defect
detection methods, including insufficient multi-scale defect detection capability, high missed detection rates for small and low-contrast
defects, and suboptimal bounding box regression accuracy, this article proposes an improved multi-scale steel surface defect detection
method based on YOLOv11n. A multi-scale dynamic convolution module is designed, which employs parallel heterogeneous convolutions
and a dynamic weight fusion mechanism to enhance the model’s ability to capture multi-scale defects. A dynamic residual fusion module
is formulated, replacing the baseline C3K2 module with grouped convolution and a dual-residual structure. This significantly reduces the
parameter count while improving multi-scale feature fusion and gradient flow efficiency, alleviating the degradation issue in deep network
training. The deformable triple attention mechanism is enhanced by integrating deformable convolution and cross-dimensional interaction,
enabling the attention receptive field to dynamically adjust according to defect morphology, thereby precisely focusing on small, low-
contrast regions and suppressing complex background interference. The Shape-loU loss function is adopted, which incorporates shape and
scale factors to optimize bounding box regression accuracy, addressing the failure of the penalty term in traditional CloU when the aspect
ratios are identical. Experimental results on the NEU-DET dataset show that the improved model achieves an mAP@ 0.5 of 81.9% ,
representing a 6% improvement over the baseline YOLOv11n. The parameter count is only 2. 3 M, and the computational cost is reduced

to 5.9 GFLOPs, meeting the requirements for deployment on edge devices. Generalization experiments on the GC10-DET dataset show a
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4.1% improvement over the baseline model. Visualization analysis and generalization experiments further validate its robustness and

practicality in complex industrial scenarios.

Keywords : steel surface defect detection; YOLOv11n; multi-scale feature extraction; deformable triple attention mechanism; Shape-loU

0 3

T

FAMAERAUE R 54 Tl A Sz it K
R JOMITRAE S 5 U A% O b ) LR T o i 1 e ok
SE LT S A R RN AT REE . BT, AR SN R T
B IN Ji, T A I  RAS I dR A
FETE A =, HERA 15 S8R TR, Je i i 2 B Tl
AP R o PR PE BB AR 7 v BT A I R R R
TR BA RGN T VRN DR B B b AE 77 i B OCH E, 7ERY
I 3 T v SO R O (R HE S R B S R A
F BB ARG | AR 4G I R ARG

ARk B N TR BRI AR TR 2 2] 1z
FHEI BRI R, H AT, 5 T3 2 2T 1 H AR 5
53— B B I BEP RS AN — B B ) SRR
HARE T ( you only look once,YOLO) (5101 o 22 HEAG
(‘single shot multibox detector,SSD) DT 0 = i B ) et [X.
I B 28 W 4% (faster region-based convolutional neural
network , Faster R-CNN)""?! 3 f [X f5§, 45 1 # 28 W) 2%
(mask region-based convolutional neural network, Mask R-
CNN) AR T A il X T 3 T £ 1
GRS A Y H R 18 AN BB 58 42 Tl 12 Al S BRIt H
PR 2, DR MG T AT 5 P T 552 o 4 A 4 T ke o A 0 114
ik, Liu ZE0 R T —Fh 2 KBS A I ) 2% ( detection
network with multiscale , MSC-DNet ) 4414 3 I it [{6 A6; 1) 43
4 AN [ B 5k R 2 Ik 45 FROT AT 424 ( parallel
architecture of dilated convolution, PADC) , 3 5 455 %Y 47 $iE
22 RUBE Gl I 1 0 LA B g B R RS L K R AR
YOLOv8n AYFEAY -, 51 A LiteShiftHead ¥l 3k | $#2F T 4%
RURFAE 42 B0, B AR 113 150 28 A R0OR 5 i e, w2 Ihe
AU BE TR AE 4 T 1 B 4% (feature pyramid network
FPN) #4 @ S A G 11 95 FRAIE 4 TR M 4% ( dynamic sparse
gate feature pyramid network , DSG-FPN) ,}JF?%:% ResNet34
4K, i S A R B TN DL AR R R S R, AT
THEIRG BE S0 . Zhang 557 FE YOLOVS [9 45 55 700 4%
it EsIA CSPLayerRes2 Attention R EME W R AR
e P rp B A R 2k S SR A A X 0 KL A 4 M RE
1. Song 2R HL T —Fh RSTD-YOLOv7 5944 2 i ik 4
K3k | {4 F Swin Transformer #4)# Swin Transformer
S84k VGG ( Swin Transformer RepVGG, STRVGG ) 4t
B I RN LS, AR REAE R 25 B A R
e, EEIESE" R Focal Loss FUMALEE LI Y

A 5N AL 38 W 5 2% 2R R (focal weighted cross entropy
loss , FWCE Loss ) 2 & 451 % pR S0 it A Y o 8] 8 A
FETH A Y R A 35 455 B A K RS B . Chao S FE
YOLOvS fy LAl 5] AMF B 35k 5 £ R E (information
augmentation and multiscale , IAM ) #7554 | i /b 4F
AE R RAE 0] (9 R AE 5 B R SRR 7E YOLOVS
R 32 X 45 v 5] A 23 ] 1) % B2 46 FH (space to depth
non-strided convolution, SPD-Conv) , £ &5 45 B B (I 70 3%
FUGKINRE 1, /N R 5512 BT 8 RURR AR A T 2R A
PR YOLOvIT A B SUARAFAE DF HE AT | 8 5 ml 27 > #L
I AN () J2 G B R AE P AT R . R R AR
TE YOLOv11 B&filt B3cit 1 8A% 55 % el 3k | i 7y
e 5 E AL SR PRI A SR S A I PE RE S T

Tk, A14E YOLOvS \ YOLOvI 1 4535 A 7 | i
TEIE HT H AR IAE 55 rh 2 B €2 (EFE 1 X6 50 A 2% THT
B4 0 Pk AT A7 7R Jmy BR - 1) % 77 180 %5 B8 R R B i
ORI E W) S5 B A % IR S5 W s 22 RUBE 40473 1 Tk
B , FUARR AR S IR 28 1) JEsz B 55 R ik il 5 SRS AT S AN 2
2) MELLTE PRARR R 2 B4 T3] IR 56 1 7 4 Y SE I 1 EE5R 5 3)
BEXHIS FEE U INBRIF 4 38 R BE A R, 5 B0
Kri& g o DAL, ok — e DRy A A de o ARG DA 55 150
FY PR 5 R (R RUAS SE AP ) e A

Ebx BBk AR, AR SCFE YOLOv1 In 3ERE EiE A7 T —
FA T 1) W B 285 AR Mkt o AR SO 2 BTk P AR S
4 51, B0

DR T —4 2 RE s 5 5 B B (multi-scale
dynamic convolution module , MDC) . if i F 17 F A4 %5 B
S A A s, 3 0 b A A ) RUBE 9
fIE, 3 SRASARYN I 2545 S 0 WA R ) 3 42 B8 7, ]
R TR R,

2) Fg g T — Al Ak 25 il A AL B (dynamic residual
fusion module, DRF) . I Fi&R MDC #&bk 1531 T /0 H ¥R
SRR ZE VEH 0 S5 48 , DU LA vh (R R R S
e, W EHR T 2 REERFIERL & S RE R U RE

3) Witk 1 A AR = 0 B I L] ( deformable triplet
attention, DTA ) ff P ZIE A R A = J0i 0 , (i HAE
AT B AE A2 I RE S AR AR ISz B | DA T BERS v b 3R £
TN AR B E A DIl A8 B2 2 s

4) RS T EIREHIER A Shape-loU #5125 k6
B E 0K DRF R DTA — & W14 3] YOLOv1In 2244
i IRLE S ORI RAET AR ) Shape-IoU 14k P T —
AT ARSI AR Y 7 AR b R 2 3R T e s £ 90 B (NEU



5512 1

BRI 45 FlE SRS A TE B A AR Bk e A D 77

surface defect database , NEU-DET) | HJSZEFM AT 7R
(USSR AR FETS, W T TR B

1 i YOLOv1 &3

AWFFELL YOLOvI In Ry SEZR AR E 47 5 11, X% 4K
A TR A R Hp 22 ROBERRAE SR BUR 2 /N H bRl K R
e SATRT b 32 R 0 B8 (] 8T, 5 A M — 2D S TR AR TR
PRGBS a ik, i et —ME RIESIE B,

Input

P& AL AN [R5 B B (0 4 2 Be 7, I AE H LAl Ay
HEBh A 5k 2 il A LB (DRF) , JHH #: #: YOLOvIL
C3K2 et , DR TP 2% 22 ROEERFIE SR ERAE ) . Rkt
AR = Ui B S AL A i A M 4% Backbone A Vi , 75 1
T 2> S AR 0, 14 58 0 26 %o AR b 2% T /) i
RN L2 e R SRR BB ) , 555 R Shape-ToU 24 J5
W 4% i 58 4 22 I kb ( complete intersection over union,
CIOU ) , fiff-the 24 F9UIN AE 55 2 SIEHE Wy bU AR [] P 7 51 0T 2K
A, BAREE R 1 UR

\
I P> —
laas g x
(BT
!

Neck

—.l Concat
(o)
3 Upsample
SPPF
C2PSA
VN

--------

_______

r
)
Upsample

E 1
Fig. 1

1.1 SREDSERER
HRAF TR (AN a0 RR RR ) BoAT 2 R oA
I E R PR REE ARl B R 52 BR T [ J AT 45
Fa i LA SIS 22 ROBEAS [ TR AR R (AT 25 i, XoF Ik, 3

c_ ChEH

Adaptive Avg Pool

~L 1xm
i—>[Conle1] —> [ Softmax | ——— 3

Cx1x1

K 2

Jexke —)x Cx1x1

F
T . .l —

et YOLOvI1 45454

Diagram of the improve YOLOv11 network architecture

T MDC 22 RS A BB, T i 534 73 505 Bl A5 AEE
R HILA , SRR 22 S AR AR AR RE 1, 2 )%
EIEOS oyialU BEN S DIREIS o AN S B RV ey AR I K T A
A A B G sl A A e 4, A5 2 i

(o ——

s
T

3xCx1x1

Z R B 546 FRER

Fig.2 Multi-scale dynamic convolution module



78 %A R F¥ M Fa6H
B AFHIE R X EHCh ¢, 285BI Hxw, # I X AL 4 TRLAEARER Y, mk(3)
Bl FHATRE S L SR BRSNS ENFI LIS iR,
A BEN RS, BRI S, B2 RE S S5 y - 2‘" o (3)

o ORHIEIE R 3 45T AT IR BE AT 43 55 4 R A2 4 B S A
it 3500 1) BT ERSE R b x kAR R SR
fiE52) AKFAPIRBL RS R 1 x m 3R AT 5 T RHAE 5
3) TETREIR, R A m x 1, (m = 3k +2) fiikaEE
TrTARHIE . AT B AN RSB (R P AR5 |
N sl SAEA: il R b g A i H & N
PRt AR 1 x 1 BRVER 3 HFARCE, nzt(1) FiR,

w,, =W, *pool(x) (1)

,H\tF,WW JE I 1 B AR . B B B
I Softmax 5 — b 4b FHL A5 5] 4% 43 S 5 AL, dn
K(2) PR,

eXp(wmsha ed[ (] )
w, = — P (2)

2 exp( O eshaped[ i] )
k=0

,E\EP NANBERE, y, =70 LB RER,
ONFEEPIE SEMERE M RE T, HHl
A — AT SILU S A5 2R 2, insX(4) Fos

Z = SlLU(BN( i softmax,(W,__ + pool(x)) @yi) )
(4)

1.2 HhEREREME

SRR — 2 B T2 R 2 22 IRUBE Sl 1) 4R I 1
5 IR R AL B R i Ak, AR SCRI A 101 TR
MDC £ R AR 9 8 DRF sh 85 FR 2= A
B HZ5 & 3 fis

TEBLHOR F A 44 RS 0 ik 22 v 3 A0 T, B g
R 2 ]ROBE RR A, SR 28 i 0 BE T Ok ), HL Ak

Output

Input

l__.COWl
l 1x1

Norm
Split

Gmupl—»MDC \ 5

: >

s 1x1
W_’MDCJU

K3 shsskzma i

Fig.3 Dynamic residual fusion module

TR B S ARIE G S Ix L B2 TR,
BEJS FEASE 1 ANFR2E T, fRIZHoTh  FRIE R 2 it
IH—Ak b B 5, 38 18 48 B34 R W4 ( Groupl A
Group2) . 434 73 i FI A [A] 46 BURZ )OS (A 3% 3 Al
5%5) B MDC B GEAT R AR B, Y kernels =3 I #E 7
LU TRANRLE 10 Jm) T AR AE , XY kernels =5 B LT K
JAZ T DA RS R R BERRAE . 42 U 09 PR 2 Rk PF
Feimiat 1x1 BREETRG 0T 5 iR AT i 25 %
Fe U AT B SRR . K] AP SRR IR F ALK 2 AR
2 HIT, R G ok 3 — AR BT 45 2k T
( convolutional gated linear unit, CGLU) (24] SIS E
BLEI AL R E AL . TR B RS 56 1 A4
BR 2% FRTT I ) HEAT Bk 22 M 0, SC U RRIE R 0 . A
PR 22 A TCHRAE n G, F R AR SRFRIE 5 00 R i

AATER2E 4 Bl 1x 1 BB I R 501 %
Heid i o AR AR T3 i S 4 4 B i R A1 22 4

PE SR G 22 25 DR P U 51, 7E 3T H 2 RUE R Rl &
RE A RIS, Py 1 R A b A e
1.3 AEE=ZTEEHNE

BB T A R 2R B0 R AR A FAR S IR BUD
Xf FEREAI JEARAS LI (00 5, A G 1 3 L) A A AR
JUITEE R [T 5, X LA ) 325 07 2R 45 Bk I DX R, 5 0 G 4 fiv
1o BT — ) R, A SR AT AR I = on T ) P
DTA @ fl & Triplet Attention ! [ IS4 B AZ H BAE 5
BRI AT 43 85 4% B ( deformable convolutional networks v2,
DCNv2) P Al AR JE R AR BE 7, FEAS I I S H0 (TR
BT ALXT 200R B SR P BEURRE . DTA B RCR T
“ S SO AT - YR e - AR IR SR T RS 4



12 4 UIRETI 25 - Fill G 3 2545 BRC 5 T AR T T 0 1A B e A 79
FaY RO A — e B G - S S A ] 3 M EOG AR IR AN 4 R

H

QE““*

-

i--

e i
A
Ji B | N

Q%Ef

Input

1
j (H
1

Sigmoid
ey,

Output

@

K4 wASE oo Ll

Fig. 4  Deformable triple attention

R A EE R 58 H W o %N k B DCN2

WIEFCH €, 3838 -5 B oy SO ARRIE BV H R e
TR 90° A5 RIEARN WxHXC FIFFIER x, , X x, #6747

Z-Pool #AE B 5 AF 5] 38 18 4 B R 45l 2, 15 BB R N
OXHXC WIRFAE I &), B &7 g DCNv2 15 2Rl
IxHxXC a5, B S5 38 Sigmoid JTE PRECAE A% 1
BHONE o, % o, BT x,, 850 H BT e
90° , WK & JEL i AR AR CxHxW 15 504558 5,
X (5) Fis

v =20 (g (x])) (5)

[Fi) B 3 3 — B B 0 OB B AR LY WS 3 A A
FEFEASRIILAR Ty HXCxW IS AE I &, , B JS #E4T Z-Pool
#24E ,DCNv2 il Sigmoid % sREUE BUE B INE o,
¥ w, BT x, SRJGUT W RS 5E 5% 90° 9k & I 46 i
A%{E@Mk CxHXW 13BN 4558 y,, =X (6) FiR,

¥, =2,0 (,(x, ) (6)

25 (8143 > EARAE TR AR FRAE B x 54T Z-Pool 4, ¥

WA AEROE LG R 2, 158 2xHxW RIS AE I x, , Bl )5 8 it

DCNv2 il Sigmoid i PREAE FE B IIAGE 0, K 0, 1
T 2, MEIGER y,, (7)) Fiw,

yy =20 (P(x;7)) (7)

FF 3 A 53 A R R RGN S B SRR AR

AT TR ERP-38 A B 5 2 R AR 1]y, X (8) T,

1
y=?(yl+yz+y3) (8)

K. o IR Sigmoid WTEBREL; ¢, W, My, FRTETFE
T 3 A SRR k) DCNv2, i F i i
e T F TR A0 T 5 s () A R 0 B S (R TR R 0 4l A
PIATH Y R SCOCHE; MR 51 A DCNv2 By T AZJE R AE,
A TR I IR BT e o T 2 Bl AS TR A T AT AL
P SRR 5 NI

1.4 AFIEHKEH

JRAR A YOLOv T i FH 58 2 38 1 L 31 2% R 8 CloU

1 it FEAE SR R, HZR k=Rt (9) FiroR
p’(b, bg‘) B (9)

Ky B AT S, TR R 5 e LA S 7 A 1 S AE

Lgoy =1 = 10U +

WA A L, e kAT 1, R R = (10)
R,
v
B_(I—IOU)+1J (10)

AP o B IE AT, SR T HE 11 L S (1) B8 52 He— 3L
P, A= (1) s,

t 2
w* w

v arctan m (11)

ATLUE Y, CIOU 4 2k 2% J& 1 i1 FUAE [m] 1) i 5 i A
rh R R BRI BE g b (E Y T AE 5 SEATE BE R LA TR
i, o=0, BAR G LERARF, RTINS, A5 A
Shape-ToU ™" #1 ¢ pREL, 3813 51 AL FHHE F BB IR AR &
7RI 5 . B Se g AR R ww F1 hb, B
115 ELSEHERY T B w® 5 b A NIRRT scale #HE, H
TARIUIE IR X 88 A 5 ) (52 ey, HE 3Rk = an =X (12) 0
(13) PR,

ww = 2 ><“I(wg‘)°“’l° — (12)

()™ () e
2 U (13)
()™ 4 ()=

ok, JWAREE B (distance™™ ) HUB R 2K (M)
B A RN (14) F(15) P,

distance™™ = hh X (x, —x*)*/¢ +ww X (y, —y*)*/c

(14)

arr=y (1-e™)', 6=4 (15)

FF,Shape IOU A R R AN (16) FR o

Lgype-e = 1 = 1ToU + distance™™ + 0.5 x 2" (16)

Hirbr ToU WAZHEL, «, oy, Flla, @y & 43 50 R TSI HE I
FLSEAE A O ARAR a0 b T w0 R 43 ) Sk T AE AL SE
HER V8155, ¢ A PAE fe/NIMERE B X S 2RI B, scale 95

4
v=— arctan
m

hh =




80 % & L F ¥

a6t

Bn A b HAR )R BE ARG B, 13X AT I Shape-loU it
KRB ToU $ 2k pREL JRIRIE B4 JEARIIS 3 AR
Hr BB R, R B A RE A F scale FIALE 2 ww,
hh B AT MBS R FOAE [ B IR R ROEE X R 25 2R 1
SO, PROAE 5 ECSCHE R B RN 5 R

T [ soseme
w
(m---mm---
1
1 (x5 yp)
: e ) h
I b e
(xcé", y{g/) :
1
1
| [~
[ we |

5 TIHE 5 L SAE
Fig. 5 Diagram of predicted box and real box

2 SRIGTEHIE

2.1 SLIGIRES

SCEGIAEEHE HEAE Windows10 R 4%, K A Python 45 #2
5 A Pytorch HEZRUEATFF & . 3&TF Pytorch VR 2% I HE
PR AR YN 25, BRI E R 24 G W AF B NVIDIA
3090Ti . % A KR I3 HEF N 256 pixelsx256 pixels,
PeAbssh SGD, W1 h 24 2 %8 0. 01, sh it S 40k 0. 937,
WEEIRZEFCHN 0.000 5, YZEE N 600, batch size 1% &
128, FLRSCEGEREERC B AN 1 PR,

F1 ZWNERE
Table 1 Experiment setup

Bk it B BT
GPU NVIDIA 3090Ti

BAFRN 24 G

BAERSE Windows 10
Python 3.8
Pytorch 1.13.0
CUDA 11.6
CuDNN 8.3

2.2 SRIGHIESE

AR e 7R AL K 2% NEU-DET'™ 84 b4 Bl i $ic b 42
TFREMISE ., 12 8036 4 9 Bk 1 18 15 R 20 (crazing) | BE R
(patches) (A (inclusion) | IR TH ( pitted surface) |
H ALK (rolled in scale) Dk K XIJK ( scratches ) X 6 28X #4

BBE , FEI B AR A 2 R 300 5K, B R RE AR MR
1 800 5K . FEASCAZEG h AKHE 8 12 LAY L], i F b
LRI AR SoF4E SR A . H v 4% 2 B S5 B
e 6 s,

(b) A&

(b) Inclusion

(c) FeZ%

(c) Patches

(f) RIyR

(d) Pitted surface (e) Rolled in scale (f) Scratches

6 NEU-DET 1) 6 J&ik
Fig. 6  Six types of defects in NEU-DET

2.3 EMiERR

SRy 4 T VA S A 2 T dHe 5 A A 2R 1) 1 R, AR SR
FAE 2% ( Precision) . A 813 ( Recall ) F1°F 4785 FE ( mean
average precision, mAP) VENTFAN AR, X 245 F5 BEAE M
ANTa] £ B B WA L A G BE )

AR A 1 R B TN D ERE A Y 45 SR rh LR
TEREAS I L5 AT ABEAR T 285 SR A e e e, LA
A= (17) Piom,

P (17)
TP + FP

Hr [ TP (true positive ) 27 B AR 7Y 1E 6 00 A 1F B¢
A KR ; FP(false positive ) 27 #AR B4R IR T Ay 1E A
AR AREAR

4 ] R A S P T A L S ) TERE AR B AR AR T A T
W LR R B e8], B 1 BRI NT IEAEA A TR BE T, o

Precision =

ARINA(18) P,
Recall = P (18)
TP + FN

i FN(false negative ) 3 7 #5455 U 45 15 Fi000 A £
FEA B IEREA RS B

SEYIHRG FE (average precision, AP ) J2 4 i 5% — 4 0] R
M2k TR, TR B PP BI R B — 2 1) B AR BE .
HAHFE AN (19) Fios

AP=f1P(R) (19)

mAP JE— LR IR, TG B 242501 B
PRAIBEI R PERE . TR AR DRI AP, SRR SR



5512 1

UIRETI 25 - Fill G 3 2545 BRC 5 T AR T T 0 1A B e A

81

e A PERE , Hat 5 A== (20) s,
mAP =%iAPi (20)

o ¢ FRBHRET A, mAP {H#km BT AE
Bl . mAPO.5:0.95 FRTEZL A ToU BI{E (M 0.5 ~
0.95, 4K K 0.05) FitEAH A mAP,

2.4 HERICIE

AT REA SO A SCR R 2 R S %
TR 4% = FH = ST Shape-loU X & UG A BE 42 T, A
CHETF YOLOvI In (LAY AT 8 ZH 3 Al S0 56, 3 o ik
PEPERGIIX 3 Fh 5 vk R DAl A AT D0 455 30 M B el ik 1) 5
M), SCEEE RN 2 R,

F2 HEXELAR
Table 2 Ablation experiment results
DRF DTA Shape-ToU R/% GFLOPs/10° mAP@ 0. 5/% Params/M mAP/%
74.3 6.4 75.9+0.3 2.6 -
v 77.1 5.9 79. 8+0.2 2.3 +3.9
2 76. 4 6.4 78.2+0. 4 2.6 +2.3
4 75.3 6.4 77.4£0.2 2.6 +1.5
v \ 77.3 5.9 80.420.3 2.3 +4.5
VvV v 76. 8 6.4 79.5+0.3 2.6 +4.6
Y% vV 77. 4 5.9 80. 5£0. 2 2.3 +3.6
vV v vV 77.8 5.9 81.9+0. 1 2.3 +6.0

ASZE LAJE YOLOVT In I 268 1) A6 I 235 SRAE S 1 il 5
YA, 22 2 AT R ] DRF BIH i 45 Rz stk
WL/ MDC & RS WU 5R 22 7 45 1), A o 22 R
FROERLA 687 A A1, SRR TR 5 JR B S8
% 2.3 M,GFLOPs [#% 5.9, mAP@O0. 5 &7 % 79. 8% ,
BRI 2. 1% , £ W DRF 7E0070> 3500 [5) i A 340
S TRRIEFRIARE ST, 2B 3 AT RN DTA 7 & 1 L A
e 2h 5 12 ARG 1o AN 5] 4 5 (3 T8 2k i R0 2 () 4 )
Z A AS BRI R B, [R5 A DCNv2 Fifi ik [
RUBE 3 AR A7 B B FHREARL N HFR AN 289 5t F
FRE4RICRE 1, AR IS e 51t B Wi T,
mAP@O0. 5 # T} % 78.2% , B FIRIETF £ 76.4% . 5 417
JEffi FH Shape-ToU HJ k25 5 | Shape-loU 5] A i1 FAE H
BT ARAN RS TR 7, B G T BB AR B ARARAE , X A6 I 7
MR, R Z B EE A RS B2 A
mAP@0. 5 &R 2 77. 4% , S8 5T R R AR, &
AT 1 FEHE T IR BBURK, Db T IRAAS L 56 5 1T R
T 1 DRF BTN DTA VE 2 b pA I 5 5 ]
IR PR 1) 2H & 584K T Backbone JZ X8 81 26
Bl 2 N B R AE SR BUAE 1, mAP @ 0.5 #E— R TH &
80.4% ,Z ¥ 5 GFLOPs 158 il 75 AR K -, 158 1
DRF ()2 REFMESR IS DTA B35 B 4 B A 5 Ab
PR, LR T TR S A Bk A R FIRE T . 5 6 1T R
IRIN DTA 173 S LIS A Shape-ToU #5781 fit 463
G5 AT mAP@O. 5 35 79. 5% , AR 5 B R 1
I ARBE T R AL 5 A % pR ERCEE R A T 5 SR T T

HIPMNFEER . 55 7 172 T i DRF AL Shape-loU 45
R A I 235 SR, 3% 20 G A R AR BE AU A 2% BE 1 W) B
mAP@ 0. 5 $2F+ % 80. 5% , ¥ — L 10 UE T &5 H 1 1k 55 [l
VAR B SE B AR, 5 8 AT AR U AR e A 45 2 | i
LAEAITE SRR 2.3 M N 5. 9GFLOPs [ 5
FHECET ,mAP@ 0.5 j55) 81. 9% , B I LT 6%, H
BTN TE 2 77. 8% , GRFRW] 3 DMEEHAERRIE S
FER AL S FE [R5 3 AN J2 W A R ] 2L TH]
e SRS i Y 4 T B, LR $ T AR T T 2 R
W, SIS R, Sk A B R B T 5 1Y) 22 R AR
PEHUAE 7, AT LS g i b S s K AR RS 10

B RS YOLOvI In FTEGHE S YOLOv] 1n 4
TR i)y SFORE ] U453 2K Bt 11 2250 U ) 228 Ak il R i A7 X L, 4
7 s,

YOLOv1 In¥
38 S E YOLOV] Inffk
3ﬂ
248-;-'
ool
K23
S
Lo \\‘\‘
13+ MM
08 1 1 1 1 1 ]
0 100 200 300 400 500 600
BRI

K7 B

Fig. 7 Comparison of loss curves



82 % & L F ¥

a6t

TENZAI | Shape-ToU 45 2% A5 21 20 A [l ) 45 2%
(BN RETE b, RO H A TR WS, 7R
|25 JE W 45 SR B, Shape-ToU $51 4% 4 i £ Fa e (i LR T
CloU ik | iX—/E 45 R 54K 2 PIHR LS s 1Y mAP
T H ENIE, §IE B Shape-ToU 3 53 51 AJE R AR (K
+, e AT O AR AT I SR [T
2.5 SMEEAVHIXT LK

g T AEANSE ISR R R TR, 4 v A5 A X AN b
AT R AR D RS 32, 0 R s B 25 22 Bk, /N H
b, (RO U B2 BRBE A TR AL R, A SCHE M 2% Backbone A 3
B DTA JERAHLE, FRE, 0 7 3EIRA DTA R
BUEI A B  TEM 48 el — A0 8 5T AT 4 b 32300 19 1
FIAILE , 43 502 455 — 0 T 3 1 HL ! (squeeze-and-
excitation network ,SE) #FEA: = 5 B0 ( convolution
block attention module, CBAM) AFR1EE /71" (coordinate
attention, CA ) DA % 5 %30 i 1 5 /17! (efficient channel
attention, ECA ) , F£7F NEU-DET %t¥s % | 347 %) kb 5L
55, S5 3 R,

x3 STHEBNMLLIBER

Table 3 Comparison results of various attention mechanisms
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Fig. 8 Visualization heatmaps of various attention mechanisms
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