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Surface defect detection of bamboo chopsticks with fusion of
multiscale features
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Abstract: Aiming at the problems of low detection accuracy of small targets in the quality inspection of bamboo
chopsticks and leakage of detection when multiple targets are gathered and overlapped, this paper proposes an efficient
bamboo chopstick slice detection method based on an improved real-time detection Transformer (RT-DETR), named
EBCS-DETR. SDSEM module is designed to enhance the expressive capability of shallow features in ResNetl8,
improving the representation of fine-grained details. Second, FasterEMA module is introduced to reduce the number of
parameters in deep layers and accelerate feature extraction in the backbone network. Third, the neck network is
enhanced by integrating CARAFE module with Bi-FPN, which improves localization accuracy for small defective
regions, strengthens discrimination at object boundaries and suppresses background noise. Experimental results on a
self-constructed dataset of 5 400 images demonstrate that the proposed EBCS-DETR achieves mean average precision
(mAP;,) improvements of 3.3%, 3.4% ., and 3.1% over the baseline model across three test sets, consistently
outperforming other state-of-the-art models with comparable parameter counts. In addition, robust experiments further
confirmed the reliability and application potential of EBCS-DETR for detecting defects in bamboo chopsticks slices,
which is crucial for complex production environments. This work provides a novel and effective solution for high-
precision automated inspection of bamboo chopsticks, offering valuable insights for intelligent quality assurance in
similar manufacturing scenarios.

Keywords: bamboo chopsticks defect detection; multi-scale object detection; RT-DETR;attentional mechanisms;feature
fusion
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R-CNND'™ | PPYOLOE"""™* 1 5 #f £ Wl Transformer
(real-time detection Transformer, RT-DETR)" 4t 3 (1
AR IAESE , B AE 25 Talk g 5t p R B A b B

H i E A A 52 R ERAE T YOLO 1B Bk B b A
MAGHEZE , RELE H 2% 18] 2V ¥ % F (space-to-depth
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F M2, ek T BN L A (Printed Circuit Board, PCB)
G B 4 R A7 B 5 20T 5 S BRI, AKX R 2 1 N
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P AY R FR B (convolutional block, Conv_Block) A1 1H 5 He
(identity block, ID_Block) 4, =% X HI7E T stride 44
AR, ARBFFEE 2.3 )21 Conv_Block 4ty SDSEM
L, DL o 1R 2 AR AE 25K AR s RIBT 4628 4.5 2 1ID_
Block ##t N FasterEMA #bk , 78 i /b 2 Bt 1) [ i 42 71
TZAE RS R, IAh TR IR A Hiid s h 5] A CARAFE
5 Bi-FPN, 38 a3 P 25 J8% 60 B9 L SR BE AL 5 300 i) 5 RS o
Tz, 338 /0N B AR B B9 30 FE AL RE D PO S
FET& TR AR A I i
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Fig. 1 Architecture of the proposed EBCS-DETR model
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Fig. 2 The SPD-Conv processing {lowchart

B BRZ.SPD EEHEEGE.AB THARFL R
JEAEAY 2B BUR BG4, SPD-Conv 7EI D F R FE(E
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WA 3 B AR FE L SE i B A AL A B HE
N AR T R AE AL R /N B A . MU &R T
LS TR I M EE, M TN EE R T
FRAE R A RE R R AR Ry W R RT BE b R S A . 7E
/N BARE N L SE B8 A R0 AR T b 28, 5 i R AR

KT e fE B EREE SPD-Conv il SE #5311 3 18 1% ik Fn
TG ) B, -5 R e A R B S A L AR RS R T —
il 25 20T 5 22 Y 5 & SPD-Conv Ml SE fY 4 He——— SDSEM,
AR eSS & CNN F1 Transformer 4G 3, Tk 4 & B 1F
PRI, [R] Ao £ B A B R 3R Am 5 R AR AR O BE Ty . W 4 BF
TR AR LS 4 TR FUZ DWConv, 2 4~ SPD-Conv. £f
i Z SELayer %% & & FUZ DeConv, SK 5 fll & A B,
FTFRA 2 R RHE DL FROR .

SDSEM #5317 A~ B 7] 48 58 Jm) 3 F0 42 JR) B AiE o 19
AT A LA . 58 51 58 R B R AT Y 43 308 i IR B R
DWConv ZbBEfRH X, . #54. AT EJRIEN L8 &

Kl 3 SELayer M4 45#y
Fig. 3 The illustration of SELayer

T DWConv il SPD A #E47 T R AE L X 72 O B OC B Bk
A5 B A 5] I T 48 1 FRAE R 4 B2 . SR L SELayer
VU B 8 DB 58 Hh RRAIE O 45 5 42 JR) 1 5t 58 R R R R
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B BB X, 5 X, i & E R kAT A 5OF o
DWConv JZ 7 — A2 4b I AR R AR 1] . X P A AL
AT 2 REAF B 00 O Hh 25 28 B AR DR 45 3 40 B4 J=) 3 45
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ESLIH
X, = DWConv, (X) [@D)
U = SPD(DWConv, (X)) (2)
X, = DWConv, (U) (3)
V = SE(SPD(U)) D
X, = DeConv(V) (5
Y = DWConv; (Concat[ X,,X,. X, ] (6)

£ RT-DETR #J & T M 4% ResNet F, 1R 2 M4 5
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Fig. 4 The structure network of SDSEM

LR ER AN FRAE TR 2 M M 3 2 )/ i UfE R . A
WE5E 3T SDSEM Btifk T ResNet H8 2 (5 2.3 2
BasicBlock, X ik B B3 58 T VR 2 I B R A0 15
B RE T, R BT ORAh T ¥ )2 B = & R R AE A Bk B, 18 F A
RIS KEE B ROC R A A R BT URR.
1.2 FasterEMA &3k

Chen 27 2 i %8 2> % B (partial convolution,
PConv) 38 3 LAk 273 8] 43¢ AiF $2 I 19 TC 4% 11 53 0 A7 7 (]
Sk B TR S I8 B %% F (floating-point operations per
second, FLOPS), Ouyang %" #& CA 7E & Sy ML 26l [
P EMA R I ALE] B8 AR B A B O R
T, T iE—5 %/ NS ROR 50 588 2 (A 1Y 22 HE
TR AE R X B AN — P SRR T
FasterEMA 8, HE5 R aniEl 5 s, X Fp g & o7 i BEOR
BT ORHENEIE (R R, AT N R R

— X

BN
ReLU

v
Kl 5 FasterEMA [’ 4% 454
Fig. 5 The structure network of FasterEMA

ARG A FasterEMA #d, 2 it ResNet 5% /5 )2
UCRHIE G MR JZ (B 4.5 J2) 1Y BasicBlock, i 5 3 7] 7£
A A0 10 % 508 1 52D T HE 52
P 4 - Al
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1.3 CARAFE #A Bi-FPN &t

RT-DETR " f9 #5 R 451 fil & (cross-scale feature
fusion, CCFF)BLHAER M /N B A Bl b B 77 A8 R R 1 L JE I
S 2 B AR S R RS B 2 B R R R R T
ResNet 1 W 45 By 1R 2 B 4 217571852 30 7 f 07 8 4 4
LA L TR 2 0 2% 170 53 4 48 4 JR i SR G & L HL A
Gy BR R B AT . X 8 &2 ROBE R AR B Rl AL BEOR 4 43
i RE B s B WIS/ H bR 5 R R0
B 7, DT B2 I A6 0k BB . A BIF 5T R 00 M o U7 R 2
CARAFE™' 5 Bi-FPN'""" Pp[fl e > , 5 fli ik 26 Joy B4

CARAFE $#38_FRAE : CARAFE 3l e J8% 1 8 25 A= 1 %
BEAT FRAE A LG 2 A% 3K REAR A8 JR 5 P9 28 19 3 7 b o
HAFHE BEOR BR B L, SUM I S8R T4,

BiFPN # b 3l i B B i fi A W5 0 0FHE P2~P5 B2
(i) 22 S A/ T Y R R YR T ORRAE R
BHRET) IR WD TRAE vl O OB AR AN TE] 6 TR .
TG R R AR AT RIR )R A R AR S, 145 A 1
TN B AR AR I A SR AR BE 7, 2 R R T BRI X A
0P AT 1 S A 8 T B R R

K 6 EBCS-DETR " Bi-FPN %54
Fig. 6 The structure of Bi-FPN in EBCS-DETR
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Table 1 Image acquisition system parameter
J& Tk ZH
PR 5 472 X3 648 pixels
LR 16 mm
5 3k g 722 0.07%
Yrig 280 mm
HLEF 254 mmX 219 mm
RS HH B
LR S TN 60.3 um

ARSI SR AT R DT 900 AR, 3t 3 320 FRIEIMER.

BT B SR ] 5F 2 200 mm X 50 mm , BT 4 A I 3 gk
Fg & E LB AT 5 R T 5T BED A1
G 5 32 Bk g Pl A4 A P 0 5 6 00 1) 2 A B X
L IZ X R/ R 4 352X 128 pixels. FRBHiZ X 385 5 % 3
B AT 128 X 128 pixels BIAT BT A K15, %A PRR
W AT 2550 AR AR ASS TR i A H R 5 /A R )1 5 5 o
BEMTE 5 2 BE L 42 T A B AR [ I R R SRS ANk A
AL T E A

K 1 Label Studio 7 LB AR Bl XY 7 2% W
Ay B 2% T B B R AT A T L A0 98 24 4% (erack) (RS (dirt) VML
B& (rough) BEBE (spot) \ B AF (lack) | [UT4# (groove) il = il
(burr) ARG AN &1 8 Frs . Hir, MR Hi5 7 B8 B2 i 1
THIE A 1 208 4548 L 358 43 F A5 A7 A8 MURS B2k R 1T A B
SE R IR BRBATE 2 o WORE I 25 S 499 KRG DU S L

P8 A e Tk B s

Fig. 8 Schematic diagram of surface defects in bamboo chopsticks

2.2 HIRESEHTNGRIE

AHEFERE 4 500 HRAT T B BA AU R R AE v 5L
A 4 MR 8+ 1+ LAY Lb 4 3 43 S I 2 4 L 36 UE 4R R4
R T VAR )2 AL BE T L IR AR AN AN T T A TR
. BFL YIRS 3 600 Tk BIG . BUF4ELL 450 Tk B,
3 AR Y EMR 450 Tk BB E TN B A0SR 2 FR,

x2 BESEHHEER
Table 2 Details of datasets

A A PR E HE U it /NEFRHE/ Y% th HERHE/ % KEARHE/ %
VIE$ S 3 600 7 693 64.59 31. 99 3.42
LoanS 450 703 63.16 34. 14 2.70
M4 1 450 1174 65. 25 32.54 2.21
Mk AE 2 450 1016 68. 41 27.95 3. 64
izt & 3 450 1052 66. 92 29. 85 3.23
Mt 5 400 11 638 65.11 31.63 3. 26

F 2 ARG T BB E R B AR AR AR R R
/N EBRHE FE A B, /N BB (Area<<32 X 32) tf H % (32 X
32<CArea<C96 X 96) FIK HAR (Area=96 X96), FrA ¥
G f 5 11 638 A H bn. Hob /D H AR b iR R, R

65. 1120, B 2 19/ B s o5 e . I 9 $=4E
7 RRBRBE ST (5 Lo AR B RO AR P SR B Y
bR H 3 IR P R R BT E R T
MURERE AE I S B b E AR 5 T 5 > R D9 e i 8 T
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ARSI 9L LR S 45 2 AMD EPYC 9354 16 11
CPU,64 GBizf7 A7, NVIDIA RTX 4090 24 GB &K
. KR % R Ubuntu 22.04, 9K 8 5 CUDA
12. 6,8 £ /& Python 3. 11. 8 fl PyTorch 2. 2. 2,

SRR S 56 1 2 - 1 L i A A A 34 3 A R fe T TR
AR, N ZRIRECH 100 %, Batch Size 2 16, %y A B 1% 43
R RN 224 X 224 pixels, HE4 R RGB =il il %
@ AR Adam W, B0 16 2% 2 % 0. 001, B &7 R AL
J3 0. 9 AVMEFEW R E 5X107 ", RN ARG —d L
S AR RS AE LA b S B Y A 4R A I 2R L
B UEHCHE R YA IR
2.4 iFMIERR

AW 5T R F Y AT Al 48 AR A 45 2 #0 (parameters,
Params) , T JK ¥% /5 128 B (giga floating point operations.,
GFLOPs) , 5 #5157 % ( the number of frames per second.,
FPS) 1 4 4% & 4 { (mean average precision, mAP),
Params /a1 # ) 240 & GFLOPs £ 7R &l B 4 iE
Bk s FPS 3R 78 B8 70 45 7 b L 10 1] 48 B ik 5 AP 3R K5 )
T R R A mAP JE 220 AP W, H

w7 L A /%
B9 BREEFERR S AR

Fig. 9 Proportion distribution of defect types

FLomAP AR H AR K I AT & v B SR AR . AR
SEIG R, R B FPS & 7E Hii A Batch Size 2 64 ) 3 X
224X 224 fRB A E TR L X 300 YHE R A F ¥ RE AT LA
o FRPRIT R AN .

.. TP
Precision = TP L Fp D)
TP

Recall - m (8)
1

AP = J (Precision X Recall) d(Recall) 9
0

mAP = LEAP; (10

(ST

Ferb TPUFP il EN 23 55 3 7% 2 BH Y | fB BH P LB
PRI, PRSI AP;, Bl AP, o FIEUE TS AR 2SI
It (intersection over union,loU) [#{& .

2.5 SDSEM #3356

W AE EBEE F R, AR SO R A R R S A
19 SDSEM 5 He e 5 58 o 455 20 A I A% 88 I A7 2803 1 3%
W, AR 3 L ARSCRT LT 8 FRASTR] A ek 48 X B R
B ] SDSEM #i e B: #t ResNet 7% 22 /2 i) Conv_Block 7=
A, BT mAPy, PR3 AR b T34 &, 7T DO
FRASTR] 7 48 o] 5 TR0 e A 00 44 1 11 R i

&3 SDSEM BRI
Table 3 Experiments of SDSEM module

S?SEM g T A4 1 M4 2 MR AE 3 Params/ GFLOPs  FPS/fps

# W/ % mAP;, /% mAP;, /% mAP;, /% (X10%)

0 — - 75.3 76.0 73.3 20. 2 58. 6 27
1 3 1.6 77.3 77.7 74.3 20.7 68. 3 26
1 4 1.6 76.7 78.3 74. 4 22.3 68. 2 26
2 2,3 1.7 77.2 78.0 74. 4 20. 7 68. 3 26
2 3, 4 0.7 76. 4 77.2 73.2 22.8 77.9 26
2 4,5 0.0 76. 4 75.7 72.5 30.9 77.8 23
3 2,3, 4 0.5 76.9 77.7 71. 6 22.9 77.9 25
3 3, 4,5 1.1 76. 6 78.3 73.0 31.4 87.5 22
4 2+ 3,4, 5 1.1 76. 1 77.5 74.3 31.4 87.5 22

FIAR R Gl — A~ SDSEM BB i, A2 7 (1 £
Uﬂ“*ﬁgaﬁm;ﬁ‘%ﬂ9mAPm %ﬂ%%? 1.6%° Fﬁfﬁﬁﬁ
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AR 0 4 B R B TG AR ) o512 1]

Pt o A 50 H P-4 TR B Rz A LA B SRR 28 i %8 A R
& T 1 fps. X EH] SDSEM # B B A7 WA 5 () 505 1 Fn & &
o MR OEFH 3.4 B KALFS 4.5 21 SDSEM 4
B4 2 AR 3 PRI e 22 Iz AL BE T, R AE
FH SDSEM i 7E W 28 1% 2 BasicBlock T 43E . 24 1fi
f1F 3.4.5 J2M 3 4 SDSEM #5 B bt , 465 780 52 B0 T Wk A 1
TR (AR T S H i 2

B2 IERECE SDSEM_Block #2 mi A8 B 3F X &
[ J97E ResNet % JZ SDSEM AR 1 40 15 H:AE , 107 5 Ab

SDSEM_Block 7 fi 3 25 A B 4% 40 [A] 850, /™ 25 52 i 155 78 11y
ZALRE S, HE A A Ty kA 3 KR B SR B
I ST AT 5T L B SDSEM_Bleok #5441 Ji
IS 2.3 |2 BasicBlock 19 5 %8, JF 76 b L il | 4k 28
ik,
2.6 IIEIMKLI

MEEIE CARAFE 5 Bi-FPN X 455 15 4 B i 52 i) , A% 3C
TE B B AR X S0 I 4% 3E AT 3 Bl L S, o w/o
RHE L without B4 5 , 5 2T EBCS-DETR # & M 4%

FET ARG AR B 55t M R BRI R T LR R A N 4 B
R4 TEMLKHAEE
Table 4 Ablation experiments results of neck network

) M 1 M 2 it 4E 3 Params/ FPS/

F5 g mAP;,/  mAP; s/ mAP;/ mAPy./ mAP,/ mAP.,/ .. GFLOPs fos

% % % % % %

EBCS-DETR 78.6 45.4 79.4 47.5 76. 4 44.2 18. 4 73.1 19

w/o CARAFE 77.3 44. 8 76.7 46.0 71.4 42.0 18.2 72.8 24

w/o Bi-FPN 74.9 44.0 78.4 46. 5 76.6 43.0 18.0 65.1 20

w/o CARAFE &. Bi-FPN 75.4 43.6 79.2 46. 9 74.4 43.1 17. 8 64. 8 26

i 4 AT, J] CARAFE 5 Bi-FPN 4 # i) #5135 K
2 L SRR FH Y CCFF 3913 ) 45 77 1h M RE 38 4, FL4AOR
Vb AT 1 AT S5 &A1 47, RHAE 3 M4 T mAP,,
SR T T 3.2%.0.2% M 2%, mAPs,s 4> BT T
1.8%.0. 6% 1 1. 1%, WPZEMA4E 1 5 3 P T E . T
M 2 T A BWEHFNEZERBTFEZMWENCNE
bR MR RULE N R 4. B4 AT LLE B KA 2 Tl
Fi CARAFE & Bi-FPN 988U AH L34 CCFF By 488 70 3%
BRFEAR T o 3 S AR B A R 47 5 LAY . AU Bi-FPN &
AR 45 L R FRAR T 2 fps, EAE M4 1 AN CCFF
FH R L BT mAP,, Fl mAPs,.; 43T T 1. 9% F
L. 2% {4 I CARAFE & Bl 350 358 W9 45 f i 3R [ K T
6 fps, fAFEMR4E 3 AN CCEF ik M 4% g8 7 mAP;,

AT 2.2%. AT WL CARAFE BEAT R AE B AR fig 42
FH AL [ A5 D0 R 1 o fE 0 3h 2 A IR AT R AR Y SR
T B AR T £ T R WU, X W S T AR R Y B AT K
R, ¥ CARAFE 5 Bi-FPN MIZ54 5 . BAS I 1 Ak 3515
AR T BORWURA I T e AR T T4 2 J0
HWILLEAHBIRIEHZITE.
2.7 HBRZIE

SEGAIE 3 A e x) RT-DETR-R18 WG (104 S0, 7658
TR %% ResNet H{#i F§ SDSEM. FasterEMA 24 i BasicBlock,
1L R 2% 8 F] CARAFE Fl Bi- FPN BBk, AR SCHE
ARRAR | L8R8 RT-DETR-R18 #E47 14 RS2 46, S5
ERINZE 5 Fis, Hh A {03 SDSEM, B {43 FasterEMA,C
3% CARAFE+BIFPN fdi %0,

RS HEMXE
Table 5 Ablation experiments
M 1 M 2 M 3 Params/ FPS/
e A B C mAP,/ mAPs.,/ mAP,/ mAP; ./ mAP;/ mAP; ./ ,, GFLOPs =
% v % % v % (X10%) ps
Base 75.3 43.4 76.0 44.7 73.3 42.4 20. 2 58.6 27
Base-A 4 77.4 45.1 78.1 46. 6 74.8 43.1 20.7 68. 3 26
Base-B Vv 76. 8 44.3 77.9 45.9 73.2 42.4 17. 3 55.1 26
Base-C v 77.2 44.9 79.2 47.0 74.0 43.1 20. 7 66.9 20
Base-AC Vv v 76.9 44.9 78.7 46.6 75.2 43.2 21.3 76.6 19
Base-AB VooV 75.4 43.6 79.2 46.9 74.4 43.1 17. 8 64.8 26
Base-BC vV 77.1 43.7 77.7 46. 4 74.5 42.9 17. 8 63.5 20
EBCS-DETR v VvV 78.6 45. 4 79. 4 47.5 76. 4 44.2 18.4 73.1 19
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T # K

M 5 AT A, AL T SDSEM 2 B Bt ik 1 Base-A,
SR Params il GFLOPs 554 BERAH L 435 EFHT 2.5%
1 16.6% AHIEWIR A TFHET 1 fps, IF HAE 3 A4
F R IR B mAP;, 514 T 2.1%.2. 1% M 1.5%, %
W SDSEM #& He (1 ok i#F 2 W 3 A 2 Y. Base-B £ A
FasterEMA 2k #E 78 2 1% BasicBlock, Params 1 GFLOPs
S TFRET 14. 4% 6. 0% AH 2 WA LI, X=2H T
EMA FERZAHLHEE T T 0 A7 1 U5 1] i, R 2 A Ak % 45
Tl 3 (4 57 2% JBE 1) 40 X6 B301EL 52 W0 AR %ot A R, L7 i 9 4 A% U
RE F mAP;, 494 F T 1.5% I 1. 9%, AR F+ T
WA B, [ A AR T B AL ) B RE R, b i — 2 R 2 b
PP T LA . Base-C X Hu ik 300 9 45 AR AT H KL £
BEIWUR FRET 6 fps.{H mAP,, W E 3T, o4 2
BIT 3.2% ., XF CARAFE 5 Bi-FPN BE 14 0 485 78 Xf
/N B ARBIEE 52 AL 5 X 43 RE 1. Base-AC 4 SDSEM F1 i
M L BB A B A SR AT R — 2 E I, R F
TIX 8 AR B i, WUR R RER 19 [ps . {HE AN Base-C
TEMIRAE 1A 2 IR R T AXAEIALE 3 h mAP;, 2
FHT 1. 2% AT 4IRS e & 3 Base- AC X B B B K6 I fiE

FIAIT 55, UL SDSEM. B 425 3505 M 245 (1) et #R A
BEARRIRFAE ., HH ] Base-AB B i 2 FI1 Base-A . Base-B
S — R HTROR AR 1) R K & SDSEM #1 FasterEMA 1)
B F AR |5 BasicBlock — 2, 1H A K6 0 A% B 76 1 1 48
2 M 3 AT, Base-BC HHE T Base-B £ T Fi#lk K
A B, R I ORE BE R BT R A, D& 3 R AT
1. 3% .28 CARAFE H Bi-FPN fit 5 FasterEMA £ %5
Ao ARSI R R 3 AR AR R B 8 MBI
BP0 A AE mAP;, 8T T 3.3%.3. 4% 1 3. 1%, M
J5R! Param FRET 8.9%,.GFLOPs EJF T 24.9%, iR
TS 19 fps . {H 3 7F 52 B K Y o 3496 Bl DY
2.8 XfLbsLIE

97 Bk — B B I B 32 1 59 EBCS-DETR #2876 46 I
K BE Rz AR M e O I DL 35, AR BF SR 53 Ah 17 S A
AR R By A PR fE 5 EBCS-DETR #E47 Ho Ak, W b A5 5
45 FTF CNNs AU R BT Transformer AUAET . h 1
WEA -, LR AR % T 5 EBCS-DETR ML S
Bk GFLOPs, JrA Xt i BU7E 3 /430032 2 v BP0 46 U
RN 6 PR,

R6 FTREENILIR

Table 6 Comparison results of different models

LA 1 M4 2 L4 3 i}

2% o mAP./ mAP../ mAP./ mAP../ mAP./ mAP../ Y GrLops T
\ - ’ ) ST (X110 fps

% % % % % %

YOLOv5m 72.5 41.9 72.9 43.100 68.0 39.5 25.1 64.6 62
YOLOv8m 72.1 41.7 72.7 42.900 68. 7 39.1 25.9 79.3 53
YOLOv9Im 72.8 41. 3 72.0 42. 300 68. 6 38.9 20. 2 77.9 49
CNNs- YOLOv10m 68. 4 40. 3 69.7 42. 200 66.0 38.4 16. 6 64. 5 53
based YOLOIlm 72. 4 41.9 72.0 43. 600 67.9 40.0 20.1 68. 5 51
models YOLOI12m 72.3 42.2 74.3 44. 300 67.8 39.9 20. 2 68. 1 45
YOLOF 67.2 37.5 65.5 38. 100 64. 6 35. 8 44. 2 78.5 27
YOLOX 76. 2 43.0 78.8 45. 700 75.0 42. 1 25.3 73.8 21
PPYOLOE+ L 78.0 45. 8 79. 4 0. 481 75.6 43.5 52.2 110. 7 30
EfficientNetV2 75.6 44. 3 74.9 45. 2 72.6 43.0 28.7 71.0 21
RepViT 73.0 42.0 74.3 44. 4 71.2 41. 2 22.6 62.5 20
SwinTransformer 72.5 41. 8 72.1 42.9 69.7 41.5 36. 6 98.1 15
Transformer- DINO 72.9 43.5 74.5 46. 8 71.4 41. 8 47.5 279. 6 5
based Deformable DETR 72.5 40. 8 72.8 41. 6 70.1 38.3 40.0  173.0 9
models RT-DETR-R18 75.3 43.4 76.0 44,7 73.3 42. 4 20. 2 58. 6 27
RT-DETR-R34 75. 4 43.9 76.7 44.9 72.1 42. 1 30. 3 88.9 23
RT-DETR-R50 76.4 43.0 79.4 46. 6 75.3 42.6 42.9 134. 8 12
EBCS-DETR 78.6 45.4 79.4 47.5 76.4 44. 2 18.4 73.1 19

PR L CNN L2 ) 45 700 31 36 L 45 B o ) A% 00 52 3
T Transformer 424 45 54 ) 7 46 90 A% B 7 101 2% B0 8 A4
B, 7EZEE N R A 4E 3 P, AR SO Y EBCS-

DETR # % mAP,, 1 mAP.; 2> 353 T 76.4% M
44.2% F0 L B RE R H T ResNet fE R F T M 4
PPYOLOE+ L, AR EKH B F oz ibee /1. RT-
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DETR-R50 7E AR Z 19 Transformer #5 8 f 4 GEAL IR T 7 3¢
$EH Y EBCS-DETR, 7£ 3 /N4 rh A SCECRUAH b RT-
DETR-R50 mAP,, 4- Al & m T 2.2%.0% Ml 1.1%,
mAP. AW E T 2.4%.0.9% M 1.6%, {H & RT-
DETR-R50 ) GFLOPs £ EBCS-DETR ¥ 2 i, Xt 5
T RT-DETR-R50 i % KA 12 fps, £ YOLO &7l
PRI, YOLO12m S8R R 518 5 44 8 AR B2k A4
SCHT AR AR (H R AN 3 AT SR I R IR B, AR SR
BIA L YOLO12m 78 mAP;, #2724 5% . mAP;,..; 7
T 2%, AL 78 A LA H , EBCS-DETR £ 8L B 4
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Fig. 10 Robustness test data with different proportion of salt noise
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