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Abstract: With the development of electronic products in the direction of high performance and miniaturization, printed circuit boards
(PCBs) , as the core carrier of electronic systems, are becoming more and more complex in design and manufacturing, with more closely
arranged components and a finer structure, which puts forward higher requirements for component detection and defect detection.
Although the target detection models based on convolutional neural networks represented by YOLO have received a lot of research, these
models are only designed for a single defect or component detection scenario, and have a limited effect on the detection of small targets
and dense scenarios. The emergence of RT-DETR has enabled Transformer-based end-to-end detection models to perform excellently in
real-time detection. Therefore, based on the RT-DETR model, this article proposes an end-to-end real-time target detection model
MFSF-DETR, based on a Transformer for PCB scenarios. Firstly, the Faster-CGLU Block is used to replace the Block layer in the
backbone network, the channel attention mechanism is refined, and the entanglement transformer block (ETB) is introduced to integrate
the frequency domain with the spatial domain to enrich the deep semantics. Then, the rep adaptive weighted cross-scale feature fusion
(RAWCFF) is designed to replace the CNN-based cross-scale feature fusion and form a new feature fusion encoder with the cross-scale

feature shift fusion ( CFSF) to realize the deep interaction between neighboring and non-neighboring features. Finally, the proposed
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model is evaluated using the PCB defect dataset DsPCBSD+, the PKU-Market-PCB dataset, the PCB component dataset PCB_WACV,

and the PCB and drone dataset VisDrone2019 to assess its detection performance and generalization ability in PCB scenarios. The

experimental results show that the MFSF-DETR model achieved the highest accuracy of 85.6% , 98.1% ,

and 89.9% in defect and

component detection, respectively, which is 3. 1%, 1.0% , and 3. 8% higher than the baseline model. Meanwhile, the FPS indicators

also reached 120.2, 57. 1, and 71. 8, respectively, achieving efficient and high-precision detection in the PCB background.

Keywords :feature fusion; deep learning; attention mechanism; defect detection; component detection
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Fig.2 MFSF-DETR architecture
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Fig. 3 Faster-CGLU block architecture
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WP, — B AR E R B RG5O — i Stk AT
3 YK RepConv FAEXTRFAESEA T AL, B P8 40y o s A 7
PHE B 11 BRI R 2R G R E R X

H R Y filA A2 o 04 B Rep DWE Block, 56
FIRZMARE X, T RFEZESWERE X, RS,
iefE X', . 5 Rep FGU Block AN[F], Rep DWF Block H il
F T EETHSRZRHE S| 5T 0425 (8] 2 WL 2, HAR
IR IE R AL R 4y, SRS R AR IEACE 455 X
5 X, HEARRHE X, 23 BRI A B
AR X7

Rep FGU Block [R]A{ H 3 F AH 4R )2 R 1E 5| T 19 25
)3 2 DAL 5 3 3 A D ML, R 2 R v R T
K A5 8, ok i EoRFEAS B BB Z 55 1E ,
i SAF B AR AR G 2 1 B2 B85 77, T Rep
DWF Block {7 FH 3 18 14 22 S WL, 76K 12 R AR A
TRZFRAE A 2 A v 0T B8 22 19 0% B8 TR LR R JZ 40y
fFE, FEHIEFRR . RepConv 351 W 44 Il 2R it Py &R 1k
ML ERZ, MR 7 8 0 =S 88 £
Oy 3, HETTIE > SR 51T, CSP g5 AT —ER 4
AL BERUZREAAR, 5 — R R B, ™
TP R i BENS LR F O Z I ARIES B . RAWCFF
W24 Ak 1 5 AF il 6 A%, s 2 B DG T 5 PR A 2
P 55 PR AR i, I8 FErP il AT 28 ) 538 3 T
FIHL, FEAR SR 2 REAEAR LA FE 3 Rl G, B F CSP 2549 1)
RepConv 45 FH W 25 DLBAR A 1T 1 5 S50, A 30F H
TR TR RS B, il TR E RIS 350 T M 45 1Y
FHIERIBRET .

2.6 BREBMUEBMREME

CCFF P& @il 5 #4E RAEAH SR 2 R 1T PRt As
I A H R P15 R 408 2 G )RR PR 22 ) A 8 v A A O
P15 IR A 4B )2 G B R AE TR AR 5 MR AR G, etk s Y
RAWCFF 24 il &5 45Vt TE A F AR S8R R IE 1 22
], N T A 2B HAIEZ B e BT H B S B, A

SCETE T B5 R FRAE RS A7 Bl A Y 2% ( cross-scale feature
shift fusion, CFSF), 5] A T # R EE R AL B 2% ( cross-scale
shift network,, CSN) IR I X g A s R R L
REAZIE I T 3 JRFRIE & 785 . CSN BEHA HIRS i 484
BB B & B YRR IE | DUk 5 AEF 4R 2 P17 15
BACH,, i LS T 15 B B B 2 ml s 89 A7 K4
(cross stage partial parallel pinwheel-shaped conv, CSP
PPC) B L 5 25 = AFAE HEA T b B, A1) i i
RN IEAZ B AR A [7] R H AR B RHAEAR L, S BLAEAR
SRIZGAS AL 2 18] B B kb, Bl 0 25 AR S5 A an 18] 6
NS

____________________________________

T EFCOWHB R BERE U | BRI |
! AERLE HEAERL A RIS AR I !
| G o opor, G QT% OPOP |
] i H [ H 1
1,018 ~obor, Coitb sobol g olor, |
! i 1 i i 1
1 1 P
:\qo-.\_“:____o_i oF, 00 o oor, !

6 CFSF MZRhE 1%
Fig. 6  CFSF network convergence path

1) 5 RERS A RIS

CSN # 3 i 2 RO 7 B 3 ( multi-scale shift
module, MSM) 5 X 4 J& |- XA R ( dual global context
module, DGCM) P74, nE 7 o o g A B4Rk
G TR L T4 S R AE R AR 2 AR R R O Ho R RO
PHER— BT, B 75 MSM H T B R 4
FEOERS AL , 52 PR AH 48 )2 2Z 18] A9 45 B 28 B, DGCM. W 7
RS20 e B E#A 2R T SUE B, X075
TESEAT IR Rl o e, 4% NOBE 2 B B 45 )22 SRR AE
#nlJg RSE 5 5006 S A S5 5 s — R 0 Rl S
TE4 53,

MSM #8434 52 ¥ RUEEHEF I RRAE 7 91 0, 72 B R
JEE A R P61 v 3o BRCRS 438 SE 1 AR E  T RLE 4E B B
HE R A FAE , BRSO RRIE 5 B AR 7 51 D 42, 15 2
FARAHBZ AT BAFEIFF . 44 2 K Ix1 BRREE
EIESIR Gk SRV Ny INEINER LS 1A I SN NESEE Zivd
FROEA: Gt R AN A 8 iR, JE I AR 7 81 A B 3 AR
FERHRRIEREL, 43 5 0 A @ b e, WFRTE B a ik L
1/4 B3 IE IR AR50 R 4 35y 104k a, \a, \a; a,  FF
TE b e REHE. ARG Kk hisE e 1 5 4 5
ST sl 1 AR K5 2 55 3 Har i sh 2 4
RO VAR A s A 4R 4, B0, % e, 5 a, S0 52 3h
BEHEE ¢ &b MENFHERE ¢ R RMEE ¥ a, 5 a,
IR ENRRHER b Ab  AE N RRIER b AN MG R A
RS ALRRIE 5 00 B RBE Y S5 R FRAE P AR Bk T
JERHEAE B RRIE 51
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’
ll XA JR) bR SO

gn il N3
th: 655—) e —> 000 X [

REENF
4

Lm-’ a :
ey

K7 CSN &5ty
Fig.7 CSN architecture

al a2 a3 a4 b1 b2 b3 b4 cle2e3 cd
bl c2c3 b4 cla2a3 c4 al b2 b3 a4
€8 Scale shift 7 K
Fig. 8 Scale shift diagram
DGCM #53 FEZXTALG FAE AT IR & . REE T LG ROCR

A3, Se R A R -2 A R AR ] 23 IEHQEFFREI
SRIGHEH 1x1 BN EIE L 3OfF BT RE, @i
softmax A& Fl 2 [H) 24F 3 RT3 18 248 B 340k 1 o0 o R 24
PR T AR, I A A X 2 R 2 [ 4 32 1 R A
FEIHEAT AL, 5 76 ROBE 4 B8 1 0 42 s - b R &
N S € S W B i )| o o et |1 v
SCTE RS it E Ak, LBR RE4EE |, SR 5 [ AR
A 11 BRI R SUF B TR A, 5 softmax
e BRI I A 25 ) B AR R AR AR R 2 R
JRUBE 2k B A R AR B 2R AT AL, B I 6 25 B) 48 B2 1 g FH 4
JarER AR A2 ) R SOfF B, IR s el 32 4y
X, T ARBES 525 W B AN 2R R E 5%

B SCfE L i TR A2 GRS L RE AR DCE Ak

2) HETESBBO S AT AR TR

T PR RS A S R AR I SRIB RE T, AR SCHE X
%31 ( pinwheel-shaped conv, PConv) ™ Jfill F it T
CSP PPC bk 1A 9 Fi7R , BEHUREMCR T CSP 4654, H:
rh— &R R AFE S AP AT 4245 B ( parallel pinwheel-
shaped conv, PPC) [Z&AbEE | 55 —FB A FRAELR BE , AT 75
B F W AYRERIR

PPC W 2547 fdi FH 3 4~ PConv % F1,3 > PConv
SIINEERE 3.4 5 VR AR RN, DLtk A e ity ek
ZWF, PConv Z5H4NIEl 9 AN FR, R N 5 FRUAL B
3 BB, TSR] 4 R XS AR R N S0E G TR A 2
AR H) B TR, Padding (1,0,0,3) /R ERRAE K9 /|
fi BT R R A, AREREEE R A,
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Caromsmmmsmea

\
(

Padding 3
1,003

Padding 3

Paddin
(C H 1) iy

0,1,3,0)

Padding
(3.0.1.0)

'd

LT AR PCanss ! j i
|
: Convl PConv4 Convl 1 :
I
[ ] % = T
I
# ok

(¢, HH1, W+1)

|
1
| |
| |
| |
| |
|
1
1 (0,3.0,1) c./4, (3, 1)s, | :
|. - (e, @.2.1.0]
I onv > (117 1
|
| .
| |
| |
J

s
]

FATREER

9 CSP PPC %514
Fig.9 CSP PPC architecture

i 2 B 8K S 19 4508 45 BN R AE L E AT Ad B
Conv(1,3)F/R 1x3 MEEE B, Conv(3,1) Fx 3x1 1Y
KB, Il 4 418 RS 20 A R 12 1 38 6 2 B PF
$z 8RR 2% 2 B R R RRE RLEE 5 R R
o BEUZH 3 1) PConv HYIERASZET A 25, M1 Lk 3x3 B
HOINT 177% , WAE R AGEIE R ¢, i 8B K o, BF,3%3
BT E AR K 9¢,c,, PConv {UH 4x (3x1xe, % (c,/4) ) +
4e,c,=Te,c, ,PConv fii FITE DI SHCH MY i T Bk
A7 BT

F£ PPC M2 3 A4~ PConv AT HCE: , R Aok %o iy A
TEHEATAb BT, T A 25 SR DFE | S PRAF 0SSz BT an ] 9 A5 )
iR A5 2 s 2 B AR R B O R 2R T A
RIVERAZ B 0 A7 501 ) A3 08, S S T o A, E RN,
PEHU R ARt AR i R T2 /N H AR It e oK B
b, R RE B R AR B ARAE |, SEBREE T H A o0 BORS B
TENL,

3 XWELERSH

3.1 HiE&E

h T PR TR REIROR AR SCHE 4 A TFEESE
BT T SEEG, A B PCB B BdE 4 DsPCBSD+ ' 5
PKU-Market-PCB™ PCB JG{4#is 5 PCB_WACV"" 57
AHLEHRSE VisDrone20191*

1) DsPCBSD+%#itE

DsPCBSD -+l £ /2 th AR R Ak K2 T AR B i B

IEAFE PCB Bl [ B 42, 7R R 8 B SRR 1, 5
Y4 PTG 28 B B FE L L 3 — 25 Al 4 ol A B
(SH) Z&B(SP) 24 (SC) JFH(OP) B ( MB) %
fL(HB) ‘&L (CS) IR 59 (CFO) FIE:A =9
(BMFO)9 Fli2& 5], A PCB A Ak, G BN 40715 A L
L s RoT R B/N, 5 515 5t ¥, €S, CFO Al
BMFO S5 B2 500 PR B €5, /N 2 L8 AT 5K
=5, BA BN AR 2 BRI 10 259 K
BB MG 20 276 A N THRE ISR B A5, 4 SO 5L
Pas 8+ 1+ 1B LA BEAIL 20 B I 25 4 | 46k 4 5 ) 4
DsPCBSD+E0RAEHAN{E Bk 1 i,

2) PKU-Market-PCB (¥4

PKU-Market-PCB £ 48 £ /& i1 Jb 50 K 2= B el as A
FFL S 5 == AR RS PCB kB 454 48 | A 45 Bk £L ( missing
hole) . . " ( mouse bite ) . W % (open circuit ) | f8 H
( Short) \%ﬁu ( spur) N ﬁﬁ'ﬁﬁ] ( spurious copper) 6 ﬁ‘ﬁ)& Fﬁ%
R, 241 693 SRR IE RIS FI 2 953 A~ BARBRIG . FEoKk EIE
I AR — PRI BLRG |, R oR BUR I 2~ 6 NG
BRAE B FP R BT o RS 5K 85 Bl BOR BOr [A], 2%
S Z (VA A A4, sk T 200 (8] 22 S50 ), AR SCK i
RS 71 : 209 LLAAI B HL 2 BCYI 2R 4R | 5960 UF 4 5 ik
£, PKU-Market-PCB B4 RN B a0k 2 iR,

3) PCB_WACV %iiitE

PCB _ WACV % ¥ £ & B Georgia Institute of
Technology A FF 1) PCB JTA-ESE , Ha1 & 47 7k & 47
KENG 31 TR 62 000 A TT 926, % B 4
HOCIER N 22 AR K, AR &M IR (HR i ook 2R3
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%1 DsPCBSD+HIBEIEMIEE R L 224K, Monfh2Rm 22 5400, T HE2e M,
Table 1 DsPCBSD+ dataset details AFITCEAR AR . AR SCTE R AR S I i —
B2 51 B R FRES SR B 8 TR BEHL L 224 x 224 256 % 256,320 X 320, 384 x 384 .
u 448%448 512x 512 W —F o3 FF 30 17 8k 57, 15 2 364t
el u SH 915 1263 5k EMG ., RS ARSI B AR5 AR,
2533 T35 I PR B AR 25 AN B E 200 AN RSE R, 43 51 R 4
Sl : sp 4584 231 ( connector ) | L, BH ( resistor ) | %8 % ( pads ) | HL ¥
(cap) B M (pins) MK A& (test _point) | & &
(led) B (ic) | HLff HL 2 (electrolytic_cap ) 9 /25l 1)
T — N N oy N
e * 1% B O ELIRRER 8 12 19 L OIBEHLA 265 S0 A
SMERAE  THVESS 1 PCB_WACY SR ETELN(E B 3
Wt oP 1770 s,
= &3 PCB_WACV #iR&EFMER
e g MB 2529 .
& ? Table 3 PCB_WACYV dataset details
; L) SEAFRE) RS R T8
fLiH ﬂ HB 2883 ¥ F
BT - connector 609
» |
S : cs 2 490 =
FELRH I resistor 2 249
RS I H I CFO 1 832 =
=
Pt é pads 359
e m BMFO 1 680 —
i 'J | i cap 2674
Bt 20 276 —
N - 1- 7 S
. pins 360
%2 PKU-Market-PCB #iE&EFHEE 000
Table 2 PKU-Market-PCB dataset details :
FEn=t in|
BRI BERERL AR BURRRE B Wik L] test_point 01
HhfL . missing hole 115 497 S A m led 238
BRI . mouse bite 115 492 e E Ic 413
L. -/
W % . open circuit 116 482 HL AL L 25 a electrolytic-cap 277
J e . short 116 491 ) 7480
4) VisDrone2019 %446
Bl L 13 488 VisDrone2019 a4 & K KA A FF R R ALITE A
MLOLF £ a4  HiT 8 629 5K IE 55 457 066 1> N TR
B . spurious copper 116 503 B"Jiﬁﬁ‘*ﬁ_‘f s /E\:EP !l éﬁ?% 6 471 5k N g/ﬂ\iE% 548 gk N b ﬁt%
1610 5k, HIEANLELERIMHPLEAFR = KR S5HEH
Bt 693 2953

SR A 14 DA AT 5 2 8
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Bl e K B/ Hbn, EEA ST 4
H5AT RS bR, B NTT A (pedestrian) | A (people) |
HAT %4 (bicycle) . FA K 4 (car) . T % (van) . F &
(truck) . =F 4 (tricycle) i FH =% 42 (awning-tricycle) |
NS (bus) JEFCH (motor) , HAR(F EANFK 4 PR,

& 4 VisDrone2019 #iE&EiF M= 2
Table 4 VisDrone2019 dataset details

T2 5 FREFERB PR £ Bk FREEL
ol
A pedestrian 109 187
1\ ‘..

AN (AEZAT) ; people 38 560
BAT% bicycle 13 069
TAFH L car 187 005

i van 32 702
R truck 16 284
=R tricycle 6 387

WEPH =4 % awning-tricycle 4377
NG bus 9117
JEFE A motor 40 378

Bt 457 066

3.2 EWINMESEMGIER

N T ATV BB R PERE , A SCR HI 2 5 B A5 il
IR ) A TEAL FE AR, L FE RS JE ( Precision) A
73R (Recall) 247K FE (average precision, AP) 3%
£ I{H (mean average precision, mAP) % (Params) |
TILIF 548 B (giga floating-point operations per second,
GFlops) \EFFMTEL (frames per second, FPS) . # & & +5

JITA TN S TE 2 AR AR v T B T Sy 1 S A Bl A L
74 [ A Ui I AT S B g TE A A8 A AR v IE A 00 g 1 2
FRRICHE I L, P50 T U LJOKS 52 15 9 [ R by 2 P o i AR
KA, P XK L S (E L ph 25345 B AT I3 691 2400 S
Frth B SN (1) ~ (4) FoR,

. TP
Precision = (1)
TP + FP
TP
Recall = —— (2)
TP + FN
1
AP = [ P(R)dR (3)
0
1 n
mAP = — Y AP, (4)
n =i

o TP Fn RS IE B T 8 1E M FEA, FP R
PRAY R 1R MK B0 ST Ry 1E S REAS | PV 37 A AL 1
K IR0 Ry S S I REA . P(R) KRk L5 4 [m] R
) PREC ZR AP, G i P YHE BE

8 HR Params 5 GFlops W J2 i T 4 #1 fY 3155 55 0] &
R SR A 2 TR A FPS AN SCEHT Batch size
g4 FERE TN B AR b P I A B R AR A B A
8] , A8 A P VR VA A R0 4 L B () 54 , X BB FR AR X T
B ) S BRI B Sia TR0 A EEE L,

ALK PR BT Ubuntu22. 04 24 R 4, B 11 4%
f4.CPU & Xeon ( R) Platinum 8352V, GPU & NVIDIA
RTX 4090, 5 %1 #4 & 3 F Python 3. 10, Pytorch 2. 1.0,
CUDA 12.1 5%, % A & R SF 2 640 x 640, {# H
AdamW flLfbds , W1h65: > 8% 8k 0. 000 125, Batch size
WEN4, HAFEESWES,

RS XBRHRRER

Table 5 Experimental environment information

SR T4 L
BAERSE Ubuntu 22. 04
EIEEETS Python 3. 10
TR 2 HESR Pytorch 2. 1. 0+cul21
GPU NVIDIA RTX 4090
CPU Intel(R) Xeon(R) Platinum 8352V
DsPCBSD+ 100
PKU-Market-PCB 300
I
PCB_WACV 300
VisDrone2019 100
(iR AN 4
Ptk g AdamW
WIhfE > 2 0.000 125
HIPNEEE TN 640x640
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3.3 ELWER

R T RAIE S SR M RE AR SCAM I TE DsPCBSD+,
PCB_WACV 5 VisDrone2019 ¥4/ 4 I 5 H. 4% 8 FhAG
FERIIEAT T 5% LU 525, e PCB_WACV $udi4E Eikfr 1
THRLSEE 8 Fiob) BE AR U A 55 28 B 1) — i B A Y0 5% 74
Faster R-CNN '™ 5 — [ Bt A6 I #5558 Retinanet ™ | SEHT A
M R YOLO & 51 /A YOLOvS . YOLOv10™ |
YOLOv11.YOLOvI2" 5 YOLOX'™ | L 2 MMDetection
i B SRR A7 RTMDet™ 1L MERE I RT-DETR .
S Sk S5 R AN T GRS I AG U B AL Y FPS, 1T Faster
R-CNN 5 Retinanet Jf- 3R 5B Ry AR | BT DAIE A5
FPS,

1) DsPCBSD+3%F Lt 525

9 T BRI R R AE PCB Bl BG4S AT 45 v £t e

fiE, A CAE PCB B BE 4 DsPCBSD+ b kAT 1 %t He 52
¥ 45RINZE 6 frsn . MFSF-DETR #8250
19.86 M 53t & 59.6 G W48 T &% & 9 mAP50 5
mAP50-95, %} kb JE 28 # 80 RT-DETR & HH T 3.1% 5
1.9% , FETM4H Faster-CGLU Block 52052 fill- & X 4%
RAWCFF LAHE IR S50 5HE RS T8 S R 4R
SR RCR (15 MFSF-DETR BRI 7RG N T #4007 il
W2 CFSF Ji , 55K AE AR FE AR Fe I A ST B R AR, A b
I HT B YOLO # 41 52 i) & ] #2 % YOLOvllm 5
YOLOvI2m A A/NEOPEH, KB H A1 YOLOXm 15
T 1% | MAEHERE FE FPS | ik #kJ5 MFSF-DETR 4
AU B M PR R ISR T RE, {0 1202 fps T
YOLOvI2m 5 RTMDet, #3F YOLOv10 5 YOLOv11 ()4
B | 38 ) SSRGS AR (1 K

% 6 DsPCBSD+3{tb LI ZE R
Table 6 Comparative experimental results on the DsPCBSD+ dataset

LT KR/ % B 1A /% mAP50/% mAP50-95/% SR/ GFlops/G FPS,._,
Faster R-CNN 79.7 74.9 81.6 46.0 41.39 208. 0 -
Retinanet 80.5 78.9 82.4 48.3 36. 52 210.0 -
YOLOv8m 79.7 80. 4 82.8 50.2 25.85 78.7 131.1
YOLOv10b 82.3 78.1 82.2 49.8 20. 46 98.7 121.4
YOLOvI1m 80. 1 81.3 83.6 51.5 20. 04 67.7 123.9
YOLOv12m 80.7 79. 1 83.3 50.9 20. 11 67.2 97.1
YOLOXm 83.2 79.1 84.5 50.8 25.3 73.8 73.9
RTMDet 80. 6 79. 4 82.8 47.8 24.71 76.2 85.8
RT-DETR-R18 83.7 77.2 82.5 49.6 20.0 60. 0 130.9
MFSF-DETR 84.8 81.2 85.6 51.5 19. 86 59.6 120.2

ARSCHE—2 %] DsPCBSD+E40 45 r 119 5 S it i A6z )
GEIEAT T 40T, £ S ERBARINRG BE In2 7 IT/R . MFSF-
DETR A 5 BB b A I8 T 2R R85 5 RT-DETR, HAx
AU BA R DR FE 247 $2 7+, MFSF-DETR 7E4R ] | 44
] W BRSSO SR R ST e RS B, L
FEBRBAZE Wi | B AR ) 1 5 AR B R R 45
KBy 2P, M Faster R-CNN., YOLOvl1m, YOLOv12m
YOLOXm 5 RTMDet .75 5. — S Y (4 il i A0 - Je 28 i
TU/NEPES . SR i W | B AR ) LS B
W LA/ RUH R0 B S 1 B0 A5 A S B i £ T o B
I, RAWCFEF 4% 1 3 0 19 R iE il G XA o 2% e g o
e PP S v DA NI B T R R VS (T R VA (= S ]
CFSF M4k 7 540 )2 45 AF 112 22 B0 7 sU ARk 1 7
JZA0 R B S WRIEE G B RS 5 b, (15 MFSF-
DETR BEXT H FrEA 7 ARG 1) 52 7200 . RT-DETR 5 %!
5 MFSF-DETR A& ASAGIASCR T L an &l 10 B

2) PKU-Market-PCB %} 5256

J T 25 B T 4R AL ZE PCB i A A 55
T PERE , 48 SCHE PCB Bk FA 204 4 PKU-Market-PCB I
AT TR S5, SEg 25 S i3k 8 /R, MFSF-DETR
R [FAEZE mAPS0 5 mAP50-95 | HUS T f =4 98. 1%
Y555% ,SEEL T S G B, M L SEZR AR RT-DETR 42 5
T 1.0% 5 1.9% , RAWCFF W% CFSF P4t T £
JZHARHER TR VRN T 25205 BB (4% 20
A5 B F 5, CSP PPC EHUHT > i 22 R B2 H7 (i 15
BTN T H AR A 0 e B2 58 SRR 0, 75 1 0% ) s A 0 A
ORI LSRR TS T 555 ) mAPS0-95, 7EHfE
P FAIRE] T 57 1,40K T YOLOvIOb, YOLOXm 5
RT-DETR 1 &2 S A Rzl i 22K

A2 %) PKU-Market-PCB %5418 48 v i1 4% 24 Gk
BRI 25 SR 4T T 0 M, AN 3 9 B, AH Bb Ik 4R B Y
RT-DETR , T4t i MFSF-DETR #7754 28 5] 5 e
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Table 7 Various defect detection results of the comparative experiment on the DsPCBSD+ dataset (%)
AP50
R
L | Fetil Wit FRLIE fLH FERR SRR EMRY
Faster R-CNN 85.5 80.5 82.4 85.9 77.9 95.9 66. 5 68. 8 90.8
Retinanet 84.3 81.8 82.8 84.8 81.0 96. 1 72.8 69.0 88.9
YOLOv8m 85.9 82.0 84.6 86.6 82.2 96. 6 74.1 67.0 86.4
YOLOv10b 83.7 81.8 81.5 86. 1 81.7 96.9 73.8 66. 4 88.3
YOLOvl1m 87.1 83.1 84.2 84.9 83.4 96.9 77.6 69. 1 86.3
YOLOvI2m 87.2 82.2 83.1 87.0 82.7 97.0 76.3 67.4 87.0
YOLOXm 87.3 83.4 84.3 90. 4 83.0 94.8 77.1 74.2 85.7
RTMDet 88.0 81.7 80. 4 86. 8 81.7 96.3 75.8 68.2 86.3
RT-DETR-R18 87.5 82.3 85.0 90. 1 78.3 96.3 65.9 69.7 87.1
MFSF-DETR 86.8 83.4 87.3 91.2 86.1 96.9 74.3 75.9 88.5
/10 RT-DETR 5 MFSF-DETR K45 X
Fig. 10 Comparison of RT-DETR and MFSF-DETR detection results
%8 PKU-Market-PCB %f b LI 45 R
Table 8 Comparative experimental results on the PKU-Market-PCB dataset
T K /% A 113/ % mAP50/ % mAP50-95/% ZHE/M GFlops/G FPS, _,
Faster R-CNN 85.3 84.4 89.2 45.5 41.39 208. 0 -
Retinanet 84.4 83.5 89.4 45.0 36.52 210.0 -
YOLOv8m 97.2 95.1 96. 6 52.9 25. 85 78.7 54.5
YOLOv10b 94.5 94.0 96. 8 52.3 20. 46 98.7 73.4
YOLOvlIm 96.9 96. 4 97.2 53.5 20. 04 67.7 55.6
YOLOvI2m 95.0 96.3 96.2 51.4 20. 11 67.2 53.6
YOLOXm 95.7 96. 6 97.3 51.5 25.30 73.8 61.5
RTMDet 96. 1 94. 1 96.7 51.2 24.71 76.2 50.9
RT-DETR-R18 94.3 97.7 97.1 53.1 20. 00 60.0 65.6
MFSF-DETR 97.0 98.3 98.1 55.0 19. 86 59.6 57.1
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%9 PKU-Market-PCB ¥ Lt 3L & FEER A 46 245 R
Table 9 Various defect detection results of the comparative experiment on the PKU-Market-PCB dataset (% )

mAP50
AL BRI Wit S Bt TH A
Faster R-CNN 0. 995 0.931 0.926 0. 831 0.812 0. 859
Retinanet 0. 995 0. 869 0. 765 0.935 0. 866 0. 843
YOLOv8m 0. 995 0. 987 0. 966 0.945 0. 962 0.941
YOLOv10b 0.994 0.970 0. 960 0. 965 0. 969 0.949
YOLOvllm 0. 995 0. 986 0. 966 0. 950 0.977 0. 956
YOLOvI2m 0. 995 0.974 0.918 0.975 0. 966 0.946
YOLOXm 0. 995 0. 981 0. 959 0.958 0.976 0.971
RTMDet 0. 995 0. 987 0. 955 0. 969 0. 967 0. 930
RT-DETR-R18 0. 995 0.970 0. 960 0.961 0. 968 0.974
MFSF-DETR 0. 995 0. 987 0. 967 0.967 0. 995 0.978
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Comparison of RT-DETR and MFSF-DETR detection results
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RS2 YOLOv1Ob, ifii RT-DETR 35 %] T % &5 A9 81. 3 fps,
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Table 10 Comparative experimental results on the PCB_WACYV dataset
T FEEE/ % AR/ % mAP50/% mAP50-95/% SHE/M GFlops/G FPS,,_
Faster R-CNN 84.6 79.5 85.5 64.4 41.39 208.0 -
Retinanet 83.3 78.8 84.1 65.9 36.52 210.0 -
YOLOv8m 86.9 79.1 88.3 70.7 25.85 78.7 67.3
YOLOv10b 84.7 80. 1 85.9 68. 8 20. 46 98.7 78.3
YOLOvl1m 87.7 80.2 87.5 69.5 20. 04 67.7 70. 8
YOLOvI2m 87.3 80.7 88.3 70.5 20. 11 67.2 57.1
YOLOXm 79.7 81.7 84.7 62.5 25.30 73.8 68.3
RTMDet 79.8 84.1 86.3 67.0 24.71 76.2 70.9
RT-DETR-R18 79.2 84.6 86. 1 68.7 20. 00 60.0 81.3
MFSF-DETR 86.7 87.2 89.9 72.4 19. 86 59.6 71.8

T T T o A ) 5% e A DAL T B e I B A T 25 0,
BT AR B AY FE IR ] MFSF-DETR U] 7] 38 T NMS #L
il (AR HERE R | SCB T S,

A% PCB_WACV #8419 4 2 e 146
Mg AT T BT, £ 28 TR DUDORS BB an 26 11 TR,
MFSF-DETR 754k B0 RT-DETR KEflf b, B 40kS B #6
33 THTE U HIE ARG LS T R T R
I FERE 7 IR A O R A LU T e
FARIINRS B2, YOLO 30 s 4 1) YOLOv12 m W 7E %
JED IR B T A ARSI A 2 AN AT A, (B A

et AR IR B2 A5 T Retinanet 1 75. 6, 5 H4x
PRETRUAT A K2 | LA TR e L o -, 2 9 i G 45
BRI IRA I B AR b AR AL RS PR P R
A B LR TTIE e rh /N HBR 2 im0 )
AERKNENRCT SRS 2R, 1425 F CSP PPC (17
Y 22 RUBE B AZ B O R AIE 1 4 rh 42 U5 MFSF-
DETR #4752 4 37 5 b W RE T 4 M R £ T/ B s, [F
Akt B ARRY R F 5 T8 28 A8 M0 A 35 58 4 1 365 7 g
RT-DETR B/ 5 MFSF-DETR R AG R 4T e 4n &) 12
FiR

F 11 PCB_WACV XfLL LI &K TSR
Table 11 Various component detection results of the comparative experiment on the PCB_WACYV dataset (% )

- AP50
LT HLEH SN HLA D Wik T ey Hifif 2
Faster R-CNN 77.1 97.4 65.8 97.4 68.7 88.6 97.6 83.3 93.8
Retinanet 75.6 94.2 63.9 95.1 67.2 88.5 96. 8 83.5 92.1
YOLOv8m 81.5 97. 4 70. 4 97.1 76.1 89.2 98.5 87.2 97.2
YOLOv10b 80.2 96.7 63.6 97.3 71.0 87.7 95.5 84.9 96.2
YOLOvl1m 80.6 97.3 69.9 96. 8 70. 1 88.9 96.7 88.6 98. 4
YOLOvI2m 76.9 98.0 70.6 95.3 82.5 91.1 98. 6 85.7 96.0
YOLOXm 67.5 97.6 68. 6 98.1 73.7 82.2 94.7 81.4 98.2
RTMDet 81.7 98.7 68.9 97.2 69.3 86. 1 91.7 84.6 98. 4
RT-DETR-R18 84.9 94.6 58.2 95.2 77.8 86.6 9.1 86.6 96.7
MFSF-DETR 88.8 97.1 72.9 97.5 80. 4 89.7 95.6 88.6 98.4

4) TS

PCB_WACV £it#ls £ b 9 71 Rl 52 g 25 SR i =% 12
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Fig. 12 Comparison of RT-DETR and MFSF-DETR detection results
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Table 12 Results of ablation experiment

s mAP50/% mAP50-95/% SHE/M GFlops/G FPS,,_

RT-DETR 86. 1 68.7 20. 00 60. 0 81.3
MFSF-DETR 89.9 72.5 19. 86 59.6 71.8
MFSF-DETR w/o FCB 88.7 70.8 20. 34 63. 1 73.7
MFSF-DETR w/o0 ETB 88.5 71.8 19. 74 59.3 70.6
MFSF-DETR w/0 RAWCFF 88.8 71.5 21.30 63.0 1.1
MFSF-DETR w/0 CSN 87.7 70.5 19. 09 57.1 71.6
MFSF-DETR w/o0 CSP PPC 88.0 70.9 20. 31 63.2 75.6
MFSF-DETR w/o0 CFSF 87.4 69.2 18.12 50. 6 80.5

MY 5k EFL, w/o CSN 5 w/o CFSF W 375 B0 45 i
CSN 5 CFSF %,

PRI ER A Faster-CGLU Block 5 RAWCFF & | #5171
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FEMFER D T S50 5 R R, DL ATFT BB i
P ETB A5 , B 280 5 A LT A A ER
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B CESF P48 5, BT 08 B 401 2K Je ok 7™ 2, JIE
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AR B FE RZ MR 2] T 10 fps, 2 MR b e iy, 1F
— 4% CFSF 2547 f% 1 CSN 5 CSP PPC Pi#B43 G B84 T
THALSEES , B B CSN 5 CSP PPC H ) PConv 2
Pk BT RS B2 # A BRI 52 M, CSN B LA Y
TR SSEE LI T SR AR AR 2 RN RAE @l A, BT
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0 I %5 4 4 75, RTMDet 76 APL |35 3] 1 #% & 10
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Table 13 Comparative experimental results on the VisDrone2019 dataset

i WMABBRST  ETFR%  GFlops/G  BHE/M AP/% AP50/% APs/% APm/% APL/%
Faster R-CNN (768,1 344) R50 208. 0 41.39 19.4 32.9 9.5 30.9 42.9
Retinanet (768,1 344) R50 210.0 36.52 16.4 27.6 6.0 27.4 42.7
YOLOv8m (640,640) - 78.7 25.85 19.0 33.2 9.0 29.4 41.7
YOLOv10b (640,640) - 98.7 20. 46 19.5 34.5 9.7 30.0 41.4
YOLOv11m (640,640) - 67.7 20. 04 20.3 35.0 9.8 31.2 41.3
YOLOv12m (640,640) - 67.2 20. 11 19.2 33.6 9.4 29.8 38.4
YOLOXm (640,640) CSPNeXt 73.8 25.30 19.8 36.2 11.2 30. 8 41.3
RTMDet (640,640) CSPNeXt 76.2 24.71 18.4 33.5 8.3 30.9 4.8
RT-DETR (640,640) RI8 60. 0 20. 00 19.7 34.8 11.3 30.5 41.3
MFSF-DETR (640,640) - 59.6 19. 86 21.3 37.5 11.9 31.4 42.1

Pl 13 MFSF-DETR il 2 5
Fig. 13 MFSF-DETR detection results
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