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FCM-YOLO: A PCB defect detection method based on feature
enhancement and multi-scale fusion

YAN Shu'?, GUO Ying"?!, HUANG Jun'->

(1. Jiangsu Collaborative Innovation Center of Atmospheric Environment and Equipment Technology (CICAEET),
Nanjing University of Information Science & Technology, Nanjing 210044, China; 2. Institute of Automation,
Nanjing University of Information Science & Technology, Nanjing 210044, China)

Abstract: In response to the challenges in PCB (printed circuit board) defect detection tasks, such as confusion between
targets and backgrounds and difficulty in identifying small defective targets, a PCB defect detection method using feature
context enhancement and multi-scale fusion YOLO (FCM-YOLO) is proposed. Firstly, based on the YOLOVSs, the
method introduces a feature re-extraction module in the feature extraction network, incorporating a combination of spatial-
to-depth layers and non-stride convolution layers to reduce information loss and retain features of small targets. Then, a
context self attention module is introduced at the deepest layer of the feature extraction network, leveraging deformable
convolution to extract features of small targets by learning contextual information, thereby enhancing the discriminative
ability between targets and backgrounds and reducing false negatives. Finally, a multi-scale receptive field enhancement
block is introduced in the feature fusion network, strengthening the correlation between feature information through a
multi-branch structure and enhancing the semantic representation of features. Experimental results comparisons on PCB
defect datasets and GC10-DET dataset demonstrate the FCM-YOLO can more accurately identify defective targets. In
comparison with the improved YOLOVSs algorithm, the proposed method achieves a detection accuracy improvement of
4.7% and 3.7 % on these two datasets, respectively.

Keywords: machine vision; defect detection; PCB; YOLOV5; context information; feature enhancement
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FasterNet Block 27! 94.4 0.8 922
FRM 953 1.7 93.7
Biformer 2*! 94.4 0.8 93.7
EMA ) 94.8 12 92.1
CSAM 95.6 2.0 94.4
ppM B% 93.9 0.3 90.3
Scale-Aware

B 94.3 0.7 91.5
RFE Module
MREB 94.9 13 91.2

2.4 XtEESELg

78 46 K A JF 19 PCB Sk [f £ 45 4 L, ¥ FCM-
YOLO 5 F: 3t H AnAr Il 53223047 LA, UL AP mAPfE
IR TR BE (REAN TR FR, AP mAP R B, K6 g
FRLF. SEe A Rk 4 s,

H1 3 4 7] A1, YOLOVT 2K F 138 BVRFAE 2 B &5 4
ELAN, ¥t 1 50 35 [ WX 4%, i 55 3 $1] 92.5 %%, 15 2 ik
RIZ W 28 8 5 5 80 B AR R 25 B E K,
X FHAH] T PCB Sk ill. YOLO-MBBIff H #23))
15 B 5 22 R UL 398 5 A 0E, G RS B2 A /N R T,
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N 95.3 %. Extended FPN 3& T FPN X4 AE1E X A5 Sk
AT A AU ) b, AR RS FE IS 2] T 96.2 %, {H 2 A
FF 542 223445 K i PCB SR . Light-PDD i it
B B IV A ZR T PCB i b )T 80/, M
AR ) 1) R, A5 FE IR 3 T 97.1 %. TR £+ £
) 5 BRI 1 T 2R A RFAE AR B, iR A AR 2, AR Sl
I bR S R IR CSAM 2 2 B %428 5] 16 U
fiE, [R] B 55 4075 SR REAE S B 5 0, 22 )R 86 52 17
R HMREB K K3 58 118 215 B R B &R, o5
AT RFAE SR IO AR 130 245 B E R, REUE £ 1
FRAEAE B TR I, FCM-YOLO IR kS A 5 1
98.3 %, JU I AE B Hil A BRI IX A 7 VR VE (1 200 I,
FCM-YOLO iz i T HAth 5%, B A5 7 s 8. Ele

A FCM-YOLO fE PCB i Ba 24 48 1 1350 70 o] A4k
R 45 51 DL R w5 YOLOVSs IR 45 51 | P
6 T D 5 o AR VR A A s RS AR, R A YA 5 1] R,
T FCM-YOLO g % 55 i s ks W B8k B H A, 4 208
FHRG RG22 AR T YOLOVSs [R5 K T AR vl /3, [A] it
B S B R PCB 3 T S5 P G I 12

9 1 5 UFE FCM-YOLO 7E B3 28 H A5 A AT 55
b 38 1, 1% GC 10-DET $ ¥ 8 34T 5256, 1% 5
PR 10 FREN R R B AL (Pu) JR4E (WD) BT
HIEE I (Cg)s /KBE (Ws)- JHBE (Os)~ 25T (Ss). J 44
Y (In). 5L5T (Rp)~ #TIR (Cr). EHT (W), 7£3 570 7K K
FE B8, 4% 18 5 PCB ik [ 2048 45 A A 1) e A9 K1) 23 1%
Hide. SLIR g Rk S k.

*4 PCBRIGHIEE LANEASHM B ARBEXTLL

method missing_hole mouse_bite open_circuit short spur spurious_copper mAP/%
Faster RCNN 32 91.7 78.2 80.6 84.8 74.8 85.1 82.5
Cascade RCNN 33 91.5 74.9 78.2 81.1 73.9 82.2 80.3
ssp 2! 85.3 70.6 71.7 82.0 67.1 73.2 74.9
YOLOX B4 99.5 91.2 92.5 90.1 86.3 94.4 92.3
YOLOv7 3 99.5 91.8 93.1 93.6 83.9 93.1 9.5
PCB-YOLO ¥ 99.5 90.7 99.5 98.5 90.9 96.7 95.9
YOLO-MBB; B¢ 97.6 94.5 97.3 92.1 94.5 95.7 95.3
Extended FPN 7] 97.1 95.2 93.2 98.4 95.6 96.3 96.2
Light-PDD [1¥] 99.5 97.1 97.7 96.5 94.7 97.2 97.1
YOLOVS5s 99.5 94.0 94.2 94.0 84.5 95.7 93.6
ours 99.5 98.1 98.9 97.8 97.4 98.5 98.3

O oA (b) B i (©) TR (d) fRRZARA (o) fRRRIGREE  (f) fif ok B e K
6 HMR AT LT EE
5 GCI0-DETHEE LANE LS HME EHBEXTEL
method Pu Wi Cg Ws Os Ss In Rp Cr Wt mAP/%
Faster RCNN 32} 94.4 75.1 86.0 59.9 65.5 50.1 24.5 24.4 55.0 88.3 62.3
Cascade RCNN 33 98.4 89.8 94.8 73.0 723 60.2 185 34.6 16.7 66.6 62.5
TridentNet ¢! 945 66.4 95.8 76.7 72.9 67.2 38.7 41.7 38.5 82.1 67.5
Retinanet ! 97.6 76.0 93.6 65.2 53.7 59.2 9.9 21.8 32 82.6 56.3
sspli2 91.6 74.4 92.8 55.2 61.2 68.9 16.8 15.5 52.7 87.2 61.6
Swin transformer ¥ 97.6 86.5 94.6 70.0 64.8 61.6 14.1 28.0 8.3 88.2 61.4
Yolov5ss 9.5 86.1 93.4 78.6 743 60.8 41.9 55.7 41.4 85.9 715
ours 98.4 90.1 932 77.9 76.8 69.0 42.1 58.4 56.6 89.3 75.2

1 %% 5 7] &1: FCM-YOLO #£ GC 10-DET $ ¥ 4=
IR N 75.2 %, B I B — M BRI
BRSRET, L H LI FLT AT R 3K B
B AS R0, R E /N LA AE 55 Ath 285 73 4 AL %
151, A IR $ PR A, AN ) o AS . R RetinaNet 5
A T Focal Loss i 13 8 B4 73 T Ak DL 4y 28 B A,

Swin transformer {f F | 2 SkiE & 758 4 R (5 &, H
S EATR R PERE AR W 2, fE1X 3 28 A MRS FE L 2
fICT 10 Y. 171 T 42 Hh 452 784 i 8% 6 2 b A e s o A
I 78, A AIE B B OB B FRM LR B 5 A 2 90 1 ()RR AIE
5 R, B SCVE R IR CSAM E i W] AR T A R A

IREE ] 73 B AR R IS T AR, S T R P2 2 s 2
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*

F %£39%

(IR FE H A, 88 I A A, D7 4 SR AR IR A 1] . A
SCREH 2 REERHMIE R & 58 H RIS &, DAE A A%
Hhy X 53 AN [F 00, A AR R A T A ) R (] B 3% B
BT Hh SR AE BRI 2 H ARl AT 55 A R4
HIRE S
3 4 @

N T i PCB SR B IUAE 55 H AR RRIE 5 75 5¢
o T ARABA H bR o bl 5 R 1 A 4 ), AN Sk
T YOLOVS5s #F AT Bftidh, #& th 1 — FhRpiE 3 5l 2 R
FE i 1) PCB B A I 77 2 FCM-YOLO. J# i #4) g
RRAE E H2 URBEHR, X% 2 R AR A7 S 4R B, i@ i |
N ORI B T 58 SRR /N B ARFRHE
Fow, AR T R AU A 1) R 5 22 R TR A7 BT 4
SRAR R REAEAR R R AT A AU R, ST 7 BB B Ax
FRE AL e /1. K FCM-YOLO 7£ PCB i 2 4
1 GC 10-DET # 4 5 E b A7 7 SRIR 50 uF, seie 45 R
R T PR A TE B FA AL AT 5 A Ak, 2
Tk, Btk — D AR A AR, AT R > S B R R A
i, A FL AR I IV T 22 (1 R B A WA 5%, 4 A B Y
SR A
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