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CID-YOLO: Improved YOLOv11 PCB defect detection algorithm

Zhong Changbin
(School of Electrical and Automation Engineering, Nanjing Normal University, Nanjing 210023, China)

Shi Jianping Zhu Mengyang Yang Hongkai

Abstract: To address the issues in printed circuit board(PCB) surface defect detection networks, such as low sensitivity
to small defects and low detection efficiency, a PCB defect detection algorithm CID-YOLO based on the improved
YOLOv11 is proposed. First, the C3k2 module is improved by integrating Inception Depthwise Convolution, which.
through a multi-branch feature extraction mechanism, reduces the loss of high-level feature information of PCB surface
defects caused by increased network depth and decreases the number of model parameters. Second. a dynamic
activation mechanism, Dynamic Tanh, is introduced to improve the C2PSA module, enhancing the model’s nonlinear
the CGBD

downsampling module is embedded to improve the recognition capability for special PCB surface defects through an

representation capability, allowing it to better adapt to defect features of different scales. Next,
efficient context information extraction mechanism. Finally, the original classification loss function is replaced. and a
dynamic weighting strategy is applied to suppress gradient bias caused by data imbalance, effectively improving model
generalization performance. Experimental results show that the proposed CID-YOLO model achieves mAP50 and
mAP50-95 scores of 96. 0% and 52. 7%, respectively, on the Peking University public PCB defect dataset, improving
2.4% and 1. 6% compared to the baseline model, demonstrating the effectiveness of the proposed algorithm,
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7] A DSM (dual-domain selection mechanism) 7 2= /1 HL
PLEEFE/IN B ARk P 8 . SR 107 4 et Ak B T I 2% T R Hi) 55 4
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TR A MELAHE S, ERE ST ST YOLOvSn
HEATECHE @ AT 51 160 X 160 f/ H AR AG I 2 IR 474 T
B 5w sk 2 RO I & 0 88, JF R il NWD-EioU
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union) 51 2% B 75 PCB /)N 8 e A6 0RS 2 E AT T 9 3 42
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1B 52 SV Aol AS [ g B AR A B — 40 00 T T A Y B R
Bl B TE /NG B AR IR BE 2 A B 5 55— &6 43 N B
T A 5 A A5 R B SR R B, S OB AL AT A% Y S 1
KT IR Tl #5833 — BRI T 70K B | TR A
R ZR i 2 8] R SR T A 1) A
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BT ERAHT A SCRL YOLOVIT g SR HE S, ARG 3 22 R
FERRESRILRR ) O B HLH S R SUB 25 48 L
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AR T 32 X G 0 2R 0 v A R S R g XU R

EFXF YOLO #RIAE PCB 2 1 Bk B A I A7 76 19 A

+ 182 »

A EEAR PUR AR DB C3k2_IDWC #ib, i it 7e
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YOLOvIL Ay M 45 B4 FT R 432 4 A0 3 41 - A
2 H T R4 S A R I ST 1 TR, A
PSR —F e it 1 CNIN AR A 0 5032 , 38 5 sty 21 i 1) 1 25
S gy 5, S T S A I A e

TERT A ik PCB BIG fiy A M 4%, Backbone #5435 F
Darknet53 #4 &, fff I C3k2 BEHe B 7 Cof #idh, LM £
REFHEAIEI S A . 825 76 SPPF A5 5] AT
2 RE R SIHLH A C2PSA B, LUER T X 56 it X 38 4 18
g J1. Neck 43R FH 18 B & W 45 5 FRE 4735 W 45 4
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H5nl A IDWC TH C3k #1158 35| C3k2 IDWC,
b — B S B0 I [R) IS A 1 KRR AZ B 0 5 ) 2 X PCB il
R O B R A 19 R T 5 SR )5 42 tH — A C2PSA-DyT ¥ & J1 0l
il o B2 T X SR/ Bl B 19 R BE 7 5 UK 7E Backbone 1 Neck
[ R R W LS ey P T = 1 S Wl D T B Y 28
CGBD, i > FF SCRY B & FRAEIF i — B ks 5
51 A EMASlideLoss i 2 bR B #5273 2B 2% i %, CID-
YOLO W45 aniE 2 i,

2.1 C3Kk2_IDWC &k

TE YOLOL1 Ay ZRF rh o B0 BR B R AR B2 B0 R il
A, Re A R A B i R A T A s B
TR IF IR, JUIL N &5 43 P % PCB BT 55 8 it R



5 13 1

A KM E.CID-YOLO: & # ¢ YOLOv11 PCB 54 ml 5 %

Backbone

| Conv —Maxpool2ds{Maxpooi2d-iMaxpoolac

|

YOLOv11n M 4545+

YOLOvI1n network structure

1

Fig. 1

S S

Head

Neck

Backbone

E 2 CID-YOLO W% %5 #)

Fig. 2 CID-YOLO network structure

183



949 B 2 F o

T # K

R, A BB — 45 B Y IR 32 B A PR, A 3R R 4 R A
MAFRREEZZ45HW, FBMERESHERERD L
Fro EEXF PCB 38 MAFAE BY 01 JR 5 T8 A 457 i 45 55 i B R
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T 3 FroR, A O —A4 3 X3 WA 4 DWConv
(depthwise convolutions) ™" FH T4 $i¢ )& 35 408 8 45 4F s — 4~
IX 11 B AR BE R A RO 5 X PCB & 2 b 1] My
ZU DR MR AE SR BURE J7 5 — > 11 X1 3 B R IR BE 45
FR T A 1] L B SRR AIE 5 DL B — 4 Tdentity 1H 55 B
P33 TR B R AR RFIE (S B . X R 15 IDWC R
i W] s il 5 R R A 1Y 5 A R SUAR S, T ) P A FRUR R
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Fig. 3 IDWC module
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G B R E W 5 REERE,

2.2 C2PSA-DyT &kt

R C2PSA B o ] i 38 Ll 48 = T A4 1
PERE (A T 1% G 306 oA EUZE RR AR AR 4 Oy T R R 1, =
SRR L T N RUBE 2275 1 B L R 0 A 2 i R B B
. Ak, 7E C2PSA #idkH 5] A 8 & Tanh (dynamic
Tanh, DyT) 3 36 HL I, 44 8 T i 19 C2PSA-DyT BB,
> PSABlock BT & 71 43 32 FUHT 5t P 2% 4 S2 T34k
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Fig. 6 CGBD module
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65 1) 1 00k SR A B 98 2k 5 DT 110 35 X IERE AR 22 ), 31X
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R I B 2, Sy IR 96 38 SR AR 2k 7E B R IE £ kR
AR S A I AN 2 A SCR T EMASIideLoss fE b o i
YOLOvI1 RN 45 2% bR 4L, 5 76 B0 U1 26 0 72 10 A
SR RPERE . DL — 20 3R m N R R e R L B
AR PREGES B0 T 3l i ASUHL R RN S ERs 3 38 SR e A3
A= 2 F 3 PR .
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fla)=<e", p—01<x<p (2)
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Hodr, xS W00 HE A1 IT 52 HE 19 3¢ IF L (intersection
over union,loU); u JFETHEERE 31 R 3 ST H S5
BIE, HF X ANFHES REEA, BIEmMTE. Y loU
AR T BT 1 — 0. 1B, )50 & SRR AR s 45 ToU fH AR
T s ARFRHMEREA X T DL 7535 2Z (8] AR A, D58 5
BN PR O T AH N AL FE L 125K W S 455 Y BB A T 4 i OG
T3 43 248 M B A e b AR A DA 183 /0 B0 B b ) A
REJT .
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B=p,(1— e )
o, g, 2R TR P BT 000 AE 5 L S HE Y vk R
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FISEE 5 e, XF LT — N R FOIZ ST = R BUE s B, A H)
U646 RS S AU IR B R T SRR R I A 15
S TR R T A I AR VR 5 o 2 A Y e T e k3R Y i
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EMASlideLoss 7E SlideLoss ZEfill 51 A T X 3k ke
AR 9 JIASC R B ML DA A 250 8 it R A AS S A ) R, 38 K
% 2l - 257 pR B A R S ) M e A 2k AR R P o T
b, /N B S H R R B & 0 S B0 3h , ) A R I SR Y
BV SN, AR AR A B R AR A 2 R H AR K
WUAE 55 vh Y 28 A7 5 53 208 BE i — 20 08 2 IR 90 445 1) e 8
et 5z kae

3 XBWERSHN

LI E
ARSI AT Linux20. 04 1 4E R G, b FE 58 R
Inter Xeon (R) Gold 6258R. & JE 4b #1 #% & NVIDIA
GeForce RTX 3090 GPU, 3£ H Python3. 9. 20 11 Pytorchl. 9. 0
My s G 2 I AR, FEaEad CUDA 11. 1 523 GPU i ,
BRI G SR EWNR 1R,

3.1

®1 BEINESH
Table 1 Model training parameters
2R W 2R W
Pk 6 RS 0.01
SE FNIN 640 iR/ NN 32
Warm up True VI 300
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3.2 LHHEE

AR M PCB R SFE A TP IR E B Adb T X
FRRI AR S, ZBEESTHLUT 6 s
27 . Y L (missing_hole) . M (mouse_bite) . J % Copen_
circuit) , J % (short), & #il (spur) K& 4% # (spurious _
copper) o KB 4R B AL 43 B0 A I 2R 4 gk A R0 AR
Wi B 72201, AR B A4 & 693 R BREG KA,
Syl i WA TR, AR SCER AR A T KO B I R A
Rl L€ 2 . 15 0 A5 R R 4 Tk 45 2o A B 1 R R R oF B
LAY 2 5 799 SR EIMR . B B 5 5 A5 B 28 B HL
S o3 ARG LN SR 2 TR

x2 HEEX6LH
Table 2 Distribution of instances in the dataset
e S A S L/ Y
AL 4277 17. 32
BRI 4029 16. 32
T % 4129 16. 72
% 3 865 15. 65
Tl 3980 16.12
A4 4414 17. 87
3.3 iEMiEtR

R R GG A SCHE BT AE PCB i & R AT 55 T i
PEfE , AW FT L B T HEH R (precision, P) . 3 [A] F (recall,
R) . UL K A 2 K5 BF 2 {H (mean average precision,
mAP)YE R M 48 45, B R A5 7 ToU {54 0.5 BT 1Y
mAPGEN mAP50),7E ToU M 0.5~0. 95 JE N LL 0. 05

FHE KA mAP BFEBE GE N mAP50-95) EA+T7
{ZOIF 1538 55 B (GFLOPs) (A5 A1 2 $7 it (parameters)
Hof, mAP50 5 mAP50-95 2 7 8 46 I K B 2% 0 35 F5 .
WH PR 5 mAP {H# 2 1, 28 WAL R A 48 0 4 ik
. HHERITEAX DO~ @ PR,

TP

P=Tpirp b

TP i
R=Tprex )
mAP = %ZAP, 6

Hodp, TP o {8 15 51 BBk 15 3 000 A9 508 FP oA K
L £7 91 {H B 6 5 T A7 1 B 8% i s N O (L 1F 9] H B 33
DA 7 A B . mAP B SR BT A 2 507 YRS B (AP, Bl
P-R iR T B 5 AR HIE .
3.4 HRRZIE

FF mAP50 mAP50-95 MBI S H i 55 4% B SRR bR, A
SCEATTH AR I IE T SR BT, Q3R 3 Fm, SRR AR A
TEAR R AL Y [ I, MRS T mAP50 2 93. 6% Fl mAP50-95
9 51 1Ry FEUEPERE . A C3k2_IDWC Btk )5 , 250 fiit
ST 0 [ B G A BE A T 4R T, mAP50 Fl mAP50-95 43
LR T 0.5% M 0.8% ., A A C2PSA-DyT #i#k )5,
mAP50 Fl mAP50-95 733l 1 0. 706080 1. 1%, H &8 Ml
HARER A, 51 A CGBD F RSB, MR S 5
B R A B (H AR DA i — 2P 2 T, mAP50
mAP50-95 43 B T 1. 5% 80 1. 4%, 242 H EMASlideLoss
PR 0 % oA B R P B 45 2] 3 — 2 {1k, mAP50 il
mAPS50-95 73 il T 2. 4260 1. 6%,

*x3 HBXE
Table 3 Ablation study

YOLOvlln  C3k2 IDWC  C2PSADyT CGBD EMASlideLoss "o/ mAPS0-95/ sugE/  HHR/
% % (X10%) GFLOPs

J 93. 6 51.1 2.58 6.3

N NG 94. 1 51.9 2. 40 6.1

N N N 94. 3 52.2 2. 40 6.1

N N N N 95.1 52.5 3.34 8.8

N N N N 96. 0 52.7 3.34 8.8

3.5 XfLEXRW

1) C3k2 B Xy b S 5

SRy A M A B AR R C3k2_TDWC By 1 Ak 8k 5t , A
SO B fE R A 8] 1% 45 A2 (Feonv' ™Y . DyConv'™® | Pconv'®)
BHX C3k2 @M, ST E5RIK 4 i, 45 RFTW A
LA S B S, IDWC 7 52 5 A0 FAS A B2 L #0 W 35
WA TE, wAh TR E SRR IER G BN R, A 52 3
T LR A BRI A 7 A T R RS
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x4 AEERE C3k2 3tk

Table 4 Comparison of different convolutions improved C3k2

mAP50/ mAP50-95/ Z¥&/ HEE/

&R

% % (X10") GFLOPs
baseline 93.6 51.1 2.58 6.3
C3k2_Fconv 92.9 50.0 4.21 5.5
C3k2_DyConv 94.0 50. 3 3. 46 6.2
C3k2_Pconv 93.9 50. 4 2.19 5.6
C3k2_IDWC 94.1 51.9 2. 40 6.1
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2) AN [R5 2% bR O L

Syt — B EMASlideLoss 190088 Ve , 4% SC7E o ik
JG B YOLOv11 M &% | % Focall.oss. SlideLoss %5 3 i #it
KRB AT X L SE G S A R R 5 TR . A5 AR
Et FocalLoss. SlideLoss 4§ 32 i 5 2% 2R 4, EMASlideLoss 3
PR BT B 4 e mAPS0 35 3 96. 0% . mAP50-95 ik
52. 7% A BIFRIKE] 93. 4%, WIE T HCIE B B ELRE
B b T 3 K S0 AS 357 4 10 S o R AR

RS TREBEIHILE

Table 5 Comparison of different loss functions (%)

WK PR AL mAP50  mAP50-95 R
baseline 95.1 52.5 92.9
FocalLoss 91.4 48. 4 84.7
SlideLoss 94.9 52.4 92.3
EMAslideloss 96.0 52.7 93.4
3) 5 HoAfth 53k Xt b

S PEA CID-YOLO BERSF) P RE L A BIF 50K L 5 2 i 0
FURRAS DN S5 AT 7 R RS2 36 BT AT LS 2 fE 48— 1 K
PRI B T AT, W3R 6 P, A SCH LA S HA
YOLO R 75 %5 Lo i Ji B 35 A 3. e A 00 K 12
7 A SR BUS T 85 (19 mAP50 Fl mAP50-95, 26 W Hik {4

_
open_circuit_0.905
spur_0.850
missing_hole 0.995
081 mouse_bite 0.926
) short_0.976
spurious_copper_0.966
all_classes_0.936 mAP@0.5
0.6
=
.8
= o4t
02F
0 0.2 0.4 0.6 0.8 1.0
Recall
(a) YOLOvIIn

Kk REAL T HABRERY . [ 9 [] 5 2k 3 fi i K- BE RS AT
OS2 B AT e T e R A
YOLOVSnAEARXT TR RE 9 0 254 T AR5 2 B2 42 i 1 15 B
TP SEBL T RS SR R

*6 AREEEZIWTLE

Table 6 Comparison of different algorithm experiments

mAP50/ mAP50-95/ R/ Z¥iE/ HE&/

Sk % % % (X10°) GFLOPs
YOLOv3t  91.7 49.9 81.4  9.52 14.3
YOLOv5n  93.5 51.2 88.4 2.18 5.8
YOLOv6n  94.9 52.1 90.8 4.15 11.5
YOLOv8n  93.7 51.3 89.5 2.68 6.8
YOLOv12n 92.7 50. 7 87.3 2.56 6.3
k24]  94.5 52.5 92.2  2.09 22.6

k9] 94.4 52.1 88.4  2.60 6.3
YOLOvlln 93.6 51.1 88.7 2.58 6.3
AL 96. 0 52.7 93.4 3.34 8.8
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