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Abstract

PCB defect detection is a crucial component of quality control in the electronics manufacturing in-
dustry. During production, PCBs may encounter a variety of environmental and process factors,
leading to complex and diverse types of defects. Accurately detecting these defects is key to improv-
ing production efficiency and the quality of electronic products. In response to the characteristics
of PCB defects, this study proposes a PCB defect detection method that improves the YOLOv11ln
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model by integrating a multi-head mixed self-attention mechanism (MMSA) to enhance detection
accuracy and robustness. By embedding MMSA into the Backbone and Neck sections of the
YOLOv11n framework, and adding a small target detection layer, this approach enhances the capa-
bility to extract and merge features of PCB defects, thus improving the recognition of minute PCB
flaws. Experimental results demonstrate that this method achieves an mAP@0.5 of 94.8% on the
PKU-Market-PCB dataset, which is a 1.6% improvement over the YOLOv11n baseline and surpasses
other mainstream detection algorithms, highlighting its significant advantages in PCB defect detec-
tion.
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1. 5|8

Bt I O PR A R, IR L BR AR (PCB) AR BAC HE T B0 &% h 4 B i Ml . Wi fR PCB fE2E
PE AR P TE B TR R 7 K T SEPE AR RE A OC . KAALIR, PCB kB A 32 ZE AR A0
WAL, ZXMITEAMOEERAT T ELA5 R AR 52 B AR G855 A0 AT A 20, 3 DA B ks
JEER R BB 3 75K

N T RN TR AR BRI, A£G R B ah )57, Wl 535 L XOR #RVERRBIska A B, O
W) 2 N o A IR EETTIRAE T N T A R, AHEATIAEAE BRI I BN B SR B I AR AT ROR A . 3
—pHh, WEFUE SR E S R MR AR, AnRh BN R, SRBEAT SRS A R B 2K
SR, KL T AT R T S 182 AV B S A 2 PRl o

BT ARG, WA 2RAE T — RS B 8 327 SRR BE 7, IS T 4L 2 PCB 1 2 PE AT
SRR CE T REES IR, JUH R B ML (CNN) BB, Ref A 2 W BRI = )=
UCRRAE, BV SRR A8 SUE BA 0 183X — RE A A5R 2 2 ST BRLAE VU5l TRl BRAE B2 2% St
AR e 7 TR I H [ 1]

ASCRM T BGEI) YOLOVL S3E, 38— PR SIHER, L 1TRERT SEI X GG #EAT i fb . i
X YOLOv11 AT B0, ABFFE BAESRTHE A XS PCB BUR th sk Fa RO KRG, JEH IR EEVARE B0 38 N
FAh PCB Bt IR . XA AR & T R B A I AR e, R IR T BRIz AR T, ERE
FEZ AR A 2 A P YR RE R

ASOK A I FPGE Y YOLOVL 1 HETE PCB SRR R, FF H H I Re 5 4% G0 5 2/
A YOLOvIT B 2257 . Il IX e T, A SCE AR RORIREE S S I it PCB SRR, LA iz s
BRI 15 Bl 3 b 57 S5 B2 R

2. HxXTIE
2.1. RIS
V£ = ML (Attention Mechanism) [2]5 58 T X AWM KRG 7T, R Bk B T A ana] 78 &b
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BE R, SR TR E NS, &S SRS . BT Z R T B AE S A B (NLP). i
HHRLD(CV) [3] [4]s B ERAEE AR, TR FE 2 SR 0 A 20 ) 248 v () — b B XML

TEME Mz, ERAIPLRE T S B F RACE, T4 B A R RS EE,
{5450 4% BE A% 1H 3 b SR AR T S A {3 B 1) XS ERRRAIE o X FPHILII A B S 1 4% G BRI 22 9 26 (CNIN)
FIPEI 22 Y 26 (RNN)TE K PR B H . 53045 S A 3 AN REAE Rl 7 T 1D BIR i1

TEH AR ITESS R, “IRA SR EE = 71”7 (MLCAWLEI 518 RUAEGR 148501k B I ) — L 5 R
P, JCHR AR 2 )45 BB A 2 o ARG 1ImIE & 1L, W1 Squeeze-and-Excitation (SE)F Efficient
Channel Attention (ECA) [6], % 14 BB TE FFAE B R A4 0 o —{E, 28 7V lE s s g, £
LEAE LT AT B R BCE A T RIS B 5K, JUHR 2 HUA i n fe 4 45 R B A s E I .

N T R — A @, MLCA SERDRRHE IR 73 8 2 AN PRSI S B e BN FVE = AL, R8T
J i SE LI SEH . X — ki iR 7 AN BESR 1) F [AIRHERE S A3 B AR 0 R BE . AT 58 98 1 W9 28 6t
SRS Bk . AR, 2RI SRS HEE N R ERN, kRS, N T
TEFEE IR RN 20, & HAR I s fteae, rE T 2 KFERE I, 2 kiFE JJ(Multi-Head At-
tention) /24 A HI(Q) BEK)FMUE (V)L B Z A7 [0], EARZRRT 20 PR A R KESE, T
TEFE B IIES PERE IV A SCKREETEE . FRMRESREGERE S, Wit— M FE N phE @ E T =
JIRIZS (MG B LA & 2 Sk B B 22 SkiRE B IALHIE B H A8 FHE R H bRAs il =75 K .
2.2. YOLOv11n =&

YOLO (You Only Look Once) 5 41[7]-[10]2& — FF1 =y 28 H 82 (1) B Asfr il 9%, B 2015 4F i ke
Pk, &7 ZEREMA. YOLO FRAGEE UL RH BATMIAESL . i HERE B 7 AU Wb i As i
FEEEMTE R S ROARTE BARAI . U2 15 o ST I8 B R 48 AR I 25 AU A T 2 3 R,
]2 B AL A DG4, YOLOV L J2& H BT SORT Y YOLO RAS, #8481 FLAhAS A RF IR AR,
ASCAE b /N R B YOLOV L In BB EAT 240k,  YOLOv In [ JEAE AL 2544 WLIZ] 1.
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YOLOv11 i1 Backbone. Neck F1 Head 4 ).

Backbone £ E AR, C3k2 BB, SPPF Al C2PSA Bk, HBRMBHA S 42
BN (It & 0 —1b) Fsam s 8, F TR BUSAE . YOLOV1 T $2 H —Fhr it C3k2 B, 14 N—NSHCH c3k,
ML )E 3k W BN False, BLIFTIEM C3k2 AT YOLOVS 1) C2f, L4 &5k A —5L
ffJ. SPPF (Spatial Pyramid Pooling-Fast)i i /ERFE B EHATA AR/ Nt A IRAE, ks Rt T B4,
N4 380 ] 5 R (AR T S 1 A B e KPR FE AR BE T N RFEIS AR {5 S C2PSA iz
— A C2 R FEIRN T — AN SVER AHLH . YOLOV11 ) Head #2015 F 7 ¥ i #H DWConv (Depth-
wise Convolution), HACEEZE[AIZERE FIER, AFEAHEEE RIS, 0T UG 8080 SHE R EMS
o AT IRAMNAE GG Z B IEIE G B AN, EEREEFRESEE 1 x 1 RS, XA EH
FRIR FE 1] 325 45 8 (Depthwise Separable Convolution), X752 YOLOv11 FIEE.

3. B

AL SBHMHRTAES] [6], 7€ YOLOvIIn FISERE_EVRINTE 2 e L, 454 7 miE s B2 H
FE, DR REE, MEHET BBRE R 2 R E BIEE I, JR a4 3 YOLOvI In
1] Backbone Fll Neck #14y, 3mSR dEAT GREAASIAIRE 77, 05/ YOLOv In Wil 2 fivR. Z23kiRA
HERE SIMMSA) I EARSBUSRUN R : 15 5%, 20 4 NRRIE BT R 3 4 5 1) Py Ak B84 s B2
WAk J5 BOARAE B e i it T Multi-Head Attention MU RIS ATEIR: BEJE, FIF 23k EER IVLEIT
AR A S 25, K EER SR E NSRRI — SR Rk, ST R
& RS BT B R IR E s O TR BREITE 0 2 1 YERIN, KA Hard Sigmoid ¥ B EGHAT
WhEE: BEJE, @ EE R B E AT P R ARG, KRN A R R TR AT
fies BEJE, CBRA R R REER TRIBRHEE; Ba, Ba A s s s RS R IGRHE
BIEATAR I, 19 BRI IE R s, BARE R E I L 3,
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Figure 2. The improved YOLOv11 model structure
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4. LR RER P
4.1. BIEESIEMNIgHR

4.1.1. BigsE

AR FH A 528 PKU-Market 2241 54 45

PKU-Market-PCB #4552 /2 tH AL 50K 228 e LA N TF R SEge = HilfE 7 —/ME % PCB B 4,
ZEAR T K B AESCHRR PCB SRR EE BIVPA FNSGIE . Bl 4R A6 = B E 1) PCB IR, XL E1ER
LITRR T F AR AL R AR 2 HUB A BROIE o X S /2 A\ Aid i Photoshop 3AFAE i, T AER B SEBr
AR, BRONSEBRAE = i AR T R BEARE A SRR R D o SRR RS BEEIR, AEZ 2 E A 451
PCB. ##& BB v g btim, mHOL#ET 17— RV B IE m iR E, QRFmEE, SomfiEsE.

KRS EAR LN 5 RN MERIEEE, o 80% BB NI gRe H TR AL 2k, 20% 5 ik 5 H
TR

4.1.2. FHEFR

A SCAE ISP S5K BE(AP) S P YRE FE B (mAP). 245 (Params) I FPF 1S B X B (GFLOPs)/E i
R FEPPAE TR AR, R WE(FPSIE NS 4R Fr -

P B50KG FE(AP) 2 0 A B2 - e d 28 T I TAR T AU E AR B, B R T RRLAE AN
[l 2K ERHER R R, tFE AR AP:j;p(r)drEEP, p(r) RIELE A IR r B HER .

SPEIRS FE I E (mAP) 2 BT -3 K (AP ME, B3R T — AN S — R bR VPl A 2 7 i
A5 EREEATERE . X TAREN IoU EIEEDBIME, FRATHE 24 mAP {EKTE 2T HIVE GBI M RE,
1 mAP 7£ ToU R{E A 0.5 FGEH F N mAP@O0.5)FI7E ToU M 0.5 3 0.95 KITEE N #FHMEE RN
mAP@0.5:0.95).

BEAL [ 2 50 i (Params) RIS 51 B8 (GFLOPs) 2 i i 8 & % B R CR I B 4R AR . S4B R H
B R BE R A I N A7 75K, T GFLOPs (AL IKIF 538 50) W) 3 B AR AU 75 A B0 m AT 1037 508
U, RATEBALEH TR . SE0M %L ok GFLOPs # s 7 v] fit B B m i FRS B2, (H )
I 0] B S B B A A REFESG AN

RS W% (Frames Per Second, FPS)fiij & [ A5 5 AL B4 N K4 A E, b TSt B o N 2. &
FPS 7 WA B AT DL SE PRt ab 3R 45, AT 38 FH T 75 2 R R 65 10 B FH 3 5

42. IWHESHE

Table 1. The Impact of Batch_size on the Performance of YOLOv11n
%% 1. Batch_size 3f YOLOv11n {4 &ERISZNT

Model Batch_size P R mAP@0.5 mAP@0.5:0.95
8 0.945 0.883 0.929 0.5
YOLOvlIn 16 0.948 0.884 0.931 0.501
32 0.933 0.905 0.937 0.487

ARSI IREIN RN : NVIDIA GeForce RTX 4060 GPU. AMD Ryzen 7 8845HS CPU. pytorch 2.0.1+
Python 3.9, cuda 11.8. A&3(7E PKU-Market-PCB #(#fi4E R H T AHFIMIWIIG SR SHR E, LIS
BEIT: WMARGERANN 640 x 640, FEADIIZRALIKCK /N (batch size) Ay 16 (A [F] Batch_size X 58 )
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s L 1), IZRrItHAR % (epoch)y 300, FIEHE 21N 0.01, HFMENZSERIsEZSHCN 0.937,
A3 IE 5 SGD b ss, R 2Ll E, LI/ELFE & (mum workers)i% BN 4.

43. EWERS S

N T SUETERE A b b BT I 2 Sk TR A B VEE LB B M RE R 2, ARSI Rl A T MMSA VE
B AIHLHI YOLOV1 In #7455 46 1) YOLOvVI In #4777 XF 0 SESG . % 2 BoR T 9 AN Z3LiRA HiERE bl
filf5, YOLOv11n AR MERE AR A . SKIGSE R, 1£ PKU-Market-PCB (#5541, A MMSA i
BANEG, PR EmMAP@O.5)M 0.932 #27FZE 0.948, 25T 1.6%. 4, mAP@0.5:0.95 1 AE
0.5 #&M % 0.515, HHZMM 0.879 T2 0.914, ULEARIAITE 2 R H s LR Ee 158 7t — 01
i

HibFEE, 51N MMSA VERE NG, BARTHE S 28 BE(GFLOPs) A Fri i, (EAE H ARl i) S g i
REFEAR DA B SR FHIE B T LI A 2, W s,
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Figure 5. PR curve comparison before and after algorithm improvement on the PKU-Market-PCB dataset

5. PKU-Market-PCB #(#E & P E X #HFIFRY PR ML XTLEE
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Table 2. Comparison of performance of the multihead mixed self-attention mechanism algorithm

2. ZRRGEERNINHEE LN EREXT LR

Model P R mAP@0.5 MAP@0.5:0.95 FPS GFLOPs
YOLOvlIn 0.961 0.879 0.932 0.5 85 6.3
YOLOv1In + MMSA 0.949 0.914 0.948 0.515 70 10.4

N TR IIE 2 IR A B R IR RE I SE FHE A, AT T IE RS (LK 3). SEERiET
73 R Backbone A1 Neck 1) MMSA #id, B 50 HOW BRI PEBE A HARRE M . S50 EoR: 9] N MMSA
B S, RS EE A AT, (EEA RV R S TR, KRR AR E A T A RS A
H A 2 AR B O A 3

Table 3. Ablation experiment
= 3. HASEIE

Model Backbone Neck mAP@0.5 MAP@0.5:0.95 FPS GFLOPs
X X 0.932 0.5 85 6.3
X N, 0.942 0.494 75 6.8
YOLOvlIn
N X 0.921 0.492 72 8.7
N, N, 0.948 0.515 70 10.4
5. &5iE

ALV T AR AR I AT %, BT PCB SkBE AN U8 sKin a5 SRR, AR J5%/E PKU-
Market-PCB 4l 58 IS TR R AR IS 1, RILH T RAFANZ ARSI Itk . A SR I 5 MY
SR T AR TR R A R HERA 1k, 3809 PCB A7 v (R 3 T e B A I 12 AR 1 A (L P BV S At A0 ST T i
So R, PRI — e R A ] BN, AT RS RR B B 5 VR R T AR SR T A R B R A S5
, DASRIEHZ A RE A s A
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