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Fig. 1 Defect types
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Fig. 2 PCB images before and after conversion. (a) PCB diagram with green
shading; (b) Image after grayscale processing with green shading;

(c) PCB diagram with brown shading; (d) Image after grayscale processing
with brown shading
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Fig. 3 Aspect ratio of defects in the dataset
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Fig. 4 The distribution of defect types and sizes in the dataset
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Fig. 5 Example of minor defects
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Fig. 6 YOLOv8 model structure
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Fig. 7 PCB-YOLO structure
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Fig. 8 SimAM attention mechanism
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Fig. 9 Principle of slicing operation
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w o K G W G TR, AR FasterNet Block 54 C2f B A7
H 11 PConv £&# i BottleNeck *ﬁﬁ{, lﬁjﬁﬂ‘%f# c2f E/‘J%M:%*@Z:Q , Eh
Fig. 11 PConv structure IR — P b 5 AR AE il A B (FasterNet block cross
stage partial fusion, FBC2f), HZ5HUIE 13 fizn. Hik
FLOP1 = hxwxk>x ¢, (®)  RUL, FARHMETREE Gl D BT, i
, HVRAE T I R A, A TR SR 1 R E R
FLOP2 =hXxwXk”Xc,, )

A J. 15 FBC2ERERT, S AHIE AR S WA 4
FLOP1 _ ¢ ' 10y  FEH B A FasterNet block #EATHRFIEASHE, 55—
FLOPY ¢ WA AR R 5 5 A SR RO AT . 26524080
M ¢, WO ¢ WBCRAYIBEENT, PConv MUTEAUTSIR  MUREIERAEZ M YUKAY FasterNet block iz 4bFE, M
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Shortcut=True

| g

F»é»m

hxwxc

hxwxc

B 12 FasterNet Block 244
Fig. 12 FasterNet block structure

FasterNet

hxwxc

hxwxc

FasterNet

[ 13 FBC2f %&#4
Fig. 13 FBC2f structure

MAREHRERZRAE . FERH PConv 18/0 T ITARTT
FRNAEIR], R ERASE AR 2 [BRHE R, RS
Jfifi FasterNet Block fifi i 5 56 Hi 73 5145 2 A RFAE 7K it
WATPHE, DARTHRMERIA M ZRErE . e, d@at—4
GRS X PHE G B RAEEA T8 e, VL RC 5 2ekb
PR A AR XA GEAN{UR S TR FLOPs, 6
RFEFENRT FLOPs, AR/ T AN E 1T A7
RS L, e TR RSE IR T R ],
A RETE
3.2.3 HK R BGE

£ PCB St Fa 80l S b, B H bral o RO B/
EAZH, HbRERREAEA SIS, BIER 36
FE AN A B B A AR i AT SRR . R T R
CloU #2141 FEAE 01 U A 453 25 pREL, i PR ERTE ToU
el Bl ARG SR BRI, DA RO 5 LS AE
FYHLCXT S, NI PRI SR . SR, X A
FEAR TG AR B AL, BRAgG— kit aor .
1M ToU X /1N H AR B9 A7 B f 22 JF #8508, 7E5E T Anchor
AR 2 A S, 2 A o7 B I A% il 25 S BUhR 2843 T
AU, SEMRTIRG R . A TR DX — R, ARCHIAT
—FpIEF Wasserstein #2145 E NWD (normalized
Wasserstein distance)”” S5HrifE ToU 454, #2218 — & L4
AT IMEUS B R 2 P % s, BT NWD X H AR R
AU, IFHAE BRSO N AR AR,
R BRI A5 00 /N H AR . NWD SR 48 i 370 A7 X i
FHESEATERL, IERIFHPIAS ST 201 Z A Wasserstein

T B R DA 10 SAE 2 1] R AL S, Wasserstein 125 A1
BN
W (N, Ny) =

W, ha ! Whp hb '
Cxa,C)’a,?,E s be»C)’b,?,g
2

L N N, S BIMRERBOMAE A FIECSCHE B (1) 4=
oA s (ex., cy) M (exy, cyy) 23 BIAARTTIAE A FIELSE
HE B A H L S AR s w, B by A3 IR TIUAE A 19 58
FUEEE 3wy, B Ay 3 SRR ELSAE B Y 98 BE R 2

Xt W2(N,, No) AT —fbAb B, 155 NWD Ky

\/Wf(Na,Nb))

C

2

(11)

NWD(N,,Ny) = exp[— (12)

Arfr: CRRSEIREACHFE, RISk (28] T AgHF
FEAER, g C BB T HARR P4 xs R,
HAE—EEN, 48R RREr . RIEE 4 St iEL
PREELER, FRE CME N 16, T NWDW,, Ny) KR
THINHE A FESIHE B 2 [8] ) )5 — 1k Wasserstein [ 2,
PR A 2K RS RT3y

Lywp = 1 = NWD(N,, Ny) . (13)

F NWD il loU 254, 15920t J5 ik R B0
WK
Lywpiou = @ X Lywp + (1 —a) X (1 =1oU), (14)
K. o WAE RE, T NWD X/ HAR P4 5
K5 ToU XK BHARRRENE . LR EE, AR
ol 0.5,
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4 LWERRHH

4.1 LWIESITNIER

AR 30K H A Win 10 £48, CPU A Intel Core i7-
12700KF, GPU & NVIDIA GeForce RTX 4060Ti, #i#%
5 & Python 3.9, Rk HI AU IR & 2% > HE 42 )& PyTorch
L12.0 HE42 . CUDA fifiAs /& CUDA 11.6. 7EREEII i
i, i edsik FRENLES B T R (SGD), WIhh~ > X
7 0.001, SESHLE R 0.9, HEFRRLCH 0.0005,
HRSBHIFE RGN E . FA KRR E S 640 pixelx
640 pixel, HLALFE A/ (batch size) % & HJy 16, VIZk%e
% (epochs) &1 200 #.

AT VPG L AR g, SE 8 e S AR
(mean average precision, mAP) {E > FEEMFEFR, H
FEE (precision, P). A 813 (recall, R) I -4 B (4P)
RS, HatB A= (15)~(18) i, Ak, BT
PEAGAEAY (1 52 5 BE B IUAS , A SCE SR T A 24
i (Params), 7% 53855 & (FLOPs) AR K /)N (Weights)
EZHORVPM R LR EE

TP
P=— 1
TP+FP’ (15)

TP
R= 1
TP+FN’ (16)
AP = 1PRdR 17
= | P®)ar, (17

ln
AP= - AP, 18
par=13 o9

FUH s TP 27 TERAAG I H T 07 5 o 1 T 00 A7) it
FP R Rl B v 4 BUARE i) B s FIV 27m ARBERLIN
A TIINAE B BChE 5 AP 72 P-R T2 R A b il 6 FET 4
s mAP Fos A KNSRI B AP BF2I(E; AP, =
AN R SO B BE 5 n 7R BB R S 1 KR
i, fEASH, n=5.

42 LWHERS D
4.2.1 BARHEIRXT LT

FH YOLOv8n 5 PCB-YOLO J5 i %t 1 55 B & 1Y
PCB BRIGEIRE AT, 450 aE 14 FiR (47 0%
BRI R AR ) . SRR R, YOLOvVSn 78 5 iR 4L
P L1 mAPs, Al mAPss 7510 87.0% 5 44.4%; i
TERHE SRS, X PIEE bR BT 2 92.7% F1 59.6%,

W ILF] 5.7% F1 15.2%., PCB-YOLO TE 58 Aij S B T
89.3% ) mAPs, 55 44.6% ) mAPs,,s, 50 5 W) ik —
P23 95.6% 1 62.3%, 43l EFT 6.3% Fl 17.7%.
UERT DL, g s i E AR T T AR R IR RE
HoX A SC ) PCB-YOLO J7 i, 7RSS %
PERER I I AL S 2% 2T e T o

Performance comparison before and after

data augmentation
1.0

== YOLOv8n
== YOLOv8n+
== PCB-YOLO

08t == PCB-YOLO+

06F

Value

04 F

0.2

mMAP.,

MAP; o5

Indicator

B 14 RKAEEIEEATE TR H kR AT it
Fig. 14 Comparison of algorithm performance before and after dataset

augmentation

4.2.2 BEALXT LR

ARSLEGFT YOLOvV8n B, SR A T P b J7 32 R ik
DRI SECR IR R, 1, R BB R URE
HEUM L, i1 GhostNetv2™ |, VanillaNet™ i LI s 5
LA bR B AR B STERE R e ik . ok, R
FHASSCHY FBC2f AR A AR C2f i, 5L
ZERINE 1 PR,

SEEAE I, 45| A VanillaNet /5 g 4¢AE SR
it BRSO T AP S ECR . TR S SR B A AYL
&, AR R G R 60.8 % . 69.1 % Fl 62.7 %, 1B
mAP;, Fl mAPss & . S FBC2f 1 iz i ik
77t , 5 GhostNet Fil VanillaNet #HH, mAPs, 53514
T 02% 1 1.4%; SIRGEHEAIAELL, K240 A
i ARV 3 s T 23.5% . 22.2% 1 22.0%.
K, FBC2 AR T g iy -7 1 A5 50 4 dk A R R ARG
KR .

4.2.3 AFEEESVLHXT LK

T R UE Sk ) R G R L (SimAM) A
M, X YOLOvV8n H i A Y SimAM 4 & J) ik
PEAT TR 5280 . B SimAM 435185 A ECA (efficient-
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Table 1 Light weight comparative experimental results

Model mAP,/% MAPs 55/ % Param/M FLOPs/G Weight/M
YOLOv8n (baseline) 92.7 59.6 3.006 8.1 5.9
Baseline + GhostNet 90.3 50.5 2.748 7.5 5.4
Baseline + VanillaNet 89.1 46.7 1.829 5.6 3.7

Baseline + FBC2f 90.5 48.3 2.301 6.3 4.6

channel-attention)””, DAT (deformable attention)"” VT &
FIPUHIREE K B TR SimAM #5177 T XF e, 25383
W3 2,

SRR EW], SimAM W E I HLHIFI ECA 1)
BLIIVE LA, FEARIRY S8t | P2 s 5 e AR A AL
H T, SimAM i) mAP, $25 T 0.6%. It5h, 5 DAT
EEAPHE L ES, SIimAM B2 508 FIAR R 4 5
Jb 1.149 M A 1.800 M. 554G SimAM BEEAHLL, 2
PR SWS A HUKE mAPs, Fil mAPs,s 43 B4R & T 1.3%
F11.8%, KFNT 95.1% M 62.1%, X 3 W £ 7 v il
& SimAM R HLRIFIYI 43T, B 22 R B
RAT: 55
4.2.4 ARHHRRRPOT L

i T B UE Wasserstein BE 25451 2% pREC A 850ME, 7
Wasserstein [ 2 451 2 56 (NWD-1oU) FlH Al 451 2% o5 44
Z BT T LB L5, 1046 CloU (complete intersection
over union), EloU (efficient intersection over union)”’,
Wise-IoU"" i1 Shape-IoU"™, SZEGEE A0 3 Fis,

LIEER K], 5FLh CloU Hik s L, NWD-

ToU AR (RS B . A3 [ 3R 1 mAPSO 43542 &5 T 3.9% .
3.8%. 3.4%. 5IHABAIK REAHLL, NWD-IoU 528 |
B W B AS B A [0 R mAP, Fl mAP, .. I AN TE
mAP, K I PEBE 7, #H e EIoU., Wise-IoU #1 Shape-
ToU Z» W4 T 4.8%. 1.7% 1 1.1%, X i NWD-
ToU $il A FI TG is N B R iR IIPERE
4.2.5 BREBHIER BRI

R SR A % bR B AR R o IS ALPE, 7E PCB
BRFEEE A BT RIS S, B a B E
0.1. 03, 0.5, 0.7, 0.9, SZEEERANL 4 FRs,

H 4 0JHL, 2 0<0.5 B, NWD [AEAS L, ToU
(1) 3 FAE T 30N B G 0 A B R, A R
mAP;, Fll mAPs,s Fifi o H3S KM T, FKB] NWD By
A E W T/ BRI R, Y «>0.5 BF, NWD
AR, EO/IN HARRORE 5 | 358, {H ToU XK
HFRI LRSS, S 30T 45 R Bl 3 FORE 2 RS B
TR, K55 . mAPs, Fll mAPs,o; i o I F &, 3
W 5k B2 MO NWD 23 il K B AR iy A il A2 e M. Y
0=0.5 I}, BEAVAG R ALLR G YERE . KA F] 96.3%,

%2 FRREE N IAE L

Table 2 Comparison results of attention mechanisms

Model MAPs,/% MAPs; 05/ % Param/M FLOPs/G Weight/M
Baseline + ECA 93.2 61.6 2.597 7.9 5.1
Baseline + DAT 93.5 61.2 3.746 7.9 6.9

Baseline + SimAM 93.8 60.3 2.597 7.9 5.1
Baseline + SWS 95.1 62.1 3.006 8.1 59
(3 TRMERHH LR
Table 3 Comparison results of loss function

Model P/% R/% MAPs/% MAPsy.45/% Param/M
CloU 92.4 87.8 92.2 59.3 2.302
EloU 91.5 85.6 90.8 55.6 2.302
Wise-loU 95.8 88.5 93.9 58.7 2.302
Shape-loU 95.4 90.8 94.5 60.5 2.302
NWD-loU 96.3 91.6 95.6 62.3 2.302
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Table 4 Comparison results of a value

o P/% R/% MAP../% MAPs o/ %
0.1 94.2 88.9 93.1 55.8
0.3 95.5 90.2 94.5 58.6
0.5 96.3 91.6 95.6 62.3
0.7 95.8 90.7 94.8 58.9
0.9 9.5 89.6 935 55.4

A K] 91.6%, mAPs, 1A% 95.6%, Ll mAPs, s
KF] 62.3%, IEBZIBUERER AT/ B br 5K B bR
EFES

4.2.6 JHRSLIREER

R T RUE AR A A E PCB BB AR I P A R
£, DL YOLOvS8n FEZiRl, e EERY PCB Sl $ids
£ LT 6 ALIHALC I . HoiAkH, M1 SEEs £ T %
FNZR R 28 g C2f A8 — B4l FBC2f At ; M2
S5z 88 DU 32 T R0 3 0 48 P I R SR RE A B 9 Al
Conv_SWS #it; M3 SZERKH R sREUE iy NWD-IoU,
MR R (AN R L5 SR A T RS 56, 3R
TSR, SRR L 5,

16 T B30 P 2% mb A FBC2f #5535, #5580 7
mAP;, $5h5 LA YOLOVSn (K T 2.2%, HS
BT 0705 M, TE A Is BT 1.8 Go
Conv_SWS LS M 7 i S AL AL, AR T
5%, ikF]92.8%, HEIRHEA S —, mAPs, Fl mAPs 77
FIHEE T 2.4% M 2.5%, S5 77585 BRI RIAL
TS . SR NWD-ToU #5258 (14 77 5 5 HE 28 A
te, eS8 1700 8 AR BCGE PR AN AR 115 Bl
T, mAPs, Fl mAPs o5 30l $E 55 T 2.3% F1 2.8%. 456
FBC2f #l Conv_SWS [1Y75 1% 5 i H] FBC2f 1y /5 i AH L,
mAP;, 1 mAPsyo5 43 HIHE T 1.7%F1 2.8%, 5 FHLLLAR A
HHEL, S8 P s AR AR E AR KR T

K. R4 FBC2f. Conv_ SWSAHI NWD_IoU fyJy % 5 3
LAHLL mAPs, 32 FF 2.9%, fEARHEA R —, TSI
W 1.8 G, BRAKGER/D 1.3 M, fEhrHEA S —

S FBC2f B BA 5 ELEE M L, mAPs, TFE
£ 90.5%, ASHCEATFSBHE RS FRET 23.5% Fl
22.2%, X FEHTE ML i ] FasterNet #8225 PR AIK
BEAVAG i, WO AL AR AL R . R IR b iE—2
5] Conv SWSALH, mAP,, 25 & 92.2%, mAPsys
PERE 51.1%, FORFF THR R bR, g1 A
() Z FEIE R A VR I e A R IGE & 1 L R U R,
HETTHE T (%) 22 ROBE SR U P BE . E LRl [k —
51N NWD_IoU i1 25 pRELS , mAPs, Al mAPs,.s 731
LT 2 95.6% F1 62.3%, FKHIEXTFHUNH bR AN A
WP THER, R SORSEmT R TRl SC g e
UE T PCB-YOLO #A AR, HAER IR B2 . HEXE
ROR GRS T R, X — %
SRR S N B T IR S
4.2.7 5HERMIBEIEERE B

R T 2 B UE BT RS A SRR A A s,
Faster R-CNN""| YOLOv5n. YOLOv8n, YOLOvI10n"",
YOLOvlin, YOLOvVI2"™ i & % (09 5% & b # Al
PIC2f-YOLO"™ F T4 H (A A EA T T LA SE g, SE 5
GER AN 6 iR, T CPU I GPU HY % (frame per
second, FPS) 4 A A B 4k k. onnx A% 25 78 SE 5ot 72

25 HEBERaR
Table 5 Ablation results
Model P/% R/% MAPs/% MAPs, /% Param/M FLOPs/G Weight/M

Baseline 93.4 87.8 92.7 59.6 3.006 8.1 5.9
+M1 89.3 89.5 90.5 48.3 2.301 6.3 4.6
+M2 92.8 92.8 95.1 62.1 3.006 8.1 5.9
+M3 95.1 90.4 95.0 62.4 3.006 8.1 5.9
+M1M2 92.4 87.8 92.2 51.1 2.302 6.3 4.6
+M1M2M3 96.3 91.6 95.6 62.3 2.302 6.3 4.6
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ISR TR e i

SEuGEE LB, Faster R-CNN AE Sy 22 #iL i — Fir Bt
o DRk, UK MRS B e AIC, 3 ol B e, A
BCH e K, A A SE . 78 YOLO R,
PCB-YOLO J # 45 YOLOv5n, YOLOvIOn, YOLOvlln
H YOLOvV8n S M AU AR LY, HAERIIOKE BE . A3 [ %
mAP;, Fl mAPsos SFFERIHES S —, LG R TH
e 55 A YOLOvSn B :AH L, PCB-YOLO &
AERER R . HE . mAPs, Fl mAPsos 77 1153 B2 T
T 29%. 3.8%. 2.9% F12.7%, 1ES5H . FhisiE
R EFE BRI TR T 0.71 M, 1.8 GRI 1.3 M, X
T FPS 48¥5, SR YOLOvV10 Fl YOLOv8n/ % 7E CPU
M GPU L3R5 T ety BB, (0 HAG IUDRS JE L ek
HEJE BR R R %, et IS 1 PCB-YOLO A7
GPU Iy A3 T 160 f/s, 7£ CPU L tik%E| T
50 f7s, SeA R SEBR TR TR, Hitk, A RmIsy

G Hmokg B 2OR (S A S A I 5K
4.2.8 FIHALYY HLSCH

Xt PCB Gk b B4 48 1 R O 04T Lt g, SRR T
YOLOV8n SASCHEH i rifetkfe L2E5 . anl&l 15(b)
Jfi7R, YOLOv8n 7E47 Bl i AP e A e, HAE T
J Xt PCB ey Joit A= 7= 9 S o oy FH 75 =R Hh el e LA T
M2, S5 R PCB-YOLO J7 2 e % Bk: i iR
S A RO X, D TIRAE O . BRI
FERME . FFE . JEi . BRI S G2 -, PCB-
YOLO #H FbJE iR YOLOvSn & BHL H3 B vy () K6 I 215 %
PRI SCHRE H ARSI 7 12k e B Ak S A Fr A, HAT
T AR R RE
4.2.9 ZALHERIE

JEIE PCB-YOLO BHY ()77 AL PERE, A LR AR |
B pAR PIC2f-YOLO FIA SR EAE B RT5 1
ON TR A0 2T Tl e o G 0 A5 B R R R 2R

£6 TRABAMILERSER
Table 6 Comparison results of different models
Model P/% R/% mMAP,/% MAP, 5/% Param/M FLOPs/G Weight/M FPS (CPU) FPS (GPU)
Faster-RCNN 82.6 83.4 82.3 443 41.40 93.6 317.6 8 23
YOLOv5Nn 92.2 86.3 92.2 51.1 2.50 7.1 5.0 55 227
YOLOv10n 93.7 90.1 93.1 59.9 2.71 8.4 5.5 58 225
YOLOv11n 88.6 83.9 87.7 46.8 2.58 6.3 5.2 56 216
YOLOv12n 89.1 83.4 88.4 48.0 2.56 6.3 53 44 177
PIC2f-YOLO 92.0 87.4 92.4 57.0 2.60 10.6 5.2 36 152
YOLOv8n 93.4 87.8 92.7 59.6 3.01 8.1 5.9 55 229
PCB-YOLO 96.3 91.6 95.6 62.3 2.30 6.3 4.6 50 160
a E. e d EE ’ i : 2
S ilg 7 HEv e 7 . '
O B E : ’ B s e =
b [/
e s E E : i
.Me E2E ik 9
O -\'H-L:;_. o &
C

= I

- d :-. -\

(O

Mouse_bite Open_circuit

Short

e
SEalai

Spur Spurious_copper

B 15 TR 7k /& PCB 44 % 4B & Tt M %4, (a) R4 EH%: (b) YOLOV8n: (c) PCB-YOLO
Fig. 15 Detection instance of different methods under the PCB datasets. (a) Original images; (b) YOLOv8n; (c) PCB-YOLO

250252 (Page 13 of 17)


https://doi.org/10.12086/oee.2026.250252

A3k, 4. StHL T/, 2026, 53(2): 250252

https://doi.org/10.12086/0ee.2026.250252

REMLAR N TFF L0 28 A FF I PKU-Market-PCB i 54k
N TSR b A R T T e RS A A
SEIH 412 B R, FEHL. 0. IS . R A% 4 Rk
Fa iy Al /e R BUAS [R] RO~ 14 i 25 A, PKU-
Market-PCB it [& 505 45 7% 693 3k 1Kl , I 6 Flik g
JAl, HPONREEE 32, BRI, LR g
RAnEE 7 4 8 i, TR 3R Lk B EHE 4 I
PCB-YOLO #:74 iY) mAPS03A % 98.1%, #H Lt KLk A5 1
PIC2f-YOLO #5273 Ji| 45 55 1 0.8% F1 3.1%, [F] iy 455 74
SHCE DT 0.71 M AT 0.30 M, 7E PKU-Market-
PCB B4 4E I, H mAP50 Wi T2 93.6%, #HIHLHA
R PIC2f-YOLO J i3l 1 2.7% 1 1.2%, S48
o [FRE A 0.71 M FT0.30 M,
A7 A AETLBEHEE SRR

Table 7 Generalization experiment results on the aluminum sheet
surface industrial defect dataset

Model mAP../% Param/M Weight/M
YOLOv8n 97.3 3.01 6.1
PIC2f-YOLO 95.0 2.60 5.2
PCB-YOLO 98.1 2.30 4.6

% 8 PKU-Market-PCB # % & 2 L 52 15
Table 8 Generalization experiment results on the
PKU-Market-PCB dataset

Model MAPs,/% Param/M Weight/M
YOLOvV8n 90.9 3.01 4.6
PIC2f-YOLO 92.4 2.60 52
PCB-YOLO 93.6 2.30 4.6

FREE DI, PCB-YOLO I 7E AN [ 25 780 Fn ki
B I BE A EH I BRI RE S8 E iz 4k

ok
He/J o

5 & i

BUA PCB SREEALIN A B REA > | TREUESR
YRR RS, SRR RA R . RS T
Kok A impisens, LA B BN SRR YE . i, A
3CBETH T PCB-YOLO #47, fig i # fe TH I PERE , A
ROLXT A PRk o i it FRIKBEA Y] Fr e, 2 2
1R /N F AR SR B R DA 5 7 ESCEAY SimAM FE T
I UE S5l i a5 2t e A ot B (TR 1 S B R o
PE— 2P F RGN R RS RN HARIRE J7 5 e

F PR A5 RS SR A R RETE A 25 B B H BBk B Ak 19
[IE, KROEFERBR AR, BRI H; &
Je i aE 51 NWD A [ 45 2% bR 0 46 CloU 451Kk bR
B, RTPEURSCRFIMERYE . SCER AR SERW], PCB-
YOLO FEHUA IR T - A R RS S R i 4 st
TPk, I HRA R APERE.

e ok

S0 BARERWEE . 70T, IB3CEE; e BFEHS .
e ARUEGE . Bl AR R S REEIR A
s B 48RS BB

AEERES
B AT {475 0 T2 e
S22 3Rk
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PCB-YOLO: an enhanced YOLOv8n for lightweight
detection of tiny defects in PCB
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Abstract

Objective In the production process of printed circuit boards (PCBs), common defects such as mouse_bite, open_circuit, short, spur and
spurious_copper are frequently encountered. These defects are characterized by their small size, color similarity to the background, and
similar features across different defect types, which make detection challenging and prone to false positives and missed detections.
Traditional inspection methods, including manual visual checks and conventional automated optical inspection (AOI), suffer from high
error rates, limited adaptability, and dependency on manually selected features. Although deep learning approaches, particularly YOLO-
series models, have improved detection robustness, they still face three core limitations in PCB defect inspection: insufficient feature
extraction for tiny objects, poor balance between model lightweight and accuracy, and inadequate loss function design for small targets. To
address the issues of limited samples, low efficiency, large parameter size, and low accuracy in detecting tiny-defects on PCBs, this paper
proposes a lightweight detection model named PCB-YOLO based on the YOLOv8n.

Methods First, the original high-resolution PCB images with diverse background colors are converted to grayscale to minimize color
interference. To avoid losing tiny defects during resizing, a sliding-window slicing strategy is applied, generating 640 pixelx480 pixel sub-
images with 100 pixels overlaps. Only slices containing defects are retained, effectively increasing the usable dataset while preserving
small-object details. Second, considering the significant proportion of small target defects in PCBs, a Conv_SWS (SimAM with slicing)
module is designed by integrating the SimAM attention mechanism and merging slicing operations. The input feature map is divided into
local patches, each enhanced by SimAM to emphasize small-defect regions, before being recombined. This module replaces standard
convolution in downsampling stages, enhancing multi-scale feature extraction without adding parameters. Third, the original C2f module in
YOLOVS is modified by introducing partial convolution (PConv) to comprehensively compute key feature channels, resulting in the design
of the FBC2f module. This enhancement improves feature extraction capability while reducing the number of model parameters. Finally,
the standard IoU loss is sensitive to minor localization errors and fails when boxes do not overlap. Thus, a combined loss using normalized
Wasserstein distance (NWD) and IoU is proposed. NWD models bounding boxes as 2D Gaussian distributions and measures similarity via
Wasserstein distance, providing stable gradients even for non-overlapping tiny objects. The final loss is a weighted sum of NWD and IoU,
optimized with a balancing factor 0=0.5. The model is trained and evaluated on an augmented PCB defect dataset containing 5172 images
with 6282 defect instances. Performance is measured using mAP50, mAP50-95, parameters, FLOPs, and frame per second (FPS).
Comparative experiments include ablation studies, attention mechanism comparisons, loss function analysis, and benchmarking against
state-of-the-art detectors.

Results and Discussions Experimental results demonstrate the effectiveness of PCB-YOLO: it achieves 95.6% mAP50 on the PCB
defect dataset, outperforming YOLOvVS8n by 2.9%. It also reduces parameters by 23.6% (from 3.006 M to 2.302 M), FLOPs by 22.2% (from
8.1 G to 6.3 G), and model weight by 1.3 M. Moreover, ablation studies are finished to evaluate each proposed component contributes
positively: the Conv_SWS module boosts recall by 5% and mAP50 by 2.4%; the FBC2f module reduces parameters by 23.5% with a
moderate mAP50 trade-off. the NWD-IoU loss increases mAP50 by 2.3% and mAP50-95 by 2.8%. The full integration of all three
modules achieves the best balance of accuracy and efficiency. Comparative evaluations demonstrate that PCB-YOLO outperforms Faster R-
CNN, YOLOvV5n, YOLOv10n, YOLOv11n, YOLOVI2n, and the recently introduced lightweight PIC2f-YOLO in terms of both accuracy
and model size. Additionally, it achieves a real-time inference speed of 160 f/s on GPU and 50 f/s on CPU, meeting the throughput
demands of industrial applications. Moreover, PCB-YOLO also demonstrates strong generalization on external datasets, attaining mAP50
scores of 98.1% on the industrial aluminum surface defects dataset and 93.6% on the PKU-Market-PCB dataset, thereby verifying its
robustness and transferability. Visual comparisons reveal that PCB-YOLO substantially decreases the rates of missed detections and false
alarms relative to YOLOVS8n, especially in the case of minor defects like shorts and mouse bites. In summary, the results validate that the
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Conv_SWS module effectively preserves small-object features during downsampling, the FBC2f module maintains representational
capacity while reducing computation, and the NWD-IoU loss stabilizes training and improves localization for miniature targets.

Conclusions This paper proposes PCB-YOLO, a lightweight and accurate detection model designed for tiny PCB defects. The approach
integrates grayscale transformation and adaptive slicing during preprocessing to enhance input data quality. It introduces the Conv_SWS
module to improve small-object feature retention and designs the parameter-efficient FBC2f module. Additionally, the NWD-IoU loss is
adopted to refine the regression of minor defects. Together, these contributions address key challenges in PCB inspection, including limited
sample availability, background variation, small defect size, and the accuracy—complexity trade-off. Experimental results show that PCB-
YOLO achieves higher detection accuracy with fewer parameters and faster inference than current leading models. It also demonstrates
strong generalization across diverse industrial defect datasets. The framework offers a practical, deployable solution for real-time, high-
precision PCB quality inspection in manufacturing. Future work may explore further architectural optimizations and extend the method to
other micro-defect detection domains.
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