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The lightweight PCB defect detection method based on PMAC-YOLO

Zheng Jiali Dong Ling Li Heng Xue Xiaojun Liu Hui

(Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China)
Abstract: To address the issues of heavy computational burden and difficulty in meeting real-time lightweight requirements of existing
PCB defect detection methods, this study designs a lightweight printed circuit board defect detection model named PMAC-YOLO. To
achieve an efficient balance between accuracy and lightweight requirements, the model is designed with three core optimized modules:
first, a lightweight C3k2_PMLCA module is constructed by fusing partial convolution with the mixed local channel attention mechanism,
enhancing the model’s ability to extract and perceive small-target features in complex backgrounds. Second, an ADSdown adaptive
depthwise separable downsampling module is proposed to achieve lightweight downsampling while dynamically adjusting the degree of
information retention. Additionally, a cross—scale feature fusion module is introduced to fuse multi-scale features, thereby improving the
model’ s adaptability to scale variations and the detection accuracy of small-target defects. Experiments are conducted on the DeepPCB
dataset and the HRIPCB enhanced dataset. The results demonstrate that PMAC-YOLO achieves mAP @ 0.5 of 98.8% and 99. 1%
respectively, representing an improvement of 0.3% and 0. 4% compared to the baseline model YOLOv11. Meanwhile, the number of
parameters is reduced to 1. 22x107° | the computational complexity is decreased to 3.4 GFLOPs, and the model weight file size is only
2.8 MB, which are 52. 64%, 46.03% , and 49.09% lower than those of the baseline, respectively. These results indicate that PMAC-
YOLO significantly reduces model complexity and resource consumption while maintaining excellent or even superior detection accuracy,
successfully achieving an effective balance between accuracy and lightweight performance. This study provides a feasible lightweight
solution for real-time PCB defect detection.
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Table 1 Number of defects by type
in the DeepPCB dataset

SRR YIRS SRR BRI K AR BRI R B R
open_circuit 1373 283 286 1 942
short 1 069 229 208 1 506
mouse_bite 1 365 224 308 1 897
spur 1132 232 236 1 600
spurious_copper 1 029 292 228 1 549
missing_hole 1 049 257 213 1519
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Table 2 Number of defects by type in the
HRIPCB enhanced dataset
BREESER VIZREEEREE SRESE B MRS S B

open_circuit 2 406 544 536 3 486
short 2 451 540 546 3537
mouse_bite 2585 560 513 3658
spur 2579 545 582 3 706
spurious_copper 2 585 562 537 3 684
missing_hole 2514 520 559 3593

* 3 HRIPCB BEEERATEXTLL
Table 3 Comparison of HRIPCB dataset before

and after enhancement

2551 IR s S TSR A
PG R 693 10 668
[INIEEE 2901 21 664
mAP@0. 5 87.8% 98.7%

3.2 KIRIMEFIEMIERR

AHFFE M 1 3/E R 580 Linux Ubuntu22. 04, 4b 3
#8 Intel (R) Xeon(R) CPU E7-4809 v3 @ 2.00 GHz, it
K HIE 4 NVIDIA GeForce RTX3090,24 GB RA%,GPU Jili
HFEA CUDALL 2, F2F 58 - Python3. 10, {f FH B TR BE
2 2JHESR R PyTorch2. 5. 1, AL U U1 25 300 IR EAK,
fit RN 8 DL AT R I BEBLAS BE R %, Wt 2] 2%

4 0.01, Fe 3 %4 0. 001, ZiE Ky 0. 937, KU 2808
0. 000 5, fiff FH KR 8% 7 4 3% ( mosaic augmentation ) #E3¢
A 10, A BRI B 640%640,,

S PP AG 18 AR A RS 16 B (precision, P) PV 1]
(recall, R)™  mAP™™ [ FLOPs | 5 % 2 4 fit (' model
parameters , Params ) i % ( frames per second, FPS) &

R AR (6) ~ (8) Fizn,

TP

P_TP+FP (6)
TP

R=r o7 (7)
L&

mAP=W; (fOP(R)dR)i (8)

Arf. TP R ECOE il FP O AR GE B FN O R R B
f:)P( R)dR 2B 5T Precision-Recall 1l 2k 5 A5 Fr il [l
BT s N FoRFEREE 0 #2891,
3.3 HESLSHH

A SC AT H A PMAC-YOLO 55 r 44 5 e xof
PCB BRFER I AYA M, LA YOLOL1 1 L4 pbiny B4
5] A C3k2_PMLCA i3t ADSdown HEiHe Fl CCFM 4544
43 HI7E DeepPCB H1 HRIPCB 14 5 50 Hi 4 b 347 4 filt =
5, UL Al PMAC-YOLO Ry & #: 1 5 iz 1k fig
DeepPCB £ 45 4E 119 18 fill 5 35 45 2L 40 5% 4 Jir7x , HRIPCB
B BRI RS IR ZE RN 5 R

#F 4 DeepPCB HIEEHMTINLER
Table 4 Ablation study results of the deepPCB dataset

FiAl YOLOv11 C3k2_PMLCA ADSdown CCFM P/% R/% wmwAP@0.5/%  GFLOPs  Params/(x107°) HRIALTEH/MB
Model_l Vv x x x 97.9  96.2 98.5 6.3 2.58 5.5
Model_2 Vv Vv X x 96.9 95.9 98.8 5.6 2.41 5.2
Model_3 vV x vV x 97.9 96.2 98.6 4.8 1.96 4.3
Model_4 Vv x x V.o 975 95.6 98.6 5.3 1.83 4
Model _5 2 vV vV x 97.6 96 98.5 4.1 1.78 3.9
Model_6 Vv Vv x Vo971 95.2 98.3 4.8 1.75 3.8
Model_7 vV X Vv Vo977 9.1 98.7 3.8 1.31 3
PMAC-YOLO(A)  V VvV 2 V.o 97.8 96.2 98.8 3.4 1.22 2.8

&5 HRIPCB BB HEEHMIBER
Table 5 Ablation study results of the HRIPCB enhanced dataset

A YOLOvIl C3k2_PMLCA ADSdown CCFM P/% R/% wmwAP@O0.5/%  GFLOPs  Params/(x107%) MR E/MB
Model_1 vV x x x  97.7 98.7 98.7 6.3 2.58 5.5
Model_2 vV Vv x x  98.3 98.3 99.0 5.6 2.41 5.2
Model_3 vV x vV x  98.3 98.7 98.9 4.8 1.96 4.3
Model_4 Vv x x V. 97.9 98.7 98.7 5.3 1.83 4
Model_5 Vv vV Vv x 97.8 98.5 99.0 4.1 1.78 3.9
Model_6 vV v x V. 97.8 98.5 98.9 4.8 1.75 3.8
Model _7 vV x Vv Vo 98.0 98.3 98.7 3.8 1.31 3
PMAC-YOLO(AX)  V VvV VvV Vo981 99.1 99.1 3.4 1.22 2.8
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H# 4 AT, 7E DeepPCB 4G 4 b, (X 1 L 2R A5
B, mAP @ 0.5 N 98.5%, i H & 6.3 GFLOPs,
Params 28 2. 58 x 107, # RUALFE O 5.5 MB. 43 514
C3k2_PMLCA #Ht ADSdown I CCFM 2545 )5 , mAP
@0.5 5354 98. 8% .98. 6% F198. 6% , [Flif, TTE EAH L
Tk 2R AR Ay R B 11.11% . 23.81% H1 15.87%,
Params FHEELAIRL 3 N FE 6. 71% 24. 13%F129. 16% ,
LAY AL H B 2 AL 43 ) R B 5.45% , 21. 82% Fil
27.27% . F% ,PMAC-YOLO 5 7E DeepPCB %54 45 Gkt
BRI FR Y mAP@ 0.5 S 98. 8% , Al Fb T3k 2R AR AL 3R T
T 0.3%; H. il 5 & . Params A1 4% B A & 4> 5 N
3.4 GFLOPs . 1.22x107° £ 2.8 MB, # YOLOv11 435 F
% 46.03% 52. 77%F1 49. 09% .

H 3% 5 A0, 78 HRIPCB 3835 5040 45 v | 1 32k
HiRET, mAP@ 0.5 9 98.7%, % & N 6.3 GFLOPs,
Params 24 2. 58 x 107, S AU AL & S 5.5 MB, 43 514
C3k2_PMLCA it  ADSdown FHH CCFM Z5#4 5 , mAP
@0. 5 435135 99% .98. 9% Fil 98. 7% , [A] i}, 134 B A Lt
T 2R R Ay )R B 11.119% . 23.81% F1 15.87%,
Params 32 3EZRBIRL 43 51 T F% 6. 71% 24. 13% 1 29. 16%

LAY A E B 2k B AU 43 IR B 5. 45% 21, 82% I
27.27% ., %%, PMAC-YOLO #£#I7E HRIPCB 3 5 B 4
SEB ARSI H A mAP @ 0.5 4 99. 1%, b i 28 46 7 15
0.4% V155 1  Params FIALRIALE 4351 4 3. 4 GFLOPs
1.22x10™° 1 2. 8 MB, 5 DeepPCB % ¥4 52 5645 S AH
[\, % YOLOv11 535 F % 46. 03% .52. 77%F11 49. 09% |,

ST, A AR B 8 00 2 (58 A5 A DK B R A
8 [RIIHVF s 5 | S0 MR R A 34 S BRAIR, A
RS TR e Ak
3.4 XEELWEHH

KT k2D W B A A RO S AT AT,
O3 AE AN BE AR AT TR SR, I e SIS R A
JE/R T PMAC-YOLO HEBUAE N R BcE 48 - By fig , 4™y
ST AR RS DA B | ds B MR RS Y & 2% R U I Y
P,

£ DeepPCB 4in 5 S f £ U v, # PMAC-YOLO #
RV JUFP 2 A8 0 bn R Bk AT T H AR, AL
Faster-R-CNN™ | YOLOv3, YOLOv5n. YOLOv6n,
YOLOv8n,YOLOV9s . YOLOv10n . YOLO11n ,LW-YOLO "™
1 YOLO-BFRV™® 553 6 fx

< 6 DeepPCB #HEEXTLE KIN 5 R
Table 6 Comparative experiment results of the DeepPCB dataset

A P/% R/ % mAP@0.5/% mAP@0.5:9.5/% GFLOPs Params/x107° BIRIFLE/MB  FPS
Faster-R-CNN 91.3 9.8 92.2 134.5 41.4 478.5 22
YOLOv3 98.3 95.7 98.9 70.5 261.8 98. 45 197. 4 27
YOLOv5n 96.2 9.3 98.4 76.9 5.8 2.18 4.7 26
YOLOv6n 97.8 95.4 98.5 77. 1 11.5 4.16 8.6 36
YOLOv8n 98.3 96 98.9 74.3 6.8 2.69 5.7 35
YOLOv9s 97.1 92.8 97.8 72.9 22.1 6.20 13.3 17
YOLOv10n 97.9 94.7 98.7 75.2 8.2 2.70 5.8 30
YOLO11n 97.9 96.2 98.5 76. 8 6.3 2.58 5.5 29
LW-YOLO 96.7 95.7 95.2 6.5
YOLO-BFRV 98.6 2.90
PMAC-YOLO(AZL)  97.8 96.2 98.8 78.3 3.4 1.22 2.8 21

£ HRIPCB 358 £ 45 42 bl e A I v | A A7 1 2640
B 1 %8, ¥ K Faster-R-CNN™"  SDD""' | RT-EDTR'?" |
YOLOv3, YOLOv5n, YOLOv6n, YOLOv8n. YOLOv9s,
YOLOv10n,YOLO11n, YOLO-MBBi*™ 1 GESC-YOLO""
AR W T R,

S 2E LI PMAC-YOLO #5778 A 54 42 |
B3 B R AR

i 6 A%, 7E DeepPCB %4+, PMAC-YOLO [
mAP@0.5: 9.5 4 78. 3%, lLFELAR I ET H 1. 5% ; iR
S} 21 fps, & T YOLOV9s; PMAC-YOLO ¥ 73 [a] AL It
YOLOvSn fi& 0. 1%, {0 J K5 B G & 7 1.6%; R
YOLOv3 I YOLOv8n [ mAP@ 0. 5 %, (H &A1 S5k

Params FITHARACR , A id & T 5T IRV ID 43

%o Y34, 5 LW-YOLO fil YOLO-BFRV %544 1 9 vk 4
L.,PMAC-YOLO FAMMEREWE 5, L P R Fl mAP@0. 5
oy A @ F LW-YOLO 5 %% 1.1%. 0.5% 1 3.6%;
PMAC-YOLO #% & ) Params [t YOLO-BFRV % i
1 57.93%.,

HH % 7 Al %0, 78 HRIPCB 33 4 i 42 460 v, PMAC-
YOLO i) mAP@ 0.5 35 99. 1%, & T R A 1Y 0. 4%
mAP@0.5:9. 5 HILLRA T 1. 3% , iRk 28 fps it
K sE TR SR . BAR YOLOV3 (9 P R Fil mAP #B#%¢
B B H 2 5 Il Params 43 9S4 261.8 GFLOPs Fl
98.45x10°°, 1fif PMAC-YOLO [1Ji144 5  Params FIA R K
INEPIA B GE B3 ARIR], 4350k 3. 4 GFLOPs 1. 22
107° F1 2.8 MB, % & fb & ¥ i€ & F YOLOv3, 5
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Table 7 Comparative experiment results of the HRIPCB enhanced dataset
(%l P/% R/% mAP@0.5/% wAP@0.5:9.5/% GFLOPs Params/(x107%)  FAUE/MB  FPS
Faster-R-CNN 97.2 92.9 96.3 62.3 205.1 46.76 178.5
SDD 82.7 90.9 88.9 57.5 85.7 25.57 97.6
RT-EDTR 96. 8 94.6 96.5 19. 88
YOLOv3 98. 6 99.7 99. 1 81.3 261.8 98. 45 197. 4 20
YOLOv5n 98.0 99.0 98.8 65.9 5.8 2.18 4.7 32
YOLOv6n 98. 1 98.6 98.6 61.3 11.5 4.16 8.6 33
YOLOv8n 98. 1 98.9 99.0 65.9 6.8 2.69 5.7 33
YOLOv9s 98.6 99.0 99. 1 72.7 22.1 6.20 13.3 22
YOLOv10n 97.9 98.2 98.8 65.8 8.2 2.70 5.8 29
YOLO11n 97.7 98.7 98.7 66. 1 6.3 2.58 5.5 28
YOLO-MBBi 95.8 94.6 95.3 52.5 12.8 8. 80
GESC-YOLO 98.3 98. 1 99.0 64.3 6 2.15 4.7
PMAC-YOLO (A 3C) 98. 1 99.1 99.1 67.4 3.4 1.22 2.8 28

YOLO-MBBi 5iA A L, ek A ) mAP@ 0. 5 Fil mAP@
0.5:9.5 43 97 3.8% Fl 14. 9% ; vy ik 465 0 () 3 45 &
Params FE ALK /N 5T GESC-YOLO 8.3k 43.33% |
43.26%F1 40. 43%

SRT LA LB A X S B 25 R R B, PMAC-
YOLO HBEIAE PCB ik [ A6 0 b i 20 o b 35 iy PR
Y ASALAE PR UE A DU RS FE A T2 T R B R AIK T

VA 2 B 2 8, I HLSC BT ) 4 A R () B
b, A F T il % & & WA E . PMAC-YOLO 76 P 4>
NIREE EE R R, R T HE gz
EJ1.
.5 &K PCB HRIEHI AP $54R3TLE

PRI #4528 PCB BB A9 ~F- 4005 B2 B0 be 25 2R 4
£ 8 R,

W o

RS KiFHBEIERZE PCB BERY AP EXTLE

Table 8 AP value comparison of various PCB defects before and after improvement

" e AP/ %
G/ F5i70 L i F e i o mAP@0.5/%
YOLO11n 98.2 97.8 98.8 99.2 99.3 98. 1 98.5
DeepPCB A3 98.4 98.5 98.3 99.2 99.2 99.0 98. 8
H 0.2 0.7 -0.5 0 -0.1 0.9 0.3
YOLO11n 99.7 98.9 99.5 97.0 99.0 98.7 98.7
HRIPCB A3 99.5 99. 1 99.5 98.5 98.9 99. 1 99. 1
s -0.2 0.2 0 1.5 -0.1 0.4 0.4

TE DeepPCB %L #i 4 ', PMAC-YOLO #& #Y &5
YOLOvI In 7247 B B4 I AP {RAR TR, X T W7 2 5% B
N ISR B SN L R I T B I, LA S AR
A BN 3 ARHEE 5 A B R LR R L AR
SARFEINACIREE = X EEBE | T8 bR B D0 1) J8 25 DXk, PRI e
X AR AN I 3 1 T B AR , 3 R T AL M DL A R 8
SER PSRRI W N, BB A FE AR IE AR B S L S B BER RE RS
A3 R AR LSRR R AT | 338 — S 52 01 75 348 43 200 WO B Bl
B S B A6 B AR A4S, B T PMAC-YOLO #5175 3% 2 51
YRR R, S ECH AP (R P 0. 5%, BRIk
HIEA TR EE 2748 #5r REBR AR JEARE BRI 5 /N

ST R A B 76 0S8 4 AE L 3 BE AR, S 30T 2R )R
W, PMAC-YOLO AU T 2 RO BATRE J7, (A X)
T #ehb T2 P 5 0 T R F2 491, A RUAK SR A7 7 1R
RS, PR i B T e fE AP {E/INIE R R 0. 1%,
PMAC-YOLO R RIZE Y L | BRI 14 4 ke g 1) s I 1= 43
SIS T 0.2% .0.7% 1 0. 9% 1) AP {E$2 T}, KA TE T
BEFN T ARIBRBE BT 0. 5% F1 0. 1% (/Mg R B, {HAR
RIYE 2B A 25 0 R BUEL, H mAP@ 0. 5 #H L K2k
FERIBETE T 0. 3% I T WMotk A =

7¢ HRIPCB 4 4 % 4% 4 b, PMAC-YOLO 4 % 5
YOLOv11n 7EJFEEBRFE R AP (E AR IR, IR LBk pa 9 R
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Fig. 10 Comparison of defect detection results on the DeepPCB dataset



- 130 - B IR SRR R

540 %

(a) EMEF

(a) Original image

(b) YOLOVT InKg Ul &5 5
(b) Detection results of YOLOv11n

(c) Detection results of PMAC-YOLO

B 11

Fig. 11

ASCHE Y — Fh AR R 9% PCB Bl G 46 I A5 25 PMAC-
YOLO, 5 75 fiff- P 39 A7 6 I ASE T4 FR g A | 11530 W 5
V) T4 R A2 v 114 ] ABE il FE S P AR DN 7 B A R B AR TG
7 ,PMAC-YOLO & # rf ] H] % 2 94 C3k2_PMLCA &
e, 454 PConv Fll MLCA , S BRI X &2 245 5t N HAR Y
JAIRE ), AT AR B N B AR 0 CEEFFAE ; ADSdown 5
P s e 9 T OREE , sh A5 B IR R o KPR
H PR BRIy B AR 09 S SRR AR A S, 5 CCFM. 4544 38 2o il 15
ANTARBE AR | 1 TR AR o 1L A A g 3 o 2 /s H
Bt B ARG DU RS B2 FNRE 7, K S50 R W], PMAC-YOLO
FERINDRG BE A a4k T 0 T LA S A TR LA it 2
FROESCRR I 545 7% . 7E DeepPCB 1 HRIPCB 4 52
Btk L RBEIER B A, mAP@0.5 5T T
0.3%F1 0. 4% , 53533153 98. 8% F199. 1%, [AI}, iR 2
B 52. 64% , THAEE R BERRAR 46. 03% AR R4
JIN49.09% , TR SE B AIE T BRG] AT A R
PR BT T RTINS B T B KRR B b S T R Ak, Kok
B AR — S AR R AT A T T, 3 4G D0 2 LA s
SR TN TSR, I 8 2 AN H BRSBE S AR 55
S 3k
[ 1] BWA, R—2 TIPSR 7 2

Wb RIT]. AL % A0 3 2 ik, 2022, 43 (1)

(2]

[3]

[4]

[5]

[6]

HRIPCB 3% 5 55 4 41 Sl B G U 285 5 06) e

Comparison of defect detection results on the HRIPCB enhanced dataset

198-219.

ZHAO L Y, WU Y Q. Research progress of surface
defect detection methods based on machine vision [ J].
Chinese Journal of Scientific Instrument, 2022, 43(1) .
198-219.

LING Q, ISA N A M. Printed circuit board defect
detection methods based on image processing, machine
learning and deep learning: A survey[ J]. IEEE Access,
2023, 11: 15921-15944.

CHEN I C, HWANG R C, HUANG H C. PCB defect
detection based on deep learning algorithm [ J ].
Processes, 2023, 11(3) . 775.

EOKH BV iR B TSR 2 1Y PCB
BRGNS U S [0 ] H - o 5 AR 23l , 2019,
33(8):78-84.

WANG Y L, CAO J T, JI X F. Convolutional neural
network-based PCB defect detection and recognition
algorithm[ J ]. Journal of Electronic Measurement and
Instrumentation ,2019,33(8) .78-84.

MALGE P S, NADAF R S. PCB defect detection,
classification and localization using mathematical
morphology and image processing tools[ J]. International
Journal of Computer Applications, 2014, 87(9) :40-45.
GAIDHANE V H, HOTE Y V, SINGH V. An efficient

similarity measure approach for PCB surface defect

detection[ J]. Pattern Analysis and Applications, 2018,



55 3

FHF PMAC-YOLO 5252 PCB Bl R Iy ik 131 -

(7]

[8]

(9]

[10]

[11]

(12]

[13]

[14]

[15]

[16]

[17]

(18]

21 277-289.

LI Y, LI S. Defect detection of bare printed circuit
boards based on gradient direction information entropy
and uniform local binary patterns [ J]. Circuit World,
2017, 43(4) . 145-151.

fAf R PR TR A [ TR A 2T 1 H b A ) AL B
B SR HTERA3Hr (0] 1 Ah e 70 R 4 R 2022,
41(6) :165-174.

HOU X L, SHAN T F, XUE J G. Analysis of typical
deep learning-based object detection algorithms and their
application status [ J ]. Foreign Electronic Measurement
Technology,2022,41(6) :165-174.

KANG L, GE Y, HUANG H, et al. Research on PCB
defect detection based on SSD [ C]. 2022 IEEE 4th
International Conference on Civil Aviation Safety and
Information Technology (ICCASIT). IEEE, 2022. 1315-
1319.

SHI W, LU Z, WU W, et al. Single-shot detector with
enriched semantics for PCB tiny defect detection [ J].
The Journal of Engineering, 2020(13) ; 366-372.

CHEN W, HUANG Z, MU Q, et al. PCB defect
detection method based on transformer-YOLO[ J]. IEEE
Access, 2022, 10: 129480-129489.

TANG J, LIU S, ZHAO D, et al. PCB-YOLO: An
improved detection algorithm of PCB surface defects based
on YOLOv5[J]. Sustainability, 2023, 15(7) : 5963.
Wk BR, B R, PCB G B 4G I 98 B 2 ) Bk 10 G 2
[ )]. I S AR 2R, 2023,37(5) ( 11-19.
YANG Y Y, XIA Y CH. Accuracy improvement of deep
learning algorithm for PCB defect detection[ J]. Journal of
2023,

Electronic Measurement and Instrumentation,

37(5) :11-19.

SHI P, ZHANG Y, CAO Y, et al. DVCW-YOLO for
printed circuit board surface defect detection [ J ].
Applied Sciences, 2024, 15(1) . 327.

LIMJY, LIM J Y, BASKARAN V M, et al. A deep
context learning based PCB defect detection model with
anomalous trend alarming system [ J ]. Results in
Engineering, 2023, 17: 100968.

CHEN L, SU L, CHEN W, et al. YOLO-DHGC: Small
object detection using two-stream structure with dense
connections| J]. Sensors, 2024, 24(21) . 6902.
ZHANG K, WANG Y, SHI S, SF-YOLO:

Designed based on tiny feature for PCB surface defect

et al.

detection and deployment in embedded systems [ J].
Signal , Video 2025,
19(3) ; 263.

LI D, BALF, LIS, et al. EL-PCBNet: An efficient and

Image and Processing,

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]

[28]

[(29]

[30]

[31]

lightweight network for PCB defect detection [ J ].
Measurement, 2025 117719.

WANG J, XIE X, LIU G, et al. A lightweight PCB
defect detection algorithm based on improved YOLOvS-
PCB[J]. Symmetry, 2025, 17(2): 309.

KHANAM R, HUSSAIN M. YOLOvll: An overview of
the key architectural enhancements [ J]. ArXiv preprint
arXiv:2410. 17725, 2024.

ALl M L, ZHANG Z. The YOLO framework: A
comprehensive review of evolution, applications, and
benchmarks in object detection[ J]. Computers, 2024,
13(12) ; 336.

JUY, ZHANG D, HE Y, et al.
algorithm for defect
distribution lines[ J]. Electronics, 2025, 14(6) ; 1201.
CHEN J, KAO S, HE H, et al. Run, don’ t walk;
Chasing higher FLOPS for faster neural networks [ C].
Proceedings of the IEEE, CVF Conference on Computer
Vision and Pattern Recognition, 2023, 12021-12031.
WAN D, LU R, SHEN S, et al. Mixed local channel
I

Intelligence,

Improved YOLO11

insulator detection in power

attention for object detection Engineering

Applications  of  Artificial 2023,
123 106442.

WANG C Y, YEH I H, MARK LIAO H Y. YOLOv9.
Learning what you want to learn using programmable
gradient information [ C ]. FEuropean conference on

computer vision. Cham: Springer Nature Switzerland,

2024 1-21.

CHOLLET F. XCEPTION: Deep learning with depthwise
separable convolutions [ C |]. Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
2017 1251-1258.

ZHAO Y, LYU W, XU S, et al. Detrs beat YOLOs on
real-time object detection[ C]. Proceedings of the IEEE,

CVF Conference on Computer Vision and Pattern

Recognition. 2024. 16965-16974.

TANG S, HE F, HUANG X, et al. Online PCB defect
detector on a new PCB defect dataset[ J]. ArXiv preprint
arXiv:1902. 06197, 2019.

HUANG W, WEI P, ZHANG M, et al. HRIPCB: A
challenging dataset for PCB defects
classification[ J ]. The Journal of Engineering, 2020,
2020( 13) : 303-309.

NAVEED H, ANWAR S, HAYAT M, et al. Survey:

Image mixing and deleting for data augmentation [J].

detection and

Engineering Applications of Artificial Intelligence, 2024,
131 107791.
FARADY I, KUO C C, NG H F, et al. Hierarchical



<132+ e R = I O %40 &
image transformation and multi-level features for anomaly [38] DU B, WAN F, LEI G, et al. YOLO-MBBi: PCB
defect detection[ J]. Sensors, 2023, 23(2) . 988. surface defect detection method based on enhanced
[32] HEY, SUY, WANG X, et al. An improved method YOLOv5[J]. Electronics, 2023, 12(13) . 2821.
MSS-YOLOVvS for object detection with balancing speed- 1EEZ/N
accuracy| J]. Frontiers in Physics, 2023, 10 1101923. EBAETT, 2023 T =0 RGEKFHRE
[33] HENDERSON P, FERRARI V. End-to-end training of L =Y I\l SR N L By NG £ O 1 e 1 2
object class detectors for mean average precision [ C]. He EBFSE T I R B FE I
Computer Vision-ACCV 2016 13th Asian Conference on E-mail ; 327342035@ qq. com
Computer Vision, Taipei, Taiwan, November 20-24, Zheng Jiali received her B. Sc. degree
2016, Revised Selected Papers, Part V 13. Springer from Yunnan Minzu University in 2023. Now
International Publishing, 2017 198-213. she is a M. Sc. candidate at Kunming University of Science and
[34] REN S, HE K, GIRSHICK R, et al. Faster R-CNN: Technology. Her main research interest includes defect
Towards real-time object detection with region proposal detection.
networks[ J]. TEEE Transactions on Pattern Analysis and FxGEEMFEE),2007 &£ FIL T
Machine Intelligence, 2016, 39(6) ; 1137-1149. REFF2E+ 2447, 2009 4E FIL R H T K2
[35] YUAN Z, TANG X, NING H, et al. Lw-YOLO: Wi, PN B B TR 2R A S5 I,
Lightweight deep learning model for fast and precise FEEHIE TR HARE S AP BRI
defect detection in printed circuit boards[ J]. Symmetry, 4
2024, 16(4) . 418. E-mail ; 46761956@ qq. com
[36] LIUJ, KANG B, LIU C, et al. YOLO-BFRV: An efficient Dong Ling ( Corresponding author) received his B. Sc.
model for detecting printed circuit board defects [ J ]. degree from Beijing Institute of Technology in 2007, M. Sc.
Sensors, 2024, 24(18) : 6055. degree from Beijing Institute of Technology in 2009 respectively.
[37] KONG X, LIU G, GAO Y. GESC-YOLO: Improved Now he is an experimenter at Kunming University of Science and

lightweight printed circuit board defect detection based
algorithm[ J]. Sensors, 2025, 25(10) : 3052.

Technology. His main research interests include natural language

processing, speech recognition, and multimodal learning.



