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Abstract:To address the issues of limited datasets, tiny defect scales, and complex backgrounds in defect detection for CPCB in
industrial settings, a CPCB defect detection method based on PXD-YOLO11s is proposed. Firstly, a high-quality dedicated dataset for
CPCB defects is constructed, with a systematically designed acquisition scheme covering 14 types of typical defects such as deep
scratches, sand holes, and open circuits. High-resolution defect images are captured using industrial cameras and professional optical
equipment, and image preprocessing and data augmentation strategies are employed to enhance sample diversity and generalization.
Secondly, improvements are made based on the YOLOIIs network architecture; A parallel feature extraction module ( ParNet) is

introduced , which captures multi-scale feature information through a multi-branch convolutional structure while optimizing the convolution
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configuration to improve feature extraction efficiency; A dedicated small target detection layer ( XsHead) is added to strengthen the

recognition capability for tiny defects; the Soft-NMS mechanism is integrated in the post-processing stage to handle overlapping prediction

boxes through confidence decay instead of direct suppression, effectively enhancing the detection performance for densely arranged

defects; Finally, the loss function is adjusted by adopting DIoU loss to replace the traditional CloU loss, enabling the model to focus

more on the center distance and aspect ratio between prediction boxes and ground truth boxes, thereby improving target localization

accuracy in complex backgrounds. Experimental results show that on the self-built CPCB dataset, the improved PXD-YOLO11s model
achieves 5.2% and 8. 5% increases in mAP50 and mAP(50~95) compared with the original YOLO11s, respectively. In addition, this
method outperforms typical algorithms such as Faster R-CNN and YOLOv5s on the public PKU-Market-PCB dataset, demonstrating its

excellent generalization ability and effective feature extraction performance. The proposed method significantly improves the CPCB defect

detection accuracy and provides an efficient and reliable solution for intelligent industrial defect detection.
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Python 3.6.15
Pytorch 1.10.0

K ZANEFRX CPCB BB RS A5 7Y A4 PR RE A7 0
it L35 K B (precision ) | B 8] % (recall ) | F 4 1% 51 %
(mean average precision, mAP ) | 4 Fb i £ ( frames per
second , FPS) Fl1 T % & (giga floating-point operations per
second, GFLOPs) , FAALAR I (3) ~ (6) fis,

TP
p=_ (3)
TP + FP
TP
R=——— (4)
TP + FN
1
AP = [ P(R)dR (5)
0
C
2 AP,
AP = — 6
m C (6)
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Horp mAP 3= B A AR (RIS B, 2 mAP@
50( mAP50) #1 mAP@ 50 ~95( mAP (50~95)), mAP@
50 P15 ToU BIE R 0.5 A9 7 50K B, F T A AL A
FRUERIN S5 T R PE, T mAP@ 50 ~95 W1 ToU {8
$70.50~0.95( A A 0. 05) THEF K B, REAE T 4> 1fi
2 AT B A BE J7  precision i HEAS I 2% S v 1 4
WA b A5, B0 A H bR 5 AE oh A 2 2 DE R Y,
recall WU & T A B 52 H AR B OE BRI HE 1 Lo A9, 3RO
R FARARS HHBE T7 . FPS Sk A A5 50 7 52 pisf A6 00
FE 55 i A B | R RE R BPART AU AT L Ak B 22 /0 it 5]

1%, GFLOPs JH Ty s AR p 313 58 24 i, A b R 3R
BEAU X THAA 0 YR A 5 R e 8 S HE SR R R
AR A G
3.2 HEASLIG

g T SRS e AL SRR R, B YOLO1 s
RBEME T R T —dE MR, LB T A
ParNet . XsHead % Soft-NMS i% 3 4~ Jc# A e | I 78 A
F I BAEE BaEAT T X BT, SRR S SRSk 2 PR,
oV FORME R AT IR

R2 FRERREYE LI L

Table 2 Comparison of ablation experiments of different modules

Jrk ParNet XsHead Soft-NMS mAP50/%  mAP(50~95)/%  precision/% recall/% FPS
1 84. 00 59. 50 89.10 76.70 108.70
2 vV 85.20 62.30 90. 30 77.80 84.75
3 vV vV 89.30 67. 60 92. 00 83.50 66. 67
4 vV Y vV 89.20 68. 00 92.20 84.10 67.57

A 2 TP AT DUE Y SR ERTRLAY mAPSO Al mAP
(50 ~95) 73 5l &y 84.00% Fl 59.50% , #i P 5 B N
108. 7 fps JBH precision I recall FHXTEAR, 1A ParNet
RS B mAPSO $2TF 2 85.20% ,mAP (50~95) &k
ZRTFT 2.8% , precision Fl recall 43T 90. 30% Fl
77.80% , Ut ParNet 358 T A8 ) RFIESRERBE )7, 7R
— AN AN BARKE I Sk XsHead S5, 155780 Pk g KR 45 Tt
mAP50 Fl mAP (50 ~95) 435l & £ 89. 30% Fl 67. 60% ,
recall #2F+ T 5. 7% , W] XsHead A %08 T /N H bR 19 s
o, ORI AR KRR T, e, a5 A Soft-NMS
TG A FARAL , B R AE R 35 55 mAPS0(89.20% ) [ [R] B,
mAP (50 ~ 95) it — 2 & F+ & 68.00% , recall 2 F+ 5
84.10% , HHEHHE FFFR B 7E 67. 57 fps, UL Soft-NMS 7E
PTG 2 A [R) I | X R I AN

SV 33X 3 B (9 I ] A Ak A 75 d5 A 7R (1
mAP50 Fl mAP (50 ~95) 43 & F+ T 5.2% F1 8.5%,
precision Fl recall A RIREE T 3.1% Ml 7. 4% , EAHER
HEPE R 67. 57 fps, T K& Tl SERF R I g 75 ok i,
XsHead XF R0 M BE 42 THe ok B35 . DL B SCBR 25 R 7w
SYUSUE T AR A S SRS AR SR T CPCB SR A I RS B
B TR1E AT A8 R A (4 S B o FH AL

R T T KA R (R e s L B K 2 Fh i ik
i ToU 387k, 5 Soft-NMS #HEE 4, 70 ik & T CloU-
NMS . GIoU-NMS . DIoU-NMS FI EIoU-NMS &35, T %
UEATH] ToU ZE{RTE Soft-NMS AP RE 22 5 i1 1T 31 flt
S, SER A AN 3 PR,

x3 BRRHHBSIIE XL

Table 3 Comparison of loss function ablation experiments

(%)
i pRAL mAP50 mAP(50~95)  precision recall
CIoUNMS 89.20 67.40 92.50 83.70
GIoUNMS 88.90 67.20 93.70 82.70
DIoUNMS 89.20 68. 00 92.20 84.10
EloUNMS 88.90 66. 80 93.30 82.30

i £ 3 W AR T %0, DIoU-NMS fE mAP50 £ mAP
(50~95) FRMEA , 505155 89. 2% il 68. 0% , [FIHf
[l R, N 84. 1%, F Al L, Beit i DIoU-NMS it
RRBAELE A YERE LRI e, A B TR/ A H S
HE N S it e B 1

SPEFTRIN s T %o A R B A 5 e 2 EL b 2l
PREEAAS AL R BT 3 TN Al e . 26 1 4R ARG
YOLO11s K Sk VE R HLLl B 7 PERES % 4 2 AR R
FEA LB S 160X 160 43 B %45 I 3k ( XsHead ) , 7 78 55
8~16 pixels /NHBR; 5 3 ik — 5] A 320x320 43 HER
K3k (UsHead ) , LABE 55 4 ~ 8 pixels #8/NELFE . 38 3 %
FEAN TRV C T AR 70 22 L, 3R G0 30 R A ) Sk RUJE Xof WIF 22
RGN RE T AR TR | SEER A5 ANk 4 iR H
HN” R MRS A R R

MR 4 B AR U] A XsHead K Sk B, A 7R
PERERIL S . AH LEFEZR B . mAPS0 M 85. 50% $2&
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Table 4 Ablation experiment comparison of detection heads
Tk XsHead UsHead mAP50/% mAP(50~95)/% precision/% recall/% GFLOPs
1 85.50 62. 80 89.70 77. 60 42.50
2 Vv 89.20 68. 00 92.20 84.10 49. 80
3 Vv Vv 89. 60 72. 80 91. 30 80. 80 76.50

T2 89.20% ,mAP (50~95) M 62. 80% $EF+ = 68. 00% ,
FET0RAAE [R5 B TH & 92. 20% Fil 84. 10% , 2.3
K T XN HARRINEE 77, THRCR T, GFLOPs M
42.50 ¥4 2 49. 80, S A G (EAHES T AR A9 42 T IR
JE RIS AL T Al B2 I N

#E—EHA UsHead J5 ,mAP (50~95) A H#FF,
{H GFLOPs $l Tt & 76. 50, A 5] A XsHead B30T
26.70% , WFEAR R T IR A, B T 2R ) i L
AF)FEPREE . FIBT, precision T FE 0. 90% , recall
K 3. 30% , Tt WY ERSRABE AR Xof i 4 Wi /N It o ) e 3 i
L ARG I P14 B o P R M A 1 B T A i T B PRI, A
1A XsHead Sk PEARINRG BE 3388803 Fn TAR S 1 1%
ZBR B T e T, B BE A A5 M 22 K R B |, S
B TR STIRAYIR 9%, A S A SE PR FHAHEL
3.3 XfLEsRIE

A TR A4 L SR AR T A IS AR
et s T 2 B AR 5 Faster R-CNN | SSD | RT-DETR
(real-time detection transformer ) " | YOLOvSs, YOLOv7-
tiny, YOLOv8s ., YOLOv9s Hl YOLOv10s AEHHMFEEN
B A 0 ASE A8 A () 5 4R S VN GR R BE AT 17 % [ 51
55, 45K 5 P,

x5 BEHENIEIEER

Table 5 Comparative results of different algorithms

(%)

Wik mAP50 mAP(50~95)  precision recall
Faster R-CNN  70.90 44.50 34.30 76. 30
SSD 25.20 12.50 14. 80 37.00
RT-DETR 70. 00 43.70 71.70 64. 00
YOLOv5s 86. 60 59. 00 91.90 82.10
YOLOv7-tiny 76.30 46.20 82.20 76.30
YOLOv8s 84.70 60. 80 90. 30 77.70
YOLOV9s 82.00 55.70 87. 80 73.80
YOLOv10s 82.10 58.70 89. 60 74.00
PXD-YOLOlls  89.20 68. 00 92.20 84.10

Faster R-CNN 1 Ay #L 7Y 74 T [ BOAG I HE 28 ) HAE /DN
HARK AT 55 b RBAAAEH B AR, HiEme, K

mAP50 F1 mAP (50 ~ 95) 43 % A 70. 90% F1 44.50% ,
precision {4 34.30% , BAHIHAEE 2415 5 &5 77 AR
LIRS, SSD 1B Ay R 1 28 LI PR BE I 45 7E A i A
PEAE b B R IR S5 , mAPS0 {7 25. 20% ,mAP (50 ~
95) A 12. 50% , precision 1K 14. 80% , it B HL AR AiF $2 B
5522 RUBE 6 8 77 ©6 M LA AL 24 A0 A DU AT 55 10 RS 75
3K RT-DETR fE N T 4E 5T Transformer 4544 1948 24
Ko 45 50 H /F mAP50 F1 mAP (50 ~ 95) 43 il ik F)
70. 00% F1 43. 70% , precision K 71. 70% , B AR T4 58
Dy ABTE/ N B AR R & P A — SR B

16 YOLO 2%, YOLOvSs 1 Jy %5 . 5 i 4% B AL 6
DA AY | L S B4 v A ARG U P BE , mAP A 86. 60% , mAP
(50~95) 4 59.00% , precision ik F] 90. 90% , I 4 &,
FLA AP SE PRt B (e, SR T LR AIE 5 B 5 M A X%
ge R 24 st/ HAR I AEAEPE BRI ST, YOLOV7-
tiny VE R HBEE R B AR | B AR A Ty T HL AL (H
H: mAP (50~95) {0k 46. 20% , precision A 82.20% , ME LA
MRS RS 752K . YOLOvSs 51 A RepConv 254 LI 3855
FRIEF IR BE 17, mAP (50 ~ 95) #2 FF & 60. 80% , precision
W IKF] 90. 30% , PEREF M, YOLOVYs ik 5] AZha
JEAZHFLEI G 0 R SCEALRE JT, B mAPSO0 A 82, 00%
{H mAP (50~95) 4 55.70% , £ & Z= 37 5 b () ks e PEATS
ARFETE, YOLOv10s FE45H4 ik — Ak AR R 4L
AT, mAP (50~95) 2N 58. 70% , precision “A 89. 60% .,

AR FaR T vE rR A PXD-YOLO11s 762 g
PEREFEbs LI aide, BART &, BEALTE mAPS0 il
mAP (50~95) J71fi 53k £ 89. 20% i1 68. 00% , precision
Al recall 3 HIHETE 2 92. 20% 5 84. 10% , %7 RAEMRIE
R AR AR ) i[RI E— 2582 T 7 /N B Ak 4 fg
X A2 2T S A Y fE T, 88 YOLOVSs \ YOLOvSs 25 i f%
AR R e B O A 1 R S i S5 SR A S B
W,
3.4 WIHRMERTEE

Ay B E T 4y i AR R 2 R AR A Hie 4 L Y e
5 R H YOLO11s #5780 5 PXD-YOLO11s Xf £ 4 42 v ity
BRI BISEAT AT, S5 RFI RIS YOLO11s Sk 7EH
Iy BRI EAFAE— e R IR A IR LG, EAG I B
R RAC, AT, BT A AR AL FRAR T T AR
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PEHERT IS A AR R AE 24> S B e 3R AR b A X HE B
& 6 s, B T 5 IR YOLO11s 8 5 3 i 5 19 PXD-
YOLO11s ##7E mAP50 .mAP (50~95) & I K il

FIRAGE At Xt R0 MR | 2% AR 45 0 /D 0 P A o 1
RAPRTE, WA e 2 AAR S5 T  BIRKR
TRAE T RAF BRI R BE , RE S AT A0 X 73 4B = 5 )

B E AR FHRERUR A8 BRI ZRith Ze XS 1L
[ 0.8 P s 45: — YOLOl Is-original
0.8F e --- PXD-YOLOl s
0.6F

0.6

(=3

Zo4 0.4}
0.2 0.2

—~YOLOlls-original ~ 1.5] ‘

— YOLOlls-original ¢ 1} i YOLQl1s-one
ol - 5 1.0p

- PXD-YOLOLlls

—— YOLO1 Is-original
--- PXD-YOLOl s

0 50 100 150 200 250 300
LS N
(d) R FHESE KT

(d) Comparison of bounding box loss

0 50 100 150 200 250 300
P73
(b) mAP(50-95)%} ts
(b) Comparison of mAP(50-95)
Ko datrratEBEREARES R Xt

Fig. 6 Performance metrics comparison before and after improvement
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FRAT LB B Y, PXD-YOLO1 s 78 2N 25 78 A 440
TR JF ARG AR T S RoeE k. B
ok Ui, mAPSO PR b F I T O R, & B PXD-
YOLO11s 7822 0 8 M 7 1 A5 2] T &8 3 $2 T 177 mAP
(50~95) FpLi &, th J et HAE AR ToU BIE T 1
Witie s  BARUIRE s . 8 6(c) R T R
ARt B iy A8 A O, NIEL 6 () T AT LA
PXD-YOLO11s 7£ A [IRE Sy FARZAE F IR i Al | Ju HR
FEYI RIS TR, I Tt T AR, 3R B LX) 4% 25 ik
e BARBYIRNE In4sm, K 6(d) 87" T bounding box #f
RAGRY ARG B, 7T LLE 5], PXD-YOLO11s 7E I 25407 3
P T B, Jo AR R ORI A T AR, SR WA 34
SAE [m] U455 B B4 %) WSO B30 B RO, DT 36
T TG ISR A R
3.5 ZAERTEE

YT [E N CPCB B AG T 4 ke = 23 F 1T B B
TR AR IR 75 = = 92T Sl =R 0 TS T a1
PRI Rz AeE | B RS P PKU-Market-PCB [Vl B
PR R AR 2 AR AT S5, I 5 R B AR
R GEAT X Lb , S5 R a3 6 Firs

ARG IR A BT T 1 T 1) P R B AR R
E AR I R AR 5 i B A7) R B R S 1 A I
H mAP50 1 mAP (50 ~95) #8453 4 F Faster R-CNN |
SSD YOLOvSs 45— 41 323 HAnkr AR R T R
Uz AR IR T 2243 SO AT A 5 A0k B REAE B 1L
TR )3
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Table 6 Comparison of experimental results of various

algorithms on public datasets (%)

Tk mAPS0 mAP(50~95)
Faster R-CNN 50. 10 25.00
SSD 44.30 19. 00
YOLOvSs 50.90 23.70
YOLOv7-tiny 15. 60 6. 54
YOLOv8s 61.00 32.20
YOLOv9s 61.80 33.40
YOLOv10s 64. 20 33.40
PXD-YOLO11s 71. 80 41.70

4 #

EI X CPCB A 7= H i SE PR AR I 75 oK, i el 2 T
14 28 BLAYEREE (9 43 FAn o, W T L5 3 057 sk E&
B CPCB (it f 5 a4 | A ALY 2k 5 PP R 4IL T AT S 1Y
By Fr, EUb AL ) DL YOLO11s REREHELE Rl &
ParNet B DL 38 55 435 10F 48 BURE 77, 31 38 /N B 4w 4G 0 3k
( XsHead ) DA T+ XF /N it B A ORI RACR, IF 51 A Soft-
NMS ML A Ab 31 B B B 170 5 HE 0 16 SR w1
MY PXD-YOLO11s, i), 76 H #5004 s 3t
Bl F a2 45 R W] PXD-YOLO1 1s 16 I A f
FE B T T X O T A% GoAS AR TR 3 YOLO & 41
BEAY FE 4R W] T T 4 el 2 SR W 1) A A0 RN AR R g S
A,
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