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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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SLEECE AR 1 B, 5S40 batchsize | epoch | 2
B4R 32.300.0. 01 1 0. 937,

x1 TREESSH

Table 1 Experimental configuration and parameters

AR AL

R ZAEFRXT CPCB S A6 AR Y f) 1R RE EA T3
i, 145 K5 BE (precision ) | 3 7] % (recall ) | °F- ¥ 45 B %
(mean average precision, mAP ) | 4 F> i £ ( frames per
second ,FPS) i1 % & (giga floating-point operations per
second, GFLOPs) , BAAAAXMA(3) ~ (6) FiR
TP

P=Tp s rp 3)
TP
R= e v rN (4)
Apzj'P(R)dR (5)
>ar
mAP == (6)
C

o mAP 3= B AR (RS IRS BE,  F mAP@
50( mAP50) A1 mAP@ 50 ~95( mAP (50~95)), mAP@
50 715 ToU BIE R 0. 5 B A9 V-S40 B, BT e A TR
FRUERIN S5 T YR PL, T mAP@ 50 ~95 W 1E ToU [ {8
M 0.50~0.95( KK 0. 05) HE BN BE |, BEAE 4 1
S WAL AN BE 77, precision fiif & 5 il 2k S IE T
W E b5, BRI A B bR B AE oh A 2 R DE R Y, i
recall W 5 T A7 L5 H bR gl iE A 0 o0 79 L 5], 3RO
FERIXT HARARS HIBE 1, FPS FH S A AR 18 7 52 i A6
55 A B B | 3ROR R AR AT DL Ak 35 2 /0 i 4]
1%, GFLOPs T s A7 () 143052 2% B, B b K e 1
RT3 U () T SR B R 8 5 M B
BRAS ELHEAR G
3.2 HEASCIE

R Y SRR S AR AR R A R, L YOLO11s
REWE DT, ot T AR, L th B LA
ParNet . XsHead & Soft-NMS iX 3 3¢ B AR B | 3 75 7 b
H il E s A E AT X Lo A, SRERAE RN ER 2 PR,
Hor eV FORKOR S A

BER S Ubuntu 18. 04 LTS
CPU Intel Xeon(R) Gold 6254 CPU @3. 10 GHz HA 2 PO AT LU ), BEERCIL ) mAPSO Al mAP
CPU Quadro RTX 8000 48 Gx2 (50 ~95) 43 % Jy 84.00% F 59.50% , #i P 5 B N
CUDN 10.2 108. 7 fps JHH precision Fl recall FXTEAK . 51 A ParNet
Python 36,15 iR  AREAY mAPS0 #2771 & 85.20% ,mAP (50~95) i
Pytorch 1.10.0 ERTT 2. 8% , precision F recall 73T Z 90. 30% Fl
77.80% , 5] ParNet 35 | RIRY Y RFIE SR ICRE ) . FEHE
F2 AEEREERSEINTEE
Table 2 Comparison of ablation experiments of different modules
Jrik ParNet XsHead Soft-NMS mAP50/%  mAP(50~95)/%  precision/% recall/% FPS
1 84. 00 59.50 89. 10 76.70 108. 70
2 v 85.20 62.30 90. 30 77.80 84.75
3 v vV 89.30 67. 60 92.00 83. 50 66. 67
4 v VvV v 89.20 68. 00 92.20 84.10 67.57
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— AN BFRK I3k XsHead J5 , B0 1 fig K MR 32 TT
mAP50 Fl1 mAP (50 ~ 95) 43 7l ik 21| 89. 30% #1 67. 60% ,
recall ¥+ T 5. 7% , £ XsHead 3508/ T /N HAR A9
Ko, R I RCR KRR T, &, i@t 51 A Soft-NMS i
175 A BACAL , B BUAE LR 47 5 mA P50 (89. 20% ) Y [R] i
mAP (50 ~ 95) it — 2 2 F+ = 68.00% , recall & F+ =
84. 10% , HHEHLH & F2 5 76 67. 57 fps, Wi H Soft-NMS £
FETHAG I 5 8 1 ) Bt o3 SR B M AN

SV, 3X 3 B 9 B ] O Ak A 75 d5 2 A 7R (1)
mAP50 Fll mAP (50 ~95) 43 & T+ T 5.2% F1 8.5%,
precision Fll recall 737l 3 T 3. 1% F 7. 4% , Fe At
Wk 67.57 fps,‘?ﬁ/% Tl S sFAG ) E@%*LZ}J o Hrp s
XsHead XTI B 09 82 T+ fe o 35 . DA LSRR 45 i e
SrEE T 4R 0 B SRS TE SR T CPCB ik B R RS i
PR TR AT LA R A () S B o FH A

R T IR R R PR R L B B 2 it
B ToU 1858, 5 Soft-NMS #H45 4, A MM EE T CloU-
NMS . GIoU-NMS . DIoU-NMS F11 EIoU-NMS 85, N T 5
UEARTA] ToU AR{RTE Soft-NMS Hr i PERE 22 57, 03 1 I e
SR SR AR AN 3 R,

f5% 3 HCHE AT %0, DIoU-NMS 7E mAP50 F1 mAP
(50~95) FRIEA, 703K F] 89. 2% F1 68. 0% , [R5

R3 HREHHBSKIEXTEL

Table 3 Comparison of loss function ablation experiments

(%)
EZEN TR 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
EIoUNMS 88.90 66. 80 93.30 82.30

Wl iy, o 84. 1% . HH AT UL, 20 Y DIoU-NMS $ii
KBRS A YERE L R e, A B TR b S
HEANAE Z 37 it Fe s 4

SRR FT R Sk T B X AR M B 11 5 ), E A itk
PREEAZS A RTEE R BT 3 TN A sc . 55 1 4R FH R
YOLO11s K Sk A KLl T YEfES %, 4 2 /e Lk
FEA LB S 160X 160 43 B %45 W 3k ( XsHead ) , 7] 78 55
8~16 pixels /NEAR; 55 3 Al —2 5] A 320%320 43R
Kl sk (UsHead) , LAZE 55 4~ 8 pixels E/NBLBE . T X
LA [T TC T A R 0, 28 49 e ko ) S RUJE X I 22
KRR B8 T B FETHRCR , SEER s R an 4k 4 s, H
Hre” R S A A

&4 WNSHRESTIENT B

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 2 Y 89. 60 72. 80 91.30 80. 80 76. 50

T 4 PR E LG XsHead K Sk i 5 24
PERERIUC R . AH L IEL A A H mAPS0 M 85. 50% 42
ThZ 89.20% ,mAP (50~95) M 62. 80% #£ T} = 68. 00% ,
FERA AN A 0] 38 0 ) B2 7 &8 92. 20% Fil 84. 10% , fk 3
B T XN HARRRINGRE J), THERCR T, GFLOPs M
42.50 Hi % 49. 80, HL WA G (HARES T 58 19 $2 T I
& R TR AL F T2 N

#—H M A UsHead J5 ,mAP (50~95) BEMAH T},
{H GFLOPs #ilF+ & 76. 50, #1531 A XsHead 34 T
26.70% , SR TIFRSAS  BEAR TR A M S R
AF)FEFRERE . [FIAT, precision T F& 0. 90% , recall T
R 3. 30% , 1t B 2 SRARE AL X 404 /DN o P B e 34 5
A ARG I F i M R M B T A P R R, BRI, X
51 XsHead #:0 Sk 7EAGINNRE FE 3 H3R 8RN TRESE
Z AR B T He AT, BE BE A SSRGSk
o T IR G IRATR 9%, Hag S 1) SE PR N FH AR

3.3 xftbsLig

Sy TR TR A SR AR T A A R A
K BT AR 5 Faster R-CNN |, SSD , RT-DETR
(real-time detection transformer ) *’ _ YOLOv5s. YOLOv7-
tiny \YOLOv8s . YOLOv9s Hl YOLOv10s % H A5 432 1 Y
A A AR 7 5 T [R1 450 45 S5 U R 64T T X b S
By, 25 RN 5 PR,

Faster R-CNN 1 iy #1180 () 5 [ BEAS: I HE 28 ) FLAE /N
HAR R AT 55 b RMAFAEH B AR, Rikmo, K
mAP50 F1 mAP (50 ~ 95) 43 % A 70.90% F1 44.50% ,
precision {XA 34.30% , LA HAE G 2415 S A G -8
ZHYIRAG , SSD 1k T3 2% LA PR BE I 4% 1 AR LB
PRAE IR RIS , mAPS0 1K 25. 20% ,mAP (50 ~
95) 24 12. 50% , precision {4 14. 80% , 1t B H AR A 42 B
5522 RBEfl-& fig ) © X LA 2 B DU AT 55 /RS 5
K. RT-DETR fE M iEAE T Transformer 4854 f A 214k
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Table 5 Comparative results of different algorithms

(%)

ik 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-YOLO11ls  89.20 68. 00 92.20 84.10

Ko A5 ) HAE mAPS0 F1 mAP (50 ~ 95) 43 il ik |
70. 00% F1 43. 70% , precision N T71.70% , BARE T1E 5
D1 ABFE/N B bR R S 5 P AR — 2 SR B

7E YOLO %1 YOLOvSs 7E R L3 i % f AL 6
WAL | LS I v RS 4 BB, mAP 4 86. 60% , mAP
(50~95) A 59. 00% , precision ik F] 90. 90% , FKH 4 &,
AU SR B N, SR T AR IR $E R S5 # A X%
G, X 4495 S8/ BRI A AEPE BB 5T, YOLOVT-
tiny VE AR RS0 B AR | B AR T R Oy 1 LA L H
H mAP(50~95) 1K 46. 20% , precision A 82. 20% , LA
e BRI B 752K . YOLOv8s 51 A RepConv 45 ¥4 LA MG 55

YOLOLlIs-original

PXD-YOLOLll1s

FHIEFIAAE 1, mAP (50 ~ 95) $2 T & 60. 80% , precision
A3 90. 30% , PEREBC AT . YOLOVIs 5| ABIAS
Az BPHLI 0 T SCHARRE T, B mAPSO ik 82. 00% ,
{H mAP (50~95) N 55.70% , 1 58 237 5 b (1) K i AT
FRHETE, YOLOv10s 7454 itk — 0 ihfb e fk R i
AT, mAP (50~95) 2K 58. 70% , precision 4 89. 60%

A BT, i i PXD-YOLO11s 1£ 22> ekt
PEfetE bR L Se A Se, BRI &, BB ZE mAPSO Al
mAP (50~95) J i1k 5] 89. 20% Fl 68. 00% , precision
F recall 23 HIHRTFE 92.20% 5 84. 10% , % J5 B 7RI
RAFEBERE S R B, — 2538 T+ T /N B AR K DU 1 g 5
XA AT B )38 I BE 77, 88 YOLOVSs  YOLOv8s 45 £z
SRR Y Jre B T R A M AR T A 5 5 Y S5 B
Wi,
3.4 TFIH{LITEE

SRy B I T 4 5k R B L R A A AR vk g 2
S, 5% YOLO11s % 5 PXD-YOLO11s X 5048 4 ity
R BE ST e AT, I8 3 T LAk R s A DU AR (dn
K8 fiin) ., MIE 8 AT LA Y, Jihh YOLO11s B ILTE
T BRBE S _ AP AR — o R R A R A IS, BRI
BRI RmMK, 2T, IR RUR AR T TS
SRR RN TP HR | 4t 50 25 200 /)N SR v e T o
WRA T, AN, B2 BhR B E il a T  HAK
SRORRE T R AP I I M 8 | B A5 AT AL X 23 AH AR ol & 1Y
b H AR

8 PXD-YOLO11s 5 YOLOIIs #rill 455 nT MAL X 1
Fig. 8 Visual comparison of detection results between PXD-YOLO11s and YOLO11s

WO R AR AR Z2 A4 SR PE B FE bR L X L dn
& 9 fis, B T R IE YOLO11s %) 5 303 5 19 PXD-
YOLO11s ##7E mAP50 .mAP (50 ~95) 4 B Z L K i
FEHER G SR AR VI 2Rl X HE

Wik 9 iz, I 9(a) A (b) /%R T YOLO11s Jit
R R 5 o 3 J5 9 PXD-YOLO1ls 78 mAP50 Al
mAP (50~95) B M6 R L AXT L g, B 9(a) FI(b)

ta] DU B PXD-YOLO11s 7E8 I 255k Fi vh 34940
FIRAAER I BRSO R: T E e, B
ok i, mAPSO R & TFIF 8 T OF fR, % B PXD-
YOLO11s 782 Ao 8 1 7 1 A5 2] T &8 35 $2 T 17 mAP
(50~95) Rpghig K, i e FLAE R TR ToU BIE T 146
WEE 77 T 5 AR SONAE B s . B 9(e) R T A R
FENN S B2 v AR AR A5 B, WL 9 () i aT LA
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Fig. 9 Performance metrics comparison before and after improvement
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Table 6 Comparison of experimental results of various
algorithms on public datasets (%)
Jrik mAP50 mAP(50~95)

Faster R-CNN 50. 10 25.00
SSD 44.30 19. 00
YOLOvSs 50.90 23.70
YOLOvV7-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

ARG LRI A T T 1 T 1) P R B AR R
EICAE ELV R AR ER i 4 A7) e B S 1 A T g
H mAP50 1 mAP (50 ~95) #8451 Hf F Faster R-CNN,
SSD \YOLOvSs %5 — Z 41 i H bR AT, R B T R
Uz AR BIE T 2253 ST AT R A 5 AR BE AR B R
TR A 1 e

FEXS CPCB Az ™ v i 52 B A 75 5K, B Se il 2 1

14 ZEMAY R 0 3 br il F R 1L 3 057 SRIEHR Y
CPCB SR EHE 46, BRI 25 5 PP AR S A1t 1 7T 48 1 %k
i Scke, fECIERE [, L YOLOI1s Sy BERHAE S, fll &
ParNet F5 DL 56 58 AiF 452 HCRE 7, 57 389 /0y H AR A I Sk
(XsHead ) L4 T4XF 30/ R B 9 U ROCR , IR 51 A Soft-
NMS B DG A Ak 2 B BE 14 370 SHE i 2 SR, 4 17 2k
PERIAL PXD-YOLO11s, fRJ5 , 78 F A EE 5 A Mg 4
S L SEERZE R, PXD-YOLO1 s 72K B2 1
PETT B TAE GEAS AL R A 230 YOLO R AIKIHY | 58
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