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Abstract: To enhance the accuracy and stability of conductive particle detection and to meet actual produc-
tion demands, a multi-particle detection method based on a simplified deformable convolutional (circular
convolutional) neural network is proposed. First, an appropriate model and network are chosen based on
the characteristics of the detection task and target. Then, a deformable convolution sampling strategy is in-
troduced and modified to restrict the sampling point offset, with added size control parameters. A circular
convolution, more suitable for particle detection, replaces some convolutional layers of the original net-
work. Additionally, an attention mechanism is introduced to calculate self-attention through label graphs,
which serve as weight modification loss functions and label graphs. Finally, a comprehensive evaluation al-
gorithm for the accuracy and stability of repeatability and reproducibility indicators is proposed. The results

show that the repeatability and reproducibility indicators of our method are 0.809 2 and 0.705 1, respective-
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ly, outperforming existing mainstream methods by 4.52% and 1.74%. The accuracy and recall rates are

0.712 8 and 0.697 4, respectively, with an overall accuracy of 0.834 1, surpassing existing methods by

1.68% . Compared to existing mainstream methods, our approach significantly improves the particle detec-

tion performance under adhesion interference, meeting industrial requirements for accuracy, stability, and

real-time processing.

Key words: machine vision; deep learning; neural network;conductive particle detection; circular convo-

lution
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[A] 15 B AN [R) L vk BT A 25 SR 1 =2 6] 5 P L 2 15 3
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B AT B B SO, G 2k A R X — 21
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Sreproduee = 0. 5 X (mean ion + mean e ). (15)
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Fig. 6 Test samples used in experiments
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e R4 0 00 58 35 AR R 4 S B RIOCR 47 %
R 1| S I B R < N i I S B R Id
(chn) 1 BUZ RS (size) . S5 0 Br i BLRL N
J B Y+ A o AT R A B DR R A [ A A
(chn=1, size=7) | Jil f& & + [ % B (chn=9,
size=3) | JE A A + 5] 45 L (chn=9, size=7) . Jii
P 4[5 45 B (chn=09, size=11) . JEL & 5 + [&] &
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Tab.1 Effect of parameters(chn & size) on circular convolution

Parameter combination Repeat Reproduce

Deformable convolution 0.8341 0.793 5 0.708 5
Circular convolution(chn=1, size=7) 0.8105 0.7526 0.6658
Circular convolution(chn=9, size=3) 0.8186 0.776 2 0.672 1
Circular convolution(chn=9, size=7) 0.8255 0.8030 0.7104
Circular convolution(chn=9, size=11) 0.8224 0.7849 0.6837
Circular convolution(chn=18, size=7) 0.8259 0.803 5 0.706 5

f % 1ol 20, A B0 i (chn=9 5 chn=1)
N TR EZEIGE L A B LZSHZS 504G
FURGHE I S 8001153, RS B ROCR B 2548 71,
{8 2k 252 358 i 3 38 KX (chn=18) 42 F+ | A B &2, 15¢ A
chn=9 [} i 18 %5 0 1) % (1) 48 T+ gk © 238 31 11
L, A 2338 T 3 R S I S A PR U
HE R ST (size=3 5 size=7) [AIFL AT DL

FH PRI, |3 3G A R sz B AT LA R
LRI 25 B B 4R 2L G N (size=11) , W <3 K]
SRR VR AR B R RS T T I 25 AR IO N A TR
B A BUE BRI O 2%

B 15 B B SCR e 19 (chn=9, size=7) 5
AT AR A6 B L AL 8 4 AR AE D 2D — 2 S0 (1 T
PN 5 AR R B FUA LE AR WA T TR RS T
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Fig. 7 Qualitative analysis of each module in ablation experiment
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Tab.2 Results of ablation experiments

Method Acc Repeat Reproduce
U-MultiNet 0.805 4 0.7235 0.674 4
U-MultiNet+ Circlular convolution 0.814 2 0.796 2 0.708 4
U-MultiNet—+ Attention 0.8133 0.7754 0.697 1
Ours 0.8255 0.803 0 0.7104
4.2.3 xfrb g 1.5 U-Net
Tl e R R S AR A B LA A 15 —a
PR 0 00 S M0 BEAR X 28/, Tl g 2 7 A S 4 s 0o —— Our method
(8% TR F A AT 55 L 4 JE 51 5 oy B T 15 iF AR R 42 S
| L3RI 5 R A P {5 95 4 5 ik T {3t o) 06
0.3

22 S YRR RN H A CAS SO A I 2R A A A v
R SRR 20455 40 UKL T, 362 35 0004>) o
B 8 TN T Y 2R B rp 4 AL 1) loss Hh 26, DA
Eda] PIE W, & EfE R 40 epochs I E
sk, R kAT LA G, SR 2 R T 5
RIBRNTAXITESZFAA T ENITL
B AL Sobel 5 42 BURFIE I A% G2 5 1%, U-
Net, U-MultiNet, CPNet R JF 23] ik, 45 %
WoR B R0 58 Ty A T B M I
IV B 7 T B0 -, 150 B G AR I A v 1) AR

0 10 20 30 40 50 60 70 80 90
Epoch
B8 N Sk 4 v 4 PSSR 1Y loss 1 £k

Fig. 8 Loss curves of four methods during training
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Tab.3 Results of comparison experiments

Method Acc Repeat Reproduce Average time/ms  Parameter number
Lin"" 0.798 6 0.7640 0.652 6 12.28
U-Net 0.817 3 0.7575 0.677 2 52.37 75 328
U-MultiNet 0.8132 0.7300 0.680 5 36.61 26 832
CPNet 0.8017 0.6655 0.6877 41.75 48 864
Ours 0.8341 0.809 2 0.7051 39.94 35888

R4 WERERSEEROLLLER

Tab.4 Comparison between deformable convolution and circular convolution (ours)

Method Training time in 1 epoch/s Average time per image/ms Parameter number
Deformable convolution 162 47.93 62 528
Circular convolution(ours) 112 33.13 35 888

Xt b 22 B R B 24 2 J7 1, U-Net J& e SE #2 1
) ik FEE R F T I 4 65 A4 45 B M IR S B0
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RV Ay % A T 45 26 BRI 3 18 400, AH EE U-Net I
AR Z BRI T 2 S BUREOE X E N A
Iv) 25 A 2 18] 4R 5 Bk 422, (HU)Z P9 1915 Bl A 0 A
DRSS T 1 42 T BT kAT B, AN 3 A B0 FDRY 342 1Y)
14 ; CPNet 4R BE % K AN [R] 451 25 (1) ¢ i 15 B il
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Fig.9 Results of conductive particle detection

(a) JFIE (b) ATIPRELER (o) B AL (d) UNet () U-MultiNet (f) CPNet (g) A7
(a) Original pad (b) Ground truth (c¢) Conventional con- (g) Ours
image volution Lin!"!

10 ¥ B 2 5 H AL 9 A 0 A0 23

Fig. 10 Conductive particle detection results of easy-detecting group
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