[ s#s8% % 16M/2021 &5 8 A/MESHRTF LR

Jes it 1o (1B 73 B 58 Y o B g3 B R0y PR A B
AT B — B 43 RS B B B DE Bbn B AR T — 4k Otsu th THEI 7% ) 4 50,

iyt B X ZIHE

— RSO R (L 20 S R TAE B  R B A I 1% 2

LERE 37 1

WA RV B T K2 H k2R B, BRIRT WA R TE 150080

TE  FESaF R S aAI rh L S 4 e B i AR A 43 0 RS AN T B L 48— AT 4 kL T SR (PSOD +
Otsu B{E /IS, ZE 8 UGt PSO AU B 5780 5% B, 39 AL R B 78 36 A 00 393 460 T 55 KA 1 B [0,
SRR T R R AL E IR ARG IR 4 Otsu 53k, & ST B a2 5 i BRI BI(E 2 %1, etk
B’Jﬂﬁ%E%ﬁ%mﬁﬁﬁﬁzm&ﬂﬂ&”iﬁuﬁﬂﬁl?%%ﬁ%mﬁm?Lﬂmﬁ;ﬁm%mﬁé% jJTE SEFEHBEA
SR B AR AR ) BRSSO Tk A B v TR B AR A RS B R B S 4 v T R A 4 1

KA RMRAL B BRI BT RERLE Otsu BT

FESZEES TP391.4 XEARERR A doi: 10.3788/LOP202158.1610007

Application of an Improved Threshold Segmentation Algorithm in
Lens Defect Detection

Cao Yu , Xu Chuanpeng
School of Automation, Harbin University of Science and Technology, Harbin, Heilongjiang 150080, China

Abstract In the optical lens defect detection, in order to improve the accuracy and speed of the optical lens image
threshold segmentation, a new particle swarm optimization (PSO) + Otsu threshold segmentation algorithm is
proposed. The algorithm improves the PSO weight factor update strategy, increases the time when the weight
factor is at a larger value at the beginning of the iteration, enhances the global search ability, calculates the optimal
position of the particle, and assigns the optimal position to the Otsu algorithm. Finally realize the threshold
segmentation of the optical lens image. The improved weight factor update strategy can overcome the shortcomings
of the typical linearly decreasing weight factor update strategy that the global search ability at the initial stage of the
iteration is insufficient, which leads to the local extreme value in the later stage. Experimental results show that this
algorithm improves the speed of threshold segmentation while improving the accuracy of image threshold
segmentation.
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Fig. 1 Ideal model of sub-pixel edge detection. (a) Original edge image model;

(b) rotated edge image model
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Fig. 5 Comparison of bubble threshold segmentation. (a) Original image of bubble; (b) Otsu segmentation; (c¢) standard
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PSO-+ Otsu segmentation; (d) improved PSO + Otsu segmentation; (e) improved two-dimensional maximum
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Fig. 6 Comparison of scratch threshold segmentation.
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(¢) standard PSO-+ Otsu segmentation; (d) improved PSO + Otsu segmentation; (e) improved two-dimensional
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Table 1 Comparison of image segmentation of optical lens bubbles

Image Algorithm Time /ms Optimal threshold Number of iterations
Otsu 189 132 216
Standard PSO-+ Otsu 156 133 14
Bubble
Improved PSO+ Otsu 132 135 11
Ref. [16] method 147 135 23
2 e E R R R 43 BT L &
Table 2 Comparison of image segmentation of optical lens scratches
Image Algorithm Time /ms Optimal threshold Number of iterations
Otsu 196 141 216
Standard PSO+ Otsu 168 142 15
Scratches
Improved PSO+ Otsu 141 143 10
Ref. [16] method 151 143 22
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