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Automatic Thresholding Selection for Image Segmentation
Based on Genetic Algorithm

ol ¥ E’ Quoc Bao Truong, Van Huy Pham, Z| & 4
(Byung-Ryong Lee', Quoc Bao Truong', Van Huy Pham', and Hyoung-Seok Kim')

'"University of Ulsan

Abstract: In this paper, we focus on the issue of automatic selection for multi-level threshold, and we greatly improve the efficiency
of Otsu’s method for image segmentation based on genetic algorithm. We have investigated and evaluated the performance of the
Otsu and Valley-emphasis threshold methods. Based on this observation we propose a method for automatic threshold method that
segments an image into more than two regions with high performance and processing in real-time. Our paper introduced new peak
detection, combines with evolution algorithm using MAGA (Modified Adaptive Genetic Algorithm) and HCA (Hill Climbing
Algorithm), to find the best threshold automatically, accurately, and quickly. The experimental results show that the proposed
evolutionary algorithm achieves a satisfactory segmentation effect and that the processing time can be greatly reduced when the

number of thresholds increases.
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Fig. 9. Performance comparision of threes approaches based on the
Valley-emphasis method. (a) Valley-emphasis method -
thresholds = {87, 175}; Maximum Sigma = 23469.928,;
Running time = 0.016s, (b) MAGA based on Valley-
emphasis method - thresholds = {90, 175}; Maximum Sigma
= 23469.654; Running time = 0.032s, (c) MAGA+HCA
based on Valley-emphasis method - thresholds = {87, 175};
Maximum Sigma = 23469.928; Running time = 0.032s.
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The comparison of 6- classe image segmentation methods

based on valley emphasis method. (a) valley emphasis
method only, (b) MAGA algorithm based on valley
emphasis method, (c) MAGA+HCA algorithm based on

valley emphasis method.
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Table 1. Performance comparison of image segmentation using the
algorithm based on modified Otsu method.
I
Orsu MAGA Otsu vl
Max Sigma 19137325 19137325 19137325
2classes | Thresholds {132} {132} {132}
Time (seconds) 0031 0.032 0032
Max Sigma 19797.283 19796.715 19797.185
3classes | Thresholds {100,179} {98,179} {99,179}
Time (seconds) 0.031 0.032 0.047
Max Sigma 20051.642 20051236 20051.460
dclasses | Thresholds | {74,131,197} | (76,133,199} | (73,131,196}
Time (seconds) 0.047 0053 0.059
Max Sigma 20177415 20176.578 20176.578
Sclasses | Thresholds | {64, 111,158,210} | {66, 111,156,210} | {66, 111,156,210}
Time (seconds) 2329 0.109 0.142
Max Sigma 20239.887 20235.619 20239.409
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Table 2. Performance comparison of image segmentation using the
algorithm based on valley emphasis method.

Valley-emphasis MAGA . MAGA+ HCA
Valley-emphasis | Valley-emphasis
Max Sigma 19047.375 19047.375 19047.375
2 classes Thresholds {134} {134} {134}
Time (seconds) 0.046 0.047 0.047
Max Sigma 19628.743 19627.072 19628.179
3classes |  Thresholds {113,198} {114,197} {115, 198}
Time (seconds) 0.031 0.052 0.055
Meax Sigma 19828.935 19826.581 19826.656
4classes |  Thresholds {91, 159,222} {76,133,199} {73,131,196}
Time (seconds) 0.078 0.081 0.085
Max Sigma 19886.290 19884.817 19884.817
Sclasses |  Thresholds  [{65, 115, 159,222}|{66, 117, 160, 224}|{66, 117, 160, 224}
Time (seconds) 4016 025 0282
Meax Sigma 19889.489 19878.068 19881215
s | s | SIEIB B0 [
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