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The Weibull is widely used in reliability analysis, and several studies have attempted to improve estimation of
the distribution’s parameters. least squares estimation (LSE) or Maximum likelihood estimation (MLE) are often
used to estimate distribution parameters. However, it has been proven that Bayesian methods are more suitable
for small sample sizes than LSE and MLE. In this work, the Weibull parameter estimation accuracy of LSE,
MLE, and Bayesian method are compared for sample sets with 3 to 30 data points. The Bayesian method was
most accurate for sample sizes under 25, and the accuracy of the Bayesian method was similar to LSE and MLE
as the sample size increased.
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(b) Shape parameter
Figure 1. MSE of the Scale and Shape Parameters for Several

Sample Sizes

Table 1. MSE of the Scale and Shape Parameters for Several Sample Sizes

Bayesian methods
Sample LSE MLE . Informative
sizes(n) Non Informative 08<p3<18 0<p8<3 0<p3<5
« 15] « Jo] « Jo] « Jo] « 1o] « 5]
3 9.763 0.118 9.439 0.183 | 26.527 | 0.051 2.857 0.002 3.368 0.058 3.783 0.138
5 9.763 0.136 9.439 0.085 | 26.527 | 0.074 2.857 0.008 3.368 0.062 3.783 0.080
7 3.128 0.133 3.256 0.071 3.674 0.054 1.967 0.010 2.036 0.058 2.036 0.064
10 1.475 0.110 1.463 0.064 1.680 0.052 0.967 0.014 0.991 0.057 0.992 0.059
15 1.515 0.084 1.464 0.043 1.533 0.037 1.145 0.015 1.166 0.040 1.166 0.041
20 1.591 0.078 1.499 0.042 1.546 0.037 1.233 0.019 1.266 0.040 1.267 0.040
25 0.957 0.069 0.898 0.035 0.895 0.031 0.781 0.020 0.793 0.033 0.793 0.033
30 0.710 0.047 0.653 0.034 0.684 0.031 0.559 0.021 0.576 0.033 0.576 0.033
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Table 2. Coverage Ratio of Simulation for Several Sample Sizes
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Bayesian methods
Sample :
. LSE MLE . Informative
sizes(n) Non Informative
08<3<138 0<p<3 0<pB<5
3 100% 100% 87.72% 45.45% 78.12% 84.75%
5 100% 100% 100% 66.67% 93.46% 95.24%
7 100% 100% 100% 75.76% 97.09% 100%
10 100% 100% 100% 80.00% 100% 100%
15 100% 100% 100% 89.29% 100% 100%
20 100% 100% 100% 92.59% 100% 100%
25 100% 100% 100% 95.24% 100% 100%
30 100% 100% 100% 97.09% 100% 100%
Table 3. MSE of B, Life for Several Sample Sizes
Bayesian methods
Sample -
. LSE MLE . Informative
sizes(n) Non Informative
08<3<18 0<8=<3 0<B8=<5
3 0.958 1.554 1.098 0.084 0.322 0.624
5 0.414 0.350 0.280 0.066 0.183 0.219
7 0.417 0.309 0.255 0.083 0.195 0.205
10 0.245 0.206 0.175 0.060 0.161 0.166
15 0.206 0.158 0.143 0.071 0.133 0.134
20 0.196 0.164 0.150 0.089 0.142 0.142
25 0.152 0.115 0.107 0.073 0.104 0.104
30 0.108 0.105 0.099 0.069 0.098 0.098
AHRRY W97 08 < 5= 189 BS Bho| F4E
N Bayesian(Non-informative) Bayesian(informative: 0.8=B<1.8)
MSE7]’ %7}5}% O] 'Pr% ?-:_1 Ook%zi‘% [q:‘_z_‘f_; 6‘04 H-S] -OA 7]’ %‘% -x-Bayesian(informative: 0=B<3) Bayesian(informative: 0<B=5)
MSE(B1,)
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