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Fig. 4 Result of analysis
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Table 1 Input and Output data (Frequency)

Parameter Constraints(unit)
LNG mass flow 56.2823 ~ 58.994 (kg/s)
LNG velocity 6.20544 ~ 6.50511 (m/s)

Input | NG pressure
NG leak Mass

flow
Leak hole size

3.78e-06 ~ 9.86e—05 (bar)
0.075415 ~ 3.45722 (kg/s)

10 ~ 120 (mm)
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Fig. 5 Loss and Error (Frequency)
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Table 2 Result of Error (Frequency)

Set Error
Training data 0.96%
Validation data 27.64%
Test data 24.57%
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Fig. 6 Jet fire as distance (PHAST 7.11)
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Table 3 Input and Output data (Conseguence)

Parameter Constraints(unit)
Wind speed 2.02 ~ 22.97(m/s)
Leak hole 1.19 ~ 89.42(mm)
Input :
Leak duration 10.78 ~ 289.47(s)
Fuel amount 145.369 ~ 146497(kg)
Output Heat radiation 40.43 ~ 165.06(kW/m2)
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Fig. 7 Loss and Error (Consequence)
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Table 4 Result of Eror (Consequence)

Set Error

Training 1.74%

Validation 4.98%

Test 8.08%
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