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In this paper, the results of the electric power load

forecasting experiment using the actual data of the gas
carrier were derived. First, the importance of electric 1. /\‘]%
energy and paradigm changes due to the introduction of

electric propulsion vessels were introduced, and electric . _ ~ )
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derived. After that, the application of the Korean Navy and
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As of January 15t 2020, the sulphur in fuel oil must be reduced to 0.50% from 3.50%.

This requirement comes in addition to the 0.10% sulphur limit in the Emission Control Areas (ECA) zones.

Fig. 1. IMO regulation status and emission control area
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Fig. 2. DC zonal electrical distribution system (DC-ZEDS)
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Table 1. Equipment affecting power quality

Power quality issue Possible causes

Bow thruster

Voltage sag/dips Electronic weapons

Voltage variations Radar systems

Voltage swell Radar systems
Frequency drop Switching of large loads
Harmonics Power electronically loads

Generators
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Fig. 3. Classification of electric power load forecasting according to purpose
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Table 2. Target ship specification

Type Gas carrier
LOA (length overall) 280m
Breadth 45.5

Displacement 110,000 ton

4 diesel generators

Generator (Total 12,880 kW)
Cargo 172,600 bm
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Table 3. Electric power load forecasting result of gas
carrier (8 times)

Test Error (kW)
1st 50.7
2nd 55.9
3rd 52.4
4th 49.3
5th 60.2
6th 46.3
7th 51.0
8th 471
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Table 4. Statistics on experimental results

Property Value (kW)
Mean 51.61
Standard deviation 18.48
Minimum 46.3
Maximum 60.2
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Fig. 6. Electric power load forecasting result of gas carrier
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