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Fig.1 Seasonal variations in PV generation and energy demand
:::g:sz :::Ersmn 52;?:-1 g :z’,ﬂ?:cm E 8; ::‘:‘:;

b SR

Superstructure Design decision

i |

Operation decision

Fig.2 Optimal design of PV & energy storage system
Table 1 Operation status of various machines in annual planning

Operating Day 1 Day 2 Day 365

status 1 2 3 4 s 6 7 8 23 24 25 8760
Battery
(charge/Discharge) ~
Heat pump start g
Fuel cell start I stop
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MHT : Hydrogen storage tank
FC : Pure hydrogen fuel cell

PV : Photovoltaic panel
EH : Electric water heater
BTU : Battery unit WE : Water electrolyzer
ST : Thermal storage tank HPU : Heat pump unit

Fig.3 Configuration diagram of energy storage and supply systems
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Table 2 Design results of typical Pareto solutions Fig.5 Pareto solution update process by genetic algorithm and Comparison
Design | Weight Battery Metal Storage PV panel | Annual Energy supply
solution | coefficient | capacity | hydride tank aream? | total cost |autonomy [32]
index w kWh tank Nm? | capacity L yenfy yenly E #B #C
#A 0.8 30 0 1,200 80 968,520 355,878 Z 400 — T T T T T T T T T T T
#B 0.5 180 50 1,200 200 2,493,624 66,621 S 300 i f'\ ,J'\ ", A 1
#C 0.4 240 400 1,200 240 | 6,744,855 20,348 L N \ ,IN i
, - : 5 200 ; \
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