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a b s t r a c t

The objective of this study is to develop an optimized fuzzy logic controller (FLC) for operating an auton-
omous hybrid green power system (HGPS) based on the particle swarm optimization (PSO) algorithm. An
electrolyzer produces hydrogen from surplus energy generated by the wind turbine and photovoltaic
array of HGPS for later use by a fuel cell. The PSO algorithm is used to optimize membership functions
of the FLC. The FLC inputs are (a) net power flow and (b) batteries state of charge (SOC) and FLC output
determines the time for hydrogen production or consumption. Actual data for weekly residential load,
wind speed, ambient temperature, and solar irradiation are used for performance simulation and analysis
of the HGPS examined. The weekly operation and maintenance (O&M) costs and the loss of power supply
probability (LPSP) are considered in the optimization procedure. It is determined that FLC optimization
results in (a) reduced fluctuations in batteries SOC which translates into longer life for batteries and
the average SOC is increased by 6.18% and (b) less working hours for fuel cell, when the load is met by
wind and PV. It is found that the optimized FLC results in lower O&M costs and LPSP by 57% and 33%,
respectively, as compared to its un-optimized counterpart. In addition, a reduction of 18% in investment
cost is achievable by optimal sizing and reducing the capacity of HGPS equipment.

� 2012 Elsevier Ltd. All rights reserved.
1. Introduction

Solar and wind energy are inexpensive, environmental friendly,
non-depletable, and could serve as potential sources of alternative
energy [1–3]. A green power system (GPS) that benefits from solar
and wind energy often encounters noticeable limitations that orig-
inate from the intermittent nature of its contributing source [4]. To
overcome the intermittency problem in power generation and in-
crease reliability to meet continuous loads, two or more systems
are used I hybrid from in conjunction with storage devices [5].
While batteries have been used to reduce or compensate for the
intermittency caused by adverse effects of time varying weather
conditions, they have low useful life and hydrogen-based fuel cells
are also integrated into hybrid GPS (HGPS) as viable solutions [6,7].

To regulate the energy flow among the different components of
a HGPS, a control system is necessary. Numerous studies have been
performed on control of HGPS with hydrogen storage. In a study, a
neural network control system is programmed to learn over time
to use system resources more efficiently by adjusting the energy
storage strategy to variations in power production and demand
[8], but it needs historical data to be efficient. In another study,
an un-optimized fuzzy logic controller (FLC) is examined to deter-
ll rights reserved.

: +98 21 66406469.
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mine the appropriate hydrogen rate of production/consumption
for a HGPS [9], however, the simulation results showed that the
system does not provide enough input energy to power a typical
residential load for a very long time. For a HGPS, comprised of pho-
tovoltaic (PV) array, wind turbine, and fuel cells, FLC is employed
to achieve maximum power tracking for delivery to a DC bus
[10,11].

As the difference in cost of electricity generated by HGPS and
non-renewable sources is continuously decreasing due to techno-
logical advancements in manufacturing of equipment, it is antici-
pated that optimal control of HGPS would make the overall
system performance even more economical [12]. The optimization
of FLC using evolutionary programming has been utilized for dif-
ferent systems, for example, the genetic algorithm (GA) is applied
for the simultaneous design of membership functions and rule sets
for a FLC of the steam generator water level [13]. This type of con-
troller is smaller and its response is faster than that of a well-tuned
proportional–integral–derivative (PID) controller and provides sat-
isfactory performance, although it has a small number of rules. A
GA-fuzzy-PID controller is examined for enhancement of energy
efficiency of a dynamic energy system [14] and the results show
that GA-fuzzy-PID controller, in comparison with PID controller,
achieves higher energy efficiency by lowering energy costs. The
GA is also used for simultaneously finding optimum design of
FLC membership functions and control rules, where the controller
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is used as a maximum-power-point tracker for an autonomous PV
panel [15] and the results show improvement in design optimiza-
tion. The particle swarm optimization (PSO) algorithm is used in a
study for tuning a FLC that controls a robot trajectory [16] and it is
found to be more accurate with less or no deviation from the tra-
jectory, as compared to a PSO–PID controller. Another application
of PSO for designing an optimal FLC for load frequency control of
isolated wind-natural gas hybrid power system is reported in
[17] and simulation results show that the performance of proposed
controller is superior to a PID controller in terms of settling time,
overshoot, and robustness under load change. In another study,
the PSO algorithm is used for optimizing membership functions
of a FLC that controls an autonomous PV panel [18], where the
optimized FLC is able to provide maximum energy to the system
loads while maintaining a higher average state of charge (SOC) of
battery.

As summarized in Table 1, the review of literature shows that
studies on optimized FLC for power flow regulation and energy
management of HGPS are lacking. The objective of this study is
to develop an optimized FLC for operating an autonomous HGPS
based on the PSO algorithm. The PSO algorithm is used to optimize
the FLC membership functions. Actual data for weekly residential
load, wind speed, ambient temperature, and solar irradiation are
used for performance simulation and analysis the HGPS. The
weekly operation and maintenance (O&M) costs of HGPS is ac-
counted for and, for evaluating reliability of HGPS power produc-
tion under varying weather conditions, the loss of power supply
probability (LPSP) is considered [19].

The remaining parts of this study are organized as follows. In
Section 2, the HGPS model is introduced. The analysis section
describing the FLC structure, membership functions, and rules as
well as the PSO algorithm used for optimizing the FLC membership
functions is presented in Section 3. Sections 4 and 5 provide the
simulation results and conclusions and recommendations,
respectively.
Table 1
Summary of HGPS studies in the literature.

Reference Wind PV Battery

[1] � � �
[2] � �
[3] � �
[4] � �
[5] � � �
[6] � �
[7] � �
[8] � �
[9] � � �
[10] � �
[11] � �
[12] � �
[13]
[14]
[15] �
[16]
[17] �
[18] � �
[19] � � �
[20] � � �
[21] � �
[23] � � �
[27]
[28] � �
[29] � �
[30] �
[31] � �
[32] � � �
This study � � �
2. HGPS model

As shown in Fig. 1, the HGPS utilizes a wind turbine, a PV array,
an electrolyzer, a fuel cell with hydrogen storage tank, and a stack
of batteries to meet the load via a DC bus and an inverter [9], where
the power flow is regulated by an optimized FLC.

A wind turbine and a PV array are used as indigenous green
power production resources. An electrolyzer is used for production
and storage of the excess energy in form of hydrogen and a proton
exchange membrane fuel cell is used for re-utilization of stored
hydrogen to generate electricity. A battery stack is also used to
store short-term energy [20]. The buck and boost converters con-
trol the electrolyzer and fuel cell power, respectively.

For HGPS simulation in this study, the actual hourly data for
load power, wind speed, ambient temperature, and solar irradia-
tion available for the last week of March 2008 in north of Iran
are shown in Fig. 2.
2.1. Wind turbine

Based on local wind speed and equipment characteristics, the
amount of power produced by wind turbine (kW) is given by [21]

PwindðtÞ ¼
Pmax;wind � VðtÞ�VC

VR�VC
if VC 6 VðtÞ 6 VR

Pmax;wind if VR 6 VðtÞ 6 VF

0 if VðtÞ < VC [ VðtÞ > VF

8><
>: ð1Þ

where V(t) is wind speed at time t(m/s), Pmax,wind is nameplate power
rating of wind turbine (kW), VF, VR and VC are the characteristic
parameters determined by the wind turbine power curve provided
by the manufacturer (m/s), as shown in Fig. 3. The wind turbine
starts producing power at a wind speed of 3.5 m/s and reaches rated
power at wind speed of 9.5 m/s. At wind speeds higher than 25 m/s,
the controller puts the wind turbine on the brake [22].
Hydrogen Controller FLC Optimization
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Fig. 1. Schematic diagram of the HGPS used in this study [9].
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Fig. 2. Hourly data for load power and meteorological conditions for 1 week.
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Fig. 3. Wind turbine power production as a function of wind speed [22].
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2.2. PV

The power generated (kW) by the PV array with NS modules in
series and NP modules in parallel, where the effects of temperature
is accounted for, is given by [23]

PpvðtÞ ¼ NP � NS �
VOC

nMPP KT=q� ln VOC
nMPP KT=qþ 0:72
� �

1þ VOC
nMPP KT=q

� 1� Rs

Voc=Isc

� �
:Isco

G
G0

� �a

� Voco

1þ b ln G0
G

� T0

T

� �c

:gMPPTgoth ð2Þ

where nMPP is the ideality factor (1 < nMPP < 2), K is the Boltzmann
constant (1.38 � 10�23 J/K), T is the PV module temperature (K), q
is the magnitude of the electron charge (1.6 � 10�19 �C), Rs is the
series resistance (X), a is the exponent responsible for all the
non-linear effects that the photocurrent depends on, b is a PV mod-
ule technology specific-related dimensionless coefficient [24], and c
is the exponent considering all the non-linear temperature–voltage
effects. Also, Voc and Isc are the open-circuit-voltage (V) and the
short-circuit current (A) of the PV module under two different solar
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irradiance intensities (G0, G) and two PV module temperatures
(T0, T), respectively. Further, gMPPT is efficiency of the maximum
power point tracking and goth is the factor representing other losses
such as the loss caused by cable resistance and accumulative dust.

2.3. Battery

For the battery stack, the electrical energy storage is positive or
negative depending on charging or discharging states. The battery
current (A) is determined by [9]

IBðtÞ ¼ IpvðtÞ þ IwindðtÞ þ IBoðtÞ � IBuðtÞ � ILoadðtÞ ð3Þ

where Ipv, Iwind, IBo, IBu and ILoad are currents (A) of PV array, wind
turbine, boost converter, buck converter and load, respectively.

The battery voltage (V) is given by

UBðtÞ ¼ ð1þ atÞUB;0 þ RiIBðtÞ þ KiQ RðtÞ ð4Þ

where a is the self-discharge rate (s�1), UB,0 is the open-circuit-volt-
age at time 0 (V), Ri is the internal resistance (X), Ki is the polariza-
tion coefficient (X h�1), and QR(t) is the rate of accumulated charge
(Ah). The characteristic values for the battery stack parameters are
given in Table 2.

Then, the battery energy storage (Ah) is

EBðtÞ ¼ EB;0 þ
1

3600

Z
IBðtÞdt ð5Þ

where EB,0 is the battery initial stored energy (Ah).
The battery SOC (%) is defined by

SOCðtÞ ¼ 100� EBðtÞ
EB;max

ð6Þ

where EB,max is the total capacity of the battery stack (Ah).
Table 2
HGPS components parametric values.

Component Parameter Value

PV a 1.21
b 0.058
c 1.15
nMPP 1.17
Rs (X) 0.012
Isc (A) 6.5
Voc (V) 21
G0 (W/m2) 1000
T0 (K) 298
gMPPT 0.95
goth 0.05

Battery a (Hz) �0
Ri (X) 0.076
UB,0 (V) 48
Ki �0

Electrolyzer UEl,0 (V) 22.25
C2El (V) 5.5015
C1El (V �C�1) �0.1765
NCell,El 24
IEl,0 (A) 0.1341
gI,El 0.7
REl (X �C) �3.3189
CH2 (Ah l�1) 8604

Fuel cell UFc,0 (V) 33.18
C2Fc (V) �1.57
C1Fc (V �C�1) �0.013
NCell,Fc 35
IFc,0 (A) 8.798
gI,Fc 0.45
RFc (X �C) �2.04
CH2 (Ah l�1) 8604
2.4. Electrolyzer

The excess electrical energy produced by the HGPS is used by
the electrolyzer for hydrogen production. The buck converter is a
DC voltage reducer used to transfer maximum power from DC
bus to the electrolyzer. The electrolyzer voltage (V) is given by [9]

UEl ¼ UEl;0 þ C1ElTElðtÞ þ C2El ln
IElðtÞ
IEl;0

� �
þ RElIElðtÞ

TElðtÞ
ð7Þ

where UEl,0 (V), C1El (V �C�1), C2El (V), REl (X �C) and IEl,0 (A) are the
characteristic parameters determined experimentally with values
given in Table 2 and IEl and TEl are electrolyzer current (A) and the
cell operating temperature (�C), respectively.

The hydrogen production rate _VEl (ls�1) is given by [9]

_VEl ¼ NCell;El
gI;ElIElðtÞ

CH2

ð8Þ

where NCell,El is the number of cells, gI,El is the electrolyzer utiliza-
tion factor, and CH2 is a conversion coefficient (Ah l�1).
2.5. Fuel cell

For maximizing power transfer between fuel cell and DC bus,
the boost converter is utilized. The fuel cell voltage (V) is defined
by [9]

UFc ¼ UFc;0 þ C1FcTFcðtÞ þ C2Fc ln
IFcðtÞ
IFc;0

� �
þ RFcIFcðtÞ

TFcðtÞ
ð9Þ

where UFc,0 (V), C1Fc (V �C�1), C2Fc (V), RFc (X �C) and IFc,0 (A) are the
characteristic parameters, as listed in Table 2, and IFc and TFc are fuel
cell current (A) and the cell operating temperature (�C),
respectively.

The fuel cell hydrogen consumption rate _VFc (ls�1) is given by
[9]

_VFc ¼ NCell;Fc
gI;FcIFcðtÞ

CH2

ð10Þ

where NCell,Fc and gI,Fc are the number of cells and the fuel cell uti-
lization factor, respectively.
2.6. Hydrogen storage

The hydrogen energy storage (kJ) is defined by [9]

EH2 ðtÞ ¼
Z T

t¼0
ðPEl � PFcÞdt ð11Þ

where PEl and PFc are electrolyzer and fuel cell power (kW), respec-
tively, and T = 168 h in HGPS simulation of this study. The hydrogen
storage level (%) is

HL ¼ 100� EH2

EH2;max

ð12Þ

where EH2;max is the maximum energy stored in the tank in the form
of hydrogen (kJ).
3. Analysis

The optimal performance of HGPS modeled in the previous sec-
tion is achieved by designing a FLC that benefits from optimum
membership functions determined by the PSO algorithm.

http://www.tarjomehrooz.com/


Table 3
Fuzzy logic rules for HGPS control [9].

dp SOC P⁄

N L P
N M P
N H N
Z L P
Z M Z
Z H Z
P L P
P M Z
P H N

Table 4
HGPS components cost specifications data [20,21,28,29].

Component OMf ($/kW/year) OMv ($/kW h)

Wind turbine 10 0
PV array 9.52 0
Fuel cell 0 0.02
Electrolyzer 0 0.0045
Battery 5 0.05
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3.1. Fuzzy logic controller

A typical fuzzy system takes a state value and passes it through
a fuzzification process and, then, it is processed by an inference en-
gine. Finally, it goes through a defuzzification process [25].

As shown in Fig. 1, the FLC is used to regulate energy flow in the
HGPS described by Eqs. (1)–(12). The FLC inputs are the net power
flow (dp) and the batteries SOC. Note that the net power flow is the
difference between the power produced and the power consumed.
The FLC output is a power set point (P⁄). When P⁄ is positive, the
fuel cell consumes hydrogen as it goes into the operation mode
and, when P⁄ is negative, the electrolyzer begins producing
hydrogen.

The membership functions for the FLC inputs and output before
optimization, as used by [9], are shown in Fig. 4 and the rules to be
evaluated in each hourly time step are shown in Table 3. For mem-
bership functions, ‘‘N’’ represents the ‘‘Negative’’ fuzzy set, ‘‘Z’’ rep-
resents ‘‘Zero’’, ‘‘P’’ is ‘‘Positive’’, ‘‘L’’ is ‘‘Low’’, ‘‘M’’ is ‘‘Medium’’,
and finally ‘‘H’’ is ‘‘High’’. The output is defuzzified using the cen-
troid method [9]. To optimize the membership functions for the in-
puts and output of the FLC, the PSO algorithm is used [12], as
discussed next.
(a) Net power flow (input) 

(b) Batteries SOC (input) 

(c) Power set point (output) 

                  Un-optimized                Optimized

  0              0.23              0.45                    0.77             1 

ML H

 -1               -0.52               0                   0.53             1 

NZ P

1 

0 
 -1                -0.5               0                          0.75    1 

N Z P

Fig. 4. Inputs and output fuzzy membership functions for un-optimized and
optimized FLC (w = 0.25).
3.2. Particle swarm optimization

The PSO algorithm is a population based optimization method
inspired by social behavior of flocks of birds and fish looking for
food [26]. Observations show that birds use the information of
whole group for finding their direction. Hence, during each flight
(iteration), birds as particles update their velocities and positions
by the best experience of whole group gbest and their own pbest.
The number of variables in each problem determines the dimen-
sion of particles. The quality of solution for each particle is mea-
sured by a fitness function evaluated at the particle’s current
position.

As shown in Fig. 4, three membership functions (two inputs and
one output) with three fuzzy sets are considered in this study. The
fuzzy sets for the dp and P⁄ membership functions are represented
by triangular functions specified by three values and, for the SOC
membership function, the fuzzy set is represented by trapezoidal
functions specified by four values. The first and the last values in
each membership function are assumed to be fixed. Therefore total
of 24 parameters are required to represent the FLC inputs and out-
put membership functions, which implies that each particle in the
PSO algorithm has 24 dimensions.

3.3. Performance functions

The two performance functions that are to be minimized by the
PSO algorithm include O&M costs and LPSP of the HGPS (Fig. 1).
Used by PSO algorithm, an aggregate performance function as a
weighted sum of two sub-functions is described by [27]

f ðxÞ ¼ w � COM þ ð1�wÞ � LPSP ð13Þ

where f(x), w, COM, and LPSP are fitness function, weight coefficient,
O&M costs function ($), and LPSP function (%), respectively.

The O&M costs is a function of the rated capacity of the equip-
ment and the amount of power generation for each period of oper-
ation, respectively [28]

COM ¼
X

i

Pmaxi
� OMf ;i þ

X
i

Pgeni
� OMv;i ð14Þ

where Pmax (kW) and Pgen (kW) denote the rated capacity and gen-
erated power of a specific equipment, respectively, OMf ($/kW) and
OMv ($/kW h) are the fixed and variable O&M costs, and i is technol-
ogy indicator. LPSP is defined as the probability that an insufficient
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Choose weight coefficient

Measure fitness of each particle (Eqs. (13)-(17))

Compare fitness of each particle with bestp ; if any particle 

fitness is lower than bestp , set bestp to the corresponding 
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Fig. 5. Flowchart of simulation procedure used in this study.
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power supply results, when the HGPS is unable to satisfy the load
demand [25]. When LPSP = 0, it is implied that the load is satisfied
and LPSP = 1 means that the load is not satisfied. The LPSP for time
0 to T is described by [23]

LPSP ¼
PT

t¼0TimeðPavailableðtÞ < PneededðtÞÞ
T

ð15Þ

where Pneeded is the power needed by the load (kW), described by

PneededðtÞ ¼
PloadðtÞ

ginverterðtÞ
ð16Þ

where Pload (t) and ginverter are load demand (kW) and inverter effi-
ciency, respectively. Pavailable is the power available from the HGPS
(kW), given by

PavailableðtÞ ¼ PpvðtÞ þ PwindðtÞ þ PFcðtÞ þ c:UBðtÞ

�Min IB;max ¼
0:2Cbat

Dt
;
Cbat � ðSOCðtÞ � SOCminÞ

Dt

� �
ð17Þ

where constant c is 0 (battery in charging mode) or 1 (battery in dis-
charging mode), IB,max, Cbat, Dt and SOCmin are maximum battery
current (A), available capacity of the battery (Ah), time difference
(h) and minimum battery SOC (%), respectively. Table 4 shows the
specifications data used for HGPS component cost calculations
[20,21,28,29].
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Table 5
Comparison between results for un-optimized and optimized FLC for 1 week.

Un-optimized FLC

O&M costs ($) LPSP (%) JEl (kWh) JFc (kWh)

9.84 5.26 37.49 320.51
Optimized FLC

Weight coefficient O&M costs ($) LPSP (%) Fitness JEl (kWh) JFc (kWh)

0.1 4.27 0.75 1.102 4.35 9.41
0.2 4.23 2.52 2.862 10.26 15.24
0.25 4.22 3.52 3.695 40.28 52.36
0.3 4.21 4.25 4.238 100.48 84.98
0.4 4.2 5.45 4.95 65.79 53.82
0.5 4.19 6.32 5.255 36.42 36.46
0.6 4.185 6.54 5.127 36.42 36.46
0.7 4.185 6.54 4.892 36.42 36.46
0.8 4.185 6.54 4.656 36.42 36.46
0.9 4.185 6.54 4.421 36.42 36.46
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Fig. 7. Convergence of PSO algorithm for optimization (w = 0.25).

Table 6
Comparison between costs for HGPS and components [8,20,31,32].

Wind turbine PV array Fuel cell Electrolyzer Hydrogen storage tank Converter Battery HGPS cost ($)

Capacity
Un-optimized 10 kW 6 kW 5 kW 4 kW 130 kW h 5 kW 10 kW h 94,900
Optimized 10 kW 6 kW 2 kW 2 kW 100 kW h 2 kW 5 kW h 77,000

Cost/unit
2500 $/kW 6000 $/kW 3000 $/kW 2000 $/kW 30 $/kW 1000 $/kW 200 $/kW h
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The electrolyzer energy consumption and the fuel cell energy
production are evaluated for 1 week of 24 h operation based on

JElðtÞ ¼
Z t

0
PEldt ¼

X7�24

i¼0

PEli Dt ð18Þ

JFcðtÞ ¼
Z t

0
PFcdt ¼

X7�24

i¼0

PFci
Dt ð19Þ
4. Simulation results

The flowchart of simulation procedure for HGPS used in this
study is shown in Fig. 5. Initial particles with 24 dimensions are
randomized from 0 to 1 for SOC fuzzy sets and �1 to 1 for dp
and P⁄ fuzzy sets. For weight coefficient w = 0.1–0.9, the fitness
function introduced in Eq. (13) is calculated for every particle.
The variation of O&M costs and LPSP considering nine possible
operational strategies based on varying weights in the aggregate
performance function of Eq. (13) are shown in Fig. 6 and the corre-
sponding numeric values are given in Table 5. In Fig. 6, both O&M
costs and LPSP remain relatively constant for w > 0.5, however,
when 0.1 < w < 0.5, it is observed that there is a continuous in-
crease in LPSP and a continuous decrease in O&M costs. The opti-
mal solution is achieved at w = 0.25, where O&M costs = $4.22
and LPSP = 3.52%. It is found that the optimized FLC results in lower
O&M costs and LPSP by 57% and 33%, respectively, as compared to
those of its un-optimized counterpart. The convergence of PSO
algorithm with 50 iterations for optimized FLC, while weight coef-
ficient is 0.25, is shown in Fig. 7. The optimal fuzzy membership
functions resulted from the optimization algorithm by PSO for
w = 0.25 are superimposed over un-optimized membership func-
tions, as shown in Fig. 4. Note that the operation and flow of energy
in the HGPS is controlled based on fuzzy rules given in Table 3.

The hourly profile for generated power by wind turbine and PV
array as well as un-optimized and optimized storage power and
net power delivered by HGPS (= generation + storage) are shown
in Fig. 8. For hours 1–3, the PV power is zero and the wind power
is less than the load. Considering the un-optimized FLC, the gener-
ated power by fuel cells is higher than that required by the load
and the excess power is used to charge the battery. It is observed
that even when the wind power (1.38 kW) is sufficient to meet
the load (1 kW) at hour 4, the fuel cell is in operation with the
un-optimized FLC, whereas, the operation of fuel cell is not called
for with the optimized FLC and the excess wind power is directed
to charge the batteries. When optimized FLC is utilized, for the 24 h
operation shown, the required capacities for fuel cells, electrolyzer,
and batteries are reduced and HGPS cost is therefore expected to
be lowered. It is found that the optimization of FLC membership
functions, in general, reduces the fluctuations in operation of the
energy storage devises. Further, the power delivered by HGPS is
not sufficient to meet load in hours 12 (4 kW), 18 (0.5 kW) and
22 (1 kW), when un-optimized FLC is used, which leads to increase
in LPSP. However, for the optimized FLC, the unmet load occurs
only in hour 22.

In Fig. 9, the variation of batteries SOC are examined and it is
found that it is between 30–65% for un-optimized FLC and between
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40–56% for optimized FLC. It is determined that the average SOC is
43.8% and 49.98% for un-optimized and optimized FLC,
respectively.

The result for hydrogen storage before and after applying opti-
mized FLC is depicted in Fig. 10. While the capacity of the hydrogen
storage tank is chosen as 4 m3 [29], the stored volume for un-opti-
mized and optimized FLC are 1.78 and 2.32 m3, respectively. The
storage tank contains hydrogen by almost 44.5% and 58.03% of
its volume for un-optimized and optimized FLC, respectively,
which implies lower dependency on hydrogen storage during the
operation week of HGPS, when the suggested capacity of 4 m3

[29] is used.
Base on the simulation results, it is determined that the capac-

ities of the equipment as suggested by [29] are not fully utilized.
Because cost reduction opportunities are of high importance, the
effects of resizing the equipments capacities are also examined,
where the maximum capacities are determined by FLC optimiza-
tion. The costs of HGPS equipment with different capacities are
shown in Table 6, where it is observed that the investment cost
for the system utilizing optimized FLC with resized capacities is
18% ($17,900) less than that of HGPS with un-optimized FLC.
5. Conclusions and recommendations

In this study an optimal FLC for a HGPS with hydrogen storage is
developed utilizing the PSO algorithm, where the optimization
process focuses on FLC membership functions. An aggregate per-
formance function based on O&M costs and LPSP is developed in
order to meet the energy demand of an actual weekly residential
load while utilizing actual wind, ambient temperature, and solar
irradiation data.
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In general, the optimization of FLC achieves a superior perfor-
mance, as compared to that of its un-optimized counterpart. Opti-
mization results in higher average and less variation in SOC of
batteries and, as a result, the life of batteries are increased. The
reduction in LPSP that is achieved after optimization implies that
the load is better met in more hours. In addition, O&M costs are re-
duced, when FLC is optimized. For further reduction in investment
costs for HGPS, the resizing of equipment is accomplished and, as a
result, considering the same load profile, smaller equipment would
be more suitable and economical.

For future works, the examination of non-autonomous HGPS
with optimized FLC and having the ability to sell power to electri-
cal network is recommended.
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