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Reusing retired electric vehicle batteries (REVBs) in renewable energy systems is a relatively new concept, and
the presented PV-hydrogen-REVB hybrid energy system is a promising way to exploit REVBs’ residual capacities.
This paper focuses on the design and sizing optimization of the entire system and delivers three main contributions. First, this paper proposes a REVB model based on the model of capacity fading of lithium battery cells,
which could allow a more realistic result for the design. Second, a power management strategy is presented to
regulate the energy ﬂow, for protecting the REVB and other system components. Third, multiple objectives are
considered in the optimization model, including minimizing loss of power supply, system cost, and a new indicator, namely, potential energy waste. Then, using the simulation results of a ﬁve-year working period to
calculate the objective functions, a multi-objective evolutionary algorithm NSGA-II is applied to generate the
Pareto set of a case for residential usage. In further discussions, the inﬂuences of ignoring REVB’s capacity fading
and removing the objective of potential energy waste possibility are presented, as well as the comparison of
performances between NSGA-II and MOEA/D. The results reveal that the reliability of the system is impaired if
ignoring the REVB’s capacity loss, and the proposed indicator is crucial for the design. NSGA-II has a better
performance regarding the distribution of solutions and gives better results in this study.

1. Introduction
1.1. Motivation
Electric vehicles (EVs) have been gaining great popularities around
the world recently due to the growing concerns of environmental sustainability. The lithium battery pack of an EV is typically replaced when
its capacity decays below 80% of the rated capacity, in order to continually satisfy the requirements of EVs on safety, eﬃciency, and performance [1,2]. Consequently, battery manufacturers and local governments are facing growing pressure in recycling and disposing of a
large number of batteries retired from EVs shortly. Retired EV battery
(REVB) is generally deﬁned as the lithium battery that has reached an
end-of-life condition for its vehicle use, yet retains about 80% of its
original capacity. Speciﬁcally, this study takes the lithium iron phosphate battery as the object. The residual capacities of REVBs are suitable for second-life use in renewable energy system (RES) where the

⁎

performance of batteries is not so critical [3]. The full life cycle of EV
batteries can be illustrated in Fig. 1 [4]. The reclamation of REVBs can
not only extend the battery’s lifespan, conserve resources, and reduce
negative environmental impact, but also help to lower the life-cycle
costs of EV and RES [5,6].
Solar photovoltaic (PV) energy is one of the most important renewable sources in RES because it is clean and readily available, but
highly intermittent. Thus, it is usually integrated with energy storage
systems, in which battery and hydrogen are acceptable carriers. They
are used for short-term and long-term storage, respectively [7]. In order
to utilize the residual capacities of REVBs and lower the costs of utilityscale energy systems, this study proposes a stand-alone PV-hydrogenREVB hybrid energy system. It comprises PV panels, REVBs, and hydrogen units (i.e., fuel cell, electrolyzer, and hydrogen tank). This kind
of energy system has a high potential for application in remote areas
isolated from electricity grid, for its relatively low cost, autonomy, and
stability. Then, in order to use energy sources eﬃciently and
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Nomenclature

Closs
Crate
Cacap
Carep
Camain
f
i
Im
n
Nc
NPV
NT
NREVB
NFC
NE
PREVB
Pexcess
P load
PPV
Pele
PFC
Um
Yrep
Ysys

Pobrano z http://repo.pw.edu.pl / Downloaded from Repository of Warsaw University of Technology 2023-01-08

Abbreviations
AC
ACS
BMS
COE
DC
DOD
EV
FC
LPS
LPSP
MPPT
MOEA
NOCT
OCV
PEMFC
PEW
PEWP
PMS
PV
REVB
RES
SOC

alternating current
annualized cost of system
battery management system
cost of energy
direct current
depth of charge
electric vehicle
fuel cell
loss of power supply
loss of power supply possibility
maximum power point tracking
multi-objective evolutionary algorithm
normal operation cell temperature
open circuit voltage
proton exchange membrane fuel cell
potential energy waste
potential energy waste possibility
power management strategy
photovoltaic
retired electric vehicle battery
renewable energy system
state of charge

Greek symbols

σ
ηREVB
ηMPPT
ηAC
ηDC

Latin symbols

Ah
C0
Cm
Cfm

the percentage of capacity loss
charge/discharge rate
annualized capital cost
annualized replacement cost
annualized maintenance cost
the annual inﬂation rate
the annual interest rate
the current of the REVB module
the cycle number
the number of cells
the number of PV panels
the capacity of hydrogen tank, kg
the number of REVB modules
the nominal power of fuel cell, kW
the nominal power of electrolyzer, kW
the power of the REVB pack
the excess solar power
the demand power
the power of PV array
the power of the electrolyzer
the power of the fuel cell
the voltage of the REVB module
the operating lifetime of component
the lifetime of the system

Ah-throughput
full cell capacity
maximum remaining capacity
full module capacity

self-discharge rate
round-trip eﬃciency
the eﬃciency of MPPT converter
the eﬃciency of DC-DC converter
the eﬃciency of DC-AC inverter

Fig. 1. Full life cycle of EV batteries.

experimental feasibilities of building an RES consisting of a 20 kW PV
array and REVB packs with a total capacity of 80 kWh. Hart et al. [11]
found out that the characteristics of REVB in a microgrid appear to be
similar to those exhibited by new EV batteries at diﬀerent temperatures
and SOC levels.
REVBs experience a high number of charge/discharge cycles, so the
capacity degradation of them cannot be ignored [12]. Previous studies
have proposed some models concerning this issue. Merei et al. [13]
considered the performance degradation of REVB in cost calculation,
but it cannot reﬂect the real-time status of the battery during the service
time. Ahmadi et al. [14] described the decline of the REVB’s capacity in

economically, the optimization design of the system conﬁguration is the
ﬁrst step to construct such a power system.

1.2. Literature survey
Previous studies have provided some useful applications of REVBs in
RES [8–11]. Li et al. [8] investigated the deployment of REVB in microgrid and proposed a grid-connected PV-wind-REVB microgrid
system. Matsuda et al. [9] studied the installation of REVBs to an existing power system and proposed a method to evaluate the necessary
capacity of the REVB. Aziz et al. [10] reported theoretical and
81
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models of the proposed hybrid energy system, especially the model for
REVB to simulate their capacity loss through time. Besides the system
model, a power management system (PMS) is needed, because it regulates the energy ﬂow in a hybrid system and is used to simulate the
operating process. Finally, a multi-objective optimization model is
erected, and an eﬃcient algorithm is used to solve it. The main contributions of this paper are listed as follows:

a linear function, which is not precise enough to reﬂect its capacity loss
in the real world.
The optimum sizing design of RES is expected to trade-oﬀ the
conﬂicting objectives of low cost, high reliability and energy eﬃciency.
Some heuristic algorithms are high-quality tools in sizing optimization
of energy systems, including genetic algorithm, particle swarm optimization and simulated annealing [15,16]; game theory is also a promising approach [17]. However, for multi-objective optimization problems, multi-objective evolutionary algorithms (MOEAs) are more
eﬃcient than classical methods (e.g., weighted sum, goal programming,
and goal attainment). The reason is that MOEAs generate the Pareto set
in one run, from which one can choose the optimum solution depending
on values of the objectives considered [18,19]. For example, Ghasemi
and Enayatzare [20] proposed an optimization framework of a PVwind-pump storage microgrid and considered the operation cost of the
power plant and loss of power supply. Then the two objects are integrated into a single cost function by giving the cost of not-supplied
power, which is set as a constant. However, the cost of not-supplied
power may vary considering diﬀerent factors and hard to be determined. Thus, multiple sets of the cost are needed to indicate the
inﬂuence of insuﬃcient power supply, and the framework needs several
runs to get the result. By contrast, MOEAs can eliminate the process of
determining the weights, and generate a set of optimal solutions in one
run. Then a suitable solution can be chosen from the solution set according to actual situations.
Elitist Non-dominated Sorting Genetic Algorithm (NSGA-II) is one of
the best-known and most-eﬃcient MOEAs [21]. It had been utilized in
sizing optimization of RES by some previous studies [22,23]. Kamjoo
et al. [22] adopted NSGA-II in the optimization design of a stand-alone
PV-wind-battery RES, with economic, environmental and performancerelated criteria. Sathishkumar et al. [23] used NSGA-II for sizing optimization of PV-wind hybrid system, and the results reveal that NSGA-II
has a faster convergence rate than that of genetic algorithm and gives
better results. The drawback of NSGA-II is that it fails to perform well in
high-dimensional problems when the number of objectives is more than
three [24], yet it is suitable for this study.

• A REVB model based on the mathematical model of capacity fade of
Li-ion battery cells is proposed to simulate REVB’s capacity loss.
• A PMS is proposed to mitigate the degradation of REVB modules and
protect other components of the system.
• A tri-objective optimization model considering reliability, energy

waste and cost is constructed, and the simulation of ﬁve-year operating period is used to calculate the objective functions. NSGA-II is
applied to generate the solutions of a case with 15 kW peak demand,
and its performance is compared with MOEA/D.

1.4. Organization of the paper
The rest of the paper is organized as follows. The mathematical
models of the components of the hybrid system are established in
Section 2. A power management strategy is proposed in Section 3. The
optimization model including three objective functions and ﬁve decision variables is established, and NSGA-II is introduced in Section 4.
Section 5 presents the optimization results of a case study and the simulation result of a ﬁve-year working process. Section 6 gives some
further discussions about the proposed method and compares the performances of the two algorithms. Finally, the main conclusions are
summarized in Section 7.
2. System modeling
2.1. System conﬁguration
Fig. 2 shows the proposed hybrid energy system, which consists of
PV array, fuel cell, electrolyzer, hydrogen tank, REVB pack, and AC/DC
load. For energy ﬂow, the DC bus maintains a constant voltage by DC/
DC converters and DC/AC inverter. The DC/DC converter with maximum power point tracking (MPPT) is connected to the PV array to

1.3. Contributions
The critical challenge in this paper is to establish the mathematical

Fig. 2. PV-hydrogen-REVB hybrid energy system.
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where SOC (t + Δt ) and SOC (t ) are battery SOC values at time t + Δt
and t , respectively; Im is the current of the REVB module; Δt is the time
interval (hour); ηREVB is the round-trip eﬃciency of the battery; σ is the
self-discharge rate; Cm (t ) is the actual maximum remaining capacity
(Ah) of a REVB module at time t .
The current of a REVB module can be calculated by:
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Table 1
The parameters of a single REVB module in this study.
Symbol

Description

Value

C0
Cfm
Cfm
r
σ
ηREVB
NC
OCV

Full cell capacity (Ah)
Full module capacity (Ah)
Full module capacity (kWh)
Internal impedance (mΩ)
Self-discharge rate
Round-trip eﬃciency
Number of cells
Open circuit voltage of a cell (V)

11.25
90
2.7
50
0.02%
85%
8
3.75

Im (t ) =

Um (t ) = OCV − Im (t ) r

(3)

where OCV is the open circuit voltage of a REVB module. It is correlated
with SOC, and r is the internal impedance and changes with SOC and
health condition of the battery. Since the SOC of REVB should be
constrained within 20% to 80%, the SOC vs OCV curve is a ﬂat in the
range [27], and the internal impedance of battery packs varies in a
small range [11]. Therefore, the OCV and r are both assumed constant
in this study.
As mentioned before, the capacity fading of REVB should be considered in the model. Eq. (4) calculates the capacity loss of the Li-ion
cells [28]:

Closs = B exp ⎛
⎝

−31, 700 + 370.3Crate ⎞
(Ah)0.55
RT
⎠

(4)

where Closs is the percentage of capacity loss; B is the pre-exponential
factor; R is the gas constant; T is the absolute temperature; Crate is the
charge rate; Ah is the Ah-throughput, which is expressed as:

Ah = n·DOD ·C0

2.2. Modeling of REVB

(5)

where n is the cycle number; DOD is the depth of discharge; C0 is the
full capacity of a cell.
In order to determine the degree of capacity loss of Li-ion batteries
through second use, cells are assumed to experience one charge and
discharge cycles per day through EV use and a subsequent stationary
application (i.e., N = t). The average charge rate is 0.5C in controlled
temperature conditions in both uses. The change of DOD in the process
of cycling is negligible under low C-rates, so a constant DOD of 60% is
applied in the calculations. The pre-exponential factor B in Eq. (4) is
31,630 under the situation above [28]. Eq. (6) is derived to show the
capacity loss percentage of Li-ion batteries over time t (day):

A battery’s state of charge (SOC) varies as it is being charged or
discharged. In practice, a certain number of REVB cells must be tested
and reconﬁgured to make sure that they have similar capacities and
resistances, and then connected as a battery module. Assuming that all
of the REVB modules have the same SOC under the regulation of battery
management system (BMS), the SOC of a REVB module can be calculated as follows:

Im (t ) ηREVB Δt
Cm (t )

(2)

where PREVB (t ) is the power of the REVB pack; Um (t ) is the voltage of a
REVB module; NREVB is the number of the paralleled REVB modules.
Eq. (3) calculates the voltage of a REVB module [26]:

achieve maximum power output. In this system, an electrolyzer powered by the excess power from the PV generator produces hydrogen,
which can be stored in a hydrogen tank. The hydrogen can be used for a
fuel cell as a backup power source and fuel cell vehicle application. The
hydrogen production eﬀectively increases the conversion eﬃciency of
the system by increasing the energy storage capacity [25]. It leads to a
higher solar energy usage than other systems without hydrogen storage.
For data and control ﬂows, the data acquisition system collects the
working status of each component, including the voltages and currents
of power sources, and the pressure of the hydrogen tank. The power
management system generates the control signals such as the duty cycles of DC/DC converters, the switch signals to the static transfer switch
(STS) of the electrolyzer, and the ﬂow regulator of the hydrogen tank.
The system design is dependent on the performances of individual
component. Diﬀerent mathematical models are proposed to estimate
the output power of the PV panel, the hydrogen and power characteristics of FC and electrolyzer, and SOC, power, and capacity loss of
REVBs.

SOC (t + Δt ) = SOC (t )(1 − σ ) −

PREVB (t )
NREVB Um (t )

(1)

Fig. 3. The remaining capacity of a REVB module Cm (t ) .
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31, 515
⎞ (0.6C0 t )0.55
Closs (t ) = 31, 630 exp ⎛−
⎝ 8.314T ⎠

Table 3
The parameters of the models of components.

(6)

The parameters of a single REVB module from Shin Kobe EV battery
manufacturer are shown in Table 1 [29].
When the capacity loss of the new EV battery reaches 20%, the
battery should retire from vehicles and go to a stationary energy application, so 80% of the full capacity is available. Therefore, the maximum remaining capacity of a REVB module can be calculated by:

C (t )
Cm (t ) = ⎛1 − loss ⎞ Cfm
100 ⎠
⎝

when Closs > 20

Parameter

Value

PV panel [32]

Nominal Power
Short circuit current
Open circuit voltage
Maximum power current
Maximum power voltage
NOCT

100 W
6.5 A
21.6 V
5.9 A
17 V
47 °C

Fuel cell [31]

αFC
βFC
Pmax _ef
Fef

0.004 kg/kWh
0.05 kg/kWh

α ele
βele
QnH2

20 kW/kg/h
40 kW/kg/h

ηtank

95%

(7)

Fig. 3 shows the maximum remaining capacity of a REVB module
over time (year). It is estimated that the lifespan of a REVB module is
ﬁve years until its available capacity drops to 60% of its full module
capacity.
Note that a more complex model spends more time on simulation,
which is not the purpose of this study. The proposed model for REVB is
suitable for sizing design of an energy system since it is precise enough
in depicting the power, SOC and capacity loss of REVB for a general
design purpose.
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Component

Electrolyzer [32]

Hydrogen tank

0.2
1

0.04 kg/h

2.4. DC/DC converter and DC/AC inverter
The DC/DC converters and DC/AC inverter are modeled in a simpliﬁed way by setting their eﬃciencies to constants, to reduce the
calculation expense. Table 4 shows the relationship between the power
of each component and the actual output or input power through the
converter or inverter.
Note that in the rest of this study, only the powers through eﬃciency losses of the converter or inverter are used for management and
calculations. Thus, in order to simplify the notations, the notations of
the actual output or input powers of the PV panel, fuel cell, electrolyzer,
and load are replaced with the original notations of the powers of the
respective components (e.g., PPV stands for PPV_BUS in the following
sections). The parameters of the DC/DC converters and DC/AC inverter
are shown in Table 5.

2.3. Modeling of other components
The unit of the PV array is a single 100 W solar panel. A proton
exchange membrane fuel cell (PEMFC) and a PEM electrolyzer are used
since they possess relatively high energy eﬃciencies and zero pollutant
emission. A compressed high-pressure hydrogen tank is used for its
safety and accessibility. Note that although the advanced models of
these components are more accurate in simulation, they are too timeconsuming in the searching process, which may reduce the possibility
to ﬁnd better solutions in a limited time. Thus, the other components of
the system are modeled in a simpliﬁed way, which are listed in Table 2.
The PV model computes the output power of each panel according
to the solar radiation and temperature. The FC model computes the
power and hydrogen consumption. The electrolyzer model shows the
relationship between input power and hydrogen production. The tank
model shows the mass of the hydrogen in the hydrogen tank. The
parameters of the models in this study are shown in Table 3.

3. Power management strategy
The PMS is used to manage the power distribution among the power
sources, the energy storage devices, and the load. Thus, it deﬁnes how
the system operates and how its essential variables change. In this
study, a PMS based on load following control strategy is designed to

Table 2
Modeling of other components.
Component
PV panel [30]

Fuel cell [31]

Model

Explanation

PPV (t ) = Prate

( ) [1 + k (T

Tcell = Tamb +

(

G
Gstc

NOCT − 20
800

cell

PPV (t ) : the power generated by the PV panel
Prate : the nominal output power of the PV panel
G : the solar radiation in W/m2
Gstc : the solar radiation at standard conditions
Tstc : the cell temperature at standard conditions
k : the temperature coeﬃcient
Tcell : the cell temperature
Tamb : the ambient air temperature (°C)
NOCT : the normal operating cell temperature (°C)

− Tstc)]

)G

If PFC/ PnFC ⩽ Pmax _ef ,
Then H2cons = αFC PnFC + βFC PFC
If PFC/ PnFC ⩾ Pmax _ef , then H2cons = αFC PnFC + βFC PFC ⎡1 + Fef
⎣

Electrolyzer [32]

(

P FC
PnFC

)

− Pmax _ef ⎤
⎦

H2cons : the fuel consumption of fuel cell
αFC and βFC : the coeﬃcients of hydrogen consumption curve
PnFC : the nominal power of fuel cell
PFC : the output power of fuel cell
Pmax _ef (% of PnFC ): the output power at maximum eﬃciency
Fef : the factor to consider the high consumption above Pmax _ef
Pele : the input power of electrolyzer
QnH2 : the nominal hydrogen mass ﬂow (kg/h)
Q H2 : the actual hydrogen mass ﬂow (kg/h)

Pele = α ele QnH2 + βele Q H2

α ele and βele : coeﬃcients of power consumption curve
Hydrogen tank [33]

Ctank (t + Δt ) = Ctank (t ) + Q H2 −

Ctank : the hydrogen mass (kg) in the tank
ηtank : the storage eﬃciency

H2cons
ηtank
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Table 4
The power of each component considering eﬃciency loss.
Component

Model

Explanation

PV panel
Fuel cell
REVB

PPV_BUS = PPV ηMPPT
PFC_BUS = PFC ηDC
P bat_d = PREVB ηDC
PREVB = −P bat_c ηDC
Pele = Pele_BUS ηDC
P load = P load_BUS ηAC

PPV_BUS : the output power of the PV panel to the DC bus
PFC_BUS : the output power of the fuel cell to the DC bus
P bat_d : the discharging power of REVB to the DC bus
P bat_c : the charging power of REVB from the DC bus
Pele_BUS : the input power of the electrolyzer from the DC bus
P load_BUS : the power to the load from the DC bus

Electrolyzer
Load

power supply of the REVB and the hydrogen tank level > 20%, FC
helps to compensate the deﬁcit of power demand. If the power demand
is more than the sum of the maximum power supply of the REVB and
FC, the loss of power supply happens, which should be minimized in the
sizing designing. If battery SOC < 20% and hydrogen tank level >
20%, only the FC provides the power to meet the load demand.
If Pexcess > 0, the control system checks the SOC of the REVB and
hydrogen level again. In case of battery SOC < 80%, the excess energy
is ﬁrst used to charge the REVB, and if the REVB is charging at its
maximum power and hydrogen tank level < 100%, the rest of the
power can be used to generate hydrogen through the electrolyzer. If the
excess power exceeds the sum of the maximum charging power of the
REVB and the electrolyzer, there is potential energy waste, which is
another objective to minimize. If the battery SOC > 80% and hydrogen tank level < 100%, the available power is used for hydrogen
production.
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Table 5
The parameters of converters and inverter.
Symbol

Description

Value

ηMPPT

MPPT output voltage
MPPT eﬃciency

48 V DC
95%

ηAC

Inverter output voltage
Inverter eﬃciency

220 V AC
90%

ηDC

Converter output voltage
Converter eﬃciency

48 V DC
92%

satisfy the power demand and protect the components in the system.
The power of each component is strictly controlled, and the following
limitations are taken to mitigate REVB’s degradation:
(1) The REVB’s SOC can neither be less than SOCmin nor higher than
SOCmax;
(2) the charge rate and the discharge rate cannot exceed the limited
value;
(3) the charge and discharge power Pbat_c and Pbat_d are within their
maximum value.

4. Multi-objective optimization
4.1. Decision variables
The goal of the optimization process is to determine the optimal
value of each decision variable. In this study, the decision variables of
the PV-hydrogen-REVB hybrid system include:

It is recommended that 20% < SOC < 80% be a suitable range for
REVBs [34], so the PMS regulates the SOC of REVB within 20–80%. The
operating modes are determined by the excess of renewable power
Pexcess (=Ppv − Pload), the SOC of the REVB, and the hydrogen tank
level (i.e., the ratio of the stored hydrogen to the tank’s maximum capacity). The ﬂow chart of the presented PMS is shown in Fig. 4, and the
detailed procedure of the PMS is described as follows.
If Pexcess < 0, the control system checks the SOC of the REVB and
hydrogen tank level. If battery SOC > 20%, the REVB provides the
power to the system. If the load power demand exceeds the maximum

• The size of the PV array (the number of the PV panels) N
• The number of REVB modules N ,
• The nominal power of the fuel cell (kW) N ,
• The nominal power of the electrolyzer (kW) N ,
• The capacity of the hydrogen tank (kg) N .

PV ,

REVB

FC

E

T

Fig. 4. Flowchart of the PMS.
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Camain (n) = Camain (1)(1 + f )n

4.2. Objective functions

where Camain (n) represents the maintenance cost at n-th year; f is the
annual inﬂation rate.

4.2.1. Loss of power supply possibility (LPSP)
Due to stochastic solar radiation in nature, it is crucial to assess the
energy system reliability. The concept of LPSP can help to assess the
system’s reliability, which is deﬁned as the ratio of the loss of energy
supply to the load demand during the considered period [35]. LPSP of 1
means that the load would never be satisﬁed, and LPSP of 0 means that
the load will always be satisﬁed. The ﬁrst objective is to minimize the
LPSP of the hybrid system, which is shown in Eq. (8):

4.3. Constraints
Specifying a search range for each decision variable helps get the
accurate results of an optimization problem in a less time-consuming
way. The following constraints should be satisﬁed:
max
NPV ∈ N , 0 < NPV ⩽ NPV
max
NREVB ∈ N , 0 < NREVB ⩽ NREVB
max
NFC ∈ N , 0 ⩽ NFC ⩽ NFC
NE ∈ N , 0 ⩽ NE ⩽ NEmax
NT ∈ N , 0 ⩽ NT ⩽ NTmax

T

min

LPSP =

∑t = 1 LPS (t )
T

∑t = 1 P load (t )

(8)

where LPS is the loss of power supply when the generated power is less
than the load demand power and can be as described as follows:

LPS (t ) = P load (t ) − PPV (t ) − P bat_d (t ) − PFC (t )
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4.2.2. Potential energy waste possibility (PEWP)
The REVBs and hydrogen units in this hybrid system can store the
excess power, yet the power generated by the PV array is limited by the
energy storage capacities. Thus, potential energy waste would happen
because the PV array cannot achieve its theoretical maximum power
when it exceeds the sum of load demand and the capacities of the
storage units. PEWP is deﬁned as the ratio of the excess power to the
potential PV output power during the considered period. The second
objective is to minimize the PEWP of the hybrid system, and the objective function is shown in Eq. (10):

4.4. Implementation of NSGA-II
NSGA-II is a kind of multi-objective evolutionary algorithm (MOEA)
based on Pareto-optimal solutions. The Pareto-optimal solutions are a
set of optimal solutions (Pareto front), among which one cannot be
claimed to be better than the other without more information. NSGA-II
uses a fast non-dominated sorting approach and an elitist strategy,
providing a very eﬃcient procedure in keeping the elitism optimization
process, as well as preserving the diversity. It assures a good convergence towards the Pareto-optimal front without losing the solution
diversity [40]. A detailed explanation and steps of NSGA-II can be
found in [41], and the main steps are as follows:

T

PEWP =

∑t = 1 [PPV (t ) − P load (t ) − P bat_c (t ) − Pele (t )]
T

∑t = 1 PPV (t )

(10)

where Pbat_c and Pele are the power of REVBs at and the electrolyzer,
respectively.

Step 1: Initialize population based on deﬁned decision variables
and the number of populations.
Step 2: Sort the initialized population based on non-domination.
Step 3: Calculate the crowding distance.

4.2.3. Annualized cost of system (ACS)
The ACS value is composed of the annualized capital cost Cacap, the
annualized replacement cost Carep, and the annualized maintenance
cost Camain [36]. The third objective function is to minimize the ACS of
the system, which is expressed as:

min

ACS = Cacap + Camain + Carep

Table 6
The relevant costs and lifespans of system components.

(11)

where Cacap includes the annualized capital costs of PV panels, REVBs,
FC, electrolyzer, and hydrogen tank; Camain is the annualized maintenance costs of the above components; Carep includes the annualized
replacement costs of REVBs, FC, and electrolyzer.
The annualized capital cost of each component is calculated as [37]:

Cacap = Ccap

i (i + 1)Ysys
(1 + i)Ysys − 1

i
(i + 1)Yrep − 1

Parameter

Value

PV
FC
REVB
Electrolyzer
Hydrogen tank
PV ($/kW)
FC ($/kW)
REVB ($/kWh)
Electrolyzer ($/kW)
Hydrogen tank ($/kg)

20
6
5
8
20
1800
6700
147
6600
1000

Maintenance cost

PV ($/kW)
FC ($/kW)
REVB ($/kWh)
Electrolyzer ($/kW)
Hydrogen tank ($/kg)

60
470
58
460
10

Replacement cost

FC ($/kW)
REVB ($/kWh)
Electrolyzer ($/kW)

6700
147
6600

Lifespan (years)

Capital cost

(12)

where Ccap represents the capital cost of each component; Ysys is the
lifetime of the system (year); i is the annual interest rate.
The annualized replacement cost is the annualized value of all the
replacement costs occurring throughout the lifetime of the system and
is expressed as [38]:

Carep = Crep

(15)

max
max
are the maximum available number of PV panels
where NPV
, NREVB
max
, NEmax are the maximum power of
and REVB modules respectively; NFC
fuel cell and electrolyzer, respectively; NTmax is the maximum capacity of
a hydrogen tank.
The capital cost and replacement cost of REVBs are 147 $/kWh, and
the maintenance cost is set to 58 $/kWh [29]. The lifespan of REVBs is
ﬁve years. The cost and lifetime values of the components and parameters of the model are considered as given in Table 6 [29,39].

(9)

where PPV is the output power of the PV array; Pload is the load demand
power; Pbat_d and PFC are the power of REVBs at discharging and the fuel
cell, respectively.

min

(14)

(13)

where Crep stands for the maintenance cost of each component and Yrep
is the usable operating lifetime of the related component (year).
The annualized maintenance cost of each component is given by
[37]:

Annual interest rate (%)
Annual inﬂation rate (%)
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(1)
(2)
(3)
(4)

Step 4: Create an oﬀspring population using binary tournament
selection, recombination, and mutation operators.
Step 5: From the ﬁrst generation, perform the following steps to
each new generation:
Create the mating pool by combining the parent population and the
oﬀspring population.
Sort the combined population according to the non-dominated
sorting procedure.
Generate the new parent population.
Perform the binary tournament selection, crossover and mutation
operations on the new parent population.
Step 6: Repeat Step5 until the maximum number of iterations is
achieved.
Step 7: Generate a Pareto set.

generally located in a surface. It means that the solutions are converged
to the optimal Pareto front. The well-deﬁned Pareto front means that
the solutions given by NSGA-II are credible.
Five solutions of the optimal design are shown in Table 7, where

In this study, the population size of the algorithm is set to be 100,
and the number of generations is set to be 200. The crossover rate is 0.9,
and the mutation rate is 0.1. The ﬂowchart for implementing the algorithm in solving the optimization problem in this study is shown in
Fig. 5.
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5. Case study
5.1. Initialization of the case study
A stand-alone PV-hydrogen-REVB hybrid system for residential
usage is taken as a case study. In this study, it is assumed that the
system is constructed in a small neighbourhood consisting of ten
houses, and the date of a typical household electricity usage in a year is
obtained from HOMER software. The hourly load proﬁle represented by
a sequence of powers is shown in Fig. 6 (AC load), with each considered
as constant over a time-step of 1 h. The load proﬁle is assumed to be
increasing by 2% annually. The data of hourly solar radiation in a year
from a weather station in Yuxi, China is shown in Fig. 7. Note that while
the uncertainty of solar radiance may cause an imbalance between
generation and demand, the long-term average uncertainty of solar
insolation in a region is not signiﬁcant [42]. Therefore, it is assumed
that the yearly solar radiation in the area follows a random ﬂuctuation
within −5% to 5% to represent the uncertainty. The ﬂuctuation is
applied to hourly radiance to incarnate the yearly uncertainty considering the long time span. Then the hourly solar radiations in the
ensuing years are generated based on values of the radiance of the ﬁrst
year and that uncertainty. The system is simulated working in 5 years.
The inﬂuence of temperature on the system is negligible, and the ambient temperature is assumed a constant of 25 °C.
In this case, several initial parameters of the system components
need to be conﬁgured before running the program. Since the inconsistency of the REVB modules leads to a high capacity loss of the battery
system especially for a large number of modules integrated [2], the
maximum number of REVB modules is set to 200. Considering that a
hydrogen tank with a large capacity occupies a too large volume, the
maximum capacity of the tank is set to 500 kg, approximately 30 m3
under the maximum pressure of 20 MPa. The other decision variables
are set in a wide range in order to ﬁnd the optimum solutions. Note that
the LPSP is limited to less than 1%, considering the reasonable demand
on power supply reliability of the system, and the PEWP is restrained
within 3%. At the initial moment, it is assumed that the SOC of each
REVB module is 50%, and the hydrogen of the tank is 50% of its
nominal capacity.
5.2. Optimization results
The evolution of the Pareto set is visualized in Fig. 8, which presents
a comparison between the initial population and the ﬁnal Pareto set of
performing NSGA-II. The solutions of initial population are scattered in
the 3D solution space, while the solutions of the last generation are

Fig. 5. The framework of the optimization design using NSGA-II.
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Fig. 6. Load proﬁle of the ﬁrst year (8760 h).

some of the extreme solutions of the Pareto front can be observed:
Solution 1 is the one with the lowest LPSP, Solution 2 has the lowest
PEWP, and Solution 3 is with the lowest ACS. Two other intermediate
solutions are also shown in Table 7.
Solution 1 gives the lowest LPSP of 0, which means the highest
reliability, but also brings the highest cost of the ﬁve solutions. Solution
2 gives the lowest PEWP and a relatively lower cost compared to
Solution 1 because it uses an electrolyzer with larger power and hydrogen tank with a larger capacity, which can store more amount of
excessive energy. However, the LPSP of this solution is relatively high,
indicating that it cannot provide the power supply as reliably as solution 1. The solution with lowest ACS gives the worst reliability and
highest energy waste, which is coincided with practical experience.
Two intermediate solutions have balanced performances, which might
be more suitable for practical use. In order to validate the solutions
given by the algorithm and the functions of the PMS, Solution 3 with
the lowest ACS is selected for simulations and further discussion about
the results.

Fig. 8. The evolution of the Pareto set.

the last year. Compared with the battery SOC in the ﬁrst year, the SOC
of REVBs in the last year is subject to dramatic changes because of the
decrement of actual remaining capacities. It shows that the REVB would
discharge or charge to its allowed SOC more easily and frequently in the
last year of its lifespan.
Fig. 10(a) shows the output power of FC, and Fig. 10(b) shows the
power that utilized by the electrolyzer to generate hydrogen. As seen in

5.3. Simulation results
In Figs. 9–12, the hourly simulation results through the ﬁve-year
operation for Solution 3 in Table 6 are presented. Fig. 9(a) shows the
battery SOC in the ﬁrst year of operation and Fig. 9(b) shows the SOC in

Fig. 7. Solar radiation of the ﬁrst year (8760 h).
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Table 7
Five solutions of the Pareto set.
Item

Solution 1
(lowest LPSP)

Solution 2
(lowest PEWP)

Solution 3
(lowest ACS)

Solution 4

Solution 5

Number of PV panels
Nominal power of PV array (kW)
Number of REVB modules
Nominal capacity of REVB pack (kWh)
Fuel cell nominal power (kW)
Electrolyzer nominal power (kW)
Hydrogen tank capacity (kg)
Hydrogen tank volume (m3)

333
33.3
151
317.1
19
17
410
25.4

329
32.9
119
249.9
11
21
467
28.9

338
33.8
108
226.8
6
12
241
14.9

331
33.1
166
348.6
10
17
416
25.8

337
33.7
170
357.0
8
14
349
21.6

Loss of power supply possibility (%)
Potential energy waste possibility (%)
Annualized cost of system (20 years) ($)

0
0.4663
1,403,536

0.3652
0
1,306,031

0.996
2.921
825,897

0.0712
0.2636
1,218,460

0.1406
2.421
1,057,503

Fig. 9. The SOC of REVB: (a) REVB SOC of the ﬁrst year, (b) REVB SOC of the
last year.
Fig. 10. The performance of the fuel cell and electrolyzer: (a) Fuel cell output
power, (b) Electrolyzer input power.

Fig. 10(a), compared to its performances under the initial working
conditions, the fuel cell works more and more frequently throughout
the simulation period. The reasons are the increment of the load demand and the diminution of REVB’s capacity. Fig. 10(b) demonstrates
that the electrolyzer also works more frequently to compensate for the
capacity loss of the REVBs.
Fig. 11 visualizes the hydrogen tank level in percentage. The remaining hydrogen in the tank is decreasing at the end of each year and
drops to the lowest level near the end of the operating simulation.
While the hydrogen tank is full in most of the summertime of the ﬁrst
two years, the more frequent use of the FC and less excess power left for
the electrolyzer make it unable to ﬁll the hydrogen tank in the last two

years fully.
Fig. 12(a) shows the LPS of the operating simulation, which happens
mostly in winter and it is generally increasing due to the degradation of
REVBs. The PEW is shown in Fig. 12(b). It is near zero in the wintertime
due to the limited output power of the PV array, and it exhibits an
annual decline trend.
In conclusion, the performance of the system is as expected as
practical experience, demonstrating that the solutions generated by the
algorithm are credible. The PMS functions reasonably well in regulating
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REVB’s capacity loss is not considered by setting the REVB module
capacity as a constant. A solution with approximately the same LPSP
and PEWP as Solution 3 in Table 7 is selected and shown in Table 8, as
well as the actual LPSP and PEWP calculated by considering capacity
loss.
As seen from Table 8, the sizes of the hybrid system components are
smaller than the former solution, especially the number of REVB
modules. However, this sizing threats the power supply reliability,
especially at the end of the REVB’s lifespan. The LPSP modiﬁed by
considering capacity loss is much bigger than that ignoring the degrading issue and potential energy waster is more signiﬁcant. The result
demonstrates that there is a signiﬁcant error if ignoring the REVB’s
capacity loss. It would signiﬁcantly lower the reliability of the system,
as well as cause more energy waste.
6.2. The inﬂuence of ignoring potential energy waste
A new indicator, PEWP was introduced in Section 4.2 as one of the
objectives of the optimization model, to evaluate the energy usage efﬁciency of the system. The inﬂuence of removing this objective is investigated, and the optimization result is shown in Table 9: Solution 1 is
the one with the lowest LPSP, Solution 2 has the lowest ACS, and two
other intermediate solutions are selected.
The result reveals that the PV-hydrogen-REVB system degenerates
into PV-REVB system because the hydrogen units’ costs are relatively
high and their advantage of improving energy eﬃciency is neglected.
All the solutions have much larger numbers of PV panels compared with
the solutions given by considering PEWP, to guarantee the low LPSP.
However, the large size of PV panels needs a large area to mount them,
which is neither practical nor economic in some places. Although the
cost of the system is greatly reduced, the PEWP of the system reaches
nearly 50% at most, which means that half of the potential solar energy
production is not utilized. In addition, without the auxiliary energy
storage and power compensation devices, REVBs would subject to
overload and drastic charge or discharge rate. It would aggravate the
degradation of REVBs. Consequently, the integration of hydrogen units
is necessary, and the proposed objective PEWP in the optimization
model is crucial for the sizing design of the system.
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Fig. 11. Hydrogen tank level.

6.3. The comparison of MOEA/D and NSGA-II

the energy ﬂow in the system when facing the problem that the REVB’s
capacity is gradually decreasing.

A multi-objective evolutionary algorithm based on decomposition
(MOEA/D) was introduced in [43] to solve a set of decompressed objectives through several interactional single-objective problems. It is
used to solve the constructed optimization model for comparison of the
performances of the two algorithms. The population size of MOEA/D is
100; the maximum iteration is 200, and the number of neighbours is 20.
The Pareto optimal solution sets of the two algorithms are visualized
in Fig. 13. The solutions given by MOEA/D and NSGA-II are generally
located in the same surface or Pareto front. That implies that the results
of the two algorithms corroborate with each other. Moreover, the solutions of NSGA-II are roughly scattered in the 3D-space and the distances between each solution are relatively large, while some of the
solutions of MOEA/D converge in some speciﬁc areas. It means the
uniformity of solution distribution of NSGA-II is better than that of
MOEA/D. Thus, NSGA-II performs better in this study regarding the
distribution of solutions. In addition, some solutions of MOEA/D are
above the Pareto front of NSGA-II, which means that NSGA-II is capable
of ﬁnding better results than MOEA/D. Consequently, NSGA-II is perferable in solving the problem in this study.

6. Discussions

7. Conclusions and future works

6.1. The inﬂuence of ignoring REVB’s degradation

In this paper, a standalone PV-hydrogen-REVB hybrid energy
system and a method of sizing optimization of the system are proposed.
The method consists of the following steps: (1) the entire system is

Fig. 12. The performance of the hybrid energy system: (a) Loss of power
supply, (b) Potential energy waste.

The same optimization procedure is applied to the case that the
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Table 8
The optimization result ignoring REVB’s degradation.
Item

Ignoring REVB’s capacity loss

Considering REVB’s capacity loss

Number of PV panels
Number of REVB modules
Fuel cell nominal power (kW)
Electrolyzer nominal power (kW)
Hydrogen tank capacity (kg)
Loss of power supply possiblity (%)
Potential energy waste possibility (%)
Annualized cost of system (20 years) ($)

336
67
6
13
239
0.994 (8.245a)
2.945 (7.258a)
784,842

338
108
6
12
241
0.996
2.921
825,897

a

Modiﬁed by considering capacity loss.

Pobrano z http://repo.pw.edu.pl / Downloaded from Repository of Warsaw University of Technology 2023-01-08

Table 9
The optimization result removing the objective PEWP.
Item

Solution 1
(lowest LPSP)

Solution 2
(lowest ACS)

Solution 3

Solution 4

Number of PV panels
Nominal power of PV array (kW)
Number of REVB modules
Nominal capacity of REVB pack (kWh)
Fuel cell nominal power (kW)
Electrolyzer nominal power (kW)
Hydrogen tank capacity (kg)

614
61.4
142
298.2
0
0
0

523
52.3
74
155.4
0
0
0

533
53.3
135
283.5
0
0
0

551
55.1
81
170.1
0
0
0

Loss of power supply possibility (%)
Potential energy waste possibility (%)
Annualized cost of system (20 years) ($)

0
49.59
289,221

0.993
42.13
188,124

0.0235
42.68
265,446

0.619
44.67
202,644

results thoroughly validate the proposed approach for sizing optimization of the PV-hydrogen-REVB energy system and have a strong directive to deploying such an energy system.
Future works may focus on the improvement of REVB models.
Though this study makes several idealized assumptions to simplify the
modeling, REVBs are confronted with varied complex working environments. Thus the model can be updated to accommodate the capacity fading of REVB module to diﬀerent working conditions. In addition, the inﬂuences of the initial parameters of the simulations can be
investigated.
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Fig. 13. The Pareto sets of MOEA/D and NSGA-II.
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