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Configuring trams with hybrid power systems of appropriate capacity can effectively improve the operational
efficiency of trams. The traditional capacity configuration depends on the engineering experience, which leads
to the problem of high configuration cost. In this paper, based on the remaining useful life (RUL) prediction
of lithium batteries, a capacity configuration method of tramway hybrid power system considering lithium
battery RUL is proposed. Prediction of lithium battery RUL based on particle filtering (PF) algorithm and
comparative analysis with extended kalman filter (EKF) algorithm. Analyzing the cost structure of the power
system, constructing a system capacity configuration model, including objective function, constraints, and
solving the model by using honey badger algorithm (HBA). Finally, the calculation example compares and
analyzes the impact of different energy storage methods on the total annual average minimum cost of the system
to verify the feasibility of the proposed method. The results show that the total annual average minimum cost
of hybrid energy storage is only 14.603 million yuan, which decreases by 38.2% compared with the single-type
battery energy storage capacity configuration, and greatly improves the system economy.
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1. Introduction

Lithium battery/fuel cell/supercapacitor hybrid system
tramways have the advantages of fast speed, environmen-
tal protection and energy saving, and comfortable ride.
However, lithium batteries have high production costs,
poor safety, and are prone to fire, explosion and other haz-
ards in case of impact [1], and over-charging and over-
discharging of lithium batteries will lead to durability
degradation [2], thus reducing the overall life of the power
system. By predicting the remaining useful life (RUL) of
lithium batteries and rationally configuring the power sys-
tem capacity, the economy, reliability and safety of the
power system can be significantly improved.

At present, commonly used lithium battery life predic-
tion methods mainly include extended kalman filter (EKF),

unscented kalman filtering (AUKF) and particle filtering
(PF). [3] put forward a method to predict lithium battery
RUL by combining the double exponential degradation
model with EKF, but the prediction accuracy is low and
there is a certain prediction error. [4] uses AUKF based
on weight optimization to estimate the state of charge of
lithium batteries, which solves the problem of inaccurate
prediction results caused by cumulative errors, but the
method needs to linearize the nonlinear function expan-
sion, which increases the amount of computation. How-
ever, PF algorithm has a good ability to deal with nonlinear
problems in dynamic systems [5], and is an ideal state
tracking and prediction method for state estimation and
life prediction of lithium batteries [6]. [7] introduces PF al-
gorithm in lithium battery health state estimation and fault
diagnosis, which realizes accurate prediction of lithium
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battery health state and uncertainty estimation of RUL,
and reduces the amount of computation. [8] aiming at the
problem of poor long-term life prediction of lithium bat-
teries, the uncertainty expression of lithium battery RUL
prediction is obtained by deriving the posterior probabilis-
tic relationship between the lithium battery life and the
capacity observations in the PF algorithm, which reduces
the prediction error.

On the basis of lithium battery RUL prediction, rational
configuration of capacity is an important factor to ensure
the economic and reliable operation of the system [9]. There
are two main methods commonly used for hybrid power
system capacity configuration, one is to establish the ob-
jective function with the optimal capacity of the energy
storage device. [10] proposes a capacity optimization allo-
cation strategy for energy storage equipment under fault
disturbance scenarios, and by controlling the influence of
differential and proportional coefficients on the capacity
of the energy storage equipment, the calculation method
of the optimal capacity of the energy storage equipment is
obtained, but the calculation is more complicated. [11] con-
structs the optimal configuration scheme of energy storage
equipment based on the specific needs of thermal replace-
ment capacity and load supply capacity of wind farms,
which is simple and easy to implement, but fails to take
into account the impact of the current higher cost of energy
storage on the economy of the energy storage system. The
second is to establish an objective function in terms of cost
minimization. [12] configures the energy storage capacity
with the optimization objective of lowest total annual cost,
but fails to take into account the costs incurred in investing
in, replacing, and maintaining the equipment over its entire
life cycle. [13] constructs a combined operation system, and
puts forward the capacity optimization with the lowest cost
and the smallest carbon emission as the optimization goal,
which allocates carbon emission but does not consider the
whole life of the system caused by battery pack loss. In
summary, [3, 4] and [7, 8] only perform RUL prediction or
state estimation for lithium battery systems, while [10-13]
only perform capacity configuration for systems, neither
of which combine lithium battery RUL prediction and sys-
tem capacity configuration. Therefore, how to improve the
prediction accuracy of lithium battery RUL and improve
the power system economy through reasonable capacity
configuration will become a major challenge.

To address the above problems in the existing research,
a method for capacity allocation of hybrid power system
for streetcars considering lithium battery RUL is proposed,
with the main contributions as follows:

1. Utilizing the particle filtering algorithm to effectively

predict the remaining service life of lithium batter-
ies reduces the amount of computation and has a
higher prediction accuracy compared with the ex-
tended Kalman filtering algorithm.

2. By predicting the remaining service life of the lithium
battery in the early stage, it provides a prerequisite
for the later capacity configuration, thus reducing the
cost of the hybrid system and improving the system
economy.

3. Dividing the power system cost into three categories,
namely, initial investment cost, component replace-
ment cost, and operation and maintenance cost, is
more practical than the costing method that only con-
siders one-time investment.

4. This paper is organized as follows: section 2 in-
troduces the hybrid system components, including
lithium battery model, fuel cell model and supercapac-
itor model. Section 3 introduces the RUL prediction
method based on PF, including the principle of PF,
capacity decline analysis of lithium batteries, capac-
ity degradation model of lithium batteries, analysis of
RUL prediction results based on PF and comparison of
prediction results between PF and EKF. Section 4 con-
structs the power system capacity allocation model
including objective function, constraints and solves
the model by using honey badger algorithm (HBA).
Section 5 is an example analysis, including parameter
setting, optimization algorithm validity verification,
capacity configuration results and capacity configu-
ration results comparative analysis. Section 6 is the
conclusion and prospect of this paper.

2. Hybrid system structure

The modern tram hybrid power system composed of
Lithium battery/fuel cell/supercapacitor is shown in Ap-
pendix A, Fig.A1, and the power source is composed
of Lithium battery, fuel cell and supercapacitor. Within,
lithium batteries and fuel cells are connected to the DC bus
through bi-directional and uni-directional DC/DC convert-
ers to provide the power required by the load, while the
supercapacitor plays the role of “peak shaving and valley
filling”.

2.1. Lithium battery improvement model

Lithium batteries uses a modified Shepherd curve fitting
model [14]. The addition of a voltage polarization term to
the battery discharge voltage expression allows for a better
characterization of the effect of battery state of charge on
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battery performance. In addition, to ensure stability, the
model uses the filtered battery current instead of the actual
battery current to calculate the polarization resistance.

The lithium battery terminal voltage can be expressed
as Eq. (1) [14]

Vbatt = E0 − C · Q
Q − it

· it − Rb · i+

Ab exp(−B · it)− C · Q
Q − it

· i∗
(1)

Where, E0 is the lithium battery constant voltage; C is the
polarization constant; Q is the lithium battery capacity; i∗

is the filtered lithium battery current; it is the actual lithium
battery charge; Ab is the amplitude of the index area; B
is the inverse of the time constant of the index area; Rb is
the lithium battery internal resistance; C · [Q/Q-it ] · it is
the polarization voltage; C · [Q/Q − it] is the polarization
resistance (Polres ).

During the charging process, the battery voltage sud-
denly increases after filling, and this behavior is expressed
by modifying the polarization resistance (only during
charging) as:

Polres = C · Q
it − 0.1 · Q

(2)

2.2. Fuel cell model

The fuel cell uses a semi-empirical steady state model [15].
In the ideal case, the output voltage is:

Ucell = ENemst − Uact − Uohm − Ucon (3)

Where, ENernst is the thermodynamic electric potential;
Uact is the activation polarization overvoltage; Uohm is the
ohmic polarization overvoltage; Ucon is the concentration
polarization overvoltage.

Within, the activated polarization overvoltage is ex-
pressed as:

Uact = − [ξ1 + ξ2T + ξ3T ln (CO2) + ξ4T ln(I)] (4)

Where, ξ1, ξ2, ξ3, ξ4 are empirical factors; T denotes the
internal temperature of the fuel cell; CO2 denotes the dis-
solved oxygen concentration at the cathode gas-liquid in-
terface in mol/cm3; and I is the actual current density of
the fuel cell.

The ohmic polarization overvoltage can be expressed
as:

Uobm = IRcell (5)

Where, Rcell is the equivalent internal resistance.
Differential polarization overvoltage is expressed as:

Ucon = −B′ ln
(

1 − I
Imax

)
(6)

Where, B′ is the system parameter; and Imax represents the
maximum current density of the fuel cell.

2.3. Supercapacitor model

Supercapacitors uses the Stern model, which combines the
Helmholtz and Gouy-Chapman models [16]. Considering
the resistive losses, the supercapacitor output voltage is
expressed as:

VSC =
QT
CT

− RSC · iSC (7)

Within,

QT =
∫

iSC dt (8)

CT =
NP
NS

· C (9)

Where, CT is the capacitance value of the supercapacitor
composed of NS monomers in series and Np monomers in
parallel; QT is the total electric charge; RSC and iSC are the
equivalent internal resistance and transient current of the
supercapacitor, respectively.

3. Rul prediction method based on particle filtering

3.1. PF algorithm

The core idea is to approximate the probability density func-
tion of a systematic random variable with some discrete
random sampling points, replacing the integral operation
with the sample mean to obtain the minimum variance
estimate of the state [17].

The state space model of the algorithm is as follows:{
xk = f (xk−1) + vk
yk = h (xk) + wk

(10)

Within, xk denotes the state value of the system at the cur-
rent moment, and yk indicates the observed value of the
system at the current moment. vk and wk represent the sys-
tem noise and observation noise, respectively. f (•) is the
state equation, which denotes the functional relationship
between the state of the system at the previous moment and
at the current moment; and h(•) is the observation equa-
tion, which denotes the functional relationship between the
state of the system and the observation value.

The methodology includes the following steps:

1. Particle initialization [18].
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2. Importance sampling [18]. The distribution of impor-
tance is as follows:

q (xk | Yk) ≈
N

∑
i=1

δ
(

xk − xi
k

)
(11)

Where, δ(•) is a 0 − 1 variable function.

3. Calculate particle weights ω
(i)
k :

ω
(i)
k =

p
(

x(i)k | Yk

)
q
(

x(i)k | Yk

) (12)

4. Standardization. Standardize the obtained weights:

ω
(i)
k =

ω
(i)
k

∑N
i=1 ω

(i)
k

(13)

5. Resampling [19]. The degree of particle degradation
can be estimated by the following formula:

Neff =
1

∑N
i=1

[
ω
(i)
k

]2 (14)

Where, Neff represents the effective number of parti-
cles. The lower the Neff is, the more serious the parti-
cle degradation is, and the more resampling should be
performed. Usually, a threshold Nth can be set in ad-
vance, and when Neff ≤ Nth , resampling is required.

6. Power estimation. Through the above steps, if the
cycle ends then the value of k is the estimated value of
the battery RUL.

x̄k =
N

∑
i=1

ω
(i)
k x(i)k (15)

3.2. Lithium battery capacity decline analysis

Fig. 1. Battery capacity degradation curve.

According to the lithium battery capacity formula:

Q =
∫ td

tc

I(t)dt (16)

Where, tc denotes the time when lithium battery is fully
charged; td represents the time when lithium battery is
fully discharged; Q signifies the lithium battery capacity.

The original experimental data used for lithium battery
capacity degradation was obtained from the open source
battery dataset of NASA Prognostics Center of Excellence
(PCoE), which contains four sets of charge/discharge exper-
imental data. Four sets of data for the same type of battery
were extracted from the original test set as B05, B06, B07

and B18. Then the four groups of lithium battery capacity
data were exponentially fitted, and the change curves of
four groups of lithium battery capacity with charging and
discharging cycles were obtained as shown in Fig. 1. It
can be seen from Fig. 1, with the increase in the number
of charging and discharging times, the capacity of lithium
batteries gradually decreased, that is, the remaining ser-
vice life of lithium batteries is gradually shortened, and
the capacity of the battery and the number of charging and
discharging times is a non-linear relationship.

3.3. Lithium battery capacity degradation model

The empirical model of capacity recession is a key factor
governing the prediction accuracy of RUL for lithium bat-
teries, and the empirical models mainly include linear and
exponential models [20], within which the most commonly
used is the exponential model. Since the capacity degrada-
tion of lithium batteries is a complex electrochemical pro-
cess, a suitable model is needed to fulfill the requirements
of the nonlinear trend characteristics of battery capacity
degradation. Combined with the equivalent circuit model
of lithium batteries, it is found that the double-exponential
empirical degradation model can accurately characterize
the actual capacity degradation trend of the batteries, and
its use of two exponential forms of the structure has bet-
ter applicability for nonlinear features [21]. Therefore, the
double-exponential empirical degradation model is chosen
for subsequent analysis in this paper.

The battery capacity decay obeys Eq. (17):

Q = a ∗ exp(b ∗ k) + c ∗ exp(d ∗ k) (17)

Where, k is the number of cycles; a, b, c, d are the model
parameters and are all related to the lithium battery itself,
within which a and c denote the lithium battery internal
impedance, and b and d represent the lithium battery degra-
dation rate, so that when a, b, c, d are estimated more ac-
curately, then the simulation of the lithium battery itself
will be more realistic, and the more accurately the lithium
battery life can be predicted.
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According to Fig. 1, the data set of lithium battery B07

will be removed from the subsequent analysis because the
downward trend of lithium batteries B05, B06, and B18 is
more pronounced compared to lithium battery B07 and
lithium battery B07 has not reached the set end of life
threshold. In the PF algorithm, the lifetime threshold of
the lithium battery is set to 1.38 A · h, and the number of
particles is set to 200 . When the lithium battery capacity is
less than 1.38 A · h, it is considered that the lifetime of the
battery pack in this batch is exhausted, and it is necessary
to replace the battery pack.

3.4. Analysis of RUL prediction results based on PF algo-
rithm

The prediction curve is built based on the measured data
of lithium battery capacity from NASA PCoE and predicts
how many more cycles the lithium battery will fail. Before
proceeding with the particle filtering algorithm, it is nec-
essary to determine the state initial values. a, b, c, and d
initial values can be fitted by the MATLAB curve fitting
toolbox for the first n data, and the state initial values are
generally taken as the average of each state parameter, that
is:

[a0, b0, c0, d0]
T = [1.802,−0.00373, 0.1065,−0.006758]T

The PF algorithm is implemented through the MATLAB
simulation platform, and the initial degradation model is
obtained by substituting the initial values into Eq. (17). In
order to verify the validity of the proposed method, the
algorithm flow in Section 3.1 and the empirical model in
Section 3.3 are used as indicators, respectively, and the
prediction start time is selected to be the 50th, 70th, and
90th cycles, and the PF algorithm is used to predict the
RUL of lithium batteries. The remaining life prediction
curve and tracking error curve of the lithium battery B18
are obtained as shown in Fig. 2.

In Fig. 2(a)(b)(c), the capacity curve before the prediction
point, the capacity prediction curve, and the actual lithium
battery decline curve are given, respectively. Within which
the horizontal coordinate represents the charge/discharge
cycle and the vertical coordinate represents the battery
capacity, the red curve is the filtered estimate obtained
from the particle filter prediction, the blue curve is the
experimental measurement data of lithium battery B18, the
yellow line is the prediction starting point from the yellow
line, and the green curve is the result obtained from the
prediction based on the value of the cyclic cycle without
any processing. It can be seen that the PF algorithm has
good tracking ability. Before the prediction start point,

the PF algorithm mainly gets the values of a, b, c and d
after filtering based on the observation data of Q. After
the prediction start point, the values of a, b, c and d are
obtained by utilizing the pre-filtering to predict the RUL of
the lithium battery.

Fig. 2(a) illustrates the prediction results for the first
50 cycles. After 50 cycles, the prediction algorithm is ex-
ecuted, and every time a capacity value is output, it is
judged whether the failure threshold is reached; if the fail-
ure threshold is reached, the iteration is stopped and the
number of cycles at the end of the iteration is output; if the
failure threshold is not reached, the iterative algorithm is
continued. It can be seen that the RUL prediction of lithium
battery based on the PF algorithm results in a 136 cycles,
while the true end of life point is 129 cycles, with an error
of 5.43%; Fig. 2(b) shows the prediction results for the data
of the first 70 cycles, and the lithium battery RUL predic-
tion based on the PF algorithm is 125 cycles with an error
of 3.10%; similarly, the prediction results for 90 cycles are
shown in Fig. 2(c), and the PF method predicts 131 cycles
with 1.56% error, as shown in Table 1. As can be seen, the
RUL prediction results based on the PF algorithm are more
accurate as the prediction point period increases, and the
prediction results match the true life values of the lithium
battery data used in NASA PCoE.

In Table 1, RUL start / cycle denotes the cycle where
the prediction starts; RULreal / cycle denotes the true end
of life point of the battery data used; RULpred / cycle de-
notes the predicted value of the remaining useful life of the
lithium battery; err/cycle denotes the prediction error; and
RULerr/% denotes the absolute prediction error.

Fig. 2(d) shows the error curve between the data pre-
dicted based on the PF algorithm and the experimental
data. As can be seen from Fig. 2(d), the error between the
data predicted based on the PF algorithm and the experi-
mental data is small in the whole cycle, and its error value
is kept around 0.05, which is near the horizontal line and
the error change is small, and it has good stability.

3.5. Comparison of PF and EKF prediction results

EKF is a common algorithm for lithium battery RUL predic-
tion. In order to further verify the validity of the proposed
method, the same lithium battery data are used, and the
start time of the prediction is selected as the 70th cycle,
and the EKF algorithm is applied to predict the RUL of
the lithium battery, Fig. 3 shows the EKF prediction curve
with the start time of the prediction as the 70th cycle, and
Table 2 shows the comparison results of the two prediction
methods. As can be seen in Fig. 3, the EKF based prediction
deviates more from the true value and the prediction is
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Table 1. RUL prediction results for lithium batteries.

RUL start / cycle RUL real / cycle RUL pred / cycle err/cycle RULerr /%
50 129 136 7 5.43
70 129 125 4 3.10
90 129 131 2 1.56

Table 2. Comparison of prediction results.

Methods
70 cycles

RULrea/cycle RUL pred /cycle err/cycle RULerr/%
PF 129 125 4 3.10

EKF 129 139 10 7.75

less effective. From Table 2, it can be seen that at the 70th
cycle of the same prediction starting point, the PF method
predicts the RUL of lithium batteries for 125 cycles, with an
absolute error of prediction error of 3.10%. The prediction
result of lithium battery RUL obtained by the EKF method
is 139 cycles with a prediction error of 7.75%, and the pre-
diction accuracy based on the PF algorithm is higher than
the prediction accuracy of the EKF algorithm.

4. Power system capacity configuration program

The traditional capacity configuration is not highly accu-
rate due to the reliance on engineering experience, so it is
necessary to consider the remaining useful life of lithium
batteries in the power system capacity configuration model,
and provide prerequisites for the later capacity configura-
tion by predicting the remaining service life of lithium
batteries in the early stage, so as to improve the accuracy
of the capacity configuration.

4.1. Objective function

The costs incurred in their operation need to be considered
when making capacity allocations. Therefore, a capacity
allocation model for power system operating economics
was developed. Since battery power systems are devices
that are used over a long period of time and require regular
post-maintenance, the costs are calculated in the following
three ways.

1. Initial investment cost.

C1 = mcpPcap + mccCcap + mbpPbat + mbcCbat (18)

Where, Pcap , Pbat are the rated power of the superca-
pacitor and battery, Ccap , Cbat are the rated capacity of
the supercapacitor and battery; mcp, mcc are the power
unit price and capacity unit price of the supercapacitor,
mbp, mbc are the power unit price and capacity unit
price of the battery.

2. Component replacement costs.

C2 =ncap

(
mbpPbat + mbcCbat

)
+

nbat
(
mcpPcap + mccCcap

) (19)

Where, ncap and nbat are the number of times the
supercapacitor and battery are replaced throughout
the operation, respectively.

3. Operation and maintenance costs.

C3 = Tact
(
ucap Ccap + ubat Cbat

)
(20)

Where, Tact is the actual operating life of the power
system; ucap and ubat are the unit price for operation
and maintenance of the supercapacitor and battery,
respectively.

In summary, the average annual minimum cost is:

Cmin = [(C1 + C2 + C3) /Tact] (21)

4.2. Constraints

1. SOC constraints.{
SOCbat-min ≤ SOCbat(t) ≤ SOCbat-max
SOCcap-min ≤ SOCcap (t) ≤ SOCcap-max

(22)

Where, SOCbat-max , SOCbat-min are the upper and
lower limits of state of charge of the battery;
SOCcap-max , SOCcap-min are the upper and lower lim-
its of state of charge of the supercapacitor; SOCbat (t)
and SOCcap (t) are state of charge of the battery and
the supercapacitor at time t.

2. Power balance constraints. The output power of the
batteries and supercapacitors should be less than or
equal to the rated power of the system Pout (t).

Pbat(t) + Pcap (t) ≤ Pout (t)
Pout (t) ≥ 0
−Pbat-max ≤ Pbat (t) ≤ Pbat-max
−Pcap-max ≤ Pcap (t) ≤ Pcap-max

(23)
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(a) Forecast results for 50 cycles.

(b) Forecast results for 70 cycles.

(c) Forecast results for 90 cycles.

(d) Tracking error curve.

Fig. 2. Forecast result and tracking error curve.

3. Charge/discharge conservation constraints.

i

∑
k=1

Pch(k) =
i

∑
k=1

Pdisch (k) (24)

Fig. 3. EKF forecast: 70 cycles.

Where, Pch and Pdisch are the charging power and discharg-
ing power of the power system, respectively; k is the num-
ber of cycles.

4.3. Honey badger algorithm

HBA has fast convergence, high accuracy and strong search
capability [22], which is used to optimize the objective
function of the dynamical system, and the optimization
process is as follows:

Step 1: Population initialization. Assuming that the
population size is N and the problem dimension is D, the
initialization formula is as follows:

xij = lbj + r1 ·
(

ubj − lbj

)
(25)

Within which i = 1, 2, . . . , N; j = 1, 2 . . . , D.xij denotes the
j th dimensional variable of individual i, ubj and lbj de-
note the upper and lower bounds of the j th dimensional
variable, respectively, and r1 is a random number between
[0, 1].

Step 2: Define the odor intensity (O).
Oi = r2 × S

4πd2
i

S = (xi − xi+1)
2

di = xprey − xi

(26)

Within which S is the concentration intensity, di is the dis-
tance between the prey and the i th honey badger, r2 is a
random number between [0, 1], and xprey represents the
optimal individual in the population, the prey.

Step 3: Update the density factor (α).

α = C × e−
t

Tmax (27)

Within this, Tmax is the maximum number of iterations, t
is the current number of iterations, and C is a constant not
less than 1 , usually set to 2 .

Step 4: Update individual locations. Specifically, it is
divided into two stages: "Digging pattern" and "Honey
picking mode".



1898 Fengyang Gao et al.

Stage 1: “Digging pattern”, the mathematical model of
this process is as follows:

xinew = xprey + F.β.I.xprey +

F.r3.α.di. |cos (2πr4) . [1 − cos (2πr5)]|
(28)

Within this, xinew is the updated position of individual
i, β ≥ 1, which represents the predation ability of the honey
badger and is usually set to 6 , and r3, r4, and r5 are all
random numbers between [0, 1] that are not the same as
each other.

The specific form of the parameter F is as follows:

F =

{
1, r6 ≤ 0.5
−1, else (29)

Where, r6 is a random number between [0, 0.5].
Stage 2: “Honey picking pattern”, the mathematical

model of this process is as follows:

xinew = xprey + F · r7 · α · di (30)

Within this, r7 is also a random number between [0, 1].
The process of solving the power system capacity con-

figuration model using HBA is shown in Fig. 4 below.

5. Experiments and analysis

5.1. Experimental parameter setting

Selecting the actual operation data of a regional tram line in
one year as the research object for analysis, the main tech-
nical parameters of the tram are shown in Table 3 below
[23]. In order to fully match the design objectives of low
cost and long life of the power system, the hybrid power
system uses AMP20M1HD-A lithium iron phosphate bat-
tery of A123 company, the fuel cell stack provided by the
French Fuel Cell Laboratory (FCLAB), and MAXWELL’s
BCAP3000 supercapacitor as the energy storage elements.
The lithium battery and the supercapacitor are used as the
main power source, the fuel cell is used as the auxiliary
energy source. The remaining technical parameters are
detailed in Appendix A, Table A2 and Table A3. The exam-
ple analysis considers the effect of different energy storage
methods on the average annual minimum cost of the power
system.

5.2. HBA Algorithm Validation

According to the HBA optimization algorithm in Section
4.3, the population size N is set to be 50 , the maximum
number of iterations T to be 500 , and the problem dimen-
sion D to be 30. In order to validate the convergence per-
formance of the HBA algorithm, the single-peak function
Sphere and the multiple-peak function Ackley are intro-
duced and the optimal value of these benchmark functions

is set to be zero. The convergence of the HBA algorithm on
the Sphere function is shown in Fig. 5(a).

As can be seen from Fig. 5(a), HBA converges very
rapidly on the Sphere function and the convergence ac-
curacy keeps improving to an exponential level of 10−100.
This is due to the fact that in the HBA algorithm, all individ-
uals update their positions according to the prey, that is, the
optimal individual in the population, and the population
always evolves towards the optimal individual. And the
single-peaked function Sphere does not have a local opti-
mum, so the convergence curve of the algorithm is always
in a decreasing trend.

The multiple peaks function has the ability to jump out
of the local optimum compared to the single peaks function,
which can be used to test the performance of the algorithm
comprehensively. The convergence curve of the HBA algo-
rithm on the Ackley function is shown in Fig. 5(b). As can
be seen in Fig. 5(b), the HBA algorithm evolves rapidly to-
wards the optimal solution on the Ackley function, and the
convergence accuracy reaches 10−15 exponential levels in
less than 50 iterations. In summary, it can be concluded that
the HBA algorithm has fast convergence speed, high accu-
racy and strong search capability, which provides sufficient
basis for the capacity allocation results.

5.3. Capacity configuration results

Taking the case of capacity configuration of single-type
battery energy storage and hybrid energy storage as an
example, using Eq. (25) to initialize the parameters of the
algorithm, combining the objective function proposed in
section 4.1 and the constraints proposed in section 4.2, and
calculating according to the HBA algorithm proposed in
section 4.3, the optimal results of the capacity configuration
are obtained as shown in Table 4. Table 4 shows that the
use of hybrid energy storage increases the rated power and
rated capacity of the supercapacitor but also reduces the
rated power and rated capacity of the battery.

Comparing the total average annual minimum cost un-
der the two types of energy storage, it can be obtained that
the total average annual minimum cost of using single bat-
tery energy storage is 23.645 million yuan, while the total
average annual minimum cost of using hybrid energy stor-
age with fuel cell and supercapacitor as the auxiliary power
source is only 14.603 million yuan, which is a reduction of
38.2% compared with single-type of energy storage, and
it reduces the cost and improves the economy to a certain
extent.
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Fig. 4. Capacity configuration flow chart.

Table 3. Main technical parameters of the tram.

Parameters Value
Drive motor/kW 8 × 110

Converter/V DC750(500-900)
Axle weight/t 12
Train weight/t 47

Train body length /m 31075
Mileage /km > 40

Maximum operating speed /(km/h) 60

5.4. Capacity configuration results comparative analysis

This paper compares the effect of two energy storage meth-
ods on the total annual average minimum cost of the power

system, and the results show that the use of hybrid energy
storage can significantly reduce the cost and improve the
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Table 4. Capacity configuration results.

Types
Single-type

battery energy
storage

Hybrid energy
storage

Rated power/MW
Batteries 8.39 3.46

Supercapacitor 0.00 7.08

Rated capacity/MW · h
Batteries 7.80 4.42

Supercapacitor 0.00 2.32
Total average annual mini cost/Million Yuan 23.645 14.603

Table 5. Comparison of capacity configuration results.

Types Total average annual mini cost/Million Yuan
Model 1 2657.71
Model 2 2583.76
Model 3 2379.45

Method of this paper 1460.3

(a) Sphere function.

(b) Ackley function.

Fig. 5. Validation function.

system economics. The results of this paper are compared
with the existing literature [24] on capacity configuration
strategies with the same optimization objective of total an-
nual minimum cost. [24] investigates the configuration
results by comparing three energy storage models with
the optimization objective of minimizing the annual cost.
Model 1: No energy storage device model. Mode 2: Single
energy storage device mode. Model 3: Hybrid energy stor-
age device model. The comparison between the capacity

configuration results of [24] and this paper is shown in
Table 5.

From Table 5, it can be seen that the total annual cost of
adopting model 3 in the literature [24] is reduced by 10.5%
and 7.9% compared to model 1 and model 2 respectively,
which indicates that adopting the hybrid energy storage
configuration model is more economical compared to the
no storage device model and the single energy storage
device model. The hybrid energy storage method used
in this paper has a smaller total annual cost compared to
Model 3, which verifies the effectiveness and superiority of
the configuration method in this paper.

6. Conclusions

1. The particle filtering algorithm can effectively pre-
dict the remaining useful life of lithium batteries, and
the more prediction cycles the more accurate the re-
maining life prediction results. Compared with the
extended Kalman filter algorithm to predict the re-
maining life of lithium battery, the prediction error is
significantly reduced, and the proposed method has a
higher prediction accuracy.

2. Considering the remaining useful life of the lithium
battery in the power system capacity configuration
model, the remaining useful life prediction of the
lithium battery in the early stage provides a prerequi-
site for the capacity configuration in the later stage, so
as to improve the accuracy of the capacity configura-
tion.

3. According to the different periods of generation, this
paper divides the cost of the power system into three
categories: initial investment cost, component replace-
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ment cost, and operation and maintenance cost, which
is more practical than the cost calculation method that
only considers one-time investment.

4. The use of hybrid energy storage reduces the rated
power and rated capacity of the batteries and the to-
tal average annual minimum cost is 14.603 million
yuan, which is a 38.2% reduction compared to single-
type battery energy storage. Hybrid energy storage
has both performance and economic advantages over
single-type battery energy storage.

The particle filter algorithm adopted in this paper is
simple and easy, but the accuracy is not the highest. It
can be considered to combine with other prediction meth-
ods to find a method that can effectively implement online
prediction of the remaining useful life of lithium batter-
ies, and further improve the prediction accuracy, which
will become the focus of subsequent research work. But
at the same time, online prediction methods also greatly
increase the workload and have certain limitations. Due to
the differences in the operating data of streetcars under dif-
ferent operating conditions, the capacity configuration of
the hybrid system will be affected. Subsequently, different
operating conditions will be considered comprehensively
and the system capacity configuration method will be stud-
ied in a targeted manner to further improve the economy
of the system.
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nomenclature

Acronyms
AUKF Unscented Kalman Filtering
EKF Extended Kalman Filter
FCLAB Fuel Cell Laboratory
HBA Honey Badger Algorithm
NASA PCoE NASA Prognostics Center of Excellence
PF Particle Filtering
RUL Remaining Useful Life
SOC State of Charge
Variables
α Density factor
δ(•) A 0-1 variable function
Co2 Dissolved oxygen concentration at the cathode gas-

liquid interface
h(·) Observation equation
ω

(i)
k Particle weights

ξ1, ξ2, ξ3, ξ4 Empirical factors
A b Amplitude of the index area
a and c Lithium battery degradation rate
a and c Lithium battery internal impedance

B Inverse of the time constant of the index area
B′ System parameter
Bcell Equivalent internal resistance
C Polarization constant
C[Q/Q − it]i Polarization voltage
C[Q/Q − it] Polarization resistance
CT Capacitance value of the supercapacitor composed

of NS monomers in series and NP monomers in parallel
C1 Initial investment cost
C2 Component replacement costs
C3 Operation and maintenance costs
Cbat Rated capacity of the battery
Ccap Rated capacity of the supercapacitor
Cmin Average annual minimum cost
D Problem dimension
di Distance between the prey and the ith honey badger
E0 Lithium battery constant voltage
ENerast Thermodynamic electric potential
f ()∗ State equation
I Actual current density of the fuel cell
i∗ Filtered lithium battery current
Imax Maximum current density of the fuel cell
isc Transient current
it Actual lithium battery charge
k Number of cycles
lbj Lower bound for the jth dimensional variable
mbc Capacity unit price of the battery
mbp Power unit price of the battery
mcc Capacity unit price of the supercapacitor
mcp Power unit price of the supercapacitor
nbat The number of times the battery is replaced through-

out the operation
ncap The number of times the supercapacitor is replaced

throughout the operation
Ne f f Effective number of particles
Nth Particle degradation threshold
O Odor intensity
Pbat Rated power of the battery
Pcap Rated power of the supercapacitor
Pch Charging power of the power system
Pdisch Discharging power of the power system
Q Lithium battery capacity
QT Total electric charge
r1-r7 Random numbers between [0,1]
Rb Lithium battery internal resistance
RSC Equivalent internal resistance
S Concentration intensity
SOCbat−max Upper limit of state of charge of the battery
SOCbat−min lower limit of state of charge of the battery
SOCcap−max Upper limit of state of charge of the supercapacitor
SOCcap−min lower limit of state of charge of the supercapacitor
T Internal temperature of the fuel cell
Tact Actual operating life of the power system
td Lithium battery degradation rate
Tmax Maximum number of iterations
ta Time when lithium battery is fully charged
Usep Concentration polarization overvoltage
ubat Unit price for operation and maintenance of the bat-

tery
ucap Unit price for operation and maintenance of the su-

percapacitor
ubj Upper bound for the jth dimensional variable
Uobme Ohmic polarization overvoltage
Uselp Fuel cell output voltage
Ust Activation polarization overvoltage
Vbati Lithium battery terminal voltage
VSC Supercapacitor output voltage
ve System noise
wk Observation noise
x State value
xij The jth dimensional variable for individual i
xinew Updated position of individual i
xprey Optimal individuals in the population
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y Observed value
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