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Abstract—This paper presents the use of an energy recycling
technique to extract the intrinsic parameters of lead–acid batteries.
The charging and discharging currents of the battery under test are
programmed by controlling a bidirectional dc–dc converter to pro-
file the power flow between the battery and a supercapacitor. The
sampled battery voltage and current information over the charg-
ing and discharging periods are used to estimate the parameters
of a high-order electrical battery model with a modified particle
swarm optimization algorithm and compare with the battery volt-
age and current predicted with the extracted parameters. With
the energy recycling mechanism, the proposed parameter extrac-
tion process is environment friendly and has low power dissipation,
thus increasing the power handling density and allowing long test-
ing duration. A prototype that can extract the intrinsic parameters
of eight different types of 12 V, 130 A lead–acid batteries has been
built. Its performance has been evaluated with different charging
and discharging profiles. The estimated parameters are favorably
verified with the theoretical predictions, results obtained by the ex-
tended Kalman filter method, and results obtained on a calibrated
commercial battery testing system. Results reveal that testing bat-
teries with both charging and discharging processes gives a more
accurate prediction of battery performance.

Index Terms—Batteries, battery parameters, computational
intelligence, energy storage, machine intelligence, optimization,
particle swarm optimization (PSO).

NOMENCLATURE

vb Battery voltage.
ib Battery current.
Co Supercapacitor in the bidirectional dc–dc con-

verter.
Rc Equivalent series resistance of Co .
L Inductor in the converter.
RL DC resistance of L.
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vc Voltage across Co .
vL Voltage across L.
Rsense Resistance of the current sensing resistor.
MOS1, MOS2 MOSFETS in the converter.
Ron ON-state resistance of MOS1 and MOS2.
I1 , I2 , I3 Peak currents in testing profiles P1, P2, and

P3, respectively.
fsw Switching frequency of the converter.
fp,1 , fp,2 , fp,3 Perturbation frequencies of testing profiles P1,

P2, and P3, respectively.
fs Sampling frequency.
SOC(0) Initial state-of-charge of the battery under test

(BUT).
R0 Series resistance of the BUT.
R1 , R2 Charge transfer resistances of the BUT.
τ1 , τ2 Time constants of the BUT.
v1(0), v2(0) Initial voltages of the double-layer capaci-

tances of the BUT.
Q Charges stored in the BUT.
P Parameter sets defined in the m-PSO.
υ Velocity of the particle in the m-PSO.
w Learning factor.
r Normally distributed random number.
δp Perturbation for parameter sets in m-PSO.

I. INTRODUCTION

E LECTROCHEMICAL batteries have been widely used
in many mobile devices and fixed equipment. They are

becoming crucial in the smart city development and the fourth
industrial revolution (Industry 4.0) for storing energy and buffer-
ing difference in local energy generation and demand [1], [2].
Thus, it is crucial to monitor battery condition closely for perfor-
mance evaluation, lifetime prediction, and maximizing battery
lifetime with sophisticated battery management systems. Many
condition monitoring techniques, such as open-circuit voltage
test [3], [4], internal resistance test [5], [6], impedance measure-
ment [7]–[11], electrochemical impedance spectroscopy (EIS)
[12]–[16], compensated synchronous detection [17]–[21], and
pulse power tests [22]–[27], have been proposed.

Traditionally, the battery under test is performed with a full
discharge test to determine its state-of-charge (SOC) and state-
of-health (SOH) [28], [30]–[32]. First, it is charged up fully.
Then, it is discharged until its terminal voltage has reached
the cutoff value. Such approach is direct and accurate for
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determining SOC. However, the entire process is time-intensive,
and causes energy wastage and impact on the battery’s life cycle.
To shorten the testing period, the open-circuit voltage (OCV)
method estimates the SOC with the measured OCV and OCV-
SOC curve [28]. However, the battery needs to be disconnected
from the load to conduct lengthy relaxation.

As discussed in [29], battery impedance gives an effective
measure of SOH. Several methods, based on measuring dc re-
sistance or ac impedance, have been proposed. In measuring
the dc resistance, the battery is subject to current pulses. The
dc resistance is estimated by studying the momentarily change
of the terminal voltage [5]. The SOH is evaluated by using the
variation of the measured dc resistance with respect to its nom-
inal value [6], [30]. The ac impedance of the battery is typically
used to characterize battery dynamics, electrochemical reac-
tion, and material properties. The test is conducted by charging
or discharging the battery with a small-signal perturbation of
adjustable excitation frequency. The ac impedance is estimated
by using the battery voltage and current at the frequency of in-
terest. Among various techniques, EIS has been widely adopted.
However, it is time consuming and requires using sophisticated
equipment. It is thus suitable for offline measurement.

Several time-efficient online measurement methods, such as
injection of single ac sinusoidal wave [8], background noise
[9], or white noise [10] into in the excitation signals, are sug-
gested. The magnitude and phase angle of the impedance are
estimated by the sampled battery voltage and current informa-
tion. Those methods require conducting multiple high-precision
measurements, as the signals are small and time-varying. Thus,
many sum-of-sines signal with single period methods, includ-
ing compensated synchronous detection (CSD) [17], [18], har-
monic CSD [19], [20], and optimized broadband impedance
spectroscopy [21], have been proposed to obtain battery condi-
tions rapidly and overcome noise ratio issue. The signals com-
prise a few frequencies within the range of interest. They are of
the same excitation amplitude. However, the frequencies have
to be selected carefully, such as octave bands, to avoid possible
crosstalk.

Hybrid pulse power characterization can measure the power
capability of the battery under test. It is conducted by applying
high charging and discharging current pulses for a period of
time, such as 18 s in emulating battery operations on electric
vehicles in [27]. The abilities of accepting charges and delivering
currents are identified. However, the dynamical characteristics
of the battery cannot be fully extracted in the entire process.

Many estimation methods, such as genetic algorithms (GAs)
[33], extended Kalman filter (EKF) [34]–[36], and particle
swarm optimization (PSO) [37], have been proposed to evaluate
battery parameters. Among them, GA is the most accurate
method, but its implementation is complex and requires consid-
erable computational resources. EKF has been widely adopted
in dealing with estimation problems, due to its fast convergence
speed and simple implementation. However, its performance
will degrade if the model, level of noise, and initial guess are
uncertain [34], [38]. Many enhanced approaches have been pro-
posed to increase the robustness of EKF [33]–[36], [38]. PSO,
which is inspired by swarm’s behavior, is simple in operation

and is applicable for tackling many optimization problems.
However, it would sometimes be trapped into local optima [37].

To conclude, the above methods have tradeoff among speed,
accuracy, and implementation complexity. Their main chal-
lenges are listed as follows.

1) It is necessary to handle the energy discharged from the
battery under test to the dummy load throughout the test.

2) The testing duration has to make compromise with the
power dissipation and thermal management. The testing
results may not be able to observe the effects of the intrin-
sic parameters of long time constants.

3) Either charging or discharging characteristic, but not both,
is taken in the test.

4) No large-signal characteristics are considered. As dis-
cussed in [39]–[41], large-signal information is crucial,
because some intrinsic parameters of the battery vary with
different discharging rates and operating points.

5) The estimation accuracy would be affected by initial guess
[33], [34].

6) The estimated parameters would sometimes be trapped
into local optima [37].

To deal with the above challenges, an energy and computa-
tional efficient intrinsic parameter estimation technique is pre-
sented. By controlling the power flow between the battery under
test and a supercapacitor through a bidirectional dc–dc con-
verter, the battery current profile and operating mode are con-
trolled. The method is ideally nondissipative and allows testing
large-signal battery behaviors over a long period of time. As
the measurable electrical quantities include battery voltage and
current only, a modified PSO (m-PSO) [36]–[38], which is a
computational intelligence technique for dealing with black-
box problems, is used to estimate the parameters of a second-
order electrical model for characterizing battery performance
and condition. This approach gives a good balance between ac-
curacy and computational speed, suitable for life expectancy
estimation.

A prototype for extracting the intrinsic parameters of eight
different types of 12 V, 130 A lead–acid batteries has been built.
Its performance has been evaluated with different charging and
discharging patterns. The estimated parameters are compared
with the theoretical predictions and the results obtained by a
calibrated commercial battery testing system. The performance
of the proposed m-PSO method will be compared with that of
the EKF method [34], [36], [42].

II. SYSTEM ARCHITECTURE

Fig. 1 shows the system architecture. A bidirectional dc–dc
converter is connected between the battery under test and the
supercapacitor Co . The battery is modeled by a state-of-charge
(SOC)-dependent capacitor C(SOC) for characterizing the non-
linear relationship between the electromotive force and SOC, a
series resistor R0 for modeling instantaneous voltage drop upon
a sudden load change, and two RC networks for characterizing
steady-state and transient behaviors [37].

The bidirectional dc–dc converter is formed by two semicon-
ductor switches, MOS1 and MOS2, and an inductor L. When



CHENG et al.: EXTRACTION OF INTRINSIC PARAMETERS OF LEAD–ACID BATTERIES USING ENERGY RECYCLING TECHNIQUE 4767

Fig. 1. System architecture.

Fig. 2. Testing profiles with charging and discharging processes.

the battery discharging behavior is studied, the converter is op-
erated as a buck converter and is programmed to transfer energy
from the battery to Co . Conversely, when the battery charging
behavior is studied, the converter is operated as a boost converter
and is programmed to transfer energy from Co to the battery.
The entire charging and discharging profiles are controlled by a
microcontroller unit.

Fig. 2 shows the waveforms of the battery voltage, vb , battery
current, ib , and voltage across Co, vc , under a sequence of pro-
grammed charging and discharging profiles. The battery is first
tested with a high discharging current—profile P1. The duration
of this process is T1 and the discharging current is designed to
be larger than I1 . This stage is used to test the power deliv-
ery capability of the battery and provide the m-PSO algorithm
with the information about the searching boundaries for R0 . The

battery voltage and current before and after this process, includ-
ing vb1 , vb2 , vb3 , vb4 , ib1 , ib2 , ib3 , and ib4 , as shown in Fig. 2,
are sampled. vc will increase in this stage.

After conducting P1, the battery will then be tested with the
second profile P2, which is also a discharging process. The
duration of this process is T2 . The initial discharging current
is I2 . A high-frequency current perturbation is injected. The
perturbation frequency is fp,2 . The function of this stage is to
extract the parameters of the RC networks under the discharging
process. vb and ib are sampled at the sampling frequency of fs

throughout this process. vc will continue to increase.
After conducting P2, the battery will be tested with the third

profile P3, which is a charging process. The duration of this pro-
cess is T3 . The initial discharging current is I3 . Again, a high-
frequency current perturbation is injected. The perturbation
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frequency is fp,3 . The function of this stage is to extract the
parameters of the RC networks under the charging process. vb

and ib are also sampled at the sampling frequency of fs through-
out this process. vc will start discharging.

Profiles P2 and P3 are conducted repeatedly for N times. The
duration of the whole testing process is T .

The bidirectional dc–dc converter is operated differently in
generating the three profiles. In conducting P1, MOS1 is fully
turned ON, while MOS2 is fully turned OFF. The battery is con-
nected to Co directly. As vb > vc , a high discharging current for
testing the delivery capability of the battery will appear. Since
the duration of this testing profile is short, as compared to the
time constant of the RC networks, the battery current can be
expressed as follows:

ib(t) ≈ VOC

2L(
√

α2 − ω2)
(et(−α+

√
α2 −ω 2 ) + et(−α−√

α2 −ω 2 ))

(1)
where α = (Rsense + Ron + RL + Rc)/2L and ω2 = 1

LCo
.

There is a voltage drop in conducting this profile. vb is
changed from vb1 to vb2 and ib is changed from ib1 to ib2 .
The value of R0 can be approximated by

R0 ≈ vb2 − vb1

ib2 − ib1
. (2)

Thus, the magnitude of the voltage drop can give the order
of R0 , thus, indicating how well the battery can deliver a high
current in a short period of time.

In conducting P2, the converter is operated as a synchronous
buck converter in continuous conduction mode (CCM) with the
battery as the source and Co as the load. The battery current
is programmed to ensure that Co will not be overcharged. The
duration of this profile is sufficiently longer than the shortest
time constant of the two RC networks.

In conducting P3, the converter is operated as a synchronous
boost converter in CCM with Co as the source and the battery
as the load. The battery current is programmed to ensure that
Co will be fully discharged before the end of this profile. The
duration of this profile is sufficiently longer than the shortest
time constant of the two RC networks.

Thus, profiles P2 and P3 are combined to form an energy
recycling process to test battery behaviors. In addition, they will
be repeated for a duration longer than the longest time constant
of the two RC networks.

III. SIMPLIFIED DESIGN PROCEDURE

The bidirectional dc–dc converter comprises three main
power components, including the switching devices, MOS1 and
MOS2, supercapacitor Co , and inductor L. They are designed
by considering the minimum battery voltage vb,min , maximum
battery voltage vb,max , maximum battery current ib,max , and
maximum supercapacitor voltage vc,max .

Step 1: Design the value for Co

Assume that all energy from the battery is transferred to Co

in conducting P1. Thus, by applying the conservation of energy

Co ≥ 2 vb,max ib,max T1

vc,max
2 . (3)

Step 2: Design the value for L

Assume that the ON-state resistances of MOS1, MOS2, and
RL are neglected. Consider that the inductor current ripple is
20% of the maximum output current and the converter is in
CCM in generating the P2 [43]. Thus

L ≥
vc,max(1 − vc , m a x

vb , m a x
)

0.2fsw
vb , m a x −vc , m a x

Rc

. (4)

Step 3: Design the maximum allowable on-state resistance
for MOS1 and MOS2

The value of Ron has to be limited to a value that can gen-
erate the necessary high current pulse in conducting P1. As the
duration of the P1 is short, the variation of the battery current is
neglected. Based on (1)

Ron <

√
vb,min

2

ib,min
2 +

4L

C
− Rc − RL − Rsense . (5)

Equation (5) gives the maximum value of the ON-state resis-
tance for MOS1 and MOS2.

IV. m-PSO ALGORITHM FOR PARAMETER EXTRACTION

PSO, which is inspired by swarm’s behavior [35], consists of
a population of particles. Each particle comprises a set of pa-
rameters as depicted in (6) below. Particles will move around the
search space through some operators and search for the global
best solution. Each particle will change its velocity toward
the best solution associated with other particles. The proposed
m-PSO method is based on PSO with random perturbation parti-
cles and searching boundary definition of battery characteristics
for higher global solution search ability and faster convergence
speed. Traditionally, the best particle does not have any refer-
ence to adjust its trajectory. It may cause the swarm trapping
into local optima. In the m-PSO, the random perturbation parti-
cle improves the best particle by providing an extra solution at
each time step. The new solutions help the swarm jump out of
the local optima and accelerate the search. The range of search
boundary for R0 is reduced by referencing (2). The convergence
time and the required data size in the parameter estimation are
reduced.

The proposed mechanism of determining the battery param-
eters is shown in Fig. 3(a). It consists of two main functional
blocks including the battery voltage estimator (BVE) and
m-PSO engine. The two blocks are linked by a set of para-
meters P

P = {SOC(0), R0 , R1 , R2 , τ1 , τ2 , v1(0), v2(0)}. (6)

The BVE is used to calculate the time series of vb with the
sampled time series of the actual battery current and the pa-
rameters provided by the m-PSO engine. The function of the
m-PSO engine is used to estimate the parameters by minimizing
the errors between the time series of the actual and calculated
battery voltage. Such error can be considered as a measure of
fitness in the estimation. The open-circuit voltage of the battery,
vOC(SOC), for the BVE is obtained from the vOC -SOC charac-
teristics, which are obtained experimentally by discharging the
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Fig. 3. Mechanism for determining battery parameters. (a) Mechanism.
(b) Typical voc − SOC characteristics. (c) C – SOC characteristics.

battery from float voltage to cutoff voltage at constant current,
where the float voltage is the voltage that is required to maintain
a battery full charged such as 13.5 V for valve-regulated lead–
acid (VRLA) batteries and the cutoff voltage is the voltage that a
battery is considered fully discharged and should not discharge
any longer, for example, 10.5 V for starting-lighting-ignition
(SLI) batteries. First, the battery is charged to float voltage at
a constant current (C/10) and held at the float voltage until the
current has dropped below C/60. After resting for 2 h, the battery
is then discharged at the rate of C/10. The discharging process
is interrupted in every 300 s and the open-circuit voltage of the
battery is measured after resting for 600 s [3]. After the measure-
ment, the discharging process is continued and the process is
repeated until the battery voltage has reached the cutoff voltage.

The characteristics of eight typical lead–acid batteries are
shown in Fig. 3(b). They are SLI, VRLA, gelified electrolyte
(GEL), absorbent glass mat (AGM), absorbent glass mat with
spiral structure (AGM Spiral), enhanced flooded battery (EFB),
absorbent glass mat with start–stop functionality (AGM Start-
Stop) and deep cycle battery. The operations of the BVE and
m-PSO are given below.

A. Battery Voltage Estimator (BVE)

SOC is defined as the ratio between the charges Q stored in the
battery and the fully-charged capacity Qo . An SOC-dependent
capacitor C(SOC) is defined as follows [37]:

C(SOC) =
d Q(SOC)
d voc(SOC)

= Qo
d SOC

d voc(SOC)
. (7)

Thus, the value of C at different SOC is obtained by deter-
mining the slope of the voc-SOC curve in Fig. 3(b) together with
the value of Qo . Fig. 3(c) shows the value of C against SOC.

Based on Kirchhoff’s voltage law, the voltages on the two RC
networks are as follows:

v1(t) =
1
C1

∫ t

0

[
ib(θ) − v1(θ)

R1

]
dθ + v1(0) (8)

and

v2(t) =
1
C2

∫ t

0

[
ib(θ) − v2(θ)

R2

]
dθ + v2(0) (9)

where v1(t) and v2(t) are the voltages across C1 and C2 , re-
spectively.

The terminal voltage of the battery vb can be expressed as
follows:

vb(t) = voc [SOC(t)] + ib(t) R0 + v1(t) + v2(t) (10)

where voc [SOC(t)] =
∫ t

0
ib (θ)

C [SOC(θ)] dθ + voc [SOC(0)] and
SOC(θ) is the SOC at time θ.

Hence, the BVE estimates the time series of the battery volt-
age with (8)–(10) with the parameters estimated by m-PSO and
the voc-SOC characteristics.
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Fig. 4. Flowchart of the m-PSO algorithm.

B. m-PSO Engine

The m-PSO engine is used to determine the values of the pa-
rameters defined in P [i.e., (6)] for minimizing the mean square
error (MSE) between the actual battery voltage vb(t) and the cal-
culated battery voltage vb,cal(t) over T . The objective function
and the procedure of the m-PSO are described as follows.

1) Objective Function: The MSE for a given set of parame-
ter P is defined by averaging the sum of the square of the errors
between the actual vb(t) and vb,cal(t) over the testing period T .
That is

MSE(P ) =
1
T

∫ T

0
(vb(t) − vb,cal [t, P, ib(t)])

2 dt. (11)

The best set of parameters, P0 , in (6), gives the minimum
MSE(P )

P0 = arg min
P

MSE(P ). (12)

2) m-PSO Algorithm: Fig. 4 shows the flowchart of the algo-
rithm. n is the population size, that is, the number of candidates
(possible solutions) for P . σ is the total number of generations
(optimization cycles) in the optimization process. Each candi-
date is a particle, which holds its position (set of parameters) Pi

and velocity υi . To reduce the convergence time and the required
data size in the parameter estimation, the internal resistance R0
is approximated by (2) for defining the search boundary. Ac-
cording to the cell capacity study in [30], the upper and lower
boundaries of R0 are set as 150% and 50% of the estimated
value, respectively.

In each generation, the parameters in each particle is updated
or generated by considering its velocity, which is calculated
by considering several factors, including its velocity in the last
generation, its position from the globally best particle (solution
set) so far, and its position from its best particle in the last gen-
eration. Mathematically, the velocity υi in the gth optimization
generation, υ

(g)
i , is defined as follows:

υi
(g ) = w(g−1) υi

(g−1) + 2 r1,i
(g−1) [PG − Pi

(g−1) ]

+ 2 r2,i
(g−1) [PH,i

(g−1) − Pi
(g−1) ] (13)

where υi
(g−1) is the velocity of the ith particle in the (g − 1)th

generation, PG is the globally best particle in the search so
far, Pi

(g−1) holds the position of the ith particle in the (g −
1)th generation, PH,i

(g−1) holds the best position found by
the ith particle in the (g − 1)th generation, w(g−1) ∈ (0, 1) is
the learning factor and r

(g−1)
1,i and r

(g−1)
2,i , initialized randomly,

are weighting factors evenly distributed between 0 and 1. w is
calculated by the method described in [37].

PH,i
(g−1) in the last generation (i.e., g − 1) is determined by

the following:

PH,i
(g−1) =

{
Pi

(g−1) for MSE(Pi
(g−1))< MSE(PH,i

(g−2))

PH,i
(g−2) for MSE(Pi

(g−1))≥ MSE(PH,i
(g−2)).

(14)
P

(g−1)
G is determined by the following:

P
(g−1)

G = arg min
P

( g −1 )
H , i

MSE(P (g−1)
H,i ), for i = 1, 2, 3, . . . , n.

(15)
Each particle Pi is then updated by

P
(g)
i = P

(g−1)
i + υ

(g)
i . (16)

If the updated value falls outside the boundary of the corre-
sponding parameter, the velocity of the corresponding particle
will be reversed in order to make the parameter fall within the
search range.

The parameter set is perturbed to avoid the solution trapping
into local optima. This can provide an opportunity of generat-
ing other possible solutions. Another particle P̃

(g)
B is formed

by introducing a perturbation δp(g) into the globally best par-
ticle P

(g)
G before Pi is updated with (16). The perturbation is

randomly generated from normal distribution with each param-
eter according to its searching boundary Xm individually. Thus,
P̃

(g)
B is calculated by the following:

P̃
(g)
B = P

(g)
G + δp(g) . (17)

Perturbation of each parameter m in the parameter set can be
further expressed as follows:

δp(g)(m) = (XMax
m − XMin

m ) ∗ Normal(0, 0.64). (18)

The Normal (0,0.64) is a random number of a normal distri-
bution with a zero mean and 0.64 variance. XMax

m is the upper
boundary of parameter m and XMin

m is the lower boundary of
parameter m. Thus, the perturbation of parameter m at the gth
generation δp(g)(m) is generated within its boundary.

Equation (18) introduces a solution out of the globally best
solution. Again, this can avoid the entire estimation trapping into
local optima. Then, the MSEs of P̃

(g)
B and P

(g)
G are computed

with (11) and are compared. If MSE(P̃ (g)
B ) < MSE(PG

(g )),
P̃

(g)
B is better than P

(g)
G . P

(g)
G will be replaced by the best one

in the set {P (g)
G + δp(g) , P

(g)
G + 2δp(g) , P

(g)
G + 4δp(g) , . . . ,

P
(g)
G + 2j δp(g)}, where P

(g)
G + 2j δp(g) is within the search

boundaries and P
(g)
G + 2j+1δp(g) is outside the boundaries.
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TABLE I
SEARCHING BOUNDARIES OF EACH PARAMETER

Note: R∗
0 is the value obtained by (2).

Fig. 5. Flowchart of the proposed system test.

That is

P
(g)
G = arg min

p
MSE(p), subject to :p = PG

(g) + 2r δp(g)

(19)
where r = 0, 1, 2, . . . , j.

Fig. 6. Photo of the prototype.

TABLE II
VALUES OF MAJOR COMPONENTS

Note: PR s e n s e is the power rating of the sensing resistor.

Apart from avoiding local optima, searching of the solution
is accelerated with the local search in (19). The perturbation
process simulates a self-generated new solution. The procedure
of estimating the parameters is described as follows.

Step 1: All particles are randomly initialized with the param-
eters in each particle within their search boundaries determined
by Table I. Thus, different from other methods, the initial guess
in this m-PSO is randomly generated.

Step 2: The MSEs of all particles (candidates for P ) are
evaluated by (11).

Step 3: The new position and velocity of all particles are
calculated by (16) and (13), respectively. A new particle P̃

(g)
B is

generated by introducing random perturbation in (17).
Step 4: The best particle in the swarm, P

(g)
G , will be re-

placed by the criterion in (19) if the condition of MSE(P̃ (g )
B ) <

MSE(PG
(g)) is met.

Step 5: The algorithm will go to Step 2) if the number of
generation is less than σ.

V. TESTING PROCEDURE

With the help of Fig. 5, the intrinsic parameters of the battery
under test are estimated by the following steps.

Step 1: Based on the battery information including battery
voltage, capacity, and type, the voc - SOC characteristics are
extracted with the method described in Section IV.

Step 2: The battery is subject to a high current discharging
with the profile P1.
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Fig. 7. Testing waveforms. (a) Overall waveforms. (b) Profile P1. (c) Profile P2. (d) Profile P3.

Fig. 8. Evolution of R0 , R1 , and R2 against SOC.

Step 3: An approximated value of R0 is calculated by (2) and
the searching boundary of R0 in m-PSO engine is also defined
based on the approximated value.

Step 4: The battery is subject to discharging and charging
tests with the profiles P2 and P3 alternately conducted for N
times.

Step 5: The searching boundaries of other parameters, as
given in Table I, and the voltage and current data sampled in
conducting the profiles P2 and P3 are used to estimate the in-
trinsic parameters P with the BVE and m-PSO engine.

VI. EXPERIMENTAL VERIFICATION

A prototype that can test eight different types of batteries, as
listed in Section IV, is shown in Fig. 6. The values of the major
components are given in Table II. The controller is STMicroelec-
tronics STM32F407. Fig. 7 shows the voltage and current wave-
forms in testing a 12 V, 60 Ah EFB - Varta D53. The duration

of conducting profile P1 is 6 ms and the maximum testing cur-
rent is 128 A. Profiles P2 and P3 are repeatedly conducted for
four times, i.e., N = 4. The prototype takes 2 min to complete
the estimation of the parameters listed in (6). Fig. 8 shows the
evolution of the values of R0 , R1 , and R2 against SOC. Results
show that R0 increases as the SOC decreases. R1 and R2 are
higher, when SOC = 1 and SOC = 0.

The fitness of the estimated intrinsic parameters in the battery
electrical model are verified by applying the current profile, as
shown in Fig. 9(a), to the battery and comparing the predicted
battery voltage waveform with the actual one. Fig. 9(b) shows
the predicted and estimated voltage waveforms and their errors.
Results show that the error is less than 0.4%. The round-trip
efficiency of the prototype, which is defined as the energy de-
livered from the battery and the energy transferred back to the
battery, is found to be 50%. In other words, about 50% of energy
is recycled throughout the test. Thus, the mechanism allows to
test the battery for a long period of time. The major losses of the
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Fig. 9. Current profile, predicted and actual voltage waveforms, and errors.
(a) Current profile. (b) Predicted and actual voltage waveforms, and errors.

prototype are due to the loss in the equivalent series resistance of
the supercapacitor, charge and discharge efficiency of the super-
capacitor. The power conversion efficiency of the bidirectional
converter in conducting P2 is about 95% and that in conduct-
ing P3 is about 83%. The charge and discharge efficiency, i.e.,
round-trip efficiency, of the supercapacitor is found to be 64%.

The importance of extracting intrinsic parameters with both
charging and discharging characteristics to predict battery
charging and discharging characteristics is studied. Fig. 10
shows four different test cases, TC1–TC4. In TC1, the battery
is first subject to profiled charging and discharging processes
in estimating the intrinsic parameters. Then, the charging and
discharging behaviors of the battery are predicted. In TC2, the
battery is first subject to a profiled discharging process only in
estimating the intrinsic parameters. Then, the discharging be-
havior of the battery is predicted. In TC3, the battery is first
subject to profiled charging and discharging processes in esti-
mating the intrinsic parameters. Then, the discharging behavior
of the battery is predicted. Finally, in TC4, the battery is first
subject to a profiled discharging process in estimating the intrin-
sic parameters. Then, the charging and discharging behaviors of
the battery are predicted. The prediction results and errors in
the four test cases are shown in Fig. 11. It can be concluded
that the parameters estimated with both charging and discharg-
ing processes can give a higher accuracy in predicting in both
charging and discharging behaviors. If the parameters is only
estimated with the discharging process (TC2 and TC4), only the
discharging behavior can be predicted accurately. For example,
the prediction error in TC4 is higher than that in TC1.

Fig. 10. Four different test cases. (a) TC1. (b) TC2. (c) TC3. (d) TC4.

Table III shows the estimated parameters in the four test cases.
The estimated SOC(0) in TC1 and TC3 are 0.6558 and 0.6481,
which are close to the theoretical value of 0.65, with errors
of 0.89% and –0.29%, respectively. Conversely, the estimated
values in TC2 and TC4 are 0.6722 and 0.6728, respectively,
with higher errors of 3.42% and 3.5%, respectively. The errors
are due to inaccurate estimations of the parameters of the RC
networks with the discharging profiles only. For example, the
estimated R1 in TC2 and TC4 are 0.1 mΩ that reaches the min-
imum search boundary. The estimated R1 in TC1 and TC3 are
around 4.7 mΩ. The estimated value of R0 in the four cases is
compared with the reference value of 13.38 mΩ obtained by the
method described in IEC 60896 [24]. The errors in TC1, TC2,
TC3, and TC4 are +3.2%, 7.62%, 2.16%, and 4.93%, respec-
tively. The errors with unidirectional excitation is higher than
that with bidirectional excitation. Based on [44], different sets of
intrinsic parameters for describing the charging and discharging
processes should be adopted. The inaccuracy of unidirectional
excitation may further be explained by the redistribution rate of
ions [45] upon charging and discharging process.

The variation of the discharging profile on estimating the
intrinsic parameters is further investigated. Based on the dis-
charging profile in TC2, four more profiles are derived. They
are TC2a, TC2b, TC2c, and TC2d, as shown in Fig. 12.

In TC2a, battery relaxation periods (BR) are inserted between
each two discharging profiles P2. The battery is first subject
to the profiled discharging with relaxation process in estimat-
ing the intrinsic parameters. Then, the discharging behavior of
the battery is predicted. In TC2b, the high-frequency current
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TABLE III
PARAMETERS ESTIMATED IN THE FOUR TEST CASES

Fig. 11. Prediction results and errors in the four test cases. (a) TC1. (b) TC2.
(c) TC3. (d) TC4.

perturbations in the discharging profile P2 are removed such
that the discharging profile consists of low-frequency compo-
nents only. The battery is subject to the discharging process
without high-frequency excitation in estimating the intrinsic
parameters. Then, the discharging behavior of the battery is pre-
dicted. In TC2c, battery relaxation periods and low-frequency
excitation have been both applied. The battery is first subject
to the modified discharging process in estimating the intrinsic
parameters. Then, the discharging behavior of the battery is pre-
dicted. Finally, in TC2d, three different amplitudes of profile P2
have been applied. The battery is subject to the combination of
discharging pulses in estimating the intrinsic parameters. Then,
the discharging behavior of the battery is predicted. The pre-
diction results and errors of the battery voltage with the four
discharging profiles are shown in Fig. 13. Results show that the
parameters estimated with the four discharging profiles give a
high accuracy in predicting the discharging behavior.

Table IV shows the estimated intrinsic parameters with the
four current profiles. The RMS value of the MSE defined in (11)
in all cases are less than 0.085%. The estimated SOC(0) with
the profile TC2d is close to the theoretical value of 0.65 with

Fig. 12. Four different current profiles derived from TC2. (a) TC2a.
(b) TC2b. (c) TC2c. (d) TC2d.

an error of 1.17%. Conversely, the errors with profiles TC2a,
TC2b, and TC2c are 6.03%, 8.14%, and 10.09%, respectively.
The errors in estimating SOC(0) with TC2a and TC2c are higher
than that with TC2 and TC2b. Thus, the duration of the BR is
not a critical factor of improving the estimation accuracy.

High-frequency excitation in the profiles affects the accuracy
in parameter extraction. For instance, the error in estimating
SOC(0) with TC2b is higher than that with TC2. The current
profile TC2d consists of both high- and low-frequency random
pulses, providing rich information to extract the parameters.
Thus, it gives accurate estimation of the value of SOC. Never-
theless, as shown in Fig. 14, the charging characteristics cannot
be well predicted with the extracted parameters, confirming
again the importance of estimating the parameters with both
charging and discharging characteristics.

The value of R0 obtained by the prototype is verified by
comparing the measurement results with the high current pulse
test described in [5] and the method described in IEC 60896
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TABLE IV
ESTIMATED INTRINSIC PARAMETERS WITH DIFFERENT CURRENT PROFILES, TC2a–TC2d

Fig. 13. Prediction results and errors in the four test cases derived from TC2.
(a) TC2a. (b) TC2b. (c) TC2c. (d) TC2d.

Fig. 14. Prediction results and errors with various discharging pulses current
profile. (a) Current profile. (b) Predicted result and error.

standard [24] conducted on the battery test system NH Research
9210. The results are shown in Table V and are close to the value
obtained by the IEC 60896 standard.

In order to compare the robustness and accuracy of m-PSO,
the EKF has been implemented. The results obtained by the
two methods are compared and shown in Fig. 15. The estimated
SOC(0) with the two methods are compared with the theoretical

TABLE V
ESTIMATION RESULTS OF R0 WITH DIFFERENT METHODS

Fig. 15. Error of parameters with different estimation algorithms. (a) Error of
SOC(0). (b) Error of R0 .

Fig. 16. Estimated SOC(0) versus generation and data length with m-PSO
and EKF. (a) m-PSO. (b) EKF.

value of 0.65. The minimum error of SOC(0) obtained by the
EKF and m-PSO are 4.7% and 0.35%, respectively. The esti-
mated value of R0 with the two methods is compared with the
value of 13.38 mΩ, obtained by the method described in IEC
60896. The minimum errors obtained by the EKF and m-PSO
are 4.89% and 0.52%, respectively. Thus, the accuracy of the
m-PSO is higher than that of the EKF. Moreover, the EKF is
highly dependent on the initial guess. Figs. 16 and 17 show the
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TABLE VI
PARAMETERS ESTIMATED IN THE TWO TEST CASES

Fig. 17. Estimated R0 versus generation and data length with m-PSO and
EKF (a) m-PSO. (b) EKF.

Fig. 18. Two different current profiles. (a) DC current. (b) Arbitrary current.

estimated parameters SOC(0) and R0 versus generation and data
length with two methods. The EKF can converge to different
results if the initial values are different. While m-PSO does not
have such issue, as it is a stochastic search algorithm.

VII. DISCUSSIONS

The effect of the battery current profile and the variation
of the value of supercapacitor on the estimation accuracy, and
indication of battery aging are discussed.

A. Effect of the Battery Current Profile

The proposed method does not limit to specific battery current
waveform. After the time series of the actual battery voltage and
current are recorded, a time series of the battery voltage will
be estimated with the actual battery current, circuit model, and
estimated values of the intrinsic parameters. Then, the estimated
battery voltage will be compared with the actual battery voltage
and their difference gives the m-PSO algorithm to generate
new sets of parameters through several operators. Fig. 18 shows

Fig. 19. Prediction results and errors in the two test cases. (a) DC.
(b) Arbitrary.

TABLE VII
ESTIMATION RESULTS OF SOC(0) IN THE TWO TEST CASES

another two current profiles. They are 1) dc discharging current
and 2) arbitrary current profile consisting of high- and low-
frequency components. Fig. 19 shows the prediction results and
errors. Results show that the estimated voltage response is close
to the actual voltage in both cases. The maximum errors of
the two cases are 1.08% and 1.62%, respectively. The estimated
parameters under the two current profiles are shown in Table VI.
The errors of SOC(0) estimated with the m-PSO are shown in
Table VII.

B. Effect of the Variation of the Value of the Supercapacitor

As shown in Section III, the capacitance of supercapacitor
C0 only affects the maximum current pulse and the current am-
plitude during the discharging and charging processes. Fig. 20
shows the current profile when C0 is 5 F, which is double the
one used in prototype. The current amplitude is larger, but the
value of C0 does not affect the estimation of the values of the
parameters as shown in Table VIII.

C. Battery Aging

Battery aging factors include corrosion in anode, irreversible
sulfuration, acid stratification, and water loss [42], [46]. Among
them, anodic corrosion is the major factor of reducing the con-
ductivity of the electrode. Thus, the performance of a battery
decreases, due to the increase in the internal resistance and the
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Fig. 20. Testing waveforms. (a) Overall waveforms. (b) Profile P1. (c) Profile P2. (d) Profile P3.

TABLE VIII
PARAMETERS ESTIMATED WITH TWO DIFFERENT VALUES OF C0

Fig. 21. Estimated results and errors. (a) Fresh battery. (b) Aged battery.

capacity loss. As the aging factor of batteries is reflected directly
from the intrinsic parameters, the proposed method can be used
to study aging. According to the battery aging studies in [30]–
[32], the ohmic resistance will increase with the service time.
The proposed method is able to estimate accurately the ohmic
resistance R0 , implying that the battery aging can be identified.
Fig. 21 shows two estimated results and errors of a fresh battery
and aged battery. Table IX shows the values of R0 obtained by
the m-PSO and the method given in IEC 60896, respectively.
It can be concluded that the proposed method can give indication
on the battery life with the estimated intrinsic parameters.

TABLE IX
ESTIMATION RESULTS OF R0 WITH FRESH AND AGED BATTERY

The present design is more suitable for offline measurement,
but it can be modified to conduct online measurement. Instead
of measuring the current drawn by the proposed system with
the sensing resistor Rsense in Fig. 1, the actual battery current
is sensed with a current sensor. Thus, the time series of the
actual battery current and actual battery voltage can be used to
conduct the online estimation of the intrinsic parameters with
the m-PSO.

VIII. CONCLUSION

An energy recycling technique for extracting the intrinsic pa-
rameters of lead–acid batteries has been presented. The charging
and discharging processes are carried out by controlling the en-
ergy flow between the battery under test and a supercapacitor. By
sampling the battery voltage and current during the processes,
the intrinsic parameters are estimated. The estimation algorithm
is based on an m-PSO algorithm that reduces the convergence
time and the required data length with an internal resistance
approximation method. Detailed implementations and perfor-
mance have been given. A prototype that can estimate intrin-
sic parameters of eight different types of batteries have been
built and evaluated. The testing results on a 12 V, 60 Ah EFB
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have been given. The experimental results reveal that the pro-
posed technique can effectively reduce energy consumption and
provide accurate, and detailed information about the battery.
In order to investigate the importance of using charging and
discharging characteristics to estimate the intrinsic parameters,
different testing profiles have been applied. Results show that
the prediction results will be more accurate with both charging
and discharging characteristics taken into the estimation. The
estimated result with the prototype is favorably with the values
obtained by other standard methods. Moreover, the proposed
method m-PSO is compared with the EKF and the result shows
m-PSO has better robustness and higher accuracy. As described
in the cell capacity study in [30], the condition of battery can
be analyzed by observing the change of R0 with the proposed
technique.
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