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Abstract—Recent years have seen significant advances in
supercapacitor-based applications in portable electronics, where
the switching resistor circuit acts as a common cell balancing
circuit when charging the supercapacitors. However, existing
charging control methods suffer from low energy efficiency,
leading to considerable energy loss and thermal heating. In
this paper, we propose a state-of-health (SoH)-aware energy-
efficient charging method to maximize the energy efficiency of
supercapacitors during the charging process. First, we provide
a sufficient and necessary condition to maximize the energy
efficiency. Then, an online SoH estimation algorithm is designed
to estimate capacitance and balancing resistance in real time.
Thereafter, an SoH-aware energy-efficient charging algorithm
is further proposed to be implemented in micro-controllers.
A charger prototype has been built to verify the effectiveness
of the proposed charging algorithm. Extensive simulation and
experiment results show that the energy efficiency of the proposed
design is improved considerably when compared with existing
methods.

Index Terms—Supercapacitors, state-of-health, energy efficien-
cy, charging, portable applications

I. INTRODUCTION

Supercapacitors are traditionally used in high-power appli-
cations such as regenerative braking in cars/trains/elevators [1],
in complementary to other forms of energy storage such as
batteries. Actually, supercapacitors’ high power capacity also
enables their super fast charging [2] — e.g., the onboard
supercapacitor can be fully charged in 30 seconds [3], which
has recently expanded their applications to low-power systems
such as wearable devices [4], implantable medical devices [5],
and portable chargers [6], as the single power source. In these
systems, supercapacitor cells are typically connected in series
as a module to fulfill the system’s voltage requirement [7].
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Fig. 1. The switched resistor circuit to balance N cells.

Supercapacitor cells, however, suffer from cell imbalance
due to manufacturing limitations and uneven state-of-health
(SoH) degradations [8], causing cell overcharging easily when
charging the supercapacitor module [9]. As a result, external
balancing circuits are used to mitigate the imbalance and
protect cells from overcharging. Switched resistor circuit is
a widely deployed solution for such cell balancing because of
its good trade-off between performance and cost [7], especially
for portable applications with the limited system size and cost
budget. Fig. 1 illustrates the schematic of the switched resistor
circuit, where each cell is connected in parallel with a resistor
via a switch.

Different control methods for supercapacitor charging have
been proposed in the literature. The classic one is the 1−
charging method, where the duty cycles of all switches are
always 1, i.e., switches are kept on all the time [10]. This
charging method simplifies the circuit design but prolongs the
charging time [11]. Another classic charging control method is
the 0−1 charging, where switches are on if the corresponding
cells are fully charged, and vice versa. The 0 − 1 charging
method has been widely used in industrial applications [12].
Other advanced control approaches have also been proposed
to further improve the charging performance [13], [14]. In
[13], a model predictive control strategy is proposed to prolong
the lifetime by considering the temperature deviations of the
circuit. In [14], an average-consensus based charging control
method is proposed to handle the voltage deviations of the
0− 1 method, where control decisions are made based on the
voltage comparisons with neighbors.

However, existing charging control methods are not ex-
plicitly designed to maximize the energy efficiency, which is
crucial for supercapacitors: (i) with the same stored energy
in supercapacitors, maximizing energy efficiency implies less
consumed energy from the power source, thus rendering the
charging system greener; (ii) maximizing energy efficiency
means less energy loss, and thus the thermal heating can be
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alleviated and the system reliability can be improved [13].
To close this gap, in this paper, we propose an SoH-

aware energy-efficient charging (SoH-aware EFC) method for
supercapacitors. This design is steered by an analytically
revealed sufficient and necessary condition to maximize the
energy efficiency during charging. Implementing this condi-
tion in practice, however, requires the real-time knowledge
on supercapacitors’ SoHs, to which end a recursive-least-
square (RLS)-based online SoH estimation method is further
proposed.

We have implemented and evaluated the proposed method
on a prototyping system. The results show at least 7.5%
improvement in energy efficiency when compared with exist-
ing methods. Moreover, in cases of severe SoH degradation,
SoH-aware EFC improves the energy efficiency by 8.6% and
shortens the charging time by 18.4%.

The contributions of this paper are three-fold.
• We analyze why existing charging methods cannot max-

imize the energy efficiency and suggest its remedy;
• An SoH-aware EFC method is proposed to maximize the

charging efficiency of supercapacitor cells;
• The SoH-aware EFC method is evaluated with both

simulations and experiments, and the results show its
effectiveness and superiority over existing methods.

The remainder of this paper is organized as follows. The
related work is introduced in Section II. The preliminaries
and motivations are presented in Section III. In Section IV,
we introduce the SoH-aware energy-efficient charging method.
Simulation and experiment results are provided in Section V.
We conclude the paper in Section VI.

II. RELATED WORK

In portable applications, supercapacitor cells are typical-
ly embedded in devices, and are usually inaccessible and
maintenance-free [5]. During the long-term operation, the
aging of cells leads to their SoH degradations, observed as de-
creased capacitance and increased equivalent-serial-resistance
(ESR) [15], making it crucial to monitor supercapacitor pa-
rameters in real time.

Online SoH estimation for supercapacitors has received
increasing attentions in the past few years [16]–[20]. The
basic idea is to estimate supercapacitor parameters in real
time based on an online algorithm and measurements of
current and voltage. In [16], Chaoui et al. proposed an online
capacitance estimation algorithm for supercapacitors based on
an adaptive observer, and its stability has been proved with
the Lyapunov method. A sliding mode observer is designed
in [17] to estimate the capacitance and ESR of supercapacitors,
where the capacitance is assumed to vary with bias voltage.
In [18], a procedure integrating fuzzy logic and neural network
is proposed to estimate supercapacitors’ ESR and capacitance.
Soualhi et al. [19] proposed an extended Kalman filter to
estimate the capacitance and ESR of supercapacitors, where
the supercapacitor model is considered as a noisy nonlinear
model. In [20], an RLS algorithm is proposed to estimate the
ESR and capacitance of supercapacitors, and then the model
parameters are used to estimate the state-of-energy of the cell.

Motivated by these works, in this paper, we propose an
SoH-aware energy-efficient charging algorithm by estimating
the cell capacitance and balancing resistance in real time.
The capacitance and balancing resistance are estimated using
an RLS algorithm developed in [20]. Then the estimated
parameter values instead of their nominal values are used
in the charging decision computation. Both simulation and
experiment results are provided to verify the superiority and
effectiveness of the proposed design.

III. PRELIMINARIES AND MOTIVATIONS

In this section, we first introduce the switched resistor
circuit and classic charging methods for supercapacitors. We
will then elaborate the limitations of existing charging methods
in energy efficiency and the main idea to mitigate it.

A. Charging Circuit and Methods

In the switched resistor circuit, a balancing resistor Rk is
connected in parallel with cell k through switch Sk. Assume
there are N cells in the system, and the set of cells is denoted
as V = {1, 2, · · · , N}. The voltage dynamics of each cell is
derived as

Ck ·
dvk
dt

= ic −
vk
Rk
· dk, k ∈ V, (1)

where Ck, vk, and dk represent the capacitance, voltage, and
duty cycle of cell k, respectively, the differential dvk/dt is
also called the charging rate, ic is the charging current from
the external power source, and Rk is the resistance of the
balancing resistor. Rk is normally chosen as

Rk =
v0
ic
, (2)

where v0 is the cell voltage upon fully charged.
Supecapacitors are usually modeled as a series resistor-

capacitor (RC) circuit in high-power applications [3]. Such a
circuit model can be simplified to a capacitor in portable appli-
cations, as the voltage drop of the ESR is negligible [14]. It is
also worth mentioning that the capacitances of supercapacitors
slightly increase with cell voltages due to the faradic current
from reactions [19]. In portable applications, such a deviation
can also be neglected and the capacitance is assumed to be
constant [21]. The fidelity of this simplified supercapacitor
model is verified experimentally in Section V-B.

A commercially available constant-current power source
is chosen as the external power source. This is because:
(i) constant-current charging avoids the safety concerns on
large transient currents caused by its alternative, i.e., the
constant-voltage charging [21]; and (ii) constant-current charg-
ing achieves fast charging by providing a steady charging
current [22]. This means the charging current ic in (2) is a
constant, which in turn, indicates a constant resistance Rk.

This way, we can see that the only design parameter in
Eq. (1) is the duty cycle dk, which leads to two classic
charging methods in the literature: 1− charging method [11]
and 0− 1 charging method [12].
• 1– Charging Method. 1− charging is a classic method
to charge supercapacitors, with which all switches are kept
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on during charging, thus removing the necessity of balancing
switches. The voltage of each cell is calculated as

vk(t) = icRk + [vk(0)− icR] e
− t

RCk , (3)

and thus the final voltage of cells is

lim
t→∞

vk(t) = icRk = v0, (4)

implying cells can be fully charged eventually.
• 0–1 Charging Method. Another classic charging method is
the 0 − 1 method: switch k is turned off (i.e., dk = 0) if the
cell voltage is less than the desired value v0, and turned on
(i.e., dk = 1) otherwise. The cell voltage before being fully
charged is derived as

vk(t) = vk(0) +
ic
Ck

t, dk = 0. (5)

From (1), we know that the fastest charging rate is achieved
when dk = 0. Then with the given circuit parameters, the
minimal charging time for cell k from the initial voltage vk(0)
to the desired voltage v0 is calculated as

Tk =
Ck [v0 − vk(0)]

ic
. (6)

B. Energy Efficiency Analysis

For the switched resistor circuit, its energy efficiency hinges
crucially on the charging time. The charging time for a
supercapacitor module is defined as the time until all cells
are fully charged. The minimal charging time T for a module
is defined as the maximum of the minimal charging time of
cells

T = max {Tk, k ∈ V} . (7)

Thus the minimal charging time of a module is dominated by
the worst cell, i.e., the last cell being fully charged.

In the 1− charging method, the charging time of the module
is even longer than that of the worst cell since the switches
are always on. The 0− 1 charging method, on the other hand,
achieves the minimal charging time as cells are charged freely
with dk = 0 until they are fully charged. It is crucial to
guarantee the minimal charging time because the prolonged
charging time (i) degrades the user satisfaction seriously, and
(ii) indicates a lower energy efficiency.

The energy efficiency of a charging system is defined as the
ratio of the stored energy of cells to the input energy from the
external power source

η =
Est

Ein
, (8)

where the stored energy Est when cells are charged from vk(0)
to v0 is

Est =
1

2

N∑
k=1

Ck

[
v20 − v2k(0)

]
, (9)

and the input energy Ein is

Ein =
N∑

k=1

∫ t

0

vk(τ)icdτ = ic

N∑
k=1

∫ t

0

vk(τ)dτ , (10)
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Fig. 2. The charging profile of the 1− 0 charging method for cell 1. Cell 2
is charged with d2 = 0. The marked area means the saved energy compared
with the 0− 1 charging method.

and t is the charging time for the module.
Recent studies have shown that the stored energy Ek(t) in a

cell k follows a more general expression Ek(t) = mCkv
2
k(t),

where the coefficient m is determined by some factors, such
as the dispersion coefficient of the cell over a wide frequency
range [23], [24]. The coefficient m is equal to 1/2 only in ideal
non-dispersive storage devices [23]. However, to simplify the
analysis, we assume cells are non-dispersive, which implies
that m = 1/2. The effectiveness of such a simplification for
supercapacitors has been verified in, e.g., [25], [26].

The 0 − 1 charging method, albeit achieves the shortest
charging time, cannot maximize the energy efficiency, imply-
ing the charging system may suffer from a considerable power
loss and thermal heating, which will be illustrated in what
follows.

C. How to Improve Energy Efficiency?

As explained previously, energy efficiency (i.e., Eq (8)) is
defined as the ratio of the stored energy (i.e., Eq. (9)) to the
input energy (i.e., Eq. (10)). The stored energy is invariant
to the applied charging methods since cells are charged from
the same initial voltages to the same desired voltage. Then,
the only way to improve energy efficiency is to minimize the
input energy from the external power source. From (10), we
find that with a given charging current ic, the input energy is
dominated by the integral area encircled by the voltage curve
and charging time — we can maximize the energy efficiency
by minimizing the encircled area.

To minimize the encircled area, we first need to guarantee
(i) the worst cell m is charged with duty cycle 0, and (ii)
other cells k ∈ V, k 6= m are fully charged at T , where
T is determined by the worst cell according to (7). Then,
we can minimize the encircled area for all other cells k ∈
V, k 6= m by regulating their charging profiles. With given
initial point vk(0) and terminal point vk(T ) = v0, we know
the encircled area of a concave charging profile is smaller than
that of a convex charging profile. Thus, charging with slow rate
dk(t∗−k ) = 1 first and then with fast rate dk(t∗+k ) = 0, i.e.,
1−0 charging, requires less input energy than the classic 0−1
charging, where t∗k is the switching time, as shown in Fig. 2.

In Fig. 2, the worst cell (cell 2) is charged with duty cycle
d2 = 0 until T and cell 1 is fully charged at T , i.e., vk(T ) =
v0. The red marked area is the energy saved for charging cell 1
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using the 1 − 0 charging method compared with the 0 − 1
charging method. The switching time of cell 1 is t∗1. From
Fig. 2, we can find that the energy efficiency is improved using
this new charging method. The effectiveness of the proposed
method in maximizing the energy efficiency will be proved in
the following.

IV. SOH-AWARE ENERGY-EFFICIENT CHARGING

In this section, we present the SoH-aware energy-efficient
charging method. We first provide a sufficient and necessary
condition for the energy efficiency maximization. Then, an
RLS-based SoH estimation algorithm is designed to estimate
the capacitance and balancing resistance in real time. There-
after, the SoH-aware energy-efficient charging algorithm is
proposed to be implemented in micro-controllers.

A. Energy-Efficient Charging

We have argued that the 1− 0 charging method maximizes
the energy efficiency. Next we prove it analytically.

Theorem 1 Assume the supercapacitor module is comprised
of N cells, where the physical topology of cells is shown in
Fig. 1 and the worst cell is denoted as m. The energy efficiency
can be maximized within charging time T if and only if the
following conditions hold:
• Cellm is charged with duty cycle dk = 0 until it is fully

charged;
• All the other cells k ∈ V, k 6= m are first charged with

duty cycle dk(t∗−k ) = 1 and then with dk(t∗+k ) = 0 (i.e.,
1− 0 charging), where the switching time t∗k is given by

t∗k =

{
t ∈ R+

0

∣∣∣∣ icCk
(T − t) + [vk(0)− icRk] e

− t
RkCk = 0

}
,

(11)
where R+

0 is the nonnegative real number set.

Proof. We first prove that the choice of t∗k can guarantee the
charging is finished at T . Then we prove 1− 0 charging can
maximize the energy efficiency.

The worst cellm is charged with duty cycle dm = 0. Then
from (6) and (7), we know cellm is fully charged at Tm = T .
For the other cells k ∈ V, k 6= m that are charged with the
1 − 0 method, we compute the cell voltage at the switching
time t∗k by (3) and (5): vk(t∗k) = icRk + [vk(0)− icRk] e

− t∗k
RkCk ,

v0 = vk(t∗k) +
ic
Ck

(T − t∗k) , k ∈ V, k 6= m,
(12)

from which we can compute the switching time t∗k as in (11).
Thus the switching time (11) can guarantee all the other cells
are fully charged at T .

It is worth noting that the choice of the switching time t∗k in
(11) is only a sufficient condition for cells to be fully charged
at T . In fact, we have infinite choices to guarantee that cells
can be fully charged at T . However, only the choice in (11)
can maximize the energy efficiency, which will be proved in
what follows.

It is straight-forward that the energy efficiency for charging
cellm is maximized with dm = 0; otherwise, the charging

time will be prolonged and the energy efficiency will be
reduced. For the other cells k ∈ V, k 6= m, we divide the
charging process into two stages, i.e., [0, t∗k) stage and [t∗k, T ]
stage.

From the analysis in Section III-C, we know that the energy
efficiency is determined by the input energy (10), which is
captured by the integral of the voltage curve with the charging
time. For cell k ∈ V, k 6= m, the initial point vk(0) and the
terminal point vk(T ) = v0 are fixed regardless of charging
methods, and then we have the observation:

vak(t) ≤ vbk(t)⇒
∫ T

0

vak(t)dt ≤
∫ T

0

vbk(t)dt, 0 ≤ t ≤ T,
(13)

where vak(t), vbk(t) ≥ 0 represent the voltages of cell k with
charging methods a and b at time instant t.

The equation (13) implies that if we can prove the cell
voltage of the 1 − 0 method is always the lowest during
the charging process, we can prove that the input energy of
the 1 − 0 method is minimized, i.e., the energy efficiency is
maximized.

From (1), we know that the voltage increase rate is deter-
mined by the duty cycle dk. If dk = 0, the voltage has the
fastest increase rate. If 0 < dk ≤ 1, the charging rate gets
slower with the increase of voltage. If dk = 1, the voltage has
the slowest increase rate. With the same initial point vk(0),
we have

v1−0k (t) ≤ vdk(t), 0 ≤ t < t∗k, (14)

where v1−0k (t), vdk(t) are the voltages of cell k with the 1− 0
charging method, and any duty cycle 0 ≤ dk ≤ 1.

In the stage [t∗k, T ], we prove the energy efficiency maxi-
mization through contradiction. If vdk(t) < v1−0k (t) for t∗k ≤
t ≤ T , the voltage increase rate of vdk(t) must be larger than
v1−0k (t) since they have the same terminal point vk(T ) = T0.
However, we already know that v1−0k (t) has the fastest increase
rate during t∗k ≤ t ≤ T as the duty cycle dk = 0. This implies
that the duty cycle of vdk(t) will be less than zero, which is
impossible. Thus we have

v1−0k (t) ≤ vdk(t), t∗k ≤ t ≤ T. (15)

From (14) and (15), we know that the 1−0 charging has the
lowest voltage curve during the charging process. Then from
(13), we know that the input energy of the 1 − 0 charging
method is minimized, i.e., the energy efficiency is maximized.
This completes the proof.

Note that ic, vk(0), Ck, and Rk can be directly measured,
and the minimal charging time T can be calculated accord-
ingly, thus the switching time t∗k can be calculated from (11)
and implemented in micro-controllers.

B. SoH Estimation

In the implementation, parameters ic and vk(0) are mea-
sured by the micro-controller, while the nominal values of Rk

and Ck are stored in the micro-controller. Since both the cells
and balancing resistors age during the long-term operation, the
nominal value stored in the micro-controller at the design time
will deviate from the true value, which is commonly referred
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Fig. 3. The schematic of the online parameter identification for cell k.

to as the SoH degradation effect [16]. As a result, applying
the switching time t∗k computed from the inaccurate nominal
values to the system will degrade the charging efficiency. To
address this challenge, we develop a recursive least square
(RLS) algorithm to monitor the SoH degradation and identify
the capacitance and balancing resistance in real time.

In the proposed charging method, the worst cell m is
charged with dm = 0, and the other cells k ∈ V, k 6= m have a
two-stage charging. In the first stage [0, t∗k), the cell is charged
with dk = 1, i.e., the equivalent circuit is a parallel RC circuit;
in the second stage [t∗k, T ], the cell is charged with dk = 0,
i.e., the equivalent circuit is a capacitor. In order to determine
the switching time t∗k accurately, we need to determine the
capacitance Ck and resistance Rk during the first stage. The
schematic of the online parameter identification for cell k is
shown in Fig. 3.

The transfer function model of the parallel RC circuit in the
first stage charging is derived as

Vk(s)

Ic(s)
=

Rk

RkCks+ 1
, (16)

where Vk(s), Ic(s) are the Laplace transforms of vk(t) and
ic(t).

The z-domain transfer function of (16) is obtained as

Vk(z)

Ic(z)
=

RkT

−RkCkz−1 +RkCk + T
, (17)

where s = (z − 1)/(Tz) and T is the sampling period of the
micro-controller.

Then the discrete-time system dynamics is derived as

vk(n) = −RkCk

T
∆vk(n) +Rkic(n), (18)

where ∆vk(n) = vk(n)− vk(n− 1).
Now, we have obtained the system dynamics (18) in the

form that the RLS algorithm can be applied to. Rearranging
(18) in the vector form, we have

vk(n) = ζT (n) · θ(n), (19)

where
ζ(n) = [−∆vk(n)/T, ic(n)]

T

θ(n) = [τk, Rk]
T
,

(20)

and τk = RkCk.

Algorithm 1 SoH-Aware EFC Algorithm
Input:

Initialize n = 0, θ(0), P(0).
Initialize λ, T, ic, R, v0, vl(0) and Cl for l ∈ V.
Main Loop:

while vl(n) ≤ v0 do
1: Identify cellm and compute T (n) using (6) and (7).

Compute t∗k(n) for cell k using (11), ∀k ∈ V, k 6= m.
2: Charge cellm with dm(n) = 0.

3: if n ≤ t∗k(n)

T
then

4: Charge cell k with dk(n) = 1.
5: Estimate Ck(n) and R(n) using (20) and (21), and

estimate Cm(n) using (21) and (22).
6: else
7: Charge cell k with dk(n) = 0.
8: endif
9: n = n+ 1.

endwhile

By applying the standard RLS algorithm, the online identi-
fication procedure is obtained as [27]:

θ̂(n) = θ̂(n− 1) + g(n)
[
vk(n)− ζT θ̂(n− 1)

]
,

g(n) = λ−1P(n− 1)ζ(n)
[
1 + λ−1ζT (n)P(n− 1)ζ

]−1
,

P(n) = λ−1P(n− 1)− λ−1g(n)ζT (n)P(n− 1),
(21)

where λ is the adaptation constant, g(n) is the gain vector,
P(n) is the correlation matrix, and θ̂(n) is the estimated
parameter vector.

Now, with (20) and (21), we can estimate the real values
of Ck and Rk through the measurement of charging current
ic and cell voltage vk. Similarly, the parameter Cm of the
worst cellm can be identified using the procedure (21), with
the parameter vector and variable vector defined as

ζ(n) = [vm(n− 1),Tic(n)]
T
,

θ(n) = [1, 1/Cm]
T
.

(22)

With the parameter identification procedures, we can es-
timate the real values of the parameters even if they have
undergone a severe aging effect. Then, the estimated parameter
values are used in the computation of switching time t∗k. Com-
bining the energy-efficient charging strategy in Section IV-A
and the SoH estimation algorithm above, we propose the
following SoH-aware energy-efficient charging algorithm.

C. SoH-Aware EFC Algorithm

We propose an online SoH-aware energy-efficiency charging
(SoH-aware EFC) algorithm, as shown in Algorithm 1. The
algorithm consists of three main procedures, i.e., charging
indicator computation (step 1), energy-efficient charging ex-
ecution (steps 2, 4, and 7), and online parameter identification
(step 5). In the first procedure, the micro-controller computes
the indicators T and t∗k based on the current parameter values.
Then the energy-efficient charging is conducted by comparing
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the current time slot with the switching time t∗k. In the
third procedure, the parameter values are updated by the
RLS algorithm. Then the proposed charging algorithm can be
operated in micro-controllers in an iterative fashion until cells
are fully charged.

In the implementation of the proposed charging method, it
is worth noting that the RLS algorithm does not need to work
at every sampling period during the charging process. Since
the capacitances and balancing resistances can be assumed
as constants during the charging process, the RLS algorithm
only needs to be activated at the startup stage to identify the
capacitances and resistances, which are then used in the whole
charging process. This implies that the computation efficiency
of the proposed charging method can be further improved.

V. PERFORMANCE EVALUATION

In this section, we evaluate the performance of the proposed
charging method using both simulation and experiment results.
Without loss of generality, we consider an energy storage
system with three cells. For modularity and standardization,
the nominal capacitances of the three cells are set the same.
But in the long-term operation, the cells suffer from the aging
effects, implying that the actual capacitances may be different
from the nominal value. In the proposed charging method, the
system parameters are first identified using the RLS algorithm,
and then the identified parameters are used in the charging
control design. It is worth noting that although the evaluation
is based on the three-cell case, the proposed method is general
and can be applied in supercapacitor energy storage systems
with N ≥ 2 cells.

The parameters of Algorithm 1 are set as follows by default,
unless otherwise specified. The nominal capacitance of three
cells is 150 F, the charging current ic = 2 A, desired voltage
v0 = 2 V, balancing resistance R = 1 Ω, and sampling period
T = 0.001 s. The adaptation constant λ = 0.92, the parameter
vector θ(0) = [0, 0.5]T , and correlation matrix [20]:

P(0) = 1010
[

1 0
0 1

]
.

A. Simulation Evaluation

1) Simulation Setup: Consider the cells undergo a severe
aging effect after the long-term operation, where capacitances
of cell 1, cell 2, and cell 3 are assumed to have a 5%, 15% and
20% degradation of the nominal value, and the resistors R1

and R2 are assumed to have a 2% and 3% increase from the
nominal value, respectively. This means that the actual values
of the capacitances are C1 = 142.5 F, C2 = 127.5 F, C3 =
120 F, and the actual resistances of the balancing resistors are
R1 = 1.02 Ω and R2 = 1.03 Ω. The simulations are conducted
in Matlab/Simulink.

The actual values of the system parameters can be estimated
online using the RLS algorithm through the current and
voltage measurements in the charging process. The parameter
identification for the three cells is shown in Fig. 4, where we
find the estimations of the capacitances of cell 1, cell 2 and
cell 3 converge to 142.5 F, 127.5 F, and 120 F, respectively,
which are the same as their actual values. Moreover, the
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Fig. 4. The parameter identification for three cells in the simulation setup.

estimations of the resistances of R1 and R2 also converge
to their actual values R1 = 1.02 Ω and R2 = 1.03 Ω, respec-
tively. The convergence time of the parameter identification
is less than 0.3 s, which implies that the RLS algorithm
can be only activated at the startup stage of the charging
process. In the simulation setup, we assume cells suffer from
uneven SoH degradations and have different capacitances, and
then the initial voltages of the cells are typically different in
the repeated charging-discharging processes [13]. To emulate
the phenomena, we set the initial voltages of the cells are
v1(0) = 1.2 V, v2(0) = 0.9 V, and v3(0) = 0.6 V. From (6) and
(7), we know cell 3 is the worst cell and R3 is not connected
into the circuit, and thus the resistance of R3 is not estimated
in the parameter identification process.

2) Simulation Results: We evaluate the effectiveness of
the proposed charging method with simulation results. The
proposed SoH-aware EFC method is compared with its coun-
terpart, i.e., SoH-unaware EFC method, where the charging
decisions are computed using the nominal values instead of
the actual values of the capacitances and resistances. The
charging profiles of the SoH-unaware EFC method and SoH-
aware EFC method are shown in Fig. 5. Fig. 5(a) depicts the
charging profile of the SoH-unaware EFC method, where the
calculation of switching times is based on the nominal values
of system parameters. Based on (11), the switching times are
computed as t∗1 = 43 s and t∗2 = 67 s. From Fig. 5(a), we
find the charging time of the three cells is 103 s. Based on (9)
and the charging profiles in Fig. 5(a), the energy efficiency
is computed as 76%. Fig. 5(b) shows the charging profile
of the SoH-aware EFC method, where cells can identify the
actual values of system parameters in real time. Then the actual
values of the system parameters are used in the computation
of the switching time t∗1 = 27.5 s and t∗2 = 41 s, respectively.
The charging time of the three cells is 84 s, and the energy
efficiency during the charging process is computed as 86.2%.

From the simulation results, it can be found that the SoH-
aware EFC method can monitor the SoH degradation of cells
and estimate the actual values of the system parameters in real
time. However, the SoH-unaware EFC method cannot react
to the SoH degradation of cells, which implies the charging
decision computation is directly based on the inaccurate nom-
inal values, resulting in the decrease of the energy efficiency
and the prolonging of the charging time. The simulation
results of Fig. 5 are summarized in Table I, where we can
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Fig. 5. Simulation comparisons of the SoH-unaware EFC method with the
proposed SoH-aware EFC method.

find that, compared with the SoH-unaware EFC method, the
performance of the SoH-aware EFC method is significantly
improved when SoH degradations occur.

TABLE I
SUMMARY OF SIMULATION RESULTS IN FIG. 5

Metric\Method SoH-unaware EFC SoH-aware EFC

Charging time (s) 103 84
Energy Efficiency 77.6% 86.2%

B. Experiment Evaluation

1) Experiment Setup: Fig. 6 depicts the hardware setup of
the supercapacitor charging testbed, which is built based on the
schematic of Fig. 1. The testbed consists of a main board, three
supercapacitor cells, three resistors, a DC 24 V power source,
a constant-current power source, a measurement board, a PXI
platform, and the Labview in a hosting computer. The main
board is comprised of a DSP TMS320F2808 micro-controller,
three IRF530 MOSFETs working as switches, a current sensor
CSM005A, three high-precision dividers working as voltage
sensors, and a voltage conversion chip PDUKE-24S05.

The 2808 controller measures the output voltage of each
cell of type Maxwell BCAP0150P270T07 through the high-
precision voltage divider, and measures the charging current
through the current sensor CSM005A with a measurement
range of 0–10 A. With the measurements, the 2808 controller
computes the duty cycles based on the programmed algo-
rithm. Then, the duty cycles are used to generate PWM
signals to regulate the switches IRF530 MOSFETs through
the PWM optocoupler/driver TLP700A. The 2808 controller,

1 2

3

4

5

7
6

8

Fig. 6. The experiment setup. (1) main board; (2) three supercapacitor cells;
(3) three resistors; (4) DC 24 V power source; (5) constant-current power
source; (6) measurement board; (7) PXI platform; (8) Labview.

which provides 16 PWM outputs and 16-bit ADCs, has been
programmed and debugged with the Code Composer Studio
(CCS) in the hosting desktop.

The DC 24 V power source supplies operating voltages
for the micro-controllers and sensors through the voltage
conversion chip PDUKE-24S05. The constant-current power
source supplies the charging current for the three cells. The
PXI platform collects the output of the system through the
measurement board, and displays the signals with Labview in
the hosting desktop.

PXI is a rugged PC-based platform for measurement and au-
tomation systems. PXI is an open industry standard governed
by the PXI Systems Alliance to promote the PXI standard, en-
sure interoperability, and maintain the PXI specification. PXI
has been proved a high-performance and low-cost deployment
platform for applications such as manufacturing test, machine
monitoring, automotive, and industrial test [28].

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

50

100

150

200

0

0.5

1

1.5

2

C1=149 F

C2=150 F

C3=149.5 F

C
ap

ac
it

an
ce

 (
F

)

R1      1Ω

R2      1Ω

R
es

is
ta

n
ce

 (
Ω

 )

Time (s)

Fig. 7. The parameter identification for three cells in the experiment setup.

In the long-term operation, the capacitances and resistances
may deviate from their nominal values at the design time.
Thus, it is necessary to identify the system parameters at
the startup stage of the charging process. Fig. 7 shows the
parameter identification for the three cells in the experiment
setup. In the RLS algorithm, the initial values of the capac-
itances and resistances are chosen as Ck(0) = 100 F, and
Rk(0) = 1 Ω, respectively. From Fig. 7, we find that the
estimated values of the capacitances C1 = 149 F, C2 = 150 F,
and C3 = 149.5 F, which are very close to the nominal
value 150 F. Moreover, the estimations of R1 and R2 can
be also considered approximately the same as the nominal
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(c) Consensus-based Charging Method (d) The Proposed Charging Method

Fig. 8. Experimental comparisons of the proposed charging method with existing charging methods.

value 1 Ω. This is because the prototype is rather new, where
the cells and resistors have not undergone the sufficient aging
effect. However, to evaluate the performance of the proposed
charging method with uneven SoH degradations, we set the
initial voltages of three cells differently as v1(0) = 1.2 V,
v2(0) = 0.9 V, and v3(0) = 0.6 V. Similar to the simulation
setup, cell 3 is the worst cell and R3 is not connected into the
circuit, and thus the resistance of R3 is not estimated in the
parameter identification process.

2) Experiment Results: The charging profiles of different
charging methods are shown in Fig. 8. Fig. 8(a) depicts the
charging profile of the 1− charging method, where the charg-
ing time is about 600 s and the energy efficiency is 11.3%. The
charging time is determined by the time that all cells are fully
charged and the energy efficiency is computed based on the
charging profile and (8). We can find that the charging time
is very long and the energy efficiency is relatively low. The
charging profile of the 0−1 charging method is shown in Fig.
8(b), where the charging time is about 105 s and the energy
efficiency is 73.5%. The charging time is determined by the
worst cell, i.e., cell 3. Fig. 8(c) shows the charging profile of
the average consensus-based method, where the charging time
is about 120 s and the energy efficiency is 67.5%. Compared
with the 0 − 1 method, the average consensus-based method
prolongs the charging time and reduces the energy efficiency.
Fig. 8(d) shows the charging profile of the proposed method
with the charging time of 105 s and the energy efficiency of
81%. Compared with the 0− 1 method, the proposed method

improves the energy efficiency with the same charging time.
It is shown that the three cells reach the desired voltage
at T = 105 s simultaneously. Moreover, the switching time
t∗1 = 43 s and t∗2 = 67 s are almost the same as theoretical
results t∗1 = 43.1 s and t∗2 = 66.7 s obtained from (11). This
fact implies the cell models (3) and (5) have a good fidelity.

From the experiment results, we find that the proposed
charging method and the 1 − 0 method have the minimal
charging time, while the charging time of the 1− method and
the consensus-based method is significantly prolonged. This is
because that, in the proposed method and the 1−0 method, the
charging time is dominated by the worst cell (cell 3), which
is charged with the fastest rate (d3 = 0) before it is fully
charged. However, in the 1− method and the consensus-based
method, the duty cycle of the worst cell (cell 3) is not always
0, which prolongs the charging time. The prolonged charging
time implies more energy will be consumed on resistors, which
reduces the energy efficiency of the system during the charging
process. Compared with the 1−0 method, the proposed method
further improves the energy efficiency by maintaining low
charging profiles of cell 1 and cell 2. The experiment results
of Fig. 8 are summarized in Table II. We can find that the
proposed method considerably improves the energy efficiency
with the minimal charging time.

C. Results Discussion

The performance evaluation of the proposed charging
method is summarized as follows.
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TABLE II
SUMMARY OF EXPERIMENT RESULTS IN FIG. 8

Metric\Method 1− 0− 1 Consensus Proposed

Charging time (s) 600 105 120 105
Energy Efficiency 11.3% 73.5% 67.5% 81%

1) Superiority: As shown in Table II, the energy efficiency
of the proposed charging method is considerably improved
compared with existing charging methods. This is because that,
as depicted in Fig. 8(d), the voltage curves of the proposed
charging method were maintained low profiles to minimize
the input energy during the charging process. With the same
stored energy, the energy efficiency of the EFC method is
then maximized. If there are no SoH degradations and cells
have the same parameters, both the proposed 1 − 0 method
and the classical 0 − 1 method can maximize the energy
efficiency by charging cells with duty cycles of zero. However,
due to the manufacturing limitations and operating conditions,
cells typically suffer from uneven SoH degradations. Then the
proposed charging method shows its superiority in improving
the energy efficiency by maintaining low charging profiles of
cells.

2) Effectiveness: In the proposed charging method, the ac-
tual values of the system parameters are estimated online using
the RLS algorithm. Then, the estimated parameter values are
used in the charging decision computation, which guarantees
the energy efficiency maximization based on Theorem 1 during
the charging process. In the discharging process of cells,
however, the most efficient method is to discharge cells with
duty cycles of zero. The discharging process can be terminated
when the cell with the lowest voltage reaches the voltage
threshold to prevent the cells from over-discharging.

3) Practicality: The proposed charging method is suitable
for low-power systems which are sensitive to charging effi-
ciency and charging time, such as portable electronics. The
proposed charging method can maximize the energy efficiency
during the charging process, which will minimize the power
loss on the resistors. This fact implies that the thermal heating
and the temperature rise of the hardware can be alleviated.
Moreover, compared with the existing methods, the proposed
charging method can achieve the minimal charging time,
which is important for increasing the user satisfaction with
portable electronics.

VI. CONCLUSION

In this paper, we proposed a new SoH-aware energy-
efficient charging method for supercapacitors with the aim of
maximizing the energy efficiency during the charging process.
A sufficient and necessary condition for the energy efficiency
maximization is provided. The recursive-least-square algorith-
m is employed to estimate the SoH of cells and resistors
in real time. An online SoH-aware energy-efficient charging
algorithm is further proposed. Both simulation and experiment
results are provided to verify the superiority and effectiveness
of the proposed strategy. The practicality of the proposed
method is also discussed. In the future work, we will further

consider the supercapacitor charging problem with the optimal
charging current profile.
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