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Abstract—This paper proposes an energy management system
(EMS) applied to a series hybrid vehicle (SHV) powered by an
internal combustion engine (ICE) and a hybrid energy storage
system (HESS) consisting of chemical batteries and supercapac-
itors. The EMS enables power sharing among the ICE and the
HESS under a fully active topology to improve control flexibility,
considering that the ICE-generator set and HESS efficiencies are
limited to a specific power injection operating range and transient
responses. In this context, power sharing is performed using S-
shaped functions that focus on maximizing supercapacitor usabil-
ity to reduce fuel consumption and battery current stress. The
advantage of the S-shaped function lies on its easy configuration
and reduced number of control parameters. Additionally, meta-
heuristic optimization is used to tune the S-shaped functions
according to the sources requirements for optimal performance
in standard driving cycles, while Lyapunov’s indirect method
performs the stability analysis of the control strategy. Finally,
experimental and computational simulations are accomplished to
evaluate the effectiveness of the proposed EMS compared with
traditional methods and an optimal approach.

Index Terms—Hybrid vehicle, energy management system,
fully active topology, non-linear controller.
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Abbreviations

ac, dc alternating and direct current
AUC Artemis urban cycle
DP dynamic programming
ECMS equivalent consumption minimization strategy
EMS energy management system
FLC fuzzy logic controller
HESS hybrid energy storage system
HV hybrid vehicle
HWT Haar Wavelet transform
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ICE internal combustion engine
LPF low-pass filter
MPC model predictive control
NEDC New European drive cycle
NLF non-linear function
NYC New York bus cycle
OCT Orange Country transit bus cycle
ODE ordinary differential equations
PDL Port Drawyage local cycle
PI proportional integral
PMP Pontryagin’s minimum principle
PMSG permanent magnetic synchronous generator
PWM pulse width modulation
SHV series hybrid vehicle
TIM three-phase induction machine

Variables and constants

Pload, Pmax vehicle power and maximum load power
Po electrical component power losses
m, c, vt vehicle mass, drag coefficient and speed
Vlink dc-link voltage
Vref , iref dc-link voltage and current references
Vmin, Vmax dc-link minimum and maximum voltage
imin, imax dc-link minimum and maximum current
elink dc-link voltage error
eps primary source current error
esc supercapacitor current error
ebt battery current error
iLps, ipsref primary source current and its reference
iLbt, ibtref battery current and its reference
iLsc, iscref supercapacitor current and its reference
dps primary source duty-cycle
dbt battery duty-cycle
dsc supercapacitor duty-cycle
dbk over-voltage protection duty-cycle
dbkm maximum over-voltage duty-cycle
Pbk over-voltage protection dissipated power
Vps, Pps primary source voltage and power
frate fuel consumption
bps constant fuel consumption rate
γ unit conversion factor
ipsl, ipsu primary source limit currents
V scr supercapacitor rated voltage
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Qbt, Vbt, Pbt battery capacity, voltage and power
SoCbt battery state-of-charge
SoCm battery minimum state-of-charge
SoCsc supercapacitor state-of-charge
ipsnd non-filtered reference current
irefsc/bt HESS reference current
ibtr maximum battery recharge current
α1, α2, α3 optimization tuning parameters
J cost function
β1, β2, β3 optimization weighting factors
tok , tfk driving cycle initial and final time
Ndc, ψi,g DE population size and mutant vector
µde, ξi,g DE scaling factor and crossover
τlpf LPF time constant
x, y EMS model state vector and output vector
Ttr traction machine torque
vtr, vrs traction and resistance TIM velocity
ja, jd inertia acceleration and deceleration

I. INTRODUCTION

THE increasing energy consumption and demand for ve-
hicles in the recent years have raised concerns among

environmentalists. The emission of polluting gases from non-
renewable fuels for energy generation is taking the air quality
and the environment to great risks. The transportation sector
is a major contributor to the emissions of carbon monoxide,
carbon dioxide, nitrogen oxides, and hydrocarbons, which are
generated by burning fossil fuels [1]. This has drawn attention
from countries around the world, who are taking action to
reduce these emissions by proposing policies that promote the
production of hybrid vehicles (HVs).

In this context, the HVs are the most feasible choices in
the short-term for the automotive industry. The series hybrid
vehicle (SHV) refers to vehicles driven by electric motors,
with an internal combustion engine (ICE) used as the primary
source and the batteries and/or the supercapacitors applied as
auxiliary sources. In the SHV, the ICE used as primary source
is coupled to the permanent magnetic synchronous generator
(PMSG) with its power rectified and injected to the dc-link
via dc/dc converters by allowing the energy storage devices to
be charged [2], [3].

For these types of vehicles, the fully active topology consists
of coupling multiple energy sources to the dc-link by using
dc/dc converters. In the literature, the fully active topology is
considered complex to be implement due to the high number of
variables in the control strategy and reduced control stability.
However, the dc/dc power converter is not only used to
improve the multiple sources efficiency but also, to provide
flexibility to the sources, operating according to their time
responses and nominal requirements [4].

The ICEs show slower dynamic responses when compared
to the batteries and supercapacitors, that is, they provide
greater capacity of energy processing at steady-state regime
[3]. On the other side, batteries have good energy capacity to
compensate the transients, however they are more fragile when
operate under extreme state-of-charge (SoC), which shorten

their lifespan [5]. In the same way, supercapacitors have
high cycles of recharging and can reach (supply or absorb)
high levels of electrical power rapidly [6], but they have low
autonomy in terms of power availability.

Therefore, considering the advantages and disadvantages of
each energy source, an energy management system (EMS)
is necessary for increasing the hybrid energy storage sys-
tem (HESS) lifespan and save fuel of the primary source.
To achieve the aforementioned targets, many optimization-
based strategies have been developed in the literature [7].
In this context, the real-time optimization, as the equivalent
consumption minimization strategy (ECMS) [8], [9] and model
predictive control (MPC) [10], presents better performance
under different drive cycles. Moreover, the learning-based
strategies have been extensively used due to their superior
performance [11], [12]. In [13], deep reinforcement learning is
employed to improve fuel economy while maintaining a safe
following distance between two vehicles. Additionally, in [12],
a multi-agent reinforcement learning technique is applied to
enhance fuel efficiency and reduce battery degradation, which
was also utilized to optimize the ECMS in [14] and for velocity
forecasting with MPC in [15].

Although optimal in performance, the computational effort
of optimization-based strategies is higher, which limits their
practical application [16]. Furthermore, learning-based meth-
ods also require large amounts of training data. These methods
are more commonly explored in autonomous vehicles, where
control actions are generated based on the interpretation of
external environmental data, which still exhibit low reliability
in terms of safety [17], [18]. In commercial HVs with multi-
sources, due to computational effort and memory limitation,
these strategies are not yet feasible for onboard computation
units [19]. In order to resolve these practical limitations, EMS
strategies based on rules were discussed in [4], [20], [21]
employing deterministic, fuzzy or nonlinear controllers. The
authors concluded that rule-based EMS are a good option
for ensuring better communication speed, easy implementation
and reliability in fully active topology for commercial HVs.

Nonlinear control strategies based on fuzzy logic controllers
(FLCs) are widely used as EMS for vehicles supplied by
multi-sources due to their practical implementation [22]. In
this sense, the FLCs have shown to be robust in relation
to parametric variations/uncertainties of the system, allowing
adaptive adjustments to be made in real-time to fine-tune
controller gains and enhance performance across different
cycles to achieve the optimal result. The disadvantage of FLCs
strategies is the high time consumed to tune the large number
of parameters/rules, added by the complexity of building
model-based closed-loop controllers and computational cost
associated with defuzzification [23].

An adaptive fuzzy EMS was implemented in [24] to regulate
the fuel cells power while it maintains the batteries SoC at a
desired level for different circuits. However, this strategy was
developed for a semi-active topology, where the batteries are
directly coupled to the dc-link. Although this topology ensures
stability, it lacks power-sharing flexibility and accelerates
batteries degradation due to high voltage fluctuations in the
dc-link under high power demands. Subsequently, this strategy
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was enhanced in [21] by implementing an EMS using FLC
based on frequency decoupling between fuel cells, batteries,
and supercapacitor. However, this enhanced strategy requires
real-time measurement of the vehicle speed for determining
the power level processed by the supercapacitor. This enhanced
strategy introduces a new control loop designed to maintain the
supercapacitor SoC within its operating range, consequently
increasing the complexity and stability analysis of the EMS.

On the other hand, the FLC proposed in [20], [25] aimed
to keep the primary source operating in its region of optimal
efficiency. The disadvantage of this strategy lies on the semi-
active topology, where the supercapacitor is directly connected
to the dc-link and lacks flexibility to operate it more efficiently.
As a consequence, this strategy demands more power from the
batteries to regulate the dc-link rated voltage, increasing the
effort on these devices.

In the literature, few applications of optimized FLCs have
been made in fully active topologies with multiple sources
due to the high number of required control parameters and the
high computational time for tuning. In semi-active topologies
with batteries directly connected to the dc-link, [26], [27]
implemented meta-heuristic optimization algorithms for tun-
ing the parameters of FLC based on frequency decoupling.
Although the results show reduced fuel consumption and
batteries frequency response, they were obtained for specific
driving patterns. Additionally, adding another control loop
based on frequency decoupling to reduce ESS degradation
increases the level of complexity and the number of optimized
parameters.

Parallel to the FLC based EMS, sigmoid shaped functions
(S-shaped) have been used for different application, as battery
energy storage systems SoC equalization and dc-link restora-
tion in dc microgrids [5], [28]. This sigmoid-based method
has demonstrated advantages over the FLC, such as ease of
parameter tuning and access to the closed-loop model for in-
depth stability analysis of the controllers. Consequently, there
is a need to investigate an EMS based on these nonlinear
functions for HVs, aiming to improve adaptive adjustments
without requiring fast communication. The advantage of S-
shaped functions include adaptability across different opera-
tion conditions, the low number of control parameters required
to be tuned and their continuity, which enhances stability in
accessing the closed-loop model [5], [28]. Addionally, the S-
functions enable the exploration of the fully active topology
flexibility, enhancing the use of supercapacitor energy to
reduce fuel consumption and battery SoC fluctuations.

Therefore, this paper introduces an EMS based on S-shaped
functions for a SHV operating under a fully active topology,
comprising an ICE-generator set, batteries, and supercapac-
itors. The proposed EMS aims to identify disturbances in
the dc-link to indirectly determine the power demand for the
SHV. This power is then allocated to the ICE and the HESS
according to response time and SoC. Consequently, this EMS
integrates adaptability and optimization for managing multiple
devices (ICE, batteries and supercapacitors) thereby reducing
computational burden compared to [8]–[10].

The main advantages of this paper, compared to existing
literature, can be summarized as follows:

1) The proposed EMS enables HESS to operate with bidi-
rectional energy flow. It also adds flexibility to operate
the sources and enhances the supercapacitors usability;

2) The continuity of the S-functions across their entire
domain permit the use of the Lyapunov’s indirect method
to verify the stability over the entire closed-loop model,
evaluating the supercapacitor SoC and dc-link voltage on
critical operations in the fully active topology;

3) The controllability of the close-loop model allow the
EMS to be applied in meta-heuristic optimization for
parameters tuning with reduced number of constraints;

4) The proposed EMS is optimized offline using standard
drive cycles to perform in an adaptive manner with easy
parameters adjustments.

The paper is organized as follows: Section II presents
the fully-active topology description and its control strategy
design; Section III presents the proposed EMS; Section V
presents the small-signal stability and performance analysis;
Section IV presents the EMS parameters tuned by a meta-
heuristic optimization; Section IV presents the EMS simu-
lation and experimental results obtained with a low-power
prototype used to emulate a SHV, while Section VI presents
the conclusion.

Notation: The sets R and R+ denotes the set of real numbers
and non negative real numbers, respectively.

II. SYSTEM DESCRIPTION

The architecture SHV is conceived with a fully active
electrical powertrain and an EMS control strategy as shown
in Fig. 1. The power solution comprises four power units
connected to the dc-link to command the energy flow in the
electric powertrain (ICE-generator set, HESS, brake resistors
and traction motors). The first is the ICE-generator set used
as primary source power unit, which is tied to the dc-link via
unidirectional dc/dc converter, the second is the battery power
unit connected to the same dc-link by a bidirectional dc/dc
converter, the third is supercapacitor power unit also using
a bidirectional dc/dc converter, and, finally, the over-voltage
protection power unit, representing a braking resistor to avoid
high levels of voltage on the dc-link during abnormal situations
as regenerative braking, transients response, etc. The specific
parameters of the main components of the SHV laboratory-
scale prototype are defined in Table I.

A. Description of the Electrical Powertrain Structure

The terminal voltages of the primary source and battery
terminal voltages are denoted by Vps and Vbt, respectively,
while the supercapacitor terminal voltage on the capacitance
Csc is Vsc. The instantaneous currents iLps, iLbt and iLsc

are flowing through the primary source inductor Lps, battery
inductor Lbt and supercapacitor inductor Lsc, respectively.
The semiconductors Sps and Dps are the primary source
semiconductors, S1bt and S2bt are the battery semiconductors
while S1sc and S2sc are the supercapacitor semiconductors,
activated according the duty-cycles dbt, dps and dsc by pulse
width modulation (PWM).
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Fig. 1: SHV energy flow, electrical powertrain structure and
the control strategy diagram with the proposed EMS. The
block non-linear function (NLF) contains S-shaped functions.

TABLE I: Parameters of SHV laboratory-scale prototype.

Component Parameters Value
Traction motor
(Three phase
induction motor)

Rated voltage/current 220 V/0.6 A
Peak/Rated power 250/125 W@63%∗

Nominal velocity 1,800 rpm

dc-link
max./min. voltage 350/260 V
Clink 1,000 µF
Useful loads 26 W

Battery Rated/max. current 0.5 Ah/5 A@10 C
Nominal voltage 72 V

Supercapacitor
Peak/Rated power 550/100 W
Rated voltage 100 V
Csc 0.72 F

Primary source
Rated voltage 60 V
Max. power 300 W@30%∗∗

Rated power 72 W@55%∗∗

dc/dc converters

Inductance 4.75 mH
rbk 200 Ω
Parasitic losses 0.2 Ω
Switch frequency 10 kHz

∗ Motor performance. ∗∗ Primary source efficiency.

1) Vehicle load: The dc-link load is produced via a vehicle
power Pload processed by the motor drivers during the SHV
route on the track. At this point of coupling, the voltage
Vlink on the dc-link capacitor Clink undergo deviations during
maneuvers of load. Thus, considering the high efficiency of the

electronic devices used, Pload can be calculated by the inertial
and aerodynamic drag forces acting on the SHV, as follows:

Pload =

mv̇t︸︷︷︸
Inertia

+ cv2t︸︷︷︸
Drag

 vt + Po (1)

where m is the mass, c is the aerodynamic drag coefficient, and
vt is the longitudinal speed of the vehicle, while Po represents
the additional power losses of the electrical components.

2) Over-voltage protection: The over-voltage protection
power unit consists of a break resistor rbk and a semiconductor
Sbk activated by the duty-cycle dbk, which was designed
to protect the dc-link against over-voltage. The expression
governing the power dissipated Pbk across rbk is given by{

Pbk = rbki
2
bk

ibk = r−1
bk Vlinkdbk

. (2)

Therefore, considering that the efficiency of the dc/dc
converters is relatively high, the losses that most affect the
efficiency of the current electrical topology are inherent to rbk
with its current being ibk and activated during dc-link over-
voltages.

3) Fuel consumption: The fuel consumption model must
accommodate different primary sources as fuel cells and
engine-generator set. Therefore, the instantaneous fuel con-
sumption ḟrate is calculated as follows [3], [9]:

ḟrate = VpsiLpsbpsγ (3)

where bps is the fuel consumption rate and γ is the unit
conversion factor. Thus, the primary power source influences
the fuel consumption rate as illustrated in Fig. 2a, where
the current between its minimum ipsl and maximum ipsu
is determined to operate this source within its most efficient
range, reducing unnecessary fuel losses.

4) Battery useful life: The battery lifespan is significantly
impacted by the increase in its internal impedance, which
occurs when battery SoC (SoCbt) is less than 20% or greater
than 80%, as well as during high discharge/recharge currents,
as illustrated in Fig. 2b. In this context, the SoCbt dynamics

(a) (b)

Fig. 2: (a) Fuel consumption rate bps in terms of ipsref . (b)
Batteries rbt varying in terms of SoCbt and Qbt.
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should be modeled in terms of the internal resistance of the
batteries as follows [3], [9]:{

˙SoCbt = −Q−1
bt ibt,

ibt =
Vbt−

√
V 2
bt−4rbt(VbtiLbt−i2Lbt)

2rbtQbt

(4)

where Qbt is the battery capacity and rbt is its internal resis-
tance, which varies according to the SoCbt. As rbt becomes
more pronounced at both low and high SoC levels, the bat-
tery’s useful life could be affected under these SoC conditions,
increasing heat generation and solid interfaces, which reduce
the device’s cycle number. [5], [29]. Consequently, these
conditions elevates the battery internal temperature, reducing
its energy capacity in the long term [29]. Therefore, according
to Fig. 2b, maintaining the battery SoC between 50% and 70%
could reduce the impact of internal losses, thereby making the
use of this component more efficient.

5) Supercapacitor usability: The energy stored by the su-
percapacitors must be controlled between 50% and 100% for
safe and efficient device operation [30], meaning that half of
its stored energy is used during cycles discharges to assist
other sources. Therefore, the dynamics of the supercapacitor
SoC denoted SoCsc must be considered in the closed-loop
control structure of the system, defined as

˙SoCsc = − (CscV scr)
−1

iLsc (5)

where V scr is the supercapacitor rated voltage. As observed
in (5), SoCsc dynamics depends on iLsc, and therefore, it must
be controlled in the EMS to prevent the device from operating
outside its electrical limits.

B. Cascade Control Strategy

The proposed cascade control strategy is shown in Fig. 1
where, in the outer control loop, the disturbance of the dc-link
voltage Vlink around its reference Vref is used to calculate the
current reference iref for all energy devices. Based on the iref ,
the EMS defines also the references for each source. Thus, the
duty-cycles are calculated in an inner control loop as well.

1) Voltage control loop: The dc-link dynamics is modelled
based on the contribution of each power unit and the load as

V̇link = C−1
link [iLpsdps + iLbtdbt + iLscdsc−

−r−1
bk Vlinkdbk − V −1

linkPload

]
. (6)

Subsequently, the dc-link voltage control uses a proportional
controller to generate the iref to be distributed among the
sources and is calculated as

iref = kv (Vref − Vlink)︸ ︷︷ ︸
elink

, (7)

where kv is the proportional gain and Vref is the dc-link
voltage reference. To ensure that the control structure operates
within its stable region and to prevent overloading of SHV
components, the maximum and minimum limits of the Vlink

and iref must be established in accordance with{
Vmin ≤ Vlink ≤ Vmax

imin ≤ iref ≤ imax

. (8)

In order to the sources absorb or supply the total current
reference iref , the battery current reference ibtref , the su-
percapacitor current reference iscref and the primary source
current reference ipsref are dynamically defined by the EMS
and used in the control loop of current.

2) Current control loop: The inductor current dynamics are
modelled as 

i̇Lps = L−1
ps [Vps − Vlinkdps]

i̇Lsc = L−1
sc [Vsc − Vlinkdsc]

i̇Lbt = L−1
bt [Vbt − Vlinkdbt]

, (9)

while the inductor current errors in the current control loop
are defined as 

eps = iLps − ipsref

esc = iLsc − iscref

ebt = iLbt − ibtref

, (10)

where eps, esc and ebt are the primary source, supercapacitor
and battery inductor current errors, respectively. Subsequently,
the eps, esc and ebt are processed by PI controllers to calculate
the duty-cycles applied to the semiconductors by using the
PWM as

d = kpcδ̇ + kicδ, (11)

where kpc and kic are the proportional and integral gains,
d =

[
dps dsc dbt

]T
, δ̇ =

[
eps esc ebt

]T
and δ =[

δps δsc δbt
]T

are defined as the integral of the error e.
Finally, the current references in (10) are calculated according
to the proposed EMS as follows.

III. PROPOSED EMS

In this section, the EMS is described considering the control
strategy diagram shown in Fig. 1. According to the dynamic
characteristics of the primary source, batteries and supercapac-
itor, their current references are calculated as a part of the iref
using S-shaped functions, as detailed in the following sections.

A. Primary Source Management

The primary source current ipsref is calculated with the aim
of operating within the region of greater efficiency and with
a low time response. The low time response is achieved by
using a low-pass filter, which attenuates fast transients during
SHV accelerations. Prior to this, the iref and SoCbt are used
to calculate the non-filtered current reference ipsnd by using
the S-shaped function:

ipsnd = ipsl +
(ipsu − ipsl)(1− SoCbt)

1 + e
α1

imax
(

ipsl
SoCm

SoCbt−iref )
, (12)

where ipsl is the lower primary source current, ipsu is the
upper primary source current, SoCm is the minimum battery
SoC operation, and α1 ∈ R+ is the S-function steepness.

The influence of the SoCbt and the iref on the ipsnd is
shown in the surfaces in Fig. 3a for three different α1 values,
along with ipsl and ipsu. These two last parameters must be
chosen in accordance with the nominal requirements of the
primary source to achieve an efficient operating point, while
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(a) (b)

Fig. 3: (a) ipsnd surface given three different α1. (b) ipsnd as
a function of iref for different SoCbt values: 0%, 20%, 40%,
60%, and 80%, respectively, with SoCm = 0.2.

α1 requires heuristic knowledge to achieve better performance
of the primary source. Therefore, a tuning method based on
meta-heuristic optimization is necessary to achieve the desired
performance in the driving cycle, which will be described in
the Section IV.

As observed in Fig. 3a, when α1 ≈ 0, the output current
ipsnd becomes practically constant for each SoCbt, which
is not interesting for reaching the best operation during load
maneuvers. Thus, by increasing α1, the desired behaviour of
the ipsnd is illustrated in Fig. 3b where, for each SoCbt, is
visualized that for iref << 0 A (regenerative braking), the
ipsnd output is defined as ipsl regardless the SoCbt value. For
the dc-link discharging process, the current ipsnd increases
with decreasing SoCbt under load demand, reaching up to the
upper value ipsu when SoCbt = 0%. This strategy allows
the operation of the primary source to adapt in order to
compensate for the SoCbt decrease and avoid the battery deep
discharge.

To avoid excessively rapid and high-amplitude responses
during the transients in the SHV power demand, the ipsref is
calculated filtering ipsnd by using a first order low-pass filter
(LPF) with time constant τlpf as

˙ipsref = τ−1
lpf (ipsnd − ipsref ). (13)

As the ipsref is defined by the EMS, the remaining current
irefsc/bt = iref − ipsref required by the dc-link is shared among
HESS according to the EMS design.

B. Supercapacitor Management

The supercapacitor is designed to provide power during
load maneuvers that occur during rapid vehicle accelerations
controlling iLsc while maintaining SoCsc between 50% and
100%. Thus, to determine the reference iscref , the S-shaped
functions in terms of irefsc/bt and SoCsc are used as

iscref =
2α2(

1 + e100(0.9−SoCsc)
) − α2+

+
2α2(

1 + e
− α3

imax
iref
sc/bt

) (
1 + e100(0.5−SoCsc)

) , (14)

where α2 ∈ R+ represents the minimum/maximum current
for recharging/discharging the supercapacitor when 0.5 <
SoCbt < 0.9 while α3 ∈ R+ represents the steepness of
current processed by the supercapacitor. As observed in (14),
the iscref depends on two parameters, which must be tuned
according to the SHV power dynamics used in the meta-
heuristic optimization process in Section IV.

As evidenced by the surfaces depicted in Fig. 4a, when α3 ≈
0, the rate of variation in iscref in terms of irefsc/bt is minimal,
resulting in low discharge/recharge currents performed by the
supercapacitor under load maneuvers. Therefore, such scenario
is sub-optimal for leveraging the energy stored. On the other
hand, with a very high α3, the supercapacitor reacts quickly to
load transitions, and making the device transfer their storage
energy inefficiently or reduce EMS performance during load
maneuvers.

Therefore, the desired behavior of the iscref is illustrated
in Fig. 4b, which shows the output current curve for different
SoCsc values in terms of irefsc/bt. Notably, when irefsc/bt < 0 A
and 0.5 < SoCsc < 0.9, the iscref assumes a negative
value, indicating the recharging operation mode, with −α2

as minimum current. Conversely, for irefsc/bt > 0 A, the current
reference becomes positive, indicating discharging, with the
maximum current determined by α2.

In this solution, the supercapacitor is used to assist the
batteries during high current events, while it is charged by
the primary source during low load demands. Moreover, when
SoCsc is above 90% and below 50%, the supercapacitor
is compelled to discharge and recharge, respectively, which
ensures that the ESS stays within its voltage operation range,
ensuring safe and stable operation. Finally, once the iscref is
defined, the ibtref can be calculated by the EMS.

C. Battery Management

The difference between irefsc/bt and the iscref is used to
calculate the ibtref according the non-linear function

ibtref =
irefsc/bt − iscref + ibtr

1 + e
− 100

imax

(
iref
sc/bt

−iscref+ibtr
) − ibtr, (15)

(a) (b)

Fig. 4: (a) Surface to generate iscref as a function of irefsc/bt and
SoCsc (b) iscref as a function of irefsc/bt for different SoCsc

values: 48%, 60%, 80%, and 92%.
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Fig. 5: (a) ibtref as a function of the excess power demanded
in the dc-link (irefsc/bt−iscref ), (b) dbk duty-cycle as a function
of the Vlink with activation at Vmax.

where ibtr ∈ R+ is the maximum recharge current that the
battery can sustain, which is saturated as a sigmoid curve. As
can be seen in Fig. 5a, during recharge the ibtref is limited to
−ibtr when the dc-link experiences high levels of regenerative
power. Therefore, the lower bound ibtr serves to safeguard
the batteries against high current that could lead to over-
voltage and overheating during recharging, thereby enhancing
its operational lifespan.

D. Over-voltage Protection

The braking resistor acts to protect the SHV from dc-link
over-voltages when the HESS are fully charged and a high
regenerative power is required. This is achieved by switching-
on the semiconductor Sbk according to the S-shaped function

dbk =
dbkm

1 + e
100

Vref
(Vmax−Vlink)

dbkm = rbkPmax

V 2
max

(16)

where dbkm ∈ [0 1] is the maximum duty-cycle, Vmax is the
dc-link maximum operating voltage and Pmax is the dc-link
maximum power. Thereby, the duty-cycle dbk is activated by
Vmax as shown in Fig. 5b.

IV. EMS TUNING BY META-HEURISTIC OPTIMIZATION

In this section, the EMS control parameters will be tuned
using the meta-heuristic optimization based on the differen-
tial evolution algorithm, which is commonly used as meta-
heuristic algorithm due its easy implementation. The parame-
ters of tuning are performed offline to ensure that the proposed
EMS achieves optimal performance in standard driving con-
ditions, such as those encountered by buses, garbage trucks,
and vehicles for cargo or passenger transport. Accordingly, this
section discusses three topics: the EMS problem formulation;
the differential evolution algorithm used to optimize the main
EMS parameters; and the optimization implementation for
tuning the EMS.

A. EMS Tuning Problem Formulation

The optimization will aim to reduce fuel consumption and
electrical losses while the EMS adapts to keep the SoCbt

within a desirable operating range, thereby extending the
vehicle driving range and the battery lifespan [3], [9]. Thus,

the problem formulation will be based on the expressions
governing the fuel consumption rate, battery useful life, and
electrical losses inhered by Pbk. The electrical losses are
calculated to penalizing the optimization process when the
EMS guides the sources into a critical region of operation, i.e.,
when over-voltage activation is forced to act to maintain the
stability of the control variables. This significantly increases
the energy losses of the overall system and, consequently, the
cost function.

The optimization process effectively balances the relation-
ship between fuel savings, battery degradation, and electrical
losses. Therefore, the k-th component of a cost function
denoted Jk (·) is calculated by the definite integral over the
k-th driving cycle time interval [tok tfk ], with k ∈ 1, 2, . . . , n
and n the total number of standard cycles. Thus, the cost
function J (·) can be expressed by the sum of the Jk for
k = 1, 2, . . . , n as follows:{

Jk(αi) =
∫ tfk
tok

β1ḟrate + β2i
2
bt + β3Pbk dt

J(αi) =
∑n

k=1 Jk(αi)
(17)

where β1, β2, and β3 are weighting factors based on the trade-
off between fuel savings, battery current stress and electrical
losses, and αi with i ∈ i = 1, 2, . . . , Nde are the vector
of population of parameters to be found in an optimization
process. For SHV applications, it is of paramount importance
to save fuel for the primary source. Therefore, β1 is assumed
to be greater than β2 and β3.

Remark 1. The battery aging is closely related to capacity
degradation, which is primarily driven by excessive cycling
during charge and discharge processes [29]. As demonstrated
in [6], capacity loss is predominantly associated with deep-
of-discharge, temperature and charge/discharge rates. Conse-
quently, the reduction of battery current by the term β2i

2
bt in

(17) mitigates battery aging reducing discharge rate and heat
generated by internal losses. Furthermore, the SoC levels are
limited by the primary source power control by the S-function
in (12) aiming to improve the battery lifetime. Therefore, the
complete battery aging model was not utilized directly because
of its intensive computational requirements and the complexity
involved in its calibration, making it impractical for applied
use [6].

Remark 2. The cost function in (17) involves a trade-off
between fuel savings and battery usage in a multi-objective
optimization. To address this, the weighting method was
employed, where weights are chosen to reflect the relative
importance of each objective, as demonstrated in several
works in the literature [12], [22], [26], [31], [32]. For each
combination of weights, the algorithm identifies the Pareto’s
front. An alternative approach is the use of the Non-dominated
Sorting Genetic Algorithm II, as seen in [33]. However, this
method incurs a higher computational cost and offers lower
precision in capturing the decision-maker’s preferences. In
this paper, increasing the value of β1 results in reduced fuel
consumption, while higher β2 values lead to a decrease in
battery current.
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B. Differential Evolution Algorithm

In what follows, an heuristic approach is used to search
for the S-shape parameters denoted by vector αi,g with i =
1, 2, ..., Nde with Nde the number of trials and g the index
for each EMS parameters to be tuned in (12) and (14) (g =
1, 2, 3). Each αi,g has the following constraints:

αi,g = [αi,1 αi,2 αi,3]
T
, (18)

s.t.

{
0 ≤ [αi,1 αi,3] ≤ 10imax

0 ≤ αi,2 ≤ imax

with the maximum value of αi,1 and αi,3 chosen according
to the maximum S steepness in (12) and (14), respectively,
while the maximum α1,2 is given by the maximum external-
loop reference. The remaining EMS parameters are fixed
and determined based on the electrical specifications of the
powertrain components.

Given the constraints and fixed parameters, the differential
evolution algorithm initialize with the most promising can-
didates. Then, the mutant vector calculation is performed as
follows [34], [35]:

ψi,g = αr1,g + µde (αr2,g −αr3,g) (19)

where ψi,g represents the mutant vector, r1, r2, r3 ∈
1, 2, . . . , Nde are random integers, and µde is the scaling factor
in the range [0, 2]. Then, the crossover of the mutant candidates
with the current ones generates the trial candidates, calculated
by each g as follows [34], [35]:

ξi,g =

{
ψi,g if rand(0, 1) < cr or g = gr

αi,g otherwise
(20)

where rand (·) is the random operator, gr ∈ 1, 2, . . . , Nde is
a random integer vector and cr is the crossover probability.
Finally, the selection of individuals for the next iteration (it)
is done by comparing the trial vector ξi,g and their parental
solutions αi,g in the current population as follows [34], [35]:

αit+1
i,g =

{
ξi,g if J(ξi,g) < J(αi,g)

αi,g otherwise
(21)

with J (·) the cost function calculated at each population of
Ndc generated as in (17).

The termination criterion for the algorithm can be defined
based on the cost value or the maximum number of iterations.
After the optimization process has been completed, the best
candidates can be stored for reuse in a new tuning to re-adapt
the EMS to new driving or operating conditions.

C. EMS Optimization and Tuning Process

The parameters that most impact the performance of the
EMS are tuned based on a cost function minimization. The
diagram illustrated in Fig. 6 outlines the procedures for
optimizing and tuning the EMS using the differential evolution
algorithm. Briefly, the meta-heuristic algorithm evaluates Nde

new trial groups by the cost function, subsequently generating
new mutants and performing crossover at each iteration.

The cost function receives the trial vectors ξi with i ∈
i = 1, 2, . . . , Nde and the selected power demands P k

load with

k ∈ k = 1, 2, . . . , n, which are extracted from a dataset con-
taining the power consumption performed by SHV laboratory-
scale prototype during Dallas repeated driving cycles [36].
Thus, for each i, the closed-loop model of the EMS is executed
for k power demands, where Jk is calculated based on data
ṁf , ibt, and Pbk extracted from the simulated model. The cost
Jk is then added to Ji for each ξi.

The ordinary differential equations (ODEs) of the closed-
loop model are solved by MATLAB over the time inter-
val [tok tfk ] for each P k

load. Since the developed model is
controllable, it is suitable for application in a meta-heuristic
optimization strategy for tuning the parameters of the EMS
offline. This eliminates the need to provide further constraints
related to the electrical specifications and operation limits of
the system.

Therefore, the process combines the optimization and adapt-
ability of the EMS in different operational conditions using
a lower number of constraints. Additionally, initializing the
differential evolution algorithm with the best candidates en-
hances its convergence speed, making it promising for real-
time adaptation to various driving or operation conditions with
different sources combinations. For this initial training, the
time elapsed for tuning the parameters was 1,714 s (28.57 min),
with the control and differential evolution parameters indicated
in Table II.

V. EMS STABILITY AND PERFORMANCE

In this section, the stability and performance analysis of
the SHV laboratory-scale prototype is conducted considering
the proposed EMS under the cascade control. The evaluation
involves the SHV nonlinear model, and the stability analysis
of eigenvalues using Lyapunov’s indirect method as in [5],
[28], while performance is evaluated by using the H∞ norm
as in [28]. Therefore, the following remarks and assumptions
are given.
Remark 3. Considering the dynamic response of SoCbt to be
much slower than the other storage elements in the control
structure, ˙SoCbt = 0 is assumed and will be neglected in the
stability analysis.
Remark 4. The instantaneous fuel consumption ṁf does not
impact the dynamics of the control variables, thus not affecting
the stability of the EMS.

TABLE II: Fixed control parameters, differential evolution
parameters and the best α found.

Fixed control parameters
Par. Value Par. Value Par. Value
Vref 310 V kv 0.08 A.V−1 imax 4 A
τlpf 4 s ipsl 0.6 A ipsu 3 A
ibtr 1 A Pmax 250 W Vmax 350 V
kpc 0.1 A−1 kic 0.2 A−1.s SoCm 20%
Differential evolution parameters
Par. Value Par. Value Par. Value
β1 5 β2 1 β3 1
Nde 20 n 3 Iteration 20
Best candidates found
Par. Value Par. Value Par. Value
α1 20.4 α2 0.9 A α3 8.4

*Algorithm time execution: 1.714 s
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=
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τ−1
lfp [ipsnd

− ipsref ]

eps
L−1
ps [Vps − Vlinkdps]

esc
L−1
sc [Vsc − Vlinkdsc]

− (CscV scr)
−1

iLsc

ebt
L−1
bt [Vbt − Vlinkdbt]

−Q−1
bt ibt

iLps

Clink
dps +

iLbt

Clink
dbt +

iLsc

Clink
dsc−

− Vlink

rbkClink
dbk − Pk
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VlinkClink



(22)

Fig. 6: Differential evolution optimization for tuning the EMS parameters and ODEs representation.

Assumption 1. Considering the circuit and controller param-
eters are known, the constant load power P ∗

load is changed
point by point affecting the equilibrium voltage denoted V ∗

link,
where V ∗

link ≥ Vbt. Consequently, i∗ref = kv (Vref − V ∗
link).

Therefore, state-feedback controllers are proposed to keep the
closed-loop system at the equilibrium points making the states
x∗ = [ips∗ref δ∗ps i∗Lps δ∗sc i

∗
Lsc SoC

∗
sc δ

∗
bt i

∗
Lbt V

∗
link] (locally)

asymptotically stable in the domain of attraction.
Assumption 2. The SoCsc must be analyzed at the equilib-
rium points where its operation is at a minimum (50%) and
maximum (90%). The stability of SoCsc at these equilibrium
points is crucial to ensure the safe operation of this device.
Thus, when ˙SoCsc ≈ 0, then iscref ≈ 0 and

SoC∗
sc ≈

{
0.9, irefsc/bt ≤ 0

0.5, irefsc/bt > 0
. (23)

Assumption 3. As a PI controller is used at low levels, the
inductor currents must track the reference at steady-state
regime with a settling time one decade shorter than that
calculated by the EMS. Therefore, fixing eps = 0, esc = 0
and ebt = 0, the inductor currents at the equilibrium point are
given by 

ips∗ref = ipsnd(SoCbt, i
∗
ref )

i∗Lps = ips∗ref
i∗Lsc = 0

i∗Lbt = ibtref (i
∗
Lps, i

∗
Lsc, i

∗
ref )

. (24)

Subsequently, using the thirty, fifty and eighty equations line
of (22) (see Fig. 6) , δ∗ are given by

δ∗ps =
Vps

kicV ∗
link

δ∗sc =
Vsc

kicV ∗
link

δ∗bt =
Vbt

kicV ∗
link

. (25)

Taking into account Remark 1 and the equilibrium points
in (23), (24) and (25) of the closed-loop model, (22)

can be linearized employing the small-signals analysis with
F (x, u) ∈ R9×1 the ODEs of the closed-loop in (22), with
x = [ipsref δps iLps δsc iLsc SoCsc δbt iLbt Vlink]

T

and u = Pload.
The linearized F (x, u) around (x∗, u∗) for small variations

denoted (x̂, û) is thus obtained considering the following
series Taylor approximation:

f(x̂+ x∗, û+ u∗, t) ≈ F (x∗, u∗, t)+Ax̂+ bû

A = ∇xF (x, u)|(x,u)=(x∗,u∗)

b =
∂F (x, u)

∂Pload
|(x,u)=(x∗,u∗)

(26)

with ∇x (·) the gradient operator. Finally, the EMS output is
defined as y = [iLps iLsc SoCsc iLbt SoCbt Vlink]

T ,
which is used for the feedback control, graphical analysis and
for obtaining the transfer functions for the H∞ norm analysis.

A. Lyapunov’s Indirect Method for Stability Analysis

The Lyapunov’s indirect method uses ˙̂x = Ax̂ (with û = 0)
to analyze the local stability of the closed-loop system.

1) Local stability on operating zone: In the first analysis
shown in Fig. 7a, the equilibrium points were obtained with
SoCbt of 20% and 80% while the load varying from -260 to
260 W, which is the safe operating range. During regenerative
mode, at power levels below -56 W, the batteries limit their
current supply to −ibtr while the primary source is forced to
work with a minimum current injection of ipsl. Additionally,
the equilibrium points of SoC∗

sc and V ∗
link converge to their

maximum limits of 90% and Vmax, respectively. Thus, the
overall analysis reveals that max(Rλi

) = −0.25, determined
by the dominance of the slowest pole of the LPF, i.e., −τ−1

lpf .
Above -56 W, the equilibrium points indicate that the

batteries were able to supply the excess of current demanded
by the load iref∗sc/bt. Thus, the V ∗

link is decreased and controlled
by the proportional gain kv while the primary source is taken
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Fig. 7: Stability and performance analysis. (a) Represent the steady-state equilibrium of i∗Lps, i∗Lbt, i
∗
Lsc, SoC∗

sc, and V ∗
link point

by point with the load varying from -260 to 260 W, and the maximum real eigenvalue obtained from matrix A: SoCbt = 20%
(continuous line) and SoCbt = 80% (dashed line). (b) Effects of SoCbt with load on the maximum real term of the eigenvalues
and the steady-state equilibrium points of V ∗

link and d∗bt for each constant load. (c) Infinity norm analysis for each equilibrium
points varying Pload from -360 to 260 W point by point. (d) Maximum singular values of H(s) for -360 W, -150 W, 60 W
and 1080 W constant load.

to increase its current injection according to (12). In this
interval, the equilibrium point of SoCsc transitions to its
minimum threshold of 50% when i∗Lbt > 0 A, demanding
HESS power assistance to the primary source. It is observed
from the equilibrium points obtained with SoCbt = 20% that
the primary source injects a higher power level, and the bat-
teries recharge across a wider charge range. Conversely, when
SoCbt = 80%, the batteries discharge earlier to compensate
the load’s power demand and requiring less fuel consumption
from the primary source. Thereby, for both analyzed SoCs,
max(Rλi) = −0.20.

Remark 5. Over the load interval analysed, the equilibrium
point of i∗Lsc was zero, as at the analyzed equilibrium points
(50% and 90% SoC), the requested current must be negligible
to limit the output SoCsc.

Remark 6. Since V ∗
link ≥ Vbt and considering Assumption

2, the matrix A contains non-zero elements in all columns.
However, for values of de 0.5 < SoC∗

sc < 0.9 at equilibrium
points that result in iscref ≈ 0, the sixth column of the matrix
A where ∂F (x,u)

∂SoCsc
|(x,u)=(x∗,u∗) will contain all zero elements.

This result implies that the closed-loop system approaches
marginal stability with eigenvalue at the origin. Therefore, the
responses of SoCsc in these scenarios do not return to their
initial condition.

2) Local stability on critical operations: The second anal-
ysis of the max(Rλi

) was performed considering the variation
of the SoCbt from 20% to 80% and the load from -300 to
1,500 W. As shown in Fig. 7b, the behavior of max(Rλi

) was
not positive in all combinations of SoCbt and load demand
higher than 1,000 W. The occurrence of this is illustrated
by the equilibrium points of V ∗

link and d∗bt = δ∗btkic, where

high load demand caused a significant drop in Vlink and
consequently saturated dbt, rendering it incapable of operating
the battery’s dc/dc converter. However, this instability-prone
operation is far from the unsafe operating zone of the dc-link,
which ensures reliability in the practical implementation of the
proposed EMS.

B. H∞ Norm for Performance Analysis

The H∞ norm is used to analyze the attenuation perfor-
mance of V̂link and ˆSoCsc with respect to the load disturbance
defined as P̂load. The gain output of V̂link and ˆSoCsc with
respect to P̂load was evaluated using the transfer function
matrix denoted H(s) ∈ R2×1 calculated by

H(s) = C (sI −A)
−1
b (27)

where C =

[
0 0 0 0 0 1 0 0 0
0 0 0 0 0 0 0 0 1

]
, A and b the linearized

system, and I ∈ R9×9 the identity matrix.
Considering the load Pload varying from -360 to 1080 W,

the H∞ norm of (27) defined in terms of the frequency-
dependent singular values is shown in Fig. 7c. For power
demands lower than -350 W and higher than 1000 W, the
norm of V̂link in relation to P̂load increases, indicating higher
sensitivity of the EMS when the braking resistor is unable
to stabilize the maximum dc-link voltage Vmax or d∗bt is
saturated. The opposite occurs when the braking resistor
protect the dc-link against overvoltage, as seen for power
demands from -350 to -60 W where the norm approaches
zero, indicating higher attenuation, that is, disturbances in
P̂load do not significantly affect V̂link or ˆSoCsc. Finally, the
norm increases slightly above -90 W when the over-voltage
protection is not triggered and the dc-link is regulated by the
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proportional gain, indicating a small increase in the sensitivity
of V̂link and SoCsc to P̂load.

Furthermore, it was observed that the H∞ norm of ˆSoCsc in
relation to P̂load is attenuated for demands below -100 W and
above 130 W, indicating low sensitivity of ˆSoCsc to additional
P̂load events. This behavior is favorable to ensure that SoCsc

remains unaffected under both low and high load demands.
For demands between -60 W and 130 W, the sensitivity of
ˆSoCsc is more affected, especially when iscref intersects zero

as shown in Fig. 7a. In this condition, the supercapacitor may
need to discharge or recharge in response to a disturbance
P̂load and the slope level α3. However, the increase in the
norm was not sufficient to affect the output ˆSoCsc.

As illustrated in Fig. 7d, the singular value analysis using
the transfer function matrix H(s) in (27) was conducted
for equilibrium points with a constant load of -360 W, -
150 W, 60 W and 1080 W. In this regard, the singular values
exhibited a maximum attenuation of -4 dB at low frequencies
for Pload = −350 W, -77 dB for Pload = −150 W, -
25 dB for Pload = 60 W and 10 dB for Pload = 1080 W.
In this way, ||H(s)||∞ ≤ 3 for the Pload values analyzed,
giving the impression that the closed-loop model amplifies the
vehicle load disturbances. However, this result occurs for high
load demands, i.e., outside the EMS operating zone. Thus,
for operating range of the closed-loop model from -260 to
260 W (operating zone), the singular values indicated effective
attenuation against vehicle load disturbances.

VI. SIMULATION AND EXPERIMENTAL RESULTS

In this section, simulations and experiments results are
conducted to evaluate the performance of the EMS based
on S-shaped functions, with the parameters obtained from
Table II. To verify the versatility of the proposed EMS,
six urban driving cycles were collected and processed to
serve as test scenarios: the new cycle in Dallas retrieved
from [36]; Port Drayage local cycle (PDL), Orange County
transit bus cycle (California) (OCT), New York bus composite
cycle (NYC), collected from the National Renewable Energy
Laboratory [37]; and New European (NEDC) and Artemis
urban cycle (AUC). Meanwhile, to assess the effectiveness
of the proposed EMS, an optimal approach based on the
Pontryagin’s minimum principle (PMP) [38], a fuzzy logic
controller as in [20], and an FLC combined with Haar Wavelet
transform (FLC+HWT) as in [21] were adopted as comparative
methods.

The Dallas, PDL, NYC, and AUC driving cycles used in
the simulation results are illustrated in Fig. 8. These cycles
were selected for their similar driving profiles, characterized
by urban environments with traffic lights and city blocks. The
power demand of the SHV laboratory-scale prototype was
extracted corresponding to each driving cycle. Therefore, for
a fair analysis, the strategies chosen for comparison (FLC
and FLC+HWT) were reconfigured to meet the same power
demand as the prototype under its topologies with multiple
sources connected to the dc-link (primary source, batteries, and
supercapacitors). Finally, the PMP was adopted as the optimal
benchmark strategy in this study because it is fast, effective,

and comparable to optimization techniques based on dynamic
programming (DP) [23].

A. Simulation Results

Fig. 9 illustrates the results for the power transferred from
the primary source and the batteries, as well as the super-
capacitors and batteries SoCs during a new Dallas driving
cycle. Among the S-shaped, FLC and FLC+HWT there are
notable differences in how the sources are operated. The
results indicate that the FLC required more power from the pri-
mary source, consequently increasing the effort on the battery
with frequent recharging current, where the SoCbt surpassed
80%, which is above the maximum safe operating limit of
the component. Meanwhile, although the FLC+HWT strategy
reduces the fluctuation of SoCbt, it demands more power from
the primary source to supply the SHV load. Consequently, the
electrical losses related to the dc/dc converter of this source are
higher, which affect the overall system efficiency. Additionally,
the energy stored by the supercapacitors in both the FLC and
FLC+HWT strategies was less utilized, as evidenced by the
low fluctuation of SoCsc compared to the S-shaped and PMP
results.

Regarding the proposed S-shaped based EMS, the energy
from the supercapacitors was better utilized, following a
dynamic similar to the optimal approach from the PMP. This
was achieved due to the ability of the S-shaped functions to
adjust the supercapacitor current reference to meet the SHV
power demand. Consequently, the proposed EMS required
less power from the primary source and the batteries, with
greater assistance from the supercapacitors. This proved to
be more effective than the FLC and FLC+HWT methods in
reducing fluctuations in the SoC of the batteries, saving fuel,
and enhancing the driving range of the SHV.

The results of the battery SoC are shown in Fig. 10 where,
the SoC curve obtained from the FLC strategy evidenced
a high recharge rate across all analyzed driving profiles,
indicating low battery utilization and inefficient fuel con-
sumption from the primary source. Additionally, although
the FLC+HWT strategy exhibited low fluctuation relative to
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Fig. 8: Velocity and SHV low-scale prototype power demand
during Dallas, PDL, NYC, and AUC driving cycles.
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Fig. 10: SoCbt variations of different EMS strategies during
the simulation test in PDL, NYC and AUC.

the initial SoC, it resulted in higher fuel consumption to
compensate for the SHV power demand, consequently leading
to greater overall system losses (fuel and electrical power).
In contrast, the SoC curve obtained from the proposed EMS
showed lower fluctuation and recharge rate, reflecting reduced
battery stress compensated by the assistance of the super-
capacitors. Consequently, the SoC dynamics with the EMS
based on S-shaped functions closely resembled the dynamics
obtained by the optimal approximation made by the PMP,
lending credibility to the proposed method.

To evaluate the effectiveness and adaptability of the pro-
posed EMS in different driving scenarios, new results were
collected using the tuned parameters from Table II. The
quantitative results are presented in Table III, which assess
fuel consumption, battery SoC relative error, overall losses,
overall efficiency, and the cost function result from (17). The
results demonstrate that the EMS based on S-shaped functions

outperforms both the FLC and FLC+HWT in terms of fuel
economy and electrical losses. The relative error in relation
to 60% of the SoCbt was less than 5% in all analyzed
scenarios, with only small differences between the results
obtained by PMP and FLC+HWT. This demonstrates that the
proposed EMS is capable of maintaining battery operation
at an efficient power rate while significantly reducing fuel
consumption. Furthermore, the proposed EMS consistently
shows average results closer to the PMP. This quantitatively
highlights how the proposed EMS results that resemble the
optimal approximation method adopted.

B. Experimental Results

The validation of the proposed EMS was conducted using
a SHV laboratory-scale prototype, as illustrated in Fig. 11. To
emulate the wheel load of the vehicle on the powertrain, two
pairs of three-phase induction machines (TIMs) from Table I
were coupled. In one pair, one TIM operates as traction under
closed-loop vector control and the other TIM operates as
vehicle inertia and aerodynamic resistance under open-loop
voltage/frequency control. In this context, the dSPACE acts
as the vehicle control unit, computing the vehicle driving
cycle and communicating with the TIMs drivers via analog
signals. Analog signals are converted into longitudinal velocity
references for the traction TIMs (vtr) and the resistance TIMs
(vrs), where the difference in speeds determines the slip and
torque applied by the traction machine (Ttr). Thereby, when
the vrs is lower than the vtr, power is consumed, while the
opposite behavior produces regenerative power, as given by{

Pload ∝ Ttrvtr ≥ 0, vtr ≥ vrs

Pload ∝ Ttrvtr < 0 vtr < vrs
. (28)

Thus, vrs can be determined in terms of vtr and the vehicle
dynamics equations presented in [21] and [6] as follows:

vrs = vtr − jv̇tr︸︷︷︸
inertia

− cv2tr︸︷︷︸
drag

(29)

where j =

{
ja, if v̇tr ≥ 0

jd, if v̇tr < 0
,

with ja and jd defined as vehicle inertia acceleration and iner-
tia deceleration, respectively. Therefore, the prototype bench
is able to emulate the same SHV dynamic characteristics in
low-scale limited by the maximum TIM powers.

Similarly, to emulate the primary source and supercapaci-
tor, two bidirectional programmable sources were employed,
which are configured according to these sources electrical
and dynamic specifications presented in Table I. Furthermore,
a bank of six lead-acid batteries working as the primary
energy storage is used, with its SoC calculated by (4) using
Coulomb’s counting method. As illustrated in Fig. 1, all three
sources are connected to the dc-link via bidirectional boost
converters, with the load generated by the traction TIM drivers.
Additionally, the over-voltage protection is provided by the
braking resistor using analog and switch devices. The host
computer compiles the vehicle driving cycles, the EMS, and
the controllers on the dSPACE, observes the running status
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TABLE III: Quantitative comparison results of different EMS methods.

Cycles EMS
method

Fuel
consumption (g)

Fuel consumption.
increase (%)

SoCbt

relative error (%)∗
Overall

losses (Ws)
Overall

efficiency (%)
Cost

function

Dallas PDL

PMP 132.8 100.2 [-] [-] 5.44 2.49 [-] [-] [-] [-] 717.9 564.8
S-shaped 134.2 101.2 1.04 1.01 4.75 2.19 186.4 151.0 99.75 99.73 720.3 566.6

FLC+HWT 146.8 113.4 10.4 13.2 4.22 5.06 243.3 209.4 99.67 99.63 772.9 603.8
FLC 175.0 127.9 31.7 27.6 19.81 14.18 380.9 274.4 99.49 99.51 1012.0 750.6

NYC AUC

PMP 71.0 77.3 [-] [-] 2.94 5.58 [-] [-] [-] [-] 374.2 460.1
S-shaped 72.0 80.8 0.24 4.4 3.66 4.10 98.8 148.8 99.72 99.73 378.8 474.8

FLC+HWT 74.8 88.6 4.1 14.5 4.11 1.63 119.3 169.9 99.66 99.65 398.3 466.3
FLC 88.5 110.1 23.2 42.5 11.22 10.91 179.6 288.7 99.51 99.47 522.7 665.4

∗The SoCbt relative error was in reference to 60% of the initial condition adopted.

signals in real-time from the current and voltage sensors,
and stores the experimental data. Finally, the dSPACE device
has digital output channels that are used to control the dc/dc
converters via pulse-width modulation (PWM).

1) Comparison between the experimental results and the
analytical model: The performance of the EMS and the
dynamic behavior of the controlled variables were validated
comparing the experimental results (continuous line) with the
analytical solution (dashed line) obtained by solving the ODEs
presented in (22) using MATLAB® and Simulink®. For this
purpose, the NEDC and OCT driving cycles was applied
during 600 s, extracting the load power by the action of the
traction TIM coupled to the resistance TIM. The dynamics
of vtr and vrs of the TIMs shown in Fig. 12a and 12b were
obtained according to (29). Using jd > ja, it is observed
that vrs becomes greater than vtr during decelerations, forcing
the traction TIM to brake more sharply and regenerate more
power. During accelerations, vrs is slightly less than vtr,
resulting in moderate power consumption from the dc-link,
which increases at higher cruising speeds. Thus, the power
drawn from the dc-link (Pload) exhibited behavior similar to
vehicle dynamics models found in the literature [6], [21].

As shown in Figs. 12a and 12b, the experimental and
simulation results exhibited similar dynamic behaviors. The
differences observed are mainly due to approximations made
in (22) and sensor errors of 2%. The similar responses corrobo-
rate the reliability of the ODEs in (22) for application in meta-
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computer

Bidirectional
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Fig. 11: SHV low-scale prototype and test bench.

heuristic optimization methods and the theoretical stability
analysis presented in this work. Therefore, the analytical
model is suitable for further study through hardware-in-the-
loop tests of new control methods with EMS applied in SHVs
fully active topologies.

2) Comparison between the experimental results and the
optimal approach method: In order to evaluate the effec-
tiveness of the proposed EMS in real scenarios, the optimal
approach by PMP was applied using Pload extracted from
the experimental tests. The EMS based on S-shaped functions
showed performance relatively close to that calculated by PMP,
with reduced fuel consumption and relative SoCbt error on
both NEDC and OCT.

To illustrate the comparison more intuitively, the quan-
titative results of the experiment and the PMP are shown
in Table IV. In NEDC and OCT, the error between fuel
consumption by the S-shaped method relative to the PMP was
2.58% and 1.33%, respectively, indicating that the consump-
tion obtained in practice approximated the optimized result.
However, the relative SoCbt error was more pronounced in
NEDC using the S-shaped method (14,6% error). Although the
higher SoCbt error is related to increased battery usage and re-
duced fuel consumption, it is observed that the supercapacitors
were not optimally utilized compared to the PMP results. This
behavior can be attributed to the increased power after 200 s of
the NEDC cycle, characterized by highway driving conditions,
which differ from the urban driving profile of Dallas used for
EMS parameter tuning. For example, on highways, the vehicle
reaches higher cruising speeds with intense braking, whereas
in urban areas, vehicles reach lower cruising speeds and brake
more frequently at speed bumps, traffic lights, and intersec-
tions. Consequently, the standardization of driving profiles has
a significant impact on the extent of supercapacitor utilization
and achieve a good trade-off between fuel consumption and
battery stress.

Overall, the practical results showed optimized fuel con-
sumption and moderate battery usage in urban driving cycle as
proven by the OCT test. This confirms that the proposed EMS
can be suitable for real-time applications with only offline
tuning. Additionally, the S-shaped EMS has the potential to
improve results through online readjustment of parameters
with lower computational cost due to the reduced number of
control parameters. The complex real world applications may
exhibit different driving patterns within a given time interval.
This implies the needed to identify these patterns and adjust
the EMS gains to accommodate the desired driving scenario,
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Fig. 12: TIMs velocity signals, SHV low-scale prototype load, and variables dynamics performance on the EMS during (a)
NEDC and (b) OCT driving cycle: experimental results (continuous line) versus computational simulation (dashed line).

TABLE IV: Quantitative comparison results of S-shaped and
PMP optimal approach.

Cycles EMS
method

Fuel
cons. (g)

SoCbt

relative error (%)

NEDC OCT PMP 53.83 43.48 4.1 1.64
S-shaped 52.44 44.06 4.8 1.54

which may be performed in urban, highways, or mountainous
roads.

VII. CONCLUSION

This paper presented an EMS for a SHV under a fully
active topology, which was based on S-shaped functions
to perform a power sharing between ICE-generator set and
HESS. The fully active topology adds to EMS flexibility to
manage the sources, with a focus on maximizing the energy
usage of the supercapacitors for reducing fuel consumption
and battery stress. Additionally, the S-shaped functions were
designed to regulate the power of the primary source while
maintain the batteries SoC at safe levels. This adaptability was
combined with a offline meta-heuristic optimization strategy
to tune the control parameters and achieve better performance
across different driving cycles. As a result, the developed
strategy demonstrated performance comparable to the optimal
approach made by the PMP. Regarding the average fuel
savings during different driving cycles, the proposed strategy
consumption were 8.75% and 28.99% lower compared to
HWT+FLC and FLC methods, respectively. Simultaneously,
the proposed EMS demonstrated higher energy conversion
efficiency compared to other strategies, even when considering
all the additional losses from the dc/dc converters.

The stability and performance analysis was conducted using
Lyapunov’s indirect method and the infinity norm, respec-

tively. This analysis was made possible by the continuity S
functions employed on the closed-loop model, which enabled
point-to-point analysis for each vehicle load level and HESS
SoCs. The results evaluate the stability of the entire control
system for different SHV laboratory-scale load operations,
involving the supercapacitor and dc-link in critical operations.
Thus, this makes the application of S-shaped functions more
reliable for fully active topologies.

When the strategy is applied in practice, the fuel consump-
tion reduction obtained from the simulations was validated,
with relative errors of 2.58% and 1.33% compared to the
PMP. However, a more pronounced fluctuation in the battery
SoC was observed in the NEDC drive cycle, which may
weaken the expected performance of the proposed strategy
applied in different driving cycles patterns. This outcome is
attributed to differences in power required by the prototype
under highway driving conditions in the NEDC compared to
urban driving conditions in Dallas, which were used for tuning
the S-function parameters that manage the primary source
and supercapacitor energy distribution. Therefore, future work
aims to explore real-time tuning of EMS parameters, devel-
oping a new control hierarchy to optimize parameters on the
scale of minutes or hours for improving the EMS adaptability
across different standard driving cycles.
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