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Abstract

This paper summarizes the work done on the
development of a Neural Sliding Mode Controller
(NSMC) for a regenerative braking system used in an
electric vehicle (EV), which is composed of a Main
Energy System (MES) and an Auxiliary Energy System
(AES). This last one contains a buck-boost converter and
a super-capacitor. The AES aims to recover the energy
generated during braking that the MES cannot retrieve
and use later during acceleration. A neural identifier
trained with the Extended Kalman Filter (EKF) has been
used to estimate the buck-boost converter real dynamics
and to build up the NSMC, which is implemented to
regulate the voltage and current dynamics in the AES.

Simulation results, illustrate the effectiveness of the
proposed control scheme to track time-varying
references of the AES voltage and current dynamics
measured at the buck-boost converter and ensure the
charging and discharging operation modes of the super-
capacitor. In addition, the proposed control scheme
enhances the EV storage system efficiency and
performance, when the regenerative braking system is
employed.

Regenerative Braking, Sliding Mode Controller,
Electrical Vehicle.

Resumen

Este articulo recopila el trabajo realizado en el desarrollo
de un Control por Modos Deslizantes Neuronal (NSMC)
para el frenado regenerativo utilizado en un vehiculo
eléctrico, el cual estd conformado por un Sistema
Principal de Energia (MES) y un Sistema Auxiliar de
Energia (AES). Este ultimo contiene un convertidor
elevador-reductor y un super capacitor. El objetivo del
AES es recuperar la energia generada durante el frenado
que el MES no puede recuperar y utilizarla después
durante la aceleracién. Un identificador neuronal
entrenado con el Filtro de Kalman Extendido (EKF) ha
sido utilizado para estimar las dindmicas reales del
convertidor elevador-reductor y para disefiar el NSMC, el
cual es implementado para regular el voltaje y la
corriente en el AES. Los resultados de la simulacion
ilustran la efectividad del esquema de control propuesto
para el seguimiento de referencias variables en el tiempo
del voltaje y corriente del AES medidas en el convertidor
elevador-reductor y el mejoramiento de los modos de
operacion de carga y descarga del super capacitor.
Ademaés, el esquema de control propuesto mejora la
eficiencia 'y el rendimiento del sistema de
almacenamiento del EV, cuando el sistema de frenado
regenerativo es empleado.

Frenado regenerativo, Control por Modos
Deslizantes, Vehiculo Eléctrico
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l. Introduction

Nowadays, Electric Vehicles (EVS) present an
important alternative solution to conventional
vehicles, regarding gasoline prices, gas
emissions, and climatic changes among other
factors [1]. In EVs, electric motors can be
controlled to be operated as generators to
convert the Kkinetic or potential energy of
vehicle mass into an electric one, which can be
stored and utilized to improve the driving
performance and extend the life of the storage
system [2].

Different  proposals  have  been
developed to enhance the efficiency of EVs.
One of the implemented solutions is called
hybrid vehicles, which combine an internal
combustion engine and an electric car motor
improving the emission of exhaust gases over
internal combustion vehicles [3]. Another type
of hybrid vehicle has emerged, named the plug-
in hybrid electric vehicle, which allows drivers
to charge the battery bank using an external EV
charger [4]. By using these technologies,
various benefits can be achieved; however, the
hybrid nature of these EVs required more
complex hybrid controllers and communication
systems to ensure the switching between both
installed supply systems [5]. These challenges
can be reduced by using fully-EVs technology
using the combination of a Main Energy
System (MES) and an Auxiliary Energy System
(AES) based battery bank, super-capacitor, and
power electronic devices, which provide an
extended driving range, high power quality,
regenerative braking capability, and better
system efficiency [6].

Recently, the regenerative braking
capability in EVs is one of the most important
characteristics of EVs, which helps to recover
energy during braking and enhances the storage
system efficiency [7]. Different control
methodologies and regenerative  braking
architectures have been investigated and
implemented in the last years. In [8], a design
of the regenerative braking for EV with help of
an ultra-capacitor pack and battery is developed
where the objective is to save the wasted energy
during braking. Results illustrate that the
additional super-capacitor pack improves the
efficiency of the regenerative braking in
comparison with the standalone battery system.
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The same design is implemented in [9]
where a Proportional-Integral (PI) controller is
used to regulate the buck-boost converter
output voltage related to the super-capacitor
pack.

In [10] a fuzzy logic sliding mode
controller is implemented using the exponential
reaching law and parameter optimizing for an
anti-lock braking system to keep the optimal
slip value on the braking system of the EV. In
[11] an intelligent sliding mode controller is
employed to track the desired slip during a
braking scenario; the obtained results illustrate
a considerable energy recuperation without
overcharging in the battery bank compared with
the fuzzy sliding mode control developed in
[10] and the Fuzzy one in [12].

Unfortunately, all controllers previously
described required prior knowledge of system
parameters, which are not always reachable in
real cases. In addition, those control
methodologies are not robust to disturbances,
which affect system stability and system
efficiency [13].

Regarding technology advances,
complex unknown dynamics, and highly
coupled behaviors are introduced, which force
the control engineers to use appropriate
mathematical tools to deal with control
problems. Recently, Neural Networks (NNSs)
have been widely implemented in the
approximation of unknown dynamics, then
based on the obtained model, conventional
controllers are developed. Different control
problems are solved using neural control such
as in multiagent stabilization systems [14],
microgrids [15], biomedical applications [16],
among others.

However, the EVs and regenerative
braking system are less investigated using this
neural control strategy [17]. This paper presents
Neural Sliding Mode Controller (NSMC) for a
regenerative braking system. The proposed
controller is used to control the current and
voltage of the buck-boost converter related to
AES with the objective to recover the waste
energy during braking and enhance the MES
efficiency.
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The main contribution of the present
paper is: 1) an online identification based
Recurrent High Order Neural Network
(RHONN) trained by the Extended Kalman
Filter (EKF) is a build-up to approximate the
DC buck-boost behaviors. 2) Based on the
obtained neural model, the sliding mode is
synthesized and implemented to track the buck-
boost current and voltage desired dynamics. 3)
since the proposed controller is based on the
neural identifier, robustness to parameter
variations and disturbances is ensured; in
addition, chattering IS significantly
reduced on the tracked dynamics. 4) by the
implementation of the proposed controller for
the AES, the storage energy
in MES is improved, moreover, energy lost is
largely reduced in comparison with standalone
MES. The paper is organized as follows: In
section 2, the regenerative braking problem is
described.

In section 3, mathematical preliminaries
are introduced. In section 4, the system
modeling, identification and control for the
buck-boost converter are developed. In section
5, simulation results are presented.

Desarrollo de Secciones y Apartados del
Articulo con numeracién subsecuente

1. Regenerative Braking System

{

Figure 1 Regenerative Braking System

A regenerative braking system as
depicted in Fig. 1 allows the recovery of kinetic
energy produced during braking and its
utilization to improve the energy storage
efficiency and extend the operating distance of
the EV [2]. This system is composed of a super-
capacitor and buck-boost converter, which are
part of the AES. In addition, a battery bank is
used to administrate the energy to the electrical
motor conforming to the MES.
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The super-capacitor and the buck-boost
converter are connected as illustrated in Fig. 2,
with the objective of increasing or decreasing
the output voltage depending on the following
operation modes.

Buck operation

In this mode, the output voltage is decreased
from the input voltage. To achieve such, T1 is
OFF and T2 is activated, consequently, the
energy is transferred from the capacitor (\V/¢c) to
the super-capacitor voltage (Vsc). When T2 is
turned on, current flows from capacitor C,
generating the Ic current to the super-capacitor.
As the result, a fraction of this energy is
charged into the inductance L. On the other
hand, when T2 is turned off the current charged
in L is discharged into Vc through the diode
D1, driving the current in the direction of
capacitor C [9].

Boost operation

On the other hand, in this mode, the output
voltage is increased. To do such, T2 is
deactivated and T1 is activated to transfer
energy from the super-capacitors Vsc to the
battery bank V c. When T1 is ON, the energy is
acquired from the capacitor and stored in the
inductance L.

Reversely, when T1 is OFF, the energy stored
in the inductance is transferred into the
capacitor through the diode D2 and keep it in
the battery bank.

L+
T20 v D2
& Lk, | Super
Ve C Capacitor
T4, D1
) —

Battery Bank
Figure 2 Buck-Boost Converter

During the braking operation, the brake
manages the electricity generated by the motor
into the batteries or capacitors. The DC-DC
converter operates in boost function during
acceleration while it operates into buck function
in deceleration, which will make it easier in
charging up the super-capacitor.
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1. Mathematical Preliminaries

A. Discrete-Time Recurrent High Order
Neural Networks

Recently, recurrent neural networks have been
used in many applications and give excellent
results in nonlinear dynamics approximations
[13]. However, RHONN has demonstrated that
is a good choice in nonlinear systems
identification, which consists of adjusting the
parameters of an appropriately selected model
according to an adaptive law. Using a series-
parallel configuration, the estimated state
variable of a nonlinear system using the
RHONN identifier is given by [18]

Xig+1 = @ Gy (g, U, k) (1)

where ;41 is the state of the i*"
neuron which identifies the i‘*component of
Xp, X = [Xpp -, Xni]is the state vector,
w;, € R are the adjustable synaptic weights
of NNs, u €R™ is the input vector, and
&; (xp, ug, k) € Rliis defined as [13].

_ dij(1) 1
Hj611 Zijl]

o) [t
¢i(xk; Ug, k) = i ¢Eik JI — HjEIZ:Zijj (2)
P _HjEILi (ﬁij(Li)_

where d;; ,are non-negative integers, L;
is the connection number, Iy, I, ... I, is a non-

ordered subset collection of 1,2 ...,n +m, n is
the state dimension, $m$ is the inputs
dimension, and ¢; is defined as [13].

[ &, -l S(x1)
: 5;
=] G =0 ©
(in+m _um,k_

Whereu = [uy g, Up o, o) Ui k] 1S the
input vector to the network. The function S(.)
is a hyperbolic tangent function defined as

S(xx) = a; tanh(B;xy) (4)

where x,, is the state variable; o and 8
are positive constants. To approximate a
nonlinear model, the discrete-time RHONN in
(2) is modified as [19].
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Xik+1 = o] d; (x) + aL'T(Pz'(xk,u}!c) (5)

where w;, represents the adjustable
weights, and w; ;, is fixed weights, ¢; is a linear
function of the state vector or vector input wu
depending to the system structure or external
inputs to the RHONN model. Fig. 3 illustrates
an i*"* RHONN identifier scheme.

-1 S() (— m

(311

I,

Hat

Figure 3 RHONN Scheme
B. Discrete-Time Sliding Mode Control

In the last decades, the sliding mode controller
receives much attention due to its robustness to
some class of perturbation. Consider the
following nonlinear system [20]

x = f(x,ut) (6)

with the bounded function f(x),
|f(x)| < f, = constant and the control law, as
a relay function, which is used to track the error
e=r(t)—x, r(t) to zero where is the
reference input, and u is defined as

(up if s(x)=0
v= {—ZO if s(x) <0 (7

where s(x) and ugare define as the
sliding surface and the upper control bound,
respectively.

Fig. 4 illustrates the behavior of the
continuous-time system with scalar sliding
mode control, where the state x(t) initiates
from an initial point x(t = 0), the trajectory
reaches the sliding surface S(x) =0 within
finite time tg, and remains on the surface
subsequently.

RUZ-CANUL, Mario Antonio, DJILALLI, Larbi, RUZ-HERNANDEZ,
José Antonio and SANCHEZ-CAMPEROS, Edgar Nelson. Neural
Sliding mode control of a regenerative braking system for electric
vehicles. Journal Innovative Design. 2022



14

Article Journal Innovative Design
June, 2022 Vol.6 No.15 10-18
Evaluating the sliding manifold at
) - 5(x)=0 (k + 1), we obtain
/.f
x(t:[}) / Sk+1 = F(Xk! uk) - Xref;k+1 (14)

X(tam)

Figure 4 Motion trajectory of continuous system with
scalar sliding mode control

When for each sampling point the
function is derived t; = kAt, k= 1,2..,, the
representation of the continuous time system in
discrete time in (6) is

Xe+1 = F(xe) (8)

with the condition that starting from
tsm, the trajectory belongs to the sliding
manifold with s(x(t)), or for a ky, = tg,/At
[20].

s(x) =0 Vk = kg, 9)

This motion can be defined as discrete
time sliding mode. Consequently, from (6) and
in scenario where for any constant control u
and any initial condition x(0), its solution can
be written in closed form as [21].

x(t) = F(x(0),u) (10)

with u;, should be selected at each
sampling point k such that this constant control
signal will achieve s(xj,1). The discrete-time
system is defined as [21].

X1 = F Qg ug) (11)
up = ulxy) (12)

The sliding manifold is attained at each
sampling point i.e., s(ky+1), Vk=0,1,.. is
fulfilled.

This is true because F(x(0),u) tends to
x(0) as At — 0, the function u(x(0),At) may
exceed the available control resources u, Using
the discrete time sliding mode, the sliding
manifold is defined as

S(xk) = Xk — Xref,k (13)

ISSN-2523-6830
ECORFAN® All rights reserved

Then, the equivalent control u,, (xy, k)
is calculated as [20]

Ueq (xk' k) = _[F(xkf k) - xref,k+1] (15)

It is appropriate to add a stabilizing term
u,(x;, k), to reach the sliding manifold
asymptotically [21]

U (X, k) = —(kesy) (16)
where k is Schur matrix.
Considering the boundedness of the

control signal Il u.(x, k) I<uy , ug > 0, the
following control law is selected [20]

U(xk, k) =
uc(xp, k) if [lueCer, N < ug
eq(Xpk) .
o T i fue e, KO = g (17)
||ueq(kak)|‘
Where |].||stands for the Euclidean

norm and uc(Xy, k) = ueq(Xi, k) + up (xi, k).
IV.  Buck-Boost Neural Control Analysis
A System Modeling

The used DC-DC converter in this application
is composed of a boost and buck converters.
The first one is used under charge conditions
while the second one is used under discharge
conditions. The boost converter model is
defined as [22].

t t
X1,k = (1 - R—SC) X1,k — ?sz,k (18)

ts
Xk = Xop T T UpttUc (19)

The buck converter model is given by

[22]
t t
X1k = (1 - R—SC) X1,k T ?sz,k (20)
ts
Xz4e = Xz t 7 UpeelUc (21)
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where x;, is the Buck-Boost converter
output voltage, x, ; is the Buck-Boost converter
output current both with the inductance L(H),
resistance load R (Q), capacitor (F) C, and t;
sampling time.

B. Neural Controller Design

To control the current flow and ensure the
charging and discharging operation modes, an
RHONN has been used to approximate the
buck-boost converter behaviors and then the
sliding. mode controller is synthesized.
Knowing the adaptive nature of the RHONN,
and the similitude between the buck and boost
converter models a single identifier is proposed
for both cases as

Xk = 011 (k)S(x1) + wq2(k)S(x2)
+W1,3S(x1)5(x2) + WX, (22)

Xok = 032,1(]()5(952) + wz,z(k)s(x1)
+wz,38(x1)S (x2) (23)

Equations (22) and (23) can be rewritten
as follows

Xp = F(x) + Bu(xy, k) (24)

Yk = X2k (25)

T .
where [Ty, %] are the estimated

. T . . .
dynamics of [xyx, x5 x| , w is the input signal,
yr is the output to be tracked, and B is the
control matrix defined as B = diag[0, @,].
Since the proposed neural model is formulated
in the triangular form, the control of the last
dynamics is only needed [20]. So, by using the
same steps as in (11)-(17) the sliding surface at
k + 1 is obtained as

Sk+1 = (*)2,1(k)5(x2) + w32 (k)S(x1)
Fw,3S(x1)S () wou(xy, k) — Xpep 1 (26)

Then, the equivalent control s
calculated as follows

o O ) = = -2 (K)S(x2) +
w3 - (k)S(xy) + W2_3S(x1)5(x2) - xref,k+1] (27)

And the NSMC is implemented as
follows.
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u(xk, k) =
UG 1) if e Ge BN < g
_Ueqik) o8
0 ||ueq(xk,k)|‘ lf ”uc(xk,k )H > u,
Wlth uC(Xk, k) — ueq(Xk' k) n

u, (x, K), u,(xy, k) = —(ksg), where k is
Schur matrix, and wu, is the control upper
bound.

V. Simulation results

The proposed control scheme as well the
respective MES and AES are implemented and
evaluated using the SimPower System toolbox
of MATLAB. The parameters of the AES and
MES are listed in Tab. 1

Converter Resistance R. 50 Q
Converter Inductance L 1.5e3H
Converter Capacitance C 100e3F

Super-capacitor voltage V. | 350 VV
Battery Bank Voltage V. 450V
Initial SOC 80%

Sampling time (t,) le™>s

Table 1 Parameters of the AES and MES
A. Neural Identification

The implemented RHONN identification allows
to achieve adequate estimation of system states,
which are in this case, the voltage x,,k and
current x,,k during different operation modes.
Fig.5 illustrates the neural identification of the
voltage (x,,k)and their respective neural
weights evolution.

Figure 5 a) Voltage identification (x;, k) b) NNs weights

Fig. 6 presents the neural identification
of the current (x5, k) and their respective neural
weights dynamics.
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From the obtained results, it is clear to
observe that the proposed RHONN identifiers
successfully approximate the voltage and
current dynamics of the AES even a varying-
time trajectories are applied. In addition, all
neural weights are bounded.

urrent(A)
\
\
\
J

Figure 6. a) Current identification (x,, k) b) NNs weights
B. Trajectory Tracking

In this test, the objective is to demonstrate the
trajectories tracking of the AES voltage and
current. To do such, a varying-time voltage
reference x;,r is used where it is initiated in
350 V and then decrease to 345V after 10 s
and then, this reference is changed to a
sinusoidal function. Fig 7 presents the obtained
results for the voltage (x;, k) at the output of
the Buck-boost converter used in the AES
system, which is controller using NSMC.

foltage(v
J
L
\
/
\

100
0 15 20

o

t [Sec]
Figure 7 Voltage Trajectory Tracking

Fig 8 demonstrates the behavior of the
current (x,, k) as measured at inductor of the
Buck-boost converter.

1000 P

Current(A)

~-1000

200

3000
t [Sé«:]
Figure 8 Current Trajectory Tracking
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Fig. 9 displays the charging and
discharging modes of the AES. In the charging
operating mode, t = 0s to t = 10s, the
boost mode is selected while the buck mode is
used during the discharging mode t = 10 s to
t = 20s.

Figure 9 AES charging and discharging

From the obtained results, we can see
that the proposed control scheme (NSMC)
ensures adequate trajectories tracking of the
AES voltage and current even a time-varying
references are applied. In addition, the proposed
controller assures the charge and discharge
operation modes of the AES.

Fig. 10 illustrates a comparison between
the MES discharging behavior with and without
AES. Form the obtained results, the MES
performance is improved by using the AES
since the MES discharging behavior without
AES is fast than when this last is activated.

State of Charge('%)
F 4

J

t [Sec]

Figure 10 Comparison of variables with and without the
regenerative braking

VI. Conclusion

This paper presents NSMC of a regenerative
braking system used in the EVs. The proposed
control scheme is used to control the AES
composed of a buck-boost converter and super-
capacitor with the objective to recover the
energy during breaking and participating in
power supply of the MES.
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The RHONN identifier trained by an
EKF is build-up to approximate the AES
behavior under different operation modes; then,
the Sliding mode controller is synthesized. The
proposed control scheme is tested for trajectory
tracking of time-varying references and in the
presence of AES different operation modes.
The obtained results illustrate the effectiveness
of the proposed control scheme where the
trajectories tracking of AES voltage and current
are achieved and the charging and discharging
mode is ensured. In addition, the MES behavior
is enhanced by using the AES, which helps to
improve the discharging time of the MES and
extend the operation time of the EV.

As a future work, the proposed control
scheme and other ones will be implemented in
real-time and tested in the presence of
parameter variation and disturbances.

Finally, the used controller in this paper
presents a simple control algorithm, which can
be used in the industrial EV applications.
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