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Abstract – In the current paper is presented an
examination of the innovative methods for control of
electric vehicles. Principal characteristics of
linearization of nonlinear system, model predictive
control and neural network are proposed. The main
objective of this research is to determine the important
advantages and disadvantages of the different
approaches for control.
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1. Introduction
Recently, with increasing usage of electric vehicles
(EVs) in daily routine, the problems connected with
control methods have become more interesting for
multiple researchers.
A significant problem that predisposes the
development of the EVs is the severe reduction in oil
reserves. World oil consumption is steadily
increasing and cannot be compensated. Accordingly,
it leads to an increase in its price and a strong
dependence on the countries where it is extracted.
For these reasons, it is important to find a new
technological solution in order to reduce this
consumption.

The most used energy sources in these
technologies are batteries, supercapacitors, fuel cells,
and others [1], [2].
For solving these problems in the transport, it is
necessary to take actions. The use of EVs as electric
bicycles, trams, electric buses and trains can
significantly reduce carbon emissions. This solution
involves the use of innovative control strategies for
management of energy flows in the EVs.
The structure of this paper is organized as follows:
linearization of electric vehicles’ model – basic
definition, determination of the operating points and
linearization of a nonlinear model; model predictive
control - determination of the main characteristics
of this type of control and definition of the
constraints; control with neural network – operation
of the NARMA controller and typical structure.
2. Linearization
Vehicles
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The bigger part of the system for control consist of
negative closed loop. An example for this type of
system is proposed in Figure 1.
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Figure 1. Control system with feedback loop

The presented model is in equilibrium operation
point. Taking into consideration the linearization of
the plant P, the input U and the output Y can be
changed in small region. The part of the system
which can be linearized is presented in Figure 2.
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Figure 2. Part of linearization system
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However, due to the presence of a feedback loop,
the changing of the output signal will go back to the
controller C and then to the plane. This affects the
behavior of the system. In fact, if С and Р were
linear, the lairized model between U and Y would be
equal to

P s

1C s P s , rather than P (s).

The feedback loop can be removed from the
model to resolve this problem. However, as shown in
the following Figure 3., this changes the operating
point of the system since the error signal E is now
equal to the set signal R. Linearization around this
new operating point would change the linearization
results. Of course, this only matters for nonlinear
models. When the model is already linear, it has the
same shape considering the operating point [3], [4].

Figure 4. Linear approximation

Linearization of Nonlinear Models
The following Figure 5. shows the block diagram
which consist of input signal u(t), measured output
signal y(t) and nonlinear system, that described the
states of the system and its dynamic behaviour P.

Figure 3. Control system without feedback loop

For linearization in the MATLAB/Simulink
environment, the Control Design tools is used. This
tool allows the marking of the input or output as an
open loop. This ensures that the output signal is not
fed back into the model but maintains the operating
point the same. In other words, it is calculated in a
linear case P(s), not

P s

1C s P s

Figure 5. Block diagram

y  t   g  x t  , u  t  , t 

The operating point of a dynamic system
determines its overall state at a given moment [5],
[6]. The level of the operating point influences the
behaviour of the system. [7] The linearized model is
an approximation that is valid for a small area around
the operating point of the system. [8], [9] The

y  x2

and linear function y  2 x  1 . The linear function is
an approximation to the nonlinear function for the
operating point x = 1, y = 1. In the near area to the
working point, the approximation is good. Far from
this working point, the approximation is bad. The
exact boundaries of this region are often somewhat
arbitrary [10], [11], [12]. The following Figure 4.
shows a possible region of good approximation for
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Operating Points

y  x2 .
linearization of

y(t)

The block diagram can be described with the
following equations

.

following figure shows a nonlinear function

u(t)

(1)

where x(t) is the state of the system, u(t) are the
inputs and y(t) are the outputs. In these equations, the
variables vary continuously over time.
A linear invariant approximation for this system is
valid in the area around the operating point at t = t0,
x(t0) = x0 and u(t0)=u0. If the values of the state of the
system x(t) and the inputs u(t) are significantly close
to the operating point, the system will behave
approximately linearly [13], [14].
For describing of the linearized model, in the first
place it is necessary to define new variables around
the operating point of the states of the systems, the
inputs and the outputs:

 x t  x t  x0
u t  u t u0
 y t  y t  y0

(2)

15

TEM Journal. Volume 9, Issue 1, Pages 14‐18, ISSN 2217‐8309, DOI: 10.18421/TEM91‐02, February 2020.

The values of the outputs in the operating points
are definite with y(t0) = g (x0, u0, t0)=y0.
The linear equations of the state space given by
δx(t), δu(t) and δy(t) are equal to:

 x  t   A x t   Bu t 

 y t   C x t   Du t 

(3)

where A, B, C and D are matrix with constant
coefficient. These matrix are defined by the system
of Jacobian and evaluated in the operating point:

A

f
x t0,x0,0

Y s
U s

(9).

It is used in the equation (9), and the vector of the
output values of the system output for Np is designed
for the next time interval:
yk  GE1xk  GFuk 1  GFvvk 1

(4)

j

i 1

i 1

Np

Np

i 1

i 1

(11),





T

is a vector of the

outputs of the system;



uˆ (k )  u  k   u  k  N p  1



T

is a vector of the

control signals of the input of the system;




v(k )  v  k   v  k  N p  1



T

is a vector of a

measurable disturbance signal of the input of the
system;
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(72)

and
C A   GE GE 2  GE Np  .
T

(7),

x  k  j   E j x  k    Ei 1 F u  k  j  i    Ei 1 Fv v  k  j  i 

(8),

where j is the time interval for which is determined
the predictive control.

16

i 1

yˆ (k )  y  k   y  k  N p  1

(6)

where x is a state vector, y is the output of the
object and k is the time, v is perturbation.
With the usage of recursion it is equal to:
j

i 1

where

The above system is transformed to discrete
system in function of time and equal to:
y (k )  Gx(k )

2

yˆ (k)  CA x(k)  C uˆ (k)  Cv vˆ (k)

For determination of this type of control, the linear
system is described with the following equations:

x  k  1  Ex  k   F u (k )  Fv v(k )

2

yk 1  GE2xk  GEi1Fuk  2  i  GEi1Fvvk  2  i

3. Model Predictive Control of the Electric
Vehicles

y  Cx

i 1

(6)

(5)

x  Ax  B u  Bv v

i 1

The system (10) is presented in matrix type and
can be described with the following equation:

The transfer function of the linearized model can
be used in the place of the system P, from the
previous figure [7], [15]. For determination of the
transfer function it is necessary to separate the
Laplace transform:

Plin  s 

j

yk  Np1  GENpxk  GEi1Fuk  Np i  GEi1Fvvk  Np i

g
x t0,x0,0

g
D
x t0,x0,0

j

y  k  j 1  GE j x  k   GEi 1F u  k  j  i   GEi 1Fv v  k  j  i 



f
B
u t0,x0,0
C

The predicted value of the output of the system is:

At reference control, the vector of the set trajectory
is known



rˆ (k )  r  k   r  k  N p  1



T

(8).

The error is defined by
 j  r k  j  yk  j

(9)

And the vector of the errors in different time
interval is presented
εˆ   1  2   Np 

T

(10).
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That allows the definition of the following problem
for linear programming
Np

min   i
( uˆ , ˆ )

(11),

i 1

With constraints

C  u ( k )  C v vˆ ( k )  C A x ( k )  rˆ ( k )  εˆ

 C B u ( k )  C v vˆ ( k )  C A x ( k )  rˆ ( k )  εˆ

(12)

uˆ min  uˆ (k)  uˆ max

(13)

The controller approximates the function y r  u
with a fractionally rational function of the kind (21).
This function is realized with a two-layer neural
network with a non-linear first layer and a linear
second layer. The structure is presented in Figure 7.

The constraints (17) ensures that the sum of the
errors (16) is minimized by module.
After solving of the problem with the methods of
the linear programming the control vector is defined



uˆ (k )  u  k   u  k  N p  1



T

(19)

and the vector of the errors
εˆ   1   Np 

T

Figure 7. Structure of neural network

(20)

With resolving this problem, the value of the
control system is determined. The same procedure is
applied for finding the next control signal. The
control process is repeated until the end of the
control time.
In this part is described a typical approach of model
predictive control [16], [17], [18]. After the realized
linearization, a controller for the control process is
proposed in the converters of the electric vehicles.
The operating processes in the converters are
nonlinear and this type of control is a requirement.
4. Control With Neural Network
In MATLAB/Simulink a model of the nonlinear
open system is created (Reference Model). The
realized model is used for identification of the object
(Plant) with the neural network in Figure 6.

The training of the neural network is performed
with batch training of the data. The data that trains
the network are conversions of system trajectories
and control signals [7], [8]. They can be submitted
both currently and with various delays (TDL).
The realized function of this network is:
y(k 1)  f  y(k ), y(k 1), y(k  2),..., u(k), u(k 1), u(k  2),... 
g  y(k ), y(k 1), y(k  2),..., u(k 1), u(k  2), u(k  3),... u(k )

(21)

where
y is the output of the object
u is the control influence of the object
f and g are approximating function in the process
of the training of the neural network.
The neural model (22) is linear regarding to u(k ) .
Therefore, the reference signal y ( k  1)  yˆ ( k  1) ,
the control u(k ) is
u(k) 

yˆ(k 1)  f  y(k), y(k 1), y(k  2),..., u(k 1), u(k  2), u(k  3),...
g  y(k), y(k 1), y(k  2),..., u(k 1), u(k  2), u(k  3),...

(22).

5. Conclusion

Figure 6. Operation of NARMA controller
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In the current paper, innovative methods for
control of energy flows in electric vehicles such as
linearization, model predictive control and neural
network control are presented. Typical structure and
methods for design are proposed. Based on this
research, the most effective method of the presented
cannot be identified. The use of modern methods
such as linearization, model predictive control and
neural networks are justified in some cases, but they
are implemented with more sophisticated algorithms
and require more processing power, software and
hardware.
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Also, the classic methods with proportionalintegral regulators are used when looking for lower
cost and greater reliability when meeting the
reference limits. The challenge for designers is to
find a suitable method of a wide range, consistent
with the requirements placed on the market.
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