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Abstract: This paper presents a discrete-time sliding mode control synthesis based on a neural
network model for a 5 HP induction motor. A recurrent high order neural network (RHONN),
trained with an extended Kalman filter (EKF) is used to identify the motor model, which
is robust to disturbances and parameter variations. Sliding mode controller is used to force
the system to track a speed reference and a flux magnitude. A super-twisting observer is
implemented to estimate the magnetic fluxes. The neural control is implemented on a rapid
control prototyping (RCP) system, which is composed of a TMS320F28069M MCU and provides
an easy transition from the model-based control system synthesis in MATLAB/Simulink to
embedded code-based target implementation. Experimental results illustrate the performance
of the neural control scheme.
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1. INTRODUCTION

Induction motors are one of the most preferred actua-
tors for industrial applications due to their reliability,
ruggedness and relatively low maintenance cost. There are
electrical vehicles using induction motors, which do not
pollute the environment by burning fuel and for which
speed and torque control is fundamental (Chan, 2007).
Induction motors control constitutes a challenge since their
behaviour is nonlinear and some of their variables are not
measurable.

A classical technique for induction motor is field oriented
control (FOC), due to Blaschke (1971). More recently,
various nonlinear control approaches have been applied to
induction motors improving their performance, e.g. sliding
mode (Utkin et al., 1999; Yan et al., 2000; Quintero-
Manriquez et al., 2016), adaptive input-output lineariza-
tion (Marino et al., 1993) and backstepping (Shieh and
Shyu, 1999). All these approaches use continuous time
models. Discrete-time case is discussed in B. Castillo-
Toledo (2008); Loukianov (2002).

For many non-linear systems, it is often difficult to obtain
their accurate and faithful mathematical models, due to
external disturbances, uncertain parameters, and unmod-
eled dynamics. Therefore, system identification becomes
a relevant issue and even necessary before system control
can be considered, not only for understanding and pre-
dicting the behaviour of the system but also to obtain an
effective control law. The identification problem consists
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on the selection of an appropriate identification model
and adjusting its parameters according to an adaptive law
(Alanis et al., 2010). In particular, the use of recurrent
high order neural network (RHONN) training with an
extended Kalman filter (EKF) algorithm for modelling and
control has proven to be reliable and practical for many
applications (Alanis et al., 2007; Antonio-Toledo et al.,
2014; Sanchez et al., 2008).

Rapid control prototyping (RCP) is one of the most im-
portant technologies for speeding up product development
time. The key element of the RCP is automatic code
generation, which eliminates error-prone hand coding pro-
cedures, thus making possible for engineers to focus on
control system synthesis, implementation and evaluation.
Texas Instruments TMS320F28069M is a low-cost micro-
controller for real-time control applications. It belongs to
the C2000 MCU family with a 32-bit C28x DSP core
and a real-time control accelerator (CLA) to increase the
bandwidth of the C28x core, up to 240 MIPS of total
performance.

In this paper, a neural controller for a 5 HP induction mo-
tor is implemented on a RCP system, which is integrated
by a TMS320F28069M microcontroller. The paper is orga-
nized as follows. In section 2, mathematical preliminaries
are described. In section 3, the discrete-time induction
motor model is discussed. In section 4, the neural identifier
is presented. In section 5, the neural sliding mode control
is explained. In section 6, the super-twisting observer is
described. Section 7, provides prototype description and
experimental results, followed by the conclusion.
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2. MATHEMATICAL PRELIMINARIES

2.1 Discrete-time high order neural netwokrs

First, we consider the problem to identify a discrete-time
disturbed nonlinear system as

xk+1 = F (xk, uk) + d(xk) (1)

where k ∈ 0 ∪ Z+ denotes the sampling time, x ∈ �n

is the state vector, u ∈ �m is the control input vector
and f(·, ·), d(·) are smooth vectors fields of class C∞

[t,∞).

Moreover, d characterizes unknown external disturbances
and parameter variations.

To identify system (1), we use a discrete-time RHONN
proposed in (Alanis et al., 2007)

χi,k+1 = w�
i ϕi(xk, uk), i = 1, ..., n (2)

where xk = [x1,k, x2,k, ..., xn,k] is the state vector, χi

is the state of the i -th neuron which identifies the i -th
component of state vector xk, wi ∈ �Li is the respective
on-line adapted weight vector, u ∈ �m is the input vector
of the neural network and ϕi ∈ �Li is defined as

ϕi(xk, vk) =




ϕi1
ϕi2
...

ϕiLi


 =




∏
jεI1ξ

dij(1)
ij∏

jεI2ξ
dij(2)
ij

...∏
jεILi

ξ
dij(Li)

ij




(3)

where dij,k are nonnegative integers, Li is the respective
number of high order connections, {I1, I2, ....ILi} is a
collection of non-ordered subsets of {1, 2, ..., n + m}, n is
the state dimension, m is the number of external inputs,
and ξi is defined as:

ξi =




ξi1
...
ξin
ξin+1

...
ξin+m



=




S(x1)
...

S(xn)
u1

...
um




(4)

where S(•) is a hyperbolic tangent function defined as:

S(ς) = µi tanh(βiς) (5)

with ς is any real value variable; and µ and β are positive
constants.

Consider the problem to approximate the general discrete-
time nonlinear system (1), by the following modifica-
tion of the discrete-time RHONN (2) (Rovithakis and
Chistodoulou, 2000):

χi,k+1 = wT
i ϕi(xk) + w′T

i ψi(xk, uk) (6)

where wi are the adjustable weight matrices, w′
i are ma-

trices with fixed parameters, ψi denotes a linear function
of x or u corresponding to the plant structure or exter-
nal inputs to the network, respectively. An i -th RHONN
scheme is depicted in Fig. 1.

2.2 The EKF Training algorithm

The training goal is to determine the optimal weight
values which minimize the prediction error. The EKF-
based training algorithm is described for each i -th neuron
as

Fig. 1. RHONN scheme.

Ki,k = Pi,kHi,kMi,k

wi,k+1 =wi,k + ηiKi,kei,k (7)

Pi,k+1 = Pi,k −Ki,kH
�
i,kPi,k +Qi,k

with

Mi,k =
[
Ri,k +H�

i,kPi,kHi,k

]−1
(8)

ei,k = xi,k − χi,k (9)

i= 1, 2, · · · , n
where ei ∈ � is the respective identification error, Pi ∈
�LixLi is the prediction error associated covariance matrix,
wi ∈ �Li is the weight (state) vector, Li is the number of
neural network weights, ηi is a design parameter, Ki ∈
�Lixm is the Kalman gain matrix, Qi ∈ �LixLi is the
state noise associated covariance matrix, Ri ∈ �mxm

is the measurement noise associated covariance matrix,
Hi ∈ �Lixm is a matrix, in which each entry (Hij) is
the derivative of one of the neural network states (xi)
with respect to one neural network weight (wij) defined
as follows:

Hij,k =

[
∂xi,k

∂wij,k

]�
wi,k=wi,k+1

(10)

where i = 1, . . . , n and j = 1, . . . , Li. Usually Pi,
Qi and Ri are initialized as diagonal matrices. Learning
convergence and robustness are guaranteed and explained
in Alanis et al. (2007).

3. INDUCTION MOTOR MODEL

The discrete-time induction motor model, assuming bal-
anced three-phase AC voltages, uniformly distributed sta-
tor windings and linear magnetic circuits, is defined in the
stationary reference frame (α;β) as follows (B. Castillo-
Toledo, 2008):

θk+1 = θk + δωk + a1(iβ,kφα,k − iα,kφβ,k)−
δ2

2J
τL,k

ωk+1 = ωk + a2(iβ,kφα,k − iα,kφβ,k)−
δ

J
τL,k

φα,k+1 = ϑ1,k = ρ1,k cos∆θk − ρ2,k sin∆θk

φβ,k+1 = ϑ2,k = ρ1,k sin∆θk + ρ2,k cos∆θk

iα,k+1 = iα,k + δ(αβφα,k + npβωkφβ,k − γiα,k) +
δ

σ
uα,k

iβ,k+1 = iβ,k + δ(αβφβ,k − npβωkφα,k − γiβ,k) +
δ

σ
uβ,k

(11)
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