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Abstract—New sliding mode control theory-based method 

for on-line learning in multilayer neural controllers as 

applied to the speed control of electric drives is presented. 

The proposed algorithm establishes an inner sliding motion 

in terms of the controller parameters, leading the command 

error towards zero. The outer sliding motion concerns the 

controlled electric drive, the state tracking error vector of 

which is simultaneously forced towards the origin of the 

phase space. The equivalence between the two sliding 

motions is demonstrated. In order to evaluate the 

performance of the proposed control scheme and its 

practical feasibility in industrial settings, experimental tests 

have been carried out with electric motor drives.  

I.

II.

INTRODUCTION

In those applications where the knowledge of the 
system to be controlled is fragmentary or obtainable only 
in a costly way through complex off-line experiments, 
artificial neural networks (NNs) can be an effective 
instrument to learn from input-output data and efficiently 
catch information about the most appropriate control 
action to apply. However the application of NNs in 
feedback control systems requires the study of their 
properties such as stability and robustness to 
environmental disturbances and structural uncertainties 
before drawing conclusions about the performances of the 
overall system [1]. Moreover, in neuro-adaptive systems, 
in order to compensate for the existing variable and 
unpredictable disturbances and changes in the plant 
parameters, robust and fast on-line learning of the neural 
controller is a key issue.  

Recently, Variable Structure Systems (VSS)-based 
algorithms have been proposed for on-line tuning of NNs, 
showing very interesting properties and proving to be 
faster and more robust than the traditional learning 
techniques. One of the first studies on adaptive learning in 
single layer network architectures is due to Ramirez et al. 
[2]. In another paper [3], the existence of a relation 
between sliding surface for the plant to be controlled and 
the zero learning error level of the parameters of the single 
layer neuro-controller is discussed and the control 
applications of the method considered in [2] are studied. 
Differently from [2, 3], the sliding mode algorithms 
proposed in [4, 5] are for training of multilayer NNs 
which do not have the limited approximation capabilities 
of the single layer networks.  

Although the results presented in [5] are quite 
encouraging, they have been obtained through simulation 
analysis only. The main goal of this work is to prove 

experimentally the effectiveness of the above algorithm 
for training of MFNN-based controllers in non-linear 
feedback control systems. It is also shown that the results 
obtained in [3] can be also extended to the MFNN 
controllers. The control applications studied are the speed 
control of a permanent magnet synchronous motor 
(PMSM) and of an induction motor (IM) with a nonlinear 
centrifugal load provided by a fan. In industrial 
applications, PMSM and IM drives are widely used, due 
to their inherent features such as versatility, ruggedness 
and precision. However in some applications, when 
uncertainties and disturbances are appreciable, traditional 
control techniques are not able to guarantee optimal 
performances or can require a considerably time-
consuming and plant-dependent design stage. This has 
recently motivated a considerable amount of research in 
the field of NNs-based control of electric drives, in order 
to exploit the property of NNs to learn complex nonlinear 
mappings [6-10]. In industrial settings, the most widely 
used controller is still the Proportional-Integral-Derivative
(PID) one and the spread of neural controllers for electric 
drives is contingent on the satisfaction of some critical 
requirements. Apart from guaranteeing good performance 
in a wide range of operating conditions, the computational 
burden presented by the neural controller should be low 
enough to allow its implementation on low-cost 
microcontrollers. Furthermore, even in the presence of a 
fragmentary knowledge of the plant parameters, the start-
up procedure (choice of the learning rate, number of the 
neurons and the network layers, inputs and outputs, as 
well as the desired NN output) should be fast, 
straightforward and as general as possible, i.e. applicable 
for different motors and drives and thus reducing the 
necessary installation time, with remarkable and 
captivating cost savings. 

The main body of the paper contains five sections. 
Section II gives the definitions and the formulation of the 
problem. Section III introduces the equivalency 
constraints on the sliding control performance for the plant 
and sliding mode learning performance for the controller. 
Section IV presents the experimental application of the 
proposed control scheme to the electrical drives. Finally, 
section V summarizes the results of this investigation and 
discusses further improvements. 

BASIC ASSUMPTIONS AND PROBLEM 

FORMULATION

Consider a three layer MFNN that is to be used as a 
neural controller. The following definitions will be used: 
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1( ) ( ), ... , ( )
T

pX t x t x t  - vector of the time-varying

input signals augmented by the bias term.

1

 - vector of the output signals

of the neurons in the hidden layer.

( ) ( ), ... , ( )
n

T

H H HU t u t u t

( )u t   - scalar signal representing the time-varying output

of the network.

( )
1( ) n pW t  - matrix of the time-varying connections’

weights between the neurons in the input and the hidden

layer, where each matrix’s element  means the

weight of the connection of the neuron i  from its input .

,
1 ( )i jw t

j

(1 ) 1
2( ) 2 ( ),..., 2 ( )nW t w t w tn

 - vector of the time-

varying connections’ weights between the neurons in the

hidden layer and the output node. Both
( )

1( ) n pW t  and 

 are considered augmented by including the bias

weight components for the neurons in the hidden layer and 
the output neuron respectively.

(1 )2( ) nW t

)(1 tN  - vector representing the time-varying output

signals of the neurons in hidden layer before applying the
activation functions (the neurons net input signals).

)(f  - nonlinear, differentiable, monotonously increasing

activation function of the neurons in the hidden layer of 
the network (e. g. log-sigmoid or tan-sigmoid function).
The neuron in the output layer of the neural network is
considered with a linear activation function.

The MFNN-based controller is assumed to operate
within an adaptive control scheme, the general structure of 
which is presented in Fig.1, [3].

The sliding surface ( , )ps e e  and the zero adaptive

learning error level ( , )c ds u u  are defined as follows

( , )ps e e e e (1)

( , )c d ds u u u u (2)

where,  determines the slope of the sliding surface and 

 is the desired control input which is generally

unknown.
du

dy y

y
dy

Controller Electric drive

Adjustment

mechanism

u

Evaluate
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Controller parameters
e e

ps cs

-

Figure 1. Block diagram of the sliding mode neuro-adaptive control

system

An assumption is made that the input vector of the

controller  and its time derivative  are bounded,

i.e.

( )X t ( )X t

2 2

1

2 2

1

( ) ( ) ... ( )

( ) ( ) ... ( )

p X

p X

X t x t x t B t

X t x t x t B t

(3)

where  and  are known positive constants.
XB

X
B

It will be assumed also that, due to the physical
constraints, the magnitude of all row vectors

constituting the matrix  and the elements of the 

vector  are also bounded at each instant of time

by means of

1 ( )iW t

)(1 tW

)(2 tW t

2 2 2

,1 ,2 , 11 ( ) 1 ( ) 1 ( ) ... 1 ( )i i i i p WW t w t w t w t B t

2
2 ( )i Ww t B t    (4)

for some known constants  and , where
1WB

2WB

1, 2,...,i n .

It will be assumed that the desired control input

and its time derivative  are also bounded signals, i.e. 

( )du t

( )du t

( )
dd uu t B , ( )

dd uu t B t     (5)

where and are positive constants.
duB

duB

The output signal
iHu  of the i -th neuron from the

hidden layer and the output signal of the controller

can be defined as:

( )u t

,

1

1
i

p

H i j j

j

u f w x     (6)

1

( ) 2
i

n

i H

i

u t w u (7)

Theorem 2.1. If the learning algorithm for the controller
parameters   and   is chosen respectively as 

,

2
1

i j

i j cT

w x
w

X X
( )sign s   (8)

2 (Hi
i cT

H H

u
w

U U
)sign s (9)

with  being sufficiently large positive constant

satisfying

1 2 dA W W uX
nB B B B B  (10) 

then, for any arbitrary initial condition , the adaptive

learning error

(0)cs

du u  will converge to zero during a finite 

time  which may be estimated as
ht

2 1

(0)

d

c

h

A W W uX

s
t

nB B B B B
(11)

and a sliding motion will be maintained on 0cs  for all 

.
ht t

Proof 2.1: The Lyapunov function candidate may be 
chosen as follows:

21

2
cV cs     (12)

Then differentiating  yields
cV

.

1 1

( ) 2 1
pn

c c c c d c i i j j d

i j

V s s s u u s w f w x u

, , , ,

1 1 1 1 1

2 1 2 1 1 1
p p pn n

c i i j j i i j j i j j i j j d

i j i j j

s w f w x w f w x w x w x u
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, ,

1 1 1

2 2 1 1
pn n

c i Hi i i i j j i j j d

i i j

s w u w A w x w x u

,

1 1 1

2
( ) ( ) 2 1 2

pn n
i jHi

c c Hi i c j i i j j i dT T
i i jH H

w xu
s sign s u A sign s x w w x w u

U U X X

d

2

,

1 1 1

( ) 2 ( ) 2 1
pn n

c c i i c i i i j j

i i j

s sign s A w sign s A w w x u

2

,

1 1 1

2 2 1
pn n

c c i i c i i i j j c

i i j

ds s A w s A w w x s u

2

,

1 1 1

2 2 1
pn n

i i c i i i j j d

i i j

A w s A w w x u sc

,

1 1

2 1
pn

c c i i i j j d

i j

s s A w w x u

2 1 dc A W W uX cs nB B B B B s

2 1
0

dc A W W u cX
s nB B B B B s 0 (13)

where ( )iA t ,
,

1

0 ( ) 1 ,
p

i i j j A

j

A t f w x B i j
 is the

derivative of the neurons’ activation function .f  and 

 corresponds to its maximum value.
AB

The inequality (13) means that the controlled 

trajectories of the learning error level ( )cs t  converge to

zero in a stable manner. It will now be shown that such a 
convergence takes place in finite time. Let us consider the
differential equation that is satisfied by the controlled

learning error trajectories ( )cs t  is as follows 

2

,

1 1 1

( ) ( ) 2 ( ) 2 1
pn n

c c i i c i i i j

i i j

j ds t sign s A w sign s A w w x u

d

2

,

1 1 1

1 2 ( ) 2 1
pn n

i i c i i i j j

i i j

A w sign s A w w x u      (14)

For any , the solution, 
ht t ( )cs t , of this equation,

with initial condition  at (0)cs 0t , satisfies

0

( ) (0)

t

c c cs t s s d  (15)

2

,

1 1 10

( ( )) 1 ( ) 2 ( ) ( ) 2 ( ) 1 ( ) ( ) ( )

t pn n

c i i i i i j j d

i i j

sign s A w A w w x u d

At time  the solution takes zero value and,

therefore,
ht t

2

,

1 1 10

(0) ( (0)) 1 ( ) 2 ( ) ( ) 2 ( ) 1 ( ) ( ) ( )
ht pn n

c c i i i i i j j d

i i j

s sign s A t w t A t w t w t x t u t dt

2

,

1 1 10 0

( (0)) ( ) 2 ( ) ( ) 2 ( ) 1 ( ) ( ) ( )
h ht t pn n

c h i i i i i j j d

i i j

sign s t A t w t dt A t w t w t x t u t dt

  (16)

By multiplying both sides of the equation with 

 the estimate of  in (11) can be found using

the inequality (17).

( (0))csign s ht

2

,

1 1 10 0

(0) ( ) 2 ( ) ( (0)) ( ) 2 ( ) 1 ( ) ( ) ( )
h ht t pn n

c h i i c i i i j j d

i i j

s t A t w t dt sign s A t w t w t x t u t dt

ht
2

2 1

10

( ) 2 ( )
h

d

t n

h i i A W W uX
i

t A t w t dt nB B B B B

2 1 dA W W u hX
nB B B B B t      (17)

Obviously, for all times
h
, taking into account the 

chosen sliding mode controller gain 

t t

 in (10), it follows 

from (13) that 

2

,

1 1 1

( ) ( ) ( ) 1 ( ) 2 ( ) ( ) 2 ( ) 1 ( ) ( ) ( ) ( )
pn n

c c c i i i i i j j d c

i i j

s t s t s t A t w t A t w t w t x t u t s t

2 1
( ) 0

d
A W W cX Y

nB B B B B s t   (18)

and a sliding motion exists on  for .( ) 0cs t ht t

As it has been already mentioned, the desired control

input signal (  is generally unavailable and this is the 

main problem in applying the design presented. If the 

command error is not available, 

)du

cs  cannot be constructed.

To overcome this difficulty an approach based on the 

existing relation between the 
ps  and 

cs , will be followed 

in this investigation. 

III. RELATION BETWEEN THE SLIDING MODE

CONTROL OF THE PLANT AND SLIDING MODE LEARNING

OF THE NEURAL CONTROLLER

The differential relation between the sliding line 
ps  and 

the zero adaptive learning error level 
cs may be specified 

by the following general equation:

( ) ( )n

c

m

ps s    (19)

If assumed that 0m n  then, qualitatively, this

means that if the value of 
ps  tends to zero, 

cs  goes to

zero too. On the physical level, the controlled system will 
achieve a perfect tracking because the controller produces 
the desired control inputs or vice versa. It will be also true 
that if the learning error vector is getting away from the 

origin, that is
ps  begins to increase in magnitude, the 

corresponding divergent behavior in 
cs  will take place or 

vice versa.

Let us analyze the following three conditions that the 
function  must satisfy [3]:

A.

d

Region Condition.

The desired control input must drive the state tracking 
error of the controlled plant to the sliding manifold.

0
lim 0 lim

d p
p

u u s
s u u    (20)

By using (1) and {2) the two equivalent limits and their
consequences can be rewritten as follows

0

0
lim 0

0c

p
s

e
s e e

e
  (21)

0
lim 0

p
c

s
ds u u (22)

From the above statements it follows that  must
satisfy the following condition. 

0 0    (23)

After analyzing the signs of
ps  and 

cs  on the different 

sides of 0ps  line it follows also the relation  must

use the first and the third quadrants of the coordinate
system.

0

0

0

positive

zero

negative

   (24)
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B.   Compatibility Condition.

The tracking performance of the feedback control 
system can be analyzed by introducing the following
Lyapunov function candidate. 

21

2
pV ps (25)

A similar Lyapunov function (  has been introduced 

for the controller performance evaluation in (12). It can be
concluded that only the choice of a  relation leading to 
a simultaneous minimization of both Lyapunov functions
can be considered suitable since selecting other

)cV

candidates will violate of at least one of the design
objectives.

C.  Invertibility Condition.

Let us consider a family of lines drawn in accordance
with the equation 0ps  for different .

Obviously the tracking error vector will fall onto one of 
these subsets of the phase space at each instant of time.

However, based on the relation between
ps  and 

cs  each 

line from this family corresponds to a different situation
entailing different

cs  values. It may be also concluded that 

simultaneously with the increases of the amplitude of ,

the magnitude of must also increase, because of the
increasing distance to the sliding line. Consequently the 

relation  must be invertible, or  for .
ps cs

The above conditions clearly specify that, in order to 
achieve simultaneous minimization of the two quadratic

functions
pV  and , the  relation must be such to 

perform a mapping between their horizontal axes. 

cV

Theorem 3.1. All continuous, monotonically increasing
functions may serve as an  relation, satisfying the 
conditions A – C, for the establishment of an equivalency
between the sliding mode control of the plant and the
sliding mode adaptive learning inside the MFNN-based
controller.

Proof 3.1. Stability in the Lyapunov sense requires the 
negative definiteness of the time derivative of the 
Lyapunov function.

1

1 1 1c

p p p c c c c

c

s
V s s s s s s

s

(28)

1

2 1

,

1 1 1

1 2 ( ) 2 1
pn n

c

i i c i i i j j d c

i i jc

s
A w sign s A w w x u s

s

1

1 2

,

1 1 1

2 1 1 2
pn n

c

c i i i j j d i i c c

i j ic

s
s A w w x u A w s sign s

s

1

1

1 2

2 1

1

1 2
d

n
c

c A W W u i i c cX
ic

s
s nB B B B B A w s sign s

s

1

1

1

2 1

1

1 2
d

n
c

c A W W u i i cX
ic

s
2 1s nB B B B B A w s

s

1

1

2 1 d

c

c A W W u cX

c

s
1s nB B B B B s

s

1

1

2 1
0, 0

d

c

c A W W u pX

c

s
s nB B B B B s

s

In above, the invertibility condition 1

p cs s  is

used to rewrite the argument of the Lyapunov function.
The partial derivative 1

c cs s  is positive due to the 

monotonically increasing behavior of the relation , and
1

0c cs sign s  since  is defined on the first and 

the third quadrants of 
cs  vs. 

cs  coordinate system.

Evidently from (28), choosing the bound parameter in

accordance (10) enforces the value of
cs  to zero level, or 

equivalently,
ps  to zero. It is straightforward to prove that 

a hitting occurs in finite time (see Proof 2.1). 

IV. EXPERIMENTAL RESULTS

In this section experimental results are presented, 
showing the performance of the MFNN-based control
structure with sliding mode learning as a speed controller 
for electric motor drives in the presence of non-linear
disturbances. The different drives considered are vector-
controlled drives with a permanent magnet synchronous
machine (PMSM) and an induction motor (IM).

The experimental set-up is made up of a 370 W three-
phase IM, a 335 W three-phase PMSM, a three-phase
inverter, and a dSpace DS1103 controller board which has
been designed for rapid prototyping of real-time control 
systems and is fully programmable in Matlab/Simulink
environment through Real-Time Workshop (RTW).
Incremental encoders and fans have been keyed to both 
motor shafts to feedback the rotor position and provide
centrifugal loads. The speed controller has been
implemented with a Simulink block diagram using a
sampling time of 0.2 ms. The dSpace code generator
compiles the Simulink program and the real-time 
executable code is then downloaded to the DSP memory.
During motor operation, the DSP receives the feedback 
from the encoder and commands the appropriate control 
action to the inverter. The code of the implemented
MFNN-based speed controller takes up a very small part 
of the DSP memory and can therefore be easily embedded
in an industrial drive without any extra-hardware. The
design of user friendly control panels and virtual
instruments for on-line monitoring and parameter tuning 
has been realized with Control Desk.

In this study, a three-layer MFNN with a hidden layer
of hyperbolic tangent neurons and a linear scalar output 
layer is employed. The neurocontroller has been designed
with four inputs which have been chosen to be analogous
to the corresponding inputs of a PID controller expressed 
through the following difference equation [11]:

31 21 1 2u k u k K k e k K k e k K e k    (29)

where
iK k , with 1,2,3i , are the controller parameters

at time instant  and k ,e k e k 1  and 2e k  are the 

feedback errors at time instant  and ,k k 1 2k

respectively.

In this perspective no biases are used so that the output
depends on the chosen inputs only.

In order to show that the existence of a priori 
knowledge about the neural network configuration is not
essential, every experiment has been carried out with all 
the network weights initialized to random values. Several 
tests have been conducted to choose the parameters of the 
neural controller, i.e. number of neurons in the hidden
layer and the design parameter , aiming at reaching the 

simplest configuration to alleviate the computational costs 
and to shorten the design stage. Thanks to the remarkable
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speed of learning of the proposed algorithm, only one
hidden neuron is enough to guarantee good results. The 
parameter  has been chosen with a trial and error 

procedure but there is no need for fine tuning. It is 
sufficient to gradually increment it to increase the 
dynamic response of the network until rotor speed
oscillations will start to appear. As a general rule of 
thumb, if the feedback error is big, the network should
adapt more quickly so a higher value of  is needed,

whereas if oscillations around the set-point arise, the 
network is adapting too fast and the value of  should be 

reduced.

Based on the tracking error, first the value of ,ps e e  is 

evaluated and this quantity is passed through the 

function to get the value of 
cs , which is used in the 

dynamic adjustment mechanism. In evaluating the value 

of the quantity 
ps , the slope parameter of the switching

line  is set to unity. The following selection is made

parallel to the conditions discussed in the third section 

x x (30)

In order to reduce the chattering effect, the function in
(31) has been used instead of the sign function.

0.05

x
sign x

x
(31)

A.   Speed control of a PMSM

In Fig. 2, the block diagram of a vector controlled
PMSM is shown. The control scheme structure is based on 
the dynamic equations of the motor in the rotor flux
reference frame (d,q) [12]. The flux and the torque of the 

motor are separately controlled by the references
*

sdi  and 

*
sqi  . For the PMSM, the zero-direct-axis-current strategy

( ) is used to operate up to the rated speed [13]. In 

this condition the PMSM behaves like a DC motor in
which the main flux is provided by the permanent magnets

and the armature current corresponds to 

*
0sdi

sqi [12]. The

electromagnetic torque produced is given by e t sT K i q ,

where Kt is the torque constant. The MFNN-based speed

controller, using the speed feedback r , has the duty to 

produce the reference value
*

sqi  that forces actual speed 

to the reference value. The d-axis component of the stator 

current reference
*

sdi  (set to zero) and 
*

sqi  are directly 

impressed by the action of the built-in control of the 

inverter that uses as feedbacks the rotor position r , and

the stator currents sai  and sbi .

In Fig. 3, the speed response in p.u. is shown, where the
rated speed is 4000 rpm. At first, a ramp-shaped speed
reference is applied to reach half of the rated speed. After 
a short time interval equal to 0.25 s, in which the NN
parameters are initially adapted and the static friction is 
overcome, the speed starts changing. Then the full rated 
speed, reversal speed and zero-speed references are
applied. The overshoots are less than 4% of the rated
speed and in the steady-state the ripple is less than 0.5% of
the rated speed. It is apparent that the controller ensures 

high rate of convergence of the rotor speed to the 
reference and possesses an impressive capability to track 
the command speed despite changing operating 
conditions.

Figure 2. Control architecture for vector control strategy 
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Figure 3. Speed response for the vector-controlled PMSM

It has to be noted that the static friction causes a short 
delay during the starting and the speed reversal but damps
overshoot and removes ripple during the final zero-speed
operation. The torque produced by the drive can be seen
from the q-axis current response in p.u. shown in Fig. 4,
where the rated q-axis base current is 2 A. During the
positive rated speed operation, the motor absorbs the rated 
current. Due to the asymmetrical fan, the 20% over the
rated current is required to track the negative rated speed. 
It is evident that the load torque is a non-linear function of
the rotor speed.
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x
is

 c
u
rr

e
n
t,

p
.u

.

Figure 4. Current responses for the vector-controlled PMSM

B.   Speed control of an IM 
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The scheme depicted in Fig. 2 can be used also for the

speed control of and IM. The current reference
*

sdi  is set

to a constant value to guarantee the rated flux of the
machine at steady-state [13]. As in the previous case, the
IM can then be considered as a DC motor fed by an 

armature current sqi  equal to the output of the NN-based

speed controller
*

sqi .

no need for a-priori knowledge of the desired output of
the NN for the adaptation process;

possibility of implementation on low-cost
microcontrollers;

no skilled operator required for the tuning and 
maintenance stage; 

portability, i.e. distinguished adaptability to different
drives with minor further adjustments

In Fig. 5, the speed response in p.u. is shown, where the
rated speed is 2900 rpm. After an initial lag of 0.35 s due
to the initial parameter adaptation of the NN, the rotor 
speed tracks the reference. The overshoots are less than
3% of rated speed and in the steady-state the ripple is less 
than 1% of rated speed. In this case, the static friction does 
not influence the speed reversal. To evaluate the torque 
response, the q-axis current in p.u. is reported in Figure 6.
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