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Abstract 

Feedfonvard neural networks are commonly used for on- 
line modeling, identification and adaptive control 
purposes in case variations in process dynamics or in 
disturbance characteristics are present. In this paper a 
novel variable-structure-systems-based learning algorithm 
is applied to on-line neural identification of robotic 
manipulators. The zero level set of the learning error 
variable is considered as a sliding surface in the neural 
identifier learning parameters space. The proposed 
leaming approach represents a simple, yet robust, 
mechanism for guaranteeing finite time reachability of 
zero learning error condition. Off-line optimization of the 
learning scheme configuration by a genetic algorithm is 
implemented in advance to achieve complexity reduction 
and performance improvement. The proposed neural 
identification scheme is experimentally tested on a CRS 
255 industrial manipulator. The results show that the 
neural model inherits some of the advantages of the 
sliding mode control approach, such as high speed of 
learning and robustness, and is able to follow the actual 
robot joint trajectories with a high accuracy. 

1 Introduction 

High performance and good robustness are two highly 
desirable Characteristics for any control method. The 
possibility to reach high performance goals is usually 
directly related to the degree of the model accuracy that 
can be achieved. Robotic manipulators are hard to control 
nonlinear systems where perfect knowledge of their 
parameters is unattainable by conventional techniques 
because of the time-varying inertia and gravitational 
loads, and joint fiction model uncertainties. To guarantee 
a good tracking performance, robust-adaptive control 
approaches combining conventional methods with new 
learning techniques are required. In such cases, the 
adoption of a robust and fast on-line system identification 
procedure is a key requirement. 

Thanks to their universal approximation capabilities, 
neural networks provide the implementation tool for 
modeling the complex inputioutput relations of robot 
dypamics being able to solve problems like variable-, 
coupling complexity and state - dependency. During the 
last decade several neural network models and learning 
schemes have been applied to on-line learning of robot 
dynamics [l - 31. 

Variable-structure-systems-based (VSS-based) controi, 
also known as sliding mode control (SMC) is a simple 
robust control approach which despite of the fact that its 
earIy studies had been initiated Iong ago, has recentIy 
attracted much attention due to its inherent robustness and 
its applicability to both linear and nonlinear systems. The 
basic idea behind the SMC approach is to restrict the state 
space of a given plant through a so called sliding surface, 
whose dynamics is simpler than the original plant 
dynamics. The method is enforcing a state-space 
trajectory driving the plant from the initial conditions to 
the designed sIiding surface that can be reached in finite 
time. Once there, the plant remains on the surface and its 
dynamics is substituted by the surface dynamics. For 
adequately designed surfaces, the invariance property 
exists, guaranteeing an inherent robustness, because the 
new dynamics does not depend on the plant parameters. 

The studies demonstrating the high performances of the 
variable structure control in handling imprecision and 
uncertainties have motivated the use of SMC schemes for 
training artificial neural networks [4,5,6,7,9]. The fust 
results on adaptive learning in Adaline networks discussed 
by Ramirez et al. 141 have concentrated on the inverse 
dynamics identification of a Kapitsa pendulum by 
assuming constant bounds for uncertainties. Latter Yu et 
al. [5] extend the above approach by introducing adaptive 
uncertainty bound dynamics, The drawback of the 
dynamic uncertainty bound adaptation strategy in [SI is 
the existence of noise on the measured variables since the 
integration of the absolute value of the error signal 
observed on the outputs is required. When the error signal 
is close to zero, this leads to the integration of the absolute 
value of the noise signal, which gradually increases the 
bound value and causes instability in the long run. In 
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another paper [6], the existence of a relation between 
sliding surface for the plant to be controlled and the zero 
learning error level of the parameters of a flexible 
controller is discussed and the control applications of the 
method considered in [4-51 are studied with constant 
uncertainty bounds. 

The sliding mode algorithm proposed in [7] has been 
designed for on-line training of muItilayer perceptron 
networks. Multilayer feedforward neural networks 
structures (FNNs) are commody used for on-line 
modeling, identification and adaptive control purposes in 
case variations in process dynamics or in disturbance 
characteristics are present since they do not have the 
limited approximation capabilities of  early proposed 
Perceptron and Adaline networks [SI. In the approach 
presented in [7], separate sliding surfaces taking into 
account not only the learning error variable but also its 
time derivative are defined for each network layer. 
Differently from 171, the sliding mode strategy for 
adaptive learning in analog Adaline networks, originally 
proposed in 141, has been further extended in [9] for on- 
line learning in F " s  having a scalar output. The imposed 
limitation related to the required scalar network output 
cannot be considered as too restrictive with respect to the 
applicability of the proposed algorithm because it is 
always possible to have structures consisting of two or 
more FNNs sharing the same inputs. The main difference 
of the latest algorithm from the one presented earlier in 171 
is that only one sliding surface is defied, making it 
computationally simpler and suitable for real time 
applications. 

The results obtained with the algorithm presented in [9] 
are quite encouraging, but obtained only through 
simulation analysis. A fair evaluation of its performances 
calls for a real world application with all the related 
complications and drawbacks. Unlike previously 
published research, the main objective of this 
investigation is to prove the feasibility and effectiveness 
of the SMC-based learning algorithm initially proposed in 
[9] for real time neuraI identification tasks through a 
physical experiment carried on a 5 degrees-of-freedom 
QuansedCRS model 255 industrial manipulator. 

In order to carry out a successful neural identification 
scheme design, finding an adequate network topology is a 
preliminary, crucial issue to be addressed. Nevertheless, 
this choice is usually performed by trial and error 
procedures which can lead to suboptimal performances in 
terms of convergence speed, robustness and computational 
burden. For rea1 time implementation on a physical 
hardware, the achievement of an optimal performance - 
complexity trade-off becomes even more decisive for the 
success of the on-line neural identification. In order to 
overcome these limitations, genetic algorithms (GAS) [ 101 
have been employed in this work for preliminary off-line 
optimization of the overall learning scheme by using 
experimental input-output data. 

The remainder of the paper is organized as folIows. 
Section 2 describes concisely the applied sliding mode 
learning algorithm. Section 3 presents the experimental 
set-up for forward dynamics identification of the secon !h 

and third joint of the CRS 255 robot manipulator. Section 
4 is dedicated to the off-line genetic optimization of the 
leaning scheme configuration. The results from the on-line 
perpetual learning of the designed neural identifier are 
presented in Section 5. FinalIy, in Section 6 a conclusion 
remark is made for this paper. 

2 On-line learning in multilayer perceptron 
networks based on sliding mode concept 

2.1 Initial assumptions and definitions 

Consider a feedforward multilayer neural network with a 
scalar output. We will use the following definitions: 

X ( t )  E RP - is the vector of the time-varying input signals 
augmented by the bias term. An assumption is made that 
X ( i )  and it's time derivative are bounded, i.e. 

IIXWll Bx , (Ik(r)JI 5 Bx vt (1) 

where B, and B, are known positive constants. 

Y, ( t )  E R" - is the vector of the output signals of the 
neurons in the  hidden layer. 

r(t> - is a scalar signal representing the time-varying 
network output. It can be calculated as follows: 

where f() - is nonlinear, differentiable, monotonously 
increasing activation function of the neurons in the hidden 
layer (e. g. log-sigmoid or tan-sigmoid function). The 
neuron in the network output layer is considered with a 
linear activation function. Wl(t) E Rnxp - is the matrix of 
the time-varying connections' weights between the 
neurons in the input and the hidden layer. Each matrix's 
element wIi., represents the weight of the connection of 
the correspondGg neuron i from its input j .  

W2(r) E RIXn - is the vector of the connections' weights 
between the neurons in the hidden layer and the output 
node. Both wl(t) and W2(t )  are considered augmented 
by including the bias weight components €or the 
corresponding neurons. 

It will be assumed that, due to the physical constraints, the 
magnitude of all vectors row Wl,(t) constituting the 
matrix Wl( t )  and the elements of the vector W2(1) are 
also bounded at each instant of time t by means of 

(3) 

for some known constants B,, and B,, . 

The scalar signal yd(f) represents the time-varying 
desired output of the neural network. It will be assumed 
that y d ( t )  and jb ( t )  are also bounded signals, i.e. 
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IYd (01 5 BYd 9 I Y d  (01 5 Bj, vt (4) 

' where By, and Eyd are positive constants. 

2.2 The VSS-based on-line learning algorithm 

Using the SMC approach, the zero value of the learning 
error coordinate e( t )  is defined a s  a time-varying sliding 
surface, i.e. 

S(e(t))  = e(t)  = y ( t ) - y d ( t )  = 0 (5) 

Dejfinition: A sliding motion will have place on a sliding 
manifold S(e(t))  = 0 ,  after the hitting time th if the 

condition S(t)S(t)  = e(t)e(t) c 0 is true for all t in some 
nontrivial semi open subinterval of time of the form 
[ t > r h )  ( - ' O , f h ) .  

The network should be continuously trained in such a way 
that the sliding mode condition of the above definition 
will be enforced. To enable S = O  is reached, the 
following theorem is used: 

Theorem: If the adaptation law for the weights Wl(t) and 
W 2 ( r )  is chosen respectively as 

with a being sufficiently large positive constant 
satisfying 

a > nB,B,,B,B,, +By. (7) 

then, for any arbitrary initial condition e(O), the leaming 
error e(tj will converge to zero during a finite time th 
which may be estimated as 

I I, I (e(0>1 (8) 
a - nB, Bw2 B,, B, - By; 

and a sliding motion will be maintained on e = 0 for all 
t > t h .  

ProoJ The folIowing Lyapunov h c t i o n  candidate is 
chosen: 

Differentiating v (e ( t ) )  yields ' 

V(e(t))  = ee = e ( j  - P d )  = 

r 

corresponds to its maximum value. 

The inequality (10) means that the controlled trajectories 
of the learning error e ( t )  converge to zero in a stable 
manner. 

It can be shown that such a convergence occurs in finite 
time. The differential equation that is satisfied by the 
controlled error trajectories s(t) is as follows 

l ( t )  = 

At time 1 = t,, the solution takes zero value and, therefore, 
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