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Abstract— Few works on neural networks-
based robot controllers address the issue of how
many units of neurons, hidden layers and in-
puts are necessary to approximate any func-
tions up to a bounded approximation error.
Thus, most proposals are conservative in a
sense that they depend on high dimensional
hidden layer to guarantee a given bounded
tracking error, at a computationally expensive
cost, besides that an independent input is re-
quired to stabilize the system.

In this paper, a low dimensional neural net-
work with online adaptation of the weights is
proposed with an stabilizer input which de-
pends on the same variable that tunes the neu-
ral network. The size of the neural network
is defined by degree of freedom of the robot,
without hidden layer. The neuro-control strat-
egy is driven by a second order sliding surface
which produce a chattering-free control output
to guarantee tracking error convergence. To
speed the response up even more, a time base
generator shapes a feedback gain to induce fi-
nite time convergence of tracking errors for any
initial condition. Experimental results validate
our proposed neuro-control scheme.

Keywords— Robot control, Neural net-
works, Second order sliding mode, Chattering-
free, Neuro-sliding controller.

I. INTRODUCTION

In robotics, one of main objectives is to design simple
controllers to compensate nonlinear couplings, param-
eters variation and disturbances to execute complex
tasks with greater precision in tracking regime.

Although previously in 1980 the computed torque
controller was presented;1 it was not until 1986 when
Slotine and Li (1987) showed that a particular struc-
ture of manipulator dynamics exist to develop a simple

1The exact knowledge of the parameters of robot and a great
computational power is required and it can not compensate pa-
rameter variations.

controller avoiding measurements or estimates of the
manipulator joint accelerations. Through this adap-
tive control scheme it is possible to compensate pa-
rameter variations to guarantee local stability of the
system as well as asymptotic convergence of the track-
ing errors without any knowledge of the parameters,
though the exact regressor is a requirement. Based on
this result, many schemes in adaptive control has been
developed and applied to a wide class of systems. Al-
though the adaptive control represents a problem solu-
tion of parameter variation in the robots, the principal
drawback is that it is a model-based controller, there-
fore the computation effort increases proportionally to
degree of freedom of the robot or when the robotic
system is more complex, e.g. in cooperative robots or
mechanical hands.

At the same time, in the 80’s the simple PD con-
troller was presented, where it can compensate nonlin-
earity and uncertainties of robot dynamics (Arimoto,
1996). In addition it is recognized that one of the
generic characteristic of robot dynamics is its open
loop passivity property from torque input to velocity
output as a way to exploit the robot system’s physical
structure and design energetically stable controllers.
In this case, for stability purposes, a storage energy
function arises which gives rise to stable behavior, then
the challenge is to produce passivity in closed-loop via
a given error velocity as its output.

In another way, as a result of the work done by many
researchers started by McCulloch and Pitts, the neu-
ral networks attracted attention as networks ability
to mimic basic patterns of the human brain, such as
its ability to learn and respond in consequence, as if
it were employed the learning capability to produce a
control action.

In terms of control design, the main interest in
neural networks is their capability to approximate a
large class of continuous nonlinear maps from the col-
lective action of autonomous processing units inter-
connected in simple ways, as well as inherent paral-
lel and highly redundant processing architecture, that
makes it possible to develop parallel adaptation up-
date laws and reduce latency. These neural network
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properties have been used in a large number of applica-
tions as adaptive system identification (Narendra and
Parthasarathy, 1990) and control of complex highly
uncertain dynamical systems (Lewis et al., 1996; Kos-
matopoulos and Christodoulou, 1994; Ge and Hang,
1998; Lee and Choi, 2004).

The adaptive neural network-based controllers have
been getting the attention because they make possible
to design controllers of a wide class of systems without
any knowledge of the dynamic model, the regressor nor
the parameters. Basically, neural network-based con-
trollers approximate the inverse dynamics of system in
a given error coordinate system. However, well known
results show that a large number of nodes is required
in each layer of the neural network2 to achieve ex-
act approximation of the unknown functional (Cotter,
1990). The amount of nodes can be prohibitory large
for a simple practical systems3.

In order to design neuro-control schemes with
smooth control and low computational effort to com-
pensate the unknown physical parameters of robot, a
dynamical combination of different intelligent and con-
trol techniques as variable structure systems, passivity,
model-based control and PID-like controller has been
proposed (Ertugrul and Kaynak, 2000; Sanchez et al.,
2003; Yu, 2003; Choi et al., 2001; Lin et al., 2000;
Lin et al., 2001; Barambones and Etxebarria, 2002;
Debache et al., 2006; Hayakawa et al.,2005).

In neuro-adaptive or neuro-sliding mode control (Ge
and Harris, 1994; Ertugrul and Kaynak, 2000; Lewis et
al., 1996; Ge and Hang, 1998) generally neural network
approximate the inverse dynamics of the manipulator
based on gradient descent method or adaptive control,
where the main disadvantage of these schemes is that
they use a great number of neurons in each layer of
neural network. Sometimes it is necessary an addi-
tional and independent control term to guarantee sta-
bility and robustness in the presence of approximation
error (Yamakita and Satoh, 1999; Ge and Harris, 1994;
Yu, 2003; Sanchez et al., 2003, Lin et al., 2000; Lewis
et al., 1996; Sun and Sun, 1999). However, its high fre-
quency input represent the principal disadvantage in
practical applications, though to eliminate the chat-
tering a saturation function is included (Barambones
and Etxebarria, 2002; Lin et al., 2001, Ertugrul and
Kaynak, 2000; Chih-Min and Chun-Fei, 2002). Un-
fortunately, in the later case the invariant condition is
not satisfied and tracking is not guaranteed.

2The network topology refers to the number and organization
of the computing units, the types of connections between neu-
rons, and the direction of information flow in the network. The
node is the basic organizational unit of a neural network, and
nodes are arranged in a series of layers to create the Artificial
Neural Network (ANN). According to their location and func-
tion within the network, nodes are classified as input, output,
or hidden layer nodes (Stern, 1991)

3In feed-forward neural networks with multilayer structure,
an oversized hidden layer does not increase the accuracy of ap-
proximation, but increases the risk of overfitting, i.e. it may
lead to a bad approximation

In other approaches based on passivity-based adap-
tive control, the convergence of tracking errors is guar-
anteed under assumption of a combination of neural
network with regressor knowledge, which reduces the
main advantage of the neural network (Jung and Hsia,
1996). Therefore, apparently there is not room for the
main role of the neural networks as universal approx-
imator of any continuous function if a high frequency
input is included or if some part of the regressor is
used. Some researchers devised the way to introduce
a neural network to substitute the regressor into a clas-
sical adaptive control (Yu, 2003; Sanchez et al., 2003;
Lewis et al., 1996; Ge and Harris, 1994), however they
only guarantee stability without convergence of track-
ing errors.

In this paper is presented a combination of second
order sliding mode control with low dimensional neu-
ral network based on adaptive linear elements (Ada-
lines) to guarantee tracking errors convergence with
a smooth controller where the regressor of robot it is
not required. The closed loop system renders a sliding
mode for all time, whose solution converges in finite
time and hence a perfect tracking is obtained. In ad-
dition, it is presented an alternative solution to address
the issue of how many units of neurons are necessary
to approximate any continuous function as well as the
input set. Experimental results on a robot manipula-
tors are presented that verify the closed loop stability
properties.

The paper is organized as follows. Section II shows
the robot dynamics and its properties while Section
III presents the open loop error dynamic system. In
Section IV presents the main properties and charac-
teristics of the neural network used in this paper. The
proposed control scheme and its stability analysis is
given in Section V . Section VI presents the experi-
mental results on planar robot manipulator and con-
clusions are given in Section VII.

II. ROBOT DYNAMICS

The dynamic model of a rigid serial n-link robot ma-
nipulator with all revolute joints is described as follows

H(q)q̈ + C(q, q̇)q̇ + g(q) = τ (1)

where q, q̇, q̈ ∈ <n are the generalized joint coordi-
nates, H(q) ∈ <nxn denotes a symmetric positive def-
inite inertial matrix, the second term on the left rep-
resents the Coriolis and centripetal forces C(q, q̇) ∈
<nxn, g(q) ∈ <n models the gravity forces, and τ ∈ <n

stands for the torque input.
Some useful properties of robot dynamic are:
Property 1: (Arimoto, 1996) Matrix H(q) is sym-

metric and positive definite.
Property 2: Matrix 1

2Ṁ(q)−C(q, q̇) is skew sym-
metric and hence satisface (Arimoto, 1996):

q̇T [
1
2
Ṁ(q)− C(q, q̇]q̇ = 0 ∀q, q̇ ∈ <n (2)
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Property 3: There exists positive scalar βi(i =
0, . . . , 5) such that

‖ H(q) ‖ ≥ λm(H(q)) > β0 > 0
‖ H(q) ‖ ≤ λM (H(q)) < β1 > ∞

‖ C(q, q̇) ‖ ≤ β2 ‖ q̇ ‖
‖ g(q) ‖ ≤ β3

‖ q̇r ‖ ≤ β4 + α ‖ ∆q ‖ +γ ‖ σ ‖
‖ q̈r ‖ ≤ β5 + α ‖ ∆q̇ ‖ (3)

with λm(A), λM (A) stand the minimum and maxi-
mum eigenvalues of matrix A ∈ <nxn, respectively.
The norm of a vector x is defined as ‖x‖ =

√
xT x and

‖A‖ =
√

λM (AT A) as induced Frobenius norm.
Property 4: The left-hand side of (1) is linear in

terms of suitable selected set of robot and load param-
eters, i.e.

Y Θ = H(q)q̈ + C(q, q̇)q̇ + g(q) (4)

where Y = Y (q, q̇, q̇, q̈) ∈ <nxp and Θ ∈ <p containing
the unknown robot manipulator and load parameters.

Property 5: The robot dynamics is passive in
open-loop, from torque input to velocity output, with
the Hamiltonian as its storage function. If viscous fric-
tion were considered, the energy dissipates and the
system is strictly passive.

Due to linear parametrization property, (1) can be
written in terms of a nominal reference q̇r and its
derivative q̈r as (Lewis and Abdallaah, 1994):

H(q)q̈r + C(q, q̇)q̇r + g(q) = YrΘ (5)

where the regressor is defined as Yr = Yr(q, q̇, q̇r, q̈r) ∈
<nxp. Using Property 3 in (5) we have that

YrΘ = ‖H(q)‖‖q̈r‖+ ‖C(q, q̇)‖‖q̇r‖+ ‖g(q)‖
≤ β1α‖∆q̇‖

+β2‖q̇‖ ∗ (α‖∆q‖+ γ‖σ‖+ β4) + β̄3

≤ η(t) (6)

where β̄3 = β1β5 + β3 and η(t) = f(∆q,∆q̇, σ, βi, t)
is a state-dependent function. If we add and subtract
(5) into (1) we obtain the open loop error equation

H(q)Ṡr + C(q, q̇)Sr = τ − YrΘ (7)

where the extend error Sr carries out a change of co-
ordinates through (q̇r, q̈r), defined by

Sr = q̇ − q̇r (8)

The question is how to design a smooth τ without
knowledge of YrΘ. To that end, it is useful to design
a second order nominal reference q̇r.

III. ERROR MANIFOLDS AND ERROR
DYNAMICS

Let the nominal reference q̇r be

q̇r = q̇d − α∆q + Sd −Ki

∫ t

t0

sign(Sq(ζ))dζ (9)

where

Sq = S − Sd (10)
S = ∆q̇ + α(t)∆q (11)

Sd = S(t0)exp−kt k > 0. (12)

with ∆q = q − qd the position tracking error, with
subscript d denoting the desired reference value, α >
0,Ki = KT

i > 0 and function sign(x) stands for the
signum function of x. Substituting (9) into (8), we
obtain the extended error Sr, which depends in turn
of a second order sliding surface Sq defined as

Sr = Sq + Ki

∫ t

t0

sign(Sq(ζ))dζ (13)

Remark 1: Sliding Surface with an integral
term.
Based on seminal work (Slotine and Spong, 1985) sev-
eral approaches have reported sliding surface with an
integral term (Jager, 1996; Stepanenko et al., 1998) to
provide some robustness in the controller. However, in
our paper, we use a integral with an entirely different
purpose: the extend error uses the integral of the slid-
ing surface to induce second order sliding mode at the
sliding surface, without using integral term in the slid-
ing surface Sq. That is, it is shown that the integral of
sign(Sq) satisfies the sliding condition for Sq. In this
way, sgn(∗) is used without introducing chattering,
avoiding to use boundary layer. Furthermore notice
that Sd ∈ C1 is given as desired reference of S in the
phase plane (∆q̇, ∆q) and it is designed to eliminate
the reaching phase. Then Sd converges monotonously
to zero with initial conditions Sd(t0) = S(t0) at time
t = td > 0 (Sd(t0) = 0).

Due to (5) involves the derivative of (9) we have that

q̈r = q̈d − α∆q̇ + Ṡd −Kisign(Sq) (14)

which is discontinuous. However since neural networks
can not approximate discontinuous signals, we need to
avoid introducing discontinuous signals in the function
YrΘ. To solve this, q̈r is decompose into continuous
and discontinuous terms, as follows

q̈r = q̈cont + KiZ (15)

where

q̈cont = q̈d − α∆q̇ + Ṡd −Ki tanh(λSq)
Z = tanh(λSq)− sign(Sq), (16)

R. GARCÍA-RODRÍGUEZ, V. PARRA-VEGA

287



for the vector tanh(x) = [tanh(x1), . . . , tanh(xk)]T as
the continuous hyperbolic tangent function of X ∈ <k,
λ = λT ∈ <nxn > 0 and the equation (16) is bounded
and it has the following properties: Z ≥ −1, Z ≤ 1,
ZSq→0− = −1, ZSq→0+ = +1 and ZSq→±∞ = 0.

Substituting (15), (9) in (5) the parametrization
YrΘ now is defined as

H(q)q̈cont + C(q, q̇)q̇r + g(q) = YcontΘ− τd (17)

where the regressor Ycont = Yr(q, q̇, q̇r, q̈cont) is con-
tinuous due to (q̇r, q̈cont) ∈ C1, and τd = H(q)KiZ
models bounded discontinuous high frequency signals
and it is considered as bounded disturbance in the con-
troller design. This representation of robot dynamics
in terms of nominal reference and its derivative will be
of great importance in the next section.

Adding and subtracting (17) into (1) yields the fol-
lowing open-loop error dynamics

H(q)Ṡr = −C(q, q̇)Sr + τ − YcontΘ− τd (18)

If the regressor were known, adaptive control would
suffices.
Remark 2: Adaptive-like control, with Ycont. In
the case when the regressor is known, it is very well
known that it suffices to design an adaptive-like con-
troller as

τ = −KdSr + YcontΘ̂ + τd (19)
˙̂Θ = −ΓYcontSr (20)

where Kd and Γ are positive definite gains of appro-
priate dimensions which produces an asymptotically
stable closed-loop system. However, if the regressor
Ycont is assumed unknown then (19)-(20) cannot be
implemented, i.e. we do neither known anything about
physical structure Ycont nor the parameters Θ of robot
manipulator.

A great variety of approaches exist in the literature
to approximate YcontΘ with neural networks, how-
ever its size and topology is fundamental to ensure
a given approximation error and careful analysis is re-
quired to pick up the right neural network. In this
paper a low dimensional neural network is proposed
to yield bounded approximation error altogether with
a smooth second order sliding mode term to finally en-
sure convergence, in contrast to some algorithms which
ultimately bounded tracking, that is stable behavior
only, not asymptotic stability.

IV. NEURAL NETWORK
APPROXIMATOR

To approximate continuous regressor Ycont a tree net-
work structure that satisfied Stone-Weierstrass theo-
rem (Cotter, 1990) is used, i.e many neurons on one
layer feed a single neuron on the next layer. The
input-output relationship for this generic architecture
is given as yi = φ(

∑n
i=1 xiwi) where xi ∈ <n is the

input to network, wi is the weight of connections and
n is the number of inputs. It is important to notice
that the tree structure could have one or more hidden
layers where the linear activation function is used as
last stage of a multilayer neural network.

Based on this network structure, in this work we
use an ADAptive LINear Element (ADALINE) pro-
posed by Widrow and Hoff (Widrow and Hoff, 1960)
which consist of a single neuron of the McCulloch-Pitts
type. The Adaline expressed in matrix format is given
as y = φ(XT W) where input vector X corresponds
to the set of the input stimuli of the neuron, weight
vector W corresponds to the set of synaptic strengths
of the neuron4 and the activation function φ(·) repre-
sents the behavior of the neuron core5. When a neuron
is excited it produces the output y which depends on
its input and on the state of the weight vector. The
weight vector W may be constantly modified during
the training.
Definition: Let K be a closed bounded subset of
<nand a real vector valued functions f(∗) be defined
on K as f : K ⊂ <n → <.

Based on the Stone-Weierstrass theorem, in Cotter
(1990) is showed that any smooth function f(x) ∈
Cm(S), where S is a compact set simply connected
set of <n, can be approximated by a sufficiently large
dimensional neural network, given as

f(x) = φ(XT W1) (21)

where X belongs to a compact set K ⊂ <2n, that is
S := {x : ‖x‖ ≤ S} and the ideal weights required
for (21) are bounded by known values ‖W‖ ≤ Wmax

(Lewis et al., 1996). When approximation function
is done with a low dimensional neural network, a
bounded functional reconstruction error ε(x) appears

f̂(x) = φ(XT W2) + ε(x) (22)

where W2 is a subset of W1 and ‖ε(x)‖ ≤ εN with
εN > 0.

In this paper f(x) = YcontΘ is estimated using a
low dimensional neural network, where φ is proposed
as linear function and the training is performed on line.
The unknown linear function f̂(x) is parameterized by
static adaline neural network and it is given as

f̂(x) = YcontΘ̂ ≡ XT W2 + ε(x) (23)

where input to the neural network XT ∈ <nxp is
independent of the dynamics parameters and linear
parameters are estimated by neural network weights
W2 ∈ <p. See Fig 1.

4The number of nodes in the input layer is equal to the num-
ber of independent variables entered into the network. The num-
ber of output nodes corresponds to the number of variables to
be predicted.

5The adaline neuron uses linear activation function so the
output of the neuron is simply the weighted inputs
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Figure 1: Proposed neural network structure

Remark 3: It is important to notice that the size
of the neural network 2n, can be obtained roughly
by checking carefully the dynamics of a general n-link
rigid arm6. Due to regressor Ycont is formed by inde-
pendent dynamic parameters, the input to the neural
network is defined as

XT = [q, q̇, q̇r, q̈cont] (24)

Remark 4: The neural network provides an approx-
imation of Ycont without worrying about its accuracy
and only linear part of robot dynamics is approxi-
mated, i.e. the neural network can be considered as
minimal architecture to approximate the robot dy-
namics taking into account the regressor elements.
This architecture takes more relevance when the neu-
ral network it is driven by a second order sliding mode,
as will be shown in the next section.
Remark 5: An extension of Stone-Weierstrass theo-
rem to bounded measurable functions applying Lusin’s
theorem show that f̂(x) converge to f(x) almost ev-
erywhere. The practical consequence of this result is
that an infinitely large neural network can model any
continuous functions while finite network might only
accurately model such functions over a subset of the
domain. Then extending the size and the layers of
the proposed neural network a generic architecture is
obtained as is reported in the literature (Lewis et al.,
1996; Ge and Hang, 1998).

Now we are ready to design the neuro-adaptive con-
troller.

V. NEURO-CONTROLLER DESIGN

Substituting (23) into (18), we have

H(q)Ṡr = −C(q, q̇)Sr + τ −XT W− ε(x)− τd (25)

Now consider the following control law

τ = −KdSr + XT Ŵ (26)
6Without of generality, in the rest of the paper we refer W2

as W, omitting its subindex.
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where Kd = KT
d ∈ <nxn is a gain matrix.

Substituting (26) in (25) gives rise to the closed-loop
error dynamics

H(q)Ṡr = −C(q, q̇)Sr−KdSr−XT W̃−ε(x)−τd (27)

where W̃ = W− Ŵ.
Finally, we have the following result.
Theorem 1. Exponential Stability: Consider

robot dynamics (1) in the closed-loop with the control
law (26) and neuro-adaptive law

˙̂W = −ΓXSr (28)

where Γ = ΓT ∈ <pxp. Then exponential conver-
gence of tracking errors is assured if Kd is large enough
for any initial conditions and with the weight vector
bounded for t ≥ |Sq(t0)|

µ .
Proof. It is organized in three parts as follows.

Part 1: Boundedness of Closed-loop Trajectories. Con-
sider the following Lyapunov function

V =
1
2
ST

r HSr +
1
2
W̃

T
Γ−1W̃, (29)

whose total derivative along its solution (27) is as fol-
lows

V̇ = ST
r HṠr +

1
2
ST

r ḢSr + W̃
T
Γ−1 ˙̃W

= −ST
r KdSr − ST

r ε(x)− ST
r τd + W̃

T
(−XSr − Γ−1 ˙̂W)

= −ST
r KdSr − ST

r ε(x)− ST
r τd (30)

Note that the term τd is radially unbounded only when
Sr → ∞ and for bounded signals it is zero only at
Sr = 0. This arguments implies that ‖ST

r τd‖ ≤ ξ‖Sr‖
where ξ = ‖H(q)‖ ‖Ki‖. Then, Eq. (30) becomes

V̇ ≤ −ST
r KdSr + ‖Sr‖‖ε‖+ ξ‖Sr‖ (31)

Since Sr is a function of ∆q, ∆q̇ and initial conditions,
then for sufficiently small initial errors belonging to
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a neighborhood ε with radius r > 0 centered in the
equilibrium Sr = 0 and invoking Lyapunov arguments,
there exists a large enough feedback gain Kd such that
Kd > ‖η(t)‖ and therefore, Sr converge into a bounded
set ε. The boundedness of tracking error can be con-
cluded Sr → ε as t → ∞. In this way, the upper
bounded of Sr is defined as

Sr ∈ L∞ (32)

then ‖Sr‖ < ε1 with ε1 > 0. Boundedness of Sr im-
plies the boundedness of the state of the closed loop
system and that Sq ∈ L∞ and since desired trajecto-
ries are C2 and feedback gains are bounded, we have
that (q̇r, q̈cont) ∈ L∞, which implies that Ycont ∈ L∞
and Ŵ ∈ L∞. In this way, from Eq. (31) render
‖Sr‖‖ε‖ ≤ ε2 with ε2 > 0 is bounded. By virtue of
H(q) is positive definite and upper bounded and exists
a constant η̄ such that η̄ ≥ ‖η(t)‖, from (27) we have
that

Ṡr = −H(q)−1{(C(q, q̇) + Kd)Sr

−W̃
T
X − ε(x)− τd}

≤ λM (H(q)−1){(β2‖q̇‖+ λM (K))ε1
+η̄ + εN + ξ}

‖Ṡr‖ ≤ ζ(t) (33)

where the bounded function ζ(t) does not depend on
acceleration measurement. So far, we conclude the
boundedness of all closed-loop error signals.
Part 2. Sliding Mode: Now, we show that a sliding
mode at Sq = 0 arises for all time. If we multiply the
derivative of Sr by ST

q , and rearranging we obtain the
sliding mode condition

ST
q Ṡq = ST

q (Ṡr −Kisign(Sq))

≤ |ST
q ||Ṡr| − γm|Sq|

≤ ζsup|Sq| − γm|Sq|
≤ −µ|Sq| (34)

where µ = γm−ζsup with γm = λm(Ki) and ζsup is the
supremum of ζ. Thus, in order to prove that Sq → 0
in finite time, we can always choose γm > ζM , in such
a way that µ > 0, guarantees the existence of a sliding
mode at Sq = 0 at time tq ≤ |Sq(t0)|

µ . However, notice
that for any initial condition Sq(t0) = 0, and hence
tq ≡ 0 implies that a sliding mode in Sq(t) = 0 is
enforced for all time without reaching phase and then
(10) renders S = Sd ∀ t.
Part 3: Exponential Convergence. If k in (12) is tuned
large enough such that Sd ≈ 0 for some small time
0 < td ¿ 1 then (10) yields

S = 0 ∀ t ≥ td > 0. (35)

guarantee exponential stability of tracking errors since
the solution of S = 0 goes to zero exponentially.

Figure 3: High performance planar manipulator

Remark 6: Passivity and Dissipativity. Given
the structure and properties of the proposed neural
network it is possible to show that the neuro-adaptive
weight vector guarantee passivity properties on the low
dimensional neural network as well as in the closed
loop.

The passivity analysis of the closed loop system can
be obtained as in Parra-Vega et al. (2003) where (29)
qualifies as Lyapunov candidate function.

Now, let the feedforward block that mapping
−Sr −→ XT W in (28). Then, we have that

−
∫ t

0

ST
r XT Wdτ =

∫ t

0

˙̃W
T

Γ−1W̃dτ

=
1
2

∫ t

0

d

dt
(W̃

T
Γ−1W̃)dτ

=
1
2
W̃

T
(t)Γ−1W̃(t) − 1

2
W̃

T
(0)Γ−1W̃(0)

≥ −1
2
W̃

T
(0)Γ−1W̃(0)

and the mapping is passive.
By other hand, for large enough Ki the dissipativity

block is established from the mapping Sq −→ Ṡq.
Remark 7: Model-Free Control Structure. No-
tice that the control synthesis does not depend on any
knowledge of the robot dynamics -model-free; and it
keeps a very simple structure. The principal advan-
tages of second order sliding mode with respect to oth-
ers schemes (Barambones and Etxebarria, 2002; Jager,
1996; Stepanenko et al.,1998) is that we can guarantee
smooth control input and to compensate some compo-
nent of high frequency while in others approaches it is
necessary chattering attenuation or chattering reduc-
tion (Lee and Choi, 2004).
Remark 8: Adaptive Neural Network. In the
proposed scheme the neural network is used to com-
pensate unknown or time varying parameters due to
payloads while the second order sliding mode stabilize
unmodelled dynamics and disturbances. It is funda-
mental to notice that the neural network is tuned by
extended error Sr. Then, bounded of the weights can
be assured when Sr is bounded. Furthermore it is not
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necessary in the control law a component to suppress
the neural network reconstruction error for closed loop
stability (Kwan et al., 2001). In Ertugrul and Kaynak
(2000) it is presented a neuro-sliding mode scheme
based on two parallel neural networks. To approxi-
mate equivalent control and corrective control, respec-
tively. The number of neurons in each neural network
are determined through the design of the first order
sliding mode. The chattering is eliminated defining a
boundary layer nevertheless outside of boundary layer
as in the reaching phase, high frequency transient may
arise and the error increases.

Although the Adalines was a first one neural net-
works reported in the literature, recently in several
approaches due to simplicity has been used to solve
many problems as current compensator to achieve the
selective compensation of harmonics currents in three-
phase electric systems with neutral conductor (Villalva
and Filho, 2006) and as data driven function approxi-
mation based on generalized adalines (Wu et al.,2006).
Remark 9: Comparisons. Some characteristics
of the proposed scheme in comparison to other well
known approaches are the following: i)The disconti-
nuity associated to the sliding mode present in Sr = 0
is relegated to the first order time derivative of the
Ṡr. Furthermore, discontinuous dynamics that is im-
posing through sgn(Sq) satisfies the sliding condition
for Sq not for Sr and it avoids to use boundary layer.
Then, it is guaranteed the sliding mode without chat-
tering and without knowledge of the regressor in con-
trast to first order sliding mode control; ii)In contrast
to adaptive control, the proposed scheme is faster and
more robust given that sliding mode is induced with-
out reaching phase, without any knowledge of the re-
gressor and without any overparametrization; and fi-
nally iii) In contrast to adaptive (first order) sliding
mode control, the proposed scheme induces a sliding
mode for all time, thus it is faster and robust without
any knowledge of the regressor.

VI. EXPERIMENTAL RESULTS

In this section we present the experimental results car-
ried out on 2 degree of freedom planar robot arm (Fig.
3). The experiments were developed under LabWin-
dows 5.0 on Pentium 4, 1.0 GHz with 256 Mb RAM
under Windows 2000. Each run has an average run-
ning of 12 s. for 1 ms. sampling time. Planar manip-
ulator control system used to demonstrate usefulness
of our controller is shown in Fig. 4. The parameters
of the planar robot are m1 = 7.19Kg, m2 = 1.89Kg,
l1 = 0.5m, l2 = 0.35m, lc1 = 0.19m, lc2 = 0.12m,
I1 = 0.02Kgm2, I2 = 0.016Kgm2 for first and second
link, respectively.

The objective of these experiments is to give a de-
sired task and the end effector follows it in finite time.
The desired task is defined as a circle of radius 0.1m
in 2.5s whose center located at X=(0.55,0)m in the
Cartesian workspace. For each experiment we have

 

 

 

 

Figure 4: Two-link planar manipulator control system
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Figure 5: Theorem 1: Control input for both joints.
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Figure 6: Theorem 1: End effector trajectory tracking.
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Figure 7: Theorem 1: Position and velocity tracking
errors
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Figure 8: Theorem 1: Cartesian tracking error.
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Figure 9: Control input for both joints for tg = 1.5s
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Figure 10: Cartesian tracking error for tg = 1.5s
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Figure 11: Position and velocity tracking errors for
tg = 1.5s
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Figure 12: Phase plane for tg = 1.5s
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Table 1: Feedback gains

Kd1 Kd2 α1 α2 K1 K2 Γ Figures
30 1.8 5 5 0.01 0.01 10 5-8
15 1.5 3 3 0.01 0.01 10 9-12

different initial conditions, the initializing neural net-
work weights are zero, zero initial velocity and there
is 100% of parametric uncertain i.e. neural network
approximate the regressor matrix only based in the
states of this function (extend error).

The performance of the proposed controller in The-
orem 1 is depicted in Fig. 6. It can be seen from Fig.
5 the smooth and chattering free control input con-
troller. Figure 7 and Fig. 8 show the position/velocity
and cartesian tracking error, respectively.

In order to increase the convergence velocity of
tracking error a time base generator (TBG) to induce
well-posed terminal attractors is proposed in Parra-
Vega (2001). The TBG sliding surface yields finite
time convergence of tracking errors and it allows to
obtain small error at any given time that is gener-
ally defined by the user. Defining the finite time con-
vergence in tg = 1.5 the end effector follows exactly
the desired trajectory, Fig. 12. Smooth control ef-
fort is showed in Fig. 9-this frequency is normal in
direct drive robots. Furthermore, the convergence of
the cartesian and joint tracking errors are showed in
Fig. 10 and Fig. 11, respectively.

It is important to note that the overshooting present
in the both experiments in t = 6.5s and t = 3s approx-
imately do not have relation with the experiment and
possibly it is a problem with the data acquisition sys-
tem. The feedback gains used in these experiments are
given in Table 1. Finally, the feedback gains are tuned
in trial-and-error basis according to the interplay of
each gain in the closed loop system.

VII. CONCLUSION

A neuro-sliding controller that uses a simple contin-
uous second order change of coordinates is presented
to guarantee convergence of tracking errors. The con-
troller uses few nodes to approximate the regressor
online, and chattering is eliminated by means of the
second order sliding mode surface. The experimen-
tal results demonstrate the stability properties and ro-
bustness of control scheme proposed.
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