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This paper investigates an algorithm for fault diagnosis in robot manipulators using a novel neural second-order sliding mode
observer. Differently from the conventional neural network observer and first-order sliding mode observer for the robust fault
estimation schemes, the second-order sliding mode observer is first designed and compared with them. Although the second-
order sliding mode observer converges faster and with less error than each of the neural network and the first-order sliding
mode observer does, it requires prior knowledge of the upper bound of the fault function. Because of this disadvantage, a neural
second-order sliding mode observer is designed, which combines the second-order sliding mode observer with the neural
network observer. The resulting observer not only preserves the features of the second-order sliding mode observer but also
can improve it by removing the need for prior knowledge of the fault function upper bound. Computer simulation results for
a PUMA560 industrial robot are also shown to verify the effectiveness of the proposed strategy.

NOMENCLATURE

FD = Fault diagnosis

FDI = Fault detection and isolation

NN = Neural network

SM = Sliding mode

SOSM = Second-order sliding mode
NSOSM = Neural second-order sliding mode
EOI = Equivalent Output Injection

1. Introduction

Robotic systems are widely used in processing and manufacturing
industries to improve product quality. However, some applications lead
to robots being placed in hazardous and remote environments that can
lead to robot failures, which can not only deteriorate product quality
but also cause harm to users, and other objects in the workspace. For
this reason, robot fault diagnosis is very important to the effective use
of robots in manufacturing environments.

One of the advantages of robust fault diagnosis is that the systems
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are not only able to detect the occurrence of a fault, but also can
provide information on the fault that is useful in compensating for its
effects in the dynamic systems. Thus, one issue in the design of the
online fault estimators is in achieving more accurate fault estimation.
This expectation motivates us to develop additional approaches to fault
estimation for fault diagnosis systems.

Various approaches to fault diagnosis in nonlinear systems and
robot manipulators have recently been proposed. One approach using
an observer based on model-based method has been explored.'> Robust

36 and robot

fault detection schemes for nonlinear systems
manipulators™!! have also been developed using neural network (NN)
learning. The basic idea of these methods is to design a robust fault
diagnosis scheme using a model-based method and to then use the NN
to approximate the faults in the observer design; however, the
disadvantage of this method is that the fault estimation error is often
quite large and the convergence time is quite slow.

It is well known that the main advantage of using sliding mode

technique'* '

is strong robustness with respect to the system
uncertainties and has a fast transient response so that the observer error
is smaller and the convergence time is faster. But this type of observer

has two disadvantages: it provides the chattering and it requires prior
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knowledge of the upper bound of the unknown input for sliding gains
selection. It is a critical and possibly limiting requirement in some
applications. In order to avoid chattering, many different approaches'+?
have been proposed. They are the use of a higher order sliding
mode,'”?! the sub-optimal algorithm,?* the super-twisting algorithm

proposed for velocity observer2+? 2526

and fault diagnosis applications.
To remove the requirement that the upper bound of the unknown
function be known, a neural sliding mode observer which combines
NN and SM could be a good solution due to the capability of the NN
to approximate the nonlinear function.

In order to solve both chattering and prior knowledge of the upper
bound of the unknown function, we propose a novel neural second-
order sliding mode (NSOSM) observer for robust fault diagnosis. The
NSOSM observer is designed with the following principles: 1) the
sliding gains are pre-selected to guarantee that there is little chattering.
In this case, we can imagine that the sliding mode gains were chosen
based on a “selected upper bound” of the unknown nonlinear function.
2) if the upper bound of the unknown nonlinear function is smaller than
the selected upper bound value, then only the SOSM observer is
activated and the system works as a conventional SOSM observer, 3)
if the unknown nonlinear function surpasses the selected upper bound
value, the SOSM observer is “broken, enabling activation of the NN to
compensate for the SOSM estimation error.

The remainder of this paper is organized as follows: in section 2, the
robot dynamics and faults are investigated and problems are described.
In section 3, the fault detection scheme is designed. Three fault
diagnosis schemes are described and compared in section 4, including
SOSM, NN, and NSOSM observers. Computer simulation results on a
PUMAS560 robot are provided in section 5 to verify the effectiveness of

the proposed algorithm. Section 6 outlines some conclusions.

2. Problem formulation

Consider the robot dynamics described by
=M DLtV 0.9)q-F(§)~G() -7+ Ht-T)#q.4.7) (1)

where g € R” is the state vector, 7 € R” is the torque produced by the
actuators, M(g) € R™ is the inertia matrix, V,,(q,¢) € R" includes the
Coriolis and centripetal forces, F(g)eR" is the friction matrix,
7,=R" is a load disturbance matrix and G(g) € R”" is the vector of
gravity terms. The term ¢(q,¢, 7)(¢) € R" is a vector representing the
faults, composed of actuator faults and robot manipulator component
faults, y (t-Ty) € N" represents the time profile of the faults, and T} is the
time of occurrence of the faults.

We let the fault time profile y(-) be a diagonal matrix of the form

Wt=Tp = diag{n (=T, n(t=T), ... 1,(t=Tp} @

where  is a fault function that represents the fault affecting the state
equation.
The faults with time profiles modeled are given by
ift<Ty

0,
%-(t—T)={ o €)
7 —e P, (t=T) it > T/-

where ¢;> 0 represents the unknown fault evolution rate. Small ¢;
values characterize slowly developing faults, also called incipient
faults. For large values of ¢, the profile of j approaches a step function
that models abrupt faults. When ¢, — oo, the 7 becomes a step function
so that incipient fault becomes an abrupt faults.

In this paper, we develop a robust fault diagnosis algorithm for
robotic systems with modeling uncertainties that satisfy the following
assumptions:

Assumption I: The system states of eq. (1) for fault diagnosis (FD)
and controls are bounded for all time.

Assumption 2: The modeling uncertainty is bounded by

v @1+ 7] <z 4

where 2 is the known constant.
The computed torque controller that is used to control the robot
described by eq. (1) follows the desired trajectory. The structure of the

computed torque controller is designed as

10) = M(PIGa+ Ky qa= D+ Kilqa= DIV (a: 94+ G(@) - ()

where ¢, € R" is the desired manipulator trajectory, K, is the
proportional gain matrix, and K, is the derivative gain matrix.
To simplify the design, the robot dynamics can be rewritten as

i=M ' ()[7-V,(9:9)i-G(9)]

(6)
+M (@[-F(@) -]+ At~T)#(q,4, 7)

and if we let x= c']T, the robot dynamic expressed in eq. (6) can be
further simplified as

x :f(q,q, T)+/1(q, qv T)+ KtiT/)¢(q7 47 T) (7)

where f(q,q,7) = Ml(q)[r— V,.(q,4)G—G(q)] represents the known
nominal robot dynamics. x(q,q, 7) = M (9)[-F(q)— 7] represents the
uncertainties in the nominal model.

3. Fault detection scheme

In this section, a fault detection scheme is designed for monitoring
fault occurrences. In order to detect any changes in the systems
dynamics due to faults, the estimated model is compared with a
nominal model. A measure of the deviation between the estimated and
the nominal model give the residual.

Considering an observer of the form:
x=A(x-x)*+A4,4,7) ®

where x is the estimation of x and 4 is the stable matrix that can be
achieved by simply letting 4 = diag(-4,, -4, ..., -4,) with 4;>0.
The estimation error is obtained by substituting eq. (7) into eq. (8),

X = A+ u(q, 4,0+ At-T)Hq,4, 7) ©)

where ¥ =x-x. Considering that when ¢< T} according to eq. (3)
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Nt=Tp¢(q,4,7) = 0. By solving the differential equation eq. (9) with
the initial condition x(0) =0, we have
t
A(t 7)
3(t) = "5(0) + j u(H)dr (10)
0
And with eq. (4),

t
<[ undr
0

=X,

where X, is the chosen threshold bound. Faults are detected whenever
the estimation error component [x(f)] surpasses its corresponding
threshold bound X,,.

4. Fault diagnosis scheme

In this section, three fault diagnosis schemes using NN, SOSM and
NSOSM observers are each described. First, two fault diagnosis
observer schemes based on NN and SOSM observer is described,
respectively. The advantages and disadvantages of each scheme are
given. Then, based on the advantages and disadvantages of each
conventional scheme, a novel neural second-order sliding mode
observer which combines the SOSM observer with the NN observer is
designed.

4.1 Fault diagnosis observer scheme using neural network
observer

For the fault system expressed in eq. (7), a NN-based fault diagnosis
scheme is designed as

x=Ax-x)+f(g,4, )+ n(t—=TYN(?) 11
where ]Q/(t) is the online fault estimator vector. 7> T is the starting
time that enables N(¢#) and operates as follows:

0, if x<xy
n(t=Ty = e~ (12)
1, if x2xy,

The dynamic neural network-based online estimator is chosen to be
a three layer neural network. Its structure can be described by

N(t) = Wo(VE(t)) (13)
where Xx(¢) =1[q,q, r]T is the NN input, I;V,I}' are the weight

parameters, and o is a sigmoid activation function.
The estimation error in the fault situation (¢ > 7)) then becomes

%= A5+ p(g,4, )+ $(g, 4, D)~ W VE(0) (14)

The initial weights I;V, V are chosen such that I;VO'( I>J‘c(t)) =0,
corresponding to the fault-free case. This can be achieved simply by
setting the weights of the NN output layer to zero. Starting from these
initial conditions, we need to adjust the neural welghts that minimize
the Lynorm distance between ¢(q,q,7) and Wa( Vx(t)) overall input.

In this paper, the weights tuning algorithms are taken from Refs.,””?

including the modified back-propagation algorithm and an e-
modification term which is added to guarantee observer robustness. By
choosing a cost function in the form of J= (l/2))~cT5c, the weights

tuning laws are designed as follows:

- oJ
W=—o < —p W (15)
ow

* oJ ~ 7
=—0!2—A—/32||x||V (16)
ov

where ¢, o, > 0 are the learning rates, and pj, p, > 0 are small positive
numbers, the second terms on the right side of the above equations are
the e-modification terms that guarantee estimation robustness in.

Based on the chain rule of derivatives, the components (6J/6I;V)
and (6J/6f/) can be computed by

Lo ox WS .d\._A‘ 17
ow o omety, o i gy a7
oJ _oJ ok Onet;, _r T
C_H & Vil g (%) (18)
aV ox anel‘ ov v
where net;, = Wo(V%)=N(1) and net;,=Vx.
Based on eqs. (15) - (18), the update laws are given by
o ~T T AT oD
W=—a(x d; ) (o(Vx)) —pilw (19)
« : r .
V=—a@d) (®) -pliV (20)
where
~ Onet .
di === — (ot
W anel";V oW
;= % — A WI-T (V%)) and T(V) = diag{ (V%)) .

v

The stability analysis of the fault diagnosis system is given as
following:
Due to the ability of NNs to approximate nonlinear functions, the

unknown fault function can be described by:
#q,q, 1) =Wo(Vx)+¢ 2D

where W, V are the NN’s ideal weights and ¢ is the approximation
error.

We assume that the upper bounds on the optimal parameter satisfy
<y, (22)

Mp<Vy (23)
where || is the Frobenius norm of a matrix. Eq. (14) can be written as

¥ =A%+ uq, 4, 7)+ 49,4, D~ WoVE)

N S (24)
= Ax+pu(q,q, D+ Wo(Vx)+ e,

where W= W—W and & =W[o(Vx)— o-(Vx)]+g, because W, g, o
are bounded such that |&)|<&.
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The stability of the fault diagnosis observer algorithm is analyzed in
the following theorem:*"

Theorem 1: For the robotic dynamics system expressed in eq. (7),
and the proposed fault diagnosis observer scheme expressed in eq. (11),
if the parameters of the NN are updated following eqs. (19) and (20),
then the estimation error ¥ and the parameter estimation errors W and
¥ are bounded.

Proof:

Let us consider a Lyapunov candidate:

v =Pl ) 25)

where p=p’ is a positive-definite matrix which satisfies
AP+ PA=-Q

in which Q is a positive define matrix. Based on eq. (19), we obtain
< T T AT oA
W=ay(&d;) (o(VE) +py W (26)

Differentiating eq. (25), and then combining it with eqs. (24) and (26),
we have
T v 1a

V= %;c Px+ %xTP;chtr(VNVTI;V)

= —%iTQiJrchPﬂJriTPVNVo( VE)+3 Pe, 27)

ol anidi o'+ py I

Based on the properties of the matrix trace and sigmoidal functions, we
have

(V' a3l o) <| el | o, (28)

(W pyld < Jid -1 oy (29)

where ¢, is a boundary of o: Hoﬂs%.
From egs. (27) - (29), we have
V<2 i QR+ P+ 1P o,
LA+ M) |
+w o, + DA o,
=251+ Gl + 0551 6, 7R

e o,

N I T
< il +| 2+ o i+ oR(M-52) o)
1 I
w2 (6 )
< —zhmuxuz{zgw} I
1

where A,i,(Q) is the smallest eigenvalue of Q,

1
ﬂ’hmzilmin(g)s 6] =p]’92=0-m("P"+al )+VVMp1

d.
iy

and 0, =IPl(z+ 7).
Therefore, the condition to guarantee a negative ¥ is as follows:

05+46,0;

> =

r 31
This means that ¥ is negative definite outside the ball with radius »
described as B = {x|lx]<r} , which shows the boundary of x . From eq.
(19), we show the boundary of W with

W =—p 7+ oW+ ¥y o (32)

Both the second and third terms on the right side of the linear system
in eq. (32) are bounded because X, W, o and d;. are bounded and
matrix 4 is stable. Because p; is positive, the dyr;;mic of eq. (32) is
also stable. Consequently, W ois bounded, so W is also bounded.

Then, the bounded property of ¥ is considered. From eq. (20), we
have

V=—p iV + oIV + ariel; 5 (33)

Because x, V,d;h/ are all bounded, the second and third terms of eq.
(33) are also bolunded. Additionally, &, and p, are positive numbers.
The right side of the linear system in eq. (33) contains bounded inputs,
so is therefore also bounded. (Q.E.D)

The above stability analysis demonstrates that the estimation error
(x) and the resulting parameter estimation errors (I;V and I~/) are

bounded under the observer scheme expressed in eq. (11).

4.2 Fault diagnosis observer scheme using second-order sliding
mode observer

In this section, a robust fault diagnosis based on the SOSM observer
is designed. The observer scheme consists of a supper-twisting SOSM
that is incorporated into a nonlinear observer to create a robust
nonlinear observer and faults are reconstructed from the equivalent
output injection (EOI) of the SM.

To design for robust fault diagnosis based on the SOSM observer,
we require the following additional assumption:
Assumption 3: the unknown fault function is bounded

#4.9,D<¢ (34

where ¢ is the known constant.

For the system expressed in eq. (7) that satisfies assumptions 1-3
and is based on Ref,” the SOSM-based fault diagnosis observer is
designed according to

¥ = AG=x)+Aq,4, D+ n(t-TS(0) (33)

where S’(t) is the robust term based on the SOSM observer, and is in
turn designed as

() = kol sign(¥) -z

. (36)
z=—kysign(x)

The estimation error can be obtained from eqs. (7) and (35) in the
presence of the fault such that

Y= A%+ (g, 4, D+ (9,6, D) —S(0) 37)
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Let w(q,q,7)=Ax+u(q,4, 0+ #(q,4,7), such that based on
assumptions 1 - 3, we have
(4,4, Dy (33)

where i is a known constant.
The stability analysis below is given to demonstrate that the

estimation error converges in finite time, by following:*

Theorem 2 For the robotic dynamics system expressed in eq. (7) and
the proposed fault diagnosis observer expressed in eq. (35), if the
sliding mode gains of the SOSM as expressed in eq. (36) are selected as

k;>2y and k,>k Shitdy o (39)
>4y an R T — Y

Qk—4y)
then the fault estimation error X is stable and converges to zero in finite
time.
Proof

From eq. (37), the fault estimation error is expressed as

< . o2~
x=y(q,4, D~k “sign(x)+z

. (40)
z=—kysign(x)
Let us consider a Lyapunov candidate
B sy Lo 12 .~ 2 7
L= 2kl + (kI sign() =) +5 @41
Eq. (41) can be written as a quadratic form:
L=¢p¢ 42)
"y . K +ak, —k
where ¢= [[%]"*sign(%), z]T and P=l o .
2| 2
Combining eqs. (40) and (42), the time derivative of L becomes
: 1
L Lﬁ—l;(i T,&-yTh9) 43)
[x
k[ 2k, 4k —k, Kok
where 7)== and T, = [2k2+-—, ———} .
2| 1 272
1
Recalling that || <, eq. (43) can be after manipulated algebraically
to
1
<—0T¢ (44)
I
|2k (4k2+k)_ "
=tk )y (k2
where T3:—2—1 Y (ki2v) .

~(ky+2) I

Under the conditions of eq. (39), T; becomes larger than zero (75> 0)
and then, from eq. (44), L is a negative-definite matrix, proving its
stability.

In order to prove the convergence of the SOSM observer, we start
with the Lyapunov function of eq. (41). Because & and £, are positives,
L is also always positive and satisfies the following condition:

Ain@I <L 20 DI (45)
where [¢]* =% +lz]” is the Euclidean norm of &
Using eqgs. (44) and (45) and the fact that
. L1/2
K" <I¢l<=% (46)
‘min
it follows that
Ls—-~11-72;T T,¢<-pL"? A7)
I~
and hence,
L<-pL'" (48)
where
12
,B: Z’min(P)ﬂ’min(TS)>0
ﬂ“max(P)

Since the solution of the differential equations

12

y==py", ¥(0) =y,>0
is
2
= (yé/z —gf)

Here y(f) converges to zero in finite time and reaches zero after

t= %B y(l)/z. Combining this result with the comparison principle from

Ref.*" leads to the relation L(£)<y(#) when L(¢y)<y, . Therefore, x(¢)

converges to zero as L(x(f)) converges to zero after 7= 2 L1/2(§0)

B
units of time. (Q.E.D)

4.3 Fault diagnosis scheme using a neural second-order sliding
mode (NSOSM) observer

In sections 4.1 and 4.2, we designed fault diagnosis schemes using
separate NN and SOSM observers. However, when using SOSM
observer, prior knowledge of the unknown fault function upper bound
is required (Assumption 3 in section 4.2). This is usually not a valid
assumption in real-life applications. Moreover, if the upper bound of
the fault function is known but large, then the selected sliding gain is
too large to guarantee finite time convergence, causing undesired
chattering. A neural network is a smooth function and does not require
the bounds of the fault function as inputs, but the approximation error
is bigger than for an SOSM observer. To overcome these drawbacks, in
this section we design a fault diagnosis scheme that uses an NSOSM
observer that combines the SOSM and NN observers. It is designed as
follows:

¥ = AG=xX)+Aq,4, D+ (1T M(1) (49)

where M(t) is the online estimator vector, which is broken down to

M(t) = S(8)+s,N() (50)
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where S'(t) and ]V(t) correspond to the SOSM and NN observers
defined in the previous sections. However, the sliding gains of the
SOSM observer are not chosen based on the fault function upper bound
(this fault function bound is unknown). In this case, the sliding gains
are selected to guarantee that the chattering is small. s, is the switching
term that allows the NN to work under the following switching

o

where ® is a constant that will be defined later and allows the NN to

condition:

la
Oa

iz e

ifil<w

C2))

work when the sliding motion is “broken”. X =x—x is the estimation
error and is defined when the fault occurred as following:
x = A%+ 1q,9, )+ §(g.9, )~ M(1) (52)
The principle operation of NSOSM based fault diagnosis observer is
illustrated in Fig. 1. In this case, the sliding mode gains were pre-
selected based on the selected upper bound S in Fig. 1, to guarantee
less chattering. The constant @ is designed such that when the upper
bound of the occurred fault is smaller than the selected bound S (Fault
1, 2 in Fig. 1), only the SOSM observer is activated to estimate the
fault function (s,=0). If the upper bound of the fault function
overshoots the selected bound S (Fault 3 in the time between #, and ¢,
in Fig. 1), then the term s,=1 is switched to enable the NN to
compensate for the SOSM estimation error.
To simplify the analysis, we can divide the unknown fault function
¢ into two parts:

K44, = $1(@.4. D+ (0.4, (53)
where ¢,(q,q,7) satisfies w(q,q,7)+¢,(¢,4,7)<S which represents
the part approximated by the SOSM observer and ¢,(q,q, 7) represents
the part approximated by the NN observer. If the upper bound of the
fault ¢ is smaller than the selected bound S, then ¢, =0, the NSOSM
observer operating same as SOSM observer does. Else, the component
$,#0, based on the universal approximation ability of the NN
observer, optimal parameter weights W, V exist such that

20,6, D~ W (VE(1))] = 8(1) <3 (54)
where & represents the upper bound of the neural network
approximation error. The unknown input estimated by the SOSM is
now ¢,(q,4, )= ¢,(q,¢, 7)+6<S, smaller than the selected bound S,
making the stability and convergence analysis of this situation similar

to that in section 4.2.

5. Simulation results

In order to verify the effectiveness of the proposed algorithm, its
overall procedure is simulated for a PUMAS560 robot, in which the first
three joints are used. The PUMA robot is a well-known industrial robot
that has been widely used in industrial applications and robotic

_ -
7SN

== =NN - - >

fc-- - 505M

Fig. 1 Faults magnitude and selected sliding mode gains

Fig. 2 D-H Coordinate frames of the 3-DOF PUMAS560 robot

research. Its explicit dynamic model and the parameter values

necessary to control it are given in Ref.’!

The three degree of freedom (3-DOF) PUMAS60 robot is
considered with the last three joints locked. Its kinematic description is
shown in Fig. 2. The uncertainties used in this simulation are given as

follows:
1.14,+0.3sin(3¢,)
F(q) =|1.24,%0.4sin(2q,)
1.445+0.3sin(g;)
and
0.2sin(q,)
7,=|0.1sin(q,)

0.15sin(q;)

In this paper, the computed torque controller is used to control the
robot following a desired trajectory. The structure of the computed
torque controller has been given in eq. (5) with K,=15/;,; and

K,=10l;,5, where I, , represents an identity matrix of nxn

dimensions.

In this simulation we compare the three designed observer schemes
including the NN, SOSM and NSOSM observers, to verify the
effectiveness of the proposed strategy. Matlab/Simulink is used to
perform all the simulations. The sampling time of the simulation is set
to 10™*. The stable matrix 4 = diag(-10, -10, -10). The neural network
is a three-layer neural network has 30 neurons, and its tuning laws are
given in egs. (19) and (20) with oy = &, =5, p; = p, = 0.02. The sliding
mode gains are selected to be k; =k, =4 corresponding to the pre-
selected bound value S,. The switching error is selected to be @=0.1.

In normal operation, the robot tracks to the desired trajectory. The

performance is shown in Fig. 3.

(55)

(56)
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Fig. 6 The estimation error between the fault ¢, and the outputs of the
Now, let us turn to the fault estimation of the proposed algorithm. SOSM. NSOSM and NN observers
The main purpose of this simulation is to show the performance of the

NSOSM fi f faults: faults with
SOSM observer for two types of faults: faults with an upper bound 10q?+0.5q’2+ 10

#1=11.24¢,+0.044,+0.6sin(g3) (57)
0.6sin(q;)+5g5+3sin(g;)

below the bound value S; and the faults with the upper bound bigger
than the bound S,. First, we consider a fault ¢, with the upper bound
below the bound S:
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Fig. 8 Time histories of the fault function ¢, and the SOSM, NSOSM
and NN outputs when fault ¢, occurs
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The time histories of the join angles in the presence of a fault ¢, at
t=10s are shown in Fig. 4. It can be seen that the tracking error
become larger when ¢ > 10s due to the effect of the fault ¢,. The fault
estimation capability of each observer scheme (NN, SOSM, NSOSM)
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Fig. 9 The estimation error between the fault ¢ and the outputs of the
SOSM, NSOSM and NN observers

is shown in Fig. 5 and the corresponding detailed estimated error graph
between faults and estimated faults are illustrated in Fig. 6. From these
figures, we see that the NSOSM observer performs exactly same as the
SOSM observer does. It means that the fault ¢; effect does not exceed
the selected value @ so that only the SOSM observer is able to
approximate the fault function. Moreover,

convergence time of NSOSM is faster and has less error than the NN

observer. The observer mismatch between the fault function and its

estimated output inevitably comes from modeling uncertainties and
error fault approximations of each observer.

Now, we consider a fault with the upper bound above the selected
bound S,. Let us consider a fault ¢, as given below

504, +0.5¢,+20q,

= | 7.444,+0.24¢,+3.6sin(g3) (58)

56sin(q,)+70¢5+1.05sin(qs)

This fault is assumed to occur at # = 10s. The time histories of the joint
angles are shown in Fig. 7. From Figs. 8 and 9, which show the fault
estimates and the detailed estimated error in the presence of fault ¢,, we
see that the SOSM was broken, indicating that the estimation error was
too large. This problem was compensated by the NN in the NSOSM
observer, the estimation error is much smaller. In addition, Figs. 8 and
9 also show that the NSOSM observer keeping the transient response
features of the SOSM observer so that its transient response is
extremely small compare with NN response. Otherwise, the NSOSM
observer has less error than the NN observer does.

These figures show two working modes of the proposed NSOSM
observer corresponds to the effect of two types of faults ¢, and ¢, in

it also shown the
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terms of fault approximation. In both cases, the NSOSM observer has
less transient response and error than the NN observer does. Moreover,
the NSOSM observer keeping the properties of the SOSM observer in
the type of fault ¢, and it is much better than the SOSM observer in
the type of fault ¢,.

6. Conclusions

A robust fault diagnosis algorithm for robotic systems is proposed
that models uncertainties with a neural second-order sliding mode
(NSOSM) observer. The NSOSM observer could allow us to remove
the requirement that the upper bound of the unknown fault function be
known. This observer scheme can also reduce the chattering of the
SOSM observer and lead to less estimation errors than the conventional
NN observer. The convergence of the proposed neural second-order
sliding mode observer was proved theoretically. The results of
computer simulations for a 3-DOF PUMAS560 robot, comparing the
SOSM, NSOSM, and NN observers, verify the effectiveness of the
proposed strategy.
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