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Online Learning in Adaptive Neurocontrol Schemes with  strategy in [10] is the existence of noise on the measured variables.

a Sliding Mode Algorithm The approach requires the integration of the absolute value of the
error signal observed on the outputs. When the error signal is close
Andon Venelinov Topalov and Okyay Kaynak to zero, it clearly leads to the integration of the absolute value of the

noise signal, which gradually increases the bound value and leads to
Abstract—The novel features of an adaptive PID-like neurocontrol lnstqblllty in the Ior.lg. run. In another paper [11], the existence of a
scheme for nonlinear plants are presented. The controller tuning is based relation bgMeen sliding surface for the plant to be Cpntrolled and the
on an estimate of the command-error on its output by using a neural zZero Iearnlng error level of the parameters of a flexible controller is
predictive model. A robust online learning algorithm, based on the direct discussed and the control applications of the method considered in [9],
use of sliding mode control (SMC) theory is applied. The proposed [10] are studied with constant uncertainty bounds.

approach allows handling of the plant—-model mismatches, uncertainties . . . . e
and parameters changes. The results show that both the plant model and Recently, a new learning algorithm for training multilayer artificial

the controller inherit some of the advantages of SMC, such as high speed Neural networks, based on direct use of SMC strategy, was proposed

of learning and robustness. by G. G. Parmeet al. [12], [13]. Its online version presented in [12]
Index Terms—Adaptive control, intelligent control, learning control sys- has been initially tested for the identification of a periodic time signal.
tems, neurocontrollers, variable structure systems. In addition to the applicability of the newly proposed algorithm for

updating the weights in the hidden layers of multilayer network struc-
tures, it also differs from the algorithms in [9] and [10] due to the defi-
nition of the sliding surface which is now determined by taking not only
In the practice of control engineering, stability and robustness dhe€ learning error variable, but also its time derivative. The latter con-
of critical importance. The applications of artificial neural network#ibutes very much to the fast convergence capability of the algorithm.
(ANN) in closed-loop feedback control systems have only recenthhis property is crucial for online learning in applications demanding
been rigorously studied [1]-[7]. When placed in a feedback syste@flaptation to constantly changing environmental parameters, such as
even a static ANN becomes a dynamical system and takes on new aigptive real-time control. This is the motivation behind this work.
unexpected behaviors. As a result, properties such as internal stablfitgresents a new architecture of adaptive controller, which combines
and robustness of the ANN must be studied before conclusions abg@hniques of PID controllers, artificial neural network controllers, and
the closed-loop performance can be made. sliding mode controllers. This combination has a potential to exploit the
In the theory of control engineering, one way of designing a robug@lvantages of these techniques and may be used as a general-purpose
and stable control system is to use the variable structure systems (V&®¥}ist adaptive controller for nonlinear systems. Some improvements
approach, which enables the designer to come up with a rigorous §ththe algorithm are suggested in order to avoid the possibility of up-
bility analysis. Itis a well-known fact that a variable structure controllefated weight values tending to infinity when the learning error variable
with a switching output will (under certain circumstances) result in #gnds to zero and to avoid the well-known chattering problem associ-
sliding mode on a predefined subspace of the state space. This maigsl with SMC.
has useful invariance properties in the face of uncertainties in the planfhe main body of the paper contains six sections. Section I
model and therefore is a good candidate for tracking control of uncélescribes the proposed neuro-adaptive control scheme. Section IlI
tain nonlinear systems. presents the plant predictive model. The PID-like controller is
The studies demonstrating the high performance of the variatfleesented in Section IV. Section V presents the applied sliding mode
structure control in handling the uncertainties and imprecision hal@arning algorithm. Simulation results are shown in Section VI.
motivated the use of sliding mode control scheme in training &finally, Section VIl summarizes the findings of this investigation.
ANN. The results presented in [8] have shown that the convergence
properties of the gradient-based training strategies can be improved by
utilizing the SMC scheme. The method presented can be considered as Il THE NEURO-ADAPTIVE CONTROL SCHEME

an indirect use of VSS theory. Some studies on the direct use of SMGy o way to implement neural network-based control is by using
strategy are also reported in the literature [9], [10]. In [9] the zero Iev&{e well-known principles of one-step-ahead control. In such an ap-

set of the_learning errqrvariable in Adaline n_eural networks is rega_rd_spoach’ a closed-loop predictor monitors the plant inputs and outputs
as a SI'd_'ng surface in the space of _Iea_rn_lng_parameters. A SI'd_'qud predicts the output one-sample interval in the future. A one-step-
m,o‘,’e trajegtory can _then be |n_duce_d, in finite .tl_me, on such a des"&ﬁead controller monitors the past plant inputs and current and past
sliding manifold. Sliding mode invariance conditions determine a Iea&ﬁtputs and manipulates the current control input of the plant so that
squares characterizatiqn ofthe adapti\_/e weights average qynamicsftﬁléepredicted output will approach the desired output. One-step-ahead
stability features of which can be studied using standard time-varyifige o control scheme and its adaptive counterpart are well described
linear systems results. Robustness of_ the _Iearnlng algorithm, Wﬁp Goodwin and Sin [14]. The neural network-based control scheme
res_pect _to bounded external perturbation signals, and measuremgnt, hjinear plants is similar in spirit. A neural-net model of the plant
noises, is also demonstrated. ¥ual. [10] extend further the results js ,qeq for prediction. The controller (usually also a neural network
of [9] by introducing adaptive uncertainty bound dynamics of thew,ct;re) monitors inputs and outputs of the plant and manipulates the
signals. The drawback of the dynamic uncertainty bound adaptatigfy;yo input to make the predicted output, based on the internal model
of the system discovered and stored in the neural-net model (predictive
Manuscript received August 29, 2000; revised January 21, 2001. This papa@del) close to the desired output. Based on these principles a neuro-
was recommended by Associate Editor L. O. Hall. _ ~control scheme that can be used to control nonlinear plants with model
sit§6 Y‘sgf;ali\é CI)SOVIilltgvtdhis %i?;;tr?;(e(gt-r?mfaﬁ?g;rgl f\}g;@i;ﬁ;g;gg&”'Vehpcertaint_ies and parameter changes can be constructed as depicted on
O. Kaynayk is with the iEIectricaI and Electronic Engineering DepartmerE'g' 1. This structure is genera_l in the sense that it can be easily ex-
Bogazici University, 80815 Istanbul, Turkey (e-mail: kaynak@boun.edu.tr). tended toward other control design approaches. Should the closed-loop
Publisher Item Identifier S 1083-4419(01)05660-6. system have to follow a reference model, the control design will be in
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Fig. 1. Neuro-adaptive control scheme.

this case related to Model-Reference Adaptive System (MRAS) T ;(k +1)
proach [15], or should we add to the criterion to be minimized a term

penalizing the squared controls then a simple type of optimal control
criterion could be achieved and an optimal controller could be trained
[16].

It is to be noted that the error used for the adaptation of the con-
troller should be the command-error (i.e., the plant input error) [17],
[18]. However, this is normally not available and what is generally done
is the use of the difference between the desired response and the actual G O u(k)
response (i.e., the plant performance error, or the tracking error). In the
approach adopted in this paper, an estimate of the command-error is ob-

tained, namgd “virtual” command-error, by using a forward dynamiGgg 2. structure of the modified Elman network used as a predictor.
plant predictive model:

input unit

context units

3k +1) W_ith tir_ne delgys, a moc_iified Elman recurrent networl_< [2_4] shown in
T(k)c(k +1) (1)  Fig. 2 is applied to obtain the plant model and to predict its output.
The network has a layered structure that consists of one input unit,
wheree(k + 1) = r(k + 1) — §(k + 1) anddg(k + 1)/du(k)= One output unit, a number of hiddgn units _and the same number of
dy(k+1)/0u(k) s an estimate of the Jacobians of the system, obtain€ANteXt units. The outputs of the hidden units are sent to the context
by using a suitably trained forward model of the system,ar@+1) Units, which can be considered as memory units with one-step time
is the “virtual” command-error. This approach is similar in spirit to thé€lay. The outputs of the context units are also part of the inputs to the
one adopted in [17] under the name “distal supervised learning” andlifiden units. Only the feedforward connections are modifiable. The
[16]. The novel aspect of the approach presented in this paper is tﬁtégr!gths ofthe recurrentconnections from hidden units to contextunits
the one-step-ahead predicted virtual errgfk + 1) is used instead of are fixed as 1. Since a dynamic system represents a relation between
the present virtual error that may be noted:aék). its present output and its past inputs, the introduction of self-feedback

in the context units increases the possibility of the Elman net to model
higher-order systems.
lll. PLANT PREDICTIVE MODEL At the beginning of training, the outputs of the context units are set to

Neural networks can be classified as feedforward networks and &ro (for hyperbolic tangent activation functions) or 0.5 (for sigmoidal
current networks. In feedforward networks, the processing elemeffdivation functions). The output of thiéh context unitis given by the
are connected in such a way that all signals flow in one direction froffllowing equation:
input units to output units. In recurrent networks there are both feed-
forward and feedback connections along which signals can propagate 2ei(k+1) = anci(k) + x;(k) (2
in opposite directions.
Feedforward networks have been applied to system identificatiomerex.; (k) andz; (k) are the outputs of-th context unit ang-th
with success [19], [20]. However, there are also drawbacks, which imidden unit, respectively andis the feedback gain of the self-connec-
clude a large number of units in the input layer (thus, high susceptibilitipns. The value of is between 0 and 1. In this work, the strengtbf
to external noise and slow computation) and stringent requirementstba added self-connections was adopted to be fixed and to be the same
input signals (which must arrive at exactly the correct rate) [21], [22for all self-connections. The results, obtained by Plediai. [24] from
Due to their structure, recurrent networks do not suffer from the abotree application of modified EIman nets to the identification of dynamic
drawbacks. The EIman net [23] is one of the simplest types of recsiystems are used here to set appropriately the network structure. It is
rent network that can be trained using the standard backpropagatiohe noted that the performance of the modified EIman nets for a spe-
learning algorithm. cific dynamic system depends highly en A future extension of the
Although feedforward networks could be also used in the proposeark presented in this paper will be the development of an appropriate
control architecture, taking into account that modeling with recurretraining algorithm so that is automatically selected to suit a given
networks does not require inclusion of a large number of external loopentification problem.

en(k+1)=
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tems as well. Naturally the “forward” neural model providing the Ja-
cobians must be updated online, simultaneously with the update of the
controller parameters. When the above-specialized training principle
was originally introduced, a recursive gradient method was consid-
ered. However, it is well known that the convergence speed of gradient
based learning (e.g., dynamic back propagation method) is very slow,
especially when the search space is complex. Additionally, the tuning
Fig. 3. The PID-like controller. process can easily be trapped into a local minimum. Due to the number
of weights typically present in the both networks, it can only be ex-
The output of the neural network can be determined as follows: pected to work for systems with very slow variatipns in the dynamics.
Furthermore, a number of numerical robustness issues need to be taken
a n also into account when recursive estimation algorithms are applied over
gk+1)=f {Z"V?ifﬂ [Z "Vlijlj(k):| } (3) long periods of time [25]. To overcome some of these drawbacks a
i=1 =1 genetic based method for fast online learning of neural networks in

whereg is the number of neurons in the hidden layer (four in this work euro-a(_japtlve systems_ is proposed in [.26]' This apprpach result_s n
reduction of the mapping error and an improvement in the tracking
n is the sum of the number of network inputs (one in this work), an

the number of the context units (four in this worky;1,; is the weight f;lr;?:;:igrcne'Ig(ci’;'vzvne(;’lgskn;?gj3'Ssg\;?gﬁﬁesaﬁgeréﬁ2;22:; |CsosT§su
of theith neuron in the first (hidden) layer from ijsh input,172; is plexity Y y ;

the weight of the output neuron from itth input (fromith neuron in The online learning algorithm based on SMC has the advantage that

. X - . . he robustness and stability properties of soft-computing-based control
the hidden layer)[ (%) is a set of data consisting of control input S'gna}strategies can be analyzed through the use of VSS theory.

u(k) fed to the neural network input at time instérand output signals The SMC design is divided into two phases. In the first, a sliding

from the context units at the same time stép,(-) is the activation . L .
. . ) . ; R . surface to produce the input/output behavior is defined. In the second,
function for the hidden node andf () is the linear activation function . . - . .
of the output node the weights are updated in order to satisfy the conditions for tracking
p ) Hd sliding on the surface. For the output layer of the model and for

The estimate of the system’s Jacobians that is used to calculate
w N the controller output, the sliding surfaces are defined as in (7) and (8)
virtual” command-error in (1) can be determined by application of threspecnvely [27]:

chain rule as in (4)

e(k)y—ek-1) ——

(k) —

e()=2e (k=1)+¢&(k-2)

ay(k + 1) Z oy(k + 1 (()fH(mi) ) or; Sm =€m + Adrem (1)
du(k) Ofu(x Ox; Au(k)
Sc =¢y + A2y (8)
= sz,- (L= fr(ad)] fule)Wla @)

=t wheree., (k) = y(k) — ¢(k) is the model error and¢, A2 > 0 are

wherefy (z:) = —=1/(1 + e *7) is a log-sigmoid function and, = constants. - _

S WL L(k). ' For the hidden layer of the neural model of the plant, the following
Ifa tan- -sigmoid functionfs; (z;) = (1 —e~"1)/(1+¢~"i) isused, Sliding surface is defined as

the last formula needs to be modified as follows:

9g(k+1) o 1\
Cou(k) ZW [1- fii (s ] <§) Wl (5)

whereey = (1/2)e2, andAy > 0 [12].
Therefore, considering the fact that the output units of the both

learning structures have linear activation functions, the weight update
IV. CONTROLLER rules for the output layer of the plant model and for the controller can

An adaptive PID-like controller structure as depicted on Fig. 3 € obtained as in (10) and (11) respectively (for> 0 andoa > 0):
considered, although it should be noticed that the range of possible )
controller implementations can be much wider and structures having W2; =aysign(S)|em| fr () (10)
one or more hidden layers can be used too. The required cartépl
at time instant is computed by using PID control law as follows: i, —assign(S.)|ealhs (11)
u(k) =u(k — 1)+ K1(k)hi(k) + K2 (k)ha(k)
The weight update rule for the hidden layer of the plant model is
Ks(k)hs(k
+ Ka(k)ha(k) ©)  obtained as in (12) (fos > 0) [12]:

whereK, (k) ands = 1, 2, 3 are the controller parameters/weights at .
the time instank, (k) = »(k) — y(k) is the feedback erroh, (k) = Wi, = p Slg“(sﬁ)!em ’
(k) —e(k —1),ho(k) =c(k), hs = =(k) — 2e(k — 1) + =(k — 2) (emW2;, 4+ 1) %
andy(k), andr (k) are the real and the desired system output at time
instantk, respectively.

_ /3 Sign(517)|6n|
C(emW2i ) [L— frlwi)] fa(x)

I (12)

V. SLIDING MODE LEARNING ALGORITHM wheref (z;) is alog-sigmoid activation function of the hidden nodes

If the training is never turned off, the scheme depicted on Fig. dndy is a small constant introduced to avdidllj — oo whene,,, —
should in principle work as an adaptive controller for time-varying sy$-
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If a tan-sigmoid activation function is applied instead, (12) should , nput signal, outyut signals form the nonfinear plant and the NN mode!
be transformed as follows: S ‘

3 Sign(Srr)|6n|

Wi, =
T (emW2i ) [L= fH(2i)] (3)

I (13)

=
5]

A natural solution to avoid the chattering behavior (which is a well

known problem a_sso_ciated with SMC) is_ to smoo_th th_e discontinuity in -~ 15 P g o P e
the signum function in (10)—(13) to obtain an arbitrarily close but con- Time steps
tinuous approximation. One possible approximation is the sigmoid-like . NN model autput error
function ) ’ : : :
0E H H
S : :
vs(S) = —— 14 . |
o(5) (1S +6) (14) 04 : :

whereé is a small positive scalar. ~~ Enz

The conditions for the analysis of the algorithm from the sliding \Aﬁ\f\v\/i\/\\/\}»\f l“‘.. /
mode point of view are 0 100 200 ;w0 : \

[}
[

Abzolite value of the erar

o

500 €00
i) r andy are limited with limited derivatives; Time steps
i) fwu() is differentiable and limited. @
For the learning structures described, these conditions are obviously Input signal, output signals from the nonlinear plant and the NN model
fulfilled. ! 7T ; T !
Using the well-known conditions for sliding mode regime [27], the sl P, : L R A i
bounds for the constanis, A, andA g that appear in (7), (8) and (9) El
are obtained as L a’ ..................................................................
) 5 z s s : i
1 y ;s S ] e T R R AR S
A ZmaX{__.M_M} (15) ; AR i N
fu () ot [em] ¥ ; i ; i bt
| 0 100 200 300 400 500 600
Ay > max {— L} (16) Time steps
Cu | NN radel output error
. 1
2 0L _ |én] : ! ! ! :
Am 2 max {_E "o len| | A7) i agh--- ----------- - o -
% [N :‘ ........... beeemeeanaan feeacmeaanns . 4
The ideal situation would be to have always high valuesgfA. ri N R SO FUVUUUOS FOUUUNOt M i
and A to guarantee fast convergence, but there is in fact a trade-off 2 §
between the values of;, Az, and\ 4, and the relevant values of;, 202 Fl """"" A S S 7
2, andg, which by their turn, depend also on the amplitude variations ™ e 2 N DS T

0 100 200 300 400 500 &00

of the system parameters. Therefore, for every system to be controlled, Time steps
the bounds for, az, ands (andA;, Az, andAy) should be derived )

in advance in order to predict convergence and stability properties.
The upper limits ofv1, a2, andg3 can be obtained from the sliding Fig. 4. Results from the performance testing of the recurrent Elman net as a
surface expression. For a givéh delimited by the training data and nonlinear plant identifier with (a) dynamic BP learning algorithm and with (b)
twork t | th limits for th . | ; - the proposed sliding mode algorithm. output of the plant, _ _ _ output of
network topology, e‘upper !ml s for the galns, or garnlng raies, e neural model, . . _input signal.
a9, and 3 can be easily obtained. According to Utkin [27], the con-
dition for existence of sliding mode and system stability is defined by

(18). Since the adaptation of the weights of the learning network struc- VI. SIMULATION RESULTS

wres, Whlch COlfjld b? mtgfrpreted a;;or;]trol sng:na_ls V\;'trl] regardlto _thes%xtensive simulations are conducted to investigate the ability of the
sr:rqctlyrt_as, 'sl a LfnCtIOn 1, @z, andg, the analysis of (18) results in scheme depicted on Fig. 1 to work as an adaptive controller when the
their limit values: sliding mode learning algorithm is applied. A nonlinear plant described

ds by the following difference equation:
S T <0. (18)
iy = YE=Dy(k=2)y(k=3)u(k=2)[y(k=3)—1] + u(k—1)
C(_)n\_/ergence_is guarant_eed f_or_ any values:o,fazg_ andgj, with_in_ y(k) = 1+ y(k—2)> + y(k—3)?
the limits established b§, since it implies on the existence of sliding (29)

mode. For discrete time, where Sarptatlal.[28] defined the equation is adopted from [19]. Log-sigmoidal activation functions are adopted
|S(k + 1)] < |S(k)|, instead of (18), as a condition to guarantee thir all neurons in the plant predictive model with the exception of the
sliding manifold, a way to define the limits for gains, a2 and3 is  output node that has a linear activation function. Two experiments are
presented in [13]. carried out. Firstly, the ability of the modified EIman network to model
With the surfaces defined as in (7)—(9), the weight updating ruléise plant dynamics in an open loop system is investigated. The input to
defined as in (10)—(13)\:, A2, and\y satisfying the boundary con- the plant and to the model is taken as a sinus@id = sin(2wk/300).
ditions [(15)—(17)], it can be affirmed that the model er¢gr and the The initial values of the network weights and biases are chosen ran-
“virtual” command-error,, tend to zero [12]. domly. As seen from Fig. 4(a) and (b) when the sliding mode learning
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Fig. 5. Results from the performance testing of the neuro-adaptive control . .
scheme with online learning algorithm, based on SMC. output of tt[‘ﬁln the second experiment, the recurrent network has to learn online

system, ___ output of the neural net model, . . _reference signal. e forward dynamics’ model in the closed loop system. The controller
structure is also tuned online. Both, the neural model of the plant and
the controller are tuned using the sliding mode learning algorithm. The
algorithm is applied, the average error of the model is more than thmeéerence signal is chosen to bg:) = 0.5 sin(27%/300). Both, the
times smaller in comparison with the dynamic BP learning algorithrmitial gains of the controller and the initial weights and bias terms of
The learning rate of the BP algorithm was set to 0.15. In this expetie neural model are randomly chosen. As seen from Fig. 5(a)—(c),
ment, acceptable results for the dynamic BP were obtained only whee system is able to track appropriately the reference signal and ap-
the input signal was set ta(k) = sin(27k/500), i.e., a lower fre- propriate tuning of the controller takes place. Fig. 6(a)—(c) shows the
quency. changes of the controller parameters during the time of simulation.
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