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SUMMARY

This paper presents a nonlinearly parameterized controller for the adaptive control of base-isolated
buildings subjected to a set of near-fault earthquakes. The control scheme is based on discrete direct
adaptive control, wherein the system response is minimized under parameter uncertainties. Stable tuning
laws for the controller parameters are derived using the Lyapunov approach. The controller utilizes a linear
combination of nonlinear basis functions, and estimates the desired control force online. The
measurements that are necessary to generate the control force to reduce the system responses under
earthquake excitations are developed based on the adaptive systems theory. The main novelty in this paper
is to approximate the nonlinear control law using a nonlinearly parameterized neural network, without an
explicit training phase. A perturbed model is used to initialize the controller parameters in order to
simulate the uncertainty in the mathematical modeling that typically exists in representing civil structures.
Performance of the proposed control scheme is evaluated on a full-scale nonlinear three-dimensional (3-D)
base-isolated benchmark structure. The lateral-torsion superstructure behavior and the bi-axial interaction
of the nonlinear bearings are incorporated. The results show that the proposed controller scheme can
achieve good response reductions for a wide range of near-fault earthquakes, without a corresponding
increase in the superstructure response. Copyright r 2011 John Wiley & Sons, Ltd.
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INTRODUCTION

Structural control has gained significant attention as an effective means to reduce structural
vibrations due to imposed dynamic forces such as wind and earthquakes [1,2]. Various control
methodologies and devices have been proposed in the literature for this purpose, and the volume
of this activity does not permit a comprehensive review of the pertinent literature. The main idea
of this paper is to present a new adaptive controller that is robust to the uncertainties in the
structure parameters, and applicable to nonlinear base-isolated buildings. This research is
motivated by the need to restrict the large displacements at the isolation layer caused by
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near-fault earthquakes, while retaining the advantages gained by lengthening of the natural
period of the structure [3,4].

The idea behind base-isolation is to lengthen the natural period of the structure, thereby
shifting the dominant response mode during earthquakes to the low frequency regions of the
spectrum where the energy contained in earthquakes is expected to be small. It is now widely
accepted that the performance of base-isolated buildings (measured using indices such as
accelerations and story-drifts) is superior to those (buildings) with fixed-base counterparts.
However, this increased performance is achieved at the cost of increased isolation layer
displacements, which may result in isolator instabilities, pounding, etc. In order to retain the
benefits of base-isolation, several control strategies have been proposed in the literature [1]. The
basic idea behind these approaches is to place control devices in the isolation layer that enhance
the overall performance of the base-isolated structure, while retaining the fundamental
characteristics of base-isolation.

Broadly speaking, there are three main structural control methodologies: passive, active and
semiactive. As the name implies, passive control methods employ devices that are primarily
variations or adaptations of traditional spring and viscous elements. Once deployed, these
elements react to the forces imposed upon them, and there are no provisions to adapt them
online. On the other hand, semiactive and active control strategies employ specialized hardware
and algorithms to enable adaptation. Hydraulic actuators, electric motors, etc., are generally
employed within the active control setting, whereas magneto-rheological dampers, variable-
stiffness devices, etc., in semiactive control. The relative merits and de-merits of using active
devices versus semiactive counterparts have been documented extensively in the literature [1].

The motivation to study active control as the test-bed for algorithmic development is as
follows. A large number of the control algorithms used for semiactive and active control
strategies are fundamentally the same, with the primary difference being the methodology used
to operate the device itself. Whereas, the desired control force can be directly commanded using
an active device by accounting for the actuator dynamics, this is not as straight-forward in a
semiactive device. For example, the desired control force needs to be converted into a current
that can be commanded to the semiactive device using an inverse dynamic model of the device.
However, from an algorithmic point of view, the underlying algorithms to calculate the force
can be extended to work with semiactive devices as well [5,6], assuming that the semiactive
device dynamics are known a priori or estimated online. Furthermore, the results from active
control are often used as an upper-bound to evaluate the effectiveness of semiactive control
strategies. The motivation for this study stems from this background, and it is expected that the
control algorithm presented here can be extended, for instance, using a clipped approach-to
semiactive control using, say, MR dampers.

Popular methods for the active control of base-isolated structures include linearization,
sliding mode control [5,7,8] and adaptive control [9]. While both linear methods and nonlinear
methods (such as sliding mode control) have provided excellent control designs, the need to
control uncertain and fault-tolerant nonlinear systems has sparked an interest in adaptive
control, especially using artificial neural networks (ANNs). ANNs have been used extensively
for both structural system identification and control [10–22]. In many of these studies, especially
the earlier ones involving control [12–14], the architecture consists of an identification phase and
a control phase, which means that the quality of the controller is directly linked to the quality of
the identifier. Subsequent studies [15–17] have investigated the application of NNs for linear
structures without an identifier (called emulator), while retaining learn-then-control approach.
In this paper, a new direct adaptive controller employing nonlinearly parameterized basis
functions is presented. The tuning laws for the parameters are developed based on the adaptive
systems theory. It will be shown that the resulting controller is robust to system parameter
uncertainties and does not require the desired control output, which is cumbersome to obtain,
for controller development.

A large body of literature on neuro-adaptive control exists on nonlinear systems of the form
_x ¼ f ðxÞ1gðxÞu, where the NNs are used to approximate f(x) and g(x) [23]. Adaptive control
methods such as adaptive feedback linearization and back-stepping have been shown to be very
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effective for the control of a broad class of systems [9,24–29]. In contrast, in this paper, the
function approximation capabilities of nonlinearly parameterized NNs are exploited to
approximate a nonlinear control law. The adaptive controller is capable of handling
uncertainties in both the system parameters and the nonlinear force estimation. The
controller parameters are updated online, and the update laws are derived using the well-
established Lyapunov approach. Unlike classical approaches using NNs where a formal
identification phase precedes the controller development, there is no need for the identification
in the current approach, which is its main advantage.

Numerical simulations are performed on a full-scale numerical test-bed base-isolated
building [30] with an isolation system comprising hysteretic lead-rubber bearings (LRBs). The
structure is excited simultaneously in two directions using a suite of severe near-fault
earthquakes. The earthquakes considered in this study are: fault-normal (FN) and fault-parallel
(FP) components of Newhall, Sylmar, El Centro, Rinaldi, Kobe and Erzinkan. The
performance of the controller is measured using a comprehensive set of eight performance
indices. These performance indices are chosen such that they reflect the relative trade-offs that
exist between various response quantities that typically accompany a control scheme [30]. All
the excitations are used at the full intensity for the evaluation of the performance indices.

SIMULATION MODEL OF THE BASE-ISOLATED STRUCTURE

The overall schematics of the base-isolated structure is shown in Figure 1. This structure is
based on a full-scale structure located in Los Angeles, U.S.A. [30]. The superstructure is
assumed to remain in the linear-elastic regime, while the nonlinearities in the isolation system
provide for the energy dissipation. The asymmetry in the plan causes the structure to contain
significant torsional components in addition to the lateral components. A Finite-Element (FE)
model of the super-structure was constructed in the commercial FE program ETABS, which
was then reduced to 24 degrees of freedom (24DOF) at the centers of mass of the eight floor

(a)

(b)

(c)

Figure 1. (a) Elevation view of the eight-story base-isolated building; (b) FE model; and (c) Typical
actuator placement detail.
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levels. The isolation system model was then integrated into the reduced super-structure model
for the ensuing simulations. While the isolation system exhibits hysteresis, the superstructure is
assumed to dissipate the vibration energy due to viscous damping (assumed to be 5% in all
modes). The details of this structure has been documented elsewhere [19,30], and not repeated
here for the sake of brevity.

The combined equations of the linear superstructure and the base can be described
as follows:

M €U1C _U1KU1MRð €Ug1 €UbÞ ¼ 0 ð1Þ

RTM½ð €UÞ1Rð €Ug1 €UbÞ�1Mbð €Ug1 €UbÞ1Cb _Ub1KbUb1fbðUb; _UbÞ1fc ¼ 0 ð2Þ

whereM is the superstructure mass matrix,Mb is the diagonal mass matrix of the rigid base, C is
the superstructure damping matrix, Cb is the resultant damping matrix of viscous isolation
elements, K is the superstructure stiffness matrix, Kb is the resultant stiffness matrix of elastic
isolation elements and R is the matrix of earthquake influence coefficients. Furthermore, €U, _U
and U represent the floor acceleration, velocity and displacement vectors relative to the base, €Ub

is the vector of base accelerations relative to the ground and €Ug is the vector of ground
accelerations. fb is the vector containing the nonlinear bearing forces, and fc is the vector
containing the control forces.

A mix of 31 linear elastic elastomeric bearings (with assumed viscous damping) and 61
hysteretic LRBs are assumed to constitute the isolation system. The evolution of hysteresis in
the LRBs is modeled using the following nonlinear differential equations [4]:

U y _zx

_zy

� �
¼ a

_Ubx
_Uby

� �
� Zw

_Ubx
_Uby

� �

Zw ¼
z2xðg sgnð _UbxzxÞ1bÞ zxzyðg sgnð _UbyzyÞ1bÞ

zxzyðg sgnð _UbxzxÞ1bÞ z2yðg sgnð _UbyzyÞ1bÞ

� � ð3Þ

where zx and zy are dimensionless hysteretic variables which are bounded by values71. a, b and
and g are dimensionless quantities and Uy is the yield displacement. The forces, f, mobilized in
the elastomeric isolation bearings or devices (in the x and y directions) are modeled by a elastic-
viscoplastic model with strain hardening, as follows:

fx ¼ kpUbx1cv _Ubx1ðke � kpÞU yzx ð4Þ

fy ¼ kpUby1cv _Uby1ðke � kpÞU yzy ð5Þ

where ke is the pre-yield stiffness, kp is the post-yield stiffness, cv is the viscous damping
coefficient of the elastomeric bearing or device, Uy is the yield displacement. The isolation
system parameters have been specified in the following papers [6,7,30]. The readers are referred
to the benchmark definition paper [30] for discussion on the solution procedure.

ADAPTIVE CONTROLLER DEVELOPMENT

The equations for the state for the base and the superstructure in discrete-time framework can
be written as (shown earlier in Equations (1)–(5)):

zðk11Þ ¼ f1ðzðkÞ; gðkÞÞ1G1FcðkÞ1G1AgðkÞ ð6Þ

gðk11Þ ¼ f2ðzðkÞ; gðkÞÞ1G2AgðkÞ ð7Þ

where Ag(k) are the earthquake accelerations, ½zðkÞ gðkÞ�T 2 Ox � <nare the states of the
discrete-time system corresponding to the base and the superstructure respectively on the
compact set Ox, where ðOx:¼fz; g; kzkpMz; kZkpMggÞ, Mz, MZ are positive constants, and Fc 2
Ou � <m are the actuator inputs on the compact set Ou, ðOu:¼fu; kukpMugÞ, where Mu is a
positive constant. G1 and G2 are the discrete-time control matrices.
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The functions f1 and f2 are smooth nonlinear functions. By assuming that the zero dynamics of
f2ð0; gðkÞÞ is asymptotically stable, the control objective is to determine the bounded control input
F�c , such that the structural responses of the base z(k) follows the desired response zd(k), i.e.

kzðkÞ � zd ðkÞkpE ð8Þ

where e is a small positive constant. It is also assumed that the function f1ðz; gÞ has continuous
bounded partial derivatives in a certain neighborhood of all points along the desired response.
Determining the conditions under which the desired control F�c(note that � represents the desired
quantity) exists is the theoretical control problem. The significance of the assumption regarding
zero dynamics is evident from Equation (8). Since the control tracking problem (and the error
dynamics to be derived later) considering Equation (8) contains only partial states corresponding
to the base, the stability of the overall system must take the entire state space into account. For
structural systems with non-zero dissipative damping, the assumption of zero-dynamics made
earlier is indeed valid.

Under the above assumptions, it follows from implicit function theorem [25,31] that there
exists a desired control force F �c :

F �c ðkÞ ¼ �G1ðF �c ðk � 1Þ; . . .; F �c ðk � nÞ; zðk � 1Þ; . . .; zðk � nÞ;AgðkÞ; . . .;Agðk � nÞ; zd ðkÞ ð9Þ

where �G1 is a smooth nonlinear map and n is the number of delays. The number of delays
depends on the order of the system. The above form of control law is known to exist, and is
unique [25,32]. If the structural response follows the desired response, then the signal from
F �c ðk � 1Þ,y, F �c ðk � nÞ can be expressed in terms of the reference outputs and structural
responses. Also, if the desired response is assumed to be near zero, then Equation (9) can be
simplified further as:

F �c ðkÞ ¼ �Gðzðk � 1Þ; . . .; zðk � n1Þ;AgðkÞ; . . .;Agðk � n1ÞÞ ð10Þ

where n1Xn. The above equation can be written as,

F �c ðkÞ ¼ �GðvÞ ð11Þ

where v consists of past states and present and past values of the ground accelerations. Equation
(10) indicates if the mapping �G is known, then the desired control force F �c ðkÞ can be calculated
using n1 past values z, and n111 current and past values of the earthquake disturbance (define
l5 2n111). Since the function map �G is unknown, estimating the control force F �c ðkÞ is not
possible. However, since the relationship given by Equation (10) exists, �G can be modeled using
a nonlinearly parameterized NN. Note that for notational convenience, the discrete-time k in
the ANN parameters is ignored.

The control law given in Equation (10) is approximated using a linear combination of h�

nonlinearly parameterized functions, each represented by the symbol s. Mathematically stated,

F �c ðkÞ ¼
Xh�
i¼1

a�i s
Xl

j¼1

w�ijvj

 !
ð12Þ

where v 2 <l�1 is the input to the controller, the nonlinear function s :<h� ! <h� is continuous
with respect to its arguments for all finite (W, v), and the adjustable parameters of the controller
are elements of a 2 <m�h� and W 2 <h��l.

The above equation is written in matrix form as:

F�cðkÞ ¼ a�sðW�vÞ ð13Þ

Theoretically, the nonlinearly parameterized controller can model any sufficiently smooth
function on a compact set, with arbitrarily bounded modeling error (eM), by a sufficiently large
number of nonlinear functions (h�). That is, for a given positive modeling error bound eM and a
continuous function s, there exists adaptable parameters a ¼ a� and W5W�, such that the
output of the controller satisfies

max
V 2Ov

kĜðv; a;WÞ � �GðvÞkp eM ð14Þ
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where k � k is any suitable norm. That is,

�GðvÞ ¼ a�sðW�vÞ1e ð15Þ

where kekpeM, a� andW� are the ideal values of the controller parameters which are defined as,

ða�;W�Þ :¼ arg min
ða;WÞ2Ow

sup
v2Ov

kaTsðWvÞ � �GðvÞk

( )
ð16Þ

in which Ow :¼ ða;WÞj kakpMa; kW kFpMw
� �

, Ma and Mw are positive constants and k kF is
Frobenius matrix norm. The Frobenius matrix norm is defined as

kWkF ¼ trðWTWÞ ¼
X

i;j

w2
ij ð17Þ

where tr( � )denotes the trace of a matrix.
The value of modeling error (eM) depends on many factors: the type of nonlinear function (s),

the number of functions (h�), elements of a, and W, as well as size of compact sets Ov and Ow.
Practically, the optimal parameters ða�;W�Þ of the nonlinearly parameterized controller are
unknown. Hence, the nonlinear function �G can only be approximated. The approximated
adaptive control force is then given by,

F̂c ¼ asðWvÞ ð18Þ

In the following discussion, stable discrete-time parameter update laws for the controller are
derived using Lyapunov method, and it will be shown that the estimated parameters remain
bounded.

Discrete-time parameter update laws

By substituting the control law given by Equation (15) into Equation (6),

zðk11Þ ¼ f1ðn; kÞ1G1½a�sðW�vÞ1E�1G1AgðkÞ ð19Þ

where n ¼ ðzðkÞ; gðkÞÞ. Now, substituting the approximate control law given in Equation (18) in
Equation (6),

ẑðk11Þ ¼ f1ðn̂; kÞ1G1½asðWvÞ�1G1AgðkÞ ð20Þ

The control objective is to ensure that z(k) follows a desired trajectory, zd(k). The neural
controller is selected such that the error between the actual and desired base structural responses
is close to zero. Define error: ebðkÞ ¼ ẑðkÞ � zðkÞ; then, the error dynamics of the system can be
written as,

ebðk11Þ ¼ f1ðn̂; kÞ � f1ðn; kÞ1G1½asðWvÞ � a�sðW�vÞ � E� ð21Þ

The error dynamics in Equation (21) can be written as:

ebðk11Þ ¼ A1n̂ðkÞ � A1nðkÞ1f0ðn̂; kÞ � f0ðn; kÞ1G1½asðWvÞ � a�sðW�vÞ � E� ð22Þ

where f0ð�Þ is the nonlinear part due to LRB system. Let the nonlinear higher order term to be
gðn̂� nÞ ¼ f0ðn̂Þ � f0ðnÞ.

Hence, the simplified error dynamics for the base can be written as,

ebðk11Þ ¼ A1e1ðkÞ1gðe1Þ1G1½asðWvÞ � a�sðW�vÞ � e� ð23Þ

where e1 ¼ n̂� n, and A1 ¼ f 01jn̂ ¼ n.
Similarly,

esðk11Þ ¼ A2e1ðkÞ ð24Þ

where A2 ¼ f 02j0. Combining Equations (23) and (24),

e1ðk11Þ ¼ �Ae1ðkÞ1 �Dgðe1; kÞ1 �B½asðWvÞ � a�sðW�vÞ � e� ð25Þ

where �A ¼ ½f 01j0f 02j0�
T, �D ¼ ½1 0�T, and �B ¼ ½G1 0�T. Define the parameter errors as, ~a :¼ a� a�,

~W :¼W�W� and ~s :¼ sðWvÞ � sðW�vÞ, then, the error dynamics can be written as (neglecting
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the higher order terms of the form ~a ~r),

e1ðk11Þ ¼ �Ae1ðkÞ1 �Dgðe1; kÞ1 �B½ ~asðWvÞ1a ~r� E� ð26Þ

To facilitate the derivation of the parameter update laws, ~s is expanded in a Taylor series as,

~s ¼ sðWvÞ � sðW�vÞ ¼ s0ðWvÞðW�W�Þv1s0ðWvÞ ð27Þ

where s0 are the higher order terms of the Taylor expansion, which can be written as,

s0ðWvÞ ¼ sðWvÞ � sðW�vÞ � s0ðWvÞ ~Wv ð28Þ

The higher order terms in Equation (28) can be shown to be bounded as follows:
Using Mean-Value Theorem [24], 9 �W 2 ½W;W��, i.e. �W ¼ lW1ð1� lÞW�, for some

l 2 ½0; 1�, such that

s0ðWvÞ ¼ s0ðWvÞjW¼ �W
~Wv� s0ðWvÞ ~Wv ð29Þ

¼ ½s0ðWvÞjW¼ �W � s0ðWvÞ� ~Wv ð30Þ

Let

d :¼ sup
v2Ov;W2Ow ; �W2½W;W��

ks0ðWvÞjW¼ �W � s0ðWvÞk ð31Þ

Then, the higher order terms are bounded by,

js0ðWvÞjpdk ~Wvk ð32Þ

By substituting ~s from Equation (27) into the error dynamics (Equation (26)),

e1ðk11Þ ¼ �Ae1ðkÞ1 �Dgðe1Þ1 �B½ ~asðWvÞ1as0 ~Wv1as0ðWvÞ � e� ð33Þ

Now, the parameter update law is presented such that the overall system stability is ensured in a
Lyapunov sense. It will be also shown that the NN parameters are bounded for suitably small
tracking error e1, and hence the control inputs are bounded.

First, assume that the ANN can approximate the control law F �c ðkÞ given in Equation (9) with
a given accuracy of en, for all input v in a compact set.

With the above assumption, define a positive definite Lyapunov function,

V ¼ 1
2 e1ðkÞ

TPe1ðkÞ1trð ~aðkÞF1 ~aðkÞ
TÞ1trð ~WðkÞF2

~WðkÞTÞ
� 	

ð34Þ

where F1 and F2 are constant matrices that satisfy F1 ¼ FT
140 and F2 ¼ FT

240. The matrix P is
a positive-definite symmetric solution obtained from, �A

T
P1P �A ¼ �Q, with Q a positive

definite matrix.
The first difference of the Lyapunov function can then be written as,

DV ¼
�eT1Qe1 � eT1P

�Be1eT1P
�Dgðe1Þ1eT1P

�Bas0ðWvÞ

1tr ~W½veT1P
T �Bas01F2D ~W

T
�1tr ~a½seT1P

T �B1F1D ~aT�

(
ð35Þ

Assume F2D ~W
T
¼ �veT1P

T �Bas0 and F1D ~aT ¼ �seT1P
T �B. Then, the first difference of the

Lyapunov function reduces to,

DV ¼ �eT1Qe1 � eT1P
�Be1eT1P

�Dgðe1Þ1eT1P
�Bas0ðWvÞ ð36Þ

Using the error dynamics and parameter update laws, Equation (36) can be re-written as,

DV pke1klminðQÞke1k1ke1klmaxðPÞk �BkFeM1ke1kkP �Dkgh1ke1klmaxðPÞk �BkFkakFd ð37Þ

where d is the upper bound magnitude of the higher order terms in Equation (28) and gh is the
upper bound of magnitude error for nonlinear terms in LRB (gh ¼ maxðjf0ðn̂Þ � f0ðnÞjÞ.

Since the ideal parameters are constant ða�; W�Þ, the adaptive update laws for the parameters
can be written as,

aðk11ÞT ¼ aðkÞT � F�11 seT1P
T �B ð38Þ

Wðk11ÞiT ¼WðkÞiT � F�12 veT1P
T �Bais0i i ¼ 1; 2; . . . ; h ð39Þ
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The error bound condition that ensures the negative semi-definiteness of the Lyapunov
difference in Equation (35) can be written as,

ke1k4
lmaxðPÞ½k �BkF ðeM 1kakF dÞ�1kP �Dkgh

lminðQÞ
ð40Þ

To prevent large parameter errors, the parameters of the network are initialized offline, using
finite time samples generated from an approximate model. The estimated parameters so
obtained are subsequently used to begin the process of on-line adaptation.

Before proceeding further, consider Equation (21). The nonlinear terms in the equations of
motion corresponding to the base are contributed by the isolation system. Specifically, the
isolation forces fx and fy in Equations (4) and (5) consist of the un-measurable hysteretic
variable zx,y that is the source of the nonlinearity. Here, the non-smooth signum function, sgn
can be replaced by a smooth tanh function. It can then be verified that zx and zy are bounded
between 71. For the error analysis, consider maximum value for structural system, i.e. kzxk ¼ 1
and kzyk ¼ 1. The nonlinearities in the system govern the magnitude of the bound gh. Since the
nonlinearities are bounded, gh is bounded.

Hence, the error bound condition is reduced to,

ke1k4ea ð41Þ

By using Universal approximation theorem [33], it can be said that the approximation error eM
is reduced to zero by proper selection of network architecture. It can also be shown that the
higher order term d is small and bounded. By a proper selection of the user defined matrix P, the
ratio of terms in ea is reduced to a small quantity.

It must be noted here that since the Lyapunov difference is negative semi-definite, the
stability arguments can only be made regarding the error bounds of the system. Furthermore, by
the proper selection of the user-defined matrix P, it can be argued that the ea is small. If ke1k is
less than the error bound, then it will result in parameter drift. Such parameter drifts can be
prevented by using projection algorithm, as discussed in [34]. The projection algorithm directs
the parameters within the radius of ball Ow, and ensures that the parameters do not grow
unbounded. Hence, the error bound conditions are satisfied.

The parameter update laws in Equations (38) and (39) require access to all the states in the
system. In civil structures, full state measurements is not practical. For nonlinear systems, state
estimation is cumbersome and undesirable. Hence, the update rules are approximated and
specialized for the case of output feedback. Making the following substitution: eT1P

TB ¼ ZAb,
where Ab is the base acceleration, and Z is a small scalar quantity (of the order of 10�2 to 10�4),
results in the following update laws for the parameters:

aðk11ÞT ¼ aðkÞT � ZF�11 sAb ð42Þ

Wðk11ÞiT ¼WðkÞiT � ZF�12 vAba
is0i i ¼ 1; 2; . . .; h ð43Þ

Since the base accelerations are relatively easy to measure, the above simplified control laws
(Equations (42) and (43)) allow for relatively straight-forward implementation. From the update
laws in Equations (42) and (43), it can be observed that superstructure properties such as
stiffness, damping and the nonlinear force terms in the isolation layer do not appear in the
update laws. Hence, the controller is robust to the uncertainties in the system properties.

Controller implementation

All the simulations for this study are implemented in MATLAB [35]. The Simulink block
diagram for the implementation is shown in Figure 2. The input vector v(k) consists of the states
corresponding to the base and the ground accelerations, which are assumed to be measurable.
The base acceleration response is used as the error correcting signal. The activation functions
used for this network are of tanh type. Matrices F1 and F2 are assumed to be identity matrices.
Two centralized controllers are used to control the responses in the x and y directions
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independently. A total of 16 actuators, 8 in each direction, are distributed to the base of the
structure as shown in Figure 3.

The actuator dynamics are modeled using a first-order filter of the form K/s1tc, where tc is
the time constant, and K is the forward gain of the actuator. For this study tc is assumed to be 5.
Values of tc 5 25, 60 were investigated in this study [36]. It was then found that the maximum
variation in the responses of interest was approximately 10%, and hence, only results for the
case of tc 5 5 are reported in the next section. The actuators are assumed to saturate at 3000 kN
peak force. A small random measurement noise is added (as distributed with the benchmark
programs [30]) for all the simulations. The weights of the ANN are first initialized using a
perturbed model of the benchmark structure. The hysteretic isolation system parameters and the
structural system parameters (mass, stiffness and damping) are perturbed randomly between 5
and 15%. The perturbed model is excited using Erzinkan earthquake. The measurement noise is
not added while initializing the parameters of the network. Figure 4 shows the norm of the
weights (|DW| and |Da|) as a function of the number of initialization runs (each run consists of
one simulation). The initialization is stopped after the norms of the parameters stabilize, which
is roughly after 120 runs.
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SIMULATION RESULTS AND DISCUSSION

The main objective of the control design is to limit the peak isolator displacements while
retaining the baseline performance of the uncontrolled base-isolated building in terms of
superstructure accelerations and drifts. For this purpose, it is necessary to view the performance
with respect to various quantitative measures that provide an overall measure of performance of
the controller. Hence, a set of performance indices [30] as shown in Table I are used. The indices
J1 through J5 measure the peak values of base shear, structural shear, base displacement, inter-
story drift and floor accelerations, respectively. These values are normalized by their respective
uncontrolled values. Uncontrolled values represent the responses of the structure when the
control devices are disconnected from the structure. The performance index J6 measures the
maximum control force (normalized with respect to the peak base shear in the controlled
structure) developed in the device, i.e. the peak control demand. The objective of the control
design is to ensure that the values of all performance indices are as small as possible. However,
in some cases, larger values of J6 may represent low peak base shears; hence, the maximum
control force is normalized with respect to the total weight of the structure and the results are
included. J7 and J8 measure the root-mean-square (RMS) values of displacement and
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Figure 4. Parameter variation during initialization phase.

Table I. Performance indices.

Peak base shear� Peak structure shear� Peak base displacement�

J1 ¼
max

t
jjV0ðtÞjj

max
t
jjV̂0ðtÞjj

J2 ¼
max

t
jjV1ðtÞjj

max
t
jjV̂1ðtÞjj

J3 ¼
maxjj

t
xbðtÞjj

max
t
jjx̂bðtÞjj

Peak interstory drift� Peak floor acceleration� Peak control force

J4 ¼
max

t;f
jjdf ðtÞjj

maxjj
t;f

d̂f ðtÞjj
J5 ¼

max
t;f
jjaf ðtÞjj

max
t;f
jjâf ðtÞjj

J6 ¼
max

t
jjfd ðtÞjj

max
t
jjV0ðtÞjj

RMS base displacement� RMS floor acceleration�

J7 ¼
max

i
sd ðtÞ

max
i

sd̂ ðtÞ
J8 ¼

max
f

saðtÞ

max
f

sâðtÞ

These performance indices were originally defined in the base-isolation benchmark study [30].
�The denominator consists of the corresponding response quantity in the uncontrolled case f5 floor number, 1,y,5;
t5 time, 0ptpT; / �S5 inner product; k � k5 vector magnitude; i5 isolator number; Vo, V1 5base and structural
shears; xb 5base displacement; df 5 inter-story drift; af 5 floor acceleration; fd 5 total force in the control devices; sd
and sa 5RMS base displacement and floor acceleration; W5Weight of the structure, 202 000 kN; ^ 5 corresponding
response quantity in the uncontrolled case.
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base acceleration normalized by their uncontrolled values. Readers are referred elsewhere for
details [30].

The results of the controller in terms of the performance indices are presented in Table II for
the nominal case. The structural responses are simulated by exciting the structure
simultaneously using two components of the earthquakes (FP and FN components), as
described in the benchmark paper [30]. Two sets of results are shown in Table II, which are
obtained by interchanging the directions of the earthquake pairs. It can be observed from the
results presented in Table II that the peak base shears (J1) and the peak structural shears (J2) are
reduced by 40% on average compared to the uncontrolled responses. Average means an
arithmetic average of the performance indices for all the earthquakes listed in Table II, for the
two directions. The peak base displacements (J3) are reduced by an average of 22%, and
the maximum inter-story drifts (J4) are reduced by an average of 32%. The average reduction in
the peak floor accelerations (J5) is approximately 27%. The RMS average displacements and
accelerations (J7 and J8) are reduced by 34 and 32% respectively. As is evident from the results,
the performance of the controller is not uniform for all the earthquakes considered. The
standard deviations for peak base shear and peak structural shears are approximately 9%. The
standard deviations for the base displacements, inter-story drifts and accelerations are
approximately 13%. The RMS quantities have larger variations, nearly 19%. Such variability
is not surprising, given that the considered structure is a nonlinear system, and the considered
earthquakes have significantly different frequency characteristics and intensities. Hence,
correlating the responses to a particular parameter, belonging to either the system or the
excitation, is difficult.

Time-history results for Kobe and El Centro earthquakes are presented in Figures 5 and 6.
The response time histories of the base acceleration, roof acceleration, base displacement and
the control force are presented along with the force–displacement loops for the total isolation
level force (transformed to the center of mass of the base). In order to visualize the response
reductions in the superstructure, the inter-story drifts and the floor accelerations are presented
in Figures 7 and 8. Except for the case of El Centro earthquake, the reductions in both the
performance quantities due to the adaptive controller, namely, inter-story drifts and floor
accelerations, are clearly evident. In the case of El Centro earthquake, both inter-story drifts
and the floor accelerations remain close to their uncontrolled values.

These results should be viewed in the context of the overall objectives of control in base-
isolated structures. In this type of structures, due to the concentration of lateral flexibility at the

Table II. Performance indices for the LRB isolation system.

Performance index Case� Newhall Sylmar El Centro Rinaldi Kobe Erzinkan

J1 Dir-1 0.670 0.502 0.717 0.715 0.515 0.565
Peak base shear Dir-2 0.676 0.458 0.698 0.710 0.537 0.550
J2 Dir-1 0.673 0.524 0.720 0.709 0.614 0.574
Peak structural shear Dir-2 0.651 0.446 0.715 0.700 0.543 0.552
J3 Dir-1 0.991 0.677 0.853 0.839 0.694 0.645
Peak base drift Dir-2 0.991 0.608 0.841 0.918 0.716 0.626
J4 Dir-1 0.638 0.527 0.911 0.693 0.808 0.625
Peak story drift Dir-2 0.611 0.489 0.917 0.676 0.665 0.548
J5 Dir-1 0.759 0.643 0.924 0.765 0.888 0.640
Peak floor acceleration Dir-2 0.662 0.519 0.863 0.698 0.825 0.602
J6 Dir-1 0.682 0.735 0.454 0.601 0.509 0.679

(%W) (8.3) (9.4) (3.0) (10.3) (3.9) (10.0)
Peak control force Dir-2 0.654 0.629 0.498 0.515 0.534 0.652

(%W) (8.2) (8.6) (3.1) (8.8) (4.3) (9.3)
J7 Dir-1 0.846 0.506 0.835 0.560 0.651 0.377
RMS base drift Dir-2 0.933 0.507 0.896 0.704 0.709 0.342
J8 Dir-1 0.789 0.543 0.875 0.687 0.807 0.437
RMS floor acceleration Dir-2 0.793 0.463 0.910 0.618 0.846 0.381

�Uncontrolled values are equal to 1 for all performance indices, except for J6. For J6, ( � ) are normalized with respect to
W. Dir-1 and Dir-2 refer to FP-x, FN-y, and FP-y, FN-x respectively.
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Figure 5. Results of neural controller for Kobe earthquake—Response time histories of base and roof
accelerations, adaptive force commanded by the actuator at the CM of the base, and total isolation force at
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isolation level, the base drifts are typically large and sometimes difficult to accommodate. This is
especially the case during near-fault earthquakes and plan-irregular buildings such as the
current benchmark structure under study. The primary objective of the control designs is to
limit such large base drifts. Given the primary objective, it has been observed that (e.g. [6]) the
superstructure drifts and accelerations increase beyond their uncontrolled values, as a result of
control action at the isolation level. Increased superstructure accelerations and drifts may lead
to undesirable effects in the superstructure such as increased story shears. However, in the
current case, the results appear to satisfy the primary objective of reducing the base
displacements, while ensuring that the superstructure drifts and floor accelerations remain
below their uncontrolled values.

SUMMARY

A nonlinearly parameterized adaptive controller is presented for the active control of base-
isolated structures with hysteretic isolation systems. It is shown that the adaptive controller is
robust to system uncertainties and the exact representation of the nonlinear forces. Unlike
popular approaches to nonlinear control, an ANN is used in the study to approximate the
control law, and not the system nonlinearities, which makes it suitable to handle a wide range of
nonlinearities. Adaptive parameter update laws are derived using the Lyapunov approach. By
casting the problem of controlling a nonlinear base-isolated building in an adaptive framework,
it is possible to derive stable parameter update laws that can achieve the performance objectives.
The adaptive controller is implemented on a 3-D nonlinear base-isolated benchmark structure
and the results are analyzed comprehensively. The results show that the controller is effective in
reducing the base displacement of the structure without corresponding increase in the
superstructure drifts and accelerations. The controller formulation, originally derived for the
case of active control, can be extended to the semiactive case as well.
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