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ABSTRACT 

A study on the application of artificial neural networks (ANNs) to active structural control 
under seismic loads is carried out. The structure considered is a single-degree-of-freedom (SDF) 
system with an active bracing device. The control force is computed by a trained neural network. 
The feedforward neural network architecture and an adaptive backpropagation training algorithm 
is used in the study. The neural net is trained to reproduce the function that represents the 
response-excitation relationship of the SDF system under seismic loads. The input-output training 
patterns are generated randomly. In the backpropagation training algorithm, the learning rate is 
determined by ensuring the decrease of the error function at each epoch. The computer program 
implemented is validated by solving the classification of the XOR problem. Then, the trained 
ANN is used to compute the control force according to the control strategy. If the control force 
exceeds the actuator's capacity limit, it is set equal to that limit. The concept of the control 
strategy employed herein is to apply the control force at every time step to cancel the system 
velocity induced &the preceding time step so that the gradual rhythmic buildup of the response 
is destroyed. The ground motions considered in the numerical example are the 1940 El Centro 
earthquake and the 1979 Imperial Valley earthquake in California. The system responses with 
and without the control are calculated and compared. The feasibility and potential of applying 
ANNs to seismic active control is asserted by the promising results obtained from the numerical 
examples studied. 

INTRODUCTION 

"Active Structural Control" is to equip the structure with a control device to counteract, 
or minimize the motion experienced by the structure so that the dynamic response of the structure 
is reduced. This idea was first proposed by Yao in 1972 (Yao, 1972). Since then, this area of 
research has received considerable attention. Recently, considering the i m m a n c e  of this area, 
the U.S. Panel on Structural Control Research was formed in 1991 (Soong, Masri, and Housner, 
1991) and the International Association for Structural Control was formed in 1994 (Housner, 
Soong, and Masri, 1994). So the active structural control is right now a booming research area. 
Many control laws, both linear and nonlinear, have been proposed, and two types of mechanical 
control systems, the active bracing and the variable stiffness method, have been laboratory tested. 
A good review on this subject can be found in Soong (1988) and Yang and Soong (1989). 
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Despite all these developments, there are still problems that must be addressed before it is 
implemented to real structures. For example, time delay and the actuator’s capacity limit are two 
problems needing to be solved. In the development of the control theory the assumptions are 
often made that all operations, including the data acquisition, the on-line computation, and the 
actuator’s response, can be performed instantaneously, with no limitations on the actuator’s 
capacity. But, in reality, these assumptions are difficult, if not impossible, to meet. A time-delay 
compensation was proposed by Chung, Reinhorn, and Soong (1988). However, in their method 
the key parameters, the phase lags, were determined experimentally, and no analytical approach 
was proposed. As for the actuator’s capacity limit, since the classical optimal control theory and 
instantaneous optimal control laws cannot explicitly treat this problem if the control vector is 
included in the performance index, it is often not mentioned in the literature. A study dealing 
with this problem by removing the control vector from the performance index was presented in 
Indrawan and Higashihara (1993). 

Examining critically, one may find that the two problems mentioned above are caused 
mainly by the control laws employed. In most of the control laws proposed so far, e.g., the 
classical optimal control and instantaneous optimal control, the control force needed at any time 
instance is the function of the system response and excitation at the same time instance, and the 
control vector is usually included in the performance index that is optimized. As a result, these 
two problems are built-in problems and cannot be eliminated. Therefore, there is a need for new 
control laws that overcome these deficiencies. The control strategy proposed in this paper is 
intended to be responsive to this need. 

For the control strategy proposed in this paper, the control force is determined such that 
the system velocity at the preceding time step is canceled, or reduced when the capacity of the 
actuator is limited. As a result, the gradual rhythmic buildup of the structural response is 
destroyed. This strategy is heuristic in nature and is a non-optimal type of control since there 
is no performance index to be optimized. Also, since the control force for the current time step 
can be fully determined from the information available at the preceding time, the proposed 
control strategy is free from the time-delay problem. 

To gain robustness, fault tolerance, and reduce the on-line computation time, the proposed 
control strategy is implemented by making use of artificial neural networks (ANNS); A feed- 
forward multilayer perceptron with the backpropagation algorithm, the so-called backpropagation 
(BP.) net, is used in this study. In BP training, the learning rate is determined by ensuring the 
decrease of the error function at each epoch. The potential of applying a BP net to active control 
has been explored by Wen, et al. (1992), but the time delay problem was not addressed in that 
paper. In a recent study (Ghaboussi and Joghataie 1995), a BP net was used to forecast the 
structural response to cope with the time delay problem. 

The effectiveness of the control strategy proposed herein is demonstrated by numerical 
examples in which a single-degree-of-freedom (SDF) system under seismic excitations is studied. 
The dynamic responses of the structure with and without control are compared. The results show 
that the proposed control strategy can reduce the structural response by one order of magnitude 
and has the ability to reduce the peak that occurs during the first few cycles of the time history, 
an ability that linear control laws lack (Gattlli, Lin, and Soong, 1994). The ground motions 



considered in the numerical examples are the 1940 El Centro earthquake and the 1979 Imperial 
Valley earthquake in California. The magnitudes of these accelerations are scaled down to 0.075 
g in this study. 

To address the problem of the actuator’s capacity limit, the control force computed from 
the ANN is passed through a cap function to limit its magnitude. The numerical result shows 
that a shortage of control force at one time step is amortized by the actuator at the following time 
step. 

SYSTEM CONSIDERED 

The linear SDF system used herein in the numerical examples is the same as that used 
in the paper by Chung, Reinhorn, and Soong (1988). The structural properties of this SDF 
system are listed below: 

Mass, m: 16.69 Ib-sec2/in. 
Structural Stiffness, k: 7934 Ib/in. 
Natural Frequency, fo: 3.47 Hz 
Damping Factor, 5: 5% 

For details on the experimental setup the reader is referred to the original paper. Note that the 
linear optimal control theory was used in their study. 

NEUROCONTROLLER -. T 
T 

In this section the concept of the control strategy proposed is introduced, then the 
implementation on a BP net is presented. 

Let x(t) and x(t) be the displacement and velocity of a linear SDF system response to a 
dynamic loading, p(t). It can be shown, e.g., Craig, Jr. (1981), that x(t) and x(t) at t=ti may be 
detehined from the following two recurrent equations given by 

” .(ti) = Ap(ti-At) + Bp(td + Cx(ti-At) + Dx(ti-At) 

and 

x(ts = A’p(ti-At) + B’p(ti) + C‘x(ti-At) + D’x(ti-At) 

where the coefficients, A, B, C, D, A’, B’, C’, and D’ are functions of fo and <. Equations (1) 
and (2) indicate that the system response at t=ti not only depends on the current load p(ti), but 
also on the loading p(ti-At), and the system response x(ti-At) and x(ti-At) at the preceding time 
step, t=ti-At. So the system response may be viewed to be composed of two parts. The first part 



is due to the loading and system response at the preceding time step, and the second part is due 
to the loading at the current time. The control strategy proposed in this paper is to eliminate, or 
reduce, when the capacity of the actuator is limited, the velocity component in the first part. This 
strategy, in effect, is to eliminate or reduce the effect of the external loading on the system 
because the external loading imparts its energy to the system through the velocity. Because the 
control force applied to the system at the current time step is determined at the preceding time, 
this control strategy is therefore free from the time delay problem. 

The proposed control strategy can be easily implemented on a BP net. The BP net used 
herein has five process elements (PES) for the input layer, eight PES each for the two hidden 
layers, and one PE for the output layer. In this study, it is assumed that the sensors provide the 
information about x(t) and x(t) at a rate of 0.01 second. These measured data are fed into the 
BP net to estimate the control force needed. If the five PES for the input layer are denoted by 
xl, x2, x3, x4 and xs, the information represented by these five PES are 

XI = x(t-At) 

~2 = X(t-At) 

x3 = x(t) (3) 

x4 = X(t) 

and the output PQdenoted byy, represents the force p(t). For each time interval, say from t=ti 
to t=ti+At, the BP net is used twice sequentially to perform the following computations to 
compute the control force, Fc(ti+At), needed at t=ti+At. 

First: 

Input 

XI = X(ti-At) 

~2 = X(ti-At) 

x3 = x(t9 (4) 

x4 = X(ti) DISCLAIMER 

x5 = P(ti-At) This report was prepared as an account of work sponsored by an agency of the United States 
Government. Neither the United States Government nor any agency thereof, nor any of their 
employees, makes any warranty, express or implied, or assumes any legal liability or responsi- 
bility for the accuracy, completeness, or usefulness of any information, apparatus, product, or 
process disclosed, or represents that its use would not infringe privately owned rights. Refer- 
ence herein to any specific commercial product, process, or service by trade name, trademark, 
manufacturer, or otherwise does not necessarily constitute or imply its endorsement, recom- 
mendation, or favoring by the United States Government or any agency thereof. The views 
and opinions of authors expressed herein do not necessarily state or reflect those of the 
United States Government or any agency thereof. 



Second: 

Input 

x1 = x(tJ 

x2 = X(tJ 

x3 = 0 

x4 = 0 

x5 = PftJ 
output 

y '= Fc(ti+At) 

Conceptually, the first computation, Eq. (4), is to ask the net for the force that produces the 
system response, x(ti) and %(ti), and the second computation, Eq. (S), is to ask the net for the 
control force at t=ti+At that cancels the system velocity (x4=O) induced at t=ti. Note that x3 is 
set equal to zero because the actual data for x3 is unknown; therefore, it is treated as a "missing 
data". At t=O an$O+At, Fc(0)~Fc(O+At)=O are assumed, and the control algorithm is stopped 
when x1=x2=x3=x4=x5=0 are detected. 

If the control force obtained from Eq. (5) exceeds the actuator's capacity, the control force 
is set to be the maximum capacity of the actuator. 

BACKPROPAGATION ALGORITHM 

The training algorithm used herein for the BP net is the gradient phase of the SGRA 
algorithm proposed by Miele, et al. (1970). The advantage of this algorithm is that the decrease 
of error function at each epoch is guaranteed; otherwise, the program stops. The training 
algorithm used herein is summarized below: 

* ,  

1. Randomly select initial values in the range [-OS, O S ]  for all weights including the 
biases. 

2. Present all the input-output training patterns to the net, and calculate the error 
function, E(wOId). Stop if the convergence criterion E < 8 is satisfied; otherwise 
continue to step 3, where w is the vector of the weights. 



4. Randomly select values for x(t-At), x(t-At), p(t-At), and p(t) in the range specified 
above, then compute x(t) and x(t) from Eqs. (1) and (2). The data set is 
discarded if either x(t) or x(t) is outside of the range. 

A total of 3,100 training patterns were generated. Among them, 3,000 patterns were used 
for training and 100 patterns were used for testing. Before being fed into the net, the training 
patterns were normalized such that the input patterns were in the range of [-1, 11 and the output 
patterns were in the range of [0.1, 0.91. The termination criterion for the training process 
suggested by Hecht-Nielsen (1990) was used in the program. 

NUMERICAL EXAMPLES 

In this section, the dynamic responses of the SDF system described above subjected to 
base excitations are studied. The trained BP net is used to compute the control force. Two 
earthquake motions are used for the input base excitations. They are the f i s t  6.29 seconds of 
the N-S component of the ground motion recorded during the 1940 El Centro, California 
earthquake, and the 40.96 seconds of the N90W component of the 1979 Imperial Valley 
earthquake in California. The magnitudes of the two records were scaled down to 0.075 g. The 
plots of these two time histories are shown in Fig. 1. For discussion purposes, the first time 
history is referred to as Base Motion 1, and the second time history is referred to as Base Motion 
2. In the numerical data presented herein three conditions are considered, and the results are 
compared. The first condition considered assumes that the system vibrates without any control. 
The second condition considered assumes that control force is applied to the system and there 
is no limit on the actuator's capacity; this case is identified as "full control". The third condition 
considered assumes that the actuator's capacity is limited to 300 Ib, and this case is identified 
as "limited contro? in the preigntation. 

Shown in Figs. 2 and 3, respectively, are the time histories of the relative displacement 
and velocity of the system response to Base Motion 1. One can see from these figures that the 
structural responses are dramatically reduced, and, as one would have expected, the response of 
the system with the limited control is larger than that with the full control. One also notices that 
the curves corresponding to these two cases are separated during the strong excitation and then 
merge together at a later time. This indicates that the shortage of the control force during the 
strong excitation is amortized by the actuator at a later time. The time histories of the control 
forces for the case presented in Figs. 2 and 3 are shown in Fig. 4. One can see clearly when the 
control force is limited to the maximum capacity of the actuator. The results presented in Figs. 
5 and 6 are the counterparts of Figs. 2 and 3, respectively, for the system subjected to Base 
Motion 2. For clarity, only the first 20 seconds of the responses are plotted. Again, one can 
see the effectiveness of the control; the structural response is drastically redked by one order 
of magnitude. Also, one may notice the significant reduction for the first peak of the response, 
which, as mentioned above, cannot be produced by the linear optimal control laws. The 
maximum values for the time histories presented in Figs. 2, 3, 5, and 6 are listed in Table 1 for 
comparison. 



It may be of interest to know what if the magnitude of the input motion far exceeds that 
considered in the training. To test the neurocontroller under this extreme case, the 800% of the 
Base Motion 1 is used as the input motion, and the same neurocontroller is used to compute the 
control force. For the limited control condition, the actuator's capacity is limited to 1500 lb. 
The time histories of the relative displacements obtained from the analysis are presented in Fig. 
8 which clearly shows that the neurocontroller is still able to reduce the structural response. The 
maximum values of the responses for this analysis are also listed in Table 1. 

CONCLUDING REMARKS 

A study of seismic active control using neural networks is presented. The control strategy 
is to destroy the gradual buildup of the structural response by cutting the link between the 
consecutive system responses. The proposed control strategy is free from the time delay problem 
and can easily handle the actuator's capacity limit. This control strategy is implemented by 
making use of a BP net, and an adaptive learning algorithm is used in the training. Also, the 
distinct feature of ANNs in dealing with the missing data is utilized in the study. The 
effectiveness of the control strategy is demonstrated by numerical examples. The results show 
that the system response is reduced by one order of magnitude, and that the control strategy used 
has the ability to produce a significant peak reduction for the peak occurring during the first few 
cycles of the time history. 
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Table 1. Comparison of Maximum Responses 

II I . Base Motion 1 I Base Motion 2 I 800% of Base Motion 1 11 
Displacement Velocity Displacement Velocity Displacement Velocity 

in. in./SeC in. in./SeC in. in./sec 

Without control 0.147 3.320 0.167 3.938 1.180 26.557 

Full control 0.015 0.168 0.008 0.176 0.214 2.483 

Limited control 0.029 0.707 0.015 0.444 0.570 I 12.782 
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