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Abstract
The present paper implements a novelty semi-active structural control design on a two-story building, with the aim of reducing vibrations
caused by transient type loads. The analyzed structure corresponds to an experimental prototype that was fully characterized and modeled
according to the diaphragm hypothesis. The controller used was based on the action of a pair of real magnetorheological (MR) dampers
whose operation is emulated by the phenomenological model. These mechanisms are governed by a numerical system that is based on
non-linear autoregressive model with exogenous inputs (NARX)-type artificial neural networks, which have the ability to determine the
necessary optimal control forces and the voltages required for the development of these forces through a prediction model and an inverse
model, which are pioneers in this kind of systems. The results obtained show that the control design based on neural networks that was
developed in the present study is a reliable and efficient, achieving reductions of up to 69% for the peak response value.
Keywords: Dynamics of structures, semi-active control of structures, inverse models, predictive models, neural networks,
magnetorheological dampers.

Control estructural utilizando amortiguadores magnetoreológicos
gobernados por un modelo predictivo y por un modelo inverso
dinámico
Resumen
En este artículo se implementa um novedoso proyecto de control estructural numérico en una edificación de dos pisos con el objetivo de
reducir vibraciones debidas a cargas de tipo transiente. La estructura analizada corresponde a un prototipo experimental debidamente
caracterizado y modelado de acuerdo con la hipótesis del diafragma. El controlador utilizado se basa en la acción de un par de
amortiguadores magnetoreológicos (MR) reales cuyo funcionamiento es emulado a través del denominado modelo fenomenológico. Los
disipadores son gobernados por un sistema numérico basado en redes neuronales artificiales del tipo NARX con la capacidad de
determinar fuerzas óptimas de control y voltajes a través de un modelo de predicción y un modelo inverso, los cuales son de uso inédito
en este tipo de sistemas. Los resultados obtenidos muestran que el proyecto de control basado en redes neuronales desarrollado en este
trabajo es un controlador confiable y eficiente, consiguiendo reducciones de hasta 69% en los valores pico de respuesta.
Palabras Clave: Dinámica de estructuras, control semi-activo de estructuras, modelos inversos, modelos predictivos, redes neuronales,
amortiguadores magnetoreológicos.

1. Introduction
The proposed control algorithm calculates the optimal
control force required by the MR dampers to reduce the
movement of the protected structure. However, the
algorithm must also determine the voltage required for the

controller because the increases or decreases in the forces
produced by the damper are indirectly controlled by the
voltages applied to the device.
In this work, the capacity and efficiency of the control
design that has been proposed for a building was evaluated.
Thus, a numerical model was built for a 2-story gantry,
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where 2 MR dampers were installed and controlled by the
developed control algorithm. The structure was subjected to
acceleration at the base, and the response values of the
system both with and without control were calculated to
evaluate the operation of the control strategy presented.
2. Studied Model
The model studied in the present paper consisted of a 2story gantry, analyzed in 3 dimensions, with 3 degrees of
freedom per floor (horizontal displacements in the X and Y
axes and rotation around the Z axis). In addition, the model
considered the use of a pair of MR dampers installed at the
height of the first floor of the building that control the
system. The model was a 2:3 scale experimental prototype
built at the Laboratory of the Department of Structures,
Geotechnics and Applied Geology of the University of
Basilicata in Italy that was used in a joint research project
between the Italian Seismic Engineering University
Laboratories Network (Rede de Laboratórios Universitários
Italianos de Engenharia Sísmica - ReLUIS) and the Italian
Civil Protection Department (Departamento de Proteção
Civil Italiano - DPC).
2.1. Parameters and properties of the building

Table 1.
Properties of the RD-1005-3 MR damper.
Damper properties
Compressed length (mm)
Extended length (mm)
Body diameter (mm)
Maximum extension force (N)
Maximum operating temperature (°C)
Maximum input current (A)

Values
155
208
41.4
4448
71
Continuous = 1
Intermittent = 2
Input voltage (V)
12 DC
Electrical resistance at room temperature (Ohms)
5
Response time (ms)
< 15
Source: Lord Corporation, Lord technical data RD-1005-3 Damper, 2006.

Table 2.
Constant parameters of the RD-1005-3 MR damper
A
β
γ
k1(x-x0)
(N)
(m)
(m)
(m)
20000
10000
10000
60

k0
(N/m)
2020

n
2

Source: Taken from Basili, M., 2006.

The mass, stiffness and damping matrix of the analyzed
building can be consulted in [2]
2.2. Parameters and properties of the MR dampers

The 2-story gantry was 2 m tall between the floors, and
the building was a rectangle with a distance of 3 m between
the axes of the pillars in the Y direction and 4 m in the X
direction. The gantry modeling was conducted in 3
dimensions, adopting the diaphragm hypothesis that
assumes that each slab is rigid in its own plane and flexible
in the perpendicular direction. It was also established that
the horizontal displacements of all floor nodes were related
to 3 rigid body displacements that were defined in the center
of mass of each floor, i: uxi translations in the x direction, uyi
in the y direction, and uθi torsion rotation around the z
vertical axis. Fig. 1 shows a photograph of the actual model,
located at the University of Basilicata in Italy, taken by [1].

The devices used to control the structure were a pair of
compact RD-1005-3 MR dampers, manufactured by the
Lord Corporation in Cary, NC, USA. To numerically
simulate the behavior of these devices, the
phenomenological model proposed in [3], was used.
Table 1 shows the primary properties of RD-1005-3 MR
dampers, according to the technical specifications published
by the manufacturer [4].
In [5] the parameters that characterize the behavior of
the RD-1005-3 MR damper are identified. Was found that
some of these parameters remained constant under varying
operating conditions; thus, for example, fixed values of k0,
n, and k1(x-x0) were defined based on tests seeking to
determine the mechanical characteristics of the damper,
while others, such as the A, β, and γ values, were constant
values suggested in the literature [3]. The damper
parameters that were assumed to be constant values are
listed in Table 2.
However, was identified that the parameters α, c0, and c1
of the RD-1005-3 MR damper to be voltage-dependent
parameters [5]. The equations that describe these
relationships are the following:
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Figure 1 - Experimental frame located in the University of Basilicata
Source: Carneiro, R., 2009.
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3. Controller based on a predictive model and an
inverse dynamic model developed through NARX-Type
artificial neural networks

Input
S(n)

x’(n)
x’’(n)
v(n)

The primary purpose of the control algorithm based on
ANNs herein presented is to define a model capable of
calculating the optimal control force to be applied by the
energy dissipation mechanism such that it reduces the
movement of the protected structure as much as possible.
However, the control design must also focus on determining
the voltage to be applied to the controller because the
increase or decrease of forces produced by MR dampers is
indirectly controlled through the voltage applied to the
device. To determine these two fundamental parameters, the
optimal force and voltage, two properly trained NARX
networks were used. The first network simulates a
prediction model tasked with determining the optimal
control force required for the MR to minimize the vibrations
of the structure in the most efficient manner possible when
it is subjected to external forces on its base. The second
network works as an inverse model, i.e., the network
determines the input of the control design based on the
delayed outputs of the system. Thus, the second network is
occupied with defining the proper voltage to be applied to
the control device such that it will apply a force to the
structure close to the optimal force, which was calculated by
the first neural network.
Fig. 2 presents a diagram of the control based on the
ANN developed to reduce the vibrations of the analyzed
structure.
3.1. Prediction model of the optimal control force
The proposed prediction model of the optimal force is
formed by a NARX-type neural network that is completely
interconnected and configured with a layer of sensory units
composed of fifteen input signals and one bias term, a
computational processing layer consisting of sixteen hidden
neurons, and a layer of results formed by a single output. A
diagram of the network used in the prediction model of the
force is shown in Fig. 3.

Figure 2. Controller design based on artificial neural networks.
Source: The Authors
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Figure 3. Neural network used in the predictive model.
Source: The Authors

The selection of the number of layers and components
per layer for each of the neural networks developed does not
follow a specific procedure; it varies from application to
application and is essentially a trial-and-error exercise. In
general, the use of a hidden layer is adequate to model
highly complex functional dependencies. This ability was
demonstrated in our early experiences, where we attempted
to reproduce the operation of the proposed NARX networks
(predictive and inverse model). When the networks were
modeled with two or more hidden layers, the results
obtained from the processors were virtually identical to the
results achieved by the networks whose computational units
were distributed in a single hidden layer. Moreover, the
computational efficiency of the networks that had a hidden
layer was remarkably greater, which supports the choice of
the number of network layers necessary for optimal
performance.
The choice of the number of neurons in the hidden
layers was decided through a survey process. NARX
networks were analyzed with a hidden layer and various
amounts of neurons (ranging from 8 to 30 neurons). Each of
these networks was evaluated according to two specific
parameters, processing time and performance (measured
from the mean square error of the training process), ranging
from 0 to 1. The value of 1 was given to the network with
the best performance among all the networks, and the value
0 was represented the network with the poorest performance
within the analyzed group of networks. The networks in
between the extremes received a weighting between these
two values based on the estimation of the equivalent
percentage of the evaluated parameters compared with the
best performance parameter values. The result of the
process showed that the ideal number of neurons for a
hidden layer in the NARX networks should be equal to 16.
Finally, the inputs of the neural networks were determined
based on the work of He and Asada [6]. In this work, it was
shown that a second-order input model was adequate to
identify the characteristics of an MR damper, and based on
this finding, it was decided to use delays in the inputs of the
processors of one and two units of time, as shown in Fig. 3.
The hyperbolic tangent sigmoid function and piecewise
linear function were used for activating the neurons in the
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Figure 4. Neural network used in the inverse model.
Source: The Authors

hidden and ouput layers respectively; the LevenbergMarquadt algorithm was used for training the synaptic
conections of the artificial neural network.
3.2. Inverse model applied to determine the voltage of the
control device
The inverse model proposed to determine the voltage to
be applied to the MR damper consists of a fully
interconnected NARX network. Similarly to the prediction
model, the network is configured with an input layer
composed of fifteen input signals, a hidden layer with
sixteen neurons, and a output layer with a single output.
This neural network uses the hyperbolic tangent sigmoid
function and piecewise linear function for activating the
neurons in the hidden and ouput layers respectively.
The input layer of the neural network that composes the
inverse model is formed by the displacement, speed, and
acceleration values of the structure, the optimal control
force values calculated in the prediction model, and the
feedback inherent to the recurrent network with the output
value (voltage). The choice of order of the network delay
lines was again based on the results obtained by [6]. Fig. 4
shows the neural network model used in the inverse model.

validation of the neural network designed for the predictive
model was generated by 2 normally distributed series of
random numbers for 2 specific parameters: acceleration and
voltage. The acceleration values generated in the random
series were applied at the base of the structure and were
discretized in the numerical model. These acceleration
values were produced according to the ordering in time and
magnitude of the possible model responses. For such
purposes, the sampling frequency of the acceleration
parameter was 1 x 10-3 s, and the amplitude values ranged
approximately within the interval [-6, 6] m/s2. The
application of random acceleration on the base of the
structure works as a type of filter, with the obtained
responses (displacement, velocity, and acceleration values)
in the state representation of the analyzed building creating
consistent values to feed the network. Thus, the input
dataset for the training processes and the validation of the
prediction model were as follows: the responses obtained
fro. m the structure (displacement, velocity, and
acceleration); the voltage values generated from a series of
normally distributed data, with a sampling frequency of 1 x
10-3 s and an amplitude of 2.5 v; and the optimal control
force values generated in the neural network output, which
enters the system through the use of a delay line to produce
system feedback.
Figs. 5 and 6, respectively, present the voltage and
acceleration values over time, generated based on the series
of normally distributed random data.
With the excitation of the structure defined, the response
values could then be obtained from the modeled gantry.
These values, along with the voltage values shown in Fig. 5
and the optimal force values determined by the model,
3
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4. Conditioning of both the predictive model and the
inverse model used in the control design

Figure 5. Voltage values generated for the training and validation of the
predictive model
Source: The Authors

4.1. Conditioning the prediction model for the optimal
control force
The dataset used for the training and subsequent

Aceleration at the base (m/s2)

As previously mentioned, the control design was based
on a predictive model and an inverse model acting together.
The predictive model determined the optimal control force
values, while the inverse model defined the voltage values
applied in the damper. Both models were run based on
NARX-type neural networks.
Because the use of neural networks leads to a series of
conditioning tasks (training and validation), the detailed
procedure used by [7] to condition the prediction models
used in the present study is presented below.
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Figure 6. Acceleration values generated for use at the base of the structure
in the predictive model.
Source: The Authors
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comprised the set of sensory units that constituted the input
layer of the prediction model. Fig. 7 shows the response
values obtained by applying the excitation, shown in Fig. 6,
to the structure.
a)

Displacement (m)

0,004
0,002

mechanical model depended on the voltage values and the
structure responses. Thus, working with the parameters
shown in Figs. 5 and 7 in the model proposed in [3], the
control force values were obtained according to the input
parameters of the established neural network. Fig. 8 shows
the desired control force values (target output) that were
originated by the phenomenological model of the MR
dampers as a result of the introduction of the responses and
voltages specified in the input layer of the network.

0

4.2.

Conditioning of the applied inverse model to
determine the voltage values for the control device
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The data used for the training and validation of the
network that composed the inverse model were developed
based on 2 random series of numbers generated from a normal
distribution. In the specific case of the inverse model, the
random parameters that generated the input values for the
system were the output of the NARX network (voltage) and an
acceleration value that was applied at the base of the studied
gantry. The response values of the structure were the result of
the application of the random acceleration to the gantry and
were determined from the state representation of the system,
and the control force values were the result of the insertion of
the voltage values and structure responses into the mechanical
model of the MR dampers. The sampling frequency values of
the generated voltage and acceleration were both 1 x 10-3s,
while the amplitudes of the generated parameters were
approximately 2.5 V e ± 6 m/s2. Fig. 9 and 10 show the
variation, over time, of the randomly generated voltage and
acceleration values, respectively, that enabled the training and
validation of the network proposed in the inverse model.

‐15
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Figure 7. Response values used for the training and validation of the
prediction model: a) Displacement; b) Velocity; c) Acceleration.
Source: The Authors
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Figure 9. Voltage values generated for the training and validation of the
inverse model.
Source: The Authors
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Figure 8. Control force values obtained from the phenomenological model
for the MR dampers. The data were acquired for the training and validation
of the predictive model.
Source: The Authors

The network training and validation dataset was
complemented with the definition of the target output values
for the system. For the specific case of the prediction model,
the desired outputs were the control force values obtained
from the phenomenological model of the MR dampers. The
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Figure 10. Acceleration values generated for use at the base of the structure
in the inverse model.
Source: The Authors
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Figure 13 Acceleration record used.
Source: The Authors
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shown in Fig. 12. Although the control force values for the
training and validation of the system were dependent on the
response and voltage values of the analyzed model, these
values were part of the system input, generating output values
that correspond to the input values from the control plant.
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Figure 11. Response values used for the training and validation of the
inverse model: a) Displacement; b) Velocity; c) Acceleration.
Source: The Authors
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5. Performance of the proposed control model
The proposed control model was tested on the studied
gantry. The base of the structure was subjected to the
excitation action shown in Fig. 13. The acceleration record
that was used to excite the structure was scaled in time and
magnitude to make it compatible with the structure
dimensions.
For the specific case of a decrease in the displacement
peaks of each floor of the structure, the values obtained when
control was managed by neural networks were 66.67% for the
first floor and 68.70% for the second floor when compared
with the displacement peaks of the uncontrolled structure,
which correlates to peak response values of 0.0017 m and
0.0036 m for the first and second floors, respectively. When a
comparative exercise was performed using the RMS (RootMean-Square) values of the displacement, decreases in the
displacement values of 78.69% and 79.40% were observed for
the first and second floors of the structure.

Table 3.
Responses obtained from the system controlled by the semi-active
algorithm based on NARX networks.
‐1000
Response values
First floor
Second floor
‐1500
Maximum
peak
(m)
0.0017
0.0036
0
2
4
6
8
10
Time (s)
Decrease peak (%)
66.67
68.70
Figure 12. Control force values obtained from the phenomenological model
RMS value (m)
0.0003
0.0006
for MR dampers. The data were acquired for the training and validation of
RMS value decrease (%)
78.69
79.40
the inverse model.
Source: The Authors
Maximum peak (m/s)
0.0535
0.0979
0

Acceleration

The displacement, velocity, and acceleration values of
the structure, which were obtained from the application of
the acceleration values shown in Fig. 10, are presented in
Fig. 11. These variables were the response values of the
input layer used in the training and validation of the neural
network that comprises the inverse model.
Finally, the control force values obtained from the
phenomenological model of the device, which also served
as source nodes in the sensory unit of the inverse model, are

Velocity

Displacement

‐500

Peak decrease (%)

65.12

71.61

RMS value (m/s)

0.0070

0.0155

RMS value decrease (%)

82.76

83.21

Maximum peak (m/s2)

2.3828

3.4982

Peak decrease (%)

51.62

66.91

RMS value (m/s2)

0.2690

0.4568

RMS value decrease (%)

78.63

83.88

Source: The Authors
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Figure 14. Responses on the first floor of the structure for both the
uncontrolled model and the model controlled by ANN: a) Displacement; b)
Velocity; and c) Acceleration.
Source: The Authors

Table 3 shows the response values of the structure when
managed by the control design proposed in the present
study. The decreases in the values of these responses were
calculated when compared with the values obtained in the
uncontrolled structure.
Figs. 14 and 15 shows the variation in the responses of
the structure over time. The cases shown correspond to the
model controlled by the NARX neural networks and to the
model where no control is exerted.
The behavior of the prediction model for the generated
controller can be observed in Fig. 16. In this graph, it is
possible to observe how the selected voltage values vary
over time according to the system requirements. The initial
voltage value for the MR dampers is 1.5 volts; therefore, the
network started with this voltage value to determine in
which direction the voltage value would generate control
force values that approached the desired control force
values obtained from the prediction model. As observed, the
voltage in this case never reached 0; this result is primarily
due to the nature of the excitation, which, during the time of
the analysis, never ceased to influence the structure.
Considering that this influence was small in the last 10 s, it
should be noted that the proposed neural networks were
designed with 2 delay lines, which means that the neural
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50
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70

Figure 15. Responses on the second floor of the structure for both the
uncontrolled model and the model controlled by ANN: a) Displacement; b)
Velocity; and c) Acceleration.
Source: The Authors
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Figure 16. Voltage value variations in the system controlled by ANN.
Source: The Authors

networks made decisions based on up to 2 instants of past time;
therefore, when the structure responses became stable, the
system entered into a repetition of output values, resulting in a
virtually fixed voltage value or, in this specific case, a voltage
value with little variation at the end of the observation period.
In addition, Fig. 17 shows the variation in the control
force values of the system caused by the voltage value
variations generated in the prediction model of the
controller. The control force values were examined with
respect to time, displacement, and velocity.
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demand for processing time, which hindered its execution in
real time and would raise the cost of project implementation
due to the need for elements with high computing power to
solve the problem more quickly.
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6. Conclusions

[7]

A semi-active control design was developed in the
present article using MR dampers that were managed by a
control algorithm based on artificial neural networks. To
measure the functionality and performance of the proposed
system, a numerical application was developed using the
control design on a 3-dimensional, 2-story structure that was
subjected to the actions of a transient load.
The controller that was developed based on neural
networks was able to reduce the peak and the RMS response
values for the displacement of the structure by 67% and
79%, respectively, on average. For velocity, the peak and
RMS response values were decreased by approximately
69% and 83%, respectively. Finally, for acceleration, an
average reduction of 57% and 81% was achieved for the
peak and response RMS values, respectively.
Based on the obtained numerical results, the control
design based on neural networks that was developed in the
present study can be considered an efficient, robust, reliable,
and constant controller that was able to reduce the response
values of the analyzed model. To accomplish this, the
predictive and inverse models acted in a competent,
appropriate, and synchronized manner, despite the
complexity of the problem and solution. Perhaps the
greatest weakness for this control alternative was the
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