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Abstract: The present study investigates the prediction efficiency of nonlinear system-identification
models, in assessing the behavior of a coupled structure-passive vibration controller. Two
system-identification models, including Nonlinear AutoRegresive with eXogenous inputs (NARX)
and adaptive neuro-fuzzy inference system (ANFIS), are used to model the behavior of an
experimentally scaled three-story building incorporated with a tuned mass damper (TMD) subjected
to seismic loads. The experimental study is performed to generate the input and output data sets
for training and testing the designed models. The parameters of root-mean-squared error, mean
absolute error and determination coefficient statistics are used to compare the performance of the
aforementioned models. A TMD controller system works efficiently to mitigate the structural
vibration. The results revealed that the NARX and ANFIS models could be used to identify the
response of a controlled structure. The parameters of both two time-delays of the structure response
and the seismic load were proven to be effective tools in identifying the performance of the models.
A comparison based on the parametric evaluation of the two methods showed that the NARX model
outperforms the ANFIS model in identifying structures response.
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1. Introduction

Recently, application of control systems on smart structures in many fields of engineering has
been greatly increased. These control systems are used to control the dynamic behavior of complex
structural systems of structures located at high risks areas [1–3]. Passive and active control systems
are used to control the vibration of structures subjected to wind, seismic loads, etc. More information
regarding the control strate gies can be found in [1,4,5]. Passive control systems are commonly used
for building structures. Vibration control and damage detection of regular and irregular buildings are
summarized in [5–7]. Ponzo et al. [8] studied an experimental regular frame steel building with passive
and semi-active control system under seismic loads. In their study, they reported the effectiveness of the
used control system in reducing the seismic effects. Moreover, Mazza [9] and Kim et al. [10] presented
a controlled irregular building performance under seismic effects, and observed that the controlled
system can reduce the nonlinear performance of structures. In addition, Bigdeli and Kim [5] performed
a complete experimental study on three passive control systems including tuned liquid column damper

Appl. Sci. 2016, 6, 301; doi:10.3390/app6100301 www.mdpi.com/journal/applsci

http://www.mdpi.com/journal/applsci
http://www.mdpi.com
http://www.mdpi.com/journal/applsci


Appl. Sci. 2016, 6, 301 2 of 15

(TLCD), tuned liquid damper (TLD) and tuned mass damper (TMD) to identify the damping and
mass contributions of each system in the building vibration reduction. They found that the TMD
control system has the highest damping contribution by 49.1% vibration mitigation. Furthermore,
many advantages of the TMD over liquid passive controller system are reported in [10]. Therefore,
this study focuses on the performance of the TMD controlled structures (as experimental study).

Smart structures performance is controlled in time and frequency domains. In time domain,
the magnitude and time period affects decrease, as well as the power spectrum density decreases
with the increase of the TMD mass [5]. Moreover, the response of controlled structures decrease
more than uncontrolled ones [4]. The nonlinearity performance of controlled structures occurs
due to the nonlinearity damping devices of structures [1,3,10]. As such, nonlinear mathematical
models are needed to study the relation between input loads and output performance of smart
structures to develop predicting models for the performance of controlled structures. Some researchers
designed identifications models for smart structures equipped with magnetorheological (MR) damper
systems [1,3,11]. This study aims at developing a new application for nonlinear system identification
(SI) for describing the behavior of seismically excited building attached with TMD control system.

Commonly, the parametric and non-parametric models are the categories of system identification
(SI) [1,12]. The models that are dependent on the physical quantities are considered as parametric models,
while the models used to train the input–output map of structural system are non-parametric [1]. Two
non-parametric models are defined: input–output and output-only models. More details on structures
identification models can be found in [13,14]. The output-only SI is commonly used for structures long
monitoring systems [12]. In this paper, an input–output SI model is used and the data is collected from
an experimental study.

Adaptive neuro-fuzzy interference system (ANFIS) is the widely SI method applied for the
response of controlled structures [1,3]. Two systems are developed by Arsava et al. [1] and
Mitchell et al. [3] including the wavelet and one time-delayed ANFIS models, and they were effective
in identifying structural behaviors. In their studies, the wavelet analysis is used to de-noise the input
signal(s) of the identification models. Therefore, with the filtered data this model is insignificant,
as some information on the structural performance can be lost. The one time-delayed ANFIS model is
applied; however, in this study, we have used one and two time-delays for the output of the ANFIS
model. Simple models have not been used to model the response of controlled structures. In this study,
Nonlinear AutoRegresive with eXogenous inputs (NARX) will be examined and a simplified model
will be obtained in the behavior evaluation of these types of structures. Despite being used in previous
studies [13–17], the NARX is used, in this study, for modeling the behavior of structures equipped
with passive controller.

Accordingly, the main objective of this study is to develop SI models that can be used to detect
the behavior of structures controlled by TMD-passive control systems. The models are described by
experimental system using scaled three story building and a shaking table applying dynamic load
to examine the seismic performance of the structure. This paper is organized as follows: Section 2
discusses the methodology and evaluation theories such as the strategy used to investigate the
performance of the identification models. Section 3 contains the experimental setup and procedures.
The pre-analysis of experiments and modeling results are presented in Section 4. The conclusions are
summarized in Section 5.

2. System Identification Methods

In this study, two systems identification models are applied to investigate the applicability of
using these models for predicting the structures behavior with attached passive control of Tuned
mass damper (TMD), as described in Section 3. The two systems are nonlinear AutoRegresive with
eXogenous inputs (NARX), and Adaptive neuro-fuzzy inference system (ANFIS). In this study, the used
input–output model is divided into single-input single-output (SISO) and multi-input single-output
(MISO). The SISO model is designed based on seismic signals as an input parameter and response
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of structure as output parameters. While the MISO model depends on the seismic signals and
time-delayed output of structural response as input parameters and the response of structure as
output parameters.

2.1. Nonlinear ARX

The NARX models can be used to describe different nonlinear dynamic behavior [18]. It is used
to predict behavior of structures equipped with passive controller systems. It is worth mentioning
that, as the system order increases, the number of candidate terms becomes very large [18–20] which
leads to increased complexity in the analysis [21]. The ARX is described detail in [21,22]. A prediction
of the NARX model takes the form of following nonlinear regression equation [20]:

y (t) = f
(
y (t − 1) , . . . . . . , y

(
t − ny

)
, u (t − nk) , . . . . . . ., u (t − nk − nu + 1)

)
(1)

where f is a nonlinear function, u(t) and y(t) are the input and output sequence, and nu and ny are the
maximum numbers of input and output measurements involved in the model, respectively, nk is the
input delay.

The common representation for the NARX model in Equation (1) is artificial neural networks,
which takes the function f (.). In this study, the sigmoid and wavelet neurons are applied and assessed.
However, the neural networks method is used to identify and adjust the model parameters. Identifying
a NARX model requires two steps: (1) the parameter estimation and (2) structure detection. Those can
be divided into model order selection and the parameters which are selected to be used in the model.
The model order selection is considered as a part of structure detection. Determination of the model
order depends on the trail and errors method and it restricts the choice of terms to be considered. For
NARX models, the system order can be defined as:

O =
[
ny nu nk

]
(2)

The considered prediction (ys (t)) is computed from measured outputs up to the time
instant t − 1.

2.2. Adaptive Neuro-Fuzzy Inference System

The simple definition of a ANFIS model is a hybrid method that can construct an input–output
mapping set of fuzzy “if-then” rules with appropriate membership functions to design the model
input–output data pairs [1,23]. The ANFIS system is a nonlinear learning model that utilizes the
least-square as well as back-propagation methods to train the fuzzy inference systems membership
functions [3,24]. Moreover, the ANFIS is combined of natural language description of fuzzy systems
and the learning properties of neural-networks [24]. Figure 1 demonstrates the ANFIS model structure
of two inputs with five layers. It includes two adaptive layers which are distributed between the
premise part and the consequent part and three fixed layers [23,24]. Mitchell et al. [3] represents a
simplified process of ANFIS for the two or more inputs parameters as follows:

The rules of Takagi–Sugeno fuzzy model were used as [3]:

Rj : if u1 is P1j . . . . . . .and ui is Pij, then z = fi

(
u1, . . . .., ui

)
, j = 1, 2, . . . , N (3)

where Rj is the jth fuzzy rules, N is the fuzzy rules number, Pij are fuzzy sets centered at the jth
operating point, and ui are premise variable or inputs values. Z is a linear function ( fi) of the equation
of the consequent part. The Rj subsystems are integrated by combining the regions of each local
subsystem using the interpolation method of fuzzy as a nonlinear system. As shown in Figure 1,
the ANFIS model is divided into five layers. The output of layer one can be presented in form:

F1,j = uPij(u
i) (4)
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where uPi,j(u
i) is the membership function (MF) of ui in Pij. This MF is applied for each input of

layer one.
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The output of layer two represents the firing strength of the rule:

F2,j = wj = uPij(u
1)× uPij(u

2)× . . . .. × uPij(u
i) (5)

Taking a ration of the layers two in layer three to normalize the outputs of layer two as follows:

F3,j =
..
wj =

wj

∑N
i=1 wi

(6)

Layer four applies a node function to the normalized firing strength and the output can be
expressed as:

F4,j =
..
wj f j (7)

The consequent parameters of function fi are adjustable in this layer and can be used to tune
the outputs of that layer. Therefore, the model output (ys) (fifth layer outputs) summates the layer
inputs as:

F5,j = ys =
N

∑
i=1

..
wi fi (8)

2.3. Performance Evaluation of Models

To evaluate the output performance of systems identifications applied for the structure behavior,
three criteria were used in this study:

First: The correlation coefficient (R2) provides information for linear dependence between
observations and corresponding predictions [25]. R2 is defined in Equation (9) and ranged between 0
and 1; the higher value of R is the better quality of the model.

R2 =
∑n

i=1
(
y − ..

y
) (

ys −
..
ys
)√

∑n
i=1
(
y − ..

y
)2

∑n
i=1
(
ys −

..
ys
)2

(9)
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where y and ys are observed and predicted performance of structures at time t = 1, . . . ,n; n is the number
of observations; and

..
y and

..
ys are the mean values of the observations and predictions, respectively.

Second: The mean absolute error (MAE) which describes the average magnitude of the errors.
MAE is defined in Equation (10) where smaller value of MAE means better quality of the model.

MAE =
∑n

i=1 abs (y − ys)

n
(10)

Third: The root mean square error (RMSE) which considered the average magnitude of the errors
by giving more weight on large errors. The RMSE defined as in Equation (11) where smaller value of
RMSE means better quality of the model.

RMSE =

√
∑n

i=1 (y − ys)

n
(11)

2.4. The Strategy of the Identification Models

The strategy used in this study focuses on the modeling of the behavior of the structures equipped
with a passive controller, i.e., TMD, under seismic loads. The experimental study is designed as
presented in Section 3. The three models are designed in-between input and output experimental data,
as shown in Figure 2 under seismic generated loads, and predicted response of third floor of the frame
building, as output. The first model, i.e., SISO system model, is designed using one input (seismic
signals S(t)) and predicted acceleration behavior (a (t)) is the output (see Figure 2a). Second model
uses the seismic signal and one time-delayed for the acceleration measurements (a (t)) of third floor as
input (see Figure 2b). The third model utilizes the seismic signal, and one and two time-delays of the
acceleration measurements of third floor as input and predicted acceleration response as output (see
Figure 2c). Second and third models are considered a MISO system models.
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Figure 2. (a) Single-input single-output (SISO) and (b,c) multi-input single-output (MISO) models
designed for the modeling of the structure behavior under seismic load.

A shaking table is used to apply input excitation signals (Section 3) to the scaled three-story
building equipped with TMD passive control. The models are designed using TMD with mass
of 1.8 kg (TMD-1.80) as a training setting and TMD with mass 2.39 kg (TMD-2.39) as a testing
setting. The output signals (acceleration) of two cases is filtered using Butterworth Low Pass filter,
the verification of de-noising filter is provided by Bigdeli and Kim [5]. The models process is shown in
a flow chart format (see Figure 3).
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3. Controller System Design

Figure 4 illustrates the experimental design of the building, the TMD control system and shaking
table setup. Figure 4a,b presents a three-story steel building attached with TMD control system which
the base of the control system is weight 1.26 Kg. A scaled steel frame building structure with a plane
eccentricity of zero percent on each floor, and a total height of 930 mm is selected. Diameter of circle
section area of steel columns is 5 mm and story height is 310 mm that the weight of columns for
each floor is equal to 4 × 0.05 = 0.2 kg. All degrees of freedom (DOF) are restricted at base level.
Each floor consists of a rigid steel square plate (300 mm × 300 mm) with 3.44 kg weight with three
degrees of freedom; translation in x- and y-directions; and rotation around a vertical line passing
through the centers of mass in each floor. Therefore, total number of DOFs after the application of
the boundary conditions, rigid diaphragm and also Guyan reduction [26] of vertical and rotational
DOFs around x- and y-axes is equal to 9 (degree of freedom was 42 prior to the application of the
boundary conditions). In order to record the response of the building model subjected to an excitation
load, three wireless accelerometers with identical properties were installed at each floor (see Figure 4a).
The accelerometers were equipped with a wireless Bluetooth system to transfer the data to the core
computer. These devices were able to record the acceleration responses in the x- and y- directions
at the same time. Dynamic loading is applied to the structure by using an earthquake simulating
shaking table (ST-E-1) designed by Smart Control & Sensing. The shaking table system consists of
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an application program, a control box and a shaking table, which work together simultaneously and
the delay time is about 62.5 micro-seconds which can be ignored during the process (see Figure 4c).
Furthermore, the load is directly connected to the motor. Therefore, there is no elasticity from the
moving elements. Thus, the dynamic behavior of the servo control is improved and higher levels of
accuracy are achieved. Table 1 reports the performance characteristics of the employed shaking table.
The shaking table program is used to de-noise the recorded response and the design seismic signals.
The mass attached to the TMD control system in this study are 1.80 and 2.39 kg. Herein, it must be
noted that these amount of masses are larger than usual. However, the obtained response would still
be used for the validity examination of the identification systems. The structure responses for those
two controllers are presented in Section 4.
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Figure 4. Tuned mass damper (TMD) passive vibration controller installed on scaled test model:
(a) scaled frame building, attached with controllers and monitoring systems; (b) TMD; (c) process of
seismic excitation applied to structure through shaking table.
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Table 1. Performance properties of the employed shaking table.

Performance

Peak Force (N) 375.0
Continuous Force (N) 84.1

Peak Power (W) 2261
Continuous Power (W) 113

Table travel (cm) ±12.0
Table Operational Bandwidth (Hz) 20

Table Peak Acceleration (g) 2.0

The acceleration response of each floor is recorded by wireless monitoring systems. Figure 5a,b
presents the input signal and its frequency domain power spectral density. The dominant signal
frequency is 1.92 Hz; however, the provided effective frequency range is between 1.5 and 2.3.Appl. Sci. 2016, 6, 301  9 of 15 
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Figure 5. Excitation dynamic signal: (a) time domain signal; and (b) frequency domain contents.

4. Results and Discussions

The results for the control system design effects and systems identifications are presented in this
section. Furthermore, the evaluation and optimum model for the training (TMD-1.80) and testing
(TMD-2.39) are presented and discussed.

4.1. Controller System Behavior Analysis

In order to assess the controlled system effects on the structural behavior, the input signal and
third floor acceleration measurements (output) for two case studies are presented in Figures 5 and 6.
The input signal generated artificially through shaking table program. This program generates an
acceleration signal having a waveform in which parameters such as strong motion duration, ramp
times, number of strong motion peaks, etc. are variables. The signal is generated based on the capability
of the shaking table [27]. The signal contains the frequencies with a range of 1.2 to 2.6 Hz. This range
of frequency is close to the natural frequency of the system identified by conducting free vibration test.
Thus, it will make a greater impact on the building response, which helps to investigate the response
of the structure for the critical conditions. The dominant frequency of the input signal was reported as
1.92 Hz (see Figure 5b). Being more specific on the effect of increasing the TMD mass of the response
of the structure, Figure 6c presents a meaningful suppress on the response of the structure, i.e., 84%
for 2.39 kg, which means that mass is playing important role in vibration mitigation. However, the
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damping effect of the controller system can be ignored where it has a significant effect on suppressing
the response.
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Figure 6. (a,b) Structural responses for TMD 1.80 and 2.39 kg of uncontrolled and controlled structure
behaviors; and (c) frequency contents of output measurements.

From Figures 5 and 6, it can be shown that the maximum response of structure is 0.13, 0.10,
and 0.08 g for the uncontrolled, TMD-1.80 and TMD-2.39 controlled systems, respectively. Furthermore,
increase the TMD mass is increases the mass and damping of the structure which leads to vibration
mitigation by 72% and 84% for the TMD 1.80 and 2.39 kg, as well as, the amplitude of time series
response of structure is decreased by 30% and 38%, respectively. This means that the controllers are
effectively reducing the response. In addition, the dominant frequency for those cases, i.e., where
TMD mass is equal to 1.80 and 2.39 kg, are decreased by 9.4% and 11.8%, respectively. Therefore,
it can be concluded that the TMD is efficient controller system in the mitigation of the produced
vibration of the structures due to dynamic loads. The mass contribution of the TMD control system
to the mitigating the produced vibration of the structure is significant and the system is not properly
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tuned. Nevertheless, the obtained structural response can be used for the identification purposes
of this study. The time and frequency delay are observed with increasing the mass of TMD (see
Figure 6a,b). The advantages of using TMD for vibration control purposes are presented in [5] where
the comparison between this system and other passive controls are well presented.

4.2. System Identification Analysis

To estimate an optimum model of system identification for the behavior of a coupled structure and
controller system effects, the parameter setting should be evaluated as shown in Figure 3. This section
is divided into two parts: first, the training setting which contains the evaluation of the third-floor
behavior of the building with 1.80 Kg TMD mass (TMD-1.80). Second, the optimum models are
evaluated and discussed using the behavior of the third floor experiments based on 2.39 kg TMD mass
(TMD-2.39). This system case is used as a testing setting.

4.2.1. Training Setting Evaluation

The first estimation model is NARX model. In this section, three NARX models are presented and
evaluated including SISO, one time-delayed MISO, and two time-delayed MISO models, as shown in
Figures 2 and 3. The input parameters are seismic design signal (Figure 5a) and time-delay output
of structure behavior (acceleration measurements). The output is a response of the third floor of the
building (TMD with mass 1.80 kg (see Figure 6a)), while the maximum response of this floor is higher
than the first and second floors. The three models are designed as shown in Figure 2. Table 2 illustrates
the evaluation of the NARX model selections. The trial and error process is used to determine the
number of parameters that can be used to improve the predicted output signals. Herein, NARX(1)
refers to model 1, NARX(2) present model 2 and model 3 is NARX(3) (Figure 2 and Section 2.4). Nine
models are presented in Table 2: one and two are SISO models, and three to nine are MISO models.
The nonlinear wavelet and sigmoid functions are employed also in this table to evaluate the nonlinear
models design. The 5, 10 and 20 neurons are evaluated with SISO model and the R2 are 0.30, 0.33,
−0.018, respectively. Therefore, the 10 neurons are used to design the neural network model. From
Table 2, model 8 is the best (NARX(3) with sigmoid function) based on MISO model design with three
inputs parameters (seismic signal, one and two output time-delays). The evaluation performance
of the models shows that by any increase in the parameters of SISO models the accuracy increased,
while the MISO models perform via versa. In addition, the nonlinear functions of the wavelet and
sigmoid functions with neural network solution are shown suitable to estimate a good performance of
the structural behavior. The sigmoid function performs better than the wavelet with SISO and MISO
of the three inputs parameters. The SISO model is the worst. From these results, it is concluded that
the simplified MISO-NARX models are suitable to estimate the behavior of controlled structures with
high agreement between the observed and the predicted signals (identified) for model 8, as shown in
Table 2 and Figure 7. Therefore, model 8 is selected as the best model that can be used to identify the
nonlinear behavior of a controlled structure.

Table 2. Statistical parameter used for the evaluation of Nonlinear AutoRegresive with eXogenous
inputs (NARX) models.

Model No. Model Order
[(

ny
)
(nu) (nk)

]
and Function R2 MAE (g) RMSE (g)

Model 1 NARX(1) [(5)(3)(1)]-sigmoid 0.33 0.047 0.057
Model 2 NARX(1) [(5)(3)(1)]-wavelet 0.18 0.025 0.042
Model 3 NARX(2) [(2) (2 1) (0 1)]-sigmoid 0.99 2.97 × 10−4 4.35 × 10−4

Model 4 NARX(2) [(2) (2 1) (0 1)]-wavelet 0.99 2.80 × 10−4 4.27 × 10−4

Model 5 NARX(2) [(2) (2 1) (0 0)]-sigmoid 0.99 2.95 × 10−4 4.26 × 10−4

Model 6 NARX(3) [(2) (2 2 1) (0 0 1)]-sigmoid 0.99 1.48 × 10−4 2.41× 10−4

Model 7 NARX(3) [(2) (2 2 1) (0 0 1)]-wavelet 0.99 5.54 × 10−4 6.90 × 10−4

Model 8 NARX(3) [(2) (2 2 1) (0 0 0)]-sigmoid 0.99 1.26 × 10−4 1.88 × 10−4

Model 9 NARX(3) [(2) (2 2 1) (0 0 0)]-wavelet 0.99 4.96 × 10−4 6.09 × 10−4
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Figure 7. Nonlinear AutoRegresive with eXogenous inputs (NARX) identification model 8 for the
acceleration response.

The second model is called ANFIS model, which is known as the best models used in previous
research in controlled structures [1,12,24,25]. The number and type of MF and input time-delayed are
main parameters for the ANFIS model as presented in [1]. Table 3 presents the selection evaluation
of the numbers used and types of MFs. The numbers of MF are evaluated with sigmoid function of
MF type, and the MF types are evaluated with two MF. Furthermore, all evaluations use the MISO
model with two time-delays input, while model 3 is the best. The number of iterations is evaluated
and 10 iterations is used; the RMSE for 10 and 50 are 7.78 × 10−3 and 8.17 × 10−3 g, respectively.
The R2, MAE and RMSE show better performance of model 3 with two MF (Table 3). When increasing
the MFs to more than two, the performance parameters become worse. Thus, two MFs are used in our
case. In addition, four common MF types are evaluated in Table 3, and it can be seen that the sigmoid
function has a good performance. The sigmoid function is presented in Equation (12).

uPi,j

(
ui
)
=

1
1 + e−a(ui−c)

(12)

where a and c parameters denote the shape and behavior of the MF, respectively [24]. These parameters
are called the premise parameters as they are adjustable parameters in the premise part.

Table 3. Membership function (MF) numbers and type’s performance evaluation.

MF No. R2 MAE (g) RMSE (g) MF types R2 MAE (g) RMSE (g)

2 0.97 5.58 × 10−3 7.78 × 10−3 Gaussian 0.93 8.51 × 10−3 0.012
3 −0.59 0.045 0.118 trapezoidal 0.79 7.74 × 10−3 0.016
4 −0.54 0.071 0.359 triangle 0.84 0.014 0.030
6 −0.63 0.049 0.109 sigmoid 0.97 5.58 × 10−3 7.78 × 10−3

Figure 8 shows the initial and final MF before and after training for the selected model (model 3).
It shows that significant modifications have been done to the shapes of initial MFs through the learning
process. After determining the initial value of the premise parameter and the architecture of the
predictive model, the network was trained by the hybrid technique. Therefore, the number and type of
MF are an important parameter in identifying the model selected.

The evaluation of SISO (model 1) and MISO (models 2 and 3) are presented in Table 4 with sigmoid
function and two MFs. Herein, the ANFIS models are multi inputs models and do not support single
input [3,23]. Therefore, to design the SISO model in this case, it is assumed that seismic signal and
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one time-delayed for the seismic signal are used in the input parameters as a single input. Therefore,
the two inputs for one parameter (seismic signal) are assumed as a one input model, which is in the
model 1. Models 2 and 3 are designed based on the seismic signals and time-delayed output of the
structure behavior measurements as input and the predictive structure behavior as output.
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Figure 8. Initial (a) and final (b) membership functions of model 3.

Table 4. Adaptive neuro-fuzzy inference system (ANFIS) models performance evaluation.

Model R2 MAE (g) RMSE (g)

Model 1 0.38 0.016 0.023
Model 2 0.13 0.018 0.032
Model 3 0.97 5.58 × 10−3 7.78 × 10−3

Table 4 reports that the highest value of R2 and the lowest values of MAE and RMSE for
the training case were peculiar to the ANFIS model 3, hence, it could be concluded that model
3-ANFIS is the most suitable one to be used for this study. Figure 9 illustrates the response of the
controlled structure and predictions of model 3-ANFIS, with high correlation between the observed
and predicted signals.
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Figure 9. Model 3-ANFIS model identification for the acceleration behavior.
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Finally, a comparison between model 8-NARX and model 3-ANFIS shows that the two models
can be used to estimate the behavior of controlled structure but model 8-NARX gives higher accuracy
and generally performs better than the traditional models [1,11] and developed model 3-ANFIS for
the ANFIS method, as shown in Tables 2 and 4. In addition, the correlation between observation and
predicted signals are higher with model 8-NARX than model 3-ANFIS, as shown in Figures 7 and 9.

4.2.2. Testing Setting Evaluation

In this section, the parameters calculated in the training setting for the models 8-NARX and
3-ANFIS are utilized to estimate the behavior of the building equipped with TMD-2.39 controller
system (Figures 3 and 6b). The performances of two models are evaluated in Table 5. Figure 10 displays
the observed and identified behavior of the controlled structure using by two above-mentioned models.

Table 5. Testing models performance evaluation.

Model R2 MAE (g) RMSE (g)

Model 8-NARX 0.98 2.55 × 10−3 3.68 × 10−3

Model 3- ANFIS 0.96 4.79 × 10−3 6.78 × 10−3

Appl. Sci. 2016, 6, 301  13 of 15 

Finally, a comparison between model 8‐NARX and model 3‐ANFIS shows that the two models 

can be used to estimate the behavior of controlled structure but model 8‐NARX gives higher accuracy 

and generally performs better than the traditional models [1,11] and developed model 3‐ANFIS for 

the ANFIS method, as shown in Tables 2 and 4. In addition, the correlation between observation and 

predicted signals are higher with model 8‐NARX than model 3‐ANFIS, as shown in Figures 7 and 9. 

4.2.2. Testing Setting Evaluation 

In this section, the parameters calculated in the training setting for the models 8‐NARX and 3‐

ANFIS  are utilized  to  estimate  the  behavior  of  the  building  equipped with TMD‐2.39  controller 

system  (Figures  3 and 6b). The performances of  two models are  evaluated  in Table 5. Figure 10 

displays  the  observed  and  identified  behavior  of  the  controlled  structure  using  by  two  above‐

mentioned models. 

Table 5. Testing models performance evaluation. 

Model  R2 MAE (g) RMSE (g) 

Model 8‐NARX  0.98  2.55 × 10−3  3.68 × 10−3 

Model 3‐ ANFIS  0.96  4.79 × 10−3  6.78 × 10−3 

The models’ performance evaluation shows that the two models can be used for the detection of 

the behavior of  structures equipped with passive TMD  controller  systems. The R2  is obtained as 

closed values for two models while model 8‐NARX works more effective. In addition, it can be shown 

that  the MAE  and  RMSE  values  for  the model  8‐NARX  are  decreased  by  50%  approximately 

relatively to the model 3‐ANFIS. However, the model 8‐NARX can be used in our case to detect the 

behavior  of  the  controlled  structure. Moreover,  Figure  10  demonstrates  that  the  two  predicting 

models results are close to the observations of acceleration response. A high correlation is observed 

with best fitting required that is shown with model 8‐NARX. Therefore, it can be concluded that these 

two models are acceptable models to predict the behavior of structure in our case, and model 8‐NARX 

seems  to  be more  effective  at  identifying  the  behavior  of  the  structure  equipped with  the TMD 

controller system. Herein, it should be mentioned that this study is an experimental study; therefore, 

to utilize these models with full scale case, the full scale monitoring and evaluation of these models 

should be studied. 

(a)  (b) 

Figure 10. TMD‐2.39 testing the capability of response prediction by two models: (a) model 8‐NARX; 

and (b) model 3‐ANFIS models. 

5. Conclusions 

The behavior of a structure equipped with a TMD passive controller system is evaluated and 

identified in this study. A three‐story steel frame building and a shaking table were used to simulate 

-0.08 -0.06 -0.04 -0.02 0 0.02 0.04 0.06 0.08 0.1
-0.08

-0.06

-0.04

-0.02

0

0.02

0.04

0.06

0.08

0.1

Observation (g)

N
A

R
X

 p
re

di
ct

io
n 

(g
)

 

  
y = 1.1*x - 5.8e-006

-0.08 -0.06 -0.04 -0.02 0 0.02 0.04 0.06 0.08 0.1

-0.08

-0.06

-0.04

-0.02

0

0.02

0.04

0.06

0.08

0.1

Observation (g)

A
N

F
IS

 I
de

nt
ifi

ca
tio

n 
(g

)

 

  
y = 1.1*x - 0.0018

linear fitting

best fitting

Figure 10. TMD-2.39 testing the capability of response prediction by two models: (a) model 8-NARX;
and (b) model 3-ANFIS models.

The models’ performance evaluation shows that the two models can be used for the detection
of the behavior of structures equipped with passive TMD controller systems. The R2 is obtained as
closed values for two models while model 8-NARX works more effective. In addition, it can be shown
that the MAE and RMSE values for the model 8-NARX are decreased by 50% approximately relatively
to the model 3-ANFIS. However, the model 8-NARX can be used in our case to detect the behavior
of the controlled structure. Moreover, Figure 10 demonstrates that the two predicting models results
are close to the observations of acceleration response. A high correlation is observed with best fitting
required that is shown with model 8-NARX. Therefore, it can be concluded that these two models are
acceptable models to predict the behavior of structure in our case, and model 8-NARX seems to be
more effective at identifying the behavior of the structure equipped with the TMD controller system.
Herein, it should be mentioned that this study is an experimental study; therefore, to utilize these
models with full scale case, the full scale monitoring and evaluation of these models should be studied.
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5. Conclusions

The behavior of a structure equipped with a TMD passive controller system is evaluated and
identified in this study. A three-story steel frame building and a shaking table were used to simulate
the behavior of structure and dynamic load. The accelerometers monitoring system is used to measure
the building response equipped with a TMD controller system. Two cases for the weight of employed
controller were used, including 1.80 and 2.39 kg of masses. Two nonlinear system identification
models were applied to predict the behavior of those case studies including NARX and ANFIS models.
In addition, the SISO and MISO input–output parameters are presented. The application of two SI
models are designed and developed based on the experimental results. In summary, the following
conclusions could be drawn from this study:

The evaluation of TMD controller system showed that the increase in the mass of the TMD leads
to a vibration mitigation of 72% and 84% for the 1.80 and 2.39 kg of the TMD mass, respectively.
In addition, the dominant frequency for the 1.80 and 2.39 kg are decreased by 9.4% and 11.8%,
respectively. Therefore, the TMD is very efficient controller system for mitigating structures behaviors
in both time and frequency domains.

The results of the NARX model shows that the two time-delays with seismic input parameters
have more influence on the performance of the model. The results also indicate that the model 8-NARX
with sigmoid function is more suitable for predicting the acceleration response of structures in the
training case. Moreover, the results of ANFIS model showed that the highest R2 value and the lowest
MSE and RMSE values were obtained for model 3-ANFIS in the training case. Therefore, the developed
ANFIS model 3 is more suitable for this study. On the other hand, the comparison between the
models 8-NARX and 3-ANFIS shows that the correlation coefficient values were found to be 0.98 and
0.96, respectively. The MAE and RMSE values for model 8-NARX are decreased by approximately
50% relative to model 3-ANFIS. Therefore, model 8-NARX generally outperformed model 3-ANFIS
in terms of the training and testing performance of identification for the controlled experimental
structures equipped with the TMD passive control system. Finally, this study is still limited as an
experimental study and we recommend it should be applied to a full scale control system to improve
this study application.
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