Front. Struct. Civ. Eng. 2025, 19(1): 60-75
https://doi.org/10.1007/s11709-025-1156-9

RESEARCH ARTICLE

An Elman neural network approach in active control for
building vibration under earthquake excitation

Xuan-Thuan NGUYEN, Hong-Hai HOANG, Hai-Le BUI', Thi-Thoa MAC

School of Mechanical Engineering, Hanoi University of Science and Technology, Hanoi 100000, Vietnam
*Corresponding author. E-mail: le.buihai@hust.edu.vn

© Higher Education Press 2025

ABSTRACT This article presents an improved Elman neural network for reducing building vibrations during
earthquakes. The adjustment coefficient is proposed to be added to the Elman network’s output layer to improve the
controller’s performance when used to minimize vibrations in buildings. The parameters of the proposed Elman neural
network model are optimized using the Balancing Composite Motion Optimization algorithm. The effectiveness of the
proposed method is assessed using a three-story structure with an active dampening mechanism on the first level. The
study also takes into account two kinds of Elman neural network input variables: displacement and velocity data on the
first floor, as well as displacement and velocity readings across all three floors. This research uses two measures of
fitness functions in the optimal process, the structure’s peak displacement and acceleration, to determine the best
parameters for the proposed model. The effectiveness of the proposed method is demonstrated in restraining the vibration
of the structure under a variety of earthquakes. Furthermore, the findings indicate that the proposed model maintains
sustainability even when the maximum value of the actuator device is dropped.
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1 Introduction

In the process of urbanization, the development and
construction of infrastructure and architectural works not
only necessitate aesthetic form but also ensure the general
safety of these structures against the impact of natural
disasters such as storms, tornadoes, earthquakes, etc.
Strong earthquakes are often devastating, causing serious
injuries and extensive property damage. Therefore, in
recent decades, numerous research projects have focused
on maintaining durability and optimizing the protection
of structures during powerful earthquakes. To deal with
the high vibration caused by these earthquakes, different
types of vibration reduction methods are used to absorb
and dissipate the impact energy, such as the passive
control [1-3], the semi-active control [4,5], the active
control [6-9], and the hybrid control [10] methods. The
passive control method is recognized as a method that
operates without the need for external energy [11,12].
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Instead, these methods employ physics and mechanics
principles to absorb and distribute the vibration signal.
Since then, the passive control-based system has been
able to restrain vibration under different environmental
conditions, such as wind, earthquake, and storm. Some
typical passive control devices include a Tuned Mass
Damper (TMD) [13], Viscous Damper [14], Friction
Damper [15], Base Isolator [16], Viscoelastic Damper
[17], and so on. Li and Zhang [18] analyzed a type of
TMD to mitigate the vibration of a linear primary
structural subject to harmonic excitation. Sharma et al.
[19] analyzed the efficiency of the fluid viscous dampers
in restraining the structural vibrations under earthquake
excitation. Barzegar etal. [20] presented a friction
damper for reducing earthquake-induced vibrations. Li
et al. [21] developed a system to restrain the vibration of
a multi-degree-of-freedom structure using a TMD. Zhou
et al. [22] proposed a response-based seismic design for a
structure device based on viscoelastic dampers. Although
passive control methods have some benefits to some
extent, they also contain some inherent disadvantages.
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These control systems are often designed to operate most
effectively at a specific vibration frequency. As a result,
sudden changes in the vibration frequency of the building
structure due to unexpected environmental factors can
significantly reduce control effectiveness. In addition,
passive control systems have a limited ability to absorb
vibration energy compared to other kinds of control
systems, so they may not be enough to protect buildings
during powerful earthquakes. Moreover, due to their lack
of self-adjusting ability, passive control systems often
respond slowly in emergencies. The semi-active control
method is defined as a method that could calibrate the
mechanic attributes in real-time [23-26]. Unlike the
passive control method, the semi-active control method
requires a portion of external energy to calibrate the
parameters on the vibration device. This makes the semi-
active control method more adaptable within a certain
range than the traditional method. In other words, based
on the flexible adjustment capability, the semi-active
control methods can reduce vibrations more effectively
than the passive control methods, especially under sudden
external forces. Some typical passive control methodo-
logies include Magnetorheological (MR) Damper [27],
Electrorheological (ER) Damper [28], and so on.
Bhowmik and Debnath performed the MR damper using
Linear Quadratic Regulator (LQR) control for building
protection under seismic events [29]. Tang etal. [30]
used a fuzzy controller with an ER damper for seat
suspension vibration. Even though semi-active controllers
often release quick responses compared to passive control
methods, they still have some time delays during the
parameter calibration process. As a result, the overall
accuracy of vibration reduction may be compromised.
Additionally, the semi-active controllers could only
change some mechanic attributes of the vibration
reduction device, such as stiffness and damper. They
cannot themselves create the control force and they are
limited in the ability of the vibration control in some
cases. The active control method is known as a method
that could create the control force directly against the
vibration phenomena [10,31-33]. These methodologies
use the measured data from the sensor system to calculate
the structure’s response signal. After that, these values are
applied as the inputs of the controller system for
generating the suitable force to restrain the vibration.
Some typical passive control methodologies include
Active Mass Dampers [34], Active Tendon Systems [35],
Active Bracing Systems [36]. Active control methods
offer several advantages over other types of controllers.
First, the active control methods can adjust system
parameters in real-time based on changing operating
conditions and environmental factors. This helps ensure
the optimal performance of the designed system in a
continuous way. Secondly, they can respond rapidly to
disturbances and sudden changes, maintaining system
stability and efficiency.
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Nowadays, artificial intelligence (AI) has permeated
nearly every sector of human life, offering innovative
solutions and efficiencies that were once thought
impossible for many scientific fields. At its core, Al
involves the creation of systems capable of performing
tasks that typically require human intelligence. These
tasks range from daily normal actions [37-39] to complex
processes [40—42]. With breakthrough developments in
the 4.0 era, Al extends significant impact and efficiency
to support solving some of humanity’s most pressing
challenges, such as natural disaster prediction and
infrastructure protection. In recent years, some studies
have been conducted on using Al neural networks to
predict vibration and damage to structures under the
influence of different environmental factors [43—49].
Zizouni et al. [50] presented a neural network controller
to protect the structure under seismic excitation. The
effectiveness of the method is confirmed by the reduction
of the structure in two cases of earthquakes. However,
this research has not yet considered the parameters of the
neural network. Consequently, the method did not
achieve its maximum effectiveness. Goswami et al. [51]
suggested a new approach to deal with brittle fracture
problems by aiding a physics-informed neural network
(PINN). The proposed approach concentrated on
imposing boundary conditions to minimize the variational
energy of the system. In addition, the transfer learning
method was also used for partial retraining of the network
while keeping certain weights and biases fixed. This
allowed for a more effective resolution of potential
training inefficiencies. However, the paper still has some
minor issues related to the residual-based formulation and
the inability to capture sharp discontinuities in the
system. This limitation could hinder the proposed
approach’s performance in scenarios where such disconti-
nuities are significant.

Qiu and Wang [52] proposed a fuzzy neural network
(FNN) with five layers to suppress the vibration of a
piezoelectric flexible hinged plate. The experimental
results showed the usefulness of the method in com-
parison with proportional-derivative controllers. How-
ever, the article had not yet investigated the system’s case
under random dynamic loading. Paneiro and Rafael [53]
investigated forecasting ground vibration amplitude
induced by subsurface explosions using a neural network
technique. This paper employed the bilevel optimization
approach to enhance the neural network design. By
determining the ideal number of neurons for the hidden
layer, the optimization strategy improves the performance
of the neural network. If the hidden layer of the neural
network has more processing units, it may be able to
learn and predict the magnitude of ground vibrations
more precisely. One limitation is that the proposed neural
network technique focuses only on blast-induced ground
vibration predictions, which may limit its use outside of
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instrumental applications such as earthquake or wind
vibration. Li etal. [54] proposed a controller method
based on adaptive neural networks for vibration reduction
in a flexible double-clamped beam system. However, the
paper does not consider changing the external disturbance
in the beam system to demonstrate the effectiveness of
the control method, nor does it investigate the impact on
the efficiency of changing the neural network parameters.
Yan et al. [55] used an Active TMD together with a FNN
approach. The FNN method enhanced the control process
by allowing intelligent decision-making using fuzzy logic
and neural network theory. The study’s limitation was
that it did not consider the importance of the control
force. This might affect the control method’s robustness.
Brancati etal. [56] proposed employing a semi-active
technology to dampen vibrations in lightweight struc-
tures. To improve the controller, they advocated merging
a neural network with a model predictive control
approach. However, this technique was only tested on a
model during the El Centro earthquake and might not be
applicable to other earthquakes. Yucesan etal. [57]
presented a PINN framework to adjust the control signals
for the torsional vibration damper. By combining physics-
based models and a neural network-based data-driven
approach, the proposed framework updated the parame-
ters of the torsional vibration damper using experimental
data. However, since this framework used the Kennedy
and O’Hagan approach, which mostly relies on Gaussian
process modeling, the input variables of the proposed
model were not along in a large-scale range. Xing and
Liu [58] developed a control system using neural adaptive
techniques to reduce vibration for the three-dimensional
Timoshenko beam. To be more detailed, the nonlinear
dynamic mechanism of the structure model was first
defined by applying the partial differential equations.
Based on that, the output restrictions of the control
system were restricted by using the barrier Lyapunov
functions and the neural adaptive control scheme. Finally,
the performance of the proposed controller system was
evaluated via numerical simulations. However, the
research did not investigate the effects of sensor
placement, sampling rates, and noise chattering on the
control system. Zhang et al. [59] introduced a combined
method for reducing irregular wave-induced vibrations on
offshore platforms. This method was established by
combining neural networks and fuzzy logic to create an
efficient controller that adapts to random time delays and
restrains  vibration phenomena. Nevertheless, the
proposed model has not considered the appearance of
disturbance forces during offshore operations or
optimized the neural network’s parameters. Zhang et al.
[60] proposed an elevator horizontal vibration control
rule for MR damper devices based on the firefly
algorithm and FNNs’ backpropagation technique. The
study’s limitation was that it did not evaluate the efficacy

of the elevator vibration research technique under various
external loads. Furthermore, the optimization technique
only applies to a specific system situation. As a result, the
controller may not be sufficiently generic to be useful in
reality. Yu etal. [61] proposed a real-time control
strategy for reducing structural vibrations using a neural
network and a semi-active control approach. By
incorporating neural networks into advanced control
algorithms, the suggested method could make predictions
and decisions based on real-time data to improve the
overall vibration control performance. Nevertheless, the
control strategy’s effectiveness heavily depended on the
accuracy and generalization ability of the neural network
models. This could lead to the vibration parameters not
being optimized, and uncertainties and variations in real-
world scenarios could impact the operation ability of the
model. Song et al. [62] suggested a controlling model for
cantilever structure based on the nonlinear autoregressive
with exogenous input (NARX) neural network. By
employing the NARX neural network for dynamic model
identification, the study could achieve efficient and
accurate nonlinear vibration suppression for the cantilever
structure in certain cases. Even though the results
demonstrated the effectiveness of the proposed model in
achieving vibration suppression, it might not address the
potential real-time implementation problems that may
arise in unpredictable environments. This study also
found that adding more input nodes to the NARX neural
network could decrease identification error rates but also
significantly increase the calculation amount. This
showed that there is a trade-off between model accuracy
and computational complexity. The authors in Ref. [63]
designed a neural network-based sliding mode fuzzy
controller for suppressing the flexible beam structure
vibration. By using the finite element methodology, the
characteristics of the vibration signal were determined.
Based on these obtained features, the proposed controller
established a robust control process and eliminated the
chattering phenomenon. Nonetheless, the proposed
controller still had high accumulation errors on the model
mechanism caused by the finite element strategy. Gheni
etal. proposed an adaptive LQR model for active
vibration control [64]. The control signals of the LQR
model were adjusted in a larger range and calibrated by
utilizing a deep reinforcement learning framework. The
results indicated that the proposed model has some
improvements in vibration reduction compared to the
traditional LQR method. However, this research focuses
mainly on simulations with a 3-story building structure
and has not examined different types of buildings. In Ref.
[65], Zhang and Xue proposed a smart hybrid method to
control vibrations in tall buildings. Based on combining
the genetic algorithm and the Long Short-term Memory
network, the proposed method could construct a structural
response prediction and then combine the computation
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data with vibration control theory to establish the
vibration reduction process. Since the proposed method
was based on specific benchmark models and has not yet
deeply discussed the complexity involved, it may not
accurately reflect all the possible scenarios that tall
buildings may encounter in real life. It is obvious that
much of the research mentioned concentrated on
controlling the vibration under the impact of certain
loads. Most of the mentioned controllers have not been
tested with multiple types of inputs and could only be
applied in some case studies. This could make the control
laws too specific and inappropriate under different
environmental conditions. In addition, even though the
tendency to use an Al neural network to design vibration
control methods has broadened and developed, vibration
reduction for structures with random dynamic loads such
as high-speed wind, storms, or earthquakes is still a major
challenge in this field.

It is noteworthy that no research has been used the
Elman neural network (ENN) to manage building
vibrations during earthquakes. Furthermore, there has
been no previous research on developing, building or
improving an ENN especially designed to reduce
structural vibration caused by seismic activity. This paper
presents an improved ENN model that adds an extra
adjustment factor for the network output to mitigate
earthquake-induced building vibration. The parameters of
the improved ENN model are optimized using the
Balancing Composite Motion Optimization (BCMO)
algorithm to provide the greatest performance and could
be used in a variety of earthquakes. The findings reveal
that the suggested method has validated the usefulness of
the proposed ENN network with optimum parameters in
decreasing the fluctuations of various earthquakes,
including the El Centro, Kern County, Tabas, Northridge,
Kobe, Duzce, and Kocaeli earthquakes. In addition, the
robustness of the proposed method is evaluated by
examining its efficacy when the maximum control force
value is dropped by 80% and 90%, respectively.

The rest of this paper is structured as follows: The next
section describes the modeling of the three-floor
structure. Section 3 presents the control algorithm based
on the ENN model. Section 4 illustrates the optimal
algorithm for the designed controller. Section 5 analyzed
the numerical results, followed by a brief conclusion in
Section 6.

2 Modeling of the three-floor structure

In this research, the model of a three-story building is
investigated to evaluate the effectiveness of the proposed
controller. The active device is installed on the first floor
to restrain the building vibration, as shown in Fig. 1
[66,67].
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Fig. 1 The structure of the three-story building model.

The vibration equation of the three-story building
model is expressed as follows:

Mi+Cx+Kx=-MxVXxi +u,
T
x=[x x x],
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Xx=[x X x],
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whereas: x represents the displacement vector of the
building floors; x is the velocity of the building floors; i
is the acceleration vector of the building floors; M is the
mass matrix of the three-story building model; C is the
damping matrix of the building model; K is the stiffness
matrix of the building model; V is the vector of
earthquake acceleration effect; u denotes the active
control force; X, depicts the acceleration of testing
earthquake applied to the building model.

3 Control algorithm based on EIman neural
network

Prediction, classification, and control applications make
substantial use of the ENN Network, a versatile and
evolving artificial neural network technology. Vibration-
damping devices use the ENN network to optimize the
reduction of damage factors’ impact on the system,
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resulting in an effective and adaptive solution for
program vibration management. ENN networks are made
up of three basic components: the input layer, the hidden
layer, and the output layer. The input layer is where the
network gets its input signals. In the case of dampers,
these signals may comprise sensor data such as rate of
rise, rate of change, and other system-state parameters.
The hidden layer of the Elman network processes and
stores temporal information. The Elman network uses
context nodes to preserve the previous state of the buried
layer. This context node obtains data from the previous
cycle’s hidden layer and applies it to the current cycle.
This enables the network to retain and use prior
information, making the Elman network suitable for time
series data, especially oscillating data. The hidden layer,
together with the context node, contributes to a short
memory restriction, allowing the network’s capacity to
increase over time as anticipated values change. The
output layer defines the network’s expectations—in this
case, the incentive to reduce concussive injury. This
output value is used to control the system, eliminate
vibrations, and improve overall performance.

This study recommended an additional research
upgrade for the ENN system that would improve control
quality by adding the adjustment coefficients in the ENN
network’s output layer. This crucial number not only
keeps the network operational but also improves
prediction accuracy and force control, lowering operating
efficiency. With major changes to the output layer, the
proposed network can better respond to the task of
changing input data from various earthquake values. This
construction reduces vibrations in a range of seismic
zones, enabling the system to function more reliably and
efficiently. The structure of the improved ENN model
and the parameter explanation are depicted in Table 1 and
Fig. 2.

As shown in Fig. 2, the improved ENN model contains
three different layers in total. First, the input layer
imports the initial signals. Next, these signals are
transmitted to the neural in the hidden and context layers.
Once the calculation is complete, the signals are
transported to the output and combined with the critical

Table 1 The parameter explanation of the improved ENN model

weights to produce the output results.

To boost the efficiency of the improved ENN model,
the following parameters are concentrated for process
optimization: the number of neural in the hidden layer,
the weights that connect the output layer and the hidden
layer, the weights that connect the context layer and the
hidden layer, and learning rates. Furthermore, the critical
weights, namely “adjustment coefficients,” are also
proposed to calibrate the values of the output layer.

To simplify the calculation process, the values of the
weights connecting the neural of the hidden layer and the

neural of the input layer are chosen equally, as shown in
Egs. (2) and (3):

w6 =wh (1), Ya€{l,...m}; Vb e{l,...,n}, (2)
iRy by 1Y OE
wh (@) =w"(t-1)—nXx —aw“’i(r— s 3)

Similarly, the weights between the hidden layers and
the context layers w"S(f)and the weights between the
output layers and the hidden layers w's(f)are computed
as:

wh () =w (1), Yae{l,...m}; Ybe(l,...n}, (4)

woh () =wo (), Yaell,...m}; Ybe{l,..,n}. (5)

The parameters of the proposed ENN model are then
calculated as follows:

h; = tansigl(zx,xwh’iJ+(Zc,XWh‘“ ]; Vjell,..,m},
=1 t=1

(6)

y = tansig [Z wo' X h; | (7)
=1

In this research, the control force for the vibration
reduction is computed by multiplying the values of the

Layer Symbol

Detail

Input layer X1,X2, 005 Xn

whi Vae(l,...mp:Vbell,...n}
Context layer €1,€25.05Cn

W Vae(l,...m}:Vb e l,...n}
Hidden layer hi,hyy..shm
Output layer Y15Y25 0501
Wy s Wypseees Wy,

WOl Ya € {l,...m};Vb € (1,....n)

the input signals

the weight connects the ath neuron of the hidden layer and the bth neuron of the input layer.

the neurons of the context layer

the weight connects the ath neuron of the hidden layer and the bth neuron of the context layer.

the neurons of the hidden layer
the output results

the proposed critical weights

the weight connects the ath neuron of the hidden layer and the bth neuron of the output layer.




Xuan-Thuan NGUYEN et al.

N

Wi Wi

Output layer

o.h

wi

Hidden layer C) h,

i

Jhi
w Wi

p "Vml
Jhii
Wi

Input layer

Xy

An Elman neural network in active control 65

whe

J P *Y'mn
hi e
mn Wil

'
'
'
:

X H Jhic
wii Q { wwwax B
'

'

'

'

'

w,

Context layer

Fig. 2 The general structure of the improved ENN model.

output layers by the proposed adjustment coefficients w,,
as indicated in Eq. (8):

u=wyXy. ®)

4 Optimal algorithm for controller

This research discusses the use of the BCMO algorithm
[68] to optimize the core parameters in the Elman neural
network to improve its performance. BCMO is a
metaheuristic optimization algorithm with many advan-
tages that have been proven in some published studies
[69—71]. BCMO is based on the balance between two
search strategies.

1) Global Search: Explore the entire search space to
find promising regions containing good solutions.

2) Local Search: Searche for better solutions in the
neighborhood of existing solutions.

The BCMO algorithm considers the Elman network
parameters that need optimization as individual targets.

Step 1. Initialization.

Create an initial population: Each individual represents
a set of parameter values for the Elman network. The
parameters to be optimized as per the paper include the
number of neurons in the hidden layer, weights between
the input layer and the hidden layer, weights between the
hidden layer and the output layer, weights between the
context layer and the hidden layer, learning rates,
adjustment coefficients (parameter for fine-tuning the
output layer value).

Initialize each parameter value in each individual

randomly within a predefined reasonable range.
Determine the global optimal point and the individual.
Calculate the composite motion to determine the
position of the individual. The motion vector of the
individual ith in each generation with respect to the
overall optimal point is denoted as and is calculated by:

vi=v e (uf =)+ B - x,), ©)

whereas: V¥ denotes the displacement of the ith individual
in the gth generation. It depicts the individual’s
movement distance in the search space compared to their
initial position. v¥"'represents the displacement of the ith
individual (g—1)th the previous generation. It reflects the
individual’s position relative to their starting point up to
the (g—1)th generation. uf: This term represents the
“ideal” movement direction for the ith individual in the
gth generation. The u} points toward a promising region
of the search space identified by the global search
strategy. x, is the position of the current best solution
(individual) found so far in the gth generation. « € [0;1]
is the parameter that controls the influence of the

exploration term (uf—vf_l) on the overall movement.

Be€[0;1] is the weighting factor that controls the
influence of the exploitation term (v{ —x,) on the overall
movement.

Step 2. Evaluate the performance of each individual in
the population: Use the objective function to measure the
success of an individual. In this case, two objective
functions representing two evaluation criteria of the
system, namely displacement and acceleration, are
proposed as follows.
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max |dj| .
Jp = max| ———— | — min, (10)
j=ln max|dj’Uc‘
max|dj| .
Jp = max| ————— | — min, (11)
j=tn max|d_ ,-,UC(

where d; and a; are the relative displacement (RD) and
the absolute acceleration (AA) of the jth floor,
respectively; d;yc and a;yc are the RD and the AA of the
Jjth floor of the structure in the case without the controller,
respectively.

Step 3. Apply operators to generate new individuals.

Global Search: Employ the mutation operator to alter
the values of some parameters in an individual, enabling
the exploration of new regions of the search space.

Local Search: Utilize the crossover operator to combine
parameters from “parent” individuals to create offspring,
aiming to improve solutions within the neighborhood.

Step 4. Update the population.

Eliminate individuals with poor performance based on
the objective function.

Add new individuals generated in Step 3 if their
performance is better.

Step 5. Repeat Steps 2, 3, and 4 for a specified number
of iterations or until a termination criterion is met,
corresponding to a sufficiently small objective function
value.

The termination criteria may include reaching a
maximum number of iterations, a convergence threshold
for objective function values, or a predefined time limit.

Step 6. Select the individual with the best performance
from the final population: The parameter set of this
individual represents the optimal result for the Elman
network using the BCMO algorithm.

Figure 3 illustrates the Elman network parameter
optimization process using the BCMO.

5 Numerical results

This section presents an in-depth analysis of the proposed
method’s effectiveness in various earthquake scenarios.
The testing structure platform is established on a three-
story building with the detailed configuration in Table 2
as follows [67].

To be suitable for the conditions in reality, the
maximum force of the active device, u,,,, is limited. In
this paper, the value of u,, is set to 700 N. Moreover, the
input variables of the proposed ENN model are evaluated
into two different types: the full-state type and the 2-state
type. To be more specific, the full-state type picks up six
values, including the displacements and the velocities of
all three floors (x;,x,,x3, %, %, %3). The 2-state type only
chooses two values, including the displacement (x,) and
the velocity (X;) of the first floor.

In the case of using the objective functions Jpand J,,
the notations for the full-state type and the 2-state type
are presented in Table 3. As shown in Table 3, we
developed four vibration controllers in total: the fNe D
controller, the fNe A controller, the 2Ne D controller,
and the 2Ne_A controller.

[ Create an initial population ]

A 4
Evaluate the performance of
each individual in the population

Y

Apply operators to generate
new individuals

Y

Update the population

No

Check the
termination condition?

Select the individual with the |
best performance from the final

population )

4

N

Generate the optimal values for
the calculation parameters

2

Fig.3 The flowchart of the BCMO algorithm.

Table 2 The parameters of the three-story building

Parameter Symbol Value
Mass of the jth floor mj,j=1,2,3 1000 (kg)
Damping coefficient of the jth floor cj,j=1,2,3 1.407 (kN-s)/m
Stiffness coefficient of the jth floor kj,j=12,3 980 (kN/m)

Table 3 The notations for the full-state type and the 2-state type

Type Input values Objective function Notation

full-state X1,X2,X3,X1,X2,X3 Jp — min fNe_D
Ja — min fNe A

2-state X1,X] Jp — min 2Ne D
Ja — min 2Ne A
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In this research, the data from the El Centro earthquake
is selected as the environment excitation for finding the
above-optimized parameters. After using the BCMO
algorithm, the optimization values of the ENN core
parameters are indicated in Table 4.

Table 4 The optimization values of the ENN core parameters

Controller whi woh whe n y m
fNe D 0.693  —0.337  0.337 1.406 1818.6 4
fNe A —0.161 0.752 0426 2468  2579.2 3
2Ne D —0.295 0203 0900  3.577 47615 2
2Ne A -0.965  —0.093 0580 4312 48949 2

Under the circumstance of the El Centro earthquake,
the proposed ENN model is implemented and generates
the vibration control results, as indicated in Fig. 4 and
Table 5. To evaluate the efficiency of the optimization
process, these results are also compared to those of other
controllers, such as the LQR, the modified bang—bang
controller (MBBC), the saturated sliding mode controller
(SSMC), the robust saturation controller (RSC), the
robust controller (RC) [67,72].

As shown in Fig. 4, it is noticeable that among all
testing controllers, the fNE A controller reached the
lowest peak values of RD and AA on the highest floor.
The 2Ne_A controller is the second-ranking for vibration
reduction in the building structure. The results in Table 5
strongly confirm this conclusion. Specifically, Table 5
shows the value of each objective function and the
controller’s mean value. The fNe A controller consis-
tently delivers the best results compared to the rest of the
controllers.

After optimizing the parameters of the proposed
controllers by using the EI Centro earthquake data, their
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efficiency is also tested with other earthquakes to be more
adaptive to reality. The limitation of control force is set
up to 700 N. Figure 5 indicates the displacement results
of the three-floor structure under earthquake excitations,
including Kern County (1952), Tabas (1978), Northridge
(1994), Kobe (1995), Duzce (1999), and Kocaeli (1999).
To be more specific, the displacement graphs of the
building under the influence of the controllers are shown
in different colors, as follows: the gray curve denotes the
case of without controlling; the red curve denotes the
2Ne D controller; the blue curve is the 2Ne A controller;
the dash red curve is the fNe D controller; and the dash
blue curve is the fNe_A controller. It could be seen that,
under the Kern County earthquake, the RD peak of the
fNe D controller is the smallest, followed by the RD
peak of the 2Ne A at the 2nd position. Meanwhile, in the
Duzce earthquake, the 2Ne A controller, the fNe D
controller, and the fNe A controller generated almost the
same RD peak values on the third floor. With the rest of
the four earthquakes, the 2Ne A controller maintains the
lowest value of the displacement. These above findings
show that the 2Ne_ A controller is consistently the most
effective in reducing structural displacement across a
broad range of earthquakes. In other words, in the cases
of Tabas, Northridge, Kobe, and Kocaeli earthquakes, the
2Ne_A controller could be chosen as a robust solution for
earthquake protection. However, during the Kern County
earthquake, the operation of the fNe D controller outper-
forms the others. Additionally, there is an interesting
point with the Duzce -earthquake where multiple
controllers (2Ne_ A, fNe D, fNe_ A) offer nearly identical
performance. This suggests that the natural characteristics
of the earthquake may play a significant role in
evaluating the controller’s effectiveness.

Figure 6 depicts the building’s acceleration graphs
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Fig. 4 The vibration response of the building structure under El Centro earthquake.

Table 5 The optimization values of the ENN core parameters

El Centro fNe D fNe A 2Ne D 2Ne A LQR MBBC SSMC RSC RC
Jp 0.317 0.382 0.340 0.416 0.658 0.381 0.389 0.396 0.410
Ju 0.487 0.381 0.508 0.420 0.585 0.549 0.561 0.544 0.530
Mean 0.402 0.382 0.424 0.418 0.621 0.465 0.475 0.470 0.470
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under the impact of the mentioned controllers. To be
more detailed, in the Tabas, Northridge, and Kobe
earthquakes, the measured acceleration by using the
2Ne A controller always reached smaller values
compared to the others. Among four out of six
earthquakes, the 2Ne_A controller minimizes acceleration
on all floors, proving its robustness and reliability.
However, during the Duzce earthquake and the Kern
County earthquake, the first position belongs to the
fNe D controller, and the 2Ne A controller is in the
second position. This has again strengthened our
conviction that certain earthquake scenarios may require
different control methods to achieve optimal vibration
reduction. The analysis underscores the importance of
selecting the appropriate controller to reduce the
responses of structures.

It is obvious that among the four considered controllers
(the fNe D controller, the fNe A controller, the 2Ne A
controller, and the 2Ne D controller), the results of
choosing the best controller for vibration reduction could
vary for each earthquake. Hence, this research applies
more criteria to evaluate the performance of the proposed
controllers. The criteria are the objective function Jp,, the
objective function J,, and the mean values J and J,.
Table 6 presents the criterion findings for all the designed
controllers across the seven earthquake tests.

As depicted in Table 6, the 2Ne A controller has the
smallest mean value of the objective functions, at about
0.556. This demonstrates that the 2Ne A controller can
be the most suitable for protecting the structure from
earthquakes. Figure 7 shows the time responses of the RD
on the first floor, the AA on the third floor, and the
control force for the El Centro and Tabas earthquakes by
using 2Ne D and 2Ne A, respectively.

Tables 7 and 8 show the reduction in building vibra-
tions when applying the 2Ne A controller to different

earthquakes. The results show that the proposed
Upay =700 N
0.01
UC —2Ne D — 2Ne A
0.01
0.00 AW\)I\MAM[\N\ANN\N\MA/\/-PM
—0.01
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Table 6 The results of the objective functions for each earthquake

Earthquake Criterion fNe D fNe A 2Ne D 2Ne A
El Centro Jb 0.317 0.382 0.340 0.416
JIa 0.487 0.381 0.508 0.420
mean 0.402 0.381 0.424 0.418
Kern County Jp 0.560 0.617 1.024 0.566
Ju 0.562 0.682 0.983 0.613
mean 0.561 0.649 1.004 0.589
Tabas Jp 0.646 0.598 0.923 0.492
Ju 0.771 0.808 0.859 0.565
mean 0.708 0.703 0.891 0.528
Northridge Jp 0.545 1.115 1.458 0.567
N 0.823 1.043 1.232 0.701
mean 0.684 1.079 1.345 0.634
Kobe Jb 0.951 0.590 0.891 0.566
JIa 0.896 0.718 1.080 0.561
mean 0.923 0.654 0.986 0.564
Duzce Jp 0.571 0.682 1.576 0.578
Ju 0.642 0.679 1.684 0.632
mean 0.606 0.680 1.630 0.605
Kocaeli Jp 0.804 0.567 1.223 0.524
Ju 0.874 0.622 1.324 0.580
mean 0.839 0.594 1.273 0.552
Mean (all earthquakes) 0.675 0.677 1.079 0.556

controller is effective for the
investigated.

In reality, many factors, such as mechanical wear, high
temperatures, environmental conditions, and so on, could
affect the active device quality after a long period of use.
This could lead to a decline in the overall control force’s

earthquakes that were

Uy = 700 N
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Fig.7 The vibration response of the building structure: (a) El Centro earthquake; (b) Tabas earthquake.

Table 7 The maximum displacement on the 1st floor in the case of u, =700 N

15

Case El Centro Kern County Tabas Northridge Kobe Duzce Kocaeli
earthquake earthquake earthquake earthquake earthquake earthquake earthquake
Uncontrolled 0.0134 0.0196 0.0111 0.0115 0.0098 0.0142 0.0141
2Ne_A controller 0.0056 0.0111 0.0054 0.0065 0.0055 0.0082 0.0074
Reduction 58.21% 43.37% 51.35% 43.48% 43.88% 42.25% 47.52%
Table 8 The acceleration on the 3rd floor in the case of u,, = 700 N
Case El Centro Kern County Tabas Northridge Kobe Duzce Kocaeli
earthquake earthquake earthquake earthquake earthquake earthquake earthquake
Uncontrolled 5.8320 8.2784 5.4637 5.5306 4.4732 6.2400 5.9762
2Ne_A controller 24516 5.0717 3.0851 3.8746 2.5115 3.9427 3.4633
Reduction 57.96% 38.74% 43.53% 29.94% 43.85% 36.82% 42.05%

limitations. The evaluation stage for the impact of control
force loss is an important issue that requires attention to
ensure the proposed system’s stability and efficiency
during the operation process. In this research, the default
value of the maximum control force is set to 700 N. Thus,
we consider and assess the effectiveness of the suggested
system by reducing this parameter to 90% and 80% of the
standard value, which is 630 and 560 N, respectively.
This testing aims to ensure that the proposed system can
always work in optimal status and modify the controlling
mode to be suitable for the change in the control force
limitation. Tables9 and 10 show the results of the
mentioned case studies.

Table 9 indicates that the mean value of the fNe A
controller is the lowest, at about 0.652. This leads to the
fact that the fNe A shows the best performance among
all earthquakes. Moreover, even when we decrease the
maximum control force to 80% of the default value,
fNE_A still maintains the smallest mean value. This same
identification in Table 10 strengthened our conviction
that the fNe A controller is more suitable compared to
the 2Ne_A controller.

Figure 8 illustrates the RD peak value and the AA peak
value of all the mentioned controllers in the case of the
El Centro earthquake, with the controller force being
560 N. Figures 9 and 10 display these parameters for six
additional earthquakes.

Based on the above result, it is evident that if the

Table 9 The results of the objective functions for each earthquake

(U = 630 N)

Earthquake Criterion fNe D fNe A 2Ne D 2Ne A
El Centro Jb 0.422 0.446 0.463 0.444
N 0.548 0.498 0.484 0.511
mean 0.485 0.472 0.473 0.478
Kern County Jp 0.604 0.679 1.066 0.705
I 0.605 0.725 1.168 0.805
mean 0.605 0.702 1.117 0.755
Tabas Jp 1.036 0.577 1.177 0.508
Ja 1.012 0.673 1.005 0.546
mean 1.024 0.625 1.091 0.527
Northridge Jp 0.588 0.808 1.061 0.617
JIa 0.841 0.805 1.016 0.712
mean 0.715 0.806 1.039 0.664
Kobe Jp 0.931 0.612 0.771 0.670
N 0.870 0.705 0.789 0.709
mean 0.901 0.659 0.780 0.690
Duzce Jp 0.893 0.698 0.786 0.608
N 0.924 0.679 0.883 0.655
mean 0.908 0.688 0.834 0.631
Kocaeli Jp 0.806 0.590 1.422 0.819
Ja 0.858 0.631 1.401 0.912
mean 0.832 0.611 1.411 0.866
Mean (all earthquakes) 0.781 0.652 0.964 0.659
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Table 10 The results of the objective functions for each earthquake
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Uy = S60 N

“'max

(tpay = 560 N) 3
Earthquake Criterion fNe D fNe A 2Ne D 2Ne A
El Centro Jp 0.454 0.506 0.538 0.650 § 24
Ju 0.569 0.549 0.512 0.791 =
mean 0.512 0.528 0.525 0.720
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quality deterioration phenomenon occurs on the active
device and the control force limitation is reduced to
80%-90% of the ordinary value, and the controlling
mode needs to be switched to the fNe A controller
instead of the 2Ne_A controller.
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6 Conclusions

The research proposed an updated Elman network with an
adjustment coefficient in the output layer to improve the
controller’s performance for earthquake-induced struc-
tural vibrations. The suggested network’s parameters
were optimized using the BCMO method and El Centro
seismic data. These optimal parameters are then used to
evaluate the controller’s performance in decreasing
building vibrations caused by further earthquakes. The
verification demonstrated that the controller has a high
level of generality and can be used for a wide variety of
earthquakes. Furthermore, even if the active damping
device loses its maximum force value, the suggested
controller remains effective, particularly when employing
the 2Ne_ A controller. This paper’s findings give acade-
mics and engineers a fresh viewpoint on the use of Al to
reduce vibrations in structural works. This is not only a
foundation for theoretical advancement, but it also opens
up practical opportunities for using Al in building and
seismic safety for structures.
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