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ABSTRACT Natural disasters have the potential to inflict damage to building structures, which prompting
the structural engineers striving to build buildings that are both safer and durable. This research endeavor
aims to enhance the stability of a structure by using control strategy to reduce the hazards of earthquake-
induced damage. As a consequence, a hybrid control device incorporates control strategies to improve
structural integrity has been investigated. This study proposes control system comprising integrated nonsin-
gular terminal sliding mode control (TSMC), nonsingular TSMC, and TSMC. Integrated nonsingular TSMC
merges deep learning methods, specifically long short-term memory (LSTM). LSTM has the capability to
forecast subsequently values by analyzing previous sequential data. This character enhances precision in
systems, leading to better decision-making. This attribute enhances the precision of any system, contributing
to better decision-making. The integration controller empowers the system to adjust its operation to
achieve the most optimal mode of operation, hence improving control performance regardless of significant
uncertainty. The integrated controller is invented using both the control law and sliding surface. A two-
degree-of-freedom (DOF) system structure is constructed in Matlab and validated by experimental work
associated with LMS Test.Lab software. In addition, the integrated controller is employed in a 10-DOF
system represents a high-level structure. The performance of integrated nonsingular TSMC is compared to
nonsingular TSMC and TSMC in terms of displacement response, sliding surface, and damage probability.
The outcomes indicated that integrated nonsingular TSMC could mitigate vibration by up to 46% and had
a 15% possible risk of inflicting complete damage to the controlled structure of a low-rise building. Its
installation in high-rise structures resulted in the suppression of 26%. Consequently, these findings are crucial
in enhancing the safety of building structures and residents, and minimizing disaster damage costs.

INDEX TERMS Deep learning, control strategy, earthquake control, building durability.
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I. INTRODUCTION
An earthquake, as a natural event, poses a threat to lives, can
lead to severe financial implications, and inflict significant
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environmental damage. Significant earthquakes cause harm
to buildings, property, and humans. Earthquakes killed many
lives, but technological advances have significantly decreased
the number of fatalities [1]. The method of suppressing
structural building vibration in the event of an earthquake
is becoming increasingly difficult. The cascade event on
September 28, 2018, are typical of a devastating disaster sce-
nario in which significant earthquakes are triggered, resulting
in severe damages and losses. An earthquake with magni-
tude of 7.4 Mw, occurred in Sulawesi, Indonesia caused 68
451 structural damage, 2 100 deaths, and 4 612 injuries [2].
Once the magnitude of an earthquake achieved 5.0 Mw, the
structure and buildings may experience minor damage. In a
populated area, an earthquake of a magnitude greater than
6.0 Mw may causes extensive damage, and strong earth-
quakes with magnitudes of 7.0 Mw or higher also inflict
significant damage. If the moment magnitude is more than
8.0 Mw, the community near the seismic location will be
completely devastated [3].
There are around 20 earthquakes with amomentmagnitude

scale rating over 7.0 Mw per year. HAZUS is a tool for
calculating the potential for seismic ground motion losses
in the existing building stock. Through the Federal Emer-
gency Management Agency (FEMA), HAZUS employs a
geographic information system to assess the physical, eco-
nomic, and social consequences of disaster preparedness
strategies and building stock recovery methods [4]. Addi-
tionally, building curves for different types of structures are
developed using HAZUS, which describes the information on
the probability of damage states that includeminor, moderate,
extensive, and complete damage [5]. In general, there are
four types of structural damage, comprising minor, moderate,
extensive, and complete damage. Slight damage part occurs
when small plaster cracks show up around window and door
corners. In the moderate stage, larger fractures start to show
in the corners of the windows and doors and the sheared
wall panel. Large diagonal cracks are also created across the
shear wall panel as a result of the extensive damage and
the floors and ceiling are permanently laterally displaced.
Finally, a complete damage state condition is evaluated when
a major permanent lateral displacement or imminent threat of
collapse is detected [6], [7]. Structural reliability is evaluated
by defining fragility or vulnerability as the probabilistic risk
of failure [8].
Fragility curves are produced from the fragility function,

which reflects the probability of structural damage due to an
earthquake event [9]. This curve assists in estimating various
damage levels of the structure and for any type of structure.
Incremental dynamic analysis (IDA) is a significant seismic
engineering method for measuring fragility curves for a wide
range of structures. This method was created to estimate the
seismic risk for the structure encounters using the results of
probabilistic seismic hazard analysis [10]. The analysis using
IDA technique has been employed by Qu and Pan [11] and
Farzampour et al. [12] in their studies to analyze the structure

of seismic performance. Robinson et al. [13] demonstrated
the structural fragility curves for several building categories.
The result showed that the stone and mud building has 98%
risk of collapse at 0.4 g. Moreover, based on the magnitude of
7.3 to 8.8 Mw, a Gorkha earthquake in 2015 caused several
fatalities. The curves show that the earthquake, which had
a magnitude of 7.3 Mw resulted in up to 100 000 fatali-
ties. Collapse fragility curves indicate how the probability
of structural damage increases as peak ground acceleration
increases. In addition to the building material, the height of
the structure affects the probability of damage.

In cases of low-rise RC buildings for fragility analysis
measurement has been described by Adhikari et al. [14]
by described comparative seismic vulnerability for several
study conditions. The authors developed fragility analysis for
slight, moderate, extensive, and complete damage for four
cases: infill model without soil-structure interaction, bare
frame model without soil-structure, infill model with soil
structure, and bare frame model with soil-structure. As a
result, when infills are predicted. The fundamental vibration
time is greatly decreased. Fragility analysis generated for four
instances shows that soil-structure interaction has a greater
impact on lower damage states, whereas infills have a greater
impact on higher damage states, increasing their exceedance
probability at specific spectral acceleration levels.

The preparations against the seismic event in the
seismic-prone area were not given enough consideration
which led to the design of non-seismic structure not take
seriously. An early earthquake warning (EEW) systems are
designed to gives out a ground-shaking signal, allowing indi-
viduals and automated system to take preventive measures.
This system has challenges in providing accurate and timely
EEW signals for mid and high-rise buildings because to the
potential differences in shaking experienced at different lev-
els [15]. Deep learning, an instance of artificial intelligence
(AI) that employs deep neural networks consisting of several
layers, has shown considerable potential in improving the
precision and efficiency of AI systems. Intelligent of EEW by
deployments of deep learning has proposed by Saad et al. [16]
by relies on a convolutional neural network to extract crucial
features from waveforms, allowing the classifier to achieve
strong performance in predicting earthquake parameters. The
proposed technique has 93.67% and 89.50% classification
accuracy for magnitude and location, respectively. Other
studies that implemented deep learning in EEW were also
proposed by Carratú et al. [17], Wibowo et al. [18] and
Murshed et al. [19]. However, predicting the time and loca-
tion of the subsequent seismic event is challenging. Despite
earthquake predictions, community remains unsafe [15].

Therefore, to address limitations and failures of the struc-
ture due to earthquakes, it is necessary to regulate building
structural behavior to assure safety and a more efficient
design to prevent the structure from collapsing. The effective-
ness with which structural vibration mitigation that applied
directly to the building structure that may remove vibrations
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has also attracted attention. Currently, a variety of con-
trol devices are being developed to guarantee the safety of
the structure even though earthquakes cause high vibration
amplitudes. A hybrid mass damper (HMD) is a control device
that integrates an active control device with a tuned mass
damper (TMD) and is cost-effective by decreasing the amount
of energy needed to operate the system [20]. The installation
of the HMD influences the building’s performance in terms of
minimizing seismic vibration. The top floor of the building is
the optimum placement for HMD deployment [21]. Hybrid
control has employed by Djedoui et al. [22] in their study
for structural system using a base isolator, TMD and HMD.
Based isolators are constructed between the foundation and
the superstructure. The basic concept behind base isolation
is that the response of the building structure is controlled
so that the ground under the system can move while trans-
ferring little or no motion to the structure above. The type
of excitation determines the efficiency of the base isolator.
Considerable earthquakes can cause the base isolator reach
critical conditions, resulting in large displacement, super-
structure flexibility, isolation period and story number, can
have a negative impact on the reliability of base isolation
structures.

A control signal is generated by a control algorithm
measured by the structural response to reduce the building
vibration. The actuator will provide a secondary vibration
response based on the control signal and minimize the overall
building vibration. Chesné and Colette [23] deployed a sim-
ple control law technique to boost the efficiency and stability
of a HMD consisting of one DOF system. Consequently, the
presented HMD is both fail-safe and unconditionally stable
in theory. Experimental work demonstrated the HMD’s per-
formance and robustness of the proposed technique. In [24],
a robust adaptive controller is established to be utilized in
the HMD system. The control approach is constructed to
attenuate undesirable vibrations caused by an earthquake on
multistory structures. A Lyapunov-based stability analysis
strengthens the developed control design, demonstrating that
the controller can maintain overall system stability while
fulfilling the main control goal. It is proved that the proposed
control method can be employed to meet the main control aim
efficiently.

Nonsingular TSMC demonstrated superior character in in
term of fast dynamic response, finite-time convergence, and
high control accuracy [25]. This type of control strategy able
to eliminate the paranormal phenomenon in the system’s
control input. When compared to traditional SMC, the non-
singular TSMC approach is better in reducing chattering [26].
The applications in spacecraft [27], vehicles [28], rigid
manipulators [29], mechanical system [30], and autonomous
underwater vehicle [31] have utilized nonsingular TSMC to
address singularity obstacles with TSMC. It is crucial to
choose an appropriate control strategy to give a signal to the
actuator. With the current development of AI, the integrating
of implementing neural network with the control strategy has

been focus currently. Wang and Fei [32] enhanced nonsingu-
lar TSMC by integrating recurrent neural network (RNN) to
more precisely estimate the unidentified element in a system
compared to a traditional neural network due to the presence
of feedback loops in its hidden layer, which retainweights and
output signal as the feedback signals. The proposed controller
validates that the compensation current effectively tracks the
reference current in real-time. The proposed approached out-
performed the SMC with the regular neural network in terms
of tracking performance and durability. Integrating the neural
network technique with nonsingular TSMC improves the
resilience of the system control, particularly long short-term
memory (LSTM). LSTM was first proposed by Hochre-
iter and Schmidhuber [33] in 1997. It is a variation of a
RNN and is capable of selectively remembering patterns
over long periods. RNN is a sophisticated deep learning
method with a limited memory capacity that enables it to
consider former network values in order to impact the cur-
rent decision-making process according to the present input
sequence. It is a great option for analyzing sequential data
and is often used to understand the complexity [34]. The task
of LSTM is utilized to estimate the variables in nonsingular
TSMC. The study by Zhou et al. [35] employed LSTM in the
prediction of high and low-complexity heating load features
for building energy consumption.

The study has combined LSTM with other models and
generated higher accuracy than a single deep learning
model. Moreover, the performance of root mean square error
(RMSE) and the average coefficient of determination was
improved. Mohandes et al. [36] have discovered a growing
interest in the application of newly developed artificial neural
networks, such as RNN to building energy analysis areas due
to its ability to improve the prediction of building energy
analysis. Chang et al. [37] forecast the aggregated charging
power demand for the electric vehicle using LSTM. The
results from the study showed the forecasting outcomes using
the proposed LSTM outperformed the other deep learning
models by achieving good accuracy. In addition, LSTM is
used to forecast an electrical short-term load as proposed by
Ijaz et al. [38] by integrated along standard artificial neural
network. Consequently, LSTM showed an excellent charac-
teristic in forecasting the stochastic nature of an hour forward
of electrical loads.

The control strategies of integrated nonsingular TSMC,
nonsingular TSMC, and TSMC from previous studies are
typically applied in vehicles, spacecraft, and robotic sys-
tems. However, there has been no empirical evidence on the
impact of control strategies on mitigating the risk of building
damage. On the other side, the proposed control strategy
provides excellent vibration control capabilities. With the
enhancement reported by [39], this work emphasizes the
impact of control strategies, namely, integrated nonsingular
TSMC, nonsingular TSMC, and TSMC, on preventing struc-
tural damage. Each proposed control strategy demonstrates
its effectiveness in mitigating the probability of structural
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damage and collapse by reducing vibration during an earth-
quake. Integrated nonsingular TSMC incorporates a neural
network technique that can identify an acceptable value in the
control strategy to fit the unknown value. All the proposed
control strategies present a good response in terms of their
ability to reduce vibration. Methodologies for assessing seis-
mic vulnerability are frequently used to determine and control
the risks of damage to buildings that are mostly related to
the material and height of the structure [40]. This study high-
lights the employment of control strategies in mitigating the
vibration using the fragility analysis for low-rise and high-rise
buildings that are represented by mass, spring, and damper
of 2-DOF and 10-DOF. In addition, the 2-DOF structure is
validated using an experimental setup linked to LMSTest.Lab
software. Previous studies performed various tests on many
shaking tables such as in [41], and [42], but only a few have
shaking tests connected to this software. As a result, this study
demonstrated the details of experimental work constructed
and linked to the LMS Test.Lab software. The experimental
work response has strengthened the building structure that
was developed in simulations. Overall, this study has signifi-
cantly contributed based on;
a) The integration of deep learning techniques within the

integrated nonsingular TSMC is a notable aspect of the
research. This technique allows for the identification of
acceptable values within the control strategies, thereby
enhancing the adaptability to unknown variables and
enhancing the performance.

b) The proposed control strategy highlights the excellent
vibration control capabilities. This study emphasizes how
the control strategy can effectively reduce vibration levels,
hence, preventing structural damage and collapse during
earthquakes.

c) The study focuses on applying these control strategies to
low-rise and high-rise buildings, represented by 2-DOF
and 10-DOF. Both systems showcase the versatility and
practical implications of the research. The fragility anal-
ysis conducted provides insights into the effectiveness of
these strategies in reducing structural vulnerability.

d) The study validated the 2-DOF structure through an exper-
imental setup linked to the LMS Test.Lab software, has
strengthened the credibility of the research findings.
Further, section II introduces the system design that con-

sists of building structure and experimental work. Section III
describes the control strategies proposed for the study that
focus on integrated nonsingular TSMC, nonsingular TSMC,
and TSMC. Apart from this, the performance of the control
strategies proposed in the low-rise and high-rise buildings
with the results have been mentioned in Section IV. Lastly,
the conclusion has been discussed in Section V.

II. SYSTEM DESIGN
A. BUILDING STRUCTURE
The mass, spring, and damper, which comprise 2-DOF and
10-DOF, represent the building structures for low-rise and
high-rise buildings. The controlling device, HMD is located

FIGURE 1. Schematic representation of the building for (a) 2-DOF and
(b) 10-DOF system.

on the building’s top story. Figure 1 shows the system’s
building diagram for both building structures. Both building
structures are illustrated in free-body diagrams to systemati-
cally analyze each floor of the structure are shown in Figure 2.
The building structure represented by mathematical models
is indicated in (1), (2), and (3), where m1 and m2 signify the
mass of each level, the stiffness values are k1, kn−1 and kn,
and the damping coefficients are c1, cn−1 and cn. For HMD,
md , cd and kd are mass, damping, and stiffness coefficients.
x1, xn−1 and xn are the displacement responses for each floor
and control device. The acceleration of the ground motion is
given by ẍg.

m1ẍ1 + c1ẋ1 + k1x1 − cn (ẋn − ẋ1) − kn (xn − x1) = −m1ẍg
(1)

mnẍn + cn (ẋn − ẋn−1) + kn (xn − xn−1) − cd
(ẋd − ẋn) − kd (xd − xn)

= −mnẍg − Fu (2)

mẍd + cd ẋd + kdxd − cd ẋn − kdxn = −md ẍg + Fu (3)

The actuator controlled HMD, which is written as;

Ri+ Ke (ẋd − ẋn) = u (4)

Fu = Kf i (5)

Fu = Kf

[
u− Ke[ẋd − ẋ2]

R

]
(6)

where u is the control voltage, Kf is the thrust constant, Ke is
the induced voltage constant, R is the resistance value, Fu is
the actuator’s control force and i is current.

B. EXPERIMENTAL WORK
Figure 3 depicts the experimental work, which includes
a mobile signal conditioning and data acquisition system
(SCADAS), amplifier, shaker, accelerometer, and 2-DOF
system. In this scenario, the shaker’s vibration is arranged
horizontally to replicate a similar seismic activity. The power
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FIGURE 2. Free body diagram (a) 2-DOF and (b) 10-DOF structure.

amplifier received the signal from the input, which was then
transmitted to the shaker. The required voltage or current of
the amplifier is decided by the size of the system under test
and the desired vibration levels. The accelerometer is used
to detect and record the movement of the base and the mass
of each floor. SCADAS is a modular data acquisition system
comprised of a frame that stores all of the cards, as well as
a power supply and controller. The power supply includes
a battery for self-contained operation, with a capacity of up
2.5 hours. The mobile controller card is an ethernet inter-
face with two encoder inputs and two output sources that
are linked to the Test.Lab software. SCADAS is employed
to measure dynamic signals, record accelerometer data, and
connect to the Test.Lab software. The shaker was controlled
by SCADAS and the data from this experiment was collected
using LMS Test.Lab software. This software is intended for
use in vibration testing of equipment. It also offers a robust
built-in safety feature that decreases the chance of damaged
items, as well as powerful analysis, simple reporting, and
quick visualization. It provides accurate closed-loop control
and has a strong built-in safety mechanism that reduces the
possibility of damaged objects.

The connection between these components in experimental
work is depicted in Figure 4. SCADAS memorizes the input
excitation generated by the software for moving the shaker.
The controller will send the signal to the amplifier, which
will provide a vibration signal to the shaker. Each floor is

equipped with accelerometers to measure the acceleration
of the system and once the accelerometer detects the move-
ment, the signal in acceleration value is delivered to SCADAS
DAC. The response is then will be recorded by LMS Test.Lab
software [43].

FIGURE 3. Experimental work setup.

TABLE 1. The parameter for experimental work.

FIGURE 4. The connection for each component in experimental work.

Before experimenting, the closed-loop system is pre-
testing by specifying the SelfCheck parameter. SelfCheck
configuration is utilized to examine the experiment setup
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for faults with the connection, shaker, and amplifier. The
program window status will generate a warning if there are
any problems. Moreover, ‘‘Open Channel’’ was displayed
if these cases occurred. This is due to the unstable con-
nection between the accelerometer and the output of the
data-gathering card. The accelerometer channel did not give
a significant result above the background noise level. Addi-
tional errors that appeared during the SelfCheck setting were
caused by DAC difficulties. The shaker amplifier’s failure to
deliver adequate output to run the full-scale equipment causes
the DAC difficulty.

III. CONTROL STRATEGIES
Consider the building structure as;{

ẋ1 = x2
ẋ2 = f (x) + g (x) u+ d (x)

(7)

where x = [x1, . . . xn, xd ]T , f (x) and g (x) ̸= 0 are nonlin-
ear functions of x, d(x) is uncertainty and disturbance and u
is the scalar control input.

A. TERMINAL SLIDING MODE
The terminal sliding surface is defined by (8), where β is
a design constant that must be greater than zero and the
variables of p and q are positive odd integers that satisfy the
condition of p > q.

s = xn + βx
q
p
1 (8)

u = −g−1(x)[f (x) + β
q
p
x
q
p−1
1 xn +

(
lg + η

)
sgn (s)] (9)

where η > 0
The stability analysis for TSMC is derived as follows:

ṡ = ẋn + β
q
p
x
q
p−1
1 ẋ1 (10)

ṡ = f (x) + g (x) u+ d (x) + β
q
p
x
q
p−1
1 ẋ1 (11)

The equation in (9) is substituted into (11) to obtain;

ṡ = d (x) −
(
lg + η

)
sgn (s) (12)

sṡ = sd (x) −
(
lg + η

)
|s| ≤ −η |s| (13)

The singularity occurs if the value for x2 ̸= 0 when s = 0,
according to the equation stated in (13). The problem appears
during the reaching phase when the state approaches s = 0.
Nonsingular TSMC is used to tackle this problem.

The following equation is used to develop a finite-time
analysis for the system;∫ s=s(tr )

s=s(0)
ds =

∫ tr

0
±ndt (14)

s (tr ) − s (0) = ±ntr (15)

tr = s(0)/n (16)

Suppose that after tr , the attaining time which is the time
of switching trajectory reach at the sliding surface, ts from
x1(tr ) ̸= 0 to x1 (tr + ts) = 0. In this phase s = 0,

x2 + βx
q
p
1 = 0 (17)

ẋ1 = −βx
q
p
1 (18)

The equation in (18) is integrated to obtain the equation (19)
written as; ∫ 0

x1(tr )
x
q
p
1 dx1 =

∫ tr+ts

tr
−βdt (19)

−
p

p− q
x
1− q

p
1 (tr ) = −βts (20)

ts =
p

β (p− q)
|x1 (tr )|

1− q
p (21)

B. NONSINGULAR TERMINAL SLIDING MODE CONTROL
Nonsingular TSMC has the advantage of providing a fast
dynamic response, finite-time convergence, good control
accuracy and is capable to eliminate irregular phenomena
in the system’s control input. This is represented by the
following equations;

s = x1 +
1
β
x
p
q
n (22)

u = −g−1 (x)
[
f (x) + β

q
p
x
2− p

q
n +

(
lg+η

)
+ sgn (s)

]
(23)

where β > 0, p and q are both positive odd numbers, 1 <

p/q < 2, η is greater than zero and lg is estimated using the
adaptive law.

Analysis of the stability for nonsingular TSMC is written
as;

ṡ = ẋ1 +
1
β

p
q
x
p
q−1
n ẋ2 (24)

ṡ = xn +
1
β

p
q
x
p
q−1
2 (f (x) + g (x) u+ d (x)) (25)

Then, the equation (23) is substituted into (25) to obtain;

ṡ =
1
β

p
q
x
p
q−1
2 (d (x) −(lg + η) (26)

sṡ =
1
β

p
q
x
p
q−1
2

(
sd (x) −

(
lg + η

)
|s|

)
(27)

sṡ ≤ −
1
β

p
q
ηx

p
q−1
n |s| (28)

When xn ̸= 0, x
p
q−1
n > 0 as p and q are positive integers.

Thus, the results in equation (29) can be concluded that the
Lyapunov condition is satisfied in the case of x2 ̸= 0.

−
1
β

p
q
ηx

p
q−1
n > 0 (29)

The condition when x2 = 0 is investigated by substituting the
equation of (20) into (30) written as;

ẋ2 = g (x) − β
q
p
x
2− p

q
n −

(
lq + η

)
sgn (s) (30)
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ẋ2 = g (x) −
(
lg + η

)
sgn (s) (31)

Since s > 0, resulted ẋn ≤ −η and when s < 0, resulted
ẋn ≥ −η. Therefore, the switching line s = 0 can be reached
in a finite time. The sliding mode of s = 0 can be achieved
from anywhere with the condition of switching trajectories in
finite time.

C. LONG SHORT-TERM MEMORY
LSTM has been proposed as a technique for recursive neural
network time dependence problems. It is a great tool with a
large memory for predicting long-time series. However, it is
crucial to ensure the timeliness of the provided prediction
model. This study needs to predict the value of the upper
bound of the uncertain parameter, lg, in integrated nonsingu-
lar TSMC. It is important to ensure the building can overcome
any other disturbances that impact the system and increase
its robustness system. Therefore, the deployment of LSTM
assists in predicting the value based on the trained technique
from the existing value. The framework of LSTM consists of
input, forget, and output gates as illustrated in Figure 5.

FIGURE 5. The structure of the LSTM model.

In the given formulas, it ,Ot and ft signify the state values
of the input gate, output gate, and forget gate, respectively.
The following are the LSTM calculation steps:

Step 1: LSTM can identify the information from the cell’s
old state, Ct−1 to be eliminated by the forget gate based on
the input, xt and the state of the last hidden layer, ht−1. The
output of the current cell is as follows;

ft= σ
(
wf [ht−1, xt ] + bf

)
(32)

where wf is the weight matrix of the forget gate, bf is the bias
vector and σ is the activation function that typically uses the
sigmoid function.

Step 2: The current input and the last output values are
transferred to the input gate. The output it and candidate state
C̃t are then written as;

it = σ (wi[ht−1, xt ]+bi (33)

C̃t = tanh (wc. [ht−1, xt ] + bC ) (34)

Step 3: The state vector Ct is updated through the integration
of the input of the forget gate with the last state of the cell
described as;

Ct = ft .Ct−1 + it .C̃t (35)

Step 4: The output gate 0t , is calculated using ht−1 and xt .
The output value of the LSTM neurons ht is obtained from
the output gate.

Ot = σ (Wo. [ht−1, xt ] + bo) (36)

ht = σt . tanh (Ct) (37)

where wi,wc and wo are weight metrics of the input, cell, and
output gate.

In this part, LSTM is employed to process the sequential
trajectory data and generate a prediction value. LSTM net-
work is trained and tested with the same dataset as the one
used for displacement and velocity of nonsingular TSMC.
During the training phase, several less important information
are discarded to allow the memory cell to free up space
for newer and more relevant information. The forget gate is
intended to address this issue. The forget gate deletes or keeps
information. The input gate is added to the LSTM structure
if a value must be stored for many steps in the memory cell.
And indeed the output gate is included to address the issue
of multiple memories competing with each other. The LSTM
neural network can be expressed once the memory gates are
known.
Theorem 1: If the control law of integrated nonsingular

terminal sliding mode control is designed as equation (23),
the nonsingular TSMC manifolds given in equation (22) will
reach equilibrium in finite time and tracking errors will con-
verge in finite time. Alternatively, the building structure given
in equation (7), might be considered.

Proof 1: The stability analysis of this controller conveys
the Theorem 1 argument. Assume that V = 1/

2s
2 is the

candidate for the Lyapunov function. When this happens, the
derivative of V along the trajectory is

V̇ = sṡ (38)

ṡ = ẋ1 +
1
β

p
q
x
p
q−1
2 ẋ2 (39)

ṡ = x2 +
1
β

p
q
x
q
p−1
2

[
−
kT
M
x1 −

cT
M

+
1
M

(u− fd )
]

(40)

The equation (42) is substituted into (45), resulting in
equation (46) written as below;

ṡ = x2 +
1
β

p
q
x
p
q−1
2

[
−
kf
MT

x1 −
cf
MT

+
fd
MT

+

[
kf x1+cf x1 −MTβ

(
q
p

)
x
2−p

q
2 −MT (ξ+η) sgn (s)

]
MT


(41)

ṡ = x2 +
1
β

p
q
x
p
q−1
2 [−

fd
MT

− β

(
q
p

)
x
2− p

q
2 − (ξ + η) sgn(s)

(42)

ṡ = − (ξ + η) sgn (s) −
fd
M

(43)
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The sliding surface estimation error is written as;

se = s− ŝ = x̂2 (44)

This generates equation (50), where ξ is the adaptive law
value.

V̇ = sṡ =
(
s− ŝ+ ŝ

) (
−
fd
M

− (ξ + η) sgn
(
ŝ
))

(45)

V̇ =
(
s− x̂2

) (
−
fd
M

− (ξ + η) sgn
(
ŝ
))

(46)

The equation above is solved to get the equation as follows;

V̇ = −
fd
M
s+

fd
M
x̂2 − (ξ + η) sgn

∣∣ŝ∣∣ + x̂2 (ξ + η) sgn
(
ŝ
)

(47)

where fd
M ≤ ξ ,

V̇ = ŝξ + x̂2 − (ξ + η) sgn
∣∣ŝ∣∣ + x̂2 (ξ + η) (48)

V̇ (t) = ṡs =≤ −η
∣∣ŝ∣∣ (49)

That is,

V̇ ≤ −η |s| < 0, for s ̸= 0 (50)

The nonsingular TSMC’s Lyapunov controller stability
for the building structure can be assessed using equation (50).
The value of η is 0.01 and the sliding surface was calcu-
lated using the value of |4×10−8

|, which gave the result of
0.04×10−8. As a result, the value achieved is less than 0,
demonstrating that the nonsingular TSMC manifold of the
controller converges to zero in a finite time. Nevertheless,
if (39) is attained, the output tracking error of the building
structure will converge to zero in a finite time, demonstrating
the system’s stability and robustness. This concludes the
Theorem 1 proof.

Figure 6 shows the block diagram of the implementation
of integrated nonsingular TSMC with the building structure
to mitigate the building vibration, where xf is the target
value for the system output, e is an error, s is the sliding
surface, u is the control input and the output feedback is
the building structure’s displacement and velocity. The input
excitation to the building is fed with the real earthquake data
taken from Pondaguitan, Philippines with 7.0 Mw. LSTM is
deployed to predict the upper bound of uncertain value, lg for
integrated nonsingular TSMC by using the dataset value gen-
erated by nonsingular TSMC. The test data and predict data
consist of 16 000 variables for 2-DOF and 10 000 variables
for the 10-DOF system. The simulation data construct with
100 epochs and obtained RMSE for 2-DOF and 10-DOF are
0.11 and 0.24, respectively. While increasing the number of
training epochs can enhance accuracy to a certain extent, it is
crucial to balance training to avoid overfitting. Techniques
such as validation and regularization are essential to ensure
that the model generalizes well to unseen data. In addition,
the performance of the predicted upper bound of unknown
parameters was evaluated using the mean absolute error
(MAE) and mean squared error (MSE). The MAE for the

2-DOF and 10-DOF systems were calculated to have values
of 0.081709 and 0.19022. TheMSE values for the 2-DOF and
10-DOF systems are 0.013247 and 0.057421, respectively.
Figure 7 is the predicted and actual result generated from the
study. The proximity of these results shows the efficiency
of LSTM based model. In addition, the results highlight
the efficiency and robustness of the LSTM based model
in predicting the upper bound of uncertain values for both
2-DOF and 10-DOF systems. The closematch between actual
and predicted values, as evidenced by the low RMSE has
validates the capability of the model to generalize from the
training data and accurately forecast outcomes. Similarly, the
small MAE values demonstrate that the average magnitude
of the prediction errors is minimal, indicating accurate and
consistent performance. In addition, the small MSE values
highlight the ability of the model to successfully manage
significant errors, leading to a significant level of reliability.
This comprehensive evaluation of RMSE, MAE, and MSE
establishes the utility of the model in integrating control
strategy and enhancing the durability of the building structure
by ensuring robust and accurate predictions.

FIGURE 6. Block diagram of the control system.

IV. RESULT AND DISCUSSION
A. SYSTEM VALIDATION
The building structure model designed in Matlab is vali-
dated using the LMS Test.Lab software and an experimental
setup. The input and output of the structural system used
in this experiment are measured in acceleration values since
accelerometers are used. Various inputs are supplied to val-
idate the building structure model based on various seismic
events. Figure 8 depicts the acceleration output measured
from the experimental work. The accelerometer was used to
measure the acceleration for base input, second floor and first
floor with ranges of Figures 8 (a), (b) and (c). The value for
base input acceleration serves as the reference point for eval-
uating the response of the other floors. The value for the first
floor shows a significant reduction in acceleration compared
to the base input, indicating that the building absorbs and
dissipates the energy that is introduced by the ground motion.
The further reduction measured on the second floor shows the
cumulative effect of the structural damping. The performance
of acceleration response at different floors validates the build-
ing structure by demonstrating the experimental results align
with the theoretical predictions.
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FIGURE 7. Plot between actual and predicted value (a) 2-DOF (b) 10-DOF
system.

The results of the experimental and simulation work are
summarised in Figure 9. As depicted in the figures, the
results of both approaches have quite similar minimum and
maximum ranges. The acceleration ranges for ground input
plots in Figure 9 (a) display identical performance between
simulation and experimental data, showing the same inputs
were given to the system. The same input values to both
the simulation and the hardware are essential to validate the
system bymeasuring the response of the first and second floor
accelerations. This approach ensures comparability, accurate
validation and ensuring that the simulation model can be
trusted to realistically reflect the physical system’s behavior
under identical conditions. Based on this ground input, the
results for the first floor and second floor were measured
by using an accelerometer that was placed below the mass
of the structure. The results for the first and second floors
exhibited a slight difference, with experimental data show-
ing marginally higher acceleration values compared to the
simulation. The acceleration ranges for the first and second
floors are 0.01 m/s2 and 0.1 m/s2, respectively. Experimental
accelerations can be affected by a sensor placement that was
measured by an accelerometer or external disturbances that
might not be fully replicated in the simulation model. The
close alignment in the minimum and maximum acceleration
ranges observed in both the simulation and experimental
data suggests that the model accurately captures the essential
dynamics of the building structure. The high similarity in

FIGURE 8. Acceleration performance obtained from experimental work
(a) basement input (b) first floor (c) second floor.

the ranges indicates that the simulation provides a reliable
approximation of the real-world implementation and, thus,
reinforces the validity of the structure. However, minor dis-
crepancies between the simulation and experimental results
might still be present, which are expected in such studies.

B. IMPLEMENTATION OF THE CONTROL STRATEGY
The building structure is installed with HMD in the numerical
simulation, including the deployment of the control tech-
nique. The parameters in Table 2, which consist of mass,
stiffness and damping are selected to represent typical charac-
teristic of low-rise and high-rise buildings. These parameters
are crucial in the numerical simulations as these parame-
ters directly influence the dynamic response of the structure
and the effectiveness of the control strategy. As depicted
in Table 2, the actual parameter is used to assess the con-
troller’s effectiveness in actual life taken from [44]. The
mass represents the inertia of the building floors, the stiffness
refers to the structural rigidity and the dampring depicted the
energy dissipation capacity. Utilizing these parameters able
to accurately simulate the building behaviour under various
loads and therefore measure the performance of the con-
trol strategy mitigates the vibrations and enhance structural
durability. The input excitation is provided as a disturbance
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FIGURE 9. Comparison of the plots from the simulation and experimental
work (a) ground input (b) first floor output response (c) second floor
output response.

to evaluate the control strategy’s robustness, based on the
real earthquakes that happened in Pondaguitan, Philippines
occured on January 21, 2021, with a magnitude of 7.0 Mw.

1) LOW-RISE BUILDING
The impact of control strategy implementation for a low-rise
building that represent by 2-DOF System is simulated using
Simulink/Matlab to study the effectiveness in mitigation of
earthquake events. Figure 10 shows the findings for the build-
ing structure for the second and first floors, respectively.
The result indicated that earthquake-induced vibrations were
successfully controlled after control techniques were imple-
mented. The maximum vibration that occurred on the second

TABLE 2. System parameter.

floor is at 46 s, resulting in a 43% reduction percentage
for integrated nonsingular tSM, 36% for nonsingular TSMC,
and 23% for TSMC recorded in contrast to the uncontrolled
system. The first floor causes a 40% decrease for inte-
grated nonsingular TSMC, 38% reduction for nonsingular
TSMC, and 7.5% reduction for TSMC. In comparison to
the other controllers, the integrated nonsingular TSMC has
superior performance in terms of reducing the vibration of
the building.

The findings clearly indicate that the integrated nonsingu-
lar TSMC exhibits superior performance in both the second
and first floors, highlighting its effectiveness in controlling
earthquake-induced vibrations. The enhanced reduction per-
centages suggest that this control strategy offers better robust-
ness and adaptability to dynamic changes compared to the
nonsingular TSMC and TSMC. The nonsingular TSMC also
shows strong performance, significantly reducing displace-
ments but slightly lagging behind the integrated approach.
This indicates its robustness but also points to potential areas
for improvement in handling nonlinear dynamics and inter-
action effects more effectively. The TSMC, while effective in
reducing vibrations, shows the least performance among the
strategies tested. Its lower reduction percentages reflect its
limitations in addressing more complex dynamics introduced
by seismic events.

Figure 11 shows the sliding surface for each controller.
Once the sliding mode has been established, the sliding
surface design must therefore correspond to the appropriate
specifications. As demonstrated by the figures, the state tra-
jectories are moving towards the sliding surface, which was
set to 0 to keep the system stable during an earthquake. This
provided the system with the necessary reaction to obtain a
stable condition.

According to the performance of the implementation of
control strategies in building systems, three measurement
metrics have been calculated to assess the displacement
response, which is RMSE, MAE, and MSE. This evaluation
is crucial for understanding the effectiveness of the con-
trollers in mitigating vibrations caused by earthquakes. The
results for these measurement metrics are shown in Table 3.
For the low-rise building, the integrated nonsingular TSMC
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FIGURE 10. The comparison of control strategy implementation for the
displacement response measured at (a) second floor (b) first floor.

demonstrates the most superior control among the three con-
trollers, as indicated by its lowest RMSE and MAE values.
This demonstrates that the deployment of LSTM allows it to
predict and adapt to parameter uncertainties effectively and
thus, results in superior vibration suppression. The nonsingu-
lar TSMC also performs well, though not as finely tuned as
the integrated deep learning approach. TSMC shows the high-
est error metrics indicating less effective control compared to
its counterparts. In high-rise buildings, the integrated nonsin-
gular TSMC again shows the best performance. The RMSE
and MAE values are the lowest, highlighting its capability
to adapt and predict parameter changes effectively, which is
crucial for managing the dynamics of a taller structure. The
nonsingular TSMC outperforms the TSMC, indicating that
eliminating singularities while optimizing control response
could enhance building vibration suppression. TSMC is still
effective in suppressing the vibration. However, the controller
is less optimal for high-rise buildings, as reflected in its higher
error metrics.

Figure 12 summarises the results that were measured on
the first and second floors during the building structure’s
maximum vibration, which occurred at 46 s. According to
both figures, the second story swayedmore than the first floor
during the seismic activity. On the other hand, the vibrations
were reduced when control strategies were implemented.

FIGURE 11. Sliding surface (a) Integrated nonsingular TSMC
(b) Nonsingular TSMC (c) TSMC.

This study takes into consideration ductile RC buildings
and the probability of a structure collapsing is approximated
using the graph of probability damage for low-rise buildings
under the 3-DOF system, utilizing the code C1L as specified
by FEMA [6] and structural response under seismic load is
evaluated using Incremental Dynamic Analysis (IDA) [45].
According to the probability of collapse, it is evident that
using the proposed controller, integrated nonsingular TSMC
in the 2-DOF structure has decreased the percentage of the
building from collapse. Figure 13 shows that the probability
of the building having slight damage is 100%, but after the
integrated nonsingular TSMC is implemented, the probability
decreases to 12%.Moreover, the probability percentage of the
building suffering moderate damage is reduced from 92% to
5%, extensive damage from 55% to 3%, and complete dam-
age from 18% to 1%. The implementation of the controller
in the building structure shows the response demonstrates
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TABLE 3. Performance evaluation metrics.

FIGURE 12. The response of the building to the implementation of the
control strategy.

impressive benefits in minimizing the probability of the
building collapse.

2) HIGH-RISE BUILDING
The efficiency of the control strategy is then deployed by
improving the building structure for 10-DOF that demon-
strate high-rise buildings. Figure 14 illustrates the results
obtained for displacement performance evaluated on the
tenth, fifth, and first floors. For the tenth floor, the maximum
vibration occurred at 54.5 s. According to the total reduction
compared to the uncontrolled structure, integrated nonsingu-
lar TSMC reduction is up to 83%, while nonsingular TSMC
is down to 79% and TSMC is down to 4.34% recorded for the
tenth floor. Based on the first floor, the percentage of vibra-
tion suppression recorded from the uncontrolled structure for
each controller approach is 75% for integrated nonsingular
TSMC, 68% for nonsingular TSMC, and 0.16% for TSMC.
These results indicate that using LSTM in nonsingular TSMC

FIGURE 13. Probability of the low-rise building collapse.

assists predict the controller with a better response. Addi-
tionally, this integrated controller has a better response in
suppressing building vibration. The rest of the displacement
performance measured on another floor generated all the
control strategies utilized in this study have successfully
decreased the vibration of the building. However, compared
to each other, integrated nonsingular TSMC has a better
response with respect to vibration reduction.

Figure 15 shows the displacement response for each storey
and each controller for this high-rise building. The tabulated
data for high-rise buildings is taken at the maximum vibra-
tion that occurred to the system. The curve result shows the
highest floor is risky as it generates higher sway compared to
the below floor. Consequently, once a large vibration impacts
a structure, structural damage including wall cracking and
severe floor slope can be noticed. Therefore, to avoid this
drawback the control strategy that is implemented in the
structure can prevent this from occurring. All the control
strategies deployed in this study have decreased the vibration
however compared to the others, an integrated nonsingular
TSMChas superior performance in suppressing the vibration.

The building collapse probability for reinforced concrete
high-rise buildings is using the code of C1H as prescribed by
FEMA and IDA. Figure 16 shows the probability of damage
to the system. Based on the result, it is seen clearly that
the implementation of the proposed controller has reduced
the percentage of the building from collapse. The reduction
of the probability for the building to have slight damage is
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FIGURE 14. The comparison of control strategy implementation for the
displacement response measured at (a) tenth floor (b) fifth floor (c) first
floor.

100% and reduce to 12% with the deployment of integrated
nonsingular TSMC by moderate damage, the damage prob-
ability is reduced from 92% to 5%, extensive damage with
55% reduced to 3% and complete damage is reduced with
18% to 1%. There is not much different reduction percentage
of integrated nonsingular and nonsingular TSMC due to the
utilization of LSTM in that control strategy that predicts
the value based on the actual value in nonsingular TSMC.

FIGURE 15. Displacement response for each floor.

FIGURE 16. Probability damage for the high-rise building to collapse.

However, this implementation assists the proposed controller
in predicting the value to obtain a good performance.

V. CONCLUSION
The objective of this study was to investigate how adopt-
ing control strategies, such as integrated nonsingular TSMC,
nonsingular TSMC, and TSMC, to a 2-DOF and 10-DOF
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structure could improve the building’s structural integrity
while minimizing the probability of damage. Experimental
work on the 2-DOF structure established the system and
acceleration response was assessed using the LMS Test.Lab
software. The simulation results usingMatlab were compared
with the outcome of the building system response. Inte-
grated nonsingular TSMC using deep learning was created
to improve structural performance by mitigating vibration
during an earthquake event. The controller’s efficiency was
compared to those of TSMC and nonsingular TSMC. All the
control strategies have reached equilibrium andmaintain their
position as the intended response specified, demonstrating
the stability of the controller. In addition, all the control
strategies suppress the building vibration and decrease the
probability of structural damage to the building. The con-
trol strategies in this study have successfully mitigated the
vibration due to earthquake events. The implementation of
integrated nonsingular TSMC has resulted in the possibil-
ity of a building having minor damage decreasing to 43%,
compared to an uncontrolled building which has a 100%
chance of having slight damage. The smaller percentage of
buildings that are prone to damage demonstrated the major
influence of implementing a control strategy in the building
structure.
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