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Abstract- Overhead water tanks (OHWTS) play a critical role in infrastructure, yet they
are highly vulnerable to dynamic loading such as seismic forces and wind excitations.
Traditional numerical methods, such as Finite Element Analysis (FEA), can be
computationally intensive, making real-time structural response solving challenging. This
study develops a machine learning (ML)-based approach to predict the structural response
of OHWTs subjected to harmonic loading by idealizing the structure as a Single Degree
of Freedom (SDOF) system, where multiple configurations of mass, stiffness, and
damping were considered to represent different structural scenarios. The governing
equation of motion (EOM) was numerically solved using MATLAB's ode45 solver,
chosen for its balance between accuracy and computational efficiency after comparison
with alternative solvers. The computed responses from this step served as the training
dataset for the ML models. Artificial Neural Networks (ANN) and Long Short-Term
Memory (LSTM) networks are then trained using this dataset to predict structural
displacements. The results demonstrate that the LSTM model outperforms the ANN by
effectively capturing sequential dependencies in dynamic responses, showing smoother
and more accurate predictions. The proposed methodology highlights the potential of
integrating ML with numerical simulations for different fields of Structural Engineering.
By leveraging Al-driven approaches, this research offers a computationally efficient
alternative to conventional methods, paving the way for advanced predictive modeling in
civil engineering applications.
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1 Introduction

Reservoirs and elevated tanks are designed for the collection of water, crude oil, petroleum products, and similar liquids.
It is very important to insure their durability and stability. Elevated tanks mainly serve the purpose of storing water. The
significance of storage tanks has grown considerably due to their adaptability in handling various liquids. With the rising
need for liquid storage in industrialized nations, demand has surged over the years. As a result, both the dimensions and
storage capacities of these tanks have expanded substantially to accommodate increasing requirements[1] . Recent major
earthquakes, such as Tokachi-Oki (Japan, 2003), Emilia (Italy, 2012), and Kaikoura (New Zealand, 2016), have repeatedly
highlighted the weakness of storage tanks to seismic damage. The failure of these structures can result in significant
economic losses, severe environmental consequences, and delayed post-earthquake recovery [2]. Reinforcement of the
supporting elements against dynamic loading is essential for maintaining their structural integrity and long-term stability
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[3]. Exposure to aggressive environmental agents, aging, and extreme weather event can also seriously harm structures
and affect their performance [4]. A properly designed water tank is recommended for vibration mitigation [5].

Over the past few years, ML has become a key tool across science, engineering, and economics. It allows computers to
learn from data and perform tasks without being explicitly programmed. As a core part of artificial intelligence, ML is
now making a strong impact in structural engineering, with applications like image recognition, object tracking, and stress
analysis [6]. Neural networks serve as a powerful tool in predicting structural responses, showing their capability to model
and characterize dynamic systems effectively. As early as 1993, Masri et al. [7] used a multilayer perceptron (MLP) with
three hidden layers identify the behavior of the Duffing oscillator. Subsequently, He, Wu, and their collaborators applied
a back-propagation neural network (BPNN) alongside a self-recurrent neural network (SRNN) to predict the response of
linear elastic structures [8]. Jagatai et al. [9] utilized the Prandtl-Ishlinskii operator which was integrated into a feedforward
neural network (FFNN) as a hidden layer, leading to the development of the Prandtl neural network (PNN) for predicting
the dynamic response of hysteretic systems. Lagaros and Papadrakakis further expanded on neural network applications
in structural dynamics, demonstrating their effectiveness in complex response modelling [10]. Another study used neural
networks to predict the seismic response of a nonlinear 3D building, demonstrating their strength in complex structural
analysis. With advances in computing power, researchers are increasingly turning to deep learning (DL) to improve
prediction accuracy in structural dynamics [11]. DL network have been widely utilized for response prediction,
demonstrating superior accuracy and adaptability in complex structural analyses. [12].

Recently, Kuo et al. (2024) [13] introduced a Graph Neural Network (GNN)-LSTM fusion model for predicting nonlinear
dynamic responses in 4-7 story steel frames, showing better performance and interpretability. Zhou et al. (2024) [14]
developed Phy-Seisformer, a physics-informed deep learning model enabling real-time seismic response prediction with
5000x faster computation than FEM. Shu et al. (2025) [15] proposed a conditional diffusion model (DF-CDM) with data
fusion for structural response reconstruction, outperforming GANs in both accuracy and stability. Jia et al. (2025) [16]
presented Floor Response Spectra Network (FRSNet), a deep learning method to generate floor response spectra for 102
buildings from ground spectra, validated on numerical and real structures.

While many studies use neural networks to predict dynamic system responses, most rely on black-box models. To improve
interpretability, some researchers now integrate neural networks with governing equations, creating white-box or gray-box
surrogate models.[17]. This study uses ML to predict the structural behavior of an overhead water tank under harmonic
loading. Unlike traditional methods, ML offers faster and more accurate predictions, especially under complex loading
conditions. By combining advanced computational techniques with ML, this approach supports better design, maintenance,
and safety—paving the way for future developments in predictive modeling and structural analysis.

2 Research Methodology

This research is divided into two main stages. The first involves numerical analysis and structural idealization, while the
second applies machine learning techniques to predict the structural response. Stage one begins with a literature review to
identify research gaps. After analyzing over 25 studies, the OHWT was selected as the case study due to its high
vulnerability to lateral vibrations caused by its large internal mass. Based on structural dynamic response sometimes even
complex structures can be simplified into generalized or SDOF system. Similarly, the OHWT was modelled as an SDOF
system for this study. Figure 1 below presents a comprehensive overview of the study framework while, Figure 2 illustrates
the idealization of the OHWT as an SDOF system.

2.1  Analytical and Numerical Modelling

The structure is characterized by a specific EOM that facilitates the simulation of its dynamic response. In this research,
as the structure was modelled as an SDOF system, so the EOM was expressed in a single degree of freedom, translational
motion along the X-axis, effectively capturing the overall structural behaviour. Through the mathematical modelling
process, it was established that the EOM governing the OHWT is an ODE. Various numerical solvers, including ode23,
0de23s, ode23t, ode45, ode23thb, odell3, odel5s, the Newmark Method, and the Central Difference Method, were
employed to solve this equation. A comparative analysis against the analytical solution revealed that ode45 was the most
suitable solver for this particular case due to its optimal balance between accuracy and computational efficiency. However,
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this suitability is case-specific, and for different scenarios, it is advisable to re-evaluate solver performance. Figure 3 (A)
shows key activation functions and Figure 3 (B) is a basic network structure. The ANN model had fully connected layers,
while the LSTM model used LSTM-based input and hidden layers with a dense output. Table 1 tabulates the nature of
different solvers considered in this study. In addition, Table 2 below outlines mathematical form of different activation
functions that are normally used in neural networks.
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Figure 1: Methodological Framework

Figure 2: Structural Framework

Table 1 Solver Characteristics and Applications

Solver/Method Type Use
0de23 Non-stiff General-purpose, non-stiff systems
0de23s Stiff Stiff systems
0de23t Moderately stiff Moderately stiff systems
ode45 Non-stiff Non-stiff systems with high accuracy
ode23th Stiff Stiff systems, balance accuracy & stability
0del13 Non-stiff Non-stiff systems with adaptive order
odel5s Stiff Stiff systems with complex non-linearities
N'\(jl\é\{[rr?ggk Structural Structural dynamics (vibration, seismic)
D%::éz::e Structural Fast, efficient for non-stiff dynamics
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Figure 3: A (Activation function graphs), B (Neural Network Architecture)

Based on the fourth- and fifth-order Runge-Kutta methods, ode45 solves the mathematical model by iteratively computing
results at each step. It adjusts the step size dynamically by comparing the two orders: a large error reduces the step size,
while a small error increases it, balancing accuracy and computational efficiency.

2.2  Parameters and data Framework

In practice, factors like structural height, column material, and liquid mass in the tank vary. To capture this, the idealized
structure was analysed over a range of mass (m), stiffness (k), and damping (c) values to reflect real-world differences.
For typical reinforced concrete structures inherent damping ratio is about 5%. Mass and stiffness depend on column size,
material properties, and the liquid mass in the tank. The final stage of this study uses ANN and LSTM networks to predict
the structural response of the SDOF system.

Since neural networks need large amounts of data for training and validation, the final part of Phase 1, calculating the
SDOF system response for varying m, ¢, and k served as the data generation stage. The data was then organized into a
format suitable for machine learning. It was subsequently split into training and testing sets to evaluate the model's
performance. For LSTM training, a sliding window technique created sequential inputs, converting the data into the
required 3D format (samples, timesteps, features). The model has four input nodes, five hidden layers, and one output node
predicting structural response. ReLU activation was used throughout, though output activation varies by task—
classification favours Sigmoid or SoftMax.

Table 2 Common Activation function used in Neural Network

Sigmoid Tanh RELU
e?—e?
9(2) = 1+tez 9(2) = P 9(z) = max(0,2)

2.3 Model Optimization and Evaluation

The Adam optimizer was selected for training due to its adaptability, combining the benefits of RMSProp and Stochastic
Gradient Descent (SGD). Its dynamic learning rate adjustment ensures stable performance across different problems. Mean
Squared Error (MSE) was used as the loss function to minimize prediction errors, with lower values indicating better
performance, while Mean Absolute Error (MAE) served as a performance metric, measuring the average difference
between predicted and actual values. The model was trained over 100 epochs, using input data and labels to adjust weights
and minimize loss. A batch size of 32 allowed for frequent updates. The dataset was split into 80% for training and 20%
for validation. For evaluation, 20% of the data was set aside as test data to assess performance on unseen samples. The
verbose setting was 1 for progress updates, while 0 muted output and 2 provided detailed logs.

Training performance was monitored through loss and MAE across epochs, identifying trends and potential issues like
underfitting or overfitting. Generalization was tested on unseen data, yielding test MSE and MAE. The results showed
strong correlation between predicted and actual displacements. Residual analysis over time provided further insight into
prediction accuracy and reliability. Given that the study utilized both LSTM and ANN algorithms, comparing their
performance has been done to evaluate their respective effectiveness in predicting the desired outcomes.
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3 Results and Discussion

Figure 4 illustrates the undamped free vibration response of the SDOF system, showing displacement, velocity, and
acceleration over time. With no damping, the system undergoes simple harmonic motion (SHM) with constant amplitude
and no energy loss. The governing equation (Equation 1) relates m, k, and displacement (x(t)), with motion controlled by
the natural frequency (Equation 2). Displacement follows a sinusoidal pattern, peaking when restoring force balances
inertia. The general solution (Equation 3) includes initial displacement (Xo), phase angle (¢), and natural frequency (w,,).

mX+kx=0, w, = \/% & x(t) = X, cos(w,t + @) (1-3)

Since stiffness depends on mass and natural frequency, the total mechanical energy (E)—made up of kinetic energy (KE)
and potential energy (PE)—stays constant because there is no energy loss. The velocity response follows a sinusoidal
pattern but lags displacement by 90 degrees. At maximum or minimum displacement, velocity is zero, while at equilibrium,
velocity peaks. Similarly, acceleration is sinusoidal but 180 degrees out of phase with displacement, reaching its most
negative value at maximum displacement. Acceleration amplitude depends on the square of the natural frequency.
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Figure 4: Undamped Free Vibration response of an SDOF System

Figure 5 shows the damped free vibration response of the SDOF system. In this case, damping (represented by “c” in
Equation 4) causes exponential energy dissipation, leading to a gradual decay in oscillations. This behavior is typical in
structures such as buildings, bridges, and machinery. Equation 5 describes the damped free vibration response, where the
damping ratio ({) and the damped natural frequency (w;= w,V(1-{2)) govern the system’s oscillatory behavior. A key
difference from the undamped system is the presence of the exponential decay term e ~¢“»t which causes the motion to
eventually stop. Although Equation 5 gives the displacement response, the same decay trend applies to velocity and
acceleration, as they are the first and second derivatives of displacement, respectively. In the undamped case, E stays
constant but with damping, energy is also lost.

mg+cx+kx =0, x(t) =X, e%®rtcos(wyt + ) (4-5)

Results depicted in the Figure 6 correspond to the undamped forced vibration SDOF system, where an external periodic
force is applied to the system. Unlike free vibration, where the system oscillates due to initial conditions alone, forced
vibration occurs when an external force excites the system. The response consists of both a transient component and a
steady-state component. However, since the system is undamped, the transient component does not decay, leading to
continuous oscillations at the forcing frequency (w). The governing equation for undamped forced vibration is given as:
equation 6. Where, FO is the amplitude of the external force (N). The displacement response is shown in equation 7.
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Figure 5: Damped Free Vibration response of an SDOF System

.. Fo/m
mix + kx = F cos(wt), x(t) = ——— cos(wt) (6-7)
Wi —

Resonance occurs when the w matches the natural frequency (w,,), causing the denominator to approach zero (w? — w? =

0) and resulting in theoretically infinite displacement in an ideal undamped system. Since the system does not have
damping, so there is no loss, leading to sustained oscillations.
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Figure 6: Undamped Forced Vibration response of an SDOF System

The results in the Figure 7 correspond to the damped forced vibration response of the SDOF system, the presence of

damping causes the system’s response to stabilize over time. The EOM for damped forced vibration is expressed in the
equation 8.

mX + cx + kx = F; cos(wt) (8)
The applied periodic force excites the system at a defined frequency (w), producing a response that initially exhibits
transient oscillations before stabilizing into steady-state motion due to damping. At first, the system vibrates from both its
own natural motion and the external force. As damping removes the extra vibrations, only the forced vibration remains
(Equation 9). This helps reduce excessive motion and prevents resonance. The amplitude (Equation 10) and phase angle
¢ (Equation 11) define the system’s steady-state behavior.

x(t) = X cos(wt — §) )
= Fo/m o= tan_1< 2{w,w ) o
V(@2 = 05)? + (2lwpw)? 0Z — o? (10-11)
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Figure 7: Damped Forced Vibration response of an SDOF System

Figure 8 presents a comparison of how accurately each model replicates the actual displacement of the SDOF system. In
Figure 8 (A) ANN model (left) demonstrates a strong alignment between its predicted displacement (dashed red line) and
the true dis-placement (solid blue line), though slight deviations emerge in regions where rapid dynamic transitions occur.
Conversely, the LSTM model (right) achieves an almost exact match between predicted and true displacement,
highlighting its superior capability in capturing temporal dependencies. The Figure 8 (B) error plots offer deeper insights
into the performance difference between the models. Larger fluctuations in the ANN error curve (left) suggest
inconsistencies, particularly in regions with high dynamic variability. In contrast, the LSTM error curve (right) remains
smoother and more stable, reflecting its superior ability to minimize prediction errors over time.

Prediction Esrar Qver Time

A

Figure 8: Comparison of true versus predicted displacements (A) for ANN (left) and LSTM (right) models, alongside the prediction
error over time for the same test case (B)

4 Conclusion

Findings confirm that the LSTM model surpasses the ANN in both precision and consistency. While the ANN produces
reasonable estimates, its limited ability to capture temporal dynamics results in larger deviations. The sequential nature of
LSTM architecture enables near-perfect alignment with actual displacements and significantly reduces prediction errors,
making it the preferred choice for dynamic system modelling.
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