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Abstract
Challenges still exist in predicting flow-induced vibrations of tube bundles due
to the difficulty in determining fluid forces between tubes. We effectively predict
the flow-induced vibrations of tube bundles through a framework that integrates
machine learning with physical model. Firstly, a high-fidelity bidirectional FSI
model is developed to simulate vibration displacements and fluid forces under
various flow conditions. Subsequently, a Long Short-Term Memory (LSTM) net-
work is trained on the FSI-generated time-series data to reconstruct the fluid
force field. The trained LSTM model is then coupled with structural dynamics
equations. And the iterative solution is conducted to predict system responses
under untrained flow velocities. The LSTM model achieves high accuracy in
fluid force reconstruction, with a training error below 5%. When generalized
to unknown flow conditions, the predictive error for fluid forces remains within
10%. The hybrid LSTM-physical model successfully captures vibration ampli-
tudes across the entire flow velocity spectrum and demonstrates a substantial
improvement in computational efficiency compared to traditional FSI simula-
tions. This study establishes a novel model-reconstruction paradigm based on
LSTM-physical model for FSI analysis of tube bundles, offering a practical tool
for safety assessment and design optimization of tube bundles under flow exci-
tations.
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Abstract
Challenges persist in predicting flow-induced vibrations of tube bundles due to
the difficulty in determining inter-tube fluid forces. We address this through
a framework that integrates machine learning with physical modeling to effec-
tively predict flow-induced vibrations. First, a high-fidelity bidirectional fluid-
structure interaction (FSI) model is developed to simulate vibration displace-
ments and fluid forces across various flow conditions. Subsequently, a Long
Short-Term Memory (LSTM) network is trained on FSI-generated time-series
data to reconstruct the fluid force field. The trained LSTM model is then
coupled with structural dynamics equations, and an iterative solution is per-
formed to predict system responses under untrained flow velocities. The LSTM
model achieves high accuracy in fluid force reconstruction, with training error
below 5%. When generalized to unknown flow conditions, the predictive error
for fluid forces remains within 10%. The hybrid LSTM-physical model success-
fully captures vibration amplitudes across the entire flow velocity spectrum and
demonstrates substantial improvement in computational efficiency compared to
traditional FSI simulations. This study establishes a novel model-reconstruction
paradigm based on the LSTM-physical model for FSI analysis of tube bundles,
offering a practical tool for safety assessment and design optimization under
flow excitations.

Keywords: Machine learning, FSI, Tube bundles, LSTM-physical model, Hy-
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1. Introduction
Fluid-structure interaction (FSI) dynamics problems are widely encountered in
engineering fields such as aerospace, energy engineering, and marine structures,
with the core challenge lying in the complex nonlinear interactions between fluids
and structures [1-4]. The tube bundle problem represents a typical FSI scenario
[5-6]. Studying FSI dynamics in tube bundles holds significant engineering im-
portance, as it contributes to enhancing the stability and safety of industrial
equipment such as heat exchangers and pipeline systems [7-8]. The interaction
between fluid and structure directly influences system vibration characteristics,
which may lead to fatigue damage or even structural failure, necessitating in-
depth investigation of its dynamic behavior.

Current research predominantly employs a combination of numerical simulation
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and experimental validation. Examples include three-dimensional numerical
models used to verify the coupling effects of fluid viscous damping and struc-
tural damping [9], as well as high-fidelity fluid-structure interaction simulation
methodologies [10]. Furthermore, advances in unsteady load analysis and FSI
simulation techniques have improved understanding of flow-induced instability
mechanisms [11-12]. Nevertheless, existing studies still face challenges such as
complex boundary conditions, multi-scale effects, and multi-physical coupling
issues [13-14]. There remains a need to develop more accurate modeling ap-
proaches and experimental methods to address these complexities.

With enhanced computational capabilities and the development of data-driven
modeling methods, deep learning-based strategies have gained increasing atten-
tion in fluid-structure interaction systems. Deep learning has proven successful
in natural language processing [15-17], model reconstruction [18-20], classifica-
tion and regression [21-23], among other domains. Rooted in the hierarchical
architecture of artificial neural networks, deep learning leverages multi-layer non-
linear transformations to automatically extract abstract representations from
raw data, thereby circumventing the bottleneck of manual feature engineering
inherent in conventional machine learning paradigms.

Long Short-Term Memory (LSTM) networks, a prominent deep learning archi-
tecture, have revolutionized time series analysis by addressing critical challenges
such as long-term dependency modeling and noise resilience. The foundational
work of Hochreiter and Schmidhuber [24] introduced the LSTM architecture
with memory cells and gating mechanisms, effectively mitigating the vanishing
gradient problem in traditional RNNs. This seminal study, cited over 40,000
times, laid the groundwork for sequential data processing. To date, LSTM
networks have been widely used in modeling and prediction tasks for complex
dynamic systems due to their superior performance in handling time series data.
In recent years, researchers have introduced modules such as attention mecha-
nisms and Convolutional Neural Networks (CNNs) to further improve LSTM
performance in terms of modeling accuracy and generalization capability [25-27].

Building upon the initial design, researchers quickly began exploring structural
variants to optimize performance and efficiency. One significant early improve-
ment was the introduction of peephole connections, which allowed gating units
to directly access the cell state, enabling more precise control of information
flow (Gers & Schmidhuber [28]). With the resurgence of deep learning, one of
the most prominent variants emerged: the Gated Recurrent Unit (GRU). By
combining the forget gate and input gate into a single update gate and merging
the cell state with the hidden state, GRU significantly reduces model param-
eters and simplifies computation while achieving performance comparable to
standard LSTM across numerous tasks (Cho et al., [29]). LSTM has found ap-
plications in diverse fields including speech recognition [30], text summarization
[31], and circuit domains [32]. Recent advancements focus on optimizing LSTM
architectures and integrating them with other techniques [33-34]. Despite its
maturity, ongoing research continues to refine LSTM for larger-scale and more
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complex tasks [35-37].

Regarding fluid-structure interaction systems, the significant time dependence of
fluid-structure interaction makes LSTM particularly effective for capturing dy-
namic evolution processes. For instance, in aeroelasticity, Halder et al. [38] con-
structed a reduced-order model (ROM) based on high-fidelity CFD data using
LSTM, successfully predicting gust response and aileron flutter of an airfoil un-
der transonic conditions. This method first compressed data using the Discrete
Empirical Interpolation Method (DEIM) before LSTM training, significantly en-
hancing computational efficiency and prediction accuracy. Furthermore, Zahn
et al. [39] applied LSTM to transonic buffet aerodynamic problems, developing
an ROM framework capable of capturing self-excited unsteady characteristics.
Li et al. [40] proposed an unsteady aerodynamic reduced-order model based on
an LSTM network, validated on a NACA 64A010 airfoil across multiple Mach
numbers. The model accurately captures both aerodynamic and aeroelastic
characteristics while demonstrating significantly higher computational efficiency
compared to traditional CFD approaches.

Despite continuous emergence of novel LSTM variants, large-scale empirical
studies have systematically compared these architectures. Their findings in-
dicate that while certain variants may exhibit advantages on specific tasks,
none consistently and significantly outperforms the standard LSTM architec-
ture across all applications (Greff et al., [35]; Zaremba et al., [41]). This conclu-
sion underscores the robustness and effectiveness of the original LSTM design,
while also highlighting that structural innovations tailored to specific problem
domains remain crucial for improving model performance.

Based on the wide application of LSTM neural networks in time series analy-
sis, this study combines LSTM with physical modeling to develop an efficient
fusion iterative method for predicting vortex-induced vibration of tube bun-
dles. First, the nonlinear mapping relationship between vibration displacement
and fluid force in the tube bundle system is established using an LSTM neu-
ral network, with model accuracy and generalization verified through training
and testing results. Second, fluid forces are obtained through the deep learn-
ing model and applied to the structural dynamics equations to solve for system
dynamic responses, with results compared against CFD methods in terms of
time and efficiency. Finally, based on the LSTM-physical model framework, a
fusion iterative solution method is developed for predicting data under unknown
parameters, significantly improving prediction efficiency for flow-induced vibra-
tion responses. The paper is organized as follows: Section 2 introduces the
model and computational method based on the LSTM-physical model; Section
3 presents LSTM model and iterative prediction results; and Section 4 draws
conclusions.
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2.1 Model Description
The research model in this paper is a nine-tube bundle configuration from nu-
clear engineering evaporative heat exchange, shown in Figure 1 Figure 1: see
original paper. The tube bundle adopts a 3$×$3 square array configuration, as
illustrated in Figure 1(b). All tubes are permitted to vibrate in both the in-
line (x) and cross-flow (y) directions. The vibration of each tube influences the
entire flow field, thereby affecting the vibrations of other tubes in the bundle.
Consequently, the fluid forces acting on the tube bundle depend on the vibra-
tion displacements and velocities of each tube. The dynamic model governing
the tube array is described by the equations:

𝐹 𝑥
𝑡 𝐹 𝑥

𝑡 𝑁 𝑥𝑖 𝑁 𝑦𝑖 1, 2,

where 𝑚, 𝑐, and 𝑘 represent the mass, damping, and stiffness of the tubes, re-
spectively. 𝐹 denotes the fluid force, the subscript 𝑖 indicates the 𝑖-th tube,
and 𝑁 represents the total number of tubes in the bundle. The physical pa-
rameters of the tube bundle are listed in Table 1 . The pitch ratio is defined as
the center-to-center distance between two adjacent tubes divided by the tube
diameter. The natural frequency of the tube 𝜔 is calculated by √𝑘/𝑚, and 𝑐 is
expressed as 2𝑚𝜁𝜔, where 𝜁 is the damping ratio.

Table 1. Physical parameters of the tube and fluid

Parameter Value
Length 12.6 mm
Tube outer diameter 1.3 mm
Tube wall thickness 0.4 kg/m
Mass per unit length of tube 1.08E11 N/m2

Young’s modulus
Pitch-to-diameter ratio
Damping ratio

The computational domain is a rectangular region measuring 40𝐷 × 60𝐷, as
illustrated in Figure 1(b). The velocity inlet is positioned 20𝐷 upstream from
the tube bundle region, with a wake region extending 40𝐷 downstream. The
tube bundle is located 20𝐷 from both the upper and lower no-slip boundaries,
ensuring negligible boundary effects on tube vibrations. To accurately capture
complex flows surrounding the tube bundle and in the wake region, refined
meshes are implemented in both the in-line (x) and cross-flow (y) directions.

2.2 Method Framework
Given the high computational cost associated with fluid-structure interaction
(FSI) simulations and the powerful nonlinear regression capability of deep learn-
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ing, this paper proposes an iterative methodology that integrates FSI with a
Long Short-Term Memory (LSTM) deep learning model. The workflow, illus-
trated in Figure 2 [Figure 2: see original paper], comprises three main modules:
data acquisition, deep learning model construction, and a hybrid iterative pro-
cess.

In fluid mechanics, fluid-structure interaction modeling is characterized by com-
putationally intensive processes that often result in inefficient and costly data
acquisition. However, deep learning approaches have demonstrated notable ad-
vantages in prediction accuracy and generalization efficiency. Among these,
Long Short-Term Memory (LSTM) neural networks are particularly recognized
for their capability to capture long-term dependencies in temporal data, outper-
forming conventional neural networks through their ability to retain information
over extended sequences.

To address these challenges, this study proposes an efficient predictive frame-
work for FSI modeling that utilizes an LSTM-based deep learning architecture.
The primary objective is to establish a decoupled mapping model between struc-
tural vibration displacements and fluid-induced forces. In contrast to direct
data-driven prediction models, which are heavily reliant on input data availabil-
ity under specific conditions, an iterative computational strategy is introduced
that progressively generalizes from known training data to untrained flow sce-
narios. This approach is designed to achieve accurate prediction of both input
and output variables under unknown operational conditions using only initially
available training data, thereby reducing dependency on additional costly sim-
ulations or experiments.

The proposed method employs bidirectional fluid-structure interaction simula-
tions to obtain a limited set of flow-condition data, which are used as training
data to train and test an LSTM model. This model achieves accurate pre-
dictions on both training and testing sets while effectively capturing temporal
dependencies within the sequence data. To enhance its data extrapolation capa-
bility despite limited training data, an iterative fusion process is implemented.
Starting with known flow conditions as initial values, the LSTM predictions
and structural dynamics analysis results are successively updated in a recursive
manner until convergence to the target solution is attained. Through this pro-
cedure, the method enables effective data supplementation for unknown flow
conditions and significantly improves computational efficiency.

2.3 Two-Way FSI Approach
This study employs a two-way fluid-structure interaction approach to generate
the training dataset required for the LSTM method. Two-way FSI typically
utilizes a partitioned coupling scheme, where the fluid and solid domains are
solved separately with iterative data exchange.

For the fluid domain, the CFD solver computes solutions for both the con-
tinuity equation and momentum equations. Subsequently, the fluid forces ob-
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tained from the CFD solver are imported into the dynamic equations to conduct
structural dynamics analysis. An adaptive algorithm is employed to solve the
dynamic equations, where each time step is subdivided into multiple substeps
for computation. Finally, the displacement, velocity, and acceleration obtained
from solving the dynamic equations are transferred to the CFD solver to update
the fluid domain mesh. Through this two-way coupling process, the displace-
ment input and fluid force output data are obtained, providing an effective
data source for training. However, it should be noted that low computational
efficiency and high computational cost are inevitable drawbacks of this method.

Figure 3 [Figure 3: see original paper] Schematic of two-way FSI approach.

Fluid force calculation $\rightarrow$ Structural dynamics calculation
↓ ↓

Solve the governing equation $\rightarrow$ Solve the structural dynamics equation
of fluid $\rightarrow$

↓ ↓
Computational divergence $\rightarrow$ Converged?

↓ ↓
Update the mesh $\leftarrow$ Receive tube velocity and displacement

↓ ↓
Converged? $\leftarrow$ Computational divergence

↓
Obtain the acceleration, velocity and displacement of the tube

2.4 Long Short-Term Memory Neural Network
Structural fluid-structure interaction vibration constitutes a complex dynamical
phenomenon, often exhibiting periodic or even chaotic motion with pronounced
temporal dependencies. To address such challenges, this study introduces a Long
Short-Term Memory (LSTM) neural network for handling time-series problems.
Compared to traditional fully connected neural networks (MLP) and standard
recurrent neural networks (RNN), the LSTM architecture has garnered signifi-
cant attention due to its ability to maintain long-term information retention.

The Long Short-Term Memory (LSTM) network is an enhanced variant of re-
current neural networks (RNN), specifically designed to mitigate the vanishing
and exploding gradient problems that hinder traditional RNNs in processing
long sequences. By incorporating memory cells and gating mechanisms, LSTMs
effectively capture and preserve long-range temporal dependencies, leading to
superior performance in applications such as time-series forecasting and natural
language processing.

At the core of the LSTM lies the memory cell, which facilitates information
flow across time steps through a system of gating mechanisms. These gates—
comprising the forget gate, input gate, and output gate—collectively regulate
the information trajectory. The forget gate determines which information should
be discarded from the memory cell, the input gate controls the integration of
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new information, and the output gate governs the extent to which the current
memory state contributes to the hidden state. This gated structure enables se-
lective retention and propagation of information, making the LSTM particularly
adept at modeling long-term dependencies.

At each time step 𝑡, the LSTM computes the activations of the three gates based
on the current input 𝑥𝑡 and the previous hidden state ℎ𝑡−1. First, the forget
gate 𝑓𝑡, governed by a Sigmoid function, identifies portions of the previous cell
state 𝐶𝑡−1 to be retained. Next, the input gate 𝑖𝑡 and a candidate cell state

̃𝐶𝑡 collectively determine the content and form of new information to be stored.
The updated cell state 𝐶𝑡 is obtained by combining the outputs of the forget
gate and the input gate. Finally, the output gate 𝑜𝑡 modulates the extent to
which the current cell state 𝐶𝑡 is exposed to the hidden state ℎ𝑡.

This process is formally illustrated in Figure 4 [Figure 4: see original paper]:

𝑓𝑡 = 𝜎(𝑊𝑓 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓)
𝑖𝑡 = 𝜎(𝑊𝑖 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖)
̃𝐶𝑡 = tanh(𝑊𝐶 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝐶)

𝐶𝑡 = 𝑓𝑡 ⋅ 𝐶𝑡−1 + 𝑖𝑡 ⋅ ̃𝐶𝑡
𝑜𝑡 = 𝜎(𝑊𝑜 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜)
ℎ𝑡 = 𝑜𝑡 ⋅ tanh(𝐶𝑡)

In this study, structural displacement is adopted as the input variable, while
fluid-induced force is regarded as the output variable. The fluid force at the next
time step is predicted based on displacement data from previous time instances,
thereby achieving reconstruction of the fluid force model and establishing a map-
ping relationship between displacement and fluid force. Following the procedure
outlined in Figure 3, a loss function is constructed to quantify the similarity be-
tween predicted values and ground truth data from the training set. The loss
function employed in this work is defined as follows:

ℒ = 1
𝑁

𝑁
∑
𝑖=1

(𝑥𝑖 − ̂𝑥𝑖)2

where ̂𝑥𝑖 represents the predicted value and 𝑥𝑖 represents the actual value.

To enhance the model’s ability to extract local features from the data, the
dataset is restructured using a sliding window approach. Each window contains
a fixed number of consecutive data points, and the data within each window
are used to predict the value at the next time step. Prior to this, the dataset is
arranged in chronological order to form a continuous long-term time series. Fur-
thermore, to improve training efficiency, the time series dataset is normalized.

chinarxiv.org/items/chinaxiv-202512.00127 Machine Translation

https://chinarxiv.org/items/chinaxiv-202512.00127


In this work, Min-Max normalization is applied to linearly scale the original
data into the interval [0, 1], as expressed in Equation (8):

𝑋norm = 𝑋 − 𝑋min
𝑋max − 𝑋min

where 𝑋 denotes the original data.

Figure 4 [Figure 4: see original paper] LSTM architecture diagram.

2.5 LSTM-Physical Model and Iteration Method
By coupling the LSTM-based fluid force model from Section 2.4 with the physi-
cal model, a reduced-order deep learning model referred to as the LSTM-physical
model is established for solving structural dynamic responses. The fluid force
predicted by the LSTM reduced-order model, denoted as 𝐹LSTM, is incorpo-
rated into the structural dynamics equation (1) of the physical model to drive
the vibration simulation, where 𝑁 denotes the characteristic dimension of the
structural model. The vibration displacement under the corresponding fluid
force can thereby be computed, allowing for comparison with original refer-
ence data to validate the accuracy of the LSTM-based reduced-order model. It
should be noted that the structural dynamics equations of the physical model
are solved numerically using a variable-step fourth-order Runge–Kutta method.
Since each sub-step is sufficiently small, the fluid force data within any sub-
step can be considered consistent with that of the entire macro-step to which it
belongs.

Compared to the FSI approach described in Section 2.3, the proposed method
eliminates the need for computational fluid dynamics (CFD) simulation, offer-
ing significant advantages in both efficiency and computational cost for solving
fluid-induced forces. It often requires only minimal prediction and computation
time to accurately determine both the fluid force and the structural vibration
displacement. Furthermore, in cases where the characteristic dimension 𝑁 > 1
or vibration occurs in multiple directions, the LSTM-physical framework en-
ables data-driven decoupling of the model, achieving theoretical simplification
and model-order reduction, which further enhances predictive efficiency.

However, in typical FSI processes, vibration displacements and fluid forces are
inherently coupled, and both are initially unknown for unseen operating condi-
tions prior to analysis. The current LSTM model requires vibration displace-
ment as input to predict the corresponding fluid force, thereby establishing a
mapping from displacement to force. A key challenge remains: how can this
LSTM model be used to predict both vibration displacement and fluid force
under unknown conditions? This prediction must be completed before a full
FSI analysis, and this requirement remains an important subject for further
research.
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Building upon the aforementioned model, this section develops a predictive
approach that leverages the generalization capability of the LSTM model, com-
bined with an iterative strategy under the LSTM-physical framework, to rapidly
estimate vibration displacements under unknown flow conditions. The overall
procedure is illustrated in Figure 5 [Figure 5: see original paper]. Starting from
input and output data under known conditions, the fluid force 𝐹𝑖 predicted by
the LSTM model is treated as the fluid force term in the governing equations
for the target unknown condition. This force is then used in the physical equa-
tions to compute the corresponding vibration displacement 𝑥𝑖+1. The newly
obtained displacement 𝑥𝑖+1 is compared with the previous result 𝑥𝑖. If the error
exceeds a specified tolerance, the updated displacement 𝑥𝑖+1 is fed back into
the LSTM model to predict a new fluid force 𝐹𝑖+1, and the process is repeated
iteratively. Once the error falls within the acceptable range, the result is consid-
ered converged, and the final value of 𝑥𝑖+1 is taken as the predicted vibration
displacement under the unknown flow condition.

Figure 5 [Figure 5: see original paper] Based on the iterative approach of
LSTM-physical model.

Initial xi, Fi $\rightarrow$ Fluid Force $\rightarrow$ Physical Equations $\rightarrow$ Fi+1, xi+1
↑ ↓
$\leftarrow$— — — — — — — — — — — — — — — — Hybrid Iteration — — — — — — — — — — — — — — — —$\leftarrow$

This iterative procedure forms a closed loop integrating the structural dynamics
equations and the LSTM model, continuously updating the fluid force and cor-
responding displacement until convergence is achieved. The method capitalizes
on the generalization ability of the LSTM while circumventing its strict depen-
dence on displacement input for fluid force prediction. As a result, it offers
significant advantages in extrapolating data under new operational scenarios,
even when only limited known data are available.

It should be noted that the proposed method constitutes an iterative framework
based on the LSTM-physical model, and its convergence to physically meaning-
ful results depends on a certain level of predictive accuracy from the LSTM
model. If the generalization capability of the LSTM is insufficient, the updated
displacement 𝑥𝑖+1 may fail to approach the true value, potentially leading to
divergence in the iterative process. Therefore, the task of data augmentation
under limited samples requires a predictive model with adequate accuracy even
when trained on small datasets. In this regard, the LSTM architecture holds
a natural advantage over traditional multilayer perceptron (MLP) models in
handling temporal sequential predictions. Consequently, the iterative strategy
presented in this section is closely related to the methods introduced in the
preceding three sections. It represents a hybrid iterative methodology that inte-
grates classical structural dynamics with machine learning techniques, offering
significant efficiency improvements for solving conventional fluid-structure in-
teraction problems.
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3. Results
This section presents the results of applying the method proposed in Section 2 to
a nine-tube bundle fluid-structure interaction problem. Throughout all training
and prediction procedures, the training data were derived from FSI simulation
results. The raw data were preprocessed using sliding window segmentation
and normalization to generate input and output formats compatible with the
LSTM model architecture. The training framework was implemented uniformly
in Python 3.7.0 and PyTorch 1.7.0, using an initial learning rate of 0.01 and the
Adam optimizer for stochastic gradient descent.

3.1 Data Description
The nine-tube bundle model in this study is illustrated in Section 2.1. The
training data consist of time-history records of vibration displacements and
fluid-induced forces in both the streamwise (x) and transverse (y) directions
for the nine-tube bundle structure under eight different flow velocities: 𝑈 =
1, 1.5, 2, 2.5, 3, 3.5, 4, and ##. The test set comprises corresponding data at
𝑈 = 4.5.
Figure 6 [Figure 6: see original paper] Dataset of the nine-tube bundle
model: (a) input dataset of vibration displacements in the x and y directions,
(b) output dataset of fluid forces in the x and y directions.

As shown in Figure 6(a), the vibration displacement dataset includes multi-
channel time series for each tube (numbered 1-9) across the velocity range from
1 to 5. Data corresponding to 𝑈 = 4.5 are reserved for testing to evaluate
the model’s generalization capability. Similarly, Figure 6(b) illustrates the fluid
force dataset, which also incorporates velocity and tube number as key features.
It should be noted that this study focuses particularly on the influence of flow
velocity on tube bundle dynamics; hence, velocity is treated as a primary feature
of interest. Given the complex distribution of displacements and fluid forces
across the velocity domain, the training sample is limited to a small dataset
encompassing only the eight specified velocities. The dataset was restructured
using a sliding window approach, where each window contains a fixed number of
time steps, enabling the use of past data within the window to predict the next
time step. Prior to this, the data were sorted in ascending order of flow velocity
and normalized to improve training accuracy and facilitate model convergence.

3.2 Model Performance
Separate LSTM models were trained for each directional component: the in-line
(x) direction and the transverse (y) direction. For the in-line (x) data, a single-
layer LSTM with 64 hidden neurons was employed. The training input consisted
of vibration displacement data in the x-direction, and the output corresponded
to fluid forces in the x-direction. Similarly, for the transverse (y) direction,
an identical architecture—a single-layer LSTM with 64 hidden neurons—was
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used, with y-direction displacement data as input and y-direction fluid forces as
output.

Figure 7 [Figure 7: see original paper] Data for (a) x and (b) y direction
training error curves.

As shown in Figure 7, the training errors for both the x and y directions are
presented as functions of training steps. The model at 5500 steps was selected
as the reference in-line (x) model for subsequent analysis, while the model at
2500 steps was chosen as the transverse (y) model for further study.

Regarding computational efficiency, the training process required average du-
rations of 2633s and 1560s for data prediction along the x and y directions,
respectively. Following training, the prediction time of the model was reduced
to approximately tens of seconds. This represents a substantial improvement in
temporal efficiency compared to the conventional bidirectional fluid-structure
interaction approach, which typically demands an average total computational
time of 45 hours. Thus, the conventional bidirectional fluid-structure interac-
tion method requires 32.4 times more computational time than the proposed
machine learning approach. The proposed machine learning method demon-
strates remarkable advantages in reducing prediction time and associated com-
putational costs.

First, the overall prediction performance on both training and test sets for the
two directional components is illustrated in Figure 8 [Figure 8: see original
paper]. The figure displays split-violin plots for Tube 7 at each flow velocity,
where the left half of each violin represents the true values and the right half
corresponds to predictions from the LSTM model. The width of each violin at a
given fluid force value 𝐹 reflects the probability distribution of that value over
the entire time history. The violin corresponding to 𝑈 = 4.5 represents the test
set. Figure 8 also visually conveys the range and trends of the fluid force data.

The training and test data for each velocity consist of time-history records as-
sociated with tube identity and flow velocity. By comparing the contours and
extremes of the distributions between the true and predicted sides, one can effec-
tively evaluate both local and global prediction accuracy of the model. As shown
in Figure 8, the predictive models for both 𝐹𝑥 and 𝐹𝑦 achieve high accuracy on
the training set, with predicted distributions and ranges closely matching the
ground truth. On the test set, the predictions generally maintain consistent data
ranges and exhibit similar distribution shapes compared to the ground truth.
However, the overall agreement is slightly weaker than that achieved on the
training set. This outcome can be attributed to the limited size of the training
dataset, which poses challenges for the model in achieving perfect generalization
to untrained conditions.

Figure 8 [Figure 8: see original paper] Violin plots comparing predicted
and true values on training and test sets: (a) in-line (x) direction for Tube 7,
(b) transverse (y) direction for Tube 7.
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Secondly, Figure 9 [Figure 9: see original paper] presents time-domain and
frequency-domain analysis results of the fluid force predictions generated by
the LSTM model, with selected examples provided to further illustrate model
accuracy. Given that previous FSI studies have identified lock-in phenomena
frequently occurring near flow velocities of 𝑈 = 1.5 − 2, particular emphasis is
placed on training and prediction performance within this velocity range. The
figure displays predicted and simulated time-domain values of fluid force 𝐹𝑥 for
Tubes 3, 4, and 7 at flow velocities 𝑈 = 1.5, 2, and 2.5. Figures 9(a)–(c) compare
predicted and true values across these three tubes under each velocity. In each
subfigure, dashed lines represent true values while solid lines denote predictions,
showing close agreement in the time domain. Selected frequency-domain results
are presented in Figure 9(d), which includes power spectral density curves for
the predictions of all three tubes at 𝑈 = 2.
The results demonstrate that the LSTM model achieves strong performance
in both time and frequency domains, delivering high precision in fluid force
analysis compared to full FSI simulations. To further quantify model accuracy,
the relative 𝐿2 error and root mean square error (RMSE) are calculated for each
tube across the training velocity intervals using the following expressions:

Relative L2 Error = ‖𝐹pred − 𝐹true‖2
‖𝐹true‖2

× 100%

RMSE =
√√√
⎷

1
𝑁

𝑁
∑
𝑖=1

(𝐹pred,𝑖 − 𝐹true,𝑖)2

The relative 𝐿2 error and root mean square error (RMSE) corresponding to the
results in Figure 9 are summarized in Table 2 . The values indicate that the
training outcomes fully meet accuracy requirements, with all errors remaining
at a very low magnitude.

Figure 9 [Figure 9: see original paper] Comparison of time-domain and
frequency-domain predictions from the LSTM model against FSI results on a
subset of the training set: (a) time domain, Tube 3, (b) time domain, Tube 4,
(c) time domain, Tube 7, (d) frequency domain at 𝑈 = 2.
Table 2. Prediction errors on a subset of the training set

Tube number Velocity 𝑈 Relative L2 Error, %
3 1.5 2.1
3 2.0 1.8
3 2.5 2.3
4 1.5 1.9
4 2.0 2.0
4 2.5 2.2
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Tube number Velocity 𝑈 Relative L2 Error, %
7 1.5 1.7
7 2.0 1.9
7 2.5 2.1

Finally, to support subsequent investigations, Figure 10 [Figure 10: see original
paper] presents prediction results on a segment of the test set, specifically show-
ing time-domain and frequency-domain performance for Tube 7 at 𝑈 = 4.5.
Compared to the training set, the test set exhibits a relative 𝐿2 error of 9.90%,
which remains within an acceptable range. This indicates that the model is ca-
pable of effectively predicting chaotic dynamic behaviors even under untrained
flow conditions, demonstrating its validity and reliability. Given that this study
is based on a limited sample size—only eight flow velocities—the achieved ac-
curacy on the test set is considered sufficient for follow-up predictive studies.
These results can, to a reasonable extent, be regarded as representative of the
dynamical response at untrained flow velocities.

Figure 10 [Figure 10: see original paper] Comparison of time-domain and
frequency-domain predictions from the LSTM model against FSI results on a
subset of the test set: (a) time domain, (b) frequency domain.

3.3 Flow-Induced Vibrations Predicted Through LSTM-
Physical Model
This section employs the LSTM model from Section 3.2, integrated with the
physical model, to investigate the structural dynamics of the tube bundle fol-
lowing the methodology outlined in Section 2.4. The results presented in Figure
11 [Figure 11: see original paper] correspond to the same operating conditions
examined in Figure 9, focusing on three flow velocities near the maximum am-
plitude and three selected tubes. In Figures 11(a)–(c), solid lines represent
time-domain results obtained using the LSTM-physical model for solving tube
bundle dynamics, while dashed lines denote results from the full CFD-based
FSI method. Figure 11(d) displays a comparison of power spectral densities for
Tubes 4, 5, and 7 at 𝑈 = 2.
Figure 11 [Figure 11: see original paper] Comparison of time-domain and
frequency-domain predictions between the LSTM-physical model and the FSI
reference results: (a) time domain, Tube 3, (b) time domain, Tube 4, (c) time
domain, Tube 7, (d) frequency domain at 𝑈 = 2.
Both time-domain and frequency-domain analyses demonstrate that the LSTM-
physical model achieves high accuracy in capturing the dynamic behavior of the
tube bundle. Furthermore, a quantitative evaluation based on relative 𝐿2 error
and root mean square error (RMSE), as summarized in Table 3 , shows that
although the relative 𝐿2 error is slightly higher than that observed during fluid
force prediction on the training set, the RMSE of the vibration displacements
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obtained through this method is generally an order of magnitude lower than the
reference values. This indicates that the proposed approach satisfies the basic
accuracy requirements for the intended modeling purpose.

Table 3. Prediction errors of vibrational displacement for selected tubes

Tube number Velocity 𝑈 Relative L2 Error, % RMSE
3 1.5 3.2 2.60e-4
3 2.0 2.8 2.03e-4
3 2.5 3.5 1.88e-4
4 1.5 3.0 2.61e-4
4 2.0 3.3 2.78e-4
4 2.5 4.1 5.96e-4
7 1.5 2.9 4.89e-4
7 2.0 3.1 4.82e-4
7 2.5 3.7 4.25e-4

The results presented in this chapter indicate that although the temporal-
domain error of the LSTM model is slightly amplified through the physical
model-based computational process when predicting vibrational displacements,
the frequency-domain results remain highly accurate. More importantly, the
proposed model requires significantly less computation time compared to
conventional FSI simulations. The outcomes discussed in the preceding two
sections validate the accuracy of both the preliminary LSTM model and the
integrated LSTM-physical model, thereby establishing a reliable foundation for
subsequent hybrid iterative approaches.

While the integration of machine learning with the physical model has par-
tially addressed the challenge of modeling tube bundle dynamics, the analysis
of vortex-induced vibrations often focuses on how vibrational displacement am-
plitudes vary across different flow velocities. It is therefore necessary to extrap-
olate from limited known velocity data to predict amplitude responses over the
entire velocity range of interest. This section employs the previously established
model, combined with a hybrid iterative method, to supplement untrained flow
conditions with corresponding vibrational responses. It should be emphasized
that the vibration displacements predicted in Section 3.2 require fluid force
inputs at specific flow velocities. In contrast, the present approach simultane-
ously predicts both vibrational displacements and fluid forces under unknown
flow conditions without requiring any prior data at those velocities.

To enable prediction and supplementation of vibrational displacements at un-
known flow velocities using the method described in Section 2.4, it is necessary
to incorporate flow-velocity coupling into the fluid force expression. This study
achieves this by transforming the original fluid force 𝐹 into a product of the
flow velocity 𝑈 and a modified force term 𝑓 , expressed as 𝐹 = 𝑔(𝑈) ⋅ 𝑓 . The
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updated dataset for 𝑓 is then used to train the LSTM model, which supports
subsequent iterative predictions.

It should be noted that the function 𝑔(𝑈) serves solely to introduce velocity
coupling into the fluid force representation. Although the specific form of 𝑔(𝑈)
affects the magnitude of the updated 𝑓 dataset, it does not alter the fundamen-
tal predictive capability of the model. As long as the retrained model achieves
prediction accuracy comparable to that obtained with the original dataset, the
coupling operation successfully incorporates explicit velocity dependence while
preserving model validity. To verify the effectiveness and generality of this
coupling approach, two different forms of 𝑔(𝑈), specifically 𝑔(𝑈) = 𝑈2 and
𝑔(𝑈) = 𝑈0.25, were tested prior to iterative prediction. This comparison demon-
strates that the method remains robust regardless of the specific coupling func-
tion chosen.

To experimentally validate the effectiveness of the proposed method, this study
focuses on three representative tubes within the nine-tube bundle model: Tube
1, Tube 7, and Tube 8. Tube 1, located at the center, exhibits the most distinc-
tive dynamic behavior. Tube 7, situated in the back row, is minimally influenced
by surrounding tubes and serves as an example of relatively isolated structural
response. Tube 8, positioned in the front row and directly connected to the
center tube, displays dynamic characteristics significantly different from those
of the other tubes.

A localized iterative prediction was performed for these three tubes following
the velocity-coupling procedure. As shown in Figure 12 [Figure 12: see original
paper], the predicted vibrational displacements for Tubes 1, 7, and 8 are pre-
sented alongside reference values, with dashed lines indicating predictions and
solid lines denoting ground truth. The results demonstrate strong agreement
between predicted and actual values. Specifically, the predictions for Tubes 1
and 7 start from the fluid force at 𝑈 = 1.5 to iteratively supplement the vibra-
tional displacement data at 𝑈 = 1, while the prediction for Tube 8 begins with
the fluid force at 𝑈 = 2 to supplement data at 𝑈 = 1.5. This localized predic-
tion strategy, incorporating different tubes and various unknown flow velocities,
confirms both the effectiveness and generality of the method in extrapolating
data for untrained flow conditions.

Figure 12 [Figure 12: see original paper] Time-domain and frequency-
domain results of data supplementation under unknown conditions for three
tubes: (a) time domain, (b) frequency domain.

An analysis is now conducted for two different coupling forms 𝑔(𝑈). First, for
𝑔(𝑈) = 𝑈0.25, Figure 13 Figure 13: see original paper and (d) present the
supplemented vibration displacement results across the full velocity range in
the x and y directions, respectively. In the figures, orange data points represent
vibration displacement data at known flow velocities, while blue points indicate
predicted displacement values at unknown velocities obtained using the fused
iterative method. The brown shaded region denotes the error band of vibration
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amplitudes derived from polynomial fitting based on known data, within which
all values are considered highly reliable. The results show that the blue data
points, originating from adjacent orange points, yield reasonable predictions
of displacement values at intermediate velocities through the fused iterative
process. This approach effectively complements the amplitude-velocity curve
over the entire range, providing a more complete explanation of vortex-induced
vibration behavior of the tube bundle under transverse flow.

For 𝑔(𝑈) = 𝑈2, as shown in Figure 13(a) and (b), the predicted results across the
velocity range are also generally satisfactory. However, in high-velocity regimes
where the fluid force varies significantly, the quadratic amplification inherent
in 𝑈2 magnifies prediction errors substantially, leading to reduced accuracy in
these regions. Due to this error amplification effect, the performance of the
quadratic coupling form is less robust under high-flow conditions.

Therefore, in subsequent iterative predictions for the tube bundle, the coupling
operation with 𝑔(𝑈) = 𝑈0.25 is adopted, as it proves more effective in achieving
accurate and reliable data supplementation across the entire velocity range.

Figure 13 [Figure 13: see original paper] Vibration amplitudes in the x
and y directions for Tube 1 across flow velocities 𝑈 = 1 − 5: (a) x-direction
𝑔(𝑈) = 𝑈2, (b) y-direction 𝑔(𝑈) = 𝑈2, (c) x-direction 𝑔(𝑈) = 𝑈0.25, (d) y-
direction 𝑔(𝑈) = 𝑈0.25.

The same methodology was applied to predict and supplement data for other
tubes under unknown flow conditions. Figure 14 [Figure 14: see original paper]
presents the results for two additional representative tubes—Tube 7 and Tube
8. Figures 14(a)–(b) and 14(c)–(d) show the variation of vibration amplitudes
in the x and y directions, respectively, for Tubes 7 and 8 across the flow velocity
range 𝑈 = 1 − 5.
It should be noted that the predicted data points remain credible within the
error bands. Moreover, the iterative prediction time for each data point on
the curve is approximately 10 minutes, demonstrating a substantial temporal
advantage compared to the 5 hours required by the fluid-structure interaction
method. However, some predictions exhibit noticeable deviations at higher flow
velocities. This discrepancy can be primarily attributed to inherent limitations
of the LSTM model. In this study, the training data were organized chrono-
logically by increasing flow velocity, forming a multi-segment time series. As
a result, data corresponding to higher velocities appear later in the sequence,
where the model may struggle with long-term dependencies, leading to gradually
accumulating errors toward the end of the sequence.

Figure 14 [Figure 14: see original paper] Vibration amplitudes in the x and
y directions for Tubes 7 and 8 across flow velocities 𝑈 = 1 − 5: (a) x-direction,
Tube 7, (b) y-direction, Tube 7, (c) x-direction, Tube 8, (d) y-direction, Tube
8.

Furthermore, the accuracy of the model and the direction of iteration play crit-
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ical roles in prediction performance. The current iterative approach relies on a
unidirectional LSTM, which leaves room for improvement in terms of predictive
precision. Despite these limitations, the hybrid iterative method demonstrates
strong generalization capability. It successfully predicts data under untrained
conditions using only a limited initial dataset, without requiring additional in-
put during inference. Moreover, it significantly reduces computational time
compared to full CFD simulations.

4. Conclusions
In the present work, fluid-structure interaction of a nine-tube bundle model sub-
jected to external cross-flow is studied using a reduced-order modeling frame-
work. The framework integrates a deep time-series LSTM model with a physical
model (LSTM-physical model) based on limited training data. A novel itera-
tive method combining this reduced-order model with physical principles was
proposed. The prediction framework effectively captures both structural and
data-driven features of the tube bundle fluid-structure interaction problem. The
deep time-series LSTM model successfully reconstructed the fluid force model
for the nine-tube bundle under transverse flow. Additionally, compared to full
FSI simulations, the LSTM-physical model and the hybrid iterative method
achieved high accuracy with substantially less computational time for predict-
ing structural vibration displacements. The key conclusions are summarized as
follows:

1. Compared to highly coupled conventional FSI simulations, the proposed
iterative model achieves effective decoupling and enables rapid, efficient
predictions. It offers significant advantages in reducing computational cost
and improving accuracy, demonstrating broad applicability across various
FSI scenarios.

2. Fluid force predictions for various tubes under different flow velocities
align closely with FSI results, with relative errors of the reconstructed
fluid forces below 5%, and errors for predictions under unknown condi-
tions within 10%. The LSTM-physical reduced-order model accurately
predicts nonlinear structural vibration responses, enabling efficient and
rapid estimation of FSI-induced displacements.

3. The integrated iterative method incorporating velocity-coupling opera-
tions enables simultaneous prediction of both vibration displacements and
fluid forces under unknown flow conditions using only data from known
velocities. It effectively supplements amplitude responses across the entire
velocity range with satisfactory accuracy in both the x- and y-directions,
while maintaining computational efficiency far superior to that of FSI-
based approaches.

In summary, the LSTM-based iterative method grounded in physical principles
offers an efficient solution for FSI analysis of tube bundles. Nevertheless, the
predictive accuracy of the deep time-series LSTM model trained on limited data
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still has room for improvement. Enhancing the time-series prediction framework
will be a primary focus of future work.
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