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Abstract: This study tackles the challenge of accurately predicting structural behavior under seismic
excitation—a critical need in designing and assessing resilient buildings and infrastructure.
Traditional approaches, including numerical modeling and differential equation solvers, often
encounter substantial computational challenges, particularly when addressing nonlinear hysteretic
behavior or large-scale structures. To address these issues, we present a novel Fuzzy-Based
Convolutional Neural Network (FuzzyCNN) model, which combines fuzzy logic with
convolutional neural networks to effectively capture and manage the uncertainties and complexities
of soil-structure interaction under seismic loading. The model’s efficacy is validated through both
numerical simulations and experimental data from a mid-rise concrete building subjected to seismic
events. Comparative analysis reveals that the FuzzyCNN outperforms a conventional Physics-
Informed CNN (PhyCNN) model, offering superior accuracy and robustness in predicting seismic
responses. Key findings indicate that the FuzzyCNN not only enhances predictive accuracy but also
better handles uncertainties than the PhyCNN. This advancement has significant implications for
engineering design, seismic risk assessment, and the development of resilient infrastructure,
promising improved efficiency and accuracy in dynamic response prediction.

Keywords: fuzzy logic-based network; convolutional neural network; seismic response prediction;
seismic excitation

1. Introduction

Dynamic response prediction of structural systems plays a pivotal role in both the design and
evaluation of individual buildings and the reliability assessment of infrastructure and large urban
areas [1]. Conventionally, this process entails the creation of numerical models for dynamic systems,
with response prediction facilitated by numerical differential equation solvers like the Newmark-[3
method [2]. The finite element method (FEM) stands out as a prominent technique in this domain,
extensively employed across various engineering disciplines such as civil, mechanical, and
aeronautical engineering [3]. Despite significant advancements in computational capabilities, the
escalating complexity of numerical models poses formidable challenges, especially in dealing with
large-scale engineering problems characterized by nonlinear hysteretic behaviors under dynamic
loads [4]. The computational burden becomes particularly onerous when addressing optimization
tasks and handling stochastic uncertainties associated with external loads. Techniques like Monte
Carlo simulations and incremental dynamic analysis (IDA) are indispensable in accounting for these
uncertainties, but they significantly augment the computational cost [5].

When assessing structures under seismic excitation, it is crucial to account for the variability in
frequency content across different recorded earthquakes [6]. Each earthquake has unique
characteristics, and relying on a single record may not capture the full range of possible seismic
responses. Therefore, in order to perform a thorough evaluation, it is advisable to use a large set of
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records, for instance 80 different earthquake recordings [2]. Additionally, to understand the
structure’s performance under increasing seismic demand, the intensity of each earthquake record
should be scaled multiple times, for example, ten intensity levels per record. This process helps
capture how a structure behaves under a wide spectrum of seismic intensities. For instance, consider
an earthquake record that lasts 50 seconds and is sampled at a time step of 0.005 seconds. This results
in 10,000 data points for that single record. When performing an (IDA) using 80 earthquake records
and scaling each record 10 times, the total number of data points grows significantly. Specifically, the
analysis will involve 80 x 10 x 10,000 = 8,000,000 data points[7].

In addition to the large number of data points generated from the earthquake records, the
structural models themselves involve complex equations that include large matrices representing
stiffness, mass, damping, and other dynamic properties [8]. These matrices are essential for accurately
capturing the behavior of structures under seismic loads. For example, the stiffness matrix defines
how resistant a structure is to deformation, while the mass matrix accounts for how inertia affects the
structure’s response to motion. The damping matrix, meanwhile, represents energy dissipation
mechanisms within the structure. This challenge persists despite the availability of high-performance
computing clusters or facilities. Consequently, the quest for efficient computational methodologies
to tackle these complexities remains a pressing concern in the realm of structural dynamic analysis
and design [9].

In response to the computational challenges posed by complex engineering simulations,
researchers have delved into the realm of metamodeling as a means to alleviate the computational
burden [10]. Metamodels serve as reduced-fidelity surrogate models of high-fidelity simulations,
aiming to capture the input-output relationships of systems while significantly reducing
computational costs [10]. Traditionally, techniques such as regression and response surface
methodology (RSM) have been prevalent in metamodeling, relying on polynomial least-square fitting
[11]. However, the simplicity of these methods and their dependence on second-order polynomials
often lead to insufficient accuracy, particularly in capturing highly nonlinear system behaviors [11].
To address these limitations, alternative metamodeling approaches have emerged, including Kriging,
support vector machine, and polynomial chaos expansions, among others [12-14]. These methods
offer promising avenues for uncertainty quantification and have found applications in various
engineering domains.

However, the calibration of high-fidelity models, especially those with numerous parameters,
demands significant computational resources [15]. To mitigate this challenge, model order reduction
techniques have been developed [15]. These techniques enable the creation of reduced-fidelity
metamodels that approximate the behavior of complex systems while substantially reducing
computational costs. Despite these advancements, current methodologies often struggle to address
highly nonlinear structures under non-stationary conditions [15]. This limitation underscores the
ongoing need for innovative approaches to metamodeling, particularly in the context of complex
engineering systems subjected to dynamic loads and nonlinear behaviors. Efforts to bridge this gap
are vital for advancing the efficiency and accuracy of computational simulations in engineering
design and analysis. To extend the applicability and accuracy of dynamic response predictions,
ongoing research endeavors are exploring innovative methodologies. These include leveraging
machine learning (ML) techniques to refine model updating processes and enhance the predictive
capabilities of numerical simulations.

Zhanga et al. [15] have developed an approach to metamodeling nonlinear structural systems
with limited data by integrating partial physics knowledge into deep long short-term memory
(LSTM) networks. Their framework ensures precise model training by incorporating physics
constraints into the loss function, effectively capturing system nonlinearity. Tailored for dynamic
structures, the framework considers equations of motion, state dependence, and hysteretic
constitutive relationships. The embedded physics mitigate overfitting, reduce dependency on
extensive training datasets, and enhance model robustness, surpassing that of traditional data-driven
neural networks. Eshkevari et al. [16] present a physics-informed recurrent neural network (RNN)
model designed to predict the dynamics of multi-degree-of-freedom systems subjected to diverse
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ground motions. The model predicts displacement, velocity, acceleration, and internal forces,
outperforming existing models with improved predictive accuracy and fewer parameters. Inspired
by differential equation solvers, the recurrent block architecture aims for more generalized solutions.
Innovative training techniques such as hard sampling, trajectory loss function, and trust-region
optimization expedite learning with limited datasets. Zhang et al. [17] present a novel approach using
a physics-guided convolutional neural network (PhyCNN) for data-driven modeling of structural
seismic responses. Their method integrates physics constraints into deep learning models, allowing
for accurate prediction of structural responses with limited seismic datasets. Numerical simulations
and experiments confirm PhyCNN’s acceptable performance in predicting seismic responses.

Xu et al. [18] introduce an innovative physics-informed ML approach leveraging Convolutional
Neural Networks (CNNs) to accurately reconstruct both dynamic and static displacements of plate-
beam composite structures. Integrating past acceleration-related physics knowledge into the deep
learning framework is the core concept. To improve physics-based training efficiency, a dual-branch
network architecture is developed to extract extensive details from inputs. Multi-task weights are
adjusted using carefully selected scales and punishment factors. A comparison of their suggested
methodology with computer simulations and empirical validations in the statics and structural
dynamics domains demonstrates its superior performance. Incorporating acceleration data improves
the trained model’s robustness for more accurate displacement predictions while also drastically
lowering measurement costs. Hu et al. [19] presented a new neural network, merging physics-
informed neural networks with model-based transfer learning, for better seismic response
predictions with limited data. Integrating physics knowledge, represented by a new solver, enhances
the network’s ability to capture structural nonlinearities. Model-based transfer learning improves
generalization by transferring features from a source to target buildings. Their model outperforms
data-driven networks in predicting seismic responses across target buildings from numerical models
to physical shaking table tests.

There are persistent challenges in training a dependable deep learning model for estimating the
response of nonlinear structures subjected to seismic excitation. Notably, the process of solving
partial differential equations (PDEs) or governing equations within Physics-Informed Neural
Networks (PINNSs) often entails iterative numerical methods, which incur significant computational
costs, particularly for large-scale structural configurations. Consequently, this computational
overhead can impede real-time applications and the execution of extensive simulations crucial for
comprehensive seismic risk evaluation. Moreover, the application of physics-informed neural
networks to intricate and inherently chaotic systems, such as those governed by soil-structure
interaction or characterized by rocking behavior [20], remains arduous due to the inherent limitations
in handling the heightened complexity of the data, surpassing the capabilities of current physics-
guided models [19]. In addition, while previous studies introduced techniques that excel in
generating intricate reconstructions of the time-history response based on their training datasets, they
primarily cater to relatively straightforward structures. These structures typically include single-
degree-of-freedom systems, shear-type multi-degree-of-freedom structures with hysteresis modeled
numerically, or low-rise buildings with fewer than three stories. However, their applicability may be
limited when it comes to capturing the intricate behaviors arising from material and geometric
nonlinearities across a spectrum of building heights.

In this study, a novel approach is proposed by integrating fuzzy logic principles into a CNN
framework, termed FuzzyCNN, to effectively model and predict the dynamic behavior of soil-
structure systems under seismic excitations. The FuzzyCNN model is designed to handle the
uncertainties and complexities inherent in such systems, leveraging the interpretability of fuzzy logic
combined with the robust feature extraction capabilities of CNNs. The primary objectives of this
research are to develop a FuzzyCNN model capable of accurately predicting the responses of
structures subjected to earthquake loads and to compare its performance against traditional physics-
informed CNN (PhyCNN) models. Specifically, we aim to address the following research questions:
How does the integration of fuzzy logic into a CNN affect the model’s accuracy and robustness? Can
the FuzzyCNN model outperform existing PhyCNN models in terms of prediction accuracy and
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handling of uncertainties? The remainder of this paper is structured as follows: Section 2 details the
methodology, including the development of the FuzzyCNN model and the numerical techniques
employed for its validation. Section 3 presents the results and discussion, providing a comparative
analysis of the FuzzyCNN and PhyCNN models based on various performance metrics. Finally,
Section 4 concludes the paper, highlighting the key findings and potential future research directions.

2. Problem Definition

Dynamic equilibrium equations considering soil-structure interaction and seismic excitation
typically involve accounting for the behavior of both the structure and the underlying soil medium.
These equations describe the balance of forces acting on the system while considering the dynamic
response to seismic loading. They can be expressed in matrix form as [21]:

[MI{r®} +[CHr®)}+[ Ky Jo+[K,Ju={R(®)} 1

where [M] and [C] represent the mass and damping matrices of the system, respectively. Ky is the
stiffness matrix of the structure, K is the interaction stiffness matrix between the structure and the
soil, Udenotes the displacement vector of the structure, and O denotes the relative displacement

vector between the structure and the soil. [ and f denote the acceleration and velocity vectors,
while R(t) signifies the vector of reactions from the time-dependent springs and dampers that have

replaced the soil or the external force vector due to seismic excitation. It’s possible to merge [Kfs]

and [KS] into a single term, representing the total stiffness effect on the system. This combined

stiffness term accounts for both the intrinsic stiffness of the structure and the stiffness due to
interaction with the soil. It simplifies the dynamic equilibrium equations for a system subjected to
seismic excitation, depicted in Figure 1 [22]:

[M]{F©}+[C]{E®) +[K]{r®) = (RO} @)

where [K] represents the total stiffness matrix, combining both the structural stiffness and the

interaction stiffness.

Structure

Seismic excitation

Soil

Figure 1. Diagram illustrating the dynamic interaction between soil and structure.

The dimensions of these matrices and vectors correspond to the total degrees of freedom in the
system. Notably, the coefficients of the springs and dampers are analogous to the support’s flexibility
concerning vibration frequency. Hence, a transformation from the time domain to the frequency
domain facilitates an easier solution of Equation (1). This transformation can be achieved through the
use of the Fourier transform ( F, ), as depicted in Equation (3) [23]:
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FALr()}={u(m)}
FARM®}={P(W)} ®)

Moreover, leveraging the properties of the Fourier transform, Equation (4) emerges [24]:

(-0 [M] +i0[C]+ [KDu(@)} ={P(@)}
[S(@)]= (-’ M]+iefCl+[K]) ¥

[S(@){u(@)}={P(®)}i=~-1
where[S(@)] represents the dynamic stiffness matrix of the structure. In addition, Rayleigh damping
is commonly assumed, where damping is proportional to both velocity and stiffness, formulated as
[25]:

[C]=(aIM]+ AIK]) ®)
Here, aand f are constant coefficients derived from the system’s dynamic characteristics. In

the domain of structural-soil interaction, a mixed stiffness matrix is employed in the frequency
domain, comprising both real and imaginary components [25,26]. This mixed stiffness matrix
signifies a phase discrepancy between the applied load and the resulting reaction, indicating a delay
in the reaction relative to the applied load due to system damping. Upon comparing equations (1)
and (3), it becomes apparent that solving the dynamic equilibrium equation of the system in the
frequency domain, i.e., is notably more straightforward using fundamental principles of algebraic
equations [25,26]. However, a significant challenge lies within these equations: besides the unknown
displacements{U(®)}, the Fourier transform of the reaction vector R(t) is also unknown, as R(t)

represents the forces acting on the flexible support, inherently ambiguous. Consequently, the system
presents one equation with two unknowns, resulting in an indeterminate problem [25,26].

3. Methodology
3.1. Fuzzy-Based Convolutional Neural Network (FuzzyCCN)

This research examines soil-structure systems undergoing forced vibrations. The system is
characterized by: (1) Input: a set of excitations represented by the vector (a(t) ); and (2) Output: a set

of responses represented by the vector (d(t) ). Here, a(t)is ground acceleration and d(t) is the

relative displacements. Assuming that we have no knowledge of the actual physical structure or
mechanics of the system (treating it as a “black box”), a FuzzyCNN architecture is developed to create
a substitute model that mimics the behavior of the original system. This approach suggests using a
data-driven method to model a complex system whose internal workings are unknown. The
FuzzyCNN will attempt to learn the relationship between inputs and outputs, effectively creating a
surrogate model that can predict the system’s behavior without understanding its underlying
physical principles.

The proposed framework consists of a series of 1D-convolution layers with fuzzy membership
functions and ReLU activations. The 1D convolutional layer can be expressed as:

y(t) = ga(t —k)-w(k)+b

where a(t) is the input, w are the filter weights, b is the bias, and K is the filter size. This

(6)

operation is repeated across the input sequence. The Gaussian fuzzy membership function applied
to the output of each convolutional layer is given by:

G(y) =ecp(-05-(C ) (7)

X
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where g, is the mean of Y, o, is the standard deviation of y, and ¢ is a small constant to avoid
division by zero. The fuzzy membership function enhances the interpretability and robustness of the
model by incorporating fuzzy logic principles [27,28]. After the convolution and fuzzy membership
operations, the ReLU (Rectified Linear Unit) activation function is applied:

Re LU (x) =max(0,G(y)) ®)
Combining these steps, each layer in the fuzzy-CNN model can be represented as:
X" =Re LU (G(W *a' +b")) )

where * denotes the convolution operation, and | denotes the layer index.

The transformation matrix 1t is used to compute the first and second derivatives of the outputs
of FuzzyCNN (d(t) ). The finite difference method is a numerical technique for estimating derivatives

of functions [29]. Given discrete data points d, =d(t;) at time t;, the derivatives of d can be

approximated using finite differences [29]. Here, both the first-order and second-order derivatives

are approximated. The first and second derivatives of d are computed as [29]:

d=Td
d=T.d=T,(T.d)=T2d

The form of the T, matrix that approximates the derivative of the time series data d(t) is [29]:

(10)

=, Ly o
2 2
O R
2 2 1)
110 L 0 1 0
Tt = 2 2
At . .
0 0 1 0 1
2 2
0 ... o L 3
L 2 2

Where At is the time step size. Each row of T, represents the coefficients used to approximate the

derivative at a particular point in the time series. The first row uses forward differences, the last row
uses backward differences, and the interior rows use central differences [29].

The loss function combines the mean squared error between the predicted and true d anda

regularization term that penalizes the first values of the predicted d.
N/100

1 N Jtrue g pred \2 pred \2

|055=ﬁ§(di —d”) + .2:1: (d™) (12)
N/100

where N is the number of data points. The regularization term ( Z (d,
i=1

pred )2 ) based on the first

N /100 values of d"*is designed to constrain the model predictions, ensuring they do not deviate
significantly from expected values or exhibit undesired behavior [30,31]. Regularization is a
technique used in ML to prevent overfitting by adding a penalty to the loss function [31]. This term
can also guide the model to learn specific properties of the data, especially when dealing with
physical systems where certain behaviors or values are expected [31].

The Adam optimizer updates the model parameters based on the gradients of the loss function
with respect to the parameters. The update rule for parameter 6 is [32]:
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2
m =AM + A= 5)9, Vv = BV + 1= 5,)9;
om0y,
M= =4
- B - (13)
m

0.,=6—a——

t+ t ﬁ te
where m, and V, are moving averages of the gradient and its square, respectively, Yt is the
gradient at time step t, « is the learning rate (in this case, a value of 0.001 is used), A, is the
exponential decay rate for the first moment estimates, 3, is the exponential decay rate for the second

moment estimates, and ¢ is a small constant (e.g.,, 107 ) to avoid division by zero. Typically, default
exponential decay rate values are £, =0.9 and £, =0.999 [32].

Figure 2 illustrates the architecture of the proposed FuzzyCNN model, along with the associated
training and testing framework. This configuration is specifically designed to effectively extract
temporal features from univariate time series data. Optimal parameters are determined using the
GridSearch algorithm. The proposed model comprises four series of 1D convolutional layers, each
incorporating fuzzy membership functions and utilizing ReLU (Rectified Linear Unit) activations.
The final layer of the framework is Dense layers with 50 neurons, which serves to consolidate the
extracted features and produce the desired output. Table 1 provides a comprehensive overview of
the FuzzyCNN layers, detailing their specifications and parameters.

Table 1. The characteristics of the FuzzyCNN layers.

Prameter Value

Activation functions ReLU
Number of filters 64
Size of the convolutional filter 50
Stride of the convolution 1

Padding Same

Use bias True

Last layer Dense with 50 neurons
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Figure 2. Architecture of the proposed FuzzyCNN model and training/testing framework.

3.2. Numerical Validation

The efficiency of the suggested FuzzyCNN model is initially evaluated through a numerical case
study adapted from the research conducted by Zhang and colleagues [17]. The case study focuses on
a one-degree-of-freedom (SDOF) structural system, which is subjected to earthquake records. The
dynamic behavior of this nonlinear system is mathematically described by the following equation of
motion [17]:

MU + cu + k,u + k,u® = —mui

where m=1kg; c=1Ns/m;k, =20N /m;k, =200N / m

where m is the mass; U, U, and U are the relative displacement, velocity, and acceleration; and U'g

(14)

is the ground motion acceleration. Eighty-five samples, each of which represents a separate seismic
sequence, are created artificially through numerical simulations of a nonlinear system. Selected
earthquake recordings that represent a 10% probability of exceedance during a 50-year span are taken
from the PEER database [33,34]. With a sampling frequency of 20 Hz, each simulation lasts 50
seconds, yielding 1,001 data points for each record. Fifteen percent of these datasets are used as a test
and validation set to gauge prediction accuracy, while seventy percent are randomly selected for
training. The FuzzyCNN model is also tested against Zhang et al.’s PhyCNN model [17], which
incorporates physics-informed loss functions to improve model accuracy.

3.3. PhyCNN Model

Zhang et al. presented the PhyCNN framework designed for seismic response modeling, which
integrates deep learning with fundamental physical principles, specifically leveraging dynamic
equations to enhance prediction accuracy in scenarios with limited datasets. PhyCNN bridges data-
driven methods and first-principles modeling by embedding physical constraints—namely, the
equations of motion—directly into the learning process.

The structural dynamic behavior under seismic excitation is governed by Newton’s second law,
expressed as:

MX(t) +h(t) = -MTX, (t) (15)
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where M represents the mass matrix, X(t) is the relative acceleration vector, h(t) denotes the
generalized restoring force, Iis the influence vector representing how ground motion is distributed
across the structure, and X (t) is the external ground acceleration. This equation forms the backbone

of the PhyCNN model, guiding its predictions of structural displacements, velocities, and restoring
forces. By embedding this dynamic equation into the architecture, PhyCNN ensures that predictions
adhere to the underlying physics of the system, rather than relying purely on empirical data. The
PhyCNN employs a composite loss function that combines both data-driven and physics-informed
components. The data loss, J(8), quantifies the discrepancy between the predicted and observed

structural states (displacement, velocity, and restoring force) as:

1 o
JD(9)=WZ(”XC ~% | +[% =% +|RF, - RF,
i=1

J. (@
In addition, the physics loss, o (9) , imposes constraints that ensure the predicted states are
consistent with the system’s dynamic behavior:

18, o 1. 2
Jphy(0)=ﬁ;(||x+rxg|| +M||X+X|| ) 17)

h(t)

2
) (16)

X RF
where %, % and P are the computed displacement, velocity, and restoring force, respectively,

and %o , X, , and RF, represent the measured values. The overall loss function used for
optimization is a weighted sum of these components:
J(0)=1J,,(0)+3,(0) (18)
This composite loss function integrates both the empirical data and the governing physical laws
into the training process. By doing so, the PhyCNN framework try to enforces physically plausible

phy

predictions that respect the system’s dynamic behavior while simultaneously minimizing
prediction error with respect to the available data.

3.4. Experimental Validation

Field sensing data is used to further evaluate the performance of the FuzzyCNN model. A six-
story mid-rise concrete hotel building located in San Bernardino, California, constructed in 1970, is
chosen [35]. Accelerometers installed on the third floor in both longitudinal and transverse directions
are employed, with their specific placement detailed in Figure 3 [35]. Twenty-three seismic events
recorded by sensors from 1987 to 2018 are used in this study [17,35]. The acceleration data are
processed using a specific type of filter to eliminate low-frequency noise and artifacts, ensuring that
only the relevant higher-frequency seismic data are retained for analysis [17,35]. Here, a Butterworth
high-pass filter is used [35]. A Butterworth filter is a type of signal-processing filter designed to have
a flat frequency response in the passband [17,35]. Two reactive components (2-pole filter) determine
its frequency characteristics. A high-pass filter allows high-frequency signals to pass through while
attenuating (reducing) low-frequency signals. The cutoff frequency is the threshold frequency where
the filter begins to attenuate frequencies below this value. In this case, any frequency components of
the acceleration data below 0.1 Hz will be significantly reduced [17,35]. Low-frequency behavior in
this context refers to unwanted low-frequency components in the measured acceleration data, such
as noise or drift, which can obscure the meaningful high-frequency data related to seismic events.
Moreover, given that this example incorporates sensor data from an actual building, the response of
the structure inherently includes the effects of the soil-structure interaction and the influence of the
surrounding soil on the foundation. This integration ensures that the dynamic response captured by
the sensors reflects realistic conditions, accounting for the complex interplay between the building
and its subsoil environment. Detailed analysis of these effects is elaborated in section 2 of the article.
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Figure 3. Sensor locations in the 6-story building.

4. Results and Discussion

Figures 4 and 5 show the architecture of the FuzzyCNN and PhyCNN models. The number of
parameters in a neural network model is a critical factor that can affect the model’s complexity,
training time, and risk of overfitting. The proposed model (FuzzyCNN) has 621,157 parameters,
while PhyCNN has 828,571 parameters. The PhyCNN model has approximately 207,414 more
parameters than the FuzzyCNN model. This larger parameter count suggests that PhyCNN incurs
increased computational costs and carries a potentially higher risk of overfitting, particularly when
dealing with limited data [36].

Figure 6 illustrates the predicted behavior of the SDOF structural system using the FuzzyCNN
model. The plot represents the displacement of the structural response. The figure demonstrates the
model’s ability to capture the nuanced responses of an SDOF system under various conditions. Figure
7 presents the prediction results of the PhyCNN model by Zhuang and colleagues [17] for the same
SDOF structural system as in Figure 6. It provides a comparative basis for evaluating the performance
of the FuzzyCNN model. The PhyCNN model is another neural network-based approach that focuses
on leveraging physical principles in the prediction process. The comparison between FuzzyCNN and
PhyCNN predictions is essential to understand the advantages and limitations of each model. While
the PhyCNN might excel in scenarios where physical laws are well-defined and can be directly
incorporated, it may struggle with uncertainties or data-driven nuances that the FuzzyCNN can
address through its fuzzy logic components.

To facilitate a more robust comparison of the results between two models, the correlation
coefficient has been employed. The correlation coefficient is a statistical measure used to assess the
strength and direction of a linear relationship between two variables.

Zn:(ai - pi)2
R? =1- 1%

i(ai - 5)2

where n represents the number of data points, g, is the recorded values, p; is the computed values,

(15)

and ais the mean of the recorded values. In this context, it measures the correlation between
predicted and actual values for the structural system’s response.
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Layer (type) output shape Param #
convld_54 (ConviD) (None, None, 64) 3,264
lambda_16 (Lambda) (None, None, 64) 2]
activation 69 (Activation) (None, MNone, 64) 2]
convld 55 (ConvlD) (None, MNone, 64) 204,864
lambda_17 (Lambda) (None, MNone, 64) 3]
activation_7e (Activation) (None, MNone, 64) 3]
convld_56 (ConviD) (None, None, 64) 204,864
lambda_18 (Lambda) (None, None, 64) 2]
activation_71 (Activation) (None, MNone, 64) 2}
convld 57 (ConvlD) (None, MNone, 64) 204,864
lambda 19 (Lambda) (None, MNone, 64) 2]
activation_72 (Activation) (None, MNone, 64) 3]
dense_26 (Dense) (None, MNone, 58) 3,258
activation_73 (Activation) (None, None, 5@) 2]
dense_27 (Dense) (None, MNone, 1) 51

Total params: 621,157 (2.37 MB)
Trainable params: 621,157 (2.37 MB)
Non-trainable params: © (©.90 B)

Figure 4. Overview of the FuzzyCNN'’s architecture.

Layer (type) Output Shape Param #
convld_49 (ConvlD) (None, None, 64) 3,264
activation_e62 (Activation) (None, None, 64) 3]
convld_5@ (ConvlD) (None, None, 64) 204,864
activation_63 (Activation) (None, None, 64) 3]
convld_51 (ConvlD) (None, None, 64) 204,864
activation_e4 (Activation) (None, None, 64) 3]
convld_52 (ConvlD) (None, None, 64) 204,864
activation_e65 (Activation) (None, None, 64) 3]
convld_53 (ConvlD) (None, None, 64) 204,864
activation_e6 (Activation) (None, None, 64) 3]
dense_23 (Dense) (None, None, 5@) 3,250
activation_67 (Activation) (None, None, 5@) @
dense_24 (Dense) (None, None, 5@) 2,558
activation_e68 (Activation) (None, None, 5@) @
dense_25 (Dense) (None, None, 1) 51

Total params: 828,571 (3.16 MB)
Trainable params: 828,571 (3.16 MB)
Non-trainable params: @ (©.8@ B)

Figure 5. Overview of the PhyCNN's architecture (Zhuang and colleagues [17]).
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Figure 7. Predictions of the Zhuang and colleagues” model- SDOF structural system

The histograms (Figure 8) provide a visual representation of the distribution of correlation
coefficients obtained from various predictions made by the models. The histogram for the FuzzyCNN
model (Figure 8a) shows how well this model’s predictions correlate with actual data. A peak
towards higher correlation values indicates better model accuracy. The PhyCNN model’s histogram
(Figure 8b) serves a similar purpose. Figure 8c allows for a direct comparison between the two
models, highlighting any differences in performance. For instance, a broader distribution in one
histogram might suggest that a model performs inconsistently across different scenarios (like
PhyCNN), while a tighter distribution with higher correlation values would indicate consistent and
accurate predictions (like FuzzyCNN). It appears that nearly 5% of the predictions made by the
PhyCNN model have an R? value lower than 0.4. An R? value of 0.4 or lower signifies that the model
explains less than 40% of the variance in the dependent variable based on the independent variables.
In practical terms, this means that the model’s predictions are not closely aligned with the actual
outcomes for those specific cases. Such a low R? indicates a weak predictive power, suggesting that
the model’s performance is inconsistent across the dataset. The PhyCNN model’s dependence on
directly integrating physical concepts into the neural network can be advantageous and
disadvantageous at the same time [37]. This method guarantees that forecasts follow established
physical rules, but if the physics is not precise or complete for all possible circumstances, it might not
fully represent the complexity of the data. The PhyCNN model’s overall dependability and credibility
may be impacted if a subgroup of predictions has such low R? values. Even a tiny fraction of
inaccurate forecasts can have a big impact on crucial applications like safety evaluations or structural
engineering, sometimes resulting in dangerous choices or wrong conclusions [38].

Based on Figure 8, it appears that for the PhyCNN model, almost 17 percent of predictions have
an R? higher than 0.9, while for the FuzzyCNN model, almost 24 percent of predictions have an R?
higher than 0.9. The higher percentage of predictions with R? values above 0.9 in the FuzzyCNN
model suggests it has a more flexible architecture, capable of adapting to a wider variety of data
patterns. This flexibility may be attributed to the integration of fuzzy logic, which helps manage
uncertainties and non-linearities in the data. One reason for the poorer performance of PhyCNN
could be its sensitivity to noise present in earthquake records [38]. Noise in earthquake recordings
can significantly impact the performance and reliability of PhyCNN models. These models are
designed to leverage physical principles, making them sensitive to data quality. Earthquake data,
however, is often contaminated with various types of noise, including ambient environmental noise,
instrument noise, and interference from human activities or other seismic events [38]. This noise can
obscure critical features within the seismic waveforms, such as amplitude, frequency content, and
phase, which are essential for accurate modeling and interpretation [38]. Consequently, when the
PhyCNN model encounters noisy data, it may struggle to extract meaningful patterns, leading to
reduced accuracy in its predictions [38].

Additionally, the PhyCNN model contains approximately 207,414 more parameters than the
FuzzyCNN model. This significantly larger parameter count suggests that PhyCNN may have a
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higher capacity for learning complex patterns, but it also carries a potentially increased risk of
overfitting, particularly when dealing with limited datasets. The trade-off between model complexity
and generalization ability should be carefully considered in the context of the available training data
and the specific task at hand [36]. In other words, the PhyCNN may unintentionally learn to identify
noise patterns as meaningful features if the training set contains noisy recordings. This overfitting
weakens the model’s robustness in real-world applications, where noise characteristics can differ
greatly, as well as its capacity to generalize to new, unseen data [39].

Figure 9 shows the performance of FuzzyCNN for the prediction of the displacement of the six-
story mid-rise hotel building. Figure 9a displays examples of the estimated displacement time
histories on the 3rd floor. The predictions made by the FuzzyCNN show good agreement with the
reference data in terms of residual displacement suggestive of plastic deformation, phase alignment,
and amplitude. These characteristics of the model’s capturing accuracy indicate that it is a good
emulation of the underlying physical phenomena and structural reactions. Moreover, as Figure 9b
illustrates, the correlation coefficients primarily surpass 0.85, highlighting the strong prediction
model precision. This high degree of accuracy shows that the FuzzyCNN is a reliable tool for
sophisticated structural analysis and simulations because it can accurately predict the complicated,
nonlinear behaviors that are inherent in materials undergoing plastic deformation. The model’s
resilience and dependability in real-world applications are highlighted by the consistency in both
magnitude and phase as well as the rarely observed differences in residual drifts.
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Figure 9. The FuzzyCNN model prediction of the displacement of the six-story mid-rise hotel
building.

5. Conclusions

This study addresses the critical challenge of accurately predicting the dynamic response of
nonlinear structural systems to seismic events. Traditional methods often struggle with
computational intensity and the ability to generalize from limited datasets, necessitating the
development of more efficient and robust approaches. The research introduced the Fuzzy
Convolutional Neural Network (FuzzyCNN) model, which integrates fuzzy logic with convolutional
neural networks to enhance the prediction accuracy of structural responses under seismic loading.
Compared to the PhyCNN model, FuzzyCNN demonstrated superior performance, achieving higher
correlation coefficients and greater robustness to noise in seismic data. Specifically, 24% of
FuzzyCNN predictions had coefficient of determination (R?) values above 0.9, indicating a strong
predictive capability, while only 17% of PhyCNN predictions reached the same threshold.
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Additionally, about 5% of the predictions from the PhyCNN model had R? values lower than
0.4, highlighting its comparative underperformance in certain scenarios. The FuzzyCNN model’s
integration of fuzzy logic enables it to manage uncertainties and nonlinearities more effectively than
traditional physics-informed neural networks. This adaptability allows FuzzyCNN to provide more
consistent and accurate predictions across diverse seismic events, highlighting its potential as a
valuable tool in structural engineering. The study’s findings suggest that incorporating fuzzy logic
principles into neural network architectures can significantly enhance their performance in modeling
complex dynamic systems. Also, the field measurements of the six-story concrete structure in San
Bernardino used in this research indicate that the predictions align closely with historical sensing
data for earthquakes of varying magnitudes and frequency. This suggests a strong correlation
between the modeled predictions and actual seismic activity observed in the area, demonstrating the
effectiveness of the predictive models employed in the study.

In conclusion, the FuzzyCNN model represents a significant advancement in predicting
structural responses under seismic loading. By effectively combining fuzzy logic with convolutional
neural networks, it offers a robust and adaptable solution for structural engineers. Ongoing
refinements aim to ensure its practical application in mitigating seismic risks, highlighting the
potential of advanced machine learning techniques integrated with traditional engineering principles
for the future of structural dynamics.
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