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Chapter 5
Physics-based Online Cyber-Physical Neural Network Models
for Real-time Hybrid Simulation

Faisal Malik, Liang Cao, James Ricles, and Austin Downey

Abstract Real-time hybrid simulation (RTHS) is an experimental testing methodology that divides a structural system into
an analytical and an experimental substructure. The analytical and experimental substructures are modeled numerically and
physically in the laboratory, respectively. The substructures are kinematically linked at their interface degrees of freedom,
and the coupled equations of motion are solved in real-time to obtain the response of the complete system. A key challenge
in applying RTHS to large or complex structures is the limited availability of physical devices, which makes it difficult to si-
multaneously represent all required experimental components in the experimental substructure. The present study addresses
this challenge by introducing a Physics-based Online Cyber-Physical Neural Network (OCP-NN) model. The physics-based
OCP-NN model leverages real-time data from a single physical device (i.e., the experimental substructure) to replicate its
behavior at other locations in the system, thereby significantly reducing the need for multiple physical devices. The pro-
posed method is demonstrated through RTHS of a two-story reinforced concrete frame subjected to seismic excitation and
equipped with Banded Rotary Friction Dampers (BRFDs) in each story.

Keywords Banded Rotary Friction Dampers - LSTM Neural Network - Online Model Updating - Physics-based Neural
Network - Real-time Hybrid Simulation

Introduction

Real-time hybrid simulation (RTHS), also known as cyber-physical simulation, is an experimental testing methodology
that integrates numerical modeling and physical testing to evaluate the dynamic response of structural systems subjected
to realistic loading scenarios such as earthquakes, wind, and tsunami. In a RTHS, the structural system is divided into
an analytical and an experimental substructure. The analytical substructure is modeled numerically, such as through finite
element modeling, while the experimental substructure is physically present in a laboratory. The two substructures are
kinematically linked at their interface degrees of freedom (DOF), and the resulting equations of motion are solved in real-
time, allowing an accurate evaluation of the system’s performance under dynamic loading.

A significant challenge in RTHS occurs when the number of experimental components installed in a structure exceeds
the number of physical devices available in the laboratory. To address this limitation a novel online cyber-physical neural
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network method was developed by Malik et al. [1]. In the framework, one or more experimental substructures of devices
are modeled physically and a neural network (NN) model is used to model the remaining devices in the structure. This NN
model takes real-time data from the physical device to enhance its prediction accuracy at remaining locations in the structure.
The framework was validated on a two-story reinforced concrete (RC) frame equipped with a banded rotary friction damper
(BRFD) [2] located at each story and subjected to seismic excitations.

The BRFD features a rotating drum with three steel bands, lined with a ceramic friction material (GGA-Cured, Rigid),
wrapped around the drum. The pretension force in the bands is applied through two Tolomatic RSA50 BNO2 electric ac-
tuators with a stroke of £ 89 mm. When subjected to external excitation, the rotation of the drum produces an increasing
contact pressure profile, which is minimum at the slack end and maximum at the taut end of the bands. As the drum rotates,
a frictional torque is produced to counteract the applied force. This phenomenon, known as the self-energizing mechanism,
allows the damper to achieve a high friction capacity with minimal energy input. The BRFD has a stroke of 45 mm and a
variable force capacity that depends on the applied pretension force.

The RTHS configuration is shown in Figure 1. In the RTHS framework, the structural system is divided into three
different substructures: (a) the analytical substructure, which numerically models the frame without the dampers; (b) the
experimental substructure, which physically represents the first story damper; and, (c) the OCP-NN model which numerically
models the second story damper. The analytical substructure is numerically modeled in HyCOM-3D [3]. The beams and
columns are modeled using explicit force-based fiber elements (FBE) with RC sections. The braces are modeled using
elastic beam column elements, and the geometric nonlinearities are accounted though a lean-on P—A column.

Analytical Substructure

!
P-A
Column
FBE Beams -
/
1.83m FI7IIIITI 7777777 777777777/ 7 7777
OCP-NN i
Elastic ?4.1 y RI?+1
Braces —_ - . a e NN _ rext
o — MX;.1 + CXiiq + RIGq + Rl 4 + Rl = Fiy
FBE e NN 1o/
Columns 1 Xiv1 i1 Rliia
. 1.83 m I v
Experimental \ —
BRFD (Physical CO—C
Device) O -G
TI77 777777777777 7777777777 777777 7777 77777 7 7777777+
4 - OO
3.66 m
Experimental Substructure OCP-NN model

(Physical Device)

Fig. 1 RTHS configuration with the OCP-NN model

In the RTHS, the model based explicit integration algorithm MRK-« [4] is used to solve the weighted equations of mo-
tion. The algorithm determines the displacement and velocity of the current timestep based on the calculated displacement,
velocity and acceleration at the previous timestep. Then, the displacement of the analytical substructure X7, | is imposed
onto the substructure to obtain its restoring force vector RIZ, ;. Simultaneously, the damper deformation at the first story
is imposed onto the physical device using hydraulic actuators to obtain its restoring force RI?, ;. The measured response
of the BRFD, including its measured force, deformation and the tension forces in the two electric actuators along with the
deformation at the second story damper are input to the OCP-NN model to obtain the NN’s restoring force R1, ll\ﬂ Once the
restoring forces from the three substructures are obtained, the global restoring force vector is assembled and the acceleration
of the current timestep is completed. The integration algorithm then proceeds to the next timestep. This iterative procedure
is repeated until the simulation is completed.
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Architecture of the Physics-Based OCP-NN Model

The architecture of the physics-based OCP-NN model is shown in Figure 2. As discussed earlier, the inputs to the physics-
based OCP-NN model at each timestep are the measured responses from the physical device, which include the measured
force and deformation, and the measured tension forces in the two electric actuators. The physics-based OCP-NN model
also uses the deformation at the location of the NN model as its input and predicts the parameters of a numerical model of
the device in real-time. These parameters are passed through a physics layer, which is based on the constitutive model of the
physical device to predict the force at the location of the physics-based OCP-NN model.

For the device used in the current study i.e., the BRFD the constitutive model is based on the LuGre dry friction model
[5]. The output force from the LuGre dry friction model is given by:

F =o0gz4 012+ ogv (1

where v is the velocity at the interface between the drum and the bands, o is the aggregate bristle stiffness, o1 is the
microdamping, and o is the viscous friction. z is an evolutionary variable given by:

z':@—aog|(vv|)z @

where g (v) = F. + (Fs — F,) e_(i)Q, F is the static friction, F. is the coulomb friction, and v, is the stribeck velocity.

For the studied device, F,. and F; depend on the applied pretension force and are therefore determinate. o9 is taken to
be zero as the friction force is not dependent on velocity. Therefore, the physics-based OCP-NN model predicts the two
parameters oo and o in real-time.
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Fig. 2 Architecture of the Physics-based OCP-NN model

The architecture of the LSTM model used in the physics-based OCP-NN model is shown in Figure 3. The measured
responses from the physical device and the input deformation of the OCP-NN model are input to two LSTM layers with 16
neurons each to obtain a higher dimensional representation of the inputs. The output from these two layers is concatenated
and passed through two consecutive LSTM layers of 48 neurons each. The output from the final LSTM layer is then passed
through a dense layer to get the two output quantities oy and o; at each timestep. The physics-based OCP-NN model is
trained using the Adam optimizer with an initial learning rate of 0.001, which is decayed by 2% every 150 epochs. A batch
size of five is used for training the model. It is important to regularize the NN model for applications in RTHS [6]. Therefore,
a dropout of 10% after each layer is used as the regularization method.

To generate the training data, a suite of ground motion records is obtained from the PEER NGA West2 database and
numerical simulations of the RC frame are performed using a numerical model of the BRFD (i.e., the LuGre model) to
obtain the damper deformations at the first and second story. These deformations are subsequently imposed on the physical
device through hydraulic actuators to obtain the corresponding measured forces. These force deformation pairs are then
assembled to form the training and validation dataset.
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Fig. 3 Architecture of the LSTM model utilized in the physics-based OCP-NN model

Validation of the Physics-Based OCP-NN Model

This section presents the results from the validation of the physics-based OCP-NN model on harmonic excitation and seismic
excitations. Figure 4 presents a comparison between the measured and predicted force of the BRFD under a harmonic
excitation with an amplitude of 16.5 mm and a frequency of 0.5 Hz. As shown in the figure, the predicted response matches
the measured data well, yielding a normalized root mean square error (NRMSE) of 3.72%. Beyond demonstrating accurate
prediction capability, the physics-based OCP-NN model also provides enhanced interpretability of the system behavior. In
particular, the model captures the characteristic backlash phenomenon in the BRFD response, which manifests as a stiffness

reduction during load reversal.
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Fig.4 Comparison of BRFD measured and predicted force for a harmonic excitation of amplitude 16.5 mm and frequency
0.5 Hz: (a) force-deformation; (b) force time history; (c) time evolution of o.

This phenomenon is explained through the variation of the parameter, o (see Figure 4(c)). Specifically, o decreases
during the de-energizing phase and subsequently increases during the re-energizing phase, thereby providing a clear physical
basis for the observed hysteretic behavior.

For validating the physics-based OCP-NN model under seismic excitations, four earthquake ground motions were se-
lected. Figure 5 presents a comparison between the measured and predicted BRFD force for the Kobe ground motion scaled
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to the design basis earthquake (DBE) hazard level. As shown in Figure 5(a), the physics-based OCP-NN model accurately
reproduces the response of the BRFD, with a normalized root mean square error (NRMSE) of 1.88%, thereby demonstrat-
ing its strong predictive capability. Moreover, the time evolution of o (Figure 5(b)) provides additional physical insight
into the underlying mechanism. In particular, oy does not remain constant but evolves continuously due to the interaction
between the bands and the drums, highlighting the model’s ability to link observed behavior with interpretable physical
parameters.
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Fig. 5 Comparison of measured and predicted force for Kobe earthquake recorded at Kobe University: (a) force-
deformation, and (b) time evolution of oy betweent =4 and t = 8 sec

The mean p and standard deviation (o) of error quantities based on NRMSE, mean absolute error (MAE), R2, and
time response assurance criteria (TRAC) for the validation set are summarized in Table 1. The mean NRMSE of 2.61%
with a relatively small standard deviation of 0.62% indicates that the predicted forces closely match the measured responses
across different validation cases, with minimal variability. Similarly, the MAE with a mean of 0.76 and a standard de-
viation of 0.19 confirms that the model achieves low pointwise discrepancies in reproducing the force—deformation re-
sponse. The mean and standard deviation for the R? value is 0.95 and 0.04, respectively. R? values close to unity further
validates the NN model’s ability to capture the overall response trends. Importantly, the TRAC values achieve a mean
of 0.97 with a narrow variability of 0.02, highlighting the capability of the OCP-NN model to preserve the temporal
characteristics.

Table 1 Mean and standard deviation of error metrics on the validation dataset

Metric NRMSE (%) MAE R? TRAC
Lo 2.61 &+ 0.62 0.76 £ 0.19 0.95 & 0.04 0.97 +0.02
RTHS Results

The Northern Calif-03 ground motion recorded at the Ferndale City Hall station and scaled to the DBE hazard level was used
in the RTHS. The corresponding roof displacement and second-story damper deformation responses are shown in Figure 6,
while the moment—curvature relationships at the base of the first-story column and at the end of the first-floor beam are
presented in Figure 7. As can be observed, the structure undergoes pronounced nonlinear behavior during the excitation. In
particular, the moment—curvature plots (Figure 7) clearly exhibit nonlinear hysteretic response, indicating the development
of inelastic deformations in both the column and the beam. Moreover, residual roof displacement is evident in Figure 6(a),
highlighting the accumulation of permanent deformation in the global system.

To further assess the accuracy of the physics-based OCP-NN model, the second-story damper deformation obtained
during the RTHS was re-imposed on the physical device following the RTHS to record the corresponding measured force.
Figure 8 shows a comparison between the measured and predicted force—deformation responses. As illustrated, the pre-
dicted response closely follows the measured behavior, achieving a normalized root mean square error (NRMSE) of 4.84%.
This strong agreement highlights the capability of the OCP-NN model to generalize beyond the real-time simulation and
accurately reproduce the nonlinear response characteristics of the BRFD under imposed deformations.
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Fig. 6 Results from the RTHS of Northern Calif-03 ground motion: (a) Roof displacement, and (b) second story damper
deformation
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Fig.7 Moment curvature obtained from the RTHS of Northern Calif-03 ground motion: (a) Base of first story column, and
(b) end of first floor beam

40
20 |
£
o O0r
2
o
S 9
201
NRMSE = 4.84 %
-40 : : :
-20 -10 0 10 20

Deformation (mm)

Fig. 8 Comparison of the measured and predicted force deformation during the RTHS of the Northern Calif-03 ground
motion



Physics-based Online Cyber-Physical Neural Network Models for Real-time Hybrid Simulation 47
Summary and Conclusions

This study presented a novel Physics-based Online Cyber-Physical Neural Network (OCP-NN) model for application in
real-time hybrid simulation (RTHS) of structural and mechanical systems. The OCP-NN framework addresses the challenge
of limited availability of physical devices in a RTHS by leveraging real-time data from a single physical device to replicate
the behavior of additional devices at other locations in the system. The approach was demonstrated through the RTHS of
a two-story reinforced concrete (RC) frame equipped with Banded Rotary Friction Dampers (BRFDs) in each story and
subjected to seismic excitations.

The OCP-NN integrates a long short-term memory (LSTM) neural network with a physics-based constitutive model of
the BRFD that is based on the LuGre dry friction formulation. The network predicts key parameters (g and o) in real time,
which are passed through a physics layer to compute the damper restoring forces.

Validation results showed strong predictive performance of the physics-based OCP-NN model, with low error quantities
across multiple ground motions. For harmonic excitation, the model achieved an NRMSE of 3.72%, while for the Kobe
ground motion scaled to the DBE hazard level, the error reduced to 1.88%. Across the validation dataset, the mean and
standard deviation for the NRMSE, MAE, R?, and TRAC were 2.61% =+ 0.62%, 0.76 & 0.19, 0.95 + 0.04, and 0.97 4 0.02,
respectively. The results confirmed both high accuracy and robustness of the proposed approach. Importantly, the time
evolution of o provided physical interpretability by capturing backlash effects and band—drum interactions.

The RTHS of the RC frame using the Northern Calif-03 ground motion further validated the framework. The system ex-
hibited pronounced nonlinear and hysteretic behavior, including residual roof displacement and inelastic moment—curvature
response in the columns and beams of the structure. When the second-story damper deformation obtained during the RTHS
was re-imposed on the physical device, the OCP-NN reproduced a measured force—deformation response with an NRMSE
of 4.84%, demonstrating its ability to generalize beyond the real-time simulation.
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