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A B S T R A C T

Earthquakes significantly impact societies and economies, underscoring the need for effective search and
rescue strategies. As AI and robotics increasingly support these efforts, the demand for high-fidelity, real-
time simulation environments for training has become pressing. Earthquake simulation can be considered as
a complex system. Traditional simulation methods, which primarily focus on computing intricate factors for
single buildings or simplified architectural agglomerations, often fall short in providing realistic visuals and
real-time structural damage assessments for urban environments. To address this deficiency, we introduce a
real-time, high visual fidelity earthquake simulation platform based on the Chaos Physics System in Unreal
Engine, specifically designed to simulate the damage to urban buildings. Initially, we use a genetic algorithm
to calibrate material simulation parameters from Ansys into the Unreal Engine’s fracture system, based on real-
world test standards. This alignment ensures the similarity of results between the two systems while achieving
real-time capabilities. Additionally, by integrating real earthquake waveform data, we improve the simulation’s
authenticity, ensuring it accurately reflects historical events. All functionalities are integrated into a visual user
interface, enabling zero-code operation, which facilitates testing and further development by cross-disciplinary
users. We verify the platform’s effectiveness through three AI-based tasks: similarity detection, path planning,
and image segmentation. This paper builds upon the preliminary earthquake simulation study we presented
at IMET 2023, with significant enhancements, including improvements to the material calibration workflow
and the method for binding building foundations.
1. Introduction

Earthquakes are frequent natural disasters that significantly affect
uman life and economic activities [1,2]. To mitigate their adverse
ffects and improve the effectiveness of post-earthquake rescue oper-
tions, a paradigm shift toward integrating artificial intelligence (AI)
nd robotics has been observed [3]. These technologies, which include

tasks such as path planning, automatic obstacle avoidance, and image
recognition, significantly enhance the efficiency of responses to earth-
uakes [4]. Iterative training of AI in simulation environments has been

widely recognized as an effective method [5]. However, traditional
earthquake simulation systems often focus on incorporating complex
multiple factors in their calculations, which fails to meet the real-
time responsiveness required for a variety of AI models and the high
fidelity needed for computer vision recognition. Consequently, there is
an urgent need to create a user-friendly simulation platform capable of
enerating countless realistic earthquake scenarios for iterative training

of AI models.
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cyriel.diels@rca.ac.uk (C. Diels), ali.asadipour@rca.ac.uk (A. Asadipour).

While game engines have become powerful tools for simulating
various disaster scenarios, such as firestorms or flash floods [6], their
potential for earthquake simulations has yet to be fully explored.
Earthquake simulations are regarded as inherently complex systems,
particularly in terms of material simulation. The diversity of building
materials and structures presents significant challenges. The primary
optimization goal of current game engines is to ensure real-time per-
formance, which has led to parameter simplification. This results in a
conflict with scientific applications that involve intensive calculations
of multiple parameters. Consequently, these engines cannot be directly
used for scientific simulations without modifications or calibrations.
Despite this, compared to traditional simulation methods, game engines
not only offer simplified operations and efficiency but also provide
richer plugins and reusable virtual assets. Additionally, the adoption
of advanced realistic rendering techniques, including ray tracing, is
beginning to replace the need for real-world data, revolutionizing
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research in visual recognition [7]. However, the application of these
sophisticated techniques and tools specifically for earthquake simula-
tions within virtual environments remains an underdeveloped area in
current research.

To address this gap, we introduce RESenv — A Realistic Earthquake
Simulation Environment, utilizing the Chaos physics system within
Unreal Engine 5 (UE5). The RESenv workflow begins by simulating
ideal building material parameters using Ansys Explicit Dynamics for
fracture simulations. Subsequently, the results from Ansys are aligned
with the parameters of the UE Destruction system through a genetic
algorithm, creating a material library. This parameter alignment step
not only brings UE’s material fracture results comparable with Ansys
but also does not increase the computational load, laying a foundation
for executing real-time high-fidelity simulations. Furthermore, RESenv
employs UE’s Physics Constraint Actor (UEPCA) to automatically bind
building foundations, accurately transmitting terrain vibrations and
tresses to the structures, thus mirroring real earthquake phenomena.
n practical tests, we introduce a random pre-fracture parameter in UE

to simulate various outcomes, thereby covering as many potentialities
f building damage as possible. Additionally, RESenv utilizes a user
nterface (UI) plugin to retrieve real earthquake waveform data from
nline databases and applies it to the virtual terrain in UE to accurately
eproduce the terrain movements observed in actual earthquake events.
he aim of RESenv is to leverage UE’s high-performance, real-time
imulation capabilities to closely emulate the destruction caused by
eal earthquakes. The overarching goal is to provide a training platform
or AI, VR, and robotics, offering real-time interactive, high-resolution,
nd high-fidelity earthquake scenario simulations. This not only aids
n search and rescue mission planning but also serves as a valuable
ynthetic data reservoir for AI training in various applications, such as
ath planning and visual recognition.

This paper is an extension of our conference paper, ‘‘RESenv: A real-
istic earthquake simulation environment based on Unreal Engine’’ [8].
Significant improvements include a detailed discussion of the mate-
ial calibration process integrated with Ansys Explicit Dynamics, and
nhancements to the method of binding building foundations in UE.

Our key contributions in this study include:

1. Enhanced Simulation Accuracy: Our RESenv environment uti-
lizes a designed genetic algorithm to align Ansys material simu-
lation results with the UE Fracture system, substantially enhanc-
ing the realism and accuracy of earthquake simulations executed
by UE.

2. Real Earthquake Data Integration: Our RESenv binds real-
time earthquake data to UE’s virtual terrain and automates the
physical binding of building foundations, accurately replicating
the terrain movements and stress transmission observed in actual
earthquakes.

3. Simplified and Automated Workflow: The visualization and
automation features of RESenv significantly reduce the com-
plexity of conducting simulations. Empirical validations have
demonstrated RESenv’s effectiveness in mimicking architectural
earthquake damage, as well as in training AI for visual recogni-
tion and path planning tasks.

2. Related work

This section reviews research related to earthquake simulation and
I training for rescue missions, which form the basis for our proposed

UE-based earthquake simulation approach.

2.1. Earthquake simulation

Earthquake simulation, a longstanding research focus in geophysics,
eology, and engineering [9], has seen significant advancements due to
2

recent progress in computer hardware. This has enabled more sophisti-
cated modeling of earthquakes and consequent building damage using
numerical simulation techniques [10,11]. Stress simulations of individ-
al buildings, initially aimed at analyzing earthquake stress-induced
eformation and structural optimization, have matured, and some re-
earchers have employed finite element analysis (FEA) for assessing
arthquake-induced building damage and exploring risk mitigation
trategies [12,13]. However, due to real-world buildings’ structural

complexity, material diversity, and computational constraints, most
simulations only model primary load-bearing structures and facades,
esulting in discrepancies between simulated and actual outcomes.
urrent earthquake platforms, constrained by the complexity of the

physics engine limits and simulating only single or two degree-of-
freedom (DOF) vibrations, fail to mimic the three DOF motions of
actual earthquakes [14,15].

Urban multi-building simulations, compared to individual build-
ing simulations, emerged much later. One of the most widely used
frameworks is HAZUS, developed by the United States Federal Emer-
gency Management Agency (FEMA) [16]. Based on standardized Geo-
graphic Information System (GIS) methodologies, HAZUS is employed
for estimating the impact of earthquakes, post-earthquake fires, floods,
and hurricanes, among other disasters. To overcome the limitations
of HAZUS’s single DOF model, Japanese researchers introduced the
ntegrated Earthquake Simulation (IES) framework, utilizing multi-

dimensional data fusion calculation methods [17]. Subsequently, Turk-
ish researchers developed a regional building simulation method for
Istanbul using MATLAB, based on the IES framework [18]. Similar
o individual building simulations, multi-building simulations are also

constrained by software limitations in terms of physical collisions and
building structural complexity. Although a study by David et al. em-
ployed large-scale computing to simulate the motion of geological faults
and measure building responses [19], the focus of this research predom-
nantly lies in calculating the complexity of geological structures, with
cant attention paid to the fidelity of building structures.

Ansys has been proven to offer high precision and reliability in
material benchmark testing and dynamic earthquake simulations [20].
Ansys Explicit Dynamics is specifically designed to handle complex,
highly nonlinear problems, essential for accurate fracture simulations
that require analysis of rapid impact interactions within materials,
effectively simulating the impacts experienced by building structures
during earthquakes [21]. Additionally, it efficiently calculates ma-
terial responses under short-duration, severe loading conditions en-
countered during earthquakes, making it highly suitable for simulat-
ing earthquake-induced material damage [22]. Furthermore, its pre-
built comprehensive material library allows for detailed testing of
diverse building materials, significantly easing the workload for cross-
disciplinary developers.

In our approach, we utilize the Chaos destruction system [23]
and Nanite visualization system [24] within UE5 game engine. This
integration facilitates previously challenging fracture and fragmenta-
tion simulations for various materials and complex hybrid structures,
enables accurate physical collisions, and supports three degrees of
freedom (DOF) in geological motion. To further enhance the accuracy
and realism of these simulations, we have incorporated the RESenv
Material Calibration Bridge, which seamlessly integrates Ansys Ex-
plicit Dynamics simulation results into the UE Destruction system.
This bridge allows for the precise calibration of material properties
based on real-world data, significantly enhancing the fidelity of frac-
ture simulations within UE5. Our method demonstrates a significant
improvement in computational efficiency and cost compared to con-
ventional techniques, enabling real-time and accelerated calculations
on consumer-grade computers.
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Fig. 1. Flowchart of RESenv for earthquake simulation, encompassing four stages: Material calibration, Scenario preparation, Data binding, and Simulation. Material calibration: The
RESenv Material Calibration Bridge utilizes data simulated in Ansys Explicit Dynamics as a benchmark to optimize the UE Fracture settings. The calibrated materials are stored
n the RESenv material library. Scenario preparation: 3D building models are imported into Unreal Engine and assigned fracture settings from the RESenv material library. Actual

earthquake wave data is acquired from the IRIS online database and imported through a graphical user interface system. Data binding : 3D buildings are bound to the virtual terrain
sing UEPCA via an automated analysis program. The earthquake wave data is converted into terrain displacements for binding. Simulation: RESenv operates at specified frame
ates: 40 FPS for desktop computer simulation, 90 FPS for VR training, and 240 FPS for high frame rate sensor training. As the simulation commences, the earthquake wave data
isplaces the terrain, which in turn causes the pre-fractured 3D buildings to be destroyed. RESenv remains interactive throughout the simulation.
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2.2. AI training for rescue missions

AI applications in search and rescue operations, as well as the
robotics domain, are becoming increasingly widespread. Numerous
esearchers are dedicated to employing deep learning and reinforce-
ent learning techniques for complex terrain path planning, image

ecognition, and other related tasks [25,26]. For instance, the study by
inLin et al. utilized the SBMPC algorithm to investigate path planning

problems for search and rescue robots [27]. Xuexi et al. explored
ndoor search and rescue using Simultaneous Localization and Map-

ping (SLAM) and Light Detection and Ranging (LiDAR) methods [28].
Farzad’s research introduced the application of deep reinforcement
learning (DRL) methods in search and rescue robot tasks [29]. These
tudies underscore the potential of artificial intelligence in enhancing

the effectiveness and efficiency of search and rescue missions.
The success of AI approaches largely depends on the availability of

mple and high-quality data as training inputs, which can accurately
epresent the complexities and dynamics of environments affected by
arthquakes [30]. However, in earthquake rescue scenarios, collecting

and obtaining real-world data poses significant challenges. To address
data limitations, researchers have developed various virtual environ-
ments, such as the RoboCup Rescue Simulation Environment [31],
USARSim [32], and the BCB environment developed by Laurea Uni-
versity of Applied Sciences [33], for creating training data for deep
learning and reinforcement learning algorithms in search and rescue
operations. Nonetheless, these frameworks currently lack the level of
exture rendering realism and detail richness required for training AI
odels that rely on image recognition and depth data inputs. This also

esults in substantial discrepancies between the volume and complexity
f simulated scenarios and actual search and rescue missions.

Our proposed simulation environment fills this void by aiming
to provide a highly realistic and detailed virtual earthquake dam-
age environment using a ray-tracing system and authentic scanned
textures. The environment allows for generating high-quality training
data that can be directly used for AI algorithm visual recognition and
depth data scanning. Weather phenomena, lighting conditions, and
post-earthquake dust will be effectively simulated.

3. Method

RESenv executes the earthquake simulation in a four-stage process:
aterial calibration, data preparation, data binding, and simula-
ion. Fig. 1 illustrates the diagrammatic representation of the afore-
entioned stages.

3.1. Material calibration

The Issue of UE Chaos Destruction System The UE Destruc-
ion system utilizes the latest Chaos physics engine, enabling precise
3

pre-fracturing of geometries to define their destruction behavior dur-
ng run-time simulations [23]. This pre-fracturing facilitates the pre-

generation of fragment objects complete with collision boundaries and
cluster connections, thereby enabling real-time interactions with colli-
sions and physical constraints. Compared to traditional physical sim-
ulation methods, which demand substantial computational resources,
the UE Destruction system offers a real-time interactable platform
foundation for simulations.

However, there are two main limitations in the current UE De-
struction system that hinder accurate physical simulations. Firstly, the
re-fracturing feature only allows designers to visually fracture geome-
ries into fragment groups using predefined graphic patterns, rather
han employing calculations based on actual material properties [34].

This approach results in deformations and fracture shapes during colli-
sions that do not accurately represent real-world phenomena. Secondly,
the stress values recorded in the cluster links between fragment groups
are not expressed in standard physical units, thereby precluding calcu-
lations based on physical formulas. Consequently, for applications like
earthquake simulations, where precise physical calculations are crucial
to accurately mimic real-world dynamics, the UE Destruction System
cannot be applied directly without calibrations.

To address the aforementioned limitations and achieve realistic
arthquake fracture simulations in UE, we propose a material calibra-
ion workflow for the UE Destruction system. This workflow initially

employs the Ansys Explicit Dynamics system to conduct physical sim-
lations on various calibrated building materials, strictly adhering to
eal-world testing standards. The outcomes of these simulations are
hen exported to serve as calibration benchmark data for UE Fracture.
ubsequently, We have specifically designed a genetic algorithm (de-
eloped in C++ as a UE plugin) that quantifies the differences between
he simulation results of Ansys and UE, and automatically iterates and
ptimizes the fracture parameters of materials in UE. This process
nsures that the material fracture behavior approximates the results of
nsys simulations without altering the UE physics engine. Ultimately,

he calibrated material parameters are stored in the RESenv material
ibrary for future application to building geometry assets for simulation.

Fig. 2 demonstrates an example of the calibration of two construc-
tion materials using the RESenv Material Calibration Workflow, and
compares the destruction results with the default parameters of UE
Fracture. The left material, a 35 MPa concrete is subjected to a fracture
test in Ansys using the ASTM C293 standard [35], followed by iterative
optimization via the calibration bridge. On the right side, a masonry
ssemblage (brick wall) is optimized using the workflow with the ASTM
519 standard [36]. Compared to the default parameters of UE Frac-
ure, which nearly fail to accurately represent the physical material’s
racture behavior, the geometric assets calibrated through the RESenv
orkflow achieved comparable results in UE fracture simulation to

hose of Ansys simulations, particularly in terms of crack patterns and
stress distribution.
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Fig. 2. Comparative Visualization of Material Fracture Simulations between Default UE Fracture Settings and RESenv Material Calibration. The image showcases two sets of
material tests. On the left, a concrete fracture test based on ASTM C293; on the right, a masonry assemblage fracture test based on ASTM E519. For each material, the top panels
display the setup and results visualized using Ansys Explicit Dynamics, tailored to specific test standards and material properties. The bottom left panels show the results of the
simulations using default UE Fracture settings, while the bottom right panels illustrate the outcomes after iterative optimization via the RESenv Material Calibration Bridge. Each
pair demonstrates a significant enhancement in the fidelity of destruction simulations, particularly in crack patterns and stress distribution, through calibrated fracture settings
ompared to the default.
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Ansys Simulation The RESenv workflow is implemented in Ansys
Workbench 2024 R1, utilizing the Explicit Dynamics simulation envi-
ronment. The workflow in Ansys includes setting material properties
according to different real-world testing standards, importing test ge-
metries, defining simulation conditions, and exporting the results to
he Material Calibration Bridge.

Materials can be prepared through three channels based on different
testing standards, facilitating rapid development for developers:

1. Importing from the built-in Explicit Material library.
2. Importing from the Ansys GRANTA Material Database.
3. Creating custom materials based on tested parameters.

In the example shown in Fig. 2, the 35 MPa concrete is sourced
rom the Explicit Material library [37], while the masonry assemblage

composite material is set based on research by Parker et al. [38]. The
materials used for the support and pressure bodies are the default
Structural Steel.

Geometries are imported or created using Ansys modeling tools
ccording to specific dimensions and test requirements of the standards.
nce placed in the model, the prepared materials are assigned to
eometries and Ansys mesh segmentation is executed. Subsequent steps
nclude defining initial simulation conditions according to standards,
uch as constant support, and the velocity and direction of the pressure

body, before commencing the simulation.
After the simulation concludes, the Ansys Python Result tool is used

o export the solved simulation parameters from the solution work-
heet to the RESenv Material Calibration Bridge, enabling subsequent
ptimization and calibration of UE Fracture settings for materials.
RESenv Material Calibration Bridge The RESenv Material Cali-

ration Bridge aims to iteratively optimize the UE Fracture settings for
ifferent materials, using Ansys simulation parameters as a benchmark.
fter synchronizing the common parameters in UE with Ansys test
onditions (including gravity, friction, damping, mass, inertia tensor,
lasticity, constraints, collision detection, initial velocity, and test du-
ation), the optimization focuses on two key areas: 1. the morphology
nd density of the fractured segment groups within the UE geometries;

. the initial link stress values among the fractured segments.

4

The calibration workflow can be mathematically formalized as a
non-convex optimization problem. That is we would like to find the
ptimal value of damage threshold 𝜎 and fracturing numbers 𝑁 for
ach material. When using UE’s default random Voronoi tessellation,
e randomly a set of points {𝑥𝑖} in the interior of the object, and
enote their position under Ansys simulation 𝜙ansys(𝑡, 𝑥𝑖) as ground
ruth. We want to optimize the UE fracture simulation 𝜙UE(𝑡, 𝑥𝑖;𝑁 , 𝜎)
n the following metric:

𝐹 (𝜎 , 𝑁) = −
∑

𝑖

|

|

|

𝜙UE
(

𝑇 , 𝑥𝑖; 𝜎 , 𝑁
)

− 𝜙ansys
(

𝑇 , 𝑥𝑖
)

|

|

|

2
(1)

To optimize the parameters of the UE fracture simulation, we em-
loy a genetic algorithm that integrates Rank Selection and Two-Point
rossover with a Fitness Function and Mutation strategy. The Fitness
unction, 𝐹 (𝜎 , 𝑁), is designed to quantify the accuracy of the UE
imulation compared to the Ansys benchmark. Specifically, 𝐹 (𝜎 , 𝑁)
s defined as the negative sum of squared errors between the UE
imulation results 𝜙UE(𝑇 , 𝑥𝑖; 𝜎 , 𝑁) and the corresponding Ansys results
ansys(𝑇 , 𝑥𝑖) over a set of points {𝑥𝑖}. The objective is to maximize
(𝜎 , 𝑁), which is equivalent to minimizing the discrepancy between

he two simulations.
We utilize Rank Selection to select individuals from the popula-

ion based on their fitness. In this method, individuals are ranked
ccording to their fitness scores, and selection probabilities are assigned

proportionally to their rank, not directly to their fitness values. This
approach mitigates the issue of premature convergence by maintaining
population diversity, especially when fitness differences are minimal.
The selection probability for an individual with rank 𝑟 is given by
𝑃 (𝑟) = 2×(𝑁pop−𝑟+1)

𝑁pop×(𝑁pop+1)
, where 𝑁pop denotes the population size.

Once individuals are selected, Two-Point Crossover is applied to
generate new offspring. In this crossover strategy, two crossover points
𝑝1 and 𝑝2 are randomly selected along the gene sequences of the parent
ndividuals {𝜎1, 𝑁1} and {𝜎2, 𝑁2}. The segments of the genes between
hese points are exchanged to produce a new offspring {𝜎child, 𝑁child},

thereby allowing a robust exploration of the solution space. For a more

general case where 𝜎 and 𝑁 are vectors of parameters, the weighted
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combination can be extended as:

𝜎child
𝑖 = 𝑤𝑖 ⋅ 𝜎

1
𝑖 +

(

1 −𝑤𝑖
)

⋅ 𝜎2𝑖 , ∀𝑖 ∈ {1,… , 𝑘}
child
𝑖 = 𝑤𝑖 ⋅𝑁

1
𝑖 +

(

1 −𝑤𝑖
)

⋅𝑁2
𝑖 , ∀𝑖 ∈ {1,… , 𝑘}

where each 𝑤𝑖 is independently selected from a uniform distribution
𝑤𝑖 ∼  (0, 1). This approach ensures that the offspring values lie within
the range defined by the parent values, promoting diversity while
retaining characteristics of both parents.

To ensure sufficient genetic diversity and avoid local optima, we
incorporate a Mutation operation with a predefined low-probability
𝑃mut. The Mutation perturbs the offspring’s genes by adding a small
random value 𝛿 to both 𝜎 and 𝑁 . The perturbation 𝛿 is drawn from a
Gaussian distribution  (0, 𝜎2mut) or  (0, 𝑁2

mut), where 𝜎mut and 𝑁mut
are the standard deviations that control the magnitude of mutation.

The genetic algorithm iteratively evolves the population by evalu-
ting the fitness of each new generation, selecting the most promising

individuals, and applying crossover and mutation operations until con-
vergence criteria are met. In our experiment, we set the terminate
criteria to be The final output of this process is the set of parameters
{𝜎∗, 𝑁∗} that maximize the fitness function, thereby ensuring that the
UE fracture simulation closely aligns with the Ansys benchmark. We
use 𝑁pop = 100, 𝑃mut = 0.05, 𝐺max = 200. Algorithm 1 summarizes
he process of optimizing UE material parameters using our designed
enetic algorithm.
Algorithm 1 Genetic Algorithm for Parameter Optimization with

athematical Notation
1: Input: Population size 𝑁pop, Mutation probability 𝑃mut, Max

generations 𝐺max
2: Output: Optimized parameters (𝜎∗, 𝑁∗)
3: Initialize population 0 = {(𝜎𝑖, 𝑁𝑖)}

𝑁pop
𝑖=1

4: for 𝑔 = 1 to 𝐺max do
5: for each individual (𝜎𝑖, 𝑁𝑖) ∈ 𝑔−1 do
6: Compute fitness:

𝐹 (𝜎𝑖, 𝑁𝑖) = −
∑

𝑗

|

|

|

𝜙UE(𝑇 , 𝑥𝑗 ; 𝜎𝑖, 𝑁𝑖) − 𝜙ansys(𝑇 , 𝑥𝑗 )||
|

2

7: end for
8: Rank individuals in 𝑔−1 by 𝐹 (𝜎𝑖, 𝑁𝑖) and assign selection

probabilities 𝑃 (𝑟𝑖)
9: 𝑃 (𝑟𝑖) =

2×(𝑁pop−𝑟𝑖+1)
𝑁pop×(𝑁pop+1)

⊳ where 𝑟𝑖 is the rank of individual 𝑖
10: Select 𝑁pop individuals from 𝑔−1 based on 𝑃 (𝑟𝑖) to form the

mating pool
11: for each selected pair (𝜎1, 𝑁1) and (𝜎2, 𝑁2) do
12: Perform Two-Point Crossover:

𝜎child
𝑖 = 𝑤𝑖 ⋅ 𝜎

1
𝑖 +

(

1 −𝑤𝑖
)

⋅ 𝜎2𝑖 , ∀𝑖 ∈ {1,… , 𝑘}
𝑁child

𝑖 = 𝑤𝑖 ⋅𝑁
1
𝑖 +

(

1 −𝑤𝑖
)

⋅𝑁2
𝑖 , ∀𝑖 ∈ {1,… , 𝑘}

13: With probability 𝑃mut, apply mutation:

𝜎mut = 𝜎child + 𝛿𝜎 , 𝛿𝜎 ∼  (0, 𝜎2mut)

𝑁mut = 𝑁child + 𝛿𝑁 , 𝛿𝑁 ∼  (0, 𝑁2
mut)

14: Add (𝜎mut, 𝑁mut) to the new population 𝑔
15: end for
16: if stopping criteria are met (e.g., max𝐹 (𝜎𝑖, 𝑁𝑖) is stable or 𝑔 =

𝐺max) then
17: break
18: end if
19: end for
20: Return (𝜎∗, 𝑁∗) = ar g max

(𝜎𝑖 ,𝑁𝑖)∈𝑔

𝐹 (𝜎𝑖, 𝑁𝑖)

The RESenv Material Calibration Bridge is developed in C++ and
an be loaded as a plugin into the Unreal Engine UI. This facilitates the
5

bridging of data from Ansys and the management of the UE Fracture
aterial library. It greatly simplifies the process for developers to

customize and calibrate additional materials while avoiding the need
to install external programs and configure data interfaces.

The Material Calibration Bridge represents a crucial step towards
enabling high-fidelity simulations within the UE Destruction system,
focusing specifically on material properties. Through parameter bridg-
ing, RESenv maintains UE’s real-time interactivity and authentic visual
rendering, while incorporating the physical simulation capabilities of
Ansys.

3.2. Data preparing

This phase involves importing architectural models into the UE en-
vironment, applying fracture settings from the RESenv material library
to the architectural models and acquiring earthquake wave data from
online database.

Virtual Building Processing Due to the flexibility in model im-
portation within UE, virtual building models represented as polygonal
meshes can be acquired from various sources. For instance, they can be

anually created using modeling software like Blender, computed from
IS data in CityEngine software [39], or generated via AI methods [40].

However, to ensure that the building models can be effectively simu-
lated, the models first need to be pre-processed before being imported
into our method through UE. Initially, the size units of the models
need to be standardized. Typically, Polygon Mesh-based models do not
ave a unified scale unit like NURBS Surface models; therefore, the
odels need to be scaled to align with the cross-platform unified units.

In RESenv, the default length unit in UE5, the centimeter, is adopted.
Subsequently, once the architectural models are imported into UE, the
pre-calibrated fracture settings are retrieved from the RESenv material
library and applied to the geometries based on the materials of the
buildings. As shown in Fig. 3, we have specifically developed a material
preview visualization interface for the RESenv Material Calibration

ridge plugin to enable developers to intuitively select and fine-tune
aterials.
Earthquake Wave Data Acquisition The earthquake waveforms

used by earthquake simulation can be divided into two categories.
(1) waveforms recorded from actual earthquakes that have already
ccurred. These waveforms can be obtained from publicly available
atasets online. An earthquake event is often recorded by multiple
eismometers located at different geographical locations; by cross-
omparing and applying algorithms for noise reduction, the absolute
otion of the Earth’s surface can be authentically reproduced in simu-

ation platforms. (2) waveforms synthesized through algorithms [41,
42]. In earthquake resistance testing of buildings, researchers have
developed various methods to synthesize earthquake waveforms in
order to assess the impact of different levels and types of earthquakes
on building structures. This enables the simulation platform to carry
out unlimited iterations of earthquake tests in any conditions. Our
method primarily aims to simulate the damage sustained by urban
buildings in actual earthquakes to provide realistic datasets for AI
visual-based training; therefore, the method initially implements the
simulation of global earthquake waveforms obtained from the IRIS
online database [43]. The acquired earthquake waveform data records
three DOF of geological movement, named ‘‘BH1’’ (east–west direc-
tion), ‘‘BH2’’ (north-south direction), and ‘‘BHZ’’ (vertical direction).
We have implemented a user-friendly user interface (UI) and Python-
based automatic format conversion program in UE (Fig. 4), enabling
sers to directly obtain earthquake waveforms by clicking on the
eographical location and event occurrence time on the global map
ithout the need for complex data searches and imports. Once the user

selects the required data, the waveforms are automatically converted
into a ‘‘DataTable’’ file supported by UE.
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Fig. 3. Material Preview UI of the RESenv Calibration Bridge Plugin. The image
isplays three material examples: concrete, brick wall, and stone. Each example

showcases texture rendering previews, fracture segmentation previews, and exploded
views of fragments after applying fracture settings from the RESenv material library.

he interface allows developers to intuitively select and finely adjust parameters for
each material type.

Fig. 4. The RESenv user interface for acquiring IRIS online earthquake data. The
ser interface contains an interactive world map that can be clicked on to select the

earthquake data to be acquired. The column on the right side allows to define time
anges and earthquake levels as a filter.

3.3. Data binding with virtual terrain

In the real world, structures are anchored to the ground, responding
ynamically to forces from earthquake activities. Mimicking this, our
ethod endeavors to realistically simulate the anchor forces exerted
6

Fig. 5. Simplified Principles of Building Binding in RESenv. The algorithm developed
dentifies fragments at the base of the building geometry and their contact meshes with

the ground. A UE Physics Constraint Actor (UEPCA) is then created for each contact
mesh and bound to the virtual terrain.

on buildings during ground movements. Consequently, the RESenv
necessitates the presence of a virtual terrain within UE to serve as the
anchoring ground, binding the movements generated by the earthquake
data.

RESenv employs the UE ‘‘Physics Constraint Actor’’ (UEPCA) [44]
from the UE physics system to bind individual buildings to the virtual
terrain. This method effectively constraints linear movements and ro-
tations within the Cartesian coordinate system and allows for custom
detachment thresholds, aligning with the requirements of simulating
building-ground interactions during earthquakes.

Simplified Principles of Foundation Binding in RESenv: As Demon-
strated in Fig. 5, the foundation binding in RESenv operates on a
simplified principle. Specifically, we have developed a algorithm that
identifies the fragments at the base of the building geometry and their
contact meshes with the ground. The algorithm then creates a UEPCA
for each of these meshes and binds them to the virtual terrain. This
design offers three advantages:

1. Customizable Binding Rules: Developers can adjust the detach-
ment stress and movement constraints based on different build-
ing types, for instance, wooden or concrete structures. This
flexibility supports secondary development of constraint rules
tailored to specific architectural needs.

2. Realistic Simulation of Earthquake Effects: The design accommo-
dates the propagation of earthquake waves and the resulting
flexible deformations of the terrain, leading to non-uniform
stress changes on the building foundations, thus enhancing the
realism of the simulations.

3. Support for Three-dimensional Terrain Fluidity : The system sup-
ports the transformation of virtual terrain into a three-
dimensional fluid model. It allows for the importation of build-
ings with foundations without the need to reconfigure the bind-
ing program.

To facilitate the simulation of terrains moving akin to the Earth’s
crust during earthquake events, we have harnessed a C++ program.
This program associates the previously extracted earthquake waveform
ata — ‘‘BH1’’, ‘‘BH2’’, and ‘‘BHZ’’ — with the ‘‘X’’, ‘‘Y’’, and ‘‘Z’’ axes,

governing the terrain’s motion. Earthquake waveform data from the
IRIS database exhibits a frequency of 40 Hz, implying 40 recorded
samples every second. In our simulation, RESenv offers three distinct
frame rates in UE: 40 FPS, 90 FPS, and 240 FPS. These rates cater
to different applications, including desktop simulations, VR training,
and high frame rate sensor data synthesis. For handling the data at 90
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Fig. 6. An example showing the process of earthquake simulation by RESenv. In this example, a wall with a concrete and brick structure is pre-fractured and bound to a virtual
terrain. The data taken from the 7.4 magnitude earthquake in Oaxaca, Mexico, on 23 June 2020, recorded by the earthquake station code-named TEIG. The entire simulation
lasted 360 s. Five frames were extracted to demonstrate wall damage changes during the simulation.
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and 240 FPS rates, we employed the wavelet interpolation algorithm,
 method renowned for its ability to preserve signal details while
ncreasing the sample rate [45].

3.4. Simulation

Upon completion of the data binding, our method can be executed
in UE in Simulate In Editor (SIE) mode [46]. It is worth noting that,
unlike traditional simulation approaches, our method inherits features
from Unreal Engine, allowing all virtual assets and fractured models
to be interactive during run-time. Applications such as VR search and
rescue training and robotic dynamic obstacle avoidance will transition
from static scene training to dynamic training with time-varying prop-
erties. Fig. 6 displays an example of a complete simulation process. In
this instance, a concrete frame and a brick wall are bound to a flat
virtual ground. The earthquake data is sourced from the magnitude
7.4 earthquake in Oaxaca, Mexico, on June 23, 2020, recorded by the
seismograph station coded as TEIG. The simulation lasts 360 s and runs
at a frame rate of 40 FPS.

4. Experiment

In order to verify the efficacy of our approach, two earthquake
simulation experiments with three tasks were designed with the aim
of providing synthetic visual data for AI training. (1) Two historical
earthquake events and two laboratory experiments were reproduced
and simulated with damage to buildings with four different materials.
The similarity between real and simulated damaged buildings was
ssessed using a pre-trained Vision Transformer (ViT) model. (2) Using

GIS data, we recreated a Japanese neighborhood and then conducted
 20 random endpoints robot path planning test in the simulated post-
arthquake area based on synthetic visual data. The completion rates
f the robot’s path and the success rates of visual recognition en route
re counted.

4.1. Realistic simulation of buildings

Four real-world earthquake-induced building damage scenarios are
selected and re-created the destruction in a simulated environment
sing RESenv to compare the accuracy of our approach. Fig. 7 presents
he original references and simulation results of the four scenarios. Each
cenario simulates a building structure based on different materials.

Two were simulated on a laboratory shake table [47,48], and two were
natural earthquakes [49,50].

We obtained the building data and earthquake wave data of the two
aboratory-simulated scenarios via email correspondence. The earth-
uake wave data of the two real-world scenarios were directly obtained
7

Table 1
Similarity of the four scenarios simulated with RESenv over 100 attempts, with
the best simulation run indicated.
Scenario Brick Wood Stone Concrete

Similarity 94.80% 90.07% 92.25% 89.34%
Best Attempt 57 83 22 48

from the IRIS database through the RESenv UI system, while the two
uildings were reconstructed from multiple viewpoints using multiple
nline references. All four buildings were constructed in Blender, and
urface textures were obtained from the Quixel Megascans material
ibrary [51]. The simulation was carried out in UE 5.4 on a Razor laptop

with an RTX-3070 GPU, an AMD Ryzen 6900HX CPU, and 16 GB of
RAM as the minimal requirement. The initial UE scenario was set to
the default configuration.

To address the challenges arising from the inherent complexities of
real-world building materials and structures, such as material aging,
on-uniformity, and construction errors, we adopted a more exhaustive
pproach for similarity detection. Recognizing that a single simulation
ight not capture the full extent of potential damages, we conducted
00 random pre-fracture simulations for each building scenario to
pproximate the properties of real building materials iteratively. Fol-
owing this exhaustive pre-fracture simulation, to ascertain the simi-

larity between the simulated results and actual structural damage —
specially in the context of robotic visual recognition tasks — we

employed a verified ViT deep learning model designed for feature
similarity assessment. This model was pre-trained on the widely-used
ImageNet-21K dataset, and its efficacy has been validated in research
by Omini et al. [52]. Images of real-world damaged buildings and those
rom our simulations were independently input into the ViT model to

compute their similarity. The results, based on the highest similarity
scores achieved, are believed to best represent the capabilities of our
proposed method. This strategy not only captures the variability in
damage patterns but also underscores our approach’s robustness in
mimicking real-world scenarios despite their inherent unpredictability
and complexities. The final computational outcomes are presented in
Table 1.

The results demonstrate that the simulations for all four structures
attained a considerable degree of resemblance to real-world scenarios.
Our proposed earthquake simulation technique exhibits a robust capa-
bility to accurately replicate the damage patterns induced by actual
earthquake events in buildings. The observed discrepancies in the
outcomes could be attributed to variations in the pre-fracture random
factor setting of the 3D building materials, as compared to those of the
reference structures. Consequently, these disparities give rise to differ-
ences in the morphology and movement trajectories of the fragmented
masses within the simulation.
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Fig. 7. Earthquake simulation using RESenv for four actual scenarios. Two laboratory experiments (columns 1–2) and two actual buildings (columns 3–4) were chosen. Row 1:
The original forms of four buildings before the earthquake events. Row 2: Destruction of buildings following the earthquake events. Row 3: The 3D models are recreated based
n the actual buildings and are given textures and pre-fracture settings in RESenv. Row 4: Destruction results of four buildings after RESenv earthquake simulation.
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4.2. Scenario simulation and robotic training

To evaluate the effectiveness of RESenv in conducting earthquake
simulations within urban settings featuring clusters of buildings for
obotic training, two distinct tasks are designed. Initially, the GIS
ata from a Japanese neighborhood were obtained via OpenStreetMap
nd subsequently converted into a 3D scene utilizing CityEngine. The
cene was then imported into UE. All buildings within the scene were
utomatically anchored to the terrain using the program in RESenv,
hile the terrain was linked to earthquake data. A robot model, sourced

rom RoverRobotics R⃝, was positioned in the scene and equipped with
imulated RGB and depth camera sensors (Fig. 8.a, d, e). The robot

was assigned two tasks: (1) Utilizing a DRL model based on SLAM, as
roposed by Shuhuan et al. [53], the robot was instructed to randomly

select 20 coordinates as endpoints for path planning and obstacle
avoidance testing within the simulated environment (Fig. 8.b). The
ratio of the completed length of each path to its total length is recorded.
This test aimed to verify whether our simulation framework could
provide effective earthquake scenarios for AI path-planning methods

ith demonstrated efficacy. (2) Concurrently with Task 1, the Segment-
nything Model (SAM)(model: ViT-H) [54] was selected as the state-of-

he-art for generalized image segmentation model to collect data from
 a

8

RGB sensors for object segmentation (Fig. 8.f). Image segmentation and
its edge detection serve as the foundation for training AI models and
path-planning tasks. For each frame from the camera, we compared
the alignment of edges between the built-in UE segmentation (ground
truth), SAM-processed ground truth, and SAM segmentation (Appendix
A Fig. 9. Row 2–3). By using the Canny algorithm with edge dilation for
pixel-level alignment deviation, the segmentation score was calculated
as the proportion of overlapping edge pixels to the total edge pixels in
the UE segmentation (Appendix A Fig. 9. Row 4–6). The final success
ate for each path is derived from the average of all frames.

Upon completing the aforementioned tasks, the results (4 typical
n Table 2, full targets in Appendix B Table 3) revealed that in Task

1, pertaining to path planning, 80% of path-planning trials achieved
a 100% completion rate. When the input images have a resolution of
1550 × 1162 with a dilation kernel of 50 pixels, SAM achieved an over-
all 95% accuracy in detecting edges when compared to SAM-processed
ground truth. These results prove our simulated post-earthquake sce-
ario can furnish an effective image segmentation data source for
isual recognition, thereby facilitating the training of various visual AI
odels.
Key Findings and Unforeseen Challenges The findings indicate

hat our proposed earthquake simulation approach effectively gener-
tes realistic urban destruction scenarios for robot training. The high
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Fig. 8. Multi-building scenario earthquake simulation experiments in RESenv. Task 1 is to perform a robot path planning and obstacle avoidance test using the pre-trained DRL
SLAM to verify the effectiveness of the earthquake simulation scenario for robot training. Task 2 is to use SAM to perform image segmentation detection on synthetic data from a
RGB camera while the robot is traveling. Ultimately, the segmentation success rate will be counted. a: buildings generated in CityEngine using GIS data. A rover robot is placed in
the scenario to perform path-planning tasks based on SLAM DRL. b: A record of 20 randomly selected endpoints for the path planning task. c: simulated RGB camera view of the
original scenario in UE. d: RGB camera view of the scenario after an earthquake simulation. e: simulated depth camera view for SLAM DRL algorithm data input. f: RGB camera
view with SAM image segmentation.
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Table 2
Success rates of DRL SLAM path planning and accuracy of image segmentation edges
for 4 typical out of 20 Targets.

Tgt.
Pt.

Path
plan.

Edges Acc.

UE Segment UE + SAM

Ker. 25 Ker. 50 Ker. 25 Ker. 50

1 Complete 81.2% 91.9% 89.9% 96.0%
8 Complete 76.9% 87.3% 96.4% 99.1%
14 96.55% 78.8% 90.1% 87.9% 95.2%
20 85.80% 74.2% 86.2% 90.4% 95.5%

completion rates in Task 1 suggest that our simulation environment
is capable of providing challenging yet achievable path planning and
bstacle avoidance test scenarios for AI algorithms.

Moreover, in Task 2, we observed lower completion rates for some
paths. Upon further inspection, we attributed this not to the com-
plexity of the urban scenario itself, but to the glare from the virtual
un interfering with the simulated RGB camera used by the robot

(Appendix A Fig. 9. Path-14, Path-20), leading to visual recognition
ifficulties. This situation has been overlooked in studies using ideal

laboratory conditions and similar simulation platforms. This highlights
the importance of considering the complexity and multi-factorial nature
of real-world environments when designing and testing AI algorithms
for disaster response and recovery, rather than focusing solely on object
simulation.

5. Discussion and future work

Discussion Our study introduces an innovative earthquake simu-
lation environment, designed to generate realistic urban scenarios for

R and robot training in the context of disaster response and recovery.
sing computer vision techniques such as ViT, DRL SLAM, SAM, and
ur proposed earthquake simulation method, we have demonstrated
he effectiveness of our approach by completing three distinct tasks:

imilarity, path-finding success rate, and segmentation edge accuracy. i

9

Our results show the environment is feasible for the deployment of
downstream tasks.

This paper significantly expands upon the conference paper by
providing a detailed description and discussion of the RESenv Material
Calibration Workflow, and it refines the method for binding build-
ing foundations using the UEPCA in UE5 [8]. These enhancements
have led to further improvements in the accuracy of building fracture
simulations in RESenv.

Limitation While our work introduces pioneering advancements in
earthquake simulation, it is subject to certain limitations. Primarily, our
simulations focus mainly on the impacts of earthquakes on buildings,
abstracting more complex dynamics such as foundation flexing and
land movements. Consequently, our model may not fully capture the
eal-world nuances of how foundations degrade or shift during earth-
uake events currently. Furthermore, the parameters used to represent
uilding materials are derived from idealized configurations, which
ay not accurately reflect the diversity of building types, architectures,

nd materials influenced by varying cultural, geographical, and tech-
ological factors. Lastly, our simulation environment does not account
or variable environmental conditions such as changing lighting or
bstructive elements like smoke and dust, which could significantly
ffect the performance and behavior of AI algorithms in such scenarios.
Future Works Our future endeavors in developing RESenv are

aimed at addressing three main areas to enhance the platform’s capa-
bility and accessibility. Firstly, we plan to establish an online database
or calibrated materials used within RESenv, expanding it to include a
omprehensive range of commonly used building materials. This will
acilitate the use of RESenv by developers who are not familiar with
nsys, eliminating the need for them to perform their own material
alibrations.

Secondly, we aim to focus on improving the current static terrain
odel by developing a two-dimensional dynamic terrain that accu-

ately reflects the deformations caused by seismic waves. This advance-
ent will significantly enhance the realism and scientific accuracy of

ur earthquake simulations.
Thirdly, we intend to enrich the simulation environment in RESenv

y incorporating dynamic environmental factors such as changing light-
ng conditions, smoke, and dust. These elements will add to the realism
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Fig. 9. Comparison of image segmentation and score calculation for 4 typical paths. Row 1: Synthetic RGB camera shot. Row 2: Object image segmentation using UE5 built-in
amera post-processing material (ground truth). Row 3: Image segmentation of the RGB shot image using the SAM model. Row 4: UE segmentation edge map calculated using the
anny algorithm with edge dilation. Row 5: SAM segmentation edge map calculated using the Canny algorithm with edge dilation. Row 6: The segmentation score was calculated
s the proportion of overlapping edge pixels to the total edge pixels in the UE segmentation.
of the scenarios and are expected to improve the robustness of AI and
obotics training within these complex and variable conditions.

In the long term, we plan to extend our methodology to other types
f disasters, including floods and hurricanes. This expansion will not

only broaden the scope of RESenv’s applicability but also contribute
valuable insights into the simulation and mitigation of various natural
disasters.
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Table 3
Success rates of DRL SLAM path planning and accuracy of image segmentation edges
for 20 targets.

Tgt.
Pt.

Path
plan.

Edges Acc.

UE Segment UE + SAM

Ker. 25 Ker. 50 Ker. 25 Ker. 50

1 Complete 81.2% 91.9% 89.9% 96.0%
2 Complete 76.3% 86.7% 88.6% 93.5%
3 Complete 79.2% 89.8% 87.9% 94.2%
4 Complete 75.6% 85.9% 86.8% 92.6%
5 Complete 82.5% 92.7% 90.8% 97.5%
6 Complete 71.8% 82.4% 85.0% 91.3%
7 85.4% 70.4% 81.1% 84.7% 90.8%
8 Complete 7k6.9% 87.3% 96.4% 99.1%
9 Complete 79.9% 90.1% 89.5% 96.7%
10 Complete 81.0% 91.4% 90.6% 96.3%
11 Complete 80.2% 91.6% 90.4% 96.4%
12 Complete 81.6% 91.5% 89.9% 96.5%
13 Complete 80.7% 92.2% 90.2% 96.6%
14 96.55% 78.8% 90.1% 87.9% 95.2%
15 Complete 81.3% 91.8% 90.0% 96.8%
16 Complete 80.9% 91.7% 90.5% 96.1%
17 92.21% 72.4% 85.0% 89.3% 94.9%
18 Complete 80.6% 91.4% 89.8% 96.7%
19 Complete 80.8% 91.9% 90.7% 96.3%
20 85.80% 74.2% 86.2% 90.4% 95.5%

Appendix B

See Table 3.
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