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Exploring the Feasibility of Ray Tracing SAR
Simulation on Building Damage Assessment

Chia Yee Ho , Erick Mas , Bruno Adriano , Senior Member, IEEE, and Shunichi Koshimura

Abstract—Synthetic aperture radar (SAR) imagery is indis-
pensable for acquiring a comprehensive, large-scale topographical
perspective of the Earth’s surface, facilitating the evaluation of
diverse scenarios spanning various events. However, integrating
SAR imagery with ground truth data poses a formidable challenge,
primarily due to the complex interactions of electromagnetic radar
waves with the intricate features of the surface, characterized by
multiple scatterings. This study seeks to bridge these disparities
between authentic SAR and simulated by applying ray tracing SAR
simulations within a meticulously controlled environment. Our in-
vestigation into SAR simulation focuses on evaluating the accuracy,
precision, and reliability of theoretical models in representing sur-
face features. Through ray tracing SAR simulations, we aim to un-
derstand better the complex interactions of electromagnetic radar
waves with surface features, ultimately advancing our ability to
interpret SAR imagery in diverse scenarios. The research findings
indicate a robust correlation between the physical parameters of the
surface and the backscattering levels observed in SAR simulations,
underscoring the critical dependence of simulation accuracy on
the granularity of the 3-D models employed. Moreover, this study
delves into the consistency of modeling approaches in accurately
replicating the assessment of building damage in postdisaster con-
texts, providing insights into the potential enhancements in disaster
management and response strategies. The implications of these
findings not only advance the understanding of SAR simulation
fidelity but also pave the way for significant improvements in
the application of SAR technology for disaster assessment and
environmental monitoring.

Index Terms—Building damage detection, disaster resilience,
synthetic aperture radar (SAR) simulation, similarity assessment,
simulated SAR.

I. INTRODUCTION

THE expeditious and precise assessment of building dam-
age following disasters is of paramount importance for
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effective response and rehabilitation efforts. In this context,
synthetic aperture radar (SAR) technology emerges as a pivotal
tool, owing to its unparalleled capability to delineate surface
features under a wide array of conditions, encompassing in-
clement weather and nocturnal environments. The utility of
high-resolution SAR systems, exemplified by platforms, such
as ICEYE, Capella Space, and TerraSAR-X, which operate at
the X-band frequency (approximately 31 mm), is particularly
pronounced in the domain of building damage assessment. The
high spatial resolution characteristic of X-band SAR systems
is indispensable for the meticulous identification and evaluation
of damage to individual structures, as substantiated by the liter-
ature [1], [2]. In addition, the versatility of SAR sensors across
varying wavelengths underscores their significance in a diverse
spectrum of applications, including but not limited to flood mon-
itoring [3], deforestation analysis [4], sea ice observation [5],
forest mapping [6], and oil spill detection [7].

In the realm of disaster assessment, methodologies, such
as change detection leveraging pre- and postdisaster SAR im-
agery [8], [9], [10], alterations in back-scattering intensities [11],
and the analysis of damaged building layovers [12] have been
employed to ascertain the extent of damage. Nevertheless, the
efficacy of these methodologies is contingent upon the availabil-
ity of SAR datasets and the spatial resolution of the imagery.
High-resolution SAR imagery is critical for urban and infras-
tructure monitoring, enabling the detection of minor structural
changes [13]. However, the acquisition of high-resolution SAR
datasets is frequently hampered by issues of availability and
financial cost [14]. Despite its inherent advantages, the interpre-
tation of SAR imagery, particularly in the aftermath of disasters,
is compounded by the presence of debris, structural damage, and
varied surface textures, which contribute to speckle noise [15]. It
is within this context that SAR simulation gains prominence as
a crucial intermediary between theoretical insights and practical
application, especially in disaster assessment scenarios.

SAR simulation represents a computational endeavor aimed
at producing synthetic radar images that endeavor to mirror the
attributes of authentic images captured by SAR systems [16].
This process entails detailed modeling of electromagnetic radar
signal interactions with terrestrial objects, taking into account
parameters, such as frequency, polarization, and surface char-
acteristics. Despite the potential of SAR simulation as a tool
of significant utility, its practical deployment is hindered by
several challenges. These include the simplified reflection mod-
els inherent in SAR simulators and the modeling of surface
parameters, which often fail to comprehensively capture the
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complex interplay between radar signals and terrestrial objects.
Such limitations manifest in a tangible disparity between simu-
lated and authentic SAR imagery. Moreover, the level of detail
(LOD) utilized in SAR simulations plays a critical role [17],
[18]. Simulated SAR data may not replicate fine details or
complex structures with the same fidelity as authentic data,
further exacerbating these disparities [19].

While existing studies have broached the feasibility of SAR
simulation, the present research endeavors to provide a holistic
examination of these limitations [20], [21]. Our objective is
to elucidate the discrepancies between simulated and authentic
SAR data, particularly in the context of real-world scenarios,
and to augment the practical utility of simulated SAR data in
disaster damage assessment. We aim to investigate the factors
that influence the congruence between synthetic and authentic
SAR data, including combinations of surface parameters, the
LOD, and performance assessments in various damaged build-
ing contexts.

The rest of this article is organized as follows. Section II
delineates related works in the field. Section III describes the
data employed in this study. Section IV expounds upon the
methodologies adopted. Section V presents experiments related
to surface parameters and the granularity of the 3-D model.
Section VI is dedicated to the application of SAR simulation
in disaster scenarios. Finally, Section VII concludes this article.

II. RELATED WORK

A. Overview

The domain of building damage mapping via remote sens-
ing imagery has garnered substantial attention, particularly
the advantages leveraged through SAR compared to optical
satellite imagery. The unique attributes of SAR, including its
side-looking geometry, capability to operate under any weather
conditions, and distinct scattering mechanisms, render it an
invaluable resource for real-time and postevent analysis in
disaster-stricken regions [22], [23], [24]. The efficacy of damage
detection and mapping critically depends on the quality and
availability of SAR datasets, with an emphasis on acquiring
consistent pre- and postdisaster imagery—a prerequisite often
hampered by logistical and technical constraints.

The granularity of damage assessment is significantly com-
promised when employing low-resolution SAR data, under-
lining the necessity for high-resolution datasets, particularly
within the X-band frequency range, to discern and accurately
assess building damage [25]. However, the procurement of such
datasets is frequently challenged by the limited availability of
advanced high-resolution SAR satellites and the inherent delays
in data capture attributable to their orbital dynamics, alongside
the scarcity of high-resolution data [26].

Amid these challenges, SAR simulation has emerged as
a pivotal research avenue, offering a pathway to synthesize
high-fidelity datasets. SAR simulators are broadly classified
into image simulators, producing processed imagery, and raw
signal simulators, offering unprocessed SAR signals. Tools,
such as ray tracing-based SAR simulator model (RaySAR) [17],
CohRaS [27], SARsim [28], and SARViz [29], exemplify the

advancements in SAR simulation technology, finding applica-
tions in disaster assessment and damage detection [30], [31],
[32].

This investigation seeks to advance the application of simu-
lated SAR imagery to enhance machine learning-based damage
mapping techniques. Despite the promising outlook of synthetic
SAR data in addressing the data scarcity dilemma, the transition
to practical application is impeded by the simplified reflection
models and the simulation of surface interactions, which fall
short of capturing the complex dynamics between radar signals
and terrestrial objects [14], [33], [34].

While machine learning techniques like cGANs can generate
synthetic SAR images, but SAR simulators offer more control
over the physics of radar-surface interactions. This control leads
to more realistic SAR images [22], [33], [35], [36], [37]

B. Three-Dimensional Modeling

Accurate 3-D modeling is crucial in SAR simulation, espe-
cially in urban environments [38], [39], [40], where detailed
building models are indispensable. Detailed building models
are commonly created through the photogrammetric analysis
of aerial imagery or data obtained from airborne light detection
and ranging (LiDAR) systems. Using a 2.5-D view-dependent
representation, as described by [41], enables the generation of
models featuring shaped roofs and vertical walls, resulting in
a dense triangle mesh. Automated LiDAR-generated models
do not contain explicit representation 3-D shaped and may
fall short of computer-aided design models, usually containing
inconsistencies and errors. For instance, Auer [42] work on
the 3-D model of Berlin central station involved a photogram-
metric approach followed by software postprocessing. While
photogrammetric methods may lack the detail required for very
high-resolution SAR, it is imperative to include features, such
as windows, balconies, and other facade details in simulations
to match real radar signals accurately. Despite the emphasis on
the importance of 3-D modeling in numerous papers, a compre-
hensive qualitative measure for assessing model detail levels is
yet to be established. Furthermore, rendering high-detail models
in simulations demands extended processing time and increased
memory resources, especially when managing intricate details.

Our study aims to identify feasible minimum detail-level
requirements in SAR simulations. While generating a single
high-detail model is straightforward, the challenge intensifies
when simulating a comprehensive SAR scene. Authentic SAR
systems face a resolution limit determined by their wavelength,
constrained by diffraction. SAR struggles to distinguish objects
smaller than half of their wavelength in reality. It is noteworthy
that RaySAR, with an infinite resolution cell, might simulate
facade details beyond what authentic SAR captures. Hence,
defining the limit of high-detail 3-D models in SAR simulation
becomes crucial.

C. Surface Parameter Challenges

While surface parameters are crucial for accurate signal mod-
eling in SAR simulations, determining them precisely remains
a challenge. Existing methods, such as the Fresnel reflection
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model explored by [42], [43], provide a general approximation,
but achieving optimal settings for reflection coefficients and sig-
nal absorption remains a challenging aspect. Surface parameters
are crucial for both radar signal interaction and SAR image
quality. Accurate specification of these parameters becomes
paramount for signal precision. However, simulating diffuse
reflection introduces challenges, primarily due to the Lambertian
backscattering assumption [42]. This assumption offers a coarse
approximation, making adjustments to reflection coefficients
and signal absorption settings intricate. Despite these challenges,
adhering to the geometric considerations outlined by [42] for
both specular and diffuse reflections remains essential for en-
hancing the accuracy of radar signal simulations.

D. Disaster Application

In the domain of disaster applications, Yu and Takeuchi [44]
conducted an in-depth analysis of SAR backscattered inten-
sity characteristics, specifically interpreting SAR images of
earthquake-damaged buildings. Their study employed a canoni-
cal target known as Sandia Laboratory Implementation of Cylin-
ders (SLICY) and a collapsed building model for simulations,
contributing to the understanding and estimation of building
damage resulting from earthquake events. However, limitations
of these simplified 3-D models hinder the capture of real-world
details, especially in simulations of complex damage scenarios,
such as earthquake-induced building collapses. Existing meth-
ods for simulating damaged buildings in SAR simulation suffer
from two limitations. For example, the damaged state models
generated through the WallStat program1 fall short of accurately
representing the damaged state of houses, potentially due to
insufficient facade detail in low-polygon models or software
optimization issues. In addition, the current simulation methods
struggle to accurately depict these complex damage scenarios,
such as those caused by earthquakes. Walls are often depicted as
crumbling in entire sections, failing to capture the finer details
of how individual pieces might move during a collapse.

Expanding the scope of SAR simulation applications in an-
alyzing damaged buildings, the authors in [20], [31], and [32]
conducted studies that employed the CohRas SAR simulator
and TerraSAR-X postevent data. Kuny et al. [31] focused on
examining signatures of various types of building damage for
damage type classification. In [32], the emphasis shifted to
differentiating SAR signatures of debris and high vegetation,
while Kuny et al. [20] distinguished debris from patterns like
vegetation and gravel in TerraSAR-X postevent data. Although
these applications effectively address damaged indicators like
debris, their reliance on generalized 3-D models, particularly for
high-rise buildings, raises concerns about the lack of diversity in
extracted damage signatures, potentially leading to inadequate
results and false positives.

In contrast, our approach addresses this gap by incorporat-
ing various 3-D models, specifically tailored for residential
buildings and aligned with the European Macroseismic Scale
(EMS-98) damage classification. This comprehensive approach

1https://www.rish.kyoto-u.ac.jp/ nakagawa/

enables a thorough building damage assessment across cate-
gories from no damage to destruction. Beyond damage classifi-
cation, our focus extends to distinguishing signatures between
multiclass damage, enhancing the practicality of real-world ap-
plications. Theoretical simulations for EMS-98 buildings form
the basis for discerning distinct signatures, laying a foundation
for future reference.

III. DATA

This section provides an overview of the data utilized, includ-
ing the study area, LiDAR data for creating the 3-D model, and
SAR imagery. The subsequent details elaborate on each dataset’s
relevance and significance.

A. Region of Interest

The study areas encompass the Onagawa nuclear power plant
situated in Onagawa, Oshika District, and Ishinomaki City,
Miyagi Prefecture, Japan, depicted in Fig. 1. Notably, despite its
proximity to the earthquake epicenter, the International Atomic
Energy Agency inspection in 2012 reported remarkably undam-
aged structural elements of the nuclear power station [45]. This
observation holds significance considering the magnitude of
ground motion experienced during the earthquake [46].

The specific selection of the Onagawa nuclear power plant
as our study area is deliberate and driven by distinct factors.
This region is characterized by the availability of high-resolution
SAR (spotlight mode) with a wavelength of 3.1 cm, aligning with
our research objectives. Leveraging the highest resolution SAR
facilitates the exploration of two pivotal aspects: 1) compre-
hending the disparities between simulated and authentic SAR,
delving into the intricacies of surface parameter representation
in the real world, and 2) establishing minimum requirements for
the LOD of 3-D models in SAR simulation.

B. TerraSAR-X Data

The experiments conducted in this study utilize TerraSAR-X
imagery in Spotlight mode data obtained from Miyagi Prefec-
ture, as depicted in Fig. 1(b). The TerraSAR-X dataset serves
as the ground truth for our comparative analysis. Ensuring
precise imaging geometries in generating simulated SAR data
is essential for accurate comparisons and assessments.

Imaging geometry in SAR refers to the specific geometric
parameters and characteristics of the radar imaging process.
These parameters encompass information, such as the sensor
position, the scene center, and the incidence angle at which the
radar beam intersects the surface. The accuracy and quality of
the simulated SAR images directly hinge on these parameters.

The TerraSAR-X data, provided as an enhanced ellipsoid cor-
rected product, undergoes several processing steps. Calibration
is performed, incorporating a Geocoded incidence angle mask.
In addition, a Lee speckle filter with a 7×7 window size is
applied to reduce noise. The final image is transformed into
a sigma-naught imagery, ranging from −35 to 5 dB.

To further categorize ground surfaces and buildings within
the study area (Onagawa nuclear power plant), we conducted

https://www.rish.kyoto-u.ac.jp/protect unhbox voidb@x penalty @M  {}nakagawa/
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Fig. 1. Study area. (a) Optical Satellite Image capturing visual characteristics. (b) TerraSAR-X Image for SAR observations. (c) LiDAR view providing detailed
topographical insights.

TABLE I
IMAGING GEOMETRIES OF THE TERRASAR-X SPOTLIGHT MODE

a classification into building and ground surface classes. The
primary objective is to identify unique surface parameter com-
binations for each category, contributing to a comprehensive
understanding of the features within the study area.

To accurately simulate the sensor orientation in a SAR scene,
we estimated the sensor orientation between the scene center and
the sensor position using TerraSAR-X parameters, including the
sensor’sX ,Y , andZ positions, and the incidence angle. This ap-
proach ensures the precise simulation of the sensor orientation,
facilitating the generation of SAR images that closely resemble
authentic SAR data. Such accuracy is crucial for obtaining
reliable results across various applications.

Table I presents the satellite specifications of TerraSAR-X
used in our simulations.

C. LiDAR Data

The LiDAR point cloud, showcased in Fig. 1(c), features a
pulse rate of 70 kHz, a scan rate of 38 Hz, and a density of 0.3 cm.
The digital elevation model (DEM) with a ground sampling
distance of 1 m is sourced from the Geospatial Information
Authority of Japan (GSI). To facilitate compatibility and interop-
erability with different lidar processing tools, the LiDAR point
cloud, initially presented in ASCII gridded XYZ coordinates,

undergoes processing using environment for visualizing images
(ENVI LiDAR). This processing step aims to convert the data
into the widely adopted LAS format. For further details, refer to
the Geospatial Information Authority of Japan’s website.2

IV. METHODS

In this study, we employ a comprehensive methodology. Ini-
tially, LiDAR data undergo preprocessing to generate a DEM.
Utilizing a modified DSM derived from LiDAR as input, we sim-
ulate SAR images using a RaySAR. Subsequently, we compare
the simulated SAR images with authentic SAR data to assess
any disparities.

In the subsequent phases, we explore the following three key
aspects:

1) complexities of surface parameters;
2) minimum requirements of LOD;
3) SAR simulation for damaged buildings.
The framework is visually represented in Fig. 2.

A. RaySAR

RaySAR, a 3-D SAR simulator [17], utilized the open-source
ray tracer POV-Ray to analyze signatures in azimuth, range,
and elevation within the SAR imaging geometry. Tailored for
urban environment simulations, RaySAR utilizes orthographic
projection in azimuth and elevation for the SAR system, along
with a signal source emitting parallel light. RaySAR can sim-
ulate an ideal SAR system with infinite resolution in azimuth,
range, and elevation, allowing the separation of scatterers con-
tributing signals to the same SAR image pixel in elevation.
It takes a 3-D model and a contributions file as input, where
the contributions file contains crucial details, including azimuth
coordinates, range coordinates, intensity, bounce level, inci-
dence angle, range geometry (slant range or ground range), and

2https://fgd.gsi.go.jp/download/ref_dem.html

https://fgd.gsi.go.jp/download/ref_dem.html
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Fig. 2. Methodology overview—A graphical representation of the multistep methodology employed in this study.

angle. These parameters collectively contribute to the generation
of simulated SAR images.

B. Surface Parameter Optimization

In SAR simulation, surface parameters are important for
accurately capturing authentic SAR characteristics. These pa-
rameters, including correlation length, permittivity, and object
geometry, influence the strength of radar signals backscattered
to the SAR sensor. They define the characteristics of the mod-
eled surface and govern radar wave interactions. However, the
sensitivity of 3-D models to surface parameter choices is a
crucial consideration. Simulated SAR images may potentially
miss or underestimate signatures visible in authentic SAR data,
presenting a worst-case scenario. A notable challenge lies in
selecting appropriate coefficients for simulating urban objects.
The following provides concise descriptions of each surface
parameter.

1) Reflection: This parameter represents the amount of radar
energy reflected by the surface. It determines the overall
brightness or intensity of the SAR image pixel correspond-
ing to the surface.

2) Diffuse: The diffuse coefficient describes the scattering
behavior of the surface. It accounts for the random scat-
tering of radar waves in different directions, contributing
to the overall backscattered signal.

3) Specular: The specular coefficient represents the specular
reflection of radar waves from a smooth surface. It ac-
counts for radar energy’s focused or directed reflection in
a specific direction, creating bright spots or highlights in
the SAR image.

4) Roughness: The roughness coefficient characterizes the
surface roughness or texture. It accounts for the variations
in height or irregularities on the surface, which affect the
scattering behavior and intensity of the backscattered radar
signal.

Fig. 3 illustrates how adjusting surface parameters such as
reflection, diffuse, and specular influences the visual character-
istics of the simulated SAR images. These visual distinctions

Fig. 3. Effect of varying surface parameters on simulated image appearance on
ground surface only: R = Reflection, D = Diffuse, S = Specular. (a) 3-D model
of Onagawa power plant. (b) Simulated image with only reflection components
(R: 1.0, D: 0.0, S: 0.0). (c) Simulated image with only diffuse components (R:
0.0, D: 1.0, S: 0.0). (d) Simulated image with only specular components (R: 0.0,
D: 0.0, S: 1.0). Heading angle = 188.94◦, look angle = 68.68◦.

in SAR imagery are essential for interpreting the influence
of surface parameters. For example, (a) demonstrates the 3-D
model used for SAR simulation, (b) demonstrates a total black
image with reflection, diffuse, and specular values set to 0.0. In
(c), changing only the diffuse value to 1.0 (maximum) results in
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TABLE II
DEFINITION OF SURFACE PARAMETERS FOR ANGULAR-DEPENDENT DIFFUSE SIGNAL REFLECTION FROM BARE SOIL

a slightly brighter overall image. Meanwhile, (d) presents a very
bright image by setting specular to 1.0, while the other values
remain at 0.0.

The simulated image highlights the significant impact of
surface parameters. The variations in reflection, diffuse, and
specular properties, as well as roughness, showcase the influence
of these parameters on the appearance of SAR imagery.

Table II, as summarized in [42], provides recommended
settings for surface parameters in the RaySAR model. These
settings, derived from bare soil examples relevant to radar sig-
nal interactions, include values for surface standard deviation,
correlation length, and roughness factor.

Compared to the recommended settings from Table II, our
approach takes an alternate direction by employing a systematic
analysis to derive optimal surface parameters for radar signal
interactions, notably without relying on explicit permittivity
information. In contrast to methods explicitly considering per-
mittivity, our approach emphasizes efficiency and simplicity. We
comprehensively explore the parameter space through exhaus-
tive comparisons across all possible surface parameter combi-
nations, allowing for effective differentiation between building
and ground surfaces. The experiment to evaluate suitable surface
parameters is detailed in Section V-A.

C. Three-Dimensional Modeling

In SAR simulation, the quality of simulated SAR images
relies on the precision of the 3-D modeling process, with the
Onagawa nuclear power plant model (Fig. 3 (ai) serving as
the foundation, accurately representing Earth’s surface features,
enabling detailed analysis of radar signal interactions and the
generation of backscattered signals that closely resemble authen-
tic SAR data. We used LiDAR point cloud data to construct the
DSM, forming the basis for the 3-D model within the RaySAR
framework. The complexity of a 3-D model is expressed in terms
of vertices, faces, and triangles as quantitative measures of a
3-D model’s intricacy and LOD. The different viewing angles
of LOD models are shown in Fig. 4, and the complexity of each
LOD is summarized in Table III.

1) DSM model: A digital surface model (DSM) is a top-down
2-D representation of a 3-D scene presented as an image,
where each pixel encodes both geographical coordinates
and the elevation at that specific point. In our method,
we generate the DSM model using a point cloud derived
directly from a 3-D scene processed with ENVI LiDAR.
The resulting DSM comprehensively captures the heights
of all surface features, including buildings, vegetation,
and other structures. This DSM serves as the foundational

TABLE III
COMPLEXITY OF DIFFERENT LOD IN 3-D MODELS OF DSM, LOD1,

LOD2, LOD3

element for our assessment, providing crucial elevation
information for detailed comparisons.

2) LOD1 model: The emphasis is on conceptual modeling
in its most primitive state. The building is portrayed with
rough sizing and a basic layout. To achieve this, we utilized
a model from the Sketchup 3-D Warehouse.3 This LOD1
model provides a preliminary and rudimentary represen-
tation of the nuclear power plant.

3) LOD2 model: It represents an approximation of geometry.
The model is crafted from scratch using Blender [47],
with the scale ratio determined from orthographic pho-
tos obtained during the survey and aerial imagery from
Google Image Satellite. This LOD encompasses both the
traditional schematic design and preliminary high-level
coordination.

4) LOD3 model: This model represents precise geometry,
including specific elements, objects, or assemblies that are
accurate in quantity, size, shape, location, and orientation.
It encompasses all structural elements and basic architec-
tural features, such as air conditioners, building frames,
and bars. Utilizing blender, we built upon the LOD2
model to incorporate additional detailed facades. To en-
sure accuracy, high-resolution Google Earth images were
used as references for proportions, and shadow lengths
were analyzed for height estimation, validated against the
DSM model. The facades were meticulously crafted with
specific elements to enhance accuracy.

D. Similarity Evaluation Metrics

To verify the similarity between authentic and simulated SAR,
particularly for images with subtle feature differences, metrics,
such as peak signal-to-noise ratio (PSNR) and the structural
similarity index (SSIM) [48] are commonly applied. These are
also used to quantify the quality of the image reconstruction

3https://embed-3dwarehouse.sketchup.com/model/
ba6d15b469d01d3bc75d8a569ec40cc0Onagawa-Nuclear-Power-Plant

https://embed-3dwarehouse.sketchup.com/model/ba6d15b469d01d3bc75d8a569ec40cc0Onagawa-Nuclear-Power-Plant
https://embed-3dwarehouse.sketchup.com/model/ba6d15b469d01d3bc75d8a569ec40cc0Onagawa-Nuclear-Power-Plant
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Fig. 4. Illustration of 3-D model of Onagawa nuclear power plant. (a) Front view. (b) Side view. (c) Zoomed-in view.

and lossy compression and are effective for evaluating broad
structures.

1) Peak Signal-to-Noise Ratio: PSNR is a widely used metric
for assessing the quality of reconstructed or simulated images
compared to the original or reference images [49]. It quantifies
the ratio of the maximum signal power to the power of the noise
present in the image. Higher PSNR values indicate a stronger
similarity between the simulated SAR images and the authentic
SAR data.

The PSNR is calculated using the formula

PSNR = 10 log10

(
MAX2

MSE

)
(1)

where MAX is the maximum possible pixel value (usually 255
for 8-b images) and MSE is the mean squared error between the
reconstructed or simulated image and the reference image.

2) Mean Squared Error: mean square error (MSE) measures
the average squared difference between corresponding pixel
values in two images (original and reconstructed). It is an
absolute error metric that directly quantifies the magnitude of
differences between pixel values. Lower MSE values indicate

better similarity, with a value of 0 indicating perfect similarity

MSE =
1

N

N∑
i=1

(Ii − Îi)
2 (2)

where MSE is the mean squared error,N is the number of pixels,
Ii is the intensity of pixel i in the original image, and Îi is the
intensity of pixel i in the reconstructed image.

3) Structural Similarity Index: The SSIM is a metric that
evaluates the structural similarity between two images, con-
sidering aspects, such as luminance, contrast, and structural
information [50]. SSIM is valuable for assessing the similar-
ity between simulated and authentic SAR images, surpassing
simple pixel-wise comparisons. By capturing relationships and
patterns in the images, SSIM provides insights into how well
simulated SAR images replicate the visual characteristics and
overall structure of authentic SAR data [50].

The SSIM is calculated using the formula

SSIM(x, y) =
(2μxμy + C1)(2σxy + C2)

(μ2
x + μ2

y + C1)(σ2
x + σ2

y + C2)
(3)

where x and y are the input images being compared, μx and μy

are the means ofx and y, respectively, σx andσy are the standard
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deviations ofx and y, respectively,σxy is the covariance between
x and y, and C1 and C2 are small constants to prevent division
by zero.

We utilized normalized scores in our image similarity analysis
to derive similarity scores from the three metrics: PSNR, MSE,
and SSIM. Each metric was normalized independently across
the entire dataset. The summation score (SUM) in (7), derived
from summation with equal weights from (1) to (3) to derive
the normalized value of PSNR, MSE, and PSNR [see (4)–(6)]
from each evaluation metric, is used to quantify overall image
similarity. The correlation coefficient formula, often denoted as
ρ, is given by (8)

‖PSNR‖ =
PSNR − PSNRmin

PSNRmax − PSNRmin
(4)

‖MSE‖ = 1− MSE − MSEmin

MSEmax − MSEmin
(5)

‖SSIM‖ =
SSIM + 1

2
(6)

σ = ‖MSE‖+ ‖PSNR‖+ ‖SSIM‖ (7)

ρ =
cov(X,Y)

σXσY
(8)

where X represents the pixel values of the authentic SAR image
and Y represents the pixel values of the simulated image. The
correlation coefficient (ρ) measures the strength and direction
of a linear relationship between these two variables. In addition,
cov(X,Y) denotes the covariance between the pixel values of
the X and the Y, while σX and σY represent the standard
deviations of the pixel values, respectively.

V. EXPERIMENTS AND RESULTS

In this section, we explore several factors that influence the
quality of simulated SAR images. Our focus areas include the
following:

1) surface parameter combinations;
2) the necessity for detailed 3-D models in simulated SAR

images;
3) evaluating SAR simulation performance in different dam-

aged building scenarios.
We use PSNR, MSE, and SSIM to evaluate the similarity

between authentic and simulated SAR images.

A. Similarity Evaluation

In our process of evaluating similarity in SAR simulation,
we initiate the alignment of authentic SAR images with their
simulated counterparts. This alignment is achieved through the
employment of the affine transformation technique and ground
control points within the quantum geographic information sys-
tem software [51]. Initially, the evaluation focuses solely on
PSNR [see (1)], a metric that sheds light on pixel-level differ-
ences, offering a straightforward measure of overall pixel inten-
sity changes. PSNR serves as a foundational metric, quantifying
the overall fidelity of images by assessing intensity variations
between corresponding pixels.

Our systematic analysis explores the influence of surface
parameters on simulated SAR imagery, generating images with
diverse parameter combinations, including roughness, reflec-
tion, specular, and diffuse settings. Notably, lower roughness
values, particularly those close to 0, consistently yield higher
PSNR scores for both building and ground surfaces.

In the context of SAR simulation, roughness characterizes
surface irregularities. However, the impact of roughness on
pixel-level changes may be less significant compared to other
surface parameters, such as reflection, diffuse, and specular
settings. Systematic analysis reveals that variations in roughness
values exert a relatively smaller influence on simulated images.
Lower roughness values, approaching 0, may not result in sub-
stantial pixel-level changes.

To identify and understand the primary factors influencing
simulated SAR imagery, we emphasize parameters with a more
pronounced effect. Reflection, diffuse, and specular settings
emerge as dominant factors in pixel-level changes, making them
crucial for evaluation. Consequently, our further exploration
concentrates on reflection, specular, and diffuse parameters,
spanning from 0.0 to 1.0 in increments of 0.1, resulting in a
possible combination of 113 (1331 images).

To enhance the evaluation process, we incorporate SSIM in
equation, which considers changes in brightness, contrast, and
structure. SSIM is deemed a more robust measure of image
quality. In summary, while PSNR and MSE provide fundamental
insights, the comprehensive evaluation includes SSIM, ensuring
a balanced assessment of both technical accuracy and perceptual
quality in simulated SAR imagery.

The SUM value, representing the SUM of the three evaluation
metrics, is calculated for each possible image through systematic
analysis. Fig. 5 visualizes the results in line plots for both ground
surface and building, revealing distinct trends. These trends
become evident when examining the median sum values across
three surface parameters—reflection, diffuse, and specular.

The detailed observations are listed as follows.
1) Reflection: Both ground surfaces and buildings exhibit

minimal variation, suggesting an insignificant impact of
reflection.

2) Diffuse: Both buildings and ground surfaces demonstrate
an ascending trend, indicating that higher specular contri-
butions correspond to higher similarity scores.

3) Specular: Buildings and ground surfaces manifest a sim-
ilar pattern to the diffuse surface parameter, where higher
surface parameter values correspond.

In comparison to the suggested parameters detailed in Table II,
our approach recognizes the inherent challenges in defining
surface parameters based on object, roughness, and geome-
try. While our systematic method effectively distinguishes be-
tween building and ground surface scenarios, it is essential to
acknowledge the absence of a clear guideline for consistent
parameter selection, as proposed in the referenced method. The
parameters we have chosen align with the targeted distinctions
in surface characteristics, emphasizing the importance of con-
sidering context and validation against real-world observations
for accurate simulation. Notably, our method does not explicitly
incorporate considerations related to material properties.
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Fig. 5. Normalized median values of the SUM variable across various surface
parameters. (a) Median normalized values of the surface parameter reflection.
(b) Median normalized values of the surface parameter diffuse. (c) Median
normalized values of the surface parameter specular.

TABLE IV
OPTIMIZED SURFACE PARAMETER COMBINATIONS FOR GROUND

SURFACE AND BUILDING

B. Influence of Detailed 3-D Model

In SAR simulation, achieving accurate 3-D model represen-
tation is crucial, and different levels of detail (LODs) play a
pivotal role in this process [52]. Our study investigates DSM,
LOD1, LOD2, and LOD3, highlighting their significance in 3-D
modeling. Integrating these LODs with surface parameters (see
Table IV), Fig. 6 visually presents the simulated SAR imagery.

The findings illustrated in Fig. 6(ii) show distinct character-
istics of each model. DSM (a)-(ii) demonstrates layover and
backscattering, a result of the triangulated building structure.
LOD1 (b)-(ii) depicts a pitch-black building without facade de-
tails. LOD2 (c)-(ii) shows slight shadowing but lacks intricate fa-
cade features. LOD3 (d)-(ii) shows high backscatter, especially
from the antenna structure, along with a pronounced layover
effect attributed to features like facades. Figs. 6(a)-(iii)–(d)-(iii)
further emphasize the importance of overlaying building edges
on simulated images for visual validation and verification of
simulation results.

Our focus narrows to the green dot in the cross-sectional
profile analysis (see Fig. 7), ranging from 40 to 100, providing
insights into the primary building structure. The corresponding

Fig. 6. Simulation results illustrating varied detail levels. (a) DSM model.
(b) LOD1. (c) LOD2. (d) LOD3. Insets. (i) 3-D models, (ii) Simulated SAR
image, (iii) Simulated SAR image overlayed with building edges.

cross-correlation coefficients are presented in Fig. 7(a), where
LOD3 stands out with the highest correlation value of 0.657
with the authentic SAR signal. In contrast, LOD1 exhibits the
lowest correlation of 0.583, while DSM has a correlation value
of 0.637, and LOD2 falls in between with a value of 0.612.

Fig. 7(b) focuses on a single row (y = 40) for a more detailed
cross-sectional profile analysis, chosen for its inclusion of the
building section and layover zone. In scenarios involving layover
(indicated by the blue dot: C,D), DSM and LOD3 show slight
correlations, suggesting closer matches between simulated and
authentic SAR signals, possibly due to facades contributing to
layover effects.

While LOD3 profiles demonstrate a noteworthy alignment
with authentic SAR signals, particularly in building scenarios,
the analysis suggests prioritizing LOD3 in SAR simulations to
enhance fidelity and minimize mismatches. Importantly, consid-
ering practical factors, such as computational efficiency and time
constraints, LOD3 proves to contain the minimum necessary
facades—essentially capturing the essential building structure.
This minimalistic representation, while falling short of perfec-
tion compared to the actual building with more facades, offers
a practical compromise. The achievable similarity score with
LOD3, coupled with its computational efficiency, makes it a
viable choice for applications where a balance between accuracy
and resource efficiency is crucial.
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Fig. 7. (a) Simulated SAR scenes with different LODs, featuring layover zones (blue dot: C, D), cross-section lines (red lines), and main building (green dot: A,
B). (b) Normalized pixel profiles along cross-section y = 40 in the full scene, including Authentic SAR, DSM, LOD1, LOD2, and LOD3. The red line denotes
the cross-section line, and the blue line represents the corresponding layover zone.

VI. SAR SIMULATION FOR DAMAGED BUILDINGS

SAR simulation presents distinct advantages over traditional
optical satellite imagery when assessing damaged buildings.
SAR imagery serves as supplementary data for interpreting
building damage scenarios, relying on the backscattering phe-
nomenon and layover extent. Unlike optical imagery, SAR
images reveal persistent scattering patterns in intact buildings,
while damaged structures exhibit alterations in backscattering
or changes in layover extent, serving as detection indicators.
To effectively utilize simulated SAR imagery for assessing
damaged buildings in real-world scenarios, it is essential to
discern the unique scattering patterns associated with intact and
damaged structures. However, real-world SAR data is limited,
with buildings often appearing small in SAR imagery, and
high-resolution SAR imagery is scarce. Looking ahead, we plan
to leverage pairs of SAR imagery captured before and after an
event. By generating simulated SAR imagery for the pre-event
scenario, we aim to evaluate its effectiveness in representing the
pre-event condition for change detection in damaged buildings.
Furthermore, we propose generating simulated SAR imagery
based on 3-D models of damaged buildings to replicate unique
backscattering features from various damaged structures. This
approach involves training a model to recognize the distinct
scattering properties of damaged indicators, such as components
affected by damage on buildings.

This section offers a comprehensive overview of the suitabil-
ity of SAR simulation in assessing damaged buildings, with a
specific focus on EMS-98 buildings. We explore its effectiveness

in capturing and analyzing the distinct features associated with
damaged structures, particularly those outlined in the EMS-98
classification. In addition, the role of debris, another crucial
marker of building damage, is examined to enhance our under-
standing of SAR’s applicability in disaster assessment scenar-
ios. Through this exploration, we aim to evaluate the valuable
insights that SAR simulations can provide in the context of
assessing and characterizing the impact on buildings subjected to
various environmental and seismic conditions, including those
affected by tsunamis and earthquakes, and specific categorical
damages, such as structural failure and the collapse of the
first-floor wall.

A. EMS-98 Damage Scale

We utilized the EMS-98 scale (accessible at4) to categorize
building damage levels, ranging from negligible to destruction,
as detailed in Table V. 3-D models representing different dam-
age categories in typical Japanese residential households were
generated, progressing from (a) to (e) based on building surveys.

Simulated SAR images were then generated from these 3-D
models (see Fig. 8) at resolutions of 1.0 m Fig. 8(b) and 1.5 m
Fig. 8(c). Minimal visible changes were observed at both reso-
lutions for negligible or minor damage. For moderate damage,
slight debris and structural deformations became apparent. In
cases of heavy damage and destruction, even the lower reso-
lution of 1.5 m revealed distinguishable extent and severity of

4https://www.gfz-potsdam.de/en/section/seismic-hazard-and-risk-
dynamics/data-products-services/ems-98-european-macroseismic-scale

https://www.gfz-potsdam.de/en/section/seismic-hazard-and-risk-dynamics/data-products-services/ems-98-european-macroseismic-scale
https://www.gfz-potsdam.de/en/section/seismic-hazard-and-risk-dynamics/data-products-services/ems-98-european-macroseismic-scale
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Fig. 8. Simulated SAR images illustrating varied detail levels of damage of EMS-98 buildings. (a) 3-D model representing different damage scenarios.
(b) Simulation result at 1.0 m spatial resolution. (c) Simulation result at 1.5 m spatial resolution. The incidence angle is 37◦, and the looking angle is defined by
rotating the building while fixing the sensor position.

TABLE V
DESCRIPTIONS OF EMS-98 DAMAGED BUILDINGS

damage. At 1.0 m resolution, building facades became more
distinguishable.

In both resolutions, layover changes correlated with the
degree of damage. Negligible, minor, and moderate damage
showed no indications of destruction. However, severe damage
and destruction exhibited distinct changes, especially in heavy
damage, where debris crumbled and structural failure on the sec-
ond floor was evident. The destruction class showed pronounced
layover and shadow changes, reflecting substantial structural
damage.

The findings indicate that SAR simulation effectively distin-
guishes between various damage classes at both low and high
resolutions. Challenges in discerning the moderate damage class
at low resolution suggest considerations for the feasibility of
multiclass damage classification using SAR simulation. Further
research and refinement of simulation techniques are essential
to enhance the accuracy of multiclass damage classification.

B. Earthquake and Tsunami Damage

This section delves into the simulation of buildings affected by
tsunamis and earthquakes, expanding beyond the focus of tradi-
tional damage assessment scales like EMS-98. The emphasis lies
on capturing distinct characteristics, such as collapsed walls and
roof damage, providing deeper insights into the nuanced impact
of these disasters on urban structures. By incorporating these
unique features into SAR simulation, the aim is to enhance the
fidelity of the resulting images, thus validating the simulation’s
ability to represent the effects of tsunamis and earthquakes on
buildings accurately.

Fig. 9(a)–(d) presents simulated images of these buildings
from various looking angles (45◦, 90◦, 225◦, 270◦), showcasing
the resolution set at 1.0 m. The exploration of SAR simulation’s
capability to generate images at different angles addresses po-
tential limitations in capturing certain damages with real SAR
sensors.
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Fig. 9. SAR images generated at various angles. (a) 3-D models of varying damage levels. (b) 45◦ view. (c) 90◦ view. (d) 225◦ view. (e) 270◦ view. The incidence
angle for these simulated images is 37◦.

However, challenges persist in differentiating between build-
ings with no damage and minor damage in the simulated im-
ages. Possible reasons include the limited creation of debris or
obscured damage from the side-looking geometry inherent in
SAR simulation.

The insights from SAR simulations provide invaluable in-
sights into the reflectance characteristics exhibited by debris and
damaged components within earthquake and tsunami-affected
structures. This enhanced understanding serves as a corner-
stone for real-world SAR applications, facilitating more accurate
recognition and assessment of the impacts induced by disasters
on buildings.

The current results affirm the efficacy of SAR simulations in
representing heavier damage categories within affected build-
ings. This assertion is supported by the observation that the dif-
fuse component in SAR-simulated images is more pronounced
than the specular component observed in undamaged structures.
Consequently, we anticipate SAR simulations will significantly
advance our capabilities in identifying and categorizing dam-
aged building using real SAR data. Simulated SAR images
offer valuable insights into the distinctive features of damaged
structures. These images encapsulate unique characteristics that
can be harnessed to train machine learning models, thereby
augmenting the overall accuracy of damage assessment proce-
dures. This includes the classification of observed damage into
various categories, such as minor, moderate, or severe damage,
tailored to specific types of disasters. By leveraging the rich
information contained within simulated SAR imagery, machine
learning algorithms can better differentiate and categorize dif-
ferent levels of damage, facilitating more precise and efficient
damage assessment processes.

VII. CONCLUSION

This study comprehensively investigated the factors influenc-
ing the fidelity of SAR simulations. In previous discussions,
factors contributing to realism in simulated SAR were not ex-
tensively discussed. Although some aspects, such as surface
parameter settings and the influence of detail level in 3-D
models, were briefly mentioned, a comprehensive analysis is
still lacking. In addition, the suitability of SAR simulation for
assessing building damage in disaster contexts has not been fully
explored. This research aims to address these gaps.

To provide numerical validation against real-world obser-
vations, we analyzed the differences between authentic and
simulated SAR data using three numerical metrics: PSNR, MSE,
and SSIM. These metrics helped establish the critical role of
surface parameters in the accuracy of the SAR simulations. The
evaluation consistently highlights that higher surface parameter
values of surface parameters contribute to higher similarity
scores for both building and ground surfaces. Notably, the
reflection surface parameter lacks a distinct trend, implying a
comparatively lesser impact on the visual appearance of simu-
lated SAR imagery.

Furthermore, we explored the optimum LOD levels for a 3-D
model through visual inspection and cross-sectional pixel pro-
files, our findings emphasize the efficacy of LOD3, particularly
in recreating profiles within building scenarios. This highlights
the importance of LOD3 in achieving high-fidelity simulations.

In the context of building damage assessment, our approach
utilizing the EMS-98 scale with the 3-D models in SAR sim-
ulation yielded promising results. While SAR simulation ef-
fectively distinguishes damage classes at various resolutions,
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challenges remain in discerning moderate damage at low reso-
lution. However, the integration of collapsed walls damaged by
tsunamis and earthquakes demonstrates the capability of SAR
Simulations to represent diverse disaster scenarios.

Moreover, as we explore the potential of SAR simulations
to assess damage severity, it becomes evident that continued
research and refinement in simulation techniques are imperative
for advancing the field. The feasibility of enhancing multiclass
classification can be achieved by leveraging complementary data
sources, such as generating SAR imagery from different angles,
providing a more comprehensive understanding of damaged
structural changes. Furthermore, exploring advanced machine
learning techniques that integrate contextual information and
domain-specific features holds promise for improving classifi-
cation accuracy, especially in cases of moderate damage where
visual cues are subtle.

In summary, our exploration significantly evaluates SAR
simulation, providing pragmatic methodologies for refinement
and augmenting the precision of 3-D model representations in
diverse SAR applications. Looking ahead, our future work will
explore alternative approaches for utilizing simulated SAR im-
ages, building upon the knowledge acquired to enhance realism
and applicability across various applications, including machine
learning data augmentation tasks. These findings bridge the
gap between authentic and simulated SAR data, opening new
possibilities for applications utilizing simulated SAR imagery.
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