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Abstract: Accurate luminance-based image generation is critical in physically based simulations, as
even minor inaccuracies in radiative transfer calculations can introduce noise or artifacts, adversely
affecting image quality. The radiative transfer simulator, SWEET, uses a backward Monte Carlo
approach, and its performance is analyzed alongside other simulators to assess how Monte Carlo-
induced biases vary with parameters like optical thickness and medium anisotropy. This work
details the advancements made to SWEET since the previous publication, with a specific focus on
a more comprehensive comparison with other simulators such as Mitsuba. The core objective is to
evaluate the precision of SWEET by comparing radiometric quantities like luminance, which serves
as a method for validating the simulator. This analysis is particularly important in contexts such as
automotive camera imaging, where accurate scene representation is crucial to reducing noise and
ensuring the reliability of image-based systems in autonomous driving. By focusing on detailed
radiometric comparisons, this study underscores SWEET’s ability to minimize noise, thus providing
high-quality imaging for advanced applications.

Keywords: fog; radiative transfer; automotive sensors

1. Introduction

The automotive industry is constantly evolving and developing new technologies to
improve the safety of drivers and vulnerable road users. In particular, Advanced Driver
Assistance Systems (ADAS) use sensors, such as lidars, radars, and cameras, to detect and
identify objects in the environment to avoid collisions. To ensure that these sensors are
accurate and reliable, it is necessary to evaluate them in exhaustive and critical situations.
However, the evaluation of these sensors is a complex and costly process, as it requires
extensive real-life testing. Numerical simulation offers a viable alternative to this process, as
it allows for the massive testing of sensors in a cost-effective and safe manner. This is where
SWEET (Simulating WEather for intElligent Transportation systems [1]), a physically-based
simulator developed by Cerema, comes in.

The choice to develop our own simulator, SWEET, from scratch was driven by the
need for independence from existing simulator implementations, which can sometimes
limit customization when integrating new simulation components tailored to our specific
research objectives. SWEET was designed to meet both the internal research requirements
of our team and the unique needs of the fog and rain PAVIN platform. By developing
and mastering each component of SWEET, we ensure that every aspect of the simulator
aligns precisely with our needs. This approach also allows us to thoroughly verify each
simulation module by comparing its outputs with experimental measurements obtained
from our PAVIN platform, thereby enhancing the accuracy and reliability of our work.

The development of SWEET is driven by a primary goal: to deeply understand the
physics underlying the equations, to thoroughly master the processes involved, and to
verify each component of this simulator through analytical means (when it is possible) and
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to validate it with real measurements. These measurements may come from natural data or
data acquired within our fog and rain PAVIN platform [2,3]. Our overarching objective was
to create a simulator that is both open for reasearch topics and industrialized, serving as a
reference point for various applications in the evaluation of autonomous vehicle sensors.
For example, it can be used to test and validate the performance of autonomous vehicle
sensors before they are deployed in the field. This can help to ensure that these sensors are
reliable and accurate, which is crucial for the safety of autonomous vehicles. In this context,
the SWEET simulator represents an extension to the range of services offered by Cerema
with its PAVIN fog and rain platform.

In the domain of road perception simulators, two distinct families have emerged to ad-
dress the challenges posed by degraded weather conditions, particularly fog. The first fam-
ily comprises physically-based simulators, exemplified by SWEET ([1]) and Mitsuba ([4]),
which model the interaction of light with the environment using physical full path tracing
methods combined with a Monte Carlo (MC) scheme imitating the movement of pho-
tons in space. The second family consists of simplified simulators, such as Carla [5,6],
4DVirtualiz [7], LGSLV [8], CarSim [9], PreScan [10], Airsim [11], PTV Vissim [12], AVSim-
ulation SCANeR [13], IPG CarMaker [14] and Pro-SiVIC [15], which rely on simplified
physical laws such as the Beer-Lambert law or statistical data by training perception al-
gorithms on real or simulated databases. The latter family has gained popularity in the
autonomous vehicle industry due to their real-time capabilities, making them suitable for
integration into sensor evaluation loops requiring real-time feedback (e.g., X-in-the-loop
tests). On the other hand, physically-based simulators offer a high-fidelity representation
of the environment, accounting for complex interactions between light and matter. These
simulators are capable of accurately modeling the effects of fog on visibility and sensor
performance. However, their computational demands can be significant, limiting their
real-time applicability. However, simplified simulators, such as Carla, provide a computa-
tionally efficient alternative. They often rely on simplified physical models or statistical
data to approximate the effects of fog on visibility and sensor performance. While these
simulators may lack the accuracy and fidelity of physically-based approaches, they offer
the advantage of real-time performance, making them suitable for rapid prototyping and
testing in the automotive industry. In our last article [1], we already compared renderings
of road scenes from SWEET with those produced by Mitsuba. In that work, we focused on
evaluating the relevance of the results obtained using SWEET through low-level metrics
based on contrast analysis, specifically comparing its outputs with those from Mitsuba and
real images. While other comparison methods can utilize high-level metrics based on object
detection algorithms [16], the present paper advances the discussion further by conducting
comparisons on radiometric quantities, including luminance and fluence. By doing so, it
provides deeper insights into the performance of SWEET in simulating realistic lighting
interactions, thereby enhancing the understanding of its capabilities and limitations in
practical applications. We focus on the first family of simulators cited before, specifically
comparing the performance of SWEET and Mitsuba in weather-affected road perception
scenarios. We aim to evaluate the accuracy and computational efficiency of these simulators
in modeling fog and its impact on sensor performance. By conducting a comparative
study, we seek to provide insights into the strengths and limitations of physically-based
simulators in addressing the challenges of degraded weather conditions in automotive
applications. Indeed, among the strongest handicaps of today’s MC algorithms, are the
difficulties related to numerical behavior in the optically thick limit ([17-19]), which can
introduce significant biases in perception applications. Ref. [20] mentions that MC algo-
rithms, without any biasing mechanisms, start to break down for transverse optical depths
T > 20. Despite these challenges, MC simulators remain valuable tools for simulating
light transport in complex media and understanding the underlying physical processes.
Their ability to handle heterogeneous and highly scattering environments makes them
indispensable for various applications, including atmospheric science, biomedical imaging,
and computer graphics. However, it’s essential to knowledge their limitations and explore
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alternative approaches, such as hybrid methods or optimization techniques, to address
scenarios where traditional MC simulations falter. We aim to shed light on these issues,
provide insights into the applicability of MC methods in road perception scenarios and
summarize the improvments that can be done to reduce the variance.

Monte Carlo codes, like any other codes that solve integro-differential equations, must
undergo rigorous verification and validation procedures [21-23]. Verification refers to a
series of procedures to ensure that a code is computationally sound, meaning it performs
the calculations it is intended to without any bugs [21-23]. Validation, on the other hand,
involves comparing the numerical results generated by the code with experimental results
from a physical system that the code is designed to model [22,24].

The existing literature identifies three primary procedures for verifying MC codes:

e Comparison with previously verified MC codes [25-33]: This method relies on the use
of established MC codes that have already been verified. However, this approach is
limited by the finite accuracy of the MC data generated. Small discrepancies in the
data can lead to significant uncertainties in the verification process. This verification
step is the subject of this paper, the two other steps below will be presented in future
in a seperate paper.

*  Comparison with solutions of the radiative transfer equation (RTE) : In tissue optics,
benchmark RTE solutions, often provided by researchers such as van de Hulst [34]
and Giovanelli [26,28,35,36], are used as references. These solutions are mostly in
semi-analytical form and are available for regularly bounded geometries, such as
semi-infinite media or layers with uniform scattering properties. Despite their utility,
this verification method has two major drawbacks: the solutions cannot typically
be expressed in closed form and are known with limited accuracy. Furthermore,
they may be affected by convergence issues, leading to potential inaccuracies in the
calculated quantities.

¢  Comparison with asymptotic solutions of the diffusion equation [27,29,37]: While
the diffusion equation offers asymptotic solutions that are used in the literature, this
approach is constrained by the inherent approximations of diffusion theory. These
solutions cannot be applied universally across all scenarios covered by the RTE. The
accuracy of diffusion equation solutions is further compromised in finite geometries
or in cases involving scattering and/or refractive index mismatches between different
regions of the medium.

Another lesser-known method for verifying MC methods is based on the invariance
property (IP) [21,38—41]. The core of this method lies in the well-known, but not widely
utilized, invariance property of the mean path length traveled by a random walker within
a disordered medium. This property holds when the entrance of particles into the medium
occurs homogeneously and isotropically, and no particle absorption or annihilation takes
place within the medium [39,42,43]. In optical contexts, this corresponds to a constant
incoming radiance, often referred to as Lambertian illumination. Under these conditions,
the result is a constant mean path length that depends solely on the basic geometric
characteristics of the medium, regardless of the distribution of scattering properties.

The IP verification method can effectively test the correctness of MC codes in more
complex geometries and distributions of optical properties. It is capable of detecting
various types of errors in an MC code and is particularly sensitive to inaccuracies in the
treatment of boundaries. Common errors include incorrect modeling of light propagation
(including interactions with boundaries) and implementation errors within the code, such
as systematic inaccuracies due to the finite precision of built-in functions [25,32].

This verification procedure offers a powerful and universal tool for ensuring the
accuracy of MC simulations. By leveraging the invariance property, which is inherently
robust against variations in scattering properties and specific boundary conditions, this
method provides an additional layer of validation that complements traditional methods.

This paper makes several key contributions to the field of validation and verification
of virtual testing methods for autonomous vehicle sensor evaluation. First, it highlights the
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advancements of the SWEET simulator, which is valuable for both our team and the broader
autonomous vehicle community, particularly in simulating complex weather scenarios
with high fidelity. By introducing a methodology based on radiometric comparisons (lumi-
nance, fluence), this work establishes a new approach for assessing the robustness of Monte
Carlo calculations, especially in applications where physically-based image generation
relies on these quantities. Additionally, the study brings attention to the limitations of
Monte Carlo schemes, specifically the backward scheme employed in SWEET, and iden-
tifies possible improvements. Finally, these findings are contextualized with respect to
applications for autonomous vehicle perception sensors, such as cameras, emphasizing
the practical implications of accurate light modeling for sensor performance in degraded
weather conditions.

In this paper, we firstly detail in Section 2 the context of the automotive industry as
well as the needs in the context of autonomous vehicle applications. This will make it
possible to identify the ranges of interest for each of the simulation parameters to be taken
into account for the verification. Then in Section 3, we address the theoretical foundations
and assumptions of the Monte Carlo methods that solve the radiative transfer equation
and we show the new features in the implementation of SWEET compared to its latest
version used in our last paper [1]. In Section 4.1, we compare SWEET to other Monte Carlo-
based codes, both Mitsuba and Steven’s code [44], which evaluates fluence in participating
media, particularly tissues in medical contexts. We also check the invariance property
of SWEET in section Section 4.2 and a computational time analysis is done in Section 4.3
before concluding.

2. General Need for the Automotive Industry

As explained in Section 1, the SWEET simulator has been developed to meet the
needs of ADAS and Automated Driving System (ADS) validation and certification. To
achieve this, the simulator must be as representative of reality as possible, with particular
attention paid to the following elements: 3D scene geometry, surface materials, lighting,
sensors, vehicle dynamics, weather conditions, etc. The SWEET simulator is currently being
tested and validated on these different aspects within the ROADVIEW project [45]. For the
purposes of this article, we restrict ourselves to verifying the simulator’s performance in a
fog environment, using a light source and a simple scene.

To achieve this, it is important to validate the behavior of the fog generated in the
SWEET simulator within its proper range of use, specifically in the automotive context.
The fog parameters for which a verification range must be determined are as follows:

¢  Optical thickness (corresponding to the combination of fog density and observa-
tion distance).

*  The ratio between the light sources and the sensor sensitivity, which also defines an
equivalent optical thickness limit.

To define the range of optical thickness to be considered for the simulator, the maxi-
mum expected detection distance must be established alongside the meteorological optical
range (MOR) of the fog present in the road scene. The meteorological visibility, or meteo-
rological optical range (MOR), is defined as the distance at which the luminous flux of a
collimated light beam at 550 nm is reduced to 5% of its initial value [46,47]. According to
this definition, the MOR is related to the extinction coefficient 5 as follows:

MOR — — In(0.05) ~ E,
p p
First of all, current vehicle perception systems have maximum detection distances of
100 m on a clear day [48]. In a practical case, this means that obstacles can be detected with
certainty 3 s before impact, at a speed of 130 km/h.
Regarding the fog, standard NF-P99-320 [49] defines the presence of fog in a road
context when the MOR is below 400 m. In nature, there are occurrences of extremely dense

)
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fog with an MOR of 10 m [50]. However, for an MOR below 50 m, the French highway
code requires vehicle speed to be reduced to 50 km/h.

Using this data, it is possible to determine the maximum optical thickness that the
simulator should be able to simulate, covering cases from light fog to extremely dense
fog. As shown in Table 1, the densest fog corresponds to the highest optical thickness, at
various speed limits. Therefore, this is the most restrictive case, with an optical thickness of
12.5. Table 1 also presents another method for calculating the maximum optical thickness:
the maximum optical thickness that can be physically generated in the PAVIN fog and
rain platform. This limit is relevant because the next phase will be to validate the SWEET
simulator using real data collected from this platform.

As shown in Table 1, the platform can reproduce an optical thickness of up to 18.8, so
the simulator will need to be able to simulate fog with an optical thickness of around 20
to account for all the real-life situations it may encounter. The verification of the SWEET
simulator in this article will thus be conducted for optical thicknesses ranging from 0 to 20.

Table 1. Optical thickness obtained for different limit cases in the automotive context, with the
fog analysis.

PAVIN Fog and
Light fog on Highway Dense Fog on Road Very Heavy Fog on Roa Rain Facility
Maximum Capability
Vehicle speed (km/h) 130 50 50
Mlmmal detection 108 4 4 50
distance (m)
MOR (m) 400 50 10 8
Optical thickness 0.8 2.5 12.5 18.8

Another way of determining an equivalent optical thickness limit to simulate is to
establish the ratio between the light intensity of the source and the sensitivity of the
sensors. In the verification simulations carried out in this article, we consider a source of
intensity 1 and analyze the results of different simulation methods. It is therefore important
to define a low threshold for the receiver, below which the results are not relevant in the
automotive context.

Regarding the ratio between the light intensity of the sources and the sensitivity of the
sensors, several scenarios can be considered. For this, limit cases must be identified. These
cases are derived by considering the most powerful source possible and the minimum
detection value of the sensor. We provide a summary of these cases in Table 2, which we
will detail later.

Firstly, we can consider a car camera in daylight, with a scene illuminated by sunlight.
In this scenario, the minimum irradiance value that a camera can detect is determined
based on the standard characteristics of automotive cameras. This threshold corresponds
to the point where it is no longer possible to distinguish signal from noise. We consider the
irradiance of the sun and assume that it illuminates a Lambertian surface with a reflectivity
of 1. By doing this, we obtain the radiance in the direction of the camera, resulting in an
optical thickness of 16.1, as shown in Table 2.

Next, we consider the case of vehicle headlights in night conditions, facing an automo-
tive camera. For the camera, we use the same assumptions as in daylight conditions. For
the headlamp, we assume that it is collimated, a simplifying assumption that will tend to
increase the limiting optical thickness and thus improve safety. By considering the power
of the headlamp, we can again determine an optical thickness, which is 22.4 in this second
example, as shown in Table 2.

Finally, similar to the fog scenario, we estimate the optical thickness by considering
the limits of our equipment, which will be used for the second validation phase. In this
phase, we will use a light source and a spectroradiometer, with their characteristics listed
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in Table 2. Using a similar approach as for the other examples, we can determine the
maximum measurable optical thickness for this setup, which is 10.4.

In conclusion, this new analysis shows that simulating a maximum optical thickness
of 20 (defined through the analysis of fog limit cases in a road context) is also sufficient to
meet the limitations imposed by vehicle light sources and sensors. In the remainder of this
article, we will only consider scenarios with a source of a unit intensity and a maximum
optical thickness of 20 for simulation.

Table 2. Optical thickness obtained for different limit cases in the automotive context, with sen-
sors analysis.

Camera vs. Sun Camera vs. Headlamps  Cerema’s Sensors Capabilities

Minimal radiance

6.51 x 1073 cd/m? 6.51 x 1073 cd/m? 3.25 x 1077 W/sr/cm?

=

% Optical aperture 70A° 70A° 4A°

®  Minimal irradiance 5.00 x 1072Lm/m?  5.00 x 1072 Lm/m? 1.43 x 1077 W/cm?
Maximal Power 2.15 x 10° cd 4.00 x 10° Lm

S Surface 6.40 x 1073 m? 1.30 x 10% cm?

c§ Maximal irradiance 2.00 x 10° lux 452 x 1073 W/cm?

Maximal radiance

6.37 x 10* cd/m? 3.36 x 107 cd/m?

Ratio sensor / source

1.02 x 107 1.94 x 1010 3.15 x 10~°

Resultant optical thickness

16.1 224 10.4

Thanks to an analysis of different scenarios in the automotive context (with testing ADS
and ADAS as the ultimate objective of the SWEET simulator), we were able to determine
the simulation limits to be considered in the rest of our study: an optical thickness range of
[0—20]. We now present our verification methods in the next section.

3. Models and Implementation
3.1. The Radiative Transfer Equation

The radiative transfer equation (RTE) serves to simulate the radiance L) (t, 7, u) cor-
responding, for a wavelength A, to the intensity of the electromagnetic energy flux (in W)
of the radiation propagating in the direction u, per unit of area (in m?) perpendicular to
the direction of propagation, per unit of solid angle (in sr) and per unit of wavelength (in
microns), and expressed in W/ m?2//sr.

We recall here the RTE [51]:

%%"(t,r,u) +u-V,Ly

—~

tr,u) = —op(r)La(tr,u) —x)(r)La(E, 7, 1)

2
Uﬁg) Jo2 La(t, 7, 0) @0 (r, v, u)do + q(t, 1, u), @

_|_

where c is the speed of light, ¢, r, u, o), k), ®, and q(t,x, u) denote, respectively, the
time, the position in space, the wave propagation direction, the scattering coefficient,
the absorption coefficient, the phase function for the wavelength A and a space continuous
source. The three-dimensional unit sphere is denoted by S?>. By using the vocabulary
dedicated to the rendering volumetric path tracing method, the terms in blue and green
represent the out-scattering and absorption terms, respectively. These two terms together
form the extinction term. The term in red corresponds to the in-scattering term, which is
the most expensive part to calculate as it requires integration over all paths in the scene.
Finally, the term in brown is for emission. Optical passive objects and local light sources
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are taken into account thanks to the boundary conditions of Equation (2). For each light
source occupying the space region S and emitting light from its surface 0S, we have:

VrEBS,VuGSz,u-nf >0, L/\(t,r,u):Ei(t,r,u), 3)

where 17 denotes the outward normal vector of S at point 7 € 3S, and E, is given. For each
passive object occupying the space region O with a surface denoted by 0O, we have:

Vreado, YueS? u~n9 >0, Ly(t,r,u) :/

veS?,v-n9 <0

Ly(t,r, v)B)?(r, v,u)do, (4)

where 19 denotes the outward normal vector of O at point , and B)(?(r, -,-) is the Bidi-
rectional Reflectance Distribution Function (BRDF) of object O at point r € dO. When
the time can be removed from the physics and under the assumption of a phase function
depending only on v - u (scalar product), the following stationary case of Equation (2) can
be considered:

OA

u-ViLy(r,u) = —=ByLy(r,u) + in

/SZ Ly(r,0)®)(v-u)dv+q(r,u), (5)
where we note 5, = o) + k, the extinction coefficient at the wavelength A. Boundary
conditions related to this stationary case are given by Equations (3) and (4) in which the
time t is removed.

3.2. Implementation of SWEET

In our previous article, we detailed the implementation specifics of SWEET ([1]), a
full path-tracing-based simulator designed to evaluate interactions with a participating
medium, considering a tabulated drop size distribution (DSD). This implementation was
parallelized on the GPU and utilized the Surface Area Heuristic (SAH) kd-Tree acceleration
technique and was limited to only diffuse material surfaces. In this article, we present an
updated version of SWEET that incorporates several enhancements, including improved
variance reduction techniques, importance sampling on lights and materials, and the
inclusion of Bidirectional Scattering Distribution Functions (BSDFs), the Henyey-Greenstein
phase function for the light scattering property of the fog and several analytical light models.
Next subsections detail the main enhancements of SWEET.

3.2.1. Interaction of Light with Materials

The BRDF is a fundamental concept in physically based rendering and optical simula-
tions. It describes how light is reflected at an opaque surface. Specifically, the BRDF defines
the relationship between incoming light (radiance) and the reflected light at a point on a
surface, depending on the direction of both the incident and outgoing light [52].

Mathematically, the BRDF is defined as the ratio of the radiance reflected in the
outgoing direction to the irradiance incident from a specific incoming direction [52]. The
BRDF is a function of four variables: the incoming direction w;, the outgoing direction wy,
and the surface normal n (two angles for w; and two angles for w,, the surface normal 7 is
implicitely determined at a given point of the surface). It is typically written as f,(w,, w;),
where w, and w; are unit vectors representing the outgoing and incoming directions,
respectively [53].

The BRDE, f,(w,, w;), is defined as:

dLo(wy)

fr(a)o/wi) = dEl<ClJl> (6)

where:

*  fr(wo, w;) is the BRDE, which gives the ratio of the reflected radiance to the incom-
ing irradiance.
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e dL,(w,) is the differential outgoing radiance in the direction w,.
e dE;(w;) is the differential irradiance coming from direction w;.

The outgoing radiance L, (w, ) from a surface point in the direction w, can be computed
by integrating the incoming radiance L;(w;) from all directions over the hemisphere ()
above the surface [53]. The BRDF f, (w,, w;) modulates how much of the incoming radiance
is reflected in the outgoing direction.

The outgoing radiance L, (w, ) is given by the following integral:

Lo(wo) = [ frlwo,w)Lifei) (@i - m) de, )

where:

e L,(wy) is the outgoing radiance in the direction w,.

e L;(wj) is the incoming radiance from direction w;.

*  fr(wo, w;) is the BRDF, which determines the fraction of the incoming radiance re-
flected in the outgoing direction.

*  (wj-n)is the cosine of the angle between the incoming direction w; and the surface
normal n. This accounts for the foreshortening effect (i.e., the surface receives less
irradiance as the angle of incidence increases).

*  dw; is the differential solid angle in the direction of the incoming light.

* () represents the hemisphere above the surface, i.e., the domain of all possible incom-
ing light directions.

In many modern simulators, a more general model called the BSDF is used. The BSDF
combines both the BRDF, which describes reflection, and the Bidirectional Transmission
Distribution Function (BTDF), which describes transmission (light passing through a
surface) [54]. The BSDF therefore covers both reflective and transmissive behaviors of
light interacting with surfaces.

In more comprehensive models like the BSDF, both reflection and transmission are
considered [53]. The BSDF, f;(w,, w;), unifies the BRDF and BTDF (Bidirectional Transmis-
sion Distribution Function). For reflective interactions, the BRDF describes how light is
reflected, while for transmissive interactions, the BTDF describes how light is transmitted
through the material [54].

The BSDF is given by:

fs(wo, w;) = fr(wo, w;i) + fi(wo, wi) (8)
where:

*  fi(wo, w;) is the BSDF, representing both reflection and transmission.
*  fr(wo, w;) is the BRDE handling the reflected light.
*  fi(w,, w;) is the BTDE, handling the transmitted light.

In the SWEET simulation environment, several BSDF models are integrated to simulate
how light interacts with various materials. These BSDF models (shown in Figure 1) are
crucial for accurately depicting the behavior of light as it reflects, transmits, and scatters
across surfaces, including anisotropic surfaces, which are commonly found in real-world
environments. The physically based models allow the rendering system to adhere to the
real-world physics of light interaction, which is particularly important for applications in
optical simulations, such as camera imaging in automated vehicles. Below is a detailed
explanation of the different BSDF models available in SWEET and their characteristics.
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Smooth dielectric Smooth conductor Smooth plastic
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—— Incident light
——» Primary scattered light

PP 4 — Secondary scattered light

" Diffuse scattering

Thin dielectric

Rough dielectric Rough conductor

Figure 1. Schematic overview of the most important surface scattering models in SWEET.

Diffuse (Lambertian)

A diffuse BSDF, commonly referred to as Lambertian, assumes that light is scattered
uniformly in all directions from a surface. It models perfectly matte surfaces where the
reflection does not depend on the viewer’s angle. The outgoing radiance is proportional
to the cosine of the angle between the incident light and the surface normal, making it
angle-independent.

*  Example: White paint, chalk, or matte surfaces like plaster walls.
*  Microfacet Model: N/A (no microfacets are involved in pure diffuse reflection).

Smooth Dielectric

Smooth dielectric BSDFs model transparent or translucent materials where light passes
through the material, reflecting and refracting at smooth surfaces. Dielectrics are materials
that do not conduct electricity and have minimal absorption of light. Smooth surfaces
imply that there is little to no surface roughness, allowing for sharp, specular reflections
and transmissions governed by Fresnel equations.

e  Example: Glass, water, or clear plastic.
*  Microfacet Model: N/A (smooth surfaces do not require a microfacet model).

Thin Dielectric

The thin dielectric model simulates very thin layers of dielectric materials, such as
coatings or films, where interference effects can play a role. This model is crucial for
capturing subtle effects like color changes due to interference, seen in thin films like soap
bubbles or anti-reflective coatings.

*  Example: Soap bubbles, anti-glare coatings on lenses.
e  Microfacet Model: N/ A (often treated without microfacets due to thinness).

Rough Dielectric

A rough dielectric BSDF handles materials that are similar to smooth dielectrics but
with surface roughness. Roughness introduces a more complex scattering behavior, where
light is reflected and refracted in a more diffuse manner. The scattering is modeled using
microfacet theory, where the surface is composed of tiny facets that each reflect light based
on their orientation.

e  Example: Frosted glass, rough plastic, or sandblasted glass.
e  Microfacet Model: Beckmann, GGX [55].
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Smooth Conductor

Smooth conductor BSDFs are used to simulate metals and other conductive materials,
where light is primarily reflected rather than transmitted. These materials exhibit high
reflectivity and may produce colorful reflections based on the wavelength-dependent
refractive index of the material (complex index of refraction (IOR)). Since the surface is
smooth, the reflections are sharp and mirror-like.

e Example: Polished copper, gold, or aluminum.
*  Microfacet Model: N/A (smooth surfaces reflect light in a specular manner).

Rough Conductor

Rough conductor BSDFs simulate the behavior of light on rough metal surfaces. As
with rough dielectrics, rough conductors scatter light due to surface microgeometry, which
leads to blurred or diffuse reflections. The interaction is modeled using microfacet theory,
where the surface consists of many tiny facets, each reflecting light at different angles
depending on their orientation.

*  Example: Brushed metal, oxidized or textured metals.
¢  Microfacet Model: Beckmann, GGX [55]

Plastic

The plastic BSDF combines characteristics of both dielectric and diffuse materials.
Plastics generally have a diffuse base layer with a glossy, specular coating on top. This
means light interacts with the material in two ways: part of the light is diffusely reflected,
and part is reflected specularly depending on the smoothness of the surface.

e Example: Car paint, polished plastic surfaces.
*  Microfacet Model: current version only supports smooth plastic (no microfacet
model needed).

A summary of these BSDF models implemented in SWEET can be found in Table 3.

Table 3. Summary of BSDF models in SWEET.

Model Common Name Microfacet Model (If Applicable)
Diffuse Lambertian N/A

Smooth Dielectric ~ Glass, Water N/A

Thin Dielectric Soap Bubble, Thin Film N/A

Rough Dielectric Frosted Glass, Rough Plastic Beckmann, GGX

Smooth Conductor Polished Metal N/A

Rough Conductor  Brushed Metal Beckmann, GGX

Plastic Glossy Plastic N/A

In other simulators, we may encounter what is called a “Principled BSDF”. This type
of BSDF is designed to simplify the process of shading and material creation by offering
a more artist-friendly approach. It combines several different shading models, such as
diffuse, glossy, and subsurface scattering, into one unified shader. The Principled BSDF
is often used in rendering engines aimed at generating aesthetically pleasing images,
like those for movies, games, or other creative industries. While the Principled BSDF is
excellent for producing visually appealing results quickly, it is not always appropriate for
physically based applications, especially in scientific simulations like those performed in
SWEET. In these contexts, accuracy in the light-matter interaction is critical for reliable
simulation results, as we focus on exact calculations of physical quantities like luminance
and fluence. SWEET requires detailed BSDF models, such as those for rough dielectrics and
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conductors, to accurately replicate real-world physics, making it better suited for tasks like
radiative transfer and optical simulations, particularly in demanding fields like automated
vehicle imaging.

The integration of a tabulated (measured) BRDFs in a path tracing simulator such as
SWEET can be computationally expensive, that’s why empirical models are often used
in the literature. However, we plan to explore tabulated BRDFs in a future version of
SWEET, leveraging acceleration techniques to mitigate computational costs. Additionally,
we intend to implement textures, which can enhance the realism of materials by adding
visual details such as patterns or imperfections. These details will improve rendering
quality and precision while optimizing computational efficiency. Ongoing work with the
gonioreflectometer at Cerema focuses on measuring the BRDFs of various material samples.
These measured BRDFs will subsequently be compared to the results from the SWEET
simulator to calibrate the implemented BRDF models. This research is anticipated to lead
to a future publication, contributing valuable insights into the accuracy and reliability of
reflectance modeling in simulation environments.

3.2.2. Interaction of Light with Participating Media

The inclusion of the Henyey-Greenstein phase function (Equation (9)) allows for the
simulation of anisotropic scattering in a medium, which is essential for accurately modeling
the behavior of light in foggy or hazy environments. This feature enhances the realism of
the simulations and enables more accurate predictions of visibility and sensor performance
in adverse weather conditions. This phase function is advantageous because it bypasses
the uncertainties that may exist in tabulated phase functions (as these tabulated phase
functions are calculated considering a measured DSD). This can be useful to overcome this
step and validate models without having to worry about measurement uncertainties. The
Henyey-Greenstein phase function is widely used in various fields, including atmospheric
science ([56]), remote sensing, and biomedical optics ([57-62]). This phase function is
particularly useful in optical simulations, as it provides a good approximation for the
scattering behavior of various types of media. It is defined by a single parameter, the
asymmetry parameter, which controls the directionality of the scattering. This parameter
can be adjusted to simulate different types of scattering, from forward scattering (where
light is predominantly scattered in the forward direction) to isotropic scattering (where
light is scattered in all directions).

1—g2

P 0) =
(cos ) (1+ g2 —2gcos)3/2

for —1<¢<1 )

where:

*  P(cos®) = Phase function, which represents the probability of scattering at an angle 6.

® 0 =Scattering angle, which is the angle between the incident light direction and the
scattered light direction.

* ¢ = Asymmetry parameter, which describes the average cosine of the scattering angle.
It ranges from —1 to 1, where:

- g < Oindicates backward scattering,
- g = Oindicates isotropic scattering, and
- g > Oindicates forward scattering.

3.2.3. Variance Reduction Techniques

The improved variance reduction techniques, such as importance sampling on lights
and materials (BSDFs), help to reduce noise and improve the convergence in volumetric
path tracing, especially in complex lighting scenarios. This results in more accurate and
reliable results, especially in scenes with complex lighting and materials. These techniques
are popular in the literature ([63-67]. However, each of these two importance sampling
strategies has a high variance in some situations. For example, if the light source is small
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and the material is quite diffuse, then importance sampling of the material can result in
high variances. Conversely, if the source is large and the material is shiny, importance
sampling of the light source can lead to high variances. Neither of these strategies is valid
across the entire integration domain of the reflection equation (Equation (7)).

The use of both strategies simultaneously (by combining them), as implemented in
SWEET, results in what is called multiple importance sampling (MIS) and is an advanta-
geous solution ([63,67]). Chapter 9 of Veach'’s thesis ([63]) is a particularly valuable reference
that details these strategies as well as MIS. Indeed, MIS is a powerful technique used in
rendering to reduce variance when combining different sampling strategies, particularly
when sampling from light sources and BSDFs [63]. It is particularly useful when there are
multiple light sources or when the material properties vary significantly across the scene.
MIS works by assigning a weight to each sample based on its probability of being selected
by each sampling strategy. These weights are then used to combine the samples into a
single estimate of the integral. The balance heuristic is a commonly used weighting method
that helps in effectively combining these strategies [63]. MIS can significantly reduces
variance compared to using a single sampling strategy, especially in scenes with complex
lighting or materials. However, it requires careful tuning of the sampling probabilities to
ensure that the weights are balanced and that the resulting estimate is unbiased.

The outgoing radiance L can be estimated by combining contributions from light
samples L, and BSDF samples L;:

Np Np
L(x,w) =Y Le(x, w;) - pr(wi) + ) Ly(x, wj) - pp(w;) (10)
i=1 =1
where:
e L(x,w) = Total outgoing radiance at point x in direction w.

X =
e L,(x,w;) = Emission from the i-th light sample.
»(x, w;) = Contribution from the j-th BSDF sample.
e pr(w;) = Probability density function (PDF) of the i-th light sampling direction.
(w;) = Probability density function (PDF) of the j-th BSDF sampling direction.
¢ Ni = Total number of light samples.
*  Np = Total number of BSDF samples.

[ ]
~
—~

The estimate can be improved by using the balance heuristic for weighting the contri-
butions from light and BSDF samples:

XW*l y- xw»-wL(wi) S xw‘.wB(wj)>
L( 7 )_ N(;Le( ’ l) pL(Wi) +];Lb( % /) PB(W]) (11)

where:

* N = Total number of samples (both light and BSDEF).
e wr(w;) = Weight for the i-th light sample.

e wp(wj) = Weight for the j-th BSDF sample.

The weights can be calculated using the balance heuristic as follows:

wi— W)y pe(wW)
OLW) = o) + sy’ B T ptw) + pa(w) a2

where:

e wp(w)and wg(w) ensure that the contributions are properly normalized and weighted
according to the sampling strategies used.

In addition to the variance reduction techniques mentioned earlier, we have also
integrated a termination mechanism, a Russian roulette feature ([68]), into SWEET. The
user has the option to disable this feature if necessary. Russian roulette is a technique used
in Monte Carlo simulations to reduce computational time by randomly terminating paths
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that have a low contribution to the final result. This is achieved by assigning a probability
of termination to each path, based on its contribution to the overall result. Paths that are
terminated are replaced by a weighted average of the paths that continue, ensuring that the
overall result remains unbiased. Overall, the Russian roulette feature in SWEET provides
a flexible and efficient way to reduce computational time in Monte Carlo simulations,
without compromising the accuracy of the results.

The models and implementation details of the SWEET simulator have just been
presented. In the following sections, we present the verification results of SWEET using
the methods mentioned in the introduction (comparisons with other MC-based simulators
in the literature, as well as the results of the invariance property test). For all simulations,
we maximized the computational resources available to us. For SWEET, the calculations
were performed on two separate Linux machines: the first equipped with an NVIDIA
GeForce GTX 1080 graphics card, with a maximum Monte Carlo iteration N up to 108, and
the second equipped with an NVIDIA RTX A4500 graphics card, with a maximum Monte
Carlo iteration count N up to 1.2 x 108. These high iteration counts enabled us to push the
accuracy of our simulations to the limits of our hardware capabilities, ensuring robust and
reliable verification results.

4. Results
4.1. Comparing SWEET to Other Monte Carlo-Based Codes

The comparison with other Monte Carlo simulators serves initially to position SWEET
among these simulators, offering a valuable theoretical verification of its capabilities.
However, it’s essential to recognize that all Monte Carlo simulators have inherent lim-
itations, particularly when it comes to handling certain scenarios, such as thick optical
depths ([17-20]). These limitations arise primarily from computational constraints and the
fundamental assumptions underlying Monte Carlo methods.

One of the primary challenges faced by Monte Carlo simulators is their computational
complexity, which increases exponentially with the optical thickness of the medium being
simulated. As the optical depth increases, the number of scattering events and interactions
that need to be simulated also grows, leading to significant computational overhead.
Beyond a certain threshold, Monte Carlo simulations become computationally infeasible or
prohibitively time-consuming, limiting their applicability in scenarios with high optical
thicknesses, such as dense fog or thick clouds. Furthermore, Monte Carlo simulations rely
on stochastic sampling techniques to approximate solutions, introducing inherent statistical
uncertainties. While this probabilistic approach is well-suited for modeling complex and
random processes, it can also result in variance and convergence issues, particularly in
scenarios with low photon counts or rare events. Consequently, Monte Carlo simulators
may struggle to provide accurate and reliable predictions in extreme or outlier situations,
further highlighting their limitations.

We emphasize that our choice to compare SWEET with Mitsuba was deliberate, as
Mitsuba is well-known in the realm of physics-based simulators. Furthermore, this decision
was influenced by our prior work where we compared the visual rendering capabilities of
SWEET with those of Mitsuba. By extending this comparison to include aspects beyond
visual rendering, we aim to provide a comprehensive evaluation of SWEET’s performance
against a widely recognized benchmark in the field. Similarly, the decision to compare
SWEET with Steven’s code was motivated by several factors. Steven’s code represents
another physics-based simulator, which aligns well with the objectives of our study. Specifi-
cally, Steven’s code addresses the scenario of a point source in an infinite medium, mirroring
the context of our comparison scenario. Additionally, the availability of Steven’s code on-
line and its ease of access make it an attractive choice for comparison purposes, facilitating
reproducibility and transparency in our evaluation process. Moreover, comparing SWEET
with Steven’s code allows us to contrast the Monte Carlo forward scheme utilized in
Steven'’s code with the backward scheme employed in SWEET. This comparison sheds light
on the strengths and weaknesses of each approach, providing valuable insights into the
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underlying methodologies and their implications for simulation accuracy and efficiency.
By juxtaposing these different Monte Carlo schemes, we can elucidate the relative merits of
each approach and identify opportunities for optimization and refinement. Overall, the
strategic selection of Mitsuba and Steven’s code for comparison with SWEET serves to en-
rich our understanding of SWEETs capabilities and performance in relation to established
benchmarks and alternative methodologies. This comprehensive evaluation enables us to
identify areas of excellence and opportunities for improvement, ultimately contributing to
the advancement of simulation techniques in the field of light transport modeling.

This section presents the results of comparisons between SWEET and Steven’s code ([44],
available https:/ /omlc.org/classroom/ece532/class4/ssmc/index.html, accessed on 24
October 2024), followed by a comparison between SWEET and Mitsuba ([4]). In all the
figures presented, “MC0” stands for the Steven’s Monte Carlo code and “MS” stands for
Mitsuba. The choice of test parameters in this paper is not arbitrary. Our focus is on the pri-
mary optical parameters that play a central role in the calculation of radiometric quantities
such as luminance and fluence. Here, the key parameters are the optical properties of the
medium: specifically, extinction, scattering coefficient, absorption, and the anisotropy of
the medium, characterized by the asymmetry parameter of the phase function. There are
indeed many additional parameters that could be considered, notably those related to the
scene configuration, the characteristics of the light sources used, and the specific attributes
of the modeled sensors (such as camera model parameters). However, the objective of this
paper is to provide an initial stage of validation that focuses on evaluating the modeling
of light propagation within a participating medium, governed by solving the radiative
transfer equation. To this end, we have selected simplified configurations (isotropic point
sources, infinite media, a straightforward scene, etc.) and a basic point sensor. This ap-
proach enables us to isolate and assess the essential optical parameters without the added
complexity of more elaborate scene and sensor configurations, thus focusing on the core
validation of the light propagation model itself. In our comparisons, we considered the case
of an isotropic point source placed in an infinite participating medium characterized by
the Henyey-Greenstein phase function. The Figure 2 shows the comparison of SWEET and
Steven’s code ([44]). In all the presented results, we considered the extinction coefficient
B=1m"!. So distances are equivalent to optical thicknesses .

107"

rel error

Fluence (W/m2)

0 5 10 15 20 25 30 35 40
Distance (m)
Figure 2. Comparing SWEET to Steven’s Monte Carlo code for a simple situation on fluence evalua-
tion, which is computed as the integral of the radiance over the solid angles of 3D space [, L(r, i#)d(Q)
(L is the radiance at position r and in a direction ), for asymetry phase parameter: g 0.0, optical
parameters: o = 0.5 m~ ! and ¥=0.5 m~!, the 95% confidence intervals for SWEET are in grey.
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Figure 2 illustrates fluence, which is computed as the integral of the radiance over the
solid angles of 3D space [, L(r,)d() (L is the radiance at position r and in a direction i).
This figure shows minimal discrepancies between SWEET and MCO (and the confidence
intervals for SWEET in grey). However, beyond a distance of 20 m corresponding to an
optical tickness of 20 since = 1 m~!), the MCO simulator exhibits a lack of precision, yield-
ing zero values. Conversely, with SWEET, the fluence continues to attenuate even after the
20-meter mark, albeit with some observed uncertainties (as evidenced by a slight widening
of the confidence interval). This suggests that while both simulators perform reasonably
well in capturing fluence levels within shorter distances, SWEET demonstrates greater
robustness and accuracy in simulating the attenuation of fluence over longer distances.
The persistence of fluence attenuation with SWEET, coupled with the widening confidence
intervals, indicates a more nuanced understanding of the light transport phenomena, al-
lowing for better characterization of uncertainties and more reliable predictions even in
challenging scenarios. These findings underscore the advantage of SWEET in providing
accurate and consistent simulations for a wide range of distances, making it a valuable tool
for applications requiring precise modeling of light propagation in complex environments.

Figure 3 depicts differences not exceeding 4% between SWEET and MS at a distance
of 1 mm from the point source. As we delve further, we will showcase comparisons for
additional distances to elucidate potential limitations and variances.

102 —— SWEET
»»»»»»»» MS
0.04
10! 4 L 003
- 3 0.02 -
0 ]
R = 001
= 0 25 50 75 100 125 150 175
[ Theta (°)
Y 1004
c
.©
©
©
o
10—1_

0 25 50 75 100 125 150 175
Theta (°)

Figure 3. Comparing SWEET to Mitsuba for a simple situation on radiance evaluation at a distance
of 1 mm, for asymetry phase parameter: g = 0.5, optical parameters: o = 0.9 mlandxk=01m 1

The initial comparison between SWEET and MS/MCO0 yields promising results, sug-
gesting a close agreement in modeling light propagation dynamics, as evidenced by the
Figures 2 and 3 However, to comprehensively gauge the performance and applicability of
these simulations, it’s essential to broaden the scope of analysis. This entails exploring a
range of distances from the source, encompassing both near-field and far-field scenarios.
By doing so, we can capture the all kinds of light propagation behaviors and assess how
well the models perform across various spatial extents. Additionally, delving into different
optical parameters such as absorption (x) and scattering () coefficients and the anisotropy
phase parameter (g) is crucial. These parameters play a significant role in dictating the inter-
action of light with the medium, and understanding their impact on simulation outcomes is
vital for real-world applications. Through this comprehensive analysis, we aim to not only
validate the agreement between SWEET and MS/MCO0 but also to elucidate the factors that
influence their performance, thus enhancing their utility across a wide range of practical
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applications in fields such as automotive perception, biomedical imaging, environmental
monitoring, and materials science.

Figure 4 displays the relative discrepancies resulting from the comparison between
SWEET and MCO for two values of the phase asymmetry parameter. For a value of g =0
(indicating an isotropic phase function), it is observed that the differences are minimal
(less than 10%) for distances less than 10 m as seen in Table 4. However, beyond 10m, the
discrepancies become relatively substantial, with white regions indicating instances where
MCO provided a null value. Nevertheless, as depicted in Figure 5, SWEET continues to
provide results even as its confidence interval widens. This observation has already been
noted through Figure 2. We can also observe through Table 4 that several values provided
by MCO are not very consistent (notably, the average value of 9.34 x 1072 is higher than
the previous row, which is illogical and implies a divergence in the results with MCO for
high distances). This may stem from the calculation method used by the MCO code, which
requires refining the step size between calculation points to increase result accuracy, at
the cost of drastically increasing computation time. Unfortunately, we do not have the
standard deviations of this code to verify the convergence.

1.0 Lo

0.8

0.6

Albedo (-)
Rel error

0.4

0.2

0.0

T T T T T 0.0
20 40 0 10 20 30 40
Distance (m) Distance (m)

Figure 4. Relative discrepancies for fluence between SWEET to Steven’s Monte Carlo code for a set

(%8

e where

of distances, optical coeficients (x & ¢) and anisotropy phase parameter (g). Albedo =
B = o + « is taken equal to 1.0.; g = 0 in the left and g = 0.9 in the right.

1.0
0.8
0.6
0.4
]
0.0
20 30 40 0 10 20 - 30 40

Distance (m) Distance (m

Albedo (-)
Rel CI

0 10

Figure 5. Relative 95 % confidence intervals of SWEET for fluence for a set of distances, optical
coeficients (k & 0) and anisotropy phase parameter (g). Albedo = 7+ , g = 0 in the left and g = 0.9 in
the right.

Furthermore, it’s evident that as the distance increases and the albedo increases, the
discrepancies between SWEET and MCO become more pronounced, the exceed 100% as
seen in Figure 4 and the red colored relative errors in Table 4. Conversely, the differences
are relatively minor when the albedo is low. Another observation from comparing the right
and left Figure 4 is that the discrepancies are smaller for larger distances when the albedo
is high and the medium is diffusing in the forward direction (i.e., g = 0.9).
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Table 4. Comparing fluence with SWEET and Steven’s Monte Carlo code for ¢ = {0.01,0.5,0.99} m1, g ={0,0.9} and a set of distances, the mean values of
SWEET and MCO and the 95% confidence intervals are shown and the relative differences, fluence values are in (W/m?), red-colored values are for relatively high
discrepancies, - are for points where MCO gives a null value.

Distance (m) g=00 g=09
Mean SWEET Mean MCO0 Inf SWEET Sup SWEET Rel Error Mean SWEET Mean MC0 Inf SWEET Sup SWEET Rel Error

c=001m™!

0.001 7.95 x 10104 7.39 x 10104 7.95 x 10104 7.95 x 10104 7.61 x 10792 7.95 x 10104 7.39 x 10104 7.94 x 10104 7.96 x 10104 7.67 x 10702

0.5 1.95 x 10701 1.94 x 10701 1.95 x 10701 1.95 x 1091 5.08 x 1093 1.94 x 10701 1.93 x 10791 1.94 x 10791 1.94 x 10701 5.33 x 10793

1.0 2.96 x 10792 2.96 x 10792 2.96 x 10792 2.96 x 1092 442 x 10704 2.95 x 1092 2.96 x 10702 2.95 x 10702 2.96 x 10792 7.83 x 10704

5.0 2.20 x 107% 232 x10°% 220 x 1079 2.20 x 1079 5.07 x 1092 2.25x107% 2.36 x 1079 224 x10°% 2.25x10~% 4.99 x 1092

10.0 3.72 x 10798 5.99 x 10~%8 3.72 x 10798 3.73 x 10798 3.78 x 109 3.92 x 10798 6.05 x 10708 3.90 x 1098 3.94 x 10798 3.53 x 10701

20.0 421 x10°13 0.00 x 10100 420 x 10713 423 x 10713 - 8.18 x 10713 0.00 x 10100 3.15 x 10713 1.32 x 10712 -

30.0 851 x 10718 0.00 x 10100 8.45 x 1018 8.57 x 10718 - 9.89 x 1018 0.00 x 10700 8.80 x 10718 1.10 x 10717 -

40.0 2.16 x 1072 0.00 x 10100 2.16 x 1072 2.16 x 10722 - 2.86 x 1072 0.00 x 10700 2.06 x 10722 3.66 x 10722 -
oc=05m™1

0.001 7.96 x 10704 7.36 x 10704 7.96 x 10704 7.96 x 10104 8.20 x 10702 7.95 x 10704 7.35 x 10704 7.94 x 10104 7.96 x 10704 8.15 x 10702

0.5 2.95 x 1079 2.95 x 10701 2.94 x 1079 2.95 x 10701 1.11 x 1003 2,51 x 10~% 2,51 x 10701 2.50 x 10701 2.52 x 10”9 3.19 x 10704

1.0 5.86 x 10702 5.87 x 1002 5.85 x 1002 5.87 x 10702 8.83 x 10~% 4.88 x 10792 4.92 x 10702 4.85 x 10702 491 x 10792 7.83 x 10703

5.0 1.29 x 10~% 1.29 x 10704 1.27 x 107% 1.30 x 107%4 1.28 x 10704 2.54 x 10704 2.50 x 10704 245 % 10704 2.63 x 10704 1.40 x 10792

10.0 430 x 107% 458 x 1097 4.04 x 10797 455 x 10797 6.21 x 10702 432 x 1079 4.18 x 1079 3.63 x 10706 5.01 x 1079 3.40 x 10792

20.0 5.62 x 10712 0.00 x 10100 4.65 x 10712 6.58 x 10712 - 1.26 x 1079 4.08 x 10-% 7.60 x 10710 1.76 x 1079 6.92 x 10701

30.0 9.82 x 107V 0.00 x 10100 6.65 x 10~17 1.30 x 10~16 - 1.00 x 10~13 0.00 x 10700 3.03x 10715 2.85 x 10714 -

40.0 2.53 x 10~ 0.00 x 10100 253 x 1024 253 x 102 - 410 % 107Y 0.00 x 10100 2.90 x 10~17 450 x 10718 -
c=099m™1!

0.001 7.97 x 10104 7.47 x 10104 7.97 x 10104 7.97 x 10104 6.73 x 10702 7.96 x 10104 7.60 x 10104 7.95 x 10104 7.97 x 10104 4.65 x 10702

0.5 5.94 x 107 5.93 x 10701 5.92 x 109 5.95 x 10~%1 7.22 x 10704 3.28 x 1079 3.36 x 10701 3.25 x 10701 3.30 x 10701 245 x 10792

1.0 220 x 1079 221 x 1079 2.19 x 1079 2.20 x 10791 5.32 x 10793 8.47 x 10702 8.74 x 10702 8.34 x 10702 8.61 x 10702 3.05 x 10792

5.0 1.95 x 10792 1.99 x 10792 1.91 x 10792 2.00 x 10702 1.72 x 10702 447 x 1079 4.60 x 10793 427 x 1079 4.66 x 1079 2.90 x 10792

10.0 391 x 1079 420 x10°% 3.77 x 10793 4.05x 1079 6.86 x 10702 1.47 x 1079 1.44 x 10~ 1.35 x 10703 1.59 x 10703 1.72 x 10792

20.0 2.23 x 10704 3.73 x 107 1.89 x 10704 257 x 10704 4.03 x 1079 3.41 x 107% 3.94 x 10~% 291 x10°% 3.90 x 10~% 1.36 x 10791

30.0 3.46 x 10705 443 x10°% 9.03 x 1079 6.02 x 10°% 2.18 x 1070 1.52 x 10704 1.49 x 10794 8.20 x 1079 222 x107% 1.80 x 1092

40.0 7.67 x 10797 934x107%%  —486x10"%  2.02x107% 1.00 x 1079 4.75 x 1079 2.74 x 10701 3.37 x 10~% 6.14 x 10-% 1.00 x 10700
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These findings underscore the complex interplay between distance, albedo, and the
accuracy of light propagation modeling techniques. The widening of the confidence interval
for SWEET at greater distances (as seen in Table 4) suggests a decrease in confidence in its
predictions, likely due to the increasing complexity of light interactions with the medium
over longer propagation paths. Additionally, the correlation between discrepancies and
albedo implies that the accuracy of the models is influenced by the scattering properties
of the medium. In future work, it would be interesting to study the correlation between
various optical parameters to analyze a potential multivariate trend.

Understanding these relationships is crucial for refining simulation models and im-
proving their predictive capabilities, particularly in scenarios where accurate estimation
of light propagation is essential, such as in automotive applications. Further investiga-
tion into the underlying mechanisms driving these observations is warranted to enhance
the robustness and applicability of light propagation simulation tools across diverse real-
world scenarios.

Figures 6 and 7 present the relative differences between SWEET and MS for two values
of the asymmetry parameter g, specifically 0 and 0.9. The data reveals that these discrepan-
cies begin to exceed 20% when the distance from the source surpasses 10 m. This indicates
a growing divergence between the two simulators’ results as one moves further away from
the point source. This can be confirmed through the relative differences shown in red in
Table 5. However, as it can be seen in the same table, these differences decrease as scattering
coefficient increases.
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Figure 6. Comparing SWEET to Mitsuba Monte Carlo code for luminance for a set of distances and
optical coeficients (k & ). Anisotropy phase parameter (g) equals to 0.0, for the case of punctual light

a

source. Albedo = where B = 0 + « is taken equal to 1.0., each figure corresponds to a distance

oK’
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as in this matrix: | 1.0 5.0 | m.

10.0 20.0



J. Imaging 2024, 10, 306 19 of 39

Table 5. Comparing luminance L(8 = 0.01°) with SWEET and MS for a point light source and for ¢ = {0.01,0.6,0.99} m~!, g = {0,0.9} and a set of distances, the
mean values of SWEET and MS and the 95% confidence intervals are shown and the relative differences, luminance values are in (W/ m?/sr), red-colored values are
for relatively high discrepancies.

=0.0 =09
Distance (m) & &
Mean SWEET Mean MS Inf SWEET Sup SWEET Rel Error Mean SWEET Mean MS Inf SWEET Sup SWEET Rel Error
c=0.01m!
0.001 1.01 x 10106 1.43 x 10704 1.01 x 1070 1.02 x 10196 6.99 x 10101 1.09 x 10106 9.37 x 10104 1.09 x 10106 1.10 x 10106 1.06 x 10701
0.5 1.97 x 10101 1.68 x 10101 1.95 x 10101 1.99 x 10101 1.70 x 10791 1.13 x 10792 1.09 x 10192 1.13 x 10102 1.14 x 10792 3.67 x 10702
1.0 5.63 x 10100 5.28 x 10100 558 x 10100 5.68 x 10100 6.50 x 10702 341 x 10101 3.35 x 10101 3.40 x 10101 3.42 x 10101 1.84 x 10792
5.0 1.92 x 1092 1.84 x 10792 1.86 x 1092 1.99 x 10792 454 x 10702 1.23 x 10791 1.25 x 10791 1.21 x 10701 1.24 x 10791 1.49 x 10792
10.0 5.65 x 10705 6.80 x 10705 407 x 1070 7.22 x 1079 1.70 x 1001 418 x 10704 429 x 10704 3.78 x 10704 459 x 10704 246 x 10702
20.0 1.50 x 10~10 1.49 x 1014 —130x 10710 431 x10°10 1.01 x 10704 223 x 10710 1.28 x 10712 5.37 x 10~ 1 3.92 x 10710 1.74 x 10702
c=06m!
0.001 1.96 x 10706 8.57 x 10195 1.78 x 10706 2.14 x 10106 1.28 x 10100 6.43 x 10106 5.62 x 10106 6.07 x 10106 6.79 x 10106 1.44 x 10791
0.5 1.05 x 10793 1.01 x 1079 1.04 x 10793 1.06 x 10793 3.52 x 10792 6.70 x 10103 6.57 x 10103 6.67 x 10103 6.72 x 10103 1.96 x 1092
1.0 3.14 x 10102 3.18 x 10102 3.11 x 10102 3.17 x 10102 1.08 x 10792 2.02 x 10103 2.01 x 10103 2.02 x 10103 2.03 x 10103 543 x 10703
5.0 1.16 x 10790 1.11 x 10790 1.12 x 10190 1.20 x 10790 451 x 10702 7.63 x 10100 7.60 x 10190 7.53 x 10700 7.72 x 10100 3.84 x 10703
10.0 415 % 1079 412 x 1079 3.01 x 109 5.29 x 10703 7.03 x 10793 2,53 x 10702 2.79 x 10702 2.27 x 10702 2.78 x 10702 9.63 x 10702
20.0 6.05 x 10710 1.11 x 10710 317 x 10710 8.92 x 10710 445 x 10100 499 x 10797 5.04 x 10797 3.77 x 10707 6.22 x 10797 9.58 x 10703
c=099m!
0.001 2.40 x 10106 1.41 x 1079 2.12 x 10106 2.68 x 10106 6.98 x 10701 9.80 x 10106 9.27 x 10106 9.21 x 10106 1.04 x 10797 1.20 x 10792
0.5 2.12 x 10102 2.08 x 10192 2.12 x 10102 2.17 x 10102 2.39 x 10792 1.05 x 10703 1.06 x 10793 1.05 x 10103 1.06 x 1079 513 x 10703
1.0 6.52 x 10101 6.50 x 10101 6.50 x 10101 6.55 x 1001 7.94 x 1073 3.48 x 10102 3.49 x 10102 3.47 x 10102 3.49 x 10102 256 x 1079
5.0 3.75 x 10700 3.69 x 10100 3.71 x 10100 3.79 x 10100 3.56 x 10702 2.19 x 10101 2.18 x 10101 2.16 x 10101 2.21 x 10101 3.10 x 10702
10.0 2.60 x 10702 2.67 x 10702 221 x 10702 2.91 x 10702 6.23 x 10703 1.43 x 10791 1.56 x 10791 1.34 x 10791 1.56 x 10701 1.62 x 10792
20.0 5.62 x 10708 6.02 x 10708 5.81 x 10708 6.12 x 10708 6.85 x 10703 594 x 10705 594 x 10705 591 x 10705 5.98 x 10705 1.74 x 10792
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Figure 7. Comparing SWEET to Mitsuba Monte Carlo code for luminance for a set of distances and
optical coeficients (k & o). Anisotropy phase parameter (g) equals to 0.9, for the case of punctual light
source. Albedo = -%—, where § = ¢ + « is taken equal to 1.0., each figure corresponds to a distance

o+K’
0.001 0.5
as in this matrix: | 1.0 5.0 | m.
10.0 20.0

Additionally, the calculations performed very close to the source, particularly at a
distance of 1 mm, exhibit significant instability as shown through relative errors for small
distances colored in red in Table 5. This instability arises due to the nature of the point
source being modeled as a Dirac delta function. A Dirac delta function represents an ideal-
ized point source that is mathematically challenging to handle because it involves infinite
intensity at a single point while having an integral over space that is finite. This characteris-
tic leads to substantial numerical difficulties and potential inaccuracies in the simulations.

The analysis of the relative confidence intervals of SWEET reveals significant uncer-
tainties at a distance of 1 mm when the angle theta is zero as depicted in Figures 8 and 9,
espicially for high albedo values (high scattering medium). The relative confidence interval
is about 30% for ¢ = 0.99 m~! (computed from Table 5). Indeed, as scattering increases,
there is a higher likelihood of photons being located very close to the source, which induces
significant variance, as the luminance of a point source is inversely proportional to the
square of the distance. Once again, it is the Dirac-like nature of this type of source that
causes these difficulties. These challenges are inherent to the mathematical complexities
and numerical instabilities associated with modeling such a highly localized and intense
source. Beyond this immediate proximity to the source, the SWEET simulator exhibits
varying levels of uncertainty, which can surpass 20% at distances greater than 10 m. This
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variability indicates that while SWEET is a robust tool for many applications, it struggles
with precision over extended ranges when dealing with a point source.
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Figure 8. SWEET relative 95 % confidence interval for luminance for a set of distances and optical
coeficients (x & o). Anisotropy phase parameter (g) equals to 0.0, for the case of punctual light source.
Albedo = T, where B = ¢ + « is taken equal to 1.0., each figure corresponds to a distance as in this

0.001 0.5
matrix: | 1.0 5.0 | m.
10.0 20.0

Figures 10 and 11 illustrate the luminance results for a rectangular light source mea-
suring 2 m by 2 m, placed within a rectangular tunnel with dimensions of 2 m by 2 m by
80 m. Unlike the point source scenario discussed previously, the luminance calculations for
this surface source are significantly more stable. The stability can be attributed to the more
distributed nature of the light source, which alleviates the numerical difficulties associated
with the Dirac delta function used to model a point source.

In this setup, the discrepancies between the luminance values calculated by SWEET
and MS do not exceed 5% up to a distance of 5 m from the source. This indicates a high
degree of agreement between the two methods within this range, suggesting that both
simulators handle the surface source scenario effectively in close to mid-range distances.
For the luminance computed in the forward direction (L(6 = 0°)), the differences do not
exceed 5% even at a 10 m distance (Table 6).
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Figure 9. SWEET relative 95 % confidence interval for luminance for a set of distances and optical
coeficients (x & ). Anisotropy phase parameter (g) equals to 0.9, for the case of punctual light source.

Albedo = ;%+, where B = ¢ + « is taken equal to 1.0., each figure corresponds to a distance as in this
0.001 0.5

matrix: [ 1.0 5.0 [m.
10.0 20.0

However, beyond the 5-meter mark, the differences begin to grow. At a distance of
20 m from the source, the MS method yields zero luminance values, as it can be seen in
Figures 10 and 11 and in Table 6. This suggests a limitation in the MS approach’s ability
to accurately simulate luminance at greater distances within the tunnel environment. The
tunnel’s geometry and the extended range likely contribute to the attenuation and scattering
effects that challenge the MS simulator, leading to these null values. In contrast, SWEET
continues to provide non-zero luminance values, indicating its robustness in handling
longer-range light propagation in this specific environment. These conclusions need to
be discussed further, especially regarding meaningfull optical depths in the automotive
driving context.

Overall, these results underscore the advantages of using a surface source model over a
point source model in terms of computational stability and accuracy in practical applications.
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Table 6. Comparing luminance L(f = 0°) with SWEET and MS for a rectangular light source and for ¢ = {0.01,0.6,0.99} m~!, g = {0,0.9} and a set of distances, the
mean values of SWEET and MS and the 95% confidence intervals are shown and the relative differences, luminance values are in (W/m?2 /sr), red-colored values are
for relatively high discrepancies, - are for points where MS gives null values.

=0.0 =09
Distance (m) & &
Mean SWEET Mean MCO0 Inf SWEET Sup SWEET Rel Error Mean SWEET Mean MS Inf SWEET Sup SWEET Rel Error
c=0.01m"!
0.001 9.99 x 101 9.99 x 1071 9.99 x 101 9.99 x 101 9.50 x 10~ 9.99 x 101 9.99 x 10! 9.99 x 101 9.99 x 101 9.21 x10°°
0.5 6.08 x 1071 6.06 x 1071 6.08 x 1071 6.08 x 1071 1.98 x 103 6.09 x 1071 6.06 x 1071 6.09 x 1071 6.09 x 1071 478 x 1073
1.0 3.69 x 1071 3.68 x 1071 3.69 x 1071 3.69 x 101 2.60 x 1073 3.71 x 1071 3.68 x 107! 3.71 x 1071 3.71 x 1071 8.92 x 1073
5.0 6.76 x 1073 6.76 x 1073 6.75 x 1073 6.78 x 1073 455 % 1074 7.00 x 1073 6.98 x 1073 6.99 x 1073 7.02 x 1073 2.36 x 1073
10.0 463 x107° 442 x 107> 4.49 x 107> 476 x 107° 4.62 x 1072 479 x 107> 468 x 107° 4.66 x 107° 493 x 107> 2.40 x 102
20.0 1.38 x 10711 0.00 x 1010 —361x10712  311x10°1 - 1.00 x 1010 9.36 x 10712 9.06 x 1011 1.10 x 10710 9.69 x 1010
c=06m"1
0.001 9.99 x 101 9.99 x 1071 9.99 x 101 9.99 x 101 1.02 x 10~ 1.00 x 1019 1.00 x 1070 1.00 x 1010 1.00 x 1010 1.59 x 104
0.5 6.89 x 101 6.78 x 1071 6.88 x 1071 6.89 x 1071 1.59 x 1072 8.08 x 101 8.19 x 1071 8.08 x 1071 8.08 x 101 1.28 x 1072
1.0 451 x 107! 439 x 101 451 x 1071 451 x 1071 2.77 x 1072 6.46 x 1071 6.37 x 1071 6.46 x 1071 6.46 x 1071 1.45 x 1072
5.0 9.85x 1073 9.84 x 1073 9.84 x 1073 9.87 x 1073 9.35 x 1074 6.81 x 1072 6.73 x 1072 6.81 x 102 6.81 x 1072 1.25 x 1072
10.0 6.85x 10~° 6.79 x 107° 6.72 x 107° 6.99 x 10~ 9.29 x 1073 1.95 x 1073 1.95 x 1073 1.95 x 103 1.96 x 1073 9.58 x 10~4
20.0 7.33 x 10710 0.00 x 1010 5.89 x 10~ 11 1.41 x 1072 - 8.69 x 10~7 1.05 x 1076 7.31 x 1077 1.01 x 107° 1.69 x 10~1
c=099m!
0.001 1.00 x 1019 1.00 x 1019 1.00 x 1070 1.00 x 1070 228 x 107° 1.00 x 1019 1.00 x 1079 1.00 x 1070 1.00 x 1019 9.96 x 10~
0.5 7.88 x 1071 7.79 x 1071 7.88 x 1071 7.88 x 1071 1.11 x 1072 9.78 x 1071 9.74 x 1071 9.78 x 101 9.78 x 101 4.00 x 1073
1.0 5.69 x 1071 5.63 x 1071 5.68 x 1071 5.69 x 1071 1.05 x 102 9.27 x 101 9.30 x 1071 9.27 x 101 9.27 x 101 327 x 1073
5.0 1.60 x 1072 1.61 x 1072 1.60 x 1072 1.61 x 1072 853 x 1073 1.04 x 1071 1.06 x 1071 1.04 x 1071 1.04 x 1071 1.71 x 1072
10.0 112 x 1074 117 x 1074 112 x 1074 113 x 1074 4.40 x 1072 322 %1073 3.28 x 1073 321 %1073 323 x 1073 1.99 x 1072
20.0 123 x 1077 3.85 x 1077 1.78 x 1078 2.28 x 10~7 - 426 x 107° 484 x107° 2.62 x107° 591 x 10 1.37 x 1071
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Figure 10. Comparing SWEET to Mitsuba Monte Carlo code for luminance for a set of distances and

optical coeficients (x & ¢). Anisotropy phase parameter (g) equals to 0.0, for the case of rectangular

light source. Albedo = ﬁ, where B = 0 + « is taken equal to 1.0., each figure corresponds to a
0.001 0.5

distance as in this matrix: | 1.0 5.0 [m.
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Figure 11. Comparing SWEET to Mitsuba Monte Carlo code for luminance for luminance for a set
of distances and optical coeficients (x & o). Anisotropy phase parameter (g) equals to 0.9, for the

case of rectangular light source. Albedo = where B = 0 + « is taken equal to 1.0., each figure

(7'+K 4
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corresponds to a distance as in this matrix: | 1.0 5.0 |m.
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When the source is modeled as a rectangular surface (2 m by 2 m), placed in a rectan-
gular tunnel (2 m by 2 m by 80 m), the variability and overall uncertainties in the SWEET
simulations are significantly reduced compred to the Dirac-type case. Figures 12 and 13
demonstrate that for this surface source scenario, the uncertainties remain low (less than
5%) up to a distance of 5 m. This improvement is likely due to the more distributed nature of
the surface source, which mitigates the extreme intensity and localization issues present in
the point source model. However, as the distance from the surface source increases beyond
5 m, the uncertainties begin to rise again, exceeding 10% at greater distances. This increase
is expected as the challenges of accurately modeling light propagation and scattering in a
confined tunnel environment become more pronounced with distance. Ongoing work on
bi-directional path tracing would help with these kinds of cases with special lighting.
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Figure 12. SWEET relative 95 % confidence interval for a set of distances and optical coeficients (x

& 7). Anisotropy phase parameter (g) equals to 0.0, for the case of rectangular light source. Albedo

= %, where § = 0 + « is taken equal to 1.0., each figure corresponds to a distance as in this matrix :

TFK’
0.001 0.5
1.0 50 |m.
10.0 20.0

We have also added a comparison between the SWEET and MS simulators for the
case of two point sources placed in an infinite medium. Figure 14 shows the relative
discrepancies between the two simulators. It can be observed that these discrepancies are
minor, not exceeding 5% overall up to a distance of 5 m. The higher discrepancies are
attributed to the uncertainties of SWEET, as illustrated in Figure 15. Indeed, Table 7 also
shows relatively wide confidence intervals at the 20 m distance.
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Figure 13. SWEET relative 95 % confidence interval for luminance for a set of distances and optical
coeficients (x & o). Anisotropy phase parameter (g) equals to 0.9, for the case of rectangular light

source. Albedo = ﬁ, where B = 0 + « is taken equal to 1.0., each figure corresponds to a distance
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Figure 14. Comparing SWEET to Mitsuba Monte Carlo code for luminance for a set of distances and

optical coeficients (x & ). Anisotropy phase parameter (g) equals to 0.0, for the case of 2 point lights.

Albedo = T, where B = ¢ + « is taken equal to 1.0., each figure corresponds to a distance as in this
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matrix: [ 1.0 5.0 [m.
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Table 7. Comparison of luminance L(# = 0.01°) from SWEET and MS for a configuration with two point light sources and for ¢ = {0.01,0.6,0.99} m~!, g = {0,0.9}
and a set of distances, the mean values of SWEET and MS and the 95% confidence intervals are shown and the relative differences, luminance values are in
(W/m?2 /sr), red-colored values are for relatively high discrepancies.

=0.0 =09
Distance (m) & &
Mean SWEET Mean MCO0 Inf SWEET Sup SWEET Rel Error Mean SWEET Mean MC0 Inf SWEET Sup SWEET Rel Error
c=0.0lm™!
0.001 3.12x 1074 3.09 x 1074 3.12x 1074 312 x 1074 7.98 x 1073 1.67 x 107 1.66 x 1072 1.66 x 102 1.67 x 107> 3.39 x 1073
0.5 3.94 x 1074 391 x 1074 3.94 x 1074 3.94 x 10~* 9.33 x 1073 3.57 x 107° 3.56 x 107> 3.57 x 107> 3.58 x 107° 1.92 x 103
1.0 3.54 x 1074 351 x 1074 3.54 x 1074 354 x 1074 6.65 x 1073 5.71 x 10~° 5.70 x 107> 571 x 107° 571 x 107° 2.45 x 1073
5.0 1.15 x 105 1.15x 107> 1.15x 107> 1.15 x 107> 1.83 x 10~ 2.20 x 107° 2.20 x 10~° 2.20 x 107° 2.20 x 107° 1.28 x 1073
10.0 8.45 x 108 8.46 x 108 8.36 x 1078 8.54 x 1078 1.11 x 1073 429 x 10~7 435 %107 428 x 107 430 x 1077 1.44 x 1072
20.0 337 x 10712 331x1074 —171x10718  692x 1012 1.01 x 102 375 x 101 410 x 10712 3.45x 10711 4,05 x 10~ 11 8.16 x 109
c=06m"1
0.001 478 x 1072 475 x 1072 4.77 x 1072 4.80 x 1072 7.69 x 1073 259 x 1073 245 x 1073 2.55 x 1073 2.64 x 1073 5.75 x 1072
0.5 5.88 x 1072 5.80 x 1072 5.86 x 1072 590 x 1072 1.32 x 1072 5.66 x 1073 543 x 1073 541 x 1073 591 x 1073 417 x 1072
1.0 5.43 x 1072 5.49 x 1072 5.42 x 1072 544 x 1072 1.06 x 1072 9.68 x 1073 9.65 x 1073 953 x 1073 9.83 x 1073 3.65 x 1073
5.0 248 x 1073 246 x 1073 242 %1073 2.54 x 1073 597 x 1073 1.36 x 1072 1.33 x 1072 1.35 x 1072 1.37 x 1072 1.96 x 1072
10.0 227 x107° 226 x 107° 222 x 107> 2.32x107° 2.76 x 1073 8.27 x 1074 873 x 1074 8.05 x 1074 8.48 x 1074 5.32 x 1072
20.0 1.36 x 10~° 2.12 x 10710 5.04 x 10~10 2.21 x107° 5.40 x 109 9.75 x 10~7 558 x 10~7 7.90 x 107 1.16 x 10~° 7.47 x 1071
oc=099m™!
0.001 3.01 x 107! 298 x 107! 3.00 x 1071 3.01 x 107! 7.75 x 1073 1.21 x 1072 1.08 x 1072 1.17 x 1072 1.26 x 1072 1.28 x 1071
0.5 3.46 x 1071 3.37 x 1071 3.44 x 1071 3.49 x 1071 2.62 x 1072 2.18 x 1072 2.01 x 1072 2.08 x 1072 2.28 x 1072 8.25 x 1072
1.0 334 x 107! 330 x 107! 332 %1071 337 x 107! 1.35 x 1072 3.65 x 1072 3.42 x 1072 3.52 x 1072 3.78 x 1072 6.43 x 1072
5.0 6.66 x 1072 6.55 x 1072 6.59 x 1072 6.71 x 1072 2.05 x 1072 1.74 x 1071 1.70 x 101 1.72 x 1071 1.75 x 10~1 243 x 1072
10.0 1.34 x 1073 134 x 1073 132 x 1073 135 x 1073 497 x 1073 243 x 1072 2.54 x 1072 237 x 1072 2.50 x 1072 451 x 1072
20.0 2.96 x 1078 4.89 x 1077 1.26 x 108 5.66 x 1078 8.42 x 10V 3.89 x 10~4 227 x 10~* 3.00 x 10~* 441 x 1074 415 x 107!
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Figure 15. SWEET relative 95% confidence interval for luminance for a set of distances and optical
coeficients (x & ¢). Anisotropy phase parameter (g) equals to 0.0, for the case of 2 point lights.
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4.2. Invariance Property (IP) Estimates

In this section of the article, we considered several spheres with radii ranging from
10 cm to 5 m, and cubes with sides ranging from 10 cm to 5 m. We estimated the invariance
property using SWEET. Initially, we considered the following optical properties in these
enclosed media:  =1.0m™!, ¢ = 1.0 and x = 0.0 m~! to adhere to the conditions required
for the application of the invariance property (IP). Figures 16 and 17 show the obtained
results. A relative error was calculated with respect to the theoretical IP equation, which
states that for a homogeneous medium (L) = 4%, where (L) is the mean path length, V is
the volume, and S is the surface area. For a cube, this gives (L) = %C, where C is the side
length of the cube, and for a sphere, (L) = %r, where r is the radius of the sphere.

As shown in these figures, the relative error is negligible. The error is slightly higher
in the case of spheres because SWEET models a sphere as a set of triangular facets. To
further reduce this error, one could increase the number of rings and segments of the sphere,
resulting in more triangles.
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Figure 16. Mean path length estimated with SWEET and theorically (using IP) for cubes with side
lengths ranging from 10 cm to 5 m, for asymetry phase parameter: g = 0.0, optical parameters:
c=10mland x=0.0m™L
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Figure 17. Mean path length estimated with SWEET and theorically (using IP) for spheres with radii
ranging from 10 cm to 5 m, for asymetry phase parameter: g = 0.0, optical parameters: ¢ = 1.0 m !
and x =0.0m™ L.

We further extended the analysis of the invariance property (IP) by varying the optical
parameters (o, x and g) for different sizes of cubes and spheres. Figures 18 and 19 display
the relative errors of SWEET compared to the theoretical equation presented earlier. The
results clearly demonstrate that the relative error of the IP remains low across all these
estimations (not exceeding 4 %.), regardless of the variations in optical parameters and
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geometric dimensions. However, slightly higher relative errors are observed for smaller
dimensions (r = 0.1 m and C = 0.1 m). This can be attributed to the fact that SWEET uses
triangular facets, which can introduce rounding errors in the approximations. As the size
of the cubes and spheres decreases, the number of triangular facets increases relative to
the surface area, leading to more pronounced discretization effects. These effects are more
significant in smaller geometries, resulting in higher relative errors. Despite this, the errors
remain within an acceptable range, indicating that SWEET is still reliable for small-scale
simulations, though caution should be exercised and adjustments may be needed for higher
precision. The number of Monte Carlo iterations N can also impact these results; increasing
N reduces the standard deviation of the Monte Carlo results then reduces the relative error.
With the computational resources at our disposal, using a Linux machine equipped with
an NVIDIA RTX A4500 graphics card, we were able to increase N up to 1.2 x 108. This
substantial number of iterations helps to further minimize the relative error, enhancing
the accuracy and reliability of the SWEET simulations even for smaller dimensions and
varying optical parameters. The high iteration count ensures that statistical noise is reduced,
leading to more precise estimations of the invariance property.
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Figure 18. Relative errors of invariance property (IP) estimated with SWEET and theorically for cubes
with side lengths ranging from 10 cm to 4 m, for varying asymetry phase parameter g and optical
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Figure 19. Relative errors of invariance property (IP) estimated with SWEET and theorically for
spheres with radii ranging from 10 cm to 4 m, for varying asymetry phase parameter g and optical
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This analysis confirms the robustness of the SWEET tool in estimating the invariance
property, even in geometrically complex shapes. By considering the conditions to adhere to
the IP requirements, we can validate the accuracy and reliability of Monte Carlo simulations
across a range of geometric configurations.

4.3. Computational Cost Analysis

In this section, we conducted a comparative analysis of the execution time between
SWEET and MS. We did not include execution time comparisons with Steven’s code
(MCO0) because it is designed to compute fluence for multiple distances simultaneously.
This approach differs from the calculation scheme used by SWEET and MS, which are
specifically configured to calculate luminance at a single point and in a given direction.
Consequently, a direct comparison would not be meaningful due to the inherent differences
in computational methods.

The current analysis specifically applies to the case of an isotropic point source placed
within an infinite medium. We examined how execution time varies according to different
optical parameters. These calculations were performed on the same machine equipped with



J. Imaging 2024, 10, 306

32 of 39

an NVIDIA GeForce GTX 950M graphics card, and the photon count was kept identical
between SWEET and MS for a fair comparison. It is important to note that the focus here
is solely on execution time without consideration for convergence. In previous sections,
we increased the photon counts to the limits to ensure optimal convergence of the results
being compared (i.e., luminance and fluence).

Figure 20 illustrates the execution time of SWEET and MS for luminance calculations
as a function of the theta angle in the luminance direction, with N = 10° photons and
identical optical parameters. As shown, SWEET achieves execution speeds more than twice
as fast as MS in this specific case.

22 4 \/\/\/\
2.0 A
~ 1.8 1
2
g
S 1.6 — MS
C
.S SWEET
0 1.4 1
Q
X
L
1.2 A
1.0 A
Ol8 ) T T T T T T T T
0 25 50 75 100 125 150 175

O (degrees)

Figure 20. Execution time for SWEET and MS done with 10° photons in luminance computing, for
asymetry phase parameter: g = 0.9, optical parameters: ¢ = 0.99 m~!and x=0.01 mL.

Figure 21 illustrates the variations in execution time for computing the luminance
L(0 = 0) for the same optical parameters as a function of the photon count, N. We observe
that SWEET consistently performs at more than twice the speed of MS. We also observe
that for low values of N, the ratio fluctuates significantly. This is explained by the fact that
these low values of N do not allow for convergence of the luminance, leading to instability
in the execution time ratio between SWEET and MS.

In the following analysis, we computed execution times while varying optical pa-
rameters and the distances between the point source and the target point for luminance
calculation. Figures 22 and 23 present these results for SWEET and MS, respectively, with an
extinction coefficient 8 set to 1 m~! and asymetry parameter set to 0.9 across all calculations.

The results in these Figures 22 and 23 reveal, first, that as expected, execution time
increases as the medium becomes highly scattering (for values of albedo greater than 0.9).
This is explained by the increase in the number of scattering events in highly diffusive
media, which requires additional computation per photon path. In these highly scattering
media, the execution time reaches approximately 0.9s with SWEET and 2.25s with MS.

An intriguing observation in all results shown in Figures 20, 22 and 23 is that execution
time remains independent of the angle 6 of the luminance, despite the medium being infinite
and forward-scattering with an asymmetry parameter of g = 0.9. This outcome is likely
due to the use of an analytical delta point source, which is never physically intersected.
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Figure 21. Execution time variation with the photon count for SWEET and MS for a single luminance
computing (L(8 = 0)), for asymetry phase parameter: g = 0.9, optical parameters: ¢ = 0.99 m~! and
x=0.01m'.
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Figure 22. Execution time variation for SWEET for luminance computing, done with 10° photons
for varying optical parameters, for asymetry phase parameter: g = 0.9, each figure corresponds to a
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We also observe that SWEET consistently executes in less than half the time required
by MS. This finding is further supported by Figure 24, which displays the execution time
ratio of MS to SWEET, confirming SWEET’s advantage in efficiency.
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5. Discussion

The SWEET simulator has several distinct advantages that make it a valuable tool
for radiative transfer and physically based imaging simulations. One of SWEET’s main
strengths is its modular design, which allows for flexibility in integrating custom algorithms
and features that may not be readily available in other simulators. This flexibility is
especially beneficial for simulating complex environmental factors and material interactions,
which are essential for autonomous vehicle applications. Additionally, SWEET performs
well in terms of accuracy, especially for low optical thicknesses, even though modeling point
sources remains challenging due to their Dirac-like nature as seen through Figures 6 and 7.
The use of surface-based light sources in SWEET also leads to faster convergence and more
stable results (illustrated in Figures 10 and 11), making it a reliable choice for a range of
imaging tasks.

Moreover, the BSDF models implemented in SWEET enable realistic light interactions
with various surfaces, which is critical for applications such as camera-based perception
in automated vehicles. With microfacet models, SWEET can accurately simulate surface
roughness, which enhances the realism of the rendered images.

However, SWEET also presents certain limitations. The current implementation
currently struggles with modeling point sources, which exhibit Dirac-like properties that
can be challenging to simulate effectively. While multiple importance sampling (MIS)
has accelerated convergence in volumetric path tracing, Monte Carlo noise remains an
issue that impacts the clarity of the results. To address this, bidirectional path tracing
could be added to explore more complex light paths, improving SWEET’s performance in
scenes with intricate lighting. Ongoing work will provide a comprehensive study on the
convergence speed between different versions of SWEET, particularly comparing versions
with and without importance sampling.

The analysis conducted in this article, whether comparing SWEET to MCO or to
MS, is based on the selection of key optical parameters (c, g, optical thickness). Our
approach allowed us to combine these parameters to analyze discrepancies between the
results. However, there may be correlations among these parameters. Therefore, in future
work, it would be valuable to study the correlation between various optical parameters to
investigate a potential multivariate trend leading to better understanding the outcomes.

Another area where SWEET could advance is in the integration of time-dependent
calculations. This feature would expand the simulator’s applicability to time-sensitive
technologies like Lidar, which requires precise temporal information. The study of po-
larized light also remains an underexplored area in SWEET, and its incorporation would
create new research possibilities, particularly in fields where polarization plays a role, such
as meteorological estimation and material identification. These potential enhancements
reflect a commitment to making SWEET not only a versatile tool for radiative transfer and
imaging simulations but also one that continuously evolves to address the emerging needs
of autonomous vehicle sensing and imaging applications.

6. Conclusions and Perspectives

In conclusion, this article presents recent advancements in the SWEET simulation
environment, initially designed for radiative transfer and now adapted for physically based
imaging with a focus on automated vehicles. In previous work, comparative analysis
between SWEET and other simulators, such as Mitsuba, allowed for a detailed evaluation
of SWEET’s image accuracy based on low-level metrics like contrast and pixel intensity.

In this paper, we proposed additional verification methods based on radiometric
quantities such as luminance and fluence. We first compared the relative errors of SWEET
with those of Steven’s Monte Carlo code and then compared SWEET’s results with those
of MS. The comparison with MCO results highlighted the robustness of SWEET, as it is
capable of producing results even for high optical depths. However, these results are
still limited by the inherent noise characteristic of Monte Carlo simulations, which can
affect the accuracy of the computed radiometric quantities, as shown in Figure 5. On the
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other hand, the comparison with MS results demonstrated a good overall consistency
between the two simulators. The largest discrepancies were observed when simulating a
point source, which is inherently challenging to model due to its Dirac-like nature. This
difficulty stems from the fact that point sources represent an idealized, singularity-like
light source, which is particularly problematic in radiative transfer simulations. As a result,
the simulations of point sources in SWEET, as well as in other simulators like MS, tend
to exhibit higher errors compared to surface-based sources, which are easier to handle
due to their continuous distribution of radiance. Despite these challenges, the overall
agreement between SWEET and MS suggests that SWEET’s implementation is generally
reliable for a wide range of simulations. On the other hand, SWEET achieves a good
convergence and more stable results when using surface-based light sources as seen through
Figures 12 and 13. Furthermore, the use of the invariance property has yielded conclusive
results for SWEET, proving that there are no implementation issues or improper handling
of boundary conditions (Figures 18 and 19). The comparative analysis of computational
costs highlighted SWEET’s speed advantage, showing that it is over twice as fast as MS for
the presented case study (Figure 24). This efficiency positions SWEET as a promising tool
for simulations requiring high-speed processing without compromising accuracy.
Looking ahead, there are several exciting directions for future development of SWEET.
The integration of BSDF models within SWEET has significantly enhanced its ability to
simulate realistic light interactions, making it particularly well-suited for automotive
imaging applications, where accurate rendering is critical for perception systems. While
recent improvements, such as Multiple Importance Sampling (MIS), have notably accel-
erated convergence in volumetric path tracing, challenges such as Monte Carlo noise
persist. One promising future enhancement is the integration of bidirectional path tracing,
which could help reduce this noise and improve convergence across a wider range of
geometric configurations. Furthermore, future development will focus on incorporating
time-dependent calculations, which would be invaluable for applications like Lidar, as well
as the modeling of polarized light, which is particularly relevant for meteorological studies.
These advancements will not only broaden SWEET’s applicability in various domains
but also strengthen its role as a powerful tool for both radiative transfer and imaging
simulations, particularly in the context of automated driving perception systems.
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Abbreviations

The following abbreviations are used in this manuscript:

SWEET  Simulating WEather for intElligent Transportation systems
PAVIN  Plateforme d’Auvergne Véhicules Intelligents
ADAS Advanced Driver Assistance Systems

ADS Automated Driving System

LiDAR Light Detection And Ranging

MC Monte Carlo

RADAR RAdio Detection And Ranging

RTE Radiative Transfer Equation

MIS Multiple Importance Sampling

DSD Droplet Size Distribution

MOR Meteorological Optical Range

MS Mitsuba

MCO0 Steven’s MC code ([44], available online)
BRDF Bidirectional Reflectance Distribution Function
BTDF Bidirectional Transmission Distribution Function

BSDF Bidirectional Scattering Distribution Function
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