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Executive summary

Objectives

The objective of this deliverable is to describe the development and validation of physics-based adverse weather
noise models that affect the performance of automotive perception sensors. Moreover, the deliverable also aims to
explain the process of creating and selecting the right metrics to support the validation process, and how they have
been applied to the data produced by the noise models generated in this task (i.e. T3.4) and in T3.3. (i.e. data-driven
models) to compare them with the real sensor data generated in the REHEARSE dataset (adveRse wEatHEr datAset
for sensoRy noiSe models) (i.e. T3.2).

The developed models are designed to be integrated into any simulation pipeline, and for this project specifically into
the ROADVIEW simulation pipeline (i.e. T3.7), supporting the virtual testing and more in general X-i-L testing of the
ROADVIEW automated driving pipeline, or any automated driving pipeline. This deliverable created validated
parametric physics-based adverse noise models tailored for automotive camera, LIDAR (Light Detection and
Ranging), and 4D-RADAR (Radio Detection And Ranging). They will be used in Work Package (WP) 7 to test the
robustness of the perception, actuation and control in adverse weather.

Methodology and implementation

The developed adverse weather noise models build on state-of-the-art models, with novel contributions.
Independently from the sensor type (i.e. camera, LIDAR or 4D-RADAR) they consume ideal sensor data (either
simulated of produced by real sensors in ideal conditions) and weather information (e.g. rain, droplet size distribution,
rain rate, etc.) and produce as the output ‘noisy’ data, in exactly the same format of the input data, so they can be
consumed by the perception algorithm without any further modifications. To validate the models, a series of image
quality assessment metrics, point cloud metrics and qualitative assessments have been selected, adapted and
applied to evaluate and compare the effect of the noise in the real world and simulated through the models. Several
different metrics have been selected to cover different aspects of data degradation (e.g. changes in spatial contain,
in the frequency domain, etc.).

Outcomes

This task has produced validated adverse weather (i.e. rain, fog, and snow) models tailored to camera, LIDAR and
4D-RADAR for automotive. Moreover, a library of image quality assessment metrics and point cloud metrics has
been created and some of them have been investigated as predictive tools for the performance of perception
algorithm using sensor data. The produced models have been validated against real data and compared to data-
driven models. These results will feed into T3.5 to consider and combine noise models including internal sensor
noises, occlusions, surface effects, etc.

Next steps

The developed models will be optimised for real-time performance and integrated into the simulation pipeline in WP7
to test the ROADVIEW system. Additionally, the developed adverse noise models will be considered in T3.5 for
compounding of noise models. We are also currently in the process of writing 3-4 collaborative journal papers to
disseminate the main scientific innovations produced by the newly developed models and metrics.
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1 Introduction

The project ROADVIEW aims to demonstrate that the robustness under weather conditions of automated vehicles
can be safely enhanced using X-i-L (everything-in-the-loop) testing. To support suitable testing, validated physics-
based adverse weather noise models for perception sensors are created in T3.4 and can be incorporated into Carla
and other simulators.

To reduce the simulation-to-reality gap, the ideal sensor data produced by a simulator should be affected by different
sources of noise depending on the scenario to be tested. This task tackles the addition of adverse weather, namely
rain, snow and fog, as a source of noise onto real or simulated (from now on ‘ideal’) sensor data generated by
automotive camera, light detection and ranging (LiDAR) and imaging radio detection and ranging (Imaging RADAR).
The developed models in this task consider real-world sensor and weather parameters to generate the noise, allowing
for fine control over the noise and for reproducing measured weather events.

This report will also tackle validation of the produced data-driven (T3.3) and physics-based (T3.4) noise models using
the real world from the REHEARSE dataset (ROADVIEW T3.2, Figure 1a). Validation of the created noise models
against real-world data is key to ensure that the predicted behaviour in simulated tests can be trusted and reflects
the sensor’s behaviour in the real world. In this report, the effect of adverse weather is quantified using image quality
assessment (IQA) metrics and newly proposed and adapted point cloud (PC) metrics. The degraded data generated
from the ROADVIEW data-driven model (ROADVIEW T3.3, Figure 1b) and ROADVIEW physics-based model
(ROADVIEW T3.4, Figure 1c) are compared against the real data (REHEARSE dataset, ROADVIEW T3.2, Figure
la).

a) REHEARSE Emulated Fog (10 m) b) Data-Driven fog model (Heavy) c) Physics-Based model (10 m)
Figure 1: Sample weather images under the influence of fog generated using different techniques

This report is separated into 7 core chapters. Firstly, chapter 2 presents the implementation of the models and how
they fit in the simulation pipeline for ROADVIEW. The following chapter, chapter 3, presents the parameterisation of
the weather, specifically the drop size distribution (DSD) for the considered phenomena. The three subsequent
chapters (Ch. 4, 5, 6) present the details of the created models for camera, LIDAR and Imaging RADAR respectively.
They are followed by the comparison and validation of the models (Ch. 7). Finally, key conclusions from this task are
presented, the future work and how this work feeds into other parts of the ROADVIEW project.

The weather noise models created in this task are made available on the ROADVIEW GitHub:
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2 Implementation

This chapter describes where the developed noise models will be implemented in the ROADVIEW pipeline, Figure
2. To design the weather noise models to be agnostic to the simulation platform and real sensor specifications and
models, the developed models are designed to consume the output of real sensor data (before further sensor signal
processing). A generalised flow process, starting from the simulator (e.g. Carla or CarMaker) or existing datasets
where the ’ideal’ sensor data will be passed into the noise models, is shown in Figure 3.

Digital Twin Visibility Detection

Real Time Computer
OpenSCENARIO ‘ Vehicle Dynamics

X-i-L -
: Host Computer I Automotive Plattform NVIDIA AGX :
| r Stimulation .: I | Data Filtering |
: ' ' '
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I C'\j‘g:je;"" ,\Nﬂosel N CAMULATOR DDI LI | o |
| o8e | : l -g I Free Space Detection |
: |
I Model Model | | Stimulator ))))((( adar [ § : GG R AR :
: : | : —l |1 & Object Detection
| Lidar Noise _ Lidar }’))) ((( Innoviz - | |
| Model Model ™| stimulator One Lidar i S Slipperiness Detection |
: il vovivoeccon ]
l |
l |
l |

[ ] weather Aware XiL System \WPT)
[ ] Hardware \
\
. Contributions from WP3 - \ \‘alidated noise models from T3.4 (this task)

- —-—

Figure 2: A diagram demonstrating how the noise models fit within the ROADVIEW simulation testing pipeline

Sensor Parameters (T2.1) Weather Parameters (T2.1)

Frame rate DSD

Simulation Software (T3.1) Weather Intensity Performance Metrics (T3.4)

Digital Twin
Object Material Properties

Camera Model

Image Comparison

Point Cloud Comparison

Statistical based Methods

Parameters

o
LIDAR Model 2
| Camera Weather Model | B
RADAR Model %’ Noisy Sensor
:’_. | LIDAR Weather Model | = LIS Perception Algorithms (WP4/5)
datassiails2) o | RADAR Weather Model | g e Do

Low-level Sensor Fusion

LiDAR Point Clouds Data Filtering

Figure 3: A flow diagram to show the inputs and outputs of the developed ROADVIEW weather model

Camera Images
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2.1 Camera

Camera is a passive sensor composed of an array of pixels and photodiodes capturing the visible light wavelengths.
Adverse weather conditions are part of the driving environment, affecting the light intensity captured by the
photodiode. A colour filter array (usually a 2x2 pattern) limits the ranges of wavelengths which hit the photodiode
(pixel), enabling a specific colour intensity to be captured by every pixel. At this stage, the image is still a single-
channel intensity image known as the Bayer image. In the simulation process, the camera noise model is designed
to apply noise at the output of the simulated camera model (ideally as a Bayer image), prior to any image signal
processing (ISP) (which creates correlation between pixel values and might introduce artefacts). The output of the
noise model can then be directly used or passed through an ISP to create visually pleasing images.

To simulate the real effect of the noise, the sensor and weather parameters are considered in the created weather
noise models, see Chapter 4 for more details. The developed models are focused on the weather manifestation in
the air, i.e. the falling raindrops, suspended fog particles, and the falling snowflakes. Assumptions made in the model
are listed below:

e The scene considers daytime with no localised light sources.
e Only gravity acts upon the particles.

e Falling particles are travelling at terminal fall speed.

e There is no lens distortion.

e The camera is pointed parallel to the ground.

The model may be further developed in the future to address some of the assumptions. Additionally, parts of the
work on this task will be complemented by ROADVIEW T3.5 to compound different noise models, for example adding
surface effects into the noise model.

2.2 LiDAR

The LIDAR weather models are designed to modify existing ‘ideal’ point clouds outputted from the sensors or
simulated environment. The data captured by LIiDAR are stored and transmitted as a point cloud, where each data
point contains location coordinates as well as any other information captured such as reflected intensity. Hence, by
applying weather noise to the point cloud we ensure that the LIDAR weather models are agnostic to the type of LIDAR
sensor. The ‘ideal’ point cloud along with sensor and weather parameters is used by the ROADVIEW LIiDAR weather
models to adjust the points position and intensity and/or remove/add points depending on the interactions between
each beam and the weather patrticles in the air.

The output of the LIDAR weather model is an adjusted point cloud representative of the effect of rain, fog or snow.
The original and adjusted point clouds can be compared with PC metrics to quantify the noise added.

2.3 RADAR

The output of the imaging RADAR is in the form of a 3D point cloud. Each point in the RADAR point cloud contains
the location of the point combined with information from RADAR technology such as power, speed and radar cross
section (RCS). The implementation of the RADAR noise models is similar to the implementation for the LiDAR.

Due to the novelty of the imaging RADAR in automotive, there is not an imaging RADAR model in Carla or CarMaker
at the time of this report. Hence, WMG along with THI developed an imaging RADAR model incorporated into the
Carla simulator.
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3 Adverse Weather Precipitation Distributions

The ROADVIEW project aims to ensure robust operation under harsh weather conditions. A breakdown of how
weather conditions affect the perception sensors has been previously presented in ROADVIEW Deliverable 2.1
(Warg, et al., 2024).

This section will provide an overview into the drop size distribution (DSD) of adverse weather, used in the proposed
noise models. The DSD presents the number and probability of different droplet sizes at a weather intensity in a
point/volume of space and time. This information is key for the physics-based weather noise models to appropriately
consider the effects on the sensor output based on their field of view and resolution.

The following distribution equations are commonly parameterised to describe the DSD of different weather
phenomena, the variables will be clarified in the following subchapters:

e Exponential Model
N(D) = Nye=AP
e Gamma Distribution
N(D) = N,D#e="P
e Log-Normal Distribution

N, _(n(r)-In(#)?
2 2

e -
roV2n

N(r) =

3.1 Rain

Many works modelling rain have deployed existing distributions to generate their noise. Most works applied the
distribution presented by Marshall and Palmer, see Table 1 (Marshall & Palmer, 1948). The emulated rain’s drop size
distribution recorded in the REHEARSE dataset at both the Carissma outdoor facility and CEREMA PAVIN platform
can both also be approximated to follow the Marshall-Palmer distribution (Poledna Y. , Drechsler, Donzella, & Chan,
2024).

Table 1: Rain DSD used in different existing works

Garg et al., (Garg & Exponential N, = 8000 This is the Marshall-Palmer
Nayar, 2007) A=4q-R-021 distribution parameters for

- . ) rain (Marshall & Palmer,
gg;i)et al., (Kilic, et al., D = diameter of raindrop 1948). R denotes the rain

rate in mm/h.
Berk et al., (Berk, et al.,
2019)
De Charette et al., (De
Charette, Taburo,
Barnum, & Rowe, 1-10)
Rasshofer et al., Gamma a+l This implementation of the
(Rasshofer, Spies, & N, __ypbv gamma distribution uses 4
Spies, 2011) r(% + 1) . 9a core parameters which will
14 need to be defined:
U=a a,y,p,D., where D, is the
o droplet radius with
=— maximum  probability. T
v(Dc/2)Y denotes the  gamma
pr-1 function.
A=-b
2r Parameters  of  these

D = diameter of raindrop variables are provided in
(Rasshofer, Spies, & Spies,
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3.2 Fog

Library of validated physics-based parameterised noise

%y
¥

ROADVIEW

2011) for different types of
rain.

Many works simulating fog on images bypass the need to consider the DSD of fog, opting instead for an empirical
model, directly translating the visibility to the noise (attenuation).

Table 2 presents some distributions of fog presented in literature, but the parameters are dependent on the formation

of the fog.

Table 2: Fog DSD used in different existing works

Rasshofer et al.,, Gamma
(Rasshofer, Spies, &

Spies, 2011)

Kilic et al., (Kilic, et al.,

2021)

Bernardin et al., Log-Normal
(Bernardin, Colomb,

Egal, & Boreux, 2010)

3.3 Snow

O
DY-1
2v
D = diameter of raindrop
N, = 1330
—1In(¥) = 0.44
o =0.59

A=—-b

The two works display the
equation slightly differently
but follow the same
equation. The variables
are defined the same the
rain Gamma equation.

Parameters  of these
variables are provided in
(Rasshofer, Spies, &
Spies, 2011) for different
types of fog.

The parameters have
been specifically
parameterised for a fog
visibility of 52 m.

Snow modelling have been explored by different works. Several works reference the snow DSD presented by Sekhon
and Srivastava, however with slightly different cited parameters (Sekhon & Srivastava, 1970). Additionally, Brandes
et al. have captured the distribution of snow events over a period and defined a relation using the Gamma distribution.
Table 3 presents the different parameters used in the different works. For all the parameters, R denotes the

precipitation rate in mm/h.

Table 3: Snow DSD used in different existing works:

Rasshofer et al., Exponential
(Rasshofer, Spies, &

Spies, 2011)

Rasshofer et al., Exponential
(Rasshofer, Spies, &

Spies, 2011)

Von Bernuth et al., Exponential
(Alexander, Volk, &
Bringmann, 2019)

N, = 7600 - R=087
A =255-R7048
Ny = 5000 - R4
A =229-R704

N, = 2500 - R0
A =229 R045

Reference from Gunn and
Marshall (Gunn &
Marshall, 1958)

Referenced from Sekhon
and Srivastava (Sekhon &
Srivastava, 1970)

Referenced from Sekhon
and Srivastava (Sekhon &
Srivastava, 1970)
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Teufel et al., (Teufel,
Volk, Von Bernuth, &
Bringmann, 2022)

Referenced from Gunn
and Marshall (Gunn &
Marshall, 1958)

De Charette et al., (De Exponential
Charette, Taburo,
Barnum, & Rowe, 1-10)

Ny = 3800 - R~087
A=255-R7048

Brandes et al., (Brandes, Gamma
Ikeda, Zhang,
Schonhuber, &
Rasmussen, 2007)

N, = 5000 R™12 The parameters are fitted
2 based on recorded snow
p = —0.00499A" + 0.798A events in Colorado
—0.666 between 2003 and 2005.
_ . _ 7m0.18 Parameterised DSD for a
=227 =y =1 specific time is presented
in

Table 4.

Table 4: Recorded parameters for specific snow rates during a Colorado snowstorm (Brandes, lkeda, Zhang,
Schénhuber, & Rasmussen, 2007)

2.59 7.18 —0.78 0.35
x 10t

2.70 1.39 —0.90 1.40
x 103

3.03 2.33 1.23 2.25
x 10*

3.4 DSD used in physics-based models

This chapter presented different drop size distributions for rain which can be inserted into the developed parametric
physics-based weather models to better describe the specific observed phenomena. In this report, the following DSD
was used to parameterise the DSD.

e Camera
o Rain — Marshall-Palmer distribution using exponential equation
o Fog— CE parameterised Normal distribution
o Snow — Brandes et al. parameterised Gamma distribution

o Rain — Marshall-Palmer distribution using exponential equation

o Fog — Gamma distribution by Rasshofer and adapted for ROADVIEW

o Snow — Gunn and Marshall parameters presented by Rasshofer using exponential distribution
e RADAR

o Rain — Marshall-Palmer distribution using exponential equation
o Fog— Normal distribution for Bernardin et al. parameters adapted for ROADVIEW
o Snow — Marshall-Palmer distribution using exponential equation

These DSD distributions were selected based on the requirements for the validation of the models. The rain and fog
models are compared against the REHEARSE dataset. The emulated weather has been estimated to be similar to
Marshall-Palmer for rain and the DSD for fog has been provided (Poledna Y., et al., 2024). For snow, DSD are not
provided by the datasets used for validation. Hence DSD used by other similar works have been used. However, the
Gunn and Marshall exponential yielded odd results with the camera and hence a real measured DSD is used for
camera.
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ROADVIEW

The design of the physics-based models means that any distributions can be substituted into the model.

Table 5: Measured DSD from the emulated fog from the REHEARSE dataset

10
20
30
50

6108.49
3.559.64
2754.15
3189.71

0.48
0.36
0.33
0.23

0.73
0.78
0.74
0.66
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4 Camera Model

ROADVIEW
4.1 Rain

Camera captures the image over a short period of time, i.e. exposure time. Falling rain speed is significant in this
context and results in streaking of the drop as it travels in the duration of the exposure time. Garg et al. presented
their research on the appearance of rain streaks on images, using a mixture of physics-based equations (e.g. to
determine the length) and data-driven methods (e.g. to determine the dynamism of the streak) (Garg & Nayar, 2007).
Automotive camera research involving simulation of rain generates their appearance based on Garg et al.’s work
(Pang, Wang, Xiq, Meng, & Xu, 2024) (Teeti, et al.,, 2022) (Tremblay, Halder, De Charette, & Lalonde, 2021)
(Hospach, Mueller, Rosenstiel, & Bringmann, 2016). However, as deep neural network capabilities advance, a trend
of using machine learning networks to generate the desired effects is growing, or a mixture of techniques is used,
see Table 6 summarising some recently published work.

Table 6: A comparison of recent works on rain modelling on images. ML is machine learning-based and P is physics-
based

Pang et al., ML, P « Rain kernel generating streak using - Visual comparison against

2024 o \E)V}a(;?r?eters for shape, orientation, length and Rain100L (synthetic dataset)

Wang, Xiq, * Assess quality of generated

Meng, & Xu, * Rain map defining location based on a image using Frechet Inception

2024) sparsity factor parameter Distance (FID), Kernel Inception
* A merging model to combine generated mask Distance (KID), Peak Signal to

ging Ine gene Noise Ratio (PSNR) and SSIM
(from map and kernel) with input image
Teeti et al., ML * Use of CycleGAN re-trained with images < Assessed the FID of the

containing droplets to generated images generated images

2022 (Teeti, et al.,
2022)

ML, P« Physics based model for creation of streaking
based on (Garg & Nayar, 2007)

* Visual comparisons against real
images and images from other
rain models

Tremblay et al.,
2021 (Tremblay,

Halder, De
Charette, &
Lalonde, 2021)

Transforming image to visually represent the
scene during rain conditions (e.g. with wet
surface, darker sky) with CycleGAN

» User studies with participants,

subjective assessment

Hospach et al., P » Reconstruction of scene in OpenGL » Sobel filtering

2016 (Hospach, * Uniform distributed rain according to < Canny edge detection

I\R/Iueller,t. | & Marshall-Palmer  Harris corner detection

osenstliel, » Streak based on velocity, shutter speed, drop . .
Bringmann, size » Histogram evaluation
2016)

» Speeded Up Robust Features

» Colour set as white with opacity of 0.5 (SURF) feature detection

In existing works, the validation of the noise generated by the models against real data has been minimal, using a
mixture of visual comparisons, and simple image quality assessment metrics such as PSNR and SSIM.

These works presented models which apply the noise on 3-colour channel RGB (Red-Green-Blue) images. However,
external environmental noise will have an implication on the Bayer image, i.e. on the light intensity captured per pixel
that will be then processed by the sensor ISP.
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4.1.2 Key Equations

Real or Determine

Simulated Pre-Process > colour of droplet * Combine mask Noisy Demosaic Noisy
Bayer Image Image —_ .y withimage Bayer Image (ISP) RGB Image
Weather + .
Random particle Create mask (1) :
Sensor 5 Apply gaussian
—
Params location based on streak =————p e,

generation time on pixel

Figure 4: Flow diagram of the particle model for rain and snow.

Figure 4 shows the pipeline for the model based on a particle system to apply rain. The raindrop’s intensity on an
image (I,ise rain) Was determined by Garg et al. as a function of the colour of the raindrop and refraction due to the
luminance (Garg & Nayar, 2007).

Inoise,rain = 0.94 * Iggingrop + 0.06 - Luminance

The colour of the raindrop (Izqinarep) iS based on the content of the scene, and raindrops have a field of view (FoV)
of ~165° (Garg & Nayar, 2007)]. Based on the colour filter per pixel (i.e. either R, G, or B), the average intensity per
colour is calculated. The luminance values are extracted from the tables presented in (pIXWLsHAM, 2020) based on
the lighting condition of the scene.

Ylircn

IRaindropIR,G,B =
NRrG,B

Based on the DSD, the total number of rain droplets per unit volume is calculated. The ratio of the drop sizes is
preserved, and the droplets are randomly distributed in a volume based on the FoV of the sensor using a uniform
distribution. Every droplet in the camera FoV and depth (i.e. not behind an object, see appendix 10.4) is projected
into a pixel position.

To create a mask for applying the weather noise, three parameters are computed. This includes the number of
horizonal pixels which a raindrop acts upon (based on the droplet size (D) and distance (R)), the length (vertical
pixels) of the streak (based on droplet size, distance, velocity (v(D) in pixels per second) and exposure time (¢)), and
the time of the droplet affecting a pixel (z) relative to the exposure time. The raindrop is assumed to remain spherical
during the fall, i.e. pix(D, R)por = pix(D, R),ert- A gaussian blur is applied to the mask to simulate the blurring effect
due lens focus and depth of field (Hospach, Mueller, Rosenstiel, & Bringmann, 2016).

D
(2 * R *tan(0.5FoV},,,))/cam_resy,,

pix(D, R)por =

. 3.78 % D0.67
vrain (D, R) = o —

pix(D, R)streak = (W(D,R) * &) + pix(D, R) yert

= { 1: pix(D'R)streak <1
(1 + pix(D: R)vert)/(v(DvR) * ‘9) i 1< pix(DvR)streak

Finally, the determined mask from the generated raindrops and the colour based on the original image is combined
with the Bayer image to form the noisy image.
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Ioutput,rain =(1-1)x Iinput,bayer + (1) * Lnoiserain

4.1.3 Sample Images

The model has been applied to images from the REHEARSE dataset, Figure 5 (Poledna Y., Drechsler, Donzella, &
Chan, 2024). Below is a sample image when applying the rain model at different rain rates to the scene with the New
Car Assessment Program (NCAP) vehicle facing 45° at 28 m distance in clear weather. For visualisation, the contrast
was reduced to better visualise the noise generated in the sky and in front of the vehicle. Further discussion and
validation of the model is presented in Chapter 7. A video composed of the generated noise in different weather will
be made available on https://www.youtube.com/@ROADVIEWProject.

Figure 5: Examples of the simulated rain using the physics-based model. Images have been contrast adjusted by the
same amount for better visualisation.

4.2 Fog

4.21 Background

There are several works exploring the effect of fog on automotive camera’s downstream tasks by simulated fog on
existing images, Table 7. Generally, these works have used Koschmieder’s theory (Mai, Duthon Pierre, Khoudour,
& Velastin, 2021) (Sakaridis, Dai, & Van Gool, Semantic foggy scene understanding with synthetic data, 2018). Other
works have also explored the use of ray tracing with radiative transfer equations to computer the extinction theory
(Ben-Daoued, Duthon, & Bernardin, 2023).

2.996
Oext,Koschmieder ~ W
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Table 7: A comparison of recent works on fog modelling on images. E is empirically based and P is physics-based.

Mai et al.,
2021 (Mai, Duthon

» Uses Koschmieder’s principle

» Assumes global illumination in the scene

* None performed

Pierre, Khoudour,
& Velastin, 2021)

Sakaridis et al., E

2022  (Sakaridis,
Dai, & Van Gool,
Semantic  foggy
scene
understanding
with synthetic
data, 2018)

» Uses Koschmieder’s principle * Visual inspection

+ Attenuation based on Mie theory/radiative + Visual comparison against real
transfer equation fog images

Ben-Daoued et al., P

2021 (Ben-
Daoued, Duthon,
& Bernardin, 2023)

* Developed simulator with ray tracing to < Comparison of pixel line
determine interactions with fog droplets intensities in an area

» Comparison of object contrast

The validation of generated fog images has been minimal in the works presented. There have been some visual
comparisons performed against real collected images. Attempts at quantifying the effects have been performed by
comparison of pixel line intensities and contrast of specific areas in the image against real collected images.

4.2.2 Key Equations

Real or
Simulated Pre-Process Combine mask Noisy Demosaic MNoisy
Bayer Image Image with image Bayer Image (1SP) RGE Image
Weather + Compute Mie Compute Mie
Sensor Extinction Extinction
Params Efficiency per Coefficient (g)

based on DSD

drop size

Figure 6: Flow diagram of the fog model

The flow diagram of the fog model is presented in Figure 6. Fog particles are suspended in the air, and they can be
considered as stationary for the exposure time. Hence in the general noise equation, 7 = 1 and the output is based
on the colour of the fog.

Ioutput,fog = (1 - 1)Iinput + (1)Inoise,fog
— p— D - D i
Lnoise,fog = € 7™ * linpue payer + (1 — 77ext™7 ) x Luminance

Similar to the rain model, the luminance is determined from (pIXWLsSHAM, 2020). The depth has been determined
using a modified nddepth network to provide absolute values (Shao, Oei, Chen, Wu Xingming, & Li, 2023). To
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determine the extinction coefficient, the implementation of Mie theory from Hong Du was used (Du, 2024). Together
with a range of sizes based on the drop size distribution provided by the REHEARSE dataset, the extinction efficiency
is calculated per drop size per wavelength using the Riccati-Bessel Functions. The extinction efficiency is then
combined with the DSD to determine the extinction coefficient.

4.2.3 Sample Images

The images in Figure 7 demonstrate the generated foggy images on a clear image from the REHEARSE dataset
with the NCAP vehicle target at 15 m in CE PAVIN platform. The simulated fog rates match the emulated fog
visibilities captured in the REHEARSE dataset. Discussions and validation are presented in Chapter 7.

Original image as input to model

~ ¢

Simulated Fog 50 m Simulated Fog 30 m

Simulated Fog 10 m
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Figure 7: Examples of the simulated fog using an image with the NCAP vehicle at different visibilities using the physics-

based model

4.3 Snow

There is a lack of accurate physics-based models of falling snow in literature. Recent works have explored creating
paired data with and without falling snow, see

Table 8. However, these works created the paired data using image editing software to produce ‘visually’ realistic

looking falling snow.

Table 8: A comparison of recent works on snow modelling on images. ML is Machine Learning, E is Empirical and P is

Physics-Based

Rothmeier et al., ML, E

2024 (Rothmeier,
Huber, & Knoll,
2024)

Von Bernuth etal.,, E

2019 (Con
Bernuth, Volk, &
Bringmann, 2019)

Chen et al., E
2021 (Chen, et al.,
2021)

Moeslund et al., P

2005 (Mpoeslund,
Madsen, Aagaard,
& Lerche, 2005)

Synthesised snow cover images using
generative Al with commands

Augmented the images with falling snow
using a simplistic empirical model by
Hendrycks et al. (Hendrycks & Dietterich,
2019)

Reconstruct image in OpenGL to apply the
Snow noise

Particle sizes based on snow rate and
DSD

Faling snow generated based on
photoshop tutorial coupled with gaussian
blurring

3D modelling of snowflake in computer
graphics

Snow composed of randomly joined
triangles

Considers different natural forces acting
on the snowflake

* Visual filtering of generated

images

* Assessed the
generated images against other

datasets

Perceptual

using

Similarity (LIPIPS)

¢ Visual

variety  of

Learned

Image Patch

comparison  against
author collected data of the
same scene

* None performed

* Visual
author

judgement

from the
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Similar to the works for rain and fog, these works have performed superficial validation of the models. Visual
comparison against real images is by far the most common validation method used.

The snow model follows the methodology of the rain model, see Figure 4, and parameterised based on the physics
of snowflakes instead of the raindrops. Although snow falls slower than raindrops of the same size and is less likely
to create streaks, the rain model methodology is still applicable as it appropriately considers parameters defining the
streak length. Depending on lighting conditions and external factors acting on the snow, streaks can still occur.
Additionally, by keeping the same model backbone, it is quicker to make changes and keep both weather models up
to date. Specifically, the parameters: DSD (using the gamma distribution for the measured DSD in a Colorado
snowstorm), the terminal velocity of the snowflake and the colour of the snowflake are adjusted. Under daylight
conditions, snow is highly reflective, saturating the pixel intensity capturing the snow. Hence, the colour of the snow
has been set as I;,,,, = 255.

NGamma,snow(D) = Ny * DH % =D

Vsnow (D) = 2 x (10 * D)Osl

Paired snow data is not available in the initial release of the REHEARSE dataset. Instead, the noise model is applied
to clean images from the Adverse Conditions Dataset with Correspondences (ACDC) dataset (Sakaridis, Dai, & Van
Gool, ACDC: The Adverse Conditions Dataset with Correspondences for Semantic Driving Scene Understanding,
2021). The ACDC dataset contains matched frames captured under clear conditions and during different weather
events such as snow, rain and fog. Figure 8 presented an image with simulated snow using the presented model.
Discussions and validation of the snow model is presented in Section 7.
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Figure 8: Example cropped images from the ACDC dataset with different snow intensities generated using the physics-
based model

4.4 Key Innovation of proposed camera models

The developed ROADVIEW models present a significant advancement with respect to the state of the art, as
described below.

e The variation of the colour per pixel due to snow, rain, and fog is applied to the Bayer image, i.e. on the
real collected light intensity per pixel.

e The effect of the droplets on each pixel is calculated based on the specific light wavelength of the colour

filter on each pixel of the Bayer patter (e.g. RGGB, RCCB, etc.).

Processing of raw ‘Bayer image by an ISP pipeline, to generate RGB images.

Validation of Noise Models with real collected data and paired ‘ideal’ vs. ‘noisy’ frames, see Chapter 7.

The models consider appropriately the drop size distribution and the camera parameters.

For snow, the model considers the distribution and speed of the snow to create the visual mask for

applying the noise.

Moreover, there are recent works investigating the direct use of Bayer images in downstream perception tasks (Li,
et al., 2024) (Wei, et al., 2023). So, the output noisy images from the ROADVIEW models can be either used as
Bayer images in these novel algorithms, or they can be passed through an image signal processing (ISP) algorithm
for processing in the RGB colour space.
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There are many different works exploring the modelling of adverse weather on LIiDAR, see Table 9.

Table 9: Recent works on adverse weather modelling for automotive LiDAR

Hahner et al.,
(Hahner, et al., 2022)

Rasshofer et al., 2011. gain, Fog, Extifr;_ct_iont_atnd tl)ack scatter M(t')difieg the LIDAR power equation to output
: : now coefficient integrals. returned energy
(Rasshofer, Spies, & Spies, Presents different power return | (Qgzxr and Qz) based on Mie Theory for accurate
2011) equations for “hard” and “soft” | rain/fog noise modelling.
targets
Haider et al., 2024 (Haider, Rain, Fog Recursiye Method_ for Developed an efficient iterative ap_proach for
et al., 2023) calculating the extinction and | calculating Qgxy and Qy for both rain and fog
. backscattering efficiencies | noise models.
Qexr and Qp based on Mie | Backscatter coefficient in Haider et al modified
Theory according to Rasshofer et al.
Kilic et al., 2021. (Kilic, et | Rain, Fog Both ~ Rain and  Fog: Calculated energy threshold based on specific
al., 2021) LIDAR points adjusted based | LIDAR maximum intensity.
o on received power thresholds. | Revised calculation for number of drops — current
Rain only: drop reflectivity method obtains Poisson distribution sampled
drops per beam volume.
Accounting for drops in beams without detections
in ‘ideal’ data (rain and fog).
Hahner et al., 2021. | Fog Gef:\eral integrals f(()jr ?arddand g\dded efficient vect?ris_ed calcula_tion fo: returned
e : soft target returned fog drop | drop energy integral using trapezium rule.
(Hahner' Sakaridis, Dai, & power/energy Used returned hard and soft target energies with
Van Gool, 2021) maximum energy threshold to adjust point
ranges.
Garbner et al., 2009. | Fog Fog DSD based on local water !Developgd a novel f_og _d_rop ;ize distribution that
(Grabner & Kvicera 2009) content is a function of fog visibility distance
2022. @ Snow General integrals for returned | Developed a new method to calculate number of

snowflake power/energy

snowflakes in a beam aligning with WMG’s rain
and fog model.

5.2 Rain

The ROADVIEW model uses energy rather than power. To determine the energy, the number of signal photons that
can be captured by the LIDAR is used.

E=Ixhs
=] *xN—
A

where [ is the intensity, h is the Planck constant, ¢ is the speed of light, and 1 is the wavelength of the
electromagnetic beam generated by the specific LIDAR.

The first step of the model is to determine the number of raindrops in the beam’s path for each beam in the point
cloud, based on the real rain distribution (Espineira, Robinson, Groenewald, Chan, & Donzella, 2021). Specifically,
the number of raindrops per beam is calculated based on the beam parameters and the DSD of rain. The beam is
assumed to be cylindrical without divergence similar to (Hahner, Sakaridis, Dai, & Van Gool, 2021) This is used as
the mean for the Poisson distribution and sampling from this to get the probabilistic number of drops from each beam.

Veeam = {

2
T[TbeamRObj’

2
T foam Rmax: else

Ropj €R
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K= Vgeam J- N(D) dD

Dpmin

n

pm) ="re

-n

After obtaining the probable number of drops in the beam path, the energy returned from each drop can be calculated,
based on the distance to the generated drop. The energy returned by each drop can then be calculated, see below,
where Dy, is the drop diameter, sampled from the DSD, « is the extinction coefficient given by the equation

2
presented below, Ty, is the pulse width of the LIDAR beam and pp,,, = |Z—:| is the drop reflectivity given by Fresnel
as per (Kilic, et al., 2021), n being the refractive index of water. This energy calculation has used the power equation
given in (Kilic, et al., 2021) and multiplied by the pulse width T, to convert to energy. The raindrop with the highest
energy returned is stored with its position/distance. The energy of the originally detected object (if existing) needs to
be reduced to adjust for the rainy medium. This is calculated below where the reduction in energy received from the
object is a relationship between the extinction coefficient and the round-trip distance.

e ~2aRprop D 2
Eprop =Ty - Porop€ 77 min{(ﬂ) ,1}

2
RDrop 2 : rbeam

_ —2aRppi
Eobjmodifieca = Eobj - € Obj

The equation for the extinction coefficient a is given in below which has been adapted from (Rasshofer, Spies, &
Spies, 2011) to have reduced limits as per the maximum and minimum drop sizes.

T DMax
a=z j D? Qure DIN(D) dD

Dpmin

1
Qg,: (D) has been calculated according to (Haider, et al., 2023), where x = ”D‘/’lﬂ, m = R(), Nyaxr = x +4x2 +

10, r,(mx) = W and ¥, (x) and ¢,(x) are the Ricatti-Bessel functions of the first and second kind.
2 Npmax
Qee(D) = = > (@n+1) - Ran+by)
n=1
1
ni(1 -
Ry ( o N~ wsco
a, =
1
rmx) "\1-5732
n(m )+ ( xm ) n(x) — $poq ()

r(mx)mW¥, (x) — ¥,_1(x)

T (mx)mdy, (x) — g (x)

The energy of the stored drop (Ep,,,) is then compared to the attenuated energy of the object (E,;) and both are
compared to the LIDAR energy detection threshold (Erpresnora) t0 determine if: the original point is detected, but with
attenuated signal; a rain droplet is detected instead; the beam is too attenuated and cannot be detected anymore,
see pseudo code below. The model, in its current format, does not contain multiple returns, it only considers the
strongest of the possible returns in the beam path, but in the future this aspect can be further updated. The model
also accounts for the size of the droplet to evaluate the return, however, as mentioned above the beam is assumed
to be cylindrical as in previous models, as LIDAR beam divergence is designed to be quite small (Hahner, Sakaridis,

by =
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Dai, & Van Gool, 2021). However, beam divergence can have an implication in the medium and far range and this
will be accounted for in future releases of the model.

If Eprop > Eobj & Eprop > Erhreshold:
Original point is moved to position of rain drop
IDrop = (EDrop/TH)/AReceiver
Else If Egpj < Erhreshotda & Eprop < EtThreshotd’
Point is removed from the point cloud.
Intensity value is set to zero
Else
Point remains

Intensity value remains (but it is attenuated with respect to the original ‘ideal’ return)
End

Samples of the rain noise model applied to the REHEARSE THI outdoor track ideal point clouds are shown in Figure
9. It is clearly visible that in both model and real rainy data, the number of points in the point cloud is significantly
reduced with respect to the original ‘ideal’ point cloud. However, in the simulated model there are more rain noise

points in the close range. It is likely that the signal processing in the Ouster LIiDAR filtered sporadic points due to
rain, but this processing is not performed in the LIDAR model.

Carat 28m, T3.2 Clear Carat 28m, T3.2 Rain 50mmh-1 Carat 28m, T3.4 sim Rain 50mmh-1
= e R i T T s 30 | =g L e 30
N > L 15 N = 15 N Y P 15
; 10 S 10 - 10
X
y (m) y (m) y (m)

Figure 9: Comparison of emulated and physics-based simulated rain on LiDAR point cloud in the THI outdoor test track

5.3 Fog

As with the rain model, intensity is converted to energy in the same manner as above and for the same reasons. The
method of determining the number of fog droplets in the beam’s path is the same as for raindrops however the
maximum and minimum droplet sizes and DSD have been changed to be representative of fog instead of rain. The
gamma distribution has been used for fog as per (Rasshofer, Spies, & Spies, 2011).

bllfog+1 af )
Y D og D
N(D) = —Vl; — (E) e_b(?)
=
Y
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r(3)
where I'(x) is the Gamma function, D, is the droplet size of maximum probability and ay,,, p, and y are to be
parameterised.

To parameterise a4, p, and y, Rasshofer et al. set these values according to different types of fog. However, for
assisted and automated driving (AAD) functions there is a limited number of environments where the systems could
be operated. Hence for ROADVIEW proposed model, a single type of fog (Advection) has been parameterised. The
above equation is combined with equations described in Grabner and Kvicera to convert visibility of the fog directly
to as,4, p, and y for use inthe DSD (Grabner & Kvicera, 2009). Setting the effective radius, 7, = 10um as per Grabner
and Kvicera and y = 1 as per the two types of advection fog in Rasshofer et al. The following equations converts
visibility to Liquid Water Content (LWC) and determine parameters for the Gamma distribution (Rasshofer, Spies, &
Spies, 2011; Grabner & Kvicera, 2009).

LWC = 36.489 * Visibility 11407
1
RGN
1
n-v(%) (3

0gt4

(3 + 109)LWC (L"g * 3>af “r (L’g * 1)
_ z Y
p - < af0g+1

Qfog

a
4nl (aroq + 4y | — 5%y

Ye

V(z)
The extinction and backscatter coefficients have been calculated via the same method as the rain model and the
method of changing the points dependent on energy returned is the same as the rain model. The equations to
calculate the energy of the drop and the energy of the object in the presence of Fog drops have however been
adjusted to be suitable for fog. Energy of the object is calculated as in the rain model where the original point energy

is multiplied by a factor containing the extinction coefficient E = E * e 2%Robj_ Energy of the drop is calculated using
equations below which are adapted from (Hahner, Sakaridis, Dai, & Van Gool, 2021). It has been assumed that

¢ (Rorop5) =1 and U (RobjRprop+ 5 ) =1.

mt e_Z“(RD”’”_%t)
) "

2Ty
Eprop = Ca * Epear * B J sin? <— a2
° (Roron = %)

2Ty
R2,;
Ca * Epeqx = E * <Lb])
Bo
Then Epop, Eopj» @Nd Erpresnoia CaN be compared or just Ep,.o, and Erpyesnoiq if there is no object point as in the rain
model to determine what happens to the point. The process for comparing is the same as the one described in 5.1.2.

Samples of the rain noise model applied to “ideal” point clouds in the CE PAVIN platform are shown in Figure 10. As
for the rain, it is clearly visible that in both model and real foggy data, the number of points in the point cloud is
significantly reduced with respect to the original ‘ideal’ point cloud, and the effect is more significant as the range of
the points increases. However, in this case the simulated model seems to detect slightly less noise points than in the
real noisy data. It is possible that the overall calculated attenuation of the model is slightly higher than the real
attenuation in the CE chamber, and therefore the model can be further tweaked to better represent collected data.

Typically, the noise is expected to be a “dome” shape around the LIDAR sensor. However, the view presented in
Figure 10 is limited to the front only due to the constraint of the indoor platform. As a false point is only present if the
backscatter is larger than the intensity of the real point, only a limited range of fog is present for backscatter in the
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near range before hitting the side wall. Hence a “dome” shaped noise is not observed in the real or the simulated
data.

Carat 15m, T3.2 Fog 30m Carat 15m, T3.4 sim Fog 30m
visibility visibility

Carat 15m, T3.2 Clear

) 2 o 2
10 10

x (m) x (m)

Figure 10: Comparison of emulated and physics-based simulated fog on LIiDAR point cloud in the CE PAVIN platform

5.4 Snow

As with the rain model, intensity for the snow model is converted to energy in the same manner as above and for the
same reasons (see section 5.1). The method of determining the number of snowflakes in the beam’s path is the
same as method used in the proposed rain model (see section 5.1.3) however the maximum and minimum droplet
sizes and DSD have been changed to be representative of snow instead of rain. The exponential distribution has
been used for snow as per (Rasshofer, Spies, & Spies, 2011), described in the equation for snow drop size
distribution N, (D)

Nsnow(D) = NOeXp (AD)
N, = 7600 * R; %87
A = 2,55 x Ry 048

Where R, is the precipitation rate measured in millimetres of equivalent liquid water per hour for snow fall. To
convert the provided snowfall rate S, into a precipitation rate we used a modified version of the equation for R; in
terms of S, provided by the supplementary materials for the snow model from Hahner et al (Hahner, et al., 2022).
In the equation for R; below D, is set to 1mm and vy is set to 1.6m/s. The equation for the average snow density p,
was taken from Brandes et al (Brandes, Ikeda, Zhang, Schénhuber, & Rasmussen, 2007).

- i)
= 487 * pg * Dy * v

ps = 0.178 * Dy 0992

The method for sampling snowflakes in the LIDAR beam is identical to the method seen in the proposed rain model
(see chapter 5.2.1). For the calculation of the extinction coefficient as presented in chapter 5.2.1, we substitute the
water refractive index for the ice refractive index. After sampling the snowflakes using the drop size distribution
(Nsnow (D)) for snow we obtain the maximum returned energy from all the returned energies of each sampled
snowflake. The LIDAR returned energy equation used for the proposed snow model is shown below. Rg . is the
range of the snowflake, FlakeSize is the diameter of the sphere we are using to model the snowflake, p, is the snow
reflectivity, BeamRadius is the radius of the LIDAR beam, C, is a system constant which is independent of time and
range, c is the speed of light, T is the pulse width and R,; is the range of a point under consideration in the point
cloud. The equations for Ep,,. and C, below have been adapted from Hahner et al. (Hahner, et al., 2022).
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Caps .2<7T(R0bj—Rﬂake)> . { FlakeSize \’
sin min ( ) 1

c*xTy 2 * BeamRadius

Epigre = Ty * R2
flake

Ca = EopjRob;%/Po
To modify the returned energy of the object if there are snowflakes present in the LIDAR beam, we attenuate the
returned energy of the object point as shown in the equation below. Eyp;moairieq IS the modified returned energy of
the object point, E,;; was the original returned energy of the point in the LIDAR point cloud and « is the extinction
coefficient. It is calculated using the same method seen in chapter 5.2.1. If there are no snowflakes in the beam,
when we set Eyp i moaifiea = Eonj-

_ . —2aRppj
Eopjmodifiea = Eopj * € J

The energy of the snowflake is then compared to the modified energy of the object, and both are compared to the
energy threshold to determine what happens to the original point in the point cloud. The logic used for this is shown
below:

If EDrop > EObj,modified

e Pointis moved to position of snowflake - Ip,op = (Eprop / T )/Areceiver

Else If EObj,modified < EThreshold &EDrop < EThreshold:

e Point is removed from the point cloud — set point to position (0,0,0).
¢ Intensity value is set to zero.

Else If Egpjmodifiea < EThreshotda & Eprop = Etnreshotd:

e Point remains in the same position.
e Intensity value remains the same.

We applied the proposed snow model to the WADS dataset, Figure 11, as it has snow point clouds with annotated
snowflakes, and therefore it enables us to apply the model to ideal point clouds and compare them to the noisy ones
(Kurup & Bos, 2021). The colour of the points is coloured based on the height of each point.

WADS Clear WADS Clear
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Simulated Light Snow

Simulated Heavy Snow

Figure 11: Comparison of the cleaned WADS point cloud against simulated snow using the T3.4 model

5.5 Model Innovation

The created ROADVIEW models contain key innovations with respect to existing work, as summarised below.

e Firstly, energy per beam is used instead of power in the LIDAR equations. Energy is based on photon
count which is quantifiable, and makes the model adaptable to represent any real model/make of LiDAR.
A core part of the ROADVIEW LIiDAR model is that the LIDAR scanning pattern is considered.
On top of adding noise to existing points in the original ‘ideal’ point cloud, the model also considers beams
which had no return originally and evaluates if rain droplets are in that volume covered by that beam and
can generate a detectable reflections, generating a false positive as a ‘rain’ point.
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6 RADAR Model

The development of a 4D RADAR model to be used in this WP and specifically in this task, T3.5, and T3.7, as well
as WP7. THI along with WMG’s supervision have developed a simplified 4D RADAR model which will be used in
ROADVIEW simulation environment (its integration with the CARLA platform is currently undergoing as a part of T3.7
and key to work package 7). No 4D RADAR models were available off the shelf to be used as a part of this project.
In fact, most of the available RADAR models do not include the calculation of RADAR Cross Section (RCS) or Power,
which are key to understand how to apply noise models.

Radio Detection and Ranging or RADAR is an active sensor which emits Electromagnetic (EM) waves into the free
space. By measuring the time between emitting the EM wave/radio signal and its return to the sensor (round-trip
time) it is possible to measure the distance by a simple distance calculation using

ct

2

where c is the speed of light, t is the round-trip time of the wave, and R is the distance. The direction of the object
reflecting the EM wave can be estimated e.g. either by physically sweeping a narrow beam antenna, or by utilising
an antenna array and calculations through digital beam forming based on the phase difference of the return signal at
the different antenna array elements. Digital beam forming has the advantage of not needing any moving parts, but
on the other hand places higher demands on the signal processing chain.

Depending on the used modulation technique, RADAR can also be able to calculate the target speed based on the
Doppler effect. Acommon type of RADAR modulation in automotive applications is Frequency Modulated Continuous
Wave (FMCW). It typically uses a saw tooth modulation, which is commonly referred to as chirping. Finally, the
amplitude or power of the returned RADAR signal can provide information about the reflecting object. A common
measure for this is the RADAR Cross Section (RCS or o measured in squared meters), which is defined as (Skolnik,
2002)

4mr?s,
St

Above, r is the distance, S, is the power density at the target, S; is the power reflected from the target. The RCS is
physically defined as the area that the target represents if it were to be measured as an area of a sphere of radius of
1m. In a more intuitive way, the RCS is defined below.

o=

_ Reflected power/Unit of Solid Angle
h Power Density Incident/4mn

o

It is important to note that RCS is not bound to the targeted object geometric size. Due to the target physical
properties, its reflection may be stronger or weaker which in turn results in a greater or smaller RCS. Whilst in normal
circumstances a bigger target usually means a greater RCS, in specific circumstances due to scattering the RCS of
a bigger target may be lower than a smaller target. As the RCS influences the power of the returned signal it also
has a strong influence on the RADAR detectability of an object.

Considering RCS, the returned power from a target with RCS o is given by the RADAR power equation below.
_ RG*N’o
€ rt(4m)3’

Where P, is Received power, P, Emitted Power, G Antenna Gain, A Wavelength, r is the range. This equation shows
how the returned signal decreases rapidly with range. The Signal to Noise Ratio (SNR) thus also decreases with
range, relating the detectability range to the RCS of any reflecting object.

Considering using the D3.2 data from the REHEARSE dataset, with a car at 45 degrees and at the same positions
as the dataset (seen in Figure 12) it is possible to line cast the RADAR rays and get the respective triangle from the
digital model (seen in Figure 13). With these triangles, it is possible to calculate the RCS from them using a
discriminated RCS (o) defined as (Pandey et al.) (Pandey & Ram, 2022)

21 4
0, = N41A% cos? 0, sin*2mAcdbsindb)? <}\— dp, sin eb) ,

C
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where 0, is the Aspect angle, A is the wavelength, d,, is the dimension along the aspect angle, and 4, is the Area of
the triangular facets. Which allows for the calculation of the RCS of a triangle considering it ray incident and normal
directions.

With the RCS and distances from the targets, it is then possible to calculate the received signal at the ADC using

M-1

Aesr, [k]- Aex, " Ti

SRx[i,:]=z = . z-exp<lj'
= (41'[ (dy + vy - Tage - (i = 1) )

41 - (dl + v Tadc . (l - 1)))
A ’

where, N, is the Number of chirps, d; is the Distance for the i-th chirp, r; is the Radar Cross Section for the i-th chirp,
v; is the Velocity for the i-th chirp d.,, is the Transmission power coefficient for the i-th chirp, T, is the ADC

sampling time, P, is the Transmit power, Aerfpo is the Effective receiving area matrix, A is the wavelength of the

transmitted signal S, is the Received signal matrix. Then making a Fourier Transform of Sy, it is possible to plot the
range doppler plot of the detections under clear conditions as seen in Figure 14.

&) L RS T

w
Figure 12: Top View 28m car 45deg, REHEARSE dataset on Carla
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Figure 13: Line Casted RCS returns from the Carla Simulator.
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Figure 14: Range doppler detection under clear detections from simulated 4D RADAR
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6.1 Rain

Rain causes attenuation on the RADAR received signal. This attenuation (y) can be described as (Sander, 1975),
y =ax?(1+ ax7F),

where vy is the rain attenuation in dB/km, x is the rain rate in mm/h, and a, b, § are constants. With a known rain rate
the usage of the rain attenuation is added in the calculation of the returned signal.

O detection
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Figure 15: Range Doppler detections and RADAR point cloud (colour represents height of point) under rain

Figure 15 shows the Range Doppler graphic, of the RADAR model in rain conditions. When compared to the clear
scenario, Figure 14: Range doppler detection under clear detections from simulated 4D RADAR, the noise has
increased, denoted by the deeper shades of blue on the graph. In clear conditions, around 340 points were detected,
whilst in rain conditions, 535 points were detected, demonstrating the increased noise cause more detections.

6.2 Fog

Li et al. shows that for RADAR from 0.1THz to 0.3 THz such as the simulated in this work (0.077THz), Mie Theory
and Rayleigh approximation are close, in Meteorological Optical Range (MOR) from 30m to 200m (Li, et al., 2014).
Above the 1THz threshold, the difference is quite significant. Therefore, Mie theory can also be used in for the RADAR
attenuation calculations.

Using the normal distribution from D3.2 for fog DSD described by (Bernardin, Colomb, Egal, & Boreux, 2010),

described as
o N ( (Inr — lnf)z)
n(r) = exp| —————1,
rovV2m P 202

allows the calculation of the liquid water content (LWC) which is described as

oo

4
LWC = —T[j r3n(r) dr,
3 Jo

then it is possible to specify the LWC for log-normal distribution as

4 = N (Inr — In¥)?
LWC =—th r——exp | ————)dr,
3 ) rov2m 20

further developed as
LWC = = N7 9"
—311 > exp > )

then with the usage of Liebe et al (Liebe, Manabe, & Hufford, 1989)
y=a-LWC - f?
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where y is the attenuation in dB/km, a as 0.1820 (Liebe, Manabe, & Hufford, 1989), and f is the frequency in GHz.
Allows the calculation of the power attenuation for each target distance by the linearization of the attenuation and
multiplication of the distance.
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Figure 16: Range Doppler and RADAR point cloud (colour represent height of point) under heavy fog

6.3 Snow

Amarasinghe et al. shows that the snow attenuation is similar to the rain attenuation and makes special remarks on
the snow attenuation, stating that at 77Ghz is significantly greater with a local maxima (Amarasinghe, Zhang, Zhang,
& Mittleman, 2020). Amarasinghe et al. specifically points out that if the water content of wet snow is lower than 30%
then most of the scattering effects are related to ice crystals on the snow (Amarasinghe, Zhang, Zhang, & Mittleman,
2020). The snow attenuation then can be calculated using the equation below.

[oe]

Olgnow = 4.343 X 103J. Oux (M, 7, )N (1) dr,
0

Where m is the refractive index of the particle, N(r) is the snow size distribution (like the DSD but for snow), o, is

the extinction cross section. Norouziari et al. also shows a method for calculating the snow attenuation (Norouziari,

et al., 2018).

Then with the usage of the attenuation on the RADAR power equation, it is possible to simulate the real snow effect,
considering each of the distances to each detection.
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Figure 17: Range Doppler and RADAR point cloud (colour represent height of point) under snow

Figure 17 shows the Doppler Range graph under snow. The point cloud counted with 543 which is greater than the
clear weather point cloud.
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7 Evaluation, Comparison, and Validation of Created Models

The process of validating the sensor weather noise models created in T3.3 and T3.4 against the data captured in
T3.2 will be described in this Chapter.

7.1 Validation of noise models

The process of validating noise models is not established, and as mentioned is very often based on qualitative
evaluation and visual comparison of real to modelled data. Bearing in mind that one of the key outputs of T3.4 is to
select the noise models to be integrated in X-i-L as a part of work package 7, as a part of ROADVIEW, we propose
a validation/evaluation process, Figure 18, for the noise models based of the following steps:

e Qualitative evaluation of the noise generated, i.e. visually comparison of the noise applied to real ‘clear
sensor data from the dataset to the ‘noisy’ data collected in rain, fog, and snow (see Chapters 4-5-6).

¢ Quantitative evaluation of the quality of ‘noisy’ frames, based on the metrics described in the next two
sub-chapters.

e Comparison of the metrics’ values and variations in real data and data generated with the models (see
Chapter 7.4).

e Comparison of the execution time of the models for real time implementation (see Chapter Physics based
model performance).

Weather Model T3.3/T3.4

Clear “Ideal”
sensor data

Dataset

(REHEARSE,
ADCD, WADS)

Validation

Weather
“Noisy” sensor
data

Figure 18: Methodology to assess the noise models (based on qualitative, quantitative and run-time) using the sensor
data output, validated against weather data collected in the real world.

7.2 Metrics to evaluate and compare camera data

Traditional Image Quality Assessment (IQA) is based on trying to quantify the quality of images produced by digital
cameras. IQA metrics are focused on establishing how ‘good’ or ‘pleasant’ is an image for a human consumer and
therefore are tailored around the human visual system. Work in this field has generated two types of metrics,
summarised below, and described in detail as a part of a ROADVIEW paper, currently under review (Gummadi,
Chan, Wang, & Donzella, 2023).

- Full-reference IQA (FR-IQA) metrics, that generate a score by comparing a reference (‘ideal’, ‘clear’) image with
another image under assessment.

- No-reference IQA (NR-IQA) metrics, based on extracting features from the image under assessment and mapping
them based on hand-crafted mapping function or data-driven models.

As ROADVIEW aims to quantify the degradation of sensor data due to the noise models and compare it to the
degradation in the real world of real automotive sensors, using FR-IQA is the best option, as it enables us to compare
‘noisy’ frames (either simulated or real) to the ‘ideal’ collected without any rain, fog, or snow. The image features
assessed by the selected IQA metrics are presented in Table 10; as demonstrated in the table, we have selected a
wide variety of metrics covering all the possible spatial and frequency features identified.

Moreover, we have studied the correlation of the above-mentioned metrics with Deep Neural Network (DNN)
performance, and particularly object detection. The presented results show that of the 14 selected metrics 11 have
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high correlation with the perception performance, and in particular Information Content Weighted SSIM (IW-SSIM),
Denoise Snow Score (DSS) and MS-SSIM are very accurate in predicting the DNN performance. The three metrics
that have low correlation are PSNR, VIF, and MDSI (Gummadi, Chan, Wang, & Donzella, 2023).

Table 10: The 14 selected IQA metrics covering different assessment of image features. 1 Score is higher if image is
more similar to reference image. | Score is lower if image is more similar to the reference image

Local Local Edge

Mean Contrast Gradients Chrominance Visual Salience

Fourier Wavelet

1)PSNR?

Peak signal to noise ratio

2)SSIM?t v v
Structural similarity index

3)CW-SSIM1 v
Complex wavelet SSIM

4)DSS? v
Discrete cosine transform
subband similarity index

5)HAAR-PSIt v
Haar perceptual similarity index

6)VIFT v
Visual information fidelity

7)VSIt v v v
Visual saliency-induced index

8)MS-SSIM1 v v
Multi scale SSIM

9)SR-SIM? v v
Spectral residual based
similarity

10)IW-SSIM? v v
Information content weighted
SSIM

11)FSIM? v v v

Feature similarity index measure

12)GMSD|, 7
Gradient magnitude similarity
deviation

13)MS-GMSD| v
Multi scale GMSD

14)MDSI| v v
Mean deviation similarity index

7.3 Metrics to compare LIiDAR and 4D RADAR data

Concerning LIDAR and 4D RADAR, the work to evaluate the quality of data produced is scarce, if not nonexistent for
4D RADAR. However, this type of automotive RADAR produces data in a point cloud format (Chan, Shahbeigi, Ye,
& Donzella, 2023), so we decided to apply the same metrics to LIDAR and 4D RADAR. For LiDAR the metrics have
been traditionally created to understand how similar are point clouds, but in a way, they can be adapted to be used
to measure the noise on a point cloud, with respect to an ‘ideal’ point cloud. Table 11 explains the significance of the
selected point cloud (PC) metrics, i.e. metrics 2 to 6. Moreover, we have proposed a new metric, named SDM, metric
1in Table, aimed particularly at evaluating the dissimilarity between point clouds, as fully discussed in our accepted
ROADVIEW paper (Shahbeigi, Robinson, & Donzella, 2024). Recently, we have been also investigating the
relationship between these PC metrics and semantic segmentation of point clouds, to propose a de-snow or de-noise
score, the submitted paper is currently under review, and pre-prints are available here (Chan, Gummadi, Raisuddin,
Aksoy, & Donzella, 2024). Moreover, we have demonstrated for the first time how to apply the above-mentioned
metrics to 4D RADAR point cloud in (Chan, Shahbeigi, Ye, & Donzella, 2023), and they will be used in the following
sections.
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Finally, for the 4D RADAR, to add further information and evidence to our point cloud analysis, we have also
evaluated number of points in the PC with and without noise, and in specific areas of the point clouds.

Table 11: Comparison of different PC comparison metrics. | Score is lower (closer to 0) if PC is more similar to the
reference PC

1)SDM|
Shahbeigi-Donzella metric

PC shape signature and distance
between signatures

View and size invariant

Can be computationally intensive

2)RMSE|
Root mean squared error

Root Mean Squared Error (RMSE),
point to point difference

Overall assessment of
differences

Needs PCs of same size

3)MDE|

Mean distance error

Euclidean distance between all
nearest neighbour pairs

More robust to outliers
than RMSE

More focused on spatial similarity

4)MMDE

Maximum mean distance error

Emphasise the maximum average
distance between points

Emphasize detection of
anomalies

Sensitivity to large differences

5)HD|
Hausdorff distance

Maximum distance error of
corresponding points

Anomaly detection

May introduce redundancy

6)HD95| Similar to HD, but assess the error of Robust outlier handling May affect the sensitivity to certain
Hausdorff distance at 95" the 95" percentile outliers
percentile

1.4 Metric Comparison of Emulated and Simulated Weather

The REHEARSE dataset has methodologically captured paired frames from different scenarios (Poledna Y. ,
Drechsler, Donzella, & Chan, 2024) (Poledna Y., et al., 2024). A subset of the scenarios was used to determine the
baseline noise and used to post process application of the adverse weather using the IQA and PC metrics. To support
the analysis of the snow model, additional datasets are explored, i.e. ACDC dataset and WADS dataset for camera
and LiDAR respectively (Sakaridis, Dai, & Van Gool, ACDC: The Adverse Conditions Dataset with Correspondences
for Semantic Driving Scene Understanding, 2021) (Kurup & Bos, 2021). Frames 51 to 70 and 251 to 270 were
analysed when using the REHEARSE dataset for the IQA and PC metrics. For ACDC and WADS, specific sequences
were deployed for analysis detailed in the following sections.

The fourteen metrics presented in Table 10 were adapted and then applied to quantify the noise present by comparing
frames with real-world (T3.2) or simulated (T3.3 and T3.4) adverse weather conditions against the corresponding
scene with clear weather. Three scenes were selected for rain and fog to evaluate the noise implemented with
different test targets or distances see Table 12.

To quantify snow weather the ACDC dataset by Sakardis et al. has been used (Sakaridis, Dai, & Van Gool, ACDC:
The Adverse Conditions Dataset with Correspondences for Semantic Driving Scene Understanding, 2021). This
dataset provides matched frames of recorded sequences in the real world with and without the presence of snow.
The falling snow rate was not provided with the images. To create the baseline dataset, some sequences were split
into a heavy snow set (sequences GOPR0494, GP010494 and GP010496) and a light snow set (sequences
GOPR0122, GP010176, GP020606 and GP030176) based on a visual inspection.

Table 12 summarises the number of IQA metrics that performed as expected for each scene, i.e. a decreasing or
increasing trend when the amount of noise/degradation is increasing, see Table 12 for expected trends. There are
very little correct metric trends (with many not showing a trend) coming from the rainy data collected in the real world
T3.2, and simulated in data-driven methods from T3.3. For fog, the most metrics captured that as visibility reduces,
the similarity to the clear scene is reduced. For these two weathers, the physics-based application of weather
demonstrated the most expected trends. However, in the ACDC snow, the physics-based application did not match
any expected trends. These aspects are further discussed in the following sections.

Comparisons of the SR-SIM scores and trends are presented in Figure 19, Figure 20 and Figure 21. The complete
set of metric scores for camera is presented in Appendix 10.1.
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Table 12: Number IQA metrics exhibiting expected trends with increasing adverse weather for different scenes.
* dependent on definition of DSD for snow, see sec. 7.4.13.

THI, Car, 28m 3 0 14
THI, Car, 56m 2 0 14
THI, Camera Target, 28m 0 3 14
CE, Car, 15m 13 11 13
CE, Pedestrian + Bike, 15m 13 11 13
CE, Sensor Targets, 156m 13 11 13
ACDC 11 - 0*
THI, Car, 28m - 14 -
THI, Car, 56m - 12 -
THI, Camera Target, 28m - 12 -

Comparison of SR-SIM scores under different
generated Rain
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Figure 19: Comparison of SR-SIM for the different rain data from ROADVIEW
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Comparison of SR-SIM scores under different
generated Fog
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Figure 20: Comparison of SR-SIM for the different Fog data from ROADVIEW

Comparison of SR-SIM scores under
different generated Snow
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Figure 21: Comparison of SR-SIM for the for snow from ROADVIEW modelling compared against the ACDC snow
dataset

7.411 Rain

In the REHEARSE real data with rain (T3.2), very little metrics exhibited the expected trend. At most, only 3 out of
14 IQA metrics follow the expected trend in the evaluated scenes. Visually inspecting the data, see Figure 22, there
are a variety of lighting conditions (i.e. different time of day and sun position during the data capture) leading to
difference in exposures. These lighting variations cause big fluctuations in the values of pixels between different
frames, and are detected as ‘degradation’ by the metrics. Metrics like IW-SSIM and SR-SIM are less affected by the
lighting conditions, perhaps because they enable a better analysis of the structural content of the frames.
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Figure 22: Images of THI Data at different rain rates (Data Target = Car, Target Distance = 28m) and the corresponding
clear image

In the data-driven model, there are no trends exhibited by the metrics in the compared data. This lack of trends
might be due to two reasons: 1) generative models are difficult to control and overall the output rain rate is
unpredictable; 2) the models used lower resolution frames and they were then upscaled to the original, input
resolution. However, due to the small nature of raindrops and streaks, the generated effects may be reduced, or
artefacts may be introduced from the upscaling technique.

In the physics-based model, all IQA metrics performed as expected. Based on the design of the model, the amount
of noise from the rain added is based on the DSD. With the used Marshall-Palmer DSD, the number of droplets of
different sizes increases as the rain rate increases, hence creating more noise as the rate increases. However, some
metrics exhibited near perfect scores even with the added noise (indicating the ‘noisy’ image is almost exactly the
same to the ‘noisy’ one). The only difference between the generated image and the reference image is only the
applied rain noise (i.e. the output of the model is compared to the input of the model). Additionally, depending on the
size and distance from the camera, many droplets only had a minor effect of the captured intensity per pixel and
therefore had a minor effect on the metrics.

7.412 Fog

A comparison of the fog frames in the dataset and with simulated noise is shown in Figure 23. In the emulated fog
in the REHEARSE dataset captured with the Lucid Triton camera, almost all metrics exhibited the expected trend,
aside from VIF. The implementation of VIF is sensitive to the contrast of the image and was observed that a higher
contrast image compared to a lower contrast image can have a score of above one (Photosynthesis Team, 2023).
Within the Lucid Triton images, overexposure can be identified in the image with clear weather. As the visibility due
to fog decreases, the area of overexposure increases due to the increased scattering of light across a wider area.
Hence, as the visibility reduces (stronger fog), the contrast decreases, and the VIF metric trend is opposite to the
initial assumption. In fact, the trend of VIF does increase as visibility decreases, and matches this theory.

The majority of the metrics does exhibit the expected trend for the data driven fog model. However, due to limitations
in the data-driven techniques, the trends are presented based on visibility of 30m, 200m, and 400m compared to the
REHEARSE emulated and physics-based simulated visibility of 20m, 20m, 30m, and 50m, so we cannot fully validate
these models.

Table 13: Comparison of the attenuation coefficient computer per colour using Mie theory and Koschmieder's Theory

10 0.2889 0.2934 0.2989 0.3000 -3.7032 -2.1869 -0.6923
20 0.1457 0.1481 0.1504 0.1500 -2.8824 -1.2832 0.2675
30 0.1024 0.1043 0.1061 0.1000 2.4470 4.2750 6.0648
50 0.0705 0.0723 0.0740 0.0600 17.4307 20.4252 23.2552

In the physics-based model, the model’s trend behaved the same as the data captured in the real world, again with
VIF not following the expected trends. The model’s attenuation was calculated based on Mie theory, applying the
measured DSD provided by the data based on a different electromagnetic wavelength per colour channel (i.e. based
on the Bayer data). This proved valuable as there are clear difference in the attenuation calculated with this method
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compared to the generalised Koschmieder’'s equation, used in many works, see Table 13. Whilst the attenuation
coefficient using the approximation of Koschmieder’s theory in this scenario is similar to the Mie theory at low visibility
(i.e. 10 m and 20 m), this drastically changes at higher (better) visibility. At 50 m visibility, there is up to 23% difference
between the attenuation coefficient between Mie theory and Koschmieder’s theory. The attenuation calculated by
Mie Theory is higher than Koschmieder’s theory indicating that you will see less and hence would have less time to
react. This timing is critical, especially at low ranges to detect hazards and hence is critical to model the weather
properly. Additionally, the difference in attenuation per colour channel also varies guite a lot at the same visibility,
highlighting the importance of properly account for wavelength using Bayer input.

> W\ VA N W/

e
|}

REHEARSE collected images with fog Data-Driven Simulated Fog Physics-Based Simulated Fog
Figure 23: Comparison of 30m visibility fog in the collected data and ROADVIEW fog models

7.41.3 Snow

In the ACDC dataset (real-world data), the majority of the metrics exhibited the expected trend. Although the location
was matched in the frames, there was a large time difference between the frames. This can be seen where there is
mismatched construction in images but also difference in foliage condition, e.g. with green leaves in the clear frames
and bare branches in the snow frames. These effects can have an impact of the metric scores with different severity
based on the feature of the image being assessed.

The data-driven noise models performed well with many metrics exhibiting the expected trends. The generated
snow images were resized through super resolution to match the original image size. In the generated images, see
Figure 24, it is difficult to see indication of falling snow, reinforcing Rothmeier et al.’s work stating that it is difficult to
generate falling snow using machine learning techniques (Rothmeier, Huber, & Knoll, 2024). However, in the heavy
snow image, there are snow buildup generated on surfaces and also converting of the trees to branches similar to
wintertime with no leaves.

Figure 24: Images generated by the data-driven snow model for validation. Left: light snow, Right: heavy snow

None of the expected trends in metric scores was observed for the physics-based model. Figure 8 presented the
images from the output of the models. In the lowest simulated snow rate, there are several bright spots due to the
snow. In the medium snow rate, there was very little effect on the image. With the heaviest snow rate, there are many
patches with shifts in intensity towards white due to the modelled snow. A measured weather snow event DSD was
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used, but the parameterisation of the DSD equation individually modelled each rate. The three DSD models have led
to the medium snow rate having far more small snowflake size compared the other rates, Figure 25. At the same
distance, smaller snowflakes will have a lower impact on the pixel intensity than larger drops, hence the inconsistency
in the effect on the final image. Indeed, if the medium snow was not accounted for, all the metrics show the expected
trend. This model demonstrated the high importance of simulating the DSD alongside the weather rate as they both
will determine the severity of the impact on the final image.

= 1200 Comparison of snow DSD at different snowrates
E Snowrate (mm h-1)
= 1000 | —S?Q 7
£ e 2.
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©
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Size of snowflake (mm)

Figure 25: DSD of snowflakes using measured distribution from a Colorado snowstorm event

The six PC metrics were applied to the collected data from the Ouster LIiDAR in the REHEARSE dataset and the 64
channel LIDAR in WADS to quantify the effect of the noise. The REHEARSE dataset provided the paired data for
rain and fog, with the compared scenes presented in Table 14. Due to the method of emulating the rain in the
REHEARSE dataset, there is only a limited region in space with emulated rain. To mitigate this, only this specific
areas of the point clouds are evaluated.

There is a lack of directly paired datasets with snow for LIDAR. For this analysis, the WADS dataset which provided
point clouds captured during snow events were used. Moreover, this dataset provides labelled snow points (Kurup &
Bos, 2021), so we created a paired dataset to the best of our ability, i.e. removing snow points from the point clouds
and using the resulting PC as the baseline ‘clear’ weather. Based on the number of snow points in the point clouds,
we divided the sequences as light (i.e. sequences 35, 6% snow points) and heavy (i.e. sequences 26, 18% snhow
points) snow.

The number of expected trends for the applied PC metrics as the weather rate increases are summarised in Table
14. In the real data, less than half the metrics exhibited the expected metric. The data-driven models did not show
trends, but the physics-based models worked a lot better at introducing increasing changes to the point cloud as the
weather rate increased. Figure 26, Figure 27 and Figure 28 presents a comparison of the SDM scores on the different
weather LIDAR data. The full list of metric scores is presented in Appendix 10.2.

The data-driven models are based on an statistical analysis on real data to remove points which would be attenuated
by the weather. However, false points due to backscattering from the weather phenomena are not added, which
could cause the lack of trends exhibited.
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Table 14: Number PC metrics exhibiting expected trends with increasing adverse weather at different scenes for LiDAR.

Weather Scene Number of expected metric trends (out of 6)
e
REHEARSE (T3.2)) | (T3.3) (T3.4)

THI, Car, 28m 2 0 4

THI, Car, 56m 2 1 4

THI, Cam Target, 28m 3 0 4

Fog CE, Car, 15m 5 0 6
CE, Pedestrian + Bike, 15m 3 2 6

CE, Sensor Targets, 15m 4 0 6

5 6

Snow WADS -
REHEARSE - -

Comparison of SDM scores under different
generated Rain
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Figure 26: Comparison SDM for rain from ROADVIEW LiDAR data
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Comparison of SDM scores under different
generated Fog
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Figure 27: Comparison SDM for fog from ROADVIEW LiDAR data
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Figure 28: Comparison SDM for snow from ROADVIEW LiDAR snow model against the WADS snow dataset

7.4.21 Rain

In the capture of the rain in the REHEARSE dataset, the metrics had a poor performance with expected trends
due to the low number of points captured in the emulated rain point clouds. A visualisation of the point clouds for
comparison is presented in Figure 29. The target points along the far end of the x-axis start to diminish (i.e. attenuate
due to increases in rain rates). However additional sprinklers detected by the LIDAR in the assessed area increase
the number of points closer to the origin. Thus, adding unwanted noise to the structure of the point clouds and thereby
altering the metric scores. The Ouster OS1 LIDAR conducts some data processing before providing the final point
cloud, hence it appears that the false returns due to backscatter from the rain are filtered.
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Figure 29: Point cloud regions assessed using PC metrics with point clouds of different rain rates from the REHEARSE
dataset

The physics-based rain model consistently achieved 4 out of 6 expected trends. In all scenes, MMDE and HD95
does not follow the expected trends. These two metrics are designed to be less sensitive to outliers. The design of
inserting false positive points per beam based on the DSD in the model can create many points which are distant
from other points and classed as “outlier” in the metrics.

7.4.2.2 Fog

There are varying number of trends following the expected trend in the PC from the REHEARSE dataset. In the
pedestrian and bike scene, demonstrating the lowest number of expected trends, it is observed that there are many
newly introduced points in the near range from the fog at lower visibility in additional to the lower nhumber of points in
the far field, see Figure 30. These differences are causing some outliers which makes the metrics perform not as
expected. This theory is reinforced by using HD95 which is more robust against outliers, with all three scenes
demonstrating the expected trend with this metric. However, understanding the outlier is important as any false points
due to fog is important and cannot be classified as an outlier. The physics-based rain model consistently achieved
6 out of 6 expected trends.
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Figure 30: Sample point clouds from REHEARSE dataset under different visibility. The circle highlights an area which
contains many more false points at lower visibility

7.4.2.3 Snow

From the WADS dataset, all but HD95 followed the expected trend, indicating that outliers are causing the core
differences in the analysis. Due to the method of generating the ideal paired data, by removing snow points in the
sequences, this could cause gaps in data where objects should be, particularly at heavier snow. Hence contributing
to the higher number of outliers.

The six defined PC metrics have been also applied to the REHEARSE 4D RADAR data and physics-based simulated
4D RADAR data. Due to the lack of conclusiveness from the data driven analysis, there was no 4D RADAR PC data
available from the data-driven model (Duthon, Ouattara, Liandrat, & Poledna, 2024). For the physics based model,
the 4D RADAR data in rain and fog are captured in the REHEARSE dataset. Using the same 4D RADAR, real snow
events were captured at Puy De Dome (PDD). The scenes assessed and related PC trends are presented in Table
15.
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The physics-based adverse weather models are applied to the PC generated by the ROADVIEW 4D RADAR model
in Carla within the created THI and CE digital twins, delivered inT3.1 (Herranen & Kloek, 2023).

Figure 31, Figure 32 and Figure 33presents a comparison of the RMSE scores on the different weather 4D RADAR
data. The full list of metric scores is presented in Appendix 10.3.

Table 15: Number PC metrics exhibiting expected trends with increasing adverse weather at different scenes with 4D
RADAR PCs.

THI, Car, 28m

THI, Car, 56m

THI, RADAR Target, 28m
CE, Car, 15m

CE, Pedestrian + Bike, 15m

S O O Fr A~ DN
1
1

CE, Sensor Targets, 15m
THI, Car, 28m - - 0
THI, Car, 56m - - 0
PDD 3 = -
THI, Car, 28m - = 0
THI, Car, 56m - -

Comparison of RMSE scores under different
generated rain for 4D RADAR
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Figure 31: Comparison RMSE for rain from ROADVIEW 4D RADAR data
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Comparison of RMSE scores under different
generated fog for 4D RADAR
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Figure 32: Comparison RMSE for fog from ROADVIEW 4D RADAR data

Comparison of RMSE scores under different
generated snow for 4D RADAR
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Figure 33: Comparison RMSE for snow from ROADVIEW 4D RADAR snow model against the snow data collected at PDD

In the REHEARSE dataset and the PDD data capture, there are a varying humber of expected trends across the
different weather conditions. The 4D RADAR data is inherently quite noisy, and comparing different 4D RADAR PCs
collected in ‘ideal’ conditions, ~10% in the blue line in Figure 34, it was observed that the baseline variance is quite
large. For most of the analysis with adverse weather, the average metric score falls within the standard deviation of
the baseline clear-clear analysis. However, the average metric scores for adverse weather are always higher (worse)
than the average for the baseline. This affirms literature that weather does not have a large effect of 4D RADAR, but
there is still a minor effect.

The processing algorithms performed by commercial 4D RADAR are closely guarded, making it difficult to model and
creating uncertainties in the effect of the noise. Similar to the real data, the number of points in the ‘noisy’ point clouds
generated by the physics-based model does increase with respect to the pint clouds in clear weather. A lower level
of random noise across frames collected/generated in similar conditions (lower variance across many similar frames)
is exhibited in the simulated adverse weather data compared to the real world. This is likely due to a lower exposure
to different sources of noise in the simulation.
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Figure 34: The number of 4D RADAR points present in the data capture at PDD under clear, light and heavy snow

7.4.3.1

4D RADAR point count analysis

The number of points was counted and averaged across 10 frames for each of the scenes in the REHEARSE dataset
and the related scenes generated by the T3.4 RADAR noise model, Figure 35 and Figure 36. In the simulated adverse
weather, Figure 35, there is a notable increase of detected points under the effect of adverse weather. Comparatively
in the captured adverse weather, Figure 36, only fog increases in points by a small amount, with rain reducing the
number of points as the weather increases. However, the effect of signal processing in the real collected 4D RADAR
data is unknown, making a true comparison difficult.
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Figure 35: Average number of points in the simulated point clouds
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Figure 36: Average number of points in the 4D RADAR data captured in the REHEARSE dataset

ROADVIEW
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1.5 Visual comparison of models

Table 16. Visual comparison of models

Library of validated physics-based parameterised noise

ROADVIEW

REHEARSE (Clear/Input)

T3.4 Model

Camera
(Rain)

Camera
(Fog)

Lucid

Camera
(Snow)

LiDAR
(Rain)

LiDAR
(Fog)

LiDAR
(Snow)

7.6 Physics based model performance

The developed LIiDAR noise models was coded in MATLAB. The performance of the different noise models is
presented in Table 17. Although the overall model time is not near real-time, the timing is based on the adaptation of
the existing point clouds. In the ROADVIEW testing, the LIDAR model will be used to update the WMG LiDAR model
in Carla, creating a WMG ROADVIEW LiDAR model delivered in T3.7 and used in WP7. This model has previously
been demonstrated to operate in real time and the noise is calculated as the point is generated by the LIDAR model

(Espineira, Robinson, Groenewald, Chan, & Donzella, 2021).
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Table 17: Physics-based LIiDAR weather model time performance

24.017 seconds per frame 17.899 seconds per frame 40.434 seconds per frame

The times taken to produce the noisy camera frames are presented in Table 18. The developed camera noise
models are coded in python, running on single thread. The fog model can currently run at roughly 10 frames per
second. With optimisations, the model will be able to perform at this rate consistently. For the particle model for rain
and snow, it will be difficult to optimise for real-time whilst maintaining the model in its current form. With parallel
processing, the particle model time can be drastically reduced. However, every particle’s effect on the image within
the FoV is individually considered to build up a mask used to apply the rain noise. The time taken for the particle
model is also tied to the rain/snow rate. At lower rates, there are less particles to consider, and each frame can be
generated quicker. To move towards the real time use of the model, it is suggested that the noise masks are pre-
generated and combined with the output of the simulated camera image for real time testing.

Table 18: Physics-based camera weather model time performance

122.553 seconds per frame 0.092 seconds per frame 62.876 seconds per frame

The developed 4D RADAR model with integrated noise models requires roughly 60 seconds per frame. Steps are
being taken to convert and integrate the 4D RADAR model inside Carla’s C++ radar sensor and optimising the
algorithm to achieve real-time performance.
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8 Conclusions

In ROADVIEW T3.4, a series of physics-based weather noise models have been developed. These models are
parametric and can be adapted based on the different perception sensors and weather parameters. Key contribution
of the camera model is applying the noise at the Bayer level. For LiDAR, the energy of the beam is considered to
ensure the model is agnostic to the sensor, and all possible beams (even if it was not in the input point cloud) are
evaluated. For 4D RADAR, a novel ROADVIEW simulation model has been developed and the state-of-the-art
models and collected data have been analysed and adapted to generate, for the first time, 4D RADAR noise models.

A series of IQA and PC metrics have been applied to the differently created adverse weather data, i.e. by real sensors
(the REHEARSE dataset, T3.2), by data-driven models (T3.3), and by physics-based models (T3.4). The
REHEARSE dataset provides the measured effect of noise on automotive perception sensors to be used as reference
for the validation of the simulation models. However, even the collected data have non-ideal behaviours (e.g.
unwanted variations of luminosity/saturation during the measurements due to sun position), causing unwanted
variations in the IQA/PC metrics. Nonetheless, for the camera and LiDAR physics-based model, almost all metrics
followed an expected trend, whilst the reasons for some trend not performing as expected have been provided.

Crucially, having accurate and validated sensor models is of utmost importance in testing. The camera fog
demonstrates that using the physics-based Mie theory compared to the commonly used Koschmieder’s theory
resulted in up to 23% difference in attenuation at the visibility of 50 m, which drastically affects when the detection of
objects can start occurring. This result demonstrates the importance of considering an accurate and measured drop
size distributions in the model. This aspect is even further reinforced by the camera snow results. None of the applied
metrics exhibited trends in this case, due to the metric value having unexpected values at the medium snow rate
applied. However, there is a large difference in the size distribution of the snowflakes across the three snow rates
used, resulting in the medium snow rate visibly looking less affected and with less snow flacks captured. A key
takeaway is that the DSD should be considered alongside the weather rate when modelling adverse weather to
properly capture the effects on sensor performance.

From the work performed in this task, there are several planned submissions. The SDM assessing point clouds was
published in IEEE Access (Shahbeigi, Robinson, & Donzella, 2024). Two papers, deploying the used IQA and PC
metrics have been submitted to top Tier IEEE journals (Gummadi, Chan, Wang, & Donzella, 2023) (Chan, Gummadi,
Raisuddin, Aksoy, & Donzella, 2024). For the perception sensors, it is planned to submit three research articles to
journals. In addition, the core findings to the validation process and in particular, the 4D RADAR’s analysis will be
planned to be submitted as a journal article. For 4D RADAR, we have already submitted a paper showing for the first
time the application of a reduced set of PC metrics to establish the quality of RADAR point clouds (Chan, Shahbeigi,
Ye, & Donzella, 2023).

The developed physics-based models from this task will be integrated into the testing pipeline of WP7 to simulate
adverse weather. Additionally, the models will be considered in T3.5 alongside other sources of noise to provide a
methodology to compound noise models. Finally, the models can be used to generate adverse weather data to
support the tasks in WP4 and WP5.
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10 Appendix

10.1 Camera Metric Scores

10.1.1 T3.2 Rain

THI Rain Real Camera Data Metric Scores (Target = Car, Distance = 28m) (Green = Higher value equals better quality, Red =
value equals better quality) (Metric values showing expected trends are bold)

Lower

34.39 0.3677 0.4384 0.5981 0.1416 0.1948 0.0125 0.8931 0.6787 0.7765 0.2563 0.2512 0.2604 0.5198
35.43 0.3790 0.4476 0.6295 0.1235 0.2244 0.0114 0.9062 0.7185 0.7546 0.2704 0.2322 0.2422 0.4851
33.22 0.3662 0.4324 0.5994 0.0773 0.1590 0.0087 0.8819 0.6859 0.7239 0.2531 0.2519 0.2599 0.4952

THI Rain Real Camera Data Metric Scores (Target = Car, Distance = 56m) (Green = Higher value equals better quality, Red =

value equals better quality) (Metric values showing expected trends are bold)

34.40 0.3687 0.4454 0.6003 0.1381 0.2035 0.0119 0.8805 0.6835 0.8075 0.2698 0.2513 0.2597

Lower

0.4966

36.02 0.3871 0.4649 0.6272 0.1302 0.2384 0.0129 0.9078 0.7245 0.7845 0.2756 0.2324 0.2425

0.4702

Table 8: THI Rain Real Camera Data Metric Scores (Target = Camera Calibration Target, Distance = 28m) (Green = Higher value

equals better quality, Red equals Lower value = better quality) (Metric values showing expect trends are bold)

32.29 0.3334 0.4223 0.5434 0.1940 0.1536 0.0364 0.8289 0.6233 0.7547 0.1888 0.2893 0.2943 0.4864
33.59 0.4009 0.4936 0.6008 0.3039 0.2192 0.0630 0.8682 0.6832 0.8219 0.2304 0.2464 0.2556 0.4558
33.88 0.3253 0.3984 0.5762 0.1550 0.1573 0.0132 0.8565 0.6584 0.7150 0.2215 0.2596 0.2673 0.4592

10.1.2 T3.2 Fog

CEREMA Fog Real Camera Data Metric Scores - Target = Car, Distance = 15m (Green = Higher value equals better quality, Red =

Lower value equals better quality) (Metric values showing expected trends are bold)

22.80 0.4992 0.5375 0.4588 0.2943 0.0676 0.6902 0.8602 0.6133 0.6268 0.2010 0.3076 0.3137 0.3753
23.22 0.5298 0.5726 0.4991 0.3559 0.0825 0.6711 0.8695 0.6441 0.6823 0.2319 0.2888 0.2972 0.3723
24.54 0.6459 0.7042 0.6506 0.5734 0.1893 0.5866 0.9064 0.7567 0.7845 0.3717 0.2190 0.2317 0.3584
26.05 0.7387 0.7961 0.7536 0.7106 0.3587 0.5396 0.9351 0.8233 0.8523 0.5180 0.1634 0.1752 0.3401
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CEREMA Fog Real Camera Data Metric Scores - Target = Pedestrian + Bike, Distance = 15m (Green = Higher value equals better
quality, Red = Lower value equals better quality) (Metric values showing expect trends are bold)

22.01 0.4899 0.5286 0.4495 0.2736 0.0643 0.7001 0.8563 0.6079 0.6263 0.1899 0.3180 0.3234 0.3791

22.42 0.5471 0.5834 0.5139 0.3679 0.0768 0.6614 0.8696 0.6486 0.6734 0.2338 0.2851 0.2951 0.3709

23.36 0.6101 0.6596 0.6018 0.4961 0.1269 0.6152 0.8951 0.7219 0.7605 0.3158 0.2451 0.2572 0.3636

26.21 0.7573 0.8219 0.7767 0.7491 0.4370 0.5221 0.9441 0.8528 0.8905 0.5657 0.1498 0.1613 0.3314

CEREMA Fog Real Camera Data Metric Scores - Target = Camera Calibration Target, Distance = 15m (Green = Higher value equals
better quality, Red = Lower value equals better quality) (Metric values showing expect trends are bold)

22.28 0.5173 0.5553 0.4808 0.3093 0.0673 0.6525 0.8705 0.6255 0.6348 0.2039 0.3029 0.3107 0.3763

22.80 0.5620 0.6029 0.5395 0.3881 0.0937 0.6337 0.8870 0.6680 0.7272 0.2534 0.2741 0.2847 0.3725

24.04 0.6363 0.7009 0.6457 0.5615 0.1712 0.5468 0.9163 0.7554 0.7817 0.3534 0.2265 0.2387 0.3626

25.43 0.7257 0.7812 0.7424 0.6842 0.2889 0.5073 0.9400 0.8098 0.8439 0.4682 0.1765 0.1887 0.3459

10.1.3 ACDC Snow

ACDC Snow Real Camera data Metric Scores (Green = Higher value equals better quality, Red = Lower value equals better quality)
(Metric values showing expect trends are bold)

58.66 0.3302 0.2896 0.4971 0.0886 0.0579 0.0136 0.8199 0.5690 0.6494 0.2009 0.3092 0.3150 0.5165

58.60 0.3573 0.3025 0.5022 0.0878 0.0549 0.0125 0.8132 0.5632 0.6380 0.1942 0.3176 0.3228 0.5337

10.1.4 T3.3 Rain

THI — CEREMA Rain Camera Model Metric Scores (Target = Car, Distance = 28m) (Green = Higher value equals better quality, Red =
Lower value equals better quality) (Metric values showing expect trends are bold)

16.7434 0.5011 0.6574 0.6027 0.4560 0.1389 0.1351 0.9421 0.7938 0.9222 0.3310 0.2781 0.2708 0.3834

19.9374 0.5106 0.6998 0.6618 0.5118 0.2913 0.1193 0.9716 0.8784 0.9553 0.3806 0.2242 0.2207 0.3501

21.7391 0.5179 0.6946 0.6262 0.4932 0.1877 0.1641 0.9615 0.8430 0.9561 0.3310 0.2644 0.2586 0.3685
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THI — CEREMA Rain Camera Model Metric Scores (Target = Car, Distance = 56m) (Green = Higher value equals better quality, Red =

Lower value equals better quality) (Metric values showing expect trends are bold)

16.0927 0.4877 0.6468 0.5879 0.4465 0.1018 0.1491 0.9349 0.7607 0.9379 0.2836 0.2999 0.2913 0.3750

20.5174 0.5069 0.6920 0.6441 0.4948 0.2813 0.1280 0.9704 0.8635 0.9472 0.3673 0.2429 0.2392 0.3466

21.4600 0.5086 0.6941 0.6254 0.4913 0.1918 0.1508 0.9684 0.8549 0.9595 0.3470 0.2639 0.2604 0.3495

THI — CEREMA Rain Camera Model Metric Scores (Target = Camera Calibration Target, Distance = 28m) (Green = Higher value
equals better quality, Red = Lower value equals better quality) (Metric values showing expect trends are bold)

16.5364 0.3775 0.5228 0.5385 0.4082 0.1437 0.0857 0.9005 0.7211 0.8495 0.2477 0.2790 0.2798 0.4502

12.6993 0.3831 0.5218 0.4760 0.3259 0.0724 0.1853 0.8983 0.6567 0.8151 0.1632 0.3459 0.3365 0.3926

16.9173 0.4040 0.5430 0.4879 0.3471 0.0745 0.1884 0.8870 0.6469 0.8766 0.1418 0.3425 0.3324 0.4059

10.1.5 T3.3 Fog

CEREMA Data — CEREMA Fog Camera Model Metric Scores -Target = Car, Distance = 15m (Green = Higher value equals better
quality, Red = Lower value equals better quality) (Metric values showing expect trends are bold)

16.6938 0.4471 0.5583 0.4943 0.3425 0.1229 0.1845 0.9003 0.7112 0.8162 0.2384 0.3211 0.3150 0.3746

17.9210 0.4637 0.6509 0.6301 0.4754 0.2690 0.1075 0.9575 0.8674 0.9399 0.3733 0.2477 0.2455 0.3516

16.0760 0.4506 0.6543 0.6683 0.4924 0.3140 0.0863 0.9667 0.8874 0.9519 0.4039 0.2246 0.2235 0.3441

CEREMA Data — CEREMA Fog Camera Model Metric Scores -Target = Pedestrian + Bike, Distance = 15m (Green = Higher value
equals better quality, Red = Lower value equals better quality) (Metric values showing expect trends are bold)

16.8506 0.4439 0.5535 0.4949 0.3334 0.1116 0.1763 0.9012 0.7071 0.8215 0.2300 0.3298 0.3238 0.3783

17.8527 0.4615 0.6405 0.6228 0.4583 0.2466 0.1059 0.9562 0.8561 0.9343 0.3634 0.2554 0.2541 0.3570

16.8379 0.4579 0.6570 0.6731 0.4922 0.3442 0.0838 0.9686 0.8907 0.9488 0.4103 0.2199 0.2202 0.3447

CEREMA Data — CEREMA Fog Camera Model Metric Scores -Target = Camera Calibration Target, Distance = 15m (Green = Higher

value equals better quality, Red = Lower value equals better quality) (Metric values showing expect trends are bold)
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17.0179 0.4451 0.5500 0.4871 0.3208 0.1048 0.1886 0.9037 0.6919 0.8062 0.2188 0.3347 0.3279 0.3795

18.3709 0.4654 0.6402 0.6165 0.4517 0.2350 0.1103 0.9527 0.8496 0.9333 0.3553 0.2616 0.2598 0.3592

17.6063 0.4648 0.6625 0.6716 0.4945 0.3432 0.0865 0.9666 0.8875 0.9485 0.4048 0.2219 0.2216 0.3447

10.1.6 T3.3 Snow

THI — CEREMA Snow Camera Model Metric Scores (Target = Car, Distance = 28m) (Green = Higher value equals better quality, Red
= Lower value equals better quality) (Metric values showing expect trends are bold)

21.8347 0.5227 0.7205 0.7006 0.5512 0.4187 0.1010 0.9817 0.9208 0.9741 0.4634 0.1903 0.1901 0.3271

15.7129 0.5021 0.6632 0.6691 0.4803 0.2687 0.0964 0.9362 0.7872 0.8544 0.3654 0.2253 0.2273 0.3953

THI — CEREMA Snow Camera Model Metric Scores (Target = Car, Distance = 56m) (Green = Higher value equals better quality, Red
= Lower value equals better quality) (Metric values showing expect trends are bold)

22.0188 0.5063 0.7005 0.6862 0.5223 0.2659 0.0896 0.9756 0.8976 0.9709 0.4322 0.2099 0.2110 0.3427

16.4111 0.4967 0.6721 0.6729 0.4915 0.3094 0.0929 0.9470 0.8102 0.8931 0.3786 0.2200 0.2217 0.3834

THI — CEREMA Snow Camera Model Metric Scores (Target = Camera Calibration Target, Distance = 28m) (Green = Higher value
equals better quality, Red = Lower value equals better quality) (Metric values showing expect trends are bold)

16.4633 0.4143 0.6138 0.5947 0.4769 0.2188 0.1075 0.9187 0.7838 0.8573 0.3051 0.2603 0.2592 0.4608

15.4696 0.3995 0.5436 0.5162 0.3616 0.1101 0.1246 0.8622 0.6779 0.7995 0.1695 0.3131 0.3067 0.4109

10.1.7 T3.4 Rain

THI - WMG Rain Camera Model Metric Scores (Target = Car, Distance = 28m) (Green = Higher value equals better quality, Red =
Lower value equals better quality) (Metric values showing expect trends are bold)

41.42 0.9841 0.9947 0.9918 0.9941 0.9889 0.7818 0.9998 0.9993 0.9997 0.9814 0.0065 0.0068 0.1080

41.09 0.9828 0.9939 0.9894 0.9930 0.9798 0.7725 0.9996 0.9988 0.9994 0.9774 0.0111 0.0108 0.1207

40.56 0.9810 0.9927 0.9860 0.9907 0.9653 0.7611 0.9994 0.9979 0.9990 0.9713 0.0169 0.0164 0.1371

THI - WMG Rain Camera Model Metric Scores (Target = Car, Distance = 56m) (Green = Higher value equals better quality, Red =

Lower value equals better quality) (Metric values showing expect trends are bold)
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40.73 0.9827 0.9939 0.9895 0.9940 0.9831 0.7692 0.9995 0.9988 0.9992 0.9782 0.0088 0.0087 0.1163

39.72 0.9801 0.9924 0.9851 0.9913 0.9679 0.7534 0.9991 0.9976 0.9980 0.9709 0.0151 0.0145 0.1339

THI — WMG Rain Camera Model Metric Scores (Target = Camera Calibration Target, Distance = 28m) (Green = Higher value equals
better quality, Red = Lower value equals better quality) (Metric values showing expect trends are bold)

38.83 0.9816 0.9942 0.9930 0.9981 0.9874 0.7526 0.9998 0.9994 0.9997 0.9771 0.0066 0.0078 0.0942

38.74 0.9808 0.9938 0.9919 0.9977 0.9828 0.7484 0.9997 0.9991 0.9995 0.9753 0.0089 0.0096 0.1020

38.57 0.9797 0.9932 0.9904 0.9969 0.9751 0.7431 0.9996 0.9985 0.9991 0.9722 0.0127 0.0129 0.1139

10.1.8 T3.4 Fog

CEREMA — WMG Fog Camera Model Metric Scores -Target = Car, Distance = 15m (Green = Higher value equals better quality, Red =
Lower value equals better quality) (Metric values showing expect trends are bold)

‘ 10.3433 0.614 0.659 0.638 0.507 0.1682 1.4065 0.9063 0.6957 0.7438 0.3432 0.2264 0.2397 0.3726
‘ 13.6245 0.7884 0.8229 0.8221 0.7558 0.3584 1.0964 0.9513 0.8138 0.8343 0.57 0.1395 0.1545 0.3329
7‘ 15.7217 0.8587 0.8854 0.8885 0.8458 0.5046 1.0063 0.9673 0.869 0.8785 0.7023 0.1017 0.1159 0.3082
‘ 18.1597 0.9115 0.9317 0.9356 0.911 0.6648 0.9422 0.9782 0.917 0.9176 0.8228 0.0673 0.0797 0.2797

CEREMA - WMG Fog Camera Model Metric Scores -Target = Pedestrian& Bike, Distance = 15m (Green = Higher value equals better
quality, Red = Lower value equals better quality) (Metric values showing expect trends are bold)

‘ 10.7613 0.6438 0.6864 0.6681 0.5467 0.1827 1.2745 0.9121 0.7154 0.7715 0.3664 0.2168 0.2303 0.3706

‘ 14.1883 0.8127 0.8436 0.8418 0.7839 0.3898 1.0335 0.9555 0.8335 0.8632 0.6014 0.1303 0.1445 0.3278

‘ 16.3425 0.8765 0.9004 0.9018 0.8657 0.5382 0.9613 0.9698 0.8853 0.9024 0.7316 0.0934 0.1067 0.3018

‘ 18.8299 0.9231 0.9413 0.9435 0.9236 0.6938 0.9089 0.9792 0.9287 0.9355 0.8437 0.0607 0.0721 0.2725

CEREMA - WMG Fog Camera Model Metric Scores -Target = Sensor Target, Distance = 15m (Green = Higher value equals better
quality, Red = Lower value equals better quality) (Metric values showing expect trends are bold)
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10m 10.5828 0.6347 0.6811 0.6596 0.5314 0.1813 1.3168 0.8987 0.7119 0.7553 0.357 0.2202 0.2333 0.3726

20m 13.9357 0.8051 0.8392 0.8359 0.7739 0.3798 1.0518 0.9516 0.8301 0.8471 0.5864 0.1335 0.1474 0.3285

30m 16.0614 0.8709 0.8968 0.8975 0.8582 0.5243 0.9745 0.9693 0.8817 0.8869 0.7153 0.0971 0.1101 0.3024

50m 18.5239 0.9194 0.9387 0.9406 0.9185 0.6789 0.9186 0.9818 0.9254 0.9229 0.8314 0.0643 0.0758 0.2735

GOPRO0604_frame_000619 _rgb_anon

MS- Cw- IW- HAAR- MS-
PSNR SSIM SSIM SSIM SSIM DSS VIF &l FSIM SR-SIM psI GMSD GMSD MDSI

2.59 mm/h 88.66 0.9830 0.9929 0.9899 0.9892 0.9231 0.8074 0.9992 0.9969 0.9986 0.9579 0.0329 0.0318 0.1711

2.70 mm/h 91.22 0.9852 0.9956 0.9923 0.9959 0.9813 0.8162 0.9997 0.9986 0.9995 0.9708 0.0167 0.0159 0.1316

3.03 mm/h 84.11 0.9502 0.9787 0.9562 0.9673 0.8649 0.6211 0.9976 0.9897 0.9953 0.8987 0.0593 0.0559 0.2112

GOPR0604_frame_000672_rgb_anon

MS- CW- IW- HAAR- MS-
PSNR SSIM SSIM SSIM SSIM DSS VIF VSl FSIM SR-SIM pS| GMSD GMSD MDSI

2.59 mm/h 88.72 0.9821 0.9926 0.9887 0.9897 0.9280 0.7969 0.9991 0.9965 0.9987 0.9552 0.0322 0.0311 0.1707

2.70 mm/h 91.11 0.9845 0.9952 0.9915 0.9962 0.9835 0.8083 0.9996 0.9985 0.9995 0.9682 0.0153 0.0149 0.1332

3.03 mm/h 84.22 0.9531 0.9812 0.9563 0.9723 0.8911 0.6149 0.9975 0.9896 0.9960 0.8957 0.0533 0.0504 0.2028
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10.2 LiDAR Metric Scores

10.2.1 T3.2 Rain

THI Rain Real LiDAR Data Metric Scores (Target = Car, Distance = 28m) (Red = Lower value equals better quality) (Metric values
showing expect trends are bold)

63.8943

20.0665

21.1463 20.7944

0.1352 19.8247 19.2585 18.6678 62.2677 2.6536

0.1671 21.5485 18.1560 12.1519 99.8371 8.9147

THI Rain Real LiDAR Data Metric Scores (Target = Car, Distance = 56m) (Red = Lower value equals better quality) (Metric values
showing expect trends are bold)

53.2722

20.8445

20.8378 20.9919

0.0810 19.7697 19.6749 18.4951 43.9195 2.8051

THI Rain Real LiDAR Data Metric Scores (Target = LiDAR Calibration Targets, Distance = 28m) (Red = Lower value equals better
quality) (Metric values showing expect trends are bold)

19.4678 18.9200 17.4289 29.3720 1.0952

0.0928 18.6041 18.3829 18.0913 32.4197 1.2385

0.2343 18.4369 15.1789 10.6449 103.6870 10.1207

10.2.2 T3.2 Fog

CEREMA Fog Real LiDAR Data Metric Scores - Target = Car, Distance = 15m (Red = Lower value equals better quality) (Metric
values showing expect trends are bold)

14.0512

11.0215

13.4899 9.8773
3.8995 0.9581
2.7276 0.5153
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CEREMA Fog Real LiDAR Data Metric Scores - Target = Pedestrian + Bike, Distance = 15m (Red = Lower value equals better
quality) (Metric values showing expect trends are bold)

13.8556

13.2973 2.1129
5.0212 1.0931
3.3366 0.8755

CEREMA Fog Real LiDAR Data Metric Scores - Target = LiDAR Calibration Targets, Distance = 15m (Red = Lower value equals
better quality) (Metric values showing expect trends are bold)

41.5985 11.6410

29.5226 2.0850
37.0063 1.4309
29.7519 0.9577

10.2.3 WADS Snow

Table 23: WADS Real LiDAR Data Metric Scores - (Red = Lower value equals better quality) (Metric values showing expect trends
are bold)

18.5981

19.0487

0.1926 35.8030 27.5533 25.8981 6.0135 1.7922

10.2.4 T3.3 Rain

THI — CEREMA Rain LiDAR Model Metric Scores (Target = Car, Distance = 28m) (Red = Lower value equals better quality) (Metric
values showing expect trends are bold)

106.9676

106.9676 1.9088

106.9676 1.7063
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THI — CEREMA Rain LiDAR Model Metric Scores (Target = Car, Distance = 56m) (Red = Lower value equals better quality) (Metric
values showing expect trends are bold)

75.7452

75.7452 1.8293

THI — CEREMA Rain LiDAR Model Metric Scores (Target = LiDAR Calibration Target, Distance = 28m) (Red = Lower value equals
better quality) (Metric values showing expect trends are bold)

81.8098

81.8098 1.5885

81.8098 1.6003

10.2.5 T3.3 Fog

CEREMA Data - CEREMA Fog Model Metric Scores - Target = Car, Distance = 15m (Red = Lower value equals better quality) (Metric
values showing expect trends are bold)

CEREMA Data - CEREMA Fog Model Metric Scores - Target = Pedestrian + Bike, Distance = 15m (Red = Lower value equals better
quality) (Metric values showing expect trends are bold)
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CEREMA Data - CEREMA Fog Model Metric Scores - Target = LIDAR Calibration Target, Distance = 15m (Red = Lower value equals
better quality)

33.0160

33.0160 4.0573
33.0160 4.0573
26.2892 1.0755

10.2.6 T3.4 Rain

THI — WMG Rain LiDAR Model Metric Scores (Target = Car, Distance = 28m) (Red = Lower value equals better quality) (Metric
values showing expect trends are bold)

7.4512

0.1108 8.8674 7.0836 4.2041 3.4383 0.5096

0.1431 10.1911 7.6929 3.7144 4.6461 0.7723

THI - WMG Rain LiDAR Model Metric Scores (Target = Car, Distance = 56m) (Red = Lower value equals better quality) (Metric
values showing expect trends are bold)

THI — WMG Rain LiDAR Model Metric Scores (Target = LiDAR Calibration Target, Distance = 28m) (Red = Lower value equals better
quality) (Metric values showing expect trends are bold)

9.5801

0.2533 10.6026 7.3841 4.5780 6.9570 2.5112

0.2652 12.1296 8.1306 4.0669 7.8321 0.7644
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oy
ROADVIEW

CEREMA - WMG Fog Model Metric Scores - Target = Car, Distance = 15m (Red = Lower value equals better quality) (Metric values
showing expect trends are bold)

14.6616

14.4958

4.5296 4.0607
4.2206 2.9209
2.7027 0.2969

CEREMA - WMG Fog Model Metric Scores - Target = Pedestrian + Bike, Distance = 15m (Red = Lower value equals better quality)
(Metric values showing expect trends are bold)

14.8421

14.5842

5.8617 2.2007
4.8277 2.0340
3.4547 0.5068

CEREMA - WMG Fog Model Metric Scores - Target = LiDAR Calibration Target, Distance = 15m (Red = Lower value equals better
quality) (Metric values showing expect trends are bold)

14.6986

12.9380

5.8478 2.0287
4.7502 1.8485
3.0160 0.4409

10.2.8 T3.4 Snow

WADS Simulated Snow LiDAR Data Metric Scores - (Red = Lower value equals better quality) (Metric values showing expect trends

0.021515

30.37925

are bold)

27.18993

21.81859

31.00348

3.278101

0.201155

37.82021

34.7185

29.01104

40.28281

4.370519
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10.3 4D RADAR Metric Scores

10.3.1 T3.2 Rain

THI Rain Real 4D RADAR Data Metric Scores (Target = Car, Distance = 28m) (Red = Lower value equals better quality) (Metric
values showing expect trends are bold)

22.7935

24.7886 34.4317

24.0276

0.1030 21.7996 23.1031 22.1339 35.8017 7.2546

0.1102 21.8348 23.2531 22.6334 38.2687 8.0810

THI Rain Real 4D RADAR Data Metric Scores (Target = Car, Distance = 56m) (Red = Lower value equals better quality) (Metric
values showing expect trends are bold)

33.6681

21.7706 21.6649

22.6511

0.0856 22.2279 23.3089 22.1810 31.8613 7.6230

THI Rain Real 4D RADAR Data Metric Scores (Target = RADAR Calibration Targets, Distance = 28m) (Red = Lower value equals
better quality) (Metric values showing expect trends are bold)

23.1067 24.6511 23.7887 34.0010

0.0859 22.9136 24.0359 23.3059 33.1591 8.3530

0.0894 23.8409 25.6005 24.7130 35.4813 8.4902

10.3.2 T3.2 Fog

CEREMA Fog Real 4D RADAR Data Metric Scores - Target = Car, Distance = 15m (Red = Lower value equals better quality) (Metric
values showing expect trends are bold)

21.1666

21.2467 21.0076

21.7609

0.0681 20.6692 21.0828 20.4844 21.7615 7.1443
0.0673 20.8993 21.2416 20.4612 21.4534 7.0866
0.0831 21.2274 21.9808 21.5132 24.2974 8.0446
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CEREMA Fog Real 4D RADAR Data Metric Scores - Target = Pedestrian + Bike, Distance = 15m (Red = Lower value equals better
quality) (Metric values showing expect trends are bold)

20.6561 21.2630 20.2728 20.7718

0.0671 20.3231 21.1241 20.3063 23.3454 7.4493
0.0559 20.6440 21.0377 19.9803 21.9281 7.2849
0.0524 20.8737 21.1230 20.1565 23.1149 7.4436

CEREMA Fog Real 4D RADAR Data Metric Scores - Target = RADAR Targets, Distance = 15m (Red = Lower value equals better
quality) (Metric values showing expect trends are bold)

19.1108

19.3141 19.7053 24.4032

0.0668 19.8310 20.2655 19.2738 23.9622 7.7500
0.0582 20.4321 20.7456 19.2425 25.7862 7.6988
0.0667 20.3895 20.6103 19.4091 24.6774 7.3913

10.3.3 PDD Snow

PDD Snow Real 4D RADAR Data Metric Scores (Red = Lower value equals better quality) (Metric values showing expect trends are
bold)

17.6163 19.1400 18.6303 20.3441

0.1048 17.8141 18.2038 15.7833 26.3578 6.7144

0.1102 19.0295 19.1069 15.6033 23.6963 6.1131

10.3.4 T3.4 Rain

THI — WMG Rain 4D RADAR Model Metric Scores (Target = Car, Distance = 28m) (Red = Lower value equals better quality) (Metric
values showing expect trends are bold)

20.2037 15.7693

18.3911

0.0280 20.0033 18.1682 15.5828 5.1652 1.7404

0.0280 19.9401 18.1866 15.6252 5.1652 1.7404
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THI — WMG Rain 4D RADAR Model Metric Scores (Target = Car, Distance = 56m) (Red = Lower value equals better quality) (Metric
values showing expect trends are bold)

20.2037 18.3911 15.7693

0.0280 20.0033 18.1682 15.5828 5.1652 1.7404

0.0280 19.9401 18.1866 15.6252 5.1652 1.7404

10.3.5 T3.4 Fog

THI — WMG Rain 4D RADAR Model Metric Scores (Target = Car, Distance = 28m) (Red = Lower value equals better quality) (Metric
values showing expect trends are bold)

20.2080 18.3403 15.6949

0.0280 20.1612 18.3293 15.6788 5.1652 1.7404
0.0280 20.0158 18.1397 15.5437 5.1652 1.7404
0.0280 20.1512 18.2858 15.6288 5.1652 1.7404

THI - WMG Rain 4D RADAR Model Metric Scores (Target = Car, Distance = 56m) (Red = Lower value equals better quality) (Metric
values showing expect trends are bold)

19.2400

20.8822 16.1377

0.0351 20.8850 19.1815 16.0301 3.1937 1.5851
0.0351 20.9530 19.2223 16.0454 3.1937 1.5851
0.0351 20.7848 19.1014 16.0026 3.1937 1.5851

10.3.6 T3.4 Snow

THI — WMG Snow 4D RADAR Model Metric Scores (Target = Car, Distance = 28m) (Red = Lower value equals better quality) (Metric
values showing expect trends are bold)

20.3241 18.4969 15.8059

0.0280 20.0513 18.2272 15.6013 5.1652 1.7404

THI - WMG Snow 4D RADAR Model Metric Scores (Target = Car, Distance = 56m) (Red = Lower value equals better quality) (Metric

values showing expect trends are bold)
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SDM RMSE MDE MMDE HD HDY5
1mm/h 0.0351 20.7359 19.1456 16.0574 3.1937 1.5851
19mm/h 0.0351 20.8454 19.1885 16.0944 3.1937 1.5851
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10.4 Camera depth estimation

A depth map is needed for the camera models. For real world collected images, a modified nddepth algorithm is used
(Shao, Oei, Chen, Wu Xingming, & Li, 2023). For the Carla simulation, a depth sensor model is deployed alongside
the simulated camera model.

Figure 37: Depth estimated from a real image using nddepth network

Figure 38: Depth from a depth camera sensor in Carla deployed with the Carla camera sensor
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