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ISETHDR: A Physics-based Synthetic Radiance
Dataset for High Dynamic Range Driving Scenes
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Abstraci— This paper presents a physics-based simulation that
models the complete imaging pipeline from scene radiance to
final rendered image. We use this simulation to evaluate sensor
designs optimized for high dynamic range (HDR) environments,
such as driving through daytime tunnels or in nighttime conditions.
The work makes three main contributions: (1) A synthetic, labeled
dataset of HDR driving scenes with instance segmentation and
depth information; (2) Open-source simulation software with vali-
dated performance; and (3) A comparative analysis of two single-
shot sensor designs optimized for HDR imaging. Both the dataset
((ISETHDR))and simulation software (ISETHDRSensor) are made
publicly available and can be used to evaluate sensor designs for
high dynamic range environments, such as nighttime driving scenes.

Index Terms—Image system engineering, high dynamic range, digital twins, open source dataset, automotive imaging,
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[. INTRODUCTION

Acquiring, analyzing, and displaying high dynamic range
images, such as nighttime driving images, poses several sig-
nificant challenges (see Figure [I). First, these images often
contain very intense, localized, and directional light sources
(headlights, streetlights, traffic lights). The radiance level of
these sources can be five orders of magnitude higher than the
radiance level in nearby dark regions; the dynamic range of
these scenes exceeds the range that can be faithfully captured
by most single-shot image sensors.

Second, the absolute intensity level in large regions of
nighttime driving scenes (say, 1-10 cd/m?) is such that sensors
with pixels 1-3 microns in size, optics with an f-number around
4, and a 60 Hz (16 ms) exposure duration only capture a few
dozen photons per pixel. Even for an ideal sensor, the Poisson
noise at this level severely limits the image contrast-to-noise
ratio.

Third, the light level from optical flare near the bright
sources can be large compared to the light level in nearby
parts of the image. Flare - whose properties are determined
by the aperture shape, scratches and dust, and inter-reflections
between optical elements - spreads light and creates image
contrast that is not present in the scene. Such flare photons
are present in daytime images, too, but they are less visible
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because they are superimposed upon a brighter background
(Figure [I). Lens flare can obscure important features of the
scene, such as a pedestrian in front of a bright light source.
These limitations create dangerous conditions for driving.

This paper describes image system designs intended to
confront the challenges of acquiring high quality HDR driving
scenes with imaging sensors. This paper also contributes a
dataset, (ISETHDR)), of 2000 semantically labeled spectral
scenes. Each scene in the data set is represented by a light
group - a collection of four spectral radiance maps. The four
spectral radiance maps represent the scene illuminated by
different lights. The maps can be combined in many ways
to simulate the same geometric scene but with very different
lighting conditions (Figure [T).

This paper also describes the new features of our open
source, free software tools. The software processes the scene
radiance through a lens model, which now includes varying
degrees and types of flare, to calculate the sensor irradiance.
It then processes the irradiance through newly implemented
sensor models. Finally, the results compare the performance
of two single-shot, high dynamic range, image sensor designs.

[1. RELATED WORK

We describe related work that (a) creates and analyzes high
dynamic range driving images and (b) simulates flare.

A. HDR Nighttime driving data

The challenge of measuring and labeling real HDR night-
time driving scenes has motivated several research groups
to develop methods for creating synthetic nighttime driving
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Fig. 1. Overview. A physics-based end-to-end image systems simulator was developed to synthesize spectral radiance of complex scenes and to
model both image formation and image sensor designs. This work introduces a driving scene dataset (top row) comprising groups of four spectral
scenes, each illuminated by distinct light groups (sky, headlights, streetlights, and other sources). Daytime and nighttime scene spectral radiance
are simulated by linearly combining these light group renderings (bottom left and middle images, respectively). Pixel-level object labels and depth

maps are provided for each scene (right).

images. One recent approach estimates the pixel-wise illu-
mination (RGB) in a daytime image and then relights the
image with pixel-wise nighttime illumination [1]. Another
approach employs domain adaptation techniques to transform
labeled daytime images into nighttime images [2]-[6]. For
example, one method progressively trains a transition from
daytime to twilight to nighttime using a sequence of images.
Another method uses labeled daytime images that are roughly
aligned with unlabeled nighttime images. A third example
leverages adversarial networks, such as CycleGAN, to learn
the conversion of collections of daytime images into unpaired
nighttime images [7], [8].

Generative Al model (such as Dall-E from OpenAl) are also
promising methods for generating RGB content by prompting
with words or images [9]. These methods generate RGB images
that appear visually plausible, but they do not (a) account for
image system components, (b) include spectral representations
of the light field, or (c¢) have quantitative models of the
optics or electronic components. The ISETHDR dataset and
simulation software distinguish themselves by focusing on
physical accuracy, beginning with the scene spectral radiance.
Because the generative Al methods lack a physical model of
the imaging system components, the methods have limited
applicability for image system design and evaluation.

There are multiple databases that contain RGB images of
nighttime driving scenes [10]-[13]. Most of these data were
acquired by conventional cameras; others were synthesized by
commercial software. Some of the nighttime driving datasets
also include semantic labels. The datasets do not include
quantified scene spectral radiance. ISETHDR is the only
labeled, quantified, scene spectral radiance data we know of.
The quantitative representation of the scene spectral radiance
is essential for the image system design evaluations we carry
out in this paper.

B. Optical flare simulation

Working in the RGB domain, Wu et al. [14] describe a
model that accounts for two of the three key components
of flare: aperture shape and surface imperfections (dust and
scratches). A similar approach is employed by Dai et al. [15],
[16], who provide a database of 7,000 RGB flare images
generated using commercial software.

Both groups simulate images with flare by adding an RGB
flare image into a standard RGB image. The flare is added at
locations with high-intensity light sources. This method creates
images with the visual appearance of flare, but it does not
include a physical model of the scene or the image system. As
a result, the added flare may not accurately match the intensity
of the actual light source. Achieving such accuracy is nearly
impossible in the RGB domain, especially in nighttime driving
scenes, where the intensity of light sources can be four to six
orders of magnitude greater than that in dark regions. Deriving
the true value from conventional RGB images is either difficult
or impossible.

A fundamental limitation of this approach is that flare is not
inherently additive. For shift-invariant optics, flare is modeled
by convolution with a point spread function, which depends
on the aperture size and shape, surface imperfections, and
other wavefront aberrations of the optics (see Methods). This
additive approach fails to capture the convolutional nature of
the flare calculation or the true spatial extent of the light
source, and is particularly inaccurate when the bright light
is an area source, such as a headlight or street lamp.

C. Applications

Several applications can benefit from flare and nighttime
driving datasets. One application is to train flare removal
and flare addition networks for consumer photography [14].
A second application is to solve difficulties in obtaining
semantic labels of nighttime images for autonomous vehicle
planning and control system [1], [2], [4], [6], [17]. The labeled
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RGB images are useful for training networks to provide
better information for downstream applications, such as object
segmentation in nighttime driving images [15], [18], [19].

The application in this paper is to evaluate single-shot, HDR
sensors designed to provide high quality sensor information
under HDR lighting conditions.

[1l. METHODS

The base image system simulation methods are detailed in
previous publications [20], [21]. These simulations leverage
physically-based ray tracing [22] and utilize high-quality as-
sets, spectral light sources, and materials. The accuracy of the
simulations has been validated in several studies [23]-[26].
The open-source software and validation data are available in a
collection of repositories under the GitHub ISET organization,
including the core repositories [27], [28]. In this paper, we
describe the new features we developed to simulate nighttime
driving scenes and provide scripts to generate several of the
figures included in the shared code: ISETHDRSensor.

A. HDR scene simulation

We used RoadRunner [29] to create realistic road simula-
tions. This software integrates road descriptions from open-
source standards such as OpenStreetMap, OpenScenario, and
OpenDrive. The software allows us to add detailed road
elements like traffic signals and signs. RoadRunner’s tools
also enable custom traffic configurations at intersections. To
ensure a diverse range of road environments, we developed 25
different types of base roads.

To model vehicles, vulnerable road users, and the sur-
rounding environment, we created a collection of 3D assets,
including over 80 vehicles (e.g., cars, buses, trucks), 30
pedestrians, 35 cyclists with bicycles or motorcycles, and
more than 70 trees, along with grass, rocks, and various
animals. Additionally, we calibrated a set of spectral power
distributions for common streetlights and headlights to achieve
realistic illumination. We also collected high dynamic range
environmental lights (sky maps) that represent typical spectral
power distributions at different times of day, from morning to
night.

We assembled a diverse set of scenes using these assets,
as detailed in our previous work [23], [30], [31]. Below, we
describe the new features specifically added to address the
quantitative simulation of nighttime scenes.

1) Light source simulation: We simulate light sources with
area lights for several important reasons. Spotlights are some-
times used for simulating headlights and other artificial lights
with a narrow spread angle. However, spotlights are emitted
from a point, which means the light source surface does not
appear in the rendering. Hence, spotlights are not appropriate
for simulating nighttime driving scenes with visible headlights
or streetlights.

The ray tracing software PBRT includes area lights, which
are appropriate for this application. The area lights have a
surface and the outgoing rays are emitted in the hemisphere
pointed to by the surface normal. But, PBRT does not have
parameters that control the area light spread which is necessary

Fig. 2. Beam angle control. To accurately simulate various light
sources such as headlights, taillights, and streetlights, we extended the
PBRT arealight model to include controllable beam angle parameters
(top). The bottom image demonstrates the limited beam angle area
lights for car headlights.

for simulating headlights and streetlights. To overcome this
limitation, we introduced beam angle controls into the PBRT
area light model (Figure [2). We use these area light sources in
the 3D car models, including headlights, taillights, indicators,
and brake lights, to ensure an accurate representation of the
car’s lighting conditions in our system. These area lights are
also used for streetlights. Incorporating beam angle control
into the area light model matches the properties of these lights
and enhances the realism of the rendered images.

2) Light groups: Complex driving scenes include multiple
light sources. These lights — such as sunlight, headlights, and
streetlights — are incoherent sources whose wavefront are in
random phase. To simulate these scenes, we can sum the
scene radiant energy, rather than combining the wavefront
amplitudes and phases as would be required for coherent
lights. Thus, the total radiant energy L, of a scene at a
point (z,y) and for a specific wavelength A can be computed
as the weighted sum of the contributions from the different
sources L.

N
Luow(z,y,)) = > _wiLi(w,y,\) (1)
i=1

We use this observation to implement an efficient method
for simulating diverse lighting conditions of a scene. By
decomposing the scene into distinct light groups (sky, head-
lights, streetlights, and other lights) and rendering spectral
radiance maps for each (Figures [T] and [3), we can reconstruct
illumination at various times of day without additional ray
tracing. Each driving scene in our public dataset was rendered
four times, once for each light group. To simulate different
lighting scenarios, these radiance maps are linearly combined
with weights adjusted to match target illuminance levels. For
instance, sky map intensity varies significantly between day
and night (approximately 3,000 cd/m? to several orders of
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Scene light groups. The dataset comprises 2000 scenes, each defined by four spectral radiance maps representing illumination by

the sky, headlights, streetlights, and other light sources (e.g., taillights, bicycle lights). To simulate various lighting conditions, the four maps are
combined with different weights. For example, a daytime scene (left) has a bright sky and headlights, while a nighttime scene (right) has a darker
sky with prominent headlights and streetlights. Using a lens model incorporating aperture and scratch effects (but excluding inter-reflections), scene
radiance is converted to sensor irradiance. The graph on the right illustrates the illumination profile across a horizontal line. Notably, headlight
intensity remains constant between day and night, while reduced skylight lowers image contrast in darker areas. The software includes tools to
select the appropriate weights for achieving the desired dynamic range and low-light conditions.(lightGroupDynamicRangeSet.m).
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Fig. 4. Flare model. The figure depicts a series of simulated scenes
featuring an array of bright lights, resembling headlights, with a dark
image in the background. The bright light intensities each step down by
a factor of 10 across the image. Each scene was rendered using distinct
flare parameters. The number of aperture blades increases from four
(leftmost column) to a circular aperture (rightmost column). The density
of simulated dust and scratches varies from high (top row) to minimal
(bottom row).

magnitude lower), while headlights, streetlights, and taillights
are active primarily during twilight and nighttime (often ex-
ceeding 6,000 cd/m?). New software tools are included to
control the dynamic range and overall illumination of the
composite scenes.

B. Image system simulation

1) Optics simulation: We implemented a physics-based sim-
ulation of a major source of flare: scattering. This flare arises

from the aperture boundary and lens dust and scratches.
Scattering flare causes light to deviate from the designed path,
and it can introduce image artifacts called streaks (or spikes).
A second type of flare - reflective flare - arises from surface
inter-reflections within a multi-element lens system. Modern
lens coatings typically reflect less than 1% of the light, and
to reach the sensor reflective flare must reflect from at least
two surfaces. Consequently, the reflective lens flare from any
pair of surfaces is low, typically less than 10~% of the light
intensity. But in some lens designs there are many surface
combinations, and in HDR scenes reflective flare, which we
do not model, can have significant image contrast.

We modeled scattering flare by combining a lens model
and a scattering model into a single optical wavefront [14].
The lens model was characterized by a wavefront aberration
function, ¢(z,y, \), describing the optical performance of the
ideal, flare-free lens. The scattering model is defined by a
wavelength-dependent apodization function a(x,y,A) which
accounted for both the aperture shape and imperfections such
as dust and scratches. By multiplying these functions, we
created a pupil function that comprehensively modeled the lens
and the associated scattering flare. Figure [] presents examples
of different flare patterns generated by varying aperture shapes
and levels of dust and scratches.

2)

The magnitude of the Fourier Transform (IF) of this complex
function is the point spread function (P).

w(@,y,\) = a(z,y, A) * exp' TV

P(x,y,\) = |F(w(z,y,\)|? 3)

A scene can be rendered into an irradiance at the sensor sur-
face (optical image) using different lens and flare parameters.
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Fig. 5. Simulated and measured nighttime driving scenes. Left:
Images in this column were captured in rapid succession by a Google
Pixel 4a, with exposure duration increasing from top to bottom (see
inset). Right: Images in this column were simulated, using a model
of the Google Pixel 4a [32]. The spatial extent of the flare, and the
corresponding extent of the sensor saturation, are very similar when
comparing the two columns. The red boxes outline two vulnerable road
users: a cyclist (left) and motorcyclist (right). As exposure duration
increases from 5 to 40 ms both cyclists become more visible. At the
longest duration, the flare - arising from headlights behind the cyclists -
expands and masks a significant part of these vulnerable road users.

We first apply a wavelength-by-wavelength convolution of the
point spread function with the spectral radiance. We then apply
the lens geometric distortion and relative illumination to the
optical image spectral irradiance.

2) Sensor simulation: We use ISETCam sensor models to
convert the optical image irradiance into pixel voltages and
digital values. These sensor models have been validated in
controlled laboratory experiments [32].

It is impractical to measure the spectral radiance at finely
sampled points in a real, dynamic, nighttime driving scene.
To validate the simulation, we can qualitatively compare the
expected nighttime driving images over a range of exposure
times in Figure 5] The simulated images are rendered using
conventional demosaicing and color transformations. The dy-
namic range and general properties of the acquired images and
simulations are in good agreement with respect to dynamic
range and flare. These images illustrate the challenges in
using conventional sensors to capture the high dynamic range
nighttime driving scenes. The figure shows the similarity with
respect to the masking effect of flare between the measured
and simulated images. We can further confirm that the lights
are simulated using commercial spectral power distributions
and the scene dynamic range can be controlled to match the
wide range of dynamic ranges in real scenes.

C. Dataset

"

1000 1000 2000 3000

[
Position (um)

Fig. 6. A split pixel 3-capture sensor in a tunnel. We modeled a
CMOS image sensor (CIS) with a split pixel, 3-capture, design [33]. Each
pixel contains a large (LP) and small (SP) photodetector. The sensor
acquires two images from the large photodetector, one is read with low
gain (LPLG) and a second with high gain (LPHG). The third image is
acquired using a small photodetector with low gain (SPLG). Simulated
images of these three captures are shown across the top of the figure.
The image at the bottom left (Combined) is reconstructed from the three
captures. The graph at the lower right shows the log relative voltage
from the LPLG sensor (red) and the combined sensor (blue) across
a horizontal image line. The saturation of the LPLG data in the tunnel
opening is evident; the combined sensor data preserve image contrast
across the entire scene. The red and blue curves are displaced vertically
from one another for clarity.

The ISETHDR dataset comprises 2000 light groups. Each
contains four spectral radiance maps, a corresponding depth
map, and instance segmentation data. The scenes are country
roads flanked by vegetation and with a diverse range of
vehicles (cars, buses, trucks). The scenes include a variable
number and arrangement of vulnerable road users (e.g., people,
deer, cyclists). The scene metadata includes bounding boxes
derived from the instance segmentation.

The light group data serves as a foundation for generating
a vast array of labeled images. Spectral radiance maps can
be combined to simulate various lighting conditions, while
the introduction of different lenses and flare patterns expands
the dataset’s diversity. By applying a wide range of sensor
models with varying color filter arrays, pixel sizes, and other
parameters, the initial 2000 scenes can be transformed into
a substantially larger dataset suitable for training and testing
algorithms employed in driving applications.

V. EXPERIMENTS

In the experiments below, we simulate two types of high
dynamic range sensors. The first is an automotive sensor with
RGB color filters based on a split pixel design described
by Omnivision [34]. The second is an RGBW sensor (also
called RGB-clear) described by On Semiconductor. The sensor
design and parameters (e.g., pixel size, noise, fill factor,
color filter array, etc.) are described more fully below, and
the complete set of parameters are provided in the software
repository.
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Fig. 7. A split pixel 3-capture sensor and flare. We used the scene
in Figure B]to simulate the 3-capture split pixel image. The data from the
single pixel, large photodetector sensor are saturated over large regions,
due to lens flare (top). The small photodetector data preserve image
contrast in parts of the image that are saturated by flare, and thus the
combined image enhances the visibility of the motor cyclist (solid blue
boxes) compared to the single pixel (dashed blue boxes). The combined
image retains the visibility of the deer in the dark image region (red
boxes).

A. Split pixel (3-capture) sensor

Vendors have designed and built sensors to encode high
dynamic range scenes in a single-shot. These sensors contain
interleaved pixel arrays that are specialized to capture different
luminance levels. One approach extends sensor dynamic range
by reducing the sensitivity of a subset of interleaved pixels but
retaining most of their well capacity. This enables the array to
encode very bright regions of the scene that would normally
saturate the pixel responses [35]. This has been implemented in
modern sensors by placing two photodetectors with different
sizes in each pixel [34], [36]. Such sensors are sometimes
called split pixel because the photodetector within each pixel
is split into two, unequal parts. It is also possible to read each
photodetector twice, with different gains, which is called dual
conversion gain. Such sensor systems are also called multi-
capture because a single-shot acquires multiple captures from
the interleaved pixel arrays [37].

We simulated an Omnivision 3-capture split-pixel sensor
comprising a large photodetector — read with high and low gain
— and a small photodetector — read once with low gain [33].
The small photodetector sensitivity is 100 times lower than
that of the large photodetector. This design is advantageous for
scenes that contain regions at very different mean luminance
levels, such as the tunnel scene in Figure |§l

The data from the three captures are integrated into a single
final image as follows. The high and low gain images from
the large pixel are combined by input-referring their values.
When neither is saturated, the average is used; when the
high gain is saturated, only the low gain is used. The large
photodetector effectively captures the interior of the tunnel,
but it saturates in the bright region near the tunnel exit. In this
region, the data from the low-sensitivity small photodetector
remain valid; these are input-referred and incorporated into
the image. This approach to combining the three captures
preserves image contrast both inside the tunnel and at the exit.
Machine learning-based combination methods have also been
explored in the literature [38].

Figure [/| analyzes a 3-capture sensor applied to the sim-
ulated nighttime driving scene shown in Figure [5] In the
standard long duration capture, headlight flare obscures the
motorcyclist. The split-pixel 3-capture sensor mitigates this
issue by substituting saturated, large photodetector data within
the flare region with corresponding data from the smaller
photodetector, enhancing motorcyclist visibility. The deer,
located in the darker area alongside the road, is captured by
the large photodetector and is visible in both the single pixel
and split-pixel versions.

The 3-capture sensor was simulated across the entire
ISETHDR dataset. Object detection performance was com-
pared between a standard sensor configuration (using only
the LPLG detector) and the 3-capture approach. Measured
this way, there were no significant performance gains for car
detection (0.39 to 0.39) or person detection (0.224 to 0.244)
using the split-pixel design. However, the clear benefits of this
approach are evident in specific scenarios, such as the tunnel
scene in Figure [f] and flare scene in Figure

B. RGBW sensor

Sensor dynamic range can also be expanded by increasing
the sensitivity of a subset of pixels in the sensor array. A
typical Bayer RGB design has three color filters, each filter
rejects roughly two-thirds of the incident photons. The G filter
is present at twice the sampling density [39]; replacing one of
the green filters, leaving the passage of light clear, creates
an RGBW, also called RGB-Clear, array [40]. The mosaic of
clear pixels increases the system dynamic range because the
clear pixels encode dark scene regions [41]-[43].

However, there is a sensitivity mismatch between the three
RGB pixels and the W pixel which has limited the commercial
adoption of the RGBW sensor [44]. In prior work, we used
image systems simulation to develop and evaluate simple
learning algorithms, based on regression, that leverage the
advantage of the RGBW arrays [45]. For this paper, we created
ISETCam models of an RGB and an RGBW sensor with
noise parameters that matched a commercial sensor from ON
Semiconductor. The RGB color filters in the two sensor models
are matched. We simulated sensor data to train Restormer
networks to demosaic and denoise the sensor inputs [46].
To train the networks, we simulated the sensor voltages of
13,103 realistic scenes using the methods described, including
scenes from the ISETHDR dataset as well as PBRT scenes
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Fig. 8. Comparing sensors with RGB and RGBW color filter arrays. Left: The two rows simulate images illuminated at different mean levels (0.1
lux, 0.25 lux). The two columns show simulations of RGB (left) and RGBW (right) sensor images reconstructed using trained Restormer networks
for demosaicing and denoising. The image quality of the RGBW reconstructions, particularly at darker illuminance levels, are better compared to
RGB reconstructions. Right: The graphs compare the reconstructed log luminance of the RGB, RGBW, and the ground truth (Ideal) measured along
the dashed, white line. The RGBW reconstructions are superior in darker image regions.

[47]. The simulated scene illumination levels and dynamic
ranges varied considerably; the training data included both
dark and saturated regions. The scenes were processed through
a diffraction-limited (f/# = 4) lens and then captured by sensors
with either 1.5 or 3.0 microns. For each type of sensor, we
also generated noise-free, fully sampled RGB and RGBW data
that served as ground-truth.

We trained one network to convert RGBW sensor data
to ground-truth, and a second network to convert the Bayer
RGB sensor data to ground-truth. To train the networks, we
represented the noisy sensor data in four (RGBW) or three
(RGB) channels, each at the spatial resolution of the final full
sampled image. Missing values (e.g., the red, green and white
values at a blue pixel) were filled with a small voltage sampled
from a uniform distribution (0 - 0.001 volts) to prevent the
network from over-fitting to the zero values. The networks map
sensor mosaic data into a fully sampled, noise-free, set of RGB
images, thus performing both demosaicing and denoising.

The RGBW sensor has better performance at low luminance
levels, which can be seen from visual inspection in the dark
regions of Figure [§] The RGBW image is less noisy at low
mean illuminance (0.1 lux), and the data are better in dark
regions of the higher mean illuminance data (0.25 lux). We
quantified the noise as a function of mean illumination level in
Figure[9] using SSIM and CIELAB AFE metrics. These curves
confirm that despite the sensitivity mismatch that has plagued
RGBW systems, the neural network reconstructs images from
the RGBW that are better at low mean illuminance levels and
equal to the RGB images at higher mean levels.

Finally, we evaluated object detection in the ISETHDR
collection using the RGBW and RGB datasets using a COCO
pretrained model (YOLOX) [48]. The RGBW sensor outper-

formed the RGB sensor, achieving a mean Average Precision
(mAP50) of 0.35 compared to 0.32 for the car class, using
COCO metrics [49]. The superior RGBW image quality in
the dark regions has a modest downstream benefit for object
detection when measured with the ISETHDR nighttime driving
dataset.

V. DISCUSSION

Advanced Driver Assistance Systems (ADAS) rely on cam-
era data for multiple tasks, including road user identification,
automatic emergency braking, lane departure warnings, and
adaptive cruise control. Nighttime scenes are challenging to
simulate and can cause problems for ADAS due to their
high dynamic range and low illuminance level. Flare makes it
difficult to accurately detect and interpret road users (cars,
pedestrians, cyclists, etc.) and road conditions (Figures [3
and [7), resulting in reduced vehicle safety. Further, some
ADAS systems, such as adaptive headlights or automatic high
beams, are vulnerable to being triggered by the flare from
other vehicles’ headlights, leading to unintended activation or
deactivation of these systems.

A digital twin that quantitatively matches HDR nighttime
driving scenarios, including scenarios with other road users,
can help anticipate how the characteristics of the scene and
imaging system may impact vehicle safety. The physics-based
simulation we implemented includes quantitative optics and
sensor models whose parameters match the parts deployed
in automotive systems. Using explicit, realistic models of
the image system components makes the simulation more
useful for understanding and quantifying the impact of specific
components [20], [24]. The data and software presented in
this paper are tools that synthesize such scenes for system
evaluation and machine learning.
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1 ' ProEE reflection effects. To address the limitations of static scenes,
. ;g - we are developing tools to generate dynamic video sequences
08¢ ;95/ ] that simulate camera and object motion, enabling evaluation
4 . . . .

06 d;’ of time-varying sensor systems. Finally, we are working on
= 4 tools to generate specific types of scenes on demand that can
7 04l V4 | be used to evaluate additional, important edge cases.
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