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Veiling glare caused by sunlight critically compromises camera-based perception in Automated Vehicles (AVs) by
reducing image contrast and visibility. This phenomenon, particularly prominent during daytime driving, degrades
object and lane detection performance and undermines safety-critical AV decision-making. Although several studies
have addressed glare detection and mitigation, the limited availability and diversity of real-world glare datasets
hinder the development and validation of automotive perception systems under such challenging conditions. This
paper introduces a synthetic veiling glare injection approach for camera-based AV datasets, enabling controlled
synthesis of glare effects by parameterizing glare shape, size, position, color, number, intensity, and transparency to
realistically emulate sun-induced veiling glare. Two multi-metric evaluations are presented to assess the perceptual,
photometric, and physical consistency of the injected glare through comparative analyses: (i) synthetic glare versus
glare-free data, and (ii) synthetic glare versus naturally captured glare from the same dataset. The comparative
results demonstrate that the proposed injection process effectively reproduces the dominant characteristics of real-
world veiling glare with mild to moderate severity, showing strong agreement in metric behavior. Consequently, the
proposed injection and evaluation framework provides a validated, glare-aware foundation for safety assessment in
automated driving systems.

Keywords: synthetic glare, veiling glare, glare injection, SSIM, PSNR, Contrast difference, spatial frequency power
difference.

1. Introduction adverse conditions that degrade visual sensor ca-
pabilities Kumar and Muhammad (2023); Yuxiao
Zhang et al. (2023); Yuan et al. (2026).

Among the diverse environmental factors af-
fecting camera perception reliability, glare from
intense sunlight, headlights, or surface reflections
presents a critical safety risk Chen et al. (2021);
Lucie Yahiaoui et al. (2020). When camera-based
perception systems encounter glare, the resulting
degradation manifests as pixel saturation, reduced
contrast, and obscured visual information, leading
to diminished object detection reliability and po-
tentially catastrophic failures in downstream per-
ception and planning modules.

Existing perception benchmarks and datasets,

Automated Driving Systems (ADS) represent a
transformative technology which promises nu-
merous benefits to society, such as enhanced road
safety, improved traffic efficiency and improved
mobility access Shafiee et al. (2021). However,
the deployment of fully ADS are constrained by
challenges to assure safe and reliable perception
given real world environment conditions that com-
promise system performance Kumar and Muham-
mad (2023); Yuxiao Zhang et al. (2023); Fenglian
Pan et al. (2024). Camera-based perception, which
plays a central role in environmental understand-
ing for modern AVs, is particularly vulnerable to
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such as Esfahani and Wang (2021); Chen et al.
(2021), fail to adequately represent the prevalence
and variability of glare conditions. This creates
a critical gap between algorithm performance in
controlled testing and real-world conditions.

The scarcity of diverse, labeled glare data poses
a fundamental barrier to developing and validat-
ing robust perception systems capable of handling
these challenging edge case conditions Gray et al.
(2023). Real-world glare datasets exist, such as
the GLARE traffic sign dataset containing 2,157
images with sun glare. However, they remain lim-
ited in terms of glare parameter variation (inten-
sity, size, position, spectral characteristics) and
scenario diversity.Zhu and Lee (2025)

Synthetic data generation has emerged as a
powerful paradigm for addressing data scarcity
challenges in ADS. Synthetic data enables con-
trolled generation of diverse scenarios including
rare edge cases and safety-critical conditions.

This synthetic data is generated on top of an
ADS dataset to account for domain adoption for
the generated glare. Pandey et al. (2011) was se-
lected as the dataset for the application due to
available camera positions and camera type e.g.
Point Grey Ladybug3 omnidirectional camera sys-
tem which is generally used in ADS. The Ford
dataset contains camera based data on the urban
road that matches the type of scenario that are of
interest when testing glare-based effects in ADS.

This paper addresses the critical gap between
the need for glare-robust perception systems and
the scarcity of suitable training and validation
data. We present a novel synthetic glare injec-
tion pipeline designed to generate realistic glare
artifacts with controllable parameters including
position, shape, size and numbers, intensity, and
transparency

Furthermore, in order to validate the synthetic
glare, we analyse multiple image similarity and
distance metrics such as Structural Similarity In-
dex Metric (SSIM), Peak Signal-to-Noise Ratio
(PSNR), Contrast Difference (CD) and Spatial
Frequency Power Difference (PD) to perform a
comprehensive quantitative along with a qualita-
tive comparisons against real-world glare data.

The related previous works are discussed in
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Section 2. The process of veiling glare genera-
tion is presented in Section 3. The qualitative and
quantitative analysis between synthetic and real
images are evaluated in Section 5. The paper is
concluded in Section 6.

2. Related Work

Veiling glare appears as a uniform haze with
slight color tint, reducing contrast across the im-
age. McCann and Rizzi (2007) show that sun-
induced veiling glare under clear-sky conditions
often exhibits a bluish component due to atmo-
spheric scattering. Raskar et al. (2008) explained
that veiling glare often arises when intense sun-
light causes diffuse scattering within camera op-
tics and lens barrels. This leads to reduced visi-
bility of low-contrast scene elements. Such type
of glares are common in urban driving scenarios
during sunrise and sunset. Hullin et al. (2011)
demonstrated physically accurate glare simula-
tion using ray-tracing and path-tracing methods,
which are computationally expensive. This mo-
tivates simpler, computationally efficient alterna-
tives based on additive composition of static glare
textures aligned with the light source. Talvala et al.
(2007) proposed a deconvolution-based glare re-
moval approach and modeled Glare Spread Func-
tion (GSF), which is commonly cited for under-
standing glare formation. However, their assump-
tion of a spatially constant GSF neglects varia-
tions in glare shape and color across the image.
Shoshin and Shvets (2021) generated synthetic
veiling glare by superimposing low-frequency lu-
minance masks onto glare-free images for training
and evaluation. Their method employed prede-
fined glare masks and reported SSIM values of
~0.8-0.9 and PSNR of ~25-30 dB, indicating
effective glare removal. However, the approach
lacks controlled glare parametrization and phys-
ical validation against real-world measurments.
For safety and training evaluation, metrics that
quantify veiling glare-induced image quality dis-
tortion, as well as photometric and physical char-
acteristics, are essential in automotive imaging.
Prior works report indicative metric ranges for
glare-free and glare-affected images in automo-
tive imaging. Existing works by Keatkongsang
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Fig. 1.: Synthetic Glare Injection workflow.

(a) (b)
Fig. 2.: Veiling glare injection step-by-step with arrows indicating the transformation sequence from the
original image to the final blended glare result.

et al. (2024); Wang et al. (2004); Imatest LLC
(2026b); Sara et al. (2019) reported SSIM of close
to 1.0 for reference or undistorted images and
SSIM reduced often below about 0.7 for strong
distortions w.r.t. scene and method. PSNR values
are commonly reported to range from 30-50 dB
or higher for high-quality images and decrease to
~20-30 dB under strong distortions such as glare
National Instruments (2024). Moreover, according
to Imatest LLC (2015, 2026a), ISO 16505-based
Imatest optical methods show contrast reductions
of 40% or more under glare. Wolf (2014) observed
that stable spectral frequency power corresponds
to undistorted images, while glare causes a reduc-
tion or alteration.

3. Methodology

This work adopts and extends the approach of
Shoshin and Shvets (2021) by superimposing
smoothed low-frequency luminance onto glare-
free images to simulate real-world veiling glare.
Following the concept of Talvala et al. (2007), the
injection process models key veiling glare charac-

() (d)

teristics: large-scale diffused scattering modeled
via blurred masks, controlled intensity, spectral
color tinting, and partial background visibility
through alpha blending. The Sun is assumed as the
glare source for evaluation. The proposed injec-
tion process extends these concepts by including
systematic and controlled parameters for veiling
glare injection that is explained in this chapter.

3.1. Glare Injection Procedure

The processing stages are summarized in Figure
1. For visual demonstration of the intermediate
results, the stages in Figure 2 are additionally
processed with alpha blending, the final step in the
glare injection process.

3.1.1. Mask Generation

A parameterized glare mask matching the image
dimensions is defined, allowing control over the
following properties:

Glare position: The upper half of the image
with X and Y coordinate defined by pixel numbers
stating logical position of the blue sky.
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Glare shape: Circular or elliptical shape repre-
senting the sun.

Glare Size: Dimensions defined by pixel num-
bers, proportional to the image aspect ratio, gen-
erated using the skimage draw function Van
Der Walt et al. (2014).

Number of glares: As sun is the source of the
veiling glare, the number is set to 1.

Color selection: As evident from the observed
Ford data sample in Figure 3a, the Ladybug3
camera sensor perceives lighting from sun with a
bluish tint, a uniform base color of blue is a suit-
able starting point for injecting the veiling glare.

The originally glare-free image shown in
Figure 2a is taken and a mask is generated
with controlled parameters i.e. glare position=
(x:250,y:350), shape= ellipse, size= (122,140),
number of glares= 1, Base color= blue. The gen-
erated glare in the initial phase is visible on the
image as the result of Stepl in Figure 2b.

3.1.2. Opfical blur using Gaussian blur

Gaussian blur is applied to the initial glare mask
to produce a soft, diffused appearance. A con-
trolled blur parameter o for the Gaussian filter
was applied utilizing Skimage library. Larger o
values produce softer glare edges. In Figure 2c,
a Gaussian blur with ¢ = 150 was applied, due to
which the solid colored glared area achieves blue
colored hazy glow with soft edges.

3.1.3. Texture addition to Mask

This step introduces subtle texture variations to
simulate a uniform haze around the light source.
To achieve such effect this injection process ap-
plies texture to the flat glowing spot achieved
in Figure 2c. This paper applies the concept of
utilizing an array with the size of the image height
and width along with random integers from dis-
crete uniform distribution within the interval of
the pixel-wise base color (blue) to mathematically
add the smooth and subtle variation of uniform
haze at the defined position of veiling glare. A
full-image array with discrete uniform random
intensity variations in the glare mask region is
used to introduce low-amplitude texture within the
glare region as illustrated in Figure 2d.

(b

Fig. 3.: Original glare from Ford Campus Vision
and LiDAR dataset (left) and Synthetic glare from
Delavennat (2021) (right).

3.1.4. Alpha blending

Alpha blending is used to seamlessly overlay the
glare mask onto the original image by combin-
ing the pixel values calculating the weighted sum
and gamma correction. The OpenCV library by
Bradski (2000) is used to control mask opacity
via the « parameter. Finally, the resulting image
after texture addition and the original image are
blended using Alpha blending. As mentioned ear-
lier, for the purpose of better visualization, each
step in Figure 2 is illustrated after applying alpha
blending with a=0.2.

4. Evaluation metrics

This section describes the evaluation of realism
of injected glare through quantitative metrics and
a preliminary qualitative filtering step to assess
similarity to real-world glare.

4.1. Qualitative Evaluation

Qualitative evaluation was conducted by visually
comparing injected glare samples to two refer-
ences: (i) Original images with real-world glare
from the Ford Campus Vision and LiDAR dataset,
Figure 3a, and (ii) physically-based simulated
glare from , Figure 3b.

The evaluation focused on low-frequency lumi-
nance haze, bluish tint (specific to the Ladybug3
sensor), logical sun positions, and contrast degra-
dation with partially visible background typical
of veiling glare. This served as a filtering step
before quantitative evaluation where samples such
as Figure 2d were retained while samples with
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illogical sun glare position or missing bluish tint
were discarded.

4.2. Quantitative Evaluation

Quantitative evaluation analyzed the perceptual,
photometric, and physical realism of injected veil-
ing glare using a multi-metric comparative analy-
sis. Two similarity metrics (SSIM, PSNR) and two
difference metrics (CD, PD) were selected as each
of these metrics capture the exhibited key aspects
of real-world veiling glare in Figure 4.
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Fig. 4.: Overview of Quantitative Evaluation Met-
rics.

4.2.1. Structural Similarity Index (SSIM)

SSIM measures the structural similarity of two
images by jointly evaluating luminance, contrast,
and structure. It ranges from 0, indication total
dissimilarity, to 1, indicating identical structure.
Veiling glare flattens contrast while preserving
scene structure, reducing SSIM scores.

4.2.2. Peak Signal-to-Noise Ratio (PSNR)

PSNR quantifies pixel-wise similarity between
two images by comparing maximum possible sig-
nal power and the Mean Squared Error (MSE)
computed across pixels Chandler and Hemami
(2007). PSNR is sensitive to global brightness
shifts caused by veiling glare. Combined with
SSIM, it effectively evaluates structural preserva-
tion in real-world glare conditions.

4.2.3. Contrast Difference (CD)

CD captures local intensity variations, highlight-
ing glare-induced brightening or flattening that
global metrics may miss Jiang and Fairchild
(2021). CD of 0 indicates identical contrast;
higher values indicate greater local mismatch.
Veiling glare reduces contrast non-uniformly, low-
ering this metric value relative to glare-free im-
ages.

4.2.4. Spatial Frequency Power Difference

(PD)
PD measures the frequency domain energy differ-
ence between two images. It is calculated by per-
forming 2D Fourier transform of each grayscale
image to frequency domain and then squared
magnitude of the Fourier coefficient spectrum is
computed to connect spatial domain energy to
summed spectral energy described by Young et al.
(2004). The absolute difference between the mean
spectral power for each image representing two
images is taken as the value of PD. It mainly
captures the total radiometric energy change be-
tween two images that can indicate additive low
frequency energy contribution by veiling glare
according to the concept of Oppenheim and Lim
(1980).
A summary of empirical ranges for (i) glare-free
image comparisons and (ii) glare-free vs. injected
images is shown in Table 1 which is vital for guid-
ing interpretation in subsequent analyses results
discussed in Chapter 5.

5. Results

This paper performed multi-metric assessment in
the form of the following two comparative anal-
yses showing ranges of observed metric values
across 30 samples in order to capture the vari-
ability span of glare severity, and verify whether
injected glare effects reside within the expected
real-world glare magnitude indicated by literature
ranges in Table 1.

5.1. Analysis 1: synthetic vs. glare-free

This analysis evaluates whether injected veiling
glare produces the expected perceptual, photomet-
ric, and physical degradation patterns observed
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Metrics Glare free images comparison Glare free vs. Glare-Affected

SSIM Very high similarity ~0.9 to 1.0 Under severe glare can be ~0.3 to 0.7

PSNR Less distortion, ~30-50 dB Noticeable distortion caused by Severe glare,

(db) decreased to ~20-30 dB

CD Glare free scenes, High contrast dif- | Depending on glare and scene complexity, re-
ference duced by about 40% percent or more;

PD scene texture matched, table power | Visible drop or change in frequency domain
spectrum matching components

Table 1.: Indicative literature ranges of image quality metrics for glare-free and glare-induced conditions.

in real-world glare affected images. We evalu-
ate 30 injected glare samples (such as Figure
2d) by comparing them with their correspond-
ing glare-free images (such as Figure 2a) using
SSIM, PSNR, CD, and PD, as detailed in Table 2.
SSIM values ranged from 0.363-0.758, indicating
perceptual and structural degradation from mild
(0.75) to strong (0.38) veiling glare while pre-
serving realistic structural retention. PSNR values
(28.3-30.6 dB) indicated mild pixel-level devi-
ations, with stronger haze near the light source
(28.3 dB) and weaker effects away from it (30.6
dB), producing mild contrast reduction. CD val-
ues (0.0-0.222) confirmed local Michelson con-
trast reduction of 20-25% for samples with up-
per bound CD (0.222), while the lower bound
of CD (0) reflects the non-uniform contrast re-
duction characteristic of veiling glare. PD val-
ues (16,000-170,000) showed strictly positive and
substantial frequency-energy redistribution due to
blur, confirming the additive scattered-light prop-
erty of veiling glare. The injected veiling glare

Metrics Analysis-1 Analysis-2
SSIM 0.363-0.758 0.498-0.619
PSNR (dB) | 28.3-30.6 28.8-29.5

CD 0.0-0.222 0.02-0.2

PD 16000-170000 | 51000-180000

Table 2.: Metric value ranges across 30 samples
for synthetic vs. glare-free and synthetic vs. real-
world comparisons.

samples thus demonstrate high realism matching
the perceptual, photometric, and physical effects
of mild-to-moderate severity real-world glare, re-

maining distinctly separate from glare-free im-
ages.

5.2. Analysis 2: synthetic vs. real

In this analysis, images with injected glare were
compared to real-world glare from the Ford
Campus Vision and LiDAR dataset to quantify
similarity in perceptual, photometric, and phys-
ical behavior. Since veiling glare occurs ran-
domly—especially during daytime—this analy-
sis compares 30 injected samples (such as Fig-
ure 2d) to 30 real-world glare samples (such as
Figure 3a), where image pairs depict different
driving scenarios but both contain veiling glare,
enabling multi-metric pattern assessment regard-
less of background differences, as shown in Ta-
ble 2. SSIM (0.498-0.619) proved comparable
to Analysis 1, with the upper bound (0.619) re-
flecting injected glare’s similarity to real-world
contrast degradation despite differing scene struc-
tures. PSNR (28.8-29.5 dB) exhibited a narrower
range (0.7 dB) than injected vs. glare-free com-
parisons, indicating consistent pixel-level distor-
tions across scenes. CD (0.02-0.2) overlapped the
glare-free range, with lower values (0.02) reflect-
ing localized glare and higher values (0.2) indi-
cating realistic contrast distortion, demonstrating
that local contrast reduction does not imply global
contrast change. PD (51,000-180,000) showed a
large, strictly positive shift overlapping Analysis
1, indicating slightly stronger frequency-domain
changes in real-world glare.

Despite varying scenarios, this multi-metric
evaluation demonstrates that injected veiling glare
exhibits perceptual, photometric, and physical
characteristics similar to mild-to-moderate real-
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world glare, ignoring scene-specific artifacts.
Real-world samples included stronger glare in-
stances, but injected glare closely matches the
reported metric ranges, confirming high realism.

6. Conclusion

This paper presents a controlled, parameterized
synthetic veiling glare injection method, tunable
via position, shape, size, number, intensity, and
transparency, to support automotive safety and
reliability validation through scenario and data
generation tailored to daytime urban driving The
accompanying multi-metric quantitative analysis
validates the perceptual, photometric, and phys-
ical realism of the injected glare across spatial,
pixel, contrast, and frequency domains. By assess-
ing SSIM, PSNR, CD, and PD metric sensitivities
in both matching and divergent scenarios, compar-
isons against glare-free originals and real-world
glare samples confirm that the injected effects
replicate mild-to-moderate veiling glare sever-
ity. Among these metrics, PD excelled in glare-
specific validation by capturing low-frequency en-
ergy redistribution tied to veiling glare’s phys-
ical properties. CD effectively highlighted non-
uniform local contrast flattening, while SSIM and
PSNR collaboratively quantified structural and
pixel-level degradation

The proposed glare injection method effectively
captures sun-induced veiling glare but remains
limited to daytime urban scenarios from the Ford
Campus Vision and LiDAR dataset. Future work
could extend this approach to veiling glare from
diverse light sources (e.g., headlights, reflections)
across varied urban driving conditions.

Additionally, the current framework addresses
veiling glare exclusively. Future developments
could adapt the method to other glare types, such
as lens flare, sensor flare and stray light glare.
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