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Abstract

Lens flare occurs when shooting towards strong light sources, significantly degrad-
ing the visual quality of images. Due to the difficulty in capturing flare-corrupted
and flare-free image pairs in the real world, existing datasets are typically synthe-
sized in 2D by overlaying artificial flare templates onto background images. How-
ever, the lack of flare diversity in templates and the neglect of physical principles
in the synthesis process hinder models trained on these datasets from generaliz-
ing well to real-world scenarios. To address these challenges, we propose a new
physics-informed method for flare data generation, which consists of three stages:
parameterized template creation, the laws of illumination-aware 2D synthesis, and
physical engine-based 3D rendering, which finally gives us a miXed flare dataset
that incorporates both 2D and 3D perspectives, namely FlareX. This dataset offers
9,500 2D templates derived from 95 flare patterns and 3,000 flare image pairs
rendered from 60 3D scenes. Furthermore, we design a masking approach to obtain
real-world flare-free images from their corrupted counterparts to measure the per-
formance of the model on real-world images. Extensive experiments demonstrate
the effectiveness of our method and dataset.

1 Introduction

Lens flare often appears when capturing images against strong light, due to light scattering and
reflection within the lens system [1} 2l]. This phenomenon leads to color shifts and loss of informa-
tion [3} 4], resulting in degraded image quality and lowering the performance of downstream vision
tasks [5, [6 [7]. Depending on various lens designs, as shown in Figure[Ia) lighting conditions, flares
can differ greatly in color, shape, intensity, and spatial extent as depicted in Figure[I(b), making flare
removal a challenging task.

Traditional methods [} 9] add an anti-reflective coating to the lenses to reduce reflective flares. How-
ever, the coating’s high cost and limited effectiveness restrict its widespread adoption in consumer-
grade devices. To benefit from lower costs and stronger flare removal capability, researchers [[10, |11}
12] begin to remove flare through deep learning algorithms [[13 [14} [15 [16} 17,1819} [20]], driven by
the large dataset [3[21]]. Besides, it is challenging to obtain a large number of paired flare images
through shooting. Cleaning the lens may suppress scattering flare, but cannot eliminate reflective
flare caused by lens internal imperfections [22]] and intense flare.
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Figure 1: Flare formation mechanisms and real-world flare-corrupted images. (a) The red and

lines respectively represent light rays that create scattering and reflective flares. (b) We use the same
colors as (a) to highlight the corresponding flares. Under various lighting conditions and lens designs
(e.g., aperture size, lens material), flares appear in a wide range of colors and shapes (e.g., circles,
polygons, and streaks).

Given the difficulty of obtaining paired flare images in the real world, previous works [T} 2] rely
on simulations. Wu ef al. [24]] and Dai et al. [3]] build datasets of flare templates using Spread Point
Function and Adobe After Effects, respectively. Then, they added these templates to the background
image to synthesize flare-corrupted images. These datasets [3]) include flare patterns caused
by point light sources but lack coverage of real-world scenarios with multiple reflections and non-
spherical light sources. Besides, their synthesis process neglects the physical properties of flares. For
example, the overall brightness of the flare is closely correlated with the distance between the light
source and the camera. As a result, models trained on these datasets have limited effectiveness in
coping with various types of flares in the real world.

To train a robust neural network model, it is necessary to have a realistic dataset with rich flare
patterns. In this paper, we present a data generation framework based on a 3D physical engine
Blender, which consists of three stages, as shown in Figure |ZL First, to better simulate real-world
lens flares, we parameterize key factors, such as light intensity, the times of reflection, and glass
pollution. This enables us to generate 9,500 flare templates derived from 95 types of flare, covering
a wider range of patterns in the real world, compared to previous datasets B]. Second, in the
synthesis process, we incorporate the laws of illumination [26, 27 28] to establish the relationship
between the intensity of the flare and the spatial position of the light source. With the help of an
estimated depth map, the intensity of flares in the synthetic images appears more realistic than
random addition. Finally, we construct 60 3D scenes by customizing the placement of flares in the
appropriate place instead of adding them randomly. Leveraging the 3D physics engine, we render
3,000 flare image pairs that inherently follow physical laws. By mixing 2D synthetic image pairs
derived from templates and rendered images from various perspectives in 3D scenes, we introduce
a physics-informed dataset called FlareX, which can support future research in flare removal. In
addition, due to existing methods [3]] that struggle to capture the image without flares, we propose
a masking approach to evaluate the model’s performance in the real world. In this way, we collect
100 image pairs with a resolution of 3024 x 3024, containing various types of flare for testing.

Our main contributions can be summarized as follows: (i) To address the limitations of flare pattern
diversity in existing datasets, we create 9,500 templates derived from 95 types of flare with different
parameter settings. (ii) We improve the existing 2D synthesis pipeline by incorporating the laws
of illumination. And we further build 60 3D scenes with flares to render 3,000 image pairs as
complements to build a physical-realistic dataset. (iii) We propose a masking approach to obtain
flare-free images from flare-corrupted ones for better model assessment, and carry out extensive
experiments to demonstrate the effectiveness of our method and dataset.

2 Related work

Flare training dataset. Due to various constraints and variables, collecting a large-scale dataset of
paired flare images in the real world is an extremely challenging task [30]. Wu et al. divide a
flare-corrupted image into a flare template and a background, thereby building the first semi-synthetic
flare dataset, which includes 2,001 captured flare templates and 3,000 simulated flare templates.
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Figure 2: Illustration of our flare dataset generation framework. (a) The raw material of flares comes
from the Blender plugin [29]. We manually create flare templates and adjust both flare and camera
parameters to generate a wide variety of templates. (b) The synthesis pipeline generates flare-corr
upted images by adding flare templates to background images sampled from the 24K Flickr image
dataset [25]. (c) The 3D rendering approach constructs scenes with flare and renders them from
various camera perspectives.

However, given the insufficient variety of Wu’s dataset and inadequate consideration of nighttime
conditions, Dai et al. [3] use the plugin in Adobe After Effects (AE) to create nighttime flares,
including 5,000 scattering flare templates and 2,000 reflective flare templates, called Flare7K dataset.
Then, Dai et al. capture 962 flare templates using three different cameras, expanding this collection
into the Flare7K++ dataset [21]]. Recently, Florin er al. [31] develop a synthetic flare dataset named
SDFRD, specifically targeting digital single-lens reflex cameras.

Flare-corrupted image generation. The current methods randomly add the flare templates of [24} 13}
21]] to the background images which are sampled from the 24K Flickr [25]. Wu et al. [24] and Dai et
al. 3] apply random affine transformations to flare templates without considering physical principles,
resulting in noticeable unrealism (e.g., excessive brightness or oversized flares). Zhou et al. [32]
argue that simple addition and numerical truncation can cause overflow and distribution shift, leading
them to propose an improved synthesis method. Jin et al. [33] demonstrate that lens flares captured
by the same imaging system tend to be similar. Consequently, they select the same flare templates
when randomly adding multiple flares which yields better results. To address the issue of unrealistic
brightness, we improve the method of overlaying flares onto background images by introducing
the laws of illumination. To position flares in more appropriate locations instead of placing them
randomly, we further render 3D scenes to generate the remainder of the dataset.

Flare test dataset. Wu et al. [24]] provide a test set comprising only 20 real image pairs, making it
insufficient for evaluating performance in the real world. Dai et al. [3]] extend this by introducing
a nighttime test set containing 100 real captured flare image pairs. However, both datasets suffer
from relatively low resolution (typically 512 x 512) and mainly contain simple and small-scale flare
patterns. FlareReal600 [34] improves the resolution by providing 50 image pairs at 2K, but the ground
truth is still acquired by cleaning the lens, which cannot eliminate internal reflective and severe flares.
Zhou et al. [32] address the device diversity issue by collecting a test set using 10 mobile phones,
but their dataset lacks ground truth altogether, making quantitative evaluation impossible. To tackle
the difficulty of capturing reflective flare image pairs in real-world conditions, BracketFlare [22]
constructs the first synthetic dataset specifically for reflective flares. Overall, current flare test datasets
are limited either by resolution, diversity of flare types, or the lack of reliable ground truth, motivating
the need for a more comprehensive evaluation benchmark.

3 FlareX dataset

Our dataset creation process consists of three stages: creating flare templates, 2D synthesis using the
templates, and directly rendering 3D scenes. By incorporating the laws of illumination into the 2D
synthesis process, we generate a large number of flare images with realistic intensity. Furthermore,
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Figure 3: Comparison of synthetic flare-corrupted images and examples of our flare templates.
Featuring various light sources and flares in different colors and shapes, our flare templates are capable
of simulating sun halo effects in daytime and flares produced by non-spherical light sources. Note
that Flare7K++ [21]] specifically refers to the additional flare templates beyond those in Flare7K [3].

Table 1: Comparison of existing flare datasets. “X” and “v"” indicate whether the dataset has the
property. Note that the dataset of Wu et al. [24] only contains daytime flares while Flare7K [3]] and
FlareReal600 [34]] only include nighttime flares.

Dataset Type Number Multiple reflection  Light source annotation Day  Night
Wu et al. [24] 3 5001 X X v X
Flare7K [3]] 35 7000 X 4 X 4
FlareReal600 [34] - 600 X X X 4
Flare-R [21]] - 962 X v X v
SDFRD [35]] 3 - X X 4 4
FlareX (Ours) 95  9500+3000 4 4 4 4

3D scene rendering naturally adheres to physical laws, and we can place flares in locations where they
are more likely to appear, rather than randomly adding them to backgrounds. To leverage the strengths
of both 2D synthesis and 3D rendering, we mix the data generated by them to propose a physics-
informed flare dataset, namely FlareX. We compare our dataset with existing datasets [[24} 3, 134] in
Table [T} Our dataset offers 9,500 flare templates derived from 95 types of flares to synthesize image
pairs, along with 3,000 pairs of 3D-rendered images, featuring diverse patterns and covering both
daytime and nighttime scenarios. For ease of reference, we abbreviate the two parts of FlareX as
Flare-2D and Flare-3D in the following text.

3.1 Flare template creation

The existing datasets [3| 24]] lack diversity and find it challenging to physically simulate lens flare, as
this requires computing mutual constraints between flare components, which is a highly complex task.
To solve the issues of diversity and unrealism, we use the 3D graphics engine Blender to simulate
flares in alignment with physical laws.

First, we create a flare that includes multiple components, such as light source, streak, iris, and glare.
We utilize the flare patterns from the Flared plugin to avoid creating flares from scratch. We manually
adjust the camera focal length and various parameters of these flare components, including position,
color, size, shape, etc. Most importantly, we bind the light source to a spatial point and apply the
mutual constraints preset by Blender [29] among flare components, allowing the movement of the
light source to produce pattern changes that more closely resemble real-world behavior. We set the
background to black and allow Blender rendering in flat to produce the flare templates. After removing
all flare components except the light source, we re-render the scene to obtain the corresponding light
source templates. This process allows us to generate annotations for all flare components. Referring
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Figure 4: 19 categories of flare templates. The 9 categories on the left represent the basic flare types,
while those on the right are more complex types, officially referred to as “XT”.

to real-world flares, we create a total of 95 flare types using components in Figure[d] with each type
producing 100 templates by adjusting parameters, resulting in 9,500 flare templates.

In Figure 3] we present synthetic images derived from our flare templates and those of previous
works [24] [3| 21]], showing scenes in daylight, nighttime, and indoor settings, respectively. Templates
in previous datasets feature limited flare patterns, making them ineffective for synthesizing images
across diverse scenes. In both daylight and nighttime scenes, our flare templates, with multi-reflection
properties and controllable parameters, create more realistic effects that naturally integrate into the
environment. For the indoor scene, we show the ability of our templates to simulate flares caused by
the non-spherical light source.

3.2 Flare-2D synthesis

As existing data synthesis methods [24} 3] ignore the relationships between the appearance of lens
flare and their spatial position, we improve them by introducing the laws of illumination [26} 27].
Different from existing methods, our data synthesis method can synthesize flare-corrupted images
whose flare intensity adheres to physical laws. Our synthesis pipeline is illustrated in Figure 3]

First, we perform multiple random affine transformations of the flare separately and estimate the
depth map of the background image using a pre-trained monocular depth estimation model [36].
Second, we develop a Brightness Adjustment Module (BAM) to adjust the brightness of flares that
have been affine transformed. The above operations can be expressed by:

F/ = BAM(T;(F),D(B)) = BAM(F],D), M

where 7; and D denote the i*"* Random Affine Transformation and Depth Estimation, respectively. F
denotes the origin flare image. F} is the flare image after the i*" random affine transformation. F{ is
the flare image after brightness adjustment. B represents the background image and D represents its
depth map.

Finally, we obtain multiple flares after adjusting the brightness, then add them to the background
image to synthesize the final image with flares, which can be represented as:

n
Ly = Clip(B + ) _FY), )
i=1
where Clip(-) denotes clipping the addition to the range of [0, 1], and n represents the number of
flares to be generated.

Brightness adjustment module (BAM). Intuitively, the closer the light source is to the lens, the
more intense the flare appears. The laws of illumination [26]] allow for a quantitative portrayal of this
physical phenomenon and the formula is as follows:
I-cosf

E= T2 (3)
where F indicates the illumination at a point on the plane, and I is the luminous intensity of the
light source. 6 is the angle between the optical axis and the incident light rays, and d is the distance
from the light source to the illuminated point. To simplify explanations, we use the terms “angle of
incidence” and “depth” in the rest of the paper.

We first perform Spatial Position Estimation (SPE) using the depth map and affine-transformed flare
images to obtain the depth d; and the angle of incidence 6; for each affine-transformed flare image.
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Figure 5: Our synthesis pipeline. The flare-
corrupted images generated based on the laws of
illumination appear more realistic.

In SPE, we utilize the average depth of all pixel points of the light source as the real distance between
that light source and the lens, as expressed by the following equation:

N
1
di = N ZD(zj,yj) 3 (15373]]) € Lia (4)
j=1
where L; symbolizes the light source area of the affine-transformed flare and N represents the total
number of pixel points of the light source. x; and y; denote the position of the jth pixel point.

For the calculation of the incident angle, since the camera parameters used for taking photos are
unknown, we use the horizontal field of view to estimate. According to the law of similar triangles,
we can obtain the following formula:
2r; ©
6; = arctan(— - tan =), 5
where ¢ represents the horizontal field of view, W denotes the width of the background image, and
r; denotes the average distance from the pixel points of the i light source to the center of the image.

Compared to the scenes being captured, the size of the lens can be ignored and represented as a
point. After obtaining the depth and the incident angle, we substitute these values into Equation (3)
to calculate the illumination of the lens from different light sources. The formula for making the final
brightness adjustment is as follows:

E; _ F; - d?
1 n =
w21 Bi d? .\/1 + (2% - tan(£)2)

F{ =F;- ©6)

w 2

where d is the average depth of the image. Specifically, we use the light with a 0° incident angle and
d as a reference for adjusting the brightness of each flare. Last but not least, due to variations in the
fields of view among different cameras, training various models with the same dataset may lead to
poor robustness. Compared to the previous synthesis method, our method can synthesize a dataset for
a specific camera by adjusting the field of view ¢.

3.3 Flare-3D construction

Since the estimated depth map is not always accurate, we propose constructing flare scenarios and
rendering them directly to establish more precise physical constraints. This approach naturally
adheres to physical laws and produces flare-corrupted images with a more realistic intensity and
appearance. The existing synthesis operations may cause image distortion due to overflow [32],
which can also be mitigated by the 3D modeling method.

First, we construct a 3D scene in Blender and add lens flare into the scene. Unlike the random affine
transformation method, 3D rendering allows us to customize flare placement, positioning it in areas
where flares are more likely to appear, such as near light sources, in the sky, and outside windows.
Next, we keyframe the camera’s movement path, enabling it to follow a trajectory within the scene
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Figure 7: Image pairs obtained through different collection methods. The ground truths in existing
test sets may retain flares, especially when capturing strong light sources.

Table 2: Quantitative results and user study evaluation. Our test set better captures the performance
improvement from Flare7K [3] to Flare7K++ [21], aligning more closely with human perceptual
preferences.

Dataset Test on Flare7K [3] Test on FlareReal600 [34]] Test on ours
PSNR  User study PSNR User study PSNR  User study

Trained on Flare7K [3] 33% 4% 34% 8% 7% 5%

Trained on Flare7K++ [21] 67% 96% 66% 92% 93% 95%

and capture images from various perspectives, as shown in Figure [§] Compared to 2D synthetic
images, the flares in rendered images exhibit different appearances related to their spatial position,
making them closer to real-world images. Finally, we move the camera along the predefined path to
capture flare-corrupted images and repeat the process after removing the flares to capture flare-free
ones. We construct 60 scenes with different flares and render 3,000 image pairs to develop Flare-3D.

Table 3: Quantitative comparison of various image restoration models on the proposed test set. We
train the same models on five datasets, and the best and second-best scores are in bold and underlined.

HINet [37] MPRNet [38] Uformer [39] Restormer [40]
PSNRT SSIMT LPIPS] [PSNRT SSIM?T LPIPS||[PSNRT SSIMT LPIPS]|PSNRT SSIM?T LPIPS]
Wu et al. [24] 22.927 0.642 0.139 {20937 0.571 0.147 |22.252 0.645 0.143 | 21.798 0.653 0.145
Flare7K [3] 23.939 0.651 0.138 |22.566 0.652 0.144 |23.386 0.667 0.141 |23.431 0.648 0.140
Flare7K++ [21] 25.172 0.678 0.140 |22.604 0.612 0.146 |23.615 0.667 0.142 |24.495 0.671 0.138
FlareReal600 [34] | 23.233 0.617 0.139 |22.587 0.596 0.147 |24.079 0.658 0.140 |22.821 0.630 0.157
FlareX (Ours) 25.388 0.682 0.131 |23.882 0.660 0.138 |25.459 0.692 0.133 | 25.096 0.688 0.131

Dataset

3.4 Real-world image collection

The test images of Zhou et al. [32] lack ground truths, while those from Wu et al. [24], Flare7K [3]],
and FlareReal600 [34] contain almost no reflective flares. Flare7K [3]] and FlareReal600 [34] simulate
typical lens dirt patterns by polluting the cover glass to capture flare-corrupted images, then capture
flare-free images by cleaning the front lens. However, this method fails to eliminate strong and
reflective flares in the ground truths, as shown in Figure[7] which can severely distort quantitative
evaluations. In some cases, cleaner flare removal by the model even receives lower scores in the
residual regions due to mismatches with flawed ground truth. Besides, it is physically impossible
to obtain paired images of reflective flares [22] due to the internal reflection, so only a synthetic
reflective flare test set [22] is available.

To address this challenge, we propose a masking method to collect completely flare-free images.
Since flares are typically caused by intense light sources, both scattering and reflective flares can
be effectively removed by simply blocking these strong lights. Specifically, after capturing the
flare-corrupted image, we use an eye-exam occluder to block the direct light source and then capture
the flare-free image under the same conditions. We then annotate the area where the occluder is
placed, and this region is excluded from the quantitative evaluation of the performance metrics.
We collect 100 pairs of test images using different smartphones and professional cameras. Our
comparison with existing test sets, as shown in Table 2] highlights that our benchmark better aligns
with user preferences. Nearly one-third of the samples in existing test sets fail to accurately reflect
the performance improvement from Flare7K [3] to Flare7K++ [21]. Additionally, off-screen flare
captured by flagship smartphones with large apertures has sparked widespread online discussions.
Off-screen flare appears when light enters the camera from specific angles, presenting as thick, band-
like artifacts, which can not be effectively removed by existing methods. We collect 63 representative
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Figure 8: Visual comparison of flare removal on the proposed test set. The name of each column

represents the dataset that is used to train Uformer. Compared to (b), (c), and (d), (e) shows the best
flare removal performance.
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Figure 9: Visual comparison of off-screen flare removal. Previous methods struggle to remove these
wide, white streak-like flares, whereas our approach successfully eliminates them.

images captured by various smartphones from the Internet. Our proposed masking method and
collected dataset support a comprehensive evaluation of model performance in lens flare removal,
particularly in assessing severe, reflective, and off-screen flare removal.

4 Experiments

4.1 Comparisons with previous datasets.

Experiments setting. To ensure a fair comparison, we apply the same data aggregation approach used
in previous works [3}41]]. The loss functions in our work align with the previous works [13, 21} 42]],
comprising the L, loss, the perceptual loss with a pre-trained VGG-19 [43] and the reconstruction loss.
We train the same models used in the previous benchmark [3]], including HINet [37]], MPRNet [38]],
Restormer [40]], and Uformer [39], with the addition of AST [44]. We perform model training on two
NVIDIA GeForce RTX 3090 GPUs with 24GB of memory. The models are trained on flare-corrupted
images cropped to 512 x 512 resolution, with a batch size of 2, for 30,000 iterations.

Quantitative comparison. We adopt full- Table 4: The results of off-screen flare removal.

reference metrics PSNR and SSIM [45].to eval- Motrios Tnput Wu ef al. Flare7K Flare7K+ | FlareX
uate the performance of the models trained on [24] 13 211 | (Ours)
different datasets. Since the flare removal isa ~ NIQE! 41444023 4050 4.026 | 3.967

BRISQUE | [31.894 29.070 30.621  29.766 |28.354

highly perceptual task, we also use the LPIPS
distance [46]. These metrics on our proposed test set measure the flare removal performance in
non-occluded regions. Due to off-screen flare images having no ground truths, we use NIQE [47] and
BRISQUE [48]] as no-reference assessment metrics.



Table 5: The ablation study of the laws of illumi-
nation. “v"” and “X” indicate whether the laws of
illumination are incorporated into the data syn-
thesis pipeline.

Table 6: The ablation study of our dataset. Train-
ing on the entire FlareX yields the best results,
while training on Flare-3D alone leads to poor
performance due to its limited amount.

Dataset Laws of illumination PSNR?T SSIM1 LPIPS|
: X 73336 0.667 0.141

Flare7K (3] v 23711 0.675 0.138
X 75.122 0681 0.135

FlareX (Ours) v 25459 0.692 0.133

(c) w/ laws

(a) Input (b) w/o laws

Figure 10: Visual comparison without and with
the laws of illumination. The latter can effec-
tively remove subtle flares and avoid incorrectly
removing the light source in the mirror.

Method Flare-2D  Flare-3D  PSNRT SSIMt LPIPS|
v X 24853 0.690  0.140

Uformer [39] X v 23.647 0.687  0.137
v v 25459 0.692  0.133
v X 24457 0.616  0.139

Restormer [40] X v 23.728 0.665  0.141
v v 25.096 0.688  0.131

(b) FlareK++ [21] (c) Ours

(a) Input

Figure 11: Typical failure case of flare removal.
Our method may leave noticeable artifacts when
addressing images with extremely intense light
sources and large flare areas.

As shown in Table 3] five baselines trained on our dataset outperform the same models trained on ex-
isting datasets. Notably, Uformer surpasses the second-best one by nearly 1.38 dB in PSNR, achieves
a 3.75% increase in SSIM, and reduces LPIPS by 5%, demonstrating a significant improvement.
Perceptual quality assessment results of off-screen flare removal are presented in Table ] Uformer
trained on our dataset achieves the lowest NIQE and BRISQUE scores. These results demonstrate the
effectiveness of our method.

Qualitative comparison. To ensure fairness, we use the same Uformer trained on different datasets
to conduct visual comparisons. As shown in Figure (8] the first and third rows of images illustrate that
the model trained on our dataset is capable of removing reflective flare with special patterns. The
third row also highlights that the model trained on the FlareX dataset excels in eliminating large-scale
and intense flare patterns, outperforming previous approaches in terms of both precision and overall
effectiveness. Additionally, when it comes to off-screen flare, the Uformer [39]] model, trained on
our comprehensive dataset, achieves superior performance compared to other methods, as illustrated
in Figure[9] This indicates that our dataset plays a crucial role in enhancing the model’s ability to
generalize across different flare types.

4.2 Abalation study

The laws of illumination. To demonstrate the effectiveness of our synthesis method, we carry out
an ablation study to assess the influence of incorporating the illumination law. We train Uformer
on FlareX with the previous method and another on Flare7K [3]] with our proposed method. As
shown in Table 5] integrating the laws of illumination in the synthesis process can improve model
performance, which also holds true for the previous Flare7K dataset [3]]. Besides, we conduct a
visual comparison with and without the laws of illumination. As shown in Figure[I0] the laws of
illumination allow the model to remove flares more accurately.

The composition of our dataset. In order to ascertain whether the two parts of our dataset can be
combined to train an optimal model, we conduct an ablation study using part of the dataset and the
whole. As demonstrated in Table 6} both Uformer and Restormer achieve optimal performance when
trained on the complete dataset.

4.3 More visual results.

We evaluate flare removal performance on images containing multiple flares, comparing Uformer
models trained on Flare7K++ and our proposed FlareX dataset (see Figure[I2)). As shown in the first
two rows of Figure[I2] the model trained on FlareX demonstrates more effective removal of dense
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Figure 12: Visual results of multi-flare removal.  Figure 13: Object detection with flare-
The test images come from ours (the first row), Flar-  corrupted and flare-removed images. Flares
eReal600 [34] (the second row), and Zhou et al. [32]  can obscure objects such as bicycles and mo-
(the third and fourth row). torcycles, making them undetectable.

flares. Furthermore, in the fourth row, which presents a scenario involving both streak and glare
flares, the FlareX-trained model also achieves cleaner and more precise removal.

We perform a visual comparison of object detection before and after flare removal. As illustrated
in Figure[I3] in the first and second rows, the flare-removed images reveal previously occluded objects,
such as bicycles and motorcycles, which are not detected in the flare-corrupted images. Besides, in
the third row, flares cause the model to mistakenly classify bicycles as motorcycles, whereas this
issue is resolved after flare removal. This experiment indicates that lens flare can negatively impact
the model, thereby presenting a significant threat to high-level applications.

5 Conclusion

In this paper, we present FlareX, a physics-informed dataset designed to advance the task of lens flare
removal. First, to enhance pattern diversity, we generate 9,500 flare templates based on 95 physically
flare types using a Blender plugin. Second, to improve the realism of synthetic data, we incorporate the
laws of illumination into the 2D flare synthesis process, addressing the issue of unnatural brightness
distributions common in existing methods. Finally, to further bridge the gap between synthetic and
real-world images, we construct 60 scenes and render 3,000 paired samples using a physically-based
rendering pipeline. Additionally, to enable more reliable real-world evaluation, we propose a masking
strategy to collect 100 pairs of flare and flare-free images, effectively avoiding residual flare artifacts
introduced by lens-wiping methods. Extensive experiments and ablation studies demonstrate the
effectiveness of our dataset in improving flare removal performance and generalization across various
models, paving the way for future research in this field.

Limitations. Despite the effectiveness of current models, extremely heavy flare remains a significant
challenge, often resulting in visible artifacts after restoration, as shown in Figure[T1] Future research
may benefit from incorporating physical priors or transferring structural cues from cleaner regions to
better recover severely degraded content.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: Refer to Section[I] for details.
Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: The limitations are discussed in the Section[3
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: The assumptions and a complete proof are presented in Section[3.2]
Guidelines:

* The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: In Section (3] we clearly describe the steps taken to make our datasets re-
producible, including a detailed data acquisition pipeline and data processing methods.
In Section[d} training details are clearly provided to make the results verifiable.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]
Justification: Our dataset and code are provided in the supplementary material.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: The training and test details are specified at Section[4]
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [NA]
Justification: Error bars or other statistical significance are unnecessary in our experiment.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)
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8.

10.

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The main model parameters and computational complexity are in Section 4]
More computer resources are provided in the supplementary material.

Guidelines:

» The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: Every aspect of the experimental paper complies with the NeurIPS Code of
Ethics.

Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]
Justification: The societal impacts are discussed in the supplementary material.
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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11.

12.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: This question is unrelated to the research topic of this article.
Guidelines:

» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: The existing technologies used have clear references and mentions.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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15.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: The details about training and limitations for our newly-introduced dataset
are described in the paper at Section [3]and Section [5]respectively. The license and other
documentation are provided alongside the dataset in the supplementary materials.

Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: This question is unrelated to the research topic of this article.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [Yes]
Justification: Yes.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

19



16. Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
Justification: This question is unrelated to the research topic of this article.
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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