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Abstract

Lens flares arise from light reflection and refraction within
sensor arrays, whose diverse types include glow, veiling
glare, reflective flare and so on. Existing methods are special-
ized for one specific type only, and overlook the simultaneous
occurrence of multiple typed lens flares, which is common in
the real-world, e.g. coexistence of glow and displacement re-
flections from the same light source. These co-occurring lens
flares cannot be effectively resolved by the simple combina-
tion of individual flare removal methods, since these coexist-
ing flares originates from the same light source and are gen-
erated simultaneously within the same sensor array, exhibit a
complex interdependence rather than simple additive relation.
To model this interdependent flares’ relationship, our Night-
time Lens Flare Formation model is the first attempt to learn
the intrinsic physical relationship between flares on the imag-
ing plane. Building on this physical model, we introduce a so-
lution to this joint flare removal task named Self-supervised
Generation-based Lens Flare Removal Network (SGLFR-
Net), which is self-supervised without pre-training. Specif-
ically, the nighttime glow is detangled in PSF Rendering
Network(PSFR-Net) based on PSF Rendering Prior, while the
reflective flare is modelled in Texture Prior Based Reflection
Flare Removal Network (TPRR-Net). Empirical evaluations
demonstrate the effectiveness of the proposed method in both
joint and individual glare removal tasks.

Introduction

Lens flares are common optical artifacts in nighttime pho-
tographs, which occur around light sources in images due
to the scattering and reflection of light rays in the medium
and reflection within the camera lens. It can be challenging
to discern details surrounding the light sources as well as
remove the unwanted reflective flare simultaneously, further
hindering the downstream applications.

To tackle lens flares, most hardware solutions focus on
improving the camera’s optics to better eliminate and con-
trol flares (Boynton and Kelley 2003; Raskar, Agrawal et al.
2008; Macleod and Macleod 2010; Chen, Zhou et al. 2010).
Inspired by the nighttime haze model including scattered
airlight proposed by (Li, Tan et al. 2015), (Park, Han et al.
2016), (Yang, Liu et al. 2018) and (Jin, Lin et al. 2023)
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(1) Input (2) Flare7K++ — RFC (3) RFC — Flare7K++ (4) Ours

Figure 1: Up to down: (1) Coexisting flared input and its seg-
mentation GT. (2) Deglowed via Flare7K++ (Dai, Li et al.
2023) and deghosted via RFC (Zhang, Ng et al. 2018) re-
sults with its segmented version via (Wu et al. 2021). (3)
Deghosted and deglowed results with its segmented version.
(4) Result and segmented result of our approach.

adopted nighttime dehaze methods to glow suppression
tasks. Based on the smoothness of the glow, (Jin, Yang, and
Tan 2022) introduced an unsupervised light effect suppres-
sion method for clean weather. To address individual reflec-
tive flares, the Flare7K (Dai, Li et al. 2022) stimulated the
first reflective/ghost flares datasets in a synthetic manner but
limited in Reflective flare patterns. Then, (Dai, Luo et al.
2023) proposed a larger synthetic ghost flare database with
different flare shapes for end-to-end training at nighttime.

However, synthetic paired flare training datasets cannot
accurately model the intricate imaging paths within lens ar-
rays, especially with nighttime light sources. As an exam-
ple shown in Fig. 1, the flares co-existence cannot be easily
solved via a two-stage cascaded solution in (2) — (3), which
is observed with uncleared glow (blue box) and ghost (yel-
low box). These cascaded solution further lead to the mis-
representation of sky region (red box) in the semantic seg-
mentation. Our method can solve the joint problem of glow
and ghost and improve the results of semantic segmentation.

To explore their tangle relationship and offer a solution
for this joint flare task, our approach firstly introduces
a comprehensive Nighttime Lens Flare Formation Model
which physically describe the joint formation of glow and



reflective flares with two prior-based observation. Build-
ing upon this physical model, we propose a Generation-
based Lens Flare Removal Network (SGLFR-Net), specifi-
cally designed to mitigate lens flare caused by artificial light
sources at night, in a self-supervised manner and without
pre-training or training data. Our SGLFR-Net employs a
two-stream network, in which the PSF rendering network
(PSFR-Net) stream stimulate the glow formation with PSF
rendering prior, while the Texture Prior based Reflection Re-
moval Network (TPRR-Net) stream produces an updating
ghost version incorporated with PSFR-Net outcome, to be
constrained by Optical Symmetry based Texture Prior Mod-
ule (OS-TPM). In all, our contributions are as three-folds:

* Propose Nighttime Lens Flare Formation model for
nighttime co-existing flares originated from same light
source via optical paths to imaging plane simultaneously.

* Derived from this physical model, our Self-supervised
Generation-based Lens Flare Removal Network
(SGLFR-Net) is introduced to form the first joint flare
removal solution without pre-training or training data.

* Our approach is validated effective in both joint flare re-
moval and individual flare removal tasks in terms of both
synthetic and real-world datasets.

Related Works

Glow Removal. Driven by the nighttime flare image dataset
Flare7K (Dai, Li et al. 2022), several flare removal methods
are based on supervised training (Zhang, Ouyang et al. 2023;
Song and Bae 2023; Ghodesawar, Patil et al. 2023). Flare7K,
the first synthetic dataset for flare removal, has limitations in
generality and type diversity, and the entanglement of light
and noise (Guo et al. 2023) complicates flare removal pro-
cess. Given real-world pairing challenges of flare datasets,
unsupervised training is viable. (Jin, Yang, and Tan 2022) in-
tegrates layer decomposition and suppression in a network,
using the estimated light-effects layer to guide an unsuper-
vised glow suppression network. Image dehazing is chal-
lenging (Wang et al. 2020), (Lin, Jin et al. 2024) takes at-
mospheric light from a real haze image and renders it into
a clear image, thereby suppressing the glow effect in self-
supervised learning. (Cong et al. 2024) employs a retraining
strategy and semi-supervised training based on localized lu-
minance windows to suppress the glow effect. APSF was
first introduced to computer vision by (Narasimhan and Na-
yar 2003) with a physical imaging model under bad weather
(Li, Shu et al. 2021). (Wu, Wang et al. 2023; Wu et al. 2024)
used a zero-shot approach to generate APSF and transfer the
task of glow suppression to the glow generation learning
task, which solved the challenge of uneven glow. APSF is
also generally applied in dehazing (Yan et al. 2020; Zhang,
Cao et al. 2017; Ancuti, Ancuti et al. 2016, 2020; Yan,
Tan et al. 2021; Jin, Lin et al. 2023). However, APSF is
specifically derived to account for multiple scattering in the
atmosphere and does not address glares from lens refrac-
tion inside the camera system during nighttime photography,
which includes glow and “’ghosting” effects.

Reflection Removal. Specular reflection and lens flare
are main concerns for image reflection. Data-driven reflec-
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(a)Optical diagram

(b)Sample image

Figure 2: (a) Optical path illustration from the light source to
the imaging plane, where the blue line is the ideal light path.
The orange line s is the path of scattered light that produces
glow flare R, and the red is the path of light refraction be-
tween lenses that produce the reflective flare (ghost) R, and
[ is the line of incident light. (b) Example of lens glare.

tion removal methods (Zhang, Ng et al. 2018; Chang and
Jung 2019; Wan, Shi et al. 2020b,a) have become progres-
sively more popular as the first reflection removal dataset
for transmitted images (Wan, Shi et al. 2017). Earlier studies
(Asha, Bhat et al. 2019; Vitoria and Ballester 2019; Chabert
2015) on removing lens highlight flare formed by lenses
often adopt a two-phase strategy, involving detection fol-
lowed by removal. This approach often limits recognition
to specific shapes, such as a “’bright spot”. (Talvala, Adams
et al. 2007) proposed an alternative method using decon-
volution of the measured flare diffusion function to remove
lens flare, mainly removal rounded flares. For nighttime re-
flective flares, (Dai, Luo et al. 2023) proposed an optical
symmetry rule and developed a synthetic dataset for end-
to-end training. However, the above studies addresses the
physical formation of various types of lens flare induced by
artificial night lighting nor proposes any solutions.

Proposed Physical Model

Nighttime Lens Flare Formation

The formation process of nighttime lens flare (shown in Fig.
2) can be uniformly described as a transformation from the
flare-free image I to the lens-flared image R. This trans-
formation is composed of the 2D lens flare spread func-
tions GT'F for each pixel in I, resulting in a 4D tensor
L(z,y,u,v). Then, this formation can be simplified with
2D convolution, when GTF is a shift-invariant function and
made of all shift versions of GTF,:

R=1x+GTF,
GTFu(z)=GTFy(z+(u —v)),Vu,veEl...nm.
For simplicity, the 4D tensor is simplified into nm x 1 vec-
tors I and R with nm X nm transformation matrix.
Glow Flare Physical Formation. The phenomenon of ra-
diative diffusion of a light source is formed by multiple scat-
tered lights within the camera lens, and we use GT' F to de-
note the physical formation of the glowing flare:
GTF{ki(r)}2,=(1—a)d(r—ri) +alc(r,r)tb (r,1:)), ()

inwhich k£ = (1 — )0+ a(b+c). r € (z,y) is the pixel lo-
cation and r; is the spreading pixel of r in the neighbouring

(€))
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Figure 3: The proposed Self-supervised Generation-based Lens Flare Removal Network (SGLFR-Net) without pre-training is
composed with PSF rendering network (PSFR-Net) and texture prior based reflection removal network (TPRR-Net), restricted
with Optical Symmetry Based Texture Prior Module (OS-TPM). Two derived priors, namely PSF rendering prior and optical
symmetry texture prior are incorporated into our SGLFR-Net on the basis of the Nighttime Lens Flare Formation model.

m pixels. c is the operator kernel to capture the light source
and b only captures the glow region m. Here (1 — «)d + ac
in k times corresponds to a central peak with a small finite
size, which is usually described with the point spread func-
tion PSF. Therefore, the obtained image R with glow flare
is with glow flare transfer function GT F as follows:

Ry =1%GTF, =Y (I, x M,) ® PSF,

i

3

here [ is the glow-free input and I; is the scattered portion
of direct transmission of . My is a glow region mask to in-
dicate the glow’s spatial location (z,y) in R, with a widely
used multiple scattered GT'F.

Reflective Flare Formation. Reflection flare is caused by
unknown cyclic reflections occurring between lens elements
within a camera lens array, which presents a formidable ob-
stacle in precisely capturing and modeling the intricate path-
ways of reflection flare, which is impossible to be accu-
rately modelled for path uncertainty. Inspired by ray tracing,
a light-ray-sampling method is employed.

When the incident ray [ undergoes reflection and refraction
at the interface between two media, such as a lens and an-
other lens. The refractive indices of the respective media are
denoted as n1 and n2. The reflected ray is denoted as r. The
normal vector IV of the interface lies in the same plane. The
formula for obtaining the refracted ray r is presented as:

(V

The law of reflection can be considered as a special case of
the law of refraction, with the condition that n2 = —n1. The
reflected ray R, to form a reflective flare can be expressed

2
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as follows:

R, =I+GTF. =Y (I; x M;) ® (2(N)* - 1),

J

in which the j portion of incident ray [ that reach the imaging
plane in the reflective flare region M,..
Joint Flare Formation. The incident ray [(GT F’) from the
light source reaches the imaging plane with three types: the
ideal light Iy to form normal imaging, the scattered light
that produces the glowing flare (scattering-GTF GT' F}), and
the reflective light that produces reflective flare (reflection-
GRSF GTF,). By parameterizing the light field L on the
sensor, where (z,y) represents the sensor plane and (u,v)
denotes the main lens of the aperture plane, the internal light
field f of the camera that reaches imaging plane is:

[ =io*a(d+ GTF, + GTF,), (6)

here 7 is the ideal light. « is the normalization constant and
0 controls the minmum ray reaches the imaging plane. Fol-
lowing this formula, the output image with glow and ghost
flare R can be expressed as:

R=Iy+Ix GTF.+1 * GTF,
=Io+G(R,M:)+D(R),
here Iy is the ideal light of R formed via a small portion
of the intrinsic light, which is close to the flare-free input 1
outside both glow and ghost flared region only. G(R, M)
is the estimated glow, which is excited by the proposed PSF
Rendering Network (PSFR-Net). on the basis of P.SF mod-
eling and the light source map M, obtained by weighting
through R. D(R) is obtained by the Texture Prior Reflec-
tion Flare Removal Network (TPRR-Net) by performing op-
erations such as threshold segmentation and center rotation
on R via the Optical Symmetry-based Texture Prior Module
(OS-TPM).
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Proposed Network

Self-supervised Generation-based Lens Flare
Removal Network (SGLFR-Net)

Fig. 3 shows our pipeline for our Self-Supervised Gen-
eration of Lens Flare Removal Network (SGLFR-Net),
which consists of two streams, the PSF Rendering Network
(PSFR-Net) based on the PSF rendering prior, and the
Texture Prior Reflection Removal Network (TPRR-Net)
based on the optical symmetry prior. Both prior are spatially
related based on our nighttime lens flare formation and
modelled uniformly.

PSF Rendering Prior. According to widely-used light
rendering approach (Sun, Ramamoorthi et al. 2005), the
light source passes through the scattering medium 7%, to
reach the inside of the lens, where it undergoes a scattering
process PSF(k) to form a glow. PSF can serve as multi-
scattered GTF. Notably, PSF (k) is independent of the
ideal image I and the flared input R, then it is modeled in-
dividually and used as a guide for PSF Rendering Network.
PSF Rendering Network(PSFR-Net). Different from
generative networks (Ulyanov, Vedaldi et al. 2018), we use
a simple but effective FCN network G, to compose a fuzzy
kernel k, followed by a four-layer CNN convolved with a
light source mask to simulate the glow. Then the proposed
PSF rendering prior is introduced with a random noise z,
sampled from a uniform distribution [0, 1]. Then SoftMax
nonlinearity is adopted to produce 1D output of G and
reshaped into a 2D fuzzy kernel k. To ensure this stimulated
glow B; is similar to input R in brightness, our Brightness
Operation layer is formed as:

L =B; x Ad, x Ad, x Adg,
Ad(r =u- Bripe'rc(]vjs) -n- BripeTc(AIg) +v,

®)
®

Brigop(R . .
Ade W;’(Bli), Brigiob(Bi1)<Brigion(R) (10)
v 1, other 7
Ady = Brimax — Briiee(1 — ]\/[S)7 an

B’I“’imm

where Brig,p is the global brightness operation. By is the
glow map of B, adjusted by Eq. 9. B, is the glow map ad-
justed by Eq. 10. Briy,. is the local brightness operation and
Brinin denotes the minimum between Bj5 and R.

Optical Symmetry Based Texture Prior. The nighttime
reflective flare is caused by the bright light source and this
ghost obeys the optical symmetry rule when it is connected
to the light source in a square image. In other words, Ro-
tating the reflective flare mask GT M, around the optical
center will result in its alignment with the light source mask
M. Therefore, the glow flare R and reflective flare R,. are
both a derivative version of nighttime lens flare formation in
Eq. (1), while they are spatially connected. This prior is val-
idated in Fig. 4, our proposed reflection flare map M, fully
covers the reflection flare regions of the input R. Notably,
our approach is self supervised without training.

In the following, we consider the elimination of reflection
flares as a kind of in-texture mapping (Criminisi, Perez et al.
2003), which is initialized by the Optical Symmetry-based
Texture Prior (OS-TPM) module y to guide the training of
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Input Ours M, Ours M,

Labelled M, GT VS rotate M

GT VS Our M,

Figure 4: Our Optical symmetry-based texture prior(OS-
TPM) illustration. Light source mask M is spatially related
to M,., obtained via OS-TPM module. Our M, completely
covers the manually labelled GT M,..

TPRR-Net. In this process, M., is segmented and rotated R,
and then detected for the contour boundary 6€2 of M., whose
pixels p are labeled p € (2. Given a patch €2, centred at the
pixel p, its refined order is defined with priority map:

P(p) = C(p)T(p),

in which C(p) = Zta conlaenee
confidence score in flared region Q2. T'(p) = % is the
data term that incorporates reliable pixels around p, stands
for the filling strength on border 6Q2. VR, is the isophote
of p, np is the unit vector to border J§2 at p. After the
patch 2, has been filled, the confidence C(p) is updated
via C(p) = C(p) Vp € ¥p N Q. Therefore, the highest
priority contour point pairs are searched in OS-TPM and the
best match operation is used to compute the source patch ®
that best matches §2,, to fill and form the desired y via:

diff = (B — Qp)* + p+ |VSp — VRy| — cos(6). (13)

where p is the Eulerian distance between the ®4 center point
s and the €2, center point p, V.S}, is the s isophote intensity,
V R, is the p isophote intensity.

Texture Prior Based Reflection Flare Removal Network
(TPRR-Net). Our TPRR-Net uses an Unet-like encoder/de-
coder architecture with a 5-layer encoder and decoder, as
shown in Fig.3. The flare-damaged image R is hopped
through the TPRR-Net to produce a glow and ghost flare-
free output D; with ¢ epochs. This D; is self-supervised by y
with its incorporated ghost-free and glowed result ¢, which
is introduced in combination with glow-rendered result L
from PSFR-Net. Since the suppression of the glow effect af-
fects the recovery of the light source, we add the weighted
light source map to the output D;. We estimated y without
ghosting and glowed by OS-TPM, and guided the training
of SGLFR-Net by L);sr and 1-Lggr)s measures between
y and . Our SGLFR-Net is unpretrained with any training
data and universally solves glow and reflective lens flares.

(12)

stores the maximum
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Figure 5: Joint glow and reflective flare removal Task. Visual comparison of our SGLFR-Net and glow and reflection flare
removal SOTA combinations in OurSynDatasets and real world datasets. Notation: (method1)—(method?2).

Experimental Results
Experimental Details

Settings. Our method is implemented on Pytorch with an
NVIDIA GPU (version RTX 3090) and covers 3000 itera-
tions. For the fuzzy kernel, we sampled z from a uniform
distribution from O to 1, with a fixed random seed of 0.

Dataset. The joint task datasets include the self-synthesized
OurSynDatasets joint glow and ghost flared dataset (with
GTs) and real world captured dataset(without GT). OurSyn-
Datasets is stimulated from images in training dataset from
BracketFlare (Dai, Luo et al. 2023) processed with a func-
tion y~U(1.4,1.8), since there are no joint flared datasets
available. The Reflective Flare Removal task dataset is vali-
dated on the (Dai, Luo et al. 2023) benchmark and real world
captured dataset. The glow suppression task is validated on
ECCV2022 (Jin, Yang, and Tan 2022)(without GT) light ef-
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fect dataset and real world captured datasets.

Joint Task

Caparisons were conducted with a combination of the lat-
est de-glow and de-ghost methods, since no one has stud-
ied this joint glow and reflective/ghost flare removal task.
Five glow removal methods used here are Flare7k++ (Dai, Li
et al. 2023), ICCV2023 (Zhou, Liang et al. 2023), MM2023
(Jin, Lin et al. 2023), ECCV2022 (Jin, Yang, and Tan
2022), CVPR2024 (Cong et al. 2024) (retrained on (Liao, Su
et al. 2018) dataset). Four reflection removal methods used
here are CVPR2018 (Zhang, Ng et al. 2018), CVPR2020
(Kim, Huo et al. 2020), ICCV2021 (Dong, Xu et al. 2021),
CVPR2023 (Dai, Luo et al. 2023). The combinations with
relative high performance are reported here, and more joint
task results with unreported combinations can be found in
our supplementary material.
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Figure 6: Reflective Flare Removal Task. Visual comparison of individual reflection removal task with SOTAs on BracketFlare
Datasets and real world captured images.

ECCV2022

real world

Input Jin (ECCV2022) Dai (Flare7K++) Zhou (ICCV2023) Jin (MM2023) Cong (CVPR2024)  Ours

Figure 7: Glow Suppression Task. Our visual comparison on individual glow suppression task with SOTAs on ECCV2022
datasets and real world captured nighttime glows.

Qualitative Evaluation. From the third row of the Fig.5, it Reflective Flare Removal Task

can be seen that the me.thod proposqd i.n this paper can re- It is observed in Fig. 6 that only CVPR2023 (Dai, Luo et al.
cover the shape of the light source similar to GT. With the 2023) and our approach fully removes the ghost flares while
exception of the (1)—(4) combination and our method, none results of other SOTAs have uncleared ghosts. It is also val-

of the other methods are effe(.:tive. in .removing thejoint flare idated in Table. 2 as our approach ranks second as the only
prpblem. The. (1)_>(4.) combmatlgn mn the reall image of the self-supervised method. The first place (Dai, Luo et al. 2023)
third row of images is not effective in removing glow and is a fully-supervised approach training on the same database,

ghqsting, nor can it deal with reflective flare and blue glow, while our approach does not use any training data and fea-
which can be removed by our method. In the second case tures in model generalization

of real world, only our approach totally removed the ghost
in the yellow box, other SOTAs produced results with un-

Glow S ion Task
cleared edges of the ghost. ow Suppression 1as

Quantitative Evaluation. Table 1 illustrates our approach Itis clearly observed from Fig. 7 that our model almost fully
ranks first in both PSNR and SSIM evaluations in joint glow eliminates the glow arond the light source, such that the
and reflective/ghost flares removal task, in terms of 1.4% shape of the light source is reliably recovered. The ICCV
and 0.4% advantages compared to SOTAs respectively. No- 2023 also demopstrates good performance in SH}aH light
tably, our self-supervised approach needs no training data, source recovery in the second case, but cannot estimate the
unlike supervised comparative methods. This demonstrates irregular shaped glow around the complex light in the first
that our Nighttime Lens Flare Formation contributes to our case. Meanwhile, results from ICCV 2023, MM2023, ECCV
leading performance in synthetic and real world datasets. 2022, CVPR 2024, and Flare7K++ still show unsatisfying

veiling flare in Fig. 7.
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Methods Strategy Pipeline ‘ PSNR?T ‘ SSIMT Methods Strategy Training Datasets SSIM?T | LPIPS|
Glow Removal Deglow — Deghost Dai i Bracketklare
g o0 g 6 | 006 (CVPR2023) Supervised 440 pairs 0.994 | 0.004
i : : Zhan . Reflection
(1) ICCV2023 Supervised (=@ | 2923 | 0959 (CVPRQ%,)] g) | Supervised 5000 pairs 0.83 0.074
X (2)—(3) | 28.58 0.969 Dong . synthetic reflection
(2) Flare7K+ + Supervised | (2)54) | 2921 | 0.965 accvaoany | Supervised 14240 pairs 0907 | 0.041
Soomin Kim . physically-synthesized
-3 25.31 0.892 S . . .
(WACM MM2023 | Semi-Supervised 8 _,E4§ 5567 | 03899 (CVPR2020) | SUpervised 5000 pairs 0857 | 0089
o0) | 2663 0945 Ours Self-supervised No training 0.967 0.038
— .63 .
- ' ©—0) | 234 | 0784 Table 2: Comparisons between our approach and reflection
(e) CVPR2024 Semi-Supervised (© @) | 2457 | 0826 removal methods on BracketFlare dataset.
Reflective Flare Removal Deghost — Deglow
3)—(1 27.41 0.964 . .
(3) CVPR2018 Supervised 23;H22; 5871 0.969 Network structure | W/O PSFR-Net | W/O TPRR-Net | Ours
' @) | 2887 0,963 PSNRT 27.78 29.61 29.65
(4) CVPR2023 Supervised 4)—(2) | 28.83 | 0.966 SSIM?T 0.973 0.972 0.974
(©)—=(1) | 26.83 0.939 Loss Function W/O 1-Lssim W/O Lysk Ours
©—(2) | 2634 | 0948
(c) CVPR2020 Supervised [~ o 0867 PSNR?T 28.18 29.37 29.65
©—®) | 2558 | 0927 SSIM?T 0.965 0.972 0.974
@@= | 2773 | 0961 ) )
@—2) | 28.93 | 0970 Table 3: Ablation studies of the proposed method.
(d) ICCV2021 Supervised @=@ 26.10 0.898
(d)—®) | 2723 | 0943
Joint task model . . . A
Ours [ Selisupervised | Ous | 29.65 | 0974 contribution of our TPRR-Net stream, we replaced it with

Table 1: Results on the SynDatasets for joint glow and
reflective/ghost flares removal task. The best results are
marked in red, and the second-best results are in blue.

|
=

W/O PSFR-Net W/ PSFR-Net W/O OS-TPM W/ OS-TPM

W/O Ly

W/ Ly W/O BOL W/ BOL

Figure 8: Ablation studies of the proposed method.

Ablation Study

Loss function. Table. 3 have validated the effectiveness of
Lysg and 1-Lggras loss function of the proposed Self-
supervised Generation-based Lens Flare Removal Network
(SGLFR-Net), which is regarded as L. This Ly, is also used
in the original the PSF prior generation, shown in Fig. 8 to
validate its performance in shape regularization in PSF prior
generation. In particularly, our model uses the L£;sp loss
in the first 1000 iterations to fit the pixel-level differences
between ¢ and y, gr and k. 1-Lggras loss is added in the
latter 2000 iterations to fit the differences in the spatial di-
mensions of the images.

Network Structure. Our two streams of the proposed
SGLFR-Net are validated individually here. To verify the
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ten-layer CNN architecture, such that it is observed a perfor-
mance drop in Table. 3. Then, the PSFR-Net stream is ver-
ified with its removal, which is observed with performance
degradation in both index evaluation of Table. 3 and visual
comparison in in Fig. 8. This demonstrates the PSFR-Net
contributes to locally light source shapes. More ablation ex-
periments on OS-TPM is shown in Fig. 8, which verifies OS-
TPM contributes to the location of reflective/ghost flares. At
last, our Brightness Operating Layer (BOL) has been veri-
fied to align the brightness of glow rendered image L closer
to the input R.

Conclusions

In this paper, the Nighttime Lens Flare Formation model is
first introduced to give a uniform description of lens flares,
such as glow flare and reflective flare (ghost). Based on
this model, a PSF-rendering prior is formed to stimulate
the glow formation independently and incorporated into the
proposed PSF Rendering Network (PSFR-Net) stream. The
other model-based prior, namely Optical Symmetry Based
Texture Prior(OS-TP) is introduced to connect the spatial
relation between glow and ghost, and used in the Optical
Symmetry Based Texture Prior Module (OS-TPM) to guide
the training of our whole Self-supervised Generation-based
Lens Flare Removal Network (SGLFR-Net), in which no
pre-training is needed. The other stream of our SGLFR-
Net is our texture prior based reflection removal network
(TPRR-Net), which produces an intermediate result with re-
flection and without glow and is incorporated with PSFR-
Net outcome, to conduct a posteriori with OS-TPM estima-
tion. Experiments have validated that our method is effective
in both joint and individual lens flare tasks in both synthetic
and real world dataset, without pre-training.



Acknowledgments

This work was supported financially by the Natural Science
Foundation of China (Grant No0.62202347) and the Open
Research Fund from Guangdong Laboratory of Artificial In-
telligence and Digital Economy (SZ) under Grant No.GML-
KF-24-09.

References

Ancuti, C.; Ancuti, C. O.; et al. 2016. Night-time dehazing
by fusion. In 2016 IEEE International Conference on Image
Processing (ICIP), 2256-2260.

Ancuti, C.; Ancuti, C. O.; et al. 2020. Day and night-time
dehazing by local airlight estimation. IEEE Transactions on
Image Processing, 29: 6264—6275.

Asha, C.; Bhat, S. K; et al. 2019. Auto removal of bright
spot from images captured against flashing light source. In
2019 IEEE International Conference on Distributed Com-
puting, VLSI, Electrical Circuits and Robotics, 1-6.

Boynton, P. A.; and Kelley, E. F. 2003. Liquid-filled camera
for the measurement of high-contrast images. In Cockpit
Displays X, volume 5080, 370-378. SPIE.

Chabert, F. 2015. Automated lens flare removal. In Techni-
cal report. Stanford University.

Chang, Y.; and Jung, C. 2019. Single Image Reflection Re-
moval Using Convolutional Neural Networks. IEEE Trans-
actions on Image Processing, 28(4): 1954—1966.

Chen, H.-T.; Zhou, J.; et al. 2010. Antireflection coating us-
ing metamaterials and identification of its mechanism. Phys-
ical review letters, 105(7): 073901.

Cong, X.; et al. 2024. A Semi-supervised Nighttime De-
hazing Baseline with Spatial-Frequency Aware and Realistic
Brightness Constraint. In IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, 2631-2640.

Criminisi, A.; Perez, P.; et al. 2003. Object removal by
exemplar-based inpainting. In 2003 IEEE Computer Society
Conference on Computer Vision and Pattern Recognition,
2003. Proceedings., volume 2, IT-11.

Dai, Y.; Li, C.; et al. 2022. Flare7k: A phenomenological
nighttime flare removal dataset. Advances in Neural Infor-
mation Processing Systems, 35: 3926-3937.

Dai, Y.; Li, C.; et al. 2023. Flare7k++: Mixing synthetic and
real datasets for nighttime flare removal and beyond. arXiv
preprint arXiv:2306.04236.

Dai, Y.; Luo, Y; et al. 2023. Nighttime smartphone reflective
flare removal using optical center symmetry prior. In Pro-
ceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, 20783-20791.

Dong, Z.; Xu, K.; et al. 2021. Location-aware single image
reflection removal. In Proceedings of the IEEE/CVF Inter-
national Conference on Computer Vision, 5017-5026.
Ghodesawar, A.; Patil, V.; et al. 2023. DeFlare-Net: Flare
Detection and Removal Network. In Proceeding of Pattern
Recognition and Machine Intelligence, 465-472. Springer.
Guo, S.; Wang, W.; Wang, X.; and Xu, X. 2023. Low-light
image enhancement with joint illumination and noise data

3471

distribution transformation.
1363-1374.

Jin, Y.; Lin, B.; et al. 2023. Enhancing visibility in night-
time haze images using guided apsf and gradient adaptive
convolution. In Proceedings of the 31st ACM International
Conference on Multimedia, 2446-2457.

Jin, Y.; Yang, W.; and Tan, R. T. 2022. Unsupervised night
image enhancement: When layer decomposition meets light-
effects suppression. In European Conference on Computer
Vision, 404—421. Springer.

Kim, S.; Huo, Y,; et al. 2020. Single image reflection re-
moval with physically-based training images. In Proceed-
ings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, 5164-5173.

Li, Y.; Tan, R. T.; et al. 2015. Nighttime haze removal with
glow and multiple light colors. In Proceedings of the IEEE
International Conference on Computer Vision, 226-234.

Li, Z.; Shu, H.; et al. 2021. Multi-Scale Single Image Dehaz-
ing Using Laplacian and Gaussian Pyramids. IEEE Trans-
actions on Image Processing, 30: 9270-9279.

Liao, Y.; Su, Z.; et al. 2018. HDP-Net: Haze Density Pre-
diction Network for Nighttime Dehazing. In Advances in
Multimedia Information Processing — PCM 2018, 469-480.
Cham: Springer International Publishing.

Lin, B.; Jin, Y.; et al. 2024. NightHaze: Nighttime Im-
age Dehazing via Self-Prior Learning. arXiv preprint
arXiv:2403.07408.

Macleod, H. A.; and Macleod, H. A. 2010. Thin-film optical
filters. CRC press.

Narasimhan, S. G.; and Nayar, S. K. 2003. Shedding light on
the weather. In 2003 IEEE Computer Society Conference on
Computer Vision and Pattern Recognition, 2003. Proceed-
ings., volume 1, I-1. IEEE.

Park, D.; Han, D. K.; et al. 2016. Nighttime image dehazing
with local atmospheric light and weighted entropy. In 2016
IEEE International Conference on Image Processing (ICIP),
2261-2265. IEEE.

Raskar, R.; Agrawal, A.; et al. 2008. Glare aware photog-
raphy: 4D ray sampling for reducing glare effects of camera
lenses. In ACM SIGGRAPH 2008 papers, 1-10.

Song, S.; and Bae, H. 2023. Hard-negative Sampling with
Cascaded Fine-Tuning Network to Boost Flare Removal
Performance in the Nighttime Images. In IEEE Conference
on Computer Vision and Pattern Recognition, 2842-2851.

The Visual Computer, 39(4):

Sun, B.; Ramamoorthi, R.; et al. 2005. A practical analytic
single scattering model for real time rendering. ACM Trans.
Graph., 24(3): 1040-1049.

Talvala, E.-V.; Adams, A.; et al. 2007. Veiling glare in high
dynamic range imaging. In ACM SIGGRAPH 2007 Papers,
SIGGRAPH 07, 37—es. New York, NY, USA: Association
for Computing Machinery. ISBN 9781450378369.

Ulyanov, D.; Vedaldi, A.; et al. 2018. Deep image prior.
In Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, 9446-9454.



Vitoria, P.; and Ballester, C. 2019. Automatic flare spot arti-
fact detection and removal in photographs. Journal of Math-
ematical Imaging and Vision, 61(4): 515-533.

Wan, R.; Shi, B.; et al. 2017. Benchmarking single-image
reflection removal algorithms. In Proceedings of the IEEE
International Conference on Computer Vision, 3922-3930.

Wan, R.; Shi, B.; et al. 2020a. CoRRN: Cooperative Re-
flection Removal Network. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 42(12): 2969-2982.

Wan, R.; Shi, B.; et al. 2020b. Reflection Scene Separation
From a Single Image. In 2020 IEEE/CVF Conference on
Computer Vision and Pattern Recognition, 2395-2403.

Wang, W.; Li, Z.; Wu, S.; and Zeng, L. 2020. Hazy Im-
age Decolorization With Color Contrast Restoration. /EEE
Transactions on Image Processing, 29: 1776-1787.

Wu, W.; Wang, W.; Wang, Z.; Jiang, K.; and Li, Z. 2024. For
Overall Nighttime Visibility: Integrate Irregular Glow Re-
moval with Glow-aware Enhancement. IEEE Transactions
on Circuits and Systems for Video Technology, 1-1.

Wu, W.; Wang, W.; et al. 2023. From generation to suppres-
sion: towards effective irregular glow removal for nighttime
visibility enhancement. In Proceedings of the Thirty-Second
International Joint Conference on Artificial Intelligence, 1J-
CAI *23. ISBN 978-1-956792-03-4.

Wu, X.; et al. 2021. DANNet: A One-Stage Domain Adap-
tation Network for Unsupervised Nighttime Semantic Seg-
mentation. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, 15769-15778.

Yan, W.; Tan, R. T.; et al. 2021. Self-aligned video derain-
ing with transmission-depth consistency. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 11966-11976.

Yan, W.; et al. 2020. Nighttime defogging using high-low
frequency decomposition and grayscale-color networks. In
European Conference on Computer Vision, 473—488.

Yang, M.; Liu, J.; et al. 2018. Superpixel-based single night-
time image haze removal. IEEE transactions on multimedia,
20(11): 3008-3018.

Zhang, D.; Ouyang, J.; et al. 2023. FF-Former: Swin Fourier
Transformer for Nighttime Flare Removal. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition, 2824-2832.

Zhang, J.; Cao, Y.; et al. 2017. Fast haze removal for night-
time image using maximum reflectance prior. In Proceed-
ings of IEEE/CVF conference on computer vision and pat-
tern recognition, 7418-7426.

Zhang, X.; Ng, R.; et al. 2018. Single image reflection sepa-
ration with perceptual losses. In IEEE Conference on Com-
puter Vision and Pattern Recognition, 4786—4794.

Zhou, Y.; Liang, D.; et al. 2023. Improving lens flare
removal with general-purpose pipeline and multiple light
sources recovery. In Proceedings of the IEEE/CVF inter-
national conference on computer vision, 12969—12979.

3472



