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Abstract

Lens flare is a common nighttime artifact caused by strong
light sources scattering within camera lenses, leading to hazy
streaks, halos, and glare that degrade visual quality. However,
existing methods usually fail to effectively address nonuni-
form scattered flares, which severely reduces their applica-
bility to complex real-world scenarios with diverse lighting
conditions. To address this issue, we propose SLCFormer, a
novel spectral-local context transformer framework for effec-
tive nighttime lens flare removal. SLCFormer integrates two
key modules: the Frequency Fourier and Excitation Module
(FFEM), which captures efficient global contextual represen-
tations in the frequency domain to model flare characteristics,
and the Directionally-Enhanced Spatial Module (DESM) for
local structural enhancement and directional features in the
spatial domain for precise flare removal. Furthermore, we in-
troduce a ZernikeVAE-based scatter flare generation pipeline
to synthesize physically realistic scatter flares with spatially
varying PSFs, bridging optical physics and data-driven train-
ing. Extensive experiments on the Flare7K++ dataset demon-
strate that our method achieves state-of-the-art performance,
outperforming existing approaches in both quantitative met-
rics and perceptual visual quality, and generalizing robustly
to real nighttime scenes with complex flare artifacts.

Introduction
Lens flare is a common optical phenomenon that is gen-
erated primarily from strong light entering a camera lens
and scattering through several internal components such as
lens surfaces, coatings, or iris mechanisms (Ernst, Akenine-
Möller, and Jensen 2005; Hullin et al. 2011). These artifacts
are especially prominent at night, where bright light sources
like streetlights or headlights contrast sharply with dark
backgrounds, severely degrading image quality and hinder-
ing downstream vision tasks (Shao et al. 2025; Li et al. 2025)
such as object detection (Girshick et al. 2014), autonomous
driving (Bojarski et al. 2016) and depth estimation.

To address the lens flare problem, researchers have used
traditional hardware and software solutions. Hardware de-
signs modify optical systems (lens coatings or aperture ad-
justments) to suppress flare (Raut et al. 2011), but they
are costly and inflexible. Software-based techniques rely on
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Figure 1: The comparison of scattering flare. We improve on
the original dataset by embedding optical aberrations in the
PSF for spatially varying scattering flares, as visualized in
the intensity distribution heatmap.

brightness thresholding (Vitoria and Ballester 2019), edge
cues (Xie and Tu 2015), or image decomposition, yet they
only handle simple flare patterns and struggle with diverse
real-world distributions.

With the rise of deep learning in computer vision
(Vaswani et al. 2017; Zamir et al. 2022), flare removal tech-
niques have been driven from experiential rules to end-to-
end learning frameworks. An important benchmark in this
transition is the work of (Wu et al. 2021) who debuted the
first large-scale synthetic dataset for lens flare removal, en-
abling supervised learning across diverse flare types and
lighting conditions. They used a semi-synthetic approach
to synthesize flare images with clean scenes, which greatly
improved the feasibility of deep learning-based methods
for flare removal. Building on this foundation, the Flare7K
(Dai et al. 2022) and enhanced Flare7K++ (Dai et al. 2023)
datasets incorporate more different flare categories (includ-
ing glare, light sources, and reflection artifacts), enriching
the diversity and realism of the training data.

Recent methods have explored increasingly sophisticated
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architectures to address the multifaceted nature of flare ar-
tifacts. Despite some progress in recent years, most exist-
ing flare removal models still face significant problems in
representational and practical applicability. Many methods
treat flare removal as a traditional image restoration problem
without explicitly distinguishing flare artifacts from scene
content. Additionally, many networks use attention-based
modules (Liu et al. 2021), which are computationally ex-
pensive, though they are powerful. Some recent attempts
have employed multi-branch designs to preserve better de-
tail, but the cost of architecture and training instability in-
creased. These challenges highlight the need for more effi-
cient flare removal frameworks that are adaptable to a wide
range of flare types while preserving image fidelity and re-
maining computationally tractable.

To solve this problem, we first construct a ZernikeVAE-
based scatter flare generation pipeline for enhancing the
complexity of the dataset with the realism of synthetic flares
(shown in Fig. 1). The method generates the diffracted flare
patterns by modeling the spatially varying point spread func-
tion (PSF) to break the limitation of the simple superposi-
tion of traditional synthetic flare. Unlike previous works that
assume radially symmetric or uniform flare distributions,
this is the first to capture non-uniform flares lacking central
symmetry in both intensity and direction. On this basis, we
propose SLCFormer, a hybrid frequency-space transformer
for nighttime flare removal. It integrates two core modules:
FFEM, which leverages Fourier transform and channel at-
tention to efficiently capture global frequency features of
flare, and DESM, which enhances local structural and di-
rectional modeling via directionally-aware convolutions. In
summary, our contributions are as follows:

• A ZernikeVAE-based scatter flare generation pipeline
that synthesizes more realistic and complex scatter flares
by modeling physically spatially varying PSFs.

• We design SLCFormer, a novel spectral-local con-
text transformer architecture that integrates frequency-
domain global context modeling with spatial-domain di-
rectional feature enhancement for effective flare removal.

• Our method achieves superior performance compared to
most existing models on both synthetic and real-world
datasets.

Related Work
Datasets for Flare Removal
Earlier studies tended to use synthetic datasets, which limit
the generalizability of the models. (Wu et al. 2021) proposed
a semi-synthetic dataset, but the diversity and realism of the
captured flares were limited because they were acquired un-
der the same conditions. To address this, the Flare7K (Dai
et al. 2022) dataset introduced a more complex flare pat-
tern using optical flares that simulate real-world scattering
and reflective flares. Dai’s follow-up result, Flare7K++ (Dai
et al. 2023), integrated real flares from contaminated lenses
and enhanced the dataset’s ability to model both scattered
and reflected flares, resulting in better training for flare re-
moval.
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Figure 2: The ZernikeVAE-based flare synthesis pipeline.
The simulator generates physically realistic flare images by
modeling multi-dimensional PSFs with Zernike polynomi-
als and Fourier optics.

Other datasets have explored different aspects of the prob-
lem (Jin et al. 2023; Qu et al. 2024; He et al. 2025). (Qiao,
Hancke, and Lau 2021) collected unpaired flare-damaged
images and pairs of flare-free images, which enabled an un-
paired learning strategy but made it difficult to train pixel-
level models. (Deng et al. 2024) proposed the WiderFlare
dataset, a real-world dataset customized for flare removal
benchmarking in a blind environment, which contains flare
severity annotations for each image. However, many exist-
ing datasets rely only on gamma-corrected images, ignoring
non-linear FSP operations, all of which significantly affect
the perceived shape and visibility of flares.

Model for Flare Removal
On the basis of these datasets, various models have been
proposed to solve the flare removal problem. Early stud-
ies focused on removing masking flares (Debevec et al.
2004; Seibert, Nalcioglu, and Roeck 1985). These meth-
ods, which usually rely on physical priors and deconvolu-
tion techniques, work well for smooth artifacts but fail for
complex flare patterns.

The advent of deep learning has led to a new wave of
methods (Krizhevsky, Sutskever, and Hinton 2012). (Wu
et al. 2021) used their semi-synthetic dataset to train the net-
work with U-Net (Ronneberger, Fischer, and Brox 2015) as
the backbone. However, its reliance on traditional thresh-
olding makes the model susceptible to unsaturated light
sources. For dazzle diversity and model generalization, the
latest methods propose end-to-end frameworks. These meth-
ods achieve better light source protection and flare suppres-
sion (Dai et al. 2023).

Recent methods integrate stronger architectural priors and
perceptual constraints (Qiao, Hancke, and Lau 2021; Matta
et al. 2024; Zhang et al. 2025; Zhou et al. 2025; Wu et al.
2024b). For example, LPFSformer (Chen et al. 2024) in-
troduced a location prior to guide learning, improving posi-
tional dependency modeling. FF-Former (Zhang et al. 2023)
combined Swin Transformer and Fourier processing for bet-
ter global and high-frequency flare removal. MFDNet (Jiang
et al. 2024) reduced computational cost by multi-band pro-
cessing instead of direct image correction, while Sparse-
UFormer (Wu et al. 2024a) used a sparse transformer to cap-

13989



In
p

u
tp

ro
je

ct
io

n

O
u

tp
u

tp
ro

je
ct

io
n

G
LT

B

D
o

w
n

 S
am

p
le

G
LT

B

D
o

w
n

 S
am

p
le

G
LT

B

D
o

w
n

 S
am

p
le

G
LT

B

D
o

w
n

 S
am

p
le

U
p

 S
am

p
le

G
LT

B

U
p

 S
am

p
le

G
LT

B

U
p

 S
am

p
le

G
LT

B

U
p

 S
am

p
le

G
LT

B

Output

C2
2

W

2

H
 C8

8

W

8

H
C4

4

W

4

H
 C16

16

W

16

H
 C8

8

W

8

H
 C4

4

W

4

H
 C2

2

W

2

H


CWH 

Element-wise

Addition

Element-wise 

Multiplicaiton

PWConv
Point-wise 

Convolution

DWConv
Depth-wise 

Convolution

AvgPool
Average

Pooling

2 2

Input

Concatenation

(a) Frequency Fourier and Excitation Module (b) Directionally-Enhanced Spatial Module 

LEM

La
ye

r 
N

o
rm

al
iz

at
io

n

La
ye

r 
N

o
rm

al
iz

at
io

n

Li
n

e
ar

R
eS

h
ap

e

D
W

C
o

n
v

Si
m

p
le

G
at

e
R

eL
u

SC
A

D
ila

ti
o

n
 

C
o

n
v

C
o

n
v R
eS

h
ap

e

Li
n

e
ar

Global-Local Transformer Block(GLTB)

G
lo

b
al

-L
o

ca
l 

Tr
an

sf
o

rm
er

 
B

lo
ck

2D FFT

BatchNorm

PWConv

2D IFFT

PWConv

Frequency Context 

Module(FCM)

GELU

SEBlock

ReLu

2

2 2 2

2

2 2 2

2

CWH 

Figure 3: Overview of the proposed network architecture. The network adopts a U-shaped encoder-decoder structure, where
each stage consists of Global-Local Transformer Blocks (GLTBs). (a) The detailed architecture of Frequency Fourier and Ex-
citation Module FFEM, which integrates frequency representations with channel-wise excitation for efficient global modeling.
(b) Directionally-Enhanced Spatial Module (DESM) enhances the feed-forward network by integrating directional and spatial
structural information through convolutional design.

ture multi-scale features and focus on flare-relevant regions.
However, there are still difficulties in generating more real-
istic data and handling complex flares, and we improve the
synthesis method and design a stronger network module to
enhance the flare removal effect.

Dataset
Atmospheric Turbulence Modeling
Atmospheric turbulence modeling is fundamental for sim-
ulating realistic optical distortions in computer vision and
computational photography. Specifically, the turbulence-
induced phase distortion ϕ(x, y) is modeled as a stochastic
process with spatial frequency characteristics described by
the refractive index structure constant C2

n, leading to ran-
dom perturbations in the optical wavefront.

Recent simulation frameworks adopt Zernike polynomial
decomposition (Mao, Chimitt, and Chan 2021; Chimitt et al.
2022) to efficiently approximate these distortions. The re-
sulting point spread function (PSF) is then computed by tak-
ing the squared magnitude of the Fourier transform of the
complex exponential of the phase. This approach effectively
captures diffraction and spatially varying blur characteristics
without requiring expensive full-wave simulations.

ZernikeVAE-Based Scatter Flare Generation
Although the Scattering flare in Flare7K dataset enables ef-
ficient flare synthesis for supervised training, it lacks phys-
ical realism because real-world flares often exhibit spatially
varying distortions caused by lens aberrations, diffraction,
and micro-scale scattering effects. Consequently, conven-
tional synthetic flares tend to appear overly sharp, lacking

the natural smoothness gradients and localized blur com-
plexity of real nighttime scatter flares.

A widely used point spread function (PSF) h(x) for flare
synthesis pipeline is defined with the pupil function at output
plane of aperture:

h(x) = |F {P (x)} |2 (1)
P (x) = A(x) exp(jϕ(x)) (2)

where F denotes the Fourier transform, and A(x) is the
aperture function. Since PSFs adopted in Flare 7K cite is
mainly used for stimulation of single light resources without
interactions, the four types of aperture function A(x) are
approximated with PSFs as the sum of their Fourier trans-
formations, which is observed with four separate symmetry
PSF patterns. This assumption is not always held, since flare
lies between two light sources is affected and exaggerated
with both light sources with possible local glow blurring. To
better describe this interacted flare phenomena, we revisit
the locally flare degradation image I from flare-free input
Iclear with a set of spatially varying PSFs:

I (xi) =
N∑
j=1

hxi
(uj) Iclear (uj) , i = 1, . . . , N. (3)

hx(u) =
∣∣∣F (

A(x)e−j2πϕx(ρ)
)∣∣∣2 (4)

Here, the phase function ϕx(ρ) is defined per pixel at each
coordinate x. The variable ρ ∈ R2 is the phase coordinate
in the Fourier space.

ϕx(ρ) =
N∑
i=1

aiZi(ρ) (5)
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where ai denotes the number of PSF basis. Zi(ρ) are the or-
thogonal Zernike polynomials representing various aberra-
tion modes, including tilt, defocus, astigmatism, coma, and
higher-order distortions. To simplify the equation (5) in nu-
merical formation, the PSFs in a spatial decomposition are
introduced in cite:

hx(u) =
N∑
i=1

βiφi(u) (6)

where φi spatial basis functions for the PSFs with locally
pixel-based coefficients βi. This equation enables the local
blurring and uneven flare described in the degraded images.

Unlike traditional scalar PSF models, our simulator con-
structs a multi-dimensional representation, embedding each
sampled PSF into a high-dimensional learned kernel space
using precomputed basis dictionaries derived from empiri-
cal optical data.

After simulation, our pipeline adopts an encoder-decoder
architecture to refine the generated flare. The encoder pro-
cesses the concatenated Zernike coefficients and kernel size
map to estimate the latent distribution’s mean µ and log-
variance log σ2. A latent code z is then sampled via the
reparameterization trick to model stochastic optical distor-
tions. The decoder reconstructs the final ZernikeVAE flare,
improving SLCFormer’s generalization for nighttime flare
removal.

Flare Removal Framework

Overall Architecture

As shown in Fig. 3, our proposed network follows a hierar-
chical U-shaped encoder-decoder architecture, designed to
effectively remove lens flare while preserving structural in-
tegrity. Given a corrupted-flare image Iflare ∈ RH×W×3, our
goal is to reconstruct a clean image Ideflare ∈ RH×W×3. To
achieve this, we first apply a convolutional feature extractor
to obtain an initial feature representation Fs ∈ RH×W×C ,
which is fed into the encoder path for hierarchical process-
ing.

Each stage of the encoder and decoder is composed of
a Global-Local Transformer Block (GLTB), which inte-
grates two key modules: the Frequency Fourier and Excita-
tion Module (FFEM) and the Directionally-Enhanced Spa-
tial Module (DESM). Specifically, FFEM is designed to en-
hance global context modeling by leveraging spatial and
frequency representations. In contrast, DESM complements
this by focusing on local structural enhancement and spa-
tially adaptive attention.

To preserve multiscale information and ensure spatial
consistency, we adopt pixel unshuffle and pixel shuffle for
downsampling and upsampling. Moreover, long-range skip
connections are employed to bridge corresponding encoder
and decoder stages.

Finally, the decoder reconstructs the output, and a residual
connection between the input and output is applied before
the final sigmoid activation to produce the deflared image.

Frequency Fourier and Excitation Module(FFEM)
FFEM is designed to efficiently capture global contextual
representations through frequency-domain analysis, com-
plemented by local enhancement to preserve structural pre-
cision. The proposed module comprises three core compo-
nents: a Local Enhancement Module (LEM), a Frequency
Context Module (FCM), and a Squeeze-and-Excitation (SE)
Block, which the architecture is shown in Fig. 3(a).

We first apply a point-wise convolution to the input fea-
ture X ∈ RH×W×C , generating an intermediate represen-
tation F, which is then split into two parts along the channel
dimension:

Flocal, Fglobal = Split(PWConv(X)) (7)

the two branches are then processed separately: Flocal is fed
into LEM to extract spatially localized features, while Fglobal
is passed to FCM to capture long-range dependencies in the
frequency domain. The processed features are then concate-
nated and passed through a GELU activation and another
pointwise convolution to fuse them:

X = PWConv
(

GELU
(
LEM(Flocal)∥FCM(Fglobal)

))
(8)

finally, the features X are further refined by a Squeeze-and-
Excitation (SE) Block, resulting in the final output. Next,
we elaborate on the internal structure and functionality of
the three core components: FCM, LEM and the SEBlock.

Frequency Context Module (FCM). The Fourier Trans-
form provides an efficient way to capture global struc-
tures by converting spatial features into frequency compo-
nents. The Fast Fourier Transform (FFT) enables holistic
frequency-domain analysis with significantly lower com-
putational cost (O(N logN)) than spatial-domain methods
such as multi-head self-attention (MSA)(O(N2)). MSA suf-
fers from redundant computations in modeling global re-
lationships. In contrast, FFT compactly represents global
structures through orthogonal frequency bases, avoiding re-
dundancy while maintaining scalability. Thus, we adopt FFT
as an efficient substitute for MSA.

The FCM first performs the 2D Fast Fourier Transform to
project the input X ∈ RH×W×C into the frequency domain.
After frequency transformation, the real and imaginary parts
are concatenated along the channel dimension and processed
by two lightweight 1×1 convolutions and a non-linear acti-
vation. The final frequency representation is then projected
back to the spatial domain using the inverse FFT. The entire
transformation process can be summarized as follows:

F = F(X) (9)
F = Conv1×1(F ) + F (10)
F = GELU(Conv1×1(F )) (11)

X = X + F−1
(
BN(ReLU(F ))

)
(12)

where F(·) and F−1(·) denote a fast Fourier trans-
form (FFT) and an inverse transform (IFFT), respectively;
Conv1×1(·) denotes a 1×1 convolution operation in the fre-
quency domain; GELU and ReLU are nonlinear activation
functions; and BN denotes a batch normalization operation.
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Figure 4: Visual comparison of flare removal on synthetic nighttime flare images.

In addition, the final output is added back to the original
input through residual concatenation X to enhance global
modeling while preserving structure information.

Local Enhancement Module (LEM). While FFT excels
at capturing long-range dependencies, its global receptive
field tends to overlook certain local details. To address this
limitation, we introduce LEM to compensate for local fea-
ture extraction. LEM operates on the input feature Flocal ∈
RB×C×H×W , and first splits it equally into two parts: F1 ∈
RB×C

2 ×H×W and F2 ∈ RB×C
2 ×H×W . The first half is

passed through a spatially independent token-wise MLP. F2

is processed using a dilated convolution to capture spatial
dependencies. The two features are then concatenated along
the channel axis to form the locally enhanced output.

Squeeze-and-Excitation (SE) Block. To improve net-
work representation, we integrate a Squeeze-and-Excitation
(SE) (Hu, Shen, and Sun 2018) block after the module.

Given an input feature F ∈ RB×H×W×C , the SE block
first applies a global average pooling to generate a chan-
nel descriptor. This descriptor passes through two fully con-
nected layers with ReLU and sigmoid activations, obtaining
channel weights S ∈ RB×C , which are then multiplied F to
produce the refined output. The entire process can be sum-
marized as follows:

F = F ⊙ σ(w2(δ(w1(AvgPool(F ))))) (13)

here, δ and σ are ReLU and sigmoid, and ⊙ denotes channel-
wise multiplication.

Directionally-Enhanced Spatial Module (DESM)
Traditional FFNs often lack the ability to capture spatial
structure and directional cues, which are essential for ac-
curately restoring flare-degraded regions. DESM aims to in-
troduce spatially-aware interactions within the FFN by in-

jecting directional and local structural information through
convolutional design.

As shown in Fig. 3(b), input tokens are projected to
a higher-dimensional space and reshaped into 2D feature
maps, then split into two branches. One applies depth-wise
and dilated convolutions (Xdir) to encode spatial and direc-
tional features, while the other uses a SimpleGate with chan-
nel attention (Xgate) to enhance structural representations.
The outputs are concatenated and linearly projected:

X = Linear(Concat(Xdir, Xgate)) (14)

Loss Function
In order to efficiently supervise the flare removal, we employ
an integrated loss function with the following expression:

L = λ1L1 + λ2Lvgg + λ3Lrec + λ4Lhf (15)

where L1, Lvgg, Lrec denote the standard L1 loss, the per-
ceptual loss (Simonyan and Zisserman 2014), and the re-
construction loss (Dai et al. 2023), respectively.

To enhance the recovery of high-frequency details, we
further introduce a high-frequency loss Lhf combining
Laplacian and Sobel gradients to capture fine flare struc-
tures:

Lhf =
1
2∥∇lap(Î)−∇lap(I)∥+ 1

2∥∇sob(Î)−∇sob(I)∥ (16)

where Î and I are the predicted and ground-truth images,
and ∇lap,∇sob denote Laplacian and Sobel operators. The
weighting coefficients, λ1, λ2, λ3, λ4 are empirically set to
0.5, 0.5, 1.0, and 1.0, respectively.

Experiments
Datasets
To train our flare removal model, we construct a supervised
training set based on the Flare7K++ dataset (Dai et al. 2023),
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Figure 5: Visual comparison of flare removal on real-world nighttime flare images.

Input Flare7Kpp W/O DESM W/O FFEM SLCFormer

Figure 6: Ablation studies on the proposed method.

Input W/H hl

W/O hl

Input W/H hl

W/O hl

Figure 7: Ablation studies on the proposed loss function.

excluding 5,000 scattering flares from Flare7K and 964 from
Flare-R. Background images are sampled from Flickr-24K
(Zhang, Ng, and Chen 2018). To ensure that the network
learns to restore both the underlying scene and the light
source, we use the light source.

To enhance realism and diversity, we apply a series of
photometric and geometric augmentations to flare and back-
ground images during synthesis. These operations improve
the robustness of the model by simulating a wide range
of flare appearances. Detailed augmentation parameters are
provided in the supplementary material.

Implementation Details
We implement our model using the PyTorch framework and
train it on an NVIDIA RTX 3090 GPU. During training,
both flare-corrupted and flare-free input images are cropped
to a fixed resolution of 512×512. We use a batch size of 2
and adopt the Adam optimizer with β1 = 0.9, β2 = 0.99.
The initial learning rate is set to 1e-4 and is scheduled us-
ing a MultiStepLR strategy, with the learning rate reduced
by a factor of 0.5 after 200K iterations. The total number of
training iterations is 400K.

Evaluation Metrics
To comprehensively evaluate the performance of our model,
we adopt several restoration metrics, including PSNR,
SSIM(Wang et al. 2004), and LPIPS(Zhang et al. 2018). In
addition, we incorporate two specialized metrics proposed
by (Dai et al. 2023), namely S-PSNR and G-PSNR, which
are designed to assess the effectiveness of flare removal in
localized streak and glare regions, respectively.

Comparison with Previous Methods
To validate the advantages of our proposed SLCFormer, we
conduct both qualitative and quantitative evaluations against
a range of flare removal and image restoration methods on
both the Flare7K real and synthetic test dataset, including
U-Net (Ronneberger, Fischer, and Brox 2015), HINet (Chen
et al. 2021), Restormer (Zamir et al. 2022), Uformer (Wang
et al. 2022), etc.

Qualitative Evaluation. We compare visual results on
both real-world nighttime flare and synthetic flare removal
in Fig. 4 and Fig. 5. The recovered images produced by
SLCFormer exhibit noticeably cleaner flare removal. More-
over, SLCFormer trained with VAE-augmented scatter flares
produces more realistic outputs.
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Test Real Images Synthetic Images
Metrics PSNR↑ SSIM↑ LPIPS↓ G-PSNR↑ S-PSNR↑ PSNR↑ SSIM↑ LPIPS↓ G-PSNR↑ S-PSNR↑

Wu (Wu et al. 2021) 24.613 0.871 0.0598 21.772 16.728 28.260 0.954 0.0331 24.757 21.108
Zhou (Zhou et al. 2023) 25.149 0.883 0.0576 22.053 17.865 28.779 0.939 0.0286 23.779 22.237

U-Net (Ronneberger et al. 2015) 27.189 0.894 0.0452 23.527 22.647 29.389 0.933 0.0276 24.271 23.338
HINet (Chen et al. 2021) 27.548 0.892 0.0464 24.081 22.907 29.462 0.938 0.0248 24.454 23.534

Restormer* (Zamir et al. 2022) 27.597 0.897 0.0447 23.828 22.452 29.489 0.958 0.0244 24.654 23.078

Flare7K (Dai et al. 2022) 26.978 0.890 0.0466 23.507 21.563 - - - - -
Flare7Kpp (Dai et al. 2023) 27.633 0.894 0.0428 23.949 22.603 29.498 0.962 0.0210 24.685 24.155

Flare-Free (Kotp and Torki 2024) 27.662 0.897 0.0422 23.987 22.847 29.573 0.961 0.0205 24.879 24.458
SGSFT (Ma et al. 2025) 28.077 0.904 0.0416 24.477 23.305 29.576 0.966 0.0200 24.745 24.914

SLCFormer (ours) 28.092 0.905 0.0400 24.497 23.287 29.798 0.968 0.0195 24.792 24.578

Table 1: Quantitative comparison on both the real and synthetic tests from Flare7K++. Bold values indicate the best performance
among all methods, while underlined values indicate the second-best and italicised values indicate the third-best. Models marked
with ”*” have reduced parameters due to GPU memory limitations. Note that since all models are trained on Flare7K++, and
the architecture of Flare7K is exactly the same as Uformer but trained on Flare7K instead of Flare7K++, the results of Flare7K
on the synthetic test set are omitted.

Method PSNR↑ SSIM↑ LPIPS↓ G-PSNR↑ S-PSNR↑
W/O Both 27.633 0.894 0.0428 23.949 22.603
W/O FFEM 27.888 0.902 0.0408 24.473 23.137
W/O DESM 27.804 0.899 0.0430 24.372 22.926
Full Model 28.092 0.905 0.0400 24.497 23.287

Table 2: Ablation studies on the proposed method.

Method PSNR↑ SSIM↑ LPIPS↓ G-PSNR↑ S-PSNR↑
W/O Lhf 27.824 0.898 0.0431 24.302 22.986
W/H Lhf 28.092 0.905 0.0400 24.497 23.287

Table 3: Ablation study on the proposed loss function.

Quantitative Evaluation. Table 1 summarizes the full-
reference metrics on the Flare7K real and synthetic tests.
SLCFormer achieves a PSNR of 28.092 dB in the real test
images. In SSIM, our model reaches 0.905. For percep-
tual fidelity, SLCFormer attains the lowest LPIPS score of
0.0400, indicating closer alignment with ground-truth per-
ceptual quality.

Ablation Study
Network Structure. We further illustrate qualitative com-
parisons in Figure 6. In the first group of images, results
produced by the full model appear cleaner and less hazy,
while other configurations show varying degrees of turbid-
ity. Although w/o FFEM generates relatively clearer results
compared to other ablated models, it still fails to match the
clarity of the full model. Additionally, the shimmer in the
scene is effectively removed only by the full model and w/o
DESM, whereas other models fail to eliminate it.

Additionally, only the full model preserves the light

source region completely intact in the second group. Other
models remove parts of the light source, leading to unnatu-
ral results. These results demonstrate that both modules are
essential for flare removal.

Loss Function. We further evaluate the impact of the
proposed high-frequency loss by conducting ablation ex-
periments. As shown in Table 3, incorporating the high-
frequency loss leads to consistent improvements across all
evaluation metrics. Qualitative results in Figure 7 show that
incorporating the high-frequency loss yields sharper details
and clearer structures, with shimmer flares more effectively
suppressed and overall flare intensity visibly reduced.

Conclusion

In this paper, we propose a ZernikeVAE-based scatter flare
generation pipeline that synthesizes physically realistic flare
patterns by modeling spatially varying point spread func-
tions (PSFs) with interpretable Zernike polynomials. This
approach enriches the diversity and complexity of flare dis-
tributions, thereby improving data realism and enhancing
the generalization capability of learning-based flare removal
models. Based on this, we introduced SLCFormer, integrat-
ing the Frequency Fourier and Excitation Module (FFEM)
and Directionally-Enhanced Spatial Module (DESM) to
jointly model global frequency context and local structural
features for effective nighttime flare removal. Experiments
demonstrate that our model outperforms most current meth-
ods, though it introduces additional computational overhead
and the ZernikeVAE-based synthesis may not fully capture
real flare complexity. Future work will explore lightweight
architectures and more realistic flare synthesis to extend ap-
plicability to broader optical degradation restoration tasks.
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