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Abstract

Purple flare, a diffuse chromatic aberration artifact commonly
found around highlight areas, severely degrades the tone tran-
sition and color of the image. Existing traditional methods
are based on hand-crafted features, which lack flexibility and
rely entirely on fixed priors, while the scarcity of paired
training data critically hampers deep learning. To address
this issue, we propose a novel network built upon decoupled
HSV Look-Up Tables (LUTs). The method aims to simplify
color correction by adjusting the Hue (H), Saturation (S), and
Value (V) components independently. This approach resolves
the inherent color coupling problems in traditional methods.
Our model adopts a two-stage architecture: First, a Chroma-
Aware Spectral Tokenizer (CAST) converts the input image
from RGB space to HSV space and independently encodes
the Hue (H) and Value (V) channels into a set of semantic
tokens describing the Purple flare status; second, the HSV-
LUT module takes these tokens as input and dynamically
generates independent correction curves (1D-LUTs) for the
three channels H, S, and V. To effectively train and validate
our model, we built the first large-scale purple flare dataset
with diverse scenes. We also proposed new metrics and a loss
function specifically designed for this task. Extensive experi-
ments demonstrate that our model not only significantly out-
performs existing methods in visual effects but also achieves
state-of-the-art performance on all quantitative metrics.

Extended version — https://arxiv.org/abs/2511.06764

Introduction

In complex lighting, images are affected by color arti-
facts (Abbasi et al. 2024), with purple flare being one of the
most common. Unlike general image degradations, purple
flare presents a unique challenge due to its diffuse nature,
color specificity, and strong spatial correlation with high-
lights, impacting image color fidelity (Min et al. 2025; Chen
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Decouple the
flare characteristic

Figure 1: Color space analysis and CAST-guided correction
comparison. (a) RGB vs. HSV: HSV decouples purple flare
characteristics more clearly. (b) CAST-guided effect: The
CAST module significantly improves performance.

et al. 2024). This issue is prominent in mobile photogra-
phy, consumer-grade cameras, and low-cost optical systems,
caused by factors such as internal lens reflections, sensor sat-
uration, and chromatic dispersion (Spencer et al. 1995).
Recently, image enhancement techniques have made sig-
nificant progress in areas such as deraining (Liu et al. 2025),
dehazing (Sabitha and Eluri 2024; Agrawal et al. 2024), and
color restoration (Chen et al. 2021; Liang et al. 2021). How-
ever, the purple flare has not been systematically studied yet.
Early attempts relied on traditional methods utilizing decou-
pled color spaces like HSV or Lab (Lee, Kim, and Park
2011; Kim and Park 2010; Ware et al. 2018). These meth-
ods are constrained by their reliance on hand-crafted, fixed
thresholds, which causes them to lack flexibility and gener-



alization capability in complex scenes, limiting their prac-
tical application. To address it, researchers have turned to
deep learning. Wu et al. (2021) pioneered the application
of end-to-end CNNs to general flare removal by construct-
ing a large-scale semi-synthetic dataset. To further bridge
the domain gap between synthetic data and real-world flares,
Deng et al. (2024) proposed a knowledge-driven hybrid ap-
proach that utilizes a flare-level estimator as prior knowl-
edge to guide the restoration network. While these meth-
ods represent the SOTA, they are essentially pixel-to-pixel
restoration networks operating in the coupled RGB color
space, lacking precise control over color decoupling for spe-
cific chromatic artifacts. Among them, driven by the need
for efficiency, LUT-based methods have emerged as a promi-
nent choice for lightweight architectures. However, existing
LUT methods rely on the RGB space and are not sensitive
to capturing the purple flare of local region transformation
(see Fig. 1(a)). We observed that the HSV space can amplify
the characteristic of local purple flare. Still, the non-linear
transformation from RGB to HSV can amplify local color
space noise, creating new artifacts in the final result (Gevers
et al. 2012). To leverage the benefits of the decoupled HSV
color space without incurring the instability of traditional
conversion, we propose CAST-LUT. This method employs a
Chroma-Aware Spectral Tokenizer (CAST) to generate sta-
ble, high-level semantic representations of the purple flare.
Fig. 1(b) illustrates the critical guiding role of the CAST
module. These semantic tokens then guide the generation of
independent 1D-LUTs for the H, S, and V channels.

Additionally, we constructed the Purple Flare Synthesis
Dataset (PFSD), comprising 4,987 training pairs, 608 vali-
dation pairs, and 618 testing pairs. To simulate optical lens
characteristics, we identify highlight regions at object con-
tour edges as candidates, apply a Gaussian blur, and fuse
purple flare into raw images. This is the first large-scale
paired image collection for this task. Due to the localized
nature of purple flare, averaging errors across the entire im-
age can mask residual artifacts in small regions, making tra-
ditional global metrics ineffective for accurate evaluation.
We therefore introduce new metrics: using a purple flare
mask, we separate flare-region PSNR (PSNR-F) and non-
flare-region PSNR (PSNR-NF) to assess flare restoration
and clean-region fidelity, respectively. For color correction,
we propose Hue Alignment Error (HAE), which quantifies
hue differences in flare regions to evaluate color recovery.

* We propose CAST-LUT, which avoids traditional RGB-
to-HSV noise amplification. Its CAST diagnoses purple
flare into semantic tokens that guide an adaptive 1D-LUT
for precise correction of each HSV channel.

To address the data scarcity for the purple flare removal
task, we construct a large-scale, high-quality purple flare
dataset containing diverse scenes and devices, providing
a fair benchmark for training and evaluation.

We introduce a new loss function and metrics for accu-
rate evaluation. PSNR-F/NF assesses flare removal and
detail preservation, respectively, while our proposed Hue
Alignment Error (HAE) metric measures color fidelity.
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Related Work

Chromatic Aberration and Flare Removal. Traditional
methods note limitations in processing purple flare directly
in sRGB space, as intense luminance variations interfere
with color assessment. Researchers have explored other
color spaces (Malik and Karthik 2018). Chung et al. (2009)
identified chromatic fringes by comparing R, G, B channel
intensities but faced false positives due to ambiguous pur-
ple definitions. To better separate chrominance from lumi-
nance, subsequent works shifted to other color spaces. Kim
et al. (2010) used CIExy for luminance normalization, while
Ju et al. leveraged YCbCr’s chrominance channels (Cb-
Cr) to analyze color deviations independently (Ju and Park
2013). However, a common bottleneck is their reliance on
static, experimentally determined absolute thresholds to fil-
ter high-contrast or near-saturated areas. Given varied purple
flare characteristics across cameras and scenes, fixed thresh-
olds lack universality and robustness. Considering degraded
image representation reconstruction ability, we propose us-
ing a word segmenter to aid in detail reconstruction.
Discrete Semantic Representation with Vector Quanti-
zation. Vector Quantization (VQ) is widely used to gener-
ate semantic tokens, a key component of modern perceptual
systems. Its core principle maps high-dimensional feature
vectors to a finite set of learned codebook embeddings. This
technique gained prominence with VQ-VAE (Van Den Oord,
Vinyals et al. 2017), which established a discrete latent space
in an autoencoder architecture and integrated a discrete la-
tent bottleneck into such frameworks. A discrete latent space
offers significant advantages: it enables learning rich, se-
mantically meaningful representations, where each code-
book entry captures distinct perceptual patterns analogous to
vocabulary words (Schwettmann et al. 2021). Additionally,
discretization improves generative model stability and effi-
ciency by mitigating issues like posterior collapse, a chal-
lenge in traditional VAEs (Xue, Ding, and Lu 2019). The
discretization of visual data into tokens has enabled pow-
erful architectures like Transformers (Han et al. 2022) and
inspired token or prompt-guided approaches for other vision
tasks, such as few-shot learning (Li et al. 2024, 2025).
LUT-based Color Image Enhancement. Recently, the
LUT paradigm has shown significant potential across im-
age restoration tasks, evolving into complex task-specific
architectures. For color image denoising, where high color
fidelity is critical, early LUT methods were limited by inde-
pendent color channel processing. Therefore, DnLUT (Yang
et al. 2025) introduced a Pairwise Channel Mixer, which
explicitly models inter-channel correlations by process-
ing RGB channel pairs in parallel, boosting color denois-
ing performance. For complex mixed-degradation scenarios
(e.g., low-light enhancement), the LUT framework has ad-
vanced further. DPLUT (Lin et al. 2025) proposed a two-
stage approach, using a Light-Adjustment LUT and Noise-
Suppression LUT to decouple brightening and denoising
sub-tasks. However, despite SOTA performance in their do-
mains, these advanced LUT methods are not designed for
purple flare removal. Their model priors are inconsistent
with the unique characteristics and spatial distribution of
flare, and they are confined to operating in the RGB space.
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Figure 2: Overall architecture of the decoupled CAST-LUT network. The CAST module first extracts semantic tokens from the
input image’s H and V channels via an Encoder-VQ pipeline. These tokens then guide the dynamic generation and weighted
fusion of multiple, decoupled 1D-LUTs for the H, S, and V channels to obtain the final corrected image.

Methodology

Our proposed purple flare removal network, named De-
coupled HSV-LUT Network, adopts a novel two-stage
“perceive-then-correct” paradigm. An overview of our
framework is illustrated in Figure 2.

Chroma-Aware Spectral Tokenizer (CAST)

The CAST module acts as the framework’s perception en-
gine, tasked with diagnosing purple flare features by trans-
lating complex visual artifacts into discrete semantic tokens.

Recognizing that purple flare is characterized by ab-
normal hue in highlight regions, we adopt a targeted ap-
proach. The H channel (chromatic signature) and V chan-
nel (highlight spatial context) undergo 4x downsampling
via a shared-weight CNN encoder, which processes them in-
dependently to extract hierarchical feature maps Fy, Fy €
R8*256xH'xW’ The § channel undergoes no encoding pro-
cessing and remains in its original state to preserve the im-
age’s inherent color richness. The encoder extracts hierar-
chical feature maps for each channel:

Fu = Encoder(H), Fy = Encoder(V). ()

To bridge low-level visual features and high-level semantic
understanding, these continuous feature maps Fyg and Fy
are discretized into semantic tokens via a Vector Quantiza-
tion (VQ) module, where specific tokens learn to represent
recurring purple flare characteristics (e.g., “high-intensity
purple on edges”). Specifically, the VQ module maps each
feature vector to the nearest codebook entry, thereby effec-
tively categorizing visual patterns and generating discrete to-
ken indices and quantized representations:

Tu. Fapon = VQ(FH), Tv,Fy. =VQ(FEy). (2

quant
Next, a decoder network reconstructs the H and V channels
from the quantized features.

H= Decoder(Fg{ml)7 V = Decoder(FY,

quant

) (3

The original S channel is combined with H and V to form
a reconstructed HSV image, which is then converted back
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to RGB to obtain the initial reconstructed image IRSE . The

training of CAST is supervised by the reconstruction er-
ror between IRSB and IRCB, ensuring that quantized fea-
tures preserve key information from the input image. In the
color correction stage, we treat the token indices T'compined =
[Th, Tv] as high-level semantic representations of purple

flare characteristics and feed them into the LUT module.

HSV-LUT Color Correction

The color correction step of our method is executed by the
HSV-based decoupled 1D-LUT module. Guided by the se-
mantic tokens T¢ompbined generated by CAST, this module
performs color correction on the reconstructed image IRGE
while leveraging residual information from the original im-
age IRGB (o preserve high-frequency details.
Token-Guided LUT Generation. First, the semantic tokens
T combined are converted into a global feature vector fioyen
containing purple flare characteristics through embedding
and aggregation operations, which drives two parallel sub-
networks: the LUT generator and the weight generator.

fioken = Aggregate(Embed (T combined))- “)

(1) LUT Generator: This network processes fioxen, using an
MLP to generate and reshape parameters P for Ny, groups
of LUTs. Each group contains three independent 1D-LUTs
tailored to the H, S, and V channels, respectively. This de-
coupled design enables targeted adjustments for each color
attribute.

P= ReShape(MLP(ftoken))- )]

(2) Weight Generator. Parallel to the LUT generator, the
weight generator processes fioken using an MLP and normal-
izes via Softmax to predict dynamic fusion weights W &
RNL . These weights determine the contribution of the N,
LUT groups.

W = Softmax(MLP(fioken))- (6)

Decoupled HSV Correction via 1D-LUTs. First, the re-
constructed image IRSE generated by CAST is converted to
the HSV color space and decomposed into its three channels

[Him Sim Vin]~



Our correction process operates on each channel in-
dependently within the HSV color space. For each LUT
set @ 1,..., Ny, its corresponding three 1D-LUTs
(LUTn,;, LUTs ;, LUTy ;) are applied to the three input
channels [Hj,, Sin, Vin] respectively. These results are then
fused into the final corrected channels Cgp, via weighted
averaging with the predicted weight vector W. This process
can be described by the following equation:

N,
Chna = »_ Wi - ApplyLUT(C;y, LUT( ),
i=1

where C;, € {Hi,, Sin, Vin}. Finally, the final corrected
channels Cg,, are re-combined and converted back to the
RGB color space, yielding the LUT-corrected image IRGE.

Residual Branch and Final Fusion. To preserve details,
a residual branch processes the original input image IRGB
to extract complementary high-frequency features, denoted
as Liegigua- The color-corrected image from the main path,
IRGB ' is then concatenated with these residual features to
seamlessly integrate the information from both paths. A
global skip connection adds the original image IRY® to this

fused result, producing the final corrected image Loypu;-

N

Toupur = Fusion(Concat(Tf, Tesaua)) + 1.

®)

This architecture stabilizes training and focuses the network
on learning necessary corrections to the residual instead of
reconstructing the entire image from scratch. This approach
stabilizes training and allows the two branches to specialize:
the main branch focuses on complex color correction, while
the residual branch ensures high-fidelity detail preservation.

Loss Function
Our model is trained using a composite loss function L;4¢q1:

Liotal = M L1+ )\pﬁp + )\fﬁf + )\qﬁq, 9

where A1, Ay, A¢, A; balance contributions from pixel accu-
racy, perceptual similarity, artifact suppression, and repre-
sentation stability. £7.1 = ||Loupu — Ior||1 ensures pixel-
level fidelity, while £, = ||¢(Loupu) — ?(IgT)||1 uses VGG-
16 features (Simonyan and Zisserman 2014) to enhance per-
ceptual quality. Finally, £, = ||sg(F) — e||3 regularizes the
codebook by penalizing the distance between the encoder’s
output feature F', and its nearest codebook vector e, ensuring
stable token representations.

Purple Flare Suppression Loss £ ¢. We have introduced a
purple flare suppression loss specifically targeting the purple
flare. Standard L1 or L2 losses treat errors across all pixels
equally, failing to focus on addressing specific color artifacts
in targeted regions. To tackle this, we introduce a weighted
loss term that amplifies errors in purple flare regions through
a penalty mask M, as shown in Figure 3. This mask is ob-
tained by element-wise multiplication of two components:

M = Mgre © Medgea (10)

where ® denotes element-wise multiplication, Mg, is a
color feature map used to identify pixels in the image with
purple hue and high saturation, Mg is an edge map gen-
erated by edge detection operators. In this way, the loss is
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() Input Image (b) Edge Map  (c) Purple Weight Map (d) Penalty Mask

Figure 3: The generation process of the penalty mask M
used in our flare suppression loss L. The final mask (d) is
obtained by element-wise multiplication of the edge map (b)
and the purple weight map (c), which can precisely locate
flare artifacts and apply targeted loss.

significantly amplified only in regions that simultaneously
satisfy the two conditions of “purple color” and “being lo-
cated at edges”. The final suppression loss is defined as:

L:f == ||M ® (Ioulpul - IGT)||1~ (11)

Experiments
Experimental Settings

Datasets and Baselines. We conduct experiments on our
new Purple Flare Synthesis Dataset (PFSD), created by ap-
plying a parametric synthesis pipeline to high-resolution
frames from the DAVIS dataset. Our dataset consists of
4,987 pairs for training, 608 pairs for validation, and 618
pairs for testing. For a comprehensive evaluation, we com-
pare our method against state-of-the-art (SOTA) baselines
from three distinct categories: classical, LUT-based, and
scene-specific restoration methods.

Metrics. To comprehensively evaluate our method, we re-
port standard metrics: PSNR and SSIM for image fidelity,
LPIPS for perceptual quality, and AF in the CIELAB space
for color difference and efficiency measures: model pa-
rameters, FLOPs, and runtime. However, since global met-
rics fail to simultaneously evaluate targeted artifact removal
and the preservation of clean regions, we propose a more
fine-grained protocol. we introduce two specialized metrics:
Flare Region PSNR (PSNR-F) to measure removal effec-
tiveness and Non-Flare Region PSNR (PSNR-NF) to quan-
tify detail preservation in unaffected areas.

Furthermore, to specifically assess the accuracy of color
restoration, we propose the Hue Alignment Error (HAE).
This perceptually-driven metric calculates the saturation-
weighted circular hue difference within the flare region, re-
flecting that the human eye is more sensitive to hue errors in
vibrant colors.

Z:(x,y)erl,,Tﬁ AH(X’ Y) : SGT (X, y)
Z(X7Y)6Mfla're SGT (X’ y) + €

where AH is the circular hue difference. Together, PSNR-
F/NF and HAE provide a comprehensive framework for
evaluating this localized removal task.

HAE =

;o (12)



Global Quality Artifact Specific Efficiency

Venue & : : Metrics
Category  Method Year Metrics Metrics (2562)
FLOPs Runtime
PSNR 1 SSIM 1 LPIPS || AE | PSNR-F 1 PSNR-NF + HAE
l T { { i T Y Gy L ms) L
3DLUT (Zeng et al. 2020) TPAMI'20 30.34  0.96 0.06 417  23.87 30.34 19.12 2634  9.36
SR-LUT (Jo and Kim 2021) CVPR’21 29.76  0.85 0.12 566 2135 29.58 1021 2539 825
LUT-based SPF-LUT (Li, Li, and Xiong 2024) CVPR’24 32.19 0.94 0.09 518 2193 33.19 757 3438 9.12
NILUT (Conde et al. 2024) AAAI'24 3231 095 0.07 450 24.86 32.93 4.87 3089 7.12
DnLUT (Yang et al. 2025) CVPR’25 30.52 0.88 0.10 517 2331 30.25 951 2516 8.71
CAST-LUT (Ours) - 3496 0.99 003 271 30.74 34.35 410 2332 6.09
Classical CBM3D (Dabov et al. 2007) TIP’07 30.57  0.90 022 473 2749 31.57 18.53 - 43.11
MC-WNNM (Xu et al. 2017) ICCV’17 2798 0.80 020 953 2623 28.00 18.01 - 121.23
Scene  Zero-DCE (Guo et al. 2020) CVPR’20 1492 0.84 0.13 19.59 13.34 14.92 40.16 34.79 10.73
Specific RUAS (Liu et al. 2021) CVPR’21 1996 0.68 035 3130 873 9.96 2849 43.84 11.34
Restoration LightenDiffusion (Jiang et al. 2024) ECCV’24  30.59  0.97 0.08 5.01 24.66 30.59 27.25 27.01 10.25
BPAM (Lou et al. 2025) ICCV’25 2993 095 0.12 510 27.26 28.93 2475 1521 13.04

HVI-CIDNet (Yan et al. 2025) CVPR’25 3217 098 004 292 2610 33.17 17.39 27.50 14.94

Table 1: Quantitative comparison with state-of-the-art methods on our purple flare dataset. 1" indicates higher is better, and |
indicates lower is better.
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i) MC-WNNM j) LightenDiffusi k) RUAS 1) Ze m) Ours

Figure 4: Qualitative comparison with state-of-the-art methods on our PFSD dataset.

Implementation Details. The model was implemented in codebook, 128-dim embedding) was loaded and frozen, then
PyTorch and trained on an NVIDIA RTX 4090 (32G) via a the main network trained for 100 epochs with AdamW
two-stage strategy: a pre-trained CAST module (4096-entry (batch size 8, initial Ir 1 x 10~* decayed by cosine anneal-
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Figure 5: Visualization of learned semantic tokens from the CAST module.

ing). Inputs were resized to 256 x 256 with random horizon-
tal flips and color jittering. Composite loss weights were set
to 1.0, 0.1, 2.0, and 0.1 for Ay, Ap, A, Aq.

Comparison with State-of-the-Art Methods

Quantitative results. In the Table. 1, comprehensive quanti-
tative comparisons on the PFSD test set demonstrate that our
method achieves an HAE score of 4.10, the lowest among all
methods, largely confirming its state-of-the-art performance
in preserving chromatic fidelity. While general restoration
methods like HVI-CIDNet perform well on global metrics
such as AF, they struggle with targeted chromatic cor-
rection. CAST-LUT consistently outperforms all baselines
across standard and artifact-specific metrics, validating its
overall restoration quality and perceptual similarity to the
ground truth, while its lightweight design ensures efficient
runtime for real-time use on resource-constrained devices.
Qualitative results. Fig. 4 shows the visual comparisons on
two challenging scenes from our test set. The first example
(top row, a cyclist near grass) presents a common failure case
where methods might misidentify and desaturate the natu-
rally green-colored grass. As seen in the magnified patches,
methods like d) and 1) incorrectly alter the color of the grass.
In contrast, our method (m) precisely removes the purple
flare from the high-contrast areas while perfectly preserv-
ing the color fidelity of the grass. The second example (bot-
tom row, a person in a glider) shows a sky region severely
corrupted by purple flare. While most competing methods
either fail to completely remove the purple cast (e.g., g, h)
or introduce unnatural color shifts (e.g., d, i), our method
successfully restores the natural sky color and cloud details
without any visible artifacts, demonstrating the effectiveness
of our perception-correction paradigm.

Ablation study

To validate our design choices and quantify each key com-
ponent’s contribution in CAST-LUT, we conducted compre-
hensive ablation experiments: starting with the full model,
we systematically removed or replaced individual modules
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ID Model Configuration PSNR PSNR-F PSNR-NF HAE
M1 w/o HSV (uses RGB 1D-LUTs) 28.04 24.15 29.81 881
M2 w/o Decoupled LUTs (uses 3D RGB-LUT) 30.05 25.66 3095 779
M3 w/o CAST (simple CNN encoder) 31.54 29.01 29.42 6.5
M4 w/o VQ in CAST (continuous features) 29.50 28.45 29.49 6.7
M5 w/o Residual Branch 25.82 2695 27.37 53
Full CAST-LUT (Ours) 34.96 30.74 34.35 4.1

Table 2: Ablation study of the CAST-LUT framework.

and analyzed performance impacts via our metrics. Results
in Table 2 confirm the efficacy of each proposed component.
Effectiveness of the Decoupled HSV Space.We validate
our core mechanism by testing variants that operate in RGB
space. As shown in Tab. 2, removing decoupled HSV cor-
rection and using RGB 1D-LUTs (M1) causes a catastrophic
drop in performance, with PSNR-F plummeting from 30.74
to 24.15 and HAE worsening from 4.1 to 8.81. This high-
lights the severe limitations of color-coupled spaces. Simi-
larly, using a standard 3D RGB-LUT (M2) is also signifi-
cantly inferior, confirming the superiority of our decoupled
1D-LUT design for precise, targeted correction.

Effectiveness of the CAST Guidance. To show our seman-
tic guidance’s importance, we replaced CAST with a sim-
ple CNN encoder (M3) and disabled its VQ step (M4). M3
drops PSNR-F to 29.01, M4 further to 28.45. This confirms
CAST’s discrete semantic tokens offer more robust, effec-
tive guidance than simple low-level features. Figure 5 in-
tuitively demonstrates the semantic vocabulary learned by

Variant N, =1 Ny, =8 Ny = 16 (Ours) Ny, = 32

PSNR 1+ 30.11 31.35 34.96 32.43
HAE| 5.1 4.4 4.1 5.8

Table 3: Ablation on the number of fused LUTs (/Ny,).
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Figure 6: Visual ablation for the number of fused LUTs.

CAST using two key examples, comparing the full model
(use VQ Tokens) with a baseline model that directly uses
continuous features for guidance (w/o VQ Tokens). We fea-
ture blue sky as it is a common background for flares, and its
spectral proximity to purple severely tests the model’s color
stability. Concurrently, by visualizing a token for a purple
object, we demonstrate CAST’s ability to distinguish a legit-
imate object from a purple flare based on contextual features
rather than color alone. This content-aware discrimination is
precisely what enables our model to eliminate artifacts while
preserving the color fidelity of all objects in the scene.
Effectiveness of Architectural Choices and the number
of fused LUTs (V). Experiments validate our key architec-
tural and loss function choices. We analyze our multi-LUT
fusion mechanism by ablating the LUT count /N,. Results in
Table 3 and Figure 6 confirm peak performance at Ny, = 16,
achieving the best PSNR with effective artifact suppression.
Other components are also critical: removing the M5 resid-
ual branch severely degrades non-flare region detail.
Analysis of Key Loss Weights. As presented in Table 4 and
Figure 7, our ablation study on the loss weights, Ay and A,
clearly demonstrates the necessity of both terms. Remov-
ing the flare suppression loss (L) causes the HAE metric
to worsen dramatically from 4.1 to 7.2, while removing the
perceptual loss (£,) results in a significantly poorer LPIPS
score of 0.061. Our final balanced configuration achieves the
best overall performance by effectively navigating the trade-
off between pixel-wise accuracy and perceptual quality.

m
High 2,

= * is
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Figure 7: Visual ablation experiment of key loss terms.

ID Variant A; A, PSNR{ HAE| LPIPS |

I wloLy 00 0.1 32.04 7.2 0.058
II Low Ay 05 0.1 3221 5.8 0.054
III High Ay 50 0.1 3232 59 0.052
IV wlo L, 20 0.0 3238 4.2 0.061

V  High ), 20 05 3215 5.6 0.049
Ours (Balanced) 2.0 0.1 34.96 4.1 0.03

Table 4: Ablation study on the weights of the Purple Flare
Suppression Loss (Af) and the Perceptual Loss ().

Disscuss

To verify practical applicability, we deployed the CAST-
LUT model on mobile devices, achieving real-time perfor-
mance. Leveraging adaptive 1D HSV LUTSs, our approach is
far more efficient than methods relying on large 3D LUTSs or
complex CNNs, while preserving fine details in unaffected
areas through pixel-wise correction. Specifically, tests on the
iPhone 14 recorded an 82ms execution time for 4K process-
ing, demonstrating efficient hardware-software compatibil-
ity. Fig. 8 shows the mobile application’s interface and some
failure and successful cases in real world.

| -‘ﬂﬂ

Fall examples

Successful examples

Figure 8: Sample image purple flare removing application
on mobile devices based on the proposed CAST-LUT and
fail and succcessful examples in real world.

Conclusion

We propose CAST-LUT, a purple flare removal framework
operating in decoupled HSV space to address traditional
methods’ poor generalization and RGB-to-HSV conversion
noise. Its core is CAST, which encodes purple flare artifacts
into stable high-level semantic tokens. This avoids direct
conversion noise while guiding the generation of indepen-
dent 1D-LUTs for precise color correction. Extensive exper-
iments on our large-scale PFSD dataset, using metrics like
PSNR-F/NF and HAE, confirm its superior artifact removal
and detail preservation performance.
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