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Fig. 1: Overview of the proposed DeLux framework for cross-modal local artifact
restoration. To address the challenge of localized image information loss, our modu-
lar pipeline explicitly decouples artifact detection from multimodal fusion and image
inpainting. As illustrated, an RGB frame corrupted by glare is processed alongside a
corresponding neuromorphic event window. By using event-to-video reconstruction as
a prior and explicitly isolating the degraded region via an estimated artifact map, the
multimodal fusion stage guides the targeted inpainting of corrupted RGB pixels.

Abstract. Conventional RGB cameras suffer from lighting artifacts such
as flare, glare, flicker, and overexposure, leading to irrecoverable informa-
tion loss that necessitates computational restoration. However, existing
approaches treat these problems in isolation, failing to recover structural
details completely obscured by complex spatially discrete image degrada-
tions. In this paper, we propose a novel cross-modal restoration paradigm
and present DeLux, a modular proof-of-concept pipeline that leverages
neuromorphic event streams as a structural prior to guide the targeted
detection and inpainting of lighting artifacts in RGB video. Validation on
synthetic benchmarks and real-world automotive footage demonstrates
that DeLux effectively suppresses local artifacts and restores affected re-
gions. The proposed approach outperforms existing RGB-only baselines
and event-guided HDR models, achieving an average MS-SSIM of over
0.99 across all artifact types and demonstrating up to an 88% reduction
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in artifact severity in real-world automotive footage. The synthetic arti-
fact generation tools and curated real-world evaluation datasets are made
publicly available to foster future research on cross-modal restoration.

Keywords: cross-modal restoration, lighting artifact removal, event-
based vision, multimodal fusion, video inpainting

1 Introduction

Outdoor scenes with extreme dynamic range present a persistent challenge for
conventional cameras. When exposed to intense or variable illumination, RGB
sensors often produce lighting artifacts such as lens flare [47], glare [34], over-
exposure [19], and flicker [11] (Fig. 2). These artifacts obscure critical visual
details, distort local color and contrast, and, in extreme cases, completely satu-
rate the image, making recovery through RGB-only post-processing impossible.
Such degradations can severely limit the reliability of visual perception systems
in applications such as autonomous driving and robotics [4, 23].

(a) Glare. (b) Lens-flare. (c) Overexposure.

(d) Flicker shown across four subsequent video frames.

Fig. 2: Examples of lighting artifacts.

However, existing image and video restoration methods address these arti-
facts only in isolation, for example, by mitigating only glare [21,34,40], flare [7,
8, 47], global overexposure [10, 24, 27, 43, 51–53] or flicker [11, 20, 22]. Moreover,
there is a difference in how these lighting problems are tackled. High dynamic
range (HDR) reconstruction methods perform global tone mapping by compress-
ing the dynamic range but inherently preserve the structure of optical artifacts,
such as flare rays or glare halos. Conversely, targeted artifact removal methods
rely solely on frame-based RGB information, which lacks the dynamic range
needed to reconstruct regions where pixel intensities are fully clipped. There-
fore, a main challenge in the literature is a highly fragmented approach to image
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degradation. Because localized optical anomalies and extreme dynamic range
deficiencies are treated as disjoint sub-fields, the literature lacks a generalized
paradigm capable of addressing diverse lighting artifacts simultaneously.

In this work, we propose a new research direction that combines the chal-
lenges of all the mentioned image degradations: cross-modal local artifact restora-
tion. In this problem setting, localized lighting artifacts represent a modality-
specific information loss that can be mitigated by integrating a secondary sensing
modality. To validate this concept, we use neuromorphic event cameras, which
asynchronously capture changes in brightness with microsecond precision and an
effective dynamic range exceeding 140 dB [55], while remaining largely unaffected
by glare and saturation even when RGB sensors saturate (Fig. 3).

Fig. 3: Comparison showing that event-based data can recover details obscured by
lighting artifacts. The overexposed RGB image (left) loses all structure at the tunnel
exit, while the corresponding raw event data (center) retain brightness changes. The
event-based reconstruction (right) restores the scene details.

To further validate the feasibility of treating various lighting artifacts as
instances of the proposed cross-modal local artifact restoration problem, we
present DeLux, an end-to-end, modular proof-of-concept pipeline for lighting
artifact mitigation that jointly leverages RGB video and neuromorphic event
data (Fig. 1). DeLux explicitly isolates the detection of lighting artifacts from
the reconstruction of missing image details, using event data to guide the in-
painting of corrupted RGB regions. To the best of our knowledge, DeLux is the
first system designed to detect and remove multiple types of lighting artifacts
within a single deep learning pipeline.

The key contributions of our work are as follows:

– We introduce a novel research direction for targeted removal of lighting arti-
facts that leverages complementary sensor modalities to guide RGB inpaint-
ing, moving beyond global tone-mapping approaches and single modality
image restoration.

– We propose DeLux, a modular pipeline that demonstrates the feasibility
of this paradigm by fusing standard video with neuromorphic event data to
jointly detect and remove diverse lighting artifacts.

– We establish a rigorous benchmark comprising synthetically generated and
real-world lighting artifacts. We demonstrate the efficacy of our approach
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against state-of-the-art restoration and event-guided HDR baselines, provid-
ing an evaluation protocol for future cross-modal artifact restoration models.

2 Related Works

Glare Removal. Glare, caused by direct light sources such as the sun or head-
lights, manifests itself as haze or rays that obscure the details of the scene [34]
(Fig. 2a). Early methods focused on reflective glare in medical imaging [5, 21].
For outdoor veiling glare, Shoshin et al. [40] trained a UNet with dual branches
on synthetic data to reduce haze and restore intensity, although prominent rays
persisted. CR-GAN [34] employs a GAN with a Cascaded Pyramid Neck and
Glare Attention Detector, trained on synthetic and real paired data (e.g., via
impure glass), achieving better perceptual quality and precise reconstruction.
Furthermore, general-purpose restoration frameworks such as Deep Adversar-
ial Decomposition (DAD) [57] and Uformer [45] offer flexible architectures that
can be adapted to remove glare. DAD formulates image separation as a gener-
ative adversarial task, using a learned decomposition prior to cross-road loss to
disentangle superimposed layers, which could be extended to isolate glare com-
ponents. Uformer, a Transformer-based U-Net variant, leverages window-based
attention and multi-scale modulation to restore fine details across diverse degra-
dation types, making it suitable for training on glare-specific artifacts. These
approaches (excluding Uformer) use artifact detectors, but focus solely on glare
and rely on RGB, which limits recovery in fully saturated areas. Our work ex-
tends this by incorporating neuromorphic data for cross-modal restoration.

Flare Removal. Lens flare arises from internal reflections within the camera lens,
creating ghosts or streaks (Fig. 2b). Physical solutions such as anti-reflective
coatings [3] are impractical for post-capture correction. Computational methods
include Wu et al.’s [47] UNet pipeline, which removes flares in a semi-supervised
fashion by using synthetic masks that blend backlight sources and introduce
flares to the training data. Matta et al. [31] use Generalizable NeRFs with a
transformer to model flares in 3D scenes, supported by a multi-flare dataset.
For nighttime flares, Dai et al.’s Flare7K [7] enables training of MFDNet [16], a
Laplacian pyramid-based model for low-light distortions. We have incorporated
flares from Flare7K++ [8] into our training pipeline, but contrary to the works
mentioned above, we additionally use event streams and restore the underlying
images rather than simply performing RGB-only inpainting.

Overexposure. Overexposure in high dynamic range (HDR) scenes saturates
bright areas, hiding image details (Fig. 2c). Multi-image HDR combines LDR
exposures [19, 32, 46], often with CNNs for alignment. Single-image methods
map LDR to HDR using UNets [10, 30, 49, 53] or reverse pipelines [28]. SHDR
[27] explicitly models the inverse camera pipeline—dequantization, lineariza-
tion, and hallucination—using dedicated CNNs, improving HDR reconstruc-
tion fidelity across diverse scenes. Related works enhance low-light [48], combine
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over/underexposed frames [54], or inpaint overexposed regions with transform-
ers [50] or GANs [35]. BacklitNet [29] targets overexposure with a dual-UNet.
Recent methods, such as HDRev [51] and HDRev-Diff [52], use event streams to
guide HDR reconstruction. However, like all other approaches that tackle over-
exposure, they are designed to perform global tone mapping and dynamic range
expansion. Because they do not separate the underlying scene from superim-
posed degradations, they inherently preserve and reproduce lighting artifacts,
such as lens flare and veiling glare, within the output image. In contrast, our
study addresses the problem of explicit suppression of local artifacts.

Flicker Removal. Flicker is usually defined as periodic intensity variations from
lights or water refraction (Fig. 2d). For underwater sunflicker, Shihavuddin et
al. [39] predict patterns with an open-loop linear dynamic system from prior
frames. In high-speed video, Kanj et al. [20] use SLIC superpixels and color cor-
rection matrices. These require tuning and are computationally heavy, focusing
on compensation rather than artifact removal. Deflicker [22] is a blind deflick-
ering framework that leverages a flawed neural atlas and a filtering strategy to
enforce temporal consistency without requiring prior knowledge.

Neuromorphic Vision. Neuromorphic cameras capture asynchronous events with
high temporal resolution and a wide dynamic range [12]. Event representations
such as voxel grids [56] enable integration with CNNs/Transformers for tasks
such as deblurring [17,41], superresolution [33], depth estimation [26], and HDR
reconstruction [37,43,52]. Datasets like DSEC [13] and E2VID [36] provide paired
RGB event streams, while simulators like CARLA [9] generate synthetic data. We
use voxel grids with E2VID++ [36,42] for artifact-free grayscale reconstruction,
combining it with RGB via a ResUNet [14]. Previous event-HDR works [32, 37]
inspire our approach, but they focus on global enhancement rather than local
artifact removal. The proposed DeLux pipeline represents a departure from
global enhancement, serving instead as a cross-modal local artifact restoration
framework for lighting anomalies.

3 DeLux Pipeline

To demonstrate the utility of the cross-modal local artifact restoration paradigm
and to address the challenge of information loss in RGB frames corrupted by
lighting artifacts, we introduce DeLux, a pipeline that leverages event camera
data to recover scene details. Unlike prior methods that rely solely on RGB
input or global tone mapping, our approach uses cross-modal cues to localize
and suppress artifacts at their source.

DeLux is designed around four core stages (Fig. 1): (1) event-to-video recon-
struction, (2) artifact detection, (3) multimodal fusion, and (4) artifact removal.
Each stage is implemented as a standalone module, allowing flexible substitution
or extension. This modularity enables future integration of alternative modali-
ties, such as thermal imagery or manual annotations, thereby making DeLux a
template for cross-modal local artifact removal.
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3.1 Event-to-video Reconstruction

The first stage of the DeLux pipeline transforms neuromorphic event streams
into dense grayscale video frames that serve as a complement to RGB input.
These reconstructions are critical for restoring regions affected by lighting arti-
facts, particularly those that are saturated or flickering, where RGB data alone
fail to preserve scene details.

We utilize pre-trained E2VID [36] and E2VID++ [42] models that convert
asynchronous event data into intensity frames. The input to this model is a voxel
grid representation of events, constructed by binning spatio-temporal event tu-
ples into a fixed number of temporal slices. Each voxel encodes the polarity and
timestamp of brightness changes at a given pixel, capturing fine-grained mo-
tion and illumination dynamics. The E2VID models synthesize grayscale frames
from these voxel inputs. The output frames are temporally aligned with the
RGB stream and serve as a secondary modality for both detection and fusion.
Additional details of the event reconstruction and spatiotemporal alignment can
be found in the Supplementary, Section A.

Importantly, this stage is modular—the event-to-video reconstructor can be
replaced with alternative modalities (e.g., thermal imagery [1]), provided that
they offer complementary information in artifact-prone regions. This design
choice ensures that DeLux remains adaptable to diverse sensor configurations
and application domains.

3.2 Artifact Detection

The second stage of the DeLux pipeline identifies regions affected by lighting
artifacts such as glare, flare, flicker, and overexposure. These artifacts manifest
locally and vary in spatial characteristics, making their detection a non-trivial
task. To address this, DeLux uses a dedicated artifact detector implemented as
a UNet-based segmentation network.

The detector is trained on synthetically generated artifact masks, allowing
it to generalize across diverse lighting conditions and artifact types. Synthetic
training data includes controlled examples of saturation, flicker patterns, glare
streaks, and lens flare overlays. The input to the detector is a single RGB frame,
and the output is a pixel-wise confidence map that indicates the likelihood of
artifact presence. These maps are used in subsequent stages to guide the image
restoration, ensuring that corrections are applied only where necessary.

Unlike prior approaches that embed artifact detection implicitly within a
GAN or restoration network, DeLux treats detection as an explicit and in-
terpretable step. This separation improves transparency, facilitates debugging,
and enables a targeted evaluation of detection performance against synthetic
ground-truth artifact masks.

3.3 Multimodal Fusion

The third stage of the DeLux pipeline integrates information from three modalities—
RGB frames, secondary modality (in this case event-based reconstructions), and
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artifact masks—into a unified representation that guides artifact-aware restora-
tion. This fusion is implemented as a convolutional module designed to selectively
leverage the strengths of each input: the spatial richness of RGB, the temporal
and dynamic range resilience of event reconstructions, and the localization pre-
cision of the artifact detector.

The three inputs are concatenated along the channel dimension and passed
through a series of convolutional layers that learn to blend them into a coher-
ent intermediate representation. This fusion strategy is fully differentiable and
is trained together with the artifact removal module (Section 3.4). Rather than
relying on learned attention, the module blends the three channel-concatenated
representations through stacked convolutions, while the soft artifact mask re-
mains exposed as a manual-override interface. This makes fusion behavior config-
urable at inference without retraining, where supplying an edited or empty mask
predictably changes which regions are modified (Supplementary Section E). By
explicitly conditioning the fusion on artifact localization, DeLux avoids overcor-
recting clean regions. This targeted blending is critical for preserving fine details
and maintaining perceptual consistency (Section 4.4, Supplementary Section B).

3.4 Artifact Removal

The final stage of DeLux performs targeted restoration of RGB frames by re-
moving lighting artifacts identified in earlier stages. This module receives the
fused representation, comprising the original RGB frame, the event-based recon-
struction, and the artifact mask, and outputs a clean, artifact-free RGB image.

Artifact removal is implemented using a UNet-based architecture trained
to inpaint corrupted regions while preserving unaffected content. To encour-
age perceptual consistency and structural fidelity, the model is trained using a
combination of pixel-wise losses, structural, and perceptual similarity metrics. In
addition, the pipeline supports optional use of a non-mask loss term to regularize
global appearance and prevent overfitting to masked regions.

The modular design of this stage enables adaptation to various artifact types
or restoration goals. For example, the removal network can be retrained to target
specific distortions such as flare streaks or flicker bands, or extended to operate
on alternative input modalities. This flexibility makes DeLux suitable for a
wider range of configurations.

3.5 Training Procedure

The DeLux pipeline is trained to jointly optimize the artifact detector, the
multimodal fusion module, and the artifact remover (Fig. 4). Only the event-
to-video reconstructor (E2VID or E2VID++) is frozen throughout the training,
providing a stable grayscale representation of events from the neuromorphic
camera. Joint optimization encourages the detector and reconstructor to co-
adapt, ensuring that artifact localization and restoration are mutually consistent.
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Fig. 4: DeLux training pipeline. The architecture diagram (left) illustrates the shared
U-Net backbone and its building blocks, parameterized by the number of convolutional
blocks n, block depth m, and kernel size k. The training pipeline (right) depicts the end-
to-end joint optimization setup with synthetic artifact generation, multimodal inputs,
and the composite loss functions defined in Section 3.5.

Synthetic Artifact Generation. To provide diverse and controlled supervision,
we employ a custom artifact generation pipeline that simulates lighting dis-
tortions directly on clean RGB frames. The generators produce glare, flicker,
overexposure, and saturation artifacts through intensity modulation, procedural
glare streak synthesis, and localized dynamic brightness fluctuations. We ad-
ditionally use high-quality, physically plausible flare patterns sourced from the
Flare7K++ [8] and Google-Flare [47] datasets, ensuring a broad range of arti-
fact shapes, scales, and illumination dynamics. Corresponding artifact masks are
recorded along with the corrupted images to serve as ground truth for artifact
detection. The event-based reconstructions are obtained from real neuromorphic
datasets (e.g., DSEC [13], E2VID [36]) or generated using the CARLA simu-
lator [9], providing authentic multimodal conditions. This hybrid data strategy
ensures that DeLux generalizes effectively to real-world lighting artifacts.

Optimization Objective. The detector, fusion, and reconstructor modules are
trained jointly under a unified objective that balances artifact localization and
image reconstruction quality. The total loss (Ltotal) combines three complemen-
tary components, i.e., detection (Ldet), reconstruction (Lrecon), and a non-mask
consistency term (Lnm):

Ltotal(I, Ia, Î,M, M̂) = Ldet(M̂,M) + Lrecon(Î , I) + Lnm(Î , Ia, M̂), (1)

where I is the clean ground-truth frame, Ia the synthetically corrupted input
frame, Î the reconstructed artifact-free RGB frame, M the ground-truth artifact
mask, and M̂ the predicted artifact confidence map.

The detection loss Ldet is a Huber loss [15] between M̂ and M , using δ=0.1
to maintain sensitivity to small prediction errors. The reconstruction loss Lrecon
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combines pixel-wise, perceptual, and structural similarity terms:

Lrecon(Î , I) = λ1MAE(Î , I) + λ2(1−MS-SSIM(Î , I)) + λ3VGG(Î , I)

+ λ4TV(Î), (2)

where MAE encourages accurate pixel reconstruction, MS-SSIM promotes per-
ceptual and structural fidelity [44], VGG denotes the perceptual feature loss [18],
and TV regularizes spatial smoothness [38]. In this study, we manually set the
coefficients to λ1=1.0, λ2=0.5, λ3=0.1, λ4=0.05.

The non-mask loss Lnm penalizes undesired edits outside artifact regions and
promotes consistency in clean areas:

Lnm(Î , Ia, M̂) = MAE(Î , Ia)⊙ (1− M̂)

+ 0.5 ·
(
1−MS-SSIM((1− M̂)⊙ Î , (1− M̂)⊙ Ia)

)
, (3)

where ⊙ denotes element-wise multiplication. This term guides the reconstruc-
tor to modify only artifact-corrupted regions, preserving color and texture in
unaffected areas, at the cost of less accurate artifact detection maps.

Training Details. The network was trained using the Adam optimizer (β1=0.9,
β2=0.999) with an initial learning rate of 10−4. Training was performed for 200
epochs on an NVIDIA A100 GPU with a batch size of 8. Each batch contained
temporally aligned RGB frames, event-based reconstructions, and artifact masks.
Data augmentation included random cropping, horizontal flipping, exposure jit-
ter, and brightness perturbation to improve robustness to illumination changes.
A hold-out validation split was used to monitor convergence, and the best model
was selected based on the minimum reconstruction loss Lrecon. The hyperparam-
eters of the UNet were optimized with Optuna [2], resulting in n=3, m=2, k=7
for the detector and n=2, m=3, k=7 for the reconstructor (Fig. 4).

Training used a composite dataset combining real and synthetic event-based
data for robustness across domains. Only artifact-free recordings from E2VID [36]
and DSEC [13] were used, with synthetic lighting artifacts injected during train-
ing. Additional data were generated using the CARLA autonomous driving sim-
ulator [9] to provide perfectly aligned RGB–event pairs, and the Cityscapes [6]
dataset contributed close to 5,000 RGB frames to which we created synthetic
grayscale reconstructions that simulate event data. All datasets were standard-
ized to 640×480 resolution, with recordings downsampled to every third frame
(102 ms for E2VID, 150 ms for DSEC and CARLA) to ensure diversity in terms
of motion, illumination, and scene content. The entire training set consisted of
9,540 RGB-event reconstruction frame pairs.1

1 The code and data for training DeLux are available at: https://github.com/
Tremirre/event-sun-effects-remover.

https://github.com/Tremirre/event-sun-effects-remover
https://github.com/Tremirre/event-sun-effects-remover
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4 Experiments

4.1 Experimental Setup

Datasets. We used two complementary groups of datasets, both distinct from
all training data. The first consisted of 1,724 artifact-free frames from separate
recordings, to which synthetic artifacts were injected using the same generation
procedure as in training. The second comprised 11,056 frames from eight real-
world recordings with lighting artifacts: six from the E2VID dataset [36] and
two from DSEC [13]. Importantly, these recordings represent real-world driving
scenarios exhibiting unconstrained motion and dynamic lighting. We isolated
specific temporal windows in which severe lighting artifacts occur natively, es-
tablishing the first targeted evaluation subset for localized artifact removal in
real-world automotive contexts.

Baseline Methods. To evaluate our DeLux pipeline, we compared it with a
diverse set of representative baselines tailored to different artifact type. For lens
flare and glare removal, we selected Flare7K++ [8] and a model developed by
Wu et al. [47]. For overexposure correction, we employed SHDR [27], with HDR
to PNG conversion done using the algorithm outlined by Liang et al. [25]. For
global HDR reconstruction using event data, we used HDRev-Diff [52]. Due to the
scarcity of pretrained open-source models specifically designed for the analyzed
artifacts, we additionally trained a variant of the universal DAD framework [57]
(denoted DAD†) to separate artifacts from the underlying clean image based
on the RGB and grayscale event reconstructions. Notably, the DAD variant
was trained on the same data as DeLux and the proposed training pipeline.
Therefore, DAD provides a direct comparison between an existing single neural
network and the proposed modular approach.

Evaluation Metrics. The tested models were separately evaluated in terms of
artifact detection and removal.

For evaluating artifact detection, we used synthetic datasets where ground-
truth artifact-free images were available. The detection performance was assessed
using the accuracy and F1 score of the predicted artifact maps.

The efficacy of artifact removal was quantified using both synthetic and real-
world data. For the synthetic data, we computed the Multi-Scale Structural
Similarity Index Measure (MS-SSIM) [44], Peak Signal-to-Noise Ratio (PSNR),
and Mean Absolute Percentage Error (MAPE) to compare the restored final
images against the corresponding clean reference frames. In contrast, real-world
data lack corresponding artifact-free ground truth, necessitating the use of al-
ternative quality assessment strategies. As such, we introduce a custom metrics:
Strong Artifact Suppression (SAS, Eq. 4). SAS depends on a reliable artifact
detector, as it compares detection maps before (M̂input) and after (M̂output)
processing by the model.

SAS = P (M̂input > 0.5)− P (M̂output > 0.5) (4)
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Table 1: Detection results on the synthetic test set across different artifact types. Best
values are highlighted in bold , second-best values are underlined .

Metric Category DAD† [57] F7K [8] Wu et al. [47] DeLux DeLux-D

Accuracy ↑

Glare 0.969 0.914 0.830 0.964 0.985
HQ Flares 0.938 0.920 0.779 0.891 0.959
Overexposure 0.972 0.862 0.819 0.943 0.982
Simple Flares 0.973 0.991 0.880 0.977 0.989
Flares+Glare 0.936 0.835 0.799 0.939 0.973
Overall 0.949 0.915 0.809 0.925 0.971

F1-score ↑

Glare 0.805 0.145 0.339 0.815 0.900
HQ Flares 0.601 0.292 0.301 0.530 0.739
Overexposure 0.793 0.188 0.409 0.719 0.841
Simple Flares 0.484 0.065 0.045 0.574 0.749
Flares+Glare 0.744 0.191 0.403 0.745 0.871
Overall 0.634 0.212 0.281 0.613 0.785

As the artifact detector, we used the DeLux with the non-mask loss Lnm turned
off (denoted as DeLux-D), as it produced the most accurate detection maps in
our ablation studies (see Section 4.4). Because SAS is computed from a learned
detector, we treat it as a relative artifact-suppression indicator suited to ranking
methods rather than as an absolute score. To confirm that the ranking is not an
artifact of using our own detector, we also computed SAS with the independently
trained DAD† detector, obtaining similar results (Supplementary Section B.2).

4.2 Results for Artifact Detection

Table 1 reports detection accuracy and F1 scores on synthetic artifacts. DeLux-
D achieves the highest performance in nearly all categories, surpassing the other
multimodal models, i.e., DAD† and the full DeLux variant. Its advantage is most
pronounced for glare, overexposure, and complex flares. Disabling the non-mask
loss term Lnm in DeLux-D improves artifact map details because the artifact
detection is ‘disconnected’ from image reconstruction. However, as we will be
shown in Section 4.4, the stronger and slightly larger estimated artifact maps
of the full DeLux variant offer better reconstruction quality. The flare-specific
models (Flare7K++ and Wu et al.) fail to generalize beyond their training do-
mains. A comparison of example artifact maps predicted by the analyzed models
is presented in Fig. 5 and in the Supplementary, Section C.

4.3 Results for Artifact Removal

Table 2 summarizes the results of artifact removal. On synthetic data with avail-
able ground truth, DeLux achieves the highest MS-SSIM, PSNR, and MAPE
across all artifact types, confirming the feasibility and strong restoration fidelity
of the proposed cross-modal inpainting approach.
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Input DAD† [57] F7K [8] Wu et al. [47]SHDR [27] DeLux DeLux-D Ground Truth Input DAD† [57] F7K [8] Wu et al. [47]SHDR [27] DeLux DeLux-D Ground Truth

Fig. 5: Qualitative comparison of artifact removal (top row) and artifact detection
(bottom row) on different kinds of synthetic artifacts.

Table 2: Results of artifact removal evaluation. Best values are highlighted in bold ,
second-best are underlined . Rows labeled ‘Overall’ denote the score calculated using
combined data from all categories. The ∆ symbol signifies the relative metric change
compared to the input image. HDRev-Diff was not evaluated on reconstruction metrics
as the examples from Cityscapes used synthetic grayscale reconstructions instead of
event streams.

Metric Category DAD† F7K Wu et al. SHDR HDRev-Diff DeLux
[57] [8] [47] [27] [52] (Ours)

G
ro

un
d

T
ru

th
R

ec
on

st
ru

ct
io

n MS-SSIM ↑

Glare 0.969 0.938 0.938 0.859 - 0.990
High-Quality Flares 0.968 0.957 0.950 0.867 - 0.990
Overexposures 0.959 0.891 0.872 0.813 - 0.981
Simple Flares 0.984 0.979 0.978 0.894 - 0.997
Sun Flares+Glare 0.967 0.949 0.947 0.868 - 0.990
Overall 0.970 0.954 0.949 0.868 - 0.991

PSNR ↑

Glare 28.279 20.753 21.195 13.522 - 35.287
High-Quality Flares 29.567 27.888 26.767 14.688 - 35.858
Overexposure 29.208 21.002 19.877 12.864 - 34.501
Simple Flares 32.128 32.231 31.032 14.796 - 41.402
Sun Flares+Glare 27.384 21.840 22.178 14.249 - 34.122
Overall 29.525 26.583 25.848 14.418 - 36.461

MAPE ↓

Glare 0.059 0.097 0.099 0.576 - 0.025
High-Quality Flares 0.063 0.064 0.072 0.553 - 0.032
Overexposure 0.061 0.135 0.153 0.531 - 0.031
Simple Flares 0.039 0.025 0.031 0.442 - 0.015
Sun Flares+Glare 0.076 0.107 0.111 0.576 - 0.034
Overall 0.060 0.071 0.078 0.537 - 0.028

A
rt

if
ac

t
R

em
ov

al

∆ SAS ↑

Sun 02 87.64% 78.78% 81.22% 55.46% 84.78% 87.36%
Sun 05 87.50% 85.06% 85.61% -90.44% 87.79% 87.90%
Sun 06 -130.65% 33.62% 26.24% -847.04% 34.75% -5.64%
Sun 09 88.22% 83.81% 87.62% 61.36% 89.18% 88.32%
Sun 10 87.74% 81.62% 83.40% 51.76% 26.22% 87.79%
Sun 11 -173.61% 43.53% 40.43% -761.38% -5.76% 51.57%
Zurich City 01-e -1953.29% 45.60% -123.38% -216.95% -7986.77% 66.17%
Zurich City 12-a 30.41% 26.00% -109.16% 51.18% -15.34% 63.83%
Overall -352.50% 58.87% 18.54% -255.65% -1402.87% 63.22%

In real-world automotive scenarios, DeLux achieves the highest average ar-
tifact suppression (SAS), outperforming the single-network DAD† approach in
removing both mild and severe distortions. Moreover, the event-guided HDR
baseline, HDRev-Diff, performed mostly global tone mapping, which, for certain
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scenarios, was not enough to fully suppress localized artifacts (Fig. 6 rows 2–4),
resulting in negative SAS scores. This empirical result confirms our hypothesis:
while global tone-mapping models successfully recover dynamic range, they of-
ten preserve local optical artifacts. In contrast, the explicit detection and fusion
stages of DeLux successfully isolated and removed these degradations by using
the event stream to reconstruct the underlying image structure.

Input DAD† [57] F7K [8] Wu et al. [47] SHDR [27] HDRev-Diff [52] DeLux (Ours)

Fig. 6: Comparison of artifact removal on real-world recordings. Zoom-ins (red border)
provided for better visual assessment.

Qualitative visual assessments of synthetic and real-world artifacts (Fig. 5
and Fig. 6, and in Sections C and D of the Supplementary) further demonstrate
that DeLux robustly handles dynamic light variations and does the best job of
restoring lost image details. Overall, DeLux offers the most consistent balance
between artifact removal and image quality.

In terms of efficiency, DeLux runs at 16.5 FPS with 90.2M parameters on
an NVIDIA A100—an order of magnitude lighter and faster than the diffusion-
based HDRev-Diff baseline (1.6 B parameters, 1.1 FPS); full model sizes and
timings are reported in the Supplementary, Section F.

4.4 Ablation Studies

To evaluate the impact of each architectural component of the default DeLux
configuration, we conducted an ablation study with four variants: DeLux-NE
(no events), DeLux-ND (no detector), and DeLux-D (disabled non-mask loss).
The results are summarized in Table 3.
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Table 3: Ablation study results on DeLux and its variants. Best values are bolded ,
and second-best values are underlined .

Accuracy ↑ MS-SSIM ↑ PSNR ↑ MAPE ↓ ∆ SAS [%] ↑

DeLux-NE 0.964 0.986 33.757 0.039 67.06%
DeLux-ND - 0.982 30.822 0.059 -195.34%
DeLux-D 0.971 0.991 35.839 0.029 -1703.38%
DeLux 0.925 0.991 36.461 0.028 63.22%

Disabling the non-mask loss (DeLux-D) yields the highest artifact detection
accuracy (0.971), but at the cost of artifact removal (∆ SAS of -1703.38%). Sim-
ilarly, removing the detector (DeLux-ND) causes the model to fail to reliably
suppress artifacts (∆ SAS of -195.34%), underscoring the need for explicit arti-
fact localization. On the other hand, removing the event modality (DeLux-NE)
yields the strongest apparent artifact suppression (∆ SAS of 67.06%), but it
also results in the loss of structural cues, leading to inaccurate reconstructions
(PSNR=33.757).

For general-purpose scenarios requiring a balance between artifact detection
and removal, we recommend the default DeLux variant. For strictly artifact
detection tasks, we recommend the DeLux-D variant, which provides a detailed
map of lighting artifacts. This contrast reflects a deliberate detection–removal
trade-off. The non-mask loss Lnm couples the detector and inpainter, forcing
edits to remain inside the predicted mask. This markedly improves removal but
pushes the detector toward larger, smoother masks at the cost of pixel-sharp
localization. Disabling non-mask loss (DeLux-D) decouples the two, yielding the
sharpest masks but an unconstrained inpainter that over-modifies clean regions.
The two configurations therefore target different uses—DeLux-D for explicit
artifact maps (analysis, manual editing) and DeLux for end-to-end restoration.

5 Discussion

In this work, we introduced DeLux, a proof-of-concept framework that puts
forward a novel research direction: cross-modal local artifact restoration. By fo-
cusing on targeted, modality-guided inpainting, we demonstrated that secondary
sensing modalities, such as neuromorphic event cameras, can successfully guide
the restoration of degraded RGB pixels. Our core insight is that explicitly de-
coupling artifact localization from multimodal fusion prevents the unwarranted
alteration of clean image regions, allowing the network to selectively use the
secondary modality only where the RGB sensor has failed.

However, it is also important to acknowledge certain limitations of the cur-
rent study. While event cameras offer high dynamic range, they are inherently
limited in stationary scenes where no events are triggered. Nevertheless, the
modular architecture of DeLux is designed to be modality-agnostic. A possi-
ble solution to this static-scene limitation could be to combine multiple sensing
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modalities, for instance, by simultaneously fusing RGB, neuromorphic events,
and thermal imaging. A second limitation of our current study is the use of
synthetic artifact generation for evaluation against a ground-truth image. While
we use high-quality flare and glare overlays (such as those from the Flare7K++
dataset), synthetic overlays cannot fully reproduce the complex physical inter-
play of light within a real lens assembly. The real-world evaluations, on the other
hand, lacked an artifact-free equivalent. Therefore, to advance this field, future
research must focus on capturing paired, real-world datasets of lighting arti-
facts. Furthermore, relying on a frozen E2VID reconstructor currently limits full
end-to-end optimization, suggesting that future pipelines could directly ingest
raw event representations to enable more efficient, task-specific feature learning.
Finally, because DeLux restores each frame independently, its outputs are not
guaranteed to be temporally consistent, and residual artifacts can vary across
adjacent frames, resulting in visible flicker in the reconstructed video. Enforc-
ing temporal consistency, e.g., through multi-frame modeling, is an important
direction for future work.

Ultimately, DeLux serves as a template for addressing severe localized image
degradations using a secondary sensing modality. By demonstrating the useful-
ness of cross-modal local artifact restoration, we hope to inspire research that
moves beyond single-sensor constraints and paves the way for highly reliable
image processing systems capable of operating under the most adverse lighting
conditions.

Data and Code Availability. The curated real-world evaluation data, syn-
thetic artifact generation tools, and training code are publicly available at:
https://github.com/Tremirre/event-sun-effects-remover.
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