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Fig. 1: Event-based video snow removal in challenging nighttime scenes: (a) Sample image from our dataset captured while
driving in snowfall, and (b) corresponding event data highlighting the motion of snowflakes. The presence of dense, dynamic
snow and low visibility presents significant challenges for conventional image restoration methods, as illustrated by the results
of (c) Restormer and (d) Snowformer [2]. Our proposed event-based approach (e) utilizes event information to address
these challenges and restore clearer scene content under adverse weather conditions.

Abstract—Adverse weather conditions, particularly heavy
snowfall, pose significant challenges to both human drivers and
autonomous vehicles. Traditional image-based desnowing meth-
ods often introduce hallucination artifacts as they rely solely on
spatial information, while video-based approaches require high
frame rates and suffer from alignment artifacts at lower frame
rates. Camera parameters, such as exposure time, also influence
the appearance of snowflakes, making the problem difficult to
solve and heavily dependent on network generalization. In this
paper, we propose to address the challenge of desnowing by using
event cameras, which offer compressed visual information with
submillisecond latency, making them ideal for desnowing images,
even in the presence of ego-motion. Qur method leverages the
fact that snowflake occlusions appear with a very distinctive
streak signature in the spatiotemporal representation of event
data. We design an attention-based module that focuses on events
along these streaks to determine when a background point was
occluded and use this information to recover its original intensity.
We benchmark our method on DSEC-Snow, a new dataset
created using a green-screen technique that overlays pre-recorded
snowfall data onto the existing DSEC driving dataset, resulting in
precise ground truth and synchronized image and event streams.
Our approach outperforms state-of-the-art desnowing methods
by 3 dB in PSNR for image reconstruction. Moreover, we show
that off-the-shelf computer vision algorithms can be applied
to our reconstructions for tasks such as depth estimation and
optical flow, achieving a 20% performance improvement over
other desnowing methods. Our work represents a crucial step
towards enhancing the reliability and safety of vision systems in
challenging winter conditions, paving the way for more robust,
all-weather-capable applications.

Code, dataset and video are available under: https://rpg.
ifi.uzh.ch/evsnow.html
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I. INTRODUCTION

Imagine driving through heavy snowfall. Bright, swirling
flakes, windshield accumulation, and reduced visibility
severely degrade scene perception, making driving not only
unpleasant but also potentially dangerous. Autonomous ve-
hicles and assistive driving systems, designed to enhance
road safety, also struggle in these conditions as snowflakes
obscure both camera and LiDAR sensors. To advance vehicle
autonomy and automotive safety, addressing adverse weather
challenges is crucial. Thus, effective desnowing techniques are
necessary to ensure the reliability and safety of vision systems
in snowy environments.

Existing solutions, such as training a network on specific
desnowing datasets [3]I, [4], (5, (6], (7], [8] or using Gated
Cameras [3]], fall short—either failing to generalize across
snow conditions or losing intensity information in low light. In
comparison to a single image, a video provides richer temporal
context about the dynamic features of the scene. Building
on this, existing works [3], [8], [9, [10), [TT], [12], [13],
[T4] have studied the effect of incorporating this temporal
information for image desnowing, showing promising results.
However, the performance of video desnowing relies on the
framerate of the camera. A high framerate ensures reliable
alignment across individual frames, which can be used to
align the background and remove snow occlusion. For effective
image desnowing, it is crucial to capture high-speed scene
information. We, therefore, propose to solve this problem by
using event cameras, which provide extremely high temporal
resolution (on the order of 1 MHz), without a huge bandwidth
demand.

Event cameras measure intensity changes with very low
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Dataset Simulation Sensors GT

latency (up tolps) and asynchronqusly [:L5]._Th|s produce§ a SnowT00K [4] Yes Image Yes
stream of events that encode the time, location, and polarity of  snowCityScapes [5] Yes Image Yes
the brightness change. The main advantages of event cameras SHOWSKFIQTRTSQ[?‘}Z 1] ies :mage ies
. e . . ) es mage es
include sub-millisecond latency, very h|gh dynamlc_ range csD [1] Yes Image Yes
(> 120dB), and strong robustness to motion blur. This work SnowVideo [[8] Yes Video Yes
leverages these unique properties to remove snow occlusions SESCnostR [(1"] ; No . Events No

; ; DSEC-Snow (ours Yes Video + Events| Yes
from Images effectlvely. SnowDriving (ours) No Video + Events| No

Since event cameras have high temporal resolution and no
exposure time, snow akes always appear as streaks in th@BLE I: Comparison of snow datasets.Existing snow
space-time representation of events (c.f. Fjg. 2). This is unlikétasets primarily focus on synthetic image-based data with
conventional cameras, where the exposure time plays a majepund truth (GT), while our DSEC-Snow and SnowDriving
role in the appearance of the snow ake. Thus, our methétftasets provide real and simulated video sequences with event
takes advantage of this unique signature in the space-tiffia, addressing the need for benchmarks suitable for event-
domain to track these streaks. In the absence of ego-motibased snow removal under more realistic conditions
the task of recovering background intensity is quite simple,
as one only has to look at the intensity changes (or events)
per pixel. However, with ego-motion, the point correspondinij the context of image deraining with event cameras, which
to the pixel that is occluded at a certain time may not be the summarized in Section II-B. Lastly, we also summarize
same at a future time. Therefore, keeping track only along tHte existing datasets published so far for image desnowing
pixel will result in signi cant errors. Instead, we propose tdn Section II-C.
look along the streak, as a point in 3D space will be occluded
and de-occluded along this streak. To recover the background
intensity where the occlusion covers the background, it IS
necessary to look along the streak in time. By focusing only on Estimating the background image in the presence of rain
points along these streaks, we can accurately determine wioensnow is challenging as it requires hallucination of the
a point in the scene was occluded. Using this information, vimackground content. Some earlier works focused on modeling
reconstruct the background intensity, enabling us to recovethe rain streaks and snow akes and decomposed the image into
clear image even under challenging weather conditions. Caaickground and foreground components [18], [19]. However,
approach improves the performance of image-based and videeen if the perfect model of the rain streaks or snow akes is
based approaches by ov@dB in terms of PSNR of image known, the background content is still challenging to estimate
reconstruction. Not only that, we also outperform imagg20]. To address this issue, recent works [4], [6] have proposed
based approaches in further downstream tasks such as degihg deep learning methods to estimate the background
estimation, optical ow, and object detection by over 20% irontent. [5] proposed learning a representation for snow using
terms of accuracy. the geometric and semantic properties of snow. On the other

We list our contributions as follows: hand, Snowformer [2] proposes using a vision transformer that

A new event-based desnowing dataset generated byfully combines local and global information and obtains state-
chroma composition method We develop a synthetic of-the-art results. Other image-based approaches focus more
dataset (DSEC-Snow ) by overlaying recorded snowfalh image restoration [1] or image deraining [21], both of
onto the DSEC[[16] driving dataset using green-screavhich do not generalize well for image desnowing [8]. Recent
technology, providing precise ground truth and synchrevork [21] tackles the unique challenges of nighttime derain-
nized image-event streams without the need for complég—caused by non-uniform local illumination and complex
snow rendering. rain-light interactions—by introducing a Rain Location Prior
A novel approach for desnowing images using event (RLP) learned via a recurrent residual model, along with a
cameras Our approach utilizes the rich temporal inRain Prior Injection Module (RPIM) to enhance feature rep-
formation of events to detect and remove snow akeesentation and boost deraining performance at night. Instead
occlusions by tracking their spatiotemporal streaks, enf handling each image restoration task separately, Restormer
abling accurate background recovery. We also proposdla proposes a uni ed framework for image restoration tasks,
simple learning framework to fuse the event and imagecluding image deraining, deblurring, and denoising. How-
information for improved desnowing performance. ever, the performance of a generalized image restoration
A real-world driving dataset collected in snowy con- method is often limited for specialized tasks such as image
ditions: We present a real-world event-camera datas@esnowing. Therefore, Snowformer [2] proposes a dedicated
captured while driving in snowfall, offering valuabledesnowing vision transformer with a scale-aware snow query
data for testing the robustness of event-based desnowamnyg local-patch embedding, resulting in state-of-the-art results

Image and video desnowing

methods in practical scenarios. for image desnowing. These methods, however, rely on the
spatial information available in the image to estimate the
Il. RELATED WORK background content. In complex weather conditions, such as

We summarize the related works for image and viddweavy snowfall, the spatial information is often not suf cient to
desnowing in Sectiofi II-A. There has been some progresscurately estimate the background content. Recently, Sun et



al. [22] proposed a histogram transformer network that levesnow ake events to partition event streams into snow ake

ages histogram self-attention and a dynamic-range convolutamd background events. While this method shows promising
to ef ciently captures long-range dependencies across similaesults, it is limited by the assumptions made in the model (e.qg.
intensity regions, achieving superior restoration performanttén structures are often misclassi ed as snow akes instead
compared to existing methods. of background) and does not leverage the complementary

Increasing temporal resolution for this task gives risaformation available from intensity images, thereby limiting
to video-based desnowing methods. Video-based desnowitsgperformance in complex scenarios. Additionally, for com-
methods [9] have explored the use of temporal information pbex tasks such as image reconstruction, the lack of intensity
improve the quality of desnowed images. The seminal woikformation can lead to loss of ne details and color in the re-
of Garg et al. [9] proposed a model-based approach to remagnstructed images. In this paper, we propose a learning-based
occlusions such as rain by characterizing the photometric amgproach that leverages both event and intensity information
temporal properties of rain streaks. Subsequent works [28], effectively remove snow occlusions and reconstruct high-
[24], [25], [26], [27] have extended this work by proposingjuality background images in color.
various priors to model the rain streaks and snow akes. An-
other line of approach used matrix factorization to encode the Snow Datasets
correlation of background video along the temporal dimensionWhile there has been signicant progress in the eld
[14], [28], [29], [30]. of image and video desnowing, the availability of datasets

More recently, deep learning methods have also shovar training and evaluating these methods remains limited.
signi cant improvements in video desnowing [8], [31], [32],.Some existing datasets focus on image desnowing, such as
[33], [34], [35], [36], [37]. Li et al. [31] proposed a multi- Snow100K [4], which provides a large collection of synthetic
scale convolutional neural network (CNN) for sparse codirighages with snow occlusions generated using Photoshop ren-
to encode and remove the repetitive local patterns of raiering techniques [41], providing ground truth images. In
streaks at different scales. Liu et al. [33] proposed a recurreiowKITTI2012 and SnowCityScapes [5], the authors used
neural network (RNN) to turn this problem into classi catiora similar approach to generate different densities of snow
of rain pixels and then recover the background. While theseclusions on images. SRRS [6], [7] improved these models
methods have shown promising results on synthetic data, ttey included more realistic rendering of snowy scenes by
often struggle with complex weather conditions and fail tmtroducing a veiling effect and then using Photoshop to
generalize to real-world scenarios. To address the domain gepder snow akes. Since these datasets rely on Photoshop, the
between synthetic and real rain data, recent work [37] preealism of the snow occlusions is lacking, and therefore causes
poses a semi-supervised video deraining method that leveraljeted generalization to real-world desnowing of images.
a deep-learning-based dynamical rain generator and Mofigerefore, [8] proposed a new video desnowing dataset which
Carlo EM optimization, jointly exploiting both labeled syn-is rendered using Unreal Engine, providing a more realistic
thetic and unlabeled real videos for improved performance $imulation of snow occlusions. These datasets, however, do
real-world scenarios. Recently, Chen et al. [8] addressed et provide events. Recently, [17] proposed a dataset for event-
challenging task of video snow removal by introducing a higlsased image desnowing by recording snowfall using an event
quality dataset that simulates realistic snow and haze througdimera and manually annotating objects in the scene. This
advanced rendering and augmentation technigues. dataset, however, does not provide images and ground truth
background images, limiting its use for training learning-based
desnowing methods. A comparison of these datasets is shown
in Table I.

Event cameras, known for their high temporal resolution andTo the best of our knowledge, there currently exists no
robustness to motion blur, have been increasingly utilized #ataset that provides events and images for the task of desnow-
enhance traditional imaging systems [38]. This high temporialg. We therefore propose two datasets for this task, namely
resolution of events was used for de-occluding frames [39%he DSEC-Snow dataset and Slider-Snow Dataset. The DSEC-
This technique utilizes the asynchronous nature of eveBhow dataset overlays foreground data of snowfall recorded
cameras to provide additional temporal information, enablingith an event camera onto a background consisting of the driv-
more effective de-occlusion of images in real-time scenaridag dataset DSEC [16]. This process removes the complexity
Similarly, [40] introduced an unsupervised video derainingf rendering snow particles that are both photo-realistic and
method that combines event data with traditional video framegshysically accurate. Another advantage this dataset provides
By integrating these two data types, the method effectively the availability of synchronized events, images, and ground
removes rain streaks and other occlusions from video saith images. In addition to this, we also record real data of
quences, demonstrating signi cant improvements in visibilityriving in snowfall using a color DAVIS event camera, called
and clarity. Slider-Snow .

Compared to image deraining, there has been limited work
on event-based image desnowing. To the best of our knowl}!. UNDERSTANDING THE EFFECT OF SNOW ON IMAGES
edge, the only existing work is [17], which proposes a model- AND EVENTS
based approach for identifying and removing snow occlusionsThe appearance of snow in images and events is quite
from events. The method relies on statistical modeling different due to the nature of the sensors. Garg et al. [9]

B. Event-based image deraining and desnowing



resolution of the event camera, which captures the snow oc-
clusions as streaks in the x-y-t volume. This makes the task of
identifying snow occlusions in events much easier compared to
images. The streaks in the x-y-t volume are independent of the
distance and only depend on the relative difference between
background intensity and snow ake intensity. For example, in
Fig. 2 (bottom, left), the snow streak corresponding to the same
show ake is visible in front of a darker background like the
window, but not visible in front of a brighter background like
the sky. This makes the task of identifying snow occlusions
in events much easier compared to images.

A. De-occluding with events

We now describe a geometric way to solve for background
extraction using events. This algorithm is also summarized in

Fig. 2: Effect of snow on images (left) and events (right) ; .

. . Algo. 1. As a snow ake moves in front of the background, it
(Left) The appearance of snowfall in an image depends o : . - . . !
multiple factors, such as snow ake size, density, ambient iIILlc[_auses an intensity change, resulting in events being triggered.

mination, and camera exposure settings. Two such exampI é:gn';;er;s'%gls dﬁ:xe}; z;tc'?er;ucr?gsiﬁ?eggita S(blovgaiki:f
are shown within the red and blue regions. (Right) The safjE; Yir 9 9 y

show occlusions in event data are visualized on the ima\évé'tten as.

plane and x-y-t volume (bottom-right). Irrespective of the H® =1 lp=pC @
snow ake size, snow occlusions have a unique spatio-tempofal general, since the snow ake is usually brighter than
pattern in the form of streaks (bottom-right). the background, the intensity change is positive when the

snow ake is occluding the background, triggering positive
Algorithm 1 Background Intensity Estimation under Snowpolarity events. When the snow ake moves away from the
Occlusion Using Event Data background, the intensity change is negative, triggering nega-
tive polarity events. Therefore, assuming we know the intensity
of the snow ake, estimating the background intensity is simply
a matter of integrating the events over timgscaling it by
the contrast threshol@, and subtracting it from the snow ake
intensity. Thus, the background intensity can be estimated as:

Input: Polarity event strearp(t) at pixel X ; reference inten-
sity |, ; contrast threshold; time window ; [optional]
warping functionW ()

Output: Estimated background intensity at pixel X

1: |y I

2: if background is statithen g X

3 Accumulate eventsE , p(t) dt Ip=Ir pC (2)

4: Update background intensity, |, C E 0

5: else Therefore, once we have identi ed the snow occlusions (using

6: Identify warping W () along motion streaks (e.g.,events), we can recover the background intensity from the
using velocity prior) R equation above and attend to events that occur at the same

7 Accumulate warped eventg:, o W(p(t) C)dt pixel atdifferent times. In the presence of background motion,

8: Update background intensityy, |, Ey Equation. 2 no longer holds true, as the pixel before and after

9: end if the occlusion can belong to a different point. This implies that

10: return Iy the pixel at locationX ¢ being occluded at tim& could be at

location X; when it is de-occluded. Therefore, the search for
the corresponding de-occluded pixel is no longer only along

analyzed snow akes and showed that their appearance depeffi§stime dimension but also along the spatial dimension. What
not only on the size, shape, and distance from the camera, $8¢S remain true, however, is that the equation still holds in
also on the ambient illumination and camera exposure setting®, SPace, and the above equation is modi ed as follows:

This results in a wide variety of snow ake appearances in X
images, as shown in Fig. 2 (top). For example, [9] provided a o= Iy W (pC) 3)
mathematical model of how snow can appear either as bright 0

spots, streaks, or even haze depending on the distance ofiiihere W represents the warping of events along the motion
snow ake from the camera, for the same exposure settingsreak. However, estimating this warp is quite challenging,
This makes the challenge of identifying snow akes in imagesspecially when the snow occlusions are dense and overlap-
quite signi cant. ping. We follow the approach of [9], [42] to identify the
On the other hand, snow occlusions in event data hasteaks using the rain-velocity prior and use this to recover
a unique spatio-temporal pattern in the form of streaks, #® background intensity. The main difference with respect to
shown in Fig. 2 (bottom). This is because of the high tempori], [42] is that we use events instead of a set of images as



input to this method. We take events in a short time windomotion and geometry of snow ake occlusions. The events
(e.g., 5 ms) to ensure that the motion of the backgroundre rst converted to a voxel grid representation. Instead of
is minimal, and therefore the warping can be approximateelying on explicit warping or velocity priors as in classical
using a constant velocity model. Thus, the dominant motiggeometric models, EventNet employs a convolutional LSTM
is because of the snow akes and can be estimated by appro&@bnvLSTM) to capture temporal dependencies, followed by
proposed in [9], [42]. An event pixel (which we assume is a U-Net architecture for hierarchical spatial feature extraction.
snow event), will move by t wherev is velocity andt This structure enables the network to implicitly learn the
is time. In the spatial neighborhood of this event, we seargeometric properties of snow streaks from data. The output
for other events that t this motion model. This can be donef EventNet is a feature map that encodes the spatio-temporal
by iterating over a set of velocity hypotheses and for eagiatterns of snow ake occlusiorns,. , as shown in Fig. 3b.

hypothesis, and selecting the hypothesis which results in ¢, Reconstruction The image reconstruction module
maximum number of events being aligned along the motiQReg 4 hierarchical Transformer-based architecture proposed in
streak. Howeyer, It can 'b'e computationally expensive to seagh,former [2]. This Transformer fuses features from both the
over all possible velocities. Therefore, we x the speed angensity image and the processed event stream. It comprises a
only change the direction. Instead of a dense velocity grid, pigK Net_style encoder-decoder structure built upon Transformer
a small number of directions & uniformly spaced around ap,|cs \which are capable of capturing long-range dependen-
circle). For each direction, we project local events along thaleg ang aggregating contextual information across multiple
direction and measure alignment by calculating event densgé(abs, as shown in Fig. 3c. Channel attention mechanisms
along the line. and context interaction layers further enhance feature fusion
This forms our model-based approach to de-occlude teeach scale. The image and event features are concatenated
snow occlusions in images using events. As this approaghy passed through the Transformer backbone to produce a
requires several assumptlons about the snow occlusions, ¥€snowed reconstructione It replaces hand-crafted priors
also propose a data-driven approach to learn to de-occluggy expiicit motion modeling with multi-head self-attention
the snow occlusions using events, which we describe in thaq hierarchical feature aggregation, allowing the network to
following sections. learn complex, non-linear dependencies across both spatial and
temporal domains. The Transformer's ability to capture global
IV. DATA-DRIVEN DESNOWING WITH EVENT CAMERAS context serves as a learnable analog to geometric reasoning
over motion and occlusion structure, integrating information

In this section, we present our approach for desnowiqg)m both local neighborhoods and the entire image.
images using event cameras. Similar to the model-based

approach, we model the observed imagg, (x) as a com- The next st{ag_e of image reco_n'lstruc.tion cc_)mbines the Trans-
bination of the clean background imadgean (x) and the former's prediction with the original input image using the
occlusion caused by snow akek.q (X). However, instead spatigl _mask produced_ by Ever_1tNet, as detailed beldlask
of explicitly modeling the occlusion using geometric priors?’rediction and Adaptive Fusion In the nal stage, we
we aim to learn a mapping from the input image and eveﬁfzrform an adaptive, pixel-wise fusion .be.tween the _inpu_t
data to the clean image using a neural network. The design®ge and the network's de-snowed prediction. The fusion is
each component is inspired by classical geometric approacfggtrolled by the learned spatial mask generated by applying
but replaces explicit modeling with learnable modules. Af Sigmoid activation to EventNet's output feature map, which
overview of our proposed method is shown in Fig. 3. indicates t_he likelihood of occlu_sion at each pixel. Sinc_e
Problem formulation: The event strearEinu = fe g, the mask is learned f_rqm data,_ it serves as a_soft, adaptive
consists of asynchronous evergs = (x;;Vi;ti:p;), where counterpart to the explicit occlusion identi cation in geometry-

(xi;y;) represents the spatial coordinatgsis the timestamp, based approaches.

andp 2 f 1;+1g indicates the polarity of the brightness

change. The events are accumulated over the exposure time of

the camera to form a voxel grid representatio® R W B lprea = Mask lrec +(1  mask) linput 5 (4)
whereH andW are the height and width of the image, and

B is the number of temporal bins. Given an input image

linput 2 RH W 3 and the corresponding event voxel gridvherel e is the output of the Transformer backbohgput

V, we aim to reconstruct the clean imafigeq 2 R" W 2 s the original input image, anehask is the spatial mask pro-
where | yeq is the reconstructed clean image. Our approaciuced from EventNet. The operator denotes element-wise
consists of three main component$) EventNet, which pro- multiplication. This formulation can be interpreted as a data-
cesses the event stream to extract spatio-temporal patterndrafen generalization of the subtraction operation in geometry-
snow ake streaks(2) Image Reconstruction which fuses the based approaches, where the mask adaptively determines the
image and event features using a transformer; and reconstructstribution of the predicted clean image and the original
the clean image by combining the network prediction and theput. Rather than explicitly subtracting a warped occlusion
input image guided by a learned mask. estimate(as done in model-based approach), the network learns
EventNet The EventNet module is designed to extract spatithe optimal blending strategy for each pixel, guided by the
temporal features from the raw event data, which encode tinéerred occlusion geometry from the event data.



(a) Overview (b) EventNet

(c) Image Reconstruction (d) Adaptive Fusion

Fig. 3: Overview of our data-driven method for reconstructing deoccluded images using event-camera dat&vents

within the camera’s exposure time are segmented into non-overlapping spatio-temporal windows, converted into voxel-grid
representations, and processed alongside RGB images through modality-speci c feature extraction. Event features are extractec
via EventNet, which also produces a spatial mask. The reconstruction module fuses event and image features to reconstruc
the image, and adaptive fusion uses a learned mask to blend this reconstruction with the original image.

A. Loss Function The events are accumulated ovHy ms and converted to a

For training supervision, we adopt thel loss as our Voxel-grid representation withO channels.
primary reconstruction loss. The loss function is de ned as:
L= kS(H(x)) Yk, ®) V1. EVALUATION
whereS( ) denotes the proposed SnowFormer netwoKk,)
is the input snowy image, and is the corresponding ground We now describe the evaluation of our proposed method
truth image. on the DSEC-Snow dataset and the real snow dataset. We
To further enhance the perceptual quality of the restoredmpare our method with existing state-of-the-art methods for
images, we also incorporate a perceptual loss. This lossthe task of snow occlusion removal. We also perform ablation
computed on feature maps extracted from speci ed layers studies to understand the effect of events and images on the

a pretrained VGG-19 network and is formulated as: performance of our method. Our method is evaluated using
@ 1 the following metrics:
L perceptual= CHW ki (SUx)  j(Y)ky; (6) Peak Signal-to-Noise Ratio (PSNR): Higher PSNR indi-
j=t T cates better quality of the reconstructed image.
where | represents the activation of theth selected layer in Structural Similarity Index (SSIM): Higher SSIM indi-

VGG-19, andC;, Hj, andW, correspond to the number of cates greater similarity between the reconstructed image
channels, height, and width of the feature map at that layer, and the ground-truth image.

respectively. o ) In_addition, we evaluate the performance of our method on
The overall "?SS function is expressed "’.‘S a weighted Sumo‘?fwnstream tasks such as object detection, depth estimation,
the reconstruction and perceptual losses: and optical ow using their corresponding standard metrics.
L= 1L+ 2L perceptuai (7) BaselinesWe consider state-of-the-art single-image desnow-

. .. ing approaches proposed in [1], [2]. In addition, we consider
where ; and , are empirically set to 1 and 0.2, respectively, o RLp model proposed in [21], which introduces a novel
method for night-time deraining. This is speci cally consid-
V. IMPLEMENTATION DETAILS ered as the rain in the night-time sequences has a similar
We implement our method using PyTorch [43] on a singleppearance to snow occlusions. We also consider the state-
NVIDIA RTX 4090 GPU. During training, we use a batch sizexf-the-art publicly available video-based desnowing approach
of 4 and a learning rate df0 4 with the Adam optimizer [44]. S2VD [37]. Additionally, we include the E2VID [45] method,
The images and events are cropped and resiz&$6o 256. for event-based image reconstruction method.



Fig. 4: Overview of the synthetic snow dataset generation proces$siven a clean background imagk(x) and its
corresponding event streaB,,{x) and foreground snow event stredfy,.(X), we generate a synthetic snow-occluded
image Z(x) and a synthetic event streaBi(x). The haze module generates a hazy imaggd{x) using an atmospheric
scattering model [46] based on the background imh@e and its depth map. The snow module overlays snow onto the hazy
image to produce the snow-occluded imatx). Simultaneously, background evertig,,{x) and snow eventggnon(X) are
combined to generate the nal event stre&nx).

VII. DATASET the ability to generate large-scale datasets, and a benchmark to
To the best of our knowledge, there exists no dataset C(Jfﬁ/_aluate methods. Generating synthetic snow-occluded images

sisting of events for desnowing. Moreover, obtaining accura@d video has been proposed in the past [5], [8], which overlay
ground-truth for such a task is also quite challenging. Previo[R2!IStiC snow occlusions on top of clean images, providing
image-based and video-based approaches relied on simul@qynd-truth for tralnlqg and evaluation. We a(_iopt a 5|_m|Iar
datasets such as SnowCity [5], SnowKITTI [5] to train ang@PProach for generating the snow-occluded images in our
evaluate their models. However, due to the limited framerafi@f@set. The clean imagd (k)) is taken from the DSEC

of the cameras, simulating events from these videos is rit@set [16], which consists of driving sequences recorded
possible. We therefore propose to use real events recorded'{'9 2 Prophesee. ?Ven_t camera anq .RGE} camera mounted
a physical event camera for both the snow and backgroufig & car while ‘?”‘"”9 in_different cities in SW|tz_erIand.
movement. Our dataset uses a popular visual effect techni snow occlusions are separately recorded using a real
called “Chroma key compositing”. We record two independe ent camera during a sno_wfall. These snow occlusions are
sequences consisting of background motion and foregroufi¢friaid on the background image to produce a snow-occluded
motion using a real event camera and RGB camera. TH&A9€ (snow (X)), similar to the approach used in [8]. To add
foreground motion is recorded in front of a black screen {§aliStic snow image degradation, we also render haze on the
have maximum contrast between the snow particles and {P.%ckground image based on the atmospheric scattering model

background. These events are then overlaid on the backgrOt[fhg:

events as described in Section VII. To show the performance lhaze (X) = J(X) t(X)+ A (1 t(x)); (8)

of our approach with real snowfall, we also record driving

sequences in snowfall using a real event camera. We descrilferet(x) is the transmission mag, is the atmospheric light,

this in detail in Section VII-B. and J(x) is the background image. The transmission map is
computed using the depth map of the image computed by [47].

A. DSEC-Snow dataset The snow rendering is done by overlaying the snow occlusion

Accurate simulation of image degradation due to weathen the background image:
conditions has been a popular research topic as it provides a
supervision signal in the form of ground-truth clean images, Z(X) = lhaze (X)+  Aug(Esnow (X)); 9)



Algorithm 2 Synthetic Event Stream Generation Using Real
Background and Snow Occlusion Events

Input: Clean background imagd (x), background events
Ehaze(X), show eventEqnon (X), haze parametera.
Output: Snow-occluded imagg (x), synthetic event& (x).
1: Compute depth maD (x) from J(x) using a depth
estimation model [47]
2: Generate haze imad@aze (X) usingD(x),, haze parame-
tersA, and atmospheric scattering model [46]
3: Overlay snow events 0oy (X) to obtain snow-occluded
imageZ (x)

4: Initialize synthetic event streant (x) ;

5: for all eventsesnow 2 Egnow (X) do

6: Let (x;y) be the event location arnidthe timestamp

7 if j| haze(X;y) I snow (X;y)j >C then

8f A.dd Gsnow 10 E(x) Fig. 5: Example scenes from our DSEC-Snow datasett

1?)'_ endelr:)dr i consists of synchronized RGB frames(Left), Events (Middle)

dG dtruth (Right).
11: for all eventsenaze 2 Enaze(X) do and Groundtruth (Right)

12: Let (x;y) be the event location arnidthe timestamp

13: if there is no overlapping snow evest,o, at(X;y;t)
in E(x) then

14: Add epgze to E(X)

15: end if

16: end for

17: return Z(x), E(x)

whereZ (x) is the nal image, models ambient illumination
of the scene [8], andAug(Esnow (X)) is the augmentation
function that simulates the occluded image from foreground
snow events.

While such realistic rendering of snow occlusion is possible
for images, for events, generating events that simulate the real
world and the real sensor is quite challenging and still an opgn

problem [48]. We therefore propose to instead use a uniqug' 6: Examples scenes from our Slider-Snow datasdt

method to generate a synthetic dataset by combining multip?l(énS'StS of synchromzed RGB frames(Left), Events (Middle)
. and Groundtruth (Right).
event streams recorded with a real event camera, as shown

in Fig. 4. It consists of recording two event streams, orfex@mPples sequences are shown in Fig. 6. More details about
corresponding to background motion resulting from camef4r dataset can be found in the supplementary material.

movement Enaze ) and a second event stream correspondiryg Slider-Snow dataset
to the motion of occlusion such as sndidsfoy ). These events
To evaluate the model on real data, we propose to collect our

are combined using the process described below. q Evaluati ith : whall. h . .
Incorporating the “chroma key compositing” technique, wawn dataset. Evaluating with real snowfall, however, is quite

record the snow particles in front of a black screen. Theggallenging as there is no ground-truth available. We therefore
Rfopose to use a controlled setup to evaluate the performance

in the real world, using a snow machine. We use a linear slider
) ) ] to move the event camera at a xed velocity while recording

Background intensity correction: Events are only gefpg snowfall using a snow machine. This allows us to record
erated if there exists a contrast between the snow al@qences with snowfall and ground-truth data. The details

(Isnow) and the background. Since snow akes are typiypqt the setup and data generation process are shown in Fig. 7
cally bright [9], brighter backgrounds will not generate,q elaborated in the supplementary material.
events even if a snow ake moves across a bright pixel.

Background events overlap: In the case where backgrou@d Real Snowfall Driving Sequences

activity generates events at the same time as the oCgjnally, we also collect a new dataset consisting of real

clusion, priority is given to the occlusion event as thgngwfall driving sequences. We use the BeamSplitter setup of

occlusion is typically in front of the scene. the Prophesee event camera [49] and FLIR BlackFly S global
The algorithm described above is also summarized in Algo.shutter RGB camera mounted on the dashboard of the car

using two main criteria:



DSEC-Snow Slider-Snow

Method input__ PSNR __SSIM | PSNR __ SSIM
Restormer [1] | 2312 08909 2516 0.8939
SnowFormer [2] | 25.12  0.9240 17.63  0.5593
RLP [21] | 1120 05383| 10.10  0.6062
S2VD [37] V 2337 08758 25.16 0.8706
E2VID [45] E 1184 03369 1577 0.3416
Model-based E+ 2124 05656 19.81 0.6254
Ours E+1 3176 009686 24.18 0.8467

@) (b) TABLE |l: Quantitative comparison of image desnowing

Fig. 7: Overview of the experimental setupga) Our setup for Methods on our DSEC-Snow and Slider-Snow datasets/e
recording the foreground occlusion events used for generatfigrt PSNR and SSIM for each method using different input
DSEC-Snow sequence. (b) Experimental setup for our copodalities: intensity images (I), video (V), events (E), and
trolled real-world dataset. The scene was printed on a posf@th (E+1). The proposed approach, leveraging both event and
and the camera was placed on a linear slider with a xef'age data, (_jemon_strates higher image reconstruction quality
velocity. The snowfall was simulated using a snow machin€ompared existing image-based and event-based methods.

while driving in the snowfall. Of course, as there is no groundvhere our method effectively removes snow occlusions while
truth available, we only use these sequences for qualitatipeeserving ne details of the background scene.

evaluation. See examples in Fig. 6. Ablation on occlusion density We study the robustness
of desnowing methods under varying occlusion conditions in
VIIl. RESULTS Fig. 10. Each row in the gure represents a distinct occlusion

We evaluate our method on three datasets: the DSEQ?—”S.'W’ increasing from top to bottom.'As the occlgsm.n den
. Sity increases, we observe a substantial degradation in scene
Snow dataset, the Slider-Snow dataset and real-world dr{x_s'bilit and reconstruction quality for the image-onlv and
ing sequences. We benchmark against existing state-of-the art- Y . q y ge-only
. ; event-only baselines. SnowFormer and RLP exhibit noticeable
methods on the DSEC-Snow dataset in Section VIII-A and’; . ; :
) . . artifacts and loss of detail under severe occlusions, leaving
on the Slider-Snow dataset in Section VIII-B. Furthermore, : . :
bstantial snow artifacts in the reconstructed outputs. In

we provide qualitative results and comparisons on real-world )
c])ntrast, our method demonstrates consistent robustness across
|

driving datasets in Section VIII-C. The supplementary materig occlusion densities. effectively removing snow particles
includes more results, ablation studies on network architecture, . ' ey 9 / ba
. . and preserving ne scene details. These results highlight the
and evaluations on downstream tasks such as optical ow. . . . .
bene t of jointly leveraging event and image data, enabling
our approach to maintain high-quality reconstructions even in
A. DSEC-Snow Dataset highly adverse weather conditions with dense occlusions.

Table Il presents a quantitative comparison of various image
desnowing methods evaluated on the DSEC-Snow and Slider
Snow datasets, reporting PSNR and SSIM for each methodWe further evaluate our method on a real-world snowfall
The image-based approaches (Restormer, SnowFormer, dathset to assess its generalization ability beyond the synthetic
RLP) which relying solely on intensity images () showdomain. Specically, we deploy the model trained on our
moderate performance. Since RLP was trained for night-tinsgnthetic DSEC-Snow dataset and apply it directly to the
deraining, it struggled to generalize to day-time occlusior®ider-Snow dataset, which is captured under real snowfall
which is evident from the low PSNR and SSIM scores. Vide@onditions. Fig. 11 compares our method with state-of-the-
based methods (S2VD) leverage temporal information froemt image-based baselines such as Restormer [1] and Snhow-
video sequences, achieving better results than single-ima&gemer [2]. Our approach (column d) consistently produces
methods, but still fall short of the performance of our proposdsktter reconstructions compared to the original occluded image
method, as events provide high resolution temporal informgolumn a), Restormer (column b), and SnowFormer (column
tion that videos oR0 fps cannot capture. Notably, event-onlyc). Notably, in the rst and third rows, where dense snow akes
methods (E2VID) perform signi cantly worse, particularly inheavily obscure vehicle details, our method is able to restore
terms of SSIM, indicating that events alone are insuf cient fathe underlying vehicle contours and even ne-grained elements
effective desnowing in highly occluded scenes. Model-basedch as traf ¢ signs, which are either blurred or completely
fusion of events and images (E+l) shows improved PSNBst in the baseline. Table Il presents a quantitative comparison
over single-modality approaches however, the overall imagé all baselines on Slider-Snow dataset. Although certain
quality is low (indicated by low SSIM scores), suggestingnage-based baselines, such as Restormer [1] achieve slightly
that naive fusion of modalities does not capture the complaigher PSNR, qualitative comparisons indicate that they fail
spatio-temporal patterns of snow occlusions effectively. o effectively remove occlusions, as illustrated in Fig. 11.
comparison to all, our method, which fuses both event afthese qualitative improvements highlight the strength of using
intensity information (E+l), achieves the highest PSNR areVent data for temporally consistent occlusion-aware image
SSIM across both datasets, outperforming all baselines byegonstruction. By attending to motion patterns in the event
signi cant margin. Qualitative results are shown in Fig. 9stream, our model infers occluded content more robustly than

_Results on Slider-Snow Dataset
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