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Abstract

Event cameras have been applied to restore sharp
images from blurry ones with high-temporal-resolution
events. However, these event cameras typically record
in monochromatic luminance space, leading to significant
color information loss. Addressing this challenge, this pa-
per introduces EvIraDe-Net, a novel framework for color
image deblurring. It uniquely decomposes color images
into luminance terms, aligned with event streams from the
event-triggering process, and color terms that capture vari-
ations across color channels. EvTraDe-Net employs the
event fusion for luminance deblurring and an edge map
guidance for color compensation, and mutually utilizes the
luminance deblurring to optimize the image decomposition
in a task-oriented manner. It effectively reduces shape dis-
tortion and color bleeding, as validated on both synthetic
data and our new EvRGB-Deblur dataset.

1. Introduction

Conventional cameras require exposure time to open the
shutter for capturing images. However, object motion or
camera shake during this time can lead to image blur, par-
ticularly in low-light environments or high-speed scenarios.
During image formation, the blurry region can be perceived
as sharp regions convolved with a blur kernel. Unfortu-
nately, obtaining or estimating the blur kernel from blurry
images is challenging. Moreover, in most scenarios with
moving objects, the blur kernel is spatially variant, further
complicating image deblurring.

Event vision sensors [14] detect scene radiance changes
at each pixel. When the radiance change surpasses a pre-
set threshold, the event pixel triggers a signal with coor-
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Figure 1. Our goal is to deblur a blurry color image (a) for a sharp
image (b), guided by monochromatic events (c). But the chro-
matic gap between images and events leads to shape distortion
(d) and color bleeding (e), evident in results from EFNet [23] and
EDI [20]. We introduce an event-triggering-aware image decom-
position method to ease these issues (f).

dinates, timestamp, and polarity. This unique characteris-
tic allows for recording scene information with high tem-
poral resolution. Leveraging the precise motion informa-
tion encoded in event streams, blurry and sharp images can
be linked through the Event-based Double Integral (EDI)
model [20]. Building on the EDI model, learning-based
strategies [10, 15, 24, 26, 30] have been designed in the
feature domain for complementing event and image data,
reducing their data distribution gap, to obtain clearer de-
blurred results.

However, the EDI model [20] only correlates grayscale
images with monochromatic events and previous meth-
ods [23, 26] overlook the distinction in color formation
between image and event acquisition processes. It results



in shape distortion (Figure 1(d)) and color bleeding (Fig-
ure 1(e)) in deblurred images. To address these issues, the
first step is to carefully consider the “alignment” between
events and color images in the monochromatic space. That
is, deblurring should be performed with monochromatic im-
ages aligned with events, while colors are handled sepa-
rately. Recognizing that images hold color information ab-
sent in event signals, we are prompted to explore: Can a
color image be decomposed into a component aligned with
monochromatic events triggering for improving the color
image deblurring?

Conventional color and luminance separation methods
(e.g., separation with Lab transformation) do not incor-
porate events signals. In this paper, we elaborately de-
sign an event guided objective function for image decom-
position, consisting of a gradient constraint and an event-
intensity constraint. The gradient constraint ensures that
the decomposed color component remains smooth. Mean-
while, the event-intensity constraint, optimized during lu-
minance deblurring, accounts for the pixel-wise correlation
between monochromatic event signals and blurry images.
By aligning with monochromatic events through this objec-
tive function, we decompose color images into two com-
ponents: the luminance term, which is pixel-wise re-
lated to the event triggering process, and the color term,
comprising low-frequency information that does not trig-
ger event signals. After obtaining these image components,
we introduce an event fusion module for deblurring the lu-
minance term. To compensate for the blurry color term,
we utilize edge map guidance computed from the deblurred
luminance term. By recombining these deblurred compo-
nents, we finally produce sharp images from our proposed
Event-Triggering-aware image Decomposition and Deblur-
ring Network (EvTraDe-Net). Our result exhibits improved
shape distortion and less color bleeding (Figure 1(f)) by nar-
rowing the gap between color images and event signals. Our
solution makes contribution to event guided color image de-
blurring by:

* proposing an event-triggering-aware color image decom-

position strategy, separating event-related luminance term

from color term composed by:

+ an event fusion module exploiting event temporal in-
formation to prevent shape distortion;

+ a decomposition module optimized in a task-oriented
manner during training phase via mutually improving
the image deblurring;

+ an edge map guided color compensation network to al-
leviate color bleeding;

introducing the EVRGB-Deblur dataset, featuring color-

diverse scenes essential for evaluating color image de-

blurring, with paired blurry, sharp images, and corre-
sponding event streams.

Quantitative and qualitative results on both synthetic and
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our newly collected EvVRGB-Deblur dataset demonstrate
that our method outperforms state-of-the-art methods in re-
covering sharp images with more faithful color appearance.

2. Related Work

Single image deblurring. Single image deblurring tech-
niques focus on deriving deblurred results from individual
images. Traditional approaches to image deblurring either
process image features [4, 27] or utilize parametric prior
models to estimate motion kernels [17, 22], followed by
deconvolution. With the advent of deep learning, methods
employing neural networks have become dominant. No-
tably, a method for predicting deconvolution filter coeffi-
cients that are applied directly to input images was devel-
oped [1], and a deep CNN using a multi-scale framework
for end-to-end learning was introduced [ 18]. To address the
increasing complexity of these systems, the Nonlinear Ac-
tivation Free Network [3] and the Restoration Transformer
model, which processes features along the channel dimen-
sion [31], were proposed. Furthermore, the exploration of
frequency domain properties with the Transformer-based
FFTformer method was conducted [13]. Recently, diffusion
models have been introduced for image deblurring [5] with
multi-modal priors. However, due to the limited preserved
information encoded inside the blurry image, these methods
may underperform in complex real-world scenes.

Event-based image deblurring. Event-based image de-
blurring methods exploit the physical relationship between
blurry images and event data to restore sharp images.
The Event-based Double Integral (EDI) model [20] formu-
lated an iterative method to recover deblurred frames from
blurry frames and corresponding events. Building on EDI,
CNNs were employed to refine frames and enhance de-
tails [2]. More recently, the Recurrent Event-based Frame
Interpolation with ad-hoc Deblurring network was intro-
duced for general event-based frame interpolation and de-
blurring [24]. Methods to extract motion cues from event
streams for low-light image reconstruction were proposed
in [33], while novel event representations designed to im-
prove performance led to the development of the Event Fu-
sion Network [23] and the Neural Event Stack [26]. Ad-
ditionally, an exposure-guided event representation using a
self-supervised network for generalizing motion deblurring
was introduced in [32]. To handle cross-resolution gap, the
Scale-Aware Spatio-temporal Network was proposed to im-
plicitly aggregate both spatial and temporal correspondence
features of images and events in [30]. However, these meth-
ods, based on the EDI model, frequently encounter issues
such as shape distortion and color bleeding. This is primar-
ily due to the domain gap between event and RGB cameras,
which should be carefully considered when deblurring color
images using monochromatic events.



3. Proposed Method

Monochromatic event formulation. Unlike conven-
tional cameras, which capture images over an exposure pe-
riod, event vision sensors detect changes in luminance radi-
ance space without a color filter array. When the radiance
change from ¢; to ¢; at a pixel exceeds a preset threshold,
the event camera triggers a signal e = (z,y, p, t), i.e.,

||10gsz(l‘7y)—lOgS](I,y)H > ¢, (1)

where (x,y) denotes the coordinates of the triggered pixel
at latent images S; and S;, and c represents the threshold
of the event camera. The polarity p indicates whether the
pixel intensity is increasing (+1) or decreasing (—1), and ¢
is the timestamp of the event trigger. Due to the absence of
exposure time in event cameras, they achieve high temporal
resolution, making them well-suited for capturing motion
cues essential for addressing motion blur.

EDImodel. As event signals encode high-temporal infor-
mation, they directly link the latent sharp images by captur-
ing pixel value displacement, i.e.,

Sj:Si/eXp(c-p(k:))dk‘, for t(k) € (ti, 1)), (2)
k

where a sequence of events e = {x,y, p, t};, occurring be-
tween ¢; and ¢; can bridge two images through event in-
tegration using their corresponding thresholds. Integrat-
ing the latent sharp image again allows the events to link
blurry and sharp images via a double integral [20], known
as Event-based Double Integral (EDI) model, i.e.,

S1 t+T
B= —/ /exp(c -p(k))dk dt, 3)
T J k
where B and S; are the blurry image with exposure time 7'
and the sharp image at timestamp %1, respectively.

3.1. Event-triggering-aware Image Decomposition

A blurry color image can be conceptualized as the average
of multiple N images across all three channels, i.e.,

N

B(c) = %Zkzl Sk(c), ce {R,G,B}. (4
Since event cameras record radiance changes without color
information, Equation (3) can be applied only to monochro-
matic images with event signals. Although color event cam-
eras exist (e.g., DAVIS 346C [21]), they suffer from lower
resolution and mosaic issues. Directly combining color im-
ages with monochromatic events leads to image distortion
(Figure 1(d)) and color bleeding (Figure 1(e)), as the image
formation differ between event and frame-based cameras.
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Blurry image decomposition. The previous kernel-based
method [28] has attempted to decompose images into two
components and use texture component to estimate a more
accurate blur kernel. This inspires us to decompose the
color image into two components for event-related infor-
mation decoupling: one related to the luminance domain,
triggered by event signals, and the other containing color
information, observable in the blurry image, i.e.,

By, B. < D(B), ®)

where D denotes the image decomposition operator. Here,
B, represents the pixel value related to event signal trigger-
ing, and B, embodies the color information. We refer to
B, as luminance term, and to B as color term.

Objective function. Decomposing a single image is an
ill-posed problem. Traditional image conversion methods
(such as YUV and Lab), based on the human vision sys-
tem, convert RGB images with the linear transformation.
As events record the pixel value changes in the log space,
combining the luminance channel from conventional meth-
ods with events leads to color bleeding and shape distortion.

To reduce the chromatic gap between blurry color im-
ages and monochromatic events, our goal is to find a decom-
position method that is aligned with the event-triggering
process. Given that event signals record motion informa-
tion in the luminance space, and that smooth regions are less
likely to trigger events, we require By, to have a single chan-
nel, extracting blurry luminance information aligned with
the event triggering process across RGB channels. Mean-
while, we set B, to have three channels, preserving smooth
color contents, which contains non-overlapping information
with events. And objective function is:

argn};inHH(Bg, B.) — B|| + ||[VB.|| + R(Bg,e), (6)
B
where H represents the inverse operator of decomposition
operator D, and B captures smooth color information with
a smaller gradient value. R denotes the regularization func-
tion, which is implemented as evaluating the deblurring per-
formance of B4 with monochromatic event e, i.e.,

R(Bg,e) = |[peblur(Bg, e) — 84, (N

in which S is the decomposed luminance term of the sharp
image S, and Deblur is deblurring operation. Guided
by Equation (6), our decomposition method leverages the
event-triggering information and aligns images with events
in monochromatic domain, we refer to it as the event-
triggering-aware image decomposition.

A straightforward decomposition approach initially con-
verts the image to the monochromatic space, followed by
computing color term with B/B,. However, this hand-
crafted decomposition method does not account for the
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Figure 2. The pipeline of EvTraDe-Net. We first decompose the blurry image B with event-triggering-aware strategy by decoder network
fa, resulting in a luminance term By and a color term B.. The sharp image S is similarly decomposed, utilizing shared parameters. This
step is performed exclusively for subsequent supervision and to optimize the decoder in a task-oriented manner during the training stage.
And then EvLumin-Net estimates the event summation E by fusing the events e with the blurry luminance term using an event integral
module. This is followed by a bi-directional event fusion module that merges the event summation to restore the sharp luminance term
I.cc. After generating an edge map Fecqqe from the deblurred luminance term using a Laplacian kernel, we employ ImgColor-Net to adjust
the distribution of the color term, guided by edge map and events. Finally, the deblurred luminance and color terms are combined as

H(I.ec, Crec) to produce the sharp image.

pixel-wise correlation between the event signals and the
blurry image, as depicted in Equation (3). Consequently,
it cannot optimally utilize the regularization function out-
lined in Equation (7). Therefore, our decomposition strat-
egy also needs to ensure that the decomposed luminance
term is pixel-wise aligned with the events in the monochro-
matic space. We propose a multi-layer convolutional de-
coder to fit the decomposition operation D in Equation (5)
and introduce two-stage strategy to optimize both gradient
and event-intensity constraints, shown in Figure 2.

Gradient constraint. Instead of directly adopting the
gradient constraint of the color term as depicted in Equa-
tion (6), we apply the constraint to various combinations of
the luminance and color terms from sharp and blurry im-
ages. To optimize the first term of the objective function
Equation (6), we recombine the decomposed terms to mini-
mize the reconstruction error. For recombination operation
‘H referenced in Equation (6), we adopt a simple multipli-
cation of the luminance and color terms. Given that the
color term contains smooth information with less gradient
detail, exchanging the color term impacts the merged image
minimally. Thus, we utilize a cross-combination strategy
to meet the second term constraint of the objective function
Equation (6), as detailed in Sec. 3.4.

Event-intensity constraint. For the regularization term
Equation (7), we adopt the task-oriented methodology [29].
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We combine the training of image decomposition and lumi-
nance deblurring modules, which enhances the performance
of decomposing images into event-triggering-aware lumi-
nance and color terms mutually in a task-oriented manner.

3.2. Task-oriented Luminance Deblurring

Our objective function Equation (6) encourages that image
decomposition and the performance of luminance deblur-
ring are mutually reinforcing. Thus, a more effective lu-
minance deblurring method is also essential for improving
the overall decomposition performance. To address this is-
sue, we propose the bi-directional EDI model by incorporat-
ing forward and backward event temporal information. As
Equation (3) interprets the blurry image as an integration of
latent sharp images, by combining Equation (4) and Equa-
tion (5), we replace the integral operation with summation
and reformulate Equation (3) as:

S N
5SS et
i=1 ex€(t1,t;)
>

S N
FZ —Z+1
=1 er€(ti—1,t:)

Integrating Equation (2) and Equation (8), we can derive
any arbitrary sharp frame at time ¢, as:

i Bty 1) _
(N —i+1E(t;-1,t)

exp(c-pi). (8)
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izt



where E(¢;_1,t;) represents the summation of events trig-
gered by luminance changes between ¢;,_1 and ¢;, and S is
the sharp image located at timestamp ty,.

Since event streams record continuous temporal infor-
mation from ¢; to ¢y, we can also bridge the relationship
between the blurry image B and the sharp image S using
inverse event streams. By substituting S; with Sy in Equa-
tion (8), the sharp image can derived as follows:

S E (ti,t)
Sy i E (o t)

where E'(t;_1,t;) = 1/E(t;_1,t;), and S’ represents the
dual solution obtained by reversing the event streams. As
both Equation (9) and Equation (10) can restore sharp la-
tent images, we merge them when applying the EDI model
bidirectionally to produce a more reliable estimation:

S = Bg N fw(gpreagpost)»

S'=B

= Bg ' 5posta (10)

9

(1)

where f, denotes a weighted combination operator. In
Equation (11), we reformulate the EDI model by comple-
mentarily utilizing bi-directional event information. Due
to introducing more motion information encoded in the
event streams via the bi-directional path, bi-directional EDI
model is expected to restore sharper image in the luminance
space.

EvLumin-Net. As described above, accurate event inte-
gration is a key step. To this end, we propose the EvLumin-
Net tailored for luminance deblurring shown in Figure 2,
which consists of two modules: event integral module for
event integral summation and bi-directional event fusion
module for summation combination. Given that the trigger-
ing threshold is spatial and temporal variant [6], we com-
bine B and event e to obtain the event summation E:
E = M, (Bg,e), (12)
where M ;. is the implicit function of event integral mod-
ule. To better explore the relationship between the blurry
image and event streams, we employ a U-Net backbone to
fuse features from both modalities by using a dual-encoder
and single-decoder strategy, to predict event summations.
As indicated in Equation (9) and Equation (10), differ-
ent event summations carry varying weights in the merging
process. To better formulate this process, we propose a bi-
directional event fusion module to combine the initial event
summations with a dual-way position encoding. Then, we
apply a Transformer-based block [31] to obtain the final re-
stored sharp image, i.e.,

Irec :Mbi(Bg,E+PE1,E+PE2)7 (13)

A detailed proof can be found in supplementary.
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where PE1,PE; € R represent two position encoding
vectors with learned parameters, My; represents the im-
plicit function of bi-directional event fusion module, and
I,.. is the deblurred luminance term. Note that we as-
sign the same position encoding value to each channel of
the event summation. Since the original Transformer block
only computes self-attention, to better utilize the luminance
cues in the blurry image, we introduce a cross-Transformer
block with cross-attention mechanism, where the key vec-
tor is derived from the blurry image feature maps. After
extracting and fusing the feature maps from the event sum-
mations and blurry image, we use multiple convolution lay-
ers to reconstruct the final sharp image.

Overall, during the luminance deblurring stage shown
in Figure 2, EvLumin-Net calculates the event summation
using appropriate thresholds and fuses features from the
blurry image with event integral module. After obtaining
the initial event summations over different time intervals,
we elaborately design a bi-directional event fusion module
to merge the image features and event summation, finally
restoring the deblurred luminance image.

3.3. Color Compensation

Since event signals are recorded in monochromatic space,
directly combining them with color terms is not feasible.
Thus, we decompose blurry images first and deblur lumi-
nance terms, processed with pixel-wise aligned event sig-
nals. Since deblurred luminance term delineates the bound-
aries of regions within the images, we propose an edge map-
guided color compensation strategy, to compensate non-
overlapping color information.

ImgColor-Net. Guided by edge map computed from the
deblurred luminance term, we employ another U-Net back-
bone, named ImgColor-Net, to reconstruct color terms. Fur-
thermore, increased event triggering at the same pixel sug-
gests greater color displacement. Therefore, we first fuse
the events and edge map and then use the resulting features
to compensate chromatic information in the color term, i.e.,

Crec = fc(Bca-Fedgea e)7 (14)

where F.qge is the edge map computed from the de-
blurred luminance term I..., f. is the implicit function of
ImgColor-Net and C,.. is the deblurred color term.

As depicted in Figure 2, we extract the edge map from
the deblurred luminance term I... using a Laplacian ker-
nel. Before fusing the color term features, we combine the
edge map and events using a convolution layer and an SE
block [8]. These are fed into a U-Net to reconstruct the de-
blurred color term, which adjust the blurry color term B, to
the sharp one S, in feature domain, guided by events and
edge maps. After reconstructing the color term, we can ob-
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Figure 3. Visual quality comparison on REDS dataset [19]. (a) Blurry image. (b) Events. (c) Ground truth. (d)~(1) Deblurred results of
ours, NAFNet [3], Restormer [31], FFTformer [13], EDI [20], EFNet [23], NEST [26], REFID [24], and MAENet [25].

tain the sharp image by merging the deblurred color term
with the luminance term.

3.4. Implementation Details

Loss function. The loss function of EvTraDe-Net, con-
sists of two components: decomposition loss and recon-
struction loss. The decomposition loss L is defined as:

Lq= ZHXC S — 8| +Z||Xc'Bq - BJ[, 15)

where B and S represent the blurry and sharp images, re-
spectively, X. is the color term of blurry image B or sharp
image S. The reconstruction loss £, is defined as:

Er = 61£2(Srecy S) + ﬁ2£perc(sreca S)v (16)

where S, is the deblurred image, £ and L., repre-
sent the mean squared error (MSE) loss and perceptual loss
based on a pretrained VGG-16 network, and 31 and (3, are
hyper-parameters, empirically set to 10 and 0.5 in our ex-
periments, respectively. The total loss is optimized jointly
as:

L=a1Lyq+ 2Ly, A7)

with a1 and s set to 1 and 0.1, respectively.

Training details. We adopt a two-stage training strategy
for EvTraDe-Net. In the first stage, we train the decoder
network and EvLumin-Net using both the decomposition
and reconstruction losses. For computing the reconstruc-
tion loss, we directly combine the deblurred luminance term
I... with the decomposed color term B.. By jointly opti-
mizing image decomposition and luminance deblurring, de-
coder network is trained in a task-oriented manner.

In the second stage, we freeze parameters of decoder net-
work and EvLumin-Net, and train ImgColor-Net with the
reconstruction loss. We implement our method using the
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PyTorch platform on an NVIDIA RTX 3090 GPU. For each
stage, we train our network for 100 epochs with the AdamW
optimizer and a cosine learning rate scheduler. The initial
learning rates are set to 1 x 1072 and 1 x 10~* for the first
and second stages, respectively.

4. Experiment

Synthetic Dataset. We perform both quantitative and
qualitative experiments on the REDS dataset [19] and the
GoPro dataset [18]. For event data simulation, we first inter-
polate the frame rate by a factor of 16 using RIFE [9]. Event
streams are then simulated from high-frame-rate videos us-
ing the DVS-Voltmeter [16], while blurry images are gener-
ated by averaging sharp images over a sequence.

Our approach is evaluated against three image-based de-
blurring methods: NAFNet [3], Restormer [31], and FFT-
former [13], as well as five event-based methods: EDI [20],
NEST [26], EFNet [23], and REFID [24], and MAENet
[25]. To measure the quality of deblurred images, we uti-
lize commonly adopted metrics: PSNR and SSIM. Quanti-
tative comparisons are presented in Tab. 1, and qualitative
comparisons are shown in Figure 3. Our method demon-
strates superior performance compared to other state-of-the-
art approaches on both metrics, effectively restoring more
texture details encoded within the event streams and pro-
ducing deblurred images with reduced color bleeding and
fewer artifacts. Image-based methods (NAFNet [3] and
Restormer [31]) fail to recover high-frequency details. And
event-based methods (REFID [24], MAENet [25]) suffer
from color bleeding, as highlighted in the blue box in Fig-
ure 3, since they did not properly solve the domain gap be-
tween the color images and monochromatic events.

EvVRGB-Deblur Dataset. We evaluate our method on a
real-world dataset [7] to assess its performance. The quan-
titative results are provided in Tab. 1, while the qualitative



Table 1. Quantitative comparisons on the three benchmark datasets [7, 18, 19]. The “Event” column specifies whether methods require
events as input (Yes [v'] or No [X]). The best performances are highlighted in bold.

Method Event REDS [19] GoPro [18] EventAid-B [7]
PSNR 1 SSIM 1 PSNR 1 SSIM 1 PSNR 1 SSIM 1

NAFNet [3] X 26.13 0.795 33.69 0.967 26.00 0.694
Restormer [31] X 29.27 0.874 32.92 0.961 26.06 0.680
FFTformer [13] X 29.19 0.881 3421 0.969 25.09 0.660
EDI [20] v 25.16 0.800 29.06 0.943 26.63 0.656
NEST [26] v 3239 0.919 34.59 0.967 19.89 0.576
EFNet [23] v 32.46 0.930 35.46 0.972 26.72 0.681
REFID [24] v 32.54 0.930 3591 0.973 26.19 0.765
MAENet [25] v 31.91 0.917 36.07 0.976 26.01 0.744
Ours v 33.08 0.938 36.67 0.980 27.28 0.800

W A7 -]-

(d) Ours (e) NAFNet (f) Restormer

: ::

(¢) FFTformer (h) EDI (i) EFNet (j) NEST (k) REFID (I) MAENet

Figure 4. Visual quality comparison on EventAid-B dataset [7]. (a) Blurry image. (b) Events. (c) Ground truth. (d)~(1) Deblurred results
of ours, NAFNet [3], Restormer [31], FFTformer [13], EDI [20], EENet [23], NEST [26], REFID [24], and MAENet [25].

results are shown in Figure 4. These results highlight the spatial alignment through camera calibration. This novel
effectiveness of our method in restoring sharp images from dataset empowers a more comprehensive evaluation of the
blurry ones in real-world scenarios, demonstrating its prac- performance of event-based color image deblurring meth-
ticality and robustness. ods. Detailed dataset comparison can be found in the sup-
However, existing datasets [7, 11, 12] do not contain plementary material.
a sufficient number of color-diverse scenes, which are es- Qualitative comparisons are in Figure 5 and quantitative
sential for evaluating the performance of color image de- comparisons in Figure 6. As demonstrated in the radar plots
blurring methods. Thus, we introduce the EVRGB-Deblur within Figure 6, our method consistently outperforms other
dataset, which utilizes a hybrid camera system to collect state-of-the-art techniques on both metrics. Notably, our
a set of paired blurry and Sharp images’ along with cor- method exhibits Signiﬁcant improvements on PSNR in the
responding event streams. And we capture data under ten case of group #6, which involves a rotating fan and colorful
different lighting conditions, incorporating a variety of col- blocks. We further illustrate an example from group #6 in
orful objects (e.g., cube and colorchecker). Each scene con- Figure 5. As the results shown, MAENet deblurred image
sists of 100 paired data points, resulting in a total of 1000 exhibits color bleeding (blue box), and NEST shows shape
image-event pairs. distortion (red box). However, our method manages to pre-

To obtain the blurry images, we set the exposure time serve sharper edges and exhibits less shape distortion.

as 50ms, while for sharp images, the exposure time is set

to Sms. The captured blurry images have a frame rate of Decomposition Validation. To validate the improve-
24 FPS, aligning with standard datasets, such as the GoPro ments offered by our proposed decomposition method, we
dataset, which has a frame rate of 30 FPS. We achieve tem- conduct an experiment involving the deblurring of the lu-
poral synchronization using a signal generator, and ensure minance term using the EDI method (denoted as EDI¥),
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Figure 5. Visual quality comparison on real-captured EVRGB-Deblur dataset. (a) Blurry image. (b) Events. (c¢) Ground truth. (d)~(1)
Deblurred results of ours, NAFNet [3], Restormer [31], FFTformer [13], EDI [20], EFNet [23], NEST [26], REFID [24], and MAENet [25].

== EDI NEST
MAENet == REFID

==EFNet == Ours

Figure 6. The quantitative results on EVRGB-Deblur dataset. In
the radar plots, performance improves with distance from the cen-
ter. The 11 axes in each radar plot correspond to 10 groups and
average results across all groups.

Table 2. Quantitative results of decomposition validation.

EDI EDI* Lab YUV  Ours
PSNR 25.16 31.64 30.67 30.39 33.08
SSIM  0.800 0911 0923 0.897 0.938

to verify that the luminance term is pixel-wise correlated
with the event signals as depicted in Equation (3). Fur-
thermore, we input the separable L / Y and ab / UV chan-
nels into EvLumin-Net and ImgColor-Net, respectively (de-
noted as Lab and YUV), to compare the conventional color
transformation method with our decomposition approach.
Additionally, we explore the effectiveness of using the
multiplication to implement combination operation H in
Equation (6) (denoted as Add). The results, presented in
Tab. 2, demonstrate the effectiveness of our proposed event-
triggering-aware strategy. Specifically, we show the visual
comparison between EDI* and vanilla EDI method [20] in
Figure 7. As the results shown, EDI* can restore sharper
edges, since inputting our decomposed luminance term sig-
nificantly enhances its performance.

5. Conclusion

In this paper, we introduce a novel approach to color image
deblurring with monochromatic event signals. Our event-
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(a) EDI (b) EDI*

Figure 7. Visual comparison between the original EDI
method [20] (a) and EDI* (b).

triggering-aware decomposition method allows for a more
effective deblurring process. By employing the EvLumin-
Net and ImgColor-Net for the decomposed luminance and
color terms, our method achieves significant improvements
in reducing shape distortion and color bleeding. Besides,
the proposed EVRGB-Deblur dataset offers a more compre-
hensive tool for evaluating deblurring methods.

Limitation. Despite the notable achievements of our
method, several limitations remain. In terms of color
restoration, accurately recovering the saturation of the de-
blurred image is challenging, as it is difficult to infer from
both the event streams and blurry images. Moreover, the
integration of mosaic RGB events with color images, espe-
cially in contexts where color fidelity is crucial, remains a
topic for further exploration.
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