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Abstract

Traditional motion deblurring methods struggle to effec-
tively model motion information within the exposure time.
Recently, event cameras have attracted significant research
interest for its ability to model motion cues over the expo-
sure duration. However, these methods directly fuse event
features with image, overlooking the intrinsic heterogeneity
of events. In this paper, we identify that the event modality
contains two conflicting types of information: edge features
and motion cues. Events accumulated over a short expo-
sure period capture sharp edge details but lose motion in-
formation, while those accumulated over a long exposure
period blur edge details due to motion. To address this is-
sue, we propose a simple yet effective approach to disen-
tangle these two cues from event features and employ an
edge-aware sharpening module along with motion-driven
scale-adaptive deblurring module to fully leverage both.
Specifically, the first module aids in restoring sharp edges
by leveraging the clear edge features provided by events,
while the second module leverages motion cues to learn di-
verse blur kernels, adaptively adjusting the receptive field
for optimal deblurring. Extensive experiments on synthetic
and real-world datasets validate the effectiveness of our
approach and yield a substantial improvement over state-
of-the-art single-frame methods and surpasses most multi-
frame-based methods. Code will be publicly available.

1. Introduction

Motion blur is often caused by camera shake or the move-
ment of objects. The task of motion deblurring [1, 8, 19-21]

*Corresponding author.

Figure 1. (a) Visualization of SCER(Symmetric Cumulative Event
Representation) [35]. (b) Previous fusion methods between events
and image. (c) Ours. Separate events into edge features and mo-
tion cues.

aims to recover sharp images from blurred ones by restor-
ing clear edges and capturing fine details, ultimately en-
hancing the image quality. However, since image features
lack the ability to model motion cues over the exposure
time, they cannot accurately estimate the variant blur ker-
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nels present in real-world scenarios. This limitation often
results in subpar performance of current methods on real-
world datasets. Recently, event cameras [2, 9], bio-inspired
sensors that asynchronously capture changes in pixel inten-
sities, have been leveraged to aid motion deblurring thanks
to their microsecond-level latency and low power consump-
tion.

Several studies [6, 11, 35, 47, 48] aim to integrate image
and event features to enhance deblurring performance. For
example, Sun et al. [35] introduced EFNet, which considers
the inherent differences between event and image modal-
ities and utilizes a cross-attention mechanism, improving
upon previous methods that relied on simple concatenation
or addition for feature fusion. Kim et al. [12] discovered
that event streams contain both clear edge and motion cues
and proposed a novel attention-based fusion method, al-
lowing them to leverage these event characteristics to ex-
tract discriminative channel and spatial information from
the blurred image features. Their approaches directly com-
bine the heterogeneous cues contained in events (edge and
motion) with RGB features indiscriminately. However, we
find that sharp edge features and detailed motion cues are
inherently conflicting in their representation and previous
one-step fusion approaches [12, 35, 36] tend to bias the
event modality toward capturing either edge or motion in-
formation, leading to suboptimal results. Specifically, as
shown in Figure | (a), it is obvious that events provide sharp
edge features within short exposure times(the 2" column),
while accumulating the motion trajectory of objects over the
entire exposure period(the 3"% column). Therefore, sharp
edges typically lack motion information, whereas represen-
tations rich in motion cues often compromise edge clarity.
As a result, previous one-step fusion methods make it chal-
lenging for the model to accurately learn both edge and
motion features from events, leading to coarse edges and
blurred textures(Figure 1 (b)). Our insight is that edge
and motion should be modeled separately and then inte-
grated with RGB to respect both perspectives and avoid
conflicts. To restore sharp edges and clear textures, we
propose an Edge-Aware Sharpening module and a Motion-
Driven Scale-Adaptive Deblurring module to independently
harness the sharp edge features and rich motion cues pro-
vided by the event stream (Figure | (c)). Contributing to
much better leverage of edge and motion cues, our model
shows significant improvements in deblurring on both edges
and textures compared to previous methods.

A straightforward approach to restore sharp edges is to
utilize event features accumulated during a short exposure
(the second column in Figure | (a)) as edge information
and fuse them with image features, but sacrificing the com-
plete event features captured over the full exposure dura-
tion. Besides, relying on a fixed time interval to capture
sharp edge features is unreliable, as varying motion speeds

result in different event trigger frequencies: excessive event
accumulation can obscure edge details, while insufficient
events may fail to capture edges fully. Therefore, our Edge-
aware Sharpening module combines both short-exposure
event features with complete event cues, using the former
as an edge prior to extract complete edge cues by perform-
ing cross-attention with the latter.

As for motion cues, previous work [11, 14—16, 44] has
typically utilized events as a substitute for optical flow to
align frames, achieving significant advancements in video
motion deblurring. Some works [11, 33] have used event to
predict optical flow for frame-to-frame alignment. FEVD
[15] and CMTA [14] adopt the concept of “synthesis-based
alignment” [13, 39, 40], directly using RGB images and
events to achieve frame-to-frame alignment without rely-
ing on intermediate steps like optical flow prediction. How-
ever, these approaches overlook the crucial role that motion
cues play in motion deblurring: different motion patterns
yield diverse blur kernels. By leveraging motion cues, we
can explicitly estimate blur kernels for various motion pat-
terns, enhancing the model’s ability to adapt to a wide range
of blurring scenarios. To effectively learn blur kernels of
varying scales, previous studies [34, 37, 46] have attempted
to expand the receptive field by adding more convolutional
layers or using larger convolutional kernel sizes. However,
traditional convolutional kernels have a fixed size, which
limits their robustness when handling diverse blur kernels,
reducing the model’s adaptability in real-world scenarios.
In our work, inspired by [22, 38, 42], we propose a Motion-
driven Scale-adaptive Deblurring module that leverages the
rich motion cues provided by the event stream to explic-
itly estimate different blur kernels, enabling adaptive ad-
justments to the receptive field to better accommodate a va-
riety of blur patterns. By leveraging motion cues effectively,
our single-frame motion deblurring model achieves perfor-
mance that surpasses most video-based approaches.

In summary, our contributions are as follows:

(1) We find that the edge and motion cues provided by
the event stream exhibit a conflict in their representation
which is unexplored in the event community. To address
this, we propose an Edge-Aware Sharpening module and a
Motion-Driven Scale-Adaptive Deblurring module to effec-
tively utilize these two distinct features.

(2) We find that motion cues are instrumental in learn-
ing variant blur kernels. Building on this insight, we utilize
motion cues to achieve adaptive adjustments to the receptive
field to accommodate variant blur kernels.

(3) Conducting extensive experiments on both synthetic
and real-world datasets, our method demonstrates supe-
rior performance, significantly surpassing existing single-
frame-based approaches and even most multi-frame-based
methods.
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2. Related Work

2.1. Frame-based Motion Deblurring on Image

With the advancement of deep learning, convolutional neu-
ral networks (CNNs) have been increasingly applied to
the motion deblurring. To better handle non-uniform and
varying blur kernels, researchers have primarily explored
three technical approaches: multi-scale architecture designs
[7,10, 18, 34, 37, 46], more sophisticated decoders [26, 29],
and novel network layer designs [22, 30]. For example,
SRN(Scale-Recurrent Network) [37] achieves deblurring of
high-resolution images by guiding the process with low-
resolution images through a multi-scale input-output ap-
proach. However, traditional convolutional kernels have
spatial uniformity and a fixed receptive field, which makes
them suboptimal for modeling dynamic scene deblurring.
Although Li et al. [22] introduced deformable convolution
to fit blur kernels of varying sizes, their approach still faces
challenges in fitting non-uniform and varying blur kernels
due to limited motion cues. In our work, we incorporate the
event modality, leveraging its high temporal resolution and
utilize deformable convolution to address this issue effec-
tively.

2.2. Event-based Motion Deblurring

Early work, based on the imaging principles of event cam-
eras and the process of how blurred images are gener-
ated, proposed the Event Double Integral (EDI) model
[28, 47, 48]. However, due to the uncertain event-triggering
thresholds and abundant noise, these methods have not
yielded satisfactory results.

Other approaches [6, 12, 35, 36] focus on fusing event
and image features, training a deblurring network in an end-
to-end fashion for improved performance. For example,
EFNet [35] utilizes cross-attention mechanism to fuse fea-
tures from both modalities. REFID [36] employs bidirec-
tional event recurrent (EVR) blocks to extract features from
the event streams and introduces an Event-Guided Adaptive
Channel Attention module to uncover discriminative chan-
nels within the event features. However, these approaches
integrate event and image features in a single step, failing
to fully account for the edge and motion cues inherent in
the event features. In our research, we highlight that event
features contain two inherently conflicting aspects: distinct
edge information and abundant motion cues. Specifically,
distinct edge features help restore the object’s sharp bound-
aries, while abundant motion cues assist the model in learn-
ing diverse blur kernels, leading to better recovery of the
object’s texture details. To leverage each optimally, we in-
troduce an Edge-Aware Sharpening module and a Motion-
Driven Scale-Adaptive Deblurring module.

To utilize the rich motion cues offered by events, sev-
eral studies [11, 14, 15, 33] focus on employing the event

modality to handle video motion deblurring tasks. For
example, FEVD [15] and CMTA [14] adopt the concept
of “synthesis-based alignment”, utilizing bidirectional re-
current networks and cascade networks respectively, to
achieve frame-to-frame alignment. However, these works
use events for frame-to-frame alignment, overlooking the
role of motion cues in learning variant blur kernels. In this
paper, our Motion-Driven Scale-Adaptive Deblurring mod-
ule effectively leverages motion cues to guide the adjust-
ment of the model’s receptive field, enabling it to adapt to
diverse blur kernels. This approach ensures robust handling
of various motion patterns and achieves competitive perfor-
mance, even compared to state-of-the-art video-based meth-
ods.

3. Method

Firstly, we introduce the main architecture of our model in
Sec. 3.1. In Sec. 3.2, an Edge-aware Sharpening module
is proposed to utilize sharp edges captured during short ex-
posure times from event to restore the clear boundaries of
deblurring objects. In Sec. 3.3, to adaptively learn variant
blur kernels, in the Motion-driven Scale-adaptive Deblur-
ring module, we propose using motion cues to explicitly
estimate the blur kernels associated with different motion
patterns, enabling the model to adaptively adjust its recep-
tive field for improved deblurring performance.

3.1. Model Architecture

Event-based image motion deblurring aims to recover sharp
images from a blurred image B and an event stream £. We
use SCER [35] to represent the event(£ = {E; fi\'o*l). As
shown in Figure 2, based on EFNet [35], our model consists
of two U-Net [32] networks. During the first stage, an event
encoding branch extracts multi-scale features from the event
stream £.

{FFY_ = Res(€) (1)

Event features encompass both object edge information
and motion cues. Previous approaches [12, 14, 35] of-
ten fused these event features directly, which can cause
edge information and motion cues to conflict, leading to a
model that neither fully utilizes the events to sharpen object
edges nor effectively exploits the motion cues for deblur-
ring. Specifically, event stream contains clear edge features
from short exposure durations and motion cues accumulated
over longer exposure times. This one-step fusion approach
can easily cause the model to neglect one aspect of the event
information. Therefore, an Edge-aware Sharpening mod-
ule and a Motion-driven Scale-adaptive Deblurring module
are proposed to fully leverage the features contained in the
event stream respectively.

{FIYo: = p(fi(Res(FLy), FEFP), M) ()
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Figure 2. The main architecture of our model. Based on EFNet [35], we propose a two-stage U-Net architecture to achieve coarse-to-
fine motion deblurring. During the first stage, we separate event into edge features and motion cues to guide the model: edge features
enhance the recovery of sharp image edges with an Edge-aware Sharpening module, while motion cues help the model learn diverse blur
kernels through Motion-driven Scale-adaptive Deblurring module. In the second stage, similar to EFNet, the output from the first stage is
concatenated with the original blurred image. An EMGC (Event Mask Gated Connection) [35] module is then applied to enhance features

specifically in the regions events triggered.

where f; means Edge-aware Sharpening module and fo
means Motion-driven Scale-adaptive Deblurring module.
F¢ and F;" represent edge features and motion cues from
the event stream & respectively. Next, a standard U-Net de-
coder layer with skip connections is employed to predict the
deblurred image It

{D{}}_, = Res(D]_,, F}) 3)
Jinitial _ conv3X3(D?I)) 4)
Ly = PSNRLoss(I™! T) 5)

Considering that event-triggered areas often suffer from
more severe blur, in the second stage, the deblurred im-
age I™m*iel i concatenated with the blurred image B and
then processed through another U-Net network to focus on
restoring the event-triggered areas. EMGC(Event Mask
Gated Connection) [35] module generates masks from
events to create skip connections from the first stage to the

encoder of the second stage, guiding the model to concen-
trate on event-triggered areas. The encoder layer can be
represented as:

EMGC(F!, DI = conv(F}) + conv(F} x (1 — M))
+ conv(D!) + conv(DI x M) (6)

{F/}Y_, = Res(FL,) + EMGC(F{,D{)  (7)
where M represents the mask generated from event stream
£. Pixels where events triggered are set to 1, while others
are set to 0. As aresult, feature maps from encoder overlook
the event-triggered areas, which may contain severe blur,
while feature maps from the decoder enhance these regions,
reflecting the restored blurred content. Finally, the final de-
blurred result 77" is obtained after processing through a
decoder identical to the one used in the first stage. Loss
function is expressed as follows:

Ly = PSNRLoss(I7" I) (®)
L=wxL+(1-w)x Ly )
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3.2. Edge-aware Sharpening Module

As shown in the second column in Figure 1 (a), the accumu-
lation of events over a short period often provides clear edge
features of objects, which help restore sharp boundaries
for blurred objects. Consequently, FEVD [15] employs
fast Fourier transform to simultaneously capture the high-
frequency signals, which typically contain detailed edge
cues, from both events and images. However, event fea-
tures often contain abundant motion cues, which can blur
the sharp edge features and make it difficult to extract clear
edge information from events. On the other hand, even ob-
jects undergoing rapid motion can accumulate clear edge
features within short exposure times. This characteristic is
particularly valuable for preserving fine details, as edges
play a crucial role in maintaining the integrity of object
boundaries and structures in the image. However, when
combined with motion cues, which are more prominent in
longer exposure times, these edge features can become di-
luted or lost. Therefore, it is essential to selectively enhance
the edge information from the event stream to ensure that
sharp boundaries are preserved, while still utilizing the mo-
tion information to handle blur effectively.

To address this issue, we propose an Edge-aware Sharp-
ening module that firstly combines the event features accu-
mulated over a short period with the image to enhance the
edges of moving objects. These enhanced features serve
as queries, allowing the attention mechanism to effectively
integrate the edge features from the event stream. Specifi-
cally, SCER [35] uses the midpoint as a reference and ac-
cumulates 2 x N frames of events symmetrically from this
point. We select the channels closest to the midpoint as edge
priors to enhance the image features. Thus, our Edge-aware
Sharpening module can be represented as:

Ff = conv(En-1|EN) (10)
fl(ReS(Fil—l)vFievﬂE) =
Att(conv(Res(Fiﬂl)||Fie),FiE,FiE) (11)

where || means connection between features and
Att(z,y,z) denotes an attention mechanism where z
serves as the query, y as the key, and z as the value.

3.3. Motion-driven Scale-adaptive Deblurring
Module

Previous approaches have often concentrated on utiliz-
ing event streams for frame-to-frame alignment to achieve
video motion deblurring. However, these methods fre-
quently overlook the importance of motion features in the
context of static image deblurring. The motion cues of ob-
jects during exposure time help us explicitly learn variant
blur kernels.

As shown in the third column in Figure 1 (a), the girl
exhibits a larger blur kernel, causing the edges accumulated

in the event stream to appear broader and more diffused.
This effect is in stark contrast to the background crowd,
where the blur kernel is smaller due to less motion, result-
ing in sharper and more defined edges in the event accu-
mulation. These varying blur kernels indicate differences
in the degree of motion across the scene, which are essen-
tial for accurately restoring fine textures in the deblurring
process. To effectively handle such diverse blur kernels, we
introduce a Motion-driven Scale-adaptive Deblurring mod-
ule that adaptively adjusts the convolutional receptive field
based on the degree of motion captured in the event stream.
This is achieved through the use of deformable convolu-
tions, which enable the network to learn dynamic and spa-
tially flexible convolutional kernels. This approach allows
the model to handle both large, motion-induced blur (such
as that of the girl) and smaller, subtle blur (such as that of
the background crowd) simultaneously, improving the over-
all deblurring performance.

As mentioned earlier, the event stream contains both
edge and motion features. To highlight the motion cues
of objects, it is essential to separate the motion cues from
the event features. Specifically, we use events from both
sides of SCER as motion priors (Fy and Fsn_1) and ap-
ply cross-attention to capture detailed motion cues from the
event features.

F™ = Att(conv(Ey||Ean—1), FE, FF) (12)

Then, we calculate offsets with the motion cues to explic-
itly estimate variant blur kernels with different scales, and
employ deformable convolutions to capture contextual fea-
tures, enhancing the ability to express blur effectively.

© = conv(F™) (13)

fa(f, F{") = DCN(f,0) (14)

where © means the offsets of deformable convolution.

4. Experiment

4.1. Datasets and Experimental Setup

Synthetic Dataset. To make a fair comparison with previ-
ous methods based on events and images, we selected the
GoPro dataset [27], which is widely used for deblurring
tasks. We utilized ESIM [31] to generate the event stream,
applying the same parameters as other studies, specifi-
cally using a Gaussian normal distribution with parameters
N =0.2,0 = 0.03).

Real-world Datasets. To validate the deblurring capabili-
ties of event data in real-world scenarios, REBlur [35] col-
lects events from Dynamic and Active Pixel Vision Sen-
sor (DAVIS) [2] in real environments and uses an electron-
ically controlled stepping motor to relocate the slide-rail
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to the coordinate corresponding to the timestamp t. How-
ever, DAVIS-346 camera has low image quality and reso-
lution. Therefore, high resolution and quality event-based
real-world deblurring datasets REVD [15] and EVRB [14]
are proposed with Triple-axis Hybrid Camera System.
Evaluation Metrics. PSNR (Peak Signal-to-Noise Ratio)
and SSIM (Structural Similarity Index Measure) [43] are
proposed to assess image quality. PSNR calculates the
ratio of signal power to noise, with higher values indi-
cating closer similarity to the reference image, though it
mainly reflects pixel-level fidelity. SSIM, on the other hand,
measures structural, luminance, and contrast similarities,
providing a more perceptually relevant quality assessment,
with values closer to 1 indicating better similarity.
Implementation Details. Our model supports end-to-end
training with a batch size of 16. The N of SCER [35] is set
to 8. For data augmentation, we randomly crop images to
256 x 256 pixels and apply random horizontal and vertical
flips. We chose Adam [17] as the optimizer. Training runs
for 400,000 iterations, starting with a learning rate of 2e-4,
which is progressively reduced to a minimum of le-7 using
CosineAnnealinglLR [25].

Table 1. Quantitative results on the GoPro [27] dataset. 1 indicates
that higher values correspond to better performance. The numbers
in “()” indicate the publication year of the referenced papers. In
the second column, “Single” in black means frame-based method,
and red represents methods based on single-frame and event while

means multi-frame event-based methods. The best results
are indicated in bold.

Frames for Metrics

Inference | PSNR 71 | SSIM +
Single 3292 | 0.961
Single 33.69 | 0.967
Single 3421 | 0.969
Single 33.93 | 0.968
Single 33.83 | 0.968
Single 31.79 | 0.949
Single 35.07 | 0971
Single 3546 | 0.973
Single 36.12 | 0.971

Method

Restormer [45] (227)
NAFNet [4] (227)
FFTformer [18] (23°)
GRL-B [23] (23")
MLWNet [10] (24°)
Jianget al. [11] (207)
REDNet [44] (217)
EFNet [35] (22°)
SpkNet [5] (23”)

D?Nets [33] (21°) 31.76 | 0.943
UEVD [12] (22°) 3548 | 0971
REFID [36] (23") 3591 | 0.973

FEVD [15] (24°) 36.70
CMTA-5 [14] (247) 36.55 | 0.977
CMTA-7 [14] (24°) 0.977
Ours Single 36.70 | 0.977

4.2. Compared to State-of-the-art Methods

Synthetic Dataset. We evaluate our proposed network
against state-of-the-art motion deblurring methods on the

Table 2. Quantitative results on three real-world datasets.

Frames for Metrics
Dataset Method Inference |PSNR 1 |SSIM 1

SNR+ [37] Single 36.87 | 0.970

HINet+ [3] Single 37.68 | 0.973

REBlUrl peNet[35] | Single | 3812 | 0.975

Ours Single 38.53 | 0.977

UEVD [12] 30.55 | 0915

EFNet [35] Single 30.98 | 0.927

EVRB | REFID [36] 30.33 | 0918
CMTA [14]

Ours Single 32.05 | 0.936

eSL-Net [41] Single 26.99 | 0.787

EFNet [35] Single 31.75 | 0.920

REVD | REDNet [44] Single 31.90 | 0.920

UEVD [12] 31.97 | 0.921
FEVD [15]

Ours Single 32.14 | 0.922

GoPro [27] dataset. The comparison covers three cate-
gories: frame-based image deblurring, event(spike)-based
image deblurring and event-based video deblurring. As
shown in Table 1, in comparison to SpkNet [5], the ex-
isting state-of-the-art spike-based image motion deblurring
method, our model achieves an impressive performance
boost of +0.58 dB. Moreover, compared to CMTA [14], the
leading video motion deblurring method, our single-frame
model outperforms CMTA-5 (which uses five frames for in-
ference) by +0.15 dB and is only —0.08 dB behind CMTA-
7. Thus, our model demonstrates the remarkable effective-
ness of event features in the task of image motion deblur-
ring. We show qualitative results on GoPro in Figure 3,
RVRT [24], a video-based motion deblurring method, mod-
els long-term temporal dependencies to provide contextual
references for deblurring the current frame. MLWNet [10]
stands as the leading single-frame motion deblurring ap-
proach, while EFNet [35] is an event-based image deblur-
ring method. It’s evident that our approach achieves supe-
rior detail restoration compared to these previous methods.

Real-world Datasets. To assess our model’s effectiveness
in real-world settings, we utilized three datasets: REBlur
[35], REVD [15], and EVRB [14]. For REBIlur, given its
limited dataset size, we first train the model on the GoPro
[27] dataset and then finetune it on REBlur training set. For
FEVD and EVRB, we retrained the model according to the
training and testing set splits provided in the official guide-
lines. As shown in Table 2, our method surpasses event-
based image motion deblurring approaches across all three
datasets and even outperforms the current top video-based
methods on EVRB [14].

14737



Blurred

Image
RRT | \ .

M| \ \
EPNet \

Ours \

A

o

\
\
\
\
\

—

Figure 3. Visual results with our model and other SOTA methods on GoPro dataset.

4.3. Ablation Study

Our baseline model (B) is a standard two-stage U-Net that
does not utilize any event features. As shown in Table 3,
it is evident that the integration of event modalities results
in significant performance enhancements, as demonstrated
by both attention-based event fusion and event-driven de-
formable convolutions, which yield impressive outcomes.
As shown in Figure 4, the baseline performs poorly in de-
blurring, failing to effectively restore either sharp edges
or clear textures. And with the introduction of the event

modality, the visual results improve significantly.

As shown in the first part in Table 3, simply apply-
ing cross-attention to fuse event and image modalities
(B+EwventAt), yields promising results. However, this
straightforward fusion approach overlooks the inherent con-
flict between motion and edge features in event streams,
which prevents the model from accurately capturing sharp
edge details. As shown in the first example of Figure 4,
when image features are fused with events, the text in the
yellow box becomes recognizable but still those in blue
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Figure 4. Visual results of ablation study on EVRB [14] dataset. It is recommended to zoom in for a clearer view of the details.

Table 3. Ablation study on EVRB [14] dataset. B represents our
baseline, which does not utilize event streams to enhance the im-
age. Fvent* denotes applying cross-attention to integrate image
with event features. Fdge”*® means our Edge-aware Sharpening
module. ImgPY and EventPY represent utilizing image fea-
tures and event features to calculate offsets for the deformable con-
volution respectively. MotionPN is our Motion-driven Scale-
adaptive Deblurring module.

Metrics
Method PSNR | SSIM
B 28.65 | 0.900
B+EventAtt 30.71 | 0.923
B+EdgeAtt 31.13 | 0.929
B+ImgPCN 28.80 | 0.894
B+EventPEN 30.51 | 0.921
B+M otionPEN 31.63 | 0.930
Ours(B+Edge™ + MotionP“N) | 32.05 | 0.936

box retain significant blurriness. Instead, our Edge-aware
Sharpening module (B+FEdgeA**) strengthens the represen-
tation of edge features within the events, producing a more
refined result.

The second part of the Table 3 demonstrates the value of
motion cues in learning diverse blur kernels. Initially, we
utilize image features to determine offsets for deformable
convolutions (B+ImgP“N); however, because image lacks
the motion cues, they are unable to accurately capture the
diverse blur kernels that correspond to different motion
characteristics. As shown in the second example in Fig-

ure 4, using image features to estimate the blur kernel still
results in artifacts around the “No Parking Sign”. Con-
versely, training deformable convolutions with event fea-
tures (B+EventPCN) leads to a better performance, but
it still results in problematic artifacts in some local re-
gions (in the yellow box). To further improve the capture
of motion information, our proposed Motion-driven Scale-
adaptive Deblurring module (B+Motion?“™N) accurately
captures object motion cues and estimates non-uniform and
varying blur kernels, significantly minimizing artifacts both
globally and locally.

Finally, by effectively fusing both motion and edge cues,
our model demonstrates substantial improvements in the
restoration of both sharp edges and fine texture details.

5. Conclusion

In this paper, we observe that event features inherently con-
tain conflicting edge and motion cues: edge features accu-
mulated over short exposure times lack sufficient motion
information, while motion cues accumulated over long ex-
posure times compromise edge clarity. To address this, we
propose an Edge-Aware Sharpening module and a Motion-
Driven Scale-Adaptive Deblurring module to separately
leverage these two aspects of cues. By incorporating edge
and motion priors, we enhance the corresponding cues in
event features: edge cues restore sharp object edges, while
motion cues guide deformable convolutions to adaptively
estimate blur kernels, adjusting the receptive field for di-
verse motion patterns. Extensive experiments on synthetic
and real-world datasets demonstrate the superior perfor-
mance of our approach.
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