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Abstract—Motion deblurring is a highly ill-posed problem due
to the significant loss of motion information in the blurring
process. Complementary informative features from auxiliary
sensors such as event cameras can be explored for guiding
motion deblurring. The event camera can capture rich motion
information asynchronously with microsecond accuracy. In this
paper, a novel frame-event fusion framework is proposed for
event-driven motion deblurring (FEF-Deblur), which can suffi-
ciently explore long-range cross-modal information interactions.
Firstly, different modalities are usually complementary and also
redundant. Cross-modal fusion is modeled as complementary-
unique features separation-and-aggregation, avoiding the modal-
ity redundancy. Unique features and complementary features are
first inferred with parallel intra-modal self-attention and inter-
modal cross-attention respectively. After that, a correlation-based
constraint is designed to act between unique and complementary
features to facilitate their differentiation, which assists in cross-
modal redundancy suppression. Additionally, spatio-temporal
dependencies among neighboring inputs are crucial for motion
deblurring. A recurrent cross attention is introduced to preserve
inter-input attention information, in which the current spatial
features and aggregated temporal features are attending to each
other by establishing the long-range interaction between them.
Extensive experiments on both synthetic and real-world motion
deblurring datasets demonstrate our method outperforms state-
of-the-art event-based and image/video-based methods.

Index Terms—Event-based Motion Deblurring, Cross-Modality
Feature Fusion, Vision Transformer

I. INTRODUCTION

With the development of media capturing devices such as
hand-held or onboard cameras, we are exposed to a large
amount of images or videos. However, motion blur is often
inevitable due to the high-speed camera shake or object motion
over the period of exposure time, which not only significantly
deteriorates the visual quality [, 2] but hinders other computer
vision tasks such as tracking [3, 4], video stabilization [5], etc.
Motion deblurring aims to restore sharp images from blurry
inputs [6], which attracts extensive attention and is of wide
applications.
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Fig. 1: Comparison of visualized deblurring results with state-of-
the-art event-based motion deblurring methods.

Conventional motion deblurring approaches usually explic-
itly develop image priors and various constraints on latent
sharp frames and motion blurs [7—19] that are handcrafted
with empirical observations. However, due to the complexities
of motion blurs and image contents, hand-crafted priors and
constraints are difficult to model the inherent properties of
them. Recently, deep neural network (DNN) has achieved
great success in many computer vision tasks owing to its
strong feature representation capability. Accordingly, DNN has
also been applied for motion deblurring task to directly learn
the relation from blurry images to sharp images. Concretely,
some state-of-the-art approaches based on convolutional neural
network (CNN) [20-28], recurrent neural network (RNN) [29—

] and Transformer [33—44] have been proposed for motion
deblurring, which implicitly learn more general prior infor-
mation from large-scale training data. Although DNN-based
deblurring methods have achieved promising improvements,
they may fail to deal with severe blur due to motion deblurring
being an ill-posed problem with infinite feasible solutions that
cannot be solved trivially from the input blur set alone.

A possible solution is to use complementary information
from auxiliary sensors to address the above limitations. Event
cameras, such as the Dynamic Vision System (DVS) [48] and
the Dynamic and Active-pixel Vision Sensor (DAVIS) [49], are
bio-inspired sensors that can asynchronously measure intensity
changes at each pixel independently with high temporal reso-
lution and output a stream of events including time, location
and sign of the intensity changes. Event cameras offer attrac-
tive properties compared to traditional camera: high temporal
resolution (in the order of yus), very high dynamic range (140
dB vs. 60 dB), and low power consumption, allowing to avoid



motion blur. Understandably, due to their capacity to capture
high temporal resolution and fine-grained motion information,
event cameras can essentially alleviate the task of motion
deblurring. In recent years, event-based motion deblurring
methods are proposed by combining frames and events [45—

, 50-53], and have achieved promising performance of
deblurring. However, existing event-based deblurring methods
only adopt concatenation or simple fusion strategy to exploit
complementary features and do not consider the modality
feature redundancy problems, which may result in insufficient
frame-event fusion and limited performance improvement.

In this paper, to overcome the above-mentioned issues,
we propose a novel frame-event fusion framework for event-
driven motion deblurring (FEF-Deblur), which can explore
long-range collaborative fusion between frames and events.
Firstly, different modalities have complementary features for
each other and also have their common redundant features. We
conduct cross-modal fusion with the complementary-unique
features separation-and-aggregation, avoiding the modality re-
dundancy. Specifically, intra-modal self-attention and inter-
modal cross-attention are first conducted to infer preliminary
unique features and complementary features respectively. Fur-
ther, a correlation-based constraint is designed to enforce the
differentiation between unique and complementary features,
which can reduce the cross-modal information redundancy,
improving the effectiveness of complementary fusion. Next,
exploring vast sharper cues from neighboring inputs is crucial
for motion deblurring. A recurrent cross attention is developed
to establish long-range interaction between the aggregated
temporal features and the current spatial features to preserve
inter-frame attention information. Concretely, depending on
what information is used to reconstruct the current frame
or pass to the next frame, global spatiotemporal interactions
are performed centered on present spatial features and cen-
tered on neighbor temporal features. Extensive experiments
on both synthetic and real motion blur datasets demonstrate
our method achieves state-of-the-art performance (some visual
comparisons are shown in Figure 1).

In summary, the main contributions of our work are as
follows.

« We propose a novel frame-event fusion framework for
event-driven motion deblurring (FEF-Deblur), which can
explore long-range collaborative fusion between frames
and events. Extensive experiments demonstrate that
our method outperforms state-of-the-art event-based and
image/video-based methods.

« We present a complementary-unique features separation-
and-aggregation strategy to model cross-modal fusion.
Unique and complementary features are first preliminarily
selected and enhanced by parallel intra-modal attention
and inter-modal attention, and then their differentiation is
enforced using the designed correlation-based constraint.

o We design a recurrent cross attention to preserve inter-
input attention information for cross-temporal fusion.
Depending on what information is used to reconstruct the
current frame or pass to the next frame, current spatial
features and aggregated temporal features are attending to
each other by the long-range interaction between them.

A preliminary version of this work has been published
as a conference paper [45], named DS-Deblur. Compared
to DS-Deblur [45], there are three main extensions: (i)
Complementary-unique information selection and enhance-
ment is conducted in previous DS-Deblur [45] with a simple
CNN-based module (only two convolution layers). However,
cross-modal interaction may be inadequate due to limited local
convolutional features, resulting in limited performance. In the
present FEF-Deblur, exploiting the superior long-range and
relation modeling capabilities of Transformer, the intra-modal
self-attention and inter-modal cross-attention is designed for
complementary and unique information selection and enhance-
ment. Importantly, a correlation-based constraint is designed to
enforce the differentiation between unique and complementary
features. (ii) Spatio-temporal dependencies among successive
inputs are explored in previous DS-Deblur [45] with a CNN-
based recurrent module. Nevertheless, CNN-based methods
show limitations in modeling long-range spatial dependencies
and capturing non-local self-similarity among unaligned in-
puts. In the present FEF-Deblur, benefiting from the capacity
of Transformer to model long-range correlations among pixels
and similarities along the temporal sequence, a recurrent cross
attention is proposed for spatio-temporal relations capturing by
establishing global interaction between current spatial features
and aggregated temporal features for cross-temporal fusion.
(iii) We have extensively evaluated our approach on more
datasets and practical challenges. Compared to the previous
DS-Deblur [45], as well as existing state-of-the-art motion
deblurring methods, the present FEF-Deblur has a significant
performance improvement in both intra-dataset evaluations and
cross-dataset evaluations.

The remainder of this paper is structured as follows. In
Section II, we review the related works on motion deblur-
ring. Section III describes the details of the proposed model.
Experimental results and analysis are presented in Section V.
Finally, we conclude this paper with a discussion in Section V.

II. RELATED WORK

In this section, we briefly review the literature related to our
method, including some image/video-based motion deblurring
methods, event-based motion deblurring methods and the
Vision Transformer.

A. Image/video-based Motion Deblurring

Due to the ill-posed nature of motion deblurring, conven-
tional motion deblurring approaches usually explicitly develop
image priors and various constraints on latent sharp frames and
motion blurs [7-11, ] that are handcrafted with empirical
observations. In recent years, deep neural network (DNN)
has been applied for motion deblurring task owing to the
strong feature representation capability. Depending on whether
a single image or multiple frames are used, the existing state-
of-the-art learning-based deblurring methods can be simply
categorized into two categories: image deblurring and video
deblurring.

Image deblurring. Single image deblurring aims to recover
a latent sharp image from a blurry image. Current successful



deep learning-based image deblurring methods are based on
several novel components and techniques: 1) Single-Stage Ap-
proaches. Currently, the majority of image deblurring methods
are based on a single-stage design using the convolutional
neural network (CNN) [54] or Generative Adversarial Network
(GAN) [55, 56]. 2) Multi-Stage Approaches. These methods
aim to recover clean images in a progressive manner with
multi-stage [20-23, s ], which decompose the image
deblurring task into smaller easier subtasks. 3) Coarse-to-Fine
Strategies. These methods typically stack sub-networks with
multi-scale input images and gradually improve the sharpness
of images from the bottom sub-network to the top sub-
network [27, 28]. 4) Attention Modules. Attention mechanisms
such as channel/spatial attention and self-attention can help
learn cross-spatial/channel correlations to better address de-
blurring [21, 33-35, 40-44, 57-59].

Video deblurring. Numerous methods have been pro-
posed to deal with the video deblurring problem in recent
years. Compared with image deblurring methods, video de-
blurring methods consider not only the spatial information
in a blurry frame, but also the temporal information among
several frames. Some methods adopted recurrent neural net-
work (RNN) or convolutional neural network (CNN) to exploit
the temporal information in multiple consecutive frames to
improve the video deblurring performance [29-32, 60-63].
Some methods were proposed to use extra multiple frames
aligning strategy to model spatio-temporal correlation, such as
optical flow-based methods [64, 65], deformable and dynamic
convolutions-based methods [31, 66] and 3D convolutions-
based methods [07]. In recent years, the emergence of
Transformer provides an alternative to capture long-range
spatio-temporal dependencies. The self-attention mechanism
in Transformer is dedicated to calculating the correlations
among pixels and capturing the self-similarity along the tem-
poral sequence. Thus, some Transformer-based designs were
proposed to learn similar information from spatio-temporal
neighborhoods for video deblurring [36-39, 68].

Although learning-based deblurring methods have achieved
promising improvements, they may fail to deal with severe
blur due to motion deblurring being an ill-posed problem with
infinite feasible solutions that cannot be solved trivially from
the input blur set alone.

B. Event-based Motion Deblurring

Event cameras are bio-inspired sensors that can asyn-
chronously measure intensity changes at each pixel indepen-
dently with high temporal resolution. Event cameras provide
visual information with low latency and with strong robustness
against motion blur, which offers great potential for motion
deblurring. The event-based motion deblurring methods can be
categorized into two types [69], i.e., model-driven and data-
driven algorithms.

The model-driven approaches use physical event genera-
tion principles to formulate the relationship from blurred to
clear images [50, 70]. For example, Scheerlinck et al. [70]
proposed a computationally efficient and asynchronous filter
that continuously fuses image frames and events into a single

high-temporal-resolution. Pan et al. [50] proposed an Event-
based Double Integral (EDI) model, that models the blur-
generation process by associating event data to a latent image,
to reconstruct high-quality images. Unfortunately, due to the
non-ideality of physical sensors, there is inevitably noise in
the event data, resulting in degraded performance.

The data-driven approaches directly learn the relation from
blurred to clear images with the help of events. Jiang et
al. [51] introduced a sequential formulation of event-based
motion deblurring, and then unfolded its optimization with
deep architecture. An event enhanced degeneration model
was proposed in Wang et al. [71] for the high-quality image
recovery. Shang et al. [53] proposed an event fusion module
(EFM) to better utilize beneficial information from events to
facilitate deblurring, which can be incorporated into existing
image deblurring methods. Yang et al. [72] used event data to
predict the image areas with high blur and then gave special
attention to the high blur level regions. Inspired by the physical
model, a new event representation method was proposed in
Sun et al. [47] and then a cross-modal attention module was
designed to fuse image and event. Chen et al. [46] formulated
the event-based deblurring task to be a residual learning one
and proposed corresponding network architectures.

Nevertheless, due to the insufficient cross-modal comple-
mentary fusion of events and frames, some of the above
methods only achieve limited performance improvements or
even degradations compared to image/video-only methods.
In this work, a novel transformer-based frame-event fusion
is proposed for event-based motion deblurring, which can
explore long-range collaborative fusion between frames and
events.

C. Vision Transformer

Transformer is proposed in [73] for machine translation and
has become the most advanced method in natural language
processing (NLP) tasks. Inspired by the success of NLP,
Transformers have been adapted in numerous vision tasks
such as object detection [74], segmentation [75], and have
achieved remarkable performance gains, due to the powerful
capability for capturing long-range dependencies in the data by
the global self-attention. The self-attention mechanism learns
to focus on important image regions by calculating the atten-
tion matrix between different regions. Due to its impressive
performance, Transformer models have also been studied for
low-level vision problems such as denoising [34, 37], deblur-
ring [38, 39, 68]. Recent studies demonstrate that long-range
cross-attention is also beneficial for multi-modality fusion
tasks [76, 77]. In our method, we use the long-range self-
attention or cross-attention to explore the sufficient interaction
between different modalities and different inputs for multi-
modal fusion and spatio-temporal fusion, respectively.

III. PROPOSED METHOD

In this section, we first briefly introduce the mathematical
model for the formation of blurry images from sharp images
that involves events. Then we provide an overview of the
proposed FEF-Deblur, followed by a detailed elaboration of



Fig. 2: Framework of the proposed frame-event fusion framework (FEF-Deblur) for event-based motion deblurring. FEF-
Deblur mainly consists of four main parts: feature extractor module for images and event information encoding, cross-modal
fusion module for complementary-unique features separation-and-aggregation, cross-temporal fusion module for spatio-temporal
feature aggregation, and reconstruction module for image reconstructing.

the key components. Finally, we introduce the loss functions
to constrain the network training.

A. Problem Statement

Event cameras are bio-inspired sensors that can record per-
pixel intensity changes asynchronously with high temporal
resolution and output a stream of events encoding time,
location, and polarity of intensity changes [78] if the intensity
changes surpass a threshold. The generation process of an
event is formulated as:

10g(l($,y,t>) - IOg(I(.'E/y,t - At)) ¢ (])

where (z,y) represents the coordinates of the pixel, ¢ is
the timestamp when the event triggered, ¢ — At denotes
the timestamp of the last triggered event, ¢ is the contrast
threshold. I(x,y,t) denotes the absolute intensity value of
pixel (z,y) at time ¢. The events can be represented as a tuple
e = (z,y,p,t), where p = %1 is polarity, which denotes the
direction (increase or decrease) of the intensity changes at that
pixel (z,y) and time ¢.

Event-based motion deblurring links the event data and the
blurry image to restore the sharp image. Given the intensity of
sharp image L, according to [50], blur accumulation process
can be modeled as:

1 f+T/2
B = —/ L(t)dt
T Ji_7/2 (

7@ f+T/2 < t )
=7 /fT/2 exp c/f p(s)ds | dt,

where B is the blurry image, f is the middle point of the
exposure time T, p(s) is the polarity component of the event
stream and L(f) is the latent sharp image corresponding to
the blurred image B.

The Equation 2 indicates that the latent sharp image can be
derived from the blurred image combined with the set of event

2

stream Er 2 {(z4, v, pi, ti)}y, e containing all asynchronous
events triggered during exposure time 7'. The proposed method
is to learn this relation with a deep learning model.

B. Event Representation

The event data is discrete and asynchronous. Thus, a repre-
sentation of the events is required to feed them into the CNN-
based network. Concretely, following [79], the event datas are
encoded as a 3D spatio-temporal voxel grid by merging and
stacking the events in a small time interval. Given an event
sequence {eq,ea, - , ey} from time ¢ to T at a pixel location
(z,y), we discretize the time dimension into N bins. The 3D
event volume V' corresponding to pixel (z,y) can be obtained
as follows:

T—1t
ti=t+1ix ~ ,i € [0, N,
Vz,y(i): Z

tr€(titiv1)

where V' € RNXHXW iy which N is set to 6 as described
in [79], H and W are the height and width of spatial resolution
of event camera.

(3)
Pk, (tkapk € ek) )

C. System Overview of FEF-Deblur

In this paper, a novel frame-event fusion framework (FEF-
Deblur) is proposed for event-based motion deblurring, which
can explore long-range collaborative fusion between frames
and events. The overview of FEF-Deblur is shown in Figure
2. The FEF-Deblur consists of four parts: feature extractor,
cross-modal fusion, cross-temporal fusion and reconstruction.
Specifically, given blurry frame B; and corresponding event
FE:, our method first extracts target features Fj and F, via
two parallel backbones (parameters not shared). Then a cross-
modal fusion (CMF) module is proposed to first automatically
select and enhance the complementary and unique features of



Fig. 3: Details of feature extractor module. 3x3 Conv.: 3x3
convolution with stride 1. down-sampling : 3x3 convolution
with stride of 2. ReLU and Sigmod: activation function.
Avg.pooling: average pooling.

frames and events by parallel intra-modal attention and inter-
modal attention, followed by a correlation-based constraint to
enforce the differentiation between unique and complementary
features. Next, a cross-temporal fusion (CTF) module is pro-
posed to capture spatio-temporal dependencies among succes-
sive inputs by establishing interaction between the aggregated
temporal features and the current spatial features. Finally, a
reconstruction module is used to transform O; into the final
deblurred result I;. Below we will detail the four proposed
parts.

D. Feature Extractor Module

To extract informative intermediate features of frame and
event, we conduct a feature extractor module, which contains
Channel Attention Blocks (CABs) [80] and down-sampling
layers, to extract features Fj and F, from blurry frame B,
and its corresponding events F}, separately. Figure 3 shows
the details of feature extractor module, in which the size of
the convolution kernel is 3 x 3, the down-sampling layer is a 3
x 3 convolution layer with stride of 2, and channel weights are
obtained by taking the channel-wise global spatial information
into a channel descriptor via global average pooling, the ReLU
and Sigmod is activation function.

E. Cross-modal Fusion

Generally, different sensing modalities usually have comple-
mentary features for each other and also have their common
redundant features. To avoid the issue of modality redundancy
during complementary fusion, we propose to conduct cross-
modal aggregation with the complementary-unique features
separation-and-aggregation.

To this end, the cross-modal fusion (CMF) module is
proposed to automatically select and enhance the different
types of features. Figure 4 shows the details of CMF. The com-
bination of complementary and unique features is implemented
by a symmetric bi-directional way, i.e., fusing complementary
features from event to unique features from image (image-
centred fusion), and fusing complementary features from im-
age to unique features from event (event-centred fusion). To
enforce the differentiation between unique and complementary
features, a correlation-based constraint is designed, which can
explicitly reduce the cross-modal fusion information redun-
dancy, improving the effectiveness of complementary fusion.

Unique features and complementary features are prelim-
inarily inferred with parallel intra-modal self-attention and

Fig. 4: Details of cross-modal fusion (CMF) module. Self-
attention is adopted for unique features extraction and cross-
attention is adopted for complementary features extraction.
CC is correlation coefficient operation.

inter-modal cross-attention respectively. Specifically, we first
define regular scaled dot-product attention to attend features
to diverse aspects:

. QKT
Attention(Q, K, V) = softmax | —— | V, ()]
Vv,
where @), K, V denotes the Query, Key, and Value, respec-
tively.
The frame features £}, and event features F, are transformed
into Query @, Key Kj, Value V;, and Query ., Key K.,
Value V., respectively:

Qb:GZ<Fb) QEZGZ(F€7
Ky =Gy (Fy) K. =GE(F.), 5)
Vo =Gy (Fy)  Ve=G{(Fe),

where G represents transformation process, which is imple-
mented by the normalization and 1 x 1 convolution layers.
Then we put forward intra-modal self-attention or inter-modal
cross-attention using those vectorized features (Query, Key and
Value) from same or different modalities to select and enhance
unique or complementary features.

Unique features enhancement: To enhance the unique
features of each modality, we utilize the commonly used self-
attention architecture. The intra-modal self-attention is con-
ducted with the Query, Key and Value within same modality:

)

F;* = Attention (Qp, Kp, V) ,
FY = Attention (Q., K¢, Ve) ,

where F}* and F}* are the unique features of frame and event,
respectively.

Complementary features selection: The key aspect of
complementary features selection is to conduct the information
communication among vectorized features (Query, Key and
Value) belonging to different modalities. We conduct global
cross-attention by multiplying the Query from one modality
and the Key from the other modality, which will involve
remarkable information exchange clues across modalities:

(6)

Ff = Attention (Q., Ky, V3) ,

7
F¢ = Attention (Qyp, K, Ve), M



Fig. 5: Details of cross-temporal fusion (CTF) module. Cross-
attention is adopted for spatio-temporal features interaction.

where Fy is the complementary features for event from frame
and FY is the complementary features for frame from event.

Unique and complementary features calibration: After
obtaining the preliminary unique features and complementary
features of each modality, we conduct a correlation-based
constraint to increase their differentiation to reduce the redun-
dancy of information. Concretely, we measure the correlation
of unique features and complementary features by measuring
the cosine similarity between them:

Li. = CC (Fy', Fy),
Lee = CC(FL FY),

where C'C' denotes correlation coefficient operation, which is
implemented by the cosine similarity measure. By maximizing
LY. and L¢,, the differentiation between unique features and
complementary features can be explicitly enhanced.

Unique and complementary features aggregation: Based
on the calibrated unique and complementary features, cross-
modal fusion is conducted with a symmetric bi-directional

way:

®)

F, = FFN (F" + F°), 9
F. =FFN (F" + Ff), ©
where the I}, and F. denote the features that have been
complemented by each other and FFN is feed-forward net-
work, which contains the two fully-connected layers with a
non-linearity activation function Gaussian Error Linear Units
(GELU), to project the feature to a larger space and extract
the required information.
Finally, a convolutional layer is added to learn the contribu-
tion weight of the concatenated Fy, and F,. for the final fusion
Ftl

F, = Conv (C’at (E, E)) , (10)

where C'at denotes the concatenation operation.

F. Cross-temporal Fusion

Spatio-temporal dependencies among successive inputs are
crucial for motion deblurring. The cross-temporal fusion
(CTF) module is designed to aggregate spatio-temporal fea-
tures, in which a recurrent cross attention is designed to
establish an interaction between spatial and temporal features
and transfer temporal information. Depending on what infor-
mation is used to reconstruct the current frame or pass to the

next frame, global spatiotemporal interactions are performed
centered on present spatial features and centered on neighbor
temporal features, respectively. Figure 5 shows the details of
CTE.

Specifically, we still use the regular scaled dot-product
attention to model long-range correlations among pixels and
similarities along the temporal sequence:

-
Attention(Q, K, V) = softmax (QK > V, (11)

Vi

where @), K, V denotes the Query, Key, and Value, respec-
tively.

Given the current spatial features F; and the previous
temporal features h;_; from the previous moments, we first
joint F} and hy_q:

U= Cat(F,hi—1), (12)
where U is joint spatio-temporal features, C'at denotes the
concatenation operation. Then the features used for current
frame reconstruction or for temporal transferring are obtained
by long-range interaction between F; and U or h;_1 and U.

The F} is transformed into Query @y and h,_; is trans-
formed into Query @)y, and U is transformed into Key K,
and Value V,;:

Qf = G? (Ft) ) Qh = GZ (htfl) ) (13)

and

K, =Gy (U), Vu=Gy(U), (14)
where G represents transformation process, which is imple-
mented by the normalization and 1 x 1 convolution layers.
Global spatio-temporal attention are performed centered on
present spatial features and centered on neighbor temporal
features:

F} = Attention (Qf, Ky, Va) ,

. 5)
hy_, = Attention (Qn, K., Vu) ,
where FY is the features for current frame reconstruction and
h}_, is the features for temporal transferring.
Finally, present spatial features and current temporal fea-
tures are updated in a residual manner:

hy = FEN (hy—1 + hy_4) a16)
where h; is the new neighbor temporal features and O,
is the new present spatial features. FFN is feed-forward
network, which contains the two fully-connected layers with a
non-linearity activation function Gaussian Error Linear Units
(GELU), to project the feature to a larger space and extract
the required information.



Fig. 6: Details of reconstruction module. 3x3 Conv.: 3x3
convolution with stride 1. up-sampling : 3x3 convolution
with stride of 2. ReLU and Sigmod: activation function.
Avg.pooling: average pooling.

G. Reconstruction Module

The reconstruction module is a symmetric structure of
feature extractor module to restore sharp frame from Oy,
which also contains Channel Attention Blocks (CABs) [80]
but with up-sampling instead of down-sampling. An extra
layer of convolution is added at the end to output a 3-
channel deblurring image I;. Figure 6 shows the details of
reconstruction module.

H. Loss Function

To effectively train the proposed network, we take advan-
tage of two kinds of loss functions: reconstruction loss and
correlation loss.

The purpose of the reconstruction loss is to make the
reconstructed image as close as possible to the true value
reference image. Reconstruction loss consists of two types of
losses. The first is the Charbonnier loss [81]:

1 /
£char = m HIt - Lt||2 + 627

where I, and L, is the deblurred image and corresponding
ground truth, respectively, C', H, W are dimensions of frame,
and constant ¢ is empirically set to 1073 as in [25] for all the
experiments.

The second is perceptual loss [82], which calculates Eu-
clidean distance between the VGG-19 [83] features of I; and
Lt:

a7

1
- CjH;W;

where ®;(-) denotes the features from the j-th convolutional
layer of the pretrained VGG-19 network and C;, H;, W; are
dimensions of features.

The purpose of the correlation loss is to maximize the
difference between the selected unique and complementary
features such that modality redundancy during complementary
fusion can be avoided. Specifically, we maximize the correla-
tion coefficients L%, and L¢, to set the correlation loss:

Ly @5 (L) — @;(Le)|I”, (18)

1
b —— 1 19
Fee =~ (1+ exp(Lw) ”
and )
¢ =— 1 20
L CHW o8 (1+ exp(LgC)> (20)

The final loss function of our work is defined as:

Laevtr = Lehar + MLyt + ALY + A3 LE, 2n
where the parameter A controls the relative importance of the
loss terms, and A\ is set to 0.05, A\ and A3 are set to 0.1.

IV. EXPERIMENTS AND EVALUATIONS

In this section, we compare our method with several state-
of-the-art methods for motion deblurring. We use synthetic
and real datasets to conduct qualitative and quantitative eval-
uations.

A. Experimental Settings

Datasets. We test our model FEF-Deblur with three different
datasets, including synthetic and real-world ones.

1) Synthetic dataset: GoPro dataset [20] and DVD
dataset [61] are widely used for image and video deblurring,
containing high frame-rate sharp ground-truth frames. We
generate both blurry frames and events based on the high
frame-rate sequences, where the blurry frames are obtained
by averaging different numbers of successive sharp frames
(7~13), and events are simulated by ESIM [84]. Following the
suggested dataset split, 22 videos in GoPro dataset [20] are
utilized for training and 11 for testing. For DVD dataset [61],
only the test set is used for cross-dataset experiments.

2) Real dataset: For evaluation in real-world events, the
REB dataset is a real event dataset captured by us with
the DAVIS346 event camera. The REB dataset captures real-
world events and sharp frames with slow camera motion in
relatively stationary scenes or with a stationary camera in
slow-motion scenes under various conditions both indoors
and outdoors, that are well-exposed and minimally motion-
blurred. Similar to that on GoPro dataset [20], the blurring
images are synthesized by averaging 7 adjacent frames for
quantitative comparison. There are 60 videos of REB, 40 of
which are used for training and 20 for testing. In addition,
several video sequences with real events and real motion blur
are collected under fast camera movement or fast moving
scenes for qualitative comparison, without ground truth.
Implementation details. The proposed method is imple-
mented on the basis of PyTorch. For training, we use the Adam
optimizer [88] with standard settings where 51 = 0.9 and 32
= 0.999. We set the learning rate to 2 x 10~* decreased by
the cosine learning rate strategy with a minimum learning rate
of 1075, We use patches of size 256 x 256 in subsequence
of 10 frames as input to train the models. Mini-batch size
is set to 8 for single GPU training. For data augmentation,
each patch is horizontally flipped with the probability of 0.5.
The training ends after 200k iterations for GoPro dataset and
100k iterations for REB dataset. For the evaluation metrics,
we calculate the Peak Signal-to-Noise Ratio (PSNR) and the
Structural Similarity Index (SSIM) between the generated
images and ground-truth images. These metrics are typically
used for quantitative comparisons.
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Fig. 7: Visual comparisons on GoPro datatset. * denotes event-based methods. Best viewed on a screen and zoomed in.
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Fig. 8: Visual comparisons on DVD datatset. * denotes event-based methods. Best viewed on a screen and zoomed in.

B. Comparison with State-of-the-Art Methods

We compare the proposed FEF-Deblur to state-of-the-art
image/video-only deblurring methods and event-based deblur-
ring methods on GoPro, DVD and REB datasets.

GoPro: Table I reports the quantitative results on the GoPro
dataset. It is clear that the proposed FEF-Deblur achieves
the best performance. Compared to the best existing im-
age/video deblurring methods, our method outperforms by a
remarkable improvement of 1.22dB in terms of PSNR, which
demonstrates the advantages of event-assisted deblurring than
purely relying on images. It is worth noting that despite
utilizing an extra modality, some event-based methods such as

D2Nets [53], LEMD [51], eSL-Net [71] and DS-Deblur [45]
do not outperform the image/video-only methods, indicating
that they do not effectively perform complementary fusion
across modalities. Importantly, our FEF-Deblur achieves the
best performance against other event-based deblurring meth-
ods (by a margin of 0.68dB). This is because our FEF-Deblur,
on the one hand, can benefit from the multi-modal fusion
approach with complementary-unique information separation-
then-aggregation, on the other hand, can fully utilize spatio-
temporal correlation between successive inputs. Moreover,
Figure 7 presents deblurring results of our FEF-Deblur and
other compared methods. Visual quality comparisons show



TABLE I: Quantitative comparison with state-of-the-art meth-
ods for motion deblurring on GoPro dataset. * denotes event-
based methods.

Method PSNR  SSIM
RED* [69] (ICCV 2021) 2898  0.8499
eSL-Net* [71](ECCV2020) 30.23  0.8703
ESTRNN [30] (ECCV2020) 31.07  0.9023
MTRNN [27] (ECCV2020) 31.15  0.9450
CDVD [64] (CVPR 2020) 31.67  0.9279
D2Nets* [53] (ICCV 2021) 3176 0.9430
MemDeblur [85] (CVPR 2022) 31.76  0.9230
LEMD* [51] (CVPR 2020) 3179 0.9490
MMP-RNN [86] (ECCV 2022) 32.64  0.9359
MPRNet [25] (CVPR 2021) 32.66  0.9590
MIMO-UNet++ [28] (ICCV 2021) 32.68 09590
HINNet [26] (CVPR 2021) 3271 0.9590
Restormer [23] (CVPR 2022) 32.92 0.9610
U-former [34] (CVPR 2022) 33.06  0.9670
DS-Deblur* [45] (ACMMM 2022) 33.13  0.9465
NAFNet [87] (ECCV 2022) 33.69  0.9670
MADANET+* [72] (CVPRW 2022)  33.84  0.9640
ERDNet* [46] (TMM 2022) 3425 09534
VRT [38] (arXiv 2022) 3481 09724
RVRT [37] (NeurIPS 2022) 3492 09738
EFNet* [47] (ECCV 2022) 3546 09720
FEF-Deblur* (ours) 36.14 0.9791

that FEF-Deblur can accomplish high-quality motion deblur-
ring with more sharp and faithful details, while the results
restored by other methods still suffer from motion blur, losing
sharp edge information.

DVD: To prove the generalization ability of the proposed
FEF-Deblur, cross-database experiments are conducted. Con-
cretely, the FEF-Deblur is trained on GoPro database and
tested on DVD database. Table II reports the quantitative
results on the DVD dataset. As clear from Table II, our method
significantly outperforms other state-of-the-art competitors,
demonstrating the superior generalization ability of the pro-
posed framework. Interestingly, the event-based approaches
have advantages over the image/video-only approaches, al-
though the former does not perform better on GoPro database
than the latter. A possible reason is that events capture more
general motion features, thanks to which event-based methods
exhibit better generalization. We also show the qualitative
visual quality comparisons in Figure 8. Consistently, visual
quality comparisons demonstrate that our method can recover
sharper texture details that are closer to the ground-truth, while
the results restored by other methods still suffer from motion
blur or over-smoothing textures.

REB: Real events dataset is more challenging than synthetic
events dataset because the former has more noise than the latter
due to the non-ideality of physical sensors. To further verify

TABLE II: Quantitative comparison with state-of-the-art meth-
ods for motion deblurring on DVD dataset. All methods are
trained on the GoPro dataset and directly applied to the DVD
dataset. * denotes event-based methods.

Method PSNR  SSIM
RED* [69] (ICCV 2021) 2791  0.9069
eSL-Net* [71](ECCV2020) 27.50  0.8914
ESTRNN [30] (ECCV2020) 27.93  0.9012
MTRNN [27] (ECCV2020) 2739 0.8977
CDVD [64] (CVPR 2020) 28.66  0.9214
D2Nets* [53] (ICCV 2021) 26.64  0.8819
MemDeblur [85] (CVPR 2022) 28.97  0.8830
MPRNet [25] (CVPR 2021) 27.80  0.9091
MIMO-UNet++ [28] ICCV 2021) 2845  0.9078
HINNet [26] (CVPR 2021) 27.59  0.8625
Restormer [23] (CVPR 2022) 28.71 0.9212
U-former [34] (CVPR 2022) 28.79  0.9261
DS-Deblur* [45] (ACMMM 2022)  31.63  0.9436
NAFNet [87] (ECCV 2022) 27.94 09126
ERDNet* [46] (TMM 2022) 3229  0.9506
VRT [38] (arXiv 2022) 31.94  0.9602
EFNet* [47] (ECCV 2022) 3285  0.9571
FEF-Deblur* (ours) 3329 0.9652

TABLE III: Quantitative comparison with state-of-the-art
methods for motion deblurring on REB dataset. * denotes
event-based methods.

Method PSNR SSIM
ESTRNN [30] (ECCV2020) 30.12 0.9256
CDVD [64] (CVPR 2020) 30.22 0.9336
MembDeblur [85] (CVPR 2022) 30.29 0.9033
MMP-RNN [86] (ECCV 2022) 30.66  0.91229
MIMO-UNet++ [28] (ICCV 2021)  31.85 0.9500
Restormer [23] (CVPR 2022) 3221 0.9505
D2Nets* [53] (ICCV 2021) 32.47 0.9585
NAFNet [87] (ECCV 2022) 32.75 0.9570
DS-Deblur* [45] (ACMMM 2022)  32.84 0.9583
ERDNet* [46] (TMM 2022) 34.02 0.9663
eSL-Net* [71](ECCV2020) 34.55 0.9710
EFNet* [47] (ECCV 2022) 3491 0.9720
FEF-Deblur* (ours) 35.43 0.9742

the superiority of our model, we compare the performances
of FEF-Deblur on real events dataset with other state-of-the-
art competitors. Table III shows the quantitative comparison
results on REB dataset. Note that for a fair comparison, we
retrain several image/video-only methods and event-guided
methods using the publicly available code provided by the
authors. Compared with the image/video-only methods, FEF-
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Fig. 9: Visual comparison on the synthetic blur set in REB dataset. * denotes event-based methods. Best viewed on a screen

and zoomed in.

Deblur achieves the best performance, outperforming the sec-
ond best method by a remarkable improvement of 2.68dB in
terms of PSNR. Consistently, we still have a performance
improvement of 0.52dB compared with the event-guided
methods. Moreover, we show the qualitative visual quality
comparisons on REB dataset. Figure 9 shows the qualitative
comparisons on the synthetic blur set in REB dataset. We can
see that the proposed method can achieve higher reconstruction
quality and recover more details of the textures and edges than
other methods. Figure 10 shows qualitative comparisons on the
real blur set in REB dataset. It is clear that our method achieves
the best visualization performance, while the others are likely
to give over smoothed effects or produce results with more
artifacts and cannot remove severe blur effectively.

C. Ablation Experiments

In our work, we propose a cross modal fusion (CMF) mod-
ule to automatically select and enhance the complementary and
unique features of frames and events for multimodal fusion
and a cross-temporal fusion (CTF) module to establish long-
range interaction between the aggregated temporal features and
the current spatial features for cross-temporal fusion. In this
subsection, the effectiveness of the proposed CMF and CTF
is verified with ablation experiment on GoPro dataset and
REB dataset. Before that, a Baseline version is set to include
only the feature extractor and reconstruction modules, which

TABLE IV: Ablation study on individual components of FEF-
Deblur.

CMF CTF Gropo REB
PSNR SSIM PSNR SSIM
X X 33.16 0.9571 33.04 0.9609
v X 35.83 0.9780 34.97 0.9721
X v 35.05 0.9733 34.20 0.9682
v v 36.14 0.9791 35.43 0.9742

simply concatenates image features Fj and event features F.,
and simultaneously neglects the spatio-temporal correlation
between successive inputs. First row of Table IV shows the
performance of Baseline.

Effectiveness of CMF and CTF modules. To demonstrate
the effectiveness of CMF module, we append it to Baseline
to select and enhance the complementary and unique fea-
tures, and then combine them for cross-modal fusion. The
results of the comparison are shown in Table IV, and we
can see that there is a great performance gap in the first
two rows of Table IV, which shows that features separation-
then-aggregation strategy is effective. To demonstrate the
effectiveness of CTF module, we append it to Baseline to
preserve inter-input attention information and then attend them
to current input features at global-level, to capture spatio-
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Fig. 10: Visual comparison on the real blur set in REB dataset. * denotes event-based methods. Best viewed on a screen and

zoomed in.

temporal dependencies among successive inputs. The results
of the comparison are shown in the first and third rows in
Table IV. Apparently, spatio-temporal dependency between
successive inputs can be captured well by CTF to improve
the deblurring performance. Finally, most importantly, when
both CMF and CTF are embedded in our method, we achieve
even higher deblurring performance than inserting only one
module.

Effectiveness of correlation-based constraint in CMF
module. In CMF, a correlation-based constraint is designed to
act between unique and complementary features to facilitate
their differentiation, which assists in cross-modal redundancy
suppression. We verify the effectiveness of the correlation-
based constraint by removing L. from the CMF, and the CTF
module is still used to capture spatio-temporal dependencies
among successive inputs. Table V shows the results, from
which we can see that the correlation-based constraint can
effectively improve performance.

Effectiveness of symmetric structure in CMF module.
In CMF, a bi-directional cross-modal interaction is adopted to
conduct the the combination of complementary and unique
features, i.e., fusing complementary features from event to
unique features from image (image-centred fusion), and fusing
complementary features from image to unique features from
event (event-centred fusion). We conduct the the ablation

TABLE V: Experiments analysis of correlation-based con-
straint in CMFE.

‘ Gropo ‘ REB
“ [ PSNR  SSIM | PSNR  SSIM
x | 3592 09770 | 3520 09731
v | 3614 09791 | 3543  0.9742

experiments to prove the the usefulness of symmetric structure
in CMF. Concretely, the performance of the image-centred
fusion, event-centred fusion and bi-directional fusion is veri-
fied, in which the CTF module is still used to capture spatio-
temporal dependencies among successive inputs. Table VI
shows the results, from which we can see image-centred fusion
is more advantageous than event-centred fusion. It’s worth
noting that bi-directional fusion achieves the best performance,
showing the potential role of the fusion of event as center.

D. Analysis on Complexity

We now calculate the parameters and average runtime
for complexity analysis. All experiments are conducted on
NVIDIA GeForce GTX 1080 with image size of 1280 x 720
% 3. Results of average runtime and parameters are presented



TABLE VI: Experiments analysis using a symmetric structure
in CMF.

. ‘ Gropo ‘ REB
Fusion Type
| PSNR  SSIM | PSNR  SSIM
Image-centred fusion 35.95 0.9775 35.19 0.9733
Event-centred fusion 35.61 0.9767 34.89 0.9706
Bi-directional fusion 36.14 0.9791 35.43 0.9742

TABLE VII: Complexity comparison with other methods. *
denotes event-based methods.

Method Params (M) Runtime (s) PSNR(dB)
eSL-Net* [71](ECCV2020) 0.19 0.015 30.23
ESTRNN [30] (ECCV2020) 2.47 0.110 31.07
MTRNN [27] (ECCV2020) 2.64 0.915 31.15
D2Nets* [53] (ICCV 2021) 32.63 1.340 31.76
MembDeblur [85] (CVPR 2022) 6.10 0911 31.76
MPRNet [25] (CVPR 2021) 20.10 0.117 32.66
MIMO-UNet++ [28] (ICCV 2021) 16.10 0.025 32.68
HINNet [26] (CVPR 2021) 88.79 0.508 32.71
Restormer [23] (CVPR 2022) 26.09 1.154 32.92
U-former [34] (CVPR 2022) 50.88 0.775 33.06
DS-Deblur* [45] (ACMMM 2022) 15.60 0.292 33.13
ERDNet* [46] (TMM 2022) 18.08 0.020 34.25
FEF-Deblur* (ours) 20.19 0.028 36.14

in Table VII. We can see that the number of parameters of
our method is in the middle level of the compared methods
and the average running time of our method is very com-
petitive compared to other methods. Specifically, compared
to the methods that also have a higher complexity such as
HINNet [26], D2Nets [53], and U-former [34], our method is
worthy of the relatively high complexity to achieve the best
performance, on the contrary, their performance is not desired.
Meanwhile, despite the relatively low complexity of some
methods such as ESTRNN [30], MTRNN [27], DSD [89], and
MemDeblur [85], the performances of them are not superior
enough. In summary, our method has comparable parameters
and running time with consideration of acceptable calculation
consumption to achieve promising deblurring performance.

V. CONCLUSION AND DISCUSSION

In this paper, we propose a novel frame-event fusion frame-
work for event-based motion deblurring (FEF-Deblur), which
can explore long-range collaborative fusion between frames
and events. First, different modalities are usually comple-
mentary and also redundant. To avoid the issue of modality
redundancy during complementary fusion, we conduct cross-
modal aggregation with the combination of complementary
and unique representation. Unique features and complemen-
tary features are first inferred with parallel intra-modal self-
attention and inter-modal cross-attention respectively, and then
a correlation-based constraint is designed to enlarge their dif-
ferences. Next, to capture spatio-temporal dependency among

successive inputs, we design a recurrent cross attention to
attend current spatial features and aggregated temporal fea-
tures to each other by establishing the long-range interaction
between them. Extensive evaluations show that our method
achieves state-of-the-art performance on both synthetic and
real-world datasets.

In this work, the FEF-Deblur is developed to fuse the frames
and events of the same resolution for motion deblurring.
In practice, conventional frame cameras have evolved more
rapidly than event cameras. What has happened is that the
resolution of conventional cameras is larger than the resolution
of event cameras. The method in this paper cannot handle
images and events with different resolutions, limiting its
application in practice. In the future, there are two aspects
that need to continue to be strengthened. For one hand, we
would like to explore how low-resolution events can be used to
enhance the quality of high-resolution images. In other hand,
we would like to design a self-supervised algorithm to learn
event-driven image quality enhancement, since it is difficult in
practice to obtain pairs of clear-decayed image pairs.
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