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Abstract. Video frames captured by rolling shutter (RS) cameras dur-
ing fast camera movement frequently exhibit RS distortion and blur
simultaneously. Naturally, recovering high-frame-rate global shutter (GS)
sharp frames from an RS blur frame must simultaneously consider RS
correction, deblur, and frame interpolation. A naive way is to decom-
pose the whole process into separate tasks and cascade existing methods;
however, this results in cumulative errors and noticeable artifacts. Event
cameras enjoy many advantages, e.g ., high temporal resolution, making
them potential for our problem. To this end, we propose the first and
novel approach, named UniINR, to recover arbitrary frame-rate sharp
GS frames from an RS blur frame and paired events. Our key idea is
unifying spatial-temporal implicit neural representation (INR) to directly
map the position and time coordinates to color values to address the
interlocking degradations. Specifically, we introduce spatial-temporal im-
plicit encoding (STE) to convert an RS blur image and events into a
spatial-temporal representation (STR). To query a specific sharp frame
(GS or RS), we embed the exposure time into STR and decode the em-
bedded features pixel-by-pixel to recover a sharp frame. Our method
features a lightweight model with only 0.38M parameters, and it also
enjoys high inference efficiency, achieving 2.83ms{frame in 31ˆ frame
interpolation of an RS blur frame. Extensive experiments show that our
method significantly outperforms prior methods. Code is available at
https://github.com/yunfanLu/UniINR.

Keywords: Event Camera; Rolling Shutter Correction; Deblurring;
Video Frame Interpolation; Implicit Neural Representation.

1 Introduction

Most consumer-level cameras based on CMOS sensors rely on a rolling shutter
(RS) mechanism. These cameras dominate the market owing to their benefits,
e.g ., low power consumption, simple design, and high sensitivity [14, 25]. In
contrast to the global shutter (GS) cameras, RS cameras capture pixels row
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Fig. 1: Inputs and the outputs of our method, EvUnRoll [60], and EvUnRoll [60]+Time-
Lens [44]. Inputs are shown in (a), which includes an RS blur frame and events.
ts and te are the start and end timestamps of RS, and texp is the exposure time.
Our outputs are shown in (b), which is a sequence of GS sharp frames during the
whole exposure time(ts, te ` texp) of the RS blur image. (c) shows outputs of EvUn-
Roll, which can only recover the GS sharp frames in a limited time interval (red
interval) instead of the whole exposure time of the RS blur frame. (d) shows outputs of
cascade methods of EvUnRoll+TimeLens. More details are in Supp. Mat.

by row; thus, the captured frames often suffer from obvious spatial distortions
(e.g ., stretch) and blur under fast camera/scene motion. Theoretically, an RS
frame can be formulated as a row-wise combination of sequential GS frames
within the exposure time [6,8]. Naively neglecting the RS effect often hampers
the performance in many real-world applications [13,20,59,60]. In this regard,
it is meaningful to recover high-frame-rate sharp GS frames from a single RS
blur frame as the restored GS frames can directly facilitate many downstream
tasks. Intuitively, achieving this goal often requires considering RS correction,
deblurring, and frame interpolation simultaneously. However, tackling this
task is nontrivial because multiple degradations, such as RS distortion, motion
blur, and temporal discontinuity [29,40,48], often co-exist for CMOS cameras [59].
The co-existence of various image degradations complicates the whole GS frame
restoration process. A naive way is to decompose the whole process as separate
tasks and cascade existing image enhancement networks, which can result in
cumulative errors and noticeable artifacts. For example, a simple consideration
of cascading a frame interpolation network [1] with an RS correction network
produces degraded results, as previously verified in [33].

Event cameras offer several advantages, e.g ., high-temporal resolution, which
make them suitable for various image restoration tasks [21, 24, 28, 44, 46, 57].
eSL-Net [46] proposes an event-guided sparse learning framework to simultane-
ously achieve image super-resolution, denoising, and deblurring. TimeLens [44]
integrates two branches to boost the performance of the video frame interpola-
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tion (VFI). DeblurSR [38] and E-CIR [39] take advantage of the high temporal
resolution of events by converting a blurry frame into an explicit time-to-intensity
function to handle VFI and deblurring. EvUnRoll [60], SelfUnroll [47] and EvShut-
ter [5] leverage events to enhance RS correction by accounting for nonlinear motion.
However, these methods cannot recover arbitrary frame-rate sharp GS
frames from a single RS blur frame. Fig. 1 (c) illustrates that EvUnRoll [60],
limited by its pre-trained deblurring network, only recovers sharp GS frames in
a limited time interval (red interval). Combining event-guided RS correction
(EvUnroll [60]) with a VFI model (TimeLens [44]) for high-frame-rate GS frame
recovery leads to significant artifacts, as shown in Fig. 1 (h).

In this paper, we make the first attempt to propose a novel yet efficient
framework, dubbed UniINR, that can recover arbitrary frame-rate sharp
GS frames from an RS blur frame and events. Our key idea is to employ
sparse learning to generate a spatial-temporal implicit neural representation (INR)
that can directly map the position and time coordinates to color values to address
the co-existence of degradations in CMOS cameras. Thus, UniINR seamlessly
integrates RS correction, deblurring, and interpolation in one unified process,
exemplifying our approach’s cohesive capability. Specifically, we formulate the
task — recovering high-frame-rate sharp GS frames from an RS blur frame and
paired events — as a novel estimation problem, defined as a function, F px, t, θq.
Here, x denotes the pixel position px, yq of an image, t denotes the timestamp
during the exposure time, and θ denotes the function’s parameters.

Our framework consists of three parts: (1) spatial-temporal implicit encoding
(STE), (2) exposure time embedding (ETE), and (3) pixel-by-pixel decoding
(PPD). Specifically, STE first extracts a spatial-temporal representation (STR)
as θ from events and an RS blur frame. To query a specific sharp frame of RS or
GS pattern, we then model the exposure information as a temporal tensor T in
ETE. Finally, PPD leverages an MLP to decode sharp frames from the STR and
the temporal tensor T , allowing for the generation of a sharp frame at any given
exposure pattern (e.g ., RS or GS). One notable advantage of our approach is
its high efficiency, as it only requires using the STE once, regardless of the
number of interpolation frames. Hence, while the frame interpolation multiples
increase linearly from 1ˆ to 31ˆ, the practical time required rises from 31ms
to 86ms, showcasing the non-linear growth in time consumption. Specifically,
at 31ˆ interpolation, each frame’s processing time is merely 2.8ms, whereas
the cascading approach (EvUnRoll [60] + TimeLens [44]) requires more than
177ms. Another advantage of UniINR is its lightweight model, boasting only
0.379M parameters, a benefit from our unified approach. We conduct a thorough
evaluation of our proposed method, including both quantitative and qualitative
analyses. Results from a variety of RS and blur settings, including both simulated
and real-world datasets, demonstrate that our approach outperforms existing
methods in RS correction, deblur, and VFI.

In general, we present three key contributions: (1) Novel question: We
pioneer the simultaneous exploration of RS correction, deblurring, and VFI,
charting novel territory in event-guided imaging. (2) Innovative framework:
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We propose a one-stage framework employing a unified INR for multi-task
processing. (3) Efficient performance: Our approach performance significantly
surpasses prior methods with performance and efficiency in model size and speed.

2 Related Works

Event-guided RS correction, deblurring, and interpolation: Given the
high temporal resolution of events, much prior research has employed events
into the task of RS correction [5, 24, 47, 60], deblurring [17, 36, 42, 46], and
VFI [12, 22, 34, 38, 39, 44, 51, 55]. Despite this, existing research often tackles
one or two of these tasks in isolation, overlooking the interconnected impacts
among them. To structure our discussion, we categorize the most pertinent
research into two main groups. RS correction + Deblurring: Wang et al . [47]
and Lu et al . [24] have explored the use of events to guide the correction of
RS frames. However, their approaches fall short of addressing simultaneous RS
and blur, thereby limiting their applicability. EvUnroll [60] and EvShutter [5]
employ events for RS correction and take into account the influence of blur.
However, their approach of using a two-stage approach for initial deblurring
followed by RS correction increases the model size and the cumulative errors.
Video Frame Interpolation: Event-guided VFI stands out as a pivotal area
of research, yet most recent works only focus on input frames with GS patterns.
This research branches into two streams: sharp frame-based VFI [27, 43, 44]
and VFI attentive to blur effects [12, 38, 39, 51]. TimeLens [44] exemplifies the
former by utilizing events to predict nonlinear motion, thereby outperforming
frame-based methods [1, 15, 16, 52]. On the other hand, works like E-CIR [39]
and DeblurSR [38] exemplify the latter by crafting an explicit time-to-intensity
mapping, enabling frame interpolation even among blurring. However, these
methods overlook the impact of RS distortion, leading to performance degradation
when dealing with spatially distorted and RS blur frames. Recently, NIRE [56]
addressed these three tasks. However, NIRE [56] mainly focused on a single
model’s performance on each task separately, lacking a thorough exploration of
all three simultaneously—a key difference from our motivation and framework.
Frame-based RS correction and deblurring: RS Correction: Frame-based
methods [6, 7, 9, 23, 58, 59, 59] lack motion information between frames, making it
hard to model nonlinear motion. RSSR [6,8] and CVR [9] represent these methods,
with RSSR introducing bi-directional undistortion flows, and CVR enhancing
motion and aggregating context to estimate and refine GS frames. However,
RSSR [6,8] and CVR [9] are constrained by their assumption of linear motion
for inter-frame dynamics, limiting their capacity to tackle complex motion. RS
Correction + Deblurring: JCD [59] proposes the first pipeline that employs
warping and deblurring branches to address the RS distortion and motion blur.
However, JCD also built upon the assumption of linear motion derived from
DeepUnrollNet [23], encounters a significant performance degradation in complex
scenarios involving non-linear motion [60].
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Fig. 2: An overview of our framework, which consists of three parts, (a) the Spatial-
Temporal Implicit Encoding (STE), (b) Exposure Time Embedding (ETE), and (c)
Pixel-by-pixel decoding (PPD). Details of STE, ETE, and PPD are described in Sec. 3.3,
Sec. 3.4, and Sec. 3.5. The inputs are an RS blur frame Irsb and events, and the outputs
are a sequence of GS frames and RS frames. RS frames are predicted only in training.

Implicit Neural Representation (INR): INR [3,4, 26, 37, 50] is proposed for
parameterized signals (images, video or audio) in the coordinate-based represen-
tation, inspiring some researchers to explore the potential of INR in low-level
vision tasks. LIIF [3] represents images as high-dimensional tensors, enabling
super-resolution (SR) at any scale. This approach is followed by VideoINR [4]
and MoTIF [2], which extend INR to videos, thereby unifying SR and VFI.
EG-VSR [26] incorporates events into the learning of INR to achieve random-
scale video SR. Differently, our approach utilizes an INR that directly maps
position and time coordinates to color/intensity values, effectively tackling the
multifaceted degradations. This enables our method to simultaneously
address RS correction, deblurring, and interpolation, offering a unified solution
to these intertwined challenges.

3 Methodology

3.1 Problem Definition and Analysis

We formulate the task — recovering arbitrary frame-rate sharp GS frames
from an RS blur frame and paired events — as a novel estimation problem,
defined as a function, F px, t, θq. Here, x denotes the pixel position px, yq of a
frame with a resolution of H ˆ W , t denotes the timestamp during the exposure
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time, and θ denotes the parameters. The intuition behind this formulation is
that there exists a relationship between the RS blur/sharp frame and the GS
blur/sharp frame. We now describe it.

By defining a function F px, t, θq mapping the pixel position x “ px, yq and
timestamp t to intensity or RGB value, we can obtain a GS sharp frame by
inputting the desired timestamp t̂ during the exposure time to the function,
which can be formulated as:

Ig,t̂ “ F px, t̂, θq (1)

As an RS frame can be formulated as a row-wise combination of sequential GS
frames within the exposure time [6,8], we can assemble an RS sharp frame Ir,ts,te
from a sequence of GS sharp frames row by row given the RS start time ts and
the end time te, as shown in Fig. 1. That is, the h-th row of an RS frame is the
same as the h-th row of a GS frame at ths , and the exposure start timestamp
of the h-th row of an RS frame is ths “ ts ` h ˆ pte ´ tsq{H. Therefore, we can
formally describe an RS sharp frame as Eq. 2, where rhs refers to h-th row.

Ir,ts,te “
␣

F
`

x, ths , θ
˘

rhs, h P r0, Hq
(

. (2)

In principle, a blur frame can be regarded as the temporal average of a sequence
of sharp frames [32,53]. Thus, a GS blur frame Ig,tg,texp

, where tg is the exposure
start timestamp and texp is the exposure time, can be expressed as the average
of a sequence of GS sharp frames during the exposure time texp. This concept
can be formulated as Eq. 3, where N is the length of the GS frame sequence and
the CRF [11] is omitted for simplicity.

Ig,t,texp
“

1

texp

ż t`texp

t

F px, t, θqdt «
1

N

N
ÿ

i“0

Ig,t0`iˆtexp{N , (3)

With the above formulation, an RS blur frame Ir,tsÑte,texp
can thus be described

based on the RS start time ts, RS end time te, and exposure time of each scan
line texp, as depicted in Fig. 1 (a). According to Eq. 2 and Eq. 3, the h-th row of
an RS blur frame can be described as the temporal average of the h-th row in a
sequence of GS sharp frames, which can be written as follows:

Ir,tsÑte,texp “

!

1
texp

şths `texp

ths
F px, t, θq rhsdt, h P r0, Hq

)

«

!

1
N

řN
i“0 Ig,ts`iˆtexp{N rhs, h P r0, Hq

)

.
(4)

An event stream E consists of a set of event e “ px, y, t, pq, where each event
is triggered and recorded with the polarity p when the logarithmic brightness
change at pixel px, yq exceeds a certain threshold C, which can be approximated
as the differential of F px, t, θq with respect to the time dimension. For details
about the principle of event cameras, refer to the Suppl. Mat.

To use events E as guidance, we need to address three challenges to estimate
the mapping function F px, t, θq: (I) how to find a function fe to encode the
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input RS blur image and events to θ of the mapping function F px, t, θq; (II) how
to find a function fte to represent the exposure information of desired RS or GS
sharp frames as t of the mapping function F px, t, θq; (III)) how to find a function
fd to eliminate the need to input position information of desired RS or GS sharp
frames as p of the mapping function F px, t, θq. Therefore, our goal is to estimate
fe, fte, and fd in order to get a mapped result, which can be formulated as:

I“F px, t, θq“F px, t, fepE, Irsbqq“F px, fteptq, fepE, Irsbqq“fdpfteptq, fepE, Irsbqq.
(I) (II) (III)

(5)
In the following section, we describe our framework based on Eq. 5 by

substantiating fe, fte, and fd.

3.2 Overview Proposed Framework

An overview of our UniINR framework is depicted in Fig. 2, which takes an
RS blur image Irsb and paired events E as inputs and outputs N sharp GS
frames tIgssuNi“0 with a high-frame-rate. To substantiate the defined functions fe,
fte, and fd, as mentioned in Sec. 3.1, our proposed framework consists of three
components: (1) Spatial-Temporal Implicit Encoding (STE), (2) Exposure Time
Embedding (ETE), and (3) Pixel-by-pixel Decoding (PPD). Specifically, we first
introduce an STE to encode the RS blur frame and events into a spatial-temporal
representation (STR) (Sec. 3.3). To provide exposure temporal information for
STR, we embed the exposure start timestamp of each pixel from the GS or RS
by ETE. (Sec. 3.4). Lastly, the PDD module adds ETE to STR to generate RS
or GS sharp frames (Sec. 3.5). We now describe these components in detail.

3.3 Spatial-Temporal Implicit Encoding (STE)

Based on the analysis in Sec. 3.1, we conclude that the RS blur frame Irsb and
events E collectively encompass the comprehensive spatial-temporal information
during the exposure process. In this section, we aim to extract a spatial-temporal
implicit representation θ that can effectively capture the spatial-temporal infor-
mation from the RS blur frame Irsb and events E.

To achieve this, we need to consider two key factors: (1) extracting features
for the multi-task purpose and (2) estimating motion information. For the first
factor, we draw inspiration from eSL-Net [46], which effectively utilizes events to
simultaneously handle deblur, denoise, and super-resolution tasks. Accordingly,
we design a sparse-learning-based backbone for the encoder. Regarding the second
factor, previous works [6,8,9] use optical flow for motion estimation in RS correc-
tion, deblurring, and VFI. However, optical flow estimation is computationally
demanding [10,41,61], making it challenging to incorporate it into the multiple
task framework for RS cameras due to the complex degradation process.

As an efficient alternative, we propose to estimate a video STR by the sparse-
learning-based backbone. And the STR stores motion information and directly
maps time and coordinates to RGB values, as shown in Eq. 1. In practice, we



8 Y.F. Lu et al.

adopt a 3D tensor with a shape of H ˆW ˆC as the STR θ, which can effectively
address the interlocking degradations encountered in the image restoration process
with a sparse-learning-based backbone, as formulated as θ “ fepE, Irsbq in Eq. 5.
More details in the Suppl. Mat.

3.4 Exposure Time Embedding (ETE)

As depicted in Fig. 2 (b), the objective of the ETE module is to incorporate the
exposure time of either a rolling shutter (RS) frame (ts, te) or a global shutter
(GS) frame (tg) by employing an MLP layer, resulting in the generation of a
temporal tensor T . To achieve this, we design an ETE module, denoted as fte,
which takes the GS exposure time tg as input and produces the GS temporal
tensor Tg “ fteptgq. Similarly, for RS frames, Tr “ fteptrs , treq represents the RS
temporal tensor, which is only used in training. The process begins by converting
the exposure process information into a timestamp map, with a shape of HˆWˆ1.
Subsequently, the timestamp map is embedded by increasing its dimensionality to
match the shape of the STR. This embedding procedure allows for the integration
of the exposure time information into the STR representation. We now explain
the construction of timestamp maps for both GS and RS frames and describe
the embedding method employed in our approach.
GS Timestamp Map: In GS sharp frames, all pixels are exposed simultaneously,
resulting in the same exposure timestamps for pixels in different positions. Given
a GS exposure timestamp tg, the GS timestamp map Mg can be represented as
Mgrhsrws “ tg, where h and w denote the row and column indices, respectively.
RS Timestamp Map: According to in Sec. 3.1, pixels in RS frames are exposed
line by line, and pixels in different rows have different exposure start timestamps.
Given RS exposure information with start time ts and RS end time te, the RS
timestamp map can be represented as Mrrhsrws “ ts ` pte ´ tsq ˆ h{H, where h,
w, H denote the row and column indices and height of the image, respectively.
Time Embedding: The timestamp maps, Mr and Mg, represent the timestamps
of each pixel in a specific frame (RS or GS) with a shape of HˆWˆ1. However, the
timestamp map is a high-frequency variable and can pose challenges for learning
neural networks [45]. Some approaches [45,50] propose a combination function of
sine and cosine to encode the positional embedding. In this paper, we utilize a
one-layer MLP to increase the dimension for embedding. The whole embedding
process is formulated as Tg “ fteptgq for GS frames, and Tr “ fteptrs , treq for
RS frames, as depicted in Fig. 2 (b). The MLP consists of a single layer that
maps the timestamp map Mr or Mg to the same dimension H ˆ W ˆ C as the
spatial-temporal representation (STR) θ, as described in Sec. 3.3.

3.5 Pixel-by-pixel Decoding (PPD)

As shown in Fig. 2 (c), the goal of PPD is to efficiently query a sharp frame from
STR θ by the temporal tensor T . It is important that the encoder is invoked only
once for N times interpolation, while the decoder is called N times. Therefore, the
efficiency of this query is crucial for the overall performance. The query’s inputs
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Table 1: Comparison of properties across different datasets.

Dataset Real-world Has GT Rolling
Time (ms)

Support
VFI Blur Exposure

Time (ms)

Fastec-Orig [23] ✗ ✓ 100.0 ✗ Sharp 0.4
Gev-Orig [60] ✗ ✓ 31.5; 63.1 ✗ Blur 12.8; 25.4
Fastec-Blur ✗ ✓ 108.3 ✓ Blur 108.3
Gev-Blur ✗ ✓ 45.6 ✓ Blur 45.6

EvUnRoll-Real [60] ✓ ✗ - ✗ Sharp -

(a) Events (b) Input (c) EvUnroll (e) Ours (f) GT

Fig. 3: Visual results for RS correction on Fastec-Orig [23] dataset.

θ capture the global spatial-temporal information, and T captures the temporal
information of the sharp frame (GS or RS). Inspired by previous works [3,31], we
directly incorporate the temporal tensor T into the STR θ to obtain an embedded
feature with a shape of H ˆ W ˆ C for each query. This additional embedded
feature combines the global spatial-temporal information with the local exposure
information, enabling straightforward decoding to obtain a sharp frame. To avoid
the need for explicit positional queries, we employ a pixel-by-pixel decoder. The
decoder, denoted as fd in Eq. 5, employs a simple 5-layer MLP fœ

5

mlp architecture.
The reconstructed output I after decoding can be described in Eq. 6, where ‘

means element-wise addition.

I “ fdpfteptq, fepE, Irsbqq “ fdpT, θq “ fœ
5

mlppT ‘ θq. (6)

Loss Function: Inspired by EVDI [55], we formulate the relationship between
RS blur frames and RS sharp frames. Given a sequence of RS sharp frames
generated from the decoder, the input RS blur frame Irsb “ 1

M

řM
i“1 pÎirssq, where

M represents the length of the RS frame sequence. In this way, we can formulate
the blur frame guidance integral loss between the reconstructed RS blur frame and
the original RS blur frame as Lb “ LcpÎrsb, Irsbq, where Lc indicates Charbonnier
loss [19]. Apart from RS blur image-guided integral loss Lb, we incorporate a
reconstruction loss Lre to supervise the reconstructed GS sharp frames. Our total
loss function is detailed in Eq. 7, where λb,λre denote the weights of each part.

L “ λbLb ` λreLre “ λbLcpÎrsb, Irsbq ` λre
1

N

N
ÿ

k“1

LcpÎkgss, I
k
gssq. (7)
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Table 2: Quantitative comparison for RS correction on Fastec-Orig dataset [23].

Method Frames Event Params(M) Ó PSNR Ò SSIM Ò LPIPS Ó

DSUN [23] 2 ✗ 3.91 26.52 0.79 0.122
RSCD [59] 3 ✗ 7.32 24.84 0.78 0.107
SUNet [7] 2 ✗ 11.91 28.34 0.84 -
ESTRNN [58] 5 ✗ 2.47 27.41 0.84 0.189
JCD [59] 3 ✗ 7.16 24.84 0.78 0.107
RSSR [6] 2 ✗ 26.04 21.23 0.78 0.166
CVR [9] 2 ✗ 42.69 28.72 0.85 0.111
SelfUnroll-S [47] 1 ✓ - 31.85 0.89 0.072
SelfUnroll-M [47] 2 ✓ - 32.34 0.90 0.072
EvUnroll [60] 1 ✓ 20.83 31.32 0.88 0.084
EvShutter [5] 1 ✓ - 32.41 0.91 0.061
UniINR(Ours) 1 ✓ 0.38 33.91 0.9234 0.049

(a) Events (b) Input (c) EvUnRoll (d) Ours (e) GT

Fig. 4: Visual results for RS correction+Deblur on Gev-Orig [60] dataset.

4 Experiments

Implementation Details: We utilize the Adam optimizer [18] for all experi-
ments, with learning rates of 1e ´ 4 for simulation datasets [23,60]. Using two
NVIDIA RTX A5000 GPU cards, we train our framework across 400 epochs with
a batch size of two. In practice, we use the mixed precision [30] tool provided by
PyTorch [35] , which can speed up training and reduce memory usage. PSNR,
SSIM [49], and LPIPS [54] are used to evaluate the reconstructed results.

Fig. 5: Quantitative comparison for RS correc-
tion + deblurring on Gev-Orig dataset [60].
The numerical results of DSUN, JCD, and EvUn-
Roll are provided by [60].

Method PSNR Ò SSIM Ò LPIPS Ó

DSUN [23] 23.10 0.70 0.166
JCD [59] 24.90 0.82 0.105
EvUnRoll [60] 30.14 0.91 0.061
NIRE [56] 29.86 0.91 -
UniINR(Ours) 31.47 0.9327 0.038

Setting: To verify the perfor-
mance on three tasks—RS correc-
tion, deblurring, and VFI—our ex-
perimental setting utilizes a lay-
ered task strategy to validate the
effectiveness. We executed experi-
ments across three configurations:
(1) RS correction (Tab. 2, Fig. 3),
(2) RS correction + deblurring
(Tab. 5, 3, Fig. 4, 6), and (3) RS
correction + deblurring + VFI
(Tab. 4, Fig. 6). This setting al-
lows for a thorough assessment of
the performance. Additionally, to
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Table 3: Quantitative results for RS correction + deblurring with color and gray
frames on Gev-Blur Dataset. eSL-Net* is a modified version of eSL-Net. [46].

Inputs Gev-RS-Blur Fastec-RS-Blur
Methods Frame Event Params(M) Ó PSNR Ò SSIM Ò PSNR Ò SSIM Ò

1ˆ

JCD 3 color ✗ 7.1659 19.42 0.6364 24.92 0.7422
EU 1 color ✓ 20.83 26.18 0.8606 29.76 0.8693
UniINR (Ours) 1 color ✓ 0.3792 30.35 0.9714 33.64 0.9299

1ˆ
eSL-Net* 1 gray ✓ 0.1360 31.64 0.9614 32.45 0.9186
UniINR (Ours) 1 gray ✓ 0.3790 33.12 0.9881 34.62 0.9390

Table 4: Quantitative results for RS correction + deblurring + VFI with color
and gray frames. TL refers to TimeLens [44]. EU refers to EvUnroll [60].

Inputs Gev-RS-Blur Fastec-RS-Blur
Methods Frame Event Params(M) Ó PSNR Ò SSIM Ò PSNR Ò SSIM Ò

3ˆ
EU + TL 2 color ✓ 93.03 21.86 0.7057 24.81 0.7179
UniINR (Ours) 1 color ✓ 0.3792 28.36 0.9348 32.72 0.9147

5ˆ
EU + TL 2 color ✓ 93.03 21.59 0.6964 24.46 0.7140
UniINR (Ours) 1 color ✓ 0.3792 28.41 0.9062 32.13 0.9053

9ˆ
EU + TL 2 color ✓ 93.03 21.24 0.6869 23.99 0.7029
UniINR (Ours) 1 color ✓ 0.3792 27.21 0.8869 29.31 0.8590

3ˆ
DeblurSR 1 gray ✓ 21.2954 17.64 0.554 21.17 0.5816
UniINR (Ours) 1 gray ✓ 0.3790 31.11 0.9738 33.23 0.9210

5ˆ
DeblurSR 1 gray ✓ 21.2954 18.35 0.6107 22.86 0.6562
UniINR (Ours) 1 gray ✓ 0.3790 30.84 0.9673 32.82 0.9147

9ˆ
DeblurSR 1 gray ✓ 21.2954 18.86 0.6502 23.96 0.7049
UniINR (Ours) 1 gray ✓ 0.3790 30.54 0.9579 32.21 0.9051

evaluate our method’s generalization capabilities, we conducted tests on the real-
world dataset (Fig. 7). Datasets: In this process, we used a total of five datasets,
as shown in Tab. 1. These datasets include simulation datasets and real-world
datasets. The simulation datasets are simulated based on high-frame-rate video
and can support model training. Among them, Fastec-Orig [23] and Gev-Orig [60]
are the simulation data sets used in the original paper respectively. Given the
limitations of the original datasets in terms of mild blurring and their inability
to support VFI training, we generate the Fastec-Blur and Gev-Blur datasets
to better meet the training needs. Moreover, we utilize a real-world dataset,
EvUnRoll-Real [60], to facilitate qualitative visual assessments. However, the
absence of ground truth in the dataset precludes the provision of quantitative
evaluations. More explanations of the setting and datasets are in Supp. Mat..
Comparison Experiments: (1) RS Correction: We conducted a compar-
ison of RS correction on the Fastec-Orig dataset [23], comparing frame-based
methods [6, 7, 9, 23, 58,59,59] and event-based methods [5, 47,60] in Tab. 2. The
results show that our model size is only 1{10 to 1{110 of the comparative models,
yet it surpasses existing models in all evaluation metrics. Notably, our model
exceeds the current state-of-the-art (SOTA) by 1.6dB in PSNR. Moreover, in
Fig. 3, we display the visual results of RS correction. Compared to EvUnRoll,
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(a) Events (b) RS blur gray (c) Gray GT (d) Ours Gray (e) eSL-Net 
(modified) (f) DeblurSR

(g) Events 𝑡 = 0.5 (h) RS blur color (i) Color GT (j) Ours Color (k) EvUnRoll (l) JCD

Fig. 6: Visual Comparisons on RS correction + deblurring on Gev-Blur [60] dataset.
The image resolution of DeblurSR [38] is 180 ˆ 240.

our method significantly improves deformation correction and achieves clearer
edges (’60’ in the red circle). (2) RS Correction + Deblurring: We compare
the combined task of RS correction and deblurring. In Tab. 5, we compared
two frame-based methods [23,59] and two event-based methods [56,60] on the
Gev-Orig dataset, which accounts for slight blur (with exposure times of 12ms
and 25ms) as shown in Tab. 1. The results demonstrate the advantage of Uni-
INR, surpassing the SOTA method, EvUnRoll [60], by 1.33dB. Furthermore,
we explored our method’s performance under greater blur degrees, as detailed
in Tab. 3. The Gev-Blur dataset, with a 45.6ms exposure, displays nearly twice
the blur of Gev-Orig (25.4ms), and Fastec-Blur extends exposure to 108ms.
Our approach consistently outperformed, particularly against the SOTA method,
EvUnroll, which suffers from error accumulation during its two-stage deblurring
and RS correction process. This issue is more evident with higher blur degrees,
as shown in Tab. 3. Our method maintained stability and effectively avoided
accumulated errors; notably, even as the blur intensity doubled, our PSNR ex-
perienced a minimal decline, moving from 31.47dB to 30.35dB, a decrease of
only 1.12dB. This stands in stark contrast to EvUnRoll, which saw its PSNR
drop significantly from 30.14dB to 26.18dB, a substantial fall of 3.96dB. Visual
results also demonstrate our method’s strength, especially in Fig. 4, where we
successfully recover edges lost to blur. This capability is further evident in Fig. 6,
where our method restores sharp edges in fast-moving trains under higher blur
degrees, unlike outputs of EvUnRoll and JCD. Our one-stage strategy for deblur-
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(a) Events (b) Color (c) EvUnRoll (d) Ours

Fig. 7: Visualization results in a real-world dataset [60]. (a) are the events visualization.
(b) are the input RS frames with clear distortions. (c) are the outputs of EvUnRoll. (d)
are the outputs of our method. The red circle in (c) has color/edge distortions.

ring and RS correction avoids error accumulation, effectively handling complex
motion and showing better results. (3) RS Correction + Deblurring + VFI:

Table 5: Ablation for position embedding.
Position Embedding PSNR SSIM

1ˆ
Sinusoid 32.46 0.9851
Learning 33.12 0.9881

3ˆ
Sinusoid 30.83 0.9723
Learning 31.11 0.9738

5ˆ
Sinusoid 30.70 0.9678
Learning 30.84 0.9673

9ˆ
Sinusoid 30.51 0.9560
Learning 30.54 0.9579

+1.11 +0.0059

We undertook detailed comparative
experiments across three tasks on
Gev-Blur and Fastec-Blur datasets,
assessing our method’s performance
showcased in Tab. 4. Our method
exceeds DeblurSR [38] and EvUn-
roll [60]+TimeLens [44] by up
to 13.47dB and 8.49dB. De-
blurSR [38] falls short by focusing
only on deblurring and VFI, over-
looking RS distortion’s effects. Sim-
ilarly, EvUnroll [60]+TimeLens [44]
underperforms due to accumulated
errors in the cascading network, as
evidenced in Fig. 1(h). The visual re-
sults presented in Fig. 6 highlight the

effectiveness of our method for both grayscale and color inputs, successfully gen-
erating sharp frames free from RS distortion even in challenging scenarios like a
fast-moving train. In contrast, eSL-Net and EvUnroll’s outputs contain noticeable
artifacts, especially around the train door as marked in the red region of Fig. 6.
Moreover, DebluSR [38] results show significant artifacts, further emphasizing
the superiority of our method in handling multiple tasks simultaneously. For
more visualization results, please refer to demo videos in Supp. Mat.. Real-world
Dataset: Fig. 7 shows real-world results. The input frame exhibits rolling shutter
distortions, such as curved palette edges. In contrast, events show global shutter
traits. Both our method and EvUnRoll correct these distortions effectively. Due
to the lack of ground truth, quantitative analysis is not possible. Notably, our
method avoids artifacts and errors, outperforming EvUnRoll in palette scenarios
and building. More discussion please refer to the Supp. Mat..
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Fig. 8: Comparison of inference time of our method
with EvUnroll + TimeLens. tEU and tTL represent
the respective inference times of EvUnRoll and
TimeLens. The axes represent VFI multiples (1ˆ

to 31ˆ) and time. 2TEU and 2tTL means calling
EvUnRoll twice and TimeLens twice.

Ablation and Analytical Ex-
periments: Importance of
Exposure Time Embedding:
We conduct the experiments to
evaluate the impact of learning-
based position embedding, with
a comparative analysis to sinu-
soid position embedding [45]. As
indicated in Tab. 5, learning-
based position embedding out-
performs sinusoid position em-
bedding, with advancements of
up to 1.11dB on average. This
superior efficacy is attributable
to the intrinsic adaptability
of the learning-based position
embedding. Inference Speed:
Fig. 8 shows our method’s in-
ference time across 1ˆ to 31ˆ

interpolation. The total time rises modestly, e.g., from 30.8 ms at 1ˆ to 86.9 ms
at 31ˆ, a 2.8-fold increase for a 31-fold interpolation. The average frame time even
decreases at higher multiples, reaching 2.8 ms at 31ˆ. Compared to EvUnRoll [60]
and TimeLens [44], our method is more computationally efficient, requiring only
72% of EvUnRoll’s 42.3 ms for RS correction and deblurring. For N -fold frame
insertion using EvUnRoll + TimeLens, EvUnRoll is counted twice, and TimeLens
N ´ 2 times. This advantage is amplified in high-magnification scenarios, where
TimeLens costs 186.76ms per call. Our calculations focus on GPU time, excluding
data I/O, further increasing EvUnRoll and TimeLens’ time consumption.

5 Conclusion

This paper presented a novel approach that simultaneously uses events to guide
rolling shutter frame correction, deblur, and interpolation. Unlike previous net-
work structures that can only address one or two image enhancement tasks, our
method incorporated all three tasks concurrently, providing potential for future
expansion into areas such as image and video super-resolution and denoising. Fur-
thermore, our approach demonstrated high efficiency in computational complexity
and model size. Regardless of the number of frames involved in interpolation, our
method only requires a single call to the encoder, and the model size is small.
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