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Abstract

Modern cameras, such as smartphone cameras and DSLRs,
are equipped with gyro sensors that measure motion of the
camera. While the motion information is valuable for de-
blurring, gyro-based deblurring has not been widely stud-
ied, particularly for video. A few gyro-based video deblur-
ring methods have been proposed, but they exhibit inher-
ent limitations. First, gyro sensors capture only rotational
motion, leading these methods to ignore translational mo-
tion. Second, their dependence on simplified blur mod-
els and deconvolution-based solutions restricts overall per-
formance. To address these limitations, we introduce Gy-
roDVD, the first learning-based framework for gyro-based
video deblurring. We propose a novel blur kernel construc-
tion scheme that jointly accounts for rotational and trans-
lational motion. A video deblurring network then restores
sharp videos by exploiting the constructed kernels together
with the video frames. For training and evaluation, we in-
troduce the GyroVD dataset, a large-scale and realistic
dataset specifically designed for gyro-based deblurring. Ex-
tensive experiments demonstrate that our method signifi-
cantly outperforms prior gyro-based image and video de-
blurring methods.

1. Introduction

Hand-held video capturing in low-light environments is par-
ticularly challenging. Camera motion during exposure pro-
duces motion blur that severely degrades perceptual quality.
To remove blur from videos, traditional video deblurring
methods [1, 4, 8, 27, 49, 70] employ multi-image decon-
volution to jointly optimize blur kernels and latent sharp

frames. Recently, learning-based video deblurring meth-
ods [25, 28, 29, 38–40, 48, 50, 59, 62–64, 68] have achieved
superior performance compared to traditional approaches.
Nevertheless, their performance remains limited, especially
in cases of severe blur.

To improve performance, several deblurring methods
leverage auxiliary data captured by additional hardware
(e.g., dual cameras [3, 23, 26, 43, 45, 52, 53, 57] and event
cameras [7, 13, 18, 21, 51, 58, 67]). However, such methods
require additional cameras, and the acquisition and storage
costs of the auxiliary data are substantially high, especially
for videos. Instead, we focus on utilizing gyro sensors for
deblurring, which are already integrated into modern cam-
eras, such as smartphone cameras and DSLRs. The gyro
sensors measure rotational camera motion at high frame
rates (e.g., 400 FPS) with minimal costs, providing valuable
motion information for deblurring.

To exploit gyro sensors, several classical methods [34,
46, 47] and learning-based methods [17, 24, 35, 41, 55, 60]
have been proposed for single-image deblurring. These ap-
proaches estimate a blur kernel from gyro data and restore
a sharp image using the blur kernel, achieving improved
performance. However, these methods have inherent limita-
tions, as they rely on only rotational motion from gyro data
and ignore translational motion. In addition, single-image
deblurring remains highly ill-posed even with motion infor-
mation. As a result, these methods still struggle to recover
sharp details and often introduce noticeable artifacts.

Only a few methods [2, 14] address gyro-based video de-
blurring, employing multi-image deconvolution using blur
kernels estimated from gyro data. These approaches rely
on restrictive blur models, precise alignment, and deconvo-
lution algorithms, which limit their performance. Further-

http://cg.postech.ac.kr/research/GyroDVD


more, these methods also ignore translational motion. In
particular, when capturing videos, the effect of translational
motion becomes signi�cant because the photographer often
records videos while walking or moving.

In this paper, we propose GyroDVD (Gyro-based Deep
Video Deblurring), the �rst learning-based approach for
gyro-based video deblurring. We introduce a novel motion
model that decomposes the effect of camera motion on each
pixel into rotational and translational components, which
are estimated from gyro data and video frames. Based on
this model, we construct pixel-wise blur kernels that jointly
capture both types of motion. Leveraging these kernels for
both deblurring and feature propagation across frames, our
deblurring network produces high-quality deblurred results.

Training gyro-based video deblurring requires a large-
scale dataset, which unfortunately remains unavailable. Ex-
isting datasets are primarily designed for image deblurring
and often lack realism. Previous methods [24, 41] syn-
thesize blur by averaging frames from the Visual-Inertial
dataset [44], but its low frame rate (20 FPS) and lack of
moving objects limit realism. Other approaches [17, 35,
60, 65, 66] generate blur kernels from gyro data and con-
volve sharp images with them, resulting in blur that contains
only rotational motion. Some methods simulate translation
or object motion using Gaussian acceleration [65, 66] or
synthetic moving objects [60], but realism remains limited.
These limitations make existing datasets not only dif�cult
to use for training but also unsuitable for video deblurring.

To address the limitations, we propose the Gy-
roVD (Gyro-based Video Deblurring) dataset. To construct
a realistic dataset, we developed a smartphone app that si-
multaneously captures high-speed (240 FPS) videos and
gyro data. Using this app, we recorded various scenes con-
taining both rotational and translational camera motion, as
well as moving objects. Blurred videos were then generated
by averaging consecutive frames of the high-speed videos,
and the gyro data were sampled according to the videos.
In total, GyroVD provides 63,200 blurred frames from 632
videos with the corresponding gyro data. GyroVD is the
largest publicly available dataset for video deblurring (Tab.
1) and offers the most comprehensive coverage of realistic
motion for gyro-based methods. To further support evalua-
tion, we additionally collected 100 real-world videos with
gyro data for no-reference metric analysis.

Our experimental results show that GyroDVD signi�-
cantly outperforms existing gyro-based image deblurring
and video deblurring methods, on both synthetic and real
datasets. Our major contributions can be summarized as:

• We introduce a decomposed camera motion model and
propose a novel blur kernel construction scheme that re-
�ects both rotational and translational camera motion.

• We propose GyroDVD, the �rst learning-based frame-
work for gyro-based video deblurring, which employs a

network that exploits blur kernels for video deblurring.
• We construct GyroVD, the �rst gyro-based video de-

blurring dataset, which is the largest and most realistic
dataset for gyro-based deblurring.

2. Related work

Most traditional video deblurring methods [1, 4, 8, 27,
49, 70] formulate the task as a multi-image deconvolution
problem, where a single latent frame is deconvolved from
multiple blurred frames. On the other hand, several classi-
cal methods [9–11, 31] align and directly fuse consecutive
video frames without performing deconvolution.

Recently, learning-based video deblurring approaches
have been proposed, which learn the temporal fusion pro-
cess from large-scale training data. Various network archi-
tectures have been proposed, including 2D CNNs that pro-
cess concatenated frames [38, 50] or fuse features across
frames [5, 25, 39, 40, 56], 3D CNNs [63], recurrent net-
works [28, 48, 68, 69], and transformer-based networks [29,
62, 64]. However, under severe motion, the neighboring
frames are also heavily degraded, making temporal fusion
ineffective. As a result, these methods still struggle to re-
store sharp details in cases of severe blur.

To improve performance, several deblurring meth-
ods have been proposed to leverage gyro sensors. Most
gyro-based deblurring methods have focused on image
deblurring. Classical gyro-based image deblurring ap-
proaches [34, 46, 47] utilize gyro data to estimate blur
kernels and apply the deconvolution method using them.
Learning-based image deblurring methods [17, 24, 35, 41,
55, 60] also estimate blur kernels from gyro data and
use them as additional inputs to deep networks. Various
strategies have been explored to exploit the blur kernels
effectively, including simple concatenation [24, 35], de-
formable convolution [17, 60], and attention-based mech-
anisms [41, 55]. However, all these methods rely solely
on rotational motion computed from gyro data and ignore
translational motion.

To consider translational motion, two classical meth-
ods [16, 19] additionally utilize accelerometer sensors for
computing blur kernels. However, constructing blur kernels
from acceleration is challenging, as it requires information
on both the scene depth and the gravity direction. Moreover,
both methods assume that the initial camera velocity is zero
(i.e., the camera is stationary at the beginning of the expo-
sure), which does not hold in real-world scenarios.

Only a few methods [2, 14] have been proposed for gyro-
based video deblurring. Park et al. [14] propose a multi-
image deconvolution method using blur kernels estimated
from gyro data. Arslan et al. [2] adopt grid-based kernel es-
timation and deconvolution for video deblurring. However,
both methods also ignore translational motion and rely on



restrictive blur models, precise alignment, and simple de-
convolution, which severely limit their performance.

3. Camera Motion Model

This section introduces our motion model, which enables
accurate blur kernel construction. Our method constructs
pixel-wise blur trajectories by modeling the underlying
camera motion, which consists of rotational and transla-
tional motion. Rotational motion can be directly measured
using a gyro sensor. However, the sensor does not capture
translational motion, such as forward or lateral movement,
which also contributes signi�cantly to motion blur.

To estimate translation, we leverage inter-frame optical
�ow. While optical �ow captures the overall motion be-
tween frames, it inherently entangles rotation and transla-
tion. To address this, we introduce a novel motion model
that decomposes the effect of camera motion in the pixel
space into rotational and translational components. Based
on this model, we isolate the translational component from
the optical �ow. This enables us to recover translation for
each pixel, which is critical for modeling accurate blur ker-
nels. To formalize this process, we begin by modeling the
warping of 2D pixel positions under rigid camera motion.
Rigid Camera Motion The camera motion can be mod-
eled as a rigid-body transformation characterized by rota-
tion and translation. Suppose the camera undergoes a mo-
tion parameterized by a rotation matrix R 2 R3�3 and a
translation vector t 2 R3. A 2D pixel position p = [x; y]>

is warped to a new position p0 according to the standard
projection model:

p0 = �
�

C
�

R C �1 pH +
1
d

t
��

(1)

where C is the camera intrinsic matrix, pH = [p > ; 1]>

is the homogeneous coordinate of p, d is its depth, and
�((x; y; w) > ) = (x=w; y=w) > denotes the projection from
a 3D homogeneous coordinate to a 2D Cartesian coordinate.
Decomposed Motion Model If gyro data are available
without error and no translational motion exists, pixel-wise
blur kernels can be derived by computing the trajectories of
warped pixels over the exposure interval using Eq. (1). In
video capture, however, translational motion t plays a sig-
ni�cant role, since the camera often moves rather than re-
maining stable as in still photography. Gyro sensors provide
only rotational information and do not measure translation,
and Eq. (1) additionally requires the depth d, which is dif�-
cult to obtain in practice. Consequently, it is impractical to
directly model camera motion blur using Eq. (1).

To address this limitation, we introduce an approxima-
tion to Eq. (1). Consider a video frame with an exposure
interval (ts; te), and let ft i gN

i=0 denote N+1 uniformly
spaced samples such that t0 = t s and tN = t e. Let �t =

t i+1 � t i be the uniform temporal gap between consecutive
sampling points. Suppose that the camera's rotation matrix
R i and translation vector ti at time ti are given. By sub-
stituting Ri and ti into Eq. (1) and applying a �rst-order
Taylor expansion of the projection function �, the warped
pixel position p0

i at time ti can be approximated as:

p0
i � �

�
CR i C �1 pH

�
+ 1

d JCt i

= �
�
CR i C �1 pH

�
+ � i

(2)

where J is the Jacobian matrix of �, and �i is a translational
motion vector de�ned as �i = 1

d JCt i .
In practice, while Ri can be derived from gyro data, ti

and d, or equivalently �i , are not available. Instead, we ap-
proximate the translational motion as having constant ve-
locity and depth over the short time interval. Under this as-
sumption, we obtain our decomposed motion model:

p0
i � �

�
CR i C �1 pH

�
+

t i � t s

te � t s
� (3)

where � denotes the cumulative translational motion vector
over the exposure interval (ts; te). Here, the translational
motion vector at ti is approximated as �i � t i �t s

t e �t s
� . To

construct blur kernels that re�ect both translational and ro-
tational motion, we estimate � using optical �ows between
consecutive video frames. In the next section, we describe
how to estimate � and construct blur kernels accordingly.

4. Blur Kernel Construction

Our method constructs pixel-wise camera motion trajecto-
ries from gyro data and optical �ow, which are used as
blur kernels to deblur video frames. Based on the model
in Eq. (3), we separately estimate the rotational and transla-
tional components of the blur kernels and combine them.
Rotational Component Given a blurred video frame I
captured over the exposure interval (ts; te), we compute the
warped pixel positions over N+1 uniformly spaced time
samples fti gN

i=0 . Using the gyro sensor, we obtain angular
velocity measurements f!k gM

k=0 and corresponding times-
tamps f~tk gM

k=0 over the exposure interval (ts; te), where
M + 1 denotes the number of measurements within the in-
terval. The cumulative rotation from ts to ti is computed
as:

R i =
Y

k: ~t k �t i

exp
�
[! k ]� � ~tk

�
(4)

where [�]� denotes the skew-symmetric matrix associated
with an angular velocity vector. �~tk is the temporal gap
between velocity measurements. For each pixel p in I, we
substitute Eq. (4) into Eq. (3) while setting � = 0, and com-
pute the warped position p0i at time ti . This yields the pixel-
wise trajectories induced by rotational camera motion:

k rot =
�

d rot
i

	 N
i=0 ; d rot

i = p 0
i � p (5)



Figure 1. Visualization of rotational and translational components
(k rot; k tran) of blur kernels, and their combined blur kernel.

where drot
i denotes the pixel displacement at the i-th sam-

pling point, and krot represents the corresponding trajectory
formed by N sampled displacements.
Translational Component We estimate the translational
motion vector � using optical �ows. For an input frame I,
we compute an optical �ow map from I to its next frame I0.
For each pixel p in I, the optical �ow vector f points to its
corresponding pixel in I0.

However, this optical �ow encodes displacement caused
by both rotational and translational motions. To isolate the
translational component, we �rst compute the rotation ma-
trix R between I and I0 by accumulating the rotational ma-
trices, similar to Eq. (4). We then subtract the rotational mo-
tion from the optical �ow vector, yielding an estimate of the
translational motion vector:

� =
te � t s

�

�
p0

f � �
�
CRC �1 pH

�	
(6)

where � is the temporal interval between the temporal cen-
ters of I and I0 (e.g., 1=30 sec. for 30 FPS videos) and
p0

f = p + f is the warped pixel position of p in I0 found by
the �ow vector f . The estimated vector is then distributed
across the sampling points fti gN

i=0 , respectively, yielding

k tran =
�

d tran
i

	 N
i=0 ; d tran

i =
t i � t s

te � t s
� (7)

where dtran
i and ktran denote a pixel displacement and a tra-

jectory computed from � , respectively. Finally, the per-pixel
blur kernel can be obtained by combining both components:

k = k rot + k tran (8)

which captures the complete camera motion trajectory dur-
ing the exposure interval.

For brevity, we assume that the pixel-wise trajectories
start at the beginning of the exposure, ts. However, most
deblurring methods consider the GT sharp frame to corre-
spond to the temporal center of the exposure. To account
for this, we compute both the rotational and translational
components of the pixel-wise trajectories using the tempo-
ral center tc = (t s +t e)=2 as the starting point instead of ts.
We also interpret the optical �ow vector f as the displace-
ment between the temporal centers of frames. More details
are provided in the supplementary material.

In our implementation, we estimate optical �ows from
blurred videos, since sharp frames are not available prior to

deblurring. The estimated optical �ows may contain errors,
which degrade the accuracy of per-pixel blur kernels. To
enhance robustness, we compute consistency masks from
the optical �ows and mask unreliable regions where incon-
sistencies are detected. For the masked regions, we discard
k tran and instead use those from nearest neighbors.

Fig. 1 presents the estimated rotational and transla-
tional components, along with the resulting blur kernels ob-
tained by their combination. As shown, either component
alone cannot accurately represent the motion in the blurred
frame, whereas their combination produces blur kernels that
closely match the actual motion blur, demonstrating the ef-
fectiveness of our decomposed motion model.

5. GyroDVD Network

We introduce a video deblurring network for exploiting blur
kernels constructed from rotational and translational mo-
tion. Previous gyro-based methods [17, 60] have shown that
deformable convolution [71] is effective in exploiting blur
kernels. However, its high computational cost makes it im-
practical to apply across all stages of video processing. To
balance accuracy and ef�ciency, we adopt a hybrid design:
deformable convolution is used only in the image encoder,
while the video decoder avoids it to reduce computation.

Our overall architecture follows the widely adopted en-
coder–decoder paradigm for video restoration, where a per-
frame image encoder is followed by a temporal video de-
coder. In particular, our decoder builds upon ShiftNet [25],
which uses shift operations to propagate features across
frames. We extend this by integrating blur kernel guidance
into both the encoder and decoder, enabling motion-aware
deblurring with small additional computational overhead.

Fig. 2 presents an overview of our video deblurring net-
work, which consists of a blur kernel encoding module,
an image encoder, and a video decoder. Given input video
frames fI j g and gyro data, where j is a frame index, our ap-
proach �rst computes the rotational and translational com-
ponents f(krot

j ; k tran
j )g of blur kernels, as described in Sec. 4.

Then, for each Ij , the blur kernel encoding module fuses
k rot

j and ktran
j in the feature space and produces blur kernel

features Kj . The image encoder takes Ij and Kj and pro-
duces encoded features Fj using deformable convolution.

Finally, the video decoder aggregates temporal informa-
tion from image features fFj g, guided by blur kernel fea-
tures fK j g, and produces deblurred video frames. To ex-
ploit blur kernels in the decoder, we introduce a learnable
scheme that adaptively predicts spatial shift patterns from
K j , enhancing temporal propagation. In the following, we
describe each component of our network. Additional archi-
tectural details are provided in the supplementary material.
Blur Kernel Encoding The rotational and translational
components of blur kernels, krot

j and ktran
j , are estimated

from gyro data and optical �ow, respectively. Because these



Figure 2. Overview of GyroDVD. GyroDVD constructs pixel-wise rotational and translational motion components (krot
j ; k tran

j ) and encodes
them into blur kernel features Kj . The image encoder processes each frame using deformable convolution, whose offsets are estimated
from K j , while the video decoder propagates features across neighboring frames using shift patterns predicted from Kj ..

two have different error characteristics, na�̈vely fusing them
in the pixel domain via Eq. (8) can degrade kernel quality.

To address this, we encode krot
j and ktran

j using separate
encoding layers and integrate them in the feature space,
allowing the network to learn modality-speci�c represen-
tations while preserving complementary motion cues. For-
mally, we de�ne the fused blur kernel features as:

K j = f rot(k rot
j ) + f tran(k tran

j ) (9)

where frot(�) and f tran(�) are encoding layers for krot and
k tran, respectively.
Image Encoder The image encoder �rst encodes an
input video frame Ij to extract initial image features. It
then removes blur from the image features using a modu-
lated deformable convolution layer [71], following previous
work [17, 60]. The offsets and masks of deformable convo-
lution layers are computed from the blur kernel features Kj .
Finally, the encoder produces deblurred image features Fj .
Video Decoder Following ShiftNet [25], our video de-
coder is composed of ShiftBlocks, which use temporal
and spatial shift operations to ef�ciently propagate features
across frames. Each block divides the feature map of a
frame into two groups: one half is temporally propagated to
neighboring frames, while the other half remains local. The
propagated features are then spatially shifted using a �xed
pattern to enhance temporal aggregation. Although effective
for video deblurring, ShiftBlock is not designed to exploit
blur kernel information.

To address this, we propose the KGS-Block (Kernel-
Guided Shift Block), which replaces the �xed spatial shift
pattern with a learnable, kernel-adaptive strategy. Speci�-
cally, given the deblurred features Fj of frame j, we split
them equally along the channel dimension into two parts:
Fa

j and Fb
j . We further divide Faj into L channel groups

fF a
j;l gL

l=1 , and spatially shift each group as:

F shift
j;l = Warp

�
Fa

j;l ; [sx
j;l ; sy

j;l ]
�

(10)

where the shift patterns [sx
j;l ; sy

j;l ] are predicted from the blur
kernel features Kj via two convolutional layers. The shifted
groups are concatenated to form Fshift

j , and propagated to
the next frame. Finally, the output is computed by fusing
the propagated features from the previous frame, Fshift

j�1 , and
the features from the current frame, Fb

j :

Fdec
j = CABs(Cat(F b

j ; Fa
j�1 ; F shift

j�1 )) (11)

where CABs denotes two channel-attention blocks [25].
Following ShiftNet, we adopt a bi-directional decoding

strategy by stacking forward and backward KGS-Blocks al-
ternately. In forward blocks, features are propagated from
frame j to j + 1, while in backward blocks, they are propa-
gated from j to j � 1. The �nal decoded features are passed
to a reconstruction module frec(�) to generate the deblurred
output. Note that KGS-Block introduces only a small num-
ber of additional parameters for predicting shift patterns,
resulting in low computational overhead while effectively
leveraging the blur kernel information.

6. GyroVD Dataset

We present the GyroVD dataset for training and evaluating
GyroDVD. The dataset consists of two datasets: GyroVD-
Syn and GyroVD-Real. GyroVD-Syn contains synthetic
blurred videos generated from high-speed videos, while
GyroVD-Real provides real blurred videos.

To generate GyroVD-Syn, we developed an Android app
that simultaneously records high-speed videos and gyro
data. The app captures high-speed videos (240 FPS) at a
resolution of 1080�1920, while the gyro data are captured
at 400 FPS. In addition, the start and end exposure times-
tamps of each frame are recorded, allowing temporal align-
ment between gyro data and video frames. Blurred videos
are then synthesized by averaging consecutive high-speed
frames, and the temporally centered frame is used as the
GT sharp image. The number of frames used for averag-
ing is randomly selected from f7; 9; 11; 13; 15g. Following



Table 1. Statistics of the video and gyro-based deblurring datasets.
The triangle (4) indicates that GyroBlur-Syn [60] includes only
constantly moving objects, which remain unrealistic.

# Videos # Images Gyro Dynamic Scenes

GoPro [36] 33 3,214 X
DVD [50] 71 6,708 X
REDS [37] 300 30,000 X
BSD [68, 69] 300 33,000 X

EggNet [17] × 4,238 X
IMU-Image [41] × 6,624 X
GyroBlur-Syn [60] × 15,240 X 4
GyroVD-Syn 632 63,200 X X
GyroVD-Real 100 10,000 X X

Rim et al. [42], we further adopt a realistic blur synthesis
pipeline to enhance the robustness of the synthetic dataset
for real-world images. In particular, we apply frame inter-
polation [61] prior to averaging, and employ realistic satu-
ration and noise synthesis [42].

We collected 632 videos across diverse scenes using a
Google Pixel 9 Pro XL as our camera system and synthe-
sized blurred videos following the pipeline described above.
Each synthetic blurred video contains 100 frames with cor-
responding gyro data. For training and evaluation, we split
GyroVD-Syn into training, validation, and test sets, consist-
ing of 505, 50, and 77 videos, respectively. Furthermore, we
divide the test set of GyroVD-Syn into three subsets (i.e.,
small, medium, and large blur) based on the average blur
magnitude. The magnitude is computed by estimating tra-
jectories of optical �ows between sharp frames before aver-
aging and measuring their maximum displacement.

Tab. 1 shows the statistics of GyroVD-Syn and other
deblurring datasets. Notably, our dataset is the largest and
most realistic gyro-based dataset, providing various camera
motions in dynamic scenes with moving objects.

The GyroVD-Real consists of real-world blurred videos
captured in various night and indoor scenes. To construct
the dataset, we collected 100 real-world videos and corre-
sponding gyro data using a Google Pixel 9 Pro XL and a
Samsung Galaxy S23. As GT images are not available in
this dataset, GyroVD-Real is used for evaluation using no-
reference metrics [6, 32, 33].

7. Experiments

Implementation Details We use the AdamW opti-
mizer [22] and 1̀ loss for training. The initial learning rate
is set to 4e�4 and decayed to 1e�7 following the cosine
annealing schedule [30]. GyroDVD is trained for 600K it-
erations with a batch size of 4, where each batch contains
13 consecutive frames. The training patch size is 256�256,
and standard horizontal and vertical �ips are applied for
data augmentation. The number of time samples for con-
structing blur kernels is set to N = 8, and the number of

channel groups in the video decoder to L = 8. We employ
RAFT-small [54] to estimate inter-frame optical �ows.

7.1. Results on the GyroVD Dataset

We compare variants of GyroDVD with different channel
widths (e.g., GyroDVD-64) against gyro-based image de-
blurring methods [17, 35, 60] and video deblurring meth-
ods [5, 25, 28, 29, 39, 40, 56, 64]. Since GyroDVD is the
�rst learning-based method for gyro-based video deblur-
ring, there are no directly comparable methods under the
same setting. To provide a reasonable comparison, we ad-
ditionally include a modi�ed version of ShiftNet [25], de-
noted as `ShiftNet with krot '. This variant extracts features
from video frames and blur kernels using only the rotational
motion component krot . The extracted features are concate-
nated and fed into the subsequent ShiftNet for video de-
blurring. All methods are trained on GyroVD-Syn for a fair
comparison.

Tab. 2 presents a quantitative comparison of Gy-
roDVD and other methods on GyroVD-Syn and GyroVD-
Real. Interestingly, gyro-based image deblurring methods
achieve inferior performance compared to video deblurring
methods. This is because single-image deblurring remains
a highly ill-posed problem, even with motion information.
Video deblurring methods exploit adjacent frames, which
makes the problem more tractable, and results in supe-
rior performance over gyro-based image deblurring. Among
video deblurring methods, the large version of ShiftNet (i.e.,
ShiftNet+) achieves the best performance, showing the ef-
fectiveness of feature propagation with spatial shift patterns.

An extension of ShiftNet for gyro-based video de-
blurring (i.e., ShiftNet with krot ) achieves better perfor-
mance than ShiftNet, bene�ting from the rotational mo-
tion information of gyro data. However, GyroDVD achieves
much higher performance. This result shows that the
concatenation-based extension cannot fully exploit the blur
kernels, and that rotational motion alone is insuf�cient. In
contrast, GyroDVD considers both rotational and transla-
tional motions to construct blur kernels and adopts a so-
phisticated architecture to exploit them, achieving the best
performance. Furthermore, Tab. 2 shows that the perfor-
mance of the compared methods degrades signi�cantly
on the large-blur subset, whereas GyroDVD remains ro-
bust and achieves superior performance. Notably, even the
smaller version, GyroDVD-48, still outperforms all com-
pared methods on the large-blur subset.

Fig. 3 shows qualitative results on GyroVD-Syn and
GyroVD-Real, demonstrating the effectiveness of Gy-
roDVD. In particular, GyroDVD successfully restores sharp
texts under severe blur (�rst and third rows) and in the sat-
urated region (fourth row). This demonstrates the advan-
tage of exploiting blur kernels in such challenging cases
where blur characteristics are dif�cult to estimate from



Table 2. Quantitative comparison on GyroVD-Syn and GyroVD-Real. For GyroVD-Real, we use no-reference metrics (i.e., NIQE [33],
BRISQUE [32], and TopIQ [6] trained on KonIQ-10K [15]) for evaluation. The inference times are measured on 3�48�512�512 videos
and averaged per frame. The inference time of GyroDVD includes the time required for blur kernel construction (i.e., 0.013 sec.).

GyroVD-Syn
( PSNR " / SSIM " )

GyroVD-Real Param / Time
Small Medium Large Avg ( NIQE # / BRISQUE # / TopIQ " ) (M) / (Sec.)

DeepGyro [35] 32.30 / 0.8588 30.12 / 0.8006 27.98 / 0.7414 30.13 / 0.8003 4.44 / 39.85 / 0.3050 31.03 / 0.008
EggNet [17] 32.52 / 0.8632 30.17 / 0.8043 28.26 / 0.7523 30.32 / 0.8066 4.53 / 40.06 / 0.3046 6.34 / 0.022
GyroDeblur [60] 34.22 / 0.8902 32.31 / 0.8468 30.48 / 0.8003 32.34 / 0.8458 3.72 / 33.59 / 0.3866 16.31 / 0.024

BasicVSR++ [5] 35.70 / 0.9161 33.71 / 0.8804 30.25 / 0.8103 33.22 / 0.8689 3.51 / 31.98 / 0.3966 9.76 / 0.018
EDVR [56] 35.17 / 0.9065 33.44 / 0.8712 31.31 / 0.8230 33.31 / 0.8669 3.59 / 30.81 / 0.4022 23.60 / 0.054
STCT [64] 35.57 / 0.9160 33.54 / 0.8799 30.99 / 0.8227 33.37 / 0.8729 3.94 / 37.00 / 0.3724 8.02 / 0.099
DSTNet [39] 35.77 / 0.9188 34.07 / 0.8878 31.75 / 0.8363 33.86 / 0.8810 3.54 / 31.59 / 0.3945 7.45 / 0.017
ShiftNet [25] 36.16 / 0.9209 34.50 / 0.8907 32.46 / 0.8479 34.37 / 0.8865 3.85 / 39.64 / 0.4342 4.70 / 0.074
VRT [29] 36.62 / 0.9278 35.00 / 0.9011 32.70 / 0.8555 34.77 / 0.8948 3.68 / 37.49 / 0.4432 18.32 / 1.064
RVRT [28] 36.52 / 0.9264 35.10 / 0.9021 32.85 / 0.8585 34.82 / 0.8957 3.47 / 29.42 / 0.4554 13.57 / 0.087
DSTNet+L [40] 36.64 / 0.9295 35.13 / 0.9050 32.95 / 0.8626 34.90 / 0.8990 3.47 / 34.04 / 0.4461 14.08 / 0.034
ShiftNet+ [25] 36.97 / 0.9306 35.47 / 0.9065 33.51 / 0.8698 35.31 / 0.9023 3.55 / 37.37 / 0.4741 12.99 / 0.164

ShiftNet [25] with krot 36.21 / 0.9217 34.66 / 0.8932 32.77 / 0.8544 34.55 / 0.8898 3.61 / 36.79 / 0.4507 4.72 / 0.076
GyroDVD-48 36.60 / 0.9271 35.24 / 0.9036 33.54 / 0.8712 35.12 / 0.9006 3.72 / 39.18 / 0.4564 3.22 / 0.088
GyroDVD-64 36.81 / 0.9296 35.51 / 0.9076 33.84 / 0.8769 35.39 / 0.9047 3.74 / 39.98 / 0.4609 5.04 / 0.106
GyroDVD-96 37.17 / 0.9332 35.87 / 0.9124 34.23 / 0.8841 35.76 / 0.9099 3.26 / 30.89 / 0.4886 10.13 / 0.151
GyroDVD-128 37.35 / 0.9343 36.06 / 0.9142 34.38 / 0.8855 35.93 / 0.9113 3.31 / 29.48 / 0.4889 17.15 / 0.202

Figure 3. Qualitative results on GyroVD-Syn (�rst and second rows) and GyroVD-Real (third and fourth rows).

video frames alone. In addition, the �gure shows that Gy-
roDVD handles dynamic scenes (second row), even though
our blur kernel construction is derived from the camera mo-
tion model. We observe that the translational component
k tran , as it is computed from optical �ows, still provides
useful cues for object motion in practice. More discussions
and analyses on object motion are provided in the supple-
mentary material. For further qualitative results, please refer

to the supplementary video and material.

7.2. Ablation Studies

We evaluate the impact of various components of Gy-
roDVD. For ablation studies, variants of GyroDVD-64 are
trained for 150K iterations with a batch size of 2.
Impact of Blur Kernels To validate the effectiveness of
the proposed blur kernels, we replace them with alternative
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