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Abstract

Shooting video with handheld shooting devices often re-
sults in blurry frames due to shaking hands and other in-
stability factors. Although previous video deblurring meth-
ods have achieved impressive progress, they still struggle
to perform satisfactorily on real-world handheld video due
to the blur domain gap between training and testing data.
To address the issue, we propose a self-supervised method
for handheld video deblurring, which is driven by sharp
clues in the video. First, to train the deblurring model,
we extract the sharp clues from the video and take them
as misalignment labels of neighboring blurry frames. Sec-
ond, to improve the deblurring ability of the model, we
propose a novel Self-Enhanced Video Deblurring (SEVD)
method to create higher-quality paired video data. Third,
we propose a Self-Constrained Spatial Consistency Mainte-
nance (SCSCM) method to regularize the model, prevent-
ing position shifts between the output and input frames.
Moreover, we construct synthetic and real-world handheld
video datasets for handheld video deblurring. Extensive ex-
periments on these and other common real-world datasets
demonstrate that our method significantly outperforms ex-
isting self-supervised ones. The code and datasets are pub-
licly available at https://cshonglei.github.io/
SelfHVD.

1. Introduction

Videos captured by handheld shooting devices generally
suffer from significant blur due to shaking caused by hands,
vibration caused by walking, and other instability factors.
Modern shooting devices, such as smartphones, are often
equipped with image stabilization technologies to alleviate
this problem. Take commonly used Optical Image Stabi-
lization (OIS) as an example, it has become a standard fea-
ture integrated by smartphone manufacturers, e.g., Huawei,
Xiaomi and Apple, which uses a Micro-Electro-Mechanical
System (MEMS) gyroscope and gravity sensor to detect
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(a) Effect of smartphone motion trajectory on image blur 

(b) Effect of smartphone motion speed on image blur 
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Figure 1. (a) Effect of the shooting device (with OIS) motion tra-
jectory on image blur. The bottom left corner of the image shows
a rough trajectory representation during the exposure time. The
more complex the trajectory, the higher the probability of blurry
frames (red box). Sharp frames (green box) can be captured when
the trajectory is simple and even straight. (b) Effect of the shoot-
ing device (with OIS) motion speed on image blur. We randomly
select 3 videos and count the correlation between the blur degree
and the motion speed. The faster the speed, the higher the proba-
bility of blurring.

movement and adjust the imaging system. For example, if
the shooting device is moved slightly to the left, the OIS
would perceive this, and then move the lens module or
imaging sensor slightly to the right accordingly. However,
when the shooting device motion trajectory is complex or
its motion speed is fast, the OIS may fail due to its own
ability limitations and untimely response. In this case, blur
may still appear in the video (see Fig. 1).

A mechanical solution is to use an additional gimbal sta-
bilizer to clamp the shooting device to shoot. But it re-
quires extra money costs and carrying space. Another so-
lution is to post-process the blurry video, i.e., video de-
blurring. It is relatively cheap and can be integrated into
the shooting device system. Recently, learning-based im-
age [8, 16, 24, 47, 54, 59, 60] and video deblurring meth-
ods [3, 6, 18, 21–23, 33, 36, 56, 57, 61] have made great
progress, especially in network design. Nevertheless, their
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pre-trained models are usually effective only on blurry data
that is similar to the training samples, and their generaliza-
tion ability is worrying. Specifically on the handheld video,
the image blur is not only affected by camera shake, but
also by OIS correction, so its blur distribution is signifi-
cantly different from that in the existing training datasets
(e.g., GoPro [31], BSD [62]). It leads the existing models
to perform poorly on handheld video deblurring.

To address the issue, a straightforward idea is to collect
paired handheld video deblurring datasets to train existing
networks. But it is with high cost and the process of captur-
ing and pre-processing datasets can be quite complex and
cumbersome. Fortunately, when the shooting device mo-
tion trajectory is simple (e.g., a straight line) and the speed
is slow, OIS may work well, so that sharp frames can be ob-
tained, as shown in Fig. 1. Sharp frames have the potential
to provide deblurring clues and supervision for neighbor-
ing blurry frames. Thus, it may be feasible to learn a video
deblurring model in a self-supervised manner, which can
circumvent the need for paired data.

Specifically, in this work, we propose a self-supervised
handheld video deblurring method, named SelfHVD. First,
we divide the video into multiple segments and select at
least one sharpest frame from each segment. Then we align
the frame with the neighboring blurry ones, thus the aligned
sharp frame can be taken as supervision of the video de-
blurring model. Second, using the above strategy is not
enough, as the upper limit of the deblurring model trained
in this way is only the selected sharp frame that may be
suboptimally clear or not cover sufficient blurry areas. To
further improve the deblurring model, we propose a novel
Self-Enhanced Video Deblurring (SEVD) method, which
utilizes deblurring ability of the previously trained model to
construct higher-quality paired training data. In the paired
data, SEVD takes the blurry video with some sharp clues
removed as the input, and uses the deblurring results (gen-
erated from the blurry video with sharp clues) or the se-
lected sharp frame as supervision. In this way, the model
can learn to produce results that surpass the sharpest frame
in the input segment. Third, as the number of training itera-
tions increases, the misalignment between supervision and
input leads to the spatial position shift between output and
input. To avoid this issue, we propose a Self-Constrained
Spatial Consistency Maintenance (SCSCM) method. SC-
SCM constrains the current deblurring results from being
spatially consistent with the results generated by the ear-
lier deblurring model, as we observe that early deblurring
models generally do not yet suffer from the position shift is-
sue. Moreover, SCSCM can help optimize the model more
steadily as training progresses.

For method validation and evaluation, we construct a
synthetic dataset (GoProShake) and a real-world dataset
(HVD) by collecting hundreds of real-world handheld

videos with HUAWEI P40. Extensive experiments on these
two and other common real-world datasets. We note some
self-supervised deblurring methods [11, 52] designed for
general blurry video. They usually train the deblurring
model by constructing paired data from blurry video, where
the sharp information from the video is taken as supervi-
sion and is blurred as input. However, their synthetic blurry
videos still differ from real-world blurry ones, which pre-
vents their models from performing satisfactorily. From
the experimental results, our SelfHVD achieves a signifi-
cant improvement over them.

The contributions are summarized as follows.
• Based on the observation that sharp clues exist in hand-

held blurry video, we explore a self-supervised method
for handheld video deblurring.

• We propose a novel Self-Enhanced Video Deblurring
(SEVD) method to improve the deblurring ability of the
model and a Self-Constrained Spatial Consistency Main-
tenance (SCSCM) method to regularize the model to pre-
vent position shift between the output and input.

• We construct a synthetic dataset (GoProShake) and a
real-world dataset (HVD) for handheld video deblurring.
Extensive experiments on these two and other common
real-world datasets demonstrate that our method signifi-
cantly outperforms existing self-supervised ones.

2. Related Work

2.1. Supervised Image Deblurring
Traditional image deblurring techniques often utilize varia-
tional optimization [9, 15, 17, 30], which depend on prior
assumptions about blur kernels and images to tackle the ill-
posed nature of the inverse problem. With the rise of deep
learning, substantial progress has been achieved [5, 20, 31,
38, 55]. Nah et al. [31] proposed a CNN-based model to
deblur without blur kernel estimation. Chen et al. [5] in-
troduced a simple but effective baseline network for image
deblurring. Restormer [55] utilized a transformer-based ar-
chitecture to restore images. Furthermore, SwinIR [20] de-
signed networks based on the Swin Transformer [27]. For
processing unknown blur, Blur2Blur [38] proposed to trans-
form a blurry image into another image with known blur,
thus being more amenable for deblurring.

2.2. Supervised Video Deblurring
Several synthetic [31, 32, 44] and real-world [39, 62]
datasets have been used to train supervised video deblur-
ring models. Compared to image deblurring, video de-
blurring can leverage spatio-temporal information within
videos to enhance model performance. On the one hand,
several methods [3, 18, 23, 36, 56, 61] have employed
RNN-based models to leverage spatio-temporal informa-
tion in videos. IFIRNN[61] iteratively updates the hidden
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state via reusing RNN cell parameters. ESTRNN [61] em-
ploys a GSA module to catch spatially and temporally vary-
ing blurs. BasicVSR++ [3] adopts aggressive bidirectional
propagation. STDAN [56] and FGST [23] utilize flow-
guided attention to align and fuse information from adja-
cent frames. DSTNet [36] develops a wavelet-based fea-
ture propagation technique to transfer features in the fre-
quency domain. ShiftNet [18] proposes a grouped spatio-
temporal shift operation to aggregate spatio-temporal fea-
tures efficiently. On the other hand, several studies [21,
22, 57] have explored Transformer-based architectures for
video deblurring. VRT [21] utilizes a spatio-temporal self-
attention mechanism to integrate information across video
frames. RVRT [22] proposed a recurrent video restora-
tion transformer with guided deformable attention. BSST-
Net [57] converts the originally dense attention into a sparse
form, enabling a more extensive utilization of information
throughout the entire video sequence. In addition, some
methods [41, 42, 45] utilize sharp frames in input videos to
improve video deblurring. Although these supervised video
deblurring methods have impressive results on correspond-
ing datasets, they still perform poorly on real-world videos
with unseen blur, e.g., handheld blurry ones.

2.3. Self-Supervised Deblurring
Paired real-world data is difficult to obtain, thus some meth-
ods [7, 11, 25, 34, 51, 52] have proposed to learn video
deblurring models in a self-supervision manner. Chi et
al. [7] build a self-supervised auxiliary reconstruction task
that shares a portion of the network with the primary deblur-
ring task. Motivated that an ideal deblurring result should
contain zero-magnitude motion blur that is hard to be am-
plified, Nah et al. [34] proposed a novel reblurring loss to
make the result sharper. Ren et al. [52] suggested blurring
sharp frames in the video using randomly generated blur
kernels to obtain paired data for training the model. Fur-
thermore, Liu et al. [25] utilized GAN [10] to optimize a
blurring model in an unpaired training manner, and DaDe-
blur [11] used a diffusion-based blurring model [50] to blur
sharp images for fine-tuning deblurring model. However,
artificially blurry images still differ from real blurry ones.

3. Proposed Method

3.1. Selecting Sharp Frames as Supervision
Characteristic of Handheld Video. Image stabilization
technologies, such as Electronic Image Stabilization (EIS)
and Optical Image Stabilization (OIS) have been commonly
used in modern shooting devices. They first obtain the mo-
tion information from the Inertial Measurement Unit (IMU)
(including gyroscope and gravity sensor), then perform at-
titude calculation [2, 19, 28, 40] on the IMU data. During
the calculation, Kalman filter [12], Mahony filter [29], and

others are used to smooth the current data according to his-
torical data. Finally, motion compensation is carried out
according to acquired motion information to achieve image
stabilization. Such stabilization technologies usually work
well when the shooting device motion trajectory is simple
and the speed is slow, but they may fail when the trajectory
is complex or the speed is fast. Therefore, blurry frames
and sharp frames often coexist in handheld videos, which
gives us an opportunity to explore self-supervised methods
for handheld video deblurring, with further discussion in
Sec. A of the supplementary material.
Selecting Sharp Frames. A straightforward idea is to se-
lect these sharp frames as supervision of the video deblur-
ring model. As the sharp frame detection approach sug-
gested by Ren et al. [52], the variance of the image Lapla-
cian can be considered as a measurement of sharpness de-
gree. Given an image I, the variance of its Laplacian is:

vl(I) = E[(∆I−∆I)2], (1)

where ∆I is the image Laplacian obtained by convolving
I with the Laplacian mask, and ∆I is the mean value of
∆I. Then, we construct a histogram of the sharpness de-
grees, and expect the histogram to exhibit a bimodal dis-
tribution, with the two peaks corresponding to sharp and
blurry frames, respectively. To define the threshold that sep-
arates the two classes, we use an automatic image thresh-
olding technique, i.e., Otsu’s method [35], which minimizes
the intra-class variance based on the histogram of sharpness
levels. Frames with sharpness values below the threshold
are classified as blurry ones, while those above the thresh-
old are classified as sharp frames.

When applying the above selection method to the whole
video, the selected sharp frames may be unevenly dis-
tributed, resulting in failure to cover most of the video
scenes. Thus, we further split the video into segments, and
for a video segment without the sharp frames, we regard the
frame with the highest vl as its sharp frame. Finally, we de-
fine these sharp frames determined by the above global and
local selection steps as S. In our implementation, we di-
vide the video into segments of 20 frames, and the accuracy
is computed by comparing our selected sharp frames with
manually labeled ones, reaching 96.77% on GoProShake
and 91.88% on HVD.

Taking Sharp Frames as Supervision. Given a handheld
blurry video B consisting of N frames Bn

N
n=1, video de-

blurring aims to restore the corresponding sharp compo-
nents Rn

N
n=1. When taking the selected sharp frames S

as supervision, the optimal parameters ΘD of deblurring
model D can be formulated as,

Θ∗
D = argmin

ΘD
L (D (B;ΘD) ,S) , (2)

where L denotes the loss function.

37488



𝓓

Blurry Video (𝐁) Deblurring Results (𝐑)

ℒ!"#
(Eq. (6))

Sharp Frames	(𝐒)

Sharp Frames Selection

𝓓

Deblurring Results (𝐑)

𝓓

Blurry Video with
Less Sharp Clues (&𝐁)

Deblurring 
Results (&𝐑)

Supervision 
Information 

Selection (SIS)

𝓓

Deblurring Results (𝐑)

𝓓!

Blurry Video (𝐁)

Sharp Frames	(𝐒)

Deblurring Results (𝐑𝒆)

Sharp Frames Selection

Self-Enhanced Video Deblurring (SEVD)Selecting Sharp Frames as Supervision

Self-Constrained Spatial Consistency Maintenance (SCSCM)

ℒ%#%#&
 (Eq. (10))

Video RestorationSpatial Consistency Maintenance

ℒ%"'( 
(Eq. (7))

𝑒-th History 
Parameters

Parameters 
Copy

Random Sharp 
Clues Removal

(RSCR)

Stage 1 Stage 2

Stage 2

Blurry Video (𝐁)

Figure 2. Overview of our SelfHVD. Given a blurry video captured by a handheld shooting device, we first select the sharp frames
and take them as misalignment labels. Then, Self-Enhanced Video Deblurring (SEVD) constructs higher-quality paired training data to
further improve the model performance. Self-Constrained Spatial Consistency Maintenance (SCSCM) is proposed to prevent position
shifts between output and input frames.

Specifically, for the input frame Bi, we identify the tem-
porally closest sharp frame Sj as its misalignment label,
where j = J (i) and J denotes the function that deter-
mines the temporally closest frame index. We use optical
flow model (i.e., SEA-RAFT [48]) to align output Ri and
label Sj . The optical flow from Ri to Sj can be denoted as
Φi→j . Then, the sharp frame Sj can be backward warped
via bilinear resampling, i.e.,

Sj→i = W(Sj ,Φi→j), (3)

where W is the warping operation. Moreover, we de-
sign two masks to exclude incorrect alignment and oc-
cluded regions, respectively. The former mask can be esti-
mated by the uncertainty map of the optical flow, and SEA-
RAFT [48] can directly output it. Thus, the mask can be
written as,

Mi
uncer = Uj→i ⊙W(Ui→j ,Φi→j), (4)

where ⊙ is the pixel-wise multiplication operation. Uj→i

and Ui→j represents the uncertainty map of Φj→i and
Φi→j , respectively. The latter mask can be estimated us-
ing the forward-backward flow consistency [1], and it can
be written as,

Mi
occ = min(s||W(W(G;Φj→i);Φi→j)−G||2,1), (5)

where G is an image coordinate map. The scaling factor
s controls the strength of the occlusion map. Finally, the
reconstruction loss Lrec can be formulated as,

Lrec =
1

N

N∑
i=1

||Mi ⊙ (Ri − Sj→i)||1, (6)

where Ri = D(B;ΘD)i and Mi = Mi
uncer ⊙ Mi

occ, as
validated through ablation studies in Sec. D.1 and further
shown in Fig. J and Fig. K in the supplementary material.

3.2. Self-Enhanced Video Deblurring
As previously described, we select the relatively sharp
frames from each video segment as supervision of the de-
blurring model. However, it may not be enough, as the
upper limit of the deblurring model trained in this way is
only the selected sharp frame, while the sharp frame may
be suboptimally clear, and the aligned sharp frame may not
cover sufficient blurry areas. To address this issue, we pro-
pose the Self-Enhanced Video Deblurring (SEVD) method
to utilize the existing deblurring ability of the model to con-
struct higher-quality paired training data. This not only im-
proves the overall deblurring performance but also enables
the model to handle object motion blur.

First, we use a Random Sharp Clues Removal (RSCR)
strategy to randomly remove the sharp clues from the input
video and replace them with adjacent blurry frames. Specif-
ically, we use the method proposed in Selecting Sharp
Frames (Sec. 3.1) to distinguish between blurry and sharp
frames in every video segment. Define the number of sharp
frames as L, then we randomly replace l (0 < l ≤ L) sharp
frames with the temporally closest blurry frames to obtain
the video B̃, which has less sharp clues. Thus, the sharp
frame S is with higher quality than the clearest frame in B̃.
Taking S as supervision of input video B̃ can help model to
break through its own input (i.e., B̃) to learn better results.

Second, since the selected sharp frame may not cover
sufficient blurry areas and some aligned areas will be ex-
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Figure 3. From left to right: sharp-clues-less blurry video, deblur-
ring result of sharp-clues-less blurry video, warped sharp frame,
deblurring result of original input video, occlusion map. From top
to bottom, the unmasked region ratio in Mi

occ is 0.90, 0.64, and
0.16. The smiley denotes the final supervision for D(B̃;ΘD)i.

cluded (see Eq. (6)) due to inaccurate optical flow and oc-
clusion, only using sharp frames as supervision may be not
effective enough. In fact, the result D(B;ΘD) (i.e., deblur-
ring the original input video B) may be not less clear than
S. More importantly, D(B̃;ΘD) is perfectly aligned with
the corresponding frame in D(B;ΘD). Thus, we can fur-
ther take D(B;ΘD) as the target of D(B̃;ΘD).

In practice, in order to use higher-quality images as su-
pervision of input B̃, we suggest a Supervision Informa-
tion Selection (SIS) strategy to select a better one from S
and D(B;ΘD). Specifically, if the aligned sharp frame
Sj→i does not exhibit excessive distortion due to content
difference between Sj and D(B̃;ΘD)i, and is sharper than
the corresponding D(B;ΘD), as shown in the top row of
Fig. 3, we take Sj→i as the supervision. It is noted that we
consider distortion to have occurred when the proportion of
unmasked regions in the occlusion map Mocc is below a
distortion threshold. Otherwise, as shown in the middle and
bottom row of Fig. 3, D(B;ΘD)k is better than the aligned
sharp frame, thus we choose D(B;ΘD)k to serve as super-
vision. Finally, Lsevd can be defined as

Lsevd=
1

N

N∑
i=1


∥∥∥Mi⊙

(
R̃i−Sj→i

)∥∥∥
1

if c is True,∥∥∥R̃i−sg (Rk)
∥∥∥
1

if c is False,
(7)

c = mean(Mi
occ) > τ and vl(Sj→i) > vl(Rk), (8)

where R̃i = D(B̃;ΘD)i, Rk = D(B;ΘD)k, k is
the frame index of R corresponding to i-th frame in R̃,
mean(Mi

occ) is the unmasked regions proportion, τ is a
threshold, vl(·) represents sharpness (see Eq. (1)), and sg(·)
is the stop gradient operation.

SEVD effectively enhances the performance in remov-
ing camera motion blur. Beyond that, it also enables the

Input Blurry Frame Result at 2k iterations Warped Sharp FrameResult at 16k iterations

Figure 4. Vanilla self-supervised training performs well in early
stages, but fails to maintain spatial consistency between input and
output as training progresses.

restoration of object motion blur. Specifically, object mo-
tion is typically non-uniform, so relatively sharp content is
retained when the object is still or moves slowly. Video
deblurring models can aggregate information across multi-
ple frames, allowing these sharp contents to provide cru-
cial clues for dealing with blur when the object moves fast.
Compared to deblurring results from the blurry video with-
out sharp clues, those from the original blurry video per-
form better on object motion blur, as illustrated in the mid-
dle row of Fig. 3 and Fig. E in the supplementary material.
As a result, the high-quality training pairs constructed by
SEVD also offer more reliable supervision for object mo-
tion deblurring.

3.3. Self-Constrained Spatial Consistency Mainte-
nance

Although we have carefully designed the self-supervised
deblurring method, the spatial inconsistency issue between
output and input is prone to occur as training progresses, as
shown in Fig. 4 (c). In fact, it is hard to make sure of perfect
alignment between the aligned sharp frames and the input
frames, even using the most advanced optical flow network.
Once alignment errors occur, even small ones, the model
can gradually learn to shift the position of the input, bring-
ing adverse effects on subsequent model training.

Fortunately, information bottleneck theory [46] has indi-
cated that mutual information between network characteris-
tics and the input increases first and then decreases during
training [26]. As illustrated in Fig. 4, in the early stage,
spatial consistency can be maintained; in the later stage,
the inconsistency issue starts to occur. Inspired by this, we
propose Self-Constrained Spatial Consistency Maintenance
(SCSCM), using the historical result as auxiliary supervi-
sion to help the deblurring model maintain spatial consis-
tency between the input and output.

Specifically, we denote the historical model parameters
at e-th training iterations as ΘDe

. The output Re from ΘDe

is both sharper than the input B and aligned with , and it can
be written as,

Re = D(B; ΘDe
). (9)

To ensure that the model parameters are updated under the
supervision of sharper frames while remaining close to pre-
viously learned ones that implicitly preserve spatial align-
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ment with the input, we incorporate SCSCM into the learn-
ing objective after e training iterations, defined as:

Lscscm =
1

N

N∑
i=1

||R̃i − sg(Re
k)||1, (10)

where e would be updated with the latest training #iterations
if the output from the latest model is still aligned with the
input and is sharper than the previous output.

3.4. Learning Objectives
To further improve the visual quality, we adopt the percep-
tual loss during training, which can be written as:

Lvgg1 =
1

N

N∑
i=1

||Mi ⊙ (ϕ(Ri)− ϕ(Sj→i))||1, (11)

Lvgg2 =
1

N

N∑
i=1


∥∥∥Mi⊙

(
ϕ(R̃i)−ϕ(Sj→i)

)∥∥∥
1

if c is True,∥∥∥ϕ(R̃i)−sg (ϕ(Rk))
∥∥∥
1

if c is False,

(12)
where ϕ is the pre-trained VGG [43] and c is the select con-
dition (see Eq. (8)).

The overall training of our self-supervised handheld
video deblurring model consists of two stages, and the
learning objective in the first stage can be written as,

Ls1 = Lrec + βLvgg1 , (13)

where β is the weight of Lvgg and is set to 1. In the
second stage, the model has had a certain deblurring abil-
ity, we introduce Self-Enhanced Video Deblurring (SEVD)
to improve the quality of training data and deploy Self-
Constrained Spatial Consistency Maintenance (SCSCM) to
ensure spatial consistency between input and output. The
learning objective can be written as,

Ls2 = Lsevd + λLscscm + βLvgg2 , (14)

where λ is the weight of Lscscm and is set to 1.

4. Experiments
4.1. Implementation Details
Datasets. To verify the effectiveness of our method, we
propose a synthetic handheld video deblurring dataset Go-
ProShake, and a real-world dataset HVD. GoProShake sim-
ulates handheld motion with OIS using camera trajecto-
ries from MonST3R [58], while HVD is collected using
HUAWEI P40 (HVD-Huawei), Xiaomi 15 (HVD-Xiaomi)
and iPhone 16 (HVD-iPhone). Please refer to Sec. B in the
supplementary material for detailed descriptions.
Framework Details. Note that this work does not focus on

the design of network architectures, and we employ existing
ones directly. We adopt CNN-based (i.e. IFIRNN [33], ES-
TRNN [61]. BasicVSR++ [3]) and Transformer-based (i.e.
RVRT [22]) video deblurring models as the reconstruction
network. We use the pre-trained SEA-RAFT [48] to esti-
mate optical flow.
Training Details. During the training phase, the input
frames are randomly cropped into patches with resolutions
of 256×256, along with the application of random flipping
and rotation. During the testing phase, the resolution of
frames remains unchanged. The video deblurring model is
optimized using Adam optimizer [14], where β1 = 0.9 and
β2 = 0.999. The initial learning rate is 1e−4, gradually
decayed to 1e−7 by the cosine annealing strategy. We set
random seed to 0 and the distortion threshold τ to 0.5. All
experiments are conducted with PyTorch [37] on a single
Nvidia GeForce RTX A6000 GPU.
Evaluation Configurations. For the synthetic dataset Go-
ProShake, we use PSNR, SSIM [49] as evaluation met-
rics. For the real-world dataset HVD, because there is no
ground truth, we use no-reference image quality assessment
MUSIQ [13] and MANIQA [53] as evaluation metrics. Ad-
ditional evaluation details are provided in Sec. E of the sup-
plementary material.

4.2. Comparison with State-of-the-Arts

Quantitative Analysis. Table 1 shows the quantitative
comparison on the synthetic dataset GoProShake and the
real-world dataset HVD. The results show that SelfHVD
outperforms the previous self-supervised methods Ren et
al. [52] and DaDeblur [11]. Moreover, SelfHVD achieves
results comparable to the corresponding supervised meth-
ods on GoProShake. For results of supervised pre-training
on the other real-world dataset along with their self-
supervised fine-tuning performance on HVD, please refer
to Sec. D.5 in the supplementary material. To further ver-
ify the effectiveness of our method, we conduct additional
comparisons with DaDeblur [11] on publicly available real-
world datasets, including BSD [61], RBVD [4], and Re-
alBlur [39]. As shown in Table 2, under the same test-
time training setting on ESTRNN [61] as DaDeblur [11],
our method consistently outperforms both the baseline (i.e.,
ESTRNN [61] trained on GoPro [31]) and DaDeblur [11],
with less training time (including data preprocessing). On
BSD [61], our method consistently surpasses both the base-
line and DaDeblur [11] under various exposure settings,
demonstrating strong robustness. And on RealBlur [39] and
RBVD [4], our approach also achieves the highest PSNR
and SSIM. These experimental results show that our method
can achieve effective handheld video deblurring through a
self-supervised approach without ground truth.
Qualitative Analysis. The visual comparisons on Go-
ProShake and HVD datasets are shown in Fig. 5. As il-
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Table 1. Quantitative comparison on the synthetic GoProShake and real-world HVD datasets. ‘Network’ in ‘SelfHVDNetwork’ denotes
the deblurring network we use, where ESTRNN [61] is also adopted by Ren et al. [52] and DaDeblur [11].

Methods GoProShake HVD-Huawei HVD-Xiaomi HVD-iPhone
PSNR↑ / SSIM↑ MUSIQ↑ / MANIQA↑ MUSIQ↑ / MANIQA↑ MUSIQ↑ / MANIQA↑

Fully-
Supervised

IFIRNN [33] 34.66 / 0.9448 24.1043 / 0.1916 29.7281 / 0.2212 22.3710 / 0.2535
ESTRNN [61] 34.19 / 0.9369 24.0383 / 0.1917 29.4117 / 0.2193 21.6487 / 0.2506
RVRT [22] 37.02 / 0.9473 24.9269 / 0.1923 30.2976 / 0.2215 22.4535 / 0.2546
BasicVSR++ [3] 37.99 / 0.9683 25.2499 / 0.2006 30.0775 / 0.2235 22.6709 / 0.2564

Self-
Supervised

Ren et al. [52] 25.05 / 0.7428 22.5433 / 0.1771 22.7757 / 0.2193 20.2299 / 0.2653
DaDeblur [11] 29.54 / 0.8772 26.8422 / 0.2025 32.3833 / 0.2322 25.3244 / 0.2684
SelfHVDIFIRNN 34.32 / 0.9302 27.6922 / 0.2137 32.7765 / 0.2530 25.7711 / 0.2756
SelfHVDESTRNN 33.60 / 0.9216 27.6873 / 0.2126 32.4002 / 0.2574 25.7556 / 0.2842
SelfHVDRV RT 36.31 / 0.9300 27.8345 / 0.2088 32.4416 / 0.2303 25.8437 / 0.2711
SelfHVDBasicV SR++ 37.44 / 0.9359 28.0040 / 0.2175 32.8564 / 0.2236 25.7022 / 0.2686

Table 2. Quantitative results on BSD [61], RealBlur [39] and RBVD [4] via test-time fine-tuning. Each group reports PSNR and SSIM.
All methods use ESTRNN [61] as the deblurring network, with its GoPro-trained version serving as the baseline.

Methods BSD-1ms8ms [61] BSD-2ms16ms [61] BSD-3ms24ms [61] RealBlur [39] RBVD [4]
PSNR↑ / SSIM↑ PSNR↑ / SSIM↑ PSNR↑ / SSIM↑ PSNR↑ / SSIM↑ PSNR↑ / SSIM↑

Baseline 25.57 / 0.747 24.64 / 0.726 26.01 / 0.748 25.87 / 0.773 24.47 / 0.725
+Blur2Blur [38] 25.64 / 0.750 24.72 / 0.728 26.01 / 0.749 26.16 / 0.800 24.45 / 0.725
+DaDeblur [11] 29.44 / 0.843 28.36 / 0.820 28.23 / 0.808 27.41 / 0.819 27.02 / 0.771
+Ours 31.01 / 0.873 29.00 / 0.832 29.31 / 0.825 28.76 / 0.848 27.69 / 0.785

H
V
D
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ro
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ak
e

Blurry Frame Blurry Patch BasicVSR++ Ren et al. DaDeblur SelfHVDBasicVSR++ Sharp Patch

Figure 5. Qualitative comparison on synthetic GoProShake and real-world HVD datasets.

lustrated, SelfHVDBasicV SR++ achieves better deblurring
results compared to previous self-supervised methods, even
for object motion blur (Sec. C in the supplementary ma-
terial). Moreover, the results of SelfHVDBasicV SR++ are
visually comparable to BasicVSR++ [3] on GoProShake.

And under the same test-time training setting as DaDe-
blur [11], our method also achieves better visual results than
DaDeblur [11] on BSD [61], RealBlur [39] and RBVD [4],
as shown in Fig. 6. And additional visual results are in
Sec. E of the supplementary material.
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Figure 6. Qualitative results on BSD [61], RealBlur [39], and RBVD [4] datasets.

Table 3. Effect of SEVD and SCSCM.

SEVD SCSCM PSNR↑ / SSIM↑
35.61 / 0.9263
37.09 / 0.9342
36.67 / 0.9290
37.44 / 0.9359

Table 4. Effect of RSCR and SIS in SEVD.

RSCR SIS PSNR↑ / SSIM↑
35.04 / 0.9165
35.11 / 0.9165
36.27 / 0.9302
37.44 / 0.9359

Table 5. Effect of #update of De pa-
rameters in SCSCM.

#Update PSNR↑ / SSIM↑
1 36.00 / 0.9284
2 37.44 / 0.9359
3 37.57 / 0.9348

5. Ablation studies

To verify the effectiveness of each component, we con-
ducted ablation studies with SelfHVDBasicV SR++. Addi-
tional ablation studies are provided in Sec. D of the sup-
plementary material, including analyses on mask design,
SEVD and SCSCM module, optical flow models, sharp
frame selection intervals, and supervised pre-training.
Effect of SEVD and SCSCM. To evaluate the individ-
ual and combined contributions of Self-Enhanced Video
Deblurring (SEVD) and Self-Constrained Spatial Consis-
tency Maintenance (SCSCM), we conduct an ablation study
with four configurations, as shown in Table 3. The results
demonstrate that introducing either SEVD or SCSCM inde-
pendently leads to noticeable improvements in both PSNR
and SSIM. Notably, the integration of both modules yields
the highest performance, indicating their complementary
effects in enhancing video deblurring quality.
Effect of RSCR and SIS in SEVD. We conduct an abla-
tion study to evaluate the effectiveness of Residual Sharp
Clue Removal (RSCR) and Supervision Information Selec-
tion (SIS), as shown in Table 4. RSCR brings improvement
compared to randomly removing frames, confirming its tar-
geted design is effective. SIS further improves performance
by selecting the better supervision between aligned sharp
frames and restored frames.

Effect of #Update of De Parameters. To further analyze
the impact of #update of De parameters in SCSCM, we
conducted additional experiments with varying #update, as
shown in Table 5. The results indicate that increasing the
#update from 1 to 2 brings a substantial improvement in
both PSNR and SSIM. However, further increasing #update
to 3 yields only marginal gains. We finally set the #update
of De parameters to be 2.

6. Conclusion
Based on the observation that sharp clues frequently ap-
pear in blurry videos captured by handheld smartphones,
we propose a self-supervised handheld video deblurring
method, called SelfHVD. First, we extract sharp clues
as supervision. Subsequently, Self-Enhanced Video De-
blurring (SEVD) leverages the model’s existing deblur-
ring ability to construct higher-quality and diverse paired
training data, while Self-Constrained Spatial Consistency
Maintenance (SCSCM) ensures the spatial alignment be-
tween input and output. Finally, we construct a synthetic
dataset GoProShake and a real-world dataset HVD col-
lected with a smartphone. Extensive experiments on these
two datasets and the common real-world datasets demon-
strate that SelfHVD significantly outperforms existing self-
supervised ones.
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