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Abstract—Non-uniform motion blur due to object movement
or camera jitter is a common phenomenon in videos. However,
state-of-the-art video deblurring methods used to deal with this
problem can introduce artifacts, and may sometimes fail to
handle motion blur due to the movements of the object or
the camera. In this paper, we propose a non-uniform motion
model to deblur video frames. The proposed method is based
on superpixel matching in the video sequence to reconstruct
sharp frames from blurry ones. To identify a suitable sharp
superpixel to replace a blurry one, we enrich the search space
with a non-uniform motion blur kernel, and use a general-
ized PatchMatch algorithm to handle rotation, scale, and blur
differences in the matching step. Instead of using pixel-based
or regular patch-based representation, we adopt a superpixel-
based representation, and use color and motion to gather similar
pixels. Our non-uniform motion blur kernels are estimated from
the motion field of these superpixels, and our spatially varying
motion model considers spatial and temporal coherence to find
sharp superpixels. Experimental results showed that the proposed
method can reconstruct sharp video frames from blurred frames
caused by complex object and camera movements, and performs
better than the state-of-the-art methods.

Index Terms—video deblurring, non-uniform blur kernel, im-
age deblurring, video processing.

I. INTRODUCTION

V IDEO capture has become very popular in recent years,
largely because of the widespread availability of digi-

tal cameras. However, motion blur is unavoidable in casual
video capture due to camera shake and object motion during
exposure. While camera shake may cause different degrees
of frame blur, object motion can aggravate the spatiotemporal
complexity of the blur. Thus, video deblurring is an important
but challenging task in video processing.

As blur kernel estimation and image deconvolution are both
ill-posed problems, most state-of-the-art deblurring methods
may impose specific requirements, such as special hardware
[1] to obtain motion, or assume that a blurry image is convo-
luted by a global blur kernel [2]. With multiple input images,
the problem can be simplified by assuming a static scene [3]
or one with few moving objects [4] [5]. While these deblurring
methods may have good results under the specified conditions,
they may not be able to represent the spatially varying motion
due to camera shake and object motion using a single blur
kernel, which is the key for deconvolution-based image/video
deblurring methods. In addition, image deconvolution can
cause additional artifacts due to small changes in noise or
inaccuracy in blur kernel estimation. Thus, a method that can
deblur casual videos is desired.

Since different frames as well as parts of a frame in a
video sequence may have different degrees of sharpness, some
sharp frames or regions of a frame may be used to restore
other blurry neighbor frames or regions based on temporal
coherence. In [6], blurred-unblurred frame pairs in a video
are used to refine blur kernel estimation. However, this method
still suffers from the same limitation as deconvolution-based
methods. In [7], sharp frames are used to replace blurry frames
based on path-based synthesis, and blurry artifacts in a scene
without moving objects or with only minor object movement
are removed. However, such homography-based methods may
fail to handle large-scale object movements, which typi-
cally involve complex scale/rotation transformations. Although
some generalized homography-based methods [8] [9] may
be able to handle large-scale motions better, they are still
restricted to the image as a whole and cannot handle object
motions in video frames.

In general, objects in a video likely have different motions.
A global motion model or a limited, spatially varying motion
model, such as the homography-based motion model, cannot
represent actual motion blur. In this paper, we propose a
non-uniform motion blur model to solve this problem. First,
we use an adapted Simple Linear Iterative Clustering (SLIC)
segmentation algorithm to divide each image into superpixels
by considering image texture and motion, which preserves
object outlines better than regular patch-based image repre-
sentation. Second, we compute a non-uniform motion blur
model, estimated by the motion vector of each superpixel, to
approximate object motion in each blurry frame. Third, we
search for a sharp version of each blurry superpixel temporally
(i.e., from a sharp neighbor frame) and spatially (i.e., from the
same frame) using a local blur kernel. We then apply a texture
synthesis algorithm to reconstruct the deblurred frame to avoid
introducing blurry or blocky artifacts.

This paper makes two main contributions. First, we propose
a non-uniform motion model to represent the movements
of superpixels based on the estimated motion field. Second,
we improve the PatchMatch algorithm [10] [11] using the
motion blur kernels, and extend the search both spatially and
temporally to find the most appropriate sharp superpixels.
Experimental results show that our non-uniform motion model
produces more accurate deblurred frames than state-of-the-
art methods and avoids generating extra artifacts, especially
ringing artifacts.
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II. RELATED WORK

Image or video deblurring has been extensively studied, and
many proposed methods have yielded great success. Although
a blurry image can be sharpened by convolution through
different point-spread functions (PSF) or blur kernels, e.g.,
spatially varying PSFs, restoring a blurry image is inherently
an ill-posed problem. While video deblurring can make use
of extra information from adjacent frames in the deblurring
process, it must also consider additional problems, including
spatial and temporal coherence. Here, we summarize the main
studies on image and video deblurring.

Single-image deblurring. Single-image deblurring: This
problem has been extensively studied, and a number of ap-
proaches have recently been proposed. Most of them are based
on a uniform blur model with different image priors [12] [13].
The imposed assumptions on the motion blur, e.g., the entire
image having a uniform blur, make these methods difficult to
be applied directly to video frames, which typically involve
complex motion blur.

There are methods that attempt to estimate spatially varying
motion blur. Whyte et al. [14] estimate a non-uniform blur
kernel for 3D camera rotation, but it does not consider motion
blur caused by object movements. Xu et al. [15] proposed a
motion deblurring model based on unnatural representation,
which can be applied to uniform and non-uniform motion
blur. However, since it only considers camera rotation and
translation, it shares the same limitation as [14]. Levin [16]
proposed a deblurring approach for images with few moving
objects. It assumes that only part of the image is blurred
such that the image can be segmented into blurred and
unblurred layers, and uses image statistics to distinguish and
correct the motion blur against a stable background. Shan
et al. [17] proposed a rotational motion blur model using a
Fourier transform with an estimated transparency map. The
motion kernel is space variant but needs user interaction to
indicate object motions. Dai and Wu [18] proposed an α-
motion blur constraint model to estimate a blur kernel for
each pixel based on matting extraction. However, it relies
strongly on the accuracy of the mattes. Kim and Lee [19]
proposed an energy model to estimate the motion flow and
the deblurred image based on the robust total variation (TV)-
L1 model. This method can handle abrupt motion changes
without segmentation.

As these single-image deblurring methods focus on deblur-
ring a single image, directly applying them to recover blurry
videos frame by frame cannot guarantee temporal consistency.

Multi-image deblurring. With multiple input images, more
information can be obtained to help improve the quality of
the deblurred results. Rav-Acha and Peleg [20] use two blurry
images in different blur directions to obtain deblurred results
superior to those of the single-image deblurring methods.
Some methods are proposed recently to reconstruct a shape
image from two or more blurry images by deconvolution
using different motion kernels, e.g., [2] [21] [22]. However, all
these methods assume a global motion kernel for each image
and share the same limitation as the uniform motion model
in single-image deblurring methods. To handle non-uniform

motion blur introduced by moving objects, Onogi and Saito [4]
proposed a video sequence restoration method by segmenting
a blurry image into background and foreground based on
moving objects. However, it assumes that the blur kernels
estimated by the motion are accurate, and uses them to directly
deblur the image. Cho et al. [5] segment a blurry image into
background and a few moving objects with similar motion.
Their spatially varying motion blur kernels were defined by
a uniform motion blur of the moving objects. However, real
object motion is typically non-uniform. Tai et al. [1] proposed
a non-uniform motion model using a hybrid camera system.
They estimate spatially varying motion blur kernels using
optical flows. While our method is similar to [1], it does
not require a special camera. We compute optical flows from
adjacent frames in order to estimate non-uniform motion blur
kernels. Although the estimate kernels are not as accurate as
those of [1], they are sufficiently robust to model motion in
the blurry frame with our deconvolution-free deblurring.

Video deblurring. This typically involves more complex
motion. Matsushita et al. [23] proposed an interpolation-based
video deblurring method. They align a sharp frame and a
blurry frame and replace the blurry pixels using the sharp ones.
However, they do not consider the motion difference between
these frames. Li et al. [3] proposed a deblurring method using
a homograph-based model in their panorama generating sys-
tem. Since they consider the homograph-based motion model
as an accurate blur kernel, they fail to deconvolute moving
objects. He et al. [24] proposed to segment moving objects into
small regions and track their corner points across frames. By
interpolating the motion within each region, spatially varying
blur kernels can then be computed for deblurring. While this
method proposed a new way to address the accuracy problem
of optical flow on blurred videos, relying on the detection
of shape corner points across frames is not reliable, e.g.,
under camera motions. Takeda and Milanfar [25] proposed
a shift-invariant space-time point spread function (PSFs) for
video deblurring. Its advantage is that no object segmentation
or motion information is needed. However, it requires the
camera parameters to be fixed throughout the video and the
spatial and temporal PSFs to be known, which may not be
practical for most applications. Lee et al. [6] proposed a
residual deconvolution deblurring method using a blurred-
unblurred frame pair. They iteratively refine the blur kernel to
reduce ringing artifacts caused by conventional deconvolution.
However, their estimated blur kernel is uniform for a frame
and cannot handle complex motion blur.

In [26], Wulff and Black proposed a layered model to jointly
estimate parametric motion and scene segmentation. This layer
model separates a frame into a few layers. In each layer, it can
only handle one or two moving objects. However, this affine
model cannot approximate motion blur in complex scenes
and has difficulties in handleing boundaries between layers.
Delbracio and Sapiro [27] proposed a uniform deblurring
method based on first consistently registering adjacent frames
and then fusing them blockwise in the Fourier domain. While
this method is very efficient, it assumes the input video to have
a uniform motion blur and therefore aims at handling only
camera shakes. Kim and Lee [28] proposed a single energy



IEEE TRANSACTIONS ON IMAGE PROCESSING, 2018 3

function to estimate the optical flows and deblur the frames.
While this method can handle non-uniform motion blur, it
requires minimizing a complex energy function. On the other
hand, our proposed method tries to restore the image through
replacing blurred superpixels with sharp ones obtained from
other frames. Cho et al. [7] proposed a deblurring method
based on the motion model proposed in [3], which uses patches
from nearby sharp frames to restore blurry frames through
texture synthesis. Although this method can effectively recon-
struct blurry videos, it has two limitations. First, it assumes
homography-based motion, which cannot handle diverse object
movements, as mentioned earlier. Second, their regular patch-
based search and synthesis do not distinguish between moving
objects and background. On the contrary, we propose a non-
uniform motion model to handle motion blur due to camera
and object movements. Although our method also involves
patch-based deblurring, we consider motion in segmentation.

In summary, our method differs from previous work in that
our main goal is not only to handle blurs caused by a shaky
camera, but also complex blurs due to moving objects.

III. FRAME DEBLURRING ALGORITHM

Our approach is based on the assumptions that the blur
kernel varies spatially in a frame and temporally among
frames, and sharp frames or superpixels are dispersed in the
entire video sequence. We let I0, . . . , In be the input video
frames, and L0, . . . , Ln the latent frames to be reconstructed.
We also let Ii be a blurry frame, and Ij an adjacent frame with
sharp superpixels as candidates to replace the blurry ones in Ii.
Our goal here is to reconstruct Li, a sharp version of the blurry
frame Ii in the video sequence. Thus, our method needs to find
proper sharp superpixels in Ij to replace the blurry superpixels
in Ii. We propose a PatchMatch-based search strategy with
spatial and temporal coherence to find these sharp superpixels.

Fig. 1 shows an overview of the proposed deblurring
method, which has four steps. First, we compute the motion
field to describe pixel motion between adjacent frames (Sec-
tion III-A). Second, we propose a motion-based segmentation
method to segment each frame into superpixels (Section III-B).
Third, we present our non-uniform motion blur model to
describe the motion of each superpixel in each frame (Sec-
tion III-C). Finally, we present our PatchMatch-based search
method, which uses the non-uniform motion model to find
sharp superpixels, and our superpixel synthesis strategy, which
replaces blurry superpixels and smoothes superpixel bound-
aries (Section III-D). Algorithm 1 summarizes our method.

A. Computing the Motion Field

As the motion field of two adjacent frames roughly indicates
the trajectories of local motions during the exposure time, we
compute the motion field based on optical flow [29]. For each
pixel in frame Ii, we calculate the backward motion vector
from Ii to Ii−1 as (u0, v0), and the forward motion vector from
Ii to Ii+1 as (u1, v1), where u and v are the horizontal and
vertical motions. The motion vector for a superpixel is then
the average of all pixel motion vectors within the superpixel.
This motion field plays a number of important roles in our

Algorithm 1 : Summary of the proposed method.
1: for each frame Ii do
2: compute the motion field; (Sec. III-A)
3: use revised-SLIC to get superpixel set ϕi; (Sec. III-B)
4: for each superpixel Iti ∈ ϕi do
5: estimate blur kernel for Iti ; (Sec. III-C)
6: use generalized patchmatch to find sharp superpixel;

(Sec. III-D: Eq. 9 to 12)
7: Replace blurred superpixel with sharp superpixel

through texture synthesis; (Sec. III-D: Eq. 13)
8: end for
9: end for

motion model. First, our segmentation method uses it to gather
pixels of similar motion to form superpixels. Second, we use
it to estimate spatially varying motion blur. Third, we use it
to compensate for the misalignment among neighbor frames
to locate the search window.

The degree of motion blur of a pixel can be approximated
by the displacement distance during the exposure time. As in
[7], we estimate the sharpness of pixel p using the forward and
backward motion vectors, which approximate the displacement
of p between adjacent frames:

αp = exp
(
−

(u0
p)

2 + (v0p)
2 + (u1

p)
2 + (v1p)

2

4δ2

)
, (1)

where δ is a constant such that αp ranges from 0 to 1. δ is set
to 10 in our implementation. The sharpness of a frame or a
superpixel is defined using the average sharpness value of all
pixels within it.

B. Motion-based Segmentation

Simply dividing a frame into regular patches may increases
matching errors when finding sharp patches from other frames.
Here, we adopt the SLIC algorithm [30] to segment each
frame into superpixels. The original SLIC algorithm is an
adaption of k-means clustering for superpixel generation with
a small search space, and takes color and spatial distance into
account in the segmentation to preserve object boundaries. Our
motion-based segmentation method adds the motion vectors to
distance metric for the following two reasons. First, the motion
vectors can describe local motions between adjacent frames
and thus help distinguish different moving objects. Second, the
motion vectors are used to estimate the motion blur kernels,
and therefore the amount of deblurring. Hence, the distance
between two pixels p and q is computed as:

D(p, q) =

√(dc(p, q)
Nc

)2
+
(ds(p, q)

Ns

)2
+ δ

(dm(p, q)

Nm

)2
,

(2)
where dc(p, q) and ds(p, q) are the color and spatial distances,
respectively, between p and q. Nc and Ns are the maxi-
mum color and spatial distances, respectively. We define Nc

seperately for each superpixel from the previous iteration to
maintain a superpixel size of approximately Ns = 25 (the
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Fig. 1. Overview of the proposed video deblurring method.

(a) (b) (c) (d)

Fig. 2. Comparing SLIC superpixel segmentation with our motion-based SLIC
segmentation. The first row shows the zero parameter version of SLIC [30].
The second row is our motion-based SLIC. Our segmentation can distinguish
moving objects and segment blurry images better.

average superpixel size in our implementation). dm(p, q) is
the motion distance between p and q and is defined as:

dm(p, q) =√
(u0

p − u0
q)

2 + (v0p − v0q )
2 + (u1

p − v1q )
2 + (v1p − v1q )

2,

(3)
where (u0

p, v
0
p) and (u1

p, v
1
p) are the motion vectors for p, while

(u0
q, v

0
q ) and (u1

q, v
1
q ) are those for q. As with the zero param-

eter version of SLIC, we set the maximum motion distance
Nm adaptively for each superpixel using the maximum dm
value obtained from the previous iteration.

To set the effect of the motion field on segmentation,
we introduce δ in Eq. 2. A larger δ can distinguish pixels
with different motions, but may also destroy object structure.
Our experiments show that setting δ = 3 provides a good
balance among color distance, spatial distance and motion in
the segmentation. Fig. 2 compares our motion-based SLIC
with the zero parameter version of SLIC. We see that motion
information helps generate more accurate segmentation in
moving objects. After segmentation, Ii can be represented as a
superpixel set Φi , and we use Iti ∈ Φi, to denote a superpixel.

Note that a blurry frame may contain mostly blurry super-
pixels. The blur becomes much severe if a superpixel repre-
sents a fast moving object. Even though we have considered
the motion vectors, it may still be difficult to accurately seg-
ment a significantly blurred frame into superpixels. However,
unlike other region-based image deblurring methods [4] [5],
which rely on accurate segmentation of moving objects, we
only need to obtain superpixels that can roughly separate
different motion parts and then estimate a blur kernel for

each superpixel for matching. Since our superpixels are small
(around 25×25 pixels), only a small amount of edge informa-
tion is enough to improve the accuracy of superpixel matching.

C. Non-uniform Motion Blur Kernel Estimation

After a frame is segmented into superpixels, we estimate a
blur kernel for each superpixel and combine the blur kernels
of all superpixels to form the spatially varying motion blur
kernels. To minimize estimation errors due to severely blurred
moving objects, we optimize the blur kernels from neighbor
superpixels to find globally smoothed blur kernels. The esti-
mated motion blur kernels serve as the initial blur filter in the
superpixel matching step.

We compute the average backward and forward motion
vectors for each superpixel Iti ∈ Φi, as (u0

t , v
0
t ) and (u1

t , v
1
t ),

respectively. In a video, the motion of a pixel across frames can
be described by a complex motion kernel, which is difficult to
estimate. A motion vector indicates total displacement during
the interval between one frame and the next. In general, the
video frame rate is over 24fps and the time interval should
be smaller than 40ms. As the exposure time should be shorter
than this interval, we can simplify the blur model by assuming
constant velocity motion. Like [3] [17], we integrate the
per-superpixel motion vectors to form spatially varying blur
kernels. Since the motion vectors obtained in Section III-A are
between two frames, we need to estimate the motion vector
during the exposure time, which is often less than 20ms. We
thus compute a ratio between 0 to 0.5 for an optimal value.

To estimate the motion blur for all superpixels in ϕi, we
needs to minimize the following error:

Eblur = min
θ

∑
It
i∈Φi

(∥Lt
i ⊗Kt

i (θ)− Iti∥)2, (4)

where Iti is a superpixel in Φi of Ii, and Lt
i is the correspond-

ing superpixel in Li by adding the motion vector of Iti to Iti .
Kt

i is the motion kernel that we need to estimate for Iti . θ
is the ratio of the exposure time to the frame interval, and is
used to determine the kernel length. We increase θ from 0 to
0.5 in increments of 0.05 to find the optimum kernel length
for each superpixel.

Since Li is the latent frame that we need to reconstruct, we
find a sharp neighbor frame Ij to approximate it. We set the
sharpness threshold to 0.85 in our implementation. A frame or
a superpixel is considered sharp if its sharpness is greater than
0.85. In a video sequence, however, moving objects or camera
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Fig. 3. Estimation of blur kernels. (a) shows blur kernels generated using the original motion field, whereas (b) shows the smoothened blur kernels generated
after global optimization. (b) and (c) show the estimation process where we vary parameter θ from 0 to 0.5 in Eq. 3 to optimize the final blur kernels.

shake may cause significant misalignment errors between Ii
and Ij . If we let c be the motion vector between Iti and Itj ,
where Itj ∈ Φj is the corresponding superpixel of Iti , we may
define f as an alignment function using c to compensate for
the motion; thus, f(Itj) approximates Iti . In addition, since
the alignment error may increase significantly as the frame
distance increases, not all video frames with sharpness greater
than 0.85 can be candidates to estimate the motion model for
Ii. Hence, we set a temporal window:

Wi = {k : ∀j,max(j−ω, 0) < k < min(j+ω, n− 1)}, (5)

where ω is the window size and is set to 5 in our implemen-
tation. The motion blur kernel for Ii is then estimated as:

Eblur = min
θ

∑
j ∈ Wi

αj > 0.85

∑
Iti ∈ Φi

Itj ∈ Φj

(∥f(Itj)⊗Kt
i (θ)−Iti∥)2, (6)

Fig. 3 shows the spatially varying blur kernel estimation
process, by finding a proper kernel length from the motion
field. Since the estimated blur kernels may contain errors due
to the inaccuracy of the motion field and the local energy
minimization function, we use the blur kernels of neighbor
superpixels to optimize the blur kernel for Iti . We aim to find
an optimal λ to smooth the kernels estimated using the original
motion field as:

Esmo = min
∑

It
i∈Φi

(
∥Kt

i−Kt
i∥2+λ

∑
In
i ∈N(It

i )

(
∥Kt

i−Kn
i ∥2

))
,

(7)
where Kt

i is the globally optimized blur kernel of Kt
i for Iti

by minimizing Esmo. N(Iti ) is the set of adjacent superpixels
to Iti and λ is a smoothing factor to determine the influence
of neighbor kernels Kn

i . ∥ · ∥ denotes the L2-norm of two
blur kernels computed by the motion vectors. ∥Kt

i −Kt
i∥ can

be denoted as ∥Rt
i −Rt

i∥, where R = (u0, v0, u1, v1) is the
motion field of K. Thus, Eq. 7 can be optimized as:

(E + λG)Rt
i = Rt

i, (8)

where E is the identity matrix and G is the Laplacian matrix
calculated by a graph with each superpixel as a node. In our

(a) (b)

(c)

Fig. 4. Comparing our blur kernels with the homography-based blur kernels
[3] [7]. (a) shows a blurry frame. (b) shows the homography-based blur kernels
that mainly model the camera shake. (c) shows our blur kernels that can model
the camera shake as well as the moving car on the left.

implementation, we set λ = 0.5. While we should perform
the optimization in every kernel estimation step in Eq. 6,
the optimization has a high computational cost and may not
improve the performance. Hence, we optimize the kernels
after we have obtained the motion field of a frame. During
the kernel estimation step, we simply use the proper θ value
to reduce the alignment error between f(Itj) and Iti . Fig. 4
shows an example of a blur frame caused by camera shake
and a car moving from right to left. Fig. 4(b) shows that
homography-based methods [3] [7] fail to approximate the
car motion, as they use a homography matrix with 8 degrees
of freedom to build the motion model. On the other hand,
Fig. 4(c) shows that our method can approximate motion blur
caused by camera shake and moving objects well.

D. PatchMatch-based Frame Deblurring

PatchMatch [10] and its generalized algorithm [11] are
known to be efficient in finding similar patches for image
completion, retargeting and reshuffling. However, the pixel-
wise global search is not effective for our superpixel-based
search problem. The PatchMatch Filter Algorithm (PMF) [31]
involves a search strategy based on superpixels. It first builds
an adjacency graph for the input image, where each superpixel
is a graph node and an edge connects two adjacent superpixels.
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Similar to PatchMatch, the PMF iterates two search strategies,
i.e., neighborhood propagation and random search. However,
PMF improves the efficiency by replacing the pixelwise search
with superpixelwise search. It does not consider spatial and
temporal coherences nor motion blur. To address these limita-
tions, we present our PatchMatch-based search strategy based
on the original PatchMatch algorithm [10] to search for a
sharp superpixel to replace a blurry one using our estimated
motion model. Given a superpixel, we adapt the PatchMatch
algorithm to search for an irregular-shaped region, rather than
a fixed squared region, based on a new distance function that
considers color, spatial and temporal constraints, as shown
in Eq. 9 to 12. After the PatchMatch initialization step, we
iterate through the propagation step and the random search
step. However, instead of performing the random search step
on the whole frames, we confine the search to a small region
to save time. Our argument is that most of the best matching
superpixels are near to the original superpixels, as shown in
Fig. 5. We elaborate this idea as follows.

To find the most adequate sharp superpixel and maintain
spatial coherence, we propose a distance function for two
superpixels, instead of SSD (sum of squared differences) in
the original PatchMatch algorithm, as:

Edata = Ecolor + Etemporal + Espatial, (9)

where Ecolor is the distance between two patches. Etemporal

and Espatial enforce temporal and spatial coherences in patch
matching.

Given superpixel Iti , we find the nearest-neighbor field from
candidate frame Ij : j ∈ Wi by the specified rotation angle,
scale size, and the length of the blur kernel. Itj(x, y, r, s, k)
represents the transformation result with offset values along
the x-axis, the y-axis, rotation, scale. k represents the length of
the blur kernel. It is applied to the pixel of the transformation
result obtained by the generalized PatchMatch algorithm with
search space (x, y, r, s). Here, we add the motion vector of Iti
to the superpixel to get the corresponding superpixel (of the
same shape), Itj , in Ij . The color term Ecolor is then expressed
as:

Ecolor = ∥Iti − Itj(x, y, r, s, k)∥2. (10)

We assume that the motion field can approximately repre-
sent the location of the sharp superpixel. Thus, we apply the
motion field constraint between blurry superpixel Iti and sharp
superpixel Itj , and define the temporal term as:

Etemporal =
√
(xt − ut

i,j)
2 + (yt − vti,j)

2, (11)

where (xt, yt) is the offset value of superpixel Iti along x-
axis and the y-axis. (ut

i,j , v
t
i,j) is the motion vector from Iti

to Itj . Therefore, we minimize the temporal error to maintain
temporal coherence when searching for a sharp superpixel.

We also consider the neighbor superpixels and use their
motion vectors to find a sharp superpixel, which is similar
to the spatial smoothness regularization term [32]. The idea
is that Iti and its neighbor superpixels should have similar
motion vectors, due to spatial coherence. Thus, we apply the
motion field constraint between candidate superpixel Iti and

its neighbor superpixels Ini ∈ N(Iti ). Our spatial term can be
optimized as:

Espatial =
∑

n∈N(It
i )

√
(xt − un

i,j)
2 + (yt − vni,j)

2, (12)

Like the motion model estimation step in Section III-C, we
use the motion vector to determine the initial search position
of all neighbor frames in the PatchMatch initialization step.
The initial values for rotation and scale are set to zero. We
compute an initial blur kernel for each superpixel in Section
III-C. This initialization step can help find proper superpixels
within a few iterations.

A random search for superpixel Iti is performed during each
PatchMatch iteration. The original algorithm [11] randomly
assigns locations to all possible positions. Since our experi-
ments in Fig. 5 show that most superpixels can be found in
a limited local window with a small range of rotation and
scale values, we use a w × w spatial window centered at the
initial pixel position in each superpixel as the search window.
In our implementation, we set w = 15, which means that
the search window for each pixel ranged from -7 to 7. We
set the rotation angle from − 1

20π to 1
20π and the scale size

from 0.8 to 1.25. for the blur kernels, we vary the length
ratio of the initial blur kernels from 0.8 to 1.2. We can then
obtain the rotation angle, scale size, blur kernel, and position
from neighbor sharp frames by minimizing Edata(for all j ∈
Wi and α > 0.8, αt > 0.85) for each blurry superpixel.

Simply replacing the blurry superpixels with the matched
sharp superpixels inevitably introduces noise or seams, espe-
cially around the boundaries of a moving object. Traditional
methods [33] solve this problem based on blending. They
sample their patches densely to ensure that neighbor patches
overlap with one another, and calculate a weighted average
of the overlapping pixels. However, such blending introduces
blending blur, which is the artifact that we want to remove. To
address this problem, we apply texture synthesis to combine
the overlapping shape superpixels at each pixel, using their
spatial distances as weights. Suppose that Iti,p denotes a pixel
p in superpixel Iti , and Ini ∈ (Iti ) is a neighbor superpixel. We
assume that the minimum spatial Euclidean distance between
Iti,p and Ini is dn. We sample the pixels of all neighbor
superpixels and reconstruct the new pixel as:

Lt
i,p =

∑
n∈N(t)(e

−0.1dnIni,p) + e−0.1dtIti,p∑
n∈N(t) e

−0.1dn + e−0.1dt
, (13)

where Ini,p is the pixel on the enlarged region of superpixel Ini
at p. Thus, p is in superpixel Iti and in the enlarged region of
Ini . We calculate the nearest spatial distance dt from p to Iti ,
and dn from p to Ini , as shown in Fig. 6. The final blended
pixel is a weighted average of superpixel Iti and all its neighbor
superpixels on pixel p. We set the spatial distance dt to 0, as
p is on Iti . We only consider the neighbor superpixels close
to p and set dn = ∞ if dn is larger than 1

2w. This is because
the larger dn is, the greater the difference between the value
of Iti and that of the enlarged region of Ini if superpixels Iti
and Ini are obtain from different sharp frames. This approach
produces smooth blended results and avoids blending blur.
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Fig. 5. The best matching nearest-neighbor field found in all frames of a video sequence. (a) shows the offsets in the x-axis and y-axis, (b) shows the best
scale size. (c) shows the best rotation angle. The dotted line in each diagram is chosen as the search window in our implementation. Note that most of the
best matching superpixels can be found within this search window.
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Fig. 6. Blending strategies. (a) shows two adjacent superpixels. (b) shows the
enlargement of the adjacent superpixels to overlap each other. (c) shows the
blending strategy of a pixel by computing the distances to the two superpixels.

Once a blurry superpixel is sharpened, we update its sharp-
ness value. As a result, the sharpness of the frame may also
increase. If it is above the sharpness threshold, it may then be
used to reconstruct other blurry frames.

IV. IMPLEMENTATION ISSUES

To speed up the proposed deblurring algorithm, we consid-
ered the following issues.

A. Spreading of Sharp Superpixels

As the order of deblurring video frames may affect process-
ing time, Cho et al. [7] process the sharpest frames first. While
this quickly produces frames with high sharpness values, it
may not always be easy to find sharp superpixels if sharp
frames appear only sparsely in the video.

To quickly spread sharp superpixels, we order the video
frames by the number of sharp neighbor frames that they have.
The deblurring algorithm will be performed first on the one
with the highest number of neighbor frames in its temporal
window. After a frame has been deblurred, its neighbor frames
may now have a different number of sharp neighbor frames
and we update the sorted list to reflect this situation. This
approach is to ensure that we process the frames that are more
likely to find good matches first.

B. GPU-based Acceleration

Since all deblurring steps are performed on individual super-
pixels, they can be easily parallelized to run on GPUs. Except

for the optical flow estimation step [29], we have implemented
all other steps based on OpenGL Shading Language (GLSL).

Segmentation. The original SLIC requires several iterations
to find the cluster centers and to assign a cluster label for each
pixel. This is difficult to perform in parallel on GPUs, as this
assignment step is done iteratively based on the cluster centers.
To address this problem, we treat each pixel as an independent
unit and try to find a cluster center for it, instead of finding
what pixels belong to a cluster. In addition, due to temporal
coherence, we can transfer the cluster centers and labels in
one frame as input to the next to improve efficiency.

Kernel estimation and patch matching. As these steps
are applied to each superpixel, they can be performed after the
segmentation step. However, the global smoothing step (Eq. 8)
needs to solve a linear system and thus run on the CPU, before
assigning tasks to GPUs. We compute all values of θ, i.e.,
from 0 to 0.5 with increments of 0.05, in the GPU to find the
proper kernel length for each superpixel, which is used as the
initial value for superpixel matching. In superpixel matching,
we apply the jump flood scheme [34] with 4 neighbors in the
propagation step, as in [10], on a spatial window of w × w.
In the random searching step of patch matching, we need
to generate random numbers. However, as GLSL does not
provide a random number generator, we use Poisson noise
to synthesize random numbers.

V. EXPERIMENTAL RESULTS

We have implemented the proposed method in C++ and
tested it on a PC with an i3 3.4 GHz CPU. Using only a single
thread, it takes about 10 minutes to deblur a 800× 600 video
frame. We have also tested it on the same PC with a GeForce
GTX 750Ti graphics card. The computation time reduces to
20 seconds. In this section, we evaluate the proposed method
in detail.

A. Deblurring Model Testing

We first compare the proposed motion model with the
homography-based model [3] [7]. Homography-based motion
models may produce good deblurred results for blurs caused
by camera motions. As shown in Fig. 4(b), it fails to estimate
object motion, i.e., the moving car. Fig. 7 compares the two
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(a) (b)

(c) (d) (e)

Fig. 7. Comparing the homography-based model with the proposed model as
in Fig. 4. (a) Deblurring result using homography-based blur kernels similar
to [7]. (b) Deblurring result using our blur model. (c)-(d) are magnified views
of the input image, of (a) and of (b), respectively.

(a) (b) (c)

Fig. 8. Comparing different image segmentation approaches for deblurring.
(a) Deblurring result using regular patch-based representation. (b) Deblurring
result using SLIC superpixels. (c) Deblurring result using our motion-based
SLIC superpixels. Note that the front wheel is much smoother.

results. Although the motion blur appearing at the background,
caused by camera shake, are sharpened in both Fig. 7(c) and
7(d), the homography-based method fails to recover the motion
of the car correctly. Hence, it also fails to find suitable patches
to deblur the moving car. On the contrary, our result, which
is obtained using a spatial varying motion model, is more
convincing.

We have also studied the effects of using different segmenta-
tion methods in our deblurring model. As regular patch-based
representation divides each image regularly, it does not handle

Fig. 9. Comparing different deblurring approaches on a bicycle video frame.
From top to bottom: input frame, followed by results of [12], [14] [15], [7],
[28], [27] and our method.
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object segmentation well, and may fail in motion estimation
and in patch matching along object boundaries as shown in
Fig. 8(a). The superpixel-based segmentation methods shown
in Fig. 8(b) and 8(c) produce better segmentation, which helps
improve the accuracy of superpixel matching. On the other
hand, as our method considers object motion, it produces
more consistent segmentation across frames. Hence, our re-
constructed frame preserves the object structure, e.g., the front
wheel, better.

B. Visual Evaluation

We compare the proposed method with differents methods,
including single-image deblurring methods using a uniform
blur kernel [12] [35] and using a non-uniform blur kernel [14]
[15], video deblurring method [7] and two state-of-art method
[28] [27]. As we do not have the code for [7] and [27], we
can only compare with their results in Fig. 9 and 10.

From Fig. 9 and 10, we observe that the results from [12]
contain obvious artifacts, as it applies a uniform blur kernel to
restore the frames. Although a non-uniform blur kernel is able
to handle camera shake, the results from [14] [15] have ringing
artifacts. The complex motion blur increases the difficulty of
kernel estimation. The image background from [7] is much
better than those from single-image deblurring methods. Like
ours, [7] is a patch-based video deblurring method. However,
it cannot handle moving objects and may fail to find proper
sharp patches for moving objects using the homography-based
motion model. Thus, the blended result of these mismatched
patches may not show any improvement or may sometimes be
worse than the original (see the car in Fig. 10(g)). In addition,
as it segments the image regularly, it increases the chance
of getting mismatches along the moving object boundaries,
which may destroy the structure of the moving object, as
shown in the fifth row of Fig. 9(b). Although the shock filter
is used to sharpen the patches, the frame quality is only
slightly improved. The proposed motion deblurring model
uses appropriate blur kernels to blur the sharp superpixels
found before superpixel matching. This helps find suitable
sharp superpixels more accurately, as shown in Fig. 10(j).
Comparing [28] with the proposed method, our method shows
shaper results. Although [27] produces better background
details, the video still exhibits motion blur. Further, in Fig.
10, while the tire is clearer, the structure is wrong.

In Fig. 11, we compare the proposed method with state-of-
the-art single-image deblurring methods, which use uniform
[12] and non-uniform [14] [15] motion models, and the pixel-
wise deblurring method [28]. While deconvolution with a
uniform blur kernel may improve the quality of the image
background to a certain extent, it introduces severe ringing
artifacts on the moving objects, as shown in the second row of
Fig. 11. Although non-uniform motion models [14] [15] may
produce fewer ringing artifacts, it is very difficult to recover
accurate blur kernels from a single image for deconvolution.
The proposed method produces better result by avoiding this
deconvolution step.

Fig. 12, 13 and 14 show video frames involving significant
blurs caused by fast moving objects, while the blackgrounds

Fig. 11. Deblurring a car-bicycle frame. From top to bottom: the input frame,
followed by results of [12], [14], [15] [28] and our method.

are blurred in different degrees. In Fig. 12, most methods do
not perform very well. Our method also fails to deblur the
cyclist/bicycle because they are blurred throughout the video.
However, it can recover the building, in particular the window,
much better than the other methods. In Fig. 13, all other
methods produce obvious artifacts in the car wheels, while our
performs very well in particular the text on the car. However,
our method fails to deblur the background as the background
is blurred throughout the video clip. In Fig. 14, our method
can deblur both the foreground cyclist (the text on the body
in particular) and the background very well, compared to all
the other methods.

Images or videos captured by image sensors may be noisy
when filmed under a dim environment. Most deconvolution-
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Fig. 10. Comparing different deblurring approaches on a car video frame. (a) Input frame. (b) Deblurred frame using our method, (c) to (j) show the magnified
views of the input frame, followed by results of [12], [14], [15], [7] [28] [27] and our method. Note that although the background of (g) is sharper, the moving
car is actually more blur than (a), since [7] is unable to correctly handle moving objects.

Fig. 12. Deblurring of a bicycle frame. (a) Input frame. (b) Magnified view of the input frame. (c) Result of [12]. (d) Result of [15]. (e) Result of [28]. (f)
Result of our method.
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Fig. 13. Deblurring a fast car frame. (a) Input frame. (b) Result of [12]. (c)
Result of [15]. (d) Result of [28]. (e) Result of our method.

Fig. 14. Deblurring another bicycle frame. (a) Input frame. (b) Result of [12].
(c) Result of [15]. (d) Result of [28]. (e) Result of our method.

based image deblurring methods are sensitive to image noise.
As our method is deconvolution-free, it can avoid such prob-
lems. Fig. 15 and 16 demonstrate this feature. Although [35]
handle noise in deblurring and [12] is robust to noise, they
produce ringing artifacts. Fig. 16 is also noisy. As a result,
their outputs may appear worse than the inputs. The proposed
method, on the other hand, is able to deblur the input frames
in both situations.

C. Quality Assessment Evaluation

We evaluate the deblured results from [12], [15], [7] [28]
[27] and the proposed method using two no-reference image
quality assessment methods, NIQE [36] and BRISQUE [37].
These two methods perform better than most latest methods
and are correlated with human perception [38]. NIQE mainly
extracts highly sharp part of an image by a spatial domain
natural scene statistic model, which can evaluate the image
quality without training. On the contrary, BRISQUE is a
machine learning based approach independent of database
content. It uses the statistics of normalized local luminance
coefficients under natural scenes and can evaluate image qual-
ity holistically without requiring that the user supply specific
features such as ringing, blur or blocking in advance.

Table I shows the average image quality of the deblurring re-
sults. Our method outperforms the other three video deblurring
methods [7] [28] [27] on the first three rows. [27] outperforms

TABLE I
QUALITY ASSESSMENT OF RESULTS IN FIGS. 9 AND 10, USING NIQE [36]
AND BRISQUE [37]. (LARGER VALUES INDICATE LOWER QUALITY, AND

NUMBERS IN BOLD INDICATE THE BEST RESULTS)

Video IQA Input [7] [28] [27] Ours

Bicycle
NIQE 5.626 3.585 4.488 4.065 3.208

(Fig. 9) BRISQUE 34.566 33.855 38.000 21.376 19.650

Car
NIQE 5.148 3.399 5.063 3.839 3.221

(Fig. 10) BRISQUE 39.134 36.297 42.013 27.298 34.751

TABLE II
QUALITY ASSESSMENT OF RESULTS IN FIG. 11 — 16, USING NIQE [36]
AND BRISQUE [37]. (LARGER VALUES INDICATE LOWER QUALITY, AND

NUMBERS IN BOLD INDICATE THE BEST RESULTS

Video IQA Input [12] [15] [28] Ours

Fig. 11
NIQE 3.716 4.742 3.227 4.529 3.089

BRISQUE 32.732 49.412 27.221 37.407 25.516

Fig. 12
NIQE 4.705 3.653 3.844 5.390 3.530

BRISQUE 32.550 22.258 25.704 21.812 29.679

Fig. 13
NIQE 5.251 4.425 4.9241 5.507 4.451

BRISQUE 41.290 29.679 32.314 48.834 30.508

Fig. 14
NIQE 3.843 4.734 5.617 3.0641 3.806

BRISQUE 43.527 49.178 57.057 29.845 43.376

Fig. 15
NIQE 4.509 3.854 3.899 6.184 3.763

BRISQUE 35.508 33.590 34.069 38.698 32.783

Fig. 16
NIQE 5.871 5.109 4.712 5.378 3.980

BRISQUE 41.094 38.486 37.184 30.488 34.268

ours in the last row. Table II shows that our method performs
mostly better than the image deblurring methods [12] and [15]
on both image quality assessment metrics. It also outperforms
the other methods on six test cases, while [28] outperforms
other methods on four test cases. Although image deconvo-
lution helps improve image quality, it introduces the ringing
artifact, which affects the performances of [12] and [15] on
quality assessment metrics. However, for Fig. 12, [12] and
[15] can restore sharp silhouettes with few ringing artifacts.
On the other hand, our method can only reconstruct a frame
to one as sharp as other frames in the video can provide. As
this entire video is blurred, our method performs worse than
[12] and [15] on BRISQUE. For Fig. 13, while our method
is able to reconstruct the fast car, the background is nearly
unchanged. On the other hand, [12] produces a slightly sharper
background. Hence, it yielded a slightly better performance on
both NIQE and BRISQUE. It is interesting to note that [12]
and [15] perform even worse than the input video on Fig. 14.
This is because the background in this video was already sharp
enough. Applying image deconvolution to these sharp regions
lead to ringing artifacts, which affect the performance of these
methods on the two metrics.

D. Computation Time Evaluation

We have compared the average computation time per frame
of each video sequence using different deblurring methods,
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TABLE III
AVERAGE COMPUTATION TIME PER FRAME (SEC) FOR DIFFERENT METHODS. THE RIGHT HALF SHOWS VARIATIONS OF OUR METHOD.

Video [12] [35] [14] [15] CPU-based GPU-based GPU-based (with [7] to order frames)

Fig. 9 (640×360) 1.89 12.30 303 1370 458 18.06 45.03

Fig. 10 (640×360) 1.82 12.43 143 1234 437 18.04 36.57

Fig. 11 (640×480) 2.56 17.36 150 1298 466 19.12 46.61

Fig. 12 (640×480) 2.45 18.05 493 1370 518 19.89 37.31

Fig. 13 (640×360) 2.67 12.79 288 1215 429 16.71 49.38

Fig. 14 (640×360) 2.34 12.57 259 1217 425 16.40 41.14

Fig. 15 (640×480) 2.48 17.06 176 1308 474 18.23 49.34

Fig. 16 (640×480) 2.40 17.24 198 1289 454 17.81 46.58

as shown in Table III. [12] is the most efficient method, as
it only estimates a global blur kernel for the input image.
Although a uniform blur kernel is estimated for deconvolution,
[35] needs to apply a series of directional filters to refine the
blur kernel, resulting in longer computation time. Both [15]
and [14] require higher computation times in order to estimate
non-uniform blur kernels. The CPU implementation of our
method is also slow. However, the GPU implementation of our
method has a speed up of roughly 25 times. We have further
compared the computational times of the GPU implementation
by considering the speedup technique discussed in Section
IV-A. As shown in the last column of Table III, it takes at
least double the time to process a video in most situations
when using the frame ordering technique proposed in [7].

VI. CONCLUSION

In this paper, we have proposed a structure-preserving
video deblurring algorithm that uses irregular motion-based
segmentation to estimate a non-uniform motion model and
perform superpixel deblurring. The proposed method assumes
that sharp frames or superpixels are sparsely spread in video
sequence and uses sharp superpixels to reconstruct blurry ones.
The superpixels are essential for effectively distinguishing
moving objects from the background and are more robust than
regular patches employed by previous methods. Experimental
results demonstrate that the proposed method can reconstruct
blurry frames on both static and moving objects while main-
taining spatial and temporal coherence without introducing
artifacts.

In general, our method fails if no sharp superpixels can
be found from other frames of the video. In future work,
we intend to address this limitation. One possible approach
that we are looking at is to apply deconvolution on frames
to recover blur kernels more reliably to form the initial sharp
frames.
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