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Camera motion introduces motion blur, degrading the quality of video. A
video deblurring method is proposed based on two observations: (i) camera motion within capture of each individual frame leads to motion blur;
(ii) camera motion between frames yields inter-frame mis-alignment that
can be exploited for blur removal. The proposed method effectively leverages the information distributed across multiple video frames due to camera
motion, jointly estimating the motion between consecutive frames and blur
within each frame (Figure 1). This joint analysis is crucial for achieving
effective restoration by leveraging temporal information.
We argue that camera motion is both an enemy and a friend for restoration, particularly in the context of video. On the one hand, camera motion
occurring during the exposure period (within capture of a single frame) introduces blur, which smears detailed structures. On the other hand, due to
inter-frame motion, different observations (frames) typically have different
blurs, thus containing complementary information. This therefore provides
more constraints for the ill-posed inverse problem, and hence is beneficial
both in blur-kernel estimation and sharp-video-frame recovery.
The task of video deblurring is challenging mainly due to the coupled
nature of motion and blur. On the one hand, accurate estimation of the blur
using multiple frames requires reliable motion estimation, to compensate
for the inter-frame camera motion as well as object motion. On the other
hand, reliable motion estimation requires robust blur removal for avoiding
matching ambiguities caused by smeared structures due to blur [3]. We aim
to tackle the problem of motion and blur estimation jointly, for removing
camera-motion blur in video, in the presence of non-rigid inter-frame motion.
To exploit this complementary information for improved estimation, we
connect two latent sharp frames as xl ≈ Fl x, where Fl is the non-rigid spatial transformation operator induced by the flow field that relates two video
frames. While it is possible to establish this connection for each pair of
frames, and recover all the latent sharp frames jointly, we concentrate on a
specified frame x without loss of generality. We solve the following problem
incorporating the temporally relevant frames
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Figure 1: Illustration of the proposed approach. (a-b) two blurry video
frames (c) optical flow estimated directly on the blurry images (d-f) the output of the proposed method: (d-e) deblurred video frames and blur kernels
(f) optical flow (with color encoding [5]) jointly estimated with blur using
the proposed method (for comparison, the ground-truth flow estimated on
the original sharp images is shown on the top-right of (f)).

video frames are blurred, which is a significant difference from most
previous methods [2]. However, the existence of sharp frames will
help to further improve the restoration quality.
• While using video deblurring as a motivational example, the proposed method is generic and applicable to other scenarios involving
multiple non-uniformly blurred observations with possibly non-rigid
inter-frame motions.

Problem (1) is difficult to solve. To reduce the complexity of the problem
and increase the robustness of the algorithm, we approach the problem in
two phases: in the blind phase, we recover the spatially-variant blur kernels
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in flow estimation. In the second, non-blind phase, sharpened video frames
data˘term
temporal˘term
are recovered using the estimated blur kernels and motion fields from the
first phase, using a robust deblurring method with a natural-image prior.
where wl = [w1l , w2l , · · · ]T . Each term in (1) is as follows:
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