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Figure 6: Outdoor car sequence. Input blurred photos are auto-
matically rectified using the estimated motion direction. After re-
finement, sharp features on the car are recovered and deblurring
artifacts are reduced.

deconvolution. We refine the alignment using the deblurred fore-
ground f obtained in the previous step. Specifically, we re-blur the
sharp foreground f using the estimated blur kernels hx and find
the shift between the synthetically blurred foreground and blurred
foreground f{ computed using matting. In this way, all the blurred
foreground f2’s can be correlated through deblurring the sharp fore-
ground f and can be better aligned.

3.5. Segmentation Refinement

Given the initial alpha maps, a binary segmentation of the sharp
object can be computed. Since the linear system is well-posed, de-
blurring the alpha maps using the MID algorithm and then thresh-
olding the result gives us an approximate binary segmentation my
of the object. The segmentation can then be refined efficiently. By
using a conservative threshold (0.65 in all of our examples), we ob-
tain an initial segmentation mask m° smaller than the object size.
For each motion line, we grow the mask pixel by pixel and find
the best estimate that minimizes the difference between the alpha
values computed using matting and those computed by blurring the
sharp mask. Typically, we search within 10 pixels on each side and
this step finishes within 30 seconds in our experiments. Figure 5
(6) shows the mask after refinement.

Blurring the refined segmentation gives us refined alpha maps (Fig-
ure 5 (70), which are used to compute new blurred foregrounds f7
(Figure 5 (8)). The f}’s are subsequently deblurred (Figure 5 (9))
using MID. The quality of segmentation and deblurring improves
significantly after the first iteration. The refinement is iterated 1 — 2
times for the final result.

4. Implementation and Results

We use PointGrey Flea2 camera with maximum frame rate of 15
fps. Using the SDK provided with the camera, the exposure time for
each frame could be changed easily. For indoor scenes, we placed
objects on a variable speed toy train to capture the datasets. In order
to find the optimal exposures, we bound each exposure within 75,
and T}.x to avoid saturation and unusable photos. For numerical

Figure 7: Multiple objects. Using k-means clustering (k = 2 in this
case), complex-shaped objects can be segmented separately while
creating trimaps. Each object is subsequently deblurred and pasted
onto the background independently. Note that the view-dependent
effects (highlights) cause artifacts in the final result.

Figure 8: Partial occlusion. Our method allows deblurring objects
partially occluded in the captured photos. The user specifies the
occluder in one of the input photos (top left) using scribbles. These
pixels are ignored during deblurring and the object is fully recov-
ered.

stability, we enforce that the difference between any two exposure
values is greater than a threshold 7s = 5 ms. For N = 3, T, =
30 ms and Th.x = 50 ms, our optimized exposures were 30, 35,
and 42 ms. We capture at least 2/V images to allow PSF estimation.

Figure 6 shows captured photos of a fast moving taxi outdoors.
Since the taxi is far away, it is assumed to be moving parallel to
the image plane. We automatically estimate the motion direction
and magnitude using our technique. Figure 6 also shows the esti-
mated trimap, initial alpha, initial deblurring, refined segmentation
and the final deblurred image of the taxi. Figure 1 shows the de-
blurring result of a similar car. Shadows pose a common problem
in segmentation and background subtraction for computer vision
applications. Since attached shadows move with object, they are
considered to be part of the foreground and show increased noise
due to low SNR. Multiple objects can also be handled as long as
they do not occlude each other (Figure 7).

Auto Exposure Bracketing (AEB): PSF null-filling can also be
achieved using the AEB mode commonly available on digital SLR
cameras. Figure 2 shows such an example. Since the AEB mode
only allows three frames and the camera does not provide accurate
time-stamp information, we manually segmented the blurred region
and measured the motion PSF for this example. For AEB mode,
the change in exposure is limited to multiples of % f-stops. Even
though this choice may not be optimal, visual deblurring quality is
good as shown by the recovered text in Figure 2. In our experience,
the choice of exposure values is not highly critical for deblurring as
long as they are not close to integer multiples of each other.
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Figure 9: Comparison of the deblurring performance of varying exposure video, traditional video (same number of frames) and coded
exposure (for light level corresponding to 7’,,). The blurred photos are generated by adding high speed camera photos of a moving resolution
chart. Note that the visual deblurring quality using our technique is similar to coded exposure and significantly better than traditional video.

Partial Occlusion: Deblurring in presence of partial occlusion us-
ing a single image has been demonstrated in [Raskar et al. 2006],
assuming the size of the occluder is smaller than the blur size. In-
terestingly, it becomes much easier for multiple image deblurring,
since the occluder now occludes different parts of the object in mul-
tiple images. In our system, the user simply marks the occluder
using a scribble in one of the blurred photos as shown in Figure 8.
While deblurring, the pixels on the occluder are ignored in the least
square system. The foreground regions occluded in every frame are
accurately recovered in the deblurred image.

Comparisons: Let T}, be the maximum exposure used in our tech-
nique. We compare our technique with coded exposure and tra-
ditional video having same number of frames at light level cor-
responding to 75,,. Since coded exposure loses half the light, it
needs twice the exposure (27,) for the same light level. Figure 9
compares the deconvolution result on a moving resolution chart us-
ing the three techniques. Note that deblurring using varying expo-
sure recovers significantly high spatial frequencies on the resolution
chart compared to the traditional video. The visual quality of the
deblurring is similar to coded exposure output. Coded exposure al-
lows more degrees of freedom in manipulating the PSF (equal to the
code length), while our approach combines box filters of different
widths and thus has less degrees of freedom. Figure 3 (right) shows
that coded exposure performs better than varying exposure for high
spatial frequencies. In general, varying exposure gives 4 — 5 dB
more deconvolution noise than coded exposure.

5. Discussions

While our technique combines box filters to achieve PSF null-
filling, several variations are possible. For motion blur, coded expo-
sure could be combined with our method at the expense of hardware
modification to improve the SNR of the deblurred image. In sev-
eral imaging applications, the captured photo loses high spatial fre-
quency content during the capture process. Without any hardware
modifications, it might be possible to change capture parameters
to preserve different frequencies in different photos and combine
them for invertible deconvolution. We hope video cameras can in-
clude this feature by default. For an uninterested consumer, simple
normalization of the photos will show smooth changes in intensity
per frame. But motion blurred photos can be processed afterwards
if desired. Since coded exposure can be used to achieve super res-
olution [Agrawal and Raskar 2007], it may be possible to resolve
objects at higher resolution from multiple photos using varying ex-
posure video.

Conclusions: We showed that motion blur in video can be made
invertible by combining non-invertible PSFs that do not have com-
mon zeros. PSF null-filling can be easily achieved on machine vi-
sion cameras as well as off-the-shelf digital SLR’s using exposure
bracketing, without requiring additional hardware or camera mo-

tion. For a complete deblurring solution, segmentation and PSF
estimation are as important as PSF invertibility. We demonstrated
that repeated sequence of varying exposure frames can be used for
automatic PSF estimation and segmentation for challenging object
motion blur scenarios.
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