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Abstract

We consider the problem of single image object motion
deblurring from a static camera. It is well-known that de-
blurring of moving objects using a traditional camera is ill
posed, due to the loss of high spatial frequencies in the cap- ¥
tured blurred image. A coded exposure camera [17] modu-
lates the integration pattern of light by opening and clgsin
the shutter within the exposure time using a binary code.  coded exposure camera
The code is chosen to make the resulting point spread func- tigge ] [11[
tion (PSF) invertible, for best deconvolution performance 11111100120001

However, for a successful deconvolution algorithm, PSF Deblurring result
estimation is as important as PSF invertibility. We show Figure 1. Using a carefully designed code, one can achietle
that PSF estimation is easier if the resulting motion blur PSF estimation and invertibility for motion deblurring via coded
is smooth and the optimal code for PSF invertibility could exposure camera. Photo of fast moving car (top) was captured us-
worsen PSF estimation, since it leads to non-smooth blur.ing the coded exposure camera with c4d¢111100110001bot-

We show that both criterions of PSF invertibility and PSF tom left). Deblurring r_esult (bottom right) using estimated motion
estimation can be simultaneously met, albeit with a slight PSF Shows the effectiveness of the proposed codes.

increase in the deconvolution noise. We propose design ) i }
rules for a code to have good PSF estimation capability and SPréad function (PSF) of an optical system and recovering

outline two search criteria for nding the optimal code fora @ Sharp image from captured noisy blurred image. Blind
given length. We present theoretical analysis comparieg th deconvolution techniques attempt to estimate the PSF from
performance of the proposed code with the code optimizedthe given blurred image itself. It is WeII-known that |f the
solely for PSF invertibility. We also show how to easily Fourier spectrum of tht_a PSF contains zer_os,_smplg inverse
implement coded exposure on a consumer grade machineltering will amplify noise and produce ringing artifacts
vision camera with no additional hardware. Real experi- I the deblurred image. Several techniques using image

mental results demonstrate the effectiveness of the pedpos Priors and noise models such as Wiener ltering [16] and
codes for motion deblurring. Richardson-Lucy algorithm [19, 13] have been proposed to

handle such non-invertible PSF's. See [6] for details.

. The idea of engineering the motion PSF to make it in-
1. Introduction vertible and simplify motion deblurring was rst proposed
Motion deblurring is an important problem for computer 11 [17]- The key concept was to open and close the shutter
vision applications and consumer photography. Motion blur Within the exposure time to preserve high spatial frequen-
in photographs manifests due to camera motion (e.g., hand€ies in the captured image, using a carefully designed bi-
shake), object motion or a combination of both. In this Nary code. The code was chosen so that the resulting PSF
paper, we are concerned with deblurring images of fastd0€s not have any zeros in its frequency transform and is
moving objects captured from a static camera. There has?S broadband as possible. In contrast, a traditional cam-

been signi cant amount of research on estimating the point €@ keeps the shutter open for the entire exposure duration
leading to a low pass PSF, which is not invertible. This was
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formed for several blur Sizes, and the best visual result is Figure 2. A traditional camera is gOOd for PSF estimation since it
chosen as output. Our goal is to automate PSF estimatiorf€sults in smooth blur, but has poor deblurring performance. While
and we are inspired by the recent work in this area using coded exposure makes PSF invertible, it introduces discontinuities
transparency (alpha matting) [7, 2]. Speci cally, we use th in blur that makes_ PSF estimation (_jif cqlt. By cgrefull_y _c_hoosing
motion from blur (MFB) approac':h presented in,[2] the code, we achieve both PSF estimation and invertibility.

Although these approaches were demonstrated for esti- bility and invertibility and propose two search methods
mating PSF using a traditional camera, we show that mo- to quickly nd the code for large code lengths.
tion from blur constraint also holds for coded exposure, We show how coded exposure can be implemented on
for those parts of blur that correspond to ones in the code available machine vision cameras with no additional
(Figure 3). In case of analyzing motion blur as alpha mat- hardware.

ting, the “foreground' corresponds to blurred object. 8inc o S

the estimation of transparency or alpha matting requires o~ Limitations: - Our method is limited to low-frequency
cally smooth foreground/background, the optimal code for background due to blur estimation using alpha matting,
invertibility does not work well for PSF estimation because Which requires smooth background. In addition, using a sin-
it leads to non-smooth blur and foreground. Furthermore, 91€ image similar to [17] also limits the background, since
since the MFB algorithm relies on locally smooth alpha val- igh-frequency background results in noisy alpha matte and
ues to compute alpha gradients, PSF estimation become?ads to deblurring artifacts at the layer boundaries. Us-

even more dif cult. Our key idea is to nd ainvertible ing multiple images or better alpha matting techniques tai-
code which also results in smooth blur for sopaetsof the lored to motion blur would allow handling such cases. Our
blur pro le to help in PSF estimation. method is also limited to linear motion model. Although

At rst glance, it might appear that both good PSF es- restrictive, linear motion model can handle a broad class

timation and PSF invertibility cannot be simultaneously ©f spatially varying motions that can be rectied to lin-
achieved. In [9], a 2D code for coded aperture was designec€@r motion. In addition, MFB [2] is capable of handling
s0 as to intentionally insert zeros in the frequency spettru broader class.es of _object motions, such as rotational and
of the PSF. The locations of zeros were used to estimatg?ON-parametric motion blur and our approach would bene-
the PSF scale. However, inserting zeros in the frequency t from it.
spectrum of the PSF inherently leads to non-invertible PSF,
making deconvolution ill-posed. In addition, in presente o 1.1. Related work
noise, deciding which frequency magnitude is zero is ex-  Coding and modulation: Multiplexing techniques are
tremely unstable. [9] uses several heuristics, image rior becoming popular for several computer vision and graphics
and a learning based approach for locating zeros in the fre-applications. Schechner and Nayar [20] use illumination
quency spectrum of the blurred image. In this paper, we multiplexing using Hadamard codes to improve the signal
show that one does not need to sacri ce invertibility for PSF to noise (SNR) ratio in image capture. This was extended
estimation. Both can be simultaneously achieved by carefulin [18] to include the effect of sensor noise and satura-
code selection, but with a slight increase in the deconvo-tion. Coded aperture techniques use MURA codes [4, 1]
lution noise compared to the optimal invertible code. Our to improve capture SNR in non-visible imaging and invert-
approach does not use any training data or learning meth-ble codes for out-of-focus deblurring for photography][23
ods. Zomet and Nayar [26] replace the conventional lens of the
Contributions: Our contributions are as follows. camera with parallel light attenuating layers whose trans-
mittances are controllable in space and time for useful ap-
plications such as split eld of view and instantaneous pan
. . . and tilt. Light eld capture using frequency domain multi-
ones in the code with a constant scale factor given by plexing was proposed in [23] and using multiplexed coded

the ratio of the number of ones to the code length. aperture in [12]. Nayaet al. [15] proposed programmable
We demonstrate that smooth blur is easier to estimatejmaging by using a digital micro-mirror device (DMD).

and the optimal invertible code could worsen PSF esti-  pSF manipulation: Two important classes of tech-
mation as it leads to discontinuities in the blur pro le. niques involve mod|fy|ng the PSF and make it (a) invert-
We outline criteria for both good PSF estimation capa- ible or (b) invariant. Wavefront coding methods [3] use a

We show that the motion from blur constraint also
holds for those parts of coded blur that correspond to
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Figure 3. (Left) Motion from blur constraint holds for coded expodorehose parts of the blur which correspond to ones in the code. For
traditional camera, slope of equalsl=k. For coded exposure, slope increases by a factorsf (Middle) Synthetic example showing a
polygon shaped object moving horizontally. (Right) Correspondingniaites obtained from blurred synthetic images.

cubic phase plate in front of the lens to make defocus PSFNote that the “foreground' for the matting algorithm is not
invariant to depth. This enables the use of a single decon-the actual objecs, but the blurred object which depends on
volution Iter to recover the sharp image without knowing the PSFh. Although matting algorithms can handle com-
the depths in the scene. Nagahatal [14] move the sen-  plex (such as hair, smoke etc.) and thus discontinuous
sor in the lateral direction during image capture to make thel, they require both the foreground and background to be
defocus PSF invariant to depth. However, the drawback islocally smooth or low frequency. For a traditional camera,
that the typical plane of focus due to lens is also blurred. By PSF is a box functionh(is low pass) and results in smooth
moving the camera in a parabolic fashion, Legiral. [11] foregroundF . Previous motion blur estimation algorithms
make the motion PSF approximately invariant to the speedbased on alpha matting have shown very good results on
of the object. Similarly, the drawback is that static pafts 0 images captured using a traditional camera. However, de-
the scene are also blurred. Coded exposure [17] and codedlurring is ill-posed due tt being low pass.

aperture [23] techniques make the PSF invertible so that the

resulting deconvolution process becomes well-posed. How-2. 1. Coded exposure camera

ever, PSF estimation is still required.

PSF estimation and deblurring: Recent interest in The key idea of coded exposure is to open and close the
computational photography has spurred signi cant researc Shutter according to a pseudo-random binary code to pre-
in PSF estimation and deblurring algorithms. Fergial ~ Serve high spatial frequencies in the captured blurredémag
[5] use natural image statistics to estimate the PSF from Thus, the motion PSR becomes broadband and deblurring
a single blurred image. Josleit al. [8] estimate non- IS well-posed. However, this results in high frequency-vari
parametric, spatially-varying blur functions by predicfi ations in the blur pro le. Thus, alpha matting is not robust
the sharp version of a blurry input image. Yuanal. [24] due to non-smooth “foreground' and PSF estimation using

use both a short exposure image and a long exposure imagganspargncy is also hard due to no_n—smooth alpha. Our goal
to estimate the motion PSF and use them simultaneouslyS t© design the code so that certain parts of the code result
for deblurring to handle camera shake. Recent work on de-In sSmooth blur to help matting and PSF estimation, while
blurring algorithms [21, 25] have shown excellent resuits o overall the code is still invertible for good deblurring.

images corrupted due to camera shake. For rest of the paper, le{x) be the coden be the code
length, s be the total number of ones,be the number of
2. Blur estimation using alpha matting transitions, and be the maximum number of continuous

ones in the code. A traditional camera can also be charac-
Lets(x;y) denote the image of the object if it was static terized as a coded exposure camera \sith r = n and
andh(x;y) be the motion PSF. LeM (x;y) be a binary  t = 0. Note that the coded exposure camera loses light by a
indicator function for the objetét When the object moves  factor of 2. The linear system corresponding to motion blur
in front of the background)(x; y), the captured blurred im-  is given byAx = b, whereA is the motion smear matrix,
agel is given by the sum of blurred foreground object and x is the unknown sharp image, abds the blurred photo.
partial background [17] Similar to [17], we usé oise = mean(ATA) ! for evalu-
ating the increase in deconvolution noise.

l=s h+(l M h)b: (1)

Comparing with the familiar matting equation= F + 2.2. Motion from blur
@ )B [22] we get We rst show that motion from blur constraint also holds
B = b: =M h; F=(s h)=M h): (2) for coded exposure camera. The constraint is given by [2]

1\We assume that the moving object is opaque and in sharp focus. r k= 1; 3)



wherek = [Kky; ky] denotes the blur vectérThis constraint
assumes to be a box Iter (traditional camera). For coded
exposureh is a sum of shifted box functions of varying
sizes. Thus, this constraint still holds for each set of con-
tinuous ones in the code. If the object moves with constant
speed, the motion from blur constraint changes to
n .
r k = g; if  c(x)=1; 4)
. . . R

since PSFh is normalized tal ( h = 1). When the code
is zero, no light is integrated, and henceemains constant
(r = 0) within that time period. Only for those parts of

code which ard, the constraint holds as shown in Figure 3.

2.3. Codes with similar deblurring performance

Codes having the same deblurring performance could
differ signi cantly in their resulting blur pro les. Consier
two n = 31 codes:

C; =1010101011100111101110101111011
C,=1111111111111000010011101000111

Both codes have the same number of ores (21), and

thus would allow the same amount of light. Figure 4 shows
the magnitude of the frequency transform for both codes af-
ter zero padding. The minimum frequency transform mag-

nitude is the same for both codes. In fact, the increase in

deconvolution noise fo€,; andC, are19:7 and20:09 dB
respectively (compared t856:7 dB for traditional camera).
Thus, these two codes will result in similar deblurring per-
formance. However, they result in signi cantly different
blur pro les. The number of transitiong, for C; equals

18 compared to8 for C, and C, has a long continuous
string of ones( = 13). As shown in Figure 4, the blur
pro le corresponding taC, will be smooth at one end, with
minimum number of discontinuities compared with the blur
pro le corresponding taC;. Thus, for the same deblurring
performance, one could possibly choose a code which re
sults in smooth blur for somgartsof the entire motion blur.
Since most alpha matting algorithms require local smoot
ness within a neighborhood (e.®, 3), minimizing the
number of transitions in the code will reduce discontinu-
ities in foreground and result in better alpha map estima-
tion. Moreover, the smoothly changing alpha values within
the same region also allows better gradients computation
thus facilitates PSF estimation.

h-

3. PSF estimation and deblurring results

In this section, we show results and comparison for PS
estimation and deblurring on real datasets using tradition
camera and coded exposure with co@gsandC,. In all

2Assuming constant velocity object motion in image plane.
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Figure 4. Two different code€; andC, having same deblurring
performance but different blur pro les. (Left) The magnitude of
Fourier transform shows that although the minimum @ar and
C, are same (blue linef;; attenuates low frequencies much more
thanC,. (Right)C, has small number of transitions and long con-
secutive string of ones. This results in smooth blur pro le @r
on one side which helps in PSF estimation. Note that since alpha
is normalized td0; 1], the slopes of blur pro les for traditional
and coded exposure are different.

results where we compare with a traditional camera, its ex-
posure time is reduced by a factor $fto ensure thesame
light level. The traditional camera image thus will have re-
duced blur by the same factor.

The PSF estimation algorithm follows [2], where rst al-
pha matting is performed (using Lewvét al. [10]) to obtain
the alpha values. We further improve the MFB algorithm to
handle the aperture problem as described below. As shown
in [2], every pixel whose alpha gradient is non-zero, gives
information about the blur direction and magnitude. In [2],
rst a set of locally consistent pixels are found and then
RANSAC is applied to estimate the blur using (3) by com-
puting the inliers.

Weighted least square (WLS) estimation: To handle
the aperture problem, blurred edges of different edge direc
tions should be present in the image as described in [2].
However, [2] uses all inliers equally to estimate the blur.
We propose to cluster the inliers based on thgradient
values, since , and y together give information about the
edge direction. For example, if both, and  are larger
than zero, the pixel belongs to an edge that is facing top

right. Speci cally, we divide the inliers int® clusters de-
pending on whether the gradieng, , are> ,< , or

2[ ; 1, where isathreshold (e.g. 0.02). We ignore the
cluster where both,, y are2 [ ; ], since those pix-
els do not give any useful information in presence of noise.
Then, we simply perform a WLS estimate on inliers, where

the weights are the inverse of cluster sizes. This ensures
‘that edges having different directions get equal weights in

blur estimation, so that the estimation is not biased toward
a particular edge direction.
Object moving at an angle: Figure 5 shows results on

g a toy motorcycle, where the motion is non-horizontal in the

image plane. The captured blurred photos and deblurred
results are shown in top and bottom rows respectively for
traditional and coded exposure cameras u€agand C,
codes. Note that the estimated PSF udigis close to



Figure 5. Motorcycle moving at an angle. (Top) Blurred photos. (Midélgha maps with inliers. (Bottom) Deblurred results. PSF
estimation for traditional camera is good but deblurring is poor due toimaartible PSF. Bad PSF estimation for ca@e leads to poor
deblurring. FoIC,, estimated PSF is good, as proved by the deblurring result. The ratiodrethelengths of motion vectoksfor coded
and traditional exposure should hes=31=21=1:47. Itis 1:48 for C;, 1:88 for C:. Input images are rotated using the estimated motion
angle before deblurring to bring the motion horizontal. Ear incorrectly estimated angle cannot be used to rectify the input image.

ground truth, as shown by the good deblurring result. PSFusingC, is used. This clearly demonstrates that the deblur-
estimation for traditional camera is also good but debhgrri  ring performances fo€; andC, are similar. HoweverC,
is bad due to PSF being non-invertible. Figure 5 (middle assists in PSF estimation, whiy does not.
row) also shows inliers (different color for each cluster) o Non-uniform background: Figure 7 shows an example
tained from MFB algorithm. For traditional camera, inliers of a moving sticker in front of a non-uniform background.
spanall parts of the blur as expected; while, for coded blur, Again note that the estimated inliers 0§ are restricted to
the -motion blur constraint only holds for those parts of those parts of the blur, which correspond to the long string
the blur that correspond tBs in the code, as described in  of 1's. The deblurring results demonstrate that the motion
Section 2.2. Note that fa€,, most of the inliers are present estimation is good fo€,, but poor forCj.
on one end of the blur corresponding to the long string of  Complex object shape:Figure 8 shows another exam-
I'sin C,. However, forCy, inliers are scattered all over the ple on an complex shaped action gure. Even though the
blur which shows that alpha estimation and MFB algorithm shape is complex, our algorithm successfully estimates the
was not successful. Figure 6 also shows the ground truthPSF usingC, since it produces partial smooth blur. Fine
photo and the deblurring result f@; if the PSF estimated  features are recovered on the action gure ugiygcode.
Outdoor scene: Our approach also works on challeng-
ing outdoor scene as shown in Figure 1. Since the car is
far away, it is assumed to be moving parallel to the image
plane. An =15 code11111110011000With r = 7 was
used to capture the photo. Note that the deblurring result
recovers sharp features on the car.

4. Implementation and analysis
Figure 6. Motorcycle. (Left) Ground truth sharp image. (Right) P y

Deblurring result forC; using the motion PSF estimated frata In [17], coded exposure was implemented using an ex-
shows that the deblurring performances are similaCfoendCz, ternal ferro-electric shutter placed in front of the lensaof

but PSF estimation fails usin@: (see Figure 5 middle image in g R camera. The ferro-electric shutter frddisplayTech
the bottom row.)



Traditional Coded C, Coded C,

Figure 7. Non-uniform background. (Top) Blurred photos. (Mid-
dle) Alpha maps with inliers. Each color shows one of 8tdus-
ters. (Bottom) Deblurring results. Estimatiedre [-26.56, 0.67],
[-49.87, 1.13] and [-37.75, -0.33] for traditional; andC, re-
spectively. The magnitude of the estimated motion vectoCfor

is 1:42times of that of traditional exposure, close to the theoretical
factor ofn=s=31=21=1:47.

costs $500and requires an external micro-controller for
control. In addition, the external shutter leads to vignett

in images and loses light even when it is transparent due to,

polarization. Instead, we implemented coded exposure o
a consumer grade machine vision camereaohychip ut-
tered integration with zero additional cost and avoided all

Traditional Coded C, Coded C,

Figure 8. Action gure with complex shape. (Top) Input blurred
photos. (Bottom) Deblurring Results. The estimated motion vec-
tors were [-27.99, -1.00], [-49.99,-4.78] and [-41.14,0 22 tra-
ditional, C; andC; respectively. Note that motion estimation us-
ing traditional camera an@, code is good. However, onl¢,
achievedoth PSF estimation and PSF invertibility.

toy train.

4.1. Fast binary code search

We describe two approaches to search for the optimal
code for a given code lengtithat satis es the criteria for
both PSF estimation and invertibility. These criteria are
(a) minimizef noise , (b) Minimizet, (c) maximizes, and
(d) maximizer. Depending on the application, other ap-
proaches could be used. Note that the rst and the last bit
of the code have to b&, otherwise the code will reduce
to a code of smaller length. Thus, in general the search
space is of orde2” 2 for code lengtm. For smalln, the
search space is small and all possible codes can be tested.
For largern, if the search space is large 1(P), we ran-
domly samplel(® codes from the search space for testing.

In the rst approach, we xs = s and set a threshold
(f ihee ) ON the maximum deconvolution noise that can be
tolerated (e.g20dB). We nd all codes for whicH noise

e . The search space is equal § 2 . We sort these
codes according tb and pick the rst code which has the

the above issues. This can be achieved with any camera

that supports IEEE DCAM Trigger modg This trigger
mode supports multiple pulse-width trigger withsagle
readout. We use the Dragony2 camera from PointGrey
(www.ptgrey.com ) (Figure 1). The camera is triggered

using the parallel port of a PC. Each bit of the code corre-

sponds tdl ms of the exposure time in our implementation.
Thus, forn = 31, total exposure time wa31 ms. To im-
plement a particular code, the camera is triggerddl!at 1
transition and held until the negt! O transition. For ex-
ample, for coded110100001 1three triggers will be sent at
0, 4 and9 ms and held for a duration & 1 and2 ms re-

n=31

—C
ours

optimal invertibility

——Traditional

5 10 15 20 25 30
Maximum number of consecutive ones (r)

spectively. Note that the number of triggers is not equal to Figure 9. Deblurring performance of our proposed codes and opti-

the number ofl's in the code; rather for each continuous set

mal invertible codes [17] with respect tdor the same light level.

Of 1‘51 one trlgger |s sent For |nd00r datasets’ we CapturedThe proposed COdeS he|p PSF estimation and are mUCh bet'[el’ than
blurred photos of objects placed on a moving variable-speedtraditio”al camera in terms of deconvolution noise. The increase

in noise with respect to optimal invertible codes is small.
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Figure 10. (Left) Visual deblurring comparison®©f versusCpes: On real datasets. Note that the proposed &@gdgives similar deblurring
performance compared to optimal calg.s: . (Right) PSF estimation capability for = 31 codes with increasing (decreasing number
of 0! 1 transitions). For small, PSF estimation fails leading to poor deblurring results. Noterthats for Cpest , and thus optimal
invertible code may not give good PSF estimation.rAscreases, PSF estimation improves, but PSF invertibility degrades.

maximumr in the sorted list. A second faster approach is there is only one code (all ones) and all three curves meet.
to rstsetr, the continuous number of ones in the code. For In general, the optimal invertible codes havaround3 5,
simplicity, let the rstr bits be ones. The search space is so the green and red curves meet at fovalues. The plot
reduced ta2" " 2 (the(r + 1) bit has to be0 and the ~ shows that the increase fioise USing proposed codes is
last bit has to bé). Among these codes, we choose those small and the proposed codes are signi cantly better than
whosef noise f,ﬁ'(‘,ise ands = s, and pick the one with  the traditional camera in terms of deconvolution noise- Fig
minimumt. If no code satis es the criteria, is decreased  ure 10 (left) shows visual deblurring comparisons on real
by one and the search is repeated. datasets foCpest andC, using the same motion PSF (es-
The codeC, described in Section 2.3 is found using the timated from photos captured usi@). Note that the de-
second approach for = 31 andr = 13 by testing only blurring results are visually similar.
231 13 2 = 65;536 codes in6:7 seconds on a standard PSF estimation: We analyze the PSF estimation capa-
PC. For this codes = 21 and searching the code using the bility of the proposed codes for different valuesrofor a
rst approach requires testing; 5 =20:03 million codes,  givenn. Asr increases, the code becomes similar to a tra-
which is3056 times more than that of the second approach. ditional camerar( = n) and becomes favorable for PSF
estimation, buf yise increases signi cantly. Smaller val-
4.2. Analysis ues ofr (r  5) result in signi cant noise in the estimation
of alpha values. In Figure 10 (right), we show results using
We compare the proposed codes with the optimal codecodes having different values. In general, we found that
for PSF invertibility for the same light level. The codes withr  n=3 work well for PSF estimation.
optimal invertible code [17] simply minimizes gise
without considering PSF estimatiom @nd t). Obvi-
ously, the proposed codes will lead to more deconvo-
lution noise, but the increase in deconvolution noise is  We have focused on binary valued codes; howeoer
small and visually the deblurring results are comparable. tinuous valued codesan improve both PSF estimation and
For example, forn = 31, the optimal invertible code invertibility. As shown in [23], continuous valued codes
Chest = 10111101101010001101111100111was found  perform better than binary codes in terms of deconvolu-
using [17]. The deconvolution noise for optimal catigst tion noise, since they could avoid the sharp transitions of
is 18:52dB compared t@0:05dB for C,. a binary code and result in smoother blur. In fact, optimiz-
Figure 9 compares tHeise for the proposed codes and ing such codes will be easier using continuous optimization
optimal invertible codes for varying from1 to n. For a compared to the discrete search used for binary codes. To
givenr, we obtain our code using the approach describedenforce smooth blur, a penalty on the spatial gradients of
in Section 4.1. We record thevalue and then nd the op-  the code can be applied, similar to the regularization tech-
timal invertible code which has the samevalue (for the nigues. However, their implementation is not straightfor-
same light level). Thé,sise for a traditional exposure with  ward using external shutters or trigger-based cameras. It
the same light level is also plotted in black. Wher n, could be achieved by controlling the A/D gailuring the

5. Discussions



exposure time according to the code, but would require [8] N.Joshi, R. Szeliski, and D. Kriegman. PSF estimation using
changes at the chip level. We have focused on spatially-
invariant PSF, but the proposed codes could also be used for
af ne motion using variations of the MFB algorithm. Our
approach shares the same limitations of the alpha matting
algorithm (e.g., low-frequency background) and requires a
few brushes for matting initialization. Combining informa
tion from multiple images captured with same or different
codes will further help in matting and PSF estimation.
Conclusions: PSF estimation is as important as PSF in-
vertibility for motion deblurring. A traditional camera-re
sults in smooth blur which is easier to estimate, but makesy12
the PSF non-invertible. A coded exposure camera makes
the PSF invertible but results in sharp discontinuitieshin t
blur and degrades PSF estimation. We showed that botH13] L. Lucy. An iterative technique for the recti cation of ob-
criteria of PSF estimation and invertibility can be achikve
by carefully designing the code. We proposed design rules[14]
based on minimizing the transitions and maximizing the
number of continuous ones in the code for good PSF estima-
tion and described two schemes for searching such coded15]
We analyzed the performance of the proposed codes in com-
parison with the optimal invertible codes. We also desdribe

how coded exposure can be implemented on machine visio
sensors without any additional cost and presented real ex-

perimental results that showed the effectiveness of the pro
posed codes for PSF estimation and invertibility.
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