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Abstract olution imagery is often incompatible with high frame rate
imagery, especially in the case of consumer level cameras,

. . . ndwidth an r nstraints.
We present solutions for enhancing the spatial and/or tem-due to bandwidth and storage constraints

poral resolution of videos. Our algorithm targets the emerg In the face of these realities, we investigate software-solu
ing consumer-level hybrid cameras that can simultaneouslytions that can increase the spatial and/or temporal résolut
capture video and high-resolution stills. Our technique-pr  of imagery recorded biaybrid camerasapable of captur-
duces a high spacetime resolution video using the high-ing a combination of low-resolution video at medium frame
resolution stills for rendering and the low-resolution g rates (15-30 fps) and high-resolution stills at low frantesa

to guide the reconstruction and the rendering process. Our (1-5 fps). Such hybrid cameras have been previously pro-
framework integrates and extends two existing algorithms, posed ] and several have been built as research proto-
namely a high-quality optical ow algorithm and a high- types [L7, 1, 26, 15]. Commercial hybrid cameras are cur-
quality image-based-rendering algorithm. The framework rently available (e.g., Sony HDR-HC7, Canon HV10, and
enables a variety of applications that were previously un- Canon MVX330), and while these cameras have some lim-
available to the amateur user, such as the ability to (1) au- itations} newer models hold substantial promise; e.g., Fuiji-
tomatically create videos with high spatiotemporal resolu Im has announced the development of thi@epix 3D Sys-
tion, and (2) shift a high-resolution still to nearby poiriis tem? which has two synchronized lenses and sensors capa-
time to better capture a missed event. ble of capturing stills and video simultaneously.

We propose a framework for combining the output of hy-

brid cameras. Our framework combines and extends two
1. Introduction existing algorithms, namely a high-quality optical ow al-

gorithm [21] and a high-quality image-based-rendering al-
Still cameras are capturing increasingly high-resolution ~ gorithm [2] to enable a variety of applications that were pre-
ages. In contrast, video resolution has not increased atviously unavailable to the amateur user, including:
nearly the same rate. This disparity in the two mediums is
not surprising as capturing high-resolution images at h hig
frame rate is a dif cult and expensive hardware problem.
Video produces enormous amounts of data, which must be
captured quickly using smaller exposure times and pushed time-shifting high-resolution stills to nearby points in
onto the storage device. time to better capture a missed event.

automatically producing high spatiotemporal resolu-
tion videos using low-resolution, medium-frame-rate
videos and intermittent high-resolution stills,

While newer digital SLR cameras can also capture high We also describe a simple two-step ow algorithm that im-
quality video, these cameras are still priced at the higherproves the quality of long-range optical ow in our setting
end of consumer level cameras and leave a signi cant res-(i.e., low-resolution video plus a few high-resolutioriIs}i
olution gap between photographs and videos. For exampleWe demonstrate results using a simulated hybrid camera
the Nikon D90 can capture 12 MP images at 4 fps and 720P— simulated by downsampling existing video spatially and
HD video (0.9 MP per frame) at 24 fps. The problem of cap-
turing videos with high spatiotemporal resolution is ferth 1The number of stills that these cameras can capture duringem vid
compounded by the constant push in the consumer markef®ssion is currgntly Ilmlteq toa maximum of three at one fps dhtiteon,
.. . . . . we found the high-resolution stills produced by these cam#&raot be
for miniaturization and integration of cameras with other gjgnj cantly higher in quality than the video frames.
products (e.g., cell phones, PDAs). Hence, high spatial res  2http://www.dpreview.com/news/0809/08092209fuji Im3Ba
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Figure 1. Our system consists of two main components. We use a twoqsiepl oow process to compute correspondences between
pixels in a low-resolution frame and nearby high-resolution stills. We entpieymage based rendering algorithm of Bagaal. [2007]to
render the nal result.

separately sub-sampling it temporally — and using our own motion correspondences using optical ow and perform a
prototype still+video camera. Results of a user study on weighted average of motion compensated frames assuming
time-shifting suggest that people would be quite intekste linear motion between correspondences. However, since the
in using this technology to capture better imagery. In the intermediate frame is generated as a weighted average of the
remaining sections, we describe related work (Seclipn  two warped images, any errors in the correspondences can
present our framework and algorithms (Sect®)nexplore result in artifacts such as ghosting, blurring and ickerin
applications (Sectiod), and conclude with a summary and inthe nal result. We use a similar technique for generating
discussion (Sectioh). correspondences, but employ a graphcut compositing and a
spacetime gradient-domain compositing process to reduce

these artifacts.
2. Related work _ _ _
Learning-based techniques These regression based tech-

niques learn a mapping between a patch of upsampled
low-resolution pixels and the corresponding high-resoiut
pixel at the center of the patch. The high resolution image
is synthesized using the patch of low-resolution pixels sur
Spatial and temporal super-resolution using multiple rounding every pixel in the input to infer the correspond-
low-resolution inputs: These techniques perform spatial ing high-resolution pixel. Often, the synthesis also incor
super-resolution by rst aligning multiple low-resolutio  porates some smoothness prior to avoid artifacts that com-
images of a scene at sub-pixel accuracy to a referenceamonly arise from relying on regression alone.

view [12, 24, 10]. The aligned images can then be used . . o i .
to reconstruct the reference view at a higher spatial resolu Combining stills with videos Our technique can best be

tion. The same idea can be applied in the temporal domaind_escribe_d as recon_structing t_he _high-resolution spaeetim
by using sub-frame-rate shifts across multiple low tempo- video using a few high-resolution images for rendering and

ral resolution videos of a scene to perform temporal super-2 Iow-r.esolution video to guide the reconstruction and the
resolution P5, 30, 31]. ren.de.nng. Bhaet al. [2] and Schuberét al. [2;’»] pro_posed

a similar approach to enhance low-resolution videos of a
The techniques in this class rely on the assumption that thestatic scene by using multi-view stereo to compute corre-
low-resolution inputs are undersampled and contain alias-spondences between the low-resolution video and the high-
ing. However, most cameras usually bandlimit the high resolution images. In contrast, our method uses optical ow
frequencies in a scene to minimize such aliasing, which to compute correspondences and can therefore handle dy-
severely limits the amount of resolution enhancement thatnamic scenes as well. Also, Schubettal. [23] did not
can be achieved using such techniques. &inal. [16] enforce any priors for temporal coherence across the gener-
have studied the fundamental limits of these techniques andated video.
found their magni cation factor to be at mo$6 in practi-
cal conditions. Also, the reliance of these methods oncstati
scenes or multiple video cameras currently limits the prac-
ticality of these methods. We overcome these limitations by
using data from a hybrid camera.

The problem of enhancing the resolution of images and
videos has received much attention. In this section we re-
view some of the previous approaches to this problem.

Sawhneyet al. [22] use a stereo camera which captures two

synchronized videos, one at the desired high resolution and
the second at a low resolution. They use stereo based IBR
techniques to increase spatial the resolution of the second
sequence by combining the two hybrid resolution streams.
Temporal resolution enhancement For temporal resolu-  Compared to our method, this method is more restrictive as
tion enhancement, most techniques, §, 32, 8] compute it needs to capture one video at high spacetime resolution



and it requires multiple synchronized cameras.

MPEG video coding works on a similar domain by stor-

ing keyframes at full resolution and using block-based mo-
tion vectors to predict the intermediate frames. Our sys-
tem produces results signi cantly better than simply using

a MPEG-based frame prediction scheme since we use per

pixel ow estimation and a high quality rendering algorithm
that suppresses artifacts in regions with faulty ow esti-
mates.

The method proposed by Watanai@l. [29] works on sim-
ilar input data as ours (i.e., a low-resolution video witlew f
intermittent high-resolution frames). Each high-resolut
frame is used to propagate the high frequency information
to the low-resolution frames using a DCT fusion step. Na-
gahareet al. [18] also take a similar approach but use feature

tracking instead of motion compensation. These methods
generate each video frame independently and therefore ar

prone to temporal incoherence artifacts. See Sediarl
for comparison to our method.

3. System overview

Figure 1 gives a visual description of our system for per-

the image resolution of the low-resolution video frames and
the high-resolution stills. This improves matching, b th
ow algorithm is still affected by errors from the long range
motion. Instead of computing long range ow, one could
compute pairwise optical ow between consecutive video
frames and sum the ow vectors to estimate correspon-
dences between distant frames. This approach performs
better, but ow errors between consecutive frames tend to
accumulate.

Our approach is to use a two-step optical ow process.
First we approximate the long range motion by computing
optical ow between adjacent low-resolution frames and
summing the ow vectors. Then we use this sum to ini-
tialize a second optical ow computation betwegnand

low-resolution versions 0Bert andSyigne (i.€., flerr and

fright ). Using the summed motion estimation as initializa-
tion tries to bring long range motion within the operating

?ange of the optical ow algorithm and reduces the errors

accumulated from the pairwise sums. See Figufer a
comparison between our method for computing correspon-
dences and the alternatives mentioned above.

In our two-stage process, we use the optical ow algorithm
of Sand et al71]. We used Sand's original implementation
of the algorithm and its default parameter settings forail o

forming spatial and/or temporal resolution enhancement of experiments. Sand's optical ow algorithm combines the

videos using high-resolution stills when available.

3.1. Spatial resolution enhancement

The input consists of a stream of low-resolution frames with
intermittent high-resolution stills. We upsample the low-
resolution frames using bicubic interpolation to match the
size of high-resolution stills and denote them fyy For

variational approach of Brox et aiwith Xiao et al's [33]
method for occlusion handling.

Graph-cut compositing: Once the system has computed
correspondences froBer; to fi andSygne to fj, it warps
the high-resolution stills to bring them into alignment lwit
fi thus producing two warped imagesier and Wrignt
Then it reconstructs a high-resolution versionf pfusing
patches fromwierr andwygr . The reconstruction is com-

eachf;, the nearest two high-resolution stills are denoted as puted using a multi-label graph-cut optimization with a met

Siett andSyignt -

Computing motion correspondences The system esti-
mates motion between evefy and correspondinest
& Syignt - Unfortunately, computing correspondences be-

tween temporally distant images of a dynamic scene is a

hard problem. Most optical ow algorithms can compute
correspondences for motion involving only tens of pixels.
In our case the system needs to compute correspondenc
between a high-resolution still and a low resolution frame
that might contain objects displaced over hundreds of pix-
els.

One approach is to compute optical ow directly from the
high-resolution stills,Ser; or Syignt , to the upsampled
framesf;. This approach, however, produces errors be-
cause of the long range motion and the differences in im-
age resolution. The ow quality can be improved by using
low-resolution version of the still$,er; Or fignt , to match

ric energy function§]. Each pixel inf; is given label from
three candidateswer , Wright , andf;. We use the standard
energy function used for graphcut compositing with a data
cost that is specialized for our problem and the smoothness
cost proposed by Kwatra et al4]. Kwatra's smoothness
cost encourages the reconstruction to use large coherent re
gions that transition seamlessly from one patch to another.
Qur data cost encourages the reconstruction to prefersiabel

HRat are likely to produce a high-resolution reconstructio

while trying to avoid artifacts caused by errors in the corre
spondences.

The formal de nition of our data cost functiod for com-
puting the cost of assigning a pixeko a given label is as
follows:
8
<

D(p;1) = .

c if | = f;
1 if w;(p) unde ned
Dc(p; 1)+ Ds (p;1) + Dqg(l;f;) otherwise



Dc(ps ) = jjwi(p)  fi(pii 3.2. Temporal resolution enhancement

Dt (p;1)=1  motion_con dence(w; (p))
jframe_index(w;) ij

jframe_index(Wrigne )  frame_index(Wiert )]

The temporal resolution of any video can be increased given
good ow between frames. In our case, we can also in-
crease the temporal resolution of the newly created high
spatial resolution video from the previous section. To in-
crease the temporal resolution of a video by some factor,
we insert the appropriate number of intermediate frames be-
Here, c is the xed cost for assigning a pixel to the low- tween existing frames. To estimate ow vectors between
resolution option (i.ef;); w is the warped image corre- the boundary(existing/original) frames and the new inter-
sponding to the labdl; D. encourages color consistency Mmediate frame, we assume motion varies linearly between
between a pixel and its labéD; factorsinthe con dence of  the frames. The system simply divides the ow across the
the motion vector that was used to generate the pix@); boundary frames evenly between new intermediate frames
andDy favors labels that are closer in temporal distance to (€.9., with three intermediate frames, the ow to the rst
the current frame numbér Each data cost is normalized to  intermediate frame is 1/4 of the ow between boundary
return a response between 0 and 1. All examples in this pa.frames, 1/2 to the second and 3/4 to the third intermediate
per were generated by settingp 0.3. The con dence value  frame). Then, the two boundary frames are warped to the
for the motion vectors is generated by Sand's optical ow appropriate point in time and composited using the graph-
algorithm in the process of computing the correspondencescut compositing step described in Sectidd to construct

the intermediate frame.

Dq(l;fi) =

Spacetime fusion When each individual frame in the video Occlusions in the scene cause holes in the reconstruction.
has been reconstructed using the graph-cut compositing>reviously, we used the low-resolution framés, to I

step described above, the resulting video has high spatiafhese holes. Here we use spacetime fusion to remove these
resolution but it suffers from the types of artifacts com- holes (and other artifacts) by assuming all spatial grasien
mon to videos reconstructed using pixel patches — that is,inside holes are null, which allows surrounding informatio
the spatial and temporal seams between the patches tend & be smoothly interpolated within holes. For the space-
be visible in the result. These spatial seams can often belime fusion step, the system needs temporal gradients be-
mitigated using the 2D gradient domain compositing tech- tween the new intermediate frames. Just as we assumed
nique described by&ez et al {9]. However, the temporal motion varies linearly between video frames to compute the
seams that arise due to errors in the motion vectors and exintermediate ow vectors, we assume illumination varies

posure/lighting differences in the high-resolution sttan  linearly along ow lines. To estimate the temporal gradi-
be dif cult to eliminate. ent between two intermediate frames we divide the tempo-

ral gradient between the boundary frames by the number of
new intermediate frames.

We use the spacetime fusion algorithm proposed by Bhat

et al [2], which is a 3D gradient domain compositing tech-

nique that can eliminate both spatial and temporal seams4. Applications and analysis

Spacetime fusion takes as input the spatial gradients of the

high-resolution_reconstruction and the temporal gradieht In this section we explore various consumer-level appli-
the low-resolution video (computed along ow lines) and cations that could benet from the ability to combine

tries to preserve them simultaneously. Thus, the tempo-joy.-resolution video with high-resolution stills to procki
ral coherence captured in the low-resolution video is repro yigeos with high spatiotemporal resolution.

duced in the nal high-resolution result, while preserving

the high spatial resolution information as well as possible

We can assign relative weights to the spatial and temporal4.1. Spatial resolution enhancement

gradients. Using only spatial gradients leads to high apati

but poor temporal quality. Using only temporal gradients We rst explore enhancing the spatial resolution of videos
leads to too much blurring in the spatial domain. In all our containing complex scenes, non-rigid deformations, and dy
experiments for spatiotemporal resolution enhancement, w namic illumination-effects. As mentioned in the introduc-
set the temporal gradient constraint weight to 0.85 and thustion, commercially available hybrid cameras do not yet cap-
the spatial gradient constraint weight is 0.15. The readerture stills at the spatial and temporal resolution requirgd

is referred to the spacetime fusion papdrfpr low-level our system. To evaluate the approach we used two types of
details. datasets — simulated and real.



Downsampling factor: 12; Highes samping rate: 3 fps

Downsampling factor: 8; Highes samping rae: 6 fps

Figure 3. The gure shows spatial resolution enhancement results
for hybrid data captured using a two-camera setup. The left col-
umn shows a result frame for each of the two data sets, (A) shows a
zoomed in part from low-resolution input frame and (B) shows the

. L . corresponding part of result frame. Zoom in to see the resolution
Figure 2. The left column shows the low-resolution input video it ence more clearly

frame. The right column shows our result. We suggest zooming in
to see improvements at the actual scale of the images.

Downsampling factor: 8; Highess samping rate: 3 fps

the video and watch the action in ner detail.

We simulated the output of a hybrid camera by downsam-

pling high-resolution videos and keeping high-resolution 411 Qualitative and quantitative analysis

frames from the original video at integer intervals. Figare

shows the result from three d|fferent synthenc datasets. |, this subsection we provide some qualitative and quanti-

Please see the supplementary video for video results. tative analysis of our method for spatial resolution enleanc
ment.

We also created a few more datasets by simultaneously cap-

turing a scene using a camcorder and a digital SLR place

in close proximity. The camcorder captured the scene at

0.3 megapixel resolution at 30 fps, while the SLR captured

s discussed in Sectiof.1 there are a number of tech-
niques for computing the motion correspondences between
the boundary and intermediate frames. In Figlvee com-

the scene at six megapixel resolution at three fps. For tem-P2"€ these techniques using a challenging scenario that in-
. cludes water spray and fast motion. We improve the spa-

poral alignment of data streams, we computed SIFT fea- ; . . o )
. tial resolution by 12 times and show a qualitative compari-
tures for photographs and frames and formulated a simple

dynamic programming problem to match the photographsson between ourtyvo—step optical ow approach (Figdi)
d . . 2 = T and three alternatives (Figu#é\-C). We also compare our
with the frames using the SIFT features, while maintain-

ing their temporal ordering. We compensate for differ- rendenng techmque (FigureE) to a naive mprphmg based
. " : -~ composite (FiguredD). Our approach, while not perfect,
ences in camera positions and elds of view by computing

a homography between a photograph and a correspondin has fewer artifacts than any of the alternatives. The attfa

. . . %re seen in regions of the video where optical ow fails.
video frame. We apply this homography to all frames in or- These regions usually contain large motions or occlusions
der to spatially align them with the photographs. We also 9 y 9 '

match the color statistics of the two streams in LAB color In these regions our algorithm ends up copying information

space P0]. Figure3 shows the result on these datasets. We fr.o'm the low-resolution frame dunng thg g'raph cut compo
: . : ; sition and later any residual error is distributed across th

provide the corresponding video results in supplementary . . d o _

) . : video using spacetime fusion in order to further hide the ar-
material. We hope our framework will help create videos .

. . : . tifacts.

at much higher resolution and let users either view them on
high-resolution displays or zoom into different regions of Figure5 provides a quantitative analysis of our spatially



low-resolution frame result frame

A B [} D E

Figure 4. The gure provides qualitative comparisons of our sys-
tem to alternate approaches. (A) Computing ow directly be-
tween high-resolution boundary stills and low-resolution interme-
diate frames produces ghosting and blurring artifacts due to the
resolution difference and long range motion. (B) Computing ow
between low-resolution version of the boundary stills and low-
resolution intermediate frames results in similar artifacts due to
long range motion. (C) Summed up pairwise optical ow to esti-
mate the motion between distant frames performs better but still
suffers from motion trails. (D) and (E) use our two-step opti-

cal ow approach but use different rendering styles. (D) Taking

Ourresult Watanabe et alsresult

Figure 6. Comparison with DCT based frequency fusion method of
Watanabe et #2006] One can clearly see the ringing and blocking
artifacts in regions where motion correspondences are incorrect.
Zoom in to see the differences more clearly.

enhanced results by measuring the overall peak signal-to-
noise ratio (PSNR) of the result video with respect to the
original high-resolution video. PSNR is widely used as a
compression quality metric for images and videos. In this
analysis we use the dolphin sequence shown in Figure
We explore PSNR variation with respect to the downsam-
pling factor (Figure5A) and the sampling interval of the
high-resolution stills (Figur&B) used to simulate the hy-
brid camera data. FiguréA shows that as the resolution

a weighted average of the warped boundary-frames results in tearof the input video decreases the PSNR also decreases. This

ing artifacts. (E) Our rendering approach produces a video that
is visually consistent and has relatively few artifacts. We suggest

correlation is not surprising as the resolution of the input
video will invariably affect the quality of the motion corre

zooming in to see improvement at the actual scale of the images-spondences. FiguiEB shows that as the sampling interval

Note that (A)-(C) and (E) use our graph-cut spacetime fusion ren-
dering; And (D)-(E) use our two-step optical ow process.
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Figure 5. (A) Variation of PSNR with respect to the spatial
downsampling factor of the low-resolution frames (B) Variation
of PSNR with respect to the sampling rate of high-resolution
keyframes

of the high-resolution stills increases, i.e., there amefe
high resolution stills, the PSNR also decreases. These g-
ures also compare the performance of our method to two ad-
ditional methods: (1) The morphing approach uses our mo-
tion correspondence method and then computes a weighted
average of the boundary frames instead of the IBR algo-
rithm; (2) We also compare to the intermediate result of our
method before the spacetime fusion step is applied. The
gures show that our method signi cantly outperforms the
other methods.

We now compare our system to Watanabe et al's systéin [

for increasing the spatial resolution of a low-resolution
stream using periodic high-resolution frames through fre-
guency spectrum fusion. We implemented their approach
and show the comparison in Figus@nd in the supplemen-
tary video. Their method processes each intermediate frame
separately and does not ensure temporal coherence. In com-
parison, the spacetime fusion step in our framework brings
in coherence and mitigates artifacts due to bad motion cor-
respondence. Our graph-cut based image compositing uses
the ow con dence for assigning appropriate labels to pix-
els. Watanabe's frequency spectrum fusion technique fuses
the high frequency content everywhere leading to artifacts
where motion correspondences are bad. Further, their use
of block DCTs introduces ringing and blocking artifacts.



study. In the study, 17 users were shown 22 videos and, for
each video, were asked to indicate with a keystroke when
they would like to take a snapshot of the action. After-
ward, they were given the opportunity to replay each video
with a time slider to indicate which frame they had in-

A B tended to capture. On average, users had intended to select
a frame different from their snapshots 85.7% of the time.
Further, informal comments from these users revealed that
they would very much like to have a time-shifting feature to
capture the moment of their choice.

c D 4.3. Temporal resolution enhancement

Figure 7. Images (A) and (B) show high-resolution frames cap- As mentioned in SectioB.2, by assuming linear motion
tured by the hybrid camera. Image (C) shows an intermediate patyeen consecutive video frames, our system can insert an
low-resolution video framle. Note that the eyes of the baby are arbitrary number of intermediate frames to enhance the tem-
closed in (A) and the dog's snout is far away in (B). A more pho- oral resolution of a video. Most previous methods for tem-

tographic moment occurs in (C), where the eyes are open and th I uti h 61 take thi h
snout is close to the face. Our system generates a high spatial reoral resolu |qn en .anceme g .a e this same approach.
Our method differs in the rendering phase.

olution frame for (C) as shown in (D) by owing and compositing

high-resolution information from (A) and (B). Existing techniques use weighted averaging of warped

frames to hide artifacts resulting from bad correspondence
4.2. Time shift imaging In comparison, our rendering method (i.e., graph-cut com-

positing plus spacetime fusion) focuses on preserving the
Although advances in digital cameras have made it easier tooverall shape of objects and hence leads to stroboscopic
capture aesthetic images, photographers still need to knownotion in regions where the motion correspondences are
when to press the button. Capturing the right instant isfte extremely bad. Therefore, the artifacts of our technique
elusive, especially when the subject is an exuberant child, are different from those of previous techniques in regions
fast-action sporting event, or an unpredictable animalitSh  where ow fails. Our technique may be preferred for en-
ter delay in cameras only exacerbates the problem. As ahancing videos that involve objects like human faces where
result, users will often capture many photographs or usedistortion and tearing artifacts would be jarring. On the
the motor drive setting of their cameras when capturing dy- other hand, the distortion and tearing artifacts common in
namic events. previous methods look like motion blur for certain objects,

. . ) which in turn makes their results look temporally smoother
Given the input from a hybrid camera, our system can {q regions with bad ow. Like most previous methods, our

greatly alleviate this timing problem. We assume the hybrid o404 does not remove motion blur present in the input
camera is continuously capturing a low-resolution video video for fast moving objects, which can seem perceptually

and periodically capturing high-resolution Sti”S', Wh(_ae th  5dd when these fast moving objects are seen in slow motion.
user “takes a picture,” the camera stores the video interval

between the last and next periodic high-resolution stild a  We can also combine the spatial and temporal steps of our
also three high-resolution stills (two periodic capturad a  approach to produce spatiotemporally enhanced videos. We
the one clicked by the user). Using our spatial enhance-show several examples of temporal and spatiotemporal res-
ment approach, we can propagate the high-resolution in-olution enhancement in the supplementary video. The abil-
formation from the high-resolution still to the surrounglin ity to insert intermediate frames also allows the users to
low-resolution frames, thus producing a very short high- speed-up or slow-down different parts of a video using a
resolution video around the high-resolution still captlre simple curve-based interface; a demo of which is shown in
by the user. This high-resolution image collection enables the supplementary video.

users to choose a different high-resolution frame than the
one originally captured. We hope that the ability to shift a
still backward or forward in time will make it easier to cap-
ture that “blowing out the candles” moment, or that “perfect
jumpshot.” Figurer shows a result for this application.

4.4, Computational cost

We compute pairwise optical ow for a 640x480 frame in
3 minutes with a 3.4 GHz processor and 4GB RAM. Doing
To assess the utility of time-shifting, we performed a user forward and backward computation in each of the two steps



means 4 optical ow computations per frame. In practice, References

we compute optical ows in parallel on multiple machines.
The graph-cut compositing for each frame takes around 30 [
seconds. The spacetime fusion is performed on the whole
video using a simple conjugate gradient solver and the av- ,
erage time per frame is also around 30 seconds. We expect
that this performance could be dramatically improved with

multi-grid solvers and GPU acceleration [L.3, 28]. -

5. Conclusion

We have demonstrated the power of combining an optical [6]
ow algorithm with an image-based-rendering algorithm to
achieve numerous enhancements to the spatial and tempo-m
ral resolution of consumer level imagery. We hope that our
work will encourage camera manufacturers to provide more g
choices of hybrid cameras that capture videos and stills si-
multaneously. The combination of good hybrid cameras
and software solutions like ours can further bridge the-qual
ity gap between amateur and professional imagery.

[9]
[10]

Currently the capabilities of our framework depend on the
quality of motion correspondences produced by the opti- [11]
cal ow algorithm. Unlike previous work, our method fails
gracefully in regions where ow fails, by defaulting to the
low-resolution video in those regions. One improvement
would be to Il in detail with an learning-based super-
resolution approachl[] by using the intermittent high-
resolution stills as training data. Improving the ow algo-
rithm would also help, of course; as motion correspondence
algorithms improve, we will be able to apply our framework
to a broader set of scenarios, such as videos with larger and™
faster motion. We also envision using our framework to in-
crease the temporal resolution of high-resolution stiéig-c
tured in motor-drive on an SLR. Additionally, the capabil-
ity to generate high spacetime resolution videos from fdybri
input could possibly be used as a form of video compression[”]
(i.e., storing just the hybrid video and doing decomprassio

by synthesis only when needed).

[12]
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