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Motivation

People oke that a video tape is a Write- nly Memory W M . Indeed, in many
homes, hours of TV programs and family memories get videotaped and pile up, yet very
little is ever viewed again. ne of the reasons is that, with only fast-forward viewing
as a browsing tool, it is so painfully ine cient and time-consuming to review previously
recorded material or search for specific footage that it is not worth the bother. Similarly,
thousands of hours of video data are becoming available online, but there is no way
to quickly preview this material before committing to a complete and often lengthy
download.

However, the e ample of te t search on the Web demonstrates that even imperfect
search tools can be very useful and successful. These tools attempt to rank the relevance
of the search results, so that the user can focus his attention initially on material that
has a higher probability of being relevant to his query.

This paper describes our approach to applying this insight to video data. We pro-
pose to summarize videos by a method that ranks frames by relevance. The proposed
mechanism will let the user say I only have the patience to download and go over the

most useful frames of this video before I decide to download the whole video .

We would like to select frames with the highest usefulness. At first, it seems that this
is hopeless, unless we can understand the semantic contents of frames and videos. or
e ample, there might be a shot that scans over books on a shelf and stops at the title of
a book that is important for understanding the story.

However, in many cases there are syntactic clues, provided by techniques that the
cameraman may use to convey the importance of the shot to the story. In many cases
the camera motion corresponds to the motion of the eyes of a surprised viewer. The
surprised viewer s gaze is attracted to a strange part of the scene, the gaze scans the
scene to zero in on it, zooms in on it, and dwells on it for a while, until the new
information has sunk in . These changes in the image stream can be detected without
understanding the content of the stream.

In this connection, is an important concept. rames that are predictable
are not as useful as frames that are unpredictable. We can rank predictable frames lower,
since the viewer can infer them from conte t. rames of a new shot cannot generally be
predicted from a previous shot, so they are important. Cuts and transitions in image
streams have similarities to image edges.  n the other hand, camera translations and
pans that do not reveal new ob ects produce frames that are predictable.

We would like to detect when the camera stops the viewer s gaze stopping on a
surprising ob ect . ote that what is unpredictable in this case is the camera motion,
not the image content. As the camera slows down, the image content stops changing, so
is quite predictable. Therefore, we can consider frames in which the motion field changes
as more relevant than frames in which it does not.

We turn to a signal-theoretic view of video summarization. We can assume that the
original image stream signal has tens of thousands of dimensions color components of
each pi el . We apply two filtering operations. The first operation can take the form of a
dimension reduction that finds a feature vector for each frame and transforms the image
stream into a feature vector tra ectory, a signal that has many fewer dimensions than the
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original signal e.g., 37 in one of the methods described below . Alternatively, we can
represent each frame by a statistical model that captures average characteristics of colors,
and possibly te ture and motion, as well as contiguity properties. In this method too,
we can view the original image stream as being filtered into a new signal in some non-
Euclidean space, where we define the distance between frames as the distance between
their statistical models. Both of these methods are described in the ne t section.

As a result of the first filtering step, we would like the output signal to be a straight
line, or to remain in appro imately the same position in the space, when nothing of
interest happens, and to have a detectable curvature, a step or a roof, when a noteworthy
event takes place.

oise in this conte t is not the same as pi el noise. The image stream generated by
a fi ed camera looking from a window at a crowd milling around in the street may be
considered to have a stationary component and a visual noise component, due to the
changing colors of people s clothes. The passing of a fire truck would be an e ample of
a signal over this uctuating but monotonous background.

We apply a second filtering step, with the goal of detecting regions of high curvature
along the tra ectory, and we rank the filtering results. Since we e pect the video signal
to be noisy in the sense described above, we need the second filtering step to enhance the
linear parts as well as the parts with significant curvature. In the non-Euclidean feature
space of statistical frame models, pro ections cannot be computed thus this filtering
step should use only distance measures between models. It should allow for hierarchical
output, so that the user can specify the level of detail or scale at which he wants to
view the frames that show noteworthy events.

We can attempt to optimize both the first filtering step mapping to the feature vector
tra ectory and the second filtering step edge-roof detection .

Mapping an mage Stream into a ra ectory

We begin with our proposal for the first filtering step, motivated in the previous section.
We present two mappings of an image stream into a tra ectory such that the tra ectory
is highly bent when events of interest occur in the stream. We assign a point on the
tra ectory to each frame in the stream.

or the first mapping, we define four histogram buckets of equal size for each of
the three color attributes in the UV color space of MPEG encoding. Each bucket
contributes three feature vector components the pi el count, and the and coordinates
of the centroid of the pi els in the bucket. This yields 36 components, and we add the
frame number time to obtain 37 components. Thus, the tra ectory in this case is a
polygonal arc in IR® . We are investigating an alternate scheme in which the number
and sizes of the buckets are selected according to the color distribution over the video
sequence.

When the camera translates or pans smoothly without seeing new things, the centroid
components change linearly and the feature vector tra ectory is linear. If the camera
suddenly decelerates or accelerates , the tra ectory has a high curvature, because the
centroids decelerate.



As an alternative mapping, we generate a statistical model for each frame using a
hidden Markov model HMM technique. We obtain sequences of pi els by taking random
walks across each frame, moving either to the north, east, south or west neighbor with
equal probability. When we hit the border of the image, we ump randomly to another
pi el of the image, and start another sequence. We model our observations by counting
the number of times we step to a pi el of a certain color, given that we come from a
neighbor of the same color or of a different color colors are the same if they are quantized
to the same value the quantization method is described below . umbers representing
the counts of transitions from one color to another color can be stored in a 2D table.

ote that this table is a cooccurrence matri 6 for the quantized colors, e cept for the
fact that some pi els my be visited twice and other pi els may be missed.

To make this information independent of the number of steps taken, we can normalize
each row so that the row numbers sum to 1. or large numbers of observations, this table
is a color transition probability matri , as it describes the probability of arriving at a
certain color at the ne t step, given that we are at a certain color at the present step. In
addition, we keep track of the values of the pi els at the first step of each new walk to
compute a histogram of the colors of the image.

To avoid e cessive model size, the colors must be quantized. Using HMM terminology,
this operation can be called a of the pi els, since we are saying that
when a color is in a certain interval, the pi el belongs to a given bin, or state. After
quantization, we can describe the image by a histogram of the states and a state transition
matri . To compensate for the reduced descriptive power of a statistical model using
fewer states, the HMM describes the distribution of each color within each bin state. In
our e periments, we modeled the color distribution within each state by three Gaussians,
i.e. a total of si numbers. HMM techniques described in the ne t paragraph allow
us to compute a quantization of the color space such that in each bin state, the color
distributions are well represented by Gaussians. The labeling of pi els into states is
hidden, in the sense that only actual pi el values are observed, not their quantized
values, and a computation assigns the best states as follows.

A state assignment is obtained in two steps in an iteration loop. In the first step, we
compute the sequences of states that have the highest probabilities, given the observa-
tion sequences along the random walks. We obtain these ma imum probabilities and the
corresponding state sequences by a dynamic programming technique called the Viterbi
algorithm 12, using the state transition matri and the probability distribution of obser-
vations within each state obtained at a previous iteration . In the second step, now that
each pi el has been labeled with a specific state, we can recompute the most likely state
transition matri by tallying the transitions from state to state along the random walks.
Also, we can recompute the most likely Gaussian probability distributions of observations
within each state by finding the means and variances of the colors of the pi els labeled
with that state. These two steps are repeated alternatingly until there is no significant
improvement. This is the so-called segmental -means approach to computing a Hidden
Markov model from sequences of observations 12 . The slower-converging Baum-Welch
algorithm can be used instead with similar results. The resulting statistical description
of the image consists of a state transition matri , which is essentially a cooccurrence
matri for quantized colors, together with a description of the color distributions within
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each bin, and the probability distribution of the states of the starting pi els of each
random walk, which is a histogram of the quantized colors of the image.
nce we have obtained HMM models for the video frames, we are able to compute
distances between frames. The idea behind a distance calculation between two images
using HMMs is to find how well the HMM of one image can model the other and vice
versa , in comparison with how well each HMM can model the image on which it was
trained. To measure the modeling ability of an HMM for any image, we can obtain an
observation sequence from that image by a random walk, and compute the probability
that this sequence could be produced by the HMM. When images are visually similar,
this probability is high.
In other words, a distance measure between two images ; and 5 with HMM models
1 and 5 is constructed by combining the probability that the observation sequences
2 obtained by random walks through image 5 could be produced by the probabilistic
model ; of image 1, and a similar probability where the roles of 5 and ; are reversed.
This quantity is normalized by the number of observations, and compared to how well
the HMMs can model the images on which they were trained

1 1 1 1
1 2 — log 2 1 — log 1 2 — log 11 — log 2 2
2 1 1 2
1
uantities of the form log are computed by applying the classic orward Al-
gorithm 12 to the observation sequences  using the transition matri and probability
distributions prescribed by the HMM model
This distance function defines a , because it satisfies
positivity 0 and 0if is distinct from
symmetry ,

but not the triangle inequality, i.e., there can e ist s such that

or this mapping, the tra ectory describing a sequence of video frames is also a polyg-
onal arc in the sense that it is a finite, linearly ordered sequence of points but it is not
contained in Euclidean space it is contained in a non-linear semi-metric space. This
means that the points on the tra ectory cannot be assigned coordinates, and we can only
measure a semi-distance between any two points.
Distances based on image statistics histogram, co-occurrence, HMM are quite in-
sensitive to image translation, and therefore produce points that are in appro imately
the same positions in space when the camera motion is a pan or a translation.



ra ectory iltering by Polygon Simplification

ur first filtering operation, described in the previous section, maps a video sequence
into a tra ectory that is a polygonal arc, i.e., a polyline. The polyline may be noisy, in
the sense that it is not linear but only nearly linear for video stream segments where
nothing of interest happens i.e., where the segments are predictable . urthermore, the
parts of high curvature are di cult to detect locally. Therefore, it is necessary to apply
a second filtering operation, which we describe in this section.

The goal is to simplify the polyline so that its sections become linear when the cor-
responding video stream segments are predictable, which also means that the vertices of
the simplified polyline are key frames of the non-predictable video stream segments. We
achieve this by repeated removal of the vertices that represent the most predictable video
frames. In terms of the geometry of the polyline tra ectory, these vertices are the most
linear ones. While it is clear what linear means in a linear space, we need to define
this concept for semi-metric non-linear spaces.

A polyline is an ordered sequence of points.  bserve that even if the polyline is
contained in Euclidean space, it is not possible to use standard appro imation techniques
like least-square fitting for its simplification, since the simplified polyline would then
contain vertices that do not belong to the input polyline. or such vertices, there would
not e ist corresponding video frames. Thus, a necessary condition for a simplification of a
video polyline is that the sequence of vertices of the simplified polyline be a subsequence
of the original one.

ur approach to simplification of video polylines is based on a novel process of discrete
curve evolution presented in 9 and applied in the conte t of shape similarity of planar
ob ects in 11 . However, here we will use a different measure of the relevance of vertices,
described below.

Aside from its simplicity, the process of discrete curve evolution differs from the
standard methods of polygonal appro imation, like least square fitting, by the fact that
it can be used in non-linear spaces. The only requirement for discrete curve evolution
is that every pair of points is assigned a real-valued distance measure that does not
even need to satisfy the triangle inequality. Clearly, this requirement is satisfied by our
distance measure, which is a dissimilarity measure between images.

ow we brie y describe the process of discrete curve evolution for more details see
10 . The basic idea of the proposed evolution of polygons is very simple

At each evolution step, the verte with smallest relevance is detected and deleted.

The key property of this evolution process is the order of the deletion, which is given by
a relevance measure  that is computed for every verte  and depends on and its two
neighbor vertices
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where is the semi-distance function. Intuitively, the relevance re ects the shape
contribution of verte  to the polyline.
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igure 2 Video tra ectory a and curve simplification producing 20 relevant frames
black dots for Mr. Bean s Christmas , using b the feature vector method, and ¢

the HMM method.

ig. 1 illustrates the curve simplification produced by the proposed filtering technique
for a planar figure. otice that the most relevant vertices of the curve and the general
shape of the figure are preserved even after most of the vertices have been removed.
We will demonstrate with the e perimental results in the ne t section that the discrete
curve evolution based on this relevance measure is very suitable for filtering polylines
representing videos.

perimental Results

We illustrate our techniques using an 0-second clip from a video entitled Mr. Bean s
Christmas . The clip contains 2379 frames. irst, we applied the feature vector approach
described above, in which a 37-dimensional feature vector derived from centroids and
pi el counts in histogram bins is computed for each frame. A perspective view of the
3D pro ection of the video tra ectory is shown in ig. 2a. The two large black dots are
the points corresponding to the first and last frames of the video. Curve simplification
using the method described in Section 3 was then applied to this tra ectory. ig. 2b
shows a simplification result in which only 20 points have been preserved. A method for
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automatic selection of the smallest point count that can still provide an appropriate level
of summarization is presented at the end of the ne t section.

inally, HMM models were computed for every five frames, and curve simplification
was performed using the probabilistic distance measure described in Section 2.  or
comparison with the feature vector method, we chose to also preserve 20 key frames with
the HMM curve simplification. Since this method does not provide frame coordinates,
we plotted the 20 points that correspond to these 20 frames along the tra ectory found
by the feature vector approach, in order to give an idea of the locations of the 20 frames
in the video ig. 2c . Clearly, the HMM method located its key frames on segments of
sudden change of that tra ectory, i.e. in regions of significant change in the video clip.

e t we discuss the quality of the summaries produced by curve simplification using
the feature vector and HMM methods. nowing the content of each shot of the clip is
helpful for this comparative evaluation.

1. rames 1 to 996 Mr. Bean carries a raw turkey from a kitchen counter to a table.
He cuts a string that tied the legs, brings a bowl of stu ng closer and starts pushing
stu ng inside the turkey.

2. rames 997 to 1165 He notices that his watch is missing.

3. rames 1166 to 1290 He looks inside the turkey, then pulls stu ng out of the
turkey to retrieve his watch.

4. rames 1291 to 1356 He keeps removing stu ng.

5. rames 1357 to 200  He tries to look inside, then uses a ashlight to try to locate
his watch inside the turkey. inally, he bends toward the turkey to e plore more
deeply by putting his head inside the turkey.

6. rames 2009 to 2079 The lady friend whom he invited for Christmas dinner rings
his doorbell.

7. rames 20 0 to 21 2 Hearing the bell, Mr. Beans stands up with his head stuck
inside the turkey. He vainly attempts to remove the turkey.

rames 21 3 to 2363 He walks blindly toward the door with the turkey over his
head, bumping into things.

9. rames 2364 to 2379 His lady friend waits outside for the door to open...

ig. 3 shows two storyboards obtained by curve simplification. Storyboard a results
from the curve simplification obtained by the feature vector method. The frames corre-
spond to the vertices of the simplified polyline in ig. 2b. Storyboard b results from
the HMM method. The frames correspond to the vertices of the simplified polyline in
ig. 2c.

Both storyboards seem to be reasonable summarizations of the short video clip. The
feature vector method misses Shot 9 the last shot , and oversamples Shot 2 where he
notices that his watch i1s missing with frames. The cause of this oversampling was
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traced to the histogram quantization of the feature vector method Section 2 . Pi els of
colors located half-way between the representative colors of histogram bins could switch
their assignments from one bin to the ne t with a small variation of color between suc-
cessive frames. In rare instances, a relatively large number of pi els may ip back and
forth between two neighboring bins, causing large umps in the feature vector components
which result in large meaningless peaks in the polygonal line representing the video. The
HMM method is not affected by such quantization artifacts it represents each shot with
at least one frame, and selects frames that tell more of the story, such as the string cut-
ting of frame 3 1 and the ashlight episode of frame 1771. A more thorough evaluation
could be obtained by comparison with ground-truth provided by humans who view the
clips and select small numbers of frames as most descriptive of the stories.

A Video Player wit Smart ast orwarding

An interesting application of video summarization is to the design of a smart VCR fast-
forwarding that samples only the most relevant frames. We have developed a Java video
player that plays video clips in MPEG format, and can play the whole video at the normal
rate, or show only the frames of highest relevance ig. 4a . A vertical
on the right-hand side of the window lets the user define the number of frames that he
has the patience to watch. or e ample, the Mr. Bean s Christmas video clip contains
2379 frames, so that playing it takes around 0 seconds. The user may choose to watch
only the 20 most relevant frames and moves the slider up until the bo at the left of the
sliding elevator indicates 20. Then the player skips all but the 20 most relevant frames.
The buttons at the bottom of the player window define VCR-type functions Play, Pause,
ast- orward, ast-Backward, frame-by-frame forward stepping, and backward stepping.
In all these modes, only the relevant frames, as defined by the relevance slider, are played.

A horizontal located under the image display panel shows the positions
of the relevant frames within the video. It is a black stripe that shows a white vertical
tick mark for each displayed frame. A triangular slides below the sampling
stripe as the video clip is being played, and indicates which frame is being displayed.

avigation through the video can also be performed by dragging this triangular frame
marker. This mode of navigation is called scrubbing by video editing practitioners. It
is set to let the user visit all the frames, not ust the relevant frames.

Video clips are selected from a pop-up menu. The user can also select different types
of relevance measures from a second pop-up menu. The relevances presently available
in the video player have been precomputed from Euclidean distances between feature
vectors from histogram bins and from HMM distances, both described above, as well as
from Euclidean distances between motion feature vectors, described in 16 . We plan to
add other filtering choices, such as relevances based on the presence of faces, music and
talk content in the sound track.

When a new video is selected for viewing, the vertical relevance slider is initially
positioned at a default position which shows only a small number of relevant frames. This
number is precomputed for each available type of relevance measure using a histogram
slope technique. Cumulative histograms that represent, for any given relevance, the
number of frames that have larger relevance, are found to have similar shapes ig.4 b



most of the frames have small relevances these frames have small variations with respect
to their neighbors. Very few frames have large relevances. The two regions are separated
by a sudden slope change. We wish to ignore the many frames with small relevances
and show the few frames with large relevances therefore we select the cutoff relevance
at the slope break between the two regions, around slope 1. or the histogram of Mr.
Bean s video, this corresponds to around 27 frames. After e ploring the video at several
relevance slider positions, the user can return the slider to its default position by clicking
the button labeled Reset Sampling .
This prototype uses MPEG-decoding Java source code written by J. Anders 1.

Related ork and Discussion

Huang et al. showed that using more descriptive statistical models of images such
as correlograms significantly improves retrieval performance of images, in comparison to
simple statistical descriptions such as histograms. However, they do not have a method
for selecting the right balance between the size of the correlogram and the discriminative
power of the model. Second, they apply Euclidean distances to their statistical models.
Consequently, they have to give different weights to the Euclidean coordinates depending
on the situation. In our view, the use of hidden Markov models of images elegantly
addresses these issues, by 1 supplementing coarse color quantization with a description
of color distributions within each bin, while automatically ad usting each bin size to make
this description optimal, and 2 addressing the distance issue by allowing an intuitive
probabilistic definition of image distance.

In 3, we described how the Ramer-Douglas-Peucker method of polygon simplifi-
cation 13 could provide effective summarizations of videos. This method is a binary
curve splitting approach that at each step splits the arc at the point furthest from the
chord, and stops when the arc is close to the chord. However, for  video frames it has
time comple ity 2, which is prohibitive for large videos and comple distance measures.
Variants that reduce the comple ity to  log  cannot be applied to multidimensional
video tra ectories, as they make use of planar conve hulls 7. In addition, the com-
putation of the distance between an arc and its chord requires the use of Euclidean
distances. The curve simplification technique we have proposed can be shown to be of
order log and can accommodate non-Fuclidean distances. These two features make
the use of probabilistic image distances practical for video summarization.

The reader interested in video browsing research can refer to 14, 15, 17 and to the
recent work of oote 5.

onclusions and uture ork

In this work, we have proposed and implemented a system for automatically providing
summaries of videos whose size can be controlled by the user. The method applies a
novel fine-to-coarse polyline simplification technique that computes for each verte a
relevance measure based on its two neighbors and at each step removes the least relevant
verte and updates the relevances of the affected neighbors. The proposed relevance



measure is valid for non-metric spaces. This allows us to compute relevances using
a probabilistic distance measure between hidden Markov models of the video frames.
We produce reasonable summaries by showing the most relevant frames in temporal
order. We have implemented a video player that incorporates this technology to let
the user perform a smart fast-forwarding that skips the more predictable frames. A
vertical slider lets the user define the number of relevant frames he has the patience
to watch. We are currently investigating improved random sampling of images for the
HMM calculation using quasi-random walks 2, as well as summarization results for a
2D HMM technique 4. We are also improving our video player to let the user select a
region of a frame and retrieve the frames that have the shortest HMM distances to that
region.
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igure 3 Storyboards obtained by curve simplification of the video tra ectory obtained
by the feature vector method a and by the HMM method b
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igure 4 a Video player with vertical slider for control of summarization level. b
Cumulative histogram giving proportion of frames with relevances larger than a given
number, used to determine default summarization level.
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