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Abstract

The world is covered with millions of webcams. Some
are private, but many transmit everything in their field
of view over the internet 24 hours a day. A web search
finds public webcams in airports, intersections, classrooms,
parks, shops, ski resorts, and more.

These public webcams are an endless resource, and some
sites are already mapping them by location or by function-
ality. But when a webcam is selected - most of the video
broadcast will be of no interest due to lack of activity.

We propose to generate a short video that will be a syn-
opsis of an infinite video stream, such as generated by a
webcam. We would like to address queries like “I would
like to watch in one minute the highlights of this camera
broadcast during the past day”. The two major phases are:
(i) An online conversion of the video stream into a search-
able structure based on objects and activities (rather than
frames). (ii) A response phase, generating the video synop-
sis as a response to the user’s query. To include maximum
information in a short synopsis we simultaneously show ac-
tivities that may have happened at different times. The syn-
opsis video can also be used as an index into the original
video stream, restoring the chronological order.

1. Introduction

Millions of webcams are covering the world, capturing
their field of view 24 hours a day. It is reported that in the
UK alone there are 4.2 million security cameras covering
city streets. Many webcams even transmit their video pub-
licly over the internet for everyone to watch. Public web-
cams are available in universities, museums, zoos, ski re-
sorts, traffic webcams, etc. Many security cameras are also
online in stores, airports, and other public areas. Webcams
are even transmitting video streams from private homes and
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offices. Several web sites try to index webcams by loca-
tion or by functionality, and there is still much to be done in
order to better organize this endless resource.

One of the problems in utilizing webcams is that they
provide raw, unedited, data. A two hours movie, for exam-
ple, is usually created from hundreds or even thousands of
hours of raw video footage. Without editing, most of the
webcam data is irrelevant. For example, a webcam trans-
mitting from one of Nasa’s control rooms shows no activity
most of the time, but is very interesting at times of space
missions. Also, a viewer in one continent is likely to reach
a webcam in another continent during hours of non-activity
because of time differences.

Our work tries to make the webcam resource more useful
by giving the viewer the ability to view summaries of the in-
finite video, in addition to the live video stream provided by
the camera. To enable this, a server can view the live video
feed, analyze the video for interesting events, and record
an object-based description of the video. This description
lists for each webcam the interesting objects, their duration,
location, and their appearance. In a 3D space-time descrip-
tion of the video, each object is a “tube” in this space-time
volume. In this work we assume that moving objects are
interesting, as well as phase transitions when a moving ob-
ject turn into background and vice versa. Other criteria, e.g.
involving object recognition, can always be used to define
objects of interest.

A query that could be answered by the system can be
similar to “I would like to watch in one minute a synop-
sis of the video from this webcam broadcast during the last
hour”, or “I would like to watch in five minutes a synopsis
of last week”, etc. Responding to such a query, the most
interesting events (“tubes”) are collected from the desired
period, and are assembled into a synopsis video of the de-
sired length. To include as many activities as possible in
the short video synopsis, objects may be displayed concur-
rently, even if they originally occurred at different times.
A pointer to the original time is available for each object,
and a video with the original chronological timing can be



generated from the stored objects.
While webcam video is endless, and the number of ob-

jects is not bound, storage available for each webcam may
be limited. We address the issue of keeping a finite queue of
objects, and propose a procedure for removing objects from
this queue when space is needed for new objects.

1.1. Related Work

A video clip describes visual activities along time, and
compressing the time axis allows viewing such a clip in
a shorter time. Fast-forward, where several frames are
skipped between selected frames, is the most common tool
used for video summary. A special case of fast-forward is
called “time lapse”, which generates a video of very slow
processes like growth of flowers, etc. Since fast-forward
may lose fast activities during the dropped frames, methods
for adaptive fast forward have been developed [12, 18, 4].
Such methods attempt to skip frames in periods of low in-
terest or lower activity, and keep frames in periods of higher
interest or higher activity. A similar approach extracts from
the video a collection of short video sequences best repre-
senting its contents [21].

Many approaches to video summary eliminate com-
pletely the time axis, and show a synopsis of the video by
selecting a few key frames [8, 24]. These key frames can
be selected arbitrarily, or selected according to some im-
portance criteria. But key frame representation loses the
dynamic aspect of video. Comprehensive surveys on video
abstraction appear in [11, 13].

In both approaches above entire frames are used as
the fundamental building blocks, and each frame is either
shown completely or not shown at all. A different method-
ology uses mosaic images together with some meta-data for
video indexing [6, 19, 16]. In this case the static synopsis
image includes objects from different times.

Object-based approaches to video synopsis were pre-
sented in [20, 7], where moving objects were represented in
space-time domain. Both papers introduced a new concept:
creating a synopsis that combines objects that may have ap-
peared at different times (See Fig 1). Our approach is most
similar to the approach in [20], with the major difference
that we address an infinite video stream rather than a short
video clip. This and other differences will be described in
the next section.

1.2. Unique Challenges in Webcam Synopsis

The observation that more activities can be shown in a
shorter video, if the chronological order is not enforced, was
first made in [20, 7]. They took a short video clip and made
it shorter. While we also relax the chronological order as
was done in these papers, addressing an infinite video in-
volves many additional challenges:

Figure 1. The input video stream has a baby and a child at two
different times. A video synopsis can show the two objects simul-
taneously in a shorter video. We refer to the space-time location
of an object as atube.

• Since no storage is infinite, there is a need to “forget”
events when an infinite video is summarized.

• The appearance of the background varies substantially
in a long video, e.g. day to night. These changes
should be addressed when creating the background of
the synopsis, and when inserting objects into the back-
ground.

• Because activities from different times can appear si-
multaneously, and on a background from even another
time, special care should be made when stitching all
these to give the output video.

• The selection of the tubes to be shown and their place-
ment in the synopsis video must be take into account
many variables and more objects.

• Fast response to user queries in spite of the huge
amount of data.

Since this work presents a video-to-video transforma-
tion, the reader is encouraged to view the video examples
in www.vision.huji.ac.il/webcam/ .

2. Computing Activity Tubes

In order to generate a useful synopsis, we need to iden-
tify the space-time location of interesting objects and activ-
ities (tubes). In most cases, the indication of interest is sim-
ple: a moving object is interesting. While we use object mo-
tion as an indication of interest, exceptions must be noted.
Some motions may have little importance, like leaves on a
tree or clouds in the sky. People or other large animals in
the scene may be important even when they are not moving.
While we do not address these exceptions, it is easy to in-
corporate object recognition (e.g. people detection [14, 17])
and dynamic textures [5].
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Figure 2. Four background images from a webcam at Stuttgart air-
port. The bottom images are at night, while the top images are
at daylight. Notice that parked cars and parked airplanes become
part of the background. This figure is best viewed in color.

Space-time tubes representing dynamic objects are com-
puted using background subtraction followed by object seg-
mentation (we used min-cut). The resulting tubes are con-
nected components in the space-time volume, and their gen-
eration is describes in the following subsections.

2.1. Background Construction

The appearance of the background changes in time due
to changes in lighting, changes of background objects, etc.
To compute the background image for each time, we use a
temporal median over a few minutes before and after each
frame. We normally use a median over four minutes, but
this can change for each webcam depending on the speed
of objects in it. Other methods for background construction
are possible, even when using a shorter temporal window
[3], but we found the median to be the fastest.

Fig. 2 shows several background images as they change
during different times of the day.

2.2. Moving Objects Extraction using Min-Cut

Let B be the current background image and letI be the
current image to be processed. LetV be the set of all pixels
in I, and letN be the set of all adjacent pixel pairs inI.
A labelling functionf labels each pixelr in the image as
foreground (fr = 1) or background (fr = 0). A desirable
labelingf usually minimizes the Gibbs energy [2]:

E(f) =
∑

r∈V

E1(fr) + λ
∑

(r,s)∈N

E2(fr, fs), (1)

whereE1(fr) is the color term,E2(fr, fs) is the contrast

Figure 3. Four extracted tubes shown “flattened” over the corre-
sponding backgrounds from Fig. 2. The left tubes correspondto
ground vehicles, while the right tubes correspond to airplanes on
the runway at the back. This figure is best viewed in color.

term between adjacent pixelsr ands, andλ is a user defined
weight. Letdr = ‖I(r) − B(r)‖ be the color differences
between the imageI and the current backgroundB. The
foreground energy of a pixelr is set to

E1(0) =







∞ dr > k2

dr − k1 k2 > dr > k1

0 otherwise
, (2)

wherek1 andk2 are thresholds (we usedk1 = 30/255
andk2 = 60/255). The background energy ofr is set to

E1(1) =

{

0 dr > k1

k1 − dr otherwise
. (3)

Unlike other methods, we do not use a lower threshold
since our process is robust to pixels that were wrongly iden-
tified as foreground, but we wish to prevent pixels wrongly
identified as background.

A contrast term that encourages cutting along color gra-
dients is

E2(fr, fs) = exp(−drs/2β) (4)

wheredrs = ||Ir − Is||2 is the color difference between ad-
jacent pixelsr ands, andβ is the average of||Ir−Is||2 over
the image. We actually usedrs as described in [22], which
attenuates gradients that appear also in the background.

After computing in all frames the masks of the moving
objects using min-cut, we apply morphological dilation on
the masks. All the masks in the 3D space time volume
are grouped to connected components, denoted as “activity
tubes”; Examples of extracted tubes are shown in Fig. 3.

Each tubeb is defined by its characteristic function
χb(x, y, t), which is zero at background pixels and equals
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Figure 4. The activity distribution in the airport scene (intensity is
log of activity value). The activity distribution of a single tube is
on the left, and the average over all tubes is on the right. As ex-
pected, highest activity is on the auto lanes and runway. Potential
collision of tubes is higher in regions having a higher activity.

to dr, the intensity difference from the background, at loca-
tions and times when this object exists.

2.3. Foreground-Background Phase Transitions

Tubes that abruptly begin or end in the middle of a frame
represent phase transitions: A moving object that became
stationary and has been merged with the background, or a
stationary object that started moving. Examples are cars
being parked or getting out of parking. In most cases phase
transitions are significant events, and we therefore detect
and mark each phase transition for use in the query stage.

We can find phase transitions by looking for background
changes that correspond to beginning and ending of tubes.
Fig. 9 shows a synopsis where objects with frames transi-
tions have higher preferences.

3. The Object Queue

All detected objects, represented as tubes in the space-
time volume, are stored in a queue awaiting user queries.
As the video generated by the webcam is endless, it is likely
that at some point the allocated space will be exhausted, and
objects will have to be removed from the queue.

When removing objects from the queue, we prefer to re-
move objects that are least likely to be included in a syn-
opsis according to the “Activity Cost” and the “Collision
Cost” as defined in Sec. 4. We therefore remove the object
whose removal results in the lowest energy.

Instead of computing the collision cost between each
pair of objects, we give a simpler penalty for “potential col-
lisions”. We compute an image representing the spatial ac-
tivity distribution in the scene. This image is the sum of
active pixels of all objects in each spatial location, normal-
ized to sum to one. We also compute a similar spatial activ-
ity distribution for each individual object (this time unnor-
malized). The correlation between the two activity distribu-
tion is the potential collision cost for this object. An image
showing the “activity distribution” in a scene is shown in
Fig. 4.

Let us assume that the collision and activity costs of ob-
jects are independent of time. In this case, the probability
of an object to remain in the queue will be reduced expo-
nentially with its age: The older objects will have to sur-
vive more possible deletions. We can also get any desired
temporal distribution of remaining objects. This is done by
comparing the current temporal distribution of objects with
the desired temporal distribution. Only objects from times
where current object distribution is higher than desired will
be candidates for removal.

4. Energy Between Objects

In this section we define the energy of interaction be-
tween tubes. This energy will later be used by the opti-
mization stage, creating a synopsis having maximum activ-
ity while avoiding collisions between objects. The activity
tubes are stored in a queue of tubesB. Each tubeb is de-
fined over a finite time segment in the original video stream
tb = [tsb, t

e
b].

We look for a temporal mappingM , placing objectsb
from the original video into the time segmentt̂b =

[

t̂sb, t̂
e
b

]

in the video synopsis.M(b) = b̂ indicates the mapping
of tubeb into the synopsis, and whenb is not mapped to
the output synopsisM(b) = ∅. We wish to minimize the
following energy function:

E(M) =
∑

b∈B

Ea(b̂)+
∑

b,b′∈B

(αEt(b̂, b̂′)+βEc(b̂, b̂′)), (5)

whereEa is the activity cost,Et is the temporal consis-
tency cost, andEc is the collision cost, all defined below.
Weightsα andβ are set by the user according to their rela-
tive importance for a particular query.

4.1. Activity Cost

The activity cost favours synopsis movies with maxi-
mum activity. A penalty is given to synopsis movies for
objects that are not mapped to a valid time in the synopsis.
When a tube is excluded from the synopsis,M(b) = ∅, then

Ea(b̂) =
∑

x,y,t

χ
b̂
(x, y, t). (6)

For each tubeb, whose mappinĝb = M(b) is partially
included in the final synopsis, we define the activity cost as
the sum of its pixels that were not entered into the synopsis:

Ea(b̂) =
∑

x,y,(t̂b\tout)

χ
b̂
(x, y, t), (7)

Wheretout is the duration of the output synopsis.
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4.2. Collision Cost

For every two tubes and every relative time shift between
them, we define the collision cost as the volume of their
space-time overlap weighted by their activity measures:

Ec(b̂, b̂′) =
∑

x,y,t∈t̂b∩ ˆt
b′

χ
b̂
(x, y, t)χ

b̂′
(x, y, t) (8)

Wheret̂b ∩ t̂b′ is the time intersection ofb andb′ in the
synopsis video.

As noted before, all tubes include some background pix-
els due to our morphological dilation of the masks (com-
puted by the min-cut). Such pixels have smaller weights
according toχ

b̂
.

4.3. Temporal Consistency Cost

The temporal consistency cost adds a bias towards pre-
serving the chronological order of events. The preservation
of chronological order is more important for tubes which
have a strong interaction. Therefore, the temporal consis-
tency cost is weighted by the spatio-temporal interaction of
each pair of tubes,d(b, b′), defined bellow.

if t̂b ∩ t̂b′ 6= ∅ then
d(b, b′) = exp(−mint∈t̂b∩ ˆt

b′
{d(b, b′, t)}/σspace),

(9)

whered(b, b′, t) is the Euclidean distance between the
pair of closest active pixels fromb and b′ in frame t and
σspace determines the extent of the space interaction be-
tween tubes.

If tubes b and b′ do not share a common time at the
synopsis video, and assuming thatb is mapped to earlier
time thanb′, their interaction diminishes exponentially with
time:

d(b, b′) = exp(−(t̂sb′ − t̂eb)/σtime), (10)

whereσtime is a parameter defining the extent of time in
which events are still considered as having temporal inter-
action.

The temporal consistency cost creates a preference for
objects to be played in the synopsis at the same order as
in the original video. It adds a cost whenever the temporal
order has been violated.

Et(b̂, b̂′) = d(b, b′) ·

{

0 tsb′ − tsb = t̂sb′ − t̂sb
C otherwise

, (11)

whereC is a penalty for events that do not preserve tem-
poral consistency.

5. Synopsis Generation

The queue of tubes can be accessed via queries such as
“I would like to have a one-minute synopsis of this camera
broadcast during the past day”. Given the desired period
from the input video, and the desired length of the synop-
sis, the synopsis video is generated using four steps. (i) The
generation of background video. (ii) Once the background
video is defined, each object in the queue gets a consistency
cost to each possible time in the synopsis. (iii) An energy
minimization step determines which tubes (space-time ob-
jects) appear in the synopsis and at what time. (iv) The se-
lected tubes are combined with the background time-lapse
for the final synopsis. These steps are described in this sec-
tion.

5.1. Time Lapse Background

The basis for the synopsis video is a time lapse back-
ground video, generated before adding activity tubes into
the synopsis. This background video should represent the
background changes over time (day-night transitions, etc.)
and should also allow insertions of activity tubes. These
goals are conflicting, as for better insertion we should spend
more time showing active periods, ignoring, for example,
most night hours.

We address this trade-off by constructing two tempo-
ral histograms. (i) A temporal activity histogramHa of
the video stream. (ii) A uniform temporal histogramHt.
We compute a third histogram by interpolating the two his-
togramsλ · Ha + (1 − λ) · Ht, whereλ is a weight given
by the user. Withλ = 0 the background time lapse video
will be uniform in time regardless of the activities, while
with λ = 1 the background time lapse video will include
the background only from active periods. We usually use
0.25 < λ < 0.5.

Background frames are selected for the time-lapse back-
ground video according to the interpolated temporal his-
togram. This selection is done such that the area of the
histogram between every two selected background frames
is equal. More frames are selected from active time dura-
tions, while not totally neglecting inactive periods.

5.2. Consistency with Background

Since we do not assume accurate segmentation of mov-
ing objects, we prefer to stitch tubes to background images
having a similar appearance. This tube-background consis-
tency can be taken into account by adding a new energy
term Eb(M). This term will measure the cost of stitch-
ing this object to the time-lapsed background. Formally,
let I

b̂
(x, y, t) be the color values of the mapped tubeb̂ and

let Bout(x, y, t) be the color values of the time lapsed back-
ground. we set:
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Es(b̂) =
∑

x,y∈σ(b̂),t∈t̂b∩tout

‖I
b̂
(x, y, t) − Bout(x, y, t)‖,

(12)
where σ(b̂) is the set of pixels in the border of the

mapped activity tubêb. This cost assumes that each tube is
surrounded by pixels from its original background (result-
ing from our morphological dilation of the activity masks).

5.3. Energy Minimization

To crate the final synopsis video we look for a temporal
mappingM that minimizes the energy in Eq. (5) together
with the background consistency term in Eq. (12), giving

E(M) =
∑

b∈B(Ea(b̂) + γEs(b̂))+

+
∑

b,b′∈B(αEt(b̂, b̂′) + βEc(b̂, b̂′)),
(13)

whereα, β, γ are user selected weights that are query de-
pendent. Since the global energy function (13) is written as
a sum of energy terms defined on singles or pairs of tubes,
it can be minimized by various MRF-based techniques such
as [23, 10]. In our implementation we used the simpler sim-
ulated annealing method [9] which gave good results. The
simulated annealing works in the space of all possible tem-
poral mappingsM , including the special case when a tube
is not used at all in the synopsis video.

Each state describes the subset of tubes that are included
in the synopsis, and neighboring states are defined as states
in which a single activity tube is removed or changes its
mapping into the synopsis. As an initial state we used the
state in which all tubes are shifted to the beginning of the
synopsis movie.

In order to make the solution feasible, we restricted the
temporal shifts of tubes to be in jumps of 10 frames. Addi-
tional acceleration was obtained by using a second queue,
similar to the one described in Section 3, to reduce the num-
ber of objects in the optimization stage. As in the large
queue, this small queue uses a fast approximated score to
remove objects that are not likely to be included in a syn-
opsis. Since the query is already known at this stage, this
queue differs from the first queue in two main aspects: (i)
only objects that occur during the desired time period are
considered. (ii) The time distribution of tubes over the de-
sired time period is uniform.

5.4. Stitching the Synopsis Video

The stitching of tubes from different time periods poses
a challenge to existing methods such as [1]. Stitching all
the tubes at once results in a blending of colors from dif-
ferent backgrounds. Therefore, we take a slightly different
approach: Each tube is stitched independently to the time

Figure 5. Top: Three images taken over two days from
a webcam in Cambridge University botanical gardens
www.opentopia.com/showcam.php?camid=2184.
Bottom: A frame from a 1 minute synopsis of this period.

lapse background using any blending method. In our exper-
iments we used Poisson editing [15]. Then, all the tubes are
blended together by letting each pixel be a weighted average
of the corresponding pixels from the stitched blobsb̂, with
weights proportional to the activity measuresχ

b̂
(x, y, t).

Ttransparency can be avoided by taking the pixel with max-
imal activity measure instead of the weighted average.

6. Examples

We have applied the webcam synopsis to a few video
streams captured off the internet. As the frame rate is
not constant over the internet, and frames drop periodi-
cally, whenever we use a temporal neighbourhood we do
not count the number of frames, but we use the absolute
times of each frame.

Fig. 5, Fig. 6, and Fig. 8 are from cameras stationed out-
doors, while Fig. 7 is from a camera stationed indoors with
constant lighting. In all these examples the main “interest”
in each tube has been the number of moving pixels in it.

Fig. 9 shows the use of phase transitions for “interest”.
Important tubes are those that terminate with the object join-
ing the background, or tubes of background objects that
started moving. In the street case, parking cars or cars
pulling out of parking are more likely to be shown in the
synopsis.

Since this work presents a video-to-video transforma-
tion, the reader is encouraged to view the video examples
in www.vision.huji.ac.il/webcam/ .
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Figure 6. Top: Three images taken over two days
from a webcam at the (quiet) Stuttgart airport
www.opentopia.com/showcam.php?camid=283.
Bottom: A frame from a 1 minute synopsis of this period.

Figure 7. Top: Three images taken over two days from a
webcam in a “French Billiard” club (no pockets, one player)
www.opentopia.com/showcam.php?camid=4546. Bot-
tom: A frame from a 1 minute synopsis of this period. Notice the
multiple players per table at the synopsis.

7. Concluding Remarks

A method to create a short video that is a synopsis of an
infinite video stream has been presented. The method in-
cludes three phases. In the input phase the video stream is

Figure 8. Top: Three images taken
overnight from a webcam in St. Petersburg
www.opentopia.com/showcam.php?camid=4567.
Bottom: A frame from a 1 minute synopsis of this period. While
this street is very busy during the day, it is practically deserted
during the night. The video synopsis brings together many cars
that passed this street during different times.

analyzed and objects of interest are detected and segmented
from their background. While we presented object interest
based on motion, any other approach for object detection,
recognition, and segmentation can be used for the gener-
ation of the “tubes” - the 3D space-time representation of
each object. This phase can (and should) be carried out in
real time.

The second phase deals with queue management, neces-
sary to bridge the gap between an infinite video and a finite
storage. Several methodologies were described for deter-
mining which objects should be removed from the queue
once it becomes full. But other methodologies are possible,
and even a random selection of objects for removal may
work fine.

The third phase occurs after the user’s query is given. A
subset of the queue is extracted based on the target period
of interest, and the object tubes are arranged (by temporal
shifts) to generate the optimal video synopsis. This stage
delivers the video synopsis to the user, and currently it take
a few minutes to compute.

Some very interesting aspects concern periodicity in
background. For example, a video of the changing back-
ground is generated for each video stream. The most ob-
vious periods that can be easily detected are the day-night
periods. In most cases when a few days are covered by a
single synopsis, the time-lapse background may cover only
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Figure 9. Top: Three images taken over several
hours from a webcam watching a very quiet street
www.opentopia.com/showcam.php?camid=3931.
Bottom: A frame from a 1 minute synopsis of this period. In
this synopsis we have given a high score to phase transitions
(e.g. moving objects that stop and become background), so the
video synopsis includes mostly cars being parked or pullingout
of parking.

a single day, while the activities will come from all days.
This should be an option given to the user specifying the
query.

While the examples in this paper address only station-
ary cameras, video synopsis can also be used with moving
cameras. As in prior work that addressed video summary
for moving cameras, this can be done together with meth-
ods to compute camera motion and object tracking. When
the background changes due to the motion of the camera,
objects may be placed in different locations than their orig-
inal locations. In such cases the objects may be placed over
synthetic backgrounds.
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