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Abstract

This paper presents a new paradigm for data interaction
called virtual video. The concept is that video streams can
be interactively augmented in real-time by both addition
and removal of visual information. Removed information
must be seamlessly replaced with relevant “background”
information. Added information can be in the form of com-
puter graphics, as in conventional augmented reality, or im-
agery derived from the video stream itself. Adding video-
derived imagery means that a “real” character can be sim-
ulated in different places or times in the video stream, or
interacting (fictitiously) with other characters. Achieving
this requires an understanding of the motion and appear-
ance of the target character so that it can be realistically
inserted.

Video understanding technology is now sufficiently ad-
vanced to make interactive, real-time virtual video a pos-
sibility. An example is given in the form a computer game
called Virtual Postman in which moving characters detected
in a video stream can be “killed” and thus removed from
that stream. Furthermore, characters detected in the video
stream are stored, analysed for rigid or periodic motion and
then smoothly re-inserted into the video stream at arbitrary
places, times and scales as “clones” of live characters, or
“zombies” of dead ones.

Keywords: Computer vision, image analysis, virtual
video, augmented reality.

1 Introduction

Augmented reality has been a research topic in the vi-
sion community for some time. The notion is that video im-
agery can be augmented by accurately registered computer
graphics. Computerised X-Ray vision[3], or video assisted
surgery are two examples of this. However, as the field of
video understanding[13][12] matures, it becomes increas-
ingly possible to analyse and interact with real-time video-
derived data directly.

Virtual video (as coined by the author) is the idea that
video streams can be interactively altered in real-time so
that they can be treated as virtual worlds into which objects

can be interactively inserted or removed at will. Further-
more, augmentations to the video stream can be derived di-
rectly from the video stream, rather than being solely com-
puter generated. Thus, “real” objects can appear to move
through space or time in a synthetic manner. An example
would be moving a building from one place to another in a
video scene; or have a person appear 10 minutes after s/he
actually walked through the scene. A more complex exam-
ple is to create a synthetic character based on the actions
and appearance of a real one and, at some point, seamlessly
replace the real with the synthetic.

Applications for this technology are legion in fields such
as video-teleconferencing, surveillance, and entertainment.
This paper presents an illustrative example of a virtual video
system in the form of a computer game called Virtual Post-
man. The significant point is that a real-time video stream
can itself become a playing field on which the player inter-
acts directly with both real and synthetic objects.

In Virtual Postman, a camera is pointed at a generic
scene, either indoor or outdoor, and the video stream is
viewed by a player on a desktop computer. Moving objects
such as vehicles and people are detected and presented to
the player as “targets”. The player can then simulate shoot-
ing the targets which appear to expire in computer gener-
ated explosions. “Dead” targets are synthetically removed
from the video stream in real-time. Furthermore, these tar-
gets can, at random, synthetically be brought back to “life”
as zombies enhanced by computer graphics and re-inserted
into the video stream at any position or time. This concept
is similar to one suggested by Scott Adams (of Dilbert(tm)
fame) in his latest book[1].

1.1 Video in Games

One of the long-time goals of the entertainment indus-
try is the creation of realism. To achieve this, the movie
industry has made a great investment in computer graphics
to create realistic false images. Conversely, the computer
game industry has been integrating photo-realistic still im-
agery and video to enhance the player’s experience. To date,
this integration has been largely non-interactive using only
“canned” video sequences to achieve little more than setting
atmosphere.



Early examples of the use of imagery in games used still
images or canned video sequences as a backdrop to the ac-
tion, with computer generated characters overlaid, not re-
ally partaking of the imagery. A slightly more interactive
use of video is displayed in more recent games such as
Return to Zork(tm) and Myst(tm) in which short, relevant
video sequences provide the player with timely information
or atmosphere. The most interactive use of video has been
in video-disc based games such as Dragon’s Lair(tm), in
which the game itself is made up of small image sequences,
each containing a small problem or challenge. Based on the
player’s choice, the next appropriate video sequence is se-
lected (exploiting the fast random access time available to
the video-disc medium) providing the next challenge.

There has been some effort made to use video interac-
tively, most notably as an input device. There exist compa-
nies that produce games based on blue screen technology.
Real players are inserted into a virtual environment to per-
form simple actions like tending a virtual soccer goal, or
shooting virtual baskets. These games require considerable
infrastructure. The player must wear distinguishing cloth-
ing such as green gloves so that the computer can recognise
body parts, and the game is played out on a large blue screen
stage. More modest applications of this type run on desktop
computers such as SGI’s Lumbus(tm) in which the Indy-
Cam is used for simple head or hand tracking to control a
plant-like creature called a “Lumbus” in 3D. Using virtual
video provides a means, for the first time, of using real-time,
live video interactively as a game playing field.

2 A Virtual Video Architecture

The two fundamental challenges of virtual video are
the ability to seamlessly remove characters from a video
stream and the ability to seamlessly add synthetic char-
acters to a video stream. Note that synthetic characters
can be derived from the video stream itself and, thus, their
motion must be understood in order to re-create them accu-
rately in different times and places. Figure 1 shows a po-
tential architecture for a virtual video application. An input
video stream is segmented into background and foreground
regions which can be archived for later use. A virtual video
image can be built by combining background, foreground,
and synthetic components into a coherent image. Synthetic
components may be derived from the video stream at some
previous time (such as background data which must be used
to “fill in the blanks” left behind by some “dead” character,
or previously seen characters which are being brought back
from the dead); or they may be completely computer gener-
ated.

Some of the specific research challenges of a virtual
video architecture are: segmentation of a video stream into
a background and a set of foreground characters; track-

ing foreground characters and disambiguating them as they
interact with each other and the background; removing
characters from the video stream and seamlessly replac-
ing them with appropriate background (or other foreground)
imagery; and analysing the motion of real characters so they
may be inserted as required as realistic synthetic characters.
Furthermore, all of this must be done automatically in real-
time by appropriate computer vision techniques!

For this application, foreground objects are considered
to be moving characters such as people and vehicles. There
is a great store of techniques for extracting moving objects
from imagery. Some approaches are model-based, such as
[14][20], that look for specific types of objects. More gen-
eral motion detection schemes are outlined in [4][9]. The
most promising approaches use dynamically adaptive back-
ground subtraction[5][7]. These are preferred for two rea-
sons: they provide the most complete extraction of moving
objects; and a by-product of motion detection is a model of
the scene background which can be used to replace “dead”
foreground characters! The method used here is taken
from[5] and is described briefly in section 3.

Tracking characters is an important component of the
virtual video architecture. The system must be able to dis-
tinguish all the different characters in a scene to ensure that
a “dead” character does not accidentally become reinstated.
To achieve this, it is necessary to track characters through
occlusion with other characters, or background objects. A
great deal of work has been done on tracking. The most
common current methods in computer vision are Kalman
filters[11] and the CONDENSATION algorithm[10]. In
fact one of the claims to fame of CONDENSATION is its
ability to track multiple objects through occlusion. How-
ever, in this application, given that video-derived charac-
ters are being tracked, a template matching solution[15] is
used and described in section 4. An extension to the track-
ing algorithm for tracking multiple objects through occlu-
sion is described in [16]. One by-product of this tracking
scheme is that, as characters are tracked, templates can be
collected showing visual variability over time. These image
sequences are useful for synthetic character generation.

There are several situations when it is necessary to in-
sert synthetic characters into the virtual video stream in the
context of Virtual Postman. Obviously, when a “dead” char-
acter is brought back to life, it must appear to interact with
the environment in a realistic manner. A more subtle situa-
tion is when a “live” character is occluded by a “dead” one.
Here, there is no imagery in the video stream to represent
the character, so synthetic imagery must be inserted to con-
nect the real segments without apparent discontinuity. To
achieve this, it is necessary to model the appearance of the
character’s motion. Modeling the motion of humans and
vehicles is a topic of great interest to both the vision and
graphics community. Gavrila[6] provides an excellent sur-
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Figure 1. Overview of the Virtual Postman virtual video architecture. Video images are segmented into background
and foreground components. Background data is archived so it can be used to replace “dead” foreground objects.
Foreground objects are archived so they can be re-inserted as synthetic objects modified by computer graphics. The
virtual video image is integrated by combining background components, “live” characters, and synthetic characters.

vey of human motion analysis techniques. For this simple
application, it is assumed that vehicles are rigid and move
in straight lines, and humans (or animals) are non-rigid and
move with periodic motion. Thus it is only necessary to
determine the rigidity and periodicity of a character. View
invariant approaches to this problem have been attempted
by image matching[18][17][19]. Fujiyoshi and Lipton[5]
use image skeletons to determine walking and running of
humans. In this application, rigidity is determined by exam-
ining internal optic flow[16] of a character and periodicity
is determined by an image matching method similar to [18]
as described in section 5. This paper proposes, in section 6,
a periodicity model for a non-rigid object which consists of
an image sequence representing a complete cycle of the ob-
ject’s motion and a displacement sequence representing the
spatial relationship between each image. These periodic se-
quences can then be repeated, scaled, physically moved, or
inverted to simulate the object appearing in any position at
any time.

3 Detection of Moving Objects

Detection of blobs in a video stream is performed by
a process of background subtraction using a dynamically
updated background model[5] from a stable video stream
(either from a static camera, or stabilised by a suitable

Figure 2. Moving blobs are extracted from a video
image.

algorithm[8]) denoted In(x) where I is the intensityof pixel
x = (i; j) at frame n.

Firstly, each frame is smoothed with a 3 � 3 Gaussian
filter to remove video noise. The background model Bn(x)
is initialised by setting B0 = I0. After this, for each frame,
a binary motion mask imageMn(x) is generated containing
all moving pixels

Mn(x) =

�
1; jIn(x) �Bn�1(x)j > T

0; jIn(x) �Bn�1(x)j � T
(1)

Where T is an appropriate threshold. After this, non-
moving pixels are updated using an IIR filter to reflect
changes in the scene (such as illumination – making the
method appropriate to both indoor and outdoor settings)

Bn(x) =

�
Bn�1(x); Mn(x) = 1
�In(x) + (1� �)Bn�1(x); Mn(x) = 0

(2)
where � is the filter’s time constant parameter. Moving pix-
els are aggregated using a connected component approach



so that individual blobs can be extracted. An example of
these extracted blobs is shown in figure 2. Two things about
this method of motion detection are relevant to the Virtual
Postman application. The dynamic background model con-
tains the most recent background image information for ev-
ery pixel – even the ones currently occluded! Also, the
moving objects extracted are complete. They contain no
background pixels and no holes, so they are ideal templates
to be removed and reinserted into the virtual video stream.
Consequently, removing characters from the video stream
is easily achieved by simply replacing their pixels with the
corresponding background pixels from Bn.

4 Tracking Targets

Motion
detection

Tracked targetVideo
stream

Motion regions

Matching
Template

Target template

Figure 3. The tracking process. Moving objects are
detected in each video frame. Individual objects are
tracked by visual template correlation matching.

Tracking of objects is performed using the technique[15]
as shown in figure 3. Extracted blobs are tracked from frame
to frame by visual template correlation matching. However,
the template matching is only applied in regions where mo-
tion is detected, to reduce the computational load and in-
crease the method’s overall reliability.

Consider a blob 
n detected in frame In which needs to
be tracked to frame In+1. In frame, In+1, there are several
blobs !kn+1 which could be a new instance of 
n. 
n is
convolved with each of !kn+1 in turn to determine both the
best match, and the new location, or displacement, of 
.

First, a rectangular windowing function W (x) of size
(Wi;Wj) is defined which is just large enough to enclose

n. Each element of W (x) is based on whether the indi-
vidual pixel x is moving. That is W (x) = Mn(x) within
(Wi;Wj). The convolution Dk takes the form

Dk(x; d) =
i=WiX
i=1

j=WjX
j=1

jW (i; j)In(i; j) � In+1((i; j) + d)j

jjW (x)jj

(3)
where jjW (x)jj is a normalisation constant given by

jjW (x)jj =
i=WiX
i=1

j=WjX
j=1

W (i; j) (4)

and d is a displacement. The values of d are chosen to over-
lap 
n with the set of pixels in !kn+1.
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Figure 4. (a) The residual flow computed for two
characters. Also, a flow-based clustering is shown.
Clearly, arms and legs are apparent in the human
clustering whereas only one significant cluster is vis-
ible for the vehicle. (b) The rigidity measure vR
calculated over time. Clearly the human displays a
higher average residual flow and is thus less rigid.
The rigidity measure also exhibits the periodic nature
that would be expected for a human moving with a
constant gait.

The values of k and d are found to globally minimise
fDk(x; d)g

fkmin; dming = min
fk;dg

fDk(x; d)g (5)

From these values, the appearance of 
n+1 in In+1 is taken
as !kmin

n+1 and its pixel displacement (or velocity if frame rate
�t is known) is taken as

dmin = ~v(x)�t (6)

5 Character Rigidity

Rigidity of a character is determined by its optical resid-
ual flow as defined in [16]. A local optic flow computation
is applied to a tracked character using a method similar to
Anandan’s[2] to produce a flow field ~v(x) for the pixels in
that character. The residual flow vR is a measure of the
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Figure 5.Determining periodicity. The most recent template
k is matched with previous templates and the correlation
values Ck(y) are stored. The template which minimises Ck(y) marks the beginning of a periodic sequence

amount of internal visual motion within the character. In
this case, vR is taken as the standard deviation of the flow
vectors computed:

vR =

P
p j~v(x)� vj

p
(7)

where p is the number of pixels in the character’s image
(= jjW (x)jj from section 4). Figure 4(a) shows the residual
flow field ~v(x) and a simple clustering based on ~v(x) for
two characters. The results of the residual flow computation
are shown in figure 4(b). Clearly, this measure can be used
to distinguish rigid from non-rigid objects.

6 Determining a Periodic Sequence

Determining periodicity is important for generating syn-
thetic characters based on video imagery. If periodic mo-
tion is assumed, it becomes possible to extract a periodic
sequence P (k) = f
k; dkg which represents the charac-
ter exhibiting one cycle of motion over a set of frames
k 2 [P0; PN ]. The sequence consists of both the visual
appearance 
 of the character at each frame and the frame-
to-frame velocity d as well. This sequence can then be re-
peated, scaled, inverted, or physically moved in the image,
creating a realistic synthetic character. For a rigid character
(such as a vehicle), the periodic sequence may contain only
one element – a good view of the object 
0, and its pixel
velocity d0.

Periodicity is determined by a method similar to that dis-
cussed in [18]. For each instance of a character detected in
the video stream a visual template is collected. The result
is a list of templates 
1 � � �
n. To determine periodicity,
each template 
k is matched (by equation 3) to all of the
previous templates 
1 � � �
y � � �
k�1. For each match, the

minimum of the convolution Dy
k(x; d) is collected as a se-

quence Ck(y) = minDy

k(x; d).
The template 
Y which is closest in appearance to 
k

will have the lowest value of Ck(Y ) and is selected as the
“starting” point for the periodic sequence P0 = Y and
PN = k � 1 is taken as the “end” point. Each element of
the periodic sequence P (y) contains both the template 
y
and the corresponding frame to frame pixel velocity dymin as
computed by equation 6 of section 4. This captures both the
visual and temporal components of one cycle of the charac-
ter’s motion. Figure 5 shows the determination of a periodic
sequence for a non-rigid character.

7 Synthesising Characters

There are situations in which it is necessary to insert syn-
thetic characters into the virtual video stream. These may
need to represent: real “live” characters if, for example, a
“live” character is being occluded in the video stream by a
“dead” one; video-derived characters at fictitious locations
or times if, for example, a “dead” character is brought back
to life as a zombie; completely synthetic computer gener-
ated characters; or even a combination – a computer en-
hanced video-derived character.

Generating zombie characters from stored periodic se-
quences P (k)(= f
k; dkg) is fairly straightforward. These
zombies can be made to move at arbitrary speeds and appear
at arbitrary places or scales within the virtual video image.
They can even be made to move in the opposite direction
from the source character. They are inserted by selecting a
starting frame In0 and position in the virtual video image
x0. The periodic sequence can be scaled in size by a factor
K and in time by a factor T . If necessary, a flip operator
F (
) can be applied to the images to make them move in
the reverse direction. Then, at each subsequent frame In,
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Figure 6. Creating a synthetic character. The image sequences on the left are the originals. In both cases, the front-
most character has been “killed” and a synthetic image sequence of the occluded character is generated based on its
periodic sequence. These synthetic sequences are shown on the right.

the position of the object is given as

xn = xn�1 + T � d[(n�1)modPN ] (8)

where PN is the size of P (k). And the appearance of the
object is K � 
[nmodPN ] or K � F (
[nmodPN ]).

7.1 Synthesising Occluded Characters

A special case of a synthetic character is needed when a
“live” character is occluded by a “dead” one. In this case
it is necessary to determine the frame in which the occlu-
sion is about to occur and then create a periodic sequence
for that character at that time. Once this is done, a synthetic
character with scale factors T = K = 1 can be added to the
virtual video stream for as long as the occlusion lasts. De-
termining occlusion is done using the pixel contention tech-
nique described in [16]. Figure 6 shows the results when a
synthetic character is used to replace a real one which has
been occluded.

8 Discussion and Conclusion

With the advent of advanced video understanding and
real-time processing capabilities, the concept of virtual
video is ripe for exploitation. The ability to interactively
remove or insert characters from video streams has many
applications in the entertainment industry, video conferenc-
ing, and virtual and augmented reality – just to name a few.
Presented in this paper is an example application which

shows how straightforward computer vision techniques can
be married with computer graphics to create such an inter-
active video system.

Figure 7 shows some of the virtual video images gener-
ated by Virtual Postman in real-time running on an SGI O2
platform. The Virtual Postman game demonstrates some
key ideas about virtual video. Adaptive, dynamic back-
ground subtraction provides an excellent method for ex-
tracting complete characters from a video stream, and pro-
ducing a character-free background model which makes ob-
ject removal an almost trivial task. Being able to track
objects through video streams provides data by which ob-
jects can be analysed for rigidity and their periodicity de-
termined. Using periodic sequences of templates and ve-
locities allows cyclic motion to be captured and then re-
played synthetically in arbitrary places and at arbitrary
times. Putting these techniques together allows a player to
interactively augment a video stream using data supplied
exclusively from that stream.
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