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Abstract

We present a methodology to perform the analysis
of a video stream, as generated by an Unmanned
Air Vehicle observing a theater of operation. The
goal of this analysis is to provide an alert mecha
nism to ahuman operator. We proposeto first detect
independently moving objects, then to track and
classify them, and to infer behaviors using context.
We propose to use, as context, the information con-
tained in a site model, which we will register with
the image. We present a technical approach, togeth-
er with ademonstration plan and an evaluation pro-
cedure.

1 Introduction

Continuous surveillance and monitoring in battle-
field and urban environments is becoming feasible
due to the easy availability and lowered costs of
video sensors. Such sensors may be deployed on
stationary platforms, be mounted on mobile ground
vehicle, or be airborne on board Unmanned Air Ve-
hicles (UAVS). Whilethe multiplicity of such sen-
sors would permit close surveillance and monitor-
ing, it isdifficult to do so by relying on purely man-
ual, human resources. Not only would the cost of
humans observing sequences from these multiple
sensors be prohibitive, but unaided humans may
have difficulty remaining focused on the tasks. Typ-
ically, long periods may pass before any event of in-
terest takes place; it is easy for human attention to
wander in such a situation, and significant events
may be missed. Even partial automation of the pro-
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cess to indicate possibly significant events to a hu-
man will considerably improve the efficiency of the
process. Note that the automatic analysis need not
compl etely define the threat, but enough evaluation
must be done so that false alarms can be kept within
acceptable limits.

The key task of video surveillance and monitoring
(VSAM) is to observe moving vehicles and hu-
mans, and to infer whether their actions pose a
threat that should be signalled to the human moni-
tor. Thisis acomplex task and, in general, requires
integration of information from multiple sensors.
Further, the deployment of, and control of the sen-
sors, may depend on the perceived events. We plan
to focus on data from a single UAV (though infor-
mation from multiple UAV s could be integrated).

The UAV video introduces several constraints. The
UAVs fly at fairly high altitudes, so the resolution
and the field of view are limited. This limits the
kinds of judgements that can be made, nonetheless,
we believe that several significant events of interest
can be detected and used to cue a human monitor,
vastly reducing the amount of data that the human
needs to observe.

The most important information that can be extract-
ed from avideo sequence is that of moving vehicles
in the scene. We should be able to detect these mov-
ing vehicles, estimate their speeds and trajectories,
and observetheir behavior (within the constraints of
available resolution and time). Motion detection is
made difficult as both the observer and some ele-
ments of the scene may be moving. It may be hard
to estimate 3-D trgjectories due to lack of resolu-
tion.



Motion by itself, however, is not a sufficient indica-
tion of athreatening or otherwise interesting activi-
ty. In most natural scenes, there is significant
amount of normal vehicle motion. It is unusual mo-
tion patternsthat are of interest. We believe that the
use of a site model, and context, can help us sepa-
rate the mundane from the unusual. For example,
normal traffic flow on a highway should not be sig-
nalled, but abnormal speeds or a certain aggregation
of vehicles may represent a significant event. Even
more complex behaviors may consist of a number
of vehicles or humans acting cooperatively, and of
the pattern of these activities. The actual behaviours
of interest will be decided upon by consultation
with the user community.

Our approach requires us to have at least crude
models of the site being observed; for the monitor-
ing system to also have an ahility to recognize fea-
tures such as roads and buildings generically is be-
yond the scope of this effort. In addition, we will
need models of what is normal and unusual behav-
ior, and how it depends on context.

Our approach consists of three major steps. The
first isthe detection and tracking of moving objects,
the second serves to relate these vehicles to features
known inamap or site model, and the last is used to
infer the behaviors.

As we must deal with moving objects and moving
observer, we planto first detect egomotion, which is
manifested globally. Egomotion isthen used to reg-
ister frames to detect independently moving ob-
jects, and to track them. Image to model correspon-
dence will help in relating the observed motion to
relevant features on the ground. We expect tech-
niques using low level features such as lines and
curves to suffice for matching in thistask. Asvideo
images come continuously, tracking from frame to
frame is amuch easier task than looking at isolated
frames. Finally, behavior analysis will be based on
the interaction between vehicle trajectories and the
features around them. Certain speeds and trajecto-
riesin certain contextsindicate a threatening behav-
ior. More complex behaviors will be analyzed by
observing actions of groups of vehicles, rather than
just single vehicles.

Each of these steps poses significant image under-
standing (IU) challenges. While there is much
knowledge in the field, that is relevant to solving

such problems, the techniques have not been put to-
gether to yield complete systems.

As ameans of background, we start by describing
the elements of such a complete system, the EPSIS
Billboard Replacement System, which shares some
common characteristicswith our scenario, then pro-
ceed with the details of our technical approach.

2 The EPSIS Billboard Replacing System

2.1 Background

It isacommon practice to place billboards advertis-
ing various products and services during sports
events. These billboards target not only the specta-
tors at the stadium, but also (and mostly) the view-
ers of the TV broadcast of the event. This fixed
advertising is therefore limited, as the billboards
might be advertising products out of context for the
TV audience, especially for international events.

We are presenting a system to automatically substi-
tute, in real-time, one billboard by another, synthet-
ically created, billboard. It aims at replacing the
billboards in the scene in such a way that it should
be transparent to the viewer. It alows alocal TV
station to plant its own advertisement billboards
regardless of the original billboard, thus increasing
the overall effectiveness of the advertising.

The process by which we accomplish this goal is
therefore the composition of a video stream and a
still image, to create a new, smoothly blended and
photo-realistic video stream.

Editing of images or image streams is fast becom-
ing a normal part of the production procesy1].
Many recent movies, such as Terminator 2, Forrest
Gump, Casper, ID4 seamlessly blend live images
with Computer Generated | magery. The mixing of
multiple elementsis performed primarily by screen
matting, in which the background is of aimost con-
stant color, generally blue or green. This approach
requires a very controlled studio environment and
operator intervention for optimal results.

Our system must instead function without active
cooperation, in rea-time (therefore automatically,
without operator intervention), and in a non con-
trolled environment. Furthermore, it must also
adapt the model to fit the observed billboard. It
involves the “intelligent,” automatic manipulation
of images and image streams, based on their con-
tents.



The system receives asinput aTV broadcast signal,
must identify a given billboard in the image flow,
track it precisely, and replace it with another pattern

Figure 1Two examples of billboard replacement in a Video Sequence

replacement.
2.2 Requirements and challenges
The fundamental requirement that the system per-
form on-line in real-time, imposes major con-
straints on the design and implementation:
* No human intervention is possible.
* No on-screen errors are permitted. The system
has to include self quality control mechanisms to
detect problems and revert to the original signal
when they occur.
» Complex high level agorithms are limited due
to the need for implementation in real time.
* No cooperation from thefield is expected, in or-
der to allow the system to operate independently
from the imaging process (e.g. at the down link).
The contribution of such a system, for which a
patent wasissued[2], thus resides both in the design
and implementation of the individual modules
(finder, tracker, replacer), and in the management of
failure and uncertainty for each of these modules, at
the system level, resulting in reliable replacement.
2.3 Implemented Solution
2.3.1 Overall System Design
Thetask of the system isto locate a planar, rectan-
gular target billboard in the scene, detect camera
switches, track the billboard throughout the
sequence (between camera switches), and replace it
with a new billboard. The direct naive approach
would be to inspect the incoming frames, search for
the billboard and replace it. Unfortunately, this
approach is not sufficient, as it may be impossible

(fixed or animated), broadcasting the replaced sig-
nal, in real-time, with only a short, constant delay.
Figure 1 presents an example frame of billboard

e e

to locate the billboard in the current frame: This
may be due to large focus or mation blur, or to the
billboard being occluded, or to the fact that only a
small part of it may beinthefield of view. The bill-
board may therefore be found only in alater frame
of the sequence, and it is not advisable to start
replacing then, as this would be offensive to the
viewer. Instead, replacement should be performed
on the whole sequence to avoid billboard switches
on screen.

Our system relies on modular design, and on a pipe-
line architecture, in which the search and track
modules propagate their symbolic, low-bandwidth
results throughout the pipe, and the replacement is
performed at the exit of the pipe only, therefore
relying on accumulated information. This allows
the system to make replacement decisions based on
complete sequences, thus avoiding mid-sequence
on-screen billboard changes.

The Finder module searchesfor the target billboard
in the entering frames and passes its results to the
Updater, which propagates them throughout the
buffer. It first extracts “interesting” points (corners,
or other “busy” formations) in the image, then
selects the interest points which are most likely to
come from the target billboard based on color infor-
mation. It then finds a set of corresponding points
between model points and image points, using an
affine-invariant matching technique proposed by
Lamdan and Wolfson[5], and uses these correspon-



dencesto find the precise (to a sub-pixd resolution)
location of the billboard.

The Global Motion Tracker (GMT) module esti-
mates the motion between the previous and current
frames, regardless of whether the billboard was
found or not. This is used as a mechanism for pre-
dicting the billboard location in the frames in which
it was not found. The prediction is necessary to
ensure continuity of replacement, since we do not
want the billboards to switch back and forth
between the original and the new onein front of the
viewer. The GMT also performs the task of camera
switch detector.

Since we areinterested in the motion of the camera
and not in a per pixel motion, we take a global ap-
proach, and use an iterative least squares technique
on al pixels of the image[3]. The images are first
smoothed and the spatial and temporal derivatives
computed. Using this information, estimates of the
motion parameters are computed. Using these esti-
mates, Frame t+| is warped towards Frame t, and
the processis repeated. Since Frame t+1 gets closer
to Framet at every iteration, the motion parameters
should converge. The accumulated parameters are
then reported to the Updater. We have implemented
the algorithm at multiple levels of resolution. A
Gaussian pyramid is created from each frame[4]. At
the beginning of a sequence, the algorithm is ap-
plied to the lowest resolution level. Theresultsfrom
thislevel are propagated as initial estimates for the
next level up, up tothe highest level. Thisallowsfor
recovery of large motions.

Animprovement to the global motion algorithm al-
lows for accurate and stable results, even in the
presence of independently moving obstacles in the
scene. This is achieved by scaling the coefficients
of the motion equations inversely proportional to
the temporal derivatives. Moving obstacles do not
match when the images are warped according to the
camera motion. Therefore, pixels corresponding to
obstacles produce high temporal derivatives, and
consequently contribute less. The improved results
allow for long propagation of estimates along the
sequence.

The Replacer performs the graphic insertion of the
new billboard, taking into account variations from
the modd due to lighting, blur and motion.

Given the coordinates of the billboard cornersin the
current image, the Replacer module replaces the
image contents within these corners (the billboard)

with the new desired contents (usually a new hill-
board). Because the human eye is quite sensitive to
sharp changesin colors, we correct the gain and off-
set of the replaced billboard to make it appear close
to the average intensity of the image. Note that we
currently assume that the original billboard is un-
occluded. Mechanismswhich allow for detection of
obstacles in front of the billboard are currently un-
der development with promising results.

The Updater handles communication within the
buffer and also manages the Measure Of Belief
(MOB) associated with the information passed
along, due to the MOB of each of the modules, and
adecay related to the length of the propagation. The
information about scene changesisalso used so that
the Updater does not propagate the predictions
beyond the scene change markers.

It collects datafrom all the other modules, and cor-
rects missing or inaccurate information within a
processed sequence. We can visually think of the
system as a circular buffer, holding a frame and a
frame attribute in each of its cell. The Updater ma-
nipulates these attribute records only, which are
composed of a small number of parameters, and
processes all attribute records in the buffer in one
frame time.

Figure 2 presents the overall system architecture.
As the frame at time t comes in from the video
source on the right, the Finder searches for the bill-
board. At the same time, the Global Motion Tracker
(GMT) computes the camera motion between the
previous and current frames, and stores it in an
attribute record. If the billboard is found, its four
cornersare recorded in the attributes record, and the
Updater unit predictsthe location of thebillboard in
all the (previous) frames from the first frame of the
sequence to frame t-1, based on the computed
motion, and updates the attribute records accord-
ingly. As the frame is about to be displayed, the
Replacer performsthe insertion.

Let us consider the difficult case where the hill-
board is slowly entering into view, as a result of a
pan or zoom. In this case, the billboard cannot be
found initially by the Finder. Asthe frames continue
to come in, the Global Motion Tracker computes
the camera motion between frames, regardless of
whether the billboard was found or not. The camera
motion parameters found are stored in the frame
attribute record to be accessed by the Updater.
When the billboard isreliably found in some frame,
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Figure 2A block diagram of the system.

t, of the sequence, the Updater module uses the
motion parameters computed earlier, to predict the
location of the billboard in all the frames from the
first frame of the current sequence up to frame t-1.
Since thisis a very simple computation (not image
based), involving low bandwidth communication, it
can be performed for the whole buffer in one frame
time. Asthe images reach the end of the buffer, we
know the location of the billboard, either directly
form the Finder, if it was found in this frame ini-
tially, or viaaprediction from the Updater, using the
motion information.

The combined use of the Global Motion Tracker,
the delay buffer and the Updater mechanism, allow
the system to, in essence, go back in time without
having to process the image again, and to use infor-
mation from the current frame to locate the bill-
board in earlier frames. This enables the system to
perform well under varied conditions, such as
occlusion and entering billboards. The system is
also very robust to failure of specific modules, asit
can overcome failure in some frames by using
information from the other frames of the sequence.
It isimportant to note that each image is processed
once only, and that each module works at frame
rate, thusthe system worksin real-time, introducing
only aconstant delay.

This design can guarantee that no offensive substi-
tution will take place, as long as a whole sequence

fits in the buffer. Otherwise, in case of a problem
occurring after replacement is started, a smooth
fade back to the original billboard is used. In prac-
tice, abuffer of the order of 3 seconds (180 fieldsin
NTSC), covers a large percentage of sequences in
which the billboard is present.

2.3.2 TheMachine

A design somewhat simpler than the one described
here has been made operational by Matra CAP
Systémes using off-the-shelf components, and used
by Symah Vision for live broadcasts.

This successful aggregation of computer vision and
computer graphics techniques should open up a
wide avenue for other applications, which are either
performed manually currently, or simply aban-
doned astoo difficult.

On adifferent note, it isinteresting to note that such
asystem also casts some doubts as to the authentic-
ity of video documents, as predicted in fiction such
asRising Sun. It showsthat digital video documents
can be edited, just like audio and photo documents.

3 Research Issues and Approach
We plan to develop a system for analysis of video

image sequences from a single Unmanned Air Ve-
hicle (UAV) with the objective of detecting impor-



tant events that present a threat or are significant in
other ways and alert a human monitor to them. Our
goal is not complete automation but reliable opera-
tion while minimizing false alarms for the human,
resulting inagreat reduction on the timethat the hu-
man must devote to monitoring such video streams.

The most relevant information that can be extracted
from a video sequence is that of moving objectsin
the scene. We therefore propose to process the vid-
€0 stream to:

* estimate image motion due to the observer (ego-

motion), and compensate for it,

» detect regionsin the image whose motion differ

from the above,

« track these tokens over time,

« infer behaviors from this analysis.
The overall approach to the problem is depicted in
schematic form on Figure 3. The modules corre-
spond to the major tasks mentioned above.

Note that these tasks require different time frames:
whileit is possible to estimate egomotion from only
2 frames, reliable tracking of independent objects
requires several frames, and behavior inference de-
mands an even longer aggregation of frames.

We now describe our technical approach in some
detail..

3.1 Motion estimation and segmentation

We need to detect motion that is independent from
the flow induced by the sensor (egomotion) in the
image stream. To accomplish this, we propose to
first estimate the egomotion, use it to register
frames and detect independently moving objects
and then to track them to compute their trajectories.
We describe these steps below.

3.1.1 Egomotion estimation

Since we are interested in the motion induced by
the camera, and not in a per pixel motion, wetake a
global approach, and use an iterative least squares
technique on all pixels of theimage [1, 7, 14]. The
method, therefore performs the task of image stabi-
lization, assuming the sensor motion is limited to
pan, zoom and tilt.

However, the motion model may not be ableto take
reflect the variations of displacements of the object
features due to its 3-D geometry. In our scenario,
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Figure 30verview of the Complete System

the sensor is relatively far from the object. There-
fore the deviation of the point-of-view, which pro-
duces these displacements, is small. Furthermore,
even these small deviations can be corrected with
coarse knowledge of the terrain, as obtained from
the site moddl, if necessary.

We have also adapted the basic algorithm to func-
tion in the presence of independently moving ob-
jectsin the scene. Thisisobtained by scaling the co-
efficients of the motion equationsinversely propor-
tional to the temporal derivatives. Moving objects
are not registered when the images are warped ac-



cording to the camera motion. Therefore, the pixels
corresponding to objects have high temporal deriv-
atives, and consequently less weight in the coeffi-
cients. A by-product of the algorithm isthe identifi-
cation of independently moving pixels.

3.1.2 Tracking

Pixels identified by the egomotion module as not
coherent with the induced displacement are marked
as belonging to mobile objects. Given the resolu-
tion we can expect from the sensor, we anticipate
these mobile objectsto consist of only afew  pix-
elsin the image. It is therefore unreasonable to ex-
pect to try and perform 3-D structure estimation for
these objectg[16]. We propose instead to represent
them only as 2-D regions, and track theseregionsin
time[8, 15]. For vehicles moving on the ground, the
image displacement between two frames will be
small, but temporally coherent. We will therefore
perform amultiframe analysis of the motion, for ro-
bustness and accuracy, using a 2-D trandlational
motion model for the image features.

When airborne vehicles, such as helicopters and
fixed wing airplanes are observed, the image in-
duced displacement is much larger. The regions
corresponding to these objects will also be larger,
sincethey are closer to the sensor. In such acase, we
will usethe structure of the region contour to disam-
biguate the tracking process.

3.2 Imageto Site Correspondence

To interpret the motion of the observed vehicles, it
is useful to geolocate them in reference to the
known features of the site. It isimportant to know if
thevehiclesareonaroad or in thevicinity of certain
important buildings. We consider the problem of ac-
tually detecting features such as roads from the im-
age sequence itself without prior models to be be-
yond the scope of this effort. Instead, we propose to
make correspondences with prior maps or site mod-
els. Approximate locations may be determined just
from the knowledge of the observer vehicle param-
eters. We can expect to obtain highly accurate esti-
mates of the observer location from the GPS navi-
gation system; orientation parameters may have
somewhat less precision. However, we cannot ex-
pect the navigational parameters to be accurate
enough to predict exactly where a feature of inter-
est, such as a road, might be, but we believe that
simple image to map (model) matching techniques
[6, 11] can suffice to bring them into accurate cor-

respondence.

We will need to continually update the correspon-
dences between the observed features and the map/
model features. Since the dataisavailableto usin a
continuous stream, the updating process can be
much simpler than one of initial correspondence. At
each step, we can predict the amount of displace-
ment and can correct by using only a small number
of features.

3-D site models, even if they are not very accurate
or complete, would help in the process of corre-
spondence. However, it may be possible to make do
with 2-D mapsif theterrainisrelatively flat and the
flight of the vehicleis level.

3.3 Behavior Inference

After various vehicle and human motions have been
detected and tracked, and some correspondence es-
tablished between the images and the site features,
we still need to interpret the motion to decide if a
significant event hastaken place. A first step in this
process is that of motion interpretation itself. We
should be able to tell whether the moving object is
on the ground or is airborne as ground objects have
some constraints on their motion. We can also esti-
mate the vehicle speed which may provide some
constraints on the class it belongs to (e.g. tanks
don’t travel at 100 km/h).

The next step isto try to determine if a significant
event is taking place. We will study the kinds of
events human monitors detect and the cues they use
to detect them. Some examples are: abnormal
speeds or trajectories, activity in forbidden areas,
and certain kinds of group activities.

We believe that these kinds of activities can be de-
tected by representing the expected behaviorsin a
symbolic template representation and verifying if
the template criteria are satisfied.

4 Evaluation Plan

We describe some proposed metrics and an evalua-
tion methodol ogy bel ow.



4.1 Metrics
We propose the following metrics:

1) Detection rate: What is the percentage of cor-
rectly recognized events? Obviously, only
events that are visible, have sufficient resolu-
tion and duration can be detected.

2) False Alarm rate: This measures the frequen-
cy of mistaken detection.

4.2 Testing
We intend to devel op and test our algorithms direct-
ly on data from operational UAV's. We expect that
such data will become available to the VSAM re-
search community. To make evaluations, we will
need some ground-truth to compare with. For UAV
data, we may not be able to get the actual ground
truth, instead, we may need to rely on the judgement
of human observersto see what eventsthey are able
to perceive and what their interpretation of the be-
haviorsis.

4.3 Demonstration Plan

Our proposed research isto analyze image sequenc-
es observed from a UAV. As we are not likely to
have access to UAVs in the field, we will need to
demonstrate on stored images in our laboratory. We
expect that sample imagery will be available from
on-going UAV projects and from the IFD platform.
For the early parts of our development, we should
be able to use video images avail able from helicop-
ter flights and other sources that are commonly used
in motion analysis experiments.

Given suitable image (and other data), we expect to
show the capabilities of detecting vehicles, tracking
them through the sequence and indicating when the
system believes the behavior to be abnormal. The
output of the system can be displayed graphically
and also tabulated for comparison with human as-
sessments.

Our processing may not be necessarily at real-time
speeds though computational efficiency will be a
major concern. I n later phases of the project, we can
use the IFD platforms, if available, for rea-time
demonstrations.
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