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Abstract

“Looking at People” is currently one of the
most active application area in computer vision.
This contribution provides a short overview of
existing work on human motion as far as whole-
body motion and gestures are concerned. The
overview is based on a more extensive survey ar-
ticle [10]; here, the emphasis lies on surveillance
scenarios.

1 “Smart” surveillance systems

The “Looking at People” area involves building
systems capable of interacting intelligently and
effortlessly with a human-inhabited environment.
A number of promising application domains can
be identified: virtual reality, advanced user inter-
faces, motion analysis, model-based coding and
finally “smart” surveillance systems, our focus
here. Traditional vision-based surveillance sys-
tems have a human operator continuously moni-
tor a wall of CCTV screens for specific events.
Not only is this a quite tedious activity, but
with increased demand for area coverage, this
mode of operation quickly becomes unfeasible
due to information overload. Systems are needed
to automatically filter out spurious information
and present the operator only those parts of
data which are likely security relevant. Cur-
rent commercial vision systems take a step in
this direction by offering rudimentary capabil-
ities for motion-detection, based on image dif-
ferencing and background subtraction. However,
their use is restricted to areas off-limits to people,
and their performance is often plagued by false
alarms due to external environmental effects (e.g.
wind blowing, lighting changes, animals wander-
ing around).

“Smart” surveillance systems incorporate spe-
cific knowledge about human shape and appear-
ance to decrease false alarms; they might even
be able to distinguish between simple authorized
and non-authorized activities using methods ref-
erenced in the next Section. In case of wide area

coverage, they provide an integrated functional-
ity across multiple sensors. For areas covered by
multiple sensors, this might involve sensor fusion
to increase reliability. In addition, an automatic
tracking capability across different areas can be
provided. This is important, because in many ap-
plications it is the temporal succession of events,
which determines whether a particular activity is
to be classified as security relevant or not. Fur-
thermore, in case an alarm is triggered, the origi-
nating object is focussed upon and tracked while
countermeasures are taken; this involves active
sensor control (e.g. [1]). While short response
time is generally the norm for surveillance sys-
tems, in some applications sensor data is simply
stored; here, relevant information must be re-
trieved by allowing the user to formulate queries;
this assumes some means for scene description.
Finally, a desirable feature is remote-access; one
might want to transmit relevant surveillance in-
formation to a users’ personal digital assistant or
place it directly on the internet for remote in-
spection.

Here are a few scenarios these “smart” surveil-
lance systems might handle:

e access control for buildings and other assets

e surveillance of parking lots, vending ma-
chines and ATMs

e detection of pedestrians for driver assistance
and/or vehicle control

e battlefield awareness

Among the major surveillance projects cur-
rently in progress are the VSAM project
on battlefield awareness in the U.S. and
the IMPROOFS project on forensics in Eu-
rope. For more information, visit the
WWW pages http://www.cs.cmu/ vsam/ and
http://www.esat.kuleuven.ac.be/mi2/visics.html
respectively.



2 Methods

Previous work on gestures and whole-body move-
ment can be broadly classified into the following
three groups [10]:

e 2-D approaches without explicit shape mod-
els

e 2-D approaches with explicit shape models

e 3-D approaches

The first approach bypasses a pose recovery step
altogether and describes human movement in
terms of simple low-level, 2-D features from a
region of interest. Polana and Nelson [22] re-
fer to “getting your man without finding his
body parts”. Models for human action are de-
scribed in statistical terms based on low-level fea-
tures. Foreground regions are typically obtained
by skin-color detection or background subtrac-
tion from which features based on shape [2] [6]
[12], texture [7] [8] [21], or motion [4] [9] [22]
are extracted. In some cases [12] [21], the re-
quirement of a separate foreground segmentation
is relaxed by the employment of window search
procedures.

The second approach uses explicit a priori
knowledge of how the human body (or hand)
appears in 2-D, taking essentially a model- and
view-based approach to segment, track and label
body parts. Since self-occlusion makes the prob-
lem quite hard for arbitrary movements, many
systems assume a priori knowledge of the type
of movement or the viewpoint under which it
is observed (e.g. lateral human gait [15] [18]
[20] [22]); some choose to consider more uncon-
strained movements [16] [19] [26]. All in all, 2-D
approaches with explicit shape models use stick
figures, wrapped around with ribbons [16] [19] or,
alternatively, “blobs” [26].

3-D approaches aim to recover 3-D articulated
pose over time, i.e. joint angles with respect to
an object-centered coordinate system. Once ob-
tained, the resulting features have the advantage
to be viewpoint invariant and thus directly linked
to pose. The general problem of 3-D motion re-
covery from 2-D images remains difficult. For 3-
D human tracking, however, one can take advan-
tage of a priori knowledge about the kinematic
and shape properties of the human body to make
the problem tractable. Tracking can also be sup-
ported by the use of 3-D shape models which can

predict events such as (self) occlusion and (self)
collision. See for example [11] [14] [23] [24].

2-D approaches have generally been more nat-
ural for applications in surveillance than their 3-
D counterparts. They are better suited for ap-
plications where image resolution is low, where
single sensors are used (or uncalibrated multiple
sensors) and where precise 3-D pose recovery is
not needed. 3-D approaches make more sense for
applications in controlled indoor environments
where one has well-calibrated (multiple) sensors
and one desires a high level of discrimination be-
tween various unconstrained and complex (mul-
tiple) human movements. This would typically
be the case in virtual reality applications.

The prevalent view towards action recognition
has been to consider it as a classification prob-
lem involving time-varying feature data; the fea-
ture data is derived from an earlier segmentation
stage, using of the three approaches mentioned
before. Recognition then consists of matching
an unknown test sequence with a library of la-
beled sequences which represent the prototypi-
cal actions. A complementary problem is how to
learn the reference sequences from training exam-
ples. Both learning and matching methods have
to be able to deal with small spatial and time
scale variations within similar classes of move-
ment patterns. Previous work has used dynamic
time warping [3] [8], hidden markov models [4]
[25] [27] and neural networks [15] [17] to match
time-varying feature data. Other work has used
higher-level descriptions of scene activity based
on symbolic reasoning [5] or scenarios [13].

For a more detailed discussion of work on ges-
tures and whole-body movement, see [10].

3 Conclusion

Various desirable features of “smart” surveil-
lance systems have been discussed: high infor-
mation filtering capability, multi-sensor systems
for saturated area coverage, integrated function-
ality, query capability, active sensor control and
remote access. In terms of methods, 2-D ap-
proaches with and without explicit shape models
for feature extraction were compared alongside 3-
D approaches. Action recognition was considered
as classification of time-varying feature data, or
alternatively, facillitated by queries in high-level,
symbolic constructs.
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