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Interpretation of human activity is primarily known from surveillance and video analysis tasks and con-
cerned with the persons alone. In this paper we present an integrated system that gives a natural lan-
guage interpretation of activities where a person handles objects. The system integrates low-level
image components such as hand and object tracking, detection and recognition, with high-level processes
such as spatio-temporal object relationship generation, posture and gesture recognition, and activity rea-
soning. A task-oriented approach focuses processing to achieve near real-time and to react depending on
the situation context.
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1. Introduction

Future operator manuals could be based on virtual or aug-
mented displays to facilitate experience based training on how to
operate a machine or carry out an industrial process. Examples in-
clude guiding a user to operate a video or CD-player or to clear a
paper jam in a copy machine. Using augmented displays, such a
training system could overlay the next actions onto the equipment
itself, assist the user with contextual hints and check if the over-
arching task is being performed in a correct manner and order.
Such a system would need to interpret the activities of the user
while verifying these activities against a stored reference activity
plan. Furthermore, the recording of the reference plan itself could
be generated from observing an expert user executing the correct
sequence of activities. While the vision is still some years ahead,
this paper presents initial work towards these end goals. The
objective was to develop an integrated vision system to interpret
the activity of a person who handles objects. The result is a task-
ll rights reserved.
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driven architecture and system for Activity Interpretation, which
we call the ActIPret system.

One way to obtain the necessary input is to use several sensing
modes, e.g., gloves, magnetic and optical trackers or 3D cameras
[26,13]. However, the broader adoption of these technologies,
potentially all the way to home use level, will depend on the pro-
liferation of cheaper hardware, e.g., cameras.

Our task-driven architecture approach to activity interpretation
contrasts to approaches drawn from areas such as surveillance,
smart rooms, or human interaction. In these approaches a gener-
ally fixed notion of human motion (e.g., gestures and postures) is
the main target of fixed view visual processing. In our case, operat-
ing a machine also requires visual capabilities for object detection,
tracking, recognition and possibly even classification. But activity
synthesis also requires methods to reason about the contextual
relationships of humans who handle objects and means to derive
the interpretation of the observed activity. But a key barrier to
developing practical vision systems is that they contain a large
number of vision and reasoning functions. Recent approaches to
create practical vision systems that combine vision with reasoning,
task-control and learning have been referred to as cognitive vision
[19]. For example, an approach to traffic analysis combines
low-level vision processes such as tracking with semantic interpre-
tation [20] or exploiting input from low-level vision components to
learn rules of a card game [8].
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The ActIPret architecture and system presents an attempt to
integrate components from all levels of a cognitive vision system.
It is special in the sense of combining both object as well as gesture
detection, tracking and recognition approaches, and it continues to
include components for intermediate 3D representations of spatio-
temporal relationships, to finally arrive at the level of activity
interpretation that leads to a symbolic description.

The ActIPret system is unique in the respect that it sets out to
demonstrate that top-down contextual knowledge can be
exploited to focus processing of all these bottom-up vision pro-
cesses to achieve processing in near real-time. In this manner the
intention was to arrive at purposive and reactive processing and
interpretation. This task-driven approach made near real-time
operation in a known but not prepared environment possible. It
was demonstrated in a scenario of operating a CD player with
one or two hands. Different persons executed the task in a pre-
learned, natural environment. An evaluation shows good perfor-
mance on sequences recorded from a set-up with two active stereo
heads under dynamic and task-driven control.

The paper proceeds as follows. The next section reviews related
work. Section 2 introduces the cognitive vision system approach
and Section 3 shortly describes the vision and pre-reasoning
components used to fulfil the task. Individually they have been
reported to enable the reader to have a comprehensive and self-
contained picture of the cognitive vision system. The use of contex-
tual coordination to focus processing depending on the situation
and to extract the activity plan is presented in Section 4. Section
5 presents experiments and Section 6 evaluation using one-hand
and two-hand activities.

1.1. Related work

Applications such as surveillance, smart rooms and human-ma-
chine interfaces require work to recognize activities of humans. For
a recent review see [6]. An example of work is [5], which investi-
gates probabilistic approaches to gesture and behaviour recogni-
tion. This is one of the modules in the task-driven architecture
proposed here. Another source of references is the series of PETS
workshops (performance evaluation of tracking and surveillance),
which investigates activities such as walking and meeting of per-
sons, pointing gestures or speaker identification. The solutions
are systems built for the specific tasks processing the input off-line
in a bottom-up fashion. Interpretation can be achieved from
observing the motion of humans or group of humans, which makes
it possible to focus processing on detecting and tracking humans
and to finally analyse the motion patterns. Objects are not treated
as separate items and they are only indirectly involved, e.g., detect-
ing changes in walking motion with and without suitcase or lug-
gage [3]. For analyzing traffic at a street crossing [20] suggests a
structure for the processing steps to extract the spatiotemporal
geometric descriptions in the scene domain. Compared to the work
presented here processing steps are fixed and procedures not
called depending on the context or task relationship.

The relation of humans to objects in their environment is stud-
ied in approaches to programming by demonstration (PbD), where
the task is to interpret user commands to teach a robot. This inter-
pretation task involves several more capabilities: gestures must be
related to objects in the scene. Hence objects need to be detected,
tracked and recognized. When including speech commands, a
semantic interpretation is also needed. As a consequence, a PbD
system is composed of several more functional blocks as the sur-
veillance systems presented above. In present work this is solved
by using substantial equipment to reliably detect hand activities
(data glove, magnetic trackers, force sensors). Vision is only used
to recognize marked or colored objects on uniform background
[26,13]. To relax the need for extensive equipment [29] use depth
images generated from multiple cameras to track hands and tools
to analyse the task sequence.

From the point of view of a task-oriented vision system the
most related approach are the process federations presented in
[10]. Process federations are constituted of executive components
and a hierarchy of controlling supervisors on top of them. The
selection of vision modules is driven by cost type functions, with
the goal being to achieve a visual task at lowest computational
cost. In our system, the focus is on real time selection from a range
of components, some visual, some not, with a view to selecting
task relevant components as well as having a view on the cost.
The task relevance extends from a real time Bayesian statistical
analysis of the probability of a specific action emerging based on
all the prior evidence available at any time step. So the task rele-
vance can emerge, rather than being pre-packaged into a prede-
fined goal set.

A key feature of the ActIPret system is the real time purposive
control of the resources to extract a symbolic description of activ-
ities. The focus is on active observation and interpretation of activ-
ities, on parsing the sequences into constituent behaviour
elements, and on extracting the essential activities and their func-
tional dependencies. The activities are interpreted and stored using
natural language expressions in an activity plan.

2. System description

The system developed for activity interpretation is structured in
three main levels: attentive level, pre-reasoning level, and synthe-
sis level (see Fig. 1). The attentive or lowest level comprises the
main vision components such as hand and object detection, track-
ing and recognition. It operates on stereo image data and the pose
information of each camera is available. We separate between pre-
attentive and attentive processes to denote processes that are fast
and operate continuously versus slower processes which might
operate only on demand, e.g., hand tracking operating at frame rate
is a pre-attentive process. An attentive process is, e.g., object recog-
nition, which is computationally expensive. Hence it is only in-
voked when a higher level process requires it given a specific
context such as at key events discovered in gesture recognition.
For more details please refer to Section 3.

The pre-reasoning level has the task to extract meaningful
information from the low level vision processes. Hand posture
recognition (HPR) uses direct image information and is, hence,
view dependent. The two other components in this level work
on the 3D data delivered by the tracking and recognition compo-
nents: the gesture recogniser (GR) uses the 3D hand pose (posi-
tion and orientation), the object relationship generator (ORG)
the pose data of hand and objects. This pose data is independent
of the specific camera views and given in a common world coor-
dinate system.

All vision components and the HPR operate on image data. The
view contract manager in Fig. 1 has the task to coordinate the cam-
eras and their viewing directions to supply the best views as de-
manded by these components. The implementation of the full
system used two stereo vision systems (=four cameras) on active
heads as explained in more detail in Section 3.8. Components are
connected to either one of the stereo systems for simplification.

The top level component is the activity reasoning engine (ARE),
which combines the pre-reasoning information and extracts the
symbolic description of the activity.

To realise context-driven control of all these components, a
component-based framework has been developed [25]. It uses
the mechanism of services. Each component makes public the ser-
vices it can perform in the service list. Depending on the actual task
and context components can check in the service list, which com-
ponent could deliver the requested service and the communication
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Fig. 1. Diagram of the components of the activity interpretation system.
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is established. Section 4 will describe in detail how this contextual
control is realised starting from the ARE.

3. Vision and pre-reasoning components

This section gives a short overview of the vision and pre-reason-
ing methods developed for the activity interpretation tasks such
that the reader will obtain a good picture of the complete system
and is able to better understand the contextual control mecha-
nisms. Note that the components are not the original contributions
of this paper. References to more detailed descriptions are given.

3.1. Hand tracker

The goal of the hand tracker (HT) Component is to deliver 3D
position and pose information regarding all skin-colored hand
hypotheses in the field of view of a calibrated stereoscopic obser-
ver. In the heart of the developed component lies a method for
tracking multiple skin-colored objects in a monocular image se-
quence [1]. This method encompasses a collection of techniques
that allow the modeling, detection and temporal association of
skin-colored objects across image sequences. A non-parametric
model of skin color is employed. Skin-colored objects are detected
with a Bayesian classifier that is bootstrapped with a small set of
training data and refined through an off-line iterative training pro-
cedure. By using on-line adaptation of skin-color probabilities the
classifier is able to cope with considerable illumination changes.
Tracking over time is achieved by a novel technique that can han-
dle multiple objects simultaneously. Tracked objects may move in
complex trajectories, occlude each other in the field of view of a
possibly moving camera and vary in number over time.

Besides the basic detection and tracking mechanisms, a contour
extraction module computes robustly the external contour of skin-
colored blobs. Additionally, a multi-scale contour processing mod-
ule detects hand fingertips as the local maxima of the curvature
function computed over the extracted contours.

Two instances of this 2D skin-color detection, tracking and fin-
ger detection components run independently on the video streams
provided by the two cameras of the stereoscopic observer. Hand
hypotheses are then matched across the synchronized stereo pairs
through dynamic programming. The cost function employed in this
dynamic programming-based stereo matching of hand hypotheses
is based on the distance of hand centroids from their epipolar lines.
Epipolar constraints are derived analytically based on the knowl-
edge of the camera and stereo configuration parameters. Once
the hand hypotheses have been matched across the images of
the stereo pair, the iterative closest point (ICP) algorithm [4] is em-
ployed to match contour points at the pixel level. Since fingertips
are simply special contour points, the method delivers the 3D loca-
tions of fingers, as well.

A prototype implementation of the proposed tracker operates
on live video at a rate of 22 Hz on a Pentium IV processor running
under MS Windows, without resorting to assembly optimizations
or special hardware instructions such as MMX or SSE. Being
non-parametric, the proposed approach is independent of the
shape of skin color distribution. Also, it adapts the employed
skin-color model based on the recent history of tracked skin-col-
ored objects [1].

3.2. Hand posture recogniser

Hand Postures are a very powerful mean of identifying the
intention of a human operator, building gesture-based interfaces
and recognizing sign language and provides important information
for the interpretation of activities of expert operators. Therefore a
significant amount of research has addressed building systems to
recognize the posture of hands from visual input [11,21,31].

In the interpretation task at hand this kind of functionality is
used as a pre-reasoning step for the interpretation of activities
and provides relevant input for the activity reasoning component.
The posture recognition functionality is using two kinds of input.
The first is the contour of the hand where the posture recogniser
benefits from the capabilities of the hand tracker and the second
is the intensity image of the scene itself. The contour is used to
mask the hand region from the input frame and the resulting hand
region is mapped to an image of fixed orientation and size which is
called attention image. This component was implemented follow-
ing [11].

In the training phase the component learns the mapping of the
attention image from many views of the hand to the correct pos-
ture with a PCA and RBF based technique. In the execution phase
this mapping enables the system to classify the attention image
into the learned hand postures and the component is able to calcu-
late the probability of correct classification. Up to now postures
like a pointing, a grasping and a normal hand posture are
recognised.
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3.3. Gesture recogniser

The gesture recogniser (GR) component is designed to classify
hand trajectory data into a small number of functional gestures.
These gestures were chosen for their generic nature (suitable for
a wide range of hand manipulation tasks) and the extent to which
they could provide useful information for other parts of the ActI-
Pret system (in particular the Activity Reasoning Engine). The GR
component provides two services. The first, HAND_INFO is key in
the early pre-attentive selection of task relevant hand candidate
objects (discussed in the section on contextual control). The sec-
ond, RECOGNISE_GESTURE, specifically builds a history of hand
trajectory data for a reference hand object (using data supplied
by the HT) and returns probability estimates of each of the func-
tional gestures to the calling component (exclusively the activity
reasoning engine at this time).

Gestures are defined relative to the torso. The torso is defined as
the point from which the gesture starts. The first point of signifi-
cant motion above a threshold defines the origin of the torso cen-
tric co-ordinate systems.

At present, there are three functional gestures; hand moving
away from a nominal torso position (‘‘reaching out”), hand moving
towards a nominal torso position (‘‘reaching in”) and a hand mov-
ing a constant radial distance about a nominal torso position (‘‘lat-
eral motion”). These functional gestures are appropriate for
characterising the hand motion element of a range of hand manip-
ulation tasks such as ‘‘picking up” and ‘‘pressing a button”.

The GR component contains an embedded real-time gesture
recogniser built using a time delay radial basis function (TDRBF)
neural network classifier [14]. The TDRBF network is a two-layer,
hybrid learning network [17,18] which combines a supervised
layer from the hidden to the output units with an unsupervised
layer from the input to the hidden units. The network model is
characterised by individual radial Gaussian function for each hid-
den unit, which simulate the effect of overlapping and locally
tuned receptive fields. Supported by well-developed mathematical
theory, the model provides rapid computation and robust general-
isation, powerful enough for real-time, real-life tasks. The non-lin-
ear decision boundaries of RBF networks make better general
function approximations than the hyperplanes generated by the
multi-layer perceptron (MLP) with sigmoid units and they provide
a guaranteed, globally optimal solution via simple linear optimisa-
tion. The radial basis function (RBF) neural networks is trained off
line with data from recorded sequences.

3.4. Object recogniser

The object recognition component (OR) reports presence and
location of object of interest in the scene. The MSER-LAF (locally af-
fine frames on maximally stable extremal regions) recognition
method [22,23,16] proceeds as follows: 1. Detect distinguished re-
gions (DRs). MSERs are used here, but any process producing image
regions stable under affine transformations can be exploited, 2.
Build local coordinate systems (LAFs), applying various affine
covariant constructions, 3. Define a measurement region (MR), an
image region of shape and size relative to the local coordinate sys-
tems, 4. Geometric normalisation: transform MRs of individual
LAFs into a canonical form. 5. Photometrically normalise RGB val-
ues in MRs, 6. Represent the normalised MRs by low frequency
DCT coefficients, 7. Local correspondences are established by corre-
lation of the DCT coefficients, and 8. Verify the object detections
hypothesised by local correspondence. The MSER-LAF method
was successfully applied to various object recognition tasks and
achieves state-of-the-art recognition results [22,23].

Two improvements towards robustification of the recognition
approach were proposed in relation to the ActIPret project. First,
the distinguished region detection was generalised. Besides inten-
sity MSER, extremal regions with other ordering of RGB values
were used, yielding lower false negative rate. The second improve-
ment was in decision making: a background model reflecting spa-
tial dependencies lowered the false positive rate. All details about
the robustification can be found in [24].

Besides standard performance measures of a recognition sys-
tem—the recognition rate and the false positive rates—the process
of activity interpretation requires the object recogniser to operate
in ‘‘near-real” time. Precision of localisation is also important, since
gestures and activity interpretation depends on co-locations of ob-
jects. The requirements are contradictory. To achieve maximum
recognition rate and highly precise localisation, complex recogni-
tion strategies have to be employed. The flexibility of the Actipret
framework prevents us to rely on fast, object-specific, hand tai-
lored approaches. On the other hand, the near-real time perfor-
mance requirement limits the generality and complexity of the
recognition method.

To optimise the speed of the recognition, we have proposed to
use an adaptive recognition strategy. First, in a learning phase that
is executed off-line, the recognition system is run in a mode that
maximises the recognition rate. After analysing the processes that
lead to correct recognition, only the smallest subset of recognition
sub-processes guaranteeing an acceptable recognition rate was se-
lected for further operation. Through adaptation, posed as con-
strained optimization, the fastest set up of the recognition
system achieving desired performance was found.

3.5. Object detector

Detection refers to the process of finding and locating an object
class. The task is to initiate tracking and recognition with a fast
process. This is in particular true for object recognition, which
operates too slow for real-time response. The object detector could
be tailored to the task of the CD-player scenario, where the main
target objects are CDs. Hence, the object detector (OD) finds ellip-
tical objects in the image. The algorithm works on edge segmented
images and makes explicit use of edge connectivity information
[34]. It is based on a hypothesise and verify method. Ellipse
hypotheses are formed of groups of arc segments. Efficient group-
ing of arc segments based on tangent intersections is used to sig-
nificantly reduce the exponentially large number of possible
groupings of arcs. The search for consistent groupings thus be-
comes a linear problem. Standard techniques are then used to fit
ellipses into groups of arcs.

The main task of the OD in the system is to provide precise pose
information to increase the robustness of the initialisation of the
object tracker. While object recognition is the slowest process (sec-
onds), object detection operates faster but still slower than frame
time (about 200 ms) and helps to refine the pose accuracy. This
information is then exploited in the object tracker, which operates
at frame rate (25–50 Hz). Additionally, running the object detector
can serve as redundant information server to the object recogniser
and, hence, it improves overall system robustness.

3.6. Object detector and tracker

The object detector and tracker (ODT) has the task to detect and
then track an object. It uses the OD for initialisation and subse-
quently a model-based tracking procedure. Object tracking ex-
ploits several model and image cues in the EPIC (edge-projected
integration of cues) scheme to obtain high robustness over an im-
age sequence [32]. It extends edge-based tracking of geometrical
features (lines, ellipses, arcs) towards integrating intensity and col-
our cues depending on object and background information.
Depending on the perceived scene complexity each feature can
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evaluate the present detection quality and use this to fine tune the
cue integration process [2]. While the initialisation using the OD
takes about one second, tracking using EPIC operates at frame rate.
The tracking method is available for exploitation as the tool vision
for robotics (V4R) [33].

Using the object model information and the appearance infor-
mation of the object from the last frame object tracking is the fast-
est and most precise way to follow the motion of an object. When
used in a larger system context, the crucial step of object tracking
is its initialisation. Hence this component is initialised with the
pose information generated by the OR and further refined by the
OD (see above).

3.7. Object relationship generator

The object relationship generator (ORG) has the task of
abstracting the metric information of the vision components into
symbolic information as used in the ARE. It has been introduced
between ARE and the vision components to relieve final activity
interpretation of this additional task. It will be shown in the next
Section (4) that it can efficiently and autonomously control vision
processing. Specifically, it executes a spatio-temporal evaluation
and delivers significant events in the scene and a nearness measure
to activity reasoning. Events extracted are, for example, lost or ap-
peared objects. These events are extracted in relation to the main
actor. For the scenario presented here the main actor is the hand
but could be any other motion generator in the scene.

The relationships that are needed for the activity interpretation
task are mutual proximity of two entities (hand and objects in the
scene at one instance) and the relation of an object near to the tra-
jectory of the main actor (object to object trajectory relationship).
Besides lost and appeared objects, objects moving consistently
with the main actor are also reported.

These two relationships can be subsumed by the measure
‘‘nearness”. Nearness is defined as the center-to-center Euclidian
distance between entities in 3D space. The nearness relation is ful-
filled if the Euclidean distance between two objects is smaller than
a certain value. This value depends on the type of the objects as
well as the velocity and orientation of the reference object motion.
Especially temporal changes of the set of related objects are of
interest, because this defines which objects became or are still of
interest or are no longer of relevance. Accordingly, hypotheses
depending on object relations can be created, further investigated
or cancelled. In a response to a query, entities are ordered accord-
ing to nearness. All relationships found are reported to ARE (see
Section 4). This has proven to be robust because of avoiding cut-
off parameters or other thresholds.

The ORG is implemented as an active database. It is active in the
sense of coordinating vision processing, that is, starting vision pro-
cesses depending on contextual information and keeping track of
relevant relationships. One part of this coordination task is the
scheduling of the components regarding their different temporal
and precision behaviour. Another part is the restriction of process-
ing to arranged parts of the work space, so called space of interest
(SOI), near the reference object. Section 4 will give examples of
how ORG is used for contextual control of the vision components.

3.8. View controller, view contract manager

In a system like ActIPret, which has restricted resources, it is
essential to control the processing of visual behaviour/services.
The most restricted resource in ActIPret is the view,1 therefore han-
1 A view is defined as the orientation of a camera and its optical ray through the
image centre towards the centre of the 3D space of interest requested by a
component.
dling the resource ‘‘view” is of main interest. A fitting view is vital for
the vision components to allow robust performance [7,12,15]. One
option how the resource view can be handled appropriately is to
use active vision systems.

Therefore the ActIPret demonstrator consists of two heteroge-
neous robot systems.2 Robot system 1 is a four degree of freedom
stereo camera head and system 2 a six degree of freedom robot
arm. On each robot system a stereo camera.3 pair is mounted and
the robots are controlled via a PC based industrial controller.

The idea behind the control mechanism [30] is based on a de-
central approach in which each involved service has limited spe-
cific responsibility, that matches the local knowledge inherent to
its task. A vision or interpretation component can decide what
the space of interest is and which service the component needs
to fulfil its task. But there is not enough knowledge to decide which
robot can provide the necessary view point. In contrast the view
control component knows motion capabilities, dangerous zones,
the status of the robot system and the quality to fulfil view re-
quests of individual components and the view contract manager
knows the overview of vision services running on individual ro-
bots, including the quality of the provided view. The quality is cal-
culated based on the current and requested robot position and
potentially contradicting view requests of other vision compo-
nents. The combination of the local knowledge of these compo-
nents in the ActIPret system enables vision services to request a
space of interest (like: close to the hand or in front of the hand)
and an appropriate camera system will provide the best possible
view point for the vision component. This concept provides the
ActIPret system with a task-driven control of the view behaviour
of the vision components.

4. Contextual control

As the ActIPret framework is a task driven system, no visual
processing at all takes place until a high-level task is established
by the activity reasoning engine (ARE). In the use case illustrated
here, the highest level task is to establish an activity plan. An activ-
ity plan is a concise account of the scenario specifying the relevant
objects and how they are acted upon [27].

The highest level of reasoning within the ARE is called the con-
trol policy. This represents the highest and most abstract level of
attentional control. The control policy is concerned with identify-
ing relevant initial objects in the scene and with determining what
type of behaviours it might be appropriate to look for. The top level
control loop for the ARE can be summarised by the following pseu-
do-code:

Start a service HAND_INFO to look for moving hand

objects
3

anywhere in the scene

WHILE (HAND_INFO is running)

HandCandidateSet = hand objects identified by

HAND_INFO
Maintain set of Visual Indexes for

HandCandidateSet

FOR ALL members y in HandCandidatesSet
Sony Fi
Request a service for GESTURE_RECOGNITION for

object (y)

Request a service for HAND_POSTURE_RECOGNITION
for object (y)

Request a service to determine objects for

tuple (y, NEAR)
botic system (http://www.amtec-robotics.com).
2 Amtec ro

reWire camera DFW-VL500.

http://www.amtec-robotics.com
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Determine Visual Index internal variables for

hand (y)

END_FOR
END_WHILE

The service HAND_INFO is provided by the gesture recogniser
(GR)/hand tracker (HT) pairing. The GR requests a service from
the HT to provide data on all hand candidate objects based on a
skin colour detection algorithm [1]. The HT provides this data to
the GR which then uses a simple frame by frame measure of
Euclidean distance between centroids to determine if any of these
hand candidates are moving. Object labels for those that are (the
ARE has no ability to process absolute positional data) is then re-
turned to the ARE. The ARE then selects those candidates that are
‘‘interesting” and makes a request to the ORG to observe whether
the selected hand objects are in relationships with other scene ob-
jects. The ORG uses information about the trajectories and posture
of the hand objects to determine what 3-D space models need to be
investigated (task based selection of 3-D ‘spaces of interest’). The
service to generate hand posture data is generated by a hand pos-
ture recogniser (HPR) and the services that generate data on spatial
relationships are provided by the ORG.

For each object warranted worthy of investigation, the ARE cre-
ates a visual index (VI). A VI is simply a collection of data items and
variables that relate to a specific hand object. These variables are
used to encode internal beliefs about the state of a hand object that
are relevant for task based control. Some of these beliefs are deter-
mined directly using information supplied by lower-level compo-
nents (e.g. whether the hand is currently moving), some are
inferred using internal knowledge acting on data returned from
lower-level components (e.g. whether the hand is near an object
whose categorisation suggests that it may be picked up) and some
is inferred according to previous actions (e.g., whether the hand is
full as a result of previously picking something up and the identity
of the objects picked up).
noyes
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Fig. 2. Predictive decision tree, based on control policy rule
The ARE uses the VI state data and a decision tree (shown in
Fig. 2) to generate action hypotheses (also stored in the VI as they
are hand specific) for each selected hand object, which, when con-
firmed, are collected and recorded in the activity plan. Whilst the
hand object remains in scope, these hypotheses are generated
and updated regularly. When the hand object goes out of scope
(i.e. disappears from view), the VI is deleted. The hypotheses are
derived from instances of dynamic bayesian belief networks
(BBN) which define what spatial and temporal evidence is relevant
and to be combined over time in a way that characterises the ac-
tions [28].

A key feature of the ARE/ORG pairing is the ability to select task
relevant objects (attentional selection). The computational load on
the ARE, and the number of service requests it makes to lower-level
vision components, is a function of how well the ARE and ORG can
select task relevant objects. If the selection criteria are too wide,
the benefit of attentional selection on the computational efficiency
of the whole system is lost. Conversely, if the selection criteria are
too narrow, there is a risk that the real significant objects are not
identified and an incorrect activity plan results, or no activity plan
at all. The ORG generates task based 3D spaces of interest for refer-
ence objects nominated by the ARE. Currently, the reference object
is a hand candidate selected by the ARE/HT pairing.

Information about the outputs of specific nodes in BBNs for a
specific reference object can also be used to generate ORG service
requests. The key concept here is that certain data is only required
to specifically confirm that certain actions have taken place. For
example, we visually infer that an object has been picked up by
combining data about the gesture of the reference hand object
and the disappearance of essentially non-hand objects at appropri-
ate times in the overall gesture sequence. We only need to look for
such lost objects when the reference hand has started to pull away
form the 3D location where the objects were previously believed to
be. So the activation levels of certain BBN nodes are used to deter-
mine whether it is appropriate for the ARE to generate additional
service requests to the ORG. For example, in the example BBN for
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the action ‘‘pickup” shown in Fig. 3 the ORG is only requested to
identify ‘‘lost” candidate objects that the reference hand may have
picked up when the activation level of the node pðX;ReachInÞ has
exceeded a pre-determined threshold value.

For the CD-player scenario below, there are three actions en-
coded: pickup, putdown and press. A number of states are de-
duced, notably the state of holding (also see Section 7).

5. Experiments

The system set-up as given in Section 2 has been imple-
mented in a component-based system that is distributed over
six PCs (on average 1.8 GHz CPUs). This enables operation in
frame rate for the hand and object trackers and reasonable
detection and recognition times of up to one second. Activity
interpretation can follow leisurely hand motions. If hands are
moved fast, detection and recognition processes are too slow
to report events in time. This set-up has been tested with several
persons. In the following we show operation of the system at
image level and subsequently evaluate one-hand and two-hand
sequences (Section).

Contextual control at reasoning level has been described in de-
tail above. This section will show the results of contextual control
at image level. The main goal of contextual control is to limit pro-
cessing time at components. Near real time can only be reached, if
highly focused processing can be achieved. The main source of
reducing computing time is to limit the region of interest (ROI)
C
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Fig. 3. Template BBN fo
in the image. The region of interest is obtained from projecting
the 3D SOI generated by the ORG into each image. Fig. 4 presents
two images from a sequence of one of the stereo images during a
hand activity. The boxes indicate the Region of Interest (ROI) in
the image that is generated from the SOI produced by the ORG.
The hand contour is indicated as well as the hand centroids of
the last tracking steps. Finally, results of ellipse detection are
shown. The ellipse shown in the right images indicates the search
for the CD after the put down action.

Since contextual control via SOI most influences computing time,
their operation is explained in more detail. A SOI is generated for
each request to a vision component motivated by the hand motion.
The SOI generated for calculating the ROI in each image is highly task
dependent. The following contextual information controls the size
and placement of the SOI. The motion of the hand changes the pre-
dicted pose and scales the size of the SOI. Faster motion increases
SOI size. The hand posture and the expected object (from task
knowledge) both influence the SOI size, for example a grasping hand
posture produces a larger SOI than a pointing hand posture. Finally,
the specific vision task influences the shape and pose of the SOI. E.g.,
detection of objects the hand might interact with produces a large
SOI depending on the nearness parameter set in component ARE.
When attempting to verify the existence of an object, e.g., after pick-
ing up an object it is checked which object is gone, SOI size is twice
the object size. If the vision task is to initialise the object tracker
using the result from Object detection or recognition, SOI size is only
20 percent larger than the object size.
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Fig. 5. The same two instances as in Fig. 4 showing the 3D display with annotated data of hand tracks, locations of CDs and the concepts interpreted up to this point. The
spheres represent the SOI, larger in the left image to search for an object near the hand, smaller in the right image to confirm the CD in the drawer.

Fig. 4. Two samples of an activity sequence of 223 images at the moment when the first concept is generated, shortly after the open button is pressed, and at the end of the
sequence. The boxes indicate the region of interest (ROI) in the image that is generated from the SOI. The hand contour, as well as the last hand centroids and results of ellipse
detection are shown. Ellipse detection in the last image operates as confirmation if the CD was placed in the drawer after it has been invisible during the transfer in the hand.

4 See http://robsens.acin.tuwien.ac.at/actipret/Sites/videos.htm for the sequences.
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Fig. 5 gives the resulting SOI in correspondence to the two
images of Fig. 4. It uses the 3D interface of the framework to dis-
play the table configuration with player and objects and the 3D
hand trajectory.

The final outcome for the activity sequences shall produce the
natural language output: Hand 1 pressed the Eject button, picked
up Object cd-intel at an unknown location, put down Object cd-in-
tel in the tray, and pressed the Eject Button. The screen shot in
Fig. 5-right is taken after the first three have been reported
correctly.

Contextual control enables the near frame-time activity inter-
pretation in this scenario. If processes would run on the full image
size, neither tracking could be as precisely as here (e.g., with 3D
contour and finger points) nor detection or recognition would de-
liver results adequately for on on-line activity interpretation. Con-
textual control focuses processing to typical ROIs of about 150–200
pixels square, which gains a factor of 8–15 over using full images
for processing.

Even more drastic is the situation in a two-hand set-up. Using
the same scenario, two hands have been used to execute the press-
ing and grasping motions to put a CD in the CD-player. In this sce-
nario, two main actors are present. For each main actor the same
processes of reasoning and of contextual control in ARE and ORG
are executed. While ARE finally fuses the high level results to ob-
tain the activity sequence, ORG generates a SOI for each hand.
When coordinating the vision components, the two SOIs are
merged to reduce processing effort. In some cases, e.g., the hands
are far apart, two ROIs remain, e.g., in Fig. 5. Fig. 6 shows an exam-
ple from the two-hand scenario again with the 3D display. The left
and right hand are visible as well as the spherical SOIs. Trans-
formed to the image this means that, e.g., detection operates in a
region as indicated in the image on the right.

6. Performance evaluation

The main feature of this work is to achieve real time control for
a complete vision system integrating twelve components to inter-
pret activities of a person handling objects. One-hand and two-
hand activities have been evaluated with respect to the achieved
performance in respect to achieving real-time and extracting the
correct symbolic description. This has been evaluated with the
use of several sequences. Specifically we report two one-hand
and two two-hand sequences, where the speed of hand motion
throughout the sequence varies slightly. If requested the sequences
can be made available.

Fig. 7 summarises the evaluation.4 Performance is indicated in
relation to achieving the optimal result of reporting the four cor-
rect activities as indicated in the previous Section. The slow
down factor indicates the slow down versus frame rate of
25 Hz. While the hand tracker operates at frame rate, in partic-
ular attentive processes such as object detection and object rec-
ognition are slow and cause a delay in reporting results. Hence
interpretation at the ARE is made more complicated and ARE
needs to keep track of open hypotheses until results become
available. An example is the put down of the CD in the CD-
player, which is confirmed by looking at the location where
the object has been put down. If processing is slow or hand mo-

http://robsens.acin.tuwien.ac.at/actipret/Sites/videos.htm


Fig. 6. The spherical (circular) SOIs in a two-hand scenario (left) and the projected ROIs in one of the stereo images (right). The yellow left regions (SOI resp. ROI) are a
contextual confirmation step to verify that the CD has been placed in the drawer, while the blue regions indicate the search for potential objects of interest in front of the
present hand motion. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this paper.)

Sequence # Slow down factor Performance [%]

1Hand-a 4 100

1Hand-a 2 95

1Hand-b 4 97

1Hand-b 2 95

2Hand-a 8 50

2Hand-a 4 66

2Hand-b 8 71

2Hand-b 4 74

Fig. 7. Results of evaluation on one-hand and two-hand sequences. Example
images are given in Figs. 4 and 6, respectively. The performance values are averages
over 10 runs. The two-hand scene contains more CDs than the one-hand scene.
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tion fast, the drawer of the CD-player is closed before ARE re-
quests a contextual control command over ORG to OR. With a
slow down of factor of 4 the best results are achieved for all se-
quences. Two-hand sequences do not work for a slow down of
two due to computational overload. Allowing further slow
downs does also not increase performance, since ARE needs to
cope with even more hypothesis and hence requests even more
time to resolve the interpretation task.

A further evaluation regards specific components or subsys-
tems. Components such as hand tracker or gesture recogniser
worked with 100% performance at frame-rate for the one-hand se-
quences and, given enough time, on the two-hand sequences. Com-
ponents such as object recogniser or the org subsystem (together
with object detection, recognition and tracking) do not show per-
fect operation even when run alone. For example, OR fails in 2%
of recognitions. This means that for each CD and each image of
the sequence, in 98% of these cases the CD is correctly localised
and recognised. ORG fails in 3% of cases, which means that of
course wrong recognition does no allow to initiate tracking and
additionally tracking can fail, e.g., the location is not accurate
enough.

The advantage of adding a hand posture recogniser (HPR) to the
system has been specifically evaluated. Tests have been conducted
with the 1Hand-a Sequence over a mean of ten runs as above.
Without the HPR performance drops for both slow down factors
by 7%. Without HPR the difference between grasping and pointing
must be inferred from the gesture and the interaction with the ob-
ject (CD vs. button). With the HPR an additional cue is available
that aids in pruning the hypothesis and, hence, increases system
robustness.
To summarise, with high performance PCs this system should
operate at frame rate without any slow down factor today. Never-
theless, the example images of the sequences indicate that the set-
up is natural though limited to a few CDs. Adding cues from multi-
ple sources, e.g., HPR, increases system performance. Moving to an
open setting would require to add even more cues and to further
improve all components individually.

7. Results and discussion

The objective has been to demonstrate that a task-oriented ap-
proach enables to focus processing such that extensive visual pro-
cessing (two tracking and four detection and recognition processes,
which individually require most processing power of the six com-
puters) is feasible near real-time (i.e., frame rate). Contextual con-
trol has been exploited starting from activity reasoning in ARE over
spatio-temporal reasoning in the ORG down to coordinating the vi-
sual processes.

This interplay of reasoning and visual processes enabled to gen-
erate on-line a semantic description of hand–object activities. The
system achieves the integration of top-down task/context-driven
processes with bottom-up visual processes. A problem encoun-
tered in symbolic interpretation is to ground symbols [9]. While
it is classically considered a bottom-up problem, the task-oriented
approach shows that it is also a top-down problem. A good exam-
ple is the concept of pick-up-able, which is required to focus pro-
cessing to relevant items near the hand. It is difficult to translate
pick-up-able into specific visual features or processes. Within this
work it has been solved by restricting detection and recognition to
the specific and known objects for recognition (e.g., categories such
as CDs, buttons as part of the CD-player). In a more general set-up
it would be also interesting to cope with new objects.

The activities in this scenario could be composed of three ac-
tions: grasping, putting down and pressing. They are generic prim-
itives and it was easy to handle a different set of objects and
another task, e.g., Lego bricks and a stacking task (see Fig. 8). In this
case the hand tracker has been additionally trained to detect the
colour of and outline of the bricks.

The activities have been learned (e.g., GR and ARE) and thus
achieve a signal to symbol conversion. As detailed in Section 4,
the action models are given by the structure of the dynamic Bayes-
ian networks. The instantiated sets of actions making up activity
plans are learned from running the system on scenario examples.
Of particular value for the on-line performance turned out to be
‘‘common sense” assumptions. Examples are the focus on hands
as main actor, starting the activity with an empty hand, each activ-
ity is executed with one hand at one time, a hand with an object



Fig. 8. Activity interpretation for stacking Lego bricks using the pickup and putdown activities. The images are from the situation (the 3D representation with SOI and
concepts is right and the image with ROI left) where the hand has just put down the second block. The block is detected with a location on top of the first block.
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remains in view, and there is enough visible movement between
activities. These assumptions help ARE to select services at ORG
(and subsequently the vision processes) and thus aid in pruning
the activity hypotheses to achieve real-time processing.

Another principle that turned out to be useful in such a sys-
tem but also for each of the components, is the principle to
clearly design what decision can be made at each level. This re-
sults in the proposed architecture and implements the principle
that the next higher level will decide what cannot be more lo-
cally decided at lower levels. Examples are the nearness reason-
ing in ORG, which does not consider all possibilities but a
reasonable selection and leaves the final decision to the ARE,
since the nearest object might not be the correct instant in each
case. This principle also naturally exploited the task-driven oper-
ation, since higher level processes will also request information
to enable this decision making. Another example is the more lo-
cal vision processing of hierarchical grouping in the ellipse
detector [34].

8. Conclusion

This paper presents a system for activity interpretation inte-
grating all levels of a cognitive vision system starting with im-
age-based detection, tracking and recognition approaches, over
using intermediate 3D representations of spatio-temporal rela-
tionships, to finally arrive at the level of activity interpretation
that leads to a symbolic description. The objective was to dem-
onstrate that such a system can be achieved and purposefully
coordinated. We then showed that contextual information en-
ables the efficient control of visual processing. In this manner
purposive and reactive processing could be combined to arrive
at the level of symbolic activity interpretation. The scenario cho-
sen served the interpretation of activities to operate a CD player
with one or two hands. Different persons executed the task in a
pre-learned (type of objects, gestures and activities) but natural
environment. The system was demonstrated life, e.g., at ECCV
2004. Presently the system requires six PCs to operate near
frame-rate, however with the steady increase of computing
power moving to more complex scenarios or more portable
hardware can be realised shortly.

The component-based approach and framework realisation
proved to be a valuable tool for integration and to study the
interaction of the vision and reasoning components. It provided
the necessary tools for debugging such a complex system [25].
The approach to encapsulate capabilities in components is a
mean to combine diverse methodologies to vision in one system.
It also aids in reusing components for similar tasks. And the data
abstraction obtained produces generic concepts (SOI, pose, sym-
bolic) for potential integration with other sensing modalities.
As an example, the same set-up has been used to interpret activ-
ities in a stacking task. Fig. 8 gives an image and the concepts
generated.

The evaluation of the work has been done by using recorded se-
quences extensively. They helped to improve and strictly evaluate
performance. However, visual processes tend to be tuned to (or
even adapt and learn) the specific characteristics in the images.
Hence, to achieve good performance in an open set-up and differ-
ent users, development should include real world scenarios regu-
larly. A final lesson learned was that although individual
processes (tracking, recognition) become more and more robust
by themselves, system robustness could be increased by combin-
ing multiple cues reaching from common-sense assumptions to
the integration of detection (OD) and recognition (OR) or the addi-
tional use of hand postures besides hand tracking.
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