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Executive Summary 
 
The work conducted as part of the RA2 Detection and Understanding of Human Activities during the 
second phase (month 12 – month 24) was organized in three workpackages: 
WP2.1 Detection and perception of body parts based on sensor features 
WP2.2 Human body model: Integration and fusion 
WP2.3 Context based interpretation and classification of activities 
These workpackages are closely linked together along an overall process chain, which is depicted in 
Fig. 1. It consists of a 3 level architecture, which enables the integration of different tracking 
algorithms, and the fusion of results into an abstracted 3D human model, which serves as input for the 
activity recognition. Beside the modularity, the strengths of the approach lie in the fact that tracking 
algorithms of different complexity and granularity can be fused together. The fusion is guided by a 
confidence measure, which has to be provided by each tracker. Reciprocally, the tracker granularity 
can be specified by the algorithms of the high level through quality parameters. The whole process 
consists of two streams, namely the information flow downwards and a control parameterization 
upwards.  

 
Fig. 1 Connections and relations between the different workpackages in RA2 
Within the second phase, some effort was spent in order to improve the developed tracking methods 
with respect to robustness and computational cost. Further, in the context of WP2.2 a fusion 
framework, able to fusion 2D and 3D data has been implemented. In parallel, complementary fusion 
methods based on Particle Filtering were implemented as part of the developed 2D tracker. For 
WP2.3, a set of activities has been derived in cooperation with RA3, and a classification mechanism 
has been developed, which is able to distinguish a large set of activity classes. Also within WP2.3, an 
object attention system has been set up and implemented. It enables the robot during a dialogue to 
resolve references to objects and spaces that are currently in focus by a combination of verbal 
information, gesture recognition and color-based object models. 
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The report is structured in 3 sections according to the workpackages. Each section starts with an 
outline of the performed work and the presentation of the role of the partners. Next, the work 
description and the achieved results are presented along referenced publications. Finally, an outline 
concerning the future work is given.  
 
Role of RA2 in Cogniron  
 
The main goal of RA2, the detection and understanding of human activities, denotes one of the basic 
components of a robot acting in close cooperation with humans. This capability builds the basis for or 
is at least strongly linked to all other components of a “cognitive robot” like a multi-modal dialog 
system (RA1), interaction and social behaviour (RA3), learning through demonstration (RA4), multi-
modal situation awareness and spatial cognition (RA5) and finally for deciding whether to take 
initiative (RA6). 

RA2 has a close link to RA1. This is formed via WP2.3, where the Object Attention System (OAS) 
has been developed and will be extended. This OAS is an integral part of the dialogue system, which 
is developed within RA1.  

RA2 and RA3 also collaborate closely, with WP2.3 and WP3.4 working together in a loop. Within 
RA3, occurring human activities are derived from user studies, which are then implemented in RA2. 
Additional input on occurring features for these activities will be provided by RA3, while RA2 in turn 
supports the user studies which are carried out by RA3 with the developed tracking systems to give 
feedback both to the user and to the developers. 

RA4 and RA6 both benefit from the results obtained in RA2: For learning and imitation (RA4) as well 
as for physical interaction and decision making (RA6) it is crucial to have information on the human 
body pose and the currently performed activity. 

To obtain information about objects and places, which is needed as additional input (“extrinsic 
features”) for activity recognition as well as for the Object Attention System, RA2 relies on RA5. 
Here, RA2 incorporates results from object and space modelling. 

 
Relation to the Key Experiments 
 
Results of RA2 will be used for all Key Experiments (KEs). In KE1 (Home Tour Scenario), 
functionalities for human body tracking (Cogniron function CF-PTA), for 3D gesture recognition (CF-
GR), for resolving object references (CF-ROR) and for detection of human activities (CF-ACT) will 
be especially demonstrated. Tracking functionality will be provided by WP2.1 and WP2.2, while 
recognition and interpretation of human gestures and activities results from WP2.2 and WP2.3. 
KE2 (The Curious Robot) focuses also on human-robot collaboration. Results on recognition, 
interpretation and understanding of human actions and activities (CF-ACT) from WP2.3 will be 
integrated there. For haptic interaction like passing objects information about the human body 
configuration is crucial and will be provided by CF-TBP within WP2.1/WP2.2.  
The ability to observe human actions is also requisite for KE3 (Learning skills and tasks), which 
focuses on learning from observation of humans. Humans performing e.g. manipulation tasks have to 
be observed in order to reason about the performed task. So the functionality of tracking body parts 
(CF-TBP) containing trajectories characterizing the performed motion will be part of KE3. 
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1 Detection and perception of body parts based on sensor 
features (WP2.1) 

1.1 Introduction  
The objectives of the work done during the second project year in WP2.1 were the development, the 
implementation, as well as further improvements of tracking methods for 2D and 3D tracking of 
humans and human limbs. For both cases different tracking methods were implemented in order to 
cope with requirements like accuracy, robustness, reliability and computational time. 
Fig. 2 shows how the different parts of the developed methods work together, respectively what 
information is transferred between them. Note that the fusion of tracking results is done in WP2.2, but 
even on the level of tracking methods the exchange between different modules is enhancing the result 
of every single method. 3D tracking is based on a Time of Flight sensor and is needed for gathering 
the trajectories of limbs and the whole body configuration. Since the resolution of the sensor is not 
fine enough, finger and hand movements can’t be tracked. Therefore, for close and mean range 2D 
vision tracking is used in order to track hands (configuration or pose) or the head (direction). For a 
robust tracking a good initialisation respectively a coarse position estimation of body parts to track is 
advantageous. Such information combined with the identification of humans at long distances is 
provided by another 2D vision based tracker taking into account the movement of the robot. Further 
plausibility measures are used to estimate the quality of the tracking.  
 

 
Fig. 2 Organisation and information flow between the developed methods. 

1.2 Work description 
 
For the coarse human tracking the work was done on improving the video based human tracking and 
detection methods developed in the first phase. It is assumed that there are initially a few persons in 
the clear space in front of the robot and that they can be reliably detected using a simple state of the art 
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algorithm, for example, motion segmentation as we did in the first phase. The histogram based 
representation from the first phase was used to model and track the person. We developed a Bayesian 
framework where the histogram based representation can be combined with different image cues. We 
tested the robustness of different Bayesian filtering schemes for person tracking using color histogram 
based features combined with image motion features. For details please refer to [1, 4]. Furthermore we 
prepared experiments to collect and annotate video and other sensor data in targeted the scenario of 
person following the robot (and other way around). 
 
For 2D tracking of humans and body parts at several ranges, a particle filtering framework was 
developed [2], which enables the design of 2D visual trackers fusing/combining in a principled 
manner information that comes from various measurement sources. Although this fact has been 
acknowledged before, it has not been fully exploited in the robotics context. Several such 2D visual 
trackers were implemented, relying on various visual cues (based on all or parts of colour, shape, 
motion) and diverse particle filtering schemes. The aim was to increase the versatility and reliability of 
2D trackers dedicated to human limbs for three Human-Robot (H/R) interaction modalities: (i) short-
range head tracking for proximal H/R distance, (ii) human tracking for mean-range H/R distance, (iii) 
monitoring for long H/R distance. 
 
For the 3D human tracking, the work addressed in the past year concentrated on the implementation of 
fast and robust methods. The aim was to enable the Iterative Closest Point (ICP) based fusion and 
tracking framework to track a person with more than 10 Hz frame rate and cope with natural limbs and 
body movements. For this the used articulated 3D human body model was enhanced by introducing 
new joint models, which represent the human joint constraints in terms of degrees of freedom. The 
joints between the cylinders of the human representation are modelled as artificial point 
correspondences, which results in a set of forces and torques maintaining the model constraints. (For 
details on the used joint models refer to section 5 of [3].) By doing so, the constraints are an immanent 
part of the ICP based tracking, which directly leads the human configuration iteratively to a next valid 
one. Finally with the aid of improvements on the calibration of the 3D sensor (Time of Flight) and 
optimizations of the software implementation, the goal of robust tracking was reached. 

1.3 Results  
 
For coarse human tracking [1, 4] a large set of surveillance data is used to test the robustness of 
different Bayesian filtering schemes for the person tracking using colour histogram-based features 
combined with image motion features. The method is evaluated by measuring the number of 
misidentified observations (identification error) and the error in the number of distinct people 
recognized from the data. The persons were observed in two places with similar illumination 
conditions. During a second experiment, the platform travelled a longer distance, between two places 
where the illumination conditions changed significantly. In this case one out of five encountered 
persons was wrongly identified as a new individual (rather than a previously observed one). The 
complete set of labelled clips is available at the following address: 
http://www.science.uva.nl/wzajdel/Icra05. 
The experiments simulate home-like environments, where the robot has to cope with a small number 
of distinct persons. The tests show, that although the robots postulates a new person with every new 
local trajectory, the model is able to estimate the number of distinct people when the illumination 
changes slowly. The results shows that the various multiple hypothesis filtering schemes perform 
similarly on the dataset. The Kalman doesn’t fulfil this requirement as it maintains only a single 
hypothesis. Another conclusion is that the robustness to varying light conditions still needs to be 
improved. 
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For 2D short and mean range tracking [2] the particle likelihoods defined from the visual cues, 
together with the importance functions specified from visual detectors, were thoroughly evaluated off-
line on images grabbed in the robotics context, in terms of discriminative power, precision and time 
consumption. Concerning the estimation engine, the standard particle filtering formalism as well as 
alternative schemes were evaluated in order to check which ones best fulfils the requirements of the 
considered H/R interaction modalities. The evaluated strategies are CONDENSATION, 
ICONDENSATION, the Auxiliary Particle Filter, the Rao-Blackwellized Subspace History-Sampling 
Sampling Importance Resampling (RBSSHSSIR) algorithm and the Hierarchical Particle Filter 1. 
The performance of the trackers, as well as their robustness w.r.t. illumination and appearance 
changes, occlusions and jumps in the dynamics, were assessed on many representative sequences in 
the context of the three H/R interaction modalities mentioned above. For each of these, a separate 
visual tracking strategy was thus selected, namely, the head tracking modality combines motion and 
shape cues into a CONDENSATION algorithm, the human tracking modality merges shape and colour 
information into a RBSSHSSIR algorithm, while the monitoring modality relies on color and motion 
distributions into an RBSSHSSIR algorithm. 
The selected trackers were implemented on the Rackham robot for KE2. The whole evaluation is 
gathered in the PhD thesisof Ludovic Brèthes (defended on 2005/12/13) [8], and will soon be 
submitted for publication. An excerpt [5] of some results of the thesis, which are presented on 
http://www.laas.fr/~lbrethes/KE2_2k5/, is appended to this document.  
 
The 3D-ICP based tracking approach [3] does not include any background knowledge apart from 
kinematic constraints, i.e. no assumptions like “the torso stands always upright” are made. This 
implies on the one hand that all possible body configurations can be recognized; on the other hand, the 
tracking can succeed only if the input data contains all necessary information to determine the human 
posture, and no tracking hypothesis can be generated for temporarily invisible body parts or 
ambiguous configurations. 
The current frame rate is approx. 10-14 Hz. The computation time depends on several factors: It scales 
linearly with the number of measured 3D points on the model; background points are removed in an 
early stage and do not distinctly influence the needed time. It also depends on the number of ICP steps 
performed in each frame, which is approx. 3-15, depending on the desired accuracy and the speed of 
the movement. 
The evaluation step consisted in recording a set of 100 sequences which contain ten different 
movements from several persons: e.g. point somewhere, walk, wave, shake hands with somebody, 
bow or clap. The tracking results have then been evaluated and classified manually into one of three 
classes: (0) Tracking lost somewhere within the sequence, (1) acceptable deviations like a temporally 
lost (but recovered) forearm within a walking sequence, and (2) good congruence between original and 
resulting model movements. The evaluation result showed that only in 5% of the sequences the 
tracking had lost the subject completely and for 32% minor temporal deviations had occurred.  
Different conclusions can be drawn from the results. Huge movements are easily detected by the 3D 
data based tracking: The “bow” movement is tracked quite well. On the other hand, fast movements 
with the extremities may cause failures when only 3D data is used, as with the “wave” movement. The 
experiments also have shown that tracking based only on the measurements of the Time of Flight 
camera is not sufficient. Especially movements along the main axis of the body (e.g. sitting down) can 
hardly be detected, which substantiates the use of different data inputs for a fusion algorithm, which is 
described in WP2.2, and also the results derived from the fusion of 2D and 3D tracking. 
 

                                                      
1 The CONDENSATION and ICONDENSATION algorithms were formerly developed by Blake and Isard in 
1996 and 1998, respectively, the Auxiliary Particle Filter was defined by Pitt and Shephard in 1998, the 
RBSSHSSIR algorithm was developed by Torma and Szepesvári in 2003, and the Hierarchical Particle Filter is 
an extension of the Partitioned Particle Filter (Mac Cormick and Isard  2002) developed by Pérez et al. in 2004. 
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1.4 Future work 
 
For the future, the existing detection, identification and tracking methods will be further improved. 
Especially the initialisation and plausibility checks will be integrated in the tracking algorithms.  
Concerning coarse tracking, we plan to extend the current features by additional visual cues and to use 
different invariant representations. Handling of partial occlusions will be approached by explicitly 
modelling occlusions of different parts of the coarse human model. Furthermore, the geometric 
constraints and motion models for human and robot including robot odometry should guide the 
initialization and tracking. Finally, in collaboration with RA3, we will investigate the scenario of robot 
following human and vice versa. This analysis will be used to develop appropriate, - mainly vision 
based- perception methods for this special situation, which is especially applicable for KE1.  
Concerning future developments of the 2D short and mean range tracking, work will be done 
concerning the introduction of auditory cues to vision-based human tracking, based on the information 
delivered by a wideband sound source localization system under development at LAAS2. 
The focus of the 3D tracking will lay on the observation of manipulation actions, were a major point is 
the tracking of the hand and the grasped object. In the framework of the ICP tracking simplified object 
models will be integrated into the human model by extending the kinematic chain. This work will be 
done in close collaboration with RA5 were object recognition and learning of these models is 
investigated. 
 

1.5 References 
[1] W.Zajdel, Z.Zivkovic and B.Krose, Keeping track of humans: have I seen this person before?, 
ICRA 2005, Barcelona, Spain, 2005. 
 
[2] Ludovic Brethes, Frédéric Lerasle, Patrick Danès, Data fusion for visual tracking dedicated to 
human-robot interaction , ICRA 2005 
 
[3] Steffen Knoop, Stefan Vacek, and Rüdiger Dillmann, Modeling Joint Constraints for an 
Articulated 3D Human Body Model with Artificial Correspondences in ICP, International 
Conference on Humanoid Robots (Humanoids 2005), Tsukuba , Japan 
 
[4] Z. Zivkovic, A.T. Cemgil, B. Krose, Approximate Bayesian methods for kernel-based object 
tracking, IEEE Transactions on Pattern Analysis and Machine Intelligence, (journal paper under 
revision). 
 
[5] Excerpt from http://www.laas.fr/~lbrethes/KE2_2k5/ 
 
[6] S. Argentieri, P. Danès, P. Souères, Prototyping Filter-Sum Beamformers for Sound Source 
Localization in Mobile Robotics, ICRA'05 
 
[7] Sylvain Argentieri, Patrick Danès, Philippe Souères, and Pierre Lacroix, An Experimental Testbed 
for Sound Source Localization with Mobile Robots using Optimized Wideband Beamformers, 
IROS'05 
 
[8] Ludovic Brèthes. Visual Tracking using Particle Filters. Application to H/R interaction. PhD 
Thesis, LAAS-CNRS and Paul Sabatier University, December 2005. 

                                                      
2 Some preliminary work on sound source localisation has been performed and presented in [6, 7] 
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2 Human body model: Integration and fusion (WP2.2) 

2.1 Introduction 
In the context of the WP2.2, fusion of information cues was implemented on different levels. Two 
different fusion aspects were focused: first, fusion of sensor and feature cues within the frameworks of 
the different tracking methods (2D with different ranges and 3D) and second, global fusion of the 
tracking results into a 3D human body model. From the point of view of an integrative human model 
the two fusion aspects can be viewed as local (first case) and global fusion methods (second case). The 
border between the two cases is not strict and will be part of future investigations. Especially the 
fusion frameworks based on Particle Filtering and ICP will be focused in the next period in order to 
gather a very good solution for the separation problem.  
In Fig. 3 the role and contribution of the partner involved in WP2.2 is presented. The developed local 
fusion methods are obviously closely related to the developed tracking algorithms in WP2.1. 
 

 
Fig. 3 Organisation and information flow.  
 

2.2 Work description  
 
During the past year, an ICP based fusion and tracking framework named VooDoo [1] was developed. 
It follows a new approach for fusion of different input sensors and cues for tracking immanently into a 
3D human body model. This approach is able to incorporate tracking information from 3D sensors like 
Time-of-Flight-cameras (ToF) or stereo reconstruction, together with cues from 2D trackers entailing a 
single camera.. The system is designed to work solely with sensors on-board the robot. It can perform 
tracking and fusion in real-time at about 10-14 Hz.  
The main features of the VooDoo fusion method are: 

- real-time immanent fusion of different tracker and sensors inputs  
- hierarchical model of body and body parts 
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- fusion based on confidence measures for every input cue 
- integration of plausibility check for body configurations 
- adjustable tracking granularity on body part level  
- output of confidence measures on body part level  

In Fig. 4 the structure of the Voodoo algorithm is presented. The algorithm is based and guided by the 
ICP iteration (main loop), which incorporates different modules. Fusion of all data is done on the 3D 
point level, according to the working principle of the ICP. 2D information, e.g. from a monocular 
system is mapped to a ray into the 3D space and associated to the corresponding body part. 3D 
information is inserted depending on the correspondence level into the different modules. All points 
are weighted according to the confidence measures, by increasing the point weight3. The resulting 
confidence measure is computed from the associated / used normalized number of points 
corresponding to the body parts.  

 
Fig. 4  Structure of the VooDoo algorithm [2].  
 
The Plausibility Checker function tests the results of the human tracking algorithm in order to 
determine the actual validity of a current configuration. A data base of rules and facts has been set up 
according to medical literature [4], which allows distinguishing between enfant, children, youngster, 
and adults. At start the plausibility checker function compares ratios of head/body size and shoulder 
width/body size with predefined values. If the ratios are correct, further tests will be initialized based 
on the category of the detected person. The checking is split in two phases: checking of the length of 
each limb and checking the joint angles of the limbs.  
 
Some preliminary work was done in [2] regarding an appearance-based approach for 3D tracker of 
human limbs. It concerned the fusion of 2D features in order to estimate the configuration of a 3DOF 
arm by Unscented Kalman filtering. This appearance-based 3D tracker will be extended to all the 
upper human limbs, based on the combination/fusion of visual cues developed during the 2nd phase of 
the project together with information coming from 3D sensor (TOF or stereoscopic system), and 
considering alternate stochastic estimation schemes. This work will be continued during the following 
project phases, where some effort will be devoted to increase the overall precision and robustness and 
to achieve satisfactory computational performance. 
 
Besides the work on local fusion method in the particle filtering framework in the context of 2D 
tracking already presented in section 1.2, the fusion of visual and acoustic cues will enable 2D person 

                                                      
3 Increased point weight does not influence the runtime of the ICP loop.  

* BB denotes bounding Box
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tracking without a laser-range finder [3]. This allows reliable tracking of communication partners and 
also constitutes a valuable input cue for 3D fusion. 
 

2.3 Results  
 
The evaluation of the fusion capability of the VooDoo framework was done by using 3D point clouds 
and the corresponding color images from 100 sequences of movements of different subjects. The 
evaluation was done separately by testing the tracking with 3D and 2D data only and finally using 
both input cues. The 3D data has been acquired with the Time of Flight camera and the 2D data is 
derived from skin color segmentation in one image of the stereo camera. The extracted skin blobs were 
associated to the hands and the head of the tracked persons. For fusion the corresponding lines 
(integration of 2D information in the 3D space) were connected to the endpoints of the forearm 
cylinders respectively the head centre. For the results presented in [1], the following weights for the 
input data have been used: 3D data points w = 1.0, face tracker w = 30.0, hand tracker w = 20.0.  
Comparing the results of the isolated tracker and the fused one, it can be seen in [1] that the later 
overcome the weaknesses of the single algorithms. For example a “bow” movement is not tracked 
correctly by the 2D tracker, and on the other hand the “wave” movement is not followed correctly by 
the 3D tracker. All used sequences can be found on http://wwwiaim.ira.uka.de/users/knoop/cogniron. 
This test set will be used for further evaluation and data sharing.  
The introduction of the 2D hand and head tracking cues does not influence the frame rate of the 
VooDoo fusion algorithm. As stated earlier, the frame rate depends on the number of different 3D 
points, and that means that either higher weights of points have no negative effect and also a constant 
number of lines (three in the experiments) from the 2D tracker can be neglected for the cost estimation 
of the algorithm. Therefore, the frame rate remains on 10-14Hz using approx. 3 – 15 iteration steps for 
one frame. Through the integration of different trackers the number of iteration steps will be 
decreased, due to a better estimation of corresponding body parts.  
 
Concerning the results for fusion of several upper limbs within the particle framework a conceptual 
proof was done. The extension of the 3D tracker to all the upper human limbs planned for the next 
phase will give a reliable estimation of the potential of the method. The outcome of that work will 
serve as basis for the comparison of the two fusion frameworks and consequently enable to decide 
how to design the interface between them, respectively define the separation between local and global 
methods.  
 

2.4 Future work 
 
The status of the implementation of the VooDoo framework in terms of methodology and interface is 
nearly complete and a first evaluation performed. However, the integration of all tracking algorithms 
presented in WP2.1 has to be done next and hereby the adaptation in form of development of mapping 
strategies for the confidence measurements will be the focus of the further work in this workpackage. 
Additional work on model parameter estimation from key poses will be carried out, in order to 
improve the initialisation of the algorithm.  
Another topic of work will be the comparison and evaluation of the fusion schemes (ICP versus 
Particle Filter based methods), as well as the derivation of feasible tracking quality measures.  
Future work will be dedicated to fusion of appearance and visual cues for 3D human tracking purpose.  
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3 Context based interpretation and classification of activities 
(WP 2.3) 

3.1 Introduction 
The objectives of WP2.3 during the second year stressed four aspects of human activity interpretation 
and classification (Fig. 5). As the first aspect (user) studies on gesture and activity classification were 
performed in close collaboration with RA3, RA1 and RA6 in order to identify gesture and activity 
classes and possible discriminating features. The outcome is passed to the recognition modules. The 
second aspect denotes the classification of communicative and commanding gestures based on 2D 
tracking information. The third focuses on the implementation of a classification framework for basic 
human activity recognition.  
The fourth aspect tackles as part of WP2.3 was dedicated to the interpretation of pointing gestures in 
terms of dereferencing of objects. As underlying work, the focus of attention of the system had to be 
determined and controlled. This work is done in collaboration with RA5 (object learning and 
recognition) and RA1 (specification of features through dialog), and has a broad interface to RA3 
providing the intention of a pointing gesture.  
 

 

Fig. 5 Structure of performed work and the role of the involved partner 

3.2 Work description 
 
For the classification of gestures a methodological approach for identification of the human intent 
behind a gesture is discussed in [3]. The classification is intended as a generally applicable basis for 
incorporating the understanding of gestures into human-robot interaction. In order to infer intent from 
gesture, a broad classification of types of gestures into five main classes is introduced. The 
classification stresses the fact that for robot interaction there is a strong need to take into account not 
only the kinematics, but also the interactional context. To each of the five distinguished classes, the 
defining characteristics and associated intents are given. Further, some requirements of the operational 
classification and initial steps for its deployment are discussed. This work has been performed in 
collaboration with RA3 and was extended by recent user studies on manipulative activities. The 
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current work and the planned user studies on various situations related to the Key Experiments will 
give a refinement of the classification and the corresponding defining characteristics. 
 
Concerning 2D communicative gestures interpretation, the approach [4] has been devoted to the 
classification of hand configurations (depending on the number of open fingers) and of fronto-parallel 
motions in the video stream.  A mixed-stated CONDENSATION has been proposed to detect the most 
likely hand posture and canonical motion model, thus ensuring an automatic switch between multiple 
templates/motions in the tracking loop. The aim is to get a compact representation of a gesture through 
a sequencing of hand configurations and motions. 
 
For the recognition of activities (CF-ACT) the analysis of the movements of the 3D human body 
model was addressed. The recognition approach is based on the hybrid activity hierarchy, which has 
been developed during the first project phase. An overview of the developed structures can be found in 
[1]. For this project phase, some of the activities were tackled, which have been derived from the 
current KE specification and through user studies in RA3. The approach is based on the assumption 
that each activity can be modelled by a set of characteristic features, which describe motion primitives 
of body parts, relations between body parts and objects, or relations between the motion/configuration 
and the observer. The activity recognition was performed by Feed Forward Neural Network (FFNN) 
classifiers.  
A feature based approach for activity recognition was proposed. The human motion capture system 
gathers data of the human configuration over time. From this data different features are extracted. 
Features can be derived from raw data (like the position of a limb), from statistical analysis (like PCA 
or FFT) or from external modules (like objects in vicinity). For each activity a subset of features is 
extracted using Mutual Information Feature Selection (MIFS), which selects the most relevant features 
for the given activity. The set of selected features is then used as input for the FFNN classifier. For 
each activity a FFNN has been trained with manually segmented training examples. The whole 
process is depicted in Fig. 6. 
 

 
Fig. 6 Overall recognition process 
 
During the second phase an Object Attention System (OAS) [5,6] has been developed that can resolve 
multi-modal references to objects.  For this task the recognition results from a pointing gesture 
recognition system are combined with information from the dialog developed in RA1. If a multi-
modal reference is given by the dialog, the OAS queries the gesture recognition for a potential 
pointing gesture. If available, the OAS focuses the pan-tilt camera of the robot on the position the user 
pointed at in order to acquire visual information about the corresponding object (e.g., view, position). 
If ambiguities arise in this process (e.g., more or less than one object found) the OAS can ask the 
dialog system to clarify the problem with the user [7]. At the end of this interaction, the acquired data 
is stored in the so-called scene model that currently contains only information about learned objects. 
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This includes additional information given verbally by the user like, for example, the owner of an 
object.  
For the object detection process, a crucial distinction is made between object types which are known 
to the robot and those which first have to be learned. In order to ascertain whether an object type is 
known or not, a description of the object given by the user (e.g., type, color, owner) is sent to the scene 
model.  If it is known, the scene model returns all object entries matching the symbolic description of 
the specified object. In order to verify if one of the returned objects is indeed the object the user refers 
to, the OAS has to analyze the camera image. This can be done by feeding previously learned object 
models from the scene model to an object recognition algorithm. In the current implementation, a 
simple appearance-based object recognizer is used for testing the OAS. In the future we plan to apply 
object recognition approaches developed in RA5 for solving the object recognition task.  
If the object type is unknown, the camera image is searched for verbally specified visual features. 
Currently we apply color-based attention filters where the link between a verbally specified color like 
`blue' and the color values for the attention filter is realized with a modality converter. If an image 
region matching the search criteria is found, then it is supposed to contain a view of the referred object 
and is stored in the scene model. If the given verbal information is insufficient to determine a view, the 
user is asked through the dialog for more object features.  
 

3.3 Results  
 
As a conclusion of the discussion in [3] on how to infer the intent of a human interaction partner, a 
classification of gesture according to some major types in five tentative classes is proposed. The intent 
may be (1) absent / directed to objects or environment, (2) incidentally expressive, (3) symbolic, (4) 
interactional, or (5) deictic. A summary of the classes is given by Table I in [3]. For detecting the 
distinctions between the (sometimes overlapping) classes, the use of knowledge of human activity, 
recognition of objects and persons in the environment, and previous interactions with particular 
humans, as well as knowledge of conventional human gestural referencing and expression, in addition 
to specialized signalling codes or symbolic systems is needed.  
For the decisional abilities of a robot, a task oriented process is needed. Gestures of type 3 and many 
of type 1 can be considered as task-oriented and the inference of their intent can be done relative to the 
task at hand. Gestures of type 4 include generic interactional gestures that may serve to manage the 
session itself: inviting the robot to start an interaction, suspending or stopping an interaction session, 
etc. Many gestures of type 4 are consequently task independent. 
 
The symbolic gestures tracking and recognition system for communicative gestures, based on the 
Mixed-State CONDENSATION, was enhanced through the definition of a new likelihood function.  
The fusion of shape and color cues was shown to significantly raise the recognition rate of static 
gestures.  An enhanced Jump Markov Particle Filter is being implemented, which is expected to lead 
to better performances for dynamic gestures segmentation. These results are detailed in the PhD thesis 
manuscript of Ludovic Brèthes [8] and an excerpt can be found in [9].  
The hand configuration recognition system will be implemented on the Rackham robot in KE2, in 
order to enable an elementary gesture-based interaction. 
 
For preliminary testing and evaluation of the activity recognition system (CF-ACT) a set of 11 
activities were selected and recorded. The list of activities consists of balance, bow, call, clap, flap, 
handshake, kick, manipulate, sit, walk, wave4. For each activity 10 example sequences were recorded 

                                                      
4 Note, these activities were selected purely on terms of testing the system. In the future, further 
collaboration with UH will identify activities that actually occur in human-robot interaction. 
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for one male and one female subject. This gives in total 220 sequences with together 21222 frames. 
The recorded sequences were manually segmented and assigned its correct activity. The 220 
segmented and classified sequences were then prepared into data sets suitable for training and 
classification. 50% of the recorded data were used for training, the other 50% for testing. To avoid 
over fitting in the NN classifier, the training data again has been divided into a training set and a 
validation set. The definition of features to be used for classification resulted in 120 intrinsic and 2 
extrinsic features. 
 
For evaluation, the main focus was laid on how the different features selection mechanisms influenced 
the recognition rates. The first evaluation started with an initial set of features and new features were 
added until the best recognition results were achieved in order to show the best overall possible 
recognition rates. The recognition of an activity was rated into four categories, correct, when the 
corresponding NN fired greater than 0.7, ambiguous, when at least one other NN fired greater than 
0.7, incorrect, when one ore more NN fired greater than 0.7 but not the corresponding one and missed, 
when none of the NN fired greater than 0.7.  
 
The second evaluation compared the recognition rates achieved with automated feature selection 
mechanisms with the rates from the first evaluation (hand-selected and optimal feature set). For MIFS 
a maximum of 5 and 10 features was chosen. The following table shows the overall recognition rates 
of the different feature selection methods. 
 
Method Correct Ambiguous Incorrect Missed 
Primitive 84.0 % 0.8 % 0.9 % 14.4 % 
All features 98.3 % 0.6 % 0.0 % 1.1 % 
MIFS 5 features 92.3 % 2.1 % 0.1 % 5.5 % 
MIFS 10 features 95.7 % 1.6 % 0.0 % 2.7 % 
HCFS 5 features 95.2 % 0.9 % 0.8 % 3.1 % 

Table 1 Average recognition rates 
A detailed description of the setup, the experiments and a discussion of the results can be found in [2]. 
 
The Object Attention System was implemented successfully on the demonstrator for the KE1 and 
integrated in its architecture. The achieved results [5, 7] are demonstrated along various examples of 
human robot interaction were ambiguities or missing input is resolved by the implemented system. By 
using pointing gestures even unknown objects can be addressed and consequently a view of the object 
can be used for learning the object. The implementation of the system has some restrictions so far, like 
the missing capability to locate objects in the global Cartesian map so that no autonomous navigation 
for finding objects is possible yet.  
 
 

3.4 Future work 
 
In close collaboration with RA3, several user studies reflecting situations of the KE’s are planned for 
the next few months. These evaluations will lead to a suitable classification of activities and gestures.  
For the communicative gesture recognition, efforts to final developments on dynamic gestures 
segmentation for 2D interpretation will be undertaken.  The development and evaluation of an efficient 
Jump Markov Particle Filter will be finalized. 
For the activity recognition, the main effort will be put on the improvement of the classification 
method. Usage of FFNNs has proved to be effective, but other classifiers may perform even better. 
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Classifiers with and without intrinsic time model will be implemented and evaluated, such as HMM, 
Bayesian Networks and SVM. Additionally, rule-based systems will be introduced to augment the 
performance of the classification. Extrinsic features will be incorporated. These have to be selected 
carefully, as there also has to be a recognition module for each of them. Obviously, special extrinsic 
features considerably simplify recognition of the associated activities. 
The object attention system developed so far will be further evaluated and extended by the recognition 
of simple manipulative actions in a dialogue context. Hereby, the fusion of hand and object tracking 
with additional context knowledge will be investigated.  
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Abstract

We present a probabilistic framework for real-time tracking of complex non-rigid objects. We approximate
the shape of the tracked object by an ellipse and model its appearance by histogram based features derived
from local image properties (such as color). First, we provide an observation model that, given an
image, defines a likelihood function over the position and shape parameters of the tracked object. Second,
we present an efficient procedure to search for modes of this likelihood function, based on a natural
extension of the ’mean-shift’ [24] method. This local search procedure retrieves quickly the most likely
position and shape parameters in the vicinity of an initial configuration. We discuss how to integrate
this efficient search into an approximate Bayesian filtering scheme in a theoretically sound way. Finally,
we compare, in terms of solution quality and computation time, a number of suboptimal and optimal
sequential Bayesian tracking schemes: including the Kalman filter, the mixture Kalman filter and other
sequential importance sampling (particle filtering) techniques.

Keywords: object tracking, approximate Bayesian filtering

1. Introduction

In broad terms, Bayesian approaches to object tracking rely on two main underlying components: a
transition (object motion) model, that describes kinematic constrains in the evolution of the objects
state, and a observation model that defines the likelihood of the object configuration given the current
measurement. In principle, once the model is decided upon, tracking boils down to a posterior inference
problem that needs to be carried out sequentially using numerical (or analytical) integration techniques
[2, 11]. However, in vision based tracking, defining a realistic yet practical observation model for non-rigid
objects is a challenging problem.

Naturally, there have been numerous attempts in machine vision to provide solutions to this problem.
From the range of existing tracking algorithms at one end the approach is to explicitly model the relation
between the state of the object and the appearance of each pixel from the image region occupied by the
tracked object. Such models can be specific for a certain object class; for example models tailored
specifically for humans [15, 31] where the state usually contains the angles between the body parts;
or more generic models to be learned from data [28, 25]. An alternative line of approach employs
appearance models that are robust to deformations. For example the individual object pixels can be
modelled independently by simply ignoring their spatial aspects. In this way, the derived statistics can
be made invariant to arbitrary permutations of the pixels in the object region which provides some
invariance to deformations. Such an example is the histogram-based representation used in [35, 13].
There is a number of other approaches that lie somewhere in between. For example [5, 19, 36, 20, 34] use
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histogram based representations that include spatial information. The contour based algorithms [8, 21]
also lie somewhere in between since they focus on detailed modelling but only of the outer contour shape
of the tracked object in an image. The appearance within the image region occupied by the object is
often neglected altogether or addressed using some histogram based representation [37, 16].

In this paper we follow [10] where the shape of the tracked object is approximated by an ellipse and
the appearance within the ellipse is described by a histogram based model. The obvious advantage of
such a model is its simplicity and general applicability. Another advantage, that made this observation
model rather popular, is the existence of efficient local search schemes to find the image region with a
histogram most similar to the histogram of the tracked object [18, 10, 9, 32, 38].

Given an accurate observation model and an efficient search procedure, the simplest tracking technique
would be to use the ”best” object configuration from the previous frame as the starting point to find the
”best” object configuration in a new frame. This rather naive heuristic implicitly makes use of the general
assumption that an object does not change its configuration drastically between consecutive frames and
local search proceeds iteratively by small changes starting from the initial configuration. While such
schemas work surprisingly well in certain scenarios, from a theoretical perspective it is unsatisfactory that
the transition model is implicitly replaced by the dynamics of the inference algorithm in the configuration
space.

The Bayesian filtering framework allows us to elegantly incorporate our knowledge about the object
motion model while retaining computational advantages provided by fast local search. There are two
issues here that are often raised and that will be addressed in this paper. The first issue is regarding the
intractability of exact Bayesian filtering due to the complex observation model: it is not obvious how
to choose among many possible approximate techniques. This paper analyzes and compares a range of
approximate Bayesian tracking schemes. The second issue is: while the local search (if provided) seems to
be useful it is not clear how to integrate it in a theoretically sound way into some approximate Bayesian
filtering scheme.

In this paper, we analyze the following heuristic approaches: First, the local search is used to find
the likely object configuration and the complex observation model is summarized by local approximation
around this likely configuration. For example, the observation model can be approximated by a single
Gaussian function centered at the most likely object configuration. Given this Laplace approximation,
tracking can be achieved analytically by the Kalman filter [9]. However, when there are several likely
object configurations, the likelihood function will be multimodal. In such cases it is useful to approx-
imate the observation model by a Gaussian mixture [3, 4]. Consequently, tracking can be performed
using the mixture Kalman filter [6]. Another approach is to use a sampling scheme to solve the Bayesian
filtering problem. The bootstrap particle filter is an obvious candidate [21]. However, direct application
of the bootstrap filter requires sampling from the transition model and does not make use of a fast search
procedure [29]. In this paper we propose a novel particle filter that is making use of the efficient search
procedure for constructing a proposal distribution. Viewing the approximation as a proposal is attractive
because we obtain the computational advantages without compromising theoretical convergence prop-
erties [11] that other heuristic approach fail to have. We evaluate and analyze the mentioned tracking
schemes on a large set of data.

The paper is organized as follows: In Section 2, we introduce the observation model. The similarity
between a histogram from an elliptical image region with the histogram of the tracked object is formulated
as a probability model. This presents an obvious generalization of similarity measures that have been used
previously [9, 19], but nevertheless allows us to combine features derived from different image modalities.
In Section 3, we present the general Bayesian tracking framework and discuss the related problems. In
Section 4 present how the natural extension of the mean-shift procedure from [38] can be used to search
for the most likely object configuration according to our observation model. The procedure efficiently
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solves previous problems with sudden object scale and shape changes as is illustrated in Figure 1. In
Section 4 we discuss how the search procedure can be used within a range of Bayesian tracking schemes.
Experiments are given in Section 5 and in Section 6 we provide the conclusions and our final remarks.

2 Observation model

In this section we define a probability model that relates the state st of an object at time t with the
video frame It observed at time t. Throughout the paper the index t = 1 . . . T denotes the discrete time
(frame) index. Occasionally, when the time index is not relevant we will omit it. We will denote the
value at the i’th pixel by It(xi). Here, xi is a 2 dimensional vector the coordinates of that denotes the
pixel location.

2.1 Object shape

Suppose we are given an arbitrary shape S in an image, specified by a set of pixel locations xi, i.e.,
S ≡ {xi : i’th pixel belongs to the object}. We approximate the shape of a non-rigid object in an image
by its first and second order moments – an elliptical region we denote by Se. The original shape S may
have been initially selected manually or detected using some other algorithm, for example background
subtraction [33]. If there are NS pixels that belong to the object of interest, we define

θ ≡ 1
NS

∑

xi∈S
xi and V ≡ 1

NS

∑

xi∈S
(xi − θ)(xi − θ)T . (1)

Here, the first moment vector θ denotes the center of the object in the image I. The matrix of second
moments V , that encodes scale and orientation, is symmetric and positive definite. Consequently, the
θ and V describe an arbitrary elliptical region. There are various alternative ways to parametrize an
ellipse. We use here, similar to [23], the following parametrization:

s ≡ [θT , scalex, scaley, skew]T (2)

where scalex and scaley are the scaling and skew is the skew transformation obtained from from V using
the unique Cholesky factorization:

V =
[

scalex skew
0 scaley

]T [
scalex skew

0 scaley

]
(3)

These parameters describe the affine transformation that transforms a unit circle to the given elliptical
region. Occasionally, by a slight abuse of notation we will refer to the state s as s = (θ, V ) to explicitly
highlight the dependence on θ and V . Similarly, we will refer to the elliptical shape defined by s by
Se(s).

2.2 Object appearance using histogram based features

The appearance of an object is described by a set of M scalar features r1, ..., rM that are extracted from
the local area of an image I defined by Se(s). We view each rm for m = 1 . . .M as “bins” of a histogram.
We define a quantization function b : P → {1 . . .M}, that associates with each observed pixel value a
particular bin index m. The pixel values I(xi) are elements of the set P, for example P = [0, 255]3 for
RGB images.

3
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The value rm of the m-th bin is calculated from the elliptical image region Se(s = (θ, V )) using:

rm(I, s) ≡ |V |γ/2
∑

xi∈Se(s)

N (xi; θ, V ) δ [b(I(xi)) − m] , (4)

where δ is the Kronecker delta function. The kernel function N is chosen such that pixels in the middle
of the object have higher weights than pixels at the borders of the objects. A natural choice is a
Gaussian kernel defined by: N (x; θ, V ) = |2πV |−

1
2 exp

(
−1

2(x − θ)T V −1(x − θ)
)
. The prefactor |V |γ/2 in

(4) discounts for the fact that in practice we use only the Ns pixels from a finite neighborhood of the
kernel center. We disregard samples further than 2.5-sigma and it is easy to show that one should use
γ ≈ 0.1 in this case.

The smooth kernel function, besides acting as a discount factor for (arguably less reliable) pixels near
the borders, more importantly enables a fast gradient based search [9].

2.3 Probabilistic observation model

We introduce for each feature rm a probability density function p(rm(I, s)), the particular form to be
defined later. We assume that the features rm are independent. Furthermore, we assume that each
feature rm is uninformative if computed outside the region defined by s. The log-likelihood of s in an
image I can be defined by:

logL(s) = log p(I|s) ∝
M∑

m=1

log p(rm(I, s)). (5)

This likelihood function for an image frame It is the observation model. The likelihood can be viewed as a
generalization of many different histogram similarity measures that are used in literature. For example if
p(rm(I, s)) is chosen to be a Gaussian N (rm(I, s); om, σ2), the log-likelihood becomes the sum of squared
distances as in [19]. The mean om and the standard deviation σ can be estimated from a set of test
images of the object. The often used Bhattacharyya coefficient based model [29, 3]:

p(I|s) ∝ exp(
M∑

m=1

√
rm(I, s)

√
om/σ2) (6)

can also be seen as a particular choice.

2.4 Additional features

In our experiments, we have used videos from a static camera. Therefore, we can use the features
from a simple background/foreground segmentation scheme similar to [33]. We view the result of the
background/foreground segmentation as an additional and independent observed image Ĩ where Ĩ(xi) ∈
{0, 1} = P̃. We define a new quantization function b̃ : P̃ → {1, 2} where m̃ = 1, 2 denotes, say, background
and foreground. We define a new set of features r̃m̃(Ĩ , s) as in (4). Similarly, we define p(Ĩ|s) by defining
õ and σ̃. Intuitively, this latter feature measures the ratio of background pixels to the foreground pixels
in the elliptic region. Due to independent observation assumption, the contributions to the likelihood
function will be additive, i.e.,

logL(s) = log p(I|s) + log p(Ĩ|s)

Clearly, the set of features could be extended further by more elaborate image processing methods.
Possible choices include normalized color values, optical flow results [1], etc. Choosing the particular
type of local image property, i.e., feature selection, is not the main focus of this paper as this highly
depends upon the situation [7].
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3 Inference

The observation model should be combined with our knowledge about the object motion. To simplify
the notation, we will denote the observations as zt ≡ It. If we use different image modalities as described
above we have zt ≡ {It, Ĩt}. To track an object, we wish to estimate the density p(st|z1:t) for each
t = 1, 2 . . . given the sequence of measurements z1:t. This density is also known as the the filtering
density. In a Bayesian setting, the filtering density is assumed to represent our entire knowledge about
the current state st of the tracked object and all desired quantities (such as most likely position) can be
derived from this density. An important observation is that p(st|z1:t) can be calculated recursively and
online if the dynamic model is described by a first order Markov process p(st|st−1) = p(st|s1:t−1) and the
measurements are independent from each other given the latent dynamic process, i.e., p(zt|st)p(zt|s1:T ).
Recursive updates can be performed using the prediction stage

p(st|z1:t−1) =
∫

p(st|st−1)p(st−1|z1:t−1)dst−1 (7)

and the update stage

p(st|z1:t) =
1
c
p(zt|st)p(st|z1:t−1) (8)

where c =
∫

p(zt|st)p(st|z1:t−1)dst is a normalization constant and p(st−1|z1:t−1) is the previous estimate.
We use a simple linear dynamic model p(st|st−1) = N (st; Ast−1, Q). We further assume that the

transition matrix A = I is an identity matrix and transition noise covariance Q to be diagonal, with
values estimated from data. Clearly, more elaborate dynamical models than this simple random walk
model can be estimated from training data, e.g., see [21]. The issues related to non-linear motion models
are discussed for example in [22].

The complex form of the observation function (5) renders the update step (8) analytically intractable.
Complex observation models often occur in machine vision applications. In Section 5, we will investigate
two approximation strategies to circumvent this. The approximations rely on the local search method
described in the next section.

4 Searching the modes of the observation model

We propose here an efficient and specialized gradient descent procedure to search for the likely object
configurations. The local search starts with some starting point s{k}. Here the superscript {k} denotes
the iteration index. Similar to [10, 19, 36, 20, 34] the gradient descent step is calculated using two phases:
first the similarity measure (5) is approximated locally using a Taylor expansion, then the gradient step
is calculated. Instead of the the mean-shift procedure that gives a gradient step only for the object
position θ [9, 18, 32] we use an extended version of the mean-shift to get the gradient step for all the
parameters of the ellipse from s.

4.1 Approximating log-likelihood

We approximate the observation model (5) by first order Taylor expansion (in rm around rm(I, s{k})):

logL(s) ≈ c +
M∑

m=1

p′(rm(I, s{k}))
p(rm(I, s{k}))

rm(I, s) (9)
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where c is a constant term. We denote the variable term from above by f(s) and replace (4):

f(s) =
M∑

m=1

p′(rm(I, s{k}))
p(rm(I, s{k}))

|V |γ/2
∑

xi∈Se(s{k})

N (xi; θ, V )δ [b(I(xi)) − m] = |V |γ/2
∑

xi∈Se(s{k})

ωiN (xi; θ, V ),

(10)
where

ωi =
M∑

m=1

p′(rm(I, s{k}))
p(rm(I, s{k}))

δ [b(I(xi)) − m] . (11)

For the Bhattacharyya coefficient metric we have:

ωi =
M∑

m=1

√
om

rm(I, s{k})
δ [b(I(xi)) − m] . (12)

4.2 Mean-shift extension using Jensen’s lower bound

The previous approximation leads to a functional form (10) that resembles a kernel based density esti-
mate. The mean-shift algorithm [24] can be used to calculate the gradient step on (10) with respect to
the object position θ as in [10]. As described in [26] the mean-shift step is derived from a lower bounding
function of (10). The lower bound follows from the convexity of the kernel function. From the Jensen’s
inequality, typical for variational approaches [27], we can get a different lower bound:

logf(s) ≥ G(s,q1, ...,qN ) =
∑

xi∈Se(s{k})

log

(
ωi|V |γ/2N (xi; θ,V )

qi

)qi

where
∑

xi∈Se(s{k})

qi = 1 and qi ≥ 0. (13)

It is easy to show that for a given s the equality sign in (13) is achieved for:

qi =
ωiN (xi; θ{k}, V {k})∑

xi∈Se(s{k}) ωiN ('xi; θ{k}, V {k})
. (14)

Given the qi-s we maximize the part of G that depends on the parameters:

g(s) =
∑

xi∈Se(s{k})

qi log(|V |γ/2N (xi; θ, V )). (15)

For the Gaussian kernel and ∂
∂#θ

g(s) = 0 we get:

θ{k+1} =
∑

xi∈Se(s{k})

qixi =

∑
xi∈Se(s{k}) 'xiωiN (xi; θ{k}, V {k})

∑
xi∈Se(s{k}) ωiN (xi; θ{k}, V {k}).

(16)

Note that this update equation for the position estimate is equivalent to the mean-shift update for the
Gaussian kernels. An advantage is that we can now derive simple equations for updating V . For Gaussian
kernel from ∂

∂V g(θ, V ) = 0 we get:

'V {k+1} = β
∑

xi∈Se(s{k})

qi(xi − θ{k})(xi − θ{k})T (17)

where β = 1/(1 − γ).

6
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Final solution 

Initial position Initial position 

Final solution 

a) the selected region b) mean-shift c) extended mean-shift

Figure 1: Searching for the most similar image region - the mean shift and the extended algorithm.

4.3 Practical iterative algorithm

For the sake of clarity we present here the whole algorithm:
Input: starting shape s{k} (k = 0), the new image I.

1. For s{k} calculate the rm-s (4) and the weights (11).

2. Calculate qi-s using (14) and the new estimates θ{k+1},V {k+1} using (16-17).

3. Line search if needed.

4. If no new pixels are included using the new elliptical region defined by the new estimates θ{k+1}

and V {k+1} stop, otherwise set k ← k + 1 and go to 1.

Because of the additional local approximation (9) we need an additional a line search step to get a
proper gradient descent procedure [14]. For many distance measures the second condition from (13) is
not satisfied since the weights ωi from (11) are not always nonnegative. In such cases the update steps
are still in the gradient direction but the line search is advisable. For the Bhattacharayya coefficient
measure the weights are always positive and in practice it turns out that line search is not necessary
since (9) appears to be often a good local approximation as in [10, 19, 36, 20, 34].

In Figure 1 we illustrate the performance of the algorithm. A player is selected as indicated by the
ellipse in Figure 1a. The image is scaled 1.5 times in the vertical direction and then rotated 45 degrees as
presented in Figure 1b. We use the initial shape of the region and we manually select a nearby random
position in the new rotated and scaled image. The iterations and the final of the mean-shift procedure
[10] are presented in Figure 1b. In Figure 1c we present the iterations of our algorithm. Both the shape
and the position are accurately estimated.

5 Approximate Bayesian tracking schemes

We present here a range of approximate Bayesian tracking schemes and show how to make use of the
efficient local search scheme from the previous section.

5.1 Laplace approximation and the Kalman filter

We approximate the observation model p(zt|st) by Laplace approximation. This replaces the exact
observation model with a Gaussian distribution N (st; m(zt), R(zt)). We denote the mean m(zt) and

7

COGNIRON FP6-IST-002020                                Appendix

Appendix page 7 of 101



covariance R(zt) to highlight the fact that these parameters are calculated after observing zt.
Consequently, the filtering density can be represented by a Gaussian p(st|z1:t) ≈ N (st; µt, Pt) and the

equations (7) and (8) become the well known Kalman filtering equations (specialized for the case when
the observation matrix C = I):

p(st|z1:t−1) ≈ N (st; µt|t−1, Pt|t−1) = N (st; Aµt−1, A
T Pt−1A + Q) (18)

p(st|z1:t) ≈ N (st; µt, Pt) (19)
Kgain = Pt|t−1(Pt|t−1 + R(zt))−1 (20)

µt = µt|t−1 + Kgain(m(zt) − µt|t−1) (21)
Pt = (I − Kgain)Pt|t−1 (22)

At each time slice, before the update step, we calculate the mean m(zt) using the search procedure
introduced in Section 4 and use the local curvature to calculate R(zt). The search is started from the
predicted mean µt|t−1.

Whilst simple to implement, there are two problems with this approach. First, representing p(zt|st)
by a single Gaussian works well when the object is clearly visible but not in case of occlusions and
background clutter. Secondly, since we use just the µt|t−1 as the starting point for the local search
procedure, finding the dominant mode after the occlusions or sudden movements is difficult. In such
cases, the tracking will usually fail as illustrated in Figure 3a.

5.2 Mixture Kalman filter

A more accurate approximation to the observation model can be obtained by using a Gaussian mixture
rather than a single Gaussian. Such an approach is more likely to capture the multimodal nature of
p(zt|st). Unfortunately, optimally fitting a mixture distribution to a target model (e.g. in terms of
KL divergence) is intractable. Fortunately, there exist powerful heuristics that seem to result in quite
satisfactory performance.

The key to a good approximation is capturing the various modes of the multimodal p(zt|st). To locate
different modes, we use the deterministic local search procedure introduced in Section 4, initialized from
K different start positions. A natural choice for generating the K starting points is to sample from the
predictive distribution p(st|z1:t−1). Yet, a more robust way is to sample from a mixture [3]

αp(st|z1:t−1) + (1 − α)u(st). (23)

Here α is a mixing parameter that allows samples both from the prediction p(st|z1:t−1) and from some
wide distribution u(st) (for example uniform over the whole image). By tuning α, one can adjust the
amount of “surprise”, as well as discount for the fact that we carry forth only an approximation of the
exact predictive distribution – we have used α = 0.9 in our experiments. The result of the local search
will be K(zt) ≤ K modes of p(zt|st) (as in [3] we detect when two searches end up in the same mode).

We could use only the most dominant mode and use the Kalman filter as introduced in 5.1. On the
other hand, especially in case of occlusion, the posterior has a number of pronounced modes. Typically,
each of these modes may be associated with a different hypothesis about the evolution of the state s.
The correct trajectory in the state space can only be disambiguated after observing the future data and
discarding a mode may cause the tracker to miss the track. Therefore, we decide to keep all the K(zt)
modes and to approximate the complex p(zt|st) by a Gaussian mixture:

p(zt|xt) ≈
K(zt)∑

j=1

ρ(zt)jN (xt; m(zt)j , R(zt)j) (24)
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where the superscript j = 1 . . .K(zt) denotes the components of the mixture. Here, ρ(zt)j denotes the
weight of the j’th mixture component.

Suppose the filtering density at time t−1 be approximated by a mixture with i = 1 . . .K components:

p(st−1|z1:t−1) ≈
K∑

i=1

wi
t−1N (st−1; µi

t−1, P
i
t−1)

The prediction is computed for each mixture component using:

p(st|z1:t−1) ≈
K∑

i=1

wi
t−1N (st; µi

t|t−1, P
i
t|t−1)

=
K∑

i=1

wi
t−1N (st; Aµi

t−1, A
T P i

t−1A + Q)

The updated density is given by

p(st|z1:t) ≈
K∑

i=1

K(zt)∑

j=1

wij
t N (st; µij

t , P ij
t )

Kij
gain = P i

t|t−1(P
i
t|t−1 + R(zt)j)−1

µij
t = µi

t|t−1 + Kij
gain(m(zt)j − µi

t|t−1)

P ij
t = (I − Kij

gain)P i
t|t−1

πij
t = N (m(zt)j ; µi

t|t−1, P
i
t|t−1 + R(zt)j)

wij
t = wi

t−1ρ(zt)jπij
t

Note that by starting with a mixture of K components, we have ended up with a mixture with K×K(zt)
components. Obviously, such an update would lead to exponentially growing number of components with
increasing t. There are various schemes to approximate this new mixture by a mixture with lower number
of components. A natural one is to view wij

t -s as a multinomial distribution on (1 . . .K) × (1 . . . K(zt))
in the double index (ij), to sample K samples from this distribution and retain the selected modes as in
[6].

The performance using only K = 5 modes is illustrated in Figure 3b. The algorithm was able to
approximate the multimodal nature of p(zt|st) in case of occlusion and to recover very fast after the
occlusion.

5.3 Sampling and Sequential Monte Carlo

In sampling based methods, we wish to approximate a target density (e.g. a posterior distribution) by
a discrete uniform distribution defined on a set of points. Ideally, we wish to generate a set of points
(samples, particles) {s(i), i = 1 . . . N} such that

p(s) ≈ 1
N

N∑

i=1

δ(s − s(i)) (25)

9

COGNIRON FP6-IST-002020                                Appendix

Appendix page 9 of 101



where δ is the Dirac delta function. This approximation is in the sense that expectations of arbitrary
functions f(s) under p are approximated by averages as

∫
f(s)p(s)ds ≈

∫
f(s)

1
N

N∑

i=1

δ(s − s(i))ds =
1
N

N∑

i=1

f(s(i))

Sequential Monte Carlo (SMC) [11], a.k.a. particle filtering, is a powerful technique for generating samples
from a target posterior distribution. SMC is especially useful in tracking scenarios, where observations
arrive sequentially.

Suppose we have a sample based approximation to the filtering density at time t− 1 (see Section 3) as

p(st−1|z1:t−1) ≈
N∑

i=1

w̃(i)
t−1δ(st−1 − s(i)

t−1)

This equation is similar to (25) but we have introduced normalized weights w̃(i) ≥ 0 such that
∑

i w̃
(i) =

1. Hence, the filtering distribution is represented by a set of particles and their associated weights
{w̃(i)

t−1, s
(i)
t−1, i = 1 . . . N}. The essential idea of SMC is to evolve this representation into a new set of

weights and particles {w̃(i)
t , s(i)

t , i = 1 . . . N} via (7) and (8) when the observation zt becomes available
at time t. The common practice is to use importance sampling to resolve the following basic issues: (1)
How to generate a new set of samples, and (2) How to compute the new weights.

5.3.1 Importance Sampling

Suppose we are somehow given a distribution q(s) that is easy to sample from (e.g. a Gaussian). We call
the q distribution a proposal distribution. We generate N independent samples s(i) from this proposal
and obtain a sample based approximation as q(s) ≈

∑N
i=1 δ(s − s(i))/N . Then we can approximate

p(s) =
p(s)
q(s)

q(s) ≈
N∑

i=1

w̃(i)δ(s − s(i)) (26)

where w̃(i) = w(i)/
∑N

j=1 w(j) and w(i) = p(s(i))/q(s(i)). One can interpret the w̃(i) as correction factors
to compensate for the fact that we have sampled from the “incorrect” distribution q(s). An important
feature of importance sampling is that it (in principle) works even when the exact expression of p(s) is
not know. All we need is a function p∗(s), that we can evaluate pointwise which is proportional to p, i.e.,
p(s)(1/Z)p∗(s), and the normalized weights would be the same. This is important in Bayesian inference
schemes since it often occurs that it is difficult to calculate the normalizing constant Z.

5.3.2 Sequential Importance Sampling

Now we apply importance sampling to compute the filtering distribution p(st|z1:t) for tracking. We start
from the joint posterior distribution over all time slices

p(s1:t|z1:t) =
1
Zt

t∏

k=1

p(zk|sk)p(sk|sk−1) ≡
1
Zt

p∗(s1:t|z1:t) (27)
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The key idea in sequential importance sampling is the sequential construction of the proposal distribution,
possibly using the available observations z1:t, i.e.,

q(s1:t|z1:t) =
T∏

k=1

q(sk|sk−1, z1:k)

Given a sequentially constructed proposal distribution, one can compute the importance weight recur-
sively as follows:

w(i)
t =

p∗(s(i)
1:t|z1:t)

q(s(i)
1:t|z1:t)

=
p(zt|s(i)

t )p(s(i)
t |s(i)

t−1)

q(s(i)
t |s(i)

t−1, z1:t)

p∗(s(i)
1:t−1|z1:t−1)

q(s(i)
1:t−1|z1:t−1)︸ ︷︷ ︸

=w
(i)
t−1

(28)

Note that in this notation s(i)
1:t denotes a full trajectory. The desired particles that represent the filtering

distribution p(st|z1:t) are obtained simply by throwing away s(i)
1:t−1, i.e., by keeping the samples at the

time slice t and weights w(i)
t . In practice, we don’t need to store the full trajectory, because we have

chosen a proposal that depends only upon s(i)
t−1.

The sequential update schema is potentially more accurate than naive importance sampling with a
fixed proposal. This is because at each step t, one can construct a fairly accurate proposal distribution
that takes the current observation zt into account. Clearly, many different proposal distributions can be
envisaged. A simple and popular choice for the proposal is to select the transition model. Here, we have
the proposal

q(st|s(i)
t−1, z1:t) = p(st|s(i)

t−1) (29)

Note that this proposal is independent of the current observation zt. Substituting this into (28) and
simplifying, we see that

w(i)
t = p(zt|s(i)

t )w(i)
t−1

This is known as likelihood weighting or the bootstrap filter [17]. A more natural and accurate choice
for the proposal distribution would have been the filtering distribution given as

q(st|s(i)
t−1, z1:t) = p(st|s(i)

t−1, z1:t) (30)

In this case the weight update rule in Eq. 28 simplifies to

w(i)
t = p(zt|s(i)

t−1)w
(i)
t−1

In fact, provided that the proposal distribution q is constructed sequentially and past sampled trajectories
are not updated, the filtering distribution is the optimal choice in the sense of minimizing the variance
of importance weights w(i) [12].

Unfortunately, exact calculation of this optimal proposal is also intractable due to the complex obser-
vation model. Therefore, we will use a proposal distribution calculated by the mean-shift procedure, as
introduced in previous section.
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5.3.3 Selection

In practice, the sequential importance sampling may be degenerate. After a few iterations of the al-
gorithm, only one particle has almost all of the probability mass and most of the computation time is
wasted for updating particles with negligible probability. In fact, it can be shown (e.g. [12]) that the
variance of w(i)

t indeed increases unboundedly with t.
To avoid the undesired degeneracy problem, several heuristic approaches are proposed in the literature.

The basic idea is to duplicate or discard particles according to their normalized importance weights. The
selection procedure can be deterministic or stochastic. Deterministic selection is usually greedy; one
chooses N particles with the highest importance weights. In the stochastic case, called resampling, par-
ticles are drawn with a probability proportional to their importance weight w(i)

t . Recall that normalized
weights {w̃(i)

t , i = 1 . . . N} can be interpreted as a discrete distribution on particle labels (i).
A summary of the particle filtering algorithm is as follows. Before we start, we need to choose N ,

number of particles, and the form of the proposal distributions q(st|yt, st−1) for t = 1 . . . T and q(s0). We
assume p(s1|s0) ≡ p(s1) and start with N initial samples s(i)

0 from some q(s0) and with initial weights
w(i)

0 = 1. For each new t we repeat:

1. Generate new samples s(i)
t from q(st|zt, s

(i)
t−1).

2. Calculate weights w(i)
t using (28) and the normalized weights w̃(i)

t .

3. (Optional resampling:) Randomly select N samples s(j)
new from s(i)

t . Each sample s(i)
t is selected

with probability equal to its normalized weight. The new samples are used further s(i)
t ← s(j)

new with
weights w(i)

t = 1.

In our experiments we used the simple proposal (29), (the bootstrap filter) and the proposal computed
using the mean-shift procedure. The performance is illustrated in Figure 3.

6 Experiments

First we present some experiments to compare the new local search scheme from section 4 to previously
proposed schemes. Then we evaluate the various approximate Bayesian tracking schemes from the
previous section.

6.1 Extended mean shift and the mean-shift tracking

The ’hand’ sequence is used to demonstrate the full 5-DOF color-histogram-based tracking. To be robust
to light conditions we used again 8× 8 histogram in the hue-saturation color space. The hand is tracked.
The sequence has 256 frames and the position and the shape of the hand are changing rapidly. In Figure
2c we can see that the new algorithm can track the hand and also adapt to the shape of the object. We
simply used the ”best” position from the previous frame to start the search for new image.

Finally, in Figure 2d we present the number of iterations of the algorithm for the ’hand’ sequence. The
computational complexity of one iteration of the new algorithm is only slightly higher than the compu-
tational complexity of the mean-shift. The average number of iterations per frame was approximately 6.
This is slightly more then 4 (4.6 in our experiments for our sequence) that was reported for the mean-shift
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based iterations in [10]. This amount should be multiplied by 3 if the simple scale adaptation is used [9]
where the algorithm is additionally tested with a 10% larger and a 10% smaller ellipse. Empirically we
measured average of 15.1 iterations in our experiments for our sequence.

6.2 Comparing different Bayesian tracking schemes

We selected a number of sequences from the public available annotated data set (http: //homepages.inf.ed.ac.uk
/rbf /CAVIAR). Our data set contains 7 surveillance videos of 3 different scenes and with different scene
viewing angles. We used different tracking schemes to track the 15 different people from these sequences.
The ground truth bounding boxes for the tracked people were used to evaluate the tracking algorithms.
The frame from a video where a person appears and the corresponding ground truth bounding box were
used to initialize the object model (histogram-based appearance and elliptical shape). The person is then
tracked until it leaves the field of view. In total 3365 frames were used for evaluation.

We use the following relative overlap measure to evaluate the performance of various algorithms. Let
Rgt be the image region defined by the ground truth bounding box of the tracked object for a given
frame. Let Re be the elliptical region estimated by an algorithm from the algorithms we described. The
relative overlap is defined by:

overlap =
Re ∩ Rgt

Re ∪ Rgt
(31)

where Re ∩ Rgt is the intersection and Re ∪ Rgt is the union of the two image regions. The overlap is
computed numerically and has values between 0 and 1. The performance of different tracking schemes
is illustrated for a short sequence in Figure 3.

In Table 6.2 we present the results of the evaluation for the whole data set. Note that since we compare
the ground truth bounding box with the estimated elliptical region the overlap will be on average smaller
that actual. Overlap of 0.4 of two ellipses visually still looks reasonable. We report the percentage of
total number of frames where overlap > 0.4,overlap > 0.3 and overlap > 0.2.

For the realistic data there are many situations when there are many regions in the image with similar
colors histogram as the object. All the schemes perform poor when only color histogram features were
used. When we extend the representation with the foreground/background segmentation histogram based
features (see Section 2.4) many local maxima of the likelihood are suppressed and the tracking greatly
improves. Here the Kalman filter performs the worst since it relies on the roughest approximation of the
likelihood function. Occlusions are a common problem in tracking. In the last part of the table we report
the results for the more challenging situation where we add larger occlusions to the sequences by adding
a white stripe over the images. The Kalman filter performs poorly. The simple bootstrap particle filter
has also difficulties in handling occlusions and sudden movements. On the other hand the performances
of the mixture Kalman filter and the particle filter with proposal distribution are only slightly decreased.

6.3 Comparing computational complexity

In order to compare the mentioned tracking schemes we provide here a rough estimate of their compu-
tational complexity. We focus on the major part of the computation, namely the costs of approximating
the observation model. The costs will be presented relative to the mean-shift based Kalman filter form
[9].

The Kalman filter and the mixture Kalman filter use the local search for approximating the observation
model. Let Niteration ≈ 6 be the average number iterations. In each iteration the histogram of the current
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a) Mean-shift (no shape adaptation) (frames 0,100,200 and 250)

b) Mean-shift (simple shape adaptation)(frames 0,100,200 and 250)

c) Extended mean-shift (frames 0,100,200 and 250)

0 50 100 150 200 250 3000

10

20

30

40

50

60

frame number

nu
m

be
r o

f i
te

ra
tio

ns

0 50 100 150 200 250 3000

10

20

30

40

50

60

frame number

nu
m

be
r o

f i
te

ra
tio

ns

0 50 100 150 200 250 3000

10

20

30

40

50

60

frame number

nu
m

be
r o

f i
te

ra
tio

ns

Mean-shift Mean-shift+shape Extended mean-shift
d) number of iterations per frame. The average number is 4.6 for the mean-shift with no shape

adaptation, 15.1 for mean-shift with simple shape adaptation as in [9] and 6.3 for the new extended
algorithm.

Figure 2: Illustrating the performance of the new algorithm as compared to the mean-shift. The estimated

position and shape of the tracked objects is represented by the dashed ellipse.
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a) Kalman filter.
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b) Mixture Kalman filter. The black ellipses present the modes of the Gaussian mixture.
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c) Simple bootstrap particle filter with 100 particles. The black ellipses present the particles.
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c) Particle filter with 100 particles and the proposal distribution. The black ellipses present the

particles.

Figure 3: Illustrating how the various tracking schemes handle occlusion. We add the white stripe over
the image to introduce the occlusion. The person was walking from right to the left side of the image.
The maximum of the estimated density represented by the dashed ellipse is used as the estimated position
and shape. Relative overlap with the ground truth bounding box is presented on the right.
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Histogram
type, occlusion

Relative overlap
with the ground
truth

Kalman fil-
ter

Mixture
Kalman
Filter (5
modes)

Bootstrap
particle
filter (100
particles)

Particle filter
with pro-
posal (100
particles)

color, average 0.33 0.34 0.31 0.32
no overlap>0.2 66.0% 67.0% 61.7% 59.3%
occlusion overlap>0.3 55.9% 60.1% 53.9% 55.6%

overlap>0.4 45.0% 46.7% 41.5% 42.0%
color+ average 0.44 0.48 0.50 0.50
background, overlap>0.2 89.1% 91.8% 93.8% 93.7%
no overlap>0.3 74.1% 83.0% 83.9 84.3%
occlusion overlap>0.4 55.9% 63.6% 66.8 67.9%
color+ average 0.35 0.45 0.40 0.46
background, overlap>0.2 69.6% 89.5% 80.0% 92.6%
with overlap>0.3 64.0% 79.9% 67.9% 79.9%
occlusion overlap>0.4 49.3% 60.9% 50.0% 61.0%

Table 1: Evaluation results on a data set of 7 videos, 3 scenes, 15 people, 3365 frames in total. Relative

overlap with the ground truth bounding box is presented. The color histogram and the combination with

the background subtraction were used. We also tried the sequences with additional occlusion where we

placed a 20-pixel-wide white stripe over the images.

region is calculated. This involves putting each of the Npoints from the region to its bin. Let cH be the
costs of reading a pixel value and placing it into its histogram bin. We further need to compute 2 weighted
sums in (8) and 3 for V (V is symmetric) so we use Nsums = 5. Let cS be the cost per element in each
weighted sum. For the mixture Kalman filter the search is performed from K starting points and the
total costs are:

KNiterationNpoints(cH + NsumscS) ≈ KNiterationNpoints(1 + Nsums)cS (32)

It is difficult to compare cH and cS so for simplicity and without any proof we assumed that they are
equal.

The mean-shift needs on average Niteration ≈ 4 and only two weighted sums Nsums which is 2.5 faster
than the new extended version but the new procedure can handle the scale changes. The mean-shift with
the simple scale adaptation involves running the procedure 3 times for different scales [9] which is slower
than the new procedure and still does not solve the scale changes problems as demonstrated. We will
report here the results relative to the mean-shift search [9]. In [9] they argue that the mean-shift search
without scale adaptation is approximately 24 times faster than the exhaustive search within a region [13]
under some realistic assumptions as reported in [9] (for rectangular regions the efficiency of the extensive
search can be increased [30]).

The particle filter computation time scales with the number of particles Kparticles. For each particle
we need to compute the histogram. For comparing the histograms we need to compute the weighted sum
(6). For simplicity we will assume the same cS costs per element of this sum. If the number of bins m is
close to the number of points within the region Npoints we can approximate the computation costs by:

Nparticles(NpointscH + mcS) ≈ NparticlesNpoints2cS (33)

16
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Relative with respect to
the mean shift Kalman fil-
ter without scale adapta-
tion

Kalman
filter

Kalman
filter sim-
ple scale
adaptation
[9]

Mixture
Kalman
Filter (5
modes)

Bootstrap
particle
filter (100
samples)

Particle filter
(proposal
distribution)
(100 samples)

theoretical 2.5 3 12.5 16.7 29.2
empirical (m=64) 2.1 2.9 7.2 8.9 15.5
empirical (m=512) 2.1 2.9 5.2 9.0 15.6

Table 2: Approximate theoretical and empirical comparison of the computational times relative to the

simple mean-shift based Kalman filter with no scale adaptation. The empirical results are reported for

RGB color histogram appearance representation with m = 64 and m = 512 bins.

For the particle filter with the Gaussian mixture proposal we add (33) and the computational costs of
the Gaussian mixture approximation (32).

In Table 6.3 we summarize the approximate costs from above. These approximations completely
disregarded the additional overhead of the filtering schemes. We also report the empirical results that
include these costs. We compared the processing time of the tracking schemes relative to the mean-
shift based Kalman filter without scale adaptation. The reported empirical comparison will depend on
implementation. We observe that the empirical results roughly follow the approximate calculations. Note
that for histograms with small number of bins m the particle filters become more efficient relative to
the Kalman filter and mixture Kalman filter as predicted by (33). All of the algorithms as suitable for
real-time applications. For example the Kalman filter needs only a few milliseconds per frame on a 2GHz
Pentium computer.

7 Conclusions

We considered a generally applicable observation model where the shape of the tracked object is approx-
imated by an ellipse in general position and its appearance by histogram based features. We provide
an efficient local search procedure to find the likely object configurations according to this observation
model. Two issues are raised that are common for many visual tracking problems. First, due to the
complexity of the observation model, the model does not admit an exact analytical treatment of the
tracking problem so we have to resort to some approximate Bayesian filtering scheme. Second, it might
be useful to integrate the efficient local search procedure into the filtering scheme.

We analyzed a range of heuristic approaches. First, the local search is used to find the likely object
configuration and the complex observation model is summarized by local approximation around the
likely configuration. The simplest case is to approximate the observation model by a single Gaussian
function centered at the most likely object configuration. The tracking is then achieved analytically by
the Kalman filter. In our implementation the Kalman filter requires just a few milliseconds per frame.
For the ”simple” tracking situations the results are comparable to the other tracking schemes. However,
in the more challenging situations where the tracked object is occluded from time to time the performance
of the Kalman filter degrades significantly. The degradation occurs for two reasons. The first reason is
that only the previously estimated object state is used as the starting point for the local search. In case
of occlusions and sudden movements it is difficult to find the most likely object configuration again and
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the local search can end into some local maxima. To increase the chance to find the most likely object
configuration we use a number of starting positions sampled from the prediction density. The second
reason for the decreased performance is that in case occlusions and background clutter there might be a
number of likely object configurations. The configurations may be associated with different hypothesis
about the object trajectory and the correct trajectory can be disambiguated only after observing future
data. Therefore we approximate each likely configuration locally by a Gaussian which leads to a Gaussian
mixture approximation of the observation model. The approximate scheme known as Mixture Kalman
filter can be used then for tracking. The computational costs for approximating the observation model
increase proportional to the number of starting points for the local search. There are also some additional
computation costs for performing the Mixture Kalman filter update steps. When using 5 starting points
the Mixture Kalman filter in our implementation required 2-3 times more time per frame than the Kalman
filter but the results greatly improve especially for the difficult tracking situations. Another common
approach for approximate Bayesian filtering is to use a sampling scheme for example the bootstrap
particle filter. Empirical results show that for small number of samples that are needed for real-time
implementation the bootstrap filter suffers similar problems as the Kalman filter. The novel particle filter
we propose is using the Gaussian mixture approximation of the observation model obtained using the
local search as the proposal distribution. The results show that this particle filter is more robust then
the bootstrap filter while the theoretical guarantees are retained [11]. We believe that the improvement
in general depends on the efficiency of the local search and the goodness of the approximation. We
expect the most benefit from an efficient search in case we have a highly dimensional state space, since
it is well known that the performance of importance sampling quickly degrades in high dimensions
unless an adaptive and accurate proposal distribution is used. The computation costs for the sample
based approaches scale with the number of particles. The novel particle filter includes also the costs of
approximating the observation model by the mixture. Empirically the new particle filter with proposal
and 100 particles requires twice the time of the the mixture Kalman filter. The tracking results improve
without compromising theoretical convergence properties that the mixture Kalman filter fail to have. On
the other hand the mixture Kalman filter is a better choice if the high accuracy is less important than
computation time.
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Abstract— The interaction between men and machines has
become an important topic for the robotics community as
it can generalize the use of robots. In this context, advanced
robots must integrate capabilities to interpret humans motion
as well as persons gestures in order to perform tasks for the
humans or in synergy with them. The purpose of this paper is
to show a real-time system for face/hand tracking and hand
gesture recognition in the particle filtering framework. We
introduce mechanisms for visual data fusion within particle
filtering to develop trackers combining in a novel way color
and shape cues, skin blobs or frontal face detection. For the
purpose of face tracking, the fusion of modalities based on
color and shape allows to avoid noticeable drift, even possible
subsequent loss in the worst case. For gestures interpretation,
an extension is proposed to achieve in the tracking loop the
recognition of the current hand posture and of its motion in
the video stream. In both tracking scenarios, the combination
or fusion of cues proves to be more robust in cluttered
environments than any of the cues individually. The global
performances of the proposed trackers and future works are
also discussed.

I. INTRODUCTION AND FRAMEWORK

Man-machine interaction has become an important topic
in the robotics community. In this context, advanced robots
must integrate capabilities to detect humans presence in
their vicinity and interpret their motion. Here, persons
are just considered as some “passers by” and no direct
interaction is intended. For an active interaction, the robot
must also be able to interpret gestures performed by the
tracked person. We focus here on communicative gestures
to symbolize some referential actions for the robot.

Fig. 1. Our robot
Rackham

The purpose of this paper is
to show a real-time system for
face/hand tracking and hand ges-
ture recognition in the particle fil-
tering framework. This formalism
has been pioneered in the seminal
paper [4] by Isard and Blake.
A first reason for focusing on
particle filtering as the tracking
engine comes from its capability
to work with the non-Gaussian
noise models required to repre-
sent the cluttered environments.
A second reason of such a framework is that it allows
the information from different measurements sources to be
fused in a principled manner. Although this fact has been
acknowledged before, it has not been fully exploited within

a visual tracking context. Data fusion with particle filters
has been mostly confined to skin color and shape cues
inside and around simple silhouette shapes [5], while a
host of cues (such as motion, color, sound) are sometimes
available to increase the reliability of the tracking [11].
In [2], we proposed a preliminary approach based on con-
tours (describing the shape) and skin regions segmentation
to track faces and recognize hand configurations in video
streams. The integration of skin blobs segmentation on
board of our Rackham robot dedicated to H/R interaction
(figure 1) showed that its behavior is greatly influenced by
the variability of the environment itself (e.g. heavy cluttered
background) and by the viewing conditions changes in such
a mobile robot context. Skin blobs segmentation must be
used cautiously and only when necessary.

Moreover, this cue as well as frontal face detection
introduced in [2] are said intermittent because they are
unefficient when the person turns back to the camera. This
intermittent nature makes them candidate for the design
of detection modules, efficient proposal distribution and
particle filter initialization as depicted hereafter.

Color distribution on image patches describing the target
are proved to be remarkably persistent and robust to
changes in pose and illumination [11]. However, this cue
remains prone to ambiguity with regard to false alarms
characterized by a color distribution similar to that of
the region of interest (ROI). These ambiguities can be
drastically reduced by introducing shape cues, as human
limbs to be tracked are known a priori so that silhouette
models can be learnt beforehand (figure 5).

The remainder of the paper is organized as follows.
Section II briefly outlines the well-known particle filtering
formalism and alternative schemes when information from
multiple measurement sources are available. Section III
presents four cues we aim to combine in trackers dedi-
cated to H/R interaction: frontal face detection, skin blobs
detection, contours (shape) and color. Applications of face
tracking and gestures recognition (both static and dynamic)
are presented in sections IV and V under a variety of
conditions/scenarios. Finally, section VI summarises our
contribution and opens the discussion for future works.

II. CONDENSATION FORMALISM AND DATA FUSION

A. The “Condensation” algorithm
The “Condensation” algorithm —for “Conditional Den-

sity Propagation”— is a particle technique for the estima-
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tion of the state vector of a nonlinear Markovian system
submitted to possibly nonGaussian random inputs [1], [7].
The aim is to recursively estimate the a posteriori proba-
bility density of the state vector xk at time k conditioned
on the knowledge of past measurements.

Let zk
1 term the available measurements from time 1 to

k. At each time k, the probability density function (pdf)
p(xk|zk

1 ) is depicted by a set of particles x(i)
k —which are

samples of the state vector— affected by weights w(i)
k . The

idea is to get

p(xk|zk
1 ) ≈

∑

i

w(i)
k δ(xk − x(i)

k ), (1)

i.e. to approximate random sampling from the pdf p(xk|zk
1 )

by the selection of a particle with a probability equal
to its associated weight. All the difficulty thus lies in
the way the particles and their weights are defined all
along the estimation process. Moments of the a posteriori
distribution can then be approximated through the formula
E

(
g(xk|zk

1 )
)

=
∑Ni

i=1 w(i)
k g(x(i)

k ).

The estimator initialization consists in the definition
of a set of weighted particles which can describe the
initial prior p(x0). Then, starting from a set of weighted
particles {x(i)

k−1, w
(i)
k−1} associated with the filtering density

p(xk−1|zk−1
1 ) at time k − 1, the computation of the

particles set associated to the filtering density at next time
k proceeds in three steps.

The first step consists in the resampling, within
the set {x(i)

k−1}, of Ni new particles x′(i)k−1. This re-
sampling is guided by the weight values, in that
P (x′(i)k−1 = x(i)

k−1) = w(i)
k−1. So, particles associated to high

weights w(i)
k−1 may be duplicated, while low-weighted par-

ticles collapse. The consequent uniformly weighted particle
set {x′(i)k−1, N

−1
i } still represents p(xk−1|zk−1

1 ).
Then, each particle x′(i)k−1 is propagated between times

k − 1 and k by generating its successor from the pdf
p(xk|xk−1 = x′(i)k−1) relative to the hidden state vector dy-
namics. It can be easily shown that {x(i)

k , N−1
i } describes

the prediction density p(xk|zk−1
1 ).

Finally, the set of weighted particles associated to the
filtering density at time k is determined by taking into
account the measurement zk. The Bayes rule shows that
{x(i)

k , w(i)
k } describes p(xk|zk

1 ) as soon as each weight w(i)
k

relative to x(i)
k is affected the value p(zk|xk = x(i)

k ), prior
to a normalization of the w(i)

k ’s so that
∑Ni

i=1 w(i)
k = 1.

The Figure 2 shows an example. Therein, each ellipse is
centered on a particle and has a size related to its weight.

B. Application to visual tracking

Visual tracking can be stated as a filtering problem [7].
The state vector gathers a minimal set of variables rel-
ative to the target to be tracked. Its a priori dynamics,
characterized by p(xk|xk−1), must be consistent with the
admissible motions. The target is henceforth parametrized
by some position, orientation and size parameters in the
current frame. The state vector xk at time k is made of their

Fig. 2. Outline of “Condensation” algorithm. Blob centers represent
particles and blob sizes depict the associated weights (from [7])

values at times k and k − 1, so as to deal with temporal
evolutions of the second order.

A target detection scheme —skin blobs, face detec-
tor,. . . — is applied to the initial frame in order to settle
the initial state probability distribution of the tracker.

Several choices of the likelihood p(zk|x(i)
k ) can be

considered. It will be further assumed that when M
measurement sources are used, they are independent con-
ditioned on the knowledge of the state vector, so that
p(((z1), . . . , (zM ))k|x(i)

k ) =
∏M

m=1 p((zm)k|x
(i)
k ).

C. Enhanced schemes

This paper also considers two enhancements of the orig-
inal Condensation scheme: the ICondensation algorithm
will be used for face tracking (section IV), while the
Mixed-State Condensation will handle multiple gestures
recognition (section V).

1) ICondensation: A deeper insight to the Condensation
algorithm shows that the resampling step is necessary to
avoid that after a few iterations, all but one particle have
negligible weights. Indeed, such a degeneracy phenomenon
cannot be avoided whatever the recursive particle filtering
strategy. Yet, another fact can be used to limit this problem
in addition to resampling, namely the choice of the impor-
tance —or proposal— density, i.e. of the way the particles
are distributed in the state space [1].

Positioning the particles according to the stochastic
state dynamics, as is the case in Condensation, isn’t the
optimal choice. Instead, the successor at time k of a
particle x(i)

k−1 should be drawn from an importance density
π(xk|x(i)

k−1, zk) combining both the dynamics p(xk|x(i)
k−1)

and the actual measurement zk [3]. Notice that a systematic
procedure is defined so as to update its weight accordingly.

The ICondensation algorithm [5] is a step towards this
aim. In this approach, particles at time k can be drawn
from a pdf of the form π(xk|zk) according to the ROIs in
the current frame. Practically, they can be selected in the
vicinity of color blobs (section III-B).

However, if a particle drawn exclusively from the image
data is inconsistent with its predecessor from the point
of view of the state dynamics, the update formula leads
to a small weight. In order to avoid this problem, the
ICondensation implementation also draws some particles
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following the original Condensation scheme and others
using the prior distribution p(x0).

2) A Condensation algorithm for jump Markov systems:
The Condensation algorithm can also be readily extended to
tackle jump Markov systems, see the “mixed-state” version
of [6].

Let lk be a variable taking its values in a discrete set
—typically a gesture index— and following a discrete-
time Markov chain with known transitions probabilities Tij .
Assume that the state vector xk and the measurement zk

obey a known jump Markov system such that
p(xk|xk−1, lk, lk−1) = p(xk|xk−1, lk) = plk(xk|xk−1)

and p(zk|xk, lk, lk−1) = p(zk|xk, lk) = plk(zk|xk). (2)

Stating Xk = (lk, xk) enables to deal with such a system
in the Condensation framework.

On the one hand, in the prediction step a particle
X(i)

k = (l(i)k , x(i)
k ) is sampled from the dynamics prior

p(Xk|X(i)
k−1)= p(lk, xk|l(i)k−1, x

(i)
k−1)

= p(xk|l(i)k−1, x
(i)
k−1, lk)p(lk|l(i)k−1, x

(i)
k−1),

= plk(xk|x(i)
k−1)Tl(i)

k−1lk
.

(3)

A straight way to perform this is to first sample the discrete
index l(i)k from the transition probabilities T

l(i)
k−1lk

, and then

draw x(i)
k from p

l(i)
k

(xk|x(i)
k−1).

On the other hand, the measurement update step involves
the likelihood p(zk|X(i)

k ).

A MAP estimate l̂k at time k can be deduced, based on
the sum of the weights of all the particles having the same
discrete index at this time, and an estimate x̂k follows:

l̂k = arg maxl
∑

i∈Υl
w(i)

k , with Υl = {i : X(i)
k = (l, x(i)

k )}

x̂k =
P

i∈Υ̂ w(i)
k x(i)

kP
i∈Υ̂ w(i)

k

, with Υ̂ = {i : X(i)
k = (l̂k, x(i)

k )}.
(4)

III. MEASUREMENT CUES

We first focus on intermittent cues such as frontal face
and skin regions detection. We then deal with persistent
cues such as color and shape.

A. Frontal face detection
The method used for face detection was introduced by

Viola et al. [12]. It is based on a boosted cascade of Haar-
like features. These features are obtained by substracting
the sum of the pixels lying inside the white rectangles from
the sum of the pixels in the dark rectangles (Figure 3(a)).
They enable the detection of relative darkness between

(a) (b)

Fig. 3. (a) Haar-like features overlaying on a training face, (b) example
of face detection

eyes and nose/cheek or nose bridge. An over complete

set of features is generated by scaling the Haar-like masks
independently in vertical and horizontal directions. A cas-
cade of classifiers is a degenerated decision tree where
at each stage a classifier is trained to detect almost all
frontal faces while rejecting a certain fraction of non-
face patterns. This way, background regions are quickly
discarded while focusing on promising frontal face-like
regions (figure 3(b)).

B. Skin regions detection
Human skin colors have a specific distribution in color

space. They can be clustered to form a feature space for
segmentation. A color histogram model learnt offline is
classically used to classify skin-like pixels. In our ap-
proach [2], a watershed-based segmentation is then applied
on the labeled pixels to segment the skin regions.

Several color segmentation techniques have been used
for skin blobs segmentation [8] using a skin pixel clas-
sification. However, in a mobile robot context, these are
generally influenced by the variability of the environment
clutters and the associated viewing conditions changes.
Typically, overexposure (when the robot is close to a
bay window) or underexposure (when the robot moves
in a corridor) make more uncertain the separation of
skin regions from background. Moreover, for cluttered
environments, spurious close-to-skin colored regions can
be sometimes segmented, for example wooden doors and
desks (figure 4(b)). Yet, part of such false alarms can be
eliminated regarding the aspect ratio of the region. Clearly,
skin detection must be used cautiously and combined with
other cues. Figure 4 shows two examples of correct and
incorrect skin region segmentations.

(a) (b)

Fig. 4. Two examples: (a) correct segmentation, (b) incorrect segmen-
tation due to clutter in background

C. Shape cue
The use of shape cue requires that the class of targets

to be tracked is known a priori and that sufficiently
precise silhouette models can be learned beforehand. Such
conditions are met in human limbs tracking applications
where coarse shape cues (of head or hand) can be used.

The aim here is to track faces and well-defined hand
postures that represent a limited set of commands that
the users can give to the robot. To use a simple view-
based shape representation, face and hand are therefore
represented by coarse 2D rigid models, e.g. their silhouette
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contours, by means of splines [7]. These models, although
simplistic, permit to reduce the complexity of the involved
computations and remain discriminatory enough to track
a set of known hand postures in complex scenes as will
be shown later. Examples of these models are presented in
figure 5.

Fig. 5. Templates for face or hand configurations (depending on the
number of open fingers)

Fig. 6. Measurement
model for shape cue
(from [7])

In the particle filter measure-
ment update step, each sample
is classically given a likelihood
that depends on the sum of the
squared distances between model
points and corresponding image
points [7]. The model points
are chosen to be uniformly dis-
tributed along the spline. The cor-
responding ones are found by
searching in the image for color edge points which lie on
the spline normals that pass through these points (figure 6).

Color gradient can be estimated in various ways. It can
be computed either as a combination of gradients issued
from each channel separately, or as a vector to make full
use of color information. We follow this last principled way
(see [2] for more details).

Unfortunately, for cluttered background, using only
shape cue for template fitting is not sufficient, as irrel-
evant contours may attach the tracker. Moreover, due to
unfavourable illumination, the target contour may not be
as prominent as expected, while color cues are known to
be more robust to such lighting conditions.

D. Color distribution on image patches

1) Basics: For the color distribution modeling, we use
independent normalized histograms computed in the RGB
space. We denote the B-bin reference histogram model in
channel c ∈ {R,G,B} by hc

ref = (hc
1,ref , . . . , hc

B,ref ).
The color distribution hc

x =
(
hc

1,x, . . . , hc
B,x

)
of a region

Bx corresponding to any state x is computed by

hc
j,x = cH

∑

u∈Bx

δj(bc
u), j = 1, . . . , B, (5)

where bc
u ∈ {1, . . . , B} denotes the histogram bin index

associated with the intensity at pixel u in channel c of the
color image zC , δa terms the Kronecker delta function at a,

and cH is a normalization factor ensuring that
B∑

j=1
hc

j,x = 1.

The color likelihood model must be defined so as to
favor candidate color histograms close to the reference
histogram. A popular measure between two distributions
h1 = {hj,1}j=1,...,B and h2 = {hj,2}j=1,...,B is the

Bhattacharyya coefficient [9]:

D(h1, h2) = (1−
B∑

j=1

√
hj,1.hj,2)1/2

The smaller D is, the more similar the distributions are.
Finally, the likelihood of a state x when faced to zC is
given by

p(zC |x) ∝ exp(−
∑

c∈{R,G,B}

D2(hc
x, hc

ref )/2σ2
C).

If the tracked region contains different patches of distinct
colors, e.g. the face and clothes of a person, the histogram-
based modeling will capture them. It suffices to split the
ROI into subregions, each with its own reference color

model [10]. We consider the partition Bx =
NR⋃
p=1

Bp,x

associated with the set of reference histograms {hc
p,ref :

c ∈ {R,G,B}, p = 1, . . . , NR}. By assuming conditional
independence of the color measurements within the differ-
ent subregions defined by the state x, the multi-region color
likelihood becomes:

p(zC |x) ∝ exp(−
∑

c∈{R,G,B}

NR∑

p=1

D2(hc
p,x, hc

p,ref )/2.σ2
C)

where the histogram hp,x is collected in the region Bp,x.
The histogram based definition of the color likelihood is
illustrated in figure 7.

(a) (b)

Fig. 7. (a) ROI, (b) color likelihood of the location only (scale factor
fixed)

2) Model update: Illumination conditions, out-of-plane
rotated faces, visual angle as well as camera parameters
are known to be difficult to handle as they may lead
to an inaccurate tracking or a complete loss of lock. To
overcome these appearance changes, we update the target
model during slowly changing image observations. This
update is made according to

href,k = (1− α).href,k−1 + αhE[xk]

where k terms the frame time and α weights the con-
tribution of the mean state histogram hE[xk] w.r.t the
target model href,k−1. The contribution of a specific frame
decreases exponentially in time. The channel index c and
bin index j have been omitted for compactness reasons.
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IV. APPLICATION TO FACE TRACKING

Color-based filtering schemes enable the robust track-
ing of targets undergoing complex changes in shape and
appearance. Unfortunately, due to the model updating,
noticeable drifts or even loss of target can be observed [11].
The robustness of the tracker to drifts and color clutters
can however be increased by incorporating multi-patches
color models and by fusing color and shape cues in the
measurement model. This is illustrated in snapshots from
a sequence of 300 frames (figure 8).

Fig. 8. Face tracker fusing color and shape cues (images
58, 129, 142, 159, 188, 234): better postioning on the target, weak drift

Moreover, considering multi-patches (on face and es-
pecially clothes) of distinct color distribution makes the
tracker keep focusing on the current target even if several
persons enter in the view field of the camera (figure 9).

Fig. 9. Influence of the multi-part color model in the tracker images
246, 254, 261, 268): (top) with a single part, the tracker locks to a wrong
target in the foreground. (bottom) with multi-part model, the tracker keeps
locked onto the ROI even after an occlusion

As for the computational cost, a non-optimized imple-
mentation tracks regions of about 20× 20 pixels at a rate
of 50 fps with M = 200 particles on a 3GHz Pentium
IV.

Last improvements concern the tracking of targets under-
going rapid motion, persistent occlusion or (re)-apparition
in the scene. The aim is to make the tracker robust to such
events, which generally would cause target loss.

In the Condensation scheme, the state evolution model
is used to sweep the image ROIs in which the target is
predicted to lie. This precludes any re-initialization of the
tracker when the target can be anywhere in the image. The
ICondensation depicted in section II fulfills such problems
by using proposal distributions based on face detection or
skin blobs detection (low-level) and by fusing color and
shape cues in the likelihood model (high level).

Let B be the number of detected blobs. Following [5],
the centroid of each blob is computed as a coordinate b′i
in the original image, and a 2D importance function π is
defined by the Gaussian mixture

π(xk|zk) =
B∑

i=1

δi.N (bi,ΣB)

where bi = b′i + x̄B , and x̄B and ΣB are the mean and
covariance respectively of the offset from the blob (or face)
position to the centroid of the contour describing the face.
These parameters are learned offline by using a contour
tracker and comparing the output of skin blobs (or face)
detection with the centroid of the tracked contour.

V. APPLICATION TO GESTURES RECOGNITION

In [2], we proposed a preliminary approach to the
recognition of the current hand posture (figure 5) and
the automatic switching between multiple templates in the
tracking loop. For a richer interaction, an extension of
this tracker is proposed so as to handle multiple canonical
motion models as classifiers for gesture recognition.

The bayesian mixed-state framework depicted in sec-
tion II is well-suited to manage hand motion and con-
figuration models in video streams. Indeed, it suffices
to augment the state vector by two discrete variables
respectively indexing the configuration and the motion
type. So far, these indexes have been assumed mutually
independent, and evolve over time according to distinct
transition probabilities matrices. A further step will consist
in defining these switching probabilities from the prede-
fined interaction language.

As aforementioned, color and shape modalities are
mixed in the measurement model while the extension
to multi-part color modelling is efficient to discriminate
between configurations. This last issue is achieved within
our color model by splitting the tracked region into sub-
regions corresponding to the palm and fingers, and by
considering a single reference color model which is related
to the palm in the previous frame. Local Bhattacharyya
distances on these ROIs can exhibit the presence or absence
of open fingers, thus improving the discriminative power
between templates associated to configurations. Pratically,
the smaller the color discrepancy between a given ROI and
the reference model, the higher is the probability that an
open finger is located inside this ROI.

Regarding the experimentations, we consider two main
scenarios. In the first one, the behavior of the tracker is
illustrated when using only color cue. In the second one, we
fused color and shape cues to recognize both hand postures
and motion models.

A. Considering color cue only
With no assumption regarding hand silhouette templates,

that is, considering only color cue, a moving hand can
be tracked with a reasonable accuracy as shown in the
sequence of figure 10. In this sequence, the contour is
drawn in green (resp. red) during roughly horizontal (resp.
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vertical) motions and in blue if the hand remains stationary.
The classification of motion by model-switching is accurate
in most cases and the tracker runs at about 60 Hz.

Fig. 10. Hand tracker based on only color distribution: images
29, 32, 46, 47, 56, 64

B. Fusing color and shape cues
Figure 11 shows a few snapshots from a sequence of

200 frames, where the hand moves in front of a cluttered
background while its posture and global motion changes. In
this sequence, the contour is drawn in pink (resp. green)
during roughly horizontal (resp. vertical) motions and in
blue if the hand remains stationary.

Fig. 11. Fusing color distribution and edges in the hand tracker: images
26, 32, 44, 45, 58, 71, 93, 104, 152

Recognition results are compared with a ground truth
for both hand postures and motion models. While the hand
posture is correctly determined in most frames (close to
99%), the motion model is more often misclassified: about
75% for vertical or horizontal models, only 65% for the
stationarity (due to hand shivering).

VI. CONCLUSION AND FUTURE WORKS

In this paper we introduced mechanisms for data fusion
within particle filtering to develop trackers combining
color, edges based cues, eventually skin blobs or frontal
face detection in a novel way. Being the most persistent,
the two first cues were used as the mains cues for tracking.
The two last ones, logically intermittent, act in detection
and initialization modules for the particle filter.

For face tracking purpose, the fusion of color distribution
and edges-based modalities allows to avoid noticeable drift

and possible subsequent loss, experienced sometimes by
considering these cues individually. Considering multiple
subjects in the view field, multi patches of distinct color
distribution (such as the face and clothes) allows the
tracker to keep focusing on the current target. For gestures
tracking/recognition purpose, our tracker was adapted to
track multiple templates (representing hand postures) and
associated motion models. In both tracking scenarios, the
combinaison or fusion of cues proved to be more robust
than any of the cues individually. Videos of the diffrent
trackers are available at www.laas.fr/∼lbrethes/icra05/

Furthermore, we want to involve the fusion of other
information such as sound or motion intermittent cues
(which are less prone to clutter) and adapt our tracker to be
able to track multiple targets simultaneously. The multiple
target tracking could also be applied to the two-handed
gestures which is of great interest.
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Abstract—This paper describes a new approach for modeling
joints in an articulated 3d body model for tracking of the
configuration of a human body. The used model consists of a set
of rigid generalized cylinders. The joints between the cylinders
are modeled as artificial point correspondences within the ICP
tracking algorithm, which results in a set of forces and torques
maintaining the model constraints. It is shown that different joint
types with different degrees of freedom can be modeled with this
approach.
Experiments show the functionality and robustness of the

presented model.

Index Terms—Tracking, ICP, 3D body model, Joint Con-
straints

I. INTRODUCTION
Robots that are meant to cooperate closely with humans,

and especially with untrained persons who are not familiar
with the domain of robotics, need a deep understanding of the
intentions, activities, actions and movements of their human
interaction partner. This claim evolves from several facts:
On the one hand, the robot needs to be able to predict

the global plan and intention of the human in order to plan
its own actions within a cooperation context. Often, parts of
this knowledge can be communicated explicitly by speech,
gestures, or similar ways. But even if the global goal can
be easily shared between human and robot, there might be
multiple ways of performing the task in cooperation. Thus, an
activity recognition and, based on this, an intention prediction
is indispensable. Activity recognition must at least partly base
on knowledge about detailed movements of the human body,
which can be derived from a tracking system with appropriate
models of the human.
On the other hand, the robot needs to plan its movements

in a workspace that is shared between human and robot. This
puts up high safety demands, including not only collision
avoidance between human and robot, but also safe haptic
interaction e.g. for handing over objects, or shared objects and
tool manipulation. Therefore, an observation and prediction of

∗The work described in this paper was conducted within the EU Integrated
Project COGNIRON (”The Cognitive Companion”) and funded by the Euro-
pean Commission Division FP6-IST Future and Emerging Technologies under
Contract FP6-002020.

human movements is badly needed on a humanoid robot which
is designed to work together with humans. This also implies
the need for a system that is able to track human motion.
To yield reasonable results, a tracking system for human

motion has to exhibit an expedient model of the human body.
Several models have been proposed in literature, some of
which are discussed in section II. This body model has to fulfill
several requirements: The description should be adaptable to
different persons, it should be possible to incorporate known
constraints to reduce search space, and the granularity has to
be on the one hand high enough to deliver sufficient results, but
on the other hand coarse enough to allow for online tracking.
This paper presents an approach for an articulated 3d human

body model, and especially proposes a new joint model. This
joint model provides the possibility to model ”soft” constraints
by applying an elastic band approach. It can be easily inte-
grated in tracking approaches, as it will be shown with the
Iterative Closest Point (ICP) algorithm. First experiments and
results will be presented.
Section II gives a short overview on other works concern-

ing human models for tracking and activity recognition, and
section III presents the framework used for the described
work. The proposed human and joint model are depicted in
section IV and section V. Section VI presents experiments
and results.

II. STATE OF THE ART
For observation and tracking of human movements and

prediction of intentions, many different sensors and models
have been used, including invasive sensors like magnetic
field trackers (see e.g. [1], [2]) that are fixed to a human
body. Within the context of human-robot-interaction in every-
day life, this approach is not feasible; non-invasive tracking
approaches must be applied. Most of these are based on vision
systems, or on multi-sensor fusion (see [3]).
Tracking of humans and human body parts using vision is

investigated by a lot of research groups and several surveys
exist (see [4], [5], [6], [7]. Hence, there is a big variety of
methods ranging from simple 2D approaches like skin color
segmentation (e.g. [8]) or background subtraction techniques
(e.g. [9]) up to complex reconstructions of the human body
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pose. [10] shows how to learn the appearance of a human
using texture and color.
Estimating the 3D pose of a human has become popular in

recent years due to improved and new sensors and also due
to available computing power making complex calculations
feasible. Sidenbladh [11] used a particle filter to estimate
the 3D pose in monocular images. Each particle represents
a specific configuration of the pose which is projected into
the image and compared with the extracted features. In [12] a
shape-from-silhouette approach is used to estimate the human’s
pose.
An ICP-based approach for pose estimation is shown in [13].

The authors use cylinders to model each body part. In [14] the
same authors show how they model joint constraints for their
tracking process. However, it seems that the effect of the ICP is
partially removed if the constraints are enforced. Nevertheless,
parts of the work described in this paper are based on the work
of Demirdlian et al. (see [14], [13]).

III. USED FRAMEWORK
In the following, a brief overview is given on the sensors

(see section III-A) and the Iterative Closest Point algorithm
(see section III-B).

A. Sensor Data
The algorithm is based on a 3D point-to-model matching

performed by the ICP. To be able to match the geometric
model to a point cloud, it is necessary to obtain 3D point
measurements.
Two different sensors are used for this purpose: A Time-of-

Flight (ToF) camera and a standard stereo camera head with
depth data reconstruction.
The Swissranger ToF camera uses a resolution of 160 ×

124 pixels. Its output consists of a dense depth image and
an intensity image. The depth range is configured to 0.5m ≤
range ≤ 7.5m, the accuracy lies within a few centimeters.
Intensity data is not used within the current context, as the
intensity image has very low resolution and high noise due to
the sensor concept.
The stereo camera (mega-d from Videre Design) has a

maximum resolution of 1024×960, but for the given tracking
purpose, only 320 × 240 is used. The disparity image is
computed based on a calibration obtained offline.
An example scene, the corresponding disparity image from

the stereo vision system and the depth image from the ToF-
sensor can be seen in fig. 1.

B. Iterative Closest Point Algorithm
In the following section, a short introduction into the prin-

ciples of the ICP (Iterative Closest Point) algorithm is given.
The idea is that one has two indexed sets of the same points
in two different coordinate systems and wants to calculate the
translation !t and rotation R which transform the first set into
the second. For person tracking, the first set corresponds to
the data points of the sensor and the second set corresponds
to points on the surface of a rigid body. Following [15] the

first set is denoted P = {!pi}, the second one X = {!xi}. Both
sets have the same size with Nx = Np = N and each point
!pi corresponds to point !xi.
Having six degrees of freedom, at least three points are

needed to calculate the rotation and the translation. Because
the sensor data is always corrupted with noise, no exact
solution exists. Instead, the problem is transformed into the
minimization of a sum of squared distances:

f(R,!t) =
1
N

N∑

i=1

||R(!xi) + !t− !pi||2 (1)

Being !µp and !µx the mean value of P and N respectively
and setting !pi

′ = !pi− !µp, !xi
′ = !xi− !µx and !t′ = !t+R( !µx)− !µp

equation 1 becomes:

f(R,!t) =
1
N

N∑

i=1

||R(!xi
′)− !pi

′ + !t′||2 (2)

Evaluating yields:

f(R,!t) =
1
N

( N∑

i=1

||R(!xi
′)− !pi

′||2

− 2!t ·
N∑

i=1

(R(!xi
′)− !pi

′) + N ||!t′||2
)

(3)

The first part is independent of !t′, the second part reveals
to zero, therefore the function becomes minimal if !t′ = 0.
Transforming back gives:

!t = !µp −R( !µx). (4)

Having the optimal translation (and thus !t′ = !0), equation 2
becomes:

f(R,!t) =
1
N

N∑

i=1

||R(!xi
′)− !pi

′||2 (5)

Considering ||R(!xi
′)|| = ||!xi

′||, the equation can be written
as:

f(R,!t) =
1
N

( N∑

i=1

||!xi
′||2

− 2 ·
N∑

i=1

R(!xi
′) · !pi

′ +
N∑

i=1

||!pi
′||2

)
(6)

Maximizing
N∑

i=1

R(!xi
′) · !pi

′ (7)

gives the optimal rotation. See [16] for details.
In the beginning of this section it has been assumed that two

indexed sets P and N exist with !pi corresponding to !xi. In
reality only an unordered list of data points from the sensor(s)
and a geometrical description of the body (the model points)
can be accessed. Therefore in the first step the indexed lists
have to be constructed. This is done by calculating for each
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Fig. 1. Input data. 2d image (left), disparity image (middle), 3d image (right)

data point !pi the closest point on the model giving !xi. In
the second step the optimal translation and rotation can be
estimated and applied to the model. Afterwards the closest
points have to be calculated again with the new position of the
model in order to get the sum of squared distances between
the data points and the model points.
The Iterative Closest Point works as follows:
1) For a given model and its data points calculate the closest
points giving CP0

2) Calculate the sum of squared distances between data
points and model points giving d0(M,CP0)

3) Estimate rotation and translation and apply to the model
4) Calculate new set of closest point with new position of
the model giving CPi

5) Calculate the sum of squared distances between data
points and model points giving di(M,CPi)

6) If di−1(M,CPi−1)−di(M,CPi) < ε stop the iteration,
otherwise go to step 3.

Note that computation of closest point relations is by far the
most time consuming step in the ICP process, since it includes
a set of geometric calculations for each data point in the point
cloud.

IV. 3D HUMAN BODY MODEL

A 3D body model is used for the tracking system. Each
body part is represented through a degenerated cylinder (see
fig. 2 left). Top and bottom of each cylinder is described by
an ellipse. The ellipses are not rotated to each other and the
plains are parallel. In total, such a body is described by five
parameters (major and minor axis of the bottom ellipse, major
and minor axis of the top ellipse and the length of the cylinder).
The coordinate system is placed in the center of the bottom
ellipse with the x-axis along the major axis, the y-axis along
the minor axis and z along the height of the cylinder.
The overall body model is built in a tree-like hierarchy

starting with the torso as its root body part. Each child is
described with a degenerated cylinder and the corresponding
homogenous transformation matrix. Up to now the body model
consists of ten body parts (torso, head, two for each arm and
two for each leg) which is depicted on the right of fig. 2. It
should be mentioned that this body model is not necessarily
restricted to humans, also other bodies can be modeled like a
snake or a rabbit.

Fig. 2. Left: Degenerated cylinder, right: The overall human body model

A. 3D Human Model within ICP
For applying the ICP-algorithm to a 3D body model, two

things have to be considered: First, the ICP algorithm has to
be extended to an articulated model. Following the definitions
in section III-B, it can only cope with two point clouds, which
corresponds to one rigid body. This extension is done by
processing each model part separately and adding the joints
as constraints in each step.
Second, an appropriate closest point function has to be

defined.
Fig. 3 shows the principle of estimating the position of the

closest points corresponding to the data points. Xa shows a
regular pair of points whereas Xb is a special case which needs
to be handled separately.

x

z y

S

Xa

X'a

X b

X'b

Fig. 3. Calculating the closest
point on the degenerated cylinder

XX'i

X'j

Fig. 4. One data point has to be
assigned to two body parts

The 3D body model consists of several rigid bodies. Using
the ICP requires partitioning of the input data points where
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each data point is assigned to a special body part. Afterwards,
the ICP can be applied on each body part. During the devel-
opment, first results showed that it is not sufficient to create
disjoint sets of points for each body part. Some points share
two or more body parts instead, as can be seen in fig. 4.
Applying the ICP to each body part independently has

one drawback which needs to be handled. Without additional
constraints, it could happen that the single parts drift away and
are no longer connected forming a body model. Therefore, the
joints between the body parts need to be taken into account.

V. JOINT CONSTRAINT MODEL

The joint model we propose is based on the concept of intro-
ducing elastic bands into the body model. These elastic bands
represent joint constraints. For the ICP algorithm, these elastic
bands can be modeled easily as artificial correspondences and
will thus be considered automatically in each computation step.

Fig. 5. Elastic bands as joint model

For each junction of model parts, a set of elastic bands
is defined (see fig. 5). These relations set up corresponding
points on both model parts. The corresponding points can then
be used within the model fitting process to adjust the model
configuration according to any sensor data input and to the
defined constraints.

A. Joint Constraint Types
With this approach, different types of joints can be modeled.

Looking at a model for the human body, different kinds of
joints with varying degrees of freedom are required:

• Universal Joints have 3 full degrees of freedom. This
joint type can be found e.g. in the shoulder. The upper
arm can rotate up/down, forward/backward and around its
main axis.
Universal joints are modeled by a point-to-point corre-
spondence (one elastic band) between both body parts
with one point on each, see fig.6 a).

• Hinge Joints have one real degree of freedom, the others
being almost fixed. This can be found e.g. in the human
knee or elbow (only 1 DoF), or in the hip (1 real DoF,
the other two existing, but highly restricted in motion).
Hinge joints are modeled by a set of correspondences
which are distributed along a straight line on both body
parts. The same restriction can be achieved with cor-
respondences only at each end of the line (two elastic
bands), see fig.6 b).

• Elliptic Joints have all degrees of freedom highly re-
stricted. An example of the human body is the neck (or
the wrist): Motion is possible in all 3 degrees of freedom:

Left/right, forward/backward, and turning. Each direction
is very limited in range.
Elliptic joints are modeled by a set of correspondences
distributed along an ellipse on both body parts. This
restriction can be achieved with correspondences on each
end of the main axes of the ellipse (four elastic bands),
see fig.6 c).

a)

c)

b)

Fig. 6. Different joint type models. Universal Joint 3 DoF a), Hinge Joint 1
DoF + 2 restricted DoF b), Elliptic Joint 3 restricted DoF

Universal and hinge joints are special cases of the elliptic
joint. For the hinge joint, one major axis of the ellipse is set
to zero, resulting in a straight line. Setting both axes to zero
produces a universal joint, because all correspondences are
reduced to one point-to-point relation.
Following these definitions, each joint is modeled with a

set of parameters describing the type of joint and its behavior.
This parameter set consists of the major axes of the ellipse (a
and b), its position and orientation on both body parts (!Vi and
!Vi+1), and the weight of the given correspondence (W ). These
parameters are now described in detail.
1) Major axes: The model type (universal, hinge, elliptic)

and the valid range of each degree of freedom control the
choice for the major axes sizes and ratio. Universal joints
are modeled with both ellipse axes set to zero. For hinge and
elliptic joints, the axis direction defines the rotation axis, and
the axis length defines the stiffness of the other two rotational
degrees of freedom. In fig. 6 b), rotational flexibility around
the z-axis (perpendicular to the image plane) and around the
symmetric axis of the cylinders is very limited due to the
modeled joint.
2) Position and orientation: Position and orientation of the

point-to-point, hinge or elliptic joint model with respect to both
body parts define the connection between both parts.
3) Weight: If the joint model is used within a bigger

tracking framework (see section V-B), the elastic bands can
be used as correspondences which are included as tracking
constraints. The use of measured correspondences together
with artificial ones puts up the need for correct weighting
strategies between input and model constraints.
To incorporate this, each joint model can be weighted with

respect to measured input. This parameter is then used within
the model fitting algorithm to balance between measured input
and joint constraints. The weight parameter is defined in
relation to the number of ’natural’ correspondences to keep
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the ratio between measurements and constraints.
Increasing the weight of a joint model tightens the coupling

between both model parts, by decreasing the coupling
becomes looser. For hinge and elliptic joints, higher weight
also increases stiffness of a kinematic chain. This makes
sense especially for joints like a human neck or wrist which
shows a very tight coupling and very limited angular range.

The proposed joint model provides a ”soft” way to restrict
the degrees of freedom for the model parts. It additionally
provides means to control the ”degree of restrictiveness” for
each DoF in a joint. Applying elastic strips is tantamount to
introducing a set of forces which hold the model parts together.
The connected points and magnitude define the joint behavior.
The soft joint model can e.g. be applied to the joint between

human pelvis and thigh: While in forward/backward direction
the movement is almost unrestricted, there is a high restriction
for the left/right movement. But still a small movement is
possible, and a 1 DoF model would not be sufficient.
Nevertheless, it is possible to model plain bending joints

with a hinge joint model with one large axis.

B. Joint Model within the ICP

One of the main advantages of this joint model is that
it can be very easily integrated in tracking algorithms. The
joint model is added as a second data source, which adds
correspondences between model and real world.
Introducing the joint model correspondences in the ICP

framework (see section III-B) is done by transforming the
elastic band constraints into artificial input points according
to the following rules:

• For each correspondence with the weight W , W artificial
point pairs are generated.

• The artificial point pairs have to be added to the cor-
respondence list after computation of the Closest Point
Relations (see section III-B, step 1).

• Because each body part is processed separately, each joint
model has to be added twice, once to each associated body
part.

• Each of the generated point pairs represents one point on
the model and the associated artificial data point. So each
pair has to be added to one body part as Model - Data and
to the other Data - Model relation to retrieve the desired
forces (from the elastic bands) on both model parts. These
forces then try to establish the modeled connections.

• The artificial correspondences are recalculated in each
ICP step.

• The chosen weight of each joint depends on the desired
stiffness of the model. To always achieve the same
stiffness during tracking, the ratio between measured and
artificial point relations has to be constant. This means
that the number of generated artificial points for one body
part in each step depends on the quantity of measurements
for this part of the model. The generated relations are
linearly scaled with the number of measurements.

• From our experience, the ratio r between measured and
artificial points should be chosen as approximately 0.4 ≤
r ≤ 0.7. This gives enough cohesion within the model
without implying to hard and static relationships.

It is important to note that the introduction of multiple identical
correspondences within the ICP does not increase computation
time with the order of point counts (like a set of different
measured points would). The only additional effort consists of
one multiplication of the resulting point matrix (4 × 4) with
the scalar weight W .

VI. EXPERIMENTS AND RESULTS
The framework described in this paper has been imple-

mented and tested successfully on real data from the two
sensors described in section III-A. Three example sequences
are shown in fig. 7.
The first row in fig. 7 shows some frames (left data + model,

right model only) of a sequence with a person performing
rolling movement with the forearms (like a football player sig-
naling substitution), with the arms periodically occluding each
other. Two conclusions can be drawn from this sequence: First,
the tracking with 3D data works not only on fully visible body
parts, but also on partially or completely occluded parts. The
forearms are partially occluded during the movement, but are
still satisfactorily tracked. Second, the joint model also helps in
tracking of occluded parts like the upper arm. Information on
the torso and the forearm, both visible, determines the position
and orientation of the upper arm. Another advantage of the
given joint model is not visible at first sight: The orientation
of the cylinders in symmetry direction (height axis) can not be
extracted from measurements. Still, the joint model determines
the correct pose of the cylinder (except for singularity poses)
from the body pose. This can be helpful for other algorithms
like texture mapping or matching etc.
The second and third row in fig. 7 show a comparison of

the ICP on a body model with (2nd row) and without (3rd

row) the hinge and elliptic joint. On the left, the ToF camera
is used, on the right, the disparity data is used as input. It can
be seen easily that the additional model knowledge improves
tracking performance significantly. In the left two images, one
arm is lost during tracking without joint restriction, while it
tracked well with included joint models. The disparity based
sequence shows the performance of the joint model: The joint
model reveals its strength especially when the input data is
noisy and defective.
The whole tracking framework does not run in realtime so

far; a frame-rate of 3 to 5 fps can be processed on a standard
PC.

VII. CONCLUSIONS AND FUTURE WORK

This paper has presented a new approach for modeling joint
constraints in an articulated 3D body model. This approach
uses elastic bands and provides three basic joint types: Univer-
sal, hinge and elliptic joints. The model can be easily integrated
into a tracking algorithm and has been successfully tested
on real data within an ICP tracking framework. The model
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Fig. 7. Tracking results. First row: Tracking of rolling arms (data + model). Second and third row: Comparison of hinge/elliptic joint model (2nd row) vs.
simple universal joint model (3rd row) with ToF data (left) and disparity image data (right)

constraint knowledge has been integrated similar to any other
sensor data which gives information on the human pose.
Further research on tracking of human poses will mainly

aim in three directions: First, the whole framework must
be able to run in realtime to obtain robust online tracking.
Second goal is to also explicitly include the valid angular
range into the joint constraints by modifying the input data for
the tracking algorithm, and third, we aim at integrating other
sensory data into the tracking algorithm by generating artificial
correspondences for the ICP in the same way the model
constraints have been added. This leads to a generic framework
for fusion of tracking algorithms and model knowledge.
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                   Particle filtering strategies evaluations
Several particle filtering strategies were evaluated in order to check which ones best fulfill
the requirements of the considered H/R interaction modalities. The evaluated strategies are
CONDENSATION, ICONDENSATION, the Auxiliary Particle Filter, the Rao!Blackwellized
Subspace History!Sampling Sampling Importance Resampling (RBSSHSSIR) algorithm and
the hierarchical particle filter (HIERARC).For the sake of comparisons, importance
functions rely on dynamics or measurements alone (and are respectively noted DIF for
Dynamics!based Importance Function and MIF for Measurement!based Importance
Function), or combine both and are termed DMIF for Dynamics and Measurement!based
Importance Function. Further, each modality has been evaluated on a database of
sequences acquired from the robot in a wide range of typical conditions: cluttered
environments, appearance changes or sporadic disappearance of the targeted person,
jumps in her dynamics... For each sequence, the mean estimation error with respect to
``ground truth"", together with the mean failure ratio (% of target loss), were computed
from several filter runs. Some associated figure plots, as well as some tracking scenarii, can
be found here.

1. Short!range tracking
This modality combines motion and shape cues. An evaluation of various particle filtering
strategies for this modality is presented below.

Nominal conditions
TOP

Video 1 : DIF strategy Video 2 : MIF strategy Video 3 : DMIF strategy

Cluttered background
TOP

Video 4 : DIF strategy Video 5 : MIF strategy

TOP

Excerpt from http://www.laas.fr/~lbrethes/KE2_2k5/
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Mean error and failure ratio in cluttered
background:

Mean error Failure ratio

TOP

Mean error and failure ratio for in illumination:

Mean error Failure ratio
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Time consumption

2. Mean range tracking
This modality merges shape and color distribution cues. An evaluation of several tracking
strategies on representative sequences of the mean range tracking modality is presented
below.

TOP

Nominal conditions
Video 6 : DMIF strategy in nominal conditions

Mean error Failure ratio

TOP

Time consumption vs particles number:
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TOP

Illumination changes
Video 7 : DMIF strategy in illumination changes

TOP

Appearance changes
Video 8 : DMIF strategy in appearance changes

Mean error Failure ratio
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TOP

Jump in the target dynamics
Video 9 : DIF strategy Video 10 : MIF strategy Video 11 : DMIF strategy

Mean error Failure ratio

TOP

Two people without occultation:
Video 12 : MIF strategy Video 13 : DMIF strategy

Mean error Failure ratio
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TOP

Two people occulting each other
Video 14 : DIF strategy Video 15 : DMIF strategy

Mean error Failure ratio

TOP
Time consumption vs particles number:

Time consuming
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3. Long range monitoring
This modality merges motion and color distributions. An evaluation of various particle
filtering strategies on representative sequences of the long range tracking modality is
shown below.

Nominal conditions
Video 16 : HIERARC strategy Video 17 : DMIF strategy

Mean error Failure ratio

TOP

Sporadic pauses in the target motion
Video 18 : DMIF strategy

Mean error Failure ratio

COGNIRON FP6-IST-002020                                Appendix

Appendix page 39 of 101



Mean error Failure ratio

TOP

Two people occulting each other
Video 21 : DMIF strategy

Mean error Failure ratio

TOP

Full occultation by a static object
Video 19 : HIERARC strategy Video 20 : DMIF strategy
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TOP

Occultation of motionless target
Video 22 : HIERARC strategy Video 23 : DMIF trategy

Mean error Failure ratio

TOP

Group of people
Video 24 : DMIF strategy

TOP

Time consumption vs particles number:
Time consuming
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Abstract—This paper proposes a tracking system called
VooDoo for 3d tracking of human body movements based on a 3d
body model and the Iterative Closest Point (ICP) algorithm. The
proposed approach is able to incorporate raw data from different
input sensors, as well as results from feature trackers in 2d or
3d. All input data is processed within the same model fitting
step by modeling all input measurements in 3d model space. The
system has been implemented and runs in realtime at appr. 10-
14 Hz. Experiments with complex human movements exhibit the
characteristics and advantages of the proposed approach.

I. INTRODUCTION

Robots that are meant to cooperate closely with humans,
and especially with untrained persons which are not familiar
with the domain of robotics, need a deep understanding
of the intentions, activities, actions and movements of their
interaction partner.
This is on the one hand due to the fact that the robot

needs the ability to predict the global plan as well as single
movements of the human in order to plan its own actions
and movements in an efficient way with respect to the overall
goal. Even if parts of the goal can be explicitly communicated
between human and robot, there are in most cases several
ways to reach a given goal, especially in a cooperation context.
Thus, not only motion prediction, but also activity recognition
is an indispensable feature for such a robot.
On the other hand, a shared workspace between robot

and human puts up high safety demands. This includes not
only collision detection, but also haptic interaction and shared
object and tool manipulation. Therefore, observation and pre-
diction of the human’s movements is badly needed in a robot
system that is designed to work together with humans.
Many tracking systems for humans have been proposed in

literature, some of which are discussed in sec. II. Most of
these are designed for one special input sensor, and all internal
models are based on this assumption.
This paper introduces a 3d body model based tracking sys-

tem called VooDoo, and especially proposes a new approach
for fusion of different input sensors and cues for tracking.
This approach is able to incorporate tracking information
from 3d sensors like Time-of-Flight-cameras (ToF) or stereo
reconstruction together with cues from 2d based trackers like a
monocular camera. The system is designed to work only with
sensors on-board the robot.

The system is able to track a person in realtime at about
10-14 Hz in 3d. Results are shown with different input sensors.

II. STATE OF THE ART

For observation and tracking of human movements, many
different sensors and models have been used. This includes
invasive sensors like magnetic field trackers (see [1], [2]) that
are fixed to the human body. Within the context of human robot
interaction in every-day life, this approach is not feasible;
non-invasive tracking approaches must be applied. Most of
these are based on vision systems, or on multi-sensor fusion
(see [3]). Systems which rely on distributed sensors (see [4])
are not practicable in the given domain; the tracking system
must be able to rely only on sensors mounted on the robot.
Tracking of humans and human body parts using vision is

investigated by a lot of research groups and several surveys
exist (see [5], [6], [7], [8]). Hence, there is a big variety of
methods ranging from simple 2d approaches such as skin color
segmentation (e.g. [9]) or background subtraction techniques
(e.g. [10]) up to complex reconstructions of the human body
pose. [11] shows how to learn the appearance of a human
using texture and color.
Sidenbladh [12] used a particle filter to estimate the 3d

pose in monocular images. Each particle represents a specific
configuration of the pose which is projected into the image and
compared with the extracted features. [13] use a shape-from-
silhouette approach to estimate the human’s pose. A similar
particle filtering approach is used in [14]. The whole body is
tracked based on edge detection, with only one camera. The
input video stream is captured with 60 Hz, which implies only
small changes of the configuration between two consecutive
frames. As it is a 2d approach, ambiguities of the 3d posture
can hardly be resolved.
An ICP-based approached for pose estimation is shown in

[15]. The authors use cylinders to model each body part. In
[16] the same authors show how they model joint constraints
for their tracking process. However, it the effect of the ICP
is partially removed when the constraints are enforced. Nev-
ertheless, parts of the work described in this paper are based
on the work of Demirdjian et al.
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Fig. 1. Sensor head (left), 2d image (middle left), disparity image (middle
right), 3d image (right)

III. USED FRAMEWORK
This section describes the framework which is used for the

presented work: Used sensors, the ICP algorithm which forms
the basis, the articulated 3d human model and the joint model
within the body model.

A. Sensor Data
In the described framework, two different sensors are used

to demonstrate the capabilities of the algorithm: A time-of-
flight (ToF) camera and a standard stereo camera head with
depth data reconstruction generate 3d point clouds, and the
color information of the camera is used to track face and hands
with a simple skin color model in 2d.
The Swissranger ToF camera uses a resolution of 160×124

pixels. The output consists of a dense depth image and an
intensity image. The depth range is configured to 0.5 m ≤
range ≤ 7.5 m, the accuracy lies within a few centimeters.
Intensity data is not used within the current context, as the
intensity image has very low resolution and high noise due to
the sensor concept.
The stereo camera (mega-d from videre design) is used at

a resolution of 320 × 240. The disparity image is computed
based on a calibration obtained offline.
The sensors and the raw data can be seen in fig. 1.

B. Iterative Closest Point Algorithm
This section gives a short introduction to the Iterative

Closest Point (ICP) algorithm. The goal of the ICP is to
match two indexed sets of the same points which are given
in different coordinate systems and calculate the translation !t
and rotation R that transform the first coordinate system into
the second. For person tracking, the first set corresponds to
the data points of the sensor and the second set corresponds
to points on the surface of a rigid body. Following [17], the
first set is denoted P = {!pi}, the second one X = {!xi}. Both
sets have the same size with Nx = Np = N and each point
!pi corresponds to point !xi.
Because the sensor data is always corrupted with noise, no

exact solution exists. Instead, the problem is transformed into
the minimization of a sum of squared distances:

f(R,!t) =
1
N

N∑

i=1

||R(!xi) + !t− !pi||2 (1)

For a complete description of how to compute the optimal
translation and rotation, see [18].
The sensor data consists of a list of data points, which

has to be matched to a geometrical description of the body.
To retrieve the ordered list of point pairs needed for the

ICP, the correspondences between data and model have to be
constructed.
This is done by calculating for each data point !pi the geo-

metrically closest point on the model giving !xi. In the second
step the optimal translation and rotation can be estimated and
applied to the model. This process is then repeated until the
absolute value of the transformation is below some threshold.
The Iterative Closest Point steps are:
1) For the given model and the data points calculate the
closest points giving CP0

2) Calculate the sum of squared distances between data
points and model points giving d0(M,CP0)

3) Estimate rotation and translation and apply to the model
4) Calculate new set of closest point with the new position
of the model giving CPi

5) Calculate the sum of squared distances between data
points and model points giving di(M,CPi)

6) If di−1(M,CPi−1)−di(M,CPi) < ε the iteration stops,
otherwise go to step 3.

Note that computation of closest point relations is by far the
most time consuming step in the ICP process, since it includes
a set of geometric calculations for each data point in the point
cloud.

C. Human Body Model
For the tracking system a 3d body model is used. Each

body part is represented with a degenerated cylinder.The top
and the bottom of each cylinder is described by an ellipse.
The ellipses are not rotated to each other and the planes are
parallel.
The overall body model is built in a tree-like hierarchy

starting with the torso as root body part. Each child is
described with a degenerated cylinder and the corresponding
transformation from its parent. Up to now the body model
consists of ten body parts (torso, head, two for each arm and
two for each leg) which is depicted on the left of fig. 2. It
should be mentioned that this body model is not necessarily
restricted to humans, and also other bodies can be modeled
easily.
If the fusion algorithm also incorporates data from feature

trackers (like some vision based algorithms, or magnetic field
trackers that are fixed on the human body), it is required to
identify certain feature points on the human body. This is done
following the H—Anim Specification (see [19]).

D. Joint Model
The joint model is based on the concept of introducing

elastic bands into the body model. These elastic bands repre-
sent the joint constraints. For the ICP algorithm, these elastic
bands can be modeled as artificial correspondences and will
thus be considered automatically in each computation step (see
sec. IV-B.6).
For each junction of model parts, a set of elastic bands

is defined (see fig. 2). These relations set up corresponding
points on both model parts. The corresponding points can then
be used within the model fitting process to adjust the model
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a)

c)

b)

Fig. 2. Different joint type models. Universal Joint 3 DoF a), Hinge Joint 1
DoF + 2 restricted DoF b), Elliptic Joint 3 restricted DoF c)

configuration according to all sensor data input and to the
defined constraints.
This approach allows for modeling of different joint types.

Within the described tracking system, three types are used:
• Universal Joints have 3 full degrees of freedom (e.g.
human shoulder).
Universal joints are modeled by one point-to-point cor-
respondence (one elastic band), see fig. 2 a).

• Hinge Joints have one real degree of freedom, the others
being almost fixed (e.g. elbow or knee).
Hinge joints are modeled by a set of correspondences
which are distributed along a straight line, see fig. 2 b).

• Elliptic Joints have all degrees of freedom highly re-
stricted. An example on the human body is the neck:
Motion is possible in all 3 degrees of freedom, but very
limited in range.
Elliptic joints are modeled by a set of correspondences
distributed along an ellipse, see fig. 2 c).

For details of the joint model, see also [20].

IV. SENSOR FUSION ALGORITHM FOR TRACKING

The goal of the VooDoo tracking system is to track the
posture of a human body in 3d by matching the internal 3d
body model with the current input sensor data. Thus, the
tracking system offers three interfaces: sensor data stream
(input), parameter configuration (input), and current posture
estimation (output). All sensor data formats that can be ex-
ploited are described in section IV-A. The configuration values
we have identified will be described in sec. IV-B along with
the processing steps.
The current posture estimation output is given with respect

to the hierarchical body model defined in sec. III-C. In each
time step, the whole body model is provided. This allows for
changes not only in the body pose (joint angle space), but also
for changes in the model itself (configuration and parameters
of the body model). This may concern scaling of the model for
different persons with varying body heights, or even addition
and deletion of body parts in case of changing tracking targets
or other effects. This can be useful e.g. if the tracked person
is holding and handling a big object, which then can be added
easily to the tracked configuration.
The VooDoo tracking algorithm is depicted in fig. 3. The

next section describes possible input data, while sec. IV-B
depicts the processing steps within the tracking loop.

A. Input data
The proposed tracking algorithm is able to include, process

and fuse different kinds of sensor data (see also fig. 3):
• Free 3d points from ToF-sensors or from pure stereo
depth images. The system has to decide whether to use
these points as measurements of the tracked model. For
a point that is not discarded, the corresponding point on
the model surface is computed.

• 3d points on the human body that are e.g. generated
by a stereo vision system that tracks a person in image
space and generates the corresponding 3d points by stereo
reconstruction.

• 3d points assigned to a single body part may also be
generated by a stereo vision system tracking special body
parts like the face or the hands.

• 3d point-to-point relations are 3d points that can be
assigned to a given point on the tracked human body.
Thus, tracking of special features or points (e.g. with
markers, or magnetic field trackers attached to the human
body) can be integrated.

• 2d point-to-line relations can e.g. be derived from a 2d
image space based tracker. The pixel in the image plane
together with the focal point define a ray in 3d, which
corresponds to the point on the human body that has been
detected in the image.

This data can originate from any sensor that gives data in
the described format. Obviously, all input data has to be
transformed into the tracker coordinate system before it is used
within the system.

B. Processing
For the ICP matching algorithm, a list of corresponding

point pairs has to be set up for each limb (see also sec. III-
B). Therefore, all “free” 3d points have to be analyzed in
order to decide whether they correspond to points on the
tracked model. Otherwise, they are discarded. Additionally, all
given correspondences from other tracking procedures and the
background knowledge on joint constraints have to be added
to the correspondences list. Then, the optimal resulting model
configuration has to be computed. These steps are performed
iteratively until an optimum of the configuration is reached.
Before the input data of one time step is processed, it is

possible to adjust internal model parameters. This can be e.g.
the model scale factor, or particular cylinder sizes. Even limbs
can be added to or removed from the model.
The tracking algorithm and the sensor fusion approach are

now described step by step.
1) Prefiltering free 3d points: The whole point cloud of

free 3d points from used depth sensors is processed in order
to remove all points that are not contained within the bounding
box of the body model (see fig. 3, step BB Check whole body).
This is done on the assumption that the body configuration
changes only locally between two time frames. A parameter
defines an additional enlargement of the bounding box prior
to this filtering step.
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Fig. 3. The complete VooDoo algorithm (“BB” = Bounding Box)

The resulting point list is concatenated with any sensor data
input that has already assigned its measured 3d points with the
tracked body (see sec. IV-A). This results in a list of 3d points
which are close to the body model and thus are candidates for
measurements of the tracked body.
2) Assigning points to limb models: The point list is now

processed in order to assign measured points to dedicated
limb models based on the bounding box of each limb model
(see fig. 3, step BB Check body parts). Again, the bounding
boxes can be enlarged by a parameter to take the maximum
possible displacement into account. Points that do not fall in
any bounding box are again removed. Several behaviors can
be selected for points that belong to more than one bounding
box (overlap): These points are either shared between limb
models, exclusively assigned to one limb or shared only in case
of adjacent limbs. This last method avoids collisions between
limbs that are not directly connected.
The resulting point list can be joined with any sensor data

input that has already assigned its measured 3d points with
dedicated limbs of the tracked body (see sec. IV-A). The
resulting point list contains candidates for measurements of
each limb.
3) Point Number reduction: The resulting point list can

be downsampled before the calculation of the closest points
to reduce the overall number of points (see fig. 3, step
Downsampling). This step is controlled by three parameters:
the sampling factor, and minimum and maximum number of
points per limb. Thus, it is possible to reduce the number of
points for limbs with many measurements, but maintain all
points for limbs which have been measured with only a few
points.
4) Closest point computation: The closest point calculation

is the most time-consuming step in the whole loop. For each
remaining data point, the corresponding model point on the
assigned limb model has to be computed for the ICP matching
step (see fig. 3, step Closest Point). This involves several
geometric operations. Depending on the resulting distance
between data and model point, all points within a given

maximum distance are kept and the correspondence pair is
stored in the output list. All other points are deleted.
3d point-to-point relations from input data (see sec. IV-

A) can now be added to the resulting list, which holds now
corresponding point pairs between data set and model.
5) Addition of 2d measurements: Each 2d measure (e.g.

tracked features in 2d image plane of a camera) of a feature on
the human body defines a ray in 3d which contains the tracked
feature. This fact is used to add the 2d tracking information to
the 3d point correspondences (see fig. 3, step Closest point on
line): For each reference point on the body model, the closest
point on the straight line is computed and added to the list.
6) Joint model integration: The joint model for each junc-

tion is added as artificial point correspondences for each
limb, depending on the limb type (see fig. 3, step Joint
model). According to sec. III-D, the correspondences can be
interpreted as elastic bands which apply dedicated forces to
the limbs to maintain the model constraints. Thus, artificial
correspondences will keep up the joint constraints in the fitting
step.
7) Model fitting: When the complete list of corresponding

point pairs has been set up, the optimal transformation between
model and data point set can be computed according to sec. III-
B (fig. 3, step Least squares). The transformation is computed
seperately for each limb.
When all transformations have been computed, they can be

applied to the model. The quality measure defined in sec. III-B
is used for the fitting. Steps IV-B.1 to IV-B.7 are repeated until
the quality measure is below a given threshold or a maximum
number of steps have been performed.

C. Sensor model

Each used data source has its own stochastic parameters
which have to be taken into account. The described approach
offers a very simple method for this: each input date is
weighted with a measure that describes its accuracy. The ICP
algorithm then incorporates these weights in the model fitting
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step. Thus it is possible to weight a 2d face tracker much
higher than a single 3d point from a ToF camera.
It is important to note that an increased weight for a single

point does not affect the time needed for the computation.

V. EXPERIMENTS AND RESULTS

The described tracking procedure has been implemented and
tested with the sensors described in sec. III-A. The tracking
runs online at a framerate of appr. 10-14 Hz on a Pentium 4
with 3.2 GHz.
Different test series have been performed to evaluate the

VooDoo system: First, the same data sequences have been
processed using different input sensor configurations to test the
fusion, and second, a set of 100 sequences has been recorded
and processed. The tracking result has then been evaluated
manually for consistency with the recorded body movements
to evaluate the overall system performance.
Fig. 4 shows example images from a sequence of 15 sec-

onds containing a “bow” and a “wave” movement. The first
row shows the scene image, which has been also used for
segmentation of face and hands. The second and third row
contain the tracking result with 3d data only (row 2) and 2d
data only (row 3), where the 3d data has been acquired with
the ToF camera and the 2d data is derived from skin color
segmentation in one image of the stereo camera. The rays in
3d defined by the skin color features can be seen here. Row 4
shows the tracking result with both inputs used.
For the shown results, the following weights for the input

data have been used: 3d data points w = 1.0, face tracker
w = 30.0, hand tracker w = 20.0.
Different conclusions can be drawn from the results:
• Huge movements are easily detected by the 3d data based
tracking: The “bow” movement is tracked quite well. On
the other hand, fast movements with the extremities may
cause failures when only 3d data is used, as with the
“wave” movement.

• Tracking only with a 2d feature tracker works quite well
for the tracked body parts. Nevertheless, the body config-
uration can not be determined only from 2d features (see
frame 81). To do this, a lot more background information
on the human body would be needed.

• Fusion of both input sensors in 3d shows very good
results: Huge body movements as well as fine and fast
movements of the extremities can be recognized, and the
algorithm is able to reliably track the body configuration.

The second evaluation step consisted in recording a set
of 100 sequences which contained ten different movements
from several persons: e.g. point somewhere, walk, wave, shake
hands with somebody, bow or clap. The tracking result has
then been evaluated and classified manually into one of three
classes: (0) Tracking lost somewhere within the sequence, (1)
acceptable deviations like a temporally lost (but recovered)
forearm within a walking sequence, and (2) good congruence
between original and resulting model movements. The evalua-
tion result is depicted in tab. I, the average result is $ = 1.58.

TABLE I
EVALUATION RESULT WITH 100 SEQUENCES

Tracking result 0 1 2
# of sequences 5 32 63

VI. DISCUSSION
The proposed tracking approach does not include any back-

ground knowledge apart from kinematic constraints, i.e. no
assumptions like “the torso stands always upright” are made.
This implies on the one hand that all possible configurations
can be recognized; on the other hand, the tracking can only
succeed if the input data contains all necessary information to
determine the human posture, and no tracking hypothesis can
be generated for temporarily invisible body parts or ambiguous
configurations.
The current framerate is appr. 10-14 Hz. The computation

time depends on several factors: It scales linearly with the
number of measured 3d points on the model; background
points are removed in an early stage and do not distinctly
influence framerate. It also depends on the number of ICP
steps performed in each frame, which is appr. 3-15, depending
on the desired accuracy and the speed of the movement.
Sec. V has shown that tracking based only on the mea-

surements of the ToF camera is not sufficient. Especially
movements along the main axis of the body (e.g. sitting down)
can hardly be detected, which substantiates again the use of
different data inputs for a fusion algorithm.

VII. CONCLUSION
This paper has proposed a new way for fusion of different

input cues for tracking of a human body. The proposed
algorithm is able to process 3d as well as 2d input data
from different sensors like ToF-cameras, stereo or monocular
images. It is based on a 3d body model which consists of a set
of degenerated cylinders, which are connected by an elastic
bands joint model. The proposed approach runs in realtime and
is able to track complex movements like walking or bowing.
It even recognizes postures with the arms outstretched directly
towards the sensor.
The described way of adding 2d measurements to a 3d

matching process is one of the main innovations. The idea of
adding artificial point correspondences from non-3d sensors or
background knowledge to the 3d matching process can even
be exploited further: Future works will investigate methods
to include valid ranges for joints via addition of artificial
correspondences. Other unsolved issues are the initialization
process, or the computation of an optimal scale factor for the
model to incorporate the ability to track persons of different
height without manually resizing the model.
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[1] M. Ehrenmann, R. Zöllner, O. Rogalla, S. Vacek, and R. Dillmann,

“Observation in programming by demonstration: Training and execution
environment,” in Proceedings of Third IEEE International Conference
on Humanoid Robots, October 2003, Karlsruhe, Karlsruhe and Munich,
Germany, 2003.

COGNIRON FP6-IST-002020                                Appendix

Appendix page 46 of 101



Frame # 5 50 81 120 129 144

Scene

3d data

2d data

Fusion
Fig. 4. Experiments with different sensor inputs, taken from a sequence containing a “bow” and a “wave” movement. The frame number is displayed on
the top. The used 2d and 3d correspondences have been added to the resulting model images.

[2] S. Calinon and A. Billard, “Recognition and reproduction of gestures
using a probabilistic framework combining pca, ica and hmm,” in
Proceedings of the International Conference on Machine Learning
(ICML), Bonn, Germany, 2005.

[3] J. Fritsch, M. Kleinehagenbrock, S. Lang, T. Plötz, G. A. Fink,
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Human-like Person Tracking with an
Anthropomorphic Robot

Abstract— A very important aspect in developing robots ca-
pable of human-robot interaction (HRI) is natural, human-like
communication. Besides a flexible dialog system and speech
understanding an anthropomorphic appearance shows many
advantages in intuitive usage and understanding of a robot.
As a consequence of our effort in creating an anthropomorphic
appearance and to keep as close as possible to a human-human
interaction, we decided to use human-like sensors, i.e., two
cameras and two microphones only, not using a laser range
finder or omnidirectional camera for tracking persons. Despite
the challenge of a limited field of perception, we created a
robust attention system for tracking and interacting with multiple
persons simultaneously in real-time. Our approach is sufficient
generic to work on robots with varying hardware, as long as
stereo audio data and images of a video camera are available.
Since the architecture is designed modular with a XML based
data exchange we are able to extend the robot’s abilities easily.

I. INTRODUCTION

For many people the use of technology has become common
in their daily lives. Examples range from DVD players, com-
puters at workplace or for home entertainment, to refrigerators
with integrated Internet connection for ordering new food
automatically. The amount of technique in our everyday life is
continuously growing. Keeping in mind the raising mean age
of the society and considering the increasing complexity of
technology, the introduction of service robots that will act as
interfaces with technological appliances is a very promising
approach. An example for an almost ready to sale user-
interface robot is iCat [1] focusing the target not to adapt
ourselves to technology but being able to communicate with
technology in a human way.

One condition we call for a successful application of these
robots is the ability to easily interact with them in a very
intuitive manner. The user should be able to communicate
with the robot by natural speech without reading an instruction
manual. Both the understanding of the robot by its user and
the understanding of the user by the robot is very important
for the acceptance of a robot. For a better and more intuitive
understanding of the answers of a robot a human-like outward
appearance of the robot and the ability of expressing mimics
and gestures by the robot will be very useful. Hence, in our
scenario we use a humanoid robot to interact with a human
(see Fig. 1), which is able to express mimics on its face and
uses its arms and hands for deictic gestures. The interaction
recently consists of greeting the robot and showing objects to
it, which are lying on a table, by deictic gestures of a human
advisor [2]. For future work we can extend this interaction
easily taking advantage of the modular architecture we chose.
For a successful communication a robust and continuous
tracking of possible communication partners and an attention
control for interacting with multiple persons is obligatory.

Fig. 1. We want to intuitively interact with XXXX in a human like manner.

Due to an anthropomorphic appearance and our intention
to research human-like interactions, sensors comparable to
human senses, such as video cameras representing eyes and
microphones instead of ears must be used. This paper will
present a modular system, that is capable to find, continously
track and interact with communication partners in real-time
without the use of wide area sensors like laser range finders
or omnidirectional cameras. We are able to run this system
both on the stationary humanoid robot described in this paper
and on a mobile service robot [3].

The paper is organized as follows: At first we discuss
related work on anthropomorphic head torso robots and their
interaction capabilities in section II. Section III introduces
our anthropomorphic robot XXXX and in section IV, our
approaches in detecting people by faces and voices for the use
with different robots are shown. Subsequently, the combination
of the modules to a working memory-based person selection
and tracking is outlined in section V and section VI describes
experiments showing the robustness of our software. The paper
concludes with a summary in section VII.

II. RELATED WORK

There are several human-like or humanoid robots used for
research in human-robot interaction. ROBITA [4] for example
is a head torso robot that uses a time and person-dependent
attention system to take part in a conversation with several
human communication partners. The robot is able to detect
the gazing direction and gestures of humans by video cameras
integrated in its eyes. The direction of a speaker is determined
by microphones. The face detection is based on skin color de-
tection at the same height as the head of the robot. The gazing
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direction of a communication partner’s head is estimated by an
Eigenface-based classifier. For gesture detection the positions
of hands, shoulders, and elbows are used. ROBITA calculates
the positions of different communication partners and predicts
who is taking the next turn in a conversation and to whom it
will pay attention.

Another robot, consisting of torso and head, is SIG which
is capable of communicating with several persons, too. Like
ROBITA it estimates the recent communication partner. Faces
and voices are sensed by two video cameras and two mi-
crophones. The data is applied to Detection-Streams which
cue records of the sensor data for a short time. Several
Detection-Streams might be combined for the representation
of a person. The interest, a person attracts, is based on the
state of the Detection-Streams that correspond to this person.
A preset behavior control is responsible for the decision taking
process how to interact with new communication partners, e.g.,
friendly or hostile [5].

A robot with a very human-like appearance and human-
like movements is Repliee-Q2 [6]. It is designed to look
like an Asian woman and uses 42 actuators for movements
from its waist up. It is capable of showing different facial
expressions and uses its arms for gestures. But till now no
attention control or dialog system for interacting with several
people simultaneously has been published.

A less human-like looking robot is Alpha [7]. Alpha uses
21 degrees of freedom to control its body and 16 degrees
of freedom for facial expressions. It is able to communicate
with multiple person relying on video and sound data only.
The video data is generated by two video cameras fixed in its
eyes and used for face detection. Two microphones are used
for sound localization that is tracking only the most dominant
sound source.

However, a major problem in current robotics is coping
with a very limited sensor field. Our work enables XXXX
to operate with these handicaps. For people within the sight
of the robot we are able to track multiple faces simultaneously.
To detect people who are out of the field of view we track not
only the most intense but multiple sound sources, subsequently
verifying if a sound belongs to a human or is noise only.
Furthermore, the system memorizes people, who got out of
sight by the movement of the robot.

III. ROBOT HARDWARE

We present the humanoid robot XXXX that was developed
by [8]. XXXX is able to move like a sitting human and
corresponds to an adult person with the size of 75 cm from
its waist upwards. The torso is mounted on a 65 cm high
chair-like socket, which includes the power supply, two serial
connections to a desktop computer, and a motor for rotations
around its main axis. One interface is used for controlling head
and neck actuators, while the second one is connected to all
components below the neck. Without the socket the weight
of the robot is about 35kg to keep robot and socket easy to
transport. The torso of the robot consists of a metal frame with
a transparent cover to protect the inner elements. Within the
torso all necessary electronics for movement are integrated. All

Fig. 2. The head of XXXX without skin

considered 41 actuators consisting of DC- and servo motors
are used to control the robot hardware. To achieve human-
like facial expressions ten degrees of freedom are used in
its face to control jaw, mouth angles, eyes, eye brows and
eye lids. The eyes are vertically aligned and horizontally
steerable autonomously for object fixations. Each eye contains
one FireWire color video camera with a resolution of 640x480
pixels. Besides facial expressions and eye movements the head
can be turned, tilt to its side and slightly shifted forwards
and backwards. The set of human-like motion capabilities is
completed by two arms, mounted at the sides of the robot.
Each arm can be moved like the human model with his joints.
With the help of two five finger hands both deictic gestures
and simple grips are realizable. The fingers of each hand
are controllable autonomously and made of synthetic material
to achieve minimal weight. Besides the neck two shoulder
elements are added that can be lifted to simulate shrugging
of the shoulders. For speech understanding and the detection
of multiple speaker directions two microphones are used, one
fixed on each shoulder element. This is a temporary solution.
The microphones will be fixed at the ear positions as soon as
an improved noise reduction for the head servos is available.
By using different latex masks we can change the appearance
of XXXX for different kinds of interaction experiments from
a male youngster to an old woman. For extended experiments
we have a second and smaller version of the robot with the
appearance of a child.

IV. DETECTING PEOPLE

With the utilization of a video camera and two microphones
we are able to detect and continously track multiple people
in real-time with a robustness comparable to systems using
wide field of perception sensors. To cope with different kinds
of sensors the software is modular, consisting of autonomous
running components communicating by the exchange of XML
data with other subsystems, e.g., a dialog or an attention
control. This software design enables us to run it on different
robots. A previous version was running on our service robot,
relying very strong to a laser range finder, which was necessary
as well for detection and tracking persons as for the attention
system. For the perception of XXXX we use two modules, one
for face detection and one for the location of various speakers,
which are described in detail in the following.
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Fig. 3. Besides the detection of a face we classify the gazing direction in
20◦ steps to estimate the addressee in a conversation.

A. Face Detection
For face detection we use a method originally developed

by Viola & Jones for object detection [9]. This approach
divides the image in all different possible sub parts. Any part
is classified as face or non face. Since many parts exist the
classification process must be very efficient and fast. We use
the idea of a classification pyramid [10] starting with very fast
but weak classifiers to reject image parts that are certainly no
faces. With increasing complexity of classifiers, the number of
remaining image parts decreases. The training of the classifiers
is based on the AdaBoost algorithm, combining the weak
classifiers iteratively to more stronger ones until the desired
level of quality is achieved.

Additionally to the detection of multiple faces in one image,
we classify the horizontal gazing direction of faces as shown
in Figure 3 by using four of the classifier pyramids described
above, trained for faces rotated by 20◦, 40◦, 60◦ and 80◦. For
classifying left and right turned faces the image is mirrored at
its vertical axis and the same four classifiers are applied again.
We evaluate the gazing direction for activating or deactivating
the speech processing, since the robot should not react to
people talking to each other in front of the robot, but only to
communication partners facing the robot. Subsequent to the
face detection a face identification is applied to the detected
image region using the Eigenface method to compare the
detected face with a set of trained faces. For each detected face
the size, center coordinates, horizontal rotation, and results
of the face identification are provided at a real-time capable
frequency of about 7Hz on an Athlon64 2GHz desktop PC
with 1GB RAM. Due to the very limited field of view for
tracking people by face detection we needed an alternative to
find people who are out of the robot’s sight.

B. Voice Detection
We use the SPeaker LOCalization (SPLOC) both for de-

tecting possible communication partners outside the field of
view and for determining whether a person found by face
detection is speaking. The program continously records the
audio data by the two microphones to estimate the relative
direction of one or more sound sources in front of the robot.
Therefore, the direction of sound towards the microphones is
considered (see figure 4). Dependent on the position of a sound
source (Fig. 4 (5))in front of the robot the run time difference
∆t results from the run times tr and tl to the right and left
microphone. SPLOC compares the recorded audio signal of
the left (Fig. 4 (1)) and the right (Fig. 4 (2)) microphone
and uses the result of a Cross Power Spectrum Phase (CSP)

Fig. 4. Recording the left (1) and right (2) audio signals with microphones,
the speaker localization (SPLOC) uses the result of a CSP (3) for calculating
the difference ∆t of the signal runtime tl and tr and estimates the direction
(4) of a sound source (5) over time (6).

[11] (Fig. 4 (3)) to calculate the temporal shift between the
signals. Taking the distance of the microphones dmic and a
minimum range of XXX cm to a sound source into account
it is possible to estimate the direction (Fig. 4 (4)) of a signal
in a two dimensional space. For the three dimensional space
we need distance and height of a sound source detection. We
assume the position of a sound source (a speakers mouth)
at the height of 160 cm for an average adult. The standard
distance is adjusted to 110 cm, as observed during interactions
with naive users. If a face position is assignable to the sound
source a more precise calculation is done, deciding whether the
sound comes from the corresponding person or not. Running
on an Intel P4 2.4GHz desktop PC with 1GB RAM we achieve
a calculation frequency of about 8Hz, which is sufficient for
a robust tracking as described in the next section.

V. MEMORY BASED PERSON TRACKING

For a continuous tracking of several persons in real-time
we use the Anchoring approach developed by Coradeschi and
Saffiotti [12]. Based on this we developed a variant that is
capable of tracking people in combination with our attention
system [13]. In a previous version no distinction was done
between persons who did not generate percepts within the
field of view and persons who were not detected because
they were out of sight. We extended our system that a person
might not be found because he might be out of the sensory
field of perception. As a result we successfully avoided the
use of a laser range finder like many other service robots do.
To achieve a robust person tracking we had to handle two
requirements. First, a person should not need to deal with
starting at a certain position in the front of the robot. The
robot ought to turn itself to a speaking person trying to get
him into sight. Second, due to showing objects or interacting
with another person the robot might turn and as a consequence
the previous potential communication partner could get out of
its sight. Instead of loosing him the robot will remember his
position and return to it after the end of the interaction with
the other person. It is not very difficult to add a behavior
that makes a robot look at any noise in its surrounding that
exceeds a certain threshold, but this idea is far too unspecific.
At first we filter noise in SPLOC by a band-pass filter only
accepting sound within the frequencies of human speech which
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Fig. 5. Voice Validation. A new sound source is trusted if an according face
is found. If the sound source is out of view the decision will be delayed until
it gets into sight. Otherwise, a face must be found within a given number of
detections or the sound source will not be trusted. Different colors correspond
to different results.

is approximately between 100Hz and 4500Hz. But the band-
pass filter proved not sufficient for a reliable identification of
human speech. As a radio or TV might attract the attention
of the robot, too. We decided to follow the example humans
give to us. If they encounter an unknown sound out of their
field of view humans will possibly have a short look in the
corresponding direction evaluating whether the reason for the
sound arises their interest or not. If it does, they might change
their attention to it, if not they will try to ignore it as long
as the sound persists. This behavior is realized in the Voice
Validation shown in Figure 5. Since we have no kind of
sound classification, except the SPLOC, any sound will be
of the same interest for XXXX and cause a short turn of
its head to the corresponding direction looking for potential
communication partners. If the face detection does not find
a person there after an adjustable number of trials (lasts in
average 2 seconds) although the sound source should be in
sight the sound source is marked as not trustworthy. So the
robot does not look at it, as long as it persists. Alternatively,
a reevaluation of not trusted sound sources is possible after a
given time, but experiments revealed that this is not necessary
because the speaker verification is working reliable.

To avoid loosing people that are temporarily not in the
field of view because of the movement of the robot we
developed a short time memory for persons (see figure 6). Our
former approach [14] loses persons, who have not generated
sensory data for two seconds, no matter what the reason was.
Using the terminology of [15] the anchor representation of a
person changes from grounded if sensor data is assigned, to
ungrounded otherwise. If the last known person position is
no longer in the field of view it is tested whether the person
is trusted due to the voice verification described above and
whether he was not moving away. If this is applicable the
memory will keep the person’s position and return to it later
according to the attention system. If someone gets out of sight
because he is walking away the system will not return to the
position. Another exception from the Anchoring described in
[16] can be observed if a memorized communication partner
reenters the field of view, because the robot shifts its attention
to him. It was necessary to add another temporal threshold
of 3 seconds since the camera needs approximately 1 second

false

forgetmemorizeforgetmemorize

memorize

true

person grounded

standing or walking
not trusted

reentered reentered
trusted and field of view,field of view,

detected in time not detected in time

out of field of view within field of view

Fig. 6. Short time memory for persons. Besides grounded persons, the person
memory will memorize people who were either trusted and not moving at the
time they got out of sight or got into the field of view again but were not
detected for a short time. Different colors correspond to different results.

to adjust focus and gain for an acceptable image quality to
make a correct face detection possible. If a face is detected
within the time span the person remains tracked, otherwise the
corresponding person is forgotten and the robot will not look
at his direction again. In this case it is assumed that the person
has gone while the robot did not pay attention to him.

Besides we added a long time memory that is able to realize,
if a person who has left the robot and was no longer tracked,
returns during a program run. The long time memory also
records person-specific data like name, person height, and size
of someone’s head to a file. This data is used to increase the
robustness of the tracking system. E.g., if the face size of a
person is known we can correlate the measured face size with
the known one for calculating the person’s distance. Otherwise
we need to use standard parameters which are not as exact.
The application of the long time memory is based on the
face identification, which is included in the face detection.
To avoid misclassification ten face identification results are
accumulated, taking the leading result only if the distance to
the second best exceeds a given threshold. After a successful
identification it is checked for person specific data stored in
a file. Missing values are replaced by the mean of thirty
measurements of the corresponding data to consider possible
variations in the measurements. Both memory systems are
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Fig. 7. Continuous tracking of a person during object detection: Showing an
object to the robot causes the communication partner getting out of sight (a).
Nevertheless, the person is successfully tracked (solid) by the person memory
that failed (dashed) only once in 11 trials (b).
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Fig. 8. Person tracking and attention for multiple persons: A person is tracked by the robot (a), a second person stays out of sight and calls the robot (b) to
be found and continously tracked (c) without loosing the first person by use of the memory. An auditive signal suffices in most of the trials to achieve this
goal (d).

integrated in the tracking and attention module that is running
in parallel to the face detection on the the same desktop PC
at a frequency of approximately 20Hz. This was estimated in
the experiments, which are described in the next section.

VI. EXPERIMENTS

We developed a system without wide range sensors, only
using human-like strategies to observe its surrounding. It is
looking for possible communication partners, with a compara-
ble robustness to systems using wide range sensors. To evalu-
ate our approaches we set up different experiments using three
main scenarios. For the first scenario one person interacts with
the robot testing its short time memory. In the second scenario
two people interact with the robot to evaluate the robustness
of our tracking for more than one person. Additionally, the
attention system is tested. The latter scenario shows to persons
interacting with each other, evaluating if the robot control
will not disturb a human-human interaction. All experiments
were done in an office-like surrounding with common lighting
conditions and daylight.

For evaluating the person memory we show objects to the
robot as depicted in Fig. 7 (a), resulting in a movement of the
robot head that brings the person out of the field of view. After
the object detection the robot returns to the last known person
position. The tracking was successful in ten of eleven trials as
shown in Fig. 7 (b). The failure results from a misclassification
of the face detector, since a background very close to the
person was recognized as a face and assumed as the primary
person. We accept regions close to the memorized position to
cope with slight movements of persons.

4 161412108620
trials

success rate:
20
90 %

person lost

# trials:

continuous  tracking

Fig. 9. Use of person memory with several interaction partners: In 90%
of the trials a person was successfully tracked and relocated by the person
memory (solid). Failed trials are presented dashed.

To evaluate the robustness of the system interaction with
several persons we started an experiment with two possible
communication partners as described in Figure 8 (a)-(c). In
the beginning a person is tracked by XXXX, a second person
out of the visual field tries to get the attention of the robot by
saying “XXXX, look at me” (Fig. 8 (b)). This should cause
the robot to turn to the sound source (Fig. 8 (c)), validate it
as voice, and track the corresponding person. The robot was
able to recognize and validate the sound as a human voice
immediately in 70% of the trials as shown in Figure 8 (d).
The probability increased to 90% if a second call was allowed.
The robot was always accepting a recently found person for a
continuous tracking after a maximum of three calls.

Since the distance of both persons is large enough to prevent
them from being in the sight of the robot at the same time
we were able to test the person memory. Therefore, we used
a basic attention functionality that changes from a possible
communication partner to another after a given time interval,
if a person did not attempt to interact with the robot. For
every attention shift the person memory is used to track and
realign with the person temporarily out of view. We observed
twenty attention shifts as summarized in Figure 9 reporting
two failures and a success rate of 90%.

Subsequently to the successful tracking of humans the
ability to react in time to the communication request of a
person is required for the acceptance of such a system. Even
if the robot can not observe the whole area in front of it.
We let two people, who could not be within the field of
view at the same time, alternately talk to the robot who

20

4 161412108620

85 %success rate:

trials

no  attention  shift

# trials:

immediate  attention  shift

Fig. 10. Attention by speech and analyzing gazing direction: The robot
interprets the communication requests from one out of several persons mostly
at the first time (solid). In three trials it needed more than one request (dashed).
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Fig. 11. Recognizing the addressee in a talk: Two persons talk to each other
in front of XXXX (a) being disturbed by it only once in twenty turn takes
(b).

were directly looking at it. In 85% of the trials (see Fig.
10) XXXX immediately recognized who wanted to interact
with it using the speaker localization and estimation of the
gazing direction by the face detector. Thus, the robot turns
towards the corresponding person. Besides the true positive
rate of the gazing classification, we wanted to estimate the
correct negative rate for verifying the reliability of the gazing
classifier, too. Therefore two persons were talking to each
other in front of the robot, not looking at it as depicted in
Figure 11 (a). Since XXXX should not disturb the conversation
of people, the robot must not react to speakers who are not
looking at it. The result of this experiment is summarized
in Figure 11 (b). Within twenty trials the robot disturbed
the communication of the persons in front of it only once.
This points out that the gaze classification is both, sufficiently
sensitive and selective for determining the addressee in a
communication without video cameras observing the whole
scene.

The results of the last experiment (see Fig. 12) show that the
person memory is not only able to keep a person tracked that
is temporarily out of the sensory field, but is fast enough in
forgetting people that were gone while the robot was not able
to observe them by the video camera. This avoids repeated
attention shifts and robot alignments to a ‘ghost’ person, who
is no longer present and accomplishes the required abilities to
interact with several persons.

VII. CONCLUSION

In this paper we presented an approach for detecting and
tracking persons with our anthropomorphic robot. We de-
scribed components for face detection, speaker localization
and a tracking module based on Anchoring [15] that avoids
the usage of wide range sensors like laser range finders or
omnidirectional cameras. Therefore, we developed a method
to easily validate sound as voices by taking the results of a face
detector in account. To avoid loosing people due to the limited
sensory area a short time person memory was developed
that extends the existing anchoring of people. Furthermore,
a long time memory was added storing person specific data
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Fig. 12. Number of robot alignments until a disappeared person is forgotten
by the person memory: In average 1.05 alignments are necessary.

into file, improving the tracking results. Thus we achieved a
robust tracking in real-time with human-like sensors only. It is
running on two different robot platforms and is easy portable
to other robots using two microphones and a standard video
camera.

In the near future we will combine the described modules
with a mimic control software for giving the user an intuitive
feedback by facial expressions. In addition to mimics we will
develop a system able to generate deictic gestures using the
robot’s arms and hands.
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Abstract— In order to infer intent from gesture, a broad
classification of types of gestures into five main classes is
introduced. The classification is intended as a generally ap-
plicable basis for incorporating the understanding of gesture
into human-robot interaction (HRI). Examples from human-
robot interaction show the need to take into account not only
the kinematics of gesture, but also the interactional context.
Requirements for the operational classification of gesture by a
robot interacting with humans are suggested and initial steps
in its deployment are discussed.

Index Terms— interaction context, classification of gestures,
human-robot activity and interaction.

I. INTRODUCTION: THE NEED FOR CLASSIFYING
GESTURE

The word gesture is used for many different phenomena
involving human movement, especially of the hands and
arms. Only some of these are interactive or communicative.
The pragmatics of gesture and meaningful interaction are
quite complex (cf. [9], [11], [12]), and an international
journal [6] now exists entirely devoted to the study of
gesture. Applications of service or ‘companion’ robots
that interact with humans, including naive ones, will in-
creasingly require human-robot interaction (HRI) in which
the robot can recognize what humans are doing and to
a limited extent why they are doing it, so that the robot
may act appropriately, e.g. either by assisting, or staying
out of the way. Due to the situated embodied nature of
such interactions and the non-human nature of robots, it is
not possible to directly carry over methods from human-
computer interaction (HCI) or rely entirely on insights
from the psychology of human-human interaction. Insights
from proxemics and kinesics, which study spatial and

∗The work described in this paper was conducted within the EU
Integrated Project COGNIRON (“The Cognitive Robot Companion”) and
was funded by the European Commission Division FP6-IST Future and
Emerging Technologies under Contract FP6-002020. This paper extends
and supercedes C. L. Nehaniv, “Classifying Gesture and Inferring Intent”
Proc. AISB’05 Symposium on Robot Companions: Hard Problems and
Open Challenges in Robot-Human Interaction, The Society for the Study
of Artificial Intelligence and Simulation of Behaviour, 2005.

temporal aspects of human-human interaction [7], [4], [9]
and some insights of HCI, e.g. recognizing the diversity
of users and providing feedback acknowledgment with
suitable response timing (e.g. [16]), may also prove to be
extremely valuable to HRI. Notwithstanding, the nascent
field of HRI must develop its own methods particular to
the challenges of embodied interaction between humans
and robots. New design, validation, evaluation methods
and principles particular to HRI must be developed to
meet new challenges such as legibility, making the robot’s
actions and behaviour understandable and predictable to
a human, and ‘robotiquette’, respecting human activities
and situations (e.g. not interrupting a conversation between
humans or disturbing a human who is concentrating or
working intensely — without sufficient cause), as well as
respecting social spaces, and maintaining appropriate prox-
imity and levels of attention in interaction. Part of meeting
these challenges necessarily involves some understanding
of human activity at an appropriate level. This requires the
capabilities of recognizing human gesture and movement,
and inferring intent. The term “intent” is used in this paper
in a limited way that refers to particular motivation(s) of
a human being that result in a gestural motion directly or
indirectly relevant for human-robot interaction.

In inferring the intent from a human’s gesture it is
helpful to have a classification of which type of gesture is
being observed. Without a sufficiently broad classification,
understanding of gesture will be too narrow to characterize
what is happening and appropriate responses will not be
possible in many cases.

Knowing how to recognize and classify gesture may also
serve to inform the design of robot behaviour, including
gestures made by the robot to achieve legibility and convey
aspects of the robot’s state and plans to humans. This
in turn will contribute to robot interaction with humans
that is legible, natural, safe, and comfortable for the hu-
mans interacting with the robot. To begin to approach the
complexity of gesture in the context of situated human-
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robot interaction, the rough classes of gesture described
below are developed in order to provide a broad level
of description and the first steps toward a pragmatic,
operational definition that could be used by an autonomous
system such as a robot to help it (1) to infer the intent of
human interaction partners, and (2), as an eventual goal, to
help the robot use gestures itself (if possible) to increase
the legibility of its behaviour.

II. SOME RELATED WORK ON RECOGNIZING GESTURE
AND INTENT

The questions of how gestures are acquired and come
to be recognized as meaningful by particular individuals
in the course of their development (ontogeny of gesture
and its recognition), and conventionalized, elaborated, or
lost within particular cultures (evolution of gesture) are
large and deep issues, but will not be addressed within
the scope in this paper. Psychological/linguistic studies
of human gesture use and understanding, related classi-
fications relevant for interaction, language evolution, and
language acquisition, e.g. by hearing or deaf children, have
all been undertaken (cf. [17]). Such understanding of the
development of gesture and its functions may help shed
light on gesture in human-robot interaction.

While this paper does not attempt a comprehensive
survey of the role and recognition of gesture in human-
robot interaction, it does suggest inherent limitations of
approaches working with a too narrow notion of gesture,
excluding entire classes of human gesture that should even-
tually be accessible to interactive robots able to function
well in a human social environment. Much work with data
gloves, typically at a low level for hand gesture recognition
for virtual reality or of manipulative grasping has been
carried out since the 1990’s (e.g. [5], [1]). The important
role of gesture for intent communication in human-robot
interaction is increasingly being acknowledged, although
some approaches still focus only on static hand poses rather
than dynamic use of more general types of gesture in
context; a survey of hand gesture understanding in robotics
appears in [13].

Multimodal and voice analysis can also help to infer
intent via prosodic patterns, even when ignoring the content
of speech. Robotic recognition of a small number of distinct
prosodic patterns used by adults that communicate praise,
prohibition, attention, and comfort to preverbal infants has
been employed as feedback to the robot’s ‘affective’ state
and behavioural expression, allowing for the emergence
of interesting social interaction with humans [3]. Hidden
Markov Models (HMMs) have been used to classifying
limited numbers of gestural patterns (such as grasps or
letter shapes) and also to generate trajectories by a hu-
manoid robot matching those demonstrated by a human [2].
Multimodal speech and gesture recognition using HMMs
has been implemented for giving commands via pointing,
one-, and two-handed gestural commands together with
voice for intention extraction into a structured symbolic
data stream for use in controlling and programming a
vacuuming cleaning robot [8]. Many more examples in

Fig. 1. Gestures with similar kinematics but different functions. Top
row: HELLO (left) an interactional gesture (class 4) is similar to STOP
(right) a conventional symbol (class 3). Bottom row: PASS OBJECT (left)
is similar and TAKE OBJECT are both multifunctional interactional (class
4) and manipulative (class 1) gestures. Activity and situational context
– e.g. stage of interaction and current activity (top row), or location of
manipulandum, here a bottle (bottom row) – are be used to disambiguate
between such kinematically similar gestures.

robotics exist. Nevertheless, aproaches pursued so far in
robotics thus tend to use very limited, constrained, and
specific task-related gestural repertoires of primitives, and
do not attempt to identify general gestural classes. They
have tended to focus on a fixed symbolic set of gestures
(possibly an extensible one, in which new gestures can be
learned), or focus on only a few representatives from one
or two of the gestural classes identified here (e.g. grasps
(a subclass of manipulative gestures), or on symbolic and
pointing gestures).

III. INSUFFICIENCY OF BODY MODEL FITTING
ANALYSES: RELATING CONTEXT TO KINEMATICS.

It should be stressed that a single specific instance of
a particular the kind of physical gestural motion could,
depending on context and interaction history, reflect very
different kinds of human intent. It will not always be pos-
sible to infer intent based solely on based the mechanical
aspects of human movements (such as changes in joint
angles) without taking context into account.

Gestures with identical or near identical human kine-
matics can be different classes. In general, the kinematic
picture alone is not enough to determine the class of a
gesture or the human’s intent. Examples in shown in figure
1 require contextual information in order to be disam-
biguated. Relating the context and history of interaction
to the kinematics is a key point for recognizing human
gestures in HRI. Figure 1 using our classification (see
below) illustrates this ambiguity.

IV. CLASSIFICATION OF GESTURES

To approach this problem, a classification of gesture for
inferring intent and assisting in the understanding of human
activity should closely relate gesture with limited categories
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of intent in situated human activity. The categories of the
broad classification presented here thus correspond to and
allow the attribution of limited kinds of intent to humans.
This classification is developed as an aid for helping
robots to achieve limited recognition of situated human
gestural motion, so as to be able to respond appropriately if
required, while these robots are working in an environment
of ambient human activity (such as a home or office), in
which, at times, the robots are also assisting or cooperating
with the humans. Applications of this classification will
require the mapping of physical aspects of gestural motion
in interactional contexts to the five gestural classes (and
their subtypes) suggested here.

The following is a rough, tentative classification. Ges-
tures are classed into five major types with some subtypes.

A. Five Classes (with Subtypes)
1) ‘Irrelevant’/Manipulative Gestures. These include

irrelevant gestures, body / manipulator motion, side-
effects of motor behaviour, and actions on objects.
Broadly characterized, manipulation by a human is
here understood as doing something to influence the
non-animate environment or the human’s relationship
to it (such as position). Gestural motions in this class
are manipulative actions (in this sense) and their
side effects on body movement. These ‘gestures’ are
neither communicative nor socially interactive, but
instances and effects of human motion. They may
be salient, but are not movements that are primarily
employed to communicate or engage a partner in
interaction. Cases include, e.g. motion of the arms
and hands when walking; tapping of the fingers;
playing with a paper clip; brushing hair away from
the face with the hand; scratching; grasping a cup
in order to drink its contents. (Note: it may be very
important to distinguish among the subtypes listed
above for robot understanding of human behaviour.)

2) Side Effect of Expressive Behaviour. In communi-
cating with others, motion of hands, arms and face
(changes in their states) occur as part of the overall
communicative behaviour, but without any specific
interactive, communicative, symbolic, or referential
roles (cf. classes 3-5)
Example: persons talk excitedly raising and moving
their hands in correlation with changes in voice
prosody, rhythm, or emphasis of speech.

3) Symbolic Gestures. Gestural motion in symbol ges-
ture is a conventionalized signal in a communicative
interaction. It is generally a member of a limited, cir-
cumscribed set of gestural motions that have specific,
prescribed interpretations. A symbolic gesture is used
to trigger certain actions by a targeted perceiver, or
to refer to something or substitute as for another
signal according to a code or convention. Single
symbolic gestures are analogous to discrete actions
on an interface, such as clicking a button.
Examples: waving down a taxi for it to stop; use
of a conventional hand signals (a command to halt

indicated open flat hand; a military salute); nodding
‘yes’; waving a greeting ‘hello’ or ‘goodbye’.
Note that the degree of arbitrariness in such gestures
may vary: The form of the gesture may be an
arbitrary conventional sign (such as a holding up
two fingers with palm forwards to mean ‘peace’, or
the use of semaphores for alphabetic letters). On the
other hand, a symbolic gesture may resemble to a
lesser or greater extent iconically or, in ritualized
form, a referent or activity.
Further examples: holding up two fingers to indicate
‘two’; opening both (empty) hands by turning palms
down to indicate a lack of something. Nearly all
symbolic gestures are used to convey content in
communicative interactions.

4) Interactional Gestures. These are gesture used to
regulate interaction with a partner, i.e. used to initi-
ate, maintain, invite, synchronize, organize or termi-
nate a particular interactive, cooperative behaviour:
raising a empty hand toward the partner to invite the
partner to give an object; raising the hand containing
an object toward the partner inviting them to take
it; nodding the head indicating that one is listening.
The emphasis of this category is neither reference
nor communication but on gestures as mediators
for cooperative action.1 Interactional gestures thus
concern regulating the form of interactions, including
the possible regulation of communicative interactions
but do not generally convey any of the content
in communication. Interactional gestures are similar
to class 1 manipulative gestures in the sense that
they influence the environment, but in contrast to
class 1, they influence the “animated environment” –
doing something to influence human agents (or other
agents) in the environment, but not by conveying
symbolic or referential content.2

5) Referential/Pointing Gestures. These are used to
refer to or to indicate objects (or loci) of interest –
either physically present objects, persons, directions
or locations the environment – by pointing (deixis
– showing), or indication of locations in space be-
ing used as proxies to represent absent referents in
discourse. Deictic gesture can involve a hand, finger,

1Note that we are using the word “cooperative” in a sense that treats
regulating communication or interaction as an instance of cooperation.

2Some more subtle examples include putting one’s hand on another
person’s arm to comfort them. Such actions, and others involving physical
contact, may be quite complex to interpret as understanding them may
require understanding and modeling the intent of one person to influence
that state of mind of another. At this point, we class simply them with
interactional gestures recognizing that future analysis may reveal deep
issues of human-human interaction and levels of complexity beyond
the rudimentary types of human intent considered here. A special case
worthy of note is human contact with the robot, unless this is directly
a manipulation of the robot’s state via an interface - e.g. via button
presses — which would fall into class 3 (symbolic gesture), non-accidental
human contact with the robot is likely to be indicative of an intent to
initiate or regulate interaction with the robot (class 4). Physical contact
between humans might also involve expression of affection (kissing), or
aggression (slapping, hitting) – which generally indicate types of human-
human interaction it would be better for a robot to steer clear of!
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other directed motion, and/or eye gaze. Checking the
eye gaze target of an interaction partner is commonly
used to regulate reference and interaction.3

Table I summarizes the five classes.
Data on the interaction history and context may help

in determining the class of a gesture. If the class is
known, then the set of possible gestures can remain large,
or be narrowed significantly. Symbolic gestures (class 3)
correspond to discrete symbols in a finite set, of which
there may be only be a small number according to context
or size of the given repertoire of the given symbolic
gestural code. Interactional gestures (class 4) are likely
to comprise a small, constrained class. Class 1 gestures
are either “irrelevant”, or to be understood by seeking the
intent of the associated motor action or object manipulation
(e.g. grasping or throwing an object, arms moving as a
side effect of walking). Class 5 (referential and pointing
gestures) comprise a very limited class, although pointing
can also at times carry affective force (e.g. hostility).

Knowledge of specific conventional codes and signs can
help the identification of particular signs within class 3,
and also in determining that the gesture in fact belongs to
class 3, i.e. is a symbolic communicative signal. Machine
learning methods such as Hidden Markov Models may
be used successfully to learn and classify gestures for a
limited finite set of fixed gestures (e.g. [18]). It seems likely
that HMM methods would be most successful with class
3 (symbolic gestures) or within narrow domains within
other classes (manipulative grasps with class 1), but how
successful they would be at differentiating between classes
or for whole classes remains uninvestigated at present.

V. IMPORTANT ISSUES

A. Target and Recipient of a Gesture

If a gesture is used interactively or communicatively
(classes 2-5), it is important to recognize whether the
gesture is directed toward the current interaction partner
(if any) — which may the robot, another person (or
animal) present in the context, or possibly neither (target).
If pointing, what is the person pointing to? Who is the
pointing designed to be seen by? (recipient). If speaking,
to whom is the person speaking? If the gesture is targeted
at or involves a contact with an object, this suggests it may
belong to class 1 (or possibly 5, even without contact). A
gesture of bringing an object conspicuously and not overly
quickly toward an interaction partner is manipulative (in
the sense explained in the discussion of class 1, since an
object is being manipulated), but it may well at the same
time also be a solicitation for the partner to take the object
(class 4). Similarly if the partner has an object, an open
hand conspicuously directed toward the partner or object
may be a solicitation for the partner to give the object (class
4).

3Eye gaze following develops and supports joint attention already in
preverbal infants. Language, including deictic vocabulary (e.g. demonstra-
tives such as the words “these” and “that”), and other interactional skills,
typically develop on this scaffolding (see [10]).

B. Multipurpose Gestures
It is possible for a single instance of a particular gesture

to have aspects of more than one class or to lie intermediate
between classes. As mentioned above, handing over an
object is both class 1 and 4. And, for example, holding
up a yellow card in football has aspects of classes 1 and
3, object manipulation and conventional symbolic signal.
Many ritualized symbolic gestures (class 3) also can be
used to initiate or regulate interaction (class 4), e.g. the
‘come here’ gesture: with palm away from the recipient,
moving the fingers together part way toward the palm;
waving forearm and open hand with palm facing recipient
to get attention. More complex combinations are possible,
e.g. a gesture of grasping designed by the human to be
seen by a recipient interaction partner and directed toward a
heavy or awkwardly-sharped target object as a solicitation
of the partner to cooperatively carry the object with the
gesturer (classes 1, 4, 5).

C. Ritualization: Movement into Classes 3 and 4
Gestures that originate in class 1 as manipulations of the

non-animate environment and the person’s relationship to
it may become ritualized to invite interactions of certain
types, e.g., cupping the hand next to the ear can indicate
that person doing it cannot hear, so that the interaction
partner should speak up. Originally cupping the hand near
the ear served to improve a person’s ability to hear sounds
in the environment from a particular direction (class 1), but
it may be intended to be seen by a conversational partner
who then speaks up (class 4). The hand cupped at the ear
can even be used as a conventionalized symbol meaning
‘speak up’ (classs 3). Other examples of ritualization
toward regulation of interaction and also symbolic gesture
include mimicking with two hands the motions of writing
on a pad as a signal to a waiter to ask for the bill; miming
a zipping action across the mouth to indicate that someone
should be ‘shut up’; or placing a raised index finger over
lips which have been pre-formed as if to pronounce /sh/.

D. Cultural and Individual Differences
Different cultures may differ in their use of the various

types of gesture. Some symbolic gestures such as finger
signs (e.g. the “OK” gesture with thumb and index finger
forming a circle) can have radically different interpretations
in other cultures, or no set interpretation depending on the
culture of the recipient (e.g. crossing fingers as a sign of
wishing for luck, or the Chinese finger signs for some
numbers such as 6, 7, 8). Tilting the head back (Greece)
or nodding the head (Bulgarian) are used symbolically for
‘no’, but would certainly not be interpreted that way in
many other cultures. Cultures also differ in their types
and scope of movement in (class 2) expressive gestures:
Consider, for example, the differences of rhythm, prosody,
hand motions, eye contact, and facial expressions accompa-
nying speech between British, Italian, Japanese, and French
speakers.

Within cultures, differences between different individu-
als’ uses of gestures can be regional, restricted to particular
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CLASSIFICATION OF GESTURAL CLASSES AND ASSOCIATED
(LIMITED) CATEGORIES OF HUMAN INTENT

CLASS NAME DEFINING CHARACTERISTICS AND ASSOCIATED INTENT

1 ‘IRRELEVANT’ AND MANIPULATIVE INFLUENCE ON NON-ANIMATE ENVIRONMENT
GESTURES OR HUMAN’S RELATIONSHIP TO IT;

manipulation of objects, side effects of motor behavior, body motion

2 SIDE EFFECT OF EXPRESSIVE EXPRESSIVE MARKING,
BEHAVIOUR (NO SPECIFIC DIRECT INTERACTIVE, SYMBOLIC, REFERENTIAL

ROLE)
associated to communication or affective states of human

3 SYMBOLIC GESTURES CONVENTIONALIZED SIGNAL IN COMMUNICATIVE INTERACTION;
communicative of semantic content (language-like)

4 INTERACTIONAL GESTURES REGULATION OF INTERACTION WITH A PARTNER;
INFLUENCE ON HUMAN (OR OTHER ANIMATED) AGENTS
IN ENVIRONMENT BUT GENERALLY WITH LACK
OF ANY SYMBOLIC/REFERENTIAL CONTENT
used to initiate, maintain, regulate, synchronize, organize or
or terminate various types of interaction

5 REFERENTIAL/POINTING GESTURES DEIXIS; INDICATING OBJECTS, AGENTS OR (POSSIBLY PROXY)
LOCI OF DISCOURSE TOPICS, TOPICS OF INTEREST;
pointing of all kinds with all kinds of effectors (incl. eyes):
referential, topicalizing, attention-directing

TABLE I
Five Classes of Gesture. See text for explanation, details and examples. Note that some occurrences of the same physical gesture can be used in

different classes depending on context and interactional history; moreover, some gestures are used in a manner that in the same instance belongs to
several classes (see text for examples).

social groups within the culture, and vary in particularities
(such as speed, repertoire, intensity of movement, etc.)
between individuals according to preference or ontogeny.
Elderly and young may employ gestures in different ways.

VI. INFERRING THE INTENT OF GESTURE

Being able to identify details of gestural kinematics and
even to classify into one of the above classes gives us only
starting points for inferring the intent of the person making
the gesture due to frequent ambiguity. Resolving this points
to the important roles of context and interactional history.
Thus, it is necessary to develop operational methods for

recognizing the class of gesture in a particular context.4

If the interactional context of recent activity in which a
gesture occurs is known, this can suggest possibilities for
which classes (and subtypes) of gesture might be involved.
Information on the state of human (e.g. working, thirsty,
talking, ...) often can limit the possibilities. Data on the
following could help the robot classify the gesture and infer
the intent of the human:

(a) the activity of the gesturer is known,
(b) previous and current interaction patterns are remem-

4Knowledge of the immediate context in some cases needs to be
augmented by taking into account of the broader temporal horizon of
interactional history (cf. [14]).
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bered to predict the likely current and next behaviour
of the particular person,

(c) objects, humans and other animated agents in the
environment are identified and tracked.

(d) the scenario and situational context are known (e.g.
knowing whether a gesture occurs at a tea party or
during a card game).

A programme to apply the above classification can be
developed as follows: (1) Identify the many, particular
gestural motions that fit within each of the five classes.
Some gestural motions will appear in more than one class.
For example, the same mechanical motion of putting a hand
and arm forward with the forearm horizontal and the hand
open could indicate preparation to manipulate an object
in front of the human (class 1), to show which object is
being referred to (class 5), or to greet someone who is
approaching, or to ask for an object to be handed over
(both class 4). (2) Gestural motions identified as belonging
to several classes need to be studied to determine in
which contexts they occur: determining in which class(es)
particular a instance of the gesture is being used may
require consideration of objects and persons in the vicinity,
the situational context, and the history of interaction. (3)
Systematic characterizations of a physical gestural motion
together with interactional contexts in which they are occur
could then be used to determine the likely class. (4) Deploy
on-board characterizations of the relationships between
classes and kinematic gestural motions for a range of
typical interactional contexts to infer intent and guide robot
behaviour. (5) Updating the Interaction History: Attribution
of intent related to gesture can then feedback into under-
standing of the situational context, including motivational
state of the human performing the gesture, and becomes
part of the updated interaction history, which can then help
in inferring intent from ensuing gestures and activity.

VII. HEURISTIC-BASED FAST RECOGNITION AND
DISAMBIGUATION OF GESTURES WITH A

TIME-OF-FLIGHT DEPTH SENSOR

There are mainly three methods to recognize and detect
gestures: model-based approaches fit a kinematics model
into the scene observed by sensors, recognition based on
classifiers use learning algorithms to label gestures, and
heuristic-based methods which directly search for hints
related to a gesture. Depending on the context of the
overall robotic control system, all of these may be of use.
The model-based approach is followed by researchers in
the Cogniron project, and, as shown above, this must be
augmented by contextual and situational knowledge. The
goal is to develop algorithms that geometrically fit a model
maintained by the robot into the current scene observed
by stereo vision systems and a time-of-flight depth sensor
proposed in [15]. Apart from this exhaustive approach there
is also work related to a computationally much cheaper
heuristic-based method only using data delivered by the
depth sensor. The motivation for this is two-fold. Firstly,
a ‘quick’ check of the existence of humans in the close

vicinity of the robot and a first basic evaluation of possibly
important gestures can be used directly for communication.
Secondly, outputs of a fast algorithm related for instance
to body, head or arm positions can serve to trigger more
detailed investigation by e.g. model-based algorithms. Ad-
ditionally, the data can be used to initialize model fitting.

The heuristic approach first divides the depth scene
observed by the sensor into consecutive depth intervals
each having a fixed distance and size. The two intervals
containing the most measurements are used for binary
segmentation of the humans profile. Within the profile the
algorithm searches for a human’s center point by summing
all pixels belonging to the profile and averaging their co-
ordinates. From this point the algorithm searches upwards
and determines a bounding box for the head including the
neck by incorporating estimates of the shoulder end points.
They can be found as being the left and right extremes of
the profile at a height roughly at the bottom of the head.
Interestingly, the height of the bounding box around the
head plus the width of the shoulder can give an estimate
of the length of the upper arm as described in medical
statistics. Based on this information four cases can be
distinguished:
• Outstretched arm away from the body
• Outstretched arm up or down
• Bent arm next to body
• Bent arm in front of body
For each case further heuristic algorithms are used to
determine the hand position and orientation. This can be
used to recognize and discriminate between basic gestures.
See Figure 2 for a visualization of how the program
finds a WAVE gesture and SHAKE HANDS gesture; both
are interactional gestures (class 4). By using additional
information such as orientation and distance of the human
towards the robot and internal state of the robot, tentative
disambiguations between similar gestures have been made.

VIII. CONCLUSIONS, NEXT STEPS AND THE FUTURE

In order to infer the intent of a human interaction partner,
it may be useful to employ a classification of gesture
according to some major types – five in the tentative
classification proposed here – whose intent may be (1)
absent / directed to objects or environment, (2) incidentally
expressive, (3) symbolic, (4) interactional, or (5) deictic. A
summary of the classes is given by Table I.

In order to deploy the inference of intent on robots
interacting with humans it is necessary to operationalize the
distinctions between these (sometimes overlapping) classes.
This may require the use of knowledge of human activity,
recognition of objects and persons in the environment, and
previous interactions with particular humans, as well as
knowledge of conventional human gestural referencing and
expression, in addition to specialized signaling codes or
symbolic systems.

Work in Cognrion now focuses on the organization of
the robot decisional abilities and more particularly on
the management of human interaction. There is explicit
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Fig. 2. Heuristic-based fast recognition and disambiguation of
interactional gestures. Detecting bounding box of head, hand and its
orientation, and center of human (top row: color image of gesturing human
in robot’s vicinity. second row: depth image derived from camera images.
Left column: SHAKE HANDS gesture, right column: WAVE gesture.

management of the interactions between the robot com-
panion and its human partners. This requires essentially
task-oriented processes that each consist of establishing a
common goal, achieving it and verifying commitment of
all agents involved during the task performance. Indeed,
perception of the human partner is one essential source of
information all along the human-robot interaction process
from the detection of human presence to the monitoring of
human activity and the continuous estimation of its com-
mitment level to a joint goal. This viewpoint is compatible
with and served by the classification of gestures proposed
here. It also helps us to operationalize use of the classifi-
cation. Indeed, gestures of type 3 and many of type 1 may
be considered as task-oriented and the inference of their
intent can be done relative to the task at hand. Gestures
of type 4 include generic interactional gestures that may
serve to manage the session itself: inviting the robot to
start an interaction, suspending or stopping an interaction
session, etc. Many gestures of type 4 are consequently task
independent.

The classification presented here suggests some require-
ments for the design and implementation of systems in-
ferring intent from gesture based on this classification.
These requirements might be realized in a variety of
different ways using, e.g. continuous low-key tracking or
more detailed analysis, event-based and/or scenario-based
recognition, and prediction of human activity based on
models of human activity flows (with or without recogni-
tion of particular humans and their previous interactions),
depending the particular needs of the given human-robot

interaction design and the constraints and specificity of its
intended operational context. Design of a robot restricted
to helping always the same user in the kitchen environment
would be quite different from one that should be a more
general purpose servant or companion in a home environ-
ment containing several adults, children and pets, but the
classification presented here is applicable in informing the
design of gesture recognition for inferring intent in either
type of system, and for designing other HRI systems.

Finally, effective human-robot interaction will require
generation of gestures and feedback signals by the robot.
The classification given here can suggest categories of
robotic gestures that could be implemented to improve the
legibility to humans of the robot’s behaviour, so that they
will be better able to understand and predict the robot’s
activity when interacting with it.
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Abstract
The recognition of daily human actvitities is be-
coming more and more important for humanoid
robots. For the robot, being a daily companion of
the human, it is crucial that it is able to understand
what the human is doing in order to react accord-
ingly.
Although there exist many systems for recognis-
ing human activities there is a lack of having a
structured classification of these activities. In this
paper different concepts for classifying human ac-
tivities are presented. First, a concept motivated
by recognition approaches is presented, which is
called structural classification. The second concept
is guided by the functional meaning of activities.
These two concepts are then combined in a third
classification which connects the structural with the
functional classification. The benefit of the com-
bined classification is, that it adds semantics into
the structural view of activities and it enables the al-
gorithms for further refinement of the recognition.

1 Introduction
One investigated field of application of mobile robots is
within the environment of humans. For the robot, being a
companion of the human in household environments, it must
have several abilities. These include supporting or helping
the human, interacting with the human, learning skills and
tasks or recognising the human’s intention. While the detec-
tion and tracking of people is the first step for the robot of
being aware of humans in its surrounding, it is important to
understand what the human is doing.
The aim of this paper is to investigate concepts for design-

ing a classification of human activities in household environ-
ments. This classification supports several research activities
and has multiple benefits, which are:

• It serves as a basis for the recognition of activities and
can be used several algorithms. Furthermore with this
classification it is possible to introduce semantic knowl-
edge into the recognition.

• It establishes a system wide common taxonomy about
human activities which can be used widely. Especially

for a humanoid robot, this knowledge can be used in:
– Dialogues, by helping to understand the users ac-
tions and recognising his or her willingness to in-
teract.

– Learning skills and tasks from a human while ob-
serving the demonstrator.

– Situation awareness and intentionality, by under-
standing the human’s activity which is part of the
actual situation and recognising his or her intention.

• It helps to build a semantic link between the robot’s own
abilities and the activities of humans. Thereby it sup-
ports the robot to reason about its own abilities and to
decide whether and how it can help the human.

It is obvious, that not all possible human activities can be
classified. The reasons are that the kind of classification al-
ways depends on its purpose and each field of application has
its own interests which cannot be covered completely in an
overall classification. Therefore, the presented classifications
concentrate on a subset of possible human activities: activ-
ities in household environments. Its purpose is towards the
use in a humanoid mobile robot being a daily companion of
the human.
In the following section a brief overview of the state of

the art is presented, in section 3 a general introduction on
human activities is given and a categorisation of classifying
activities is described. The succeeding subsections explain
the different concepts of classifying human activities. The
combined structure, depicted in section 3.3, incorporates the
presented approaches into one classification.

2 Related work
Most of the researchers do not define an explicit classification
of human activities. In fact most publications concentrate on
detection, recognition and interpretation.
Sierhuis et al. [Sierhuis et al., 2000] describe a represen-

tation of work practice which consists of activities of the in-
volved people. Work is defined as transforming input to out-
put. An activity is more than that, namely it includes also
collaboration between individuals. An activity is described
by how, when, where and why an activity is performed and
identify the affects of an activity. Activities locate behaviour
of people and their tools in time and space.

COGNIRON FP6-IST-002020                                Appendix

Appendix page 61 of 101



In [Rao and Shah, 2001] a flat list of captured actions is
used. The recognition evaluates the position of the hand in
order to interpret the resulting trajectories. [Sukthankar and
Sycara, 2005] uses an acyclic graph to model a specific be-
haviour. Each edge consists of a basic body motion together
with an environmental feature.
Lokman and Kaneko [Lokman and Kaneko, 2004] pre-

sented a hierachical structure of the body-parts and joints to
derive a classification of human actions. The basic ideas are,
that the human does not always use all body-parts for an ac-
tivity and that multiple actions could happen simultaneously.
A hierarchical structure of actions is used in [Mori et al.,

2004] where the actions are classified in a tree-like structure.
An action is modelled by Continous Hidden Markov Models.
The recognition starts at the root node and for all child nodes,
the likelihood is calculated. If there is a valid child, the recog-
nition descends in this lower level and the recognition starts
again. If no valid child can be found, the recognition stops.
At each level of the tree, there is a special node, called ”etc”
which denotes ”every other” action, not listed in the tree at
that level. For example at the first level, there are ”Sitting”,
”Lying”, ”Standing” and ”Etc”.
In [Kojima et al., 2002] a concept hierarchy of body ac-

tions is used for extracting a natural language description of
human actions out of image sequences. An activity is rep-
resented by a so called ”case frame” where a case frame ex-
presses the relationship between cases in a natural sentence
(like agent, object, locus, source, etc.). The hierarchy of ac-
tions starts at a generic level and is refined at each level by
introducing additional values into the case frame. These ad-
ditional values correspond to extracted image features. E. g.
be becomes move by introducing the speed of the torso and
therefore replacing the verb.
A similar approach is used in [Herzog and Rohr, 1995].

Here, an activity is represented in terms of predicate logic.
Each term then describes an action with specific attributes
which can be further refined (e.g. ”move” + ”fast” becomes
”running”).

Patterson et al. [Patterson et al., 2003a] use RFID-tags to
observe the user’s interaction with objects. The activity mod-
els should be human understandable and that they describe
the activities intuitively. An activity is described by a set
of touched objects. For recognising an activity they use Dy-
namic Bayesian Networks.
Different aspects of modelling and recognising human be-

haviours are present in [Liao et al., 2004]. Modelling human
behaviour comprises the decomposition of behaviours and the
abstraction and thus the grouping of behaviours. A big prob-
lem in human behaviour recognition is the gap between the
raw sensor data and the recognition algorithms. In [Patterson
et al., 2003b] GPS data is used to infer about the user’s move-
ment within a city and his transportation mode (i.e. by bus,
by car or by foot). A particle filter is used to estimate the state
of the user.
In [Bui, 2003] a framework for probabilistic plan recogni-

tion of hierarchies of activities is presented. So called Ab-
stract Hidden Markov Memory Models are introduced which
allow to estimate sub-policies depending on the previous his-

tory of the process. The system is demonstrated in an office
monitoring scenario where different actions like ”going to the
printer” are recognised.
Another approach for hierarchical modelling is presented

in [Pynadath and Wellman, 2000]. A PSDG (probabilistic
state-dependent grammar) is used to define plans and sub-
plans. Parsing a given observation results in probabilities for
different subplans allowing the recognition of actions.

3 Classification of human activities
Before defining a classification of human activities, it has to
be made clear what the term ”activity” stands for. Following
dictionaries (e.g. [dictionary.com, 2005]), they state:
Definition 1 activity: ”state of being active”
Looking into the more specific term human activity, dictio-
naries (s. e.g. [WordNet 2.0, 2005]) define it as:
Definition 2 human activity: ”something that people do or
cause to happen”
It is clear that it is not possible to classify all existing

human activities. In fact a classification for only a sub-
set, namely activities in household environments, is pre-
sented. Beside looking into typical household scenarios, the
demands arising from the COGNIRON project (the cogni-
tive robot companion, s. http://www.cogniron.com)
were taken into account.
Typical activities are:
• Talking to someone
• Walking around
• Sitting on a chair
• Taking out a beer from the fridge
• Opening a door
• Grasping a cup
• Placing a cup on a saucer
This list isn’t complete, it should only give an impression

about the variety of human activities in typical household sce-
narios. Indeed, these activities can also be combined like
walking while talking to someone.
For designing the classification, some important issues

have to be considered:
• The classification should not depend on any existing al-
gorithm doing activity recognition but it must also be
possible to use this classification for the development of
future recognition algorithms.

• It should be open ended in a way that new categories
could be added in the future and also previously uncon-
sidered activities should be categorised later on.

• It should have a clear structure for the ease of usage.
• It should be usable for different disciplines, like com-
puter vision, dialogues or task learning.

Therefore different concepts of classifications were investi-
gated following different approaches. The first one is derived
from the structure of the human body, that is, each activity
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is classified based on the body parts which are used for this
activity (”How is the activity performed”). The second one
is guided by the functional meaning of the activities. That
is, the semantics of an activity is classified according to its
function (”What is the aim of the activity”). Finally these two
concepts are incorporated into one where the two previous
concepts (structural vs. functional) are orthogonal.
The following subsections describe these concepts in de-

tail.

3.1 Classification by structure
As has been mentioned before, classifying activities by struc-
ture means that each activity is categorised based on the in-
volved structures. The term structure is meant to be a body
part, the whole person, an object or a place. The classification
is an algorithmic guided approach, because many algorithms
evaluate the pose and motion of certain body-parts in order
to recognise the activity (e.g. [Aggarwal and Cai, 1999]. It
starts with groups of activities belonging to single body-parts
and creates new groups by combining groups.
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Figure 1: Overview of human activities classified by structure

Figure 1 shows the identified groups of the classification.
Each part describes, which structure is involved in this par-
ticular group. The arrows, going from one part to another
(e.g. from ”Head activity” to ”Upper Body Activity”), denote
dependencies of body parts required for this (higher level)
group of activities. In the case of ”upper body activity” not
all incoming parts need to be active in order to form a valid
activity.
The two groups object and place play a special role in a

way that they can augment the meaning of each part. For
example, ”hand activity” together with ”object” form a new
group of activities. Another example is the command ”put
that there” where an object and a place are involved.
It is clear, that a group like ”arm activity” contains a lot

of activities like all arm gestures, grasps, etc. Therefore, this
classification is a very coarse one, but it helps in understand-
ing how a specific activity is performed or to be more precise,
which parts are involved in an activity.

3.2 Classification by function
In contrast to the previously described structural classifica-
tion, the classification by function is guided by the purpose or
aim of an activity. In cognitive psychology, human activity is
characterized by three features [Anderson, 1989]:

Direction: Human activity is purposeful and directed to a
specific goal situation.

Decomposition: The goal that is to be reached is being de-
composed into subgoals.

Operator selection: There are known operators that may be
applied in order to reach a subgoal. The concept op-
erator designates an action that directly realizes such a
subgoal. The solution of the overall problem is repre-
sentable as a sequence of such operators.

Humans tend to perceive activity as a clearly separated se-
quence of elementary actions. Therefore the set of supported
elementary actions is derived from human activity mecha-
nisms. Based on the purpose that is being aimed at by the
activity, a classification into two categories is appropriate:
Performative activities: These activities aim at reaching a

certain goal in terms of fulfilling a task, they change the
state of the human or the state of his or her environment
like walking around or grasping an object.

Interaction activities: This class does not only comprise ac-
tivities within a dialogue, but also for enhancing the
learning of demonstrated tasks and guiding the robot.

Figure 2 shows the overall classification based on the
modality of their application. Performative and interactive
activities are explained in more detail in the following sub-
sections.

Performative Activities
Manipulation, navigation and the utterance of verbal perfor-
mative sentences are classified as performative activities.
Manipulation: During object manipulation, grasps and

movements are relevant for interpretation.
Grasps: For the classification of grasps that involve

one hand established schemes can be reverted to.
Here, an underlying distinction is made between
grasps that do not need to change finger configura-
tions while holding an object until placing it some-
where (”static grasps”) and grasps that require such
configuration changes (”dynamic grasps”). While
for static grasps exist exhaustive taxonomies based
on finger configurations and the geometrical struc-
ture of the carried object, dynamic grasps may be
categorized by movements of manipulated objects
around the local hand coordinate system. Grasps
being performed by two hands have to take into ac-
count synchronicity and parallelism in addition to
single grasp recognition.

Movement: Here, the transport of extremities and of
objects has to be discerned. The first may be
further partitioned into movements that require
a specific goal pose and into movements where
position changes underly certain conditions (e.g.
force/torque, visibility or collision). On the other
hand, the transfer of objects can be carried out with
or without contact. It is very useful to check if the
object in the hand has or has not tool quality. The
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Figure 2: Overview of human activities classified by function

latter case eases reasoning on the goal of the op-
erator (e.g.: tool type screwdriver→ operator turn
screw upwards or downwards).

Navigation: In contrast to object manipulation, navigation
means the movement of the human himself. This in-
cludes position changes with a certain destination in or-
der to transport objects and movement strategies that
may serve for exploration.

Verbal performative utterance: In language theory, utter-
ances are performative if the speaker is performing the
activity he is currently describing. This could help
robotic systems to understand the actual activity.

As can be seen by the complexity of grasp performance or
navigation, observation of performative actions requires vast
and dedicated sensors. Hereby, diverse information is vital
for the analysis of an applied operator: a grasp type may have
various rotation axes, a certain flow of force/torque exerted
on the held object, special grasp points where the object is
touched etc.

Interaction Activities
Commenting, commanding and social interaction are classi-
fied as interaction activities. They are not only performed
using speech but also gestures with head and hands belong to
these categories.
Commenting activities: Humans refer to objects, places and

processes by their name, they label and qualify them.

Primarily, this type of action serves for enhancing dia-
logues and it also helps for learning and interpreting.

Commanding activities: Giving orders falls into the second
category. This could be e.g. commands to move, stop,
hand over or even complex sequences of single com-
mands, that directly address robot or human activity.

Social activities: This class is mainly intended at exchang-
ing information. It includes activities like greeting or
asking.

It is clear, that in contrast to the structural classification,
a single activity of a body-part can result in activities of dif-
ferent groups. For example an activity with the hand can be
a grasping activity or a commanding gesture. Furthermore,
a single activity can be achieved with different body-parts,
for example affirmation (a commenting activity) can be done
with the hand (”thumbs up”) as well as with the head (”nod-
ding”).

3.3 Combining the classifications
The problem of the two presented classifications is, that they
consider mainly one dimension of concepts for classifying
human activities. To be more precise, the structural classifi-
cation is based on how (or which body-part) an activity can
be detected and therefore classified. On the other hand, the
functional classification mainly concentrates on what type of
activity is present without considering which body-parts are
involved (and therefore need to be algorithmically evaluated).
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So the question is how to create a classification which con-
nects the how and the what type. Or, in other words, how to
fill the gap between semantic and detection.

functional

classification

structural

classification

Rules

Figure 3: Connecting the structural with the functional clas-
sification.

The idea is to introduce a set of rules (s. figure 3) which
connects certain structural parts with the corresponding func-
tional group. The connection is bi-directional giving infor-
mation of the structural into the functional classification and
vice versa.
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Figure 4: The relevant structural groups for the example
”transport of an object”.

We illustrate the idea using the activity ”transporting an
object” as an example. In the structural classification, the
groups ”Object(s)”, ”Hand Activity” and ”Lower Body Ac-
tivity” are involved, which can be detected with appropri-
ate sensors. This is depicted in figure 4. The set of rules,
which holds the background knowledge about mapping be-
tween structural and functional representations, activates the
corresponding activities in the functional model.
At this point, the hierarchical form of the functional classi-

fication enables further reasoning about the performed activ-
ities and their more generalised activity classes. In the given
example, it is now possible to derive the classes ”one hand”,
”grasp”, ”manipulation”, etc. The advantage of having the
more generalised classes is, that others could use the infor-
mation at the level of detail they need. For example, if the
dialogue only wants to know, if there is a performative activ-
ity, the requested information can easily be delivered.
Additionally, the knowledge of the functional classification

allows also for refining the detected activity. More features
can be extracted by the perception in order to evaluate if there

is a more specific activity. Also, the current context can be
used for further refinement.

4 Conclusion and Future Work
In this paper we presented different concepts for classifying
human activities. The idea is to establish a common taxon-
omy for recognising activities as well as using it in other ap-
plications. The classification was done for activities in house-
hold environments to help humanoid robots in recognising
human activities. The first classification is based on the body
structure of the human being, which is also motivated by al-
gorithmic approaches. The second classification is structured
based on the functional meaning of a human activity, bringing
semantics into the classification. These two classification are
then combined into a third classification which connects the
structural (body-part driven) view with the functional view.
The next steps are to further validate the proposed clas-

sification and to continue with the classification in terms of
extending it with new activities. For validating the classifi-
cation an activity recognition will be developed which will
be used to teach the robot and to detect the users intention
in order to enable the robot to assist the human. Addition-
ally, social studies about human behaviour in the presence of
robots will be investigated. The set of rules will be developed
in order to establish the connection between the structural and
the functional classification. Furthermore, investigations will
be done, how the rules can be learned in order to reduce the
required a priori knowledge.
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Abstract—This report describes the work performed at Uni-
versity of Karlsruhe concerning Human Activity Recognition in
the context of the EU project Cogniron.
Within another part of the project, human motion and body

configuration is observed and tracked. This intrinsic information
is used together with extrinsic features to recognize and classify
human activities. Recognition is done using a 3-step approach:
(1) From human body motion, a feature set is extracted. (2) These
features are evaluated regarding their relevance for each activity,
and (3) for each activity, a FFNN classifier computes a likelihood
based on manually segmented training data sets.
This report gives a state of the art, and then describes in

detail the depicted activity recognition approach. Experiments
and results are given which show that this method works with
over 100 features and more than 10 activities.

I. INTRODUCTION
Humans communicate to a large extent through physical

movement of their limbs. Many activities can be readily
recognized just by observing the motion of the limbs of the
human body, or even the motion of the entire body.
How one person interacts with another is in many cases

highly dependent on the observation of what the other person
is doing. For example, we do not try to shake hands with a
person running quickly past us.
When designing a socially interacting system such as a

service robot, it is desirable to try to mimic this ability. Not
only does activity recognition by the robot greatly improve
its ability to interact, but it also tends to increase the level of
comfort for people with which it interacts.
Apart from transmitting important activity information, limb

movements are an important accessory when communicating.
The motions known as gestures generally make up a large part
of the information flow when two people are talking to each
other. Similarly for a robot, accurate activity recognition could
provide a helpful context for its speech recognition system.
It is therefore clearly desirable for a socially interacting

robot to be able to interpret observed motions, and recognize
the activities that cause them.

II. BACKGROUND
Activity recognition is a highly active research field and

the amount of published material is immense. Good starting
points to the area are the comprehensive surveys composed

by Cédras and Shah [1] and by Gavrila [2], and the slightly
shorter review by Aggarwal and Cai [3]. Additionally, Wang,
Hu and Tan [4] cover some work done after 2000.
A large field of application for activity recognition is given

by the problem of video surveillance, e.g. in public areas
where often surveillance cameras already exist. The topic of
surveillance rises already several restrictions, which include
usage of cameras only, or large distance between sensor and
target. In most surveillance cases, the background can even be
assumed to be static, which is an important factor for recog-
nition and can also affect the method and algorithm selection.
Activity recognition systems for surveillance applications have
been developed e.g. by Ribeiro et al. [5] [6] and Nascimento
et al. [7], which rely on large area camera images. These
approaches use the trajectory of the whole person for activity
classification, and do not use the body configuration. This is
on the one hand due to the fact that the observed activties
are large-scale and can thus be classified by observing the
whole body trajectory over time, on the other hand, the sensor
data simply can not provide such detailed information as it
would be needed for determination of the body configuration.
Also, in a surveillance context, the system is only directed at
observation, without any active components.
These vision-based activity recognition approaches still fol-

low a common methodology: From the raw input data (camera
images in this case), a set of features is extracted which is in a
second step processed to classify performed human activities.
Although the aim and conditions are different for the context
of this work, it still follows a similar approach.
One general trend has been to transfer successfull tech-

niques from the typically simpler problem of speech recogni-
tion to the more difficult problem of activity recognition. The
impressive results within that field and its rapid convergence to
a handful of techniques suggests similar approaches to activity
recognition.
Activity recognition is preferably divided into several in-

dependent or weakly dependent sub-tasks. As is common in
rapidly advancing research fields, a lot of different terms are
used by different authors to describe essentially the same
things.
In this report we shall divide the process into three tasks.

The first is motion capture, which covers the entire problem
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of observing a human subject and obtaining a digital repre-
sentation. The second is motion analysis, where the motion
capture data is processed to make it suitable for the third step,
the actual recognition or classification itself.
In general terms, we may then describe the recognition

system as consisting of the tree steps below:
1) Observation of the human subject and digitalization of
the motions (motion capture). This can either be done
with view-based approaches, retrieving abstract feature
patterns, or based on kinematic models of the human,
which results in 2d or 3d motion trajectories of the
human body DoFs.

2) Analysis of the motion and pattern construction (motion
analysis). There are two main approaches: Segmentation
into basic elements, often called motion primitives by
recognition of key points, or concurrent feature extrac-
tion for a later analysis.

3) Comparison with previously stored patterns (recogni-
tion). This task is commonly solved using a classifier,
which in most cases has been trained with a manually
segmented data set. This classifier can either include an
explicit time model (like HMMs, Bayesian nets) or be
time-independant (like Neural Networks, Support Vector
Machines etc.).

III. HUMAN ACTIVITIES

Talking about human activity recognition first raises the
question for a definition of human activities. To our knowl-
edge, there has been no closed-form definition for human
activities so far in literature within the area of activity recog-
nition, and many authors use examples to describe the desired
granularity and features of activities.
Ribeiro et al. [5] give examples for human activities which

they classify within a surveillance application stating “..hu-
man activities, such as {Active, Inactive, Walking, Running,
Fighting..”, and Nascimento et al. [7] give the examples of
“entering or exiting a shop, passing, or browsing in front of
shop windows” also for a surveillance context in a shopping
center.
Zhao and Nevatia [8] set up a human locomotion model with

the states run, walk, stand within a Finite State Machine. This
definition is targeted at the tracking application they propose
also for surveillance purposes.
A more general definition of human activity is given in

[9], saying: “The current set of tasks is the user’s activity”,
while a task is defined as “The association of a current state
and a goal state” of the world. It is mentioned that a human
seldom pursues only one task, but rather has a set of pending
tasks, always switching between them. The same authors give
examples for a collaborative work environment (see [10]),
where persons are assigned roles like speaker, listener for
activity recognition. But still, the granularity of tasks is not
defined or restricted.
Hongeng et al. [11] implicitly define an activity based on

an event taxonomy. An activity is equivalent to a simple
or complex event, which is compiled from a set of basic

events like approach, leave, take object. Activities can also
consist of events triggered by multiple agents or entities, like
several people working together for reaching one common
goal. This definition of activity is hierarchical, building meta-
activities from simple ones, even including several actors in
one activity. With the described event taxonomy, it is possible
to add activities to the recognition system in a natural way. But
again, no closed-form definition for human activity is given
concerning possible contents or granularity.
From these examples, it is obvious that for recognition of

human activities, the goal of the system has to be taken into
account. E.g. for a surveillance context, possible activities
include walking, standing, running, conversing, or taking an
object and fighting. In an office environment, where the system
has to provide help and assistance to the user, activities may
include talking on the phone, or working with computer.
For robot companions, the activity set which needs to

be recognizable is again different. This is a major topic of
research between the Research Activities 2 and 3. As long as
no comprehensive definition for human activities in HRI situ-
ations has evolved, the work described in this report follows
the depicted example-based approaches. The human activities
which are to be recognized by the system are defined by
example, deriving necessary activities from the demonstration
scenarios. Different to surveillance tasks, the requirements
for Human-Robot-Interaction (HRI) are more focussed on
interaction and manipulation scenarios. The second demand
to the used activity set is simply to show the abilities and
weaknesses of the developed system. So partly, activities have
been chosen simply for their motion pattern.
To be able to select proper recognition and classification

methods, it is necessary to constrain the possible complexity
of occuring activities. Within RA2, the focus lies on short-
range activities which can be detected either instantly or from
a short time window based on a physical description of the
world. Higher-level components then will then include this
information in their reasoning and decision-making processes.
The final set of activities which need to be recognized is

still a topic of research within the Cogniron project (see [12]).
Within RA3 in Cogniron, the Key Experiment scenarios are
thoroughly investigated to retrieve a set of activities that on
the one hand occur in the given situations, and on the other
hand are needed by the robot for the decision making process.
Current example activities include: Bow, handshake, sit, walk
or wave, among others.

A. Human activities and Context

Recognition and interpretation of human activities is closely
related to the question of modelling and determination of the
context. This is due to the fact that human activities can not
be detached from the context without becoming ambiguous
in interpretation. Also, information about the current context
eases recognition: An activity model can help to predict and
rate activities and observations, and also include expectations
in the recognition phase.
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A usable context definition has been given by Dey in [13],
which will also be used within this work:

“Context is any information that can be used to
characterize the situation of an entity. An entity is
a person, place, or object that is considered relevant
to the interaction between a user and an application,
including the user and applications themselves.”

This definition has also been adopted by [10]. Looking care-
fully at this definition, the following can be derived:

• Context contains the relevant physical setting of the
environment. This includes objects, persons, places and
their relations (see also [10]).

• The definition does not exclude information about current
tasks andgoals, or more generally, the user’s (or system’s)
intention(s). In fact, the term “any information that can be
used to characterize the situation” may include anything
from the state of mind of the user, if it is relevant.

• The definition does not claim that the “information that
can be used to characterize the situation” is (or even can
be) grouped semantically. There is even no claim that
any relation between the bits of information exists that
together make up context.

From this definition, two ways of exploiting context for
activity recognition can be deduced.

• Context information may be used to parameterize the
classification system, resulting in an expectation (and
thus model) based framework. The individual recognition
procedures do not use context information explicitly, but
based on current context, different recognition procedures
are active. This approach is e.g. used by Crowley et al.
in [10] and [14].

• Information from context is used directly as input for
classification. This approach does not work expectation
based, but uses relevant information just as another data
source which is directed in to classifier. This approach
is described e.g. by [11], claiming that certain body
movements together with the fact that an object is missing
afterwards lead to the recognition of “pick up object”.

This report adopts the second approach, using parts of the
context as input for activity classification. We distinguish
between information about body movements of the user called
intrinsic features, and information about the environment
(like objects, places, conditions like temperature etc.) called
extrinsic features. Following the context definition of Dey (see
above), both feature sets together make up context.

IV. PROPOSED APPROACH FOR ACTIVITY RECOGNITION

As described in sec. II, our proposed approach for activity
recognition consists of three main steps: A human motion
capture system gathers data of the human configuration over
time, resulting in trajectories for each modelled limb and
joint of the human body in 3d. The motion capture system
called VooDoo is described in detail in [15], [16]. From this
information, for each activity which has to be recognized a set
of model intrinsic features is derived. These features do not

rely on temporal segmentation, but are generated continuously.
In addition, a set of extrinsic features can be taken into
account. These features must be generated by external modules
by observation of the environment. The feature synthesis is
described in sec. V, the evaluation and selection process in
sec. VI and sec. VI. The classification step is performed
by a simple Feed Forward Neural Network (FFNN) which
processes the feature stream. This FFNN has been trained with
manually segmented training examples.
The whole process is depicted in fig. 1.

V. FEATURE EXTRACTION
It is not possible to exactly measure the quality of a feature,

and different classifiers may prefer different feature types.
However, we can still define important properties which char-
acterize a good feature for the purpose of activity recognition.
A good feature should

• be characteristic for at least one activity,
• separate between different activities,
• be reproducible for an activity independent from individ-
ual and temporal variations.

Three types of features are used within this context: Raw
model data, filtered model data, and extrinsic features.
1) Raw tracking data: Obviously, the raw tracking data

consisting of the whole body configuration trajectory can be
used as feature set. A human who observes a reconstructed
motion from this stream is directly able to recognize the
performed activity, so this should also be possible for an
appropriate classifier. Raw data can also be combined to
retrieve more sensible features: Computation of the TCP height
with respect to head height can e.g. help much in seperation
of different activities. The raw tracking data is also referred
to as primitive feature set.
In general, however, much model data is higly irrelevant,

and even with the best classifiers of today, results are highly
dependent on the data used during training and recognition.
It seems highly optimistic that a classifier will be able to
recognize all the activities with a limited training data set.
Experimental data supports this, as seen in the results section
of this report.
2) Statistical analysis: A high number of statistical meth-

ods exists that can be used to extract sensible features from a
data set. Our features set contains the following:

• Covariance between different different input data vectors,
• Principial Component Analysis to detect the most relevant
features in the current set, or to detect major motion
directions (e.g. motion planarity),

• Frequency analysis to detect periodic motions.
This reveals a major difference in feature properties: Fea-

tures can either be time-dependent or snapshots. Frequency
analysis of e.g. elbow motion must be determined using a time
window, thus taking motion history into account. TCP height
with respect to the head is independent from history. This
illustrates why different classifiers may prefer different feature
sets: A classifier which itself takes history into account does
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Fig. 1. Feature extraction and activity recognition process

not rely on time-dependent features as strong as a classifier
without time modeling.
3) Extrinsic features: Many activities are very simple to

recognize when not only the body motion of the human is
given, but also information from the environment. This may
comprise information about time of day, grasped objects, the
current location, or other persons involved.
Generally speaking, this is context information. As the

definition of context given in sec. III-A comprises all relevant
information from the environment, only part of the context can
(and must) be included for activity classification, because (a)
only part of the world state can be measured, and (b) only part
of all possible human activities is of interest. This included
context knowledge is called extrinsic features in this report.

VI. FEATURE EVALUATION
Given a large feature set designed to capture a wide variety

of activities, we should expect many features to be irrelevant
for any given activity. In practice, these features will contribute
nothing but noise to the classifier. By blindly feeding it all
our extracted features, we depend on the classifier to be
able to filter out irrelevant features. While it appears that
feature selection does not improve predictability for most
classifiers, it does improve training speed, and also seems to
aid generalization (see [17]). The training data does not need
to cover all possible variations any more: E.g. for training
waving, the training set does not have to comprise sequences
where the person stands, sits, and walks, only to train the
waving movement for all other situations.
There are however other reasons to select a subset of

features. By focusing on a few properties of the activity, it
will be easier to provide stable recognition of activities even
under heavy occlusion, as long as the features we need can be
successfully extracted.
Likewise, having some insight into what is actually being

evaluated removes a large part of the “black box” mystery
from the activity recognition. This in turn may greatly simplify
algorithm selection and parameter tuning, as well as provide a
feedback loop between the person whose activities are being
recognized.

Finally, performing activity classification with only a small
set of selected features instead of using all of them signif-
icantly reduces the computational effort: A classifier that is
fed 5 instead of 100 features is simply much faster.
To summarize, good feature selection has the following

benefits:
• Removes irrelevant noisy signals.
• Allows faster training and better generalization.
• Removes redundant signals.
• Focuses recognition to a small set of properties.
• Tells us what is really being classified.
• Significantly reduces computational effort.
To determine a relevant subset of features for classification

of a given activity, we first need to define the term relevance.
Mathematically, the most general statement we can make

about a relevant feature Fi and a target class C is that for a
given class value c and at least one feature value fi, it satisfies
the relation

p(c = C|fi = Fi) != p(c = C) (1)

which simply means that the posterior probability about
the class of a sample after observing the feature is different
compared to the prior.
Although the above definition seems intuitive, it is possible

to find sets of clearly relevant features where it does not hold
[17]. It seems necessary to define two relevance classes: strong
relevance and weak relevance.
We say that feature Fi is strongly relevant if there ex-

ists a set Si of all features except for Fi, i. e. Si =
{F1, . . . , Fi−1, Fi+1, . . . , Fn} and some value assignments fi,
c and si for which p(Fi = fi, Si = si) > 0 such that

p(C = c|Fi = fi, Si = si) != p(C = c|Si = si). (2)

We say that Fi is weakly relevant if it is not strongly
relevant, and there exists a subset S′

i of Si and some fi, c
and s′i with p(fi = Fi, s′i = S′

i) > 0 such that

p(c = C|fi = Fi, s
′
i = S′

i) != p(c = C|s′i = S′
i). (3)
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Strong relevance implies that a feature can not be removed
without loss of prediction accuracy. Weak relevance implies
that a feature can not always be removed without loss of
prediction accuracy, depending on which subset of features it
is used together with. In other words, weak relevance generally
implies that a feature overlaps at least one other feature in the
subset Si.
While the definitions of equations 2 and 3 help us formalize

the concept of feature relevance, they do not tell us how to
find the probabilities they depend on. This is by no means
a trivial problem, and much work has been done within this
area. A well written introduction to the area is that of Guyon
and Elisseeff [18].
In general, the best we can do is estimate the probabilities

from sample data. Such methods are generally called filters.
Several methods to do this have been proposed based on
concepts from statistics and information theory.
Another approach is to forego the probabilistic analysis

altogether, and instead look for empirically good features.
This is the approach taken by the so-called wrapper methods.
A wrapper method makes use of an embedded classifier to
evaluate the relevance of a set of features. A comprehensive
treatment of various wrapper methods is that of Kohavi and
John [19].
The benefit of filter methods is that they are not affected by

the properties of any classifier. This means that the evaluation
could theoretically work equally good, or bad, for all classi-
fiers. Filters are also generally orders of magnitude faster than
wrappers. The main downside is that a filter can only give an
estimation of the relevance.
Filter methods typically make use of various statistical

means to evaluate the relevance of features. These are e.g.
Correlation Analysis and the more general Mutual Information
Analysis, sometimes also called information gain.
Mutual information is a statistical measure which loosely

speaking attempts to measure the “amount of information”
that is common between two data sets.
Mutual Information uses the concept of entropy to describe

a measurement of the information that is common between
two stochastic variables. The Mutual Information I between
the stochastic variables X and Y is defined as:

I(X, Y ) = H(X)−H(X|Y ) (4)

where H(X|Y ) is the conditional entropy of X given Y ,
that is, the remaining entropy if X given a fixed value of Y .
If we substitute the definition of the entropy H we obtain

I(X, Y ) =
∑

x,y

P (X = i, Y = j) log2
P (X = i, Y = j)

P (X = i) · P (Y = j)
(5)

VII. FEATURE SELECTION STRATEGIES

We have now defined different ways to evaluate the rele-
vance of features with respect to an activity. Based on this,
features can be selected for each activity.

The point of feature selection is to find a minimum number
of features to achieve the highest possible accuracy. These
two goals are commonly mutually exclusive. We may however
try to find a sufficiently small set of features that provide
satisfactory prediction.
The problem of finding a minimum set of features is analo-

gous to that of inference of minimal structures, which is known
to be NP-hard in the general case. This leaves exhaustive
search as the only method certain to find the optimum solution.
A simplification of this is the greedy selection.
4) Exhaustive search: The simplest method is the exhaus-

tive search, where we let an algorithm test all combinations
of features in order to empirically determine the quality of
recognition achieved using a given combination. Some quality
value is recorded for a specific combination, and based on
these values the relevance of every single feature and of every
combination of features can be calculated.
As stated above, the exhaustive search is the only method

known that is certain to find the true relevance of a feature.
The downside, naturally, is the sheer amount of processing
needed when working with large feature sets.
In order to test all combinations of k features out of a set

of n we need
(n

k

)
evaluations, a number which is commonly

too large for all but the smallest feature sets, especially for
wrapper methods where each evaluation may take seconds or
even minutes.
5) Greedy selection: One common form of lower order

simplification is the greedy algorithm. A greedy algorithm has
no fixed limitation on the maximum order considered, but the
simplification lies in that we never let it re-evaluate former
decisions, which leads to a significant reduction of the search
space.
In terms of feature selection, this limit implies that a feature

that was selected at one point, will remain selected forever.
This is correct for strongly relevant features, but might be
sub-optimal for weakly relevant features.

A. The Hill-Climbing Feature Selector
A very simple feature selection algorithm is the Hill-

Climbing Feature Selector (HCFS) [20], also commonly called
steepest ascent.
HCFS is a naive wrapper algorithm, which greedily

forward-selects features starting from an empty set of selected
features S. At every iteration we test all features vi from
the set of not selected features V = {v1, ...vm} one at a
time together with the set of selected features using the test
algorithm TEST , typically a classifier.
The feature v that is found to add the most relevance to the

set S as measured by TEST is then added to this set, and we
go on to select the next feature. The algorithm stops when we
decide we have enough features, or when adding more features
does not improve the relevance.
As with all greedy algorithms we tend to miss higher

order relations between features, which means that while
strongly relevant features will typically be selected while
weakly relevant may be left out.
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(a) MIFS

(b) Ideal

Fig. 2. MIFS (a) vs. Ideal Greedy Algorithm (b). The left region is the
feature being evaluated, the right is the set of features already selected (if
any), and the lower region is the target class.

B. Mutual Information Feature Selector
Battiti [21] reinterpreted the feature selection problem in

terms of information theory:
Given an initial set F with n features, find the subset
S ⊂ F with k features that minimizes H(C|S), i.e.
that maximizes the mutual information I(C;S).

Using this interpretation, he proposed a greedy algorithm
called Mutual Information Feature Selector (MIFS) to select
features based on their mutual information with the target class
I(C;Fi).
The function I(C;Fi) can be estimated through histogram

generation over the sample data, i. e. we divide the sample
data of C and Fi into small bins and calculate entropy and
mutual information from the sizes of these bins using eq. 5.
Figure 2(b) shows in a information content venn diagram

an ideal greedy mutual information based algorithm. Since the

desired result is maximum predictability, the ideal algorithm
would find features that maximize the overlapping between
the feature set and the target class, i.e. the area {2, 3, 4}, or
in mutual information terms: I(C;Fi, Fs). Sadly, this turns
out to be incredibly difficult to calculate using the histogram
method.
The original MIFS makes use of a simplification, by cal-

culating mutual information between every feature and all
the features that have already been selected I(Fi;Fs), and
subtracting a fraction times this value from the final evaluation
R(Fi) of a feature.

R(Fi) = I(C;Fi)− β · I(Fi;Fs) (6)

Figure 2(a) shows the result of this equation, namely that
instead of maximizing area {2, 3, 4}, we maximize {1, 3, 4}.
This makes MIFS very sensitive to the amount of overlapping
chosen, i. e. the value of β.
Kwak and Choi [22] suggested a simple way to approximate

the desired area {2, 3, 4}. The shaded area for the ideal
algorithm can be specified as I(C; fi, fs), which can be
rewritten as

I(C; fi, fs) = I(C; fs) + I(C; fi|fs) (7)

where I(C; fs) can be identified as areas 2 and 4, and
I(C; fi|fs) as area 3. Since I(C; fs) is constant for every
feature evaluated, its value does not affect the relative effec-
tiveness of a feature and we do not need to calculate this,
which leaves I(C; fi|fs) as the area to be maximized. This
however turns out to be extremely hard in the general case.
Kwak and Choi therefore suggest to expand this expression as

I(C; fi|fs) = I(C; fi)− I(fs; fi)− I(fs; fi|C). (8)

Assuming the information is distributed evenly throughout
H(fs) in Figure 2(b), we may write

H(fs|C)
H(fs)

=
I(fs; fi|C)
I(fs; fi)

(9)

which combined with equations 8 gives

I(fi;C|fs) = I(fi;C)−
(

1− H(fs|C)
H(fs)

)
I(fs; fi)

= I(fi;C)− I(fs;C)
H(fs)

I(fs; fi)
(10)

and finally we give an improved estimation R2(fi) of the
area {2, 3, 4} as

R2(fi) = I(C; fi)− β

(
I(fs;C)
H(fs)

I(fs; fi)
)

. (11)

Once again, this only holds under the assumption that
H(Fs) is approximately evenly distributed.
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Now, we have feature evaluation measures as well as
selection strategies defined. The HCFS method uses a classifier
to evaluate each feature (wrapper method) with sample data,
while the MIFS method uses statistical relevance measures
with sample the data sets to determine the feature set.

VIII. ACTIVITY CLASSIFICATION

For the actual classification, a simple Feed Forward Neural
Network was chosen. This decision has been taken for two
reasons: First, a FFNN is an easy to use and simple classifier.
It is good enough to prove or disprove the feasibility of
the feature selection approach. After this first step, optimiza-
tion can still be done using other classifiers which may be
more suitable for the stated problem. The second questions
concerns time-dependency. The FFNN is a time-independent
classifier, which may cause problems and ambiguities when
it is used for classification of time-dependent processes like
in the given context. This problem is solved by including
also time-dependent features like motion planarity, frequency
analysis, etc. For details, see sec. V. So in this case, the time-
dependency is dissolved in the feature extraction step, not
during classification.
It is also possible to use a classifier which includes a time

model, like HMMs, Bayesian Networks, or more sophisticated
Neural Network approaches (e.g. Time Delay Neural Net-
works, TDNNs). This may result in better recognition rates; It
also increases the effort of modeling and/or classifier design
and training. Works on implementation and comparison of
different classifiers are currently in progress.
For each activity which has to be recognized a solitary

neural network has been used for the following reasons: As
described in sec. VII, a different set of features is selected for
each activity classification process. This means that the set
of relevant features which for the input vector is different for
each activity. Additionally, if only one network is trained for
recognition of all activities, it has to be completely retrained
when new activities are added. Also training data for one
activity affects all NN weights, and thus the recognition rates
for all activities.
For recognition of n activities, n neural networks exist. Each

NN consists of 3 layers with
• ki input neurons, with ki the number of selected features
for the given activity class ci.

• 1 output neuron for the current estimation for activity
class ci.

• 10 neurons in the hidden layer. This has been chosen
from experiments and experience. The number of selected
features gives for all cases ki ≤ 10. Less than 10 neurons
in the hidden layer decreased recognition results, while
chosing more than 10 did not notably increase recognition
rates.

IX. EXPERIMENTS AND RESULTS

In order to test and evaluate the proposed methods a series
of experiments has been carried out. The goal was twofold:

TABLE I
ACTIVITIES USED FOR EXPERIMENTS

# Name Description
1 Balance Balance on left leg
2 Bow Upper body bow
3 Call Right hand waving gesture towards body
4 Clap Hand clap in front of body
5 Flap Flap with both arms, “attempt to fly”
6 Handshake Handshake with right hand
7 Kick Kick with right leg
8 Manipulate Object manipulation with both hands
9 Sit Sit down on chair
10 Walk Walk towards camera
11 Wave Right hand waving

• To test the efficiency of the feature extraction methods
used when predicting the class, in other words the recog-
nition result.

• To test the efficiency of the two feature selection algo-
rithms and their influence on the recognition result.

The strategy used was to do two main experiments, called
the build-up experiment and the tear-down experiment.
For the build-up experiment we start out with the tracking

data as a primitive feature set and then build a large superset
of features for classification using the methods developed in
sec. V. This should give the best recognition results that can be
achieved with the extracted features and the selected classifier.
Following this the tear-down experiment is done, where

a small subset of highly relevant features are selected per
activity, while trying to retain good recognition results.

A. Training data
A number of test activities had to be recorded. The activities

were chosen with some considerations in mind. A good
activity was decided to be:

• a natural activity that people commonly do.
• successfully and reproducibly tracked by the motion
capture system.

• similar to at least one other activity, to show granularity
of the system.

• dissimilar enough to other activitites to show the range
of the system.

A set of 11 activities with these properties were selected
and recorded. These activities were assigned an Id which we
call class. A list of the activities can be found in table I.
In order to have a sufficient data set for both training and

testing 10 example sequences were recorded for one male and
one female subject for each activity, making 20 sequences per
activity. This gives in total 240 sequences with together 21222
frames.
The recorded sequences were manually segmented and

assigned its correct activity. In the segmentation phase, frames
were divided into three classes: Initialization, activity and
finalization. Initialization frames were considered all frames up
until the activity could be readily and correctly identified by a
human. Activity frames were all frames where the activity was
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clearly being performed. Finalization frames were considered
frames where the activity was being halted.
For the training and evaluation, only the actual activity

frames were used. The initialization and finalization frames
generally tend to overlap the activity frames slightly. There-
fore, frames have been classified as activity frames only when
the activity was clearly identified by a human. This reduces
the number of training frames, but increases the data quality.
The 240 segmented and classified sequences were then

prepared into data sets suitable for training and classification.
50% of the recorded data were used for training, the other
50% for testing. To avoid overfitting in the NN classifier, the
training data again has been divided into a training set and a
validation set. Here we want the training set to be as large as
possible, while having a validation set large enough to prevent
overfitting. It was empirically determined that a validation set
of 4 sequences and a test set of 6 sequences was appropriate.
For the training set we may then use at most 10 sequences,

but in order to be able to test the recognition rate for varying
train set sizes, five different training sets ranging from 2 to 10
sequences at intervals of 2 sequences were prepared.
The sequences were selected randomly from the total set

with an equal number of sequences from the male and the
female subject. To diminish the problems resulting from a ran-
dom selection, five complete data sets with training, validation
and test sequences were randomly created for each of the 5
training set sizes, making in total 25 sets.

B. Feature selection
The next step was to improve the recognition results by

expanding the feature set. The methods developed in sec. V
were applied in various ways to the tracking data. This was
done in an iterative fashion, where a few new features were
created and the recognition results were then observed. Further
new features were added and once again the results were
recorded.
In total this resulted in 118 intrinsic features, including the

45 in the primitive set. The complete list of features developed
can be found in table II.
Used extrinsic feature is currently a person holds object

binary feature which has been added to better recognize
manipulation activities. As it is trivial to define an extrinsic
feature which characterizes each activity (e.g. second person
holding one hand of the observed human gives handshake)
but which would be hard to detect in many cases, we have
used only intrinsic features for the experiments and evaluation.
These features can all be extracted from existing motion
capture data and do not rely on any external modules. Further-
more, the feature evaluation and selection can then be rated
from the results.

C. MIFS Parameter Selection
The MIFS algorithm takes one parameter, β, which de-

termines the discounting of features based on their mutual
information with already selected features. In order to find the
optimal β for our purposes, different values were tested and

TABLE II
COMPLETE LIST OF INTRINSIC FEATURES

# Description
1-3 Torso angle
4-6 Head angle
7-9 Left upper arm angle

10-12 Right upper arm angle
13-15 Left upper leg angle
16-18 Right upper leg angle
19-21 Left lower arm angle
22-24 Right lower arm angle
25-27 Left lower leg angle
28-30 Right lower leg angle
31-33 Head position
34-36 Right hand position
37-39 Left hand position
40-42 Right foot position
43-45 Left foot position
46-48 Torso angular velocity
49-51 Head angular velocity
52-54 Left upper arm angular velocity
55-57 Right upper arm angular velocity
58-60 Left upper leg angular velocity
61-63 Right upper leg angular velocity
64-66 Left lower arm angular velocity
67-69 Right lower arm angular velocity
70-72 Left lower leg angular velocity
73-75 Right lower leg angular velocity
76-78 Body velocity
79-81 Right hand velocity
82-84 Left hand velocity
85-87 Right foot velocity
88-90 Left foot velocity
91 Body position planarity
92 Right hand position planarity
93 Left hand position planarity
94 Right foot position planarity
95 Left foot position planarity
96 Right hand position variance
97 Left hand position variance
98 Hand covariance
99 Foot covariance
100 Hip covariance
101 Knee covariance
102 Hand distance period
103 Foot distance period
104 Right knee angle period
105 Left knee angle period
106 Right hip angle period
107 Left hip angle period
108 Right elbow angle period
109 Left elbow angle period
110 Right shoulder angle period
111 Left shoulder angle period
112 Distance between hands

113-115 Mean right hand position
116-118 Mean left hand position
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Fig. 3. Recognition Rates for MIFS Subsets With Varying β Value

the resulting recognition rate recorded, as β strongly depends
on the actual data characteristics.
Figure 3 is a plot of recognition result for the various data

sets, with standard deviation shown as error bars. From the
plot we immediately see that lower values of β show strong
results for the smaller data sets.
The primary effect of β is that for larger values the feature

set selected will generally be smaller, since we stop the
algorithm once new features do not add information according
to our estimation. This is the reason why for the largest value
of β we get extremely poor results, as the subsets selected
contained at most two features.
As we increase the data sets the difference becomes smaller,

and for our largest data set the results approach a common
value, agreeing with the conclusions of Kwak and Choi [22].
Noticable is that the largest data set shows worse results

than the second largest. This phenomenon is discussed in detail
further on.
Based on these results the value chosen was β = 0.1 for all

further MIFS runs.

D. Results and evaluation
There are two ways to measure how well an activity from

the test set was recognized: The number of frames correctly
classified, and the number of sequences classified.
While the number of frames is simple to count, it is harder

to define exactly when a sequence has been recognized. As a
vague definition we may say that the majority of the frames
must be correctly classified in order to say that a sequence was
recognized. As we shall see, with the high recognition rates
achieved we can be certain that at least a significant percentage
of each sequence was recognized.

Each frame was rated into one of four categories according
to the firings of the neural networks:

• Correct when the neural network corresponding to the
correct activity fired greater than 0.7.

• Ambiguous when at least one more neural network apart
from the correct fired greater than 0.7.

• Incorrect when one or more neural networks correspond-
ing to incorrect activities fired greater than 0.7, but the
correct neural network did not.

• Missed when none of the neural networks fired greater
than 0.7.

1) Build-up Experiment: Fig. 4 shows a bar diagram of the
recognition results obtained per activity using only tracking
data. Overall, the results turned out to be surprisingly good,
with several activities showing reconition rates over 90 %.
Especially noticeable are the activities balance, bow, call, flap,
sit and wave, for which we obtain close to 100% recognition.
Some activities do not fare quite as well, especially hand-

shake and manipulate where the recognition rate is around
50 % with intrinsic features only. Also clap and kick show
less than 80 % recognition, and walk less than 70 %.
In order to explain why some activities were exceptionally

well recognized we can take a look at which properties we
can easily notice from tracking data itself. For the six activities
that have over 90% correct classification we notice that there is
one or more model angles that should readily tell the activity:
balance (torso), bow (hip, torso), call (elbow), flap (shoulder),
sit (hip) and wave (elbow).
Fig. 5 shows a bar diagram of the results obtained using the

complete set of features extracted using the methods in sec. V.
Here we obtain nearly perfect recognition, with all activities

COGNIRON FP6-IST-002020                                Appendix

Appendix page 75 of 101



Fig. 4. Recognition Results Per Activity for the Primitive Feature Set

Fig. 5. Recognition Results Per Activity for the Complete Feature Set
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TABLE III
AVERAGE RECOGNITION RATE OVER FIVE RUNS

Method Correct Ambiguous Incorrect Missed
Primitive 84.0 % 0.8 % 0.9 % 14.4 %
All features 98.3 % 0.6 % 0.0 % 1.1 %
MIFS 5 features 92.3 % 2.1 % 0.1 % 5.5 %
MIFS 10 features 95.7 % 1.6 % 0.0 % 2.7 %
HCFS 5 features 95.2 % 0.9 % 0.8 % 3.1 %

having more than 90% recognized frames. For the activity
handshake we have some problems with ambiguity for ap-
proximately 5 % of the frames. Only handshake and sit now
have more than 5% not recognized frames.
2) Tear-down experiment: The two selection algorithms,

MIFS and HCFS, were run on the data sets. For both selectors
a maximum of 5 features were chosen. This limit was placed
mainly to try to confine the time needed for the HCFS
algorithm, taking already more than 24 hours for the given
computation. In the case of MIFS we could in practice let it
choose all features until the mutual information is exhaused,
but to make its results comparable to HCFS the same limit
was applied.
Fig. 6 shows the recognition result per activity using the

feature subset MIFS–5. The average recognition rate of 92.3 %
places the MIFS–5 set in between the primitive and the
complete feature sets.
The selected feature subset enables excellent recognition of

many activities, above 95 % for eight of the 11 activities.
However two activities, call and handshake show very poor
results with only around 70 % recognition.
In order to see if a larger feature set would improve on these

results, another MIFS run was done, this time producing the
set MIFS–10, with 10 features. Fig. 7 shows the recognition
result per activity using the feature subset MIFS–10. The
average recognition rate of 95.6 % shows a slight improvement
compared with MIFS–5.
We notice from the figure that call has reached above 90 %,

but handshake is still only around 80 %.
It seems hard to justify adding five new features for only

3.3 % improvement.
Fig. 8 shows the recognition results per activity using the

feature sets selected by HCFS. The average recognition rate
of x % places the HCFS–5 set in between the MIFS–10 and
the complete feature sets.
Table III shows the recognition rates of all presented exper-

imental setups as an average over 5 runs from the discussed
Monte-Carlo simulation.

E. Learning speed analysis

One measurement is how well the system generalizes, that
is, how well the classifier is able to learn a concept instead
of just the very examples used in training. As was stated in
sec. VII, one of the desired properties of feature selection is

quicker generalization. In other words, we should be able to
train the system with fewer examples.
In order to test this a series of tests was carried out with

increasing number of training sequences. For each activity
training was done with 2, 4, 6, 8 and 10 sequences, after selec-
ing features with MIFS and HCFS. Additionally, 4 validation
sequences and 6 test sequences were used. All sequences were
selected randomly from the 20 recorded. Just like above, to
alleviate the problems with randomization, five sets of each
size were created.
Figure 9 is a plot of average recognition rate versus number

of training sequences for the primitive features, the entire set
of features, and for subsets selected by MIFS and HCFS.
As can be seen the complete set of features is constantly

superior to the other sets. Already with one training sequence
the recognition rate is above 90%. With this small set we
have a noticeable region with ambiguous results and even a
few percent incorrect classification. As we add more training
sequences we essentially eliminate everything but the correct
and missed sets.
The primitive set is able to match the subsets selected by our

two algorithms with the smallest training set for the recogni-
tion rate. Using more training data improves recognition very
slowly hoewever. Additionally, both the miss rate and the error
rate are considerably higher than for the three other sets.
The two selection algorithms perform similarly at the be-

ginning. While HCFS has a slight lead with the smallest set,
MIFS actually surpasses at two training sequences per activity,
where the incorrect classifications have been nearly eliminated.
At this point however, MIFS has already reached its maximum
and actually performs slightly worse with 3 training sets.
HCFS on the other hand improves nearly linearly with the
number of sequences used, closely approximating the results
achieved with the entire set.

F. Separation of strong and weak features
Keeping in mind the distinction between strong and weak

relevance it is interesting to see if this distinction holds up in
our test results. The problem here is naturally to separate the
two classes. One way to define a strong feature in terms of
the results obtained is as a feature that is invariably selected
by the algorithms.
Fig. 10 is a breakdown of the features selected by the

MIFS algorithm. For each activity the features are listed on
the horizontal axis, and the vertical axis shows the number of
times it was selected out of the five test sets. Additionally, the
patterns show the different set compositions, so that all blocks
having the same pattern were selected together.
Similarly, fig. 11 is a breakdown of the features selected

by the HCFS algorithm. Features that occur in both selections
and in each run can definitly be considered as strong features.
All other features may be considered as weak, being only
relevant together with others. It should be noted that this is not
necessarily true, they may also turn out to be strong features as
well; limiting the feature set to a maximum of 5 also influences
feature evaluation.
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Fig. 6. Recognition Results Per Activity for the MIFS–5 Feature Set

Fig. 7. Recognition Results Per Activity for the MIFS–10 Feature Set
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Fig. 8. Recognition Results Per Activity for the HCFS–5 Feature Set
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Fig. 9. Learning speed analysis for different feature sets and selections
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Fig. 10. MIFS Feature Subset Breakdown

Fig. 11. HCFS Feature Subset Breakdown
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X. SUMMARY AND CONCLUSIONS

This report has focused on the problems of extraction, eval-
uation and selection of features to recognize human activities
using an inference engine.
Features were extracted using body model data, various

statistical methods as well as frequency analysis. Evaluation
was done using mutual information analysis, and selection
based on this analysis was compared with manual selection.
The selected features were then used to train and query

a neural network and the recognition rate was used as an
evaluation of the system as a whole.

This work has shown how a combination of feature extrac-
tion, evaluation and selection can work together to provide a
high quality data set for use with an inference engine.
Feature extraction is not necessarily a difficult problem. In

fact, as the feature evaluation step has shown, many of the best
features turn out to be model data or very simple functions of
it. For some activities, more complex features are needed.
Feature selection can be done using a variety of method.

A few such were attempted in this work, and the idea behind
selection turns out to be sound.
To conclude, we may draw the following conclusions:
• Feature extraction is effective and relatively simple.
• Feature evaluation by statistical means is working.
• Feature selection is sensible and usable.
• Extraction, evaluation and selection work well together.
Especially notable is how well the combination of feature

extraction and selection works. With careful selection, even
simple features may contribute significantly to recognition
results.

XI. FUTURE WORK
The feature extraction step can be expanded almost without

limits. It is certainly possible to apply more advanced sta-
tistical means to extract more complex features. However, it
should be kept in mind that the evaluation tends to suggest
that complex features are not generally exceptionally good.
Thus, the main effort will be put on the improvement of

the classificator. Usage of FFNNs has proved to be effective,
but other classifiers may perform even better. Classifiers with
and without intrinsic time model will be implemented and
evaluated, such as HMM, Bayesian Networks and SVM.
Extrinsic features will be incorporated in addition to the

mentioned features in sec. IX-B which has been added man-
ually for the described work. These have to be selected
carefully, as there also has to be a recognition module for each
of them. Obviously, special extrinsic features considerably
simplify recognition of the associated activities.

REFERENCES
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Abstract—Robot companions are intended for operation in
private homes with naive users. For this purpose, they need to be
endowed with natural interaction capabilities. Additionally, such
robots will need to be taught unknown objects that are present
in private homes. We present a multi-modal object attention
system that is able to identify objects referenced by the user
with gestures and verbal instructions. The proposed system can
detect known and unknown objects and stores newly acquired
object information in a scene model for later retrieval. This way,
the growing knowledge base of the robot companion improves
the interaction quality as the robot can more easily focus its
attention on objects it has been taught previously.
Index Terms—object attention, human-robot interaction,

robot companion

I. INTRODUCTION

Developing robot companions that support a natural in-
teraction with a human user is a challenging research topic.
The basic idea of a robot companion is that it is used as a
personal robot which a user shares his private home with.
Thus, the interaction interface has to match all requirements
for an easy usability, so that even naive users are able to
interact with the robot without an extensive training phase.
Furthermore, since robot companions are meant to be used
for several tasks (e.g., assistance, entertainment, fetch-and-
carry, etc.) it is essential that they are able to interact with
their environment autonomously. However, before being able
to act autonomously, a robot companion must learn about its
environment.
As robot companions are intended primarily for private

homes, a typical application focusing on the learning aspects
is the so-called home tour scenario. The core idea of this
scenario is that after the user has bought a new robot
companion in a store, he takes it to his home and shows
the robot all locations and objects that are relevant for later
use. As a basis for human-robot interaction, the robot has to
perceive potential communication partners in its vicinity and
focus its attention on them. However, the robot must not only
be able to detect potential communication partners, but also
objects and locations that an actual communication partner

∗This work has been partially supported by the European Union within
the ’Cognitive Robot Companion’ (COGNIRON) project (FP6-IST-002020)
and by the German Research Foundation within the Collaborative Research
Center ’Situated Artificial Communicators’ as well as the Graduate Program
’Task Oriented Communication’.

is referring to. In accordance to the transfer of knowledge
between humans this means that the robot must react on
the user’s actions, like, e.g., deictic gestures and verbal
utterances. From the cognitive perspective these different
modalities are combined in the capability of joint attention.
From the robotics perspective, joint attention describes the
process that enables a robot to look at the object which
the user is referring to. When the robot companion is able
to focus on the referenced object, learning new objects and
updating information about objects already learned becomes
a central capability necessary to perform autonomously later
on. Additionally, a robot companion has to have a specific
knowledge base in order to not only store, but also efficiently
access all information gathered during interaction.
In this paper we concentrate on the aspect of focusing

the robot’s attention on objects. Focusing of attention and
learning of objects has been demonstrated in static setups
(e.g., [1]), but performing this task on a mobile robot is even
more challenging. Our approach is realized by a methodology
that we call object attention system. Its task is to focus the
robot’s attention on objects that become of interest because
the user is referring to them using multiple modalities.
For focusing the robot’s attention on objects, it is necessary

to distinguish between known and unknown objects since it
cannot be assumed that every possible object in a private
home is known by the robot a priori. Especially learning
unknown objects is a difficult task because the corresponding
recognition methods are usually view-based and, therefore,
depend mostly on visual object features. In order to face
this challenge we place emphasis on the processing of multi-
modal input by incorporating gesture information and ver-
bally specified object properties to focus the robot’s attention
on the correct object. Additionally, in contrast to the above
mentioned joint attention, we do not only let the robot look
on the same object which the user refers to, but also collect all
information available about this object. Through storing the
multi-modal object properties in a knowledge base, a learned
object can be easier detected during later interactions.
The remainder of this paper is organized as follows:

In Section II we will discuss earlier work related to our
approach. Section III provides a brief overview of the robot
architecture used on our mobile robot platform BIRON.
Section IV explains the gesture recognition methodology we
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are following to detect user gestures. Details of the object
attention system integrating gesture recognition results are
described in Section V. Finally, we present exemplary results
obtained with our attention system in Section VI before the
paper ends with a summary.

II. RELATED WORK

An important aspect for a natural human-robot interaction
is the ability of a robot to focus its attention on the objects
referenced by the human. In human-human interaction, a
variety of cues are applied to focus on the same object. A
detailed discussion of this joint attention for use on robots
can be found in [2]. However, an additional problem for a
robot companion is the fact that the object of interest may
be difficult to detect and, therefore, additional cues need to
be incorporated in a technical system. An obvious source of
information are deictic gestures and verbal descriptions of
the object in question. Different systems are described in the
literature that apply such additional cues to detect the object
that is in the focus of the human-robot interaction.
The robot Leonardo [3] is capable of detecting the in-

teraction of a human with saliently colored buttons arranged
around the stationary robot. Leonardo recognizes deictic ges-
tures in combination with speech. Specifically, it is possible
to label buttons by giving verbal information as well as
to teach the robot how to use these buttons. The robot’s
environment is equipped with an additional camera that views
the scene from above to solve this task.
Another static setup for analyzing interactions between

objects and the user’s hand is described by Utsumi et al. [4].
Here, no previous knowledge about the objects is necessary
since an appearance-based approach is used for modeling
objects. However, in contrast to Leonardo’s setup with only
one camera mounted at the ceiling, this approach uses several
cameras to observe the scene.
An impressive system running on a mobile robot is pre-

sented by Ghidary et al. [5]. The robot is able to learn objects
by analyzing speech commands and hand postures of the
user. The user gives verbal information about the object’s size
and can describe the spatial relations between objects e.g. by
phrases like ‘left of my hand’. The rectangular views of the
objects learned are stored in a map representing the robot’s
environment and can be used for later interactions. Although
the interaction system is very limited and the resulting map is
rather coarse, this system can be compared to our approach
as it also builds up a long-term memory about objects in
the environment. However, we focus on a more detailed
representation of objects and their later recognition in order to
support natural human-robot interaction going beyond simple
navigational tasks.

III. OVERALL SYSTEM ARCHITECTURE

The approach outlined in this paper is developed and
implemented on our mobile robot BIRON [6]. As BIRON is

Execution
Supervisor

Understanding
Recognition &
Speech

Person Attention System Object Attention System

Gesture Detection

Dialog Control

Player/Stage Software

Scene ModelSequencer

Planner
Deliberative
Layer

Intermediate
Layer

Layer
Reactive

Hardware (Robot Basis, Camera, Microphones, etc.)

Ca
m
er
a
Im
ag
e

Sp
ee
ch
O
ut
pu
t

Cam
era

Im
age

Speech
Signal

So
un
d
Si
gn
al

Fig. 1. Overview of the BIRON architecture (optional modules currently
not implemented are drawn hatched).

intended to be used as a robot companion, it is equipped with
an architecture that on the one hand is capable of managing
the different modules processing various input modalities. On
the other hand it controls the hardware. To accomplish these
tasks, we developed a three-layer architecture [7], as it is
the most flexible way to organize a system which integrates
autonomous control and HRI capabilities (see. Fig. 1).
A central execution supervisor is responsible for control-

ling the communication between the modules in our architec-
ture. We use XML as data format and a specially developed
XML-based communication framework for implementing
different communication patterns. The combination of the
communication framework with our architectural methodol-
ogy results in the System Infrastructure for Robot Companion
Learning and Evolution (SIRCLE) [8]. Next, we briefly
describe the individual components of our architecture.
The dialog control component is part of the deliberative

layer. It manages dialogs and receives instructions from the
interaction partner via the automatic speech understanding
system which is located in the same layer. The dialog module
sends valid instructions to the execution supervisor which
is located in the intermediate layer and routes messages
between modules. The scene model is also located here and
is responsible for storing information about objects provided
by the object attention system. Note that the system can be
complemented by a path planner and a sequencer, but as we
focus on HRI these components are currently not integrated.
The object attention system located in the reactive layer is

described in Section V. It receives information about pointing
gestures from the gesture detection outlined in Section IV.
Furthermore, the person attention system [9] is located in the
reactive layer. It detects communication partners among per-
sons present in the vicinity of the robot. The robot’s hardware
is controlled by the Player/Stage software [10] providing an
interface to the robot’s sensors and actuators. This enables
us to easily replace the controller by a more complex one
which may also include, e.g., obstacle avoidance.
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IV. RECOGNITION OF POINTING GESTURES
A robot companion should enable users to engage in

an interaction as intuitive as possible. Deictic gestures are
an essential part of human-human communication, therefore
they are used for the presented human-machine interaction.
Such gestures are usually performed by humans to reference
an object in the vicinity of the hand.
One task in the presented scenario is to learn objects, so

object recognition results are not always available for each
object the human points at. For the motion based activity
recognition this results in two cases: (a) An unknown object
is referenced or (b) the human is pointing at an object previ-
ously known to the system. For the first case a probabilistic
approach is used to detect pointing gestures based on motion
of the hand represented by its trajectory. To cope in the
second case with pointing gestures to known objects, both,
the hand trajectory and symbolic data describing the objects
in the scene are used to detect a deictic gesture referencing
a specific object. This combination is necessary if several
objects are present in the scene as the direction of the moving
hand has to be considered.

object
recognition

skin color
segmentation

hand
tracking

deictic gesture
recognition

object data
optional symbolic pointing position,

direction and
object ID

data
trajectory

color video sequence

Fig. 2. Modules for the deictic gesture recognition.

The automatic detection of pointing gestures is based
on visual input using different modules shown in Fig. 2.
Information about the hand trajectory needed for the motion
analysis is obtained by applying a skin color segmentation
and tracking the resulting regions over time using a Kalman
filter with a constant acceleration model. This trajectory data
is used in the deictic gesture recognition module where the
symbolic data from object recognition is incorporated. The
results of this module are the hand position, its pointing
direction, and optionally the referenced object.
In the following the two cases for the recognition of

pointing gestures are explained in detail:

A. Pointing at previously unknown objects
In [11] Black and Jepson describe their extension of the

CONDENSATION algorithm by Isard and Blake [12] to
realize a Condensation-based Trajectory Recognition system
(CTR). We apply this method to analyze the motion of the
hands. This Particle Filtering algorithm compares several
models � i – each describing an activity – with the observed
trajectory data z of the hand using a sample set. The temporal
characteristics of a motion is included by using the data of
several previous time steps. The models � i are scaled in time

and amplitude. The quality of the match of such a scaled
model – the sample n with its parameter vector sn – and the
measurement z is expressed in a weight � (n)

t .
Recognition of activities is performed by calculating an

end probability pend(� i) for each model by summing the
weights � (n)

t of all samples with a matching position above
90% of the trajectory length. Recognizing a model is com-
plete, when the threshold for the end probability pend(� i) for
one model is reached.
The characteristics of pointing gestures are their velocity

∆r and change of direction ∆� of the hand. In contrast to
Black and Jepson’s work, we use this representation and not
the x and y velocities for the trajectory and the models � i. In
this way, we are able to abstract from the absolute direction
of the gesture.

B. Pointing at known objects
During a pointing gesture the referenced object can be

expected in a certain spatial area relative to the approaching
hand: The context area. The symbolic information of known
objects is integrated in the existing CTR process using this
spatial context. The approach is outlined below, for details
see [13].
In order to have a variable context area we extend the

vectors of the models � i by adding parameters describing this
area. It is defined as a circle segment with a search radius cr

and a direction range, limited by a start and end angle (cα, cβ)
relative to the direction of the hand tracked (see Fig. 3).

cr

search radius

cα

cβ

direction range

object

Fig. 3. Parameters for the definition of the context area.

In every time step the context area is checked for each
sample sn

t . If there is more than one object in the context area
of the sample at the current time index, one object is selected
at random. For adding this symbolic data to the samples of
the CTR algorithm we extend the sample vector sn by a
parameter IDt denoting a binding to a specific object: Once
the sample contains an object ID this will be propagated with
the sample.
Additionally, we extend the calculation of the sample

weights from [11] by a multiplicative context factor Psymb

representing how good the bound object fits the expected
spatial context of the model:

� ∗(i)
t ∝ p(zt|s

(i)
t ) Psymb(IDt|s

(i)
t ) (1)

The influence of the parameter Psymb on the recognition
results is described in detail in [13], here we use Psymb :=
1.0 if the expected object is present and a smaller value,
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e.g., Psymb := 0.6 if no object is bound. This leads to smaller
weights � ∗(i)

t of samples with a missing context so that these
samples are selected and propagated less often by the CTR
algorithm.
On recognition of an activity the parameter IDs in the

sample vectors are used for evaluating the object the human
pointed at. For each object Oj the sum pO

j of the weights of
all samples belonging to the recognized model � i that were
bound to this object are calculated. If the highest value is
larger than a defined percentage (TO := 30%) of the model’s
end probability pend(� i), the object Oj is selected as being
the object the human pointed at.
Hence, the benefit of the approach described is a robust

recognition of deictic gestures including the position in the
image and the pointing direction. The system is also able to
detect hands pointing at previously known objects.

V. OBJECT ATTENTION SYSTEM

The object attention system (OAS) is activated on demand
when the user is referring to an object or the robot has to
interact with an object autonomously. In order to retrieve vi-
sual information about objects, BIRON uses an active camera.
Additionally, a stereo camera is used to determine the object’s
position relatively to the robot as described in [14]. Normally,
camera lenses exhibit a limited field of view with regard to
their opening angle which might make it necessary to reorient
the camera to relevant parts of the current scene. In the
context of the home tour scenario outlined above the scene
area to which the user refers to is considered important. After
the robot has focused its attention on this region of interest
(ROI), the acquisition of object information, like position and
view, is completed. Next, the object data collected has to be
added to the robot’s knowledge base. Besides storing this
information, the knowledge base must also allow retrieving
stored object information and updating already stored data.
Furthermore, additional information given verbally by the
user is stored as well.
The coordination of verbal information, gestures, and

salient object features (e.g., color, shape, etc.) perceived by
the camera, as well as control of hardware components like
the camera and the robot basis inside the OAS (see Fig. 4) is
realized by a finite state machine (FSM). Input is provided
by the camera, the dialog module, the automatic speech
understanding component (ASU), and the gesture recognition
module.
Since it cannot be assumed that every object is known to

the robot a priori, a distinction between known and unknown
objects has to be made. To determine whether an object is
already known, the robot’s scene model is used. The scene
model is based on the concept of an active memory [15] and
provides the OAS not only with features about objects already
stored in it, but also with appropriate image patterns for the
object recognizer used. In addition, information that is given

<Object type = "cup">

<Gesture expected = "yes">

<Object color = "blue">
<Object owner = "Britta">

Dialog

Speech Understanding Gesture Recognition

<Pointing Direction = "132">
<Position x= "142" y = "223">

"This is Britta’s blue cup"

Focus

Object Attention System (OAS)

Detect gesture
Obj. found

Position
Pointing

FSM

Object
data ...

<Object id = "42">
<type = "cup">
<owner = "Britta">
<color = "blue">
<relation = under(id=23)>
<pos x=10 y=23 z=42>
<timestamp = "123456">

. . .

Scene Model

Fig. 4. Processing chain of the object attention system for given verbal
input information.

verbally by the user is stored as well. However, the scene
model for a robot companion must also provide additional
capabilities. Since the robot’s environment is continously
changing, the scene model has not only to be able to forget
obsolete information about objects (e.g., the position of a cup
three months ago), but also to update this kind of information
if required.
The OAS is activated if a phrase which contains the

description of an object like “This is Britta’s blue cup” is
addressed to the robot. At first, the FSM (see Fig. 5) is in
the idle state, called Object Alertness (ObjAlert). If the OAS
is provided with data by the dialog module (see Fig. 4), the
FSM changes to the Input Analysis (IA) state. Depending on
a lexical cue like, e.g., “this” or “that”, the ASU determines
that a gesture is expected. As a consequence, the gesture
recognition module is activated. This module supplies the
OAS with the user’s hand coordinates and the direction of
the corresponding pointing gesture. Thus, an area within the
camera image is selected as resulting ROI. In case the dialog
module sends the description of the object (e.g., type, color,
owner, etc.) to the OAS, an inquiry to the scene model is
initiated to check whether the object type that is sent by the
dialog component is already known or not. Next, we describe
the processing in case the object type is known to the robot
and afterwards if it is unknown.

A. Previously known objects

The search for a known object type involves an object
detection process. For this task we use an object recognizer
that is trained only for a few objects right now. It is based
on the fast Normalized Cross-Correlation (NCC) algorithm
described in [16]. Other approaches for recognizing objects
(e.g., [17], [18]) can be integrated in the system as well.
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Fig. 5. The finite state machine of the object attention system.

However, as we focus on the interactive object learning
and not on the issue of object recognition, a simple NCC
algorithm is sufficient.
After retrieving an appropriate image pattern for the known

object, the FSM switches from the IA state to the Object
Detection (ObjDet) state. Within the ObjDet state the OAS
uses the image patterns (e.g., for cups) in order to apply
them with the object recognizer. Additionally, the camera is
reoriented based on the hand coordinates and the pointing
direction that are provided by the gesture recognition module.
In addition to the reorientation of the camera, the position of
the hand is used to determine the relevant ROI. Now, the
object detection process is initiated and on finding an object
a confirmation message is sent to the dialog module and the
FSM switches to the Object Store (ObjStor) state. In this
state the position of the object obtained is stored in the scene
model. Finally, the FSM returns to the ObjAlert state and the
OAS awaits new orders.
If two or more objects of the same type are found during

the detection phase in the ObjDet state, the FSM switches to
the User callback (UCB) state. Next, a message is sent to the
dialog component to find out which specific object is meant
by the user. Consequently, this helps to resolve ambiguities.

After the dialog module receives a more detailed description,
like “The left one.”, the FSM switches to the Object Analysis
(ObjAna) state. In this state a new ROI is determined based
on the information from the gesture detection and the lexical
cue “left”. Now the FSM returns to the ObjDet state and
initiates a new search. This cycle is performed until the object
is found, or the user aborts the action within the UCB state.
If no object is found in the ObjDet state, the FSM switches
to the Visual Attention (VisAtt) state, that is also used for the
localization of unknown objects.

B. Unknown objects
If no object detection is available the OAS uses different

filters in the following called attention maps that are similar
to the attention maps described in [19]. The use of these
filters is coordinated within the VisAtt state. They bring out
salient image features like distinctive colors. The appropriate
attention map is selected based on the additional verbal
information (e.g., the color “blue”) given by the user. If the
referenced object has several colors, we use the GrabCut
algorithm [20] to extract a segmented view of the object.
Since the gesture recognition also provides the direction of a
pointing gesture, a bounding box in front of the hand position
is set around the image area that contains the color which is
supported by the attention map. Finally, a view of the blue
cup is extracted from the scene.
If the verbal information given by the user is insufficient

to determine a ROI, the FSM changes to the UCB state. In
the UCB state the OAS sends a request to the dialog module
in order to get more information about the object which the
user refers to. The UCB state is also reached if more than
one ROI is found. Then, the OAS asks the dialog component
to resolve this ambiguity. When the dialog component has
sent a response to the OAS, the FSM returns to the VisAtt
state. As soon as the OAS has determined the ROI, the FSM
switches to the ObjAna state to acquire the position of the
object based on the hand position of the user. Next, the FSM
switches to the ObjStor state, to store the extracted view and
the position of the object in the scene model. Then, the FSM
returns to the object alertness state to await new orders.

VI. RESULTS
In our experiment BIRON was placed in front of a table

with some objects on it (see Fig. 6(a)). As one example the
robot was instructed with the phrase “This is Britta’s blue
cup”. Referring to the image there are two blue cups in the
scene, so an ambiguity exists. In order to extract all possible
ROIs, an attention map that highlights the color ‘blue’
corresponding to the verbal input is selected. Consequently,
two possible ROIs are extracted in the color-filtered image as
shown in Fig. 6(b). This ambiguity is resolved by evaluating
the user’s gesture as depicted in Fig. 6(c). The line above
the users arm in the image denotes the hand’s trajectory
and the circle segment marks the search area depending
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(a) Ambiguous situation with
two similar objects

(b) Color-based filtering ex-
tracts blue ROIs.

(c) Visualization of gesture in-
formation.

(d) Object-view obtained by
using ROI and gesture data.

Fig. 6. Resolving ambiguities by color and gesture evaluation.

on the pointing direction. As the cup is not a previously
known object, the pointing gesture of the hand is detected
without an object in its search area. But, based on this
‘approach’ movement of the user, an object is expected in
the movement direction of the hand. This enables the system
to set a bounding box surrounding the blue-colored region in
the search area, resulting in a view of the blue cup to which
the user refers to (see Fig. 6(d)). In this way a new object
view is learned and can be used for the template-based NCC
object recognition algorithm from now on.

VII. SUMMARY

In this paper we presented a detailed description of the
multi-modal object attention system used on our robot
companion BIRON. Through incorporating gestures and
verbally specified object properties, the robot can detect
known and unknown objects. Newly acquired object
information is stored in a scene model for later retrieval.
This growing knowledge base improves the interaction
quality as the robot can more easily focus its attention on
objects it has been taught previously. The ability to learn
about an unknown environment allows the robot to be used
as a companion in private homes.
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ABSTRACT
In research on human-robot interaction the interest is cur-
rently shifting from uni-modal dialog systems to multi-modal
interaction schemes. We present a system for human-style
interaction with a robot that is integrated on our mobile
robot BIRON. To model the dialog we adopt an extended
grounding concept with a mechanism to handle multi-modal
in- and output where object references are resolved by the in-
teraction with an object attention system (OAS). The OAS
integrates multiple input from, e.g., the object and gesture
recognition systems and provides the information for a com-
mon representation. This representation can be accessed by
both modules and combines symbolic verbal attributes with
sensor-based features. We argue that such a representation
is necessary to achieve a robust and efficient information
processing.

Categories and Subject Descriptors
H.5.2 [Information Interfaces and Presentation]: User
Intefaces—Natural language; I.4.8 [Image Processing and
Computer Vision]: Scene Analysis—Tracking, Object recog-
nition; H.2.5 [Heterogeneous Databases]: Heterogeneous
Databases

General Terms
Management

1. INTRODUCTION
Multi-modality is one of the most important features that

characterize human-human social interaction. Based on this
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Foundation within the Collaborative Research Center ’Sit-
uated Artificial Communicators’ as well as the Graduate
Program ’Task Oriented Communication’.
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personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. To copy otherwise, to
republish, to post on servers or to redistribute to lists, requires prior specific
permission and/or a fee.
ICMI’05, October 4–6, 2005, Trento, Italy.
Copyright 2005 ACM 1-59593-028-0/05/0010 ...$5.00.

observation, designers of computer systems have been try-
ing to integrate multi-modal input and output mechanisms
in human-machine interactions to enable more intuitive op-
erations for human users. Given the huge amount of existing
multi-modal systems with quite different notions of multi-
modality we first want to discuss two important aspects of
modality intuitiveness to clarify our position. In general it
is assumed that the degree of intuitiveness of a modality
will determine the smoothness and efficiency of the inter-
action it facilitates. Thus, the question is what modalities
are the most intuitive for users? We argue that the an-
swer is of evolutionary nature and is application-dependent.
For example, the mouse has become the major modality in
human-computer interaction for many users. For these users
the mouse is probably one of the most intuitive ways to op-
erate a computer although it has little to do with the natural
communication channels they use in human-human commu-
nication such as speech. In contrast, many other users pre-
fer to write commands directly. We can imagine that future
generations will find other modalities more intuitive than
a mouse. The feeling of intuitiveness in computer opera-
tion is thus continuously changing. Even the same people
may judge the intuitiveness of one modality differently when
operating different computer systems. For example, people
tend to anthropomorphize mobile robots when interacting
with them. We argue that this is even more the case for
application areas where a robot is supposed to assist and
accompany humans in a social environment such as private
households. Our envisioned robot is supposed to “live” in
a private household. Our long term goal, therefore, is to
endow it with social capabilities so that it can become some
sort of “companion”. This means that we do not envision
it to serve humans in a master-slave manner as people tend
to suppose. Rather, a robot companion should cooperate
with humans to achieve certain goals. One basic function of
such a Robot Companion is to be able to learn interactively
about its environment. We therefore devised the home-tour
scenario within our project where a human user is supposed
to show his/her home to a newly purchased robot.

Based on our goal to design a robot that can be accepted
by the user as a companion we argue that the interaction
with such machines should be in a human style. We define
the term human style modalities as multi-modal communica-
tion channels that humans are biologically equipped for and
(learn to) use from their birth. Typical examples are speech
and gestures. These modalities differ from other modali-
ties like mouse and keyboard in that they are learned nat-
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urally and without the use of artificial devices. In contrast,
we define artificial modalities that are commonly used for
human-computer interaction as virtual modalities because
their effect is a virtual one which is only observable by hu-
mans via an artificial interface (e.g., the computer display).
Thus, since people tend to anthropomorphize robots by ex-
pecting human-like abilities and attributes we conclude that
robots should be endowed with human-style modalities for
interaction.

A further aspect concerns the knowledge representation.
Consider our home-tour scenario where the interaction will
involve a high degree of deictic activity as the user will
point to diverse objects in the environment. Thus, when
the user points to his/her computer and explains “This is
my computer”, the robot should be able to recognize the
user’s gesture, find the computer and associate the sym-
bolic name “computer” with a visual representation. This
knowledge should be stored in a multi-modal way in order
to be retrievable from different modules for further interac-
tions. Psychological theories of knowledge representation in
humans suggest that the symbolic name of an object is asso-
ciated with its sensory features like its image or haptic char-
acteristics (e.g. [3]). When activating the name of an object
other features of the object are also activated. This indi-
cates that the cognitive representation of objects in humans
is multi-modal and therfore allows for multi-modal process-
ing of information. In order for a robot to cooperate with
a human, it should therefore be able to also process multi-
modal information to build a representation similar to that
of its human communication partner to support a better mu-
tual understanding. We therefore developed a multi-modal
representation scheme.

To summarize our position shortly: The intuitiveness of
modalities needed for operation of computers and machines
has an evolutionary aspect and depends on the individual
applications. In our Robot Companion domain we are inter-
ested in human-style multi-modality that should be consid-
ered for both, communication channels and the representa-
tion of knowledge. Its impact is of functional and technical
nature.

In this paper we will first present the multi-modal pro-
cessing strategies of the Dialog System (section 4) and the
Object Attention System (section 5) followed by a detailed
description of our multi-modal representation scheme in sec-
tion 6. Results in the form of a dialog example will be given
in section 7.

2. RELATEDWORK
While there is an increasing interest in multi-modal inter-

faces there is only a very limited number of applications that
use human-style modalities based on an integrated multi-
modal knowledge representation.

That multi-modal cues are beneficial for increasing the
robustness in human-robot interaction has been shown for
example in [13] where communication errors are detected by
using not only speech recognition scores but also by includ-
ing laser data to infer the presence or absence of communica-
tion partners and noise sources. Repair actions also involve
the use of multiple modalities by either driving around to ac-
tively search for a communication partner or by offering but-
tons as alternative communication channels in noisy environ-
ments. More human-style interactions have been suggested
in [1] by modeling a naturalness support behavior. This be-

havior includes verbal strategies by inserting filler phrases,
as well as non-verbal reactions such as nodding or head
turning as reactions to environmental noise. The authors
report positive reactions by the users but extensive evalua-
tions still remain to be done. The benefits of using multi-
modalities in a learning scenario have been demonstrated in
several applications. For example, the robot Leonardo [2]
can learn the names of buttons when a human communi-
cation partner points them out by verbal and deictic in-
structions. Leonardo also learns specific interactions with
these buttons by demonstration. However, while the inter-
active capabilities of Leonardo are quite realistic the under-
lying representations are simple and no new objects can be
learned. An impressive system running on a mobile robot is
presented by Ghidary et al. [6]. The robot is able to learn
objects by analyzing speech commands and hand postures
of the user. The user gives verbal information about the
object’s size and can describe the spatial relations between
objects, e.g., by phrases like ‘left of my hand’. The rect-
angular views of the learned objects are stored in a map
representing the robot’s environment and can be used for
later interactions. Although the interaction system is very
limited and the resulting map is rather coarse, this system
can be compared to our approach as it also builds up a long-
term memory about objects in the environment. However,
we focus on a more detailed representation of objects and
their later recognition in order to support natural human-
robot interaction going beyond simple navigational tasks.

In general there is a tendency to either focus on building
a robust representation while neglecting interaction smooth-
ness or vice versa. We argue that in order to build a robot
that is able to be perceived as a companion it needs both, a
more natural interaction based on an integrated multi-modal
representation.

3. OVERALL SYSTEM
The scene acquisition system described in this paper is

being implemented on our mobile robot BIRON. BIRON’s
hardware platform is a Pioneer PeopleBot from ActivMe-
dia with a pan-tilt camera for face tracking and object and
gesture recognition, stereo microphones for speaker localiza-
tion and speech recognition, and a SICK laser range finder
for locating legs of potential communication partners. The
overall architecture [10] of BIRON is based on a hybrid con-
trol mechanism and has three layers: a reactive, an inter-
mediate and a deliberative layer (see Fig. 1). Modules that
are responsible for reactive feedback of the system are set
on the reactive layer: the Person Attention System detects
potential communication partners and the OAS detects ob-
jects that users refer to. Since these are purely data-driven
processes they belong to the reactive layer. Modules re-
sponsible for higher-level processing that involve top-down,
expectation-driven strategies such as a planner or the Dia-
log System, are located on the deliberative layer. The Scene
Model, which contains a multi-modal representation of the
objects that the system has observed and can be seen as an
intermediator between the Dialog System and the OAS, is
consequently located on the intermediate layer. The com-
munication between modules is carried out via XCF (XML
Enabled Communication Framework). The system is cen-
trally controlled by the so-called Execution Supervisor on
the intermediate layer. It coordinates the module opera-
tions and makes sure that neither the reactive layer mod-
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Figure 1: Overview of the BIRON architecture
(optional modules currently not implemented are
drawn in grey).

ules control the deliberative layer modules nor vice versa.
Instead, it exerts control by taking into account the overall
system state. This architecture allows for both fast reaction
to dynamic environmental changes and extensive high-level
planning and reasoning activities.

Since we focus on the interaction capabilities of BIRON,
we do currently not integrate a planner and a sequencer.
The Person Attention System establishes the basis for the
interaction with users but is not involved in the process of
resolving object references. In the following we therefore
only describe the interfacing between the Dialog System,
the OAS and the Scene Model.

4. THE DIALOG SYSTEM
The dialog system of BIRON is responsible for carrying

out interactions with the user including handling miscom-
munications [16], guiding the discourse, and transferring
user utterances to internal command for the robot control
system to execute tasks. A dialog is made up of contribu-
tions from the dialog partners. Two central questions of
dialog modeling are therefore (1) how to represent individ-
ual contributions represented and (2) how to represent the
dynamic change of the dialog state represented which is trig-
gered by individual contributions successively. In subsection
4.1 and 4.2 we are going to present our answers to these two
questions. In section 4.3 we focus on the mechanism that
the implemented dialog model provides for the integration
of speech and visual input. A more detailed account on this
integration will be given in section 5.

4.1 The structure of a contribution
Conversants contribute to a dialog in a multi-modal way.

McNeill [12] investigated the relationship between speech
and simultaneous conversational gesture and claims that the
production of them are motivated by one single semantic
source, the so-called “idea unit”. Inspired by this finding,
we represent the conversants’ contribution as the so-called
“interaction unit” that includes two important stages of the
language production process. The structure of the interac-
tion unit is illustrated in Fig. 2. An interaction unit has
two layers: a domain layer and a conversation layer. The
domain layer mirrors the cognitive activities of a dialog par-
ticipant that motivate language production: If the inter-
action unit represents an utterance to be produced by the

21
non−verbal unit

4

(empty)

verbal unit non−verbal unit
5

3
connecting to robot control system

Facial expression generatorOAS

− Conversation Layer − − Conversation Layer −

− Domain Layer −

Initiated by the user

− Domain Layer −

Initiated by the robot

verbal unit

Figure 2: Processing flow in interaction units

robot itself the domain layer is where the Dialog System
accesses the robot’s control system or knowledge base. If
the interaction unit represents an utterance of the user the
domain layer remains empty because we do not make any
assumptions about the user’s cognitive activities behind the
language front. In future work this may be replaced by a
user model. The conversation layer transforms the intention
that is created based on the results of these cognitive activ-
ities to language. For example, based on a successful follow
behavior of the robot that is reported to the domain layer
by the robot control system, the conversation layer formu-
lates and synthesizes a message such as “OK, I follow you”.
The conversation layer consists of two units: a verbal and
a non-verbal unit. Based on the intention that results from
the domain layer they are responsible for generating output
in verbal and non-verbal way, respectively.

The precondition of language production is successful lan-
guage perception. Before reacting, i.e., before creating his/her
own interaction unit to produce a contribution, a conversant
first needs to understand the semantic meaning of his/her di-
alog partner’s contribution by studying the verbal and non-
verbal unit on the conversation layer of the dialog partner’s
interaction unit. Therefore the processing in the interaction
unit should start from this language perception phase. Fig-
ure 2 illustrates how the robot processes user contributions.
In our system, the user’s verbal information as delivered by
the Speech Understanding System initiates the creation of
a user interaction unit (➊). In case that the user’s intention
can not be fully recognized by the verbal unit, the system
will consult the visual perceptual module via OAS in the
non-verbal unit (➋) and fuse these multi-modal information
on the user conversation layer of the interaction unit. Once
the user intention is fully recognized, the system creates an
interaction unit for itself and tries to provide acceptance:
the system first formulates and sends commands to the robot
control system or the knowledge base on the domain layer
(➌) and then generates verbal and non-verbal output on
the conversation layer (➍, ➎) after receiving the execution
results. Currently, we have implemented the visualization
of facial expressions as the only non-verbal output. Thus,
the integration of speech and visual information is mainly
performed on the conversation layer of the interaction unit.

In the whole language perception and production process
problems may occur, e.g., the semantic meaning of the user
interaction unit cannot be resolved or the desired task can-
not be executed by the robot system. These problems can-
not be handled in a single interaction unit, new interaction
units are necessary. Now the question arises as to how to
organize the individual interaction units.
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4.2 The grounding mechanism
The interaction units have to be organized in a dynamic

way since every new contribution that is added to the dia-
log changes the dialog state. Our dialog model is inspired
by the common ground theory of Clark [5]. According to
this theory a dialog is carried out in the way that one par-
ticipant presents an account (presentation) and the other
issues the evidence of understanding of the account (accep-
tance). The grounding process is complete and both dialog
participants can go on with a new account only if the ac-
ceptance is available. Dialog systems that implement this
psychological model ([15], [4]) differ in their way of defin-
ing grounding units (the units of the discourse where the
grounding takes place) and the organization of these units.
We take exchanges in the style of adjacency pairs [14] as the
grounding units. These exchanges consist of two interaction
units that are initiated by the two dialog partners, respec-
tively. The first interaction unit is the presentation and the
second one is the acceptance, e.g., the first interaction unit
represents a question and the second one the answer. To or-
ganize them we introduce four grounding relations between
exchanges: (1) default : introducing a new task. A grounded
default exchange has no further effect on the grounding of its
preceding exchange. (2) support : clarifying in case of an un-
groundable account. After a support exchange is grounded
its initiator will try to ground the preceding one again that
is updated with the new information. For example, clari-
fication question in case of an incorrect speech recognition
result. (3) correct : correct the previous account. As sup-
port, if such an exchange is grounded the initiator will try to
ground the updated preceding one again. (4) delete: delete
the previous account. If such an exchange is grounded, all
the previous ungrounded exchanges can be deleted.

Each contribution is analyzed in terms of whether it is a
presentation or an acceptance. If it is a presentation, then
we also need to find out its grounding relation to the pre-
ceding exchanges. A presentation initiates the creation of
an exchange that is put onto the top of a stack while an
acceptance completes the top exchange of the stack. When
the top exchange is complete it is popped. Additionally, ac-
tions like updating the preceding exchange can be triggered
according to these relations. As long as there is an incom-
plete exchange on the top of the stack, the conversant other
than the initiator of the exchange’s presentation will try to
ground it. The implemented dialog system enables us to
handle clarification questions (as an exchange with support
relation to its preceding exchange) and take initiative that
is motivated by the robot control system. For example, in
case of technical problems of the robot control system the
implemented dialog system initiates an interaction unit to
report this problem to the user. It does this by encoding the
error message into its domain layer and generating output
to the user on the conversation layer.

4.3 Resolving object references
In the following we detail how the Dialog System and

the OAS cooperate to resolve object references in the user’s
utterances.

According to [9] there are three types of informational
relations between gesture and speech: reinforcement, dis-
ambiguation and adding information. In our work, we fo-
cus on the “adding information” relation. When people use
gestures to complete the meaning of their utterances they

mostly indicate this intention in the utterance. For exam-
ple, if a user says “This is my green mug” while pointing at
a mug, the word “this” serves as a cue for the listener that
he/she is using a gesture to specify the concrete location of
the mug. But in case of the subsequent utterance “The mug
is my favorite one” the listener usually does not expect a
gesture but will search mentally in the dialog history which
cup might be meant. According to these two different cases
the Dialog System activates either the OAS or the Scene
Model to resolve the object reference. This process can be
illustrated as a UML activity diagram (see Fig. 3).

successful?successful?

report success report failure
to DLG to DLG

consult OAS

yes no

successful?

report success report failure
to DLG to DLG

create user verbal unit

Cue of gesture present?
yes no

consult Scene Model

yes no

report success
to DLG consult OAS

yes no

Figure 3: Resolving object references in user’s ver-
bal input (OAS: Object Attention System, DLG: Di-
alog System)

If there are any cues of the involvement of a gesture in
the user’s verbal input, e.g., the word “this” in the example
above, this will be explicitely pointed out by the Speech Un-
derstanding System. The Dialog System interprets this hint
as evidence that the user’s verbal unit needs to consult the
non-verbal unit. In the non-verbal unit the Dialog System
activates the OAS by sending it the request to resolve the
object reference “my green mug”. The OAS activates the
gesture recognition module. A successful gesture recognition
result helps the OAS to orient the camera towards the posi-
tion of the user’s hand which enables the OAS to confine the
Region Of Interest for its search of a green mug. This search
is carried out, as the case may be, either by an appearance-
based object recognizer or with the help of salient object
features as described in section 5. Subsequently, the OAS
sends the search result back to the Dialog System. In case of
a positive result the OAS also updates the Scene Model with
both symbolic and visual information about the new object
“green mug”. According to this result the Dialog System
creates a system interaction unit (cf. Fig. 2) to provide ac-
ceptance for the user’s input by either acknowledging or by
initiating verbal repair.

If there is no evidence of the involvement of a gesture in
the user’s verbal input but only some objects to be identified
(such as the “mug” in the example “The mug is my favorite
one”) the Dialog System will first try to find a corresponding
entry in the Scene Model. The query is constructed with
all the features of the object present in the current verbal
input; in this case, the owner of the cup and his/her relation
to this object (favorite). If the object can be found in the
Scene Model the Dialog System finishes its processing on the
conversation layer of the user interaction unit and creates an
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acceptance to the user’s input; if this object is not registered
in the Scene Model, the Dialog System activates the OAS
to find it in the current scene. This process is described in
detail in the following section.

5. OBJECT ATTENTION SYSTEM
In order for a system to be able to acquire knowledge

about objects in its environment it needs a mechanism to
focus its attention on those objects that the user is currently
talking about. In our context we define attention as the abil-
ity to select and concentrate on a specific stimulus out of all
stimuli that are provided by the environment while suppress-
ing others. The Object Attention System (OAS) therefore
needs to coordinate the visual processing results (which cur-
rently consist of deictic gestures, object recognition results,
and visual object features) and making them accessible for
the Dialog System by storing them in the multi-modal Scene
Model.

The OAS is activated when the user is verbally referring
to an object and the Speech Understanding System has de-
termined that either a gesture is expected or that the robot
has to interact with an object autonomously. In order to ac-
quire visual information about objects, BIRON uses an ac-
tive camera with a maximal opening angle of view of about
50 degrees horizontal and 38 degrees vertical which facili-
tates only a limited field of view. It can therefore be neces-
sary to re-orient the camera to relevant parts of the current
scene which the user refers to. Once the robot has focused
its attention on such a so-called Region Of Interest, the ac-
quisition of information about this object, like position or
view, can be completed. The Region Of Interest is that part
of the image that has been specified by a gesture and con-
tains the distinctive feature verbally specified by the user.
Our assumption is that it contains an image of the object if
the object is known to the robot. If it is unknown the Re-
gion Of Interest encloses the verbally specified visual feature
(e.g. the “round thing” or a color).

The collected object data then has to be added to the
robot’s knowledge base which must allow retrieving stored
object information and updating already stored data. Also,
additional information given verbally by the user has to
be stored. As this knowledge base, subsequently named as
Scene Model, is crucial for the interaction between the Di-
alog System and the OAS because it represents BIRON’s
long-term memory, it is described in detail in section 6.

In addition to the maintenance of the Scene Model for
memorizing tasks, the OAS needs to take care of the coor-
dination of verbal information, gestures, and salient object
features (e.g., color, shape, etc.) perceived by the camera,
as well as the control of the hardware components like the
camera during the object attention phases. This is realized
by a Finite State Machine (see Fig. 5) where the input is
mainly provided by the camera, the Dialog System (cf. sec-
tion 4), the Speech Understanding System, and the gesture
recognition component [7].

A crucial distinction that has to be made during the pro-
cessing of multi-modal information is that between objects
that are already known to the robot and those that are not
(see Fig. 4). This is because in the latter case the OAS will
have to establish (or ‘learn’) a first link between the ver-
bal symbols describing the object and the percepts while in
the former case the object needs to be retrieved from the
database.

VisAtt
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UCBObjDet

ObjAna

SelObj

AmbigObj
Area
Fnd

<ObjDesc>
<ObjDesc>

<ObjList>

ObjNotExtr
<ObjData>
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<ObjData>
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Abort
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<None>

<ObjData><ObjData>

<None>

UnknownObj
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Stored
<None>

KnownObj
<ObjData><None>

Abort

Figure 5: The Finite State Machine of the Object
Attention System.

In both cases the OAS is activated on demand by the
Dialog System if a gesture is expected or an access to the
Scene Model by the Dialog System has failed afore. At this
moment, the Finite State Machine (see Fig. 5) will be in
the idle state Object Alertness (ObjAlert). Once the OAS is
provided with data by the Dialog System, the Finite State
Machine changes to the Input Analysis (IA) state. Now, the
gesture recognition component is activated and provides the
OAS with the user’s hand coordinates and the direction of
the corresponding pointing gesture. Thus, an area within
the camera image is selected as the Region Of Interest. In
case the Dialog System sends a description of the object
(e.g., type, color, owner, etc.) to the OAS, a query to the
Scene Model is initiated in order to check whether the object
type is already known. In the following, we will describe in
detail the processing for the case when the object type is
known to the robot. The more complex process for the case
of unknown objects will be exemplified subsequently.

5.1 Previously known objects
Suppose the user specifies an object type that the system

has already stored in its Scene Model. In this case the Scene
Model will return all object entries that match the symbolic
description of the specified object. In order to verify if one
of the returned objects is indeed the object the user refers
to, the OAS will need to search for the object in the real
scene and compare it with the stored image pattern. This
search involves an object detection process for which we are
currently using a simple appearance-based object recognizer
that is only suitable for a very limited object scenario. It is
based on the fast Normalized Cross-Correlation (NCC) algo-
rithm described in [11] which is a simple but fast algorithm
that is sufficient for our task at hand. However, in order
for the system to work reliably in a more unstructured en-
vironment, as for example a real home-tour scenario a more
sophisticated object recognizer will be needed.

After all appropriate image patterns have been retrieved
for the known object type, the Finite State Machine switches
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Figure 4: Schematic description of distinction between known and unknown objects

from the Input Analysis state to the Object Detection (Ob-
jDet) state. Within the Object Detection state the OAS
uses the retrieved image patterns (e.g., for cups) in order
to feed them to the object recognizer. At the same time
the camera is re-oriented based on the hand coordinates
and the pointing direction that are provided by the ges-
ture recognition component. Also, the position of the hand
is used to determine the relevant Region Of Interest. Based
on this information, the object detection process is initiated
by scanning the Region Of Interest for patterns similar to
those provided by the database. If an object is found by
this procedure a confirmation message is sent to the Dia-
log System (cf. Fig. 4 (➊)) and the Finite State Machine
switches to the Object Store (ObjStor) state. In this state
the position of the object in the scene is updated in the
Scene Model. Finally, the Finite State Machine returns to
the Object Alertness state and the OAS awaits new orders.

If two or more objects of the same type are found in the
real scene during the detection phase (cf. Fig. 4 (➋)) in
the Object Detection state, the Finite State Machine will
switch to the User callback (UCB) state. This means, that
a message is sent to the Dialog System to clarify which of
the found objects was meant by the user. After the Dialog
System has provided a more detailed description, the Finite
State Machine switches to the Object Analysis (ObjAna)
state. In this state a new Region Of Interest is determined
based on the information from the gesture detection and the
extended verbal information. Now the Finite State Machine
returns to the Object Detection state and initiates a new
search. This cycle is performed until the object is found, or
the user aborts the action within the User callback state but
at most two times. Then, the Finite State Machine switches
to the Visual Attention (VisAtt) state (cf. Fig. 4 (➌)). If no
object is found in the Object Detection state (cf. Fig. 4 (➍))
this means that the user is referring to an unknown object
which is supposedly similar to the description of objects pre-
viously retrieved from the Scene Model. However, since the

object is unknown the Finite State Machine switches to the
Visual Attention state, that is also used for the localization
of unknown objects if two reiterations have been reached (cf.
Fig. 4 (➌)).

5.2 Unknown objects
If no object detection is possible because no object en-

try matching the user’s specification has been found in the
Scene Model the OAS will search for salient features in the
camera image such as colors or shapes by applying different
filters that detect salient visual object features as specified
by the user. We call these filters attention maps follow-
ing the terminology of [8] where a similar technique is used.
The use of these attention maps is coordinated within the
Visual Attention state and can help to select Regions Of In-
terest. The appropriate attention map is selected based on
the verbal information (e.g., the color) given by the user (cf.
Fig. 4 (➎)).

Once a region matching the search criteria (i.e., color) is
found within the Region of Interest by the attention map
it is selected within a bounding box (cf. Fig. 4 (➏)). This
bounding box is supposed to contain a view of the retrieved
object (e.g., a blue cup) and is stored in the Scene Model
(cf. Fig. 4 (➊)). Additionally, a confirmation message is sent
to the Dialog System.

If the verbal information given by the user is insufficient to
determine a Region Of Interest, that is if no visual descrip-
tions are given that can be found by the attention map, (cf.
Fig. 4 (➐)), the Finite State Machine changes to the User
callback state. In the User callback state the OAS sends
a request to the Dialog System in order to get more infor-
mation (e.g., shape, position, ...) about the object which
the user refers to. When the user has given a more spe-
cific description which is sent by the Dialog System to the
OAS, the Finite State Machine returns to the Visual Atten-
tion state (cf. Fig. 4 (➑)). The User callback state is also
reached if more than one Region Of Interest is found (cf.
Fig. 4 (➋)). Then, the OAS asks the Dialog System to re-

COGNIRON FP6-IST-002020                                Appendix

Appendix page 99 of 101



solve this ambiguity. As soon as the OAS has determined
the Region Of Interest, the Finite State Machine switches
to the Object Analysis state to acquire the position of the
object by means of the hand position of the user. Next, the
Finite State Machine switches to the Object Store state and
stores the extracted view and the position of the object in
the Scene Model (cf. Fig. 4 (➊)). Then, the Finite State
Machine returns to the Object Alertness state to await new
orders.

If no Region of Interest is found during the search for vi-
sual object features, the Finite State Machine switches to
the User Callback state and returns a negative response to
the Dialog System. In parallel, the OAS asks the Dialog Sys-
tem for a more detailed object description and re-initiates a
second search on the image (cf. Fig. 4 (➒)). If for a second
time no Region Of Interest is found, the OAS sends a mes-
sage to the Dialog System, that the search for the referenced
object was not successful and returns into its idle state to
await new orders from the Dialog System.

6. REPRESENTATION
Information acquired by the Dialog System and the OAS

in the ongoing interaction with a user must be stored in an
appropriate way. Because the same information from differ-
ent modalities require different ways of representation the
management of such a multi-modal database is a non-trivial
task. Our approach to such a database, that we call Scene
Model, is based on the concept of an active memory [17]
since it uses intrinsic processes which allow not only a sim-
ple access to the data but also provides intelligent main-
tenance functionalities. One of the intrinsic processes for
example enables the autonomous removal of obsolete in-
formation about objects (e.g., the position of a cup three
months ago). This forget mechanism is quite essential for
our application since the robot’s environment is continously
changing.

Within our work we have extended the functionality of
the active memory in order to be able to handle the dif-
ferent modalities by storing the same data in different for-
mats. This information that might seem to be redundant at
first glance is necessary because the Scene Model is used as
BIRON’s long-term memory and both Dialog System and
OAS access the data stored in it. For example, consider the
color of an object: the Dialog System may store its value in
form of a character string, e.g.,“blue”; but after finding it in
the current scene the OAS may need to store its color value
based on the Hue Saturation Intensity (HSI) color model.
The same holds true for the position of an object, which the
Dialog System would store symbolically as “on the table”
while the OAS would store its coordinates. The coordinates
describing the position of an object are obviously quite use-
less for the Dialog System when the user asks “where is my
blue cup?”. On the other hand, the OAS would not be able
to handle the value “blue” when it has to find a blue cup in
the camera image.

Consequently, the Scene Model needs to include a compo-
nent that is able to convert the format of data, the so-called
Modality Converter. The Modality Converter is a simple yet
powerful mechanism that is not only able to convert single
object features like the color. It can also search the data base
and will return whole object entries matching given descrip-
tions. This may be necessary for example when the OAS
fails to detect an object by matching all memorized views

against the current camera image and the object’s color is
not yet known to the OAS. Then, in order to extend the
search for visual object features, the OAS sends a request
for the object’s color to the Dialog System. Subsequently,
a search for the newly given color can be performed, after
an appropriate conversion of the Dialog System’s response
is received by the OAS.

For the conversion process the Modality Converter uses
a lookup table (cf. Table 1) that contains for every stored
predicate name (e.g., color, relation, ...) two attribute fields,
in particular a symbolic description as well as a visual feature
description. Since the HSI values might vary for a distinctive
verbally named color, the corresponding value field can con-
tain specific values as well as ranges of values. Depending by
which module a query is sent the Scene Model returns auto-
matically the adequate description if available. For instance,
if the query origins from the Dialog System the Converter
will automatically return the attribute “Symbolic”.

Predicate name Symbolic Visual
Color red 330..20,0..1.0,0..1.0

0.0,1.0,1.0
Color green 135,1.0,0.7
Relation O1 under O2 O1.y < O2.y

Table 1: Lookup table of the Modality Converter

Note that this converter is a very powerful tool since it
does not only convert pre-defined symbol-value pairs but it
is also able to learn new associations. In sum, three dif-
ferent responses to queries are possible. ➀ The converter
finds an entry where all data fields match the attributes of
the specified object. In this case, it will return the value
suitable for the inquiring component. ➁ The converter finds
no valid entry because there is no correspondence of the en-
try in the other modality as for example for the symbolic
name “transparent” which does not have an HSI equivalent.
➂ The converter finds no valid entry because it is not yet
complete. This usually occurs when after a search for visual
object features a new HSI value is stored in the Scene Model
for which no symbolic name is yet known. Then, the Dialog
System will ask the user for the color name of the Region
Of Interest.

7. RESULTS
In order to illustrate our results we present a dialog exam-

ple where the resolution of object references is involved. In
this example, the user asks the robot to pay attention to a
mug. Fig. 6 illustrates the dialog flow, the operations of the
modules underlying the robot output and the content of the
Scene Model in the first, second and third column respec-
tively. We assume that the robot has already recognized the
user as Thomas.

In the utterance U1 the word “this” indicates a possible
accompanying gesture which can help to specify its mean-
ing. The Dialog System therefore sends a request to the
OAS to search for the object mug (➊). Upon this request
the OAS will first query the Scene Model for an object of
the type mug in order to provide a template to the object
recognizer (➋). In our example, no such object is stored in
the Scene Model (➌). The OAS now switches to its sec-
ond searching strategy: search with salient features of the
object in the current scene. But since neither salient fea-
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Figure 6: A dialog example (U: User; R: Robot;
DLG: the Dialog System; OAS: the Object Atten-
tion System; SM: Scene Model)

tures of the mug were specified, nor a gesture was found in
the current scene (➍), the OAS informs the Dialog System
about its need of a salient feature, namely the color (➎).
The Dialog System will then generate the output R1 to get
the requested information from the user (➏). Thomas an-
swers the question and the value of the color is sent from
the Dialog System to the OAS (➐). With this information
the OAS successfully finds the object mug (➑) and informs
the Dialog System about this result (➓). At the same time
the multi-modal information about the mug is entered in
the Scene Model by the OAS (●)11 . The Dialog System can
now generate a confirmation (●)12 as feedback to the user.
In U3 the user specifies two further features of the mug, the
owner (“mine”) and a description (“my favorite”). This in-
formation is directly entered into the Scene Model by the
Dialog System since there is no evidence of the involvement
of a user gesture, which would indicate that a new object
is being specified, and there is only one entry in the Scene
Model that matches the described object.

8. CONCLUSION
In order for a mobile robot to be able to communicate in

a human-style it needs processing and representation strate-
gies that can deal with multi-modal information. We there-
fore integrated a Dialog System using multi-modal inter-
action units with an Object Attention System that is able
to resolve object references. The interaction between these
modules is based on a multi-modal representation, the Scene
Model, which stores the acquired scene information and pro-
vides a Modality Converter that not only converts informa-
tion from one modality to another but also can learn associ-
ations between data from different modalities such as color
names and HSI values. This powerful mechanism allows on
the one hand to use a pre-defined knowledge base while it is
on the other hand capable of adapting to new environments
by learning new objects and salient features.

The current system still has some limitations. Firstly, the
robot cannot yet learn new words, this means, the robot can

only learn objects with known symbolic names. A solution
of this problem can be adding a mechanism into the DLG
that can store and reuse new words once they are spelled
by the user. Secondly, a global 3D coordinate system rep-
resenting the absolute position of an object in relation to
the room is not yet integrated into the OAS. The conse-
quence is, the robot can only find the object again if it is
in the position as it learned the object. Thirdly, no naviga-
tion system is implemented for the robot so that the robot
cannot autonomously move from one location to another to
find an object. These limitations are also the motivation for
our future work.
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