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Abstract

In this paper, we present an approach to deteatk fpeople, and recognize poses. The detected posesed
for controlling a real time spatial game. In th@ple detection, tracking and pose recognition systeody parts
such as the torso and the hands are segmentedtfeowhole body and tracked over time. The 2D cowgis of
these body parts are used as the input of a pesgmnition system. By transferring distance and esgletween
the torso center and the hands into classifieufeatpace, simple classifiers, such as the neawesn classifier,
are sufficient for recognizing predefined key posEse output of the classifier, that is the ideatifion of the
pose, is used to control color and actions of fial actor. The position of the virtual actorsieered by the
detected position of the user in the image.
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1 INTRODUCTION

Nowadays video-based applications have become rande more widespread [1]. A well-known video-based
application is man-machine interaction, in whiclople can use their facial expressions, gesturespasés to
control e.g. virtual actors or (serious) games. E€ksential ingredient for an effective man-machimeraction
experience is that the system indicates its lef/@inderstanding of the user's movement. Therefooean motion
analysis plays an important role in man-machinerattion. Generally, there are two approaches taimhhe
movement of human body. One approach is markerdbasavhich users need to wear specific suit wehsors on
it. These sensors are used to capture the motidiffefent body parts. The other approach is vidiased, in which
users are totally free of any obtrusive sensor& miovement of users is analyzed from the recordeeovdata.
Compared with the first approach, the second onghmase less accuracy of reading motion informattdowever,
it is more convenient and friendly to users, esggcfor gaming applications. Therefore in this pgpve propose a
vision-based people detection, tracking, and pesegnition system. It directly uses the capturatbeiframe as
input, then gives the 2D position and pose of thepte if there are people appearing in the scehe.pbsition and
pose information is connected to a spatial gam&esysand used as the control command of the spgiak. The
remainder of the paper is organized as followsSdntion 2, we give a brief introduction of previgasearches. The
methodology of the proposed approach is describ&ection 3. In Section 4, we show the spatial gapmdication.
At the end, the conclusion is drawn in Section 5.

2 PREVIOUS RESEARCHES

Although there has been published a significant bemof research papers on human body tracking aseé p
recognition, many research issues still remaingadived. In [2] the body parts are reliably ladeded located by
2D contour shape analysis. Tracking performancsigsificantly increased by taking color into accbumhe
limitation of this method is that all the body maneed to be segmented although they may not liedder certain
applications. In [3], an approach to estimate 3Inan pose with multiple cameras is proposed. It aead with
cluttered scenes and self-occlusion under sometraims But the processing time for pose estimaisoabout 45



seconds per frame, which is not suitable for risaétapplications. In [4] an exemplar based apprdaalhsed to
localize and recognize human poses. However, tBe petector is only learnt from walking poses, sty tcan not
detect people with other poses than walking. Is traper, we present an approach for real-time pedgtection,
tracking, and pose recognition, which can handlaréety of poses and is fast enough to steer atirmalgame. The
output of the pose classifier is used for contngllappearance and actions within this spatial g&igel gives the
flowchart of the proposed system.
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Fig.1. The flowchart of the proposed system.

3 METHODOLOGY

3.1. MOTION EXTRACTION

In an indoor scenario, cameras are usually at fizedtions, so we do not need to consider motiothefscene for
foreground object extraction. Therefore, backgrosmltraction is a quite suitable method in thisc&ompared to
temporal differencing, the background subtractialt mot only give the edges but the whole silhoaetif the
moving objects. The first step of the backgrounbtiction is to build up a background image, whstlould not
include any foreground objects. In our implemepotatihe background image is built by using a mixtof Gaussian
model in [5]. This method is also robust to cluttbrscenes. The background image is updated by osimgnt
frames, in order to deal with the change of ligiptaonditions. After the background image is obtdjritbe pixel-
wise difference between the current frame and thekdround model is used to classify each pixel itteere

foreground or not. A difference imag)’gj between an input imagg', and the background imagafj shows only
the moving object regions, while the stationarydgaound is suppressed (see eq.1).

D.ty. =F' - Bt’. (1)

A foreground binary image is obtained by usingdterence imag@i‘,j and a threshold, (see eq.2)T, can be

obtained experimentally and is found out to beweat/ sensitive for different indoor scenes. Figh@ws the input
image F!; and its foreground binary imagg, .
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Fig.2. Extraction of foreground binary image: (a) inpuigeF.". , (b) foreground binary image ; .
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3.2. TORSO AND HAND SEGMENTATION

After we obtain the motion-based human body blaxt step is to segment different body parts. This lse based
on the selection of various features, such as skejge, silhouette, contour and color of humantyb&Ve use a 2D
silhouette model to detect the torso and use sKir ¢or the detection of hands.

3.2.1 Torsosegmentation

After the foreground binary image is built, we @sgeometrical characteristic of persons to detemint The prior
knowledge of human geometrical structure that we issa head-shoulder-upperbody model, shown ir3Fibhe
parameters in this 2D human shape model are posmo scale, so this model is describe® agx, y,scale) . If

the scale parameter in the 2D model is determitfedwidth and length of human upper body can atsaldrived

according to the shape characteristic of persomeeSthe recorded video data is from one singleeramthe

position of the human is given by 2D coordinatbat is x and y coordinate. In the real 3D worlds thethod can be
easily extended to multiple view approaches byniyshe 2D data derived from synchronized cameras3b real

coordinates.

After the definition of the human model, the prahleomes up with how to use this 2D model to deteenii
there is a person in the image or not. Generabyitltuitive solution is exhaustively searching thege for the
defined model. Although there are only three patansan this model, x y coordinate and scale,jlitrsteds a large
amount of calculations to find the global optimaluion. In the situation of more than one persppearing in the
image simultaneously, this exhaustive search ifao@way from real time applications. So it is nagtical to use
this model directly for template matching. Howevtis detection and tracking problem can be seea atte
estimation problem. To solve it, statistical methosuch as particle filters, can be used, whigsecially suitable
for non-Gaussian and multi-model situations. Iradiple filter, the probability of detection of @yzson in the image
is represented as the fitness coefficient of tHaedeé 2D shape model. The definition of this fiteewsefficient is the
same as [6]. The template used to calculate thed# coefficient is shown in Fig.3 (b). It is corepd of two
regions: foreground region F and background regipowhich is surrounding region F.
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Fig.3. (a) One sample in a particle filter, (b) two dim&mal human model to calculate fitness coeffic[6ht

In order to construct the probability, the fithesefficient should be a value between 1 and 0. Tdgsiirement
is satisfied by using the following definition (seg.3).

_ 1 {ZF—ZB, it YF>YB } (3

=X
Area(F) 0, otherwise

Where Area(F) = Area(B), z F is the summation of the pixel values in regionz,B is a summation of the

pixel values in region B. Hopefully foreground pixevith a value 1 will fall into region F as much possible and
background pixels with a value O are only includedegion B. Under this optimal situation the fissecoefficient
will be 1, which means the foreground binary imagésfy the 2D model perfectly. We use this fitnessfficient

w as the probability of a person present in the enddne larger the value of the fitness coefficisnthe higher the
probability of a person existing in the image. Btirfg this 2D model on the foreground binary imageople’s head
and torso can be segmented from other parts.



3.2.2 Hand segmentation

In addition to the 2D model mentioned in 3.2.1 fmman’s torso detection and tracking, foregrouncklgi are
further segmented into skin-color and non-skin-coégions. A skin color model in the RGB color-spas used to
select skin color pixels on the foreground imagkisThuman skin color model is similar to the moite[7]. If
foreground pixels mapping into the RGB color-spae¢isfy the following conditions in eq.4 [7], theyill be
considered as skin-color pixels. People’s face tansb region are excluded from skin color detectiy masking

the head and torso region estimated from 3.2.1.
T
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After the skin color pixels are selected, two posieessing steps are used to get rid of falseipegietections.
The first step is to delete regions with a very lssiae, which are impossible to be hand regionghke second step,
a motion mask is introduced to exclude regions tvtdce far away from previous hand locations. ltitbrmhe
movement of hands within a certain bounding boxnfthe remaining two largest blobs, we calculatedénters of
gravity and use them to represent the positiomehiands.
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3.3. FEATURE SPACE CONSTRUCTION

The input of the proposed pose recognition systen?B® positions of the torso center and the haHdsvever, we
transfer them into normalized feature space arid tree classifier in this new feature space. Thesoa is that the
pose recognition system should be scene invarfdnatt is, no matter where the person is in the soanleow far the
person is from the cameras, the predefined keyspsiseuld be recognized. Therefore the feature sigaloeilt by
using angles and relative positions between hamub tarso center. We construct the following 6 featu

components, denoted B, ={c;,C,,C;,...,Cq} :

I Ut I\t o t r_t I\t A\t
G = (% = %) L c,= ) ¢ = (X =%3) .G, = (Y2~ ¥5) G = arctanyf ytz L c, = arctanyf ytz (5)
S S S S X, =X, X =X,

Here(x},y5). (X, Y,)and(x;,y;)are the 2D positions of the torso center, left hand right hand.S is the
scale parameter in 2D model. The classifier wiltdaéned and tested on this 6D feature sgace

3.4. POSE CLASSIFICATION

The key poses are designed for gaming controlhep should be easy for users to remember and perigte also
choose the number of the poses not too high to rtaesier for users. In our system, we define@ mioses in total,
as shown in Fig.4. From top row to bottom row agftlto right, these nine poses are labeled as pospdse9.

In order to build a classifier, we manually labetad frames containing the nine poses into ningsels. For each
pose, the samples are selected from different psr€Our experimental data set contains 1515 sangfl@spose
types (classes) and 6 features. On average, eazhgass is represented by 170 samples. The penfioes of
several statistical classifiers with different cdexities are compared. Specifically, we evaluatesl nearest mean
classifier (NMC), the linear classifier (LDC) andetquadratic classifier (QDC) assuming normal deyssand the
non-parametric Parzen classifier [8]. We obsera tie simplest method (NMC) provides comparabiopmance
to more complex classifiers which need an extraedisionality reduction step to avoid the curse aiatisionality.
We conclude that the extracted features are infivenaand do not require use of more complex classif
Therefore, we chose a simple classifier, 10-neareigthbourhood classifier (NNC), for the pose dfasgion part
of our system. It is easy to implement and alscebienfrom the computation point of view.



Fig.4. Predefined key poses. From top row to bottom rod laft to right, these nine poses are labeledoas D to
pose9.

3.5. RESULTS AND DISCUSSION

The proposed system is implemented in C++ with @d&hbraries [9]. The processing time for each feai® 0.047
seconds, including background subtraction, bodispagmentation and pose recognition. We testeslyitem with
more than 20 users. We also chose the differeatindnvironment with various settings. Some ofd¢Rperimental
results are shown in Fig.5. An online video demal$s® available [10]. People’s head and torso rdeated with

yellow and red rectangles. Within this 2D modek thcation of head top, head center, torso cetesp bottom
and both shoulder can be estimated, which are piesddyy yellow and red cross. People’s left antitriiand are
marked with blue and green cross separately. Theubwf the pose recognition system is an intetie,number
shown in Fig.5. It gives the indication which paser is performing. This integer and the 1D (hartad) position of
the user will be used as the control command qfadia game. We evaluated pose classifiers usiogsevalidation
approaches. The average error for all the posgiby using NMC. The result shows that there ikarcseparation
between pre-defined poses. We also calculate théusion matrices of the 9-class pose classifier QYMThe

results are promising. Most of the poses can begrized very well. More details about the posesifasition can

be found in [11].



Fig.5. Results from people segmentation and pose reéognit

4. SPATIAL GAME APPLICATION

4.1. IMPLEMENTATION

As an application for the pose recognition systeenmplemented a spatial game, based on the propbBdlong in
[12]. This is a variation of the game Pong [13Mhich the player controls a bat to bounce off bdlisPhong the
player controls a chameleon which has to bouncepbéftons, see in Fig.6. The position of the chaorels
determined by the player’s position in front of d@mera. The photons can have 6 different coler: mlue, green,
yellow, cyan and magenta. The chameleon can chartigeeach of these colors when the player adopgs th
appropriate pose.

®
°
*
(a) | (b)

Fig.6. (a) Color and position of the chameleon are @iletd by pose and position of the player, (b) tregue of the
chameleon is also controlled by a pose to cateb {il2].



When the photon hits the ceiling, it changes cdféhen the photon is bounced off while the chameleas the
wrong color, the controls flip. Left becomes rigind vice versa. When the chameleon has the rigbt edile
bouncing the photon off, the score and speed opliwdon is increased. When the chameleon missqshitien the
ground is heated up. After 4 misses the grounddshbt and the game is over. At random momentsgeflias into
the scene which can be eaten by the chameleon thhbarlayer adapts to the eating pose. This willdase the score
and the ground will cool down.

The game is implemented using the graphics engigie Q@L4]. The input for the game is given by thesgo
recognition system. The pose recognition system #mad spatial game are two separate applicationshwhi
communicate via sockets [15]. Therefore, it is faesfor the two applications to run on differemneputers and
communicate through a network. The pose recogn#imtem sends two types of data to the spatial garegery
time step. It sends an integer that representssa (i69) and an integer representing the 1D-locatdfothe player.
Whenever the spatial game receives this data,datgs the position of the chameleon according ¢optbsition
integer and it carries out the action belonginght® pose index that was send. These actions carisisposes for
changing the chameleon into the 6 different coldrppse is for eating the bug, 1 pose is for stgrhe game and 1
pose is to pause the game. Fig.7 gives a screerosheer playing the game. On the left side isititerface of the
game, which shows the level, bounces, heat andt saiothe player. The three windows on the right side the
results from vision-based analysis. From top tddiot they are original image, results from bodytgaegmentation
and pose recognition, and foreground binary image.

4.2. RESULTS AND DISCUSSION

In our first test runs it became clear that thesgiity of the pose recognition to detect the apamf poses gave a
problem for the game player. Whenever the playerdago change from one pose to another there dweld
different pose adopted that is “in between” thege poses. When this happens the color of the cheameh the
game is shortly changed into an unwanted colors phoblem has been overcome by using a countereviera
new pose is adopted. The new pose has to be adfmptddconsecutive time steps until its correspogdiction is
carried out. This adjustment improved the playabitif the game as the user feels having a bettetraoof the
chameleon. We did encounter a short delay in hagdihe players input. The delay is caused by thagem
processing time. This is mostly noticed with updatthe chameleon’s position by the player’'s actoetion, but
the delay is too small to actually cause gameptaplpms.

B OGRE Render Window.

Fig.7. Spatial game interface. On the left side is therfate of the game, which shows the level, bourfeest, and
score of the player. The three windows on the rigjie are the results from vision-based analysismRop to
bottom, they are original image, results from bpdyts segmentation and pose recognition, and fouegk binary
image.



The implementation of the Phong game showed tleagtmeplay of the spatial game is interesting. Agxt
step it is good to reduce the delay to a minimurfiterAthis improvement it is interesting to createnare complex
game with an elaborate user interface.

5 CONCLUSION

In this paper, we described a real-time computsiomibased application. The proposed system is osethof two
parts. The first part is video-based people deiactiracking and pose recognition system. It diyeases the
captured video frame as input, then gives the 2§litipo and pose of the people if there are peoppeearing in the
scene. The position and pose information is comuett the second part, a spatial game system, sedl as the
control command of the game. This pose-driven apaame is a real time man-machine interaction auth
obtrusive sensors. It shows the possibility of & may of interactions in novel computer games am@réainment.
The combination of computer vision research andaatigal application is quite useful. It allowstosdirectly test if
the proposed algorithm satisfies certain requirdmen a specific application environment. Futuiekwill include

improving the robustness of the system (e.g. bettén color detection, more robust feature detejtiand

developing multiple-user applications. One of thallenges will be to solve the occlusion problenusers are
allowed to move freely.

ACKNOWLEDGMENTS

This research has been supported by the GATE (Gtesearch for Training and Entertainment) projestdéd by
the Netherlands Organization for Scientific ReskafdWO) and the Netherlands ICT Research and Inimmva
Authority (ICT Regie). The spatial game is basedtenproposal of Berend Berendsen.

REFERENCES

[1] Moeslund, T. B. Hilton, A. and Kruger, V. (2006).srvey of advances in vision-based human motiptuca
and analysis. I€omputer Vision and Image Understanding, vol. 104, pages 90-126, 2006.

[2] Wren, C. Azarbayejani, A. Darrell, T. and PentlaRd(1997). Pfinder: real-time tracking of the huniendy.
In |EEE Transaction on Pattern Analysis and Machine Intelligence, vol.19, no.7, pages 780-785, 1997.

[3] Gupta, A. Mittal, A. Davis, L. S. (2008). Constraintegration for efficient multiview pose estimati with
self-occlusion. IdEEE Transactions on Pattern Analysis and Machine Intelligence, pages 493-506, 2008.

[4] Rogez, G. Rihan, J. Ramalingam S. and etc, (20B&8ndomized trees for human pose detection. In
Proceedings IEEE Computer Society Conference on Computer Vision and Pattern Recognition, IEEE, June
2008.

[5] Stauffer, C. and Grimson, W. (1999). Adaptive baokipd mixture models for real-time tracking. In
Proceedings |IEEE Computer Society Conference on Computer Vision and Pattern Recognition, vol. Il, pages
246-252, 1999.

[6] Micilotta, A. (2005). Detection and tracking of hans for visual interaction. IRhD. Dissertation, School of
Electronics and Physical Sciences, University of Surrey, 2005.

[7]1 Porikli, F.M. and Tuzel, O. (2003). Human body Hiag by adaptive background models and mean-shift
analysis. INEEE International Workshop on Performance Evaluation of Tracking and Surveillance, 2003.

[8] PRTools toolbox http://prtools.org and PRSD Studip://prsdstudio.com software packages.

[9] http://opencv.willowgarage.com/wiki/

[10] http://prsysdesign.net/index.php/html/blog_commiembedding_classifi

[11] Huo, F. Hendriks, E.A. Paclik, P. and Oomes, A.H2D09). Markerless human motion capture and pose
recognition. Ininternational Workshop on Image Analysis for Multimedia Interactive Services (WIAMIS),
20009.



[12] Berendsen, B. (2008). Tracking and 3D body modiihdi using multiple cameras. Master's thesis, UU,
Department of Computer Science, INF/SCR-2007-06682

[13] http://www.pong-story.com/rhbaer.htm

[14] http://www.ogre3d.org/

[15] http://en.wikipedia.org/wiki/Internet socket




