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Abstract— Estimating the human body pose is of great camera and computing a disparity map. This yields to a
interest for many tasks, such as human robot interaction, people  colored point cloud, which can be segmented. For every skin
tracking and surveillance. During the recent years, several art found in the step before, one segment is created. Only

approaches have been presented, which still have weaknesse .
regarding occlusions or complex scenes. In this paper, we hose segments, where the detected skin part belongs to the

present a novel algorithm for human body pose estimation using head, will be used for further processing. Starting with the
any three-dimensional representation of the environment, like head, a human model with 28 degrees of freedom is fitted
stereo vision. The presented algorithm is able to leave out body into the segments. To allow a wide variety of body poses,
parts and is therefore able to deal with occluded body parts. In - jifferent typical postures of the model will be used as afiti

a first step, possible humans need to be detected, e.g. by using a " . o

skin color filter. A disparity map containing depth information postures for th? fitting. .Du”ng_the f_'tt'ng proce;s, the pose
is computed using a stereo matching algorithm. It leads to a ©Of the model will be adjusted iteratively to achieve a good

three-dimensional representation of the scene. Starting with b~ estimation. For each typical model pose, an error metrit wil

detected skin parts, our algorithm segments this point cloud into  pe computed. The poses will than be verified and the one
smaller clusters. The possible matches are then verified, and the with the smallest error metric will be chosen. The novelty of

body pose is estimated using a kinematic human model with , . - . L

28 degrees of freedom. As our algorithm is capable of dealing this approach 1S thg independency of_the sensor, as_lt islbase
with arbitrary three-dimensional representations, it can easily On @ three-dimensional representation of the environment.

be adapted to use a three-dimensional laser range finder instead This representation can be obtained by numerous sensors,

of a stereo camera system. like laser scanners or stereo vision systems.
The remainder of this paper is organized as follows: An
I. INTRODUCTION outline of the state of the art will be given in Section 2.

A robot working in close collaboration with humans mustThe human model and the algorithms used for the body
be able to interact safely. To increase its acceptanceptiwt r POse estimation will be presented in Section 3, while Sactio
should have the ability to recognize the gestures, actiodls Shows some experimental results. A conclusion and an
and the intention of its companions, so it is essential tutlook to future works will be given in Section 5.
estlmatg the human quy pose in real_tlmg. Main area of ll. STATE OF THE ART
application of the algorithm developed in this paper is the
interaction between a human and thetonomous City Ex-  Developed for realistic animation of the human body in
plorer (ACE)[1], developed at our institute. The ACE projectHollywood movies, the first applications for the reconstruc
has the goal, to develop a robot which is capable to find i#on of human body poses have been motion capture methods.
way to a certain target without any prior knowledge. Inspire An actor was equipped with markers, so his movements
by the behavior of humans in unknown environments, ACould easily be recorded. On the other hand, markers are
must find its way by asking pedestrians. When asked fatneligible for outdoor scenarios. A mobile robot commu-
the way, a pedestrian will point in the direction the roboficating with pedestrians must use available sensors, such
has to go to. In order to estimate this direction, the bod§s cameras or laser range finders. The field of camera-based
pose of the pedestrian has to be known. Another applicatid¥®dy pose estimation can be divided into various approaches
is the estimation of the pedestrian’s moods (perhaps he Which are summarized in the following.
frightened of talking to a mobile robot) and to react in an>0me use monocular vision systems, such as [2], where an
adequate way, or the tracking of pedestrians to plan futut@age of the body with several landmarks serves as input,
movements and to prevent collisions. or shape descriptors are extracted from image silhoueties |
Many approaches use markers to estimate the body pow [5] Probabilistic models are used in [6] To increase th
Obviously, in our application it is not suitable to equip gve robustness, [7] uses semi-supervised learning. In [8]rprio
pedestrian with such markers. Hence, a makerless approaéPwledge about the human movements is necessary, which
has to be found. A skin detector filter is used to find alfan be stored in a motion library [9]. [10] maps typical
skin parts in a picture. In the next step, a three-dimensiongostures into two-dimensional images.
representation of the scene is created by using a ster@gher approaches, like the one presented in this papers focu

on multi-view systems, such as stereo vision, which provide
additional depth information. The fitting of the model can be
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Lo TABLE |

b > LINKS OF THE HUMAN MODEL
L7 L6 L3 4Ll L2 L4 Ls
%m Link Name Connected| DOF | Length
I~ to Link (in m)
L8 0 Start (Head) - 0 -
-~ 1 Neck 0 0 0.25
}é!'ﬁ" 2 Shoulder Left 1 3 0.25
3 Shoulder Right 2 0 0.25
L1l L9 ,LIO 4 Upper Arm Left 2 2 0.375
“T™ 5 Lower Arm Left 4 2 0.375
6 Upper Arm Right 2 2 0.375
7 Lower Arm Right 6 2 0.375
8 Upper Back 1 3 0.5
L14 L12 9 Lower Back 8 3 0.5
10 Hip Left 9 3 0.25
11 Hip Right 9 0 0.25
12 Upper Leg Left 10 2 0.5
13 Lower Leg Left 12 2 0.5
L15 L13 14 Upper Leg Right 11 2 0.5
15 Lower Leg Right 14 2 0.5
Fig. 1. Reduced human model with 15 links, the correspondingdicate o e i, ! —
systems and the degrees of freedom. fj’ N e ) /j7 - //j?\ -\K“E .
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several clusters with silhouette and depth images. ' : . |
Another approach is the use of an image stream, where H ] [ I H

features can be tracked between the images [15]. Through

the t\No_-dlmenS|_o_naI tracking of the features, their thre_e-ig. 2. Five typical body poses of the reduced human model frifiereint
dimensional positions can be computed [16]. [17] uses $WiShgints of view.

and exponential maps to recover high degree-of-freedom

articulated configurations of the human body. Of course, the

image stream can consist of monocular or stereo images. [18] . . . o
uses an image stream with multiple views to fit a humagf]v'ew’ the whole body is rotated in steps &f.3°. Figure

model into the recovered scene. Three-dimensional vox gr\]/(;\ﬂlja?g?qee ﬁmgndﬂggﬁttﬁﬁﬁi lenaths and the anales
data created from multiple views is used in [19]. ' 9 9

between the links are considered. For each link, a minimal

I1l. HUMAN BODY POSE ESTIMATION and a maximal value for each of the parameters have been

hi . h he algorith d for the bod estimated. As they are coupled, the left and right shoulder

T IS §ect|on S ow;t e algorithms used for the 0dy POSfre treated specially. The left shoulder has three degriees o
estimation, starting with the hyman body model and its POSefacqom and whenever it is moved, the right shoulder is
In the next section, the algorithm used to segment the threﬁir'nited in its movement and will show a similar movement.

dimensional representation is presented. A descriptidhef Hence, Table | shows no degrees of freedom for the right
algorithm used to detection the skin color segments can l%ﬂoulder.
found in [20].
B. Segmentation of vision data

A. Human Model The three-dimensional representation of the scene achjuire

Figure 1 shows a schematic view of the human model withy the stereo vision system contains a large colored point
15 links and 28 degrees of freedom. Each link provides one
to three degrees of freedom, and is rotated around the axis
of the coordinate system of the link it is connected to. Table
| shows the links, the number of degrees of freedom, the
hierarchical structure and the length of the link.
As the hands and the feet are too small to be detected robustly
by the stereo matching and they are not relevant to estimate
the pointing direction, they have not been taken into actoun
Hence, this model is reduced by 10 degrees of freedom. To
increase the accuracy of the estimated body pose, 27 typi¢a). 3. Image with detected skin parts (left). This image hanbaken
poses have been considered. As we are especially interesié a stereo camera with a high aperture and has already leetified.
in the configuration of the arms, the poses differ mostly i hs‘ier:ggtﬂgiﬁ%"";;ﬁitﬂﬁe'd'mens'ona' reconstructioeoscene using
the arms. To be able to recognize the pose from every point '




cloud. With the skin detector, we know what parts of the

point cloud may belong to a human body. Consequently the

remaining parts of the human body have to be found. Starting

with the detected skin parts, the segmentation algorithm

searches for locally adjacent structures and will creae on

cluster for each detected skin part. As the skin detector may

deliver false positives and two or more skin parts of the same

human are detected, the clusters have to be validated. The Fig. 4. Detected segments in the scene.
left part of Figure 3 shows the detected skin parts in a scene,

while the right side shows the three-dimensional reconstru

tion of the same scene. A stereo matching algorithm running i , i

on NVIDIA'S CUDA has been used to compute the disparity * -@rge clusters with a low density of points are most
map. likely false positives, so they will be rejected.

1) Method for segmentatiomlgorithm 1 shows the algo- After these filters, almost all invalid clusters will be refed.
rithm used for the segmentation. Starting with a given pointhe remaining invalid guesses will be removed in the next
p, all neighborsn are considered. A neighbar; is included Step, when no valid body pose can be found. Figure 4 shows
in the cluster, if the distancé = ||p — n,||» is below a the detected segments of the scene.
certain threshold. In the next step, all neighbors of thet nex ,
point of the cluster are considered. This function is repaat C- EXtracting the body pose
until no valid neighbors are found. As the main goal is the After one cluster has been computed for each human
detection of humans, the algorithm adds only those poinis a scene, they can be used to extract the body poses.
to the cluster, which are included in a cylinder describinghe algorithm will be executed once for each cluster, so
the area, which can be reached by a human. As they offdre accurate number of humans can be found. For each of
very competitive lookup times for radially bounded queriesthe possible humans, the algorithm is executed to fit all

kd-treed have been chosen as spatial data structure. 27 typical body poses and computes an error metric for
each pose. The pose with the lowest error will be selected
Algorithm 1 Segmentation as winner. As the algorithm should be able to deal with
p = detected skin part all different types of colors and clothes, color provides
1=0 little useful information and is consequently not used. The
repeat segmentation and estimation of the body pose is performed
Detect neighbors by using only the position of the points. First the method wil
for 7 = 1 to number of neighbordo be described, followed by the error metric and the validatio
d; = ||p — n,l| of the estimated body poses.
if d; i dnmaee then 1) Method for fitting a body poseStarting with the head,
addn; to cluster the algorithm will try to fit the attached links iterativelhe
end if order of the links is the same as described in Table I. If a
end for link is not part of the image or is occluded by an object in
increasei front of it, no valid fit can be made and the link and all links
p = next point in cluster attached to it will not be included in the resulting human
until 7 < 4,02 model.

The links are fitted based on the following method: start poin

created, they have to be validated. To discard invalid etsst ©N the model, the algorithm knows, where the end of the link
the following filters are applied: should be placed in an ideal case, the reference point. In a

. The number of points in the segment is taken int6eal case, the end of the link will be placed somewhere near
account. If the number of points is too small, the cIusteFhIS reference point. The'algonthm V.V'" search the po!“‘ﬁs
is most likely caused by a false positive. around the reference point for possible ends of the link. An
. Again, if too many points have been found, the skireNd point can only be valid, if the restrictions of the link

detector has found something else than a human, f&(?.g. link length or the angles between the previous links)
example a wall. are not broken. Furthermore, the point density of the ctuste

. The fitting of the model into the cluster is startingalong the link must not fall below a certain limit. After the
with the head, so only the clusters are valid, where th'énk has been fitted, the error metric will be updated and the

detected skin part equals the head. To check this text link can be computed. This will be repeated iteratively

centroid of the cluster is computed and compared to thl*éntiI a_II links have been fit'_[eo_l. ) )
starting point. Algorithm 2 shows a description of the used algorithm which

is performed for every pose The actual link is denoted as
Lhttp:/Avww.cs.umd.edu/"mount/ANN/ the error metric asg;, the vector holding all error metrices as
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Fig. 5. lllustration of the link fitting algorithm. The red ks illustrate the reference links, the gray ones the pasdibks detected by the find best fit
algorithm.

Algorithm 2 Fitting a human body pose Section IlI-C.2.

Main Algorithm: Figure 5 illustrates the link fitting algorithm after the tlef
n, = Get Endpoints for Pose and right shoulder already have been fitted. Starting wigh th
e =0 upper left arm (a), the lower left arm (b) and the upper right
for ¢ = 1 to number of linksdo arm (c) are fitted. Figure 5 (d) shows the completed fitted

if ns[¢ — 1] I= invalid then body pose. In (b) the end point of the reference link would
pr = ng[i — 1] + n,[q] be placed outside the segment. The algorithm tries to find
ps = find best fitp,.) possible end points, which are placed inside the segment,
if p, is valid then and selects the best one.
n,[i] = ps 2) Error metric: To select one of the 27 poses that have
else been fitted, an error metric has to be computed for every
n,[i] = invalid pose. This error metric tries to identify the best fitting @os
end if The error metric for a pose is shown in equation 1
e; = compute error metrig(.) N N N
ep=e +e eln] = al-el+a2-2ai+a3~(1— u)+a4-25i Q)
end if P Ne Pt
end fore[n] = ¢+ compute error metric;) and considers the following parameters, each weighted by a
parameter:

ps = findBestFitp,.): - The number of linksFor each missing link, a penalty
n, = points near,) a; will be added. Links that have other links attached (like
for 4 = 1 to number of points im, do the shoulder) will lead to a higher penalty than links with

P = 1,[i] no other attached links (like the lower arm). A successfully
e; = compute point density near link fitted link will have the penalty:; = 0.

e, = compute link restrictions - The distance between the reference end points and the
efi] = e + ey detected end points of each link also considered. High
end for distances may lead to distorted body poses. This error is

m = compute besg, stored ine;.
returnn,,[m] - The number points of the cluster that are not nearby the

pose.When a pose does not use all points of a cluster, it
is almost certain that one or more links couldn’t be fitted
correctly. The number of points used is denoted\as the

e, respectively. The reference end point for a link is denotedumber of points in a cluster ds..

asp, abd the real end point as . The list of the reference - Density of points near a linkf the density becomes locally
end points for the links is denoted as, the list with real low, it may be an invalid link. Every time the density near
end points ass. The algorithm for the computation of the link 4 falls below a threshold, a penalty is addedsto

best fit of a link’s end point can be found in the lower part of 3) Validation of the body poseAfter all links have been
Algorithm 2.n,, denotes the list of points near the referenceomputed for a body pose, it has to be validated to avoid
point p,., the resulting temporary error metrics are stored imvalid configurations. Again, the lengths of the links are
e;. The computation of the error metric can be found iranalyzed. Contrary to the validation of a single link, aflki



dimensions, the body pose is shown from above. The results
of the skin detection and segmentation have already been
shown in Figure 3 and Figure 4, respectively. Figure 7
shows the results from different scenes. The first row shows
the undistorted images as seen from the camera, with the
detected skin parts. In the next two rows the estimated human
body poses are shown from two different points of view.
As a stereo matching algorithm is used to create the point
clouds, similar problems as in stereo matching are encoun-
tered. The stereo matching algorithm is unable to find a dis-
parity for large areas of the same texture, so only silhesett
and no full representation can be found. Furthermore, some
invalid stereo matches may lead to unpredictable behavior.
lengths are analyzed simultaneously. Equation 2 computés experiment has been contructed to give a qualitative
the medians of the scales of the estimated link lengtlis evaluation of the algorithm. Users have been asked to point
compared to the reference link lengtis N denotes the in a direction, and the measured angle ofthe direction they
number of links used. are pointing to has compared to the computed ori)
1N measurements have been recorded and the algorithm was able
5= — Z (2) toestimate’0.2 % of the postures correctly, while the median
N i=1 l; error was around.8°. Only 3.2 % of the false positives could

After the median scale has been created, it is compared gt Pe detected. As the algorithm will leave occluded body
the scales of the single links. If the difference is largemth Parts out, it is not able to compute the pointing direction
twice the standard deviation, the difference between tite li When the user is pointing away from the camera and the
lengths are considered too large and the pose is invalid. &M can not be seen. Aimost half of the body poses, the

Furthermore, the rotations between the links are consideré!90rithm was not able to estimate in the experiment, can
The human body is subject to certain restrictions of thBe explained by this problem. The other invalid matches can

movement of the links. Many configurations are impossibl8Y €xplained by noise in the point cloud obtained by stereo
or futile. To avoid these configurations, a minimal and &iSion or with other objects, which have been mixed up with
maximal angle have been considered for every degree BPdy parts. The use of color may be a usefull extension to
freedom. All necessary angles will be computed and if on&icrease the robustness of the algorithm.

exceeds the defined interval, the whole body pose will p&ime constraints are hard on a mobile robot, the estimation
considered as invalid. of the body poses must be completed in nearly real time.

Without optimization, the segmentation and human body

D. Complexity pose estimation is performed in less th&i ms. Together

As described above, our algorithm will be used on &vith the skin color detection and stereo matching, a frame
mobile platform, so the computational cost should be a&te of 2 fps is achieved on a standard pc. Using a dual
low as possible. The resolution of the colored point clou§Ore processor or another skin color filter could increase th
as well as the number of detected skin parts will have agPmputation speed up ® fps.
influence on the computation time. The detection of the
skin parts scales with the resolution of the input image. V. CONCLUSIONS AND FUTURE WORKS
The complexity isO(n), wheren denotes the number of A, Conclusions
pixels in an image. Kd-trees have a complexity for the

construction ofD(n-log(n)) and the expected complexity for ; _ X : .
a nearest neighbor search@log(n)). One kd-tree has to poses using any three-dimensional representation of the en

be computed for the whole scene and one for each detect@@mem’. like Ia séanda:jd stekrgo vision ﬁystem. Thi alllgnrrl]t.hh
cluster. The strongest influence on the computation is €S point clouds and a kinematic human model, whic

resolution and therefore by the number of points in a clustefdn be represented by 27 typical human body poses. Our

The complexity for the segmentation for each detected skffjgorithm delivers r_ellable_resqlts and av_0|ds false paest
part isO(n-n, -log(n)), as it scales directly with the number rather than computing an invalid pose. It is capable to detec

of pointsn in the scene and with the expected number of" arb.itrary humber of humans in a scene and to deal with
neighborsn,. of each point. Fitting a body pose for a segmen?Cdus'ons'
has again a complexity @ (n - n. - log(n)).

Fig. 6. Computed body pose

<3

3

We presented a novel approach to detect human body

B. Future Works

IV. EXPERIMENTAL RESULTS As mentioned above, the execution time can be reduced.

The estimated body pose of the image given in Figur&he algorithm can easily be parallelized by using dual core

3 is shown in Figure 6. To show the capability of theprocessors or a stream processor. No color information is
algorithm to compute the correct body pose in all threeonsidered for the fitting, although it might provide valleab



Fig. 7.

information. Another application could be the use of three-s]
dimensional laser range finders instead of a stereo vision
system. Our algorithm uses a single stereo image as input and
every image is computed independently from is predecessorg]
Another useful feature, which could also increase the guali
could be the tracking of humans and the movements of
each human. Initially developed for the recognition of hama
poses and validation of humans, the algorithm could also b
extended to detect other, arbitrary objects.
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