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ABSTRACT

Serious games gained popularity in recent yeamstheg with the
use of modern input devices. Mainly marker-lessiomtracking
cameras play a special role in the automation ofsichl
rehabilitation. These inexpensive cameras can g@eowccurate
information about the movements and poses of thgstuwithout
complicated setup. However, these cameras arenstillperfect
and experience problems in particular poses, setupéen users
are interacting. Interaction between a patienttaedherapist is a
crucial and inevitable aspect of the therapy ansdulte in
frustrations when using new technologies. In thapgy we
propose a method that can identify whether a thetrajs
interacting with a patient or not, in order to irope not only the
therapy sessions but also the quality of the dali@ated during
the gameplay or assessment, automated with the rmadput
sensors. We compare our measurement results withar&er
based motion tracking system (Vicon) and additiosedres to
demonstrate the importance of identifying intex@tsi between a
therapist and patients.
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1. INTRODUCTION

A 3D camera combined with serious games (SG) forsighl
rehabilitation seems to be a perspective tool toadvanced
rehabilitation sessions. Several systems use Kinettonly to
control the games but also as a measuring toolooprovide
feedback to the patient [5-7].

Although the use of 3D cameras for gaming purptsesgained
popularity, there are still problems related tosthéechnologies.
Current 3D cameras can provide reliable recognitiod tracking
of human skeletons when a single player is in tems. However,
the occurrence of another person in front of theera who is
interacting with the player leads to problems; esgitching

between tracked users, tracking of wrong peopleignificant

decrease in the quality of the recognized skeletbos instance,
the Kinect camera can track up to 6 people in tesfrositions,

but can track only two skeletons simultaneouslye phesence of
more than 2 people leads to unstable user selefdioskeletal

tracking. We can overcome this by creating constrge.g. only
two closest people are tracked) and thus decreasimg
ergonomics of the system.

Problems related to skeletal tracking are even rfrostrating in
serious games for physical therapy due to the &etjaccurrence
of a therapist in the scene. Therapists need &viehe and help
the patient in case of problems or difficultiesptay. Detection of
interactions between a patient and a therapist $mseral
advantages in modern serious games. Depth camiéasMS
Kinect) experience a significant performance ancelethn
stability drop when two people are interacting (foing) together.
SG systems in physical rehabilitation should réyiatecognize
the quality of skeletons for later biomechanicaédical) analysis.

We propose a simple, fast and robust method factiey human
interactions in 3D video, in order to improve sasogaming
experience in therapeutic practice. In our methed, employ
continuous face recognition to detect, recognizd &rack the
patient with other people in the scene (e.g. theraghist, or
clinician). We use a method based on local binatyepns (LBP)
that is considered to be state of the art in fa@abgnition [1].
After identifying users in the scene we identifyteirmctions
between the patient and other people in the scene.
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2. RELATED WORK

A significant part of the current research in hunrgeractions is
devoted to recognizing actions [9]. Yung et al.][ptoposed a
method for recognizing different types of interang from RGBD
(RGB + depth) sources using Support Vector Mach{i3a4Mvs)

and Multiple Instance Learning (MIL). However, intamated
therapy sessions we need to detect in real timethehethe
therapist is helping the patient, without a needléssify the type
of interaction.

3. METHOD

Our method works as a preprocessing step for atipmanalysis
system that is tracking/analyzing movements of atiqaar
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whether the therapist is supporting or interactith the patient.

3.1 Recognition of a patient

Facial recognition is a well-studied area and thare many
different methods with varying accuracy based pecific use
case. We decided to use a method based on LBPrdsatith
measuring Chi-square distance which is describedeiails in
[1][3]. The chosen method provides a trade-of betwaccuracy
and computational complexity; thus it can run ial#éme while
maintaining state-of-the-art recognition accuregly [

Before the face is recognized we preprocess thgeraa follows:
- conversion of the color image to grayscale,
- alignment of the face based on the position of eyes
- scaling of the face image to unified size,
- equalization of the image histogram.

In order to compute the LBP histogram, the imagseigmented
into several non-overlapping regions and from eaththese
regions a histogram of uniform LBP patterns is coteg (Fig. 1).
Histograms are concatenated from left to right &odh top to
bottom.
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Figure 2. Process of creating concatenated L BP
histograms.

The method requires training of the patient’s fdoethis step the
camera captures multiple images of the patient’s énd creates a

represents a human body in the
scene. Based on the depth map

training set. Training needs to be done in advamtkrequires to
perform 5 different poses in front of the camemar. €&ach pose the
subject needs to keep the pose for one second.cahera
captures 30 frames per second and thus the capimagk set
contains redundancies. In order to choose the mpsésentative
images we use tHemeanslgorithm [2].

3.2 Recognition of theinteraction

Physical interactions between the patient and thesiptherapist
are the essence of physiotherapy. The physiottstragn, for
example, perform the motion (together) with theigudtin order
to show him the right way to do it, can stabilike trunk in order
to avoid compensatory movement, can palpate somsclesu
during exercises to be sure that the patient isiiténg the right
muscles, can evaluate passive range of motiorpafticular joint
by helping the patient to perform this motion... Téfere, it is
important that the games are robust to the presgfitbe therapist
in the game and even, that the games can detect tvbeherapist
is interacting with the patient.

Let | be a set depth map acquired from a camerajgndy) a

point from the depth map. We define a set of point§] | , such
that U contains points representing the detected humaieso

We say that two different bodieg, andU,, U, nU, ={}
are interacting when there exist such points framO U, and
p,0U, thatH p, - sz < ) where the threshold represents

a critical distance (aka comfort zone). The comfadne
represents a parameter of our model.

e

Figure 3. An example of acircular (8,2) neighborhood
that isexplored for aparticular point in the depth map.

ra

Since the depth map is represented as a grid/matrix of depth
points, we assume uniform distances in the X arekés. In order
to detect collisions, we explore a circular neigtioond
(N, f(A)) of each pointp QU where N is the number of

points being explored and a function mapping metric space to

pixel space (Fig. 3). Exploring only a limited ambwf points in
the neighborhood provides only an approximation tbg
intersection betweerl_Jl and U . but is computationally less

expensive and can run in real-time, leaving ressuffor other
tasks (the game and actual skeleton processing).
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Figure 4. Evolution of skeletal stability and detection of interactions. The top part shows variability of segment lengths measur ed
by Kinect camera (in red) together with cumulative confidence based on the tracking state of each joint (in blue). The bottom
part shows 3 detected interaction periods (in black) and periods when the therapist was present in the scene (in green).
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where s( P.» P,) is defined as follows

1 ifid(p,)!=id (p,) @

s(p., P,) = {0

otherwise

The resulting image that describes the local neadidod of
every pixel, may still contain misdetections caubgdhe noise of
the depth sensor. In contrast to positive areasethiby noise,
interaction areas occur in blobs. We detect thetsdction blobs
by applying a Laplacian of Gaussian filter of aprgpriate size:

2 27 _xX%+y?
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The result is an image containing positive valuedlobs that
correspond to the interaction points.

4, RESULTS

To test our method we used the MS Kinect camera &sthe
most popular 3D camera available. We also used \ficen
motion tracking system, where we tracked only tlatiept's
skeleton. Both systems recorded the skeleton samedtusly
while the patient was interacting with a therapist. Fig. 4
measurements are shown from one session. Durisgs#ssion
the therapist approached the patient 3 times aftdhe scene
afterwards.

In order to demonstrate the performance of our owthwe
compared events from our method (start/stop ofitkeraction)
with stability of the skeleton over time as thenfes become
available. We used the following measures to evelstability:

Confidence value of the skeleton trackerThe Kinect SDK
provides 3-state confidence information about tiragkor each
joint. A joint can be(i) tracked (ii) inferred or (iii) not tracked

Our observations show that while two people areratting in the
scene, the quality of the recognized skeletonéitjiglecreases. It
is important to note that the decreased qualitysdu relate only
to interactions but also to the pose, occlusioms.ofder to

compute the cumulative confidence value we simpiy values
for each joint while thérackedstate has weight 0.06, th€ferred
state has weight 0.015 and that trackedstate has weight 0. The
influence of an interaction between a patient arttiesiapist on
Kinect's confidence values is shown in Fig.4. Wa sae that the
confidence values are rather stable even duringirttezaction
when the skeleton segments are unstable.

Stability of segments lengths a common problem of skeleton
detecting cameras is that segment lengths arengaoier time.
Since there is no prior knowledge about the skeletive camera
continuously makes new hypotheses about poses egmest
lengths [10]. We know that the lengths should renthe same
and their increased variability indicates low skahestability. For
the comparison purpose, we compute a cumulativer &éom all
segments as a sum of absolute differences of gihaets.

Stability of segments lengtmseasured with Vicon systemwe
tracked the skeleton of the patient with a markss| camera
(Kinect) and a marker based system (Vicon) simelbasly in
order to compare their performance when two people
interacting. It is important to note that althougle Vicon marker
based system is considered to be the gold starfdarduman
motion tracking, this system might also experieao®rs due to
the lack of visibility of markers while interactin@-ig. 5). We
used the Vicon system to track only the patient,the therapist.

— Cumulative segment length error of Vicon

— Cumulative segment length error of Kinect
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Figure 5. Comparison of cumulative segment length
errorsfor Vicon system and Kinect.

A part of the data processed during the experimsnghown in
Fig. 4. This recording contains three separatgantions and in
between the therapist leaves the scene. We carthsgethe
segment length variability is increasing in eaderiaction. This is
caused by the decreasing distance between theptsteeand the
patient. In the third interaction the segments vHrg most.



Although there is a significant error, the Kineeports confident
results about the tracked joints.

Fig. 5 shows that the Vicon system provides vegueate results
when only a single person is in the scene. Seghesgths are
stable even during the first interaction when theerapist
approached the patient from a side. In the secamd third

interaction the therapist occluded several markethe Vicon

system reported significantly worse results. We saa that in
case of close interaction stability of both systeiesreases. In
case of close interactions the Vicon system lasek tof markers
and thus cannot provide any information about patnnected to
those markers. Results also demonstrate that Kicaateven
provide more stable results due to presence gbits inferred

from the depth map.

5. CONCLUSION

SGs are still perceived as regular games. Howéased on the
used technology, SGs could be used for more thaforpeng

exercises. Since data of the patients can be redaddring the
rehabilitation (games), this data can be used ttoviothe

patients’ evolution and to be sure that they armgldhe right
exercises [4]. In order to have a precise followofighe patient,
the clinician must be sure that the patient wagipipalone and
was not helped by friends, parents or others (fhistaclinicians).
The presented method allows to detect interactt®iseen the
patient and other people, and also helps to digtai® between
active and passive motion. In addition, during mieraction the
precision of the capturing devices decreases andjoad

discrimination can help to filter out erroneous m@aments.

A possible extension of this work might be more adet
segmentation of the scene in order to detect otlporting
objects. Games played with balance boards could bénefit
from recognizing users standing on the board ang thacking
authenticity of measured data.
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