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ABSTRACT

In this paper we introduce a novel, simple, andciefit method for human action recognition basedaon
multiphase representation of human motion. An actsoconsidered as a finite state machine wherb state
represents a primitive motion called motion phagdgch is simply a sequence of poses with predefsmdmon
features. Spatial-temporal and postural featurgedaced in previous work are redefined by usinly @D joint
positions for features extraction and are extertgethvolving the relative movement of the body exftectors
as new features. We developed a framework for ningeh given motion in the proposed motion model,
whereupon we used this framework to create a maatelbase of 25 different actions. Using this databae
conducted a number of experiments on data obtdimed several sources as well as on distorted déia.
results showed that the presented method has ba@hacy and efficiency. Additionally, it can worklme and
online in real time, and can be easily adapteddkwn 2D data.

Keywords
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1. INTRODUCTION reduce the high dimensionality of motion capture
Motion capture data is the basis for a realistic data without semantic lost. Additionally, some othe

animation, but it is expensive to produce, therfor WOrks such as [Liu06a] and [Zhalla] could capture
the reusability of it is very important. Howevenjs meaningful human motion with a reduced marker set.

reusability demands that the motion capture data is/nSPired by such works, we develop a motion model

good segmented and annotated. The segmentatiort1hadt df(fapends on(ljy on th% movement |Off the actor's
into natural motion phases increases the reusagbilit end-effectors and some basic postural features. We

however, the basis for this segmentation is the ex_teﬂd the features introduced _in [Sall5a] so_ahat_
recognition of motion phases. Moreover, motion primitive motion can be described automatically in

capture data is used in medicine for the analysis a high-level terms. In general_ an action consists of
examination of joint movement and rehabilitation several phases each of which is represented by a

procedures. These fields continuously produce largeSUPset of these features and characteristics. Wseng
stores of data so that it is hard and tedious triexe frameyvork Of. phase; and features a person W'th. no
a particular motion manually. Therefore, many experience with motion capture data is able tongefi
methods have been developed for automatic searchf’ dl_eS|gn movements at W|Ildan|d use the_m In any
and retrieval in these stores. Of late, marker-less@PPlication area to retrieve and classify motiawsnf
motion capture data has achieved significant motion repositories or to recognize ongoing motions

improvement in accuracy, which enables it to beluse ©Nline in real time.

in control and surveillance systems, as well ahen  The contribution of the proposed method is threkfol
human-robot interaction field. This demands (1) specification of high-level features of human
instantaneous and precise action recognition, whichmotion that enables (2) multiphase representatfon o
is what our presented method can do. Many workshuman action and (3) utilizing this framework for
such as [Jin07a] and [BarO4a] successfully could efficient and high-accuracy classification of matio
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distributed for profit or commercial advantage dnalt recognizable motions can be extended easily in a
copies bear this notice and the full citation oe finst very short time because there is no need for trgini

page. To copy otherwise, or republish, to post jon data or training time. The rest of this paper is
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related works is given, and then some terms andusing SVD and then translated them into a one-
notations used in our work are introduced. Aftatth  dimensional sequential representation through a
the proposed features are described in Section 4semantic  Gaussian  Mixture  Models  with
while the developed motion model is introduced in Expectation-Maximization algorithm. These could
Section 5. In Section 6 the classification algonitis reduce the dimensions of human motion data while
presented, and then in Section 7 some conductednaintaining semantically important features. M
experiments are described and their results disduss Zhang and A Sawchuk [Zhal2a] introduced a

Finally, the work is concluded in Section 8. framework for human motion modelling and
recognition based on a bag of features. They
2. RELATED WORK modelled human activities through histograms of

Action recognition from motion capture data has primitive symbols on physical features using k-
received a lot of attention in the last decade. means clustering and soft weighting. Unlike our

Nowadays there is a wide range of methods for hroposed method, most of the above-mentioned
classification of motion capture data. These meshod methods are unable to separate two consecutive

depending on whether the whole data should beransitions between two motions are not recognized
processed before a classification result can bengiv 55 transition but merged with the neighbour motions
or not. From another point of view, the classifioat  \oreover, in some methods the learning process by
methods can be divided into the following groups cjassification is not simple, while our method is

based on the nature of the features used to reyprese simple, easy to implement, efficient, and does not
human motion as well as the field in which the used pgeqg any training phase.

algorithms originated: 3 PRELIMINARIES
Description-Based ~ We describe a pose of the human body as a set of
Methods of this category use annotated motion gnnotated 3D points that correspond to the body
templates and high-level semantic features fooacti joints. Thus, the human body pose is determined by
recognition. The work of J Baumann et al. [Baul4a] the global 3D positions of these joints additiotal
is an example of these approaches, where a motionpe global orientation of the body. The proposed
capture database is annotated with actions oféster ethod needs a minimum set of joidtsnamely, the
in an offline phase, and then used in the onlingsph ankles, knees, hips, chest, head, wrists, as \se#l a
to search for motion segments that are similar to ;g joint at the pelvis called 'root’. In thigork,
annotated actions in the motion database. Leightley\ye refer to ankles and wrists as feet and hands
et al. [Leilda] used Exponential Map EMP and k- respectively. A pose at timeis described byt =
means clustering to model human actions. For each(qt pt,pt, .., pt), whereqt is the global orientation

) ) LR ) nt

action class they trans_form each pose of agfhe body ang! is the 3D global position of the
representative sequence into EMP form then they. . . . .
joint j, wheren is the number of used joints. The

used k-means clustering to extract a small number o . : T

; lobal body orientation at timeis given by three
exemplars that represent the action. Then they usedcg)rthogonal vectorg®, st, and it representing the
Dynamic Time Warping and Template Matching to normal vectors of the frontal, sagittal, and traeér

recognize actions from motion capture data streams. main body planes respectively. We denote the single
Machine Learning position coordinates of joirjtat timet asxf, yf and
Machine learning techniques are widely used to zfrespectively wherey! is the vertical coordinate.
classify 2D and 3D human motion. Cho and Chen yye refer to the vector that goes from jairt joint b
[Cho13a] generateq featur(_ag for eac;h_ motion frame ;¢ timet asv,, = pt — pt , and the motion direction
based on the relative positions of joints, temporal :
differences, and normalized trajectories of motion.
They then used them in training deep neural o
networks that they later used to classify motion the ) . dlrect:tlon . v as
capture data. Coppola et al. [Cop15a] extended thefllowing d;,, = [|d;||cos («(df,v)),  wherev €

3D Qualitative Trajectory Calculus (QTC3D) and {f® sk}, and we refer to the algebraic sum
used them to model human actions. Then theyXi=sd;, as the accumulated motion magnitude of
learned HMM to recognise human actions. joint j over the time intervalT =[s,e] in the

Statistics-Based directionv.

Statistical techniques such as Gaussian-Mixture-4. FEATURE DESCRIPTION

Models, Histograms and Space-Time Correlation are The main idea of the proposed method is based on a
used here to model and recognize human motion. Yset of features that was inspired by the way inctvhi
Jin and B Prabhakaran [JinO7a] quantized humanpeople in general and kinesiologists in particular
motion data by extracting spatial-temporal features analyse and evaluate human motion. The method also

of joint j at timet asd} = p; — pj~'. Additionally,
we define the motion magnitude of jojrdt timet in
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seeks to analyse the most important factors in Body Axis frontal vertical sagitta
deciding on the motion class. We extend the
taxonomy tree of human motion introduced in Positive forward upward left

[Sall5a] by adding motion directions of the end- Motion
effectors in the main body planes. The extendegl tre | Negative | packward | downward right
shown in Fig. 1 now consists of nine levels that Motion
reflect the importance of each group and the @iati Table 1: Defined motion directions relative to
among features where the features in the firstlleve main body’s axes

have the highest importance. We call each complete :

path in this tree a 'pose state', which can berithest 4.1.3 Motion Space

i . Although the human body can move in many
as a complete set of the defined features. Eadngiv different ways, there are actually two major kirds

pose _'St aSS|gnedt al p(t)ﬁe fStﬁ‘te _by takln_gta dprev'ou?novements. These are locomotive, translator or
pose Into account. n the following, we INtroduce a inear - and  non-locomotive, rotary, or angular

dgt?lilgd tc:]escripgofrl ?f each oflthletfgatur_es. blnt [Ham02a, Gre05a]. If the whole body moves from
[Sal152] the used features are calculated using bo one place to another, then the movement is

joint angles and.3.D joint ppsitions. However_, we us locomotive; otherwise, it is considered as non-
_here only 3D joint positions for calculating the locomotive. A given pose is classified as locomstiv
introduced features. if the root and both feet move, relative to the
Spatial-Temporal Features previous pose, in the same direction (3), or th& ro
In this section we introduce features that are and at least one foot move in the same direction (4
generated by changing the joint positions over time and 5), while the other foot is fixed, and the
thereby denoting it as spatial-temporal featurbgyT ~ accumulated magnitude of the root motion in the
are introduced in the following in the order in whi  considered direction is greater than a certain

they are computed. threshold equal to the tibia length.
4.1.1 Motion Existence (ldkootll > &) A Uldigooell > &) A ldigooell > €) A
First the existence of motion is checked. A pose is (oot * Ao > 0) A (dhoor - dlroor > 0) A3)

classified as dynamic if there is at least onetjtiat
has moved a significant distance on at least one
coordinate axis (1), otherwise it is classifiedstsic. (1 oocll > €) A (ldfrooell > €) A (ldioocll < €) A

Jjefacefxyzk|c—gl|>e (1) (droot * difoor > 0) 4

The threshold is a small real value representing the

maximal noise value in the used data. Assuming 4t > &) A (lldt < &) A (|ldt S &)a
there is a clip oh static poses that can be recorded (”t ool . ) A Ulditoorll <€) A (ool )
during the system setup; the threshelis then the  (droot * drfoor > 0) (5)
maximal displacement that a joint has achievedglon wheree is the noise threshold defined in (2).

any of the coordinate axes between two subsequen}:)osturaI Features

poses over the whole clip (2). ; . L

¢ _ An important factor for classifying human motion is
e =maxgc(|cf — ¢ ') forallt€ [2,n], allj€ the change in the main body posture. We utilize thi
Jand all c € {x,y,z}. (2) observation and use the following major and
4.1.2 Motion Directions corresponding minor postures as features for the

Secondly, the motions of the end-effectors in the 'écognition of human actions.
three main body planes are described. Based on the}.1.4 Standing
observation that almost all human actions are In general, 'standing' is a major posture where the
performed by displacing the body end-effectors, body maintains an upright position supported by the
namely the hands, the feet, and the head/torso, wefeet. The presented approach restricts the upright
use the motion direction of these body parts ab-hig constraint to the lower body. Therefore, a pose is
level features such as left foot moves forwardaip,  considered as 'standing' if at least one leg isreled
right arm moves left down fast. From a kinesiolagic  and has a certain maximum inclination (6).

erspective, the movements of body parts occur
Enain?y in three anatomical planes,y nF;mer the (lviroocanipll > 1) A (£(visoot,inip, OY) < @)) v
frontal, sagittal, and traversal planes [Ham02a, (||v,ro0trnipll > 1) A (2(Vrfootrnips OY) < @) (6)
Gre05a). Based on this division of the body inteeéh
planes we define the directions of the joint
movements relative to the body’s axes as shown in
Table 1.

We consider a leg as extended if the distance
between the foot and hip is greater thanvhich is
equal to one and a half of the femur length.
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MoCap Data
Motion Existence static dynamic
Motion Space locomotive non-locomotive
Main Posture standing sitting  kneeling squatting /YT\ 4-supported  transition
Minor Posture  upright  bent symmetric asymmetric on back on belly sideways forwards bacwards

End-Effector root head Ifoot rfoot lhand rhand
Body Axis frontal motion vertical motion sagittal motion
Motion Direction fixed  forward backward up down fixed left right fixed

Motion Magnitude short  mean long

Motion Speed slow  normal fast

pose state

Figure 1: Taxonomy tree of human motion. Double cicles allow the path to return to the first previous

double circle, whereby it is not allowed to take th same path segment again.

The maximum inclination used by our experiments or on the floor as minor postures. No constrainés a
isa = 45°. Standing can also have one of the puton the legs because there are many variante of
following three minor postures: sitting posture according to the position of thgsle

1.

If the torso stays upright, i.e. it has an inclioat Legs can be vertical, crossed, or on each other.

smaller than thresholf: £(Vroor,cheast OY) < 4.1.6 Kneeling _ _ _
B (7), then the pose is considered as ‘standing'Knee“”g' is also a major body posture in which at

upright'. We use@ = 30°. least one knee touches the ground and the rooltheig
2. Otherwise it is considered as ‘standing is greater than half of the femur length, which is
' denoted asy in (9). If only one knee fulfils these
bent': 2 ,0Y) > B. 8 S . . .
(Vroot cheast: OY) > B ®) criteria, then kneeling is called asymmetric;
3. If the body is not supported only by the feet, Otherwise, itis symmetric kneeling.
tShen theesppstehis cc:nsfidered atsb‘sgandin? |et?1ned'((yltknee ~ Y0) V Winee = Vo))
upposeS is the set of support body parts, then ¢
'standing leaned' is recognized wh@mrontains " .((y”"" Yo) > 8) . ©)
at least one part except the feef\ Given that the ground height can be greater tham ze
{pltf o Py }#@. This minor posture (stairs case), we denoted the ground heigly, as
however, is in our case not recognizable, 4.1.7 Squatting
because motion capture data does not contain'Squatting’ is a major human body posture in wiaich
any information about the environment. least one foot touches the ground but not the knee,
N and the vertical distance between the corresponding
4.1.5 Sitting hip and foot is smaller than half of the femur léng

The 'sitting' posture is a major posture in whibk t  (10). Additionally, the torso must not be horizdnta
body is supported mainly by the buttocks rathentha t ¢ ¢

the feet, that implies that the projection of tmavity ((ylfm’t = Yo) A Gnp < 8) A Giknee > Y0)) v
centre of the body lies outside the support bashedf  ((yf;,0; = ¥0) A Wfnip < 8) A fknee > ¥o)) (10)

body formed through the feet. Additionally, thestor
is not horizontal. Based on the height of the biptj
it is decided whether the pose is sitting on arecb)j

Squatting is symmetric when both the knees are bent
it is asymmetric when only one knee is bent.
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4.1.8 Lying

'Lying' is a major posture in which the body isan
horizontal or resting position supported along its
length. In the proposed approach, this definitisn i
restricted to the torso, i.e. the torso should hane
inclination greater than a threshoid
2(Vroot cheast» OY) > v (11), which we set &t0° in
the conducted experiments. If at least one hipdies
the floor, then the pose is classified as lyingtiom
ground (12)otherwise on an object.

i = ¥0) v iy = o) (12)

If the two hip joints have approximately the same
height (13) and the normal of the frontal planenpmi
down (14), then the pose is lying on the bellythié
mentioned normal points up (15) and the two hip
joints have approximately the same height, then the
pose is called lying on the back.

[Yiip = Yinip | < [Vrnip,inip| /2 (13)
2(ft,07) ~ 180° [14
2(F4,07) ~ 0° (15)

If the difference between the heights of both thps h
is greater than half of the distance between tte tw
hip joints (16), then the pose is lying sideways.

|ylthip = Yinip | = |vrnipmip|| /2 (16)

4.1.9 Four-Supported
In this rare major posture, the hands and the feet

contact the ground but not the rcégwffaot ~

}’o) A (Yrtfoot = Yo ) A Yhana = Y0) A Vfhana =

YA Voot > Yo ). If the belly faces the ground
(14), then the position is called ‘forward four-
supported', or else the back faces the groundgié)
the position is called 'backward four-supported'.
Another variant of this posture is when at least on
upper limb and one lower limb contact the ground at
the same time (17). This variant allows more
movements to be performed than the first variant.

((yltfoot ~ yO) v (Ythoot ~ YO)) A

((ylthand ~ yO) \4 (yﬁhand ~ J’o))

4.1.10 Transition
The transitions between the above-mentioned main
postures of the human body are considered here. |

17)

the pose cannot be classified as one of the abovef

mentioned major or minor human body postures,
then it is considered a transition posture. The

previous and next major postures determine the name

i.e. the classification of a
is dependent on the two

of the transition,
transitional posture
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5. MULTIPHASE REPRESENTATION
OF MOTION

Any human activity can be generally divided into a
sequence of simple motions called 'phases'. This
division makes the action classification easier and
more robust. In the kinesiological analysis of hama
motion, one tries to divide the considered activity
into three phases: preparatory phase, power phase,
and follow-through phase [Ham09a], or preparation
phase, action phase, and recovery phase [BarO7a].
Here each phase can be further divided into sub-
phases so that each sub-phase consists only of some
basic joint movements in the directions introduged
Section 4. We use, however, a certain definition of
the motion phase and do not distinguish between
power phase and other phases. We define the motion
phase as a sequence of poses with a common set of
features defined above in Section 4. Table 2
summarizes the feature set and the range of vafues
each feature, where the feature value ‘undefined'
denotes that this feature is not important in the
considered phase, i.e. it can be ignored.

Featur. | Values
Motion | static, dynamic, undefined
Exister
Motion | |5comotive, non-locomotive, undefined
Spac
Major | Standing, sitting, kneeling, squatting,
Posture | 1Ying, four-supported, transition,
undefines
standing upright, bent, leaned,
undefines
sitting on object, on floor,
undefiner
kneeling symmetric, asymmetric,
undefiner
Minor squatting symmetric, asymmetric,
Posture undefinet
{on belly, on back,
lying sideway, undefined }
x{on object, on floor,
undefinect
four- backwards, forwards,
supporte | undefinel
undefines
Frontal {forwards, backwards, fixed,
Motion undefinediu M X S
Vertical | ryn down, fixed, undefinedp M x §
Motion
Sagittal | fieft, right, fixed, undefinedju M x S
 Motion

Table 2: Summary of introduced features and
their possible values, wherex stands for the

surrounding main postures. For example, the pose Cartesian product operation, M = {short, mean,

that corresponds to the transitional phase between

'sitting' and ‘standing’ will be classified as rstimg

up'.
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This definition of the wide range of high-level model database, a finite state machine FSM isedeat
features allows the description of the most common automatically (Fig. 2).

human activities in a high language, enabling a
comfortable retrieval system. Often, an action that
consists of several phases can only be performed
starting from a certain phase. In these cases the
motion description involves the order of phases. On
the other side there are some actions that can be
started in more the one phase, such as the kicking
action, which consists of three phases and can be
started in the first or second phase, where irfitee ) o ) _
phase the used leg moves backwards to give the Figure 2 Finite state machln_e repre;entmg the
strike more power, then it moves forward long fast ~_'€cognition process of a defined action, where
the second phase and then moves backwards down td' M€ans that the next phase is |'”n:':1tched and the
the rest position in the last phase. Here the finstse current phase can be ended; ‘a’ means the

is optional because kicking can be performed withou ~ Current phase is matched; " implies failed to
this phase. Table 3 shows the detailed definitibn o Match either the current phase or the next one;
kicking using the right leg without the optional

r' means the end phase ended successfully and
the motion is recognized; 's' means return to the

phase. i
start phase and start again.

Featur Phase Phase . :
Motion y X namic Suppose that an action model consists rof
Existenc: ynamic y phases,S,, ..., S,, whereS,is the start phase and
Motion Spac | nor-locomotive | nor-locomotive Spis the end phase, then the corresponding FSM is
Main Postur standine standine defined as following4A = (%, S, 5o, 8, F), whereX is
Minor Postur: | undefinet undefine the input alphabet and consists of all possibleepos

- . . . . states; S = {5,5;, ..., S5} is the states set and it
(;)é)rttisg(l)_ntal I:izg'ﬁmd' I:izg'ﬁmd' consists of the action phases whereby each phase is
Sagittd Motion extended to have the following attributes: (1) tstar
torso Frontal- | undefined- undefined- timez, (2) end timer and (3) an activation flag, is
Vertical- undefined- undefined- the initial phases is the transition function and it
Sagittal Motior | undefinet undefinel will be defined later in Flg 3. F is the set ofdl
Ifoot Frontal- fixed-fixed- fixed-fixed- state§ and it consists here of the exFended ensepha
Vertical- fixed fixed The input data in each frame consists of the global

Sagittal Motiot

rfoot Frontal-
Vertical-

forward long
fast-up mean

backward long
fast-down mean

positions of the used joints as well as the gldiwaly
orientation. The motion features are computed using
this information and then the FSM for each act®n i

Sagittd Motion | fasi-fixed fasi-fixed updated using the computed current pose state as
Ihand Frontal- | undefined- undefined- shown in Fig. 2 and Fig. 3. At the beginning all
Vertical- undefined- undefined- created FSMs are considered to be in their initial
Sagittal Motior | undefinet undefinet phase. When a new pose is available, the poseistate
rhand Frontal- | undefined- undefined- computed and given to each FSM to update its status
Vertical- undefined- undefined- as following: if the pose state is compatible wittle
Sagittal Motior | undefined undefinet current FSM phase i.e. the phase is matched, ten t

Table 3: modeling the motion class "KickR" using
the proposed motion model.

phase is retained and the related action is coreside
active. Otherwise, if the current phase is not imadc

Another relative complex example is the jumping @nd it was active in the previous frame, then the
action. Jumping can be divided into four phases. In phase is considered to be achieved and can be ended

the first phase the feet stay fixed while the root If the accumulated motion magnitude and motion
moves down. In the second phase the whole bodySP€ed of each required phase feature are within the
moves up and forwards, while it goes on forward in desired range and, in this case, the FSM is aggréga
the third phase but down. In the last phase the fee [0 the next phase. Otherwise, the action is catell
are fixed while the root moves up and forwards. and the FSM is returned to its start phase. Ifit i

assumed thaf; is the pose state of the pdsee. S;
6. ACTION RECOGNITION is a complete set of the defined features or a

Actions to be recognized should be manually complete path in the taxonomy tree, asiglis the
modelled and saved in a model database using thgetre set of the current phagjgof the FSM for the
developed framework. For each action in the action actionM, then the global recognition algorithm of

the actionM at the time can be stated as follows:
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1 |if S, €S, then while kicking. All occurrences of most of the dedih
2 if the current action phasg is active actions are recognized successfully. An excepton i
then the activity of walking. This is because sometimes
3 | setend timof S, o = t. the first and last strides of running are recogthias
4 else walking. The method failed to match the second
5 cefstart timeof S, T = t. phase in the running motion if the feet are not far
6 raise the activation flag df,, i.e. enough from the ground. This is, however, a minor
makes,, active. drawback, because walking and running are similar
7 | dseif S/ isactive and can be endethen motions especially in terms of the first and last
8 if theS. is theenc phasethen running strides.
9 action M is recognizec . _ _ §
10 return to the first phase and reset the Action Class Ilzlrgr? ?; ierz]ggrlreor:tat
activation flag of all phas. WalkL 0.97 09¢| 2
11 else move to the next pha: WalkR 0.9= 09c|1
12 | esereturn to the first phase and reset the RunL 09¢ |09/]0
activation flag of all phas. RunFk 1 09610
Figure 3: Transition function of the action FSM. BoxL 1 0.9¢ | 11
The proposed approach can provide information| BoxR 09 |1 18
about the ongoing activity before it is completed, | KickR 1 1 1C
which is an important issue for some application | KneeKickk 1 1 27
areas such as human-robot interaction, because it SideKickF 1 1 23
enables the robot to response quickly and at titet ri | JUME 1 1 11
time. JumpJack 1 1 7
StandUj 1 1 58
7. EXPERIMENTAL RESULTS SitDowr 1 Y
We developed a framework for action design and [ Hop2Leg: 1 1 71
action classification from different motion capture [ HopR 1 1 31
databases, namely CMU [Cmul4a], HDMO5 | HopL 1 1 2C
[MueO7a], and locally captured data (at our ingttu SwingArmsSagitt: | 1 1 11
The used data contains distorted walking data. @Jsin [ SwingArmsTraver | 1 1 26
our framework we modelled 25 actions manually as| SwingArmsCircula | 1 0.92 | 14
explained in section 5. The motion clips were first | Choppingl 1 1 4
manually segmented and annotated by two different| ChoppingF 1 1 19
persons, and then processed by our system. Table #Fight 1 1 28
shows the actions used in our experiments and the DrinkR 1 1 18
measured evaluation values, where the global| Throw 1 1 57
precision is about 96.2% and the global recall ggsem Squa 1 1 32

than 98.1%. To begin with, we measured the

Table 4: Results of the experiments, where 'L

precision of action recognition as followsrecision

= count of correctly recognized action / count dif a
recognized actionsAnother evaluation value is the
recall, which is the percentage of the count of
correctly recognized actions compared to the count
of ground truth actions An action is considered
correctly recognized if the temporal overlap betwee

stands for left and 'R’ for right and it refers to the
active limb during the action.

The classification speed is linear with the numbfer
actions to be recognized. The mean recognitiondspee
for a model database of 25 actions amounted ~1200
fps on a computer running Windows 8 with AMD

) . A4-4300M APU processor, 2.50GHz and 4.00GB
It ar!d a manually segmented action of the same YPERAM. If the database were hypothetically extended
is bigger than half the length of the manual action to contain 250 actions, then the speed would ok t
We measured also the segmentation error as foIIows:~120 fps. This means’ that our method can scale to

the segmentation error 1S zero if the difference large model databases and can still perform well in
between the automatic detected cut and the manually

. real time.
created cut smaller than ten, otherwise the _
segmentation error is equal to this difference minu Compared to some other works which were evaluated

ten, where a manual created cut is the mean of allusing data from the same data sources which we used
manual created cuts (in our case two) of the .namely the HDMOS and CMU, the proposed method

considered action. The proposed method is able toProduces better results as shown Table 5. However
recognize some particular information about the this comparison might be unfair because the used

action such as the marching foot while walking and datasets might be slightly different and the classe
running, the used hand while punching, or the leg @nd numbers of considered actions are also differen
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Action [Chol3| [Leil4 | [Zhal2 | Propo- [Cop15a] Coppola, C., Martinez Mozos, O. and Bellotto,
Clas: al al al sec N.. Applying a 3D qualitative trajectory calculus t
All 0.9t 0949: | 0.927 | 0.9€2 human action recognition using depth cameras.
Walk - ~0.97F | 0.923 095 IEEE/RSJ IROS Workshop on Assistance and Service
RUr . ~O.97E 0'959 0'95 Robotics in a Human Environment, 2015.
Hop - ~0.95 1 1 [Gre05a] Greene, D. P. and Roberts, S. L.. Kinegil
Box R ~-086 | - 0.98 Movement in the Context of Activity 2nd Edition.
Squa - 2094 |- 1 ISBN 0-323-02822-5, Elsevier Inc., USA, 2005
Table 5: Precision of some other works where ,-* [HamO2a] Hamilton, N. and Luttgens, K.. Kinesiojog
stands for unknown accuracies and ,~“ stands for Scientific Basis of Human Motion 10th Edition. ISBN
those read from a diagram picture. 0-07-112243-5. McGraw-Hill, USA, 2002
[Ham09a] Hamill, J. and Knutzen, K. M.. Biomechanhica
8. CONCLUSION AND FUTURE Basis of Human Movement 3d Edition. ISBN-13: 978-
WORK _ _ 0781791281 ISBN-10: 0781791286, Lippincott
In this paper a set of high-level semantic featames Williams & Wilkins, USA, 2009

introduced .and employed in a ml_JIFIphase moypn [Jin07a] Jin, Y. and Prabhakaran, B.. Semantic
representation that enables an efficient recognitio Quantization of 3D Human Motion Capture Data
and retrieval of motion capture data with high Through Spatial-Temporal Feature Extraction. MMM
accuracy. The introduced features as well as the 2008, LNCS 4903, pp. 318-328, 2007

muluphase representation of motion are |nsp|re_d _by [Lei14a] Leightley, D., Li, B., McPhee J., Hoon Ya,,
Kinesiology, a_nd hence _the propo_s_ed method mimics Darby, J.. Exemplar-Based Human Action Recognition
the human mind by motion perceiving and analysing  yith Template Matching from a Stream of Motion
what enables it to perform very well. It can alsorkv Capture. 11th International Conference, ICIAR 2014,
online and offline in real time. The recognizable Vilamoura, Portugal, 2014.

motlon database can be extended easily and mra sho [Liu06a] Liu, G., Zhang, J., Wang, W. and McMillan,.
time, because our method does not require any  Hyman Motion Estimation from a Reduced Marker Set.
training time. The experiments made on large  Proceedings of the 2006 symposium on Interactive 3D
databases from different sources, as well as on graphics and games, ACM, USA, 2006

distorted data, proved that the proposed method[Mue07a] Miller, M., Roder, T., Clausen M., Ebertard
scales well to other data sources. As future woek w B., Kriiger, B. and Weber, A.. Documentation Mocap
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