View indepedent human movement recognition
from multi-view video exploiting a circular
Invariant posture representation

Nikolaos Gkalelis, Nikos Nikolaidis, loannis Pitas

Informatics and Telematics Institute, Centre for Reseanct Technology Hellas, Greece
Department of Informatics, Aristotle University of Thdssiki, Greece
f galelis,nikolaid,pitas g@aiia.csd.auth.gr

&
&

Abstract—In this paper a novel method for view independent
human movement representation and recognition, exploiting the
rich information contained in multi-view videos, is proposed. The
binary masks of a multi-view posture image are rst vectorized,

n n nd the view corr nden roblem n
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property of the discrete Fourier transform (DFT) magnitudes.
Then, using fuzzy vector quantization (FVQ) and linear dis-
criminant analysis (LDA), different movements are represented
and classi ed. This method allows view independent movement a 0 -
recognition, without the use of calibrated cameras, a-priori view L
correspondence information or 3D model reconstruction. A multi- ) o
view video database has been constructed for the assessment of Fig. 1. A convergent multi-view camera setup.
the proposed algorithm. Evaluation of this algorithm on the new
database, shows that it is particularly ef cient and robust, and
can achieve good recognition performance. a dyneme is described as the most elementary construciive un
of motion, while one level above, a movement is conceived
as a sequence of dynemes. In this paper we will deal with the

Human behavior understanding using multiple view vide@sk of movement recognition.
streams is a relatively unexplored topic compared to itglein ~ Motion classi cation algorithms are differentiated by the
view counterpart. However, multiple view video technologiind of information exploited to describe a human posture in
is currently attracting growing attention [1], for instanc the input space of the recognition task. Several reseaschey.
in the entertainment industry [2], where it can be used {b], use local motion features extracted by applying a tiregk
provide high quality multiperspective viewing experiescealgorithm on major body parts. However, these techniques
and 3D scene/actor reconstructions for digital cinema esviare still not very robust and a certain amount of manual
and interactive games, in security applications [3], faewi intervention is still needed. An alternative approach &s tise
independent non-invasive event detection, and in othexsareof global motion information, e.g. through the extractioh o
Human movement recognition can play an important rolnary body posture masks, as done for example in [6], [7].
in such applications, e.g., by providing “anthropocefitricThis, especially in cases of an almost static background, is
semantic information for the characterization, summaiona relatively easier task. Here, we concentrate on the retogni
indexing and retrieval of multi-view and 3D data, or for thef simple human movements using binary body masks, thus
detection of unusual activities in video surveillance eyss.  exploiting global motion information.

In such scenarios, a convergent multi-view camera setupThe most recent literature review regarding human action
(Figure 1) is often used, to simultaneously acquire variowscognition is given in [8]. Since we are interested in view
views of the same scene and produce a number of singledependent movement recognition, a short review of rdlate
view video sequences. The set of the synchronized singlg-viapproaches will be provided. We categorize such approaches
video streams is the so-called multi-view video, and theoet with respect to the type of videos (i.e., single or multiple
the images (frames) at each time instance is called mutirvi view) used in the training and testing phase of the recagniti
image. algorithm.

The task of motion classi cation encompasses the recogni-Methods using single-view videos in both the training and
tion of several types of human motion of different complgxit the testing phase employ view invariant feature desciéptor
e.g., running or playing soccer. In this work we adopt the.g., image moments, to provide a view invariant representa
taxonomy proposed in [4]. In the lower level of this taxongmytion for each movement type [5], [9], [10]. However, these
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descriptors are usually invariant only across a relatigshall Il. MOVEMENT REPRESENTATION AND RECOGNITION
range of viewing angles and thus are not appropriate in cases USING MULTI-VIEW VIDEOS

that full invariance is necessary. A convergent multi-view camera setup consistinglo€am-
e e e s vy s s shasn n Figure 1. T simutaneovs vido teans
. . . . S . ) roduced from theQ camerasfl,qQ; g=1;:::;Q; p =

is considerably different, exploit multi-view videos ineth b Q pad G Q

training stage in order to bg|ld a model for_each r_nover_neﬂtame produced from the-th camera at the-th time instance.
type and view. In the testing phase, a single-view wdeﬂ,h
ns

stream is used and the computed features are compared W|te set of images taken from the cameras at a speci ¢ time
P P ancet, lyq; q = 1;:::;Q, is referred to as multi-view

all movement type and view models so as to recognize tuﬁage. The term multi-view movement video is used to denote

unknown movement. Thus, the view correspondence prObIeén\/ideo that depicts a person performing a single instance

le., the estimation of the view angle with respect to th f a particular movement whereas multi-view posture image

moving  person (_|.e._ fro_nt_al, 45 degrees_, ?'de view, etCynotes the set of images that depict the same posture edptur
for the camera, is implicitly solved. A similar strategy IS om the Q viewpoints

to use the multi-view videos in the training phase for the . . . .
; : From each single-view posture image the binary body mask
computation of a 3D representation of each movement. In
. . : is .extracted, and all body masks are preprocessed to create
the testing phase the view correspondence problem is solvgd

. o ; ; - “body posture regions of interest (ROIs), which have the same
€.g., by using a probabilistic model and information denllvedimensions and are centered with respect to the centroid of

fr.om th? camera cahbrgtlon parameters. Then, the re?'/BeCtt'he body posture. The posture ROIs are scanned column-wise
single-view representation of the movement that corredporlo produce the so called single-view posture veotg.(] )

to the found view is generated and compared to the test where F equals the number of pixels in the ROl and

video, e.g., as done in [7]. The drawback of these metho‘?ﬁé,indexd denotes the 3D posture captured from théh

if they are to be used on multi-view videos during testinq,. : .
. Lo . . . . iewing angle, and should not be confused with the camera
is that the discriminant information contained in the non-

i S ; . .. Index g. More speci cally, the indexd = 1;:::;Q is used

selected views of the test multi-view video is not exploite ; . : .
: 0 denote the view angle index with respect to a coordinate
Moreover, the view correspondence problem should be solved

L ; . - : system attached to the person. For example, wheameras
implicitly by exhaustive searching or explicitly, e.g.,ing o . ;
. ot are used, this index is used to denote the views of the person

camera calibration data and a probabilistic model as done i1 . - o !
7] starting from the front viewd = 1), and continuing with
. . . . the other views iM5 degrees increments and in a clockwise
Finally, methods that use multi-view videos in both the . . ) . _ .

. - manner, i.e., right side frontal view 4b degreesd = 2), right
testing and training stage have been proposed. These nsetho

usually compute a 3D model of the moving human and uge e View at90 degreesd = 3) and so on. Obviously, since

) . ) ... fhe subject may move freely within the view volume, the view
it to compute free viewpoint features, e.g., by explomnﬁ1

. R . . ; dex that corresponds to tlgeth camera view is unknown and
the circular invariance property of discrete Fourier tfams : : : )
the problem of view correspondence, i.e., which view of the

(DFT) in log-polar coordinates as done in [12]. During the‘%rson is captured by each camera, can be de ned as nding

tgstlng_ phase, the 3D model of the moving h‘.Jma"? in the t ﬁe mappingd = f (g). It should be noted however that once
video is evaluated and consequently its view invariantufieat _, . .
this correspondence is evaluated for one camera (e.gr-the

vector is computed and compared with the respective feature
. camera) then the correspondences for the rest of the cameras
vectors of movement prototypes. However, computation ef th

3D moving model is quite expensive and requires calibrated" be easily calculated ds(q+ i) = (d+ ')Q g+l

cameras in both the training and testing phase. ! Al(lgth G thre(.)‘? den(:tes the tmodglol Q (_Jperfttc;:]
Most of the above methods do not fully exploit the rich in- € single-view posture veclors belonging fo the same

formation contained in the available test multi-view satpes, multi-view posture image are concatenated to produce the so

which may enhance the recognition rate, e.g., as shownc’l"ﬂIIed multi-view posture vectorg 2 <t

[7]. To exploit the full discriminant information within th § g T @+ Q)T T

multi-view streams, the view correspondence problem betwe Xp= Xp1 v:-05Xpo ° ; (1)
different multi-view images should be ef ciently solvednd

ef cient recognition algorithms should be utilized to allo WhereN = QF andd is the (unknown) view index for the
real-time processing of multi-view data. In this paper wdSt camera.

address the above issues and provide a real-time view inde- _ ) . )
pendent human movement recognition algorithm applicable/ VieW invariant multi-view posture vector computation

cases, where multi-view videos are available. In particula One can observe that &l possible con gurationsxg; d=

the circular invariance of the discrete Fourier transfoBRT) block circularly shifting its elements, with a block compesd-
and ef ciently recognize a number of human movements usinigg to a single-view posture vector. By denoting the element



this circualr shifting can be formally written asg(n) = fvy;::1;veg and then expresses the multi-view posture vec-
x|p ((n j { [iF)y), wherej j denotes absolute value. Basedors with the respective membership vectors, xg.! 2

on this observation, the view correspondence problem can<®. Then, the arithmetic mean of all membership vectors of a
implicitly solved using the magnitude of the discrete Feuri multi-view movement video (which will be called movement
transform (DFT) coef cients of the multi-view posture vect vector) is used to represent the movement depicted in thevid

X | m_ X
xp(K)=]  x5(n)exp 12X jik=1;:1:5N; (2) ST {0 (3)
n=0 (=1
where x3(n) is the n-th element of the posture vector§. \yhere {) is the membership vector that resulted from

By concatenating all the\ samples ofx,(k) in a vector ‘the posture vectorxﬁ), and Si(r) is the movement vector

we get Nthe .mult|—V|ew pos'Fure vector in the DFT.doma.'?epresenting thé-th movement video of the-th movement
Xp 2 <. Since the magnitude of the DFT coef cients is

; iant to circul hift RS . ant. e, it | class in the database.
Invariant o circuiar shitts Xp 1S ylew mvanaq, |.e.. '. IS Therefore, the multi-view movement video database is
the same regardless of the ordering of the views init. T

s . rbeéscribed by the respective set of movement vectors,
superscript indexd has been dropped fromp due to its y P

@..... @ (R) ... (R) TG
view invariance. This representation enables view-inddpat f.sl R A 51 --Soe & The labelling m_forma .
- L . tion available in the training phase can be exploited using

human movement recognition, which in practice means tha . T .
. . a subspace method, e.g. linear discriminant analysis (LDA)

we do not require from the person executing the movement . . . )

X . L e or one of its variants, to project the movement vectors in a
to move in a specic, prede ned direction within the camera,. .~ .
. discriminant subspace and, thus, further reduce the dimen-
space, e.g., so that the rst camera always captures his/her” . o .
frontal view. sionality of the multi-view movement video feature vectors

Assuming that 2 <€ R 1 s the projection matrix com-

B. Movement representation and recognition puted using LDA in the annotated movement vector database,
e LDA-projected feature vector of tHeth movement video

elonging to ther-th class will be given byy{” =  Ts{".
Ther-th movement type can then be represented by the mean

Wof all movement vectors belonging to this movement type, i.e

Let U be an annotated database of multi-view movemeh
videos, where each video belongs to ondroflifferent move-
ment classes. We represent {kh video sequence of theth
class with length_; as a set of view independent, multi-vie

posture vectori;xgl); n ;x%.ﬂ_){g. Thus, the whole set of pos- 1 R
ture vectors i$x{D; 11 x@ x(®) .o x(R) == yfir=1;:15;R: )
: T ERRRED CE IR P X0p i1 X0 g, O o} =1
whereQ; is thanumber of sequences of theh class, inU, _ ] ) )
therefore,O = rR-l O, is the total number of movementPuring the testing phase, in order to classify a test movémen

sequences in the database. View independent, multi-view p$/d€0 we rst compute the view invariant posture vectors

ture vectors are computed using the magnitude of their D the video, as explained in section II-A, and subsequently
coef cients as described in section II-A. the movement vector of the video and its projection in the

LDA space . Then, the video is assigned to the movement
type whose mean movement vectdP) exhibits the smallest
Mahalanobis distance or the maximum cosine distance from
The number of dynemeS (number of FCM centers) and the
fuzzi cation parametem are initially not known. The leave
one out cross validation (LOOCYV) procedure is combined with
a global-to-local search strategy, similar to [13], in arde

Fig. 2. Overlapping of human actions: jump in place (jumpl) and jumpl)demncy C. m, as it will be detailed in the next section.
forward (jump?2).

jumpl jump2

Ill. EXPERIMENTAL RESULTS

Postures in human movements clearly overlap as shownlo evaluate the proposed method and due to the limited
in Figure 2, where jump in place and jump forward caavailability of suitable databases we created a multi-waleo
be confused even from a human observer. Therefore, wWatabase consisting of various everyday human movements,
model each movement as a mixture of densities, where thging the high de nition (HD) convergent eight-camera getu
mixture components are represented by their centers, the € = 8) shown in Figure 1. The video capture was done in
called dyneme vectors, and use a variant of the single-viewstudio with blue backdrop background at the Visual Media
recognition methods published in [13] in order to learn andaboratory of the University of Surrey. The capture volume
recognize theR different movements. This method initiallydimensions were abodt 3 2 cubic metres.
considers unlabeled data and utilizes the fuzzy c-mean®jJFC From this database we selecté@ high resolution multi-
clustering algorithm with a certain fuzzi cation parameta view videos (920 108Q 25fps), where each video depicts
and a number of cluster€ to identify the dyneme vectors,one of eight persons performing one of ve movements,



namely, walk (wk), run (rn), jump in place (jp or jumpl), IV. CONCLUSIONS

jump forward (jf or jump2) and bend (bd). The body binary A novel multi-view human movement recognition method
masks were extracted by thresholding on the blue channghs peen proposed. The method exploits the circularly shift
One frame (single view) and the respective binary mask froj\ariance property of the DFT to compute view independent
each of the ve movements are shown in Figure 3. feature vectors of multi-view posture images. This repnese

method is in overall very efcient due to the use of FFT

tion is used as input to a movement recognition algorithnh tha

and simple nearest centroid classi cation in a low dimenalo
feature subspace and achieves good recognition rates i a ne

database of multi-view videos.

involves fuzzy vector quantization and LDA. The proposed

walk run jumpl jump2 bend
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test set. From the remaining videos, those that depict apers
performing more that one instances of one particular move-
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single period movements, to create a training set of movémen
videos, and the ve movement prototype‘s.') are computed.
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to its constituting single period movement videos. Each of
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confusion matrix is shown in Table I. [l
wk | m|jf[jp]|bd]| - [10]
wk | 7 1
m 8
i 7 1 (11]
ip 1| 6 1
bd 8
[12]
TABLE |
Confusion matrix for ve movementsn(=1:1;C = 20). The last column
corresponds to videos that remained unclassi ed. [13]
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