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Abstract is not the case with vector-based methods, that function by
stacking the rows or columns of the original tensorial input
In this paper we address the two-class classification in an arbitrary way, thus creating vectors of huge dimen-
problem within the tensor-based framework, by formulat- sionality. This fact, in combination with the small number
ing the Support Tucker Machines (STuMs). More precisely, of available samples per class can lead to small size prob-
in the proposed STuMs the weights parameters are regardedems, something that tensors can handle efficiertt}. [
to be a tensor, calculated according to the Tucker tensor de-
composition as the multiplication of a core tensor with a set
of matrices, one along each mode. We further extend the
proposed STuMs to the/X,, STuMs, in order to fully ex-
ploit the information offered by the total or the within-ska
covariance matrix and whiten the data, thus providing in-
variance to affine transformations in the feature space. We
formulate the two above mentioned problems in such a way
that they can be solved in an iterative manner, where at each
iteration the parameters corresponding to the projections X .
along a single tensor mode are estimated by solving a typ_F|gure 1. An example of a gait sequence as a 3rd order tensor.
ical Support Vector Machine-type problem. The superiority
of the proposed methods in terms of classification accuracy
is illustrated on the problems of gait and action recognitio

In [1€], the SVMs learning framework was extended to
handle tensorial input. More precisely, a two class STM
formulation was proposed, where the weights parameters
were defined as rank one tensors, one for every mode of the
input tensor. This is in contrast to the approach followed
in this work where the weights parameters are defined as
a tensor, that can be written as a multiplication of a core

Images, videos and color videos are all multidimensional tensor with a set of matrices, one along each mode.
objects that can be regarded as 2nd, 3rd and 4th order ten- Vector-based classifiers that utilize a scatter matrix (ei-
sors (a 3rd order tensor can be seen in Fify. where ther the total or the within-class) to achieve data whitgnin
the 3rd mode corresponds to the time dimension). Within and better class separability, have been widely studied in
the last decade, the advantages of tensorial frameworkghe literature 7]. Lately, this concept has been used within
have attracted significant interest from the research commu the SVMs framework. More specifically, the minimization
nity. Several fundamental algorithms have been extendedof the within-class variance has been reformulated taking
to deal with tensors, such as Multilinear Principal Compo- under consideration that the Fisher’s discriminant otani

1. Introduction

nent Analysis (MPCA) J], Multilinear Discriminant Anal- tion problem for two classes is a constraint least-squares
ysis (MDA) [1€], Support Tensor Machines (STMs){], optimization problem1d]. In [15] ellipsoids were consid-
Non-negative Tensor Factorization (NTEX] and Canoni-  ered instead of hyperspheres in order to bound the available
cal Analysis Correlation of tensors (CAC]][ data, thus providing a better linear decision boundary for

The introduction of tensors in the above mentioned algo- the classification. The SVMs methodology within the su-
rithms resulted in considerable performance improvements pervised tensor learning framework, was extended to han-
due to the fact that tensors retain information regardieg th dle more than one projection directions inl[ 17]. The
high dimensional space the data lie in an efficient way. This low-rank SVMs formulation proposed in1]] minimized



the rank of the projection matrix instead of the classical z), boldface lowercase letters (ex) and boldface capital
maximum-margin criterion. The bilinear SVMs thatrelaxed letters (e.g.X) to denote scalars, vectors and matrices, re-
the orthogonality constraints on the columns of the weight spectively. Tensors of order 3 or higher will be denoted by
matrix were proposed inl1[l]. boldface Euler script calligraphic letters (eXj).

In this paper we exploit the advantages of tensor-based Thei-th element of a vectax € R’ is denoted byz;,
frameworks for the classification problem. To this extentwe i = 1,2, ..., I. In a similar way, the elements of anth or-
formulate the Support Tucker Machines (STuMs), in which der tensotX will be denoted byz;, ..., te = 1,2,..., Iy,
the weights parameters form a tensor, obtained using the/ = 1,2,...,n. To indicate the objects resulting by fix-
Tucker tensor decomposition. This is in contrast to previou ing one of the indices to a specific value, we introduce the
works in Support Tensor Classification that consider only generic subscriptand therefore denote by;. thei-th row
rank-one tensor formulations, dealing with multiple weaigh of a matrixX. Unless otherwise stated, thigh column of
vectors, one for each mode of the input tensor. a matrixX will be denoted compactly by; = x.;.

The advantages of the proposed scheme are twofold. The matricization (also unfolding/flattening) of a tensor
First, the use of direct tensor representations for thempara is the reordering of its elements into a matrix. Tlhenode
eter weights, in contrast to previous STMs that used onematricization of a tensak € R1*/2xxIx  denoted by
vector per mode, is intuitively closer to the idea of prop- X,y € R'**{(Ilz:/t) arranges the-mode fibers to be-
erly processing tensorial input data as the data topology iscome the columns of the final matrix. Each tensor element
more efficiently retained. The second theoretical beneStli (i, 42,...,73) maps to the matrix elemeft,, j):
in the use of the Tucker decomposition, a general decom-

osition that decomposes a tensor into a core tensor multi- .
Elied by a matrix anFr)lg each mode (regarded as a principal 7 ~ 1+ Z (i = 1)k, with Jj, = H Lo ()
component). The choice of a smaller dimension core tensor k=1k7n [=Li#n
leads to dimensionality reduction taylored to the classific Leta € R% andb € RY be two non-negative real valued

tion problem. If t?e factor matrices are EJro_perIy chosea, th |0 1ors. Their outer product yields a mat@ixe R/ *”:
most significant "principal components” will be retained.

We proceed with proposing one extension, namely the C=a®b withelements:;; = a;b;. 2)
/3., STuMs, in which the separating tensorplane takes
into consideration the spread of the training data along theSimilarly, the outer product of/ vectorsa, € Rﬂf, (=
different tensor modes. The corresponding optimization | 2 . A a;®a,® - -®@ay = ®Ef\i1 ay yields a tensor
problems are solved in an iterative manner, where at eachy o plixx-xIn
iteration the parameters corresponding to the projections 5p, Jrimportant operation between a tens® ¢
along a single tensor mode are estimated by solving a typ-prix2x-xIn gnd a matrixU € R’* is the f-mode
ical SVM-type optimization problem. We show the supe- product denoted b x, U which yields a tensd¥ of size

riority of the proposed classifie_rs in terms of reco_g_nition I % x Iy—1 x J % Ips1 % - - - Ins having as elements]
accuracy on the problems of gait and action recognition.

M k—1

The rest of the paper is organized as follows. In Sec- J
tion 2, we briefly present some useful notations that will be  ¥i,....is_1jis i = Z Tiyig.ingUjips J = 1,2,...,J
used throughout the paper. In Secti@nwe introduce the ip=1
novel Support Tucker Machines that are able to handle ten- (3)
sorial representations of the data. In detail, we presant th With & = I, I>,..., [y andl = 1,2, ..., M. The product
two-class STuMs in Sectio.1 and introduce th& /3, X1 Uy x- - -x U will be denoted in compact notation

. ) : . M i i
STuMs in Sectior8.2 Al of the algorithms presented in Y X *j=; Uy Letus also introduce the compact notation
Section3 assume that the weights are in a tensorial format, fOr the product of a te'nsdx with a matrixU in all modes
obtained using the Tucker tensor decomposition. The power2€sides thé-mode as:
of the proposed classifiers is demonstrated on the gait andx— A
i o . ) : XoUp 2 XX Uy Xpa1Upi1 Xp 1 Upq - x 3y Uy
actions recognition problems in SectidnFinally, conclu- eer L fri e AL e M E‘Z)

sions are drawn in Sectidi Let us define the inner product of two tensd¥sY <

. . - RI1><~»><IM as:
2. Useful Notationsin Multilinear Algebra
11 IM
An n-th order tensor is a collection of measurements in- (X, Y) & . Ti oy

. . . ) - 71 ... 1M yz 1 (5)
dexed byn indices, each one corresponding to a mode. Vec- ; Z o
tors and matrices are first and second order tensors, respec-
tively [8]. In this paper, we will use lower case letters (e.g. and the Frobenius norm of a tensoi[@6, X|| = \/(X, X).

iv=1



In all of the classifiers that will be presented in this pa- whereX( is the matricization o for the j-th mode and
per, the weights are regarded to form a terarobtained X ;);. denotes its-th row. X ;) corresponds to the mean
using the Tucker tensor decomposition. The weights ten-tensor. The mean of tensor samples belonging to the class
sor'W is regarded to be the generalization of the weights Q, is defined as
vector w defined by the SVMs formulation. According
to the Tucker tensor decomposition, @ order tensor —rory 1

. ' 1= — X iy 14
W e RivxlaxIv  can be written as: @) Mg, Z (9 (14)
X5 €

W=Gx; AD x, A@ ... x AML) .

_ [[S;A(l),A@), N -7A(M)]] 6) The_ me_ar_K(j§ of thetenso_rs_amples bel_on_glngto the class

Qs is similarly defined. Similarly, the within-class scatter

where§ is a core tensor and () ... A(M) are a set of ma- matrix 2,,(;) along thej-th mode is calculated as:

trices that are multiplied to the core tenggralong each

-\ T N
mode. The above decomposition is written elementwise as 5 G = Z (X(j)i: _ X(QJ;) (x(j)i: _ X(QJ;)
Ry,Ra,...,RnM (1) (@) () X@u€
1 2 M
Wiy g,y = Z 9rs TZ"'rMaiz T aifz?"z te aiMTM + Z (X( )iz T X(Qﬁ) (X(J)l - X(Qﬁ) ’
T1,72,.. s "M X(j)i;€Q2 .
for in=1,....I,,n=1,..., M. @) (15)

The Kronecker product oV matrices is defined as The equivalent version of the total scatter matrix when the

Ag=AV®. ... @AW, ®8) vectorized forms of the matrices are used is given as:
. . . M
Similarly, the Kronecker product oV — 1 matrices (skip- 1 T =
ping the then-th matrix A (")) is given by =97 Z -X) —X) (16)

) _ AN g ... (n+1) (n=1) ... (1 .
Ag’ = A ®A ®A ®- @A wherex; = veqX(;);:) andx is the mean of tensor sam-
(©) ples. The within-class scatter matrix is similarly defined a

Ty= Y (% — %) (x; —x2)T

Therefore, the matricized version d@)(s

W) = A(j)G(j) (A(M) ®---@ AUTD €0
@AV Dg...9 AT T Z —x2)(x; —x2)7T (17)
= ADG;HAY (10) e
R ) %91 — 1 )
and the vectorized version af() is wherex; = vedXqy;), X = 37-3 xe0, Xi @nd

X% = ML% in€Q2 X
VGC(W(l)) = A®vec(G(1)) (11)

where ve¢B) denotes the vectorized form of the maBx 3. Support Tucker Machines

The optimization problem to solve is the following Let us consider a dataset consisting lofsamples as
- o o X ¢ RivxIzx--xIu+1  Every sample is a tensor of order
At T HW— (G AV, A LA ]]H M denoted byX;, . € RIv<f2xxIv G — 1.2 . L, in-

(12) dexed byM indices(iy,i2, ..., i) and belonging to one
of the two classes®; and Q5. This dataset can be built
subject t0G € RFExFex-xRu A ¢ RIxEn gngd of action image sequences, forming in that way-#én or-
der tensofX € Rl *I=xIsxIs \wherel, andl, refer to the
image dimensions (height and width), respectivélycor-
responds to the number of images in every tensor sample
and I, is the number of action samples in the database. In
1 M o L the remainder of the paper, with a slight abuse of notation
) = 37 > (X — X)) Xy — X)) (13)  we will use Q; and Q» to refer not only to the first and
i=1 second class, but also to the tensor samples they include.

columnwise orthogonal fat = 1, ..., M.
Let us define the covariance matrices of the input tensor
X. The total scatter matrix of thgth mode is given by:



3.1. Support Tucker Machines

In this Section we will present the novel Support Tucker
Machines (STuMs) in which the weights parameters form a
tensorW that is obtained using the Tucker tensor decompo-
sition. STuMs aim at finding a multilinear decision function

g : RIvxIxxIu 11 1], that during testing, classifies
a test tensoy R <12 xxIm gnd is of the following form:

9(¥) = sign((4, W) + ).

The weights parameters form a ten3#'rthat is estimated
by solving the following problem:

(18)

Inrqa
min W W) +C i 19
Wi s | Z 3 (19)
1<i< Iy, 620 (20)

whereb is the bias term¢ = [&;, . .., &) is the slack vari-
able vector and” is the term that controls the relative im-
portance of penalizing the training errors. It should beedot

here that the above problem is not convex with respect to all
parameters ifWW. Therefore we adopt an iterative scheme
in which at each iteration we solve only for the parameters

that are associated with theth mode (i.eW () of the pa-

rameters tensdW, while keeping all the other parameters
fixed. More specifically, the optimization problem at the

iteration for thej-th mode is given by:

Inia
min —Tr W W +C i 21
W (j)b,€>0 2 { v } Z & @
sty [THW (), X0,) +b] 2 1- &,
1§Z§IM+1,§Z'ZO. (22)

Since the weights tensd¥ is obtained using the Tucker de-
composition 6), the minimization problem defined i)
is rewritten as:

. ; ORNOPIINONY
Au?lﬁ%miw [A<J>G(j)A@Z AJG;T(AW)

Inr4a

+CZ§Z-

1
st 5y [Tr (A(”G( HAY) X(m) +b} >1-¢,
(24)

(23)

1<i< Iy, & >0

We will now proceed in reformulating the problem defined
in (23) such that it can be solved using a classic vector-

based SVM implementation. To this extend, weB&Y =

Ag)G(j). Then @3) is rewritten as

Ing4a
1 . .
min  <Tr |[AOPOPOT(AD)T] 4 o ;
A b,E>0 { } 2 ;
(25)
1 ) )
st sy [TT(AVPUXE) )40 >1-¢,  (26)

1<i<Iyqr, &20.

Let us defind = P(-j)P(-j)T. By definition, K is a positive
definite matrix. Also, letA?) = AU Kz, Then,

Tr {A(j)P(J’)P(j)T(A(J’))T} —Tr {gm (j&(j))T}

= veqdAW)Tveq A).
B (27)
By letting X ;);. = X(;):PY K~ we have
GpUxT — UxXT
Tr[AWPOXE | =T {A X% 8)
= Vqu(J))TVeqX(J‘)i:).
Then, £5) is written as
Inrqa
min —vec(A(J)) vegd AV) +C " & (29)

VEQA () bE>0 2 p

vi |ved A) ved X)) +b] = 1- &,

1<i<Iyqr, & 20.

S.t.

Thus, the optimization problem for thjeth mode in £3) is
formulated as a SVM problen29) with respect toA ()

After solving for AW, ... A(N) we solve forG. G is
found by solving the minimization problem defined below:

Iarqa
. 1
G(f,lﬁ% 3 (ApvedG))’ (AgvedGy))) +C ; &
(30)
sty [(A®V90(G(1)))TV9C(X(1)i:) + b} >1-¢&,
(31)

1<i<Ipi, & 20,

where with ve¢G ;)) we denote the vectorized form of the
matricization ofg for the first dimension. We can also use
another matricization of the tensgrtaking under consid-
eration that we will then have to change the multiplication
order of A g, accordingly. Then30) is rewritten as

Inrya
min ved G AgTAgved G )+ C i
. AG() Ag"AgvedGy)) ;5
(32)
sty [vedG))" AgvedX () +b] = 1- ¢, (39)

1<i< Iy, & >0.



Letus define a® = Ay" Ay, V = Q2veqG()) and  of the Lagrangian
Xji: = Q72X (). Then @2) is rewritten as Lsrars(G,b, &) =

Inrqa

1
B _ Inrga — VeC(G )TA TA vec(G ) +C &
min_ veqV)"vedV)+C 3 & (34) 5 [vedGa)" As" AovedGry) ;
G(j)7b=€20 = Inr4a
sty [vec({/'T)vec(f((j)i;) + b} >1-&, (35) - Z a;i(yi [(ved G1)) " AgvedX 1)) +b] — 1 +&)
im1
1§i§IA4+17 5120 Inrqa
- Z Ki&i (39)
=1

For completeness, we present the derivations that opti- _ _
mize (23) directly with respect taA ). The optimalA ) that is by solving
can be found at the saddle point of the Lagrangian VeLsrare = 0=

-1
. . 1 N vedGry)) = & 1 auyi [AZ ALY X (... (40)
L9 (AU b &) = Tr [AmP(a)P(a) A }
STMs T 2 The Lagrangian multipliersy; for that problem can be
Tna found by solving the dual problem 089), that is

C’ .
+ Z 51 I]W+1 Inr4a

i=1
- = o,
Tnga 0<a <C § § iOkYiYk

— Z aZ(yl [Tr (A(J)P(J)X%;)Z) +b} -1 +€z) i=1 k=1 -
i= Vqu(l)) [AgA(@} Vqu(l))
Ig:l ‘ 6) st. oTy=0, (41)
- Ki&i
wherea = [a1, a2, ...,y |-

3.2.3/3,, Support Tucker Machines

In this Section we will present the novEl/X,, STuMs,
) that are an extension of the STuMs proposed in Seé&titn
Vao Lgrys =0= More precisely, th& /X, STuMs consider the data spread
AG) = T sz( 1 PO [P(j)P(j)T} -1 . (37) and whiten the data.usingacovariartce matrix. In that way, a
transformed space is created containing data that arerclose
to the corresponding class mean and classes that are further
The Lagrangian multipliers? can be found by solving the ~ @part from each other, thus being more separable. _
dual problem of §6), that is Let us useS ;) to refer either to the total scatter matrix
3(;) or to the within-class scatter mat@w(j) for thej-th
mode, respectively. Then, the formulation ®f STuMs

that is by solving

1M+1 Inra

for the j-th mode is given b
max — — Z Z o Oékyzyk J g \
0<aJ<C T T
i=1 k=1 min Tr [A( NpUPU) T A0 }
o o Invgr GO').,b,ézO
Tr (pu) pPUOPW P(a);g@)ﬁx(j)ﬁ) +3 o 5 L
i=1 + Tr {A(J)P(J)S( )P(J) } +C Z &
T
st. &/ y=0, (38)
(42)
wherea’ = [af,03,..., 07, ]. It should be mentioned s.t. oy Tr {A(j) (PUYX ()i — X)) + b} >1-¢
here that the whole procedure is repeated iteratively for ev 1<i<Insn,& >0 (43)

ery mode, so asto find@), j=1...M.

We also present the equivalent derivations (LagrangianWhereo < D < 1isthe parametethhe(tt)qhalances
A" and

and dual problems) that optimiza() directly with respect ~ the two regularization termaA () PO PU
to G. The optimal tenso§ can be found at the saddle point AWPU)S; )P(J> (AUNT,



Following derivations that are similar to the ones pre-

Let us define as) = Ay’ [(1— D)I+ DS]? Ag,

sented in 27)-(29), we can arrive at the classic vector- v — Q%veo(G(l)) andf((j)i: — Q_%X(j)i:- Then @8)

based SVM formulation inZ9) with a slightly different
definition for K. More precisely, we now define 8§ =

PU) [(1— D)+ DS;)]* PO". The definition forA )
still remains asA ) = AW K3, Then,

Tr {A(j)P(j) [(1— D)I+ DS;)] P(j)TA(j)T}
—Tr [M)(l&(ﬂ)ﬂ —ved AU\ Tveq AD).  (44)
By letting X ;. = X(;):PY K~ we have

NpUIXT — ANXT
Tr[AOPOXT | =Tr {Afﬂ?xw} i )
- Vqu(J))TVeqX(j)i:).
Then, @4) is written as 29). After finding A, we
solve forG. More precisely§ is found by solving the min-
imization problem defined below:

152 (Aoved)) (AovedGiy)

min

G(l),b.,ﬁzo

+ g (A®veo(c;(1))s%)T (AcvedGi))st)
Inrqa
+C > &
=1
S.t. Yi [(A@Vqu(l)))T

(veo(X(l)i:) —Vve X(l)i:)) + b} >1- gia
(47)

(46)

1<i<Iyqr, & 20,

where with ve¢G y)) refers to the vectorized form of the
matricization ofgG for the first dimension anfl refers to the

vectorized versions of the total or the within-class scatte

matrices, defined as irl§) and (L7), respectively. Then
(46) is rewritten as

min Vqu’(l))TA®TA®Vqu(1))
Ga).b,€>0

Inr4a

+veqG)) Ay "SAxvedG)) +C > &
i=1

(48)
sty {vec(G(l))TA@@
(vec(X(l)i:) —ve X(m:)) + b} >1-&,
(49)
1<i< Iy, & >0

is rewritten as

Ingga
. s\T \7 )
G(J‘rﬁ%zo veqV)'vedV) +C ; &i (50)
sty [VEC(\N/‘T)VGC(X(J')@) + b} >1-&, (31)

1<i<Ipi, & >0

We should note here that if we sét = 0 in (42) we
obtain the proposed STuMs. Similarly, if we sBt= 1
and consideB ;) to be the within-class covariance matrix
Yy We obtain the Minimum Class Variance STuMs. The
latter can be regarded as an extension of the Minimum Class
Variance SVMs that were proposed ir].

4. Experimental Results

In this section, we will present the experiments con-
ducted in order to prove the superiority of the proposed
STuMs andX/X,, STMs over vector-based methods and
classical STMs, in terms of classification accuracy. To this
extend, we addressed the gait and human action recognition
using publicly available databases.

We should mention here, that both the gait and human
action recognition problems require multiclass classifica
tion methods. The classical STMs, however, as well as
the proposed STuMs arld/X,, STMs, deal with two-class
classification problems. Therefore, in order to deal with
multiclass problems, we have to combine several two-class
classifiers, trained in a one-against-all manner. The fieal d
cision regarding the class the test sample belongs to istake
either using a voting scheme or by assigning each test sam-
ple to a clasg:;, such that the distance of the test sample to
the separating tensorplane of the class minimum over
the distances to the tensorplanes of all other classes.

4.1. Gait recognition

The database used for the gait recognition experiments
is the USF HumanID Gait Challenge data set version 1.7,
as provided in §], so as to allow easy comparison to pre-
vious works. The database consists of 452 sequences of 74
subjects walking in elliptical paths in front of the camera.
Three variations are available: viewpoint (left/righthog
type (two different types) and surface type (grass/coegret
Seven Probe Sets are provided, each one consisting of 71
people, of increasing complexity/difficulty with probe get
being the easiest and probe set G being the most difficult
one. There are no common sequences between the gallery
sets and any of the probe sets. Each probe set is unique.

The input features for our algorithms consist of the sil-
houettes extracted from the gait sequences, like the one de-
picted in Fig. 1. The classifiers were trained using the



Gal dataset and tested using each one of the A, B, (

E, F and G datasets, following the protocol describe
[13. In order to calculate the accuracy of gait recogni
for a probe sequenge-obe consisting ofN,;..,. sample:

(gait periods) against a gallery sequeneglery consist-

ing of Nyqiery Samples, we calculate the distance of uia.

particular probe sample from each of the separating tensorfigure 2. An example of a person walking from the KTH dataset.
planes of each class of the gallery samples. For the cal-

culation of a symmetric dissimilarity measure between a equal to 92.3% and 95.3%, respectively. The equivalent re-
gallery sequence and a probe sequence (class) we also caéults when the vectorized version of the tensorial input was
culate the distance of each gallery sample to the separating;sed as input to SVMs and when classical STMs were used,
tensorplane of each class of each probe sample. The diswere significantly lower (88.5% and 89.3%, respectively).
similarity measure between a probe sequgnege and a  |n Table2, previous results as reported in the literature for
gallery sequencgallery is chosen to be the minimum of  the KTH database are presented, for comparison reasons.

the calculated distances. Finally, the probe sequgnaie: In order to give some further insight on where the mis-
is assigned to the gallery sequence class to which is has the|assifications take place, we report the confusion matrice
smallest dissimilarity. The confusion matrices calculated for for classical STMs,

In Table 1 we present the results acquired for the pro- the proposed STuMs and the propo$ett,, STuMs are
posed methods as well as for various methods presented ighown in Table3. For brevity, when all methods achieve
the literature. We also present the equivalent results whenthe same performance we report a single number. As can
the vectorized version of the tensorial input was used as in-pe seen, the use of STuMs aBd X, STuMs improves the
put to SVMs, for comparison reasons. The results are eval-results by 3.0% and 6.0%, respectively.
uated using the Cumulative Scores 1 and 5 (CS-1 / CS-5,
respectively) similarly to][9]. The results reported are  1able 3. Confusion matrices of STMs, STUME/(X.,) STuMs
for the core tensor being of dimensiof x 18 x 18. As  [of the KTH action database.
we can see in Tablé tensors largely outperform vectors, ‘
something that was highly expected due to the high dimen- AC..

\Accl

Box Clap ‘ Wave ‘JodRudWalk‘

sionality of the data and the presence of few available ex- Box  |84/86/92 8/4/0 | 8/6/4 10/ 0) 0
amples for every class. We can also see that the proposed | _Clap |12/10//§76/84/92 12/6/4| 0 | 0 | O
STuMs outperform the classical STMs in terms of recogni- Wave | 4/4/0 |16/12/8)80/88/920| 0 | O
tion accuracy, while at the same time the propoX#aL,, Jog 0 0 0O 196/ 0] 0
STMs achieve the best recognition results. The best accura- Run 0 0 0 0]100 O
cies achieved for each Probe Set are highlighted in bold. Walk 0 0 0 410|100

4.2. Human action recognition

For the action recognition experiments conducted we 5. Conclusions
used the commonly used KTH dataset]] The KTH Ac-
tion Dataset depicts 25 subjects performing 6 different ac-  In this work, we addressed the two-class classification
tivities namely: “boxing”, “handclapping”, “handwaving”  Problem within the tensor-based framework by proposing
“jogging”, “running” and “walking”. The data were col- the Support Tucker Machines, in which the weights pa-
lected in four different settings corresponding to indoors fameters are obtained using the Tucker tensor decomposi-
recordings, outdoor recordings with scale variations (cam tion. We also proposed tHe/%,, STuMs that use the total
era zoom in and out) and outdoor recordings with the sub- Of within-class scatter matrix in order to exploit class in-
jects wearing different clothes. Since the background re-formation and provide invariance to affine transformations
mains the same through the entire video, for each casd-or both of the proposed classifiers, the corresponding op-
Scenario we have extracted features after performing backJimization problems were solved in an iterative way, such
ground modelling and subtraction. On the resulting imagesthat a typical SVM formulation could be employed. The
the magnitude of the gradient was calculated as shown inéfficiency of the proposed methods was illustrated on the
Fig. 2. The leave-one-person-out cross-validation approachProblems of gait and action recognition.
was used to test the performance of the classifiers.
The results reported are for the core tensor being of di- 6. Acknowledgement
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when the proposed STuMs aBtlX,, STuMs were used are  tion and Localization of Human Actions in Image Sequences’



Table 1. Comparison of proposed methods with state of thg€&+1 / CS-5).

[Probe SéBaseline [J[HMM [E][LTN [3]] GEI[5] [ETG [O[ETGLDA [ SVMs | STMs | STuMs | >/%,, STuMs |

A 79/96 99/100 | 94/99 {100/100| 92/96 99/100 80/97 || 92/100 | 99/100 100/100
B 66/81 89/90 | 83/85 | 85/85 | 85/90 88/93 79/93 81/90 85/93 87/95
C 56/76 78/90 | 78/83 | 80/88 | 76/81 83/88 68/85 73/88 79/90 81/91
D 29/61 35/65 | 33/65 | 30/55 | 39/55 36/71 30/54 47/67 53/71 55/74
E 24/55 29/65 | 24/67 | 33/55 | 29/52 29/60 23/46 48/79 63/86 65/90
F 30/46 18/60 | 17/58 | 21/41 | 21/58 21/59 24/49 29/49 42/63 44/66
G 10/33 24/50 | 21/48 | 29/48 | 21/50 21/60 12/37 31/71 52/87 54/90
Mean 42/64 53/74 | 50/72 | 54/67 | 52/69 54/76 45/62 57/68 68/84 69/87
Table 2. Accuracies achieved by various methods for the Kdtiba database.
Method [4 [19 [1 [N SVMs | STMs | STuMs | ¥/3,, STuMs
Accuracy || 90.5% | 91.7%| 87.7% | 95.3%| 88.5% | 89.3% | 92.3 % 95.3%
(EP/G033935/1). ear features: Rayleigh coefficients in kernel feature space
IEEE Trans. on Pattern Analysis and Machine Intelligence
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