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Abstract

This paper introduces a new multilinear projection algo-
rithm for appearance-based recognition in a tensor frame-
work. The multilinear projection simultaneously maps an
unlabeled image from the pixel space into multiple causal
factors underlying image formation, including illumination,
imaging, and scene structure. For facial recognition, the
most relevant aspect of scene structure is the specific per-
son whose face has been imaged. Our new multilinear pro-
Jjection algorithm, which is based on the canonical decom-
position of tensors, is superior to our previously proposed
multilinear projection algorithm that is based on an M-
mode SVD. To develop our new algorithm, we extend and
formalize the definition of the mode-m product, the mode-
m identity tensor, and the mode-m pseudo-inverse tensor.
We demonstrate our multilinear projection in the context
of facial image recognition and compare its results in si-
multaneously inferring the identity, view, illumination, etc.,
coefficient vectors of an unlabeled test image against those
obtained using multilinear projection based on the M -mode
SVD, as well as against the results obtained using a set of
multiple linear projections. Finally, we present a strategy
for developing a practical biometric system that can enroll
an uncooperative subject using a one or more images and
then recognize that subject in unconstrained test images.

1. Introduction

The goal of many statistical data analysis problems,
among them those arising in the domains of computer vision
and machine learning, is to find a suitable representation of
multivariate data that facilitates the analysis, visualization,
compression, approximation, recognition and/or interpreta-
tion of the observed data. This is often done by applying a
suitable transformation to the space in which the observa-
tional data reside.

Representations that are derived through linear trans-
formations of the original observed data have traditionally

been preferred due to their conceptual and computational
simplicity. Principal components analysis (PCA), one of
the most valuable results from applied linear algebra, is
used broadly in many forms of data analysis, including
the analysis of facial image data, because it is a simple,
non-parametric method for extracting relevant information
from complex data sets. PCA provides a dimensionality
reduction methodology that aspires to reveal a meaning-
ful causal factor underlying data formation. Whether de-
rived through second-order or higher-order statistical con-
siderations, however, linear transformations, such as PCA
[12, 14, 11] and independent components analysis (ICA)
[2, 8], are limited in their ability to support the analysis of
multifactor data formation, since linear transformations are
best suited to modeling observational data that results from
single-factor linear variation or from the linear combination
of multiple sources.

Vasilescu and Terzopoulos [16, 15] have argued that
since natural images result from the interaction between
multiple causal factors related to the imaging process, the il-
lumination, and the scene geometry, a principled mathemat-
ical approach to disentangling and explicitly representing
these causal factors essential to image formation is through
numerical multilinear algebra, the algebra of higher-order
tensors. The multilinear transformations that are involved
in this approach lead to generative models that explicitly
capture how the observed data are influenced by multiple
causal factors. In general, these causal factors may be fun-
damental physical, behavioral, or biological processes that
cause patterns of variation in the observational data, which
comprise a set of measurements or response variables that
are affected by the causal factors. Facial images in particu-
lar are the result of specific facial geometry (person, facial
expression, etc.), the pose of the head relative to the camera,
the lighting conditions, and the type of camera employed.
A multilinear transformation computes a unique represen-
tation for each causal factor and an image is represented as
a collection of causal factor representations.

In this paper, we develop a multilinear projection method
for appearance-based recognition through canonical de-
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composition, the so-called the CANDECOMP/PARAFAC
(CP) decomposition [5, 7]. Given an unlabeled facial image,
the multilinear projection maps it from the measurement,
pixel space to the multiple causal factor spaces, thus simul-
taneously inferring the identity of the person, the viewpoint
of the camera, the illumination conditions, etc., coefficient
vectors of the test image. Due to differences in the opti-
mization constraints, our multilinear projection based on CP
decomposition (MP-CP) is superior to our earlier multilin-
ear projection based on multilinear PCA (MP-MPCA) [19].
The earlier approach must first compute an intermediate
rank-(Ry, ..., Ryr) decomposition that optimizes for or-
thonormal mode matrices and that must be dimensionally
reduced [10, 9, 6, 17]. This intermediate step, which re-
quires the imposition of an orthonormality constraint, can
introduce bias, resulting in a suboptimal solution. Our new
approach employs a modified CP algorithm, which com-
putes the best fitting rank-1 decomposition without an in-
termediate step that biases the solution. To develop our new
multilinear projection algorithm, we extend and formalize
the definition of the mode-m product, the mode-m identity
tensor, and the mode-m pseudo-inverse tensor. There have
been two previous attempts at such a generalization [1, 19],
which were informal and/or incomplete.

We demonstrate multilinear projection via canonical de-
compostion in the context of facial image recognition and
compare its results against those associated with multilin-
ear projection via multilinear PCA [19] as well as against
the results associated with performing a set of multiple lin-
ear projections [16].

Finally, we discuss a strategy for developing a practical
biometric system that can enroll an uncooperative subject
from a small number of surveillance images, by represent-
ing his/her facial image(s) relative to the statistics encoded
in a multilinear model that is trained on a set of coopera-
tive subjects, and that can then recognize the uncooperative
subject in unconstrained test images.

The remainder of this paper is organized as follows: In
Section 2, we review our multilinear image analysis ap-
proach and, in particular, the TensorFaces method. Sec-
tion 3 develops our multilinear projection algorithms. Sec-
tion 4 applies the multilinear projection to face recognition
and discusses the development of a realistic face recogni-
tion system where uncooperative subjects must be enrolled
from only one or a few images and then recognized in un-
constrained test images.

2. Multilinear Image Representation

The multilinear analysis framework for appearance-
based image representation offers a potent mathematical
approach to analyzing the multifactor structure of image
ensembles and for addressing the fundamental yet difficult

\People

Figure 1. A facial image dataset. (a) 3D scans of 75 subjects,
recorded using a Cyberware™ 3030PS laser scanner as part of
the University of Freiburg 3D morphable faces database [3]. A
portion of the 4" _order data tensor D of the image ensemble used
for training. Only 4 of the 75 people are shown.

problem of disentangling the causal factors.

Multilinear transformations lead to generative models
that explicitly capture how the observed data are influenced
by multiple underlying causal factors. A multilinear trans-
formation is a nonlinear function or mapping from not just
one, but a set of M domain vector spaces R™:, 1 <3 < M,
to a range vector space R™:

T:{R™ xR™ x ... x R"M} — R™. (1)

Given the data tensor D of labeled, vectorized training
images d,.e, Where the subscripts denote person p, view
v, illumination [, and expression e labels, we can apply the
MPCA algorithm [17, 15] to compute causal mode matri-
ces U,, Uy, U, and U, as well as the TensorFaces basis
T =D x, U} x, Ul x, Ul x, U that governs the inter-
action between them (Figure 2(a)). Then the method repre-
sents an image d,,; by the relevant set of person, view, and
illumination coefficient vectors as follows:

T T T T
dpuie =T XpPp XvVy XL Xpe.. 2)

Alternatively, we can apply the MICA algorithm [18, 20],
which employs higher-order statistics to compute an MICA
basis tensor M = D x, C;f x, Cf x, C x; C;. Anal-
ogous to the MPCA case, an image can be represented with
respect to the MICA basis, as follows:

T T T T
dpuie = M Xppp Xv vy, X 1] Xpec. 3)

By comparison to linear approaches where an individual
has a representation for every image in which they ap-
pear, in the multilinear approaches discussed above, such

! An observation comprises a set of measurements or response variables
whose values are influenced by multiple underlying causal factors. The
causal factors are not directly measurable, but they are of interest, and the
variables extracted by data analysis in order to represent them are known
as explanatory variables. For example, an image is an observation whose
measurements are pixels, the values of which vary with changes in the
causal factors—scene structure, illumination, view, etc.
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Figure 2. (a) MPCA image representation d = T xppT xv VT Xy
17. (b) Given an unlabeled test image d, the associated coefficient
vectors p, v, | are estimated by decomposing the response tensor
R = T x d using a multilinear projection algorithm.

as MPCA and MICA, an individual has the same represen-
tation regardless of viewpoint, illumination, expression, etc.
This is an important advantage of multilinear models over
linear ones on which our recognition system capitalizes for
superior results.

3. Multilinear Projection

Given an unlabeled test image (probe) d and T~ or M,
we must determine the unknown coefficient vectors, p,, vy,
I;, and e, in order to recognize the person, view, illumina-
tion, and expression associated with the test image. Solving
for these vectors in (2) or (3) will, in principle, require the
computation of a pseudo-inverse of tensor 7~ or M. In
analogy with matrix algebra, this raises the following ques-
tions: How does one “invert” a tensor? When one “mul-
tiplies” a tensor with its “inverse tensor”, what should be
the resulting “identity tensor”? We will next show that an
M™ order tensor has M pseudo-inverse tensors, one with
respect to each mode, and that there are M identity tensors,

one per mode, whose structure is not diagonal with ones
along the main diagonal.

3.1. Identity and Pseudo-Inverse Tensors

First, we generalize the definition of the mode-m prod-
uct? of a tensor and a matrix to two tensors:?

Definition 3.1 (Generalized Mode-m Product) The gen-
eralized mode-m product between two tensors A €
RllxlgxmxImxmxIM and B € RJligxmemxmeM is

expressed as follows:

1. A X om B =¢C c RllX"'XINL—I><J1n><1m+1><"'><IM’
where I, = Ji...Jdm—1Jm+1 ...y, can be ex-
pressed in matrix form as Ci,,; = B,,;A ..

2 AX, B =Ce¢ RIL XX L —1 X Koy X D1 XX I
where Km = Jl e Jm—IJm+1 P JM and]m = me
can be expressed in matrix formas C,,,, = BT A .

[m]

3. A ™, B = € ¢
Lo hypidngr - I = T I - I
can be expressed in matrix form as C}, | = B, Al .

RIm>xJIm  ywhere

4‘ A TXTm B — C c RJl><"'><J7n71XIm,XJyn+1><"-><JM’
where J,, = Ii...In_1Ipms1 ... Iy, can be ex-
; ; T _RBT AT
pressed in matrix formas C, , = B, A_ .

With the above generalization, we define the mode-m iden-
tity tensor as follows:

Definition 3.2 (Mode-m Identity Tensor) Tensor I, is
a mode-m multiplicative identity tensor if and only if
T Xm A = A where A € RID<xImxxIvm gpd
Im e RIl><-~><Im_1XJm,XIm+1X-<~XI]\/[’ Where Jm —

L. Iy ilpir.. Iy

While a mode-wise identity tensor might seem to be a con-
struct peculiar to multilinear algebra, one should recall that
in linear algebra there exist left and right identity matrices
for every rectangular matrix A € R/1*/2, Whereas the left
and right identity matrices have different dimensions, they
share the same diagonal structure. By contrast, the mode-m
identity tensors are not diagonal tensors. Figure 3 illustrates
the structure of the three identity tensors of order 3.

The mode-m identity tensor can be used to tensorize
a matrix or a row vector via a mode-m product. It
does not change the values of the matrix/vector but sim-
ply reorders its elements. In particular, it can re-tensorize
a matrix obtained by matrixizing a tensor; i.e., given

2 [A X'm B] i1
2 iy Qit i i1 ing Ojmim -

°Note that there have been two previous attempts at such a generaliza-
tion [1, 19], which were informal and/or incomplete.

clm—1Jmim41 -t
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(a) (b)
Figure 3. The three identity tensors of order 3; (a) mode-1 identity
tensor; (b) mode-2 identity tensor; (c) mode-3 identity tensor.

a tensor A € RIOXxImxXXIm and an identity ten-
sor, Z,,, € RIv XX Im—1 X Im X Imp1 XXM with Jm =
L. .. Im71[m+1 ... Iy, then

Lo X Apy = A. @)

We now define a mode-m pseudo-inverse tensor that gen-
eralizes the pseudo-inverse matrix from linear algebra.

Definition 3.3 (Mode-m Pseudo-Inverse Tensor)
The mode-m pseudoinverse tensor A'm of tensor
A € RExI2xxIm gatisfies:

L (AXT, A%) %, A=A
2 (AhTx, A) T A = At

The mode-m pseudoinverse tensor A'm of A is the ten-
sorized version 0fA+T' ie., A[";:]f = [A+m]

[m] / (m]*

3.2. Multilinear Projection Algorithms

To determine the coefficient vectors that represent an un-
labeled observation (image), which is a point (vector) in
the (pixel) measurement space, we must map the observa-
tion from the measurement space to the causal factor spaces
(Figure 2). Given an unlabeled test (probe) image d and a
learned TensorFaces model 7, the image is represented as
follows:

T T T T
d = T xprp Xyry XL T, XgTy + p,

(%)

where d € RH*1X*1 and p is a residual vector that lies
outside the range of the multilinear generative model. Thus,
p is orthogonal to the TensorFaces basis 7 and p = 0 when
d lies in the subspace spanned by the basis. Thus, to com-
pute the coefficient vector representations, rp, r'y, Iy, and rg,
needed to recognize the person, view, illumination, and ex-
pression depicted in test image d, we must pseudo-invert 7~
with respect to the (pixel) measurement mode—i.e., com-
pute 7%,

In view of the above considerations, we will now derive
a general multilinear projection algorithm. To this end, we
will temporarily revert back to numbering modes for full
generality and assume that mode 1 is the measurement (e.g.,
pixel) mode. The general, M -mode form of (5) is

(6)

T T
d=7T Xory - XpmTpy+p.

Performing a mode-1 product of both sides of this equation
by the mode-1 pseudo-inverse of the TensorFaces bases, we
obtain a response tensor

R

= Thxid ©)
= Th X} TXgrg---erET---xMr;\%—i—p) ®)
= (TH XU T)xarg - X - Xarrar + (T XY p)
~ Ty XoTg XmTh - Xarci+0 ©)
= IXorg  XmTm- - XMIM Rank-(1,...,1)(10)
= Tr20rg---ory, Rank-1 (11)

where d € RIv*1<x1 and d,; = d¥, where (71 x}
T)~Z; when I < I1I3... Iy, otherwise (T x|, T) =
Z,, and where Z; € RUz2ls-Im)xIzxxIm — The three
equalities (9)-(11) can be derived using the definition of the
mode-m product # and the vec-Kronecker property . The
rank-(1, ..., 1)/rank-1 structure of the response tensor R is
amenable to a tensor decomposition using the MPCA algo-
rithm or a modified CP algorithm in order to determine the
r,, coefficient vector representations.

The multilinear projection algorithm can employ a modi-

fied CANDECOMP/PARAFAC (CP) algorithm to compute
the best fitting rank-1 term for the response tensor. Like the
MPCA algorithm, the CP algorithm takes advantage of the
structure of R. The mode-m vectors of R are multiples

of

r,, and the scalar multiples have a well defined structure

that the CP algorithm exploits. Given the structure of R, the
outer product of coefficient vectors r,, may be expressed in
matrix form as:

Rpny =~ (r2ors---orum),, (12)
= Pm(I‘M®'“®I‘m+1®rm71®---®1‘2)T
= I‘m(I‘MG'“QI‘mHQI‘mq@“‘@I‘z)T
(13)

_ T
= Tm¥m,

where o is the outer-product,  is the Kronecker product®,

O]

is the Khatri-Rao product /, and y,,, = (rpy © -+ ®

1 OT,—1©---Org). Therefore, each coefficient vector
representation is given by

= R Yo (ymYm) ' = Rimym/llyml> (14)

Given the form of y,,, we can compute its norm efficiently
using the relationship (U ® V)T (U o V) = (UTU) ®
(VTV) between the Khatri-Rao and Hadamard products 8,

4The mode-m product C = A x1 B1 -+ X By -+ - X a7 By can

be expressed in matrix form as Cp,) = By A (Bpr @+ - @ Br1 ®
Bn-1® - ®B1)T where ® is the Kronecker product.

5The vec-Kronecker property: vec(a o b) = vec(abT) = b ® a
u11V u1 VvV

The Kronecker productis U @ V =

ur’V urgV
7The Khatri-Rao product is a columnwise Kronecker product:

UV =[(u®evh). . (u®ev®)  (ub)gvl)).

U
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Algorithm 3.1 Multilinear projection (MP) algorithm with
CP, rank-1 decomposition

Input a TensorFaces basis tensor 7~ € R1 XXM @ where mode
m = 1 is the measurement mode, and an unlabeled test observa-
tion (image) d.

1. Compute the pseudo-inverse 71 (in matrix form, T[t]T ).
Compute the response tensor R := T %, d".
Initialize y,, to the column norms of Ry,,;.

Form:=2,...,M,setr,, := Rimym/||yml|.

R

Local optimization via alternating least squares:
Iterate forn :=1,..., N

Form :=2,..., M,

T =Rt @ OFm_1 OTmy1 O - Or2)/
leacll® - leman [ lem—1 |2 o2l

Set Z :="R X2 rg X M I"]I;l.h
until convergence. ¢

Output the converged causal factor representation vectors
Irs...T)p.

“Or given a MICA basis tensor M.

bNote that Z € RlM is a degenerate tensor of order M i.e., a scalar.

“Note that [V is a prespecified maximum number of iterations. A possi-
ble convergence criterion is to compute at each iteration the approximation
error e, 1= ||D —D||? and test if e,,—1 — en, < € for a sufficiently small
tolerance e.

as follows:

lyml? = ymym (15)

T T T T
= Iryru®...®r, 1 Tmt1 @,y 1Tm-1® ...TyT2

= (I‘EII‘M) e (rﬁqtlrmjtl)(rﬁflrmfl) s (I‘;FI‘2)

= eal e P e el (16)

Algorithm 3.1 is a multilinear projection algorithm via
Rank-1 analysis, which employs a modified CP algorithm,
and computes the best fitting rank-1 decomposition of R.
Each r,, is computed efficiently according to (14) with (16)
and in an iterative manner by holding all other coefficient
vectors fixed.

Next, we will summarize the multilinear projection al-
gorithm [19] that computes the coefficient vectors by ap-
plying the MPCA algorithm (MP-MPCA). Since, in prin-
ciple, the mode-m vectors of R are multiples of the r,,
coefficient vectors (e.g., for facial image recognition, r, ry,
r,, ry; cf. the framed rows/columns in Figure 2(b)), ma-
trixizing R in each mode yields rank-1 matrices, enabling
the M-mode SVD algorithm to compute the correspond-
ing coefficient vector. When dealing with facial images,
the person coefficient vector r, is the leading left-singular
vector of the SVD. In practice, the M-mode SVD [15] of
‘R may not result in a rank-(1,. .., 1) decomposition. The

MP algorithm introduced in [19] exploits the MPCA algo-
rithm [17] which achieves a locally optimal dimensionality
reduction through alternating least squares and computes a
Rank-(1, ..., 1) Multilinear Projection (MP-MPCA). MP-
MPCA first optimizes for the computation of orthonormal
mode-matrices, which is unnecessary and can result in a
rank-(Ra, ..., Rys), followed by dimensionality reduction
to achieve a rank-(1,...,1) decomposition. The first step
biases the MP-MPCA algorithm. In contrast, the CP initial-
ization computes a rank-1 analysis from the start, which is
a better initial condition since R is a rank-1 tensor.

The MP-MPCA method is sensitive to the sign indeter-
minacy of the decomposition of the response tensor; i.e., for
any pair of factor representation vectors,

R =~ rzo0---0r;0:---0r;0---0r) (17)

= rp0:-+0—T;0---0—r;0---0T)p, (18)

and alternative decompositions can be obtained by flipping

the signs of any number of vector pairs. Sign consistency
in the MP-MPCA can be achieved analogously to how one
might achieve consistency in choosing PCA basis vectors
[4]. Note, however, that the MP-CP method starts with a
consistent initialization condition, so it is less prone to sign
indeterminacy.

The application of the MP-PCA Algorithm or the MP-
CP Algorithm 3.1 to an unlabeled test image d yields causal
factor representation vectors rs, ..., r,s. For recognition,
we assign causal mode labels to d by computing a cosine
similarity measure between r,,, and each of the I, rows ciT
of U,,: -

C; I'm

el 9
The probe d is assigned the label ¢, where 1 < i < I,
of the signature ¢! that maximizes (19). In the particular
context of facial image recognition, we denote the r,, vec-
tors computed by the MP algorithms as r;, ry, r;, and r,
in association with the people, views, illuminations, and ex-
pressions modes, respectively. To recognize the unlabeled
test image d, we maximize the set of similarity measures

arg max
i

ErP VEI‘V
argmax ————r; argmax —————;
p IPolllrell v velllley]
llTrL e;rrE
arg max — ———; argmax ; (20)
e el e lleclllirell’

that for r,, ry, r;, and r;; find the best matching signatures;
1.e., TOWS pg, VE, l;f, and eg of the causal mode matri-
ces U,, Uy, U, and Uy, respectively. Evaluating the set
of similarity measures together enables us to recognize the
probe image d as depicting person p in view v, illumination
[, and expression e.

Figure 4 illustrates the architecture of our multilin-
ear recognition system, showing the TensorFaces (MPCA)
model using (20). Of course, if we are interested only in rec-

ognizing the person depicted in d, we can achieve savings
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by storing only the person signatures U, and performing
only the first similarity optimization in (20).

4. Facial Image Recognition Experiments

We will now evaluate the recognition algorithms that we
have developed in this paper. There are a number of mean-
ingful experimental scenarios: We employ the Freiburg im-
age database (Figure 1). We represent images by using an
MPCA (TensorFaces) model, and in the testing phase we
recognize unlabeled test images (probes) by first inferring
their coefficient vector representations and then using a sim-
ilarity measure to label the probes, thus achieving recogni-
tion. The inference step may be accomplished using (i) the
multiple linear projection (MLP) method [16], or (ii) the
multilinear projection (MP) method implemented either (a)
by MP-MPCA [19] or (b) by our MP-CP (Algorithm 3.1).

In all the experiments reported below, people depicted
in unlabeled test images (probes), which were not part
of the training set, are recognized by inferring the per-
son representation associated with the test image and
choosing the person label using the similarity methods
argmin,, ;. [|[Pp — Tvie||, for MLP and (19) for MP.

Our next experiments employed the Freiburg facial im-
age dataset of 16,875 images and the data tensor D illus-
trated in Figure 1.

The trained MPCA (TensorFaces) basis and mode matri-
ces have dimensions 7~ € R8%60x74x3x1 17 ¢ R75x74
U, € R%3 and U, € RY*L. Thus, the TensorFaces ba-
sis tensors contains 222 basis vectors. However, an image is
represented by 7443+ 1 = 78 parameters. The MPCA im-
age representations and response tensors are shown in Fig-
ure 2.

We trained the TensorFaces model and obtained recog-
nition results employing the different projection algorithms
to compute the person representations of unlabeled test im-
ages (probes). Table 1 compares the recognition rates ob-
tained when applying the multiple linear projections (MLP)
method and when applying the multilinear projection the
MP-MPCA algorithm or with our MP-CP algorithm. Note
that our MP-CP algorithm outperforms the MP-MPCA al-
gorithm used in the previous recognition experiment.

Table 2 provides a detailed study of how dimensionality
reduction in the trained TensorFaces model affects recog-
nition rates when using the MP-CP algorithm. The table
shows recognition percentage rates obtained for the number
of people, view, and illumination basis vectors retained as
indicated along each axis.

4.1. Practical Face Recognition

Our multilinear framework is clearly relevant to biomet-
ric systems. A big challenge for a face recognition system in
real-world use is enrolling unwilling participants from one

people
dimension

viewpoint

dimension
2143 | 6145 | 97.09 | 9593 0.02 0

1

2| 278 942 | 14.16 543 0.26 1.20
3| 3.28 1.07 5.25 405 |3552 0.13
4] 156 1.81 3.08 229 | 1144 | 6581
5] 151 3.52 2.16 2.16 1.78 | 1473
6| 260 5.00 2.04 1.51 3.97 2.34

illumination
dimension

Table 2. Recognition rates obtained by the MP-CP, rank-1 recog-
nition algorithm with the MPCA (TensorFaces) model subject to
various dimensionality reductions. The table shows percentage
recognition rates obtained for the number of people, view, and
illumination basis vectors retained that are indicated along each
axis.

or more unconstrained surveillance images and recognizing
them under different imaging conditions. Such a system
might be structured as shown in Figure 4. First, a multilin-
ear model is learned from a (hopefully large and represen-
tative) set of cooperative participants representative of the
human population, each of whom ideally supply a complete
set of training images acquired from multiple views, under
multiple illuminations, in multiple expressions, etc., thus
learning how the different causal factors interact to form an
image. An uncooperative subject whose face is detected in
one or more surveillance images can then be enrolled into
the system, by representing his/her facial image(s) relative
to the statistics encoded in the learned model.

Since an individual has the same person representation
in a multilinear framework regardless of other imaging con-
ditions, the person representation is extracted by decompos-
ing the surveillance image(s). The multilinear basis tensor
T or M learnt from the training data is employed and a
surveillance image is decomposed by employing multilin-
ear projection (Algorithm 3.1). When more than one im-
age is available, a more robust person representation can be
computed by exploiting all the available images and Step
4 of the MP-CP (Algorithm 3.1) is modified for the person
mode. Thus, we compute a R; for every image ¢ and an
associated y,, ; for every image when mode m is the per-
son mode (Steps 2-3 of Algorithm 3.1). Step 4 integrates all
this information by defining Ry, = [Rjq - Ry, -+ -]
Yo = 5 yE T and r = Reyo/ [Vl
when m is the person mode. The collection of people rep-
resentations U, can be augmented and employed in recog-
nition. Since a person representation is invariant of the
other causal factor associated with image formation, the
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MPCA: MLP vs. MP-MPCA vs. MP-CP Recognition Experiment MLP MP-MPCA | MP-CP
Training: 75 people, 6 views (0 = +35, £20, £5, ¢ = 0),

6 illuminations (0 = 45, ¢ = 90 4 0, § = £35, 20, +5)

Testing: 75 people, 9 views (¢ = 0 £ 10, £15, +25, + = 30), 92.67% 92.65% 96.81%
9 illuminations (0 = 90 + §, 6 = +35,+20,+£5,6 = 0)

Table 1. Facial recognition rates when using the image dataset in Figure 1 to train a TensorFaces model and using the MLP and MP

recognition methods.

person representation extracted from a few surveillance im-
ages should enable the recognition of the subject from an
arbitrary, unlabeled image, as illustrated at the bottom of
the figure. This should also make it possible, in principle,
to synthesize a complete image set of training images for
the subject.

Implementing a prototype recognition system of this
kind, especially one that would also support the multilin-
ear fusion of multimodality biometric data (e.g., video and
speech) would be a worthwhile future goal.

5. Conclusion

We have introduced a multilinear projection via a rank-1
analysis that employs a modified CP algorithm by extend-
ing the underlying mathematics through a generalization of
the mode-m product, mode-m identity tensor, and mode-m
pseudo-inverse tensor. Our multilinear projection algorithm
was applied to facial image recognition and its results were
compared with the results achieved by applying a set of
multiple linear projections (MLP) [16] as well as the results
achieved with multilinear projection that employs MPCA
(MP-MPCA) [19]. A detailed study was made of the recog-
nition rates obtained with the Tensorfaces model using the
MP-CP and rank-1 algorithms subject to various dimension-
ality reductions. A strategy for practical biometric systems
was also discussed, where an uncooperative subject can be
enrolled into the biometric system from a small number of
images and then recognized in unconstrained test images.
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