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Abstract—Pattern recognition problems often suffer from
the larger intra-class variation due to situation variations
such as pose, walking speed, and clothing variations in gait
recognition. This paper describes a method of discriminant
subspace analysis focused on situation cluster pair. In training
phase, both a situation cluster discriminant subspace and class
discriminant subspaces for the situation cluster pair by using
training samples of non recognition-target classes. In testing
phase, given a matching pair of patterns of recognition-target
classes, posterior of situation cluster pairs is estimated at first,
and then the distance is calculated in the corresponding cluster-
pairwise class discriminant subspace. The experiments both
with simulation data and real data show the effectiveness of
the proposed method.
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I. INTRODUCTION

Discriminant subspace analysis has been one of the most
important topics in the pattern recognition research. The
most traditional approach is Linear Discriminant Anal-
ysis (LDA)[1]. Although LDA have been widely used
in many pattern recognition problems such as biometric
authentication[2], it is often the case that the difference
between the patterns of the same class is larger than that
between different classes due to the situation variation. For
example, in gait recognition, pose, walking speed, and cloth-
ing variations often overwhelm the inter-person variations.

One of solutions to the large intra-class variation is
Cluster-based Discriminant Analysis (CDA)[3] or Local
Fisher Discriminant Analysis (LFDA)[4]. The method works
well if training samples of each recognition-target class for
each situation cluster are given, it is, however, difficult to
completely collect such samples in practice. For example,
it is almost impossible to capture biometric signatures of
criminal candidates with situation variations for a surveil-
lance system or an access control system.

On the other hand, it is relatively easy to collect biometric
signatures of non recognition-target classes (e.g. members of
a laboratory, colleagues of a company, or part time-job or
volunteer workers for data aquisition) with situation vari-
ations. Actually, several databases with situation variations
are open to public in biometrics research areas[5][6].

In addition, we can notice that the situation cluster recog-
nition problem is easier than the original class recognition
problem in case where the intra-class variation overwhelms

the inter-class variation and where the situations inducing the
large intra-class variation are well clustered. This is because
small inter-class variation and large intra-class variation in
the original problem are converted into small intra-class
variation and large inter-class variation in the situation
cluster recognition problem.

In such case, once a discriminant subspace for each
situation cluster pair, that is, Cluster-Pairwise Discriminant
Analysis (CPDA) subspace, is constructed with training
samples of non recognition-target classes in advance, we can
choose an appropriate CPDA subspace based on a situation
cluster pair recognized for a pair of patterns of recognition-
target classes in a test phase. Note that the CPDA subspace
is more efficient than a generic discriminant subspace for
all the situation clusters because intra-class variation only
by two situation clusters should be less than that by all the
situations. In fact, this kind of pairwise analysis is taken into
consideration in several works[7][8][9] and contributes to
performance improvement. Note that this paper considers a
pair of situation clusters while the works[7][8][9] considers
a pair of classes.

II. TRAINING OF CPDA

A. Dimension reduction

As preprocessing to discriminant analysis, data dimension
is reduced in order to avoid curse of dimension and for
computational cost reduction. For this purpose, Principal
Component Analysis (PCA) is used for vector-form data,
and Concurrent Subspaces Analysis (CSA)[10] is used for
matrix-form data (2nd order tensor) such as images or even
higher order tensors. The reduced dimension is decided so
as that the information loss is less than 1% in both cases.

B. Cluster discriminant subspace

Next step is construction of a discriminant subspace of
situation clusters. Let a dimension-reduced feature vector of
ith training sample be x i, and a cluster label of ith sample is
assumed to be given by a supervised way or an unsupervised
way (e.g. by certain clustering methods) as li. Next, indice
sets of all the training samples, and rth cluster are defined
as I = {1, . . . , N} and Ir = {i|li = r, i ∈ I} respectively.
Then, the optimal projection to a discriminant subspace of

2010 International Conference on Pattern Recognition

1051-4651/10 $26.00 © 2010 IEEE

DOI 10.1109/ICPR.2010.146

581

2010 International Conference on Pattern Recognition

1051-4651/10 $26.00 © 2010 IEEE

DOI 10.1109/ICPR.2010.146

581

2010 International Conference on Pattern Recognition

1051-4651/10 $26.00 © 2010 IEEE

DOI 10.1109/ICPR.2010.146

577

2010 International Conference on Pattern Recognition

1051-4651/10 $26.00 © 2010 IEEE

DOI 10.1109/ICPR.2010.146

577

2010 International Conference on Pattern Recognition

1051-4651/10 $26.00 © 2010 IEEE

DOI 10.1109/ICPR.2010.146

577



the clusters is obtained as

U∗ = arg max
U

∑
r nr||UT x̄ r − UT x̄ ||2∑
i∈I ||UTx i − UT x̄ li ||2

= arg max
U

trace(UT SbU)
trace(UT SwU)

(1)

where nr is the number of rth cluster’s training samples,
and x̄ r and x̄ are rth cluster average and a total average
respectively. Moreover, Sb and Sw are between-cluster and
within-cluster covariance matrices respectively. Then, eq.
(1) is solved by the following generalized eigen value
decomposition.

Sbu = λSwu (2)

Finally, the optimal projection matrix U∗ is obtained as a set
of column eigen vectors u with the largest eigen values λ,
and then the dimension reduces feature vector x is projected
to y in the cluster discriminant subspace as y = (U∗)Tx .

C. Class discriminant subspaces for cluster pairs

Subsequently, class discriminant subspace for cluster pair
is formulated. Let class label of ith training sample and
indices sets of cth class be mi and Ic = {i|mi = c, i ∈ I}
respectively. In addition, let indice set of pair of rth and sth
clusters be I(r,s) = Ir ∪ Is. Then, the optimal projection
to a class discriminant subspace for a cluster pair (r, s) is
obtained as

V (r,s)∗= arg max
V

∑
c n

(r,s)
c ||V T x̄

(r,s)
c −V T x̄ (r,s)||2∑

i∈I(r,s) ||V Tx i − V T x̄
(r,s)
mi ||2

= arg max
V

trace(V T S
(r,s)
b V )

trace(V T S
(r,s)
w V )

, (3)

where n
(r,s)
c is the number of training samples of cth class,

and x̄
(r,s)
c and x̄ (r,s) are cth class average and a total average

respectively. Moreover, S
(r,s)
b and S

(r,s)
w are between-class

and within-class covariance matrices respectively. Note that
the above variables are defined for a cluster pair (r, s). Then,
eq. (3) is solved in the same way as the cluster discriminant
subspace, and the projected feature vector onto the cluster-
pairwise class discriminant subspace is defined as z (r,s) =
(V (r,s)∗)Tx .

Although LDA is exploited as discriminant analysis in
the previous and this sections, DATER[11] can be applied
for matrix-form or even higher tensor-form data in the same
framework.

III. MATCHING

A. Cluster posterior estimation

Cluster posterior is estimated by non-parametric Probabil-
ity Density Function (PDF) based on kNN Gaussian kernel.
First, let p and yp be a probe (input data) and its feature
vector in the cluster discriminant space respectively. Then,
let IkNN

p be indices set of k nearest training samples to the

probe feature vector yp. Thus, rth cluster posterior P (r|p)
is calculated based on the Bayesian rule as

P (r|p) =
1
Zp

∑
i∈IkNN

p ∩Ir

exp
( ||y i − yp||2

2σ2
p

)
(4)

σ2
p =

1
k

∑
i∈IkNN

p

||y i − yp||2, (5)

where Zp is a distribution function for probability normal-
ization

∑
r P (r|p) = 1. As for a gallery (enrolled data) g,

the cluster posterior is basically defined in the same way.
In addition, it may be possible in some applications to

uniform the cluster in all the galleries. For example, it
is relatively feasible to uniform the clothes type in gait-
biometrics enrollments. In such case, the common sth cluster
posterior of all the galleries is estimated in more robust way
as

P (s|G) =
1

ZG

∑
g∈G

∑
i∈IkNN

g ∩Is

exp
( ||y i − yg||2

2σ(yg)2

)
, (6)

where G is set of all the galleries.
Finally, the posterior of cluster pair (r, s) for a probe p and

a gallery set G is derived based on observation independence
of the probe and the gallery as

P ((r, s)|p,G) = P (r|p)P (s|G). (7)

B. Distance in CPDA subspace

Given feature vectors of a probe p and a gallery g in the
class discriminant subspace for cluster pair (r, s) as z

(r,s)
p

and z
(r,s)
g , the Euclidean distance d(r,s)(p, g) is defined as

d(r,s)(p, g) = ||z (r,s)
p − z (r,s)

g ||. (8)

Then, the distances to all the galleries are z-normalized[12]
for better performance in verification scenarios as

d(r,s)(p, g;G) =
d(r,s)(p, g) − μ

(r,s)
d (p,G)

σ
(r,s)
d (p,G)

(9)

μ
(r,s)
d (p,G) =

1
|G|

∑
g∈G

d(r,s)(p, g) (10)

σ
(r,s)
d (p,G) =

1
|G|

∑
g∈G

(d(r,s)(p,g)−μ
(r,s)
d (p,G))2. (11)

C. Integration

In this section, we describe two methods to integrate a
set of distances of all the cluster pairs. The first method is
just adopting the distance of the cluster pair with the max
posterior

Dmax(p, g;G) = d(r∗,s∗)(p, g;G) (12)

(r∗, s∗) = arg max
(r,s)

P ((r, s)|p,G). (13)
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The second method is taking expectation of the distances,
that is, cluster posterior-expected distance

Dexp(p, g;G)=
∑
(r,s)

P ((r, s)|p,G)d(r,s)(p, g;G). (14)

IV. EXPERIMENTS

A. Simulation data

To confirm the effectiveness of the proposed CPDA,
simulation experiments are conducted in this section. First,
dimension of original feature vectors, the number of classes
and the number of clusters are set as M = 10, Nclass =
10, and Ncluster = 5 respectively. Each cluster center
x̄ r is drawn from a uniform distribution in the domain
Rcluster = {x |x ∈ R

M , |xj | ≤ bcluster∀j}. Next, each
class center displacement from each cluster center x̄ c is
drawn from a uniform distribution in the domain Rclass =
{x |x ∈ R

M , |xj | ≤ bclass∀j}, and cth class center for
rth cluster is defined as x̄ r

c = x̄ r + x̄ c. The uniform
distribution boundaries are set as bcluster = 5 and bclass = 1
respectively by considering the problem setting where inter-
cluster variance is larger than inter-class variance. Then,
Nsample = 100 samples are drawn from Gaussian dis-
tribution N (x̄ r

c , σ
2IM ) with σ = 0.1 for each class and

cluster, and therefore the total number of samples sums up
to NclusterNclassNsample = 5000.

In the problem setting defined in this paper, the training
classes and test classes should be separated, the first 5 classes
and the last 5 classes are used for training (non-recognition
targets) and testing (recognition target) respectively. In ad-
dition, gallery samples are drawn only from one cluster in
this problem setting, samples in the first cluster and the other
clusters of the last 5 classes are assigned to the galleries and
the probes respectively. The drawn samples in training and
test sets are projected in PCA space as shown in Fig. 1.

Then, the conventional LDA and the proposed CPDA
subspace are trained from the training samples respectively,
and subsequently the test samples are projected onto the
LDA and the CPDA subspace as shown in Fig. 2. As a result,
we can see the intra-class variations in the CPDA subspace
are well suppressed whereas those in the LDA subspace are
diverged.

Finally, performance in a verification scenario is eval-
uated. The Receiver Operating Characteristics (ROC)
curve[12] is the most commonly used in this area, which
indicates a tradeoff between false rejection and false accep-
tance when the receiver changes an acceptance threshold.
The ROC curves for PCA, LDA, and CPDA subspace are
shown in Fig. 4(a). We can see the CPDA achieves the lowest
false rejection rate for all the false acceptance rates.

B. Real data

Another experiment was conducted on real data in a gait
verification problem under clothing variation. The dataset
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Figure 1. Projection onto PCA space. In legend of (b), (G) and (P) mean
gallery and probe respectively. Note that the clusters of gallery and probe
are different in (b).
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(b) CPDA space
Figure 2. Projection onto discriminant subspaces for a pair of gallery (1st
cluster) and a part of probe (2nd cluster) are plotted.

includes 2120 sequences of 68 subjects with at most 32 com-
binations of clothing types. A part of clothing variation used
in this experiment is shown in Fig. 3. From each sequence, a
silhouette sequence is extracted by background subtraction-
based graph-cut segmentation[13] and it is scaled to 128 by
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Figure 3. A part of clothing variation
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Figure 4. ROC curves.

88 pixel-sized images. Then, the averaged silhouette[14][2]
extracted from the silhouette sequence is used as original
feature. Because the averaged silhouette is originally matrix-
form data, CSA[10] and DATER[11] are exploited instead
of PCA and LDA respectively. Finally, the clothing types
are clustered into 11 clusters by Ward’s method based on
feature distances in the CSA space.

The gait verification performance is evaluated by ROC
curve as shown in Fig. 4(b) with several comparison meth-
ods, that is, CSA, DATER, and one of the state-of-the-
art approaches to the clothing-invariant gait recognition:
part-based frequency-domain feature[15]. As a result, the
proposed CPDA with two integration methods (distance with
max cluster pair posterior and cluster pair posterior-expected
distance) outperform the other methods.

V. CONCLUSION

This paper describes a method of discriminant subspace
analysis focused on situation cluster pair. In training phase,
both a situation cluster discriminant subspace and class
discriminant subspaces for the situation cluster pair by using
training samples of non recognition-target classes. In testing
phase, given a matching pair of patterns of recognition-target
classes, posterior of situation cluster pairs is estimated by
non-parametric probability density estimation based on kNN
Gaussian kernel at first, and then the distance is calculated
in the corresponding cluster-pairwise class discriminant sub-
space. The effectiveness of the proposed method is shown
by the experiments both with simulation data and real data
in terms of verification performance.

One of future works is further analysis of the effects of
the numbers of situation clusters and classes, the ratio of
intra-class variation to inter-class variation, on recognition
performance.
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