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Subspace learning methods have played an important role on handling the high-dimensional gait template for
human identification. Particularly, linear discriminant analysis (LDA) method has been widely applied to find
one discriminant low-dimensional subspace for gait recognition. However, when gait templates changed by
clothing, view angle, load carrying and road surface variants, only learning one single subspace is prone to
dropping into local optimum. In this paper, a subspace ensemble learning using totally-corrective boosting
(SEL_TCB) framework and its tensor-based and local patch-based extensions are proposed for gait recognition.
In this framework, multiple discriminant subspaces are iteratively learned using totally-corrective boosting
technology to preserve the proximity relationships described by instance triplets. Meanwhile, by constructing
different triplet set, the presented framework can deal with complex application environments. Further, we
extend SEL_TCB framework to tensor SEL_TCB (TSEL_TCB) framework which effectively preserves the
structural information of the gait template. Meanwhile, compared with the holistic appearance-based SEL,_TCB
framework, a local patch-based SEL_TCB (LPSEL_TCB) framework is proposed, which iteratively learns
multiple discriminant subspaces corresponding to several local patches selected from the gait template. The
proposed method is compared with the recently published gait recognition approaches on USF HumanID
database and CASIA Gait database. Experimental results indicate that the proposed method achieves highly
competitive performance against state-of-the-art gait recognition approaches.

1. Introduction

changes, such as shoes, clothing, view angle, load carrying, road
surface, etc [1].

The gait analysis has widely applied to a variety of applications. For
example, in human identification applications the walking patterns,
termed gait as a behavioral biometric are characterized to identify
people from image sequences [1-3]. For the diagnosis of neuro-
degenerative diseases such as Parkinson's disease, biomedical signals
are extracted from the gait in a non-invasive way [4-7].

As an effective tool for human identification at a distance, gait
recognition has recently attracted wide attention in the computer vision
field [8—10]. In particular, gait has the irreplaceable advantage for the
availability at a distance in visual surveillance [8]. Due to limitation in
environmental condition, camera view, hardware device and people
compatibility, some physiological biometrics such as face, iris and
fingerprint are inadequate ability to identify people at a distance.
Although gait recognition can perform at a distance without user
cooperation, it is still a challenging task, due to various condition
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Silhouette images of walking human have proven to be very useful
when used to identify people at a distance [9,11-13]. During the last
decade, many silhouette based methods have been proposed [9,14-17].
For instance, Han and Bhanu [9] extracted gait energy image (GEI) by
averaging gait silhouettes across a gait cycle for individual recognition.
In Liu and Sarkar [14], a population Hidden Markov Model (pHMM) is
trained using manually extracted silhouettes for gait dynamics normal-
ization. Huang and Boulgouris [15] proposed shifted energy image
(SEI) to normalize the horizontal centers of different areas in GEI.
Wang et al. [16] proposed a temporal template, named Chrono-Gait
Image (CGI), which utilizes a multichannel mapping function to extend
GEI template for preserving more temporal information in a gait
sequence. Choudhury and Tjahjadi [17] applied Gaussian filter to a GEI
to generate a multiscale gait image in order to improve the robustness
to carrying conditions and clothing variation.
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In the silhouette based gait recognition, silhouette images or the
gait templates such as GEI are often high-dimensional. To deal with
those high-dimensional data, an efficient feature reduction algorithm is
necessary [18,19]. Veres et al. [18] analyzed the importance for gait
recognition of image information by using two statistical analysis
methods but not for the purpose of classification. Dupuis et al. [19]
ranked features’ importance by using the Random Forest algorithm to
select the most discriminant features. In Han and Bhanu [9], linear
discriminant analysis (LDA) is used to learn a discriminant low-
dimensional subspace where between-class scatter matrix is maximized
while within-class scatter matrix is minimized. To preserve the matrix
structure of an image, the vector-based discriminant analysis is
extended to the matrix-based one by [20-22]. Some methods further
perform the multilinear analysis on third-order tensor to fully preserve
the spatial and temporal correlations of the silhouette sequence [23—
25]. However, when silhouettes suffer to significant transformation
differences caused by clothing, view angle, load carrying or road surface
variants, these methods generally obtain a suboptimal subspace rather
than a global optimal one [26].

To address these problems, several subspace ensemble learning
methods [26—29] have been proposed to learn a complex manifold by
combining the multiple linear subspaces by using random sampling,
boosting and clustering techniques. In [27], Adaboost algorithm is
utilized to combine a number of low-rank positive semidefinite (PSD)
matrices for metric learning. However, for high-dimensional data such
as GEI, training each rank-one PSD matrix is computationally ex-
pensive. In [28], to reduce the effect of covariate factors in gait
recognition, Guan et al. proposed a random subspace learning method
to combine amount of local enhancing classifiers in the randomly
extracted subspaces, which achieve the excellent recognition perfor-
mance. They also proposed the hybrid decision-level fusion strategy to
further improve the accuracy. However, it often needs a large number
of random subspaces and evenly combine them, which is very
inefficient. On the other hand, they indicated that local regions have
different discriminative abilities to different application conditions, and
in some conditions certain local region is even more effective than the
whole gait in [30,31]. Rida et al. [32] proposed to utilize group Lasso
learning algorithm to select the most discriminative human body part.

In this paper, we present a novel subspace ensemble learning using
totally-corrective boosting (SEL_TCB) framework and its tensor and
local patch-based extensions to learn multiple discriminant subspaces
for gait recognition. We aim to learn and calculate the weighted
optimum combination of the discriminant features in the multiple
subspaces. First, we construct the triplet set to describe the class
relationships among training samples. Specifically, for each instance
triplet (i, j, k), the class label of instance i is the same with instance j
and is different from instance k. Then, by using totally-corrective
technique [33], we iteratively learn the multiple subspaces based on the
different weight distributions on the triplet set, in order to preserve the
proximity relationships among instance triplets: instance 7 is closer to
instance j than to instance k. Finally, we give the weighted combination
of the learned subspaces for recognition. Further, we propose the
tensor SEL_TCB (TSEL_TCB) framework to cover the tensor data.
Meanwhile, the local patch-based SEL_TCB (LPSEL_TCB) framework
is proposed to solve the local patch-based subspace ensemble learning
problem. The experimental results on USF HumanID database [8] and
CASIA gait database [34] clearly demonstrate the efficacy of the
proposed algorithms. To the best of our knowledge, the totally-
corrective boosting technique is first applied to subspace ensemble
learning for biometric authentication.

We presented a preliminary version of patch-based extension of the
new algorithm in [35]. Compared with the previous work, we present
several novelties in the method as described below. Moreover, we
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extensively evaluate the sensitivity of our method with respect to
different parameters, and also validate our method with an additional
CASIA gait dataset [34].

® We propose a general subspace ensemble via totally-corrective
learning framework based on the vector form of the feature
representation.

This paper presents three triplet building methods which increase
the training efficiency of the proposed method.

We propose a tensor extension of the proposed subspace ensemble
learning algorithm which can effectively learn and combine multiple
subspaces for the feature representation in the tensor form.

The rest of the paper is organized as follows: Section 2 details the
SEL_TCB framework and the building method of the triplet set. Its
tensor-based and local patch-based extensions are presented in Section
3. Experiments are performed and analyzed in Section 4. Finally, the
conclusion is drawn in Section 5.

2. Subspace ensemble learning using totally-corrective
boosting

2.1. Subspace ensemble learning framework

A 2D image I is rearranged in column to a vector w € R?, where d is
the number of pixels in I. Consider a training set
(W, )W € RY, g € [1,2,...,Cl, i = 1, 2,....N}, where w; is the i-th training sam-
ple, c; is the corresponding class label, and C and N are respectively the
number of classes and samples. Let matrix W = [w, wy,...,wy] € ROV,
Let 7. and n. respectively denote the index set and the number of
samples belonging to the c-th class. First, we construct the triplet index
set of samples 7= {(in, j,» k)ICip, = Cjyp Cipy # Chyr m = 1, 2,....M}, where M is
the cardinality of 7. The SEL_TCB framework learns a set of subspace
projection matrices {VIV; € R™%, ¢ = 1, 2,...,1} with the corresponding
weight vector a = [aj, ay,...,q]", and then projects w into multiple
subspaces and combine them as follows:

fw) = [(Ja Viw) (ya Viw)" - (Ja Viw)' " (¢))

The goal of the SEL_TCB framework is that for any triplet
(im> s km)f (W;,) is more similar to f(w; ) than to f(wg,).

For each subspace projection matrix V,, ¢, < d. We define h,,,; as
follows:
g = |1V} AW, [P = F IV AW, I @)
where F >0 is the tuning parameter, Aw;,; e w;, —w; and ||
denotes the >, norm operator. Then, according to the totally-corrective
boosting algorithm, the subspace ensemble problem can be formulated
through optimizing the soft margin defined in the following linear
programming (LP)

M 1
maxp =D X Gn st Dahm2p—Cm m=1,2..M
alp m=1 =1
1
Ya=1, &nz0, m=1,2..M; a>0, t=1,2..1
=1

(3)

where {,,, is the slack variable to enable soft margin, and D > 0 is the
regularization parameter which penalizes the slack variables. If F is
large, then the subspace tends to minimize the distance between
samples from the same class. On the other hand, if F is small, then
the subspace prefers to maximizing the distance between samples from
different classes. The norm of each column vector of V, is normalized to
1,ie, VIV, =L
The Lagrangian dual problem of (3) can be defined as
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M
max minL = —p + D Z Cn —
u.f.g.qad.p

M !
Z um[z arhmr —-pt (m]

m=1 m=1 t=1

1
—ﬂ[zaz - 1] -g'¢-qa
t=1

Q)

with u = [u,] >0, g >0 and q > 0. After the first derivative of the
Lagrangian (4) w.r.t. the primal variables a, ¢ and p to be equal to 0, the
Lagrange (4) can be updated as

M
minf s. t Z Unhm <, 1
uf

1,2,...1

m=1

M=

up=1, 0<u,<D, m=12..M

(5)

m

The detail derivation of (5) is provided in Appendix.
By the column generation algorithm [33], the subproblem for
learning the projection matrix V, is computed as

M M
T T T
max >t = tr[V, [Z Uy (AW, AWD o — FAW,, ijwl.mjm)]V,]
't

m=1 m=1

(6)
where tr (-) denotes the trace operator. Let matrix
M
B= Y (AW, AWL , — FAW,; AW! )
m=1 (7)

where @, € R¥*¢, and then columns of the optimal projection matrix V;
are the normalized eigenvectors corresponding to the first g, largest
eigenvalues [4;, 4, ....4,] of @,.

To reduce the computational cost of @, and be convenient for the
following analysis, we construct two directed weighted graphs: the
intrinsic graph G = {W, S} and the penalty graph G’ = {W, S*}.
Specifically, W is the vertex set, and S € R%*“ and S” € RV*V respec-
tively denote the similarity matrix of the corresponding graph.
According to the triplet set 7 and the corresponding weight u,
elements Sy;, S;i¥ of S and S” are defined as follows:

: e 4P
%:{Zw%w,ﬂ%¢® ‘yz{zﬁﬁ%’“%¢®

o 9
0, else 0, else

®
where ¢; = {mli,, = i, j, =j} and ¢ = {mli,, = i, k, = j}. Because G
and G* are directed graphs, S and S” can be asymmetrical matrices.

We define the diagonal matrix D and the Laplacian matrix L of G and
the diagonal matrix D? and the Laplacian matrix I of G¥ as follows:

L=D-S5 Di= 2 S+S» Vi
J

'=D"-58" Dl= ) s+
J

b
sP,

Y

9
where S = S + ST and S” = S + SPT. Then, @, in (7) can be rewritten
in the form of matrix as

N N N N
D= 0 0 SE W= wWi = W)T = F X D Sy(w, — w)(w; — W)

i=1 j=I priem

=WIEWT - FWLWT = W - FL)WT

(10)

Note when the dimensionality d is high, directly solving the
eigenvalue problem of d x d matrix @, is intractable. Fortunately, we
can determine the first g, eigenvectors by solving eigenvalue problem
of a much smaller N x N matrix and making linear combinations of the
resulting vectors. Let matrix ¥ = (I’ — FL)WTW € RV*V, After calcu-
lating the eigenvector v corresponding the eigenvalue A of ¥, the
eigenvector v’ and the corresponding eigenvalue A’ of @, can be
determined as v/ = Wy, 1’ = 4.

Algorithm 1. Subspace Ensemble Learning via Totally-corrective
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Boosting.

Input: The training samples W, the triplet index set 7~ and the
maximum iteration number L.
Initialization: Initialize u,,, to be 1/M.
for /=1 to L do

- Based on 7~ and [u,,], construct matrices S and S* according to
(8

- Calculate the optimal projection matrix V, by solving the ei-
genvectors of @; in (10);

- Calculate [A,,] according to (2)

if ZZZI Unhy < f then Break; end if

- Add h,,,; to the dual problem (5);

- Minimize B and update [«,,] according to (5) using the primal-
dual interior-point LP solver;
end for
Calculate the weight vector a according to (3).
Output: The weight vector a and the projection matrix set
{(Vit=1,2,...,L}.

As a summary, the algorithm for the proposed SEL_TCB framework
is presented in Algorithm 1. We define the stopping criterion
ZZ:I unhy < B that guarantees that the optimal subspace ensemble
has been found. Specifically, in each iteration (/), if after learning
projection matrices, ZZ:I tyh,y < B or reach the maximum number of
iterations, the algorithm will terminate. The criteria Zf‘:zl Wl > B

guarantees that the value of the objective p — DZf‘n/I:Ig“,,, can be

increased, and the maximum number of iterations can prevent over-
fitting. We iteratively learn multiple subspaces based on the column
generation technique in linear programming. At each iteration, the
weights of all the learned subspaces are updated. Finally, we explicitly
give the weighted combination of the learned subspaces.
It is worthwhile noting that at each iteration, the learned projection

matrix V, subjects to:
max 1 (VIWIXWTY) — Frr (VVWLWTY)

Vi an
In the above formula, learning the projection matrix V, can essentially
be regarded as linearization of the graph embedding [36], which finds a
linear low-dimensional subspace to preserve the similarity property of
the intrinsic graph G and at the same time suppress the similarity
characteristics described by the penalty graph G¥.

2.2. Building the triplets

According to the given class labels {¢;}, we can totally obtain
Zlen((nc — 1)(N — n.) triplets. If all the triplets are used to train
SEL_TCB, then the objective function in (6) is updated as

c c
T T T
n{?xtr vV, E E i AWy Awy — F E E u';; AW AW; |V,

c=1 i€mekene c=1 i\j€nciti

(12)

where uy = %, . _ u,and u'y = Zim=i‘/m=i Uy

According to (12), the purpose of learning matrix V; is to maximize
the covariance matrix of intrapersonal subspace while to minimize
covariance matrix of extrapersonal subspace in the projective feature
space, based on the training samples with different weight distributions
[37]. However, when the number of the training samples is large, the
total number of triplets would be so large that solving the problem (5)
becomes computationally infeasible. Therefore, when dealing with
large training set, we should build a reasonable triplet set to effectively
learn subspaces, similar to (12), while avoid the number of triplets
from becoming too large.
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LDA-based triplet set:LDA finds the most discriminant subspace
B by maximizing the ratio between the interclass scatter matrix Sp and
the intraclass scatter matrix S,,, as follows:

B'S,B
B =arg n};ax B, B
c
Sp= 2 Y (m, - wym, - w)T,
c=1i€ne
c

= D ne(m. = m)(m, — m)T

c=1

(13)

where m, Lz_ w; is the sample center of the c-th class and
ne 1En,

m = %Zle m, is the center of all samples. For simplicity, we assume
that each class has the same sample number: n, = ng, ¢ = 1, 2,...,C. Sp,
is identical to [38]

c c
n
Sp = % Z Z (m; — my)(m; — m)T
i=1 j=1

a4

It may be seen from S,,, in (13) and S, in (14) that the purpose of
LDA is to maximize distances between different class centers and
minimize distances between each sample in a class and its class center.
Therefore, we add class centers M = [m;, my,...,m¢] into the training
set W and obtain the extended training set W' = [M, W]. Then, based
on the set W', the LDA-based triplet set is constructed as
T = {(ims j, + C, ki, € {1,...,C}, ji,, € i, ki # iy € {1, 2,...,C} }.
The cardinality of the LDA-based triplet set is reduced from
> ne(n. — DN = n.) to (C = DN.

MFA-based triplet set:Based on the graph embedding theory,
margin fisher analysis (MFA) [36] devises the similarity matrix S of G
and S” of GF to characterize intraclass compactness and interclass
separability with the margin criterion as follows:

1, ifie N,:'l(j) or jE€E N,:’](i)
Sy = s
’ 0, else
P

ij

_ 1 i (i) € Py(c) or Piy(cp)
- 0, else

(15)
where N () indicates the index set of the k; nearest neighbors of w; in
the same class and P, (c) is a set of data pairs that are the k, nearest
pairs among the set {(i, j), i € 7., j & 7.}.
Similar to MFA, we redefine S and S” as follows:
1, ifj e NEG) g 1, if j € N, ()
v 0, else ’ Y 0, else

(16)

where N, (i) indicates the index set of the k, nearest neighbors of w;
from different classes. According to S and S” in (16), for any
G, j. k), i, j,k€[1,2,..,N], if S;=1 and Sf =1, then we select
(i, j, k) as an element of the triplet set, i.e., w; is one of k; nearest
neighbor samples of w; in the same class and w; is one of k, nearest
neighbor samples of w; in the different class. The cardinality of the
MFA-based triplet set is ki N. In addition, our proposed framework
may also combine nonlinear discriminant subspaces such as LDE [39]
and DLLE [24] by constructing different triplet sets, according to the
corresponding the intrinsic and penalty graphs.

Special triplet set:In the test phase, the gait sequences of the
gallery set are commonly captured in the same condition, which is
reasonable to guarantee the adequate recognition accuracy and is easy
to be available in the most applications. In this case, the test sample
only needs to be compared with samples from different individuals in
one certain condition. According to the trait of the gallery set, we
construct the triplet set. For each triplet (i, j, k), the corresponding
instance w; and w; are from different individuals but captured in the
same condition with the gallery set, and the instance w; and w; are from
the same individual but captured in the different conditions. The
cardinality of the triplet set is (C — 1)(N — C).
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3. Tensor-based and local patch-based extensions for
SEL_TCB

To enhance discrimination and robustness to noise [40], Gabor
features of the gait template are extracted. Specifically, we perform
convolution transform on the gait image template I with a set of 2D
Gabor functions {y,,(x, »)}at different scale v and different orientation
u and extract magnitude parts as follows [23]:

1
O,(x,y) = |1(x, y)*n— Z W, (6 y)
1
0,00 ) = [T *— Py, ()|
o
1
0. y) = 1@, y)*—— X Dy, @ y)
Ml =y a7

where || denotes magnitude operator, * denotes convolution operator,
the variable i and v are respectively orientation factor and scale factor
of Gabor function W (5 1), the variable n, and n, are the number of
orientations and scales, and 0, (x, y), O, (x, y) and O(x, y) are transfor-
mation outputs. In this paper, as discussed in [23], five scales
v e {0,1,2,3,4} and eight orientations x € {0, 1, 2, 3, 4, 5, 6, 7} are
adopted, and the number N, = 14 of Gabor features {0,, O,, O}.

3.1. Tensor SEL_TCB

Based on tensor representation, the multilinear analysis methods
can effectively preserve the intrinsic structure information (such as
matrix structure information of a 2D image data and time information
contained in a video sequence data) of the multidimensional data
[41,42]. A tensor is a multidimensional generalization of a vector or a
matrix [43]: an n-order tensor A € RM*2-xh s an object with n
indices, with elements denoted by A; . i or a; . ., where
1 <i <. We first introduce some basic terminology on tensor
operations, which is related to this paper.

The mode-s product of a tensor A and an matrix B € R%*5 is a
generalization of matrix multiplication for tensors and is defined as
A Xs Bl _jiin = Zi0_y where
The mode-s matricizing of A is a matrix A, € REXEX.-Xls-1xlp41%...xh)
whose j-th row is obtained by concatenating all the elements of A of
the form a;_;_y; ;- The mode-s matricizing of (A X, B) can be

410000k

expressed as (A X, B),) = BA(. The norm of A is defined as
1A= X, . ai be

In
| AN = tr(AGAL), s € [1,....n].

For the tensor representation, training samples are extended as
(WiW; € Rix2xxh i =1 .. N}. At each iteration t(r=1,2,...,0),
tensor SEL_TCB (TSEL_TCB) is to learn a set of subspace project
matrices {VIIVi e R%*i j=1,....n} for each order of tensor data,
where ¢’ < L. Along each order, the projection of W into multiple
subspaces is denoted as

@iy ig.in M jsis» (A x; B) € Rllx...xlx_]><JA><I‘,-+1><...><I,1.

and can also computed  as

FW) = (Ja W x Vi X Viox, Vie=1,2,...,1}. (18)
The variable h,,,+ in (2) is redefined as

B = 1AW, 1 %0 Vi X, VI = 1AW, %0 VX .o, VIIE (19)

where AW, ., 2 W,, — W,,. Substituting Eq. (19) into Eq. (6), we

obtain the objective function of {Vf‘}::I as follows:

N N
nn2
max Y7 > (Sf = F-S) AWy 1 Vi xo Voo, V||

Vilior 2 j=1

(20)

However, in the most situation, there is no closed-form optimal
solution for the objective function in (20) [44]. Alternatively, we can
obtain the closed-form suboptimal solution of V¥ by iteratively solving
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the following objective function, according to [23]

M=

N
max "[Vf[ Yk - F'LJ)W(k)W/T'(k)]Vﬂ‘T]’ k=1,2..n
Vi =1 21

i1

where Wi(k) é ((VV, X V}...Xk_lvf_l Xi+1 Vi‘+l...XnV:l)(k). Tao et al. [23]
have proved the iterative solution of (21) is convergent and indicated
that the difference form in (21) is easier to converge than the ratio
form. Let matrix

N

N
of= Y Y@

i=1 j=1

k=1,...,n

- FLij)Wi(k)W,T-(k),

(22)
then columns of the matrix VT are the normalized eigenvectors
corresponding to the first g,/ largest eigenvalues of @,%. Details of
the TSEL_TCB framework are shown in Algorithm 2. In this study, we
arrange Gabor features {F,, F,, F} in the third dimension to a three-
order tensor data with i = 14 and use it as the tensor-based extension
of the gait image template I.

Algorithm 2. Tensor Subspace Ensemble Learning via Totally-
corrective Boosting.

Input: The training samples {‘W}}, the triplet index set 7~ and the
maximum iteration number L.
Initialization: Initialize u,,, to be 1/M.
for [=1 to L do

- Based on 7~ and [u,,], construct matrices S and S” according to
(®;

- Calculate the projection matrix set {V{};_, by iteratively solving
the eigenvectors of @/ in (22);

- Calculate [#,,] according to (19)

if ¥V w,h,, < p then Break; end if

- Add h,,,; to the dual problem (5);

- Minimize B and update [«,,] according to (5) using the primal-
dual interior-point LP solver;
end for
Calculate the weight vector a according to (3)
Output: The weight vector a and the projection matrix sets
(Viik=1,2,....n;1=1,2,...,L}

3.2. Local patch-based SEL_TCB

Local patch-based matching has been widely applied on visual pattern
recognition [30,45,46]. There are two main steps, patch selection and
local feature ensemble, in the most local patch-based recognition
methods. In the patch selection step, the main purpose is to seek out
the most effective regions and discard redundant regions for recognition.
In the local feature ensemble step, local features are first extracted from
selected patches. Then, these local features can be concatenated into a
global feature vector, or based on the local features from each patch,
multiple individual classifiers are trained and then combine them for
classification. Local patch-based matching has many attractive properties,
including its robust to outliers and its superior discriminant power for
recognition [45]. In this section, we propose a novel local patch-based
SEL_TCB (LPSEL_TCB) framework, compared with the holistic appear-
ance-based SEL_TCB framework. Fig. 1 summarizes the process diagram
of the proposed LPSEL_TCB for gait recognition.

For each gait image template I, N, Gabor-based gait feature
representations are first extracted, according to (17). For simplicity,
we uniformly divide each Gabor-based gait feature representation into
N; nonoverlapping patches with fixed size, as shown in Patch
Segmentation module in Fig. 1, and total N; X N, patches are obtained.
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Then each patch is rearranged in column to acquire local patch-based
feature representations w/ € R?(j = 1, 2,...,N'), where d' is the num-
ber of pixels in a patch and N’ = N, X N,. Based on the local patch-
based feature representation, training samples are extended as
{(w}, w, wlN Yli = 1,...,N}. To normalize intensities of different local
patches, w/ is normalized to zero mean and unit variance as follows:

w! — mean (w/)-1

wi = , i=1,2...N; j=12...N

o (wl) 23)

where mean(w!) and o (w/) respectively denote the average value and
the standard deviation of elements of w/ and 1 is the vector of ones.

At each iteration 7(r = 1, 2,...,1), LPSEL_TCB first selects the patch
k; € {1, 2,...,N’} and then learns the corresponding subspace projec-
tion matrix V, € R%*‘" with ¢, < d’. According to selected patches
ki, t=1,2,...,I, the projection of {w/} into multiple subspaces is
denoted as

FAWY) = [(Jar ViwiT (Jaz Vy whal - (Ja Vi whyT]T. 24)
We redefine the variable h,,,, in (2) as
e = IVFAWS P — F [V AW, | (25)

Compared with SEL_TCB, the new definition of h,,,, measures the
difference of distances among samples based on one of local patches
instead of the whole template. As done in SEL_TCB, we formulate
LPSEL_TCB into the linear programming, according to (3) and (5).
Then, substituting Eq. (25) into Eq. (6), we obtain the subproblem for
learning k; and V, as

max tr (VI&, V) &, = Wh(I — FL)WkT
Viks (26)
where Wk = [wf’, wé‘, ...,wf\}]. First, we test each patch k(1,...,N’) and
calculate the corresponding subspace projection matrix whose columns
are the eigenvectors corresponding to the first g eigenvalues of
WK — FL)WKT and the corresponding value of (26). Then, we
determine k, with the maximum value of (26), and V, is the corre-
sponding optimal subspace projection matrix, i.e., the eigenvectors
corresponding to the first q eigenvalues of @, in (26). As a summary,
the algorithm for the LPSEL_TCB framework is presented in Algorithm
3.

Algorithm 3. Local Patch-based Subspace Ensemble Learning via
Totally-corrective Boosting.

Input: The training samples W, the triplet index set 7 and the
maximum iteration number L.
Initialization: Initialize u,,, to be 1/M. Extract local patch-based
feature representations and normalize them, according to (23).
for [=1 to L do

- Based on 7 and [u,,], construct matrices S and S” according to
(8

- Select the local patch k; and calculate the corresponding sub-

space projection matrix V, by maximizing the objection function
in (26);

- Calculate h,,,; according to (25);

if ZZ:I unh,; < p then Break; end if

- Add h,,,; to the dual problem (5);

- Minimize B and update [u,,] according to (5) using the primal-
dual interior-point LP solver;
end for

Calculate the weight vector a according to (3)

Output: The local patches {k,} |, and the corresponding pro-

jection matrix set {V;}-, and the weight vector a.
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Fig. 1. Process diagram of gait recognition using LPSEL_TCB approach.

4. Evaluation experiments

To evaluate performance of the SEL,_TCB, TSEL,_TCB and LPSEL_TCB
frameworks for the gait recognition, we derived and tested 9 methods from
them by respectively using the LDA-, MFA- and SPE-based triplet sets on the
USF HumanID gait database [8] and CASIA-B gait database [34].
Specifically, they are respectively LDA_SEL_TCB, MFA_SEL_TCB,
SPE_SEI,_TCB, LDA_TSEL TCB, MFA_TSEL_TCB, SPE_TSEL TCB,
LDA_LPSEL_TCB, MFA_LPSEL_TCB and SPE_LPSEL_TCB. In this sec-
tion, we first introduce the experiment settings on the USF database and
CASIA-B database, and then evaluate and analyze the performance of the
proposed method for gait recognition.

4.1. Experimental settings

In algorithm training, we adopted the average of GEI images in a
gait silhouette image sequence as the gait image template I:
1 iNs
GEL(x.y)=— Y BSx.y)

Nt
1
1y =+ > GEL(x, y).
) S t=(i-1)Ng+1 27)

where N7 is number of periods in a sequence, N is period length of a
sequence, GEI; denotes GEI image over the i-th period of a gait
sequence, and BS, denotes the silhouette image at phase t in a
sequence. The use of GEI representation is mainly based on the
following reasons [9]: 1) GEI has low computation complexity and is
robust to silhouette noise in individual frames; 2) GEI does not need to
locate the starting stance of the gait cycle.

In algorithm test, given the gallery sequence I = {GEIG(i), i = 1,...,Ng}
and the probe sequence 7 = {GEIp(i), i = 1,...,Np}, We respectively project
each GEI (i) and GEI;(i) into multiple subspaces and combine them,
denoted by f (wp(i)) and f (wg(i)), according to (1), (18) or (24) by the
learned projection matrices and the corresponding weights in training
stage, where wp(i) and wg (i) are vector forms of GEI»(i) and GEI;(i).
We adopted a nearest neighbor (NN) classifier for gait recognition.
Specifically, the dissimilarity measure between 7 and 7; is defined as

Np

1 _
d(Ip, Ig) = — D f (wp (D) — f (Wo) I,
Ne ; (28)
where f (wg) = NLG Z?’:GI f (wg(i)). Finally, the label of probe sequence 7

is identified as follows:

z=argmind (Ip, I5), G=1,2,....,C
e (29)
To evaluate the recognition accuracy, rank-1 and rank-5 recogni-
tion rates are used. The rank-1 recognition rate is the percentage of the
number of the correct people ranked as the first candidate, and the
rank-5 recognition rate is the percentage of the number of the correct
people ranked among the first five candidates. All experiments were

carried out on the USF database and the CASIA-B database. Fig. 2
illustrates some samples from two databases.

4.1.1. USF HumanlID gait database

In the USF HumanID gait database, 1870 sequences are captured
from 122 subjects in an outdoor uncontrolled environment.
Specifically, the challenge gait database contains gait variations due
to the following covariates: 1) surface types (G-Grass/C-Concrete); 2)
viewpoints (L-Left/R-Right); 3) shoe types (A/B); 4) carrying condi-
tions (BF-Briefcase or NB-No Briefcase); and 5) captured time (M-
May/November in the same year). In November, N;-new subjects and
N,-repeat subjects are captured. By combining these covariates, some
individuals can acquire up to 32 sequences captured in different
conditions. There are one gallery set and 12 standard probe subsets
designed for algorithm evaluation and comparison. Gallery set refers to
prior images of people to be recognized and probe set refers to
unknown images to be identified. The gallery set and probe sets consist
of only one sequence per subject, and there are no common sequences
among them. Table 1 lists detailed information about probe sets.

In the experiments on the USF database, as designed by [14], the
training set is composed of six sequences per subject of 33 subjects,
which are subsets (G, A, R, NB, M), (C, A, L, BF, M), (C, A, L, BF, M),
(C, A, L, NB, Ny), (G, A, L, NB, Ny) and (G, A, R, BF, N;). Note that
those chosen subsets for training were captured in different conditions
with probe sets, i.e., there are no common sequences between training
set and probe sets.

4.1.2. CASIA-B gait database

The CASIA-B gait database consists of 124 subjects. For each
subject, ten gait sequences were captured under three different
conditions. Specifically, six gait sequences were captured in normal
condition (named NM-01 to NM-06), two gait sequences were captured
in the condition of subject wearing a bag (named BG-01 and BG-02),
the other two sequences were captured in the condition of subject
wearing a coat (named CL-01 and CL-02). Each gait sequence was
captured from 11 different views. In our experiments, the only gait
sequences captured from side view (90 degrees) were used.

In the experiments on the CASIA-B database, the training set is
composed of three sequences NM-01, BG-01 and CL-01 per subject of
33 subjects. In addition, sequences NM-01 of all the subjects are used
as gallery set, and sequences NM-05, NM-06, BG-02 and CL-02 are
used as probe sets, respectively.

4.1.3. Parameter settings

In all the experiments, the size of each GEI template is aligned to
128x88 [9]. For Gabor features, to speed up algorithms, the size of
each GEI template is downscaled from 128x88 to 64x44. According to
(17), the size of each Gabor-based tensor representation is
64 x 44 x 14. To build local patch-based feature pole, the size of each
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Fig. 2. Example samples from the USF HumanID gait database [8] and the CASIA-B gait database [34].

Table 1
Details of probe sets for challenge experiments in the USF database.

Experiment (Probe) # of Probe Sets Gallery/Probe Difference

A (G,A,L, NB,M/N) 122 View

B (G,B,R, NB,M/N) 54 Shoe

C (G,B,L, NB,M/N) 54 View and Shoe

D (C,AR, NB,M/N) 121 Surface

E (C,B,R, NB,M/N) 60 Surface and Shoe

F (C,A,L, NB,M/N) 121 Surface and View

G (C,B,L, NB,M/N) 60 Surface, Shoe and View
H (G,AR, BF,M/N) 120 Briefcase

I (G,B,R, BF,M/N) 60 Briefcase and Shoe

J (G,A,L, BF,M/N) 120 Briefcase and View

K (G,A/B,R, NB,N) 33 Time, Shoe, and Clothing
L (C,A/B,R, NB,N) 33 Time, Shoe, Clothing and Surface

patch is set to 11x16.

In the MFA-based triplet set building, two parameters, namely, the
number k; of nearest neighbors in the same class and the number k» of
nearest neighbors from the different classes need to be chosen. First, by
empirically setting k, = 20, we evaluate k; = [1, 2, 3, 4] in MFA_SEL_TCB
on the USF dataset and choose the optimal one. Then, based on the selected
k1, we run MFA_SEL,_TCB with k, from 10 to 100 with a step of 10. The
average Rank-1 recognition rates w.r.t. k; and k, are shown in Fig. 3(a) and
(b), where k; = 3 and k, = 20 achieve the highest Rank-1 recognition rates.
Thus, we fix k; = 3 and k, = 20 throughout the experiments.

Rank-1 Recognition rate

There are four parameters in the SEL_TCB framework and its
TSEL_TCB and LPSEL_TCB extensions, namely, the tuning parameter
F, the regularization parameter D, the dimension g, of combined
subspaces and the number of iterations L. Table 2 lists the main
parameters in our method in the experiments on the USF and CASIA-B
databases. Although choosing good training parameters is critical, it is
problem and data dependent. In practice, parameters are chosen
empirically. Next, we explain the way to determine the parameters in
our method in the experiments on the USF database. For great
classification ability, the iteration number L should be enough large,
since, as indicated in [33], the linear programming boosting method is
not easy to overfit. Like most boosting methods, the performance
should not be sensitive to the single classifier, i.e., the subspace
dimension q,. Therefore, we empirically preset L=50 and each ¢,=60,
L=100 and each ¢’ x g7 X ¢> =10 x 6 x 3 and L=100 and each g,=4
for the SEL_TCB, TSEL_TCB and LPSEL_TCB frameworks, respec-
tively. We empirically preset moderate n = 0.06, since, as discussed in
[33], very small or very large n could cause the training extreme
instances. The range of F is [1, 10] for the SEL_TCB framework and
[1, 4] for the TSEL_TCB and LPSEL_TCB frameworks. The average
Rank-1 recognition rates w.r.t. F are shown in Figs. 4, 5 and 6(a).
According to the highest value in each evolution curve of the average
Rank-1 recognition rates, we therefore fix F as shown in the second
column in Table 2. Then, we perform our method with n from 0.03 to
0.11 with a step of 0.01. The average Rank-1 recognition rates w.r.t. n
are shown in Figs. 4, 5 and 6(b). The optimal ones are chosen as shown
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Fig. 3. Average Rank-1 recognition rates w.r.t different k; and k> by MFA_SEL_TCB on the USF database. (a) k; is the number of nearest neighbors in the same class, (b) k» is the

number of nearest neighbors from different classes.
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Table 2
Main parameters in the experiments on the USF dataset and CASIA-B database.

Database USF HumanID CASIA-B

Method F 1 qr L F n qr L
LDA_SEL_TCB 8 0.06 60 40 7 0.06 60 20
MFA_SEL_TCB 3 0.06 80 40 7 0.06 60 20
SPE_SEL_TCB 5 0.04 60 60 7 0.06 60 20
LDA_TSEL_TCB 1 003 10x6x3 80 1 006 10x6x3 40
MFA_TSEL_TCB 1 009 10x6x3 120 1 0.06 10x6x3 40
SPE_TEL_TCB 1 007 10x6x3 80 1 006 10x6x3 40
LDA_LPSEL TCB 1 0.03 2 80 1 006 4 40
MFA_LPSEL_ TCB 1 0.06 7 80 1 006 4 40
SPE_LPSEL_TCB 1 008 4 100 1 006 4 40

in the third column in Table 2.

Given the optimized parameters F and 1, we examine the iteration
number L and the subspace dimension g, in our method. We vary q,
from 20 to 120 with a step of 20 for the SEL_TCB framework,
g' X g*x g* from 5 x 3 x 2 to 25 x 15 x 10 with a step of 5x 3 x 2
for the TSEL_TCB framework and g, from 1 to 8 with a step of 1 for the
LPSEL_TCB framework. The average Rank-1 recognition rates w.r.t.
different g, are shown in Figs. 4, 5 and 6(c). The range of L is [1,100]
for the SEL_TCB framework and [1,200] for the TSEL_TCB and
LPSEL_TCB frameworks. The average Rank-1 recognition rates w.r.t.
different g, are shown in Figs. 4, 5 and 6(d). Finally, we fix g, and L as
shown in the fourth and fifth columns in the Table 2. In the similar
way, the main parameters in our method in the experiments on the
CASIA-B database are empirically chosen.

To evaluate the performance stability of our method with default
parameters on the Table 2, we run the experiment 10 times by
randomly evenly split training and test sets on the gallery set and the
probe sets A, D, F, H and J of the USF database. In each round of the
experiment, the gait sequences of half subjects are used as the training
set, and the gait sequences of the remaining subjects are still used as
the gallery set and probe sets. We report the recognition performance
statistics of our methods in Table 3. As shown in the Table 3, our
methods have achieved the small standard deviation values, which
indicates that our methods with given parameters have the stable
performance.

4.1.4. Time complexity analysis

We analyze the time complexity for training the proposed
SEL_TCB, TSEL_TCB and LPSEL_TCB frameworks with different
triplet sets. In lth iteration (/ =1, 2,...,L), the primal-dual interior
point method is used to solve the linear programming of (5), which
converges to an e-accurate solution with a worst case bound of
OG?2M + 1+ 21Inl/e) on the number of iterations of the method
[47]. M is the number of triplets. In addition, in each iteration for
SEL_TCB in Algorithm 1 it takes O(dN?) for computation of ¥, and
O (N?) for eigenvalue decomposition of ¥,. For TSEL_TCB in Algorithm
2, it takes O(Kn(n — 1)N’qI) for K times of computation of
&f k=1,2,...,n and O(KY,_ I}) for K times of eigenvalue decom-
position of <1>tk, k=1,2,...,n, where g¢g= max{q,l, qf,...,q[”} and
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I = max{l, b,...,I,}. K is the number of iterations in the optimization
of (20). For LPSEL_TCB in Algorithm 3, it takes O(N'd’'N?) for
computation of @, and O(N'd"®) for eigenvalue decomposition of @,
of N’ local patches, where N’ is the number of local patches and d’ is the
dimension of the patch. We run the matlab code of our method on a PC
with an Intel Core i7 2.70 GHz processor and 8 GB RAM. Table 4
reports the training time and test time per probe sequence of our
method on the USF HumanID dataset.

4.2. Performance evaluation

4.2.1. Comparisons with state-of-the-art gait recognition algorithms

In the experiments on the USF database, the proposed algorithms
are evaluated and compared with state-of-the-art gait recognition
algorithms including GEI+Real [9], CEI+Real [16], DNGRA [14],
DLLE/L [24], GTDA+LDA [23], MFA-1 [21], Gabor-PDF-LGSR [48],
SRML [49], SBDA+LDA [50] and VI-MGR [17]. All the experiments
are conducted on the 12 probe sets (Probe A-L). Since different
experimental settings have been used with different methods, for fair
comparisons, we also reimplemented four well-known gait recognition
methods ourselves: GEI+Real* [9], MFA-1* [21], DLLE/L* [24],
GaborD+GTDA(H)* [23] by using the same training set and dissim-
ilarity measure with our methods. For MFA-1* and DLLE/L*, k; is set
to {1, 2, 3,4} and k, is set from 50 to 500 at a step of 50. For GEI
+Real*, MFA-1* and DLLE/L*, the dimension of PCA is chosen
according to a 98% energy criterion as in [51]. For GaborD
+GTDA(H)*, the lower dimensions of the three-order tensor represen-
tation are respectively set from 2 to 32 with a step 4, from 2 to 22 with
a step 4 and from 2 to 10 with a step 2, and then we test all their
possible combinations and choose the optimal one. In the discriminant
analysis step, we test all the possible lower dimensions and choose the
optimal one for each probe set.

Table 5 shows the Rank-1 recognition rates of our methods on the
USF dataset. Table 6 tabulates the Rank-1 recognition rates and Rank-
5 recognition rates of different methods on all the probe subsets in the
USF HumanID database. As shown in Table 6, our proposed
MFA_TSEL_TCB method outperforms other compared methods.
From these comparison results in Table 5 and Table 6, we make the
following observations:

e Experimental results show that when the number of training
samples is enough to learn the gait manifold, subspace learning
algorithms have the potential to achieve the excellent recognition
performance. Specifically, GEI+Real*, MFA-1*, DLLE/L* and GTDA
+LDA* respectively outperform GEI+Real, MFA-1, DLLE/L and
GTDA+LDA on most probe sets. When the training set only consists
of samples of the gallery set with only one condition, it is not enough
to minimize the intrapersonal variations of the gait.

e LDA_SEL_TCB, MFA_SEL_TCB and SPE_SEL_TCB obtain better
recognition performances than GEI+Real*, MFA-1* and DLLE/L*.
These results imply that it is effective to learn the multiple subspaces
in SEL_TCB framework for improving recognition performance of
one single subspace.

e MFA_TSEL_TCB obtains a surprise increase in recognition perfor-
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Fig. 4. Average Rank-1 recognition rates w.r.t (a) the tunning parameter F, (b) the regularization parameter 7, (c) the subspace dimension g, and (d) the iteration number L by

SEL_TCB with the LDA-, MFA- and SPE-based triplet sets on the USF database.
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Fig. 5. Average Rank-1 recognition rates w.r.t (a) the tunning parameter F, (b) the regularization parameter n and (c) the iteration number L by TSEL_TCB with the LDA-, MFA- and

SPE-based triplet sets on the USF database.

mance compared with MFA_SEL_TCB. These results demonstrate
that the senior feature representation such as Gabor features and the
tensor representation are important for gait recognition.

e Compared with GTDA+LDA*, SPE_LPSEL_TCB achieves the higher
recognition accuracies on the H, J, K probe sets with the briefcase
difference, which indicates the joint usage of local patches can be
robust to the carrying change.

e For the SEL_TCB, TSEL_TCB and LPSEL_TCB frameworks, LDA-,
MFA- and SPE-based triplet sets achieve the best recognition
performance on most probe set, respectively. It demonstrates that
it is hard to decide which triplet building method is best for
recognition.

Based on CASIA gait database (Data set B), we performed experi-
mental evaluation for our methods and compared with state-of-the-art
gait recognition algorithms including CAS [34], GEI [9,16], SEIS [15]
and CEI [16]. We also conducted GEI+LDA*, MFA-1*, DLLE/L* and
GTDA+LDA* methods. For fair comparison, their recognition accura-
cies with optimal parameters are reported. The Rank-1 recognition
rates of our methods are shown in Table 7. Moreover, for
LDA_SEL_TCB, MFA_SEL_TCB, SPE_SEL_TCB, the results without
applying subspace ensemble, i.e., the number of iteration L=1, are
shown. It can be seen that the proposed subspace ensemble learning
methods can effectively improve the recognition performance of the
single subspace on all the probe subsets. Table 8 lists the rank-1 and
rank-5 recognition rates of compared methods on NM-5, NM-6, BG-2,
and CL-2 probe subsets in the CASIA-B database. As shown in Table 8,
our proposed methods outperform the other state-of-the-art methods
on BG-2 and CL-02 probe subsets. Due to huge appearance variation, it
is harder for gait recognition on BG-02 and CL-02 probe subsets than
normal NM-05 and NM-06 probe subsets. Particularly,
MFA_TSEL_TCB method achieved a remarkable increase in rank-1
recognition rate of 12% and 25% compared with CEI method and 15%
and 5% compared with SELS method on BG-02 and CL-02 probe
subsets. Rank-1 recognition rate of MFA_LPSEL_TCB method is also
4% and 27% higher than CEI method and 7% and 7% higher than SEIS
method on BG-02 and CL-02 probe subsets. Although rank-1 recogni-
tion rates of MFA_TSEL_TCB and MFA_LPSEL_TCB methods are
slightly lower than CEI method on NM-06 probe subsets, it is worth
noting that CEI method used five normal sequences (NM-01 to NM-05)
per subjects as training set and meanwhile as gallery set, which
generally achieves better performance than those adopted by our
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Table 3

Mean rank-1 recognition rate, standard deviation, median, maximum and minimum
results found by our methods for 10 runs using the gallery and probe sets A, D, F, Hand J
on the USF dataset.

Algorithms Mean Std Max Min

LDA_SEL_TCB 78.62 2.52 84.61 76.00
MFA_SEL_TCB 79.96 217 84.26 75.81
SPE_SEL_TCB 80.54 1.88 83.53 76.79
LDA_TSEL_TCB 78.98 3.12 86.78 73.90
MFA_TSEL_TCB 83.04 2.83 88.79 78.60
SPE_TEL_TCB 82.15 29 86.78 78.18
LDA_LPSEL_TCB 75.73 2.92 82.92 74.08
MFA_LPSEL_TCB 82.29 141 84.94 80.96
SPE_LPSEL_TCB 81.45 1.65 85.60 80.73

Table 4
Training time\ test time per seq. (Seconds) on the USF HumanID dataset.

Algorithms LDA- MFA- SPE-
SEL_TCB 98.95/0.003 389.72/0.0046 90.77/0.0035
TSEL_TCB 666.66,/0.0387 1347.16/0.0571 887.88/0.0394
LPSEL_TCB 189.29/0.0108 259.39/0.011 194.38/0.0112

methods on normal NM-05 and NM-06 probe subsets. In addition,
compared with the GEI+LDA*, MFA-1*, DLLE/L*, GTDA+LDA*
methods, our MFA TSEL TCB and SPE LPSEL TCB methods consis-
tently achieve the higher accuracies on every probe subsets.

Based on the comparative experiments on the USF and CASIA-B
databases, we can observe the following advantages and disadvantages
of our proposed method over other state-the-art gait recognition
algorithms. Specifically, advantages of using SEL._TCB include.

e SEL_TCB has the ability to learn the complex gait manifold. By
maximizing the soft margin among different classes, as defined in
(3), SEL_TCB is robust to intrapersonal variations and avoid the
sub-optimum problem of single subspace learning algorithms.

e SEL_TCB can be developed using multiple different triplet building
methods. In this paper, we have presented three different triplet sets
with different recognition performances.

e SEL_TCB can easily be extended to TSEL_TCB in order to solve the
tensor data. Many researches have shown that in the subspace
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Fig. 6. Average Rank-1 recognition rates w.r.t (a) the tunning parameter F, (b) the regularization parameter 7, (c) the subspace dimension g, and (d) the iteration number L by

LPSEL_TCB with the LDA-, MFA- and SPE-based triplet sets on the USF database.
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Table 5
Rank-1 Recognition rates (percent) of our methods on twelve probe sets of the USF database.

Probe Set A B C D E F G H I J K L Avg.
LDA_SEL_TCB 88 91 76 51 45 44 45 87 84 44 64 42 63.74
MFA_SEL_TCB 89 94 78 44 47 38 43 90 91 43 58 39 62.78
SPE_SEL_TCB 89 94 76 46 43 41 47 88 86 46 67 33 63.32
LDA_TSEL_TCB 87 87 69 66 64 42 36 85 76 55 18 21 63.38
MFA_TSEL_TCB 95 91 78 66 59 46 52 93 88 69 30 27 70.49
SPE_TSEL_TCB 93 89 81 64 69 41 52 91 83 70 21 24 69.21
LDA_LPSEL_TCB 90 87 76 48 48 29 33 84 86 61 27 15 60.62
MFA_LPSEL_TCB 93 94 82 54 48 37 38 91 91 70 40 24 66.88
SPE_LPSEL_TCB 93 93 85 53 59 43 43 92 90 71 27 24 68.47
analysis keeping the structure of tensor data is important for gait Table 7
recognition [23,24,52]. Rank-1 recognition rates (percent) of our methods on probe sets of the CASIA-B
e SEL_TCB can effectively select and learn for the recognition task database.
from local patches by extending to LPSEL_T(.JB. When sﬂhoue.tt.es of Probe Set NM-5 NM-6 BG-2 CL2 Ave,
some body parts are changed by the carrying or coat conditions,
effective selection of local patches can avoid the degradation of LDA_SEL_TCB(L=1) 92.52 87.85 57.01 50.41 65.87
recognition performance. MFA_SEL_TCB(L=1) 96.26 97.2 67.29 57.94 73.99
. .. . SPE_SEL_TCB(L=1) 90.65 90.65 59.81 49.53 66.66
e SEL TCB can prov1.de the sparse combination of multl.ple sub- LDA_SEL TCB 0813 972 76,64 66.36 80.38
spaces. Compared with random subspace ensemble learning algo- MFA_SEL_TCB 98.13 972 73.83 69.16 80.22
rithms which generally generate amount of subspaces and just SPE_SEL_TCB 98.13 97.2 71.96 66.36 78.66
evenly combine them, SEL_TCB give the weighted combination of LDA_TSEL_TCB 96.26 92.52 82.24 47.66 74.76
g . . MFA_TSEL_TCB 99.07 99.07 87.85 69.16 85.36
less subspaces based on the defined stop criteria for the iterative - —
subsp ' i P > SPE_TSEL_TCB 0813 9813 8598 6168 8193
learnl.ng. In the ’follovinng sectlon,.we.have also illustrated the LDA_LPSEL TCB 979 05.33 76.64 66.36 79,76
sparsity of the weights in SEL,_TCB in Fig. 8 and Table 9. MFA_LPSEL_TCB 98.13 98.13 79.44 70.09 82.55
e SEL_TCB are intended to combine discriminant features in multiple SPE_LPSEL_TCB 99.07 98.13 79.44 71.96 83.33

subspaces, which can further be used as input of other classifiers. In
the following section, we have evaluated the performance of the

Table 6
Rank-1 Recognition rates (percent) of different methods on twelve probe sets of the USF HumanID database.

Probe A B C D E F G H I J K L Avg.

Rank-1 Recognition Rates

GEI+Real [9] 89 87 78 36 38 20 28 62 59 59 3 6 51.04
CGI+Real [16] 90 91 80 33 33 18 22 84 80 61 3 6 54.49
DNGRA [14] 85 89 72 57 66 46 41 83 79 52 15 24 62.94
DLLE/L [24] 90 89 81 40 50 27 26 65 67 57 12 18 54.78
GTDA+LDA [23] 93 95 88 39 47 28 33 82 82 63 19 19 60.24
MFA-1 [21] 89 89 83 38 43 25 29 58 59 56 9 18 52.4
Gabor-PDF-LGSR [48] 95 93 89 62 62 39 38 94 91 78 21 21 70.07
SRML [49] 93 94 85 52 52 37 40 86 85 68 18 15 66.50
SBDA+LDA [50] 93 94 85 51 50 29 36 85 83 68 18 24 61.35
VI-MGR [17] 95 92 86 54 57 34 36 91 90 78 31 28 68.13
GEI+Real” 85 89 78 42 41 34 41 87 79 41 33 33 58.54
MFA-1" 88 93 83 44 53 33 40 89 88 39 42 36 61.08
DLLE/L’ 89 94 85 46 55 35 40 90 90 39 42 33 62.04
GTDA+LDA’ 91 85 76 58 57 48 48 85 78 58 48 33 65.9
MFA_TSEL_TCB(Ours) 95 91 78 66 59 46 52 93 88 69 30 27 70.49
SPE_LPSEL_TCB(Ours) 93 93 85 53 59 43 43 92 90 71 27 24 68.47
Rank-5 Recognition Rates

GEI+Real [9] 93 93 89 65 60 42 45 88 79 80 6 9 68.68
CGI+Real [16] 95 94 93 66 65 48 52 96 97 87 24 27 75.05
DNGRA [14] 96 94 89 85 81 68 69 96 95 79 46 39 82.05
DLLE/L [24] 95 96 93 74 78 50 53 90 90 83 33 27 76.60
GTDA+LDA [23] 98 929 97 68 68 50 56 95 99 84 40 40 77.58
MFA-1 [21] 95 96 93 64 67 44 53 89 88 81 24 27 72.5
Gabor-PDF-LGSR [48] 99 94 96 89 91 64 64 99 98 92 39 45 85.31
SBDA+LDA [50] 98 98 94 74 79 57 60 95 95 84 40 40 79.93
VI-MGR [17] 100 98 96 80 79 66 65 97 95 89 50 48 83.75
GEI+Real’ 96 96 89 69 71 60 67 95 93 67 64 61 77.99
MFA-1" 98 98 94 75 78 58 69 97 98 68 64 61 80.54
DLLE/L’ 97 98 93 74 78 58 69 97 98 68 64 58 80.01
GTDA+LDA * 97 96 89 85 78 69 69 92 93 86 91 70 84.54
MFA_TSEL_TCB(Ours) 100 96 93 84 83 73 74 95 96 89 64 52 86.09
SPE_LPSEL_TCB(Ours) 99 94 94 86 78 72 72 98 97 92 61 55 86.52

Methods labeled * are trained using the same training set with the proposed methods, where training samples of each individual consist of 6 gait image sequences from different
conditions.
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Table 8
Rank-1 and Rank-5 recognition rates (percent) of different methods on probe sets of the CASIA-B database.
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Recognition Rate Rank-1 Rank-5
Algorithms\ Probe NM-5 NM-6 BG-2 CL-2 Avg. NM-5 NM-6 BG-2 CL-2 Avg.
CEI (k=5) [16] - 100 75 44.44 73.15 - 100 89.81 72.22 87.34
SEIS (LDA) [15] 99 72 64 78.33 - - - - -
GEI (k=5) [9,16] - 98.15 51.85 25.93 58.64 - 100 75.93 61.11 79.01
CAS [34] 98 51.85 25.93 58.59 - 100 75.93 61.11 79.01
GEI+Real” 98.13 98.13 71.03 58.88 76.01 99.07 99.07 86.92 81.31 89.10
MFA-1" 98.13 98.13 69.16 65.42 77.57 100 100 87.85 81.31 89.72
DLLE/L* 97.20 98.13 69.16 61.68 76.17 100 100 87.85 79.44 89.10
GTDA+LDA" 97.20 96.26 78.50 57.01 77.41 100 100 93.46 78.50 90.65
MFA_TSEL_TCB(Ours) 99.07 99.07 87.85 69.16 85.36 100 100 96.26 85.98 94.09
SPE_LPSEL_TCB(Ours) 99.07 98.13 79.44 71.96 83.33 100 100 94.39 83.18 92.52
Table 9 to[1, 200]. For the image patch size w X h test, h is set as [4 8 16 32], w

Percentage of the number of subspaces with nonzero weight in the total learned
subspaces on the USF HumanID dataset.

Algorithms LDA- MFA- SPE-

SEL_TCB 45% (18/40) 50% (20/40) 43.33% (26/60)
TSEL_TCB 45% (36/80) 49.17% (59/120) 46.25% (37/80)
LPSEL_TCB 67.5% (54/80) 68.75% (55/80) 64% (64/100)

extracted features together with other classifiers, and Table 10
shows the comparative results with different classifiers.

Disadvantages of using SEL,_TCB include.

4

When dealing with a large number of triplets, along with increase of
the number of iterations, optimizing LP in SEL_TCB can become
very time-consuming.

There are four parameters that need empirically tunning for
recognition tasks in SEL_TCB.

SEL_TCB requires an auxiliary set of data to learn subspaces for gait
recognition.

.2.2. Parameter analysis

In this section, we mainly investigate the effect on recognition

performance of the parameters of the representative SPE_LPSEL_TCB
method, including tuning parameter F, regularization parameter 7,
number of iterations L, dimensionality g, of each subspace and image
patch size (w x h). To highlight the effect on performance of each
parameter, when one parameter is tested, other parameters are fixed.
Specifically, we set 7 from 0.03 to 0.11 with a step of 0.01, g, from 1 to

8

with a step of 1 and F from 1 to 4 with a step of 1. The range of L is set

Table 10
Rank-1 recognition (%) of different classifiers on the USF HumanID dataset.

is set as [41122], and then all the combinations of w and h are
considered. Fig. 7 plots rank-1 recognition rates of SPE_LPSEL_TCB
with different parameters on probe subsets from A to L of the USF
database. From the results showed in Fig. 7, we obtain the following
observations:

e In the experiments on probe subsets D, E, F, G, K and L, the effects
of parameters of SPE_LPSEL_TCB are more obvious than other
probe subsets, which keeps consistent with conclusions drawn in
[8].

® When the tuning parameter F is set as 1, SPE_LPSEL_TCB obtains
the best recognition performance on most probe subsets. Because
the feature representation of image patch has been normalized, it is
reasonable to set F=1 for good performance.

® When the regularization parameter 7 is set from 0.03 to 0.11 and
dimensionality of each subspace g, is set as ¢, > 1, SPE_LPSEL_TCB
shows the stable recognition performances on the most probe
subsets. It is useful for SPE_LPSEL_TCB to easily adjust n and q,
to obtain good performance.

e After number of iterations L arrives at 60, rank-1 recognition rates
of SPE_LPSEL_TCB on probe subsets A, B, C, H, I and J exceed
70%, but rank-1 recognition rates on the remaining probe sets all
the time are under 60%. It indicates that the effect on recognition
performance of surface and time differences is more severe than
view, shoe and briefcase differences, as shown in [8]. Along with
increase of L, the recognition accuracy of SPE_LPSEL_TCB experi-
ences the rapid growth at the beginning, the stable increase trend in
the middle and maintain at a high recognition performance of level
in the last. The results show that, SPE_LPSEL_TCB is able to
converge to the best recognition performance.

e For the image patch size, SPE_LPSEL_TCB with the image patch

Algorithms LDA_SEL_TCB MFA_TSEL_TCB SPE_LPSEL_TCB
NN NFS SRC NN NFS SRC NN NFS SRC

Probe A 88 89 84 95 95 97 93 98 95
Probe B 91 96 94 91 91 91 93 94 94
Probe C 76 85 78 78 80 85 85 83 83
Probe D 51 56 50 66 64 75 53 58 55
Probe E 45 53 48 59 62 62 59 53 48
Probe F 44 42 41 46 47 48 43 38 36
Probe G 45 45 48 52 50 53 43 40 38
Probe H 87 90 86 93 92 93 92 91 92
Probe I 84 90 81 88 90 90 90 91 88
Probe J 44 44 48 69 73 73 71 77 75
Probe K 64 52 42 30 18 27 27 24 27
Probe L 42 33 21 27 30 27 24 27 24

Avg. 63.74 65.65 62 70.49

70.7 73.46 68.47 69.48 67.41
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Fig. 7. Parameter analysis of SPE_LP_SEL_TCB on probe sets of the USF HumanID database. Rank-1 recognition rate (percentage) with respective to different (a) and (b) tuning
parameter F, (c) and (d) regularization parameter 7, (e) and (f) dimensionality of each subspace g, (g) and (h) number of iterations L, (i) and (j) image patch size w X h.
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Fig. 8. Weight distribution of 100 learned local patch-based subspaces using SPE_LPSEL_TCB. (a) Original weight distribution, (b) Descended weight distribution.
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size of 11x16 achieves marginally lower Rank-1 recognition rates
than ones with the optimal image patch size on the most probe
subsets and the best performance on the E, J an L probe subsets.

4.2.3. Discussion on sparsity

In this section, we discuss and analyze the sparsity issue of our
proposed algorithms. The number of subspaces in combination directly
influences computational efficiency of the subspace ensemble learning
algorithm in the real application, i.e., the less number of combined
subspaces will bring the better real-timeness. Fig. 8(a) shows the
original weight distribution of 100 local patch-based subspaces of
SPE_LPSEL_TCB and Fig. 8(b) plots the corresponding sorted weight
distribution in descending order. In Fig. 8(b), we can observe that 36
subspaces are assigned with zero weight value (<e™!°), which indicates
that these subspaces with zero weight value can be discarded to reduce
computational costs. Table 9 lists the percentage of the number of
subspaces with nonzero weight value in the total learned subspaces.
From the Table 9, it can be seen that our methods can give a relatively
sparse combination on the learned subspaces to improve the computa-
tional efficiency.

4.2.4. Discussion on classification

The SEL_TCB framework and its extensions are intended to
effectively learn and combine features in multiple subspaces. It is
interesting that these combined features are applied with variety of
classifiers for gait recognition. Besides NN classifier, we further discuss
the recognition performance of combined features in multiple sub-
spaces with two other classifiers: nearest feature space (NFS) classifier
[53] and sparse representation based classification (SRC) [54]. For the
NSF classifier, the dissimilarity between the probe sequence 7 and the
gallery sequence I is defined as

Np
1 .
duts (Zp, Ip) = — ), IIf (WD) — Foagll,,
Np Z, g (30)
where F; = [f Wo(1))f W(2)-f We(Ne))] and af = (B Fs) FLf (Wp(i)).
For SRC, the dissimilarity between the probe sequence 7, and the
gallery sequence I is defined as

1 & . ;
o (T Ip) = 21 IIf (Wp(0)) = Fo¢ . .
where 85! is a coefficient vector with elements of & associated with 7,
and &6 is the coefficient vector for f (w’) which is sparsely reconstructed
from all gallery sequences. Table 10 shows the average Rank-1
recognition rate of different classifiers together with features learned
from LDA_SEL_TCB, MFA_TSEL_TCB and SPE_TSEL_TCB on the
USF HumanID dataset. We observe that MFA_TSEL_TCB with SRC
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achieves the highest average Rank-1 recognition rate (73.46%) and the
NFS classifier achieves better recognition performance than the NN
classifier with three different combined features. It indicates that
features extracted from the proposed subspace ensemble learning
framework can be apply to improve the performance of the classifier
for gait recognition.

5. Conclusion

In this work, we have presented a novel subspace ensemble learning
framework and extended it to tensor-based and local patch-based
versions to perform gait recognition. First, by building the triplet set,
the class relationship among training samples is revealed. Then, based
on the triplet set, the subspace ensemble learning problem is presented
as linear programming problem by totally-corrective boosting techni-
que. As for the linear programming problem, column generation
technique is used to iteratively learn and combine subspaces. At each
iteration, a new subspace is learned and added, and then the weight
distribution on all the learned subspaces is jointly updated. To enhance
the discriminant information of gait template, Gabor features with
different scales and orientations are extracted. Meanwhile, the pro-
posed subspace ensemble framework is extended to learn and combine
subspaces in the tensor space, which can preserve the structure
information of multi-dimensionality gait template. Finally, the pro-
posed framework is extended to solve the local patch-based subspace
ensemble learning problem to select the most useful image patches or
features, and then learn and combine the corresponding subspaces for
recognition. A mass of the comparative experiments on the USF
HumanID database and CASIA gait database [34] demonstrate that
our proposed algorithms highly outperform the state-of-the-art gait
recognition algorithms.

For future work, we will pay attention to sparse combination
problem in subspace ensemble learning. The sparseness of the weights
largely determines the computational efficiency. Although we have
demonstrated that our proposed framework can give the relatively
sparse combination of the learned subspaces, explicit control on the
sparseness still needs further study.
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Appendix: Derivation of Lagrangian dual
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Let the partial derivatives of £ in (4) w.r.t. a;, ¢, and p be equal to 0 as follows:

M
9L Y g — =0, t=1.2....0
da, o
£=D—um—gm=0, m=1,2,....M
G

M
L4 Yu=o,
ap m=1
then we can obtain
M
Eumhmtz_qt_ﬂﬁ—ﬁ, t=1,2,...,1
m=1
uy=D—-g, <D, m=1,2,...M

Mx

m

Un

=1.

By plugging the above equations into £ in (4), £ = f is obtained as follows:

£

M
—p+D X L

m=1

1 M M
- Za, zumhmﬁpzum
=1 m=1 m=1

M !
P+ D Y Ln— Y=g~ ) +p -

m=1 =1

m=1 =1

B.

M 1
- Y unln—B Y a+p—-g¢—qa

M 1
Y D-g)n-BYa+p-g¢—dqa
m=1 =1

Thus, the Lagrangian dual of (4) is updated as max, ;L = g with ZL Ul £ =P, uy < D and Zﬂm’i Um = 1. Let = —p. Finally, we obtain
ming 5L = f with ¥ w,,hy < By up <D and ¥V w, = 1,0=1,2,..0,m=1,2,...M.
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