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In this paper, we introduce an efficient tensor to vector projection algorithm for human
gait feature representation and recognition. The proposed approach is based on the multidimensional or tensor signal processing technology, which finds a low-dimensional tensor
subspace of original input gait sequence tensors while most of the data variation has been
well captured. In order to further enhance the class separability and avoid the potential
overfitting, we adopt a discriminative locality preserving projection with sparse regularization to transform the refined tensor data to the final vector feature representation for
subsequent recognition. Numerous experiments are carried out to evaluate the effectiveness of the proposed sparse and discriminative tensor to vector projection algorithm, and
the proposed method achieves good performance for human gait recognition using the
sequences from the University of South Florida (USF) HumanID Database.
& 2014 Elsevier B.V. All rights reserved.
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1. Introduction
Human recognition by analysis of the biometric
resources such as face, gait, iris, and palmprint has been
thoroughly studied and employed in many applications
[1,2]. Among them, gait recognition, i.e., identify a person
by the manner of walking patterns extracted from the
video, has been reported that could well identify a human
subject in low-resolution images that are taken at a
distance, has recently become a popular research problem
in signal processing community and a number of gait
recognition algorithms have been proposed in the recent
few years [3–5].
The main challenge of the gait recognition lies in that its
performance is affected by many factors, including the
environmental factors as well as the physical characteristics
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of the human subject, such as the camera factors, the
observed sequence and preprocessed silhouette quality, the
human walking speed, elapsed time, carrying condition, and
shoes style. Furthermore, these aforementioned factors are
sometimes correlated [2,6,7]. The open source humanID
dataset [8] investigated several of these factors and provided
the baseline algorithm for human gait recognition, however,
how to measure the effect of these factors or to combine
these factors is still an open question to date.
Most of the existing approaches for gait recognition
could be broadly categorized into two classes: the model
based and the silhouette based approaches. The model
based methods usually characterise a human subject by
some specific models, e.g., the appearance-based models
[9,10], the stochastic statistical models [11], the articulated
biomechanics models [12,13], and some other parameterbased models such as the method proposed in [14]. In
contrast, the silhouette based gait recognition algorithms
do not assume certain model of the human subject, but
analyze the spatio-temporal shape and motion features of
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the silhouette images which are extracted from the
sequences [2,15–17]. In this paper, we suppose that
the standard silhouette images are available and focus on
the silhouette based approaches for human gait feature
representation and recognition.
In the computer vision and machine learning research,
the effective feature representation of the studied subject
is a key issue. Since most of the data dimension reduction
algorithms (e.g., the principal components analysis, PCA
[18], the linear discriminant analysis, LDA [19], the Sparse
PCA [20], and some recently published methods [21,22])
and classification algorithms (e.g., the Support Vector
Machines, SVM [23]) in the literature only allow the vector
feature as inputs, for the gait recognition task, it is
straightforward to resize the silhouette images to the long
vectors as the input feature representation. However, the
feature dimensionality is usually much larger than the
number of gallery sets, which causes an issue that is
known as the “small sample-size (SSS) problem” [24,25],
and thus results in poor recognition performance [26,27].
The other key shortcoming of the vector feature representation lies in that this scheme has lost many of the original
spatial constraints of each pixel in the silhouette images,
which hinders the subsequent algorithm to construct the
optimal dimension reduction and classification model
with only limited training samples.
To address the aforementioned difficulties, some
researchers suggest to use matrix and tensor representation
instead of vector representation [28,29], as reported in the
works of two-dimensional PCA [30,31], two-dimensional
LDA [15], tensor subspace analysis [32], multi-linear PCA
[16,33], and so on. Especially in the framework of multilinear PCA, the authors introduce a multi-linear principal
component projection that captures most of the original
tensorial input variation. However, the standard multi-linear
PCA algorithm ignores the discriminative information provided by the gallery set, and its output data is still in a tensor
format, which could not be directly processed by a conventional classifier. In this paper, we introduce an efficient tensor
to vector projection algorithm for human gait feature representation and recognition. The main contributions of this
paper are summarized as follows:
1. We suggest to represent the observed gait sequences as
3-order-tensors by which the data structure of both the
spatial and temporal domains is well preserved. Based
on the tensor representation, we further introduce the
multi-linear PCA algorithm, which performs feature
extraction by finding a low-dimensional tensor subspace that captures most of the data variation of
original input gait sequence tensors.
2. Followed by the multi-linear PCA algorithm, we adopt a
discriminative locality preserving projection with
sparse regularization to transform the refined tensor
data to the final vector feature representation, by which
the class separability is improved and the potential
model overfitting is simultaneously avoided.

The output feature representation by our proposed
sparse and discriminative tensor to vector projection

(SDTTV) could be simply employed for subsequent classification, and numerous experiments indicate that the
proposed algorithm achieves good performance for human
gait recognition. The remainder of this paper is organized
as follows. In the following section, we give a brief
description of related tensor algebra, and then present
the proposed SDTTV algorithm in detail. After that, the
experiments are reported in Section 3, followed by the
conclusion.
2. The proposed sparse and discriminative tensor to
vector projection algorithm
In this section, we first review some multi-dimensional
or tensor signal processing rules that are related to the
proposed SDTTV algorithm, then we introduce the multilinear PCA approach, which aims to find a lowdimensional tensor subspace of original input tensors
while most of the data variation could be well preserved.
Finally, we provide the optimization of SDTTV algorithm
by combining the discriminative locality preserving projection and a sparse regularization to transform the refined
tensor data to the final vector feature representation for
subsequent gait recognition.
2.1. Related tensor algebra
The notationsused in this paper are followed by convention in the tensor papers, e.g., vectors are denoted by
lowercase boldface and italic letters, such as x, matrices by
uppercase boldface and italic, such as W, and tensors
by calligraphic letters, such as A. For a M-order-tensor
A A RK 1 K 2 ⋯K M , in which K i suggests the size of this
tensor in each mode, and the elements of A are denoted
with indices in lowercase letters, i.e., Ak1 ;k2 ;…;kM , in which
each ki addresses the i-mode of A, and 1 r ki r K i ,
i A ð1; 2; …; MÞ. Unfolding tensor A along the i-mode is
defined by keeping the index ki fixed and varying
the other indices, the result of which is denoted as
a matrix AðiÞ A RK i ∏j a i K j . The i-mode product of a
tensor A by a matrix W A RJ i K i is a tensor with entries
ðAi WÞk1 ;…;ki  1 ;ji ;ki þ 1 ;…;kM ¼ ∑ki Ak1 ;…;kM W ji ;ki . The Frobenius
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
norm of a tensor A is given by J A J ¼ ∑k1 ⋯∑kM A2k1 ;k2 ;…;kM ,
and the Euclidean distance between two tensors A and B
could be measured by J A  B J . For more detailed information, refer to [34,35]. As a summary, Table 1 lists the
fundamental symbols defined in tensor algebra related to
this paper.
2.2. Multi-linear principal components analysis
Suppose we have N gait tensors in the gallery set, i.e.,
fAn A RK 1 K 2 K 3 ; n ¼ 1; 2; …; Ng, in which K 1 and K 2 are the
height and width of each grey-level gait frame image from a
subject sequence, respectively, and K 3 is the number of frames
in a sequence. In order to achieve the objective of finding a
low-dimensional tensor subspace of original input tensors in
which most of the data variation could be well preserved, the
multi-linear PCA algorithm suggests to adopt a series of
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ðiÞ
where AnðiÞ is the i-order unfolded matrix of AðiÞ
n , and An is
defined as

Table 1
List of notations in tensor algebra.
An
AnðiÞ
K1; K2
K3
N
Bn
J1 ; J2 ; J3
Wi

The nth gait tensor
The i-order unfolded matrix of An (i¼ 1,2,3)
The height and width of each gait image
The number of frames in a sequence
The number of gait tensors
The nth principal component gait tensor
The size of principal component gait tensor
The projection matrix in ith mode, (i¼ 1,2,3)
Mean tensor of a gait tensor set {An ; n ¼ 1; 2; …; N}

A
ψA
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AðiÞ
n ¼ An 1 W 1 ⋯i  1 W i  1 i þ 1 W i þ 1 ⋯N W N

ð6Þ

Therefore, if we set a suitable initial value of the
projection matrices, the objective function (4) could be
locally optimized. Furthermore, the convergence of such
iterative approach is guaranteed as reported in some
tensor papers [6,36].

Total scatter of a gait tensor set {An ; n ¼ 1; 2; …; N}

2.3. SDTTV algorithm
projection matrices, i.e., W i A RJ i K i ði ¼ 1; 2; 3Þ, thus the principal component gait tensor B A RJ 1 J 2 J 3 (J i r K i ; i ¼ 1; 2; 3) of
an arbitrary gait tensor A A RK 1 K 2 K 3 is acquired by the
following multi-linear projection:
B ¼ A1 W 1 2 W 2 3 W 3

ð1Þ

Note that in multi-linear PCA, the projection matrices
W i A RJ i K i ði ¼ 1; 2; 3Þ are learned by the gallery set
fAn ; n ¼ 1; 2; …; Ng, while Eq. (1) is employed for multilinear dimension reduction of the gallery as well as the
probe sets.
As mentioned above, the optimization of multi-linear
PCA algorithm is to capture the data variation of the
original gait tensors. In order to reach this objective,
similar to PCA, the mean tensor of the set
fAn ; n ¼ 1; 2; …; Ng is defined as
N

A ¼ ∑ An

ð2Þ

The multi-linear PCA algorithm reveals a feature mapping from the original high-dimensional tensor space
RK 1  RK 2  ⋯  RK M to the reduced low-dimensional
subspace RJ 1  RJ 2  ⋯  RJ M by which the scatter of the
tensor set is preserved as much as possible. However, its
output data is still in the tensor format, which could not be
directly processed by a conventional classifier. Also, the
standard multi-linear PCA algorithm is an unsupervised
technique without taking class labels into account. Hence,
a tensor to vector feature selection strategy is introduced
here to select the elements from the refined tensor data to
the plain vector feature representation [37,16].
Consider Q as the number of classes in the gallery set,
Nq ðq ¼ 1; …; Q Þ is the number of subjects in class q (i.e.,
∑Qq ¼ 1 N q ¼ N), B is the mean tensor of the set
fBn ; n ¼ 1; 2; …; Ng, and B q is the class mean tensor of class
q. Then, the discriminability index for each element in B is
given by

n¼1

δk1 ;k2 ;…;kM ¼

and the total scatter of these tensors is defined as
N

ψ A ¼ ∑ ‖An A‖2

ð3Þ

n¼1

Then, the optimal multi-linear projection matrices in
(1) could be acquired by the following optimization:
arg

max

ψB

W i ði ¼ 1;2;3Þ

¼ arg

N

max

∑ ‖An 1 W 1 2 W 2 3 W 3

W i ði ¼ 1;2;3Þ n ¼ 1

 A1 W 1 2 W 2 3 W 3 ‖2

ð4Þ

Since the objective function of multi-linear PCA (4) is a
multi-parameter optimization problem, there is no known
optimal solution which allows for the simultaneous optimization of all the projection matrices. Note that the
projection to an ith order tensor space consists of i
projections to i vector subspaces, thus i optimization
sub-problems can be solved by finding the W i that maximizes the scatter in the i-mode vector subspace [16]. That
is to say, if fW j ; j ¼ 1; …; i  1; i þ 1; …; Mg is given, then the
only left projection matrix W i could be globally optimized
by combining the top Ji eigenvectors which is corresponding to the largest Ji eigenvalues of the covariance matrix:
N

C i ¼ ∑ ðAnðiÞ  A ðiÞ ÞðAnðiÞ  A ðiÞ ÞT
n¼1

ð5Þ

∑Qq ¼ 1 Nq ðB q;k1 ;k2 ;…;kM B k1 ;k2 ;…;kM Þ2
2
∑N
n ¼ 1 ðBn;k1 ;k2 ;…;kM  B k1 ;k2 ;…;kM Þ

ð7Þ

For the tensor to vector projection, the elements in an
arbitrary tensor Bn are rearranged into a feature vector xn ,
ordered according to δk1 ;k2 ;…;kM in the descending order, and
only the top most discriminative l components are accepted
for subsequent feature representation, e.g., xn A Rl .
In order to further promote the discriminability of
vector feature representation, in this paper, we propose a
discriminative locality preserving projection with sparse
regularization to transform the gallery feature set
fxn A Rl ; n ¼ 1; 2; …; Ng to a more efficient but discriminative feature representation fyn A Rd ; n ¼ 1; 2; …; Ng, where
d 5 l in practice. This motivation could be arrived by the
linear feature mapping yn ¼ U T xn where U A Rld . Specifically, for each subject xn in the gallery set, we have the
following local optimization of the projection matrix U:
α1

α2

j¼1

j¼1

arg min ∑ ‖U T xn U T xjþ ‖2  β ∑ ‖U T xn  U T xj ‖2
U

ð8Þ

in which xjþ ðj ¼ 1; 2; …; α1 Þ is the jth subject from the
same class, and xj ðj ¼ 1; 2; …; α2 Þ is the jth subject from
different classes, sorted by their Euclidean distance to xn . β
is a trade-off parameter. Similar to the strategy in the
patch alignment framework [38], the discriminative local
patch is defined by
X ðnÞ ¼ ½xn ; x1þ ; x2þ ; …; xαþ1 ; x1 ; x2 ; …; xα2 

ð9Þ

248

L. Zhang et al. / Signal Processing 106 (2015) 245–252

By defining a coefficient vector u as (10), local optimization (8) can be reduced to (11):

 Optimize W 1 by the eigen-decomposition of C 1 in (5);

u ¼ ½1; 1; …; 1;  β;  β; …;  β 

 Optimize W 3 by the eigen-decomposition of C 3 in (5);
Until Convergence
Step 3: Find the top most discriminative l components xn from the
principal component gait tensor Bn by (7);
Step 4: Construct the discriminative locality preserving matrix L by
(13);
Step 5: Optimize the sparse feature projection matrix U by (15);
Output: Multi-linear projection matrices W i , i A ð1; 2; 3Þ and sparse
feature projection matrix U. For an arbitrary gait tensor A, the
final vector feature representation could be obtained by

ð10Þ

α1 þ α2

2
arg min ∑ uj ‖U T X 1ðnÞ U T X jðnÞ
þ 1‖
U

j¼1

¼ arg min trðU T X ðnÞ LðnÞ X ðnÞT UÞ

ð11Þ

U

in which LðnÞ is the local alignment matrix




eTα1 þ α2
diagðuÞ eα1 þ α2 I α1 þ α2
LðnÞ ¼
I α1 þ α2

ð12Þ

and eα1 þ α2 and I α1 þ α2 are identity vector and identity
matrices, respectively. Then, the full optimization is
obtained by summing all the local optimizations of xn
(11). Because the columns in patch X ðnÞ are selected from
the gallery set X, we introduce a selection matrix
S ðnÞ A RNðα1 þ α2 þ 1Þ to align all the samples in X ðnÞ together
into a unified index system in X, i.e., X ðnÞ ¼ XS ðnÞ [38,39].
We then sum the local optimizations (11) over all the
subjects in the gallery set and obtain the whole optimization of discriminative locality preserving projection:
N

B ¼ A1 W 1 2 W 2 3 W 3 and yn ¼ U T xn .

3. Experiments and discussions
In this section, the University of South Florida (USF)
HumanID gait database [8] is used to demonstrate the
superiority of the proposed SDTTV algorithm compared to
several baseline approaches. Here we first briefly describe
the standard database and some necessary preprocessing
steps, then provide the performance of our algorithm on
this database along with some analyses and discussions.
3.1. Experimental configurations

arg min ∑ trðU T XS ðnÞ LðnÞ S ðnÞT X T UÞ
U

 Optimize W 2 by the eigen-decomposition of C 2 in (5);

n¼1

¼ arg min trðU T XLX T UÞ

ð13Þ

U

ðnÞ ðnÞ ðnÞT
in which L ¼ ∑N
.
n ¼ 1S L S
The solution of (13) provides a discriminative subspace in
which each basis is a linear combination of all the original
features, moreover, U is a dense matrix in which most
elements are nonzero. In fact, it is necessary to control the
model complexity according to the regularization theory
[40,41]. Since the dense projection provided by (13) is often
difficult to interpret [42], in this paper, we propose to control
the model complexity according to a sparse regularization
[43]. Sparsity could not only provide a good interpretation of
the feature projection model, but also decrease the variance
brought about by possible overfitting [44]. In the SDTTV
algorithm, we put forward the l2-norm of the matrix U to
control the number of its nonzero elements, i.e.,

arg min trðU T XLX T UÞ þ γ ‖U‖2

ð14Þ

U

in which γ is the regularization parameter. Eq. (14) could be
further written to (15) derived from the fact that
‖U‖2 ¼ trðU T UÞ
arg min tr½U T ðXLX T þ γ IÞU

ð15Þ

U

The solution of (15) is obtained by solving the eigenvalue
decomposition of the matrix ðXLX T þ γ IÞ and combining its
top d eigenvectors associated with the d smallest eigenvalues.
As a summary of this section, we provide the detailed
procedure of SDTTV algorithm as follows.
Algorithm
algorithm.

1. Procedure

for

the

proposed

Input: N gait tensors in the gallery set, i.e.,
fAn A RK 1 K 2 K 3 ; n ¼ 1; 2; …; Ng;
Step 1: Set the initial value of the projection matrices W i ,
iA ð1; 2; 3Þ;
Step 2: Repeat

SDTTV

The USF HumanID gait database was built for visionbased gait recognition and it is widely used. This database
consists of 452 sequences from 74 subjects (people) walking in elliptical paths in front of the camera. For each
subject, there are the following covariates: surface type
(grass or concrete), shoe type (two different types), and
viewpoint (left or right). There is a gallery set for algorithm
training and a set of seven predesigned experiments for
algorithm comparisons. For the algorithm training, the
provided gallery set is collected with the following covariates: grass surface, shoe type A, and right view (GAR). The
capturing condition for each probe set is different from the
gallery set, and summarized in Fig. 1 and Table 2; note that
there is no common sequences between the gallery set
and any of the probe sets, also, all the probe sets are
distinct. Detailed information about the probe sets is given
in Table 2. More detailed information about the USF
HumanID is described in [2,8,16].
Since the proposed SDTTV algorithm belongs to the
silhouette based approach, extracting of the accurate
silhouettes from the original video data becomes a critical
preprocessing step. Fortunately, a reference algorithm is
proposed in [8] to extract human silhouettes and recognize individuals in this database. In this paper, we treat
each half gait cycle as a gait tensor, and the number of gait
tensors in the gallery set and the probe sets are also
clarified in Table 2. From this table we learn that each
subject has an average of roughly 10 gait tensors available.
Although each frame of the grey-level gait silhouette
extracted by the method in [8] is of standard size
128  88, the number of frames in each sequence should
be also unified in order to let the input gait tensors to be
normalized to the same dimension in each mode. In this
paper, we use the time-mode normalization technology
that is introduced in [16], and thus each input gait tensor
has a canonical representation of 128  88  20. After that,
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Galary (GAR)
Prob A (GAL)
Prob B (GBR)
Prob C (GBL)
Prob D (CAR)
Prob E (CBR)
Prob F (CAL)
Prob G (CBL)
Fig. 1. Illustration of the sequences of the first subject in the gallery gait, probe A gait, probe B gait, probe C gait, probe D gait, probe E gait, probe F gait, and
probe G gait, respectively. The C, G, A, B, L, and R stand for cement surface, grass surface, shoe type A, shoe type B, left view, and right view, respectively.

Table 2
Seven probe sets for challenge experiments.

Table 3
Rank-1 recognition rate for human gait recognition.

Probe

# of Labels

# of Gait tensors

Difference between
the gallery set

Gallery
Probe A
Probe B
Probe C
Probe D
Probe E
Probe F
Probe G

71
71
41
41
67
43
67
43

731
727
423
420
682
435
685
424

\
View
Shoe
View and shoe
Surface
Surface and shoe
Surface and view
Surface, shoe and view

in order to save the space and the time complexity, we
further resize this dimension to 32  22  10, then the
preprocessing operations have been completed.
3.2. Experimental results and discussions
The proposed SDTTV algorithm provides an efficient
and discriminative vector human gait feature representation for subsequent recognition, thus its performance
should be evaluated by the recognition rate. As suggested
in [16,45], a matching score which measures a series of
test features (i.e., a probe sequence set) against a group of
training features (i.e., a gallery sequence set) is employed.
This kind of distance metric is symmetric with respect to
probe and gallery sequences by which the output matching score would be identical if the probe set and gallery set
are interchanged. The behind mechanism of that matching
score could refer to the aforementioned literature.
Followed by the numerous gait recognition researches,
we use the rank-1 and rank-5 recognition rates to evaluate
the performance of human gait recognition. The rank-1

Probe

Baseline

HMM

LTN

MPCA

SDTTV

A (GAL)
B (GBR)
C (GBL)
D (CAR)
E (CBR)
F (CAL)
G (CBL)

79
66
56
29
24
30
10

99
89
78
35
29
18
24

94
83
78
33
24
17
21

92
85
76
39
29
21
21

95
88
71
41
28
26
24

Average

42

53

50

52

53

Table 4
Rank-5 recognition rate for human gait recognition.
Probe

Baseline

HMM

LTN

MPCA

SDTTV

A (GAL)
B (GBR)
C (GBL)
D (CAR)
E (CBR)
F (CAL)
G (CBL)

96
81
76
61
55
46
33

100
90
90
65
65
60
50

99
85
83
65
67
58
48

96
90
81
55
52
58
50

100
93
93
62
66
62
54

Average

64

74

72

69

76

recognition rate is the percentage of the number of correct
subjects in the first place of all retrieved subjects and while
the rank-5 recognition rate is the percentage of the number
of correct subjects in any of the first five places of all
retrieved subjects [8]. The proposed SDTTV algorithm is also
compared by some of the baseline algorithms, including the
baseline algorithm developed by the data publisher [8], the
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1.0

0.2
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Recognition Rate

Recognition Rate

Rank #

15

0.6

15
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0.6
0.4
0.2

0

5

10
Rank #

Rank #

Fig. 2. Gait recognition rate for different k values.

hidden Markov model (HMM) proposed in [11], the linear
time normalization (LTN) algorithm suggested in [45], and
the pure multi-linear PCA algorithm shared by Lu [16].
Tables 3 and 4 report all the experiments, which
compare the proposed algorithms with the existing algorithms. The word average in Tables 3 and 4 indicates the
averaged recognition rates of all probes (A–G), that is, the
ratio of correctly recognized subjects to the total number
of subjects in all probes. From the comparison results in
Tables 3 and 4, it is clear that the average recognition rates
of the seven probes in our algorithm outperforms the
previous state-of-the-art algorithms. It should be pointed
out that HMM algorithm also achieves the pleased rank-1
and rank-5 recognition rates; however, besides feature
extraction and matching, HMM parameter estimation
(training) is a major component as well.
Fig. 2(a)–(g) further compares the recognition performance of our algorithm against the original feature and
the MPCA algorithm induced feature. As a comprehensive
investigation, Fig. 2(a)–(g) plots the identification rates

with respect to the various rank k values ranging from 1 to
20, the specific definition of which is similar to the abovediscussed rank-1 and rank-5 recognition rates. It is obvious
from these figures that the proposed algorithm delivers
the most efficient and discriminative feature for human
gait recognition. It could also be observed from Tables 3
and 4 and Fig. 2 that the performance of our gait recognition algorithm is satisfactory when there are changes in
shoe or/and viewpoint (the corresponding rank-5 recognition rates are higher than 90%). However, in the case of
changes in the surface, the performance of all the tested
algorithms degrades and thus the recognition rate
decreases. In spite of this, in most cases, the correct subject
is with high confidence in the top 10 matches of the
recognition result.
4. Conclusion
This paper focuses on the feature representation and
extraction of the silhouette based models for human gait
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recognition. By considering the gait sequences as 3-ordertensors, we introduce an efficient tensor to vector projection algorithm to find a low-dimensional tensor subspace
of the original input gait sequence tensors while most of
the data variation has been well captured. In order to
further enhance the class separability and avoid the
potential overfitting, we adopt a discriminative locality
preserving projection with sparse regularization to transform the refined tensor data to the final vector feature
representation for subsequent recognition.
Numerous experiments are carried out on the canonical
data set, i.e., the USF HumanID Database. According to the
experimental results, the average recognition rates of
the seven probes show that our algorithm outperforms
the previous baseline algorithms, and the proposed algorithm could find out the correct subject in the top 10
matches of the recognition result in most cases.
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