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View Transformation Model Incorporating Quality
Measures for Cross-View Gait Recognition

Daigo Muramatsu, Member, IEEE, Yasushi Makihara, and Yasushi Yagi, Member, IEEE

Abstract—Cross-view gait recognition authenticates a person
using a pair of gait image sequences with different observation
views. View difference causes degradation of gait recognition
accuracy, and so several solutions have been proposed to sup-
press this degradation. One useful solution is to apply a view
transformation model (VTM) that encodes a joint subspace of
multiview gait features trained with auxiliary data from mul-
tiple training subjects, who are different from test subjects
(recognition targets). In the VTM framework, a gait feature
with a destination view is generated from that with a source
view by estimating a vector on the trained joint subspace, and
gait features with the same destination view are compared for
recognition. Although this framework improves recognition accu-
racy as a whole, the fit of the VTM depends on a given gait
feature pair, and causes an inhomogeneously biased dissimi-
larity score. Because it is well known that normalization of
such inhomogeneously biased scores improves recognition accu-
racy in general, we therefore propose a VTM incorporating
a score normalization framework with quality measures that
encode the degree of the bias. From a pair of gait features,
we calculate two quality measures, and use them to calcu-
late the posterior probability that both gait features originate
from the same subjects together with the biased dissimilar-
ity score. The proposed method was evaluated against two
gait datasets, a large population gait dataset of over-ground
walking (course dataset) and a treadmill gait dataset. The
experimental results show that incorporating the quality mea-
sures contributes to accuracy improvement in many cross-view
settings.

Index Terms—Cross-view, gait recognition, quality,
transformation-quality.

I. INTRODUCTION

PERSON authentication at a distance is a challenging
but important task for surveillance and forensics [1].

What makes the task difficult is the limited available data
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Fig. 1. Walking images of the SS with different views. The appearance of
the subject is different depending on the observation view.

for authentication. Many traits such as fingerprints, irises,
faces, and hand veins have been proposed for biometric per-
son authentication [2], and are used currently in daily life.
These traits are very efficient for accessing control applications
where the subject’s cooperation is expected. Most of these
traits, however, are not useful for person authentication at a
distance, because the traits are acquired by contact sensors or
by contactless but short-range sensors. Although a facial trait
mitigates this limitation to some extent, face recognition accu-
racy may drastically degrade if a target person is captured at a
distance from a camera and hence the facial image resolution
is considerably low. In such a situation where a target person
is captured at a distance, their gait [3] or other soft-biometric
features [4] can be candidates.

The method of using gait traits for person authentication is
called gait recognition. Gait recognition authenticates a walk-
ing person using the shape and motion information extracted
from an image sequence of the person captured by a camera,
and even the information extracted from relatively low resolu-
tion image sequences (e.g., a person with a height of 30 pixels
in the image) has reasonable discrimination capability for
person authentication.

Although gait recognition has such promising character-
istics, several challenges remain to be solved. One chal-
lenge is that the recognition accuracy is often degraded by
several covariates such as observation view [5]–[7], walk-
ing speed [8]–[10], clothing [11], and belongings [12]–[14].
Among the covariates, a change in observation view is often
the case in real situations. Fig. 1 shows the walking images
of the same subject (SS) with different views. From these
images, we can see that the appearance is considerably dif-
ferent even though the images are captured from the SS.
This difference causes the degradation of gait recognition
accuracy. In this paper, we focus on the view issue in gait
recognition.

2168-2267 c© 2015 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

mailto:muramatsu@am.sanken.osaka-u.ac.jp
mailto:makihara@am.sanken.osaka-u.ac.jp
mailto:yagi@am.sanken.osaka-u.ac.jp
http://ieeexplore.ieee.org
http://www.ieee.org/publications_standards/publications/rights/index.html


MURAMATSU et al.: VTM INCORPORATING QUALITY MEASURES FOR CROSS-VIEW GAIT RECOGNITION 1603

In general, two families of approaches to image-based
gait recognition1 have been proposed: 1) appearance-based
methods that extract a gait feature directly from cap-
tured image sequences [6], [12], [16]–[19] and 2) model-
based methods that assume human models, and that
calculate the model parameters by fitting the models to
the images [20]–[23]. Model-based approaches seem to be
preferable for cross-view gait recognition because the calcu-
lated model parameters have a view-invariant nature under
some geometric assumptions. We refer readers to [24] for
more details about model-based solutions to cross-view gait
recognition. However, calculating model parameters with high
accuracy is often difficult from images captured at a distance,
because the spatial resolution of these images is usually rel-
atively low, and calculating 3-D model parameters from such
low spatial resolution images is generally difficult; thus there
are inherent difficulties in applying model-based approaches in
such a case. On the other hand, appearance-based approaches
can recognize a subject even from the relatively low spatial
resolution images. For a person authentication task from a
distance, appearance-based approaches can be useful if the
view issue is reasonably resolved. Therefore, we focus on
appearance-based approaches and discuss possible solutions
to the view change problem.

There are several appearance-based approaches to
the cross-view gait recognition: multiview gallery-
based approaches [25]–[28], view-invariant feature-based
approaches [5], [29]–[32], and view transformation
model (VTM)-based approaches [6], [7], [33]–[37]. In
this paper, we focus on VTM-based approaches because they
form the mainstream approach of cross-view gait recognition
and achieve state-of-the-art accuracy.2

VTM-based approaches are composed of three phases:
1) training; 2) transformation; and 3) matching. The training
phase involves construction of the VTM (e.g., a joint subspace
of multiview gait features in [6] and a regression model from
one view to another view in [7]) using multiview gait fea-
tures of multiple training subjects. The transformation phase
involves the generation of an input gait feature with a destina-
tion view from that with a source view. The matching phase
involves a score calculation for recognition. In the previously
proposed VTM-based approaches [6], [7], [33]–[37], only the
calculated matching score is used for recognition without con-
sidering the quality of the generated gait feature (i.e., the
transformation accuracy) or the constructed model. The quali-
ties may be different from subject to subject (more specifically,
feature to feature), and they may bias the matching score
among subjects. Once we quantify such qualities, they can be
used as auxiliary information to improve recognition accuracy,
because many studies report improvements in accuracy using
these kinds of quality measures [38]–[40]. Therefore, we pro-
pose to quantify the qualities associated with the VTM and use
them for improving the accuracy of VTM-based approaches
for cross-view gait recognition.

1Accelerometer-based gait recognition methods such as [15] are also
proposed.

2The proposed quality-dependent framework is applicable to subspace-
based view-invariant feature approaches described in Section II.

The contributions of this paper are summarized in the
following three points.

A. Proposal of Quality Measures

We propose multiple quality measures for VTM-based
cross-view gait recognition. A key idea is to associate the qual-
ity measures with the degree of how well the gait features of
test subjects are represented by a joint subspace spanned by the
set of gait features of training subjects. First, the success of the
VTM-based approaches [6], [7], [36], [37] relies on the trans-
formation accuracy, and thus the transformation accuracy/error
is a promising quality measure candidate. The transformation
accuracy/error, however, cannot be directly measured in cross-
view setting. We therefore focus on the projection error of a
gait feature into the subspace with the source view as the first
quality measure, and show that the projection error highly cor-
relates with the transformation error. In addition, we notice that
the projection error of a gait feature into the subspace with the
destination view reflects the lower bound of the dissimilarity
score, and hence use it as the second quality measure.3 Quality
measures have not been considered in previously proposed
VTM-based approaches [6], [7], [36], [37], and the second
quality measure is not considered in [41].

B. Posterior Probability Incorporating the Quality Measures

We use the quality measures together with a dissimilarity
score to calculate the posterior probability that the given gait
features originate from the SS. Even though the quality mea-
sures do not have discrimination capability themselves, they
bias the dissimilarity scores; thus, incorporating the quality
measures together with the biased dissimilarity scores can con-
tribute to accuracy improvement. In this paper, we calculate
the posterior probability using the framework of linear logistic
regression (LLR) [42] and use the posterior probability as a
final score for recognition. Thanks to incorporating the qual-
ity measures, the proposed method achieves better recognition
accuracy than VTM-methods without quality measures [37],
and because of the second quality measure associated with the
lower bound of the dissimilarity score, the proposed method
outperforms VTM methods with a single quality measure
associated with projection error [41]4 and the state-of-the-art
method RankSVM [43].

C. Evaluation and Analysis Against Two Datasets

To evaluate the proposed method, we use two different types
of datasets: 1) a subset of a publicly available OU-ISIR large
population gait dataset of over-ground walking [44] (referred
to as the course dataset) and 2) a private treadmill gait dataset.5

The former dataset is suitable for evaluating the accuracy of
the proposed method in a statistically reliable manner, and the
latter dataset is suitable for evaluating it against a diversity of

3Proposing the second quality measure is the first extension from [41].
4Recognition accuracy improvement by incorporating the second quality

measure is the second extension from [41].
5The experiments with the treadmill gait dataset is the third extension

from [41], which only used the large population dataset in the experiments.
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view combinations. The experimental results for both datasets
show that the proposed method improves recognition accuracy
in the majority of the considered cases. These results show the
efficiency and applicability of the proposed method.

II. RELATED WORK

A. Cross-View Gait Recognition

Appearance-based approaches to cross-view gait recogni-
tion are classified into three groups: 1) multiview gallery-
based approaches [25]–[28]; 2) view-invariant feature-based
approaches [5], [29]–[32]; and 3) VTM-based approaches [6],
[7], [33]–[37].

Multiview gallery-based approaches assume that gait image
sequences captured by multiple temporally synchronized cam-
eras are available for all the target subjects. This family
typically constructs 3-D models for the gallery by visual
intersection (shape from silhouettes) or by space carving
from multiview synchronized images. It then projects the 3-D
gallery into a 2-D silhouette with the same view as that of a
probe so as to match the gait image sequences under the same
view [25], [26], [28]. However, Bodor et al. [27] bypass the
3-D model construction and apply image-based rendering to
reconstruct gait features for any required view. Although this
family achieves high recognition accuracy even under view
variations, it often does not perform well in a real situation
where a target subject is uncooperative (e.g., a perpetrator or
suspect in forensic scenarios) and where only two gait image
sequences (one for the gallery and the other for the probe) are
given because the acquisition of a multiview gallery generally
requires subjects’ cooperation.

Unlike multiview gallery-based approaches, view-invariant
feature-based approaches are applicable to cases where only
two gait image sequences are given for recognition. The
view-invariant feature-based approaches are further divided
into three types: 1) geometrical approaches [5], [29], [30];
2) subspace-based approaches [31], [32]; and 3) metric
learning-based approaches [43]. Geometrical approaches
extract view-invariant features by considering their geometri-
cal properties. For example, Kale et al. [5] proposed a method
to generate gait images with a canonical view (e.g., side view)
from any other arbitrary view under the assumption that a
walking person (a 3-D object) is well represented by a 2-D
planar object in the sagittal plane [5]. This family works well
when the angle between the sagittal plane of the person and
the image plane is small; otherwise it fails.

Conversely, subspace-based approaches learn a joint sub-
space using training data and compute view-invariant features
by projecting the original features onto the learned subspace.
Metric learning-based approaches train a weight vector that
sets the importance of a matching score of each dimension,
and calculate a final score considering the weight vector. The
limitations of the subspace-based and metric learning-based
approaches are almost the same as those of the VTM-based
approaches, as we discuss later.

VTM-based approaches construct a generic transformation
rule using multiview gait features of cooperative training sub-
jects (e.g., students in a lab and colleagues in a company),

and apply the rule to generate gait features with a destina-
tion view from those with a different source view, not only
for cooperative training subjects but also for uncooperative
subjects. A variety of such transformation rules are real-
ized through a matrix factorization process by singular value
decomposition (SVD) [6], [33], [37], [45], or a regression
framework [7], [34], [35]. Whereas regression-based VTMs
generate a gait feature with a destination view directly from
one with a source view, SVD-based VTMs calculate an intrin-
sic vector by first projecting the gait feature with the source
view into the learned subspace, and then generate a gait fea-
ture with the destination view from the intrinsic vector. This
family has a wider range of applicable view differences than
those of geometrical view-invariant feature-based approaches.
The limitations of this family lie in that training data with
exactly the same views as those of test data need to be col-
lected in advance, and also that recognition accuracy is still
worse than that in same-view gait recognition. To address the
former limitation, Muramatsu et al. [37] proposed an arbitrary
VTM (AVTM) that constructs a custom-made transformation
model for observations views in a test phase by projecting
3-D gait models of cooperative training subjects into exactly
the same observation views on the fly [37]. However, the lat-
ter problem has not yet been addressed, to the best of our
knowledge.

B. Quality of Biometrics

Because the quality of a biometric sample affects recog-
nition accuracy, quality measurement/assessment algorithms
are discussed and the measured quality is used to improve
recognition accuracy [46]–[48].

Generally, the term quality is considered to be measur-
able auxiliary information that cannot be used to distinguish
the genuine class and the imposter class by itself but that
makes an impact on the matching scores. For example, texture
richness [49], ridge frequency [50], and local orientation qual-
ity [51] are all considered in fingerprint recognition. Similarly,
illumination variation, head pose, and facial expression are
considered in face recognition [52], whereas texture rich-
ness [49], the difference between iris diameter and pupil
diameter [53], and occlusion and blurring of the iris region [54]
are considered in iris recognition; entropy of signature is
considered in signature verification [55]; and quality of sil-
houette [39], [40] and clothing variation [38] are considered
in gait recognition.

These measured qualities are used in different levels of pro-
cessing. For example, quality measures are used at the data
acquisition level to make decisions about whether the input
data is used or rejected for recapturing [46]; at the preprocess-
ing level, they are used to set a threshold associated with pre-
processing [40]; at the score calculation level, they are used to
normalize a uni-modal score, or generate uni- or multi-modal
fusion [38], [53], [56]–[60] or switch system modules [61];
and they are also used at the decision-making level [62].
Among these, usage at the score calculation level is the most
popular in the biometric field, and these methods are unified
in biometric person authentication frameworks [48], [63].
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Fig. 2. Algorithm overview of the proposed method. FDF [6] is depicted as
a gait feature.

III. VIEW TRANSFORMATION MODEL INCORPORATING

TRANSFORMATION QUALITY

A. Overview

We show an algorithm overview of the proposed method
in Fig. 2. Given a pair of input gait image sequences with
different views as a gallery and a probe, we generate a sil-
houette sequence from each input gait image sequence by
background subtraction-based graph-cut segmentation [64].
We then extract a gait feature from each silhouette sequence.

Because observation views of the gallery and the probe are
different in cross-view settings, the extracted gallery and probe
gait features have different appearances to each other; direct
comparison of such gait features yields degradation of recogni-
tion accuracy. We therefore transform one of the gait features
using a VTM so that both gait features have the same view in
common, and calculate a matching score by comparing the gait
features with the same view. Unlike the previously proposed
VTMs [6], [7], [33]–[35], [37], the proposed method estimates
two quality measures associated with the gait features and the
VTM; we call them transformation quality (or source view
feature-inherent quality) and dissimilarity bounding quality
(or destination view feature-inherent quality), respectively. We
use the two quality measures to calculate a posterior probabil-
ity of the genuine pair as a final score together with the raw
dissimilarity score between the gait features. Finally, we make
a decision as to whether the given gait features originate from
the SS based on the final score.

We first briefly explain the VTM for cross-view gait recog-
nition, and then explain the quality measures considered in
the proposed method. Finally, we explain how to incorporate
the quality measures into a posterior probability for making a
decision.

In this paper, we label the observation view of the gallery
as θ , and the observation view of the probe as φ. We consider
the transformation of the gallery gait feature with view θ to
that with view φ for simplicity, although both transformations

from a gait feature with view θ to φ and from θ to φ are
possible using the VTM.

B. VTM

1) Training VTM: We assume that M pairs of gait features
associated with source and destination views θ and φ are avail-
able for VTM training. Note that these gait features for VTM
training are associated with independent training subjects who
are different from the target subjects for recognition.

Let Xm
(θ) and Xm

(φ) be N-dimensional gait features of the mth
pair with views θ and φ, respectively. By arraying the gait
features, we generate a training matrix D by

D =
[

X1
(θ) · · ·XM

(θ)

X1
(φ) · · ·XM

(φ)

]
. (1)

We then apply SVD to D as

D = USVT

=
[

R(θ)

R(φ)

][
v1 · · · vM

]
. (2)

Here, U ∈ R
2N×M is an orthogonal matrix that consists of a

set of bases for the joint subspace of concatenated gait features
from the two views, V ∈ R

M×M is also an orthogonal matrix,
S ∈ R

M×M is a diagonal matrix whose on-diagonal elements
are singular values. R(θ) and R(φ) are submatrices of U, and
they are view-dependent feature-independent matrices. On the
other hand, vm is an intrinsic vector, the mth row vector of
matrix SVT , and it is a view-independent feature-dependent
vector.

2) Transformation Using VTM: We describe a gallery gait
feature with view θ and a probe gait feature with view φ

by xG
(θ) and xP

(φ), respectively, and consider transforming the
gallery gait feature with view θ to that with view φ.

The transformation is achieved by the following two steps.
Step 1 (Estimation of a Point on the Joint-Subspace): Using
the gallery gait feature xG

(θ), we estimate a point on the joint
subspace v̂G

(←θ) by

v̂G
(←θ) = argmin

v
||xG

(θ) − R(θ)v||22 (3)

= R(θ)+xG
(θ) (4)

where R(θ)+ = (
(R(θ))TR(θ)

)−1
R(θ)T (5)

where || · ||2 denotes the L2 norm.
Step 2 (Projection to Gait Feature Space): The gallery gait

feature of view φ, x̂G
(φ←θ), is generated by projecting the esti-

mated point on the joint subspace v̂G
(←θ) to the gait feature

space of view φ

x̂G
(φ←θ) = R(φ)v̂G

(←θ). (6)

3) Matching: We calculate a dissimilarity score between
the gallery and the probe in the same gait feature space of
view φ by

d
(

xG
(θ), xP

(φ);R(θ), R(φ)
)
=

∣∣∣∣∣∣xP
(φ) − x̂G

(φ←θ)

∣∣∣∣∣∣
2

=
∣∣∣∣∣∣xP

(φ) − R(φ)R(θ)+xG
(θ)

∣∣∣∣∣∣
2
. (7)
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Fig. 3. Scatter plots between the projection error (||xG
(θ)
− x̂G

(θ←θ)
||2) and

the transformation error (||x̃G
(θ)
− x̂G

(φ←θ)
||2).

The dissimilarity scores are affected by R(θ) and R(φ), but in
this paper we describe it by d(xG

(θ), xP
(φ)) for simplicity.

C. Quality Measure

1) Transformation Quality: The success of VTM-based
cross-view matching relies on transformation accuracy, i.e.,
how similar the generated gallery gait feature is to the gait
feature of the destination view originating from the same
gait; we call this gait feature the ground-truth gallery gait
feature with view φ and denote it by x̃G

(φ). The transforma-
tion error associated with the gallery gait feature xG

(θ) is then
defined by

Transformation error =
∣∣∣∣∣∣x̃G

(φ) − x̂G
(φ←θ)

∣∣∣∣∣∣
2

=
∣∣∣∣∣∣x̃G

(φ) − R(φ)v̂G
(←θ)

∣∣∣∣∣∣
2
. (8)

The transformation error can be useful auxiliary informa-
tion for accuracy improvement because it correlates with the
dissimilarity score.

However, we cannot calculate the transformation error
directly because x̃G

(φ) is unavailable in the cross-view setting.
We therefore focus on the projection error of the gallery gait
feature defined by

Projection error =
∣∣∣∣∣∣xG

(θ) − R(θ)v̂G
(←θ)

∣∣∣∣∣∣
2
. (9)

This projection error can be calculated because xG
(θ) is available

and v̂G
(←θ) in (9) is estimated from the gallery gait feature

by (4). We hypothesize that the projection error correlates with
the transformation error because the projection error reflects
the degree of how well the gallery gait feature is represented
by the trained subspace in gait feature space of view θ , and
the fit to the subspace can affect the transformation accuracy.

Fig. 3 shows scatter plots that outline the relationship
between the projection error and the transformation error
of gait features from 53 subjects. To generate these plots,
3-D gait volume sequences from 103 subjects described in
Section IV were used. Among the gait features associated
with 103 subjects, gait features associated with 50 subjects
were used for VTM training, and the gait features associ-
ated with the remaining 53 subjects were used for calculating

Fig. 4. Relationship between dissimilarity scores and dissimilarity bounding
quality. Two probe gait features whose distance from the ground truth gallery
gait feature (x̃G

(φ)
) are the same, are described by xPa

(φ)
and x

Pb
(φ)

, and the
closest associated (projected) points of the probe gait features to the learned
subspace can be written as x̂Pa

(φ←φ)
and x̂

Pb
(φ←φ)

, respectively. The differ-

ences in the dissimilarity bounding qualities (||xPa
(φ)
− x̂Pa

(φ←φ)
||2 ≥ ||xPb

(φ)
−

x̂
Pb
(φ←φ)

||2) cause differences in the dissimilarity scores (||xPa
(φ)
− x̂G

(φ←θ)
||2 ≥

||xPb
(φ)
− x̂G

(φ←θ)
||2), even though these two probe gait features have the same

dissimilarity score to x̃G
(φ)

in the same-view setting.

transformation/projection errors. From this figure, we obtain
the following two observations.

a) Transformation errors differ from feature to feature,
namely, the degree of success of the view transformation
varies depending on the feature.

b) The correlation between the projection errors and the
transformation error is relatively high. This result pro-
vides evidence that the projection errors well predict the
transformation errors.

Based these observations, we use the projection error as a
quality measure that relates to the transformation error, and
calculate it using the gallery gait feature by

Q(xG
(θ);R(θ)) =

∣∣∣∣∣∣xG
(θ) − R(θ)R(θ)+xG

(θ)

∣∣∣∣∣∣
2
. (10)

We call this quality transformation quality.
2) Dissimilarity Bounding Quality: Fig. 4 illustrates a

schematic of gait features in the gait feature space of view φ.
In this figure, we draw two probe gait features that are the same
distance from the ground truth gallery gait feature view φ.
We also draw the transformed gallery gait feature together
with the learned subspace in the gait feature space. Because
these two probe gait features have the same dissimilarity
score in the same-view setting, we expect the dissimilarity
scores between these probe gait features and the transformed
gallery gait feature to be equal. However, these dissimilar-
ity scores are not equal because the transformation error
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is not zero and the fit of the probe gait features to the
learned subspace is different. We can observe that the closer
the probe gait feature to the learned subspace, the smaller
the dissimilarity score. This observation shows that the fit
of the probe gait feature to the learned subspace causes a
bias, which implies that it can be a good quality measure.
Therefore, we calculate a quality measure using the probe gait
feature by

Q(xP
φ;R(φ)) =

∣∣∣∣∣∣xP
(φ) − R(φ)v̂P

(←φ)

∣∣∣∣∣∣
2

=
∣∣∣∣∣∣xP

(φ) − R(φ)R(φ)+xP
(φ)

∣∣∣∣∣∣
2
. (11)

We call this quality dissimilarity bounding quality. In the
remainder of this paper, we denote the transformation qual-
ity and the dissimilarity bounding quality as Q(xG

θ ) (or Qt)
and Q(xP

φ) (or Qb), respectively.

D. Quality-Dependent Score Normalization

Although VTM-based methods can transform a gait feature
with the source view to that of the destination view, and the
transformation contributes to accuracy improvement, it often
produces inhomogeneously biased dissimilarity scores. If we
can eliminate the inhomogeneous bias, the recognition accu-
racy of VTM-based methods can be further improved. We
therefore consider how to normalize the dissimilarity score
calculated in (7) using the two quality measures calculated
in (10) and (11). We focus on the LLR framework, and approx-
imate the logit function of the posterior probability that the two
given gait features originate from the SS as a weighted linear
sum of the dissimilarity score and the two quality measures.
Let P(ξ = SS|xG

(θ), xP
(φ);α) be the target posterior probabil-

ity, and α be the parameter set in this framework. Using the
LLR framework, we describe the logit function of the posterior
probability as

log

⎛
⎝ P

(
ξ = SS

∣∣xG
(θ), xP

(φ);α
)

1− P
(
ξ = SS

∣∣xG
(θ), xP

(φ);α
)
⎞
⎠

= α0 + α1d
(

xG
(θ), xP

(φ)

)
+ α2Q

(
xG
(θ)

)
+ α3Q

(
xP
(φ)

)
(12)

and the posterior probability is calculated by

P
(
ξ = SS|xG

(θ), xP
(φ);α

)
= 1

1+ e
−

(
α0+α1d

(
xG
(θ)

,xP
(φ)

)
+α2Q

(
xG
(θ)

)
+α3Q

(
xP
(φ)

)) . (13)

Here α = [α0, α1, α2, α3] is the parameter set; α0 is a
constant for score calibration, and α1, α2, and α3 are coef-
ficients for dissimilarity score, transformation quality, and
dissimilarity bounding quality, respectively. These parame-
ters are trained using a parameter training dataset. Let � be
the parameter training dataset composed of the gallery and
probe gait features from N subjects. Let χG

i and χP
i be the

gallery and the probe gait features, respectively, associated
with the ith subject in �. We consult the object function of

Fig. 5. Multiview camera system for data acquisition. Subjects were asked
to walk on the treadmill, and 25 surrounding synchronous cameras captured
walking image sequences of the subjects.

the logistic loss proposed in [42], and set the object function
C(�;α) as

C(�;α) = − 1

N

∑
i

log P
(
ξ = SS

∣∣χG
i , χP

i ;α
)

− 1

N(N − 1)

∑
i

∑
j �=i

log
(

1−P
(
ξ = SS

∣∣χG
i , χP

j ;α
))

(14)

and set the parameters that minimize the cost function.
By incorporating the quality measures together with the dis-

similarity score for the posterior calculation, we can reduce the
impact of the inhomogeneous bias, which leads to recognition
accuracy improvement. We therefore use the posterior proba-
bility in place of the inhomogeneously biased dissimilarity for
recognition.

IV. IMPLEMENTATION

We implemented a variant of the VTM: an AVTM [37]
because of its applicability to any combination of arbitrary
views. We first constructed 3-D gait volume sequences for the
auxiliary independent training subjects. We then generated gait
image sequences of gallery and probe views by projecting the
3-D gait volume sequences with projection matrices associated
with the gallery and probe views. After that, we extracted gait
features from the projected image sequences, and trained the
VTM by (1). Each of these processes are described in detail
below.

A. Data Collection for Training VTM

First, we collected gait image sequences from multiple
independent training subjects using the multiview temporally
synchronous camera system shown in Fig. 5. Note that the sub-
jects associated with this data collection were different from
those in datasets used for evaluation described in Section V-B.
We built a circular studio with a treadmill at the center, and
set 12 poles placed at every 30◦ around the studio. Two cam-
eras were set on each pole at a height of 130 and 200 cm,
and one camera was set above the treadmill, which totaled 25
cameras. The images were captured at 640 by 480 pixels size
at 60 frames/s. We asked 103 subjects to walk in a natural
manner on the treadmill operating at a speed of 4 km/h and
captured gait image sequences for approximately 6 s using the
25 synchronous cameras. The gender and age of the training
subjects are summarized in Table I.
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TABLE I
GENDERS [MALE (M), FEMALE (F)] AND AGES OF EACH DATASET

B. 3-D Gait Volume Sequence and its Projection

Second, we corrected lens distortion using a nonparametric
calibration method [65], and also computed projection matri-
ces for the individual cameras by camera calibration. We
then extracted silhouette images from the un-distorted images
by applying background subtraction and graph-cut-based seg-
mentation [64]. To obtain high-quality silhouette images, we
modified the silhouette image sequences manually.

We then constructed a 3-D gait volume sequence from the
silhouette images from multiple views using a visual cone
intersection technique.

Finally, we projected the 3-D gait volume sequence onto
the image sequence with the gallery and probe views using
the associated projection matrices.

C. Gait Feature Extraction

We extracted a frequency-domain feature (FDF) [6] as the
gait feature from a silhouette image sequence. FDF is gen-
erated for each gait cycle by applying a discrete Fourier
transform along the temporal axis to the silhouette images
and by computing the amplitude spectra. In this paper, we
use 0, 1, and 2 times frequency elements. The FDF is a
phase-independent feature and thus, we can skip troublesome
phase synchronization processing in the VTM training, view
transformation, and matching stages.

V. EXPERIMENT

A. Overview

We performed two experiments to evaluate the recognition
accuracy of the proposed method. The first experiment was
performed using the subset of the OU-ISIR large population
dataset [44] (course dataset). The purpose of the first experi-
ment was to evaluate the recognition accuracy of the proposed
method in a statistically reliable manner and compare the accu-
racy of the proposed method with those of benchmarks. The
second experiment was performed using a treadmill dataset
that was composed of gait image sequences from a wide
variety of views. The purpose of the second experiment was
to analyze the impact of the target view pairs against the
recognition accuracy of the proposed method.

B. Databases

1) Course Dataset: We used a subset of the OU-ISIR
large population dataset [44], and chose gait image sequences
from 1912 subjects whose data were captured by calibrated

Fig. 6. Walking images and gait features of course dataset.

Fig. 7. Gait features of the treadmill dataset.

cameras for evaluation. Each subject was asked to walk along
a course twice in a natural manner, and gait data were cap-
tured using a single camera placed approximately 5 m from
the course at a height of 100 cm as shown in Fig. 6. The
images were captured with 640 by 480 pixel size at 30
frames/s. In this dataset, four subsets with different observa-
tion azimuth views (55◦, 65◦, 75◦, and 85◦ as shown in Fig. 6)
were provided; therefore, we used these four views for the
evaluation of cross-view gait recognition. Although the view
variation is limited in this dataset, it is still useful in terms
of the statistically reliable evaluation of upper bound accu-
racy owing to the large population of subjects captured under
relatively controlled situations (e.g., the same day and the
same attire). We summarize the gender and age of the sub-
jects associated with the subset of large population dataset
in Table I.

2) Treadmill Dataset: This dataset is composed of gait sil-
houette image sequences from 100 subjects. The data were
acquired in the same setting as the images for 3-D gait volume
generation, however, the subjects were completely different
and the camera’s poses (more specifically, tilt angles) were
slightly different from those for the 3-D gait volume genera-
tion. Each subject walked on the treadmill twice in the same
day. We picked up gait image sequences from cameras with a
height of 200 cm and observation azimuth angles of 0◦, 30◦,
60◦, 90◦, 120◦, 150◦, and 180◦ as shown in Fig. 7, where
0◦, 90◦, and 180◦ means frontal, right side, and rear views,
respectively. Although multiple cycles of gait are included in
each gait image sequence, we only use a gait feature extracted
from the last single gait cycle for evaluation. The gender and
age of the subjects associated with the treadmill dataset are
summarized in Table I.
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Fig. 8. Scatter plots of dissimilarity scores of the gait feature pairs originating from the same subject and qualities. Left: score view feature-inherent versus
source view feature-inherent. Right: score view feature-inherent versus destination view feature-inherent. Gait features from the course dataset are used, and
the views of the gallery and the probe are 55◦ and 85◦, respectively.

C. Experimental Settings

Because training data for parameters α = [α0, α1, α2, α3]
used for the posterior probability calculation in (13) is neces-
sary, we divided the subjects in each gait dataset randomly into
two disjoint groups with the same numbers of subjects, and
performed two-fold cross validation tests. We first trained the
parameters on the gait features of the first group and tested
on the gait features of the second group, and then trained
the parameters on the gait features of the second group and
tested on the gait features of the first group. To remove any
effects associated with the random grouping, we repeated the
two-fold cross validations five times with different groupings
in each dataset, and concatenated the matching scores from
test subjects of the five two-cross validations to calculate the
recognition accuracy.

D. Experiment for Recognition Accuracy Evaluation

We evaluated the recognition accuracy of the proposed
method using a course dataset by two-fold cross validation
tests explained in Section V-C. The course dataset was com-
posed of gait image sequences from 1912 subjects, and we
therefore divided the subjects into two groups each with an
equal number of 956 subjects. In each validation and in each
view combination, 956 × 956 = 913 936 matchings asso-
ciated with the training subjects were used for parameter
training, and posterior probabilities of 956 × 956 = 913 936
(956 matching of the same subjects and 956× 955 = 912 980
matching of different subjects) were calculated. Following
the five two-cross validations, we evaluated the recognition
accuracy using 956 × 956 × 2 × 5 = 9 139 360 matching
(956 × 2 × 5 = 9560 matching of the same subjects and
956 × 955 × 2 × 5 = 9 129 800 matching of the differ-
ent subjects). The estimated parameters are summarized in
Table III.

We evaluated the accuracy of AVTM-based methods
using quality measures: an AVTM-based method with Qt
(AVTM+[Qt]) [41], an AVTM-based method with Qb
(AVTM+[Qb]), and an AVTM-based method using both qual-
ity measures (AVTM+[Qt, Qb]).

For comparison purposes, we also evaluated the accuracy
of three methods as benchmarks: 1) direct matching without
AVTM (woAVTM); 2) an AVTM-based method without any
quality measures (AVTM) [37]; and 3) RankSVM [43]. For
training RankSVM, the same data used for AVTM generation
described in Section IV were used. Recognition accuracies of
the benchmarks were evaluated against the same matchings of
956× 956× 2× 5 = 9 139 360 that were used for evaluating
the AVTM-based methods with quality measures.

Fig. 8 shows scatter plots of dissimilarity scores of gait fea-
ture pairs from the same subject for the course dataset (gallery:
55◦ and probe: 85◦). This figure shows that the dissimilar-
ity scores are highly correlated with both Qt and Qb, which
indicates potential improvement by the score normalization
framework with the quality measures.

We show receiver operating characteristics (ROC) curves
in several view settings for the course dataset in Fig. 9, and
summarize equal error rates (EERs) of false acceptance rate
and false rejection rate for all the considered view settings in
Table II.

The experimental results for the course dataset show that
the AVTM+[Qt, Qb] achieves the best EERs in all cases.
For example, in a case where the gallery view was 55◦ and
the probe view was 85◦, the EER improved from 15.4% to
10.1% by incorporating the Qt, and further improved to 6.5%
by incorporating both Qt and Qb. Comparing the RankSVM
and AVTM+[Qt], the accuracy of the RankSVM is similar to
that of AVTM+[Qt] [41] when the view difference is large.
Moreover, the accuracy of RankSVM is better than that of
AVTM+[Qt] when the view difference is small. However,
AVTM+[Qt, Qb] outperforms RankSVM in all cases.

E. Experiment for Analysis of the Impact of
Target View Pairs

We evaluated the recognition accuracy of the proposed
method using a treadmill dataset. The treadmill dataset was
composed of gait image sequences from 100 subjects, and
we therefore divided the subjects into two groups each with
an equal number of 50 subjects. In each validation and in
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(a) (b) (c)

Fig. 9. ROC curves in different view settings against the course dataset. (a) (θ, φ) = (55, 65). (b) (θ, φ) = (55, 75). (c) (θ, φ) = (55, 85).

TABLE II
EERS [%] AGAINST THE COURSE DATASET

each view combination, 50× 50 = 2500 matchings associated
with the training subjects were used for parameter training,
and posterior probabilities of 50 × 50 = 2500 (50 match-
ing of the same subjects and 50 × 49 = 2450 matching of
different subjects) were calculated. Following the five two-
cross validations, we evaluated the recognition accuracy using
50×50×2×5 = 25 000 matching (50×2×5 = 500 matching
of the same subjects and 50× 49× 2× 5 = 24 500 matching
of the different subjects).

In this experiment, we evaluated the accuracy of AVTM,
AVTM+[Qt] [41], AVTM+[Qb], and AVTM+[Qt, Qb].

We show the ROC curves in several view combinations of
the treadmill dataset in Fig. 10, and summarize the EERs in
Table IV.

The experimental results for the treadmill dataset show
the applicability of the proposed method to the different
view settings, and include larger view differences than that
of the large population dataset. As a result, incorporating
both quality measures yielded lower EERs except for a few

cases (e.g., 180◦ gallery versus 90◦ probe), which demon-
strates the efficacy of the proposed method for cross-view gait
recognition with many different view settings.

VI. DISCUSSION

A. Impacts of Each Module and Qualities on
Recognition Accuracy

We discuss the impact of main modules that compose the
proposed algorithm, and the quality measures associated with
AVTM in cross-view settings. The impact of the view trans-
formation module can be evaluated by comparing the accuracy
of AVTM with that of woAVTM in Table II. In the cross-view
settings where view difference is small (e.g., 10◦), AVTM can-
not achieve better accuracy than woAVTM. For example, in
the case where the views of the gallery and the probe are 75◦
and 85◦, respectively, the accuracy of AVTM is 10.3% whereas
that of woAVTM is 5.8%. On the other hand, in the settings
where view difference is large (e.g., 30◦), AVTM achieves bet-
ter accuracy than woAVTM. For example, in the case where
the views of the gallery and the probe are 55◦ and 85◦,
respectively, the accuracy of AVTM is 15.4% whereas that
of woAVTM is 18.6%.

We consider two relevant factors with the results: 1) accu-
racy degradations caused by imperfect transformation and
2) appearance change by view difference. The AVTM cannot
synthesize exactly the same gait feature as that with a target
view from a gait feature with a different view of the test sub-
jects who are excluded in the training data. As an extreme
case, we can easily imagine that the gait recognition accu-
racy is naturally degraded if we unnecessarily apply AVTM
for the same-view setting. We call this degradation imperfect
transformation-related degradation.

Conversely, the appearance of gait features matched in
cross-view settings changes depending on the observation
view, and this appearance change may cause degradation of
the gait recognition accuracy in cross-view setting compared
with that in the same-view setting. We call this degrada-
tion appearance change-related degradation. When appearance
changes caused by view differences are small, the impact
of the appearance change-related degradation is smaller than
that of the imperfect transformation-related one; therefore,
the recognition accuracy of woAVTM is better than that of
AVTM in the cross-view settings with small view difference.
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Fig. 10. ROC curves in different view settings against the treadmill dataset. (a) (θ, φ) = (0, 30). (b) (θ, φ) = (0, 60). (c) (θ, φ) = (0, 90). (d) (θ, φ) = (0, 120).
(e) (θ, φ) = (0, 150). (f) (θ, φ) = (0, 180). (g) (θ, φ) = (120, 0). (h) (θ, φ) = (120, 30). (i) (θ, φ) = (120, 60). ( j) (θ, φ) = (120, 90). (k) (θ, φ) = (120, 150).
(l) (θ, φ) = (120, 180).

Conversely, when the view difference is large, the appear-
ance changes caused by the view difference are large, and the
appearance change-related degradation is much larger than the
imperfect transformation-related one. Therefore, the accuracy
of AVTM becomes better than that of woVTM.

The imperfect transformation-related error is further divided
into two errors: 1) impaired discrimination capability-related
error, which is related to the loss of discriminative information
caused by imperfect transformation and 2) inhomogeneous
bias-related error. The former error is difficult to reduce
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TABLE III
ESTIMATED PARAMETERS FOR THE POSTERIOR PROBABILITY CALCULATION (COURSE DATASET)

TABLE IV
EERS [%] AGAINST THE TREADMILL DATASET

without improving the accuracy of the view transformation
itself, while the latter error can be reduced by quality-
dependent score normalization. In the experiments using the
course dataset, quality-dependent score normalization suc-
ceeded in improving the recognition accuracy of AVTM in
all the considered settings. For example, in the case where the
views of the gallery and the probe are 55◦ and 65◦, respec-
tively, whereas the recognition accuracy of AVTM is 10.5%,
those with quality-dependent score normalization using Qt,
Qb, and both Qt and Qb are 6.2%, 3.8%, and 3.6%, respec-
tively. In the case where the views of the gallery and the probe
are 55◦ and 85◦, respectively, whereas recognition accuracy of
AVTM is 15.4%, those with quality-dependent score normal-
ization using Qt, Qb, and both Qt and Qb are 10.1%, 7.0%
and 6.5%, respectively. When view difference is small (e.g.,
the views of the gallery and the probe are 75◦ and 85◦),
although AVTM with score normalization using Qt cannot

Fig. 11. Relationship between subject walking speed and dissimilarity scores,
quality of the probe in the case where the views of the gallery and probe
are 55◦ and 85◦, respectively. Left: walking speed of gallery subject versus
dissimilarity score. Right: walking speed of probe subject versus Qb.

achieve better accuracy than that of woAVTM, those using
Qb, or both Qt and Qb achieve better accuracy than those
of woAVTM and RankSVM. These experimental results show
that quality-dependent score normalization using quality mea-
sures is effective, and that Qb seems to be more efficient than
Qt when tested against the course dataset.
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(a) (b) (c) (d)

Fig. 12. Relationship between subject age and quality of the gallery, quality of the probe, dissimilarity, and normalized dissimilarity in the case where the
views of the gallery and probe are 55◦ and 85◦, respectively. (a) Age of subject vs. Qt. (b) Age of subject vs. Qb. (c) Age of subject vs. dissimilarity score.
(d) Age of subject vs. normalized dissimilarity score.

On the other hand, slightly different observations arise
from the experimental results using the treadmill dataset as
summarized in Table IV. As a whole, AVTM with quality-
dependent score normalization achieves better recognition
accuracy than that of AVTM against the treadmill dataset, and
AVTM+[Qt, Qb] and AVTM+[Qb] achieve the best and the
second best accuracy in the majority of cross-view settings;
these results show that Qb is more effective than Qt. The
effectiveness of the quality measures are, however, slightly
different depending on the view settings. For example, in
several view settings where a matching pair of views are
(nearly) perpendicular to each other (e.g., matching between
0◦ and 90◦, and 180◦ and 90◦), AVTM+[Qt] achieves better
accuracy than either of AVTM+[Qb] and AVTM+[Qt, Qb].
View transformations between these views are essentially dif-
ficult, particularly transformations from the frontal/rear view
to the side view,6 the transformation error of these view set-
tings becomes much larger than that of other settings, and
the transformation error becomes a main cause of the inho-
mogeneous bias; therefore, the importance of the Qt become
relatively high. As a result, AVTM+[Qt] achieves better accu-
racy than AVTM+[Qt, Qb] in several view settings. Note
that AVTM+[Qt, Qb] still has a potential to achieve bet-
ter or the same accuracy as that of AVTM+[Qt] because
AVTM+[Qt, Qb] contains information from Qt, although
accuracy of AVTM+[Qt, Qb] is actually worse than that of
AVTM+[Qt] in several view settings due to generalization
error associated with parameter training.

B. Impact of Walking Speed, Age, and Gender on the
Quality Measures

Because quality measures play an important role in the pro-
posed method, and the quality may be affected by walking
speed, age, and gender of the target subjects, we analyzed
their impacts on the quality measures using the course dataset.
In the course dataset, subjects walked on the course at their
natural speed, so walking speed was different from subject to
subject. Moreover, males and females with a wide variety of
ages participated in the dataset collection as shown in Table I,
so this dataset is suitable for this analysis. We examined
the relationship between the walking speed and dissimilarity
scores of positive matching, and the quality measures of the
gallery and probe in the case where the view of the gallery and

6This is because important information related to the range of back and
forth arm/leg swing for the side view gait feature is difficult to recover from
the frontal view gait feature.

probe was 55◦ and 85◦, respectively. Fig. 11 shows the scat-
ter plots of the dissimilarity scores of positive matchings and
the quality measures of the probe against the walking speed,
and Fig. 12 shows the scatter plots of the quality measures of
the gallery and the probe, dissimilarity score, and normalized
dissimilarity scores against age.

These plots shows that walking speed does not have much
impact on the dissimilarity scores of positive matching nor the
qualities.7 On the other hand, Fig. 12 shows that age clearly
impacts the qualities and dissimilarity scores. In particular, the
dissimilarity scores of the subjects who were younger than ten
years old were relatively larger than those of other ages, and
also the quality measures of these young subjects were rela-
tively larger than those of other ages. From these observations,
we can see that gait features of the younger-aged subjects do
not fit well to the trained subspace, which therefore causes
inhomogeneous biased dissimilarity scores of positive match-
ing. Incorporating quality-dependent score normalization can
reduce the inhomogeneous bias as shown in Fig. 12(d). In this
figure, we plot not posterior probability, but normalized scores
calculated by (12) using the averaged parameter values for the
gallery at 55◦ and the probe at 85◦ described in Table III.
From this figure, we can observe that the inhomogeneous bias
is reduced. This bias reduction is achieved not only for the
younger-aged subjects, but for the other age groups as well;
in fact, a number of dissimilarity scores that are out of the nor-
mal range in other age groups [e.g., plots in the dashed ellipses
in Fig. 12(c)], are successfully reduced [see Fig. 12(d)].

VII. CONCLUSION

In this paper, we described a quality-dependent VTM frame-
work for cross-view gait recognition. We introduced two types
of quality measures for the VTM framework based on the fol-
lowing idea: the degree of how well a gait feature of a test
subject is represented in the joint subspace spanned by the
gait features of the training subjects is highly correlated with
the dissimilarity score. We then computed a final dissimilar-
ity score from a raw dissimilarity score, as well as the two
quality measures, as a posterior probability that a given pair
of gait features originate from the same subject. We evaluated
the proposed method for two datasets, course dataset and a
treadmill dataset, and the experimental results showed that the

7We also confirmed that gender did not have much impact on the dissim-
ilarity scores of positive matching nor the qualities from the different plots,
which are not shown in this paper because of page limitation.



1614 IEEE TRANSACTIONS ON CYBERNETICS, VOL. 46, NO. 7, JULY 2016

accuracy of cross-view gait recognition is improved in many
cases by incorporating the quality measures.

A limitation of the proposed method is that the gait recogni-
tion accuracy is little improved in several view settings where
a base VTM method does not work well, more specifically
where a matching pair of views are (nearly) perpendicular
each other (e.g., matching between rear view and side view).
This is because the proposed method cannot recover impaired
discrimination capability-related errors. A future direction is
therefore improvement of the base VTM framework for such
challenging situations of large view differences.

Another limitation is that the proposed method necessitates
an additional training dataset for parameter estimation in each
cross-view setting. For quality-dependent score normalization,
the relative relationship between α1, α2, and α3 is especially
important. From the estimated parameter reported in Table III,
we can observe that the relative relationship is almost insensi-
tive in the similar view settings. This implies that we only need
to estimate parameters in several typical cross-view settings,
and that the parameters can be used for similar cross-view
settings. We will tackle this issue in future.

In addition, whereas this research focused on quality mea-
sures for view covariates in gait recognition, another future
avenue is to explore quality measures for other covariates
(e.g., clothing, speed, belongings) and to improve gait recog-
nition accuracy with quality measures under such challenging
scenarios.
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