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Abstract

Camera-based gait recognition is a useful method for au-
thenticating a person from a distance, even if the resolution
of the acquired images is not high. However, different views
of the compared gallery and probe decrease the recogni-
tion accuracy. To solve this problem, we propose a gait
based authentication method that uses an arbitrary view
transformation scheme. The proposed method constructs
a transformation matrix associated with the view of the set
of gallery and probe using a 3D gait database composed
of non-target multiple subjects’ visual hulls. This matrix
is used to transform the gallery gait features with varying
views into features with the same view as the probe. Using
this scheme, we can minimize the impact of the view differ-
ence. We evaluated the accuracy of the proposed method
using a gait database composed of 52 subjects. The experi-
mental results show that the proposed method is promising.

1. Introduction
Biometric person authentication methods are becoming

more important in everyday life and are used in many sit-
uations such as access control, credit card verification, and
surveillance. A wide variety of modalities such as finger-
prints, finger or hand veins, voice, irises, faces, handwriting,
keystrokes, and gait have been proposed and used [4]. Each
modality has both advantages and disadvantages, and there-
fore, the appropriate modality must be selected depending
on the situation or application.
In considering the usage for surveillance, gait is a

promising modality because gait data can be acquired from
a remotely-positioned camera, and used to authenticate a
person even if the resolution of the acquired data is low.
However, for the purpose of surveillance, the subject’ s
walking directions cannot be controlled. This leads to a dif-
ference in views, which in turn causes appearance changes
in gait, making gait-based authentication more difficult. In
fact, BenAbdelkader [1] and Yu et al. [17] reported that
view changes cause a deterioration in gait recognition ac-

curacy. Two different types of approach have been pro-
posed for gait person authentication, appearance-based and
model-based; and solutions against accuracy deterioration
due to the view difference have been discussed in both ap-
proaches. In this paper, we focus on the solutions against
appearance-based approaches. The solutions for model-
based approaches are discussed in [2].
To cope with view direction changes, several approaches

have been proposed. Kale et al. proposed a method to syn-
thesize side view gait images from other arbitrary views [5].
In their approach, they assume that a person (3D object) can
be represented by a planar object on a sagittal plane. This
approach works well if the angle between the sagittal plane
of the person and the image plane is small; however, where
the angle is large, the accuracy is drastically degraded.
Visual hull based approaches have been proposed by

Shakhnarovich et al. [15], Lee [10], and Iwashita et al. [3].
In these methods, the gait image of a virtual view is syn-
thesized using an image-based visual hull of the target sub-
ject. From the visual hull, gait images of any arbitrary view
can be synthesized. A limitation of the visual hull based
approach is that visual hulls of all the target subjects are
needed. To generate a 3D visual hull of a target subject, gait
image sequences of the subject must be captured in advance
using multiple synchronized cameras. As such, visual hull
based approaches cannot be used if gait image sequences
of the target subjects captured with multiple synchronized
cameras are not available.
On the other hand, view transformation model (VTM)-

based approaches have also been proposed, and these can be
used in the above case. In this type of approach, a VTM that
transforms the data of varying views into those of a different
view is constructed using a training database. To construct
the VTM , some methods use a matrix factorization pro-
cess, adopting a singular value decomposition (SVD) tech-
nique [16, 11, 6], while others use regression [7, 8, 9]. Un-
like the visual hull based approach, gait image sequences of
the target subject captured with multiple synchronized cam-
eras are not necessary; instead, a pre-existing gait database
can be used to construct the VTM. The pre-existing gait
database must be composed of gait image sequences of mul-



Table 1. Comparison of the methods with respect to view changes
Necessary Arbitrary

Approach training data view
Proposed non-target applicable
Visual hull based target applicable
VTM based non-target not applicable

tiple subjects taken with multiple synchronized cameras;
however, it does not need to include the gait data associ-
ated with the target person. Therefore, we can apply this
type of approach to the case where only a single gait im-
age sequence associated with the target person is available.
A limitation of these methods is the applicability to an ar-
bitrary view. Possible views for application are limited to
several discrete views under which the training gait data
are collected. In this paper, we refer to the list of avail-
able views as the training view list. In those cases where a
view of the gallery or probe is not included in the training
view list, these methods cannot be applied directly. A possi-
ble solution is to approximate the target view to the nearest
one in the training view list, although this results in lower
accuracy.

To overcome the limitation, we propose a method that
uses an arbitrary view transformation scheme. The pro-
posed method constructs view transformation matrices as-
sociated with views of the set of gallery and probe using
a 3D gait database composed of non-target multiple sub-
ject’s visual hulls. With the 3D gait database, 2D gait image
data of arbitrary views can be generated by re-projections.
Therefore, given the target views (views of the set of gallery
and probe), 2D gait image data associated with the target
views can be generated even if the target views are not in-
cluded in the training view list. The 2D gait image data then
enable the construction of the view transformation matrix
associated with the target views. Using the matrix, we can
transform the gallery gait features into gallery gait features
with the same view as the probe. It should be noted that
visual hulls associated with the target subjects are not nec-
essary in the proposed method, as the VTM is constructed
from visual hulls of non-target subjects. Therefore, our pro-
posed method can be used in the case that visual hulls as-
sociated with the target subject are not available. Moreover,
thanks to the visual hulls of non-target subjects and the view
transformation matrix, our proposed method is applicable to
transformation to/from an arbitrary view. A comparison of
the proposed method and visual hull and view transforma-
tion based approaches is given in Table 1.

The rest of this paper is organized as follows. The pro-
posed algorithm is explained in Section 2. The experimental
setup and results are reported in Section 3, and our conclu-
sions are given in Section 4.
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Figure 1. Overview of the algorithm

2. Authentication algorithm
2.1. Overview
Figure 1 shows the whole algorithm for the proposed

method. As described in the introduction, the accuracy
of gait recognition algorithms degrades if the views of
the gallery and probe differ. Therefore, we transform the
gallery gait features with varying views into gallery gait fea-
tures with the same view as the probe. This transformation
is performed using the view transformation matrix associ-
ated with the views of the set of gallery and probe. This
matrix is constructed using the 3D gait database composed
of gait visual hulls of multiple non-target subjects.
Assume that there are L views of gait image sequences

per subject in the gallery and one gait image sequence as
the probe. Let sGn = (s1Gn

, ...sLGn
) be the L views of gait

image sequences associated with the gallery of the n-th sub-
ject, and sP be a gait image sequence associated with the
probe. After preprocessing, gait features are extracted from
the preprocessed gait image sequences. Let alGn

be a fea-
ture vector extracted from slGn

, and aP be a feature vector
extracted from sP . Let θrefn

l
and θinput be the views asso-

ciated with the l-th gallery of the n-th subject and the probe,
respectively. For simplicity, we omit the subindex n and ex-
press θrefn

l
as θrefl . Let Θ be a view vector composed of

views associated with the set of gallery and probe. We set
this as

Θ = [θinput, θref1 , ..., θrefL ]
T . (1)

Here, T is the matrix transpose operator. Given view vec-
tor Θ, we generate a gallery gait feature with view θinput



from the multiple gallery gait features with views θrefl as
follows:

âGn(θinput) =M(Θ)

⎡
⎢⎣
a1Gn

...
aLGn

⎤
⎥⎦ . (2)

Here, M(Θ) is a VTM (matrix) associated with Θ, and
âGn(θinput) is the generated gallery gait feature with view
θinput. The way matrix M(Θ) is constructed is described
in Subsection 2.2.
Having obtained the generated gallery gait feature, we

compare the probe gait feature with the generated gallery
gait feature and calculate a dissimilarity score.
Finally, a decision is made based on the calculated dis-

similarity score.

2.2. View transformation
Assume that there areM subjects’ gait visual hulls (3D

gait sequences) in the training database. Using the 3D gait
sequences, we can generate 2D gait image sequences of ar-
bitrary views by re-projection.
Given a view vector Θ = [Θ1, ...,ΘK ]T , all the 3D gait

sequences are re-projected onto the K views of the 2D gait
image sequences with views Θk, k = 1, 2, ...,K, respec-
tively, and gait features are extracted from the re-projected
2D gait image sequences. Using the extracted features, we
construct the view transformation matrixM(Θ).
We briefly describe the formulation of the VTM in a sim-

ilar way to that given in [16]. Note that we apply the VTM
to the phase-invariant gait features extracted from the gait
image sequences1.
Let amT (Θk) be a NA dimensional feature vector of the

m-th subject; this vector is extracted from the 2D gait im-
age sequences of the m-th subject re-projected onto view
Θk. Here, although the type of gait feature is the same as
those of the gallery and probe, to avoid confusion, we use a
different symbol amT (θ) for the gait feature vectors originat-
ing from the 3D gait sequences in the training database, to
those of the gallery alG and probe aP . Using the gait feature
vectors associated with the training database, we construct
a matrix, where the rows indicate views and the columns
each represent a subject in the training database, which is
then decomposed by SVD as⎡

⎢⎣
a1T (Θ1) · · · aMT (Θ1)
...

. . .
...

a1T (ΘK) · · · aMT (ΘK)

⎤
⎥⎦

= USV T =

⎡
⎢⎣

P (Θ1)
...

P (ΘK)

⎤
⎥⎦ [

v1 · · · vM
]
, (3)

1The transformation model can be applied directly to gait images if
the phases of the gait image sequences are synchronized. However, for
phase-invariant gait features, this model can be applied without phase syn-
chronization.

Figure 2. Data acquisition setup. Gait image sequences are taken
from 24 synchronized cameras.

where U is theKNA×M orthogonal matrix, V is theM×
M orthogonal matrix, S is the M × M diagonal matrix
composed of singular values, P (Θk), k = 1, 2, ...,K is the
NA ×M submatrix of US, and vm is the M dimensional
column vector.
Vector vm is an intrinsic feature vector of them-th sub-

ject and is independent of views. The submatrix P (Θk) is a
projection matrix from the intrinsic vector v to the feature
vector for viewΘk, and is common for all subjects; that is, it
is independent of the subject. Thus, feature vector amT (Θi)
for view Θi of them-th subject is expressed as

amT (Θi) = P (Θi)v
m. (4)

Then, the feature vector transformation from view Θj to
Θi is easily obtained by the least squares method as

amT (Θi) = P (Θi)P
+(Θj)a

m
T (Θj), (5)

where P+(Θj) is the pseudo inverse matrix of P (Θj).
Sometimes, transformation from one view may be insuf-

ficient in practice because movements orthogonal to the im-
age plane are degenerated in the silhouette image. In this
case, by using feature vectors of more than one view (let
these be Θj , j = 1, 2, ..., L), we can generate a feature vec-
tor for view Θi more precisely as

amT (Θi) = P (Θi)

⎡
⎢⎣
P (Θ1)
...

P (ΘL)

⎤
⎥⎦
+ ⎡
⎢⎣

amT (Θ1)
...

amT (ΘL)

⎤
⎥⎦ . (6)

By setting Θi = θinput and Θj = θrefj , we can generate
a feature vector with view θinput from the L views’ feature
vectors with views θrefj , j = 1, 2, ..., L.

3. Experiments
3.1. 3D gait model
Figure 2 shows the setup for data acquisition. We con-

structed a circular studio with a treadmill in the center.



Twelve poles were set 30 degrees apart around the circum-
ference, and two cameras were set at a height of 130 cm
and 200 cm on each pole. Thus, in total we positioned 24
cameras, which were temporally synchronized. The resolu-
tion of each image captured by the cameras was 640 by 480
pixels, with 60 frames captured per second.
Using this studio with the 24 synchronized cameras, we

collected gait image sequences of 20 subjects from multiple
views (associated with the camera positions). During the
collection of gait image sequences, the subjects were asked
to walk on the treadmill in a natural manner. Here, projec-
tion matrices for the individual cameras are computed by
means of camera calibration. The lens distortion is cali-
brated by a non-parametric calibration method [14]. A sil-
houette of a gait image in each view in each frame is ex-
tracted using graph-cut based segmentation [13], and there-
after, a visual cone intersection technique is used to recon-
struct the 3D gait model.

3.2. Evaluation database
We collected gait image sequences from 53 subjects for

evaluation. The gait image sequences were taken in the
same way as those used for generating the 3D gait model.
Each subject was asked to walk on the treadmill in a natu-
ral manner while gait image sequences were captured. The
same 24 cameras described in Section 3.1 were used to col-
lect the images for this database.

3.3. Gait authentication algorithm
Frequency-based features [11] were considered as the

gait features in this experiment.
The Euclidian distance calculated as

d(sGn , sP ) = ||âGn(θinput)− aP || (7)

was used as the dissimilarity score between the gallery and
probe. Based on the score, subject X who gave the probe
sP was decided by

X is identified as Ith subject
whereI = argmin

n
d(sGn

, sP ), (8)

in identification mode, and

X=

{
accepted as nth subject if d(sGn , sP )<threshold
rejected otherwise (9)

in verification mode.

3.4. Experimental setup
The following two methods were evaluated together with

the proposed method for the sake of comparison:
• No-transformation method (Notrans)
Probe gait features are compared directly with the
gallery gait features without any transformation.

• Discrete view transformation model-based method
(DVTM)
Gallery gait features are transformed into the nearest
view of the probe’s views in the training view list us-
ing a discrete view transformation matrix [11], and
probe gait features are compared with the transformed
gallery features.

The following two experimental setups are considered in
this paper:
1. Preliminary experiment
We compared the original gait features (extracted from
the gait image sequences of the target view) with the
transformed features generated from gait features with
different views by visual inspection, as a qualitative
analysis.

2. Main experiment
We considered the situation in which a target view as-
sociated with the probe gait image sequences was not
included in the training view list, and evaluated the ac-
curacy of the proposed method. We also evaluated the
accuracies of compared methods under the same cir-
cumstances.

In all experiments, we assumed that a gait image sequence
of one view was given per subject in the gallery (L = 1).
In this paper, we define a view θ using two parameters: az-
imuth φ and height ψ associated with the camera position.
For example, θ = (240, 200)means that the images of view
θ were captured by a camera set at an azimuth of 240 de-
grees, and a height of 200 cm. The azimuth of the camera
positioned in front of the subject was defined as 0 degrees,
and this increased in a counterclockwise direction.

3.5. Evaluation criteria
Receiver operating characteristic (ROC) curves and

equal error rates (EERs) were used to evaluate the accu-
racy of verification, while cumulative matching character-
istic (CMC) curves were used to evaluate the accuracy of
identification.

3.6. Experimental results
3.6.1 Preliminary experiment

Figure 3 shows examples of the transformed gait features of
a subject. The first column shows the gait feature extracted
from the original image with different views. The second,
third, fourth, and fifth columns show the transformed gait
features. In each column, 12 gait features associated with
the 12 views (with an interval of 30 degrees) are displayed.
In the second, third, fourth, and fifth columns, the reference
data (framed by a red line) are transformed into the gait fea-
tures of the associated views (framed in blue). By compar-
ing the features in each row, we can see that the reference
gait features are successfully transformed into those of the
associated views.



         View

Figure 3. Transformed gait features. The first column shows origi-
nal gait features. The second, third, fourth, and fifth columns show
the transformed gait features; in each column, gait features framed
in blue are generated from a gait feature framed in red using view
transformation model.

3.6.2 Main experiment

We set the view associated with the probe gait image se-
quences (input view) as θinput = (330, 200), and evaluated
the accuracy by changing the gallery gait image sequences
with different views (reference view). Note that the pur-
pose of this experiment was to evaluate the accuracy un-
der the condition that the target view was not included in
the training view list. In this experiment, we assumed that
the reference views were included in the training view list,
but the input view was not. Under these circumstances, the
DVTM could not transform the gait features of the refer-
ence view into those of the input view, because the transfor-
mation matrix for the input view could not be constructed.
The DVTM could only transform the gait features of the
reference view into those of the nearest view to the input
view, and use these for authentication2. As for the near-
est views, we consider the following three in this exper-
iment: θinput′1 = (300, 200), θinput′2 = (330, 130), and
θinput′3 = (360, 200).
Figure 4 shows the CMC curves associated with the two

reference views, while Figure 5 shows the ROC curves for
the same view settings. The EERs are summarized in Fig-
ure 6. From these figures, it is clear that the proposed ar-
bitrary view transformation model based method (AVTM)
outperforms the discrete VTM in many cases, while the pro-
posed method outperforms the no-transformation method

2In the case that the input view is equal to reference view, DVTM uses
original features without transformation.

AVTM DVTM (300deg 200cm)

DVTM (330deg 130cm) DVTM (0deg 200cm)

notrans

Figure 4. CMC curves. (Left) θinput = (330, 200) and θref =
(150, 200). (Right) θinput = (330, 200) and θref = (180, 200).

where θref = (30, 200), (60, 200), (120, 200), (150, 200),
and (300, 200). On the other hand where θref = (180, 200)
and (210, 200), the accuracy of the proposed method is bet-
ter than that of the discrete view transformation method,
but worse than that of the no-transformation method. If
we assume that the gait image is a weak perspective pro-
jection and that gait has mirror symmetry, the gait features
of φ = 330 degrees coincide with those of φ = 210 de-
grees as reported in literature [12]. This is why the no-
transformation method achieves better accuracy than the
proposed method with θref = (210, 200). In these cases,
the accuracy of the proposed method can be improved by
adding a virtual view [12].

4. Conclusion
We proposed a gait based person authentication method

that uses an arbitrary view transformation scheme to de-
crease the accuracy deterioration due to view changes. In
the proposed method, arbitrary view transformation matri-
ces can be constructed using a 3D gait model of multiple
(non-target) subjects. In contrast to the previously proposed
visual hull based approaches, a visual hull of the target sub-
ject is not necessary. This method can thus be used, even
if only a single gait image sequence of the target subject
is available. As such, the proposed method can be used
in many real situations. Moreover, differing from the dis-
crete view transformation based approach, the proposed ap-
proach can be applied to an arbitrary view. Therefore, the
proposed method achieves better accuracy than the discrete
view transformation based approach if the target view is not
included in the training view list. In fact, the experimen-
tal results show that the proposed method works reasonably
well compared with the discrete view transformation based
method. However, experimental results also show that for
some views, the accuracy of the proposed method is worse
than that of the no-transformation method. In these views,
the accuracy of the proposed method can be improved by
adding a virtual reference view based on the geometric
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Figure 5. ROC curves. (Left) θinput = (330, 200) and θref =
(150, 200), (Right) θinput = (330, 200) and θref = (180, 200)
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Figure 6. EERs comparison. EERs of proposed and compared
methods are evaluated by varying the Azimuth associated with ref-
erence data from 30 to 360 degree. The azimuth of input is set to
330 degree, and heights of input and reference are set to 200 cm.

structure [12]. This is our future work.
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