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Abstract. We propose a method of gait identification based on multi-
view gait images using an omnidirectional camera. We first transform
omnidirectional silhouette images intopanoramic ones and obtain a spatio-
temporal Gait Silhouette Volume (GSV). Next, we extract frequency-
domain features by Fourier analysis based on gait periods estimated by
autocorrelation of the GSVs. Because the omnidirectional camera makes
it possible to observe a straight-walking person from various views, multi-
view features can be extracted from the GSVs composed of multi-view im-
ages. In an identification phase, distance between a probe and a gallery
feature of the same view is calculated, and then these for all views are inte-
grated for matching. Experiments of gait identification including 15 sub-
jects from 5 views demonstrate the effectiveness of the proposed method.

1 Introduction

There is a growing necessity in modern society to identify individuals in many
situations, including, surveillance and access control. For personal identification,
many biometrics-based authentication methods are proposed using a wide vari-
ety of cues; fingerprint, iris, face, and gait. Among these, gait identification has
recently gained considerable attention because gait promises to enable surveil-
lance systems to ascertain identity at a distance.

Currently, many gait identification approaches are proposed by model base
[1][2] and appearance base [3][4]. One of the difficulties facing those approches is
an appearance change due to changes of viewing or walking direction. Yu et al.
[5] discussed the effects of view angle variation on gait identification and reported
a performance drop when view difference is large.

To cope with view changes, Kale et al. [6] proposed a view transformation
method based on perspective projection of the sagittal plane. The method does
not, however, work well when view difference is large. Shakhnarovich et al. [7]
proposed a visual hull-based method. However, the method needs multiple-view
synchronized images for all subjects.

As a training-based method, View Transformation Model (VTM) in the fre-
quency domain was proposed [8]. Once the VTM is trained using sets of gait
features of multiple views and subjects, a few-view reference can be transformed
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into an arbitrary-view gallery so as to match a probe view. They also reported
that verification rate increased as the number of reference views increased [9].
Moreover, a method of multi-view gait identification using walking direction
changes in a sequence was proposed [10], and it was reported that the verifica-
tion rate increased as the number of walking directions increased.

It is, however, troublesome to capture gait images many times to acquire many
references in registration phase. In addition, it is unreasonable to assume that
subjects always change their walking directions enough for multi-view identifi-
cation.

Therefore, we propose a method of gait identification based on multi-view ob-
servations from an omnidirectional camera. Note that an omnidirectional cam-
era makes it possible to observe multi-view gait images even if a subject walks
straight. Observation views are estimated by azimuth angles of tracked person
regions in the omnidirectional image and walking trajectory on the floor. Then,
for each gallery and probe sequence, a silhouette-based gait features are ex-
tracted for multiple basis views which are common both for the gallery and the
probe. Finally the extracted multiple gait features are matched for each same
view and the matching results are integrated for better identification.

The outline of this paper is as follows. First, construction of a Gait Silhouette
Volume (GSV) is addressed with silhouette extraction and panoramic expansion
in section 2. Next, extraction and matching of multi-view frequency-domain gait
feature are described in section 3. Finally, experimental results for gait identifi-
cation are presented with an analysis of the effect of view variations in section 4.
Section 5 contains conclusions and discussion of further work in the area.

2 GSV Construction

2.1 Extraction of Gait Silhouette Images

The first step in constructing a GSV is to extract gait silhouette images by
background subtraction from omnidirectional images.

First, background is modeled by average color vector u(x, y) and its covariance
matrix Σ(x, y) at position (x, y) using background image sequence as follows.

u(x, y) =
1
N

N∑

n=1

u(x, y, n) (1)

Σ(x,y) =
1
N

N∑

n=1

u(x,y,n)u(x,y,n)T −u(x,y)u(x,y)T , (2)

where u(x, y, n) is a background color vector at position (x, y) at nth frame, and
N is the number of total frames for a background training sequence.

Second, to extract foreground regions, Mahalanobis distance D(x, y, n) be-
tween an input image c(x, y, n) and the modeled background is calculated at
each position (x, y) at each nth frame as

d(x, y, n) = c(x, y, n) − u(x, y) (3)
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D(x,y,n) =
√

d(x,y,n)T Σ(x,y)−1d(x,y,n). (4)

A foreground region is defined as a set of pixels whose Mahalanobis distance
D(x, y, n) is larger than threshold value Dthresh. Here, the threshold Dthresh

is set to be 12.0 empirically. Figure 1 shows an input image and a result of
background subtraction. We can see that person region is extracted correctly.

Background subtraction, however, sometimes fails because of cast shadows
and illumination condition changes. To overcome such difficulties, a shadow re-
moval is processed based on color vector angle between background and fore-
ground. Moreover, morphological closing filter is applied to improve silhouette
quality.

2.2 Panorama Extension

The second step is panorama extension of silhouettes in omnidirectional image
[11]. Let P (X, Y, Z) be a point in world coordinate and p(x, y) be a point in an
omnidirectional image projected from point P . Then, let ρ and Z be azimuth
angle and vertical position in a cylindrical coordinate whose center axis passes
through mirror focal point Om and camera center Oc, and whose radius is RP .
Thus, the panorama extension is expressed as follows.

tanρ = Y/X = y/x (5)
Z = RP tan α + c (6)

where α = tan−1 (b2+c2) sin γ−2bc
(b2−c2) cos γ and γ = tan−1 f√

x2+y2
are viewing directions

defined in Fig. 2 respectively, and b and c are mirror parameters.

2.3 Scaling and Registration of Silhouette Images

The third step is scaling and registration of the panoramic silhouettes to acquire
normalized gait patterns.

(a) Input image with
omnidirectional camera

(b) Background subtraction

Fig. 1. Result of background subtraction
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Fig. 2. Projection to cylindrical surface and floor surface

(a) Omnidirectional image coordinate

(b) Panoramic image coordinate

Fig. 3. Definition of person region for scaling and registration

First, person regions are simply tracked in the omnidirectional image consid-
ering connected region’s area sizes, and position differences between adjacent
frames. Next, in order to normalize the silhouette by person region height, the
maximum radius (head point) rmax and minimum radius (foot point) rmin of
the person region in polar coordinate (r, ρ) of the omnidirectional image are
found (see Fig. 3(a)). Then, in order to register the horizontal position, median
of azimuth angle ρmed of the person region is found (see Fig. 3(a)). Note that
radius and azimuth angle are corresponds to vertical and horizontal positions in
the panorama image respectively. As a result, head, foot position, and horizontal
center in panorama image are represented by Zmax, Zmin, and ρmed as shown
in Fig. 3(b).

Second, silhouette images are scaled so that the height (Zmax − Zmin) in
panoramic image can be just 30 pixels, and so that the aspect ratio of each
region can be kept. Then, we produce a 20 × 30 pixel-sized image in which
the horizontal median ρmed corresponds to the horizontal center of the produced
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(a) front-oblique

(b) fronto-parallel

(c) rear-oblique (d) Definition of observation view

Fig. 4. GSV examples for multiple observation views

image. A GSV is finally constructed by aligning the images on the temporal axis.
Figure 4 shows GSV examples for multiple observation views. We can clearly see
appearance changes in each view.

3 Multi-view Feature Extraction and Matching

3.1 Frequency-Domain Feature Extraction

The second step in the proposed method is frequency-domain feature extraction
from the constructed GSV. First, gait period Ngait is detected by maximizing
the following normalized autocorrelation C(N)

C(N)=

∑
x,y

∑T(N)
n=0g(x,y,n)g(x,y,n+N)

√∑
x,y

∑T(N)
n=0g(x,y,n)2

√∑
x,y

∑T(N)
n=0g(x,y,n+N)2

, (7)

of the GSV g(x, y, n) with the N frame shift for the temporal axis, where Ntotal

and T (N) = Ntotal − N − 1 is the number of total and overlapped frames in the
sequence respectively. The domain of N is set to [25, 45] empirically for natural
gait periods. This is because various gait types such as running, brisk walking,
and ’ox walking’ are not within the scope of this paper.

For the autocorrelation-based period detection, adjacent gait-period sequences
need to be similar each other. We assume that a walker’s trajectory is smooth
to some extent and that appearance changes between adjacent gait-period se-
quences are small.

Next, the subsequences Sns is picked up from a complete sequence S . Note
that the frame range of the subsequence Sns is [ns, ns + Ngait − 1]. A Discrete
Fourier Transformation (DFT) Gns(x, y, k) for the temporal axis is then applied
for the subsequence, and amplitude spectra Ans(x, y, k) are calculated as

Gns(x, y, k) =
ns+Ngait−1∑

n=ns

g(x, y, n)e−jω0kn (8)
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Ans(x, y, k) =
1

Ngait
|Gns(x, y, k)|. (9)

where ω0 is the base angular frequency for the gait period Ngait. In this pa-
per, direct-current elements (k = 0) (averaged silhouette) and low-frequency
elements (k = 1, 2) are chosen as experimental gait features. Let a be a feature
vector composed of elements of the amplitude spectra A(x, y, k). As a results,
the dimension of the feature vector a sums up to 20 × 30 × 3 = 1800.

3.2 Observation View Estimation

In this section, observation view estimation for multi-view feature extraction is
addressed. The observation view θ is defined as

θ = (180 − φ) + ρ (10)

where ρ is a azimuth angle, and φ is a walking direction (see Fig. 4(d)).
Azimuth angle ρ is simply defined as direction of vector (x, y), where (x, y) is

a foot point in the omnidirectional image. Walking direction φ is estimated from
a trajectory of subject’s foot points F (X, Y ) on a floor coordinate. Let (Rf , ρ)
be polar coordinate on the floor. If the floor plane is regarded as image plane,
the distance Hr from mirror focal point Om to the floor can be seen as focal
length to the floor image plane. Then, radius Rf is calculated as follows [11].

Rf =
−(b2 − c2)Hrrf

(b2 + c2)f − 2bc
√

r2
f + f2

(11)

Thus, walking trajectory on the floor is obtained as a time series of the above
floor points (Rf , ρ).

Next, walking direction φ is defined as tangential direction of the estimated
walking trajectory. Let (Xn, Yn) and (VXn , VYn) be foot point’s position and
velocity at nth frame. The velocity is introduced by central difference as follows.

VXn =
Xn+Δn − Xn−Δn

2Δn
, VYn =

Yn+Δn − Yn−Δn

2Δn
(12)

Here, Δn is set to be 15 [frame] considering velocity smoothness. Finally, walking
direction φn in nth frame is defined as direction of velocity vector (VXn , VYn).

3.3 Multi-view Feature Extraction

In this section, multi-view feature extraction is introduced based on the esti-
mated observation views. First, multiple basis views θi(i = 1, 2, . . .) are chosen
from observation views. In this time, interval of the basis views is set to 15 deg
empirically. Next, a basis frame nθi corresponding to a basis view θi is found
from a complete sequence, and a subsequence is picked up as a set of Ngait

frames around the basis frame nθi as shown in Fig. 5(a). Concretely speaking,
the start frame s in eq. (9) is replaced by ns = nθi − Ngait/2.
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(a) Overview of multi-view feature
extraction

(b) Multi-view features for each subject
(every 15 deg)

Fig. 5. Multi-view feature extraction

Results of multi-view feature extraction for multiple subjects are shown in
Fig. 5(b). In this figure, each block indicates each subject, and each row and col-
umn indicate observation view and frequency respectively. We can see individual
differences, for example, swing motion difference of subject 2 and 4 in 2-times
frequency of 270-deg features. In addition, we can also see view differences for
each subject. Thus, by integrating the different type of features across views, gait
identification performance should improve more than the case of a single-view
feature. Next section gives how to match the multi-view features.

3.4 Matching Features

A matching measure between two subsequences must first be found if the pro-
posed method is to work. Let SP and SG be complete sequences for probe
and galley, respectively, and let SP

θi
, SG

θi
be their subsequences for basis angle

θi, respectively. Also let a(S θi) be feature vector for subsequence S θi . The
matching measure d(S θi ,Sθi) is simply chosen as the Euclidean distance as
d(SP

θi
, SG

θi
) = ‖a(SP

θi
) − a(SG

θi
)‖.

Complete sequences have variations in general and may contain outliers. Be-
cause a measure candidate D(SP ,SG) can handle this noise, the median value
of each subsequence result is used:

D(SP , SG) = Mediani{d(SP
θi

,SG
θi

)} (13)

4 Experiment

4.1 Datasets

A total of 60 gait sequences from 15 subjects were used for the experiments.
Each sequence consisted of approximately 10 steps of a straight walk in front
of the omnidirectional camera, and it included 5 basis views: 240, 255, 270,
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285, and 300 deg. The camera was Sony Inc. DCR-VX2000, and images were
captured by 720 × 480 pixel size at 30 fps. The hyperboloidal mirror and camera
parameters were a = 13.722Cb = 11.708Cc = 18.038Cf = 427.944 (unit: mm).
The dataset was taken for two days, that is, there were two sequences per day
for each subject. A test set is composed of one gallery sequence of a day and two
probe sequences of the other day, therefore totally four combinations of test sets
were generated.

4.2 Results

The gait identification experiments were done for the above four combinations
of datasets and average performance was evaluated by Receiver Operating Char-
acteristics (ROC) curves [12]. The ROC curves shows relation between verifica-
tion rate PV and false alarm rate PF when the receiver changes the acceptance
thresholds. The ROC curves tilting toward left top corner in the graph indicates
high performance because it means high verification rate at low false alarm rate.
In addition, the effect of the number of observation views and combinations of
views on performance are analyzed to validate the effectiveness of multi-view
observations.

First, ROC curves for each single view are illustrated in Fig. 6(a). The figure
shows that performance varies greatly among basis views, and that it is difficult
to gain enough performance when an arbitrary single-view feature is used for
matching.

Next, ROC curves for two-view combinations are illustrated in Fig. 6(b). Here,
the best and the worst three combinations are shown. Note that the performance
order is judged by Equal Error Rate (EER), that is, error rate when false alarm
rate PF becomes equal to false rejection rate (1 − PV ). Focusing on the worst
cases, view differences are small (within 15 deg except for the worst 2). On
the other hand, focusing on the best cases, view differences are relatively large
(more than 30 deg). As a result, it is clear that the combination with large view
difference is effective for identification.

Moreover, ROC curves for each number of observation views are shown in
Fig. 6(c). In verification rates in this graph are averaged over all the combina-
tions for each number of observation views. As a result, we can see that the
performance becomes better as the number of observation views increase.

Finally, verification rates at 3% false alarm rate are picked up for each number
of observation views. Figure 6(d) shows of the best, the worst, and the averaged
performance over all the combinations. As for the best combinations, the ver-
ification rate for two observation views reaches the highest performance. Thus
a small number of observation views are enough when the combination can be
specified. As for the worst combination, the verification rates make a steady
progress as the number of observation views increase. In case of the worst, be-
cause combinations are usually composed of adjacent views as known from two
views combination case, the increase of the number of observation views directly
leads to observation views variation. In summary, it is validated that observation
view variations greatly contribute to performance improvement.
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(a) ROC curves for single views (b) ROC curves for two views

(c) ROC curves for each number of views (d) Verification rate at 3% false alarm for
each number of views

Fig. 6. Experimental results

5 Conclusion

This paper describes a method of gait identification based on multi-view gait
images using an omnidirectional camera.

The omnidirectional silhouette images first transformed into panoramic
ones and a spatio-temporal Gait Silhouette Volume (GSV) is obtained. Next,
frequency-domain features are extracted by Fourier analysis. Because the om-
nidirectional camera makes it possible to observe a person from various views,
multi-view features can be extracted from the GSVs composed of multi-view im-
ages. In an identification phase, distance between a probe and a gallery feature
of the same view is calculated, and then these for all views are integrated for
matching. The effect of observation view variation on gait identification perfor-
mance was analyzed through experiments including 15 subjects from 5 views. As
a result, average performance increases from 82% (single view) to 93% (5 views),
and it was clear that observation view variation contributes to gait identification
performance.

In this paper, basis views are chosen only from views common for a gallery
and a probe. It is possible to use other-view features interpolated by View Trans-
formation Model (VTM) [8] for better performance in a future work. Moreover,
subjects in this experiment walked within 5m from the omnidirectional camera,
and thus relatively high-resolution silhouettes (approximately 60 pixel height)
are obtained. Therefore, effects of distance from the camera or silhouette resolu-
tion on identification performance should be analyzed. That also leads to analysis
of the optimal alignment of the omnidirectional camera to capture multi-view
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gait images effectively considering both silhouette resolution and observation
view variation.
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