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ABSTRACT

Gait recognition has recently attracted increasing attention,
especialy in visiorntbased human identification at a distance in
visual surveillance. This paper proposes a simple but efficient gait
recognition algorithm based on statistical shape analysis. For each
gait sequence, a background subtraction procedure is used to
segment spatial silhouettes of the walking figures from the
background. Static pose changes of these silhouettes over time are
represented as a sequence of associated complex configurationsin
acommon coordinate, and are then analyzed using the Procrustes
shape analysis method to obtain gait signature. The Kk-nearest
neighbor classifier and the nearest exemplar classifier based onthe
full Procrustes distance measure are adopted for recognition.
Experimental results demonstrate that the proposed a gorithm has
an encouraging recognition performance.

1. INTRODUCTION

Vision-based human identification at a distance in surveillance has
recently gained more attentions, e.g., the HID Program being
supported by DARPA [1]. This strong interest is driven by some
potentia applications such as access control for security-sensitive
situations. Its research focus is currently on gait, face or
activity-specific recognition. As a newly emergent biometric, cait
recognition aims at discriminating individuals by the way they
walk. Gait has the advantages of being non-invasive and difficult
to conceal, and is also the only perceivable biometric at a distance
for personal identification.

Although @it recognition is a very new research area, there
have been some attempts in the recent literature [2-14]. They can
be simply divided into two main classes [10]. The first class,
state-space methods, considers gait to be comprised of a sequence
of body poses, and recognizes it through considering tempora
variations of observations with respect to those static poses[2,3].
For instance, Murase and Sakai [2] presented a template matching
method using eigenspace representation to distinguish different
gaits. Huang et a. [3] extended the approach of [2] by adding
canonical analysis. The second class, spatio-temporal methods,
characterizes the spatio-tempora distribution generated by the
motion in its continuum [5-13]. The probably earliest approachto
recognizing walking figures was due to Niyogi and Adelson [4].
They distinguished different walkers through extracting their
spatio-temporal gait patterns obtained from curve-fitting ‘ snake'.
Little and Boyd [6] used frequency and phase features from optical
flow information of walking figures to recognize individuas by
their gait. More recently, Shutler et a. [7] extended statistical gait

recognition via temporal moments and BenAbdelkader et al. [10]
used image self-similarity plot of a moving person to recognize
individual gait. Compared with other widely used biometric
features such as face and fingerprint, gait recognition is in its
infancy. This is because that the existing approaches are usually
carried out under some simplifying assumptions that walking
people move frontal-parallel to the fixed camera with a relatively
plain background. Further, performance evaluation is also usually
performed on a small database due to the lack of a common gait
database of reasonable size.

Intuitively, recognizing people through gait depends greatly on
how the static silhouette shape of an individual changes over time.
To implicitly capture the structural characteristics of gait, this
paper presents an automatic gait recognition algorithm based on
the Procrustes shape analysis approach. For each sequence, a
background subtraction procedure is used to extract the spatial
silhouettes of walking figures from the background. Static pose

changes of these silhouettes over time are then represented as a
sequence of complex configurations in 2D space and are analyzed

by the Procrustes shape analysis method to obtain gait signature.
The k-nearest neighbor classifier and the nearest exemplar
classfier based on the full Procrustes distance measure are

respectively adopted for gait recognition. Experimental results on
a relatively larger NLPR database demonstrate that the proposed

agorithm has an encouraging recognition performance.

2. FEATURE EXTRACTION

2.1. Segmentation of gait motion

To extract walking figures from the background, change detection
based on background subtraction is adopted. First, the Least
Median of Squares (LMedS method is used to reliably construct
the background image [15]. The brightness change is usualy
accomplished by differencing between the background and current
image. However, the selection of threshold for binarization is very
difficult, especialy in the case of low contrast images. To solve
this problem, we choose the following extraction function to
indirectly perform differencing operation [16].
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In Equation (1), a(x y) and b(x, y) are the brightness of current
image and the background at the pixel position (x, y) respectively,
O£a(x y),b(x,y)£255and O£ f(a,b)<1. This function can

arrange the change sensitivity according to the brightness of each
pixel in the background image.
Then, for each image, the changing pixels can be detected by
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comparing the above extraction function against a suitable
threshold decided using the histogram mettod. As no change
detection algorithm is perfect, morphological operators are used to
further filter spurious pixels. Finaly, a binary connected
component analysis is utilized to extract a single-connectivity
movi ng region. An example of segmentati onisshown in Figure 1.

Figurel. An example of gait segmentation
(a) Background; (b) Original image; (c) The extracted silhouette.

2.2. Representation of silhouette shapes

An important cue in determining internal motion of awalker is his
or her silhouette shape changes over time. For the sake of reducing
redundant information, we only use spatial edge contours to
approximately represent temporal patterns of gaits. The extraction
and representation process of the silhouettés boundary is
illustrated in Figure 2. After the spatial silhouette of a walking

subject has been extracted, its boundary can be easily obtained
using a border following algorithm based on connectivity. Then,

we can compute its shape centroid (X, Y¢) by
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where N, is the total number of boundary pixels, and (x;, ¥) is a

pixel on the boundary. Let the centroid be the origin of 2D shape

space, and we can re-represent shapes as a set of boundary pixel
points anticlockwise in a common complex coordinate. That is,

each shape can be described as a vector of ordered complex
numberswith N, boundary elements z=[zy, 2, ...,Z, ...Zng] |, Where
z=x+i*y,. Therefore, each gait sequence will be accordingly
converted into a sequence of such 2D shape configurations.
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Figure 2. lllustration of shaperepresentation
We need amethod that allows usto compare a set of static pose
shapes in gait pattern and is robust to position, scale, and dight
rotation changes. A mathematically elegant way for aligning point
sets in a common coordinate frame is Procrustes shape analysis
[17]. In the following subsection, we will give abrief introduction

to the Procrustes shape analysis method and show its application
in gait recognition.

2.3. Procrustes shape analysis

Procrustes shape analysis [17] is a particularly popular method in
directional statistics [18]. It is intended for coping with
two-dimensional shapes and provides agood method to find mean
shapes, i.e., a measure of similarity of two shapes. A good review
can befound in[11].

A shape in 2D space can be described by a vector of k complex
numbers, z=[z, 2y, ..., zJ]", called a configuration. For two shapes,

7z and z, if their conflguratlons are equa through a combination
of trandation, scaling and rotaion, we may consider they are the
same shape [11].
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That is, aly trandates z,, and | R |and Db scale and rotate z. It
is very convenient to center shapes through defining the centered

K

7=8 z/k.
i=1

The full Procrustes distance between two configurations can be

defined by [11]

configuration u=[uy, Uy, ..., Wl U =% - Z,
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Notethat the superscript T represents the transpose of the complex
conjugateand O £ dg £ 1. The Procrustes distance allows us to
compare two shapes independent of position, scale and rotation.

Given a set of n shapes, we can find their mean by finding U that
minimizes the objective function

min ¢
IOa||ualk bu|| (6)
J i=1
Tofind U, we compute the following matrix
n
o}
u:a(UjUjT)/(UjTUj) ™
j=1

The Procrustes mean shape (U is the dominant eigenvector of S,
i.e., the eigenvector that corresponds to the greatest eigenvaue of
Si[11].

2.4. Gait signature extraction

Our approach uses these single shape representations from a gait
sequence to find their mean shape as gait signatures for
recognition. The following summarizes the maor steps in
determining the Procrustes mean shape for a sequence of shapes
from n frames, e.g., gait pattern.

1. Select a set of k points from the boundary to represent a 2D
shape as a vector configuration z in the manner discussed in
Section 2.2. We tackle the point correspondence problem through
inter-interpolation of boundary pixels so that the set is the same
for eechimage;

2. & the centered configuration. When we represent the
silhouette shape, we have used shape centroid as the origin of 2D
shape space to move all shapes to a common center to handle
tranglational invariance. So, we can directly setu=z;, j=1, 2, ..., n;

3. Computethe matrix S, using Equation 7. Then, computethe
eigenvalues and the associated eigenvectors of matrix S;

4. Sg the Procrustes mean shape Uto the eigenvector that
corresponds to the maximum eigenvalue, and this mean shape is



used as the gait signature.

3. CLASSFIER

We try three different classification methods, namely the nearest
neighbor classifier (NN), the k-nearest-neighbor classifier KNN),
and the nearest neighbor classifier with class exemplar (ENN).

To measure similarity between two gait sequences, we use the
Procrustes mean shape distance (MSD) in the following way.

1. Computethe Procrustes mean shape U; and U, of the two
gait sequences as discussed in section 2.4.

2. Find the full Procrustes distance between the two mean
shapesby
T |2
o7t
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The smaller the above distance measure is, the more similar the
two gaits are.

dz(ﬁl,ﬁz) =

4. EXPERIMENTS

To verify the usefulness of the proposed agorithm, we have
performed a number of experiments. Also, we present detailed
analysis and discussion on the experimental results.

4.1. Data acquisition

A digital camera (Panasonic NV-DX100EN) fixed on the tripod is
used to capture gait sequences in an outdoor environment. We
restrict the experimental situation to a single subject moving in the
field of view without occlusion. The subject walks to a stationary
camera frontdly, laterally, and obliquely ( 0°,45°,90° with
respect to the image plane) respectively. The resulting NLPR gait
database includes 20 subjects and four sequences per view per
subject. These images with 24-bit full color are captured at arate
of 25 frames per second and the original resolution is352° 240.
The database includes atotal of 240 sequences. The length of each
sequence varies with the time each person takes to traverse the
field of view. Some sampl%are shown in Figure 3.
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(a) Lateral view; (b) Obllque view; (c) Frontal view.
Figure 3. Some samplesin the NLPR gait database

4.2. Processing

For each sequence, we perform motion segmentation using the
method described in section 2.1. An example of temporal changes
in agait pattern is shown in Figure 4.

Each sequence is accordingly converted into a sequence of
shape representations with the associated configurations in 2D
space in the manner described as section 2.2. Then, we can obtain
their associated mean hapes in the manner described in section
2.4. Further, we use the class average of mean shapes derived from
four sequences with the same viewing angle of a subject as an
exemplar for the class. Figure 5 shows plots of mean shapes of

four sequences and their exemplars, from which we can see that
these mean shapes have considerable discriminating power.

Figure 4. Temporal changesin a gait pattern (Frame 28~35)
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Figureb5. Plots of mean shapes and its exemplar

4.3. Recognitionresults

Using MSD, We try three simple classification methods. In NN test,
each sequence is classified as belonging to the class of its nearest
neighbor. In kNN test (k=3), we find the three nearest neighbors,
and choose the class of the majority, or if no majority, simply the
nearest neighbor. The exemplar method (ENN) classifies a
sequence as the class of its nearest-neighbor exemplar.
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Figure 6. Difference between subject 5 and all others
For a small number of examples, we need compute an unbiased
estimate of the true recognition accuracy using a leavingone-out
cross-validation method. First, we label the order from 1 to 80 for
the same-type gait sequences subject by subject. Then we leave



one example out, train on the rest, and then classify the omitted
element according to its differences with respect to the rest
examples based on MSD. Figure 6 gives an example to show
differences between subject 5 (sequence 17-20) and all others.

The correct classification rates (CCR) are summarized in Table
1, from which it can be seen that the recognition performance
under frontal walking is the best. This is probably due to the
averaging associated with the mean shape analysis owing to less
severe shape variations in such gait patterns. Although the results
are encouraging, evaluations on a larger database still need to be

further investigated in future work in order to be more conclusive.
Table 1. Summary of recognition performance

Classifier 0° 45° 0°
k=1 (NN) 7125  7250%  81.25%
k =3 (3NN) 7250%  73.75%  80.00%
ENN 88.75%  88.75%  90.00%

4.4. Comparisons

Compared with past work, our method has several advantages: 1)
It is easier to comprehend and implement owing to its simpler

feature selection. From the segmented silhouette images, past
work extracted the features ncluding optical flow [3,6], image
self-similarity plots [10], and so on [7,8,13]. However we obtain
the feature only from the silhouette boundary, which naturally

reduces subsequent computational cost. 2) Our performance
evaluation is performed on the presently probably largest database
(20 subjects, 240 sequences). Most of past work was realized on a
smaller database of usually no more than 12 subjects/48 sequences
at the most [2-10,13]. Although our recognition rates are relatively
lower than those reported by others based on a small database, the
results on a larger database is more convincing Compared with
another recent work [12] (a recognition rate of 73% on a database

of 18 subjects/106 sequences), our result is clearly better. 3) Past

work was mainly carried out on a small database with only a
lateral view [2-13] ([13] used a synthetic virtual lateral view from
four viewing angles). Here, we tried three different viewing angles.
We examined the recognition sensitivity of the same features to

viewingangle and have obtained considerably satisfactory results,

which is amore significant progress than previous methods.

4.5. Discussions

To provide a general approach to human identification in
unconstrained environments, much remains to be done. 1)
Although our results are encouraging, we arelimited in our ability
to extrapolate them. Our sample sizeis still small and no steps are
taken to ensure a random sample, though it is far lager than past
databases. We are planning to establish a larger database 2)
Clothes will bring considerable effects on the shapes of moving
people. Our method is based on shape, so it is inevitably affected.
In fact, except [5], past work also resulted from this influence
owing to their direct use of motion segmentation. Creating more
reference sequences with different clothes is probably useful to
solve this problem. 3) As shown in our experiments, there is no
reason to expect that extracted features are invariant to viewing
angle. A useful experiment would be to determine tre sensitivity
of the features to viewing angles so as to enable a multi-camera
tracking system to select an optimal view for recognition. 4) Both
static and dynamic information derived from gait plays an
important role in gait recognition. To extract dynamic information
such as the oscillatory trajectories of joints or limbs may be more

useful for recognition. Therefore, 3D human body modeing and
tracking might prove to be of benefit.

5. CONCLUSIONS

This paper describes a new gait recognition method based on
statistical shape analysis. An improved background subtraction
technique is used to segment silhouettes from the background.
Shape changes of these silhouettes over time are represented as the
associated configurations in the common coordinate frame, and
are then anadyzed using the Procrustes shape anaysis method.
Experimental results demonstrate that the proposed algorithm has
an encouraging performance.
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