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Abstract

Identificaiton of people using a set of gait im-
age sequences in varing situations is a chal-
lenging problem. We use a bilinear model to
separate two independent factors, gait style
and phase. N-normalized gait poses is de-
fined and generated by embedding gait im-
age sequences to a standard lower dimen-
sional manifold and learning mapping from
the manifold to every pixel. This normal-
ized gait phase is used to collect aligned gait
poses from different speed walking image se-
quence. We identify gait style-vectors, which
represent factors invariant to gait pose. Gait-
content vectors, dependent on the environ-
ment,are adapted to the new environment.
Using a boosted gait content vector, we get
a better human identification accuracy than
when using the original phase vector before
identifying gait content vector. Support vec-
tor machines are used to improve classifica-
tion.

1. Introduction

Gait is now under investigating for biometric identi-
fication in addition to eye identification, figureprints
and faces. As gait is easily observable and difficult to
disguise, it has advantages compared to other biomet-
ics [1] and it becomes more attractive for surveillance
and for security in public areas. As it is important to
compare the performance for the same data, a base-
line algorithm and data set was published [2]. The
baseline algorithm computes similarities for the probe
set, which is tested for new situation, and the gallery
set, which is trained, silhouette sequences in disjoint
subsequence frames and uses the median of the maxi-
mum correlations to represent the similarity. It shows
a detection rate from 10% to 73% dependent on the
covariates such as walking surface, shoe type and view-
point. The baseline result shows that the more varia-
tion factor exist, the larger the error in human iden-
tification. We need to overcome this problem. One

way is to adapt classifier or feature extractor to new
environment. We can do this by adapting situation de-
pendent factor to the new environment after learning
two separate factors using bilinear model.

Gait data is sequencial and each sequence varies in
walking speed and view direction. Walking speed is
not constant even for an individual gait image se-
quences. So, we need to compare different numbers
of images in variant situation to identify different peo-
ple. To overcome this problem, we detect gait period
and normalize the sequence for speed.

In Section 2, we cover the gait detection and normal-
ization problems. Section 3 shows how to learn the
weight matrix and two separate factor vectors. Recog-
nition results are shown in Section 4 prior to conclud-
ing in Section 5.

2. Standarized Embedding of the Gait
Cycle

This section describes how to generate aligned gait
pose images from the image sequences of gait cycles.
Variations in walking speed make it difficult to iden-
tify people from gait image sequences as it makes it
difficult to compare gait image sequences or their fea-
tures directly. A wrapping function was used [3] when
comparing gait sequence by spatio-temporal correla-
tion in order to overcome time shifting and stretching.
But, it is difficult to find proper parameters if walk-
ing speed changes. In addition, we need to align gait
poses among different people to find any pose-specific
features common to all people. A standard embedding
of the gait cycle enables us to reconstruct well-aligned
gait sequences invariant to walking speed [4].

If we can learn a standardized embedding of the gait
cycle, it enables us to reconstruct any intermediate
gait pose. From our research related to embedding
gait cycles to lower dimensional manifolds, we found
that the gait manifold is one-dimensional manifold
twisted in 3 dimensional space. We used a unit cir-
cle, which is a one-dimensional manifold in two di-
mensional space, as a standardized embedding of the
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Figure 1. Original gait image sequences and their normal-
ized gait poses

manifold. For a gait cycle with M images, we can
embed each frame by M equally spaced points on the
unit circle. For example, the ith frame is embedded
on
(

cos( i×2π
M ), sin( i×2π

M )
)

two-dimensional Cartesian
coordinate point.

We learned a nonlinear mapping from the standard
embedding space to the input space using generalized
radial basis functions (GRBF) [5]. Nonlinear mapping
from the embedding space to each individual pixel in
the input space is approximated by Equation 1 that
satisfies the interpolation condition yki = fk(xi) where
yki is the k-th pixel of imput silhouette yi, wki are real
coefficients, pk(·) is a linear polynomial, and | · | is the
norm on R2. The mapping coefficients can be obtained
by solving a linear system of equations. Such mapping
can be written in the form of a generative model as
in Equation 2. We can generate interpolated image
any given point on the embedding manifold using the
generative model.

fk(x) = pk(x) +
M∑

i

wki φ(|x− xi|) (1)

f(x) = B · ψ(x) (2)

M sequential images for a gait cycle are sampled im-
ages of a single continuous gait cycle into M sampled
poses with equal intervals. We define the N-normalized
gait poses as a collection of N gait pose images from
continuous one cycle gait motion by equal time inter-
vals. If the gait cycle time is T, then it is composed of
N pose images with interval of T/N . This normalized
gait poses overcome variation of speed and generate
aligned poses in different gait cycle times.

As a first step toward generating normalized gait
poses, we need to detect the gait period T . We used

variations of body width in image sequence to detect
gait cycle. We used two kinds of filtering to find the
proper variation of body width. First, we do median
filtering for the background-subtracted silhouette im-
ages. The filter size was adjusted to remove irreve-
lant image features to the body width such as noise
blobs and shadows. The width values are still very
noisy and we smooth the width signal by convolution
of one-dimensional Gaussian filter. Our experiment
shows that sometimes the gait period shows 2 ∼ 5
frame variations within person in the NIST-UFL gait
data. There are more variations between people.After
detection of the gait period T , we standardized the
gait cycle to reconstruct the normalized gait poses.
In figure 1, first three rows show original image se-
quences for three different people and next three show
13-synthesized gait poses synthesized using the learned
models from each input sequences.

3. Learning A Bilinear Model

It is well known in psychology that human perceptual
systems naturally separate the content and style factor
of their observations in identifying a familiar face or
gait seen under unfamiliar viewing conditions. Bilinear
models identify two independent factors [6]. Usually,
one factor is called style and the other is called content.
We call thegait style factor the gait characteristics in a
cycle, which are invariant and allow us to identify dif-
ferent people independently of other conditions. The
gait content factor is the variable factor in a gait cy-
cle, which is dependent on the time sequence and other
conditions such as viewpoint, shoe, and background.

It is necessary to collect data sets that are well aligned
by two factors in order to learn separate factors. We
extract L gait cycles from individual gait image se-
quences using an automatic gait period detection al-
gorithm. N -normalized gait poses are generated from
each gait cycle, which makes it possible to align gait
cycles from different numbers of frame into fixed num-
ber of image sequences aligned by the same gait pose.
If the image size of one frame is K, then the data di-
mension of J number of people normalized gait poses
will be K × N × L × J . The number of gait cycles
is S = L × J . We organized this gait-image-sequence
data set into two forms: One is the style format, the
other is the content format. In style format, each col-
umn contains N gait phase image sequences to one
gait cycle and the column vector size is K ×N . Each
column in phase format represents images of one gait
pose from all of the different gait cycles. When we
use an N normalized-gait cycle, N column vectors are
collected with size K × S.



3.1. Learning gait style factor

Learning the gait style factor means fiting a linear
model to the style format data as in Equation 4,
which means finding Tps and S to minimize error
E = ||Dsf−TpsS||2. The solution can be found by sin-
gular value decomposiiton (SVD). If we compute SVD
of Dsf = UDV T , the least-square optimal solution is
S = V T and Tps = UD. We can do J-dimensional ap-
proximation by choosing first J largest diagonal terms
in S and making the others zero. If the training data
are not equally collected across two different factors,
we need to use an other numerical method like quasi-
Newton optimization to find a solution to minimize
error [6].

Ig =
n∑

i=1

s∑

j=1

wijpisj , (3)

Dsf = TpsS, (4)

Dsf = PWpsS, Dpf = SWspP. (5)

Each style vector captures the gait style factor that is
common to all the gait-pose variation in each cycle.
This gait style vector can be a feature vector that is
invariant to pose and situation variation. After learn-
ing the gait content vector and its transfer matrix, we
can find new style vector representation for a new gait-
cycle image sequence Inew by taking the pseudoinverse
of the transfer matrix, as in Equation 6. This new style
vector for a gait cycle can be used as a new feature vec-
tor to recognize gait.

snew = D−1UT Inew (6)

3.2. Learning gait style factor and gait phase
factor
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Figure 2. Classifier with adaptation of content vectors

To fit the gait style factor and the gait content fac-
tor from an image sequence data set, we need to learn
the S and P vectors together. This is known as two-
mode component analysis [7] in case of scalar variable,
and when extended to the case of vector components
using vector transpose [6], a bilinear model. The sym-
metric model enables us to adapt gait phase vectors

to reflect changes of environment. In a style factor
learning approach such as in Equation 4, it is difficult
to modify whole transfer matrix Tps. The symmet-
ric model learning was done iteratively using vector
transposition and SVD.

3.3. Adapting gait content factor

To identify the style vector for the test data set (probe
data set), we do preclassification using the current
symmetric model. We choose a closest gait style vector
from the training set for each cycle in order to approx-
imate original gait style vectors before learning gait
content vectors. Figure 2 shows procedures to identify
new content vectors and estimation of original style
vector using approximated style vector.

4. Human Identification using gait style
vectors

The NIST-USF Gait database [2] is used to learn a
bilinear model and test our algorithm. We used com-
puted silhouettes for the May-Nov-2001 data. This
data set has variations due to viewpoint, footwear,
walking surface and with/without briefcase. It also
provides optimized baseline performance, which en-
ables precise comparision with other algorithms. We
selected 14 peoples as a gallery set and tested 7 dif-
ferent conditions by variation of viewpoint, footwear,
and walking surface. Original silhouette image size is
128×88 and we resized to 64×44. In our experiment,
the image vector size is 64× 44 = 2816, the number of
gait pose in normalized gait phase is 13, the vector size
for one gait cycle is 36608 = 2816×13. The number of
style vectors is 112 = 8(cycle per people)×14 (people).
The dimension of each data set Dsf is 36608× 112.

We perform a naive identification using normalized
gait data to evaluate the effectiveness of the gait nor-
malization method. As one person gait image se-
quences are composed of several cycle, each person is
identified by finding minimum average Euclidean dis-
tance of normalized gait image vector.Table shows the
recognition result for 14 people. It shows better recog-
nition compared with baseline result.

To identify people using a gait style vector, we find a
new gait style vector for each cycle by Equation 6. We
can identify people by gait style vector instead of using
the image sequence itself, which is very expensive and
not good for regular classifier for its high dimension-
ality. We tested the accuracy of identification with a
k-nearest neighbor classifier (k-NN) and support vec-
tor machines (SVMs). In human identification using
gait sequences, we need to determine people based on
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Figure 3. a,b: classification rates based on recovered style vectors. c,d: classification rates with/without adaptation to
new content vectors

the whole image sequences, composed of several cycles.
We implemented a classifier to identify people in each
sequence, and identified people by selecting the ma-
jority of individual classification result. Figure shows
identification ratio in different number of dimension.
Figure 3 (a) (b) shows improvement of SVMs over
kNNs in high dimensional case (j=100) even though
it is similiar in low dimensional case (J = 30).

Difference Baseline Normalized Gait
View 73% 100%
Shoe 78% 79%

Shoe, view 48% 50%
Surface 32% 57%

surface, view 17% 36%
Surface, shoe 22% 57%

Surface, shoe, view 17% 36%

We also tested how well the adaptation of the gait
style in new environment helps classification in vary-
ing situations. Figure 3 (c)(d) graph shows a com-
parison of identification accuracy of symmetric model
with adjusting-gait style vector.It shows improvement
of recognition when we modify gait phase vector to new
environment and find new gait style for classification.
If we can use a better classifier in the preclassifica-
tion, we can expect better adaptation to an unknow
environment.

5. Conclusion and Future Work

We generate a well aligned normalized-gait image se-
quence by standarad unit circle manifold embedding
and nonlinear mapping. This allowed us to learn two
factors, a gait style factor and a gait content factor.
This adaptation shows improvement of identification.
In the future, we are going to test with more human

data with maximum available cycles in every image se-
quences. In this case, we need to learn bilinear models
based on EM algorithms.
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