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Abstract

Human Identification using gait is a challenging com-
puter vision task due to the dynamic motion of gait and the
existence of various sources of variations such as viewpoint,
walking surface, clothing, etc. In this paper we propose
a gait recognition algorithm based on bilinear decompo-
sition of gait data into time-invariant gait-style and time-
dependent gait-content factors. We developed a generative
model by embedding gait sequences into a unit circle and
learning nonlinear mapping which facilitates synthesis of
temporally-aligned gait sequences. Given such synthesized
gait data, bilinear model is used to separate invariant gait
style which is used for recognition. We also show that the
recognition can be generalized to new situations by adapt-
ing the gait-content factor to the new condition and there-
fore obtain corrected gait-styles for recognition.

1 Introduction

Human gait is a valuable biometric cue that can be used
for human identification besides other biometrics such as
faces and fingerprints. Gait has advantages compared to
other biometics [2] as it is easily observable in an unintru-
sive way and is difficult to disguise. Therefore, gait recog-
nition has become more attractive for surveillance and for
security in public areas [2, 8, 15, 7, 1]. However, there
are several problems to be solved in order to build an auto-
mated vision-based gait recognition system that is useful in
real applications. Most challenging is the exitance of vari-
ous sources of variations that might affect the appearance of
gait in image sequences such as viewpoint, clothing, walk-
ing surface, shoe type, carried objects, etc.

The appearance of gait in image sequences is a spa-
tiotemporal process that characterizes the walker. Gait
recognition algorithms, generally, aim to capture discrim-
inative spatiotemporal features from image sequences in or-

der to achieve human identification. We can categorize gait-
recognition approaches into model-based approaches and
appearance-based approaches according to the features they
use for classification. Model-based approaches [2, 10, 8]
fit models or intermediate body representations in order to
extract proper features (parameters) that describes the dy-
namics of the gait. Appearance-based approaches aim to
capture a spatiotemporal gait characteristics directly from
input sequences. Murase [14] used parametric eigenspace
representation to represent moving object using Principle
Component Analysis (PCA). Huang et al. [7] extended the
method using Canonical space transformation (CST) based
on Canonical Anaylsis (CA), with eigenspace transforma-
tion for feature extraction. BenAbdelkader et al. [1] used
self similarity measures to capture spatiotemporal charac-
teristics using PCA analysis. Hayfron-Acquah et al. [5]
used symmetric information to capture gait motion. Little et
al. [11] computed phase vector from extracted optical flow.
Shutler et al. [18] used higher order moments. In [6] HMM
was used to capture gait dynamics from quantized Hu mo-
ments of silhouettes. HMM was also used in [9] with fea-
tures representing silhouette width distribution. Still, it is
difficult to extract good features to capture gait characteris-
tics of individual people.

In this paper we introduce a new approach for gait recog-
nition that follows the appearance-based paradigm. It is
well known in psychology that human perceptual systems
naturally separate the content and style factors of their ob-
servation in identifying a familiar face or gait seen under
unfamiliar viewing conditions. The pioneering work of
Tenenbaum and Freedman [20] applied a bilinear model to
discover explicit parameterized representation for separable
two-factor models such as different people faces and differ-
ent head poses.

In the context of gait we aim to separate two orthog-
onal factors: gait style: time-invariant personalized style
of the gait which can be used for identification; and Gait



content: time-dependent factor representing different body
poses during the gait cycle. In order to achieve such sep-
aration, we developed a generative model to capture gait
dynamics and represent gait image sequence invariant to
walking speed. Gait image sequences can be thought as
sampling from continuous gait motion. By learning a gen-
erative model we can reconstruct the image sequence at any
time instances, and therefore we can synthesize interme-
diate gait poses. We use standardized embedding of gait
image sequences into two-dimensional unit circles which
is inspired by the embedding of gait manifold to low di-
mensional spaces using nonlinear dimensionality reduction
frameworks like locally linear embedding (LLE) [17]. We
generate new gait image sequence from this low dimen-
sional embedding by learning nonlinear mapping using gen-
eralized radial basis function (GRBF) [16]. Generated new
image sequences are temporally-aligned and, therefore, fa-
cilitate fitting of a bilinear model to separate the gait style
and gait content. Gait style factor is used as feature vector in
human identification using support vector machine (SVM)
and other classifiers. The classification result shows good
performance using gait style vectors. We also show that the
recognition can be generalized to new situations, such as
new view point, by adapting the gait-content factor to the
new condition and therefore obtain corrected gait-styles for
recognition.

We use NIST-USF Gait database [15] to test our ap-
proach. We use computed silhouettes for the May-Nov-
2001 data. This data set has probe sets with variation
of viewpoint, footwear, walking surface and with/without
briefcase. We tested for the variation of viewpoint,
footwear, and walking surface and compared with baseline
result [15]. Section 2 shows how synthesized, temporally
aligned gait data can be obtained. Section 3 shows how to
learn two separate factors from gait image sequences. Sec-
tion 4 describes the recognition process and adaptation to
new situations. Gait recognition result will be shown in Sec-
tion 5 prior to conclusion in Section 6.

2 Synthesized Gait

This section describes how to generate temporally
aligned gait pose images for use in recognition using a gen-
erative model learned from the input sequences. Let us con-
sider human silhouette during a gait cycle. Obviously, the
human gait evolves along a one dimensional manifold em-
bedded in a high dimensional visual space. Such manifold
is nonlinear and can be twisted and self intersecting on the
high dimensional space given the view point, person shape,
clothing, etc. We studied the dimensionality and the geo-
metric structure of the gait manifold in [3, 4]. We applied
nonlinear dimensionality reduction frameworks such as lo-
cally linear embedding (LLE) [17] and isometric feature
mapping (Isomap) [19] to gait image sequences obtained

from different views to discover the geometric structure of
the gait manifold as well as to establish low dimensional
embedding of such manifold. The gait manifold, generally,
can be embedded in a three-dimensional Euclidean space
discriminatively (i.e., we can discriminate different body
poses during the gait cycle as laying at different points in
the space) [3]. Only one degree of freedom controls the
walking cycle which corresponds to the constrained body
pose as a function of time. Unfortunately the twisting of
the manifold depends on the view point, person body built,
clothing, etc. On the other hand, half gait cycles can be em-
bedded in a two dimensional Euclidean space as ellipse-like
curves. Figure 1 shows example of such embedding. The
first row in the figure 1 shows embedded gait manifold of
side views for four different people. The second and third
rows show embedding of half cycles.
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Figure 1. Low dimensional embedding for gait cycles by LLE

In order to achieve a recognition task with the existence
of such twists in the embedded manifolds, we need to use
a standardized embedding that approximates the manifold
embedding. Therefore, we embed each half gait cycle tem-
porally on a unit circle, i.e. a one dimensional manifold
embedded in a two dimensional space. Input silhouettes
corresponding to each half walking cycle are embedded on
an equally spaced points along a unit circle.

Given such embedding of a half walking cycle, we need
to synthesize new silhouettes at standard time instances dur-
ing the cycle to be used for recognition. We define N-
synthesized gait poses as a collection of N synthesized sil-
houettes at N equally spaced time instances during half a
cycle which indicates how the silhouette shape will look like
at these N standard intermediate points.

In order to obtain such synthesized gait poses, we learn
a nonlinear mapping function from the manifold embedded
on a unit circle into the input silhouettes. Learning nonlin-
ear mapping is necessary since the manifold is embedded
nonlinearly and arbitrary into a unit circle. We use general-
ized radial basis function (GRBF) [16] to learn such map-
ping as a collection of interpolation functions.



Input Sequences:

Synthesized poses:

Figure 2. Original gait image sequences and their normalized
gait poses

Let N equally spaced centers along a unit circle be
{tj ∈ Re, j = 1, · · · , N} and given a set input images
Y = {yi, i = 1, · · · ,M} and let their corresponding em-
bedding along the unit circle be X = {xi, i = 1, · · · ,M},
we can learn interpolants in the form

fk(x) = pk(x) +
N∑

i=1

wk
i φ(|x − ti|), (1)

that satisfies the interpolation condition yk
i = fk(xi) where

yk
i is the k-th pixel of input silhouette yi, φ(·) is a real val-

ued basic function, wk
i are real coefficients, pk(·) is a lin-

ear polynomial, and | · | is the norm on R2. The mapping
coefficients can be obtained by solving a linear system of
equations as shown in [3]. Such mapping can be written in
the form of a generative model as

f(x) = B · ψ(x) (2)

that nonlinearly maps any point x from the two dimensional
embedding space into the input space and therefore can be
used to synthesizeN intermediate silhouettes atN standard
time instances equally spaced along the unit circle. In fig-
ure 2, first three rows show original image sequences for
three different people and next three show 13-synthesized
gait poses synthesized using the learned models from each
input sequence.

In order to show the effect of synthesized gait poses in
recognition we used a naive gait recognition algorithm us-
ing the synthesized gait data to evaluate the effectiveness of
gait cycle normalization in recognition. In this experiment,
we used 13-synthesized gait poses representing one half cy-
cle for each person as feature vector for gait classification.
We used eight half cycles to represent each person. Given a
probe sequence, half cycles are automatically detected, em-
bedded, and a model is learned in the form of equation 2.
13-synthesized gait poses for each probe half cycle are used

Difference Probe Set Baseline N-Synthesized Gait
View GAL 73% 100%
Shoe GBR 78% 79%

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

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

Surface, shoe, view CBL 17% 36%

to represent the probe subject. Classification is based on
comparing 13-synthesized gait poses as a feature vector us-
ing simple Euclidean distance and nearest neighbor classi-
fication. Table 2 shows the human identification results for
14 people from NIST-USF Gait database. The table simply
shows that classification based on naive image comparison
using the synthesized gait poses can result in improvements
over the basic baseline algorithm on the same data.

3 Bilinear Model for Gait

It is well known in psychology that human perceptual
systems naturally separate the content and style factor of
their observation in identifying a familiar face or gait seen
under unfamiliar viewing conditions. The pioneering work
of [20] showed that such separation can be achieved using
a bilinear model with application to face images. Bilinear
models are introduced as an extension of two-mode com-
ponent analysis for scalar element in psychometrics [12] to
vector elements using singular value decomposition (SVD)
in [13] [20].

In the context of gait we aim to separate two orthog-
onal factors: gait style: time-invariant personalized style
of the gait which can be used for identification; and Gait
content: time-dependent factor representing different body
poses during the gait cycle. Gait content is also dependent
on other conditions such as viewpoint, shoe, ground, etc.
An input silhouette can be represented by a bilinear model
as

Isc =
N∑

i=1

J∑
j=1

wijcisj (3)

using gait style vectors s and gait content vectors c and ba-
sis images wij , i.e., the model linearly combines basis im-
ages wij using the style coefficients sj and content coeffi-
cient ci. The gait content vector varies with time through the
walking cycle to generate the various body poses observed
through the walking given the time-invariant gait style vec-
tor that characterizes the walker.

Given a training data with different people and multiple
gait cycles per person which might manifest different con-
ditions, the objective is to fit a model in the form of equa-
tion 3. The first step towards this is to warp the time domain
of different cycles to establish correspondences in time be-
tween different cycles. This is done be embedding each cy-
cle on a unit circle as shown in section 2 and therefore
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Figure 3. Style format and Content format

synthesize intermediate poses at standard time instances to
represent each cycle in the training set.

Given L Gait cycles for each of M different people in
the training data where each gait cycle is represented as N
synthesized time-aligned poses at N standardized time in-
stances, where each image is represented as a K dimen-
sional vector, we aim to fit a symmetric bilinear model in
the form of equation 3.

We arrange the synthesized gait image sequence into two
forms: one is style format,Dsf , the other is content format,
Dcf , as shown in figure 3. In style format, we have LM
columns where each column contains N synthesized gait
pose images as one gait cycle vector and the column vector
size is KN . In content format, we have N columns where
each column represents images of the same synthesized gait
pose from all of the different gait cycles and different people
gait sequences, i.e., each column is of KLM dimension.

Given such arrangement, the objective is to decompose
the style and content vectors, i.e., to decompose the matrix
Dsf as

Dsf = CW csS (4)

or similarly Dcf = SW scC. Such model is called a sym-
metric bilinear model and it is necessary in order to adapt
the gait styles to new gait contents given new situations
as will be discussed later. In order to achieve such de-
composition, Asymmetric bilinear model is used to decom-
pose the data to separate gait style vectors S given content-
dependent mapping T c and to separate gait content vectors
C given style-dependent mapping T s as

Dsf = T cS (5)

Dcf = T sC (6)

to minimize the reconstruction error, i.e., to minimize E =
||Dsf − T cS||2 and similarly for Dcf . Such decompo-
sition can be achieved by singular value decomposition
(SVD) as was shown in [20]. Given SVD for Dsf as
Dsf = UDV T , least square optimal solution is S = V T

and T c = UD. Similarly we can achieve the decompo-
sition in equation 6. We can use J-dimensional approxi-
mation by choosing first J largest diagonal terms in D and
setting the rest to zeros.

Given an asymmetric model fitted in the form of equa-
tion 5 and 6, symmetric model can be fitted iteratively.

Figure 4. Recognition Algorithm

4 Gait Recognition Algorithm

Given a new probe sequence and given a learned model
from the training data, the objective is to identify the person
in the probe sequence, i.e., to recognize the gait style. Each
probe sequence is first segmented into half cycles and each
half cycle is embedded into a unit circle as was described
in section 2. Then, nonlinear mapping is used to synthe-
size time-aligned poses to be used in recognition. Given
N-synthesized silhouettes for each cycle of the probe se-
quence, the data is arranged into a column vectors I k

probe

of dimensionality KN where K is image size (height ×
width) for each probe cycle k. Given the asymmetric model
learned from the training data as in equation 5, we can
solve for style vectors sk

probe using the pseudo-inverse for
the content-dependent mapping Tc, i.e.,

sk
probe = T−1

c Ik
probe = D−1UT Ik

probe

The resulting probe style vectors, and the style vectors
learned from the training data are the basic features that can
be used in the recognition. Each gait style vector is a point
in a J-dimensional feature space, and general classifiers can
be used for classification purpose. We used both k-NN clas-
sifier and SVM classifier to classify any new probe-style
vector to one of the learned people classes. The recognition
procedure is shown in figure 4.

Notice that such recognition procedure uses only the
asymmetric model in equation 5. Why then we need a sym-
metric model? The answer is that we need symmetric model
to adapt the model to new environment and situations as will
be discussed next.

4.1 Adapting Gait Style to New Situations

We expect gait style factor to be invariant to different
situations such as view point, shoe, ground, etc. How can
that be achieved if we do not see all these different situ-
ations in the training data? Given a learned model using
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data collected under certain situations, how can we use such
model for recognition under different situations? new situ-
ation means new gait content or simply means new content-
dependent mapping. Given a symmetric model in the form
of equation 4, if we can adapt the content vector C to a new
content vector C

′
for the new situation we can then solve

for the style vectors under the new situation. In other words
we need to extrapolate gait styles given new situations.

Given a probe data set captured under new condition, we
show here how to recognize the people in the probe set by
adapting the model to the new condition. The only assump-
tion we make is that all the people in the probe set are part
of the gallery set used for the training (This assumption is
necessary anyway to be able identify the people in the probe
set). If we know the correspondences between people in the
probe set and the people in the training set, then, we can
obviously solve for the new content vectorsC

′
using the in-

verse of the style-dependent mappingTs. Unfortunately, we
do not know such correspondences since we do not know
people class for the probe set (this is the recognition prob-
lem we want to solve !).

In order to simultaneously identify people and adapt
to new situations we use the following procedure. First,
the probe data set is arranged in style-format and content-
format, Dprobe

sf , Dprobe
cf as was shown in section 3 after de-

tecting cycles, embedding, and gait synthesis as was shown
in section 2. We can solve for approximate style vectors S

′

for the probe set by pseudo-inverse using original W ,C as

S
′
= [(W νC)ν ]−1Dprobe

sf (7)

where ν is matrix vector-transpose operation as defined
in [20]. Given the recovered styles S

′
we can classify each

cycle in the probe set to identify corresponding person from
the training data. We call this step pre-classification. Given
the pre-classification result we can recover the original style
vectors S̃ by finding closest style vector in the original style
vectors for each probe cycle. Now, we can adapt content
vectors to a new situation by solving for the new content
vectors C

′
using the recovered style vector as

C
′
= [(W S̃)ν ]−1Dprobe

cf (8)

This adapted content vectors C
′

are expected to represent

new environment better than original content vectors C. Fi-
nally, we can use the adapted content vectors C

′
to obtain

new style vectors S
′′

in the same way as in equation 7 which
is then can be used for final classification in the new envi-
ronment. The procedure is shown in figure 5. This iterative
procedure can be repeated to obtain better results.

5 Experimental Result

NIST-USF Gait database [15] is used to learn and eval-
uate our algorithm. We used computed silhouettes for the
May-Nov-2001 data. We arbitrary select 14 peoples for pre-
liminary evaluation from grass surface, shoes type A, and
right camera sequences as a gallery set (GAR) and tested
seven different conditions by variation of viewpoint (L),
footwear (B), and walking surface (C). Original image size
is 128 × 88 and were resized 64 × 44, i.e., each input vec-
tor size is 64 × 44 = 2816. The number of gait poses in
synthesized gait is 13 and vector size for one gait cycle
is 36608 = 2816 × 13. The number of style vectors are
112 = 8(cycle per people)×14 (people). The dimension of
the data set Dsf is 36608× 112.

We evaluated identification accuracy with four different
approaches: 1) An asymmetric model with nearest neigh-
bor classifier on the recovered gait styles. 2) A Symmet-
ric model with nearest neighbor classifier. 3) A Symmetric
model with k-nearest neighbor classifier (k-NN). 4) A Sym-
metric model with support vector machine classifier (SVM).
For identification using gait, we need to determine people
based on sequences which might be composed of several
cycles. So the classifiers we used identify people from each
available input cycle, and boost the result of multiple cycles
by selecting the majority of individual classification results.
Figures 6-a,b show classification rates using the different
classifiers.

The adaptation of the gait style to new environment helps
classification in variant situation. Figures 6-c,d show com-
parison of human identification accuracy of a symmetric
model without adaptation of gait content vector and with
adaptation of gait content vector using nearest neighbor as
well as using SVM classifier. In most of the cases, improve-
ment can be noticed using adaptation of content vector to
new situation. In the cases where pre-classification results
are above 50%, the final gait recognition results show im-
provement because good pre-classifications make it possi-
ble to estimate the original style vectors well and, therefore,
the new situation content vector can be recovered which
leads to improvements in the final style classification re-
sults.

6 Conclusion

We presented new approach to gait recognition prob-
lem using low dimensional embedding and bilinear model
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Figure 6. a,b: classification rates based on recovered style vectors. c,d: classification rates with/without adaptation to new content vectors

fitting. Low dimensional embedding of gait image se-
quences to unit circles enables us to generate time-aligned
gait pose images, which are sampling invariant. Using bi-
linear model, we get representation of gait style which is
time-invariant as well as invariant to different situations in
the training data. Bilinear model facilitates generalization
to new situations by adaptation of gait content vector to new
probe set. Using gait style vectors and SVM classifier, we
show promising human identification compared to the base-
line algorithm. In the future we plan to report more large
scale evaluations on more gait data sets.
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