
D
r. Walker arrives at the high-security research
facility where he works, eager to see the results of
his latest experiments. To access his office, he has
to undergo an authentication process. The main
entrance is at the end of a well-lit corridor,

20 m in length, equipped with several cameras. Dr. Walker
walks steadily towards the entrance. As he gets close, his gait is
recognized, the door opens automatically, and the intelligent
system that manages the building welcomes him with a friend-
ly, albeit synthesized, voice.

Although today there is no practical system that can support the
above authentication scenario, the latest research on gait-based
identification—identification by observation of a person’s walking
style—provides evidence that such a system is realistic and is likely
to be developed and used in the years to come. The study of human
gait, as well as its deployment as a biometric for identification pur-
poses, is currently an active research area. This article outlines the
application of gait technologies for security and other purposes.

IDENTIFICATION METHODS
Despite the imperative need for efficient security architectures in
airports, border crossings, and other public access areas, most cur-
rently deployed identification methods were developed and estab-
lished several years ago. It is now clear that these methods cannot
cover contemporary security needs. Moreover, in some cases, such
as in metropolitan public transport stations, authentication or
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verification using conventional technologies is practically infeasi-
ble. For the above reasons, the development and deployment of
biometric authentication methods (fingerprint, hand geometry,
iris, face, and gait identification) has recently attracted the atten-
tion of government agencies and other institutions. Gait analysis
and recognition can form the basis of unobtrusive technologies for
the detection of individuals who represent a security threat or
behave suspiciously. The concerns that arise from the capturing
and analysis of gait in surveillance applications are outlined in the
“Privacy and Other Concerns” sidebar.

GAIT VERSUS OTHER BIOMETRIC TRAITS
Compared to other biometrics, gait has some unique characteris-
tics. The most attractive feature of gait as a biometric trait is its
unobtrusiveness, i.e., the fact that, unlike other biometrics, it can
be captured at a distance and without requiring the prior consent
of the observed subject. Most other biometrics such as finger-
prints [1], face [2], hand geometry [3], iris [4], voice [5], and sig-
nature [6] can be captured only by physical contact or at a close
distance from the recording probe. Gait also has the advantage of
being difficult to hide, steal, or fake.

Although the study of kinesiological parameters that define
human gait can form a basis for identification, there are appar-
ent limitations in gait capturing that make it extremely difficult
to identify and record all parameters that affect gait. Instead,
gait recognition has to rely on a video sequence taken in con-
trolled or uncontrolled environments. Even if the accuracy
with which we are able to measure certain gait parameters
improves, we still do not know if the knowledge of these param-
eters provides adequate discrimination power to enable large-
scale deployment of gait recognition technologies. Moreover,
studies report both that gait changes over time and that it is
affected by clothes, footwear, walking surface, walking speed,
and emotional condition [7]. The above facts impose limitations
on the inherent accuracy of gait and question its deployment as
a discriminative biometric.

The ambiguity regarding the efficiency of gait-assisted identifica-
tion differentiates gait from other biometrics whose uniqueness and
invariability, and therefore appropriateness for use in identification
applications, can be more conclusively determined by the study of
the similarities and differences between biometrics captured from
several subjects under varying conditions. This is why, at present,
gait is not generally expected to be used as a sole means of identifica-
tion of individuals in large databases; instead, it is seen as a poten-
tially valuable component in a multimodal biometric system.

GAIT AS MULTIBIOMETRIC COMPONENT
Research conducted thus far in the area of gait recognition has
shown that gait can be reliable in combination with other bio-
metrics. If we assume that palm, fingerprint, and iris methods
belong to a different (obtrusive) class of biometrics, additional
biometrics that could be used in conjunction with gait in a
multibiometric system would be face and foot pressure [8] (the
latter requiring some specialized equipment for measuring the
ground reaction force).
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PRIVACY AND OTHER CONCERNS

Although contemporary security needs, as outlined previ-
ously, largely necessitate the use of biometrics as a means of
identification, several concerns have been raised regarding
the wide deployment of biometric systems. The most impor-
tant of these concern the fact that surveillance infrastruc-
tures might violate a citizen’s right to anonymity and invade
his/her privacy. In the particular case of gait recognition,
these concerns are even more pronounced due to the unob-
trusiveness of the gait capturing process, which could allow
continuous monitoring and recording of all traffic in public
places. Apart from this, there is a growing concern that bio-
metrics might be used for purposes beyond the original
scope or that unauthorized persons may gain access to bio-
metric information and use it for unlawful purposes. Others
are concerned about parameters that affect gait, such as
fatigue, injuries, and psychological condition; this may make
the gait of a lawful person resemble the gait of a suspicious
person. In such cases, a lawful person may be held, ques-
tioned, and possibly banned from boarding a flight or
accessing a public place. Other concerns will also be raised if
radiation is used to get an accurate picture of the human
body. Such technologies, which are currently tested in a few
airports for the purpose of detecting dangerous objects hid-
den under passengers’ clothes, are likely to be met with
objections by passengers who fear that the process is not
safe for their health or who feel uncomfortable with having
pictures of their body seen by airport officers. Finally, since
the study of gait patterns might possibly reveal medical con-
ditions, the compilation of gait databases will be regarded
as a threat to the medical privacy of individuals.

Some of the above concerns sound reasonable and
should generally be expected. The major concern about
continuous monitoring is largely unfounded. Gait-based
technologies could be used in verification applications in
controlled environments or in other monitoring applica-
tions, but at present it is technically infeasible to record all
gait parameters of a person walking in a public place and
identify him/her by searching in a database of thousands of
subjects. A conceivable application could be the discrimina-
tion between classes of people (gender, age) for statistical
purposes. But the implementation of a large-scale surveil-
lance system that continuously identifies and monitors all
individuals in public places is not possible, at least in the
foreseeable future.

The other concerns are largely unfounded as well. It is
unlikely that dangerous rays will ever be used for gait cap-
turing since this would represent a greater threat to the
population than the one the technology tries to deter.
Moreover, regarding medical privacy, gait is not more
revealing than other biometrics. Iris, palm, and fingerprints
can also disclose medical conditions. In the case of gait,
however, the large volume of information that exists in a
gait sequence prohibits the storage of all the information.
Instead, the most practical approach would be that only
information that is useful for recognition will be retained,
rendering the possibility of gait being used for diagnostic
purposes even more remote.



In a multibiometric system, gait and foot pressure could be
used to narrow down the database of subjects. Subsequently,
face recognition could be used for identification of a test subject
among the reduced set of candidate subjects. Otherwise, the
three biometrics could be combined altogether, e.g., using the
techniques described in [9].

A system fusing gait and ground reaction force was presented
in [10]. The combination of gait with face recognition was
examined in [11] and [12]. In [12], it was shown that gait is
more efficiently utilized in a multimodal framework when it is
combined directly with the facial features rather than preceding
the face recognition module as a filter. In both works, concrete
recognition performance gains were reported compared to using
face or gait alone. The above results indicate that there is much
value in combining gait with other biometrics.

TERMINOLOGY
Despite the differences among walking styles, the process of walk-
ing is similar for all humans. A typical sequence of stances in a gait
cycle is shown in Figure 1. A detailed analysis of gait phases can be
found in [13]. For simplicity, we consider the following four main
walking stances [14]: right double support (both legs touch the
ground, right leg in front), right midstance (legs are closest togeth-
er, right leg touches the ground), left double support, and left mid-
stance. Although some other definitions would also be appropriate,
in this article we define a gait cycle as the interval between two con-
secutive left/right midstances. The interval between any two con-
secutive midstances is termed half cycle. The time interval in which
a gait cycle is carried out is called the gait period, whereas the walk-
ing frequency is termed the fundamental gait frequency.

A GENERIC GAIT RECOGNITION SYSTEM
Gait recognition is a multistage process (see Figure 2). It is
important that gait capturing is performed in environments
where the background is as uniform as possible. Moreover, since
gait recognition algorithms are not, in general, invariant to the
capturing viewpoint, care must be taken to conduct capturing
from an appropriate viewpoint. Preferably, the walking subject
should be walking in a direction perpendicular to the optical axis
of the capturing device since the side view of walking individuals
discloses the most information about their gait. Once a walking
sequence is captured, the walking subject is separated from its
background using a process called background subtraction. A
critical step in gait recognition is feature extraction, i.e., the
extraction, from video sequences depicting walking persons, of
signals that can be used for recognition. This step is very impor-
tant since there are numerous conceivable ways to extract signals
from a gait video sequence, e.g., spatial, temporal, spatiotempo-
ral, and frequency-domain feature extraction. Therefore, one
must ensure that the feature extraction process compacts as
much discriminatory information as possible. Finally, there is a
recognition step, which aims to compare the extracted gait sig-
nals with gait signals that are stored in a database. Apart from
the apparent usefulness of gait analysis in biometric applications,
gait has several important nonbiometric applications that are
summarized in the “Nonbiometric Applications of Gait” sidebar.

PREVIOUS WORK
The study of gait as a discriminating trait was first attempted a few
decades ago from a medical/behavioral viewpoint [16], [17]. Later,
several attempts were made to investigate the gait recognition

problem from the perspective of captur-
ing and analyzing gait signals [18]–[22].
Most recent work investigating the
appropriateness of gait as a biometric for
human identification has taken place in
the context of the HumanID project
sponsored by the U.S. Defense Advanced
Research Project Agency (DARPA). Each
of the participating institutions has
established its own database of
sequences depicting humans walking.
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[FIG1] Several stances during a gait cycle. The silhouettes are from CMU’s MoBo database [15].
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[FIG2] General block diagram of a gait recognition/authentication system.
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Such sequences are termed gait sequences. A list of the most wide-
ly known databases of gait sequences is presented in Table 1.

The techniques used for gait recognition can be divided into
two categories: holistic (feature/appearance based) and model
based. Techniques that address the gait recognition problem
using only sequences of binary maps of walking human silhou-
ettes are of much interest since they do not presume the avail-
ability of any further information, such as color or grey-scale
information, which may not be available or extractable in practi-
cal cases. The main focus of algorithms is the tracking of silhou-
ettes, analysis of the tracked silhouettes for feature extraction
purposes, and recognition using the extracted features.

Although several approaches for gait analysis and recogni-
tion will be discussed in the following sections, we here present
some representative techniques as an introduction. A baseline
method was proposed by the University of South Florida [23]. It
was tested on a gait database that is tailored to the study of the
impact of several factors, such as viewpoint, footwear,  and sur-
face, on the performance of a gait recognition algorithm. (An
extended version of the USF/NIST database is also available.)
The simple baseline methodology was intended to serve as a ref-
erence  for other experiments on the same database.

The deployment of motion fields in gait recognition was inves-
tigated in [21] and [24]. Although both methods reported good

results on their own databases, they presume the availability of
texture information, which must be used for the accurate compu-
tation of the motion fields. In [25]–[28], several feature extraction
techniques were proposed based on the calculation of projections,
contours, or other such features from gait silhouettes. A compari-
son among different features will be presented later in this article.

In [29], a comparison is provided of several techniques for
improving the quality of silhouettes extracted from video
sequences depicting humans walking. The silhouettes were
extracted using a model-based method that produces silhou-
ettes that have fewer noise pixels and missing parts. The
resulting sequences were tested with the model-based algo-
rithm in [30], and the overall system was shown to improve
on the baseline system in [23].

To the authors’ judgement, the most promising approach for
gait recognition is based on the formation, by means of averag-
ing similar frames, of a limited number of representative frames
for each sequence. This process seems to capture all structural
information in a gait sequence while implicitly yielding
denoised frames that can be used directly for recognition. This
approach is taken in [31] and [32]. In [31], the recognition is
based on the comparison of such templates, whereas in [32],
the templates are derived in the context of training an exem-
plar-based hidden Markov model (HMM) that additionally takes

NONBIOMETRIC APPLICATIONS OF GAIT

Human gait recognition and analysis is a promising technology with possible applications in numerous sectors of our socie-
ty, including security surveillance applications such as characterization of motion for identification and authentication of
individuals, and recognition and detection of  suspicious or impostor behavior in video surveillance. However, there are
significant nonsecurity-related applications, e.g., detection of postural disturbances due to mobility disorders or aging [33]
and optimal technique strategies in sports.

The analysis of gait signals finds important applications in the clinical rehabilitation of patients of stroke or spinal cord injuries.
Of particular interest are devices for functional electrical stimulation (FES)-assisted walking [34], which provides appropriate
stimulation sequences to injured patients. The challenge here is to control the timing of the stimulation based on inputs from
peripheral nerves [35] to achieve natural walking.

Moreover, gait pattern analysis is also used in devices for the automatic robotic rehabilitation of patients, e.g., for treadmill
training. In this case the device plays the role of a physiotherapist to injured persons. If the injured person is able to actively con-
tribute to the motion, the gait pattern that determines the motion of the device can be adaptively changed to the motion pro-
vided by the patient [36].

Another application of gait analysis is in the design of walking biped robots, where achieving stability and maintaining stability
on different surfaces [37] or while ascending and descending stairs demands careful design of the walking process. Finally, gait
analysis finds applications in the animation and computer game industry, in which the presentation of realistic walking persons is
very important.

DATA URL SUBJECTS PARAMETERS
USF/NIST WWW.GAITCHALLENGE.ORG 71 VIEWPOINT, SURFACE, SHOE

CMU WWW.HID.RI.CMU.EDU 25 VIEWPOINT, WALKING SPEED, 
CARRIED OBJECT

SOTON WWW.GAIT.ECS.SOTON.AC.UK 118 VIEWPOINT, TREADMILL, 
INDOORS/OUTDOORS

SHAPE OF MOTION PAGES.CPSC.UCALGARY.CA/ ̃ BOYD/GAIT/GAIT.HTML 6 —

GATECH WWW.CC.GATECH.EDU/CPL/PROJECTS/HID/    20 VIEWPOINT, 
INDOORS/OUTDOORS

CASIA WWW.SINOBIOMETRICS.COM   20 VIEWPOINT

MIT WWW.AI.MIT.EDU/PROJECTS/GAIT/ 25 TIME

[TABLE 1]  DATABASES USED FOR GAIT RECOGNITION.



into account the gait dynamics. All methods in this class yield
state-of-the-art performance.

GAIT ANALYSIS FOR FEATURE EXTRACTION
For the study of gait analysis, we assume that the walking sub-
ject has been extracted from a gait sequence using standard
image processing techniques. Henceforth, we focus on feature
extraction from background-subtracted sequences. Below, we
divide gait analysis techniques into model based and holistic.
Furthermore, we summarize the approaches for the reduction
of the dimensionality of the original feature vectors.

GAIT CYCLE DETECTION
An important part of the gait analysis process is gait cycle detec-
tion, i.e., the partitioning of a gait sequence into cycles that
depict a complete walking period. In almost all approaches seen
thus far in the literature, the detection of gait cycles is achieved
using a time series corresponding to a measure extracted from a
sequence (e.g., the sum of foreground pixels of silhouettes). This
signal is usually very noisy and requires processing before its
analysis. In [21], although no explicit cycle partitioning was
attempted, a method using linear prediction was proposed for
fitting a sinusoidal signal to the noisy extracted signals. This
method could be readily used for cycle partitioning. In [32], an
adaptive filter was used to filter the foreground sum signal prior
to the calculation of the gait cycles using the minima of this sig-
nal. In [38], the autocorrelation of the foreground sum signal
was taken to calculate the walking period and compute the coef-
ficients of an optimal filter for the denoising of the sum signal.
Figure 3(a) shows the foreground sum signal sum(t) with
respect to time, and Figure 3(b) represents the correlation
between signal samples sum(t1), sum(t2) with respect to the
time difference |t1 − t2|. By observing the autocorrelation peaks
in Figure 3(b), it is easy to determine the walking period and
partition the signal in Figure 3(a) into gait cycles. In general,
there are several efficient methodologies for partitioning gait

sequences into gait cycles; henceforth, we assume that such a
partitioning is available to the gait recognition system.

MODEL-BASED APPROACHES
Model-based approaches employ models whose parameters are
determined using processing of gait sequences [30], [39], [40],
[41]. Unlike holistic approaches, model-based approaches are, in
general, view and scale invariant. This is a significant advantage
over the holistic approaches since it is highly unlikely that a test
gait sequence and a reference sequence will be captured from iden-
tical viewpoints. However, since model-based approaches rely on
the identification of specific gait parameters in the gait sequence,
these approaches usually require high-quality gait sequences to be
useful. Moreover, other hindrances such as self-occlusion of walk-
ing subjects may even render the computation of model parame-
ters impossible. For this reason, a multicamera gait-acquisition
system would be more appropriate for such techniques.

A multiview gait recognition method was proposed in [39]
using recovered static body parameters, which are measure-
ments taken from static gait frames. Gait dynamics are not used.
The static parameters used in [39] are the height, the distance
between head and pelvis, the maximum distance between pelvis
and feet, and the distance between the feet [Figure 4(a)]. The
static parameters are view invariant, which makes them very
appropriate for recognition applications.

In [30], the silhouette of a walking person was divided into
seven regions. Ellipses were fit to each region [Figure 4(b)] and
region feature vectors were formed, including averages of the
centroid, the aspect ratio, and the orientation of the major axis
of the ellipse. Another feature vector that was tested included
the magnitude and phase of a Fourier transform of the time
series of the above ellipse parameters.

In [40], a model-based feature analysis method was present-
ed for the automatic extraction and description of human gait
for recognition. The method generated a gait signature using a
Fourier series expansion of a signal corresponding to the hip
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[FIG3] (a) Foreground sum signal (normalized). (b) Autocorrelation.
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rotation [Figure 4(c)]. In [41], a more detailed model was pro-
posed using ellipses for the torso and the head, line segments
for the legs, and a rectangle for each foot [Figure 4(d)].

HOLISTIC APPROACHES
Unlike model-based approaches, holistic solutions operate
directly on the gait sequences without assuming any specific
model for the walking human. For example, in [21], optical
flow was used to extract moving subjects from
gait sequences. Subsequently, several scalar
descriptors were extracted from a gait sequence,
and the relative phases of the periodic signals
corresponding to different descriptors were used
for recognition.

A very interesting class of holistic tech-
niques merely employs binary maps (silhou-
ettes) of walking humans. Such techniques are
particularly suited for most practical applica-
tions since color or texture information may
not be available or extractable. The contour of
the silhouette is probably the most reasonable
feature in this class. It can be used directly
[27],  or i t  can be transformed to extract
Fourier descriptors [42]. However, in practice,
this feature relies heavily on the accurate iden-
tification of contour pixels and for this reason,
algorithms that use this feature do not perform
well when they are applied to noisy silhouettes.
In addition, the extraction of the contour fea-
ture is computationally more complex than
most of the features in this class.

The width of silhouette was proposed in [43]
as a suitable feature for gait feature extraction.
The width w[i ] of silhouette is the horizontal dis-
tance between the leftmost and rightmost fore-
ground pixels in each row i of the silhouette
[Figure 5(a)]. Although the calculation of width
signals imposes minimal processing load on a
gait system, algorithms that use this feature are
vulnerable to spurious pixels that often render
the identification of the leftmost and rightmost
pixels inaccurate. For this reason, the authors in
[43] propose a postprocessing technique to
smooth and denoise the feature vectors prior to
their deployment in gait recognition. The bottom
of Figure 5(a) presents the width of silhouette
with respect to time. As expected, the width coef-
ficients that exhibit the greatest variance are the
coefficients derived from the leg and arm area
(bottom and middle of the figure). It should also
be noted that shadows result in inaccurate com-
putation of the width coefficients in the feet area.

Henceforth, we assume that each gait sequence
is composed of several binary silhouettes, denoted
as s[i, j], i = 0, . . . , M − 1, j = 0, . . . , N − 1,

where M, N denote the number of rows and columns of the sil-
houette, respectively. Let

s[i, j] =
{

1 if (i, j) belongs to the foreground
0 otherwise.

Using the above definitions, the horizontal and vertical projec-
tions of silhouettes [25] are expressed as

[FIG5] Some features extracted from binary silhouettes for gait recognition. On
the bottom row, examples of these representations are shown with respect to
time: (a) width of silhouette, (b) vertical (top) and horizontal (bottom)
projections, and (c) angular representation.
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[FIG4] Graphical representation of parameters used in model-based approaches.
(a) Distances used as static parameters in [39], (b) ellipse fitting in silhouette
regions [30], (c) hip rotation model [40], and (d) model using a combination of
shapes [41].
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ph[i ] =
N−1∑
j=0

s[i, j], i = 0, . . . , M − 1 (1)

pv[ j] =
M−1∑
i=0

s[i, j], j = 0, . . . , N − 1. (2)

The efficiency of this feature is based on the fact that it is sensi-
tive to silhouette deformations since all pixel movements are
reflected in the horizontal or vertical projection [Figure 5(b)].
Although this feature is similar to the width of silhouette (note
the similarity between the width vector and the horizontal pro-
jection vector), it is more robust to spurious pixels. An additional
advantage is that it is fast and can be computed in real time.
However, an important consideration here is that the silhouettes
must be centered prior to the computation of the feature since
misplaced silhouettes will result in shifted projections. 

An angular transform of the silhouette was proposed in [28].
The angular transform divides the silhouettes into angular sec-
tors and computes the average distance between foreground
pixels and the center (ic, jc) of the silhouette [Figure 5(c)]

A(θ) = 1
Nθ

∑
(i, j)∈Fθ

s[i, j]
√

(i − ic)2 + ( j− jc)2, (3)

where θ is an angle, Fθ is the set of the pixels in the circular
sector [θ − (�θ/2), θ + (�θ/2)], and Nθ is the cardinality of
Fθ . The transform coefficients were shown to be a linear func-
tion of the silhouette contour. This feature is, in general, robust
since it obviates the need for detection of contour pixels. The
bottom of Figure 5(c) displays the transform coefficients with
respect to time. As seen, most information is concentrated in
the leg area (appearing on the plot as rings).

The silhouette itself was used in several algorithms as a fea-
ture. Prior to their deployment, the silhouettes in a gait

sequence should be appropriately scaled and aligned. In most
cases, it appears that the silhouette is at least as efficient as the
low-dimensional features that can be extracted from a silhou-
ette. This is intuitively expected since the feature extraction step
is a lossy operation, i.e., in general, the silhouette cannot be
reconstructed from the feature. However, the silhouette feature
leads to systems of high complexity, whereas feature extraction
could dramatically reduce complexity. Since there is some
information in a silhouette that is apparently useless for recog-
nition (e.g., the interior of the body), we believe that there are
efficient features that will perform at least as well as the silhou-
ette feature. In our pursuit for the ideal feature, the silhou-
ette feature provides a useful target for gait performance.

The advantages and disadvantages of all presented features
are summarized in Table 2.

FREQUENCY TRANSFORMATION
OF FEATURE TIME SERIES
Regardless of the way in which a vector of features f(t) is extract-
ed from each frame (i.e., for each t ) of a gait sequence, we can
always go a step further. All features extracted thus far from each
of the frames in a gait sequence form a time series. Since walking
is a periodic activity, the Fourier analysis of the time-domain gait
signals is a very appealing approach as most discriminative infor-
mation is expected to be compacted in a few Fourier coefficients,
providing a very efficient gait representation. Therefore, taking
the Fourier transform of the feature vector series f(t)

F(k) = 1
T

T−1∑
t=0

f(t)e− j2π
T kt, (4)

where T is the walking period, yields a new representation that
is related to the frequency content of the originally extracted
features. The new representation can serve as a gait signature,
which is appropriate for direct comparison between gait
sequences. The frequency-domain extraction of gait signatures
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HOLISTIC FEATURES 

FEATURE ADVANTAGES DISADVANTAGES
CONTOUR SENSITIVE TO STRUCTURAL DIFFERENCES HIGH COMPLEXITY, LOW ROBUSTNESS

WIDTH SENSITIVE TO STRUCTURAL DIFFERENCES, LOW COMPLEXITY LOW ROBUSTNESS 

PROJECTIONS ROBUSTNESS, LOW COMPLEXITY COARSE STRUCTURAL REPRESENTATION

ANGULAR ROBUSTNESS COARSE STRUCTURAL REPRESENTATION

RELATIVE PHASES COMPACT REPRESENTATION, SCALE INVARIANCE COMPLICATED DETERMINATION OF 
PHASES

SILHOUETTE LOSSLESS REPRESENTATION LEADS TO HIGH-COMPLEXITY SYSTEMS

MODEL-BASED FEATURES

FEATURE ADVANTAGES DISADVANTAGES
STATIC PARAMETERS VIEW INVARIANT, COMPACT REPRESENTATION DIFFICULT CAPTURING (REQUIRES 

CAMERA CALIBRATION)

ELLIPSE PARAMETERS COMPACT REPRESENTATION LOW ROBUSTNESS

HIP ANGLE COMPACT REPRESENTATION LOW ROBUSTNESS

COMBINATION OF SHAPE COMPACT REPRESENTATION LOW ROBUSTNESS
PARAMETERS

[TABLE 2]  SUMMARIZATION OF THE ADVANTAGES AND DISADVANTAGES
OF THE PRESENTED HOLISTIC AND MODEL-BASED FEATURES.
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has advantages over the time-domain approach. Specifically,
since the transform is calculated in increments of the angular
frequency 2π/T , signals extracted from gait sequences with
different walking periods are directly comparable. In practice,
however, not all frequency components are useful for recogni-
tion. This is why there are methods that use only the magni-
tude and phase of the Fourier transform at the fundamental
walking frequency [30], [44].

In [44], it was stated that all motions in a gait cycle share
the same fundamental frequency, and a system was proposed
which uses optical flow for measuring shape oscillations. A
significant conclusion reached in [30] was that frequency sig-
natures yielded superior performance in cases where the com-
pared gait sequences were captured on different days (and,
therefore, the structural information alone was not reliable).
This provides an additional motive for investigating frequen-
cy-domain features.

In the experimental assessment section, we will evaluate the
performance of a simple scheme based on the direct transforma-
tion of features. In this system, the entire feature time series is
expressed as a single complex feature vector through application of
(4). In Figure 6, we display such a representation using silhouettes.

DIMENSIONALITY REDUCTION
A natural question arises in the context of gait analysis: How
much information do we need to extract from a gait sequence in
order to capture most discriminative information?

On the temporal axis, it appears that shape information can be
captured using four or five characteristic frames [14], [32] or fea-
ture vectors. However, the frames or feature vectors themselves
could be represented in a more compact way. Since several of the
elements in the feature vectors, extracted using the techniques in
the previous sections, usually contain information that does not
contribute to the purpose of recognition, methodologies such as
principal component analysis (PCA) [43], [24], [27] or linear dis-
criminant analysis (LDA) [24] are used to retain only the impor-
tant elements of the original feature vector. Analysis of variance
(ANOVA) can also be used for the identification of the significant
components in a gait feature vector. Several works achieve good
performance using holistic features of dimension as low as 100.
On the other hand, feature vectors consisting of model parame-
ters would carry more information than feature vectors extracted
using a holistic method. This is the reason why, for model-based
approaches, the required coefficients might be fewer provided that
the model parameters can be determined accurately (which is the
real challenge in model-based approaches).

PATTERN MATCHING AND CLASSIFICATION
Once gait information is extracted from gait sequences and the
associated feature vectors are formed, the actual
recognition/classification task must be performed. Two main
approaches can be taken, namely, a template-based approach or
a stochastic approach. In both cases, an appropriate distance
metric between feature vectors must be initially defined. The
classical Euclidean distance is the measure that is used in most

gait recognition applications. Other measures are the inner
product distance [32] and the number of “ones” in the binary
difference between frames [23]. A variety of other distance meas-
ures may also be used [45]; however, in this work, we use the
classical Euclidean distance in the implementations of the pre-
sented gait methodologies.

TEMPLATE MATCHING
The main concern in calculating distances between different gait
representations (templates) is whether we compare correspon-
ding quantities in the two representations. In case of frequency
templates (e.g., harmonic components computed using Fourier
analysis), the calculation of the distance between two templates
is straightforward since the correspondence between frequency
components in different templates is obvious. In this case, a fre-
quency component in one template should be compared with the
component in the same spectral position in the other template.

In the case of spatial templates, the gait representation is a
sequence of features that must be compared with another
sequence of features. When the fundamental walking periods T1

and T2 of the two sequences are not equal, their cumulative dis-
tance over a gait cycle is defined as

D12 = 1
U

T∑
t=1

u(t)D(f1(w1(t)), f2(w2(t))),

where the pairs (w1(t), w2(t)) define a warping function, u(t) is a
weighting function, U = ∑T

t=1 u(t), and D(·) denotes the distance
between the feature vectors at time t. Based on the characteristics
of the warping function, we can distinguish three approaches for
the calculation of distances between feature sequences.

The direct matching approach can be regarded as a brute-force
attempt to match a pattern consisting of feature vectors (derived
from frames in a gait cycle) by sliding it over a sequence of feature

[FIG6] Frequency signatures: a complex silhouette template
computed as the Fourier transform of the gait sequence at the
fundamental frequency. (a) Real part and  (b) imaginary part.

(a) (b)



vectors of the reference sequence to find the position that yields
the minimum distance. This is the approach taken in the baseline
method created at USF [23]. However, this approach is clearly not
suitable for a gait recognition system since it implicitly assumes
that the periods of the gait cycles in the test and reference
sequences are identical. Therefore, two sequences depicting the
same person walking at different speeds would appear dissimilar.

The use of time normalization [46] is a more reasonable
approach since reference and test sequences corresponding to
the same subject may not necessarily have the same gait period.
Consequently, if recognition is to be performed by template
matching, some kind of compensation would have to be applied
during the calculation of the distance. To this end, dynamic
time warping (DTW) [46] can be used to calculate the distance
between a test sequence and a reference sequence. Using DTW
[43], [38], all distances between test and reference frames are
computed and the total distance is defined as the accumulated
distance along the minimum-distance path (termed the optimal
warping path). Another option is to use linear time normaliza-
tion. Experiments demonstrate that linear time normalization
rivals the performance of DTW. This conclusion is in contrast to
our intuitive expectation based on speech recognition para-
digms, in which DTW was reported to be much more efficient
than linear time normalization [46]. The above approaches for
template matching are depicted in Figure 7.

Having computed the distances between a test subject and
all subjects in a reference database, the recognition decision is
taken as

identity(i ) = arg min
j

Dij,

where Dij denotes the cumulative distance between the i th
test subject and the jth reference subject. This means that the
identity of the test subject is assumed to be the identity of the
reference subject with which the test subject has the mini-
mum distance.

STATISTICAL APPROACH: HMMS
Using the template matching approaches outlined in the pre-
vious section, the extent of similarity between walking styles
is quantitatively described using distances based on a dis-
tance metric. This is a disadvantage; on one hand, such dis-
tances may not have a clear interpretation whereas, on the
other hand, the pattern of states related to the succession of
stances during walking is not explicitly taken into account.
For the above reasons, stochastic approaches such as HMMs
[47] can also be used for gait recognition [32], [48]. In practi-

cal HMM-based gait recognition, each walking subject is
assumed to traverse a number of stances (see Figure 8). In other
words, each frame in a gait sequence is considered to be emitted
from one of a limited number of stances. The a priori probabili-
ties, as well as the transition probabilities, are used to define
models λ for each subject in a reference database. For a test
sequence of feature vectors f̃i, the probability that it was gener-
ated by one of the models associated with the database
sequences can be calculated by

P
(

f̃i/λj

)
, j = 1, . . . , N,

where N is the number of subjects in the reference database. The
subject corresponding to the model yielding the higher probabili-
ty is considered to be identical to the test subject, i.e.,

identity(i ) = arg max
j

P
(

f̃i/λj

)
, j = 1, . . . , N.

The HMM-based methodology is, in many aspects, preferable to
other techniques since it explicitly takes into consideration not
only the similarity between shapes in the test and reference
sequences, but also the probabilities with which shapes appear and
succeed each other in a walking cycle of a specific subject.

EXPERIMENTAL ASSESSMENT
To evaluate the efficiency of the main
gait analysis and recognition
approaches that were presented previ-
ously, we considered several features,
as well as both the template matching
and statistical approaches for the
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[FIG7] Approaches for the matching of different sequences. 
(a) Direct, (b) dynamic time warping, and (c) linear time normalization. 
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[FIG8] A left-to-right hidden Markov model for gait recognition.
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recognition stage. Although there are several gait databases for
the evaluation of the main approaches, as summarized in Table 1,
we used the USF database, which is used by most researchers in
the gait community for reporting results. Prior to testing, we
aligned the silhouettes to the center of the frames to give a fair
comparison with features that are not translation-invariant. 

We tested several features and recognition methods. We con-
sidered only holistic features here since they generally outperform
the model-based features (see, e.g., [49] for a comparison) and they
are more interesting from a signal processing perspective. For the
evaluation of the efficiency of features, we formed feature vectors
of appropriate size. The size of the width vector [43] was equal to
the vertical dimension of the silhouettes. The width vector was fil-
tered with a three-tap low-pass filter since this approach was report-
ed to yield better results. The projections vector [25] was generated
as a concatenation of the horizontal and vertical projections and,
therefore, its size was set equal to the sum of the horizontal and
vertical dimensions of the silhouettes. For the angular feature, we
calculated the transform coefficients in circular sectors of 5◦. This
yielded 72-dimensional feature vectors.

In this section, we report results in terms of cumulative
match scores. To calculate these scores, we conduct multiple
tests using multiple test sequences. Each test sequence is com-
pared to the sequences in the reference database (for each test
sequence there is only one correct match in the reference data-
base), and the sequences in the reference database are ranked
according to their similarity with the test sequence. As proposed
in [50], rank-n performance is calculated by measuring the per-
centage of tests in which the correct subject appears in the top n
matches. The results, rank-1 and rank-5 scores averaged over all
test sets in the gait challenge database, are tabulated in Table 3. It
is seen that features that do not depend on the detection of
boundary pixels offer the best performance. Despite the fact that
the database on which the features were tested was quite noisy,
experiments on less noisy conditions demonstrate that these fea-
tures would still be superior, occasionally with a narrower mar-
gin. In any case, the noisy conditions should be considered as the
general rule in gait recognition since only in laboratory environ-
ments is it possible to achieve perfectly clean silhouettes.

All features were combined and tested with several recogni-
tion methodologies. Although the frequency signatures consti-
tute features derived from time-domain features, here we treat
the frequency-domain approach as a recognition method that
computes the Fourier transform of the feature time series at

the walking frequency and compares the resultant components
using a Euclidean distance. For DTW and linear time normal-
ization, the distance between test and reference gait sequences
was computed by taking the median of the distances from all
combinations between cycles in the reference and test gait
sequences. For testing the performance of HMMs for gait
recognition, we implemented the algorithm in [48]. In the
structural matching approach, we computed for each subject
the minimum cumulative distance of gait frames to the exem-
plars determined using the HMM model. This experiment was
intended to show how much of the performance of the HMM
approach is due to the computation of structural similarities
and how much is due to the exploitation of gait dynamics.

Complete cumulative match score curves are shown in
Figure 9 for recognition based on frequency signatures, DTW,
linear time normalization, HMMs, and structural matching. As
seen, the frequency signature approach is quite efficient despite
the fact that it is the least complicated of all approaches in our
comparison. Since the determination of similarity between fre-
quency signatures is direct, i.e., there is no need to find the cor-
respondences in two compared frequency representations, the
savings in computational complexity is considerable and the
approach appears to be rather appealing.

In general, the DTW and the linear time normalization
approaches perform roughly the same. As mentioned in the pre-
vious section, this is a rather unexpected result since, in the
context of speech recognition, it was reported [46] that DTW
performed clearly better than linear time normalization. A pos-
sible explanation might lie in the fact that, in the case of gait,
recognition using these methods seems to be based predomi-
nantly on structural similarities between compared sequences
and/or that the gait dynamics can be captured equally well by
the linear and the nonlinear normalization processes.

The results derived using the structural matching approach
disclose the importance of shape in gait recognition. We see
that, although gait dynamics are ignored, with this approach the
performance of the system is generally good in comparison to
the rest of the approaches. It also reinforces our belief that cur-
rent approaches for gait recognition primarily depend on struc-
ture rather than on gait dynamics. The performance of the
system deploying HMMs is better than that achieved using
structural matching. However, the performance gain is not very
impressive, and this makes us believe that there might be other
more appropriate ways to exploit gait dynamics.

FEATURE WIDTH [43] PROJECTIONS [25] ANGULAR [28] SILHOUETTE AVERAGE
R1 R5 R1 R5 R1 R5 R1 R5 R1 R5

FREQUENCY-DOMAIN DISTANCE 21 42 26 45 20 41 46 66 28 49

DYNAMIC TIME WARPING 26 49 33 56 36 59 47 70 36 59

LINEAR TIME NORMALIZATION 28 49 35 55 36 60 46 74 36 59

HIDDEN MARKOV MODELS 34 51 36 49 36 62 45 70 38 58

STRUCTURAL  MATCHING 33 50 35 47 36 60 43 62 37 55

AVERAGE 28 48 33 50 33 56 45 68 — —

[TABLE 3]  RESULTS OBTAINED FOR SEVERAL COMBINATIONS OF FEATURES AND RECOGNITION METHODS. AVERAGES
OF RANK-1 (R1) AND RANK-5 (R5) SCORES OVER ALL SETS OF THE GAIT CHALLENGE DATABASE ARE REPORTED.
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[FIG9] Cumulative match scores for different recognition approaches using the silhouette feature. (a) Frequency signature, (b) dynamic
time warping, (c) linear time normalization, (d) structural matching, and (e) hidden Markov models.
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For the evaluation of the impact of capturing condition
variations to the performance of the gait recognition system,
we report detailed results on the USF database. As seen in
Table 4, the performance of the gait recognition system is sat-
isfactory when there are changes in shoe or/and viewpoint.
However, in cases of excessive viewpoint differences between
reference and test sequences, the distortions on the extracted
feature vectors would be considerable and, unavoidably, this
would have a detrimental effect on recognition performance.
Clearly, the performance of most tested algorithms suffers
when a change in surface is involved. This is an important con-
clusion, and it imposes some limitations on the capturing
process  appropriate for a gait recognition system, i.e., surface
variations should be avoided. The complete cumulative match
scores are displayed in Figure 9. As seen, in most cases, the
correct subject was with high confidence in the top ten match-
es (out of a total of 71 subjects in the reference database). This
provides a strong indication that, even if gait is currently not
able to achieve reliable exact recognition, it can be readily used
in a multibiometric system as an efficient filter prior to the
utilization of some other biometric.

SUMMARY AND CONCLUSIONS
This article was intended to provide an overview of the basic
research directions in the field of gait analysis and recognition.
The recent developments in gait research indicate that gait tech-
nologies still need to mature and that limited practical applica-
tions should be expected in the immediate future. At present,
there is a potential for initial deployment of gait for recognition
in conjunction with other biometrics. However, future advances
in gait analysis and recognition—an open, challenging research
area—are expected to result in wide deployment of gait tech-
nologies not only in surveillance, but in many other applications
as well. We hope that this article will expose the gait analysis
and recognition problem to the signal processing community
and that it will stimulate the involvement of more researchers
in gait research in the future.
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[TABLE 4]  THE IMPACT OF DIFFERENCES IN CAPTURING
CONDITIONS TO THE PERFORMANCE OF GAIT
RECOGNITION SYSTEMS USING THE USF/NIST
(GAIT CHALLENGE) DATABASE. THE AVERAGE OF
RESULTS FOR ALL RECOGNITION METHODS
USING THE SILHOUETTE FEATURE IS REPORTED.



IEEE SIGNAL PROCESSING MAGAZINE [90] NOVEMBER 2005IEEE SIGNAL PROCESSING MAGAZINE [90] NOVEMBER 2005

Society e-letter, the technical program cochair for IEEE
International Conference on Multimedia & Expo (ICME06), and
the vice-chair for the IEEE Intelligent Transportation Systems
Conference (ITSC 2006). He is the 2005 recipient of IEEE
Canada’s Outstanding Engineering Educator Award. 

REFERENCES
[1] A.K. Jain, L. Hong, S. Pankanti, and R. Bolle, “An identity verification system
using fingerprints,” Proc. IEEE, vol. 85, no. 9, pp. 1365–1388, Sept. 1999.

[2] M. Turk and A. Pentland, “Face recognition using eigenfaces,” in Proc. IEEE
Conf. Computer Vision and Pattern Recognition, Maui, HI, June 1991, pp.
586–591. 

[3] A.K. Jain and N. Duta, “Deformable matching of hand shapes for verification,”
in Proc. IEEE Conf. Image Processing, Kobe, Japan, Oct. 1999, pp. 857–861. 

[4] J. Daugman, “High confidence visual recognition of persons by a test of statisti-
cal independence,” IEEE Trans. Pattern Anal. Machine Intell., vol. 15, no. 11, 
pp. 1148–1161, 1993.

[5] L. Rabiner and B. Juang, Fundamentals of Speech Recognition. Englewood
Cliffs, NJ: Prentice-Hall, 1993.

[6] Y. Qi and B.R. Hunt, “A multiresolution approach to computer verification of
handwritten sigantures,” IEEE Transactions Image Processing, vol. 4, no. 6, 
pp. 870–874, June 1995. 

[7] L. Sloman, M. Berridge, S. Homatidis, D. Hunter, and T. Duck, “Gait patterns of
depressed patients and normal subjects,” Am. J. Psychiatry, vol. 139, no. 1, pp.
94–97, 1982. 

[8] M.D. Addlesee, A. Jones, F. Livesey, and F. Samaria, “ORL active floor,” IEEE
Pers. Commun., vol. 4, no. 5, pp. 35–41, Oct. 1997.

[9] J. Kittler, M. Hatef, R.P.W. Duin, and J. Matas, “On combining classifiers,” IEEE
Trans. Pattern Anal. Machine Intell., vol. 20, no. 3, pp. 226–239, Mar. 1998.

[10] P.C. Cattin, D. Zlatnik, and R. Borer, “Sensor fusion for a biometric system
using gait,” in Proc. Int. Conf. Multisensor Fusion and Integration for
Intelligent Systems, Baden-Baden, Germany, Aug. 2001, pp. 233–238.

[11] G. Shakhnarovich, L. Lee, and T. Darrell, “Integrated face and gait recognition
from multiple views,” in Proc. IEEE Conf. Computer Vision and Pattern
Recognition, Kauai, HI, Dec. 2001, vol. I, pp. 439–476. 

[12] A. Kale, A.K. RoyChowdhury, and R. Chellappa, “Fusion of gait and face for
human identification,” in Proc. IEEE Int. Conf. Acoustics, Speech, and Signal
Processing, Montreal, Canada, May 2004, vol. 5, pp. 901–904. 

[13] E. Ayyappa, “Normal human locomotion, part 1: Basic concepts and terminol-
ogy,” J. Prosthetics Orthotics, vol. 9, no. 1, pp. 10–17, 1997.

[14] R.T. Collins, R. Gross, and J. Shi, “Silhouette-based human identification from
body shape and gait,” in IEEE Conf. Automatic Face and Gesture Recognition,
Washington, DC, May 2002, pp. 351–356. 

[15] R. Gross and J. Shi, “The CMU motion of body (mobo) database,” Robotics
Institute, Carnegie Mellon University,  Tech. Rep. CMU-RI-TR-01-18, 2001.

[16] G. Johansson, “Visual perception of biological motion and a model for its
analysis,” Percept. Psycophysics, vol. 14, no. 2, pp. 201–211, 1973. 

[17] J.E. Cutting and L.T. Kozlowski, “Recognizing friends by their walk: Gait per-
ception without familiarity cues,” Bulletin Psychonomic Soc., vol. 9, no. 5, pp.
353–356, 1977.

[18] S.A. Niyogi and E.H. Adelson, “Analyzing and recognizing walking figures in
XYT,” in Proc. Computer Vision and Pattern Recognition, Seattle, WA, June 1994,
pp. 469–474.

[19] H. Murase and R. Sakai, “Moving object recognition in eigenspace representa-
tion: Gait analysis and lip reading,” Pattern Recognit. Lett., vol. 17, 
no. 2, pp. 155–162, 1996. 

[20] D. Cunado, M.S. Nixon, and J.N. Carter, “Using gait as a biometric, via phase-
weighted magnitude spectra,” in Proc. Int. Conf. Audio- and Video-Based Bio-
metric Person Authentication, Crans-Montana, Switzerland, Mar. 1997, vol. LNCS
1206, pp. 95–102.

[21] J. Little and J. Boyd, “Recognizing people by their gait: The shape of motion,”
Videre, Int. J. Computer Vision, vol. 14, no. 6, pp. 83–105, 1998.

[22] P.S. Huang, C.J. Harris, and M.S. Nixon, “Visual surveillance and tracking of
humans by face and gait recognition,” in Proc. 7th IFAC Symp. Artificial Intelligence
in Real-Time Control, Grand Ganyon National Park, AZ, Oct. 1998, pp. 43–44. 

[23] P.J. Phillips, S. Sarkar, I. Robledo, P. Grother, and K.W. Bowyer, “The gait iden-
tification challenge problem: Data sets and baseline algorithm,” in Proc. Int. Conf.
Pattern Recognition, Quebec City, Canada, Aug. 2002, vol. 1, pp. 385–388.

[24] C. BenAbdelkader, R. Cutler, and L. Davis, “Motion-based recognition of peo-
ple in eigengait space,” in Proc. IEEE Int. Conf. Automatic Face and Gesture
Recognition, Washington, DC, May 2002, pp. 254–259.

[25] Y. Liu, R. Collins, and Y. Tsin, “Gait sequence analysis using Frieze patterns,”
in Proc. Eur. Conf. Computer Vision, Copenhagen, May 2002, vol. LNCS 2351, 
pp. 657–671.

[26] J.P. Foster, M.S. Nixon, and A. Prugel-Bennett, “Automatic gait recognition
using area-based metrics,” Pattern Recognit. Lett., vol. 24, no. 14, pp. 2489–2497,
2003. 

[27] L. Wang, T. Tan, H. Ning, and W. Hu, “Silhouette analysis-based gait recogni-
tion for human identification,” IEEE Trans. Pattern Anal. Machine Intell., 
vol. 25, no. 12, pp. 1505–1518, Dec. 2003.

[28] N.V. Boulgouris, K.N. Plataniotis, and D. Hatzinakos, “An angular transform of
gait sequences for gait assisted recognition,” in Proc. IEEE Int. Conf. Image
Processing, Singapore, Oct. 2004, pp. 857–860.

[29] L. Lee, G. Dalley, and K. Tieu, “Learning pedestrian models for silhouette
refinement,” in Proc. Int. Conf. Computer Vision, Nice, France, 
Oct. 2003, pp. 663–670.

[30] L. Lee and W.E.L. Grimson, “Gait analysis for recognition and classification,”
in Proc. IEEE Int. Conf. Automatic Face and Gesture Recognition, Washington,
DC, May 2002, pp. 148–155. 

[31] D. Tolliver and R.T. Collins, “Gait shape estimation for identification,” in Proc.
4th Int. Conf. Audio and Video-Based Biometric Person Authentication, Guilford,
UK, June 2003, pp. 734–742.

[32] A. Sundaresan, A.K. Roy Chowdhury, and R. Chellappa, “A hidden Markov
model based framework for recognition of humans from gait sequences,” in Proc.
Int. Conf. Image Processing 2003, Barcelona, Spain, Sept. 2003, vol. 2, 
pp. 14–17.

[33] J.M. Hausdorf, M.E. Cudkowicz, C.K. Peng, and A.L. Coldberg, “Alterations in
gait dynamics in health and disease: Are they independent of gait speed?,” in Proc.
First Joint BMES/EMBS Conf. Serving Humanity, Advancing Technology, Atlanta,
GA, Oct. 1999, p. 586.

[34] W.T. Liberson, H.J. Holmquest, D. Scot, and M. Dow, “Functional electrother-
apy: Stimulation of the peroneal nerve synchronized with the swing phase of the
gait of hemiplegin patients,” Arch. Phys. Med. Rehab., vol. 42, no. 2, pp. 101–105,
1961. 

[35] I.P.I. Pappas, M.R. Popovic, T. Keller, V. Dietz, and M. Morari, “A reliable gait
phase detection system,” IEEE Trans. Neural Syst. Rehab. Eng., vol. 9, no. 2, pp.
113–125, June 2001.

[36] S. Jezernik, G. Colombo, and M. Morari, “Automatic gait-pattern adaptation
algorithms for rehabilitation with a 4-DOF robotic orthosis,” IEEE Trans. Robot.
Automat., vol. 20, no. 3, pp. 574–582, June 2004.

[37] S. Stitt and Y.F. Zheng, “Distal learning applied to biped robots,” in Proc. IEEE
Int. Conf. Robotics and Automation, San Diego, CA, May 1994, pp. 137–142.

[38] N.V. Boulgouris, K.N. Plataniotis, and D. Hatzinakos, “Gait recognition using
dynamic time warping,” in Proc. IEEE Int. Symp. Multimedia Signal Processing,
Siena, Italy, Sept. 2004, pp. 263–266. 

[39] A. Johnson and A. Bobick, “A multi-view method for gait recognition using
static body parameters,” in 3rd Int. Conf. Audio- and Video-Based Biometric
Person Authentication, Halmstad, Sweden, June 2001, pp. 301–311.

[40] D. Cunado, M.S. Nixon, and J.N. Carter, “Automatic extraction and description
of human gait models for recognition purposes,” Comput. Vis. Image Understand.,
vol. 90, no. 1, pp. 1–14, 2003.

[41] D.K. Wagg and M.S. Nixon, “On automated model-based extraction and analy-
sis of gait,” in Proc. IEEE Int. Conf. Automatic Face and Gesture Recognition,
Seoul, Korea, May 2004, pp. 11–16. 

[42] S.D. Mowbray and M.S. Nixon, “Automatic gait recognition via Fourier
descriptors of deformable objects,” in Proc. Int. Conf. on Audio- and Video-Based
Biometric Person Authentication, Guilford, UK, June 2003, pp. 566–573. 

[43] A. Kale, N. Cuntoor, B. Yegnanarayana, A.N. Rajagopalan, and R. Chellappa,
“Gait analysis for human identification,” in 4th Int. Conf. Audio- and Video-based
Person Authentication, Guilford, UK, June 2003, pp. 706–714. 

[44] J.E. Boyd and J.J. Little, “Phase models in gait analysis,” presented at the
Workshop on Models Versus Exemplars at Computer Vision and Pattern
Recognition, Kauai, HI, Dec. 2001. 

[45] K.N. Plataniotis, D. Androutsos, and A.N. Venetsanopoulos, “Adaptive fuzzy
systems for multichannel signal processing,” Proc. IEEE, vol. 87, no. 9, pp.
1601–1622, Sept. 1999.

[46] H. Sakoe and S. Chiba, “Dynamic programming algorithm optimization for
spoken word recognition,” IEEE Trans. Acoustics, Speech, Signal Processing, vol.
26, no. 1, pp. 43–49, Feb. 1978.

[47] L.R. Rabiner, “A tutorial on hidden Markov models and selected applications
on speech recognition,” Proc. IEEE, vol. 77, no. 2, pp. 257–285, Feb. 1989.

[48] A. Kale, A. Sundaresan, A.N. Rajagopalan, N. Cuntoor, A.K. Roy-Chowdhury, V.
Krueger, and R. Chellappa, “Identification of humans using gait,” IEEE Trans.
Image Processing, vol. 13, no. 9, pp. 1163–6173, Sept. 2004.

[49] M.S. Nixon and J.N. Carter, “Advances in automatic gait recognition,” in Proc.
IEEE Int. Conf. Automatic Face and Gesture Recognition, Seoul, Korea, May 2004,
pp. 139–144. 

[50] P.J. Phillips, H. Moon, S. Rizvi, and P. Raus, “The feret evaluation methodology
for face recognition algorithms,” IEEE Trans. Pattern Anal. Machine Intell., 
vol. 22, no. 10, pp. 1090–1104, 2000. [SP]




