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Abstract. As a present gait is seen as a future biometric. There is no
commercial products available and most of the research is basic research.
The results are however quite promising and despite some problems there
is good potential in gait recognition.

This paper demonstrates a brief overview about gait analysis methods for
person authentication. Video based analysis methods are clearly the most
common and for that reason this article concentrates solely to them. The
purpose is not to be a complete survey but rather a short introduction
to the topic with a few selected examples. At first a short history is
presented. After that there is a a caption about the problems of gait
analysis and a brief overview of a few gait databases for testing. In the
main part of the article six different methods for gait recognition are
covered.

1 Introduction

The use of biometrics as a person identification and verification have received
a lot of attention lately. There are quite a few biometrics that can be used for
these purposes. For example fingerprints, iris or face recognition are already
widely used in commercial applications. The big advantage with biometric au-
thentication methods is the fact that the information is within the person itself
and thus cannot be forgotten or stolen. Also making forgery of a biometrics is a
lot harder (or almost impossible in some cases) than forging for example a key
card or person identification papers.

Gait means the walking style of a human. Compared to other biometric
identification methods gait recognition has some advantages. One of them is the
fact that video sequences used for identification can be taken with rather low
resolution. This means that surveillance can be done from a long distance and
even without the subject even knowing that he is being monitored. The gait
recognition is thus not intrusive. It is also harder to conceal the gait compared
for example to face because people need to walk. These features make the gait
quite an attractive biometric.

The main drawback of gait analysis is the fact that while each person in
theory has unique enough gait for recognition in ideal conditions, changing con-
ditions (for example clothes, lightning conditions, camera angle or even walking



speed) can cause more differences in the same persons gait dynamics than is
between different persons gait. Also currently most methods have been tested
only with small datasets and its questionable if gait signature is unique enough
with larger datasets. In addition people may change their gait purposely. These
things lead to question how accurate gait recognition can actually be.

The gait signature of a person consists of many different components. For
example cadence, frequency of walking, the movement trajectories of different
body parts and the physical dimensions of body parts. It is not clear which of
these components should be taken in account when determining persons gait sig-
nature. There has been published a number of papers using different parameters
with varying results. Some of these methods are quite time consuming and may
need quite much data to be stored.

At the moment gait recognition is still at its infancy. For some extent it
has been used in medicine to recognize marks of diseases from gait dynamics.
For identification there is no commercial products available yet. For example
Georgia institute of technology has been developing a method for recognizing
people among crowd and they estimate that the method could be commercialized
in five years.

In general Identification task is to decide the identity of a person is based on
a database. Classification task could be for example to classify a the persons sex
or try to find suspiciously behaving people in airport. Verification means that the
person claims to be someone and the system verifies if he is speaking the truth. At
the moment gait is planned to be used for classification and identification tasks
in surveillance applications. In principal gait could also be used in verification
tasks but in practice there are other biometrics (Fingerprints or iris recognition
for example) that are better suited and more accurate for that.

2 History

The foundation of gait recognition research lies in the experiments with point-
light displays (PLDs) by Johansson [1]. His experiments showed the ability of
human subjects to recognize the type of movement of a person by just observing
the 2D motion pattern generated by light bulbs attached to the person. When
the points were viewed in static images they were perceived to form for example
a star or a Christmas tree, but immediately when the PLDs were animated they
were perceived to represent human motion. Later it was discovered that it is
possible for humans to recognize different types of movement from PLDs. For
example jumping or dancing can easily be recognized but also more sophisticated
facts like the gender or identity of the walker. This led to the conclusion that
gait dynamics for each person are unique and can be used as a biometric. [2] [3]

3 Sources of error in gait data

There are numerous conditions that can cause errors when gathering gait data
and reduce the accuracy of the recognition. Often gait recognition methods make



the assumption that at least most of these conditions are not changing. This is
of course not true in many real life situations.

3.1 Changes in walking dynamics

Walking speed. In addition to the apparent changes in cadence (pace), stride
length and frequency the posture and hand swings are different if the person is
walking slowly or faster.

Walking surface. If a person is walking in smooth surface with no obstacles the
gait patterns are repeatable and periodic. However if the surface is not smooth
he must place his steps carefully and the gait pattern will change.

Walkers physical condition. The walker may change his gait as a result of
some physical condition. For example pregnancy, fatigue or drunkenness. Also
the person may acquire some physical injury that results a change in gait.

Carrying a load When a person is carrying a load it affects his posture and
gait dynamics. In addition the load itself may change the physical borders of
the person. In case he is using his hands to carry the load previous information
about hand swings will also be unusable.

Different clothes. The use of for example a skirt instead of trousers affects
the silhouette and hides some of the data from leg movements. In addition the
footwear a person is using also affects the posture and gait (for example if a
person uses high heels her walk will be different compared to a case when she
uses rubber boots).

3.2 Conditions and camera

Camera angle. The change in camera angle has a drastic effect in the dynamics
of gait. The dynamics of walking are very different when looked from straight
ahead compared to the side view. Usually the problem is solved by using video
streams from different angles in the training set or by simply using only images
from the same camera angle.

Lightning conditions. Lightning conditions affect the quality of frames ex-
tracted from video sequence and may cause error to the silhouettes used in
many methods.

Contrast between clothing and background If the contrast between the
background and the clothes of the subject is too small it is hard to detach the
outlines of the subject. Again this means error in silhouette extraction. The
actual color of clothing rarely affects the recognition, because typically binary
images are used.



4 Databases

Here is listed the most important databases used in presented articles and also
some information about their contents.

4.1 UMD database

The UMD [4] contains two datasets. Both are taken outside The first contains
video sequences from 25 persons from 4 different viewing angles (Walking to-
wards the camera, away from the camera, fronto parallel walking left and right).

The second set has sequences from 55 persons captured by 2 cameras or-
thogonal to each other. The sequences are frontal and parallel walking left. Two
sample images from dataset 2 is presented in Figure 1.

amples from U D database.

4.2 CMU database

The CMU database [5] has six simultaneous video sequences from different angles
of 25 persons. ach is walking with four different walking styles Slow, fast,
inclined and slow holding a ball. The images are taken inside using treadmill.
An example images from one set can be seen in Figure 2.

amples from U database. 5



43 U database

Video sequences of 1 persons is contained in USF database [ ]. They use 2 dif-
ferent shoe types, may carry briefcase and the surface is either grass or concrete.
Sequences are taken from 2 different viewpoints and in some cases in different
time instances.

44 U database

USH database [ ] contains 2 indoors sequences of persons walking on a track.
The camera is perpendicular to the walking direction and an uniform green
background is used to help the extraction of clean silhouettes.

eatures used in gait ana ysis

There are numerous methods for gait recognition which use different components
and analysis methods for recognition. Generally there is three main steps in all
of the approaches

First thing to do is to extract the subject from each frame of the video
sequence. The result can be for example the silhouette of a person

The second step is to extract wanted features. Usually some additional meth-
ods are used to for example simplify the data or reduce noise. For example
Principal component analysis.

The last stage is to classify the data and make a decision. For example decide
the identity of a person or a group he belongs.

ext some articles are introduced brie y to represent a few example methods.

The goal in all cases was to recognize the individual based on the training data.

Rank order statistic (rank) means the cumulative probability that the real

test class of a test measurement is among the its top matches. Thus a rank

1 means the probability to classify each sample correctly. Rank 5 means the

probability that the algorithm includes the correct class to the top 5 classes.
Rank 1  means the rank with 1  of the whole test set.

d he width of outer contour

In[ ] aleet.al use the width of the outer contour of the binarized silhouette of
walking person as the basic image feature (Figure 3). This width vector retains
information about the physical structure of the subject and the swing of the
limbs during walking. The pose information is however lost. The variation of
each component of the width vector is the gait signature of the subject.

For classification the width vectors are smoothed and down-sampled to re-
duce dimensionality (Figure 4). Also a velocity profile was used to capture the
dynamics of the gait. Velocity profile can be obtained by calculating the differ-
ence of successive width vectors of walking sequence. Dynamic Time Warping
(DTW) was used for matching the gait sequences.



. Temporal plot of width vectors a and their overlay b . 8

. Original width vector a , Down-sampled and 5 point smoothing b and
smoothing by 21 point filter ¢ . 8

esults. The method was tested with tree datasets UMD [4], CMU [5] and
USF [ ]. Best results were achieved using Principal component analysis (PCA)
with 2 eigenvectors. With the UMD dataset a classification accuracy of with
rank 1 and 1.2 with rank 5 was achieved.

CMU produced results over 5 with rank 1 and 1 with rank 5 in all
cases when similar walking style sequences were used in both training and testing.
When fast walking data was compared to slow walking data results dropped to

5 with rank 1 and .5 with rank 5.

For USF dataset test sets were performed (Figure 5) and their results
are presented in Figure . The difference in walking surface seem to lead poor
performance while difference only in viewing angle results in rather good results.

Using velocity profile alone produced inferior results (5 and 3 with
UMD) and thus conclusion was drawn that both structural and dynamics infor-
mation is important for gait recognition. It was also noticed that leg region was
most important region for recognition and it alone produced even better results
in some cases than the whole width vector.



. Test set up. Training set was ,A, with 1 sub ects. is for grass, is for
concrete, A and B mean different footwear and and L are The cameras. 8

esults for U F database 8

.2 Moments e tracted from silhouette

In [ ] Lee and Grimson divide the silhouette of walking person in parts (Figure

). For each of these regions an ellipse is fitted in the portion of the foreground
image (the human) visible. From the ellipses we acquire 4 parameters the cen-
troid, ellipses major and minor axis and the major axis orientation. These are
moment-based features. In addition the height of the whole body silhouette is
used. From these the mean and standard deviation across time and magnitudes
and phases of each region feature related to walking frequency are calculated.
This leads the total of 5 features. An A OVA method was used to filter out
the less important leaving 41 features. Another set of tests was performed using
Fourier transform into the walking frequency to receive gait spectral component
feature vectors.



ilhouette of a wal ing person divided in regions a and ellipses fitted to
each region b

esults. A dataset of indoor video sequences consisting 24 persons in four
separate days and with different backgrounds were generated. The tests were
performed by using the data from three days as a training set and trying to
identify the sequences from fourth day. Using only 41 features gave better results
than using all 5 features. The results range from 3  to 4  (with rank 1)
correctness depending on which day was the test set. With rank 1~ the results
were in range 53 - 4 . The main reason for failures seemed to be the use of
different clothes if a person used different clothes than he had used in any of
the training days the classification often failed.

In addition Lee and Grimson used the CMU database [5]. They report only
shortly that the classifying result was almost perfect containing only one mis-
match within the whole test setup.

With spectral components corresponding numbers were 31 to 2 with
rank 1 and to with the rank of 1  of used data. specially spectral
components were not that vulnerable to clothing changes. If images taken in
the same day (same clothes and lightning conditions) were compared, spectral
components lost the comparison. In practice of course it is more important to
be able to recognize people with different clothes than in database and thus the
spectral approach seems more promising of these two.

The method was also tested for gender identification. ow the tests were
performed using all 5 features and best features from A OVA using support-
vector machine with linear, Gaussian and second degree polynomial kernels.
The second degree polynomial kernel with features performed best with 4
correctness and Gaussian kernel with all 5 features was the worst with
correctness.



3 ody shape and gait e tracted from silhouette

The method presented in [1 ] by Collins et.al uses binary silhouettes of a walking
person as a basis for recognition. After acquiring the silhouettes the first step
is to identify the key frames by monitoring the periodic dimensional changes of
the silhouette (Figure ).

xtracting the ey frames double support up and midstance down . -axis
is silhouette width and x-axis is the time. 10

These key frames are scaled so, that the silhouette is  pixels tall and cen-
tered in a template of 12 pixels. The templates of training data are then
compared to the test subjects templates using normalized correlation with the
help of FFT-based implementation of cross correlation. As a result of this com-
parison we get the correlation scores between each of the test subjects template
and each relevant template in the training set. Four subsequent scores represent
one complete gait cycle (right double support, right midstance, left double sup-
port, left midstance). These scores for complete gait cycles are classified using
k-nearest neighbors classifier.



esults. For testing three databases were used CMU [5], UMD [4], USH [ ].
In addition a database called MIT containing silhouettes of 25 persons walking
perpendicular to the camera was used.

The first test was to recognize individuals by using all the remaining data as
the training data. In all cases the result is between 5 -1 with rank 1.

The CMU dataset was used to compare results between different walking
styles. The hardest was the comparison between slow and fast walking that gave
a classifying accuracy with rank 1 and 2 with rank 1 . In all other
combinations the accuracy was at least 2 with rank 1.

A comparison between sequences taken in different days was made with the
MIT dataset. The results range from 45 accuracy with rank 1 to with
rank 1 . According to the author the most important reasons for failures were
elements that affect the accuracy of the obtained silhouette. For example varying
lightning conditions, different clothes and varying hairstyles.

4 tride length and cadence

Stride and cadence are also called the spatio-temporal parameters of gait. Ab-
delkader et.al use these for recognition in [11]. The method needs to make the
following assumptions to work Walking velocity is constant and the person is
walking straight line for 1 -15 seconds, The camera is calibrated with respect to
the ground plane and the frame rate is greater than twice the walking frequency.

The key is the periodicity of human walk. A chart of the steps of the method
is presented in Figure . At first a binary silhouette is extracted from each
frame in the video sequence. The width of a bounding box (blob) around the
silhouette is then calculated for each silhouette. The period is calculated via
autocorrelation (1 ). The distance traveled over a period of time is estimated.
This can be done because the camera is static and the person is walking straight
line. In addition the used number of steps is counted. From these parameters
the stride and cadence can be calculated.

Bayesian decision approach with two different parametric models for class
conditional densities are used The stride length and cadence are related by
linear regression in the first and in the second they are assumed to vary as a
bivariate Gaussian.

esults. A database of 131 video sequences from 1 persons was used to test
the method. The sequences were taken outside and the subjects walked with
various cadences about 3 meters on a straight line (Figure 11). The camera was
static.

The tests were performed by using all but one of the 131 sequences as a
training data and trying to classify the missing one. Figure 12 represents the
achieved results.

Using spatio-temporal parameters is in principle view-invariant. The method
performs however best from fronto-parallel viewpoint. This can clearly be seen
from Figure 13. In addition the authors claim that the method is robust to



. The method overview 11

changes in lightning conditions, clothing and tracking errors. It is also able to
use low resolution images for recognition.

imilarity plots

An example of method that uses similarity plots (SP) is eigengait [2]. It is a
motion-based recognition technique that uses a correspondence-free image fea-
ture for gait classification. A sequence images is of walking person is mapped to
a similarity plot. SP contains the differences between each pair of images and
is supposed to represent a signature of gait dynamics. It is thus used as a bio-
metric of choice in the igengait method. After the dimensionality is reduced
with principal component analysis (PCA), the k-nearest neighbor rule is used
to classify the samples. To work properly, the methods need to do the following
assumptions Humans walk on a known plane with constant velocity for about
3-4 seconds, the frame rate is more than twice the frequency of the walking and
the camera is static.

similarity plot The first thing to do is to extract the target human from each
frame. A box is drawn around the target (blob) based on the tracked dimensions.



omputing the gait period from bounding box width with autocorrelation.
11

(Figure 14). Because of the movement, the size of the blob is changing at the
frequency of gait. If fronto-parallel walking is assumed, the blob size varies as a
stationary process and the average blob size is almost constant. If the person is
walking non fronto-parallel the blobs need to be scaled to the same dimension
before computing their similarities. Similarity of two blobs can be calculated
using the average blob height  and width  as follows

min ( ) ( ) (1)



xample of typical tra ectory wal ed by each sub ect. 11

Where are the  blobs obtained by tracking a person in

consecutive frames. and are equal rectangular regions of and |
centered at the centroids of and . ( ) and ( ) are corresponding
pixels in and . is a search radius, which accounts for small tracking
errors.

The (1) can be used with binary silhouettes or gray or color silhouettes with
or without background.

roperties of the . Similarity plot have the following properties

It has a dark main diagonal, because comparing a blob to itself results to
value of zero for SP ()

It is symmetric along the main diagonal, because ( ) ( ).
Because human gait is periodic, ( 2 ) and ( 2 ) ,
where is the period of walking and is a integer. this can be seen as parallel
and perpendicular diagonals to the main diagonal.

Human gait includes four key poses (Figure 15 a). Poses A and C as poses
B and D resemble closely each other when the person is walking fronto-parallel
to the camera. This is because of bilateral symmetry of human walking. These
intersections represent the local minima of and thus the frequency and phase
can be automatically estimated by finding a minima. Similarity plot is thus a
projection of the dynamics of the walking that preserves the frequency and phase
of the gait.



esults. 11

ormali ation. Before classifying the Similarity plots Apdelkader uses several
normalization methods to reduce the effect of various factors that cause vari-
ability in input. These could be for example different lightning circumstances or
different clothes. One way to deal with these is to use a color-invariant blobs,
such as binary blobs.

The size of blobs could be different and thus include different amount of
pixels. this can be fixed by simply scaling all the blobs down to the size of the
smallest.

Camera viewpoint is crucial for the method because a different projection of
gait dynamics is captured in different viewpoints. It cannot be normalized and
thus we must either make sure the person is always shot from the same viewpoint
or then shoot from different viewpoints when gathering training data.

Similarity plots must also start at same phase, have the same frequency and
contain the same number of cycles. The phase can be measured by finding the
first local minimum and determining if it corresponds to AA, BB, CC or DD.
Also large changes in cadence are taken in account by indexing cadence of -13
steps min as medium cadence and otherwise slow or fast.

he classi er. Abdelkader uses PCA to reduce the dimensionality of the prob-
lem by computing the eigenvalue decomposition of their covariance matrix. In



idth series and corresponding autocorrelation functions for fronto-parallel
a and non fronto-parallel b sequences. 11

. First few blobs of a person segmented from bac ground. reen are the actual
blob bounding boxes and red ones are used to compute the similarity plot. 2

addition to reduced dimensionality the use of PCA also discards much of the
unwanted random noise from SPs. The final step of the classification is to use
the k-nearest neighbor classifier to classify the samples.

esults. At first test set Abdelkader used a fixed camera viewpoint. The data
consisted of 42 image sequences of different persons. The Sequences were taken
in a the same day and thus the clothes and lightning conditions do not vary. At
best he achieves classifying accuracy with rank 1.

The second test set consisted of a dataset of 4 sequences of people walk-
ing on a treadmill. The images were taken in different days and captured
simultaneously with  cameras from different angles (Figure 1 ). Three differ-
ent methods were tested for generating the similarity plots from binary blobs
and from grey scale blobs with or without background. The best results were



ey poses in cycle of wal ing gait a and corresponding imilarity plot b .
P with ey poses mar ed c. 2

achieved by using sequences from poses 5 and (Figure 1 ) and plots generated
from the binary blobs classifying accuracy being near 5 with rank 1. The
worst results were achieved using gray scale blobs with background.

. The camera viewpoints used in the second data set. 2

The method is view dependent and performs best with fronto-parallel viewing
angle. Changes in clothing and lightning conditions also affect the performance.



high and lower leg rotation

am et.al represents a method for gait recognition in [12]. The idea is to use a
Fourier description of thigh and lower leg rotation for the recognition. At first a
Sobel edge operator is used to obtain the leading edge of walking person (Figure

1).

. Low level processing of the image. olor image a , obel edge b and leading
edge c .12

To extract the rotation angles a model of thigh and lower leg is formulated
to work as an underlying template (Figure 1 ). This model is matched to the
leading edge data from a sequence of frames from the video sequence by temporal
template matching. The results of this process can be seen in Figure (1 ).

. The model.The upper pendulum models the thigh and the lower the lower leg
connected at the nee oint. 12



. Leg motion extraction results. 12

The gait signature used for classification is Phase weighted magnitude (PWM).
It contains the phase and magnitude components of the Fourier description of
thigh and lower leg rotation. An example of PWM is presented in Figure 2 .

. Polar plot of Lower leg P s when sub ect is running. 12

esults. For testing a dataset of 2 persons walking and running in a treadmill
was used. The performance of method was compared with clean edged images



with resolution 13 1 pixels, the same images with 25 grey scale random
noise added and smaller images with resolution of 5 5 without noise.

The results were classified with k-nearest neighbor classifier. The walking
and running sequences were classified separately. The best recognition rate was

achieved using clean running frames ( 1.  with rank 1). Using lower resolution
decreased the result only slightly (. ) but the effect of the noise was stronger
resulting the classification accuracy of . For walking sequences corresponding
percentages were 4.2 , .  and

The reason for better performance with running images was according to
author the fact that there is more variability in running styles among the popu-
lation compared to walking styles. Important notion was that the resolution of
the images did not affect the performance dramatically.

onc usions

Gait recognition is rather new biometric and is still at its infancy. The most
promising areas at present are the medical solutions and surveillance applica-
tions. At the moment research is mostly basic research and commercial solutions
are not yet available.

uite good results for identification can be achieved using different features
of gait. The main advantages are that low resolution images can be used and the
surveillance can be done without the subject even knowing he is being watched.
This also means that gait identification is not intrusive.

The largest problem is that gait recognition is not accurate enough. There
are numerous factors that drastically affect the performance (like using different
clothes). In addition the test done this far have used typically less than a hundred
persons and there is no guarantee that the identification is capable of dealing
with larger sets of data.

In addition there are huge set of features that can be extracted from different
components of gait. The research is till under way to determine which ones are
the most suitable to be used for recognition. This article concentrated only to
video based gait analysis for authentication purposes. The methods included are
just a few examples and in reality there are many more.
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