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Abstract ing principle, we explored the use of a nonlinear, nonsta-
tionary signal analysis technique called the empirical mode

Gait recognition is identifying human beings by the man- decomposition for gait recognition. The results we obtained
ner in which they walk. It has been shown by several re- were highly encouraging. In the sections below, we discuss
searchers that human beings have the ability to recognizethe theory of empirical mode decomposition, our experi-
other people by their gait. Machine recognition of gait is mental methodology and results of our method.
becoming increasingly important for surveillance, aware-
spaces etc. A number of methods have been proposed by difp Backg round
ferent researchers in the recent past for this purpose. Most
of these methods analyze gait as a linear and stationary sig-One of the first experiments on the gait recognition capa-
nal. However, recent research shows that gait is nonlinear bility of human beings was reported by Cutting et. al [4].
and nonstationary. Hence, linear analysis would be insuffi- From then on, there have been numerous algorithms for au-
cient for analysis of gait. In this paper, we present our re- tomatic gait recognition. Some representative methods are
search involving nonlinear, nonstationary analysis of gait, described here. Most of these methods use either the struc-
by using a technique called empirical mode decomposition. ture of human beings or use the low-level motion content in
A novel method is proposed for recognizing gait using the the image as features for recognition. Based on this, these
resulting intrinsic mode functions. Preliminary investiga- methods can be basically divided into two basic categories
tions reveal that this method is very effective for gait recog- Structural methods and structure-free methods. These are
nition. In this paper, we discuss the method, experiments,discussed briefly in the sections below.
and results of the experiments in detail.

2.1. Structural Methods

1. Introduction In these methods the body structure is recovered and a set

Gait has b defined th £ walki " of points on the body are tracked. Their trajectories or the
pi?lg' baesarir?gjrl)r Salpr?agsswhilee rruao:]/innegr (c\)N(\aAE)as tej?’g roerviss gg'joint angles are used to derive features that characterize, and
unabridged dictionary). It is determined by the weight, limb thereby recognize the motion or the action performed by the

length, habitual posture, bone structure, age etc. of the perbOdy' Bobick et.al. [1] propose a gait recognition technique

on. All of these dependencies make aattindividual to a er_'that recovers static body and stride parameters. These pa-
: P Ies | gaitindividu Per ameters were tested on a database of 15 to 20 subjects and
son. We humans often recognize people we know by their

. . . encouraging results were obtained. In [8], Lakany et.al. use
gait, even when they are at a considerable distance from ging (8] y

us. In fact this is one of the main advantages of gait Whenthe trajgctories of I.'EDS pla_c_ed on the joints and head of
co.mpared to other biometrics — it can be used for recogni-the SUb]e.CtS fo.r gait recognition. Components of the FFT
tion at a distance at which other biometrics (eg. face, iris) of the trajectories are usgd as the featurg yec'For. A Multi-

: X ) ' ' Layer Perceptron (MLP) is used for classification. One of
fail or even cannot function. Another major advantage of

ait recognition is that it is unobtrusive. Though these ad the problems in their method is the self-occlusion of the
8antagesgmake gait recognition very désirablg it has bee feature points. Lakany_ et.al. use a Rafmal Basis Function

cec: . ) ' . n(RBF) network to predict the data that is lost due to self-
difficult to develop effective techniques that could achieve occlusion
this purpose. '

Traditionally gait was analyzed as a linear and a station-

ary signal. However, recent research efforts in the field of 2.2. Structure-free Methods
biomechanics has led to the conclusion that gait is both non-These methods characterize the motion pattern of the body
linear as well as non-stationary [13]. Using that as our guid- without regard to its underlying structure. In [10], Little and



Boyd developed a description of instantaneous motiom,  instantaneous frequency may not be one of the frequencies

shape of motiosthat is different for different types of mov- in the Fourier spectrum, (2) The instantaneous frequency

ing figures and the type of motion. In [11], Liu et.al. pro- may go outside the band for a bandlimited signal.

pose to usérieze patterndor gait analysis. Frieze patterns The functions that are symmetric with respect to the local

are spatiotemporal patterns that are periodic along the timezero mean and have the same number of zero crossings and

axis. They used a 3D humanoid model to study the changeextrema give a meaningful instantaneous frequency. Based

in the frieze patterns with respect to the camera viewpoint. on this observation, a class of functions called the intrin-

Using this knowledge the viewpoint is determined. Mo- sic mode functions were proposed. A function is an intrin-

ments were used for alignment of gait, which was used for sic mode function if: “(1) The number of extrema and the

recognition. In [6], Huang et. al propose using temporal in- number of zero crossings are either equal or differ at most

formation from optical-flow changes between two consecu- by one. (2) At any point, the mean value of the envelope de-

tive spatial templates for extracting features for gait recog- fined by the local maxima and the envelope defined by the

nition. The temporal template extracted is projected into local minima is zero”[5]. The above conditions satisfy the

eigen space to reduce dimensionality. physically necessary conditions to define a meaningful in-
One of the major problems of the above methods is thatstantaneous frequency. The method to decompose any sig-

all of them have been tested on only small databases. Alsonal into a set of IMFs is described below.

they do not consider the nonlinear, nonstationary nature of

gait in their solutions. The gait movement is like a hori- 3 2 Sijfting

zontally swinging pendulum that swings forward, impacts a

solid surface, followed by a short period of no movement, ! i :

and then swings backward. The overall signal is nonsta_1_‘u| instantaneous frequencies. However, the signals found

tionary due to the impact of the foot on the ground. Though in nature do not fit the definition of intrinsic mode functions.
neural networks can be used for nonlinear signal process/* Méthod for decomposing any general signal (which sat-

ing, they are often used likblack boxesand no insight isfies some basic properties) into a set of IM_Fs has _been
into gait can be obtained by using them. Other techniquesﬁrc’posid by Hlljﬁng EI'h al [5]|' This method is descrlbed.
use Fourier methods for analysis, which are insufficient for "€"€- T Oe|35|gna_ asto av;: atleast tV\:cO I?x:jrema—one(;n_am-
dealing with nonlinear and nonstationary signals. In this mum and one _m|n|mumt0 € successiully decompose Into
paper, we use a method that is suited for nonlinear, nonstalMFs using this method. The method essentially involves

tionary signal analysis for analyzing gait. two steps. LefX (¢) be the given signal.

In 3.1 we explained that the IMFs have physcially meaning-

. . 1. Two smooth splines are constructed connecting all the
3. Empirical Mode Decomposition maxima and the minima of (¢) respectively to get its
upper envelopeX,, .. (t) and X,,,;,(t). The extrema
are found by determining the change of sign of the
derivative of the signal. All the data points should be
covered by the upper and lower envelopes.

The Empirical Mode Decomposition Method (EMD) was

proposed by Huang et. al. in the study of nonlinear and non-
stationary signals [5]. It involves decomposing the given
signal into a series of Intrinsic Mode Functions (see 3.1)

through a process calleifting (see 3.2). The major advan- 2. The mean of the two envelopes is subtracted from the

tage of EMD is that the basis functions are derived from data to get a difference signal, (¢),
the signal itself. Hence the analysis is adaptive, in con-
trast to the traditional methods where the basis functions Xonaz(t) + Xoin(t
Xi(t) = X (1) - 2marl0F Xomin®) g

are fixed. Though in Principal component analysis, the ba-
sis functions are derived from the signal, the method cannot ) ) ]
be used for nonstationary signals. Since a majority of bi- Now the process is repeated fi (¢) till the resulting
ological signals are nonlinear and nonstationary, EMD has ~ C1(?) satisfies the criteria of an intrinsic mode func-
been applied with great success on biological signals like ~ ton-

electrogastrogram [9]. In the following sections we eluci-

date on the intrinsic mode functions and the sifting method. 3.2.1  Stopping Criterion

2

_— . In practice, after a certain number of iterations, the result-
3.1. Intrinsic Mode Functions ing signals do not carry significant physical information, be-
A good way to define the local characteristics of a non- cause, if sifting is carried on to an extreme, it could result in
stationary signal is its instantaneous frequency. However,a pure frequency modulated signal of constant amplitude.
instantaneous frequency, if blindly applied to any analytic To avoid this we can stop the sifting process at this stage
signal, may result in a few paradoxes such as [3]: (1) Theand we do it by limiting the amount of standard deviation



(SD), computed from two consecutive sifting results. The 4.1. EMD of Gait

SDis given by We performed empirical mode decomposition on the kine-
T X () = Xy (1)) matic signals. For our experiments, we used the y-axis dis-

sD=Y%" 1(k—1) 1(k) ) placement of the 14 marker for each participant. Now gait
X)) i if-
=0 1(k—1) cycles for each person, and each trail of a person, are of dif

Sferent length. In order to facilitate comparison, they need to
be of the same length. We achieve this by normalizing us-
ing dynamic time warping [12]. We then perform empirical
mode decomposition as described in the section 3.

Usually, SD is set between 0.2 to 0.3. The above proces
results in the first IMRCY (¢). After this, we subtracf’ (¢)
from the original signal to get the residiig (¢) and repeat
the above two steps until we get a residlg(¢) that is
smaller than a predetermined value or becomes a monotoniq:3 . .
function. The original signal can be reconstructed using the*- Results and Discussion

following equation. The intrinsic mode functions resulting from the empirical

n mode decomposition of the gait trajectories are shown in
X(t) = Z C;(t) + Ry (t) (3) the figure 2 (the top most subplots are the original signals).
j=1 Careful observation of these IMFs for different participants

The method decomposes the data intantrinsic mode

functions, each with distinct time scale. The first compo- ,

nent has the finest scale and this increases as we go to the R MW\WM i
successive modes. The decomposition is based on the local e e R = |
time scale of the data and yields adaptive basis functions. Mf\/\/ ! ey
Hence it can be used for nonlinear and nonstationary signal I — At
analysis. RS- SO | ey

i R
4. Experiments T
IMFs for 7t4 IMFs for 8t1

For our experiments we used the dataset of kinematic sig-
nals of five participants compiled by the motor control and
rehabilitation research laboratory at Arizona State Univer- Figure 2: IMFs of participants 7 and 8
sity [2]. The kinematic signals consisted of the, y, )

time-series of a set of fifteen markers that were placed on

the participant, collected at a rate of 120 Hz. The maker revealed two important facts.

locations are shown the figure 1. Five sets of data was col-

lected for each participant. We used the raw data generated 1- "€ last IMF is similar in all participants and is large
in magnitude. In fact, this component has the largest

magnitude. Figure 3 illustrates this with the mean of
all the last IMFs and amount of deviation that might
occur from the mean. The deviation is not significant
between different subjects and different trials of each
subject.

2. The first IMF is different for different participants and
different for different trials of the same participant.

Since the largest component of the kinematic signal is com-
Figure 1: Marker locations used for data capture mon for all participants, distinguishing between them is dif-
ficult. Hence, that component has to be discarded when
differences between participants’ gait is to be determined.
from the equipment without any filtering. One gait cyoté Also, the first component appears random and does not add
each trial was extracted for our purpose. The trajectory of any information as far as distinguishing between different
one gait cycle is shown in the top most subplots in the figure people is concerned. Hence that component is also dis-
2. They show the y-axis displacement of thé™arker. carded. The rest of the components were added together
LEach gait cycle is the series of events that occur between a right heel@nd their Fourier transform is taken to serve as the feature
strike to a right heel strike, or between a left heel strike to a left heel strike vector (FV).




Figure 3: Similarity between different Last IMFs

1 2 3 4 5 | Avyg CCR
Trajectories| 20 | 20| 20 | 20 | 20 20
FFT 80 | 80| 60 | 40 | 60 64
EMD 100 | 80| 100 | 100| 80 92
EMD FFT | 100 | 80 | 100 | 100 | 100 96

Table 1: CCR when each of the trails were left out for dif-

ferent FVs and Average CCR for different FVs

The length of the FV we used for recognition was 100.
We used a single hidden layer MLP for classification of

world situations, the trajectories of specific points have to be
extracted from the conventional 2D video. Once these tra-
jectories are extracted, the proposed method can be applied
to distinguish between different people. Our future work
will include using data from multiple markers and automat-
ically generating trajectories from 2D video. We are also
building a gait database for testing our algorithm on a larger
number of gait patterns [7].
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