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ABSTRACT

Gait recognition is an attractive biometric as it is unobtrusive
and can be used for recognition from a distance. A number
of methods have been proposed by different researchers in the
recent past for this purpose. Most of these methods analyze
gait as a linear and stationary signal. However, recent research
shows that gait is nonlinear and non-stationary. Hence, linear
analysis would be insufficient for analysis of gait. In this paper,
we present a novel recognition algorithm that derives the feature
vector by performing nonlinear, non-stationary analysis of gait
using a technique called empirical mode decomposition. We test
the algorithm with both noise-free and noisy gait sequences and
demonstrate its applicability.

1. INTRODUCTION

Gait recognition is becoming increasingly important for surveil-
lance, aware-spaces etc. Unobtrusiveness and recognition at a dis-
tance are two most significant reasons why gait recognition is at-
tractive. However, it has been difficult to develop effective tech-
niques that could achieve this purpose. Recently, several research
efforts in the field of biomechanics [1] has led to the conclusion
that gait is both nonlinear as well as non-stationary. Consequently,
we explored the use of a nonlinear, non-stationary signal analysis
technique called the empirical mode decomposition for gait recog-
nition. The results we obtained were highly encouraging. In the
sections below, we discuss the theory of empirical mode decompo-
sition, our experimental methodology and results of our method.

2. BACKGROUND

The recognition capability of human beings was first reported by
several psychophysical studies in the late sixties [2, 3]. However,
it was only in late nineties that machine recognition of gait be-
came a possibility. Several methods were proposed, of which,
some representative methods are described here. These methods
can be divided into two basic categories: Structural methods and
structure-free methods.

In structural methods the trajectories of specific points on the
body or the angles between them are used to derive features for
recognition. Bobick et.al. [4] proposed a gait recognition tech-
nique that recovers static body and stride parameters (different
distances between various parts of the body). Tests on about 20
subjects showed that the technique held some promise. However,

it needs to be seen how these static parameters scale up for larger
databases. In [5], Lakany et.al. use the trajectories of specific loca-
tions, whose Fourier transform was used a the feature vector (FV).
A Multi-Layer Perceptron (MLP) is used for classification and a
Radial Basis Function (RBF) network was used to predict the data
that is lost due to self-occlusion. In [6], Cunado et. al, Fourier
magnitude spectra of joint angles weighted with phase information
was used to generate the FV. A correct classification rate (CCR) of
90% was obtained usingk-nearest neighbor rule on a database of
ten subjects.

These structure-free methods characterize the motion pattern of
the body without regard to its underlying structure. In [7], Lit-
tle and Boyd used moments of the moving points weighted by the
dense optical flow for characterizing motion. Phase of these scalar
sequences was used as feature vector for recognizing gait. In [8],
Huang et. al propose using the principal components of tempo-
ral information from optical-flow changes between two consecu-
tive spatial templates for extracting features for gait recognition.
Hayfron-Acquah et.al [9] use the symmetry pattern of human mo-
tion for recognition. The generalized symmetry operator was used
for gait analysis. Using this approach they have achieved a CCR
of 95%. However, there are studies that show that gait might not
be symmetric [10].

One of the major problems of the above methods is that almost
all of them use linear analysis to derive the feature vector. They do
not consider the nonlinear, nonstationary nature of gait in the de-
sign of their algorithm. Also, all of these methods have been tested
only on small databases. It is not clear how these methods would
scale up for larger databases. We might lose information, probably
vital, because of linear analysis of these nonlinear, non-stationary
signals. Neural networks could perform nonlinear signal process-
ing. However, they are used asblack boxesand are typically used
only for classification. A few other techniques use statistical meth-
ods like eigen analysis, which are insufficient for dealing with non-
stationary signals. Hence, we propose a gait recognition methodol-
ogy that uses nonlinear, non-stationary signal analysis for creating
the FV.

3. INTRINSIC MODE FUNCTIONS

Instantaneous frequency (IF) is one of the ways in which a local
characteristics of a non-stationary signal can be described. How-
ever, not all analytical signals can be described effectively using
IF. If blindly applied to any signal, IF may result in two cases: (1)
IF not being one of the frequencies in the Fourier spectrum, (2)
IF going outside the band for a bandlimited signal [11]. Based
on these observation, a class of functions called the intrinsic mode



functions were proposed. A function is an intrinsic mode function
if: “(1) The number of extrema and the number of zero cross-
ings are either equal or differ at most by one. (2) At any point,
the mean value of the envelope defined by the local maxima and
the envelope defined by the local minima is zero”[12]. The above
conditions satisfy the physically necessary conditions to define a
meaningful instantaneous frequency. The method to decompose
any signal into a set of IMFs, calledsifting is described below.

3.1. Sifting

The signals found in nature do not fit the definition of intrinsic
mode functions. A method for decomposing any general signal
(which satisfies some basic properties) into a set of IMFs has been
proposed by Huang et. al [12]. This method is described here.
For the signal to be successfully decomposed into IMFs using this
method it has to satisfy one assumption: It has to have at least two
extrema – one maximum and one minimum. The method essen-
tially involves two steps. LetX(t) be the given signal.

1. Two smooth splines are constructed connecting all the max-
ima and the minima ofX(t) respectively to get its upper en-
velopeXmax(t) andXmin(t). The extrema are found by
determining the change of sign of the derivative of the sig-
nal. All the data points should be covered by the upper and
lower envelopes.

2. The mean of the two envelopes is subtracted from the data to
get a difference signalX1(t),

X1(t) = X(t)− Xmax(t) + Xmin(t)

2
(1)

Now the process is repeated forX1(t) till the resultingC1(t)
satisfies the criteria of an intrinsic mode function.

3.1.1. Stopping Criterion

Typically, after a certain number of iterations, it results in a pure
frequency modulated signal of constant amplitude. So we stop sift-
ing by limiting the amount of standard deviation (SD), computed
from two consecutive sifting results. Usually,SD is set between
0.2 to 0.3. This results in the first IMFC1(t). After this, we sub-
tract C1(t) from the original signal to get the residueR1(t) and
repeat the above two steps until we get a residueRn(t) that is
smaller than a predetermined value or becomes a monotonic func-
tion. The original signal can be reconstructed using the following
equation.

X(t) =

n∑
j=1

Cj(t) + Rn(t) (2)

The method decomposes the data inton intrinsic mode functions,
each with distinct time scale. The first component has the finest
scale and this increases as we go to the successive modes. The de-
composition is based on the local time scale of the data and yields
adaptive basis functions. Hence it can be used for nonlinear and
nonstationary signal analysis.

As we can see from the above section, the basis functions are
derived from the signal itself. This is the major advantage of this
procedure. Therefore the analysis is adaptive, in contrast to the
traditional methods where the basis functions are fixed. Though in
eigen analysis, the basis functions are derived from the signal, the
method cannot be used for nonstationary signals. Since a majority
of biological signals are nonlinear and nonstationary, this method
could be effective (for e.g. electrogastrogram [13]).

4. EXPERIMENTS

We conducted gait recognition experiments on a database com-
piled by the Motor Control and Rehabilitation Research Labora-
tory at Arizona State University [14]. The database consists of
kinematic signals of five participants with five sets of trials for each
participant. The kinematic signals consisted of the(x, y, z) time-
series of a set of fifteen markers that were placed on the participant
(Marker locations shown in figure 1). The data was collected at a
rate of 120 Hz.
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Fig. 1. Marker locations used for data capture

One gait cycle (series of events that occur between a right heel
strike to a right heel strike or its left counterpart) of raw data (with-
out any filtering) was used for our recognition experiments. The
trajectory of only one marker was used for recognition (y-axis dis-
placement of the 14th marker). The trajectory of one gait cycle is
shown in the top most subplot in the figure 2. It shows the y-axis
(vertical) displacement of the 14th marker.

4.1. Decomposition into IMFs

Each of these kinematic signals were decomposed into their re-
spective IMFs using thesifting procedure. Since different peo-
ple walk with different speeds, and also, each person walks with
slightly different speeds for each gait cycle, we need to normal-
ize the gait cycles to a specific length. We achieve this by using
dynamic time warping [15]. We then perform empirical mode de-
composition as described in the section 3.1.

5. RESULTS AND DISCUSSION

The intrinsic mode functions resulting from the empirical mode
decomposition of the gait trajectories are shown in the figure 2
(the second subplot to the last one are the IMFs). Careful observa-
tion of these IMFs for different participants revealed two important
facts.

1. The last IMF is similar in all participants and is large in mag-
nitude. 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 de-
viation is not significant between different subjects and dif-
ferent trials of each subject.
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Fig. 2. IMFs of participants 7 and 8

2. The first IMF is different for different participants and dif-
ferent for different trials of the same participant. Figure 4
shows the correlation between different first IMFs. As we
can see, the correlation between different trials of the same
participant and between different participants is nearly same.
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Fig. 3. Similarity between different Last IMFs

Since the largest component of the kinematic signal is common for
all participants, distinguishing between them is difficult. Hence,
that component has to be discarded when differences between par-
ticipants’ gait is to be determined. Also, the first component ap-
pears random and does not add any information as far as distin-
guishing between different people is concerned. Hence that com-
ponent was also discarded. The rest of the components were added
together and their fourier transform is taken to serve as the FV.

The length of the FV we used for recognition was 100. We used
a single hidden layer MLP for classification of these FVs. Dif-
ferent number of neurons in the hidden layer and the decay rate
were determined by experimenting. Figure 5 shows the CCR for
different number of neurons (y - axis, representing [100 150 200

Fig. 4. Similarity between different First IMFs

Fig. 5. CCR with respect to the number of neurons in the hidden
layer and the decay rate.

250 300 350] neurons) in the hidden layer and the decay rate (x -
axis, representing decay rates of [0.01 0.03 0.05 0.07 0.08 1.0]).
Cross validation scheme with leave one out strategy was used in
our experiments. Using this figure, we selected 250 neurons in the
hidden layer and a decay rate of 0.03. We obtained a best aver-
age correct classification rate of 96% using our FV. Comparative
results with a few other FVs (with the same neural network con-
figuration) are shown in table 1. Using only the sum of the IMFs
(without the first and the last IMF) as the FV gives a CCR of 92%.
Classifying the trajectoryas isgives a 20% CCR (chance percent-
age), where as using the FFT of the trajectory as the FV (similar
to the one used in [5]) gives a CCR of 64%. Though the sample
size of five participants is very small, we are optimistic about the
recognition capability of this technique because we used only the
y-axis of a single marker to get this recognition rate. We believe,
that using trajectories of multiple markers and using y-z coordi-
nates instead of only y coordinates would allow us to extend this
technique for large databases.



1 2 3 4 5 Avg 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 different
FVs and Average CCR for different FVs

1 2 3 4 5 Avg CCR
Case 1 100 80 100 100 100 96
Case 2 100 60 100 100 100 92
Case 3 100 80 100 100 100 96

Table 2. Algorithm performance in the presence of noise

For gait recognition in real world, the trajectories need to be
extracted from conventional 2D video. A question arises on how
the proposed algorithm will perform in such a scenario, as no mat-
ter how good the tracking algorithm is, the trajectories extracted
using it will be more noisy when compared to motion-captured
trajectories. So, we simulated that condition by adding noise to
the trajectory sequences and evaluated the performance of the al-
gorithm. We added gaussian noise withη equal to 10% of the
standard deviation of the FV andµ equal to the mean of the FV.
We tested the algorithm with three scenarios; Case (1) No noise
was added to both training and testing sequences, Case (2) noise
was added only to test sequences and Case (3) noise was added to
both training and testing sequences. The results of the test are tab-
ulated in table 2. As we can see, the performance of the algorithm
is not deteriorated in the presence of noise. Hence, we believe, the
proposed algorithm can be used with real world video where the
trajectories are obtained using off the shelf tracking video.

6. CONCLUSIONS

We proposed a novel algorithm for gait recognition in this pa-
per. We found that EMD is extremely suitable for this purpose
and provides great insights into the nature of gait. The algorithm
also performs well in the presence of noise, because of which, it
is applicable for real-world data. We used the trajectory in only
one direction, of only one marker. The results of this method are
extremely encouraging and motivates us to further analyze IMFs
for recognition. However, the robustness of the method on large
databases is yet to be evaluated. Our future work will include us-
ing data from multiple markers and automatically generating tra-
jectories from 2D video. We are also building a gait database for
testing our algorithm on a larger number of gait patterns [16].
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