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ABSTRACT

Human recognition using gait features in predominantly
frontal-normal motion has been described in this
paper.Compared to current methods for gait identification,
this allows convenient combination of other biometrics using
a single camera. We analyse how this motion yields more
dynamic information, allowing us to characterise gait in a
new way, using nonlinear dynamics of time series normally
used in chaos theory. Using chaotic measures to identify
humans by their gait is a significant precedent.

Phase-space analysis of trajectories of a set of Moving
Light Displays (MLDs) provides sufficient information for
identification of people by their gait.

A number of experiments has been set up to demonstrate
the viability of this approach which contribute to the
relatively unexplored area of fusion of face with gait. This
provides a more robust identification scheme.

1. INTRODUCTION

We use our five senses to recognize objects around us. Our
senses cannot directly detect time but time, as part of motion,
brings an extra dimension to recognition. In Johansson's [1]
experiments, a set of lights attached to a human in a dark
room has no meaning by itself when stationary. However
when these lights move due to human movement, they are
easily identified as a human walking, by virtue of the cadence
and position of these Moving Light Display (MLDs).

Today’s widespread availability of low cost web cameras
(webcams) allows us to easily use spatial information with a
temporal dimension for various computing tasks in
recognition. It is natural to use other biometrics which exist in
the video - for example face features, to improve recognition
rates.

1.1 Gait History

Gait as a biometric, has desirable properties. It is capable of
being used at long distances, is non-intrusive, non-invasive,
and is hard to disguise. A recent survey on gait[2] divided up
the main approaches on gait into model based and model free.
Model free approaches look for changing features in the video
frames without considering the object. In the Model based
approaches assume that the image of the 3D human is
projected onto a 2D image. This constrains the type of motion
and allows us to find the parameters for the type of
movement. In this way, the movement of body part may be
dynamically analysed.

The motion of the MLDs create a time series of point
coordinates. In doing so, we may create a phase space and use
the appropriate methods to analyze the motion. However,
much of the work in this area, as applied to human action
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analysis, focuses on motion recognition. Thus they do not
attempt to distinguish motion between individuals, but rather
identify a motion among several for an individual.

In the work by Campbell and Bobick[3], phase space
is employed to characterize body movements using a
matching criterion to identify the motion. Moeslund and
Granum[4] use an Analysis-by-Synthesis approach, employing
phase space to describe the motion of the model. This space
is reduced by kinematics and geometric constraints
corresponding to movement and placement of the body parts.

1.2 Chaotic biological movement

Attempts at describing human activity described by ECG and
EEG signals show that these signals only have the appearance
of periodicity. Recent attempts at analysing these signals use
various nonlinear techniques. One method is that of using
deterministic chaos. One view of chaos is that some
seemingly simple motion is the result of the interaction of
complex systems. This was described by Van Emmerik et
al.[5] in a tutorial overview. West and Scafetta[6] analyze the
stride length of humans which have been shown to be slightly
multifractal which can be modelled using nonlinear
oscillators. Dingwell and Cusumano[7] attempt to quantify
local dynamic stability of human walking to identify subjects
who were prone to falling. This was done using chaotic
measures.

The concept of phase-space analysis of chaotic systems is
extended here to enable joint analysis of a number of motion
trajectories at the same time. The trajectories specify motion
of a number of MLDs during a short distance walk. We can
thus characterize their behaviour in a compact way.

1.3 Other common biometrics

Face Recognition (FR) technology is a relatively mature field.
The FERET methodology[8] is an attempt to standardize the
rating of FR algorithms. It supplies a standard set of faces
taken under fairly unconstrained conditions. It also provides
abaseline PCA algorithm. We will use PCA based technology
for Face detection and recognition as a vehicle to demonstrate
the usefulness of frontal normal gait. In our system, we use
the measure of gait to simply preselect suitable candidates for
face recognition.

2. ANALYTICAL REVIEW OF PRIOR WORK

In this section, we present the three main motivations for FN
gait analyses.

2.1 Space constraints

In the main, current gait recognition approaches analyse
walking which proceeds in a plane parallel to a camera, the
so-called fronto-parallel (FP) view. This gives the largest
variation in silhouette from which the time series data is
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obtained for analysis. From a far distance, this is
advantageous. Motion from a plane perpendicular to this, the
fronto-normal view (FN), is considered as a special case.

But very commonly, people are made to queue up to
access a facility. In a corridor like structure, we assume that

a subject will be approaching a camera. L5m

Front camera

LK

=

8 steps ~ 5.6 m

12 steps~

8.5m 8.5m

m Side camera Front cameraﬁ

Fig. 1. FP vs FP - dimensions

Depending on the type of analysis need, in a FP walk, at least
two cycles or four steps are needed. For more robust
estimation of the period of walking, twice that distance is
needed. This translates to the need to adequately capture
enough walking cycles. For example, if a person were to walk
about 0.7 m per step, to apture a movement of 8 steps would
be about 5.6 m. However because of the focal length of the
camera, the camera distance required to capture this
movement is about 8.5 m. Practically, it is difficult to have
such a wide uncluttered space, when we desire to measure a
person’s gait as many people and objects will be present.

In a FN walk, we can still use the 8.5 meters, but this
time, we cover twelve steps and we only need a corridor-like
structure, the width being about that of a human body. A
considerable amount of space is saved. This is illustrated in
Fig 1.

2.2 Combination of biometrics

Several combinations of biometrics have been tried. For
example, face and speech, face and iris and so on. Face with
gait has been relatively unexplored, and these have used
mainly the FP approach[9][10]. However, in using this
approach, Zhou and Bhanu[11] use a profile view of a face
with gait in order to use one camera at 3.3 m from the subject.
The work by Bazin[12] includes the ear and footfall as
biometrics. In most cases, two cameras are needed. The
problems of alignment and synchronisation are significant.
Single camera or monocular capture of video is preferred even
if less data is obtained.

Table 1 Table of the types of biometric combinations
possible with the two views of gait in a monocular set up

Biometric FP (side view) FN
Face Not reliable Frontal - well
researched
Gait Good segmentation Difficult to process
strong periodicity Can use nonlinear
Iris Not possible Near distance use
Ear Not sure of usefulness  [dubious use
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From Table 1, we sce that the FN view allows one to use face
and iris together with gait for a robust recognition system. But
the FN view is challenging, having to compensate for the
looming effect.

2.3 Use of nonlinear analyses for gait

In fronto-parallel movement, the motions of the arms and feet
are described by articulated joints which undergo sinusoidal
motion. Thus we use such terms as pendulums and cycloids
to describe motion. Model based FP gait analyses attempt to
derive periodic information from these motions.

Model free approaches use the silhouette of a walker. As
we can see later, the periodic component is dominant. In fact,
the only other kind of temporal analyses have been of the
AutoRegressive (AR) type as done by Veeraghavan et al. [13]
Nonperiodic analyses are capable of giving new insights into
temporal data. In summary, the advantages of the monocular
FN non-silhouette approach are:

i) Smaller physical space needed.
ii) Ease of combining other biometrics.
iii) Non-periodic motion analysis

3. INITIAL TRACKING EXPERIMENTS

In FN gait recognition, we use feature points that have more
motion in the image plane. This would be the hands, feet and
knees, for a FP walk. For a FN walk this is also true, although
the motions are smaller in magnitude. For the two kinds of
walk, the coloured marker set up is shown in Fig. 2.

Fig. 2. Marker designations

The marker designations are: lh/rh - left/right hand, [f/rf -
left/right foot, and [lk/rk - left/right knee. There are two
additional discs of the same colour which are attached to the
waist and neck. They are used for distance normalization, due
to the looming effect of a FN walk. They are: tm/bm, the
top/bottom markers. The markers are tracked using the
CAMSHIFT[14] algorithm. The normalized plots for FP and
FN walks are shown in Fig. 3 and Fig. 4 respectively.
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Fig. 3. Plot of normalized FP  Fig. 4. Plot of normalized
walk FN walk

Next, the autocorrelation plot in Fig. 5 shows the strong
periodicity in movement, especially in the x-axis which
swamps out the “non-periodic” signal in the y-axis.

In contrast, the autocorrelation plot for FN gait in Fig. 6
does not show any periodicity in any of the twelve marker
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trajectories. This is an indicator of nonlinear dynamics or
chaotic behaviour. However, it is interesting to note that the
motion of a FN walk silhouette is periodic[15].

Fronto-parallel Autocorrelation Plot - t
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Fig. 5. Autocorrelation plots of left marker
trajectories - FP Left to Right

Fronto-normal Autocorrelation Plot - ti

y m "

¥ -auto con

X - sample # o
0 0 E

a0 o0
&0 600 2

3 8 8 5 88 3 8

0 0

o wo =0 o 10w 0 w0 = o 10 a0 w0 = o 10w

Fig. 6. Autocorrelation plot - Fronto-Normal (FN) walk

4. CHAOS MEASUREMENT

To test for chaotic behaviour, the scalar time series is
subjected to dynamical analysis which assumes that the time
series data X is generated by a vector valued process. The
actual state vectors describing this process may never be
known. But we can create a set of phase space vectors which
are topographically equivalent, and can be considered to be a
reconstruction of them. Takens[16] "method of delays" is an
established method for doing this. He also shows that if the
dimension of the phase space vectors m is larger than the
dimension of the chaotic attractor D, we can say that the
phase vectors embed the state vectors and,

m>2D+ 1

Thus the reconstructed trajectory of X is made up of several
phase space vectors as follows:

X =X X,. Xm]T where Xi is the state of the system at

sample /. Each row of X is a phase-space vector with a length
of the embedding dimension m. That is, for each X,
X=X, X, ppe Xy (motye ] Where T s the time lag.

This being for a time series x = {x,, X,,..., x,} with N points.
So X'is a M by m matrix, and we have M the number of phase
space vectors being N - (m - 1)T.

There are several ways to determine the parameters m and
7. For 7, the standard method is to take the time when the
autocorrelation plot first goes to zero. But we see that it never
reaches zero until the end of the walk, so we use the time
delayed mutual information measure as proposed by Fraser
and Swinney[17]. A sample plot is shown in Fig. 7 for one
person.

©2007 EURASIP

Mutual Information Plot - ti

ihy ihx thy e Wy [

8 8 s & * *
Axes 5 5 75 s 8
— TI| meer 1ol gz {7 tsomingz | 7{ wstminez | 7t tstmingz | )| g ming
¥ - mutual info|
. o os os o5 os
X - time delay s ¢ ¢ ¢
.
5 55 55 55 55
55
5 s s s
s . s m s ¢
45
3 N N ‘ !
35 35 35 35 4
R N s N s a5

i
o 1w o 1 2 o 1w 2 0o 1 2 0 1w 2 0 10 2

ty i iy o iy L

s s s s s s
s N 8 s s
15t i

T tstriingz {1l gminge | | M@ 1 pil rstringz | 7i| tstringz | 7i| - tstringz
65 s . 65 s 65
6 6 6 6

s
55 s 55 55 55

55
5 5 5 5
s N N 45 s s
4 45 . s s 4
35 4 s 38 35

ox
5
o 1 w0 1 2 o M 2 0o 1 2 0 1 2 o 1 2

Fig. 7. Mutual Information plots for the markers of one
person in a FN walk

The point at which the first minimum of the plot is taken to be
the best value for T which is 2 in this case, for all twelve
marker trajectories.

False Nearest Neighbour Plots - tI

Axes

Y -% false NN

X-vector
dimension

Time Delay

Fig. 8. False Nearest Neighbour plots for the markers
of one person in a FN walk

For m, we use the method of false nearest neighbours (FNN)
as proposed by Kennel et al[18] and shown in Fig.8. Taking
the average of all the largest values where the FNN goes to
zero, we find the nearest integer value to be six.

5. MEASURING CHAOS WITH LYAPUNOV
EXPONENTS

There are several measures of chaotic behaviour, the largest
Lyapunov exponent A, being the most useful and commonly
used. If the system equations generating the data is known, it
is quite straightforward to calculate it.

It describes how quickly trajectories approach or come
together, given different initial conditions. This comes directly
from a definition of chaos. Then A, is the mean exponential
rate of divergence of two initially close orbits from an initial
time ¢, to ¢, The divergence d,. between the j” set of points on
the two orbits is the Euclidean distance between them.

i d,
1 Elogz @)

1,71y k1 d(t, ,)

A=

1

One of the more recent methods to calculate A, was
formulated by Rosenstein[19] and independently, by
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Kantz[20]. This method is suitable for small and noisy data
sets. Assume a fixed samping time period Af and that at 7, the
sample number is i so that 7, - 7, = iAz. We substitute the
subscripted time ¢z, by its index i. Taking logarithms on both
sides of eqn.(1) , we have:
log, d (i) = X iAt+log,d(0) (1)
The initial separation log, d(0) is constant, so we have a
group of j =1 to M (phase space vectors) approximately
parallel lines for the sample number i. The main feature of this
method is that we average the log, d,(i) values for all j pairs of
sample point at each sample j. Then
(log, d @) /At = Aji + (log, d(0)) /At (2)
where <-> is average operator. We average further by fitting

a line using Least Squares to the “average line” of eqn. (2).
shown as the straight lines in Fig 9. Then A, is the slope of the

i Lyap exp tau/dim 3/8

1
Lyap 0.023057 2 Lyap 0.010574

ap 0.0054735

100 150

100

150

Lyap 00077797

Lyap 0.013747

Lyap 0016929

0 50 100 150 0 50 100 150

Iter # Iter #
Fig. 9. A, using Rosenstein's method for the trajectories
of the markers for a person

fitted lines. Fig. 9 is a plot for the twelve marker trajectories
of a person.We see that the data is mildly chaotic as A, is
positive.

6. RESULTS

We have videos of twelve subjects and we generate the table
of A, values for them. Another set is generated for three of the
twelve subjects. Because of the limited page size, we show

the table for three subjects and a second video taken of them
a few minutes later. These are s02/s02a, s03/s03a and

s10/s10a. The suffix ‘a' denotes the second video.
Table 2 A, VALUES

T2m5 s02 s02a s03 s03a s10 s10a
lhx 1.801 3.710 1.781 2.073 2.242 2.026
Ihy 3.726 4.853 2.506 3.572 2.614 1.770
rhx 3.629 2.633 4.016 3.811 2.975 2.582
rhy 3.869 3.333 4.431 3.027 2.962 2.230
Ifx 2.495 2.332 2.347 2.112 1.535 1.760
Ify 2.745 1.740 2.256 2.864 2.233 2.219
rfx 2.280 3.145 2.391 2.185 1.985 2.024
rfy 2.832 3.352 3.680 4.267 1.103 3.181
lkx 2710 2.490 1.988 1.882 2.308 1.644
Ixy 4.088 2.641 1.888 2.472 1912 2.450
rkx 3.395 3.361 2.505 2.173 1.561 1.293
rky 2.877 3.361 3.168 2.538 1.605 2.453

avg 3.037 3.079 2.746 2.748 2.086 2.136

var 0.67 0.76 084 0.74 0.56 048

©2007 EURASIP

746

A significant observation here is that the average A, of all the
A, for a person is relatively constant for the three subjects s02,
s03 and s10. To test this out, we vary T and m and for each
subject and calculate the average of the differences 624,

between each pair of subjects.

Table 3 A, values for various t,m

s02 502 s03 s03a s10 sl0a &7, |
T2m5[ 0.04 0.00 0.05 0.03
avg | 3.04 3.08 2.75 2.75 2.09 2.14
T2m6/| 0.01 0.07 0.15 0.11
avg | 2.98 299 264 257 1.86 2.01
T2m7| 0.04 0.07 0.06 0.07
avg | 291 287 250 242 1.75 1.82
T2m8| 0.03 0.15 0.09 0.12
avg | 2.72 275 232 217 1.61 1.70
T3m5| 0.04 0.03 0.07 0.05
avg | 2.80 2.76 232 235 1.74 1.81
T3m6| 0.10 0.10 0.78 0.44
avg | 3.12 3.02 2.65 2.55 2.04 2.83
T3m7| 0.12 0.11 0.11 0.11
avg | 241 230 1.76 1.65 1.17 1.28
T3m8| 0.14 0.13 0.21 0.17
avg | 2.10 1.96 1.46 132 0.84 1.05
T4m6| 0.02 0.01 0.18 0.10
avg | 2.10 2.09 136 1.35 094 1.12
T4m7| 0.03 0.24 0.25 0.24
avg | 1.67 1.69 1.12 0.88 0.59 0.84
T4m8| 0.15 0.22 0.28 0.25
avg | 131 1.47 0.89 0.66 0.35 0.63

We want the differences to be as small as possible, which is
true for t=2 and m=5, which is close to 6. Thus we receive
confirmation that the parameter values are valid.

We see that by measuring chaos in gait, we can
characterize a person’s walk. Now, other people can have
similar values of A,. We assume a normal distribution and
use a pooled covariance to compute the Bhattacharyya
distance between two classes i, j as a measure of statistical
separability.

B, =)0 b (22 (1) @)

+(1/2) In((Z,+Z)2/(Z] 2%

Table 4 Bhattacharyya Distance between classes

[s01 s02 s03 504 505 s06 s07 s08 s09 s10 sl si2

so/ 85T 11 2511 [22[27[ 3 [31[78]75] 5
502 36 [201[155[190[206] 56 [ 14 [324] 1 |51
503 6814362713 |6 [146]29] 2
504 31 [ 1 [45]111] 15 [185]51
505 | Ol 24222 41]29
506 1 [103[ 18 [175] 2 [45
507 487|115 14 [190] 53
508 15 [111[48 1
509 [ [BOl206] 10 [ 12
sl 119
sl 43
s12 [0}

By selecting the distances less than or equal to 1 to denote
classes being inseparable, we have the confusion matrix in
Table 5. This shows that 504, s06, s07 should be in one group,
another in s02, s/ and then 508,s12.

For our final experiment, we assume that the computed
value of A, preselects the group comprising s04, s06, s07.
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Table 5 Confusion Matrix

PREDICTED/ACTUAL in %
sO01 s02 s03 s04s05 s06 s07 s08 s09 s10 s11 s12

s01 [l
02 B0 50
503 100

s04 -

33 33

s05 -
s06 33 B8 33
s07 33 33|88

s08 50 50
509 100

s10 -

sl 50

50
s12 50 50

A, 2.583.042.752.322.412.342.312.672.872.093.032.69

7. COMBINING GAIT WITH FACE

Without preselection, the error in identification is quite high.
With gait, the identification rate improves by as much as 92%
as shown in Table 6. An example of correct identification is
shown in Fig.10.

Table 6 Error rates of video FR / with gait fusion

IPerson |[No. of [Frames [False id IError |Error/
frames [with fusion rate fusion

faces  [None  With
s04 181 90 23 3 0.26 (0.03
s06 125 23 21 4 091 (0.17
s07 124 60 40 3 0.67 | 0.05

2+ Face Region

I JL-OK -5.625 eps=24.54 sc=2074
#2jl_sh d=-3 823

#3 WY d=-3.815

#HT d=-205%

#5 WHC d--1896

#5 COK d=-1.202

#1ih ehd=_1 TIA

Fig. 10. Live face detect / recognition - correct id
8. CONCLUSIONS

Clinical studies on gait show that it is chaotic in nature.
Current approaches using the fronto-parallel view in the
analysis of motion does not capture this fact, but indicate that
the movement is grossly periodic.

The experiments we performed demonstrate that FN
analysis of gait shows chaotic motion more clearly and
allows us to use the largest Lyapunov Exponents to
characterize gait. This is a very important result which says
that the significant information for gait recognition lies within
the chaotic behaviour of the motion trajectories rather than the
cyclostationary parts. Future work will require a larger
database of subjects and markerless tracking. There will also
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be a need to see if other combinations of A, or with other
biometrics are useful as well.

The use of A, with face recognition shows promise as a
feature for classification. This paves the way for future work
in this direction.

REFERENCES

1. G. Johansson, “Visual Perception of Biological Motion and a
Model for its Analysis,” Perception & Psychophysics, vol.14,
no.2, pp.201-211, 1973.

2.T. Lee, S. Ranganath and S. Sanei, “Patterns in paces: a survey
of current approaches in gait recognition,” Proc. Asian Biometric
Workshop (ABW 2003), pp 421-425, Singapore, Nov. 2003.

3. L. Campbell and A. Bobick, “Recognition of Human Body
Motion using Phase Space Constraints,” Fifth International
Conference on Computer Vision, Cambridge, MA, 1995.

4. T.B. Moeslund and E. Granum, “3D Human Pose Estimation
using 2D data and an Alternate Phase Space Representation,”
Proc. HuMans 2000, Hilton Head Island, SC, 16™ June 2000.

5. R.E.A. van Emmerik, M.T. Rosenstein, W.J. McDermott and J.
Hamill, “Nonlinear Dynamical Approaches to Human
Movement,” Journal of Applied Biomechanics, vol.20, 2004.

6. B. J. West and N. Scafetta, “Nonlinear dynamical model of
human gait,” Physical Review E, vol.67,10.051917,2003.

7. J.B. Dingwell and J.P. Cusumano, “Nonlinear Time Series
Analysis of Normal and Pathological Human Walking,” Chaos,
vol.10, no.4, pp.848-863, 2000.

8. P. J. Phillips, H. Moon, S. A. Rizvi and P. J. Rauss, “The
FERET Evaluation Methodology for Face-Recognition
Algorithms,” IEEE Transactions on Pattern Analysis and
Machine Intelligence, vol.22, n0.10, October 2000.

9. G. Shakhnarovich, L.Lee and T. Darrel, “Integrated Face and
Gait Recognition with Multiple Views,” CVPR, 2001.

10. A. Kale, A. K. RoyChowdhury and R. Chellappa, “Fusion of
Gait and Face for Human Identification,” /CASSP, Montreal,
Canada, May 2004.

11. X. Zhou and B. Bhanu, “Feature Fusion for Face and Gait for
Human Recognition in Video,” International Conference on
Pattern Recognition, Hong Kong, Aug, 20-24, 2006.

12. A. 1. Bazin, On Probabilistic Methods for Object Description
and Classification,” PhD Thesis, University of Southampton, UK,
2006

13. A. Veeraraghavan, A. K. Roy-Chowdhury and R.Chellapa,
“Matching Shape Sequences in Video with Applications in
Human Movement Analysis,” IEEE Transactions on PAMI,
vol.27, no.12, pp.1896-1909, Dec 2005.

14. G. R. Bradski, “Computer video face tracking for use in a
perceptual user interface,” Intel Technology Journal, vol.Q2,
1998.

15. L. Wang, T. Tan, H. Ning and W. Hu, “Silhouette Analysis-
Based Gait Recognition for Human Identification,” /EEE
Transactions on PAMI, vol.25,no.12, pp.1505-1518, Dec 2003.

16. F. Takens, “Detecting strange attractors in turbulence,”
Lecture notes in Math, 898, 336, 1981

17. AM. Fraser and H.L. Swinney, “Independent coordinates for
strange attractors from mutual information,” Phys. Rev. A4, 33,
pp.1134-1140, 1986.

18. K.B. Kennel, R. Brown and H.D.I. Abarbanel, “Determining
embedding dimension for phase-space reconstruction using a
geometrical construction,” Phys. Rev. 4, vol.45, n0.3403, 1992.

19. M. T. Rosenstein, J. J. Collins and C. J. De Luca, “A practical
method for calculating largest Lyapunov exponents from small
data sets,” Physica D, vol. 65, pp.117, 1993.

20. H. Kantz, “A robust method to estimate the maximal
Lyapunov exponent of a time series,” Physics. Letters A, vol 185,
pp-77, 1994.

EUSIPCO, Poznan 2007



	MAIN MENU
	Front Matter
	Sessions
	Author Index

	Search
	Print
	View Full Page
	Zoom In
	Zoom Out
	Go To Previous Document
	Help

