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Abstract— This paper describes a framework for the analysis Some related work has been undertaken in order to
of accelerometer data as part of research undertaken in prepa- estimate changes in walking speed from trunk accelera-
ration for a clinical trial involving ambulatory monitoring of tions [3] . This biomechanical model assumed, however, that

elderly rehabilitation patients. In particular we examine the re- | ter devi Id b ted at th t f
sponse of side-mounted accelerometers to various gait patterns accelerometer devices cou € mounted at the centre o

and attempt to establish a relationship with a biomechanical mMass (COM) of the subject, typically just anterior to the
model for human gait. We explore the use of a linear predictive second sacral vertebra. A particular aspect of our clinical

(LP) model as a basis for identifying key harmonic frequencies trial however, is that accelerometers must be mounted on
in the accelerometer response signals and use these harmonicsthe side of the patient at waist level. This restriction has
to relate measured data back to harmonic predictions from the L - . . .
biomechanical model. peen enforced by c!|n|cal investigators at the trial hadpit
in order to allow patient comfort and freedom of movement
I. INTRODUCTION throughout the day and night as well as through an interest

Due to factors such as ageing populations and limitet monitoring stroke patients on their weaker side.
hospital resources, there is increasing pressure on beegth N this paper we present a framework for linking measured

systems to discharge patients in a timely fashion frorccelerometer signa!s Wi.th a biomechanical model for gait,

secondary care facilities. As a result of factors such a¥here the assumption is made that accelerations in the

these, there is an increasing emphasis on remote ways Wit are measured from the side. This model can then

monitoring patients who are at increased risks of events sufrovide a solid basis for more extensive work in estimating

as falls, syncope and cardiac arrhythmias [1], [2]. and undgrstandlng gait characteristics from measured wais
One of the areas that has thus received increasing attentifFelerations.

over the past decade is that of ambulatory monitoring via I

accelerometers [2], [3], [4], [5]. As a result of this incsaay i i )
usage, as well as recent advances in sensor and microproces."€ biomechanics of human movement is a complex

sor technology, devices that can monitor human movemeRi€nce and there is no limit to the complexity and number
are becoming smaller, more sensitive and able to last froff model parameters which can describe every aspect of
hours to days on a single charge. movement. The analysis of gait alone however, allows for

A range of different problems have been considered ifar more simplified models with greatly reduced parameter
relation to ambulatory monitoring via accelerometers. Th&®ts- o
use of the discrete wavelet transform (DWT) has been On€ area that has seen much recent work in gait models
investigated as a means of feature extraction to allowiagtiv iS_that of biometric gait analysis from video streams [8],

classification [5] into classes such as walking, runnind®l: [10]. In these applications, biomechanical gait medel
sitting, etc. Similar work has been done using adaptiv@re used to relate visual features extracted from video with

thresholding techniques [4], [6]. Another recent study hakotations and translations of parts of the body, such tighthi

considered methods for assessing body sway and stabilRy knee, over time. _ .
from raw accelerometer signals [7]. Recent studies such as these have confirmed earlier ob-

There has been limited work, however, in analysing the ré€rvations that many aspects of gait movement are in fact
lationship between accelerometer response signals torunfa!usoidal in nature. This fact provides an important basis
gait and a biomechanical gait model. A far more powerfuf®r the model presented in this paper.

_analysis of acce_lerometer response signals can be codduc_:ﬁ@ Modeling Waist Movement on One Side
if the relationship between them and changes in the spatio-
temporal state of human biomechanics is known.

. BIOMECHANICAL GAIT MODEL

For reasons outlined in Section I, we are interested in
modelling the way in which the waist, on one side, moves
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cycle commences with the left foot forward, with the left We also define the relationship between leg lerigtiwvaist
waist being modelled, we can summarise these four phasegith I, and phase time boundaries, j € {A, B,C, D} as:
as follows:

lo  17c—7B

A: In this phase the left leg is the stance leg and the right 8= P — (2)
leg is the swing leg. The right foot lifts off the ground L TBTTA
as the right knee flexes, moving the gait cycle intavhererc — 74 = Tp/2.
a single-support phase. During this period the waist This model response is shown for a single cycle of gait in

moves in a shallow arc, rising and then falling. Figure 2 where we have st = 7/12,1; = 1 andj3 = 1/3.
B: In this phase the right foot hits the ground so that for a

short period the gait cycle undergoes double-support. Model Response for Gait Cycle

In this period the left waist actually drops slightly. 1 ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘

C: In this phase the right leg now becomes the stance leg os
and the left leg the swing leg. The left foot now leaves = o
the ground moving the gait cycle back into single- = o
support. 0.96

D: In this final phase the left foot hits the ground, moving  esfa . ‘ . B ¢, ‘ . ™D
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the cycle back to double-support. Unlike the previous ’ time (t)

phase of double-support, the left waist stays roughly ) o o
g. 2. Example gait model for vertical displacement of waistaosingle

level during this phase before the \_NhOIe cycle repea ide during four phases of gaftA, B,C, D}. Cycle period is normalised
as the left leg switches back to being the stance legio 13, = 1 whereTy = 27 /wo.

An illustration of the parameters in this waist-movement
gait model, for a given point on the left wai$tv, , .}, iS
shown in Figure 1. Here we define the length of a subject'@n Use of Fourier series to determine theoretical Gait Har-
leg asly, the average point-of-contact angle between the .

forward leg and the vertical as;, and the distance between nes

the left and right hips a%. A Fourier series (FS) can be used to represent a periodic
function as a sum of sin and cosine basis functions. Given
that gait is clearly periodic in nature, we can thus represen

the waist movement functiow, (t) of period T, as:

Wy(t) = zap + Z (an, cos nwot + by sinnwet)  (3)
n=1

DO =

wherewy = 27/Ty anda,, andb, are the FS coefficients
derived as:

2 [To
ap = —/ wy (t) cos(nwot)dt
T Jo

2 [T
by, = —/ wy (t) sin(nwot)dt 4
Fig. 1. Biomechanical model for inferring primary waist movensastring T Jy )
gait when viewed from (i) the side, (ii) behind. Diagram dtrates the point ] ] ] ] ]
when left foot first hits the ground. Evaluating Equation 3 we can derive an approximation

uwy, (t) for the gait cycle response that is continuous over the
cycle interval. An example of this approximation is shown

For the purposes of this initial study we are particularI){n Figure 3 for a FS of ordet0

interested in thevertical waist movement during gait. Given
the model parameters described, we can derive a model for Gait-model cycle derived from Fourier Series
vertical waist movement, (t) during the four phases of gait ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘

cycle as:

Iy cos(wy(t —Ta) — Ps) te A
m — lg cos(wa(t — 75) — @s) teB
wy(t) = 1
y( ) l Cos(w1 (t - TC) - ¢S) : tec ( ) 9%, o1 0z 03 oa 05 o6 o7 08 09 1
1y cos(¢s) teD time (t)
wherem = (h + 12) oS dg, w1 = 2¢s/(TB . TA), Wy = Fig. 3. Fourier series approximation (N=10) to vertical waivement

during gait cycle.
2¢s/(TC — TB).



Given the FS for the gait cycle, we can then estimate th@herec,, is the k*" predictor coefficientp is the number of
magnitude of the discrete frequency spectrum for gait fromrevious samples used in the prediction, &hi an arbitrary

the FS coefficients,,, b,, as: gain factor. The predictor coefficients are estimated frben t
0o input signal, in our case, by a standard recursive procedure
| X (jw)| = 27 Z 6w — nwo)\/m (5) known asLevinson-Durbin recursion.
n=1 Taking the standard -transform, we can then express the
Using Equation 5 we can thus calculate the theoretical ifP€Ctral shaping filtef/(z) for this system as:
tensities for the fundamental frequenecy and»** harmon- G
ics nwy. These are shown in Figure 4 for the fundamental H(z) = 1_ Zk Lcnzk Q)
p=1Ck

and first four harmonic frequencies.

where z is defined as/“” for frequencyw and sampling
frequency1/T. Thus the frequency response for a given
] input signal can be estimated from the linear prediction

coefficients for that signal.
°f I T 1 ' C. Deriving Harmonic Frequencies from LP Spectrum
’ “0 Zwo Bwo dwo  Swo The LP spectrum is particularly attractive over the Diseret
Frequency . . . .
Fourier Transform (DFT) derived spectrum in that it can
Fig. 4. Relative magnitudes for theoretical fundamental aadnionic cIearIy highlight the key spectral components, or harmanic
f ts duri it cycle. . . . ! .
requency components during gart cycie of the input signal. This property of the LP spectrum is
shown in Figure 5. Here the DC component of the signal
is removed before LP coefficients are calculated.

Frequency response fap,, (t)

Discrete Harmonics for Theoretical Gait-cycle Model

Ill. RELATIONSHIP BETWEEN GAIT MODEL AND
ACCELEROMETER OUTPUTS

The goal of the work presented in this paper is to be able to
determine the relationship between the response sigmas fr
a waist mounted accelerometer and a simple biomechanical
model for gait. We propose that by finding key harmonic
frequencies from the measured data, we have a means to
relate this data back to the harmonic predictions from the
gait model.

Gain (dB)

A. Obtaining Accelerometer Gait Data T T T S I T

Frequency (Hz)
As Pa.rt of O.btammg grognd-truth data before commencin ig. 5. Comparison of LPC and DFT spectrums for the verticé-ax
our clinical trial, we obtained accelerometer data from 1Qccelerometer signal during typical gait.
subjects between the ages of 20 and 60. All subjects wore
a small, two-axis accelerometer, which was worn at waist
height in a flexible elastic belt. As with the requirements In the graphs shown in Figure 6 we can clearly see the
for the clinical trial, the device was worn to the side in thedominant harmonic representing the step frequency (i.e. tw
sagittal plane such that one axis measured along the Jerti®€eps per gait cycle) &tw.

axis and the other along the anterior/posterior axis.

Subjects we asked to walk for several minutes in periods Subject 1 . » Subject 2 .
of normal, fast and slow/stilted walking. For the purposes o ,, L 0 |- st
analysis in this paper, the boundaries between the differen @ @
classes of gait (normal, fast, slow) were extracted mayuall B £,
for each subject’s data. o o

-10 -10

B. Linear Predictive Model 20 20
0 1 2 3 4 5 0 1 2 3 4
Frequency (Hz) Frequency (Hz)

In order to extract key harmonic information from the
a.CceleromeFer_ signals, we propose the gse of a LP mOdﬁb. 6. Comparison of LP spectrum afy (¢) over various walking speeds
Linear prediction works on the assumption that the futureormal, fast, slow) from two different subjects. Locatidasthe dominant
value of a signal can be predicted from a linear function oftep frequencies can be seen clearly at approximately
previous samples. This can be represented mathematically

for samplen of signalx as: It can be shown that we can calculate the harmonic
» frequencies from the LP spectrum by treating the LP co-

£n] = G+chz[n— k] (6) efficients ¢, as coefficients of a polynomial of the form

P cor? + c1zP~! + ... + ¢p_12 + ¢, and finding the roots



of this polynomial. For the complex root valug we can

Measured Harmonics from Test Subjects during Normal Gait

then calculate the harmonic frequengyfrom the angle of g”* ' 10
the root as: (r)F £ % |
arg\r; 5 O i
fi= TR ®) '% e -
271' 0 w( w( w( w()
WhereFS |S the Sampllng frequency for the orlglnal data' = F’redicted Harmonics from TheoreticaI‘Gait Model (‘SM) .

A comparison of the first four harmonic frequencies Bt i 1@
{f1, f2, f3, fa} derived from the LP coefficients is shown in £ 1
Figure 7 for the three classes of gait we measured. Basec® Z T ! ? ’
on the LP harmonics we see that excellent discrimination wo 2o RS S0
between the classes is exhibited " Predicted Harmonics from Theoretical Gait Model (COM)

. @157 ‘ : ‘ : : I
f1Vv f2 fa Vv fa = 10} : .
25 5 ‘=
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s ‘*1'2: . o Fig. 8. (i) Box-whisker plot of measured harmonics from acaeteeter

’ : data during normal walking, compared with (ii) predicted darmonics
2 from gait model for side mounted (SM) device, and (iii) preditharmonics
) 05 1 15 135 25 3 4 for device worn at centre of mass (COMMollow circles represent values
f1 (Hz) f3 (Hz) of -300dB, but were set to 0dB for clarity.)

Fig. 7. Comparison of first four harmonic frequencies from 1Bjects
walking at various speeds (normal, fast, slow). A 10secrgidvindow was
used to extract LP coefficients.

D. Comparing Theoretical and Measured Harmonics

In order to assess the suitability of the side-mounted (SM
gait model we proposed in Section Il, we can compar
the harmonic signature for the observed and predicted gait
harmonics. It should be noted, that whilst the gait model
predicts positional changes and the measured data ingicat&’
acceleration changes, the harmonics should still be the sam

in both domains.

This comparison is shown in Figure 8 for both our
proposed side-mounted (SM) gait model as well as the centrg

of mass (COM) model as outlined in [3].
IV. DISCUSSION ANDFUTURE WORK

From the comparison diagram in Figure 8 we can see that
the harmonic signature from the measurement data, shown
as a box-whisker plot, corresponds well with the predicteom
harmonics for the side-mounted gait model. This contrasts
with the COM model, where the predicted harmonics clearlyis]
don't describe the observations which happen when a device

is side-mounted.

As a result of this study, we believe that our current
? pp. 285-288, 2002.

gait model provides a good representation of the type

asymmetrical accelerations which happen when a device i
mounted to one side. We also believe that the use of the
LP spectrum is a good technique for extracting key spectrdl]

information from measured acceleration data.
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Ultimately the goal of our research will be to use the

relationship between the measurement data LP coefficignts

and the gait model FS coefficients, b,, to estimate model

parameters such as andg from the measured data. Future

work will also investigate ways to extend the gait model

to describe more closely the gait characteristics of ejderl

rehabilitation patients.



