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Abstract: In this paper, we propose an algorithm for the estimation of exercise rate during a variety of exercises by
using measurements from triaxial accelerometry. The algorithm involves the detection of the periodicity of the
body’s accelerations, and the detected periods are then fused to form an estimate of exercise rate. Experimental
results demonstrate that the algorithm is effective in different modes of exercise. The proposed algorithm
will be useful in monitoring training exercises for healthy individuals and rehabilitation exercises for cardiac
patients.

1 INTRODUCTION ing and paddle rate in cycling. The algorithm is uni-
versal in the sense that it is capable of estimating the
) . ) rate regardless of the mode of exercise, and the lo-
Measuring an exerciser's body movements provides cation of the TA is fixed no matter what exercise is
a simple and direct way for monitoring and quanti- being performed. The algorithm contains two main
fying the intensity of the exercise that is being per- hars: the first part is to detect the periodicities of the
formed. Accelerometry,_m this respect, gives a con- T measurements, and the second part of the algo-
venient mean of measuring the body’s movements, asyjthm is to estimate the exercise rate through the use of
well as identifying and classifying movements per- g3 fusion techniques. The proposed algorithm can
formed by an exerciser. In particular, portable tri- pe anpjied to exercise monitoring in athletics training,

axial accelerometers (TA) are commonly employed qnitoring activities of the elderly, and rehabilitation
(see, e.g., (Chen and Sun, 1997; Kim and Kim, 2008; program for the cardiac patients.

Karantonis et al., 2006; Tanaka et al., 2007; Asano
et al., 2005)). By analyzing the TA measurements,
the rate of exercise or activity being performed can
be determined. In turn, the exercise rate provides a2 METHODS
measure of exercise intensity which is then useful for
exercise monitoring. 2.1 Equipment
The objective of this paper is to propose an algo-
rithm for determining the rate of an exercise using a In this study, the TA for measuring the body acceler-
wearable TA. In this study, the exercise rate is termed ations during an exercise is a wireless, single, waist-
as the fundamental periodicity or frequency of the lo- mounted unit, and it measures accelerations in three
comotion of an exercise, e.g., the stride rate in walk- axes. The sampling rate of the measurements is 50Hz
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per channel. The location of the TA is fixed and or equal to the fundamental period of the sigral

always mounted on the right-hand-side of the waist the AMDF (1) will form a dip or a strong local min-

of an exerciser. The measurements from the TA areimum. The AMDF method simply requires one to

transmitted using a Bluetooth class 1 radio that gives search for the lowest dip within a given range of lags

a typical radio range of 100 meters and 30 meters in D := [dmin,dmax]. Therefore an estimate of the period

outdoor and indoor environments respectively. The of the signal is given by:

sampling rate of the measurements is 50Hz per chan- T=dxTs )

nel. To remove any abnormal noise spikes produced

by the TA, the raw signals are first median-filtered < .

with a 5-second window. Next, the signals are filtered d:= Q;'S{Q(d>} ’

by a low-pass filter with a cutoff frequency 20Hz for and Ts is the sampling period of the discrete signal

removing any high-frequency noises. %. Since the above search may result in the so-
called sub-harmonic errors (see e.g., (de Cheveigne

2.2 Exercise Rate Estimation and Kawahara, 2002)). These error create undesir-
able spikes in the period estimates. Therefore, to im-

To detect the exercise rate, we first estimate the funda-prove the reliability of the estimates, a causal median-

mental frequency of each acceleration measuremenffilter with window lengthL is employed for removing

from the TA. Next, the information of the funda- spikes in the period estimates.

mental frequencies or periodicities of the acceleration :

measurements are fused together using the Kalman?-2-2 DataFusion

filtering technique.

where

The above procedure allows us to estimate the fun-
2.21 Fundamental Frequency Estimation damental periods of 3 acceleration measurements,
namelyty(t), Ty(t), andt,(t) at time instant. Us-
The problem of estimating the fundamental frequency N9 the information of these periods and the data fu-
of a signal is actively studied in the field of speech Siontechnique (Halland Llinas, 1997; Smyth and Wu,
processing. Fundamental frequency, or pitch, de- 2007; Tan et al., 2008), an exercise period) (i.e.,
tection is important for measuring prosodic fea- the inverse of the exercise rate) is to be estlma_ted.
tures in speech for speech recognition and enhanceH€re we have one TA unit mounted on the waist,
ment (Hess, 1983). For these reasons, there are apgt_ it measures accelerationsin 3 dlffgren_tdlrecthns,
number of pitch detection algorithms (PDA) reported 9iVing us 3 measurements for extract|_ng information
in the literature (see, e.g. (Ross et al., 1974; Rabiner@bout the body movement of an exerciser.
etal., 1976; Rabiner and Schafer, 1978; de Cheveigne N order to perform data fusion for estimating
and Kawahara, 2002)). One of the most widely used the exercise period (-), we consider the following
methods for detecting pitch or fundamental frequency discrete-time fusion model
is to use the average magnitude difference function ~T(k+1)=T(k)+w(k) fork=0,1,2,...

(AMDF) (Ross et al., 1974). ya(K) T (K)
Alternate approaches to estimating the frequency y(k) = |y2K) | = [1y(k)

of signals are also proposed in other engineering com- ya(k) T2(K)

munities. For instance, in control society, the ex- - 3)

tended Kalman filtering (EKF) technique is used for 1 Vx(K)

estimating the frequency of the fundamental compo- = 1| T(K)+ [w(k)

nent as well as the amplitudes and phases of thenfirst 11 vz(K)

harmonic components (Parker and Anderson, 1990).
However, such a technique requires a large amount of
computational efforts and it is undesirable in real-time
applications.

The AMDF of a discrete signat is defined by

- CT (k) +v(k),
whereT () € R is the exercise period to be estimated,;
y(-) € R® is the measurement vector consisting of the
noisy period measurementsg-), Ty(-) andt,(-) ob-
tained from Section 2.2.1w(-) is a fictitious model
1 N noise; andx(-), W (-) andv,(-) are the noises on the
a(d) = N Z|Xt(i) —X(i—d)] (1) period measurements. The noise procegse)}
i= and{v(k)} are assumed to be zero mean white Gaus-
where g(d) is the AMDF of lagd calculated at sian noise with covarianas,(k) and covariance ma-
time indext and N is the summation window size  trix R(k) respectively:
in terms of samples. When the labis very close E[v(kIV(j)T] = R(K)&(k— j), andE[v(k)w(j)] = O.
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Our goal is to estimatd (k) using the noisy pe- 15 ‘ ‘ ‘ ‘ ‘ e L s
riod measurementgk) via the Kalman filtering tech- 1
nigue (Simon, 2006).

Let T (k) be the estimate of (k) at time instank.
The Kalman filter for the fusion model (3) is given by
the following equations, which are computed for each

Period T (sec)

L L L L L L L
50 100 150 200 250 300 350

time stepk=1,2,...: ° Time (se0)
T(k) =T (k—1)+K(K) (y(k) —cT (k—1)) e ‘ ‘ ‘ ‘ [ Sbeaz g
KK =p (ke (cp (e +RK) g |
p (k) =p"(k—1)+ow(k— 1) 2
p*(k) = (1-K(Kjc)p~ (K) T

wherec:=[1 1 1T. The filter (4) is initialized as Ve w wm w Y ¥

+(0) = _ 2
fﬁ:lowsv -::I(?]) N TOWan ? 0) mE[gl;o bT(O)r)1 ]t nt Figure 1: Estimation of walking stride rate using a triax-
e covariance ofw(k)} is assumed to be consta ial accelerometer (at 2 exercise rates: 1.25 and 1.07 secs).
ow(k) = ow, and the covariance matriR(k) of the (Top) Subject 1, (Bottom) Subject 2.

measurement noisgk) is time-varying and defined

e follow the subject were recorded by the TA unit as described
(k) {0 fori # j in Section 2.1.

Rt =11 = i V( P Table 1 summaries the design parameters for the

ri(k) = exp(n|yi (k) —y(k)|), fori 7(513) proposed algorithm in the fundamental frequency de-

i fusi )
wheren > 0 andy{k) i= (y(K)). TheR(K) (5) tection and data fusion stages

allows us to pay less attention on any measurementTable 1: Design parameters for the exercise rate estimation

yi(k) that is far way from the meay(k). algorithm.
AMDF search range in seconds:
D = [0.5,4]
3 EXPERIMENTAL RESULTS Causal median filter window length:
L=5
An experimental study was performed to validate the Kalman filter parameters:
proposed estimation algorithm. Two experimental To=2,p*(0) =4,
subjects were requested to exercise on a treadmill and ow=0.01,n=10

a cycle ergometer. For each kind of exercise, two ex-

ercise rates, in terms of period in seconds, were spec- de rﬁsnﬂ:z{g dmtoFlgg:E)Sr ri_vzv’etlreapsrotEgSgSe?gsgtg?e
ified. To follow the specified exercise rates, the sub- P !

jects were instructed to exercise following the peri- estimates from the algorithm closely maich with the

odic audio beeps generated from a digital metronome specified exercise rates for both subjects and for all 2
(Intelli Digital IMT-202 Metronome). The subjects exercises. The algorithm was able to track the change

had been given a training session for them to famil- of exercise rate at the 3-minute mark and settled to the

iarize with the equipments and to get used to exercis- nevvorr?etecg]nier?r??;?r?akt)tktehs:ehg;itr;a;tzlgZ;F;?(r:ligg.rate of
ing at a specific rate given by the digital metronome.

We therefore assumed that the subjects could follow iubjezcrtsltgl;]r;r\\/%t?grzgs]tcliSngéger?so{S(:é/:Illzr;gjéeglssu t
the periodic audio beeps from the digital metronome PP 9

closely throughout the exercise, and the exercise ratesthIS Kind of fluctuations were not observed in other

exercise rate estimates. This is currently under inves-
were approximately equal to the frequencies of the SO . .
audio beeps from the digital metronome. tigation, it might due to the fact that Subject 1 did not

Each subject completed 2 sessions of walking and concentrate on following the demands from the digi-

cycling exercises. In each session, the subject was re- tal metronome during the cycling exercise in the first

quested to exercise on an equipment at 2 given rates 3 minutes or there is a sensitivity issue of the algo-
Sithm that may need to be resolved.

for 6 minutes continuously: first 3 minutes for one

fixed rate and the next 3 minutes for another fixed

rate. During the exercise, the body accelerations of
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Subject 1 (cycling)
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Figure 2: Estimation of cycling pedal rate using a triax-

ial accelerometer (at 2 exercise rates: 1.07 and 0.83 secs).

(Top) Subject 1, (Bottom) Subject 2.
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