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Abstract: A technique that can reliably monitor exercise in-

tensity plays an important role for the effectiveness and safety

of an exercise prescription. A universal algorithm for recursive

estimation of exercise rate during a variety of aerobic exercises

using measurements from a body-mounted triaxial accelerometer

(TA) is proposed. Information about the type of exercise is not

required by the algorithm and the TA can be mounted at the

same location regardless of the exercise type. The algorithm

involves period detection and data fusion. Experimental results

demonstrate that the algorithm is effective for common aerobic

exercises.

Introduction: Rhythmic aerobic exercises which involve large

muscle groups are recommended by the guidelines [1] when

designing cardiorespiratory exercise for healthy adults and car-

diac outpatients. By analyzing the measurements from a triaxial

accelerometer (TA), exercise rates can be obtained in theseexer-
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cises. Such a rate can provide a simple measure of exercise inten-

sity that is an important parameter in exercise prescriptions [1].

The purpose of this letter is to propose a universal, simple,

recursive algorithm for estimating exercise rate in a variety of

exercises using a wireless body-mounted TA. The algorithm is

universal in the sense that it is capable of estimating exercise rate

regardless of the type of exercise. Such a universal capability is

of importance for the safety of cardiac patients during rehabil-

itation exercise, as the guidelines [1] encourage the patients to

engage in multiple activities to promote total physical condition-

ing. To be universal, the termexercise rate (ER) characterizes

the fundamental frequency of the locomotion of an exercise.The

term describes including, the stride rate in walking or running,

pedal cadence in cycling, and stroke rate in rowing. The simple

and recursive nature of the proposed algorithm is particularly

useful in real-time applications, such as in cardiac pacing[2],

and in regulation of heart rate during an exercise [3] as ER

can be treated as a control variable in manipulating the exercise

intensity. The algorithm has a wide range of potential applica-

tions; it can be used for exercise monitoring in athletics training

and in rehabilitation program for the cardiac patients, andit can

also be used for monitoring activities of the elderly [4] andthe

obese [5].

A novel feature of the proposed algorithm is that no prior

information about the type of exercise and the location of the

TA is required by the algorithm; the algorithm involves the same

signal processing procedures. The TA can always be worn at

the same location irrespective of exercise type. For instances,

the algorithms proposed in [4], [6] were designed specifically
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for observing walking parameters and they can only track the

stride rate. For various types of activities, techniques calculating

the acceleration counts or the integral of acceleration signals

were introduced in, e.g., [5], [7], for the purpose of predicting

energy expenditure. However, these techniques cannot be used

for estimating ER, namely thefrequency of locomotion. Another

novelty of the proposed algorithm is that it fuses all the measure-

ments of a TA, giving a more robust and reliable ER estimate

from some degree of redundancy of measurements.

ER Estimation Algorithm: A method for detecting fundamental

frequency of a signal is to use the average magnitude difference

function (AMDF), see e.g. [8]. The AMDF of a discrete signal

xt is defined by:et(d) = (1/N)
∑N

i=1
|xt(i) − xt(i − d)|, where

et(d) is the AMDF of lag d calculated at time indext and

N is the summation window size in terms of samples. The

AMDF method requires one to search for a lagd̂ such thatd̂ :=

mindmin≤d≤dmax
{et(d)}. However, the technique may result in the

so-called subharmonic error [8]. Thus, we propose the following

search:q = max
{

j : et(d̂/j)/et(d̂) < β, for j = 1, 2, . . . , m
}

,

wherem := floor(d̂/dmin) andβ > 1 is a pre-defined threshold.

Then by usingq, we defined̃ := d̂/q and an estimate of the

period of the signalxt is given by τ = d̃ × Ts, where Ts

is the sampling period. To further improve the reliability of

the estimate, a causal median-filter with window lengthL is

employed for removing spikes in the period estimates, since

the above search may not completely remove the sub-harmonic

errors. The procedure detects the fundamental period for each

of the three acceleration measurements at time instantt. The

TA acceleration measurements are in fact the projections ofthe
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total body acceleration vectorat on thex, y andz axes. Hence,

we propose to obtain an extra period estimate by considering

the acceleration vectorat and the AMDF defined as follows:

et(d) = (1/N)
∑N

i=1
‖at(i) − at(i − d)‖1, where ‖ · ‖1 is the

1-norm of a vector.

The above procedure givesy(t) = [τx(t) τy(t) τz(t) τa(t)]
T

as the four fundamental period estimates at time instantt. Since

each period estimate contains some information about the ER,

we propose to estimate the ER (T (t)), in terms of period, through

the use of data fusion. Another advantage of using data fusion is

that reliability is improved due to some degree of redundancy of

the measurements. To perform data fusion, we consider the fu-

sion model: fork = 0, 1, 2, . . ., T (k+1) = T (k)+w(k); y(k) =

cT (k) + v(k); wherec = [1 1 1 1]T , T (·) is the ER to be esti-

mated;y = [y1 y2 y3 y4]
T is the vector of noisy period measure-

ments;w(·) is a fictitious model noise; andv = [vx vy vz va]
T

is the measurement noise vector. The noise processes{w(k)}

and{v(k)} are assumed to be zero mean white Gaussian noise

with covarianceσw(k) and covariance matrixR(k) respectively,

and E[v(k)w(j)] = 0. Our goal is to estimateT (k) by using

y(k) and the Kalman filter (KF). Let̂T (k) be the estimate of

T (k) at time k. The KF for the fusion model is given by: for

k = 1, 2, . . ., T̂ (k) = T̂ (k − 1) + K(k)
(

y(k) − cT̂ (k − 1)
)

;

K(k) = p−(k)cT
(

cp−(k)cT + R(k)
)−1

; p−(k) = p+(k − 1) +

σw(k−1); andp+(k) = (1−K(k)c)p−(k). The filter is initialized

by T̂ (0) = T0 and p+(0) = E[(T0 − T̂ (0))2]. The covariance

of {w(k)} is assumed to be constant, namelyσw(k) = σw,

and the matrixR(k) is time-varying and defined as follows:

for i 6= j, Ri,j(k) = 0; and for i = j, Ri,j(k) = ri(k) =
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exp (η|yi(k) − ȳ(k)|); whereη > 0 and ȳ(k) := median(y(k)).

The idea behind this choice ofR(k) is that whenyi(k) is very

different from the median̄y(k), indicating that this particular

measurementyi(k) may not be reliable, thenri(k) will be a

significantly large value to reflect this uncertainty. As a result,

the measurementyi(k) will only have a small contribution to the

filter equation.

The above proposedR(k) allows us to disregard any mea-

surementyi(k) that is far way fromȳ(k). However, it is based

on the assumption that̄y(k) is reliable. If ȳ(k) is unreliable,

we may wrongly think a measurement that is close toȳ(k)

reflects the actual value ofT (k). To avoid this, we propose

to compare the current̄y(k) with its previous values, and we

introduce the follow condition: for given thresholdγ > 0 and

previousρ values of ȳ, if |ȳ(k) − z(k)| > γ, where z(k) :=

median({ȳ(k − 1), ȳ(k − 2), . . . , ȳ(k − ρ)}), then we set the KF

gain asK(k) = 0.

Validation & Results: Four experimental subjects were requested

to exercise on a treadmill, a cycle ergometer, and a rowing ma-

chine at three specified ER’s. The algorithm was tested with the

four subjects each doing all three types of exercise. The TA for

measuring the body’s accelerations was a single wireless unit. No

matter the type of exercise, the TA was always mounted on the

right waist of the exerciser. The proposed algorithm calculated

the ER, in terms of period, every 2 seconds. The TA recorded

the body’s accelerations in separate channels with a sampling

frequency of 50 Hz. To remove noises, the raw signals were

median and low-pass filtered. A separate TA was employed to

determine the actual ER for validation. This second TA was for
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validation only and was strategically located depending onthe

type of exercise to maximally detect the ER. It was mounted on

the right shin of a subject during walking and cycling exercises,

and was mounted under the sliding seat during rowing exercise.

The signals from this second TA were manually analyzed to

extract the actual ER, and the rates calculated in this way were

treated as the reference ER. For the proposed algorithm, the

design parameters were chosen as follows: AMDF search range

dmin = 0.5 and dmax = 4 secs; threshold for period detection

β = 1.4; causal median filter window lengthL = 3; KF pa-

rametersσw = 0.05, η = 10, T0 = 1.5, p0 = 6.25; and outliers

detection parametersρ = 5, γ = 0.5.

Figure 1 shows the ER estimation results of a subject. The

results from all the subjects were analyzed using the limitsof

agreement analysis method [9]. Table I shows the bias, random

error, and limits of agreements in each type of exercise and

for all exercises. The overall bias and random error between

the estimated and reference ER’s were−0.008 secs and0.071

secs respectively, and the limits of agreement were0.063 secs

and−0.078 secs, demonstrating that there is a good agreement

between the two ER’s. Table I also shows that there is a strong

and significant correlation between the estimated and reference

ER’s (r > 0.954, P < 0.001).

Conclusion: A novel recursive algorithm for estimating the ER

by using a body-mounted TA was proposed. The algorithm is

universal in the sense that no prior information about the type

of exercise is needed. It has been experimentally validatedfor

estimating the ER’s in common aerobic exercises with the TA

mounted at the same location irrespective of exercise type.The
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algorithm can be applied to the on-line activity monitoringin

rehabilitation exercise for cardiac patients, and in training exer-

cise for the athletics, the elderly and the obese. Using the pro-

posed algorithm, an acoustically-paced exercise control system

is currently under development for the regulation of HR during

a variety of exercises, in order to improve the effectiveness and

safety of an exercise prescription.

Acknowledgment: This work was supported by the Australian

Research Council.

REFERENCES

[1] G. J. Balday, K. A. Berra, and L. A. Golding, inACSMs guidelines for exercise

testing and prescription, B. A. Franklin, Ed. Baltimore, Philadelphia: Lippincott

Williams & Wilkins, 2000.

[2] L. A. Geddes, N. E. Fearnot, and H. J. Smith, “The exercise-responsive cardiac

pacemaker,”IEEE Transactions on Biomedical Engineering, vol. BME-31, no. 12,

pp. 763–770, Dec 1984.

[3] T. M. Cheng, A. V. Savkin, B. G. Celler, S. W. Su, and L. Wang, “Nonlinear

modeling and control of human heart rate response during exercise with various

work load intensities,”IEEE Transactions on Biomedical Engineering, vol. 55,

no. 11, pp. 2499–2508, 2008.

[4] B. Dijkstra, W. Zijlstra, E. Scherder, and Y. Kamsma, “Detection of walking

periods and number of steps in older adults and patients withParkinson’s disease:

Accuracy of a pedometer and an accelerometry-based method,” Age and Ageing,

vol. 37, no. 4, pp. 436–441, 2008.

[5] C. Tanaka, S. Tanaka, J. Kawahara, and T. Midorikawa, “Triaxial accelerometry

for assessment of physical activity in young children,”Obesity, vol. 15, no. 5,

pp. 1233–1241, 2007.

[6] A. J. Wixted, D. V. Thiel, A. G. Hahn, C. J. Gore, D. B. Pyne,and D. A. James,

“Measurement of energy expenditure in elite athletes usingMEMS-based triaxial

accelerometers,”IEEE Sensors Journal, vol. 7, no. 4, pp. 481–488, 2007.

[7] D. Kim and H. Kim, “Estimation of activity energy expenditure based on activity

classification using multi-site triaxial accelerometry,”Electronics Letters, vol. 44,

no. 4, pp. 266– 267, 2008.



8

[8] A. de Cheveigne and H. Kawahara, “YIN, a fundamental frequency estimator for

speech and music,”Journal of the Acoustical Society of America, vol. 111, no. 4,

pp. 1917 – 30, 2002.

[9] G. Atkinson and A. M. Nevill, “Statistical methods for assessing measurement

error (reliability) in variables relevant to sports medicine,” Sports Medicine,

vol. 26, no. 4, pp. 217–238, 1998.

Authors’ affiliations:

T. M. Cheng, A. V. Savkin, B. G. Celler, and N. Wang are

with the School of Electrical Engineering and Telecommunica-

tions, the University of New South Wales, Sydney, NSW 2052,

Australia (T. M. Cheng, email:t.cheng@ieee.org).

S. W. Su is with the Faculty of Engineering, the University

of Technology, Sydney, NSW 2007, Australia.



9

L IST OF TABLES

I Results from the limits of agreement analysis of

pooled data from 4 subjects:r =correlation co-

efficient (P < 0.001), Bias=mean difference (in

sec), SD=standard deviation of difference (in sec),

Upper and Lower are the 95% confidence intervals

for the upper and lower limits of agreement (in sec),

respectively. . . . . . . . . . . . . . . . . . . . . . 10

L IST OF FIGURES

1 Estimated (solid) and reference (dots) ER of a sub-

ject: (a) walking; (b) cycling; (c) rowing. . . . . . 11



10

r Bias SD Upper Lower
Walking 0.993 −0.011 0.022 0.011 −0.034
Cycling 0.989 −0.011 0.030 0.020 −0.041
Rowing 0.954 −0.002 0.116 0.115 −0.118

All 0.995 −0.008 0.071 0.063 −0.078

TABLE I
RESULTS FROM THE LIMITS OF AGREEMENT ANALYSIS OF POOLED DATA FROM 4

SUBJECTS: r =CORRELATION COEFFICIENT(P < 0.001), BIAS=MEAN

DIFFERENCE(IN SEC), SD=STANDARD DEVIATION OF DIFFERENCE(IN SEC),
UPPER ANDLOWER ARE THE95% CONFIDENCE INTERVALS FOR THE UPPER AND

LOWER LIMITS OF AGREEMENT(IN SEC), RESPECTIVELY.
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Fig. 1. Estimated (solid) and reference (dots) ER of a subject: (a) walking; (b)
cycling; (c) rowing.


