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Abstract

This paper introduces a novel algorithm for estimating
energy expenditure during physical activity. The estimation
is based on acceleration data measured from a wrist-worn
accelerometer. Simultaneous measurements of acceleration
and oxygen consumption using a biaxial accelerometer and
a breath gas analyzer were made during four different ac-
tivities: walking, running, Nordic walking and bicycling.
A variance feature is used to compress the original accel-
eration signals. A linear mixed model is fitted to the data
to estimate oxygen consumption based on the acceleration
data. Lagged values of acceleration are used to take the de-
layed effect of physical activity on oxygen consumption into
consideration. The algorithm also uses information on the
height of the subjects. Oxygen consumption is estimated at
15-second intervals and energy expenditure is directly cal-
culated from the oxygen consumption. Based on the experi-
mental data gathered from 10 subjects, a new algorithm for
estimating energy expenditure is suggested. It is shown that
the method estimates energy expenditure very accurately. In
walking, running and Nordic walking the model underesti-
mates energy expenditure by 13, 2 and 9 percent, respec-
tively, and in bicycling energy expenditure is overestimated
by 7 percent. Thus, the new approach is a very promising
method for estimating energy expenditure.

1 Introduction

Daily physical activity is confirmed to have positive im-
pacts on health [1]. Therefore, development of objective
and reliable methods for accessing physical activity is very
important. Energy expenditure caused by physical activity
is commonly accepted as the standard reference of physical
activity in humans [6]. Energy expenditure can be reliably
measured from a person’s oxygen consumption. However,

measurement of oxygen consumption requires the use of a
breath gas analyzer (indirect calorimetry) and is therefore
impractical and not feasible under free-living conditions.

Research on modelling physical activity in different ac-
tivities based on acceleration data has expanded over the
past two decades [3], [10]. Measurements done with body-
mounted accelerometers are widely used in determining the
frequency and intensity of movements during physical ac-
tivity [2]. Estimation of energy expenditure based on accel-
eration measurements has become a widely discussed prob-
lem approached in various studies. However, widely ac-
cepted, precise and reliable methods for estimating physical
activity based on acceleration data have not been found.

Placement and orientation of body-mounted accelerom-
eters have been studied by several authors. Bouten et al [2]
concluded that the low back, near the centre of gravity, is
the optimal location for an accelerometer for estimating en-
ergy expenditure during level walking. Also others have
used this location, e.g. [8], [9], [12]. However, Mathie
et al [7] point out that waist-mounted accelerometers sig-
nificantly underestimate activity concentrated in the upper
body and the energy cost of walking on inclined surfaces.
Therefore, in some studies additional acceleration sensors
have been attached to other body parts [8].

In most of the previous studies, regression methods have
been applied to accelerometer counts and oxygen consump-
tion simultaneously measured to determine the relationship
between the two measures and to define an equation to pre-
dict energy expenditure from acceleration [10]. The ac-
celerometer counts are usually obtained by integrating the
accelerometer signal [4].

In this study a novel method for estimating energy ex-
penditure at 15-second intervals is suggested. Oxygen con-
sumption during four different activities is modelled based
on measurements from a biaxial accelerometer. The activi-
ties are walking, running, Nordic walking and bicycling. A
linear mixed model is fitted to the data comprised of acceler-



ation measurements and the heights of the subjects. Lagged
values of acceleration are also used to take the delayed ef-
fect of physical activity on oxygen consumption into con-
sideration. Energy expenditure is then directly calculated
from estimated oxygen consumption. The linear mixed
model was selected for use in this study because it offers
the possibility to provide each of the subjects with an indi-
vidual ground level of energy expenditure.

The accelerometer was placed on the subject’s left wrist.
This location was selected since it is an easy and comfort-
able location for the subject and does not disturb perfor-
mance of the activity. To further reduce inconvenience to
the subject, only one measurement device was used. In ad-
dition, this location is the most natural in that if estimated
energy consumption is shown on the display of an activ-
ity monitor, the user can easily follow the reading from the
wrist-worn monitor while performing the activity.

Unlike most of the previous studies, in this study a vari-
ance transformation of the acceleration signal is used in-
stead of the acceleration counts. To match the sampling fre-
quency of the acceleration measurements with the sampling
frequency of measurements of oxygen consumption, the ac-
celeration signal is compressed by calculating its variance
at 15-second intervals. The variance feature is assumed to
carry the most relevant information about the physical activ-
ity of the subject. Previously Hara et al [5] have presented
a similar method that uses the standard deviation of the ac-
celerometer signal to preprocess the raw signal to be used
in estimating energy expenditure.

Recently Rothney et al [8] have presented a similar ap-
proach for estimating min-by-min energy expenditure based
on features extracted from accelerometer data and subject
demographics. The data used in the study consisted of ac-
celeration measurements from a biaxial sensor attached to
the hip, whereas in our study a wrist-worn accelerometer
is used. The tests were made in a room calorimeter dur-
ing one day during which the subjects performed walking,
jogging, exercise bicycling, sedentary activities and normal
daily routines. Their method models energy expenditure us-
ing artificial neural networks. The results presented seem
promising, but as only the mean error of energy expendi-
ture during one day is given, it is difficult to evaluate the
accuracy of the estimate for shorter periods. In addition, no
details are given on the accuracy of estimation in different
activities separately.

2 Methods

2.1 Experimental Protocol

The data were collected from ten healthy subjects (eight
men and two women). The physical characteristics of the
participants are shown in Table 1. Weight of the participants

was measured using a digital scale and it was documented to
an accuracy of 1 kg. Height was measured in metres. Body
mass index (BMI) was calculated by dividing the body mass
(kg) of the subject by his/her height squared (m2).

The participants performed four different activities:
walking, running, Nordic walking and bicycling. The ac-
tivities were selected for this study because they consti-
tute a considerable proportion of the incidental exercise
performed in daily life; that is, the exercise we get doing
daily activities. In addition, these activities are suitable for
showing the functionality of the algorithm proposed in this
study, since they differ in the amount of movement of dif-
ferent body parts. In walking, running and Nordic walking,
both legs and arms perform a dynamic cyclic movement. In
Nordic walking the movement of the arms is even greater
and more intense than in walking and running. In bicycling,
however, only the legs move and the arms are mostly im-
mobile. The type of activity is of great concern since in this
study the acceleration data are received from a wrist-worn
accelerometer.

Each of the activities were performed for ten minutes.
Before the test period the subjects performed a warm-up for
five minutes in order to raise the level of oxygen consump-
tion before the actual testing period. In the case of walking
and running, warming-up consisted of walking, whereas for
bicycling also the warm-up was performed by bicycling.

The test was performed by travelling back and forth
along a predetermined route on flat ground. The distance
travelled depended on the speed individually chosen by the
participants. Midway through the testing period the subjects
turned back into the direction they came from. By travelling
in opposite directions the effects of circumstances caused
by the environment, such as air resistance and minor incli-
nation of the surface, were minimized.

Since oxygen consumption was used as a reference
method to estimate energy expenditure in different activi-
ties, the load of the physical exercise was kept at an aer-
obic level during the entire test. Therefore, the subjects
were asked to monitor their heart rate and keep it at least
20 beats/min below their maximum heart rate. Otherwise,
since controlling the intensity of the exercise can disturb
performance, the participants were advised to perform each
of the activities at an intensity individually suitable for
them. This makes the circumstances where the tests are
made more realistic, but at the same time also complicates
the modelling task.

Although all ten participants performed the four activi-
ties, the measurement data could not be received from all
the activities due to technical problems with the accelerom-
eter data logger. The bicycling data set contains measure-
ments from nine subjects, the walking and Nordic walking
data sets are comprised of seven tests and the running data
set is comprised of measurements from six participants.



Men (n=8) Women (n=2) All (n=10)

Age (years) 29.8± 4.7 (22-37) 24.5± 4.9 (21-28) 28.7± 4.9 (21-37)

Height (cm) 181± 5.6 (169-188) 164± 1.4 (163-165) 178± 8.8 (163-188)

Body mass (kg) 82.6± 13.1 (62-104) 56.5± 7.8 (51-62) 77.4± 16.2 (51-104)

BMI (kg/m2) 25.1± 3.4 (21.6-31.1) 21.0± 2.5 (19.2-22.8) 24.3± 3.5 (19.2-31.1)

Table 1. Physical characteristics of the subjects (mean, standard deviation, range)

2.2 Measurement of Energy Expenditure

Oxygen consumption VO2 (ml/min) of the subject was
measured during the exercise using indirect calorimetry.
Breath-by-breath data were collected using the Cosmed
K4b2 breath gas exchange measurement system (Cosmed
K4b2, Rome, Italy). The K4B2 is a light portable gas ana-
lyzer that uses a face mask.

Before each test the oxygen analyzer was calibrated in
the current air pressure, humidity and temperature. The
concentration of expiration gases was measured at intervals
of 15 seconds. The weight of the subject was taken into
account in modelling by dividing the values of oxygen con-
sumption by the weight of the subject. An example of an
oxygen consumption measurement VO2 / kg (ml/min/kg) is
shown in Figure 1.
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Figure 1. Oxygen consumption (ml/min/kg)

2.3 Measurement of Acceleration

The physical activity of the subject was measured using
a biaxial accelerometer worn on the left wrist. The mea-
suring device was composed of two 1-dimensional capaci-
tive accelerometers (VTI Technologies) positioned perpen-
dicular to each other. The sampling frequency of the ac-
celerometer was 100 Hz. The signal values received from
the accelerometer were recorded using separate data log-
gers. The unit of the signals was transformed to voltage
(V) using a capacitance-to-voltage converter. The accelera-
tion signals were preprocessed by replacing erroneous val-
ues falling outside the measurement range of the accelerom-
eter (0-3 V) by the mean of the signal values. Examples of
the acceleration measurements are shown in Figure 2.
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Figure 2. Measurement signals from the biax-
ial accelerometer. a) acceleration 1 b) accel-
eration 2

2.4 Data Preprocessing

Since the sampling frequency of the acceleration mea-
surements (100 Hz) was higher than the sampling frequency
of the measurements of expiration gases (1/15 Hz) the ac-
celeration data were preprocessed to match the frequencies.
The preprocessing consisted of transforming the original
acceleration signals with a variance feature. The variance
feature was calculated as the variance of the raw signal at
intervals of 15 seconds. Signal variance at intervals of equal
length was chosen as the way to represent the raw signal in
a more compact form since it naturally describes the inten-
sity of the acceleration signal, which was assumed to be
essential in modelling energy expenditure. Examples of the
variance-transformed acceleration signals are shown in Fig-
ure 3.

2.5 Linear Mixed Model

The oxygen consumption of the subject was modelled
using the linear mixed model, which is a very flexible
methodology well suited for modelling longitudinal data.
This type of model was chosen to solve the estimation prob-
lem, since it is very suitable for modelling time series data
containing repeated measures from several subjects. The re-
peated measurements are correlated with each other, which
has to be taken into account in the modelling.

Classical statistics assumes that observations are in-
dependent and identically distributed. The linear mixed
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Figure 3. Variance-transformations of raw ac-
celeration signals (1=black, 2=grey)

model, however, assumes two sources of variation: subject-
specific and population-specific. The vector of repeated
measurements of each subject is assumed to follow a linear
regression model where some of the regression parameters
are common for all the subjects, whereas other parameters
differ between subjects [11]. Therefore, the model offers
the possibility to provide each of the subjects with an indi-
vidual ground level of energy expenditure.

In general, a linear mixed model is of the form

Yi = Xiβ + Zibi + εi,

bi ∼ NID(0, D),
εi ∼ NID(0,Σi), 1 ≤ i ≤ N,

where N is the number of subjects, Yi is the ni-dimensional
response vector for subject i, Xi and Zi are (ni × p) and
(ni × q) dimensional fixed matrices of known covariates, β
is a p-dimensional unknown fixed-effects parameter vector,
bi is the q-dimensional vector of random effects, and ε is an
ni-dimensional vector containing the error components. D
is a general symmetric (q × q) covariance matrix and Σi is
a (ni × ni) covariance matrix that has the property that the
set of unknown parameters in Σi do not depend upon i. [11]

2.5.1 Implementation of the Model

A model structure that models both between-subject and
within-subject variance was selected. An overall intercept
term was fitted to model the average level of oxygen con-
sumption, and subject-specific intercepts to model the indi-
vidual ground level of each of the subjects. This is the so-
called random-intercepts model [11], where the regression
coefficients are the same for each subject.

When the model is applied to measurements outside the
data set used to train it, no information on the subject-
specific intercepts is available. Therefore, when the oxy-
gen consumption of a subject outside the training set is es-
timated, only the overall intercept term and the fixed re-
gression structure is used. This will be an important prop-
erty in the future, when the model is applied to measure-

ments outside the data set used in this study and no oxygen
consumption measurements specifying the correct subject-
specific level are available.

The covariance structure Σi for the error components εi

was specified to be first-order autoregressive (AR(1)). The
maximum likelihood estimation method was used to esti-
mate the covariance parameters.

Oxygen consumption was set as the response variable
in the model. The explanatory variables include the two
variance-transformed acceleration signals, the height of the
subjects as well as a logarithmic transformation of the
height and the product of the two acceleration values. In
addition to the acceleration measurements made simulta-
neously to the oxygen consumption measurements, lagged
values of acceleration were also used. Five preceding mea-
surements of the variance-transformed acceleration were
used. Since the variance feature consisted of signal variance
calculated at intervals of 15 seconds, this means the influ-
ence of acceleration from 90 seconds preceding the oxygen
consumption measurement were taken into account. The
model was fitted using the SAS MIXED procedure (SAS
Release 9.1.3.).

2.5.2 Model Specification

For each of the four activities, the linear mixed model de-
scribed above was fitted to the data. From the data set avail-
able, the measurements of one of the subjects were excluded
to be used in testing the model. The measurement data from
the rest of the participants were used to select the model
structure and train the model.

The model was first fitted using all the explanatory vari-
ables. After that, the optimal model structure for each of
the activities was selected on the grounds of both the sig-
nificance of the effects in the model and the fit statistics of
the model. The significance of the effects was considered
the primary criterion for model selection. The less signif-
icant effects (at a significance level of 0.1) were excluded
from the model one by one. The -2 log likelihood ratio
of the model was also monitored and taken into account.
Elimination of the effects was stopped if it would have had
a notable negative influence on the model’s performance.
Therefore, some of the models also contain effects with a p-
value slightly larger than 0.1. The performance of the model
in the test set was not taken into consideration in model se-
lection. This way the final model structure for each of the
activities was selected.

3 Results

The person whose measurements were set aside to be
used as a test set was a 22-year-old male, weight 86 kg and
height 1.81 m. The measurements of the same person were



used in the testing of all the activities. The measurements
of this subject were chosen to be used as test data since his
measurements in all the activities were available. Moreover,
a male test subject was selected because the proportion of
females in the data was low. The measurements of the sub-
ject comprising the test set in walking are used as examples
of the measurement signals in Figures 1-3. The data set
used to train the model consisted of the measurements of all
the other participants.

The modelling results for the test data in the four activ-
ities (walking, running, Nordic walking and bicycling) are
shown in Figures 4 a) - d). The black line in the figures
represents the true oxygen consumption measured using in-
direct calorimetry. The grey line is estimated oxygen con-
sumption given by the linear mixed model. The fact that the
estimated curve starts later than the measured oxygen con-
sumption curve results from the use of lagged effects in the
model.

It can be seen from Figures 4 a) - d) that the model esti-
mates the level of oxygen consumption of the person used
in testing the model very accurately. The line represent-
ing estimated oxygen consumption (grey) finds the correct
level of oxygen consumption but does not follow the mea-
sured oxygen consumption curve (black) strictly. However,
this is not even necessary in practise. More important for
all practical purposes is to find the correct level of oxygen
consumption.

The energy expenditure of a person is calculated from
estimated oxygen consumption. The metabolic equivalent
(MET) is a widely used unit for energy expenditure. It rep-
resents the energy cost of physical activity as multiples of
resting metabolic rate. One MET corresponds to an oxy-
gen consumption of 3.5 ml/kg/min. Thus, estimated oxy-
gen consumption (VO2 / kg) is converted to METs by di-
viding by 3.5. Average energy expenditure during the exer-
cise estimated on the basis of acceleration data using the
linear mixed model and average energy expenditure cal-
culated from oxygen consumption measured using indirect
calorimetry are compared in Table 2. The method presented
in this study gives a good estimate of the energy expendi-
ture. In walking, running and Nordic walking, the model
underestimates the average energy expenditure by 13, 2 and
9 percent, respectively, and in bicycling the average energy
expenditure is overestimated by 7 percent.

4 Discussion

This paper examined estimation of energy expenditure
based on acceleration data. A novel method using a lin-
ear mixed model to estimate oxygen consumption based on
measurements from a biaxial accelerometer was introduced.
The method estimates energy expenditure at 15-second in-
tervals. The results presented in the preceding chapter show

a)

c)

b)

d)

Figure 4. Measured (black) and estimated
(grey) oxygen consumption. a) Walking b)
Running c) Nordic walking d) Bicycling

True Pred. Error

Walking 4.7 4.1 13 %

Running 7.6 7.5 2 %

Nordic walking 6.3 5.7 9 %

Bicycling 6.8 7.3 7 %

Table 2. Measured and estimated energy ex-
penditure in METs and the prediction error in
four activities

the usefulness of the new approach.
As also Rothney et al [8] mention, one of the biggest

challenges in modelling energy expenditure based on ac-
celerometer data is the large deviation between subjects.
Because of different personal characteristics, the same
metabolic costs may not result from identical accelerations.
The advantage of the linear mixed model is that it models
both between-subject and within-subject variance. There-
fore, an individual ground level of energy expenditure can
be assigned to each of the subjects in the training set. This
compensates for the differences between individuals. An-
other benefit of the method presented is that it utilizes
lagged values of acceleration. This is important because
of the delayed effect of physical exercise on energy expen-
diture.

Another strength of the linear mixed model is that it is
easy to implement since no metaparameters controlling the



model structure need to be selected. Training of the model
is computationally less complex than, for example, the arti-
ficial neural network used by Rothney et al [8]. Implemen-
tation of the method in a wearable activity monitor is also
straightforward.

The modelling was based on variance of the accelerom-
eter signals calculated at 15-second intervals. This feature
was selected to present the raw signals in a form that enables
their use in modelling, since it was assumed to carry most of
the information relevant to estimating energy expenditure.
In fact, the results presented in the previous chapter con-
firm this assumption to be correct. However, when using
the variance feature calculated from an acceleration signal
measured with a wrist-worn sensor, special attention needs
to be given to the fact that, especially in real-life conditions,
the subject may also perform some excess movements with
his/her hand that are not typical to the activity in question.
Such movements could be, for example, checking the time
from a watch or stroking the forehead. Therefore, the model
should be able to estimate the correct level of oxygen con-
sumption despite such short periods of anomalous activities.

The approach presented in this paper can also be directly
applied to other features that present the characteristics of
the accelerometer signals. In addition, subject demograph-
ics other than the height of the subject, used in this study,
could be used.

In this study the approach was applied to a data set con-
taining measurements from ten minutes of exercise in four
different activities. The data was collected from ten sub-
jects, of which eight were male and two female. For the
presented method to be further validated, it should be tested
with larger data sets in terms of both the number of subjects
and the length of the measurements.

At this point the results of this method have been com-
pared with energy expenditure estimated using indirect
calorimetry. In the future the approach should also be tested
against other available methods.

5 Conclusions and Future Work

This paper introduced a novel approach for estimating
energy expenditure during physical activity. The estima-
tion was based on acceleration data measured from a bi-
axial accelerometer located on the subject’s left wrist. A
linear mixed model was used to estimate oxygen consump-
tion based on the accelerometer data. The approach was
applied to a data set gathered from 10 subjects during four
different activities: walking, running, Nordic walking and
bicycling. It was shown that oxygen consumption can be
accurately estimated based on accelerometer data by using
a linear mixed model.

The aim of this study was to preliminarily introduce the
idea of using a linear mixed model to estimate energy ex-

penditure. The functionality of the approach was proven by
applying the method to data gathered in circumstances re-
sembling free-living conditions. However, for the function-
ality of the approach to be more generally shown, it should
be applied to larger data sets. In addition, the method could
also be applied to activities other than the ones examined in
this study and to data sets containing successive measure-
ments in different activities.
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