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Abstract. Physical inactivity is nowadays defined as the fourth leading risk
factor for global mortality. These levels are rising worldwide with major
aftereffects on the prevention of several diseases and the general health of the
population. Energy expenditure (EE) is a very important parameter usually used
as a dimension in physical activity assessment studies. However, the most
accurate methods for the measurement of the EE are usually costly, obtrusive
and most are limited by laboratory conditions. Recent technological
advancements in the sensor technology along with the great progress made in
algorithms have made accelerometers a powerful technique often used to assess
everyday physical activity. This paper discusses the use of support vector
regression (SVR) to predict EE by using a single measurement unit, equipped
with a triaxial accelerometer and a barometer, attached to the subject’s hip.

Keywords: accelerometers, barometers, energy expenditure, physical activity
monitoring, support vector regression.

1 Introduction

During the last decade several studies have shown the positive affect of adequate
exercise on the health of people and the correlation between the lack of exercise and
the risk of developing various diseases such as cardiovascular diseases, colon and
breast cancers, Type 2 diabetes and osteoporosis [7]. According to the World Health
Organisation (WHO), physical inactivity (lack of physical activity) has been
identified as the fourth leading risk factor for global mortality (6% of deaths globally)
leading to approximately 3.2 million deaths each year [10] (Fig. 1).

Energy expenditure (EE) is one of the most widely used quantitative measures in
studies that try to assess people’s everyday life physical activity. Doubly labeled
water and indirect calorimetry are considered to be the gold standard measures to
measure EE. Nevertheless those methods are rather obtrusive and require high
operating costs. Other methods like questionnaires or diaries have on the other hand
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limited accuracy. Due to the improvements in sensor technology and algorithms,
accelerometry has become the mostly used technique to assess everyday life physical
activity.
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Fig. 1. 10 leading risk factors causes of death in millions per year

Jatobd et al. [3] proposed an acceleration-based EE prediction process. The
activity-based linear models were developed by using the intensity of the acceleration
together with some other subject-related features (such as age, weight, height).

Su et al. [8] proposed the use of SVR in order to predict EE during walking by
using an acceleration sensor attached to the lower back close to the subject’s center of
gravity.

A well-known limitation of those devices is that they are not able to assess the
increase in energy cost of walking upstairs or uphill, since the acceleration pattern
remains unchanged under these conditions, although increased effort is required.

Yamazaki et al. [9] and Voleno et al. [4] introduced, along with the accelerometer,
the use of an additional air pressure sensor in order to capture the movement in the
vertical axis and used linear regression models for the EE estimation.

The purpose of this paper is to discuss the use of SVR to predict EE for different
everyday life activities by using a single measurement unit, which consists of a
triaxial accelerometer and a barometer, placed on the subject’s right side hip.

2 Measurement Setup and Data Collection

2.1  Measurement System

The Move II sensor (movisens GmbH, Karlsruhe, Germany) was used for the data
collection. Move 1II consists of a triaxial acceleration sensor with a range of +8 g, a
resolution of 12 bit and a sampling frequency of 64 Hz. The measuring unit has an
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additional air pressure sensor with a sampling frequency 8 Hz and a resolution of
0.03hPa (corresponds to 15 cm at sea level). The recorded raw data were saved using
the unisens format [5] and were transferred on a computer for further analysis via a
USB 2.0 interface.

The assessment of the reference for the EE was performed by using the portable
indirect calorimeter Meta Max 3B (Cortex Biophysics GmbH, Leipzig, Germany).
The indirect calorimeter measures the breath by breath energy consumption and
transmits the measured data wirelessly to a laptop.

2.2 Subject Characteristics

Twenty healthy subjects (12 male and 8 female), all students or employees of the
Karlsruhe Institute of Technology (KIT) participated in the data collection study. The
data collection was performed in cooperation with the Institute of Sport and Sports
Science, Karlsruhe Institute of Technology (KIT). Descriptive data of the subjects can
be found in Table 1.

Table 1. Subject characteristics

Subject parameter Males Females All subjects
(N=12) (N=8) (N=20)
Age (yrs.) 30.1 £8.8 30.8 8.6 30.4 £8.7
Height (cm) 179.8 £8.0 1673 +4.3 174.8 £9.2
Weight (kg) 81.9+129 64.9 £9.2 75.1+14.2
BMI (kg-m?) 25333 232 +3.1 24.5+3.3

2.3  Measurement Procedure

In our study all the subjects were equipped with the measurement unit, placed over
the right anterior axillary line (Fig. 2) and the indirect calorimeter. The indirect
calorimeter was both used to assess the reference data for the EE and to set the
markers at every transition between the different activities. The markers where later
on synchronized with the acceleration and air pressure signals.
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Fig. 2. Position of the sensor and direction of the acceleration axes
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For the training and the evaluation of the algorithms a study with a variety of
different activities (10 in total) was carried out. The data collection protocol of the
study can be seen in Table 2.

Table 2. Study- Data Collection Protocol

Activity Duration Frequency x Distance
sitting 5 min

standing 5 min

walking slow 1 x 415 meter
walking fast 1 x 415 meter
jogging 2 x 415 meter
cycling app. Smin

walking up- /downhill 4 x130 meter
walking upstairs 3 x 84 stairs

walking downstairs 3 x 84 stairs

3 Signal Processing

3.1 Signal Preprocessing

The signal processing for the development of the EE prediction models was done with
MATLAB (R2010a). Both the acceleration and the air pressure signals were
preprocessed in two steps.

During the first step the acceleration signals were band-pass (0.25 Hz - 10 Hz)
filtered to suppress DC-response (static acceleration due to gravity) and high
frequencies that cannot arise from human movement respectively. Using the
barometric formula, the air pressure signal was converted into altitude and the noise
was suppressed using a Butterworth low-pass filter.

In the second step the activity was classified in intervals of 4 seconds. The activity
recognition process is discussed in [6]. The classification algorithm differentiated
between the following 7 activities: lying, rest (sitting/standing), cycling, up-hill/-
stairs, down-hill/-stairs, level walking and jogging.

The reference for the EE was the output from the mobile indirect calorimeter. The
indirect calorimeter measures the breath by breath energy consumption. Due to the
non-uniform sampling frequency of the indirect calorimeter, linear interpolation was
used in order to resample the EE reference to a uniform 1 Hz sampling frequency.

3.2 Parameter Extraction

The key step for the preparation of the data for the modeling is the parameter
extraction. Each second of the acceleration and the air pressure data is transformed
into a feature vector. The feature vector is the input for the EE modeling and
estimation. The features that were extracted are as follows:
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Acceleration Magnitude. The acceleration magnitude represents the intensity of the
movement in each interval and is proven to be highly correlated to the EE. The
acceleration magnitude was calculated using the AC part of each acceleration
component as follows:

EEAC(i) = mean(sqrt ( axac’(i) + ayac’(i) + azac’(i))) . (D)

Altitude Change. The altitude change corresponds to the direction of the vertical
movements. Therefore the altitude change (Ah) at every segment was calculated. The
altitude change was split into two separate features, the positive and the negative
altitude change (Ah,. and Ah,, respectively). By means of this value, it is possible to
estimate the intensity of the movement in the vertical axis, and therefore a better
estimate of the energy consumption when walking up- or downhill.

Subject Related Data. Besides the features extracted from the acceleration and the
air pressure signal, other subject-related features, which are determinant for the
person’s EE (body height, body weight age and sex), were used in the model
development as well.

3.3  Support Vector Regression (SVR)

Support vector machine (SVM) was firstly developed in the sixties but it has been
further developed during the last four decades and is nowadays one of the widely used
techniques to solve classification problems. Support vector regression (SVR) is a
technique based on the SVM used when the predicted values are not discrete but
continuous values. SVR can be used to learn complex nonlinear relationships between
predictor and predicted values.

SVR tries to find a function f(x), which given the training data {(x;,y1),..., (X,y)}
has at most ¢ deviation from the actually obtained targets y; and at the same time is as
flat as possible. SVR approximates the function in the following form:

fx)=w-0o(x)+b. 2)

Where w and b are coefficients and ¢ maps the original data x to a high dimensional
feature space. This optimization problem can be transformed by applying Lagrangian
theory into:

f(x) =2 (o - o) - k(x,x) + b (3)

Where o; and a;* are Lagrange multipliers and the function k(x;,x) is called the kernel
function and is defined as a linear dot product of the nonlinear mapping, i.e.,
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k(xi,x) = 9(xi) - @(x) . )

The types of kernel functions mostly used are: linear, polynomial, radial basis and
sigmoid. Here the use of radial basis function was investigated and compared with the
traditional linear regression (LR).

All calculations were done using the library LIBSVM [2].

3.4  Estimation of Energy Expenditure

For the estimation of the EE, the activities were divided into groups. The activity-
based EE prediction included 3 groups. The first group included all passive activities
(lying, sitting and standing), all walking activities (walking fast, slow, up-/downbhill,
up-/downstairs and jogging) in the second and cycling in the third.

For the first activity-group, the EE estimation was done using the basal metabolic
rate (BMR) formulas as published in [1]. BMR is defined as the minimal rate of
energy expenditure compatible with life. It is measured in the supine position under
standard conditions of rest, fasting, immobility and represents the calories the body
needs only for the functioning of the vital organs (e.g. heart, lungs, nervous system).
The EE for the passive activities was defined as 25% above the BMR. For the other 2
groups, SVR- and LR-based models were developed. The EE estimation models were
further separated into 2 groups according to the gender.

4 Results

For the validation of the EE prediction models we chose the leave-one-subject-out
cross validation method. Using this method, the generalization of the models can be
tested. The difference between the reference and the predicted values of the EE was
computed for each subject and each activity and compared with the results of the LR.

Table 3 summarizes the results of the EE estimation, showing the mean percent
error of the second-by-second estimation of EE for each activity and the mean error in
kcal for the whole activity. Fig. 3 shows the measured and the estimated EE for the
whole protocol for one subject.

The results suggest that the use of SVR improves the estimation of EE. The mean
percent error for all the activities was reduced from -1.8 = 12.0 %, when using LR to
-1.4 + 10.5 %, when using SVR. For some specific activities like walking slowly and
fast the prediction errors were reduced significantly from -10.1 + 14.8 % and
=77+ 17.5 % to -6.0 = 14.8 % and -2.2 + 17.1% respectively. Only during walking
up-/downhill there was a slight increase in the prediction error. This might be due to
the short time period. Generally the biggest errors were observed during the
movement transitions; the time needed for the stabilization of the energy expenditure.
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Table 3. Prediction errors (mean + SD) for the energy expenditure

LR SVR
Activity Mean error Percent error Mean error Percent error
[kcal] [%] [kcal] [%]
all activities -0.7 £26.2 -1.8£12.0 -1.0£22.8 -14£10.5
sitting / standing 0.6+23 20+124 0.6+23 21+124
walking slow -23+£35 -10.1 £ 14.8 -1.3+33 -6.0£14.8
walking fast -1.3£33 17175 -0.1£35 22x17.1
jogging 36+63 55+x12.1 1.7+£7.8 20+13.9
cycling 0385 -1.3+£31.4 0.6+79 0.5 +26.5
walking up-/ 13547 35115 2141 4.9+10.5
downhill
walking upstairs 0625 4.4 +£15.8 -0.6£2.8 4.4 +17.7
walking downstairs 04+13 4.1+13.2 02+1.2 32+12.1
x 10" :
—SVR

2r ’ LR
—Indirect calorimeter

Energy expenditure [kcal/d]

| | | | | | | |
0 500 1000 1500 2000 2500 3000 3500 4000
Time [sec]

Fig. 3. Energy expenditure. The gray line is the estimated EE using the SVR, the gray dashed
line is the estimated EE using the LR and the black solid line is the smoothed gold standard
measure obtained by the portable indirect calorimeter.

5 Conclusion

A novel method for the estimation of human everyday activity EE has been presented
and evaluated. The algorithm uses the acceleration and the air pressure signals
assessed at the subject’s hip and with the developed SVR-based models, it predicts
the EE with high accuracy. The biggest errors were observed during the activities-
transitions. This is due to the fact that the time to arrive at the steady state depends
mostly on the fitness index of the subject, which was not included in the model
parameters.
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Future work will focus on the evaluation of the method in other population groups

such as the elderly or people suffering from obesity, where physical activity
monitoring is needed.
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