Home

Search

Collections

Journals

About

Contact us

My IOPscience

A stepwise validation of a wearable system for estimating energy expenditure in field-based
research

This article has been downloaded from IOPscience. Please scroll down to see the full text article.
2011 Physiol. Meas. 32 1983
(http://iopscience.iop.org/0967-3334/32/12/008)
View the table of contents for this issue, or go to the journal homepage for more

Download details:
IP Address: 131.155.187.40
The article was downloaded on 29/10/2012 at 11:06

Please note that terms and conditions apply.

IOP PUBLISHING

PHYSIOLOGICAL MEASUREMENT

Physiol. Meas. 32 (2011) 1983–2001

doi:10.1088/0967-3334/32/12/008

A stepwise validation of a wearable system for
estimating energy expenditure in field-based research
Martin Rumo1 , Oliver Amft2 , Gerhard Tröster3 and Urs Mäder1
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Abstract
Regular physical activity (PA) is an important contributor to a healthy lifestyle.
Currently, standard sensor-based methods to assess PA in field-based research
rely on a single accelerometer mounted near the body’s center of mass. This
paper introduces a wearable system that estimates energy expenditure (EE)
based on seven recognized activity types. The system was developed with
data from 32 healthy subjects and consists of a chest mounted heart rate belt
and two accelerometers attached to a thigh and dominant upper arm. The
system was validated with 12 other subjects under restricted lab conditions
and simulated free-living conditions against indirect calorimetry, as well as in
subjects’ habitual environments for 2 weeks against the doubly labeled water
method. Our stepwise validation methodology gradually trades reference
information from the lab against realistic data from the field. The average
accuracy for EE estimation was 88% for restricted lab conditions, 55% for
simulated free-living conditions and 87% and 91% for the estimation of average
daily EE over the period of 1 and 2 weeks.
Keywords:
physical activity, activity recognition, energy expenditure
estimation, wearable sensors, ambulatory assessment
(Some figures in this article are in colour only in the electronic version)

1. Introduction
Physical activity (PA) is known to reduce the risk of cardiovascular diseases, diabetes mellitus
type II, osteoporosis, obesity, and even certain types of cancer (Jebb and Moore 1999, Blair
et al 2001). PA epidemiologists want to monitor PA in order to investigate the relationship
between PA and health and to find determinants for PA behavior (Welk 2002). PA behavior
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profiles basically consist of frequency and duration of activity types (sitting, standing, walking,
etc) and their intensity (measured as energy expenditure (EE)).
PA epidemiologists currently use the actigraphy method and heart-rate-based methods to
objectively estimate PA levels in the field (Bussmann et al 2001, Murphy 2009, Hendelman
et al 2000). These methods have been validated against the doubly labeled water method
(DLW), which is accepted as the gold standard for measuring EE under unrestricted field
conditions.
These standard methods are well suited to estimate PA levels that are correlated with EE.
However, they provide no information on PA type, and EE estimation is only valid at the group
level, not at the individual level (Livingstone et al 1990, Ekelund et al 2002, Leenders et al
2001).
Wearable sensor systems can reliably recognize types of activities (Bao and Intille 2004,
Ravi et al 2005) and thus yield more accurate estimates of EE (Lester et al 2009, Haapalainen
et al 2008). In many cases, these wearable systems are too obtrusive to be useful in users’
habitual environments and have so far been validated only in lab or semi-naturalistic settings
(Intille and Bao 2003).
When developing new monitoring systems, there is always a trade-off between
experimental control and ecological validity, where ecological validity refers to the extent
to which findings can be generalized to the real world (Carter et al 2008). For monitoring
instruments to be ecologically valid, they must be unobtrusive to ensure compliance while
providing reliable and valid data for describing PA behavior precisely. To show ecological
validity, these instruments must be validated under unrestricted field conditions, which means,
under conditions where there are no interventions by the researchers and no particular protocol
has to be followed for evaluation time periods that extend to weeks. Validation under
unrestricted field conditions is challenging, because in many cases reliable reference values
of outcome variables (e.g. activity type and EE) are scarce. For this reason, the way out of the
lab into the field must be done stepwise, gradually trading reference information for realistic
data.
This work develops a wearable sensor system for monitoring different parameters of daily
PA (activity type and EE). A stepwise methodology is used to validate the system such that
it can be applied under unrestricted field conditions. In this paper, we make the following
contributions.
(i) We propose a wearable sensor setup consisting of two miniaturized acceleration sensors
and a heart rate monitor capable of recording data for weeks. Acceleration features have
been designed, such that they are less sensitive to changes in sensor orientation.
(ii) We introduce a combined activity-type classification and regression model for EE
estimation. Activity-dependent models are compared against activity-independent models
to confirm the relevance of activity information for an accurate EE estimation.
(iii) The model is validated in three steps: under-restricted lab conditions, simulated free-living
conditions as well as in the users’ habitual environment over a period of 2 weeks.
2. Related work
2.1. Current field methods
In addition to subjective measurement instruments, which include interviews, questionnaires
and diaries, two objective sensor-based methods are currently used in large field studies to
monitor PA (Troiano 2005). The sensor-based methods are called objective methods. The
most widely used objective method is the accelerometer-based actigraphy method (Kemper
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et al 1995). The most popular heart rate-based method is the FLEX heart rate method (Spurr
et al 1988). Methods that combine acceleration and heart rate measurements have been
developed and validated (Rennie et al 2000, Brage et al 2004).
2.1.1. The actigraphy method. Actigraphy is an objective method for monitoring PA levels
that uses a single accelerometer worn at the hip or lower back. The sensors measure the
intensity of bodily movements in so-called activity counts. Activity counts are typically
calculated by integrating the absolute values of the filtered acceleration signal over an epoch
period. Epochs can go up to 1 min, resulting in estimates of general PA intensities that are
often further quantized in three PA levels (low, moderate, vigorous). This method correlates
with EE measured by the indirect calorimetry and DLW method (Reilly et al 2006, Rothney
et al 2008, Plasqui and Westerterp 2007, Bouten et al 1994). However, the correlation is
particularly strong for activities that produce strong vertical acceleration, such as walking and
running, but weaker in other activities such as biking (Schmitz et al 2005).
A comparative study (Leenders et al 2001) has shown that a 7 day recall can estimate
EE on a population level more accurately (error of 10%) than the actigraphy method (error
ranging between 35% and 59%). On the other hand, accelerometry-based methods are more
accurate in measuring frequency and duration of activities bouts and are therefore used to
validate questionnaires (Maeder et al 2006).
2.1.2. Heart-rate-based methods. Methods based on heart rate measurements rely on
the strong linear relationship between heart rate and EE in steady state exercise. Linear
regression models can be individualized, either through anthropometric parameters such as
age, gender and weight (Dugas et al 2005, Li et al 1993) or through individual calibration,
which necessitates lab testing (Rennie et al 2001). The FLEX heart rate method (Spurr et al
1988) introduces an individual threshold for the heart rate, above which the relationship to EE
is linear and below which the relationship is variable (Leonard 2003). The FLEX heart rate
method has been validated against the DLW method under free-living conditions and provides
valid data at the group level. At the individual level, error rates ranged from −22% to +52.1%
(Livingstone et al 1990, Ekelund et al 2002).
2.1.3. Combined methods. The combination of heart rate monitors with actigraphs has
been tested against indirect calorimetry under lab conditions (Rennie et al 2000) and has been
shown to increase accuracy. One of the most promising combined methods is the branched
equation model, which uses general and individual thresholds to heart rate and acceleration
data and applies different linear regression to different heart rate and acceleration pattern.
The model has been validated against whole body calorimetry for walking and running on
a treadmill. Estimation errors were −4.4% ± 29% and 3.5% ± 20% for individual and
global calibration, respectively (Brage et al 2004). More recently, Su et al (2009) were using
acceleration and heart rate data in a nonlinear multivariate regression to estimate EE. These
approaches confirm the importance of acceleration data in their models. However, in all cases
the accelerometer was worn near the center of mass and the models were tested only on a
restricted set of activities against indirect calorimetry.
2.2. Multisensor and machine learning approaches
More recent approaches apply either single and multiple sensors in combination with machine
learning techniques to infer EE from sensor data. Staudenmayer et al (2009) presented
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1 min summaries of 1 s epoch counts to an artificial neural network to predict EE with a
root-mean-squared error of 1.22 metabolic equivalents (Ainsworth et al 2000).
Chen et al (2003) accurately (97%) estimated minute-to-minute EE from two actigraphy
devices, one mounted on the hip and one worn on the wrist. A whole body calorimeter served
as the reference method for EE. However, a tight activity protocol makes it difficult to predict
the performance under unrestricted field conditions.
Zhang et al (2003) validated the Intelligent Device for Energy Expenditure and Activity
(IDEEA, Minisun, CA). The IDEEA was able to accurately (95%) predict EE for steady
state activities following a strict protocol. The IDEEA consists of five sensors attached
through cables. A similar sensor network is a 15-channel whole body segment acceleration
measurement system, which was tested with three subjects for EE estimation in different types
of locomotion (Jang et al 2005). Such comparatively large body sensor networks may provide
sufficient information for accurate EE estimation, but may be too burdensome for use in the
field.
Tapia et al (2007) used heart rate in addition to five tri-axial accelerometers to infer
intensities of activities in the gym. The use of activity-type recognition for EE estimation
was demonstrated by Haapalainen et al (2008) and Lester et al (2009). Haapalainen et al
presented individual linear mixed models for different types of locomotion (walking, running,
Nordic Walking, bicycling). High accuracy (86.5%–98.1%) was achieved under steady state
conditions. Subjects’ maximal oxygen consumption (VO2 max) was used as a covariate in
their models, which necessitates a performance test until voluntary exhaustion and therefore
severely reduces feasibility in large field studies. Lester et al (2009) used three recognized
activities (rest, walking, running) and achieved an accuracy of 89% using lab data recorded in
steady state. In the field, the accuracy dropped by 10% although even in the field there was a
strict protocol to follow.
These multisensor and machine learning approaches have several common limitations:
(i) all use indirect calorimetry, with which the subjects are either confined to a restricted area
(the calorimetry room) or they have to wear a oxygen mask. In both cases, ecological
validity cannot be guaranteed (Carter et al 2008).
(ii) High accuracy rates can often be explained by the fact that the mentioned studies utilize
data from steady state activities or use strict protocols that rarely represent activities under
field conditions.
(iii) Most of the studies mentioned above use cross validation to evaluate model accuracies.
For epidemiological studies, it would be more appropriate to validate the method with a
completely new group of subjects.
Bonomi et al (2009) overcame those limitations by testing their system in the field.
However, mounting the single accelerometer on the lower back made it impossible to
discriminate between sitting and standing. Periods of idle sitting have been linked to several
health outcomes. Its measurement is therefore an important part of PA behavior descriptions
(Hamilton et al 2007).
3. Methodology overview
This paper describes the development and validation of a system for accurate EE estimation
in the field in four study parts (S1–S4). The system was explicitly developed to make the
multisensor approach mentioned in section 2.2 usable for field research.
The system measures heart rate and acceleration of the upper arm and the thigh. In
contrast to combined methods and methods using a single accelerometer (sections 2.1.1
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Figure 1. The overall scheme for describing physical activity type and corresponding energy
expenditure.

and 2.1.3), it uses acceleration data not primarily to estimate EE, but to infer one of seven
activity types for each 5 s interval. The system then estimates EE using activity-type specific
linear models, that take heart rate, anthropometric data and in the case of standing activities
one acceleration feature as predicting variables (see figure 1).
The recognized activity types were biking, downhill walking, level walking, running,
seated activities, uphill walking and standing activities, which included household activities
and sport games. The 24 h recall of Bernstein et al (1998) showed that these activities
represent important contributors to daily EE . The following two sections are dedicated to the
four studies that have been conducted to develop and validate the new approach.
The development study (S1) was conducted to determine the final number and position of
sensors, develop the acceleration features and estimate the model parameters for activity-type
classification and linear regression for EE.
In the first validation study (S2), EE estimation was tested under the same conditions as
in the development study (S1). S2 validated the system under steady state conditions. The
second validation study (S3) was still conducted in a lab, but this time free-living conditions
were simulated, and therefore steady state conditions were rarely met. In the third validation
trial (S4), subjects wore the sensors for 2 weeks in their habitual environments. To test the
effectiveness of activity-dependent EE estimations, two activity-independent models (a linear
and nonlinear model) were also developed and validated for all three validation studies.
Figure 2 gives an overview of the experimental setup that represents the methodology
needed to validate the system for unrestricted field conditions.
4. Development study (S1)
In the development phase, sensor positions were determined, features were selected and model
parameters for activity recognition and EE estimation were computed.
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Figure 2. A schematic overview of the four different trials including restricted laboratory conditions
to unrestricted free-living conditions in the subjects’ habitual environments.

4.1. Study recording
In total, 32 healthy subjects were recruited for S1 (16 male, 16 female, weight = 69.8
± 13.46 kg (min: 47 kg, max: 95 kg), height = 1.73 ± 0.08 m (min: 1.6 m, max: 1.86 m),
age = 35 ± 11 years (min: 21 years, max: 63 years)). The sample consisted of inactive, active
and trained subjects4 .
The subjects wore nine Xsens MTi sensors (Xsens Technologies B.V., AN Enschede, The
Netherlands) and a Suunto heart rate belt (Suunto Oy, Vantaa, Finland). The Xsens sensors
were all linked to a hub with cables. Only the acceleration measured by the Xsens sensors
was used in the analysis. Acceleration was measured at 100 Hz but later downsampled to
25 Hz. Acceleration range was ± 10 g. The nine sensors were positioned at the wrists, ankles,
just above the knees, the upper arms and at the lower back (see figure 3).
In the lab, subjects had to perform actions from all of the PA classes mentioned above in
an isolated and uninterrupted manner for a duration of at least 3 min in order to ensure that
steady state conditions were met for at least 1 min. There was a short break after each activity.
4.2. Sensor positions
Before the final features (table 1) were developed, the number of sensors was determined using
features such as mean, variance and frequency entropy for the nine sensors. The features were
4 Ethical approval for data collection was obtained from the Local Research Ethics Committee, and all individuals
provided informed consent before undergoing any measurement.
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Figure 3. A subject wearing nine Xsens sensors, a heart rate monitor and a portable ergospirometer
in the development study (S1). Data from the portable indirect calorimeter and from the acceleration
sensor were sent to the laptop computers via wireless communication.

ranked according to their estimated capacity to discriminate between the activity classes. The
two most valuable sensor positions (upper arm and thigh) were chosen by summing up the
ranks for each possible sensor position.
4.3. Acceleration features
Six features were extracted from the leg and arm sensors trying to quantify the average
orientation as well as the amount and strength of the movement of the limb. The features are
described in more detail in table 1.
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Figure 4. Acceleration feature extraction procedure, including calibration, filtering and peak
detection.

Table 1. The six acceleration features extracted from arm and leg sensors.

Id

Sensor

Description

f1
f2

Leg
Leg

f3
f4
f5

Leg
Arm
Arm

f6

Arm

Signal mean of the gravitational vector
Difference in magnitude of peaks between
the vertical axis and the horizontal plane
Number of peaks in the net acceleration
Signal mean of the gravitational vector
Difference in magnitude of peaks between
the vertical axis and horizontal plane
Number of peaks in the net acceleration

Before feature extraction, the raw acceleration signal was pre-processed (see figure 4).
The pre-processing phase consists of three steps: filtering, calibration and peak detection.
Calibration was performed to remove variance due to changes in sensor positions. Filtering
removes motion that is not produced by skeletal muscles, and peak detection helps to reduce
the complexity of the signal but retains essential information about the activity.
As depicted in figure 4, two filters where applied to all three signals. The first one was a
low pass Butterworth filter of order 4, with a frequency cut-off of 0.5 Hz. The filtered signal
was used to determine the orientation of the corresponding limb. The second filter was a
Butterworth band pass filter of order 4, retaining frequencies between 1 and 4 Hz. That is
where relevant movements are expected.
In the calibration phase, the resulting acceleration (r), the proportion of acceleration in
the absolute vertical axis (v) and the proportion of the acceleration in the horizontal plane (h)
are calculated from the original acceleration vector a. These calibrated signals (r, v, h) are
more independent of the actual orientation of the mounted sensor (He et al 2008).
Equation (1) defines the calculation of the resulting acceleration (net acceleration):

(1)
r = ax2 + ay2 + az2 .
Equation (2) defines the calculation of the acceleration in the vertical axis as the projection
of the original acceleration vector a upon the normalized gravitational vector G:


G
.
(2)
v = −a ·
G
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Table 2. The regression formulas for each activity type with
(the proportion of the variance
explained by the model) and the standard error of the estimate (SEE), where s is sex = {1 if female
else 0}, w is the weight in kg, h is the height in m, hr is the heart rate in bpm and ee is the energy
expenditure in KJoule; f 6 is the acceleration feature described in table 1.

Class

Formula

R2

SEE

p-value

Sit
Stand
Down
Level
Up
Bike
Run

ee = −9 + 0.1 hr + 0.2 w + −2.5 s
ee = −3.6 + 83.1 f 6 + 0.13 hr + 7 s
ee = −21.5 + 0.31 hr + 0.15 w
ee = −108.3 + 0.34 hr + 57 h
ee = −228 + 0.62 hr + 111.7 h
ee = −50.7 + 0.65 hr + 23.8 s
ee = −51 + 0.37 hr + 0.78 w

0.5
0.73
0.59
0.33
0.74
0.76
0.75

2.2
4.8
4.9
6.1
5.9
9.7
8

< 0.001
< 0.001
< 0.001
0.04
< 0.001
< 0.001
< 0.001

The gravitational vector G is the low-frequency component (frequencies < 0.1 Hz) of a.
In a third step, the acceleration in the absolute horizontal plane (orthogonal to v) is calculated
as h = r − v (Mizell 2003). In the peak detection phase, only the time and magnitude of the
peaks in the signal frequency range between 0.5 and 5 Hz were registered.
4.4. EE estimation ground truth
EE was calculated from the volume of oxygen intake and carbon dioxide output from a portable
ergospirometer (Metamax 3B, CORTEX, Biophysik GmbH, Leipzig) averaged over a 1 min
period in steady state. The ergospirometer was calibrated for gas and volume before each data
acquisition session. The following formula from Péronnet and Massicotte (1991) was used to
estimate EE, because it allows EE to be calculated without having to know the composition
of the subjects’ diet:
kJ
= 18(4.6 VCO2 − 3.2 VO2 ) + 38(1.7 VO2 − 1.7 VCO2 ).
(3)
min
The following EE values were obtained in average for the different activities: seated
activities: 8.7 kJ min−1, standing activities: 21.6 kJ min−1, downhill walking: 18.5 kJ min−1,
level walking: 23.0 kJ min−1, uphill walking: 41.0 kJ min−1, biking: 48.7 kJ min−1 and
running: 59.3 kJ min−1.
4.5. Model calculation
4.5.1. Activity recognition. Support vector machines (SVM) were trained and tested using
a 10-fold cross-validation for activity-type classification. Classification was done using R
(R Development Core Team 2011) with the SVM library e1071 package, which interfaces the
C++ implementation libsvm (Chang and Lin 2011). A radial basis function was used as kernel
with γ = 4. The cost parameter penalizes errors during the training phase; this parameter was
set to 50.
4.5.2. EE estimation models. Multiple linear regression formulas were calculated for each
of the seven activity classes (see table 2). Models were computed using the statistical
computing environment R (R Development Core Team 2011) in two steps. First, the number of
predicting variables was reduced using variable selection. Then, the final model was calculated
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Table 3. Cross-validation of the classification accuracies for the activity classes: biking (bike),
downhill walking (down), level walking (level), running (run), seated activities (sit), standing
activities (stand) and upward walking (up).

Bike
Down
Level
Run
Sit
Stand
Up

Bike

Down

Level

Run

Sit

Stand

Up

91%
3%
2%
0%
0%
3%
1%

2%
76%
13%
3%
0%
2%
5%

1%
10%
72%
0%
0%
1%
16%

0%
2%
0%
98%
0%
0%
0%

0%
0%
0%
0%
100%
0%
0%

2%
2%
1%
0%
1%
90%
3%

1%
4%
19%
0%
0%
4%
72%

using the bootstrapping method (Hastie et al 2003). Variable selection was performed
manually. Several variable subsets were tested and only significant factors were retained.
To demonstrate the advantage of activity-dependent EE estimation formulas, two classindependent models were also considered: a multiple linear regression and a nonlinear SVM
model. For the SVM model, the same parameters were chosen as for the classification. The
covariates for the linear model were chosen in the same way as for the activity-dependent
models, resulting in the following model:
ee = −93.9 + 0.6 hr + 31.5 height + 8 sex.

(4)

These models did not include activity information. The residual standard error was
9.025 MJ, the p-value for the model was smaller than 0.001 and R2 was 0.75.
4.6. S1 results
Table 3 shows the confusion matrix from a 10-fold cross validation using the development
data. The overall accuracy was at 86% for the extended activity-type classification scheme,
and 95% when merging the three classes representing the different inclination into a single
walking class.
Variable selection was performed on the set of 17 possible covariates for the activitydependent linear regression models. This process resulted in the seven regression models
shown in table 2.
5. Validation studies (S2–S4)
The validation process was designed to verify the systems’ performance in unrestricted field
conditions. Validation was made in three steps as explained in section 3 and summarized in
figure 2.
In total, 12 healthy subjects (six male, six female, weight = 70.5 ± 12.8 kg, height =
1.75 ± 0.09 m, age = 31 ± 9 years) were recruited for the validation study (S2–S4)5 .
All subjects had a BMI between 18.5 and 30 and could move with normal biomechanics.
Furthermore, they were asked to complete the Physical Activity Readiness Questionnaire
(PAR-Q), in order to assess if the subjects could do all the exercises without risk. During all
three trials, the subjects had to wear two accelerometers (one on the upper arm and one on the
5 Ethical approval for data collection was obtained from the Local Research Ethics Committee, and all individuals
provided informed consent before undergoing any measurement.
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Figure 5. The ShakeNet system was developed for the validation studies (S2–S4): logger (1),
accelerometer unit with battery and communication unit (2), sensor unit worn at the upper arm (3)
shown together with a metric scale.

leg) and a heart rate monitor (Suunto Smartbelt, Suunto, Vantaa, Finland). The accelerometer
system (ShakeNet) was designed and assembled by the Swiss Center for Electronics and
Microtechnology, CSEM, Switzerland, for this validation study. The ShakeNet system is
composed of a logger (Zorglogger) and two accelerometers (Zorgshake) (see figure 5). The
orientation of the logger was not of importance, so it could be carried anywhere comfortably
as long as it was kept within 2 m from the two Zorgshake sensors. The two accelerometer
modules where attached with elastic bands to the dominant arm and at the side of thigh. Two
Zorgshake modules measure acceleration in three axes with a sampling frequency of 25 Hz.
The raw signal was logged during the entire data acquisition period for offline processing. The
system was build to operate with a low power consumption in order to ensure autonomy during
data acquisition periods over an entire day. The power consumption of a sensor node was
about 5 mA. This allowed us to operate it for an autonomous duration of approximately 22 h
on the 120 mAh battery, assuming that 90% of the nominal battery capacity can be discharged.
This autonomy has been verified in laboratory tests.
Upon start, Zorgshake sensors will search a Zorglogger and send data using radio
transmission in the ISM-2.4 GHz band. When the signal was lost, the logger was trying
to reestablish the connection every 5 min. The dimensions of the ShakeNet accelerometer
sensors were 30 × 20 × 14 mm3 . The dimensions of the data logger were 57 × 39 × 16 mm3 .
The accelerometer had a random offset up to ±0.2 g for a range of ±1.5 g. The sensors were
small enough to be worn without restricting the subjects in their daily activities.
An overview of the schedule for trial studies S2–S4 is given in figure 6. The DLW analysis
was performed by the Department of Human Biology at the University of Maastricht in the
Netherlands. Doses were individually measured against the subjects’ weight. The subjects
were instructed to drink their dose of DLW before going to sleep the night before the visit
at the lab. The subjects arrived at the lab before breakfast. Resting metabolic rate (RMR)
was measured during 30 min using the DeltaTrac Metabolic Monitor (Datex Ohmeda Inc.
Wisconsin, USA) (McLellan et al 2002). During S2, the subjects were asked to perform a
strict protocol of seven activities, each representing one activity class. In S3, the subjects were
asked to perform different activities of daily living for 2 h, choosing the time and duration of
each activity. During these 2 h, the subjects were monitored by a video-monitoring system for
later labeling of the activities. During S2 and S3, the subjects wore a portable ergospirometer
to measure EE. For S4, the subjects were sent home to wear the sensor setup for 2 weeks.
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Figure 6. A timeline for the three validation studies (S2–S4) over a 2 week period.

5.1. Validation of protocoled activities (S2)
In S2, the subjects had to perform the same seven activities as in S1 in an isolated and
uninterrupted manner for at least 3 min, in order to ensure steady state conditions. The
estimated EE was validated against reference values from the portable ergospirometer,
comparing average EE during steady state conditions.
The overall accuracy for activity recognition in S2 was 63% given that all activities were
performed for the same duration. The average EE estimation error over all protocoled activities
was 12% for the class-dependent approach, 10% for the class-independent linear model and
13% for the class-independent nonlinear model (see figure 8).
5.2. Validation of free activities in the Lab (S3)
During the 2 h of simulated free living, subjects were monitored by a video-monitoring system.
The videos were used to obtain classification ground truths. During these 2 h, the subjects were
free to choose their activities from a list of activities that could be unambiguously assigned to
one of the seven activity types. Activities included reading, computer work, gaming, sports
and others.
The activity recognition accuracy was 78% for simulated free-living activities. The
average EE estimation accuracy over the whole time period was 55% for the class-dependent
approach, 47% for the class-independent linear model and 39% for the class-independent
nonlinear model. These estimation performances are further discussed in section 6, by
comparing them to the S4 trial results.
5.3. Validation in the field (S4)
DLW analysis was used as the reference method to validate average daily EE in S4. The
DLW analysis was conducted according to Westerterp and Bouten (1997). The DLW analysis
yielded the average daily EE after 8 and 13 days. Subjects were asked to provide one
urine sample in the evening and one at the following morning noting the exact time of the
probe. This procedure resulted in a single measurement point. Together with the background
sample taken before the administration of the DLW dose and the two urine samples at the
end of S4, the seven urine probes in total resulted in two measurement points. These two
measurement points allowed for 1 week and 2 week analyses in S4. The exact time of the
urine probes is shown in figure 6.
The DLW analysis yielded the average daily EE for the two measurement points mentioned
above. For each day, EE was calculated using the available sensor data during waking periods,
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and for the entire sleeping period the individually measured RMR was used for calculating EE
for sleeping periods. RMR ranged between 840 kcal/24 h and 1930 kcal/24 h with an average
of 1428.2 kcal/24 h and a standard deviation of 339.3 kcal/24 h.
Transmission failures, improper use and voluntary removal of sensors led to a data loss
ranging from a weekly average of 8% up to 49% on the individual level. Subjects were asked
to remove sensors in situations where they could be damaged, no case is known where sensors
were removed because they felt uncomfortable. We defined the criteria to include data in the
analysis as follows: Only days with at least 60% of the data available were taken into account.
At least 5 days had to have sufficient data to make up a week. Following that criteria, for nine
subjects there was at least 1 week and for six subjects there were both weeks that could be
included in the analysis.
Figure 7(a) shows the deviation of EE estimated by the proposed activity-dependent
models from the gold standard (DLW). The two methods had a correlation coefficient of
0.88 for the 1 week period. Even though there are differences between subjects, an average
accuracy of 87% was achieved. For the class-independent models the accuracies were with
71% (linear model) and 59% (nonlinear model) clearly lower.
Figure 7(b) shows the accuracies for the prediction of average daily EE over the 2 week
period. Here, the correlation coefficient was 0.98. With an overall accuracy of 91% the
activity-dependent model clearly outperformed the two activity-independent models, which
achieved an accuracy of 68% for the linear model and 52% for the nonlinear model.
6. Discussion
6.1. Sensor system
Systems currently in use for the assessment of PA in the field rely on a single accelerometer
mounted near the body’s center of mass. In order to reliably recognize activity types,
orientation and movement of limbs must be detected, which requires at least two sensors
(Bao and Intille 2004).
Energy consumption of the body sensor network should be kept minimal, when data
acquisition extends to weeks. Therefore, the sampling frequency should be kept as low
as possible. The frequency of human movement does not exceed 25 Hz (He et al 2007).
Furthermore, (Maurer et al 2006) tested classification accuracies for different sampling
frequencies for the acceleration signal. Frequencies between 1 and 30 Hz were applied,
resulting in a stabilization of accuracy rates between 15–20 Hz. On the basis of all these
findings a sampling frequency of 25 Hz was chosen.
The accelerometer range of ± 1.5 g may have introduced inaccuracies in our measurement
system. However, a larger dynamic range would affect resolution of the A/D-conversion or
data bandwidth required to be transferred via wireless links.
6.2. Development study (S1)
The regression models developed in S1 can explain a large proportion of the variance in EE
with just a few covariates. For most of the models, just two covariates are sufficient to explain
around 75% of the variance in EE for a particular activity (see R2 in table 2). For all activity
types, heart rate is an important predictor, especially for locomotion-type activities such as
walking, running and biking. It is expected that calibration using individual resting heart rate
and/or maximum heart rate increases EE estimation accuracy, but heart rate bpm was chosen
explicitly to avoid individual calibration. Age is the only anthropometric variable that does
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Figure 7. Result from the third validation study (S4): the average daily energy expenditure (EE):
predicted values and reference values from the doubly labeled water (DLW) method over 1 (a) and
2 (b) weeks. The dotted line represents the margins of the 95% confidence interval.
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not significantly contribute to EE estimates in this study. It is not sure however if this is due
to the limited variability in the ages of the subjects. Sex was retained as a covariate for sitting
and standing activities. This could be due to its weak correlations with weight (r = 0.73)
and height (r = 0.67). The subjects PA level (trained, active, inactive) was also tested as a
covariate, but does not significantly contribute to variation in EE. Acceleration features seem
to have only little explanatory power for EE in our approach, since activities are homogeneous
and the models were calculated using one sample per subject and activity. Standing is the
most heterogenous activity class, where particular activities differ in the use of the upper
arm. We observed that the use of the arms is also the main source of variance for EE in this
activity class. Therefore, an acceleration feature, namely the number of peaks in the resulting
acceleration of the upper arm, was retained in the regression model for standing activities (see
table 2). However, acceleration features were primarily developed for activity recognition. In
future work, EE specific features could be used to account for atypical activity intensities (e.g.
very slow or very fast walking).
6.3. Validation in the Lab (S2–S3)
We attribute the decrease in activity-type classification accuracy to the change in sensors (from
Xsens in S1 to ShakeNet in S2). In particular, in the S2 signal, quality and sensor positioning
limited the recognition accuracy. The rise in overall classification accuracy when going from
S2 to S3 is due to the different distribution of performed activities.
The S2 and S3 results can be compared with results from other studies using multiple
sensors and machine-learning techniques, but other studies tested their models only for a
limited set of activities or required more sensors compared to our proposed system.
The high accuracy rates (95%) achieved by Chen et al (2003) might be due to the
confinement of subjects in a calorimetry room that led to strict routines for all subjects. Zhang
et al (2004) achieved similar accuracies under lab conditions, using a more complex setup
that relied on five sensors. Lester et al (2009) and Haapalainen et al (2008) both achieved
similar error rates for steady state conditions as our approach, but they showed the rates only
for different types of locomotion, not for other frequent activities of daily living.
There is a significant drop in accuracy of EE estimation, when going from protocoled
steady state estimations to a situation where free transitions between activities and intensities
occur. This significant decrease in accuracy can be explained by the short time span in which
the system yields EE estimation (5 s) and in the short time span in which all activity types
needed to be represented (2 h). Mainly adding voluntary transitions between activities in a lab
environment does not take into consideration the actual distribution of transitional and steady
states in the field.
Of all the tested models, the activity-dependent model performed best when there are
many transitions between activities (see figure 8).
Nevertheless, the proposed model does not take the dynamics of EE in transitional states
into account, assuming that the transitions in daily habitual activities are negligible. This
is supported by the results from S4 that show a rise in accuracy for EE estimation in users’
habitual environment over weeks.
6.4. Validation in the field (S4)
The system proposed is designed to be used for weeks in the field. In S4, all participants
completed the 2 week trial. A follow-up questionnaire among S4 participants confirmed that
the participants found the sensor setup unobtrusive enough to be worn without restricting
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Figure 8. Comparison of the accuracies of energy expenditure estimation of the proposed activitydependent model with two activity-independent models in all three validation studies.

their habitual activities. While the accelerometers on the arm and thigh were evaluated as
comfortable, an improvement opportunity lies within the heart rate belt. Subjects reported that
the plastic belt was the most disturbing sensor in the network. A solution to measure heart
rate from another part of the body would further increase the feasibility of this approach.
The S4 results can be compared with results from studies validating the two currently
used methods (actigraphy and heart rate based methods) against the DLW method.
Most studies validating the actigraphy method indicate correlations between activity
counts and EE at the group level. However, Leenders et al (2001) tested three different
actigraph devices for actual EE estimation errors. The error rates for these devices were
between 35% and 59%, which is clearly higher than in our approach (9% for the 2 week trial).
At the group level, the accuracy of the FLEX heart rate method is comparable, but for individual
subjects, our method (error: 9% ± 13% for a period of 14 days) outperforms the FLEX heart
rate method (errors ranging between −22% and 52.1% for a period of 15 days) (Livingstone
et al 1990). Here our method has the additional advantage that no prior calibration process
is necessary. To judge these comparisons appropriately, it must be mentioned that the DLW
method itself has a reliability of 7–8% (Goran et al 1994, Schoeller and Hnilicka 1996). The
proposed method yields accurate results not only at the group level but also at the individual
level.
Figures 7(a) and (b) show that our system underestimated EE compared to the DLW
method for all subjects but one. This might be due to sports activities that required the sensors
to be removed for safety reasons. These sports activities are often activities with high EE and
are in this case not registered. Another possible explanation for this tendency can be the way
EE was estimated during sleep. The effect of small errors in 30 min of RMR assessment is
relevant when extrapolated to the average duration of sleep of 8 h 25 min ± 1 h 16 min per
night.
However, the significant differences in EE between subjects reflect the wide range in the
sample which consisted of sedentary to very active subjects. This indicates that the results
generalize to users with quite different PA habits.
7. Conclusion and further work
We have introduced a body sensor network to be worn for weeks without interfering with users’
habitual activities. Even though subjects of the validation study (S2–S4) reported that the size
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and the position of the sensors were not disturbing, further steps must be taken to increase
the comfort of the sensor network in order to assure the compliance in large epidemiological
studies. The system is capable of accurately estimating EE by detecting activity types and
applying activity-dependent regression formulas. We introduced a methodology with a stepby-step transition from restricted lab conditions to unrestricted field conditions. The system’s
performance for estimating average daily EE was validated against the DLW method with an
accuracy that is clearly higher than methods currently used in the field, since activity type is
an important predictor for EE and the current methods are not able to distinguish between
activity types.
In addition to activity type and intensity, activity context (household, office, commuting
etc) is a parameter of daily activities. Therefore, future work should focus on activity patterns
that are typical for such activity contexts. Activity context recognition could certainly benefit
from additional sources of information such as time, location and ambient sensors.
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