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ABSTRACT Energy expenditure (EE) estimation is an important factor in tracking personal activity and
preventing chronic diseases, such as obesity and diabetes. Accurate and real-time EE estimation utilizing
small wearable sensors is a difficult task, primarily because the most existing schemes work offline or use
heuristics. In this paper, we focus on accurate EE estimation for tracking ambulatory activities (walking,
standing, climbing upstairs, or downstairs) of a typical smartphone user. We used built-in smartphone
sensors (accelerometer and barometer sensor), sampled at low frequency, to accurately estimate EE. Using a
barometer sensor, in addition to an accelerometer sensor, greatly increases the accuracy of EE estimation.
Using bagged regression trees, a machine learning technique, we developed a generic regression model
for EE estimation that yields upto 96% correlation with actual EE. We compare our results against the
state-of-the-art calorimetry equations and consumer electronics devices (Fitbit and NikeC FuelBand). The
newly developed EE estimation algorithm demonstrated superior accuracy compared with currently available
methods. The results were calibrated against COSMED K4b2 calorimeter readings.

INDEX TERMS Accelerometer, barometer, energy expenditure, machine learning.

I. INTRODUCTION
Obesity is an epidemic and a significant health threat both
in the United States and all around the world. It is pre-
dicted to be the number one preventive health threat in
the future [2]. Recent estimates indicate that two-thirds of
U.S. adults are overweight [3]. Poor dietary habits and lack of
physical activity are the twomain contributors to this growing
health crisis [4]. New smartphone applications and research
projects aim at helping people track their daily food intake [5]
and activities. A growing number of smartphone apps are
available for consumer download.

Moderate and vigorous physical activity and lifestyle
changes can lead to health promotion and disease prevention,
while aerobic exercise alone has not shown to be effective [6].
Additionally, increased portion sizes and high caloric intake
are important contributors for developing obesity. Provision
of tools to accurately measure EE would allow people to
actively track expenditure of calories relative to the amount of
calories ingested, creating awareness of personal habits that

can be modified to promote personal health. However, it is
generally very difficult to know exactly how many calories
people expend during daily physical activity as it depends
on the age, gender, weight, height, type and intensity of
activity.

Indirect calorimetry is a commonly used reference method
to estimate energy expenditure. A COSMED K4b2 calorime-
ter uses pulmonary gas exchange to measure caloric expen-
diture with a very high correlation of 98.2% [7]. Such
techniques are not exact and measure pulmonary gas
exchange (they measure Oxygen exchange VO2, not actual
energy expenditure). The factors such as ratio of macro-
nutrients burnt and any lactate accumulation during more
intense exercises affect EE values but are not accounted in
EE estimation using pulmonary gas exchange. Accounting
for this deficiency, indirect calorimetry is the closest we can
get to actual EE values in an ambulatory setting. However,
such a calorimeter is still impractical for use in daily life
settings because of the high cost, complexity and difficulty
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of use [8]. Pedometers and accelerometer based approxima-
tion algorithms offer an alternative solution that is gaining
popularity [9]. Many wearable devices, such as Fitbit [10],
Jawbone Up [11] and Nike C Fuelband [12] provide a practi-
cal solution to monitor the dynamic energy expenditure by
unobtrusively collecting data from wearable sensors to
estimate EE. Additionally, individuals will need to purchase
and carry these devices with them all the time to get a
comprehensive assessment of energy expenditure value.

However, the main shortcoming of pedometers or any
step-counting algorithms is their poor accuracy in detect-
ing steps at slow speed and insensitivity to gait differ-
ences such as the length of the stride. This leads to
unreliable estimation of energy expenditure [13]. Another
approach uses the accelerometer values directly, and attempt
to find an empirical relation between accelerometer data
and energy expenditure data measured by a calorimeter,
e.g. COSMED K4b2 [13], [14].

With smartphones becoming ubiquitous devices, they are
conveniently suited personal devices to measure EE, rather
than using dedicated wristbands, heart rate monitors or other
tracking devices. The main issue with additional sensors are
compliance and cost. Users have to remember to carry them,
not lose them and they are prone to damage. Although the
cost of commercially-available sensor products are coming
down, many of these sensors cost $100 or more at this time
and can be prohibitive for some of the population. On the
other hand, people already have smartphones and the habit
of carrying them along. However, further work needs to be
done to improve EE accuracy using smartphone sensors.

In this study, our focus is more on ambulatory activities a
person engages in during the course of an individual’s daily
life such as walking, climbing upstairs or downstairs etc.
Currently existing smartphone apps utilize only the
accelerometer data to estimate steps and converts them into
METs (Metabolic EquivalenT values) and calories estimates.
However, this approach is quite inaccurate.

New smartphones such as Galaxy S3, Galaxy Nexus,
iPhone 5 and later models have an integrated barometer
sensor in the phone which passively measures atmospheric
pressure. Slight variations in atmospheric pressures can be
used by these apps/algorithms to detect the work done against
gravity, hence improving the results. However, caution should
be exercised to not rely on absolute barometer values since
these can vary depending on environmental factors as well
as differences among devices [15]. Despite these limitations,
variations of sensor readings within a time period and
extracted features can be useful. Barometer has been used
for aiding GPS [16], the main reason behind its introduction
into smartphones. Recent work [17] uses barometer as an aid
in removing accelerometer drift. Due to its excellent relative
accuracy, differential in barometer has been used for floor-
change detection [15], [18] and activity classification [19].

Another motivation behind our work is to develop a
practical framework for EE estimation. Existing accelerom-
etry equations require heavy computations or require high

sampling frequency, both of which will drain the battery of
smartphones quickly.

The main contributions of this paper are as follows:
1) We propose and advance the use of machine learn-

ing techniques for EE. We have developed an initial
linear regression, ANN-based and bagged-regression
tree based regression model to obtain a 96% correla-
tion (� ) accuracy. We demonstrate high accuracy and
low error (Root Mean Square Error, RMSE D 0.73).

2) Trials were conducted on 12 individuals and validated
against reference EE data (provided by COSMED
K4b2 calorimeter). We can demonstrate high correla-
tion using basic features and low sampling frequency,
which will lead to battery efficiency.

3) We demonstrate the benefit of incorporating barom-
eter smartphone sensor in addition to accelerometer
to improve EE estimation accuracy. Unlike many of
the currently available calorimetry equations, or usage
of complex feature sets (computationally unfeasible
on smartphones), our approach uses simple features
extracted from barometer and accelerometer sensors,
fed to machine learning algorithms to obtain high
accuracy and low RMSE values. We demonstrate that
using barometer sensor, in addition to accelerometer,
improves correlation without computational overhead.

A preliminary version of this work has been reported in
a prior conference [1]. We would also like to point out the
scopes and limitations of our described model. First and
foremost, our analysis have been built and analyzed on the
basis of the most basic activities of otherwise normal and
healthy human beings. The results can be extended to other
physical activities like running, biking, etc, however, these
will need further validation testing. Secondly, our proposed
model requires an individual to carry a smartphone at all
times. This can be problematic as a smartphone may not
always be carried by individuals and the sensor location will
not always be known. Recognizing the activity type with a
non-fixed location of sensor on the body is complex task that
will require further work.

The rest of the paper is organized as follows: Section 2
provide an overview of related works in this area. Section 3
discusses the methodology used in the design of the exper-
iment. Section 4 gives a brief summary of the prediction
models used in the paper followed by experimental results in
Section 5. Section 6 provides summary of study conclusions
and discusses directions for future work.

II. RELATED WORK
A. EE USING BODY SENSORS
Numerous methods have been proposed to measure
short- and long-term exercise energy expenditure. This
includes using pedometers, heart rate monitors, and
accelerometers to measure EE. Most are compared to
either doubly-labeled water (DLW) or indirect calorimetry
(using a device such as COSMED k4b2 calorimeter) as
reference to actual EE values. Pedometer estimates of EE
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are weak and have a weak correlation to actual values
(0.53-0.61% [20], [21]). Similarly, the activity monitor
estimates of EE are also low (correlation 0.48-0.60 [20]).
It is possible to improve EE accuracy using multiple body
sensors (correlation of 0.9-0.95 [22]), but it becomes inconve-
nient to use multiple body sensors in daily living conditions.
Multiple calorimetry equations from accelerometry data have
been developed in research literature, but all tend to over-
or under-estimate EE depending on type and intensity of
the activity [23]. A group of investigators [24] evaluated
machine-learning based approaches to estimate EE but con-
sidered only treadmill walking and leaves out activities of
daily living. However, in prior work [25], the authors deter-
mine that height, weight and BMI (BodyMass Index, defined
later) are the best indicators for personalized EE for each
individuals. Thus, we have chosen those features as inputs
in our approach.

Fitbit is a highly popular commercial device which uses
accelerometer and altimeter sensors to capture personal
activity, a significant improvement over traditional
pedometers. However, some experiments have demon-
strated that Fitbit is not very accurate as it lacks activity-
classification algorithms [26]. Nike C Fuelband has the
same limitations. Existing body-sensor based EE estimation
employs a body-worn accelerometer and performs signal
analysis to estimate calories expended in real-time using
regression formulas. However, using a single sensor on the
body is not enough to provide accurate measurement for body
movement. Instead, multiple sensors are needed to improve
the activity estimation performance [27].

In our study, we foundmany of these devices were accurate
in step counts but inaccurate in EE estimation. Step-count
based algorithms show high degrees of correlation with
EE in scenarios such as walking, running and standing.
However, active lifestyle often involves climbing up or down
stairs. In these scenarios, accelerometer or pedometer based
approaches tend to be inaccurate. For example - in a sample
trial we asked some study subjects to climb up 4 flight of
stairs and then to climb down the same number of stairs.
The EE estimate obtained using commercial products such
as Fitbit and Nike C Fuelband (which use pedometer based
approach) are shown in Table 1. It is counter-intuitive that
one will spend more calories climbing down than upwards.
Existing algorithms used in these devices appear to count
steps and speed of the movement and attribute higher expen-
diture based on these variables. Given that our volunteers

TABLE 1. Average measurement of EE (Cal) and step counts using
commercial devices (Nike C Fuelband and Fitbit one) over volunteers
performing climbing task. The Devices report more work done in climbing
down than up, and also have huge disparity in measurements.

moved faster when climbing down stairs versus up stairs
these devices measured higher caloric expenditure for the
less vigorous activity of climbing down versus up. Moreover,
the two devices have huge variations in their measurements,
leaving user to wonder about their accuracy.

Heart rate monitors have also been used as stand-alone
devices or along with accelerometer sensors to collect data
and predict energy expenditure. Some devices such asWahoo
heart rate monitor, acquire heart rate data by measuring pulse
rate and use a linear relation between heart rate and oxygen
uptake to predict energy expenditure. However, heart rate
monitors have low accuracy during sedentary behavior and
require individual calibration [8], [28].

B. EE USING SMARTPHONES
Accelerometer sensor in smartphone has been used for activ-
ity recognition in many studies [29]. CalFit is a widely used
Android application that tracks time, location and physical
activity patterns of users for health and wellness studies [29].
It uses smartphones GPS receiver to get the location infor-
mation and the accelerometer for obtaining motion data.
It uses a prior algorithm [14] to estimate energy expendi-
ture strictly based on accelerometer data. Another previous
work [30] shows how smartphones, along with GPS data,
can be used to effectively estimate EE of individuals during
biking.

C. BAROMETER SENSOR AND ITS APPLICATION
Traditionally, the barometer sensor is used in meteorology
to measure atmospheric pressure. It is also used as pressure
sensor which measures relative and absolute altitude through
the analysis of changing atmospheric pressure. The barometer
sensor can be used for motion detection, but it is mostly
used by location-based applications to evaluate elevation.
Ohtaki et al. have first introduced the concept of combin-
ing barometer with accelerometer for detecting ambulatory
movements [31], where authors embed a barometer sensor
into a portable device to evaluate daily physical activity and
classify the activity type. [32] uses barometer in addition to
accelerometer, but consider only linear regression models,
thus limiting its accuracy.

III. METHODOLOGY
Our primary aim was to build an application capable of
accurately estimating EE without leveraging significant com-
putational resources on the smartphones. Low computational
and power requirements will make such an algorithm more
usable and attractive to consumers.

There are three components of a system developed to
estimte EE: (a) sampling and sensing of signal (b) feature
calculation and (c) the machine learning algorithm itself.
Although the machine learning algorithm is computationally
expensive in training, its complexity is very low for testing
and practical use. Therefore, we have focused on the other
two aspects in this paper: (a) we have used a very low sam-
pling rate of 2Hz and (b) we choose a subset of features which
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