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Abstract. The main goal of this paper consists on the adaption and validation of a method for the measurement of the energy 
expenditure during physical activities. Sensors available in a mobile device, e.g., a smartphone, a smartwatch, or others, allow 
the capture of several signals, which may be used to the estimation of the energy expenditure. The adaption consists in the 
comparison between the units of the data acquired by a tri-axial accelerometer and a mobile device accelerometer. The tests were 
performed by healthy people with ages between 12 and 50 years old that performed several activities, such as standing, gym 
(walking), climbing stairs, walking, jumping, running, playing tennis, and squatting, with a mobile device on the waist. The 
validation of the method showed that the energy expenditure is underestimated and super estimated in some cases, but with 
reliable results. The creation of a validated method for the measurement of energy expenditure during physical activities capable 
for the implementation in a mobile application is an important issue for increase the acceptance of the mobile applications in the 
market. As verified the results obtained are around 124.6kcal/h, for walking activity, and 149.7kcal/h, for running activity. 
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1.  Introduction 

During the last years, the use of mobile devices, 
e.g., smartphones, smartwatches, and tablets, is 
increasing [22; 71]. Sensors are commonly available 
on these devices, allowing the capture of several 
physical and physiological parameters anywhere and 
at any time [66]. The sensors available on these 
devices, e.g., accelerometer, gyroscope, 
magnetometer, and gravity sensors, Global 
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Positioning System (GPS) receiver, microphone, and 
camera, offer the opportunity to the creation of new 
health-related systems, including the measurement of 
the energy expenditure during physical activity. 

The benefits of a regular physical activity are vast 
[53]. In children and young people (5-17 years) 
exercise helps to maintain a normal weight, to develop 
healthy musculoskeletal and cardiovascular tissues 
and to improve coordination and movement control 
[53]. For adults (18-64 years) physical activity helps 
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to lower rate of cardiovascular disease, high blood 
pressure, diabetes type II and depression; reduce the 
risk of suffering from hip and vertebral fractures, 
increase the level of muscular and cardiovascular 
fitness, and ease the control of the weight and body 
mass composition [54]. In the elderly (> 65 years) in 
addition to the same benefits given to adults, physical 
activity reduces the risk of falls and improves 
cognitive functions [55]. 

There is a vast number of mobile applications for 
the estimation of the energy expenditure available in 
the market, but only a few of them have information 
about the statistical and scientific validity. Commonly, 
the scientific validity of mobile applications is not 
verified by the publisher before the submission to the 
online application stores, therefore, the user may be 
led into error by assuming that the application has a 
scientific background and returns valid results, when 
in fact, it has not [21]. 

This paper describes the process of adaptation 
based on the study [23; 24] where the estimation of the 
energy expenditure was assessed for accelerometers 
and electromyography signals against a golden 
standard. This paper also addresses the validation of a 
method for the estimation of the energy expenditure 
during physical activity, implementing this new 
method in a mobile application, using unobtrusive 
sensing on mobile devices. The implementation of a 
validated method to estimate the energy expenditure 
may increase the acceptance of the mobile application 
among users. This paper also presents a study related 
to the validity of the mobile applications for the 
estimation of the energy expenditure available in 
Google Play [65]. 

The remaining sections of this paper are organized 
as follows: this paragraph concludes Section 1 and 
Section 2 presents a background about the validity of 
the mobile applications for the measurement of the 
energy expenditure available on the Google Play 
Store, and a review of the existing research studies on 
this subject. Section 3 presents a description of the 
implemented solution. Section 4 presents the 
validation of the method. Section 5 presents the results 
of the described method. Section 6 presents the 
discussion about the method implemented. Section 7 
presents the conclusions of this study. At the end, the 
literature references are presented. 

 

2. Background 

A. Mobile applications review 
 
Several mobile applications for the measurement of 

the energy expenditure during physical activities are 
available in the online application stores, e.g., Google 
Play Store [65], and iTunes Store [6]. As these mobile 
applications should be backed by a research that 
assures the scientific validity of the mobile 
applications, the question of the present study consists 
on the research about the scientific validity of the 
mobile applications available on the Google Play 
Store for this purpose. 

The mobile applications were included in this 
review if they met the following criteria: (1) measure 
the energy expenditure, (2) use sensors, (3) use the 
accelerometer sensor, and (4) have information about 
the scientific validity. The other functionalities of the 
mobile application are not included in this study. 

Therefore, the study has been performed in the 
Google Play Store, at 31st July 2017, searching by the 
following query: “exercise calorie tracker”. The data 
extracted from the mobile applications are the 
information about the scientific validation, the sensors 
used, the rating of the user reviews, the number of 
downloads, the name of the author, and other 
information about each mobile application. 

After the research, ilustrated in the figure 1, 248 
mobile applications are identified, of which 112 
mobile applications that do not use sensors, were 
excluded. The remaining 136 mobile applications 
were evaluated in terms of the use of the accelerometer 
sensor, resulting in the exclusion of 16 mobile 
applications. The verification of the scientific 
validation of the remaining 120 mobile applications 
resulted in the exclusion of 114 mobile applications 
for which the authors do not present information about 
the scientific support. A total of 6 mobile applications 
scientifically validated are included in this study. 
However, some mobile applications that are not 
validated have thousands or millions of downloads in 
Google Play Store, which may represent a risk to the 
users, because these applications may return invalid or 
inconsistent values. 

As verified, only a small set of the mobile 
applications, around of 2.4%, present some 
information about the scientific background. Table 1 
presents a summary of the characteristics of the 
mobile applications, which use scientific methods. 
This paper focuses on the research of the existent 
methods to adapt/create a new method for the 
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estimation of the energy expenditure using mobile 
devices. The estimation of the energy expenditure 
based on the data captured by several sensors and/or 
mobile devices has been subject of research studies, 
from which different solutions were proposed, 
including the use of metabolic equivalents of tasks 
(MET) to measure physical activity of people [14], or 
statistically validated methods using the accelerometer 
data from a mobile device [23; 24]. These data depend 

on both the subject and the location. On the one hand, 
the result is related with the individual characteristics 
of each person, including the gender, the weight, the 
height, the age, and the lifestyle [12; 67]. On the other 
hand, the result is also a location of environmental 
factors, e.g. temperature and humidity, culture, and 
types of food [7]. 
 
 

 
 

 
Fig. 1. Flow diagram of identification and exclusion of mobile applications. 
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Table 1 

Mobile applications that presents information about the scientific validation. 
Mobile 
Applications 

Scientific Validation Sensors Comments User 
reviews 

Number  of 
downloads 

Author 

Calorie 
Counter PRO 
MyNetDiary 
[48] 

The scientific validation is 
not clear, but it has some 
information published in 
journals. [62] 

GPS 
accelerometer 
compass 
camera 

Measures the number 
of calories based on 
the number of steps. 

4.4 1,000,000 - 
5,000,000 

MyNetDiary.com 

8fit - Workout 
& Meal Plans 
[1] 

The scientific validation is 
not clear, but it has some 
information published in 
Websites. [2] 

GPS 
accelerometer 
compass 
camera 

Measures the number 
of calories based on 
the number of steps. 

4.5 500,000 - 
1,000,000 

8fit 

Noom Coach: 
Weight Loss 
Plan [52] 

Scientifically validated, 
presented in several studies 
[56; 62] 

GPS 
accelerometer 
compass 
camera 

Measures the number 
of calories based on 
the accelerometer data. 

4.3 10,000,000 
- 
50,000,000 

Noom Inc. 

Exercise 
Buddy [59] 

Scientifically validated, 
because includes scientific 
information of ACSM 
(American College of 
Sports Medicine) 

GPS 
accelerometer 
compass 
camera 

Measures the number 
of calories based on 
the accelerometer data. 

3.9 5,000 - 
10,000 

PANAGOLA 

Lark Chat 
[40] 

Scientifically validated, 
because the company 
performs research studies 
[50] 

GPS 
accelerometer 
compass 
camera 

Measures the number 
of calories based on 
the sensor available in 
the mobile device. 

4.2 50,000 - 
100,000 

Lark 

iCountTimer 
Pro [68] 

The scientific validation is 
not clear, but it won a prize 
[68] 

GPS 
accelerometer 
compass 
camera 

Measures the number 
of calories based on 
the accelerometer data. 

4.6 500 - 1,000 RhythmicWorks 

 
 

B. Literature review 
 
MET is a physiological measure expressing the 

energy cost of levels of physical activity that is being 
performed by a person, which may include running, 
walking or other physical exercises as well as activity 
performed by a person with sedentary lifestyle. The 
MET value may be estimated based on the speed and 
accelerometer data [14], its outputs (x, y and z) 
representing the acceleration on each of the tri-axial 
directions, allowing for the calculation of the 
magnitude of vector (MV) in each instant of the data 
collection, according the Eq. (1). 

 
𝑀𝑉 = 𝑥% + 𝑦% + 𝑧%.  (1) 
 

where MV is the Magnitude of Vector, and x, y, and z 
are the outputs of the accelerometer. 
 

Thus, the energy expenditure value is determined 
for each physical activity [17; 18; 23; 24; 26; 35; 44; 
49; 51; 57; 76] on a time interval manner, instead of 
the instantaneous energy expenditure method [32].  

In line with this, the authors of [75] created a project 
named TraiNutri, which includes the estimation of a 
person’s energy expenditure, using a mobile device 

with the Android operating system. This mobile 
application is named as Activity Level Estimator [33], 
calculating the energy expenditure based on three 
activity levels identified by the MV [34]. This mobile 
application is accurate on average 86% for different 
levels of walking and it underestimates the energy 
expenditure of 23% during a period of 24 hours [33]. 

The project named CHIRON [43] aims to monitor 
congestive heart failure patients using wearable 
sensors and a smartphone. This system recognizes the 
physical activity based on machine learning 
techniques, such as: the linear regression, the Artificial 
Neural Networks (ANN), e.g., Multi-Layer Perceptron 
(MLP), the Support vector regression (SVR), the M5P 
model trees, and the regression trees, which was the 
best method [43]. The results of this system reports 
low errors. 

On the one hand, in [74] a SVR is used for 
validating the volume of the oxygen and the carbon 
dioxide consumption. On the other hand, in the study 
[81], presented a linear regression model combined 
with the obtained error related with on the positioning 
and orientation of the tri-axial accelerometer. This 
value is determined in accordance with the Eq. (2) and 
it is based on the sum of the integrals of the absolute 
value of accelerometer output from all the three 
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measurement directions as input for the measurement 
of the energy expenditure: 

 
𝐸𝐸 = 0.104	 + 	0.023	×	IAA.  (2) 
 

where EE is the Energy Expenditure, IAA is the 
Integral of Absolute value of Accelerometer.   

 
Several research studies have been performed 

related to the measurement of energy expenditure, 
including the development of linear models, neural 
networks, Random Forest, Support Vector 
Regression, Context-based methods, based on MET 
tables, but this study is focused on the use of linear 
models. However, a generalized analysis of the MET 
tables is not presented and they are specified for each 
study. Applying the Eq. (3) for the measurement of the 
energy expenditure in [16], the MET value is 2.0, 
when the people is walking slowly, 3.3, when the 
people is walking fast, and 8.0, when the people is 
running. When applied to an individual with 56kg, 
walking slowly, the value of the correspondent energy 
expenditure is 1.96 kcal/min. 

 
𝐸𝐸 4567

89:
= 	0.0175	kcal	×	𝑘𝑔CD	×	𝑚𝑖𝑛CD	×	𝑀𝐸𝑇CD	×

	MET	×	Weight	(kg)                       (3) 
 

where EE is the Energy Expenditure, and MET is the 
value of the metabolic equivalents of tasks. 

 
Depending on the research studies, the model for 

the measurement of the energy expenditure may be 
different and adjusted to return values for different 
time intervals, and the MET value may be estimated 
based on the speed and accelerometer data as studied 
by [14]. In [8; 14; 41; 69] is proposed an hourly model 
for the estimation of the energy expenditure, as 
presented in the Eq. (4). 

 
𝐸𝐸 4567

T
= 	1.05	×	MET	×	Weight	 kg . (4) 

 
where EE is the Energy Expenditure, and MET is the 
value of the metabolic equivalents of tasks. 

 
In [30], the authors presented a linear mixed model, 

which estimates the oxygen consumption to calculate 
the energy expenditure during physical activity, 
considering the height of the subjects. The oxygen 
consumption was obtained by linear mixed model and 
the percentages of underestimated results are very low 
[30]. In [29], the authors proposed an approach of the 
linear mixed model that implements a procedure to 

select the fixed-effect variables in the model. 
Moreover, additional systems for the measurement of 
the energy expenditure have been developed based on 
the data provided by the accelerometer sensor [5; 25; 
38; 46; 58; 60; 77-79; 82]. 

Finally, the location sensor as the GPS receiver, 
available on the off-the-shelf mobile device, might be 
used to evaluate the different intensity of the physical 
activities combining the speed of travel with the 
travelled distance [45]. However, this approach is 
limited when a bike, a train, or a car was used. On the 
contrary, the energy expenditure, the data collected by 
the accelerometer may be validated with the relation 
between the volume of oxygen consumed and the 
heart rate of each individual. In fact, usually the 
energy expenditure value provided by the 
accelerometer is underestimated [10; 11]. Moreover, 
other sensors and instruments are used to assess the 
reliability of the obtained energy expenditure values 
during the physical activity. Some authors made 
experiments with the Tritrac accelerometer to estimate 
the energy expenditure, comparing these values with 
the data provided by a calorimetry. The value of the 
energy expenditure obtained by the accelerometer data 
collected by Tritrac is also considered underestimated 
[15; 36; 37; 42; 73]. 

The classification of the activities influences the 
estimation of energy expenditure, and several authors 
created some methods for the identification of the 
types of activities. In [61], the authors created a 
method with linear (regression) and nonlinear 
(machine-learning–based) models for the estimation 
of energy expenditure, comparing the accelerometer 
values with the values obtained with Cosmed K4b2, 
reporting a correlation of 91%. 

The authors of [72] makes use of two artificial 
neural networks (ANN) to estimate the energy 
expenditure using accelerometer. The first ANN used 
consists on the prediction of the energy expenditure 
using MET, and the second ANN used consists on the 
identification of the type of activity [72]. The ANN 
compares the Actigraph data with the accelerometer 
data, using the distribution of counts (10th, 25th, 50th, 
75th, and 90th percentiles of a minute’s second-by-
second counts) and temporal dynamics of counts (lag, 
one autocorrelation) as features [72], reporting an 
accuracy around 88%. 

The authors of [19] used several methods for the 
estimation of the MET value for the correct estimation 
of the energy expenditure, such as support vector re- 
gression (SVR), linear regression (LR), multilayer 
perceptron (MLP), M5Rules, M5P, and REPTree, 
reporting an accuracy around 70%. 
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The work developed in [28] used a soft computing 
method involving Information Correlation Coefficient 
analysis and a wrapper feature selection for the 
extration of 150 features and was used a Genetic 
Fuzzy Finite State Machine to reduce to 20 features 
for the estimation of the energy expenditure. 

In [31] was explored deep, convolutional and 
recurrent neural network approaches to test the 
performance of deep learning approaches on three 
different datasets that contain movement data. The 
authors of [31] recommended convolutional networks 
for macro gait detection, avoiding the better 
measurement of energy expenditure. 

In [27], the authors compared 5 machine learning 
algorithms on 4 datasets containing laboratory and 
simulated free-living activities, improving the 
measurement of energy expenditure. 

In conclusion, other studies presents the use of 
machine learning algorithms for the estimation of the 
energy expenditure using accelerometer data, 
reporting reliable results with this type of methods [3; 
9; 13; 20; 47; 80; 83], including k-Nearest Neigbour 
(k-NN), Deep Leaning, and others. 

3. Proposed method  

This paper explores the method created.previously 
validated in studies [23; 24], in which the value of the 
energy expenditure is around 300 kcal/h during 
running. The study [24] involved 57 young and adult 
people, which were 43 male and 14 female 
(24.37±5.96 years) submitted to a protocol on 
increasing treadmill velocities with four levels (Level 
1: 5.8 km/h; Level 2: 8.4 km/h; Level 3: 10.3 km/h; 
Level 4: 11.6 km/h for men and Level 1: 5.1 km/h; 
Level 2: 7.7 km/h; Level 3: 9.0 km/h and; Level 4: 
10.3 km/h for women), each five minutes long 
[23].The experimental installation consists of a tri-
axial accelerometer connected to the acquisition 
system, bioPlux, for the acquisition data and a golden 
standard device, Cosmed K4b2.  

For the creation of the model [24], several studies 
were performed for the calculation of energy 
expenditure to find an method statistically valid 
related to the use of the accelerometry data as 
presented in Eq. (5).  

 
𝐸𝐸 UVWX

Y
= 0,031𝑀𝑉 + 74,65.                        (5) 

 
where EE is the Energy Expenditure, and MV is the 
Magnitude of Vector. 

 
Also in this work an electromyography sensor has 
been used to minimize the error which resulted in the 
model presented in the Eq. (6); however, this model 
was not used in this research, because the mobile 
devices do not include the electromyography sensor: 
 

𝐸𝐸 UVWX
Y

= 58,8496 + 0,0299𝑀𝑉 + 0,0437𝑅𝑀𝑆𝑒𝑚𝑔.    (6) 
 
where EE is the Energy Expenditure, MV is the 
Magnitude of Vector, and RMSemg is the Root-Mean-
Square of Electromiography (EMG). 
 

The measurement of the energy expenditure may be 
performed using the sensors available in and off-the-
shelf mobile device, and this study consists in the 
presentation the analysis for the creation of a validated 
method studied in [64], which is used for the 
measurement of the energy expenditure during 
physical activities. Figure 2 presents the module for 
the estimation of energy expenditure of the system 
presented in [64]. The mobile application, presented in 
the figure 1, measures the distance travelled and 
energy expenditure using a mobile device. It allows 
the user to define goals for him/her personal daily 
training, using the validated method. 

After the adjustment of the units of the data 
collected by the sensors connected do the bioPlux 
research device and the sensors of mobile device, it is 
possible to estimate the energy expenditure with a 
mobile device.  

The values of energy expenditure measured by the 
model represented in the Eq. (5) are obtained in 
kilocalories per hour (kcal/h). 

 

 
Fig. 2: Mobile Application sample screenshots. 
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The proposed model are able to calculate the energy 
expenditure during a time interval, receiving the mean 
of the MV, obtained from the outputs (X, Y, Z) 
provided by the accelerometer. The data obtained 
from the outputs of the tri-axial accelerometer 
connected to the bioPlux are in millivolts (mV). 

On the other hand, the data obtained from the 
accelerometer of the mobile device are in different 
units, while the output values of the accelerometer 
attached to the bioPlux are obtained in millivolts 
(mV), the values from the outputs of the accelerometer 
of the mobile device are in meters per second squared 
(m/s2). 

During the data acquisition, invalid or noised values 
may be received, but the effects of these values may 
be minimized with the reducion of real gravity values, 
obtained by the gravity sensor. Thus, the model 
developed with the sensors connected to the bioPlux 
needs to be adapted. The method to adapt the models 
starts with the calculation of 1G value of the 
accelerometer connected, reducing the maximum 
value obtained with the experiment in various axes 
that was 1528,01734 mV, obtained the presented Eq. 
(7). 

 
𝐸𝐸 UVWX

Y
= 0,031× 𝑀𝑉 + 1528,01734 + 74,65.  (7) 

 
where EE is the Energy Expenditure, and MV is the 
Magnitude of Vector. 

 
The Eq. (7) was adapted to receive the 

accelerometer data without gravity, but the different 
sources (accelerometer connected to the bioPlux and 
accelerometer from mobile device) have different 
units. Assuming the value of the Earth's gravity is 
equal to 9,81 m/s2, is possible to convert the units of 
data, with the method presented in the Eq. (8). 

 
1𝑚/𝑠% = Dc%d,eDfgh

i,dD
	𝑚𝑉.  (8) 

 
This conversion should be applied to the MV 

presented in the Eq. (8), obtaining the Eq. (9), in which 
the magnitude of vector is received in m/s2 (units 
obtained by the accelerometer sensor of the mobile 
device): 

 
𝐸𝐸 UVWX

Y
= 4,83𝑀𝑉 + 122,02.  (9) 

 
where EE is the Energy Expenditure, and MV is the 
Magnitude of Vector. 

 

For the mobile application developed, the value of 
the energy expenditure, during a time interval 
performing physical activity, should be presented to 
the user. Thus, the value of energy expenditure, 
measured in background by the mobile application, 
should be updated to the user’s interface around every 
10 milliseconds. This time depends on the frequency 
of the data collection, which is related to the 
processing capacity of the mobile device. 

Due to the fact that the frequency of the 
accelerometer depends on the mobile device, this 
study attempts to capture the sensors’ data as fastest as 
possible [39]. As verified with the experiments during 
this research, this method allows the mobile device to 
get data every around 10 milliseconds. 

Thus, the timing of the Eq. (9) should be adapted to 
the minimum unit of time, which is the second. This 
adaptation is presented in the Eq. (10). 

 
𝐸𝐸 UVWX

j
= h,dgklmD%%,e%

gnee
. (10) 

 
where EE is the Energy Expenditure, and MV is the 
Magnitude of Vector. 

4. Method Validation 

The method created in this study was tested in 
healthy people aged between 12 and 60 years old. For 
the validation of the developed method, the 
accelerometer data was acquired with a mobile 
application that saves the raw data in text files, which 
are available at [4]. The accelerometer data is 
automatically acquired by the developed mobile 
application, which acquires 5 seconds of data every 5 
minutes in order to measure the EE with different level 
intensities and different phases of the performance of 
the activities, which is affected by several constraints, 
e.g., fatigue level of the individual and intensity of the 
activity performed. During the experiments of the 
method created, the people performed several 
activities, such as standing, gym (walking), climbing 
stairs, walking, jumping, running, playing tennis, and 
squatting, with a mobile device on the waist, handling 
the capture of the accelerometer signal during the 
execution of the activities. The choose of these 
activities were important for the comparison of the 
values obtained by other methods (i.e., Cosmed [23; 
24], and Felizardo et al [23; 24]) in order to validate 
the reliability of the proposed method. The method 
developed includes the measurement of the MV of the 
accelerometer data, and the creation and applicatiopn 
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a new method based on Felizardo et al [23; 24]. For 
MV and EE calculation was used fifteen datasets, 
randomly selected from the data acquired, for each 
activity, and the results are presented in Table 2. 

5. Results 

After the data acquisition during the experiments, 
the processing of the data was performed, obtaining 
the results presented in the table 2, presenting the 
mean±standard deviation values of the size of 
magnitude of vector (MV) and the amount of energy 
expenditure (EE) obtained during the performance of 
the activities, verifiyin that a correlation between the 
mean of MV and the EE does not exists, because the 
EE depends on the movement along the acquisition 
time, and only in running activity the EE significatly 
increases, and the EE for other activities is around 
120kcal/h. In figures 3 a) and b), the mean values of 
MV and EE are presented, verifying that high values 
of the mean values of MV, increases the EE less than 
expected, because, during the acquisition time, the 
movement intensity fluctuates. 

In conclusion, the mean of size of magnitude of 
vector is not directly correspondent to the amount of 
energy expenditure, because the energy expenditure is 
calculated for a defined time slot and the size of the 
magnitude of vector during the time slot can be higher 
than a mean of the magnitude of vectors during all 

time of activity. As example, the jumping does not 
have a constant size of magnitude of vector and the 
energy expenditure calculated is lower than the real 
energy expenditure.  

6. Discussion 

This study is based on the method created in [24], 
adapting this method to allow the implementation in a 
mobile application, using the mobile device’s sensors. 
It includes the estimation of 1G value of the 
accelerometer connected to the bioPlux device for the 
adaptation of the units of the MV, which allow the use 
of the values captured by the accelerometer of the 
mobile device with this method. 

As verified during this study, only 6 mobile 
applications for the estimation of the energy 
expenditure available on Google Play Store includes 
information about the scientific validity of the mobile 
applications. The purpose of this study consists on the 
creation of a validated mobile application for the 
estimation of the energy expenditure. 

However, this study has limitations in the tests of 
the mobile application developed, because it should be 
validated with data acquired from the the golden 
standard device, Cosmed K4b2, used in [23; 24]. 

 
 

 

 

Table 2 

Mean±standard deviation values of the Magnitude of Vectors (MV) and Energy Expenditure (EE) for the activities. 
Activities: MV: EE (kcal/s): EE (kcal/h): 
Standing 0.226±0.221 0.034±0.0003 123.1±1.066 

Gym 0.657±0.407 0.035±0.0005 125±1.967 
Walking 0.541±0.242 0.035±0.0003 124.6±1.168 

Downstairs 0.82±0.905 0.035±0.001 126±4.37 
Upstairs 0.167±0.585 0.034±0.0007 122.8±2.823 
Jumping 0.21±0.768 0.034±0.001 123±3.707 
Running 5.724±2.286 0.042±0.0003 149.7±11.042 

Playing Tennis 1.828±2.268 0.036±0.003 130.9±10.954 
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The study [24] analyses the energy expenditure in 
4 levels of activity different by gender. For man, the 
activities are walking (5.8 km/h) and running (8.4 
km/h, 10.3 km/h, and 11.6 km/h). For woman, the 
activities are walking (5.1 km/h) and running (7.7 
km/h, 9 km/h, and 10.3 km/h). On the other hand, the 
activities of this study are standing, gym (walking), 
climbing stairs, walking, jumping, running, playing 
tennis, and squatting. 

Thus, the results of this study are limited to the 
adaptation of the method previously validated in [24], 
supposing that the results are valid, because it use a 
validated method. As presented in the table 3, the 
values related to energy expenditure obtained for 
walking activity with the proposed method are higher 
than the method developed by Felizardo et al [23; 24]. 
However, for the running activity, the results of 
energy expenditure obtained are lower than the values 
obtained by the method developed by Felizardo et al 
[23; 24].   
 

Table 3 

Energy expenditure obtained with our proposed model and original 
model. 

Activity Method EE(kcal/h) 
Walking 
(5-6km/h) 

Proposed method 124.6 
Cosmed [23; 24] 87.3 
Felizardo et al [23; 
24] 106.8 

Running 
(10-11 km/h) 

Proposed method 149.7 
Cosmed [23; 24] 188.9 
Felizardo et al [23; 
24] 172.6 

 

7. Conclusions 

The creation of a validated method for the 
measurement of energy expenditure during physical 
activities capable for the implementation in a mobile 
application is an important issue for increase the 
confidence of the mobile applications in the market. 
Only a few set of mobile applications has information 
about the validity of the methods implemented in the 
mobile application currently in the market, which are 
used for thousands of individuals. These mobile 
application are especially important for support a 
training program. 

This study concludes with a successfully 
adaptation of the method previously created in [24]. 
The detailed information about this study is presented 
in the [64]. For more information or access to the data 
of this research, it is available at the ALLab (Assisted 
Living Computing and Telecommunications 
laboratory) MediaWiki [70], where the research was 
conducted, and the mobile application and the web 
platform to support this research are available at [63]. 
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