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Abstract—The purpose of this study was to develop and validate an algorithm for classifying physical activity (PA) classes
and sedentary behavior (SED) from raw acceleration signal
measured from hip. Twenty-two adult volunteers completed a
pre-defined set of controlled and supervised activities. The activities included nine daily PAs. The participants performed PA
trials while wearing a hip-worn 3D accelerometer. Indirect calorimetry was used for measuring energy expenditure. The raw
acceleration data were used for training and testing a prediction
model in MATLAB environment. The prediction model was
built using bagged trees classifier and the most suitable extracted features (mean, maximum, minimum, zero crossing
rate, and mean amplitude deviation) were selected using a sequential forward selection method. Leave-one-out cross validation was used for validation. Activities were classified as lying,
sitting, light PA (standing, table wiping, floor cleaning, slow
walking), moderate PA (fast walking) and vigorous PA (soccer
and jogging). The oxygen consumption data were used for estimating the intensity of measured PA. Total accuracy of the prediction model was 96.5%. Mean sensitivity of the model was
95.5% (SD 3.5) and mean specificity 99.1% (SD 0.5). Based on
the results PA types can be classified from raw data of the hipworn 3D accelerometer using supervised machine learning techniques with a high sensitivity and specificity. The developed algorithm has a potential for objective evaluations of PA and
SED.
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I. INTRODUCTION

Physical activity (PA) enhances health outcomes by reducing the risk of morbidity and mortality [1]. On the other
hand, excessive time spent in sedentary behavior (SED) and
especially prolonged periods of sitting are independent risk
factors for chronic diseases despite the amount of PA [2-3].
Therefore, objective methods to measure PA and the patterns
of SED are required to improve understanding of their health
effects.
There are several types of PA monitors and analysis methods available [4]. The output of different monitors is dependent on the used signal processing methods and the thresholds

of PA levels. As a result, different types of accelerometers
are not interchangeable with each other when measuring PA
in free-living conditions. [5] Researchers have proposed the
use of raw acceleration signal instead of some specific unit
e.g. counts [6]. However, there is still missing consensus of
the accurate analysis technique [4, 6-7].
Mean amplitude deviation (MAD) has been suggested a
potential universal feature for analyzing raw data of a 3D accelerometer [8]. MAD indicates the mean difference of the
data samples from the mean acceleration and it is computed
from the magnitude vector of three orthogonal acceleration
signals.
Machine learning (ML) techniques for PA classification
have shown promising results [9-11]. Compared to the traditional processing methods the advantage of ML is that it can
extract nonlinearities and complex dependencies from acceleration signals. Using ML methods PA classification can be
done without specific thresholds e.g. METs or counts. [10]
The aim of this study was to develop and validate an algorithm for classifying PA based on intensity and SED from
raw acceleration data using MAD and ML techniques.

II.

METHODS

A. Participants
Twenty-two 17-58 years old healthy volunteers were recruited for measurements. All participants were asked to provide written consent to take part in the study. Oral and written
information about the study were given to the participants before obtaining the consent. The participants had right to refuse to participate in or to withdraw from the study. The study
followed the ethical principles for medical research involving
human subjects in Finland and the Declaration of Helsinki.
The participants were guided to abstain from alcohol and
unaccustomed hard activity or exercise for 24 hours prior to
measurements. Gender, age, and long-term PA level of the
participants were assessed by a questionnaire. Training background were collected using a six-point scale (0-1, 1-3, 3-5,
5-8, 8-12, and >12 h/week) by asking to choose the level that

2

best describes the overall amount and intensity of their PA
during the past three months.
In addition, height and body mass of the participants were
measured prior to PA measurements. Height was measured
to the nearest 0.1 cm using a stadiometer and body mass was
measured to the nearest 0.1 kg using a digital scale. Body
mass index (BMI) was calculated using the measured height
and weight data (kg/m2). The demographic characteristics of
the participants are shown in Table 1.

variability in hanging out on a sofa, six participants performed lying on a sofa without oxygen consumption measurement.
The acceleration data from the nine different daily activities were used for training and testing a prediction model. The
complete data processing and training of the classifier were
conducted using MATLAB R2016b (The MathWorks, Inc).

Table 1 Demographic characteristics of the study participants

The raw acceleration data were transformed into g-units.
The signal magnitude vector (SMV) was calculated from
three-dimensional acceleration data using the following
equation:

C. Data analyses

Women (n = 11)

Men (n = 11)

Total (n = 22)

Age (years)

26.0 (11.3)

29.0 (11.6)

27.5 (11.2)

Height (cm)

165.8 (3.2)

180.1 (3.5)

173.0 (8.0)

𝑆𝑀𝑉 = √𝑎𝑐𝑐_𝑥 2 + 𝑎𝑐𝑐_𝑦 2 + 𝑎𝑐𝑐_𝑧 2

Body mass (kg)

66.8 (8.2)

84.5 (6.7)

75.7 (11.7)

th

BMI (kg/m2)

24.2 (2.4)

26.0 (1.6)

25.1 (2.2)

Data are mean or median (SD).

B. Data set
Volunteers completed a pre-defined set of controlled and
supervised activities for four minutes each, with a 0.5-4 minute resting period between activities depending on the intensity of the previous activity. The protocol included a set
of nine daily activities with increasing intensity (hanging out
on a sofa, sitting at a computer, standing/poster viewing, wiping and setting up kitchen table, floor cleaning, slow walking,
fast walking, soccer passing, and jogging). The selected activities represented typical free-living activities and ranged in
intensity from sedentary to vigorous [12]. The participants
performed walking and jogging at self-selected speed. Fast
walking, soccer, and jogging was conducted on an outdoor
track. The participants were guided orally during the measurements. Before the beginning of a new activity the participants were asked to stand still.
Triaxial accelerometer (Hookie AM20, Traxmeet Ltd, Espoo, Finland) was attached to the participant’s right hip on
the elastic belt. Acceleration data were collected in a raw
mode at 100 Hz in range ±16g. The manufacturer’s default
values for thresholds of acceleration sensor were used.
Oxygen consumption was measured with indirect calorimetry (COSMED K4 b2, Cosmed Ltd, Rome, Italy) and used
as a criterion measure. COSMED K4 b2 has been shown to
reliably measure oxygen consumption [13]. Before each
measurement and transition to the outdoor track, indirect calorimetry was calibrated. Indirect calorimetry was worn as a
vest with a rubber facemask (Hans Rudolph, Kansas City,
USA) and the participants were not allowed to speak during
activities. Because wearing the indirect calorimetry produced

(1)

The acceleration signals were filtered with 4 order Butterworth lowpass filter with cut off frequency of 20 Hz. Human movement is typically under 20 Hz so a high frequency
noise should be filtered [14]. An influence of ground reaction
force was removed from the SMV by filtering the signal with
4th order Butterworth highpass filter with cut off frequency
of 0.5 Hz. The acceleration signals were resampled from 100
Hz to 10 Hz for a lighter performance. A high accuracy for
classification of typical human PAs could be achieved using
data sampled at 10 Hz [15-16].
Classification was conducted using supervised ML techniques. In order to extract features the acceleration data were
windowed. Window size was set to 5 s (50 data samples) and
the slide between two adjacent windows was 2.5 seconds (25
data samples). Window size of approximately 5 s has been
shown to achieve sufficient accuracy in detecting physical
activity intensities [17]. For reducing the number of misclassified windows, the final classification was performed based
on the classification results of six adjacent windows, i.e. an
activity had to stay same for 30 s in order to be classified as
a new activity.
Classification features were extracted from three dimensional acceleration data and SMV. The extracted features
were mean, MAD, zero crossing rate (ZCR), minimum, maximum, and difference between maximum and minimum so
that a total number of features was 21. A sequential forward
selection method (SFS) was employed for a selection of the
most suitable features.
The selected features (mean, minimum, maximum, ZCR,
and MAD) were used for training a classification model. In
order to find the most applicable classifier experiments were
performed using several standard ML classifiers: decision
trees (boosted and bagged), k nearest neighbors (kNN), support vector machines (SVM), and linear discriminant analysis
(LDA). Leave-one-out cross validation was employed for
validation of the prediction models in order to obtain user-
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independent results. In the leave-one-out method the data of
each participant was used in turn as a test data and the remaining data were used for model training.
Total accuracy for each classifier was obtained by dividing the number of the correct predictions by the total number
of the predictions, see Table 2. The bootstrap aggregated
(bagged) trees classifier provided the best results and was
chosen to be used in the final classification process. In
bagged trees classifier several decision trees were combined
to reduce variance of the prediction [18]. The classifier
trained multiple decision tree models on different randomly
selected bootstrap samples of the data and generated an estimate by averaging the classification results of the models.

III.

RESULTS

Based on the movement patterns of activities, the PAs
were classified into five PA classes: lying (lying on a sofa),
sitting (sitting at a computer), light PA (standing/poster viewing, table wiping, floor cleaning, and slow walking), moderate PA (fast walking), and vigorous PA (soccer and jogging).
METs were used for assessing the intensity of activities.
Total accuracy of the bagged trees prediction model was
96.5%. Specificity and sensitivity for each activity class are
presented in Table 4. Mean sensitivity for the model was
95.5% (SD 3.5) and mean specificity 99.1% (SD 0.5). For
moderate to vigorous PA (MVPA) mean sensitivity was
95.3% (SD 5.4) and specificity 99.0% (SD 1.0).

Table 2 Total accuracies of the classifiers
Table 4 Sensitivity and specificity of bagged trees classifier for detecting
Classifier

Total accuracy

Bagged trees

96.5%

Boosted trees

96.3%

kNN

90.7%

SVM

89.0%

LDA

84.6%

PA and SED

Mean value of metabolic equivalent (MET) for each activity was calculated from the data collected with indirect calorimetry. Breath-by-breath VO2 data of 12 participants was filtered with a 15 s average filter using the K4 b2 software.
Conversion from VO2 data to METs was computed using the
standard convention of 1 MET = 3.5 ml O2/min/kg. The mean
MET values of each activity were calculated from steady
state. PA classification and METs of activities are shown in
Table 3.
Table 3 PA classification and METs
METs
Mean

SD

-

-

Sitting at a computer

1.23

0.16

Standing/poster viewing

1.51

0.11

Table wiping

2.85

0.37

Floor cleaning

3.25

0.37

Slow walking

2.25

0.26

Moderate PA

Fast walking

5.02

0.54

Vigorous PA

Soccer

6.42

1.27

Jogging

7.53

1.05

PA classification

Activity

Lying

Lying on a sofa

Sitting
Light PA

Sensitivity (%)

Specificity (%)

Lying

96.4

99.2

Sitting

92.2

99.2

Light PA

98.5

99.0

Moderate PA

91.5

99.7

Vigorous PA

99.0

98.3

PA

IV.

DISCUSSION AND CONCLUSION

In this study, we developed and validated a method to classify types of PA. The classification was performed using the
features extracted from the acceleration signal of the hipworn triaxial accelerometer. In the classification process
bagged trees classifier performed with a high accuracy
(96.5%).
Physical activity classification into PA groups according
to MET intensity (SED: ≤ 1.5 METs, light PA: 1.51–2.99
METs, moderate PA: 3–5.99 METs, and vigorous PA: ≥ 6
METs) is widely used [12, 19-20]. Different thresholds for
PA intensity groups has also been used e.g. 4- and 7-MET
thresholds to differentiate moderate-intensity PA [21]. In this
study, METs were calculated using the standard conversion
of 3.5 ml O2/kg/min, which may not distinguish the individual variability in metabolic responses [7, 22]. Several studies
have shown that gender, age and body composition have an
impact on energy expenditure of an individual [23-25]. As a
consequence, specific thresholds e.g. METs or counts may
not be the most optimal for classifying PAs.
A limitation of this study was that participants were adults
of working age (17-58 years old). The performance evaluations of proposed algorithm in different populations (e.g.
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children, elderly) will be necessary to conduct before analyzing PA and SED from those populations. Standing still was
missing from the measurement protocol of this study, which
may also be considered as a limitation. A recent study
showed that a hip-worn accelerometer has limited ability to
differentiate between sitting and standing postures [11]. The
main strength of this study was that classification was performed using ML techniques based on the behavioral characteristics of PAs instead of some specific thresholds. The algorithm developed in this study has a potential for objective
evaluations of PA and SED.
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