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Classification of periodic activities using the
Wasserstein distance

Laurent Oudre, J́eŕemie Jakubowicz, Pascal Bianchi, Chantal Simon

Abstract—In this article we introduce a novel nonparametric
classification technique based on the use of the Wasserstein
distance. The proposed scheme is applied in a biomedical context
for the analysis of recorded accelerometer data: the aim is
to retrieve 3 types of periodic activities (walking, biking and
running) from a time-frequency representation of the data. The
main interest of the use of the Wasserstein distance lies in the
fact that it is less sensitive to the location of the frequency peaks
than to the global structure of the frequency pattern, allowing to
detect activities almost independently of their speed or incline.
Our system is tested on a 24-subject corpus: results show that
the use of Wasserstein distance combined with some supervised
learning techniques allows to compare with some more complex
classification systems.

Index Terms—biomedical signal processing, accelerometer sig-
nals, classification, Wasserstein distance

I. I NTRODUCTION

The estimation of physical activity (PA) can be useful in
the prevention and treatment of obesity [1], [2] or aging-
related disorders [3], for example. Even if there exist some
reliable methods to evaluate the level of physical activity
(such as oxygen uptake measurement or doubly labeled water),
those are often expensive and intrusive and then do not suit
for daily use. An alternative approach for the assessment of
PA involves the use of unconstrained wearable systems such
as accelerometers [4], [5]. The problem of PA estimation
from accelerometer signals has received much attention for
the latter years. Most of the times, the recognition of daily
activities is performed by first dividing the accelerometer
signals into frames, then calculating time- and frequency-
domain features and finally labeling each frame through a
classification process.

Several classification methods have been used in this con-
text: decision trees and decision tables based on empirical
or trained thresholds [6], [7], [8], [9], [10], [11], [12], [13],
[14], [15], [16], or some more sophisticated machine learning
procedures such as Artificial Neural Networks (ANN) [17],
[18], [14], [19], [20], [21], k-Nearest Neighbors (k-NN) [22],
[23], [24], Hidden Markov Models (HMM) and Gaussian
Mixture Models (GMM) [25], [26], [27], Support Vector
Machines (SVM) [28] or Naive Bayes methods [19], [29].
Some reviews or comparisons between these methods can be
found in [28], [30], [31], [32]. Most of these works aim at
detecting both static and dynamic activities and thus often
use sensors located on the waist or on the lower back, which
provide useful information on the postural orientation of the
subject [11], [13]. However, several multi-sensor studieshave
shown that, as far as dynamic activities are concerned, higher
accuracy can be achieved by placing some accelerometers on
the leg [6], [7], [24], [33], [34], [35].

In this paper, we choose to focus on dynamic activities
and thus to only use accelerometer data recorded on the
shin. By deliberately putting aside static activities, we seek
a better understanding on the frequency behavior of shin
accelerometers signals during periodic activities. Also,while
most papers dealing with the recognition of dynamic activities
(such as walking) have investigated the features extraction
process [16], [24], [33], [36], [37], we aim at designing a
simple classifier which uses basic frequency-domain features
but still manages to recognize the frequency patterns relative to
three periodic activities :Walking, Biking andRunning.

Our approach is as follows. First, we compute the spec-
trogram of the observed accelerometer data. Second, we
introduce a novel classifier which allows to instantaneously
relate a given vector of frequency bins to a given state/activity.
Finally, we use a regularization step in order to avoid unde-
sired erratic jumps in the estimated long-term sequence of
activities. The classifier is designed by means of a learning
phase, in an off-line fashion (i.e., before being brought into
operation). The learning phase is achieved as follows. For each
possible state/activity, we construct one or severaltemplates.
A template is an artificial sample which can be interpreted as
representative of the state. In order to select relevant templates,
we introduce a method based on Nonnegative Matrix Factor-
ization (NMF). Next, in the classification phase, each sample
(i.e. each vector of frequency bins) is individually assigned
to a state label based on its distance from the templates. We
introduce a distance based on the Wasserstein metric. The main
interest of the use of the Wasserstein metric lies in the factthat
it is less sensitive to the location of the frequency peaks than
to the global structure of the frequency pattern, allowing to
detect activities almost independently of their speed or incline
(see Section IV-A).

Our contribution is thus twofold.

• We introduce an original classifier based on a distance
which is robust to a moderate mass transportation of the
vector samples.

• We propose an original learning phase to produce relevant
templates.

The paper is organized as follows. Section II introduces
the experimental framework and some first data observations.
Section III presents the formal framework in an generic
setting and describes the general architecture of the proposed
method. Section IV applies this framework in our context and
introduces the Wasserstein distance that shall be used for the
classification and the methods used for the selection of the
templates. Section V provides experimental results and Section
VI gives a discussion on the performances of our system.



2

Table I
SUBJECTS’ CHARACTERISTICS.

Parameter Mean ± SD Range
Sex (M/F) 15/9
Age (yr) 38± 12 19-54

Weight (kg) 74± 15 53.1-99.7
Height (m) 1.70± 0.07 1.58-1.85

Body Mass Index (kg.m−2) 25.4± 4.4 19.2-33.6

II. DATA

A. Subjects and Data Collection

Twenty-four consenting subjects were asked to perform a
series of activities for 4 hours, among which walking and
running on a treadmill or biking on a exercise bike. The
description of the subjects’ characteristics is presentedon
Table I. Note that among the 24 subjects, 8 are overweight
(Body Mass Index (BMI) greater than 25 and strictly lower
than 30) and 4 are obese (BMI greater than 30). During
the whole experiment, they wore a triaxial accelerometer
(MotionPodTMby MOVEA) located on their shin. The device
was oriented so as thex, y andz axes record respectively the
medio-lateral, vertical and antero-posterior acceleration. The
data acquisition was performed by the Centre de Recherche
en Nutrition Humaine (Rĥone-Alpes) and CEA-LETI. Raw
signals were sampled at a sampling rate of100Hz. The speeds
and intensities of the different activities change according to
the physical capacities of the subject so as to make sure the
experiment is safe for the subject: in order to standardize the
activities according to the physical capacity of the subjects,
a simplified exercise tolerance test (step-test) was performed
within 1 week of the series of laboratory activities. Results
of these preliminary studies were used to adapt the speed
of the treadmill and the resistance of the cycle ergometer
in order to obtain two individually-adapted intensity levels
for walking, two intensity-level for biking and one intensity-
level of running. Moreover the subjects were asked to walk
at the low to moderate intensity level for three inclines of the
treadmill (0%, 5%, 10%).

Note that among the 24 subjects, only 16 of them did the
Running part of the trial. For each subject:

1) The Walking state is composed of 4 or 5 successive
walking periods on a treadmill at different speeds and
inclines, each of them with an approximate duration of 5
minutes.

2) The Biking state is composed of 1 or 2 successive
biking periods on an exercise bike at different intensities,
each with a duration of 5 minutes.

3) The Running state (when present) corresponds to one
running period (on a treadmill) of 5 minutes.

4) The Other state corresponds to various non-periodic
activities such as staying in a static position (standing,
lying, sitting...), going up and down the stairs, playing
with a ball, etc., and lasts from 3 hours to 4 hours.

(a) Normal weight subject
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(b) Obese subject
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Figure 1. Example of periodic activities. The three zones correspond
respectively to walking, biking and running. Normalized Short-Time Fourier
Transform of the accelerometer signal recorded on the shin (anteroposterior
component) for (a) a normal weight and (b) an obese subject.

B. Features extraction

The anteroposterior component of these accelerometer sig-
nals is transformed into the frequency domain, through a
Short-Time Fourier Transform (STFT), calculated on 1024
samples (10.24 sec) with an overlap of 75% (which gives
a new frame every 2.56 sec). We choose the anteroposterior
component as it gives the clearest spectrograms (pronounced
frequency structure) for the subjects of our database. Since the
frequencies of most walking, running and biking movements
are approximately ranged from 0.6Hz to 2.5Hz [38], we only
consider the frequency bins betweenfmin = 0.5Hz and
fmax = 5Hz. We are therefore consideringF = 92 frequency
bins.

C. First observations

By observing the spectrograms obtained on our database,
we notice that the considered activities (Walking, Biking
and Running) are characterized by a pronounced periodic
structure. This claim is confirmed by Figure 1 which represents
the normalized spectrogram of the raw data for the activities
of interest. On this figure, theWalking section is in fact
composed of four walking periods on a treadmill at different
speeds (from 3.3 km.h−1 to 5.5 km.h−1) and inclines (0%,
5% and 10%), and theBiking section is composed of two
biking periods on an exercise bike at different intensities(66
W and 86 W). The spectrogram clearly shows marked spectral
lines, whose locations depend on the type of activity and on
the speed and incline. The existence of recognizable patterns
in the spectrogram representations of these activities tends to
strongly encourage the use of template-matching techniques
for activity recognition.

However, in our protocol, the speed or incline of one activity
varies both between subjects (according to their capacities) and
within the activity. For example some subjects ran at 4 km.h−1

while others ran at 8 km.h−1. Indeed, we observe in our data
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that, even within a given state/activity, the frequency pattern is
subject to significant variations according to the speed or the
incline (ground, slope) or to some physical characteristics of
the subject (weight, active or sedentary, etc.). In particular, the
spectrograms observed for obese subjects are visibly different
as those of normal weight subjects [39] (see Figure 1).

We therefore must address two important questions:

i) How to learn templates so as they best reflect the char-
acteristics of each activity?

ii) How to build a classifier which remains robust to varia-
tions in the frequency pattern of the periodic activities?

III. F ORMAL FRAMEWORK

A. Position of the problem

Consider a finite state spaceS and an unknown sequence of
T consecutive statess := (s1, s2, · · · , sT ) where for eachn,
sn belongs toS. The available observations are represented as
a time seriesx := (x1, · · · , xT ) where for eachn, xn belongs
to an arbitrary spaceX . Our aim is to estimate state sequence
s from the observationx.

Let assume that a database of annotated signals is available.
These examples shall allow to derive some correspondence be-
tween a given state and the typical behavior of the observations
for that state. It consists of a collection ofQ couples of time
series:

{

(x(1), s(1)), · · · , (x(Q), s(Q))
}

where for anyq, (x(q), s(q)) consists of a known observation
time seriesx(q) and its corresponding state sequences

(q). To
keep notations simple we assume, without loss of generality,
that each time seriesx(q) has the same time rangeT . Given
a new time seriesx associated to anunknownstate sequence
s, the aim is to construct an estimateŝ of s, relying on the
database. In this paper, we focus on estimatorsŝ obtained
by successive application of a (soft) classification step and a
regularization step.

B. Classification

The key-step in the estimation of sequences relies on the
design of a sample-by-sample soft classifier. By soft classifier,
we mean a mappingC of the form:

C : X → S × R+ (1)

x 7→ (s̃(x), λ̃(x))

where s̃(x) is the estimated state underlying a samplex and
where λ̃(x) is a positive scalar which stands for a level of
confidence in the decisioñs(x).

As described in Section I, off-the-shelf classifiers include –
but are not limited to – the following techniques:k-Nearest
Neighbors (k-NN), Linear Discriminant Analysis, Logistic
Regression, Decision Trees, Neural Networks, Support Vector
Machines (SVM) [40]. In this paper, we focus on a simple
yet efficient template-based classification method. Discussion
and comparison with other methods is postponed to Section
V. The approach under focus goes in two steps.

1) Construction of Templates:The first step consists in the
construction of a template setτ(s) for each states ∈ S.
Formally τ(s) is just a subset ofXKs whereKs is an integer
which represents the number of templates available for state
s. Notice that templates donot necessarily belong to the
database. Intuitively, a template for a states is supposed to
be representative of a typical observation when the underlying
state iss. There are of course many ways to build templates
from the initial database. Perhaps the most immediate one isto
selectτ(s) as the exhaustive set of allx(q)

n from the database
for which the underlying annotated state coincides withs.
However, such an exhaustive choice for the templates leads
to scan the whole database for each new observation, which
is likely to be redundant, poorly efficient and time-consuming.

We defer the proposed approach for templates construction
to Section IV-B.

2) Nearest Neighbor Rule:Assuming that the observation
setX has been equipped with a well-chosen distanced : X ×
X → [0,∞); and the templates have already been constructed,
the Voronoi tessellation is a natural choice. For anyx ∈ X ,
the outputC(x) of the soft classifier (1) is specified by:

s̃(x) = argmin
s∈S

min
y ∈ τ(s)

d(x, y) , (2)

and λ̃(x) = φ(min{d(x, y) : y ∈ τ(C(x))}) is the corre-
sponding confidence level, where functionφ is a decreasing
nonnegative function. The role of functionφ is to assign
high confidence levels to short distances. A standard choiceis
φ(z) = exp(−γz), for some fixed parameterγ > 0. Note that
we shall always assume that the argument of the minimum
in (2) is unique.

Of course, the performance of the estimation crucially
depends on the distanced in equation (2). The choice of the
distance is highly related to the nature of the observations. One
of the main contributions of this paper is to introduce a relevant
distance which is particularly appropriate in the case where
the raw observations have a pronounced periodic behavior, as
described in Section IV-A.

C. Regularization

Based on the previously described classifierC, we may
now construct a sample-by-sample classification of the ob-
servation sequencex. We obtain a first (temporary) estimate:
(s̃(x1), · · · , s̃(xT )). The latter estimate may be quite non
regular i.e., erratic jumps may occur due to possible local-
ized classification errors. On the opposite, at least for the
application of interest in this paper, the true state sequence
s is supposed to be quite regular in the sense that the same
state/activity usually extends over a significant period oftime
(in our case this period is at least equal to the size of the
window i.e. 10 sec). Following [41], we propose to eventually
select the final estimatês using regularization:

ŝ = arg min
s∈ST

T
∑

n=1

f(λ̃(xn))1{s̃(xn) 6=sn} + αJ(s) , (3)

where 1A stands for the indicator function of setA, f :
R+ → R+ is a nondecreasing map,α > 0 is a smoothing
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parameter, andJ : ST → R+ is a function which penalizes
non regular behaviors of state sequences. In the sequel, we
use the following natural regularization term:

J(s) =

T−1
∑

n=1

1sn+1 6=sn .

Parameterα enables to control the desired weight of the
regularization versus the adequacy of the final estimate to the
output of the classifier. The value ofα should be determined
in anad hocfashion, depending on the application of interest.
The factorf(λ(xn)) in (3) tends to force the final estimate to
be equal to the output of the classifier whenever the level of
confidence is large. A rough but frequent choice (that we also
make in the present article) is simply to setf(λ) = 1. In this
case, one does not take into account the level of confidence
at the output of the classifier.

IV. CLASSIFICATION OF PERIODIC ACTIVITIES USING THE

WASSERSTEINDISTANCE

We now return to the particular scenario of the estimation of
activities from accelerometer data. The general frameworkof
the estimation method has been described above in Section III.
But in practice :

• S is a collection of physical activitiesS := {Walking,
Biking,Running}

• x := (x1, · · · , xT ) is the squared magnitude of the Short-
Time Fourier Transform (STFT). Each spectrogram frame
xn belongs toX = R

F
+ where F is the number of

frequency bins considered (see II-B for details).

As pointed in Section II-C, our aim in building an efficient
classifier is twofold:

• We need to choose a relevant distanced in (2) that would
be specifically adapted to the application of interest and
show low sensitivity to variations in speeds, inclines or
subjects characteristics.

• We need to select templates which capture the frequency
patterns observed in periodic activities.

A. Wasserstein Distance

The aim of the present paragraph is to select a relevant
distanced(x, y) between a spectrogram framex ∈ X and a
templatey ∈ X . Of course, the most natural choice is certainly
the usual Euclidean distance. Unfortunately, the Euclidean
distance is not appropriate in our case, as will be confirmed
by the experimental results of Section V. An intuitive reason
is the following. In our context, a samplex is a peaky
function, as made clear by Figure 1: narrow peaks are located
at the integer multiples of the fundamental frequency of the
periodic activity. As a matter of fact, small variations in the
fundamental frequency may produce large variations in the
Euclidean distance between samples. As a consequence, we
must rely on a different class of metrics, in such a way that
a moderate shift in the fundamental frequency yields just a
moderate penalization.

One of them is known as the Wasserstein distance [42].
Formally, the Wasserstein distance between two densitiesg
andh over [0, π] is defined by:

dW (g, h) =

∫ π

0

|G(x)−H(x)|dx (4)

whereG andH denote the cumulative distribution functions
associated tog and h respectivelyi.e., G(x) =

∫ x

0
g(t)dt.

Distance dW has a nice interpretation in terms of mass
transportation (see [42] for details). This propriety has been
notably used in image [43] and music signal processing [44].
A simple example is given by the case whereh is a shifted
version ofg, h(x) = g(x− a). In this caseH(x) = G(x− a)
and dW (g, h) = a. In order to give further insights ondW ,
we comparedW with the Euclidean distance for two uniform
densitiesg andh over two disjoint subintervals(a, b) and(c, d)
of I with a < b < c < d:

g(t) =
1(a,b)(t)

b− a
and h(t) =

1(c,d)(t)

d− c

On the one hand, the following holds true:

dEUC(g, h) =
√
2

On the other hand, one can compare with:

dW (g, h) =
c+ d

2
− a+ b

2

In other terms, it does not matter for the Euclidean distance
how far apart are(a, b) and (c, d), their relative distance is√
2; while dW can be very small if(a, b) and (c, d) are

close, or large if(a, b) and (c, d) are far-away. For instance,
defining gn(t) = nt1(0,1/n)(t) and hn(t) = nt1(1/n,2/n)(t),
dW (gn, hn) = 1/n tends to0 when n tends to∞, while
dEUC(gn, hn) ≡

√
2.

This property of the Wasserstein distance is crucial for our
application: two STFT showing the same shape but slightly
shifted in frequency are considered close for the Wasserstein
distance. Whereas for the Euclidean distance, or Kullback-
Leibler contrast they could be considered far away.

For a practical implementation, the previous definitions have
to be adapted to the discrete case. In this case, the Wasserstein
distance is no longer applied to densities but to discrete
probability measures, i.e. renormalized vectors. Givenx ∈ X
andy ∈ X , by generalizing definition (4) to discrete measures,
it is straightforward to show that:

dW

(

x

‖x‖1
,

y

‖y‖1

)

=

F
∑

f=1

∣

∣

∣

∣

∣

∣

f
∑

j=1

(

x(j)

‖x‖1
− y(j)

‖y‖1

)

∣

∣

∣

∣

∣

∣

. (5)

However, by only using renormalized versions ofx andy,
we are missing the norm information, which can also be useful
for classification. We therefore define an hybrid distanced for
any (x, y) ∈ X × X :

d(x, y) = dW

(

x

‖x‖1
,

y

‖y‖1

)

+ µ
∣

∣

∣
‖x‖1 − ‖y‖1

∣

∣

∣
, (6)

whereµ is a weight parameter (for largeµ, elementsx and
y with well distinct norm are considered far away, while for
smallµ their renormalized versionsx/||x||1 andy/||y||1 only
matter) anddW is the Wasserstein distance previously defined.
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B. Selection of the templates

In order to label the spectrogram frames, we propose to
calculate a series of templates representative of each periodic
state. Our goal is to produce a dictionary of templates whose
size is large enough to capture all the characteristics of a
state, but also small enough to avoid redundancy and keep the
computation cost as low as possible. Two methods are used to
compute these templates from annotated data: the first one isa
basic computation method using averages of the spectrogram,
the second one is based on a more involved dimension
reduction technique (Nonnegative Matrix Factorization NMF).

1) Case A: Basic computation method:For each subject
and each periodic state, we calculate the time-averaged version
of all spectrogram frames belonging to the state. Note than if
the number of subjects is large, this computation method also
produces a large dictionary, which is likely to be redundant,
noisy and to raise some practical computation issues.

2) Case B: NMF computation method:Instead of using
a large dictionary which is likely to be redundant, it seems
interesting to merge the available data corresponding to one
state into a single and universal template. Ideally, one template
per state should be sufficient to characterize an activity since
the possible variations in speed, intensity or incline are sup-
posed to be taken into account within the Wasserstein distance.
Furthermore, the use of a single template makes the algorithm
even less computationally demanding. The technique we use in
order to learn these templates is the Nonnegative Matrix Fac-
torization (NMF) [45]. NMF allows to decompose a matrixV
of sizeF×T with nonnegative values (such as a spectrogram)
into a template dictionaryW of sizeF ×D and an activation
parameter matrixH of sizeD × T such as:

V ≈ WH (7)

where integerD is an instrumental parameter chosen so as to
perform the desired dimension reduction. We refer to [45],
[46] for more details on the NMF and for more precise
considerations on the meaning of (7). MatricesW and H

are estimated by iteratively minimizing a distance between
the initial matrix V and the reconstructionWH. The only
constraint within the algorithm is thatW andH must contain
nonnegative coefficients. Many metrics have been considered
in the literature (Euclidean, Kullback-Leibler, Itakura-Saito...).
In particular, the Itakura-Saito divergence has provided good
results when working with spectrograms [46]: this shall there-
fore be an appropriate metric for our task. More details on
NMF algorithms are given in [46]. In our case, since the
decomposition output by NMF is a priori non unique, we
impose that the columns ofV andW sum to 1.

In our context, we defineV(s) as the matrix contain-
ing all annotated data available for states. More precisely,
the columns of matrixV(s) are the normalized versions
(xn/‖xn‖1) of all spectrogram frames belonging to states.
This matrix is used as an input for the NMF algorithm,
which outputs a dictionary ofD templates. The templates
are representatives of the frequency behavior of states. Note
that with this construction, any template has a unit norm.
However, in order to be able to compute the distance (6)

between a sample and a template, we must assign a norm
to each template. To that end, we propose to select, among
the columns of matrixV(s), the closest frame according to
the Euclidean distance, and assign the original norm of this
frame to the template.

V. RESULTS

A. Protocol

The preliminary detection of periodic states amongst the
whole duration of the experiment is performed prior to the
classification process by comparing the norms of the spectro-
gram frames‖xn‖1 to a threshold learned on the database.
We assume that if the norm of a frame is lower than this
threshold, the considered frame belongs to theOther state.
This approach is motivated by the fact that all periodic states
(Walking, Biking, Running) are supposed to have a high
level of energy betweenfmin = 0.5Hz andfmax = 5Hz [38],
contrary to non-periodic ones. Once the non-periodic frames
have been detected, the remaining frames serve as input for
the classification method previously described in SectionsIII
and IV. The output sequence of estimated states (periodic and
non-periodic) is then regularized through the process described
in III-C.

In all the following experiments, in order to avoid overfit-
ting, the data corresponding to the test subject is removed from
the training data (24-fold cross-validation). The parameters
µ (which represents the taking into account of the norm of
the spectrogram frames see (6)) andα (which controls the
regularization process see (3)) are estimated through a grid
search withµ comprised between10−6 and 10−4 and α
between0 and 12. The average standard deviation on all
recognition scores obtained during these simulations is around
2%, which is low compared to the scores themselves (which
are around 90%): this tends to show that both these parameters
have a rather small impact on scores. Typical experimental
values areα = 5 andµ = 10−5.

B. Comparison between templates computation methods

In this section, we compare the different templates compu-
tation methods (Cases A & B) on a corpus composed of 24
subjects.

1) Case A : Basic computation method:With the basic
computation method, all the frames corresponding to a state
and a subject are averaged so as to produce a template. Note
that in this case, the computation of the templates for the
Walking and Biking states is somehow biased because
they are in fact composed of different phases of the same
activity with different speeds and inclines. On our corpus,this
computation method outputs a dictionary of 24 templates per
statei.e., one for each subject (except for theRunning state
which is only performed by 16 subjects and thus yields a
dictionary of only 16 templates). The obtained templates are
displayed on Figure 2.

The confusion matrix obtained by using a dictionary of
templates synthesized with the basic computation method is
presented on Table II, along with the sensitivity (ability to
avoid false negative classifications) and the specificity (ability
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Figure 2. Case A : Templates calculated with the basic computation method
(24 per periodic state except forRunning which only contains 16 templates)

Table II
CASE A. WASSERSTEIN DISTANCE. CONFUSION MATRIX OBTAINED WITH

THE BASIC COMPUTATION METHOD: 1 TEMPLATE PER STATE AND PER

SUBJECT.

Detected
Other Walking Biking Running

A
nn

ot
at

ed Other 94.3 5.1 0.1 0.5
Walking 0 97.7 0 2.3
Biking 5.9 0.3 93.7 0

Running 0.1 6.9 3.4 89.6
Sensitivity, % 94.3 97.7 93.7 89.6
Specificity, % 98.4 95.2 99.8 99.3

to generate true positive classifications) for each class. The
scores are generally satisfying: they are approximately equal
to 90% for all states.

As far as theOther state is concerned, we provide two
interpretations for this observation. The first one is purely
instrumental, and is due to slight annotations errors: there
might exist slight delays between the real start/end of an activ-
ity and the corresponding annotation. These delays generate
some artificial localized errors. The second possible source
of confusion is due to the fact that our prior distinction
between periodic and non periodic activities is somewhat
arbitrary. In practice, some activities which are labeled as non
periodic (such as walking up the stairs) actually show some
similarities with periodic ones, and can therefore be detected
asWalking.

The slightly lower score obtained for theRunning state
is likely to be due to the template computation method,
which only uses 16 templates for this state instead of 24 for
other periodic states, thus penalizing the detection of running
periods. The imbalance between the number of templates is
one of the weak points of this template computation method.

2) Case B: NMF computation method:In this section, the
templates are learned through a supervised NMF learning
process. Only one template is calculated for each state, which
solves the imbalance problem described in Case A (see Sec-
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Figure 3. Case B : Templates calculated with the NMF computation method
(1 template per periodic state)

Table III
CASE B. WASSERSTEIN DISTANCE. CONFUSION MATRIX OBTAINED WITH

THE NMF COMPUTATION METHOD: 1 TEMPLATE PER STATE.

Detected
Other Walking Biking Running

A
nn

ot
at

ed Other 94.4 5.5 0.1 0
Walking 0 100 0 0
Biking 6.8 0 93.2 0

Running 0.2 2.9 0 96.9
Sensitivity, % 94.4 100 93.2 96.9
Specificity, % 98.2 95.0 99.9 100

tion V-B1). Some examples of templates learned with NMF
are provided in Figure 3. We can see on this figure that the
templates calculated through NMF have naturally captured an
harmonic structure, even though no such constraints have been
imposed on the NMF algorithm. Also, while hybrid states such
asWalking are composed of several periods with different
fundamental frequencies, the use of NMF tends to fusion
and smooth the data so as to provide only one fundamental
frequency with a wider band. The results obtained on the
corpus by using NMF templates are presented on Table III.

The scores obtained with this templates computation method
are comparable with those obtained in Case A, except for
the one obtained for theRunning state, which is now
as satisfactory as others. The fusion provided by the NMF
algorithm not only allows to characterize a periodic activity
with only one template, but also assesses the issue caused by
the imbalance between the activities performed by the subjects.
A deeper investigation shows that interestingly, 23 out of the
24 subjects have approximately a 100% detection score for
all periodic states: almost all errors for these 23 subjectsare
caused by theOther state detection. The remaining subject
appears to be an atypical case: the speeds and intensities of
its periodic activities are clearly lower than those of other
subjects. Consequently, confusions occur either in theOther
state detection (as the norm is lower than the empirical
threshold), or when taking into account of the norm through
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Table IV
EUCLIDEAN DISTANCE. CONFUSION MATRIX OBTAINED WITH THE NMF

COMPUTATION METHOD: 1 TEMPLATE PER STATE.

Detected
Other Walking Biking Running

A
nn

ot
at

ed Other 94.4 0.1 5.5 0
Walking 0 43.5 56.4 0
Biking 5.8 0 94.2 0

Running 0.4 0.1 16.0 83.6
Sensitivity, % 94.4 43.5 94.2 83.6
Specificity, % 98.4 99.0 86.1 100

parameterµ.

C. Wasserstein vs. Euclidean

In this section we aim at demonstrating that the good scores
obtained on this corpus are in fact due to the Wasserstein
distance’s properties explained in Section IV-A. We compare
the existing classification system (using the Case B templates)
to its exact counterpart, only using Euclidean distance instead
of Wasserstein distance. Since Euclidean distance does not
impose the use of histograms, we apply it directly to the
spectrogram frames (with no normalization) and we have
therefore no use for parameterµ. The regularization parameter
α is once again estimated through grid search. The results
obtained with the Euclidean distance are displayed on TableIV
and are to be compared with their Wasserstein counterpart on
Table III.

According to these results, it seems clear that Wasserstein
distance performs better than Euclidean distance on this task
(especially for theWalking state). It appears that the use of
Euclidean distance causes more confusions between periodic
states, in particular with theBiking state. This can be due
to the fact that the speed variations between subjects are
not taken into account by the Euclidean distance: instead of
searching for similar patterns, it tends to search for frames
which have high amplitudes in the same frequency regions
thus causing some confusions. It is particularly interesting to
see that Euclidean distance fails at detecting theWalking
state, which is the most variable in term of speeds and inclines,
while Wasserstein distance is able to adapt and recognize the
activity independently of the speed.

D. Comparison with classical classification systems (DT and
SVM)

In this section we compare our segmentation method to two
popular classification techniques: one using Support Vector
Machines (SVM) and the other one using Decision Trees (DT).
Most of the time, these classifiers are applied on features
calculated both in the time- and frequency-domain, so as to
reflect both the geometry of the posture and the physical
properties of movements recorded at the back or at the waist
[16], [28], [31]. However, since the geometrical properties
of the shin sensor we are using in this article are arguable,
it is hard to justify the use of such time- and frequency-
domain features and we decide, for sake of fairness, to use

Table V
SUPPORTVECTORMACHINE. CONFUSION MATRIX.

Detected
Other Walking Biking Running

A
nn

ot
at

ed Other 94.1 4.1 1.4 0.4
Walking 0 97.8 2.0 0.2
Biking 6.5 0.4 91.0 2.1

Running 0.1 0.6 10.3 89.0
Sensitivity, % 94.1 97.8 91.0 89.0
Specificity, % 98.3 96.3 98.4 99.5

Table VI
DECISION TREE. CONFUSION MATRIX.

Detected
Other Walking Biking Running

A
nn

ot
at

ed Other 94.5 5.4 0.1 0
Walking 0 100 0 0
Biking 6.0 1.6 88.2 4.2

Running 0.1 0 0 99.9
Sensitivity, % 94.5 100 88.2 99.9
Specificity, % 98.4 95.0 99.9 99.8

the same features for all classification systems (i.e. the squared
magnitude of the spectrogram).

1) Support Vector Machine:SVM-based classifiers have
given good results for the classification of accelerometer
signals [28], [31] (see for instance [40, chapter 12] for a nice
account on SVMs). Since SVM does not properly speaking
constitutes a segmentation technique but rather a classification
technique, we apply the same regularization step as the one
described in Section III-C. The SVM system was implemented
by using the Spider Matlab package1. We used a standard
SVM classifier using a RBF kernel (e−γ‖x−y‖2

) and directly
applied to the spectrogram frames. The values of the parameter
of the radial basis functionγ, the penalty termC and the
regularization parameterα are determined through grid search.
The results obtained by using the SVM system are displayed
on Table V.

While the results of the SVM + regularization system
are comparable with those of our Wasserstein segmentation
method, they are slightly lower for all states, especially for
the Running state. The reasons for this lower score are
probably of the same kind than those explained in Section V-C:
non-Wasserstein methods can only perform well when similar
patterns are present in the training database and sometimes
fail at adapting to different speeds or different subjects.

2) Decision Trees:Decision Tree is maybe the most com-
mon classification method used for accelerometer data [6],
[9], [10], [13], [16]. We used the implementation of Matlab’s
Statistics Toolbox. The regularization was performed as de-
scribed in Section III-C and the regularization parameterα is
determined through grid search. The results obtained by using
the DT system are displayed on Table VI.

We see that this method, while giving slightly lower scores
for theBiking state, is comparable to our system. This shows

1http://people.kyb.tuebingen.mpg.de/spider/main.html
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that our classifier, which only requires the computation of a
relevant distance (see Section VI-A) can give the same results
as more complex systems.

VI. D ISCUSSION

The developed system showed comparable accuracy with
off-the-shelf classifiers such as SVM or DT. Yet, the orig-
inality of this method lies in the fact that it uses basic
frequency-domain features and that the classification process
only requires the computation of a distance. As proved by
the results obtained by a similar classifier using Euclidean
distance, the good results obtained by our method are mainly
due to the use of the Wasserstein distance. These results show
that it is possible to improve the performances of classical
classifiers by adapting them to the particular task of activity
recognition. In our case, the existence of frequency patterns
in the spectrograms observed on the shin has allowed to build
a recognition system specifically designed to classify periodic
activities.

A. Complexity Analysis

A few remarks on runtime complexity are in order. Ac-
cording to the notations introduced in Section III & IV,
computation of the Wasserstein distance has a complexity
O(F ) where F is the number of frequency bins. It then
costsO(F (

∑

s Ks)) to compare a new point to all existing
templates. In the case where each setτ(s) consists of a
singleton, the cost of a new classification isO(F |S|) in time.
Basically, it is the best complexity one can hope for in this
setting: it is linear in the problem dimensionF and linear in
the number of possible states|S|. Thence it is a good candidate
for a real-time implementation. The important point is thatit
does not depend on the size of the database.

Should we use, for instance, SVM instead, the complexity
would be larger, even though SVM are considered fast in test
phase. The complexity of SVM in test phase isO(F |V||S|)
whereV is the set of support vectors, and assuming a kernel
with linear costO(F ) such as the polynomial or Gaussian
kernels.

As seen in Section IV-B, the cost for the construction of
templates in our method is linear in the size of the database.
On the otherhand, the cost of SVM training is difficult to
assess. Some performance-oriented solver claim a linear cost
for classification training [47] but usual implementationsare
quadratic in the database size and linear inF .

The comparison with Decision Trees is complicated since
their complexity in both the training and test phase can vary
a lot.

The regularization step cost does not depend on the classi-
fier. It can be implemented using standard dynamic program-
ming methods. Its computational cost isO(F |S|).

B. Laboratory vs. real life

The main limitations to this study are due to the experimen-
tal protocol which only includes laboratory data recorded on
treadmill or exercise bike. However, we consider that this study

Table VII
RECOGNITION SCORES OBTAINED WITH THEWASSERSTEIN DISTANCE

AND THE NMF COMPUTATION METHOD.

Subjects Walking Biking Running
Normal weight (12) 99.9± 0.2 91.5± 27.6 95.3± 13.5

Overweight (8) 100± 0 99.8± 0.4 99.5± 0.5
Obese (4) 100± 0 85.0± 25.9 100± 0

Classification of the subjects according to their Body Mass Index (Normal
weight: 18.5≤BMI<25, Overweight: 25≤BMI<30, Obese BMI≥30). Recog-
nition scores are given as Mean± SD.

constitutes a first and compulsory step, which has allowed
us to observe structured activities during at least 5 minutes.
Furthermore, as pointed in Section VI-A the classification
process has a low computation time. Given the latency of 10.24
seconds due to the frame effect, our method can be tested
in almost real-time conditions. Also, the window length used
in this paper seems reasonable for applications in daily life.
Although it is impossible to predict the results that our method
would obtain in real life, we can only notice that we obtained
good results on a rather mixed database containing both
different speeds and inclines but also different types of subject,
as some of them suffered obesity. By observing detailed results
obtained with Wasserstein distance and the NMF computation
method (see Table VII), we notice that most of the difficulties
are due to theBiking state which tends to give variable
results, and that our system gives better results with overweight
people (which is probably due to the composition of the
database). Indeed, thenormal weightcategory is more mixed
than other categories, as it contains both sedentary and active
subjects, whileoverweight and obesesubjects are a priori
sedentary. Yet, the variations between categories of subjects
are reasonable and justify a future implementation for normal
weight, overweight and obese people.

VII. C ONCLUSION

In this article, we have presented a method for segment-
ing and classifying periodic activities (walking, runningand
biking) in accelerometer signals. This method is based on
a distance minimization in the frequency domain between
spectrogram frames and learned templates. The novelty of
our approach lies in the joint use of the Wasserstein dis-
tance, which is particularly relevant in this context, and of
learning techniques (NMF) which allows to efficiently learn
the characteristics of each activity. The main interest of the
use of Wasserstein distance lies in its ability to recognize
patterns without being too sensitive to the variations due to
the specificities of the subject or to the speed of the activity.
Indeed, experimental results on a 24-subject corpus show that
Wasserstein distance outperforms Euclidean distance for this
task, and that our classification system compares with more
complex classical classification systems (SVM, DT) for the
recognition of periodic activities.
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