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ABSTRACT

The aim of this study is to evaluate how similar a set of hu-
man actions are when they are performed under controlled
conditions versus the same set of actions when they are per-
formed under uncontrolled conditions, namely in daily liv-
ing environments such as the users’ houses. This research
is important for automatic recognition of human actions in
daily living environments, mainly using wearable sensors,
which is still an open research challenge of the field of per-
vasive computing. Action recognition is important for vari-
ous applications of this field, such as, for instance, ambient
intelligence, smart devices, and healthcare. In this work,
we measure and analyze five human complex actions using
wearable sensors in both, structured and daily living envi-
ronments. Three wearable inertial sensor units were used in
this study and they were worn by three healthy young sub-
jects on three points of their upper limbs: the scapula, the
upper arm and the forearm. The complex actions involved
in this study are: grooming, cooking, eating, doing house-
work, and mouth care. Dynamic Time Warping algorithm
was used to measure the intra and inter test variability of
actions in both environments. Additionally, the results of
the application of three supervised classification techniques,
namely C4.5, Naive Bayes and Logistic Regression, are com-
pared in terms of true positive rate TPR, true negative rate
TNR and F-measure metrics. The classification models were
based on time-domain and frequency-domain features ex-
tracted from orientation signals. According to the analysis
cooking and eating are the actions with highest and low-
est variability, respectively. Concerning the classification
results, Naive Bayes and Logistic Regression obtain a TPR
of 0.911 using relevant attributes. Our results provide valu-
able information to measure the similarity of a set of complex
actions in daily living environments and to classify them.
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1. INTRODUCTION

Automatic recognition of human actions in daily living en-
vironments, mainly using wearable sensors, is still an open
research challenge of the field of pervasive computing [9].
Action recognition is important for various applications of
this field, such as, for instance, ambient intelligence, smart
devices, and healthcare [18, 8]. In effect, action recognition
aims at providing information about behavior and inten-
tions of users that enable computing systems to assist users
proactively with their tasks [6].

However, there are number of reasons why human action
recognition is a very challenging problem. Firstly, human
body is non rigid and has many degrees of freedom [21].
Also, human body can perform infinite variations for every
basic movement. Most existing work on action recognition is
built upon simplified structured environments, normally fo-
cusing on single-user single-action recognition. In real world
situations, human actions are often performed in complex
manners. That means that a person performs interleaved
and concurrent actions and he/she can interact with other
person(s) to perform joint actions, such as cooking [9].

Recently, many research studies have been done to an-
alyze both, simple and complex human actions based on
wearable sensors. A large number of these studies focus on
identifying which are the most informative features that can
be extracted from the actions data as well as in searching
which are the most effective machine learning algorithms for
classifying these actions [25]. Sensors attached to human
anatomical references, i.e., wearable sensors often comprise
inertial measurement units (accelerometers, gyroscopes and
magnetometers), vital sign processing devices (heart rate,
temperature) and RFID tags, can be used to gather informa-
tion about the behavioral patterns of a person. Robustness
to occlusion and to lighting variations, as well as portabil-
ity are the major advantages of wearable sensors over visual
motion-capture systems. Additionally, the visual motion-
capture systems require very specific settings for properly
operating [2].

When compared to approaches based on specialized sys-
tems, the wearable sensor based approach is effective and
also relatively inexpensive for data acquisition and action
recognition for certain types of human actions, mainly hu-
man movements involving the upper and lower limb motions
[2]. Actions such as walking, running, sitting down/ up,
climbing or physical exercises, are generally characterized
by a distinct, often periodic, motion pattern [9].
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Nevertheless, action recognition using wearable sensors
suffers from two drawbacks. First, most wearable sensors
are not suitable for real daily living environments due to
technical issues related to the sensors’ size and weight, and
battery life, in conjunction with the general issue of accept-
ability or willingness of wearing them during long periods
that last, for instance, several hours. Second, many actions
in real world situations involve complex physical motions
and complex interactions that happen within daily living
environment. Sensor readings from wearable sensors alone
may not be able to distinguish complex actions involving
simple interactions with the environment, e.g., making tea
or making coffee [9].

In this research an action is defined as the human move-
ment voluntarily performed to achieve an aim. In this re-
gard, a movement or motion can be described as the dis-
placement of an object in space over time. In this research,
an action differs from a gesture, since the latter is the mean-
ing being expressed through an action or motion. We define
two types of human actions of the upper limbs according
to the degrees of freedom of the human segments that are
involved and to the type of movement that is made, as ex-
plained below.

Simple actions are actions involving movement of the
anatomical segments restricted to one degree of freedom,
and whose trajectory of movement is predefined, e.g., touch-
ing the opposite shoulder with a hand. Simple actions are
usually related to therapeutic movements performed by pa-
tients who are told by rehabilitation specialists how to per-
form these movements with precise instructions. Complex
actions are actions involving movement of the anatomical
segments with two or more degrees of freedom, and whose
trajectory of movement is not predefined explicitly, there-
fore these actions can be performed differently each time,
e.g., brushing teeth. Complex actions are related to the ac-
tivities of daily living, activities in which people engage on
a day-to-day basis.

For this study five complex actions were selected from the
common daily activities of three test subjects: grooming,
cooking (preparing a sandwich), eating, doing housework
(cleaning a table), and mouth care (brushing teeth). The
aim of this study was to measure and evaluate complex hu-
man actions performed by three test subjects in both struc-
tured environments under controlled conditions, and daily
living environments with non-controlled conditions, using
three wearable inertial sensors placed on the dominant upper
limb of the test subjects. And conduct a variability analysis
of these complex human actions, and study if they can be
automatically classified.

The rest of the paper is organized as follows. Section
2 addresses related work. Section 3 presents the experi-
mental setup and the computational techniques used in this
study. Section 4 gives details about the variability analy-
sis and classification results. Finally, Sections 5 and 6 close
with concluding remarks about the results, challenges and
opportunities of this study.

2. RELATED WORK

In recent years, there has been an increasing interest in
designing and implementing methods, algorithms, and wear-
able inertial sensors for automatic action recognition [6].

The action recognition based on wearable inertial sensors
depends mainly on the sensor signal to be processed and

the number of sensor units fixed to the human anatomical
references. In most studies analyzed in this research, linear
acceleration [15] or a combination of linear acceleration and
angular velocity [4, 23, 22, 10, 24, 11] are used to extract
signals features for characterizing human movements. In
other cases, the fusion of inertial sensor information with
video-cameras was explored [7]. The number of sensor units
fixed to a particular anatomical reference is primarily one
[7, 4, 23, 10, 24, 11] or two [15, 22].

The action recognition process can be divided into two
tasks: data preprocessing and data analysis. Data prepro-
cessing consists in selecting and preparing data for further
analysis. Data analysis can be made evaluating the time-
series signals [22], or using representative time-domain [7, 4,
23, 10, 11] or a combination of time-domain and frequency-
domain features [15, 24]. Then, unsupervised [4, 24], such as
k-means clustering, and supervised [7, 4, 15, 23, 22, 10, 24,
11], such as support vector machines classifier, approaches
are used for classification purposes.

Additionally, the experimental setting has two important
elements to consider. The first one is related to the type
of human action to recognize: simple [4] and complex [7,
15, 23, 22, 10, 10, 24, 11] actions. It is important to re-
mark that most of the complex actions studied in the related
work are associated with movements of both upper and lower
limbs. The second important element of the experimental
setting to highlight is related to the environment in which
the actions are performed, structured environments under
controlled conditions [7, 4, 15, 23, 22, 24, 11], daily living
environments under controlled conditions [15, 10], and daily
living environments with uncontrolled conditions.

In contrast to previous work, three important aspects of
our study can be highlighted: (1) two computational tech-
niques are presented for variability evaluation and for action
classifying; (2) orientation signals were obtained from three
wearable inertial sensors placed on the upper limbs of test
subjects; (3) test subjects were asked to perform five com-
plex actions in their daily living environments with uncon-
trolled conditions. As a matter of fact, there is a lack of
research about the third type of environment, presumably
because of the difficulties to acquire data “in the wild”.

3. METHODS

3.1 Setup

Three asymptomatic young adults (mean age 27.3 £ 3.5
years, from now on referred as S1, S2 and S3), were asked
to wear three LPMS-B sensors (LP-research, Japan). They
have signed an informed consent. LPMS-B sensor is a minia-
ture wearable inertial measurement unit (IMU) / attitude
and heading reference system (AHRS). This device includes
three different MEMS sensors: 3-axis gyroscope, 3-axis ac-
celerometer and 3-axis magnetometer. Its communication
distance scope is 18m, it has a lithium battery of 3.7V at
800mAh, and it weights 34g. This sensor provides Euler
angles as orientation signals calculated using an extended
Kalman filter.

Sensors were placed on three anatomical references of the
right upper limbs of the test subjects, in all cases of the
dominant limb. The first anatomical reference was located
in the center of the subscapular fossa. A sensor, Senl, was
settled over this anatomical reference using an orthopedic
vest. The second anatomical reference was located 10 cm up
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(a) Posterior view in the (b) Right view in the sagittal
coronal plane plane

Figure 1: Configuration of the three wearable iner-
tial sensors on the upper limb of subjects. Subfig-
ure 1(a) shows the posterior view of a person and
illustrate the coordinated system of sensors 1 and 3,
Subfigure 1(b) shows a lateral view of a person and
illustrate the coordinated system of sensor 2.

to the right elbow joint, in the lateral side of the upper arm,
aligning the plane formed by the x-axis and z-axis of Senl
with the sagittal plane of the subject. The third anatomical
reference was located 10 cm up to the right wrist joint, in the
posterior side of the forearm, aligning the plane formed by
the x-axis and z-axis of Senl with the coronal plane of the
subject. The sensors Sen2 and Sen3 were firmly attached
to the second and third anatomical references using elastic
velcro straps. The configuration and coordinated systems of
the sensors are shown in Figure 1.

The movement of the segments is limited to the range
of motion (ROM) allowed by the adjacent joints [16]. The
scapula segment rotates around the sternoclavicular joint,
and the upper arm segment rotates around the glenohumeral
joint, both are joints of the complex shoulder joint. The
forearm segment rotates around the elbow joint. The execu-
tion of the studied complex actions depended on the ROM
anatomically permitted for these upper limb joints of each
person.

3.2 Environments

Two type of environments were arranged to study the five
complex actions described previously. In the first environ-
ment, referred to as structured environment, the conditions
were controlled. This environment contains a bathroom, and
an area that was divided into a dining room and a kitchen.
The furniture, kitchen tools, and objects in the environment
were located in the same starting position for each test. The
second type of environment, referred to as daily living en-
vironment, was each one of the houses of the test subjects
and the conditions in there were not controlled. The daily
living environments used in our experiments consisted of 2
and 3 rooms. The position of furniture, kitchen tools and
other objects in the environment was not predefined.

The five complex actions were executed in the structured
environment in the order presented in Figure 2 and they
were repeated three times. However, in the daily living en-
vironments the actions were freely performed by the sub-

jects according to their daily habits without any particular
order and until the actions were repeated three times. Be-
fore the recording of a test in the structured environment,
test subjects received clear instructions about the utensils
and furniture that could be used to perform each action.
On the other side, during test recording in daily living en-
vironments, test subjects were able to behave arbitrarily to
complete the actions.Three video cameras were installed in
the environments in order to simultaneously record the ac-
tions performed by the subjects. Video recordings were used
as basis for manually segmentating the sensor signals and for
labeling the complex actions. In Figure 2 a subject perform-
ing the five actions in both the structured environment 2(a)
and his house 2(b) is shown. The structured environment
was adapted with utensils and furniture needed for perform-
ing the actions within the three rooms, on the contrary, in
the everyday environment the number and type of utensils,
furniture and rooms were not controlled at all.

3.3 Multidimensional Dynamic Time Warping

A distance was measured from orientation signals using
Dynamic Time Warping (DTW) algorithm in order to com-
pare the variability of the studied actions. DTW is an al-
gorithm capable of measuring similarity between two tem-
poral sequences that vary over time [17]. DTW matches
two time signals by computing a temporal transformation
aligning the signals. This alignment is optimal in the sense
that a cumulative distance measure between the aligned
samples is minimized [13]. For each pair of segmented sig-
nals, X and Y, of length m and n, respectively, where
X = {z1,z2,.., i, .., tm} and Y = {y1,92, .., Y5, s Yn}
the calculation of a matching cost DTW (X,Y) is required.
The matching cost was computed based on dynamic pro-
gramming using Formula 1.

(’L - 17.] - 1)
(i—1,7) (1)
(Z,.] - 1)

where the distance function d(-, -) is the Manhattan distance
(L1-norm) used as cost measure as defined in Formula 2.

d(wi,y;) = |zi — yjl (2)

and consequently, the dynamic time warping distance be-
tween a pair of signals is DTW(X,Y) = D(m,n).

DTW is applicable to only one-dimensional time signals,
for multidimensional alignment it is necessary to extend
DTW algorithm. For this purpose, DT'W3 distance rep-
resents the cumulative distances of the three axis indepen-
dently measured using DTW as indicated in Formula 1. If
DTW (Qm,Cm) is defined as the DTW distance of the mth
axis of Q and the m*" axis of C, written as DTWs, it can
be calculated using Formula 3.

M
DTW3(Q,C) = Y DTW(Qm,Crm) 3)

m=1

where Q and C are 3D-time signals and correspond to Euler
angles, for M = 3.



(3’:::1

ip . ] “!.
= 9 ’ I

(a) Structured environment
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Figure 2: Complex actions performed by a subject in the structured environment 2(a) and in his daily living
environment 2(b). The actions from left to right are: grooming, cooking (preparing a sandwich), eating,

doing housework (cleaning the table) and mouth care.

3.4 Feature extraction

Time-domain and frequency domain features were calcu-
lated for each signal in order to classify the studied actions.
Time-domain features selected were: action completion time
(act), arithmetic mean, standard deviation, range of motion,
zero crossing rate, and root mean square. Frequency-domain
features selected were power of the signal in frequencies: 0-
2 Hz, 2-4 Hz, and 4-6 Hz. Each attribute was calculated
for each Euler angle signal captured from the three sensors,
except act feature that was calculated from values captured
from all sensors and signals. These features were selected
according to their relevance in the area [5, 14, 3]. For a
detailed description of these features see Appendix A.

4. RESULTS

In Figure 3 the trajectories of the Euler angles of the three
sensors for the grooming action performed by a subject in
both environments are shown. The trajectories of the three
sensors during all the repetitions used for intra and inter
environment data have the same characteristics, but a dif-
ference of magnitude. As can be noted, the magnitude of the
trajectories recorded with the sensor placed on the scapula
have the lowest values in comparison to the recordings of the
sensors placed on the upper arm and the forearm. Graph-
ics of the forearm sensor present the same visual patterns
in both environments. In the next Subsections, a detailed
analysis to quantify the difference or variability among ac-
tions performed in both environments using DTW distances
is presented. Also, a classification of the actions using the
time-domain and frequency-domain features is given.

4.1 Variability analysis

DTWs; distances were calculated from Euler angle signals
to obtain the variability of the performed complex actions by
test subjects in both environments. In Figure 4 individual
results of the variability analysis are shown. According to
this Figure, subject S2 presents the highest variability in
both environments for all complex actions in general. In
both environments, the action with the greatest variability
is cooking, and the action with the greatest similarity is
eating. The sensor with the greatest variability is the sensor
placed on the upper arm.

Sen1: scapula Sen1: scapula

Z-axis
£-axIs

‘Sen2: upper arm Sen2: upper arm

Z-axis
L-axis

Sen3: forearm

Z-axis
L-axis

Repetition 1 Repetiton 1
Repettion 2 Repetition 2

Repaiition 3 Repatition 3

(a) Structured environment (b) Daily living environment
Figure 3: Spatial trajectories of the grooming action
performed by a subject in the structured environ-
ment 3(a) and in his daily living environment 3(b)
from Euler angle signals.
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Figure 4: Individual DTW3; distances of the five complex actions performed by the three subjects in the
structured environment 4(a) and their daily living environments 4(b).

Tables 1 and 2 summarize the mean variability of the three
subjects by sensor for the structured environment and the
daily living environments, respectively. As can be noted,
the sensor placed on the upper arm presents the greatest
mean variability in both environments, it has also the high-
est dispersion. Concerning the actions, cooking presents the
greatest variability in both environments, and this variabil-
ity is even higher in daily living environments. The second
action with greater variability in the structured environment
was mouth care, whereas grooming was the action with the
greatest variability in daily living environments. Finally,
the actions with less variability are cooking in the struc-
tured environment and doing housework in daily living en-
vironments, additionally the last action has the lowest inter
subject dispersion.

4.2 Complex action classification

With the goal of recognizing complex actions, the time-
domain and frequency-domain features presented in Subsec-
tion 3.4 were extracted from the orientation signals. Then
three classification algorithms were selected for building mod-
els based on previous features: J48 classifier, Naive Bayes
and Logistic regression models. Naive Bayes, a statistical
classifier, has proven to be successful and simple for classifi-
cation purposes[20]. This algorithm is based on the Bayes’
theorem that uses the joint probabilities of sample obser-
vations to estimate the conditional probabilities of classes
given an observation [12]. J48 is an implementation of the
C4.5 decision tree classifier [19], that builds a binary classi-
fication tree. Determined by a splitting criterion, attributes
are selected as branching points that separate the two classes
in the training dataset. Finally, Logistic Regression is a gen-
eralized linear model to apply regression to categorical vari-
ables. Generalizations of logistic regression apply to multi
category responses and assume a multinomial distribution
[1]. These algorithms are commonly used in the field of
machine learning and for this reason they were selected for
initiating this research.

The classification was performed dividing data into data-
sets registered in structured and daily living environments.
In order to select more relevant attributes, gain information
algorithm was applied for ranking attributes. This algo-
rithm evaluates the worth of an attribute by measuring the
information gain with respect to the class, in our case an
action. True positive rate TPR and true negative rate TNR
metrics were obtained from the classification results.

Sensitivity is the True Positive Rate (T'PR), also called

Recall, and measures the proportion of positives which are
correctly identified as indicated in Formula 4.

True positives

TPR = (4)

Specificity is the True Negative Rate (T'N R) and measures
the proportion of negatives which are correctly identified as
indicated in Formula 5.

True positives + False negatives

TNR — True negatives

(5)

In Table 3 the classification results are shown. Columns
describe, from left to right, the data treatment, the number
of instances, the number of attributes, and the calculated
value of the metrics. Except for the treatment in which a
model is trained and evaluated with different data partitions,
in all treatments a 10 cross-fold validation was used.

According to the classification results, for the three clas-
sifiers the rate of true negatives is greater than the rate of
true positives in all treatments. In general J48 classifier has
the poorest classification results, except for data of the daily
living environments. It is also worth to remark that classifi-
cation based on a combination of data of both environments,
structured and daily living environments, is better than clas-
sification based on any separate dataset. For Naive Bayes
and Logistic regression, which consider all attributes to build
their classification models, selecting relevant attributes im-
proves the rate of true positives 2.4% and 9.8%, respectively.

In Tables 4-6 the confusion matrices for the treatment that
includes relevant attributes and data of structured and daily
living environments are shown. J48 algorithm misclassified
4 instances of grooming as doing housework and 3 instances
as mouth care; 5 instances of cooking as mouth care and 3
instances of mouth care as cooking, were misclassified too.
Naive Bayes misclassified 2 instances of cooking as grooming
and 2 instances of eating as cooking. Logistic regression
misclassified 2 instances of cooking as eating.

True negatives + False positives

5. DISCUSSION

According to variability study of complex actions, we can
make this remark: the sensor that was placed on the upper
arm, Sen2, presents greater variability of the orientation
recordings for the all actions that were performed, than the
sensor placed on the forearm, Sen3, 18.9 + 10.7 deg of dif-
ference in the structured environment, and 11.4 4+ 18.6 deg
of difference in daily living environments; except for eating
action in daily living environments in which the variability



Table 1:

Means of DTWs; distances of the three subjects performing the complex actions in structured

environment expressed in degree units, sd means standard deviation.

Table 2: Means of DT'W; distances of the three subjects performing the complex actions in daily living

Action Senl: scapula  Sen2: upper arm  Sen3: forearm | Mean of action (sd)
Grooming 11.3 22.6 12.1 15.3 ( 3)
Cooking 21.9 51.2 18.1 30.4 (18.1)
Eating 7.8 12.2 5.8 8.6 ( 3)
Doing housework 9.7 32.8 8.9 17.1 (13.6)
Mouth care 15.3 32.9 12.1 20.1 (11.2)
Mean of sensor (sd) 13.2 (5.6) 30.3 (14.5) 11.4 (4.6) |

environments expressed in degree units, sd means standard deviation.

Action Senl: scapula  Sen2: upper arm  Sen3: forearm | Mean of action (sd)
Grooming 22.8 29.0 23.5 25.1 (3.4)
Cooking 36.8 67.5 23.0 42.4 (22.8)
Eating 6.5 16.4 20.9 14.6 ( 7.3)
Doing housework 10.8 16.4 14.3 13.8 (2.8)
Mouth care 22.6 12.9 12.3 15.9 (5.8)
Mean for sensor (sd) 19.9 (11.9) 28.4 (22.7) 18.8 (5.1) |

Table 4: Confusion matrix for J48 classification per-
formance using relevant attributes and instances of
both environments.

Action classified as:

Num. Action 1 2 3 4 5
Grooming 1 0 0 4 3
Cooking 0 2 0 5
Eating 17 0 O

0

Uk W N~

1
0
Doing housework 0
Mouth care 0

o
—_
(@8

Table 5: Confusion matrix for Naive Bayes classi-
fication performance using relevant attributes and
instances of both environments.

Action classified as:

Num. Action 1 2 3 4 5
1 Grooming 7 1 0 0 O
2 Cooking 2 16 0 0 0
3 Eating 0O 2 16 0 O
4 Doing housework 1 0 0 16 1
5 Mouth care 1 0 0 0 17

Table 6: Confusion matrix for Logistic regression
classification performance using relevant attributes
and instances of both environments.

Action classified as:

Num. Action 1 2 3 4 5
1 Grooming 16 1 0 0 1
2 Cooking 1 14 2 1 0
3 Eating 0 1 17 0 0
4 Doing housework 1 0 0 17 0
5 Mouth care 0 0 0 0 18

of Sen3 is greater than Sen2. That indicates that the move-
ments of the upper arm around the glenohumeral joint, in
particular the movements related with the flexion/extension,
abduction/adduction, and internal and external rotation of
the upper arm enable the execution of the studied actions
in a greater number of configurations than the movements
involving sternoclavicular and the elbow joints.

The orientation variability of the sensors placed on the
forearm and on the scapula are equivalent for all the actions,
Send, 2.1+1.3 deg in the structured environment, and Sen3
and 8.5+ 6.2 deg in daily living environments between both
sensor recordings.

Concerning to the actions, eating is the action with low-
est variability in the structured environment, 8.6 deg, and it
has the lowest standard deviation among the three sensors
with 3.3 deg. Eating, doing housework (cleaning the table)
and mouth care present the greatest similarity in daily living
environments, 14.8 deg on average, indicating that these ac-
tions have motion characteristics that are usually repeated
each time they are performed; cleaning the table has the
lowest standard deviation of sensors in both environments
with 2.8 deg. Cooking is the action with highest variability
in both environments, 2 and 2.5 times higher in propor-
tion than the average of the other four actions. Cooking
is presumably the action less repeatable, in this study this
action was preparing a sandwich. Finally, doing housework
and mouth care present lower variability in daily living en-
vironments than in the structured environment, 3.3 deg and
4.2 deg less, respectively; however the standard deviation is
greater for the structured environment. The mean difference
of the other three actions, that have greater variability in the
structured environment than in daily living environments, is
9.3 £ 3 deg.

Regarding to the complex action classification, the results
obtained by Naive Bayes classifier are more consistent than
the classification results using the other two classifiers. It
is important to remark that J48 classifier, that is an im-
plementation of C4.5, builds a decision tree measuring the



Table 3: Classification results using J48, Naive Bayes and Logistic regression classifiers according to data
treatments. StDa: instances of the structured environment, DLDa: instances of daily living environments.

J48 Naive Bayes Logistic reg.
Data treatment Instances Attributes TPR TNR TPR TNR TPR TNR
Structured data StDa 45 73 0.778 0.994 0.822 0.956 0.844 0.961
Daily living data DLDa 45 73 0.800 0.950 0.778 0.944 0.644 0.911
Training with StDa, testing with DLDa 90 73 0.667 0.917 0.773 0.933 0.778 0.944
StDa and DLDa 90 73 0.789 0.947 0.889 0.972 0.822 0.956
StDa and DLDa with relevant attributes 90 44 0.789 0.947 0.911 0.978 0.911 0.978

information entropy of the attributes and uses the more rel-
evant ones for the model. For the proposed treatments, J48
classifier uses only between 4 and 6 attributes for building
its classification models. The information gain algorithm se-
lects the most relevant attributes to reduce the number of
attributes and this fact impacts more to Naive Bayes and
Logistic regression classifiers. When ranking attributes, the
sensor that provides more information for classifying is the
sensor placed on the forearm; the more relevant attributes
are: action completion time, the power of the frequency 2-
4H z, the power of the frequency 4-6 H z and the standard de-
viation. The feature mean does not provide information; in
particular, the axis — Z of the sensor placed on the scapula,
the axis—Y and the axis— Z of the sensor placed on the up-
per arm do not provide information either. These axes cor-
respond to elevation/depression, abduction/adduction and
flexion/extension of the shoulder. If in the last treatment
proposed for classification, the attribute action completion
time is not considered, the true positive rate for J48 de-
creases from 0.789 to 0.644; for Naive Bayes from 0.911 to
0.889; and for Logistic regression models from 0.911 to 0.878,
indicating that this attribute is crucial for the models based
on the decision trees.

Our results suggest that selected complex actions can be
classified with good performance using data recorded in the
structured environment under controlled conditions, even
using data recorded in daily living environments of the three
subjects under non-controlled conditions. Based on these
findings, we claim that it is feasible to recognize complex ac-
tions in daily living environments using computational tech-
niques applied to orientation signals obtained from wearable
inertial sensors.

6. CONCLUSIONS

Our results provide valuable information to measure the
similarity of a set of complex actions in daily living envi-
ronments. The studied actions can be classified with good
precision using Naive Bayes and Logistic regression models.
Also, given the low complexity for training, building and
evaluating models using Naive Bayes, it is feasible to recog-
nize the complex actions efficiently. Thereby, it is feasible to
combine DTW distances and feature-based classification in
order to recognize complex actions in real-time using a slid-
ing window approach. Concerning to the complex actions, it
is needed to consider a greater set of daily living actions than
the actual one, as well as to extending the number of possi-
ble configurations of an action, e.g., cooking. Finally, with
the aim to distinguish very similar actions, merging the in-
formation obtained from wearable inertial sensors with data
acquired by environmental sensors to combine spatial and
contextual information in richer evidences is considered a

possible avenue of research.
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APPENDIX

A. TIME-DOMAIN AND FREQUENCY-DO-
MAIN FEATURES

The time-domain features are calculated using Formulas 6
- 8. Range of motion, zero crossing rate, and action comple-
tion time are time-domain features. The frequency-domain
feature is calculated using Formula 9.

In all the formulas detailed below: n is the size of the
signal X, = is a value of X, th indicates the th-term of the
ordered time serie X, and @1 and Q3 are the lower and
upper quartile of X.

e Arithmetic mean (Z):

j:xl—i—xg:...—kxn (6)

e Standard deviation (o):

o= \/% [(11 - :f)2 + (z2 — 57)2 ot (@n — 5)2] (7)

e Root mean square (rms):

rms:\/% (22 + 22 + ... + 22) (8)

e The range of motion (rom) is calculated by subtracting
the minimum value from the maximal value of each Eu-
ler angle. It measures the angular distance of a segment
around a joint.

e Zero crossing rate (zcr) is the total number of times the
signal X changes from below to above or vice versa.

e Action completion time (act) is the total time of the
signal X.

e Power of a discrete signal (Px):

ol e
Px = lim E;Ix(z)\ 9)



