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Ambient assisted living is an emerging trend in which ar-
tificial intelligence enables the use of new products, services,
and processes that help to provide safe, high-quality, and
independent lives for the frail and elderly. Due to underlying
health issues, aspects of everyday living can become phys-
ically and mentally challenging for them. Technology can
support daily interaction and be integrated in the health care
of senior citizens, which are both vital to ensure their health
and happiness.

Artificial intelligence has enabled significant advancements
in ensuring such support, while preserving independence. Ad-
vancements include development of information and com-
munication technologies used in versatile ways, including for
prediction, prevention, rehabilitation, and support. However,
technology that enables ambient assisted living comes with its
own challenges. It needs to be easy to use, while suitably
designed, and adaptable to changing needs and individual
preferences.

$e paper by X. Ferre et al. addresses the use of ultrasonic
sensor-based gait speed measurement device controlled via
a mobile interface, which permits patients to self-assess physical
performance. $is allows for timely detection of functional
decline and frailty, which can, if undetected, ultimately progress
to disability.

$e paper by C. Ramı́rez-Fernández et al. presents the
usability evaluation of a haptic-enhanced tele rehabilitation
system for massage therapy of the back. $e system includes
features that allow for administering online therapy pro-
grams, providing self-adjustable and safety treatment of back
massages using a virtual environment, and saving and

replaying massage sessions according to a patient’s therapy
program.

$e paper by D. Spoladore et al. presents a smart home
simulator, using semantic and virtual reality-enhanced con-
figuration of domestic environments, and taking into account
both the preferences of the end-users, the configurations of
smart appliances, and relevant technologies, including de-
ployment and data-sharing issues.

$e paper by I. Rodŕıguez et al. addresses issues surrounding
using mobile and wearable devices for self-reporting of chronic
pain and pain management in older adults.

$e paper by M. Simón et al. introduces a system for
gathering physiological data, which is valuable for the analysis of
personal characteristics, such as behaviour, health conditions,
and preferences.

$e paper by M. A. Teruel et al. discusses physical and
cognitive rehabilitation and shows that the development of
collaborative rehabilitation systems is one of the best alter-
natives to mitigate isolation.

$e article by M. Espinilla et al. introduces a fuzzy in-
telligent system for patients with preeclampsia in wearable
devices. $e system uses a decision analysis tool for the early
detection of the condition in women at risk.

Gait analysis, using computer vision based on cloud
platform and mobile device, is the topic of the paper by
M. Nieto-Hidalgo et al. Since deterioration of cognitive and
motor function is linked to gait patterns, gait analysis can be
a powerful tool to assess frailty and senility syndromes.

$e paper by B. Liu et al. discusses the relevance of
monitoring breathing and establishing accurate breathing
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rate using a deep learning-based fine-grained breathing rate
monitoring algorithm, which works on smartphone and
achieves professional-level accuracy.

A fuzzy logic-based personalized method to classify
perceived exertion in workplaces using a wearable heart rate
sensor is the topic of the paper by P. Pancardo et al. Wearable
heart rate sensors represent an effective way to capture
perceived exertion, ergonomic methods are generic, and they
do not consider the diffuse nature of the ranges that classify
the efforts. $e proposed method is personalized, and it
assesses perceived exertion and uses fuzzy logic as an option
to manage imprecision and uncertainty in involved variables.

$e paper by D. Mart́ın et al. discusses approaches to
improving learning tasks for mentally handicapped people
using ambient intelligence techniques based on cyber-physical
systems. $e paper shows that that such solutions are feasible
and allow for learning of complex tasks in some cases.

Pino Caballero-Gil
Lilia Georgieva

Ljiljana Brankovic
Mike Burmester
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In mHealth 5eld, accurate breathing rate monitoring technique has bene5ted a broad array of healthcare-related applications.
Many approaches try to use smartphone or wearable device with 5ne-grained monitoring algorithm to accomplish the task, which
can only be done by professional medical equipment before. However, such schemes usually result in bad performance in
comparison to professional medical equipment. In this paper, we propose DeepFilter, a deep learning-based 5ne-grained
breathing rate monitoring algorithm that works on smartphone and achieves professional-level accuracy. DeepFilter is a bi-
directional recurrent neural network (RNN) stacked with convolutional layers and speeded up by batch normalization. Moreover,
we collect 16.17 GB breathing sound recording data of 248 hours from 109 and another 10 volunteers to train and test our model,
respectively. /e results show a reasonably good accuracy of breathing rate monitoring.

1. Introduction

/e emergence of mHealth draws much attention both in
industry and academy [1]. Google, Microsoft, and Apple
conduct a series of work on mHealth from hardware to
software. Google is the 5rst one to get involved in mHealth.
In April 2012, Google released Google Glass [2] and applied
it to healthcare in July 2013 [3]. Pristine declared to develop
medical application for Google Glass. After that, Google
accomplished the acquisition of a biotech company Lift Labs,
which invented an electronic spoon to help Parkinson patients
have food. In 2015, Google X announced that it was working
on wearable suits which can exam cancer cell of users. In
addition, Microsoft Band, Apple Watch, Fitbit, Jawbone, and
more smart wearable devices bloom up everywhere.

/ere exists a broad array of healthcare-related appli-
cations on sleep monitoring by smart wearable devices [4].
/ey often aim at 5ne-grained breathing rate monitoring as
a kind of nonobtrusive sleep monitoring for the under-
standing of users’ sleep quality. Since inadequate and ir-
regular sleep can lead to serious health problems such as

fatigue, depression, cardiovascular disease, and anxiety [5],
breathing rate monitoring is critical to detect early signs of
several diseases such as diabetes and heart disease [6]. /e
breathing rate monitoring can also be applied to the sleep
apnea diagnosis and treatment, treatment for asthma [7],
and sleep stage detection [8]. /us, 5ne-grained breathing
rate monitoring is important to facilitate these healthcare-
related applications.

Traditionally, one’s breathing rate can be captured by
professional medical equipment as monitoring machines in
hospitals. In most cases, such machines are too expensive,
too complex, and too heavy for daily use for ordinary people.
A possible solution is to achieve accurate sleep monitoring
via smartphone or other devices with recognition algorithm
[9], which is more and more popular in current healthcare-
related applications. For example, Ren et al. [10] exploit the
readily available smartphone earphone placed close to the
user to reliably capture the human breathing sound. It
cannot work if the earphone is apart from the user. Liu et al.
[11] tracks the vital signs of both the breathing rate and the
heart rate during sleep, by using oF-the-shelf WiFi without
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any wearable or dedicated devices. However, the wearable
devices cannot achieve approximative performance in com-
parison to professional medical equipment. /e latter often
has a much lower signal-to-noise ratio (SNR) and can achieve
a much higher accuracy in breathing rate monitoring.

In this paper, we aim at developing a 5ne-grained
breathing rate monitoring algorithm that works on smart-
phone and achieves professional-level accuracy. We propose
a deep learning model such as DeepFilter, which can 5lter the
breathing from low SNR data. We empirically exploit the
framework of deep learning and apply it to the 5ne-grained
breathing rate monitoring on smartphone. /e deep learning
model combines several convolutional layers and a bi-
directional recurrent layer and is trained in an end-to-end
manner using the cross entropy loss function. In addition,
batch normalization is adapted to speedup the training.
Moreover, we collect 16.17GB breathing sound recording data
of 248 hours from 109 and another 10 volunteers to train and
test our model, respectively. /e results show a reasonably
good accuracy of breathing rate monitoring.

/e main contributions of this paper are highlighted as
follows:

(i) As to our best knowledge, we are the 5rst to apply
deep learning to 5ne-grained breathing rate moni-
toring, with low SNR data recognition.

(ii) We run real experiments on smartphone and verify
the availability and performance of our model, which
directly promotes the sleep monitoring applications
in our daily lives.

2. Related Work

Since our scheme involves accurate sleep monitoring and
deep learning, we mainly discuss the previous work on the
two aspects.

Medical-based sleep-monitoring systems are often de-
veloped for clinical usage. In particular, polysomnography
[12] is used in medical facilities to perform accurate sleep
monitoring by attaching multiple sensors on patients,
which requires professional installation and maintenance. It
can measure many body functions during sleep, including
breathing functions, eye movements, heart rhythm, and
muscle activity. Such systems incur high cost and are usually
limited to clinical usage. DoppleSleep [13] is a contactless sleep
sensing system that continuously and unobtrusively tracks
sleep quality, by using commercial oF-the-shelf radar modules.

Some smartphone apps, such as Sleep as Android, Sleep
Cycle Alarm Clock, and iSleep [14], can perform low-cost sleep
monitoring by using the smartphone built-in microphone and
motion sensors. /ese apps, however, only support coarse-
grained monitoring, such as the detection of body movements,
coughing, and snoring [15], and utilizes the phone usage
features such as the duration of phone lock to measure sleep
duration. /e Respiratory app [16] derives a person’s re-
spiratory rate by analyzing the movements of the users’ ab-
domen when placing the phone between the users’ rib cage
and stomach. ApneaApp [17] is a contactless sleep apnea event
detection system that works on smartphone, which does this

by transforming the phone into an active sonar system that
emits frequency-modulated sound signals and listens to their
reGections to capture the breathing movement. Ren et al. [10]
exploit the readily available smartphone earphone placed close
to the user to reliably capture the human breathing sound. Liu
et al. [11] propose to track the vital signs of both the breathing
rate and the heart rate during sleep by using oF-the-shelf WiFi
without any wearable or dedicated devices. /ere is still a gap
between the performance of professional equipment and that
of the approaches above.

Recently, deep neural networks are 5rst used for better
phone recognition [18], in which traditional Gaussian
mixture models are replaced by deep neural networks that
contain many layers of features and a very large number of
parameters. Convolutional networks have also been found
bene5cial for acoustic models. Recurrent neural networks
are beginning to be deployed in state-of-the-art recognizers
[19] and work well with convolutional layers for the feature
extraction [20]. We are inspired by the good performance of
the previous work on speech recognition and introduce deep
learning algorithm into the problem of 5ne-grained
breathing rate monitoring [21].

3. DeepFilter

In this section, we introduce the whole framework of
DeepFilter and investigate the training of the model in detail.

3.1. !e Framework. Figure 1 shows the framework of
DeepFilter. Our model is a RNN that begins with several
convolutional input layers, followed by a fully connected
layer and multiple recurrent (uni- or bidirectional) layers,
and ends with an output layer. /e network is trained end to
end and is added batch normalization with cross entropy
loss function.

In speech recognition, “end-to-end” is often used to
support the training without aligned training labels, which
does not involve the frame-level cross entropy loss function.
In breathing rate monitoring, we 5rst create frame-aligned
training labels and translate them into a classi5cation prob-
lem to decide whether the frames belong to inhaling/
exhaling or not. Since one inhaling/exhaling event may
involve several frames, we exploit recurrent layers to process
input sequence, for the recurrent layers can capture the
sequence information to improve the performance. /us,
the input/output sequence of our model is similar to that of
speech recognition. /e only diFerence is that the input and
output sequences of speech recognition have diFerent
lengths while that of our model have the same length.

To one sample xi and label yi, sequence frames are
sampled from training set χ � X1, X2, . . . , XN , which
generates some voice recordings of size N. We assume
that Xi is a sound recording for 136 seconds (the sampl-
ing rate is 44100 Hz), and the duration of each frame is
40 ms (which is an empirical value that always used as
window size in speech recognition) It can be divided
into samples Xi � x1, x2, . . . , xn , and each sample xj �
(x

j
1, x

j
2, . . . , x

j

T) combines T � 50 frames. And one frame
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x
j
t � (x

j
t,1, x

j
t,2, . . . , x

j

t,f) is a f � 1764 dimension vector
(44100/(1000/40) � 1764). /us, a voice recording of 136
seconds can be divided into n � 68 samples (136/2� 68,
40 ms∗50� 2 s). Each sample xj has a corresponding label
sequence yj � (yj1, y

j
2, . . . , y

j

T), y
j
t � 0, 1{ }, in which a frame

without breathing is set to 0, and otherwise is set to 1.
Generally, the goal of our processing is to convert an input
sequence xj into a 0-1 sequence.

/e data described above are suitable as input for a RNN.
However, our model is a RNN with several convolutional
input layers, which requires the input to be in a two-
dimensional structure. /us, we split one 40 ms frame
into 4 frames with 10 ms. Each 10 ms frame is translated
from time domain to frequency domain through FFT, which
produces a 220-dimension vector. Now, we translate a one-
dimensional 40 ms frame into a two-dimensional spectro-
gram with the size of 220∗4.

/e main idea of our scheme is to diFer the breathing
events from the low SNR recordings. It needs to support the
high-frequency signals for learning the 5ne-grained features
in deep learning model. /us, we use the sampling rate of
44100 Hz, which is the highest sampling rate of most
smartphones on the market.

3.2. Batch Normalization for Deep Bidirectional RNNs. To
eLciently absorb data, we increase the depth of the network
by adding more convolution and fully connected layers.
However, it becomes more challenging to train the network
using gradient descent as the size and the depth increase;
even the Adagrad algorithm could achieve limited im-
provement. We add batch normalization [22] to train the
deeper network faster. Recent research has shown that batch
normalization can speed convergence, though not always
improving generalization error. In contrast, we 5nd that
when applied to very deep RNNs, it not only accelerates
training but also substantially reduces 5nal generalization
error.

In a typical feed-forward layer containing an aLne trans-
formation followed by a nonlinearity f(·), we insert a batch
normalization transformation by applying f(Wh + b)→
f(B(Wh)), where

B(x) � c
x−E(x)

(Var[x] + ε)1/2
+ β, (1)

in which the terms E and Var are the empirical mean and
variance over a minibatch, respectively. /e learnable pa-
rameters c and β allow the layer to scale and shift each
hidden unit as desired. /e constant ε is small and positive
and is included only for numerical stability. In our con-
volutional layers, the mean and variance are estimated over
all the temporal output units for a given convolutional 5lter
on a minibatch. /e batch normalization transformation
reduces internal covariate shift by insulating a given layer
from potentially uninteresting changes in the mean and
variance of the layers’ input.

A recurrent layer is implemented as

h
→l

t � f Wlhl−1t + U
→l

h
→l

t−1 + b
l 

h
← l

t � f Wlhl−1t + U
←l

h
← l

t+1 + b
l,

(2)

where h
→l

t and h
← l

t are computed sequentially from t � 1 to
t � T and from t � T to t � 1, respectively. And the l + 1
(nonrecurrent) layer takes both the forward and backward
units as inputs hl+1t � f(W

l+1hlt + b
l+1), where hlt � h

→l

t + h
← l

t ,
and the activation function f(x) � min max 0, x{ }, 20{ } is the
clipped ReLu.

/ere are two ways of applying batch normalization to
recurrent operation:

hlt � f B Wlhl−1t + U
lhlt−1( ( 

hlt � f B Wlhl−1t(  + Ulhlt−1( ,
(3)

where the 5rst one indicates that the mean and variance
statistics are accumulated over a single time step of the

Convolution
layer Unfolding

Full connected
layer Folding

Bidirection
recurrent layer

Figure 1: /e deep learning framework of our model. /e model is a bidirectional RNN, which begins with three convolutional layers (the
third layer is mean pooling) and is followed by four fully connected layers. /e data are translated into spectrogram as input to the network
and are trained end to end.
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minibatch, which is ineFective in our study. We 5nd that the
second one works well, and Cooijmans et al. [23] have
explained the reason.

3.3. Convolutions. Temporal convolution is commonly used
in speech recognition to eLciently model temporal trans-
lation invariance for variable length utterances. Convolution
in frequency attempts to model spectral variance due to
speaker variability more concisely than what is possible with
large fully connected networks. We experiment with the use
of convolutional layers from one to three. /ese are both in
the time and frequency domains (two-dimensional) and in
the time-only domain (one-dimensional).

Some previous works [24] demonstrated that multiple
layers of two-dimensional convolution improve results
substantially than one-dimensional convolution. And con-
volution has good performance on noisy data. A key point
and necessity of low SNR data recognition is denoise [24].
/us, the convolution component of the model is the key
point for it to work well on low SNR data.

3.4. Bidirectional. Recurrent model with only forward re-
currences routinely performs worse than similar bidirec-
tional ones, so that implying some amount of future context
is vital for good performance. However, bidirectional re-
current models are challenging to be deployed in an on-
line, low-latency setting because they cannot stream the

transcription process as the utterance arrives from the user.
/e DeepSpeech2 of Baidu [24] supports a special layer
called lookahead convolution, which is a unidirectional
model but without any loss in accuracy comparing to a
bidirection one. In our study, we use the bidirectional re-
current model because we do not have the constraint of
working in real time.

4. Fine-Grained Breathing Rate Monitoring

4.1. Training Data. Large-scale deep learning systems re-
quire an abundance of labelled data. For our system, we need
a lot of labelled low SNR data, but it is diLcult to label the
low SNR data. To train our large model, we 5rst collect high
SNR data (the data collected in a quiet surrounding in which
breathing can be heard clearly), which are much easier to be
labelled. After that, we combine the labelled data with pink
noise to lower the SNR of the data through data synthesis,
which has been successfully applied to data extensions of
speech recognition.

Figure 2 is one high SNR sound recording of 45 seconds.
/e 11 red boxes mark 11 expirations, and the black, green,
and blue boxes mark 2 inspirations, 8 silences, and 3 noises,
respectively. When we enlarge the frames of expiration,
inspiration, silence, and noise, it is obvious that the dif-
ferences between adjacent points in a silence frame is much
lower than that in the other three types of frame on average.

60
50
40
30
20
10
0
0 0.5 1 1.5 2

0.010

0.75857580 0.7590 0.7595

0.005
0.000

−0.005
−0.010
−0.015

Inhale

0.05

44.6215 44.6220 44.6225

0.00

−0.05

Exhale

Abrupt
high amplitude

0.002

20.1552020.1550020.1548020.15460

0.000
0.001

−0.001
−0.002
−0.003

−0.005

Silence

Smooth
low amplitude

0.00

−0.05

0.05

0 5 10 15 20

Time (s)

25 30 35 40 45

0.00

−0.05

0.05 Noise

43.514901470 43.51510 43.51530 43.5

45-second breathing data in time series

Figure 2: A snapshot shows how we label the data semiautomatically, which is motivated from the observation of the frequency and the
amplitude of the data.
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And its amplitudes are also minimum, only 10−3. /en, we
give each frame a frame index l(xi) as follows:

l x
i

  �∑
n

t�1
x
i
t



 + x
i
t+1 −x

i
t



, (4)

where xi is the ith frame in data, n � 1764. /e sub5gure on
the bottom of Figure 2 shows the label indexes of one sound
recording (x-axis is frame and y-axis is the corresponding
frame index). To facilitate observation, we add green lines on
the frames whose index is larger than the threshold. It makes
the label indexes to distinguish the silence frame from the
other three types of frame well. For labelling the data, we
erased the inspiration and noise manually (since it is a high
SNR data, the volunteers are required to keep quiet during
recording), and the threshold is also given manually. All the
above actions are conducted in a sound processing software
Audacity [25], and the thresholds and labels are determined
on Matlab.

It took us 3 weeks for labelling about 7458 sound re-
cordings (one recording is about 2 minutes, and the total
recordings from 109 people are about 248 hours). Finally, we
use Audacity to complete the data synthesis discussed above.

During the labelling, we 5nd that the number of
breathing frames is larger than that of nonbreathing frames,
which may reduce the classi5cation performance. /us, we
add a weight in loss function as follows:

Ł(y, y) �
1
T
∑
T

t�1
ηytlnyt + 1−yt ln 1− yt  . (5)

4.2. Postprocessing. Figure 3 is a snapshot of 1000 contin-
uous frames randomly chosen from training data, in which
the top 5gure is the ground truth, while the bottom 5gure
shows the recognition results from our model (the x-axis is
the frame and the y-axis is the label value). As shown in the
5gure, breathing is continual and periodical, while the in-
correctly labelled data and false-recognized frames are
abrupt and discrete. /us, we can de5ne postprocessing as
follows:

First, we can regard a breathing event as the continuous
frames with breathing label. /us, we delete the breathing
events whose frame number is less than a threshold, which is
the key point of postprocessing. In this study, we choose
a value of 50 because a breathing time less than 0.5 s is
abnormal according to our tests. As shown in Figure 3, the
postprocessing could remove the green dotted-line cycle.
/e eFect of postprocessing is shown in Table 2,and the
values of TTR (Test ground-Truth Rate) can demonstrate its
eLciency (TTR is a metric described in Section 5.3).

5. Experiment

5.1. Training. We train our deep RNN on 2 work stations
with the con5guration as follows: Intel Xeon processor
E5-2620, 32 GB memory, standard AnyFabric 4 GB ethernet
adapter, and Nvidia GTX Titan GPU with 12 GB memory.
We use a PC as parameter server and 2 work stations as
workers. Each individual machine sends gradient updates
to the centralized parameter repository, which coordinates
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Figure 3: Postprocessing. A comparison between truth and test which shows the necessity of postprocessing.

Mobile Information Systems 5



these updates and sends back updated parameters to the
individual machines running the model training. We use
a public deep learning library TensorGow[?] to implement
our system.

/ere are four deep learning models trained in our study.
/e baseline model is a unidirectional RNN with 4 hidden
layers, and the last hidden layer is a recurrent layer. /e
framework is 882-2000-1000-500-100-1, and learning rates
α � 10−5 without momentum. Training data are described in
the previous section, and we take 40 ms as a frame and 50
frames as a group (T � 50). Other three models are also
RNNs but begin with convolution layers. /e detailed model
parameters are listed in Table 2. /e third line in the table is
the number of hidden layers, respectively. /e convolution
in one dimension and that in two dimensions has diFerent
inputs. For the one-dimensional convolution, the input is
a 40 ms frame and is translated to a frequency domain with
882 dimensions. /e input of the two-dimensional convo-
lution is a 40 ms frame too and is translated into a spec-
trogram (4× 220). /en, one or two convolutional layers are
followed with a mean pooling layer, and the mean pooling
size is 3 × 2 (4 × 4 for one-dimensional mean pooling). All
models have three fully connected layers, and each layer has
512 units. /ey are ended with two unidirectional recurrent
layers except DeepFilter 3, which is ended with one bidi-
rectional recurrent layer. All the models are trained through
Adagrad with an initial learning rate α � 1e−3.

5.2. Experimental Data. Figure 4 shows the procedure of
data collection. In Figure 4(a), the volunteer sits in front of
the desk, and four smartphones are placed on the desk with
a distance of 0.2 m, 0.4 m, 0.6 m, and 0.8 m from the margin
of the desk, respectively (the distances from the volunteer’s
nose to smartphones are far enough, which reach 0.6 m,
0.85m, 1.0 m, and 1.2 m, resp.). /e further the distance is,
the lower the SNR is, and the more diLcult the labelling of
data is. We make four smartphones to possess the same label
by collecting data in synchronization, while it is easy to label
the nearest one. In Figure 4(b), the volunteer sits in front of
the desk, with four smartphones on the desk with a dis-
tance of 0.4 m from the margin of the desk, with 4 diFerent
angles ±30° and ±60°. We collect 10 volunteers’ breathing
data, each including 2 minutes tests as Figures 4(a) and 4(b),
respectively, and label them 5nally.

We 5nd some diFerences on the smartphone with dif-
ferent manufacturers. A funny discovery is from iPhone 4s.
iPhone 4s has much worse ability to collect sound recording
like breathing, since the built-in microphone has a 5lter
function that can 5lter the low-frequency noise before re-
cording. /is function is developed to improve the quality of
voice conversations. We test some smartphones from dif-
ferent manufacturers such as OnePlus, Huawei Honor, Mi,
Meizu, Oppo, and Vivo and 5nally 5nd that 4 Mi smart-
phones can collect more intact data. Consequently, we
choose 4 Mi smartphones with the same band, for removing
the unexpecting hardware diversities in experiments.

5.3. Results. /ere are four metrics to measure the perfor-
mance of an algorithm in Table 1. TPR (true positive rate),

Table 1: /e results from 6 models: support vector machine (SVM), logistic regression (LR), DRNN (baseline), Model 1, Model 2, and Model 3.
All of them are trained and tested on two data sets. /e rightmost 4 columns are the average scores over the 4 distances.

20 cm (0.8 m) 40 cm (0.95 m) 60 cm (1.1 m) 80 cm (1.25 m)
TPR TNR TPR TNR TPR TNR TPR TNR TPR TNR WAR TTR (bmp)

SVM 0.897 0.923 0.787 0.920 0.402 0.843 0.316 0.820 0.601 0.876 0.807 0.53
LR 0.867 0.913 0.757 0.932 0.413 0.789 0.342 0.829 0.594 0.865 0.798 0.53
Baseline 0.994 0.988 0.948 0.916 0.509 0.925 0.461 0.947 0.715 0.944 0.886 0.64
DeepFilter 1 0.996 0.970 0.980 0.986 0.667 0.932 0.639 0.921 0.820 0.952 0.919 0.71
DeepFilter 2 0.998 0.965 0.981 0.988 0.740 0.910 0.703 0.900 0.855 0.943 0.921 0.77
DeepFilter 3 0.998 0.976 0.998 0.976 0.733 0.900 0.710 0.921 0.859 0.943 0.922 0.77

Table 2: Model parameters. /e convolutional layer parameters
are denoted as “〈convolutional type〉 conv 〈receptive 5eld
size〉 − 〈number of channels〉.” Also, the parameters of recurrent
layer are denoted as “〈uni or bi〉 − 〈number of hidden units〉,”
where “uni” denoted unidirectional recurrent and “bi” denoted
bidirectional recurrent. /e ReLU activation function is not shown
for brevity.

Model con5guration
DeepFilter 1 DeepFilter 2 DeepFilter 3
6 weight 7 weight 6 weight
Layers Layers Layers
Input
(882× 50 sequence) Input (220× 4× 50 spectrogram)
One-dimension-
conv9-16

Two-dimension-
conv3-16

Two-dimension-
conv3-16

Two-dimension-
conv3-32

Two-dimension-
conv3-32

Mean pool
FC-512
FC-512
FC-512

Uni-128 Uni-128 Bi-128
Uni-128 Uni-128 —

α � 1e−3

Output: sigmod
Loss: cross-entropy
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TNR (true negative rate), WAR (whole accuracy rate), and
TTR. /ere are two classes of samples in our data set:
breathing frames (positive samples) and nonbreathing
frames (negative samples). TPR is a recognition accuracy on
positive samples, while TNR is a recognition accuracy on
negative samples. And WAR is the recognition accuracy on
the whole data set. After recognizing from deep learning
model, breathing frames are calculated into TTR. Here, TTR
is a measure of breathing rate, which is de5ned as a/b, where
“a” is the breathing rate calculated by postprocessing and “b”
is the ground-truth breathing rate. Table 1 also lists the TPR
and TNR of four distances respectively, and it shows that the
number of positive samples is quadruple the number of
negative ones. /at is to say the recognition accuracy of
negative samples is much higher than that of positive samples.

We can obtain 5ve results from Table 1 as follows: 5rst,
the deep learning models exhibit advantages on precise
recognition in comparison to SVM and LR. /e superiority
increases with the decrease of SNR of the data. Second, the
convolution exhibits good performance according to the
results of our models and baseline. /e two-dimensional
convolution is better than the one-dimensional convolution,
which demonstrates the ability of feature representation of
convolution. And, the frequency domain (two-dimensional)
provides more information than the time domain (one-
dimensional). It is said that the convolutional layer brings
the most improvement on accuracy of recognition. /ird, the
bidirectional recurrent layer is better than the unidirectional
one, according to the results of DeepFilter 2 and DeepFilter 3.
It means that not only the history information but also the
future information can improve the accuracy of recognition.

In practice, the improvement of the bidirectional recurrent
layer is limited, which is not much than that of convolution.
Fourth, the results of baseline, DeepFilter 1, DeepFilter 2,
and DeepFilter 3 demonstrate that the convolution is per-
formed well in both time and frequency domains. And the
performance of negative samples (TNR) is much better than
that of positive samples in deep learning models. Finally,
DeepFilter 3 obtains the best result in most cases, especially
for lower SNR data. And the results from DeepFilter 1 to
DeepFilter 3 demonstrate that the convolutional layer and
the recurrent layer are not conGicts but boost each other in
our problem.

In Table 1, there are signi5cant diFerences between
40 cm and 60 cm with respect to the recognition accuracy.
Since the SNR of breathing recordings decreases expo-
nentially with the increasing of distance, TTR can directly
indicate the performance of 5ne-grained breathing rate
monitoring. As we see, the TTR of DeepFilter 3 is close to
that of DeepFilter 2, and the TTR values of 6 algorithms are
less than other three metric values. It implies that one
breathing event is separated by some misclassi5ed frames, in
which each part is less than 5 frames. Since such breathing
events are removed by postprocessing, the TTR values of 6
algorithms are less than other three metric values.

Table 3 lists four related vital sign monitoring methods,
including ApneaAPP [17], FMBS [10], WiFi-RF [11], and
DoppleSleep [13]. All the four vital sign monitoring methods
belong to contactless sleep monitoring systems, which in-
volve breathing frequency detection. /e column “Modal-
ities” lists the method of the system used. “RiP-L” and “RiP-
U” are the lower bound and the upper bound of accuracy of
the system in the corresponding papers, and “bmp” is the
unit which means the diFerence between the rate detected by
the system and the actual rate. “RiO-TTR” is the result that
we reproduce in the four methods with our data on the
metric “TTR.” DiFerent from our work, WiFi-RF and
DoppleSleep need extra device to assist breathing moni-
toring while our system only requires the oF-the-shelf
smartphone. ApneaAPP uses frequency-modulated con-
tinuous wave (FMCW) to capture the breathing frequency.
We reproduced the method but obtained poor results (as
shown in the 5rst line of the last column of Table 3, < 0.2
means less than 0.2). /e reason lies in that FMCW needs the
device to transmit ultrasonic, and the higher the frequency of
ultrasonic is used, the better the results are found. Most
smartphones only support ultrasonic less than 20 kHz,
which cannot provide enough accuracy in practical (only 0.2
accuracy can be achieved in our reproduced scheme, which
is much lower than the 0.98 listed in paper). FMBS is the
only method using voice recording, which is most similar to
our work. FMBS uses earphone to reinforce voice recordings
of the users during the night and adopts envelope detection
to assist the breathing detection. But, it is a coarse-grained
breathing detector, which only achieves a low TTR value as
0.53 when it is running on our voice recordings. As so far,
there are no any other works using smartphone on 5ne-
grained breathing rate monitoring of voice recordings.
WiFi-RF and DoppleSleep use WiFi radio frequency and
extra device to capture breathing, respectively, which may

(a)

(b)

Figure 4: Collecting the test data. (a) Four smartphones in diFerent
distances. (b) Four smartphones in diFerent angles.
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achieve acceptable accuracy but are not suitable for breathing
monitoring based on smartphones.

We can 5nd that the TTR of DeepFilter is 0.77 in Table 1,
which is better than 0.53 of FMBS [10]. It means our deep
learning algorithm can achieve comparable performance of
several professional devices.

We also list the recognition accuracies of four distances
in Figure 4(a) and four angles in Figure 4(b). As shown in
Table 1, the accuracy is reducing with the raising of distance.
An interesting phenomenon of accuracy is dramatically
declined on 80 cm, which may be an explanation of critical
point of SNR. We will conduct further study on it in our
future work. And the results of accuracy ratio aFected by
diFerent angles are listed in Table 4, which shows a tiny
inGuence on accuracy by diFerent angles.

/e precision of polysomnography requires over 99%
which is the standard in sleep quality monitoring. In
practice, DeepFilter can achieve 90% accuracy in 1 meter but
lower than 80% in 2 meters. /e 2-meter monitoring dis-
tance is suLcient for most 5ne-grained breathing rate
monitoring applications. In most cases, the apps can work
well within 1 meter as monitoring distance.

5.4. Realistic Test. Figure 5 shows the procedure of realistic
sleep test, and the results are shown in Table 5. /e volunteer
lies on the bed, and the smartphone is placed at the side of
the pillow. /e smartphone records the breathing of the
volunteer, and another camera records the procedure. /e
test lasts for 7 hours, and 5nally we collect enough dirty data.
It includes the snore, the voice of turning, and other un-
known voices from outside. We choose three voice clips that
include three poses shown in Figure 5 and obtain the rel-
atively clean data (the environment is usually quite during
sleep, so that high SNR data are easy to 5nd). /e three clips
last for 23, 25, and 22 minutes, respectively. We labelled the
data by hand and run our model to validate the eFectiveness.
/e results shown in Table 5 prove that our method achieves

Table 4: /e results of four angles.

Angles ±30° −30° ±60° −60°

Accuracy ratio 95.01% 94.50% 91.67% 92.81%

Table 3: /e comparisons of several breathing rate monitoring techniques. “RiP-L” and “RiP-U” are the lower and upper bounds of
accuracy in the papers, respectively. “RiO-TTR” is the result that we obtained by reproducing the methods with our data on metric “TTR.”

Related methods Modalities RiP-L (bmp) RiP-U (bmp) RiO-TTR (bmp)
ApneaAPP [17] Ultrasonic <0.98 >0.996 >0.2
FMBS [10] Voice recording <0.5 >0.95 0.53
WiFi-RF [11] Radio frequency <0.6 >0.8 —
DoppleSleep [13] Radar module <0.786 >0.893 —

Table 5: /e results of sleep test.

TPR TNR WAR TTR
Flat 80.00% 92.10% 90.10% 0.77
Right 94.60% 98.80% 97.20% 0.84
Left 78.70% 87.90% 86.20% 0.69

(a) (b) (c)

Figure 5: Sleep test.
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5ne-grained breathing rate monitoring in realistic sleep.
And we will conduct more realistic experiments on smart-
phones and other mobile devices in the near future.

6. Conclusion

In this paper, we try to apply deep learning as 5ne-grained
breathing rate monitoring technique to smartphones for
people’s daily sleep quality monitoring. We propose
DeepFilter, a bidirectional RNN stacked with convolutional
layers and speeded up by batch normalization, to perform
this task. /e desirable results of experiments and realistic
sleep test prove that our model achieves professional-level
accuracy, and deep learning-based breathing rate moni-
toring apps on smartphones are promising. Our work also
extends the use of deep learning to low SNR data recog-
nition, which is inspiring for more data-processing
applications.

In our future work, we will exploit more data to train
DeepFilter. It implies that DeepFilter needs to suit more
smartphones from diFerent manufacturers. And more ro-
bust algorithms of postprocessing should be developed.
/en, we will also try more deep learning models to solve our
problem. And we will deploy the approaches on smart-
phones and other mobile devices in the near future.
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A prototype to improve learning tasks for mentally handicapped people is shown in this research paper using ambient intelligence
techniques and based on cyber-physical systems. ,e whole system is composed of a worktable, a cyber-glove (both with several
RFID and NFC detection zones), and an AmI software application for modeling and work8ow guidance. A case study was carried
out by the authors where sixteen mentally handicapped people and 3 trainers were involved in the experiment. ,e experiment
consisted in the execution of several memorization tasks of movements of objects using the approach presented in this paper. ,e
results obtained were very interesting, indicating that this kind of solutions are feasible and allow the learning of complex tasks to
some types of mentally handicapped people. In addition, at the end of the paper are presented some lessons learned after
performing the experimentation.

1. Introduction

Cyber-physical systems (CPS) are intersections of the physical
and the cyber worlds [1]. Although di?erent de@nitions and
proposalsmay be found [2], basically, these new systems allow
creating feedback control loops where sensors and actuators
obtain information about the real world, which is processed
by new generation cyber components (as, e.g., enhanced
pattern-recognition techniques), in order to infer the state of
the environment and its inhabitants and be able to act to reach
a more sustainable and pro@table situation [2].

With these ideas, one of the most common applications
for CPS is traceability [3]. Both product traceability and
people surveillance have been enhanced through the use of
CPS in the last years [4]. Moreover, some pedagogical works
have proved that this kind of systems are useful to control
the student learning in the so-called Industry 4.0 educational
scenarios. However, these solutions require a high number
of deployments, a complete remodelation of teaching
methodologies, and manners. ,erefore, usually they are

referred as “the systems of the future,” discarding their
viability nowadays.

Nevertheless, some small deployments or interventions
may be useful in certain scenarios, such as in educational
environments involving people who are mentally handi-
capped. ,ese solutions do not @t totally the requirements of
the new generation systems but follow their principles
employing the existing technology. In the context of ambient
intelligence (AmI) systems, for example, this approach is
being investigated in a very successful way [5]. In particular,
we argue that it is a very promising view for scenarios where
traditional techniques are insuHcient, but where total auto-
mation (as CPS paradigm proposes) is not valid at all (i.e., the
human actor must endure). ,is is the case, for example, of
the applications involving people with special needs.

,is paper is an extended version of our previous work
[6], which proposed an enhanced ambient intelligence
(AmI) system based on cyber-physical systems for tracking
the tasks being performed by people who are mentally
handicapped during their learning process.
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,eCPS presented in this research work include a cyber-
glove, a worktable, and an AmI software for creating and
controlling work8ows, whose tasks involve actions about the
cyber-glove and the worktable. ,is system is framed in
a research project funded by a grant from Madrid Auton-
omous Community called SEMOLA. Currently, this re-
search project is in a preliminary phase; so the developments
done are also at an exploratory stage. ,e whole system is
called LAoCA, an acronym from “Learning Architecture
over CPS and AmI.”

,e objective of this research work is to validate whether
an AmI environment for CPS traceability facilitates learning
for mentally handicapped people and improves control over
tasks and the acceptance of the system by users. Is not the
objective of this paper to validate the characteristics of the
system with which the experimentation was carried out,
which could be a possible future work.

In order to guide this research work, three research
questions were stated:

(i) RQ1: Can an AmI environment for CPS traceability
facilitate learning for mentally handicapped people?

(ii) RQ2: Does it improve control over the performed
tasks?

(iii) RQ3: Is LAoCA accepted by the @nal users?

A case study was carried out by the authors in order to
validate the environment and the solution proposed in this
paper, where sixteen mentally handicapped people with
Down syndrome from one of the most important founda-
tions for mentally handicapped people in Spain were in-
volved. ,e validation consisted of studying the
improvement of participants’ learning capabilities, analyzing
the system’s control of the tasks performed using the cyber-
glove and the worktable, and performing a survey about the
@nal user acceptance of the system.

,e results obtained are very promising con@rming that
the proposed solution is feasible, but as it is a preliminary
version. ,is @rst validation allowed us to @nd weaknesses in
the proposal with the aim of improving it, in following versions
and improving the design validation for future experiments.

2. Related Work

As said before, cyber-physical systems paradigm @ts per-
fectly the requirements of traceability solutions [3]. In fact,
various previous works have investigated the use of CPS
(and other similar solutions such as Smart Environments
[7]) in AmI solutions and traceability systems.

In particular, the National Institute of Standards and
Technology (NIST) has proposed a reference architecture
valid to be employed as framework for traceability solutions
and industrial automatic systems [8]. ,is proposal aims to
turn into the basic document for the future commercial CPS.
For example, following this line, some research works have
investigated the use of low-energy devices in order to display
information in di?erent scenarios such as supermarkets,
production systems, or hospitals [9, 10]. ,e basic idea is to
employ new, open, and more eHcient technologies such as

the electronic ink in order to improve the current automatic
industrial systems based on proprietary technologies [11, 12],
programmable logic controller (PLC) [13, 14], and very low-
level protocols such as OPC (Object Linking and Embedding
for Process Control) [15].

On the contrary, CPS approach refers an integrated so-
lution including all the requirements needed for automated
industrial processes, allowing a reduction in the system’s
complexity, and therefore, reducing the investment. Using
this framework, some traceability systems have been proposed
[3], proving that the number of errors committed by workers
gets reduced in comparison to traditional systems. Moreover,
solutions focused on inferring the activities being performed
by people in certain scenarios (as, e.g., the daily living) have
been reported [16]. In these proposals (usually), the enabling
technology is radio frequency identi@cation (RFID), which is
employed to create cyber-gloves, bracelets, and other in-
struments [17, 18]. ,ese designs, nevertheless, are usually
very obtrusive, so the execution of tasks and processes is
highly modi@ed when considering the use of these tools. For
this reason, learning solutions have not included this kind of
systems yet (as they may impede the development of some
activities). ,is idea, which is valid in general, is much more
important and critical when people who are handicapped are
considered. Despite the e?ort of the NIST (and other stan-
dardization organizations) to de@ne the concept of CPS,
several di?erent proposals and architectures may be found in
the literature [2]. Nowadays, even the appearance of the
Industry 4.0 systems [19] in Germany (based onCPS solutions
and principles) has turned the scene more complex and
heterogeneous.

In fact, the Industry 4.0 revolution aims to modify the
entire society. ,is revolution includes learning and
teaching. In this context, di?erent proposals about how the
future learning systems (based on Industry 4.0 and CPS
paradigms) could be constructed and implemented may be
found. Systems based on gami@cation and virtual reality are
the most common. However, other proposals based on
de@ning adaptive systems being able to facilitate the learning
of, for example, new tasks in industrial scenarios have been
reported [20].

Finally, in the last @ve years, the CPS paradigms have been
also applied to learning systems. In particular, as we said,
several works try to infer the Activities of Daily Living [21]
performed by users using a sort of RFID-enabled cyber-glove
[22] (possibly complemented with additional sensors such as
accelerometers [23]), connecting the outputs of these tools to
a systemwhich helps people to learn in a faster way (by means
of real-time feedback, assisted living, etc.). ,e applications of
these systems are mainly focused on occupational therapy
[24] for neurological patients; children control, augmented
reality [25], and behavioral therapy [26]; and accessibility
(such as the system SignAloud proposed by the MIT [27]).

3. LAoCA (Learning Architecture over
CPS and AmI)

In this section, we present a second version of our previous
work [6], a development framed within a research project
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called SEMOLA (2016–2019), funded by a grant from
Madrid Autonomous Community. Among the many spe-
ci@c objectives of the SEMOLA project, we developed
a prototype to test the technology to support people with
intellectual disabilities in their personal development, taking
timely remedial actions and anticipating problems that can
be found. ,us, we will generate enough knowledge for the
upcoming project phases, such as lessons learned and best
practices.

Our LAoCA (Learning Architecture over CPS and AmI)
prototype is composed of three elements: a cyber-glove,
a worktable for tracing the items, and an AmI software
application for creating, managing work8ows, and also
controlling the actions performed with the whole system. All
components are connected by means of a Bluetooth network
with star topology, acting the AmI application as central
element. Bluetooth 3.0 technology allows creating ad hoc
networks with a valuable data rate (until 3Mbps), which
perfectly @t with the real-time requirements of LAoCA. In
the next section, we are reviewing in detail each cited
component.

3.1.Worktable. In this section, we present a worktable made
of plastic with four detection zones as shown in Figures 1
and 2; Figure 3 shows the tagged elements to be detected by
the worktable. ,e main purpose for which the worktable
was designed is to identify objects (tagged with RFID or
NFC) placed in the four detection zones and transmit that
information wirelessly in real time to the control program. It
also may detect the moment when an object previously
placed over the worktable is removed. ,e worktable also
includes some actuators in order to interact with the users
and inform them about the execution of the planned tasks
(Section 3.3).

,e electronics of the worktable are composed by the
following: four printed coils working as antennas which
sense the four detection areas; four RDM8800 RFID and
NFC readers (one for each detection area); @ve Arduinos
Nano, four dedicated to manage the four antennas and the
last one acting as main microcontroller in the system;
a bluetooth module for its communication with the control
software; four green LEDs (one for each detection zone) used
to illuminate the detection surface, and additional three LED
indicators (actuators) for showing its operation and giving
some feedback to the user. ,e surface LEDs are used to
describe the task to be performed at an earlier stage of
training. Figure 4 shows an inside view of the worktable,
while Figure 5 shows the electronic schema of the worktable.

3.2. Cyber-Glove. Figure 6 shows the prototype of the cyber-
glove proposed in this research paper. It is made of cloth,
and it has a compartment where all the necessary electronics
for its operation are stored (Figure 7).,is compartment can
be positioned below or above the wrist in order to facilitate
hand movements.

,e main functionality of the cyber-glove is to be a de-
vice capable of identifying objects tagged with RFID or NFC
wirelessly and having communication capabilities with the

software that controls and manages the movements. In
summary, the cyber-glove may detect any object touched or
taken by users and send the information immediately to the

Figure 1: Worktable with four detection zones and NFC tags.

Figure 2: Perspective view of worktable.

Figure 3: Tagged elements.

Figure 4: Electronics inside the worktable.
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management software. ,e cyber-glove may also detect the
moment when the user releases the object (if he held it)
informing to the management software. ,e cyber-glove
cannot detect two or more objects touched at the same time.

,e electronics of the cyber-glove consists of several el-
ements as seen in Figure 7: an Arduino Nano for data pro-
cessing, a RDM8800 NFC chip for reading the RFID andNFC
elements, an HC-06 Bluetooth module for communicating
with the control program, a coil in the palm that works as
antenna for reading RFID and NFC elements, and a battery.

3.3. Work2ow Creation and Control Software. ,e work8ow
creation and control software is an ambient intelligent tool

for creating andmanaging work8ows made of di?erent tasks
(such as position control or state monitor manage) involving
the tagged objects with RFID and NFC through the cyber-
glove and the worktable. ,e di?erent tasks are related by
means of some “transitions” which are triggered, if the
associated condition is ful@lled.

,is software has two main features: (a) it models the
work8ow of the task intended to execute, using a prosumer
interface that allows a user with no programming experience
to model the tasks, and (b) it also executes the control
work8ows previously created in order to supervise and
analyze the actions performed by a user who is working with
the cyber-glove and the worktable.

For work8ow creation, the AmI tool includes a graphic
environment where users may compose their own work8ows
using di?erent predesigned modules. In respect to the second
functionality (work8ow control), the software permanently is
hearing for the information from the cyber-glove and/or the
worktable. It evaluates the noti@cations and triggers the
proper transitions (if any exists). Every work8ow should
include “fatal error tasks” to which the work8ow moves if the
execution fails. Besides, a “successfully @nished task” would be
advisable to be included. In Figure 8, we present an example
work8ow, indicating the described desirable structure.

Additionally, the AmI software transmits towards the
worktable information about the work8ow evolution. ,en,

LED (actuators)

Bluetooth
module

Arduino Nano

RDM8800

NFC antenna

RFID sensors

A B C D

Figure 5: Worktable electronics schema.

Figure 6: Cyber-glove.
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the worktable can show that information (using the
actuators—LEDs) to the users (e.g., if the work8ow @nishes
with a fatal error, a red LED will be turned on).

4. Experimental Validation

,is research work has been guided by three research
questions presented in the introduction. We designed and
performed a case study where sixteen mentally handicapped
people performed some tasks, de@ned and supervised by
three trainers from a foundation committed to people with
intellectual disabilities. ,e validation presented in this
research work is a preliminary action framed in the early
years of development of the SEMOLA project. Our goal is to
test the feasibility of LAoCA and, with the results obtained,
improve it with a new deployment at the foundation and
extend the experimentation with more people involved. ,e
researchers did not in8uence participants using the envi-
ronment. ,is approach is appropriate to replicate the ex-
periment in similar contexts.

4.1. Context. ,e authors of this research work (hereafter,
experts) designed, executed, and assessed the case study,

whose research areas are cyber-physical systems, ambient
intelligence, knowledge management, etc.

Sixteen mentally handicapped people from the foun-
dation (hereafter, participants) participated in the experi-
mentation performing 4 tasks each, and three trainers from
the same foundation helped in training the participants in
some tasks using the software for work8ow modeling of
LAoCA.

Sixteen participants conformed the sample. ,e sample
meets the criteria of accessibility, suitability, and repre-
sentativeness. All of them are potential users of the system
proposed in this research work. ,e 16 participants were
grouped into four groups depending on their type of dis-
ability, and the characteristics of the participants are de-
scribed in Table 1. Participants were selected by the experts
to perform the experimentation following the characteristics
described in Table 1.

It is considered that the sample is representative since the
average age is located in the general middle point of de-
velopment of people with intellectual disabilities, taking into
account that 80% of the sample has Down syndrome. None
of the participants developed cognitive impairment (eval-
uation through CAMCOG [28]).,e degree of disability and

Initial task Task #1 Task #2 

Task #3 Fatal error

Successfully
finished ...

...

Transition #1–2 

Transition #1–3 Transition to
fatal error 

Transition to
successfully finished

Figure 8: Example work8ow.

Battery
Bluetooth
module

Arduino Nano

RFID antenna
(copper coil)

RDM8800

Figure 7: Cyber-glove electronics schema.
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limitation in the global activity is representative of di?erent
stages of dependence, and they re8ect what type of diH-
culties can occur in the general population with intellectual
disability susceptible to use this type of technology. Rep-
resentatives of di?erent levels of oral comprehension have
been employed, in order to counterbalance the results in
relation to the instructions that have been used in the
method. Likewise, people with di?erent types of problems
have been chosen (visual and motor) that could a?ect the
test. Figure 9 shows two photographs of two people par-
ticipating in the experiment.

,e test population was selected to be as much het-
erogeneous as possible in order to validate (in an implicit
way) the adaptation capability of the system for di?erent
users. In fact, no signi@cant di?erences were observed

between the system performance when employed by dif-
ferent users.

4.2. Planning. ,e experimentation plan was executed in
four phases.

4.2.1. Training Phase. Trainers received some instructions
about the use and operation of the CPS presented in the
paper with the aim to train the participants about the use of
the cyber-glove and to perform some tasks with it. ,e
training sessions consisted of a one-hour lecture at the
beginning of the experimental validation given by one of the
experts.

Table 1: Summary of the main features of the participants (own elaboration).

Level Age
(mean)

Type of
disability

Disability
(%)

(33–100)

Limitation on the
global activity (%)

(0–100)

Cognitive impairment
(low-moderate-severe)

Oral comprehension
level (low-medium-

high)

Mobility
(diHculty-no
diHculty)

1 24.25 Psychic 64 61.75 Moderate-low Medium high DiHculty
2 26 Psychic 69.75 64.75 Moderate-severe High No diHculty

3 22.75 Psychic
sensory 74.25 74.5 Severe-moderate Medium-low Some diHculty

4 24.5
Psychic,

physical and
sensory

87.25 83.25 Severe Low DiHculty

Mean 24.38 — 72.75 71.06 — — —

(a)

(b)

Figure 9: Two participants performing the experiment.
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4.2.2. Task Performing. ,e participants executed six dif-
ferent tasks: three of them were done using LAoCA and the
other three without it. At the beginning of each task, the
system showed the sequence of movements through a tablet
where the participants observed in a visual diagram the
movements to be performed with the tagged objects (shown
in Figure 3) on the worktable in order to learn the task. For
the experiment without LAoCA, the coach was in charge to
explain the task to the participants. A task is a sequence of
movements over the worktable of several tagged objects.
Following the recommendations of the trainers, for this
experimentation, we de@ned three types of tasks depending
on its diHculty:

(1) Easy tasks: composed of @ve movements of only one
tagged object

(2) Medium tasks: composed of @ve movements of each
two tagged objects

(3) DiHcult tasks: composed of eight movements of each
four tagged objects.

All the tasks were randomly generated. ,e initial idea
for experimentation was to use the three elements proposed
in this research paper as described in Section 3. But, we had
serious problems for the participants to use the glove cor-
rectly since most of them paid more attention to the glove
than to the accomplishment of the tasks. Some participants
completed the tasks with the glove and others did not, which
is why we decided to remove the data obtained through the
cyber-glove in the experimentation. We understand that the
cyber-glove is a very intrusive element for people with
mental disabilities; we will discuss this in Section 6 and
conclusions.

4.2.3. Data Evaluation Phase. In this phase, the trainers
were asked about the participants’ impressions about the use
of the system by the experts. ,ey also helped to assess 48
tasks performed by the participants.

4.3. Data Collection. ,e data gathered to answer RQ1 were
obtained from the software that guided the tasks and the
notes taken by the experts during the “Tasks performing
phase.” We measured the number of errors made by the
participants. For example, a wrongmovement or moving the
wrong object is considered an error. ,e data collected to
address RQ2 were obtained from the control software and
work8ow guidance of LAoCA and the perception from the
trainers; at @rst, a survey was considered to ask the trainers,

but due to small number we opted for oral interviews. ,e
information to answer RQ3 was obtained through surveys
@lled by the trainers after evaluating each participant.

An experiment was carried out to answer the research
questions proposed in Section 1, where di?erent mentally
handicapped users, characterized by Table 1, performed
di?erent tasks described in Section 4.2.

5. Results

In this section, we present the results obtained from the case
study. ,e data and information will be presented trying to
answer the three research questions.

5.1. Can an AmI Environment for CPS Traceability Facilitate
Learning for Mentally Handicapped People? ,is section
presents the results from the validation phase where the
participants performed 4 tasks: two of them using the
proposal presented in this research work and the other two
without using our proposal, that is, learning in a traditional
way the actions needed to complete the work8ow.

Table 2 shows a summary of the data obtained, pre-
senting statistical values on the errors committed in the
execution of the tasks. ,e table presents the median, the
standard deviation, the minimum and maximum number of
errors for each type of tasks. ,e median of errors using
LAoCA is 4 with a standard deviation of 1.76 and a number
of errors ranging from 0 to 7, while without the use of our
proposal, the median error is also 4, with a standard de-
viation of 1.75 and values ranging from 1 to 8.

Figure 10 shows two boxplots comparing the distribu-
tions of errors for the tasks guided with LAoCA and without
it. As we can see, they have the same value for the medians,
and the standard deviation is practically the same for both
cases. Nonetheless, we performed aMann–WhitneyU test in
order to check whether the participants perform less errors
by using LAoCA. ,e result was negative (p> 0.05), in-
dicating that there is no evidence to con@rm that with our
proposal, fewer mistakes are made with the execution of the
tasks, as expected from Figure 10.

Continuing the analysis of the data, we realized that
people with a higher level of disability made more errors in
general, both using our proposal and not using it. ,erefore,
we decided to exclude persons with the highest level of
disability from the study; that is, we removed from the study
the people on level 4 as shown in Table 1. ,e results are
shown in Figure 11. With these new data, the distributions
are somewhat di?erent as well as the values for the median.

Table 2: Statistical summary of the errors committed in the tasks’ execution.

Task diHculty level
With LAoCA Without LAoCA

Median SD Min Max Median SD Min Max
Easy 1 1.26 0 4 3 1.61 1 6
Medium 4 1.01 2 5 4 1.26 2 7
DiHcult 5 1.11 3 7 5 1.5 3 8
Total 4 1.76 0 7 4 1.75 1 8
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,emedian for the group that has used LAoCA is 3 while for
the group that has not used LAoCA is 4. We performed
a Mann–Whitney U test to con@rm if there is now a dif-
ference between the distributions, but the results were still
negative (p> 0.05).

We conducted a more in-depth study, but this time, we
decided to exclude people on levels 3 and 4 from the analysis
since they were the most vulnerable to making mistakes and
keeping the data obtained from people on levels 1 and 2, as
shown in Table 1; the data distributions are shown in two
boxplots in Figure 12. ,e medians remain the same as the
data distributions shown in Figure 11, 3 for the group that
used LAoCA and 4 for those who did not. We performed
a Mann–Whitney U test to con@rm if there is now a dif-
ference between the distributions, and in this case, the result
was positive (p � 0.01). So, we can state that errors increase
when not using LAoCA with people on levels 1 and 2 and all
kinds of tasks: easy, medium, and diHcult.

However, we performed a further study analyzing the
results for each type of task and disability levels. During the
execution of the experiment and analyzing the data ob-
tained, we realized that the participants on level 3 also
improved their numbers of errors performing the task
tagged as easy when using LAoCA; both distributions are
shown in Figure 13. In this case, the medians are very
di?erent, 0.5 for the case of using LAoCA and 2 for the case
of not using it. By performing a Mann–Whitney U test, we
con@rm the hypothesis that the number of errors was re-
duced in the case of using LAoCA with the easy task and the
people on level 3 (p< 0.05). In spite of this, the statistical test
performed has very little power because there are very few
samples that ful@ll the condition of performing the easy task
and being in level 3. As will be proposed in the conclusions,
this may be a future research work, carrying out a study with
more values in the sample.
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Figure 11: Error distributions for all tasks removing people on level 4.
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Figure 12: Error distributions for all tasks for the people on levels 1
and 2.
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Figure 10: Error distributions for all tasks.
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Figure 13: Error distributions for easy task and people on level 3.
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Finally, in Table 3, we show a summary of the tasks that
underwent a statistically signi@cant improvement by levels
using our proposal.

5.2. Does It Improve Control over the Performed Tasks? In
order to answer this research question, we analyzed two
types of sources of information. ,e @rst one was a study of
sensor failures about detecting the movements of tagged
objects on the worktable, and the second one was a survey on
the opinion of trainers in the execution of the experimen-
tation. Our approach presented in this research work, in very
few occasions, had problems to detect the movements of the
tagged objects in the worktable. Most of the cases were due
to the fact that objects were not placed exactly in the de-
tection zones, and this was due to two main reasons:

(1) ,e objects are labeled with a small RFID tag in the
center of the object, and the detection areas of the
worktable have a very speci@c detection @eld.

(2) ,e participants did not place the objects exactly on
the detection area.

Since this is a controlled experiment, we were able to
measure the detection errors that were produced, below we
present a study of these errors. Table 4 shows a summary of
the detection errors in all the experimentation presented by
tasks; as we can see, the total percentage of detection errors
is 8.33, which is above 5% of errors that would be
acceptable.

During the experimentation, we detected that people
with a higher level of disability produced more errors of

detection of the objects; since, as we have said before, the
system detects the movement if the object is placed in the
detection zone correctly, which was not always the case with
these people.,at is why we excluded people on level 4 of the
study, and the results are shown in Table 5. ,e number of
detection errors was drastically reduced for the group
consisting of people on levels 1, 2, and 3.,e total percentage
of errors was 3.24, which is quite acceptable.

To complete this study, we also received the opinion of
the trainers who helped us to carry out the experimen-
tation of this research. Although we only had the in-
formation provided by three trainers, his opinion has been
very valuable. In their opinion, the greatest contribution
of this system is the possibility of tracing object move-
ments on the worktable and the ability to record it for
future analyze; or even that information can be served
over the Internet in real time. ,erefore, and in the
opinion of trainers, LAoCA enables control and tracking
capabilities; but as demonstrated by experimentation, it
must be improved. ,ese future improvements, further
LAoCA versions, and experiments will be discussed in
next section.

5.3. Is LAoCAAccepted by the FinalUsers? In this section, we
present a study of the satisfaction perceived by the @nal
users. In this research, there are two types of end users:
participants and trainers. From participants, we wanted to
@nd out two issues mainly: satisfaction and stress using
LAoCA.,e satisfaction was asked directly by the trainers to
each of the participants after they @nished the tasks, and the

Table 4: Summary of detection errors produced during experimentation.

Total number of movements Total number of errors % of errors
Easy task 80 5 6.25
Medium task 80 7 8.75
DiHcult task 128 12 9.375
Total 288 24 8.33

Table 3: Summary of the tasks improved with the use of LAoCA by levels.

Easy task Medium task DiHcult task
Level 1 ∗∗ ∗∗ ∗∗

Level 2 ∗∗ ∗∗ ∗∗

Level 3 ∗ — —
Level 4 — — —
∗∗p≤ 0.01; ∗p< 0.05.

Table 5: Summary of detection errors produced in experimentation excluding persons on level 4.

Total number of movements Total number of errors % of errors
Easy task 60 1 1.67
Medium task 60 2 3.33
DiHcult task 96 4 4.17
Total 216 7 3.24
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stress level was analyzed by the trainers for each of the
participants and agreed among them.

As Figure 14 shows the level of satisfaction is quite high,
with an average of 4.125.,is is because the participants took
the experimentation as a game, since the worktable is quite
attractive for the participants with four areas of detection of
very striking colors, as well as the objects of detection that
had di?erent shapes and sizes. ,e participants left very
enthusiastic and satis@ed of the experimentation. However,
during the experimentation, the participants su?ered high
degrees of stress as we can see in Figure 14; the mean of the
stress level was 3.125. ,e participants did the experimen-
tation one by one, in a room with three trainers observing
the actions performed with the worktable and with several
computers; as will be seen in Conclusions, it is recom-
mended to perform this type of experimentation in a more
environment-friendly manner for the participants. In ad-
dition, most of the participants presented their displeasure
with the cyber-glove, which increased their level of stress and
made them lose the attention of the tasks to be performed.

Also in this section, we present a study of the subjective
perception of our approach from the point of view of trainers
who participated in the experimentation. Because there were
only three trainers who participated in the experimentation,
we have sought the collaboration of seven other people to
conduct a relevant survey about their opinion of our ap-
proach. ,ese seven new people surveyed are specialists in
education issues and described the qualities of LAoCA as
they did a small test. Figure 15 shows a brief summary of the
subjective evaluation of the ten specialists on three speci@c
issues: utility, relevance, and satisfaction of our approach.

6. Conclusions and Future Work

In this research work, we present the second version of an
approach for improving learning tasks for mentally hand-
icapped people based on cyber-physical systems. ,e ex-
perimentation was carried out with the help and
collaboration of the PRODIS Foundation, one of the most
important foundations for mentally handicapped people in
Spain. ,is research paper is an extended version of our
previous work [6] presented in 10th International Confer-
ence on Ubiquitous Computing and Ambient Intelligence
(UCAmI 2016). Our approach is called LAoCA, and it is
composed mainly of three elements: a worktable, a cyber-
globe, and a software for modeling and executing work8ows.
LAoCA was built following main techniques on cyber-
physical systems, ambient intelligence, and Internet of
things. In order to validate our proposal, we designed an
experimentation involving sixteen people with mental dis-
abilities and their trainers. ,is experimentation tries to
answer three research questions presented in Introduction.
,e aim of the experiment, proposed in this research work,
was to test whether the experiment participants improved
their learning of tasks using our proposal. For this, they had
to repeat a sequence of movements with the tagged objects
on the worktable. We will use research questions in order to
guide this section, and at the end, we will present a set of
lessons learned after experimentation.

6.1.CanLAoCAFacilitate Learning forMentallyHandicapped
People? Studying all data from the experimentation in-
dicates that there is no signi@cant improvement in partic-
ipants learning as all levels of disability are studied in the
same data set. Analyzing the data in more depth, it can be
observed that not all the people are able to improve their
learning as it depends on the level of disability. Excluding
people on levels 3 and 4 of the experiment, we can see that
there is an improvement in learning for people on levels 1
and 2 (i.e., people with less disability). For people on levels 1
and 2, using a classical training, participants had trouble
completing the tasks; however, using LAoCA, they per-
formed less errors. For this reason, we can assume that an
AmI system based on CPS techniques can be useful for
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Figure 14: Evaluation of satisfaction and stress of the participants.
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Figure 15: Evaluation of utility, relevance, and satisfaction of the
trainers.
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learning tasks for mentally handicapped people, but always
bearing inmind that it is not easily applicable for people with
a high level of disability. We also found a signi@cant im-
provement for people on level 2 with easy task, but the
statistical test had very little power because the sample is very
small. ,is could be a point for further investigation.
,erefore, the @rst conclusion we can draw is that not all
people with mental disabilities are apt to use such devices; it
is very important to know how to choose the set of people to
work with, analyzing their level of disability and their ability
to adapt to these devices. A possible future work would be to
analyze how learning improves with people without mental
disabilities, children, the elderly, etc.

6.2. Does It Improve Control over the Performed Tasks? To
answer this research question, two sources of information
have been studied: the @rst was a study about the detection
failure from the sensors of LAoCA and the second was
a survey of trainers about the bene@ts of it. Our approach
sometimes does not detect the movements of tagged objects
because the object is not placed in the center of the detection
zone. We measured the number of detection failures and
obtained that 8.33% of the movements are not detected
correctly by LAoCA, which is not an acceptable value. But
we realized that people on level 4 produced many detection
errors, so we removed them from the study. In this way, the
percentage of detection errors was reduced to 3.24. ,e
conclusion that can be drawn reinforces that of the previous
research question: not all people with disabilities can work
with this type of device. ,e conclusion of the trainers is that
the worktable is a good solution for control tasks and
traceability and allows to control ambient assisted living
tasks remotely, analyze the actions carried out a posteriori,
and could even be developed an intelligent system that
recognizes patterns in order to anticipate to critical
situations.

6.3. Is LAoCAAccepted by the FinalUsers? In this section, we
studied the level of satisfaction of the two groups of people
that we consider the end users: the participants and the
trainers. From the point of view of the participants, the level
of satisfaction has been very high since the work done at the
table was interpreted as a game. However, the participants
according to their coaches su?ered a lot of stress coming
from a lack of familiarity with the participants. For future
experiments, we propose two solutions: the @rst one is to
create a familiar atmosphere with participants and the
second consists to introduce new sensors to measure stress,
blood pressure, sweat, etc. With these new sensors, we could
know if the participant is su?ering stress and we could stop
the experimentation. From the point of view of the trainers,
the utility, relevance, and satisfaction were studied, resulting
in very high values for all parameters.

6.4. Lessons Learned after the Experiment Execution. After
the execution of the experimentation with mentally hand-
icapped people, we have drawn several conclusions that we

would like to emphasize in this section. Regarding the cyber-
glove, it was an element of stress and loss of attention inmost
participants. We realized that something that is so attached
to the body is not accepted by participants, generating
doubts and rejection. ,at is why we recommend the use of
elements that are as seamless as possible. As future work, we
propose the development of a bracelet placed on the wrist
able to detect objects caught with that hand. With respect to
the worktable, the participants were distracted by the way it
was built. For example, we used rivets to join the di?erent
pieces that make up the box. ,ose rivets were a source of
distraction for the participants; most of them touched the
rivets one by one until they discovered that they were not
buttons.

In short and as a general conclusion, the system may be
useful for people with a medium or low disability and for
people who are not a?ected by other people or the envi-
ronment. If the disability is more acute, it would require the
presence of one or more evaluators. However, for people
with a high disability or high concentration problems, this
type of systems will not be useful since the system itself
would be a source of distraction.

It is proposed as possible future work for the validation
of each of the characteristics of the system proposed in this
research work.
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Knowing the perceived exertion of workers during their physical activities facilitates the decision-making of supervisors regarding
the worker allocation in the appropriate job, actions to prevent accidents, and reassignment of tasks, among others. However,
although wearable heart rate sensors represent an e3ective way to capture perceived exertion, ergonomic methods are generic and
they do not consider the di3use nature of the ranges that classify the e3orts. Personalizedmonitoring is needed to enable a real and
e4cient classi5cation of perceived individual e3orts. In this paper, we propose a heart rate-based personalized method to assess
perceived exertion; our method uses fuzzy logic as an option to manage imprecision and uncertainty in involved variables. We
applied some experiments to cleaning sta3 and obtained results that highlight the importance of a custom method to classify
perceived exertion of people doing physical work.

1. Introduction

Advances in miniaturization, mobile communication, and
sensor technologies make Mobile Health (mHealth) system
development possible. mHealth is the intersection between
Electronic Health (eHealth) and smartphone technologies.
.is means that the practice of eHealth is assisted by
smartphones, which are used to capture, analyze, process,
and transmit health-based information from sensors and
other biomedical systems [1]. mHealth systems provide
healthcare services with cost-e3ective, =exible, and e4cient
ways [2]. A mHealth system implemented on a mobile
device enables a portable and nonobstructive solution; in
addition, the computing and wireless capabilities allow real-
time monitoring. .is technology allows application de-
ployment on mobile devices for continuous monitoring of
people in order to determine, for example, the e3ort in their
physical daily activities.

Humans possess a well-developed system for sensing the
strain involved in physical e3ort. .is is called perceived
exertion (PE), which is the act of detecting and interpreting the
sensations arising from the body during physical exertion [3].

Continuous measurement of physiological parameters in in-
dividuals while performing daily or labor activities allows
health and well-being preservation or improvement.

Personal exertion estimation during labor activities has
a particular interest, given that the e3ort to perform an
activity is di3erent for each person. Misallocation of an
activity can a3ect a person’s welfare and health. Workers
may have risks associated with the disparity between high
physical work demands and capacity/labor skills. .ese risks
include musculoskeletal disorders, cardiovascular disease,
prolonged absences, stress, burnout, and early retirements
from the labor market [4]. Furthermore, physical strength
assessment in ergonomics has additional bene5ts such as
worker selection and placement and job design [5].

.e estimation of workers’ physical e3orts in workplaces
can be useful for allocation of employees in the appropriate
position, adequacy of physical activities inherent to a job,
prevention of accidents due to job demands, disease pre-
vention related to physical demands, etc.

Generic methods known to estimate the physical e3ort do
not take into account important physiological characteristics
of individuals [6–8]. For many years, cardiac cost and
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metabolic expenditure from physical labor are calculated using
formulas and generic tables [6]. Physical exertion is then set,
based on standards, such as themaximumheart rate (220-age).
While in many cases this may be agile and convenient, it is not
always true, as in the case of overweight or habituated people
to perform an activity. It is necessary to develop methods that
can provide higher accuracy for predicting energy con-
sumption for a wide range of physical activities. .is would
allow a greater chance of being accurate on when to compare
them to scienti5cally validated methods as doubly labeled
water method [9].

Most available solutions for health monitoring o3er
a generalized physiological measurement, that is, by refer-
ence to generic formulas or tables that are not customized to
individuals [7, 10]. Many other solutions are focused on
prede5ned activities such as walking and running without
considering physiological parameters of each person, giving
results that are not clearly di3erentiated [9, 11].

In [12], a method based on personalized maximum heart
rate was proposed as an extension of Chamoux method. .is
method allows continuous monitoring e3ort, taking into
account the particular physical condition of each person by
measuring the heart rate. .e goodness of this proposal was
evaluated in [13] through a comparative study with the other
two methods (original Chamoux and Borg) [10, 14]. It can be
stated from these results that the heart rate re=ects health
conditions (sick, tired, and acclimatized), but to our knowl-
edge, this has not been proven objectively and formally, it can
also be stated that the personalized maximum heart rate
method allows a better result distribution than that obtained in
previous works. However, these results do not consider the
habituation to speci5c work that a person may have, nor the
perception of experts about the nature of e3ort levels.

In this work, we propose a method considering both of
these important factors in personalized e3ort evaluation: the
habituation to perform a speci5c job and expert perception
about the nature of e3ort levels assessment.

Expert knowledge refers to the estimates or judgments
made by experts of the analysis and interrelations of problem’s
quantitative parameters. Usually, the expert knowledge must
face situations of vagueness and imprecision. It is because it is
complex or not possible to have a complete list of all variables
involved in the problem domain..at is, there is no exhaustive
list of all factors to take into account for the problem domain.
Even knowing all the variables, it can be di4cult to obtain
concrete data. In addition, this informationmay be incomplete
or even erroneous [15].

Expert perception of e3ort level is needed because of the
nature of e3ort values reported in previous works based on
relative cardiac cost (RCC), which is de5ned into a rank of
values, RCC� [0, 69], and grouped in sets of 10 values—these
sets are named as intense� [60, 69], heavy� [50, 59], slightly
heavy� [40, 49], and so on [14]. .e problem is when we have
a value, let us say, RCC� 49, which is considered as slightly
heavy, but which could be considered as heavy instead. In
order to better de5ne the e3ort magnitude, we propose to
consider RCC sets as di3use ones, given that there is a gradual
progression of values from one set to the next, which allows us
to de5ne the membership degree of values to each set.

.e habituation of a person to perform a speci5c activity
is needed, because we must consider if this person has the
skills needed to execute the activity with a good perfor-
mance, that is, good performance in the execution of an
activity depends more on habituation than on other factors
as good physical condition. .e habituation of a person to
the execution of job activities a3ects the job after assignment
in an important way.

2. State of the Art

For many years, cardiac cost and metabolic expenditure from
physical labor are calculated using formulas and generic tables
[6]. .e use of a custom method becomes more important
when monitoring physical activities that require a lot of e3ort,
such as heavy lifting, since such activities are those that can
compromise the welfare and health of workers [16].

As established in the ISO 8996 standard [17] for esti-
mating metabolic cost, the use of the heart rate is an option
that provides an estimation of e3ort with amargin of error as
plus or minus 10 percent. .is method of analysis is sur-
passed only by custom measurements that require the use of
specialized equipment commonly available in laboratories.
.e latter very precise methods are equipment of indirect
calorimetry (oxygen consumption test using a mask) and
doubly labeled water (water consumption and urine
analysis).

Measuring the heart rate is a valid option to estimate the
e3ort which represents a work activity for an individual,
although some limitations must be considered [18]. It is also
important to consider that there are other factors in=uencing
signi5cantly, such as environmental conditions (tempera-
ture and humidity), weight, age, acclimation, mental stress,
and personality [19].

2.1. Fuzzy Logic. A fuzzy logic provides an inference
mechanism that allows us to simulate human reasoning into
knowledge-based systems..e theory of fuzzy logic provides
a mathematical framework that allows modeling the un-
certainty of human cognitive processes in a way that can be
treatable by a computer [15].

In accordance with [20], two important reasons to employ
fuzzy logic are (1) data obtained from sensors measurements
could be imprecise and imperfect and (2) fuzzy logic can deal
with imprecision and uncertainty due to its properties of
performance and intelligibility necessary for the classi5cation
process.

2.1.1. Fuzzy Logic Steps. Many solutions of real-world
problems require dealing with inaccurate and imprecise
data. Humans are able to solve these problems because they
make use of cognition but also make use of fuzzy judgments
and reasoning. Di3use classi5cation techniques have the
advantage that require a soft decision, that is, a value that
describes the degree to which an element belongs to a class.
Instead of a hard decision, where one must say precisely
whether an element belongs to a class or not, fuzzy logic is
a very attractive 5eld within arti5cial intelligence because it
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is based on natural language. .at is, it allows us to use
linguistic terms to describe problems in a natural way. It
does not use terms of relations between precise numerical
values.

A fuzzy set can be de5ned as a set without clear and
de5ned boundaries, in which elements that it contains can
have a certain degree of membership ranging from total
membership (value 1) to nonmembership (value 0). From
this perspective, conventional sets (or crisp sets) can be seen
as a particular case of fuzzy sets, a di3use set that only admits
two degrees of membership (one and zero).

.erefore, a di3use set extends a standard set allowing
degrees of membership of an element to the set, measured by
the real numbers in the interval [0; 1]. If X is the universe of
discourse and its elements are denoted by x, then a fuzzy set
A onX is de5ned as a set of ordered pairs (x, μA(x)) such that

A � x,
μA(x)
x

, 0≤ μA(x)≤ 1 , (1)

where μA(x) in (1) is the membership function of each x inA.
In contrast to classical logic where the membership function
μA(x) of an element x belonging to a set A could take only
two values: μA(x) � 1 if x ∈ A or μA(x) � 0 if x ∉ A, fuzzy
logic introduces the concept of membership degree of an
element x to a set A and μA(x) ∈ [0; 1 ]; here we speak about
the truth value.

A typical fuzzy logic inference system has four com-
ponents: the fuzzi5cation, the knowledge base (rules and
fuzzy sets), the inference engine, and the defuzzi5cation [15].
Figure 1 shows those main fuzzy inference system steps.

2.1.2. Fuzzi+cation. .e 5rst step in fuzzy logic is to take the
measured data (crisp data) and determine membership
degree of these inputs to associated fuzzy sets. It is done by
giving a value to each variable to a membership function set.
Naturally, crisp value will be limited to the universe of
discourse. Membership functions take di3erent shapes. .e
two most common functions are triangular and trapezoidal.
A triangular membership function with straight lines can
formally be de5ned as follows:

Λ(x, a, b, c) �

0, x≤ a

x− a
b− a

, a≤ x≤ b

c−x
c− b

, b≤x≤ c

0, x≥ c.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(2)

Trapezoidal function is shown in the following equation:

f(x, a, b, c, d) �

0, x≤ a

x− a
b− a

, a≤x≤ b

1, b≤x≤ c

d−x
d− c

, c≤x≤ d

0, x≥ d.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(3)

A Gaussian membership function with the parameters
m and σ to control the center and width of the function is
de5ned by

G(x,m, σ) � e−(x−m)
2/2σ2

. (4)

.e generalized Bell function that depends on three
parameters a, b, and c is given by

f(x, a, b, c) �
1

1 + ||(x− c)/a||2b.
(5)

Other membership functions are sigmoid-shaped
functions and delta functions (single functions). Selecting
the membership function will depend on the nature of the
problem, the type of data, and the experimental results.
A knowledge expert is important to decide which shape will
be used.

Fuzzy
rules

Knowledge base

Inputs
(crisp)

Outputs
(crisp)Fuzzi�cation Defuzzi�cationDecision-making unit

(inference engine)

Fuzzy
set

Figure 1: Fuzzy inference system steps.
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2.1.3. Knowledge Base (Rules and Fuzzy Sets). Rules are
constructed from linguistic variables. Rules are structured in
a IF-THEN format. .e IF part of the rule is the antecedent
and the THEN part of the rule is the consequent. .ese
variables take on the fuzzy values that are represented as
words and modeled as fuzzy subsets of an appropriate
domain. .ere are several types of fuzzy rules, we mention
only the two main rules:

(i) Mamdani rules [21]: .ese rules are of the following
form: if x1 is A1, x2 is A2, . . ., xp is Ap, then y1 is C1,
y2 is C2, . . ., yp is Cp, where Ai and Ci are fuzzy sets
that de5ne the partition space. .e conclusion of
a Mamdani rule is a fuzzy set. It uses the algebraic
product and the maximum as T-norm and S-norm,
respectively, but there are many variations by using
other operators.

(ii) Takagi/Sugeno rules [21]: .ese rules are of the
following form: if x1 isA1, x2 isA2, . . ., xp isAp, then
y � b0 + b1x1 + b2x2 + · · · + bpxp. In the Sugeno
model, the conclusion is numerical. .e rules’ ag-
gregation is in fact the weighted sum of rules’
outputs.

2.1.4. Inference Engine. .e fuzzy inference system uses
fuzzy equivalents of logical AND,OR, and NOT operations
to build up fuzzy logic rules. An inference engine operates on
rules to evaluate them. Inference engine takes inputs and
applies them to the antecedent part of the rule. If a rule has
multiple antecedents, then logical AND,OR, and NOT
operations are used to obtain a unique value representing
evaluation result. .is result (truth value) is applied to the
consequent part. .e outputs are then added. It is the
process of uni5cation of the outputs of all rules, that is, the
membership functions of all consequent previously trimmed
or scaled outputs are combined, to obtain a single fuzzy set
for each output variable.

2.1.5. Defuzzi+cation. .e 5nal step of a fuzzy logic system
consists of transforming the fuzzy variables obtained by the
fuzzy logic rules into crisp values again that can then be used
to take a decision or perform some action. .ere exists
di3erent defuzzi5cation methods: centroid of area (COA),
bisector of area (BOA), mean of maximum (MOM), smallest
of maximum (SOM), and largest of maximum (LOM). In
our system, we used COA, and the following equation il-
lustrates it:

ZCOA �
∑ni�1μA xi( xi

∑ni�1μA xi( 
. (6)

2.2.Habituation. Habituation is a form of learning in which
an organism decreases or ceases its responses to a stimulus
after repeated presentations [22]. In perceived exertion,
context is about how much a person has repeated a physical
activity. Habituation as a state of training a3ects the heart
rate [23]. In labor context, it refers to how frequently

workers perform a speci5c physical activity related to their
job.

Habituation to the performance of physical work ac-
tivities is important because a person not being accustomed
to perform a speci5c physical activity has a perceived e3ort
of about twenty percent higher than a person accustomed to
performing such an activity [24, 25].

Several methods have been used to quantify workload,
including questionnaires, diaries, physiological monitoring,
and direct observation [23]; in this sense, direct observation
method can be considered to determine habituation, based
on intensity and frequency (workload) of individual daily
activities’ performance.

3. Related Work

.ere are several works related to the proposal that we
present, but none with the approach (personal perceived
exertion), combination of factors (habituation, relative
cardiac cost, and degree of membership to a fuzzy group),
and application domain (prevention of labor accident risks
due to workload fatigue) that is proposed.

.e 5rst group contains studies in workplaces oriented
to estimate energy expenditure or activity recognition using
technological devices. For example, Hwang et al. [26]
proposed a measurement approach in energy estimation
5eld. It is expected to provide in-depth understanding and
continuous monitoring of worker’s physical demands from
construction tasks. .eir solution was to use the heart rate
(HR) to estimate EE according to a linear relationship be-
tweenHR and EE..eir proposal was to achieve reliable 5eld
EE measurement through automatic action recognition
using an embedded accelerometer and applying HR-EE
relationships for corresponding actions with acceptable
HR monitoring accuracy.

Hwang’s proposal is based on identifying physical ac-
tivities, which to date is limited to certain activities such as
walking, running, and climbing stairs. .at is, we could not
identify any physical activity derived from a job; this makes
Hwang’s proposal not suitable for any type of work where
physical activities are performed. On the contrary, our
proposal focuses on identifying the personal physical e3ort
involved in the work activity, without needing to identify
which is the activity that the worker performs. Another
example is shown in [27]; in this case, authors estimate and
try to predict energy expenditure predictions based on the
heart rate. On the contrary, we are compelled to estimate
perceived exertion.

.e second group contains works aimed at preserving
health at work. For example, Migliaccio et al. [28] used
sensors to monitor physical bends performed by con-
struction workers, so it is identi5ed that those physical
activities can be risky to health. In this experiment, a heart
monitor was used to detect high heart rates which were
directly associated with a subject carrying a load. Fusing
heart rate data and posture data provided the capability of
di3erentiating safe from unsafe material-handling activities.
.e main objective of this research was to assist future
decision makers in designing ergonomically safe and healthy
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work environments. Migliaccio’s work focuses on detecting
high levels of heart rate and unsafe postures, but the proposal
is not personalized.

Aryal et al. [29] present a method for real-timemonitoring
of physical fatigue in construction workers using heart rate
monitoring and infrared temperature sensors. Boosted tree
classi5ers were trained using the features extracted from the
heart rate and temperature sensor signals and used to predict
the level of physical fatigue from 12 participants. .e study
lacks a personalized classi5cation of e3ort since it uses the
Borg scale, which is extremely generic and does not contribute
to the personalized detection of the e3orts. .ere is a non-
personalized classi5cation because during physical activity,
relative e3ort regarding resting heart rate and personalized
maximum heart rate is not considered.

.e third group contains those researches based on the
fuzzy logic. .e fuzzy logic-based tool for modeling human
sensitivity to thermal sensation developed by Shimizu and
Jindo [30] demonstrated that membership functions capture
the ambiguity of classes to categorize thermal sensations. In
the same sense, in [31] the theory of fuzzy sets and systems
was applied to assess perceived workload involved in manual
lifting tasks. In [32] a fuzzy logic-based risk assessment
framework to evaluate physiological parameters is proposed;
this model is used to avoid emergency situations during
sport activity; however, personalized heart rate thresholds
used in this proposal are based on generic values [10] from
runners and triathletes.

.ese results support that our hypothesis about the fuzzy
logic is convenient for classifying humans’ e3ort percep-
tions. Additionally, no proposal considers the impact of
habituation to work on physical e3ort, nor the degree of
membership that has a cardiac cost value to a de5ned e3ort
class.

3.1. Heart Rate-BasedMethods to Estimate Physical E:ort. In
this paper, we use methods based on the heart rate because
this type of parameter has a 90% accuracy in estimating
physical e3orts, as it is stated in safety and health standards
at work [17].

.ere are several methods that rely on measuring the
heart rate to establish which is the physical e3ort that a work
activity can represent for people [33]. We selected two of
them: the Borg rating scale of exertion [10] and the Chamoux
method [14].

.e Borg scale is widely known and applied in sport and
medical domains; it is generic and based on a table where, if
a person has a certain value of heart rate, then it has a certain
level of e3ort, and it is called rating of perceived exertion. In
Table 1, the Borg scale shows 14 (6 to 20) values grouped in
six categories.

In order to interpret the Borg scale, the numbers in the
left column correspond to the number of beats of one person
during physical activity divided by 10, and the corre-
sponding value in the right column is the perceived exertion
(level of e3ort); for example, if a worker has 110 beats per
minute, the level on the scale is 11 and it belongs to slight
e3ort. In this method, it is assumed that the maximum heart

rate of a person is 220 minus his/her age in years. A real
e3ort test is not required; therefore, it is a generic value.

Otherwise, Chamoux [14] proposes a lesser-known
method, and as far as we know, it is not frequently used.
.is method requires to measure resting and the maximum
heart rate for each person, taking into account several
physiological parameters.

.emethod consists of two steps to estimate the physical
e3ort. .is 5rst step is to obtain labor activity’s absolute
cardiac cost (ACC), which is obtained using the average
cardiac frequency (ACF) and the resting cardiac frequency
(RCF) for a person at every moment. ACF is obtained from
the average value of the frequency of the worker during a day
of conventional job. RCF is obtained after a person has slept
(8 hours) and is resting.

ACC is obtained by subtracting the resting cardiac
frequency (RCF) from the average cardiac frequency (ACF),
as shown in the following formula [14]:

ACC � ACF−RCF. (7)

.e second step is to compute the relative cardiac cost
(RCC). .erefore, we should get theoretical maximum
cardiac frequency (TMCF). Conventionally, the TMCF value
is obtained by subtracting the person’s age in years from 220.
.e formula for RCC is as follows [14]:

Table 1: Borg’s scale.

Scale Description
6 No exertion
7 —
8 —
9 —
10 —
11 Light
12 —
13 Somewhat hard
14 —
15 Hard (heavy)
16 —
17 Very hard
18 —
19 —
20 Maximal exertion

Table 2: Di3erent levels of e3ort for RCC under Chamoux.

RCC RCC level E3ort
0–9 RCC1 Very light
10–19 RCC2 Light
20–29 RCC3 Slightly moderate
30–39 RCC4 Moderate
40–49 RCC5 Slightly heavy
50–59 RCC6 Heavy
60–69 RCC7 Intense
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RCC �
[ACC∗ 100]
[TMCF−RCF]
 . (8)

E3ort levels for a worker according to the method of
Chamoux are shown in Table 2.

4. Materials and Method

We used a Basis B1 Fitness Wristband as a heart rate
monitor, an Omron Sphygmomanometer Model HEM-
742INT, and a common stethoscope. We used a treadmill
mark BH Fitness Model Prisma M60 to measure person-
alized maximal cardiac frequency. It was operated without
inclination. .e prototype to estimate perceived exertion
was developed with the Java 6.0 language using the ADT
tool v22.3.0-887826. .e prototype was implemented
over a Samsung Galaxy S4, an Android 4.2.2 (Jelly Bean)
Operation System, an octa-core chipset, and a 1.6 GHz
Quad + 1.2 GHz Quad CPU.

We propose a method based on the method of Chamoux
as it was explicitly created for the work environment, while
the Borg method is used in sports. .e fuzzy personalized
Chamoux-based method (FPC) we propose is illustrated in
Figure 2. Our fuzzy inference method is Mamdani type.

.e 5rst step of the proposed FPC method is taking
cardiac frequency at rest, personalized maximal cardiac

frequency, and habituation level. As we decided to cus-
tomize the Chamoux method, that is, obtaining the value
of TMCF parameter for each person, we required each user
to perform a maximal exercise stress test using an electric
treadmill and we took the value of the heart rate as their
TMCF. We refer to this as a personalized Chamoux
method [12]. Habituation value was assigned considering
how frequent and experienced the user is about a speci5c
labor physical activity.

Users will carry a wearable heart rate monitor to have
a continuous monitoring of cardiac frequency during labor
activity. From this monitoring, we obtain media cardiac
frequency per minute. Having these data, we apply the
Chamoux formula, using as maximum cardiac frequency,
the personalized value that was obtained during the test with
the treadmill. Chamoux formula gives us relative cardiac
costs (RCCs) for each worker.

Later, RCC variables were assigned to fuzzy sets, as
shown in Figure 3.

In accordance with knowledge obtained in [25], it was
used as a condition that establishes that nonhabituated
workers increase their perceived exertion by 20% for eval-
uated activity (sweeping, cleaning windows, and stacking
chairs). Another condition was implemented for moderately
habituated workers; in this case, their PE was increased
10%. For habituated workers, there is no need to increase

Maximal cardiac
frequency

Resting cardiac
frequency

Chamoux
formula

Knowledge
base

Fuzzy sets

Rules

Defuzzi�cation

1

0
Final output

Inference
engine

Perceived exertion

Fuzzi�cation

RCC, habituation

Relative cardiac cost

Working mean CF

Habituation

RCC

Habituation

Membership
degree

Figure 2: Proposed method (FPC).
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Figure 3: RCC membership function.
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Figure 5: Level of membership function.
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(compensate) the perceived exertion. Membership function
for habituation variable is shown in Figure 4.

Another criterion used to conform the rules is a variable
called membership..is variable is used to de5ne when a PE
result must be located in the next level. .at is, if a worker is
moderately habituated and his membership variable is
VeryCloseNextLevel, then his PE is upgraded to the next
level of PE. If a worker is nonhabituated and hisMembership
variable equals to CloseNextLevel or VeryCloseNextLevel,
then his PE result is upgraded to the next level of PE. Figure 5
illustrates the Membership function.

After that, rule base is constructed, rules are based on
knowledge or experience in the domain and these are useful
for the inference engine to carry out the process of defu-
zi5cation. In our proposal, rules make use of the fuzzi5cation
of e3orts scalar sets de5ned by Chamoux and habituation
impact on the worker.

An extract of the rules used in the proposal is illustrated
in Figure 6, speci5cally for the 5rst level of relative cardiac

costs (labeled as RCC1). For each one of the seven RCC levels
[RCC1, RCC7] were built a group of rules similar to these.

Later, we use the inference engine fed by the de5ned
rules, where the level of habituation and the degree of
membership to relative cardiac costs are part of the rules.
.e last step is the defuzzi5cation phase. .e COA method
was applied for defuzzi5cation. .e COA defuzzi5cation
method e3ectively calculates the best compromise between
multiple output linguistic terms [15]. In this phase, we
obtained PE, which is one of all possible outputs (linguistic
variables), as shown in Figure 7.

5. Experiments

.e testswere conducted on a university campus, and users were
potential janitors and janitors. In the experiments, a group of 20
research participants conducted a series of work activities, and
heart rate measurements were taken during those activities.
.ese data sets were collected using a population of 20

If (RCC is RCC1) and (Habituation is habituated) then (perceived
Exertion is PE1)

If (RCC is RCC1) and (Habituation is ModeratelyHabituated)
and (Membership is FarNextLevel) then (Perceived Exertion is PE1)

If (RCC is RCC1) and (Habituation is ModeratelyHabituated)
and (Membership is CloseNextLevel) then (Perceived Exertion is PE1)

If (RCC is RCC1) and (Habituation is ModeratelyHabituated)
and (Membership is VeryCloseNextLevel) then (Perceived Exertion is PE2)

If (RCC is RCC1) and (Habituation is NotHabituated) and (Membership
is FarNextLevel) then (Perceived Exertion is PE1)

If (RCC is RCC1) and (Habituation is NotHabituated) and 
(Membership is CloseNextLevel or Membership is VeryClose
NextLevel) then (Perceived Exertion is PE2)

Figure 6: Rules for RCC1.

0
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Output variable “Perceived Exertion”
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Figure 7: Output variable “perceived exertion.”
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participants; 11 male (28.4 ± 8.5 years, BMI 26.26 ± 3.77) and
9 female (28.7 ± 5.97 years, BMI 25.06 ± 4.45). Participants’
characteristics are shown in Table 3.

.ree physical activities were de5ned for every research
participant. .ese activities are described in Table 4.

Personal characteristics and physical conditions (such as
age, sex, acclimation, and physical condition) are the at-
tributes that are indirectly re=ected when we measure the
maximal theoretical heart rate being their maximal personal
e3ort for each user. Together with the heart rate at rest and
individualized monitoring in real time during the execution

of physical activities, they allow customized estimations.
During analysis, these characteristics’ results allow us to see
that two people with similar characteristics do not neces-
sarily perform the same e3ort to perform the same activity.

Heart rate was measured using an unobtrusive Basis B1
5tness tracker band. Basis’ precision is enough to know how
many beats per minute a user heart has. Basis B1measures our
blood pressure, steps, intensity and exertion of our workout,
and sleep metrics. .is device was placed on the wrist of each
worker. .e 5rst activity was to sweep a =oor using a broom,
the second activity was to clean glass windows with a rag, and
the last activity was stacking metal structure chairs.

Heart rate values used in all methods (Borg–
Chamoux–personalized Chamoux–fuzzy personalized
Chamoux) were the average heart rates during the activities.

Experiments related to the three labor activities are
shown in Figure 8.

6. Results

In order to compare the resulting values of all methods
tested, we made a mapping of the Borg’s perceived exertion
values (Table 1) with labels used in Chamoux method
(Table 2). Scales 6-7 are no exertion (NE), 8-9 are very light
(VL), 10-11 are light (L), 12 is slightly moderate (SM), 13 is
moderate (M), 14 is slightly heavy (SH), 15-16 are heavy
(H), and over 16 is intense (I).

A frequency analysis of results of perceived exertion of
the participants obtained for each physical activity was in-
cluded. In order to do this, we obtained some values de-
scribing the features of a collection of data from physical
activities performed. For stacking chairs activity, Table 5
shows the number of users for each perceived exertion level
grouped by the method.

In Table 5 we can see that the estimated perceived ex-
ertion of people using the Borg method is only two levels, the
common Chamoux method classi5es them into three levels,
and the personalized Chamoux and our proposal (FPC)
classify them into 5ve levels. .e Borg method classi5es all
people into very light (VL) and light (L); conventional
Chamoux classi5es 20% into SM, as it only takes into ac-
count the age of the people; personalized Chamoux dis-
tributes 60% of workers between SM and SH, this is because
it takes into account personal maximum e3ort, in addition to
the age of the individual; while the proposed method makes
a small rearrangement of the number of people at every level,
which results from applying the fuzzy logic for handling
uncertainty membership groups and the e3ect of habitua-
tion variable. .is indicates that our proposal has a better
e3ort discrimination because of measuring their personal
maximum e3ort, fuzzy sets without clear and de5ned
boundaries, rules base, and habituation-level variable.

In Figure 9(a), the results of perceived exertion are scalar
(di3use for FPC), whereas in Figure 9(b) the results of
perceived exertion are linguistic (crisp for FPC). .e ob-
jective is that the decision-maker can appreciate not only the
level of 5nal perceived exertion obtained (after the whole
process) but also the level of belonging to that level (scalar
values). .e same criterion applies for Figures 9(c) and 9(d).

Table 3: Participants’ characteristics.

Subject Genre Age BMI Habituation level
Worker 1 Male 23 29.62 Habituated
Worker 2 Female 23 21.98 Habituated
Worker 3 Female 23 20.95 Moderately habituated
Worker 4 Male 22 24.72 Habituated
Worker 5 Male 23 28.27 Habituated
Worker 6 Male 23 20.03 Not habituated
Worker 7 Female 24 19.27 Not habituated
Worker 8 Female 33 31.24 Moderately habituated
Worker 9 Female 34 21.68 Habituated
Worker 10 Male 25 28.44 Habituated
Worker 11 Male 28 28.33 Habituated
Worker 12 Male 27 24.38 Habituated
Worker 13 Male 24 33.64 Not habituated
Worker 14 Female 28 29.36 Moderately habituated
Worker 15 Male 34 23.63 Not habituated
Worker 16 Female 36 24.35 Not habituated
Worker 17 Male 33 24.68 Habituated
Worker 18 Female 22 26.29 Not habituated
Worker 19 Female 36 30.44 Not habituated
Worker 20 Male 51 23.12 Habituated

Table 4: Activities in the experiments.

Activity Description

Sweep the =oor

One broom (1 kg) was used in this activity. A
hallway (42m long× 0.5m width) was the area
to sweep. .e volunteers started in one corner
of the hallway and swept in overlapping strokes
in towards the end of the hallway.

Washing
windows

.e total dimensions of the window were
110 cm× 90 cm. .e research participants
started at the top and worked down the
window. .is activity was executed in indoor
environments.

Stacking chairs

Placing the entire stack of chairs had a short
walk away (3m). .is activity was done using
iron chairs (7 kg). During these activities were
created several stacks, each stack with 8 chairs;
all experiments were done in an indoor hallway.
Never were stacked more than ten chairs at
a time.
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.ese results can be used in decision-making to preserve or
improve the health and quality of life of the worker. .is can
be done by adjusting their work environment or by mea-
suring physical performance based on their e3ort for a better
allocation of their workload.

As we can see in Figures 9(a) and 9(b), a female worker
who is moderately habituated to physical job maintained her
perceived exertion level obtained using FPC with respect to
the personalized Chamoux with sweeping and cleaning
windows activities; however, while she was stacking chairs
(which demands more physical e3ort), her perceived ex-
ertion level increased. With regard to not habituated male
Worker 6 (Figures 9(c) and 9(d)), his perceived exertion
level obtained using FPC increased with respect to the
personalized Chamoux with all activities (sweeping, cleaning
windows, and stacking chairs). All his FPC perceived ex-
ertion levels were higher than the personalized Chamoux
perceived exertion levels. We attribute this behavior to the
level of habituation. One objective of this proposal is to
illustrate how the habituation factor impacts the perceived
e3ort, and the proposal is not focused on an accurate cal-
culation of physical e3ort or energy expenditure.

Figures 10 and 11 show personalized Chamoux and FPC
methods to classify perceived exertions during sweeping.

As we can see, results clearly re=ect di3erent perceived
exertion levels for individuals even though they perform the

same activity. In Figure 10, the results of the FPCmethod are
fuzzy, and in Figure 11, the results of the FPC method are
defuzzi5ed.

.e statistical results allow us to know that when the
activity is physically demanding (activity of stacking chairs),
variance and standard deviation values are much higher.
.is shows that the many factors involved in the process of
classifying perceived exertion are clearly re=ected in the
increase in cardiac frequency.

Figures 12 and 13 illustrate an activity that can be
physically demanding if we are not habituated, and they
show how the fuzzy personalized Chamoux method is more
e4cient for classifying individual perceived exertion, which
is appreciated particularly for the activity of stacking chairs
(Figures 12 and 13). Figure 12 can be very useful for a decision-
maker to appreciate how a worker is being impacted for
a speci5c physical activity.

All participants were directly observed during experi-
ments to estimate their physical e3ort level. Additionally,
they were asked about their perceived exertion just at the end
of each activity. We obtained that perceived exertion clas-
si5cation using our proposed method is coincident (75% or
higher) with respect to our direct observation and answers
from participants.

Workers’ personal perceived exertion (PPE) was a lin-
guistic label (belonging to Table 2) that participants assigned

(a) (b) (c)

Figure 8: Activities developed by participants: (a) sweeping =oors, (b) cleaning windows, and (c) stacking chairs.

Table 5: Number of users for each e3ort level during stacking chair activity, grouped by method.

Perceived exertion Borg Chamoux Personalized Chamoux Fuzzy personalized Chamoux
VL 11 4 0 0
L 9 12 8 6
SM 0 4 6 6
M 0 0 4 5
SH 0 0 2 3
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to each developed activity, representing their e3ort per-
ception. We compare PPEs with FPC results to evaluate our
proposal. Matching percentages were 75%, 75%, and 80% for
sweeping, cleaning windows, and stacking chairs, re-
spectively. As an example, in Figure 14, it is appreciated
a comparison of workers’ PPE versus linguistic outputs
provided by our proposal for the sweeping activity.

We have designed a prototype for logging and informing
users about their perceived exertion levels and historical
records during activities. Figure 15 shows the prototype for
Android devices.

.e disk located at the bottom of the interface simulates
a semaphore..e colors used represent the di3erent levels of
perceived exertion (from very light to intense). .e green
color represents the lowest levels of e3ort, and the red color
represents the intense e3ort. .e yellow color is used for
moderate e3orts. .e purpose of the disk in the interface is
that a given user can visualize in each moment and, in real
time, the percentage of monitoring time that he/she has been
in each level of perceived exertion, in accordance with our
proposed method. Recording of perceived e3orts is useful
for rapid decision-making by the supervising manager, for
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Figure 9: Perceived exertion: sweeping, cleaning windows, and stacking chairs. (a)Worker 3 (moderately habituated female—scalar values),
(b) Worker 3 (moderately habituated female—linguistic values), (c) Worker 6 (not habituated male—scalar values), and (d) Worker 6 (not
habituated male—linguistic values).
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example, for reassignment of tasks or scheduling of rest
periods.

7. Discussion

.e smartwatch presented several failures when data started
to be captured, that is why a period of at least three minutes

was monitored before the value of cardiac frequency was
taken. However, as cardiac frequency values entered to
formulas were averaged, some noise e3ects do not impact
the results. We think that technological advances will let that
future devices be more precise in sensing.

Considering habituation as a factor in the method of
estimating perceived e3ort allows in turn improving
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Figure 10: Sweeping activity (scalar results).
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Figure 11: Sweeping activity (linguistic results).
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decision-making, for example, when a worker should be
selected for a job with physical activities. Habituation is
important because an unhabituated worker will have
a greater perceived e3ort with respect to another worker who
is accustomed, as studies reveal [24, 25].

Although recent proposals have determined rates in
perceived exertion, these results do not consider individual
factors related to worker experience or the physical activity
performance. .is is, for activities that cannot be controlled
in terms of the intensity with which users perform them
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Figure 12: Stacking chair activity (scalar results).
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Figure 13: Stacking chair activity (linguistic results).
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(e.g., sweeping), each user executes them according to their
personality, unlike activities performed on an electric
treadmill where the speed at which they walk or run is
controlled, so many studies only o3er average energy ex-
penditure values for daily activities. For this reason, in some
cases for the same activity, a moderately habituated person
may have a perceived exertion slightly greater than an
unhabituated person.

Perceived exertion assessment in labor physical activities
must consider factors such as physical condition, obesity,
and hypertension; environmental factors like temperature,
humidity, and altitude; or even factors a3ecting individual
physical response in the performance of physical activities
such as habituation and acclimatization. Recent proposals
do not include these factors in perceived exertion assess-
ment, which can lead to inaccurate decision-making in the
allocation of a job post, for example.

.e proposed method can handle any of these factors;
habituation is an example of how this can be done. To handle
other factors (like nutrition), variables and their domains
have to be known (such as the quantity (kg and liters) and
quality (calories) of food ingested and the time (hours and
min) spent between the consumption of food and the
performance of the activity), as well as their impact on
perceived exertion, that is, the weight to be given to each
variable in estimating the e3ort.

Habituation is considered as the training experiences
based on tasks repetition, which conduces to a better
physical activities’ performance and changes in perceived
exertion.

It has been stated in recent works that considering in-
dividual characteristics like maximum e3ort in activities’

performance conduces to a better perceived exertion as-
sessment. Published results of perceived exertion are based
on one of the following methods: Borg method which
considers a HR� [60, 220] to de5ne a 14-value scale [22, 28]
going from no exertion to maximal exertion, Chamoux
method considering person age (220− age) as the baseline to
de5ne a 70-value scale RCC� [0, 69], grouped in sets of 10
values each going from very light to intense, and extended
Chamoux which considers individual maximum exertion as
the baseline. However, e3ort level transition in those scales
based on HR values may not correspond to perceived

PPE
FPC

H

SH

M

SM

L

VL

W1 W2 W3 W4 W5 W6 W7 W8 W9 W10
Workers

W11 W12 W13 W14 W15 W16 W17 W18 W19 W20

Pe
rc

ei
ve

d 
ex

er
tio

n

Figure 14: Sweeping activity (personal perceived exertion versus FPC method results).

Figure 15: Perceived exertion prototype.
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exertion (as perceived by the worker), due to lack of ha-
bituation, that is, when considering habituation, a com-
pensation value has to be added to personal exertion for less
habituated ones.

Since the assessment of perceived e3ort and habituation
are based on human experience, the fuzzy logic can be used
in such evaluations, given that discrete and continuous
membership functions of a fuzzy set are intended to
capture a person’s thinking. Fuzzy membership functions
can be determined subjectively in practical problems based
on an expert’s opinion. Membership functions can be
considered as a technique to formalize empirical problem
solving that is based on experience rather than the
knowledge of theory.

Fuzzy membership function of habituation takes one
of three values: no habituated, moderate habituation, and
habituated. Fuzzy set values are de5ned in [0, 1] interval:
border values are for a nonhabituated person and a ha-
bituated one, respectively. .e membership degree was
determined by worker experience and direct observation
of workers performing physical activities. Values from
fuzzy membership function of habituation, CCR, 20%
compensation for nonhabituated and 10% compensation
for moderate habituated, are inputs for fuzzy membership
function of perceived exertion. Fuzzy membership
function of perceived exertion takes one of 7 values: very
light, light, slightly moderate, moderate, slightly heavy,
heavy, and intense, each one taking ten values in [0, 69]
interval.

Habituation contribution to perceived exertion as-
sessment is a more realistic result in terms of human
experience. As it can be seen in the results (Figure 9),
perceived exertion can change to the next level when
considering habituation. We think by experience that
when a person is not accustomed to perform labor physical
activities, the higher the hardness of activities is, the higher
the level of perceived e3ort is. .is is true when consid-
ering that the membership of one value to a set is binary,
that is, a person is habituated or not to perform an activity;
however, when considering fuzzy sets, the membership
is de5ned by a function that takes its values in the interval
[0, 1]. .e closer the degree of membership is to 1, the
more the element will be in the set, and the closer the
degree of membership is to 0, the less the element will be in
the set.

Results obtained in this study clearly establish the im-
portance of considering factors such as habituation to
physical activities performance in the evaluation of per-
ceived exertion of workers. Adjustment of perceived exer-
tion levels achieved with fuzzy logic allows us to improve
decision-making for the allocation of jobs, the planning of
workloads, or even the reduction of risks of fatigue
accidents.

8. Conclusions

.e contributions of this proposal are the ability to classify
perceived exertion of people in daily activities, to improve
their safety and health. .is is because it is formally

established that the e3ort of a person can be estimated
based on his/her cardiac frequency. A standard e3ort can be
estimated for each activity as a reference to analyze the gap
with the personalized perceived exertion estimated by our
proposed method to perform those activities; the usefulness
of measuring the personalized e3ort of workers in their
work environment to preserve their health; and the pos-
sibility to determine that a person is conducting his/her
activities in a comfortable way, that is, in accordance with
his/her personal capacities, abilities, and habituation to
improve performance, safety, and welfare state.

.is is not a proposal to accurately measure the physical
e3ort but emphasizes the importance of customizing the
measurement process and mentions that it is hardly possible
to have a generic method, given a large number of variables
that must be considered. .e intention is to show how the
e3ort estimation varies when considering a custom value as
the maximum personal cardiac frequency, as well as im-
precision and uncertainty of variables a3ecting methods to
classify perceived exertion.

Using the fuzzy logic, it was possible to verify the im-
portance of the degree of membership of a variable to a fuzzy
set, because depending on the degree of membership it is
possible that the perceived exertion can be increased (next
label) as a result of the rules used by the inference engine.
.is situation is more suited to real life where although
a variable belongs to a certain group, there is a level of
belonging to that group, which should be considered be-
cause it may be more correct to classify the variable as
belonging to a nearby set.

.e proposed method for the classi5cation of perceived
exertion considers how to add possible variables, as ex-
empli5ed by the inclusion of habituation and the way it
a3ects, as obtained in related studies. Analysis of our results
reveals that an objective method of estimating individual
e3ort should consider custom values in the parameters to
capture the widest possible set of variables involved in the
estimation of perceived exertion. .erefore, the decision to
perform a stress test for obtaining the maximum heart rate is
important, because with this action, indirectly, we are in-
cluding many factors such as age, sex, body mass index, and
acclimation.

We conclude that the use of a wearable device with
capacities of measurement of physiological parameters to-
gether with fuzzy logic computational methods provokes
expert knowledge that represent a viable automatic solution
for perceived exertion classi5cation.

Future work includes other factors involved such as
environment, gender, body mass index, and mental stress.
Another type of sensors must be considered, as well as the
combination of heterogeneous sensors. .e perceived ex-
ertion should be objective; direct observation gives an idea of
the results, but it is based on experience and questionnaires.
Habituation to physical e3ort requires further study; to our
knowledge, there are no studies analyzing the impact of
habituation to perform physical activities in the perceived
exertion of workers. Additionally, it is important to extend
FPC method de5nition to integrate the implementation into
a smartphone.
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Frailty and senility are syndromes that a1ect elderly people. +e ageing process involves a decay of cognitive and motor functions which
often produce an impact on the quality of life of elderly people. Some studies have linked this deterioration of cognitive andmotor function
to gait patterns.+us, gait analysis can be a powerful tool to assess frailty and senility syndromes. In this paper, we propose a vision-based
gait analysis approach performed on a smartphone with cloud computing assistance. Gait sequences recorded by a smartphone camera are
processed by the smartphone itself to obtain spatiotemporal features. +ese features are uploaded onto the cloud in order to analyse and
compare them to a stored database to render a diagnostic.+e feature extractionmethod presented can work with both frontal and sagittal
gait sequences although the sagittal view provides a better classi7cation since an accuracy of 95% can be obtained.

1. Introduction

+is work is part of a project called Gait-A whose main ob-
jective is the early detection of frailty and senility syndromes
using gait analysis. Physical activity is one of the main com-
ponents involved in frailty syndrome evaluation [1, 2]. Gait is
identi7ed as a high cognitive task in which attention, planning,
memory, and other cognitive processes are involved [3, 4].

+rough gait analysis, quanti7cation of measurable in-
formation of gait, and its interpretation [5], frailty and de-
mentia syndromes can be diagnosed. +is process is carried
out by specialists and is based on estimations through visual
inspection of gait.

In this work, we propose a computer vision approach
that could aid the specialists providing them with objective
measurements of gait and, thus, gain in objectivity of the gait
analyses performed.

We propose the use of smartphone cameras to record the
subject’s gait and also provide computer vision algorithms
able to analyse those sequences to extract spatiotemporal gait
parameters.+ese parameters are then sent to the cloud to be
analysed by a classi7er for the purpose of determining
whether abnormalities are present or not.

A lot of works dealing with gait analysis using computer
vision are found in the literature. However, most of them
focus on gait biometrics for human identi7cation, and few of
them address gait analysis for detection of abnormalities.

+e main goal of this study is to provide a nonexpensive
and easy-to-deploy solution to obtain the spatiotemporal
parameters of gait, which will be fed to classi7cation algo-
rithms that will discriminate between normal and abnormal
gait. It needs to be mentioned that the process of obtaining
spatiotemporal parameters for abnormal gait compounds
the task as the number of assumptions that can be made over
gait patterns is drastically reduced. In such cases, neither
cyclic patterns nor the totality of the gait phases can be
assumed to be present. In this work, for study purposes,
Parkinsonian gait, knee pain, and foot dragging among other
patterns that deviate from what we consider normal gait will
be taken as abnormal gait.

A set of di1erent gait features is analysed in [6] for person
identi7cation. +e process starts by extracting the silhouette
with a background subtraction technique to then obtain the
contour. After the contour is obtained, they extract four time-
series features: width/height ratio, bounding box width, sil-
houette area, and center of gravity (COG).+ese four features
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follow a cyclic pattern thatmatch the gait cycle and are used to
identify a person through deterministic learning.

Xu et al. examined the suitability of the Kinect sensor to
measure gait parameters while walking on a treadmill in
frontal view [7]. +ey compared the heel strike (HS) and toe
o1 (TO) they obtained with those obtained using a motion
tracking system. HS showed less error than TO because it
happens closer to the sensor.

Choudhury and Tjahjadi [8] proposed a method com-
posed of three modules: silhouette extraction, subject classi-
7cation using Procrustes shape analysis (PSA) and elliptic
Fourier descriptor (EFD), and combination of both results. For
silhouette extraction, they use background subtraction and
morphologic operations to remove noise. PSA module ana-
lyses a group of shapes usingmatching of geometrical locations
of a silhouette. +e stride length is computed using the width
of the bounding box. Finally, EFD allows to characterize the
contour of the subject in key points of a gait phase.

Leu et al. proposed a method to extract skeleton joints
from sagittal and frontal views [9].+emethod proposed uses
the horizontal and vertical projection of the silhouette pixels
to obtain the neck joint.+en they apply an anatomical model
to obtain hip, knees, and ankles. Yoo and Nixon [10] also
extract skeleton joints using an anatomical model to segment
the silhouette but they obtain the mean points of each seg-
ment and then apply linear regression to obtain a line that
represents the bones. During double support gait phase, they
applymotion tracking to estimate the location of the occluded
points. Khan et al. [11], similarly obtain the skeleton by
computing the mean points of each body segment. +ey
obtain leg movement and posture inclination and compare it
with a normal gait model to recognise Parkinsonian gait.

In addition, we 7nd the following proposals for classifying
gait patterns. In Wang [12], the method is based on optical
Kow that calculates a histogram of silhouette Kows to which an
eigenspace transformation applies. +e data obtained are
compared with a normal gait template to calculate deviation.
In Bauckhage et al. [13], homeomorphisms apply between 2D
lattices and binary shapes to obtain a vector space in which the
silhouette is encoded. +ey performed several silhouette
bounding box splittings to obtain di1erent lattices that are
then classi7ed using support vector machine (SVM).

Apparently, most of the vision-based gait analysis pro-
posals use sagittal view for the reason that it provides more
information with which to work. However, there are ob-
tainable bene7ts out of a frontal gait analysis. According to
Whittle [14], more gait abnormalities can be observed from
a sagittal view than from a frontal view. However, we do also
undertake frontal gait analysis for the following reasons:

(i) Some abnormalities can only be observed from
a frontal point of view. Whittle [14] mentions that
circumduction gait, hip hiking, abnormal foot
contact, and rotation among others are better ob-
served from a frontal view.

(ii) In terms of the physical space necessary for re-
cording, sagittal gait sequences require much more
than those of frontal gait, for which only a small hall
or corridor will serve.

A way to reduce the space needed for sagittal view re-
cording is to use a treadmill, but it could alter gait patterns,
especially with frail people. Another workaround is to use
a motorised camera that follows the subject, but it is ex-
pensive and could complicate the background subtraction as
it is moving as well. Both workarounds complicate the ac-
quisition of gait sequences making it diNcult to be processed
by a smartphone.

Sagittal images show a clear view of feet displacement
and enough information to locate heel and toe of each foot.
In frontal view, on the other hand, it is not easy to determine
where the heel and toe are located in each foot. +erefore,
a di1erent approach is required for frontal sequences.

In sagittal view, the size of the subject’s silhouette is
maintained along the whole of its trajectory. However, in
frontal view, the size of the silhouette increases along its
trajectory, so a normalization might be required.

+e paper is organized as follows. Section 2 describes the
sagittal and frontal methods to obtain spatiotemporal param-
eters of gait, their implementation in a smartphone, and the
classi7cation of normal and abnormal gait in a cloud platform.
Section 3 shows the results in which the spatiotemporal gait
parameters are subjected to normal and abnormal gait classi-
7cation. Finally, Section 4 provides the conclusion of this work.

2. Methods

In this paper, we present a platform for gait analysis using
computer vision where a smartphone records and processes
a gait sequence to obtain spatiotemporal parameters to be sent to
the cloud for a classi7cation between normal and abnormal gait.
+e layout of the platform is shown in Figure 1. In the following
subsections, each module of the platform will be described.

2.1. Sagittal Approach. +e sagittal approach takes gait se-
quences recorded from the side as input. +e method
presents four phases: preprocessing, feet location, feature
extraction, and skeleton extraction. Figure 2 shows the di-
agram of the sagittal approach. +e classi7cation phase is
performed in the cloud.

2.1.1. Preprocessing. In this phase, a background subtraction
is performed to obtain the silhouette of the subject using
mixture of Gaussians [15] background subtraction. After
that, a morphology operator is applied to remove noise.
Finally, the bounding box of the remaining silhouette is
extracted by computing the x, y positions using (1), and then
those points are made to correspond to a rectangle
(x, y,width, height) using (2).

minx � arg min
x,y
∀x,y ∈ silhouette : x 

maxx � arg max
x,y
∀x,y ∈ silhouette : x 

miny � arg min
x,y
∀x,y ∈ silhouette : y 

maxy � arg max
x,y
∀x,y ∈ silhouette : y ,

(1)

2 Mobile Information Systems



Bounding box �(minx,miny,max x−min x,maxy−miny).
(2)

2.1.2. Feet Location. +e silhouette obtained by background
subtraction is then enclosed in its bounding box and split into
four regions, namely, head (13% of bounding box height), torso
(34%), upper legs (24%), and lower legs (29%), according to an
anthropometric model [16] as shown in Figure 3. +e lower
leg region is then brought to focus. We search the silhouette
pixel with maximum X component to obtain the toe of the
front foot (FF) using (3) and the pixel with minimum X to
obtain the heel of the back foot (BF) using (4).+en, the lower

leg region is split into halves vertically to separate each foot. In
the BF half, we search for the lower right pixel (assuming
displacement from left to right) to obtain the BF toe. In the FF
half, we search for the lower left pixel to obtain the heel. +e
7nal result is shown in Figure 3.

arg max
x,y
∀x,y ∈ silhouette : x , (3)

arg min
x,y
∀x,y ∈ silhouette : x . (4)

2.1.3. Feature Extraction. For each frame of the sequence,
the position of the heel and toe of both feet was obtained in

Background
subtractor

Bounding
box

Preprocessing

Skeleton (FASE)

Find
segments

Legs angle

Lean angle

Gradient
analysis

Toe o�

Heel strike

Feature extraction

Gait
variables
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Figure 2: Diagram of the sagittal gait approach.
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Figure 1: Diagram of the proposed platform. Extraction of gait features is performed on a smartphone and classi7cation in the cloud.
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the previous phase. To these time series, we applied gra-
dient analysis of the X component to obtain heel strike (HS)
when the mean point gradient between FF heel and FF toe
goes from greater than zero to zero (foot stops moving as
shown in (5)) and the toe o1 (TO) when the mean point
gradient between BF heel and BF toe goes from zero to
greater than zero (foot starts moving as shown in (6)).
Applying the gradient directly over the position time series
produces a lot of false positives due to some noise. To 7lter
the noise, we apply a threshold where any gradient value
less than that is set to zero.+is threshold can remove small
oscillations due to an error in the process of getting the
silhouette and locating toes and heels. It follows that
a Gaussian smoothing is applied, and isolated values
greater than zero or equal to zero are removed using (7).

heel strike(i)→ grad(x)i ≤ 0∧grad(x)i−1 > 0, (5)

toe off(i)→ grad(x)i > 0∧grad(x)i−1 � 0, (6)

v′i �
ifvi � 0∧vi−1 ≠ 0∧vi+1 ≠ 0→

vi−1 + vi+1( 

2

ifvi ≠ 0∧vi−1 � 0∧vi+1 � 0→ 0.

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

(7)

2.1.4. Skeleton Extraction. +e skeleton extraction phase
provides a fast way of obtaining an approximation of the
locations of the head, neck, hip, knees, and feet. It uses the

four regions of the silhouette described in the feet lo-
cation phase. +e head and torso regions are divided in
half horizontally, and the COG of each half is computed.
+e COG of the upper region is moved to the top, and the
COG of the lower region is moved to the bottom. +en,
the head lower COG and the torso upper COG are av-
eraged to obtain a common point which is the neck. +e
head location corresponds to the upper COG of the head
region.

+e upper leg region is also split horizontally in half, and
both COGs are obtained. In addition, a vertical split is also
performed, and another two COGs are obtained. +e upper
COG is moved to top and averaged with the lower torso COG
to obtain the hip location. Lower COG is discarded.+en right
and left COGs aremoved to bottom, those two points being the
location of the knees. +e knees are adjusted to simulate
bending. +e process to adjust the knees consists in tracing
three circles: one with center at the hip and thigh length radius
(which is the height of the upper leg segment) and two other
circles with center at each foot and radius equal to the tibia
length (which is the height of the lower leg segment). +en, an
intersection between the hip circle and each of the foot circles is
performed. +ere are three possibilities:

(i) No intersection. In this case, the knee point is the
one given by the COG.

(ii) One intersection. In this case, the knee point is the
intersection point.

(iii) Two intersections. In this case, the knee point is the
intersection point more to the right (assuming gait
direction from left to right).

Finally, the location of each foot is the mean point of the
heel and toe obtained in the feet location phase. Figure 4
shows the 7nal result.

2.2. Frontal Approach. +e frontal approach is very similar
to the sagittal one proposed in the previous subsection. It has
the same phases: preprocessing, feet location, feature ex-
traction, and skeleton detection. +e diagram of the frontal
gait approach is shown in Figure 5.

2.2.1. Preprocessing. +is phase is exactly the same as for
sagittal. +e silhouette is obtained using Mixture of
Gaussians as background subtraction, and then morphology
operators are applied to remove noise.

2.2.2. Feet Location. In frontal view, both toes are always
visible but heels are constantly occluded, so heels cannot be
properly located. +erefore, we can only rely on toe
information.

To obtain toes, we proceed by dividing the silhouette in
four regions according to the anthropometric model estab-
lished in [16]. We focus only on the lower leg segment. +en,
we calculate its bounding box and split it vertically into half to
separate both feet. It is important to recalculate the bounding
box of this part so the vertical split separates both feet accurately;
otherwise, any misalignment can cause problems. Note that the

Figure 3: Location of the heel and toe of each foot for the sagittal
approach.
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process of splitting the bounding box for the purpose of sep-
arating both feet will never be accurate with gait patterns that
place one foot in front of the other. We will assume that this

particular gait pattern is not present in our dataset. We obtain
the left and right foot toe by locating the pixel with minimum y
component in the left and right half, respectively (8) (Figure 6).

Background
subtraction

Bounding
box

Preprocessing Get toes Toe Y
di�erence

Feet location

 Skeleton (FASE)

Find joints

Legs angle

Toe o�

Heel strike

Feature extraction

Gait
variables

Get max
and min

Classi�cation
Compare

gait

Normal Abnormal

Figure 5: Diagram of the frontal gait approach.

Figure 4: Knee adjustment for the sagittal approach.
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argmin
x,y
∀x,y ∈ silhouette : y . (8)

2.2.3. Feature Extraction. +e previous phase provides the
position of each toe for each frame, which is precisely the in-
formation we need to derive HS and TO. We propose an ap-
proach to obtain HS and TO with frontal gait based on the time
series derived by subtracting the vertical component of both feet.

We will use the subtraction of the y component of the toes
to obtain a curve inwhich zero crosses indicate the feet adjacent
gait phase. HS and TO of each foot are located between each
zero cross. We can estimate HS and TO by assuming that HS is
produced before TO; HS is produced in the 7rst half of each
region and TO in the second half. +erefore, we can estimate
HS and TO following (9) and (10), respectively, where zci
relates to the frame in which a zero cross point occurs and zci−1
relates to the frame of the previous zero cross point.

HS � zci−1+
zci − zci−1(  × 3

4
, (9)

TO � zci−
zci − zci−1

4
. (10)

+is approach poses some problems with some abnor-
mal gait patterns, as shown in [17], in which some events
could not be detected, for example, when a foot is always
behind the other or is dragged due to some injury or pain.
Figure 7 shows foot dragging where, in some cases, the curve
does not cross zero during the swing phase. To solve the
problem, we devise another method. Using the same curve
from the previous approach (the di1erence of y component

of each foot), we proceed by applying Gauss 7lters to remove
noise (Figure 8 shows the curve of Figure 7 after applying
Gauss 7lters), then we obtain the local maxima and minima,
which are located more or less at the center of each pair of
zero crosses. But, in this case, the curve does not have to
cross zero to produce a maximum or minimum, and the
problem is solved.

HS are located before a maximum or minimum, and TO
after. We know that both events are located in that region.
Empirically adjusting them, we derived that the HS is located
at 1/4 the distance between onemaximum (orminimum) and
the previous one (12), and TO is located at 1/8 the distance
between one maximum (or minimum) and the next one (13).

Being M an ordered set of maxima and minima in as-
cending chronological order:

M� m1, m2, m3 · · ·mn . (11)

HS of mi is obtained as

HSi � mi −
mi −mi−1

4
, (12)

and TO is obtained as

TOi � mi +
mi+1 −mi

8
. (13)

2.2.4. Skeleton Detection. +e process is the same as the one
described for the sagittal approach, but for frontal approach,
the adjustment of knees is not necessary.

2.3. Smartphone Implementation. Sagittal and frontal ap-
proaches were implemented on Android using OpenCV
native functions.We allowed twoways of processing a dataset:

(i) On a real-time video: the smartphone camera re-
cords the subject walking and processes it at the same
time.

(ii) On a previously recorded video: the smartphone
records the subject walking and stores it in memory,
and then the stored video is processed.

Figure 6: Toe location of each foot for the frontal approach.
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Figure 7: Di1erence of component Y of each foot with abnormal
foot dragging.
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To achieve real-time processing, we use the pyramidal
multirresolution approach described in [18]. We achieve
10 fps using a quad core at 1.4 GHz smartphone with 1GB
memory and 25 fps using a tablet with a Tegra K1 quad core
processor at 2.2GHz and 2GBmemory.+e size of the input
image was reduced to 480× 270 pixels. However, results
shown in Section 3 are obtained using full resolution using
the dataset.

2.4. Cloud Platform. To develop the cloud platform, we used
the Microsoft Azure Machine Learning platform. +is is
a cloud platform for designing and developing predictive
models. Azure provides a REST Web Service to access the
Machine Learning tools.

For our purposes, we develop a K-nearest neighbour
(KNN) algorithm with Dynamic Time Warping (DTW) as
a distance function accessed through the REST Web Service
provided by Azure. To perform a classi7cation between
normal and abnormal gait, we use the stride (bounding box
width for sagittal approach, and subtraction between y
component of each foot for frontal approach) and leg-angle
time series (provided by the skeleton extraction algorithm
computed as the angle formed by the hip and each foot).

3. Results and Discussion

We will now describe the experiments performed and the
results obtained. +e dataset recorded for the experiments is
also described in this section.

3.1. Dataset. To test the proposed approaches, we recorded
two datasets of subjects walking: one using sagittal view and
the other using frontal view. Both datasets were recorded in
a room with a nonhomogeneous background including
windows where the light made it diNcult to extract the
silhouette. +is was intentional because we wanted to test
our approaches in real conditions, and so the silhouette is
often incomplete. Figure 9 shows the room in which the
recordings were performed.

To record the frontal dataset, we placed a camera at one
end of an 8m corridor and asked the subject to walk towards it.

We captured a total of 23 samples of normal gait and 20
samples of abnormal. To record the sagittal dataset, we used the
same environment, but we placed a camera at a distance of 4m
from the perpendicular of the gait direction to obtain a side
view. In this case, a total of 15 samples of normal gait and 15 of
abnormal gait were recorded. Even if the number of recorded
samples is low (43 for frontal gait and 30 for sagittal gait), there
are a total of 320 HS events and 319 TO events for frontal gait
and 233 HS events and 223 TO events for sagittal gait.

We asked the subjects to walk normally along the cor-
ridor and then to walk feigning some of the following
abnormalities:

(i) Knee pain: the subject simulated pain in one of his
knees.

(ii) Foot dragging: the subject dragged one foot.
(iii) Parkinsonian gait: the subject made some small

steps with variable speed.
(iv) Other: the subject depicted random patterns.

To guarantee the privacy of the subjects, we published
only the silhouettes extracted during the silhouette extrac-
tion phase. +ese silhouettes are stored as an ordered set of
images, and a 7le with the elapsed milliseconds for each
image is also included. For each recorded sample, we
manually mark the frames in which a HS or TO event occurs
to use it as a ground truth. We also include information
related to pixel width to be able to calculate distances and the
sample class (normal� 0 or abnormal� 1). In addition, a 7le
with the output of the feet location and feature extraction
phases is included which contains the positions of heel and
toe of each foot, their gradients, and the events of HS and TO
detected. +ese results are the output of the HS and TO
detection algorithm using full resolution (1920×1080),
which do not correspond to those provided by the smart-
phone using a quarter of that resolution.

Both datasets are accessible through the URL provided
by [19].

3.2. Experiments. We performed experiments using our own
datasets for sagittal and frontal gait. We used the manual
marking of the HS and TO events of each gait sequences of the
dataset as ground truth. +e error margin of this manual
marking was set to ± 1 frame because that is the minimum
value.We also assumed an error of ± 1 frame in the algorithm

Figure 9: Dataset background showing a room with closets and
windows.
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Figure 8: Di1erence of component Y of each foot after applying
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output. So, the global error margin was set to ± 2 frames.
+en, the di1erence in frames between the ground truth and
the proposed algorithm was analysed. Any di1erence less or
equal to the global error margin was considered acceptable.
+en, the root mean square error (RMSE) of the di1erences
was computed using

RMSE �

������������
1
n
∑
n

i�0
mi − ai( 

2



, (14)

where n corresponds to the number of events (HS or TO
in this case), mi the frame of the event i in the manual
marking, and ai the frame of the event i in the algorithm
output.

3.3. Sagittal Approach. In Table 1, we show the results after
applying the HS and TO detection algorithm with the
7ltering method described in the previous section for
sagittal view. +e table shows the amount of correct de-
tections (less than 2 frames of di1erence between algo-
rithm and manual marking), undetected cases, wrong
detection (more than 2 frames of di1erence), and the root
mean square error of both correct and wrong cases. As
observed, the RMSE of both HS and TO events is lower
than the error margin of 2 frames. TO events are more
accurately delimited than HS events. But, HS events show
less undetected cases. +erefore, it will be HS, the event we
will use to obtain the spatiotemporal parameters to per-
form classi7cation. Figure 10 shows graphically the cor-
rect, wrong, and undetected cases.

3.4. Frontal Approach. Table 1 also shows the results after
applying the frontal approach. As shown in there, the RMSE of
bothHS andTO in normal gait is smaller than the errormargin
of 2 frames, but it is slightly bigger for abnormal gait.+erefore,
results are acceptable for both normal and abnormal. Error is
mainly produced in the 7rst steps when the silhouette is smaller
(the subject is farthest from the camera). Figure 11 shows
graphically the results of Table 1.

+e results obtained with our sagittal view approach are
similar for normal gait. We obtained 1.44 frames for HS and
1.08 for TO, which were slightly more precise than the ones
we extracted from frontal approach (1.88–1.63) but close to
each other. However, in the case of abnormal gait, we ob-
tained 1.79 frames for HS and 1.59 for TO, which were more
precise than those obtained with the frontal approach
(2.42–2.17).
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Figure 11: Results of the frontal approach.
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Table 1: Results of the sagittal HS and TO detection algorithm
showing the amount of correct detections (less than 2 frames of
di1erence between algorithm and manual marking), undetected
cases, wrong detection (more than 2 frames of di1erence), and the
root mean square error of both correct and wrong cases.

Approach Correct Undetected Wrong RMSE
DAI dataset normal gait heel strike
Sagittal 90.2% 1.1% 7.6% 1.44 frames (48ms)
Frontal 89.4% 0% 10.60% 1.88 frames (63ms)
Toe o4
Sagittal 93.3% 2.2% 2.2% 1.08 frames (36ms)
Frontal 89.4% 0% 10.6% 1.63 frames (54ms)
DAI dataset abnormal gait heel strike
Sagittal 89% 2.1% 6.9% 1.79 frames (60ms)
Frontal 72.1% 0% 27.9% 2.42 frames (81ms)
Toe o4
Sagittal 82.1% 3.6% 10.7% 1.59 frames (53ms)
Frontal 75% 0% 25% 2.17 frames (72ms)
Total heel strike
Sagittal 89.5% 1.7% 7.2% 1.66 frames (55ms)
Frontal 78.8% 0% 21.3% 2.23 frames (74ms)
Toe o4
Sagittal 86.5% 3.0% 7.4% 1.41 frames (47ms)
Frontal 80.6% 0% 19.4% 1.98 frames (66ms)
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3.5.Classi6cation. To perform a classi7cation between normal
and abnormal gait, we use KNN to compare the stride length
and leg-angle time series of the di1erent gait cycles. To calculate
the distance between two time series, we apply DTW. We
perform the classi7cation test with two di1erent methods:

(i) Testing each gait cycle separately. +e time series
corresponding to each gait cycle is treated separately
as if it belonged to di1erent subjects.

(ii) Testing each gait cycle of each recording sample and
outputting the mode class for each subject. In this
case, a prediction for each gait cycle follows, and
then another prediction is computed by outputting
the mode class for the same recording sample.

To validate the proposed classi7cation, we use 10-fold
and leave-one-out cross-validations to 7nely measure the
accuracy of each classi7er.

Table 2 shows the results of the stride and leg-angle time
series for the sagittal approach. We obtained an accuracy
rate of 100% using leg-angle time series when outputting the
mode class for each recording sample. Least accurate results,
however, are the ones o1ered by the stride width.

+e results of the classi7cation experiments for frontal
approach are shown in Table 3. As shown in there, testing
each recording sample produces better results as it tends to
eliminate outliers.

We have focussed on obtaining a classi7cation between
normal and abnormal gait to assess the suitability of the
proposed algorithm to di1erentiate between the two of them.
For this test, we considered knee pain and foot dragging as
abnormal gait. +e results obtained suggest that the classi7er
can di1erentiate between normal and abnormal gait.
+erefore, future work will focus on classifying di1erent
abnormal gaits.

4. Conclusion

+emain contribution of this paper is a nonexpensive and
easy-to-deploy approach to obtain HS and TO and some

skeleton joints using both sagittal and frontal gait se-
quences. Frontal view poses some problems when
obtaining heels position, so we focus on toes instead.
Results show acceptable precision in providing HS and
TO in both the sagittal and the frontal methods. Com-
paring both approaches, results were similar but sagittal
proved to be more accurate. +e dataset recorded to test
the proposed approaches is for anyone to use it [19]. To
maintain the privacy of the subjects, we published only
the silhouette.

We also provide a cloud platform-based web service to
perform a classi7cation between normal and abnormal gait
for both sagittal and frontal views. Results show a classi7-
cation rate greater than 80% in frontal view and more than
90% in sagittal view.

+e ability to perform gait analysis using frontal view
reduces the physical space required for the tests. In addition,
this method does not rely on silhouette displacement (the
sagittal approach does), so it is also suitable for treadmill gait
sequences. +erefore, the space could be reduced even more
in cases where the alteration of gait patterns that the
treadmill could cause does not signi7cantly matter.

Future work will focus on improving the accuracy of HS
and TO for abnormal gait and classifying di1erent abnormal
gait types.
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,e ageing of the population poses a threat to both public and private health and social systems. In the last 50 years, life expectancy
has increased by an average of 20 years, and by the year 2050, life expectancy will exceed 90 years of age. However, quality of life in the
last years of life is not guaranteed due to conditions such as functional decline and frailty, ultimately progressing to disability. ,us,
the detection of such a condition in time is of utmost importance. ,is paper presents an ultrasonic sensor-based gait speed
measurement device controlled via a mobile interface, which permits patients to self-assess physical performance. ,e system was
developed and validated in an iterative process involving a total of 28 subjects (21 in the 8rst round and 7 in the second one). After
8rst evaluation at Hospital Universitario de Getafe, some technical problems arose whereas usability testing was well evaluated. ,e
second version addressing the identi8ed issues was technically validated at university premises with good and promising results.
Future work envisages deployment of the system developed at subjects’ homes to be remotely and unobtrusively monitored.

1. Introduction

According to the WHO (World Health Organization), in the
last 50 years, life expectancy has increased by an average of
20 years, and if it continues increasing, by the year 2050, life
expectancy will surpass 90 years of age [1]. ,us, elderly as-
sociated conditions and illnesses aremore common today than
they were in the past. For these reasons, major e@orts are being
undertaken investigating and analyzing the e@ects of aging, in
conditions such as frailty, their impact on the cognitive and
physical functions, and how to prevent these to improve the
quality and duration of life. Frailty is de8ned as a state of
increased vulnerability to adverse outcomes due to a reduction
in the ability to respond to stressors [2].,e trajectory of frailty
is usually characterized by a progression of functional decline
that culminates in dependency and disability [2, 3].

,e early detection of impeding disease is complex, and
a clear algorithm and clinical-friendly screening tools for
detection of frailty and/or disability are lacking. Living

longer does not necessarily equate to healthy living. De-
velopment of early detection tools will permit intervention
to prevent or delay the onset of frailty, thus preventing
further disability.

Small changes in various health-related metrics could
indicate the existence of an underlying condition in the
patient. Such a condition might not present with visible
symptoms until much later, when it is too late to take
preventive measures and very costly to intervene, resulting
in lengthy hospital stays and a higher risk for permanent
institutionalization. Metrics such as the gait speed are used
to measure a person’s frailty level [4–6].

Gait speed deterioration is one of the most important
indicators of decay in functional ability, with the risk of
developing frailty, and later disability [7]. Early detection of
any functional decay is critical to improve the quality of life
of elderly people and reduce their level of dependency.

Gait speed is typically measured by health professionals in
hospital or daycare settings, by manually measuring the time
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the patient takes to walk between two stripes situated in the
Hoor at di@erent distances, depending on the tool used. In the
case of the classical SPPB (short physical performance battery)
test [8], the distance is 4 meters, but for Fried’s criteria, this
distance is 4.3 meters [2]. Healthcare professionals use
a manual chronometer, which has a risk of inaccuracy and
discrepancies between di@erent professionals and di@erent
sets of measurements (inter- and intraobserver variability).
Additionally, patients may spend several months without
getting their gait speed measured, possibly worsening their
functional condition to an irreversible state before any
health professional can intervene.

,is paper presents the design, construction, and vali-
dation of an ultrasonic sensor-based gait speed measurement
device controlled via a mobile interface, which aims to em-
power patients in the unsupervised self-assessment of physical
performance in both home and hospital settings and to make
the measurement more reliable for health professionals.

Next section introduces related work in the subject.
Section 3 presents the 8rst version of the proposed device
and its clinical evaluation in a hospital environment. Section 4
presents the modi8ed version of the device and the technical
validation of this second version. Finally, section 5 presents
the conclusions gathered.

2. Related Work

Research on systems for gathering health-related metrics,
and for measuring gait speed, can be divided into wearable-
and non-wearable-based devices and sensor networks.

2.1. Wearable Devices. Most of the works related to moni-
toring and sensorization of medical analysis for elderly
patients are based on the usage of wearable devices which
gather the data and sometimes even perform simple mea-
sures. For example, Tirosh et al. proposed a sensorized sock
equipped with pressure sensors to measure the variables for
the gait test [9]. Adelsberger et al. proposed equipping
a patient with inertial sensors to obtain measures for the gait
analysis as well and send these data wirelessly via Bluetooth
to a laptop computer for further analysis [10]. In the same
line, there are many proposals that make use of di@erent
wearable sensors for data collection, such as the one from
Morris and Paradiso [11] that advocates integrating the
sensors to the patient’s insoles and the one fromAtallah et al.
[12] that proposes to measure variables through a series of
accelerometers placed on the patient’s ear, among others.

Alternatively, Miura et al. proposed to use a mobile
phone hung around the neck and 8tted inside the user’s
jacket to measure walking characteristics, such as walking
distance, time taken, speed, balance functions, body sways,
and the number of steps taken. However, its accuracy for gait
speed is too low for the SPPB test [13].

Finally, ultrasound sensors have been used to estimate
the gait speed of subjects embedded with wearable devices;
Weir and Childress proposed a device that combines ul-
trasound pulses and infrared technology to determine the
real-time position of a user with respect to a base unit. Gait

speed pro8le analysis provides parameters such as the ca-
dence, step length, or step time variation [14].

,e main shortcoming of the usage of these wearable
devices that need to be attached to the patient in some way, is
their intrusiveness. ,ey may alter the conditions in which the
analysis is performed, a@ecting users’ behavior, and in some
cases, they could be incompatible with some users’ conditions.
For example, some patients use orthopedic insoles on a daily
basis, whichmakes it impossible to introduce a second insole to
measure walking variables.,e same issue can occurwith socks
or shoe-coupled devices as well as other nonwearable devices.

Some proposals use diverse ambient sensors for gathering
vital variables. One of the most-used devices for this purpose
is the Kinect®, developed by Microsoft, which groups a series
of cameras and infrared sensors, allowing it to detect depth,
record videos, and analyze movements and posture, among
other features. Several research papers are based on this
device, such as [15, 16], taking advantage of its resources to
record the measures and then to model a series of signi8cant
parameters, such as longitude of the stride, walking speed, and
walking direction, among othermeasures.,ese proposals are
designed to work in the patient’s home and collect all possible
data for further analysis, obtaining extrainformation through
modeling that could be important for the health professional.
Kinect-based systems may raise privacy concerns, since it is
composed of a camera recording users.

Other studies, like [17, 18], propose sensorized mats,
based on a pressure sensor matrix, for obtaining these
variables. ,ese solutions are mostly restricted to use inside
a health facility, operated by health professionals in a con-
trolled environment. ,ey are too costly and too diNcult to
calibrate for use in a home setting.

When considering in-house monitoring systems, there is
an added diNculty in the analysis and evaluation of data
because the measured events occur without monitoring, as
opposed to the controlled environment of a medical oNce.
When the patient is at home, there is no easy way of
detecting when a walk begins and when it ends, if there are
external factors a@ecting the speed and direction of the walk
(e.g., if the patient is carrying something) or if there is some
other variable a@ecting the measurement. Stone and Skubic
minimize the “noise” introduced by these factors through
the application of decision models, algorithms, and the gait
variables to identify “valid” walks [16]. Van Den Broeck et al.
proposed in their investigation a formula, using global
coherence 8eld (GCF), to estimate and remove the possible
e@ects of the aforementioned noise [19].

2.2. Sensor Networks. Some research e@orts have been fo-
cusing on behavioral monitoring, such as how to use sensor
networks to help in the early detection ofmedical problems and
to monitor adherence to doctors’ recommendations regarding
lifestyle and medication intake for chronic illness [20].

,e University of Rochester built a smart medical home
in their Center for Future Health, 8lled with di@erent types
of sensors, functioning as a laboratory, to test and develop
various gadgets, sensors, and applications, that could be used as
part of a health-integrated system [21]. Similarly, the Aware
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Home in Georgia Tech, is a 3-storey, 5040 square feet facility
designed to facilitate research in three main areas: health, en-
tertainment, and sustainability, investigating how new tech-
nologies can impact the lives of people at home [22].

Implementing home sensors could give the elderly pop-
ulation the perfect balance between independence and proper
monitoring. For example, Zouba et al. proposed the imple-
mentation of multiple sensors attached to furniture at home,
combined with cameras for video analysis to monitor the
behavior of elderly people performing everyday activities, such
as cooking meals and eating [23]. Wood et al. took behavioral
monitoring a step further by combining it with assisted living.
,ey took data gathered from multiple heterogeneous sensors
and fed them into a backend layer that analyzes and combines
the data in order to produce decisions that could inHuence
other devices, such as a power manager [24]. ,is system was
thought to be extensible with the ability to add more sensors
and user interfaces, which is a similar objective to the one
proposed in this work. As withmany other proposed solutions,
it uses a proprietary query software language called SensQ,
developed solely for this system which makes it harder for
other consumers to adopt it. It also has a closed architecture
which makes it complicated to integrate 3rd party external
developments.,ese two limitations usually result in increased
deployment costs and the risk of obsolescence.

3. UltraGaitSpeed System v1.0

For the measurement of the gait speed in a home setting, we
have designed a lightweight and low-cost ultrasonic sensor-
based system called UltraGaitSpeed. ,e sensor device
connects via Bluetooth with an Android mobile phone that
logs the measured data and allows the user to control the
system. When an Internet connection is available, the data
are sent to a Cloud server.

Our approach to gait speed measurement aims to o@er
a lightweight and unobtrusive solution that liberates the user
from wearing any kind of gadgets and takes advantage of
a very powerful device (modern smartphones) that has
a tremendous processing power and good quality/price ratio.

A strip of light sensors with an Arduino board can be
easily deployed in a house and can provide the necessary
information to monitor decay in gait speed, possibly in-
dicating more serious health problems that require imme-
diate assistance. ,e gathered information is uploaded to
a server and securely connected to the HIS (hospital in-
formation system), so physicians can monitor patient evo-
lution, and alarms can be raised in a clinical setting when the
condition of a patient rapidly deteriorates.

3.1. System Design. We chose HC-SR04 ultrasonic sensors
for their lightweight and low-cost characteristics.,is sensor
uses sonar, sending a signal from one side and receiving it on
the other, to measure the distance of an object in front of it
by subtracting the time between both signals. ,is means
that we can detect when an object moves in front of the
sensor by tracking the distance variations betweenmeasures.
Since these sensors emit an ultrasonic sound wave and

sound waves dissipate in a cone-shaped way, we need to
perform some tests with the sensors to make a decision
about the number of sensors and to establish a minimum
distance between sensors to avoid interference (Figure 1).

After extensive testing, we determined that 35 centi-
meters is the minimum distance between sensors for them to
work without interference and that 5 sensors provided
enough accuracy since additional sensors did not improve
the measurements (Figure 2).

,e 5 sensors are connected to an Arduino UNO board
and set up with 1-meter separation between them along
a Hexible EVA foam strip. ,e resulting 4-meter strip can
serve to reproduce the SPPB gait speed test used by health
professionals.

In order to cover the sensors and protect the cables, cases
were printed in 3D for every sensor and its connections
(Figure 3). ,is provides the required robustness for a so-
lution to be installed in a home setting.

,e device runs a simple software that loops through
the connected sensors, sends a signal, and listens for the
response, which is stored in a local variable. After looping
through all the sensors, it sends via Bluetooth the data
gathered from the sensors in JSON format, with the
number of milliseconds relative to the system start as
a timestamp.

,e mobile application allows the user to calibrate the
sensors, start the measurement, and get data results on the
screen. It also stores measurements in an internal log, which is
uploaded to a server when an Internet connection is available.

,is 8rst version of the UltraGaitSpeed system works
according to the Howchart shown in Figure 4. ,e appli-
cation guides the user in all the steps required for system
operation, namely, Bluetooth enabling, sensor calibration,
step measurement, and 8nal result display.

Bluetooth connection is enabled in two steps. First, the
application checks the activation of Bluetooth in the device
and then connects with the Arduino Board. Next, the sensor
calibration starts, using a series of iterations to make sure
that stable distances are measured by each sensor. ,ese
distances are the baseline for the later measurements. If there
is movement in front of any sensor, the calibration will fail. If
there is a failure in any of these steps, the application displays
an error message to the user.

When calibration 8nishes, the system starts measuring
gait speed. Measurement is achieved by means of detection
events. When a user is detected by a sensor, the distance
measured deviates from the sensor baseline measure and
a timestamp is logged. Finally, when every sensor has de-
tected the patient, the passing time at each sensor and the
overall time are calculated by subtraction.

By pressing the Restart button on the screen, the process
can start again for a new measurement.

3.2. Evaluation. Even if our system is meant to be used by
patients and informal caregivers in an extrahospital setting,
we need to validate that the system gathers gait speed
measurements as reliably as the manual measurement by
health professionals in medical facilities.
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For that purpose, we carried out an experiment with
older patients attending the Day Hospital in the Geriatric
Service at the Hospital Universitario de Getafe (HUG). ,e
objective is to validate the accuracy and feasibility of the
proposed measurement solution as compared to the current
manual practice.

3.2.1. Experiment Design. Our hypothesis is that the usage
of the proposed ultrasound sensor-based solution allows
the conduction, in a precise way, of the SPPB gait analysis,
with a di@erence threshold of ±0.5 seconds compared to the
manual measures, which is the current practice in Geriatric
Service at HUG.

,e inclusion criteria for the patients to take part in the
experiment were as follows:

(i) Older than 70 years
(ii) Patient of the Geriatric Service at HUG.

,e exclusion criteria were as follows:

(i) Cognitive impairment: minimental test result lower
than 20

(ii) High degree of disability: Barthel index lower than 60.

,e patients were randomly selected from those that
come to the Day Hospital, with at least 2 patients selected in
each one of the following groups:

(i) Patients that do not need any technical help for
walking

(ii) Patients that need a cane for walking
(iii) Patients that need a walker for walking.

Two separate tests were conducted with each patient.
First, the gait test as described in point 2 of the SPPB analysis
was used tomeasure the speed of the walk, having the patient
standing right on the start line of the 4-meter strip, including
acceleration speed (static start). Second, an ordinary gait test
was performed, having the patient start a meter before the
starting line (dynamic start) in order to exclude acceleration
from the measure.

,e experiment was designed to simultaneously measure
using both the current manual method and the proposed
system.,emanual method is done with the patient walking
between two green lines while the health professionals
measure with a stopwatch. For each of the tests, three
measurements were taken in total: two separate manual
measures and one with the proposed solution, all of them
done by health professionals experienced in measuring gait
speed. None of the health professionals involved in taking
the measures could see the measures taken by the others.

Forms for the manual measure results were prepared as
well as an SUS (System Usability Scale) [25] satisfaction
questionnaire and an impressions questionnaire to gather
information about the system usability from the health
professional using our proposed system in the experiment.

,e current protocol for gait speed measurement for the
SPPB test was followed: measuring two walks for each pa-
tient and taking as valid the best of both measures.

,e Ethical Committee of the University Hospital of
Getafe approved the protocol.

3.2.2. Experiment Execution. On the day of the experiment,
we set up the data gathering device and the mobile ap-
plication to conduct the tests. ,e setting up of the
gathering device was a very simple procedure, taking less
than 5 minutes.

Figure 3: 3D printed case for covering sensors and connections.
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Figure 1: Minimum distance between sensors.
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Figure 2: Equidistant sensor placement in the strip.

4 Mobile Information Systems



,ree health professionals volunteered to participate in
the experiment as data gatherers, among whom we randomly
distributed the roles for manual collection and usage of the
application. After selecting the professionals, we gave them
a brief explanation of the experiment and their tasks and
provided them with the individual data collection forms. A
mobile device that had the application already installed was
provided to the health professional for taking measurements.

,e experiment was conducted as follows:

(1) After selecting those patients that met the inclusion
criteria and that expressedwillingness to participate (by
signing the informed consent), the health professional
proceeded to explain what the test consisted of.

(2) ,e subjects were asked to carry out the two tests
(the static and dynamic start). ,eir gait speed was
measured by health professionals. One professional
measured gait speed automatically with the pro-
posed system, and the two other professionals
performed the test manually using the current
method (stopwatch). Manual results were collected
in an ad hoc paper form.

(3) After 8nishing with all the patients of the study, we
gathered the paper forms from the health pro-
fessionals and asked the one that was using the
application to complete the satisfaction and im-
pressions questionnaires.
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Figure 4: Algorithm for UltraGaitSpeed v1.0.
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After carrying out the experiment, an analysis of the data
was conducted to ensure the feasibility of the system through
the analysis of the following variables:

(i) Number of measures that ended correctly
(ii) Number of measures that had to be repeated
(iii) Time for the preparation of each test
(iv) Deviation related to the control measure.

,e experiment was conducted with 21 voluntary pa-
tients that complied with the inclusion and exclusion cri-
teria. ,eir average age was 81 years, with the youngest
patient being 71 and the oldest 90. ,e number of patients
with technical aids, such as canes and walkers, was 7 from
the total of 21 patients that were included in the study.

,e experiment with patients went smoothly with no
need for further intervention from the researchers. ,ere
were slight problems with the calibration in patients who use
walking canes, which were resolved after rebooting the
system.

3.2.3. Results. After 8nishing the experiment, we proceeded
with the extraction of data gathered from the forms and the
questionnaires completed by the health professional using
the application.

First, we merged the data gathered into one single
spreadsheet, grouped by a type of measure (stopwatch 1 and
2 and application). After this, a series of data treatments were
applied to the data as follows:

(1) We selected as 8nal measure for each subject the
lower measure between the two that were taken for
each one of the tests (the dynamic and static start), as
is usually done by health professionals when per-
forming this test.

(2) With the 8nal measure for each of the subjects, we
calculated the average between the manual measures
taken with the stopwatch to compare those measures
with the ones obtained from the application.

(3) We then proceeded to calculate the di@erence
module of the measures obtained with the manual
procedure, and those from the application, and all
the combinations between them:

(a) Between manual measure 1 and manual measure 2
(b) Between the average of the manual measures and

the application
(c) Between manual measure 1 and the application
(d) Between manual measure 2 and the application.

(4) Having these measures, we proceeded to calculate
statistical variables of the di@erences. ,ese are
relevant in order to measure the degree to which the
application was able to get correct measures in the
experiment. ,e variables obtained were the mean,
the median, the mode, and the truncated mean.

(5) We decided to calculate the truncated mean of the
di@erences with a threshold of 10%. ,is allowed us
to remove 10% of outliers from the calculation of

the mean (which accounted for 2 measures), thus
omitting occasional errors that the application might
have had.

After data processing, we obtained the results detailed in
Table 1 for the case of the measure with no acceleration and
in Table 2 for the case of the measure including the patient’s
acceleration. Overall relevant variables of the experiment are
shown in Table 3.

Regarding the satisfaction questionnaire, the responses
produced an SUS score of 72.5, which is slightly over the
average of usability scores taken as a reference for an SUS
score of 68.5. ,is shows that there is satisfaction in the user
but not to an exceptional level.

,e open impressions questionnaire shows a favorable
perception from the health professional, and it o@ers several
relevant suggestions for improvement:

(i) To optimize calibration and to not require the
patient to wait, standing without movement while
the system calibrates. Elderly patients have diNculty
standing for some time, since they get easily tired. In
some cases, there is a risk that they lose their balance

(ii) To avoid having to perform a calibration every time,
a measure is started.,e system could calibrate only
the 8rst time, providing a button to recalibrate when
the health professional sees 8t

(iii) To extract additional variables from the sensors, such
as direction of the walk, variability of the speed, stride
length, step length, and others. For the imple-
mentation of this suggestion, we will need to review
and perform a deeper analysis of the gathered data, in
order to determine which of these proposed new
variables can be obtained from the current sensors.

3.2.4. Discussion. ,ese results show the feasibility of
deploying our proposed system in a clinical setting and
having health professionals use it. But the reliability of the
measures falls below the threshold established of a maxi-
mum di@erence of 0.50 seconds between the manual
measure and the automatic measure. Considering that all the
measures fall in the interval 2.15–9.47 seconds, average
di@erences of 0.64 or 0.67 are too high.

Further detailed study of the results with health pro-
fessionals at HUG unveiled that the algorithm used in
UltraGaitSpeed v1.0 for measuring gait speed did not exactly
comply with the measuring criteria used in classical gait
speed tests, as routinely performed at HUG. Both for the
static and dynamic start gait speed tests, the event triggering
the start and 8nish of measuring is the moment when the last
heel of the subject reaches the mark on the Hoor, while the
algorithm implemented in v1.0 of our solution starts mea-
suring when the sensor detects the 8rst foot. ,is is why the
presence of walking aids produced some errors.

Regarding calibration, the system failed several times for
the static start gait speed tests. In this case, the subject stands
right in front on the starting line, with the tip of his foot on it,
and waits for the command to go. Even the smallest variation
in the distance detected at the starting line, due to subjects’
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or walking aids’ movement, triggered the timing and pro-
duced irregular measurements.

Additionally, the system requires that the test is carried
out only in one direction, while software could detect the
walking direction and thus capture two measurements per
patient without requiring him or her to walk back to the
starting point. ,e patient could just turn around after
the 8rst measurement and walk in the other direction for the
second measure.

4. UltraGaitSpeed v2.0

In order to overcome the main problems identi8ed for v1.0,
we designed a new algorithm (Figure 5) and a new version
for the mobile app (Figure 6), the UltraGaitSpeed v2.0.

,e new algorithm considers the last detection event in
a sensor to be the moment to consider for user passing such
a sensor (Figure 7). ,is better 8ts the moment when the
patient’s heel leaves the sensor detection 8eld. ,is moment
is used for both establishing the start and 8nish of the
measure, mirroring the way the health professionals de8ne
the start and 8nish time when performing this test. Likewise,
this criterion determines partial timing.

,e distance between sensors is 8xed and known, and the
detection 8eld angle is the same for all of them. ,erefore, if
we assume that the patient will walk straight, the point where
the last foot abandons each detection 8eld will be separated by
the same distance as the sensors themselves.

So, with v2.0 of our device, we can measure the time
spent moving from sensor A to sensor B.

Figure 5 depicts the new algorithm designed for v2.0 of
our system. When one of the sensors detects the user, it is
activated and waits for the 8eld-of-view exit event, at which
point the timestamp is registered. In order to make sure
that the exit event was actually the last part of the body to
pass (and not, e.g., just the 8rst foot or a walking cane), the
measurement for each segment of the gait speed test is not
con8rmed until the exit event is produced in the next
sensor in the strip. (,e last sensor has a timeout for
con8rmation, since it has no other sensor next to it.) In the
case of a new detection event before con8rmation in the
following sensor, the sensor waits for the expected exit
event and then the timestamp is reset.

,is new algorithm entails the following advantages:

(1) It replicates the measuring criteria used in the
classical gait speed tests carried out by professionals
in clinical settings.

Table 1: Experiment results for the dynamic start measure with UltraGaitSpeed v1.0.

Di@erences (seconds)
Stopwatch 1 and

stopwatch 2
Stopwatch avg. and
UltraGaitSpeed v1.0

Stopwatch 1 and
UltraGaitSpeed v1.0

Stopwatch 2 and
UltraGaitSpeed v1.0

Mean 0.13 0.66 0.66 0.67
Median 0.06 0.71 0.70 0.63
Mode 0.03 No mode present 0.75 1.13
Truncated mean (10%) 0.10 0.62 0.62 0.62
Average relative error with respect
to manual watch average time (%) 2.8% 13.6% 13.7% 14.0%

Standard deviation 0.13 0.45 0.42 0.50

Table 2: Experiment results for the static start measure with UltraGaitSpeed v1.0.

Di@erences (seconds)
Stopwatch 1 and

stopwatch 2
Stopwatch avg. and
UltraGaitSpeed v1.0

Stopwatch 1 and
UltraGaitSpeed v1.0

Stop watch 2 and
UltraGaitSpeed v1.0

Mean 0.20 0.64 0.64 0.64
Median 0.13 0.45 0.38 0.49
Mode 0.28 No mode present 0.13 0.47
Truncated mean (10%) 0.16 0.55 0.53 0.56
Average relative error with respect
to manual watch average time (%) 3.7% 11.9% 11.9% 11.9%

Standard deviation 0.20 0.57 0.63 0.53

Table 3: Variables obtained from the experiment with Ultra-
GaitSpeed v1.0.

Variable Result
Time for the preparation
of each test Mean of 4 minutes

Deviation related to the
control measure Mean of 0.58 seconds

Maximum time measured 9.47 seconds
Minimum time measured 2.15 seconds
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(2) Start time is automatically triggered when the patient
leaves the 8rst sensor, instead of requiring an action
in the mobile app.

(3) Calibration does not require that the patient waits
motionless just before the 8rst sensor. It is carried
out with the patient positioned behind or far away
from the sensor strip, and the measuring will au-
tomatically start when the patient goes through the

8rst sensor. We will thus avoid errors arising from
the small distance variations while patients wait for
the calibration to end.

4.1. Evaluation. We have evaluated this new version of our
proposal with seven users between 68 and 79 years of age, six
of them with mobility problems and two requiring a cane.
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We have deployed UltraGaitSpeed v2.0 at CTB with
indications of the place for subjects to position themselves
for both the dynamic and the static start tests. We have
brieHy explained how the system works, and how it is
controlled from the mobile app to the subject, in the same
way as we foresee system installers doing when the system is
actually used in a home setting.

Each participant is asked to measure two walks with
a static start and two more with a dynamic start, in total
providing four measures to the system.

A biomedical engineer trained at HUG on the SPPB test
measures manually with a stopwatch the time spent by the
user between the two extremes of the sensor strip (4 meters).
,e measurer followed the criteria used in regular clinical
practice. Timing must be recorded when the last heel of the
patient passes over the line that marks the start and 8nish of
the four-meter walk.

4.1.1. Results. ,e results obtained for timing were analyzed
replicating the protocol of UltraGaitSpeed v1.0 evaluation
but having only one stopwatch measurement as a reference
for comparison.

,e results obtained are presented in Tables 4 and 5.

,e new algorithm demonstrated a greater reliability
for measurement than the one implemented in the pre-
vious version of the device. Both the absolute and relative
errors between the stopwatch and UltraGaitSpeed v2.0
have been reduced. In fact, the average absolute error is
smaller than the established accepted error of 0.5 seconds.
Moreover, the standard deviation of the error is smaller
compared with the 8rst version, which suggests the error
of this version falls in a smaller range, and therefore is
more predictable.

,e timing problem associated with the use of walking
aids has been solved in this new version. ,e trials with two
patients who use walking aids demonstrated the reliability of
UltraGaitSpeed v2.0.,e average relative error for their tests
was smaller than the overall (3.95%), and the measurer did
not report any incident related to this issue.

Observation of subjects while using the system and open
conversation with them have provided insight about some
usability problems that need to be addressed as follows:

(i) ,e word “measuring...” conveys the idea that the
time watch is already ticking, while it actually means
that the sensors have been calibrated and are already
working to detect whatever passes by.

(ii) Error and warning messages, such as the one
appearing when the timeout for the last sensor goes
o@, need to be reconsidered to speak the user’s
language, and some of them should not even be
shown unless the app is in developer mode.

Despite the room for improvement, UltraGaitSpeed
v2.0 was accepted by the users. ,ey completed the

Figure 6: Screen capture of the mobile app for UltraGaitSpeed v2.0.
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Figure 7: Detection moment for the user passing through a sensor.

Table 4: Experiment results for the static start measure with
UltraGaitSpeed v2.0.

Di@erences (seconds)
UltraGaitSpeed v2.0 and stopwatch
Mean 0.35
Median 0.29
Mode None
Truncated mean (10%) 0.35
Average relative error with respect to manual watch
mean time (%) 7.39%

Standard deviation 0.22

Table 5: Experiment results for the dynamic start measure with
UltraGaitSpeed v2.0.

Di@erences (seconds)
UltraGaitSpeed v2.0 and stopwatch
Mean 0.15
Median 0.19
Mode None
Truncated mean (10%) 0.15
Average relative error with respect to manual watch
mean time (%) 4.13%

Standard deviation 0.10
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System Usability Scale (SUS) and User Experience
Questionnaire (UEQ) [26] after performing the gait speed
tests, giving an average SUS score for UltraGaitSpeed v2.0
of 73.5.

Studies have demonstrated that the average SUS score
is 68. ,erefore, we have shown that our system is more
usable than the benchmark and is in the second quartile
[27].

In the case of the UEQ, we obtained excellent results in
Novelty and Stimulation, good results in Attractiveness,
ENciency, and Dependability, and results above the average
in Perspicuity (Figure 8).

4.1.2. Discussion. Despite the small size of the study pop-
ulation, results suggest that UltraGaitSpeed v2.0 may be used
in unsupervised environments for evaluating the gait speed
of patients, from a technical point of view.

Additionally, the new algorithm prevents one of the
more recurrent errors of UltraGaitSpeed v1.0. ,e initial
algorithm triggered incorrect start of timing when small
movements of patients waiting to begin the static start test
were detected as actual movement.

With these results, we con8rm that the new design
eliminates the error in the start of each measure, by
having the measuring algorithm consider the moment
when the user leaves each 8eld of detection as the time of
passing.

,e validation of UltraGaitSpeed v2.0 has shown the
system feasibility in its usage by the intended audience:
elderly people. Participants in the validation have
shown a favorable opinion of the usefulness and usability
of the system, even though they suggested necessary
improvements.

Further validation is necessary in the intended 8nal
environment: patients’ homes. A longitudinal study is nec-
essary to better understand how the system can be regularly
used by its intended users.

5. Conclusions

Wehave presented two versions ofUltraGaitSpeed (v1.0 and v2.0),
a sensor-based system controlled through a mobile app for
measuring gait speed, aimed to be used by patients themselves
or their caregivers.

,rough the two-cycle validation and redesign process,
the proposed system has shown its usefulness to automat-
ically measure gait speed through a low-cost and lightweight
solution that can be easily deployed in anymedical facility, in
a daycare center, or even in a private home. As an Android
app controls the system, this allows its usage in the patient’s
or informal caregiver’s own mobile phone, thus further
reducing the cost of the integrated solution.

Even if the validation has been carried out in a controlled
environment with health professionals or researchers, the
proposed system can be part of an ambient-assisted living
network of sensors, that contributes to a better quality of life
and earlier detection of deteriorating conditions that require
professional medical help.

,e usability level of the system needs to be improved
with a new redesign-evaluation loop, where acceptability
and usability issues are resolved.

,e next step in our research is to validate the system in
a hospital setting like the one used in the validation of the
8rst version and a longitudinal study carried out in in-
home settings. In these studies, we will inquire about the
most appropriate amount of sensors and length of the strip.
,e aim is to reduce the strip to a length of 2 meters,
facilitating its reliable usage in home environments with
limited space.

,e system will be extended to address other SPPB test
parts and other elements from the comprehensive geriatric
assessment like the chair stand test (measuring how long
the patient takes to sit down in a chair and stand up again
8ve times), involuntary loss of weight, and the items of the
Linda Fried criteria of frailty. We will provide these ele-
ments either through sensor-based systems like the one
presented in this paper or through an extension of the
mobile app.

At a subsequent stage, the aim is to create a system based
on UltraGaitSpeed that measures gait speed unobtrusively,
without the need for the user to actively start the measuring.
If the sensor strip can be inconspicuously installed in
a corridor wall and measure gait speed every time the user
passes by, it will provide much richer information without
the added stress of following instructions and manipulating
a mobile phone.
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We present the usability evaluation of a haptic-enhanced telerehabilitation system for massage therapy of the back using the
Vybe haptic gaming pad and the gesture sensor LEAP motion controller. -e evaluated system includes features that allow for
(i) administering online therapy programs, (ii) providing self-adjustable and safety treatment of back massages using a virtual
environment, and (iii) saving and replaying massage sessions according to a patient’s therapy program. -e usability evaluation
with 25 older adults and 10 specialists suggests that the haptic telerehabilitation system is perceived with high usability and
pleasurable user experience, while providing personalized intensity of haptic therapy in a supervised, real-time, and secure way to
treat the patient. Moreover, the specialists totally agree that the system design features, such as save and play, and delimiting
therapy zones are the most important for back massage therapy, while the features of regulating feedback intensity and
providing/receiving a massage remotely are also important. Finally, based on their comments, ;ve design insights aiming at
improving the current version of the system were generated.

1. Introduction

Due to a combination of demographic changes and the lack of
resources in the ;eld of public health and technology im-
provement, the development of new rehabilitative practices
seems mandatory to build sustainable models for re-
habilitation from the clinical, organizational, and economic
perspectives [1]. In recent years, haptic feedback has proven to
enhance user experience in telerehabilitation [2]. However,
current telerehabilitation systems have yet to exploit the
richness of haptic modality within its content. -e lack of
haptic methods that provide real-time rehabilitation in a su-
pervised and remote way inhibits the attention of patients that
require massage treatment of the back. Massage therapy has
become one of the most popular complementary and alter-
native medical (CAM) therapies for back pain, the condition
for which CAM therapies are most commonly used [3]. A
massage is de;ned as “a mechanical manipulation of body

tissues with rhythmical pressure and stroking for the purpose
of promoting health and wellbeing” [4]. Despite the avail-
ability of novel mechanical support tools for back massage
intervention, for example, [5–7], massage therapy is still
provided in a traditional way, where both the patient and the
therapist need to be in the same place [8].

In [9], we introduced a novel real-time haptic-enhanced
telerehabilitation system for massage therapy that consists of
a web application and a local virtual environment (VE) in
which the interaction is performed using the Leap Motion
Controller (LMC) gesture sensor [10] and the Vybe haptic
gaming pad [11]. -e system, called GoodVybesConnect, al-
lows the therapy input parameters to be individualized and
calibrated according to the patient’s characteristics. It also
allows the execution of the therapy to be dependent on the
therapist’s hand movement in the VE, so that multimodal
feedback (i.e., visual, audible, and vibrotactile feedback) is sent
to patients in real time depending on the availability of the
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therapist. Otherwise, the patient might play at home a massage
session previously scheduled by the specialist. Finally, therapy
results are automatically updated in the patient’s clinical
record.

To assess the GoodVybesConnect current prototype and
to identify some design insights that might help improving
the current version of the system, we carried out two eval-
uations: the objective of the ;rst evaluation was to identify the
user experience of potential patients during a massage session,
while the second one aimed at knowing the specialists’
(i.e., therapists and psychologists) opinions regarding their
usability perception of the application and their user expe-
rience while participating as patients and therapists.

2. Related Work

According to the literature, there are various forms of in-
tervention for back treatment, including physical therapy,
acupuncture, chiropractic treatment, and massage therapy,
among others [12]. Massage therapy has been shown to aJect
both structure and function of the musculoskeletal system by
promoting a relaxation response, decreasing muscle tension,
and decreasing tonic muscle contractions [13–16]. In recent
years, the integration of mechanical instruments to support
the implementation of massage therapies such as massage
chairs [5–7], automatic massage systems [6], or robotic
systems [17–21] has bene;ted therapists and their patients.

-e massage chair allows diJerent massage techniques,
for example, pressure point massage, roll stretch massage,
and beat massage [5]. In some cases, depending on the
patient’s physiological variables being measured (e.g.,
mental condition, blood pressure, heart rate, and stress,
among others), the specialist selects the massage technique
that she/he considers the most appropriate [22–24]. -ere
also exist automatic massage systems such as medical devices
that combine basic principles of mechanical massage,
thermotherapy, acupressure, infrared therapy, and mox-
ibustion. For instance, the device described in [6] is capable
of releasing modulated and controlled thermomechanical
energy on the patient following a programmable and fully

reproducible automatic treatment program selected by the
operator. Another example of automatic massage systems is
robotic systems that use massage patterns, for example,
robots that provide maxillofacial massages [17], massage of
the back [20, 21, 25], or feet massage [18]. Nevertheless, the
implementation of massage therapy with these mechanical
instruments needs “hard-wired” programmed routines, local
supervision of the therapist, and manual therapy manage-
ment programs [26]. Moreover, these procedures also re-
quire the patient to be in the same place as the therapist, and
they are mainly carried out in the traditional way using
nonmechanical instruments [3, 12].

In comparison to the aforementioned references, our real-
time haptic-enhanced telerehabilitation system [9] is innovative
given that it (i) proposes a method to provide real-time back
rehabilitation in a supervised and remoteway, (ii) provides aweb
application for managing therapy programs, (iii) combines
emerging tools to perform therapies, including a VE, the Vybe
haptic gaming pad [11], and the LMC gesture sensor [10], and
(iv) provides a secure way for patients to replay their massage
according to the therapy program.

3. Description of the System

Figure 1 shows the architecture of the real-time haptic-enhanced
telerehabilitation system. -e GoodVybesConnect system was
designed following therapists’ recommendations, which were
obtained through a contextual study performed in a re-
habilitation center [9]. -e system is composed of a web-
based application (Figure 2) and a local VE (Figure 3).

-e web-based application is a therapy administration
system in which therapists can manage their therapy sessions’
schedules and their patients as well as their corresponding
clinical records. In addition, therapists can con;gure the
therapy by adjusting the visual feedback, intensity, and kind of
music, among others. -e web application also shows the re-
sults of patients’ past therapy sessions through tables and graphs
(Figure 2). Moreover, patients are able to schedule a therapy
session, view their therapy record, access past therapy sessions,
and communicate via chat with their therapist.

�erapy management web application

Accepts a
therapy session

Virtual environment (VE)
for con�guration and execution

LEAP motion
controller

�erapist Patient

Updates the
patient clinical record

Provides
the massage

therapy online

Receives the
massage
therapy

Vybe haptic game pad

Relaxing
virtual environment

Requests a
therapy session

Figure 1: -e GoodVybesConnect architecture.
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-e VE is a haptic-enhanced telerehabilitation system that
was developed using Unity 5.3.4, the Vybe haptic gaming pad
[11], and the Orion library for the LMC gesture sensor [10]. -e
main objective of the VE is to provide a real-time and remote
back massage therapy to patients. -e LMC gesture sensor is
used as the input device, while the Vybe haptic gaming pad is
used as the massage bed (output device) to execute therapy
(Figure 1). -e Vybe haptic gaming pad is a vibro-tactile grid
display that has six voice-coil actuators located on the upper
back and six DC motors located on the seat and lower back.
-e voice coils play smooth vibrations (150–250Hz), while the
DC motors play rumble-like eJects [11].

Figure 3 shows the con;guration screen in which the
therapist chooses the virtual back that she/he wants to visualize
(i.e., back muscles and surface or intermediate muscles), the
intensity of the haptic feedback, and the music the patient will
hear during therapy. -e movements of the therapist’s hands
are detected with the LMC gesture sensor and transmitted
online in real time to both the VE and the Vybe haptic gaming
pad. All parameters can be changed online during execution of
the therapy. After concluding the massage, the therapist stores
the session and shares it through the web application with the
patient so that she/he can reproduce his/her therapy again if
indicated by his/her therapy program.

4. User Experience Evaluation with
Potential Patients

4.1. Procedure. To obtain the participants’ perception of
usability and the participant’s user experience when re-
ceiving a massage of the back with our system, we conducted

a controlled usability test at the research laboratory of a local
public university [9]. We used both questionnaires and
controlled observation to evaluate whether the participant’s
user experience was pleasurable or not. -at is, participants
have a pleasant user experience when they feel relaxed
and/or happy during the massage session, and they have an
unpleasant user experience if they feel stressed, scared, or
nervous.

-e potential patients were 25 older adults (age: mean±
SD: 63.68± 7.98 years, 11 males and 14 females), from whom
32% have received physical therapy due to various reasons
(e.g., neck or spine problems, Parkinson’s disease, or de-
pression), 60% were under medical treatment, and 72% use
the computer on a regular basis. All participants signed
a consent form and agreed to be video-recorded during the
execution of the back massage (Figure 4).

System Usability Scale (SUS) [27] and Technology Ac-
ceptance Model (TAM) [28] questionnaires (5-point Likert
scale) were applied at the end of the study. During both the
on-entry demographic questionnaire and the on-exit
questionnaire, participants were asked about their emo-
tional state at that moment, for example, if they were
stressed, scared, nervous, relaxed, happy, or neutral. Besides,
while answering the on-exit questionnaire, participants were
asked for which of the aforementioned moods prevailed
during the massage as well as their perception of the haptic
feedback received through the Vybe haptic gaming pad.
After that, two expert evaluators realized a controlled ob-
servation evaluation analyzing the video recordings to
further verify the participants’ moods.

4.2. Preliminary Results. From the on-exit questionnaire, we
obtained the following results: 8% participants reported
feeling neutral, 84% relax, and 8% happy. Further, during
the analysis of the video recordings of the massage sessions,
the expert evaluators identi;ed that participants depicted the
following moods: 92% happy, 96% relaxed, and 12% ner-
vous. However, participant’s moods were not constant
throughout the entire massage sessions, as they were ob-
served during varying time periods and sometimes in
a combined form, whereby the experts selected which mood
predominated during the massage session, determining thus
that the participants were observed: 92% relaxed and 8%
nervous. Table 1 shows the moods reported by participants
and observed predominantly in them by the experts.

Figure 3: VE for the con;guration and execution of back massage
therapy.

(1)

(3)

(2)

Figure 4: Participant during back massage therapy. Materials: (1)
video camera, (2) computer running the VE for back massage
therapy, and (3) haptic Vybe gaming pad used as massage bed.

Figure 2: -erapy management web application. -e therapist can
accept, communicate, and update the patient’s therapy record. In
addition, the patient can request a therapy session, communicate
with the therapist, and obtain his/her therapy ;les.
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According to Table 1, it can be observed that there was
a coincidence of 80% (20 cases) between how the partici-
pants self-perceived and what was observed by the experts.
From these 20 instances, 19 cases coincide that they were
relaxed and were thus observed by the experts (5–5), while
on the remaining cases (that of participant P23), it is re-
ported as having a neutral state during the massage, which
was rati;ed by the observers (4–4). In the ;rst case, it is
concluded that the user experience was pleasant since it was
declared so by the participants and rati;ed by the experts; in
the second case, in the absence of enough evidence, the user
experience of the participant was declared as not pleasant.

Additionally, the diJerences found in the rest of the
participants include the case of participant P1 (4–5), the
cases of participants P5 and P6 (5–3), and the cases of
participants P7 and P13 (6–5). For the case of participant P1
(4–5), neutral self-perception versus observed relaxed, at the
beginning of the session, the participant reported that, on
one side of the device, she/he did not feel the same way as on
the other; however, after a minute, the participant closed
his/her eyes and he/she seemed relaxed during the rest of the
session; therefore, the observers reported him/her as relaxed;
however, it is likely that the problem of the device persisted
and that the experience was not pleasant enough as to be-
come relaxed or feel happy; so, the participant was self-
perceived as neutral and we concluded that the participant
did not have a pleasant experience.

Of the two participants in the tuple (5–3), self-perceived
relaxed versus observed nervous, observers reported that,
throughout the session, participants were observed unease;
in the case of P5, she was observed during the whole session
with her eyes open wide and blinking fast, and at no time, she
seemed relaxed; with P6, something similar occurred, as he
also constantly squeezed the lips and moved the ;ngers of his
hands, so he was clearly nervous. -is nervousness could be
caused by the expectation of not knowing how the device
worked. Neither P5 nor P6 had received some type of
treatment or physical therapy in the past. In both cases, we
concluded that the user experience was not pleasant.

Finally, two participants reported feeling happy during
the session; however, according to the observation, they were
perceived very relaxed (6–5). It can be said that they were
enjoying the massage a lot, and although they were relaxed,
they perceived themselves happier than relaxed. In both
cases, it is considered then that their user experience was
pleasant.

As conclusion, we have that 84% of the participants had
a pleasant user experience when reporting themselves as
relaxed or happy during the massage session and that, for the
16% remaining participants, there is no evidence that they

had a pleasant user experience by presenting clear evidence
of nervousness throughout the session or reporting a neutral
emotional state.

5. Evaluation with Specialists

5.1. Procedure. -e study was conducted with specialists in
motor rehabilitation who participated in a system-extended
usability test using the on-exit questionnaire inspection
technique. -e purpose of this evaluation was to obtain the
specialists’ perception about the usability of the system and
their user experience while participating both as patients and
therapists. In this way, we aim at assessing the usability of the
current prototype and identifying some insights to improve
the system.

-e participants were 10 female specialists (7 therapists
and 3 psychologists, mean age: 29.9 ± 8.00 years) who work
in two diJerent institutions (7.25 ± 5.95 years average
experience). -e specialists provide motor or sensory
therapy to various patients due to multiple etiologies (e.g.,
sensory disintegration, injury due to physical activity, lack
of knowledge of the body, feeling exhausted, stress, and
hypertension, among others). Seventy percent of them care
for patients of all ages, while the rest provide care only for
children with autism, social integration problems, and
Down’s syndrome, among others. Eighty percent of the
specialists use common instruments to carry out the
therapy, for example, swings, hammocks, textures, mat-
tresses, and balls using their hands or knees, and the rest
uses videos, songs, and stories to motivate patients. Finally,
100% consider that computer systems can be used as
a support tool in therapy according to the diagnosis and
treatment of the patient.

All participants signed a consent form and agreed to be
video-taped during the execution of the evaluation. -e
evaluation was conducted at the work center of each spe-
cialist. -e VE application was installed on a computer,
while the Vybe haptic device was used as a massage bed
(Figure 5).

In this evaluation, the specialists participated in two
conditions: (a) C1, as patients and (b) C2, as therapists, so
that they could have real experiences from both perspectives
and enrich their perception of the system. Our hypotheses of
the use of the system are as follows: (H1) the usability
perception of the GoodVybesConnect system is higher for
condition C1 than for condition C2 and (H2) the user ex-
perience of the participant in condition C1 is more pleasant
than in condition C2.

-e evaluation procedure consisted of a welcome
message, initial explanation, and a questionnaire related to

Table 1: -e predominant moods reported by the subjects and observed by the experts (i.e., 1� stressed, 2� scared, 3� nervous, 4�neutral,
5� relaxed, and 6� happy).

Result
Participant

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25
Reported by the subject 4 5 5 5 5 5 6 5 5 5 5 5 6 5 5 5 5 5 5 5 5 5 4 5 5
Observed by evaluators 5 5 5 5 3 3 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 4 5 5
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their demographic data. -en, in pairs, the specialists used
the system for 4 minutes as a patient (C1) and for 4 minutes
as a therapist (C2) (Figure 6). Role assignment (i.e., therapist
or patient) was randomly controlled to avoid bias. -e in-
tensity of the haptic feedback of the provided massage was
also set randomly (i.e., ¼, ½, ¾, and 1). All participants
experienced the same auditory feedback during the massage.

System Usability Scale (SUS) and Technology Accep-
tance Model (TAM) questionnaires (5-point Likert scale)
were applied at the end of the study. During both the on-

entry demographic questionnaire and the on-exit ques-
tionnaire, participants were asked about their emotional
state at that moment, for example, if they were stressed,
scared, nervous, relaxed, happy, or neutral. Besides, while
answering the on-exit questionnaire, participants were asked
(using a 5-point Likert scale) which of the aforementioned
moods prevailed during the massage (as therapist and as
patient) and their perception of the haptic feedback received
through the Vybe haptic gaming pad. Additionally, par-
ticipants were asked about the system functions and haptic
device characteristics and comments or suggestions about
the system. Finally, a primary analysis of normality (using an
input analyzer tool) indicated that the outcome variables
were not normally distributed. -erefore, to analyze the
hypotheses, a nonparametric statistical analysis was applied
using the two-tailed nonparametric Wilcoxon test [29].

6. Results

6.1. Perception of Usability. Table 2 presents the summary of
the participant’s perception of usability regarding the system
when using it as a patient (C1) and using it as a therapist
(C2). As seen in Table 2, the usability perception is high in
both conditions: as a patient (median 4.20/5) and as
a therapist (median 4.30/5). In addition, the statistic test
indicates that the diJerences in perception are not signi;-
cant (see H1 in Table 3); therefore, H1 is rejected. Addi-
tionally, Figure 7 shows that although the diJerences in the
usability perception of the GoodVybesConnect system
were not signi;cant, 70% of the specialists completely agree
that the system is usable as a support tool in massage
therapy, unlike their perspective as patients, where only
20% completely agree that the system is usable, and 60% of
them agree.

All participants as patient (C1) stated that if they would
have the system available, they would use it: 20% stated that
they would use it once or twice a week, 30% stated that they
would use it three or four times a week, 30% stated that they

(1)(3)

(2)

Figure 5: Example of the assessment scenario with specialists.
Materials: (1) video camera, (2) computer running the VE for back
massage therapy, and (3) haptic Vybe gaming pad used as massage
bed.

(1)

(a)

(2)

(b)

Figure 6: Specialists during back massage therapy. Scenario: (1)
participant P9 as patient (C1) and participant P10 as therapist (C2)
and (2) participant P10 as patient (C1) and participant P9 as
therapist (C2).

Table 2: Results of the evaluation in terms of the usability per-
ception (H1).

Hypothesis
Outcome

H1 (usability)
Condition C1 C2
M 4.20 4.30
IQR3 4.75 5.00
IQR1 4.00 3.50
C1: specialist as patient; C2: specialist as therapist; M: median; IQR:
interquartile range.

Table 3: Summary of Wilcoxon test on H1 hypothesis (critical
value T� 3 with N� 8).

Comparative Statistical value Signi;cance of the diJerence
H1 (usability, alpha� 0.05)
C1 versus C2 14.5 Not signi;cant
C1: specialist as patient; C2: specialist as therapist.
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would use it 5 times a week, and 20% stated that they would
use it 6 times a week or more. Regarding time of use, 50%
declared that they would use it for 10 minutes, 40% stated
that they would use it for 15 minutes, and 10% stated that
they would use it for 15 minutes or more.

Furthermore, 100% of the participants as therapist (C2)
stated that if they would have the system available, they would
use it: 10% stated that they would use it once or twice a week,
40% stated that they would use it three or four times a week,
40% stated that they would use it 5 times a week, and 10%
stated that they would use it 6 times a week or more. Re-
garding time of use, 10% declared that they would use it for 5
minutes, 60% stated that they would use it for 10 minutes, and
30% stated that they would use it for 15 minutes or more.

In addition, regarding the use of the VE, the specialists
indicated that they completely agree that the most im-
portant characteristics of the VE are saving and repro-
ducing the therapy (median 5/5), as well as focusing on
certain areas of therapy according to a therapy program
(5/5). -e specialists also agreed that it is important that the
massage can be performed remotely (median 4/5) and that
the levels of intensity of the haptic feedback can be adjusted
(median 4/5). Finally, changing the music in real time was
the characteristic perceived as less important (median 3/5)
(Figure 8).

Regarding the perception of the haptic feedback of the
system according to the specialists (Figure 9), a good per-
ception of the haptic feedback was obtained (median 4.18/5).

Figure 9 shows the average scores perceived by the
specialists. According to these results, the specialists felt
;rst and foremost the safe feature (median 4.6/5); second,
they liked the comfort provided by the mattress (median
4.4/5); third, they liked the design of the haptic device; and
;nally, the pleasurable feature had the lowest perception
(median 3.6/5).

Finally, several specialists indicated that systems such as
the GoodVybesConnect could be very useful to attend
children who are unaware of their own body, who do not let
themselves to be touched, or who have suJered any injuries,
among others. In addition, in adult patients, it can be used to
treat, for example, stress, anxiety, tension, muscle pain, or to
relax patients who are prostrate due to illness.

6.2. User Experience. Table 4 shows the summary of the
specialists’ user experience upon receiving massage
(condition C1) and providing massage (condition C2)
(H2 hypothesis). In addition, Table 5 presents the result of
the analysis in terms of the emotions presented by the
specialists. As shown in Table 5, the results obtained show
evidence that the diJerences between emotions during
therapy on receiving (C1) or providing (C2) therapy are
not signi;cant, and therefore, H2 is discarded. However,
on average, the user experience in condition C1 (receiving
the massage) was slightly more pleasurable than in con-
dition C2 (providing the massage).

Figure 10 shows the emotions of the specialists when
using the GoodVybesConnect (H2) system. On the one
hand, while feeling the mattress with haptic feedback and
receiving the massage (C1), everyone denied feeling
stressed (100%), and most participants denied having felt
fear (90%) or being nervous (80%). Likewise, it can be
emphasized that most of them aTrmed to have felt re-
laxed, (90%) and all aTrmed to have felt happy (100%). On
the other hand, when using the system and providing the
massage (C2), most of them denied having felt stressed
(90%) or having felt fear (80%); while some reported
feeling nervous (30%) or neutral (60%). Finally, regarding
feeling relaxed, 30% disagreed and 40% agreed or com-
pletely agreed; while most of them (70%) indicated that
they felt happy.
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7. Discussion

7.1. Perception of Usability. -e main results suggest that
the usability perception of the GoodVybesConnect system
is high, both when using it as a patient (C1) (median
4.20/5) and as a therapist (C2) (median 4.30/5). Sixty
percent of the specialists while using the system to provide
the massage (condition C2) were in complete agreement
(i.e., median 5/5) that the system is useful, easy to use, easy
to learn, and with high intention to use (Figure 7). No
signi;cant diJerences were found regarding the usability
perception of the GoodVybesConnect system in both
conditions (C1 and C2), since in both cases the perception
of usefulness was high, and given that all the specialists
indicated that they were willing to use the system once it
becomes available.

In addition, the specialists evaluated the design features
of the current system, indicating the following as the most
important: (a) saving and reproducing a therapy session
(median 5/5), (b) targeting therapy areas according to
a program (Figure 8), (c) that the massage could be per-
formed remotely (median 4/5), (d) that the intensity of the
haptic feedback could be adjusted, and (e) that music could
be changed in real time, with the latter being considered less
important (median 3/5). As evidenced by these results, on
average, the design characteristics of the system were con-
sidered important by the specialists.

-e main ;ndings in the perception of haptic feedback
suggest that 50% of the specialists while receiving massage
completely agree that the intensity is adequate (median
4.18/5) (Figure 9). However, the rest of the specialists in-
dicated that it is necessary to increase and focus on the
intensity of the massage feedback to generate more pleasant
experiences of use. On the other hand, although the per-
ception of the design of the device is adequate (median
4.3/5), they indicate that it could have larger dimensions to
cover other massage zones, including the neck, sides of the
trunk, nape, and legs.

7.2.UserExperience. -e analysis of the specialists’ emotions
upon receiving massage (condition C1) and on providing
massage (condition C2) indicates that most specialists did
not had a negative experience of use (i.e., stress or fear) and
that their diJerences are not signi;cant. However, P1 in his
role of therapist (C2) expressed that he felt scared, which can
be explained according to his ;nal comments “I was afraid to
do an incorrect movement when giving the massage” (P1). In
addition, in the therapist role, the specialists P1, P7, and P9
answered that they were nervous when using the system,
which could be explained based on some of their comments:
“[it is necessary] to accompany the system with a user
manual, or with a video tutorial, as not all therapists are used
to interact with a virtual environment” (P7), “I found ev-
erything very good, it just made me nervous not to do it
correctly” (P9) (Figure 10). -is can also be explained by the
fact that during the use of the GoodVybesConnect system,
the specialists indicated feeling more relaxed when receiving
the massage (88%) than when giving the massage (50%)
(Figure 10). Additionally, in their perception while receiving
the massage (C1), 90% felt relaxed and 100% felt happy. -is
higher percentage in positive experience of use might ex-
plain why at the end of the massage participants P2, P4, P5,
P6, P7, P8, P9, and P10 asked to continue the massage; some
of their comments were “why it ended” (P4, P5, P8, and P10),
“I was falling asleep” (P2, P9, and P10), “it felt great, when
will it be available?” (P6), and “where can I buy it?” (P5, P9,
and P10). Finally, several of the specialists mentioned that
they felt better when the intensity of the haptic feedback was

Table 4: Results of the evaluation in terms of the emotions that the
participants felt during the use of the system (H2).

Hypothesis
Outcome

H2 (user experience)
Condition C1 C2
M 2.58 2.57
IQR3 2.67 3.00
IQR1 2.33 2.33
C1: specialist as patient; C2: specialist as therapist; M: median; IQR:
interquartile range.

Table 5: Summary of Wilcoxon test on H2 hypothesis (critical
value T� 0 with N� 6).

Comparative Statistical value Signi;cance of the diJerence
H2 (user experience, alpha� 0.05)

C1 versus C2 7 Not signi;cant
C1: specialist as patient; C2: specialist as therapist.
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greater and indicated that it would be advisable to increase it
to improve its pleasurable feature.

According to the results of both evaluations, there is
evidence that, on the one hand, the GoodVybesConnect
system was well perceived by potential users and that it
generated mainly pleasant user experiences. On the other
hand, the specialists agreed on its high usability from the two
perspectives (C1 and C2), as well as on that it generated
pleasant user experiences from the perspective of the patient.
Specialists have also shared diJerent proposals aiming at
improving the design of the VE and of the massage cushion.

8. Design Insights

Based on the comments and suggestions made by specialists
in rehabilitation, the following system design topics emerged:

(i) Adjustment of therapy strategies. -e specialists
suggested that it would be interesting if the patient
could provide the massage in the absence of
a therapist, or even have both the patient and the
therapist able to select diJerent preset therapy
techniques to treat the patient. Some of the com-
ments were: “it would be great if at any time there
was the option of being able to direct your own
[massage] when you do not have access to a ther-
apist” (P6), “that the system could control itself to
receive the massage” (P8), and “generate a pre-
recorded massage to use it with other patients” (P7).

(ii) Selection, delimitation, and adjustment of the mas-
sage zones. Specialists said that it is necessary to
focus on the massage zones to avoid touching
sensitive areas of the patient. -ey also suggested
that it would be important to add the area of the
head, neck, nape, trunk sides, and legs. -ey also
recommend that the delimitation of the zones can
be determined depending upon the corpulence of
the person and their age, for example, child or adult.
Some of the comments were: “inquire about the
aJected areas to give more emphasis” (P1), “isolate
the stimulus of the pressure being exerted” (P2),
“exert less intensity in the central zone (column)”
(P7), and “consider the scapula” (P8).

(iii) Adequate calibration and size of the massage device.
Specialists suggested that the haptic device be wider
and longer. In addition, they mentioned that, once
the device is larger, diJerent dimensions can be
con;gured to adapt the treatment according to the
patient and add [supports for] the neck, sides of the
trunk, shoulders, or legs. Some of the comments
were: “I would like to add an attachment for the
neck” (P2), “it is necessary to think about over-
weight people (obesity) because [in its current
version] it may not cover their expectation for
treatment” (P3), “the dimensions are suitable for
standard people” (P3), “[it requires a] wider and
longer mattress” (P4, P5), “maybe add [support] for
sides and shoulders” (P6), “increase its dimensions
[haptic device]” (P10), “the mattress could be wider

for the bene;t of larger people” (P10), and “[it]
could cover the area of the legs” (P10).

(iv) Add temperature and increase the intensity of the
haptic feedback of the massage. Specialists suggest that
the stimulus for the patient was better at the higher
intensity of the massage; in addition, they recom-
mended adding temperature to strengthen the re-
laxation of the patients. Also, they considered that it
is necessary to numerically quantify the intensity of
the haptic feedback. Some of the comments were:
“[it requires] intensity levels of feedback, consider
them as a wider numeric scale rather than low,
medium, and high” (P3), “higher feedback intensity
of the mattress” (P1, P2, and P8), “I would like to add
temperature to strengthen relaxation” (P2), “I felt
better when the intensity of the massage was at the
highest” (P3, P5, and P9), and “to relax more in the
upper part of the back” (P8).

(v) Add haptic feedback to provide support to the
movements of the therapist and improve the visual
representation in the VE. -e fear and nervousness
emotions of the specialists while using the VE of
GoodVybesConnect suggest that it is necessary to
integrate the haptic feedback while providing the
massage so that the therapist becomes aware of the
intensity with which she/he is touching the patient.
In addition, this intensity of the haptic feedback
must correspond to the visual representation of the
patient’s virtual body in the VE. Some of the
comments were: “I was afraid to do the movement
incorrectly when giving the massage” (P1) and “I
found everything very good, I just felt nervous of
not doing it correctly” (P9).

9. Conclusions

A real-time haptic-enhanced telerehabilitation system for
massage therapy was evaluated with potential users and
specialists. In the evaluation with potential users, the ex-
perience of use was obtained, while with the specialists in
addition to the experience of use, the perception of usability
of the system was determined, along with some insights to
improve its design.

To the best of our knowledge, GoodVybesConnect is the
;rst system that allows therapists to perform back massage
therapy in real time and remotely. Although we have
evaluated the system with a small group sample, namely, 25
potential patients and 10 specialists, we would like to point
out that, in the clinical literature domain, there are works
where similar statistical tests are applied with a similar
number of participants, for instance [5, 17, 19]. In addition,
the HCI literature suggests that the inclusion of ;ve experts
during the evaluation stage makes it possible to detect 80 to
85% of the usability problems of a design proposal [30].

Furthermore, the results of both evaluations provide
evidence of a high perception of usability, positive user
experience (i.e., relaxation and joy), and good haptic feed-
back (i.e., safe, pleasurable, and comfortable) provided by
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the system. In addition, the comments suggest that the
specialists perceived the current design features as impor-
tant, and they generated new design insights focused
primarily on improving massage feedback. Finally, as
future work, it is necessary to further include the emerged
design insights to enhance the current system. First, we
will strengthen the design of the system to improve the
experience of use and its clinical impact. Second, we are
going to evaluate the proposed tool with more specialists
(i.e., clinicians and therapists), and potential patients, to
con;rm the observed trends. -ird, we will use the system
for a longer period of time to better establish the scope and
impact of these results.
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*is paper introduces the Smart Home Simulator, one of themain outcomes of the D4All project.*is application takes into account
the variety of issues involved in the development of Ambient Assisted Living (AAL) solutions, such as the peculiarity of each end-
users, appliances, and technologies with their deployment and data-sharing issues. *e Smart Home Simulator—a mixed reality
application able to support the con7guration and customization of domestic environments in AAL systems—leverages on integration
capabilities of SemanticWeb technologies and the possibility to model relevant knowledge (about both the dwellers and the domestic
environment) into formal models. It also exploits Virtual Reality technologies as an e<cient means to simplify the con7guration of
customized AAL environments.*e application and the underlying framework will be validated through two di=erent use cases, each
one foreseeing the customized con7guration of a domestic environment for speci7c segments of users.

1. Introduction

Ambient Assisted Living (AAL) is a research 7eld emerged
in the 1990s and acquiring growing importance. It pro-
poses residential tools and solutions devoted to the im-
provement of everyday life, focusing on the person and
his/her interactions with both technologies and domestic
environment. In this context, AAL solutions aim at en-
hancing the dwellers’ quality of life, comfort, and well-
being and can be customized to address speci7c problems
for particular segments of population, such as elderlies or
people a=ected by disabilities. However, the development
of AAL systems is not an easy task, since it has to take into
account some fundamental features. *e 7rst regards the
end-users for whom the systems are being developed: each
solution, in fact, must be tailored on the dwellers and their
needs. It is therefore imperative to adopt a proper paradigm
able to be accountable for the users’ real needs and ca-
pabilities. Another relevant issue gathering the attention of
many researchers concerns the possibility to get full in-
teroperability among the devices deployed in the house.
Furthermore, a third issue arises when it comes to vali-
dating the abovementioned interoperability: the costs and

time to set up a domestic environment are relevant andmay
result dissuasive.

In order to tackle these three major issues, the D4All
project relied on a consolidated framework (Section 3.5),
which leverages the integration capabilities of Semantic Web
technologies and the possibility to model relevant knowl-
edge (about both the dwellers and the domestic environ-
ment) into formal models. Furthermore, the project
framework took into account the possibilities o=ered by
Mixed and Virtual Reality technologies to develop an ap-
plication dedicated to the con7guration and customization
of domestic environments—the Smart Home Simulator.

*e remainder of the paper is structured as follows:
Section 2 o=ers a review of the use of Semantic Web tech-
nologies and Virtual Reality for the con7guration of AAL
systems. Section 3 delves into the aims, issues, solutions, and
architecture addressed by the D4All project. Section 4 de-
scribes in detail the semantic knowledge base, backbone of the
D4All project, while Section 5 depicts the role of the Virtual
Reality. Section 6 proposes real use cases developed to test the
e<ciency of the Smart Home Simulator and its framework.
Finally, the conclusions summarize the main outcomes and
sketch the future works that will be pursued.
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2. Related Works

*is section highlights the most relevant works in the 7eld of
semantic model for the description of dwellers and users of
AAL solutions, interoperability among appliances, AAL
systems, and the use of Virtual Reality technologies for
the simulation and con7guration of living environments
and smart homes.

Semantic Web technologies have proved to be an e<cient
way to represent the knowledge related to the domain of
persons and houses, and they have been exploited in a variety
of works. In particular, the semantic modelling of the smart
home’s dwellers and their activities has covered an increasing
importance in the last decade. In [1], the authors focused on
the detection of human activity inside a home, representing
them into a set of ontologies covering the contexts of the
smart home and activities of daily living.*is model allows to
infer, among other features, activity-concerned information,
thanks to reasoning processes over raw data and contextual
information. Razmerita et al. [2] developed OntobUM, an
ontology-based architecture providing information on the
user’s identity, contacts, preferences, and competencies; this
model is partially generated by the user and several intelligent
services, which automatically update the information about
the user taking into account his/her behaviour. In [3], an
ontology for the modelling of AAL services is presented; this
ontology considers concepts necessary to describe the envi-
ronments, the users involved, and their activities in the en-
vironment, as well as their habits and abilities. A focus on the
modelling of the user’s static information, such as physical
characteristics, living condition, profession, interests, edu-
cation, and user experience, is provided in [4]. *is work
provided a methodology for an ontology-based activity of
user pro7ling able to avoid omissions and errors. Skillen et al.
[5] proposed an ontology for the personalization of context-
aware applications, which considered both static and dynamic
aspects of the users. *e model takes into account users’
health, interests, preferences, and abilities. In the 7eld of
context-aware adaptive systems, in [6], it is described a user-
pro7le ontology able to represent situation-dependent sub-
pro7les; the ontology allows to automatically trigger the
personalization of services according to the users.

Also in the 7eld of interoperability among devices,
the possibility to represent domain knowledge o=ers several
advantages, described in various works. Welge et al. [7]
addressed the issue of interoperability of di=erent devices
and distributed systems identifying in the exploitation of
knowledge management and ontologies the key to overcome
this problem. Semantic Web technologies are presented in
[8] as an e=ective approach to allow the management of
heterogeneous information in Ambient Intelligence solu-
tions; in this work, the FLERSA tool [9] is enhanced in its
interoperability features, allowing the deployment of Am-
bient Intelligence applications making use of di=erent
technologies and platforms. In [10], the authors described an
upper ontology for the semantic support of AAL platforms,
capturing the semantics of the AAL domain and depicting
the services provided by a system and including the or-
chestration of data coming from sensors and other services.

In [11], a result of the European COMANCHE project, an
ontology-enabled knowledge base allows the modelling of
a domestic environment with detail on the services provided
to its inhabitants. *e knowledge base allows the conJict-
free and up-to-date functioning of the home network
while providing a description of the appliances and the
relationships among them.

Dealing with the con7guration and the validation of
Smart Homes, in the last decade, researchers have developed
several systems with the aim of testing their solutions before
implementing them in the real world. Anticipating the
validation of the designed systems, comprising di=erent
smart objects and sensors exchanging data in real time, in
fact, reduces time and costs of a solution otherwise po-
tentially very onerous. In [12, 13], the authors developed two
context-aware simulators (ISS and CAAS) that are able to
handle concurrently data coming from the sensors and
home inhabitants to respond to speci7c user’s needs; they
were both able to respond to speci7c sensors’ measurement
also detecting and handling potential conJicts of operating
rules, which may arise when conJictual actions are triggered
by multiple input data. Although these two solutions were
provided with a graphical-user interface and a simplistic 2D
representation of the house, they do not make use of virtual
reality. Instead, Sernani et al. developed a VR-based system
to validate their expert system, named, Virtual Carer, which
manages a distributed network of smart objects inside
a smart home, where each component is modelled as an
autonomous agent [14]. To recreate a realistic scenario, they
also simulated the human behaviour taking into account
a model based on human basic needs to trigger speci7c
activities inside the smart home. Human behaviour was
simulated also in [15] with the 7nal aim of developing a low-
cost system capable of synthesizing a dataset for activity
recognition research in smart environments. In [16], the
authors demonstrated that virtual environments can be
a promising tool in the design phase, since they provide the
stakeholders with a demonstration of the system func-
tionalities, thus improving the 7nal design of the solution—a
nursing home, in this case—through the users’ feedback and
suggestions. In [17], the authors presented a Simulation
Control Panel (SCP) to be integrated in the authoring tool in
order to ease the validation of the designed solution by
creating a direct link between the modelling and the testing
environments. Finally, VR-based simulations were also
employed to test the feasibility and the reliability of brain-
computer interfaces in controlling smart home appliances
and services with the 7nal aim of restoring environmental
control for subjects with severe disabilities [18, 19].

3. The D4All Project: Aims and Solutions

3.1.)e D4All Project: Applying Universal Design to Domestic
Environments. Traditional design of products and solutions
is usually oriented toward standard individuals, which are
abstraction of real men and women. *is approach fails to
consider the many variables regarding real end-users, such
as their skills, knowledge, social interactions, and re-
quirements. To overcome this limitation, the paradigm of
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“Universal Design” [20]—also known as “Design For All”—
has started to stand out: it aims at taking into proper con-
sideration the di=erent features characterizing the real
human users, focusing on proposing solutions able to adjust
to the speci7c needs of users. *e main principles of this
paradigm can be found also in the 7eld of AAL, a discipline
addressing the issue of increasing the quality of life of people
in all stages of the lifecycle and providing them with assistive
systems for an independent life, according to their abilities
[21, 22]. *us, AAL systems aim at 7nding e<cient solutions
to help elderly or impaired people to maintain an in-
dependent and autonomous living. Although many e=orts
have been made toward the development of AAL solutions,
most of the systems and devices created are not able to take
into consideration the real needs of their users and neglect
the side of human interaction and real capabilities [23].

In this context, Design For All (D4All) project [24] aims
at applying the guidelines of Universal Design into domotic
and inclusive domestic environments. *ese environments,
grouped under the term “Smart Home” [25], should be able
to anticipate and respond to the needs of their dwellers, to
promote their comfort and well-being duringmany activities
of daily living (ADL) [26].

*e design of a Smart Home for normally endowed
people, families, elderlies, and people with impairments or
disabilities requires a set of heterogeneous tools during its
whole lifecycle process (e.g., concept, design, implementa-
tion, and test [17]). Furthermore, it requires paying great
attention to the speci7c users who interact with the services
and technologies made available, as well as they interact with
these functionalities. Consequently, it is fundamental to
manage in a coherent and e<cient way the vast amount of
diverse data that these interactions can generate, making
the data available to both the end-users (the inhabitants)
and the remote users (such as caregivers or clinical person-
nel). *e following subsections delve into the speci7c issues
belonging to these two branches, respectively, the proper
identi7cation of users’ needs, with particular attention toward
being physically active, and requirements and the possibility
to make the appliances and tools of a domestic environment
fully interoperable among each other.

3.2. Users’ Needs and Requirements. Bene7ts of being
physically active are widely known for people of all ages;
di=erent studies have demonstrated how physical activity
can prevent the onset of several chronic illnesses such as
hypertension, obesity, diabetes, osteoporosis, some forms of
cancer, and cardiovascular diseases [27]. *is is particularly
true for elderlies, since ageing leads to the structural and
functional deterioration of many physiological systems, even
in absence of a speci7c pathology. *is clinical condition is
de7ned as frailty, a term that indicates a status of increased
vulnerability, in which not only the risk of an adverse event
(e.g., minor infection and falls) is increased but also the body
response to a small insult results in a disproportionate
change in the health condition (from independent to de-
pendent or from lucid to cognitive impaired) [28]. In this
context, it is indeed true that no intervention can stop the

physical and cognitive decline related with age. However,
there is strong evidence that a minimization of risks of
chronic illnesses and disabilities can be obtained through
regular exercise. Both the World Health Organization and
the American College of Sport and Medicine provided
recommendations for regular physical activity in elderlies.
*ey underline its importance as preventive measure against
physical and cognitive decline [29, 30], the loss of autonomy
in daily living, and thus, the economic burden that the
ageing of the world population has risen in recent years [31].

*is concept holds also for healthy and people su=ering
from di=erent chronic pathologies, although it is clear that
for this last category of home dwellers, the provision of
a supervised physical exercise may not be enough to guar-
antee their autonomy during ADL. In all these cases, the
Smart Home must be enhanced with tailored solutions,
addressing the coping with speci7c issues. For instance, for
visually impaired users—if not completely blind—there is
the need to light up e<ciently every part of the house, es-
pecially dangerous areas such as steps. Deaf people need
visual or haptic alarm to replace normal alerts [32]. Motor-
impaired users who use a wheelchair require an accessible
house, where spaces are designed to allow an easy
manoeuvring of the wheelchair and where appliances and
controls are reachable while staying seated [33].

3.3. Interoperability andCooperation among theAppliances in
theSmartHome. A Smart Home is expected to be a domestic
residence equipped with a set of appliances—often called
Smart Objects; as mentioned above, the Smart Home and its
appliances work to ensure the dwellers’ comfort and per-
sonalized living conditions. In traditional houses, the var-
ious appliances deployed are able to perform their tasks in
a separate and isolated way. On the contrary, inside a Smart
Home, the appliances are required to work together in
a reliable and predictable behaviour [34] and to acquire,
handle, communicate, and share the knowledge about the
home inhabitants in order to meet the goal of achieving their
comfort and well-being [35]. *erefore, appliances must be
able to provide tailored services to improve the dwellers’
assistance for a better, healthier, and safer life in their ev-
eryday living environments and must cooperate with several
other appliances—possibly specialized and multivendor.

Nevertheless, this kind of synergy among distributed
appliances is nowadays guaranteed only in domestic envi-
ronments where appliances with the same communication
pattern and protocol stack [36] have been deployed. *e
desired interoperability among appliances should comprise
not only mere communication interoperability but also data
and information models, as well as services provided and
discovery mechanisms. Reaching this level of interoperability
is not an easy task: it takes a lot of time and requires many
design decisions to be made to accommodate the constrained
nature of speci7c devices in a certain usage scenario.

3.4. )e Project’s Approach and the Smart Home
Simulator. D4All faces the above challenges relying on
a framework that encompasses the description of the users’
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physiological status, the appliances, and the services they can
provide. *e goal of the framework (and of the application
derived from it) is to provide users characterized by frailty or
impairment with appliances and services able to cope with
their impairments, thus helping them in performing ac-
tivities that would otherwise be unattainable or ponderous.
*e solution is not limited to speci7c categories of users
but extends its services to the whole spectrum of house
dwellers. *is goal is achieved through the con7guration
of the dwellers’ house that allows to analyse both whether
the speci7c user’s physiological requirements are satis7ed
and the behaviour of the interoperable appliances before
their hard deployment in the real house.

*e need to properly assess the user’s health condition in
a qualitative and quantitative way was addressed by re-
curring to the International Classi7cation of Functioning,
Disability and Health (ICF), a holistic World Health Or-
ganization’s framework providing a uni7ed and standard
language for the description of health-related components.
ICF conceptualizes the functioning of an individual as
a “dynamic interaction between a person’s health condi-
tion, environmental factors, and personal factors” [37],
acting as a tool able to ease the communication among the
health stakeholders (caregivers and clinicians) and providing
a standard and worldwide comparable description of the
functional experiences of the individuals. Due to its vocab-
ulary, which is easily interpretable also by nonclinical
personnel, the classi7cation can also be used in various
health-related domains, such as rehabilitation [38] or reinte-
gration of injured workers in workplaces [39]. *e classi7-
cation is organized in two main parts: the 7rst, “Functioning
and Disability,” provides a description of the components
Body functions, Body structures, and Activities and partici-
pation; while the second, “Contextual Factors,” provides the
means to describe the impact of the components Environ-
mental factors and Personal factors. Each component is fur-
ther deepened into chapters, which identify the addressed
domain. *e functioning of a person is then described
through the interaction between his/her health condition and
the context where he/she acts. Each component is identi7ed
by a letter (b for Body functions, s for Body structures, e for
Environmental factors, and d for Activities and participation)
and can be detailed by adding digits (Figure 1).

According to the number of digits following the letter, it
is possible to get a code, whose length indicates the level of
granularity—up to 7ve digits. *e functioning or disability
of an individual can be assessed selecting the suitable cat-
egory and its corresponding code and then adding a quali7er
(from 0, meaning “absence of impairment,” to 4, indicating
a “complete impairment”).

In addition to the characterization of the users performed
using ICF, the knowledge about their physical status was
deepened taking into account the cardiorespiratory 7tness
(CRF). As mentioned in Section 3.2, in fact, the general
physical condition plays an important role in preventing the
occurrence of several pathologies and, thus, must be taken in
consideration not only when describing the user but also
when designing the Smart Home, which should be built to
take care of the users’ health and well-being too [40]. CRF

expresses the physical 7tness of a person, specifying his/her
ability to carry out a dynamic, moderate-to-high intensity
exercise over a prolonged period of time [41]. In addition, it
has been demonstrated to be inversely proportional to the risk
of mortality and of cardiovascular, pulmonary, and coronary
diseases [42].*erefore, CRF represents a suitable indicator of
a subject general health status and can be used to monitor the
progress or the regression of the health status of the Smart
Home inhabitants through time [41].

Semantic Web technologies [43], in particular the
modelling of domain knowledge into ontologies [44], were
chosen to provide a set of formal and sharable descriptions
of the concepts and their relationships composing the do-
mains of the domestic environment, the user, and its ap-
pliances. Semantic Web technologies can indeed provide
a description of the functioning of the appliances and their
services, thus enhancing the semantic interoperability
among them. Furthermore, with the adoption of Semantic
Web Rule Language (SWRL) rules, it is possible to trigger
speci7c inferences, such as the deployment of speci7c ap-
pliances and services to address the user’s particular needs
(as further illustrated in Section 3). However, the interaction
of the appliances distributed in a cooperative domestic
environment cannot always be validated in a real envi-
ronment—mainly because of the high costs and time to set
the environment up. In order to ease an a-priori evaluation,
as well as to validate the design of integrated appliance
solutions providing AAL services to users and their services,
the Smart Home Simulator (SHS) has been developed. *e
aim of this application is to allow designers of domestic
environments to simulate and con7gure a house by taking
advantage of a virtual representation of the house and the
appliances. SHS also allows the designer to tailor the services
o=ered by each appliance, leveraging the descriptions pro-
vided by Semantic Web technologies; in this way, the SHS
allows the construction of a complete and clear picture of the
status of the assisted users and their living environment
before e=ectively hard-deploying the customized AAL so-
lution. *e result is a realistic simulation of a home where
the designer can set up the appliances according to the
changes occurring to the dwellers and their environment. In
the SHS, the combination of Virtual Reality and Semantic
Web generates an integrated and aggregated view on rele-
vant knowledge related to the domestic environment. *is
coupling allows physical and virtual objects to coexist and
interact in real time, thus enhancing appliances’ con7gu-
ration operations also in real scenarios. Moreover, Semantic
Web technologies can provide a formal method to represent
and model the digital counterpart of the real physical world
corresponding to the domestic environment.

Component

Chapter - �rst level item

Second level item

�ird level item

Fourth level item

b «Body function»

b2 «Sensory functions and pain»

b210 «Seeing functions»

b2102 «Quality of vision»

b21020 «Light sensitivity»

Figure 1: An example of the structure of ICF.
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3.5. )e System’s Architecture. *e SHS is an application
relying on an integrated service-oriented platform described
in [45]. *e main purposes of this platform are to manage
the knowledge about the home and user’s domains, while
allowing the various appliances to exchange data among
them. *is framework is called Virtual Home Framework
and is based on four main pillars:

(i) *e 7rst is the semantic layer, named “Knowledge-
Base Home” (KBHome), which is the set of on-
tologies describing the relevant knowledge of the
abovementioned domains (the KBHome, further
described in Section 3).

(ii) *e second pillar consists in the virtual represen-
tation of the domestic environment: this feature
allows to virtually represent appliances and sensors
(as described in Sections 4 and 5).

(iii) Integration Services guarantee data integration syn-
chronization between physical and virtual compo-
nents of the system. *is approach is delved in [46],
and in this context, applications can easily interoperate
while the data are integrated, shared, dispatched, and
aggregated through mechanism transparent to their
clients. *erefore, the Integration Services are able to
promote the semantic integration among the data
provided by the various domestic appliances and
sensors (both real and virtual) and to contribute to
enhance their near real-time synchronization:

(1) *ey enable the acquisition of information
from any device (appliance or sensor and real or
virtual).

(2) *ey allow to store, interpret, and manage the
information received.

(3) *ey share and dispatch information when
a device asks for them or when a needed in-
formation becomes available.

(iv) *e Real Home, with its real appliances, represents
the deployment of the solutions identi7ed, thanks

to the cooperation among the three pillars of the
framework.

*e SHS acts like a user-friendly, semantic, and virtual
reality-based interface to allow designers to con7gure and
test (with either virtual or real appliances) AAL solutions
customized on speci7c users (Figure 2).

4. The Home Knowledge Base

*e knowledge base containing the information of the user
and his/her health and physical status and the living envi-
ronments composing the house and the appliances deployed
or deployable in it are modelled in a set of ontologies named
“KBHome.” *e ontologies are modelled following the NeOn
Methodology [47], an ontology engineering methodology
allowing to focus on the reuse of already existing resour-
ces—both ontological or not. *e knowledge base has been
developed using the software Protégé [48], while Resource
Description Framework (RDF) [49] and Web Ontology
Language (OWL) [50], with the use of Semantic Web
Rule Language (SWRL) [51], were the selected implementation
languages; Pellet [52] was the reasoner used to perform rea-
soning activities on the ontologies. KBHome is composed of
four main ontologies, each addressing a speci7c domain.

4.1.)eUser’sHealthConditionandCardiorespiratory Fitness
Ontology. *is domain ontology describes concepts re-
garding the domain of the user, starting with his registry
records (date and place of birth, current address, gender, and
phone numbers). *e most relevant feature of this ontology
is the description of the user’s health condition using the
codes and quali7ers included in the ICF. To this purpose, the
ontology of ICF—publicly available on the BioPortal—was
partially reengineered: the speci7c ICF codes, originally
modelled as individuals, were converted into datatype
properties, in order to make possible to model several health
conditions using the same ICF code. Each user is linked to
his/her health condition (modelled as an individual), which

Real home

Smart home
simulator

Real appliancesKBHome

Virtual
environment

Figure 2: *e role of the Smart Home Simulator.
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is described via the datatype properties composing the ICF
(Figure 3).

Each health condition can then be classi�ed as “Vision
Impaired Health Condition,” “Motor Impaired Health
Condition,” “Hearing Impaired Health Condition,” and
“Cognitive Impaired Health Condition.” For each of these
classes, there is a further subclassi�cation regarding the
grade of impairment associated, according to the quali�er
assigned to each datatype property; for instance, the class
“Vision Impaired Health Condition” can be deepened into
“Mild Visual Impairment,” “Moderate Visual Impairment,”
“Severe Visual Impairment,” and “Complete Visual Im-
pairment.” According to the typology of impairment asso-
ciated with his/her health condition, a user can then be
inferred to belong to a speci�c class of users (“Vision Im-
paired User,” “Motor Impaired User,” “Cognitive Impaired
User,” or “Hearing Impaired User”).

Following the same ontology design pattern, a user is
linked to his/her CRF (indicated as V̇O2max), which is
assessed during a test under the supervision of clinical
personnel. According to the value detected and stored in this
ontology, the user’s CRF can be classi�ed, thanks to rea-
soning processes into subclasses (“Seriously limited CRF,”
“Reduced CRF,” “Adequate CRF,” “Good CRF,” “Excellent
CRF,” and “More than excellent CRF,” according to the
percentile [53] the user’s value �ts).

User’s V̇O2max value can be used to assess the cus-
tomized workload of an exercise (in this case performed on a
cycle-ergometer), as described in the following equation
[54]:

WL (cycle− ergometer) � V̇O2max · 0.65( )− q( )

m
. (1)

�e angular coe�cient m and the intercept q are user-
dependent and are calculated from the interpolation of the
data obtained during the test execution. A training intensity
of 65% is chosen in agreement with ACMS, which identi�es
it as theminimum intensity capable of producing an increase
in the user’s CRF [55]. Equation (1) can be easily translated

into SWRL, thus determining the exercise load to be applied
to the cycle-ergometer:

Device(?cycle), User(Jane),TrainingIntensity
(?trInt), hasTrIntValue (?trInt, ?TrInt-
Value), hasCardiorespFitness(Jane, ?cf),
isCharacterizedByLinearRelationship(?cf,
?lr), hasMValue(?lr, ?mvalue), hasQValue(?lr,
?qvalue), hasVO2maxValue(?cf, ?VO2max), mul-
tiply(?step1, ?VO2max, ?TrIntValue), subtract
(?step2, ?step1, ?qvalue), divide(?WLcycle,
?step2, ?mvalue),→ setsWLonCycleErg(?cycle,
?WLcycle)

In this way, it is possible to represent relevant knowledge
about the user and some features of his/her physiological
status in a simple way, as summarized in Figure 4.

4.2. Appliances and Domestic Environment Ontology. �is
ontology aims at providing a description of the appliances
and linking them to the room where they are deployed.
Moreover, it allows to provide a list of the measurements
each appliance can perform. �e ontology is composed of
three main modules: the �rst provides a simple represen-
tation of a generic domestic environment, modelled with
classes and individuals. Each individual represents a room of
the user’s house and is described with datatype properties
illustrating the dimensions of each room.

�e second module is the appliances module, which
collects a list of appliances (both white and brown goods)
and sensors and provides a description for each of them; this
description is achieved taking advantage of the HicMO
“grammar” [56], a set of XML properties able to describe the
features of any appliance. According to the guidelines
provided by NeOn methodology, HicMo properties were
converted into datatype and object properties to create
a semantic model of the XML descriptors. In this way, it is
possible to provide a sort of “ID card” for each appliance
deployed or deployable in the house. �e description of
a Smart Object is integrated with a submodule describing the

is Characterized By Body Function
Ch.2 - Sansory, functions and pain

Seeing and related functions
Functions of structures adjoining the eye

Functions of external muscles of the eye
Functions of internal muscles of the eye
Functions of lachrymal glands
Functions of structures adjoining the eye, other speci�ed
Functions of structures adjoining the eye, unspeci�ed
Functions of the eyelid

Seeing functions
Quality of vision
Seeing function, other speci�ed
Seeing functions, unspeci�ed
Visual acuity functions
Visual �eld functions

Figure 3: An excerpt of ICF “Body Functions” in the KBHome.
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Figure 4: An example of user characterization in the KBHome.
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list of programs available for each appliance; each program is
described as an individual and is associated with one or more
appliances.

Since each appliance can produce one or more mea-
surements, the third module allows to provide a description
of these measurements. *e latter can be classi7ed into
“Environmental measurements,” “Vital sign,” and “Appli-
ance measurements”; for instance, a digital thermometer
located in the living room can detect the temperature of the
room, while a thermometer located on the user measures
his/her internal temperature. Measurements describing the
user’s physiological status exploit a partially reengineered
version of the Vital Sign Ontology [57], while measurements
regarding appliances and domestic environments exploit the
Units Ontology [58] to provide a sound description. Figure 5
depicts an example of a sensor performing a measurement of
the user’s temperature.

4.3. Comfort Metrics and Domestic EnvironmentModel. *is
ontology describes comfort dimensions inside the domestic
environment, taking into account measurements modelled in
classes such as “CO2Concentration,” “DomesticHumidityRate,”
“DomesticLuminance,” and “DomesticTemperature.” In
particular, the class “DomesticTemperature” is divided into
“WinterDomesticTemperature” and “SummerDomestic-
Temperature.” Each of the classes is split into “Acceptable”
and its complement “NotAcceptable.” Each individual
“Environmental measurement” is then classi7ed according
to these classes. For instance, a measurement detecting
a CO2 concentration equal to 1147 ppm is inferred to be
a “NotAcceptableCO2Concentration,” since the “Accept-
ableCO2Concentration” requires environmental measure-
ments with a value less than or equal to 1000 ppm.

*e classes for the description of comfort dimensions
convert the limits described into several standards (such as
ASHRAE [59] for the thermal and humidity rate comfort,
UNI-2004 [60] for the luminance recommendations, and
UNI-2008 [61] for the air quality in domestic environments).

4.4. Orchestration of Services in the House. *is ontology
describes the events triggered by one or more of the con-
ditions occurring in the environment or to the user.With the
use of SWRL rules, it is possible to describe the conditions
under which a speci7c action is activated. For instance, to
set the proper air-conditioning system’s program during
summer, the following conditions must hold:

EnvironmentalMeasurement (?m), NotAccepta-
bleSummerDomesticTemperature (?m), hasMeasur-
ementValue (?m, ?value), greaterThanOrEqual
(?value, 27), EnvironmentalMeasurement(?n),
NotAcceptableDomesticHumidityRate (?n), has-
MeasurementValue (?n, ?value2), great-
erThanOrEqual (?value2, 60), Appliance
(air_conditioning_system), AirConditioning-
SystemProgram (SummerBreeze) -> hasProgram
(air_conditioning_system, SummerBreeze)

Several situations, similar to the one described above,
were described in this ontology, providing the conditions
under which the appliances are able to respond with the
proper services. More complex situation involves custom-
ized services to be deployed for particular categories of
impaired users.

4.5. Con7guration of Living Environments. *is ontology
allows to classify the appliances (described as noted in Section
3.2) into other classes; according to their characteristics and
the programs they have, appliances can provide useful ser-
vices to the users, to help them cope with their impairments
while performing activities of daily living. *erefore, the
appliances of the house are classi7ed also according to their
suitability for speci7c categories of impaired users, using the
classes “Cognitive Impairment Appliance,” “Hearing Im-
pairment Appliance,” “Motor Impairment Appliance,” and
“Visual Impairment Appliance.”

Taking advantage of these features, it is possible to model
a con7guration project. Each project is modelled as an
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Figure 5: An example of appliance modelled in the KBHome.
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individual with an ID number and allows to select appliances
together with their programs. Furthermore, it is possible
to specify the user for which the project is designed (Figure 6).
*is ontology also allows to automatically infer if an appliance
is suitable for a particular category of impaired users according
to the programs available for the application. In this way,
a designer can choose from a list of appliances inferred to be
adequate to cope with a user’s impairment, and the outputs
coming from the reasoning process of this ontology are ex-
ploitable as a decision support system [62] for the design
phase of the living environment.

5. Customization of the Smart Home Services

In order to design a Smart Home able to provide its dwellers
with the right instruments and services that enhance their
well-being and autonomy in ADL, the customization of the
o=ered solution is necessary. *is step passes through the
collection of the subjects’ needs—through the evaluation of
their health status—and the design of a customized solution
able to help the users in coping with their impairments or to
improve in some way their quality of life.

5.1. User Characterization. For the assessment of the health
condition of the home dweller(s), the intervention of cli-
nicians is required to 7ll in the ICF-based module. *e
clinical personnel have to assess all the user’s impairments
through standard tests and clinical scales speci7cally dedi-
cated to investigate a precise domain (vision, hearing [63],
motor or cognitive de7cits) or the general health status in
elderlies [64, 65].

*e evaluation of the CRF occurs in a second phase and
can be performed in di=erent ways. *e gold standard
methodology consists in the measurement of oxygen and
carbon dioxide through spirometry during a physical ex-
ercise of incremental e=ort. *is leads to the determination

of the maximum oxygen uptakede7ned as V̇O2— which
represents the ability of an individual to take up and use the
inspired oxygen [22]. Alternative techniques foresee the
indirect estimation of the CRF starting from the measure-
ment of the subject’s heart rate (HR). *ese techniques are
based on the assumption of a linear relationship between the
user’s HR and the workload; moreover, they assume that all
individuals of the same age have indeed the same maximal
cardiac frequency. *ough these hypotheses are usually true
for healthy subjects, these assumptions often do not stand in
the case of elderlies or people with disability [23]. *us, the
7rst methodology—based on direct measurements of ex-
pired gases—should always be preferred. Another important
aspect to be taken into account is the safety of the tested
individual during the CRF evaluation test. *e American
*oracic Society identi7ed the cycle ergometer as the
equipment to be preferred with respect to the treadmill in
case of patients, because it does not introduce risk of falls
and allows the concurrent measurement of gases and work
rate, in exchange of a reduced capability of reaching high
levels of V̇O2, which should not be an issue in case of frail
individuals.

Having de7ned the equipment and other supplementary
tools—a blood pulse oximeter, an electrocardiograph (ECG),
and a blood pressure (BP) monitor at least—needed to
ensure the safety of the subject during the test, the CRF of the
Smart Home dweller can be identi7ed following a multistage
exercise protocol [22]. *e chosen protocol foresees a pre-
liminary warm-up phase with low and constant workload
followed by an increase of 20W in the workload after
a steady state of 3 minutes. All the conditions triggering the
increase in workload are reported in details in Table 1.

During the test, expert clinical personnel must contin-
uously monitor the conditions of the individual performing
the cardiopulmonary exercise: this is necessary since the
7nal aim is to identify the subject’s maximal e=ort reaching
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his/her physiological limits. *erefore, if any of the con-
ditions listed in Table 2 occurs, the exercise must be
immediately terminated. Moreover, in case of exercise in-
terruption, the subject must be assisted by a physician until
normal values and a stable condition are recovered.

Having completed these two phases of evaluation, each
subject is provided with a complete record of his/her health
status—according to the worldwide standard of ICF—
accurate information about his/her CRF, and thus his/her
physical capabilities. From the latter, the customization of
the daily physical exercise for each individual could be
addressed (as described in Section 6.3). *e cycle ergometer
is maintained as the training equipment also in the Smart
Home environment con7guration because of its higher
safety with respect to the treadmill, which is the only other
7tness equipment able to provide a direct control on the
workload. Of course, the use of a cycle ergometer is com-
patible with individuals who do not su=er from severe motor
limitations or have impairments in the postural control.
*ese severe situations are identi7ed during the 7rst clinical
assessment, formalized through the ICF completion and
should be addressed with customized solutions, as for in-
stance, an arm ergometer.

5.2. Con7guration and Test of the User of the Smart
Home. Starting from the pieces of information gathered
during the user’s evaluation phase, the Smart Home de-
signer, being able to interpret these data, can set up a mixed

reality environment able to respond to the user’s needs with
the most appropriate solutions. In this context, using either
mixed or virtual reality leads to several advantages; the 7rst,
as already mentioned, is the possibility to test the com-
munication among the di=erent appliances in real time. *e
second consists in the possibility for the 7nal user to directly
experience the VEs, with the double aim of becoming fa-
miliar with his/her newly con7gured Smart Home and of
giving suggestions to the designer who can improve the 7nal
home design. Finally, the employment of virtual reality,
coupled with the semantic models described in Section 3,
allows the Smart Home designer/the 7nal user to test the
functioning of a sensor or an appliance without the need of
owing it in real world, thus saving time and costs.

5.2.1. Customized Con7guration of the Smart Home. In this
phase, the designer receives the blueprint of the 7nal users’
current house; he/she is thus able to model it using an
authoring tool, reconstructing a digital model of the
dwelling rooms. *is model can then be imported inside
the Smart Home Simulator, the PC-based application de-
veloped in the D4All project using Unity 3D. Within this
application, the designer can add devices and appliances to
the house digital model, choosing them among the ones
modelled in the semantic “catalogue” described in Section 3.2.
*e catalogue is updated in real time inside the VE using
SPARQL to query the semantic repository, in which the user’s
needs and peculiarities were stored.

*e designer has also the possibility to integrate real
devices or sensors in the digital representation of the Smart
Home, thanks to the architecture described in Section 3.5,
which permits the data exchange between the real and the
virtual world. When the design of the customized envi-
ronments is completed and the communication among the
devices, the sensors, and the human users is validated, the
designer can save the project and store it for further
modi7cations.

5.2.2. Testing the Designed Solution. At the end of the design
phase, the Smart Home Simulator o=ers the possibility for
the 7nal user to test the solution speci7cally developed
according to his/her characteristics and needs. *e solution
can be deployed on di=erent platforms, depending either on
the characteristics of the target user or on the type (virtual or
mixed reality) of environment. Of course, immersive (e.g.,
head-mounted displays and CAVE) or semi-immersive (e.g.,
semicylindrical projected screens) experiences constitute the
most promising means to validate di=erent scenarios and to
learn how the Smart Home services work, because of the
higher sense of presence they elicit and the more natural
interaction they often provide [66]. However, when
choosing the VR technologies, particular attention must be
paid on the target user: for frail elderlies or severe cognitive
impaired subjects, the risks of adverse events and sickness
while using head-mounted displays are not deniable [65].
*erefore, other solutions should be preferred, even in
exchange of a reduced sense of presence. *e use of non-
immersive environments should also be preferred in case of

Table 1: Parameters to conduct the maximal cycling exercise test.

HR warm-up (bpm) Starting WL (W) ΔWL (W) MaxWL (W)
≤80 100 +20 160
80<HR≤ 90 80 +20 140
90<HR≤ 100 60 +20 100
≥100 40 +20 80

Table 2: Conditions for interrupting the maximal cycling exercise
test. *ese indications were adapted from [22] introducing more
strict criteria to prevent the onset of critical conditions in frail
elderlies.

Conditions for test interruption
Chest pain suggesting ischemia
ECG changes suggesting ischemia or ectopy
Heart rate exceeding 85% of maximum estimated HR (HR> 0.85
(220 – age –HRrest) +HRrest)
Fall in blood pressure (BPs<BPsrest, BPd< 80mmHg)
Hypertension (BPs>min {200mmHg, BPsrest + 10mmHg} or
BPd> 110mmHg)
Severe desaturation (SpO2< 80%)
Sudden pallor
Dizziness, faintness, or confusion
Loss of limb coordination
Dyspnoea
HR� heart rate, BPs� systolic blood pressure, BPd� diastolic blood
pressure, SpO2 � arterial oxygen saturation.
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real devices or appliances included in the 7nal solution,
because—if not properly reconstructed in the virtual
world—the interaction may become very complicated or
even dangerous (i.e., the user can trip).

After the validation in the mixed reality environment,
the designer is able to determine if the implemented solution
is able to help the user in coping with his/her limitations
during activities of daily living, having observed his/her
behaviour during the simulation. Moreover, he/she can
retrieve direct information from the 7nal user, interviewing
him/her and asking about the changes they would make
in their future house. *ese modi7cations can be then
implemented in the con7gurator and retested till the
reaching of the optimal solution that the 7nal user will
implement at his/her own place.

6. Validation with Real Use Cases

*e SHS of the adopted framework were validated through
two real use cases. *e 7rst foresees the con7guration of
a kitchen for a visually impaired user, while the second
addresses the problem of active ageing and foresees an el-
derly user performing domestic physical activity.

6.1. Con7guration of a Real Environment: )e Kitchen. *is
use case consists of a kitchen designer who has to design
a kitchen using the SHS selecting the most suitable appli-
ances for the 7nal user: a person aYicted by a moderate
visual impairment (speci7ed with ICF codes: b21022.2—
“moderate impairment in the contrast sensitivity”) and
hyposmia (b255.2—“moderate impairment in the smell
function”). *e designer acquires the user’s kitchen blue-
prints and elaborates a virtual model of the kitchen. In this
model, he/she places the most suitable appliances and
sensors to cope with the user’s impairment(s) choosing them
from a list, provided by the KBHome (as seen in Section 3.5).

For this user, the KBHome retrieves

(i) two induction cooktops: one able to produce a high
contrast on its surface (with a black panel) with
textured button surfaces; the other providing a black
surface with high-contrast controls and digital and
backlit display;

(ii) two models of convection ovens with digital and
backlit display and a set of control lights;

(iii) four models of dishwashers with high contrast and
backlit digital display;

(iv) two models of refrigerators with digital and backlit
interface, illustrating the current inside temperature
and internal light.

According to the user’s preferences, the designer chooses
the appliances and sets them into the virtual model of the
kitchen, as illustrated in Figures 7–10.

6.2. Validation of the Application. *e validation of the
con7guration part is performed following the formative
evaluation methodology, as described in [67, 68]. *is type

of validation foresees an observation and empirical evalu-
ation of representative users’ interaction with the VEs in
a task-based scenario: in this case, the design of the kitchen
described in Section 6.1. *e aims of this type of evaluation
are identifying usability problems and assessing the user’s
learning curve and his/her task performance, both with
qualitative and quantitative results. To do this, 7ve designers
will be enrolled in the study; they will be presented the
scenario and the Smart Home Simulator application during

Figure 7: A snapshot of the Smart Home Simulator application: the
designer selects the user for who he/she con7gures the kitchen.

Figure 8: A snapshot of the con7gurable appliances (for a selected
user) in the kitchen.

Figure 9: *e designer places the dishwasher, choosing from the
appliance models retrieved from the KBHome.

Figure 10: *e designer places the suitable sensors in the kitchen.
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a 7rst training phase of about 15 minutes. To ease and speed
up their work, the digital model of the empty kitchen will
also be provided as the starting point. During the con7g-
uration phase, tasks timing, errors, potential software bugs,
and users’ comments will be registered. At the end of the
trial, the System Usability Score (SUS) questionnaire [69]
will be administered to each participant. Free comments will
also be collected and taken into account to improve the
software according to the 7nal users’ (the designers) needs.

6.3. Con7guration of Living Environment for Physical
Activities. *e 7rst use case depicts a common situation for
elderly people, where a 72-year-old frail woman has to
perform daily the physical exercise on a cycle-ergometer
placed in her bedroom. Her health condition is described by
the following ICF codes: b7353.2 (“moderate impairment in
the tone of muscle of lower half of the body”), b4550.2
(“moderate impairment in the general physical endurance”),
and s75002.181 (“mild impairment to the muscle of the right
tight (nature of the impairment not speci7ed)), while her
CRF was assessed at 18.3. *erefore, she has been prescribed
an adequate physical activity, to be performed monitoring
her results and conditions. *e data deriving from her ex-
ercise sessions must be made available to caregivers or
clinical personnel, in order to periodically assess enhance-
ments or deteriorations of her abilities and conditions. *e
use case foresees that the user’s smart home is equipped with
the cycle ergometer, a heart rate monitor, a breath rate
monitor, and a blood pressure monitor. *e user receives
information about the performance by means of a tablet. To
accomplish her daily physical activity, she is requested to
enter the bedroom, where a presence sensor detects the
user’s presence. She is then required to prepare the bedroom
in order to perform the exercise, by ventilating the room and
waiting until it reaches the proper temperature (which is set
at 20°C). Once the air quality and the temperature reach the
proper values, the user can wear the sensors and begin the
exercise, whose workload is set basing on her speci7c health
condition. While performing the activity, her physiological
status is monitored. At the end of the physical exercise, the
data regarding the exercise session and the physiological
measurements detected are stored and remain available for
the caregivers. All the instructions are given to the user via
a virtual tablet, through which she can also check her
performance in real time and potentially receive di=erent
types of alerts based on the sensors’ measurements.

*e designer, using the SHS features, equips the envi-
ronment with real sensors (heart rate monitor, breath rate
monitor, and blood pressure meter) and provides the virtual
representation of the living environment with an actuator to
enable the automatic opening and closing of the window.*e
virtual environment also includes a presence sensor, able to
detect the user’s presence in the room, an environmental
thermometer, and an air-quality sensor, able to measure the
CO2 concentration in the room. Data regarding the user’s
health condition and CRF are stored in the KBHome.

By navigating the virtual scene, the user taps the virtual
tablet on the exercise icon and receives the instructions

about how to set the environment for her activity. At 7rst,
she is asked to enter the bedroom, where the cycle ergometer
is located. *e presence sensor is able to detect her presence
and triggers the air quality sensor installed in the room. It
measures the CO2 concentration in the room and stores
the acquired data into the KBHome, where this piece of
information is processed. Hence, having registered an un-
acceptable CO2 concentration in the room, the user receives
an alert on the tablet warning her that, due to the current
CO2 concentration, she is not allowed to perform the ex-
ercise: the user receives the suggestion to open the window.
*en, she opens the window by tapping the proper option on
the virtual tablet. When the air quality and the temperature
reach a suitable level to perform the exercise, the user re-
ceives a noti7cation on the tablet. Finally, she can begin the
physical exercise, whose duration and level of di<culty are
automatically selected by the KBHome based on her health
condition and CRF assessment (as shown in Sections 4.1 and
5.1). In this case, the workload is calculated according to the
equation presented in Section 4.1, and the duration of the
exercise is set at 20 minutes (or user request). *e user
receives instructions on how and where to wear the sensors.
While performing the exercise, the user’s blood pressure,
breath rate, and pulse rate are monitored by these wearable
devices, and, if any physiological anomaly arises, the user is
warned to immediately modify or stop the exercise via
a tablet alert. At the end of the exercise, physical and
physiological data regarding the performance (blood pres-
sure, pulse rate, and duration of the physical activity) are
stored in the Semantic Repository, where they are at the
caregivers’ disposal.

6.4. Development of the Validation on Elderly Subjects for the
Con7gured Environment for Physical Activities. *e valida-
tion on the elderlies follows the samemethodology described
for the kitchen design scenario. A small sample (n� 5) of
target users will be enrolled in a 7rst-pilot trial dedicated to
the assessment of potential software or methodological is-
sues in the developed scenario.

Enrolled subjects will have to ful7l the following
inclusion criteria: age≥ 65 years old, they should have
a mild-to-moderate impairment in their general physical
endurance, and they should be judged by a clinician as
subjects who would bene7t from a light daily physical ex-
ercise. Exclusion criteria are the presence of severe cognitive
de7cits or vision problems and the inability to express the
informed consent. Each of the subjects, once enrolled,
should undergo a CRF assessment in the clinical setting, as
described in Section 5.1. After the completion of the test,
his/her CRF value will be used to assess the target workload
to be set at the beginning of the exercise.

*e setup used for the validation of the scenario dedi-
cated to elderlies tries to mimic as much as possible the
situation described in Section 6.3. *us, an entire room is
completely dedicated to the recreation of the described
scenario; it will be provided with a cycle ergometer (real),
a pulse oximeter (real), a blood pressure meter (real), a
tablet (real), a presence sensor (real), an automated window
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(virtual), an air quality sensor (virtual), and a thermometer
(virtual). All the virtual objects will be presented to the target
user using a wall projector.

Expert personnel will instruct each subject about the aim
and the functionalities of the system, providing an overview
of each component. As soon as they are con7dent with the
setup, the subjects will be left free—under constant super-
vision by clinical and technical personnel—to interact with
the system following the instructions given through the
tablet. Each subject will perform the 20 minutes of cycling,
after having opened and closed the (virtual) window, with
the workload set according to his/her CRF. In order to
guarantee, at each instant, the safety of the training, the
monitored parameters must not exceed the values reported
in Table 3.

*e validation of this scenario will pass through the
collection of objective quantitative data (errors, task timing,
need of suggestions, and general performance) and the
interview of the subjects using an ad hoc developed ques-
tionnaire. Due to the characteristics of the population, in
fact, semistructured interviews were chosen as the preferred
methodology to gather qualitative information assessing the
acceptability and usability of the designed system [72].

7. Conclusion and Further Works

*is paper presents the Smart Home Simulator, an AAL
application that takes advantage of both Virtual Reality and
Semantic Web technologies to tackle the con7guration of
domestic environments. *e dwellers’ health conditions,
periodically assessed by clinical personnel, are modelled into
a semantic knowledge base (KBHome) that allows to au-
tomatically infer a set of appliances able to help the dwellers
in performing several daily life activities autonomously. *e
ontologies also provide a formal description of the users’
health conditions and their cardiorespiratory 7tness, envi-
ronmental comfort metrics, and appliances and their be-
haviours enabling the possibility to provide tailored services
to the dwellers. In fact, the results of reasoning process allow,
from the one hand, to identify a set of appliances that can
support the dwellers in daily life activities, thus helping
them to cope with their impairments and to live in an
autonomous way; on the other hand, KBHome can provide

the dwellers with parameters to set up a daily physical
activity. One of the most relevant aspects of the Smart
Home Simulator relies on the exploitation of the Inter-
national Classi7cation of Functioning, Disability and
Health, an international standard acting as a common
language in health-related 7elds among clinical personnel
and nonclinical professionals.

*e results coming from the reasoning process are fed to
a Virtual Reality-based application, able to provide a re-
production of a real domestic environment in which smart
home designers or architects can select and deploy the
appliances to study their behaviours and how they can cope
with users’ impairments. *is virtual con7guration process
has the advantages of being completely organized around
user’s real needs and limits (modelled into the ontology with
ICF) and to considerably reduce the costs and time to set up
a smart home by testing its appliances (and their behaviours)
in a virtual environment.

Two use cases were deployed to validate the Smart Home
Simulator functionalities and usability and to test the pos-
sibility to con7gure a speci7c environment for performing
physical exercise according to particular criteria.

In the next months, the validation phase described in
Section 6 will take place involving di=erent medical and
industrial partners. *e validation process includes exper-
imental campaigns with patients (characterized by mild and
moderate impairments), who will be asked to dive into the
Virtual Environments and to perform the tasks described in
the use case provided in Section 6.3. In this way, it will be
possible to validate the methodological approach and the
chosen technologies.

Another goal of the validation phase is to optimize the
framework in order to ensure comfort levels to elderly
people inside their homes and to extend the approach here
described to the measurement and the assessment of do-
mestic comfort indicators.

Further works foresee the development of other sce-
narios involving di=erent kinds of users, characterized by
diverse impairments and di=erent domestic environments.
*e KBHome ontologies will be enriched to comprise
a larger number of comfort metrics and to model rules to
provide tailored comfort metrics to speci7c categories of
dwellers.*ese developments are expected to be eased by the
scalar architecture already implemented and will allow to
provide suitable answers to various users’ needs, as foreseen
in the “D4All” project.

Another improvement of the presented approach will
also be addressed in the future. An attempt to partially
automatize the process of information retrieval from the
semantic models and to subsequently exploit those data with
Machine Learning (ML) techniques will be performed. *e
use of ML techniques should be integrated into the semantic
approach, allowing the modi7cation of the knowledge base.
In this case, some applications should be developed to
ensure the proper modelling of the data acquired via ML
techniques; otherwise, there exists the possibility to corrupt
the original ontologies. Furthermore, using the ML ap-
proach, the supervision of an expert (e.g., a designer or
a clinician), that today is strongly necessary, may be limited

Table 3: Conditions for interrupting the domestic exercise of the
user cycling exercise test. *ese indications were adapted from [22]
introducing more strict criteria.

Conditions for exercise interruption
Heart rate exceeding 85% of maximum estimated HR (HR> 0.85
(220 – age –HRrest) +HRrest)
Fall in blood pressure (BPs<BPsrest, BPd< 80mmHg)
Hypertension (BPs>min {200mmHg, BPsrest + 10mmHg} or
BPd> 110mmHg)
“Very strong” perceived e=ort (Borg Category-Ratio Scale [70]
(CR10)≥ 7)
“Severe” pain (VAS Pain Scale [71]≥ 7)
HR� heart rate, BPs� systolic blood pressure, BPd� diastolic blood pres-
sure, SpO2� arterial oxygen saturation.
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only to crucial tasks (e.g., decision-making on the users’
health). Indeed, the complete automation of the process still
represents an open challenge, because of the sensitive do-
mains that could be a=ected by wrong decisions taken by the
ML algorithms. When dealing with (frail) human users and
their health, in fact, no mistakes could be tolerated, and,
since nowadays there is no guarantee that automatic
learning always works perfectly, the supervision of a human
expert is required for both ethics and legal reasons.
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Pain is usually measured through patient reports during doctor visits, but it requires regular evaluation under real-life conditions
to be resolved effectively. Over half of older adults suffer from pain. Chronic conditions such as this one may be monitored through
technology; however, elderly users require technology to be specifically designed for them, because many have cognitive and
physical limitations and lack digital skills.The purpose of this article is to study whether mobile or wearable devices are appropriate
to self-report pain levels and to find which body position is more appropriate for elderly people to wear a device to self-report pain.
We implemented three prototypes and conducted two phases of evaluation. We found that users preferred the wearable device
over the mobile application and that a wearable to self-report pain should be designed specifically for this purpose. Regarding the
placement of the wearable, we found that there was no preferred position overall, although the neck position received the most
positive feedback. We believe that the possibility of creating a wearable device that may be placed in different positions may be the
best solution to satisfy users’ individual preferences.

1. Introduction

Patient monitoring collects health information in real time
[1], which can help health professionals improve treatment
and diagnosis [2], while reducing health costs [3]. Chronic
pain is described as “ongoing or recurrent pain, lasting
beyond the usual course of acute illness or injury or more
than 3 to 6 months, and which adversely affects the individ-
ual’s well-being” [4]. Pain is frequent in the older population:
up to 53% of elderly adults report suffering from recent
pain [5]. Its treatment requires regular evaluation under real-
life conditions in order to be resolved effectively [6]. Pain
usually ismeasured through patients’ self-reports only during
medical appointments [7], using pain scales such as the
Numerical Rating Scale or Verbal Rating Scale [8]. Pain is
usually registered on paper, which can cause information loss
and difficulties in analyzing and searching for data [9].

Users may be asked to report information remotely, for
example, through the experience-sampling method, which
asks participants to provide details about their current cir-
cumstances at certain intervals [10]. There have been several
studies to explore whether elderly people self-report accurate
information, with variable findings (e.g., [11, 12]). For patients
with pain, self-reporting is believed to help patients become
more aware of the characteristics of their pain, for example,
its intensity, patterns, triggers, and location [13] and be more
engaged in the self-management activity [14].

Awearable device is a “computer that is alwayswith you, is
comfortable and easy to keep and use, and is as unobtrusive as
clothing” [15]. Awearable devicemustmeet the following cri-
teria: (1) the device is attached to the body and the user does
not need to hold it, (2) the user does not remove the device to
perform tasks or actions, and (3) the user must not separate
the device from the body to interact with it [16]. In addition,
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a wearable is on and working at all times [15]. Wearables can
assist in monitoring patients with chronic pain during their
daily routine, helping them better understand their illness
and detect complications [17]. However, there is evidence of
unequal access to technology, and, in some users, a lack of
digital skills may hinder the possibility of using electronic
devices for healthmonitoring [18].The concept ofwearability
is used to describe how the wearable device interacts with the
body [19] in terms of physical, emotional, and social comfort
[20]. Designers of wearable devices must have knowledge of
human physiology, since discomfort becomes evident when
clothing impedes or restricts movement or visibility [21].
The placement of the device is one of the key concepts of
wearability. The physiological, biomechanical, and comfort
consequences should be includedwhen evaluating a wearable
device [16].

In this paper, we aim to explore the following research
question: arewearable interfaces appropriate devices for elderly
people to self-report their pain level?. To answer this question,
we divided our research into two phases: the first aimed at
understanding whether mobile devices or wearable devices
are more appropriate for self-reporting pain levels and the
second aimed at understanding which body position is more
appropriate for elderly people to wear a device to self-report
pain.

This paper is organized as follows. First, we discuss related
work, especially focusing on existing technologies to report
pain and studies on where wearable devices should be placed
on the body. Then, Sections 3 and 4 describe each phase of
the research, including the implemented prototypes, experi-
ments, results, and discussion. Finally, Section 5 presents our
conclusions and discusses limitations and possible avenues of
future work.

2. Related Work

2.1. Technology and Interfaces for Elderly Adults. Aging is a
process that depends on genetics, lifestyle, health [23], and
gender, so the age in which a person is considered to be
elderly varies. In several areas of the world, people over 50 are
considered to be older adults [24], while the United Nations
considers those over 60 to be older adults [25]. For the
purposes of this study, and considering the cultural context of
our study (conducted in Santiago, Chile), we consider people
over 60 years of age and who are retired as elderly/older
adults.

Elderly users require technology to be specifically
designed for them, becausemany have cognitive and physical
limitations [26], as well as a lack of digital skills that limits
their ability to use electronic devices for disease monitoring
[18]. Specifically in Chile, a high percentage of older adults
have little experience with technology, almost 60% of 55-
to 65-year olds in Chile have no computer experience
whatsoever, while the average in OECD countries was 32%
[27]. Regarding wearable devices, elderly users fear this type
of technology may increase isolation and express concerns
about safety and high costs [28]. Most studies with wearables
and interaction have been conducted in countries in which
older adults have a higher rate of digital skills (and a previous
interest in technology is key in acceptance of wearables [29]),
so our particular context provides additional challenges.

Several researchers have highlighted the importance of
creating wearable technology for elders, for example, propos-
ing six relevant considerations: motor, vision, eyeglasses,
hearing, executive function, and memory [30]. Researchers
have evaluated the use of commercial wearables by elderly
adults (e.g., [31, 32]), finding them to be acceptable but
require training for use. Less mainstream wearables (e.g.,
head-mounted displays) have been more complex for elders
[33]. It is somewhat clear that established wearables such as
activity trackers, that require little interaction from users,
result in a better user experience than more experimental,
niche wearables or than wearables that require users to
interact with them.

2.2. Technology for the Self-Report of Pain. A system for
patients to report pain from anywhere, at any time, can be
used tomonitor the evolution of pain [6]. Several applications
allow people to report episodes of pain; for example, one
mobile application displays a human figure and asks the user
to indicate the position, intensity, and type of pain he/she
feels [34, 35] or a web application that uses a combination of
body diagrams and a Numerical Rating Scale, providing the
transfer of patient information to health professionals [36].

Researchers have proposed several novel interfaces to
self-report pain. A tangible device that allows users to easily
record their pain using a six-level scale found that these types
of pain-recording devices may decrease the pain experience
[6]. Wearables with interactive displays allow users to input
information [37]. For example, a wearable device to self-
report pain and emotional state found that it may help
users improve their self-knowledge [38]. These types of
applications allow new avenues of patient-doctor interaction
[9], but adherence rates are often low [39] because some are
burdensome [14], or not portable.

2.3. Placement of Wearable Devices on Body. The placement
of wearable devices for elderly people is an important issue.
A wearable device must allow easy access and handling [40],
be discreet, ergonomic, and well affixed [17], and allow body
movement [21] and visibility [41]. Placement should be in
areas that are relatively the same size across adults (with a
large surface area) and with low movement when the body
is moving [19].

Regarding the best location of these devices in the
body, eight possible areas for the unobtrusive placement of
wearables have been identified, for example, collar area, rear
of the upper arm, waist and hips, thigh, and top of the foot
[19]. In the case of biomedical sensors and devices, they
have been placed on headbands, helmets, belts, shoes, socks,
bracelets, arm bands, and shirts [17]. Furthermore, large and
curvilinear areas can be used in skin interfaces, for example,
the back, the back of the hand, and the neck [42].

A recent study compared the placement of a wearable for
elders on the wrist, upper arm, and neck, finding that the
wrist was the best location (allowing the best viewing angle,
a greater willingness to exhibit the device, and less anxiety)
but that personal characteristics affected preferences [41].
Another study found that the wrist has the advantage that it
is positioned approximately in the same place and orientation
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(a) (b)

Figure 1: (a) PainApp: mobile app. (b) B-pain: wearable device.

for all users [43]. Previous studies have not focused on where
to place devices when elderly people have to interact with the
device (through reporting information), which is the focus of
this work.

3. Phase I: Comparing Wearable Devices and
Mobile Applications

The first phase of this research focused on comparing two
prototypes (one mobile and one wearable) that allow elders
to self-report pain during their daily lives. A detailed account
of the implemented devices and the experiment conducted
in this phase can be found in [44]. Both of the devices use
a simple Verbal Rating Scale with three levels of intensity
(Low, Medium, and High). The two prototypes are described
as follows:

(i) PainApp: it is a simple Android application that asks
users about their pain level and stores the infor-
mation in a database. The information can then be
shared through email, Bluetooth, or social networks
(Figure 1(a)).

(ii) B-pain: it is a bracelet-shaped wearable device, imple-
mented using LilyPad Arduino. Pain is reported by
pressing one of three buttons (green = low; yellow =
medium; red = high). The device provides feedback
through a LED light (Figure 1(b)).

3.1. Materials, Methods, and Participants. The evaluation was
done during May 2016. The participants were 12 undergrad-
uate students (6 women and 6 men). The average age of par-
ticipants was 26 (standard deviation = 5.4). All participants
had above basic digital skills. We applied semistructured
interviews (each interview lasted about 15 minutes). To
evaluate the solutions the participants interacted with the
mobile application andwearable device and thenwe collected
four types of information:

(i) DIGCOMP: DIGCOMP is a standardized instrument
to measure digital competences, where users are cate-
gorized into one of four possible groups, according to
their digital skill levels: none, low, basic, or above basic
[45].

(ii) System usability scale (SUS): SUS is a quick way to
measure the overall usability of the system [46]. In
this scale, scores below 60 indicate poor usability,
while scores over 80 indicate very good usability [47].

(iii) Usability questionnaire: a questionnaire regarding
usability of the wearable device.

(iv) Interview data: interviews were recorded (audio)
and transcribed. Subsequently, each interviewee was
assigned a code (P1 to P12).

3.2. Experiment. To avoid bias, half of the participants
interacted with the mobile application first and the wearable
device second, and the other half performed the opposite
process. Each interview had the following structure:

(1) One researcher gave a brief introduction about the
study and its purpose (5 minutes).

(2) The participant read a scenario describing a person
with pain (a college student who after a car accident
is suffering from chronic back pain) (5 minutes).

(3) The first interface was explained (3 minutes).
(4) The participant was given time to interact with the

first interface (3 minutes).
(5) The researcher asked questions about the interface,

using a predefined question set to guide the discus-
sion (8 minutes).

(6) Steps (3)–(5) were repeated with the second interface
(14 minutes).

(7) The researcher asked questions comparing the two
interfaces (5 minutes).
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(8) Finally, participants completed the DIGCOMP, SUS,
and user experience questionnaires (8 minutes).

3.3. Results. The interview data was transcribed, and the-
matic analysis was used for codification and analysis [48].
Some quotes from participants are provided in the results
(translated fromSpanish).We aimed to answer twoquestions:
(1) which is more appropriate (has a higher rate of user
acceptance) for monitoring pain: a wearable interface or a
mobile application? And (2) which characteristics, or features,
of the wearable interface, are critical for users to be able to
report their pain levels?.

Regarding simplicity, 67% of participants found the wear-
able device (B-pain) was simpler, while only 16.5% found
the mobile application simpler (and 16.5% found that both
technologies are equally simple). P4 said the following: “the
bracelet, because it’s easy and fast. If I feel pain I just need
to push a button, while with the cellphone I have to turn it
on, open the application, and then report pain.” The wearable
device was found by 75% of users to report pain at the right
time, whereas in the mobile application the user was delayed
by opening his/her phone and finding the app. Regarding
the digital skills necessary to use each interface, 41.6% of
participants believed the mobile application required some
knowledge about how to use a smartphone, while 33%
believed the wearable device only required a brief initial
explanation about how to use it.

The key features of the wearable interface that are needed
for users to be able to report their pain are the following ones:

(i) Low cognitive load: a device should require a low
cognitive load and be simple to understand. For
instance, B-pain has only one functionality. One user
did mention that this device might not work for
colorblind users, so it is important to complement
the interface with, for example, words or textures that
can help users with disabilities or other conditions use
them.

(ii) Anytime/anywhere availability: a device to self-report
pain should be easily available at all times, facili-
tating access to self-report. We call this anytime-
anywhere availability “when you need it, you have it”
(WYNIYHI).

(iii) Materials: it is important to consider the type of
material with which the wearable device is designed.
Materials can cause problems for users, for example,
allergies.

(iv) Pain intensity and feedback: users should have the
possibility of reporting several pain intensity levels
(e.g., a 10-point numerical scale), but without making
the design more complex. The feedback to the user
should be clear and at the right time, so that the user is
aware that the actions have been properly completed.

3.4. Discussion. Overall, this study found that both mobile
and wearable applications may be appropriate for users to
self-report pain, depending on the users and their context.
For instance, in some situations, a wearable device may

interfere with clothing conventions, and a mobile application
(installed in a phone that the user would be carrying anyway)
would be more appropriate. As evidence that pain-reporting
applications are appropriate, a previous study found 25 diary
or journal-type applications relating to pain, in which users
could register their pain levels and optionally share data with
health professionals and researchers [49]. However, in the
current study, the wearable device was more widely accepted
for monitoring pain than the mobile device.

As in previous studies, for example [50, 51], the fact
that the wearable device had a clear purpose affected its
acceptance. Although a wearable device to report pain would
mean carrying an additional device, the surveyed users did
not feel this was a limitation.Theparticipants liked the imme-
diate accessibility and limited functionality of the wearable
device. One possible explanation is that users perceivemobile
phones as a tool of social communication, while wearables are
perceived as well-being devices [51].

The acceptance of a wearable device is affected by several
social factors [52], among them perception of ease of use and
mobility. Regarding ease of use, if a wearable device aimed
at healthcare/well-being is perceived to be complicated, this
could generate anxiety because a user might think that a
mistake could be harmful to their health [52]. In the case ofB-
pain, the device is extremely simple and intuitive, serving only
one function and with limited user interaction, which results
in high ease of use. This ease of use has been found to give
the user a feeling of control over the device [53]. Regarding
mobility, although cellphones are highly personal and usually
close to their user, B-pain is a bracelet, so it can also be carried
anywhere easily. Since B-pain is worn on the wrist, similar to
a watch or bracelet, it does not impede movement [19].

Previous research has found that portable devices should
be lightweight, durable, and comfortable and with good
appearance [51]; this was also evident in our study, as people
were very emphatic in the importance of improvingmaterials
and aesthetics. Another aspect to consider in the appearance
of wearable devices is the surrounding context and culture in
which they are used, for example, the material, colors, and
type of clothing may vary depending on the activity [21], so
a wearable should be able to adapt to different contexts. The
participants in our experiment mentioned that they would
use both the wearable and the mobile application, since the
phone may be more convenient for social situations, because
it does not interfere aesthetically with the user’s clothing.

This work found a trade-off between the usability of the
wearable and the difficulty in replicating and maintaining it,
since the mobile application is easily replicable and easily
disseminated, while the portable device, although easier to
use and requiring a lower cognitive load, requires hardware
and must be built.

This phase of evaluation has several limitations that we
would like to acknowledge. First, the participants were all
students, so the digital skills and context are different from
elders, and it is not possible to ascertain whether the results
would have been the same if elders had been interviewed.The
context of this study was a higher-education institution in
Santiago, Chile, which could also account for cultural factors.
Second, the participants did not use the device/application
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(a) (b)

Figure 2: (a) Model A (7 × 5 cm). (b) Model B (6 × 9 cm).

during their daily life, rather they evaluated the interfaces
after a brief period of interaction. Third, the participants
were not users with pain, rather they were asked to imagine
a context in which they were suffering from chronic pain
and had to report it. Fourth, the size of the study was small,
so we mainly focused on qualitative data. Although all of
these limitations threaten the generalizability of our study, we
found this first phase provided valuable insights, identifying
concerns about how to design a wearable device that may
allow elders to self-report pain, and we believe this is an
important step before interviewing the actual targets of the
device (elderly users).

4. Phase II: RepWear (A Wearable to
Self-Report Pain)

Phase I found that a wearable device for self-report of pain
is preferable over a mobile application, due to its simplicity,
limited functionality, and greater accessibility. Therefore,
since our goal was to design a device to self-report pain for
elderly users, we set out to design a new prototype that could
be used and tested by elderly users. In this phase, the focus
was on the placement of a wearable device for elderly people
to self-report their pain levels.

The design of this wearable device was based on several
guiding principles: first, interfaces for elders should be simple
and not use excessive instructions [54]. Second, the design
should be based on a familiar concept to older adults [55]. For
these reasons, and based on the previous study, we developed
a simple, easy to use, intuitive prototype that requires little
cognitive effort.

The wearable device we designed, called RepWear, allows
self-reporting of pain by using two buttons: one allows
navigating the intensity of pain from 0 to 10, and the
other one stores the selected value. In addition, a display
shows the values of pain intensity and the device has an
on/off switch. Two nonfunctional prototypes were created in
order to understand people’s perceptions about the preferred
physical characteristics of such a device. Figure 2 shows two
models that were made with modeling material and plastic
3D-printed pieces to simulate Arduino boards and buttons.
We showed the prototypes to 10 adult participants (8 women,

2 men, average age: 37.2, SD: 19.98) and asked them to fill out
a SUS questionnaire and participate in a brief interview. Nine
out of 10 participants preferred Model A to Model B, stating
that “this one is smaller, if it’s big it scares me, simpler is better
for an old man [like me]. . ..”The results also showed a greater
acceptability of Model A, since it received a SUS score of 90,
whileModel B had a score of 77.The participants gave reasons
for their selection such as the location of the buttons, the
position of the switch, and the size, while recommending that
(1) the buttons must have different colors, while keeping the
icons and (2) the shape should be more curved. Finally, the
participants mentioned that the positions where the device
could be placed on the body were wrist, neck, waist or belt,
arm, and pants pocket or/and shirt pocket.

Therefore, based on the previous results, a new, functional
prototype was designed, incorporating a Numerical Rating
Scale (0 to 10), anytime/anywhere availability, softer material,
feedback through sound and touch, and a curved shape with
colored buttons.The device was implemented using a LilyPad
ArduinoMainBoard (electronic card based onATmega168V)
and a Lithium Ion Battery, 1 Ah. A Real-Time Clock (RTC)
(DS1307) was used to record the time and date when the
user self-reports pain intensity. The device incorporated two
buttons: a red one to allow users to save pain intensity and
a green one to allow users to select a pain intensity. The
user may see the reported number on the display (Grove,
4-Digit Display module). When users self-report pain, they
receive feedback because the button is mechanical and clicks.
Figure 3 shows a user self-reporting pain. The information
(time and date, pain intensity) is saved in a microSD card. A
miniature DPDT slide switch may be used to turn the device
on or off.

4.1. Materials, Methods, and Participants. The evaluation was
done during June and July 2017. The participants were 18
elderly people (13 women and 5 men). The participants were
all older adults, ranging in age from 60 to 93 (average:
69.3, SD: 9.36). They did not have any mental disabilities.
Table 1 describes each study participant. Participants with
None digital skills mentioned that they only use the phone to
call and/or sendmessages. In addition, two of the participants
(P4 and P5) walk with support: one with a walker and the
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Table 1: Description of study participants.

P Age Gender Occupation Educational level Digital skills Location of residence Bedridden Pain location
P1 60 F Housewife High school None Own house Knee
P2 82 F Housewife High school None Nursing home ∙ Back
P3 93 M Mechanic Primary None Nursing home ∙ Prostate
P4 73 M Teacher Master Above basic Nursing home Hands and legs
P5 80 F Housewife Primary None Nursing home Legs
P6 70 F Teacher University Basic Own house Back
P7 65 F Paramedic Technical Basic Own house Back
P8 60 F Therapist Technical Above basic Own house Back
P9 62 M Grocer High school Basic Own house Back
P10 76 F Housewife High school None Own house Hip
P11 79 M Building None None Own house Neck
P12 60 M Teacher University Basic Own house Back
P13 60 F Secretary Technical Basic Own house Back and foot
P14 62 F Housewife High school None Own house Back and foot
P15 65 F Housewife School None Own house Breast
P16 72 F Secretary Technical None Own house Back and stomach
P17 68 F Housewife School None Own house Column and knee
P18 60 F Housewife High School None Own house Neck and hand

(a) (b) (c)

Figure 3: (a) RepWear prototype (6 × 6.3 cm). (b) Self-report pain from the device on the wrist. (c) Extracted from the strap to self-report.

other with the help of another person. Two participants (P2
and P3) were bedridden.

To evaluate the placement of the device, the participants
interacted with the device and placed it in 4 different body
positions: wrist, waist, neck, and arm. The following four
types of information were collected:

(i) DIGCOMP: DIGCOMP is digital skills questionnaire
(see Section 3.1).

(ii) Wearable satisfaction questionnaire: we created a 7-
point Likert scale questionnaire based on the findings
of a previous study on placement of wearables for
elderly people [41]. We created one question for each
of the following issues: willingness to show the wear-
able device, anxiety, oddness, fear of others’ negative
reaction, comfort, readability of the device screen, and
unobtrusiveness for daily activities.

(iii) AttrakDiff questionnaire: AttrakDiff is a question-
naire used to understand how users personally rate
the usability and design of an interactive product.
AttrakDiff has four dimensions: pragmatic quality,
which is the ease with which the user can complete
the task, hedonic quality-identity (HQ-I), which is
the message that is communicated to others while
the product is being used, hedonic quality-stimulation
(HQ-S), which representswhether the development of
user skills is encouraged, and attraction, or the overall
charm of the product. Answers are on a scale of −3 to
3 (0 represents neutrality) [22, 56].

(iv) Interview data: each interview was recorded (audio),
transcribed, and assigned a code (P1 to P18).

4.2. Experiment. To understand the perceptions of older
adults about the placement of a wearable device to self-report
pain, we chose 4 body parts to investigate: the wrist, arm,



Mobile Information Systems 7

Wrist Arm Waist Neck

Figure 4: Use of RepWear while doing activities of daily living in the four body positions: wrist, arm, waist, and neck, respectively.

waist, and neck. The experiment had a duration of between
60 and 75 minutes per participant. The activities carried out
were the following ones:

(i) The researcher explained the purpose of the investi-
gation and answered questions about it, and then the
participant signed the informed consent form (10 to
15 minutes).

(ii) The participant was asked basic information such
as age, profession, education level, and pain loca-
tion. They completed the DIGCOMP questionnaire
regarding digital skills (5 minutes).

(iii) The participant used the device to self-report pain at
each position of the body for 6 minutes (24 minutes
for all four positions), while they performed their
everyday routines and tasks (this process is shown in
Figure 4). The researcher observed and took notes.
Participants were asked to self-report pain once for
each position, either directly from the device or by
removing it from its strap and then returning it to the
strap (see Figures 3(b) and 3(c)).

(iv) After completing each position, the participant
answered the wearable satisfaction questionnaire.

(v) After completing all the positions, the researcher
conducted a semistructured interview to collect infor-
mation from participants about the preferences of the
body positions to carry the device (ranking) and their
perception about the device (5 to 10 minutes).

(vi) Finally, the participant completed the AttrakDiff
questionnaire about RepWear (10 to 15 minutes).

4.3. Results

4.3.1. Body Placement Results. Participants were asked to
rank their preferred placements for the device. One of the
participants chose not to provide a ranking, as he/she felt
all the positions were approximately the same. The ranking
data was analyzed using the Shapiro-Wilk test, obtaining that
the distribution is not normal (𝛼 = 0.05). Then, the Kruskal-
Wallis test was applied (𝑛 = 17), with the result that the

ranking of positions (neck, arm, waist, and wrist) did not
have a statistically significant difference overall. However, we
analyzed the qualitative responses in depth to understand
the user experience with each possible body position. Next,
we provide the analysis of each position. Quotes from the
interviews are provided, translated from Spanish.

(i) Neck: the neck position was comfortable and loose for
the participants “because. . . let’s see, it did not bother
me at all, really at all. It’s like wearing a necklace: more
comfortable, friendlier”. Also, the readability of the
screen was good: “it’s comfortable, it’s not bothersome,
because from here I can see [the pain scale].”

(ii) Wrist: responses about this position were polarized.
Some felt that wearing the device on the wrist inter-
fered with their activities: “it is closer to the hand with
which I do things. . . it could bother me when grabbing
things or separating [papers]. It would disturb me
more”, or were worried about it falling or becoming
damaged “it may inconvenience me more, because of
where it is placed, I could hit it on something”, “it is
uncomfortable because we are moving our hands at
all times and it may fall. I can do things but it may
fall. That’s the danger I see.” Other participants gave
positive comments to the position of thewrist as being
adequate to see the pain scale: “it’s more comfortable
to manipulate the device and look at it [the pain scale]”
and for comfort “. . .more comfortable to move. . . for
mobility.”

(iii) Arm: this position had very few comments from the
participants. People who ranked it first thought that it
was comfortable and those who ranked it last thought
the opposite: “because of my usual activities, it would
be uncomfortable: to throw a ball, to jump. . .”. Users
also thought they would have mobility problems “it’s
more uncomfortable. . . it would not allowme tomove”.

(iv) Waist: the waist was the position that had the most
negative comments. Participants emphasized that
readability is low, since in this position the device
could be covered by clothes: “I always wear something
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Figure 5: The average satisfaction degree in four parts of the body
(units = points, 1 (strongly disagree) to 7 (strongly agree)).

that covers my waist. Even though I am thin I feel
more secure with my waist hidden from view and
compressed.” Another participant indicated that the
waist position did not adjust to heavier shapes: “I am
bigger and fat.”However, three peoplementioned that
thewaist is comfortable to report the pain and that the
device will be in less danger: “I can put it in the front
and it will be more protected, I’ll take better care of it.”

The results from the wearable satisfaction questionnaire
(Figure 5) for each position of the body regarding unob-
trusiveness, anxiety, willingness to be seen, oddness, screen
readability, comfort, and fear of negative reactions show that
participants mostly gave similar scores to each position and
that the results were positive. For example, users felt that the
device was unobtrusive (average score: 6.29) and caused low
anxiety (average score: 1.93), they were willing to be seen
(average score: 5.83), and it was more or less odd (average
score: 3.64), readable (average score: 6.03), and comfortable
(average score: 5.46) and did not cause much fear of negative
reactions (average score: 2.40).

These responses were analyzed using the Shapiro-Wilk
test (𝛼 = 0.05), finding that the responses did not follow
a normal distribution. Then, the Kruskal-Wallis test was
performed (𝑛 = 18, 𝛼 = 0.05), finding that the only statistically
significant difference was the readability of the device (𝑝
value: 0.0358). Then, we applied the Mann–Whitney test,
finding that the neck andwrist had significantly higher scores
than the waist for readability (𝑝 values: 0.0227 and 0.004).

We discuss each of the items as follows:

(i) Willingness to show the wearable device: participants
said that they would show the device in public only
if it was absolutely necessary: “I would use it only if
I felt a lot of pain.” One participant mentioned that
wearing the device on the waist may help the device
be unnoticed.

(ii) Fear of others’ negative reaction: all the participants
felt little fear of the reaction of others when carrying
the device: “at this age I don’t care what others think
of me, I am too old for that [laughing].” Also, three

−3
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−1
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1
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3

PQ HQ-I HQ-S ATT

Figure 6: Average values for pragmatic quality (PQ), hedonic
quality-identification (HQ-I), hedonic quality-stimulation (HQ-S),
and attractiveness (ATT) (results from [22]).

participants commented that they would fear that the
device could be stolen.

(iii) Readability of the device screen: the positions that offer
a better view of the pain scale are the wrist and neck
with a score of 6.89 and 6.78, respectively. This is
because in those positions people can self-report pain
without removing the device from the strap, whereas
in the arm (5.33) and the waist (5.11) the majority
of the participants (13 people) chose to remove the
device from strap to (1) have a better view of the scale
and (2) be able to handle the button.

(iv) Anxiety: the reported scores for anxietywere very low;
that is, the participants did not feel anxious when
using the device.

(v) Oddness: participants did not feel odd when using the
device, rather they felt that othersmight: “people could
feel strange when they see a device like this. . ..” The
participants felt that wearing the device on the wrist
was not odd because of the similarity of the device
with a wristwatch: “for me, it’s like wearing a watch,
for that reason I liked it more, because I am used to it.”

(vi) Comfortable: the majority of the participants were
comfortable using the device in the 4 parts of the
body; however, the neck (5.78) and the wrist (5.67)
received the highest scores, “I feel I can wear it
comfortably and securely.”

(vii) Unobtrusiveness for daily activities: participants used
the device to perform their daily activities to deter-
mine which position was most suitable for that
purpose. The results showed that when the device
was placed on the wrist (6.50), there were fewer
interruptions or discomfort.

4.3.2. User Experience Results. User experience (UX) is
defined as a “person’s perceptions and responses resulting
from the use and/or anticipated use of a product, system or
service” [57], including aspects of product use, reflections of
interactions, user expectations, and feelings [58]. User expe-
rience was measured through the AttrakDiff questionnaire
(Figure 6). RepWear was found to have a high pragmatic
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Figure 7: Portfolio with average values of the dimensions PQ and
HQ and the respective confidence rectangle (results from [22]).

quality (PQ = 1.37), which means users can do the task of
self-reporting pain. Nevertheless, hedonic quality was low
(HQ = 0.99) leaving the device in between the task-oriented
and desired categories (Figure 7). The confidence levels were
0.46 for PQ and 0.48 for HQ, which means that answers
were a little scattered. The attractiveness dimension (ATT)
had a score of 1.75, which means that participants had a
positive assessment of the appeal of the device. The score for
hedonic quality-identification (HQ-I), or “how others can see
the product,” was 1.19.The hedonic quality-stimulation (HQ-
S) score was the lowest (0.79), meaning that RepWear was
not perceived as a device that helps to develop personal skills
and improve knowledge. Figure 8 shows that the word pairs
undemanding-challenging and cautious-bold, pertaining to
the HQ-S, had scores below 0.

During the interviews, participants were asked their
opinions about the device. They mentioned that RepWear
was easy to use, handy, and useful: “I found it was novel,
and good in the sense that one can have it on all day to mark
pain intensity and the time it happened.” Also, they thought
the pain scale was appropriate: “it’s good that it asks me on
a scale from 0 to 10. . . it’s much better.” Another participant
mentioned that the colors on the buttons reminded her how
to use the device: “. . . I liked the colors from these two little
things, it’s like calling on the phone.”

Regarding the aspects of RepWear that participants did
not like, four mentioned that they would prefer a thinner,
lighter device: “it protrudes too much, it should be smaller,
more adaptable to the body.” Nine participants said there was
nothing that they did not like about the device. Additionally,
one participant expressed that he did not like the device at all
because it was not useful.

One participant thought that the buttons were too sensi-
tive and suggested improvements: “the numbers, when I push
it’s too sensitive, it changes way too fast.” Another participant
would like the device to be more firmly attached to the body:
“it should be fixed to a spot, because it’s not secure. . . maybe a
strap would make it more secure. This could fall.” Participants
also commented on the device material and color, with some
suggesting different colors or using plastic material.

4.4. Discussion. Our results suggest that the neck may be
the best position for a wearable to self-report pain, since it
generally had good scores in all of the wearable questionnaire
items (especially regarding anxiety, fear of negative reactions,
screen readability, and comfort). These results differ from
previous results that suggested that a neck wearable device
would be annoying and uncomfortable [41]. This may be
because of cultural reasons or because RepWear required self-
report, so this potential interaction may affect how users
perceive the device. Further study is needed to examine these
discrepancies and understand the reasons behind them.

Our device, although designed as a wearable, did not
completely fulfill one of the criteria for wearables, that is,
that the device does not need to be separated from the body
for interaction. When the device was worn in the waist and
arms, the participants chose to remove it to manipulate it,
changing the device from awearable to a portable device.This
allows us to identify that placement is key: the position of the
device at the body has an impact into facilitating or hindering
visualization and self-report.

The AttrakDiff questionnaire measures hedonic qualities
such as stimulation and innovation. In the case of an interface
designed for elderly users with low digital skills, we wanted
to create an interface that was not intimidating. In this sense,
the low HQ-S results may be interpreted in a positive light,
since they are related to adjectives such as undemanding and
cautious, showing that the users did not feel threatened or
challenged by the device. We believe adding buttons that
clicked mechanically was partially the cause of this result.
Previous studies have found that elders feel computer anxiety
[59] about damaging a technological device while using it,
anxiety about “doing somethingwrong.” For example, elderly
users are anxious when moving a computer mouse [60].
However, in our study, even elders with no digital skills did
not feel anxious, except when using the device on the wrist,
which they felt could damage the device (e.g., when washing
dishes).

It is important to mention that the evaluated device was
a prototype, lacking the more polished look and feel of a
finished product, as well as being bulkier. These charac-
teristics of the prototype could influence the perception of
the participants when trying on the device. Generally, when
designing devices such as this one, the thickness of the device
should be minimized, allowing greater safety and comfort
[19]. Our prototype had a thickness of 2.5 cm, which may
cause some discomfort in the participant if it is worn on
certain parts of the body such as the wrist. Also, elders tend
to prefer a compact device for portability [41] and movement
[52]. In this regard, the RepWear prototype still has room
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Figure 8: The mean values of the word pairs of hedonic quality-stimulation (HQ-S) (diagram from [22]).

for improvement and size, thickness, and weight should be
further decreased.

In this phase the participants were elderly adults, which
allows for some comparison with the first phase of our
research. We found that the elderly users were less concerned
with aesthetics; they did not find the device overly odd nor
feared negative reactions, and they did not comment exten-
sively on materials nor matching clothing as the participants
in the first phase. Rather, the elderly participants mainly
focused on the functionality and comfort of the device,
especially in regard to being able to carry out their activities
normally. The literature has also found perceived utility to be
of great importance for elders, since they will use a system if
they consider it to be useful and reliable and provide benefits
to their independence [52]. In our study, only one participant
(out of 18) did not find the device to be useful. Finally, the
cost of a device can influence that user to use it, and an
important challenge is for technology to be of low-cost [61].
Our device is of low-cost, using simple components (and
would be extremely low-cost if it was mass-produced).

We would like to acknowledge the study limitations for
this phase. First, the number of participants in the study
was small, because of the difficulty in recruiting elderly
participants, since we only chose to interview those without
cognitive impairments, and the extensive questionnaires we
used caused the participants some cognitive overloading,
causing them to become tired. This may suggest the need
for using questionnaires that are especially designed for the
elderly, in order to improve their willingness to participate.
Second, the study was conducted in Santiago, Chile, and
cultural characteristics maymake its results not generalizable
to a broader region.

5. Conclusion and Future Work

The goal of this research was to explore the best way for older
adults to report pain. To achieve this goal, we divided our
research into two phases: (1) finding out whether a mobile or
wearable interface would bemore appropriate and (2) finding
where to place the wearable device.

First, we found that users preferred the wearable device
over the mobile application and that a wearable to self-report
pain should be designed specifically for this purpose, be

aesthetically pleasing, and allow users to report easily and at
the right time. Second, we found that although participants
had individual preferences for the placement of the wearable
device, there was no preferred position overall. The neck
position received the most positive feedback, because it
produced less anxiety, there was no fear of the reaction of
other people, and it was comfortable and had a good view
of the screen. We believe that the possibility of creating a
wearable device that may be placed in different positionsmay
be the best solution to satisfy users’ individual preferences.

We would like to acknowledge some of the study lim-
itations. First, the study should be expanded to include a
higher number of participants, although there are several
challenges in recruiting older participants without cognitive
impairment, and extensive questionnaires were found to
cause some cognitive overloading. Second, the first phase of
the study used student participants (due to the difficulties in
recruiting elderly people), and these resultsmay therefore not
completely be applicable to the elderly. Third, the study was
conducted in Santiago, Chile, and cultural characteristicsmay
not make the results generalizable to a broader region.

As future work, we will analyze how to improve certain
physical aspects of the device (e.g., decreasing size and
thickness), in order to make the device more comfortable
and versatile. We will also work on recruiting additional
participants to explore inmore depth the reasons behind their
placement preferences.
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Gathering physiological data when they are performing experiments requires a great effort from researchers. Very often, a
considerable time is required to prepare the signal acquisition equipment, conduct the experiments, and properly label the data of
each participant. Nevertheless this data is valuable for the analysis of personal characteristics, such as behavior, health conditions,
and preferences. With the aim of assisting researchers with such tedious tasks, we have developed the DAFIESKU system. This
system serves to acquire several types of physiological data. DAFIESKU facilitates the creation of new datasets with physiological
data by means of mobile and wearable devices. The usability of the system was evaluated in two case studies in a two-step iterative
process. Before conducting the second case study, the whole system was improved using the feedback obtained from the first case
study. The results achieved show that usability was enhanced in the second version of DAFIESKU.

1. Introduction

People interact with computing systems in a way that is con-
tinuously changing: frombatch communication to interactive
systems and from interacting at certain times and places with
desktop computers to continuous ubiquitous mobile inter-
action with wearables. New paradigms of human-computer
interaction (HCI)have arisen, such as augmented reality,ubiq-
uitous computing, and affective computing, and new applica-
tions have been discovered, such as eLearning, eHealth, and
eGovernment [1–4].

Initially, specific equipment was used to enable these new
applications, but nowadays almost any commercial equip-
mentmay serve.The use of mobile smart-phones is common,
alone or in combination with other components such as
smart-watches, glasses, microphones, and clothes. Most of
them have integrated sensors, for example, accelerometers,
gyroscopes, temperature sensors, pressure sensors, acoustic
sensors, and thermography. With this equipment it is easy to
record physiological data fromusers.These data, if adequately
stored and preserved, may be used to train machine learning
systems to analyze health conditions, user behavior, charac-
teristics, and other similar topics.

There is a huge number of public online repositories
storing datasets [5, 6]. Nevertheless, in some cases researchers
need to create new datasets to work with, as the task of
acquiring the datasets is an essential step in the research
process [7].

The way data are obtained is an important issue directly
relating to the validity of the data under consideration.
Approaches to recording data are based either in controlled
environments such as research laboratories or in uncon-
trolled environments such as in real life [8–10]. The first
approach has the advantage of minimizing noise and record-
ing mainly appropriate data, but its principal disadvantage
is that naturalness is lost. That is, subjects may feel uncom-
fortable in a fairly unfamiliar place for them, probably while
being observed by several people, that is, researchers. The
latter approach has its advantages and disadvantages contrary
to the former: subjects are in their real life contexts and there-
fore data is generated by more natural reactions, although
environmental factors may affect the quality of the record-
ings. However the popularization of smart-phones and
advances with wearable devices have made this option more
appealing in the last decade.
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In this paper, the authors review which design issues
are to be taken into account and present a system named
DAFIESKU aimed at acquiring physiological data in amobile
uncontrolled environment. Its main objective is to allow
the design of experiments to be applied in real condi-
tions and then to record natural data in real environments
instead of recording them in laboratories. This system allows
researchers to conduct experiments remotely with the collab-
oration of participants.The initial versions of the DAFIESKU
system and the case studies employed to test them are also
detailed here.

This paper is an extension of a paper presented at the
UCAmI 2016 conference [11, 12].The system proposed, aimed
at remotely recording physiological data of participants with-
out the help of research assistants, has been developed by the
usual iterative development cycle proposed onUser-Centered
Design [13]. Reference [12] presents, schematically, the first
cycle of the iterative development. This new paper extends
the information given in the previous one. Moreover, this
one presents the second iteration which expands the original
framework, focusing on improving the guidance necessary
for the user to carry on the experiments with DAFIESKU.
New screens and arrangement have been added in themobile
application of DAFIESKU following the recommendations
obtained in the first case study involving five participants. A
new case study has been performed to test the changes and its
appropriateness to meet the goals of the new approach. The
results of the aforementioned case study, which involved 17
new participants, are also shown in this paper. New sections
and subsections have been included and several figures and
tables have been added in order to clarify explanations and
to show the results achieved. Two tables outline the lessons
learned during both experiments.

2. Related Work

Evaluation and testing of research questions and hypothesis
are a recurring subject for human-computer interaction
researchers. For this reason, it is not surprising to find an
abundance of frameworks, toolkits, and platforms devoted
to remote evaluation in the scientific literature [14, 15]. Most
often these works are related to the web domain and the
usability or accessibility of web interfaces. For instance,
RemoTest [16] proposes a platform designed for the remote
evaluation of usability and the study of interaction with web
applications. RemoTest enables experiments to be set up and
data to be collected from participants’ web browsers using
plug-ins.

Over the last decade, the high popularity of smart-phones
and their applications, commonly called apps, have presented
an opportunity to carry out remote evaluations in mobile
environments. For example, Funf [17] is an extensible frame-
work based in Android which is able to collect and upload
data from different sensors embedded in smart-phones with
the aim of studying social interactions. There is a version
called Funf in a Box [18] that automatically creates a phone-
sensing appwith the guidance of a user. Aware [19] is a frame-
work devoted to the instrumentation of the smart-phone
to understand human behavior better. The framework is

oriented to context-awareness and it provides mechanisms to
interact with the user while acquiring data from the sensors.

In recent years, the use of physiological signals has
emerged in the computer science area due to the vast amount
of wireless wearable devices that provide such signals. Hence,
similar systems for the recording and storing of physiological
signals can be found in the literature. Biosignal Ignitor toolkit
[20] introduces a set of tools for the acquisition of different
physiological signals. The toolkit provides a desktop appli-
cation to visualize and record the signals and also includes
its own sensor platform called BITalino [21]. Focused in the
medical domain, Physiodroid [22] presents a framework for
the creation of medical applications using sensors including
wearable devices. This framework is oriented to developers
who want to create their own application for the medical
or context-aware domain rather than researchers who want
to conduct experiments. These works are focused on the
remote acquisition of physiological signals without taking
into consideration the whole experimentation process.

There are other paradigms such as Participatory Sensing
which “will task deployed mobile devices to form interactive,
participatory sensor networks that enable public and profes-
sional users to gather, analyze and share local knowledge” [23]
or Mobile Crowd Sensing which is “a new sensing paradigm
that empowers ordinary citizens to contribute data sensed
or generated from their mobile devices, aggregates and fuses
the data in the cloud for crowd intelligence extraction and
people-centric service delivery” [24]. These paradigms are
closely related to this proposal and could be easily merged
with it.

As an example of these paradigms, [25] proposes a system
where crowdsourced physiological data and subjective emo-
tions could be used for cross-validation of the emotions that
people feel when visiting different urban spaces.However this
mobile app is being considered for compiling subjective emo-
tions not for collecting physiological data. This is precisely
where DAFIESKU could be of help.

Another crowd-sensing platform is VITA [26], a mobile
cyber-physical system for crowd-sensing applications. Sim-
ilarly to DAFIESKU, VITA software architecture is divided
into two parts, one for the mobile part and the other for
the cloud. VITA allows human resources to be allocated and
supports user participation in various mobile crowd-sensing
applications through interaction with other participants. On
the other hand, users with a participant role in DAFIESKU
interact only with the mobile application following the tasks
designed by the researcher.

Themain objective of theDAFIESKU system is to provide
resources and tools to researchers in order to facilitate the
deployment of an experiment from its design to the analysis
of the results. Experiments will be made in real or natural
environments (familiar to participants) by using wearable
technology and ubiquitous computing. The data obtained is
expected to be more naturalistic than that obtained in con-
trolled places, such as research laboratories (unfamiliar to
participants).

Therefore, DAFIESKU can be used in research studies
to acquire physiological data, including studies in medical
settings in order to monitor personal health conditions and



Mobile Information Systems 3

in sports settings or even when studying at home in order to
measure effort and enhance efficiency. It can also be used for
affective computing when detecting emotions [27].

3. Design Issues

There are different types of experiments involving physiolog-
ical data in computer science research. DAFIESKU aims to
collect physiological data with activity labels from the partici-
pants of the experiments. Furthermore, the systemmust work
autonomously without the presence of research assistants
when the experiments are conducted. Subsequently, the
system was designed to interact directly with the experiment
participants. In this section design issues on the development
of the system (see Figure 1) are explained in deeper detail.

3.1. Involved Roles. When developing DAFIESKU, two main
user roles have been identified.The first role is the researcher
or the designer of the experiments, while the second one is
the experimental participant.

The role of the researcher is to think up, design, and
supervise experiments in which real users are going to be
involved. They usually work in a team, but they may also
work alone.The researcher comes up with research questions
and the way to measure responses to them. They also decide
the apparatus to be used in the experiment and estimate the
duration of the experimentation and the size of the popula-
tion involved. The methods to obtain data (e.g., videotaping,
interviewing, recording speech), where to store them, and
whether to make them available or not for the community
are also decisions to be taken by the researcher. It should be
underlined that DAFIESKU is aimed to help in the setting up
of experiments, the selection of participants, and the storing
of data. Analyzing data is beyond the scope of DAFIESKU.

On the other hand, there are the experiment participants.
They have to decide whether they are willing to collaborate
with researchers in order to create data that will be further
analyzed. They have to explicitly give their consent and, if
requested, they and their data are to be deleted from the
experimentation. Experiments are made individually or in
groups, depending on the design made by the researchers.
Participants are also known as experimental subjects.

3.2. Experimental Design. Researchers usually take several
steps in order to define experiments and the experimental
setups to be carried out with final users [9]. Experimental
research analyzes and explains how manipulating a known
variable (“independent variable”) has a direct influence on
another variable (“dependent variable”). There also are other
types of variables named “control variables” which are to be
kept constant across the whole study in order to ensure that
the achieved results are indeed caused by the independent
variable.

Themain types of experiments are those called “random-
ized experiments” and “quasi-experiments.” In randomized
experiments, participants are randomly assigned to every
independent variable condition while in quasi-experiments
participants are manually assigned to experimental condi-
tions.

Randomized experiments are typically between-subjects
or within-subjects. In between-subject experiments, partici-
pants are assigned to a single group which is then exposed
to a single condition. If the number of conditions is high,
the number of required groups increases and so in turn
does the number of required participants. In within-subject
experiments participants are exposed to every experimental
condition and it is easier to find differences caused by the
treatment.The number of required participants is lower than
in between-subjects experiments, but a learning effect could
appear. In order to minimize these effects, conditions are
usually counterbalanced (complete counterbalance and/or
Latin square).

Another type of experiment is the Factorial Design,
used when more than one independent variable has to be
tested. Factorial experiments can be within-subject, between-
subject, and mixed (the last one, for example, when testing
treatments related to age and/or gender).

In DAFIESKU, we have been focusing on experiments
to get data from participants, especially physiological data.
Therefore, we aim to provide researchers with an application
that will help them while designing their experiments to
obtain physiological data.

3.3. Making Experiments Available to Participants. When
experiments are to be made in controlled environments such
as research laboratories in presence of researchers, these can
give all the information to participants directly. However,
when researchers and participants are in different locations,
a protocol of collaboration needs to be established.

In DAFIESKU, there are these uncontrolled environ-
ments which form the principal focus, for example, the par-
ticipant’s habitual dwelling. In this environment, participants
feel more comfortable, responding as they might do in their
day to day lives, and the recorded data is more realistic,
reflecting user’s natural characteristics and behavior.

The experiment, its related information, and the required
equipment (e.g., sensors) have to bemade available for partic-
ipants.This is achieved by means of their mobile phones, and
the data is sent through the same phones. Therefore, when a
participant is ready to perform an experiment, first they have
to open the application which contains the experiment, next
follow the steps detailed in the experiment, and, finally, send
the data captured using sensors.

3.4. Wireless Sensors, Data Acquisition, and Transmission.
Nowadays, sensors are more comfortable due to miniaturiza-
tion. Normally, these sensors are integrated in all-in-one
hardware platforms, such as Biosignalsplux [28] or Shimmer
[29], including batteries and wireless transmission capabili-
ties. In short, these sensor platforms are useful for experi-
ments performed in uncontrolled environments, for instance,
at the home of the participant.

Nevertheless, these platforms still have limited storage
capabilities and they use Personal Area Network (PAN)
connectivity, such as Bluetooth, which can not be connected
directly to the Internet.

In order to overcome these limitations, a common solu-
tion is to combine sensor platforms with mobile phones
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Figure 1: Design issues addressed with DAFIESKU.

carried by users. Thanks to the mobile devices, the data
obtained from the sensors are transmitted first to the storage
of the mobile device and finally to the system server which
may be available on the cloud.

3.5. Data Storage and Analysis. Once all the ethical and
privacy issues have been taken into account [30], recorded
data should be processed and filtered and, in order to make
further analysis easier, standards, such as HDF5, [31] should
be followed.

The physiological data must be available in the system,
not only for the researcher but also for the participant.
Access to their ownphysiological data contributes to ensuring
transparency in the process of data acquisition.

Of course, if the data is to be used by different research
teams, various agreements have to be made between the
owners or administrators of the databases, in order to ensure
that researchers do not make illicit use of these data when
processing them. For instance, the anonymity of users
involved in the recording of data has to be preserved even
when the data are made publicly available.

3.6. Technical Details. The server side of DAFIESKU was
developed in a VirtualBox virtual machine with the Ubuntu
14.04 operative system. Various technologies are used to
implement the different parts of the server side of the system.
The server configuration is carried out with Apache 2.4.7.
Theweb application is implemented withHTML5, PHP 5.5.9,
JavaScript (jQuery 3.0.0), and CSS3. To implement the REST
API, the Slim micro framework 2.6.3 is used, which provides
an easy way for the Android device to access the data stored
in the database. The protocol used to carry out the various
requests is HTTP. The JSON format [32] is used to facilitate

the communication between the server and the Android
smart-phone/tablet by means of the API.

Depending on the request, different JSON objects have to
be sent to the API. For example, when a participant finishes
an experiment, the Android APP will send a request to the
server via the API to update the information on that specific
experiment in the database. Examples of the parameters
needed for that given operation are the id of the experiment
and the data that needs to be updated. If all the required
parameters are sent by the Android device when calling the
API, the operation is successfully carried out and a specific
JSON response is sent to the Android device saying that it has
been completed.The JSON response from the server is always
formed by an HTTP status code and a message; this could
be an error message, a message saying that the operation was
successful, and/or a nested JSONmessage containing the data
requested.

MySQL 5.5.47 is used for database management. All the
experiment data are stored in the database, so it can be
accessed by the API. We also needed a way to store the
physiological data, so we opted for the HDF5 file format.
When a participant finishes an experiment, the Android
device automatically creates a compressed ZIP file containing
the physiological data obtained (one text file per sensor used
and another file for the time marks) and uploads it to the
server using a specific request method developed in the REST
API.The server then runs a program developed in C that uses
the HDF5 1.8.16 library, which reads the ZIP file containing
all the data, and converts it to an HDF5 format file. This file
is then stored in the server and its directory path is linked
in the database to the experiment to which it belongs, so the
researcher has the file available for download.

The application for the Android client of DAFIESKU has
been developed using the Android Studio IDE [33] and it can
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be run on Android devices up to API 14 (Android 4.0, Ice
Cream Sandwich).

Most of the classes used for the project are Java and
Android native, although some third-party libraries have
been used, such as Butter Knife [34] for field and method
binding, and GraphView [35] for plotting in Android views.
Both libraries are open source and widely known by Android
developers.

As mentioned, the communication between the Android
smart-phone/tablet and the physiological data acquisition
device will be performed through the Bluetooth protocol.
Therefore, the Android library provided by the physiological
data acquisition device should be added to the application
project. In this particular scenario, a BITalino library for
Android has been added. If the physiological data acquisition
device does not have an Android compatible library the
communication with the Android device can be manually
performed using the Android Bluetooth class [36].

On the other hand, the Android device and server com-
munication is performed using theHttpURLConnection [37]
Java class following the JSON [32] format. Four different types
of calls are used by the Android application to communicate
with the server:

(i) The login call: in this call credentials introduced by
the user are sent to the server. If login succeeds anAPI
key will be received as a response.This API key will be
used to verify the user in further communications.

(ii) Synchronization call: this call will update the Android
application with the latest information relating to
tasks saved in the server; for example, it will download
to the app new tasks available to the user.

(iii) Sending the extracted data: this HTTP POST call will
be executed automatically when a task is successfully
finished. It sends the data extracted from the physio-
logical sensors to the server.

(iv) Confirming call: once the data transmission (previous
call) is finished an HTTP PUT call will be performed
to update the task as carried out on the server side.

In future versions, for these communication purposes, it
is planned to add the Retrofit library [38]. This will make the
application easier to maintain and will increase stability.

The data acquired from the physiological sensors will be
stored in temporary files inside the device’s internal memory,
one file per sensor. Due to the computing limitations of
mobile devices, generated files will not be processed in the
client. Instead, all the temporary files will be compressed in
ZIP format file and sent to the server to be further processed.
Once transmission with the server is confirmed the data will
be removed from the Android device.

4. DAFIESKU 1.0 System

The DAFIESKU system has been designed to make use of
wireless devices to obtain a less intrusive environment for the
participants during data acquisition. DAFIESKU consists of
a set of wearable devices with physiological sensors coordi-
nated by a server.Wearable devices with wireless connections

usually offer Bluetooth based connectivity which can be used
to send physiological data to any computer. For this reason,
a mobile device (e.g., smart-phone or tablet) is used as an
intermediary between the server and the wearable devices
(see Figure 2).

The main advantage of this approach is the possibility
it affords of configuring the data acquisition in each exper-
iment and the possibility of guiding and supporting the
participants during the experiments. It should be pointed out
that both researchers and participants must register on the
DAFIESKU system. Usually, the participants will be regis-
tered on DAFIESKU by the researchers.

Prior to acquiring or recording data, there are several
decisions to be adopted during the configuration phase.
Using a web interface the researcher prepares the experiment
which the participants will be able to download to their
mobile devices, thus enabling the researcher to acquire their
physiological data. In this section, we present the first version
of DAFIESKU, while in Section 6 we present the new version
that has been developed considering the results obtained in
the experimentation presented in Section 5.

4.1. Creating Experiments. WithDAFIESKU, researchersmay
establish which data will be acquired and how and for what
length of time it will be acquired in order to create databases
with physiological information.

The data to be gathered depends on the scope of the
studies that the researchers plan to develop in the future, the
sensors that are available for acquisition, the population, and
so forth.

The DAFIESKU system provides the researchers with a
web client, which enables them to define how the sensors
(among those available) will be used, whether they will be
used together or separately, and which kind of information
provided by the devices will be recorded (see Figure 3).

Figure 3 shows a form for creating an experiment in the
DAFIESKU 1.0 web application. The values requested are
a name for the experiment, not necessarily unique (there
can be more than one experiment with the same name, as
they are identified by an id number), and a description,
which should briefly and clearly explain its purpose to the
participant. Next, the sensors that are going to be used to
get the physiological data must be selected. Afterwards, the
duration of the experiment (in hours, minutes, and seconds)
and the name and surname of the associated participants have
to be defined.

Finally, several time marks can be defined. These time
marks represent extra information such as activities that a
participant can perform during an experiment, temporary
emotions, and so forth. For testing reasons, in this version
of DAFIESKU 1.0, a maximum of three time marks can be
defined.

4.2. Providing Guidance to the Participants. In the
DAFIESKU system, participants play a key role in data
acquisition. Among other things, they decide when to start
the experiments and they provide feedback with which to
label the physiological data.
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Figure 2: Architecture of the DAFIESKU system.

Figure 3: Designing an experiment with the web client of DAFIESKU 1.0 system.

In order to facilitate these activities, the researcher must
also (1) specify the experiment description and define the
tasks for the participants, (2) describe the instructions for
attaching the sensors, and (3) set a list of predefinedmarks or
activities related to the experiment to label the resultant data
set. All these texts must be comprehensive and understand-
able for the participants in order to avoid problems during
experimentation (see Figure 4).

4.3. Data Acquisition during the Experiments. The partic-
ipants will be able to download the experiment to their
Android mobile device (smart-phone or tablet), thanks to
a communication that uses a web service based on a REST
API. Once downloaded, they will have to set the sensors
and connect them wirelessly to the mobile device, that is,
via Bluetooth. Finally, they will have to start to record data
and to label moments, following the instructions of each
experiment. These last two will be mere push button or
select from list tasks, respectively. Therefore, in the first case

untagged data are recorded when the user wants to, whereas
in the second case data are recorded with marks relating to
the activity the user is carrying out (such as running, climbing
slopes, studying, and being relaxed).

Figure 4(a) shows the main activity of the DAFIESKU
Android application. The aim of this screen is to show all the
tasks relating to a previously logged user. Tasks are classified
as being pending or finished, depending on their status. In
order to perform a task, it has to be selected from the pending
tasks list. By clicking on a finished task name the participant
can obtain the task feedback.

Once the user has selected a task from the pending list,
the screen in Figure 4(b) is shown. This screen contains
all the information regarding the selected task (description,
sensors to wear, maximum time estimation, and activities
to perform). In order to make correct recordings, the user
can check whether sensors are correctly adjusted before
performing activities related to the task. When participants
complete the tasks before the finish time estimation, the
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(a) (b)

Figure 4: Mobile application screenshots. (a) shows pending tasks and (b) shows the experiment description.

back button will take the participant to the previous screen.
Otherwise, when the estimated time is reached, the system
will automatically go back to the previous screen.

5. Case Study to Evaluate the
DAFIESKU 1.0 System on Non-Classroom
Learning Experimentation

A case study was carried out to test the usability of the
DAFIESKU 1.0 system. For this purpose a representa-
tive experiment in a non-classroom learning situation was
designed for DAFIESKU in order to test both roles in the
system: that of the researcher and that of the participant.
As a researcher, the experimental subject introduces the
information to set up the experiment. On the other hand,
as an experiment participant, the same experimental subject
performed fixed tasks such as reading texts or questions,
and answering questions while their physiological data were
acquired. The usability of both web and mobile applications
was measured by using SUS questionnaires [39].

5.1. Method

5.1.1. Participants. 5 volunteers (2 females) were recruited
from the surrounding research laboratories of the Faculty
of Informatics of the University of the Basque Country
(UPV/EHU). This is the minimum number of participants
that lets you find almost as many usability problems as you
would find using many more test participants, as indicated
in [40]. The experimental subjects ranged from the age of 30
to 57 years (41.2 ± 10); see Table 1. Informed consent was
obtained from all individual experimental subjects included
in the study.Userswere computing graduates exceptUser 05a,
who had a degree in industrial engineering. Users 01a, 02a,
and 05a had PhDs. All of them had previously participated

Table 1: Participants related information.

User Age Gender
User 01a 50 Female
User 02a 30 Male
User 03a 36 Male
User 04a 33 Male
User 05a 57 Female

in other research studies, but only Users 03a and 04a had
been previously involved in physiological experimentation.
Furthermore, Users 03a and 04a had previously prepared
experiments with users, but no physiological data had been
captured on those occasions.

5.1.2. Apparatus. The web service for designing experiments
runs on a virtual machine with an Ubuntu 14.04 LTS
operating system. This web service was used when playing
the researcher role in this experiment using a laptop. The
designed apps for acquiring data run on a Samsung Galaxy
Tab 2.7.0 with an Android 4.2.2 operating system (RAM:
1GB; 1.0 GHz dual core processor; 7 screen with 1024 ∗
600 pixels). The BITalino [41] sensor platform was used
to collect physiological data from the electrocardiography
(ECG) and electrodermal activity (EDA) sensors. The virtual
machine running on the laptop and the tablet were connected
wirelessly using a WiFi router. The tablet and the BITalino
were connected via Bluetooth interface.

5.1.3. Procedure and Design. After consent was obtained
from the experimental subjects, their demographic data were
gathered. Then, a sheet with the tasks to be completed was
delivered to each experimental subject.
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Table 2: Time (in minutes) needed to complete tasks.

User Task 1 Task 2 Task 3 Total
User 01a 5 21 1 27

User 02a 7 34 3 44

User 03a 4 21 2 27

User 04a 5 26 2 33

User 05a 8 16 1 25

Mean 5.80 23.60 1.80 31.20

STD 1.47 6.09 0.75 6.94

The first task (Task 1) to be completed was to define
an experiment with certain characteristics by using the web
client ofDAFIESKU 1.0.Thiswas carried out in the researcher
role. Task 2 was carried out in the role of a participant. The
equipment needed in the experiment was prepared (see Fig-
ure 5), it was verified that everything was working correctly,
and then the activities required by the experiment defined in
Task 1 were carried out.This experiment consisted of reading
a text printed on paper and then reading and answering
several questions relating to that text, also on paper and
using a pen, as if they were doing out of classroom exercises.
Participants had to indicate by using the system the time in
which they were reading the text, when they were reading
questions, or when they were answering questions. After
the experiment was finished, they had to take off the sen-
sors. As a researcher again, on Task 3 they verified, using the
web client again, that the data of the experiment was properly
stored on the server.

When finishing these three tasks, experimental subjects
completed two SUS questionnaires, one as researcher and
the other as participant in the physiological experiment. The
time required to complete each of the tasks was measured.
Finally, they were interviewed by up to two DAFIESKU 1.0
development team members in order to get more feedback,
in this case qualitative feedback. The interviews were around
5 minutes long and the questions referred, in particular, to
their opinion, their suggestions, the usability of the system,
and any issues they hadhadduring the process, aswell aswhat
aspects might be improved for future versions. Moreover, the
interviews were voice recorded.

5.2. Results and Discussion. All the experimental subjects
successfully completed the required tasks. Table 2 shows the
times needed to complete the three tasks. Task 2 required the
most time while Task 3 was the one requiring the least time.
Minutes needed for completing the three tasks range from 25
(User 05a) to 44 (User 02a).

Concerning the usability of the system (see Table 3),
the SUS scores were 78.5 ± 11.25 for the researchers web
client application and 71 ± 15.62 for the Android application.
These scores are over 70 and therefore both applications
may be considered as being good from the usability point of
view [39]. Nevertheless, two of the participants marked the
applications lower than 70 and one of them rated the Android
application with a score of 42.5, indicating that there were
usability concerns to be addressed.

Table 3: Scores achieved in SUS questionnaires.

User Researcher Participant
User 01a 77.5 80
User 02a 65 77.5
User 03a 67.5 42.5
User 04a 92.5 87.5
User 05a 90 67.5
Mean 78.5 71
STD 11.25 15.62

Experimental subjects also suggested several enhance-
ments, almost all with the aim of improving participant
experiencewith regard to data acquisition. One of them (User
03a) suggested including instructions about how to wear the
physiological sensors required for the experiment app. Some
other experimental subjects mention that wires hindered the
completion of the experiment during Task 2. As DAFIESKU
aims to create experiments and register data, including help
or instructions for the correct adjustment of sensors directly
in the app was considered a good idea for future versions.
However, it has to be said that coping with wires depends on
the sensor technology employed and it is beyond the scope of
the DAFIESKU system. Nevertheless, the researcher should
consider the characteristics of the technology employedwhen
designing experiments for preventing usability issues that
may influence the results.

Other comments advocated the enhancing of the
DAFIESKU 1.0 implementation. For example, with relation
to the mobile application, several participants suggested
increasing the distance between task names when they are
shown on the screen. They also suggested maintaining the
vertical orientation of the screen while they were checking
whether sensors were correctly working. With relation to
the server-side application, how to express the duration of
the experiments and how to select sensors involved in the
experiment needed to be more intuitive. And in order to
minimize errorswhen designing experiments, a confirmation
option was suggested to allow the researchers to read the
details and accept the experiments after checking if they were
correct.

In Table 4 lessons learned in order to make new versions
of the systems are highlighted, relating to both the server-side
application and the mobile application.

There were also several issues which brought to light
aspects in which further evaluations of DAFIESKU 1.0 could
be enhanced. For example, our case study was made with
five participants all of whom had technological profiles. For
more complete and significant results, DAFIESKU should be
evaluated with more participants with different profiles (for
example, psychologists or people with medical profiles).

6. DAFIESKU 2.0 System

In this section the main changes with respect to the first
version of the DAFIESKU system are explained, taking into
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Figure 5: Experimental setup: the role of participant.

Table 4: Lessons learned after case study 1.

# Server-side application
(1) Make intuitive the expression of the duration of experiments.
(2) Make intuitive the selection of the involved sensors.
(3) Include a confirmation option to check whether the experiment has been correctly defined.
(4) Maintain the ease of use and the low complexity.
(5) In general, it has been found that most people would design experiments quickly with this system.
# Mobile application
(1) Include instructions about how to wear physiological sensors.
(2) Increase the distance between task names on the screen.
(3) Ensure low complexity of the app to enhance the ease of use.

account the results extracted from the previous experimenta-
tion.

6.1. Creating Experiments. With DAFIESKU 2.0, some
improvements have been made to the web client in order to
solve certain usability issues, also following the suggestions
made by the participants that took part in the previous
experimentation (see Section 5).

In this 2.0 version of DAFIESKUweb client, the objective
is maintained, which is to facilitate the process of creating
experiments, but in a more intuitive way.

Figure 6 shows a form with which an experiment can
be set up in the DAFIESKU 2.0 web application. The main
differences are the order of the parameters required to create
an experiment. As the participants need to be registered in the
system by the researchers, before specifying other parameters
for the experiment, it is important to check whether the
participant is registered in the system or not. For this reason,
in DAFIESKU 2.0, the first step is that of selecting the partici-
pants.

Furthermore, more sensors have been added as well as
the possibility of selecting a different device. As the system
is generic, DAFIESKU 2.0 is prepared to work with different
devices. This also facilitates the connection and use of
additional devices that allow the use of different sensors for
the experiments. When creating an experiment, the system
will indicate to the researcher, in real time, which devices are
compatible with the sensors that they have selected.

Next, the maximum duration of the experiment must
be defined, in hours and minutes. This field has been also

changed from the 1.0 version. In fact, the participants had
issues with the time format they needed to specify, which lead
to errors when creating the experiments. This field has been
simplified in order to avoid this kind of error. Moreover, the
field for specifying the seconds has been removed, as it makes
little sense outside of testing purposes.

Finally, certain time marks can be defined which repre-
sent the different activities a participant can perform during
an experiment. In DAFIESKU 2.0, it is possible to define
dynamically as many timemarks as needed by the researcher,
unlike in version 1.0, in which only up to three time marks
could be specified.

6.2. Improved Guidance for the Participants. Asmentioned in
previous sections, the aim of the mobile application consists
in the recording of physiological data. Due to the critical
nature of these data, it is advisable to give the user some
feedback tomake sure that they are performing the recording
correctly. This is even more important if the user has no
experience of mobile applications as is the case of several
elderly people. For all these reasons and taking into account
the case study of the previous section, in the new version of
the mobile application, four different categories of assistive
screens have been included to guide the user (see Figure 7):

(1) Default application information: this category
describes the general information about the mobile
application such as how to log into the system and
what a user has to do to start an experiment (see
Figure 7(a) for login screen guide). These screens are
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Figure 6: Designing an experiment with the web client of DAFIESKU 2.0 system.

accessed automatically the first time a participant
opens the application and after thatmoment bymeans
of a small information icon at the top of the screen
(see Figure 8(a)). This button is implemented for all
the screens providing in each one the appropriate
information to be able to continue using the appli-
cation.

(2) Device functionality and sensor placement assess-
ment: for an inexperienced user, physiological data
acquisition platforms may be complicated to use
for the first time. Furthermore, the placement of
electrodes or the platform itself in the body requires
a careful explanation to avoid errors when recording
the data. A step-by-step assessment is provided for the
device and all the electrodes required in the experi-
ment (see Figure 7(b) alongwith a guide in Figure 7(c)
for both the device and electrode placement).

(3) Sensor testing screens: once the sensors are attached
to the participants body, a series of tests should be
performed to determine that the sensors are working
as expected.The system achieves this goal showing to
the participant two figures: first, the expected wavelet
for a physiological signal and, then, their own signal
recorded by the application in real time (see Figures
7(d) and 7(e) for electrocardiogram signal test). The
system asks the participant to continue or fix the
placement of the sensors if any error was found.

(4) Experiment screen instructions: the system was
developed to annotate various actions during the
experiments using predefined markers. A brief expla-
nation with the functionality of the annotations is
provided to the participants (see Figure 7(f)).

The first category of assistance screens is accessible at any
time via an icon. On the other hand, the rest of the cate-
gories are accessed sequentially when an experiment starts.
This sequence must be carefully followed by the participants
to prevent some commonmistakes when using physiological
sensors. Overall, more than 15 different screens were intro-
duced for the 2.0 version of the mobile application.

6.3. Usability Improvements in the Mobile Application. After
the first case study, we noticed that the usability of the mobile
application could be enhanced. In DAFIESKU 2.0 several
improvements relating to the user experience were added.

Thus, fields that do not require interaction with the
user are now colored differently on the screen to those that
do require interaction. Moreover, for DAFIESKU 2.0 several
images were added in the fields in which the user has
to interact in order to give a more graphic description,
for example, an image of a key in the password field (see
Figure 8(a)).

Furthermore, another significant change was added: an
update button on the main screen (see Figure 8(b)). By
clicking on this button the user synchronizes the status of his
local tasks with those on the server. In DAFIESKU 1.0, this
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(a) Login instructions (b) Device and sensors information (c) Electrode placement

(d) Sensor signal instructions (e) Sensor test with real signal from
participant

(f) Experiment screen instructions

Figure 7: Mobile application guidance screens.

synchronization was only carried out at the time of setting up
or finishing an experiment.

Finally, several internal improvements were implemented
for themobile application, taking into account the first exper-
iment and the way users interacted with the mobile applica-
tion. Therefore, the implementation was slightly adapted to
give greater stability to issues which were noticed during the
experimental phase. For example, a more efficient keyboard
management was included.

7. Second Case Study:
Evaluation of DAFIESKU 2.0

Thenewly developed version of the system includes enhance-
ments on the server side and in the mobile application that

must be evaluated again to measure if any improvement was
achieved in terms of usability (i.e., personal satisfaction and
efficiency). We address two different research questions in
this second case study:

(i) Q1: how much more usable is the second version of
the web application than the previous version of the
web application?

(ii) Q2: how much more usable is the second version of
the mobile application than the previous version of
the mobile application?

The same protocol followed in the previous case studywas
replicated for the second case study.Therefore, the apparatus,
procedure, and design subsections of the Method section
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(a) Login (b) Experiment list (c) Experiment running

Figure 8: Mobile application experiment screens.

remain the same as the ones described in Section 5 and they
should be considered as control variables.

In order to answer research questions Q1 and Q2, the
completion times for each task and the SUS scores for each
role were collected. In addition to these measures, the par-
ticipants were requested to fill in a Likert-scale questionnaire
with values from 1 to 5 points at the end of the experiment.
The questionnaire contains 8 items which are described in
Table 5.

Finally, they were interviewed by a DAFIESKU 2.0 devel-
opment team member in order to get more feedback. The
interviews were around 10–15minutes long and the questions
made were especially regarding their opinion, suggestions,
usability of the system, and issues they had during the
process, as well as what aspects should be improved for future
versions. The interviews were voice recorded.

7.1. Method

7.1.1. Participants. 17 volunteers (7 females) were recruited
from the Faculty of Informatics of the University of the
Basque Country (UPV/EHU) and neighboring faculties. The
experimental subjects ranged from the age of 21 to 51 years
(30.65 ± 8.8); see Table 6. Informed consent was obtained
from all the individual experimental subjects included in the
study. In general, users had a degree in computing, except
User 06bwho had a degree inmathematics, Users 07b and 17b
with degrees in electronics and User 12b, who was studying
psychology. Moreover, Users 01b, 09b, 15b, and 16b were
Ph.D. graduates. Users 02b and 05b were left-handed while
the others were right-handed. Users 01b, 03b, 09b, and 16b
recounted that they had prepared experiment(s) with users
in the past, and User 09b had previously prepared at least one
experiment inwhich physiological informationwas acquired.
Several users had had previous experience as participants in

experiments (Users 01b, 03b, 05b, 06b, 09b, 10b, 12b, 13b, 14b,
15b, 16b, and 17b), and in some cases their physiological data
had been acquired in at least one previous experiment (Users
06b, 09b, 12b, 13b, 14b, and 17b).

7.2. Results and Discussion. All the experimental subjects
successfully completed the required tasks. Table 7 shows the
times needed to complete the three tasks presented. Task 2
was again the one needingmore timewhile Task 3was the one
which required the least time.The number ofminutes needed
to complete the three tasks ranged from 17 (User 04b) to 38
(User 11b).

Comparing these results with the previous evaluation
(Section 5), there have been improvements in Task 1 (4.06 on
average while the previous study achieved 5.80 on average),
Task 2 (19.65 on average while in the previous study 23.60
was needed on average), and in Total (26.06 on average
compared to 31.20 on average in the previous study), while
Task 3 achieved poorer results (2.35 on average while in the
previous study an average of 1.80 was achieved).

With relation to the usability of the system (see Table 8),
the SUS scores were 81.18 ± 9.81 for the researchers web
client application and 80 ± 13.64 for the Android application.
These scores may be considered quite good, nearly excellent
from the usability point of view [39]. Nevertheless, there
are usability concerns to be addressed after considering the
individual scores.

When compared to the results shown in Section 5, both
components of DAFIESKU have achieved better scores. First,
the researchers web client application scored 78.5 on average
in the previous study, whereas the Android application
achieved 71 on average. The improvement was notable in the
case of the Android application.

Moreover, the time required to complete the tasks was
lower and the usability results were higher.These data suggest



Mobile Information Systems 13

Table 5: Final questionnaire to be answered by participants.

# Factor Statement
(1) Satisfaction I feel satisfied because the experiment has been easy for me
(2) Comfort-1 I felt comfortable using the mobile app anytime
(3) Autonomy I am able to make experiments by using the DAFIESKU system without being aided by technical staff
(4) Comfort-2 Sensors do not cause inconvenience when doing the experiment
(5) Engagement I enjoyed it and I think a system such as DAFIESKU is useful to recording physiological data easier
(6) Instructions usefulness-1 The instructions regarding how to wear the sensors were useful
(7) Instructions usefulness-2 The instructions for testing and checking sensors were useful
(8) Instructions usefulness-3 The instructions regarding how the application works were useful

Table 6: Second validation participants related information.

User Age Gender
User 01b 51 Female
User 02b 25 Male
User 03b 34 Female
User 04b 26 Male
User 05b 27 Female
User 06b 23 Male
User 07b 25 Male
User 08b 24 Male
User 09b 39 Male
User 10b 28 Female
User 11b 30 Male
User 12b 21 Male
User 13b 30 Male
User 14b 29 Female
User 15b 32 Male
User 16b 51 Female
User 17b 26 Female

that DAFIESKU 2.0 is more usable, more efficient, and
friendlier. Therefore we can conclude that the changes intro-
duced have had a positive effect on the system. With respect
to the first research question, the SUS score slightly increased
in the web application which indicates that the changes
proposed had a minor effect in the usability perception.
Additionally, with respect to the second research question,
the novelties introduced in the mobile application increased
the usability perception by almost 9 points on average. These
changes mitigated the problems of the mobile application
identified in the first evaluation.

In general, scores achieved in the final Likert-style
questionnaire were also high (see Table 9). Several factors
were measured, from general satisfaction, to the usefulness
of the assistance instructions obtaining the agreement of
the participants. Only statement 4 (“sensors do not cause
inconvenience when doing the experiment”) had an average
value lower than 4. This was mainly due to the wires of the
sensors employed in the experimentation and the need to
write during Task 2. Maybe using wireless sensors would
enhance this value.

Table 7: Time (in minutes) needed to complete tasks in the second
experiment.

User Task 1 Task 2 Task 3 Total
User 01b 7 26 4 37

User 02b 3 18 3 24

User 03b 7 24 2 33

User 04b 2 13 2 17

User 05b 3 18 4 25

User 06b 3 21 1 25

User 07b 4 20 3 27

User 08b 3 19 2 24

User 09b 3 18 2 23

User 10b 5 23 3 31

User 11b 4 32 2 38

User 12b 4 17 2 23

User 13b 5 18 2 25

User 14b 2 17 2 21

User 15b 4 20 2 26

User 16b 4 14 2 20

User 17b 6 16 2 24

Mean 4.06 19.65 2.35 26.06

STD 1.52 4.61 0.79 5.67

We also have to mention that User 14b did not answer
Question 3 (“I am able to make experiments by using the
DAFIESKU system without being aided by technical staff”).
As she mentioned during her interview, she did not think
she was going to perform experiments with users during
her career. Therefore, she preferred to leave that question
unanswered as she could not imagine the need to use a system
like DAFIESKU during her activities.

In general, during the interviews, participants declared
the DAFIESKU system to be easy to use, both as a researcher
and as an experimental subject. Bearing in mind they were
using it without prior presentation of the system, it would
appear they were able to carry out the requested activities
in an intuitive manner. They also thought that if they were
requested to useDAFIESKU again, they would easily remem-
ber its functionalities.

Although their first language was either Spanish or
Basque, almost all of them tested the English version of the
application for researchers. There was only one exception:
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Table 8: Scores achieved in SUS questionnaires in the second
experiment.

User Researcher Participant
User 01b 72.5 95
User 02b 92.5 95
User 03b 72.5 67.5
User 04b 77.5 52.5
User 05b 85 80
User 06b 85 80
User 07b 70 75
User 08b 87.5 75
User 09b 85 67.5
User 10b 82.5 90
User 11b 70 65
User 12b 75 85
User 13b 82.5 90
User 14b 92.5 95
User 15b 87.5 85
User 16b 100 100
User 17b 62.5 62.5
Mean 81.18 80
STD 9.81 13.64

User 12b tested the Spanish version of the application during
Task 1. No problems were found and the aforementioned user
tested the English version of DAFIESKU during Task 3.

During the interviews several comments arose that will
guide us when making new versions of the DAFIESKU
system. In what follows we will set out the most relevant of
these.

For example, possible errors should be clearly explained
to participants in the current tablet app. During the experi-
mentation, in several cases (Users 06b, 09b, and 10b) the Blue-
tooth connection between the tablet and the BITalino was
broken and the message “Unfortunately, Dafiesku has
stopped” appeared on the tablet screen (see Figure 9). This
message did not give any information about what had
happened. The way to solve this problem was suggested by
the person in charge of the experimentation and consisted in
restarting the tablet. Afterwards, the participants had to start
Task 2 again. The error only happened once to each of them
and at the second attempt they were able to complete Task 2.

When using wired sensors, several participants (Users
03b, 11b, and 16b) suggested using colors to distinguish them,
as they initially thought there were no differences between
them. But in general, and when completing a Likert-style
questionnaire, the participants thought that wireless sensors
would make experimenting with physiological signals more
comfortable.They also suggested includingmore commercial
equipment in future DAFIESKU versions to get physiological
information, as only BITalino and eHealth equipment were
considered in the prototype.

Several participants found this system adequate formoni-
toring health issues (Users 03b, 10b, 11b, 12b, and 17b). In some

cases, they also mentioned other applications such as sports
(Users 10b and 11b).

Other enhancements suggested by several participants
(Users 10b and 14b) were related to existing on/off buttons
in the experiment: if at maximum one had to be active (on),
activating one should deactivate the previous one. Thereby,
the effort needed (measured in operations to be carried out
by the users) would be lower (only one click needed instead
of one click to deactivate and another one to activate the new
one).

Even the Next and Back buttons were found useful
to check whether participants were wearing the sensors
correctly (e.g., User 14b).There was no total agreement about
maintaining the current version or changing it. For example,
User 05b suggested making a vertical scroll instead of Next
and Back buttons. Another option was mentioned by User
13b, who suggested showing a next button instead of a back
button in Figure 7(e) when a sensor was checked and no
errors were found.

Other suggestions were related to including new func-
tionalities within the DAFIESKU system. For example, Users
08b and 16b suggested including statistical information
within the researcher part, maybe by also using graphics, to
analyze the evolution of the participants in the experiments.
User 08b also suggested including the option of taking and
sending photos in order to let the participants show how
they completed the tasks and allow the researchers to check
the results achieved by the participants. User 16b was of the
opinion that in future versions the researchers would have
to design experiments by using a tablet, mobile, or similar
devices, instead of personal computers. She suggested work-
ing on this idea for DAFIESKU.

In Table 10, lessons learned in order tomake new versions
of the systems are highlighted, relating to both the server-side
application and the mobile application.

8. Conclusions and Future Work

In this paper, we propose a system aimed at remotely
recording physiological data of participants without the help
of research assistants. It has been developed by the usual iter-
ative development cycle proposed on User-Centered Design
[13].Making prototypes helps solutions to be put into practice
in a fast and economical way.Moreover, evaluating developed
prototypes serves to acquire feedback from potential system
users. This helps developers to think about the issues raised
by users while using the system. Two iterations of the
system (versions 1.0 and 2.0) are presented and evaluated
in this paper. The system was developed to configure data
acquisition, perform data collection, and finally store data in
a friendly format for the researcher.

Two case studies were carried out to test the adequacy of
the proposed approach and the usability of the software. The
first evaluationwith 5 participants obtained promising results
and raised interesting issues, concerning, among others, the
lack of support for guiding the participants. Afterwards,
a new iteration of the software was developed to address
these issues and include enhancements suggested by the
participants. Thus, a second case study with 17 participants,
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Table 9: Scores achieved in the final Likert-style questionnaire.

Question 1 Question 2 Question 3 Question 4 Question 5 Question 6 Question 7 Question 8
User 01b 5 5 5 4 3 5 5 5
User 02b 4 5 5 1 5 4 5 5
User 03b 3 4 4 3 5 4 4 3
User 04b 3 3 4 4 5 5 5 3
User 05b 5 4 4 2 4 5 4 5
User 06b 4 5 5 3 4 4 4 4
User 07b 4 4 4 2 4 3 4 4
User 08b 4 4 5 4 5 5 4 4
User 09b 4 4 5 2 4 5 4 3
User 10b 5 5 5 4 5 4 3 5
User 11b 4 4 4 4 4 5 5 4
User 12b 4 5 4 2 4 5 5 5
User 13b 5 4 5 2 4 5 5 5
User 14b 5 5 5 5 4 5 5
User 15b 5 5 4 3 5 5 5 4
User 16b 5 5 5 5 5 5 5 5
User 17b 3 3 3 3 4 5 5 3
Mean 4.24 4.35 4.44 3.12 4.41 4.59 4.53 4.24
STD 0.7 0.63 0.63 1.2 0.63 0.63 0.63 0.79
N 17 17 16 17 17 17 17 17

Figure 9: Error screen of the mobile application.

including a student in psychology and other graduates apart
from computing, was conducted to measure whether the
usability of the system had increased or not.

The results of the second evaluation show an improve-
ment in the mobile application usability in almost 9 points
and a slight enhancement of 3 points in the web application
on the SUS scale [39]. Therefore the changes made in
the mobile side of DAFIESKU were useful to increase the
usability perceived by the participants. New feedback and
suggestions were collected. Furthermore, the interviews and

questionnaires carried out with the participants pointed
out that the guidance level required for physiological data
acquisition was achieved by the system.

Thanks to the second evaluation, we have identified new
features and the need for assistance screens to be added
in future versions of DAFIESKU. The next evaluation step
should be performed in the homes of a group of volunteers,
thereby allowing a full deployment of the system in an uncon-
trolled environment through the use of participants’ personal
mobile devices. We also plan to provide the researchers with
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Table 10: Lessons learned after case study 2.

# Server-side application
(1) Changes made from previous version enhance usability scores.
(2) Changes made from previous version decrease the time needed to define an experiment.
(3) It is quite easy to use.
(4) Include statistical information to analyze participants during the experiments.
(5) Evaluate the need of collecting multimedia material (for example, photos, videos, and sounds).
(6) Migrate the system to be portable on a tablet, smart-phone, or similar devices.
# Mobile application
(1) Changes made from previous version enhance usability scores.
(2) Changes made from previous version decrease the time needed to complete the task related to the mobile app.
(3) It is quite comfortable and easy to use.
(4) Provide a better explanation of possible errors that may appear.
(5) Distinguish more clearly which sensors are to be used in experiments (for example, by using colors).
(6) Try other wireless sensor sets.
(7) Give the option to personalize the interface to each user’s preferences.

more resources to customize their experiments, such as the
possibility of editing the text and images that appear in the
mobile application assistance screens.
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Physical and cognitive rehabilitation is usually a challenging activity as people with any kind of deficit have to carry out tasks
that are difficult due to their damaged abilities. Moreover, such difficulties become even harder while they have to work at home
in an isolated manner. Therefore, the development of collaborative rehabilitation systems emerges as one of the best alternatives
to mitigate such isolation and turn a difficult task into a challenging and stimulating one. As any other collaborative system, the
need of being aware of other participants (their actions, locations, status, etc.) is paramount to achieve a proper collaborative
experience. This awareness should be provided by using those feedback stimuli more appropriately according to the physical and
cognitive abilities of the patients. This has led us to define an awareness interpretation for collaborative cognitive and physical
systems. This has been defined by extending an existing proposal that has been already applied to the collaborative games field.
Furthermore, in order to put this interpretation into practice, a case study based on an association image-writing rehabilitation
pattern is presented illustrating how this cognitive rehabilitation task has been extended with collaborative features and enriched
with awareness information.

1. Introduction

Health care systems are one of the main concerns of both
developed and developing countries. To provide their citizens
with a proper treatment becomes a must as health is usually
considered one of the main pillars of their quality of life.
However, offering such services at reasonable costs is not
a trivial issue. In this context eHealth [1] has emerged
as a proper alternative that facilitates the exploitation of
technology to provide both patients and practitioners with
solutions according to their specifics needs. According to
Black et al. [2] eHealth technologies can be categorized into
three main areas: “(1) storing, managing, and transmission
of data; (2) clinical decision support; and (3) facilitating care
from a distance.” Among these areas, the third one, namely,
telerehabilitation [3], can be considered of special interest
because of the important benefits it can offer from the point
of view of both patients and policymakers. First, it offers
healthcare to patients at their home by using computing tech-
nologies, telecommunications, and so forth so that patients

with mobility problems do not depend on their relatives
to carry out their rehabilitation. Second, policymakers are
able to provide more patients with rehabilitation services at
reasonable costs [4].

While analyzing the literature of available rehabilitation
systems, several technological challenges were detected that
must be addressed. One of them is related to the diversity of
deficits and diseases a patient may suffer. This means that a
telerehabilitation system should provide facilities to design
bespoke therapies, that is, facilities to adapt the therapy to
patients’ abilities, disabilities, and needs.

In addition, as aforementioned, these systems are thought
to deploy the rehabilitation at patients’ home, limiting their
interaction with their therapists and with other patients.
This means that these systems may hinder the rehabilitation
process because of the isolation feeling they may cause. To
mitigate such feeling, they may be turned into collabora-
tive rehabilitation systems exploiting the concept of virtual
rehabilitation rooms where they can collaborate with other
peers, an important feature that recent studies, such as [5],
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have identified as key. For the design of such rooms, an
important concept that must be considered from the very
beginning is awareness [6]; that is, patients must be aware of
who is in the virtual room, what their peers are doing, where
they are, and so forth. Awareness is a concept that has been
traditionally used and exploited in the development of Com-
puter Supported Cooperative Work (CSCW) systems [7].
However, virtual rehabilitation rooms are not usual CSCW
systems, but their users have their abilities hampered by some
kind of trauma, congenital problem, and so forth. Moreover,
their development is also highly complex, as virtual reality
interfaces, haptic devices, auditory devices, and so forth are
used to facilitate users’ interaction and to control properly
the therapy process. That is, they may be used as different
communication channels to provide those feedback stimuli
more appropriately according to the physical and cognitive
abilities of the patients.

Different awareness interpretations have been defined so
far that focus on the identification of awareness for different
types of systems. However, none of them focuses on telereha-
bilitation systems and, thus, they do not consider important
characteristics as the users’ deficits. In order to address this
problem, in this work a new awareness interpretation is
presented. It has been defined thanks to our experience of
developing rehabilitation systems during the latest years in
different domains such as acquired brain injury or children
with special education needs, as well as our proposals with
CSCW systems. It has not been defined from scratch but
extending our previous proposal in a very challenging and
demanding domain: video-games development. A set of
guidelines is also presented to describe how to put it into
practice, as well as a case study to exemplify each awareness
element identified in this new interpretation.

This paper has been structured as follows. After this
introduction, Section 2 describes the related work. Then,
Section 3 describes our proposal, an awareness interpretation
for physical and cognitive rehabilitation systems, as well as a
set of guidelines for its application. Section 4 illustrates a case
study of how this proposal may be applied to design a virtual
rehabilitation room. Finally, the conclusions and future work
are presented in Section 5.

2. Related Works

The use of Information and Communication Technology
advanced (ICT) proposal in the rehabilitation field is not a
new approach. As Brennan et al. stated [8], the first solutions
of telerehabilitation systems date back to almost forty years
ago. But, although nowadays it is possible to find different
commercial proposals, such as [9, 10], the problem has not
been yet solved. The great majority of those commercial
applications exhibit several limitations that motivate new
researches in this area.

During these forty years of use of ICT in the rehabilitation
field, several challenges have been addressed to make the
most of the technology. For instance, initial proposals in
the area focused on facilitating the communication between
therapists and patients, such as [11] who proposed a closed-
circuit television to simulate the remote communication.

Nowadays, many proposals have revolved around providing
new types and complex rehabilitation tasks. For instance,
it is possible to find proposals that offer therapies for the
treatment of physical [12, 13] and cognitive diseases [14, 15].
Moreover, because of the great diversity of diseases and
deficits a patient may suffer, it is difficult to design a general
solution applicable to every patient. Other factors [16] such as
age, education, and experience with technology must be also
considered in the design of these telerehabilitation systems.
The availability of systems that therapists may use for the
design of bespoke therapies emerges as a solution to address
the aforementioned concerns.

Although most of these solutions have been designed to
implement specific therapies [17], some of them also enable
therapists to adapt some features to the patient’s skills [18, 19]
or create their own therapies from scratch. Pirovano et al. [20]
make use of rehabilitation games and a fuzzy system to adapt
such games according to the players’ performance. They also
offer certain configurability to control the physical stress of
the patient. All these proposals that offer therapies adapted
to the patient can improve some relevant aspects, such as user
motivation and engagement [21].

Along with the need of designing personalized therapies
for each specific disease, the use of multisensory feedback
is also relevant for improving the rehabilitation of a specific
patient as it facilitates a high number of communication
channels between patient and system. Even though there
are few proposals about the use of multisensory feedback
in the area of rehabilitation [19], its inclusion improves the
ecological validity of the therapies as the most appropriate
communication channel may be selected depending on the
specific patient’s features. Usually, as Gutiérrez et al. [22]
noticed, virtual reality (VR) environments offer a proper
solution because of their capabilities to use different com-
munication channels such as visual, aural, and haptic one.
Moreover, the exploitation of different channels also helps
to enhance how realistic a virtual environment is perceived
by the user [10]. For example, the use of haptic sense could
enable the transmission of some alerts or information for
improving the completion of the task requested [23].

Furthermore, as Cranen et al. claim [24] some of themain
advantages of using ICT in the rehabilitation process is to
reduce the number of visits to the care center, increase the
time available for the therapies, and decrease the treatment
costs. However, they also identify some problems resulting
from this teletreatment. Namely, patientsmiss the presence of
the therapist and are less motivated when they need to carry
out complex exercises. Patients also remark another problem
related to their social isolation. Therefore, an advantage as a
reduced number of visits to the care center may become a
problem, because the direct interaction with therapists and
with other patients is also reduced.

In order to mitigate these isolation problems, some
authors offer video conference solution [8, 25] and others [26]
integrate some social networks in their telehealth systems for
improving the interpersonal communication. However, few
proposals offer social interaction through some collaborative
features that enable patients to collaborate while they carry
out a specific therapy [21, 27]. Moreover, similarly to real
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environment, other people could play a relevant social role
in such collaborative therapies: observers and motivators.
Observers are people who are not doing the therapy but
provide some social interaction with the patient. Not only
do motivators observe the therapy but they can also cheer
the patients up by using their voice or making some gestures
that patients could perceive. Usually, these observers and
motivators are the relatives of the patient, or some specialists.

The introduction of collaborative features entails the use
of concepts already applied in the design of Computer Sup-
ported Collaborative Work (CSCW) or groupware systems
[28]. One of the main CSCW concepts is awareness that
has been defined as “the up-to-the-moment understanding
of another person’s interaction within a shared workspace”
[6]. In a previous work [29] the available awareness inter-
pretations (collaboration awareness, situation awareness,
workspace awareness, context awareness, social awareness,
and so on) were analyzed concluding that it is not possible
to cover all the features of modern complex collaborative
systems by using just only one of them. To solve such problem
a thematic analysis was conducted that led to the definition of
Gamespace Awareness that integrates the existing proposals
in order to guide in the specification of the awareness of
one of the most complex collaborative systems: collaborative
video-games. In addition, in the telerehabilitation domain
some other elements should be taken into account, such
as how to provide users with the necessary feedback while
they are carrying out their rehabilitation tasks. Therefore, in
this work, based on these needs already identified in [30]
and our previous proposal [29], we propose an awareness
interpretation to be used in the design of collaborative
physical and cognitive telerehabilitation systems, identifying
both which awareness elements may be of interest and which
stimulimay be used to interact with patientsmaking themost
of their rehabilitation process.

3. Awareness Interpretation for Physical and
Cognitive Rehabilitation Systems

The awareness interpretation developed to deal with the
awareness features of telerehabilitation systems for physical
and cognitive therapies is presented next. This interpretation
has been defined by adapting Gamespace Awareness [29] to
make it suitable for this kind of systems.

Table 1 presents the elements identified for this aware-
ness interpretation. They are categorized into four different
concerns related to either the temporal stages the awareness
is related to (present, past, and future) or those related
to social and group dynamics. Within each concern, each
awareness element is classified depending on what awareness
information they are providing. For instance, within the
present concern, the awareness elements deal withwho is par-
ticipating,what andwhere they do anything, and how to do it.
Aimed at helping designers to identify the awareness needs of
a rehabilitation system, a set of questions have been defined
along with these awareness elements. For instance, consider
a remote physical rehabilitation system whose patients have
to work in a collaborative manner. In order to perform such
collaboration, they must be aware of who is available to

collaborate with while performing the rehabilitation session,
what the other patients are doing to coordinate their actions
properly, where they are located in their own space, and how
to interact with them. This awareness information, which
is easily perceived in a nonremote and computerless reha-
bilitation environments, is key when collaborating remotely.
Consequently, this new awareness interpretation aims at
making remote rehabilitation as straightforward and fruitful
as face to face rehabilitation.

As shown in Table 1, for each awareness element, it has
been also defined which feedback stimuli could be used to
provide participants with the required awareness, that is,
visual (by means of a computer screen or a virtual reality
headset), aural (by playing sound or audio messages), or
haptic (by receiving vibrations on different parts of the
body). Furthermore, when dealing with disabled people,
providing awareness information through different stimuli
is paramount since certain stimuli may not be received or
understood by disabled users. For example, when a deaf
patient is using a telerehabilitation system, audio messages
may be replaced with visual notifications or haptic signals.
However, not all awareness elements can be properly pro-
vided by using any stimulus. As an example, making the
participants aware of the log-in of a new user in the system
(element Identity) by using haptic feedback would not be
practical since it would require codifying each new partic-
ipant ID as different haptic signals. This would cause that
our users were overwhelmed due to the constant vibrations
received, and it would be difficult to implement as the
number of users increases. Nevertheless, providing the same
awareness information through an audiomessage (e.g., “John
is now online”) is comprehensible bymost of the participants.

Table 1 also presents several examples of how each aware-
ness element could be implemented, that is, how to gather
such awareness information and how to provide participants
with it. For instance, the status element, which is related
to the participant’s physical and emotional status could be
obtained by using either a biometric sensor that gathers
physical data such as heat rate or skin conductance [31],
or a camera along with an emotional analysis software to
analyze participants’ emotions [32]. Moreover, this awareness
information may be provided by using different stimuli. For
instance, if it was required to make a participant aware of
other participants’ heart rate, this awareness information
could be provided by using the three considered stimuli.
Firstly, visual stimuli may be easily used by playing animated
heartbeats on the screen, thus representing the heart rate of
the remote participant. Secondly, aural stimuli can also be
considered and implemented by playing heartbeats though
audio. Finally, it could be also possible to use haptic stimuli
as well, thus emulating heartbeats by sending haptic impulses
that the participant will feel on a specific part of his/her body.

3.1. How to Put into Practice the Awareness Interpretation.
Once the awareness interpretation has been presented, it will
be explained in the following how to put it into practice.
For this aim, let us start from the specification of the tasks
of a rehabilitation system to be developed. To perform
such specification, any requirement engineering specification
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Activate coins
Team goal

Present
[HD] Where: location
Past

Future
[N] When: next event
Social & group dynamics
[M] What: Group goal

Increase team score in one point

Coins

Patient Teammate

1

1. .
∗

Figure 1: Example of CSRMF diagram specifying a collaborative task with awareness needs. ∗means𝑁; that is, from 1 to𝑁 teammates can
be related to activate coins.

techniquemay be used. However, due to its collaboration and
awareness modelling capabilities, we recommend using the
Collaborative Systems Requirements Modelling Framework
(CSRMF) [33].

Once the tasks of the system have been specified, those
awareness features considered necessary to ease the interac-
tion between the user and this system can be defined. For this
aim, Table 1 provides a set of questions that will help us to
identify the awareness needs of our system. As an example,
let us consider the first awareness element on Table 1, Present-
Who-Presence. Such element includes the specific question
“Is anyone in the system?” Therefore, to assess whether
or not this awareness element should be included among
our system’s requirements, we would ask ourselves “Do our
users need to know if there is anyone in the system?” If so,
this awareness element will be included among our system’s
requirements. In Table 1, Present-Who-Presence, such element
includes the specific question “Is anyone in the system?”
Therefore, to assess whether or not this awareness element
should be included among our system’s requirements, we
would ask ourselves “Do our users need to know if there is
anyone in the system?” If so, this awareness element will be
included among our system’s requirements.

Once we are in the design phase of the system, the stimuli
to provide each awareness element must be specified. With
this aim, Table 1 also includes the recommended feedback
stimuli column that suggests what stimuli may be used to
communicate the awareness information. For instance, the
presence element could be offered by using visual, aural, or
haptic stimuli (or a combination of them). Table 1 has the
recommended feedback stimuli column that suggests what

stimuli may be used to provide the awareness information.
For the considered presence element, it could be provided
by using visual, aural, or haptic stimuli (or a combination
of them). Moreover, Table 1 also includes implementation
examples for each awareness element. In this case, the
information to provide the presence element may be gathered
by employing a motion-sensing device when it detects that
there is a new user in the scenario, provided by notifying the
log-in of a new participant using a visual message, playing a
log-in sound, or sending a haptic signal.

Figure 1 shows a different example of how to model
a task and specify its corresponding awareness needs by
using CSRMF.This is a collaborative task whose participants,
namely, a player and his/her teammatesmust activate several
coins in a virtual world to fulfil their goal: increase the team
score one point. For this aim, it is mandatory (M) that such
player be aware of what the coin he/she has to activate, that
is,what the group goal is. Moreover, it is highly desirable (HD)
to know where the other players are located in the virtual
world. Finally, it would be nice to have (N) information about
when the next event will happen, that is, when new coins will
appear. This task will be implemented in the case study that
will be presented in Section 4.4.

4. Case Study

In the previous section, an interpretation aimed at iden-
tifying the awareness requirements of a rehabilitation sys-
tem was presented. Therefore, to put it into practice, this
section presents a case study based on a physical-cognitive
collaborative rehabilitation exercise. Aimed at making the
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Figure 2: Participants’ hardware environment.

performance of such exercise enjoyable, it will be presented
as a game whose users will play collaboratively yet remotely
grouped in several teams. In this game, patients will be
represented as avatars. Hence, to interact with this game
when performing the exercise, a motion-sensing device
will be used to translate the participants’ movements into
avatars movements. Figure 2 exemplifies how the hardware
environment for this rehabilitation system could be. A
motion-sensing device such as Microsoft Kinect [18] will
gather the participants’movements. Besides, a high definition
camera will capture the users’ face and forward it to an
emotional analysis SDK [32] that will analyze and interpret
their emotional status. A wristband will also interpret their
emotional status measuring their heart rate. This physical
and emotional information will be sent to the therapist to
follow the evolution of the patients. Finally, a wearable haptic
controller with several actuators will be used to make the
user feel certain events of the game. Hence, 4 actuators will
be used, located on both patients’ hands (to feel the game
objects), chest (to feel heartbeats), and shoulder (to feel
encouragement pats).

As far as the cognitive rehabilitation exercise is con-
cerned, it is based on an association image-writing rehabili-
tation pattern.This pattern is defined in [34] as an exercise to
improve patients’ front executive capability.

Figure 3: Prototype of participants’ user interface (patient’s avatar
located in the center of the interface using a third-person view).

Figure 4: Prototype of therapist’s user interface.

Regarding the game itself, the participants’ avatars will be
in a virtual world where several coins with images and words
on them will be scattered around the game field. Therefore,
the implementation of the aforementioned rehabilitation
pattern consists in asking the teams of participants to find
and touch a virtual coin related to a specific concept. As
an example, if the system request is to find and touch the
“fruit” coin, one participant will have to touch the coin with
the image of a pear on it; meanwhile the other does so with
the coin showing the word “pear.” Figure 3 illustrates two
different avatars. The avatar controlled by the current player
is trying to activate a coin; meanwhile the green player has
already activated the “pear” coin.

Besides, regarding physical rehabilitation, the therapist
will be able to place the coins in different locations to
encourage the participants’ displacements and movements.
For instance, if a participant needs an upper limb rehabili-
tation therapy, the therapist could locate the coins in a high
position, so that the participant will have to lift his arm to
activate such coin. Moreover, the size of the game field can
be customizable according to themovements requirements of
the therapy to be performed. For instance, if a patient could
not walk, all the coins would be located around the avatar to
avoid displacements over the game field.

Furthermore, the therapist will have a different view of
the system (see Figure 4) to monitor the therapy execution,
enabling her to see each participant view, the participants
themselves, as well as their emotional status (obtained by
using a facial analysis software).

Finally, external participants (neither patients nor spe-
cialists) can participate into the system. Specifically, these
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Figure 5: Prototype of observer’s user interface.

external participants will adopt the role of observers and
motivators. Hence, observers can watch the rehabilitation
session (see Figure 5). Besides, motivators can also cheer
the patients up by using their voice that patients may hear
during the rehabilitation session. It is worth noting that both
observers and motivators, as well as therapists, will be also
represented in the game by using avatars to make patients
aware of the presence of such participants (see Figure 3).

Aimed at exemplifying how the awareness interpretation
presented in Section 3 could be used in the design of
such rehabilitation exercise, in the following it is explained
how several awareness elements could be implemented and
presented to the participants for the recommended feedback
stimuli described in Table 1. Notice that several elements
could not be implemented in this case study since they
are not suitable for this exercise. For instance, in this
game every participant has the same responsibilities within
his/her team, without having a specific role. Consequently,
the role and others’ roles awareness elements were not
used.

4.1. Present. The first awareness elements are those related to
what is happening in the rehabilitation session at the very
moment of its performance, namely, the present. Hence, the
implemented elements belonging to such concern are the
following ones:

(i) Presence. Participants have to be aware of the presence
of a new participant with whom to collaborate.
Following the suggested implementation described in
Table 1, the exercise could be implemented accord-
ing to the following requirements: when a motion-
sensing device detects a new participant, the system
will provide the already-connected participant (if
any) with a haptic stimulus indicating the presence of
a teammate with whom to perform the rehabilitation
session. Therefore, it would not be necessary that
a logged-in participant is continuously looking at
the screen to know whether there is another user
in the virtual rehabilitation room, being warned
with a vibration on his wrist when the session is
ready. However, this awareness information could
also be provided by means of visual (by showing the
participant’s avatar) or aural signals to indicate a new
log-in into the system.

(ii) Identity. Participants have to be aware of which par-
ticipant is related to which avatar. With this aim, each
participant’s avatar will have a tag with the partici-
pant’s name over the head (Figure 6). Moreover, each
participant name will have a different color aimed at
easing the visual identification of participants.

(iii) Authorship: Participants have to be aware of who
activated a coin in the virtual world.The requirement
would be the following: the color of such coin (visual
representation) could change to match the color of
the participant’s avatar. As an example, Figure 3 shows
that the pear (image) coin has been touched by the
blue player.

(iv) Task. The therapist must be aware of what the par-
ticipants are doing. It could be achieved by means
of a visual remote view (Figure 4) to observe both
what the participants are doing in the virtual room
(through their avatars) and the real world (real
streamed video of the participants). To reinforce this
feedback, an aural message such as “Malcom has
activated the dog coin” or a haptic signal representing
a coin activation could be sent to the participants.

(v) Object. Participants have to be aware of the coin that
they as well as the other participants have activated.
For instance, similarly to the authorship awareness
element, the color of the coins (visual representation)
could provide awareness information regarding what
object they are interacting with. However, different
sounds (aural representation) could be associated
with the coins that will be played when they are
touched, thus helping the participants to identify
them. For instance, if a participant activated the “dog”
coin, a dog bark could be played though the audio
system. Finally, in order to make a participant aware
of the fact that the target coin has been activated,
not only will it change its color according to the
participant’s color, but also he/she will receive a long
haptic signal on the hand he/she activated the coin
with.

(vi) Status. The therapist has to be aware of both the
participants’ heart rate and emotional status. To
implement this awareness element, the participants’
heart rate and emotional status could be presented
in a visual manner (Figure 4) to the therapist who
would be able to interrupt the session or adjust if
needed. For instance, if a participant’s heart rate was
considerably high or he was in a bad emotional state,
the therapist could interrupt the session and adapt it
according to the participant’s needs.The heartbeats of
the participants could be coded into aural beats or
haptic vibrations to make them aware of their own
heart rate, that is, of their own physical status.

(vii) Disabilities. The system has to be aware of any partic-
ipant’s disabilities in order to avoid and/or adapt the
stimuli provided. Prior to start a session, the therapist
will indicate whether any participant have disabilities
to configure the system. For instance, if a participant
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Status Location and gaze Position Mobility

Figure 6: Visual implementation of present awareness element.

is deaf, audio messages will be presented by using
visual closed captions. Besides, blind participantsmay
interact with the system by receiving aural messages
about the coins’ location. Moreover, if a participant is
unable to walk, all the coins will be located within the
participant’s reach area.

(viii) Location. The participants have to be aware of their
locations. The patient will know such location by
looking at a visualmapof the scenario (top-left corner
of Figure 3). Moreover, by looking at this map, hemay
obtain information about the position of the other
participants. It is worth noting that this map may
represent the participants as arrows with the same
color as the participants’ name.

(ix) Gaze. The direction each participant is facing can be
seen in the map by means of the arrows representing
the participants (Figure 6). In this sense, the arrow
will point towards the direction where the partici-
pant is facing. However, if the therapist had to be
aware of where the participants are looking to detect
cognitive problems, an eye-tracking system could be
implemented. For instance, the therapist could see the
point of the screen where the participants are looking
on the therapist’s view in a visualmanner.Therefore, if
a participant was constantly looking at a screen point
where no coin or participant was located, a cognitive
issue could be identified.

(x) Position. Participants must be aware of the position of
the coins. Similarly to what happens with the location
element, participants may know the position of the
elements by using this visual map (top-left corner
of Figure 3). Thanks to this awareness feature, the
participants could be aware of the presence of coins
positioned behind them that cannot be seen in a 3D
third-person view. For a more detailed analysis of
the difference between location and position please
refer to [29]. To reinforce this feedback, the concept
of nearness to the coin could be represented as aural
messages with a variable pitch or increasing the haptic
signal depending of such nearness.

(xi) Mobility. The therapist has to be aware of what the
participants’ can reach or where they can move. For
example, the therapist may see a visual representation
of each participant’s reach area on a postsession
screen (see Figure 4). This image could be generated
based on their previous movements. Therefore, the
therapist will analyze if the physical rehabilitation
process has been successful by measuring a possible
enlargement of such reach areas (i.e., the partic-
ipants are able to reach further with their limbs
than before starting the rehabilitation process). This
image could be generated based on their previous
movements.Therefore, the therapist will analyze if the
physical rehabilitation process has been successful by
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Event and task history Location history

Figure 7: Visual implementation of past awareness element.

Table 2: Examples of present awareness elements implemented
through aural messages.

Awareness element Aural message example
Presence [Participant log-in sound]
Identity Shae has joined the game
Task and object Malcom has activated the dog coin
Object [Dog bark]
Status [Heartbeat]
Position [Pitch-variant sound]

Device Walk toward a coin and raise your hand to
touch it

measuring a possible enlargement of such reach areas
(i.e., the participants are able to reach further with
their limbs than before starting the rehabilitation
process).

(xii) Device. Participants have to be aware of how to
interact with the system. For instance, the interaction
with the system in this case study will be performed
by means of the motion-sensing device. Therefore, if
the system detects that a participant was not aware
what he has to do, a visual or auralmessage would be
displayed or played, respectively, thus informing such
participant about how to interact (Table 2).

4.2. Past. Once the awareness elements related to the present
have been presented, those related to the past will comple-
ment the participants’ awarenesswith information about facts
that happened prior to the current time:

(i) Object history. Once the session is finished, a post-
game interface could provide detailed information of
the different states each coin had had. In other words,
this will implement a log detailing the interaction of
participants with the game coins.

(ii) Event history. The game interface will show the exact
time when something happened. This information

will be reflected in the actions log located at the
bottom-right corner of the interface (see Figure 3).

(iii) Presence history: The presence of participants in the
system will be logged to be queried by the therapist
when required. Hence, the system will record both
the log-in and log-out time of each participant. With
these data, the therapist could analyze whether or not
the participants have been performing their assigned
therapies regularly.

(iv) Location history. To make both participants and ther-
apist aware of the previous location of a participant’s
avatar, they will leave a trail behind as they move
around the game field (see Figure 7). This trail will
have the same color of the participant’s name, and the
time that it will remain shown can be configured.

(v) Position history. This awareness element will com-
plement object history by adding information about
where each coin appeared. In this sense, the game log
will also include the position of each coin in the map.
This could be implemented graphically (indicating
the position of the coins by using a map) or textually
(just by indication of the coordinates of the position
of each coin in meters, departing from the center of
the game field).

(vi) Mobility history. Closely related to the mobility ele-
ment from the present concern, the mobility history
can represent the evolution of the patient’s mobility
over time. In this sense, it can be analyzed how
the patient’s mobility range has been evolved from
the very beginning of the rehabilitation therapy.
Therefore, the therapist can assess whether or not the
therapy has been fructiferous for each patient.

(vii) Task history. The system will record and show all the
tasks performed by the participants. Therefore, a task
history will be shown in the bottom-right corner (see
Figure 3). It is worth noting that, in order to ease the
identification of participants in this list of tasks, each
name will be colored according to the participant’s
color.
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Table 3: Examples of future awareness elements implemented through aural messages.

Awareness element Aural message example
Next event Next coin in 9 seconds
Next participant A new participant will join team 1 in 15 seconds
Next mobility After this session, your right arm mobility could improve 2%
Next task The next coin will be “Animal.” Get ready!
Next status [Warning sound]

Next event Next location Next position Next task

Figure 8: Visual implementation of future awareness element.

4.3. Future. Next, we will deal with those awareness elements
related to the future. Such elements make the participants be
aware of something that will happen in a near future which
could affect the current development of the rehabilitation
session somehow. The future awareness elements are the
following ones:

(i) Next event. In order for the participants to anticipate
their actions, this element will provide them with
information about what the next event will be. In this
example, this element will show the remaining time
that a new coin will appear in the game field (see top
of Figure 3).

(ii) Next participant. During a game, no new participants
can join it. However, when a new coin is going to
appear, a new participant can join the game, sending
an audiomessage to the current participants (Table 3).
Hence, they will be aware that a new participant will
join the game soon, as well as what team he/she will
be part of.

(iii) Next location. Related to the previous awareness
element, prior to the appearance of a new participant,
his/her starting position can be signaled on the map
(Figure 8). In this sense, not only will current par-
ticipants be aware of an upcoming new participant,
but they will also know where he/she will be located
initially.

(iv) Next position. Similar to the previous element, when a
new coin is going to appear, it could be signaled on the
map so that participants get ready to touch such coin
(Figure 8).Thus, they could anticipate the appearance
on this new coin moving towards the new position
where it is supposed to appear.

(v) Next mobility. Based on mobility history, the system
could analyze the progression of the patients’ mobility
over time. Therefore, the system could predict what
the future mobility of the user will be if he/she
keeps on following the rehabilitation session. This
information can be used to motivate patients prior
to the performance of a new session by making
them aware of what they can achieve during the next
sessions.

(vi) Next task. The element next event was used to make
participants aware that a new event will happen.
Complementarily, such awareness information can
be enriched by adding details of such event. In this
example, this information could advance the next task
that participants will have to perform, namely, the
coin that they will have to touch next.

(vii) Next status. This awareness element could be used
to make a patient (and the therapist) aware that
he will be in a specific emotional or physical state
based on past measurement. As an example, if the
participant is having a high heart rate in combination
with a negative emotional status (sad or disguised),
the system could recommend that he/she suspend the
rehabilitation session.

4.4. Social and Group Dynamics. Finally, the last awareness
elements are related to a nontemporal concern, namely, social
and group dynamic. Hence, the elements belonging to this
last concern are the following ones:

(i) Members. The participants will be able to know who
is participating in their team at any time during the
rehabilitation session. With this aim, a list of players
belonging to his/her own team will be shown on
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Table 4: Examples of social and group dynamics awareness elements implemented through aural messages.

Awareness element Aural message example
Specialist This session is being supervised by Dr. Smith
Belonging You will play as a member of team 2
Inner communication Speak to communicate with your teammates. They will hear you!

Outer communication You can always communicate with your therapist by using your voice Let him know if you have any problem
while performing the therapy

Members and other 
members

Specialist and external 
participants

Group goal Outer communication

Figure 9: Visual implementation of social and group dynamics awareness element.

the participant user interface (see top-right corner of
Figure 3). Moreover, to ease the identification of team
members, the name of the teammates on this list will
be colored with each participant name color.

(ii) Other members. As happened with the previous
awareness element, a different list will show the
members of the rival teams with their corresponding
character colors (see top-right corner of Figure 3).

(iii) Specialist. The participants will be able to know who
is the therapist conducting the session. Moreover, to
recreate a real scenario, an avatar representing the
therapist will be included in the game interface, also
showing the therapist’s name (Figure 9).

(iv) External participants. During the sessions, two kinds
of external participants are allowed to interact,
namely, observer and motivators. The former will
be able to watch the session; meanwhile the latter
can also cheer the participants up by using their
voice. Therefore, to make the participants aware of
the presence of such external participant, they will be
represented as avatars observing or cheering up the
session from outside the game field (Figure 9).

(v) Belonging. In this example, participants are not
allowed to choose the team they belong to since the
therapist decides these teams in advance. Because of
that reason, the system will make them aware of the
team they belong to at the very beginning of the
session through an audio message (Table 4).

(vi) Group goal. The participants have to be aware of their
group goals. For example, considering as goal the coin
they will have to touch, it could be communicated by
means of both a visual message on the screen and an

aural notification. Thanks to this double awareness,
participants would have instant information about
the goal as soon as it changes but theywould always be
able to watch it on the screen (at the top of Figure 3).

(vii) External motivation. When remote participants act-
ing as motivators aremonitoring the session, they can
cheer the participants up. This can be done by using
the three considered stimuli. First, they can make
their avatars clap so that the participants could see
and hear them.Moreover, thismotivationmay be also
transmitted by using the motivators voice so that the
patients will hear the encouragement voice messages
of the remote participants. Finally, motivators may
also send haptic commands. In that sense, patients
will receive and feel a haptic pat on their shoulder.

(viii) Inner communication. If the therapist decided so, the
participants will be able to communicate with their
teammate by using their voice. Hence, if this inter-
action is enabled and the system detected that one
participant is not speaking at all, an audio message
will inform such participant that his/her voice will be
heard by the other team member (Table 4).

(ix) Outer communication. Once again, the therapist can
decide whether participants can interact verbally with
the external participants as well as with the therapist
himself/herself. Once again, the system can remind
the participants that their voice will be heard by those
external participants. Moreover, the therapist will be
also able to see a VU meter corresponding to each
participant’s microphone to be aware visually when a
patient is speaking (Figure 9).
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Thanks to the implementation of these awareness ele-
ments, as well as the others belonging to the present, past,
and future concerns, participants will be able to interact with
a rehabilitation system like the one presented at the beginning
of this section. This will enable collaboration with remote
participants, and it will enable the therapist to monitor and
adapt the therapies to the participants needs.

5. Conclusions and Future Work

In order to achieve a proper collaboration while interact-
ing with remote participants, they have to be aware of
their collaborators (i.e., what they are doing, where they
are, etc.). Therefore, dealing with awareness information
properly is paramount for the success of a collaborative
system. This issue is even more crucial when dealing with
rehabilitation systems, whose participants may suffer from
any cognitive or physical disability. This turns awareness
information into a cornerstone of telerehabilitation systems,
where awareness may lead to a suitable interaction. In order
to guide the identification of such awareness requirements
when developing cognitive and physical rehabilitation sys-
tems, an already existing awareness interpretation, namely,
Gamespace Awareness [29], has been chosen as the foun-
dation of our proposal. Such awareness interpretation was
initially developed to deal with the awareness requirements
of collaborative games. In this work, it has been adapted
to make it suitable for rehabilitation systems featuring the
monitoring of patients by using mobile sensors and pro-
viding feedback by using different kinds of stimuli (visual,
aural, and haptic). This new interpretation comprises 39
awareness elements (classified into 4 different concerns) that
will provide both patients and therapists with the required
awareness information to ease collaborative and remote
rehabilitation therapies. Furthermore, along with such col-
lection of elements, the awareness interpretation provides
a series of specific questions which will help designers
and developers of new rehabilitation systems to identify
awareness requirements properly. Moreover, we also provide
recommendation of which feedback stimuli could be used to
provide each awareness element (visual, aural, or haptic), as
well as implementation examples for gathering and providing
each one. Finally, in order to ease the usage of this awareness
element in the development of a new rehabilitation system, a
series of guidelines have been provided (Section 3.1).

In order to exemplify the awareness interpretation
defined for this type of systems, a case study has been
presented (Section 4). It describes several participants while
performing a collaborative physical and cognitive rehabilita-
tion exercise. The interaction with the system is performed
by means of motion-sensing devices that translate the par-
ticipants’ movements into avatars’ movements in the virtual
world. Moreover, biometric devices and emotional analysis
software are used to make the therapist aware of the patients’
physical and emotional status.

It is worth noting that the game presented as case study is
just a prototype. Therefore, as a future work, the final game
will be implemented. Indeed, to perform this implementa-
tion, the postgame user interfaces will be implemented. This

functionality will enable therapists to follow the evolution
of their patients towards a successful rehabilitation. With
the game fully implemented, it will be integrated with our
rehabilitation management system to enable us to start the
testing of such game by involving real users.
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C. R. Garćıa, P. Caballero-Gil, M. Burmester, and A. Quesada-
Arencibia, Eds., pp. 121–132, Springer International Publishing,
2016.



Research Article
Fuzzy Intelligent System for Patients with Preeclampsia in
Wearable Devices

Macarena Espinilla,1 Javier Medina,1 Ángel-Luis García-Fernández,1

Sixto Campaña,2 and Jorge Londoño3

1University of Jaén, Jaén, Spain
2Universidad Nacional Abierta y a Distancia, Bogotá, Colombia
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Correspondence should be addressed to Macarena Espinilla; mestevez@ujaen.es

Received 1 June 2017; Revised 4 August 2017; Accepted 10 September 2017; Published 12 October 2017

Academic Editor: Pino Caballero-Gil

Copyright © 2017 Macarena Espinilla et al. This is an open access article distributed under the Creative Commons Attribution
License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly
cited.

Preeclampsia affects from 5% to 14% of all pregnant women and is responsible for about 14% of maternal deaths per year in the
world.This paper is focused on the use of a decision analysis tool for the early detection of preeclampsia in women at risk.This tool
applies a fuzzy linguistic approach implemented in a wearable device. In order to develop this tool, a real dataset containing data of
pregnant women with high risk of preeclampsia from a health center has been analyzed, and a fuzzy linguistic methodology with
two main phases is used. Firstly, linguistic transformation is applied to the dataset to increase the interpretability and flexibility in
the analysis of preeclampsia. Secondly, knowledge extraction is done by means of inferring rules using decision trees to classify
the dataset. The obtained linguistic rules provide understandable monitoring of preeclampsia based on wearable applications and
devices. Furthermore, this paper not only introduces the proposedmethodology, but also presents a wearable application prototype
which applies the rules inferred from the fuzzy decision tree to detect preeclampsia in women at risk. The proposed methodology
and the developed wearable application can be easily adapted to other contexts such as diabetes or hypertension.

1. Introduction

We are currently living in the age of data; our everyday
lives are surrounded by sensors that capture information
associated with objects, humans, or environments such as
vision sensors, motion sensors, light sensors, and medical
sensors. The so-called Internet of Things (IoT) [1] is all
around us, producing a huge amount of data that needs to be
automatically organized and processed in order to produce
easy to understand reports for the users, as trying to deal
with this raw data directly is certainly far from the human
capabilities.

Data analysis [2] is at the core of a relevant amount
of recently published works, many of them focusing on
data mining techniques to extract useful knowledge from
the data and to shape it so that users understand what is
happening and act accordingly. The research on methods to
communicate this knowledge in a user-friendly way has led

to the concept of linguistic descriptions [3], which allow
humans to abstract useful data into different levels and
dimensions, therefore providing interpretability.

In this context, the computing with words (CWW)
methodology emulates human cognitive processes to make
reasoning processes and decisions in environments of uncer-
tainty and imprecision [4]. The CWWmethodology consid-
ers that inputs and outputs should be expressed in a linguistic
domain in order to be close to human natural language,
therefore providing interpretable and understandable results
[5, 6].

The application of soft computing techniques for the devel-
opment of methods for data analysis [7] has proved to be very
successful. However, these methods produce results that in
most cases still require some level of expertise to understand
and to use them properly. This is the main motivation for the
development of linguistic knowledge extraction techniques,
which rely on the principles of fuzzy logic [7] in order
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to communicate relevant information obtained from the
analysis of the data.

This paper is focused on the health care area, given its
relevance nowadays, although the presented techniques could
be applied in other areas like wellness [8]. In general, modern
health care systemsmake use ofmany technological advances
to measure biomedical signals that produce large amounts of
raw data.

In the context of the early detection of preeclampsia
[9, 10], generating user-friendly knowledge to support the
diagnosis and monitoring in scalable contexts is a problem
that has not been completely solved yet because sometimes a
rigid interpretation of the data can lead to misdiagnosis. For
example, in [11] it is highlighted that factors like physiology,
body size, and variations on the instrumentation can produce
differences in the measured heart-rate values that might lead
to misdiagnosis.

Therefore, we propose a methodology based on the lin-
guistic approach to extract knowledge by applying a decision
tree analysis [12] on a supervised preeclampsia dataset with
the aim of early detection of preeclampsia. The proposed
methodology is composed of two phases: (i) a linguistic
transformation of the dataset to increase the interpretability
and flexibility in the analysis of preeclampsia and (ii) the
extraction of linguistic knowledge bymeans of inferring rules
using decision trees to classify the dataset.

The use of white-box classification in the cases of decision
trees and fuzzy logic [13] provides a wide range of benefits
related to real deployments in Health Systems, among which
we highlight the following:

(i) Increased human interpretability. It is to identify
risky conditions and extract interpretable linguistic
knowledge for themedical staff, thanks to the intuitive
representation of concepts instead of using numeric
values [14].

(ii) Independence from health measuring instruments. In
our approach, the values are translated to degrees of
membership in different fuzzy sets, and therefore it is
more robust to variations in precision or granularity.
We highlight that the flexibility achieved by the
fuzzification of the attributes is key for translating
the classification from the original dataset based on
measurements with traditional health instruments to
different contexts and advancedmedical devices, such
as wearable devices.

(iii) Inclusion of human observations in the system. The
need for diagnosing preeclampsia in developing
countries, where some areas are remote or isolated
from health centers, involves integrating humanmea-
surements described by itinerant health staff without
advanced instruments [15]. In our study case, the age
or weight, and even urine infection, can be described
by human observation of the patient through linguis-
tic transformation of the data in the decision tree
classifier.

The rest of the paper is structured as follows. Sec-
tion 2 describes the preeclampsia disease and provides some

significant data about its incidence worldwide. Section 3
reviews some notions related to mobile information systems
and their application to health. Section 4 describes the
proposed fuzzy linguistic methodology. Section 5 presents
the results of the case study. Section 6 presents a prototype of
wearable applicationwhich applies the rules inferred from the
obtained fuzzy decision tree. Finally, Section 7 summarizes
our conclusions and future work.

2. Preeclampsia Disease

In this section, the medical context of preeclampsia is
reviewed and global quantitative data is provided in order to
highlight the seriousness of the problem.

Preeclampsia (PE) [9, 10] is a multisystemic disorder
that occurs during pregnancy, characterized by hypertension
and proteinuria (excess of proteins in the urine). PE usually
appears after 20 weeks of pregnancy. This condition is one of
the most serious complications of pregnancy and also one of
the most feared. In severe cases, it endangers the life of both
the mother and the fetus [16]. Therefore, it is necessary to
diagnose it and begin the treatment as soon as possible. In
[17] we also find that severe preeclampsia is associated with
an increment of maternal mortality (0.2%) and higher rate of
maternal complications (5%) such as convulsions, pulmonary
edema, acute renal or liver failures, liver hemorrhage, dis-
seminated intravascular coagulopathies, and strokes. These
complications are usually detected in women who develop
preeclampsia before the 32nd week of gestation and in those
with preexisting medical conditions [18]. PE may be mild or
severe, according to the following clinical parameters [19]:

(i) Mild PE: Blood pressure of at least 140/90mmHg on
two occasions six hours apart after the 20th week
of pregnancy. Proteinuria greater than 300mg in 24
hours. Moderate edema and urinary volume in 24
hours greater than 500ml.

(ii) Severe PE: Blood pressure greater than 160/90mmHg
on two occasions six hours apart after the 20th
week of gestation. Systolic blood pressure greater
than 60mmHg over baseline and diastolic blood
pressure greater than 30mmHg over baseline. Pro-
teinuria greater than 5 g in 24 hours, massive edema,
and systemic symptoms such as pulmonary edema,
headache, visual disturbances, pain in the right
hypochondrium, high level of liver enzymes, or
thrombocytopenia.

It is important to emphasize that “blood pressure” is one
of the most important factors to be controlled in pregnant
women at risk of PE. Therefore, it would be very useful to
have a device for monitoring this factor, preferably in real
time, and including the possibility of remote monitoring the
reports generated by the device.

On the other hand, maternal mortality is a phenomenon
that continues occurring despite the efforts of health institu-
tions all over the world. In order to have a general view of the
problem, we present here a brief description of the statistics
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Table 1: Statistics related to PE in the world in the last 10 years.

Case study Year Results
TheWoman with Severe Preeclampsia Who Died
from Postpartum Complications [23]. 2016/2017 PE is responsible for about 14% of maternal deaths per year in the world.

TheWorld Bank. Trends in Maternal Mortality:
1990 to 2010 [24] 2015 The maternal mortality ratio (MMR), defined as the number of maternal

deaths per 100000 live births, was estimated at 216 globally.
Competing Risks Model in Screening for
Preeclampsia by Maternal Factors and Biomarkers
at 30–34 Weeks’ Gestation [25]

2013/2014 PE affects 2-3% of all pregnancies and is a major cause of maternal and
perinatal morbidity and mortality.

Reducing Maternal Mortality from Preeclampsia
and Eclampsia in Low-Resource Countries—
What Should Work? [26]

2012
PE is thought to account for about 15% of maternal mortality worldwide,
between 20% and 25% of fetal mortality, and with increased risk of
asphyxia and preterm delivery for as much as 25% of neonatal mortality.

Review: Biochemical Markers to Predict
Preeclampsia [27] 2010/2011

Preeclampsia is one of the most serious pregnancy complications. The
worldwide prevalence of PE ranges from 3% to 8% of pregnancies, affecting
a total of 8.5 million women worldwide. PE is responsible for about 18% of
maternal deaths and up to 40% of fetal mortality.

World Health Statistics 2016: Monitoring Health
for the SDGs [28]. 2003/2009 The primary causes of maternal deaths are hemorrhage, preeclampsia,

eclampsia, sepsis, or infections and indirect causes.

Table 2: PE statistics in Colombia.

Case study Year Results
Research Opportunities in Preeclampsia from the
Perspective of Primary Prevention: A Reflection [29]. 2006 23.8% of maternal mortality cases recorded in health centers were due

to this pathology.

Preeclampsia: Facing a Complex Problem from its
Physiology [30]. 2010

The indicator of maternal mortality was 25.7% for countries such as
Colombia and 16.1% for developed countries. Statistics also showed
that the main cause of death due to maternal complications in
Colombia in 2010 was PE.

Clinical Practice Guidelines for Approaching
Pregnancy Associated Hypertensive Complications
[31].

2013 35% of maternal mortality was associated with hypertensive disorders
such as PE.

Protocol on Public Health Surveillance: Extreme
Maternal Morbidity [32]. 2014-2015 10,499 cases of maternal death in 2014, increasing by 35% the figures

from 2013. By 2015, the number of cases increased to 15,067.

related tomaternalmortality in relation to preeclampsia (PE),
mainly referred to the last years (see Table 1).

This paper presents amethodology based on the linguistic
approach to extract knowledge by applying a decision tree
analysis [12] on a supervised preeclampsia dataset from
Colombiawith the aim of early detection of preeclampsia. For
this reason, it is also important to refer to the PE statistics in
this country. A statistical summary can be found in Table 2.

It has also been pointed out [20] that the management
of PE has not changed significantly over time, possibly as a
result of the poor progress in understanding this condition.
All these factors motivate our work, which was developed
taking as reference a dataset of patients who suffered PE
during a five-year time frame, kindly provided by a hospital
in Colombia.

In this paper, we analyze this information using data
mining techniques and, as a result, we propose a prediction
model and a pathology monitoring process that takes into
account the values of relevant vital signs, using a fuzzy lin-
guistic system to support the diagnosis of PE.This prediction
model has been developed for a mobile device as a prototype
of wearable application in order to detect preeclampsia in
women at risk.

3. Mobile Applications in Health Care

In this section, we review some notions related to mobile
information systems and some applications ofmobile systems
to health. A mobile application is software designed to run
on a mobile device. Typically, mobile applications will access
data, devices, and other applications from anywhere [21].

One of the features offered by mobile platforms is real-
time connectivity, which has facilitated the creation of various
tools that efficiently guide the daily activities of their users.
Mobile applications have become the preferred way for users
to connect from their devices [22] and have different appli-
cation areas, such as health, industry, commerce, marketing,
entertainment, and sports, among others. For the case that
we analyze, the specific domain is the one that refers to the
application of mobile information systems to health care. To
provide a global idea about some applications developed in
this context, Table 3 shows some related works.

We can divide themobile applications for health purposes
into two main groups: applications that are designed for
specific purposes (treatment of a single pathology) and
general purpose applications that are intended to prevent or
attend to emergency situations. The common feature of all
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Table 3: Applications of mobile systems to health.

Application Year Service

Fetal heart rate monitor using a
mobile phone [33] 2009

A mobile application that analyses the fetal heartbeat and calculates the heart rate using a
beat-to-beat accuracy algorithm. This data is sent and stored in a server, and then a midwife can
examine it through a web browser [34].

Mobile health system for the
treatment of pediatric HIV [35] 2009

AWeb based EHR system that uses an embedded comprehensive pediatric HIV knowledge base
and a clinical decision system. This system allows physicians to integrate clinical information to
manage pediatric HIV.

Mobile phone image
transmission for diagnosis [36] 2011

A mobile phone with camera functionalities is used as image transmission unit. This system
allows communicating with medical image experts in remote locations. The images are sent
using the Multimedia Message Service (MMS) via mobile phones.

Mobile phone pulse oximeter
[37] 2012 A mobile phone is used to analyze and display the information received from an oximeter placed

on a finger. It can aid physicians in detecting clinical events and making decisions [34].

Portable telemedicine unit [38] 2008
A portable telemedicine unit that combines a mobile telemedicine system with a computer
server. Communication between these two elements is set via GSM, CDMA, Internet, or
satellite. This system is intended for healthcare services in rural or remote regions and can be
used for several health services, such as recording, reporting, and teleconsultation [34].

these applications is that all of them use mobile technologies
for their operation, including themonitoring through remote
transmissions of the pathology or purpose for which they
were created.

In this paper, we present a mobile information system in
the context of health, especially, a prototype ofwearable appli-
cation to detect preeclampsia in women at risk.Moreover, the
most important variables to be monitored are identified; the
values of these variables can be collected from health sensors
and/or from human observation straightforwardly.

4. Methodology

In this section, a methodology based on a linguistic approach
is presented to extract knowledge by applying a decision tree
analysis on a supervised preeclampsia dataset.The aim of this
process is to allow early detection of preeclampsia.

The dataset contains quantitative data from patients with
pregnancy disorders and risk of preeclampsia in Colombia, as
well as a human expert diagnosis label for each case.

Firstly, a series of attributes is identified as key factors for
diagnosing preeclampsia, based on the experience of health
experts and other academic studies.This process led us to the
following selection of attributes:

(i) Age: age is between 13 and 46 years old, as stated in
[39].

(ii) Body mass index (ICM): body mass index is between
22 and 38Kg/m2, as explained in [40].

(iii) Trimester of pregnancy: pregnancy is to be in the
second or third trimester.

(iv) Blood pressure: diastolic (DBP) or systolic (SBP)
between 80 and 200mmHg is highly related to
preeclampsia, according to [41].

(v) Family history: if the mother of the patient suffered
from preeclampsia, it is labeled as first degree; if
only one of the patient’s grandmothers suffered from

preeclampsia, it is labeled as second degree; other-
wise, no label is set.This is pointed out as a risk factor
in [42].

(vi) Socioeconomic stratum: it is related to preeclampsia
because of its consequences on the supplementation
of multivitamins and folic acid [43]. It is described
with discrete values in the range [1, 4]. The value of 1
is related to the highest socioeconomic stratum and 4
the lowest, which is themost critical for preeclampsia.

(vii) Race/ethnicity: according to [44], African-American
women are more prone to suffer from severe
preeclampsia. This attribute is defined with discrete
values (indigenous, African-American, andmestizo).

(viii) New mother: this attribute reveals whether it is the
first time the patient is pregnant.

(ix) Proteinuria: the presence of excess proteins in the
urine. It can bemeasured by a simple dipstick test that
returns a value in a scale ranging from 0 to 8mg/dl. It
is also related to preeclampsia diagnosis, as explained
in [45].

(x) Preeclampsia label: this is the target attribute to
classify.

The last attribute, preeclampsia label, is defined as a
discrete attribute with three possible values: nonpreeclampsia,
moderate preeclampsia, and severe preeclampsia.

We highlight the fact that the cases included in the dataset
were collected because of their complexity and relevance
to preeclampsia detection. No trivial episodes have been
included in the dataset, and the diagnosis of preeclampsia is
divided intomoderate and severe.The complexity of the cases
in the dataset should be taken into account before presenting
the results.

In the next subsections, the two phases of the proposed
methodology are presented.

4.1. Extracting Knowledge by Means of Decision Trees. The
first phase of our methodology is focused on extracting
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Table 4: Data for trapezoidal shaped representation.

Attribute Term Trapezoidal membership function
Systolic pressure Normal T (120mmHg, 120mmHg, 135mmHg, 140mmHg)
Systolic pressure High T (135mmHg, 140mmHg, 155mmHg, 160mmHg)
Systolic pressure Severe T (140mmHg, 150mmHg, 160mmHg, 170mmHg)
Systolic pressure Very severe T (160mmHg, 170mmHg, 200mmHg, 200mmHg)
Diastolic pressure Normal T (85mmHg, 85mmHg, 85mmHg, 90mmHg)
Diastolic pressure High T (85mmHg, 90mmHg, 105mmHg, 110mmHg)
Diastolic pressure Severe T (100mmHg, 105mmHg, 115mmHg, 120mmHg)
Diastolic pressure Very severe T (115mmHg, 120mmHg, 200mmHg, 200mmHg)
Proteinuria Normal T (0 g/dl, 100m/dl, 900 g/dl, 1000 g/dl)
Proteinuria High T (500 g/dl, 1000 g/dl, 4500 g/dl, 5000 g/dl)
Proteinuria Severe T (2000 g/dl, 4500 g/dl, 5000 g/dl, 5000 g/dl)
Age Girl T (13 y, 13 y, 15 y, 18 y)
Age Young T (15 y, 20 y, 30 y, 35 y)
Age Elder T (30 y, 38 y, 38 y, 38 y)
Age Risk T (35 y, 38 y, 40 y, 40 y)
Weight (ICM) Normal T (20Kg/m2, 20 Kg/m2, 20 Kg/m2, 25 Kg/m2)
Weight (ICM) Overweight T (23Kg/m2, 25 Kg/m2, 30 Kg/m2, 30 Kg/m2)
Weight (ICM) Obesity T (25Kg/m2, 30 Kg/m2, 35 Kg/m2, 35 Kg/m2)
Weight (ICM) Severe obesity T (30Kg/m2, 35 Kg/m2, 35 Kg/m2, 35 Kg/m2)

knowledge from the dataset on pregnant women with high
risk of preeclampsia using decision trees. In this stage,
decision trees are used to infer rules to classify the dataset.

Among all the standard decision tree strategies, we
propose using the C4.5 statistical classifier [46] to analyze
the dataset. This classifier is shaped as a tree-like graph for
continuous and discrete attributes [47] in which the most
relevant attributes are located in upper layers. The hierarchy
is built taking into account the entropy of each attribute
[48], which is a measurement of the homogeneity and the
relevance of the information of an attribute with respect to
the target attribute to be classified.

The result of applying a decision tree is a white-boxmodel
[49], in which the tree-like graph can be easily understood
and modified by humans. Moreover, it can be translated into
an inference rule system in which each path, from the root to
each end node, represents an induction rule [50].

When analyzing real-world datasets, the model tends
to increase the tree size to obtain the best accuracy in the
classification. However, this may result in the overfitting of
the tree, as well as making it more difficult to interpret;
therefore, pruning techniques are applied to reduce the tree
complexity [51]. Pruning decreases the size of the tree-like
graph by removing those nodes whose instances present low
entropy. In Section 5, the effects of applying two different
pruning techniques on real data are discussed.

4.2. Linguistic Fuzzy Transformation. The fuzzy linguistic
approach is included in the second phase of the classification
of the dataset in order to increase the interpretability of the
resulting decision tree. Fuzzy logic has been proposed for
this stage because of the increased expressiveness of learning
methods based on fuzzy logic predicates [52].

We have integrated a fuzzification step in which we relate
each numeric attribute with an attribute described using
linguistic terms as presented in [13]. In this step, each attribute
with continuous values has been translated to a linguistic
variable with different terms. The fuzzification consists of
describing each attribute by one variable whose terms are
related to a membership degree between [0, 1]. For example,
systolic pressure: 138mmHg would be described as systolic
pressure is normal (0.8) and systolic pressure is high (0.2).
Next, the continuous value of each attribute is replaced by the
linguistic term with the highest membership degree.

The membership functions of the linguistic terms have
been provided by health experts, which defined the values
and ranges for each attribute based on their experience
and the attribute relevance as a risk factor. The attributes,
linguistic terms, and membership functions proposed are
detailed in Table 4 using a trapezoidal shaped representation,
as shown in Figure 1.

5. Evaluation of Results

In this section, a real evaluation of themethodology proposed
in this paper is carried out in order to show the efficiency of
our proposal.

We have used a dataset from patients with a diagno-
sis of possible preeclampsia collected in the Departmental
Hospital of Nariño (Colombia); this meant an arduous task
of compilation with private and public funding. According
to medical experts, the dataset contains a representative
sample of preeclampsia cases in the last 5 years in this area
and consists of 729 records with the attributes and values
described in Section 4. We present the results of analyzing



6 Mobile Information Systems

1.00

0.75

0.50

0.25

0.00
120 140 160 180

(D
eg

re
e)

Systolic pressure

Normal
High

Severe
Very_severe

(a)

(D
eg

re
e)

1.00

0.75

0.50

0.25

0.00

Diastolic pressure

Normal
High

Severe
Very_severe

85 95 105 125115

(b)

(D
eg

re
e)

1.00

0.75

0.50

0.25

0.00

Proteinuria

Normal
High
Severe

0 1000 2000 40003000 5000

(c)

(D
eg

re
e)

1.00

0.75

0.50

0.25

0.00

Age

Girl
Young

Elder
Risk

15 20 25 3530 40

(d)

(D
eg

re
e)

1.00

0.75

0.50

0.25

0.00

ICM
Normal
Overweight

Obesity
Severe obesity

21 24.5 28 3531.5

(e)

Figure 1: (a) Linguistic terms and membership functions related to systolic pressure. (b) Linguistic terms and membership functions related
to diastolic pressure. (c) Linguistic terms and membership functions related to proteinuria. (d) Linguistic terms and membership functions
related to the age of the patient. (e) Linguistic terms and membership functions related to ICM.

the dataset using the open source implementation of C4.5
available in Weka [53], called J48 [54].

The initial approach was to classify the overall dataset
using simple C4.5 without pruning techniques and without
a limit in the number of required instances for creating a tree
node. The accuracy obtained was 99.45% but at the cost of a
tree size of 598 nodes. As we stated before, the problems of
overfitting and interpretability can be reduced at the expense
of accuracy using pruning. For this reason, in the second
and third attempt, the accuracy ratio is computed on the test
set by means of a leave-one-out cross-validation, which is a

particular case of𝑓-cross-validation when𝑓 is equal to 1.The
main advantage of this validation is that all the activities in the
dataset are used for training and testing, therefore avoiding
the problem of considering how the dataset is divided.

In the second attempt, we applied two pruning techniques
(one was applied on the finished tree and the other one
was applied during the tree construction); these were the
following: (i) reducing the generated nodes with a confidence
factor of entropy equal to 0.25 and (ii) disabling nodes with
just one instance in construction. This approach produced a
notable accuracy of 82.16%, with a tree size of 236 nodes.
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Age ≤ 20
Etnia = mestizo

Trimester of pregnancy = 3T
Body Mass Index ≤ 28 THEN Risk of preeclampsia is severe
Body Mass Index > 28 THEN Risk of preeclampsia is moderate

Trimester of pregnancy = 2T
Age ≤ 18 THEN Risk of preeclampsia is moderate
Age > 18 THEN Risk of preeclampsia is severe

Box 1: Example of rules generated from original data.

patient is a girl
patient with severe obesity

Proteinuria is not normal
patient without antecedents

Etnia = african-american THEN Risk of preeclampsia is severe
Etnia = indigenous THEN Risk of preeclampsia is moderate
Etnia = mestizo THEN Risk of preeclampsia is moderate

patiente with antecendets THEN Risk of preeclampsia is moderate

Box 2: Example of interpretable rules generated by linguistic approach.

Table 5: Results of the methods proposed for classifying preeclampsia patients.

C4.5 features Accuracy Relative
size Advantages Weak points

(i) No pruning
(ii) No limit in number of nodes 0.9945 100% (i) Good accuracy

(i) Low interpretability because of the tree size
(ii) Overfitting
(iii) Difficult extrapolation out of the dataset

(i) Postpruning (confidence
factor = 0.25)
(ii) Online pruning (number of
instances/node ≥ 2)

0.8216 39%
(i) Encouraging accuracy
(ii) Increased interpretability due
to the reduction in the tree size

(i) Difficult extrapolation out of the dataset
(ii) Dependence on measuring instruments
(iii) Not good accuracy

(i) Fuzzy linguistic
representation
(ii) Postpruning (confidence
factor = 0.25)
(iii) Online pruning (number of
instances/node ≥ 2)

0.7503 32%

(i) Increased interpretability due
to the linguistic approach
(ii) Flexibility on measuring
instruments
(iii) Human observation of
attributes

(i) Loss of precision

For the third attempt, we evaluated the fuzzy approach of
tree classification, integrating the linguistic terms and mem-
bership functions proposed by health experts as described
in Section 4.2. It resulted in a tree with 197 nodes and an
improvement of interpretability at the expense of a lower
accuracy of 75.03%. Obviously, the generation of more scal-
able classification system based on knowledge involves a loss
of accuracy, which is related in [55, 56] as a reasonable small
loss of accuracy for the sake of interpretability. In exchange, it
can be adapted to other contexts using human observation or
different health devices, such as a wearable.

We include a fragment of the rules generated from
the original data and the linguistic approach, respectively,
in Boxes 1 and 2. Note the interpretability of the linguistic
approach which can deal with human perception of age and
symptoms.

We have summarized the results of analyzing the
preeclampsia dataset in Table 5.

6. Development Using Wearable Devices

In this section, we present a prototype of wearable application
which contains the rules from the fuzzy decision tree detailed
in Sections 4 and 5. It has been developed using the Android
Wear platform. As we have described in this paper, the aim of
the methodology is to generate medical knowledge that can
be applied with the aid of wearable devices in situations in
which access to health centers is restricted.

Firstly, the wearable application collects the input values
for the attributes to monitor from the patient. This informa-
tion can be collected in different ways:
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(a) (b) (c)

Figure 2: (a) Introducing input information with linguistic terms, (b) getting the measurement value from a wireless health device, including
the fuzzification and representation of the value with a pie circle chart (green for normal and yellow for severe), and (c) representation of the
degree of preeclampsia with a pie circle chart (green for nonpreeclampsia, yellow formoderate preeclampsia, and red for severe preeclampsia).

(i) Measurements from wireless health devices, such as
wireless blood pressure monitors connected through
Bluetooth Low Energy (BLE). In this case, the con-
tinuous value of the device is replaced by a linguistic
term under the fuzzification described in Section 4.2.

(ii) Linguistic terms related to human interpretation, for
example, overweight or obesity.

(iii) Linguistic terms related to human observation of
colored strips from portable urine tests. It is success-
ful, for example, for visually evaluating the excess of
proteinuria [57] in a cheap and portable way.

Secondly, the linguistic terms are evaluated in the deci-
sion tree integrated in the wearable device, providing a
matching with the inferred rules.

Finally, the degree of risk of preeclampsia in the
unit interval is provided as the degree of membership
to each target class (nonpreeclampsia, moderate preeclamp-
sia, and severe preeclampsia). Figure 2 shows the wearable
application.

Two features have prevailed in the software development
for the wearable device: on the one hand, experimentability,
that allows the tool to be used to evaluate and experiment
with different linguistic rules generated by different datasets
and on the other hand, maintainability, due to the use of
frameworks and standard, well-documented programming
languages. Due to these features, the software can be easily
modified and fixed for further development.

7. Conclusions and Future Work

Early detection of preeclampsia is an important worldwide
problem that should be addressed. This paper has presented
a solution to support the diagnosis and monitoring of this
disease, overcoming the limitation of a rigid interpretation of
the data that can usually lead to misdiagnosis. In this paper,
biomedical signals are used to identify risk conditions and

extract linguistic knowledge for the medical staff. A method-
ology based on a fuzzy linguistic approach that provides inter-
pretable results is proposed. The proposed methodology is
composed of two phases that include a knowledge extraction
by means of decision trees and a linguistic transformation
of the data. Therefore, this methodology allows a linguistic
monitoring in real time. A real evaluation of the proposed
methodology has been carried out, providing good results
and offering interpretable rules formonitoring. Furthermore,
a prototype of a wearable application, which applies the rules
from the fuzzy decision tree derived from the analysis, has
been presented. Finally, our future work is focused on trying
to obtain a preeclampsia dataset from another health center,
preferably from another country, and applying the proposed
methodology in order to compare and analyze the inferred
linguistic rules for the new dataset.
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