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aDepartment of Computer Science, University of Jaén , Campus Las Lagunillas s/n, Jaén, Spain

d to Information Fusion Octob



Journal Pre-proof

Fuzzy processing applied to improve multimodal sensor data fusion to discover frequent

Abstract

The extraction for trans-
forming decis rge-scale
data generated nd strate-
gic improvem ployment
and user intera nts an in-
novative autom h-quality
intelligent out complex
sensor dataset atients in
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aDepartment of Computer Science, University of Jaén , Campus Las Lagunillas s/n, Jaén, Spain

and utilization of latent information from sensor data is gaining increasing prominence due to its potential
ion-making processes across various sectors. Data mining techniques provide robust tools for analyzing la

by advanced network management systems, offering actionable insights that drive operational efficiency a
ents. However, the sheer volume of sensor data, combined with challenges related to real-world sensor de
ction, necessitates the development of advanced data fusion and processing frameworks. This paper prese
atic fusion and fuzzification methodology designed to integrate multi-source sensor data into coherent, hig

puts. By applying fuzzy logic, the proposed system enhances the interpretability and interoperability of
s. The approach has been validated in a real-world scenario within sensorized homes of Type II diabetic p
a, Spain), where it aids healthcare professionals in monitoring and optimizing patient routines. Experiment
e system’s effectiveness in identifying and analyzing behavioral patterns, highlighting its potential to improv
dvanced sensor data fusion techniques.

ta Fusion, Sensor data, Sensor fuzzification, Smart Healthcare

on

, advanced sensor technologies and healthcare in-
n hospitals [1], nursing homes [2] or individual
dependent adults can generate thousands of rea-
inute from a wide range of sensors. Health sector
gressively recognizing the immense potential [1]
nessed through the analysis and utilization of this
onsequently, the prevailing trend is to store and
ata with the aim of extracting valuable insights

erns of activity, behavioural tendencies, and iden-
dividuals’ actions and behaviours [4, 5].
collect data in the real context, it is necessary to

eploy systems based on Internet of Things (IoT)
his type of systems [1, 3, 6] are characterised by
ices that are capable of recording the activity of
municating this information wirelessly [7] to the
ents of the system and storing all the data in the
nt types of sensorised devices can be found in
device free, tagged object and wearables. The-

evices [9] are highly specialised in the healthca-
et of Medical Things) and are characterised by
to the user’s body and measuring different types
al signals, such as heart rate, temperature, brea-

ong others.
large amount of information generated, the main
11] in processing sensor-generated data is to find
ds and techniques to improve the quality of the

data obtained. One of the key steps is data fusion
-processing phase because, in most cases, data

from different sources must be imported. In addition,
ta are usually of considerable size, as they are generat
frequencies by numerous sensors, detailing an inhe
text and correlation between them. Therefore, pre-p
and data fusion become integral elements to obtain
se that encapsulates the relationship and knowledge a
with the different sensors.

Sensor measurement data is commonly produced
merical measurements that encapsulate values within
uous range. This characteristic often complicates la
analysis due to its fine granularity. A fundamental
comprises designating divisions of the possible value
tervals, aiding algorithms in data processing. This par
however, could be subjected to significant inconvenien
the results could vary drastically based on the applied
and this division might not be intuitive for subsequ
analysis.

Fuzzy sets have proven to effectively represent
soft edges, thereby enhancing the interpretability of r
associating meaningful linguistic labels with the result
sets [12, 13, 14]. Alternatively, interval programming
can be utilized to address the imprecise characteristic
ned in the data.

Although the literature presents various Artificia
gence (IA) and data fusion methods applied to healthca
logic [15] continues to be widely used due to its simpli
feature facilitates its use in environments with limited
tational resources and real-time applications, and enh
interpretability and trustworthiness [16] of the implem
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Journal Pre-proof

model. Nevertheless, fuzzy logic-based systems still rely stron-
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se advantages, fuzzy logic is still widely used in
of application, such as healthcare [17], cyberse-
d sentiment analysis [19]. In addition, it is fre-
ated into more complex hybrid models [20] that
haracteristics with other methodologies, such as

learning systems, thus taking advantage of the
y strengths of different approaches.
cle, we propose a fusion that enriches sensor da-
and create a database containing the knowledge
ips between sensors. In addition, a fuzzification
ich does not require expert knowledge, is used to
data adequately and, in a subsequent step, apply
ing techniques to discover potentially helpful in-
may be hidden in the data.

ar, we have applied association rule discovery [12,
rvised technique capable of finding existing rela-
een variables and their values. Furthermore, the-

w us to find frequent behaviour in the behaviour
live in sensorized houses. Additionally, sensors

tivities and person-locating functionalities allow
end routines-based frequent behaviours or activi-
].
system has been successfully applied in a senso-

cated in Cabra (Spain), obtaining a set of patterns
he behavior and activity patterns of the tenant of
wever, the presented approach could also be ap-
types of houses, residences with more tenants or
rs.
ns obtained describe the behavior and daily rou-
ant, but could also help to discover routines that
ial or unhealthy for people. Behavioural extrac-
in the healthcare field, for example in patients

iabetes mellitus. In this case, it is essential for
fessionals to know whether patients’ routines are
er to modify their treatment [3].

this work proposes a fuzzy logic-based system
ry of behavioural patterns in older people throu-
of data collected from multimodal sensors. The-

e been deployed in a typical real home environ-
ig data architecture, and present a novel process
the uncertainty of the data using fuzzy techni-

ry contributions of this work are enumerated be-

ment of an automatic fusion and fuzzification me-
gy that integrates multi-source sensor data into a
t and high-quality dataset while leveraging fuzzy
enhance the interpretability and interoperability

ata.
tion of fuzzy association rule mining to disco-
uent behavioral patterns in smart healthcare en-
nts, validated through a real-world deployment
orized home with monitored Type II diabetic pa-

The work is structured as follows. The next sectio
previous related research and introduces the necessa
ground of the related concepts. Section 3 describes th
of our system focusing on the developed fuzzificatio
thm. The section 4 presents our results for the use case
located in Cabra (Spain). Finally, in Section 5 we su
the conclusions and present possible future research li

2. Related works

Activity detection, particularly in human behaviou
ly living, is a critical area of research with significant
tions for healthcare, elder care, and pervasive comput
ronments. The primary goal of activity detection app
is to accurately recognize and monitor human activit
various sensing technologies and computational meth
capability is crucial for developing intelligent system
provide timely assistance, enhance safety, and improve
lity of life for individuals, especially the elderly or th
special needs.

The state of the art in activity detection has evolv
clude a variety of approaches and technologies. One
method involves the use of wearable sensors, such as
meters, to capture motion data that can be analyzed to
specific activities [23]. These sensors are advantageo
their ability to gather data unobtrusively, providing
us monitoring without significantly impacting the us
routine.

A range of studies have explored the use of fuzzy p
and fuzzy association rules in activity recognition. In
both propose methods for recognizing human activi
the former using a Neuro-Fuzzy Finite State Machin
latter using a fuzzy association rule mining algorithm
cus on improving the performance of existing meth
Borges adapting the k-Nearest Neighbors classifier to
rate fuzzy rules and Chiang developing a fuzzy compu
del for activity recognition in ubiquitous healthcare.
both address the challenge of recognizing activities in
mes, with Gayathri proposing a fuzzy ontology-based
and Mohmed introducing a clustering-based fuzzy fi
machine. In [28], fuzzy processing is extended to com
tivity recognition. Sakr employs a combination of
patterns and fuzzy sets, while Nguyen proposes a me
integrates Fuzzy Markov Logic Networks with Fuzzy
tive Spatio-Temporal Activity Graphs.

Fuzzy logic has emerged as a powerful tool in ac
tection, offering a way to handle the uncertainty and
sion inherent in human activities. Fuzzy logic system
pable of modeling the vagueness and variability of hum
vior, making them well-suited for applications where t
binary logic systems might fail [29]. These systems u
rules and inference mechanisms to process sensor dat
fer activities, allowing for more flexible and adaptiv
recognition.
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ers are particularly effective in scenarios where
ta includes noise and variability, common in hu-
ata [13]. The neuro-fuzzy systems are trained
s that adjust membership functions and rule pa-

timize performance.
ation of multiple sensors requires the use of da-
niques. This methodology represents a growing
eld, as it enhances the robustness and accura-
intelligence models and is commonly applied at

s [30, 15]: data, features, and decisions. In the
ture [30], several techniques for data fusion can

as Bayesian probabilistic methods, filters (e.g.,
, fuzzy logic and rule-based systems, and machi-
proaches. In recent years, driven by the prolife-
cial intelligence, new data fusion methods have
ding deep learning [31] through deep neural ne-

empster-Shafer evidence theory [32, 33], an ex-
itional probabilistic methods. However, these re-
es involve higher computational complexity, are
ing to interpret and explain, and complicate the
rameter tuning process. Conversely, fuzzy logic
results naturally and straightforwardly in envi-

acterized by ambiguity or imprecision, reduces
cost, and is easier to interpret and parameterize.

cific case of activity recognition, combining da-
le sources, such as video cameras and sensors,

more comprehensive understanding of the user’s
nd behavior [34].
ry, the field of activity detection is characterized
rray of methods and technologies, each offering
ages and suited to different applications. The on-
ment of these systems holds promise for creating
nt and responsive environments, ultimately en-
and quality of life for users.

ing system

g techniques have been extensively utilized across
ific fields. One such field is energy, where no-
21, 35, 36] demonstrate the application of tra-
ining techniques to extract information related

n. Similarly, in social science, numerous studies
ploy text pre-processing to analyze data. Other

as Physics and Astronomy, apply pre-processing
images [40, 41, 42, 43]. Data mining techniques
y applied in the medical domain, as observed in
0, 44, 45]. Medical research utilizing data mining
into two categories: studies focusing on imaging

8, 49] and those analyzing human activity [2, 50].
study in the health sector, such as the analysis of
45], encounters challenges like small sample si-
signals. The authors propose a viable method for
distinguishing directions from Electroencephalo-
signals by utilizing feature extraction techniques
l processing.

magnetic resonance images. This system consists of
steps: tumour contrast, tumour extraction, multi-mod
extraction, feature extraction, and classification. Othe
such as [51, 52, 53, 54], focus on unsupervised algori

Different data types often require distinct pre-proc
chniques to enhance quality and outcomes. Structured
nerally benefit from classical pre-processing technique
ta cleaning, data integration, data transformation, and
duction [55, 56, 57]. Big data technology also finds n
applications in the healthcare sector [11, 44, 58, 59],
predictive modelling, clinical decision support, diseas
lance, and research. Big data analytics often leverages
ning methods such as classification, clustering, and re

In our study, we propose a series of techniques t
from previous studies by uniquely applying and unify
methods. This approach ensures that, by the end of the
re, we have a refined set of data ready for knowledge e
and interpretation.

We have enriched our dataset by incorporating va
gnoses occurring during the patient’s medical action
to address the proposed diagnosis using external sou
sic pre-processing techniques were employed, such as
and eliminating missing values within the medical da
and removing outliers by selecting non-relevant fields

The next step in our procedure involves transfor
data using fuzzy techniques, ultimately creating assoc
les to detect relationships between different fields an
our study.

2.2. Fuzzy-based system

Most of the challenges facing sensor data are r
structuring the information within databases and rep
it for correct interpretation by end-users. It is essentia
fuzzy techniques to transform imprecise data, includi
data, into accurate and interpretable information for e
In ¨citecarlos energia, the authors propose new measu
curacy and usability for extracting fuzzy association r
energy sensor databases. Their approach allows for
cant reduction in the number of rules without losing i
information.

An intriguing example of the state of the art is
[14], which focuses on applying fuzzy techniques in
re. It demonstrates how sensors can be used to develop
that recommends specific prescriptions for patients w
tes.

In addition, there are theoretical studies [34, 60]
plore the use of fuzzy programming algorithms to so
problems, providing results in a way that eliminates un

These systems can be fully scalable by employing
tive algorithms [61]. This study presents biomedical d
in the cloud, showing how such algorithms are ideal fo
large-scale problems.

Our study focuses on the fuzzification of particu
sensors, analysing how proximity and sensor data p

3
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ecognition
gnificant aspect addressed in this study is the ana-
y recognition. Activity recognition involves iden-
tegorizing individual actions using data from va-
1, 4, 6, 22]. While activity data are often repor-

y, mainly in the context of academic research to
systems and public health agencies, few studies
mic activity recognition for initial diagnosis or
nitoring.
[62] focuses on recognizing activities to cate-

rees of autism in children based on the different
s they exhibit. In another study [63] researchers

ct unnecessary medical procedures by analyzing
ity data. For instance, they identified patients
strointestinal bleeding and patients with unspe-
testinal tract bleeding to examine the correlation
activities and laboratory results, such as calcium
ocytes in the blood. Their experiments invol-
romising activity patterns and grouping patients
eir activity data.

ing case study is presented on diabetic retinopa-
-induced condition generated by diabetes [9, 5].
onstrates how applying classification techniques,

nd data balancing methods can determine which
ost at risk of developing diabetic retinopathy ba-
tivity patterns.
extends the scope by focusing on activity reco-
ical records. By analyzing activity data, we can

ients as simple, standard, or complex using fuzzy
elps us better interpret their medical history and
d on their recognized activities.

sed system for pattern mining in Big Data

proposes a fuzzy logic-based system for the di-
avioural patterns in older people through the ana-
ollected from multimodal sensors. These sensors
loyed in a typical real home environment using a
ecture, and present a novel process for modelling

of the data using fuzzy techniques.
earch work, the presented process is divided in-
locks: data acquisition, data pre-processing and
cation and generation of fuzzy association rules
behaviour extraction. First, data is collected from
nsors using an architecture based on the IoT para-
e collected data is processed and fused, leading

ation process. Finally, automatic behaviour ex-
formed. The whole workflow is summarised in

of the process is described in detail below.
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Localisation sensors
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Figure 1: Summary of the system workflow which has been divid
main phases

3.1. Data Acquisition

Data acquisition is the first stage of the proposed
This stage is fundamental to provide input data for the f
phases and thus to discover common behavioural pa
older people. In this work it has been chosen to use m
sensors that record all the activities of the user in his
home.

This type of sensor has a number of advantages o
types of proposal. Firstly, these devices provide compl
information by capturing different types of data simult
such as movement, location, temperature or interaction
environment. In addition, combining data from differ
ces reduces potential errors and provides greater accu
nally, devices can monitor the user in real time by p
and sending data instantly.

In the literature, different types of sensors can be
smart environments. Considering the proposed data
tion in older people’s homes, systems based on device
sors are the most convenient because the user does
to interact directly with the devices. However, in re
occupancy environments, some identification of the oc
required to recognise who is performing the detected

4



Journal Pre-proof

Table 1: A comprehensive description of the specific sensors employed in the system in the data acquisition phase

Device Data Type Range Activation Other features
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r1 Motion Binary - Upon the occurrence of
motion

The device offers 170° covera
range of up to seven metres.
more, the sensitivity and freq
activation can be modified acc
the user’s preferences. The dev
dimensions of 55 x 37 x 70 m
equipped with a battery that is
of powering the device for a p
two years

ose Mechanism
state

Binary - When users interact wi-
th door and window
mechanisms or other
similar elements

The device has a dimens
41 x 22 x 11 mm and is equi
th a battery that is capable of p
the device for a period of two

Temperature Integer [−20, 50] ºC When significant tem-
perature variation oc-
curs

The device has a dimensions o
36 x 36 x 9 mm and is equippe
a battery that is capable of pow
the device for a period of two

Humidity Integer [0, 100] % RH When a significant va-
riation in humidity oc-
curs

ing RSSI Integer [0, −200] Send data every three
seconds if the wrist-
band is found

General computing unit used t
ment the anchor element of th
localisation system. The devic
res 85 x 49 mm

Steps Integer [0,∞) Sends data every minu-
te

The device is equipped with an
ted accelerometer and gyrosco
bling it to calculate steps. It
sions are 7.9 x 46.9 x 12 mm

w.aqara.com/en/product/motion-sensor-p1/
w.aqara.com/en/product/door-and-window-sensor/
w.aqara.com/en/product/temperature-humidity-sensor/
w.raspberrypi.com/products/raspberry-pi-4-model-b/
w.mi.com/cl/mi-band-3/

achieve activity data collection, a hybrid device-
isition system combined with wearable devices is

the proposal of David et al. [3].
deploys a total of five distinct sensorised de-

re as follows: an infrared-based motion sensor,
d closing sensor, an ambient sensor, a fixed loca-
d an activity wristband. All pertinent information
se devices is provided in meticulous detail within

evices are employed to monitor the daily beha-
r adults in their domestic environments. The sy-
nformation pertinent to the most crucial health-
ours, including physical activity, sleep, hygiene,
ine and medication adherence. Additionally, the

an indoor location system to ascertain the indi-
ible for activating the sensors. These types of sy-
ly employed within the scientific community and
e radio frequency technology. In this scenario,

the system is based on blacktooth Low Energy (BLE)
gy and uses the Received Signal Strength Indicator (R
feature.

The following provides an overview of the types
related to the different behaviours detected by the de
scribed in Table 1:

• Motion sensor: sleep, personal hygiene, mealti
ne.

• Open and close sensor: physical activity, medi

• Ambient sensor: personal hygiene.

• Fixed tracking devices: location indoors.

• Activity wristband: physical activity, sleep, lo
doors.

The system is based on an edge-fog-cloud archite
the acquisition of data. In this environment, a variety
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the ZigBee protocol for receiving data from com-
s, such as Aqara devices, and the HTTPS proto-
unication between fog and cloud layer devices.
cation on all of these points can be found in [3].
g the sensitive nature of the data, several techni-
d to ensure the protection of information and the

mmunications at different levels: communication
t the communication level, a range of mechani-

yed, including:

protocol: message encryption using TLS/SSL,
cation and authorisation.

rvice: message encryption using HTTPS and use
Web Tokens for authentication.

se: message encryption between this component
other application, authentication and authorisa-

database storage level, all information is encryp-
ES-256 algorithm.

essing

ain of data pre-processing, an array of diverse
mmonly employed. Notably among them is the
ata granularity normalization. Sensor data, being
arying time intervals, necessitates alignment to
points. This particular transformation is illustra-
examples like Table 2, wherein time intervals ha-
ed and grouped per every 5 minutes of recorded
cial to note here is the flexibility of adjustment
ser specifications or analytic requirements.
dologies utilized for this kind of grouping acti-
significantly in alignment with the nature of the

utiny. Taking continuous data as a case in point,
could be to use average value computations, de-
Table 2. Alternatively, one could opt for the use

cently documented sensor data value.
this transformative exercise engenders conditions
ards the formation of a transactional data fra-

operative form particularly well adapted for da-
niques. Extending our perspective on this, such
of data granularity not only makes the dataset sy-
gid but also highly conducive for temporal data
and lends a sequential sense to otherwise scatte-

different formulas could be adopted to handle di-
es. For binary or categorical data, the mode, sim-
ost appeared category within an interval, can be
ndardization methods might follow the normali-
to further streamline the data to align with the

ithm feed requirements.
ed data is partially sourced from counters, which
umulators. This data category is exemplified in
ing a consistently escalating value indicative of

data

Time Temperature

1/1/2020 15:14:30 16

1/1/2020 15:16:45 17

↓
Time Temperature

1/1/2020 15:15:00 16.5

a person’s step count throughout the day. This variable
undergone a transformation function, translating into
sentation of an individual’s activity level for a specific

Figure 2: Sensor steps

Consequently, each data instance signifies the acti
during that respective timeframe. After processing the
obtaining the desired granularity, transactions with lo
and transactions containing outlier measurements mad
sors are eliminated. The sklearn python library [64] wa
determine these outliers, specifically using the elliptic
fitting function [65].

3.3. Fusion data
The data collected by the sensors is often embed

certain contextual significance, calling for an enrichm
sensor’s relationship with the user and the household
ment. This renders the concept of data fusion relevant
ting multiple data sources to produce more consistent,
and useful information. The context encapsulates th
tions between the user and the varying sensor locatio
the house, highlighting the significance of ’anchors’. T
chors’ are utilized as guiding reference points to map
positional proximity within a zone of the house. Value
ching zero harness interpretation of an increase in clo
a particular position, as exemplified in Figure 3.
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nsor environment. It enhances the understanding
ositioning and movement, augments data quality
a more comprehensive simulation of the house-
ent. This smart fusion of information from diffe-
hus facilitates the next phases with more coherent
esults.

relate this context with the values of the inha-
household, a process of enrichment and transfor-
database will be carried out to obtain a database
d knowledge. To this end, the numerical value of
will be transformed into two membership values
that the person is in the room or not in the room.
rship values will help us count the transactions
eract with the user and those that do not.
e in Figure 4 how the values will be fuzzified
for proximity. With them, the transactions that

will be managed, that is, what sensor values have
nsaction because the person is in that area of the
see in Figure 4 how the values will be fuzzified

for proximity. With them, the important transac-
anaged, that is, what sensor values have to be in

because the person is in that area of the house.
this, we have Figure 4 in which we see how on
the sensors and areas close to the house and in

he left what data would be the data that would be
the transaction.

ation
data from various sources, such as sensors, coun-
g occupancy metrics, often challenges understan-
ts obtained by end users due to their continuous
ten complex measurements. Introducing a fuz-
ess, a method that transforms these continuous

zzy linguistic equations for better representation
tion can be very beneficial.
ddresses the inherent complexity of these multi-

s by simplifying their representation into intuiti-
-use formats, such as linguistic equations. This
increases their interpretability and, therefore, fa-

nable results. Ultimately, by wrapping this sophi-
of the data in a simplified interpretable wrapper,

ould significantly improve the accuracy of the re-
from mining algorithms and make them more

end users. It promotes a better understanding of
n lead to more confident and informed decision-

fuzzification algorithm that allows automatic pro-
d by the machine using the data values according
ution. The general process is described in Al-

he algorithm has a dataset, a Python dictionary
integer as input. The Python dictionary serves as
for expert-determined variable intervals and cor-
els. In contrast, the algorithm computes automa-
d on distribution for non-user-defined variables

Algorithm 1 Fuzzification function
1: Input: Data: A transaction: tk = {item1, . . . , itemm}
2: Global distributed variable: Intervals: Hash-list of intervals for e

: {Variable1 : [{Intervals}, {Labels}], . . . ,Variablep : [{Intervals}, {Labe
3: Input: DefaultIntervals: number of intervals automatically generated by
4: Output: Fuzzy transaction

Start Algorithm
5: Features = Dataset.NameFeatures()
6: GlobalVariable(Features)
7: i=0
8: do

# Check if the variable exists in the hash list
9: if Feature[i] ∈ Intervals then

10: Interval=Intervals[Feature[i][0]]
11: Labels=Intervals[Feature[i][1]]
12: else
13: Interval = GenerateIntervals(DefaultIntervals,Data[Feature[i]])
14: Labels = GenerateLabels(DefaultIntervals)
15: end if
16: for j = 0; j < |Labels| ; j++ do
17: FuzzyData[Label]=FuzzyDivision(Interval[j], Interval[j+1], typ

# type =linear”, exponential”, logarithmic”...
18: i++
19: end for
20: while |Feature| > i
21: return FuzzyData

The initial procedure begins in line 8 of the algorit
ch is detailed in distinct aspects. Initially, the algo
serts whether the variable name finds a place in the
Intervals. On finding a match within the Python d
new fuzzy variables are successfully created, bearing
mes as stipulated by Intervals and accessing relevan
(e.g., computation of membership degrees) correspo
the pre-set interval, as can be seen in lines 10-18 o
thm 1. Conversely, if the variable cannot be traced w
dictionary, the algorithm engages its automatic functio
ment variable values into a series of intervals, as de
der De f aultIntervals. This division aligns proportion
th the variable percentiles. To ensure scalability and
data processing, the code is implemented with Apach
mapPartition functions. This functionality enables d
computing across multiple nodes, thereby making th
thm capable of handling large datasets and complex
tions seamlessly. By leveraging Spark’s distributed p
capabilities, the system efficiently scales to meet the
of extensive healthcare data analysis, ensuring quick a
rate fuzzy variable creation even in big data environm

Exemplified in Figure 5 is a scenario where the
De f aultIntervals = 3. Here, the y-axis symbolizes th
of membership, while the x-axis represents the varia
centile. Notably, the percentiles strategically selecte
and 37.5, outlining the first label’s trapezoidal shape
left portion of the second label. Simultaneously, p
62.5 and 75 aid in defining the right part of the sec
in conjunction with the third label. This indicates app
GenerateIntervals function that tactically segments th
k evenly distributed fuzzy sets, using their relevant pe
For instance, if we consider k = 4, the subsequent p
are computed in the following manner:
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Figure 5: Example of automatic execution with 3 default inte

3.3.2. Scalability Testing and Performance Analysis
To assess the scalability of the proposed system, t

conducted using an augmented dataset. Due to the lim
lability of real data, the original dataset was duplicate
times to create a significantly larger dataset. With the
of measuring the efficiency of our proposal, we have
the speed up and the efficiency [66] according to the n
cores. For that, we have computed the well-known m
speed up defined as [66]

S n = T1/Tn

where T1 is the time of the sequential algorithm and
execution time of the distributed algorithm using seve
This approach was intended to emulate larger-scale
and demonstrate the capability of the fusion process
tended conditions. The results, depicted in Figure 11,
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Figure 6: Execution time of algorithm

sis was conducted to assess the performance im-
hievable through resource optimisation. Figure 7
sults of this analysis, which reveal the speed-up
xecution with increased computational resource
ween 10 and 30 percent). This exercise highligh-
l improvements in processing time, affirming that
only scales efficiently, but also optimises resour-
hieve better performance. By performing these
emonstrate the robustness and efficiency of the

e-scale healthcare data processing environments,
applicability and scalability for real-world appli-

Figure 7: Speed up of algorithm

ing: Fuzzy Association Rules in Big Data

pre-processing, fuzzification and Fusion data, da-
niques were applied to the processed data. In par-
rithm for association rule mining was applied in

FARE Apriori-TID Big Data Fuzzy Association
on [67, 68]). The algorithm was also developed
Reduce paradigm within the Spark Framework.
tation allows for the efficient processing of large
fuzzy transactions to discover frequent itemsets

rithm operates in two main phases: firstly, extracting
items that satisfy a distributed form of support thres
secondly, extracting association rules that meet the m
confidence threshold.

4. Use case: Smart home

In this section, a case study to validate the propos
sented. The case study focuses on monitoring the ho
elderly person living alone. In order to accomplish thi
and devices deployed are illustrated, the fuzzification
and finally, the results are analysed.

4.1. Sensor distribution

Activity recognition, especially in multi-occupant
ments where several people may cohabit, requires th
sensors in various locations where the desired activitie
formed. Moreover, being a multi-occupancy environm
necessary to integrate an indoor location system, to b
discern the person performing the activities.

The monitored dwelling is illustrated in Figure
provides a detailed visualization of the deployment o
devices across the dwelling.

In the kitchen, an open and close sensor is install
the pill box the medication intake alongside with a fi
king device, to obtain the location.

For the bathroom, several devices are employed:
sensor monitors tooth brushing. In contrast, anothe
sensor and an ambient sensor are placed in the show
track showering activity. Finally a fixed tracking dev
stalled in the wall.

In the bedroom, a Motion Sensor is located near
board to detect when the user rests, complemented by
tracking device on the bedside table.

The dining area features a motion sensor to mon
timese a fixed tracking device and a central node that a
data from all sensors. Additionally, the user wears a
wristband to monitor the location.

4.2. Data transformation and enrichment

Having all the raw data in our architecture, we wi
what the knowledge extraction process would be like.
be done using the above data and analyzing the rela
obtained from the data set after pre-processing, clea
enriching the data. Our objective is to study the fre
haviours and routines of the tenants of the houses so
information can be used by end users such as doctor
this, it was necessary to carry out the steps describ
Section 3.

In the course of our transformation procedure, on
intervals were respectively appointed for the grouping
me variables. This approach is instrumental in captu
interactions across the various components correspo
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household activities. Concurrently, sensor fusion was imple-
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ure in effect, variables are significantly reduced
etrics are merged with the respective proximity,

temperature sensors.
yields dual benefits, ensuring computational ef-

minating sequences of inactive sensors in the re-
f user presence in every transaction and augmen-
ors with valuable user context and location infor-
tical determinant for identifying commonly fol-
s based on their conducted activities. This trans-
thod and sensor fusion not only streamline data
nce the understanding of user patterns within a

, every variable underwent fuzzification, utilizing
lineated in Section 2 and as demonstrated in Al-
is process fosters an improved interpretation for
h as medical practitioners, who do not speciali-
ing. Creating varied linguistic labels contributes
intriguing daytime patterns noteworthy for phy-
humidity boundaries indicative of shower usage
igure 8), and the like. In essence, the fuzzifica-
in translating large and complex data into more
e and actionable insights for various end users.

20 40 60 80 100

Humidity

Off Shower

8: Example of fuzzy-labels of the shower sensor

ocessing, particularly data fusion, plays a consi-
minimizing the volume of data under analysis.
occurs because, through these methods, our fo-

d solely to the sensors within the user’s sphere of

r data not associated with the user’s primary lo-
is pruned. In other words, we keep sensors that
cts with and trim away those within inactive or
es. This ensures that only interactionally perti-
ta is retained, reducing unnecessary clutter and
efficiency of our data analysis procedure.
fusion, by integrating multiple data sources and

centralized overview of sensors working within
ity space, directly contributes to simplifying the

ss and reducing computational burden. This opti-
s to enhanced processing and analytical speeds,
locking swift insights into user behaviour pat-

4.3. Results and discussion

In this section, our discussion focuses on the dual b
using data fusion techniques and fuzzy labels when app
sociation rules. In particular, all the processing discuss
has been applied, and in this section, we will check an
the results obtained by applying fuzzy association ru
processed data. In particular, we want to study two fea

• The improved algorithm performance arises fro
creased data volume and results in fewer but m
vant rules for user perception.

• The association rules were revealed through ou
emphasising interesting relationships and their i
ve improvement through fuzzy linguistic labels

Our initial experimentation stage engaged the com
taset, implementing standard aggregation methodologi
ta fusion. Through this approach, we produced a con
set comprising 9000 transactions and encompassing
rent features.

While evaluating the frequent elements with sta
sion (as depicted in Figure 9), a preponderance of in
unused sensors (demonstrated as the ’off’ status or w
guistic labels suggest inactivity) emerges in the data
quency spectrum. This outcome can be attributed to t
technique where all the sensor data are considered d
rule application to the transactions, regardless of the u
sence in the respective area.

Figure 9: Demonstration of most frequent elements with the stand
illustrating a high incidence of unused or inactive sensors.

In contrast, Figure 10 illustrates a more focused
phic, comprised mainly of sensors either ’on’ or in a
This significant distinction in the results owes itself to
the data fusion method proposed in this work, which in
tes the individual’s context. As a result, the items prese
dominantly consist of sensors or elements actively en
the user, thereby leading to a more utilitarian and func
taset. These findings prove the efficacy of our contex

10



Journal Pre-proof

Figure 10: Result
turing actively-us

data fusion in
active interact

On the oth
pronounced re
vement stems
via data fusio
tions, resulting

Figure 11: Descri
and fusion with o

4.3.1. Interpr
The set of

patterns in the
characteristics
tivities and rou
us to study use

Having a l
different rules

{te

This rule d
dication (the s
morning and w
ne that can be
it is performe
stent in their h
have been sele
example, these

{tee

and

of a graph

(4)

relation-
see how

ning, and
ower be-
tation of

of a group-

the wee-
the most
ographic
ividuals.

, such as
ve of the
monstra-
t associa-

ds
of the re-
the pro-

ventional
r of asso-
tions be-
Jo
ur

na
l P

re
-p

ro
of

of data fusion as presented in this work, predominantly fea-
ed sensors, affirming the usage context person

filtering sensor data to only reflect user-relevant,
ions.
er hand, as illustrated in Figure 11, we observed a
duction in algorithm execution time. This impro-
from an effectively downsized dataset achieved

n, substantially curtailing the required computa-
in a speedier process.

be the execution speed of the algorithm using standard fusion
ur approach

etation of the results
rules obtained has allowed us to discover hidden

relationship between the different sensors and
that appear in the data and relate them to the ac-
tines carried out. This type of relationship allows
rs’ routines and behaviours in the system’s data.
ook at the discovered patterns, we can highlight
. For example:

eth = using,Medication = open} →
{time = earlyMorning} (2)

escribes the relationship between taking the me-
ensor of the box that stores the pills) in the early
ashing the diets. This demonstrates a clear routi-
useful to end users, such as doctors knowing that
d frequently, indicating that the person is consi-
ealthy routines. On the other hand, some rules
cted, where we can see different behaviours. For
rules were obtained:

th = using} → {time = earlyMorning} (3)

Figure 12: Graphical representation of the rules obtained in the form

{teeth = using, humidity shower} →
{time = earlyMorning}

These rules provide important information about the
ship between showering and brushing teeth. We can
a clear routine is to brush your teeth in the early mor
with the other rule, we can understand that you also sh
fore brushing them. In conclusion, a graphical presen

Figure 13: Graphical representation of the rules obtained in the form
table

the observed results is provided (Figure 13). Notably,
kdays, especially Wednesday and Thursday, emerge as
active days. This pattern can be explained by the dem
profile of the household, consisting of older, active ind
Moreover, some intriguing correlations are observed
temperature sensor readings showing patterns reflecti
changing seasons - cold in winter or heat in spring, de
ting that the mining results reveal reliable and coheren
tions.

4.3.2. Comparative results using the two fusion metho
In this section, we present a comparative analysis

sults obtained using the traditional fusion method and
posed approach. One of the main limitations of con
fusion techniques is the generation of a large numbe
ciation rules, many of which are produced by correla
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tween sensor data that do not provide meaningful insights into
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y include:

midity levels (above 70%) in winter are associa-
lower room temperatures.

atures exceeding a certain threshold are more fre-
summer.

rrelations reflect environmental conditions, they
ctionable information about the user’s behavior,
teractions with their living environment. Such
rease the computational burden and reduce the

of the model, making it challenging to derive
for improving healthy routines. Our proposed
ddresses these limitations by integrating user in-

ivity anchors, and linguistic variables into the fu-
y incorporating semantic reasoning and context-
new approach significantly reduces the number

ules while enhancing their relevance. Some key
lude:

on in Redundant Rules: By filtering out rules dri-
ly by environmental correlations, our method fo-
user-centered patterns.

tuitive and Actionable Insights: Instead of ge-
vironmental correlations, our approach generates
t are directly linked to user behavior.

d Contextual Relevance: The use of linguistic
s ensures that the extracted rules align with hu-
soning, making them more interpretable for care-
r automated recommendation systems.

sociation rules generated by the traditional fusion method

e improvements, Figure 14 and 15 compares the
es generated and their interpretability scores be-
methods. The results demonstrate that our ap-

ly reduces the overall rule set but also increa-
tion of contextually meaningful rules, improving
ng in IoT-based health monitoring systems.

Figure 15: Association rules generated by the fuzzy fusion m

5. Conclusions and Future work

The discovery and utilization of information fro
sensors have gained significant attention over the pas
primarily due to their economic and health-related ben
Data and IoT technologies provide an ideal framewor
plementing advanced analytical techniques that can
ly manage the vast amounts of data generated, partic
healthcare systems. Additionally, the use of fuzzy
hances the interpretability of the collected data, offer
meaningful insights to end users.

This study aims to extract hidden knowledge from
sorization of homes and their inhabitants, focusing on
and interpreting this data. We have developed and im
ted a data mining system, which was applied to a r
dataset collected from a home in Cabra, Spain. In p
we enriched certain features and applied a fuzzificatio
thm to improve the performance of data mining techniq
as association rule mining. The results of this implem
highlight several key improvements:

• Performance Improvement: The application o
sion techniques significantly reduced the overa
size by focusing on sensors within the user’s ac
main. This optimization led to a reduction in alg
processing requirements, thereby improving e
conserving computational resources, and redu
cessing time. The introduction of fuzzified labe
minimized interpretive challenges, yielding mo
se and focused rules that directly improved the
experience by providing actionable insights.

• Improved interpretation of association rules
tegration of fuzzy linguistic labels enhanced the
tability of association rules, uncovering meanin
informative connections within the data. This
facilitated the generation of more comprehens
maries of complex data patterns. The contextu
provided by fuzzy logic allowed end users to b
derstand and utilize these rules, transforming co
lationships into practical, user-friendly insights.

• Scalability and generalisation of the system:
key aspect of the system is its ability to adapt

12



Journal Pre-proof

rent environments and populations. Although it has been
implemented in a home environment in this study, its ap-
plicabili
such as
perimen
stem ma
volume
lisation,
patterns
to other
conditio
sorders.
ty patte
tating it

Our experi
viability of ou
tified valuable
adherence and
showering). T
vent health iss
havioral patter

This resea
opens new ave
ling the system
tegrating Big
rules. This adv
ledge extractio
cus on improv
re informative

Furthermo
mechanisms, g
approaches su
analysis witho
logic is an exc
tection of patt
cessing efficie

Finally, it
tative study in
nals’ experien
tients’ adheren
be conducted i
tors, nurses an
dback on the s
of the generat
tice. Furtherm
indicators will
tification of b
possible devia
interventions t

Acknowledgm

This result
123960OB-I0
MICIU/AEI/1

making Europe”, grant PDC2023-145863-I00 funded by MI-
CIU/AEI/10.13039/501100011033 and by ”European Union

756 fun-
novación
y, the re-
European
121309).

t systems to
, internet of

o, M. Espi-
n Ensemble
l Windows,
ient Intelli-

illa, A new
r-based ad-
ators, IEEE
424905.
in, G. Mu-
on in smart
ter Systems

ine learning
ity recogni-
computing

recognition
47 (2019).
r-Rehman,
internet of

5482–5494.

ensor-based
119 (2019)

g technolo-

cepts based
inant analy-
Biomedical

h using en-
n algorithm

logy Based
ome, Inter-

0).
ction using

in Artificial

rtı́nez-Cruz,
a modeling,

heng, Ga-
tion fusion
metric stu-
3) 103113.

olly, Niall,
ion-making
5) 124076.

yaid, Ada-
edical Ap-
Jo
ur

na
l P

re
-p

ro
of

ty can be extended to other healthcare scenarios,
hospitals and nursing homes. Furthermore, ex-
ts with extended datasets have shown that the sy-
intains optimal performance even with a larger
of transactions and sensors. In terms of genera-
although this work has focused on discovering
in the older persons, the approach can be applied
demographic groups or to people with chronic

ns such as cardiovascular disease or cognitive di-
This provides valuable information about activi-

rns and adherence to therapeutic routines, facili-
s use in different clinical contexts.

mentation with real-world data demonstrates the
r proposed system. The system successfully iden-
patterns, such as routines related to medication
healthy hygiene habits (e.g., tooth brushing or

hese insights can help end users predict and pre-
ues related to poor routine management and be-
ns.
rch serves as a foundation for further studies and
nues for future work. The next step involves sca-

to include a larger number of sensors and in-
Data tools to extract a wider array of association
ancement would significantly enhance the know-
n process. Additionally, future efforts should fo-
ing the visualization of results, making them mo-
and accessible for end users.
re, it is essential to reinforce the system’s security
iven the sensitivity of the data handled, through

ch as federated learning, which allows distributed
ut compromising privacy. In this context, fuzzy
eptionally suitable approach, as it enables the de-
erns in low-computing devices, maintaining pro-
ncy and ensuring the protection of information.
is imperative to conduct a qualitative and quanti-
future research to evaluate healthcare professio-

ces of utilising the system and its impact on pa-
ce to treatment routines.A validation phase will
n clinical and home environments, involving doc-
d caregivers.These professionals will provide fee-
ystem’s usefulness, the clarity and interpretability
ed information, and its ease of use in daily prac-
ore, the monitoring of key therapeutic adherence
facilitate the determination of whether the iden-

ehaviour patterns contributes to the detection of
tions in patients’ routines, thereby enabling early
hat improve treatment compliance.

ent

has been partially supported by grant PID2021-
0 and grant PID2021-127275OB-I00 funded by
0.13039/501100011033 and by “ERDF A way of

NextGenerationEU/PRTR”, and grant M.2 PDC 000
ded by Consejerı́a de Universidad, Investigación e In
and by ERDF Andalusia Program 2021-2027. Finall
search reported in this paper is also funded by the
Union (BAG-INTEL project, grant agreement no. 101

References

[1] A. J. Perez, F. Siddiqui, S. Zeadally, D. Lane, A review of io
enable independence for the elderly and disabled individuals
Things 21 (2023) 100653.

[2] J. M. Quero, Claire Orr, Shuai Zhang, C. Nugent, A. Salguer
nilla, Real-time Recognition of Interleaved Activities Based o
Classifier of Long Short-Term Memory with Fuzzy Tempora
International Conference on Ubiquitous Computing and Amb
gence (2018).

[3] D. Dı́az-Jiménez, J. L. López, J. González-Lama, M. Espin
horizon in healthcare: An innovative methodology for senso
herence platforms in home monitoring of key treatment indic
Internet of Things Journal (2024) 1–1doi:10.1109/jiot.2024.3

[4] M. Rawashdeh, M. G. Al Zamil, S. Samarah, M. S. Hossa
hammad, A knowledge-driven approach for activity recogniti
homes based on activity profiling, Future Generation Compu
107 (2020) 924–941.

[5] A. Saha, S. Rajak, J. Saha, C. Chowdhury, A survey of mach
and meta-heuristics approaches for sensor-based human activ
tion systems, Journal of ambient intelligence and humanized
15 (1) (2024) 29–56.

[6] A. G. D’Sa, B. Prasad, An iot based framework for activity
using deep learning technique, arXiv preprint arXiv:1906.072

[7] M. A. Jamshed, K. Ali, Q. H. Abbasi, M. A. Imran, M. U
Challenges, applications, and future of wireless sensors in
things: A review, IEEE Sensors Journal 22 (6) (2022)
doi:10.1109/jsen.2022.3148128.

[8] J. Wang, Y. Chen, S. Hao, X. Peng, L. Hu, Deep learning for s
activity recognition: A survey, Pattern Recognition Letters
3–11. doi:10.1016/j.patrec.2018.02.010.

[9] A. J. Perez, S. Zeadally, Recent advances in wearable sensin
gies, Sensors 21 (20) (2021) 6828. doi:10.3390/s21206828.

[10] M. Sabzevari, E. Imani, Separation of movement direction con
on independent component analysis algorithm, linear discrim
sis, deep belief network, artificial and fuzzy neural networks,
Signal Processing and Control 62 (2020).

[11] A. Ponmalar, V. Dhanakoti, An intrusion detection approac
semble support vector machine based chaos game optimizatio
in big data platform, Applied Soft Computing 116 (2022).

[12] K. Gayathri, K. S. Easwarakumar, Susan Elias, Fuzzy Onto
Activity Recognition for Assistive Health Care Using Smart H
national Journal of Intelligent Information Technologies (202

[13] S. Kordnoori, A. Sharifi, H. Shah-Hosseini, Human fall dete
neuro-fuzzy models based on ensemble learning, Progress
Intelligence 11 (3) (2022) 219–232.

[14] J. F. Gaitán-Guerrero, J. L. López, M. Espinilla, C. Ma
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