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bbordel@dit.upm.es, diego.sanchezderiveracordoba@gmail.com
2 Department of Physical Electronics. Universidad Politécnica de Madrid, Spain
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Abstract
Enhanced Living Environments consider the recognition of the Activities of Daily Living (ADLs)
being performed by users as first step in the aid plans. Some works proved the information about the
objects with which a person interacts robustly characterizes the ADL’s identity. However, designing
aid plans based on these raw data is a very complicated task, as an expert in both technology and
occupational sciences is required. In addition, the plans produced by these experts are not platformindependent, to be closely linked to the hardware characteristics. Therefore, the aim of this paper
is to design a two-phase solution capable of acquiring data from users, and of extracting information about the ADL being performed to trigger the execution of the proper aid plans. This solution
disengages the technological and occupational domains, so that aid plans could be applied to any
environment. Moreover, an experimental validation is conducted in order to validate the proposed
technology as a valid solution for ADL recognition.
Keywords: HCI, ELEs, ADL, Enhanced Living Environments, Cyber-Physical Systems, Activities
of Daily Living
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Introduction

Helping assisted people to maintain an independent lifestyle is nowadays one of the most important
research challenges. In this field, most remarkable solutions are based on seamless integration of Information and Communication Technologies (ICT) within context-aware homes with the aim of constructing Enhanced Living Environments (ELEs). Works such as [18] demonstrate the importance of these
solutions.
Nevertheless, the design and implementation of these systems is a complex and multidisciplinary activity which deals with very different aspects which rarely can be addressed by only one person. Despite
of this fact, most proposed ELEs are monolithic solutions where there is no division between the different scientific domains (such as the occupational sciences or electronics). Thus, works about ELEs use to
show the necessity of data interpreters being specialist in both technological and occupational sciences
[38]. Furthermore, such interpreters (as well as all models, patterns, etc. created by them) can only be
used in some particular ELE platforms, as data format depends strongly on the underlying hardware and
all the know-how created cannot be easily exported to other systems [13].
Among all the steps that compose the aid processes in ELEs, perhaps the most critical is the recognition of the activity the users are performing [28], vital for triggering the proper aid plan in each situation
[18]. In context-aware homes (the base of ELEs) the most common activities are Activities of Daily
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Living (ADL) [15]. Some authors proved that the sequence of objects with which a person interacts characterizes the ADL being performed [30, 10]. Other authors, however, demonstrated implicit information
(such as the hand gestures or emotions) is necessary to recognize ADL adequately [7, 9]. The utilization
of computing elements to register this information is a challenge [23], as recently it has been proved that
the introduction of computing elements in residences can lead stress in users and consequently modify
the normal ADL execution and reduce the user quality-of-experience (QoE) [13].
Therefore, the objective of this paper is to describe a new a solution to be integrated in ELEs, being
able to recognize ADLs automatically. We argue the use of Cyber-Physical Systems paradigm and reference architecture [24] allow the different abstraction levels of ELEs to become independent and, then,
allow us to separate the different expert domains (becoming the aid plans platform-independent).
The authors, besides, built a prototype and carried out an experimental validation in order to validate
the proposed solution as a valid technology for DL recognition. In particular, more than 85% of ADL
are perfectly deducted using our proposal.
The rest of the paper is organized as follows: Section 2 introduces the state of the art in ADL recognition systems. Section 3 analyzes the requirements ELE scenarios, presents the functional architecture
of the proposal and the implementation of the first prototype based on it. Section 4 provides an experimental validation of the solution. Finally, Sections 5 and 6 explain some results of this experimental
validation and the conclusions of our work.

2

State of the Art

Activity recognition systems are made of two different parts: the monitoring subsystem and the recognition subsystem [36]. On the one hand, the monitoring subsystem acquires data from users such as users’
location or the objects they touch. On the other hand, the recognition subsystem processes the acquired
data and decides which is the ADL being performed.
Five main types of monitoring technologies can be identified [29]: passive infrared (PIR) motion
sensors, body-worn sensors, pressure sensors, video monitoring and sound capturing. Deployments
based on PIR motion sensors [25] consist of a set of sensors which detect user’s position in the house. The
position, as well as the time he remains in the same location, is used to recognize the ADL being executed.
Body-worn sensors approach is based on different types of wearable sensors, such as accelerometers [3]
or [33], with which users are provided and whose outcomes are evaluated during the activity. Other
systems deploy several binary pressure sensors (they get active when touched) in home elements and
places [17] and use the activation sequence of sensors to recognize the ADL being performed. Video
monitoring is probably the most studied technology. With this name we refer to all technologies based
on deploying cameras on the user’s residence and using the recorded video to recognize the executed
ADL [31, 26]. Finally, sound capturing systems consist of a set of microphones deployed in the house,
allowing activity recognition by means of the audio analysis [21]. With respect to video monitoring,
audio capturing presents fewer problems from the point of view of privacy.
In general, video monitoring and body-worn sensors are the most used technologies. They present
less ambiguity and less noise level than the others, and often allow obtaining systems with more precision.
Very recently, activity recognition systems which do not present the monitoring subsystem have
appeared [39]. However, their practical use is not clear and the obtained results are not as good as
expected.
Basically, the recognition subsystem consists of a processing unit, executing an algorithm which
extracts the useful information from data provided by monitoring subsystem, and decides the ADL being
executed. This subsystem also stores models for all the ADL which want to be inferred. These models
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are expressed as the sequence of the data it is expected to receive from monitoring subsystem when
executing a certain ADL. Thus, the process of recognition can be understood as finding the model M =
{m1 , m2 , . . . , mn } that best explains the sequence of observations O = {o1 , o2 , . . . , ok }.
Some works [30] propose algorithms based on dynamic Bayesian networks which model the sequence of objects with which a person interacts. Other authors [37] propose algorithms which work with
temporal probabilistic models (like naive Bayes or hidden Markov) and sensor readings. In some cases,
researches try to recognize concurrent ADLs [40] and analyze the activity duration. Algorithms based on
the analysis of the time a sensor is active [41] are also possible. Finally, solutions consisting of semantic
technologies and ontology-based approaches have been also proposed [19].
In the ideal case, recognition subsystem would be independent of the monitoring subsystem. However, in all cases [25, 37], they are designed together as the recognition algorithm depends strongly on the
data offered by the monitoring subsystem. Achieving this independence between monitoring subsystem
(which belongs to the technological domain) and recognition subsystem (which belong to occupational
sciences domain) is the goal of the proposed solution.

3

Proposal: Toolkit for ADL Inference

ELEs require precise information about the users’ situation in order to execute the most appropriate aid
plan in each moment. Therefore, activity recognition is an increasingly important functionality to be
implemented in enhanced living systems. This section analyzes ELEs and the requirements to be met to
enable precise information acquisition and ADL recognition. After describing the requirements of ELEs,
we present the proposed solution and the design and implementation of a first functional prototype.

3.1

Motivation Scenario: Requirements

ADL recognition solutions present some important requirements which have been studied many times
[14] (unobtrusiveness and flexibility are the most mentioned topics). Moreover, several prototypes and
instruments in order to obtain information from users and perform ADL inference have been described
[34, 4]. In this section, and taking into account these previous descriptions, some additional requirements
(introduced by the specific needs of ELEs) are expressed:
• REQ#1: ADL descriptions should be tolerant to the different possible performing ways.
• REQ#2: The underlying hardware of ubiquitous computing system in ELEs should be tolerant to
high levels of noise, light, vibration, etc.
• REQ#3: ADL recognition system should incorporate instruments to create ADL models with minimum human effort.
• REQ#4: Data acquisition should be transparent to users, in order to not negatively affect their daily
lives.
• REQ#5: The system should evaluate not only the identity of the ADL being performed, but also
the quality of the execution. For example, in scenarios related to people with cognitive disorders
in first stage aid plans depend strongly on the advance of the dementia.

3.2

Solution Architecture

Since 2000, several architectures have appeared in the literature to describe seamless integrations between the physical world and information technologies [6, 4]. Among all of them, cyber-physical systems (CPS) [16] are today which are receiving more attention. In that field, the reference architecture
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proposed in June 2015 by the National Institute of Standards and Technology (NIST) [24] stands out
among other architectural proposals to be more general and to be considered the standard for CPS commercial products [4].
NIST’s Architecture shown in Figure 1 a describes a whole system (in this case, a complete ELE).
Then, for our purpose, it is possible to make a simplification (see Figure 1 b). The problem of ADL
recognition is basically a problem about data analytics [10, 20], thus, in general, the details about the
superior and inferior levels are not important. In particular, the solutions used to control sensors and
actuators do not affect the proposed system [1], so that “Sensors and actuators” and “Monitor and control
system” levels can be merged into a single level (“Hardware platform”), of which it is only interesting the
format and nature of the generated data. On the other hand, the subdivision of aid plans into objectives
(“user goals” level) and methodologies (“Modeling, optimization and simulation” level) does not modify
the following considerations, so that the two top levels can be reduced to a single level (“Occupational
sciences plans”) that concentrates all the elements belonging to the occupational sciences.
The resulting architecture is made of the following layers:

Figure 1: (a) Reference CPS architecture (NIST). (b) Reference architecture in our proposal
• Physical systems: It includes all elements in the ELE belonging to a regular residence. Furniture,
kitchen and home appliances, grooming items. . . even the users belong to this layer.
• Hardware platform: It includes the electronic elements, processing devices and, in general, the
entire ICT infrastructure deployed in the residence to monitor the users’ behavior.
• Data Analytics: The inclusion of this layer is the novelty of this work. As can be seen in Figure 1
b, it uncouples the hardware layer (technological domain) and the occupational sciences models
(obviously, occupational sciences domain). In this layer data from hardware platform is processed
for pattern recognition and information extraction. At this level, it is evaluated the correlation
between high-level models and the data generated by the hardware platform.
• Occupational sciences plans: It includes the aid plans and activities models created by the occupational sciences experts, using their own description languages, data format and, in general, their
domain knowledge.
Following the reference architecture shown in Figure 1 b, we developed our proposal. The functional
architecture of the proposed technology can be seen in Figure 2. System operation is as described below.
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Figure 2: Functional architecture of the proposed technology
Users perform their usual activities of daily living. While executing the ADLs, they cause that
sensors deployed along the residence generate data, which are transmitted in the form of frames through
the appropriate hardware access middleware. Any type of middleware is valid, although considering it
has to communicate two groups of devices made of various entities, Publication/Subscription paradigm
[22] is probably the most adequate.
Two different operation modes can be distinguished in the proposal: training mode and recognition
mode. In training mode, data frames from hardware platform are directed to a Semi-automatic pattern
analysis engine, which studies the received data using machine-learning algorithms [12]. This engine
will construct the data patterns associated with the atomic tasks defined in occupational sciences [2] to
describe ADLs. Users are asked to execute each one of the atomic tasks, and for each one the engine will
build at least one pattern which will be stored in a probabilistic pattern repository with the atomic task
that represents. In recognition mode, data frames from hardware platform are directed to a probabilistic
execution engine, which evaluates which of the stored patterns in the repository corresponds to the received data. In this evaluation, any of the algorithms described in Section 2 can be used. The output of
this engine is a description of the recognized pattern, indicating the atomic task which has been identified
using the terminology of occupational sciences [2].
The information about the recognized atomic task is transmitted through a Data access middleware,
for which the same considerations made for the Hardware access middleware are valid.
In training mode, information about the recognized atomic task is directed to a Semi-automatic models construction engine, which will build the complete ADL models by means of the analysis of the
information received. The ADL models (understood as a collection of atomic tasks, as in the occupational sciences [2]) will be stored in an activities models repository. Once completely trained the Data
Analytics components, users are asked to execute the entire ADLs in order to calculate the ADLs models.
In recognition mode, information about the recognized atomic task is directed to a high-level execution
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engine, which evaluates which of the stored models in the repository corresponds to the received data.
In this evaluation, any of the algorithms described in Section 2 can be used. The output of this engine is
a description of the recognized ADL, using the terminology of occupational sciences.
The use of probabilistic models and algorithms (both in Data analytics and Occupational sciences
plans levels), as well as the fact that models and patterns are calculated in a training period involving
users, allow us to fulfil the REQ#1 introduced in Section 3.1. Also, this training period allows creating
automatically ADL models, so REQ#3 is also addressed.
The introduction of two recognition processes presents various advantages. First, the technological
domain and the occupational sciences domain become independent. With this configuration, occupational sciences experts can design aid plans without knowing the details about the hardware platform.
For example, experts can design an aid plan including an action after executing a certain atomic task,
without knowing the particular datum or event which determines the end of the task.
In a more particular example, one of the simplest ADLs is “preparing a simple drink” [30]. The
shortest definition of this ADL, as a collection of atomic task, could be: (1) taking the soda bottle that
is on the table, (2) filling the glass which is on the table with soda and (3) leaving the bottle on the
table again [27]. In scenarios involving people with dementia, it is really important to avoid accidental
poisonings, so it is valuable to alert users and caregivers (if any) when they select the wrong bottle. Such
notification, in our proposal, can be planned and modified by experts in occupational sciences without
having to know which hardware event indicates the bottle selection at technological level. Moreover,
hardware platform can be modified without having to reprogram the aid plan.
It must be noted that, as atomic tasks are indivisible in the occupational sciences theory, it has no
sense to consider actions while one of them is being executed.
Second, in works which do not consider that ADLs can be described as a collection of atomic task
(such as “take a glass” or “press a button”), recognition algorithms must address together all the sources
of randomness in ADLs execution. Basically [3] they include sensors errors, noise and interferences
in the medium and the variations in human behavior. In our solution, we separate these sources in
two groups: effects due to hardware (solved in Data Analytics level) and due to the intervention of
users (solved in Occupational sciences plans level). In that way, each problem’s part can be addressed
separately by the proper domain experts. These politics partially cover REQ#2.
Finally, the accuracy of the resulting system may be greater than in the one from previous proposals
[30]. The execution of atomic tasks has less ambiguity than the execution of complete ADLs, so the
success rate of the probabilistic engine tends to be high. Later, once the atomic tasks are properly
recognized, the algorithms to recognize ADLs also increase their success rate since they have more
information, as they perfectly know the atomic tasks that have been executed.

3.3

Implementation

In this section, we design and build a first prototype in order to validate its usability as functional part of
ELEs.
First, we must consider the requirements the prototype should fulfill. In the functional architecture
design, we solved in a general way REQ#1 and REQ#3. It is also partially covered REQ#2. However, it
remains unsolved three requirements (REQ#4, REQ#5 and the rest of REQ#2) which cannot be addressed
in the functional architecture, as they depend on the hardware platform and the particular implementation
done. Figure 3 shows the physical architecture of the proposed prototype.
Various elements can be distinguished in Figure 3:
• Tagged products: All elements involved in the execution of ADLs (such as the kitchen appliances)
get tagged with passive NFC tags. The objective is detecting when a user interacts with a particular
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Figure 3: Proposed physical architecture
object (as described, for example in [33]). With this election, REQ#2 is fulfilled. NFC technology
is extremely tolerant to noise, vibrations, manipulation, etc. much more than any other technology
(such as PIR motion sensors). Tags should be place in the proper way, in order to respect REQ#4.
• Cybernetic glove: Users will be provided with a cybernetic glove including a NFC reader and
various accelerometers. In that way, both information sources for ADL inferring are monitored:
explicit (the objects with which users interact [30, 10]) and implicit (the hand gestures done during the activities execution [7, 9]). The use of accelerometers, besides, allows obtaining a measure of the quality of ADLs execution [33] (which addresses REQ#5, although this kind of algorithms is not the objective of this article). As most involved objects in ADLs execution are
hand-manipulated, creating a cybernetic glove is the most reasonable solution in order to obtain
correct readings from NFC tags. However, if there were users with special needs or it was wanted
to recognize other type of activities, any other NFC-based wearable device could be integrated.
Finally, the glove should be designed in order to respect REQ#4. Moreover, the glove will use
a Publication/Subscription middleware based on ZigBee technology, in order to transmit the data
frames [32].
• P/S Broker: This element allows the spatial and temporal decoupling between publishers and
subscribers. However, as this element belongs to the networking and communications plane and
was not the focus of this work, it is omitted in the rest of the article (an in-depth discussion about
this subject can be found in articles, such as [11]).
• Engines server: This server executes in different processes the four engines identified in the functional architecture (see Figure 2). This server also contains the two repositories (patterns and
models) described above. The communication between the different components was based on
sockets.
• Visualization platform: On this platform the results of the ADL recognition process will be shown
(using the terminology of occupational sciences).
Finally, we are discussing the implementation details of each component (especially about the cybernetic glove which must be designed to address REQ#4). The cybernetic glove [34] consists of a
flexible circuit placed on the wrist as a bracelet, a galvanized copper coil integrated in the fabric to allow
NFC communication, two accelerometers (one placed on the index finger and the other in the center of
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Bordel, Pérez-Jiménez, and Sánchez-de-Rivera

the hand) and a synthetic textile support, whose properties do not significantly affect the magnetic field
generated by the NFC module [34]. The integration of the electronic circuit into the glove is greatly
important, as it must be designed to fulfil REQ#4.
The engines server is composed of four different Java programs, connected among them through
sockets. The Semi-automatic pattern analysis engine executes a pattern recognition algorithm called
“Nonparametric clustering”, which allows detecting patterns without having any previous knowledge. A
complete description of the algorithm can be found in [12]. Later, considering the type of monitoring
technology included in the prototype, the most appropriate algorithm to be executed in the probabilistic
execution engine is a temporal probabilistic model as described in [37]. Both, accelerometers and RFID
reader information is combined as explained in [35].
In occupational sciences, there is not a unique uniform description language, so one of the usually
used must be chosen to be included in the prototype. Basically there are two proposals: the American one
[2, 5] (made by the American Occupational Therapy Association) and the European one [8] (encouraged
European network of Occupational Therapy). Because the European project normalizes terminology,
not only in English but also in Spanish and German, among others languages, we decided to use their
proposal [8]. So, the output of the probabilistic execution engine and the high-level execution engine will
be expressed following those recommendations.
Finally, the high-level execution engine will execute an algorithm based on Bayesian networks, equal
to described in [30]. In this work, it can be found also an algorithm to construct the Bayesian networks,
which will be implemented in the Semi-automatic models construction engine.
The visualization platform is composed of a Java GUI where the result of the recognition process is
shown.

4

Experimental Validation

An experiment was designed in order to validate the proposed solution as a valid technology for ADL
recognition in ELEs. In particular, the experimental validation consisted of two different experiments.
In the first experiment, the rate of ADL correctly detected is evaluated. The proposed technology is
deployed in a laboratory of the Technical University of Madrid, where a house-like scenario is created
(see Figure 4). A traditional solution based on PIR sensors was also implemented in a similar space [25].
Eighteen people (18) were involved in the experiment. Nine people (9) performed activities in the space
where our solution was available. The other people (nine) worked in the space where the PIR-based
system was implemented.
A description about the activities to be performed in the different spaces was provided to participants.
Table 1 shows the list of panned ADLs.
Information about the inferred activities by both deployed systems was collected and compared with
the created plans. In order to do that, the Engines server was programmed to create a log file. Finally,
the rate of successfully deducted ADL was calculated.
In the second experiment, the user satisfaction is evaluated by means of a survey. People using
both ADL recognition systems were asked, once finished the first experiment, to fulfill a survey about
their satisfaction in respect to the experience. Results are processed using statistical software in order to
compare the obtained responses.

5

Results and Discussion

In this section we present the results obtained in the experimental validation. Figure 5 shows the aggregated results of the first experiment. As can be seen, PIR-based solutions present a rated of successfully
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Figure 4: House-like space at the Technical University of Madrid
Activity

Evaluation form

Transfer

Moves in and out of bed and/or in and out of chair

Feeding

Gets food from plait or equivalent into mouth

Going to
toilet

Gets on and off toilet
Arranging clothes

Bathing

Sponge bath
Tub bath
Shower

Dressing

Gets clothes from closets and drawers
Puts on clothes
Table 1: List of planned ADLs

inferred ADLs around 74%, while in the proposed technology is around 85%. This improvement is due
to the proposed separation between variation due to hardware and due to humans, which allow introducing a double verification phase. Moreover, many ADLs are performed using hands, so if these extremities
and their movements are controlled, more precise results are obtained (in PIR-based solutions only body
movements are monitored).
However, this improvement is not homogeneous. Figure 6 presents the results of the first experiment,
disaggregated per ADL.
As can be seen, activities performed, mainly, using the hands are easily detected by means of the
proposed technology. Nevertheless, if the ADL implies body movements (as in transfer ADL), PIRbased technologies are more adequate and success rate is higher.
In respect to the second experiment, Figure 7 shows the results of the satisfaction survey.
A Mann-Whitney U test was conducted in order to test if both surveys were statistically equal; we
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Figure 5: Aggregated results of the first experiment

Figure 6: Disaggregated results of the first experiment

Figure 7: Results of the second experiment
could not find any statistical evidence confirming the difference between the two samples. Then, we can
say both technologies provide the same degree of satisfaction.
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Conclusions

Enhanced living environments (ELEs) are rapidly becoming in one of the most profitable research fields.
Seamless integrations of Information and Communication Technologies (ICT) within context-aware
homes are usually the technological base over which ELEs are built. In this field, ADLs recognition
is one of the most critical and widely studied activities. However, most proposed systems are monolithic
solutions where there is no division between the different scientific domains, making difficult and costly
their maintenance and modification. Our technology pretends to address this problem by means of a
functional architecture based on Cyber-Physical paradigm and reference architecture.
In our solution, technological domain and occupational sciences domain become independent, which
enables the deployment of systems only attended by expert caregivers or occupational therapists (without
the intervention of hardware technicians).
We provided also two experimental validations with real users. These experiments showed that the
proposed technology improves the overall rate of success; especially in ADL performed suing the hands
(compared to traditional PIR-based approaches). Moreover, despite the use of a cybernetic glove, the
user satisfaction level in both technologies is equivalent.
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[28] F. J. Ordóñez, P. de Toledo, and A. Sanchis. Activity recognition using hybrid generative/discriminative
models on home environments using binary sensors. Sensors, 13(5):5460–5477, 2013.
[29] K. K. B. Peetoom, M. A. S. Lexis, M. Joore, C. D. Dirksen, and L. P. De Witte. Literature review on monitoring technologies and their outcomes in independently living elderly people. Disability and Rehabilitation:
Assistive Technology, 10(4):271–294, jul 2015.
[30] M. Philipose, K. Fishkin, M. Perkowitz, D. Patterson, D. Fox, H. Kautz, and D. Hahnel. Inferring Activities
from Interactions with Objects. IEEE Pervasive Computing, 3(4):50–57, oct 2004.

29

Recognition Activities Daily Living
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