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Abstract—The number of resources (services, data, multimedia
content, etc) available in Smart Spaces can ver overwhelming.
Finding the desired resource can be a tedious and difficult
task. In order to solve this problem, Smart Spaces contain
much information that can be employed to filter these
resources. Using the user context-data available in Smart
Spaces can help refining and enhancing the recommendation
process, providing more relevant results. To help users finding
the most suitable resource we have developed a
recommendation system that takes into account both user and
resource features and context data like the location or current
activity. This recommendation system is flexible enough to be
applied to different types of resources and domains. In this
paper we describe the resource aspects identified to be used in
the recommendation system and how they are combined to
create a metric that allows us to select the best resource for
each situation.
Keywords-Smart environments; resource recommendation;
context aware; accessibility.

I.

INTRODUCTION

Spain is one of the top 5 tourism destinations along
France, United States, China and Italy [1]. As a consequence,
tourism is an important part of the Spanish economy [2]. In
order to maintain this leading position, the hospitality sector
must continue evolving and improving, including new
technologies and enhancing the user experience. The
objective of the THOFU (http://www.thofu.es/) project is to
work on the technology that will enable us to create more
intelligent and reactive hotels. One of the research areas
within the project is the creation of a recommendation
system that will enable us to provide the user with the most
suitable resources for his current needs and context. In the
project’s vision resources are anything that a user can
consume: apps, hotel services (both physical and virtual),
multimedia content, data, etc. The smart hotel must be
proactive, helping its users with their needs. In order to do
this the smart hotel must know the user preferences, tastes
and limitations. It must be capable of analyzing the different
aspects that define a resource to offer the most appropriate
one to the user. To do this, we have developed an aspect
based resource recommendation system. To be able to do
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this recommendation we have identified the aspects of a
resource that can be used to describe it in a smart
environment. These aspects take into account both the
resource and user features and the current context (as
formulated in [3]). Our recommendation system approach
has several advantages:
 It is applicable to all the resource types identified in
the intelligent hotels domain: digital and physical
services, multimedia content and data.
 We evaluate different aspects of the resource taking
into account the characteristics of the content, the
needs and capabilities of the user and data from the
current context. This allows us to create a
comprehensive picture of the current situation to
recommend the most suitable resource.
 The process can be configured by modifying the
weight of each individual aspect in the final metric.
This allows us to adapt the recommendation system
to specific domains.
 Our system not only analyzes the current situation
of the user, it also takes into account what his next
actions can be to anticipate future needs.
In this paper, we present the proposed system. In Section
2, we analyze the current state of the art in recommendation
systems, in Section 3, we describe the system architecture, in
Section 4, we describe some use cases of the proposed
system and finally in Section 5, we discuss the conclusions
and future work.
II.

RELATED WORK

Since the mid-1990s, recommender systems have
become an important research area attracting the attention of
e-commerce
companies.
Amazon
[4],
Netflix
(http://www.netflixprize.com/) and Yahoo! Music [5] are
widespread examples on making recommendations to its
users based on their tastes and previous purchases. Although
these systems have evolved becoming more accurate, the
main problem is still out there: to estimate the rating of an
item which has not been seen by users. This estimation is
usually based on the rest of items rated by the current user or
on the ratings given by others where the rating pattern is
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similar to the user’s one. Therefore, the problem consists on
extrapolating somehow the utility function (which measures
the usefulness of an item to a user) to the whole rating space.
This utility function is represented by all the ratings made by
the user. This way, recommendation engines have to be able
to predict or estimate the ratings of the not yet rated items for
users.
The research in this area has, as a result, a different
classification based on the way item recommendation is
made [6]:
 Content-based: recommendations are made just by
looking in the history of the already rated items by
the user.
 Collaborative filtering: past recommendations for
users with the same preferences generate
recommendations for the current user.
 Hybrid techniques: as a combination of contentbased
and
collaborative
recommendation
approaches.
Content-based systems recommend items which are
similar to those that a user rated positively in the past [7].
Shardanand et al. [8] state some of the problems of this
approach, as the vagueness in the description of an item,
which clearly affects the whole system. Items need to have
enough descriptive features to enable the recommendation
engine to recommend them accurately. The problem is that
different items with the same features can be
indistinguishable to the system.
Collaborative filtering techniques deal with the concept
of similarity between users. The utility of an item is
predicted by those items which have been rated by similar
users. Sarwar et al. [9] defend this approach by defining
collaborative
filtering
as
the
most
successful
recommendation technique to date. In [8] a personalized
music recommendation system is presented, namely Ringo,
which is a social information filtering system which purpose
is to advise users about music albums they might be
interested in. By building a profile for each user based on
their ratings, it identifies similar users so that it can predict if
a not yet rated artist/album may be to user's liking.
LikeMinds [10] defines a closeness function based on the
ratings for similar items from different users to estimate the
rating of these items for a specific user. It considers a user
which has not already rated the item and a so-called mentor
who did it. Introducing two new concepts (horting and
predictability) horting is a graph-based technique in which
users are represented as nodes and the edges between them
indicate their similarity (predictability) [11]. The idea is
similar to nearest neighbor, but it differs from it as it
explores transitive relationships between users who have
rated the item in question and those who have not.
In order to reduce the limitations of previously reviewed
methods, hybrid approaches combine both of them [12].
Others have introduced new concepts to this area, such as
semantics [13] and context [13].
However, one of the most important improvements in the
recommendation systems field is the definition of measures
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(or aspects) to describe the utility and relevance of the items.
Aspects play an important role in data mining, regardless of
the kind of patterns being mined [14]. Users’ ratings are a
good way to trace the interestingness and the relevance of
items. Despite of the ratings, there are many measures which
allow us to go into these items taking into account the use of
them (their consumption) by the users. In other words, we
look into the behavior of users for measuring their
interestingness for these “items” (for now on we will refer
items as resources). From our point of view a resource could
be a product, an application or any kind of service (e.g.,
multimedia, news and weather or connectivity infrastructure
services). We have studied several measures from the
literature to evaluate those which best fit in our
recommender system, such as minimality [15, 16], reliability
[17], novelty [18], horting, predictability and closeness [14],
and utility [9]. Location is one of the most important
measures in many context-aware systems. Several authors
has worked in location based recommendation systems
[20][21][22]. In these papers, authors use location data
captured with GPS and mobile devices to create timely and
targeted recommendations for users.
III.

SYSTEM ARCHITECTURE

To be able to evaluate the suitability of the resources for
a given user we have identified a series of aspects that define
the identified resource types:
 Physical services: Those services that are used in
the real world (e.g the hotel restaurant, pool,
gymnasium, etc)
 Virtual services: Services accessed using a device.
 Multimedia content (e.g. video, music, etc)
 Information (e.g. maps, news, etc)
These aspects must be generic enough to be able to use
them to describe all the type of resource and expressive
enough to capture the different facets of the resources. In the
current implementation, we have considered four of them,
but we discuss the other ones in the future work section. The
four aspects that we currently take into account are the
following:
1. Predictability;
2. Accessibility;
3. Relevancy;
4. Offensiveness;
Each one of those aspects is used in the calculation of the
suitability value (see Formula 1). The weight of each aspect
on the final value can be modified to better adapt the
recommendation system to the specific domain of each smart
environment. The values of the weights will depend on the
requirements of the specific scenarios. For example, if a
smart space has a considerable number of users with
disabilities, the accessibility of the resources will be
especially significant. On the other hand, if the scenario is
composed by a single space, the relevancy will not be as
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Figure 1. Taxonomy of the user abilities taken into account in the accessibility aspect. Disabilities are classified in this three categories.

important as the rest of the aspects. The suitability value is
always personalized to a specific user and can change over
the time along the preferences of the user.




where:

is the value of the suitability of each resource.

is the weight for an aspect.

is the value of the aspect of a resource. The
values of the aspects are normalized
A. Predictability
The first aspect we evaluate is the predictability. This
aspect reflects how likely a resource is to be used based on
the resources consumed previously. This likeliness is
expressed as a probability value between 0 and 1. We use
Markov Chains to create the model of the user’s resource
usage. This model allows us to ascertain patterns in the user
behavior. E.g. When one user stays on the hotel his morning
routine consists in using the “Press Digest” to recover the
headlines of the day, the “Room Service” to order breakfast
and the “Transport Service” to call a taxi. With the generated
model, we will able to predict that after using the “Room
Service” the most probable service to be consumed is the
“Transport Service” (see
Figure 2).
To build the transition matrix for the Markov Chains, we
use the previous history of the user’s resource consumption
as the training set. This transition matrix can be retrained
with the new data recovered from the user with each visit to
the hotel, adapting itself to the changes in the user
preferences. As we discuss in the future work section, one of
the main problems with using Markov Chains is that we only
take into account the last consumed resource to predict the
next one due to the Markov Property.
B. Accessibility
One of the most important aspects is the accessibility
features of the resource. Users of intelligent environments
possess a wide variety of abilities (sensorial, cognitive and so
on) that must be taken into account to assess the suitability of
the resources. Whatever the resource is, users must be able to
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consume it. We have used the user abilities taxonomy
proposed in [19]. We have restricted the user abilities to
three groups (see
Figure 1):
 Sensorial abilities: Those abilities related to the
user input.
 Communicational abilities: Those abilities related
to the user output.
 Physical: Those abilities related with the capability
of the user to move his extremities.
0.10

0.60

Wake Up
Service

0.30

0.40
Room
Service

Press
digest

0.30
0.60

0.70

Transport
Service

Figure 2. One of the Markov Chains created with the resource consumption
data for the predictability aspect. Using the created model the recomender
system can predict the likeness of one resource to be the next to be
consumed.

Each resource has two types of abilities associated, the
required and recommended user abilities. If the user does not
have one of the required abilities the value of the aspect is
automatically set to 0. This is done to reflect the fact that the
user can not consume the resource, thus being completely
useless for that user. If the user does not have a
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recommended ability the accessibility value receives a
penalization (see Formula 2).


where:




is the accessibility value for the resource.
is the penalization weight.
is the number of recommended abilities
not met by the user.

C. Relevancy
This aspect measures the importance of a given resource
[20] to the user’s current context [3]. For example, a user
jogging may be interested in the location of parks and
running routes but a user having breakfast in the hotel may
be interested instead in the public transports available in the
city. One of the main problems we encountered evaluating
this aspect was the selection of the context variables. The
selected variables must be significant enough to be
applicable to all the resource types described previously. We
have identified three context variables that meet these
requisites. We have analyzed the variables to identify the
most common values within the Smart Hotel scenario. In this
scenario the most important values are those that are closely
related with the hotel, but it also takes into account those
were the hotel can offer some service to the users:
1. User location. In the tourism domain, we have
considered the following locations: client’s room,
hotel’s lobby, hotel’s restaurant, hotel’s swimming
pool, hotel’s gymnasium and outside the hotel.
2. Time of the day. We have divided the day in twelve
periods of two hours.
3. Current activity. In the tourism domain we have
identified seven activities: sleeping, hygiene routine,
eating, exercising, working, shopping and visiting
tourist attractions.

Figure 3. Distribution of the resource consumption in the different periods
of time in the used training set for the relevancy aspect.

The context information is provided by other modules of
the THOFU project that are out of the scope of this paper.
Using the usage data recollected from the users we have
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trained a soft classifier that, given those three context
variables, calculates the relevancy of a resource.
For the classifier we have used a nearest neighbor search.
KNN (k-nearest neighbor) is a supervised (the training data
is labelled), non-parametric (the model does not take a
predetermined distribution form but it is in inferred from the
data), lazy learning (there is no specific training phase)
classification method. KNN assumes that the instances are
distributed in a feature space. Since the instances exist in a
multidimensional space, there is a computable distance
between them. The most commonly used distance is the
Euclidean distance. The algorithm takes a user-defined k
constant. The instances are classified taken the k nearest
training examples in the feature space.
To implement this classifier we have used the libraries
included in the Weka framework [29]. We have used
LinearNNSearch as the nearest neighbor search algorithm,
with a k value of 3 and the Euclidean distance as the distance
function.
D. Offensiveness
This aspect measures the suitability of a resource based
on a rating system. We use the age categories (3, 7, 12, 16
and 18) and the content descriptions (violence, bad language,
fear, sex, drugs, gambling, discrimination and online)
developed for the PEGI (Pan European Game
Information)[31] rating system. To evaluate it we use a
similar system that the one used in Section 3.1 to calculate
the accessibility, but taking the age categories as required
constraints and the content descriptions as the recommended
ones.
IV.

USE CASE

To better illustrate how the developed system works we
will explain how the system works taking two different users
as examples. The first user is a 27 year old male with a
hearing impairment. The second one is a 6 year old child.
The users have five resources available to them in this
example: The wake up service (R1), the room service (R2),
the press digest (R3), the multimedia system (R4) and the
transport service (R5). For this example, the weights for the
metric calculation are:
 predictability and relevancy have a weight of 1
 accessibility and offensiveness have a weigh of 0.5
We assume that both users are in their rooms and that the
wake up service has just been activated by an alarm. The first
user uses the Markov Chain model described in
Figure 2. The wake up service and multimedia system
both have hearing requirements, but offer alternative means
to use them. The first user has not stated any content
restriction. The results are shown in Table I.
TABLE I.
R1
R2
R3
R4

Predictability
0.10
0.60
0.30
0

RESULTS FOR THE FIRST USER
Accessibility
0.9
1
1
0.9

Offensiveness
1
1
1
1

Relevancy
0.8
0.7
0.4
0.2
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The second user uses the Markov Chain model described

Figure 4. The user has not any disability, so every
resource attains the maximum score in accessibility. The
press digest has a minimum age category of 7 and it receives
a score of 0 in offensiveness. The results are shown in Table
II.
TABLE II.
R1
R2
R3
R4
R5

Predictability
0.45
0.05
0
0.50
0

RESULTS FOR THE SECOND USER
Accessibility
1
1
1
1
1

Offensiveness
1
1
0
1
1

Relevancy
0.2
0.1
0.1
0.9
0

Using the Formula 1 the recommended resource for the
first user will be the room service (R2) in this scenario.

In the case of the second user, the selected resource will
be the multimedia system (R4).

0.45

Wake Up
Service

0.05

We take into account several aspects of a resource,
providing a holistic approach to the problem of the
resource recommendation.
 The importance of each individual aspect can be
tailored for each domain and specific problem
modifying their weights in the metric. This allows
us to adapt the mechanism to the requirements of
specific smart spaces.
One of the problems identified in this approach is the use
of Markov Chains to evaluate the predictability aspect. With
the use of Markov Chains we only evaluate the current event
and not the previous events that preceded it. In order to
tackle this problem we plan to explore the use of time series
to improve the forecasting algorithm.
We are also analyzing a more extensive set of aspects
that will give us a better picture of the evaluated resources.
We are currently studying the inclusion of the following
aspects:
 Timeliness [24]: evaluates how up to date is the
information of a resource.
 Satisfaction [25][26]: measures the opinion of the
users about a resource.
 Attention [27][28]: The average number of
interactions per time unit with a consumed resource.
 Closeness [11]: Evaluates what resources are
consumed by similar users.
By adding these new aspects we aim to create more
significant resource recommendations that meet better the
user’s needs. Finally we would like to include in the context
data information about the vagueness and uncertainty of the
model. To do this we plan to use the ambiguity assessing
techniques we described in [30]. This will allow us to model
the context more realistically and will improve the overall
preciseness of the system.

0.50
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