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Mobile services have become an essential part of today’s scientific and telecom market activities. Hence, mobile services
belong to an essential segment of modern communication
services. New trends in this area consist in smart services,
that is, a variety of context-aware services. The context itself
is driven by the human to mobile interaction or by the
interaction of the mobile device with the surrounding objects,
hence becoming part of an Internet of Things ecosystem that
enables smarter infrastructure (smart grid, smart buildings,
etc.). A wide research area is attributed to a number of
factors, but mainly from a concurrency of advances in mobile
software development that leverages the computation power
of the device, energy savings, increasing battery capacity,
advanced radio, and a combination of sensing abilities such
as satnav, signal strength, and inertial measurements. Those
mobile device capabilities give the ability to devices to
become “smart” and enhance the human-computer experience and the amount of time that humans spend on their
devices.
Those advancements, along with advancements in other
areas such as Artificial Intelligence (AI), open avenues for
modern mobile services to include advanced capabilities such
as health care (e.g., home care service, emergency alerting),
banking, and transportation (e.g., vehicular telemetry, smartphone driven self-driving). In addition, advancements in

positioning systems, such as moving from Global Navigation
Satellite System (GNSS) to modern technologies for indoor
localization can expand the areas where user location can
be identified from outdoor to indoor, hence creating holistic
location-aware service deployments.
However, the smartphone devices require complicated
backend systems that can scale up and down based on the
user growth and demand. The fact that people are spending
more and more time with their smartphones means that
backend services must scale horizontally at a higher pace.
Hence, parallel technological evolution in cloud computing
allows more and more services to receive faster adoption.
This special issue of fourteen selected papers is addressed
to researchers and engineers practicing in the scientific areas
of mobile services.
The paper entitled “Selective Mobile Communication
within a Coverage Area Bounded by Radiating Cables” by H.
Behairy et al. presents a novel technique to selectively control
mobile phone services within a desired area. The proposed
solution enables the area’s maintainer to allow mobile phones
on a whitelist to freely use mobile services without disruption
while denying services to all other mobile phones that are
within the boundaries of the desired area to be controlled. The
proposed solution uses a base station controller to identify all
mobile devices located within the controlled area, while an
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antenna is placed inside the area to cause all mobile devices
in the area to connect to the base station controller.
The paper “Multichannel Recorder for Low Frequency
Signals: Application of Oscilloscope as Integrated Mobile
Service for a Smartphone” by M. Kochlan et al. concerns
a mobile solution in which the smart phone is used as
the display device for the second device that is able to
obtain low-frequency signal waveform. The authors describe
a special system for low-frequency signal-data-sample acquisition, processing, and visualization which is implemented
as a service on an Android-based smart device. The service
allows a smart device to play the role of an oscilloscope or
arbitrary waveform generator which is accessible remotely by
Bluetooth. The design of whole solution aims for low power
consumption requirements, simplicity, and user friendliness
in application design. An application scenario was implemented as a wireless data acquisition system for power grid
monitoring.
In the paper titled “Scalability Optimization of Seamless
Positioning Service” by J. Machaj et al. a novel optimization algorithm for reduction of the number of transmitters
to reduce the response time of a localization server in a
modular positioning system is proposed. The motivation
for the algorithm is to reduce the complexity of position
estimation and thus provide a service that will have the lowest
possible latency, since high latency of position estimation can
significantly reduce the quality of user experience. Results of
tests in real world Wi-Fi positioning conditions show that the
proposed algorithm does not reduce the accuracy of position
estimates. On the other hand, time measurements show that it
has the potential to reduce the complexity of the positioning
system, especially when large numbers of transmitters with
low RSS values are present in the area of positioning.
The paper “An Enhanced Hybrid Social Based Routing
Algorithm for MANET-DTN” by M. Matis et al. addresses
an interesting topic and proposes a valuable solution for
fully decentralized routing algorithms that combines features
of both Dynamic Source Routing (DSR) and Social Based
Opportunistic Routing (SBOR) algorithms. The performance
evaluation section of the paper assesses the interesting aspects
of the proposed solution and highlights pros and cons of the
design choices.
The paper titled “Improved Association and Disassociation Scheme for Enhanced WLAN Handover and VHO” by
S. Shin et al. investigates a new scheme for the determination
of the handover point based on both the packet error
rate and the signal-to-interference + noise ratio. Using the
proposed scheme, the WLAN handover issues with short
data interruption time and the throughput performance are
improved even in the case where the user equipment is in the
partial packet success region of the access point.
The paper entitled “Cooperation between Trust and
Routing Mechanisms for Relay Node Selection in Hybrid
MANET-DTN” by J. Papaj and L. Dobos is focussed on
hybrid Mobile Ad Hoc Networks (MANET) and Delay Tolerant Networks (DTN). The authors’ motivation is to select
reliable and secure nodes to transport messages between
isolated islands with limited connectivity. They introduce
two novel algorithms that are activated if the connections

Mobile Information Systems
are broken or disrupted. The algorithms leverage routing
information and contact history to select reliable relay nodes.
The paper titled “Identification of Partitions in a Homogeneous Activity Group Using Mobile Devices” by N. Yu et
al. investigates a new solution for dividing a large group of
people into subgroups according to their behavior. Generally, people in public areas often appear in groups. People
with homogeneous coarse-grained activities may be further
divided into subgroups depending on more fine-grained
behavioral differences. Automatic identification of these subgroups can be beneficial for a variety of applications. The
work was focussed on identifying such subgroups in a homogeneous activity group. A generic framework using sensors
available in commodity mobile devices is proposed. Authors
evaluated the proposed approaches and results showed that
the framework of multimodal approaches outperforms the
original approach which works on a single sensing modality.
The paper entitled “Improving Indoor Localization Using
Bluetooth Low Energy Beacons” by P. Kriz et al. is focussed
on indoor localization by combining signals from Wi-Fi and
Bluetooth Low Energy (BLE) iBeacons. The key advantage of
BLE is low energy consumption; therefore battery-powered
beacons can be deployed in locations where power access for
Wi-Fi access points would be difficult. The authors performed
an experimental study in a building using different configurations related to transmitter arrangements and combination
of technologies, providing superior performance.
The paper “Indoor Localisation Based on GSM Signals:
Multistorey Building Study” by R. Górak et al. considers
indoor positioning using GSM digital mobile phone network
signals. They present methods for estimating location by
comparing the current readings of signal strength from
several transmitters (“fingerprints”) to a database of signal
strength readings previously collected at a large number of
known locations in the building and an experimental study
of these methods in a six-floor academic building. The work’s
notable features include the use of neural networks, a novel
approach to modelling time series information, a discussion
of storey detection (a topic that is too often neglected in
indoor positioning studies), and an impressively extensive set
of experimental data.
In the paper titled “Daily Living Movement Recognition
for Pedestrian Dead Reckoning Applications” by A. Martinelli et al., a generalized movement classifier for Pedestrian
Dead Reckoning applications is proposed. An accelerometer signal is considered as the input to the movement
segmentation procedure which exploits Continuous Wavelet
Transform to detect and segment cyclic movements such as
walking. Furthermore, segmented movements are provided
to the supervised learning classifier in order to distinguish
between activities such as walking and walking downstairs
and upstairs. Results brought out that the walking downstairs
movement has the highest false negative rate and is the
one that produces more misclassification errors than other
movements.
Within the framework of the usage of pervasive computing technologies for advertising purposes, the paper titled
“Recommending Ads from Trustworthy Relationships in
Pervasive Environments” by F. Martinez-Pabon et al. presents
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a proposal for a collaborative filtering recommender system
based on trust issues. According to the proposed analysis,
the trust component is included in the recommendation
algorithm by taking into account information entities from
the social network Facebook and trust components between
users.
The paper entitled “Novel Point-to-Point Scan Matching
Algorithm Based on Cross-Correlation” by J. Konecny et
al. focuses on mobile robot localization. In the paper a
novel method with high accuracy and low computational
costs is proposed. Extensive practical experiments show that
the proposed algorithm is able to match the high accuracy
of LiDAR scans and it is robust towards dynamic changes
in the environment and moving objects. The comparison
shows that it is approximately 10 times faster and has a
wider operating range compared to standard scan matching
methods. Disadvantages of the proposed method include the
relatively rough resolution of the obtained transformation
vectors, slightly higher relative error (approx. 5%), and the
need to set a fixed resolution of the raster.
The paper “Providing Databases for Different Indoor
Positioning Technologies: Pros and Cons of Magnetic Field
and Wi-Fi Based Positioning” by J. Torres-Sospedra et al.
describes a publicly available dataset collected by the authors
that includes magnetometer data and Wi-Fi data. The paper,
written in the spirit of modern open science, includes an
elaborate and detailed description of the databases and also
provides a comprehensive study of baseline results, making
the databases all the more attractive as a benchmark platform
for future research. The paper also compares the use of maps
of Wi-Fi signal strength versus maps of magnetic field for
indoor positioning, both of which are central technologies in
present-day indoor positioning.
The paper entitled “Arm Motion Recognition and Exercise Coaching System for Remote Interaction” by H. Zeng et
al. presents a system that recognizes hand gestures performed
by a trainee during body exercise and compares these gestures
with the ones performed by the trainer. The gesture recognition is based on data captured from sensors provided by a
smartphone. Both the trainee and the trainer have to hold the
smartphone in their hands during exercise. The authors argue
that this system is easier to use because it does not require
additional expensive devices such as a hand-worn wristwatch
or wristband.
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The use of pervasive computing technologies for advertising purposes is an interesting emergent field for large, medium, and small
companies. Although recommender systems have been a traditional solution to decrease users’ cognitive effort to find good and
personalized items, the classic collaborative filtering needs to include contextual information to be more effective. The inclusion
of users’ social context information in the recommendation algorithm, specifically trust in other users, may be a mechanism for
obtaining ads’ influence from other users in their closest social circle. However, there is no consensus about the variables to use
during the trust inference process, and its integration into a classic collaborative filtering recommender system deserves a deeper
research. On the other hand, the pervasive advertising domain demands a recommender system evaluation from a novelty/precision
perspective. The improvement of the precision/novelty balance is not only a matter related to the recommendation algorithm
itself but also a better recommendations’ display strategy. In this paper, we propose a novel approach for a collaborative filtering
recommender system based on trust, which was tested throughout a digital signage prototype using a multiscreen scheme for
recommendations delivery to evaluate our proposal using a novelty/precision approach.

1. Introduction
Currently, the use of pervasive computing technologies for
advertising purposes is an interesting emergent field for large,
medium, and small companies. One of the marketing areas,
advertising, is defined as “any paid form of non-personal
presentation and promotion of ideas, goods or services by
an identified sponsor” [1]. Frequently, research has focused
on advertisement delivery to potential clients through their
personal devices (smartphones, tablets, or PCs), but public
space is still attractive for advertisers, taking into account that
75% of purchase decisions are made at or near the sale place
[2]. This field, known as digital signage, is related to digital
content display using public screens [3]. However, there
are challenges associated with pervasive advertising spaces
implementation, which can be analyzed from the following

perspectives: First, the need for personalized content is an
issue that can be addressed from recommender systems
theory, which provides tools and techniques to provide
suggestions in a huge collection of items for a specific user.
Specifically, collaborative filtering has been one of the most
popular techniques for recommendation purposes; it looks
for correlations between users to recognize their affinity
and then associates their items evaluations [4]. Nonetheless,
the customization process also demands the inclusion of
information about the user context. It may be challenging to
include all variables that may be considered as “context” in the
recommendation algorithm, but one variable is particularly
interesting for the advertising domain: the user’s “social
context.” For years, the “word of mouth” has been a powerful
technique for marketing purposes, so the inclusion of the
user’s social context information in the recommendation
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algorithm (specifically, trust in other users) is a mechanism
for obtaining ads’ influence from other users in the closest
social circle. The traditional collaborative filtering used in
recommender systems calculates recommendations based on
users’ similarities in their ratings, but they are anonymous
users. The inclusion of social context information may
improve the ads recommendation process with persuasion
purposes, considering that 67% of purchase decisions are
influenced by the opinions of close others. Although some
studies have developed proposals for the inclusion of information in users’ social circle, they are frequently based on
explicit mechanisms to calculate the trust between users,
or they try to infer this same information from the ratings
matrix itself. Other approaches define mechanisms to infer
trust from social networks, but, in most cases, they use
proprietary networks or the integration strategy into the recommendation algorithm is not completely defined and tested.
Another main concern is related to the evaluation focus
for a recommender system in a pervasive advertising domain.
Frequently, the evaluation of recommender systems has been
concentrated on precision aspects, but the recommendation
novelty may be an aspect even more relevant for persuasion
purposes in advertising. Nonetheless, the improvement of
the precision/novelty balance for the recommender system
in these cases may be not only a matter of the RS algorithm
itself but also a better display strategy issue. In digital signage
environments, for example, most public display interaction
initiatives do not consider multiscreen approaches, where
the content may be distributed between different devices
(e.g., public screens and smartphones). A screen content
replication has been used instead; if this approach combines
aggregation techniques for delivering recommendations to
groups of people on the main screen with a more robust trustbased recommendation algorithm to deliver custom items on
a personal screen (e.g., a smartphone), the balance between
the precision and the novelty of the recommendations could
improve. On the other hand, several approaches have been
defined to measure novelty in different recommender system
variants, but a suitable definition for the advertising domain
deserves a deeper analysis, which is one of the contributions
of this work.
According to the previous analysis, our proposal is focused
on the research question of how to build a recommender
system for pervasive advertising environments supported
on a Smart TV-smartphone framework, and the following
hypotheses are evaluated: (H1) the inclusion of multiscreen
capabilities for the recommendations delivery improves the
precision/novelty balance; (H2) the inclusion of trust information in the collaborative filtering algorithm helps to
improve the precision/novelty balance.
The current work develops a new recommender system
approach for the advertising domain and makes the following
contributions: a trust inference algorithm from social network interaction information; a collaborative filtering recommendation algorithm variant to include trust information
during the recommendation process; a digital signage case
study definition, where we analyzed the effects of the trust
inclusion and multiscreen display strategy over recommendation precision and novelty; and an evaluation scheme
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derived from the work of Vargas and Castells [5] to measure
the novelty in the pervasive advertising domain.
This paper is structured as follows: Section 2 summarizes
some related works, Section 3 introduces the trust inference
algorithm, Section 4 describes the strategy to include trust in
classic collaborative filtering, Section 5 introduces the study
case and the features of the implemented prototype, Section 6
describes the results of the experiments, and Section 7
outlines conclusions and future work.

2. Related Works
From pervasive advertising (specifically digital signage) as a
field study, we will next summarize some of the most relevant
related works, taking into account the main concepts for the
current research.
Recommender systems have evolved from data mining
and machine learning theories. They have been studied for
years as a classic solution to decrease the cognitive effort when
there are a huge collection of items the users may explore,
independent of a specific domain. Some previous works have
compiled the concepts, algorithms, and techniques that are
more relevant from the recommender systems perspective
[6–8]. Specifically, collaborative filtering has been one of the
most used techniques for recommender systems. It looks for
correlations between users to recognize their affinity and then
to associate their item evaluations [4]. Some previous works
have applied collaborative filtering techniques for advertising
purposes [9], including some context variables, but from an
explicit approach; the inclusion of trust during recommendation has been less explored for this specific domain.
By and large, the inclusion of trust in recommender
systems may be studied from two approaches: explicit trust
information from users or trust inferred from users’ information. Regarding the first approach, Massa and Avesani [10]
extended classic recommender system algorithms by including a trust matrix in addition to the ratings matrix to replace
the traditional prediction mechanism with an algorithm that
calculates the trust propagating in a network, and they used
this estimation instead of similarity. Golbeck [11] developed
FilmTrust, a website that uses trust inferred from a proprietary social network to offer movie recommendations; the
work focuses on determining how to create interfaces to represent the connections between users based on the information they provided by themselves using an algorithm called
TidalTrust. Other similar propagation approaches may be
seen in [12, 13]. Several other works have developed proposals
for trust inference, which are related to the second approach.
O’Donovan and Smyth [14] extend the traditional user × item
space to a user × item × context space, defining a trust matrix
inferred from user ratings; a similar proposal was developed
by Martı́n-Vicente et al. [15] but for expertise and reputation
inferences. Other proposals go beyond and try to infer trust
from social network information. For example, Chen and
Fong [16] propose a recommendation framework for social
networks based on collaborative filtering and trust. In this
research, two methods to compute similarity are defined:
the first one uses the similarity of profiles, and the second
one is based on people’s interactions. From these two values,
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a unique value is computed and included in the recommendation algorithm; additionally, the authors propose a
framework to use the social network Facebook. Bakshy et
al. [17] demonstrated that the interactions between people
in a social network are the strongest component of trust
inference, and other research works are coherent with this
trend, defining frameworks based on interaction information
to infer trust. Gilbert and Karahalios [18] define a predictive
model that maps social media data to tie strength on a
dataset of over 2.000 social media ties. As a result, the top
15 predictive variables for trust inference were defined. Other
proposals have used similar approaches based on interaction
information, and we found several agreements between the
reference variables used for trust inference purposes [19–21].
These works set an important starting point for the current
research, and we will expand on some aspects of them in the
following sections.
Although the previous works are important advances in
trust inference with recommendation purposes, there are
some noted gaps with regard to the context of the current
research: the pervasive environment demands to capture as
much information as possible in an implicit way, and the
pervasive advertising domain is not an exception, so trust
inference mechanism from explicit information captured
from the users is not attractive for this domain. Although
the trust inference from the ratings matrix itself or from an
extended user × item × context matrix is interesting, it still
infers information from anonymous users, and there is no
assurance that these users belong to the closest social circle
of the user. According to the previous characterization of the
advertising domain, we are interested in inferring information from friends, which is a disadvantage of these techniques
and classic collaborative filtering. Therefore, trust inference
from social network information seems to be a more suitable
solution for the pervasive advertising domain, but the use
of proprietary social networks restricts the system scalability
for recommendation purposes. On the other hand, there is
no consensus about the best variables to infer trust from
public social networks such as Facebook, and there is no clear
strategy to include trust information in the recommendation
algorithm. These aspects deserve deeper research.
Another important aspect is the evaluation approach to
use for a trust-based recommender system in the pervasive
advertising domain. One of the more demanding challenges
in recommender systems theory is related to metrics fragmentation to evaluate different aspects of these types of
systems. Herlocker et al. [22] developed an empirical analysis
for different accuracy metrics, and Gunawardana and Shani
[23] defined a guide for the design of offline experiments with
evaluation purposes. Traditionally, precision has been the
metric frequently used to evaluate the recommender system,
but, according to the pervasive advertising domain features,
the novelty of the recommendations may be more relevant
with persuasion purposes. McNee et al. [24] propose new
directions to evaluate recommender systems, including the
novelty degree. Ge et al. [25] analyze the roles of coverage
and novelty in the recommendation quality and introduce
methods to measure them. Kawamae [26] proposes an algorithm to generate novel recommendations that focuses on
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the search time that, in the absence of any recommendation,
each user would need to find a desirable and novel item by
himself, following the hypothesis that the degree of the user’s
surprise is proportional to the estimated search time. In one
of the most interesting works related to novelty measurement,
Vargas and Castells [5] developed a formal framework for the
definition of novelty and diversity metrics that unifies and
generalizes several state-of-the-art metrics. The novelty of a
piece of information generally refers to how different it is with
respect to “what has been previously seen,” by a specific user,
as long as the diversity generally applies to a set of items,
and it is related to how different the items are with respect
to each other. This is related to novelty in that when a set is
diverse, each item is novel with respect to the rest of the set
[5]. This work is used as a starting point for the novelty metric
definition in the current research, and its contribution will be
described later in detail.
Finally, although the previous works define methods to
measure the novelty degree in the recommendation, some
of them also define approaches to influence novelty from
the recommendation algorithm itself. However, as one of the
main hypotheses of the current research, the balance between
the precision and the novelty of recommendations may be
affected by not only the recommendation algorithm itself
but also a better recommendations’ display strategy. For our
specific study case, in the digital signage space design, we
consider some works related to the delivery of recommendations to groups of people [27, 28]: the PolyLens system, a
variant of MovieLens [29], MusicFX [30], and Intrigue [31].
Other approaches have defined mechanisms to improve the
interaction between users and public displays ([32–34] or
[35–38]), but a multiscreen approach from the recommender
systems perspective and its effect on the balance between
precision and novelty have not been explored.

3. Inferring Trust from Social Networks
The trust inference concept is strongly related to the homophily concept, a principle that postulates that people tend to
form ties with other people who have similar characteristics
[39]. In the most basic sense, this approach can lead to a relationship binary analysis to study a friend/no friend condition.
However, this approach is not sufficient to try to infer trust
between individuals, as is illustrated in the following example
from social network analysis: suppose that user A and user
B are friends, and user B and user C are also friends, but
user A and user C are only acquaintances. A few days later,
user C sends a friendship request to user A, and now they are
connected as friends when A accepts the invitation. From the
binary approach perspective, there are no differences between
the relationship between users A and B and that between
users A and C, although this is not accurate in practice. Trust
inference is a concept that goes beyond a simple “friend/no
friend” status analysis, and a new concept arises from the
social network analysis to complement this approach: tie
strength. The tie strength feature tries to calculate the strength
of the relationship between two users when a tie exists
between them. Therefore, a tie strength analysis will deliver
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two possible main results: strong ties (real friends) and weak
ties (acquaintances) [40].
Although profile information could provide some level of
information about the similarities between people, previous
research has found that interaction information is one of the
most important sources to try to predict the tie strength.
Several techniques may be applied to infer tie strength
using diverse technologies: the reciprocity of calls between
two mobile phone users, the number of tweets between
Twitter users, or even the email exchange activity between
individuals. Nonetheless, social networks provide a richer
space to infer trust from several types of interactions and
therefore build a more accurate picture of the trust map of
a specific user. Specifically, the current research will use the
social network Facebook as a reference. Other works have
built proprietary social networks for their experiments, but
the study of Facebook may enable a more scalable solution in
several domains due to the network’s popularity and use by
millions of users.
As a starting point, the current work uses the model
proposed in [18] where the authors introduce a predictive
model that maps social media data to tie strength on a dataset
of over 2.000 social media ties to distinguish between strong
and weak ties. Table 1 shows a summary of the predictive
model proposal for the variables in different categories.
This model defines the top 15 predictive variables; we
compare these top 15 results with similar research to obtain
a unified set of variables as the starting point for our study
(see Figure 1).
According to the previous results, seven variables are
selected as a starting point to build the trust inference
algorithm between two users, A and B (as shown in the
following part).
First set of variables to infer trust from Facebook are as
follows:
Exchanged inbox messages.
Likes (from B to A).
Tags to B.

Table 1: Social media data predictive model.
Wall words exchanged
Wall posts
Inbox messages exchanged
Status updates
Comments
Likes
Tags
Number of friends
Days since last communication
Wall and inbox intimacy words
Appearances together in photos
Distance between hometowns
Relationship status

Intensity

Intimacy

Duration
Reciprocal services

Structural

Emotional support

Social distance

Demographic

Source: [18].

Attribute Utility Theory (MAUT), we initially define the trust
that user A has in user B as follows:
𝑇A,B = 𝛼

∑ TagsTo
∑ IM
∑ Likes
+𝛽
+𝛾
totIM
totLikes
totTagsTo

+𝛿

∑ TagsFrom
∑ Cotags
∑C
+𝜀
+𝜃
totTagsFrom
totCotags
totC

+0

∑ WP
,
totWP

Tags from B.
Cotags (posts where both users are tagged together).
Comments (from B to A).
Wall posts (from B to A).
Once we define the first set of variables for trust inference,
we define a first approach for the algorithm. The main goal
is to build an equation that combines the contributions
of this set of variables to calculate a trust score that can
later be integrated into a collaborative recommender filtering
technique and keep it as simple as possible for performance
purposes. Because trust is not necessarily symmetric, from
the work of [41] and according to the simple Multiple

Days since first communication
Links exchanged by wall post
Applications in common
Mutual friends
Groups in common
Similarity of interests
Common networks
Number of positive words
Number of negative words
Gifts exchanged
Age difference
Occupations difference
Educational difference
Political and religious difference
Gender
Number of apps installed
Number of inbox messages
Number of wall posts
Number of photo’s comments

(1)

where 𝛼 + 𝛽 + 𝛾 + 𝛿 + 𝜀 + 𝜃 + 0 = 1, IM is inbox
messages exchanged, C is comments, WP is wall posts, and
tot is the prefix for “total,” which is the total amount of items
for a particular attribute, that is, the total amount of inbox
messages exchanged by a certain user with all his friends. This
normalization makes sense when we consider the interaction
frequency between individuals as a clear indicator of trust.
For example, suppose user A has the number of interactions
with users B and C, as shown in Figure 2. At first glance,
A could trust C more than B, but this is likely because C
is a more active user than B, so the activity level of both
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Predicting tie strength with
social media (Gilbert and
Karahalios, 2009)

Social network collaborative filtering
framework and online trust factors: a
case study on Facebook (Chen and
Fong, 2010)

Trust inference
Main variables

Interpersonal trust measurements
from social interactions in Facebook
(Li, 2014)

Inbox messages
Tag photos
Photos tagged
Cotag
Comments
Likes
Wall posts

Tie strength in Q&A on social
network sites (Panovich et al., 2012)

How to calculate trust
between SN users
(Podobnik et al., 2012)

Using transactional information to
predict link strength in online social
networks (Kahanda and Neville, 2009)

Figure 1: State of the art: trust inference from user interactions.

2
B

3
A

1

C
1

Figure 2: Users’ interactions in a social network.

(2) Covariance Matrix Calculation. This step looks for relationships between the set of variables. At the end, we select
the eigenvectors that correspond to the largest eigenvalues to
obtain a linear principal component combination, as follows:
𝑚

𝜆𝑖
× 𝑢𝑖 × 𝑍𝑖𝑗 ,
∑
𝜆𝑚
𝑖=1

𝑇𝑗 = ∑
users must be taken into account. Suppose B has a total of 5
interactions with his friends, and C has 10 interactions. When
normalization takes place, we see that almost 60% (3/5) of B
interactions are with user A, as long as the interactions only
represent the 40% (4/10) for user C, so the effect of the active
user is strong. In conclusion, it is important to have a global
vision of the network activity and not to focus on only the
trust inference in the specific pairs’ activity. Other works have
used similar approaches for normalization [17, 21].
The final challenge is related to a correct estimation of
the weights of each variable in the equation. This is not a
trivial issue, and some proposals have used empirical estimations and subjective weights during experimentation [42].
Although it may be an acceptable approach, we looked for
a mechanism to combine correlated variables; for example,
a tag may trigger a comment or a like, so the numbers of
these interactions are related. Accordingly, we choose to adapt
the method suggested by Li [21], which applies the principal
component analysis (PCA) statistical procedure. PCA uses an
orthogonal transformation to convert a set of observations
of possibly correlated variables into a set of uncorrelated
values by finding a smaller set of linear combinations for the
interaction variables. As a result, it also assigns weights to
each independent component, which simplifies the process of
calculating the weights according to the contribution of each
interaction type. In summary, the process obtains the trust
score for each friend of a user 𝑢, as follows.

(3) Trust Score Calculation. The trust score is calculated in two
steps:

(1) Interaction Matrix Calculation. For each friend 𝑗 of user 𝑖

(𝑗 ∈ 𝐹𝑖), an interaction vector is defined, →
𝑠𝑖𝑗 ; therefore, each
row represents the interaction between friend 𝑗 and user 𝑖,
and each column represents a type of interaction (|𝐹𝑖| rows
and 7 columns, one for each interaction variable). Then, the
matrix is normalized according to the previous requirements
analysis.

Once the method is defined to calculate a trust score between
users from social network information, we validate this first
set of variables to consider the perception of real users
regarding the role of each variable in trust inference (see
Appendix A).
From the results, we observe that inbox messages, comments, and wall posts contribute more to trust inference from

̃

𝑍𝑖𝑗𝑘

=

𝑠𝑘

𝑖𝑗−𝑥𝑘
V𝑘

,
(2)

∑ 𝑥𝑘
𝑥𝑘 =   ,
𝐹𝑖 
2

∑ (𝑆𝑖𝑗𝑘 − 𝑥𝑘 )
√
𝑘
V =
𝐹𝑖  − 1 .
 

(a) We obtain an initial score according to each principal
component contribution (see (2)).
(b) Then, we normalize this score on a −1 to 1 scale to
ease the score integration with the recommendation
algorithm, as it will be described later:
Trust score
=

(PCAscore − PCAmin ) × (Scoremax − Scoremin )
PCAmax − PCAmin

(3)

+ Scoremin .

6

Mobile Information Systems
Table 2: Ground truth test results for trust inference.

Test
1
2

Weighting
method

Variables
Inbox messages,
comments, wall posts
Inbox messages,
comments, wall posts,
tags to

Average Accuracy

PCA

18.4

63%

PCA

17.6

65%

the users’ perspective. With these results as a starting point,
we performed a ground truth test to calculate the accuracy
of the trust inference algorithm. The top ten friends for each
participant were computed using the first version, including
the seven initial variables, and then the second version,
updating the variables according to the users’ perspective
tests. Then, participants were asked to rank their calculated
top friends from most trusted to least trusted (ground truth).
Finally, we compared the algorithm results for the two
versions and the ground truth results using a simple subtraction between the order given by the algorithm and the
order given by the users. The results from the second version
of the algorithm outperformed those of the first version,
so we conducted additional tests to verify whether the tag
information inclusion was relevant (Table 2).
Table 2 shows that although there is no significant
effect by excluding the tags variable, it slightly improves
trust inference accuracy. Therefore, the final trust inference
equation was defined as follows:
𝑇A,B = 𝛼

∑ TagsTo
∑ IM
∑C
∑ WP
+𝛾
+𝜃
+0
.
totIM
totTagsTo
totC
totWP

(4)

Usually, recommender systems are used to accurately estimate the degree to which a particular user will like a
particular item. Specifically, collaborative filtering is a recommendation algorithm that bases its predictions on the ratings
or behavior of other users in the system; that is, it finds users
whose previous ratings are similar to those of the current user
and uses those ratings to predict what the current user will
like [43]. Traditionally, collaborative filtering recommender
systems use a similarity metric to find the user’s neighbors,
and, based on the preferences in that neighborhood, they
compute a prediction for an item. The collaborative filtering
algorithm is defined by the following aggregation function:
∑𝑛𝑢=1 (𝑟𝑢,𝑖 − 𝑟𝑢 ) ∗ 𝑊𝑎,𝑢
,
∑𝑛𝑢=1 𝑊𝑎,𝑢

𝑝𝑎,𝑖 =

(5)

where 𝑝𝑎,𝑖 is the predicted rating for user 𝑎 on item 𝑖, 𝑟𝑎 represents the average rating for user 𝑎, 𝑛 is the neighborhood, and
𝑊𝑎,𝑢 is a similarity metric between users, frequently calculated using Pearson’s correlation coefficient; other alternatives
as Spearman’s correlation coefficient are used too. In practice,
the traditional collaborative recommender systems exhibit
weaknesses related to the sparse nature of data (users typically
rate only a small fraction of the available items), the cold

∑𝑢∈𝑛 𝑡𝑎,𝑢 𝑟𝑢,𝑖
.
∑𝑢∈𝑛 𝑡𝑎,𝑢

(6)

Golbeck [46] proposed an algorithm called TidalTrust,
which follows this strategy. According to Goldbeck’s research
findings, this strategy does not necessarily offer a clear
benefit over the classic collaborative filtering, but it improves
recommendations for users who disagree with the average
rating for a specific item.
The second approach introduces an alternative for the
weight calculation (𝑊𝑎,𝑢 in (5)), which tries to infer the
weights throughout the relations of the target user in the trust
network (using propagation or aggregation techniques). In
(5), PCC weights are replaced by trust values 𝑡𝑎,𝑢 :
𝑝𝑎,𝑖 = 𝑟𝑎 +

4. Trust-Based Collaborative Filtering

𝑝𝑎,𝑖 = 𝑟𝑎 +

start problem (new users have not rated enough items to
be linked to similar users), or, even more important, the
algorithm philosophy itself to calculate the similarity with
anonymous users. Swearingen and Sinha [44] and Sinha and
Swearingen [45] demonstrate that people tend to rely more
on recommendations from people they trust than anonymous
users; it therefore is a strong motivation to try to incorporate
trust in a classic collaborative filtering technique. In the
literature, two strategies are commonly used to include trust
in the recommendation algorithm: the trust-based weighted
mean and trust-based collaborative filtering.
The first one redefines the recommendation strategy by
computing a trust-based weighted mean; instead of computing
the average rating for item 𝑖 from the ratings 𝑟𝑢, 𝑖 from all
system users 𝑢 who are already familiar with 𝑖, it includes trust
values 𝑡𝑎,𝑢 , which reflect the trust degree for raters 𝑢. Therefore, the highly trusted users ratings will have more weight:

∑𝑛𝑢=1 (𝑟𝑢,𝑖 − 𝑟𝑢 ) ∗ 𝑇𝑎,𝑢
.
∑𝑛𝑢=1 𝑇𝑎,𝑢

(7)

Massa and Avesani [47] propose an example for this strategy.
According to their findings, the strategy improved the behavior for controversial users, but it also improved the prediction
accuracy for cold start users.
Although both approaches show improvement for controversial item rating predictions and cold start recommendations, they replace the correlation component that
calculates the similarity between users, likely based on the
assumption that trust and similarity are correlated, according
to the analysis of Victor et al. [48]. However, we consider
that it could not be an exact assumption as long as the trust
between users does not necessarily indicate “similar tastes.”
Therefore, we adapted a trust-based collaborative filtering
strategy, replacing the similarity correlation component of
(5) with a new one, including a weighted contribution for
similarity and trust:
𝑝𝑎,𝑖 = 𝑟𝑎 +

∑𝑛𝑢=1 (𝑟𝑢,𝑖 − 𝑟𝑢 ) ∗ 𝑊𝑇𝑆𝑎,𝑢
,
∑𝑛𝑢=1 𝑊𝑎,𝑢

𝑊𝑇𝑆𝑎,𝑢 = 𝛼𝑊𝑎,𝑢 + 𝛽𝑇𝑎,𝑢 ,

(8)
(9)

where 𝛼 + 𝛽 = 1, 𝑇𝑎,𝑢 represents the trust score between
two users, calculated throughout the process illustrated in
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Figure 3: Trust inclusion in the recommendation algorithm.

Section 3, and 𝑊𝑎,𝑢 reflects the correlation between users,
calculated by techniques as Pearson’s correlation coefficient
or Spearman correlation coefficient; in strict sense, Pearson’s
correlation coefficients have requirements related to the normal distribution of the data, so a nonparametric coefficient
as Spearman may be used instead. As a matter of fact,
Lathia et al. [49] reported, for example, that the precision of
the recommender system is not affected significantly by the
choice of the similarity measure, so it should not be a concern
in the practice.
In simple terms, we calculate the correlation coefficient
between users and then the trust score for neighborhood
users (see Figure 3). An alternative could be to use a trustbased filtering technique where the trust values act as a filter,
so only the most trustworthy neighbors participate in the
recommendation process, as suggested by O’Donovan and
Smyth [14]. However, it demands a highly connected group
in the social network to assure an adequate number of users
in the neighborhood setup, so this strategy could be more
demanding to implement in practice.
In practice, 𝛼 and 𝛽 are weights that enable the algorithm
calibration to give higher priority to the trust or similarity
contribution. We used this feature for different tests during
the experimentation using different weights for trust and
similarity.

5. Trust-Based Recommendations on
Digital Signage Environments:
An Implementation Approach
Advertising has played an important role in commerce since
it originated. Recently, a new paradigm known as pervasive
advertising, which refers to the use of pervasive computing
technologies for advertising purposes, has arisen as a promising bet for modern advertisers and consumers. Although
most pervasive advertising approaches have been directed to

mobile devices (smartphones or tablets), public spaces are
also very interesting for the industry, taking into account
that the 75% of purchase decisions are made at or near the
purchase place [2]. This field, known as digital signage, is
related to digital content display using public screens [3]. We
implemented a digital signage prototype as a study case to
test the new recommendation algorithm based on trust and
similarity contributions. This scenario implies the analysis
of interesting requirements for the purpose of the current
research: first, ads are personalized and adapted to the context; second, ads are addressed to a group of people instead
of individuals; finally, the precision of recommendations is a
metric frequently evaluated in RS research, but the extent of
novelty is also important in the advertising domain as part of
the persuasion. Therefore, a balance between precision and
novelty is a desirable feature.
Regarding the first requirement, for all variables that may
be considered as “context,” likely the most relevant variable
for the advertising domain is the social context. For years,
“word of mouth” has been a powerful technique for marketing purposes, so the inclusion of users’ social context information in the recommendation algorithm (specifically, trust
in other users) is a mechanism for obtaining ads’ influence on
other users in the closest social circle, instead of anonymous
users, as in traditional collaborative filtering. The inclusion of
trust information may improve the ad recommendation process with persuasion purposes, knowing that 67% of purchase
decisions are influenced by the opinions of close others.
Regarding the second requirement, the recommendation
process for a group of people implies a new set of challenges,
which have been addressed in several studies through the use
of special aggregation techniques during the recommendation process; specifically, the techniques described by Masthoff [28] were used as reference. However, the recommendation process improvement in these cases may be not only
a matter of the RS algorithm itself but also a better display
strategy issue. Most public display interaction initiatives do
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Figure 5: Public display ads screen.
Smart TV

Smartphones

Figure 4: Prototype basic architecture.

not consider multiscreen approaches, where the content is
distributed between screens in a complementary way; screen
content replication has been used instead. This thought is
related to the third factor too because a better display strategy
may also contribute positively to the novelty perception: by
definition, group recommendations displayed on a public
screen will be less personalized than recommendations displayed in a personal device (e.g., smartphone or tablet), so
they could be more novel for users. This hypothesis is an
important contribution of the current research, and it will be
analyzed in the following section for the current scenario.
According to the previous description, we implemented a
novel electronic alternative for a traditional static ads board,
in which people post ads using paper posters; these boards are
frequently found in small shops or on academic campuses.
The proposed implementation replaces the old board with a
new cooperative Smart TV-smartphone model, where both
devices’ screens offer ads to users under different but complementary approaches: ads recommendations for group profiles
are on public TV screens, and ads recommendations for
individual profiles are on smartphones screens. Moreover, the
interaction capabilities between the two devices change the
static behavior of the traditional board; the basic architecture
for the prototype is shown in Figure 4.
In summary, Android applications were developed for
mobile phones and Google Smart TV set top box. These applications used a middleware API for interaction management
developed for us. The users in front of the public display log
in to the system using a “Login with Facebook” feature. The
middleware details are out of the scope of this paper. Please
refer to [50] for more details.
Briefly, some of the main functionalities of the implemented prototype are as follows:
(i) Ad recommendations for a group of users watching
the TV screen: the group of users was limited to
four people, basically for usability reasons, taking into
account the screen size (42 inches). The recommender
calculates the best ad list for the people interacting
with the public screen using aggregation techniques;

Figure 6: Mobile device list screen.

these ads were organized on a list of six ads for each
one (see Figure 5).
(ii) Ad recommendations according to individual preferences on the smartphone screen: the recommender
calculates the best ad list for each person in front of
the public display, and it shows the ads on the mobile
device screen (see Figure 6). It uses the recommendation algorithm described in the previous section. The
user can obtain detailed information for a particular
advertisement and add ads to his or her favorites.
(iii) Basic interaction between mobile device application
and public display: the user can go over the ads on the
public display using a control pad from the mobile
application (Figure 7); using a tap gesture, the user can
obtain detailed information for a particular ad in a
public display and watch it on his or her mobile device
screen. Each user is identified by a specific color.
(iv) Explicit and implicit ad ratings: users can rate the ads
on a public screen or the mobile device list using the
“Like” and “No Like” options available in the mobile
application user interface. Thanks to the middleware
capabilities, it is also possible to generate implicit
ratings according to the users’ actions (e.g., request
more information about an ad, ignore ads from the
screen, and add the ad to favorites).
(v) Posting ads: users post ads to the public screen,
writing the ad information from the mobile device.
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Figure 7: User pad control and ads post.

The user can use the smartphone’s camera or photo
gallery to upload a product picture (Figure 7).

6. Experimental Results
We design an experimental framework based on the work
of Herlocker et al. [22] to define important considerations
during the tests. Specifically, the purpose of the experiments
was to evaluate the following hypotheses:
(H1) The inclusion of multiscreen cooperation mechanisms improves the precision/novelty balance during
the recommendation process.
(H2) The inclusion of trust information in the collaborative
filtering algorithm improves the precision/novelty
balance during the recommendation process.
6.1. Domain Considerations. According to the previous
description, we tested our recommendation proposal in a pervasive advertising domain, specifically using a digital signage
prototype. Thinking about pervasive advertising features,
some important aspects about the domain were considered:
the main task for the RS will be to find “some good items”;
not all good items are required for advertising purposes.
Utility maximization for a user is related not only to good
recommendation accuracy but also to some extent of novelty.
Recommendation novelty may have higher priority over the
first one for advertising purposes. In this sense, although the
false positive rate may be considered spam advertising, some
of these ads may be novel, so a balance between false positive
and novel ads is desirable. Additionally, the false negative rate
is particularly relevant for advertisers, as long as they want the
items they consider relevant to become recommended ads.
Finally, according to the analysis of the advertising domain
presented in Introduction of this paper, context information
in this case was represented by the inclusion of “trust” in
the recommendation algorithm, according to the procedures
described in the previous sections.
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Figure 8: Trust graph for test group.

6.2. Dataset Considerations. Because our recommender system proposal is based on trust, we required two datasets: one
with ratings and the other one with trust scores. One of the
main challenges was the lack of a suitable ratings’ dataset
for the advertising domain, so we decided to build one. We
built a web application where students at the University of
Cauca could post and rate ads; then, a set of users participated
in interactive sessions using the implemented prototype
described previously to improve the dataset information.
The first interactions were useful to test the collaborative
filtering and the aggregation techniques for the advertising
domain. The results were published in [51, 52]. At the end, we
completed a dataset with 127 ads, 176 users, and 10.128 ratings
for the tests.
For the dataset including trust information, the main
challenge was to find a homogeneous group of people where
each member had at least one connection in Facebook with
another member of the group. For the offline tests, we decided
to generate this information in a hard-code way based on the
users of the rating dataset because our main interest was to see
the effect of trust inclusion in the recommendation process;
ground truth tests were performed previously for the trust
inference algorithm itself, as described in Section 3. At the
end, we obtained a dataset with 30852 trust connections, as
shown in Figure 8. The graph shows the connections between
users, so each pair of connected users shares a trust value
between 0 and 1. The green connections represent higher
values of trust as long as red connections represent lower trust
values. Regarding the users in the graph, the color and size are
given by the node degree; green ones have a higher degree,
and red ones have a lower degree.
For the online tests, the task was more challenging
because of the requirement of connections between people,
as described previously. Several volunteers groups were tested
to meet this criterion. Finally, twenty volunteers from Fundación InnovaGen, in Popayán, met these requirements, and
they agreed to participate in the interactive session during
the experiment. We used the Graph API Explorer from
Facebook to obtain information from the social network with
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Figure 9: Fundación InnovaGen social graph.

the authorization of each user. All data were anonymous,
so only IDs were used for all users, and only the number
of interactions was processed without intervention over
the message content. Once the interaction information was
complete, we computed the trust score between users using
the process described in Section 3.
Figure 9 shows the graph representing the communities
inside the group. According to the graph, 3 communities
were detected: the green community, which is the largest
and has the nodes with higher degrees, and the yellow one
and the red one, which have nodes with lower degrees.
This information allowed us to set up the groups during
the interactive experience with the recommender system
implemented in the prototype. Due to the high degrees in
the green community, some of its members participated more
than once during the experiment.
6.3. Precision and Novelty Metrics. As a rule, precision has
been the most popular metric for a recommender system
evaluation, and it is defined as the ratio of relevant items
selected to number of items selected or the probability that
a selected item is relevant:
𝑃=

𝑁𝑟
.
𝑁

(10)

However, for the purposes of the current research and according to the advertising domain considerations described previously, it is more interesting to evaluate the recommender
system from a precision/novelty perspective. Although several approaches measure the recommendations novelty in the
literature, Vargas and Castells [5] proposed an interesting

framework for the definition of novelty and diversity metrics
that unifies several state-of-the-art metrics. Specifically, this
framework supports metrics taking into account the ranking
and relevance of the recommended items.
These properties are important for the current research
because the interactive nature of our proposal for the specific
domain (pervasive advertising), ranking, and relevance take
into account how users interact with recommendations (top
items receive more attention in each screen list) and user
subjectivity (how relevant the item may be for the user).
According to the authors, the novelty of a piece of information generally refers to “how different it is with respect to
what has been previously seen” by a user. Nonetheless, in the
advertising domain, the effectiveness of ads will be measured
not only by “how different they are from previous ads” but
also by “how relevant actually they could be for the users,”
so the novelty metric should include the influence of these
properties during the recommendation process.
In simple terms, the framework is based on three fundamental relationships between users and items (Figure 10):
(i) discovery, that is, an item is seen by (or is familiar to) a
user; (ii) choice, that is, an item is used, picked, selected, or
consumed by a user; and (iii) relevance, that is, an item is
liked by, useful to, or enjoyed by a user. To simplify the model,
the authors assume that relevant items are always chosen if
they are seen, irrelevant items are never chosen, and items
are discovered independently of their relevance.
In terms of probability distribution, these relations are
expressed as
𝑝 (choose) ∼ 𝑝 (seen) 𝑝 (rel) .

(11)

Given a ranked list 𝑅 of items recommended to user 𝑢, the
novelty can be expressed as
𝑚 (𝑅 | 𝜃) = 𝐶∑ 𝑝 (choose | 𝑖, 𝑢, 𝑅) nov (𝑖 | 𝜃) ,
𝑡∈𝑅

(12)

where 𝐶 is a normalizing constant and 𝜃 is a generic context
variable to consider different perspectives in the novelty
definition. 𝑝(choose | 𝑖, 𝑢, 𝑅) reflects the browsing model
grounded on item choice and nov(𝑖 | 𝜃) an item novelty
model. For the purposes of the current research, we used
a popularity based item novelty where high novelty values
correspond to long-tail items that few users have interacted
with and low novelty values correspond to popular top items,
including ranking and relevance factors. According to the
domain features, this approach makes sense not only for

Mobile Information Systems

11

2𝑔(𝑢,𝑖) − 1
,
2𝑔max

(15)

𝑔 (𝑢, 𝑖) = max (0, 𝑟 (𝑢, 𝑖) − 𝜏) .
𝑔 is a utility function derived from the ratings, where 𝜏
represents the indifference rating value according to Breese
et al. [53].
6.4. Offline Tests. First, we tested the trust-based recommender system using the dataset built from scratch, including
ratings and trust scores, as described in Section 6.2. The
tests were related to hypothesis (H2) and were focused on
precision and novelty calculations.
To observe the effect of trust on the precision and
novelty of the recommendations, we conducted several tests
for different values for the contribution of the trust and
similarity components of (9). The tests ranged from a classic
collaborative filtering (𝛼 = 1, 𝛽 = 0) to pure trust-based
collaborative filtering (𝛼 = 0, 𝛽 = 1). Table 3 summarizes
the test values for similarity and trust weights.
Figure 11 shows the precision results for the different
tests. It is interesting to observe the poor performance of
the recommendation algorithm when a pure trust-based
collaborative filtering takes place; this finding is coherent with
previous findings of other researchers [11, 54]. Therefore, a
similarity component should be included in the recommendation algorithm to improve the precision results when a trust
score influences the recommendation process.
Although it seems that the trust component does not have
a meaningful influence on the precision of the recommendation algorithm compared to a classic collaborative filtering

Test 11

𝑝 (rel | 𝑖, 𝑢) ∼

Test 10

It also includes a relevance component 𝑝(rel | 𝑖𝑘 , 𝑢) that can
be modeled as a heuristic mapping between rating values and
probability of relevance, according to the following function:

Test 9

(14)

Test 8

1
.
log2 (𝑘 + 1)

Similarity
0%
10%
20%
30%
40%
50%
60%
70%
80%
90%
100%

Test 7

disc (𝑘) =

0.5800
0.5600
0.5400
0.5200
0.5000
0.4800
0.4600
0.4400
0.4200
0.4000

Test 6

In this case, the novelty metric can be read as the expected
number of seen relevant recommended items that were not
previously seen. The equation includes a ranking component
disc(𝑘) that defines a logarithmic decrease according to the
item position in the list:

Test 5

𝑖𝑘 ∈𝑅

Test 4

(13)

Trust
100%
90%
80%
70%
60%
50%
40%
30%
20%
10%
0%

Test 3

= 𝐶 ∑ disc (𝑘) 𝑝 (rel | 𝑖𝑘 , 𝑢) (1 − 𝑝 (seen | 𝑖𝑘 )) .

Test number
1
2
3
4
5
6
7
8
9
10
11

Test 2

nov (𝑅 | 𝑢)

Table 3: Similarity and trust weights for the different tests.

Test 1

users but also for advertisers: frequently, advertisers would
like to promote new products, and they will likely be longtail items at first for the recommender system. Therefore,
a metric of how well the recommender system behaves in
these cases could be useful for advertisers. It is expected that
this behavior improves with the inclusion of a multiscreen
approach according to our hypothesis.
In summary, we describe the equations we defined for the
novelty metric according to the item popularity based model:

Precision

Figure 11: Recommender system precision results for different
similarity-trust values.

approach, it is worth studying the algorithm behavior from a
novelty perspective. In this case, we selected 50 random users
from the dataset, and we calculated the novelty value, including rank and relevance factors, as described in Section 6.3.
According to the previous findings, we conducted two tests
for a classic collaborative filtering recommender system (test
11; 𝛼 = 1, 𝛽 = 0) and a trust-based recommender system (test
6; 𝛼 = 0.5, 𝛽 = 0.5). Table 4 summarizes the results.
The mean value suggests that the trust-based recommender system performed better than a classic collaborative
filtering from a novelty perspective. We conducted a 𝑡-test to
determine whether this difference is statistically significant;
previously, considering the sample size we ran a KolmogorovSmirnov test to check the normal distribution of data getting
a 𝑝 value of 0.19 for the data associated with the classic
algorithm and a 𝑝 value of 0.09 for the data associated with
the algorithm including trust, so the data follow a normal
distribution in both cases. The 𝑡-test delivered a 𝑝 value <
0.001, supporting hypothesis (H2). This finding indicates that
trust inclusion in the recommendation algorithm improves
the precision/novelty balance. However, it is important to
contrast these results with the real users’ perceptions. This
process will be described in the next section.
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Table 4: Novelty results for the recommender system including and
excluding trust.
Test
Traditional
recommender system
Trust-based
recommender system

Mean

𝑁

Standard
deviation

0.18

50

0.058

0.23

50

0.070

Table 6: Mapping between user actions and recommender system
scale.

Odd

Least Misery (LM)

S1
S2

𝛼 = 1, 𝛽 = 0
𝛼 = 0.5, 𝛽 = 0.5

Even

Most Pleasure (MP)

S1
S2

𝛼 = 1, 𝛽 = 0
𝛼 = 0.5, 𝛽 = 0.5

6.5. Online Tests. The tests with real users used the infrastructure of the prototype described in Section 5 for the
pervasive advertising domain, specifically in a digital signage
environment. The purpose of this set of tests was related to
hypotheses (H1) and (H2). As described in Section 6.2, one of
the main challenges was to find a homogeneous group with
enough connections to enable a correct trust inference from
the social network. Twenty volunteers from the Fundación
InnovaGen group met these requirements to perform the
test in two sessions: During the first one, the recommender
system used a classic collaborative filtering approach (𝛼 = 1,
𝛽 = 0) to deliver individual recommendations to personal
devices (smartphones) as long as, during the second session,
the recommender system included a trust and similarity
component with equal weights (𝛼 = 0.5, 𝛽 = 0.5).
A total of 8 groups of 3 people were configured to participate in the experiment according to the social connections
graph information. Some of them repeated the experiment
because of their relationships with other members of the
group. Regarding the group recommendations displayed on
the Smart TV, we alternated two aggregation techniques
between the groups to test the effect of each one; previous
experiments showed a better performance for the chosen
techniques [51]. We used the Least Misery aggregation technique for the odd groups (1, 3, 5, and 7); this technique
makes a list of ratings with the minimum individual ratings,
and the items are recommended based on the rating on that
list. Higher rankings indicate less misery, so the group is as
happy as its least happy member. We used the Most Pleasure
technique for the even groups (2, 4, 6, and 8); in this case, a
list of ratings is made with the maximum of the individual
ratings. The items are recommended based on the rating on
that list, and the higher ranking indicates more pleasure.
Table 5 summarizes the tested algorithm variants for each
participant group.
During each session, the users interacted with the system
for five to ten minutes. As part of the interaction, the users

Precision gap

Smartphone
RS algorithm

Smart TV
Aggregation technique

5
4
3
2
1

Explicit like
Add to favorites
Request add information
Ignored item from screen
Explicit dislike

Table 5: Session configuration for online tests.
Group

RS scale

User interaction

0.09
0.08
0.07
0.06
0.05
0.04
0.03
0.02
0.01
0

1

2

3

4
5
Sessions

6

7

8

Figure 12: Precision gap ({𝛼 = 1, 𝛽 = 0} − {𝛼 = 0.5, 𝛽 = 0.5}).

performed several actions, such as browsing the ads (on
the Smart TV and smartphone screen), rating ads (on the
Smart TV and smartphone screen), and detailing a group
ad displayed in the Smart TV in the smartphone screen or
adding an ad to their favorites list. For the explicit ad-rating
task, we used a binary scale (like, no like) because it makes
more sense than the classic 1 to 5 stars in the user context. This
interaction introduces a novel mechanism to capture implicit
ratings for the system throughout a mapping between the
user actions and a classic scale from 1 to 5, used during the
experiment (Table 6).
At the end of each session, we also captured the users’
perception through a short survey in the smartphone of each
user to complete our analysis from a qualitative perspective
(see Appendix B).
During the experiment, we used Smart TV-smartphone
middleware capabilities to capture logs in JSON format for
the activity of the whole sessions, and, then, we processed the
data. Next, we will introduce the most important results of
this experiment.
6.5.1. Trust Influence over Recommendations Precision. Figure 12 shows the gap between the precision values during
the experiment sessions for each group ({𝛼 = 1, 𝛽 =
0} − {𝛼 = 0.5, 𝛽 = 0.5}). The results are coherent with
the trend observed during the offline experiments. This
difference is always positive; that is, a higher weight for
similarity component (𝛼) will increase the precision value.
The observed variation for the precision value was between
0.03 and 0.09 (𝑝 value < 0.001). According to the results,
a positive effect over novelty was expected and it will be
analyzed in the next section.
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Table 7: Trust influence over recommendations novelty.
Session
(S1) 𝛼 = 1, 𝛽 = 0
(S2) 𝛼 = 0.5, 𝛽 = 0.5

Mean
0.6247
0.7072

Std. dev.
0.0814
0.0799
𝑝 value

Std. error mean
0.0192
0.0188
0.011

90.00
85.00
80.00
75.00
70.00
65.00

Table 8: Multiscreen influence over recommendations novelty.
Recommendation strategy
Trust-based collaborative
filtering (smartphone)
Aggregation technique
(smart TV)

60.00

Mean

Std. dev.

Max.

Min.

55.00

0.3922

0.1499

0.2456

0.7982

50.00

0.4562

0.1189

0.2997

0.6840

45.00

𝑝 value

0.02

6.5.2. Trust Influence over Recommendation Novelty. Table 7
shows a statistical descriptive analysis of the effect of trust
introduction in the recommendation algorithm on novelty.
The novelty metric included the rank and relevance components, and it was calculated for each session to compare them.
According to the results, novelty is positively affected
when the trust component is included in the recommendation algorithm, which is coherent with the results observed
during the offline tests. Therefore, there is good evidence to
support hypothesis (H2).
6.5.3. Multiscreen Influence over Recommendations Novelty.
Table 8 shows a statistical descriptive analysis of the effect
of the multiscreen approach on novelty. In this case, we
calculate the novelty value for the group recommendations
in the Smart TV and the personalized recommendations in
the smartphone introducing the trust component (𝛼 = 0.5,
𝛽 = 0.5). The novelty metric includes rank and relevance
components.
According to the results, the novelty value is larger for
the recommendations delivered in the Smart TV for the
group profile. Therefore, there is good evidence to support
hypothesis (H1). However, we conducted a deeper analysis
taking into account the trust inclusion and the real users’
perception. Figure 13 shows the results for the number of
cases where the group novelty is higher than the individual
novelty including and excluding the trust component for
different variants of the novelty metric. The trend is coherent
with the previous results because the novelty for group
recommendations is higher than the novelty for personalized
recommendations in more than 50% of cases, with or without
the inclusion of the trust component. However, there is an
interesting finding: when the trust component is included, the
number of cases where the group recommendations novelty
is higher is reduced. A proper justification of this behavior
may be analyzed in the user novelty perception results shown
in Figure 14. According to the survey results, it is interesting
to observe how the trust component inclusion in the recommendation algorithm improves the novelty perception for the
personalized recommendations delivered in the smartphone.

EPC

EPC rank

EPC rel

EPC rank, rel

Trust 0%
Trust 50%

Figure 13: Cases where group recommendation novelty is greater
than personalized recommendation novelty.
70
60
50
40
30
20
10
0

0

50
(%)

TV
Phone

Figure 14: Users’ novelty perception when trust component is
included.

It explains the previous behavior, and it is coherent with the
findings described in Section 6.5.2. In conclusion, although
the trust component has a positive effect on the novelty
value for personalized recommendations, the multiscreen
approach favors the novelty perception regarding group
recommendations. This evidence also supports hypotheses
(H1) and (H2).
6.5.4. Aggregation Technique Influence over Recommendation Novelty. Initially, we considered the survey results to
compare the user perception with the quantitative analysis
during the interaction. Figure 15 shows the novelty trend for
the users’ perception using a specific aggregation technique
during both sessions. The results are coherent with the
findings described in the previous section for the multiscreen
effect on the recommendation novelty for both techniques.

14

Mobile Information Systems
70

70

60

60

50

50

40

40

30

30

20

20

10

10

0

0

50

0

0

50

(%)

(%)

TV
Phone

TV
Phone
(a) LM

(b) MP

Figure 15: Users’ novelty perception per aggregation technique.
90.00

95.00

85.00

90.00

80.00

85.00
80.00

75.00

75.00

70.00

70.00

65.00

65.00

60.00

60.00

55.00

55.00

50.00

50.00
45.00

45.00
EPC

EPC rank

EPC rel

EPC rank, rel

EPC

EPC rank

EPC rel

EPC rank, rel

Trust 0%
Trust 50%

Trust 0%
Trust 50%
(a) LM

(b) MP

Figure 16: Novelty per aggregation technique (group novelty value > individual novelty value).

However, the MP technique seems to exhibit better behavior
than the LM technique, specifically during the second session
(trust 50%), but because the statistical evidence we found was
not enough (𝑝 = 0.558), we went a step further with the
quantitative analysis.
Table 9 shows a statistical descriptive analysis of the
effect of the aggregation technique change on the group
recommendation novelty. The novelty metric included the
rank and relevance components, and it was calculated for the
sessions where the Least Misery or Most Pleasure techniques
were used.
According to the results, there is evidence that the
aggregation technique affects the novelty value for the group
recommendations, with a slight positive effect for the Most
Pleasure technique.

Table 9: Aggregation technique influence over recommendation
novelty.
Aggregation technique

Mean

Std. dev.

Std. error mean

LM
MP

0.4046
0.5076

0.1133
0.1046

0.0327
0.0302

𝑝 value

0.03

Figure 16 shows the trend when the two aggregation
techniques are compared taking into account the number
of cases where the group recommendation novelty value
overcomes the personalized recommendation novelty value.
As expected, the MP technique exhibits a better behavior than
LM including the ranking and relevance factors in the novelty
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metric, but the effect is less evident when the trust component
is enabled in the recommendation algorithm because the
novelty value increases for personalized recommendation,
according to the analysis of Section 6.5.2.

7. Conclusions
In this work, we developed a proposal for a collaborative
filtering recommender system based on trust. The trust
component was included in the recommendation algorithm
throughout two phases: (i) an algorithm calculated a trust
score from social network interaction information (Facebook
was used for this purpose); specifically, we defined four
variables from the state-of-the-art and ground truth tests
for the algorithm: inbox messages, tags to user, comments,
and wall posts. (ii) Then, the recommendation algorithm
calculated the recommendations based on the similarity and
trust components between users. The algorithm was designed
to modify the similarity and trust contributions, which eased
the algorithm calibration for specific practical requirements.
We studied the algorithm behavior in the pervasive advertising domain, specifically in a digital signage prototype. This
domain study let us think about the recommender system not
only from the algorithms perspective itself but also from the
recommendations display strategy. A multiscreen advertising
prototype was designed and implemented to evaluate the
proposed recommender framework using custom datasets
and real users’ perception. Traditionally, recommender systems are evaluated from a precision perspective, but the
recommendations novelty is a relevant aspect, specifically for
the advertising domain. We used the model proposed in [5] to
define a novelty metric based on an item popularity approach
that takes into account ranking and relevance factors during
the recommendation process; it does make sense because the
novelty is related not to recommending unknown items but
to recommending novel and potentially useful items.
We evaluated our framework from a precision/novelty
perspective with interesting findings: we found during the
offline and online tests that the trust component introduction
improved the novelty for the recommendations. However, a
pure trust-based algorithm affected the precision adversely,
so it is advisable to do a combination of similarity and trust
components to keep a better precision/novelty balance. We
also found that a multiscreen approach using aggregation
techniques to generate group recommendations improved
the precision/novelty balance for the whole system; we
obtained higher novelty value for Smart TV recommendations in more than 50% of the cases during the online
experiments. Additionally, we found that this trend remained
unalterable when the trust component was introduced;
nonetheless, the number of cases where the Smart TV recommendations’ novelty value was higher decreased because the
users perceived an increase in the novelty of the smartphone
recommendations, due to the trust component effect in the
recommendation algorithm.
Finally, we demonstrated that the aggregation technique
influenced the novelty for group recommendations; in this
case, the Most Pleasure technique exhibited better behavior
than the Least Misery technique, but the effect was less
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evident when the trust component was introduced due to
the novelty increase in the personalized recommendations
displayed in the smartphone.

8. Future Work
Next, we will address the limitations found during the study
that can be used as a starting point for future work. First, the
offline tests were limited by the absence of suitable datasets for
the advertising domain but also Facebook datasets with the
right information to infer trust according to our algorithm
features. The dataset we built for ad information may be
used as a starting point for gathering more information and
for building a robust dataset with test purposes. It could
be complemented with Facebook dataset information that
enables a trust score calculation. We used a simulation for the
trust score during the offline tests.
In practice, the operation of our proposed algorithm
requires taking into account important considerations: first,
the trust inference depends on the availability of sufficient interaction information. For now, it implies having a
homogeneous group with enough social activity between
participants, which may be challenging in digital signage
environments where people may join a group in an ad hoc
way. For online experiments, we conducted a previous study
of the social activity between the members of the target group
to get accurate results, but it is a feature to improve in practice.
Additionally, the frequent changes to the Facebook API
impose several restrictions to implement trust inference algorithms from the social network information in real time. Our
approach was to precalculate the trust scores for the known
group and store them in a database to avoid a permanent connection to Facebook, but, again, it could be problematic for ad
hoc digital signage environments.
Finally, we restricted the number of participants to four
people during the experimentation of our multiscreen recommender system approach because of usability issues. The
number of participants depends on several factors, such as
the main screen size, the hardware capabilities to support
the middleware interaction information flow, and the recommender system operation itself. Although we reached some
conclusions as a starting point in our previous work [50],
these aspects should be carefully analyzed during a practical
implementation of the system.

Appendix
A. Users Perception about
Trust Inference Variables
We conducted a survey with 57 anonymous volunteers from
the SmartSoft Play company (we used an intranet web page
and all of them were familiar with technology), and we asked
them to select which variables better represented trust in
another person on Facebook. We simplified the subset to 5
variables. (All tag-related variables were represented simply
as tags.) The results are summarized in Figure 17 for a total of
145 votes for the 5 variables.
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Figure 17: Trust inference set of variables validation.

B. Users Perception Survey about
Recommender System Precision and
Novelty
It is shown in the following part.
Users Perception Survey
Session #
(1) What screen offered you recommendations closer to
your personal preferences?
(i) Smart TV
(ii) Smartphone
(2) What screen offered you more novel recommendations (likely unknown but interesting for you)?
(i) Smart TV
(ii) Smartphone.
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Localization is one of the main pillars for indoor services. However, it is still very difficult for the mobile sensing community to
compare state-of-the-art indoor positioning systems due to the scarcity of publicly available databases. To make fair and meaningful
comparisons between indoor positioning systems, they must be evaluated in the same situation, or in the same sets of situations. In
this paper, two databases are introduced for studying the performance of magnetic field and Wi-Fi fingerprinting based positioning
systems in the same environment (i.e., indoor area). The “magnetic” database contains more than 40,000 discrete captures (270
continuous samples), whereas the “Wi-Fi” one contains 1,140 ones. The environment and both databases are fully detailed in this
paper. A set of experiments is also presented where two simple but effective baselines have been developed to test the suitability of
the databases. Finally, the pros and cons of both types of positioning techniques are discussed in detail.

1. Introduction
Localization, with an expected market to grow to $4.4 billion
in 2019 [1, 2], is essential to support indoor services. Most of
the newest applications need the user’s location to customize
their services [3–5], monitor people [6], or track Internetof-Things objects [7], among others. Moreover, location can
also be used to detect the user’s activities and provide custom
services based on them.
Many different approaches have been used to solve the
problem of indoor positioning in the last years. They can
be categorized, according to [8], as infrastructure-based
and infrastructure-less technologies. The alternatives based
on the former category require the deployment of custom
beacons and instrumentation to sense the environment and
improve indoor positioning accuracy, whereas the systems
based on the latter category use “information” already present
in the environment. Among all the possible technologies
that can be used for positioning, this work focuses on those
based on magnetic field and Wi-Fi fingerprinting. The two
technologies for positioning are quite different. The former is
based on the uniqueness of the disturbances in the magnetic

field produced by the structural elements of a building and
tends to be used when the user is moving. The Wi-Fi one is
based on the use of fingerprinting techniques and it tends to
be more representative when the user is stationary.
Magnetic field based systems and Wi-Fi fingerprinting
techniques belong to the infrastructure-less category and they
have been attracting the attention of many researchers in the
last years due to their low deployment costs. Wi-Fi fingerprinting techniques can only be considered infrastructureless when they rely on existing Wi-Fi networks designed
for communication purposes. When a Wi-Fi network is
deployed on purpose to improve positioning, Wi-Fi based
positioning should be considered an infrastructure-based
system. In contrast, magnetic field based techniques are
always considered infrastructure-less since they do not need
any external device to support the indoor localization.
Although there are several works dealing with indoor
localization, each one establishes its own evaluation procedure. Therefore, the available works cannot be directly
compared, even when they use the same indoor positioning
technologies, since they use different evaluation metrics,
evaluation indoor areas (environments), mapping strategies,
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and/or hardware elements, among many others. To perform
meaningful comparisons, the evaluation of the indoor positioning systems has to be done using the same methodology.
The publication of databases [9, 10], the organization
of open competitions [11–15], and the proliferation of new
benchmarking initiatives [16, 17] and standards, such as the
ISO/IEC DIS 18305 standard [18], are overcoming the main
drawback in the indoor localization research field, which
is the lack of a common set of databases and frameworks
for meaningful evaluation and comparison of methods.
Although all these measures are promoting the fair evaluation
of indoor positioning systems, there is still a long way to go
to fully cover all possible environments. The databases presented in [9, 10] were presented to address these shortcomings. They can be used to compare Wi-Fi fingerprinting and
magnetic field, respectively, based on positioning methods.
However, each database covers a different environment and,
therefore, it is not possible to compare different technologies
in the same environment.
In this paper, two different databases are introduced to
allow for the comparison of two different technologies in the
same environment. The first one, the UJIIndoorLoc-Mag
database (http://archive.ics.uci.edu/ml/datasets/UJIIndoorLoc-Mag), previously presented in the 2015 IPIN conference
[10], is the first publicly available database that can be
used to make comparisons among different magnetic
field based methods. The second one consists of a set of
Wi-Fi fingerprints captured in the same area as in the
UJIIndoorLoc-Mag database.
This paper extends the work presented in [10] by including a new Wi-Fi fingerprint based dataset in the same
environment, new baselines to evaluate the two technologies,
a comprehensive comparison, and a discussion about the pros
and cons of the two technologies. As far as we know, this is the
first contribution where two different technologies for indoor
positioning (magnetic field and Wi-Fi signals) are compared
in the same environment.
Mobile devices (smartphones and tablets) have been used
as positioning devices for all of the experiments presented
in this paper. They are becoming an important alternative
for positioning, which allow the implementation of pedestrian navigation systems. Moreover, the number of mobile
applications using positioning for different purposes is rising.
In particular, Android devices have been used since they
allow full access to sensors and they dominate the worldwide
smartphone OS market with approximately 80–85% of the
market share.
The main contribution of this work can be summarized
as follows:
(1) We introduce two databases covering the same environment, one for magnetic field based positioning
and the other one for Wi-Fi fingerprinting. Both
databases have public access (http://indoorloc.uji.es).
(2) We present a set of new baselines to test the suitability
of magnetic field and Wi-Fi based positioning technologies in the same environment.

(3) We present a comprehensive comparison of the
two well-known technologies for indoor positioning,
showing the pros and cons of each one.
The remainder of the paper is organized as follows.
Section 2 presents the related work. Section 3 provides the
analysis and design of the datasets. Section 4 introduces
the material (databases) and methods (baselines). Section 5
shows the results and discussion. Finally, Section 6 presents
the most important conclusions that have arisen from this
work.

2. Related Work
This section introduces some previous works on both technologies for indoor positioning focusing on the kind of
datasets that have been used to test the proposals.
2.1. Previous Works on Magnetic Field Based Positioning.
There are many papers in the literature dealing with magnetic
field based methods for indoor localization problems. Some
of them are reviewed in this section [19–25]. We focus on the
dataset used for testing the proposed algorithms and we also
state whether they are publicly available.
Four experiments were done in [19] to demonstrate the
feasibility of using the magnetic field for positioning. In
the first one, data were collected at one specific location
in six different environments. In the second one, data were
collected at five overlapping corridors. In the third one, data
were collected in the intersections of two different squared
and regular grids. In the last one, magnetic field changes in
the vertical direction were studied with 5 cm of resolution.
Although the experiments and results were detailed, the
details about the databases were not included. Finally, the
authors stated that, in some cases, other technologies (such
as Wi-Fi based ones) may be utilised to avoid severe errors
and to constrain the localization area. The authors concluded
that submeter accuracy, and even subdecimetre accuracy, was
possible with magnetic-based positioning.
The experiment presented by authors of [21] took place on
a rectangular-shaped, 67 × 12 m2 , corridor whose surroundings included spaces such as lab, office, and library. So they
considered an environment of 4 straight corridors, where the
distance between parallel corridors was high, 12 m and 67 m.
Moreover, data were statically collected with 45 cm intervals
and 10 seconds spent in each location. Their training database
consisted of 350 samples (approx.) with 5 features, including
location (𝑥, 𝑦) and magnetometer values in the three axes.
However, information about collected data as well as their
magnitudes was not described. They compared the nearest
neighbour, the particle filter, and the modifier particle filter
they proposed. Their system provided the best accuracy and
they obtained a mean error of 0.95 m.
In [22], the authors demonstrated that geomagnetic localization performs reasonably well when the three components
of the magnetic field—𝑥-, 𝑦-, and 𝑧-axis—are considered.
They tested their positioning system in three different environments: a suburban house, a city centered apartment, and
a university lab. Data were collected as the magnetic flux
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Table 1: Main characteristics of the data from selected papers. Group corresponds to the type of database we have identified, # of 1D spaces
is the number of one-dimensional spaces considered in the database, and total lineal m is the length of the 1D spaces considered. Total area
𝑚2 is the total number of 2D spaces considered in the database and the surface is the area they cover. # of features is the number of features
stored in a single sample, where discrete ones have a single measure (or an average), whereas continuous ones have multiple measures. # of
samples is the total number of samples included in the database.
Paper
Group
[19] Exp. 1
3
[19] Exp. 2
1
[19] Exp. 3
2
[19] Exp. 4
2
[21]
2
[22] Env. 1
3
[22] Env. 2
3
[22] Env. 3
3
[22] Env. 4
3
[23]
1
[24] Env. 1
2
[24] Env. 2
3
[24] Env. 3
2
[25]
1
Our DB cont.
1
Our DB disc.
1

# of 1D spaces
—
5
16 + 12 = 28
1
4
—
—
—
—
3
1
—
2
1
26 × 2
26 × 2

Total lineal m
—
N/A
34.2 + 3 = 37.2
1
178
—
—
—
—
108
187
—
80 (approx.)
170 m
650 (approx.)
650 (approx.)

# of 2D spaces
6
—
—
—
—
1
1
1
1
—
—
1
—

Total area m2
—
—
—
—
—
14 × 16
9 × 12
6 × 19
3.5 × 3.5
—
—
13.8 × 9.9
—

—
—

—
—

# of features
3∗ + loc
∗
3 × length + loc
3∗ + loc
3∗ + loc
∗
3 + 2 (𝑥 & 𝑦)
3∗ + loc
3∗ + loc
3∗ + loc
3∗ + loc
∗
3 × length + loc
3∗ + loc
3∗ + loc
3∗ + loc
∗
3 + gravity + loc
10∗∗ × length + 𝑚∗∗∗
10∗∗ + 𝑚∗∗∗

# of samples
N/A
5
64 + 36 = 100∗∗∗∗
20
350
14 × 16
9 × 12
6 × 19
7×7
3
37200
40800
12000
N/A
270 + 11
≈40000

In group 1, continuous samples, length corresponds to the number of individual measures taken in a single continuous sample.
∗
Three components of the magnetometer.
∗∗
Three components of the magnetometer + 3 components of the orientation + 3 components of the accelerometer + timestamp.
∗∗∗
𝑚 stands for the features describing the coordinates for each corridor or sample.
For each corridor/segment in the trajectory we store the 𝑥𝑦 coordinates of initial and final points and the indexes of the initial and final samples.
∗∗∗∗
The authors commented that there were 100 datasets (not samples).

density at 1 m spacing. Moreover, they also conducted a
magnetic fingerprint test in a 3.5×3.5 m2 bedroom. However,
they did not detail the number of samples. Their experiments
reported a global mean accuracy of 1.4 m when the three components of the magnetometer were used; this error decreased
to 0.9 m in case of knowing the room where the user was
located.
In [23], the authors selected a corridor of a multilevel
building to evaluate the performance of using geomagnetic
field information for positioning with four different devices.
The corridor was about 36 m in length and 2 m wide. Samples
were taken along the corridor at three different positions: (1)
centered position, (2) 60 cm left to the corridor center, and (3)
60 cm right to the corridor center. Altogether 20 points were
used for testing purposes. Their environment was narrow and
realistic, because three different parallel paths in a 2 m wide
corridor composed it. They obtained, in some cases, errors of
0.6 m.
An indoor location system based on a wearable device
was successfully introduced in [24]. The system is tested
in two very different environments, a 187 m corridor loop
environment (37200 training samples and 310 test data
points) and an atrium environment (40800 training samples
and 408 test data points). They also examined the fingerprint
difference between floors using a dataset with 60 points from
each floor. They used a special device with four magnetometer
sensors for sampling the magnetic fingerprints, so vectors
consisted of 12 elements. They reported that the accuracy of

their system was 4.7 m, the median was 0.71 m, and the 90th
percentile was 1.64 m. They also stated that they could achieve
0.45 m accuracy by combining magnetic and Wi-Fi received
signal strength (RSS) methods (i.e., fingerprinting).
GIPSy, a positioning system that provided a median error
of 2.1 m, was introduced in [25]. The main feature of this
system is that the magnetic values are transformed to make
them orientation independent using the gravity force values.
The tests were done on a single floor of the Bahen Center
for Information Technology (University of Toronto, Canada).
Although a single path of about 170 m was mapped several
times under different conditions, details about data were not
provided.
Table 1 summarizes the databases used in the previous
reviewed works [19, 21–25]. We have identified three different
types of databases (groups 1, 2, and 3 in the table) according
to how samples were taken: (1) continuous samples taken in a
lineal environment (such as a corridor), (2) discrete samples
taken in a lineal environment, and (3) discrete samples
taken in a two-dimensional space. Please note that a single
continuous sample corresponds to a sequence of consecutive
discrete samples taken in a lineal environment. We also
include the data about our database with the continuous and
discrete versions.
The soundness of results and conclusions presented in all
of these contributions is high, but the databases employed
were not totally detailed and their access was restricted (not
public) in all studied cases. For instance, the information
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about how locations are stored is not always provided. This
information is described in some works (such as [21]), but it
is omitted in the majority of contributions (such as in [19, 22–
25]). To denote that this information was not provided, we
used loc in Table 1.
Although the number of continuous samples used in the
experiments seems to be low, 5 in [19] and 3 in [23], the length
of the vectors was high enough to perform the experiments.
However, our database contains more information than theirs
and it includes 270 continuous samples (35,779 discrete samples) for training and 11 complex continuous samples (4,380
discrete samples) for testing. In our case we consider not only
corridors but also combinations of two connected corridors
(turns changing corridor). In some works, information about
the gathered data is not described [25].

2.2. Previous Works on Wi-Fi Based Positioning. There are
many papers in the literature dealing with Wi-Fi based
methods for indoor localization problems. Some of them are
reviewed in this section [26–30]. Similarly to Section 2.1, we
focus on the dataset used for testing the proposed algorithms
and we also state whether or not they are publicly available.
The experiments introduced in [26] introduced RADAR,
which was the pioneer Wi-Fi RSS based indoor positioning
system. Some important analyses were performed in [26]:
the impact of the number of data points and number of
samples, the importance of user orientation, and the problem
of tracking a mobile user, among others. The experimental
test bed was located on the second floor of a 3-storey building.
Although this environment covered an area of 980 m2 (43.5 m
× 22.5 m) and included more than 50 rooms, the experiments
were conducted only at the corridors. The experiments
relied on an infrastructure-based topology where 3 base
stations (WAPs) were deployed. The mobile host was a laptop
computer. At least 20 different fingerprints were taken at 70
reference points using four different user orientations. The
authors concluded that a median error between 2 and 3 m was
feasible with this technology.
The experiments presented by authors of [27] introduced
EZ, which was based on a genetic algorithm devoted to
performing indoor positioning and avoiding explicit predeployment effort. Four experiments were conducted in two
different environments, a small one (27 × 18 m, 486 m2 ) and
a large one (140 × 90 m, 12600 m2 ). To create the reference
data for EZ and two well-known indoor positioning systems
(RADAR [29] and HORUS [31]), they collected the fingerprints at grid locations with 1.5 m separation for the small
environment and 3 m separation for the large environment.
They gathered 10.000 measurements per location during
approximately 5 minutes. For the EZ system they introduced,
they gathered data at 48 + 3 points (small environments) and
101 + 15 points (large environment). The user walked through
the environment and stood for approximately 3 seconds at
each location. They report that their system gave a median
error of 2 m, for the small environment, and 7 m for the large
environment. RADAR provided better results with median
errors of 1.3 m and 5 m in both testing environments.
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The experiments presented by authors of [28] were
carried out in the Tietotalo building at Tampere University
of Technology (10,000 m2 approximately). The reference data
were collected in 96 reference points and 30 RSS measurements were taken. To eliminate the fading effect, they
computed the mean of the 30 measurements in their IPS.
A total of 206 WAPs were detected in the training phase,
where a Nokia N900 smartphone was the device used to
collect data. In the operation phase, data was collected in
43 testing points with a Nokia N900 and, two weeks later,
a laptop. Again 30 RSS measurements were taken with
the Nokia N900, and 20 RSS measurements were taken
with the laptop. Their system reported a median error of
4 m.
The experiments performed in [29] considered multibuilding and multifloor positioning. The experiments were
performed in two three-storey buildings at the University of
Minho, Portugal. The data for the calibration and operational
phases was collected using a laptop computer equipped with
three network interfaces; so each observation collected multiple fingerprints at three different heights. For the training
phase, three reference points were selected for each room.
As a result, a total of 392 calibration points were established
in the whole environment and 9,358 calibration samples
were taken. For testing purposes, 472 uniformly distributed
points were selected and 3 samples were collected. The system
reported an average error of 3.35 m, a room detection rate of
74.1%, a floor detection rate of 99.5%, and a building detection
rate of 100%.
The experiments done by authors of [30] followed the
comprehensive benchmarking methodology developed in
the EVARILOS Project [16, 17]. They deployed custom
WAPs for localization and used a MacBook Pro notebook
as a client’s device. They performed the experiments in
four different environments: a small office, a medium lab,
a big office, and a big open space. In the experiments,
each training point consisted of 40 RSSI scans. For the
small office they collected the reference fingerprints at 41
locations, and 20 fingerprints were collected for testing the
algorithm. For the medium lab, they collected 56 reference
and 20 testing fingerprints. For the big sized office, they
collected 123 reference and 60 testing fingerprints. For the
last open space, they collected the reference fingerprints at
100 locations and testing fingerprints at 27 equally distributed
locations. They reported an error of about 2 m in the small
office, medium lab, and big sized office, whereas an error
of about 7 m was reported for the challenging big open
space.
Table 2 summarizes the databases used in the previous reviewed works [26–30]. Moreover, the UJIIndoorLoc
database [10], which was used in the 2015 EvAAL-ETRI
competition [15] at the IPIN conference, is also included in
Table 2. We have identified two main groups according to
the infrastructure used for positioning: infrastructure-based
(they deployed custom elements to support positioning) and
infrastructure-less (to support positioning, they used the
already deployed antennas for connectivity). We also show
the number of WAPs deployed/used for positioning, the
covered area, the number of reference points, and the number
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Table 2: Main characteristics of the data from selected papers. Infrastructure corresponds to the kind of infrastructure required to support
the localization (free means no explicit infrastructure), # of WAPs is the number of Wireless Access Points detected/considered/required for
positioning, Area is the surface covered for positioning in m2 , # of RefPoints is the number of reference points where the training samples
were collected, and # of Fp/Place is the number of fingerprints taken at each reference points. Multibuilding? and Multifloor? denote if the
database includes samples from multiple buildings and multiple floors, respectively.
Paper

Infrastructure

# of WAPs

Area (approx.)

# of RefPoints

# of Fp/Place

Multibuilding?

Multifloor?

[9]
[26]
[27] Exp. 1
[27] Exp. 2
[27] Exp. 3
[27] Exp. 4
[28]
[29]

Free
Based
Free
Free
Free
Free
Free
Free
Based
Wi-Fi router
Based
Nodes
Based
Wi-Fi router
Based
Zotac PCs
Free

520
3
48
4∗∗∗∗
156
10/12∗∗∗∗
206
101

110,000 m2
22.5 × 43.5
27 × 18
27 × 18
140 × 90
140 × 90
10,000 m2
2 buildings

933
70 × 4
216∗
48 + 3
1400∗
101+15
96
392 × 3

At least 20
At least 20
10,000∗∗
3 seconds
10,000∗∗
3 seconds
30∗∗∗
3×N

YES
NO
NO

YES
NO
NO

NO
NO
NO
YES

NO
NO
NO
YES

4

450 m2

41

40

NO

NO

6

800 m2

56

40

NO

NO

3×4

3 × 450 m2

3 × 41

40

NO

YES

4

1000 m2

100

40

NO

NO

93

200 m2

34

20

NO

NO

[30]
[30]
[30]
[30]
Our DB
∗

Approximately, they used grids at 1.5 and 3 m.
∗∗
They collected 10,000 beacons scanning data during 5 minutes approx.
∗∗∗
They collect 30 scans, but then they apply the average function.
∗∗∗∗
Selected with the iLoc algorithm.

of fingerprints per reference points, and we also identify
whether the environment is multibuilding and/or multifloor.
Although the soundness of results and conclusions presented in all these contributions is also high, the databases
employed were not completely detailed in all the cases and
the environments were radically different. In order to fairly
compare the different proposed algorithms, they have to be
implemented and tested on the new environments as was
done in [27]. In particular, the authors of [27] compared
RADAR [26] and HORUS [31] in the same indoor area,
and the results show the importance of using a common
database to compare systems. For instance, RADAR provided
a median error of about 1.3 m (small environment) and 5 m
(large environment). The median resolution of the RADAR
system was in the range of 2 to 3 m in [26].

3. Analysis of the Problem and
Datasets Design
This section (1) presents the environment chosen for performing the comparison of the two technologies, (2) shows
some basic tests to determine the feasibility of using the
magnetic field, (3) presents the Wi-Fi signals for indoor
positioning using mobile phones in the selected environment
and the design of the datasets, and (4) introduces the design
of the two databases.

3.1. Environment. All the experiments have been carried out
at the Geospatial Technologies Research Group’s office. It is
located on the fifth floor of the Espaitec-2 building at the
Universitat Jaume I university campus. This main office is
about 260 m2 and it has 21 bookcases and 18 desktops as
shown in Figures 1 and 2.

3.2. Is It Feasible to Use the Magnetic Field for Location in the
Proposed Environment? An experiment has been performed
to study the feasibility of the use of the magnetic field,
measured by a Google Nexus 4 mobile phone, in the corridors
of the laboratory to provide indoor positioning. Two simple
trajectories in the laboratory (see Figure 1) were selected. The
first one consists of two segments; the user comes into the
laboratory and goes straight on until arriving to the top side
windows and then turns right and goes straight on until the
right side windows. The second one is a simpler trajectory
where the user goes straight on through a corridor. The
experiment consisted of recording the values provided by the
magnetometer of a mobile phone while walking along the two
trajectories. It was repeated 5 times on different days and time
slots; the last repetition was done 16 days and 6 hours after
the first one so that different factors, including occupancy
distribution, were considered. The sampling frequency for
the magnetometer was set to 10 Hz to balance computational
costs and energy consumption with time series resolution.
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2.4 GHz Wi-Fi router at ceiling

2.4 GHz Wi-Fi router on a table
WAP emitting 2 × 2.4 GHz and 2 × 5 GHz
Location of Wi-Fi suitability test

Figure 1: Distribution of the GEOTEC main laboratory (in yellow
background) and professors’ small offices (in orange background).
The main corridor to access the laboratory is in green background.
The bookcases are indicated with red boxes and the desktop tables
are denoted with blue boxes. The locations of the WAPs supporting
Internet connectivity are indicated with stars. The yellow box
corresponds to the location of the mobile phone used for the
feasibility study described in Section 3.3.

The magnetometer provides a vector that corresponds to
the strength and direction of the magnetic field. This vector
is relative to the mobile device as shown in Figure 3 and the
values are measured in microteslas (𝜇T). The example vector
showed in Figure 3 means that there is a magnetic field of
46.669 𝜇T strength in the direction of 45 degrees to the 𝑦-axis
and 𝑧-axis of the device.
Figure 4 shows the recorded magnetometer values
through both trajectories, where left plots ((a), (b), and (c))
correspond to the values measured by the magnetometer (in
𝑥-, 𝑦-, and 𝑧-axis, resp.) for the first trajectory (two corridors)
and right plots ((d), (e), and (f)) correspond to the second
trajectory (single corridor). Please note that the horizontal
and vertical scales are different in the trajectories.
It can be observed that the magnetometer values are
similar for the five runs according to the plots of the first
trajectory. Although in the second trajectory the magnetic
values are not exactly the same as in the fifth trajectory’s run,
their differences are low, about 5 𝜇T. In both cases, the form of
the curve is very similar in the five runs, with small variations
in the magnitude measured in each location.
From the results obtained by this test, it can be concluded
that the magnetic field measured in the same location remains
almost constant in time and, therefore, indoor positioning
methods can be developed based on this fact.
3.3. Is It Feasible to Use the Wi-Fi RSSI Values for Location
in the Proposed Environment? Following the same aims,

a new experiment has been performed in order to know the
feasibility of the use of the Wi-Fi RSSI values captured by
using mobile phones to provide indoor positioning in the
proposed environment.
In this experiment, a Samsung Galaxy S4 smartphone
was set at a fixed position inside a small office (see Figure 1)
and a Wi-Fi collector application was run to record the fingerprints during the experiment. The application gathered 4
fingerprints per minute, 24 hours a day, for a total of 8 (eight)
consecutive days. So, 34,000 fingerprints were collected (4
fingerprints/minute ⋅ 60 minutes/hour ⋅ 24 hours/day ⋅ 8
days). The application stores all raw fingerprints without
applying any restriction, so all detected WAPs in a Wi-Fi scan
were registered, even those related to antennas outside the
laboratory. Although we detected almost 40 different WAPs
in this experiment, we have focused on the signals emitted by
the six antennas located in our lab (see Figure 1), since the
stability and robustness of distant antennas were too low and
we do not have complete information about their location,
usage, and availability.
Figure 5 shows the mean RSSI value at intervals of five
minutes from 0:00 to 23:55 during two different days, a
Saturday (nonworking day) and a Monday (fully working
day) for 4 WAPs present in the laboratory used for Internet
connectivity. Figures 5(a) and 5(b) correspond to two Wi-Fi
routers placed near the office (the red star located at the top
of Figure 1 and the yellow diamond located at the bottom
of Figure 1). Figures 5(c) and 5(d) correspond to a unique
enterprise WAP, which emitted 2 networks in the 2.4 GHz
band and 2 networks in the 5 GHz band (blue star in Figure 1).
According to this experiment, the Wi-Fi signal is stable
when the number of people is low (Saturday) or when the
signal is emitted in the 5 GHz band. Although the Wi-Fi
emitted in the 2.4 GHz band is affected by the presence of
people [32] and wooden elements, fingerprinting seems to
be valid for the proposed environment because the received
signal strength indicator (RSSI) values tend to be similar
during the day and during different days. This behaviour is
also similar for the other detected WAPs in the office.
3.4. Databases Design. Developing an indoor positioning
system (IPS) has a critical step, generating good training
data. According to the literature, an existing method can
provide better results and/or even worse results than the
ones provided in the original reference depending on the
environment and the strategy followed to gather the reference
data (see RADAR results in [26, 27]). Since generating good
training data is crucial, a protocol has been established to
generate a training (or reference) dataset and a validation
dataset for the two radically different technologies: magnetic
field and Wi-Fi fingerprinting. In particular, training data
should be collected at the eight corridors that compose the
GEOTEC laboratory (see Section 3.1) in both directions. This
capture process should be repeated 5 times. Both datasets also
should include timing information, which may be useful for
further spatiotemporal analysis.
Regarding the magnetic database, data from magnetometer, accelerometer, and orientation sensors were included in
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(a)

(b)

Figure 2: Pictures taken at the GEOTEC main laboratory. (a) shows the top zone of the laboratory, whereas (b) shows the left corridor. Both
pictures show that the laboratory is full of wooden desktops with metal legs and bookshelves. Glass walls are also present.

Yaw
+Z rotation

Roll
+Y rotation
Example
Magnetic sensor = [0, 33, 33]
2
Magnitude = √02 + 332 + 332
= 46.669

Pitch
+X rotation

Figure 3: Meaning of the axis provided by the mobile phone sensory
system.

the database to have better knowledge about the environment
and context. Therefore, IPSs may be able to determine the
user’s speed, the user’s turns, and other common situations
when the user is navigating through the indoor facilities. Data
should be collected in all the corridors as lineal segments in
both directions. Generally, this is the natural way people walk.
Moreover, data in the intersections between corridors should
also be collected in order to have information about the user’s
turns. Most of the situations that may occur in an indoor
environment (e.g., the presence of people and other obstacles
in a corridor) should be considered while mapping it. Turns,
including L-Turns and U-Turns, should be mapped to have a
complete reference database, because the IPS’s accuracy may
depend on the situations recorded in the reference database.
Regarding the Wi-Fi based database, several consecutive
fingerprints at each reference point should be taken. As
shown in Figure 5, the RSSI values are not always constant. In
fact, two consecutive (in time) RSSI readings can slightly vary,
even for reading one second apart. To have a better reference
dataset and consider the RSSI fluctuations, 5 consecutive
fingerprints were collected for the training dataset to add
diversity to the database. Several consecutive fingerprints
should also be taken at each location in the validation
dataset. So, real-time single fingerprint and off-line multiplefingerprint methods can be evaluated with our database.
Some IPSs found in the literature compute the average
value of a set of fingerprints to estimate the user’s position.
Therefore, the proposed dataset should include this concern.

4. Materials and Methods
This section introduces the materials (databases) and methods (the baselines to assess the suitability of the datasets).
4.1. The Database for Magnetic Field Based Positioning. The
database for the magnetic field is based on variations of
the measured magnetic field produced by the structural
elements present in a particular environment. The magnetic
fingerprints were taken when the user was walking through
the proposed environment (see Section 3.1). To allow this
continuous mapping, the main routes through the GEOTEC
laboratory were classified into 8 main corridors (see Figure 6).
As discussed previously in Section 3.4, the database
contains mapping samples alongside the 8 corridors that
compose the environment and all the intersections between
two corridors (see Figure 7). Mapping “intersections” could
make a more robust reference database, so the sensor values
were also recorded when the user was turning to change the
corridor where he/she was walking through. The 8 corridors
and 19 intersections were mapped in two different directions
with a Google Nexus 4 running Android 5.0.1. As a result,
there were 54 different alternative paths. Sampling on every
path was repeated 5 times, so the database designed for
training purposes is composed of 270 different continuous
samples. The samples of the eight corridors were collected on
April 23rd, 2014, whereas the samples of the 19 intersections
were mostly collected between September 26th and 29th,
2014, in order to have temporal diversity in the database. The
five repetitions were consecutively taken.
The mapping process captured the data coming from
three different sensor sources: magnetometer, accelerometer,
and rotation sensor. The first source provided the raw data
of the magnetometer sensor in the three axes [𝑥, 𝑦, and
𝑧]. The second source was obtained from the raw data of
the accelerometer also in the three axes minus the gravity
force. The last one represented the orientation as the angle
of rotation in the three axes. When capturing data, the user
moved from a starting point to an ending point, and data
were collected at every 0.1 s. So continuous magnetic field
fingerprints were stored. Each continuous sample contains
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Figure 4: The magnetic field values (in the three axes) in two different trajectories. Note differences in 𝑥- and 𝑦-axis scales.
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Figure 5: Mean RSSI values of four WAPs during two different days at five-minute intervals. The values from a full working day (8 am to 6
pm) are indicated in green. The values from a free day, when nobody was at the office, are shown in red.

the coordinates of initial and end points and also the coordinates of all turning points when capturing intersections.
Moreover, it contains 𝑛 discrete captures, each one with
the 9 above-mentioned features plus the timestamp. With
the initial/turning/end positions and the timestamps, it is
possible to calculate the position of the discrete captures since
the user was constrained to walk at constant speed while
capturing the magnetic field values.
The mapping process was performed with an Android
application that has direct access to sensors’ data. The user’s
role in the application is to indicate in which zones the data
capture process will be performed. Initially, the application
shows a map centered in the proposed environment. Then,

the user draws the trajectory that he/she wants to follow to
capture the data (see Figure 7(a)). This trajectory can consist
of a path in a single corridor or in several ones. The user
needs to be placed in the starting point of the route and,
then, after clicking the “Start recording” button, the app starts
to collect data until the user reaches the ending point and
clicks the “Tap at end” button (see Figure 7(c)). In case of
a multicorridor path, the user has to press the “Tap at turn”
button to indicate that they are placed at the 𝑖th intersection
(see Figure 7(b)).
For testing purposes, 9 complex routes (see Figure 8)
along the laboratory were mapped. Each of these routes starts
from different corridors and performs different trajectories.
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The nine trajectories were mapped with the above-mentioned
Google Nexus 4 smartphone. Two of them, routes 2 and 7,
were also mapped with an LG G3 smartphone with Android
5.0 and stored as the 10th and 11th testing samples (files TT10
and TT11, resp.). So, a total of 11 complex continuous samples
are available for testing purposes. Please note that the 11
testing trajectories are complex and were taken in more than
one corridor. Although the 8th and 9th trajectories are placed
in a single corridor environment, they may also be considered
multicorridor since a U-Turn (180∘ ) was done.
The data stored in each sample is proportional to the
amount of time needed to complete an established path, due
to sampling period of 0.1 seconds. So, the data provided by
the accelerometer, magnetometer, and the orientation sensor
of the device is stored 10 times per second. For example, if the
user takes 12 seconds to map a corridor, the corresponding
continuous sample will have 1200 values (12 s. × 10 discrete
captures × 10 features).
All the paths, intersections, and turnings have been
mapped with very high precision; since knowing that a
person in normal conditions can cover a distance of 1.39 m
per second, data have been captured approximately at every
0.139 m. The users walked through single corridor and multicorridor trajectories without any obstacle. Although the
research group members and researchers were present in the
office, nobody stood in the corridor.
4.1.1. Description of Database Files. The database consists of
281 continuous samples; 270 are for training and 11 are for
testing. The corridors have been identified according to their
numbering (see Figure 6) and orientation. The orientation
for the vertical corridors is “normal” when the user was

walking from bottom to top (in the figure) and “reverse”
when walking from top to bottom. Similarly, the orientation
for the horizontal corridors is “normal” when the user was
walking from left to right and “reverse” when walking from
right to left. The samples have been stored as text files. The
training files are grouped into two main categories “lines” and
“curves”:
(i) The “lines” group has 80 files and they stand for
the single corridor case. The format for filename is
“lX Z.txt” where l stands for lowercase L (line), X
stands for the number of corridors and orientations
(n or r), and Z stands for repetition. For example,
l3r 04.txt stands for the samples taken at the
third corridor with normal orientation and the fourth
repetition.
(ii) The “curves” group has 190 files and they stand for
all possible trajectories considering two connected
corridors only. The format for that group’s filename
is “cXXYY ZZ.txt” where c stands for lowercase c
(curve), XX and YY stand for the number of corridors
and orientations for the first and second corridors
in the two corridors’ trajectory, and ZZ stands for
repetition. For example, c5n1r 06.txt stands for
the samples taken at the fifth corridor with normal
orientation and first corridor with reverse orientation
and the sixth repetition.
(iii) The testing files’ filename format is “ttPP.txt”
where PP stands for the complex testing trajectory
number (see Figure 8), for example, tt03.txt.
In each file, data have been stored as follows:

ts1
..
.

mx1

my1

mz1

ax1

ay1

az1

ox1

oy1

oz1

tsn
<m>
lat1
..
.

mxn

myn

mzn

axn

ayn

azn

oxn

oyn

ozn

lon1

lat2

lon2

FS1

LS1

latm

lonm

latm+1

lonm+1

FSm

LSm

Here, n is the number of samples collected in the
trajectory at a 0.1-second frequency and m is the number of
segments (corridors) in the trajectory. Each sample contains
the timestamp, ts, and the values from magnetometer,
accelerometer, and orientation sensors in the three axes,
which are denoted with mx, my, mz, ax, ay, az, ox, oy, and oz.
Finally, lat𝑖 and lon𝑖 correspond to the coordinates, latitude and longitude, of the initial, intermediate (intersections),
and final points. To represent the coordinates, the WGS84
standard with the decimal degree representation has been
selected. A trajectory with m corridors has m + 1 points. FS𝑖
and LS𝑖 stand for the 𝑖th trajectory’s first and last sample,
respectively, in the full sequence of samples collected during
the trajectory mapping.

According to the previous structure, the text files are
composed of two well-differentiated parts separated by
the row indicating the number of segments in the trajectory: (1) the sequence of discrete samples taken during the trajectory mapping and (2) the configuration
data.
The first part contains the timestamp (the UNIX time
format in milliseconds) and the vector data from the magnetometer (Android’s TYPE MAGNETIC FIELD), accelerometer (TYPE LINEAR ACCELERATION), and orientation sensor
(TYPE ORIENTATION). The accelerometer’s values do not
include the gravity force to have a better representation
of a user’s real movement. Two consecutive samples (vertically represented here) from 6th testing trajectory are as
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follows:
ts24
mx24
my24
mz24
ax24
ay24
az24
ox24
oy24
oz24

Figure 6: Distribution of the 8 corridors identified at the GEOTEC
main laboratory. Corridors are numbered as follows: (1) the vertical
corridor located at the left, (2) the vertical corridor located at the
right, and (3–8) the horizontal corridors from bottom to top.

Latstart
39.99389
39.99393
39.99386

Lonstart
-0.07375
-0.07384
-0.07389

Latstart
39.99393
39.99386
39.99388

where latitude and longitude coordinates have been truncated, in this document, to 5 decimals for representation
purposes. Three segments compose this particular example,
so the number of intermediate points (intersections) is four.
The mapped length of the first and second segments is similar,
and the third segment’s length is slightly smaller.
4.2. The Database for Wi-Fi Based Positioning. The database
for Wi-Fi fingerprinting is based on the received signal
strength from a set of Wireless Access Points. Since this is
an asynchronous task in Android devices and its frequency
depends on the device, the Wi-Fi fingerprints were captured
by the user being static at a known location inside the
laboratory. To allow this discrete mapping, some reference
points were identified for training (see Figure 9(a)) and
testing (see Figure 9(b)) in the 8 main corridors at the
GEOTEC laboratory.
As in the magnetic field based database, the Wi-Fi based
database also contains mapping samples alongside the 8
corridors that compose the GEOTEC main laboratory. We
consider that mapping between 4 and 5 reference points
per corridor was enough due to the short length of the
corridors. So, the 8 corridors were mapped in two different
directions with a Samsung S3 (Android 4.3) and LG Spirit 4G
LTE (Android 5.0.1). Sampling on every reference point was
repeated 5 consecutive times, so that the database designed
for training purposes is composed of a total of 680 different
discrete samples. Similarly, the 8 corridors were mapped
again at different reference points to generate the validation
set, which is composed of 460 different discrete samples.

1417178330528
24.899292
-10.319519
-49.55902
-0.12917818
0.52311563
-0.19135952
-64.537674
-21.03711
0.15363675

ts25
mx25
my25
mz25
ax25
ay25
az25
ox25
oy25
oz25

1417178330629
24.719238
-11.219788
-49.319458
-0.15856716
0.68318987
-0.15023136
-62.273254
-21.420563
0.5122262

The second part contains the information about location
of initial, intermediate, and ending points Moreover, the
samples can be associated with corridor segments and,
furthermore, information about turnings is also provided in
all the samples.
For instance, the configuration part for the 6th testing
trajectory is as follows:

Lonstart
-0.07384
-0.07389
-0.07394

Samplestart
0
72
160

Sampleend
71
159
223

The mapping process consisted of scanning the environment for Wi-Fi networks and recording this information, the
fingerprint, at the preestablished references points located
in the laboratory. Any Wi-Fi fingerprint contains the RSSI
values of all the detected WAPs in the Wi-Fi scan. Moreover,
any fingerprint also contains the coordinates of the reference
point and information about the user and device and, finally,
a timestamp. Although our environment has 5 Wi-Fi routers
and a special enterprise WAP that emits four networks (two
in the 2.4 GHz band and two in the 5 GHz band), several
external WAPs were detected inside the laboratory. It is worth
mentioning that we have not applied any restriction when the
RSSI values were recorded, so the RSSI values belonging to
external WAPs have also been stored.
The mapping process was performed with an Android
application that has direct access to the sensors’ data. The
user’s role in the application is to indicate in which zones the
data capture is going to be performed. Initially the application
shows a map of the proposed environment. Then, the user
taps its current position on the map and the application starts
collecting 5 consecutive Wi-Fi fingerprints (see Figure 10).
4.2.1. Description of Database Files. The database consists of
1,140 Wi-Fi fingerprints; 680 are for training and 460 are
for testing. After processing all the individual fingerprints,
a total of 97 different WAPs (9 of them located in the
environment and the rest, 88, located outside) were detected.
Due to privacy issues, the MAC address for each WAP has
been anonymised, so the database uses the virtual identifiers
WAPXX instead of the MAC addresses.
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Start recording

Tap at turn

Tap at end

(a)

(b)

(c)

Figure 7: Three screenshots of the Android application used to capture the data. (a) shows the path (green) in which the data capture is going
to be done and the “Start recording” button. ((b) and (c)) The current segment where the user is walking is highlighted in blue; the user has
to press the button when she/he arrives to the 1st intersection (b) or the final destination (c).

The database includes the RSSI values from 9 known
WAPs (the five routers plus the four networks provided by the
special enterprise WAP) and 88 “unknown” WAPs installed
outside the laboratory, which may mainly be located in the
nearby facilities. The correspondence between the known
WAPs (see Figure 1) and the virtual identifiers is as follows:
(i) WAP67: green star located at the top-left of the image.
(ii) WAP68: green star located at the bottom-right of the
image.
(iii) WAP70 and WAP80: blue star, the two networks
emitted in the 5.2 GHz band.
RSSIWAP01

RSSIWAP02

⋅⋅⋅

Here RSSIWAPXX is the RSSI value for the WAP whose
anonymised identifier is WAPXX, lat and lon are the
coordinates (WGS84 in decimal degree format), Phone ID
identifies the device used for mapping (1 for Samsung
Galaxy S3; 2 for LG Spirit 4G LTE), and timestamp is the
timestamp. The nonrealistic RSSI value +100 has been used
RSSIWAP01 to RSSIWAP10
RSSIWAP11 to RSSIWAP20
RSSIWAP21 to RSSIWAP30
RSSIWAP31 to RSSIWAP40
RSSIWAP41 to RSSIWAP50
RSSIWAP51 to RSSIWAP60
RSSIWAP61 to RSSIWAP70
RSSIWAP71 to RSSIWAP80
RSSIWAP81 to RSSIWAP90
RSSIWAP91 to RSSIWAP97
Lon and Lat
User, Phone and ts

(iv) WAP74 and WAP84: blue star, the two networks
emitted in the 2.4 GHz band.
(v) WAP95: red star located at the center desktop-zone.
(vi) WAP96: red star located at the bottom desktop-zone.
(vii) WAP97: red star located at the top desktop-zone.
The fingerprints have been stored as two independent text
files, where each line contains the following data:

RSSIWAP97

lon

lat

Phone ID

Timestamp

to denote that the WAP was not detected in the Wi-Fi scan
because it was switched off or the signal was too weak for
the smartphone to detect it. For instance, the first training
sample has the following data (without left headings):

100,100,100,100,100,100,100,-88,100,100,
-92,100,100,100,100,100,100,-77,100,100,
100,100,100,100,100,100,100,100,100,100,
100,100,100,100,100,100,100,100,100,100,
100,100,100,100,100,100,100,100,100,100,
100,100,100,100,100,-89,100,100,100,100,
100,100,100,-73,-87,-81,-66,-67,100,-54,
-83,100,100,-47,-60,100,100,100,100,-55,
-80,100,-77,-45,-61,100,100,100,100,100,
100,100,100,-87,-49,-57,-53,
-0.07384642645414766,39.99384618213595,
2,1,1450452282
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Route 1
File TT01

Route 2
Files TT02 and TT11

Route 3
File TT03

Route 4
File TT04

Route 5
File TT05

Route 6
File TT06

Route 7
Files TT07 and TT10

Route 8
File TT08

Route 9
File TT09

Figure 8: The 11 testing trajectories. The starting point is denoted with the green cross, green bullets are the intersections and user pose
changes, and the ending points are denoted by green squares. The green arrows are introduced to clarify the user’s pose change.
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(a)

(b)

Figure 9: Distribution of the training (a) and validation samples (b) through the 8 corridors identified at the GEOTEC main laboratory. The
circles represent the reference points taken at the vertical corridors (1 and 2) and squares represent the reference points taken at the horizontal
corridors (3 to 8).

Collecting. . .

Tap to start
1

2

3

4

(a)

5 201512181755
(b)

Finish

1

2

3

4

5 201512181755
(c)

Figure 10: Three screenshots of the Android application used to capture the data. (a) shows the selected reference point (red) where the data
capture is going to be performed and the “Tap to start” button. (b) shows the reference point in green while the 5 fingerprints are captured.
The application indicates that the fingerprints are being collected by turning the corresponding panel located at the bottom of the screen to
green. (c) shows that captures have been taken and the user finishes the mapping procedure.

In this example fingerprint, the Samsung Galaxy S3 detected
22 WAPs at the first training reference point (bottom-left
circle in Figure 9(a)). The strongest signal was provided by
WAP84, which corresponds to the special enterprise WAP.
It can be observed that the RSSI provided by WAP74 and
WAP84 are not the same, even though they are provided by
the same device. This is the same for WAP70 and WAP80.
Some external WAPs report strong-moderate signal strength:
WAP67, WAP68, WAP75, and WAP85. We consider that
all the signals may be important for indoor location and,
therefore, we did not remove or filter any value.

4.3. Comparison of the Two Databases. Two independent
databases gathered in the corridors of the GEOTEC laboratory are presented in this paper, one for magnetic field based
positioning and the other for Wi-Fi based fingerprinting. The
samples were gathered while the user was walking for the
magnetic field based database, whereas the user had to remain
for some seconds at a reference point for the Wi-Fi based
database.
As commonly done in the literature, we applied different
mapping strategies for each technology. The refreshment
update frequency is much higher for the magnetometer than

(%)
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Figure 11: Cumulative distribution of the WAPs and fingerprints.

for the Wi-Fi chipset. When the user is walking it is possible
to assign the magnetic strength to any intermediate position.
However, the Wi-Fi fingerprint cannot be assigned to a particular position unless the user is static at a reference point.
If the user is walking when the Wi-Fi scan is performed, the
fingerprint could only be assigned to a long path segment (not
a particular reference point) because the Wi-Fi scan process
lasts between 4 and 6 seconds.
Despite the use of different mapping strategies, the
databases have some common features: (1) samples were
collected in the same corridors, (2) both datasets include
timing information, (3) there are separate training and testing
datasets, (4) the samples were taken 5 times per location
(corridor in the magnetic field based and reference point
in the Wi-Fi based), and (5) we have the same coordinate system in both datasets (WGS84 in decimal degree
format) using our own cartography (http://smart.uji.es)
(http://indoorloc.uji.es).
Regarding the number of features of each discrete capture,
each discrete element of the magnetic database includes 9
meaningful values from 3 different sensors, whereas the WiFi database includes the RSSI values from 97 WAPs. In fact,
an average of 19.03 WAPs per fingerprint has been computed
from the database records. Including 97 RSSI values does
not mean that the 97 WAPs had been detected in all the
fingerprints; it means that 97 different WAPs were detected at
least once in the database. To explain more clearly this effect,
Figure 11 shows the relation between number of fingerprints
(horizontal axis) and number of WAPs (vertical axis). The
plot shows that 58 WAPs (60%) have been detected in
less than 30 fingerprints. Moreover, 74 WAPs (76.25%) are
detected in less than a third of the fingerprints included in
the database, so we consider that a significant number of the
97 WAPs have a minor presence in the database. A total of
8 WAPs are detected in at least 1026 fingerprints (90% of the
total), with only 4 WAPs detected in all the fingerprints. Those
4 WAPs are all in the laboratory: WAP74, WAP84, WAP95,
and WAP97.
4.4. A Realistic Baseline for Magnetic Field Based Positioning.
Two very simple baseline methods have been developed and
tested to provide a starting point that any more sophisticated
indoor localization algorithm should be able to overcome.
The first method uses a discrete method to obtain the position
of the discrete test points obtained from the continuous
test samples. In this case, the experiment tries to obtain an

answer to the following question: Is it possible to obtain precise
location using only the data obtained from the magnetometer
for a discrete point?
The second baseline method is a continuous method
that obtains the position of the user taking into account
several seconds of data instead of single discrete samples.
In this second case, the research question to answer can be
formulated as follows: Is it needed to take into account several
consecutive captures to obtain accurate locations?
In both cases, the methods have only used the training
samples taken in the 8 corridors and from the magnetometer.
4.4.1. Discrete Method. For each continuous sample, the
location of each discrete capture can be easily estimated since
the coordinates of the initial and final points of the path are
known, the timestamps were recorded, and the user velocity
was almost constant.
All the discrete captures extracted from the continuous
training samples of the corridors are used as the training
dataset, where each element consists of 5 features: the location
where the capture was taken [lat, lon] and the measurement
obtained by the magnetometer in this location [𝑚𝑋 , 𝑚𝑌 , 𝑚𝑍 ].
The same procedure was performed to extract the discrete
captures from the test paths. In total, there are 8,943 samples
for training and 4,380 for testing.
The 1-NN algorithm [33] was used to estimate the location
of each test sample, so the test current location would
correspond to the most similar training sample. The location
of the most similar sample in the training set is the one
assigned to the test sample. Although other distances or
similarity metrics could have been used [34, 35], the distance
between two samples, 𝑚1 = [𝑚1,𝑋 , 𝑚1,𝑌 , 𝑚1,𝑍 ] and 𝑚2 =
[𝑚2,𝑋 , 𝑚2,𝑌 , 𝑚2,𝑍 ], corresponds to the Euclidean distance and
it is estimated as follows:
𝑑 (𝑚1 , 𝑚2 ) = √ ∑

𝑖={𝑋,𝑌,𝑍}

2

(𝑚1,𝑖 − 𝑚2,𝑖 ) .

(1)

In this case, the error in positioning for each test path has
been estimated as the mean distance between actual position
and predicted position for all test captures along the path.
This distance between two points does not correspond to the
Euclidean distance between them since the points correspond
to the latitude (lat) and longitude (lon) coordinates in decimal
degrees; they are not expressed in linear meters. So, the
haversine formula (2) is used instead. The standard error of
the mean is also shown in the table:
𝑑haversine = 𝑅 ⋅ 𝑐,

(2)

where R is the radius of Earth, 6373 km approximately, and
𝑐 = 2 ⋅ arctan 2 (√𝑎, √(1 − 𝑎)) ,
𝑎 = sin2 (

Δlat
) + cos (lat1 ) ⋅ cos (lat2 )
2

⋅ sin2 (

Δlon
).
2

(3)
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4.4.2. Continuous Method. For the continuous case, each
continuous training sample is divided into several subsamples of 5 seconds each. For instance, if a sample is 10
seconds long and has 100 discrete samples, then it is divided
into 6 continuous subsamples, [1–50], [11–60], . . ., [51–100].
Each overlapping subsample includes information about the
location of the initial and final point of the subpath and the
50 captures of the three components of the magnetic field
measured.
All the subsamples extracted from the training samples
of the corridors are used as the training dataset. The test
samples are also divided into subsamples of 5 seconds. All
the subsamples extracted from the test paths are used as the
test dataset. In total, there are 540 subsamples for training
and 231 for testing. For each test subsample, NN-based
method (similar to the one introduced for the discrete case)
is performed to look for the most similar training subsample.
The distance between two continuous subsamples V𝑚1 =
[V𝑚𝑋,1 , V𝑚𝑌,1 , V𝑚𝑍,1 ] and V𝑚2 = [V𝑚𝑋,2 , V𝑚𝑌,2 , V𝑚𝑍,2 ] is
also based on the Euclidean distance, and it is given by the
following equation:
𝑑 (V𝑚1 , V𝑚2 ) =

1 𝑁
2
⋅ ∑ 𝑑 (V𝑚1 [𝑖] , V𝑚2 [𝑖]) ,
𝑁 𝑖=1

(4)

where V𝑚[𝑖] is the 𝑖th element of the vector V𝑚, 𝑑 corresponds
to Euclidean distance (see (1)), and 𝑁 is the number of
discrete captures of each continuous subsample. In our case,
𝑁 = 50 since each continuous subsample contains 50 discrete
captures.
4.5. A Realistic Baseline for Wi-Fi Based Positioning. As in the
case of the “magnetic field” database, a baseline method has
been developed and tested using the Wi-Fi database. In this
case, the RSSI values of the fingerprints are negative values
that express the signal strength in dBm. The artificial value
+100 was used to denote those WAPs which were not detected
in a fingerprint scan. Equation (5) has been used to modify
data and store it in a more convenient format for computing:
if RSSI = +100
{0
NewValue = {
RSSI − min +1 otherwise
{

(5)

The values have been made positive by subtracting the
lowest possible value (−97 dBm in this particular case), so
the weakest signal value corresponds to 1 and 0 denotes those
WAPs which were not detected.
The 1-NN algorithm [33] was applied as baseline to
estimate the location of each test fingerprint, so the test
current location would correspond to the most similar training sample. The location of the most similar sample in the
training set is the one assigned to the test sample. Although
other distance or similarity metrics could have been used
[34, 35], the distance between two fingerprints corresponds
to the Euclidean distance and it is estimated with
𝑁WAPS

2

𝑑 (𝑓𝑝1 , 𝑓𝑝2 ) = √ ∑ (𝑓𝑝1,𝑖 − 𝑓𝑝2,𝑖 ) ,
𝑖=1

(6)

where 𝑓𝑝𝑖,𝑗 stands for the 𝑗th WAP RSSI value for the 𝑖th
fingerprint and 𝑁WAPS is the number of existing WAPs in the
database.
Apart from the normal configuration where the training
set is used as reference dataset and the IPS evaluation (test) is
done with the validation set, we have also implemented some
interesting variations for the baseline:
(i) The continuous configuration: the original training
set includes fingerprints taken at different reference
points, 34 in this case. A procedure has been applied
to the training set in order to emulate a continuous
mapping along all the corridors similarly to the
magnetic field based database. So, new intermediate
reference points have been generated between two
original and consecutive training reference points,
each new point at regular distances between the
two original points. In particular, 2 alternatives,
complete and simple, have been tested. Depending
on the alternative used, 25 (complete) or 5 (simple)
new artificial fingerprints have been created for each
new intermediate point with linear interpolation. So,
this procedure increases the size of the training set
depending on the number of artificial points created
between two real consecutive reference points and the
interpolation used.
(ii) The average configuration: a total of 5 consecutive
fingerprints have been captured at each reference
point. Averaging the 5 consecutive fingerprints has
been done to test if this procedure can generate
more representative fingerprints, for training and
validation, as some authors have done in the literature
(e.g., [28]). This procedure reduces the number of
fingerprints by a factor of 5.
(iii) The threshold configuration: according to the generated datasets, the RSSI values range is [−98 dBm, . . .,
−28 dBm]. Some previous works state that the RSSI
values below a threshold, −90 dBm [30], −85 dBm
[36], or −80 dBm [30], should be computed as nondetected WAPs. A thresholding procedure has been
applied to the datasets to test whether or not thresholding improves the accuracy in our database.
(iv) The known MACs configuration: some works only use
the WAPs whose location is known [27] or the WAPs
they have deployed [30]. The accuracy of a reduced
version of 1-NN classifier has been tested using
the 6 Wi-Fi antennas [WAP67,WAP68,WAP70,
WAP74,WAP80,WAP84,WAP95,WAP96, and WAP97]
deployed in the GEOTEC laboratory for connectivity
purposes (see Figure 1).

5. Results and Discussion
This section explains the results for the baselines using the
magnetic field and Wi-Fi based databases and discusses the
obtained results.
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Table 3: Mean positioning error for magnetic field based discrete
and continuous methods in the 11 testing paths.
Path
1
2
3
4
5
6
7
8
9
10
11
Mean

Discrete method
# of samples
Error
540
8.8 ± 0.18
356
7.1 ± 0.21
876
7.8 ± 0.14
859
7.81 ± 0.14
362
6.11 ± 0.19
224
7.5 ± 0.21
211
7.72 ± 0.29
246
9.26 ± 0.22
196
3.33 ± 0.21
223
7.46 ± 0.3
287
6.65 ± 0.18
7.23 ± 0.38

Continuous method
# of samples
Error
35
8.74 ± 0.68
21
7.44 ± 0.89
44
7.89 ± 0.62
41
7.21 ± 0.69
23
5.14 ± 0.69
9
6.05 ± 1.52
8
6.24 ± 1.51
16
6.58 ± 0.88
11
1.25 ± 0.34
10
5.33 ± 1.36
13
4.7 ± 0.81
6.05 ± 0.43

5.1. Results of the Baseline for Magnetic Field Based Positioning.
Table 3 shows the baseline results for the discrete (see
Section 4.4.1) and continuous methods (see Section 4.4.2).
The mean error in positioning using the discrete method
is 7.23 ± 0.38 m. This general error has been calculated
considering the mean results in the 11 testing paths. In the
continuous case, the mean error in positioning (considering
the 11 different testing paths) is 6.05 ± 0.43 m. According to
the results, the continuous method provides more accurate
results, thereby improving the accuracy with respect to the
discrete method by more than 1 meter.
Regarding the first research question: “Is it possible to
obtain precise location using only the raw data obtained from
the magnetometer in a discrete point?” according to the
obtained results it seems that using only the three measurements of the magnetic field ([𝑚𝑋 , 𝑚𝑌 , 𝑚𝑍 ]) in each point as
fingerprint is not enough to provide accurate positioning. The
use of only three features as fingerprint reduces the probability of having unique fingerprints in different positions.
Regarding the second research question: “Is it needed
to take into account several consecutive samples to obtain
accurate location?” according to the obtained results the use of
data captured during several seconds (5 in our experiments)
improves the accuracy, but there are several factors that
should be studied in more detail to obtain more accurate
results.
Therefore, 4 more experiments have been performed to
improve the accuracy of the continuous baseline. The first
two deal with the problem showed in Figure 4. This figure
shows that not all training samples of the same path have
the same values. The form of the curve is similar, but the
absolute values in the same location differ from some samples
to others. Two variations of the continuous method have been
explored to deal with this problem. The first one (called E1 )
applies a normalization procedure by subtracting from each
training sample the mean of the 5 training samples of the
same corridor and direction. The second one (called E2 ) uses
the mean sample as the unique training sample of a corridor
and orientation. In order to obtain the mean of the 5 training

Table 4: Mean positioning error for the variation of magnetic field
based continuous method in the 11 testing paths.
Path
1
2
3
4
5
6
7
8
9
10
11
Mean

E1
5.72 ± 0.66
6.07 ± 0.34
4.71 ± 0.38
6.55 ± 0.67
3.30 ± 0.55
6.31 ± 1.00
4.30 ± 0.65
7.16 ± 0.57
5.59 ± 1.13
3.51 ± 0.69
7.96 ± 0.62
5.56 ± 0.37

E2
8.79 ± 0.67
7.46 ± 0.89
7.89 ± 0.62
7.16 ± 0.70
5.34 ± 0.67
5.99 ± 1.51
6.15 ± 1.54
6.18 ± 0.78
1.65 ± 0.31
5.04 ± 1.22
4.80 ± 0.80
6.04 ± 0.42

E3
6.48 ± 0.65
5.28 ± 0.38
4.70 ± 0.47
6.97 ± 0.78
3.31 ± 0.52
7.31 ± 1.18
5.28 ± 1.26
7.42 ± 0.64
5.95 ± 1.19
3.04 ± 1.28
6.45 ± 0.76
5.65 ± 0.37

E4
8.69 ± 0.44
2.88 ± 0.49
6.78 ± 0.62
5.59 ± 0.67
1.92 ± 0.57
1.39 ± 0.34
3.08 ± 1.48
5.69 ± 1.00
2.75 ± 1.06
2.03 ± 0.58
1.64 ± 0.51
3.77 ± 0.46

samples from the same corridor and orientation, longer
samples have been trimmed so that all training samples have
the same length.
The second and third columns of Table 4 show the results
obtained for two variations. The second one, E1 , obtains the
best results by reducing the mean error across the 11 test
paths by a half meter with respect to the original continuous
baseline. The second variation does not improve the accuracy
as although the values measured from the magnetic field
are quite similar in the same location, in two different time
moments to allow the estimation of the user’s position, there
are small variations, and therefore it seems that having several
training samples adds diversity to the training database and
this can help the classifier when looking for the closest
sample. In other words, the samples from the same class
(location in this case) fall in different places in the feature
space.
Since the length of the continuous sample depends on
the walking velocity of the user capturing the data, a new
experiment (called E3 ) has been performed to study if the
user’s velocity affects the accuracy of the continuous method.
In this experiment, after applying the normalization procedure presented at Experiment E1 , all the training samples
have been modified to obtain new ones as if the user had
walked at the same speed. For this purpose, first, the average
speed of the user in all training samples has been estimated
using the data captured from the accelerometer. Then, each
training sample is resampled using the estimated average
velocity by using interpolation. For the test samples, first,
a variable number of captures are taken depending on the
velocity of the user to obtain a sample as if the user had walked
at the average speed previously obtained. Second, the sample
has been resampled by using interpolation to obtain a sample
length of 50. The fourth column of Table 4 shows the results
obtained. In this case, no improvements are obtained, since
the user who captured the data of the database tried to walk
by always using the same velocity. This fact can be confirmed
since the variance of the velocity estimated for each training
sample is very small.
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Table 5: Baseline results for the Wi-Fi based database and different configurations.

Configuration
Normal

Parameters
—

Accuracy
4.73

# of training FP
680

# of test FP
460

Time 1
4.5s

Time 2
9.78 ms

Time rel.
1

Time 1: time required to compute all testing fingerprints in seconds.
Time 2: time required to compute a single fingerprint in milliseconds.
Time rel.: relative time per fingerprint with respect to the normal configuration.

Table 6: Baseline results for the Wi-Fi based database and different configurations.
Configuration
Continuous complete

Continuous simple

Parameters
1 new point
3 new points
5 new points
7 new points
1 new point
3 new points
5 new points
7 new points

Accuracy
4.51
4.45
4.49
4.46
4.61
4.54
4.60
4.60

# of training FP
3280
8480
13680
18880
1200
2240
3280
4320

The last variation of the continuous baseline (called E4 )
consists of including in the training set the samples that
can be extracted from all the intersections between two
corridors also included in the database and that were not
included in the training set in the previous experiments.
The normalization procedure presented in Experiment E1
has also been performed for the training samples. The last
column of Table 4 shows the results obtained. In this case,
the best results are obtained and the mean error across the
11 test paths is 3.77 m, more than 2 meters better than the
original continuous baseline. This experiment confirms the
conclusion previously extracted from Experiment E2 that
having more training samples adds diversity to the training
database and improves accuracy.
5.2. Results of the Baseline for Wi-Fi Based Positioning. Table 5
shows the results for normal configuration baseline (see
Section 4.5). With this configuration, which does not require
any further parameter, the accuracy is 4.73 m and the time
required to compute a single fingerprint is about 10 ms (NN
implemented in Matlab and run in a 2nd-generation Intel i7
@ 3400 GHz and 8GB RAM). This time is used as baseline
to compare the computational costs with respect to the other
configurations.
Table 6 shows the results for the continuous configuration.
In the complete configuration, 25 new artificial fingerprints
have been generated for each new intermediate point. In the
simple configuration, 5 new artificial fingerprints have been
generated for each new intermediate point. The best result,
4.45 m, is provided by the continuous complete configuration
with 3 new intermediate points between two consecutive
training reference points. This experiment shows that the
positioning accuracy can be improved using a continuous
configuration of training samples, at the expense of having a
training set 12 times larger than the original one.
Table 7 shows the results for the average configuration. The
average of the five consecutive fingerprints has been applied

# of test FP
460
460
460
460
460
460
460
460

Time 1
21.01
55.01
89.47
124
7.7
14.12
21.19
27.22

Time 2
45.67
119.59
194.49
269.56
16.74
30.7
46.07
59.17

Time rel.
4.67
12.23
19.89
27.56
1.71
3.14
4.71
6.05

for three cases: only training set, only validation set, and
both, training and validation sets. The best result, 4.49 m,
is obtained when averaging is applied to the validation set
but the training set remains unchanged. Although the time
required to process a fingerprint is not altered (with respect
to the normal configuration) when averaging is only applied
to the validation set, the algorithm still requires having the
five consecutive fingerprints. This experiment shows that
positioning accuracy can be improved when the user is static
by computing the averaged fingerprint in the validation set.
However, the accuracy is not improved when averaging in the
training set is applied since, as in the case of the magnetic field
experiment (E2 ), having diversity in the training set benefits
the localization task.
Table 8 shows the results for the threshold configuration.
Four different threshold values have been tested, and the best
results (4.46 m) are obtained when the RSSI values below
−80 dBm are removed. Also, the computational cost per fingerprint is the same as that for the normal configuration. This
experiment shows that there was some noise present in the
environment, which was removed by applying thresholding
techniques to remove distant WAPs from the dataset.
Table 9 shows the results for the known MACs configuration. Only the WAPs close to or inside the GEOTEC
laboratory are considered and the rest are removed. Although
the computational cost per fingerprint with respect to the
normal configuration is slightly lower, the accuracy is also
slightly worse. This experiment shows that Wi-Fi fingerprinting has to be supported not only by the WAPs present in the
environment but also by nearby ones because their presence
has improved the positioning accuracy (see Table 5).
Tables 6–9 have shown the results for different ideas to
improve the accuracy in indoor positioning techniques. In
general, except for the known MACs configuration, all these
ideas have separately improved the positioning accuracy with
respect to the normal configuration (Table 5). Having the
baseline results and access to the database, one may combine
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Table 7: Baseline results for the Wi-Fi based database and different configurations.
Configuration
Average

Parameters
𝑇
𝑉
𝑇&𝑉

Accuracy
4.84
4.50
4.86

# of training FP
136
680
136

# of test FP
460
92
92

Time 1
1.05
0.88
0.24

Time 2
2.27
9.6
2.61

Time rel.
0.23
0.98
0.27

Time 2
9.58
9.57
9.6
9.71

Time rel.
0.98
0.98
0.98
0.99

Time 2
8.48

Time rel.
0.87

Table 8: Baseline results for the Wi-Fi based database and different configurations.
Configuration
Threshold

Parameters
−75 dBm
−80 dBm
−85 dBm
−90 dBm

Accuracy
4.97
4.46
4.72
4.73

# of training FP
680
680
680
680

# of test FP
460
460
460
460

Time 1
4.41
4.4
4.42
4.47

Table 9: Baseline results for the Wi-Fi based database and different configurations.
Configuration
Known MACs

Parameters

Accuracy
4.90

# of training FP
680

different approaches in a single method. As an example,
Table 10 shows the results of an advanced configuration
which combines the “continuous” (complete and simple), the
“average” (only on the validation set), and the “threshold”
configuration (filtering RSSI values lower than −80 dBm)
obtaining better results than any of the independent solutions
shown in Tables 5–9.
5.3. Discussion. Magnetic fields and Wi-Fi technologies are
radically different. Magnetic field positioning relies on the
disturbances in the magnetic field in the environment
whereas Wi-Fi based positioning uses the received signal
strength indicator from multiple Wireless Access Points
previously deployed for Internet connectivity in a particular
environment. The WAP identifiers are unique so Wi-Fi
fingerprints are highly attached to the place they were taken.
In contrast, two distant places may have similar magnetic field
strengths when using only the three values provided by the
magnetometer in a particular location as fingerprint.
The mapping procedure is different for the two technologies. The magnetic field based database was collected while
the user was moving, since the magnetic field strength can
be sampled with a frequency of 10 Hz using smartphones. In
contrast, reference points were statically sampled for the WiFi based database, because getting the RSSI values from the
environment lasted about 3 seconds with the LG device and
5 seconds with the Samsung device. Therefore, mapping the
whole environment was faster for the magnetic field based
database. Despite the differences, samples in both datasets
have been captured using the same protocol, which led to data
captured in the same corridors of the laboratory.
Regarding the magnetic field based indoor positioning
baseline, the use of the continuous samples instead of the
discrete ones improves the accuracy. In addition, the normalization of the continuous training samples and the inclusion
in the training set of the data captured in the intersection
have been crucial to obtain good results, obtaining as the best
result an error of 3.77 m.

# of test FP
460

Time 1
3.9

In the case of the Wi-Fi based indoor positioning, some
independent experiments (configurations in the baselines)
show that there are different ways to improve the positioning
accuracy: adding artificial fingerprints to increase the training database density, applying fingerprint averaging when
the user is static in the operational stage, and removing
noisy distant WAPs in fingerprints by applying thresholding.
The mean positioning error is reduced to approximately
4.4 meters by applying these independent configurations.
When all the configurations are considered in the same
algorithm, the error is reduced to 4.26 meters. This indicates
that combining diverse approaches can improve positioning
accuracy.
Both technologies have advantages and disadvantages
for indoor positioning. Some of them are summarized in
Table 11. In general, the main advantages of the magnetic field
based technique are as follows: (1) no infrastructure needs
to be installed, (2) a good level of accuracy can be reached,
and (3) the possibility of having high sampling frequency
allows continuous mapping. Therefore, the mapping process
can be very fast. In contrast, the main disadvantages are
as follows: (1) the fact that each discrete sample has only
three features, (2) the dependence on the user velocity, and
(3) the dependence on the device orientation. The main
advantages of the Wi-Fi fingerprinting based method include
the following: (1) the high number of features of each
fingerprint and (2) the good accuracy even using simple
and fast algorithm such as NN. Nevertheless, it has some
disadvantages, such as (1) the low refreshment frequency and
(2) the fact that the RSSI values can be affected by the presence
of people in the environment.

6. Conclusions
Research on indoor positioning requires extensive efforts in
developing the required software and generating datasets,
which often can be challenge with a limited budget for all the
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Table 10: Results for the Wi-Fi based database and different mixed configurations.

Configuration
Mixed configuration
Mixed configuration

Parameters
3 NPC; AV; −80 dBm
3 NPS; AV; −80 dBm

Accuracy
4.27
4.49

# of training FP
8480
2240

# of test FP
92
92

Time 1
10.32
2.74

Time 2
112.17
29.78

Time rel.
11.47
3.04

Three NPC and 3 NPS stand for 3 new intermediate points (continuous complete configuration and continuous simple configuration), AV stands for applying
averaging to the validation set, and −80 dBm stands for thresholding RSSI values below it.

Table 11: Pros and cons for magnetic field and Wi-Fi fingerprinting positioning.

Magnetic field

Wi-Fi fingerprinting

Pros
Being fully infrastructure-less
Good accuracy
Continuous mapping
Continuous positioning
Fast mapping procedure
Refreshment frequency @ 10 Hz
Being partially infrastructure-less
Good accuracy
Average of 17 WAPs per FP
“Small” reference database
Discrete database
Allows precise spatiotemporal analysis
1-NN valid and fast solution

underlying investments. The researchers tend to use nearby
facilities as a test bed to evaluate new indoor positioning
systems so that the results published in the literature using
private databases cannot be directly compared.
This paper has introduced two databases for indoor localization, one being magnetic field based and the other being
Wi-Fi fingerprinting based database, on the same indoor area.
The description, procedures, strategies, and applications used
to generate the databases have been fully described. Several
baselines have been introduced using the proposed databases
in order to show the viability of the proposed databases and
also to encourage researchers to use them in order to compare
their different indoor positioning approaches.
Our further work will be focused on collecting and
publishing new databases with different technologies, even
hybrid ones. Moreover, our intention is to provide some tools
for the visual representation of the datasets and the visual
analysis of the different indoor positioning technologies and
systems.

Cons
Vector only contains 3 values
Requires user movement
High dependence on user’s velocity
High dependence on user’s orientation
Large reference database
Affected by people presence
Affected by user movement
5 GHz band not being in all devices
Refreshment frequency @ 0.2 to 0.3 Hz
Required feature selection
Presence of mobile hotspots
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Recently positioning services are getting more attention not only within research community but also from service providers. From
the service providers point of view positioning service that will be able to work seamlessly in all environments, for example, indoor,
dense urban, and rural, has a huge potential to open new markets. However, such system does not only need to provide accurate
position estimates but have to be scalable and resistant to fake positioning requests. In the previous works we have proposed a
modular system, which is able to provide seamless positioning in various environments. The system automatically selects optimal
positioning module based on available radio signals. The system currently consists of three positioning modules—GPS, GSM based
positioning, and Wi-Fi based positioning. In this paper we will propose algorithm which will reduce time needed for position
estimation and thus allow higher scalability of the modular system and thus allow providing positioning services to higher amount
of users. Such improvement is extremely important, for real world application where large number of users will require position
estimates, since positioning error is affected by response time of the positioning server.

1. Introduction
In past few years, positioning of mobile devices became
important topic not only for researchers but also for service
providers. Service providers can benefit mainly from novel
indoor positioning systems and systems that can estimate
position of users seamlessly in various environments. Most
of these systems are, however, still only in development and
testing stage [1]. Nowadays almost all mobile devices have
integrated at least one Global Navigation Satellite System
(GNSS) receiver, most commonly Global Positioning System
(GPS). GNSSs can be used mainly in the outdoor environment to estimate position of mobile user. Nevertheless, accuracy of GNSS based positioning is not always high enough
to provide reliable position estimates for Location Based
Services [2]. Positioning error of user-grade GPS receiver can
easily be higher than 100 m in urban environment mainly due
to signal blockage and multipath propagation. Therefore, it
is important to introduce backup solutions based on other
technologies even for the outdoor environment.
On the other hand, positioning in indoor environment
is even more demanding on accuracy and GNSS receivers

are commonly not able to estimate position in these environments. Currently there has been a lot of different systems
proposed to solve indoor positioning problem, based on
radio networks [3–6], inertial measurements [7, 8], image
processing [9], or magnetic measurements [10].
Indoor positioning based on inertial measurements
seems to be quite promising; however, Inertial Measurement
Unit (IMU) sensors integrated in the mobile devices suffer
from higher errors. This is caused by the fact that integrated
IMUs are of low cost and thus low quality. It is also widely
known that with inertial positioning the accuracy of estimates
decreases due to integration of noisy measurements over
the time [8]. This may lead to extremely inaccurate position
estimations.
Positioning using magnetometer measurements can provide accurate results but requires calibration measurements
performed in the positioning area in various directions,
since magnetic field is orientation dependent [11]. Another
problem is processing of the measurements, since in magnetic
based localization static measurements cannot be used and
differences in movement speeds of various users have to be
eliminated [12]. On top of that, processing huge database of
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measurements is currently problematic, since it can introduce
delays in position estimations [13].
Results achieved by the optical positioning systems
are quite interesting; however relatively high computation
power is needed for image processing algorithms to estimate
position and implementation of optical tags is commonly
required in the area of positioning [14, 15]. Implementation
of optical tags may be either problematic or even impossible
in some areas.
On the contrary, wireless networks are widely deployed
in both indoor and outdoor environments and therefore can
provide signals that might be used for position estimation.
In our paper we decided to use positioning based on GSM
and Wi-Fi signals, since most of currently used devices have
implemented receivers for these networks. Moreover, signals
from these networks are almost ubiquitous in both indoor
and outdoor environments.
We have previously proposed modular positioning system [16] that is able to automatically switch between various
positioning modules (GNSS, GSM, and Wi-Fi) based on quality of measured signals. In the developed modular positioning
system the position of mobile device is estimated by localization server, in case that GPS signals are not presented or
quality of measurements is low. When alternative positioning
is required measurements from Wi-Fi and GSM networks
are collected and preprocessed in the mobile application and
sent to the localization server which estimates position of
mobile device. In this paper we will introduce algorithm that
will enable deployment of the modular system by reducing
response times of the positioning server.
In this paper we will propose optimization algorithm,
which allows better scalability of the modular positioning
system and thus allows providing positioning service for
more users by reducing complexity of position estimation
process and response time. This algorithm will play important
role in the system, since response time is crucial parameter
of positioning service. The main contribution of the paper
is proposal and testing of transmitter reduction algorithm.
From the results presented in the paper it is clear that
proposed algorithm has positive impact on complexity of
system in case that a large number of transmitters are
detected. Moreover, removal of transmitters with low RSS did
not have negative impact on the localization accuracy.

The rest of paper is organized as follows: developed
modular system together with related work is presented in
Section 2. Section 3 describes the proposed optimization
algorithm. Testing scenarios will be presented in Section 4,
Section 5 is focused on discussion of the achieved results, and
Section 6 will conclude the paper.

2. Related Work and Modular
Positioning System
In this section modular positioning system will be described
together with principles and algorithms that are already
implemented. The system is based on fingerprinting positioning, since it is the most common and reliable positioning
framework used in both GSM and Wi-Fi networks. Fingerprinting seems to significantly outperform other positioning
frameworks, especially in environments with Non-Line of
Sight (NLoS) and strong multipath propagation. Therefore,
we will firstly describe fingerprinting framework.
All fingerprinting based positioning systems require calibration phase in order to create radiomap of area where
positioning will be performed. Calibration phase, which can
be in some literature referred to as offline phase, represents
a necessary step in fingerprinting framework. During this
phase radiomap database is created and stored at the localization server.
In principle, localization area can be divided into small
areas, which are defined by a reference point [17]. During
the radiomap construction RSS samples are collected at each
reference point. Vector of RSS measurements, that is, fingerprint, consists of RSS measurements from all transmitters in
the communication range and can be defined as follows:
𝑆𝑗 = (𝛼1 , . . . , 𝛼𝑁𝑗 , 𝑐𝑗 , 𝜃𝑗 )

𝑗 = 1, 2, . . . , 𝑀,

(1)

where 𝑁𝑗 is the number of transmitters detected at the jth
reference point, M is the number of reference points, 𝛼𝑖 are
RSS values, 𝑐𝑗 represent coordinates of jth reference point,
and parameter vector 𝜃𝑗 can contain additional information,
which may be used during the position estimation. The idea
of radiomap database construction is depicted in Figure 1.
During the online or localization phase position of the
mobile device is estimated based on measured RSS vector. In
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principle, fingerprint is measured by the mobile device and
sent to the localization server. Localization server use implemented algorithms to compare fingerprint received from the
mobile device with fingerprints stored in the radiomap.
In our system we have implemented deterministic algorithms from Nearest Neighbor family. We decided to use
NN family algorithms, as these algorithms can perform at
the same level as statistical algorithms and in some cases
can even outperform other approaches [18]. Moreover, their
performance is not affected by accuracy of statistical model
which is important in case when positioning system is
assumed to be implemented in heterogeneous environments,
that is, outdoor and different indoor environments.
Deterministic algorithms are, basically, based on assumption that RSS values at the receiver are not random and
depend on position of mobile device [19]. From this assumption it is clear that position of mobile device can be estimated
by finding the highest similarity between the fingerprint
received from the mobile device and fingerprints stored in the
radiomap. In such case position estimate is given by
∑𝑀
𝑖=1 𝜔𝑖

,

BTS 1

AP 2

BTS 2

Mobile device

AP 3

BTS 3

(2)

where 𝜔𝑖 is a nonnegative weighting factor [17]. Weights are
calculated as inverted value of the Euclidean distance between
fingerprint received from the mobile device and fingerprints
stored in the radiomap database. Since Euclidean distance is
most widely used metric in NN algorithms, it will also be used
in our experiments.
The estimator of formula (2), which keeps the 𝐾 highest
weights and sets the others to zero, is called the WKNN
(Weighted K-Nearest Neighbors) method [19]. WKNN with
all weights 𝜔𝑖 = 1 is called the KNN (K-Nearest Neighbors)
method. The simplest method, where 𝐾 = 1, is called the NN
(Nearest Neighbor) method [20]. In [21] it was found that
WKNN and KNN methods commonly outperform the NN
method, especially in cases when 𝐾 is set to 3 or 4.
The modular localization system was proposed to be
logically one level above the structure of standard localization
system. This means that all its components have to be
developed according to the goals and requirements of the
system.
The modular localization system [16] can be represented
as an integrated set of components that provide localization
service for its users. The system should be able to provide
simultaneous access to the services for multiple users in order
to be commercially interesting. Modular localization system
is developed as centralized and thus all position estimates
are computed at the localization server. The system is fully
autonomous, since all communication is handled by the
existing telecommunication networks and there is no need to
implement new infrastructure.
The idea of modular localization system was developed on
the assumption that GPS (Global Positioning System), GSM,
and Wi-Fi could provide seamless positioning in heterogeneous environments as can be seen in Figure 2. The system
was proposed with these positioning modules, because all
of required technologies are commonly implemented in

GSM base station

Radio link
Wi-Fi access point

Figure 2: Example of environment suitable for implementation of
modular positioning system.
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Application logic layer
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∑𝑀
𝑖=1 𝜔𝑖 ⋅ 𝑐𝑖

AP 1

Management layer

̂=
𝑥

GPS satellite

Service layer

Figure 3: Functional layers in the modular localization system.

standard mobile devices. The system is developed as an open
platform and new positioning modules can be implemented
according to requirements, for example, Bluetooth, Zig-Bee,
and so forth.
In principle the modular localization system can be
divided into three components, that is, mobile devices,
existing network infrastructure, and localization server, that
communicate with each other and have their own responsibilities. The system can be divided into individual layers
with different functions. These layers are classified into three
levels. In principle, each layer is allowed to communicate only
with neighboring layers. However, security and management
layers have to be presented at all levels and therefore can
communicate with any of the three layers. All layers in the
system are shown in Figure 3.
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Figure 4: Flowchart of modular localization algorithm.

The highest presentation layer can be described as application interface. The layer is responsible for user interaction
and visualization of the position estimates in various modes.
The core of the modular positioning system can be found
in the application that logic layer contains. This layer is
represented by modular localization algorithm (MLA), which
is responsible for handling of localization requests with all
necessary signal information from GPS, GSM, and Wi-Fi. It
is also responsible for selection of the most appropriate platform communication with the mobile devices. The algorithm
is depicted in flowchart in Figure 4.
The lowest layer, service layer, is represented by the
localization and optimization algorithms implemented at the
localization server and is also responsible for communication
between localization server and mobile device.
The idea is that the MLA checks GPS availability and, in
case that GPS signals are available, it returns the position to
the mobile device from GPS measurements. However, it is
obvious that GPS will not be available in all environments
or due to missing GPS hardware or there will not be enough
visible satellites. In such case Wi-Fi or GSM measurements
will be used for position estimation. In this step the algorithm
computes number of transmitters above the minimum measurable signal level for both Wi-Fi (𝑁AP ) and GSM (𝑁BTS )

networks. If 𝑁AP is higher than or equal to 3, Wi-Fi based
positioning is selected. The threshold of 3 transmitters (APs
or BTSs) was chosen, since we assume that signals from
at least 3 transmitters are needed to clearly define position
in 2D space. Lower amount of transmitters can be used
for positioning; however, it is assumed that this may have
negative impact on localization accuracy. This assumption is
based on the fact that with less than 3 transmitters number
of reference points with similar RSS fingerprints will be
increased. This may have negative impact on positioning
performance; therefore when less than three transmitters
were detected for a given network type alternative positioning
solution should be used.
In case that GPS signals cannot be used for positioning
and both Wi-Fi and GSM measurements provide enough data
to estimate position, the Wi-Fi based positioning is preferred.
This is due to the fact that previous experimental results show
that Wi-Fi based positioning can achieve better accuracy
when compared to GSM.
In the service layer algorithms for position estimation
are implemented. These algorithms are NN, KNN, and
WKNN algorithms together with optimization algorithms.
Since modular localization system will cover significantly
larger area compared to traditional fingerprinting based

Mobile Information Systems

5

Start

Get current
fingerprint

BTS: 1, 2
BTS: 2

BTS: 1
Select areas with at
least one
transmitter match

Radiomap

BTS1

BTS: 1, 2, 3

BTS2
BTS: 2, 3

BTS: 1, 3

Mobile device

Select areas with
highest number of
transmitter matches
BTS3
BTS: 3
Order vectors by
distance to current
fingerprint

Select K-nearest
vectors

Calculate position
estimate

Figure 6: Phase 1 of map reduction algorithm, areas selected based
on availability of radio signals.
K

Weight
function

End

Figure 5: Flowchart of the fingerprinting with 2-phase map reduction algorithm.

localization systems, it is crucial to reduce complexity of
position estimation process. Another important reason for
reduction of the complexity of positioning process is ability
to provide positioning service to higher number of users [16].
In the first step the 2-phase map reduction algorithm
was implemented to the system. The idea of the algorithm
is to reduce area from which reference points are selected
from the radiomap database. Algorithm can be divided in
two phases; in the first phase the relevant areas are found
based on RSS data from fingerprint measured by the mobile
device. During the second phase reference points are selected
from the relevant areas, in order to reduce complexity of
the position estimation process. Flowchart of the positioning
algorithm can be seen in Figure 5.
In the algorithm, the weights are computed as inverted
value of Euclidean distance between measured RSS samples
and RSS samples stored in the radiomap database. During the
first phase of the algorithm all vectors contain at least one of
transmitters from fingerprint measured by a mobile device.
This operation can be easily performed via SQL language
and this initial filtering reduces the radiomap. This radiomap
reduction is depicted in Figure 6.

In Figure 6 the situation when mobile device does not
detect signals from BTS 1 is shown. Areas chosen by the first
phase of the algorithm are marked with diagonal pattern. It
can be seen that in this stage also areas where signals from
BTS1 should be detected were chosen.
In the second stage the map reduction algorithm selects
the most appropriate areas from the relevant areas chosen
during the first stage, based on comparison of number
of transmitters in the radiomap fingerprints that match
transmitters detected by the mobile device. In this step
only reference points with the highest number of matching
transmitters are selected from the radiomap. The output of
the second stage of the algorithm is shown in Figure 7.
In the algorithm the highest number of matches is
selected, so the algorithm can handle power fluctuations that
can cause the measured fingerprint from the mobile device to
contain more (or less) transmitters than was detected at the
reference points during the radiomap construction.

3. Proposal of Optimization Algorithm for
Reduction of Transmitters
Commonly fingerprint vector components contain various
RSS values from all transmitters in the communication
range. Such values can achieve any value between measurable
minimum and maximum in particular radio network. It has
been proven that in Wi-Fi networks the weakest signals
can have negative impact on achieved positioning accuracy
[22]. The main idea of proposed algorithm is to filter out
RSS samples that have low or negative impact on accuracy
and thus reduce computing power needed by the server to
compare RSS vectors and estimate position of mobile device.
Generally, sensitivity threshold for downlink in GSM900
network is −113 dBm [23]; however minimum signal strength
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In the first step the algorithm removes all RSS measurements below the threshold from fingerprint vector. In the
second step the algorithm checks if reduced vector contains
enough transmitters in order to perform positioning. In case
that reduced vector does not contain enough transmitters
the algorithm will choose three strongest transmitters from
the original fingerprint vector. This step is introduced due to
the assumption that it is still better to estimate position with
lower accuracy than to have no position estimate at all. These
reduced RSS vectors are afterwards used in position estimation process. The algorithm process RSS samples from single
network (GSM or Wi-Fi) are based on selected localization
module. Currently the system does not use combination of
heterogeneous signals; however, research of possible signal
combinations will be conducted in future work.

BTS3
BTS: 3

4. Experimental Scenarios
Figure 7: Phase 2 of map reduction algorithm area selected based
on number of detected transmitters.

detected in Wi-Fi networks may vary on different devices.
During our previous experiments, with devices from various
manufacturers, the minimum detected power levels were
−113 dBm for GSM networks and between −100 dBm and
−110 dBm for Wi-Fi networks, which proves correctness of
the theory stated in previous sentence. The experiments
were performed in the anechoic chamber with 3 different
smartphones, namely, Sony Xperia Z3, Samsung S4, and HTC
Wildfire S. Measurements were focused to detect differences
in receiver sensitivity and characteristics. In the proposed
algorithm for reduction of transmitters we decided to set
the threshold 10 dB above the minimum detected power
levels, that is, −103 dBm and −90 dBm for GSM and Wi-Fi,
respectively. In Wi-Fi networks we have assumed minimum
detected power level to be −100 dBm, since this value has been
reported by all devices we have tested. However, introducing
such thresholds may cause some fingerprints that are measured far from transmitters to not have sufficient amount of
data to be used for position estimation.
It is assumed that, similar to trilateration based positioning, information about RSS from at least 𝑁 + 1 transmitters is
needed in order to estimate position in 𝑁-dimensional space.
Since our modular positioning system estimates position in
2D space, RSS measurements from at least 3 transmitters
are needed to estimate the position of mobile device. Thus
3 transmitters represent the lowest required amount for the
system to operate. Obviously, if there are more transmitters
with RSS values higher than the threshold then all of those
will be used for position estimation, since using higher number of transmitters may have positive impact on localization
accuracy and enable positioning in 3D environment. The
proposed algorithm has to be as simple as possible since
the main goal is reduction of the complexity of position
estimation process. The flowchart of the proposed algorithm
for reduction of transmitters can be seen in Figure 8.

Performance of the proposed algorithm was tested in real
world conditions in both GSM and Wi-Fi networks. Modular
positioning system was deployed in the area of University of
Žilina in both indoor and outdoor environments.
During the experiments we decided to measure more RSS
samples for each fingerprint, so we can decrease positioning
errors caused by the signal fluctuations by use of local
mean RSS value for the position estimation. The number of
measurements to achieve stable local mean RSS would be
20 and more; however, the value of 5 provides pretty similar
results as can be seen from results in Figure 9 with duration
of each iteration 4 times faster. The results were achieved by
experimental measurements with RSS data collected during
50 independent position estimates.
Positioning error is calculated as average value of mean
values of all independent trials. From Figure 9 it is clear that
the higher number of measurements significantly improves
localization accuracy. However, it can also be seen that
changes are not so dramatic when the number of measurements used to calculate local mean RSS is more than 5.
During the experiments ground truth position was estimated by accurate GPS receiver (as reference value). In the
modular positioning system the GPS module was disabled, so
we were able to assess performance of positioning solutions
based on radio networks. The radiomap was created using an
HTC Wildfire S smartphone during the evening, when there
was low number of moving reflectors, that is, people, cars, and
so forth. Measurements were performed dynamically during
the walk around the campus of the university. Final radiomap
is depicted in Figure 10.
It can be seen that there is a difference between reference
points stored in GSM and Wi-Fi radiomaps. This difference
is given by the fact that at some reference points there were
no enough Wi-Fi access points in the communication range;
therefore, these reference points were excluded from the
radiomap database.
Radiomap consists of total 937 reference points for GSM
and 547 reference points for Wi-Fi positioning. In average 5
BTSs and 15 APs were detected at these points.
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Figure 8: Flowchart of the proposed algorithm.

Positioning error (m)

6.5
6
5.5
5
4.5
4
3.5
3

0

5

10

15
20
25
30
Number of RSS samples

35

40

NN
WKNN

assumed to be in absolute numbers. During the experiment,
localization requests were generated and sent to the localization server and response time was measured. Localization
request generated in the testing can be divided into valid and
invalid requests.
Valid localization request contained measured data that
were collected in the localization area and localization
server was able to estimate position of mobile device from
these data. On the other hand, invalid localization requests
contained measurements from transmitters that were not
presented in radiomap. Therefore, localization server was not
able to find match between transmitters in measured fingerprint and transmitters presented in the radiomap database.

Figure 9: Impact of number of measured samples on positioning
error.

5. Achieved Results and Discussion
In the first scenario impact of the proposed algorithm on
accuracy of the localization system was investigated. During
the positioning phase the position of mobile device was
estimated at 177 positions randomly chosen in the area where
localization map was created.
In the second experimental scenario we decided to test
how the proposed algorithm affects response time of the
positioning server. During the testing the localization server
was established as a virtual machine at laptop with Intel i3
processor and 4 GB RAM running Windows 8.1 OS. This
implementation was sufficient for the testing, since this
testing was focused mainly on behavior and characteristics
of the positioning system. These are assumed to be independent on hardware equipment. The only difference caused
by the differences in hardware and software equipment is

In this section results achieved during the experimental
scenarios will be presented and discussed. Results achieved
during the first testing scenario, which was aimed at evaluating impact of the transmitter reduction algorithm on
localization accuracy, are presented in Table 1.
From Table 1 it can be seen that system without implemented optimization algorithms marked as basic fingerprinting achieved extremely poor results in terms of accuracy. It
is important to note that Wi-Fi based positioning achieved
worse results compared to GSM based positioning, which is
probably caused by the fact that a high number of APs with
extremely low RSS power were detected at reference points
that are far from each other. It can also be seen that after
application of map reduction the positioning accuracy was
significantly improved. This is caused by the fact that signals
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Figure 10: Radiomap used in experiments for GSM and Wi-Fi networks, respectively.
Table 1: Impact of proposed algorithm on positioning error in outdoor environment.
Network
GSM
GSM
GSM
Wi-Fi
Wi-Fi
Wi-Fi

Estimator

Basic fingerprinting
144.78 ± 78.15
110.44 ± 71.02
120.63 ± 69.18
178.47 ± 47.57
181.24 ± 29.60
181.42 ± 29.60

NN
KNN
WKNN
NN
KNN
WKNN

Positioning error [m]
With map reduction
With map reduction and reduction of transmitters
89.67 ± 64.61
89.67 ± 64.61
92.42 ± 50.90
92.42 ± 50.90
85.10 ± 61.45
85.10 ± 61.45
18.20 ± 10.74
18.20 ± 10.74
21.66 ± 13.18
21.66 ± 13.18
19.22 ± 8.70
19.22 ± 8.70

Table 2: Impact of proposed algorithm on response time of GSM based positioning.
Number of requests
1 valid request
10 parallel valid requests
100 parallel valid requests
1 invalid request
10 parallel invalid requests
100 parallel invalid requests

𝑇 [s]
Basic fingerprinting
0.68 ± 0.06
3.44 ± 0.37
30.76 ± 8.87
0.86 ± 0.14
4.32 ± 0.66
39.15 ± 12.27

With map reduction
0.55 ± 0.17
2.84 ± 0.95
25.79 ± 10.81
0.006 ± 0.001
0.017 ± 0.006
0.220 ± 0.085

from the strongest transmitters were used to preselect points
from radiomap database.
In addition it can be seen that implementation of
proposed algorithm did not have impact on localization
accuracy. This proved our assumption that the transmitters
with highest RSS values have the most significant impact
on performance of the system, if high number of transmitters can be detected and thus it is possible to remove
measurements from weakest transmitters without sacrificing
positioning accuracy. In our measurements in average 15 APs
and 5 BTSs were detected in each measurement for Wi-Fi and
GSM network, respectively. These numbers were achieved
after application of the transmitter removal algorithm.
The results achieved during the second scenario for
both valid and invalid requests for GSM and Wi-Fi based
positioning are presented in Tables 2 and 3, respectively.
The requests on the localization server were generated by

Map reduction and reduction of transmitters
0.59 ± 0.20
3.12 ± 1.00
29.67 ± 13.82
0.006 ± 0.001
0.018 ± 0.006
0.202 ± 0.080

application and the number of requests that will be sent
to the server in parallel (at the same time) was changed.
In Tables 2 and 3 the results for 1, 10, and 100 parallel requests
are shown. Localization requests were sent to the localization
server 100 times and time between each group request and
last localization server response was measured. Based on
measured times, mean of response time and its standard
deviation were computed and are presented in Tables 2 and 3.
From Table 2 it can be seen that proposed algorithm
does not have any significant impact on response time of
GSM based positioning. It can even be stated that additional
delay was introduced by the algorithm when compared to
fingerprinting with map restrictions. This may be caused
mainly by the fact that amount of transmitters detected in the
fingerprinting vectors are quite low for GSM fingerprinting.
This is caused by the network infrastructure and reuse
of frequencies in GSM network. During our measurement
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Table 3: Impact of proposed algorithm on response time of Wi-Fi based positioning.

1 valid request
10 parallel valid requests
100 parallel valid requests
1 invalid request
10 parallel invalid requests
100 parallel invalid requests

𝑇 [s]
Basic fingerprinting
4.31 ± 2.13
23.14 ± 11.34
289.86 ± 147.66
4.49 ± 2.37
24.15 ± 12.22
308.78 ± 178.89

With map reduction
0.76 ± 0.60
3.96 ± 3.33
45.79 ± 41.90
0.014 ± 0.007
0.053 ± 0.033
0.505 ± 0.327

the highest number of detected BTSs was 7, which is given
by the network design and the fact that smartphone used was
only able to detect BTSs from one network provider.
It is important to note that invalid requests, that is,
requests with data only from transmitters not present in
the radiomap database, were processed much faster. This is
caused by the fact that implemented optimization algorithm
for radiomap reduction was not able to find any area with the
signals from the given transmitters and therefore the positioning process was unsuccessful. In the basic fingerprinting,
that is, without optimization, the server has to compare
received data with data stored in the radiomap. However,
since measurements do not contain data from known transmitters the position of mobile device will not be estimated.
The optimization algorithm may therefore help to improve
the performance of the positioning system significantly in
case that some of the users send positioning requests from
the area where positioning service is not available.
On the contrary, results achieved with Wi-Fi based positioning module show significant improvement in response
time of the positioning system. From Table 3 it can be seen
that proposed algorithm decreased response time three times
compared to positioning with only map reduction algorithm.
This is given by the fact that fingerprint vectors measured in
Wi-Fi networks contain higher number of RSS value below
the threshold. This is given by the fact that most of APs are
placed indoors and thus radio signal is attenuated by walls of
building. Moreover, communication range in Wi-Fi networks
is significantly smaller compared to GSM network.
Similarly to GSM based positioning also for Wi-Fi based
positioning the processing times for invalid requests are
significantly lower after implementation of optimization
algorithm. In this case even reduction of transmitters helped
to reduce response time of the server, which is caused by
the fact that less data has to be transmitted and processed.
Based on the results achieved for Wi-Fi positioning it can
be stated that negative impact of transmitter reduction on
response time in GSM network was caused by the low number
of detected transmitters. Therefore algorithm for transmitter
reduction should be used only in cases when the number of
detected transmitters is assumed to be higher. In GSM based
positioning this can be achieved by scanning signals from
BTSs of various service providers.
In the next step we decided to find dependency of number
of parallel positioning requests on response time of the
localization server. For this reason we decided to use small

Map reduction and reduction of transmitters
0.27 ± 0.28
1.20 ± 1.32
12.64 ± 15.45
0.009 ± 0.005
0.027 ± 0.020
0.240 ± 0.174

×104
2.5

Response time (ms)

Number of requests
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Figure 11: Impact of number of valid parallel requests on response
time of localization server after implementation of proposed algorithm.

increments of number of valid parallel requests. Achieved
results are shown in Figure 11.
From Figure 11 it can be seen that dependency of response
time of the positioning server on number of parallel valid
requests is almost linear. Small deviations from linear characteristics can be caused by processes running on the background of operating system. It is important to note that this
testing represents the worst case scenario; when all requests
are parallel in real implementation localization requests are
assumed to be more random.
Moreover, it is important to note that during the testing
phase localization server was implemented as virtual machine
running at a laptop, which does not have high computation
power and further improvement of response time can be
expected if the system is implemented at a dedicated server.

6. Conclusion
In the paper novel optimization algorithm for reduction
of transmitters was proposed to reduce response time of
localization server in modular positioning system. The main
idea behind the algorithm is to reduce complexity of position
estimation and thus provide service that will have lowest
possible latency, since high latency of position estimation can
significantly reduce quality of user experience. The proposed
algorithm was tested in real world conditions.
From the achieved results it can be seen that proposed
algorithm does not affect accuracy of position estimates. It
can also be concluded that proposed optimization algorithm
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has potential to reduce complexity of positioning system,
especially when large numbers of transmitters with low RSS
values are presented in area of positioning as can be seen
from time measurements for Wi-Fi based positioning. On
the other hand, it can be stated that algorithm might have
negative impact on complexity of localization system if the
number of removed transmitters is low, as can be seen from
time measurements for GSM based positioning. In this case
the response time was increased. This is caused by the fact that
in GSM network number of detected transmitters cannot be
higher than 7, if device allows scans only from one network
operator. In the most of performed measurements signal
from only one transmitter was removed by the algorithm.
It is possible to conclude that the proposed algorithm
for reduction of transmitters may improve response time of
positioning service, if applied correctly, that is, when large
number of transmitters with low RSS can be detected in
the localization area. Since most of currently used devices
can only scan RSS samples from a single service provider,
the algorithm should not be implemented in GSM based
localization as it has negative impact on response time of the
localization system.
From the results provided it can be seen that novel
algorithm from transmitter removal has positive impact on
complexity of the system, when implemented in Wi-Fi based
positioning. In the Wi-Fi based positioning system, the
mobile device may sense large number of RSS samples from
different APs. Part of these samples could be removed without
significant impact on the positioning accuracy especially if
the RSS is low. Another positive impact of the algorithm is the
fact that, by removal of transmitters with low RSS, less data
has to be transferred between mobile device and localization
server. Further improvement of the achieved results may
be possible by implementation of the localization server on
dedicated server or the cloud.
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Nowadays, activity recognition is a central topic in numerous applications such as patient and sport activity monitoring,
surveillance, and navigation. By focusing on the latter, in particular Pedestrian Dead Reckoning navigation systems, activity
recognition is generally exploited to get landmarks on the map of the buildings in order to permit the calibration of the navigation
routines. The present work aims to provide a contribution to the definition of a more effective movement recognition for Pedestrian
Dead Reckoning applications. The signal acquired by a belt-mounted triaxial accelerometer is considered as the input to the
movement segmentation procedure which exploits Continuous Wavelet Transform to detect and segment cyclic movements such as
walking. Furthermore, the segmented movements are provided to a supervised learning classifier in order to distinguish between
activities such as walking and walking downstairs and upstairs. In particular, four supervised learning classification families are
tested: decision tree, Support Vector Machine, 𝑘-nearest neighbour, and Ensemble Learner. Finally, the accuracy of the considered
classification models is evaluated and the relative confusion matrices are presented.

1. Introduction
The ability to recognize daily activities or particular movements may be helpful in many contexts such as user mobility
identification [1], monitoring of daily activities [2], and
applications such as patient and sport activity monitoring [3,
4], surveillance [5], and navigation [6]. Activity recognition
(AR) can be carried out by acquiring kinematic data from
body-worn sensors. Nowadays, the Microelectromechanical
Systems (MEMS) [7] technology made low-cost sensors available on the market so that an increasing number of mobile
devices are already supplied with MEMS sensors. Most
of these devices encompass accelerometer, gyroscope, and
altimeter and can be employed for various activity recognition studies [8]. By focusing on navigation solutions, AR may
play an important role in Pedestrian Dead Reckoning (PDR)
applications which can be used for several dynamic human
jobs and actions [6].
PDR techniques are one of the big navigation challenges
since they would enable navigation systems to rely more on

body-worn sensors and less on external infrastructures such
as GPS system [9].
The proposed technique aims to extend a PDR scheme
focused on walking movement only [10], to a generalized
PDR algorithm able to distinguish several daily movements,
as illustrated in Figure 1. In particular, we focus on the
movement segmentation and movement classification blocks
that are highlighted in Figure 1. In the present work, the acceleration signal provided by a body-worn sensor is acquired
through consecutive time windows of 1-second duration with
an overlapping factor of 50%; then, the signal is segmented
into portions which include unclassified activity movements.
Moreover, a supervised learning technique performs the classification of the segmented cyclic movements such as walking
and walking upstairs and downstairs.
Movement segmentation procedure exploits Continuous
Wavelet Transform (CWT) [11] and the movement classification block extracts representative features [12–14] from
the movement and applies different classifier belonging to
the following families: decision tree (DT), Support Vector
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Figure 1: Representation of Pedestrian Dead Reckoning scheme in which the step detection and step-length estimation blocks are generalized
by the movement detection, movement classification, and movement-length estimation blocks.
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movement recognition is described. In Section 4 the movement segmentation process is taken into consideration with
specific attention for the cyclic movement detection and
Segmentation block. In Section 5 the feature extraction
mechanism of the classification system is described and evaluated thoroughly. In Section 6 we describe the classification
algorithms and the cross validation procedure. In Section 7
the performance assessment of the implemented classifiers
is presented; in particular, we evaluate the accuracy of the
considered classification models and the relative confusion
matrices.

2. Related Works and Motivation
Figure 2: On-body smartphone location and acceleration sensor
body frame.

Machine (SVM), 𝑘-nearest neighbour (𝑘NN), and Ensemble
Learner (EL) [14, 15]. Finally, the computed classification
models are compared by evaluating the predictive accuracy.
An AR dataset has been collected from the recordings
of 10 subjects performing low-level activities while carrying
a belt-mounted smartphone Samsung Galaxy S4 as shown
in Figure 2. Each subject is required to perform four trials
for each considered activity: walking and walking downstairs
and upstairs. This work is aimed at extending the method
proposed in [16] by a more effective segmentation procedure
and relying on a new dataset.
In Section 2 the related works and motivation are
presented. In Section 3 the proposed approach for daily

When dealing with PDR systems, the step can be detected
from either the signal of acceleration or angular rate [17] as
illustrated in Figure 1. In particular, when focusing on step
detection through the acceleration signal analysis, the steps
can be revealed by performing several techniques depending
on the on-body sensor location [17, 18]. In the case of footmounted sensor, the step detection can easily be performed
by identifying the stance and swing phases of the foot corresponding to zero velocity periods (ZVPs) [18–20]. The latter
approach cannot be applied when dealing with handheld or
belt-mounted sensors [18, 21], since these configurations do
not lead to a zero velocity period occurrence; in these cases
zero-crossing (ZDT) or peak detection (PDT) can be adopted
for the step detection routine. However, both PDT and ZDT
may lead to revealing multiple steps when actually only one
step occurs [18], leading to detection errors which can affect
the resulting PDR navigation solution.
The first part of the present work introduces a possible
solution to overcome the issue of step detection errors. Continuous Wavelet Transform (CWT) analysis is exploited to
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Figure 3: Representation of the proposed CWT-based movement
segmentation procedure. The waveform (light-blue) represents the
acceleration signal along the 𝑧-axis (Figure 2) during a walking
activity. The CWT-based segmentation aims to detect the singularities which refer to the movement boundaries (green circles), while
discarding the other ones (red circles); afterwards, the acceleration
signal included between the lower pair of the selected singularities
can be extracted as individual movement.

segment the acceleration signal by detecting the singularities
which refer to the movement boundaries and occur between
consecutive cyclic movements as the walking. This approach
leads to the fundamental advantage of enabling the movement detection process to discard the singularities which
refer to the acceleration signal irregularities and take into
account only the ones that actually refer to movement boundaries which separate consecutive movements, as illustrated
in Figure 3. The segmentation process will be described in
Section 4. Wavelet analysis in particular the Discrete Wavelet
Transform (DWT) has been investigated in literature in
either gait analysis [22] or feature computation for movement
classification techniques [23], while the CWT employment in
the movement segmentation is a novel approach.
As mentioned in [12–14], activity recognition (AR) usually acquires the signal through time windows which are
typically a few seconds long in order to reveal a particular
activity in a certain time interval, for instance, by exploiting acceleration signal features [24]. This approach can be
adopted to get landmarks on building maps in order to
calibrate the PDR routines particularly in locations such
as stairs or elevator [10]. The signal information in the
considered time window most likely does not refer to an
individual movement but rather to a group of movements
which may also involve different activities. Moreover, we have
to consider that a wider time window leads the AR system
to a loss in the real-time processing capability. The signal
segmentation procedure able to separate portions of signal
which refer to single cyclic movements would enable an AR
system to classify individual movements. As mentioned in

[18], activity recognition has been investigated to recognize
different step modes and device poses.
The second part of the present work aims to classify the
cyclic movements such as walking and walking upstairs and
downstairs which have been previously segmented through
the CWT-based segmentation routine. In particular, supervised learning techniques such as DT, SVM, 𝑘NN, and EL are
performed in the classification routines.

3. Proposed Approach
The present work considers an AR system which combines
a CWT-based signal segmentation and supervised learning
techniques (SLTs) to classify the segmented movements.
The CWT operation performs the segmentation of the
acceleration signal into portions which refer to individual
movements. Furthermore, SLTs classify the segmented movements such as walking and walking upstairs and downstairs
by exploiting algorithms such as DT, SVM, 𝑘NN, and EL.
The proposed approach considers a body-worn acceleration
sensor which acquires the signal through a time window of
1-second duration with an overlapping factor of 50%. Since
the signal segmentation routine aims to detect particular time
events in the signal, the overlapping factor is crucial to avoid
missing detections at the boundaries of the considered time
window. Section 7 describes how the overlapping factor can
affect the performance of the movement recognition system,
in particular the accuracy of the classification algorithms.
This contribution aims to enhance the traditional Pedestrian Dead Reckoning (PDR) routine through a generalized
movement classifier as illustrated in Figure 1.
The acceleration signal within the current time window
is processed by the movement segmentation block as shown
in Figure 4: it aims to detect and segment cyclic movement
activity exploiting CWT operation as depicted in Figure 5.
Then, the segmented individual movement is provided as
input to the feature extraction routine which is shown in
Figures 4 and 6: this procedure is adopted to extract features
and pass them to the classification algorithm. The scheme in
Figure 4 represents the employed classification system which
involves three primary blocks: feature extraction, classification and cross validation, and performance assessment. In
order to perform the evaluation of the proposed procedures
on real movements, an activity dataset has been realized
considering 10 subjects in the 25–65 age range performing
low-level human activities. For the classification purpose of
our work we consider the activities such as walking forward
and walking upstairs and downstairs, which are more prone
to critical recognition analysis and can often be mistaken.
Each subject was asked to perform four trials for each activity
on different days. Acceleration data is captured by 3-axis
acceleration sensor at 100 Hz sample rate. The accelerometer
is integrated in a Samsung Galaxy S4 smartphone which is
belt-mounted as shown in Figure 2. The dataset has been
collected inside a shopping mall. Figure 7 shows the footpath
followed by the subjects who participated in the recordings
and the indoor scenario.
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Figure 4: Movement segmentation and classification blocks.
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Figure 7: (a) Footpath followed by the subjects who have participated in the recordings of the acceleration signal. The orange line corresponds
to a single trial. (b) The indoor environment of the shopping mall where the dataset has been collected.

4. Movement Segmentation
The movement segmentation block processes the acceleration
signal within the current time window; firstly a low-pass
filtering is performed in order to identify the signal DC
component. The latter is then subtracted from the original
signal to separate the acceleration component due to the
gravity (DC component) and the one related to the linear
acceleration [14], as shown in Figure 4.
The orientation of the smartphone is regulated as shown
in Figure 2 in order to match the movement direction in the
horizontal plane with the 𝑧-axis of the accelerometer body
integrated into the smartphone. By observing Figure 8(a) and
the 𝑧-axis in particular, it is reasonable to search for the singularities between adjacent step movements in order to separate
consecutive movements and to extract the waveform which
refers to an individual step. The 𝑧-axis signal is evaluated
because it shows the clearest singularities among all axes.
Figure 3 shows how the segmentation process should work
by selecting the singularities at the movement boundaries and
discarding the undesired ones.
The Discrete Fourier Transform (DFT) of the signal does
not provide time information about the location in which the
signal singularities occur within the considered time window,
while it provides the frequency content information of the

signal [11]. For this reason, the DFT is not suitable for segment
movements through the proposed approach.
On the other hand, Continuous Wavelet Transform
(CWT) permits bringing out specific time events by decomposing the signal over dilated and translated wavelets [11]. A
wavelet is a short waveform generally named 𝜓 ∈ 𝐿2 (R):
|𝜓| = 1 and centered in the neighbour of 𝑡 = 0 such that
∫

+∞

−∞

𝜓 (𝑡) 𝑑𝑡 = 0.

(1)

Suppose that 𝜓 is a real wavelet; the corresponding Real
Wavelet Transform of the function 𝑓 is given as
𝑊𝑓 (𝑢, 𝑠) = ∫

+∞

−∞

𝑓 (𝑡)

1 ∗ 𝑡−𝑢
𝜓 (
) 𝑑𝑡,
√𝑠
𝑠

(2)

where ∗ indicates conjugate complex operator. This operator
measures the variation of the function 𝑓 in a neighbour of 𝑢
proportional to 𝑠. In our case, the variable 𝑢 represents the
time translation variable which enables the wavelet to scan
the entire time window. On the other hand, the variable 𝑠
represents the scale which permits dilating the wavelet in
order to bring out particular events coming up in a certain
time within the analyzed signal waveform. Expression (2)
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(a) Linear acceleration signal on 𝑥-axis, 𝑦-axis, and 𝑧-axis of the accelerometer
body frame, referring to a walking activity. The red rectangle highlights a walking
step movement
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(b) Linear acceleration signal on 𝑥-axis, 𝑦-axis, and 𝑧-axis of the accelerometer
body frame, referring to a walking upstairs activity. The red rectangle highlights
a walking upstairs step movement
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(c) Linear acceleration signal on 𝑥-axis, 𝑦-axis, and 𝑧-axis of the accelerometer
body frame, referring to a walking downstairs activity. The red rectangle highlights
a walking downstairs step movement

Figure 8: Linear acceleration signal on 𝑥-axis, 𝑦-axis, and 𝑧-axis of the accelerometer body frame referring to walking and walking downstairs
and upstairs activities.
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Figure 9: Mexican hat wavelet waveform.

represents the inner product between the given function 𝑓
which in our case represents the acceleration signal and a
particular wavelet. The result of the inner product is directly
proportional to the correlation between the function and
the appropriately dilated wavelet. Since singularities between
movements are searched for, as shown in Figure 3, high
correlation values are expected when considering fine scales
of the wavelet. By knowing that the local Lipschitz regularity
of a function 𝑓 at a particular time V depends on the decay at
fine scale of |𝑊𝑓(𝑢, 𝑠)| in the neighbour of V, singularities can
be evaluated from the local maxima values of |𝑊𝑓(𝑢, 𝑠)| [11].
We describe below how to detect singularities which
separate consecutive movements in the 𝑧-axis acceleration
signal which refers to the walking activity as it is shown in
Figure 8(a).
First, a suitable wavelet is chosen for our application:
Mexican hat wavelet guarantees that the maxima of the CWT
modulus that are located at (𝑢0 , 𝑠0 ) belong to a maxima line
that propagates toward finer scales [11]. The mathematical
expression of this wavelet is
mexh (𝑡) =

2
2
(𝑡2 /2)
(1
−
𝑡
)
𝑒
√3𝜋−1/4

(3)

and the respective waveform is illustrated in Figure 9.
Afterwards, we consider the scale range for values of 𝑠 ranging
from 1 to 16 (this scale range has been heuristically selected:
the good performance of the proposed algorithm supports
this choice).
The upper graph of Figure 10 represents the linear
acceleration signal on the 𝑧-axis during a walking activity
(Figure 8(a)); the central plot illustrates the CWT coefficients
of the relative acceleration signal considering a Mexican hat
wavelet; the lower plot brings out the local maxima (lightblue stars) of the performed CWT and shows four maxima
lines whose start is relative to 𝑠 = 16 and they converge to the
target singularities at finer scales, thus permitting identifying
the step movement left and right boundaries. In particular,
by observing the lower plot in Figure 10, the second and forth
maxima lines starting from the left side of the figure represent
the singularities occurring in the upper plot of Figure 10 at
the 𝑝𝑜𝑖𝑛𝑡 ≈ 30 and 𝑝𝑜𝑖𝑛𝑡 ≈ 80, respectively. By focusing on
the singularities which include the left and right boundaries,
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Figure 10: Continuous Wavelet Transform (CWT) relative to the
𝑧-axis acceleration signal illustrated in Figure 8(a). The upper
plot represents the acceleration signal along the 𝑧-axis during a
walking activity. The central plot shows the CWT coefficients of
the considered signal with a 1–16 scale range and the Mexican hat
wavelet. The lower plot depicts the local maxima of the performed
CWT.

as shown in Figure 3, the acceleration signal which refers to
the individual step movement can be extracted considering
the signal included between the lower pair of singularities.
Finally, the linear acceleration of the segmented movement
is delivered to the movement classification block as shown in
Figure 4.

5. Feature Extraction
The feature extraction is a crucial operation in classification
problems and mainly determines classifier performance. If
the extracted features are characterized by poor class separation attributes, the target classes will not be effectively
distinguished by means of representative features. In the
activity recognition context, the feature extraction procedure
is carried out by many approaches [12–14]. In the present
work, the feature extraction block that is depicted in Figure 6
receives the segmented acceleration signal which refers to
an individual cyclic movement and has to be classified from
the classification routine. The signal undergoes the following
operations: Fast Fourier Transform (FFT) of the segmented
acceleration signal on each axis and extraction of the frequency 𝑓max which corresponds to the maximum value of the
FFT magnitude, as shown in Figure 6. Afterwards, a low-pass
filtering process is performed around the maximum through
an equiripple FIR filter. Table 1 lists the filter parameters. The
considered features in the feature extraction routine are the
energy of both the current and the filtered linear acceleration
signal [24], the mean of the current acceleration, and the
variance of both the current and the filtered signal. We
consider also the correlation coefficients between the current
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acceleration axes and the correlation coefficients between the
filtered acceleration axes.
Finally, we consider the maximum value of the magnitude
of the FFT operation on the current acceleration signal for

𝐸𝑗 = ∑ Lacc (𝑘)2

each axis. The features are summarized and listed in the
following.
Feature Description
F1, F2, F3:

∀𝑘 ∈ to the interval of the segmented acceleration signal; 𝑗 = 𝑥, 𝑦, 𝑧.

𝑘

(4)

F4, F5, F6:
𝐸𝑗-LPF = ∑ LPF (Lacc (𝑘)2 )

∀𝑘 ∈ to the interval of the filtered segmented acceleration signal; 𝑗 = 𝑥, 𝑦, 𝑧;

𝑘

LPF: Low-pass Filtered.

(5)

F7, F8, F9:

mean𝑗 (𝑘)

∀𝑘 ∈ to the interval of the segmented acceleration signal; 𝑗 = 𝑥, 𝑦, 𝑧.

(6)

F10, F11, F12:

∀𝑘 ∈ to the interval of the segmented acceleration signal; 𝑗 = 𝑥, 𝑦, 𝑧.

(7)

∀𝑘 ∈ to the interval of the filtered segmented acceleration signal; 𝑗 = 𝑥, 𝑦, 𝑧.

(8)

var𝑗 (𝑘)

F13, F14, F15:

var𝑗 (𝑘)

F16:

F19:

corr𝑥,𝑦 =

COV𝑥,𝑦
VAR𝑥 (𝑘) ∗ VAR𝑦 (𝑘)

(9)

COV𝑥,𝑦
VAR𝑥 (𝑘) ∗ VAR𝑦 (𝑘)

(12)

∀𝑘 ∈ to the interval of the filtered segmented acceleration signal.

∀𝑘 ∈ to the interval of the segmented acceleration signal.

F20:

F17:
corr𝑧,𝑦 =

COV𝑧,𝑦
VAR𝑧 (𝑘) ∗ VAR𝑦 (𝑘)

(10)

corr𝑧,𝑦 =

COV𝑧,𝑦
VAR𝑧 (𝑘) ∗ VAR𝑦 (𝑘)

(13)

∀𝑘 ∈ to the interval of the filtered segmented acceleration signal.

∀𝑘 ∈ to the the interval of the segmented acceleration signal.

F18:
corr𝑧,𝑥

corr𝑥,𝑦 =

F21:
COV𝑧,𝑥
=
VAR𝑧 (𝑘) ∗ VAR𝑥 (𝑘)

∀𝑘 ∈ to the the interval of the segmented acceleration signal.

(11)

corr𝑧,𝑥 =

COV𝑧,𝑥
VAR𝑧 (𝑘) ∗ VAR𝑥 (𝑘)

∀𝑘 ∈ to the interval of the filtered segmented acceleration signal.

(14)
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Table 1: Parameters of the FIR filter considered in the feature
extraction procedure.
Parameter value
[0 Hz, 𝑓max ]
<2 dB
1.5 Hz
[𝑓Max + 1.5 Hz, 50 Hz]
<40 dB
100 Hz

∀𝑘 ∈ to the interval of the segmented acceleration signal.

∀𝑘 ∈ to the interval of the segmented acceleration signal.

(16)

∀𝑘 ∈ to the interval of the segmented acceleration signal.

20
0
DT

kNN
SVM
Supervised learning algorithms

EL

finally we calculated the average test error over all folds. This
method gives a good estimate of the predictive accuracy of
the final model that has been trained with all the data.

7. Performance Assessment

F24:
max |FFT (𝑧 (𝑘))|

40

(15)

F23:


max FFT (𝑦 (𝑘))

60

Figure 11: Predictive accuracy of the considered supervised learning
classification families: decision tree (DT), Support Vector Machine
(SVM), 𝑘-nearest neighbour (𝑘NN), and Ensemble Learner (EL).

F22:
max |FFT (𝑥 (𝑘))|

80
Accuracy (%)

Filter parameters
Pass band
Passband peak-to-peak ripple
Transition bandwidth
Stop band
Stopband attenuation
Sampling frequency

(17)

6. Classification Algorithms and
Cross Validation
In Section 5 we explained how to extract features from
the target movements in order to discriminate them. In
this section we define a classification algorithm that allows
building up a mathematical model which is able to effectively
map the features to the respective classes.
In the present work, four families of classification algorithms are considered: decision tree (DT), Support Vector
Machine (SVM), 𝑘-nearest neighbour (𝑘NN), and Ensemble
Learner (EL) [2, 14, 15]. For each family we selected three
algorithms with a specific trade-off between computational
load and classification accuracy, as shown in Figure 11.
As in the regression, when dealing with classification, we
may encounter overfitting which is responsible for losing prediction potential of the model. Overfitting may be originated
by a too complex predictive model, that is, when we have
too many features and a relative low number of examples.
Moreover, overfitting also depends on the model structure
with the data shape: the model must have generalization
capabilities.
In order to avoid overfitting and evaluating the predictive
accuracy of the fitted models, we can use the cross validation
approach [13]. In this work, a validation scheme has been
chosen before training any models so that in our session
all the models are compared using the same validation
method. In particular, the 10-fold validation scheme has
been performed by selecting 10 folds in which the data are
partitioned. Afterwards, we trained each single model for
each fold using all data outside the fold. Then, we tested the
performance of each model using the data inside the fold;

In this section the results of the classification algorithms
which are described in Section 6 are reported and evaluated.
The performance assessment of the classification models
takes into account the same cross validation approach for all
the adopted models in order to allow a coherent comparison. Supervised learning field provides various classification
algorithms with different approaches, each of which presents
different characteristics in terms of memory usage, fitting
speed, prediction speed, and predictive accuracy [13].
The DT algorithm produces a classification tree by training examples and separates the classes through splitting down
the tree [24]. It allows a fast prediction, low memory usage,
and medium predictive accuracy.
The SVM is a classification model which tries to find the
hyperplane that maximizes the separation margin between
the training data points of any classes. Depending on the
kernel function, the SVM can effectively separate the training
data [13, 18]: it has a very good predictive accuracy but
low memory usage and fast predictive speed only for a few
support vectors.
The 𝑘NN algorithm tries categorizing new data based on
their distance from neighbours in the training set. It envisages
high memory usage and provides a very good predictive
accuracy and a fast prediction speed only with low feature
space dimension.
Finally, the EL fuses results from weak learners to build
one high-performance classifier [13]. The three considered EL
are boosted trees, subspace 𝑘NN, and subspace discriminant,
all of them with a number of learners equal to 200.
The performance of the classification algorithms is evaluated by the misclassification rate. The accuracy results relative
to the considered supervised learning classification routines
described in Section 6 are shown in Figure 11. The latter
illustrates four groups of bars, each corresponding to a
particular supervised learning classification family: the DT
algorithms involve three different values of maximum split
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Table 2: Confusion matrix of the DT classification algorithm with
a maximum number of splits equals to 100.

Walking
Stairs-up
Stairs-down

Stairs-down
4.3%
6.6%
81.6%

Table 3: Confusion matrix of the SVM classification algorithm with
cubic kernel.
Confusion matrix for Support Vector Machine
Predicted class
True class
Walking
Stairs-up
Stairs-down
Walking
92.8%
6.1%
1%
Stairs-up
5.6%
91.4%
3%
Stairs-down
3.3%
8.3%
88.4%
Table 4: Confusion matrix of the 𝑘NN classification algorithm with
one nearest neighbour.
Confusion matrix for 𝑘-Nearest Neighbour
Predicted class
True class
Walking
Stairs-up
Stairs-down
Walking
94.6%
4.6%
0.7%
Stairs-up
7.7%
89.7%
2.6%
Stairs-down
5.7%
9.9%
84.4%
Table 5: Confusion matrix of the EL classification algorithm with
subspace 𝑘NN method with 200 learners.
Confusion matrix for Ensample Learner
Predicted class
True class
Walking
Stairs-up
Stairs-down
Walking
92.8%
6.0%
1.2%
Stairs-up
8.2%
89.4%
2.4%
Stairs-down
6.1%
9.5%
84.4%

number: 5 (1st bar), 10 (2nd bar), and 100 (3rd bar); the
SVM models refer to a linear kernel (4th bar), quadratic
kernel (5th bar), and cubic kernel (6th bar); the three 𝑘NN
models refer to different number of neighbours: 100 (7th
bar), 10 (8th bar), and 1 (9th bar); finally, the 10th, 11th,
and 12th bar refer to three different EL models with 200
learners: boosted tree, subspace discriminant, and subspace
𝑘NN, respectively. The SVM model has revealed the best
accuracy performance with respect to the other classifiers: in
particular the model with cubic kernel is the most accurate
(6th bar in Figure 11). Also the 𝑘NN model (7th, 8th, and 9th
bar in Figure 11) has obtained very good accuracy results in
classifying the testing movements. For each of the considered
classification algorithm families (DT, SVM, 𝑘NN, and EL),
the confusion matrices of the classifier with better accuracy
are provided, as shown in Tables 2, 3, 4, and 5. The confusion
matrices are provided in order to determine the movements

80
Accuracy (%)

True class

Confusion matrix for decision tree
Predicted class
Walking
Stairs-up
81.3%
14.4%
9.9%
83.5%
7.5%
10.9%
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Figure 12: Comparison between the accuracy of the considered
classification algorithms which rely on the proposed CWT-based
segmentation technique and the accuracy resulting from the segmentation based on the zero-crossing detection approach.

that are the most likely to be mixed up. The results brought
out the downstairs movement that has the highest false
negative rate and it is the one that produces the majority
of the misclassification errors on the other movements. This
is because the singularities which refer to the movement
boundaries in the 𝑧-axis acceleration values recorded during
the walking downstairs activity are less clear with respect to
singularities produced by the other movements.
The classification system performance also depends on
the effectiveness of the movement segmentation algorithm
described in Section 4. The accuracy performance of the considered classification algorithms which rely on the proposed
CWT-based segmentation technique has been compared
with the accuracy resulting from the segmentation based on
a zero-crossing detection approach [16, 18]. Figure 12 shows
that the CWT-based segmentation leads to an improvement
in terms of classification accuracy. In particular, Figure 12
illustrates three groups of bars, each corresponding to a
particular supervised learning classification family: the 1st
group refers to the DT, the 2nd group refers to the SVM, and
the 3rd group refers to 𝑘NN. Each group of bars includes
three subgroups of two bars: the 1st subgroup refers to the
coarse accuracy classifiers (C-), that is, a maximum number
of splits equal to 5 for the DT, 100 neighbours for 𝑘NN,
and linear Kernel for SVM; the 2nd subgroup refers to
the medium accuracy classifiers (M-), that is, a maximum
number of splits equal to 10 for the DT, 10 neighbours for
𝑘NN, and quadratic kernel for the SVM; the 3rd subgroup
refers to the fine accuracy classifiers (F-), that is, one split
for the DT, one neighbour for 𝑘NN, and cubic kernel for
the SVM. CWT refers to the classification algorithm which
relies on the CWT-based segmentation, while ZDT refers to
the classification algorithm which relies on the zero-crossing
detection to segment the acceleration signal.
Moreover, the classification algorithms have been evaluated by considering different overlapping factors of the time
window: 0%, 25%, and 50%. The value of 50% provides the
best accuracy performance, as depicted in Figure 13. The
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the best accuracy performance. The confusion matrices are
provided to evaluate which movements are more likely to be
mixed up. The results brought out the walking downstairs
movement that has the highest false negative rate and it is the
one that produces most of the misclassification errors on the
other movements.

Accuracy (%)

80
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Figure 13: Predictive accuracy of the considered supervised learning classification families computed with different overlapping
factors of the time window: 0%, 25%, and 50%.

latter shows four groups of bars, each referring to a particular
medium accuracy classifier: the DT with a maximum number
of splits equal to 10 (1st, 2nd, and 3rd bar), the SVM with
quadratic kernel (4th, 5th, and 6th bars), 𝑘NN with 10
neighbours (7th, 8th, and 9th bar), and the Ensemble Learner
with subspace discriminant (10th, 11th, and 12th bar).

8. Conclusion
In this paper, a generalized movement classifier for Pedestrian
Dead Reckoning applications has been proposed. In particular, movement segmentation and classification routines have
been performed. The first one allowed effective segmenting of
cyclic movements exploiting Continuous Wavelet Transform
(CWT) operation. The second one carried out a supervised
learning classification technique in order to classify the
segmented movements.
The segmentation procedure has permitted using shorttime analyzing window and identifying individual movements by detecting the signal singularities which characterize
the movement boundaries, thus enabling the classification
procedure to classify single movements and potentially
extending the Pedestrian Dead Reckoning to further activities.
The segmentation block receives acceleration data which
are acquired at 100 Hz sample rate by the sensor integrated
in waist-mounted Samsung Galaxy S4 smartphone. For the
purpose of this work we focused on the activity such as
walking forward and walking downstairs and upstairs, which
are very similar and prone to critical recognition analysis.
The classification system has been described by focusing
on the primary feature extraction and classification blocks.
Furthermore, four supervised learning classification families
have been tested, namely, decision tree (DT), Support Vector
Machine (SVM), 𝑘-nearest neighbour (𝑘NN), and Ensemble
Learner (EL); for each of these families three classification
algorithms have been selected based on the computational
load and the classification accuracy trade-off. Finally, the
accuracy of the considered classification models has been
evaluated, thus showing that the SVM and 𝑘NN have revealed

The authors declare that they have no competing interests.
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Data acquisition and processing are well known for some time. Many applications use powerful hardware to acquire, process, and
visualize signal waveforms. But there are some applications that do not have to perform high resolution signal acquisition and
process large amount of data, for example, low frequency applications of embedded design and applications for remote power grid
monitoring. The paper describes special system for low frequency signal data sample acquisition, processing, and visualization
implemented as a service on Android-based smart device. The service makes smart device functioning as an oscilloscope or
arbitrary waveform generator which is accessible remotely through Bluetooth. The design respects low power consumption
requirements, simplicity, and user friendliness in application design. Application scenario was implemented as wireless data
acquisition system for power grid monitoring.

1. Introduction
Utilization of powerful hardware for signal data acquisition,
processing, and visualization is advantageous only in some
cases. Advancements in silicon industry, especially among
the chip producers, cause still deeper and deeper demand
for effective solutions. Such solutions can provide sufficient performance versus energy consumption ratio. Special
applications, such as those low frequency applications of
embedded systems, ask for these results. It is not effective
to serve higher sampling rates in these cases, since higher
frequencies are accompanied with stronger noise influence.
Also computational claims and power consumptions are
higher when, though reliable, robust systems are employed.
Our aim was to target the field of testing and measurement equipment where present solutions are mostly built
on the high-power, high-performance, high-quality solutions
with high resolutions, which are very universal, but also very
expensive. We tried to investigate solution, which would be
not so robust but could be also very universal providing
sufficient quality and reliability for not so demanding measurements. Such kind of low-cost solution can be distributed
to additional users, so measurement multiplications can be
reached.

Selection of control unit plays the crucial role in the
system architecture specification. Implementation of smart
device, for example, smartphone, tablet, or watch, can serve
the purpose of relatively powerful and reliable technology.
Due to relatively massive spread of such devices among
ordinary people, the financial issues can be neglected.
Present smart devices combine several modules in one
device, sensory, communication, computation, and GUI, so
they are predicted to be employed for different additional
purposes, instead of nowadays traditional usage.
Our system was implemented as a multichannel recorder
in application of an oscilloscope device designed to collect, display, and generate continuous arbitrary waveforms
together with the smart device which serves the purpose of
the visualization unit. Both devices communicate wirelessly
via Bluetooth. This standard allows connecting almost any
modern smart device (smartphone, tablet, laptop, etc.) since
they all already incorporate Bluetooth connectivity. At the
same time, the wireless communication provides galvanic
isolation between the measured system (connected to oscilloscope) and visualization unit, smart device. The advantage
of the wireless connectivity lies also in mobility of the user.
Block schematic of the system in a measurement scheme is
shown in Figure 1.
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Figure 1: Block schematic of the system.

Different systems were already released on the market,
including amateur solutions:
(i) Xminilab [1], a mixed signal oscilloscope based on
ATXmega32 with 2 analog inputs and maximum
sampling frequency 2 Msps.
(ii) Oscillophone [2], a visualization unit for signals ranging from 150 Hz to 15 kHz along with an embedded
signal generator output.
(iii) Xprotolab [3], a mixed signal oscilloscope with arbitrary waveform generator based on ATXmega microcontroller with 8-bit resolution and up to 2 Msps.
Professional solutions [4, 5] are capable of sampling at least
in 100 MHz frequency on each channel. These solutions are
based on FPGA processing units.
Our aim was to target power metering application
domain, where utilization of such system could be beneficial
for more users. Such different attempts were already examined; for example, in [6–10], various wireless indoor power
data acquisition systems were described. Several approaches
and implementation schemes were utilized; however all
mentioned solutions were implemented only as a specific
application. System versatility was missing.
In [11–14], similar solutions to our design were described;
however, they were implemented mostly for educational purposes. Disadvantages and advantages of WPANs utilizations
for the purposes of remote metering were investigated in [15–
19]. Solutions compatible with the true definition of a portable
oscilloscope can be found in [20–22].

2. Technical Implementation
The oscilloscope end device has eight analog differential input
channels (IN1 to IN8) with programmable sensitivity. All
the inputs are routed to the terminals. One analog output
channel for arbitrary waveform generator function is routed
to the terminal connector as well. The communication with
the user visualization device, a smartphone or a tablet, is
implemented using BTM112 Bluetooth module. In order to
save the measured data a MicroSD card slot is implemented
on-board.
Analog part of the device design is powered directly by
a single cell Li-Ion battery with capacity of 680 mAh. This
part consists of preprocessing circuitry made by a network
of miniature, high-precision, low quiescent current operational amplifiers OPA2333. These OPAs can be supplied by
voltage as low as +1.8 V (±0.9 V) and up to +5.5 V (±2.75 V).
Regarding their optimized design for low-voltage, singlesupply operated applications, they represent ideal choice

for oscilloscope design. The network of interface OPA2333
operational amplifiers is connected to the programmable
gain operational amplifier PGA117. This programmable gain
amplifier (PGA) can be set via an SPI interface. It has 10
analog inputs, from which 8 are used as analog inputs and two
are used as reference lines. The scope gain of the PGA can be
programmed from 1- up to 200-fold of the input signal.
The digital part of the design is powered through the
low-dropout, low-power linear regulator TPS71701. The main
element of the digital part as well as the whole oscilloscope device is MSP430F6638 microcontroller. This device
is ultra-low-power microcontroller consisting of several
devices featuring different sets of peripherals targeted for
various applications. The architecture, combined with five
low-power modes, is optimized to achieve extended battery
life in portable measurement applications. MSP430F6638 is
a microcontroller configuration with a high-performance
12-bit analog-to-digital converter (ADC), comparator, two
universal serial communication interfaces (USCI), USB 2.0,
a hardware multiplier, and many more. Since the typical
applications for this device include analog and digital sensor
systems, digital motor control, remote controls, thermostats,
digital timers, and hand-held meters, the selection of this
device for the oscilloscope application was obvious. A block
diagram of the oscilloscope implementation is presented in
Figure 2.
User device parameters of the oscilloscope device are
limited by used electronic components and modules:
(i) Transmission speed between the smart device and the
oscilloscope device is limited to 460.8 kbps.
(ii) Communication distance of Bluetooth class 2 module, BTM112, is limited to 10 m.
(iii) Sampling frequency of the oscilloscope device is up
to 300 ksps (using a single channel having other
channels nonutilized).
(iv) Battery operating time is at least 8 hours in continuous data transmitting mode.
The described technical means allow the device to work in
three basic modes. The user can choose one of the following
operating modes:
(i) 8-channel oscilloscope;
(ii) 1-channel arbitrary waveform generator;
(iii) 1–8-channel data logger of the acquired samples.
It should be noted that the software as well as the hardware
implementation of the proposed device is under continuous
development.
In 8-channel oscilloscope mode (see Figure 3), the device is
capable of displaying four channels at a time. The limitation of
the input signal is affected by the input limits of the interface
network of the operational amplifiers OPA2333. Also the
number of the active channels plays significant role in the
limitation of the input signal (frequency) properties. The key
limitation represents the sampling frequency that is 300 ksps
at maximum setting (single channel utilization). In this mode,
vertical range, amplitude scaling, can be adjusted in the steps
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Figure 2: Block diagram of the oscilloscope device.

Figure 3: Oscilloscope mode screen.

Figure 4: Datalogger mode screen.

of 10 mV per segment. The time axis can be set to change
in 10 ms per segment. Vertical and horizontal cursor can
be enabled as well. Simple functions such as Fast Fourier
Transform of the inspected signal, difference of the measured
signals, and addition of two measured signals can be used by
selecting proper button. Triggering function allows triggering
the measurements on rising or falling edge. All the outputs
can be inspected in real time or can be held steady until user
intervention.
The 1-channel arbitrary waveform generator uses DAC
converter of the main microcontroller MSP430F6638. The
limits of the output voltage range are from 0 V up to AVCC
that equals 3.3 V. Time to change the settings FSR is in range
10–100 𝜇s.

Figure 4 shows the datalogger function. Measured values
are being recorded into the embedded MicroSD card from
the chosen channels 1 to 8. User can select the output file as
well. According to the selected sampling period (frequency)
100 ms up to 4 𝜇s. As the number of channels of the sampled
signals increases, the sampling period decreases with the
number of the selected channels.
Within this mode, the channels designated by letters “A”
to “H” can be enabled for data logging. Resolution of the
sampled values can be chosen from three options—8 bits, 10
bits, and 12 bits. The sampling frequency can be adjusted from
100 Hz up to 300 kHz. Obviously, the similar limitations apply
for the datalogger mode as well as for the oscilloscope mode.
These limitations relate to the capability of the datalogger to
sample the values close to the upper limit 300 kHz only in
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case a single channel is used. The more channels are utilized
for datalogging, the lower the sampling frequency can be.
For example, using all 8 channels, the maximum achievable
sampling frequency per a single channel is 30 Hz.
In testing application scenario, one channel measures the
electric grid voltage on the voltage divider adapted for its
input range. The second channel measures the voltage at
the current transformer “AX-1000” from the manufacturer
“Talema.” Mains conductor passes through the transformer
to the device connected to the outlet adapter. The voltage at the transformer is thus proportional to the current
flowing through the device (current includes also its own
consumption). The maximum operating current which can
microcontroller converter measure is 10 A. The output current flows through the power latching relay “JSL-D5N-K” by
manufacturer “Fujitsu.” The relay is used to control the output
of the two coils, which are activated by a voltage of 5 V. The
maximum power that can load the component part was set
by the manufacturer to 2000 W [23].
Outlet adapter electronics is powered from the switching
power supply from “Myrra” producer. The switching power
supply changes the AC mains to stabilized operating voltage
3.3 V with a maximum current consumption 750 mA. Manufacturer guarantees that average efficiency is 65% for this
switching power supply. We did not observe any malfunctioning during its working. The outlet adapter includes a charge
pump TPS60401 by Texas Instruments. The charge pump is
connected as a voltage inverter and serves as a power supply
for the bistable relay [23].
Changing the voltage using the charge pump is advantageous for this application. The main reason is its high
efficiency and low circuit complexity. Low output current
may seem like a disadvantage because of the higher current
necessary to change the relay status. Usage of the bistable relay
however means that the control current in the coils may not
stay for the conservation of the relay. Its switch requires only
short pulse. Since the relay is the only component that uses a
negative potential, it does not matter if it is this tension that
fluctuates. To switch the relay is sufficient to have a negative
voltage branch of a sufficiently large capacity of which short
pulse will pass [23].
The solution is based on the MSP430F6638 microcontroller that performs the basic processing and communication with the smart device over the Bluetooth communication module. The analog part consists of the network of
OPA2333 operational amplifiers that perform input signal
preprocessing and programmable gain amplifier PGA117
that interfaces the network of the OPA2333 amplifiers with
the microcontroller MSP430F6638. The digital part of the
design is supplied by the low-dropout linear voltage regulator
TPS71701.

3. Use Case in Smart Grid Metering
Oscilloscopes are used to observe the change of an electrical
signal over time, such that voltage and time describe a shape
which is continuously graphed against a calibrated scale. The
observed waveform can be analyzed for such properties as
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amplitude, frequency, rise time, time interval, distortion, and
others. Modern digital instruments may calculate and display
these properties directly [22].
Many applications for data acquisition and processing use
powerful hardware to acquire, process, and visualize signal
waveforms. But there are applications that do not have to
perform high resolution signal acquisition and process large
amount of data, for example, low frequency applications of
embedded design in education and applications for remote
power grid monitoring. This contribution focuses on an idea
of an oscilloscope as an integrated mobile service for remote
power grid monitoring. This requires low frequency signal
data sample acquisition, processing, and visualization on the
smart device. The design of the described solution respects
low power consumption requirements, simplicity, and user
friendly control application design. The idea and core design
of this solution served as a case study background for an
unnamed private company in Slovakia for a portable and
wireless data acquisition system for power grid monitoring
and portable oscilloscope and arbitrary waveform generator
device.
Smart grid metering is one of the recent developments
in the area of electric power systems that aid the use
of nonconventional sources of energy in parallel with the
conventional sources [23].
By realizing the two-way communication between the
utility and the smart meters in the houses, smart grid enables
a time-of-use tariff to reduce peak load through incenting
residents to adopt a more efficient usage of domestic appliances [24–27]. Moreover, this is beneficial for power grid
technicians as well. The proposed solution aims to help to
inspect power grid and electric meters.
The smart device oscilloscope is designed to collect
and display (also generate) continuous arbitrary waveforms.
Wireless communication is performed via Bluetooth module.
This communication technology allows connecting almost
any modern smart device (smartphone, tablet, laptop, etc.)
since all of them incorporate Bluetooth connectivity. At the
same time, the wireless communication provides galvanic
isolation between the measured system and visualization
unit, smart device.
The power grid monitor is a system for energy consumption monitoring in the power grid. It consists of a measuring
device in the form of the (built-in) power grid adapter and
the display device. The task of the power grid adapter is
voltage and current measurement of the power grid. The
measured data are sent wirelessly to visualization device. The
power grid adapter consumes no more than 30 mW during
the measurements. The outlet adapter is able to turn on and
off the output, which allows controlling the remote devices
or whole power grid branches. Moreover, switching can be
automated on the time basis, power consumption, or the
adapter temperature. This feature enables using the power
grid adapter as an electronic fuse as well [21].
Application area of the developed device consists of
remote power grid monitoring, embedded systems education, and measurement education. Core duties are evaluating
congestion and grid stability, monitoring equipment health,
energy theft prevention, and control strategies support.
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Figure 5: Control unit schematic.

Today, also electromagnetic signature measurement/analysis
is important; time-of-use and real-time pricing tools gain
popularity and advanced switches and cables.
The proposed device is suitable for smart buildings.
It enables the power grid service workers to keep better
maintenance, inspection, deviations, and noise in the power
grid. Direct control of the power supply of devices is possible
as well.
The idea and core design served as a case study background for an unnamed private company in Slovakia for
a portable and wireless data acquisition system for power
grid monitoring and portable oscilloscope and arbitrary
waveform generator device.
Power flow control devices, such as the designed power
grid adaptor, clamp onto existing transmission lines to
control the flow of power within. Transmission lines enabled
with such devices support greater use of (not only renewable)
energy by providing more consistent, real-time control over
how that energy is routed within the grid. This technology
enables the grid to more effectively distribute the energy and
possibly store intermittent energy from renewables for later
use. Particular system schematics are shown in Figures 5 and
6.

4. Conclusion
The paper described a system of mobile oscilloscope which
consists of several modules. The sensory device is used for
analog data acquisition, the oscilloscope device for data
processing, and the mobile device for data visualization of
continuous waveforms. Wireless communication was implemented through Bluetooth standard. The wireless communication provides galvanic isolation between the measured
system and visualization smart device. Simplicity of the
design and ultra-low-power requirements are the key features
of the system. The utilization of the proposed device can
be found in diagnosis such as devices and systems that
require isolation of the measurement device and visualization
unit. The proposed device can be characterized by simple
visualization layout, simple maintenance, low cost, and low
power.
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A new routing algorithm for mobile ad hoc networks is proposed in this paper: an Enhanced Hybrid Social Based Routing (HSBR)
algorithm for MANET-DTN as optimal solution for well-connected multihop mobile networks (MANET) and/or worse connected
MANET with small density of the nodes and/or due to mobility fragmented MANET into two or more subnetworks or islands.
This proposed HSBR algorithm is fully decentralized combining main features of both Dynamic Source Routing (DSR) and Social
Based Opportunistic Routing (SBOR) algorithms. The proposed scheme is simulated and evaluated by replaying real life traces
which exhibit this highly dynamic topology. Evaluation of new proposed HSBR algorithm was made by comparison with DSR and
SBOR. All methods were simulated with different levels of velocity. The results show that HSBR has the highest success of packet
delivery, but with higher delay in comparison with DSR, and much lower in comparison with SBOR. Simulation results indicate that
HSBR approach can be applicable in networks, where MANET or DTN solutions are separately useless or ineffective. This method
provides delivery of the message in every possible situation in areas without infrastructure and can be used as backup method for
disaster situation when infrastructure is destroyed.

1. Introduction
Transport of data through mobile ad hoc network (MANET)
[1] is possible thanks to routing protocols, such as proactive, reactive, or their combination [2]. When the mobile
nodes have high mobility and/or the network is very sparse,
MANET can be fragmented on many subnetworks (islands).
It is impossible to find END-TO-END connection (path
between source, S, and destination, D) or maintenance of
this path during overall relation. Using of standard MANET
routing protocol became ineffective or impossible in those
situations [3]. However, mobility of nodes represents a big
advantage in cases when the data are transported through a
MANET controlled by Opportunistic Routing protocols. On
the other site, data delivery delay is increasing. This type of
the network is called Delay-Tolerant Network (DTN) [4, 5].
Due to mobility of nodes and/or its sparse deployment,
the network may split to two or more islands with relatively
stable connectivity inside them. It would be appropriate to use
standard MANET routing inside the islands and opportunistic routing between islands. This solution promises significant

improvements in cases where END-TO-END connection
between S and D is aborted during message sending and it is
not possible to find alternative path in maintenance process.
In the standard MANET, the overall message sending must
be repeated after next successful finding of new path between
S and D. However, MANET routing protocol can be still
locally successful in partial path inside island even if it fails
globally (END-TO-END between S and D). The last node on
partial path in island may act as virtual source VS for the
rest of unsent messages or virtual destination for undelivered
messages or part of message [3, 6].
In this paper our hybrid algorithm is proposed combining
routing techniques, both traditional MANET and DTN
approaches, exploiting their advantages. This proposal uses
DSR paths [7] at first or opportunistic sending based on social
relation between nodes [8–11] for data transmission. In the
case when DSR path is destroyed, VS is used on partial path
so as to bring it closer to destination.
The paper is organised as follows. In Section 2 are
described situations, when MANET is splitting to subnetworks or islands due to mobility and velocity influence. Next,
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MANET and DTN are compared and two cases of communication (END-TO-END and device-to device) are analysed.
Section 3 described needed modifications of standard DSR
algorithm. Section 4 briefly explains the social based DTN.
Section 5 described our proposal of Hybrid Social Based
Routing (HSBR) algorithm. Section 6 describes simulation of
proposed HSBR algorithm and main results are analysed and
compared with Social Based Opportunistic Routing (SBOR)
and Dynamic Source Routing (DSR) algorithms.

2. Problem Definition
2.1. Overview. The main topic of this paper is a creation
of routing protocol which combines advantages of MANET
[1, 12] and DTN [4, 5] solutions. DEVICE-TO-DEVICE
approach, carrying of message, and selection of next hop
node [3, 6, 13–16] can be the answer for the delivery of
messages between source and destination in network without
infrastructure, with or without END-TO-END connectivity
with minimum of overhead.
In MANET the following situations may occur.
Network with END-TO-END Connection (Figure 1). There is a
possibility to find and to maintain the path and to send the
data from S to D. The basic MANET routing protocols [12]
can be used for this situation.
Network without END-TO-END Connection (Figure 2). The
deployment of the mobile nodes in MANET is very sparse
or consists of two or more subnetworks (islands) without

connection between them where S and D nodes are from
different islands. It is impossible to find path between S and
D with obvious MANET routing. In these situations, it is
possible to use opportunistic sending of the message. The
DTN routing approaches can be used [17].
Network with Lost Connection (Figure 3). The network topology is often changing because of the high mobility of mobile
nodes. It is possible to find the path between S and D
nodes, but it is not possible to maintain it during overall
communication and connection can be lost between S and D.
The MANET is fragmented into two or more subnetworks or
islands. Number of these islands and number of nodes which
create these islands are changing in time. In such a situation it
should be useful to send complete message (all packets) from
source node to the last node which lost connection with the
next hop on the path to the destination. This path from source
to last node is called partial path. For example, the last node 4
in Figure 3 belongs to actual island. This node can act now as
virtual source, VS , and as first step it attempts to find path to
destination with basic MANET routing. If first attempt is not
successful then it follows second attempt to send message in
opportunistic manner by DTN routing approaches [14, 15].
2.2. Comparison of MANET and DTN . MANET and DTN
routing methods can be used for transfer between nodes in
network without infrastructure, which are not in direct radio
range. MANET and DTN are different from each other [18].
Transmission Methods for MANET and DTN. As shown in
Figure 4, MANET establishes END-TO-END path between
nodes and transmits messages to the destination directly
along this path. If the message does not reach the destination,
the source attempts to perform retransmission. Thus, when
the path is stable, the number of retransmissions is small.
However, with the increasing of hop count between S and
D, the path tends to become unstable due to the frequent
disconnection of path caused by the movements of intermediate nodes. In this situation, the S node has to retransmit the
message many times.
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Therefore, in MANET, the number of transmissions 𝐸MANET
is expressed in
D

𝐸MANET =

1
.
𝑃

(3)

In DTN, the source node sends a message by using
DEVICE-TO-DEVICE transmissions as shown in Figure 5.
The expected number of transmissions in DTN, 𝐸DTN , is
expressed in [18]

Transmission direction
Wireless link

Figure 5: DTN transfer of message.
𝑁−1

𝐸DTN = ∑
On the other hand, in DTN, the nodes forward a message
in a DEVICE-TO-DEVICE manner from the S to the D as
shown in Figure 5. Each node stores the messages in its
storage during each transmission. As a result, the effect of
the hop count in DTN is less than that in MANET because
transmissions are independent of each other [18].
Depending on the hop count and the stability of the paths,
the two transmission methods show different performances.
In order to make a comparison, we consider a simple network
model as shown in Figure 6. In this model, the nodes line
up and each node is in the radio range of its left and right
neighbours. Additionally, we define the transmission success
probability between the node 𝑖 and node (𝑖 + 1) as 𝑝𝑖 , where
𝑝𝑖 can be any value in the range from 0 to 1. In practice, this
parameter is a function of node density, mobility, and so on.
At first, we consider a one-hop transmission. In the
situation that the node 𝑛𝑖 tries to send a message to the
node 𝑛𝑖 + 1, node 𝑛𝑖 continues to retransmit until the
transmission becomes successful. As the decreasing of the
value of 𝑝𝑖 , the number of retransmissions becomes bigger.
The expected number of transmissions required to have the
success of transmission represents value 𝐸 in (1). In a onehop transmission, there is no difference between MANET
and DTN in terms of the value of 𝐸:
∞

𝑘−1

𝐸 = ∑ 𝑘 (1 − 𝑝𝑖 )
𝑘=1

1
= .
𝑝𝑖

(1)

Secondly, we consider a multihop transmission in Figure 6.
In this situation, node 𝑛1 tries to send a message to node
𝑛𝑁. In MANET, the source node sends a message by using
END-TO-END paths, and thus, the transmission success
probability 𝑃 on this path is calculated in (2), where 𝑁 is the
number of nodes:
𝑁−1

𝑃 = ∏ 𝑝𝑖 .
𝑖=1

(2)

𝑖=1

1
.
𝑝𝑖

(4)

The difference 𝐷(ℎ) between 𝐸MANET and 𝐸DTN in the
ℎ hops transmission is expressed in (5), where ℎ is the hop
count between the source and the destination:
𝐷 (ℎ) = 𝐸DTN − 𝐸MANET =

ℎ
1 ℎ
−( ) .
𝑝
𝑝

(5)

If the value of 𝐷(ℎ) is positive, MANET can provide
connection more effectively than DTN in terms of the lower
number of transmissions. Additionally, 𝐷(ℎ) has a maximum
value with a certain hop count because 𝐷(ℎ) is the convex
function.
Therefore, it is possible to determine a more effective
transmission method, END-TO-END (MANET) or
DEVICE-TO-DEVICE (DTN), based on the calculation
of maximum hop count. This maximum hop count
ℎmax is calculated by expression (6), where the value of
ln(𝑝 ln(1/𝑝))/ ln 𝑝 is equal to the maximum value of ℎ, and
in the right side of this equation, the maximum value of ℎ
is rounded off because the hop count has to be the integer
value:
ℎmax = [

ln (𝑝 ln (1/𝑝))
].
ln 𝑝

(6)

Based on the result of ℎmax it is possible to select
transmission method from both possibilities (END-TO-END
or DEVICE-TO-DEVICE) [18].

3. Modification of DSR Algorithm
In this section, a new modification of DSR algorithm (MDSR) is introduced, which should solve a situation when
connection between S and D is lost and it is impossible to
maintain the connection in the basic manner.
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3.1. Dynamic Source Routing (DSR). M-DSR arises from
standard DSR protocol based on RFC 4728 [7], which is
simple and efficient, on-demand routing protocol designed
for usage in multihop wireless ad hoc networks. DSR allows
the network to be completely self-organisable and selfconfigurable. The protocol is composed of two main mechanisms of “Route Discovery” and “Route Maintenance,” which
allow discovering path from S to D and retaining connection
between them during overall communication [7, 19].
3.2. Modified Dynamic Source Routing (M-DSR). Modification of DSR implies the following:
(i) Route request (RREQ) is extended about the destination’s additional message (social based internode
relation information).
(ii) Probabilities of message delivery are calculated based
on user profile table (explained later).
(iii) Detection and usage of the last node (in connection
with S) on disconnected path as virtual source (VS ).
(iv) Route maintenance process is changed due to sending
data to the last node on the partial path, to VS .
Two main mechanisms, which are used in standard DSR,
must be adapted for the feature usage in HSBR. Proposed
modification is as follows [7]:
(i) Route Discovery. S sends route request packet (RREQ)
to all neighbour nodes. These nodes send RREQ to
their neighbours, and so forth, until D is found. RREQ
packet stores and carries the nodes’ ID through which
the RREQ is sent. If the finding is successful, the
destination node sends route replay (RREP) packet
back to S by stored nodes’ ID. When the RREP arrives
to S, then the path is established and S can use this
path for sending the data packets. Modification of
DSR especially RREQ packet includes specific additional message about destination to RREQ packet.
This additional message can be represented as social
relation [10, 11] between S and D and it can be
used for maintenance of next communication (will
be explained later). Kind as well as type of specific
message is varied and depends on method for selection of next hop node with the highest probability
connection with destination (number of all neighbour
nodes in range).
(ii) Route Maintenance. It is responsible for finding alternative path in such a situation when an actual used
path is interrupted during sending of packets. This
process utilizes backup path or paths, which is found
during Route Discovery. If some of the nodes detect
failed link, then it will send Route Error (RERR)
message to S, which tries to use alternative path
selected from route cash if it exists. If alternative path
does not exist, standard maintenance process will
be stopped and sending of packets is cancelled, so
the transfer is unsuccessful. This modification of this
process utilizes knowledge about losing of connection

between a couple of neighbors on the path from S
to D (basically RERR). The process of the packet
sending does not stop. The rest of the packets are
sent like preferred message from S to last node in the
disconnected and partial path, which is detected in
maintenance process. This node becomes the virtual
source VS .

4. SBOR Algorithm
The main and typical considerations of DTN are sparse and
intermitted connected network consisting of mobile devices.
Routing algorithms there can be used for disconnected
networks and communication between islands and networks
with high mobility too [5].
It is impossible to create an END-TO-END path between
S and D in those cases. Therefore, sending of data from S to
next node towards D is provided by DEVICE-TO-DEVICE
transfer. Sending can be provided based on many criterions
and different methods. Repeating sending or carrying will
deliver the message to destination or closer to destination.
One of the possible ways for how to transfer data in DTN
is usage of Social Based Opportunistic Routing (SBOR). This
method can assume a flooding based routing [4] for sending
“extended RREQ (E-RREQ) packet” and direct transfer of
single copy forwarding based schema for sending of data.
The selection of the next hop neighbour from potential nodes
is provided by probability of delivery. This probability is
calculated using message from E-RREQ packet. That message
is about social relation and behaviour about D [8–11, 17].
Every node, which receives an E-RREQ for SBOR, calculates
a probability of delivery and sends modified RREP for SBOR
with calculated probability of delivery from E-RREQ. The
source node receives probabilities from all neighbours and
chooses the next hop node with best probability to send all
data packets. This next hop will become new virtual source
(VS ) of communication. New VS tries to send data to another
next node with suitable probability with a similar manner.
If no neighbours of S/VS are in radio range or the node
already had the data or the nodes have unfit probability, then
the node, which has the message, will store and carry this
message, as long as it will be the better opportunity to relay
the message. This process is repeated till the message arrives
to destination node.
Many other possibilities can be used for providing transfer of data through network. Their idea can work based on
flooding or control flooding transfer. Other selections of the
best candidate can be based on calculation of probability
of delivery by social message or history of contacts among
nodes.

5. Proposal of Hybrid Social Based Routing
(HSBR) Algorithm
5.1. Integration of Social Based Internode Relation Message to
HSBR. Our proposal of Hybrid Social Based Routing (HSBR)
protocol considers that every mobile device/node is owned by
a particular person. It is assumed that the S has message about
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Table 1: Example of common set of entries for extension of RREQ.

Number
0
1
2
..
.
15

Common set of entries
Entry
ID
Surname
Street (home)
..
.
Tram (number of links)

2

7

5

Island_2

𝐸
0
1
2
..
.

Weight (𝑊)
1111
1000
1101
..
.

𝐹

110

9
S

D
3

VS -4

1

10 Island_3

6

Initial path: S, 1, 3, 6, 4, 10, 9, D
Island_1

D (owner’s message about node D). This message can be
obtained as follows: (1) adding contact’s message to address
book in mobile device and/or (2) exchanging personal profile
between S and D at the first or later contact and/or (3)
synchronizing and actualizing personal profile between S and
D at every meeting.
We defined an idea that relationship among nodes is
calculated based on nodes profiles. Social relations are integrated to HSBR by defined node profiles. But there are many
other possible methods for how to determine a probability of
delivery. For example, it can be based on number of contacts,
social relations, history of meeting, and so forth or by the
combination of those methods [20].

8

Existing part of path
Failed part of path

Partial path: S, 1, 3, 6, 4
Node 4: last node on the partial
path, new virtual source
Island

Figure 7: Detection and application of the last node.

Personal (Private) Profile (PP). It is an obligatory profile in
every device and all entries are necessary to be filled. These
entries are filled by the owner of the device, so this profile
represents the device and its owner.

5.2. Detection and Usage of the Last Node. Usable path is
monitored during the time of sending the data as process of
route maintenance. This process is remodelled and described
in modified DSR. In the case when no usable backup paths
exist, S knows which node sent RERR and will send the rest
of the data like priority task.
In Figure 7 is shown a lost connection between nodes
and determination of last node on the partial path. It can
be noticed that one node on the path lost radio link with
its neighbour, which is the next hop on the initial path.
Process of route maintenance will crash and the node 4, which
determines losing of connection with neighbour node 10, will
send RERR to S by partial path (4, 6, 3, 1, S).
Node 4 is the last node on the partial path and will
become a new VS or S and as first step attempts to find
path to destination with modified DSR. If first attempt is not
successful it follows second attempting to send message in
opportunistic manner with DTN routing.

Contact Profile of Node (CP). It is common set of entries about
people, which the owner of device knows. CP consists of
partial or full message, which owner has in its address book
about node. One CP belongs to one contact in address book.
This CP of one node is perceived as additional message in
E-RREQ used by path finding. Contact profile completes its
owner using obligatory entries (unique identifier of the device
and name of the person) or other optional entries (address
where the person lives and works, how the person travels to
work and home, where the person spends free time, and so
forth).
Every node has one private (personal) profile and many
contacts profiles (address book). Every value and number of
entries in personal profile and contact profile is changed to
string of characters with same length using hash mechanism
MD5. Hash mechanism creates 128-bit length string of
hexadecimal symbols of the hash functions from every row in
personal and contact profile. These are called personal hash
functions and contact hash functions. These hash functions
are better for allocation of bits in the heather of RREQ, in
comparison with other nodes and secure transfer [20, 21].

5.3. A Description of Enhanced Hybrid Social Based Routing
(HSBR) Algorithm. Hybrid Social Based Routing (HSBR)
algorithm is optimal solution for well-connected networks or
sparse network. From those cases we will be able to create
network with sparsely or densely distributed mobile nodes
with or without high mobility, with intermitted connection
among nodes. The connections between couples S and D can
be created with or without END-TO-END paths. Occurring
networks can be divided into two or more islands (subnetworks) [15].
HSBR algorithm (see Algorithm 1) establishes delivery of
message from S or VS to D when standard MANET routing
protocols fail or they are impossible to use. HSBR has an
opportunity to deliver the message to D such as (i) using
only modified DSR, when the path between S and D is
founded and maintained, (ii) the message being gradually
brought closer to destination node using the last node on
disconnected path, when the path is found, but the topology is
changed, process of maintenance will be crashed, or the wellconnected island will be divided into two or more islands, and
(iii) sending data to neighbour node with highest probability

Nodes Profiles. The approach of social relation is considered in
described proposal. For this purpose personal (private) profile
of node and contact profile of node are used, which the device
has in its address book. Both types of profiles have the same
entries (Table 1), where entry represents string or number. 𝐸
defines sequence of entry and 𝑊 represents priority of entry.
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(1) Assumption 1: Personal profile (PP) and Contacts profiles (CP) exist in every device. PP is filled by owner of device and CP can
be filled by owner or retrieved from other nodes/mobile devices.
(2) Assumption 2: Personal profile composes from created set of entries with the associated weight for each row.
(3) Assumption 3: Plain text of entries is transformed using hash mechanism MD5 to unique Hash function for every string in
the PP and CP.
(4) Assumption 4: Every node is located in specified area. Source (S) node 9 wants to transfer a message to Destination (D) 5 based
on proposed Hybrid MANET DTN routing. Social information is added to RREQ packet with message about D, which owns S.
Every node, which receives extended RREQ with additional message, will calculate a probability of delivery.
(5) Initialization: Extended RREQ, PP and CP are used. Created set of entries are compared based on extended RREQ and PP
(6) S sends Extended RREQ for DTN routing to neighbour nodes
(7) While The message does not arrive to the destination, time or number of hops will be not spend, do
(8) -S or VS attempts to find destination using Modified DSR (M-DSR) routing algorithm at first.
(9) If M-DSR crashed, do
If Usable paths are found based on M-DSR, do
(i) Process of maintenance is used, when it is possible, in the manner, that the backup paths exist.
(ii) In the case, when no backup paths exist, S tries to use partial paths.
(iii) New source (VS ) is set and rest of data are sent to it, by partial path.
(iv) Source is perceived as a new source or virtual source (VS ) of communication and the process of HSBR starts again
from Source.
(10)
Elseif Usable paths are not found based on M-DSR, do
(i) S selects the node with highest probability of delivery from neighbour nodes, based on DTN routing algorithm.
(ii) After this process S, as VS , can be selected or the message is stored and carried in the storage of actual node till
a better situation arises in the network.
(iii) When the new source is selected, than the process of Hybrid MANET DTN routing starts again from VS
End
(11) Elseif M-DSR is not crashed, do
The transfer can be completed successfully.
End
Algorithm 1: New proposal of HSBR algorithm.

based on proposed DTN routing, when the network is sparse
and no path exists between S and D.
Proposal of HSBR algorithm works based on modified
DSR protocol (see Section 3.2) and SBOR algorithm (see
Section 4).
5.4. Communication and Routing for HSBR. Every communication starts from source node S using M-DSR by finding
of path, when E-RREQ is sent with additional message about
D. Based on RREP packet, which is expected in S, the path
between S and D is or is not known.
Based on result of M-DSR the following situations are
expected:
(i) RREP is returned to S. Connection during communication is not interrupted or communication is maintained by standard reactive meaning. Subsequently,
the message will be successfully delivered to the
destination only by M-DSR.
(ii) RREP is returned and during communication the
connection is interrupted, modified DSR with maintenance fails, two or more islands arise, and maintenance mechanism sends all data to the last node
on the partial path. The choice of the last node is
described in Section 5.2.
(iii) RREP is not returned, so the path does not exist; only
proposed SBOR can be used, because the destination

node is in another island. Next hop is chosen by
source node based on highest probability or second
highest probability, when the node with highest probability is used during the same communication. This
node will become virtual source of message. If no
node from neighbours is usable based on probability
of delivery, then the rest of the message remains in the
node, which will be perceived as a VS and process of
HSBR will start again from new VS .

6. Simulations and Results
Proposal of HSBR is simulated and verified in software
Matlab together with two other types of routing protocols:
HSBR, DSR protocol based on RFC 4728, and SBOR based
on social relation between nodes and probability of delivery.
Set of variable’s values for our simulations can be seen
in Table 2. Simulations are oriented on comparison of three
routing protocols, which are usable in MANET environment.
In the simulations are observed some main results as success
of transfers, success of packets delivery, delay of successful
transfer, and, in addition, other analyses of simulated routing
methods.
We want to transfer the message from S to D, which
is not in the same network, because the start topology of
mobile nodes consisted of 4 subnetworks without END-TOEND paths between S and D. The S is represented by node 9,
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Figure 8: Example of mobile nodes deployment in initial time (time slot 0) and after some time period (time slot 5) for velocity 1.4 m/s.

Table 2: Set values of variables for simulations.
Variable
Area [m]
Number of nodes
Radio range [m]
Number of transmitted messages
Limited number of attempts to send
the message
Number of simulations repetitions
Velocity
(i) Slow walking
(ii) Fast walking
(iii) Running/cycling
(iv) Driving in a city
(v) Driving out of a city

Value
1000 × 1000
100
130
5
200
100
1.4 m/s
2.8 m/s
5.6 m/s
11.2 m/s
22.4 m/s

which is in Figure 8 in the circle, and the destination node is
represented by node 5, which is in Figure 8 in the diamond.
All lines represent radio range connections between nodes.
Figure 8 represents this same network in another time
where the nodes are moving from start positions to other
positions by influence of mobility. The delivery of message is
provided by M-DSR finding path or using partial path and
opportunistic jumping or carrying, depending on routing
method.
6.1. Mobility Model. Positions of 100 nodes are located and
generated in area of 1000 × 1000 m. The movement of mobile

nodes is created by random mobility model with different
level of velocity. One possibility of deployment of mobile
nodes is shown in Figure 8. This figure represents simulation
in zero and fifth time slots. Based on this deployment four
islands of connectivity are created, which are changed during
the time. S and D nodes are selected from different islands in
time slot 0 (Figure 8). The same start topology of the network
from time slot 0 (Figure 8) is used for every beginning of
simulations.
The new position is created from previous position for
every node in the network in every time slot, whose duration
is 15 second. The movement of mobile nodes is depending on
mobility model. Our simulation keeps position from every
15th second (one time slot), when deployment of nodes and
communication links among nodes is displayed based on
radio range. S/VS tries to use given topology for sending data
to destination or closer to the destination by selecting new
VS . It can find paths or try to use existing paths.
6.2. Messaging for Simulated Protocols
HSBR Algorithm. In every 15 sec time period, one message or
some number of packets (one message should be represented
by one or more packets) is sent to destination or closer to
destination. When sending of the message is not possible for
a different reason, the actual node with message or the rest of
the message carries it to the next time slot.
DSR. In every 15 sec time period, one packet of messages is
sent by the actual or backup path. When the S and D are in
different islands, the transfer is provided only by maintenance
process.

6.3. Success of Transfers. The main result of this simulation is
evaluation of HSBR, SBOR, and DSR protocol by three types
of transfers (Complete, Partial, and Null) (Figure 9).
Complete transfer represents number of simulations, in
which complete message is transferred to destination node.
Partial transfer represents number of simulations, in
which not complete message is transferred to destination
node (only some of the packets). It means that the transfers
in given simulations are partially successful. Theoretically,
longer simulation time can provide delivery of packets from
partial transfer.
Null transfer represents number of simulations, in which
the path between source and destination is never created
or source (virtual source) never met with destination. Zero
packets of messages are delivered to destination node.
One of most important results for transfer of message
is delivering of full message to destination node. We show
evolution of transfer for all created simulation in our research.
Figure 9 shows Complete, Partial, and Null type of transfer for
HSBR, SBOR, and DSR method depending on velocity.
First set of bars, Complete, represents number of simulations, which finished as successful, and full message is
transmitted. Five bars represent five levels of velocity. It has
decreased tendency for HSBR due to increasing velocity.
HSBR reaches the highest number of successful simulations.
DSR reaches very low number of successful transfers, because
source and destination are in different subnetworks at the
start of simulation and only process of maintenance provided
searching of paths.
Second set of bars, Partial, shows number of simulations,
which finished only by some delivered packets for 5 levels of
velocities. In this case, only a few packets from all required
packets are delivered. In these results it is possible to get
full message to destination by HSBR algorithm by more
time slots. DSR cannot reach better result, because source
and destination are in different subnetworks at the start of
simulations. SBOR never reaches partial transfer, because it
is opportunistic routing method. Full message is transmitted
by every contact with other device. The result with minimum
of partial transfer is perceived as the best.
Third set of bars, Null, represents the result of number of
simulations for five levels of velocity, which finished by error
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Complete
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Transfer success
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SBOR. In every 15 sec time period, full message is sent
to neighbour or is carried by actual node. This process is
repeated till the message reaches the D.
We limited the number of attempts (NOA) for every simulation. The number of attempts means how many attempts
can be used for communication, because every attempt
represents time period in which it is possible to send data
to destination or to next node which is closer to destination.
On the other hand, when this limitation is perceived as
time limitation which can be reached during transfer, the
maximum delay for our simulation is 3000 sec due to taking
of time period or time slot 15 sec. NOA has direct impact on
success of delivery, because more attempts or longer time can
provide better success of delivery for simulations.
Every simulation of each routing protocol is repeated 100
times. It is applied for every level of velocity.
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Figure 9: Transfer success for HSBR, SBOR, and DSR represented
by Complete, Partial, and Null transfer in simulations depending on
velocity.

or without possibility to transfer message or some packets
to destination node by path, partial path, or meeting. HSBR
reaches the best result, because number of simulations is
lowest for every velocity.
6.4. Success of Packets Delivery and Average Delay. The
next simulations are focused on delay of only successful
delivered messages from source to destination. Delay in these
cases means how long is the message transferred through
network, until the message reaches the destination node. It is
depending on used routing method and velocity level. Shown
results (Figure 10) of delay are displayed together with success
of delivery.
Average delay for successful delivering of message is
increasing for HSBR due to velocity. For low velocity where
success is almost 100%, the average delay for successful
delivering is the lowest.
On the other hand, for the same scenario and velocity, but
other routing method, SBOR is much higher, because by low
velocity message is transmitted through network slower.
Finally, from Figure 10 it is perceived that the delay
is lowest for DSR protocol. The result, which is shown,
represents only successful deliveries and DSR has very low
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Figure 10: Success of delivery and average delay (only successful
deliveries) for Hybrid Social Based Routing, Social Based Opportunistic Routing, and DSR protocol.

Figure 11: Success of delivery, average number of attempts (NOA)
with standard deviation for Hybrid Social Based Routing, Social
Based Opportunistic Routing, and DSR protocol.

number of successful deliveries, because the network was
dividing, dynamically changing, and with high velocity of
mobile devices. For that reason, DSR receives the lowest delay,
but on the other hand DSR does not have suitable success,
what is more important.
For the hybrid network, which can be sparse or dense,
with low or high velocity, and in addition can be created from
one or many subnetworks, some delay is allowed, because
the main reason of this network is successful transfer. Our
proposal had good success with suitable delay.

Standard deviation shows differences in quantity of NOA for
this simulation due to mobility model.
Left axes together with bar graphs in Figure 11 represent
average success of delivery for Hybrid Social Based Routing
(HSBR), Social Based Routing (SBOR), and Dynamic Source
Routing (DSR). Right axis together with green line represents
average number of attempts for successful deliveries for all
three methods. The last parameter in Figure 11 is standard
deviation (7) for number of attempts, where 𝑁 represents
number of success transfers of message to D, 𝑥𝑖 represents
NOA for 𝑖 simulation, and 𝑥 represents average value of NOA
for given velocity. All routing methods are simulated for 5
levels of velocity:

6.5. Success of Delivery and Number of Attempts. The main
result of this simulation is identification of differences among
routing protocols and determining which routing protocol
is the best solution for successful delivery of packets from
S to D for disconnected MANET due to velocity. Those
results of simulations are displayed together with the average
number of attempts to deliver packets to destination and with
standard deviation of NOA.
One of the main results, success of delivery, is represented
by percentage of received packets and all packets necessary
to be sent during all simulations. The other result, average
number of attempts with standard deviation, shows how
many attempts are needed to reach given success of delivery.

𝜎=√

1 𝑁
2
∑ (𝑥 − 𝑥) .
𝑁 𝑖=1 𝑖

(7)

The highest success of delivery is reached by HSBR algorithm with decreased tendency due to increased velocity. Low
average number of attempts for successful deliveries is for
slow movement, 4.2 m/s with the lowest standard deviation
of number of attempts. NOA and standard deviation have
increasing tendency for higher velocities. Standard deviation
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6.6. Analyses of HSBR
Average Number of Maintenance of Communication by Paths
and Partial Paths in HSBR. The main idea of result, process
of maintenance for HSBR, is focused on average number of
attempts needed to keep communication by HSBR algorithm
for five levels of velocity. The limitation of duration in terms
of allowed number of attempts for simulation is changed and
continually extended from 5 to 200 by the step 5 attempts.
It is possible to observe in Figure 12 that average number of
maintenance is growing up from 5 to 60 allowed numbers of
attempts for simulations radically and softly later. It is mostly
for velocities 1.4–5.6 m/s.
This result represents a possibility of network to keep
communication and transfer packets by founded paths.
When average number of maintenance is low, it means that
transfer is provided by DTN transfer mostly. For example, this
situation can be observed by velocity 22.4 m/s.
Average Number of Opportunistic Transfers in HSBR. The
result shown in Figure 13 represents average number of
DTN transfers for HSBR depending on allowed number
of attempts from 5 to 200 with the step 5 attempts for
five levels of velocity. Higher velocity has direct impact on
number of DTN transfers, because the network is divided
and changed due to movement. Number of DTN transfers
represents transfer of message from device to device based
on probability of delivery or carrying the message through
network by some device until the destination is found or the
time of simulation expires.
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Figure 12: Average number of maintenance process for proposed
HSBR algorithm by paths between source/virtual source and destination.
200

Average number of DTN transfer
during communication

reaches higher values for different velocities, because simulation’s movements are different from each other due to mobile
nodes’ random movement.
On the other hand, SBOR gets lower success for lower
velocities with comparison with HSBR. We get similar success
for higher velocities for SBOR and HSBR, but with different
average number of attempts. SBOR has much higher NOA
compared with HABR for the velocity 1.4 m/s and standard
deviation is higher too.
Finally, after comparison of hybrid, opportunistic, and
MANET solution with the same mobile environment, it is
possible to write that MANET protocol DSR is not suitable.
This is because of selection of S and D from different
subnetworks. In our case, when S and D occur in different
subnetworks at the start of simulation, we get very low success
of delivery in cases, when SBOR, especially HSBR, reaches
much higher results. This success of delivery is decreasing
due to velocity. We can see the average values of NOA for
successful deliveries are almost the same and the values of the
success are multiply higher in comparison with HSBR. The
higher velocities cause that the average values of NOA for the
successful DSR transfers become the lowest in comparison
with other methods. On the other hand, if there is only one
successful transfer from 100 transfers, the DSR has the lowest
values of the NOA. Based on the results, we can conclude that
the DSR has the low values of NOA taking into account the
success of delivery, but it is unusable for hybrid networks and
higher velocity levels.
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Figure 13: Average number of opportunistic transfers depending on
allowed number of attempts for five levels of velocity.

The slowest movement reaches lower values of DTN
transfer due to founding and maintaining paths between
source and virtual source to destination node.
6.7. Success of Delivery Depending on Allowed Number of
Attempts for HSBR and SBOR. We want to show impact of
allowed number of attempts to success of delivery for HSBR
and SBOR algorithm in Figures 14 and 15. Allowed number
of attempts is continually increased from 5 to 200 attempts
with the step 5 attempts. Success of delivery is inversing due to
increasing number of attempts, because number of attempts
has direct impact on allowed time of delivery.
Longer time of delivery can influence success of delivery
in positive form. Simulations with slower movement have
lower success of delivery for increasing number of attempts

Success of delivery (%)
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Figure 14: Success of delivery for HSBR depending on permitted
number of attempts to communicate for 5 speed limits.
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Figure 15: Success of delivery for SBOR, depending on allowed
number of attempts for five levels of velocity.

as faster velocities, especially for the velocity level 11.2 m/s
for SBOR. On the other hand, HSBR reaches highest success
of delivery for lowest velocity level depending on allowed
number of attempts.

The optimal routing protocol can be chosen after analyses
of the results. Not all routing methods, which are presented,
can be used for all velocities in such MANET environment.
Our simulated MANET environment is created by mobile
devices with different level of velocity for different type of
simulations. The network can be sparse and dense, consisting
of one and more subnetworks or islands. These islands are
sequentially connected, disconnected, and reorganized due to
mobility during simulations. We use three routing methods in
this difficult and divergent MANET environment, Dynamic
Source Routing (DSR), Social Based Opportunistic Routing
(SBOR) algorithm, and Hybrid Social Based Routing (HSBR)
algorithm. All routing methods have to transfer the message
from source to destination node based on its features. Results
show big differences and some similarity between them.
DSR protocol is usable for MANET environment, which
is well-connected; source and destination are in the same
subnetwork and velocity level of mobile nodes is low.
SBOR algorithm as our proposal of social opportunistic
routing can provide transfer of message in such MANET
environment based on probability of delivery. Higher velocities are helpful for this type of opportunistic routing.
HSBR algorithm is a new proposal of hybrid method
for complicated and diversified MANET-DTN environment
with different level of velocities of mobile devices. HSBR has
an opportunity to use paths between source and destination
especially for lower level of velocities and get high success.
On the other hand, for more divided networks due to higher
velocities it is possible to use DTN mechanism in hybrid solution, which provides transfer based on probability of delivery.
HSBR gets the best success for our MANET environment.
The extension of the MANET routing protocol DSR by DTN
mechanism store-carry-forward enables the transmission
between S and D. Our simulations reach higher standard
deviation. We want to implement new model of mobility for
devices, social mobility model, which can improve success of
delivery for SBOR and HSBR methods.
For as much as DSR provides transfer in well-connected
networks with low movement and SBOR reaches suitable
success by higher speed of movement, consequently HSBR,
as new method, has an opportunity to provide transfer of
message in diversified type of MANET environment. The
SBOR and HSBR expand the functionalities of the using
of MANET. The main idea of HSBR is ensuring transfer
of message from source to destination from different start
conditions and different continuance of mobile network.
We want to create social mobility model for mobile nodes
and compare the results.

7. Conclusion and Future Work
In this paper, the Enhanced Hybrid Social Based Routing
(HSBR) algorithm for MANET-DTN is proposed after analyses of MANET and DTN routing and forwarding methods.
This solution is usable in situations when the infrastructure
is destroyed due to a natural disaster or in areas where
infrastructure was never created. This routing solution can
be used as backup-free method for transfer of messages
(text, voice, photos, etc.) in society, but with assumption of
expected delay in some situations.
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TU-FEI, Košice, Slovakia, 2014 (Slovak).
[21] D. Levicky, Cryptography in Communication Security, TU-FEI,
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The number of mobile devices and wireless connections is significantly increasing. Among many wireless protocol types, wireless
local area networks (WLANs) are expected to support a significant number of devices. Due to this reason, effective and efficient
handover (HO) and vertical handover (VHO) support for WLAN mobile devices is important. A significant improvement in quality
of service (QoS) can be obtained by reducing the association and disassociation interruption time for user equipment (UE) servicing
real-time applications during WLAN HO and VHO operations. Based on this focus, this paper investigates the problem of using
only the received signal strength indicator (RSSI) in HO and VHO decisions, which is what the current IEEE 802.11 based WLAN
systems use. Experimental results presented in this paper demonstrate that only using the RSSI results in significant interruption
time during HO to another WLAN access point (AP) or to a cellular base station during VHO. Therefore, in this paper, an improved
association and disassociation scheme that can reduce the data interruption time (DIT) and improve the throughput performance
is proposed.

1. Introduction
Wireless local area networks (WLANs) devices use the
received signal strength indicator (RSSI) for association and
disassociation [1]. RSSI is the sum of signal power of the
serving access point (AP) and the surrounding interference
and noise. In an area with the Bluetooth, ZigBee, and other
APs using the same frequency band, the level of interference
increases and the RSSI level will increase, but the packet
success rate (PSR) will degrade, since the PSR depends on
the signal to interference and noise ratio (SINR). Therefore,
handover (HO) and vertical HO (VHO) based on the RSSI
threshold cannot perform properly in places with severe
interference. In [2], the HO RSSI threshold is calculated
considering the speed and direction of the user equipment
(UE). In [3], the session setup as well as the speed and
direction of the UE is considered in the calculation of the HO
RSSI threshold. However, these two schemes were designed
under the assumption that there will be no other interfering
device (e.g., Bluetooth, ZigBee, or other Wi-Fi APs) near the
UE. Therefore, under densely located APs and interfering
devices, the channel status estimations will be erroneous

leading to problematic HO RSSI threshold level settings. In
addition, in [4], the outage probability in various levels of
RSSI is considered. However, [4] does not provide any HO
scheme or interference mitigation/suppression scheme that
uses the estimated outage information. Data interruption
time (DIT) is defined as the time from the last received
data packet before HO (at the UE) to the time that a packet
is received (after HO) through the newly attached AP (or
mobile communication base station (BS)). In addition, the
partial packet success (PPS) region is defined as a region
where the beacon, request to send (RTS), and clear to
send (CTS) packet communication are successful but data
packet communication consistently fails. In this paper, an
improved WLAN association and disassociation scheme that
can reduce the DIT and improve the throughput performance
during HO is proposed. The proposed scheme uses PPS
detection, and in this region efficient HO/VHO is conducted.

2. Problem Description
Interference is among the main causes of incorrect decision
in HO techniques that are based on the beacon signal’s RSSI.
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Figure 1: RSSI PDF of received beacon packets from AP with varying number of Bluetooth devices.

Figure 2: RSSI of received RTS/CTS, beacon, and data packets from
AP.

To illustrate this point, experiments were conducted in real
environments, where Figure 1 shows the influence on RSSI
measurements based on increasing interference. The interference added to the RSSI of the WLAN device was generated
by Bluetooth devices using audio streaming. This experiment
was conducted because it is a very common scenario, as it
occurs to Wi-Fi users, where a nearby wireless Bluetooth
headset may be receiving streaming music from a smartphone. Bluetooth was selected as the interference source to
WLAN as it uses the same frequency band as Wi-Fi and also
it is one of the most common interference sources to Wi-Fi
users. For the interference experiment, a Samsung Galaxy S4
(SHV-E330S) smartphone and a Bluetooth headset that uses
Bluetooth version 2.1+ enhanced data rate (EDR), Advanced
Audio Distribution Profile 1.2 (A2DP), Audio/Video Remote
Control Profile 1.4 (AVRCP), and subband coding (SBC)
codec were applied. The smartphone and the Bluetooth
headset were at a 50 cm distance and the bit rate of the audio
streaming data rate was 372 kbps. In the measurements of
Figure 1, 10,000 beacon packets were used to compute the
RSSI PDF.
In Figure 2, the RSSI measurement results show the
difference in packet reception ranges based on different
packet types in the PPS region, where measurements were
taken at City Hall of Seoul in South Korea. Applications used
in the measurements were File Transfer Protocol (FTP) and
YouTube. Figure 2 shows the average RSSI of packets based on
the distant from the AP, and 𝑁𝐵 represents the number of APs
that were broadcasting beacon packets. “𝑁𝐵 = 5” represents
the lowest interference location and “𝑁𝐵 = 94” represents
the location with the highest level of interference. In the
measurements of Figure 2, 150 repetitions were performed
to compute the average RSSI. In addition, 200,000 RTS/CTS
packets, 200,000 data packets, and 1,800 beacon packets were
used. As can be observed in Figure 2, RSSI outage occurs

at significantly different levels for the RTS (44 bytes), CTS
(30 bytes), beacon (300 bytes), and data (1,500 bytes) packets.
The outage RSSI was −67.74 dBm in the location with the
lowest interference (𝑁𝐵 = 5), whereas the outage RSSI was
−62.57 dBm at the highest interference (𝑁𝐵 = 94) location.
In order to clarify the relation between the PER and PPS
range, hardware and firmware testing was conducted using
the kernel program from http://www.multipath-tcp.org/
based on a Linux Ubuntu platform on a Samsung ATIV
TAB 7 laptop. For the experiment, the Ubuntu 14.04.3 LongTerm Support (LTS) and kernel v0.90 were installed. In the
experiment, the iwlwifi driver (\drivers\net\wireless\iwlwifi)
was used and the data rate adaptation algorithm was implemented in the rs.c file (\drivers\net\wireless\iwlwifi\dvm).
From the rs.c file, the packet success ratio was obtained,
which was computed based on 13,500 packets. The packet
success ratio was stored in “window → success ratio”. The
value of the success ratio and the transmission rate index
was obtained using the printk command. From the test using
the printk command, the minimum PER was 0.5988, the
maximum PER was 0.8814, and the average PER was 0.7630
when outage of the data packets started to occur. In the PER
range of between 0.5988 and 0.8814, data packet transmission
consistently failed but RTS/CTS packets were successfully
exchanged, which is why it is defined as the PPS region.
In Figure 2, it can be observed that there is a difference in
RSSI level based on the difference in channel environments.
When the UE is in the AP’s PPS region, it does not only
influence these devices, but this may result in an outage of
the neighboring area. The reason for this is because the RTS
and CTS messages exchanged by the UE and AP (in the
PPS region) will block other devices from attempting communication because once the neighboring devices receive a
RTS or CTS, these devices will set their network allocation
vector (NAV) duration and will not transmit during this
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period to avoid packet collision. But since the pair of devices
in the PPS region will reattempt another transition (due
to failure of data packet transfer), the pair of devices in
the PPS region will resend RTS and CTS messages, which
will reset the NAVs of the neighboring devices again. This
repeated pattern will result in an outage of the neighboring
area of the pair of devices in the PPS region, and, therefore,
the neighboring devices will experience extreme difficulty
in channel access. To avoid these network performance
degrading issues, when a UE is in the PPS region of its
AP, the proposed scheme enables the UE to quickly find an
alternative AP (or BS) with satisfying quality to establish a
connection through association procedures, while the UE
also executes disassociation procedures with the former AP
that has poor conditions.

𝛾 ≦ 𝛾min
𝛾 > 𝛾min .

(3)

When 𝐼SINR = 1, the SINR of the WLAN AP is clearly
insufficient to satisfy the target data rate used by the application. Using (1) and (3), the proposed scheme (PPS and SINR
(PS)) for WLAN disassociation and association defines the
indicators as below:
ServAP
ServAP
{1 𝐼SINR = 1, 𝐼PPS = 1
Disasso
={
𝐼PS
0 otherwise,
{

TargAP

In decreasing signal power or increasing surrounding interference situations, small size packet transmissions may succeed, but large size packet transmissions will fail more
frequently. In Figure 2, when the packet size increases, it
can be seen that the difference in packet error rate (PER)
is significant. Using the characteristic of PSR based on the
packet size, a PPS criterion is defined to determine whether
the WLAN channel situation is suitable or not for data packet
transmission. The PPS criterion for WLAN association and
disassociation is defined using the indicator 𝐼PPS :
(1)

where 𝐼RTS/CTS = 1 and 𝐼data = 1 represent success of a
RTS/CTS and data packets, respectively, and 𝐼data = 0 refers
to data packet communication failure. Consequently, 𝐼PPS = 1
means that the channel environment of the WLAN is not
suitable for data packet transmission even though RTS and
CTS packets are successfully exchanged.
When using only the PPS criterion for association and
disassociation, frequent HO triggering can occur due to temporary channel errors despite the device being located near
the AP. In order to prevent this, the proposed scheme uses
SINR as an additional criterion for HO. The SINR criterion
uses a minimum SINR threshold, which is based on the
data rate used for the application. Above this threshold, even
if the RTS/CTS packet transmission succeeds and the data
packet transmission fails, the smartphone will continue to
use the same WLAN AP because it considers that this packet
transmission failure was caused by a temporary channel error.
To derive the HO triggering point, the channel capacity
formula 𝑅 = 𝑊AP log2 (1 + 𝛾/ΓAP ) is used [5], where 𝑅 is
the maximum data rate, 𝛾 is the SINR, 𝑊AP is the carrier
bandwidth of the WLAN, and ΓAP is channel coding loss
factor of the WLAN. The minimum SINR threshold 𝛾min for
a HO modem data rate, 𝑅HO , is represented in
𝛾min = ΓAP (2𝑅HO /𝑊AP − 1) .

{1
𝐼SINR = {
0
{

(4)

Asso
𝐼PS

3. Proposed Scheme

{1 𝐼RTS/CTS = 1, 𝐼data = 0
𝐼PPS = {
0 𝐼RTS/CTS = 1, 𝐼data = 1,
{

Using (2), the SINR criterion for WLAN HO is used in
the SINR threshold indicator below:

(2)

TargAP

{1 (𝐼SINR = 0, 𝐼PPS
={
{0 otherwise.

TargBS
= 0) or (𝐼SINR = 0) (5)

ServAP
ServAP
and 𝐼PPS
represent SINR and PPS indicator of
𝐼SINR
TargAP
TargAP
the currently serving AP, respectively; 𝐼SINR and 𝐼PPS
represent the SINR and PPS indicator of the target AP,
TargBS
respectively. For the case of HO to a BS, 𝐼SINR represents
Disasso
= 1, WLAN
the SINR of the target BS. When 𝐼PS
Asso
= 1, WLAN
disassociation is executed and when 𝐼PS
association is executed.
The association procedure is first based on satisfaction of
the SINR level (which depends on the SINR measurement
of the AP’s beacon packets). If the SINR level is above 𝛾min
(i.e., the minimum SINR threshold), then the next procedure
is to check the Probe Request packet. The Probe Request
packet is padded to be the same size of an average data packet.
The amount of padded bits per Probe Request packet can be
represented as 𝐿 pad = 𝐿 data − 𝐿 Probe.Rq , where 𝐿 data is the
average payload length and 𝐿 Probe.Rq is frame body length of
the Probe Request. Since each association requires a Probe
Request packet to be sent and that packet will be padded to
make the packet equivalent to an average data packet size,
the overhead that will be added to the wireless network due
to the padding bits can be expressed as 𝐿 pad × 𝑅Asso =
(𝐿 data − 𝐿 Probe.Rq ) × 𝑅Asso , where 𝑅Asso is the average rate
of associations conducted per second in the WLAN system.
Therefore, transfer success/failure of this packet will indicate
potential success/failure of data packets over the alternative
(target) AP. If the padded Probe Request packet transfer
is successful, then the UE will complete the association
procedures to the target AP. The time between two probes to
identify the value of the PPS of an alternative (target) AP is
102.4 ms because this is the time between two beacon packets,
which is the starting point of the SINR level measurements
in the association procedures. The disassociation procedure
is based on the SINR level of the received packets and the
PPS phenomena detection, which depends on the RTS/CTS
and data packets transfer success/failure conditions. The
presented PS scheme can be set up in the form of the
pseudocode presented in Algorithm 1.
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(1) Get information of RTS/CTS and data packet transmission success
(2) Compute 𝛾min based on the modem data rate used for the application
ServAP
ServAP
(3) If 𝐼SINR
= 1 and 𝐼PPS
= 1 then
(4)
if there are other APs with 𝛾 > 𝛾min then
(5)
select the AP with the largest SINR
(6)
(7)
(8)
(9)
(10)
(11) Else

TargAP

if 𝐼PPS = 0 then
execute HO from serving AP to target AP
elseif there are other BSs with 𝛾 > 𝛾min then
select the BS with the largest SINR
execute HO from serving AP to target BS
remain connected to the current serving AP
Algorithm 1: PS algorithm.

4. Performance Evaluation
In the PS scheme, the SINR criterion and the PPS criterion
both need to be satisfied for HO execution. In the following,
the performance model of [6, 7] was used to represent the
DIT and throughput of the proposed PS scheme as 𝜏 = (1 +
−1
𝑖 𝑖
((1 − 𝑝)/(1 − 𝑝𝑚+1 )) ∑𝑚
𝑖=0 ((𝑝 (2 CW − 1) − (1 − 𝑝))/2)) ,
𝑛−1
RTS
𝑝 = 1 − (1 − 𝜏) (1 − 𝑃PE ), where 𝜏 is the probability
that a UE transmits a RTS packet in a randomly chosen
slot time, 𝑝 is the probability that a transmitted RTS packet
encounters a collision, 𝑚 is the number of backoff stages, CW
is the contention window size, 𝑖 is the backoff stage (where
𝑖 = 1, . . . , 𝑚), 𝑛 is number of contending stations (which
are assumed to always have a RTS or data packet ready for
RTS
transmission), and 𝑃PE
is the RTS packet’s PER. The PER
of a RTS packet was included in the channel error term, in
order to accurately model 𝑝. The probability of events that can
happen in a randomly chosen slot time are derived as 𝑃tr = 1−
RTS
(1−𝜏)𝑛 , 𝑃𝑆 = 𝑛𝜏(1−𝜏)𝑛−1 (1−𝑃PE
)/(1−(1−𝜏)𝑛 ), 𝑃𝐶 = 1−𝑛𝜏(1−
RTS
𝜏)𝑛−1 /(1 − (1 − 𝜏)𝑛 ), and 𝑃𝐸 = 𝑛𝜏(1 − 𝜏)𝑛−1 /(1 − (1 − 𝜏)𝑛 𝑃PE
),
where 𝑃tr is the conditional probability that at least one
transmission occurs in a randomly chosen slot time, 𝑃𝑆 is the
conditional probability that this transmission is successful,
𝑃𝐶 is the probability that an occurring transmission collides,
and 𝑃𝐸 is the probability that a packet is received erroneously.
To model the difference in packet success probability of
RTS/CTS and data packets, the time 𝑇RCD is added to the
analysis. 𝑇RCD corresponds to the time where the RTS/CTS
transmissions succeed whereas the data packet transmission
fails, which is given by
𝑇RCD = 𝑇RTS + 𝑇CTS + 𝑇data + 2𝑇SIFS ,

(6)

where 𝑇RCD is the average time interval of a successful
RTS/CTS transmission, but data transmission fails due to
channel error. 𝑇RTS , 𝑇CTS , and 𝑇data denote the time to
transmit a RTS, CTS, and data packet, respectively; 𝑇SIFS
represents the duration of SIFS time. The average length of

DIT and throughput based on collision and channel error are,
respectively, expressed as
𝐸 [𝑙DIT ]
RTS
RTS
CTS
= 𝑃tr 𝑃𝐶𝑇𝐶 + 𝑃tr 𝑃𝑆 𝑃PE
𝑇𝐸 + 𝑃tr 𝑃𝑆 (1 − 𝑃PE
) 𝑃PE
𝑇𝐸 (7)
RTS
CTS
data
+ 𝑃tr 𝑃𝑆 (1 − 𝑃PE
) (1 − 𝑃PE
) 𝑃PE
𝑇RCD ,

𝐸 [𝑙Th ]
= (1 − 𝑃tr ) 𝜎 + 𝑃tr 𝑃𝐶𝑇𝐶
RTS
CTS
RTS
+ 𝑃tr 𝑃𝑆 (1 − 𝑃PE
) (1 − 𝑃PE
) 𝑇𝑆 + 𝑃tr 𝑃𝑆 𝑃PE
𝑇𝐸

(8)

RTS
CTS
+ 𝑃tr 𝑃𝑆 (1 − 𝑃PE
) 𝑃PE
𝑇𝐸
RTS
CTS
data
ACK
+ 𝑃tr 𝑃𝑆 (1 − 𝑃PE
) (1 − 𝑃PE
) (1 − 𝑃PE
) 𝑃PE
𝑇𝑆 ,
CTS
ACK
where 𝜎 is the duration of an empty slot, 𝑃PE
and 𝑃PE
are,
respectively, the PER of the CTS and ACK packets, 𝑇𝐶 and 𝑇𝐸
are, respectively, the collision and error transmission times
(which are composed of the expected transmission time of
RTS and CTS packets), and 𝑇𝑆 is the transmission time in
DCF [6, 7]. When a transmitted packet is not acknowledged
properly, retries can be performed up to seven times [1]. Since
the probability that a transmitted packet is not acknowledged
depends on 𝑝 and since the backoff time is uniformly chosen
in the range (0, CW − 1], the DIT of the PS scheme can be
derived as in (9). In addition, considering the average length
of throughput and the payload length, 𝐿 data , the throughput
of PS scheme is given in (10):
𝑚

𝑇DIT = 𝐸 [𝑙DIT ] ∑ (
𝑖=0

𝑆PS =

𝑃tr 𝑃𝑆 𝐿 data
.
𝐸 [𝑙Th ]

CW𝑖 + 1 𝑝𝑖 − 𝑝𝑚+1
),
2
1 − 𝑝𝑚+1

(9)
(10)

In the proposed scheme, a new HO criterion is used which
can effectively determine when RTS/CTS packets succeed
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Figure 3: Data interruption time versus outage RSSI.

whereas the data packet (or padded Probe Request packet)
fails. In addition, a SINR criterion is used to prevent frequent
HO triggering. For the HO situation where the RSSI is high
and the SINR of the data packet is high, the existing schemes
of [1–3] may work well. However, in the HO situation where
the RSSI is high but the SINR is low such that communication
of the data packet consistently fails, the existing schemes of
[1–3] do not conduct HO, even though data packet cannot be
received, where this decision can cause long DIT. In addition,
the PS scheme can avoid the situation where communication
of RTS/CTS packets succeeds whereas data packets fail due
to low SINR. Due to this reason, the throughput of WLAN
networks is improved.
Interference can occur due to various causes (e.g., Bluetooth devices, ZigBee devices, and other Wi-Fi APs and
devices using cochannel frequencies), which results in influencing the bit error rate (BER) level. To test the performance
of the proposed scheme and compare it to other schemes in
poor channel conditions, simulation testing was conducted at
relatively high BER levels, which could result in outage based
on the HO RSSI threshold of [1–3]. The resource-efficient
soft handoff mobility (RESHO) scheme performs HO before
the RSSI threshold is passed based on using the speed and
direction of the device [2]. The soft proactive (SP) scheme
performs proactive session setup by considering the signal
strength of the target cell and the mobility of the device [3]. To
implement outage circumstances, the BER was set to 3 × 10−4
RTS
based on the channel model of [4]; in addition, 𝑃PE
= 0.1
data
and 𝑃PE = 0.95 were set based on the WLAN simulation
model of [8, 9].
In addition, the random way point (RWP) mobility model
[10, 11] was used based on a uniform velocity distribution
characterized by (𝑎, 𝑏) = (0.5, 2.5) m/s, which models the
velocity of walking users. In Figure 3, the UE was designed
to maintain connectivity to the WLAN AP until the HO
RSSI thresholds based on IEEE 802.11 [1], RESHO [2], SP [3],

10−6

10−5
PS (10)
PS simulation

10−4
BER

10−3

10−2

RTS/CTS [1–3]
Basic [1–3]

Figure 4: Throughput results versus various BER.

and the proposed PS scheme (based on (9)) were exceeded in
the simulators programmed using MATLAB [12]. In addition,
Network Simulator 2 (NS2) [13] was used to evaluate the
DIT performance of the proposed PS scheme to confirm the
MATLAB simulation results of (9). In the NS2 simulation,
10,000 iterations were performed to compute the average
DIT. For the simulation of the proposed scheme, IEEE 802.11
information of the UE is required. The IEEE 802.11 simulation
parameters were based on [6, 14] such that the simulation
environment is uniform for all performance evaluation models in Figures 3 and 4. The length of the PHY and MAC header
was 128 bits and 272 bits, respectively, the data payload was
set to 1,450 bytes, and the RTS, CTS, and ACK packets were
set to 44 bytes, 𝑛 was set to 20, the minimum and maximum
contention window sizes were set to 15 and 1,023 slot times,
respectively, and the maximum backoff counter was set to 7.
The duration of SIFS and DIFS was set to 10 𝜇s and 20 𝜇s,
respectively, and the transmission data rate was 1 Mbps (IEEE
802.11b). The path loss model is based on [15, 16], where the
power of the received signal at the UE which is 𝑑 meters away
from the AP is 𝑃𝑟 (𝑑) = 𝑃𝑡 − 𝐾 − 10𝑢 log(𝑑/𝑑0 ) + 𝜒(𝜇, 𝜎),
the transmission power was set to 𝑃𝑡 = 100 mW, the largescale path loss parameters were set as 𝐾 = 28.7 dB and
𝑢 = 4, the standard deviation of the Gaussian shadowing
was set to 𝜎 = 6 dB, and the correlation distance is 𝑑0 =
5 m. As shown in (4), the PS scheme uses events of packet
success and SINR which are linked closely with the data
packets (or padded the Probe Request packets) transmission.
In Figure 3, the PS scheme has a constant DIT without being
affected by the interference and noise of the environment. The
newly derived (9) shows an accurate match when compared
to the simulation results in Figure 3. The results show that
RESHO has a maximum difference of 9.8 s compared to the
PS scheme when outage occurs at −64 dBm of RSSI. In the
case of SP, even when it performs proactive HO, SP results
in a maximum difference of 9.8 s compared to the PS scheme
when outage occurs at the RSSI level of −60 dBm.
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In Figure 4, MATLAB simulation was used to evaluate
the throughput performance of the IEEE 802.11 basic mode
(which does not use RTS/CTS packets) [1–3], RTS/CTS mode
[1–3], and the proposed PS scheme (based on (10)). In
addition, NS2 simulation was used to evaluate the throughput
performance of the proposed PS scheme to confirm the
MATLAB simulation results of (10). In the NS2 simulations,
10,000 iterations were performed to compute the average
throughput. In the RTS/CTS mode [1–3], RTS/CTS and data
packets are continuously sent over the WLAN as long as the
UE’s RSSI is above the HO RSSI threshold. In situations where
the RSSI is above the HO RSSI threshold whereas the SINR
is not sufficient for data packet transmission, HO will not
occur, but data packet transmissions will continuously fail,
resulting in serious performance degradation. The proposed
PS scheme avoids this degradation as it checks if the WLAN
channel condition is suitable for data packet transmission in
addition to the RSSI level in making a decision of HO, and, as
a result, the proposed PS scheme eliminates the problems that
occur in the PPS region, as shown in Figure 4. In Figure 4, a
maximum performance gain of 32% and 97% can be obtained
at the 3 × 10−3 BER level by using the PS scheme when
compared to using the existing RTS/CTS mode and existing
basic mode, respectively.

5. Conclusion
Since RSSI is the added value of signal power as well as
surrounding noise and interference, channel estimations
based on the RSSI can result in poor HO point decisions
that result in long DIT when the noise and/or interference is
severe. In this paper, the proposed PS scheme determines the
HO point based on the PER of data packets and the SINR.
By using the PS scheme, WLAN HO with short DIT and
an improved throughput performance can be obtained even
when the UE is in the AP’s PPS range.
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Among the accurate indoor localisation systems that are using WiFi, Bluetooth, or infrared technologies, the ones that are based
on the GSM rely on a stable external infrastructure that can be used even in an emergency. This paper presents an accurate GSM
indoor localisation system that achieves a median error of 4.39 metres in horizontal coordinates and up to 64 percent accuracy in
floor prediction (for 84 percent of cases the floor prediction is mistaken by not more than a single floor). The test and reference
measurements were made inside a six-floor academic building, with an irregular shape, whose dimensions are around 50 metres by
70 metres. The localisation algorithm uses GSM signal readings from the 7 strongest cells available in the GSM standard (or fewer,
if fewer than 7 are available). We estimate the location by a three-step method. Firstly, we propose a point localisation solution
(i.e., localisation based on only one measurement). Then, by applying the central tendency filters and the Multilayer Perceptron, we
build a localisation system that uses a sequence of estimations of current and past locations. We also discuss major accuracy factors
such as the number of observed signals or the types of spaces in the building.

1. Introduction
Outdoor localisation is, today, a part of our life. However,
such useful localisation methods as the Global Positioning
System (GPS) fail inside buildings. Popular alternatives use
Received Signal Strength (RSS) from wireless networks that
are accessible indoors. Measuring the strength of WiFi signals
from multiple Access Points in various locations, we create a
map of fingerprints. In the localisation process one’s position
can be found by comparison of current signal strengths with
the created map.
Using WiFi signals inside buildings with many different
Access Points whose range covers the whole building allows
a very accurate localisation solution to be built. However,
this method may fail in buildings with a poor network
infrastructure. Moreover, in the case of an emergency such

as a fire in the building, local infrastructure may be damaged
and the localisation system will fail.
An alternative is a localisation system based on an
outside infrastructure. We present an indoor localisation
system based on Global System for Mobile Communications
(GSM) signals. The proposed localisation system can be
implemented on most Android mobile phones. However,
there are exceptions. Our test showed that Samsung Galaxy
S III returns limited data and cannot be used. We tested the
system in a six-floor academic building for three-dimensional
localisation of objects. The paper presents the following
results: a horizontal localisation solution with the median
error less than 4.39 metres and a floor detection solution with
an accuracy of 64 percent.
The remainder of this work is organised as follows:
Section 2 describes the data and the data acquisition
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process. Section 3 presents the two-stage localisation process.
Section 4 presents the test results. The discussion is presented
in Section 5, where major accuracy factors are analysed,
and Section 6, where our results are compared with other
algorithms. This is followed by the conclusions in Section 7.

2. Data
2.1. Data Description. The data for the statistical models were
collected using three different mobile phones, Sony Ericsson
E15i, Sony Ericsson MT11i, and HTC Desire, all of them
running Android OS 2.1 (or newer). The measurements were
taken with the phones held horizontally by hand at around
1 metre above the floor. All mobile phones were attached
to a GSM (2G) mobile network during the experiment. It
should be noted that in parallel with collecting the data
on mobile phones, the Gateway Mobile Location Centre(GMLC-) based location of the terminal was estimated, which
could result in more frequent cell reselection requests sent
to a mobile station (compared with a terminal operating in
a purely idle mode of operation). This results in a more complete representation of possible serving cells in a given location, although none of our models takes direct advantage of
that fact, relying only on vectors of Received Signal Strengths.
The data were gathered on all of the publicly accessible areas of a six-floor academic building (including the
ground floor). The building has an irregular shape, its outer
dimensions are around 50 by 70 metres, and its height is 24
metres. A 3D sketch of the building is shown in Figure 1. For
more detailed plans of the building you may visit the portal
for the ongoing indoor localisation project (http://lokkom
.mini.pw.edu.pl:8080/miniLocal.php).
For the purpose of training and testing the statistical
models for localisation prediction, we gathered the data in
three independent series of measurements (each series took
place in a different week). In order to have accurate coordinate information inside the building, we defined a 0.75-by0.75-metre grid and assigned for each point a unique identifier (denoted by POI). All measurements were taken in
the points of the defined grid and they were labelled by the
corresponding POIs. A single measurement (fingerprint) is a
real valued vector 𝐹 = (rssi1 , rssi2 , . . . , rssi𝑁), where rssi𝑘 is
the RSSI from the 𝑘th BTS, typically ranging from −113 dBm
to −51 dBm. The dimension 𝑁 of the space of the fingerprints
is the number of all BTSs that we decided to include when
creating the localisation model. In our case, this is the number
of all BTSs that were observed inside the building, that is,
𝑁 = 39. When there was no signal from the 𝑘th BTS, we set
rssi𝑘 = −113.
The data were gathered by three persons and each series
of measurements took 9 days on average. Each series of
measurements was taken in around 1200 POIs. To make the
final results more independent from spatiotemporal RSSI
fluctuations, at each POI the measurement was taken 40
times. This resulted in a total number of ca. 48000 fingerprints.
The first and the second series were taken in the same
set of POIs, ordered in general in a 1.5-by-1.5-metre grid
(denoted GRID1,2 ), while the third series used for the test was

Figure 1: Overall presentation of the acquired measurements within
a 3D sketch of the building. The green areas represent the rooms and
sections of the building where the measurements were taken and
the vertical bars denote the locations where the measurements were
taken.
Table 1: Descriptive statistics of the gathered data for each floor.
Floor
0
1
2
3
4
5

𝑄1
3
4
4
3
3
5

# BTS
𝑄2
5
5
5
4
5
6

𝑄3
6
6
6
5
6
7

Samples

𝑠𝑥 [m]

𝑠𝑦 [m]

# area

14%
14%
34%
12%
14%
11%

8.02
6.91
8.77
7.06
9.99
8.89

9.45
9.62
15.09
13.92
12.87
14.16

8
12
22
9
12
12

taken in another set of POIs which formed another 1.5-by-1.5metre grid (denoted GRID3 ) shifted by 0.75 metres offset in
each direction from GRID1,2 . The exceptions from the 1.5-by1.5-metre grid were the large lecture halls where a 3.0-by-3.0metre grid was used instead. In the remainder of the paper we
shall denote the first, the second, and the third series by 𝑆1 ,
𝑆2 , and 𝑆3 , respectively. Obviously, 𝑆𝑖 ⊂ R39 for 𝑖 ∈ {1, 2, 3}.
Feature vectors (elements of 𝑆𝑖 ) were labelled by
(i) the value of the 𝑥 and 𝑦 coordinates (in metres),
(ii) the floor number,
(iii) one of the four directions in which the phone was
oriented (parallel to one of the horizontal axes); it
should be noted that the orientation information has
not been passed to the prediction model but was used
in the generation of artificial paths.
In the whole building we observed 39 different BTS
identifiers. RSSI values for up to 7 BTSs were registered in
a single measurement, which corresponds to the GSM standard. In particular, according to the Radio Resource Control
Protocol [1], a regular Mobile Electronics is allowed to report
the signal strength for 1 serving cell and up to 6 neighbouring
cells in one measurement report. Table 1 presents selected
statistics on each floor of the building for the number of BTSs,
relative sample size, standard deviation in horizontal directions, and the number of arbitrarily chosen areas (rooms,
distinctive sections of the corridors, halls, etc.)
Despite the appropriate standards, we observed that
mobile phones used in the experiment reported RSSI values
that are not allowed by the standard. In particular, RSSI
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3

×104
4.5

The topology of the building was not taken into account
during the construction of the neighbourhood, except for
information about the positions of the stairwells, which was
used for changing the floor.
The paths for the 𝑆𝑖 series (𝑖 = 1, 2, 3) were generated with
the help of R software using the following algorithm:

4
3.5
3

(1) Choose at random a start point from the 𝑆𝑖 series.

2.5

(2) Choose at random an end point from the 𝑆𝑖 series.

2
1.5

(3) Find the shortest path in the graph of points (a change
of floor is possible only near the main staircase).

1
0.5
0

−110

−100

−90

−80

−70

−60

−50

Figure 2: Distribution of observed RSSI values.

levels ranging from −113 dBm to −11 were observed, while
3GPP specifications define the maximum value as −51 dBm
(which is to be interpreted as “−51 dBm or greater”). Such
measurements form 0.4 percent of the data set. Moreover,
unknown RSSI values were reported by the mobile terminal
in 0.7 percent of the measurements. To sum up, after data set
validation, a total number of 683 258 registered RSSI values
for GSM BTSs were used for the purpose of this work. A
histogram showing the distribution of the valid RSSI values
registered in our database is shown in Figure 2.
The measurements scope was focused on the halls and
corridors of the building, with the addition of several lecture
rooms and computer laboratories, as these are the most often
visited locations within the building. Figure 1 presents an
overall view of the building with the markers denoting the
points of GRID1,2 and GRID3 .
The data described in this section was also used in the
analysis presented in [2, 3], including the data from the WiFi
Access Points (which are not discussed in this work).
2.2. Artificial Path Generation. Although the basic prediction
models process only a single fingerprint, much better results
(especially in terms of determining the floor) could be
achieved with a multipoint method (i.e., taking into account
the past measurements). In each series of measurements,
at every POI we took 10 fingerprints in each of the four
main directions parallel with the coordinate axes of the
building. We used one of the fingerprints from a given point
to construct artificial paths between two randomly chosen
points from the grid of defined and measured points.
We generated 500 paths for the 𝑆1 and 𝑆2 measurement
series and 1000 paths for the 𝑆3 -testing measurement series.
The paths were chosen by traversing the graph spanned by
the points from the given series (GRID1,2 or GRID3 ). The
neighbourhood of the point was a set of all the points at a
distance of exactly 1.5 metres. If in a given direction there was
no such point, a point at a 3.0-metre distance (large lecture
halls) and subsequently a point at a 0.75-metre distance
(narrow corridors) were chosen as its neighbours.

(4) Choose a fingerprint gathered in the direction in
which the path is traversed, having RSSI for at least
two BTSs.
In the presented generator, if the start and end points
are from two different floors, the algorithm searches for the
shortest path from the start point to the staircase, then inserts
the predefined points between the start and end point floors,
and then searches for the shortest path from the staircase to
the end point.
The shortest path was found using the greedy A∗ algorithm (cf. [4]). The neighbour of the current point, which
minimised the distance to the end point (or staircase), was
chosen as the next point on the path.

3. Methodology
Our task was the detection of the current location of the
tracked object. The location is described as a triple 𝑝 =
(𝑥, 𝑦, 𝑓), where 𝑥 and 𝑦 are the horizontal coordinates of the
tracked object and 𝑓 is the number of the current floor. The
coordinates 𝑥 and 𝑦 belong to R, while 𝑓 belongs to Z+ . The
localisation system took as the input the series of fingerprints
(𝐹1 , 𝐹2 , . . . , 𝐹𝑘 ), where 𝐹𝑖 ∈ R39 . The fingerprints were taken
in consecutive points of the movement path where the 𝑘th
coordinate is the last fingerprint.
Figure 3 presents the schema of the localisation process
that goes separately for each coordinate of 𝑝 (i.e., for 𝑝1 = 𝑥,
𝑝2 = 𝑦, and 𝑝3 = 𝑓). The process is hierarchical and has three
steps for each 𝑗th coordinate (𝑗 ∈ {1, 2, 3}).
Step 1. The estimation of the coordinate where the fingerprint
𝐹𝑖 was taken for every 𝑖 ≤ 𝑘. This way we obtained 𝑘 esti𝑗
mations (so-called point estimations) {𝑝̌ 𝑖 }𝑖≤𝑘 that represent
the movement path of the terminal. This process is described
in detail in Section 3.1. Section 4.1 describes several machine
learning methods and we choose the best performing one.
Finally Section 5 provides an analysis of the major accuracy
factors for the point estimation method, as this is the main
component of the whole localisation process.
𝑗

Step 2. Two estimations are 𝑝𝑡 and 𝑝𝑤𝑗 of the 𝑗th coordinate
of the position where the last fingerprint 𝐹𝑘 was taken. This
step is based on the results from step one. The obtained point
𝑝𝑡 = (𝑝𝑡1 , 𝑝𝑡2 , 𝑝𝑡3 ) is the average result of the estimations
{𝑝̌ 1 , . . . , 𝑝̌ 𝑘 }. For the selected 𝑘, such average estimation of
the position where 𝐹𝑘 was taken can bring better results than
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Estimation
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single fingerprint

Estimation for
fingerprints sequence

MLP aggregation

Figure 3: Localisation schema for point 𝑝. The scheme presents three steps of estimation that are done separately for 𝑝1 = 𝑥, 𝑝2 = 𝑦, and
𝑝3 = 𝑓.

the estimation based on a single fingerprint, described in
Step 1. Obviously, the parameter 𝑘 (the path length) cannot
be too large. To reduce the influence of not well estimated
points, we can make a second estimation 𝑝𝑤 = (𝑥𝑤 , 𝑦𝑤 , 𝑓𝑤 )
that calculates the central tendency with weighted single
estimations. The weight should be selected to stress the
influence of well estimated points and is based on the number
of reported BTSs for the fingerprint 𝐹𝑖 (i.e., a number between
0 and 7), which we found to be an important estimation
reliability factor. The details are presented in Section 3.2.
Step 3. The final estimation for a single fingerprint is the func𝑗
tion 𝐹𝑘 → 𝑝̌ 𝑘 that, for the last observed fingerprint, returns
the estimation of the 𝑗th coordinate (𝑗 ∈ {1, 2, 3}) of the
point 𝑝𝑘 where the fingerprint 𝐹𝑘 was taken. It is based on
the results from Steps 1 and 2. In this stage, we had the three
estimations of the position where 𝐹𝑘 was taken: 𝑝̌ 𝑘 , 𝑝𝑡 , and
𝑝𝑤 . We may assume that the estimation 𝑝𝑤 will bring the
best results among all estimations provided that the weights
were well selected. However, we can try to improve our result
using a method that aggregates all estimations. For that the
Multilayer Perceptron can be used. The estimations constitute
an input for the Multilayer Perceptron that calculates the
final estimation 𝑝𝑚 = (𝑥𝑚 , 𝑦𝑚 , 𝑓𝑚 ) of the position where the
fingerprint 𝐹𝑘 was taken. The details are described in Section
4.3.
The localisation schema (Figure 3) is the same for all
coordinates. However, there are some differences between
estimation for the discrete floor 𝑓 and the estimation of the
continuous coordinates 𝑥 and 𝑦. The main difference lies in
the measure of central tendency that is used. For the floor

estimation, a mode filter is used, while for the estimation
of coordinates an average filter is applied. Details about
all components of the localisation process are given in the
following sections.
3.1. Estimation for a Single Fingerprint. Three functions 𝐹𝑖 →
𝑗
𝑝̌ 𝑖 where 𝑗 ∈ {1, 2, 3} that estimate the coordinates of the
localisation 𝑝̌ 𝑖 on the basis of a single fingerprint 𝐹𝑖 are
implemented as an ensemble of decision trees. The ensemble
contains multiple estimation or prediction trees created
on the basis of various fragments of the learning set. A
combination of the results obtained by the trees produces the
final, aggregated estimator or prediction.
We compared several boosting algorithms to estimate
the localisation separately for the floor and the coordinates.
Our test included AdaBoost, Bagging, and Least Squares
Boosting (LSBoost). AdaBoost is a classification method [5],
Bagging can be used for classification or regression [6], and
LSBoost is a regression method [7]. The floor estimation can
be performed as classification or regression task. The estimation of coordinates is a regression task.
AdaBoost was implemented as the AdaBoostM2 algorithm, where weighted pseudoloss is calculated for 𝑁 observations and 𝐾 classes:
𝜖𝑡 =

1𝑁
∑ ∑ 𝑑(𝑡) (1 − ℎ𝑡 (𝑥𝑛 , 𝑦𝑛 ) + ℎ𝑡 (𝑥𝑛 , 𝑘)) ,
2 𝑛=1 𝑘=𝑦̸ 𝑛,𝑘

(1)

𝑛

(𝑡)
where ℎ𝑡 (𝑥𝑛 , 𝑘) is the confidence of prediction, 𝑑𝑛,𝑘
are
observation weights, and 𝑦𝑛 is the true class label. Pseudoloss
is a measure of the classification accuracy from any classifier
in an ensemble.
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Bagging bags a weak classifier such as a decision or regression tree on a data set, generates many bootstrap replicas of
this data set, and grows decision trees on these replicas. To
find the predicted response of a trained ensemble, the algorithm takes an average of predictions from individual trees.
LPBoost performs multiclass classification by attempting
to maximise the minimal difference between the predicted
soft classification score for the true class and the largest score
for the false classes in the training set. This operation should
improve generalisation ability [8].
3.2. Estimation for the Fingerprints Sequence. This part describes Step 2 of our method; that is, we find two estimations
of the position where the last fingerprint 𝐹𝑘 was taken. We
denote them by 𝑝𝑡 = (𝑥𝑡 , 𝑦𝑡 , 𝑓𝑡 ) and 𝑝𝑤 = (𝑥𝑤 , 𝑦𝑤 , 𝑓𝑤 ) based
on the series of estimated points {𝑝̌ 𝑖 = (𝑥̌ 𝑖 , 𝑦̌ 𝑖 , 𝑓̌ 𝑖 )}𝑖≤𝑘 in the
previous section.
3.2.1. Mode Filter. The mode filter calculates the most popular
result among the floor estimations for a single fingerprint:
𝑘

𝑖

𝑓𝑡 = mode (⋃ ⋃𝑓̌ 𝑖 ) .

(2)

𝑖=1 𝑗=1

The filter is parameterised by the coefficient 𝑘 that defines
the size of considered historical estimations. The idea behind
that formula is that a single estimation of another floor in
a sequence of equal estimation is a mistake, rather than an
expected movement.
To avoid a strong influence of the estimations for the
farthest points, estimation is repeated 𝑖 times, where 𝑖 is the
position of the estimation in the estimations sequence and 𝑘
is the position of the last estimated point.
Equation (2) assumes that all the points are estimated
with the same precision. The following formula introduces
an additional coefficient 𝑤𝑖 that symbolises the quality of the
estimation:
𝑘 𝑖𝑤𝑖

𝑓𝑤 = mode (⋃ ⋃𝑓̌ 𝑖 ) .

(3)

𝑖=1 𝑗=1

In the modified formula, each estimation is replicated
additionally 𝑤𝑖 times. The value of 𝑤𝑖 should be set experimentally as a measure correlated with the estimation quality.

Similarly to the mode filter, we introduce the second form
of the filter that includes knowledge about the quality of the
estimation:
𝑥𝑤 =
𝑦𝑤 =

∑𝑘𝑖=1 𝑖𝑤𝑖 𝑥̌ 𝑖

𝑘 ∑𝑘𝑖=1 𝑖 ∑𝑘𝑖=1 𝑤𝑖
∑𝑘𝑖=1 𝑖𝑤𝑖 𝑦̌ 𝑖

𝑘 ∑𝑘𝑖=1 𝑖 ∑𝑘𝑖=1 𝑤𝑖

,

(6)

.

(7)

The weighted average uses weights 𝑤𝑖 that estimate the
quality of the 𝑥̌ 𝑖 and 𝑦̌ 𝑖 estimations. The normalisation factor
is (𝑘 ∑𝑘𝑖=1 𝑖 ∑𝑘𝑖=1 𝑤𝑖 )−1 .
Unlike the commonly used complex methods, such as
Kalman’s filter [9], the proposed filters are quite simple.
The filters can be used for all data with calculated weights.
Moreover, the method can be used on data without division
into the learning set and the testing set if the parameter 𝑘 is
already fixed.
3.3. Aggregation by a Multilayer Perceptron. After the estimation for the fingerprints sequence we had the 𝑝̌ 𝑘 , 𝑝𝑡 , and 𝑝𝑤
estimations for the point 𝑝 where the last fingerprint 𝐹𝑘 was
taken. Although we assumed that, for the correctly selected
𝑤 weights, 𝑝𝑤 would be the best estimation, the rest of the
estimations could give some additional knowledge.
To use all that available knowledge, we decided to aggregate all the estimations. For that task, we used a Multilayer
Perceptron.
We created two independent MLP models. The first
model detected the floor and the second model detected the
horizontal coordinates.
All inputs and outputs of the first network were binary.
Therefore, all the features were represented by a set of neurons
and each neuron defined one of the possible values of the
feature.
Only one neuron from the set could be active at any one
time. If the number of floors is given by the number 𝑛𝑓 , the
output layer will have 𝑛𝑓 neurons and only one of them is
active. The same is with input features. The network considers
the estimated floors 𝑓1 , . . . , 𝑓𝑘 , the weights 𝑤1 , . . . , 𝑤𝑘 , the
mode 𝑓𝑡 (2), and the weighted mode 𝑓𝑤 (3). All features,
except the weights, describe floors; therefore the total number
of input neurons is
𝑛𝑓 ∗ 𝑘 + 7 ∗ 𝑘 + 𝑛𝑓 + 𝑛𝑓 = 𝑛𝑓 (𝑘 + 2) + 7𝑘.

3.2.2. Average Filter. The average filter has the same role as
the mode filter but works with continuous data. The 𝑥 and 𝑦
coordinates can be estimated using the following formula:
𝑥𝑡 =
𝑦𝑡 =

∑𝑘𝑖=1 𝑖𝑥̌ 𝑖
𝑘 ∑𝑘𝑖=1 𝑖

∑𝑘𝑖=1 𝑖𝑦̌ 𝑖
𝑘 ∑𝑘𝑖=1 𝑖

,

(4)

.

(5)

The element (𝑘 ∑𝑘𝑖=1 𝑖)−1 normalises the average, which is
calculated with a decreasing influence of the estimated points.

(8)

The model for coordinates is much simpler. All the inputs
and the output are continuous. The input neurons represent estimated values 𝑥1 , . . . , 𝑥𝑘 (or 𝑦1 , . . . , 𝑦𝑘 ) and weights
𝑤1 , . . . , 𝑤𝑘 , 𝑥𝑤 , 𝑥𝑡 (or 𝑦𝑤 , 𝑦𝑡 ), so the input layer has 2𝑘 + 2
neurons. The output result is one continuous value 𝑥𝑚 or 𝑦𝑚
depending on the input.
The location estimated by MLP should give better results
than a pure tendency filter. However, the created network
will be fitted to the problem described by the learning set.
In the learning process, two sets must be created. A learning
set defines a network structure and a validation set controls
learning process and prevents overlearning. Although such
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Table 2: Floor detection. Results for the testing series 𝑆3 .

Method
AdaBoost
Bagging Classification
Bagging Regression
Least Squares Boosting

Accuracy
[%]

Average error
[floor]

33
56
43
29

1.50
0.83
0.81
1.07

division allows generalisation, the created network cannot be
used on a testing set with a different number of floors, while
a mode filter works on any data.

4. Tests
This section presents the results obtained in the building
described in Section 2. The results of the floor detection and
the results of the coordinates approximation are given separately for each of the three stages: the estimation for a single
fingerprint, the estimation for the fingerprints sequence, and
the MLP aggregation.
4.1. Estimation for a Single Fingerprint. Data for the tests
were divided into the learning set, the validation set, and the
testing set created from the first series of measurements 𝑆1 ,
the second series of measurements 𝑆2 , and the third series of
measurements 𝑆3 , respectively. Estimations for the floor and
coordinates were made separately using different algorithms.
4.1.1. Floor Detection. We tested four classification boosting
algorithms to estimate the current floor of the tracked
object. Our test included AdaBoost, Bagging Classification,
Bagging Regression with discretisation of the results, and
Least Squares Boosting.
Table 2 presents the average error and accuracy for all the
methods. The Bagging algorithm for the classification task
gave the best results. The obtained level of errors is rather
high, but the value of the average error suggests that in most
of the cases the prediction error is not bigger than one floor.
4.1.2. Coordinates Approximation. Estimation of horizontal
position is a regression task. We checked two regression
models to solve this problem: the Bagging method and the
LS Boosting method. The results are given in Table 3.
The better results were obtained by the Bagging method.
The mean error for the Bagging method could be accepted in
indoor localisation, but gross errors were very frequent. The
location estimations of 20 percent of all the test fingerprints
were mistaken by more than 12 m horizontally.
4.2. Estimation for the Fingerprints Sequence. Let us consider
a sequence 𝐹1 , 𝐹2 , . . . , 𝐹𝑙 of the fingerprints that were taken
along one of the artificial paths (constructed as described in
Section 2.2). For each fingerprint 𝐹𝑖 , let us denote a point 𝑝̌ 𝑖 =
(𝑥̌ 𝑖 , 𝑦̌ 𝑖 , 𝑓̌ 𝑖 ) that estimates the location where 𝐹𝑖 was taken. The
estimation is created using the Bagging method as described
in Section 3.1 and Section 4.1.

Table 3: Horizontal error analysis for testing series 𝑆3 .
LS Boosting
Bagging

Mean
10.22
8.15

Median
9.15
6.76

80th percentile
14.75
12.16

The aim of this section is to describe the experiments
for computing the location of the point where 𝐹𝑖 was taken
on the basis of 𝐹𝑖−𝑘+1 , 𝐹𝑖−𝑘+2 , . . . , 𝐹𝑖 sequence of readings.
For 𝑖 < 𝑘, we will proceed by taking the sequence 𝐹1 , 𝐹1 ,
. . . , 𝐹1 , 𝐹2 , 𝐹3 , . . . , 𝐹𝑖 of length 𝑘. Below, we analyse different
values of 𝑘 ∈ {1, 2, . . . , 9}, in order to choose one that provides
the best accuracy.
The defined sequence of fingerprints of length 𝑘 allows us
to apply the methods described in Section 3.2.
4.2.1. Weights Selection. We introduced formulas (3) and (6)
to operate with signals with a different quality. In application,
it is necessary to find an accurate estimation of the quality.
We expected to have a better accuracy when more BTSs
were visible. We say that a particular BTS is visible for a given
fingerprint when the device reported a signal from that BTS.
It is worth recalling that commonly used devices report up
to 7 signals (usually the strongest ones) and the sensitivity is
−113 dBm (signals that are weaker are not reported). Figure
4(a) represents the results of the floor classification for a test
set of fingerprints with respect to the number of BTSs that are
visible. The results are as we expected.
For instance, when 7 BTSs are visible, the accuracy is up
to 66 percent, while with only 1 visible BTS the accuracy
was as low as 34 percent. This suggests that when localisation is based on a history of readings in the next steps of our
algorithm, one should give more importance to the fingerprints with more BTSs that are visible.
Similarly to the floor estimation case, we investigated the
accuracy of the Bagging method with respect to the density
of the infrastructure. The results are presented in Figure 4(b).
We expected the same relationship between the error
and the number of signals, as in the case of floor detection.
And, indeed, the accuracy increases with more BTSs that are
visible. However, there is a difference between the horizontal
and vertical cases, as we can see in Figure 4(b). The major
improvement in accuracy occurs when we consider sets of
fingerprints with 2 and 3 BTSs that are visible. This should not
be a surprise since 3 BTSs is the minimal number needed to
provide an exact localisation in ideal, hypothetical conditions
with no obstacles between the antenna and the receiver. On
the other hand, there is no big difference in accuracy when
the number of visible BTSs increases from 4 to 7 (which is
quite different to the case of floor detection).
To sum up, the results presented in Figures 4(a) and 4(b)
show that the greater the number of BTSs that are visible the
higher the level of accuracy that can be obtained. Hence, in
further considerations we define 𝑤𝑖 ∈ {0, 1, 2, . . . , 7} as the
number of BTSs that were reported by the terminal for the
fingerprint 𝐹𝑖 .
To evaluate the influence of the signal weights used in the
weighted models, we compared three sets of weights. The first
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Figure 5: Floor estimation obtained by mode filters.

set contained equal weights. Therefore, the estimations were
calculated according to (2) and (4).
The second set contained weights given by the number of
observed BTSs. According to the results obtained during the
estimation for a single fingerprint, the number of observed
BTSs is correlated with the accuracy obtained. The estimations were calculated according to (3) and (6).
The third set contained random weights from the domain
[1, . . . , 7] that covered the range of numbers of observed
BTSs. This set was a reference set to check that the number of
observed BTSs was a better coefficient than a random value.
Estimations for the floor and coordinates were made
separately using different tendency filters.

4.2.2. Floor Detection. In this section we perform the analysis
of the localisation solution described above for the problem
of floor prediction. The localisation is based on 𝑘 ∈ {1, . . . , 9}
previous RSS readings and we consider three variants. Two
of them correspond to the floor classification method that
follows from (2) and (3). The third one is similar to (3) but
the weights 𝑤𝑖 are randomly chosen from the set {1, . . . , 7}.
The localisation model was trained using the 𝑆1 -learning
set and then optimised using the 𝑆2 -validation set. The
accuracy obtained for the learning and the validation sets is
presented in Figures 5(a) and 5(b), respectively.
In all cases we see that the weighted mode with weights
corresponding to the visible BTSs brings the best results.
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Figure 6: Accuracy for floor estimation.

For the validation series and the testing series, the weighted
methods provide a substantial improvement when compared
to localisation based on a single fingerprint (path length
𝑘 = 1). Only for the learning set we obtain worse results as
the length of the path considered for localisation increases.
However, this is something one can expect.
What is interesting is that for 𝑘 > 4 the random weights
gave better results than the equal weights. Probably it is the
effect of random reduction of the influence of the farthest
points on the path.
Figure 5(b) shows that the results obtained by the mode
filter are best for 𝑘 ∈ [5, 6]. We fix 𝑘 to be 5 as, obviously, the
smaller 𝑘 is the better choice.
After the learning process and the validation, the obtained
model was tested on the 𝑆3 -testing set. Figure 6(a) shows
that the mode filter increased the accuracy from 57 percent
to 61 percent. Figure 6(b) shows that the weighted mode
filter obtained accuracy on the level of 62.8 percent. That
improves the accuracy of floor detection using weighted
mode compared to detection based on a single fingerprint.
4.2.3. Coordinates Approximation. Similarly to the previous
section, we perform the analysis of the localisation solution
for the problem of horizontal localisation (the estimation of
𝑥 and 𝑦 coordinates) that relies on 𝑘 ∈ {1, . . . , 9} previous
RSS readings. As before, we consider three variants. Two of
them correspond to (4)–(7) described in Section 3.2.2. The
third one is similar to (6)-(7) but the weights 𝑤𝑖 are randomly
chosen from the set {1, . . . , 7}.
The median horizontal error presented in Figures 7(a)
and 7(b) shows that the weighted model gave the best results
provided that the number of observed signals was taken
into consideration. The results for random weights are the
worst.

As before, for the learning set we obtain worse results
when 𝑘 increases (see Figure 7(a)). However, Figure 7(b)
shows that the results for the validation and the testing set
improve with the length of the path and hence we obtain
an accuracy improvement when compared to the method
based on a single fingerprint (𝑘 = 1). The best results can
be obtained for 𝑘 ∈ [6, 7].
Figures 8(a) and 8(b) compare results obtained by algorithms for 𝑘 ∈ {1, . . . , 5}. For paths of length 6, the horizontal
mean error varies from 6.75 metres for a single fingerprint
based method (𝑘 = 1) to 5.40 metres (𝑘 = 6). We can also
observe more than a 2-metre reduction in the gross errors.
The weighted average filter (signal weights 𝑤𝑖 ) does not bring
big error reduction in comparison to the average filter (equal
weights). It is about 10 centimetres for both mean and gross
errors.
4.3. Aggregation by a Multilayer Perceptron. The aggregation
process is carried out separately for the floor detection and the
coordinates approximation because of the different input for
the neural network. The differences lie in both the different
data and the different structure of the input layer.
4.3.1. Floor Detection. The MLP can be used in several ways
in the floor detection task. First, the network can be used to
estimate the current floor on the basis of single estimations.
Second, the MLP can aggregate the results of the previous
steps. Third, both inputs can be merged to create a new model.
In our test the MLP brings 59.54, 64.21, and 55.37
percent levels of accuracy for the estimation on the basis of
single estimations, the aggregation, and the merged model,
respectively. This shows that the proposed solution works
better than neural network modelling. It also suggests that
the results obtained by weighted model are strongly different
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from the results obtained by the model based on single
estimations, and so the merged model cannot work properly.
Figure 9 presents the results obtained by the aggregating
neural network and Table 4 presents the results for individual
floors.
The network gives good results for the first three floors.
For the upper floors, results are worse, but the main source of

errors is the third floor, where accuracy is about 40 percent.
Additionally, for the 4th and 5th floors, the mean error is over
one floor.
4.3.2. Coordinates Approximation. The MLP for the horizontal coordinates approximation was tested—similar to the
floor detection task—on three different inputs: for separate
estimation, for aggregation, and for the merged model.
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Table 4: MLP accuracy for individual floors.
Accuracy [%]
82.83
63.87
75.51
40.11
44.85
50.57
64.21

Mean error [floor]
0.29
0.52
0.38
0.87
1.21
1.33
0.65

In our test, the MLP brings a 6.80, 5.22, and 5.18 mean
error for estimation on the basis of single estimations, aggregation, and the merged model, respectively.
The errors diminish according to the increase of the
length of the paths. However, the length was fixed at 6 in
the previous tests. The mean error, the median error, and the
gross error are less than those for the weighted average filter.
Figure 10 presents the results obtained by the aggregating
neural network and in Table 5, the results for the individual
floors are collected. The obtained error is not correlated with
the floor error (Table 4) nor the number of points. The second
floor, which has the highest number of measurements, has
an average error. The best results are obtained for the 4th
floor, which has a relatively high floor classification error. The
ground floor has the lowest error in the floor classification
task. The same floor has one of the worst results in the coordinates estimation task. The worst results are for the 5th floor.

5. Analysis of Major Accuracy Factors
In this part, we discuss the major factors that may influence
the accuracy of the localisation algorithm. In order to do that,
we will look at the first step of our algorithm (see Section 3.1—
point estimation) since the next steps strongly rely on the
first one. We call this step “point estimation” and it is the
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Table 5: MLP point localisation errors for individual floor.
Floor
0
1
2
3
4
5
Total

Mean
6.24
4.58
5.09
4.71
4.36
6.58
5.18

Median
5.35
3.85
4.41
4.32
3.80
5.53
4.39

80%
8.86
6.73
7.29
6.79
5.66
10.45
7.47

algorithm that provides localisation based on a single RSS
reading (fingerprint). Let us recap; we tested several statistical
models (see Sections 4.1.1 and 4.1.2) and the method based
on Bagging performed best. It can be seen that the main
problem is the floor prediction which is still a subject for
further improvement. On the other hand, the horizontal
performance (estimation of the 𝑥 and 𝑦 coordinates) is
sufficiently good to consider for possible applications. The
horizontal distance error cumulative distribution is given
in Figure 11. One can see that the results of the algorithm
are slightly better for the test fingerprints in the situation
where the floor coordinate was predicted correctly. Let us also
mention that the error for the 𝑥 coordinate is smaller than the
error for the 𝑦 coordinate. However, this phenomenon should
be expected as the range of 𝑥 coordinate is significantly
smaller than that for 𝑦 coordinate. In the remainder of this
section, we shall try to identify the factors that may cause the
errors described above.
5.1. Number of Signals. In Sections 4.1.1 and 4.1.2, we discussed the algorithm’s performance with respect to the
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Table 6: Mean errors analysis with respect to the number of visible BTSs.

Visible BTSs
Distribution
Effectiveness (floor)
Floor error
Error for 𝑥 [m]
Error for 𝑦 [m]
Horizontal error [m]

1
2
3
4
5
9%
2%
9%
18%
22%
27%
63%
47%
60%
63%
1.33
0.61
0.88
0.77
0.80
6.49
6.45
4.29
3.24
2.92
5.94
5.38
5.96
6.06
4.90
9.74
9.49
8.08
7.53
6.30
Results under the assumption that the floor’s prediction was correct
7.05
7.60
3.26
2.95
2.51
6.05
5.39
5.70
5.38
3.69
10.49
10.49
7.05
6.70
5.03

Error for 𝑥 [m]
Error for 𝑦 [m]
Horizontal error [m]

1

0.8
Part of observations

7
15%
70%
0.74
2.99
3.87
5.38

2.76
3.49
5.01

2.68
3.72
5.08

the most fingerprints were taken when collecting learning
data. However, we have no simple explanation as to why the
effectiveness for the other floors is so different despite their
being equally represented in the collection of fingerprints
gathered for learning purposes.
Let us now look at Figure 12(b), where we can see the
horizontal distance error for every floor with and without the
assumption that the floor prediction was correct. Once again,
we see that, for the fingerprints where vertical prediction
was correct, we get a slight improvement in the horizontal
accuracy.

0.9

0.7
0.6
0.5
0.4
0.3
0.2
0.1
0

6
25%
64%
0.77
3.04
4.34
5.89

0

5

10

15

20
25
Error (m)

30

35

40

45

General
Floor is good
Floor is not good

Figure 11: Horizontal distance error cumulative distribution.

infrastructure density. The analysis gave us some clue on
how to proceed in Section 3.2.1. However, for the sake of
completeness, we also provide some exact numbers as reading
them from graphs can be quite difficult. These can be found
in Table 6.
5.2. Floor. In this section, we analyse errors with respect
to the floor number. It is not a natural accuracy factor,
although the following table shows that the errors vary with
the floor number. We shall attempt to find the reason for this
phenomenon.
Table 7 shows statistical data with respect to the floor
number where the measurements were taken.
Firstly, let us look at the effectiveness of the floor’s localisation as this is the most important issue in the localisation
problem.
Let us observe that there is a significant difference in
effectiveness for floor numbers 0 to 2, where our algorithm
works better, and for floor numbers 3 to 5, where the
algorithm obtains worse results. It is not surprising that the
best effectiveness is obtained for floor 2, since this is where

5.3. Area Type. In this section, we analyse the effectiveness
of the floor prediction as well as the mean horizontal
distance error for the different space types in the building.
We showed that the more regularly shaped spaces covered
by the measurement points (POIs) where the fingerprints
were taken were mostly covered by good POIs. Here, by
regularity we mean that there is no significant difference
between width and length. On the other hand, long corridors
where fingerprints were only taken along them (and not in
the adjacent rooms) were commonly covered by bad POIs.
It should be mentioned that the POIs where fingerprints
were taken for learning purposes (not testing) cover the same
regions as the POIs used for testing purposes. This leads us to
the conjecture that the shape of the area covered by the POIs
where fingerprints are taken is important. In other words,
if the shape is more compact then we obtain better results.
This would explain why the effectiveness is so different on
floors 3 to 5. Using visualisation methods, we are able to find
the areas of the building for which the localisation algorithm
should be improved. Such maps also show that the good and
bad regions are not randomly distributed. They actually give
us a reasonable partition into easily identified and somehow
natural sectors of the building.
5.4. Other Factors. Beside the accuracy factors discussed in
the sections above, there are several other factors that influence the accuracy. All this is well covered in [10]. However, the
most important factor is the instability of the signal strength
along the time axis. This might be caused by changes in the
weather conditions or in the occupancy of the building, or
various other reasons. It obviously varies from day to day
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Table 7: Mean errors analysis with respect to the floor number.

Floor
Distribution
Effectiveness (floor)
Floor error
Error for 𝑥 [m]
Error for 𝑦 [m]
Horizontal error [m]

0
1
2
3
4
13%
40%
11%
13%
11%
68%
68%
69%
30%
47%
1.33
0.61
0.88
0.77
0.80
6.49
6.45
4.29
3.24
2.92
5.94
5.38
5.96
6.06
4.90
7.93
5.72
6.80
6.94
5.96
Results under the assumption that the floor’s prediction was correct
7.05
7.60
3.26
2.95
2.51
6.05
5.39
5.70
5.38
3.69
6.27
4.76
6.22
6.53
4.66

Error for 𝑥 [m]
Error for 𝑦 [m]
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Figure 12: Analysis with respect to the floor number.

but can also be observed within much shorter periods. It
should be pointed out that since the data collection was very
time consuming, the measurements were taken on several
different days. This is something that definitely influences the
accuracy of the algorithm. Figure 13 shows how the signals
from the 10 key BTSs vary among the three series for each
floor and from floor to floor, with each series covering the
same area of the building. This may suggest that the classical
fingerprint approach is insufficient for the floor recognition
problem. Perhaps GSM-based localisation should be thought
of as a supplementary method rather than a stand-alone
method when considering real life applications in multifloor
environments. On the other hand, the horizontal accuracy of
our algorithm seems to be already sufficient for localisation
solutions in large single storey buildings.

6. Comparison with Other Methods
The results obtained are compared with the results of the
random algorithm as well as results presented in other
works.

6.1. Comparison with Random Selection. Reference levels
for the described algorithm were defined by the following
algorithm. A set consisting of (𝑥, 𝑦, floor) triplets was
created. The set contained triplets from all measurements
from the first and second series. Next, paths were cut on
overlapping subsequences of length 𝑘 starting from the 𝑘th
observation. This testing set was created from paths defined
by measurements from the third series; that is, the testing
set was the same as in the evaluation of mode and weighted
algorithms described above. At each point—the last point in
the subsequence of the testing path—the algorithm produced
a randomly selected triplet from the set of learning triplets
defined above.
The mean error obtained for floor identification was 80
percent. The mean errors for coordinate estimation were 8.97
and 12.82 metres for 𝑥 and 𝑦, respectively. The total mean
error for a point was 17.21 metres. This test proved that the
results obtained by our algorithm are reasonable.
6.2. Comparison with Other Works. Position finding methods
and their accuracy have become important issues in research
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over recent years. Outdoor solutions are mainly based on
GPS/AGPS combined with a GSM approach. Regrettably,
they are not suitable for indoor environments—because
of significant loss in the GPS signal strength. Therefore,
many different methods for positioning in indoor situations
have been proposed: [9, 11–17]. These employ different
technologies, for example, WiFi, Bluetooth, infrared, and
various algorithms for position calculation, using proximity,
distance or angle estimation, and complex analysis of the
scene. A comprehensive study of the existing wireless indoor
positioning solutions and their classification is presented
in papers [18, 19]. In addition, [20] comprises an in-depth
review of different methods, tools, and technologies, as well
as promising areas of research for indoor tracking.
6.2.1. Localisation with GSM Networks. Almost all the existing indoor positioning algorithms are based on fingerprinting. In this section, we concentrate on methods based on
widely available GSM networks. This approach does not
require additional installation and maintenance, and thus it
has been shown to be promising for locating mobile terminals
inside buildings. The main limiting factors here are multipath
and fading. The power level of the signal as it is received from
Access Points at a fixed location may change due to the user’s
orientation or environmental changes. We focus above all on
the accuracy of position approximation, measured in metres,
and the requirements (e.g., input data) for the methods that
have been developed.
An accurate GSM indoor localisation system in multistorey buildings is proposed in [21]. It is based on wide signal
strength fingerprints and readings from more than 6 of the
strongest cells that are used in the GSM standard. The GSM
fingerprints were collected in a dense grid with 1 metre to 1.5
metres of granularity. Four methods, differing in the structure
of their fingerprints (WLAN, the strongest GSM cell, the 6
strongest GSM cells, and up to 35 GSM channels) and the 𝐾mean clustering algorithm, were implemented. Experiments
verified that this method is comparable to the WLAN
approach (achieving an accuracy of between 2.2 metres and
4.8 metres). The median accuracy achieved for multifloor
positioning was 5 metres; and on just one floor, it reached 2.5–
5.5 metres. For the 6 strongest cells, it ranged from 3.4 metres
to 11 metres depending on the environmental properties,
such as the material the building was made of. This proved

that extending fingerprints, including signal strength information from channels other than the 6 strongest cells, can
significantly increase localisation accuracy and, in addition,
can differentiate between floors in both wooden and steelreinforced concrete buildings, unlike WLANs, whose signals
are not sufficiently weakened by wooden structures between
floors. The percentage of erroneous floor classification varied
from 20 to 65 percent for less than 10 fingerprints and
decreased to 3–11 percent for over 30 GSM channels.
In an indoor positioning system presented in [22], both
GSM and WLAN signals were used to estimate the terminal position using the nearest neighbour method. Three
metrics—Euclidean, Mahalanobis, and probability (based on
the maximum likelihood estimator)—measuring the distance
between the fingerprints in GSM, WLAN, and composed
signal data spaces were investigated. Tests were performed in
an indoor office of about 38 metres × 42 metres and were
limited to one floor (the 7th of a 9-storey building). Both
WLAN and GSM data were collected at the same time. The
signal strength database was built with 180 measurements of
the signal strength for 61 distinct points along the corridor
with spacing of about 1.5 metres and 4 orientations were collected. The training set consisted of 80 percent of randomly
chosen data. Experimental results showed that the method
using both GSM and WLAN networks is stable and can reach
centimetre-level accuracy, which outperforms the system that
utilises a single network only. When using only GSM data,
the mean error for Euclidean, Mahalanobis, and probability
distances was as low as 1.69 metres, 0.87 metres, and 0.65
metres, and in the worst cases 37.3 metres, 16.76 metres, and
9.14 metres, respectively. The mean error seems to be over
7 times better than that in our method; however, the case
tested here was much simpler. The sample points formed a
polygonal path, similar to the letter P. Therefore, matching the
estimated points is performed in practice in 1-dimensional
space, not 2-dimensional or even 3-dimensional space, as in
our algorithm.
The effectiveness of GSM-based localisation methods
depends on the number of available and examined GSM
carriers. The work [23] presents an algorithm based on fullband GSM fingerprints. Tests were performed in an urban 5room apartment on the 5th (top) floor. Both the RSS and base
station identity code (BSIC) were recorded twice a day for a
month, for the full available set of 498 GSM carriers using the
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TEMS trace mobile system. The data set contained 241 scans
assigned to 5 rooms. The training set included 169 examples,
and the validation set included 72 examples. Three types of
classifiers were compared: nearest neighbour, support vector
machine (SVM), and Gaussian process. To reduce the complexity of classifiers, the 3 fingerprint types (with a limited
number of carriers with the strongest RSS values) were
defined and were then compared to the one containing all
GSM carriers. The commonly used 7-carrier-based measurements classified 59.3–78.8 percent of fingerprints correctly,
and the effectiveness for fingerprints of length 35 was 86–93.3
percent. Very good performance (97.8 percent of correct radio
fingerprint classifications) was obtained in the case of the linear SVM method for all active carriers, and RSS values were
included. It should be noted that the localisation is limited to
one floor and to room-level only; but the results confirm that
the greater the extent of the fingerprints available, the higher
the accuracy provided. Further extensions of this method
combined with inertial sensors and a site map are the subject
of [24], where an overall 70 percent correct classification was
obtained with misclassifications covering mainly the adjacent
rooms. The authors report that localisation was performed in
a so-called short time with a very small training set.
The problem of choosing a subset of relevant GSM
carriers providing a good distinction between rooms is also
examined in [25]. Measurements were also carried out over
one month in 5 of 8 rooms of a 2nd-floor office, using a
TELIT GM-862 modem that detected 534 different carriers.
The input data consisted of 601 measurements assigned
to 5 rooms. Two algorithms for ranking input variables
were investigated: forward regression using Gram-Schmidt
orthogonalization and SVM recursive feature elimination.
The results obtained proved that the 60 most relevant carriers
are sufficient to properly localise 97 percent of scans in an
independent test set by both algorithms.
6.2.2. Floor Classification. Floor classification itself is the
subject of research [26]. The paper presents SkyLoc, a GSM
fingerprinting-based system, which determines the current
floor on which a user with a mobile phone is located. The
algorithm that predicts the floor uses the smallest Euclidean
distance. To improve performance and memory usage, the
size of fingerprints has been reduced; inappropriate signal
sources have been eliminated via the following feature selection techniques: forward selection, backward elimination,
and a new per-floor selection. The next optimisation was
achieved using the sliding window algorithm, which first
classifies each measurement individually, and then picks the
current floor as the most frequently appearing floor among
a sequence of 5, 10, or 20 results. The tests were conducted
in 3 tall (9-, 12-, and 16-storey) buildings, using as the data
set 110, 30, and 130 fingerprints per floor, respectively. The
fingerprints were collected along user paths with a spacing of
about 2 metres with different hardware separately for training
and testing sets, at an interval of 2 days or a month, depending
on the building. For 20 testing points in a sliding window,
the system classified the floor correctly in 50 percent to 73
percent of cases. For 5 testing points, compared to our tests of
4 points of historical estimations and 64 percent accuracy, the
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obtained results were worse—the system correctly classified
from 45 percent to 60 percent of cases. Surprisingly, the
number of training fingerprints per floor had little impact on
the localisation accuracy.
As we verified before, the effectiveness of 3-dimensional
localisation may be improved when the phases of recognition
of the floor, and the estimation of 2-dimensional coordinates
within a given (single) floor, are separated. Floor detection
can be significantly enhanced by using additional sensors
embedded in mobile devices. The work [27] describes a
combined seamless 3-dimensional localisation system using
an atmospheric pressure sensor to calculate the user’s altitude,
and thus the floor, in real time. The tests were carried out in a
4-storey building. The pressure accuracy was better than 2 Pa,
giving an altitude resolution of better than 0.5 m; hence, the
system could accurately determine the floor.
The paper [28] presents a method of using a mobile
phone’s accelerometer only and analysing user trials, to map
the current floor level. It does not require any infrastructure
or any prior information of the building. A field study
involved 10 mobile users for three hours in a 10-floor building
with two elevators. Each smartphone was equipped with an
embedded 3-axis accelerometer. The accuracy approached
90 percent in 2 hours and reached 97 percent in three
hours. The authors reported further improvements in the
localisation based on crowdsourcing in the work [29]. Then,
[30] describes system leveraging also using crowdsourcing
and building a barometer fingerprint map containing the
atmospheric pressure value for each floor level. The experimental results showed a very high accuracy for this method,
of over 98 percent.
In all the works described, the complexity of the proposed solutions is not given. The authors have written that
algorithms work in short time or even in real time. Only in
[26] was performance evaluation performed. On average, it
took 0.002 seconds to match a single testing fingerprint to
a single training fingerprint; therefore, matching a current
mobile phone fingerprint to a whole training set would take
about a second.
To sum up, the errors for our solution (4.62 metres for
a horizontal localisation in a multistorey building and 64
percent for the floor detection) are comparable to, or even
better than, those obtained in the reviewed works and based
only on received GSM signal strength. The results reported
in literature for methods using additional sensors in a mobile
system seem to be a step in the right direction towards
improving the accuracy of our localisation system.

7. Conclusions
This work describes and analyses a localisation solution in a
six-floor academic building. The localisation was based on the
signals from Global System for Mobile Communications Base
Transceiver Stations. The localised objects were common
mobile phones. We demonstrated that, for the localisation
based on a single fingerprint, we obtained a horizontal
median error of about 6.5 metres and accuracy of floor
detection of about 56%. We proposed a three-step method
that uses not only a single fingerprint but also the preceding
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Table 8: Summary of the localisation results of individual steps of the localisation process.

Stage
Estimation for single fingerprint
Estimation for fingerprints sequence
MLP aggregation

Mean [m]
6.75
5.32
5.18

ones. This method improved the accuracy. We obtained a
horizontal median error of around 4.4 metres and floor
detection accuracy of over 64%. Table 8 summarises the
errors obtained during the localisation process for each step
separately. It shows that this method improves localisation in
every case.
The localisation error for coordinates obtained in our
work is similar to the results obtained in different works
that used additional information such as WLANs signals or
accelerometers data. A median error of below 5 metres is
acceptable in indoor localisation. However, the accuracy of
the floor detection algorithm is relatively low. This problem
can be solved using WLANs signals. Our tests proved that, by
using a combination of GSM and WLAN signals, the current
floor can be detected with an accuracy of over 90 percent. This
work focuses on GSM signals and in this case a pure GSM
signal seems to be insufficient to localise a floor in a multistorey building.
In further works we want to collect additional data from
the same and other buildings to examine long-term differences in the signal map, collect additional data such as accelerometer data, and apply the proposed methods for various
buildings.
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People in public areas often appear in groups. People with homogeneous coarse-grained activities may be further divided into
subgroups depending on more fine-grained behavioral differences. Automatically identifying these subgroups can benefit a variety
of applications for group members. In this work, we focus on identifying such subgroups in a homogeneous activity group (i.e., a
group of people who perform the same coarse-grained activity at the same time). We present a generic framework using sensors
built in commodity mobile devices. Specifically, we propose a two-stage process, sensing modality selection given a coarse-grained
activity, followed by multimodal clustering to identify subgroups. We develop one early fusion and one late fusion multimodal
clustering algorithm. We evaluate our approaches using multiple datasets; two of them are with the same activity while the other
has a different activity. The evaluation results show that the proposed multimodal-based approaches outperform existing work that
uses only one single sensing modality and they also work in scenarios when manually selecting one sensing modality fails.

1. Introduction
People often appear in groups and participate in various
activities in public areas. People with homogeneous coarsegrained activities may be further divided into subgroups
based on more fine-grained behavioral differences. For
instance, in emergency response situations such as fire evacuation, people have the same coarse-grained activity, that
is, walking or running towards emergency exits. However,
people may be heading for different exits and with different
moving speeds, and people who are moving together can be
considered as a subgroup. By monitoring these subgroups,
the emergency control center can better guide people by
directing each subgroup’s route. Therefore, partitioning a
group with the same coarse-grained activity into subgroups
based on specific activity differences is very important.
Similarly, tourists walk around in a park and walking is the
same coarse-grained activity. Different walking flocks can be
distinguished by the mobility patterns of the tourists; that is,
people in the same subgroup should have similar direction

and speed. A tour guide can easily manage the tourist
group based on the walking flocks and send customized
message to different subgroups which are heading to different
attractions. Another example is people watching a game.
Different subsets of the audience cheer for different teams
in a game and the subgroups can be distinguished by the
specific actions performed by them; that is, people in support
of the same team typically perform certain gesture such as
waving hands during the same time period when the team
is performing well. Fans of the same team can be easily
identified and they can be recommended to be friends to
share information for future games. Partitioning groups with
the same coarse-grained activity into subgroups based on
specific activity differences is exactly the focus of this work.
Lots of work have been done in group detection and
activity recognition using mobile devices, but the problem at
hand has not been fully addressed by existing work as detailed
in Section 2. We have been inspired by the divergence-based
affiliation detection (DBAD) approach [1] which provides
a framework to identify group affiliation given a sensing
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modality to be used for an activity. Different from the group
activity recognition problem which typically first recognizes
each user’s activity and then analyzes their cooperative or
collaborative relationship in a group [2], the group affiliation
detection problem is about how to identify which users
have similar behavior instead of identifying their specific
activities. However, one limitation of DBAD is that only one
sensing modality can be used at a time to distinguish multiple
subgroups, so it cannot accurately partition the groups when
behavioral differences can be observed only through multiple
sensing modalities. Another limitation of DBAD is that
the sensing modality has to be explicitly provided to the
framework, which is not practical in many cases since it is not
clear which sensing modality works the best. In this work, we
focus on building a generic framework that fuses multimodal
sensors to identify subgroups in a homogeneous activity
group. In other words, the same coarse-grained activity of all
the people is provided to the framework as prior knowledge;
the framework will divide these people into subgroups based
on multiple sensing modalities automatically determined for
the given coarse-grained activity. This is also different from
the group detection problem studied by some existing work
[3–6] as detailed in Section 2 which fuses some manually
selected sensor features to group comoving people or devices.
Fine-grained partition of groups raises several interesting
challenges.
Sensing Modality Selection. Existing work has shown that
sensors on the users’ mobile devices produce similar signals
when the users have the same fine-grained activity [7];
therefore, group affiliation can be detected by monitoring the
sensor signals of the mobile devices. However, with multiple
sensing modalities available, it is not clear which sensing
modalities can best capture users’ activity similarity. It is
even harder for a generic approach since it needs to detect
group affiliation under any activity. We address this issue in
Section 3.
Inconsistent Window Size among Multiple Sensing Modalities.
To reduce cost (in particular in terms of energy consumption) of data collection and exchange to measure similarity
between users, it is necessary to summarize the sensor data
time series into aggregate sensor features. We choose to
use probability distribution function (PDF) as the aggregate
sensor feature [1]. The length of sensor data time series
for summarization significantly impacts similarity measurement, so we need to determine the measurement time
window for each sensing modality and deal with the different
time window sizes when combining the measurements of
multiple sensing modalities. We address this issue in both
training phase (Section 3.3) and testing phase (Section 4.1).
Multimodal Clustering. Identifying groups based on the
similarity measurements of multiple sensing modalities is
nontrivial. Usually, we can apply clustering algorithms on the
similarity graph of all users. However, since most sensing
modalities are independent of each other, we cannot arbitrarily weigh each sensing modality to combine their similarity
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measurements into a single value. We address this issue in
Sections 4.2 and 4.3.
The main contribution of this paper is that we propose
approaches to address these challenges in a generic framework using two phases: phase I is sensing modality selection
and phase II is multimodal clustering for group identification.
The overall process is presented in Figure 1. We evaluate
our approaches using both the dataset provided in DBAD
and two datasets we collected. The evaluation results show
that our multimodal-based approach outperforms the DBAD
approach that uses only one sensing modality by about 10%
in group affiliation accuracy. Even though 10% is not a large
margin, a distinguishing feature of our approaches is that we
can automatically select the right sensing modalities while
the best sensing modality has to be explicitly provided to
DBAD, which significantly limits its practicality. Further, our
approaches work effectively for various activities.

2. Related Work
Group affiliation detection and group identification have
been studied using sensor-equipped mobile devices such as
smartphones. There exist several ways to identify groups, for
instance, based on interactions [8], proximity [9], mobility
[3–6], and activity [1, 7]. Most of the existing work relies
on mobility for group detection, in which the individuals
who have the similar trajectories are considered as in the
same group. For example, GruMon [4] determines a group of
individuals in a specific location who are traveling together
in crowded urban environment. The solution fuses location
data of different levels of accuracy using Bluetooth or WiFi
with additional data such as semantic labels and smartphone
sensor data, and the system shows very promising results
based on tests using real-world datasets. In this paper, we
focus on the activity-based group detection, in which the
individuals who have similar activities are considered in the
same group. For example, [7] identifies activity groups based
on crowd behavior such as queueing, clogging, and group
formation. The solution involves individual activity inference,
pairwise activity relatedness, and global behavior inference.
Different from the mobility-based group detection, tracking
the location data of each individual over time is no longer a
requirement. To be more specific, we define a homogeneous
activity group as a group of people who perform the same
coarse-grained activity at the same time and is one type
of activity-based groups (people can have the same coarsegrained activity or different coarse-grained activities). We will
use the term “activity” to represent a coarse-grained activity
in the rest of the paper.
This work of identifying subgroups in a homogeneous
activity group is inspired by DBAD [1]. The DBAD approach
uses probability density functions (PDF) to model sensor
data. Each mobile device computes the disparity to its
neighbors by computing Jeffrey’s divergence between the
local PDF and the neighbors’ PDF. The DBAD approach
has several limitations. First, only one sensing modality is
used at a time and this has to be selected manually. In
particular, to identify people walking in different groups,
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Phase I: sensing modality selection
Collect sensor data from mobile
users with homogeneous activity

Compute scoring
function based on
Jeffrey’s divergence

Select
sensing modalities

Adjust
window size

Phase II: group identification

Multimodal clustering:
probability-based clustering algorithm or
majority voting-based clustering algorithm

Dealing with
inconsistent
window size

Figure 1: The overall process.

the magnitude of the accelerometer readings is manually
selected to identify groups walking with different speeds, and
the azimuth sensing modality obtained from the orientation
sensor is manually selected to identify groups with different
walking directions. However, using only the azimuth will
not work when different groups of people walk in the same
direction but with different speeds; using only the magnitude
can not differentiate groups with different directions. Therefore, multimodal sensing is necessary to distinguish different
groups without prior knowledge of the grouping details.
Second, in DBAD experiments, wearable mobile devices are
attached to the human body with fixed positions to reduce
noise in sensor data collected. This is not practical since
people may put their phones in pockets or hold them in hand.
It is not clear how DBAD performs when noise is present in
the collected data.
In activity recognition, the first stage is often sensing
modality selection (i.e., feature construction). There are
many existing approaches based on mobile devices [10]. In
general, either based on some domain knowledge about
the physical behavior involved or by making some default
assumptions, a fixed set of sensing modalities is manually
selected to construct the feature for a specific activity. Further,
as discussed in [11], most activity recognition approaches are
not generic and they often lead to solutions that are tied to
the specific scenarios. Therefore, [11] proposes an algorithm
which embeds feature construction into the machine learning
process. However, this generic approach only works for the
classification and regression problems and cannot be directly
applied to the clustering problem we face in this work.

3. Phase I: Sensing Modality Selection
For different activities, different sets of sensing modalities
may represent the most distinguishing features. The sensing
modality selection process uses a training set for a given
activity. The training set consists of one time series for each
sensing modality on each mobile device. Each time series may

have different sampling rate and may need to be summarized
in different time windows. To select the sensing modalities
which can provide accurate group affiliation detection results,
we first define scoring function as a metric to find the best
window size for a sensing modality and then determine
whether the sensing modality is qualified for group affiliation
detection.
Notations are listed at the end of the paper. The thresholds
depend on the activities and sensing modalities. In this work,
we determine the practical values of these thresholds using
our datasets for various activities. We will determine the
thresholds by activity as detailed in Section 6 in our future
work.
3.1. Scoring Function. We use a probability-based approach to
predict the group affiliation detection accuracy of a sensing
modality 𝑚𝑘 .
By summarizing 𝑚𝑘 on each mobile device over a time
window as a PDF, we can compute Jeffrey’s divergence [13]
(measures the disparity, opposite of similarity) between each
device pair. Jeffrey’s divergence between two probability
distributions PDF𝑖 and PDF𝑗 is given by
DJ (PDF𝑖 ‖ PDF𝑗 ) = ∫ (PDF𝑖 (𝑚𝑘 ) − PDF𝑗 (𝑚𝑘 ))
⋅ ln (

(1)

PDF𝑖 (𝑚𝑘 )
) 𝑑 (𝑚𝑘 ) .
PDF𝑗 (𝑚𝑘 )

Scoring function 𝐹(𝑚𝑘 ) (2) is defined as the conditional
probability of any pair of devices in the 𝑛 devices’ training set
being in the same group when Jeffrey’s divergence between
them for sensing modality 𝑚𝑘 is no larger than TH𝑠 :
𝐹 (𝑚𝑘 ) = 𝑃 (𝐺𝑖,𝑗 = 1 | DJ (PDF𝑖 ‖ PDF𝑗 ) ≤ TH𝑠 ) ,
∀𝑖, 𝑗 ∈ 𝑛, 𝑖 ≠ 𝑗,

(2)

where 𝐺𝑖,𝑗 = 1 indicates that 𝑖 and 𝑗 are affiliated with the
same group while 𝐺𝑖,𝑗 = −1 indicates no group affiliation. As
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discussed in [1], TH𝑠 highly depends on the sensing modality
being used and varies for different activities.

𝐹 (𝑚𝑘 ) =

Using Bayes’ theorem, (2) is derived as

𝑃 (DJ (PDF𝑖 ‖ PDF𝑗 ) ≤ TH𝑠 | 𝐺𝑖,𝑗 = 1) × 𝑃 (𝐺𝑖,𝑗 = 1)
∑V={1,−1} 𝑃 (DJ (PDF𝑖 ‖ PDF𝑗 ) ≤ TH𝑠 | 𝐺𝑖,𝑗 = V) × 𝑃 (𝐺𝑖,𝑗 = V)

The PDF of a sensing modality can be computed using
Algorithm 1, assuming the distribution function type is
known for the sensing modality. For example, most sensing
modalities such as 3D acceleration and 3D rotation rate can be
modeled as standard Gaussian distribution, and some sensing
modalities such as orientation data have circular features and
can be modeled as von Mises distribution [14]. If standard
Gaussian is the distribution function type, the parameters are
the mean 𝜇 and the variance 𝜎2 of a vector of numerical values
in a time series. If von Mises is the distribution function type,
the parameters are the circular mean 𝜇(𝜃) and the circular
variance 𝜎(𝜃)2 of a vector of angular values in a time series.
The computational cost of Jeffrey’s divergence is related to
the number of integration steps when calculating the integration in (1), and the integration steps can be determined based
on the time series length 𝑙. Therefore, the time complexity of
computing Jeffrey’s divergence for a time series with length 𝑙
is about 𝑂(𝑙).
3.2. Sensing Modality Selection. The sensing modality selection problem is stated as follows. Given 𝑛 mobile devices or
users in the training set, each has a set of time series 𝑆 (contains one time series of the time stamped data for each sensing
modality under a given activity 𝐴), and given the scoring
function 𝐹 to predict the group affiliation detection accuracy
(i.e., the ratio of group affiliations that can be determined
correctly), find the set of sensing modalities as well as the
best window sizes which may result in an accuracy higher
than decision threshold TH𝑑 . Since a probability less than 0.5
means that the group affiliation detection has more chance to
be incorrectly detected than correctly detected, TH𝑑 should
be larger than 0.5. Further, according to different activities,
TH𝑑 may vary in order to choose the most significant sensing
modalities which have highest scores. The determination of
TH𝑑 and the most significant sensing modalities will be
discussed in Section 5.
Algorithm 2 depicts how to select the candidate sensing
modalities with their corresponding best window sizes which
lead to the detection probability higher than TH𝑑 . The time
complexity depends on the number of sensing modalities
(constant), the number of windows (constant), the number
of mobile devices 𝑛, and Jeffrey’s divergence computation
complexity (𝑂(𝑙)). Therefore, the overall time complexity of
sensing modality selection is 𝑂(𝑛𝑙).
3.3. Adjusting Window Size. The sensing modality selection
process identifies the best and a few secondary sensing
modalities. The window size of each candidate sensing

.

(3)

modality is compared against that of the best sensing modality. For any candidate sensing modality, if the new scoring
function when using the window size of the best sensing
modality is still not smaller than TH𝑑 , the window size of
this sensing modality will be modified to the same as that
for the best sensing modality; otherwise, it keeps the original
window size. The rationale behind this trick is to produce the
multimodal fusion results mainly based on the best sensing
modality and the results are expected to be improved by
considering the secondary sensing modalities. The purpose
of this window size matching is to reduce the processing of
different window sizes during multimodal clustering in phase
II.
Algorithm 3 depicts this process of adjusting window
size. Similar to Algorithm 2, the time complexity of adjusting
window size is 𝑂(𝑛𝑙).

4. Phase II: Group Identification Using
Multimodal Clustering
Once we have determined a set of candidate sensing modalities along with their window sizes, the next process is to use
the test set to identify subgroups whose members have high
similarity in these sensing modalities within a homogeneous
activity group. Unlike the precollected training set, the test set
can be recorded in real time and the sensor data distributions
of all mobile devices can be periodically (i.e., according to
the window sizes of the sensing modalities) sent to a central
server in an infrastructure-based environment or collected
by a sink node via data collection protocols in mobile ad hoc
networks. Therefore, the group identification can also be done
in real time in addition to using a precollected test set.
The multimodal sensor fusion-based group identification
problem is actually the multimodal clustering problem,
which has commonly been treated using early fusion or late
fusion [15]. Early fusion combines the sensing modalities in
a specific representation before the clustering process, while
late fusion first applies the clustering process to each sensing
modality separately and then combines the results from each
sensing modality. According to the comparison in [16], the
advantage of early fusion is that it requires one learning
phase only, while the disadvantage is the difficulty to combine
multiple sensing modalities in a common representation.
Although late fusion avoids this issue, it has other drawbacks
such as the expensiveness in learning since every sensing
modality requires a separate learning phase and potential
loss of correlation in multidimensional space. We believe that
early fusion may outperform late fusion in certain scenarios,
but not in others. Therefore, we investigate and compare two
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Input: time series 𝑠, time series length 𝑙, window size 𝑤, distribution function type 𝑓
Output: series of mixture model parameters 𝑝
(1) for 𝑖 ∈ [0, 𝑙/𝑤] do
(2) Use expectation maximization [12] to calculate the parameters of 𝑓 for values 𝑠[𝑖 × 𝑤] to 𝑠[(𝑖 + 1) × 𝑤 − 1] in the vector of time
series 𝑠;
(3) 𝑝[𝑖] ← {𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠};
(4) end for
Algorithm 1: Compute PDF.

Input: training set of time series 𝑆1 , . . . , 𝑆𝑛 from 𝑛 mobile devices under activity 𝐴, 𝑥 sensing modalities
in each set of time series, window size range 𝑤min and 𝑤max according to the sampling rate in the
training set, scoring function 𝐹, decision threshold TH𝑑
Output: set of candidate sensing modalities 𝐶
(1) 𝐶 ← Ø;
(2) scorebestmodality ← 0;
(3) 𝑤bestmodality ← 0;
(4) for 𝑘 ∈ [1, 𝑥] do
(5) 𝑚𝑘 .index ← 𝑘;
(6) 𝑚𝑘 .scorebest ← 0;
(7) 𝑚𝑘 .𝑤best ← 𝑤min ;
(8) for 𝑤 ∈ [𝑤min , 𝑤max ] do
(9)
for 𝑖 ∈ [0, 𝑛) do
(10)
PDF[𝑖] ← ComputePDF(𝑠𝑖 ← 𝑆𝑖 [𝑘], 𝑤);
(11)
end for
(12)
if 𝐹(𝑚𝑘 ) ≥ 𝑚𝑘 .scorebest then
(13)
𝑚𝑘 .scorebest ← 𝐹(𝑚𝑘 );
(14)
𝑚𝑘 .𝑤best ← 𝑤;
(15)
end if
(16) end for
(17) if 𝑚𝑘 .scorebest ≥ TH𝑑 then
(18)
𝐶 ← 𝐶 ∪ {𝑚𝑘 };
(19)
if 𝑚𝑘 .scorebest ≥ scorebestmodality then
(20)
scorebestmodality ← 𝑚𝑘 .𝑠corebest ;
(21)
𝑤bestmodality ← 𝑚𝑘 .𝑤best ;
(22)
end if
(23) end if
(24) end for
Algorithm 2: Select sensing modalities.

clustering approaches, probability-based clustering for early
fusion and majority voting-based clustering for late fusion.
Before we discuss the two clustering algorithms, we need
to explain how to deal with different window sizes among
different sensing modalities selected.
4.1. Dealing with Inconsistent Window Size. We use the window size of the best sensing modality for group identification,
so the best sensing modality delivers one pairwise group
affiliation result in each time window of group identification,
and the secondary sensing modalities deliver multiple or no
results in such a time window. Figure 2 shows an example
with time series of three candidate sensing modalities provided by a mobile device, where 𝑠1 is for the best sensing
modality 𝑚1 and the window size 𝑤1 of 𝑚1 is used as the
group identification time window. The window size of each

sensing modality is the same on all mobile devices. Therefore,
by collecting the information of all sensing modalities on
all mobile devices, 𝑚1 delivers one pairwise group affiliation
result in each of the 𝑤1 windows, 𝑚2 (corresponding to
𝑠2 ) delivers one or no result, and 𝑚3 (corresponding to 𝑠3 )
delivers one or multiple results.
To determine pairwise group affiliation between a pair
of mobile devices 𝑖 and 𝑗, Jeffrey’s divergence is compared
against threshold TH𝑠 : if DJ(PDF𝑖 ‖ PDF𝑗 ) ≤ TH𝑠 , then
use the temporary result V = 1 to indicate positive group
affiliation; otherwise, use V = −1 to indicate no group
affiliation. Moreover, since the sensing modality 𝑚𝑘 may
deliver multiple results or no result in the group identification
time window 𝑤1 , we define the aggregated result delivered by
𝑚𝑘 in each 𝑤1 window as 𝑟𝑚𝑘 ∈ {1, 0, −1}, indicating whether
the sum of V during the window is positive, zero, or negative.
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Input: training set of time series 𝑆1 , . . . , 𝑆𝑛 from 𝑛 mobile devices under activity 𝐴, scoring function 𝐹, decision threshold TH𝑑 , set
of candidate sensing modalities 𝐶
Output: 𝐶 with adjusted window sizes
(1) for 𝑚𝑐 ∈ 𝐶 do
(2) if 𝑚𝑐 .scorebest < scorebestmodality then
(3)
for 𝑖 ∈ [0, 𝑛) do
(4)
PDF𝑖 ←
(5)
ComputePDF(𝑆𝑖 [𝑚𝑐 .index], 𝑤bestmodality );
(6)
end for
(7)
if 𝐹(𝑚𝑐 ) ≥ TH𝑑 then
(8)
𝑚𝑐 .scorebest ← 𝐹(𝑚𝑐 );
(9)
𝑚𝑐 .𝑤best ← 𝑤bestmodality ;
(10)
end if
(11) end if
(12) end for
Algorithm 3: Adjust window size.
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Figure 2: Example time series with different window sizes.

This is because positive summation implies that most of the
time positive group affiliation is suggested and vice versa. The
aggregated result 0 may be caused by no result delivered in
this time window or multiple results canceling out each other.
In this case, the impact of 𝑚𝑘 on group identification does
not need to be considered. Therefore, sensing modality 𝑚𝑘
is taken into account in a group identification time window
only when it provides an aggregated result 1 or −1.
4.2. Early Fusion: Probability-Based Clustering. We present
an early fusion multimodal clustering approach which combines the pairwise group affiliation results delivered by all
sensing modalities in each group identification time window
into a single result. A common approach for early fusion
is to assign weights to each sensing modality. However,
it is difficult to determine the appropriate weights, either
manually or using a search procedure. Moreover, we have
sensing modalities which deliver the pairwise group affiliation results with different accuracies. Intuitively, the best
sensing modality should be given the highest weight in the
early fusion process. If we assign a percentage as the weight
to each of the sensing modalities and then sum them up,
the fusion function has no physical meaning and it is even
more confusing than using only the best sensing modality.
On the other hand, as discussed in Section 2, using a
single sensing modality without prior knowledge of grouping
details is insufficient for many scenarios such as different

groups of people walking in the same direction but with
different speeds. Therefore, instead of using a single sensing
modality or arbitrarily providing weights to different sensing
modalities, we use the joint probability of correct pairwise
group affiliation detection as a fusion method to combine the
pairwise group affiliation results delivered by all the selected
sensing modalities.
In a group identification time window, given a set of
sensing modalities {𝑚1 , . . . , 𝑚𝑧 }, each delivers a pairwise
group affiliation result 𝑟𝑚𝑦 ∈ {1, −1}, where 𝑦 ∈ {1, . . . , 𝑧}. The
probability of correct pairwise group affiliation detection (i.e.,
the fusion function) is calculated as shown in what follows
using Bayes’ theorem:
𝑃 (𝐺𝑖,𝑗 = 1 | 𝑟𝑚1 , . . . , 𝑟𝑚𝑧 )
=

𝑃 (𝑟𝑚1 , . . . , 𝑟𝑚𝑧 | 𝐺𝑖,𝑗 = 1) × 𝑃 (𝐺𝑖,𝑗 = 1)
∑V={1,−1} 𝑃 (𝑟𝑚1 , . . . , 𝑟𝑚𝑧 | 𝐺𝑖,𝑗 = V) × 𝑃 (𝐺𝑖,𝑗 = V)

.

(4)

Further, we assume that each sensing modality can deliver
a pairwise group affiliation result independently, so we can
rewrite (4) as
𝑃 (𝐺𝑖,𝑗 = 1 | 𝑟𝑚1 , . . . , 𝑟𝑚𝑧 )
=

(∏𝑥𝑦=1 𝑃 (𝑟𝑚𝑦 | 𝐺𝑖,𝑗 = 1)) × 𝑃 (𝐺𝑖,𝑗 = 1)
∑V={1,−1} (∏𝑧𝑦=1 𝑃 (𝑟𝑚𝑦

| 𝐺𝑖,𝑗 = V)) × 𝑃 (𝐺𝑖,𝑗 = V)

,

(5)

where the probabilities 𝑃(𝑟𝑚𝑦 | 𝐺𝑖,𝑗 = V) and 𝑃(𝐺𝑖,𝑗 = V) are
computed in the same way as the calculations in Section 3.1
using the training set. These precomputed probability values
can be directly applied to the clustering algorithm in which
the test set is being used for group identification.
Using the test set, we can compute the pairwise group
affiliation probabilities 𝑃(𝐺𝑖,𝑗 = 1 | 𝑟𝑚1 , . . . , 𝑟𝑚𝑧 ) in each
group identification time window. We use a probability
threshold TH𝑝 to convert the pairwise group affiliation
probabilities into a binary matrix V of the fused pairwise
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Input: test set of time series 𝑆1 , . . . , 𝑆𝑛 on 𝑛 mobile devices under activity 𝐴, 𝑥 selected sensing modalities in each set of time series,
probability threshold TH𝑝
Output: device groups in each group identification time window
(1) Each mobile device uses its local time series to compute the PDFs for each selected sensing modality according to its window
size;
(2) The server or sink node collects the PDFs from all the 𝑛 mobile devices once in each group identification time window and run
the following process:
(3) Initialize group affiliation matrix V;
(4) for each device pair (𝑖, 𝑗) do
(5) 𝑀 ← Ø;
(6) for 𝑘 ∈ {1, . . . , 𝑥} do
(7)
Compute 𝑟𝑚𝑘 ;
(8)
if 𝑟𝑚𝑘 ≠ 0 then
(9)
𝑀 ← 𝑀 ∪ {(𝑘, 𝑟𝑚𝑘 )};
(10)
end if
(11) end for
(12) Compute 𝑝 ← 𝑃(𝐺𝑖,𝑗 = 1 | ∀𝑟𝑚𝑘 ∈ 𝑀);
(13) if 𝑝 ≥ TH𝑝 then
(14)
𝑉𝑖,𝑗 ← 1;
(15) else
(16)
𝑉𝑖,𝑗 ← −1;
(17) end if
(18) end for
(19) Apply DJ-Cluster algorithm on matrix V;
Algorithm 4: Probability-based clustering algorithm.

group affiliation results. The value corresponding to the
mobile devices 𝑖 and 𝑗 in the matrix V is denoted as 𝑉𝑖,𝑗 ∈
{1, −1}. If 𝑃(𝐺𝑖,𝑗 = 1 | 𝑟𝑚1 , . . . , 𝑟𝑚𝑧 ) ≥ TH𝑝 , then 𝑉𝑖,𝑗 = 1;
otherwise 𝑉𝑖,𝑗 = −1. TH𝑝 may also vary for different activities,
and its determination will be discussed in Section 5.
Based on the group affiliation matrix, we can use existing
clustering algorithms in one-dimensional space. We apply the
density joint clustering algorithm (DJ-Cluster) [17] which is
used by existing work of pedestrian flocks detection [3] to
cluster the mobile devices into different groups.
The process of the probability-based clustering approach
is given in Algorithm 4. Note that a sensing modality
𝑚𝑘 is taken into account in computing the fused pairwise
group affiliation result only when it provides the result
𝑟𝑚𝑘 ≠ 0. The time complexity depends on the number of
device pairs (𝑛2 ), the number of selected sensing modalities
(constant), computation of 𝑟𝑚𝑘 (the complexity is the same
as computing Jeffrey’s divergence, i.e., 𝑂(𝑙)), and DJ-Cluster
algorithm (𝑂(𝑛2 )). Therefore, the overall time complexity of
the probability-based clustering algorithm is 𝑂(𝑛2 𝑙).
4.3. Late Fusion: Majority Voting-Based Clustering. We
present a late fusion multimodal clustering approach which
combines the clusters generated by each sensing modality in
each group identification time window. We first use the DJCluster algorithm to generate the clusters for each sensing
modality separately. Similar to Algorithm 4, a sensing modality 𝑚𝑘 is taken into account in the final cluster determination
for two mobile devices only when it provides the result 𝑟𝑚𝑘 ≠
0. We modify the majority voting approach used in [3], where

the fusion is calculating the summed weight of the sensing
modalities where a pair of mobile devices are clustered into
the same group. The two mobile devices are added as a cluster
in the majority solution if the summed weight is larger than
50%. If one of the them is already inside a solution cluster,
the other one joins the same cluster instead of adding a new
cluster. However, in [3], it simply assigns a weight of 50% to
the features which may give the best accuracy and then divide
the remaining 50% among the other features. It does not
search for the best weights assignment or automatic training
of these weights. Therefore, the weight assignment is still a
problem in this late fusion multimodal clustering approach.
Since we already have a sensing modality selection process
before the clustering process, as long as the sensing modalities
are well selected, all the selected sensing modalities should
play important roles in the group identification. Therefore, we
apply the same weight on all selected sensing modalities.
Algorithm 5 gives the process of the majority votingbased clustering approach. Similar to Algorithm 4, the time
complexity of separate clustering for all the selected sensing
modalities is 𝑂(𝑛2 𝑙). Further, the time complexity of applying
majority voting on all device pairs is 𝑂(𝑛2 ). Therefore,
the overall time complexity of the majority voting-based
clustering algorithm is 𝑂(𝑛2 𝑙), which is the same as the
probability-based clustering algorithm.
Complexity Comparison with DBAD. The DBAD approach
computes pairwise group affiliations on each device. The
complexity of computing a pairwise group affiliation is
basically Jeffrey’s divergence computation (𝑂(𝑙)). Each device
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Input: test set of time series 𝑆1 , . . . , 𝑆𝑛 on 𝑛 mobile devices under activity 𝐴, 𝑥 selected sensing modalities in each set of time series
Output: device groups in each group identification time window
(1) for each device pair (𝑖, 𝑗) do
(2) 𝑀𝑖,𝑗 ← Ø;
(3) end for
(4) for 𝑘 ∈ {1, . . . , 𝑥} do
(5) Initialize group affiliation matrix V;
(6) for each device pair (𝑖, 𝑗) do
(7)
Compute 𝑟𝑚𝑘 ;
(8)
if 𝑟𝑚𝑘 ≠ 0 then
(9)
𝑀𝑖,𝑗 ← 𝑀𝑖,𝑗 ∪ {𝑘};
(10)
𝑉𝑖,𝑗 ← 𝑟𝑚𝑘 ;
(11)
else
(12)
𝑉𝑖,𝑗 ← −1;
(13)
end if
(14) end for
(15) Apply DJ-Cluster algorithm on matrix V;
(16) end for
(17) for each device pair (𝑖, 𝑗) do
(18) Apply majority voting to the clusters generated by the sensing modalities in 𝑀𝑖,𝑗 ;
(19) end for
Algorithm 5: Majority voting-based clustering algorithm.

needs to compute 𝑛 − 1 pairwise group affiliations against
other devices. Therefore, the overall time complexity of
DBAD is 𝑂(𝑛𝑙). In our approach, we not only compute
the pairwise group affiliations, but also identify the group
partitions. Therefore, our approach needs to compute Jeffrey’s
divergence (𝑂(𝑙)) over all pairs of devices (𝑛2 ), leading to
the overall time complexity (𝑂(𝑛2 𝑙)). The complexity added
in our approach is necessary to solve the group partition
problem.
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I1
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5
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Figure 3: Sample group identification result.

5. Performance Evaluation
5.1. Performance Metrics. Since the DBAD approach only
detects pairwise group affiliation, its evaluation only considers the accuracy of pairwise group affiliation detection
results. In contrast, our final results are the identified groups;
therefore we use the performance metrics pairwise group
affiliation accuracy and group membership similarity to
evaluate the intermediate and the final results, respectively.
For group identification, since the groups are preconfigured
and unchanged during an experiment, we determine the final
groups when the grouping results are stable; that is, groups
remain for at least five group identification time windows.
The group membership similarity is calculated as the average
Jaccard similarity [18] between an identified group and the
corresponding actual group. The pairwise group affiliation
accuracy is calculated as ratio of the correctly determined
group relationships over the total number of pairwise group
relationships when the final groups are identified.
Figure 3 shows a sample result of group identification
comparing to the actual groups. We first match each identified group to an actual group which has the most common
members, so 𝐼1 is matched to 𝐴 1 , 𝐼2 to 𝐴 1 , and 𝐼3 to 𝐴 2 .

Then, the Jaccard similarity is 1/3 between 𝐼1 and 𝐴 1 , 2/4
between 𝐼2 and 𝐴 1 , and 2/3 between 𝐼3 and 𝐴 2 . Therefore,
the group membership similarity is 0.5 (the average Jaccard
similarity). In the meantime, there are 𝐶62 = 15 pairwise
group relationships in total, but only 9 pairs (with or without
group affiliation) are determined correctly, that is, (1, 4),
(1, 5), (1, 6), (2, 3), (2, 5), (2, 6), (3, 5), (3, 6), and (5, 6).
Therefore, the pairwise group affiliation accuracy is 9/15 =
0.6.
5.2. Datasets. In performance evaluation, we first use the
dataset provided in DBAD [1] where the activity is people
walking together. The DBAD dataset contains the sensor
data obtained from 10 homogeneous Android devices which
are attached to the hip of each person. The experiments
are conducted with different group configurations (from 1
to 10 groups), and each experiment lasts 51 minutes. The
sampling rate is about 25 Hz for each sensor. To compute the
activity similarity for people walking together, we consider
the following sensing modalities available in the dataset: 𝑥acceleration, 𝑦-acceleration, 𝑧-acceleration, and magnitude
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(obtained from the 3D accelerometer); azimuth, pitch, and
roll (obtained from the orientation sensor). The magnitude is
the square root of the square sum of the 3D accelerations, and
the DBAD evaluation uses it instead of the 3D acceleration
measurements. There are two limitations of the DBAD
dataset as discussed in Section 2: one is that wearable mobile
devices are attached to the human body with fixed positions
in order to reduce noise in the collected sensor data; the other
is that there is only one activity (i.e., people walking together)
involved. Therefore, we also collect our own datasets—one for
the park scenario and one for the game scenario as discussed
in Section 1.
The park scenario has the same activity with the DBAD
dataset and uses the same sampling rate, but with less
controlled phone positions to allow for more noisy data and
with more sensing modalities to allow for consideration of
multiple modalities. Since the DBAD dataset only contains
accelerometer and orientation sensor, we collect our own
dataset with more motion sensors on smartphones for the
same activity in which people walk together. It contains the
sensor data obtained from 8 heterogeneous smartphones
(e.g., Nexus and Samsung Galaxy phones) held in hands by
people walking in 3 groups for about 10 minutes. These groups
have different walking directions and are slightly different in
walking speed. The sensors recorded are 3D accelerometer,
3D gyroscope, and orientation sensor. We consider the
following sensing modalities: 𝑥-acceleration, 𝑦-acceleration,
and 𝑧-acceleration (obtained from the 3D accelerometer);
𝑥-rotation, 𝑦-rotation, and 𝑧-rotation (obtained from the
3D gyroscope); azimuth, pitch, and roll (obtained from the
orientation sensor).
The game scenario has a different activity (i.e., audience
wave hands for different teams) from the DBAD dataset and
it is used to demonstrate that our approaches are general and
can handle different activities. The sampling rate is also the
same. This dataset contains the sensor data obtained from
8 heterogeneous smartphones for about 10 minutes. Each
group waves their smartphones in different time periods,
mimicking the activity that audience cheer for the two
competitor teams in a game. The sensors recorded are the
same as in the park scenario dataset.
For each dataset, we divide it into two parts—the first
half as the training set for sensing modality selection and
the second half as the test set for identification of subgroups
within a homogeneous activity group. We implement our
algorithms in Python and run Algorithms 2 and 3 on the
training set and Algorithms 4 and 5 on the test set.
5.3. Experimental Results
5.3.1. Results Using the DBAD Dataset. In the training set, we
set the minimum and maximum window sizes as 5 seconds
and 50 seconds, respectively. The minimum window size is
set according to the sampling rate 25 Hz, so we can have more
than 100 samples within each window to compute the PDF.
The maximum window size cannot be too large (within a
minute); otherwise it takes too long to make the grouping
decision. Table 1 shows the results for each sensing modality,
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Table 1: Sensing modality selection using DBAD dataset.
Sensing modality
𝑥-acceleration
𝑦-acceleration
𝑧-acceleration
Magnitude
Azimuth
Pitch
Roll

Best window size
15 s
15 s
15 s
15 s
5s
5s
5s

Best score
0.65
0.64
0.55
0.58
0.75
0.45
0.48

New score
0.5
0.5
0.49
0.5
0.75
0.45
0.48

where the best score is the scoring function with the best
window size for that sensing modality and the new score
is the recalculated scoring function using the best sensing
modality’s best window size.
As discussed in Section 3.2, the decision threshold TH𝑑
should be larger than 0.5. Here we set TH𝑑 = 0.55; then the
azimuth (window size 5 s), 𝑥-acceleration (window size 15 s),
𝑦-acceleration (window size 15 s), 𝑧-acceleration (window
size 15 s), and magnitude (window size 15 s) are selected.
Since magnitude is a redundant sensing modality to the
3D acceleration and it yields very similar score as the 3D
acceleration, we use the 3D acceleration sensing modalities
in Algorithms 4 and 5 instead of magnitude. We next use the
test set to evaluate Algorithms 4 and 5.
First, we consider the probability threshold TH𝑝 in
Algorithm 4. Similar to the decision threshold TH𝑑 , it should
also be larger than 0.5. Therefore, we vary it from 0.55 to 0.95.
Figure 4(a) shows that the group membership similarity is
slightly smaller than the pairwise group affiliation accuracy.
This is because there exist some critical links in the graphbased clustering algorithms. If a critical link is determined
with incorrect group affiliation result, it will significantly
impact the group identification results. In general, the pairwise group affiliation accuracy increases when TH𝑝 increases.
Using the DBAD dataset, TH𝑝 = 0.85 leads to both the
highest pairwise group affiliation accuracy and the highest
group membership similarity. Next, we will compare the
results of the probability-based clustering algorithm using
TH𝑝 = 0.85 with the results of using the DJ-Cluster algorithm
on each single sensing modality as well as using the majority
voting-based clustering algorithm on all sensing modalities.
Figure 4(b) shows the pairwise group affiliation accuracy
and Figure 4(c) shows the group membership similarity.
We put the results of different sensing modalities together
with the results of different approaches in order to compare not only the approaches but also multimodal against
each individual sensing modality. Also note that, since the
majority voting-based clustering algorithm outputs the final
clusters based on the clusters computed from each sensing
modality, it does not output the combined pairwise group
affiliation results of all sensing modalities; we only compare
the probability-based approach with each single sensing
modality for the pairwise group affiliation accuracy.
In Figure 4(b), the 3D acceleration sensing modalities
lead to an accuracy around 0.6 while the azimuth related
to the orientation sensor leads to an accuracy about 0.76.
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Figure 4: Results using DBAD dataset.

These results are consistent with the findings in the DBAD
approach, where the azimuth delivers the best pairwise
group affiliation accuracy. Beyond their findings, our sensing modality selection approach automatically selects the
azimuth as the most significant sensing modality. Further,
the probability-based approach leads to an accuracy about
0.86, which shows that the multimodal-based approach
outperforms the original DBAD approach which uses a single
sensing modality.
In Figure 4(c), the comparisons are similar to Figure 4(b).
In addition, the probability-based approach outperforms the
majority voting-based approach using the DBAD dataset.
This is because the sensing modalities other than azimuth do
not have high scores, so their contributions in the majority
voting-based approach are not significant. However, the

majority voting-based approach still provides a higher group
membership similarity than using the 3D acceleration or the
azimuth separately.
5.3.2. Results Using the Park Scenario Dataset. We use the
same minimum/maximum window sizes as in the DBAD
training set. Table 2 shows the results, where the azimuth also
leads to the best score as in Table 1.
We also choose the decision threshold TH𝑑 = 0.55, so
the azimuth (window size 5 s), 𝑥-acceleration (window size
15 s), and 𝑦-acceleration (window size 15 s) are the selected
sensing modalities. Although 𝑧-acceleration is not selected
here, it does not contribute significant results for DBAD
dataset either. Figure 5(a) shows the results of the probabilitybased approach when we vary the probability threshold TH𝑝
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Figure 5: Results using park scenario dataset.

Table 2: Sensing modality selection using park scenario dataset.
Sensing modality
𝑥-acceleration
𝑦-acceleration
𝑧-acceleration
𝑥-rotation
𝑦-rotation
𝑧-rotation
Azimuth
Pitch
Roll

Best window size
15 s
15 s
15 s
15 s
15 s
15 s
5s
5s
5s

Best score
0.58
0.55
0.51
0.42
0.35
0.35
0.78
0.4
0.4

New score
0.45
0.45
0.4
0.4
0.33
0.33
0.78
0.4
0.4

from 0.55 to 0.95. Similar to the findings in the DBAD
test set, the group membership similarity is slightly lower

than the pairwise group affiliation accuracy, and the pairwise
group affiliation accuracy increases when TH𝑝 increases. We
choose TH𝑝 = 0.85 for the probability-based approach in the
following comparisons using the test set.
Figure 5(b) compares the pairwise group affiliation
accuracy results. Similar to Figure 4(b), the azimuth leads
to a higher accuracy than the 3D acceleration, and the
probability-based approach leads to an even higher accuracy
than the azimuth. Figure 5(c) compares the group membership similarity results. The comparison is consistent with
that of the pairwise group affiliation accuracy. In addition,
the majority voting-based approach leads to a lower group
membership similarity than the probability-based approach,
but the similarity is still higher than using the 𝑥-acceleration,
𝑦-acceleration, or azimuth individually. All these results
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again verify that the multimodal-based approaches outperform the original DBAD approach that works with a single
sensing modality. Further, unlike the controlled experiments
with homogeneous phones and fixed phone positions in
DBAD, our experiments are less controlled and have more
uncertainty in the collected sensor data. Despite all these, the
results using our dataset are still promising (e.g., the group
membership similarity for the probability-based approach is
still above 0.8), indicating that our approaches can inherently
deal with sensor data noises. This is because sensing modalities are selected in the presence of data noises.
Moreover, the results using the park scenario dataset are
consistent with those using the DBAD dataset because of the
same activity involved. This indicates that the same training
set for the same activity may be used to test both the datasets if
the training set is well collected and the parameters involved
in the algorithms are well studied.
5.3.3. Results Using the Game Scenario Dataset. Table 3 shows
the results of sensing modality selection. Different from
Tables 1 and 2, the 3D rotations lead to the highest scores.
The 3D accelerations may still work, but the azimuth does not
make much sense in this activity. This implies that the DBAD
approach of manually selecting one single sensing modality
will not work in such a scenario.
We can still choose the decision threshold TH𝑑 = 0.55, so
the 𝑥-acceleration, 𝑦-acceleration, 𝑧-acceleration, 𝑥-rotation,
𝑦-rotation, and 𝑧-rotation are selected. Figure 6(a) shows
the results of the probability-based approach. Similar to the
findings in both the DBAD test set and the park scenario
test set, we can choose TH𝑝 = 0.95 for the probability-based
approach to compare with using each single sensing modality
as well as the majority voting-based approach.
Figure 6(b) shows that the 𝑦-rotation leads to a
higher accuracy than each other sensing modality, and the
probability-based approach leads to even higher accuracy
than using only 𝑦-rotation. Figure 6(c) shows a consistent
trend as in Figure 6(b). However, different from both Figures
4(c) and 5(c), the majority voting-based approach leads
to a slightly higher group membership similarity than the
probability-based approach. This is because there are several
significant sensing modalities (i.e., 𝑥-rotation, 𝑦-rotation,
and 𝑧-rotation) which contribute accurate results in this
activity. Unlike the activity that people walk together, only the
azimuth makes significant contribution in the final results of
the multimodal-based approaches; here all the 3D rotations
make significant contributions; therefore the majority voting
is more significant.
In summary, the activity significantly impacts the sensing
modality selection as well as the group identification results.
This verifies our hypothesis in Section 3 that a selection
process is needed to automatically select sensing modalities
for different activities. In addition, the comparison of the
probability-based approach and the majority voting-based
approach verifies our hypothesis in Section 4 that early fusion
multimodal clustering may outperform late fusion in some
activities, but not always. All things considered that all the
approaches proposed in this work (i.e., Algorithms 2, 3, 4, and
5) are effective for various activities.
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Table 3: Sensing modality selection using game scenario dataset.
Sensing modality
𝑥-acceleration
𝑦-acceleration
𝑧-acceleration
𝑥-rotation
𝑦-rotation
𝑧-rotation
Azimuth
Pitch
Roll

Best window size
15 s
15 s
15 s
15 s
15 s
15 s
5s
5s
5s

Best score
0.66
0.65
0.58
0.75
0.8
0.72
0.54
0.52
0.46

New score
0.66
0.65
0.58
0.75
0.8
0.72
0.51
0.5
0.45

6. Conclusion
In this paper, we have presented a generic framework to
identify subgroups in a homogeneous activity group using
sensor-equipped mobile devices. We have first proposed a
sensing modality selection approach given a coarse-grained
activity. We have then provided an approach to deal with
multiple window sizes among all the selected sensing modalities. By setting the group identification window size the same
as that of the best sensing modality, we have further developed two multimodal clustering approaches—probabilitybased approach for early fusion and majority voting-based
approach for late fusion. Finally, we have evaluated our
approaches using a publicly available dataset and also two
others collected by ourselves. The evaluation results have
shown that our framework of multimodal approaches outperforms the original DBAD approach which works on a single
sensing modality, and the framework is effective for various
activities.
Several improvements are considered for future work.
First, in this framework, activity is considered as an input to
the algorithms. Although we have not yet studied the sensing
modality selection training per activity, our evaluation results
of different datasets but with the same activity tend to be
very similar, indicating that using the same training set for an
activity and test on different datasets regarding this activity
is possible. Second, in this work, we assume that the sensor
data distributions of all mobile devices are periodically sent
to a central server in an infrastructure-based environment
or collected by a sink node via data collection protocols in
mobile ad hoc networks. Therefore, the central server or
the sink node has the complete information in the network
to calculate pairwise similarities and apply clustering algorithms on the group affiliation matrix based on the pairwise
similarities. In our future work, we will further consider a
pure peer-to-peer environment where neighboring mobile
devices exchange their sensor data distributions. Since some
pairwise similarities between multihop neighbors may not be
computed due to limited hops of data exchange, the clustering
algorithms need to be revised accordingly to work with a
local partial group affiliation matrix on each mobile device.
Last, we will apply Jeffrey’s divergence directly to multiple
sensing modalities when a practical mathematical method is
available.
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Figure 6: Results using game scenario dataset.
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“Group affiliation detection using model divergence for wearable devices,” in Proceedings of the ACM International Symposium (ISWC ’14), pp. 19–26, Seattle, Wash, USA, September
2014.
[2] D. Gordon, J.-H. Hanne, M. Berchtold, A. A. N. Shirehjini,
and M. Beigl, “Towards collaborative group activity recognition

14

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

Mobile Information Systems
using mobile devices,” Mobile Networks and Applications, vol. 18,
no. 3, pp. 326–340, 2013.
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The localization of mobile robots in outdoor and indoor environments is a complex issue. Many sophisticated approaches, based
on various types of sensory inputs and different computational concepts, are used to accomplish this task. However, many of the
most efficient methods for mobile robot localization suffer from high computational costs and/or the need for high resolution
sensory inputs. Scan cross-correlation is a traditional approach that can be, in special cases, used to match temporally aligned scans
of robot environment. This work proposes a set of novel modifications to the cross-correlation method that extend its capability
beyond these special cases to general scan matching and mitigate its computational costs so that it is usable in practical settings.
The properties and validity of the proposed approach are in this study illustrated on a number of computational experiments.

1. Introduction
Accurate and efficient positioning and localization is a fundamental problem of mobile robotics. It involves estimation
of robots’ position relative to a map of an environment [1].
To accomplish this task, mobile robots adopt two high-level
localization approaches. They can determine their position
by receiving signals from beacons, such as in the case of
fingerprinting algorithms [2] or employ various sensory
subsystems that inform them about their vicinity [3]. Devices
commonly used for beaconless localization are wheel sensors
(odometers) and ultrasonic and optical rangefinders [4].
Optical rangefinders perform 2D laser scans of robot
surroundings and provide data with high resolution and at
high sampling rates. In general, the processing of such data
is computationally expensive and usually requires massive
computing resources [5]. On the contrary, control systems
of mobile robots are usually low-consumption embedded
devices with limited resources, low performance, and small
memory. Therefore, there is a clear need for innovative laser

scan processing methods with a good trade-off between
accuracy and computational complexity. In this paper, a novel
cross-correlation-based scan matching method suitable for
low-performance microcontrollers is proposed and evaluated. It is an efficient cloud point-matching algorithm that can
be in mobile robots instead of the traditional methods such
as the Iterative Closest Point (ICP) [6], Cox [7], complete line
segment (CLS) [8], Normal Distributions Transform (NDT)
[9], Perimeter-Based Polar Scan Matching (PB-PSM) [10],
and, for example, pIC [11] algorithm.
The novel cross-correlation-based [12] scan matching
method, proposed in this work, uses laser scans obtained
by optical rangefinder to solve the simultaneous localization
and mapping (SLAM) problem [13] and to determine robot
position in an unknown environment. The proposed algorithm has been implemented in C# and evaluated in a series
of computational experiments involving a realistic mobile
robot platform equipped with a specific optical rangefinder
(SICK LMS 100 [14]). The accuracy and performance of
the proposed method have been compared to a standard
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scan matching algorithm, ICP, and found better in terms of
processing time and the accuracy of estimated position.
The rest of this paper is organized as follows. The scan
matching problem, a general classification of scan matching
methods, and the definition of selected baseline scan matching methods is provided in Section 2. Section 3 gives a brief
overview of recent related work and relevant approaches.
An efficient and robust scan matching algorithm, based on
the cross-correlation of rasterized LiDAR scans, is proposed
in Section 4. Section 5 describes the experiments conducted
in order to verify the approach and to assess its properties.
Finally, conclusions are drawn and future work is outlined in
Section 6.

2. Scan Matching
Informally, scan matching (cloud point matching) is a general
procedure that aims at aligning current scan of an environment with a reference scan [15]. Many methods, based
on various principles and different formal approaches, have
been proposed for scan matching in the past. However,
most of them suffer from high computational costs [16]
and only a limited ability to work efficiently in different
environments [17] (e.g., the method described in [18] requires
an environment with perpendicular walls).
Scan matching-based robot localization methods utilize
information about the distance between the device and the
nearest obstacle. This information can be obtained with
high accuracy using a laser range finder (LiDAR) [14]. In
these devices, a measuring beam is often swept in one axis
and provides the information about the distance to the
nearest obstacle at every measured angle. Common LiDARs
provide approximately 10–50 such scans per second. Each
scan contains information about the distances to the nearest
obstacle within a plane in front of the device (2D LiDAR). A
typical LiDAR, such as the SICK LMS 100, has a measurement
range of 270∘ with an angular resolution 0.25∘ [14]. Effective
measurement distance ranges from several meters to tens of
meters, depending on sensor types and properties. Besides
traditional 2D LiDARs, devices able to provide 3D scans of
their environment are becoming increasingly popular [19].
Thanks to their favourable properties, 2D LiDARs have
become considerably popular in robotics. There are several
methods, based on various heuristics and principles, that
can be employed to determine the position of a robot in
an environment. Methods that align current scan of an
environment with a reference scan or with a map are called
scan matching methods.
Scan matching methods can be divided into two large
groups. Conventional scan matching methods use the apparatus of classical mathematics, while probabilistic scan matching
methods evaluate the likelihood of a robot being at certain
place. Typical examples of conventional and probabilistic
methods are the Iterative Closest Point algorithm [6] and the
Normal Distribution Transform algorithm [20], respectively.
Another classification of scan matching procedures is
based on the way scan data is being processed. The pointto-point scan matching strategies process all individual points
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in environment scans. They provide localization with a high
accuracy but suffer from high computational costs. However,
they are very well usable in both complex and nonstructured
environments. The feature-to-feature methods extract from
the scans higher-level features before the actual matching and
localization take place. The extracted features can be diverse.
They usually include basic geometric shapes such as lines,
arcs, edges, polygons, and, for example, 3D features. These
algorithms have lower computational cost of the matching
phase but can operate only in sufficiently feature-rich (i.e.,
structured) environments. They perform well in buildings
with well-structured environmental elements consisting of
large, flat surfaces and regular, geometric shapes. In the
following, the standard scan matching methods from both
categories are summarized.
2.1. Point-Based Scan Matching Methods
2.1.1. Iterative Closest Point Algorithm. The ICP is an iterative
algorithm that looks for the pairs of closest points in a pair of
environment scans. An affine transformation, T, that makes
projection of one point to another is calculated between two
different scans, A and B. The algorithm minimizes a loss
function, 𝑓(𝑝𝑥 , 𝑝𝑦 , 𝜔), defined as
𝑛

2
𝑓 (𝑝𝑥 , 𝑝𝑦 , 𝜔) = ∑ T (𝑎𝑖 , (𝑝𝑥 , 𝑝𝑦 , 𝜔)) − 𝑏𝜗(𝑖)  ,

(1)

𝑖=1

where T is the affine transformation, 𝑝𝑥 and 𝑝𝑦 are translations in the direction of the 𝑥- and 𝑦-axes, respectively, 𝜔 is
rotation, and 𝜗 is a function that finds in the second scan, B,
index of a point that is closest to the point from the original
scan with index 𝑖.
The result of the minimization is a three-element vector
that represents the translations in 𝑥- and 𝑦-axes and the
rotation of the test scan with respect to the reference scan [21].
The ICP algorithm can be summarized as follows [6]:
(1) Preprocessing: removal of the remote points.
(2) Assignment: finding pairs of the closest points (the
first point is from the reference scan; the second point
is from the test scan).
(3) Rejection: removal of the pairs with the long distance.
(4) The loss function calculation: equation (1).
(5) The loss function minimization: iterative process
(e.g., Newton method or Lorentzian estimator [22]).
Loss function minimization is the key part of the algorithm.
Minimization methods with good trade-off between accuracy
(i.e., the ability to find good transformations) and computational costs are required for mobile robots equipped with
energy and resource constrained microcontrollers.
2.1.2. Histogram Correlation. Correlation methods based on
histograms, such as the Extended Histogram Matching algorithm, can be used to accomplish scan matching as well [12].
However, traditional correlation can be applied only for scans
that differ in rotation only. For two arbitrary scans that differ

Mobile Information Systems

3

in rotation, the function 𝑟(Φ) that represents the laser scan
differs in shift in the Φ axis. If the scans differ in both, rotation
and translation, the function 𝑟(Φ) differs in distribution and
the algorithms may produce misleading results (i.e., wrong
matching).
Histogram-based correlation methods therefore use histograms, including the angle histogram [12], to determine the
rotation and translation of the matched scans. They compute
a histogram of the angles between every pair of points, 𝑟(Φ𝑖 )
and 𝑟(Φ(𝑖+1) ), measured in the scan. The function, obtained
in this way, is invariant towards displacement. The 𝑥- and
𝑦-axis histograms show the distributions of points scanned
in these two directions. Histogram-based scan correlation is
described in detail in [12].

from the midpoints of the global line segments, 𝐺𝑠𝑖 and 𝐺𝑠𝑗 .
It is possible to use any of those two pairs of segments for
the calculation. The displacement parameters are computed
using

2.2. Feature-Based Methods. A typical example of featurebased scan matching methods is the complete line segment
(CLS) algorithm that compares complete line segments,
extracted from two different scans. It can be also used to
match a scan with a reference map of environment. This
method has been successfully applied to scan matching [8]
and for SLAM [23].
The CLS extracts from each LiDAR scan line segments
that represent high-level real-world objects found in robot
environment. The lines can be either complete or incomplete.
An incomplete line is a sign of one object occluded by another.
A complete line segment, on the other hand, describes a realworld object in plain view of the robot. The algorithm is
especially concerned with complete line segments. It assumes
that a complete line segment has an unique Euclidean length
within the environment. The map of an environment is made
up of a set of lines with defined start and end points and
corresponding length. However, the lines can be defined also
by their center point, orientation, and length.
Line comparisons (i.e., scan matching) are performed in
CLS using the length of line segments, relative position of
their center points, and their relative rotation. Let us consider
two complete line segments 𝐿 and 𝐺. 𝐿 is a segment from a
local map, and 𝐺 is a segment from a global map. Together,
they form a pair. The CLS works in the following way. For all
line segments from the local map, 𝐿 𝑖 , one by one, it builds
a set of segments from the global map, 𝐺𝑚 , with similar
length. Then, it calculates for each pair 𝐿 𝑖 and 𝐺𝑖 ∈ 𝐺𝑚 the
relative position of their centers and their relative rotation.
The segment, 𝑖, is matched if the following condition is
satisfied:

3. Related Work

 

   

𝐿 𝑠 𝐿 𝑠𝑖  ≐ 𝐺𝑠 𝐺𝑠𝑖  ∧ 𝐿 𝛼 − 𝐺𝛼 ≐ 𝐿 𝛼𝑖 − 𝐺𝛼𝑖 ∧ 𝐿 𝑖  ≐ 𝐺𝑖  , (2)
where the midpoint of a segment is denoted by subscript 𝑠 and
the relative rotation by subscript 𝛼. The more the segments
meet the condition given by (2), the greater the credibility of
the test match is.
If the test match contains at least two corresponding pairs,
it is possible to calculate the angle, 𝜔, and the displacement
parameters, 𝑝𝑥 and 𝑝𝑦 , respectively. The angle, 𝜔, is calculated
from two pairs of complete line segments as a difference
between an orientation vector, created from the midpoints
of the local line segments, 𝐿 𝑠𝑖 and 𝐿 𝑠𝑗 , and a vector created

𝑝𝑥 = 𝑥𝐺 − (𝑥𝐶 cos 𝜔 − 𝑦𝐶 sin 𝜔) ,
𝑝𝑦 = 𝑦𝐺 − (𝑦𝐶 cos 𝜔 + 𝑥𝐶 sin 𝜔) .

(3)

The scan matching procedure, proposed in this work,
is a novel point-based method developed especially for the
segment of energy and power constrained devices such as
mobile robots. In the next section, we briefly summarize
relevant related approaches.

A SLAM method based on stereo vision and the ICP
algorithm has been described in [24]. SLAM method based
on laser scan matching has been introduced in [25], where
authors use polar coordinates for scan matching. The combination of the ICP algorithm and correlation histogram is
used in [26] for large scale SLAM. In [27] the SLAM method
based on entropy is presented. In [28] authors propose a
beam selection method. The laser sensor beam is filtered
and only the most important beams are used for SLAM. The
representative of a multiagent approach is presented in [29].
6-DoF low dimensionality SLAM (L-SLAM) is introduced in [19]. Authors use 3D kinematic model instead of
2D. The particle filter and Kalman filter are used in that
SLAM. The alternative approach is introduced in [30] that
uses Extended Kalman Filter (EKF). Authors also present the
SLAM comparison.
Another frequently used approach is based on the extraction of geometric primitives. For example, these primitives can take form of line segments [8] or more complex
3D segments [31]. In [31] the authors use 3D landmarks
for feature-based SLAM. Another example of feature-based
SLAM method is in [32], where the linear group algorithm
(LGA) and stereo vision is used for SLAM. In [33] authors
deal with a kidnap problem. They use a upward-looking
camera for a first pose estimation.
Variety of additional information can be included in the
maps. Those pieces of information can be used in subsequent
analysis of explored area. The mobile robot that explores
a waste rock is described in [34]. The concentration of a
carbon monoxide and methane is measured and collected.
The global positioning system (GPS) and online maps are
used for localization. Another research is referred to in [35],
where a mobile robotic device for mapping a distribution of
a gas is presented.
In [36] the wireless node localization is proposed. This
method is suitable for indoor use, while GPS signal is not
present. Monte Carlo localization is used for wireless node
identification. The localized nodes can be afterwards used for
backward localization.
The following section describes the proposed novel crosscorrelation-based scan matching method in detail. It provides
an efficient an accurate algorithm for evaluating the degree
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of similarity between two laser scans, called correlation coefficient. The correlation coefficient is in this work a number
that represents the overlay of two LiDAR scans. The larger
the correlation coefficient is, the better the match is obtained
between the investigated LiDAR scans. The calculation of the
correlation coefficient is crucial for computational costs of
the scan matching procedure. In this approach, the 2D point
cloud, generated by the sensor, is transformed into a lowerresolution raster and then used to evaluate how much the
borders of the investigated scans collide.

(4)

where 𝑝𝑥 and 𝑝𝑦 are the translation and 𝜔 is the rotation.
An affine transformation, T, based on a parameter vector,
p = (𝑝𝑥 , 𝑝𝑦 , 𝜔), is defined by
𝑎𝑥
𝑏𝑥
𝑝𝑥
cos 𝜔 − sin 𝜔
) ⋅ ( ) + ( ),
T:( )=(
𝑏𝑦
𝑎𝑦
𝑝𝑦
sin 𝜔 cos 𝜔

r(Φr2 )
r(Φr1 )
s(Φs3 )
s(Φs2 )

ΦM

s(Φs1 )

Φs1
x

In this work, we propose a robot localization strategy using
a novel point-to-point scan matching algorithm based on
cross-correlation. The proposed method has low computational requirements and high accuracy and is therefore
suitable for the use with embedded devices that are frequently
found in mobile robot platforms. The cross-correlation is
in this approach used to determine relative translation and
rotation of consecutive LiDAR scans performed by a moving
robot. Each LiDAR scan can be in this context understood
as a momentary snapshot of a floor plan of a room (more
general, environment) where the robot is located. The scans
have usually angular resolution of 1∘ and cover the entire
neighborhood of the robot (i.e., 360∘ ). They contain for each
measured angle a number of points that indicate the distance
between the robot and nearest obstacle in the corresponding
direction.
Intuitively, two LiDAR scans performed in the same
environment shortly after each other will be similar. The proposed scan matching approach finds an affine transformation
vector, p, that is the best projection between an actual and a
reference LiDAR scan. The transformation vector consists of
three elements, transformation parameters, that correspond
to translations, 𝑝𝑥 and 𝑝𝑦 , and rotation, 𝜔.
Consider a set of all possible affine transformation vectors, Ψ, and a vector, p:
p ∈ Ψ,

r(Φr3 )

Φr1

4. Point-to-Point Scan Matching Algorithm
Based on Cross-Correlation

p = (𝑝𝑥 , 𝑝𝑦 , 𝜔) ,

y

(5)

where (𝑎𝑥 , 𝑎𝑦 ) and (𝑏𝑥 , 𝑏𝑦 ) are the coordinates of a point,
(𝑥, 𝑦), in two LiDAR scans, A and B, respectively.
There is a handful of methods, based on different formal
approaches and designed for various applications, that can
find the parameter vector for the affine transformation
between A and B. Some of them are summarized in Section 2.
In the following, a novel cross-correlation-based method
suitable for embedded microcontrollers is proposed. The
method is first defined for two scans that differ only in
translation and then extended to match scans when both,
translation and rotation, are performed.

Figure 1: Two scans with different rotation (three points only).

4.1. Cross-Correlation of Rotated-Only LiDAR Scans. Consider two LiDAR scans, A and B, that differ only by rotation.
Assume that they were captured in a sufficiently indented
environment so that the functions 𝑟(Φ) and 𝑠(Φ), representing the scans A and B, respectively, as a function of rotation
angle, Φ, have a period of 2𝜋. An example of this scenario
is illustrated in Figure 1. The figure shows three points, 1, 2,
and 3, in scans A and B, respectively. Each point, 𝑖, is in scan
A represented by 𝑟(Φ𝑟𝑖 ) and in scan B by 𝑠(Φ𝑠𝑖 ). The crosscorrelation of two rotated-only 2D scans, A and B, can be then
evaluated using [37]
2𝜋

(𝑟 ∗ 𝑠) (Φ) = ∫ 𝑟 (𝜏) ⋅ 𝑠 (Φ + 𝜏) ⋅ d𝜏.
0

(6)

Formula (6) is a function of scan similarity that depends on
the angle, Φ, only. The rotation between the matched scans A
and B, Φ𝑀, is then simply calculated by
Φ𝑀 = arg max {(𝑟 ∗ 𝑠) (Φ)} .
Φ∈[0,2𝜋]

(7)

The value of Φ𝑀 can be easily obtained from (7) using
a single scan along the domain of Φ at selected angular
resolution. This intuitive approach requires only a single
program loop and is computationally acceptable even for
low-power embedded devices. Unfortunately, the crosscorrelation problem is significantly more complex for a
general case of two LiDAR scans that differ in both rotation
and translation.
4.2. Cross-Correlation of Arbitrary LiDAR Scans. An example
of two LiDAR scans, A and B, differing by rotation and
translation at the same time, is shown in Figure 2. A modified,
computationally efficient, cross-correlation algorithm needs
to be introduced to obtain both rotation and translation in
order to match such arbitrary LiDAR scans.
Let us define modified correlation as a function of three
parameters, (𝑟∗𝑠)(p). In order to evaluate (𝑟∗𝑠), several steps
need to be carried out. First, it is appropriate to convert the
scans into Cartesian coordinates to calculate the translation.
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Figure 2: Two scans with different rotation and translation. Only
three points, 1, 2, and 3, are displayed.

The conversion from polar to Cartesian coordinates is defined
by
𝑟 (Φ) ⋅ cos Φ
).
( )=(
𝑟 (Φ) ⋅ sin Φ
𝑦
𝑥

(8)

(𝑟 ∗ 𝑠) (𝑝𝑥 , 𝑝𝑦 , 𝜔)

𝑛

{(𝑟 ∗ 𝑠) (𝑥𝑀, 𝑦𝑀, 𝜔𝑀)} .

(11)

𝑖=0

(9)

The result of this operation is a positive real number called
correlation coefficient. The correlation coefficient corresponds
to the degree of similarity between the LiDAR scans modified
by p. The best transformation vector, p𝑀, describing the
rotation and translation between A and B most accurately, can
be obtained from (9) using
(𝑥𝑀 ,𝑦𝑀 ,𝜔𝑀 )

4.3.1. Simple Correlation Coefficient Evaluation. A basic, intuitive, representation of the correlation coefficient can be based
on a sum of the functional representations of two LiDAR
scans, A and B, 𝑟(Φ) and 𝑠(Φ), respectively. This is in the
general case generally defined by (6). In practice, the scans
are sampled from 𝑟(Φ) and 𝑠(Φ) at certain angular resolution
and the formula is discretized as
(𝑟 ∗ 𝑠) (𝑛) = ∑𝑟 (𝑖) 𝑠 (𝑛 + 𝑖) .

𝑠 (Φ + 𝜔) ⋅ cos (Φ + 𝜔) + 𝑝𝑥
⊙(
).
𝑠 (Φ + 𝜔) ⋅ sin (Φ + 𝜔) + 𝑝𝑦

p𝑀 = arg max

Intersection
Intersection area

Figure 3: Intersection representation of correlation coefficient.

Next, we assume an abstract operation, ⊙, that will replace
the conventional correlation so that the value of the modified
correlation function, (𝑟 ∗ 𝑠)(p), will reflect the degree of
alignment of two LiDAR scans for each transformation vector
p = (𝑝𝑥 , 𝑝𝑦 , 𝜔):

𝑟 (Φ) ⋅ cos Φ
)
=(
𝑟 (Φ) ⋅ sin Φ

Scan A
Scan B

(10)

When finding p𝑀, an exhaustive search along the domains of
𝑥𝑀, 𝑦𝑀, and 𝜔𝑀 is performed to solve (10). Such exhaustive
search or any suitable real parameter optimization method
that can be employed to find an optimum solution to (10)
requires many evaluations of (𝑟 ∗ 𝑠)(𝑝𝑥 , 𝑝𝑦 , 𝜔). Apparently,
a reasonable and computationally lightweight ⊙ is crucial for
practical determination of p𝑀.
4.3. Correlation Coefficient. A computationally efficient but
sensitive and accurate method for the evaluation of (9) is
the key element of the proposed scan matching approach.
In this section, we discuss computational methods for the
evaluation of (9) and devise an algorithm suitable for practical
deployment in the field of mobile robot localization.

The calculation of the best transformation vector, defined
by (10), is a computationally intensive task. An exhaustive
search a cross the domains of 𝑥𝑀, 𝑦𝑀, and 𝜔𝑀 requires
three nested loops and triggers a very large number of ⊙
evaluations. This operator can be numerically expressed in
different ways and its choice affects the efficiency of the scan
matching procedure substantially.
Figure 3 displays two mutually shifted and rotated LiDAR
scans. One way to define ⊙ in this arbitrary case is to measure
the overlapping area of both matched scans. The most
accurate transformation vector, p, is for two matched scans
obtained when the area of the intersection is maximized.
The scans are in general polygons and thus this approach
requires finding the intersection of two general polygons.
This can be accomplished, for example, by the WeilerAtherton algorithm [38]. However, one laser scan consists of
hundreds to thousands of values and intersection calculation
is very computationally expensive. In our experiments, it took
more than 30 seconds in laboratory conditions. Moreover,
finding the intersection is only the first step and the area
of the overlapping region has to be computed as well. This
naı̈ve approach is clearly too computationally expensive and
infeasible for the use in microcontrollers of mobile robots.
4.3.2. Raster-Based Correlation Coefficient Evaluation. A
more efficient way to obtain the correlation coefficient is
via rasterization of the 2D scans. The overlapping area (i.e.,
the correlation coefficient) is then the number of raster cells
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Scan A
Scan B
Scan A

Intersection
Scan B
(a)

Scan A
Scan B
Scan A

Intersection
Scan B
(b)

Figure 4: Correlation coefficient representation in raster. (a) Area representation, (b) boundary representation.

that occur in both scans at the same time. This is illustrated in Figure 4(a). However, this approach still requires a
determination whether each cell is inside or outside of the
polygons. That requires time and resources and, as shown in
the following, is not really necessary for the evaluation of a
suitable correlation coefficient.
The proposed algorithm avoids the computation of the
overlapping area altogether. The correlation coefficient is
computed solely on the basis of the boundaries of the
polygons obtained from scan A and scan B, respectively.
In order compute the intersection of rasterized polygons
accurately, the matched LiDAR scans have to describe the
environment with sufficient detail and the data has to be
dense. A concept of cell weight is defined to adjust the
evaluation of the correlation coefficient. Cell weight, 𝑤𝑎 , is the
count of measured points that belong to a particular cell, 𝑎.
The experiments show that the use of cell weight can mitigate
the error introduced by bad measurements and outliers by
suppressing the influence of cells with little measured points.
A visual example of this approach is displayed in Figure 4(b).
Needless to say, this method is the least computationally
expensive algorithm for correlation coefficient calculation.
However, it requires that the matched LiDAR scans describe
the environment with sufficient detail and the data is dense.
4.4. An Efficient Implementation of Correlation Coefficient
Evaluation. The raster-based approach to the correlation
coefficient evaluation requires an efficient implementation
for a practical deployment in low-power embedded devices.
The degree of similarity between two LiDAR scans is in
the examples, given in Figure 4, evaluated by scanning two
10 × 10 rasters of weighted cells. A brute-force comparison of

both rasters requires 100 steps. However, the actual polygons
interfere only with a small number of raster cells (a total of
29 in the example in Figure 4). In order to achieve a memory
efficient LiDAR scan storage and a faster calculation of the
correlation coefficient, a sparse representation of the rasters
is adopted. The representation, utilizing a sparse matrix as
the data structure to store the matched scans, is illustrated in
Figure 5. An evaluation of the correlation coefficient requires
with this data structure a significantly lower number of steps
equal to the total number of nonoverlapping raster cells
occupied by both rasterized scans.
The optimum size of the cells in the raster, suitable for
practical use by mobile robots, was determined empirically
based on the initial experiments. The experiments have
shown that 200 mm is the optimum size of a cell that achieves
a good trade-off between accuracy and computational costs.
Larger cell sizes lead to wrong scan matching results (low
accuracy) and smaller cell sizes increase the required computational effort and compromise the robustness of the
algorithm.
The complete scan matching procedure, proposed in this
paper, is implemented using the following simple steps:
(1) Fetch next cell from the reference sparse matrix, A.
(2) If the current scan, B, includes on the corresponding
position, 𝑥, 𝑦, a nonempty cell, increase the correlation coefficient.
(3) Go back to (1), until all cells in A are processed.
The update of the correlation coefficient, V, performed in
step (2) of the scan matching procedure outlined above,
can be implemented using a number of distinct strategies.
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Figure 5: Sparse matrix representation; scan A is represented by a
set of occupied cells; numbers in cells represent coordinates (𝑥, 𝑦)
in scan raster; scan B is represented by complete scan raster.

Two approaches have been found suitable by computational
experiments. The correlation coefficient can be increased by
the arithmetic mean of the weight of the matched cells, 𝑎 and
𝑏:
V(𝑘+1) = V(𝑘) + 𝑤𝑎 + 𝑤𝑏 .

Figure 7: Raster map representation.

Ψ1 , Ψ𝑝2 , . . . , Ψ𝑝 ⊂ Ψ,

Ψ𝑖 ∩ Ψ𝑗 = 0,

vector, p = (𝑥𝑀, 𝑦𝑀, 𝜔𝑀), from all locally matched transformation vectors, p𝑝 .

(13)

The mobile robot localization strategy, based on the proposed cross-correlation procedure, continuously compares
two LiDAR scans. This process can be executed in parallel
to exploit the capabilities of modern multicore processors.
The data-parallel algorithm is executed by multiple threads
of execution at the same time. Each thread seeks for the best
transformation vector, p𝑝 , in a section of the rotation interval,
Ψ𝑝 ∈ Ψ. The complete rotation interval, Ψ, is divided into 𝑝
disjoint intervals, Ψ1 , Ψ2 , . . . , Ψ𝑝 , so that

Ψ1 ∪ Ψ2 ∪ ⋅ ⋅ ⋅ ∪ Ψ𝑝 = Ψ,

Scan match raster
Intersection raster

(12)

Another correlation coefficient update method uses the
square root of the product of the weights of both cells:
V(𝑘+1) = V(𝑘) + √𝑤𝑎 ⋅ 𝑤𝑏 .

Reference scan
Scan match
Reference raster

(14)
for 𝑖 ≠ 𝑗.

One transformation vector, p𝑝 is found for each rotation
interval subset, Ψ𝑝 . The cross-correlation algorithm is then
applied again to find the most appropriate transformation

5. Experiments and Results
In order to verify the proposed scan matching algorithm, a
test and simulation platform was conceived. The application
was implemented in C# and linked to a LMS 100 laser sensor
to allow an online testing and verification. The application
provides a user interface that displays the LiDAR scans
and provides a well-designed environment for computational
experiments and their evaluation. Figures 6, 7, and 8 are
screen captures, taken directly from the application.
5.1. Basic Verification. A verification of the proposed crosscorrelation method in a real-world experiment is shown in
Figure 6. The screen capture shows a test scan, displayed
by the dark-gray dots, that is visually well aligned with a
reference scan, outlined by the light-gray dots. An auxiliary
numerical similarity degree, 𝜆, of two rasterized scans, based
on their mutual overlap, is used to easily evaluate the results
of the scan matching process. It is defined as the ratio of
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Table 1: The dynamic objects robustness verification in zero position.

1 meter
Reference scan
Matched scan

Dynamic objects
Robot

Figure 8: Dynamic objects robustness.

the cells that occur in both matched scans and the total
number of cells in the raster.
The similarity degree of the two scans, displayed in
Figure 6, is equal to 38%. Even though the corresponding
transformation vector, p = (0, 2000, −48∘ ), matches the real
translation and rotation of the mobile robot, the experiments
clearly confirm that the proposed approach is robust and
copes well even with large changes in translation and rotation.
Another example of two correctly matched scans is shown
in Figure 7. This figure also demonstrates another feature of
the test environment, the reference rasters of both scans, and
their intersection. The transformation vector of this example
is p = (−600, 400, −158∘ ) and the degree of similarity, 𝜆, is in
this case equal to 46%.
5.2. Robustness to Dynamic Objects. An important advantage
of the proposed algorithm is its robustness towards dynamic
objects (e.g., animals, people, and vehicles) in the environment. More specifically, dynamic objects are previously
nonexisting entities that had appeared in the environment
between the reference scan and the current scan. The performed experiment demonstrates the ability of the proposed
algorithm to deal with objects that appear in the vicinity of
the robot. It examines how the number of dynamic objects
and their location relative to the sensor affect the results of
position estimation. The direction and speed of the objects is
not considered in this experiment because the main impact
on the position estimation is caused by the obstruction of the
sensor’s angular field of view.
The experiment started with a reference scan of the environment without any dynamic objects. Then, five obstacles
were distributed around the sensor randomly in a 2-meter
distance to simulate a dynamic scene with moving objects.
The distance between the objects and the sensor was then
reduced to 1.5, 1.0, and 0.5 meters, respectively. After every
change, a LiDAR scan was performed and matched with
the original reference scan. The results of this matching are
displayed in Table 1. It shows that the presence of multiple
moving objects does not affect the results of the matching
algorithm until the distance dropped to 0.5 meters. Although

𝑥 (mm) 𝑦 (mm) 𝜔 (∘ ) 𝜆 (%) 𝑥 (mm) 𝑦 (mm) 𝜔 (∘ ) 𝜆 (%)
5 obstacles 2 m
5 obstacles 1 m
0
0
0
77
0
0
0
53
0
0
0
69
0
0
0
53
0
0
0
70
0
0
0
56
0
0
0
76
0
0
0
61
0
0
0
72
0
0
0
59
5 obstacles 1.5 m
5 obstacles 0.5 m
0
0
0
67
0
0
0
34
0
0
0
67
0
0
0
21
0
0
0
64
3000
3200
28
11
0
0
0
65
3000
3200
38
7
0
0
0
63
0
0
0
27

Table 2: Dynamic objects robustness verification in position
[630, 800].
𝑥 (mm) 𝑦 (mm) 𝜔 (∘ ) 𝜆 (%) 𝑥 (mm) 𝑦 (mm) 𝜔 (∘ ) 𝜆 (%)
5 obstacles 2 m
5 obstacles 1 m
600
−800
30
44
600
−800
30
33
600
−800
30
45
600
−800
30
29
600
−800
30
44
600
−800
30
30
600
−800
30
40
600
−800
30
25
600
−800
30
38
600
−800
30
23
5 obstacles 1.5 m
5 obstacles 0.5 m
600
−800
30
44
600
−800
30
26
600
−800
30
41
1000
−400
38
21
600
−800
30
37
400
3200
34
18
600
−800
30
35
600
−800
30
38
600
−800
30
31
600
−800
30
23

the scan similarity degree, 𝜆, changed with every scene
change, zero translation and rotation were reported. This
is a correct result since the position of the sensor did not
change during the experiment. When the distance between
the sensor and the moving objects dropped to 0.5 meters, the
visibility of the environment fell below an acceptable threshold and an incorrect translation and rotation were calculated.
This also illustrates another property of the proposed scan
matching algorithm: if the difference between the reference
scan and the current scan is above certain threshold, the scan
matching ends with an incorrect result. The higher the speed
of the robot is, the faster this happens.
Table 2 shows the results of an extended version of this
experiment. The sensor was again surrounded by a set of five
objects, approaching its original location. However, it was
relocated between the LiDAR scans this time. Also in this
case, the proposed scan matching procedure worked correctly
until the distance between the sensor and the moving objects
fell to 0.5 meters. The experiment is illustrated by a screen
from the test environment shown in Figure 8.
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Table 3: Time cost comparison.

Corr.
ICP

𝐵𝐷 (ms)
10
207

𝑄0.25 (ms)
16
299

𝑄0.50 (ms)
25
333

𝑄0.75 (ms)
30
369

Table 4: Absolute and relative error comparison.
𝐵𝑈 (ms)
51
474

600

500

t (ms)

400

300

200

100

0

Corr.

ICP

Figure 9: Time consumption comparison.

5.3. Computational Costs of the Algorithm. In order to assess
the practical time requirements of the proposed algorithm
and to compare them with a standard scan matching method,
ICP, a large number of LiDAR measurements and scan matchings were performed by both methods. The experiments were
performed on a laboratory laptop with an Intel Core i53360M CPU @ 2.80 GHz and 8 GiB of main memory. The
results of 1,000 measurements and matchings are displayed as
a box plot in Figure 9 and statistically evaluated in Table 3. The
columns in Table 3 represent the lower and upper adjacent
values (𝐵𝐷 and 𝐵𝑈) and first (𝑄0.25 ), second (𝑄0.50 ), and
third quartile (𝑄0.75 ), respectively. It shows that the typical
execution time of the proposed algorithm is between 16 ms
and 30 ms. That makes it approximately 10 times faster than
the ICP method. This comparison shows that it is suitable for
an online usage.
5.4. Measurement Error. The accuracy of the localization,
based on the proposed cross-correlation method, was compared with the ICP localization in a series of experiments. In
general, absolute error, defined by
𝜖 = 𝑋𝑚 − 𝑋actual ,

(15)

and relative error, given by
𝛿=

𝑋𝑚 − 𝑋actual
,
𝑋actual

(16)

were evaluated. In the above, 𝑋𝑚 is a measured value of an
arbitrary variable and 𝑋actual is an actual quantity of this

Corr.
𝐵𝐷
𝑄0.25
𝑄0.50
𝑄0.75
𝐵𝑈

ICP

𝜖 (mm)

𝛿 (%)

𝜖 (mm)

𝛿 (%)

−100
−50
0
50
100

−4.23
−0.99
0
1.41
4.92

−16.99
−4.00
0
5.01
12.39

−4.00
−1.11
0
0.85
3.61

variable. The accuracy of the proposed method was compared
to the ICP when determining the translation between two
LiDAR scan.
The experiment started by taking a reference scan of
the environment in an initial location. Then, the robot was
moved ahead in a sequence of 5 cm steps. 100 scans were
executed at each step and matched to the reference scan.
The distance from the initial location ranged up to 8 m. The
cell size in the correlation algorithm was set to 200 mm.
The actual translation, 𝑋actual , was measured manually by an
accurate tape meter. The results of this experiment are shown
in Figure 10 and summarized in Table 4. Together, they show
that the upper adjacent value of the absolute error, which is
taken as a representative value of this measure, was ±100 mm
for the cross-correlation method and between −16.99 mm
and 12.39 mm for the ICP algorithm.
Figure 10(b) shows the distribution of the relative measurement error obtained by the proposed method and the
ICP. Although the absolute error of the ICP is significantly
lower, the relative errors of both algorithms are comparable.
It is caused by the fact that the ICP was not able to match
the scans after the distance from the initial point increased to
more than 2 meters. Therefore, no valid comparison between
the cross-correlation and the ICP is available for these longer
distances and the relative errors turn out similar. The upper
and lower adjacent values of the population of all measured
relative errors obtained by the cross-correlation method were
−4.23% and 4.92%, respectively.

6. Conclusions and Future Work
A new scan matching algorithm based on cross-correlation
is proposed and evaluated in this work. It was devised as
an efficient mobile robot localization method with high
accuracy and low computational costs. Extensive practical
experiments, conducted within the scope of this research,
have shown that the proposed algorithm is able to match
LiDAR scans with a high accuracy and is robust towards
dynamic changes in the environment and moving objects.
The proposed method is computationally lightweight,
suitable for the use in low-power mobile devices, and
has no special requirements on sensor subsystems. It has
been extensively tested and compared with a standard scan
matching method, ICP. The comparison has shown that it
is approximately 10 times faster and has a wider operating
range. The disadvantages of the proposed method include
the relatively rough resolution of the obtained transformation
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20

300

16
12

200

8
4
𝛿 (%)

𝜀 (mm)

100
0

0
−4

−100

−8
−12

−200

−16
−300

−20
ICP

Corr.
(a)

Corr.

ICP

(b)

Figure 10: Error comparison: (a) absolute error, (b) relative error.

vectors, slightly higher relative error (approx. 5%), and the
need to set a fixed resolution of the raster. Raster resolution,
suitable for the employed LiDAR sensor and the intended
application, was set to 200 mm.
This work can continue in several directions. Advanced
methods for real parameter optimization, including, for
example, bioinspired optimization metaheuristics [39], can
be employed to determine the optimum scan matching
parameter vector. The resolution of the proposed method
can be improved by seeking an optimum raster cell size
with a good trade-off between time complexity and matching
accuracy.
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The paper describes basic principles of a radio-based indoor localization and focuses on the improvement of its results with the aid
of a new Bluetooth Low Energy technology. The advantage of this technology lies in its support by contemporary mobile devices,
especially by smartphones and tablets. We have implemented a distributed system for collecting radio fingerprints by mobile devices
with the Android operating system. This system enables volunteers to create radio-maps and update them continuously. New
Bluetooth Low Energy transmitters (Apple uses its “iBeacon” brand name for these devices) have been installed on the floor of
the building in addition to existing WiFi access points. The localization of stationary objects based on WiFi, Bluetooth Low Energy,
and their combination has been evaluated using the data measured during the experiment in the building. Several configurations of
the transmitters’ arrangement, several ways of combination of the data from both technologies, and other parameters influencing
the accuracy of the stationary localization have been tested.

1. Introduction
Nowadays, when satellite navigation systems such as GPS,
GLONASS, or Galileo are available for everyone, it is usually
not a problem to locate a person or a mobile device outside.
A situation can get more complicated in high-density urban
areas with rare line-of-sight to the satellites of the corresponding system. The situation is most complicated inside
buildings with no line-of-sight. In such cases, other solutions
are employed, usually those based on radio networks (e.g.,
IEEE 802.11-WiFi) and fingerprints of signal strengths of
individual WiFi devices which transmit their signals inside a
building [1]. Localization accuracy is influenced by a number
of circumstances, for example, by characteristics of transmitters and receivers and characteristics of the environment
which influence the radio signal propagation. Another factor
which can be adjusted quite easily is the number of radio
transmitters and their positions. A typical situation is that
there already are some WiFi access points in the building
which more or less cover the building with the radio signal
which can be used for localization. To increase the accuracy

of the localization, it is possible to install more transmitters
which would enrich the individual fingerprints or cover the
places which are poorly covered by the existing WiFi network.
In this paper, we will deal with the Bluetooth Low Energy
(BLE) technology which can be a very good alternative
supplementing WiFi access points. Their combination will
allow more accurate localization. The key advantage of BLE
comprises low energy consumption which allows the transmitters—called beacons—to be powered continuously from
batteries from months to years. This also makes it possible to
place the beacons in the spots where WiFi access points would
be difficult to power.
The rest of this paper is organized as follows. We discuss
related work in Section 2. Section 3 describes the technology of BLE beacons (iBeacons) and deals with support of
Bluetooth Low Energy with the Google Android platform.
Section 4 summarizes the use of BLE beacons in indoor
navigation. Section 5 describes the architecture of our indoor
localization system based on BLE beacons and the localization method. Section 6 is focused on the arrangement of BLE
beacons inside the building. Section 7 describes the results
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of the evaluation. In Section 8, we summarize, discuss, and
interpret the achieved results. Section 9 concludes the paper.

2. Related Work
Methods of indoor localization are usually based on monitoring the radio signal strength, the so-called Received Signal
Strength Indicator (RSSI). The radio signals are broadcasted
by transmitters (usually WiFi access points, but, e.g., Bluetooth Low Energy beacons are also an option) covering a
particular area. With the growing distance from the transmitter, the received signal strength decreases and the travel
time from the transmitter to the receiver increases. When we
measure these values from more transmitters we are able to
estimate a position of the receiver. Two basic approaches are
being used—triangulation and fingerprinting.
2.1. Triangulation. Methods based on triangulation can be
further divided into lateration and angulation [2]. These
methods use estimation of the distance from several transmitters based on signal attenuation [3], time characteristics of the
signal propagation (TOA: Time Of Arrival [4]; TDOA: Time
Difference of Arrival [5]), or the direction of the received
signal (AOA: Angle of Arrival [6]) when using directional
antennas or antenna arrays. All these methods achieve good
performance in an open space with line-of-sight propagation
between the transmitter and the receiver. Unfortunately,
they have weak results inside buildings where the measured
variables are highly influenced by the environment. The radio
signal may be reflected and attenuated by several obstacles
such as walls making the estimation of distance more difficult.
2.2. Fingerprinting. Fingerprinting is a localization method
comprising two phases. In the first phase—learning—vectors
composed of the RSSI values and optional extra features
measured by a measuring device in the known locations are
collected [7]. These reference values—the calibrated dataset—
are saved together with the location coordinates into the
fingerprint database for the needs of localization. In the
second phase—localization itself—the device to be localized
measures the RSSI values and compares them with the data
in the fingerprint database using a suitable method. The
most widely used algorithms or methods of comparison and
estimation of the position are [2]
(i) probabilistic methods,
(ii) 𝑘-Nearest Neighbors,
(iii) neural networks,
(iv) support vector machine,
(v) smallest M-vertex polygon.
Concrete solutions based on collection of fingerprints
are described by Bahl and Padmanabhan [8] or Azizyan et
al. [9] who collect other features during the measurement,
such as sound intensity, acceleration, light intensity, or color
of the light. Wu et al. [10] bring an interesting approach
which assumes similarity between the so-called virtual and
physical model of the interior. It automates the initial phase

of learning based on clustering of the fingerprints. Then, the
virtual rooms are mapped to the physical rooms.
Localization accuracy can be increased if the movement
of localized objects is considered. Such methods utilise the
history of previous measurements and estimate the position
based on the known previous trajectory of the object. Other
solutions use dead reckoning method based on collection of
data from movement and orientation sensors of a mobile
device (like accelerometer, gyroscope, and magnetometer).
This way, the direction of movement and the distance traveled
could be determined and combined with other measurements and/or estimations. Particle filters are often incorporated in the process of gathering such estimations. Particular
examples of these methods were published in [11, 12].
Another approach is presented by the Ubicarse project
[13] where the emulation of a large antenna array is used
for localization purposes on a tablet device with two MIMO
antennas. Note that there is no public API that could read
RSSI from multiple MIMO chains in high speed at the
Android platform.
2.3. Bluetooth-Based Localization. Bluetooth-based indoor
localization is not a novel idea [14, 15]. Due to the limitation
of the original Bluetooth specification (now called Bluetooth
Classic), this approach has not been widely used. The time
required for obtaining a sufficient number of nearby Bluetooth devices was not satisfactory due to the lengthy process
of discovery. Likewise, energy and economic demands of
Bluetooth infrastructure were high compared to WiFi-based
infrastructure, which also served other purposes.
The situation changed with the advent of Bluetooth
4.0 (including BLE/Bluetooth Smart) in 2010. Due to low
energy consumption and configuration options (regarding
the advertising interval and the transmitter output power),
the utilisation of this technology is much more promising,
not only in comparison with previous versions of Bluetooth, but also in comparison with today’s widespread WiFipositioning. In [16], the authors focus on proximity estimation based on signal strength. Furthermore, [17] directly
compares the BLE-based localization to the WiFi-localization
by deploying BLE beacons at the same spots where WiFi
access points were originally placed. The results show that
BLE is more accurate at identical places than WiFi.
In this paper, we focus on an appropriate combination
of both technologies rather than on their direct comparison.
We deploy additional BLE beacons in order to improve the
localization accuracy while utilising both technologies at the
same time.

3. iBeacon Technology
iBeacon is Apple’s brand name of the technology based on
the microlocalization and the interaction of a mobile device
in the physical world. This technology can be considered to
be the next development stage of the QR code technology or,
alternatively, the NFC technology. iBeacon uses the Bluetooth
Low Energy standard which is a part of a new version
of Bluetooth 4.0. Sometimes, the terms Bluetooth Smart,
Bluetooth LE, BTLE, and just BLE are used. It is a technology
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developed by Nokia (originally, the technology was named
Wibree; in 2010 BLE was standardized) and in contrast to the
previous versions of Bluetooth, dramatically lower consumption is typical for BLE [18, 19]. Also the way how the
(peripheral) device announces its existence to the other
devices is the opposite from how it is in the original Bluetooth
Classic. BLE enables a peripheral device to transmit an
advertisement packet without being paged by the master
(central) device. Thanks to this communication model, it
is possible to construct energy-efficient transmitters—BLE
beacons or iBeacons according to Apple.
iBeacon is a small device which transmits particular
information in a defined radius and in regular intervals. As
soon as a mobile device (a smartphone) gets within this
radius, it can receive such information and, based on this, it
can perform an action. Considering low consumption of BLE,
such a device can be powered by a coin battery for up to two
years. Of course, the battery life depends on the transmitter
output power (TX power) and advertising interval settings.
The iBeacon technology is going to be adopted by shop
marketers. A visitor with a BLE-enabled smartphone may be
notified of special offers, discounts, information, and so forth
based on his/her position or proximity to a beacon. It finds
similar use in museums and exhibition halls.
3.1. Hardware Solution. BLE beacons are devices made by
Estimote, Kontakt, Gimbal, and other manufacturers [20].
A beacon consists of a Bluetooth chipset (including its
firmware), a battery providing power supply, and an antenna.
Texas Instruments, Nordic Semiconductor, Bluegiga, and
Qualcomm are the main current producers of the BLE chips.
We have used beacons made by Estimote in our project.
Estimote beacons can be attached to any location or object.
They broadcast BLE radio signals which can be received and
interpreted by a smartphone, unlocking microlocation and
contextual awareness. To be able to listen to these beacons,
it is necessary to have a device that supports Bluetooth 4.0
or higher. The Estimote beacon contains an nRF51822 chip,
a powerful, highly flexible multiprotocol System-on-a-Chip
(SoC). The nRF51822 is built around a 32-bit ARM Cortex
M0 CPU with 256 kB/128 kB flash + 32 kB/16 kB RAM [21].
The whole SoC is highly optimized to be energy-efficient.
Thus the stable TX power of the beacon is ensured while
the battery voltage may drop. When the voltage finally drops
from 3 V to 1.7 V, a brown-out reset is generated and the
device stops broadcasting [21]. In its basic mode, a beacon
simply transmits Bluetooth packets with identification data—
so-called advertisements—in regular intervals. It does not
communicate with the surrounding devices by any other
sophisticated way. Advertisements contain the following data:
(i) MAC address.
(ii) Universally unique identifier (UUID)—common for
a single deployment at a venue.
(iii) Major number—designated for dividing the beacon
sets into smaller segments.
(iv) Minor number—designated for dividing the segments into smaller subsegments.
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In the configuration mode, beacon’s broadcasting parameters (which include the above stated data transmitted in a
packet and other parameters such as the TX power or the
advertising interval) can be configured. In the configuration
mode, beacons use advanced bidirectional communication
with a master device (e.g., a smartphone) with the aid of
which they are configured.
At a physical layer, BLE transmits in the 2.4 GHz industrial, scientific, and medical (ISM) band with 40 channels
each 2.0 MHz wide. 37 channels are used to exchange the
data among paired devices and 3 channels are designated
for broadcasting advertisements. These 3 channels are thus
primarily used by beacons and are chosen deliberately so that
they collide with the WiFi channels as little as possible. The
beacon broadcasts its advertisement packet repetitively based
on the selected advertising interval while hopping over the 3
designated channels [18].
3.2. Android Support for BLE. Android platform was chosen
for testing the whole solution because it is the most widely
used operating system for smartphones.
Android offers BLE support from version 4.3 (API
level 18). From version 5.0 (API level 21) the BLErelated API had been revised and extracted to a separate
android.bluetooth.le package. The applications have to
be granted both BLUETOOTH and BLUETOOTH ADMIN system permissions to use BLE API. API level 18 supports
communication with BLE peripheral devices only—that is,
scanning devices, enumerating device’s services, and sending
or receiving the data to or from such devices. API level 21
further opens the possibility for a smartphone or a tablet
(depending on hardware support) to act as a Bluetooth Low
Energy peripheral device, that is, to advertise itself as a BLE
device and to offer services to other devices.
The most important function for BLE indoor localization
is scanning of the available BLE devices in the neighborhood.
For this purpose, API level 18 offers startLeScan() and
stopLeScan() methods of the BluetoothManager class.
The scanning process is asynchronous and every device
found is reported to an instance of the LeScanCallback
callback class. The scanned device is represented by the
BluetoothDevice class which includes its MAC address,
byte-array scan record (containing UUID, etc.), and RSSI.
API level 21 moves the process of low energy scanning
into the separate BluetoothLeScanner class. Its instance
is obtained by calling the getBluetoothLeScanner()
method of the BluetoothAdapter class. In contrast to API
level 18, it is possible to specify even more detailed parameters of scanning. Unfortunately, implementation of the
above mentioned classes and underlying system libraries can
vary across different vendors. The most common issue is that
BLE devices are not reported repeatedly during the scanning
process which is a condition necessary for localization.
For this reason it is necessary to implement a mechanism
which starts and stops scanning repeatedly in a given
time interval. It is also possible to use available libraries,
for example, Android Beacon Library (https://github
.com/AltBeacon/android-beacon-library/), which provides
CycledLeScanner class that encapsulates this mechanism.

4

4. Utilising BLE in Indoor Localization
WiFi networks are commonly being used for localization
inside buildings. A building is usually a complicated system
regarding WiFi signal propagation due to the materials used.
That is why areas with no WiFi signal may appear in the
buildings despite high concentration of efficient WiFi access
points. In such areas it is not possible to collect fingerprints
because they would contain no signals measured from the
surrounding WiFi networks. These areas can additionally be
covered by other transmitters. For this purpose, BLE beacons
can be used. They transmit a Bluetooth signal instead of a
WiFi signal. While powered by batteries, they can be placed
in less accessible places where there are no power sockets
or other forms of supply, such as ethernet cables, allowing
to use power-over-ethernet. When placing the beacons it
is necessary to care about the radiation pattern of a given
device and also about possible attenuation elements in the
environment. Reference [22] deals with this topic in detail.
Due to the low price of beacons, their small size, and
independence of an external power supply (no additional
cables required), they seem to be suitable supplements to
an existing WiFi network in a building. Areas covered with
weak WiFi signal or with a small number of WiFi transmitters
contained in one fingerprint can thus be enriched by new
BLE transmitters. Then, the fingerprint can also contain the
measured RSSIs of these BLE devices in addition to the RSSIs
of WiFi signals.
Beacons have another advantage: thanks to support by
mobile operating systems, they can be used for energyefficient geofencing enabling a mobile application to be
activated based on approaching an iBeacon by a smartphone.
The whole process at the iOS platform does not require the
application to be active and thanks to this it is possible to
optimize it so the energy consumption of the mobile device
is minimized and the endurance of the battery is maximized.
Estimote has also established a new term in this field—
nearables—for their BLE beacons equipped with additional
sensors.

5. Methods and Architecture
Our goal is to evaluate an improvement in the localization
using BLE beacons. In this paper, we are going to compare
WiFi-based stationary localization with a stationary localization using combination of BLE and WiFi. We suggested
and performed an experiment where the original WiFi access
points and additionally deployed BLE beacons were used for
localization of a stationary device. As a suitable localization
method, we used a method based on collecting fingerprints
composed of measured signals of WiFi access points and BLE
transmitters.
5.1. Learning Data Acquisition. Smartphones were used to
acquire the learning data and the state of their sensors
(accelerometer, compass, and gyroscope) was also recorded
for future processing. Volunteers used their smartphones
with a digitized map of a building to acquire the learning
dataset. A smartphone scans signals of all available networks
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and beacons around and the user creates the fingerprint of the
given place with the aid of our application. The application
records strengths of individual signals in a given place for 10
seconds (which should be a sufficient time [23]). A fingerprint
created in this way is recorded into the fingerprint database.
The rest of the system is described in Section 5.3.
5.2. Positioning Method. The localization inside a building is
done using collection of more fingerprints but these are not
necessarily recorded in a database. The user who wishes to
be localized measures a fingerprint of a place where he/she is
using an application in his/her smartphone. This fingerprint
is then compared with all fingerprints in the database and
one or more fingerprints with the highest similarity are
searched. The fingerprints in the database are tagged with
corresponding positions inside the building. The accuracy of
the localization depends on factors such as the quality of fingerprints saved in the database (especially radio interference
and the accuracy of the determination of the place where
the tagged fingerprint was acquired) and the algorithms used
for calculation of a similarity of the tagged fingerprint in the
database with the measured untagged fingerprint.
To compare the measured fingerprint with the database,
the 𝑘-Nearest Neighbors (𝑘-NN) in Signal Space method was
used. This method tries to find 𝑘 of the nearest fingerprints
from the database by means of, for example, Euclidean distance. In this way we get 𝑘 locations and by their combinations we estimate the position of the device to be localized.
The Euclidean distance of the measured vector of the fingerprint 𝑚 = (𝑚1 , 𝑚2 , . . . , 𝑚𝑛 ) from the 𝑖th fingerprint 𝑆𝑖 =
(𝑠𝑖1 , 𝑠𝑖2 , . . . , 𝑠𝑖𝑛 ) in the database can be expressed by the following formula:
𝑁

2

𝐷𝑖 = √ ∑ (𝑚𝑗 − 𝑠𝑖𝑗 ) ,

(1)

𝑗=1

where 𝑁 is a number of unique transmitters in the measurement.
After sorting the tagged fingerprints according to the
distances 𝐷𝑖 from the measured fingerprint, the first 𝑘 fingerprints are chosen. From their known positions 𝑃𝑖 [𝑥𝑖 , 𝑦𝑖 ] the
weighted estimate of a position 𝑃 of the measured fingerprint
is calculated according to the following formula:
𝑃=

∑𝑘𝑖=1 𝑃𝑖 𝑄𝑖
∑𝑘𝑖=1

𝑄𝑖

, where 𝑄𝑖 =

1
.
𝐷𝑖

(2)

The Weighted 𝑘-Nearest Neighbors (W𝑘NN) in Signal
Space method was chosen especially because of its easy
implementation and the fact that its results are not difficult to
interpret. If unexpected results occur, they are easy to analyze.
The measurement itself takes several seconds. During the
measurement, the measuring device can receive the signal
of the same WiFi access points or BLE beacon several times
with different signal strength. This set of signals from one
transmitter (identified by an ID Tx, e.g., a unique MAC
address) within one measurement will be marked 𝑋Tx ; see the
following definition:
𝑋Tx = {𝑥1Tx , 𝑥2Tx , . . . , 𝑥𝑀Tx } .

(3)
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For further processing only one value is chosen from this
̃ Tx which is further
set of different values—the median value 𝑚
marked as 𝑠 or 𝑚 values according to its meaning in formula
(1).
5.3. System Architecture. The system for acquisition of the
data obtained during the measurements on mobile devices
is based on the Couchbase database. It is a NoSQL database
which has no fixed schema and enables saving of records
constituted by objects in a JSON format under unique keys.
Then, it supports searching primarily according to the keys
and secondarily with the aid of the so-called views (they
correspond to indexes in relational databases) which can be
based on any data from the records.
One of the advantages of schemaless databases is a high
flexibility when addition of more attributes in newly acquired
records does not require any modifications of the schema
or a major restructuring of the database. This flexibility is
especially useful in research projects when a detailed analysis
of all requirements at the very beginning of the project cannot
be expected.
Support of replication across several servers is another
advantage of Couchbase. Besides the server environment, this
database can be operated on mobile devices using the Couchbase Lite edition. Couchbase Sync Gateway allows the database to be replicated among the server and mobile devices
including selective replication of selected records only. This
feature was used for replication of the measured data from
mobile devices to the server where they were further processed and the evaluation described below was performed.
Direct access to Couchbase or Couchbase Sync Gateway
from the Internet is not recommended due to security reasons
[24]. That is why the Apache reverse proxy is put in front
of the Sync Gateway. The Apache reverse proxy mediates
communication among clients (mobile devices) and server
components. The whole system at the server is described
in Figure 1. The small JavaScript application deployed to the
NodeJS server provides external authentication of users for
Couchbase Sync Gateway using Google accounts. It facilitates
the authentication based on user’s Google account when
using his/her smartphone or tablet with the Android operating system. A session token is the result of the authentication
process.

5
Mobile
application
Google

WiFi
access-points

BLE beacons
:80/auth
:80/beacongw

:3000/auth

Apache reverse
proxy

NodeJS
:4984/beacongw

:4985

Couchbase Sync
Gateway

:8091

Couchbase

Figure 1: System architecture (based on [25]).

the central radio resource management unit to help mitigate
cochannel interference and signal coverage problems.
Then, 17 new Bluetooth Low Energy beacons made by
Estimote were evenly placed in the corridors and classrooms
on the floor. Beacons were originally put behind the dropped
ceiling (see Figure 3) in a similar way as WiFi access points
but the performance was not sufficient. Later on, we moved
them from behind the ceiling and attached them to the
bottom side of the mineral fiber ceiling tile. It improved
the performance and enabled the line-of-sight propagation.
Beacon broadcasting parameters were set to the advertising
interval of 100 ms and the TX power of 0 dBm. Locations
of beacons are marked with numbers A to 8 in Figure 2.
Individual beacons in the corridor are about 10 m apart.

6. Test Site: The Campus Building
As a test site, one floor of the building of the Faculty of
Informatics and Management, University of Hradec Kralove
(FIM UHK), was chosen. The main walk-through corridors
are in a rectangular arrangement. Classrooms and offices are
situated inwards and outwards in relation to the corridors.
There is a roofed atrium in the center of the building.
Experiments have been conducted in a 52 m × 43 m area.
Several WiFi transmitters of the eduroam network made
by Cisco are permanently deployed on every floor. Their
locations are marked with letters  in Figure 2.
In every place marked there are more radio units, typically at least two of them—one in a 2.4 GHz and the other one
in a 5 GHz band. Their TX power is automatically adjusted by

7. Evaluation
The dataset of calibrated points was acquired by volunteers
during several weeks. In total, 680 measurements were
performed consisting of 115,511 individual RSSI samples
(signal strength + transmitter-id pairs). The exact position
on the floor was known for every measurement. Two devices
were used for measurement: Sony Xperia Z3 Compact and
Motorola Nexus 6. Each measurement took 10 seconds.
A chart in Figure 4 shows numbers of different (unique)
transmitters received within one fingerprint for both
technologies—WiFi and BLE. To be complete, we also show
the sum of both technologies because in the following
evaluation we will consider combination of signals from both
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Figure 2: Floor plan with WiFi access points and BLE beacons.

types of transmitters. The median of the number of unique
transmitters is 5 for WiFi and 4 for BLE.
To evaluate the localization using WiFi, BLE, and a
combination of both technologies, the leave-one-out crossvalidation technique was applied. From the set of 680 calibrated points, one of them was chosen in each iteration and its
position was estimated based on the other calibrated points.
This procedure was then repeated for all points. The accuracy
(estimated position compared to the real position) was then
calculated for every estimation of the position.
A Weighted 𝑘-Nearest Neighbors in Signal Space algorithm was used for estimation of the position. We tested 𝑘 ∈
{1, 2, . . . , 5}. Several authors recommend 𝑘 to be chosen as
3 or 4 [23]. Our results of 𝑘 ∈ {2, 3, 4} were similar but we
achieved the highest accuracy using 𝑘 = 2. This value is used
in our experiments.
Figure 5 shows the results of the cross-validation—on the
𝑦 axis there is an accuracy of the estimation of the position
(an error in meters) when using WiFi networks only, BLE
transmitters only, and finally both technologies combined
together. The median accuracy improved from 1 m when

using WiFi to 0.77 m when combining both technologies.
However, the elimination of the accuracy variance and the
reduction of outliers is more interesting. The maximum error
of the localization (excluding outliers) in a given sample was
lowered from 4.27 m when using WiFi to 2.82 m in a combined method.
We analyzed estimations with the highest errors in detail
to be able to discuss the possible causes. Most of the incorrectly localized points were situated at the dead ends of the
corridors where there was no beacon at the very end of
the corridor. Localization algorithm obviously estimates the
position better when it can approximate the position between
two beacons. Longer corridors also allow good propagation of
the signal causing less significant differences among signals,
especially at the dead ends.
7.1. Weight of BLE Signals versus WiFi Signals. Several tests
verifying a suitable way to combine signals of WiFi and BLE
transmitters in Signal Space have been performed. Both WiFi
and BLE signals were put into common Signal Space. The
strengths of BLE signals in individual tests were multiplied
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Figure 3: Physical deployment of the BLE beacon.
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transmitters in a measurement and 𝑁 is the number of
unique BLE beacons in a measurement.
These tests revealed that the best results in the given set
of measurements were achieved by a ratio of 1 : 1 (thus a
coefficient 𝑐 = 1). There is no reason to give more weight to
one technology or the other.

WiFi

BLE

Combined

Figure 4: Number of unique transmitters in a single measurement.

by different coefficients 𝑐 ∈ [0.2, 1.8]. The total distance in
Signal Space containing both WiFi and BLE signals was then
calculated according to the formula
𝑁

2

𝑁

2

𝐷𝑖 = √ ∑ (𝑚𝑗 − 𝑠𝑖𝑗 ) + ∑ 𝑐 ⋅ (𝑚𝑗  − 𝑠𝑖𝑗  ) ,
𝑗=1

(4)

𝑗 =1

where 𝑚 = (𝑚1 , 𝑚2 , . . . , 𝑚𝑁) is the measured vector of the
fingerprint of WiFi signals and 𝑆𝑖 = (𝑠𝑖1 , 𝑠𝑖2 , . . . , 𝑠𝑖𝑁) is the
calibrated vector of the fingerprint of WiFi signals from the

database. Analogously, 𝑚 = (𝑚1 , 𝑚2 , . . . , 𝑚𝑁
 ) is the mea

, 𝑠𝑖2
,
sured vector of the fingerprint of BLE signals and 𝑆𝑖 = (𝑠𝑖1

. . . , 𝑠𝑖𝑁 ) is the calibrated vector of the fingerprint of BLE
signals from the database. 𝑁 is the number of unique WiFi

7.2. Scanning Duration. Signal scanning (measuring) duration in a given place is another important parameter. During
our experiment, every measurement always took 10 seconds.
Our goal was to find out how many seconds the measurement
should last to provide good results.
Because all the data acquired about individual measured
signals were time-stamped, even shorter scanning duration
can be considered. For example, the results of measurement
taking 2 seconds can be achieved by ignoring signals measured after a lapse of 2 seconds (thus ignoring the remaining
8 seconds from the total scanning interval). Due to the fact
̃ (𝑚 or 𝑠 values in
that we calculate the median value 𝑥
formula (4)) from several signal strengths acquired from the
same transmitter within one measurement, shortening of the
considered scanning duration does not have to necessarily
mean reduction of the number of 𝑁 or 𝑁 due to complete
“loss” of signals of some transmitters. After longer time of
̃ Tx
measurement, the 𝑋 sets from which the median values 𝑋
are calculated for each transmitter are rather smaller because
of a reduction of the duration.
We evaluated the localization again with different scanning duration considered from 1 second to 10 seconds.
Figure 6 shows the influence of the scanning duration on the
accuracy of the estimation of the position. Only median and
maximum (excluding outliers) values are displayed for clarity.
Two factors probably affect the accuracy: first, the speed of
delivery of the measured signal strengths of transmitters to
the Android application and, second, the significance of the
particular technology in the localization process. We noticed
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Figure 6: Localization accuracy depending on scanning duration
(scanning started at time 0).

Figure 7: Localization accuracy depending on scanning duration
(scanning started 4 s before time 0).

faster delivery of signal strengths of the BLE transmitters in
contrast to WiFi access points. Thus, BLE promises faster
initial localization than WiFi does. This effect becomes even
stronger in combination with WiFi. For example, in the 2nd
second of the scanning, we were unable to localize the mobile
device in 168 positions using WiFi, in 36 positions using BLE,
and in 20 positions using combination of BLE and WiFi. It
is because the Android operating system may delay delivery
of the WiFi scanning results until the first scan cycle is
done. Our stationary localization may significantly help in the
initial phase of other methods based on distance estimation
and pedestrian dead reckoning [12].
We have also investigated a situation when we estimate
the location using particular scanning duration while the
scanning was started 4 seconds in advance. We have chosen
4 seconds because we observed a “warm-up” period of
approximately 4 seconds before the scanning results were
continuously delivered to the Android application after the
scanning had been initially started. The results have improved
enabling the localization algorithm to be applicable to moving object localization while doing continuous scanning that
was started at least 4 seconds in advance; see Figure 7.

marked by numbers A, C, E, G, 0, and 2 in Figure 2 were
considered—this experiment was marked as an A option.
For the second time, only 12 beacons marked A to 3 were
considered—this experiment was marked as a B option.
A boxplot in Figure 8 shows the final accuracy of the
estimated position in individual cases A and B. The results
of configuration A reveal a substantial deterioration of the
accuracy of the localization in the test set when using BLE
beacons only. This is understandable due to a reduction in
the number of the unique BLE beacons scanned within one
measurement to less than 50% (in average from 4.4 to 1.9).
The number of nonlocalized points thus increases.

7.3. BLE Beacons Density. Density of BLE beacons will also
influence the quality of the localization. Due to the fact that
beacons were firmly attached, the experiment verifying the
impact of beacons’ density was performed using existing
data. Some beacons were not considered when processed by
the localization algorithm (i.e., they were ignored) in order
to simulate lower density. This experiment was performed
twice. For the first time, only 6 beacons in the corridors

8. Discussion
Figure 8 also shows the results of the combined localization using WiFi and BLE beacons. In this method in
configurations A and B the median accuracy worsened from
0.77 m to 0.99 m (A configuration) and to 0.87 m (B configuration), respectively. Let us remember that the median
accuracy of the WiFi-based localization is 1 m in our experiment. These results are also summarized in Table 1. Improvement in accuracy is relative to the accuracy of the WiFi-based
localization in the table.
Thanks to addition of 17 BLE beacons, the accuracy of
the localization in a given dataset improved by 23%. Besides
the median value of the localization error, the maximum
error (outliers not considered) also improved from 4.27 m to
2.82 m. The average error improved from 1.81 m to 1.08 m. We
assume that the number of BLE beacons scanned in one measurement (which was 4.4 on average) has the main impact
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Table 1: Localization results summary.
Median accuracy
1.00 m
0.99 m
0.87 m
0.77 m

All-combined

All-BLE

B-combined

B-BLE

A-BLE

36
34
32
30
28
26
24
22
20
18
16
14
12
10
8
6
4
2
0

A-combined

Localization error (m)

WiFi
Combined WiFi + 6 BLE beacons, conf. A
Combined WiFi + 12 BLE beacons, conf. B
Combined WiFi + 17 BLE beacons (all)

Figure 8: Comparison of localization accuracy among different BLE
deployment configurations.

on the resulting improvement in the localization accuracy.
We also assume that by increasing the number of beacons
it will be possible to achieve more substantial improvement
considering the observed impact of further reduction of
BLE beacons. Increase of the TX power of the BLE beacons
should also increase the number of beacons detected during
measurement thanks to the extended coverage and overlap
of areas covered by individual beacons. But this option is less
efficient for two reasons. First, the higher TX power will result
in substantially faster discharge of batteries in the beacons.
Second, a denser network of less performing beacons will
increase significant differences among individual places compared to a sparser network of more performing beacons.
Several experiments were also performed with different
ways of beacons’ placement. Despite the fact that placement
of beacons behind a dropped ceiling is the technically easiest
solution, its disadvantage is the fact that the beacons are
completely covered by the ceiling tiles. We have also put some
BLE beacons inside teachers’ tables in computer laboratories
(marked by 4 to 8 in Figure 2). These tables are situated in
the front part of the laboratory and they are wooden with
metal sides. Compared to the beacons with the same settings
in the dropped ceilings, these beacons in the tables covered a

Improvement
N/A
0.01 m
0.13 m
0.23 m

Improvement pct.
N/A
1%
13%
23%

wider area while also completely hidden inside the table. But
our original expectation was the opposite because the ceilings
were composed of mineral fiber tiles which promised lower
attenuation than metal sides of the tables. It was expected that
these metal components of the tables would be a substantial
obstacle for BLE signal propagation. Based on this observation, we moved beacons from behind the ceiling and attached
them to the bottom side of the mineral fiber ceiling tile, which
improved their performance. In the future we plan to conduct
more experiments with placement of individual beacons and
to verify the results of the subsequent localization.
Note that, besides the improvement in the accuracy, BLE
beacons bring another advantage—energy-efficient geofencing. Thanks to BLE it is possible to develop applications which
react to approach of a mobile phone towards a beacon and
which can bring new user’s experience. In contrast to the
Android operating system, the iOS operating system by Apple
is more advanced in this field; it has direct support of detection of beacon regions while the device is in a standby mode.

9. Conclusion
In this paper, we have introduced a way to improve the
accuracy of the radio-based indoor stationary localization
originally based on WiFi signals. We have designed and
implemented a distributed system for acquisition of radio
fingerprints. The system consists of server(s) and mobile
devices with the Android operating system which support
Bluetooth Low Energy. The system is designed to enable
volunteers to create a radio-map and update it continuously.
Evaluation of the solution was based on the Weighted 𝑘Nearest Neighbors in Signal Space algorithm. New Bluetooth
Low Energy transmitters by Estimote were installed on the
floor of the building where WiFi access points used by
the eduroam network had been installed before. Based on
the data acquired in this real world scenario, the results
of the localization using WiFi, Bluetooth Low Energy, and
their combination were evaluated. We have tested several
configurations of positions of transmitters or their density.
We have also made experiments with how to combine signals
from both technologies within one Signal Space. Further, we
have tested the influence of the scanning duration on the
accuracy of the localization. The resulting data have shown
that it is possible to improve the median accuracy by 23% and
to reduce the variance.
In the future we will deal with testing the influence of
broadcasting parameters of beacons such as the advertising
interval and the TX power. It will also be suitable to test
even higher density of beacons. We will also focus on testing
the influence of other features associated with particular

10
measurements, such as the orientation of the mobile device,
and the difference of their impact in both technologies.
Further attention will also be paid to the incorporation of
device movement aspects (using particle filters, according
to [11, 12]) and to their potential use in the fingerprinting
approach.
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Today’s mobile networks require integration of the different networks in order to transport data between mobile devices. The main
problems of all networks occur if the communication paths are disconnected for a short time. The hybrid MANET-DTN is an
evolution of the Mobile Ad Hoc Networks (MANET) and Delay/Disruption Tolerant Network (DTN) and it gives the possibilities
of data transport between the disconnected islands of the nodes. The key problem is how to select reliable and secure nodes to
transport messages between isolated islands with limited connectivity. The selection of the relay nodes is a critical factor because
the data are transported via these devices in hostile environments. Two algorithms for a relay node selection based on trust are
introduced. These algorithms are activated if the connections are disrupted. The selected relay nodes transport data across the
disconnected environment via store-carry-forward mode. The proposed algorithms enable selecting reliable relay nodes based on
collecting routing information and contact history. We introduce the network performance analyses of these algorithms. The main
idea of the analyses is studying how the algorithms can affect the behaviour of the routing and forwarding mechanisms in the
simulator OPNET modeler.

1. Introduction
A new concept of the hybrid MANET-DTN enables a
progressive and robust communication between mobile terminals in the hostile and disconnected environment. This
network enables integration of the Mobile Ad Hoc Network
(MANET) for situations when mobile nodes can communicate with each other via wireless links and Delay/Disruption
Tolerant Network (DTN) in the case when the communication paths never exist or the signal between mobile
terminals is weak. This network integrates the benefits of
the MANET routing algorithm for transmitting the data and
DTN forwarding technique in order to obtain transportation
path between a source and destination terminals.
The Mobile Ad Hoc Network (MANET) is characterized
by multihop communication between mobile nodes by wireless links [1]. There are also no infrastructures and routing
paths are established by routing algorithms (Figure 1). The
traditional routing algorithms and protocols are based on

routing schemes, which can find a path for a given node pair
according to various metrics, and data packets are transmitted from one intermediate relay node to the next specified
relay based on physical condition of wireless channels [2].
The routing algorithm relies on the assumption that the
network graph is fully connected and fails to route messages
if there is no complete route from source to destination at
the time of sending [3]. The key mechanism is the routing
protocol that allows finding a path for a given node pair
(source and destination node) according to various metrics.
The routing protocols and algorithms can be classified into
three categories: reactive, proactive, and hybrid [1, 2, 4].
The Delay/Disruption Tolerant Networks (DTN) have
been developed for intermittent communication between
mobile terminals. The main feature of these networks is
high propagation delays when transferring data between
different terminals. DTN provides high bit error rates and
the long-term disconnections experienced in such environments. DTN is proposed and designed to operate in hostile
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(Store-carry-forward model)
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Destination node
Isolated island

Source node
Selected relay node
(Store-carry-forward model)

Selected relay node
(Store-carry-forward model)
Isolated island

Figure 1: Example of the MANET and hybrid MANET-DTN.

environments. DTN is characterized by very long delay
paths and frequent network partitions [5–7]. DTN consists
of human-carried mobile devices (smartphones, PDA, etc.)
that communicate with each other without mobile or fixed
infrastructure. DTN forwarding algorithms allow sending
messages via the broadcast nature and spatial diversity of the
wireless medium. Forwarding algorithms use the store-carryforward model and are based on stochastic approach.
Security is a key field for all types of network, not
only in MANET, DTN, or hybrid MANET-DTN [8, 9].
In MANET, the security mechanisms are based on the
assumption that there are connections between a source
and target nodes (end-to-end connections) [2]. In DTN, we
require the security solutions, which provide security for all
nodes, all services, and application that participate in routing
and transmitting process. Based on a sporadic connectivity
of nodes, it is necessary to provide secure delivery of the
messages from the source node to the destination node. The
hybrid MANET-DTN integrates security issues from both
types of networks and provides more challenges to solve
security problems.
1.1. Relay Node Selection and Main Motivation in Hybrid
MANET-DTN. In order to provide the effective communication between isolated islands of mobile nodes or between
disconnected mobile nodes, it is necessary to consider different aspects such as disconnections, mobility, partitions,
environment, and norms instead of the exceptions. The
mobility in DTN is used to provide efficient communication

between unconnected groups of nodes (isolated islands). The
mobile nodes forward data and also store data in the cache
for a long time. This model is called store-carry-forward [2].
The selection of forwarding relay node is the first key
issue. There are few works which deal with the selection of
the relay nodes. The first access is based on the number of
transitions (Expected Transmission Count (ETX), Expected
Any-Path Transmission (EAX)) which accounts for the
specific characteristics of the opportunistic paradigm [10].
Other algorithms are based on a link-state algorithm for the
unconstrained selection based on the Dijkstra algorithm [11].
Most methods are based on generalizing the Bellman-Ford
algorithm and they prove its optimality [12, 13].
The hybrid MANET-DTN also requires the cooperation
between mobile terminals in order to make a selection of
the relay nodes. Relay nodes are nodes that have a higher
probability of connecting with other nodes or allowing the
transmission of the messages by wireless environment. Selection of the relay nodes is made opportunistically based on an
actual network environment. There is very little research on
the relay node selection for hybrid MANET-DTN due to the
many additional challenges that they face in comparison with
traditional MANET or DTN.
In this paper, the novel trust based relay node selection algorithms are introduced. These mechanisms enable
selection of the secure mobile node used for transportation
of the data across the disconnected environment. Selected
relay nodes provide the secure mobile node selected to
transport the data. If the mobile node finds a connection
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the DTN forwarding mechanism is activated. The proposed
mechanisms also provide wide challenges for new services
not only for emergency situations.
1.2. Trust in Hybrid MANET-DTN. The term trust can be
reflected by reliability, utilization, availability, reputation,
risk, confidence, quality of services, and other concepts
[4]. Trust is targeting various scientific disciplines, such as
sociology, economics, management, and informatics. In each
of these sectors, the trust is defined differently for a specific
type of use or focus in that area. For example, in sociology
trust is represented as a relationship in nature [14, 15], but in
psychology it is trust in a meaning of a personal attribute view.
When we apply trust to MANET or even to newer hybrid
MANET-DTN we can classify trust into the following four
categories [16]:
(i) Trust as a risk factor: The definition says that if
an individual node decides to send data through
ambiguous path favourable and unfavourable state
may occur. This condition depends on future actions
of the recipient. The parameter trust can be used as a
prediction of the future behaviour of other nodes.
(ii) Trust as a belief : Trust is understood as an individual
faith in the behaviour of nodes based on their previous actions and decisions.
(iii) Trust relationship with transitivity: Trust is a weighted
binary relationship between two nodes in the network. As an example here we can mention hierarchically constructed network, where node A, which is
higher in the hierarchy, may decide to send data to
node B, which is lower in the hierarchy, whether it is
trusted or untrusted.
(iv) Confidentiality as a subjective probability: Trust is the
probability level determined on the basis of subjective
decision-making, where a node determines the value
of the likelihood with which monitored node takes
certain action at a certain time and in a specified
context.
We can summarize these definitions as a trust for a
particular node in the network is a subjective assessment of
the agent or other nodes on the reliability and accuracy of
received and sent information through this node in a given
context. Trust reflects a belief or expectations for reliability,
availability, integrity, and quality of service of target node
from the perspective of future activity and behaviour of that
node.
We determine the metric based on various input parameters and based on this metric we are able to determine the
value of trust. The metric can be classified into three basic
categories [14]:
(i) Scale model: In this sense trust is computed with
discrete confidentiality or continuous values to some
extent and a predetermined threshold is used for
comparison and evaluation.
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(ii) Facets model: The model is defined as certainty (confidence) and confidentiality to the same extent as
⟨0, 1⟩ and together they represent credibility (trustworthiness). This trustworthiness can be shown as
the shortest distance from the start to the point with
coordinates (confidentiality, integrity) in 2D space.
Metrics may also be composed of several values; for
example, 𝑏 + 𝑑 + 𝑢 = 1, where 𝑏 is the belief,
𝑑 is disbelief, and 𝑢 is uncertainty. Trust is then
represented in this space.
(iii) Fuzzy model: Some approaches use probability as a
metric for determining confidentiality. Bayes statistics
are used as a parameter entering into the calculation
of this probability. Another parameter can be, for
example, a number of received packets, a number of
failed packets, and a number of interactions.
In general, trust is a relative term and it is possible to
assign to it different values based on a specific proposal for its
computation. For example, the trust can be assigned values
of the interval ⟨−1, 1⟩, where −1 represents the complete
untrusted +1 opposite.
In hybrid MANET-DTN, the key aspect is how these trust
concepts can be applied to modeling trust [4, 15, 17–19]. Trust
for a particular node in the network is a subjective assessment
of the agent or other nodes on the reliability and accuracy of
received and sent information through this node in a given
context [15]. In this work, we are focused on direct trust
calculation (see Figure 2).

2. Novel Relay Node Selection Algorithms in
Hybrid MANET-DTN
The main idea of the algorithms is providing relevant and
innovative information, which will be used for selecting of
the trusted relay nodes. These nodes will be used for transportation of the data messages between isolated terminals or
isolated islands of the mobile terminals. Algorithms integrate
monitoring of the networks for collecting of the data used for
trust computing. The main ideas for all models are displayed
in Figure 3.
Proposed models are based on the direct model for the
trust computation. Models are also based on the assumption
that each node in the network receives information about
other nodes. The collected data are stored in each node and
later used in the calculation of the preliminary and final
values of trust, which are used for selection of the relay nodes.
The proposed algorithm is working on the network layer of
the MANET layer model and is designed for collecting of
the routing and data node information throughout the entire
operations specified for the routing.
2.1. Designed Relay Node Selection Algorithms in Hybrid
MANET-DTN. As we mentioned before, the first algorithm
enables monitoring of the routing process in the MANET and
DTN environment. Figure 4 shows the main idea and the flow
diagram of the proposed algorithm for calculation of trust
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the monitored parameters
the recommendation from node U3
Hybrid trust establishment
U3
(1)
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(3)
(1) Recommendation from a neighboring node U3
(2) Direct interaction between nodes
(3) Trust calculation based on the
recommendations and collected parameters

Figure 2: Three basic models for trust computation used for hybrid MANET-DTN.

and selection of the relay nodes. The algorithm can be divided
into two main phases [4]:
(i) Phase of obtaining and storing information.
(ii) Phase of trust computing.
These phases are carried out whenever the packet is
received by the node. It is for this reason that the final
value of the trust is always up to date and it makes changes
dynamically, as well as changing the network topology, which
is related to the mobility of nodes. The final value of the trust
reflects the current state of the parameters obtained from the
network [4].
2.1.1. Phase of Obtaining and Storing Information. The algorithm for the trust calculation is triggered whenever a
change occurs in the obtained parameters. The routing packet
coming from the lower layer (physical and data link layer) is
encapsulated and the network layer is an IP packet containing
different information [4].
The one such important piece of information is collected
from the routing packets (DSR reactive routing protocol).
This information tells what kind of packet goes. In the
proposed algorithm, the incoming packets are used as parameters which enter into the final calculation of trust and the
following parameters are used for calculation: a total number
of route request packets received at node, a total number
of route reply packets received at node, a total number of
route error packets received at node, a total number of
route acknowledgement packets received at the node, a total
number of data packets received at node, a number of route
requests received from each node, a number of route replies
received from each node, a number of path errors received

from each node, number of route replies received from each
node, and number of data packets received from each node.
The data from this phase are stored in the data structure
in memory on each node separately. Each node stores
information about nodes with whom it came in contact. The
algorithms also exchange routing information or data traffic
between each other. Each node in the network is independent
and has the possibility of calculating the final value of trust
to the other node. Information is stored in a format which
has the form of a table and is available during the time
when the node is part of the network. After this time, the
values will be set up to the minimum that means they will
be marked as untrusted. This structure is dynamic and its
size can vary based on the number of nodes with which node
communicates [4].
Figure 5 illustrates the phase of obtaining and saving
parameters and we can see four communicating nodes ID 1,
ID 2, ID 3, and ID 4. In this scenario, node ID 1 sends a
packet type route request to node ID 4 and node ID 2 sends
a route error packet to node ID 3. From a node ID 4 point of
view, node updates the parameter table and stores new values
into the structure. That structure is dynamic in size because
it is not known in advance how many nodes in the network
can be located and how many nodes can communicate with
this node [4].
2.1.2. Phase of Trust Parameter Computing Trust. After retrieving and updating the parameters in the table of parameters for each node, it is necessary to calculate and update the
value of trust. At this stage, the value of the trust is calculated
from the obtained parameters. Computing of trust is based on
the direct model for the calculation of trust. This means that
the resulting value was not sent further to other nodes as a
recommendation and it serves locally on that node and helps
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where 𝑇𝑠 and 𝑇𝑑 are mentioned partial trust values computed
from routing and data traffic on given node. The values 𝑇𝑠 , 𝑇𝑑 ,
and 𝑇 will be updated after the packets will be received. If a
new mobile node will be in a network, the algorithm assigns
the node as a node with the minimum value of trust and,
from this time, the values of the trust will be computed and
updated.
Furthermore 𝑊RREQ , 𝑊RREP , 𝑊RERR , 𝑊RACK , and 𝑊𝑑 are
constants, which define a weight of trust value, and that
resulting value will be in the selected range. Constants can be
changed based on the types of attacks and on the basis of what
we want to balance with the individual parameters entering
into the calculation of trust. The values in the numerator of
the equation represent the number of packets of each type
from specific nodes in the network. Values 𝑅RREQT , 𝑅RREPT ,
𝑅RERRT , 𝑅RACKT , and 𝐷𝑡 represent the total number of packets
from all nodes received on the given node and 𝑅RREQ , 𝑅RREP ,
𝑅RERR , 𝑅RACK , and 𝐷 are the values of the specific packets
received from a given node. The value representing final value
of trust 𝑇 is shown in
𝑇 = 𝑇𝑠 + 𝑇𝑑 ,

Figure 3: The main idea of the new algorithms for the relay nodes
selection in hybrid MANET-DTN.

the node to decide during relay node selection. In our case,
the calculated value of thrust will be used as a one parameter
for the selection of the relay node or nodes in a situation
where there is a disconnection in the network and the node
will not have a backup path to the destination node (Figure 6).
The actual calculation of trust can be divided into two parts
[4]:
(i) Trust calculation from routing information 𝑇𝑠 : it gives
information about how the trust will be affected by
the routing activities on the given node.
(ii) Trust calculation from data packets 𝑇𝑑 : it gives information about how the data transmission (without
routing packets) can affect the trust on the given node.
From these two subcalculations we get the final value of
trust 𝑇, which is registered and stored in each node data

(1)

(2)

where 𝑇𝑠 and 𝑇𝑑 values are partial trust mentioned above.
The nodes with higher value of these parameters are selected
as a secure relay node for transportation messages between
isolated islands (see Figure 1).
2.2. Enhancement of the Algorithm for Selection of the Relay
Node in Hybrid MANET-DTN. The main idea of this algorithm is also displayed in Figures 3 and 7. It is an extension
of the previous model (see Section 2.1). The values of trust
computed from formula (2) are stored in memory and they
are available for selection of the trusted nodes for the case
that newly computed values of trust are inadequate.
The extension and enhancement are based on using of
the parameter trust that is obtained from the history of
contacts. Specifically, the parameters number of transmissions
and length of transmission are used for selecting of the
relay node. Values of these parameters will be obtained
during direct communication with other mobile nodes. The
number of transfers will be evaluated from incoming and
outgoing routing packets. The length of the transmission will
be evaluated only from the received packet and it will be
available during a time when a node is part of the network.
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Figure 4: The flowchart of the algorithm for hybrid MANET-DTN.

In this enhancement of the algorithm, the direct trust
computation is applied, too. It means that the trust is
calculated based on the parameters which itself acquired and
which relate to the neighbor nodes. The advantage of this
approach lies in the fact that the trust reflects the views

only for the actual node and it cannot be distorted by
malicious nodes. The disadvantage is the loss of a number
of values about the trust of the node, resulting in the loss of
objectivity in evaluating the trust. The modification relies on
the following steps:
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Figure 5: Collecting of the routing data for trust computing in hybrid MANET-DTN.
Node ID_2 sends information
about node ID_X to ID_4

ID_2

ID_1
Node ID_2 trusts ID_X

X

Node ID_4 trusts ID_2

Node ID_1 trusts ID_4
ID_4

Node ID_4 sends information
about node ID_2 to ID_1

Figure 6: Promotion calculated value of the trust between nodes during computing of the trust in hybrid MANET-DTN.

(i) Phase of initialization and obtaining the values of
number of transmissions and length of transmission
for trust computing in hybrid MANET-DTN.
(ii) Phase of trust computing for a relay node selection.
2.2.1. Phases of Initialization and Obtaining the Values of
Number of Transmissions and Length of Transmission for Trust
Computing in Hybrid MANET-DTN. Initialization phase
deals with establishing of the parameter table, where the
meeting records of nodes together with the values of monitoring parameters as the value of the trust will be recorded. There

will be also the variables which will hold the value of each
parameter involved in the calculation of the trust, namely,
(i) the identifier of the current node (AU),
(ii) the identifier of the previous node (PU),
(iii) the time of creation of the packet (CV),
(iv) the time of receipt of the packet (CP),
(v) the length of the current transmission DP (difference
between CP and CV),
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Figure 7: Flowchart for collecting parameters: (a) number of transmissions and (b) length of the transmission in hybrid MANET-DTN.

(vi) parameter number of transmissions between the 𝑖nodes (PP𝑖 ),
(vii) length of transmission between 𝑖th nodes (DP𝑖 ),
(viii) maximum number of transmissions with nodes
(MPP),
(ix) maximum transmission distance among all nodes
(MDP),

(x) the length of the current transmission DP (difference
between CP and CV),
(xi) parameter number of transmissions between the 𝑖nodes (PP𝑖 ),
(xii) normalized number of transfers with the 𝑖-node
(NPP𝑖 ),
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(xiii) standardized transmission distance of the 𝑖-node
(NDP𝑖 ),

information about number and length of transmissions.
These values are computed as

(xiv) weight for standardized number of transmissions
(𝑊𝑝 ),

MPP = max
∑ PP𝑖 ,
𝑛

(xv) weight for standard length (𝑊𝑑 ),

MDP = max
∑ DP𝑖 ,
𝑛

(xvi) transfers and the value of confidentiality for the 𝑖node (𝑇𝑖 ).
The number of transmissions is obtained from incoming
and outgoing routing packets and it represents the number
and frequency of the meetings with other mobile nodes (see
Figure 7(a)). It is the most fundamental parameter history of
meetings and gives an approximate view of the relationship
between nodes. The value of this parameter depends on the
number of packets sent and received between two nodes. The
proposed algorithm enables determining routing activity in
the network; it means that node received or sent packets.
If there is no activity, the phase of initialization is activated
and algorithm waits for the routing transmission. If there
are detected routing activities, node identifier in the form of
an IP address is stored in the variable AU into the current
node; then the algorithm compares the current identifier
to distinguish whether it is a new transmission or only the
transmission of multiple packets to one goal. If this is a new
transfer, it updates the value of the number of transmissions
for the 𝑖-node based on the IP address. It also updates the
value of the total number of transmissions and the total
number of times of all nodes. Finally, the IP address as an
identifier of the previous node is inserted into the variable
for the previous node PU and the algorithm is terminated,
respectively, and enters the initial state.
At the same time, the length of the transmission is
activated (see Figure 7(b)). This parameter is an extension of
the parameter number of transmissions and gives a better
view of the history of contacts. The combination of these
parameters allows defining precisely the relationship between
two nodes and also the trust. If a packet is received, it is found
which node was the sender of the packet; then the variable
value CV puts the time when the packet was created. The
variable time of receipt CP is inserting time data when a
packet has been received. From the last two parameters DP
can be calculated as the difference between the received time
and time of creation of the packet. This value should be added
to a specific DP𝑖 value in the table of parameters. All DP𝑖
values are compared in the nodes and a maximum value of
transmission MDP will be used as the highest value. Finally,
the algorithm will go into the initial state again or stop and
will wait for incoming packet transfer. After obtaining these
parameter values, an algorithm calculates the value of trust.
This value will reflect the view of one node to another, and
trust will be used to select a trusted relay node.
2.2.2. Phase of Trust Computing for a Relay Node Selection.
Based on collected values mentioned in Section 2.2.1, the
algorithm for trust computing is activated. The values of these
parameters are updated whenever the packets are received,
or sent (Figure 8); in this way, the trust value updates the
actual state of the network. Each mobile node has stored

(3)

where 𝑖 is order of the node and 𝑛 is number of the nodes. All
these values are normalized by the following formulas:
MPP𝑖 =

PP𝑖
,
MPP

DP𝑖
.
MDP𝑖 =
MDP

(4)

After normalization, the values will be in the range
between 0 and 1. At the same time, each value of describing
a relationship or proportion of the total, respectively, is
maximum value. This ensures the relevance of each value
for each parameter will reflect the relationship between the
actual state history meetings. After this step, the process of
weighting is applied. The weights are given information about
the importance of this parameter and it is in the range ⟨0, 1⟩
and the total sum of values is equal to 1. The total values
of the trust for each mobile node are then computed by the
following formula:
𝑇𝑖 = 𝑊𝑝 ∗ NPP𝑖 + 𝑊𝑑 ∗ NDP𝑖 ,

(5)

𝑊𝑝 + 𝑊𝑑 = 1.

(6)

where

As we mentioned the given algorithm is an extension of
the algorithm described in Section 2.1. After computing of
the value trust, the values of 𝑇𝑖 will be compared with stored
values 𝑇 collected during the first stage (Section 2.1) and
the trusted relay node is selected as a node with a maximal
number of trust values.

3. Simulations and Results
The main objective of simulations is to analyse how the
proposed algorithms can affect the behaviour of the network
in the sense of the network performance. As a simulation tool,
the OPNET modeler simulator [20] was used for testing of the
proposed mechanisms. OPNET provides a lot of useful tools
for analysing of the mobile networks and enables simulating
MANET with different routing protocol as well [1]. The
Dynamic Source Routing protocol was used for testing and
the collected values represent a reference value for analysing
of the behaviour of the MANET [1].
Moreover, we have implemented the PRoPHET forwarding mechanism based on the history of past encounters
(Figure 9) [20]. This algorithm enables simulation of the DTN
in OPNET modeler. The implementation allows simulating
cases based on the bundle concept as epidemic forwarding
and the routing algorithm based on the history of past
encounters. PRoPHET is specifically intended to provide
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Figure 8: Process of the trust computing in hybrid MANET-DTN.
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Table 1: Simulation setup for OPNET modeler.

Parameters
Simulation area
Simulation time
Transmission range
Transmitted power
Type of service
Number of nodes
Speed of nodes
Mobility model
Nodes location
Pause time
Simulation runs
Number of values per simulation
Reference values of trust

𝑊RREQ

Values
2000 m × 2000 m
1000 s
250 m
1 mW
CBR
20, 40, 60, 80, 100
0–6 m/s
Mobility model Default Random Waypoint
Random
10 s
100
1000
= 0.2, 𝑊RREP = 0.5, 𝑊RERR = 0.2, 𝑊RACK = 0.2, 𝑊𝑑 = 0.3, 𝑊𝑝 = 0.7

a secure relay node based on trust is implemented (see
Section 2.1).
(iii) MANET model with TRUST (DSR TRUST2): it
is enhanced version of model DSR TRUST1 (see
Section 2.2).
(iv) DTN model (DTN): it is extension of model DSR
TRUST2 with the PRoPHET protocol. This model
enables finding a communication path via store-carryforward model if the communication links are disconnected during the transportation of the packets.

Figure 9: PRoPHET forwarding model for DTN in OPNET modeler.

routing services in a bundle network environment. It is
mentioned that the PRoPHET is defined to run over reliable
TCP, the submessages are provided with sequence numbers,
and this, together with a capability for positive, would allow
PRoPHET to operate over an unreliable protocol such as UDP
or directly over IP [21, 22].
In order to check the functionality of the proposed
algorithms, the following simulation scenarios were used to
analyse the network performance of the proposed mechanisms:
(i) MANET model (DSR): MANET used standard DSR
protocol without the possibility of finding communication paths between mobile nodes if there are
disconnections.
(ii) MANET model with TRUST (DSR TRUST1): it is
MANET with DSR protocol. The possibility of finding

The simulation setup and parameters for the OPNET
modeler are summarized in Table 1. During simulations, the
average delay, average number of hops parameters, average
routing traffic sent, average routing traffic received, total
traffic load, average number of salvaged packets, average
number of route request (RREQ) packets, average number of
route reply (RREP) packets, average time for path discovery,
and average number of retransmissions are used for analysing
how the proposed algorithm can affect network behaviour.
The final values in graphs and tables are average values collected from 100 simulation runs. Figure 10 shows simulation
scenario for 20 mobile nodes in OPNET modeler.
The average delay provides the average amount of the
time that is necessary for useful transmission of the packet
between source and destination nodes. The average number
of hops represents a number of transmissions necessary to find
the end-to-end connection between a source and destination
mobile node. The average amounts of routing traffic sent and
received provide information about how many pieces of data
the routing protocol needs to send to the network until
the communication paths are found. The total traffic load
indicates how the network will be loaded with the routing
traffic if mobile nodes start sending data packet. Parameters
average amounts of route request (RREQ) and reply (RREP)
packets show the number of routing packets sent by routing
protocol DSR to neighbors mobile nodes during a process
of establishment of the communication paths. Time for path
discovery is the average time necessary for path selection.
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Figure 11: Average delay for DTN (MANET) and DTN in disconnected environment.
60

The average amounts of the salvaged packets give us information about how many packets were salvaged by routing
protocol during routing or forwarding. The average amounts
of retransmissions show how many times are necessary for
resending the routing packet if the communication paths are
disconnected. The average amounts of the salvaged packets
give us information about how many packets were salvaged
by routing protocol during routing or forwarding.
3.1. Comparison of the MANET and DTN in Disconnected
Environment. In this section, we present the numerical
results, depicting the relation between DSR (MANET) and
DTN in a disconnected environment. We analyse how
the disconnection of the communication paths affects the
behaviour of the network. The simulations are focused on
the situations when communication paths are disconnected
for a short time interval while routing protocol cannot
establish an end-to-end connection. The results also show
why MANET cannot be used for delivering of the messages
in this environment. In these simulations, we simulate the
disconnection of the communication paths. The disconnection of the communication paths was simulated with
short transmission ranges on nodes and by using random
mobility model. The mobile nodes were moved randomly
across the network with randomly selected speed and the
DSR routing protocol cannot establish communication paths
between mobile terminals. For this reason, an average delay
and an average number of hops have been analysed. Collected
results show why integration between DSR (MANET) and
DTN routing mechanisms is necessary.
Figure 11 shows the average delay for DSR (MANET)
and DTN models with respect to the different number
and moving speed of mobile nodes. If the communication
paths were disconnected, the values were higher for DSR
(MANET) than for DTN. Based on the idea of DSR, the
routing mechanism sends the routing packets in order to

Average number of hops

Figure 10: Example of the simulation scenario with randomly
placed mobile nodes in OPNET modeler.
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Figure 12: Average number of the hops for MANET and DTN in
disconnected environment.

find communication paths and, on the other side in DTN,
the PRoPHET protocol unicast only the packet for the nodes
which are directly connected to the selected mobile node. We
can also see that delay for 60, 80, and 100 nodes is increased
for DTN. This situation is explained by the fact that the DTN
forward messages directly to selected relay node or nodes
that are randomly across the simulation area until they find
a suitable node to transport message. The node may not be a
node that is looking for the shortest path between the source
and the destination node. The values of average delay for DSR
(MANET) are almost 2 times higher than values for DTN.
The second analysed parameter is the average number
of hops. Model DSR provides the routing mechanisms if
the communication paths are disconnected that is resulting
in a significant number of hops for networks with the
highest number of the mobile nodes (Figure 12). In DTN, the
PRoPHET protocol enables finding destination node with the
lower number of hops based on the idea of the forwarding
mechanism. If the communication paths are disconnected for
a short time the DTN shows better results in comparison with
MANET (Figures 11 and 12).
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Table 2: Values of the average routing traffic send [kbit/s] for
different number and speed of nodes.
Speed of nodes
4 m/s
6 m/s

Number
of nodes

Model

20

DSR
DSR TRUST1
DSR TRUST2

0.708
0.701
0.712

0.753
0.826
0.823

40

DSR
DSR TRUST1
DSR TRUST2

1.040
1.990
2.134

60

DSR
DSR TRUST1
DSR TRUST2

80

100

Table 3: Values of the average routing traffic received [kbit/s] for
different number and speed of nodes.
Speed of nodes
4 m/s
6 m/s

Number
of nodes

Model

0.651
0.948
0.922

20

DSR
DSR TRUST1
DSR TRUST2

1.098
1.306
1.300

1.568
4.136
4.001

1.663
1.584
1.509

2.003
2.399
2.249

1.185
3.204
3.127

40

DSR
DSR TRUST1
DSR TRUST2

2.067
6.847
6.732

3.086
2.851
2.586

2.,185
2.478
2.317

2.061
2.925
2.743

3.299
2.161
2.082

2.440
4.958
4.422

60

DSR
DSR TRUST1
DSR TRUST2

4.999
12.019
11.362

7.243
8.843
8.556

6.594
9.482
9.212

DSR
DSR TRUST1
DSR TRUST2

4.090
5.983
5.878

5.931
6.562
6.336

3.911
7.626
7.448

80

DSR
DSR TRUST1
DSR TRUST2

8.317
14.497
14.019

10.056
13.421
13.114

7.897
12.329
12.098

DSR
DSR TRUST1
DSR TRUST2

8.306
9.122
8.767

8.784
11.395
10.826

10.001
12.695
11.947

100

DSR
DSR TRUST1
DSR TRUST2

16.015
28.094
27.551

16.237
23.026
22.888

16.104
32.103
31.922

2 m/s

3.2. Network Analysis of the Hybrid MANET-DTN in Disconnected Environment. In these simulations, we analyse
the network performance analysis of three models DSR,
DSR TRUST1, and DSR TRUST2 from the routing perspective. The main idea is to study how the implementation of
algorithms can affect the routing mechanisms and also how
the implementation of the designed mechanisms can affect
the total network performance. This simulation is focused
on the situation when the communication paths will be
disconnected during transmission of the data. In this case,
the routing paths will be broken and trust algorithm will be
activated in order to find the relay node. This selected trusted
relay node then will transport messages until the connection
to another node is established.
During simulation, the average amount of routing traffic
sent, an average amount of routing traffic received, total traffic
load, an average number of route request (RREQ) packets, an
average number of route reply (RREP) packets, an average
number of retransmissions, and an average time for path
discovery are analysed. Parameters give us an analysis of how
the implementation of the proposed algorithms will affect the
routing processes for different speed and the number of the
mobile nodes.
Tables 2 and 3 show how the average routing data sent
and received is impacted by the disconnection of the communication paths. In the case of disconnected communication
paths, the results increase with higher speed and number
of the mobile nodes. Model DSR TRUST1 has generally the
highest average routing traffic sent and received as compared
to DSR. We obtained better results for model DSR TRUST2
due to the existence of an enhanced trust algorithm, which is
implemented directly in the mobile nodes. The routing data
are resent only if the mobile node is trusted. Enhancement
also enables using the contact history, which gives better

2 m/s

Table 4: Values of the total traffic load [kbit/s] for different number
and speed of nodes.
Speed of nodes
4 m/s
6 m/s

Number
of nodes

Model

2

DSR
DSR TRUST1
DSR TRUST2

4.571
2.841
1.300

4.164
3.509
2.851

4.496
3.656
3.296

40

DSR
DSR TRUST1
DSR TRUST2

9.983
8.336
5.739

13.964
7.976
6.663

11.057
12.133
9.583

60

DSR
DSR TRUST1
DSR TRUST2

16.752
15.540
10.546

20.712
18.323
15.410

14.713
14.474
13.569

80

DSR
DSR TRUST1
DSR TRUST2

29.121
21.255
17.902

31.472
25.244
21.202

23.964
23.332
22.045

100

DSR
DSR TRUST1
DSR TRUST2

44.789
44.224
39.164

44.074
40.231
37.457

45.658
34.456
40.127

2 m/s

possibilities of finding a trusted relay node for transportation
of the data in the situation when the communication paths
are disconnected.
Table 4 shows the network performance analysis of these
models in terms of the total traffic load for the situation that
communication paths are disconnected. In this situation, the
DSR routing protocol limited transport to only the routing
packets in order to find communication paths. As can be
viewed, the network performance of the DSR TRUST2 is better in all situations and for networks with the lower number
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Figure 13: Average number of salvaged packets for different speed of mobile nodes: (a) 2 m/s, (b) 4 m/s, and (c) 6 m/s.

of mobile nodes. The models (DSR TRUST1, DSR TRUST2)
obtain better results in comparison with DSR, but these
models enable transportation routing and data packet via
a trusted relay node in the situation when communication
paths are disconnected or if there are no available mobile
nodes for communication. In this situation, the PRoPHET
forwarding mechanism has been activated.
Tables 5 and 6 summarize the average number of RREQ
and RREP packets sent to the network while communication
paths are discovered and established. Results show that
model DSR TRUST2 provides better results in all cases.
If the communication paths will be disconnected, model
DSR resends a lot of routing packets and in this way the
network will be loaded only by routing packets. On the
other side, model DSR TRUST1 enables selecting relay node
only based on the routing parameters (see Section 2.1) and
relay node selection will be impacted in a negative sense
by this situation. The proposed extension (DSR TRUST2)
eliminates this situation and it enables selecting trusted relay
node with respect to contact history. It also provides the
ability to decrease the number of routing packets sent to
the network. It means that DSR TRUST2 enables decreasing
the number of sent RREQ packets on the network and also

Table 5: Average number of route request (RREQ) packets [packets/s] for different number and speed of nodes in hybrid MANETDTN.
Speed of nodes
2 m/s
4 m/s
6 m/s

Number
of nodes

Model

20

DSR
DSR TRUST1
DSR TRUST2

324.340
302.661
167.851

489.390
405.692
348.543

675.30
456.610
368.324

40

DSR
DSR TRUST1
DSR TRUST2

336.771
183.331
173.856

542.561
390.809
348.539

583.357
402.985
368.324

60

DSR
DSR TRUST1
DSR TRUST2

592.317
542.321
502.534

734.418
663.294
612.300

794.139
683.647
633.614

80

DSR
DSR TRUST1
DSR TRUST2

836.000
765.431
675.429

1236.567
889.441
702.324

1297.153
1000.823
921.229

100

DSR
DSR TRUST1
DSR TRUST2

914.437
803.428
751.780

1174.587
923.538
837.411

1232.418
1103.294
963.610
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Figure 14: Comparison of the average number of retransmissions for different speed of mobile nodes: (a) 2 m/s, (b) 4 m/s, and (c) 6 m/s in
disconnected environment.

enables increasing the average number of RREP used for the
establishment of the communication paths. These results are
in a strong correlation with results from Section 3.1.
The average number of salvaged packets is discussed too.
Figure 13 shows how many packets are salvaged during the
sending of routing packets in disconnected environments.
The graphical result shows that implementation of models
DSR TRUST1 and DSR TRUST2 to secure the selection of
relay node enables salvaging a lot of packets in comparison
with DSR model. It stems from the fact that the algorithms
allow selecting only trusted nodes for transmission of messages between the mobile environments. We can see, from
the results, that implementation of the DSR TRUST1 and
DSR TRUST2 provides higher values of the salvage packets
in all situations. On the other side, if the speed of mobile
nodes is increased, the number of salvaged packets begins to
dramatically fall down for model DSR in comparison with
models DSR TRUST1 and DSR TRUST2. We can conclude
that the selection of the relay nodes gives the opportunities
to transport messages between mobile nodes and save more

packets from dropping. The proposed algorithms allow saving a lot of packets for networks with the lower number of
mobile nodes that are moving with lower speed across the
network.
Figure 14 gives information about how many retransmissions are necessary to be resent from nodes to the network
while the communication path between nodes is established.
Results show that models DSR TRUST1 and DSR TRUST2
decrease the number of retransmissions in comparison with
DSR in disconnected environments. The trust algorithm for a
relay node selection enables selection of the nodes that have
a higher possibility of establishing the trusted routing paths
between nodes in disconnected environments. We can also
see that using history of contact is a simple and useful tool,
implemented in DSR TRUST2, such that it allows reducing
this value to the minimum.
Next studied parameter is the average time for path
discovery. The parameter gives information about time that
is required for the establishment of the communication
path between mobile nodes. Based on the results showed
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Figure 15: Comparison of the average time for path discovery for different speed of mobile nodes: (a) 2 m/s, (b) 4 m/s, and (c) 6 m/s in
disconnected environment.

Table 6: Average number of route reply (RREP) packets [packets/s]
for different number and speed of nodes in hybrid MANET-DTN.
Speed of nodes
4 m/s
6 m/s

Number
of nodes

Model

20

DSR
DSR TRUST1
DSR TRUST2

10.741
23.214
31.524

11.978
24.650
31.433

21.251
32.331
43.424

40

DSR
DSR TRUST1
DSR TRUST2

10.641
13.446
14.331

10.561
16.382
17.321

10.437
17.673
20.218

60

DSR
DSR TRUST1
DSR TRUST2

13.654
18.333
20.138

12.651
17.771
21.322

12.117
15.608
19.628

80

DSR
DSR TRUST1
DSR TRUST2

17.425
21.438
23.527

21.538
27.360
29.325

22.578
30.150
36.110

100

DSR
DSR TRUST1
DSR TRUST2

24.441
28.253
33.451

30.129
37.647
44.318

34.537
40.231
46.312

2 m/s

in Figure 15 we can conclude that model DSR TRUST2
needs less time in comparison with model DSR TRUST1.
On the other side, model DSR requires more time to establish the communication paths. We can also see that those
implemented algorithms in DSR TRUST1 and DSR TRUST2
models provide the possibility of finding a path if there are
disconnected ones and also the possibility of shortening the
time for path establishment if routing protocol DSR cannot
find communication paths.

4. Conclusion
Hybrid MANET-DTN is an evolution of mobile networks
that integrate MANET and DTN into one complex network.
Hybrid MANET-DTN enables transportation of the data
between different mobile terminals in the situation when
the communication paths are disconnected or never exist.
The communication does not rely on end-to-end connection,
but it is based on the store-carry-forward model integrated
from DTN. Hybrid MANET-DTN give new challenges for
a new application and services. The main idea of hybrid
MANET-DTN provides the ability to use the network not
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only for personal use but also for emerging applications and
services. The main problem of the hybrid MANET-DTN is
security and relay node selection. In the paper, we introduce
two models for the secure selection of the relay nodes based
on the trust.
In the paper, the network performance analysis of the
proposed algorithms is presented. The goal of the analysis
demonstrates that those proposed algorithms to relay node
selection do not affect the network performance. The four
models DSR, DSR TRUST1, DSR TRUST2, and DTN have
been tested in OPNET modeler. Based on collecting results
we can conclude that trust algorithm for selection of the relay
node provides the useful tool to a selection of the optimal
trusted path in the case of disconnected environment and
also this algorithm allows enhancing the performance of
the hybrid MANET-DTN from the routing point of view.
We show that model DSR TRUST2 gives better results in
comparison with model DSR TRUST1. Selecting relay nodes
based on contact history also enables reducing the risk of the
using of the malicious mobile node.
The main problem of these algorithms is how to optimize
a selection of the relay node if there is more than one node
with the same values of the trust. For this reason, we will focus
on the design of the method of the relay node selection based
on game theory with respect to trust algorithm. The main
idea of this algorithm will combine routing properties of the
MANET and DTN in order to increase the performance of
the hybrid MANET-DTN and also provides the secure transportation of the data across the disconnected environment.
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Arm motion recognition and its related applications have become a promising human computer interaction modal due to the rapid
integration of numerical sensors in modern mobile-phones. We implement a mobile-phone-based arm motion recognition and
exercise coaching system that can help people carrying mobile-phones to do body exercising anywhere at any time, especially for
the persons that have very limited spare time and are constantly traveling across cities. We first design improved k-means algorithm
to cluster the collecting 3-axis acceleration and gyroscope data of person actions into basic motions. A learning method based on
Hidden Markov Model is then designed to classify and recognize continuous arm motions of both learners and coaches, which
also measures the action similarities between the persons. We implement the system on MIUI 2S mobile-phone and evaluate the
system performance and its accuracy of recognition.

1. Introduction
Human arms’ motions play an important role, not only in
manipulating objects, but also in interacting with other people [1, 2], and are commonly used as interaction approaches
of daily communication [3]. Arm motion, combining with
gesture recognition thereby, is extensively used in many
scenarios, such as computer game, machinery control, and
thorough mouse replacement [4]. Therefore, having the
ability to recognize arm motion by smart devices can greatly
help people to promote life quality and create many possible
interactive applications, such as remote exercise coaching.
Due to the low-cost and outstanding wireless sensing
and communication capabilities ([5]) of modern sensors and
smartphones, utilizing the wireless communication resources
in smart mobile-phones to implement the recognition of
arm motion and remote human interaction has become
an increasing trend in mobile pervasive computing, which
provides a light and flexible interaction platform for remote
person-to-person interaction, especially for those busy persons with very limited spare time.
Arm motion recognition through sensor-based and
vision-based techniques has been widely studied. For the

sensors, they are accelerometers, gyroscopes, RFID transmitters, wireless WiFi, and Bluetooth modules. The visionbased methods [6, 7] are used to obtain the arm motion
images through cameras, extract the characters, and analyze
the actions performed by persons. Hidden Markov Models
(HMMs) and its variants [3, 8, 9] and Dynamic Bayesian
Network [10] algorithms are used to achieve the recognition
accuracy. Several commercial tools and systems were also
implemented for arm motion and gesture recognition, such
as Xbox, Kinect, Gesture Watch [11], RisQ [12], and LVQ
[13], which often use expensive devices (e.g., hand-worn
wristwatch, wristband, and data glove) while paying little
attention to their extensive applicability.
In general, existing arm motion recognition methods
suffer from the following limits. First, for the sensor-based
and vision-based applications/methods, extra infrastructures
such as RFID transmitters and stereoscopic cameras are
required to be deployed around the surrounding environment, which needs extra hardware expense and makes the
systems not applicable to the persons frequently traveling
between cities who need to exercise anywhere at any time
with light portable devices. Second, current systems and
methods mainly focus on single arm motion recognition
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Figure 1: Scenario of AMRECS. (a) Alice is teaching Yoga; (b) Bob is remotely studying in Shanghai through Internet; (c) Alice observes
Bob’s actions through an iPad; (d) Bob follows Alice’s actions through his iPad; (e) system server.

while paying little attention to identifying continuous actions.
Third, current arm motion recognition methods assume that
the interaction between persons is only performed locally and
they neglect considering the methods of facilitating remote
person-to-person interaction between persons in different
places (which may be very helpful to those persons frequently
traveling across different cities).
To address the above limits, without the need of any
expensive extra devices, we have implemented a light
mobile-phone-based arm motion recognition system called
AMRECS in 3D environments which is flexible and can be
used by the persons constantly traveling across cities. We
illustrate the system in Figure 1. Suppose that Alice is a Yoga
coach, who has set up a training class in Hangzhou city, and
Bob is one of her learners. Now, Bob is on his business trip
in Shanghai city and at the same time Alice is teaching other
students in Hangzhou. Bob happens to have spare time at the
hotel and he does want to learn Yoga from Alice so as to follow
the teaching schedule. Our AMRECS system can help Bob to
do this thing. In AMRECS, both Alice and Bob only need to
run the AMRECS app in their mobile-phones held in their
hands.
During the teaching process, the actions of Alice will
be captured by the accelerometer and gyroscope sensors
embedded in their smartphones and transferred to a remote
backend server by WiFi. Upon receiving the data, the backend
server runs a k-mean method for dividing the actions into
clusters and an HMM-based method for recognizing the arm
motions and generating the motion curves of the coach, Alice.
The actions of the coach will be transferred through Internet
and displayed on Bob’s iPad. Then, the student, Bob, does the
same motions according to the coach’s motion trace showed
on his iPad, and his actions are also delivered to the backend
server through Internet, and then the similarity between the
student’s and the coach’s actions is also measured by the
server. In this way, Bob can immediately know the correctness
of his actions so as to learn better.
However, when designing and implementing such a light
mobile-phone-based arm motion recognition system, several
technical challenges have to be addressed. First, due to the
existence of noise in accelerometer and gyroscope sensors,

the data of arm motion traces received may be disturbed
and may deviate from the true actions. Second, we need to
differentiate the start point from the end point of actions in
three-dimensional (3D) environments without any existence
of standard referential coordinates. Third, effective methods
are lacking for performing similarity comparison of persons’
action traces under 3D environments.
To handle these technical challenges, we build up a basic
arm motion library and divide person’s actions into a set of
elemental actions by designing an improved k-mean method.
We also present an HMM-based algorithm for arm motion
recognition and measuring the action similarity between the
coach and his/her students. Finally, we implement the system
in mobile-phones and evaluate its effectiveness and flexibility.
The rest of this paper is organized as follows. We discuss
related work in Section 2. Section 3 presents our algorithms
for removing noise, arm motion recognition, and similarity
comparison in this section. The system architecture is given in
Section 4 and we conduct experiments to evaluate the system
in Section 5. Finally, we conclude this paper in Section 6.

2. Related Work
Arm motion recognition, especially in the context of smart
environment, has been an important topic of research.
According to the information collection modes by the input
devices [14], it can be roughly divided into two categories:
vision-based recognition and sensor-based recognition. In
general, vision-based recognition has been studied extensively for human interaction, which usually adopts one or
more video cameras to capture and recognize arm motion
trace; please refer to literatures [10, 15–19] for more details.
Sensor-based recognition [20] uses different sensors (e.g.,
accelerometer [21], gyroscope [22], and body-worn sensors
[23, 24]) to perceive position and orientation data and
translate the data into coordinates and angles. Considering
our present work, we focus on the discussion of the state-ofthe-art sensor-based recognition methods.
Until now, there are several motion-sensor-based applications and sensor-based gesture recognition systems, such
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as the Nintendo Wii Remote (𝑊𝑖𝑖) [25, 26], data glove,
body-worn sensor-based system (e.g., wristwatch [27–32]),
and RFID-based system [33]. More and more researchers
embedded the environment with different kinds of sensors,
such as body-worn accelerometers and RFID tags, to detect,
collect, and recognize human arm activities [34].
Schlömer et al. [35] used a Nintendo Wii Remote (𝑊𝑖𝑖)
controller and a Hidden Markov Model to train and recognize
user-chosen arm motions so as to help persons to interact
with systems.
Hand data glove is an electronic device equipped with
sensors that perceives the movements of hand. The motion
based on data glove has been used in signal language
processing and training. For example, Kumar et al. [36] used
hand data glove to make paintings and air-write characters in
more real-time environment and with less complexity.
Garcia-Ceja et al. [27] used acceleration data from a
wristwatch in order to identify long-term, complex activities
like cooking, playing sports, and taking medication.
The authors in [28] developed a swimming motion
display system for athlete swimmers’ training using a
wristwatch-style acceleration and gyroscopic sensor device,
which consisted of a sensing unit and software. The sensing
unit, which is attached to the swimmer’s wrist, measures and
records the triaxis acceleration and angular velocity of the
swimming stroke during training; the software reconstructed
the swimming motion from the measured results transmitted
from the sensing unit and displayed estimated fluid forces
acting on the swimmer’s hand and forearm.
Kratz et al. [29] presented an accurate, efficient method
that improves both arm motion detection and classification
by making motion input from arm-worn inertial sensors
more practical.
Fortmann et al. [30] showed LightWatch, a wearable
light display integrated into a common analogue wristwatch
without interfering with the functionality of the watch itself; it
shall raise body awareness by enabling sensor-based measurement, adjustment, and display of a user’s personal exertion
level.
In literature [31], the authors reported on a real-time
monitoring and alerting system, “Mobilecare Monitor,”
which combined the wireless wristwatch-based monitoring
system for older adults health surveillance.
Daisuke et al. [32] provided a motion artifact compensation method for the wristwatch type photoplethysmography
sensor to reduce the artifact acquired by the sensor for daily
healthcare monitoring and for sports.
Lu et al. [37] implemented an approach to achieve
intensive manipulation of virtual objects using natural hand
motions. Park et al. [23] implemented an E-Gesture system
for gesture recognition on a hand-worn sensor device and
achieve high accuracy recognition under dynamic mobile
situation.
A method for spotting sporadically occurring arm
motions in a continuous data stream from body-worn inertial
sensors was presented by Junker et al. [24].
RFID-based approaches also have been proposed for
arm motion recognition. For example, Asadzadeh et al. [33]
proposed to use multiple hypothesis tracking and subtag
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Table 1: Basic arm motion sequences.
ID
1
2
3
4
5
6
7
8

Arrow
“→”
“←”
“↓”
“↑”
“↗”
“↖”
“↘”
“↙”

Motion description
Horizontal right
Horizontal left
Vertical downward
Vertical upward
Upper right 45 degrees
Upper left 45 degrees
Bottom right 45 degrees
Bottom left 45 degrees

count information to track the motion patterns of passive
RFID tags, which can be used to recognize hand motions,
and enable interaction with applications in a RFID-enabled
environment.
Krigslund et al. [38] propose a novel method estimating
and tracking the tag orientation in 3D based solely on the
physical characteristic of the tag reply, using multiple reader
antennas distributed around the interrogation zone.
However, current methods may not be applicable to
the scenario of remote coaching by light mobile-phones
discussed in this paper. For example, the sensor-based systems and methods mainly focus on local human-machine
interaction while seldom considering the remote person-toperson interaction scenario. The RFID-based systems usually
require the deployment of static data transceiver stations [33,
38, 39] and users need to carry RFID tags with them, which
make this kind of methods not applicable to businessmen
traveling in different cities who only carry portable devices.
In this paper, we implement a light mobile-phone-based
system for exercise coaching, which does not need any extra
static and expensive devices and it helps users communicate
with mobile-phones and portable devices. We also present
algorithms for similarity comparison between learners and
coaches in noisy environments so as to help learners to
perform remotely learning and correcting their actions.

3. System Framework
We first define basic hand motions and then illustrate how to
perform data preprocessing and smoothing in noisy environments. Next, a k-mean algorithm is proposed for clustering
hand motions into basic motion groups. Finally, an HMMbased algorithm is proposed for arm motion recognition
and measuring action similarity between the learner and his
coach.
3.1. Basic Arm Motions and Data Smoothing. To quickly
capture arm motions for recognition, we define eight basic
motions in the motion library, which is shown in Table 1.
Each arm motion can then be defined by a sequence of the
eight basic motions. For example, a horizontal-to-up motion
can be defined by three basic motions in sequence, that is,
“ → ,” “↗,” and “↑.” If each discrete basic motion can be
distinguished from the continuous action trace of the hand,
we can recognize and deduce the arm motions.
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Figure 2: One example of 3-axis acceleration smoothing and gyroscope distribution.

As there may exist signal noise or the gyroscope’s accumulated error in the data captured by sensors embedded
in mobile-phones, we need to perform data preprocessing
and smoothing so as to filter signal noise and keep data
quality. We use Savitzky-Golay filter (SG-filter) [40] for data
preprocessing and smoothing, which can increase the signalto-noise ratio without distorting the signal.
For the continuous motion, we could decompose it
into several discrete basic motions according to the time
sequence of data acquisition, so that the acceleration values
corresponding to the motion we acquire at each direction
have connection with the time sequence; that is, they are
correlated to the sequence number of acquisition at each
direction from the point of data. Therefore, we smooth the
acquired data at every direction to decrease the computation
complexity.
Considering (2𝑚 − 1) sampling points, we denote a group

→
of values of 3-axis acceleration by 𝐴 𝑖 = {𝑥(𝑖), 𝑦(𝑖), 𝑧(𝑖)}, 𝑖 =
−𝑚, . . . , 0, . . . , 𝑚, 𝑥(𝑖), 𝑦(𝑖), and 𝑧(𝑖) refer to the values of
acceleration at the 𝑖th sampling point of x-, y-, and z-axis,

→
respectively. Supposing 𝐴⃗ is the set of 𝐴 𝑖 of all the sampling
points, we can construct an 𝑛-order-polynomial function
𝐹(𝑓𝑥 , 𝑓𝑦 , 𝑓𝑧 ) to fix 𝐴⃗ [41], where 𝑓𝑥 , 𝑓𝑦 , and 𝑓𝑧 represent 𝑛order-polynomial function at each direction of 𝑥-, 𝑦-, and 𝑧axis. Taking 𝑥𝑖 as an example, 𝑓𝑥𝑖 , the fitting function of 𝑥-axis
direction at the 𝑖th sampling point, can be given by
𝑛

𝑓𝑥𝑖 = ∑ 𝑏𝑛𝑘 𝑖𝑘 = 𝑏𝑛0 + 𝑏𝑛1 𝑖 + 𝑏𝑛2 𝑖2 + ⋅ ⋅ ⋅ + 𝑏𝑛𝑛 𝑖𝑛 ,

(1)

𝑘=0

where 𝑏𝑛𝑘 , 𝑘 ∈ [0, 𝑚], is the fitting coefficient and 𝑖 is the 𝑖th
sampling sequence.

The error can then be measured by
𝑚

2

𝑚

𝑛

𝑖=−𝑚

𝑘=0

2

𝐸 = ∑ [𝑓𝑥𝑖 − 𝑥 (𝑖)] = ∑ [ ∑ 𝑏𝑛𝑘 𝑖𝑘 − 𝑥 (𝑖)] .
𝑖=−𝑚

(2)

To get the minimized value of 𝐸, it will have
𝜕𝐸
= 0,
𝜕𝑏𝑛𝑟

𝑟 = 0, 1, 2, . . . , 𝑛.

(3)

We can then obtain that
𝑛

𝑚

𝑚

𝑘=0

𝑖=1

𝑟=−𝑚

∑ 𝑏𝑛𝑘 ∑𝑖𝑘+𝑟 = ∑ 𝑥 (𝑖) 𝑖𝑟 .

(4)

Given the value of 𝑚 and n, the fitting data
𝑟
can be easily
𝑥(−𝑚), . . . , 𝑥(0), . . . , 𝑥(𝑚), ∑𝑚
𝑖=−𝑚 𝑥(𝑖)𝑖
obtained. We can now calculate the values of coefficients
𝑏𝑛0 , 𝑏𝑛1 , . . . , 𝑏𝑛𝑛 , and 𝑓𝑥𝑖 will be got as well. Similarly, we can
use the same way to get 𝑓𝑦𝑖 , 𝑓𝑧𝑖 , and 𝐹(𝑓𝑥 , 𝑓𝑦 , 𝑓𝑧 ).
An example is shown in Figure 2 where we smoothed a
group of continuous motions. In this example, the coach lets
her arm fall naturally, straightens her arm in line with her
body, lifts it up till the top of her head, and then comes back
to the start point slowly following the same route. We sample
and smooth the discrete data acquired by the accelerometers.
The smoothed result is shown in Figure 2.
From Figure 2(a), we observe that using SG-filter can
achieve exciting smoothing effects, that is, after eliminating
some noisy data, the gathering, discrete data mostly lies in or
close to the smoothing curve.
Explicitly from Figure 2(b) that shows the distribution of
gyroscope data, we find that the actions of “↑” and “↓” can be
explicitly distinguished if we know the start point and the end
point in advance, which become used to obtain the motion
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Input:
the test data set 𝑋 = {𝑥𝑖 };
Output:
the set of cluster barycenters CB = {𝐶𝑗 } founded;
(1) Let 𝜀 be the initial threshold which will be used to measure and find new cluster centers.
(2) Let 𝑚 = |𝑋| and 𝑛 = 8.
(3) Randomly divide {𝑥𝑖 } into 𝑛 clusters in an average manner.
(4) Randomly select an initial barycenter 𝑐𝑖 from each cluster;
(5) for each 𝑥𝑖 , calculate its Euclidean distance to each 𝑐𝑗 ;
(6) Assign 𝑥𝑖 to the cluster of 𝑐𝑗 with the shortest distance dist(𝑥𝑖 , 𝑐𝑗 );
(7) Update the barycenter of each cluster by
𝑚
𝑐𝑖 = (1/𝑚𝑖 ) ∑𝑗=1𝑖 𝑥𝑗 with 𝑚𝑖 denotes the number of data currently in the cluster of 𝑐𝑖 ;
(8) for 𝑖 = 1 to 𝑛 do
(9)
If (dist(𝑐𝑖 , 𝑐𝑖 ) ≥ 𝜖)
(10)
goto step (5);
Algorithm 1: Clustering algorithm.

directions and traces. Combined with the 3-axis acceleration
information, both the observation state and the continuous
motions can be identified.
3.2. Clustering Algorithm. We use the coordinates of
smoothed data as the input data and design an improved
k-mean clustering algorithm to classify 3-axis acceleration
values of random motions into the eight basic types. The
essence of k-mean is to reach the purpose of stepwise
refinement through iteration, which is very applicable
to our arm motion recognition. As a discussion on the
idea of k-means is beyond the scope of this paper, the
interested readers can refer to [42]. The algorithm is shown
in Algorithm 1.
In Algorithm 1, we stipulate the vertical downward 3axis coordinate (0, −1, 0) of the coach to represent the initial
reference value and use the standard gravity acceleration G
as the unit of the coordinate where the sign “−” represents
that the trace of the motion is downward. We first identify
𝑛 = 8 initial clusters according to the eight basic motions.
Second, shown in step (5) and step (6), for each coordinate,
we compute its distance to each barycenter and then assign
it to the closest cluster. Third, we update the new barycenter
of current cluster. For all the new barycenters, if the distance
between current barycenter and the new barycenter is less
than or equal to the threshold 𝜖, we will output all the
barycenters {𝑐𝑖 }.
For example, we use this algorithm to cope with twenty
groups of 3-axis acceleration and gyroscope data with each
group having a ten-element tuple (acceleration, gyroscope)
representing 8 basic motions (i.e., “acceleration” captures the
3-axis acceleration coordinate of one motion and “gyroscope”
perceives the motion direction information).
Table 2 shows the obtained 3-axis base coordinate
sequences of the eight basic motions by using the clustering
algorithm. With the 3-axis acceleration coordinate and gyroscope data, we identify a group of continuous motions and
obtain the motion trace.

Table 2: Eight basic motion sequences after clustering.
ID
1
2
3
4
5
6
7
8

3-axis coordinate (unit: standard G)
(0.91, 0.33, 0.32)
(−0.90, 0.14, −0.32)
(0.02, 0, −1)
(0.47, 0.32, 0.82)
(0.9, 0.41, 0.24)
(−0.88, 0.28, 0.19)
(0.52, 0.18, −0.85)
(−0.63, 0.01, −0.75)

Motion
→
←
↓
↑
↗
↖
↘
↙

Figure 3 shows the clustering results of two successive
motion sequences. We classify two groups of successive
motions, the right-up (shown in Figure 3(a)) motion and the
left-up (shown in Figure 3(b)) motion. The right-up motion
denotes that the coach raises her right arm from a verticaldown location up to her head and the left-up motion means
that she raises up her left arm in the same way. Considering
the error that may exist, we use the coordinate (0, −1, 0) of
motion “↓” as the standard value for reference and each piece
of data received is calibrated by using a normalization method
[22].
3.3. Motion Recognition. We use the HMM method [43]
to complete arm motion recognition, which has its advantages in motion recognition to model human actions by
the approach of stochastic process [8]. It defines a finite
set of states with each of which being associated with a
multidimensional probability distribution [44]. We define the
elements of an HMM method as follows. The eight basic
motions are seen as hidden symbols and the observation
symbols are composed of the hidden states. We use 𝑀 to
denote the number of observation states. One hidden symbol
at time 𝑡 is denoted by 𝑞𝑡 with 1 ≤ 𝑞𝑡 ≤ 𝑀 and 1 ≤ 𝑡 ≤
𝑇 (where 𝑇 is the length of the output observation symbol

Mobile Information Systems

1

1

0.5

0.5

0

0

Z

Z

6

−0.5

−0.5

−1
1

−1
1

1

↑

↘
→

−1

−0.5

−1

0.5

0

Y

0
−1 −1

X

↗
↑
Barycenter

−0.5

0.5

0

1

X

↗
↑
Barycenter

↑

Y

0

↘
→

(a) Right-up clustering

(b) Left-up clustering

Figure 3: Two successive motion sequences.

sequence). 𝑁 = 8 is the number of the hidden states. A set of
state transition probability matrix Λ is
Λ = {𝛼𝑖𝑗 } , 𝛼𝑖𝑗 = 𝑃 {𝑞𝑡+1 = 𝑗 | 𝑞𝑡 = 𝑖} , 1 ≤ 𝑖, 𝑗 ≤ 𝑁, (5)
where 𝛼𝑖𝑗 means the state transition probability from state 𝑖
at time 𝑡 to state 𝑗 at time (𝑡 + 1), 𝑞𝑡 denotes current hidden
symbol, and Λ meets the conditions of 𝛼𝑖𝑗 ≥ 0, 1 ≤ 𝑖, 𝑗 ≤ 𝑁
and ∑𝑁
𝑗=1 𝛼𝑖𝑗 = 1, 1 ≤ 𝑖 ≤ 𝑁.
Let 𝐵 = {𝑏𝑗𝑘 } be a probability distribution matrix
between hidden states and observation states with 𝑏𝑗𝑘 being
the probability that the observation symbol is 𝑘 at time 𝑡 and
the practical state is 𝑗. It holds that
𝑏𝑗𝑘 = 𝑃 {𝑜𝑡 = 𝑘 | 𝑞𝑡 = 𝑗} , 1 ≤ 𝑗 ≤ 𝑁, 1 ≤ 𝑘 ≤ 𝑀

(6)

∑𝑀
𝑘=1 𝑏𝑗𝑘

with 𝑏𝑖𝑗 ≥ 0, 1 ≤ 𝑗 ≤ 𝑁, 1 ≤ 𝑘 ≤ 𝑀 and
= 1, 1 ≤
𝑗 ≤ 𝑁.
Let 𝜋 = {𝜋𝑖 } denote the set of initial state distributions
where 𝜋𝑖 = 𝑃{𝑞𝑖 = 𝑖}, 1 ≤ 𝑖 ≤ 𝑁. We can now define the
HMM as 𝜆 = {Λ, 𝐵, 𝜋}.
3.3.1. Satisfied Conditions. During the process of identifying
single or successive motions, we find that the recognition
process meets the Markov property since the action of the
next state always depends on the current state. For example,
if current motion is “↑,” the next state’s motion will only be
“↗” or “↖.” For two states 𝑖 and 𝑗 at moments 𝑡1 and 𝑡2 , we
can get
𝑃 {𝑞𝑡1 +1 = 𝑗 | 𝑞𝑡1 = 𝑖} = 𝑃 {𝑞𝑡2 +1 = 𝑗 | 𝑞𝑡2 = 𝑖} .

(7)

Let 𝑂 = {𝑜1 , 𝑜2 , . . . , 𝑜𝑇 } be the observation symbol sequences
with 𝑜𝑡 (1 ≤ 𝑡 ≤ 𝑇) being the observation symbol at time 𝑡;
we get that

We use the previous clustering results and the observation
symbol information to obtain the hidden symbol sequence
𝑄 = {𝑞𝑖1 , 𝑞𝑖2 , . . . , 𝑞𝑖𝑗 , . . . , 𝑞𝑖𝑁 } (1 ≤ 𝑖𝑗 ≤ 𝑁). We compute the
conditional probability 𝑃{𝑂 | 𝜆} by
𝐴𝑁
𝑁

𝑃 {𝑂 | 𝜆} = ∑𝑃 {𝑂 | 𝑄𝑖 } ,

(9)

𝑖=1

where 𝐴𝑁
𝑁 denotes all possible hidden symbols’ full permutation of 𝑄 and 𝑄𝑖 denotes one of the possible arrangement
sequences of the basic motions in our system.
However, as computing (9) needs higher time complexity,
we use an iterative recursion method to decrease the complexity and define the forward output probability 𝛼𝑡 (𝑖) =
𝑃{𝑜1 , 𝑜2 , . . . , 𝑜𝑡 , 𝑞𝑡 = 𝑖 | 𝜆}. It holds that
𝑁

𝛼𝑡 (𝑗) = 𝑏𝑗𝑘 ∑𝛼𝑡−1 (𝑖) 𝛼𝑖𝑗 , 1 ≤ 𝑗 ≤ 𝑁, 1 ≤ 𝑡 ≤ 𝑇

(10)

𝑖=1

and 𝛼1 (𝑗) = 𝜋𝑗 𝑏𝑗 (𝑜1 ). Now, we can compute 𝛼𝑇 (𝑖), 1 ≤ 𝑖 ≤ 𝑁
by (10) and obtain 𝑃{𝑂 | 𝜆} = ∑𝑁
𝑖=1 𝛼𝑇 (𝑖).
Finally, we will find out the most probable hidden symbol
sequence 𝑄𝑖 . Let 𝑝pre be the probability of the most probable
path to the symbol 𝑞𝑡−1 . The maximum possible probability
𝛿𝑡 (𝑖) at time 𝑡 is
𝛿𝑡 (𝑖) = 𝑝pre ⋅ 𝑃 {𝑞𝑡 = 𝑗 | 𝑞𝑡−1 = 𝑖} ⋅ 𝑃 {𝑂𝑡 = 𝑘 | 𝑞𝑡 = 𝑗} (11)
and it has
𝛿𝑡 (𝑗) = max {𝛿𝑡−1 (𝑖) 𝛼𝑖𝑗 𝑏𝑗𝑘 } ,
1≤𝑖≤𝑁

1 ≤ 𝑡 ≤ 𝑇,

(12)

where 𝛿1 (𝑗) = 𝜋𝑗 𝑏𝑗𝑘 , 1 ≤ 𝑗 ≤ 𝑁.

𝑇

𝑃 {𝑂 | 𝑞1 , 𝑞2 , . . . , 𝑞𝑁} = ∏𝑃 {𝑜𝑡 | 𝑞𝑡 } .
𝑡=1

(8)

3.4. Similarity Comparison. The same motion made by different individuals may look very different due to the different
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Input: the initial comparison number 𝑛;
the threshold for measuring similarity 𝜏 = 0.6;
Output: the degree of similarity 𝜁;
(1) for 𝑖 = 1; 𝑖 ≤ 𝑁; 𝑖 + + do
(2) compute 𝑘coach (𝑡𝑖 ) and 𝑘student (𝑡𝑖 ) by (13);
(3) Δ𝑘𝑡𝑖 = (𝑘student (𝑡𝑖 ) − 𝑘coach (𝑡𝑖 ))2 ;
(4) end for
(5) Find out Δ𝑘max and Δ𝑘min from {Δ𝑘𝑡𝑖 };
(6) for 𝑖 = 1; 𝑖 ≤ 𝑁; 𝑖 + + do
(7) perform normalizing by 𝜁(𝑡𝑖 ) = (Δ𝑘𝑡𝑖 − Δ𝑘min )/(Δ𝑘max − Δ𝑘min ) with 𝜁(𝑡𝑖 ) ∈ [0, 1].
(8) end for
(9) compute the degree of similarity 𝜉 between the curves of the coach and student by
𝑁
𝜉 = (1 − (1/𝑁) ∑𝑖=1 𝜁(𝑡𝑖 )) × 100%;
(10) if (𝜉 ≤ 𝜏)
(11)
inform the student to improve his action.
Algorithm 2: Algorithm for measuring and comparing similarity.

height and length of their arms. For example, when a tall
person raises up his arm, it may cause a long motion trace
while a small person may cause a short trace. To cope with this
scenario, we propose an algorithm for similarity comparison
to support exercise coaching, which removes the influences
brought by differences in persons’ height and arm length.
Before we begin to measure and compare the motion
similarity between the coach and her student, we should
ensure that they are moving to the same direction at the same
time, either “upward” or “downward,” which could be judged
by the acquired gyroscope data, combined with the known
location of start point and end point in advance. We then
compute the curvature of their motion paths, 𝑘(𝑡), at a set of
time points so as to discretely measure their similarity. 𝑘(𝑡) is
computed by
→ →

 
𝑟 (𝑡) × 𝑟 (𝑡)


1
=
𝑘 (𝑡) =
→3



  →3
  
𝑟 (𝑡)
𝑟 (𝑡)







→2


[𝑟 (𝑡)


(13)

→2
→ → 2 1/2


⋅ 𝑟 (𝑡) − (𝑟 (𝑡), 𝑟 (𝑡)) ] ,


→
where 𝑟(𝑡) = (𝑥(𝑡), 𝑦(𝑡), 𝑧(𝑡)), (𝑥(𝑡), 𝑦(𝑡), 𝑧(𝑡)) is the accelerate coordinate at time 𝑡 with 𝑟 (𝑡) and 𝑟 (𝑡) being the firstand second-order derivatives of 𝑟(𝑡), respectively.
As shown in Algorithm 1, to measure the degree of
similarity, we first need to normalize the initial coordinates
of both the coach and the student by the same position
(the position (0, −1, 0) is used in this paper). 𝑘coach (𝑡𝑖 ) and
𝑘student (𝑡𝑖 ) are used to denote the curvatures of curves of the
coach and student at time 𝑡𝑖 , respectively. We then use the
square of the difference between 𝑘coach (𝑡𝑖 ) and 𝑘student (𝑡𝑖 ) to
calculate Δ𝑘𝑡𝑖 at time 𝑡𝑖 . After obtaining the maximum value
(i.e., Δ𝑘max ) and the minimum value (i.e., Δ𝑘min ) from the
set of {Δ𝑘𝑡𝑖 }, we normalize each Δ𝑘𝑡𝑖 and compute the degree
of similarity 𝜉 between the two curves, which measures the

accuracy of the student’s action deviating from the coach’s.
This algorithm is given by Algorithm 2.

4. System Architecture
In this section, we present the system architecture and its
components. As shown in Figure 4, our system AMRECS
contains three parts, smartphone for data acquisition and
transmission, server for arm motion recognition and similarity comparison, and tablet computer for displaying action
exercises. In this figure, we use “BLE” to denote the Bluetooth
low energy 4.0 module.
We obtain the 3-axis acceleration coordinate and the
orientation data by the 3-axis accelerometer and gyroscope
sensor in the smartphone. Its in-built BLE 4.0 and WiFi are
also used for connecting with the remote backend server.
Most of the computation burden must be shifted to the
backend server due to its powerful processing capability [45].
The main functions of our backend server are to receive data
from remote smartphones, perform arm motion recognition
and similarity comparison, and communicate with remote
tablet computer. The backend server in our system also stores
coaching videos in advance for guiding and correcting the
students’ actions.

5. Performance Evaluation
In this section, we first present the experiment scenario and
then conduct experiments on our HMM-based recognition
method. We also evaluate the efficiency of the similarity
comparison algorithm.
5.1. Experiments Scenario. We obtain the 3-axis acceleration
coordinates and orientation data by using a 3-axis MEMS
accelerometer, a 3-axis MEMS gyroscope, and a BLE 4.0
communication module embedded in an MIUI 2S smartphone with Android platform, which is connected to the
remote server by its WiFi module and the BLE 4.0 wireless
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Figure 5: The data acquisition sensors.

communication module is mainly used to communicate with
the Pad and transfers the gathered data into the Pad.
The system of arm motions recognition, arm motion
traces generation, and comparison on the backend server
(a Lenovo M6900 workstation with 2 GB memory and Intel
Core Duo processor) is implemented in Java.
We carried the experiments in two distant rooms (called
Rooms A and B) with their distances being more than
100 miles. The backend server is deployed in Room A while
two Samsung pads are used as the display terminals in both of
two rooms. Two volunteers participated in our experiment,
one playing the role of coach in Room A and the other
playing the role of learner Room B. Both of the two volunteers
hold their mobile terminals following the same routes. We
first obtain the coach’s eight discrete basic motions as the
training samples. After training, the coach does a set of
continuous actions and the corresponding data will be sent
to the backend server for processing.
The student watches and follows the coach’s action in his
room. The actions of both the learner and the coach will be
compared and the degree of their similarity will be measured.
The server will immediately inform the learner whether his
action is now correct or not.

5.2. Data Acquisition. We combine the in-built accelerometer LIS3DH (Figure 5(a)) with gyroscope L3G4D200DH
(Figure 5(b)) modules in MIUI 2S smartphone to implement 3-axis accelerated velocity and gyroscope angle data
acquisition. Moreover, the embedded BLE 4.0 and WiFi
communication modules are in charge of establishing connection with display termination and backend server, respectively. Considering the self-deviation of accelerometer and
gyroscope sensors, the Kalman-filter method is used for
data correction. The Android-based MIUI 2S smartphone
is based on the APQ8064 quad-core processor, which has
16 KB flash memory and 2 GB RAM and has an embedded 3-axis accelerometer LIS3DH and a 3-axis gyroscope
L3G4D200DH. The LIS3DH has dynamically user selectable
full scales of ±2G/ ± 4G/ ± 8G/ ± 16G, and it is capable of
measuring accelerations with output data from 1 Hz to 5 KHz.
The L3G4D200DH is a low-power 3-axis angular rate sensor
and has a full scale of ±250/ ± 500/ ± 2000 dps.
The pseudocode of sensors’ initialization and data acquisition is shown in Pseudocode 1. The initialization includes
(1) setting communication baud rate between MIUI 2S and
the two sensors; here, we set baud rate as 38400 bps; (2)
ascertaining the full scale range of LIS3DH to be ±2G, and
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void setup() {
Connecting I2 C bus;
Initializing Serial communication;
//initializing accelerometer and gyroscope
accelgyro.initialize();
Verifying connection;
}
//sampling and processing
void loop() {
//sampling accelerations and angles
accelgyro.getMotion6(&a𝑥, &a𝑦, &a𝑧, &g𝑥, &g𝑦, &g𝑧);
//filtering
void Filter(float Accele, float Gyro);
Outputting the values of acceleration and angles;
}
Pseudocode 1: The pseudocode of sensors’ initialization and data acquisition.

L3G4D200DH to be ±250 dps, respectively. Some essential
parameters, such as the zero partial correction values of
accelerometer and gyroscope, are defined.
After establishing the communication connection
between MIUI 2S and the two sensors, groups of data
including 3-axis acceleration values (𝑥𝑎 , 𝑥𝑏 , 𝑥𝑐 ) and 3-axis
angular rates (G𝑎 , G𝑏 , G𝑐 ) are sampled and transferred
to MIUI 2S processor and then to backend server by
WiFi module. The LIS3DH uses separate proof masses for
each axis, acceleration along a particular axis induces
displacement on the corresponding proof mass, and
capacitive sensors detect the displacement differentially.
When MIUI 2S is placed on a flat surface, it will measure
0G on the 𝑥- and 𝑦-axes and +1G on the 𝑧-axis. The
accelerometer’s scale factor is then calibrated and is
nominally independent of supply voltage. When the
L3G4D200DH is rotated about any of the sense axes, the three
independent vibratory gyroscopes detect rotation about the
𝑥-, 𝑦-, and 𝑧-axes; the Coriolis Effect causes a vibration that
is detected by a capacitive pick-off. The resulting signal is
amplified, demodulated, and filtered to produce a voltage
that is proportional to the angular rate. This voltage is
digitized using individual on-chip 16-bit Analog-to-Digital
Converters (ADCs) to sample each axis.
5.3. Experiments on HMM-Based Recognition. We conduct
experiments on arm motion recognition by the 3-axis acceleration and gyroscope samples every one second by varying
consecutive mobility situations, that is, “↓” ⇒ “↘” ⇒ “ → ”
⇒ “↗” ⇒ “↑”, as shown in Figure 6. The coordinate axis
represents the basic motions, which is the hidden symbol,
denoted by the numbers “1,” “2,”. . .,“8.” The red dotted arrows
represents the action route. For example, one action route in
the experiment is the path of motion “3” ⇒ “7” ⇒ “1” ⇒ “5”
⇒ “4,” and, after pausing for a while, motion “4,” ⇒ “5” and
⇒ “4” again. The action finally returns back to initial position
“3.” We do the same experiments for 10 times. The “A” to “1”
is the state transition process from one motion to another, and
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Figure 6: State transition.

the “I” to “IV” is the observation symbol, which consisted of
basic motions.
First, we get ten groups of samples data from the volunteer
and each group is composed of 14-motion transition which
includes the 3-axis acceleration and gyroscope. The data is
trained and used to find the next most possible motion that
the volunteer might do. We can then judge which observation
symbols it belongs to and record it in the state sequence.
Therefore, we can compute the state transition probability
matrix ∧ and the probability distribution matrix B.
After training, we can estimate the observation symbol
according to the state sequence and use ∧ and 𝐵 to find the
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Table 3: State transition sequence.
ID
1
2
3
4
5
6
7
8
9
10
11
12
13
14

Observation symbol
“I”
“I”
“I”
“II”
“II”
“III”
“II”
“II”
“III”
“III”
“III”
“IV”
“IV”
“IV”

Hidden symbol
“7”
“3”
“7”
“1”
“5”
“4”
“4”
“4”
“5”
“4”
“5”
“1”
“7”
“3”

hidden symbol sequences of maximum probability, which is
the successive motion path that we want to recognize and
shown in Table 3. For experiment results shown in Table 3,
we can see that only the second symbol, where the hidden
symbol should be “7,” is misjudged among the fourteen
estimations, and the accuracy of recognition is 92.8%.
5.4. Similarity Comparison. Similarity comparison aims at
finding out the degree of action consistency between the
coach and the learner. We construct three experiment scenarios to evaluate our AMRECS system. The first experiment
scenario shows that the learner does the exact actions as the
coach does. In the second experiment scenario, the learner’s

actions are mostly consistent with the coach’s. In the third
experiment, the leaner fails to correctly imitate the coach’s
actions.
Figures 7 and 8 show the sampled data of the right and left
hand by the coach and the learner, respectively. For the first
scenario, we find that their action traces are consistent with
each other.
Figure 7(a) shows that the learner follows the coach’s yoga
action from “↓” to “↑” by using his left hand. Figure 7(b)
shows the corresponding degree of similarity between the
two persons. We can find that there exist a few different
curvature trends at the corresponding positions (labeled with
black dotted line), which shows that the learner can improve
or correct his actions at these positions. The whole similarity
degree is calculated to be 𝜉 = 89.92% between the two action
curves performed by the student and his coach. Figure 8(a)
shows that the person does the actions by using his right hand
and the corresponding similarity degree is 𝜉 = 88.45% which
is shown in Figure 8(b).
Figure 9 discusses the second experiment scenario, under
which the coach does a set of continuous actions from “↓”
to “↑” while the learner does the same action with his right
arm horizontally outstretching and forming 45∘ angle with
his body. Figure 9(b) shows that the learner’s actions are not
exactly consistent with the coach’s exercise. In this way, the
similarity degree is only 65.23%.
Finally, we design two different groups of actions done by
the learner and the coach, respectively. This scenario is shown
in Figure 10. In this scenario, we want to test whether our
method can find the motions that greatly deviate from the
coach’s motions. In this way, we let the students do a group
of motions, which are different from the coach’s, and then we
observe that the student’s motions are far different from the
coach’s. The similarity degree greatly decreases to 24.35%.

Mobile Information Systems

11
4.5
4
3.5

1

3
Curvature

0

2.5
2
1.5

−0.5

1

−1

1

0

0.2

0.4
0.6
X (unit: G)

0.8

1

1.2

:G
)
nit

0.5
0

0

(u

−1.5
−0.2

0.5

Y

Z (unit: G)

0.5

0

2

4

6

8

10

12

14

16

18

Sample data
Student
Coach

Student
Coach

(b) 𝜉 = 88.45% by right hand

(a) Sampling data by right hand
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6. Conclusions and Future Work
In this paper, we present a light arm motion recognition
and exercise coaching system by using smartphones. Our
AMRECS system provides an effective solution for remote
wireless interaction. We conduct three groups of experiments
to evaluate the efficiency of our AMRECS system. The
results shows that our system can accurately recognize static
and dynamic arm motions. The system provides similarity
comparison and measure so as to help person obtain the realtime feedback of their exercising actions. For future work,
we may add other sophisticated applications, such as Wii
and Kinect, and extend our system to some other remote

exercise coaching sports, for example, aerobics, table tennis,
and Chinese Tai-Ji-Quan.
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It is often desirable to control mobile phone services in areas where complete silence is either expected or mandatory, including
schools, places of worship, hospitals, and prisons. In contrast to conventional techniques, such as jammers or Faraday cages, we
present a novel technique to selectively control mobile phone services within a desired area. Our solution enables the area’s keeper
to allow mobile phones on a whitelist to freely use mobile services without disruption while denying services to all other mobile
phones that are within the boundaries of the desired area to be controlled. Our solution uses a base station controller to identify
all mobile devices located within the area to be controlled, while an antenna is placed inside the area to attract all mobile devices
in the area to connect to the base station controller. In previous work, we proposed a system that uses directional antennas for the
attraction technique. In this work, we show that replacement of the directional antennas with a leaky feeder antenna enables more
accurate control of mobile phone services in and around the area to be controlled. Simulations and experiments of the leaky feeder
technique confirm its precise control of mobile phone services within the desired areas.

1. Introduction
In the modern always-connected lifestyle, almost everybody
carries a mobile communication device of some sort, such as
a conventional or a smart phone. This massive adoption of
cellular service devices means that new social, security, and
etiquette-related complexities have appeared in areas where
silence is expected or even mandatory, such as in schools,
universities, places of worship, hospitals, and prisons. In
some environments, the use of mobile phones is undesirable,
such as meeting rooms, places of worship, and hospitals,
while their use in security-sensitive areas must be controlled
according to a security plan [1–3].
The problem of silencing mobile phones in specific areas
has been studied only briefly in the literature, including the
review provided in [3]. To the best of our knowledge, no
practical solutions have been proposed and implemented to
date that do not require changes at either the network level or
the Mobile Station (MS) level.

In existing mobile communication networks, the control
of mobile phone services can be achieved in a number of ways
with various levels of effectiveness:
(1) Complete control at all times of any service on any
segment of the network by the Mobile Network
Operator (MNO).
(2) Cooperative control, where the mobile phone user
willingly activates/deactivates features on the phone
in accordance with the regulations or recommendations for their current environment.
(3) Shielding using a Faraday cage or a Faraday shield [4].
(4) The use of Radio Frequency (RF) jammers.
In [5–7], several methods have been proposed to address this
problem that mostly focus on suppression of the sounds on
the phone, but no or very little effort has been made to control
the services provided to the cellular phone based on either
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the location or time-based zones, which is the subject of this
paper.
In our previous work [8–10], we proposed a system to
selectively control mobile phone services in specific areas.
The chosen mobile service can be controlled based on the
identity of the user on a whitelist basis, where the whitelist
is defined as a list of MSs that are allowed certain services in
the controlled area (CA), while all other MSs that are in the
CA and not in the whitelist will be denied certain services at
specific times during the day (e.g., during scheduled prayer
times at a place of worship) or at a specific location, such
as a meeting room. The system consists of two virtual Base
Transceiver Stations (vBTSs), each of which is connected
to a directional antenna. The vBTS is used in this system
configuration to mimic the operation of a conventional Base
Transceiver Station (BTS). The first antenna is installed at
the gate of the CA and points outward from the CA and is
thus called the outer antenna, while the other antenna is also
installed at the gate to the CA but points inward towards
the CA and is thus called the inner antenna. The motivation
behind this design is to detect the identity of an MS when it
passes through the gate to the area by triggering the following
sequence of events. If the MS is detected first by the outer
antenna and then by the inner antenna, it is then considered
to be within the CA and is subject to the set of mobile service
rules imposed by the keeper of the area. When the controlled
MS leaves the CA, it will be detected by the outer antenna
again and will then be released from the system.
To force each MS that passes through the gate entering
to the CA to connect to the two vBTSs installed in the CA, a
signal that is stronger than the signal the MS is receiving from
its current BTS is transmitted by the two antennas. This will
attract the MS to connect to the vBTS, which in turn forces the
MS to transmit its International Mobile Station Equipment
Identity (IMEI) and International Mobile Subscriber Identity
(IMSI) information to identify itself and camp on the vBTS.
This enables the vBTS to have complete control over the MS.
In particular, the vBTS will match the IMEI and IMSI to its
data base. If the MS is not in the whitelist, it will hold on to
that MS and no service is provided; while if the MS is in the
whitelist, the vBTS sends a deny service message to that MS.
When the MS receives this message, it will connect to another
BTS and get the service from its MNO [8].
Two shortcomings were observed when using the directional antennas in this system architecture. The first is the
unpredictable spillage of RF power to areas beyond the CA
boundaries. The second is that RF signal transmission from
the inner antenna causes signal reflections inside the CA. The
first shortcoming leads to undesired control of MSs that happen to be near the CA. The second shortcoming leads to multipath fading, which in turn leads to attenuation of the radio
signal power received by MSs in certain locations within the
CA. When this phenomenon happens at a certain instant in
time and at specific locations, an MS may receive a signal
power from the vBTS weaker than the signal received from
the MNO BTS. This will cause MS to undesirably camp on the
MNO BTS, thus releasing it from the control of our system.
In this paper, we address the above shortcomings by
proposing a simplification of the architecture that was

Mobile Information Systems
presented in [8] and by replacing the two directional antennas
with a Distributed Antenna System (DAS) that consists of a
number of radiating antennas (which are often called leaky
feeders) inside the CA [11]. A leaky feeder is characterized by
its near field, and its transmitted signal power falls off quickly
with distance, allowing for more localized control over the
CA [12].
Operating transmitters designed to jam or block wireless
communications (Active Jammers) is a violation of the law
in many countries [13–17]. Passive blocking on the other
hand is not illegal yet such as putting up buildings made of
material that block out cell phone signals, that is, blocking
the signals from ever getting to the cell phone. Blocking
is legal because it is just shielding and does not interfere
with any users external to the shielded areas. The concept
of operation of the suggested system in this paper is that it
will be operated in nonpublic areas that are private properties
under the complete control of the keepers of the areas. The
system design proposed in this work guarantees minimal or
no spillage of RF power outside of the desired CA to avoid
blocking any MSs that are outside the CA and in this respect
can be viewed as one way of achieving passive blocking. The
proposed system can also be operated in a connected mode,
where the details provided (IMEI/IMSI) by an MS through a
vBTS can be directed to a central server that is accessible by
the MNO. All the decisions to control/release an MS are done
by the MNO. The MNOs, through business agreements with
the keepers of a CA, can allow/disallow certain services based
on a particular attribute to provide or not to provide certain
services (voice or data, e.g.) to selected MSs according to the
whitelist, time of day, or location [8].
The remainder of this paper is organized as follows. In
Section 2, the proposed system architecture and associated
design are presented. In Section 3, the system prototype
and performance evaluation are presented. In Section 4,
simulation results are shown, while in Section 5 we draw our
conclusions.

2. Proposed System Architecture
We propose a modification to the system that was presented
in [8] by replacing the directional inner antenna with a set
of leaky feeder antennas (i.e., radiating antennas) that are
interconnected using a DAS connected to the inner vBTS [11].
The outer vBTS and the associated directional antenna that
were described as part of the method of [8] are no longer
necessary following the proposed modification.
In the system design, we used a GSM BTS transceiver
vBTS from Lyrtech Inc. [18], which is a development system
that can be used to develop small-scale, short-range, GSM
BTS type of application for homes and small offices. However,
any picocell BTS type can be used in the proposed system.
A set of leaky feeder antennas interconnected via a DAS is
placed inside the CA to monitor and report on MSs that enter
and/or leave the CA, as shown in Figure 1, where the vBTS
unit is represented by the vBTS/vBSC (virtual Base Station
Controller) entity. The vBTS is set up to clone the GSM
(Global System for Mobile Communications) BTS within the
MNO and uses controlled RF power. The set of leaky feeder
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Figure 1: Architectural features of the system.

antennas are placed in the CA such that they can detect the
identity of an MS when it enters the CA. If an MS is detected
by the DAS via a leaky feeder, it is considered to be within
the CA. For an MS to be controlled, it must be within the CA
and must respond to paging signals from the vBTS via the
DAS antenna. If a controlled MS is no longer detected by the
DAS/leaky feeder combination, it is released (uncontrolled)
from the system. This occurs naturally as the MS moves back
under the influence of the MNO BTS signal when it moves
away from the CA. The vBTS is hosted in the CA and is
connected to the DAS using RF cables [11].
The placement of leaky feeder antennas in the CA is
done in a way to achieve the best distribution of the vBTS
signal using a set of multiple radiating cables to achieve the
best coverage of the CA, while at the same time minimizing
unwanted coverage outside the CA.
Within the overall system configuration, a CA is defined
by a single local vBTS/vBSC group and the associated
DAS rather than the two vBTSs/vBSCs and their associated
directional antennas, as in the system proposed in [8].
A CA may optionally be connected to a Central Management Server (CMS) through a TCP/IP (Transmission
Control Protocol/Internet Protocol) connection. The CMS
would then be able to connect to all CAs that are deployed
in a number of different locations. The CMS would receive
all MS data collected from each CA for which a whitelist is
defined. In the CMS, the MS data received from a CA, which
are the IMEI and IMSI numbers, can then be checked against
the whitelist for the specific CA to determine whether or not
to control the MS.
In the system described in this paper, the CMS centralization was not implemented. The whitelist therefore was created
and managed autonomously by the business logic software
implemented at each CA.
To force an MS that enters the CA to connect to the
vBTS installed in the CA, a “clone” signal (which is identical

to the signal transmitted by the MNO BTS) that is stronger
than the signal to which the MS was originally connected is
transmitted by the DAS. This will attract the MS to connect
to the vBTS that broadcasts the stronger signal, which in turn
will force the MS to transmit its IMEI and IMSI information
to identify itself and camp on the local vBTS. The vBTS will
then be able to collect the required MS data and pass it
through the BSC to the optional CMS server for verification
and any further decision-making.
Control of the MS services in the CA is achieved by
keeping the MS connected to the local vBTS at the CA and
not providing any of the MNO services if the MS is not
on the whitelist of allowed MSs. However, if the MS is on
the whitelist, the local vBTS at the CA then releases the
MS by denying its location update request during idle mode
reselection. In this way, the MS reconnects to the MNO BTS
and continues to function as it would normally [11].
In contrast to our previous work in [8], the business logic
software simply checks the whitelist and attempts to match
the IMEI/IMSI combination that identifies the user. Unlike
the previous system [8], the system proposed in this paper
does not rely on the detection steps of the control signals
transmitted from MS. In other words, it does not require
each MS to be attracted by an “outer” vBTS followed by
an “inner” vBTS. This means that the system is easier to
implement and is less dependent on management of the 3GPP
(3rd Generation Partnership Project) protocols that control
idle mode reselection. The system takes the actions that are
described in Table 1.
It should be noted that in [8] if an MS goes through
the two directional antennas at the gateway to the CA in an
OFF state and is subsequently turned ON inside the CA, that
MS will not be controlled even if it was not included in the
whitelist since the system would not have considered it to be
inside the CA. In contrast to that, in this work, if the MS has
entered the controlled area by any entrance in an OFF state
and was subsequently turned ON inside the CA, then it will
still be managed when the leaky feeder and the signal strength
are optimally configured.
We define the concept of a Gray Area (GA) as the area
outside the CA where unwanted signal power spillage from
the vBTS is high enough to cause, or indeed maintain,
undesirable control over MSs that are located outside the CA
as shown in Figure 2. One of the main advantages of the use
of leaky feeders in this work, when compared with the use of
directional antennas as per [8], is that they allow better and
more precise management of this GA. In our evaluation of
the proposed system, mitigation of undesired effects on MSs
in the GA is one of the performance evaluation metrics that
we use to measure the success of our design.
It should be noted that the GA also existed in our previous
design which was presented in [8], but it was less predictable
in that case because of the use of directional far field antennas
reflections and fading. For this reason, the signals from the
“inner” and “outer” antennas could result in incorrect MS
classification (i.e., a mobile phone located outside the desired
CA is undesirably controlled).
In contrast, leaky feeders can be deliberately designed
to ensure that any signals that spill outside the CA are very

4

Mobile Information Systems
Table 1: Available actions that can be taken based on current state and CMS rules.

Case

Current state

First rule
Detected by vBTS

Second rule
MS in whitelist

Action

1
2

Uncontrolled
Uncontrolled

Yes
Yes

No
Yes

Control
No control

3
4

Controlled
Controlled

Yes
Yes

No
Yes

Control (maintain)
No control (release)

Gray Area (road outside building)
9 in brick walls (good attenuation)
Window

Window

Window
Gray Area
Window

6x leaky feeder/DAS
antenna segments

Control Area

Window

Thin dry walls
Doorway

Window

Figure 2: The CA floor plan and the leaky feeder antenna.

weak and are less likely to attract any MSs outside the CA to
connect to the vBTS. Thus, undesired control of external MSs
is reduced while full control is obtained over MSs in the CA.

3. System Prototype and
Performance Evaluation
In order to deploy the proposed system in an area, a radio
survey must be conducted within the CA to measure the
RF signal levels and other parameters that are required to
setup the system. In particular, these parameters will be used
to configure the vBTS to mimic the operation of an MNO
BTS. Each MNO BTS broadcasts using one or more fixed
Absolute Radio-Frequency Channel Numbers (ARFCNs).
The following Broadcast Control Channel (BCCH) parameters are monitored for analysis and for selection of a cell
to be cloned: the BCCH Allocation (BA) list, the Location
Area Code (LAC), the Cell Reselection Offset (CRO) value,
the Cell Reselect Hysteresis (CRH) value, the Calculated Cell
(C2) reselection value, the Mobile Network Code (MNC),
Mobile Country Code (MCC), the Network Color Code
(NCC), the Cell ID (CID), and the Base Station Identity Code
(BSIC). These values are received in System Information (SI)
messages that are broadcast periodically on the BCCH by the

various BTSs. The MS is only allowed to attach to a BTS that
meets specific conditions, which are described in detail in [8].
The parameters and information collected must then
be analyzed to determine the appropriate clone values that
must be used to configure the vBTS. This process is usually
conducted when a new CA is commissioned and can be
repeated periodically thereafter when significant changes are
observed in the surrounding RF environment.
To set the boundaries to attract/release an MS to/from
the system (thereby defining the vBTS coverage limits), the
C2 with the CRO and CRH values can be configured in the
vBTS as shown in Figure 3. To attract an MS to the vBTS in
the system, we must configure the C2 value of the vBTS to be
higher (e.g., by 12 dB) than the sum of the C2 and CRH values
of the serving MNO BTS. For the MS to be released from the
system or to exit from the CA, it must switch from the vBTS to
an MNO BTS that has a higher C2 value than the sum of the
C2 and CRH values of the vBTS. This process occurs naturally
by idle mode reselection when the MS leaves the CA.
The CA that was used in the measurement had the
following specifications: an office space, approximately 13 m
wide by 14 m long, which also had some internal dry walls, as
shown in Figure 2. The CA is externally bounded by 0.225 m
thick brick walls on the top and right sides, where external
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Figure 3: Effects of C2 and CRH values on attracting/releasing an MS to/from the system using leaky feeders.

access to the GA was also available for measurements. The
left and bottom walls were of the dry wall type and were not
effective for attenuation of RF signals, so the measurements
were focused on the sides with brick walls. The bounding
of a CA with brick walls is considered beneficial for both
attenuation of MNO BTS signals inside the CA and also
attenuation of vBTS signals outside the CA, which helps to
minimize the GA.
The CA floor plan is shown in Figure 4 and is divided
into 1 m square blocks. It was not possible to survey every
block as a number of these blocks were occupied by furniture
or shelves and not accessible for our measurements. Thus,
seven representative grid blocks composed of 12 blocks each
were surveyed (e.g., from 1 1 up to 1 12 and ranging from 7 1
up to 7 12). Similarly, in the GA, some representative rows
or columns of 1 m blocks were marked out for survey (e.g.,
from 8 1 up to 8 12 and ranging from 12 1 up to 12 12). The
Nemo MS used for the test was placed on a wooden shelf
approximately 1.2 m above the floor to create consistent test

conditions. Careful selections of each vBTS transmitter (Tx)
power setting and the CRO value are made inside the CA, so
that the vBTS C2 value is approximately 12 dB higher in the
CA than that of the MNO.
In that configuration, the leaky feeders are mounted
approximately 10–15 cm away from the wall at a height of 2 m.
Note that the top and right-hand side walls are 0.225 m thick
brick walls with a few windows but the left-hand and bottom
walls are of dry wall construction. The GA considered in the
survey is at the top and at the right outside the brick walls,
which provide good RF attenuation.
Nemo Handy test MS [19] was used to survey each block
in the CA and GA described in Figure 4 to measure the
C2 difference values. It was used instead of power meters
because it provides the net result of attraction probability
for an MS based on the actual C2 average measurement and
resulting calculation done by a typical GSM-type phone for
idle mode reselection. Therefore, whether there is downlink
fading/interference and so forth from MNO or leaky feeder
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Figure 4: The CA and GA survey blocks.

in the final analysis, it is the MS that makes the decision by
comparison between the averaged measured/calculated C2 of
the GSM vBTS and the C2 of the relevant MNO BTS on which
the MS is attached. When the C2 difference value is positive
it should attract, when it is negative it should not attract
(ignoring CRH hysteresis which can be used to affect this).
The C2 difference values and the physical mapping for the
CA shown in Figure 5 indicate the results of this measurement. A high positive C2 (red color) value indicates stronger
attraction to the vBTS than a low positive value. Normally,
a negative C2 difference value (blue color) would result in
MNO BTS selection by the MS rather than vBTS selection.
In the measurements, the C2 difference value between the
serving cell and the first neighbor cell is shown (measured in
dB); that is, if the vBTS is not a serving cell or a neighbor
cell, we would therefore neglect it and consequently will not
have a C2 value for it that can be used to calculate the C2
difference between the BTS and the vBTS in that location.
In the analysis, the C2 value of the MNO BTS is consistently
subtracted from the vBTS C2 value. This simplification does
not materially affect the results. It should be noted then that
the value “none” shown in the GA in Figure 5 is most likely to
be an “MS is not controlled” position because the vBTS was
not ranked first or second in the neighbor list (i.e., received
power from the vBTS in that location is very weak).

This is a fairly typical case, showing good CA coverage
with significantly lower influence in the GA. For example, the
C2 difference values shown in Figure 5, Block 4 (11.0, 15.1, 11.7,
3.0, 6.6, 11.6, 14.8, 14.6, and 7.3 dB), indicate likely attraction
by the vBTS (desirable for non-whitelist MS control) and
the C2 difference values (−3.1 and −5.7 dB) indicate likely
attraction by the MNO BTS (which is not wanted). These
local differences may be attributed to RF fading and so forth,
but the adverse effects can be reduced in the real world
by adding some CRH (i.e., hysteresis) to the vBTS settings
(probably around 6 dB).
In the GA, the opposite situation is desirable, which
means that negative C2 difference values are required to
prevent MSs from being attracted to the vBTS. Thus, as shown
in Figure 5, Blocks 8 and 9, only the positive (4.4, 1.2, and
3.6 dB) values indicate possible attraction to the vBTS (which
is an unintended consequence), while all other values show
probable attraction to the MNO (required for other MSs control to ensure that such MSs remain attached to the MNO).
In the measurements above, in 67 out of the total 84
(79.8%) 1 m square blocks in the CA, the C2 difference values
are positive and therefore successfully attracted by the vBTS,
while the remaining 17 (20.2%) were undesirably attracted
by the MNO BTS. On the other hand, in 40 out of the total
48 (83.3%) 1 m square blocks in the GA, the C2 difference
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Figure 5: The (serving-1st neighbor) C2 difference results obtained for a single MNO in the DCS1800 band.

values are negative and therefore successfully not attracted
by the vBTS, while the remaining 8 (16.7%) were undesirably
attracted by the vBTS.
Note that variation by as much as 15 dB in the RSSI signal
levels is sometimes seen between adjacent test positions, even
when they are only 1 m apart, which is probably caused by
fading. Importantly, this behavior was observed even if the
vBTS and the leaky feeders were switched off and only the
MNO signals were monitored. It is shown that good coverage
and control were achieved using the leaky feeder system
despite this variation, but there is always a trade-off between
control in the CA and reduced spillage into the GA. The GA
shown is thus managed quite effectively using the leaky feeder
array under the prescribed conditions.

4. Simulation Results
To compare the effectiveness of the DAS leaky feeder configuration versus the directional antenna configuration as
described in [8] and to study different DAS leaky feeder
placements we simulated the antenna radiation patterns
using CST antenna design tool.
Simulations of antenna radiation patterns for both patch
directional and leaky feeder antennas are illustrated in
Figure 6. The radiation patterns from the simulations are used
to simulate the received vBTS power in each 1 m square block.
These antennas were placed in the CA in different
placements as shown in Figure 7. In Figures 7(a)–7(c), three
different CA floor plan placement configurations for DAS

Table 2: Results of simulation in the CA and GA.
Parameter

Leaky feeder
𝐴
𝐵
𝐶

MSs held in CA
MSs not held in CA
MSs held in GA
MSs not held in GA

83
1
2
46

81
3
6
42

81
3
8
40

Directional antenna
79
5
16
32

leaky feeder (placements 𝐴, 𝐵, and 𝐶) are shown, while
Figure 7(d) shows the patch directional antenna placement in
the CA floor plan. Based on these simulations, we were able
to compute the C2 difference values for all DAS leaky feeder
placements and also for the directional antenna case.
We simulated a scenario where we have 84 MSs in the CA
and 48 MSs in the GA such that we have 1 MS in every 1 m
square block as shown in Figure 4. We then computed the
number of MSs in the CA that were successfully attracted by
the vBTS. We also computed the number of MSs in the GA
that were undesirably attracted by the vBTS.
The aforementioned simulation scenario was repeated
for the directional antenna configuration as well as for the
three different leaky feeder placements shown in Figure 7.
The results of the simulations are shown in tabulated form
in Table 2.
When comparing the 3 different leaky feeder placements
𝐴, 𝐵, and 𝐶, we can see that placement 𝐴 yields the best
attraction in the CA while maintaining the lowest attraction
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Figure 7: (a), (b), (c) Leaky feeder antenna placements 𝐴, 𝐵, and 𝐶. (d) Directional patch antenna.

in the GA. Placements 𝐵 and 𝐶 show the same performance in
the CA but placement 𝐵 is slightly better in the GA as shown
in Table 2.
In Table 2, we also show attraction results based on
simulations using directional antennas as described in [8].
When comparing these results to any of the leaky feeder
placements, all different placements of DAS leaky feeder
considered in the simulation outperform the directional

antenna in terms of number of MSs held by the vBTS in
the CA. Although the directional antenna can provide a full
coverage of the CA if its transmit power is increased, the
number of MSs held by the vBTS in the GA can be very high.
On the other hand, the placement of the leaky feeder can
be designed to provide excellent coverage in the CA, while
minimizing the undesired coverage in the GA, which yields a
much better performance.

Mobile Information Systems

5. Conclusions
In this paper, we proposed a system for controlling mobile
communications services in areas where complete silence is
either expected or mandatory, including schools, universities,
places of worship, hospitals, and prisons. We proposed the
use of leaky feeder antennas in the controlled area and
show the superior performance of this system in controlling
mobile services provided to MSs located within the CA,
while mitigating unwanted RF signal power spillage outside
the CA. This consequently prevents undesired control of
mobile services that are provided to MSs outside the CA and
minimizes the size of the GA.
In our future work, we shall find ways to ensure that newly
released MSs can still be attracted by the vBTS and controlled
by our system. It is important to extend the system to support
UMTS/LTE. 3G/4G MSs can be captured on UMTS/LTE and
then moved to GSM by the vBTS system using an inter-RAT
(inter-radio access technology) handover mechanism for
subsequent management in GSM, as described in this paper.
Because of the additional security measures in UMTS/LTE
systems, it is not possible to manage 3G MSs entirely in the
UMTS/LTE domains.
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