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Abstract
Anticipatory systems require different steps like sensing,
data processing, context inference, and context prediction.
Then, suitable platforms can support the implementation of
the respective steps. This paper proposes an anticipatory
ubiquitous perspective on the U BICON platform, considering
data capture (sensing), localization (context inference) and
activity recognition (context prediction), enabled by an integration of different technologies and tools. In an integrated
approach, we propose different components for augmenting the U BICON platform. For these, we present results of
respective case studies in ubiquitous and social environments. Our results demonstrate the applicability of the U BI CON platform for these tasks, towards an extended platform
for anticipatory ubiquitous computing.
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Introduction
The emergence of social media and ubiquitous computing has created a number of novel social and ubiquitous
environments. The data generated by these can then be
analyzed, e. g., using data mining techniques. This also includes interaction data from sensors and mobile devices, as
long as the data is created by real users.
With more and more of those ubiquitous devices emerging
in our daily lives, sensor data capturing human activities is
thus becoming a universal data source for the analysis of
human behavioral patterns, and for building according models. However, as a prerequisite appropriate data capture
and data processing methods need to be developed and
combined into an integrated approach. Then, this combination enables ubiquitous and anticipatory computing integrating different but complementary methods, techniques
and tools. Using these workflows from sensing to providing
actions, e. g., for recommandations and proactive guidance
can then be implemented.
This paper presents an extended view on the open-source
U BICON platform [2]1 , augmenting it with components for
data capture, processing and analytics, as visualized in Figure 1; here different open-source tools are integrated like
the sensor data collection framework (SDCF)2 [5], the data
analytics platform VIKAMINE3 [8], the data mining toolkit
WEKA4 [25], and the GNU R environment5 [21] for statistical computing: We sketch three case studies in the context
of the the augmented U BICON platform. First, we present a
method for resource-aware smart sensing, i. e., data capture using single-board architectures, as a flexible method
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Figure 1: Augmenting U BICON for anticipatory ubiquitous
computing: Integrated Sensing, Processing & Analytics.

to collect RFID data. Second, we propose an approach for
indoor localization [24, 23], i. e., context inference utilizing
Bluetooth low-energy (BLE) technology. We present results
of an evaluation in a real-world setting and discuss implications. After that, we focus on context prediction using
activity recognition techniques. Here, we propose a method
for deriving interpretable rules for context prediction in order
to enhance the understandability of the applied model.
The rest of the paper is structured as follows: We first provide an overview on the U BICON platform. After that, we
present our case studies in context, i. e., summarizing the
approaches and presenting evaluation results. Finally, we
conclude with a summary and provide interesting further
directions and options for future work.
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Figure 2: Conceptual overview on
the architecture of the U BICON
software platform, cf. [2].

U BICON
The U BICON software platform [2] aims at enhancing ubiquitous and social networking, for flexibly implementing applications in that context. It aims at supporting applications
at the intersection of ubiquitous and social computing, integrating functionalities of both environments, providing
efficient and effective approaches for building applications
in areas like ubiquitous and social computing, internet of
things, participatory sensing, and social crowd sourcing.
U BICON provides a number of components for data collection, processing, and serving. Grounded by fundamental principles of big data storage, processing, and analytics [19], U BICON features flexible ways for adaptions and
extensions in the respective applications: At its core it can
be extended, for example, by specialized components, e. g.,
for sensing and data analytics. Furthermore, it provides the
means for creating and hosting customized applications.
System Architecture
Following [2], Figure 2 shows a conceptual overview on
the architecture of the U BICON software platform. From
a data-centric view, U BICON implements a data storage,
processing, and serving pipeline similar to the lambda architecture [19] for handling and managing big data. In that
way, core concepts such as immutability and recomputation
are transparently enabled by the platform. Accordingly, the
data flow is organized in the layers immutable data storage,
data processing, and data serving providing flexible and
transparent access to the data, e. g., for implementing big
data analytics using Map/Reduce [12]. The functionality for
each of these layers is backed by the U BICON core which
provides canned functionality, i. e., framework classes and
interfaces, which can be utilized throughout different applications. For a more detailed discussion of the architecture
and its core concepts, we refer to Atzmueller et al. [2].

Overall, U BICON enables the observation of physical and
social activities. Typically, applications utilize the provided
core components, interfaces, and classes and extend the
overall workflow according to their individual application requirements, e. g., as for the web applications developed in
the EveryAware project6 , built on top of U BICON. Other applications include, for example, the Conferator [3], a social
conference guidance system, and MyGroup, an application for enhancing social interaction in working groups. Both
use active SocioPattern7 RFID tags, which allow to localize
participants and to collect their face-to-face contacts.
By including according data analytics components, the collected data can then be applied for anticipatory applications. Using collective sensing data, for example, obtained
using the Conferator system, Atzmueller et al. [4] analyze
the interactions and dynamics of the behavior of participants at conferences; similarly, the connection between
research interests, roles and academic jobs of conference
attendees is further analyzed in Macek et al. [18] which can
then be applied for enhancing interactions at conferences,
e. g., by recommendation systems [2]. In addition, we can
provide indications about the currently active context, e. g.,
by visualizing anomalies concerning the current sensing information. Furthermore, connecting collective sensing data
to online data, Scholz et al. [22] analyzed the predictability
of links in face-to-face contact networks and additional factors also including online networks, which can then be applied for recommendation, and personalization. Further aspects in anticipatory systems include explanations. U BICON
has been designed according to principles of explanationaware software [9], and supports explanation capabilities of
different components utilizing the platform. For more details
on the latter, we refer, e. g., to [2].
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Figure 3: Performance/UDP-Loss
with No-Load and MySQL load for
a typical conference application
(200 INSERTs/sec, see below).
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Figure 4: Scalability with
increasing number of inserted rows
using the iibench-mysql tool.

In the following, we briefly sketch three case studies on
the augmented U BICON platform. First, we summarize a
resource-aware component for sensing, i. e., RFID data
capture using single board computers. Second, we discuss
localization and present an evaluation specifically applying
sensors that are available on mobile phones (i. e., BLE) as
an alternative to RFID tags. Finally, we propose an activity
recognition method for context prediction based on interpretable class association rules. The combination of these
techniques enables ubiquitous anticipatory computing using
U BICON, e. g., in conference contexts or in medical applications, where context of actors, their contacts, and individual
behavior needs to be observed.
Resource-Aware RFID Data Capture
Sensing and data capture in RFID-based scenarios, i. e.,
using active RFID tags typically requires centralized server
and storage paradigms. This implies, for example, that
RFID readers that capture the data sent by RFID tags need
to be connected to the server, e. g., by an Ethernet connection. This has significant impact on the application areas of
the technology, e. g., due to environmental or building constraints where the respective system needs to be set up.
For the U BICON platform, we experienced several situations
for which the technical setup was difficult, e. g., when readers could not be installed in certain locations since Ethernet
was not available etc. In addition, such static scenarios inhibit highly dynamic environments, for example, in which
RFID readers capturing the signals can also be mobile.
We applied RFID tags developed by the SocioPatterns collaboration – providing an RFID infrastructure that detects
close-range and face-to-face proximity (1-1.5 meters) of individuals wearing proximity tags with a temporal resolution
of 20 seconds [10]. In contrast to, e. g., bluetooth-based

methods that allow the analysis based on co-locationd
data [5], here face-to-face proximity can be observed with a
probability of over 99% using the interval of 20 seconds for
a minimal contact duration. This infrastructure has been deployed in various environments so far, e. g., conferences [10,
4, 18], or workplaces [2].
A proximity tag sends out two types of radio packets: Proximity and tracking signals. Proximity radio packets are emitted at very low power and their exchange between two devices is used as a proxy for the close-range proximity of the
individuals wearing them. Packet exchange is only possible
when the devices are in close enough contact to each other
(1-1.5 meters). The human body acts as an radio frequency
shield at the carrier frequency used for communication [10].
The tracking signals are typically received by antennas of
RFID readers installed at fixed positions in the facility environment. These tracking signals are then used to relay
proximity information to a central server, using UDP.
As an alternative, we developed a component for augmenting U BICON for RFID data capture, specifically relying on a
distributed infrastructure based on single board computers
(SBC), cf. [14]. Then, the RFID readers that are necessary
for capturing signals sent by the applied active RFID tags
can operate stand-alone. A connection to a central server
is not necessary any more, since the data is collected by
the individual SBC and can be aggregated later. We performed several experiments concerning both performance
and applicability of the technology, using a Raspberry PI2
for implementation. Considering performance we simulated
data capture at a conference (see [18] for more details),
and also used generated data for a benchmark comparison. In particular, we assessed possible UDP loss and the
possible data throughput rate writing to a database backend
(MySQL) at a typical conferencing scenario.

Overall, our results demonstrate the benefit and applicability of the proposed approach: Concerning UDP-loss we
encountered a critical situation only for a data rate above
9MB/s which corresponds to 200 RFID tags sending to
20 RFID readers at the same time connected to the same
SBC. This situation is unrealistic in our application scenarios, where we typically utilize fewer tags and also much
fewer readers per SBC. In addition, we observed very good
scalability with respect to the insert performance on the
database using the iibench-mysql tool8 : It inserts synthetic
datasets into a table with two secondary indices and reports
the respective performance of the last interval after 2500
inserts each. In that experiment, we also did not encounter
the critical range of 200 INSERT/sec at all (which we empirically determined at a typical conferencing scenario). Also,
utilizing real data collected at a conference was well in the
supported performance range.

Table 1: Accuracy of the
localization experiments.
Algorithm
K-nearest Neighbor (k=5)
Logistic Regression
Naive Bayes
Random Forest

Accuracy
0.62
0.69
0.71
0.76

Localization
The localization of persons or objects in indoor environments is still a complex problem, especially with limited
resources. Typically, the techniques are highly accurate
in positioning, but expensive in hardware acquisition. In
our setting, we use resource-aware and cost-effective active RFID tags, that are able to detect the proximity of other
RFID tags. Using this technology is challenging, because
only limited information is available for the localization task.
We address this problem in U BICON [24, 23], where we developed new supervised and unsupervised algorithms that
use proximity information for increasing the localization accuracy at room-level basis. Using proximity information, we
could improve the localization accuracy from 84 % using a
baseline algorithm to nearly 90 %, as evaluated during the
poster session at the LWA 2010 conference. The algorithms
are implemented in Java and GNU R.
8
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As an alternative, e. g., when RFID proximity tags are not
available or cannot be deployed, we can utilize BLE modules. In a prototypical project, cf. [13], we evaluated an approach utilizing BLE [15], since BLE modules are typically
available on modern smartphones. Using the AltBeacon
library9 we utilized BLE-USB sticks for implementing BLE
beacons, transmitting beacon packets consisting of a UUID,
two user-defined values, and information about the used
transmission power at regular intervals (e. g., one packet
per second).
In a first experiment, we applied four BLE-beacons for localizations of 10 areas (localization points) in a smart home
context. We collected a dataset consisting of 200 measurements for each localization point, by measuring the signal
strengths of the beacons at the different localizations for
200 seconds, each. This resulted in a dataset of 2000 measurements, for a fingerprinting approach. We evaluated
different supervised machine learning methods, as implemented in the WEKA library for classification. In our experiments we used 10-fold cross validation, and estimated the
accuracy of each method. The results are shown in Table 1.
Overall, we observe that the random forest classifier works
significantly better than the other alternative, i. e., compared
to k-nearest neighbors, logistic regression and naive bayes.
Overall, the fingerprinting approach worked very well. However, we also considered locations that are relatively close:
Here, for example, the k-nearest neighbor algorithm yielded
many misclassifications, whereas the random forest classifier still provided robust results outperforming the competing
approaches clearly. In our application context, the ensemble method given by random forest (using 10 decision trees)
could adapt to the localization scenario best, also handling
potential noise due to relatively close locations.
9
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In summary, we compared an instantiation of the C ARMA
framework against two baselines: The Ripper algorithm [11]
as a rule-based learner, and the C4.5 algorithm [20] for
learning decision trees. We opted for interpretable patterns with a maximal length of 7 conditions. In the evaluation, we used three different TopK values: 100, 200 and
500. For the rule combination strategy, we experimented
with four strategies: taking the best rule according to confidence and Laplace value, the unweighted voting strategy,
and the weighted voting (Laplace) method, cf. [6] for a detailed discussion. All experiments were performed using
10-fold cross-validation on an activity dataset with 27 activities (classes) and 116 features, cf. [6] for details.
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Class association rules are special association rules with
a fixed class attribute in the rule consequent. In order to
mine such rules, we apply subgroup discovery [16, 26,
1] – an exploratory approach for discovering interesting
subgroups defined by a description, e. g., a conjunction of
attribute–value pairs (i. e., a typical rule body) with respect
to a binary target concept. In the case of class association
rules, the respective class can be defined as the target concept (i. e., the rule head). Then, subgroup discovery can
be adapted as a rule generator for class association rule
mining, using our C ARMA framework presented in [6].
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Class Association Rule Mining using Subgroup Discovery
In activity recognition approaches, often the learned models are either “black-box” models such as neural networks,
or are rather complex, e. g., in the case of random forests
or large decision trees. In this context, we propose to construct rule-based models for activity recognition. In particular, we focus on class association rules in order to aid
interpretation by humans. Then, anticipatory models can be
inspected, which is important, e. g., in medical or industrial
applications.
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Figure 5: Comparison of the accuracy of C ARMA using the
standard CBA method for rule selection, with different rule
combination strategies to the baselines.

Figure 5 shows the accuracy of C ARMA using these parametrizations. Overall, it is easy to see that the proposed approach
is able to outperform the baselines in accuracy. Furthermore, it outperformed both as well in complexity, since it always had a significantly lower average complexity regarding
the average number of conditions in a rule. C4.5 showed
a better performance than Ripper, however, with a more
complex model (1394 rules) that were also more complex
themselves; Ripper had a slightly lower accuracy but a signicantly lower number of rules and average rule length.

The proposed framework always provides a more compact model than the baseline algorithms: It is at least in the
same range or even better. Considering the best parameter
instantiation, the proposed approach is able to outperform
both baselines concerning the accuracy and always provides a more compact model concerning rule complexity,
cf. [6] for more details. Overall, this approach provides for a
flexible activity recognition and context prediction method,
e. g., in the scope of the SDC framework [5].

Conclusions
This paper provided an anticipatory ubiquitous computing
perspective on the open-source U BICON platform, augmenting it with components for data capture, processing and analytics, demonstrated in three case studies: We presented
a method for resource-aware smart sensing, proposed an
approach for indoor localization [24, 23], and summarized
an approach for context (activity) prediction using class association rules. These components form the basis for implementing various applications, e. g., in medical assistance
contexts, where sensing (and localization) often needs to
be implemented in resource-aware processing environments (enabled by U BICON), with explanation-aware analytics methods [9]. Here, the combination and tight integration
of data capture, processing and analytics components in
U BICON provides a flexible approach for implementations.
For future work, we aim to apply the augmented U BICON
platform in more diverse scenarios, and to develop further
analytics approaches, also by integrating heterogeneous
data, e. g., [7, 17], in order to advance methods for intelligent feedback and proactive guidance for the users.
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