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Abstract. The development of virtual personal assistants requires situ-
ation awareness. For this purpose, lightweight approaches for the process-
ing of sensor data to derive situation information from available sensor
data (e.g., mobile phone data) are required.

In this paper, we propose a spatiotemporal approach to derive situa-
tional information about social interactions only based on location and
time, using data collected with off-the-shelf smartphones. We examine
the approach, using location traces of 163 users collected over four weeks.
The proposed spatiotemporal approach shows an average social situation
recognition result of 45.8 +23.2% Fi-measure across the data set using
Random Forest classifiers.
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1 Introduction

Virtual personal assistants to support users in their daily lives have become more
and more popular in recent years. Due to the growing use of mobile devices assis-
tant systems are able to seamlessly track and give advices through mobile appli-
cations at any time. Examples are commercial personal assistants like Google
Now or Apple’s Siri which offer automatic event reminders considering related
information like traffic situations. Similarly, fitness trackers offer coaching con-
sidering users’ actual performance [16], can detect and even prevent health prob-
lems [4]. In all cases knowledge about the user’s current situation is of utmost
importance.

A major challenging problem in situation recognition is the information base.
In general the fusion of already available information sources (e.g., mobile sensor
data, web data) [5,20] is preferred over deploying additional static hardware
(e.g., smart home sensors) [1]. After data gathering, the fusion and processing
of sensor data to derive information types, granularity and quality suitable for
situation follows. We propose a lightweight approach to derive social interactions
based only on location and time with no additional instrumentation of the user
or the environment.
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In this paper, we examine over 24 million location traces of 163 students over
four weeks to automatically infer the user’s social situation represented by place,
time and social presence. For that, we reduce the complex situation recognition
problem to the detection of social interactions from mobility patterns. In our
approach, a social interaction is defined as meeting of a group consisting of at
least two persons who are co-located over a specific amount of time (e.g., five
minutes). By doing this, our data model consists of three types of information:
(1) social, (2) spatial, and (3) temporal information. We assume that each one of
the three information types can be derived by using the other two. This paper
focuses on inferring social interactions (class label) from spatiotemporal data
(features), i.e., if we know the user’s current whereabouts and the corresponding
times, we are able to infer information about the social situation which means
we know the exact persons a social interaction takes place with. While location
and time are standard information of modern off-the-shelf smartphones, our
approach is highly suitable for daily use. Training personalized classifiers for
each user we get an overall classification result from 45.8 4= 23.2 % Fj-measure
across our user base.

In summary, the contributions of this paper are twofold:

Self-tracking Dataset. Using personal mobile devices we collected a large
dataset with 24 million location values of 163 students over four weeks using
our multi-device user tracking suite [17,18].

Social Situation Recognizer. Detecting social interactions only from location
traces, we extract features and train personalized Random Forest classifiers
for each user [3]; averaging the results over all users we get an overall classifi-
cation result of 45.8 +23.2 % Fj-measure across our users. Thus, we are able
to infer the current user’s social situation from spatiotemporal data stream.

The remainder of this paper is organized as follows. In Sect. 2, we provide an
overview of related work in recognition users’ activities and contexts. In Sect. 3,
we present our approach that utilizes detection of social interactions to reveal
user’s social situation. In Sect. 4, the data collection process with the resulting
dataset and feature extraction process are described, before we report the results.
The paper closes with conclusion and future works.

2 Related Work

Most mobile phones feature a large variety of sensors [13], providing the perfect
platform for activity, context and situation recognition [22] without the need of
deploying additional hardware like in smart homes [1]. While simple activities
(e.g., standing, walking) can be detected with a high accuracy of above 90 %
relying on accelerometer data only [12], the recognition of complex activities
(e.g., watching tv, playing volleyball) or detecting the entire situation including
social presence, only with highly available devices is still an open challenge [15].
Most approaches still need external sensors or custom wearables [9].
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Our idea is based on only utilizing location traces of users to recognize social
interactions (i.e., temporal co-located users) and characterize the user’s current
situation. Other state of the art approaches already utilize the social context
inferred from mobility pattern [6] or online social networks [5] to improve their
results in human activity recognition [14]. In this paper, we focus on one data
source deployed in all modern mobile phones (i.e., locations) to underpin that
deep insights into activity and situation can be derived only by location traces.
Various works already show recognition approaches based on location traces, e.g.,
place detection [11,23], social relationship inferences [21] or even the recognition
of mental disorders like depressions [4]. It is important to note that human
trajectories show a high degree of temporal and spatial regularity [8]. Song
et al. even find a 93 % potential predictability in user mobility across their user
base [19], which makes human mobility an attractive data source for context
and situation recognition. In the next section, we describe our spatiotemporal
approach in detail.

3 Owur Approach

In this section we describe our approach for deriving a current social situation
(the persons interacted with) from space and time (cf. Fig. 1). For that, we only
need the location sensor of the smartphone to get location (coordinates) or loca-
tion traces of a user, including timestamps. In the following we explain our app-
roach of inferring social interactions from human mobility step by step. First, we
describe the detection of places (high-level spatial information) and place visits
(high-level spatial-temporal information) inferred from location traces (low-level
information) for each user. Second, we cluster temporal overlapping place visits of
users to social interactions (high-level spatial-temporal social context). Finally,
we represent a situation by these three information: (1) social, (2) spatial, and
(3) temporal data.

3.1 Places and Place Visits

We define a place as stationary geographical location where a user stays for an
amount of time. We extract a user’s places from location traces by using the
place detection algorithm proposed by [11] with d, = 25m and ¢, = 15min as
distance and time threshold parameters. Within the detected places, we identify
places of specific relevance throughout the daily live. Inspired by [23], we define
and determine the following four meaningful place types: home, work, university,
and other place (high-level spatial information). To add temporal information to
that static places, we check when and how long users visit their specific places
and define this as place visit (high-level spatial-temporal information).

3.2 Social Interactions

We define a social interaction as a meeting of at least two persons who are
temporal co-located over a specific amount of time (here: at least t; =5min).
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Fig. 1. Our approach utilizes location traces of users to detect higher-level informa-
tion like places, place visits (features) and, finally, social interactions (class label) to
characterize a situation.

Inspired by [5,6,21], we infer social interactions from co-location of users. More
precisely, we consider spatiotemporal overlapping place visits of different users in
a sliding window with size of ¢, to detect social interactions (high-level spatial-
temporal social context). For that, we use the clustering algorithm DBSCAN
[7] with parameters minPts = 2 and eps =20 m within that sliding window to
cluster users to social groups.

3.3 Social Situation Recognition

A social situation in our approach is represented by three contexts: (1) social,
(2) spatial, and (3) temporal context. Given a use case, we are able to sense two
of these contexts and infer the third context to characterize the situation. In this
paper, we focus on the recognition of the social context from spatiotemporal data.
For example, if we are able to sense location values including a timestamp, our
approach can infer social interactions (cf. Fig.1), i.e., the output is the exact
user group with unique persons. Utilizing well-researched next place detection
algorithms [2], our approach could furthermore be utilized to predict the exact
persons a user will meet the next or in near future.

4 Proof of Concept

To prove our approach we first conducted a user study to get real-world location
data, described in the next section. Based on that dataset we extract appropriate
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spatiotemporal and social features (class label) to train a personalized classifier
for each user to recognize user’s social situations. Finally, we report and discuss
the classification results.

4.1 Dataset

We conducted a self-tracking user study to collect location data from 163 stu-
dents of Technische Universitdt Darmstadt over four weeks using our multi-
device user tracking suite [17,18]. In total, we gathered over 24 million raw
location values within four weeks, i.e., about 148 + 359 thousand location values
per user. The high scatter can be reasoned by dynamic sampling rates for loca-
tion sensor depending on the strength of user’s movement, i.e., we reduce the
sampling rate if the smartphone is still, while we increase the sampling rate if
the smartphone is moving, especially in vehicles.

Table 1. Obtained higher-level information from collected locations

Step | High-level information | Instances per user Total

- Raw locations [ 147,630.7 = 358, 764.9 | 24,063, 641
1 Places p 14.2 £10.8 2,312

2 Place visits v 102.0 £ 59.7 16,629

3 Social interactions i 182.7 +193.7 29,787

Table 2. Definition of spatiotemporal features (fp,fw,fd,ft) and class label (fs)

ID | Feature Value range

fp» | Place type {home, work, university, other}

fuw | Weekend {false, true}

fa | Day of week {Mon, Tue, Wed, Thu, Fri, Sat, Sun}
ft | Time of day {morning, afternoon, evening, night}
fs | Social interaction | {uk, u;,..}C U (users)

4.2 Feature Extraction

For the dataset, three different kinds of features were extracted: (1) social, (2)
spatial, and (3) temporal features. For that, we proceed as described in the
previous section: inferring places from raw location values (step 1), detecting
place visits (step 2), and clustering social interactions (step 3). Table1 shows
the resulting count of instances per user and the total count of instances for each
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processing step. Based on this high-level information the features are extracted.
Table2 lists the resulting features and their value ranges. Feature f, repre-
sents the place context with four possible semantic places for each user: home,
work, university and other places. Finally, we have three time-based features: the
binary feature f,, (weekend) with false for weekday or true for weekend as values;
feature fy (day of week) with the seven days of week as values (i.e., Monday, Tues-
day,..), and feature f; (time of day) with value range of morning (6am — 12pm),
afternoon(12pm — 17pm), evening (17pm — 22pm), and night (22pm — 6am). As
categorical class label, we use the feature fs representing the social context. Its
value range is an arbitrary subset of all users within the system, i.e., the smallest
subset contains only the user himself and the largest subset contains all users.
In total, we extracted 59,412 instances, i.e., 364.5 + 237.0 instances per user.
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Fig. 2. Classification results (Fi-measure) of personalized classifiers for each users
(indigo) and the average Fi-measure over all users (green line) (Color figure online)

4.3 Results

With the above extracted spatiotemporal features (fp,fw,fa,f:) and fs as class
to predict we train and evaluate personalized classifiers for each user. For that,
we programmatically tested 26 various classification algorithms with different
configurations provided by WEKA, a data mining software [10]. Avoiding over-
fitting, the best evaluated classifier was a Random Forest with 100 trees [3].
In Fig. 2, we report the results for each personalized classifier and the average
Fi-measure of 45.8 + 23.2% over our user base using the above classification
algorithm. We see that social context (i.e., exact determination of present users)
is highly predictable for few users, i.e., Fj-measure ranging between 70.0 % and
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99.3 % for about 18 % of users. For over 38 % of users our approach is able to
correctly detect the exact social interactions in every second situation. For the
rest of users the social context prediction out of spatiotemporal data is challeng-
ing. In future work, we plan to assign each probably presented unique person a
probability of attendance, i.e., the algorithm will consider subgroups, to further
improve our results.

5 Conclusion

In this paper, we proposed a recognition approach to detect user’s social situation
only utilizing his location traces. By analyzing these location traces we recog-
nize social interactions (i.e., co-located persons over a specific time) to derive
the social situation. Our evaluation built on a four-week self-tracking study with
over 24 million location values of 163 students. We showed an average recogni-
tion result of 45.8 4+ 23.2% Fij-measure across our user base using personalized
Random Forest classifiers for each user. The result confirms the initial assump-
tion that if the same group of users meets each other, the situation with respect
to time and place is often the same or similar and, thus, predictable. There-
fore, the presented approach can predict the persons of prospective meetings.
In future work, we will also consider the relationship between social interac-
tions, e.g., friends, classmates or colleagues, and investigate the impact of user
routines versus accidental meeting. Moreover, we will build a real-time assistive
system based on our situation recognition approach to support students in their
daily lives.
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