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Abstract
The rapid development and increasing availability of mobile communication and location acquisition technologies
allow people to add location data to existing social networks so that people share location-embedded information.
For human movement analysis, such location-based social networks have been gaining attention as promising data
sources. Researchers have mainly focused on finding daily activity patterns and detecting outliers. However, dur-
ing crisis events, since the movement patterns are irregular, a new approach is required to analyze the movements.
To address these challenges, we propose a trajectory-based visual analytics system for analyzing anomalous hu-
man movements during disasters using social media. We extract trajectories from location-based social networks
and cluster the trajectories into sets of similar sub-trajectories in order to discover common human movement pat-
terns. We also propose a classification model based on historical data for detecting abnormal movements using
human expert interaction.

Categories and Subject Descriptors (according to ACM CCS): I.3.3 [Computer Graphics]: Visual Analytics, Social
Media Analysis, Trajectory Analysis, Data Clustering, Anomaly Analysis—

1 Introduction

Analysis of human mobility patterns is important for ur-
ban planning [ZLYX11], traffic management [WZP12], and
understanding the pandemic spread of diseases [EGK∗04].
For crisis and disaster events, movement analysis, such as
where people move to/from and how they respond to disas-
ters, is critical for evacuation management. Unfortunately,
finding meaningful data is challenging and collecting rel-
evant data can be costly. However, the rapid development
and increasing availability of mobile communication and
location acquisition devices allow people to share location
data using location-based social networks (LBSNs). Partic-
ularly, trajectories—sequences of georeferenced data nodes
of each user—extracted from such LBSNs provide opportu-
nities and solutions to challenges in human movement anal-
ysis [AAB∗09, FAAJ13, GRRV14].

Previous studies have mainly focused on finding regular
movement patterns using spatial data. They have demon-
strated that human movements are normally influenced
by geographic constraints, life patterns, and spatial and
temporal events, such as local festivals and holiday sea-
sons [AAH∗11, FLS10]. However, during disaster events,
since human movement patterns (e.g., volume and direc-
tion of movements) are unusual compared to normal situ-
ations, a new approach is required to analyze these move-

ments. Therefore, to address these challenges, we propose a
trajectory-based visual analytics system for anomalous hu-
man movement analysis during crises using LBSNs. Our
system generates trajectories using geo-location informa-
tion of chronologically ordered Twitter messages (tweets)
for each person. The extracted raw trajectories, however, do
not have enough location points. So, we supplement this
sparse data in the trajectories using route information be-
tween each position sample. We group the individual tra-
jectories into classes of similar sub-trajectories using a tra-
jectory clustering model based on the partition-and-group
framework [LHW07], enabling users to discover common
sub-patterns, rather than just seeing common holistic pat-
terns. We also incorporate a novel classification model based
on historical data for abnormal movement detection using
human expert interaction. We allow users to utilize their do-
main knowledge of their regions of interest to interactively
identify and compare abnormal trajectory patterns with nor-
mal trajectory patterns.

2 Related Work

As many social networks move towards LBSNs, re-
searchers have proposed various approaches to analyze spa-
tiotemporal social media data. Adrienko et al. [AAB∗13b]
describe a visual analysis approach for exploring tweet text
and spatiotemporal patterns. Chae et al. [CTB∗12, CTJ∗14]
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Figure 1: Overview of our iterative analysis scheme for common human movement discovery and anomaly analysis.

propose multiple visualizations of spatiotemporal social me-
dia analysis for disaster management. They focus on detect-
ing abnormal events and finding crowded places using so-
cial media, but have limitations in clustering trajectories and
anomalous movement detection. Approaches putting less fo-
cus on visualizations and more on data mining mechanisms
have been proposed by some studies [WZP12, BMdCM11,
CML11] to discover human movement patterns based on
LBSNs. For the research on collective movement, clustering
is a popular approach in looking for common patterns. An-
drienko et al. [AAB∗13a] propose a wide range of clustering-
based analytics models and combine those with visualization
techniques. Their clustering models group similar trajecto-
ries as a whole and extract common trips. In this work, we
focus on finding common sub-trajectories. Our clustering of
sub-trajectories (as opposed to whole trajectories) enables
the extraction of similar portions of trajectories, even when
no overall clusters may exist.

Existing anomaly detection models [LYC10, KNT00,
BKNS00] for trajectory data have mainly focused on iden-
tifying outliers from a target dataset. The models look for
major patterns and determine whether each trajectory be-
longs to the majority according to specific criteria. How-
ever, during abnormal situations, even the major behaviors
can be unusual compared to normal situations. To address
this challenge, our work focuses on the anomalous human
behavior analysis through the combination of user expert
knowledge and automatic anomaly detection models. The
research [AAW07, AA11, AAB∗13c] dealing with GPS data
for collective movement analysis takes advantage in high
spatial density compared to density of LBSNs. However, it is
difficult to collect data for areas of interest and the data usu-
ally has no other context. In order to resolve these issues, we
utilize additional context (i.e., tweet text) from LBSNs and
visually incorporate the information to enhance the human
movement analysis by improving situational awareness.

3 System Overview

Our system is designed for exploring and discovering
common and anomalous movement patterns using LBSNs
data. The system consists of three major components: a tra-
jectory extraction module, a data analysis module, and a vi-
sualization module as illustrated in Figure 1. Our system al-
lows users to select an initial spatiotemporal filer. The users

then select a normal time frame. Here, we expect the users to
have knowledge about the geographical and temporal char-
acteristics of their locations of interest. The trajectory ex-
traction module (Section 3.1) generates two different sets of
trajectories: target and normal trajectories. The data analy-
sis module consists of two components: movement cluster-
ing (Section 3.2) and abnormal movement detection (Sec-
tion 3.3). The visualization module (Section 3.4) allows the
users to explore the trajectories, common routes, and abnor-
mal movements. Users can iteratively make visual queries
and refine the parameters used for clustering and anomaly
detection to optimize the results.

3.1 Trajectory Extraction

Our system extracts trajectories from location-based so-
cial media data. Users first select a geographical boundary
and a target time window of interest. The users also select
one or more past time windows representing normal situ-
ations to compare against the target time frame. The tra-
jectory extraction module then requests two sets of tweets
from the database for the two selected time windows. The
module generates two sets of trajectories: target and nor-
mal trajectories using location information of the chronolog-
ically ordered tweets for each person. The generated trajec-
tories, however, are usually sparse and incomplete. In order
to reduce the spatial sparseness of the raw trajectories, we
fill the trajectories with supplementary points between each
point pair of the trajectories. These points are calculated by
shortest-path-based route directions.

3.2 Movement Clustering

Discovering common movements is a critical process for
exploration and analysis of a large volume of trajectory data.
Clustering is a popular approach in looking for common pat-
terns in the trajectory data. In this work, we utilize a modi-
fied partition-based clustering model [LHW07], in order to
find common sub-trajectories. For each given trajectory, this
model first partitions a trajectory into a set of line segments,
and then groups the line segments into clusters of similar line
segments. Clustering the line segments (as opposed to whole
trajectories) enables the extraction of similar portions of tra-
jectories. For example, the three trajectories (green, black,
red) in Figure 3 have different origins and destinations, but
there is a common path in all three trajectories (blue).

Clustering the line segments requires a distance function
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Figure 2: The process of discovering common human movement patterns using location-based social networks data. Visualiza-
tion of raw trajectories (left), supplemented trajectories (center), and sub-trajectory clusters (right).

Figure 3: Discovering a common sub-trajectory from three
different trajectories.

measuring the distance between line segments. We use the
distance function based on a line segment Hausdorff dis-
tance [CLG03]. We modify the distance function to consider
the directions of the two line segments, as the existing model
does not consider the directions.

3.3 Abnormal Movement Detection

In this work, we propose a classification model based on
historical data for abnormal movement detection using hu-
man expert interaction. We allow the users to utilize their
domain knowledge of the geographical and temporal charac-
teristics of the location where an abnormal event of interest
occurs. The users select a target time window for the ab-
normal situation and also choose another time window rep-
resenting a normal/regular situation for the location. We ex-
tract two sets of trajectories for the two different time frames
and cluster each set of trajectories into two sets of trajectory
clusters: target T and comparable C clusters.

Next, we calculate target and comparable representative
trajectories from T and C. A target representative trajectory
RTti ∈ T is classified as an outlier if there is no close com-
parable representative trajectory RTci ∈C. More specifically,
we identify outlying line segments Lti ∈ RTti, which are de-
termined by the distance from neighboring RTci. We set the
default distance threshold D to 200 meters based on our ex-
perimental results. Then, intuitively, a target representative
trajectory RTti is outlying if the percentage of the total length
of outlying line segments is higher than P. The default value
of P is set to 30% based on our experimental results. Our
system allows the users to interactively adjust the two pa-
rameter values, D and P in order to refine their results.

3.4 Visualization and Analysis

Our design goal is to show trajectories extracted from
geo-tagged social media of each person. However, when the
number of trajectories shown over the map increases, vi-
sual clutter issues arise that hinder the discovery of flow
patterns. To reduce clutter, we use a modified partition-

based trajectory clustering model for discovering common
sub-trajectory patterns. The discovered common movements
have multiple attributes to be analyzed, such as cluster size,
direction, and length. The users need to not only identify
abnormal movement patterns, but also understand how ab-
normal and normal movement patterns differ.

3.4.1 Visualization of Common Movements

Figure 2 shows the process of discovering common move-
ment patterns. If we display the raw trajectories, it is difficult
to understand the realistic movement patterns because of the
high degree of sparseness of the trajectories as shown in Fig-
ure 2 (left). Therefore, we reduce the sparseness of the raw
trajectories using the method described in Section 3.1 and
display the supplemented trajectory on the map in Figure 2
(center). Next, we cluster the trajectories into sets of sim-
ilar sub-trajectories and generate representative trajectories
for each cluster as described in Section 3.2. The represen-
tative trajectories represent common movement behaviors in
Figure 2 (right).

We provide visual cues to show multiple attributes for a
representative trajectory. We use a polyline with an arrow
head to display the length and the direction of the represen-
tative trajectory. The thickness of the line represents the size
(i.e., the number of sub-trajectories belonging to a cluster)
of the corresponding cluster. Figure 2 (right) shows the rep-
resentative trajectories within the region. Placement order of
the trajectories depends on the length; the longest trajectory
is placed at the bottom and the shortest one at the top, to
avoid obscuring the shorter trajectories.

3.4.2 Visualization of Abnormal Movements

Our analytics model identifies abnormal representative
trajectories from target trajectories by comparing with nor-
mal ones. We define target outliers as the abnormal represen-
tative trajectories and target normal trajectories as the rest
of the target representative trajectories. The target normal
trajectories are close to the normal representative trajecto-
ries. We visualize the three different types of representative
trajectories: target outlier, target normal, and normal trajec-
tories using a similar visual encoding scheme described in
Section 3.4.1. We use different colors to distinguish between
the different types: target outlier with red, target normal with
orange, and normal with blue in Figure 4. We can see that
the trajectories (1), (2), and (3) are close to the normal tra-
jectory (4), but they head toward the opposite/perpendicular
direction. These are, therefore, classified as outliers. The tra-
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From: April 17 14:50:00, 2013 EST
To: April 17 16:50:00, 2013 EST

Figure 4: The trajectories (red and orange) shows the human movement patterns around the finish line at the Boston Marathon
2013 during 2 hours after the explosions. The date/time selection slider can seen at the top and the selected time frame is
annotated at upper-left corner. The trajectories (blue) represent the movements for the normal situation (the same time period
of the same event in 2014). The two markers indicate the locations of the two explosions.

jectory (6) is not classified as an outlier because it is close to
the normal trajectory (5) and also has the same direction.

Analyzing the spatial behaviors alone is limited in achiev-
ing situational awareness of local events—they cannot an-
swer why people are moving and what situations is occur-
ring. To address this challenge, we extract most frequent
keywords from the tweets used to generate a trajectory clus-
ter and in the surrounding regions. To display the extracted
keywords, we utilize tag cloud visualization. Tag clouds
have been used to represent the most frequent words in or-
der to summarize text collections [VW08]. Also, tag clouds
can be exploited for analytics tasks, such as topic-based doc-
ument navigation and labeling geographical points of inter-
est [TBK∗12,LSC08]. In this work, we display the keywords
along their corresponding representative trajectory. The font
size of each keyword encodes the frequency to show the pop-
ularity of the keyword. An example of showing extracted
keywords display along the trajectory (6) is shown in Fig-
ure 4.

4 Case Study: Boston Marathon Explosion

On April 15, 2013, two bombs exploded near the finish
line during the Boston Marathon at 2:49 pm EDT. Figure 4
shows two markers that indicate the locations of explosions.
The target trajectories (shown in red and orange) in Figure 4
show the movements during the Boston Marathon bomb-
ing using Twitter data for the 2 hours after the explosions.
Emergency managers who have knowledge about geograph-
ical and temporal characteristics of the location around the
explosions can select a normal time frame. The normal tra-
jectories (shown in blue) represent the normal movements
using the data from next years’ Boston Marathon event (we
use next year’s data for illustrative purposes instead of the
previous year’s data due to the unavailability of data for the
previous year in our database). The system utilizes the nor-

mal trajectories in order to determine that each of the target
trajectories is abnormal (shown in red) or normal (shown in
orange). The target trajectories show that people were dis-
persed from the locations of the explosions and did not use
the roads where the explosions occurred. Also, the abnormal
trajectories (1), (2), and (3) in Figure 4 show that participants
and spectators moved in the opposite direction of the finish
line or crossed the bridge in order to get away from the loca-
tion of impact. Furthermore, we see the keywords extracted
along the trajectory (6) are shown as a tag cloud. Since the
trajectory is close to the explosion locations, the extracted
keywords along the trajectory show a strong relationship to
the accident.

5 Conclusions and Future Work

We presented a trajectory-based visual analytics system,
making it possible for emergency managers to: 1) gener-
ate trajectories using geo-tagged tweets, 2) discover human
common movement patterns, and 3) detect fine-grained ab-
normal movement patterns. We also developed a classifica-
tion model using human expert interaction to identify abnor-
mal movements. We have limitations in reducing the visual
clutter of trajectories and adding annotations on the map. In
future work, we will improve the classification model to au-
tomatically identify the abnormal movements.
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