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Abstract—Modern world data come from an increasing number
of sources, including data from physical sensors like weather
satellites and seismographs as well as social networks and web
logs. While progress has been made in the filtering of individual
social networks, there are significant advantages in the integration
of big data from multiple sources. For physical events, the
integration of physical sensors and social network data can
improve filtering efficiency and quality of results beyond what
is feasible in each individual data stream.

Disasters are representative physical events with real world
impact. As illustration and demonstration, we have built the
LITMUS landslide information service that combines data from
both physical sensors and social networks in real-time. LITMUS
filters and combines reliable but indirect physical data with direct
report social media data on landslides to achieve high quality and
wide coverage of landslide information.

https://youtu.be/wk5tmkalEcI

I. INTRODUCTION

Social networking platforms, such as Twitter, have emerged
as active communication channels during emergency events,
including natural disasters [3]. We are interested in a particular
kind of natural disasters, namely landslides, as they present
unique research challenges. Above all, there are no effective
physical sensors that would detect landslides directly. Using
data from social networks is also challenging due to multiple
irrelevant meanings of the word “landslide”. It is frequently
used as an adjective describing an overwhelming majority of
votes or as a reference to the popular 70’s rock song of the
same name, as opposed to landslide disasters that involve soil
movement. In addition, less than 0.4% of tweets are geo-tagged
even though Twitter allows users to disclose their location
when they post a tweet [1].

As illustration and demonstration, we have built the LIT-
MUS landslide information service that combines data from
both physical sensors and social networks in near real-time.
LITMUS filters and combines reliable but indirect physical
data (rainfalls and earthquakes) with direct report (but noisy)
social media data on landslides to achieve high quality and
wide coverage of landslide information. In this paper, we
provide an overview of the LITMUS architecture and describe
the live demonstration that runs on our project’s web portal.

II. SYSTEM OVERVIEW

LITMUS downloads data from both physical and social
information services and uses its geo-tagging component to as-

Fig. 1. LITMUS pipeline

sign geographic coordinates to social items based on mentions
of places in their textual description. Next, it filters out noise by
labeling geo-tagged social items as either relevant or irrelevant
to landslide as a natural disaster. Finally, LITMUS integrates
the reported events from all physical and social sources that
refer to the same geo-location and assigns a score to each
location based on its computed relevance to landslides. See
Figure 1 for a high-level overview of the system’s pipeline.

A. Data Collection
We collect all data coming from physical sensors, namely

USGS’s real-time earthquake feed and TRMM’s rainfalls. We
use landslide related keywords, such as “landslide” and “mud-
slide”, to retrieve data items from social sensors, including
Twitter, Instagram and YouTube. The following are examples
of the text attribute values of the tweets returned by Twitter:
• Indonesia – Travel News – 2 killed after landslide, trig-

gered by heavy rains, sweeps across Jayapura #Indonesia
#Jayapura #travel #safety

• In stand still traffic on 581 South Bound due to an
apparent mudslide. And all this time I thought mudslides
were only a thing in Indonesia

B. Geo-tagging
We analyze the textual descriptions of the items from

Twitter to see if they contain mentions of geographic terms.
In particular, we apply a Named Entity Recognition (NER)
approach that locates and classifies elements in text into pre-
defined categories, including locations to extract mentions of
geographic terms in tweets [2].

Given a geographic term, we then determine the corre-
sponding geographic coordinates using the Google Geocoding
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API1. Our next step is to estimate landslide locations based
on the retrieved geographic coordinates. The coordinates that
are close to one another must be grouped into clusters that
represent event locations. We use a cell-based approach for
estimating locations [7]. Specifically, the surface of the Earth is
represented as a grid of cells. Each geo-tagged item is mapped
to a cell in this grid based on the item’s geographic coordinates.

C. Noise Filtering
To filter out noise from social network data, we apply

machine learning classification to automatically label tweets as
either relevant or irrelevant. For feature generation purposes
we use a distributed word representation approach, which has
been successfully used in text classification [4]. Specifically,
we apply a state-of-the-art model of distributed representation
proposed in [5]. The authors of this model released its im-
plementation called Word2Vec and published 300-dimensional
word vectors trained on the Google News dataset using their
approach2.

Here is an overview of how we apply the Word2Vec model
to classify tweets. First, we generate vectors for each tweet
in our annotated dataset. We divide the generated vectors into
training and evaluation sets. Then we build a classification
model using a training set. Finally, we use the built model to
classify the remaining vectors and evaluate classification per-
formance by comparing the predicted labels versus annotated
labels.

D. Integration
After the previous steps are executed, the system obtains a

list of potential disaster events represented as non-empty cells
with a set of data items that are mapped to each of those
cells. We analyze the non-empty cells and assign a probability
of landslide occurrence to each such cell. This value can be
computed as the relevance to disasters and can be used to rank
those cells by the likelihood of disaster occurrence [6].

III. DEMONSTRATION

We have built a live demonstration of the landslide infor-
mation system3. It shows multiple functionalities supported
by LITMUS, including live feeds from each physical and
social sensor, a separate feed containing the results of landslide
detection, and support for viewing detailed information about
each feed.

The data from all feeds is displayed on a web map. Each
feed can be turned on and off to give a user an ability to view
the data from a particular feed or a combination of feeds. See
LITMUS in action in Figure 2.

During demonstration, we will explain the techniques that
contribute to the high quality results achieved by the system.
We will also introduce the annotated dataset of landslide events
that we collected over the course of our project. To date,

1https://developers.google.com/maps/documentation/geocoding/
2https://code.google.com/p/word2vec/
3https://grait-dm.gatech.edu/demo-multi-source-integration/

Fig. 2. Example of landslide video from YouTube

Fig. 3. Landslide activity in 2014 based on retweets

this is the most comprehensive research dataset dedicated to
a particular type of disaster events as it contains over 255k
annotated data items. We will describe several illustrations of
its possible uses, including visualization of landslide activity
based on retweets shown in Figure 3.
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