Social Media: New Perspectives
to Improve Remote Sensing for
Emergency Response
This paper provides a detailed overview of strategies for the integration of social
media and remote sensing data in time-critical applications. Several practical case
studies and examples are presented in the context of applications focused on
emergency response.
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ABSTRACT | Remote sensing is a powerful technology for
Earth observation (EO), and it plays an essential role in many
applications, including environmental monitoring, precision
agriculture, resource managing, urban characterization, disaster
and emergency response, etc. However, due to limitations in the
spectral, spatial, and temporal resolution of EO sensors, there
are many situations in which remote sensing data cannot be fully
exploited, particularly in the context of emergency response
(i.e., applications in which real/near-real-time response is
needed). Recently, with the rapid development and availability
of social media data, new opportunities have become available
to complement and fill the gaps in remote sensing data for
emergency response. In this paper, we provide an overview
on the integration of social media and remote sensing in timecritical applications. First, we revisit the most recent advances in
the integration of social media and remote sensing data. Then,
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we describe several practical case studies and examples
addressing the use of social media data to improve remote
sensing data and/or techniques for emergency response.
KEYWORDS | Deep learning; emergency response; remote
sensing; social media

I. I N T RODUC T ION
Remote sensing [1], [2] involves the use of systems and
algorithms to record information about the surface of the
Earth from a remote location. Although reliable as a data
source, remote sensing data may not be always available
and can be complemented by other sources of data, such
as geographic information systems (GIS) or social media
[3], in order to address time-critical applications. For
instance, relating publicly available social media information with remote sensing or GIS data can lead to a more
efficient management of emergency response (which, in
our context, refers to applications in which real/near-realtime response is needed). Social media [4]–[6] (generated
from many individuals) is now playing a more relevant
role in our daily lives and provides a unique opportunity
to gain valuable insight on information flow and social
networking within the society. Through data collection
and analysis of its content, it supports a more detailed
mapping and understanding of the evolving human landscape. As a result, there has been a growing interest in
using social media to complement the information available from remote sensing and GIS systems.

0018-9219 © 2017 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

1900 Proceedings of the IEEE | Vol. 105, No. 10, October 2017

and

Li et al. : Social Media: New Per spec tives to Improve Remote Sensing for Emergenc y Response

In the following, we provide an overview of available
strategies for emergency response grouped by the main
source of information used in the process. First, we focus
on techniques that mainly use remote sensing data for
this purpose. Then, we describe techniques that are based
mainly on social media data. Next, we describe strategies
that are mainly based on GIS data. Finally, we provide a
description of techniques that exploit both remote sensing
and social media data in synergistic fashion.

A. Emergency Response Using Remote Sensing Data
There have been many techniques mainly based on
remote sensing data (but also exploiting other sources of
information) for emergency response. For instance, in [7], a
new framework is developed to harvest the ambient geospatial information from social media data, leading to improved
support situational awareness as related to human activities. In [8], a single-band density slicing technique and the
maximum-likelihood (ML) algorithm are used to detect water
bodies from remote sensing images acquired by the Landsat
multispectral instrument. The results exhibit a significant
accuracy in the characterization task. In addition to optical
remote sensing images, radar images have also been used for
emergency response purposes. For instance, in [9], an automatic and near-real-time flood water level extraction method
is developed for the analysis of high-resolution synthetic
aperture radar (SAR) images. This algorithm is shown to be
successful in the task of improving estimates of an hydraulic model parameter, taking assimilation into consideration.
Another effort based on SAR images is presented in [10], in
which coarse resolution SAR images are analyzed in near real
time for timely flood management. The experiments reported
show that flood inundation models can be verified and recalibrated in a time shorter than the flood travel time. A more
detailed review on the use of remote sensing data to provide
information into flood inundation models is given in [11].
A more specific, application-oriented study is the one presented in [12], in which Dhakal et al. devise a methodology
able to detect the flood and erosion areas effected by heavy
rainfall using multitemporal Landsat data. In [13], Carrara et
al. rely on GIS and remote sensing technologies in order to
map landslide hazards. Despite the potential of such technological advancements, landslide hazard mapping remains a
major and largely unsolved task. In addition to optical data,
radar data have also been used for this purpose. For instance,
in [14], Chen et al. develop a new flood mapping method for
SAR images, and further evaluate the obtained result by a
detailed comparison with multispectral images collected by
the SPOT satellite. The effectiveness of using SAR data for
flood monitoring is clearly demonstrated in this study. On
the other hand, the study described in [15] is focused on
the development of a new method to obtain the instantaneous profiles of flood waves using orbital remote sensing and
topographic data. This approach is also shown to be useful to

measure peak discharges and verify hydraulic models. In [16],
Wang illustrates different strategies for the use of remote
sensing in flood applications, including: 1) precipitation data
sets derived from in situ observations; 2) airborne scanners
or detectors; and 3) unmanned aircrafts and GIS-based flood
analysis. In [17], André et al. show the potentials of flood mapping using radar/optical imagery and digital elevation models.
Another relevant study is the one presented in [18], in which
a simple, efficient, and economical method integrating the
advantages of Landsat imagery and digital elevation models
is presented for mapping flood extent in coastal floodplains.

B. Emergency Response Using Social Media Data
The amount of techniques exploiting social media data
for emergency response is quite numerous. An early survey
is provided in [19], describing existing research on contentbased retrieval for multimedia databases from spatial, temporal, and spatio–temporal relations. The work in [20] analyzes
the advantages of combining visual analytics with big data
techniques, concluding that visual analysis of social media
data enables a wide range of promising new applications. A
similar study focused on big data (including new challenges
and opportunities) is presented in [21] and [22]. In [23],
Abel et al. develop an automatic social web stream filter system called Twicident that allows users to search and analyze
information about incidents available on Twitter. This system takes advantage of data semantics to profile incidents
and continuously improve stream filters. Another relevant
work in this direction is presented in [24], in which Tan et
al. explore how to use personal ad hoc clouds comprising
individuals in social networks to address big data processing challenges. In [25], a tutorial on models and algorithms
for interactive sensing in social networks is presented and
discussed. The focus is on the way individuals act as sensors,
and on how the information exchange between individuals is
exploited to optimize sensing. In this context, social learning
is used to model the interaction between individuals that aims
to estimate an underlying state of nature. In [26], Field and
O’Brien introduce a new framework (called cartoblography)
for mapping the spatial context of microblogging. Here, focus
is on the possibility to use tweets to perform real-time mapping of different phenomena. Along the lines of this research
direction, the work in [27] develops a Twitter-based event
detection and analysis system (TEDAS) aimed at detecting
new events, analyzing the spatial and temporal pattern of
such events, and identifying their importance. On the other
hand, the research presented in [28] is focused on modeling
city dynamics by analyzing the check-in data of its residents
from social media, which serves as a mechanism to study the
structure and composition of the city on a large scale. Another
relevant approach for processing massive social media data is
described in [29], which transforms the resulting knowledge
into suitable information to increase efficiency in disaster
warning. A similar study based on Twitter data is recently
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presented in [30], in which a technique for classification of
data coming from this social network is developed for situation awareness based on semisupervised learning, developing
online interactive maps of the vulnerable areas. In [31], an
automatic filter is presented which can generate quantitative
data derived from photos and eye-witnesses in social media
posts to support emergency response for rapid inundation
mapping, including information about inundation extent and
water depth in floods. The research presented in [32] describes
a methodology that also leverages social media content to support rapid inundation mapping. In [33], some insights on the
role of social media in order to devise warning responses in
extreme events are explored. The results obtained in the study
indicate that local social media could facilitate such warning
responses. The work in [34] presents a procedure to detect
and identify earthquakes based on Twitter data, with a conclusion that it is greatly beneficial to exploit social media data
for this purpose. Another research work focused on earthquakes is presented in [35], in which Acar and Muraki investigate the posted tweets during the Great Tohoku earthquake
followed by a devastating tsunami. The authors particularly
address four main aspects: 1) how to classify related tweets;
2) the difference between the tweets posted directly and indirectly; 3) the problems that users faced during the event; and
4) the communication aspects of Twitter. In similar fashion,
the study in [36] presents a probabilistic framework for estimating the city-level location of Twitter users based only on
the content of the tweets. The result is a list of possible locations for each user in descending order of confidence, showing promising accuracy. A partially related work is presented
in [37], in which the sociospatial properties of users of social
networks are investigated by means of three popular online
location-based platforms based on two randomized null
models. The work in [38], on the other hand, analyzes the
2013 Colorado flood by focusing on how communities in and
outside the media spotlight obtained information about the
event from social media platforms. Another application-oriented work is presented in [39], in which a flood event in the
Brisbane River is addressed. Here, Bunce et al. explore four
categories of information experience: 1) monitoring information; 2) community and communication; 3) affirmation; and
4) awareness, all concerning the behavior of individuals using
social media during the flooding. On the other hand, the work
in [40] studies several floods in Australia during 2010–2011,
applying social network analysis to identify active users and
their effectiveness in disseminating critical information, and
also identifying important online resources disseminated by
online communities. In related fashion, the paper in [41]
reviews the actions of administrators and users in public network platforms during the Queensland and Victorian floods,
elaborating on the value of social media to assist emergency
services. Another relevant effort is presented in [42], in which
an event notification system is presented that can monitor
and identify tweets to predict and detect events automatically
by exploiting the real-time nature of Twitter.
1902 Proceedings of the IEEE | Vol. 105, No. 10, October 2017

C. Emergency Response Using Geographical
Information Systems
There has also been a significant amount of research on
the use of GIS for emergency response purposes. In [43],
Flanagin and Metzger explore the properties of a new system
for volunteered geographic information (VGI), which refers
to the harnessing of tools to create, assemble, and disseminate geographic data provided voluntarily by individuals.
In [44], an assessment of flood risk analysis, management,
and current GIS applications for flood damage modeling is
presented and discussed, emphasizing the importance of
GIS technology when used as a data management platform
and decision support tool. In [45], the use of GIS in hydrology and water management is discussed. Hydrological GIS
has become a very important aspect in the water and river
management domain. In [46], a prototype of a dynamic and
collaborative mapping system for flooding events based on
VGI is presented, which is supported by citizens during the
event. It uses a questionnaire result to evaluate this system
in the city of Sao Paulo, Brazil. The work in [47] gives an
overview on spatial interpolation methods aiming to provide
guidelines and suggestions for different applications. The
work compares a number of commonly applied methods
and also provides a list of software tools for spatial interpolation. In [48], Poser and Dransch illustrate methods aiming to
capture current research and future directions on VGIs used
in preparedness and mitigation work. The work in [49] presents the design and prototypical implementation of a geospatial exploratory data mining web agent which reads webpage data and follows links to acquire knowledge in order
to extract value on the geoinformation usable by a GIS. The
agent creates a database from webpage text, mines it for location information, and then converts it to a proper geospatial
data format. In [50], a case study is presented in which a VGI
addresses the quality problem from innocent mistakes and
intentional falsifications by aggregating input from many different people. Specifically, the work presents a technique to
maintain a comprehensive list of points of interest for digital
maps. In [51], Elwood et al. examine the content and characteristics of a VGI, including the technical and social processes through which it is produced, and appropriate methods for synthesizing and using these data in research. The
work also explores emerging social and political concerns
related to this new form of information. In [52], Sui and
Goodchild consider GIS as social media. On the one hand,
it is concluded that various users and contributors of online
mapping sites have formed their own virtual community for
exchanging information. On the other hand, it is concluded
that interactions of online GIS users or neogeographers or
neocartographers are not confined to cyberspace. The work
in [53] describes social media geographic information, which
comprises VGI from social media platforms used to explore
novel methods and tools for analysis and knowledge construction. In [54], Yamamoto develops a social media GIS
for disaster risk management in Japan, where the role of GIS
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and social media are considered important for collection
and transmission of disaster information. In [55], Croitoru
et al. present a system prototype for harvesting, processing, modeling, and integrating heterogeneous social media
feeds toward the generation of geosocial knowledge. Using
a different perspective, the work in [56] describes the main
contributions and challenges in applying GIS and remote
sensing methods for disaster risk governance. This work analyzes emerging concepts and concludes that GIS and remote
sensing technologies have an important impact in data processing and analysis. Finally, the work in [57] presents a case
study of fast flood and waterlogging detection using GIS.

II. E M ERGENC Y R E SP ONSE T H ROUGH
T H E I N T EGR AT ION OF SO CI A L M EDI A
A N D R E MO T E SENSI NG
In recent years, there has been a significant increase in the
number of applications and techniques that use remote sensing and social media jointly in the context of emergency
response. For instance, in [58], Zhang et al. propose a transfer learning framework for urban waterlogging analysis,
which takes advantage of social media and satellite data to
perform multiview discriminant analysis. In [38], Denis et al.
develop a comprehensive system integrating remote sensing
and social media data for decision making and quick information broadcasting. This system is able to support evacuation
strategies and real-time guidance during disasters (the
authors specifically develop a tsunami risk map application in
Padang, Indonesia). Zhang et al. [59] present a semantic
method for social-sensor-based urban waterlogging monitoring. In [60], Backstrom et al. introduce a physical location
prediction algorithm which takes into account social information such as population density. It produces measurable
improvement in accuracy when compared to other related
algorithms. In [61], Jones and Grandhi propose a people-topeople-to-geographical-places system, which aims at describing the design space for location-aware community systems.
The study in [62] presents a scalable system for the contextual enrichment of satellite images by crawling and analyzing
multimedia content from social media such as Twitter. This
system benefits from an enhanced visualization system demonstrating different aspects of the event under consideration.
In [63], Brivio et al. propose a new procedure that integrates
topographic information with SAR images to overcome the
constraints of temporal resolution in the exploitation of SAR
images for flood mapping purposes. Goodchild and Glennon
[64] focus on the latest developments of crowdsourcing VGI.
In [65], Herfort et al. address the geographical features that
can be used between social media data and flood phenomena
and present a new approach to extract useful crisis-relevant
information from social media platforms. A free and opensource web platform called CrisisTracker is built in [66] to
extract distributed situation awareness from public tweets
during large-scale events. In [67], the social media alert and

response to threats to citizens (SMART-C) program developed by the U.S. Department of Homeland Security’s Science
& Technology Directorate (DHS-S&T) is described. This program aims to develop citizen participatory sensing capabilities for decision support throughout the disaster life cycle via
a multitude of devices and modalities. The authors provide an
overview of the envisioned SMART-C system’s capabilities
and discuss some of the most interesting and unique challenges that arise due to the combination of spatial computing
and social media within the context of disaster management.
A comprehensive survey [68] is presented on the processing
of social media messages in mass emergencies. In [69],
Middleton et al. develop a social media crisis mapping platform for natural disasters that uses locations from gazetteer,
street map, and VGI sources for areas at risk of disaster, and
matches them to geoparsed real-time tweet data streams,
where statistical analysis is performed to generate real-time
crisis maps. In [70], Yin et al. propose a comprehensive
framework that combines hydrological modeling and GIS
spatial analysis for small-scale risk assessments of urban
waterlogging. The authors further derive the risk curve of
rainstorm waterlogging hazards damage of a study area in
Shanghai, China. A framework for disaster assessment using
social media is developed in [71]. Geospatially oriented social
media communications [72] are presented as a common information resource to support crisis management. In [73], Wang
and Li propose a GIS and remote sensing-based urban waterlogging monitoring and warning system which takes into account
hydrology, water dynamics, meteorology, and urban sewerage
systems. In [74], a participatory sensing-based model for mining
spatial information related to urban emergency events is introduced, where the Chan-hom typhoon is addressed as an example. Semantic analysis on microblog data is conducted, and highfrequency keywords in different provinces are extracted for
different stages of the event. With the geo-tagged and timetagged data, the collected microblog data can be classified into
different categories. Correspondingly, some public opinion and
requirements can be obtained from the spatial and temporal
information to enhance situation awareness and help governments offer more effective assistance. Deng et al. [75] use social
media data collected from Sina Weibo, which is a microblogging
website like the hybrid of Twitter and Facebook, to analyze the
public opinion on the spatial and temporal perspectives for
emergency response, where the Chan-hom typhoon is again
considered as an example. A crowdsourcing-based model is
introduced in [76] for mining spatial information of urban emergency events. In [77], Chae et al. present a visual analytics
approach that provides users with scalable and interactive social
media data analysis and visualization including the exploration
and examination of abnormal topics and events within various
social media data sources, such as Twitter, Flickr, and
YouTube. In [78], Earle et al. provide a quick review of
Twitter and its capabilities and investigate the possibility of
using tweets to detect seismic events. De Longueville et al.
[79] study how Twitter can be used as a source of
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spatio–temporal information. By focusing on a recent case of
forest fire, the authors demonstrate the role of Twitter to support emergency planning, risk assessment, and damage
assessment activities. In [80], Yamamoto and Fujita develop
a social media GIS which is specially tailored to mash up the
information that local residents and governments provide to
support information utilization from normal times to disaster
outbreak times, in order to promote disaster reduction. The
newly developed social media GIS integrates a Web-GIS with
Twitter, and includes a function for classifying the submitted
information. A real-time situation awareness viewer is developed in [81] for monitoring disaster impacts using locationbased social media messages in Twitter. In [82], Sakaki et al.
develop an earthquake reporting system for use in Japan.
Specifically, the authors investigate the real-time interaction
of events such as earthquakes in Twitter and propose an algorithm to monitor tweets and to detect a target event. Carley
et al. [83] examine the use of Twitter in the context of disaster management, with a focus on planning and early warnings. Landwehr et al. focus on the potential use of Twitter to
support tsunami warning and response. In [84], Twitter is
again presented as a social media that can be used to help
mitigate disasters. Here, the authors describe the strengths
and limitations of Twitter in this context, and identify the
features needed in a Twitter system to support disaster planning, warning, and response. In [85], Xiao et al. examine the
spatial heterogeneity in the generation of tweets after a major
disaster. They develop a new model to explain the number of
tweets by mass, material, access, and motivation. Empirical
analysis of tweets after the Hurricane Sandy in New York
City largely confirms the newly developed model. The
authors also find that community socioeconomic factors are
more important than population size and damage levels in
predicting disaster-related tweets. An advanced system is
presented in [86] for emergency management which fuses
the potentiality offered by mobile social data and bottom-up
communication with smart sensors. In [87], Yin et al.

present a system that uses social media to enhance emergency situation awareness. The described system uses natural
language processing and data mining techniques to extract
situation awareness information from Twitter messages generated during various disasters and crises. Social media poses
two types of challenges. The first is how to sift relevant information from the social media data, and the second is that the
traditional natural language processing techniques are inapplicable to the user-generated content. To deal with these difficulties, the authors develop a coherent set of integrated
components for extracting situation awareness by using various data mining techniques, including burst detection, text
classification, online clustering, and geotagging. In [88],
Crooks et al. analyze the spatial and temporal characteristics
of the Twitter feed activity responding to an earthquake
which occurred on the East Coast of the United States. They
argue that these feeds represent a hybrid form of a sensor system that allows for the identification and localization of the
impact area of the event. Schnebele and Cervone [89] propose a new pixel-based method to optimize and modify the
contour of flood regions with VGI data obtained through
Google news, videos and photos. In [90], Werts et al. build a
Web-GIS framework which allows the public to upload photos and attributes of their sites and use these timely data in
the context of soil and water conservation procedures.

III. C A SE ST U DY: H E AV Y R A I N FA L L
E V E N T MON I T OR I NG USI NG DEEP
L E A R N I NG
In order to illustrate the potential of integrating remote sensing and social media data for emergency response, as a follow-up to the previous review section we now discuss several
case studies based on the exploitation of Sina Weibo social
media data sets from central Wuhan and Shenzhen cities.
The goal of these case studies is to monitor heavy rainfall
events recently happening in both cities. As shown in Fig. 1,

Fig. 1. Study areas considered in our case studies. The urban enters of Wuhan and Shenzhen (marked in purple) rather than the whole cities
are taken as our target due to the larger number of Sina Weibo social media messages.
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the regions marked in purple are the study areas in Wuhan
and Shenzhen. Notably, the number of Sina Weibo messages
published in the central part of a city is much larger than
the number of messages generated in noncentral areas. As a
result, we choose the urban centers of Wuhan and Shenzhen
(i.e., Jiangan, Jianghan, Qiaokou, Hanyang, Wuchang,
Qingshan, and Hongshan districts in Wuhan, Baoan,
Nanshan, Futian, and Luohu districts in Shenzhen) rather
than the whole cities as our target areas. In the following,
we briefly review the existing emergency monitoring methodologies, followed by an introduction of our heavy rainfall
monitoring framework. We show that, after analyzing the
data collected from Sina Weibo websites, we can further
explore the relationship between environmental phenomena
and social media responses in the considered study areas.

A. Emergency Monitoring Methodologies
Monitoring of emergencies is fundamental for decreasing the potential impact of unexpected events, such as natural or human disasters. Making timely decisions and taking
preventive actions saves human lives, reduces economic
losses, and enhances the stability of the communities in the
incident. Much work has been carried out to improve the
monitoring performance in the literature. One of the most
outstanding research aspects is based on machine learning
algorithms, including the support vector machine (SVM)
[91]–[94], multitask learning [95], probabilistic models [82], maximum entropy [96], logistic regression [92],
etc. [97]–[100]. Recently, deep learning [101]–[110] has
emerged as a state-of-the-art machine learning technique.
It learns the representative and discriminative features in
hierarchical architectures and shows successful results in a
broad area of applications, such as image processing [111]–
[115], computer vision [116], [117], and speech recognition
[118], [119]. Many kinds of deep neural networks have been
designed, e.g., deep belief networks (DBNs), convolutional
neural networks (CNNs), deep stack networks (DSNs), and
recurrent neural networks (RNNs). Specifically, deep learning has also been studied in the field of emergency monitoring. For example, a Chinese emergency event recognition
model is proposed in [120] by applying the DBN. In our case
study, CNN [121]–[123] is adopted to classify the clawed
Sina Weibo data sets. The reasons for adopting CNN are
that: 1) CNN is the first truly successful deep learning architecture benefited from the successful training of hierarchical layers; 2) CNN is an end-to-end learning process, from
the raw data rather than hand-coded features to semantic
labels, and thus no longer needs to manually devise the features; and 3) the shared weights within layers can reduce the
free parameters and ease the burden of the computing. It is
notable that this paper does not limit to the CNN but offers
a general architecture (i.e., deep learning) for heavy rainfall event monitoring. As such, although CNN is adopted as
a typical deep learning method in the case study, it is also

allowed to use other state-of-the-art deep learning methods
(e.g., DBN, DSN, or RNN).
The CNN, proposed by Lecun et al. [121] in 1998, is a
biologically inspired variant of the multilayer perceptron
(MLP). This type of hierarchical network is one of the most
popular deep learning architectures consisting of various
layers, including convolutional layers, pooling/subsampling
layers, and fully connected layers. The layers can vary with
how the data are sampled and trained. Favored by the development of computer hardware and software technologies,
CNN has been of growing interest recently in many applications. In [124], three strategies are proposed to exploit
the CNN for remote sensing scene classification. In [125],
CNN models are directly trained to produce classification
maps out of the input large-scale remote sensing images. In
[126], predatory conversations are automatically identified
by CNN-based method. In [127], opinion summarizations
in Chinese microblogging systems are effectively mined by
the CNN. Based upon the CNN, our newly developed framework for heavy rainfall monitoring is portrayed in Fig. 2.
As shown in Fig. 2, the data sets with time and geospatial
information are crawled by the Sina Weibo open platform
API, and then a CNN model is designed to classify the Sina
Weibo messages into positive and negative classes. Finally,
the heavy rainfall emergence event can be detected according to the classification results.

Fig. 2. Framework of the heavy rainfall monitoring methodology
used for this case study.
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Fig. 3. Some random Sina Weibo posts (in Chinese) that contain the
keyword ª

º (rain).

B. Data Collection
The experimental data sets used in this paper are Sina
Weibo messages with specific keywords (in Chinese) like
“ ,” “ ,” “ ,” “ ,” “ ,” and/or “ ”1 from both central
Wuhan and Shenzhen. For example, Fig. 3 displays some random Sina Weibo posts that contain the keyword “ ” (rain).
Wuhan, which is known as a “Thoroughfare to Nine
Provinces,” is the capital and the most populous city of central
China’s Hubei Province. Wuhan’s climate is humid subtropical, with abundant rainfall. The summer season is the wettest
period during which lots of disasters can happen, such as torrential rains and floods. Heavy rainfall can cause huge losses
of life and property. For example, Wuhan saw 570 mm (about
22.44 in) of rainfall (see Fig. 4) during July 1–7, 2016, surpassing the record of the city in 1991. Red alerts for heavy
rainfall were released on July 2 and 6, respectively. More than
27 people died and the economic losses reached ¥5.7 billion
(about $850 million). On the other hand, Shenzhen is a major
city in South China’s Guangdong Province. The city is located
north of the Hong Kong Special Administrative Region and is
the first special economic zone in China. Shenzhen has a
humid subtropical climate. It is affected by monsoons, which
leads to hot weather and typhoons, together with thunderstorms in the summer. Due to the heavy rainfall and floods,
Shenzhen suffers severe water crises. For example, during
May 8–11, 2014, as many as 1500 houses were destroyed and
three people were killed by the torrential rain. The direct economic loss was more than ¥80 million (about $12.8 million).
Figs. 4 and 5 show the influences of the heavy rainfall in
Wuhan and Shenzhen. Moreover, it is notable that Sina
Weibo is one of the most popular social media websites in
China. It was launched by Sina Corporation in 2009 and as of
March 2016 had more than 261 million monthly active users.
It is able to convey information quickly since each message is
limited to 140 characters.
As described above, two data sets crawled from Sina
Weibo are used to detect the heavy rainfall events in the
1
The keywords “ ,” “ ,” “ ,” “ ,” “ ,” and/or “ ” refer to
“rain,” “water,” “waterlogging,” “flood,” “river,” and/or “ocean” in
English.

1906 Proceedings of the IEEE | Vol. 105, No. 10, October 2017

Fig. 4.The heavy rainfall in Wuhan. (a) A flooded stadium was
turned into a giant bathtub (http://www.ibtimes.co.uk/chinaphotos-flooded-cities-after-recordamounts-rain-1569379). (b) A
bus went through a flooded street (http://thehimalayantimes.com/
multimedia/photo-gallery/inundated-wuhan/).

experiments. The first is a collection of Weibo data from
June 29, 2016 to July 10, 2016, located in the center of
Wuhan, while the second data are from May 8, 2014 to May
11, 2014, located in the center of Shenzhen. We adopt the
Sina Weibo open platform API to collect data from Weibo
websites. To assess the API’s information, it is necessary to
get the authentication of the Sina Weibo through the OAuth
protocol. As depicted in Fig. 6, the geospatial Weibo data are
collected by defining circular zones with different centers
and fixed radius in a period to make the obtained data cover
the whole city. In total, 8519 and 2442 significant Weibo
messages are crawled in Wuhan and Shenzhen, respectively.
Each Weibo message relates to a time and location, which
includes the latitude and longitude coordinates.
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Fig. 5. The heavy rainfall in Shenzhen. (a) Pedestrians walked in a flooded street (http://slide.news.sina.com.cn/weather/
slide_1_29155_60229.html#p=6). (b) A car waded through the rainwater (http://slide.news.sina.com.cn/weather/slide_1_29155_60229.
html#p=10).

C. Classification of Sina Weibo Data by CNN
To perform the analysis of our considered heavy rainfall
event using Sina Weibo data, it is important to identify useful information from the raw data. The crawled data with
specific keywords usually include mention of the target
event. For example, users may post Weibo messages such
as “Torrential rain!,” “The rain just keeps pouring down,”
or “Streets are all flooded.” However, users might also publish Weibo messages such as “Eventually, the rain stopped,”

“Storms always give way to the sun,” or “I like to swim,
especially in the sea.” Moreover, even though a message is
associated with the heavy rainfall event, it may not be right
to take the message as an event report. For example, users
make Weibo messages such as “It was raining so hard yesterday” or “Three rains in two days.” Although the descriptions are truly related to the heavy rainfall event, they cannot reflect the real-time situation. In order to better conduct
the analysis, it is worthwhile to distinguish whether a Weibo
message truly reflects the actual occurrence of heavy rainfall

Fig. 6. Circular zones with different centers and fixed radius are utilized to make the Sina Weibo data sets cover the research areas.
(a) Circular zones of central Wuhan. (b) Circular zones of central Shenzhen.
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and the batch size as 32. We initialize the word vectors by
an unsupervised neural language model to obtain improved
performance. The word embeddings are trained by the Skipgram algorithm with default parameters in Word2Vec.3
Wikipedia dumps in Chinese are used in the word
embeddings. Words that are not contained in the pretrained
vectors are initialized randomly.

D. Monitoring Results of the Heavy Rainfall Events
Fig. 7. The structure of the convolutional neural network used in
our experiments.

events. Specifically, the true and real-time descriptions are
denoted as positive class, whereas the others are labeled as
negative class. In the case study, all of the Sina Weibo messages are manually labeled as positive or negative classes.
As will be shown later, the classification performance of
the CNN model can be evaluated by comparing the manual
labels and the classified labels.
To classify a Sina Weibo message as belonging to the
positive class or the negative class, we adopt the CNN model
[122], [123], which has proven to be a powerful tool for
machine learning tasks. Providing that a training set with
positive and negative samples is available, the Sina Weibo
data can be automatically classified into two classes by the
CNN model. In the Wuhan data set, the samples used for
training are 850, while the training set of Shenzhen dataset
contains 100 samples.2
The structure of the CNN considered in our experiments
is shown in Fig. 7. In the CNN, the first layer embeds the
words of the input sentence into low-dimensional vectors.
Word embeddings compute the distributed representations
of the input words in the form of continuous vectors. It can
alleviate the data sparsity problem by capturing meaningful semantic and syntactic regularities. Mapping the words
to vectors of real numbers facilitates subsequent processing
of the CNN model. The subsequent layer conducts convolutions on the embedded word vectors with multiple filter windows. Different sizes of filter windows can slide a different
number of words at a time. Next, max-pooling is performed
on the result of the convolutional layer. Finally, dropout
regularization is added in the fully connected layer and the
classification results are obtained by a softmax operation.
Moreover, it is essential to choose proper hyperparameters
in the CNN model. We set the filter windows as 1, 2, 3, 4, 5,
6, and 8, the learning rate as 0.0001, the dropout rate as 0.5,
the l 2constraint as 3 (i.e., the weight vectors are rescaled to
‖w ‖2  = 3whenever the l2-norm of the weight vectors is
larger than 3), the vector size of the word embedding as 50,
2

Although only a few training samples are used, the classification
results of the CNN-based method are still satisfactory.
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The classification performance in our experiments is
evaluated by precision, recall, and F -value. Precision refers
to the fraction of true positives in total determined positives
(i.e., the sum of true positives and false positives). Recall is
the ratio of true positives to the sum of true positives and
false negatives. F -value measures both the precision and
recall synthetically. The definitions of precision, recall, and
F-value are given by
Precision     =

TP  	
 ______
TP + FP

TP  
Recall           
=   _______
  
  
TP + FN

F-value     =

(1)


2  
* Precision * Recall 
 ________________
  
Precision + Recall

 (2) 
(3)

where T
 P, FP, and F Ndenote the number of true positives,
false positives, and false negatives, respectively.
The classification results of both data sets are depicted in
Fig. 8, from which we can observe that the precision, recall,
and F-value of the center of Wuhan heavy rainfall event are
lower than those of Shenzhen, respectively. In both data
sets, the precision is not as high as the recall, and the F
-value offers a compromise between precision and recall. For
visualization purposes, we display the heat maps in Figs. 9
and 10, which show the location estimation of heavy rainfall events occurred in the center of Wuhan and Shenzhen,
respectively. Without loss of generality, Fig. 9 presents the

Fig. 8. Classification results obtained from the center of Wuhan and
Shenzhen using Sina Weibo data sets.
3

https://code.google.com/p/word2vec/
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Fig. 9. Spatial distribution of the estimated heavy rainfall event occurred in the center of Wuhan: (a) June 30, 201; (b) July 2, 2016; and
(c) July 6, 2016.

rainfall monitoring results on June 30 and July 2 and 6, 2016,
while Fig. 10 depicts the results on May 8, 9, and 11, 2014.
It can be observed from Fig. 9 that the rainfall on July 2 and
6 is heavier than on June 30 in the center of Wuhan. This
corresponds to the actual case. In reality, the rainfall started
from June 30, and became heavy in the next weeks. Red rainstorm warnings were issued on July 2 and 6. Furthermore,
as shown in Fig. 10, the rainfall on May 11 is much larger
than on May 8 and 9 in the center of Shenzhen city. This
observation is also consistent with reality. In a nutshell, the
classification results obtained for the central areas of Wuhan
and Shenzhen using Sina Weibo data sets demonstrate the
effectiveness of the CNN-based method in monitoring the
heavy rainfall event that occurred in those areas.

I V. CONC LUSION
In this paper, we have presented a comprehensive review
of the state of the art in the use of social media data as
a complement to remote sensing and GIS data in emergency response scenarios. First, we have focused on strategies that mainly use remote sensing data for emergency
response. Then, we have described techniques that are
based mainly on social media data. Next, we describe strategies that are mainly based on GIS data. The limitations of
these techniques are pointed out by including a thorough
review of techniques that exploit both remote sensing and
social media data. In order to provide a realistic illustration of such techniques, a specific application case study
is further discussed in detail. The case study addresses

Fig. 10. Spatial distribution of the estimated heavy rainfall event occurred in the center of Shenzhen: (a) May 8, 2014; (b) May 9, 2014; and
(c) May 11, 2014.
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the possibility of monitoring heavy rainfall events using
a combination of remote sensing data and social media
data. Specifically, we study heavy rainfall events in the
cities of Wuhan and Shenzen, China, by exploiting messages published on Sina Weibo. The analysis and classification is conducted using a CNN architecture. The
classification results obtained for the central parts of

R EFER ENCES
[1] X. Lu, H. Wu, Y. Yuan, P. Yan, and X. Li,
“Manifold regularized sparse NMF for
hyperspectral unmixing,” IEEE Trans. Geosci.
Remote Sens., vol. 51, no. 5, pp. 2815–2826,
May 2013.
[2] G. Cheng, J. Han, L. Guo, Z. Liu, S. Bu, and
J. Ren, “Effective and efficient midlevel visual elements-oriented land-use classification
using VHR remote sensing images,” IEEE
Trans. Geosci. Remote Sens., vol. 53, no. 8,
pp. 4238–4249, Aug. 2015.
[3] Y. Chai, N. Ta, and J. Ma, “The socio-spatial
dimension of behavior analysis: Frontiers
and progress in Chinese behavioral geography,” J. Geograph. Sci., vol. 26, no. 8,
pp. 1243–1260, 2016.
[4] S. Jiang, X. Qian, T. Mei, and Y. Fu, “Personalized travel sequence recommendation on
multi-source big social media,” IEEE Trans.
Big Data, vol. 2, no. 1, pp. 43–56, Mar. 2016.
[5] G. Zhao, X. Qian, X. Lei, and T. Mei, “Service quality evaluation by exploring social
users’ contextual information,” IEEE Trans.
Knowl. Data Eng., vol. 28, no. 12,
pp. 3382–3394, Dec. 2016.
[6] G. Zhao, X. Qian, and X. Xie, “User-service
rating prediction by exploring social users’
rating behaviors,” IEEE Trans. Multimedia,
vol. 18, no. 3, pp. 496–506, Mar. 2016.
[7] A. Stefanidis, A. Crooks, and J. Radzikowski,
“Harvesting ambient geospatial information
from social media feeds,” GeoJournal, vol. 78,
no. 2, pp. 319–338, 2013.
[8] P. S. Frazier and K. J. Page, “Water body
detection and delineation with Landsat TM
data,” Photogramm. Eng. Remote Sens.,
vol. 66, no. 12, pp. 1461–1468, 2000.
[9] D. Mason, G. J.-P. Schumann, J. C. Neal, J.
Garcia-Pintado, and P. D. Bates, “Automatic
near real-time selection of flood water levels
from high resolution synthetic aperture
radar images for assimilation into hydraulic
models: A case study,” Remote Sens. Environ.,
vol. 124, pp. 705–716, Sep. 2012.
[10] G. Di Baldassarre, G. Schumann, and P.
Bates, “Near real time satellite imagery to
support and verify timely flood modelling,”
Hydrol. Process., vol. 23, no. 5, pp. 799–803,
2009.
[11] P. D. Bates, “Integrating remote sensing data
with flood inundation models: How far have
we got?” Hydrol. Process., vol. 26, no. 16,
pp. 2515–2521, 2012.
[12] A. S. Dhakal, T. Amada, M. Aniya, and R. R.
Sharma, “Detection of areas associated with
flood and erosion caused by a heavy rainfall
using multitemporal Landsat TM data,”
Photogramm. Eng. Remote Sens., vol. 68, no. 3,
pp. 233–239, 2002.
[13] A. Carrara, M. Cardinali, F. Guzzetti, and P.
Reichenbach, “GIS technology in mapping
landslide hazard,” in Geographical
Information Systems in Assessing Natural

[14]

[15]

[16]
[17]

[18]

[19]

[20]
[21]

[22]
[23]

[24]

[25]

[26]

[27]

[28]

Wuhan and Shenzhen (in which the Sina Weibo messages were more numerous) demonstrate the effectiveness of the considered CNN-based method in monitoring
the heavy rainfall event that happened in both cities. This
illustrates the potential of using social media data as a
complement to remote sensing data sets for emergency
response applications.


Hazards. New York, NY, USA: SpringerVerlag, 1995, pp. 135–175.
P. Chen, S. C. Liew, and H. Lim, “Flood
detection using multitemporal Radarsat and
ERS SAR data,” in Proc. 20th Asian Conf.
Remote Sens., Hong Kong, 1999, pp. 22–25.
G. R. Brakenridge, B. T. Tracy, and J. C.
Knox, “Orbital SAR remote sensing of a river
flood wave,” Int. J. Remote Sens., vol. 19,
no. 7, pp. 1439–1445, 1998.
Y. Wang, “Advances in remote sensing of
flooding,” Water, vol. 7, no. 11,
pp. 6404–6410, 2015.
G. André, R. Guillande, and F. Bahoken,
“Flood mapping using spatial radar and
optical imagery and digital elevation model:
Limits and capacities,” Houille Blanche, no. 1,
pp. 49–54, 2002.
Y. Wang, J. Colby, and K. Mulcahy, “An
efficient method for mapping flood extent in
a coastal floodplain using Landsat TM and
DEM data,” Int. J. Remote Sens., vol. 23,
no. 18, pp. 3681–3696, 2002.
A. Yoshitaka and T. Ichikawa, “A survey on
content-based retrieval for multimedia
databases,” IEEE Trans. Knowl. Data Eng.,
vol. 11, no. 1, pp. 81–93, Jan. 1999.
T. Schreck and D. Keim, “Visual analysis of
social media data,” Computer, vol. 46, no. 5,
pp. 68–75, May 2013.
K. Michael and K. W. Miller, “Big data: New
opportunities and new challenges [guest
editors’ introduction],” Computer, vol. 46,
no. 6, pp. 22–24, 2013.
X. Wang, “Learning from big data with
uncertainty—Editorial,” J. Intell. Fuzzy Syst.,
vol. 28, no. 5, pp. 2329–2330, Jun. 2015.
F. Abel, C. Hauff, G.-J. Houben, R. Stronkman,
and K. Tao, “Semantics + filtering + search =
Twitcident. Exploring information in social
Web streams,” in Proc. 23rd ACM Conf.
Hypertext Social Media, 2012, pp. 285–294.
W. Tan, M. B. Blake, I. Saleh, and S.
Dustdar, “Social-network-sourced big data
analytics,” IEEE Internet Comput., vol. 17,
no. 5, pp. 62–69, Sep./Oct. 2013.
V. Krishnamurthy and H. V. Poor, “A tutorial
on interactive sensing in social networks,”
IEEE Trans. Comput. Social Syst., vol. 1, no. 1,
pp. 3–21, Mar. 2014.
K. Field and J. O’Brien, “Cartoblography:
Experiments in using and organising the
spatial context of micro-blogging,” Trans.
GIS, vol. 14, no. s1, pp. 5–23, 2010.
R. Li, K. H. Lei, R. Khadiwala, and K. C.-C.
Chang, “TEDAS: A Twitter-based event
detection and analysis system,” in Proc. IEEE
28th Int. Conf. Data Eng., Apr. 2012,
pp. 1273–1276.
J. Cranshaw, R. Schwartz, J. I. Hong, and N.
Sadeh, “The livehoods project: Utilizing
social media to understand the dynamics of a
city,” in Proc. Int. AAAI Conf. Weblogs Social
Media, 2012, p. 58.

1910 Proceedings of the IEEE | Vol. 105, No. 10, October 2017

[29] F. Xu et al., “The role of social media in
measuring human response to urban flash
flooding,” Ph.D. dissertation, Massachusetts
Inst. Technol., Cambridge, MA, USA, 2015.
[30] N. Pandey and S. Natarajan, “How social
media can contribute during disaster events?
Case study of Chennai floods 2015,” in Proc.
Int. Conf. Adv. Comput. Commun. Inf., 2016,
pp. 1352–1356.
[31] J. Fohringer, D. Dransch, H. Kreibich, and
K. Schröter, “Social media as an information
source for rapid flood inundation mapping,”
Natural Hazards Earth Syst. Sci., vol. 15,
no. 12, pp. 2725–2738, 2015.
[32] K. Schröter, D. Dransch, J. Fohringer, and
H. Kreibich, “Utilising social media contents
for flood inundation mapping,” in Proc. EGU
General Assembly Conf. Abstracts, 2016,
vol. 18, p. 7890.
[33] Y. Tyshchuk, C. Hui, M. Grabowski, and W.
A. Wallace, “Social media and warning
response impacts in extreme events: Results
from a naturally occurring experiment,” in
Proc. 45th Hawaii Int. Conf. Syst. Sci., 2012,
pp. 818–827.
[34] P. S. Earle, D. C. Bowden, and M. Guy,
“Twitter earthquake detection: Earthquake
monitoring in a social world,” Ann. Geophys.,
vol. 54, no. 6, pp. 708–715, 2012.
[35] A. Acar and Y. Muraki, “Twitter for crisis
communication: Lessons learned from
Japan’s tsunami disaster,” Int. J. Web Based
Commun., vol. 7, no. 3, pp. 392–402,
2011.
[36] Z. Cheng, J. Caverlee, and K. Lee, “You are
where you tweet: A content-based approach
to geo-locating Twitter users,” in Proc. 19th
ACM Int. Conf. Inf. Knowl. Manage., 2010,
pp. 759–768.
[37] S. Scellato, A. Noulas, R. Lambiotte, and C.
Mascolo, “Socio-spatial properties of online
location-based social networks,” in Proc.
ICWSM, 2011, vol. 11, pp. 329–336.
[38] L. A. S. Denis, L. Palen, and K. M. Anderson,
“Mastering social media: An analysis of
Jefferson County’s communications during
the 2013 Colorado floods,” in Proc. 11th Int.
ISCRAM Conf., 2014, pp. 737–746.
[39] S. Bunce, H. Partridge, and K. Davis,
“Exploring information experience using
social media during the 2011 Queensland
floods: A pilot study,” Austral. Library J.,
vol. 61, no. 1, pp. 34–45, 2012.
[40] F. Cheong and C. Cheong, “Social media
data mining: A social network analysis of
tweets during the 2010–2011 Australian
floods,” Paper 46, 2011.
[41] D. Bird, M. Ling, and K. Haynes, “Flooding
Facebook? The use of social media during
the Queensland and Victorian floods,”
Austral. J. Emergency Manage., vol. 27, no. 1,
p. 27, 2012.
[42] M. Okazaki and Y. Matsuo, “Semantic
Twitter: Analyzing tweets for real-time event

Li et al. : Social Media: New Per spec tives to Improve Remote Sensing for Emergenc y Response

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

notification,” in Recent Trends and
Developments in Social Software. New York,
NY, USA: Springer-Verlag, 2010, pp. 63–74.
A. J. Flanagin and M. J. Metzger, “The
credibility of volunteered geographic
information,” GeoJournal, vol. 72, nos. 3–4,
pp. 137–148, 2008.
S. Boyle, I. Tsanis, and P. Kanaroglou,
“Developing geographic information systems
for land use impact assessment in flooding
conditions,” J. Water Resource Planning
Manage., vol. 124, no. 2, pp. 89–98, 1998.
M. J. Clark, “Putting water in its place: A
perspective on GIS in hydrology and water
management,” Hydrol. Process., vol. 12, no. 6,
pp. 823–834, 1998.
E. Hirata, M. Giannotti, A. Larocca, and J.
Quintanilha, “Flooding and inundation
collaborative mapping—Use of the
Crowdmap/Ushahidi platform in the city of
Sao Paulo, Brazil,” J. Flood Risk Manage., 2015,
doi:10.1111/jfr3.12181
J. Li and A. D. Heap, “Spatial interpolation
methods applied in the environmental
sciences: A review,” Environ. Model. Softw.,
vol. 53, pp. 173–189, Mar. 2014.
K. Poser and D. Dransch, “Volunteered
geographic information for disaster
management with application to rapid flood
damage estimation,” Geomatica, vol. 64,
no. 1, pp. 89–98, 2010.
E. Pultar, M. Raubal, and M. F. Goodchild,
“GEDMWA: Geospatial exploratory data
mining Web agent,” in Proc. 16th ACM
SIGSPATIAL Int. Conf. Adv. Geograph. Inf.
Syst., 2008, p. 74.
L. N. Mummidi and J. Krumm, “Discovering
points of interest from users’ map
annotations,” GeoJournal, vol. 72, nos. 3–4,
pp. 215–227, 2008.
S. Elwood, M. F. Goodchild, and D. Z. Sui,
“Researching volunteered geographic
information: Spatial data, geographic
research, and new social practice,” Ann.
Assoc. Amer. Geograph., vol. 102, no. 3,
pp. 571–590, 2012.
D. Sui and M. Goodchild, “The convergence
of GIS and social media: Challenges for
GIScience,” Int. J. Geograph. Inf. Sci., vol. 25,
no. 11, pp. 1737–1748, 2011.
M. Campagna, R. Floris, P. Massa, A.
Girsheva, and K. Ivanov, “The role of social
media geographic information (SMGI) in
spatial planning,” in Planning Support
Systems and Smart Cities. Cham, Switzerland:
Springer-Verlag, 2015, pp. 41–60.
K. Yamamoto, “Development and operation
of social media GIS for disaster risk
management in Japan,” in Planning Support
Systems and Smart Cities. Cham, Switzerland:
Springer-Verlag, 2015, pp. 21–39.
A. Croitoru, A. Crooks, J. Radzikowski, and
A. Stefanidis, “Geosocial gauge: A system
prototype for knowledge discovery from
social media,” Int. J. Geograph. Inf. Sci.,
vol. 27, no. 12, pp. 2483–2508, 2013.
A. Fekete et al., “Critical data source; tool or
even infrastructure? Challenges of
geographic information systems and remote
sensing for disaster risk governance,” ISPRS
Int. J. Geo-Inf., vol. 4, no. 4, pp. 1848–1869,
2015.
D. Kristóf, R. Giachetta, A. Olasz, M.
Belényesi, B. N. Thai, and M. Harsányi,
“Using big geospatial data for fast flood
detection: Developments from the IQmulus
project,” in Proc. IEEE Int. Geosci. Remote
Sens. Symp., Jul. 2015, pp. 838–841.

[58] N. Zhang, H. Chen, J. Chen, and X. Chen,
“Social media meets big urban data: A case
study of urban waterlogging analysis,”
Comput. Intell. Neurosci., Aug. 2016, Art.
no. 3264587.
[59] N. Zhang, G. Zheng, H. Chen, X. Chen, and
J. Chen, “Monitoring urban waterlogging
disaster using social sensors,” in Proc. Chin.
Semantic Web Web Sci. Conf., 2014,
pp. 227–236.
[60] L. Backstrom, E. Sun, and C. Marlow, “Find
me if you can: Improving geographical
prediction with social and spatial proximity,”
in Proc. 19th Int. Conf. World Wide Web, 2010,
pp. 61–70.
[61] Q. Jones and S. A. Grandhi, “P3 systems:
Putting the place back into social networks,”
IEEE Internet Comput., vol. 9, no. 5, pp. 38–46,
Sep. 2005.
[62] B. Bischke, D. Borth, C. Schulze, and A. Dengel,
“Contextual enrichment of remote-sensed
events with social media streams,” in Proc. ACM
Multimedia Conf., 2016, pp. 1077–1081.
[63] P. A. Brivio, R. Colombo, M. Maggi, and R.
Tomasoni, “Integration of remote sensing
data and GIS for accurate mapping of
flooded areas,” Int. J. Remote Sens., vol. 23,
no. 3, pp. 429–441, 2002.
[64] M. F. Goodchild and J. A. Glennon,
“Crowdsourcing geographic information for
disaster response: A research frontier,” Int. J.
Digit. Earth, vol. 3, no. 3, pp. 231–241,
2010.
[65] B. Herfort, J. P. de Albuquerque, S.-J.
Schelhorn, and A. Zipf, “Exploring the
geographical relations between social media
and flood phenomena to improve situational
awareness,” in Connecting a Digital Europe
Through Location and Place. New York, NY,
USA: Springer-Verlag, 2014, pp. 55–71.
[66] J. Rogstadius, M. Vukovic, C. A. Teixeira, V.
Kostakos, E. Karapanos, and J. A. Laredo,
“CrisisTracker: Crowdsourced social media
curation for disaster awareness,” IBM J. Res.
Develop., vol. 57, no. 5, pp. 1–4, 2013.
[67] N. R. Adam, B. Shafiq, and R. Staffin,
“Spatial computing and social media in the
context of disaster management,” IEEE Intell.
Syst., vol. 27, no. 6, pp. 90–96, Nov./Dec. 2012.
[68] M. Imran, C. Castillo, F. Diaz, and S.
Vieweg, “Processing social media messages
in mass emergency: A survey,” ACM Comput.
Surv., vol. 47, no. 4, p. 67, 2015.
[69] S. E. Middleton, L. Middleton, and S.
Modafferi, “Real-time crisis mapping of
natural disasters using social media,” IEEE
Intell. Syst., vol. 29, no. 2, pp. 9–17,
Mar./Apr. 2014.
[70] J. Yin, J. Yin, S. Xu, and J. Wen,
“Community-based scenario modelling and
disaster risk assessment of urban rainstorm
waterlogging,” J. Geograph. Sci., vol. 21, no. 2,
pp. 274–284, 2011.
[71] J. B. Houston et al., “Social media and
disasters: A functional framework for social
media use in disaster planning, response,
and research,” Disasters, vol. 39, no. 1,
pp. 1–22, 2015.
[72] S. McClendon and A. C. Robinson,
“Leveraging geospatially-oriented social
media communications in disaster
response,” Int. J. Inf. Syst. Crisis Response
Manage., vol. 5, no. 1, pp. 22–40, 2013.
[73] Y. Wang and S. Li, “Urban waterlogging
monitoring and warning system based on
GIS and RS,” J. Luoyang Inst. Sci. Technol.
(Natural Sci. Ed.), vol. 23, no. 4, pp. 64–65,
2013.

[74] Z. Xu, H. Zhang, V. Sugumaran, K.-K. R.
Choo, L. Mei, and Y. Zhu, “Participatory
sensing-based semantic and spatial analysis
of urban emergency events using mobile
social media,” EURASIP J. Wireless Commun.
Netw., vol. 2016, no. 1, p. 44, 2016.
[75] Q. Deng, Y. Liu, X. Deng, and H. Zhang,
“Semantic analysis on microblog data for
emergency response in typhoon Chan-hom,”
in Proc. 1st ACM SIGSPATIAL Int. Workshop
GIS Emergency Manage., 2015, p. 7.
[76] Z. Xu, V. Sugumaran, and H. Zhang,
“Crowdsourcing based spatial mining of
urban emergency events using social media,”
in Proc. 1st ACM SIGSPATIAL Int. Workshop
GIS Emergency Manage., 2015, p. 9.
[77] J. Chae et al., “Spatiotemporal social media
analytics for abnormal event detection and
examination using seasonal-trend
decomposition,” in Proc. IEEE Conf. Vis. Anal.
Sci. Technol., Oct. 2012, pp. 143–152.
[Online]. Available: http://dx.doi.
org/10.1109/VAST.2012.6400557
[78] P. Earle, M. Guy, R. Buckmaster, C. Ostrum,
S. Horvath, and A. Vaughan, “OMG
earthquake! Can Twitter improve
earthquake response?” Seismol. Res. Lett.,
vol. 81, no. 2, pp. 246–251, 2010.
[79] B. De Longueville, R. S. Smith, and G.
Luraschi, “‘OMG, from here, I can see the
flames!’: A use case of mining location based
social networks to acquire spatio-temporal
data on forest fires,” in Proc. Int. Workshop
Location Based Social Netw., 2009,
pp. 73–80.
[80] K. Yamamoto and S. Fujita, “Development of
social media GIS to support information
utilization from normal times to disaster
outbreak times,” Int. J. Adv. Comput. Sci.
Appl., vol. 6, no. 9, 2015, pp. 1–14.
[81] C.-T. Jung, M.-H. Tsou, and E. Issa,
“Developing a real-time situation awareness
viewer for monitoring disaster impacts using
location-based social media messages in
Twitter,” in Proc. Int. Conf. Location-Based
Social Media Data, Athens, GA, USA, Mar.
2015, pp. 12–14.
[82] T. Sakaki, M. Okazaki, and Y. Matsuo,
“Tweet analysis for real-time event detection
and earthquake reporting system
development,” IEEE Trans. Knowl. Data Eng.,
vol. 25, no. 4, pp. 919–931, Apr. 2013.
[83] K. M. Carley, M. Malik, P. M. Landwehr, J.
Pfeffer, and M. Kowalchuck, “Crowd
sourcing disaster management: The complex
nature of Twitter usage in Padang
Indonesia,” Safety Sci., vol. 90, pp. 48–61,
Dec. 2016.
[84] P. M. Landwehr, W. Wei, M. Kowalchuck,
and K. M. Carley, “Using tweets to support
disaster planning, warning and response,”
Safety Sci., vol. 90, pp. 33–47,
Dec. 2016.
[85] Y. Xiao, Q. Huang, and K. Wu,
“Understanding social media data for
disaster management,” Natural Hazards,
vol. 79, no. 3, pp. 1663–1679, 2015.
[86] G. L. Foresti, M. Farinosi, and M. Vernier,
“Situational awareness in smart
environments: Socio-mobile and sensor data
fusion for emergency response to disasters,”
J. Ambient Intell. Humanized Comput., vol. 6,
no. 2, pp. 239–257, 2015.
[87] J. Yin, A. Lampert, M. Cameron,
B. Robinson, and R. Power, “Using social
media to enhance emergency situation
awareness,” IEEE Intell. Syst., vol. 27, no. 6,
pp. 52–59, Nov./Dec. 2012.

Vol. 105, No. 10, October 2017 | Proceedings of the IEEE

1911

Li et al . : Social Media: New Per spec tives to Improve Remote Sensing for Emergenc y Response

 	[88] A. Crooks, A. Croitoru, A. Stefanidis, and J.
Radzikowski, “#Earthquake: Twitter as a
distributed sensor system,” Trans. GIS,
vol. 17, no. 1, pp. 124–147, 2013.
 	[89] E. Schnebele and G. Cervone, “Improving
remote sensing flood assessment using
volunteered geographical data,” Natural
Hazards Earth Syst. Sci., vol. 13,
pp. 669–677, Mar. 2013.
 	[90] J. D. Werts, E. A. Mikhailova, C. J. Post,
and J. L. Sharp, “An integrated WebGIS
framework for volunteered geographic
information and social media in soil and
water conservation,” Environ. Manage.,
vol. 49, no. 4, pp. 816–832, 2012.
 	[91] T. Sakaki, M. Okazaki, and Y. Matsuo,
“Earthquake shakes Twitter users: Realtime event detection by social sensors,” in
Proc. 19th Int. Conf. World Wide Web, 2010,
pp. 851–860.
 	[92] M. V. Albert, K. Kording, M. Herrmann,
and A. Jayaraman, “Fall classification by
machine learning using mobile phones,”
PLoS ONE, vol. 7, no. 5, p. e36556, 2012.
 	[93] O. Ferda et al., “Combining human computing
and machine learning to make sense of big
(aerial) data for disaster response,” Big Data,
vol. 4, no. 1, pp. 47–59, 2016.
 	[94] H. Kim et al., “Weighted joint-based
human behavior recognition algorithm
using only depth information for low-cost
intelligent video-surveillance system,”
Expert Syst. Appl., vol. 45, pp. 131–141,
Mar. 2016.
 	[95] X. Lu, X. Li, and L. Mou, “Semi-supervised
multitask learning for scene recognition,”
IEEE Trans. Cybern., vol. 45, no. 9,
pp. 1967–1976, Sep. 2015.
 	[96] A. L. Berger, V. J. D. Pietra, and S. A. D.
Pietra, “A maximum entropy approach to
natural language processing,” Comput.
Linguistics, vol. 22, no. 1, pp. 39–71, 1996.
 	[97] L. Shen and L. Bai, “3D Gabor wavelets for
evaluating SPM normalization algorithm,”
Med. Image Anal., vol. 12, no. 3,
pp. 375–383, 2008.
 	[98] Y. Hao, J. Xu, J. Bai, and Y. Han, “Image
decomposition combining a total
variational filter and a Tikhonov quadratic
filter,” Multidimensional Syst. Signal
Process., vol. 26, no. 3, pp. 739–751, 2013.
 	[99] X. Zhang, C. Xu, M. Li, and X. Sun,
“Sparse and low-rank coupling image
segmentation model via nonconvex
regularization,” Int. J. Pattern Recognit.
Artif. Intell., vol. 29, no. 2, p. 1555004,
2015.
[100] Y. Han, C. Xu, G. Baciu, and M. Li,
“Lightness biased cartoon-and-texture
decomposition for textile image
segmentation,” Neurocomputing, vol. 168,
pp. 575–587, Nov. 2015.
[101] I. Arel, D. C. Rose, and T. P. Karnowski,
“Deep machine learning—A new frontier
in artificial intelligence research [research
frontier],” IEEE Comput. Intell. Mag., vol. 5,
no. 4, pp. 13–18, Nov. 2010.

[102] J. Han, D. Zhang, G. Cheng, L. Guo, and J.
Ren, “Object detection in optical remote
sensing images based on weakly supervised
learning and high-level feature learning,”
IEEE Trans. Geosci. Remote Sens., vol. 53,
no. 6, pp. 3325–3337, Jun. 2015.
[103] J. Zhang and C. Zong, “Deep neural
networks in machine translation: An
overview,” IEEE Intell. Syst., vol. 30, no. 5,
pp. 16–25, Sep. 2015.
[104] Y. Yuan, L. Mou, and X. Lu, “Scene
recognition by manifold regularized deep
learning architecture,” IEEE Trans. Neural
Netw. Learn. Syst., vol. 26, no. 10,
pp. 2222–2233, Oct. 2015.
[105] L. Zhang, L. Zhang, and B. Du, “Deep
learning for remote sensing data: A
technical tutorial on the state of the art,”
IEEE Geosci. Remote Sens. Mag., vol. 4,
no. 2, pp. 22–40, Jun. 2016.
[106] G. Cheng, P. Zhou, and J. Han, “Learning
rotation-invariant convolutional neural
networks for object detection in VHR
optical remote sensing images,” IEEE Trans.
Geosci. Remote Sens., vol. 54, no. 12,
pp. 7405–7415, Dec. 2016.
[107] H. Greenspan, B. van Ginneken, and R. M.
Summers, “Guest editorial deep learning in
medical imaging: Overview and future
promise of an exciting new technique,”
IEEE Trans. Med. Imag., vol. 35, no. 5,
pp. 1153–1159, May 2016.
[108] G. Cheng and J. Han, “A survey on object
detection in optical remote sensing
images,” ISPRS J. Photogramm. Remote
Sens., vol. 117, pp. 11–28, Jul. 2016.
[109] X. Yao, J. Han, G. Cheng, X. Qian, and L.
Guo, “Semantic annotation of high-resolution
satellite images via weakly supervised
learning,” IEEE Trans. Geosci. Remote Sens.,
vol. 54, no. 6, pp. 3660–3671, Jun. 2016.
[110] X. Lu, X. Zheng, and X. Li, “Latent
semantic minimal hashing for image
retrieval,” IEEE Trans. Image Process.,
vol. 26, no. 1, pp. 355–368,
Jan. 2017.
[111] Y. Chen, Z. Lin, X. Zhao, G. Wang, and Y.
Gu, “Deep learning-based classification of
hyperspectral data,” IEEE J. Sel. Topics Appl.
Earth Observ. Remote Sens., vol. 7, no. 6,
pp. 2094–2107, Jun. 2014.
[112] A. T. Lopes, E. de Aguiar, A. F. De Souza,
and T. Oliveira-Santos, “Facial expression
recognition with convolutional neural
networks: Coping with few data and the
training sample order,” Pattern Recognit.,
vol. 61, pp. 610–628, Jan. 2017.
[113] J. Shi, S. Zhou, X. Liu, Q. Zhang, M. Lu,
and T. Wang, “Stacked deep polynomial
network based representation learning for
tumor classification with small ultrasound
image dataset,” Neurocomputing, vol. 194,
pp. 87–94, Jun. 2016.
[114] W.-S. Chen, X. Dai, B. Pan, and T. Huang,
“A novel discriminant criterion based on
feature fusion strategy for face
recognition,” Neurocomputing, vol. 159,
pp. 67–77, Jul. 2015.

1912 Proceedings of the IEEE | Vol. 105, No. 10, October 2017

[115] Y. Lu, Z. Lai, Z. Fan, J. Cui, and Q. Zhu,
“Manifold discriminant regression
learning for image classification,”
Neurocomputing, vol. 166, pp. 475–486,
Oct. 2015.
[116] A. Schwartzman, M. Kagan, L. Mackey, B.
Nachman, and L. De Oliveira, “Image
processing, computer vision, and deep
learning: New approaches to the analysis and
physics interpretation of LHC events,” J. Phys.,
Conf. Ser., vol. 762, no. 1, pp. 1–10, 2016.
[117] N. Tajbakhsh and K. Suzuki, “Comparing
two classes of end-to-end machine-learning
models in lung nodule detection and
classification: MTANNs vs. CNNs,” Pattern
Recognit., vol. 63, pp. 476–486, Mar. 2017.
[118] L. Deng and X. Li, “Machine learning
paradigms for speech recognition: An
overview,” IEEE Trans. Audio Speech Lang.
Process., vol. 21, no. 5, pp. 1060–1089,
May 2013.
[119] Z. Huang, S. M. Siniscalchi, and C.-H. Lee,
“A unified approach to transfer learning of
deep neural networks with applications to
speaker adaptation in automatic speech
recognition,” Neurocomputing, vol. 218,
pp. 448–459, Dec. 2016.
[120] Y. Zhang, Z. Liu, and W. Zhou, “Event
recognition based on deep learning in
Chinese texts,” PLoS ONE, vol. 11, no. 8,
pp. 1–18, 2016.
[121] Y. LeCun, L. Bottou, Y. Bengio, and P.
Haffner, “Gradient-based learning applied
to document recognition,” Proc. IEEE, vol.
86, no. 11, pp. 2278–2324, Nov. 1998.
[122] Y. Kim, “Convolutional neural networks for
sentence classification,” in Proc. Conf.
Empirical Methods Natural Lang. Process.,
2014, pp. 1746–1751.
[123] R. Collobert, J. Weston, L. Bottou, M.
Karlen, K. Kavukcuoglu, and P. Kuksa,
“Natural language processing (almost)
from scratch,” J. Mach. Learn. Res., vol. 12,
pp. 2493–2537, Nov. 2011.
[124] K. Nogueira, O. A. B. Penatti, and J. A. dos
Santos, “Towards better exploiting
convolutional neural networks for remote
sensing scene classification,” Pattern
Recognit., vol. 61, pp. 539–556, Jan. 2017.
[125] E. Maggiori, Y. Tarabalka, G. Charpiat, and
P. Alliez, “Convolutional neural networks
for large-scale remote-sensing image
classification,” IEEE Trans. Geosci. Remote
Sens., vol. 55, no. 2, pp. 645–657,
Feb. 2017.
[126] M. Ebrahimi, C. Y. Suen, and O.
Ormandjieva, “Detecting predatory
conversations in social media by deep
convolutional neural networks,” Digit.
Invest., vol. 18, pp. 33–49, Sep. 2016.
[127] Q. Li, Z. Jin, C. Wang, and D. D. Zeng,
“Mining opinion summarizations using
convolutional neural networks in Chinese
microblogging systems,” Knowl.-Based Syst.,
vol. 107, pp. 289–300, Sep. 2016.

