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Abstract— The fusion of heterogeneous remote sensing and
social media data can fill the gaps in satellite image collections
and improve the spatiotemporal resolution of the available
data sets. As a result, it is being gradually adopted in mul-
timodal data analytics. Generally, the fusion of heterogeneous
geographic data faces the following issues: 1) the probability den-
sity functions may differ from different data sources and 2) the
geolocations may not be well aligned. The former one can be
generally solved by performing an alignment of representations
in the source and target domains using, for instance, domain
adaptation. The latter issue is seldom considered in the fusion of
heterogeneous geographic data. In this article, we present a new
method called geographic optimal transport (GOT), which aims
at aligning representations and geolocations in a simultaneous
fashion. A flood event that took place in 2013 in Boulder, CO,
USA, is taken as a case study to evaluate our GOT method.
Here, we consider two remote sensing features derived from water
indicators, i.e., the normalized difference vegetation index (NDVI)
and the normalized difference water index (NDWI), for the
fusion of Landsat 8 imagery and Twitter data. A comparison
between our newly developed GOT and the traditional optimal
transport (OT) is performed. Experimental results demonstrate
that the proposed GOT can accurately align spatially biased
georeferenced tweets to the flood phenomena, leading to the
conclusion that GOT can effectively fuse heterogeneous remote
sensing and social media data.

Index Terms— Data fusion, geolocation alignment, remote
sensing, representation alignment, social media.

I. INTRODUCTION

W ITH the advent of the big data era, the limitations
of using a single data source are obvious in many

research fields [1]–[3]. Researchers are driven to describe and
analyze an event in a way that is as detailed as possible,
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as multimodal data analysis exhibits significant advantages and
potential. Thus, it is better to rely on data recorded by several
sensors rather than by one sensor only. Therefore, multiple
data sources are important in many applications, resulting in
the fact that the collection and analysis of multimodal data
have gradually attracted widespread attention.

The fusion of multimodal data can better account for
geographic phenomena and provide more accurate and reliable
information in events [3], [4]. However, since multimodal data
sensed from various devices are heterogeneous, the fusion of
multimodal data generally suffers from two issues: 1) the
probability density functions may differ in different data
sources [5], [6] and 2) the geolocations may not be well
aligned [7], [8]. To address the former problem (i.e., prob-
ability density functions are different), models built from one
domain generally do not fit another domain. As a result, they
cannot accomplish the same tasks in other domains. Domain
adaptation has been widely used to solve that specific problem
in the literature. This approach aims at reducing the differences
between data distributions of the source and target domains,
aligning their representations [9]–[14]. Optimal transport (OT)
has been recently introduced as a highly effective domain
adaptation technique, which reduces the divergence between
the source and the target probability measures by minimizing
the Wasserstein distance [15]. This technique has achieved
remarkable results in different problems [5], [16].

Concerning the problem of geolocations, for the same entity,
its geolocation in one domain is different from its location in
another domain. Therefore, to fuse remote sensing data, it is
important to take the problem of geolocations into account.
A possible solution is to map multisource layers to the same
coordinate space through spatial transformations [17]–[19].
For example, the registration between multisource images is a
typical application of geolocation alignment, e.g., the align-
ment of homogeneous Landsat and Sentinel-2 images [20]
or the alignment of heterogeneous Landsat and Sentinel-1
images [21]. However, it should be pointed out that there are
very few studies analyzing the problem of geolocations in the
context of fusing remote sensing data with social sources of
geographic data, for example, social media data.

The popularity of social media (and the proliferation of their
users) has led to an increasingly interconnected world. Social
media with global positioning system (GPS) functions have
become highly innovative geographic data sources provided
by many applications, such as Twitter, Instagram, Flickr,
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Facebook, and Weibo. This type of social media data is defined
as voluntary geographic information (VGI) and uses “citizens
as sensors” [22] to capture microscopic real-time geographic
data in the form of text, images, and videos. The extensive
coverage and real-time nature of social media data provides
great added value for improving the situational awareness of
ongoing events [23], [24].

Despite the wide availability of existing satellite images,
due to satellite revisit limitations, specific data may not be
available at the most urgent time and place. This means
that there may be missing data (gaps) from the viewpoint
of data availability. Therefore, the fusion of heterogeneous
remote sensing data and social media data can help fill
these gaps in satellite image collections and improve the
spatiotemporal resolution of the available data sets [25], [26].
This research topic has attracted widespread attention in recent
years [3], [27]–[29]. For example, Panteras and Cervone [30]
performed geostatistical analysis of daily Twitter data in order
to enhance the spatiotemporal resolution of the flood extent
retrieved by multisource remote sensing satellites, including
Earth Observing-1 (EO-1), Landsat 8, WorldView-2, and
WorldView-3. However, existing studies on the fusion of
remote sensing and social media data mainly focus on the
alignment of the representations, assuming that there are no
problems concerning geolocations (i.e., it is always assumed
that the geolocations indicated by geographic entities are
consistent with corresponding geographic phenomena). In fact,
this assumption may not hold in real scenarios, and there
may be (intentional or unintentional) problems with geolo-
cations when geographic data are generated [7], [31]. Taking
a flood event as an example, the geolocations indicated by
the geotagged messages are the locations of the social media
users, which usually correspond to relatively safe places (and
not always the exact inundated places). To address this issue,
Wang et al. [31] directly applied the OT method to relocate
spatially biased georeferenced tweets to the historical flood
areas, combined with Landsat images collected before and
after the disaster.

Although the OT algorithm is able to solve problems
caused by different probability density functions and further
align representations, it may not be appropriate to address
problems concerning the geolocations of geographic entities
and geographic phenomena. In fact, OT minimizes the overall
transportation cost to achieve domain adaptation, predefining
the weights of each location in the target domain following a
uniform distribution. However, a location with more tweeters
is likely to have more data, whereas a location with a few
tweeters probably has less data. Therefore, it is unlikely that
the data are produced with a uniform distribution, which
leads to the conclusion that OT exhibits clear limitations
when aligning geographic entities and indicated geographic
phenomena.

In this article, we develop a new alignment method called
geographic optimal transport (GOT) that is able to tackle
problems related to both probability density functions and
geolocations (simultaneously) in the context of heterogeneous
remote sensing and social media data fusion. In order to
illustrate the advantages of our method, we consider a flood

event that took place in 2013 in Boulder, CO, USA, as a case
study. Specifically, we focus on the problem of fusing remote
sensing images collected from the Landsat 8 operational land
imager (OLI) satellite and geotagged tweets of this event.
In order to accomplish the fusion task, remote sensing features
derived from water indicators, i.e., the normalized difference
vegetation index (NDVI) and the normalized difference water
index (NDWI are plugged into the proposed GOT, leading
to more effective alignments of Landsat 8 OLI images and
tweets in the considered case study. The main innovative
contributions of our work are as follows:

1) a new fusion method, named GOT, for the fusion of
heterogeneous geographic data (aimed at simultaneously
aligning representations and geolocations);

2) for the considered flood event case study, a careful inves-
tigation of NDVI and NDWI remote sensing features and
the development of two new forms of features: NDWI
difference and NDVI difference (considering the times
before and after flood);

3) a new metric, named corrected precision “Pc,” for the
evaluation of the performance of geolocation alignments.

The rest of this article is organized as follows. Section II
discusses some related works. Section III describes our newly
proposed GOT method. Section IV describes the data sets used
in our study. Section V describes our experimental results.
Section VI concludes this article with some remarks and hints
at plausible future research lines.

II. RELATED WORKS

In this section, we review the existing literature on domain
adaptation and OT.

A. Domain Adaptation

In order to solve the issues related to probability density
functions and perform alignment of representations, domain
adaptation has been widely adopted to transfer knowledge
from a source domain to a target domain. Domain adaptation
can be divided into two main categories, i.e., semisupervised
and unsupervised approaches. Semisupervised domain adapta-
tion uses labels in the target domain, whereas unsupervised
domain adaption does not use any labels from the target
domain.

There are many works developed for semisupervised
domain adaptation. A first attempt is to learn a
domain-invariant feature space by using all labeled samples,
both from the source and target domains. For instance,
in [9], a linear transformation is formed to map features
from the target (test) domain to the source (training)
domain for representation learning. In [10], the effect
of domain-induced changes in the feature distribution is
minimized for transfer learning. In [11], a flexible model for
learning nonlinear transformations between the domains is
proposed for transferring object models from one data set to
another. In [32], a kernel-based manifold alignment method
is proposed for the construction of a common, semantically
meaningful representation domain, aiming at the matching of
an arbitrary number of data sources. Wang and Mahadevan
constructed mappings to link different feature spaces in order
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to transfer knowledge across domains. In addition, some
studies use the target labels to adapt the source labeled
information, so that noise and outliers in the source labels can
be removed for mapping purposes, resulting in a more robust
model. For instance, Jhuo et al. [34] proposed a low-rank
method to reconstruct the source samples by the targets,
reducing the domain distribution disparity.

Unsupervised domain adaptation attracted more attention
recently, as it does not require labeled information from the
targets (in real scenarios, and it is generally difficult to obtain
labels from the target domain). In order to achieve unsuper-
vised domain adaption, an intuitive solution is to map both
the source and the target to a joint feature space. For instance,
Pan et al. [12] proposed a novel dimensionality reduction
framework for reducing the distance between domains in a
latent space for domain adaptation purposes. In [35], a projec-
tion is learned to map data instances from different spaces to
a lower dimensional space, simultaneously matching the local
geometry and preserving the neighborhood relationship within
each set. In [36], a new deep network-based approach is pro-
posed to jointly learn transferable features from labeled data
in the source domain and unlabeled data in the target domain.
In [37], a domain-invariant projection approach is introduced
to project the data to a low-dimensional latent space, where the
distance between the empirical distributions of the source and
target examples is minimized. In [38], generative subspaces
are created from both the source and target domains. Apart
from learning a joint feature space, another straightforward
solution for unsupervised domain adaption is to project the
source to the target. For instance, Saito et al. [39] aligned
the distributions of the source and the target by utilizing
task-specific decision boundaries.

B. Optimal Transport

OT, which can be performed in both semisupervised and
unsupervised mode, has been recently proved to be an effective
domain adaptation technique. For instance, in [5], a regularized
unsupervised OT model is proposed to match both probability
density functions of the source and target domains, constrain-
ing labeled samples of the same class in the source domain to
remain close during transport. In [40], a regularized OT-based
unsupervised domain adaptation approach is proposed to find
an optimal mapping from training to test samples by min-
imizing the distribution inconsistencies between the source
and target domains. In [41], OT was exploited for semisu-
pervised heterogeneous domain adaptation, which preserves
the semantic consistency between heterogeneous domains in
which target and transported source samples with the same
label are enforced to follow similar distributions. In [31],
an OT-based domain adaptation technique was introduced for
the fusion of heterogeneous remote sensing and social media
data, with the goal of detecting (and predicting) weather-driven
natural hazards.

III. METHODOLOGY

This section introduces the proposed GOT method for the
fusion of heterogeneous remote sensing and social media data.

Fig. 1. Graphical illustration of domain adaptation, where two domains,
i.e., a source domain and a target domain, are considered. There are eight
elements, with four belonging to the “cross” class and four belonging to the
“circle” class, respectively.

A. Domain Adaptation

Let us assume that there are K different geographic data
modalities, represented as maps { fk}k=1,...,K , with domains
Dk and ranges Vk , respectively

fk : Dk → Vk . (1)

With this definition in mind, the goal of domain adaptation
is to align representations and homogenize the domains of
different geographic data modalities (Dk) into a common space
D = {x1, . . . , xn} with xi ∈ R

2, for i = 1, . . . , n, being its
element

φk : Dk → D. (2)

Fig. 1 shows a graphical illustration of the concept of
domain adaptation. In this graph, two domains, i.e., a source
domain (in red) and a target domain (in blue), are considered.
In both domains, there are eight elements: four belonging to a
so-called “cross” class and four belonging to a “circle” class,
respectively. As it can be observed in the graph, it is very
difficult to separate the two classes in the original domains.
After domain adaption, the source domain and the target are
aligned so that the two classes can be well separated in the
joint domain.

B. Optimal Transport Algorithm

The traditional OT algorithm offers a way to find a minimal
effort solution to transport the distribution in the source
domain to the target domain. The space of the source distrib-
ution and the target distribution can be, respectively, denoted
by Ds = {xs

1, . . . , xs
ns

} and Dt = {xt
1, . . . , xt

nt
}, with ns and

nt being the number of elements in Ds and Ds .
Let � be the σ -algebra on D = {x1, . . . , xn}, and P(D)

denote the space of probability measures over �. The source
distribution Ps ∈ P(D) (e.g., the biased tweets) and the target
distribution Pt ∈ P(D) (e.g., the historical flood areas) can
be, respectively, written as

Ps =
∑
xi∈D

as
i δxi

Pt =
∑
xi∈D

at
i δxi (3)

where δxi is the Dirac unit mass at location xi and ai ’s, as
i ’s,

and at
i ’s are the coefficients in the probability simplex �n ,

i.e.,
∑n

i=1 ai = 1,
∑n

i=1 as
i = 1, and

∑n
i=1 at

i = 1.
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Fig. 2. Graphic illustration of OT from the viewpoint of representation
alignment. There are four source elements (in red) and four target elements
(in blue), respectively.

In the case of the discrete OT, the empirical distributions
P̂s and P̂t are the estimations of Ps and Pt through discrete
samples in the source and target distribution, respectively

P̂s =
ns∑

i=1

âs
i δxs

i

P̂t =
nt∑

i=1

ât
i δxt

i
(4)

where âs
i and ât

i are the probability masses that belong to
the probability simplex, i.e.,

∑ns
i=1 âs

i = 1 and
∑nt

i=1 ât
i = 1.

Here, Kantorovich formulation [42] is adopted to compute the
optimal coupling γ � between P̂s and P̂t as follows:

γ � = arg min
γ∈B

〈γ, C〉F (5)

where 〈·, ·〉F is the Frobenius dot product, C is the cost matrix,
whose term C(i, j) = c(xs

i , xt
j ) denotes the cost to move a

probability mass from xs
i to xt

j , and B is the set of probabilistic

couplings between P̂s and P̂t

B = {γ ∈ (R+)ns×nt |γ 1nt = P̂s , γ
T1ns = P̂t } (6)

where 1n is a n-dimensional vector of ones.
The probability mass of each location in the target dis-

tribution should be set according to geographic phenomena,
but it is difficult to obtain such information during an event.
Therefore, in [31], it is assumed that the probability mass of
locations in P̂s and P̂t is both subject to a uniform distribution,
i.e., the probability mass of xs

i and xt
j is, respectively, (1/ns)

and (1/nt ). Then, the OT function TOT can be expressed as

TOT(xs
i ) =

nt∑
j=1

nsγ
�(i, j)x t

j . (7)

Fig. 2 shows a graphical illustration of OT from the
viewpoint of representation alignment. There are four source
elements (in red) and four target elements (in blue). As it can
be observed, the realigned elements (in red dashed circles)
are well adapted to the targets, which is consistent with (7),
in the sense that a source element could be transported to the
target domain (however, only from a representation viewpoint).
From (7), we can conclude that an element is likely to be
transported to a location weighted by some target elements,
which may not be in the target domain. For further analysis,
we demonstrate the same domain adaption results in Fig. 2
in the sense of elements’ geolocation, as shown in Fig. 3.

Fig. 3. Graphic illustration of domain adaption results in Fig. 2 in view
of the geolocation of the elements, where “A,” “B,” “C,” and “D” represent
geographical phenomena, {“A,” “A,” “B,” “C”} (in rxed) are collected by the
source, and {“A,” “B,” “C,” “D”} are collected by the target.

As it can be noticed (again) in this example, there are two “A”
elements in the source domain denoting the same geographical
phenomenon. In the target domain, there is a “D” element
without a corresponding collection in the source domain. From
Fig. 3, we can conclude that one element “A” is relocated
to the target domain, which is correctly aligned from the
geolocation viewpoint and the representation viewpoint. The
other “A” and “B” elements are correctly realigned to targets
from a representation viewpoint; however, these same elements
are wrongly relocated from a geolocation viewpoint. Another
observation is that element “C” in the source is relocated
to a location weighted by the targets {“B,” “C”}, which is
outside the target domain. This happens due to the fact that
under the assumption of a uniform distribution, it is supposed
that the elements in the source domain would be transported
to the target domain with equal probability, that is, following
a balanced distribution in the target domain. The achievement
of such a balanced distribution may lead to two issues. First
of all, part of the densely distributed elements might need to
be transported to very far locations, which is not reasonable
in practice. Another issue is that the areas with few data
producers would be relocated with more data. In other words,
the source data might be transported to a location within an
inappropriate distance. In summary, the main problems of
using OT when aligning geolocations are: 1) the transport
might be outside the target domain and 2) the source data
might be inappropriately transported.

C. Geographic Optimal Transport

As discussed before, the assumption of probability masses
used in OT may restrict its application in geolocation align-
ment. To address this limitation, we introduce a new method
called GOT, which aims at simultaneously aligning repre-
sentations and geolocations in the context of heterogeneous
geographic data fusion. Recall that c(xs

i , xt
j ) denotes the cost

to move a probability mass from xs
i to xt

j . The GOT function
is given as follows:

TGOT
(
xs

i

) = arg min
xt

j ∈̂Pt

c
(
xs

i , xt
j

)
. (8)

As shown in (8), GOT directly transports a source element
xs

i to the location of a target element xt
j with minimum

cost, and all the data in the source elements are eventually
transported to the locations of the target elements. Note that
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Fig. 4. Graphic illustration of GOT from the viewpoint of representation
alignment, considering the same problem shown in Fig. 2.

Fig. 5. Graphic illustration of GOT from the viewpoint of geolocation
alignment, considering the same problem shown in Fig. 3.

this is the main difference between GOT and OT, as in OT
elements may be transported to locations outside the target
domain when aligning geolocations.

Furthermore, GOT has no assumption regarding the proba-
bility masses of domains. The transport is uniquely controlled
by the cost c(xs

i , xt
j ). Therefore, there is a possibility that

many elements may be transported to the same location and
that no elements are transported to some locations. This is
reasonable, as discussed before, since a location with more
producers is likely to have more data, while a location with
fewer ones probably has less data. For illustrative purposes,
Figs. 4 and 5 show the graphical illustrations of the perfor-
mance of GOT for the same problem previously described in
Figs. 2 and 3, respectively. On the one hand, from the aspect
of representation alignment (see Fig. 4), it can be observed
that GOT can properly align elements from the source domain
to the target domain. This behavior is very similar to that
of OT. On the other hand, from the aspect of geolocation
alignment, the performance of GOT is remarkable since all the
source elements are correctly relocated to their corresponding
targets (as shown in Fig. 5). Note that another important
characteristic of GOT is that the two “A” elements from
the source are transported to the same “A” location in the
target. This property is essential as, in reality, it is possible
that one single phenomenon is associated with many social
media producers, that is, it is possible that many elements
in the source correspond to the same target phenomenon.
Again, this stands out as the main difference between GOT
and OT: that GOT considers geolocations and representations
simultaneously, where OT only considers the representations.

As mentioned before, GOT is fully controlled by the cost
c(xs

i , xt
j ), leading to the possibility that many elements are

transported to the same location. Although this may possibly
happen, this may lead to the issue that producers from similar
locations, indicating that different targets may be transported

to the same location, resulting in an underestimation of the
geographic extent in the target domain. In order to avoid this
problem, let O(xt

j ) be an overflow effect function denoting the
total number of biased geographic data sources aligned to the
same location in the target distribution. Let β be the overflow
threshold. We define that if O(x t

j ) ≤ β, xs
i is transported

to xt
j . Otherwise, if O(xt

j ) > β, the overflowing data will be
transported to the next minimum cost location. In practice,
β can be determined by the quantity and aggregation degree
of biased geographic data. In our experiments, we set β
empirically to ns/1000.

Note that, in this work, both OT and GOT are used for
unsupervised domain adaptation purposes. Similar to OT, GOT
also transports the source to the target. In summary, the main
difference between them is that GOT can perform alignments
of representation and geo-location simultaneously, whereas
OT only aligns the domain representations, often resulting in
wrong geolocation alignments.

D. Remote Sensing Features

In the fusion process, in addition to considering the distance
factor, remote sensing features (capable of characterizing an
event) are also added. For instance, in a flood event, it makes
sense to use the well-known NDVI [31] that is based on the
characteristics of water bodies, with low reflectance in the
near-infrared bands and high reflectance in the red bands, and
intended to enhance the contrast between land and water

NDVI = ρ(NIR) − ρ(Red)

ρ(NIR) + ρ(Red)
(9)

where ρ(NIR) and ρ(Red) are the surface reflectance of a
near-infrared band (such as band 5 of Landsat 8 OLI imagery)
and a red band (such as band 4 of Landsat 8 OLI imagery),
respectively.

In order to characterize the flood more accurately, the dif-
ference between NDVI (before and after the flood event) is
calculated, namely

DIFF-NDVI = NDVIt2 − NDVIt1 (10)

where t1 and t2 are the times before and after the flood
event, respectively. Such DIFF-NDVI exploits an important
characteristic; the NDVI values of water bodies are smaller
than those of other land types (generally, NDVI values of water
bodies, cloud, and snow are negative), resulting in a decrease
of NDVI in flooded areas.

Besides, the NDWI during or after the flood event can also
be used to monitor a flood event [30], [43]

NDWI = ρ(Green) − ρ(MIR)

ρ(Green) + ρ(MIR)
(11)

where ρ(Green) and ρ(MIR) are the surface reflectance of a
green band (such as band 3 of Landsat 8 OLI imagery) and a
midinfrared band (such as band 6 of Landsat 8 OLI imagery),
respectively.

Compared with the NDVI, NDWI can also reduce back-
ground noise [44] and better distinguish between water bodies
and buildings. This is because both water bodies and floods
have great NDWI values during (or after) the flood event.
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Fig. 6. Schematic overview of GOT for the fusion of heterogeneous remote
sensing and social media data.

However, in this case, water bodies might be identified as
floods when using NDWI. Therefore, we introduce a new form
of NDWI to characterize the floods. Let

DIFF-NDWI = NDWIt2 − NDWIt1 (12)

be the NDWI difference between the two times of t1 and t2,
with the time stamp t2 > t1. Such DIFF-NDWI exploits an
important characteristic; the NDWI values of water bodies are
greater than those of other land types, resulting in an increase
of NDWI in flooded areas.

Finally, it should be pointed out that the value ranges of
both DIFF-NDVI and DIFF-NDWI are [−2, 2]. With this in
mind, we can infer the following.

1) When DIFF-NDVI is close to −2, the area is more likely
to be inundated.

2) When DIFF-NDWI is close to 2, the same observations
as those for DIFF-NDVI → −2 can be made.

E. Data Fusion

In this work, we propose a new data fusion model based on
GOT by using the aforementioned remote sensing features as
follows:

c(xs
i , xt

j ) = ∥∥xs
i − xt

j

∥∥2
2

+ α
∥∥2 − DIFF-NDWI

(
xt

j

)∥∥2
2

+ α
∥∥(−2) − DIFF-NDVI

(
xt

j

)∥∥2
2 (13)

where α is a parameter that can be tuned by observing
the distance transport cost in D, which is set to 1/5000 in
our experiments. As shown in (13), for the transport cost,
the proposed function considers the squared Euclidean dis-
tance between xs

i and x t
j and two kinds of remote sensing fea-

tures, i.e., DIFF-NDWI and DIFF-NDVI, bounded by extreme
inundated scenarios, with the ultimate goal of transporting
sources from dry to flooded areas within a relatively small
distance.

For illustrative purposes, Fig. 6 shows a schematic flowchart
of GOT for the fusion of heterogeneous remote sensing and
social media data. As it can be observed, GOT is used to
fuse remote sensing data, social media data, and historical
flood data, resulting in the fact that the social media data are
transported to the target data.

Fig. 7. Study area and its location in Boulder and Colorado.

IV. DATA SETS

During September 9–16, 2013, a large-scale rainstorm
occurred in a broad region of the Colorado Front Range
foothills (and adjacent plains). The average annual precipi-
tation was reached in just eight days, with local precipitation
exceeding 17.7 in (450 mm). The flood (caused by extreme
rainstorms) is still the most serious hydrological disaster in
Colorado history. It stretched nearly 200 mi from north to
south along the Colorado Front Range mountains, affecting
18 counties. The disaster killed eight people, lead to the
evacuation of more than 180 000 people, and caused more than
$2 billion in property losses. Such unprecedented catastrophe
was caused by a combination of factors, including long
duration of rainstorms, widespread spatial flood extent, and
prolonged duration of flooding from days to weeks, before
the finalization of rainstorms.

Located near the foothills of the Rocky Mountains, Boulder
was at the center of the flood event and was the worst hit
among the 18 counties affected by the disaster [26]. Compared
with the average annual precipitation (20.7 in, 525 mm) in
Boulder County, the daily precipitation on September 12 and
15 reached 9.08 in (231 mm) and 17 in (430 mm), respectively.
In this catastrophic flood event, Boulder County confirmed
three deaths and evacuated more than 1600 people, with
262 homes destroyed and nearly 300 more damaged. The flood
damaged nearly 900 mi2, of which more than 150 mi of roads
were totally destroyed. The satellite images, social media data,
historical flood data, and ground-truth data involved in this
catastrophic flood event are all publicly available, providing a
unique opportunity for the evaluation of our methodology. For
this reason, we use the 2013 flood event in Boulder County
as our case study for subsequent analysis (see Fig. 7).

A. Remote Sensing Data

Remote sensing is a reliable and synchronous method to
capture spatiotemporal characteristics of an event [45], [46].
Our study comprises two Landsat 8 OLI images (path/row:
33/32), which are publicly available from the United States
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Geological Survey (USGS) website.1 Landsat 8 OLI includes
nine bands with an imaging width of 185 × 185 km, with spa-
tial resolution of 30 m, including a 15-m panchromatic band.

In this study, we select the multispectral Landsat 8 OLI
images obtained on May 12 and September 17, 2013, to pro-
vide reliable remote sensing data before and after the flood
event, respectively. These images are publicly available with
fine spatial resolution, which can be used to extract the
remote sensing features required for our study. As mentioned
before, the floods in this catastrophic event continued for a
period of time after the cessation of rainstorms. Therefore,
the image of September 17, 2013, can better represent the
spatial characteristics of flood events. Boulder was completely
cloud-free in these two images, so high-quality optical remote
sensing data can be obtained. This research uses Landsat 8
Level-1TP data products, which have undergone systematic
radiation correction and geometric correction incorporating
ground control points while employing a digital elevation
model (DEM) for topographic displacement. Due to the
absorption and scattering of atmospheric molecules, water
vapor, aerosol, and other atmospheric components, satellite
sensors receive mixed information on the interaction between
the land surface and the atmosphere. In order to obtain the
real land surface reflectance, we use the Fast Line-of-sight
Atmospheric Analysis of Spectral Hypercubes (FLAASH)
algorithm for atmospheric correction [47]. Then, the NDVI
and NDWI (used to characterize water bodies in this study)
can be calculated.

B. Social Media Data

As one of the largest social media sites, Twitter is a
microblogging service that enables its users to send and receive
short messages through the web, instant messaging, or SMS
interfaces. These messages are called tweets [48]. Due to the
real-time nature of Twitter, it can improve situational aware-
ness and emergency response capability through the tweets
issued by official government agencies and the public, in order
to make wise decisions (especially during disasters [49]).
Twitter users can search and filter interesting topic messages
through hashtags, prefixed with the sign #. For example,
hashtags #boulderflood and #coflood are used to represent
the shared information about the Boulder flood event and
the Colorado flood event, respectively. Twitter is particularly
prominent in emergency response because it is able to search
and store tweets related to disasters by combining Web tools or
application program interfaces (APIs) using hashtags, as well
as text and spatiotemporal constraints [26], [50]. Follow-
ing [26], a total of 2254 tweets, which were harvested using
Twitter APIs, extending from 105◦18′2′′ to 105◦10′40′′W and
39◦55′54′′ to 40◦5′8′′N during the flood event, are used in
this study. Experiments were performed using these Boulder’s
flood-related geotagged tweets during the flood event only.
As mentioned earlier, geotagged tweets that indicate flood
events tend to suffer from geolocation problems since users
usually tweet from relatively safe places rather than directly

1http://www.earthexplorer.usgs.gov

Fig. 8. Spatial distribution of the original tweets, history flood extent as
prior information, and UFE as ground truth for the 2013 Boulder flood event.
(a) Tweets and special flood hazard area. (b) Urban flood extent.

on the flood sites. In our context, such biased geotagged tweets
represent the source distribution for transport methods.

C. Historical Flood Data and Ground Truth

The Flood Insurance Rate Maps (FIRM) identifies areas in
a community that is subject to flooding and shows the risks
associated with these flood hazards. One of the areas shown
on the FIRM is the Special Flood Hazard Area (SFHA), which
is defined as the area that will be inundated by the flood
event (having a 1% chance of being equaled or exceeded
in any given year). The SFHA for Boulder Colorado is
publicly available on the website of the Federal Emergency
Management Agency,2 which is referred to as the base flood
or 100-year flood. Since the SFHA can be used as an effective
means to collect historical flood data, this study sets it as
the target distribution for the transport of biased geotagged
tweets. The open data of urban flood extent (UFE) during
the 2013 flood event can be downloaded from the website of
Boulder city3 and used as our ground truth to evaluate different
methods for alignment. The UFE was collected by Boulder
citizens, using handheld GPS devices and photographs from
communities.

Fig. 8 shows the aforementioned Landsat 8 OLI data as
the background image. The biased geotagged tweets along
with the SFHA is shown in Fig. 8(a), while Fig. 8(b) shows
the UFE. At this point, we emphasize that, on the one
hand, the UFE is smaller than (or part of) the SFHA. This
is expected, as the SFHA considered here is a 100-year
floodplain, which is supposed to cover all flood possibilities
that could happen in 100 years. On the other hand, UFE is
very similar to SFHA. This means that the flood scale is very
severe in the considered case. Finally, it should also be pointed

2http://www.fema.gov
3http://www.bouldercolorado.gov
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TABLE I

ACCURACY EVALUATION OF RELOCATED TWEETS
USING DIFFERENT METHODS

out that the data fusion aims at relocating the biased geotagged
tweets to the UFE, with the SFHA being the prior source of
flood information.

V. RESULTS

In this section, we first perform a quantitative evaluation of
the precision results of relocated tweets using different meth-
ods for the 2013 Boulder flood event. Then, the spatial distri-
butions and transport paths of relocated tweets are discussed.
In addition, we further explore the practical performance of the
proposed GOT and OT using a new metric, named corrected
precision (Pc).

A. Quantitative Evaluation

Before presenting our quantitative results, we introduce the
metrics considered for evaluation.

1) “TP” denotes the number of relocated tweets that fall
within the UFE, i.e., the ground truth (true positives).

2) “FP” denotes the number of relocated tweets that fall
outside the UFE, i.e., the ground truth (false positives).

3) “P” denotes the proportion of TPs, which is given by:
P = TP/(TP + FP).

In this section, we first present a quantitative evaluation of
the results obtained by the proposed GOT. For comparative
purposes, the results obtained by the method in [31] (using OT)
are also reported. For simplicity, hereinafter, we use GOT and
OT to denote the proposed method and the method in [31],
respectively. Table I shows the obtained results in terms of
accuracy. Concerning P , several conclusions can be obtained
from Table I. First of all, it is remarkable that the proposed
GOT obtained much better results than those obtained by OT.
Furthermore, regarding the running time (in seconds), GOT
only spent 16 s, which is much faster that OT (208 s). This
is because GOT avoids learning the overall coupling for all
elements, therefore behaving more efficiently.

B. Qualitative Illustration

Here, we present a graphical comparison of the maps
obtained by the proposed GOT and OT. Fig. 9 shows the two
maps. It can be observed that the relocated tweets in the GOT
map are more concentrated in the UFE, whereas in the OT
map, they are more uniformly distributed throughout the UFE.
This means that there are many tweets transported to the same
location in the GOT map, whereas in the OT map, tweets
are transported to different locations. This is consistent with
the mechanism that GOT and OT hold. Specifically, GOT
allows multiple tweets to be transported to the same location.
However, OT assumes that the probability masses of locations

Fig. 9. Results obtained by (a) OT and (b) GOT.

in SFHA are subjected to a uniform distribution. The relocated
tweets are consequentially uniformly distributed. It should be
noted, again, that (in reality) the GOT mechanism is more
reasonable since it is possible that many people tweet from
the same flooded area. Furthermore, it is also important to
point out that GOT aligned all the tweets into the target
domain, i.e., SFHA; however, OT transported some of the
tweets to locations outside of the SFHA, as marked by the
yellow ellipses. It is critical from a theoretical viewpoint that
all the sources should be aligned to the target domain. From a
practical viewpoint, the SFHA (as a 100-year base) is supposed
to cover the full UFE, which is true in our case (all alignments
should also be inside the SFHA).

In order to further illustrate the performance of GOT and OT
in more detail, we select two groups of tweets, with 252 and
226 tweets, respectively. Both groups are located near the
UFE through their transport paths. The idea is to analyze the
behavior of the two methods, as shown in Fig. 10. First of
all, it can be observed that [as that shown in Fig. 9(a)] in
OT, tweets are likely to be transported to different locations,
whereas in GOT, there are different tweets being transported
to the same (or a similar) location [see Fig. 9(b)]. Again, this
is consistent with the mechanisms that the two methods hold.
A most important aspect is that, in GOT, tweets are transported
to the UFE at a close distance, which is entirely reasonable.
However, in OT, these tweets are mostly transported to very
far locations. This is a very interesting point. From a global
viewpoint, for both GOT and OT, the tweets are mostly
correctly relocated to flooded areas. However, it is easy to
tell that the relocations of OT are mostly wrong, due to the
fact that it is unlikely for tweeters to tweet from a very far
distance.

C. Further Analysis

In order to further analyze this behavior, we introduce a
new metric, namely “Pc” (corrected precision), to denote the
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Fig. 10. Graphical illustration of the transport paths of two groups of tweets:
OT (left) and GOT (right).

TABLE II

CORRECTED PRECISION OF RELOCATED TWEETS BY OT AND

GOT FOR THE TWO GROUPS OF TWEETS IN FIG. 10

proportion of relocated tweets being transported to the UFE
with a transport distance less than a given distance, i.e., 1 km,
in our study. Due to the fact that it is very difficult (and of less
interest) for tweeters to tweet from a location that is quite far,
we are aware that a closer distance, for instance, 100 m, would
be more reasonable. However, after considering the spatial
resolution of the Landsat 8 OLI image, in this flood event,
we empirically set 1 km for our study.

Table II shows the obtained results for the two groups of
tweets in Fig. 10. It can be observed that both GOT and OT
obtained very good performance with respect to P . This is

TABLE III

CORRECTED PRECISION OF RELOCATED TWEETS FROM
OT AND GOT FOR THE WHOLE DATA SET

expected, according to the analysis on Fig. 10 in Section V-B,
as in Fig. 10, most of the tweets are relocated to the UFE.
However, if we look into the corrected precision values, Pc,
it is completely the other way around. Pc of OT is 0% in
both groups. This means that all tweets are transported to
locations with distances far from 1 km or outside the UFE.
This, in practice, can be considered as a wrong relocation.
It should be pointed out that the performance of GOT is still
remarkable under this condition. However, the obtained values
of Pc are much worse than P , also for GOT.

In order to have a better evaluation of the corrected pre-
cision, Table III shows the obtained Pc values for the whole
data set. If we compare Tables II and III, the difference is
that, in the latter, P is worse than in the former. This is
reasonable, as the groups in Fig. 10 are selected with tweets
that are well relocated to the UFE. An interesting aspect is the
similar observations that can be made from these two tables.
First of all, as expected, Pc is worse than P for both OT and
GOT. Furthermore, for OT, in both tables, Pc is quite bad. This
means that almost no tweets are correctly relocated. Finally,
for the proposed GOT, the performance of Pc is remarkable.
A very important point is that, for GOT, the corrected precision
Pc is very similar for the whole data set and the individual
groups. In the end, we can conclude that GOT is quite robust
with respect to the corrected precisions.

VI. CONCLUSION AND FUTURE RESEARCH

In this article, we introduce a new fusion method for hetero-
geneous geographic data that are able to align representations
and geolocations simultaneously. Taking a 2013 Boulder flood
event as a case study, we apply our GOT method to solve
problems involved in the fusion of remote sensing and social
media data. Taking a flood event as an example, we introduced
some remote sensing features derived from water indicators,
i.e., the NDVI and NDWI, and further exploited them in the
fusion task. According to our experiments, GOT can success-
fully align spatially biased geotagged social media data to the
areas of the event, with high precision and stable performance.
In future research, our fusion of heterogeneous geographic
data will consider additional data sources, including content
and pictures coming from social media, and synthetic aperture
radar data.
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