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Real-time data on flood extents and dynamics 

are important for risk assessment and emer-

gency response during the event. While real-time 

imagery is often unavailable due to heavy cloud 

cover during a flood, remote sensing platforms 

can be used to monitor its development through 

a synoptic view. Record rainfall occurring October 

1–5, 2015 in coastal South Carolina caused the 

October 2015 South Carolina Flood. The Conga-

ree River Watershed downstream of Columbia, SC 

experienced historic flooding. This study utilizes 

two satellite images acquired on October 8th (EO-1 

ALI) and 18th (Landsat8 OLI) to examine flood 

dynamics. Using a normalized difference wetness 

index (NDWI), the flooded and highly wet areas 

were extracted. Social media, such as Twitter, 

from public users allows quick awareness of floods 

in an area, but geolocation is not necessarily accu-

rate. Assisted with real-time Twitter data, satellite 

images after a flood helps to assess water retreat 

and potential risks for emergency responders. 

Since social media data sets are big, highly un-

structured and noisy in nature, sophisticated data 

mining algorithms are needed for the verification 

process from millions of tweets in a region. When 

automatic tweets verification approaches are 

available, integrating social media into geospatial 

science could become important data sources for 

disaster assessment and management.

Información en tiempo real de las extensiones 

y dinámicas de las inundaciones son importantes 

para la evaluación de riesgos y la respuesta a 

emergencias durante un evento. Mientras que las 

imágenes de tiempo real suelen no ser disponibles 

debido a una cubierta de nubes pesadas durante 

una inundación, las plataformas de teledetección 

pueden ser usados para seguir su desarrollo por 

una vista sinóptica. Una cantidad histórica de llu-

via entre el 1-5 de octubre, 2015 en Carolina del 

Sur causó la inundación de Carolina del Sur de oc-

tubre 2015.  La cuenca del Río Congaree abajo de 

Columbia, Carolina del Sur pasó una inundación 

histórica. El presente estudio usa dos imágenes 

satelitales adquiridos el 8 de octubre (EO-1 ALI) 

y 18 de octubre (Landsat8 OLI) para examinar las 

dinámicas de las inundaciones. Usando un índice 

normalizado de diferencia de humidad (NDWI), 

los lugares inundados y mojados fueron sacados. 

Los medios de comunicación social, como Twitter, 

de usuarios públicos permite una transmisión 

rápida de información, pero la geo-locación no 

siempre es precisa. Junto a información de tiempo 
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vivo de Twitter, imágenes satelitales después de las 

inundaciones ayuda entender el retiro de agua y 

los posibles riesgos para los personales de emer-

gencia. Como los conjuntos de datos de los medios 

de comunicación son grandes y difíciles de mane-

jar, es necesario tener algoritmos sofisticados 

para verificar los millones de tweets de una región. 

Cuando están disponibles sistemas de verificación 

de tweets, integrar los medios de comunicación 

social a la ciencia geoespacial podría convertirse 

en una fuente de información importante para la 

evaluación y manejo de desastres.

keywords: October 2015 SC Flood; satellite 

imagery; Twitter; flood dynamics; GEOINT

palabras clave: Inundación de octubre 2015 
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introduction

Spatial extents and temporal dynamics 
of a flood are important for rapid risk as-
sessment and post-disaster damage eval-
uation. In the October 2015 South Caro-
lina Flood, the Congaree River Watershed 
downstream of Columbia, SC was severely 
flooded due to intensive precipitation 
from Hurricane Joaquin. According to the 
U.S. Geological Survey (USGS) stream 
flow data, Congaree River in the down-
stream reached its peak flow at 185,000 
cubic feet per second (cfs) on October 4th 
(Musser et al. 2016). Water level data, 
however, were only available at a limited 
number of stream gauges, some of which 
were saturated by the severe floods. Tra-
ditional survey-based flood mapping 
usually takes place long after the event. 
For example, the first flood inundation 
map of the 2015 SC Flood was built upon 
hundreds of high-water marks surveyed 

by USGS in the pre-selected flood zone 
and was released in February 2016, 
a few months after the flood (Musser 
et al. 2016). The information is important 
for long-term assessments, but could be 
too late for decision makers to evaluate 
flood damages and risks for rapid emer-
gency response. Moreover, a recent study 
showed that the 100-year floodplain maps 
from the Federal Emergency Manage-
ment Agency (FEMA) failed to capture 
75 percent of flood damages claimed in 
Houston suburbs in 1999–2009 ( Blessing 
et al. 2017). Since U.S. officials use these 
flood zone maps to determine flood risk 
and insurance premiums, the study raises 
high concerns on the efficiency and accu-
racy of damage assessment during a flood, 
e.g., the catastrophic record- breaking 
flood in Houston from Hurricane Harvey 
in  August 2017.

Satellite observations provide a synop-
tic view of Earth surfaces and changes in 
a large spatial extent. When atmospheric 
conditions allow (e.g. without heavy 
clouds), satellite imagery can provide 
spatially continuous coverage of flooded 
areas. Multi-temporal observations easily 
reveal flood development. Additionally, 
beyond binary outputs such as flooded or 
not, multi-spectral imagery could extract 
a variety of indices to quantify flooding 
conditions across the spatial coverage. 
Ji et al. (2009), for example, reviewed a 
set of water indices for extracting water 
surfaces from reflective bands including 
green, red, green, near-infrared (NIR) and 
 shortwave-infrared (SWIR). They found 
that the green-SWIR normalized difference 
wetness index (NDWI) (Gao 1996) opti-
mally reflected moisture conditions and ex-
tracted waterbodies in medium- resolution 
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satellite images. Past studies also showed 
that SWIR is most sensitive to surface mois-
ture because of water absorption in this 
spectral region (Wang et al. 2007). 

One major challenge for image-based 
flood assessment is that data availability 
is restricted by long revisit cycles of space-
borne satellites, and restricted viewing 
angle. For example, the most commonly 
applied Landsat imagery is only available 
in every 16 days. While more spaceborne 
sensors in recent years (e.g., the commer-
cial small satellites) have the capability of 
changing view angles to acquire imagery 
on nearby orbits, heavy cloud cover and 
storms make these sensors infeasible to 
image land surfaces during a flood event. 
The earliest image is often acquired a 
few days after a flood, which hinders the 
 real-time flood assessment from remote 
sensing imagery. Aerial image acquisi-
tion from low-altitude platforms such as 
airplanes and emerging drone technol-
ogies can occur on demand, and cover 
area of interest, yet is often operationally 
restricted during severe storms. Regard-
less platform used to acquire imagery, 
the  image-extracted information after an 
event must be calibrated and corrected 
using real-time observations to better re-
flect flood characteristics. 

With the recent development of Cit-
izen Science, volunteered geographical 
information (VGI) drawn from the con-
cept of crowdsourcing (Goodchild 2007) 
is becoming widely used in monitoring 
extreme events (Poster and Dransch 2010; 
Triglav-Čekada and Radovan 2013). Social 
media - such as Twitter - captures localized, 
real-time information in forms of photos, 
videos and texts about an event, and the 
geotagged tweets contain geographic in-
formation (Imran et al. 2013). Integrating 

tweets, elevation and stream flow data in 
hydrological modeling, flood probabilities 
in a geographic area have been mapped in 
stochastic approaches (de Albuquerque 
et al. 2014; Smith et al. 2017). Specifically, 
to study the 2015 SC Flood, Li et al. (2017) 
utilized the verified flood-related tweets 
and developed a geostatistical model for 
rapid flood mapping based on topographic 
effects on water inundation in flood zone. 
Social media for disaster analysis, how-
ever, has been criticized for the reliability 
of the non-authoritative data collected 
by the public, which usually do not com-
ply with standard spatial data assurance 
procedures (Haklay et al. 2010; Poser and 
Dransch 2010; Schnebele 2014). Studies 
have been conducted to assess VGI’s un-
certainties in both locations and attributes 
(See et al. 2013; Roberts and Doyle 2017). 
For locational uncertainties, Haklay et al. 
(2010) tested with the OpenStreetMap 
dataset and found that VGI followed the 
Linus Law - with an increased number of 
contributors, the data would hold an in-
trinsic quality assurance - although the 
relationship between the contributor size 
and data quality was not linear. For infor-
mational uncertainties, Fonte et al. (2015) 
developed a quality control framework 
and suggested that VGI under good prac-
tices could be reliable for integrating with 
authoritative maps. In 2017, the Associ-
ated Programme on Flood Management 
(APFM 2017) released the Crisis Mapping 
and Crowdsourcing in Flood Management 
Tool to provide guidance materials for 
crowdsourcing practitioners in percep-
tion of risk awareness from social actors 
for improved flood management. Rosser 
et al. (2017) performed rapid probabilistic 
assessment of flood inundation by fusing 
geotagged Flicker photographs, satellite 
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imagery and elevation data in a statisti-
cal model, revealing good potentials of 
integrating VGI with remote sensing for 
near-real-time flood hazards mapping 
( Schnebele and Cervone 2013).  

This study evaluated the spatiotempo-
ral dynamics of wetness and flood risks 
from post-event satellite images using 
Twitter data as the real-time evaluation 
source. The NDWI is extracted to assess 
the spatial extents and temporal dynam-
ics of the SC Flood from two satellite im-
ages acquired on October 8 and 18, 2015. 
The wetness levels are ranked to identify 
the flood risks in the study area, and are 
evaluated at the locations of the verified 
flood-related tweets, hereafter referred to 
as tweet points. Changes of land surface 
wetness in the 10-day period are also ex-
amined to assess the spatial transition of 
high-risk areas after the peak event.  

study area and data sets

The study area is the upper Congaree 
River Watershed, an urban watershed in 

Columbia, SC, which includes most of the 
urban lands of this capital city (Figure 1). 
Affected by Hurricane Joaquin on  October 
2 - 5, 2015, SC experienced widespread, 
record-breaking rainfall of 20-25 inches in 
four days (Jonathan et al. 2016). A large 
number of flood events erupted across 
central and eastern SC, devastated thou-
sands of homes, infrastructures and ag-
ricultural lands, and caused direct losses 
of more than 300 million dollars and 
around one billion dollars for post-flood 
recovery (Feaster et al. 2015).  Columbia 
was among the most damaged areas of 
the state, reaching a 1000-year Flood 
level while other parts of the state were 
at a 500-year Flood level (Li et al. 2017). 
Based upon the 2011 National Land Cover 
Database (NLCD) product (Homer, et al. 
2011), land cover within the Columbia 
Metropolitan area is mostly developed 
lands with impervious surfaces (e.g. pave-
ment, buildings). Outside the city, land 
covers are mostly herbaceous, agricultural 
and forest lands. The downstream parts of 
the watershed are woody wetlands. 

Figure 1. Two satellite images (true color display) in the study area: the EO-1 ALI on October 8 (a) and 

Landsat OLI on October 18 (b). The inset is the ALI image in the study area (standard false color).
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Two medium-resolution satellite images 
covering the watershed were downloaded 
from the USGS Data Clearinghouse (Earth-
Explorer). The EO-1 ALI image (Figure 1a) 
was acquired on October 8 and the Land-
sat8 OLI image was acquired on October 18 
(Figure 1b). These images represented two 
post-flood stages of water retreat and land 
surface moisture movement. Both images 
have a 30-m resolution in multispectral 
bands. Taking the OLI image as reference, 
the ALI image was geometrically and atmos-
pherically corrected. Image pre- processing 
steps are described in next section. 

Official ground truthing data were 
limited due to physical access difficulties 
caused by the flood. In February 2016 
USGS released the inundation map based 
on field surveys within a pre- selected 
boundary in Columbia (Musser et al. 
2016). Although this inundation map 
did not survey our entire study area, this 
official inundation map represents the 
flooded areas during the event. Addition-
ally, in the Flash Flood Observation Da-
tabase at the National Weather Service 
(NWS), the USGS Flash Flood data points 
were updated to extend through May 
2016 (FLASH 2017). Within the study 
area, we extracted 23 geo- referenced 
flash flood points that served as ground 
truthing points (blue marks in Figure 2a).

As an emerging data source, social 
media allows us to quickly gain a sense 
of floods at multiple sites, although their 
geo-locations may not necessarily be accu-
rate. Following Hurricane Joaquin, about 
1.3 million geotagged flood-related tweets 
were collected in the whole state of South 
Carolina using Twitter Stream API and 
REST API (Li et al. 2017). Over 2,000 geo-
tagged flood-related tweets were collected 
in the Columbia Metro area (Figure 2a) 

using the commonly applied text-match 
technique, with case-insensitive keywords 
such as “flood” or “Joaquin”. The wildcard 
“*” was applied to include their variants 
such as “flooding” or “floods”. Tweets not 
having these keywords were not included. 
Therefore, some flood-related tweets 
could be missed if they did not have the 
matching texts. This has been commonly 
recognized as a limitation in text-match 
approaches to filtering social media data 
(de Albuquerque et al. 2015). To verify 
these flood-related tweets, colleagues in 
our research team manually checked them 
one by one to extract those showing evi-
dence of flooding select tweets by finding 
matching photos of the tweeted message. 
For example, if a photo attached on a tweet 
showed that a street was flooded, then the 
photo was compared against different 
mapping sources such as the road map, 
Google Earth, and street views. Only those 
with the verified photos were treated as 
the verified flood-related tweets. Among 
more than 2,000 geotagged tweets in Co-
lumbia, only 33 tweets were verified to 
show the evidence of flooding (red marks 
in Figure 2a). In Figure 2b, the posting 
dates of these tweets peak on October 4 
(19 posts) and 5 (5 posts), the two dates 
with the heaviest rainfall in Columbia 
(Berg et al. 2015). In this study, these 33 
points were also used as ground “truth-
ing” sources of floods to evaluate our 
 satellite-extracted results.

methodology 

Data preprocessing
The Landsat8 OLI image downloaded 

from the USGS Data Clearinghouse is the 
surface reflectance product that has been 
atmospherically corrected. The ALI image 
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Figure 2. Spatial distributions of tweets and Flash Flood points in the study area (a) and the posting 

dates of tweets (b).
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is not corrected and is contaminated by 
haze and thin cloud (as shown in Figure 
1a). Using the ATCOR2 algorithm, an 
extension in ERDAS/IMAGINE 2016 soft-
ware package, we performed the haze 
reduction to the ALI image. Atmospheric 
correction was then performed to convert 
the digital numbers of the ALI image to 
surface reflectance.  

Taking the OLI image as the reference, 
geometric correction of the new ALI image 
was performed, reaching the root-mean-
square-error (RMSE) less than one pixel. 
Even after atmospheric correction, surface 
reflectance values between the two images 
may not match exactly due to different 
sensor calibrations, atmospheric condi-
tions and, or correction algorithms. The 
histogram match was then performed to 
match the histograms of all ALI bands to 

the corresponding OLI bands. These pre- 
processing steps reduce the noises in the 
ALI image that are not related to land sur-
face conditions. In this way, surface reflec-
tance of the two images becomes compara-
ble so that it is possible to examine surface 
changes between the two images at differ-
ent times after the 2015 Flood event. 

NDWI and wetness levels
Land surface changes in a flood are 

mostly water inundation in flooded areas 
and wetness changes of land surfaces in 
non-flooded areas. Here we adopt the 
NDWI to represent land surface wetness 
in the study area. As discussed in Ji et al. 
(2009), it is the most stable index for ex-
tracting water surfaces from satellite im-
ages. With the green and SWIR bands, the 
NDWI is calculated as:

 (1)
ρ ρ

=
−
+

+NDWI green

green

SWIR

ρ ρSWIR
* 1000 1000

where ρgreen and ρSWIR are surface reflec-
tance of green and SWIR band, respec-
tively. A scale factor of 1000 and a shift of 
1000 are used to scale up the NDWI from 
[−1,1] to [0, 2000].

The NDWI is positively related to land 
surface wetness. Pixels with higher NDWI 
represent moister conditions. Waterbod-
ies have the highest NDWI that could be 
easily delineated in the NDWI image. The 
average NDWI value of water is around 
1,000 in randomly selected water pixels 
across the study area. Basic statistics show 
that the histogram of ΔNDWI (OLI-ALI) 
is normally distributed with a mean of 
0.557 (close to 0) and standard deviation 
of 57.799. Therefore, the two NDWI im-
ages are highly comparable, and the large 
standard deviation indicates reasonable 
wetness transition between the two dates. 

Based on the NDWI values in each 
image, we define five wetness levels, 
i.e. Low, Medium, Wet, Highly Wet, and 
Water (Table 1). Natural water bodies 
and flooded areas have NDWI > 1,000. 
Pixels in Wet and Highly Wet levels rep-
resent land surfaces that are not flooded 
but are under high risk of flooding be-
cause of their high moisture content. The 
same thresholding criteria are applied 
to the ALI and OLI images. This thresh-
olding approach is somewhat subjective, 
but it accurately reveals the spatial pat-
terns of wetness in the study area and 
their dynamics between the two images. 
Only the last three levels (Wet, Highly 
Wet, Water) are examined in this study. 
The Low and Medium levels are not 
under flooding risks because of their low  
NDWI values. 
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Wetness dynamics evaluation
Surface wetness changes are compared 

among the three wetness levels in the two 
images. Areal changes of the wetness level 
reveal flood retreat, and changes of the 
Wet and Highly Wet levels indicate the 
transition of high-risk areas.  

The 33 tweets represent the real-time 
flood at each tweeted location in the 
posting date. To apply the Twitter data 
in geographical analysis, however, two 
challenges need to be addressed. Firstly, 
the geo-locations of tweets are not accu-
rate because, for example, people most 
likely take photos in distance from the 
flooded area depicted by the photo. It is 
thus difficult to match the tweet points 
to a specific pixel in the image. To spa-
tially examine the wetness levels of the 
tweeted floods, we draw a 150-m buffer 
centered at each tweet point, and assign 
the maximum NDWI within the buffer 
as the wetness level of this point. We as-
sume that this buffer size fairly defines 
the distance limit for a person to take 
pictures of a flooded area, especially in 
urban environments such as Columbia. 
The maximal NDWI indicates the high-
est wetness condition within the buffer, 
and represents the highest flooding 
possibility if a flood event occurs in this 
area. The 23 Flash Flood points reported 
by USGS are assumed to have accurate 

positions, so the buffer analysis is not 
performed.

The second challenge is the temporal 
lags between satellite image acquisition 
and tweeted dates. As shown in  Figure 2b, 
majority of tweets were posted on October 
4 and 5. The earliest image (ALI), how-
ever, was acquired on October 8. Water in 
flooded areas during peak precipitation 
may retreat by the time of image acqui-
sition, which is especially true for flash 
floods. Here our hypothesis is that even 
though water in flooded areas may have re-
treated, surface wetness in these areas re-
mains high and therefore, could still be de-
tected from satellite images acquired after 
the peak event. The changes of wet pixels 
(in the three wetness levels) between the 
ALI and OLI images captured the flood re-
treat after the 2015 Flood event.

results and discussion 

Wetness level distributions 
and dynamics 
Water clearly stands out in the two 

NDWI maps calculated from both the ALI 
(Figure 3a) and OLI (Figure 3b) images. 
A number of small, natural waterbodies 
along Mills Creek in the northeast of the 
city were easily identified in both maps. 
Large patches of flooded areas on October 
8, for example those highlighted in a red 
dashed circle in southern Columbia, were 
also apparent. Water in these flooded 
areas retreated by October 18. 

The wetness level maps were extracted 
from the two images based on the NDWI 
ranks in Table 1. In Figure 3c and 3d, wet 
pixels (the three wet levels) are clustered 
along the Congaree River in southern Co-
lumbia and in Mills Creek northeast of the 
city. Areas along Saluda River in the north-
west of the city had minimal flooding. 

Table 1. The NDWI-extracted wetness levels  

in the two images.

Rank Wetness level NDWI range  

(ALI & OLI)

1 Low <800

2 Medium 800–900

3 Wet 900–950

4 High Wet 950–1,000
5 Water >1,000
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Figure 3. The NDWI distributions and Wetness Level maps on October 8 (a, c) and 18 (b, d). 

A red dashed circle in (a) and (b) demonstrated flood retreat in the 10-day period.
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Similarly, from October 8 to 18 water re-
treat was clear. According to the tweets 
in Figure 2, most flood events occurred 
on October 4-5. For flooded patches in 
the same circled area, the wetness lev-
els on October 18 (Figure 3d) reduced to 
Medium and were no longer under flood-
ing risk. Similar patterns were observed 
around smaller waterbodies along Mills 
Creek in the northeast.

Aside from these apparent water re-
treat patterns, the Wet and Highly Wet 
areas also showed interesting transition 
between the two dates. Overall wet clus-
ters were fragmented in both maps. On 
October 8 they were mostly clustered in 
south of the city along the downstream of 
Congaree River. On October18, patches of 
wet areas became smaller but were more 

widespread over the city. It may indicate 
that, in a short period after heavy pre-
cipitation, flood risk could remain high 
in developed lands even though water in 
flooded areas began to retreat. If more 
precipitation occurs as the initial flood 
waters are receding, these areas appear at 
higher risks of potentially re-flooding. 

Wetness dynamics over the 10 days 
between the satellite images are demon-
strated in Figure 4. Areas remain in 
Wet, Highly Wet, and Water levels, and 
those with their levels increased (new) 
or decreased (retreat) are displayed in 
the figure. Inside the city boundary are 
mostly developed lands under various 
intensities of development (open lands, 
low, medium, and dense urban). As ex-
pected, large flooded patches were mostly 

Figure 4. Wetness dynamics among the three wetness levels. The “Retreat” represents areas with their 

wetness levels decreased, while the “New” are those with their levels increased.
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retreated by October 18. However, wet-
ness in Columbia City was still a concern. 
Developed lands within the city boundary 
had increased wetness. In vegetated lands 
outside of the city, wetness dramatically 
decreased, indicating reduced risk on 
these pervious surfaces. Areal coverage of 
the three wetness levels between October 
8 (ALI) and 18 (OLI) shifted from wetter 
classes to less wet classes; open water 
decreased from 40.07 to 33.33 km2, the 
Highly Wet areas increased from 44.87 
to 56.33 km2, and the Wet areas slightly 
increased from 310.20 to 313.35 km2. 
For risk assessment purpose, we sug-
gest higher attention to these Highly Wet 
areas. Soil water content is approaching to 
its saturation point in these areas, which 
may result in flash flood within the short 
term or other damages in the long run. 

Wetness evaluation against 
ground truthing
The two wetness level maps in Figure 3 

are evaluated against the tweets with veri-
fied geolocations and the USGS Flash Flood 

points. Table 2 compares the wetness levels 
at the exact locations of tweets and Flash 
Flood points and the maximal NDWI values 
of the 150-m buffers at tweets. 

The satellite-extracted wetness levels 
did not match with the posted flood at 
the exact locations of tweets. Only at two 
tweets occurred at points that were classi-
fied as Water on October 8 and one on Oc-
tober 18. At most tweet points, the images 
were classified as either Wet or non-wet 
(low to medium) levels. Note that most 
of these tweets were dated October 4 or 5. 
Although satellite images were acquired 
either 3-4 (ALI) or 13-14 (OLI) days later 
after the tweets, the maximal wetness in 
the buffers was still in higher levels (Wet, 
High Wet and Water). This suggests that, 
within a 150-m buffer, it is very likely that 
wetness remains high a few days after a 
flood event. 

Spatial distributions of high wetness 
levels on October 8 were also overlaid on 
the tweets and Flash Flood points and the 
official USGS Inundation map (Figure 5). 
The USGS Inundation map provides the 

Table 2. Satellite-extracted wetness at tweeted and Flash Flood points.

Ground 

Truth
Image

Wetness levels

At Tweeted locations

Note Wet Wet High Wet Water Total

Tweet 
points

ALI (10/08) 17 11 2 2 33

OLI (10/18) 17 9 6 1 33

In 150-m buffers at tweeted locations

ALI (10/08) 2 14 12 5 33

OLI (10/18) 0 10 16 7 33
Flash 

Flood 
points

At Flash Flood reported locations

ALI (10/08) 9 12 0 2 23
OLI (10/18) 10 8 3 2 23
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flooded extents within its survey bound-
ary. As shown in the figure, the USGS only 
surveyed in the predefined flood zone 
close to the major river channels. The in-
undation area agreed with some tweets 
and Flash Flood points, especially along 
the Gills Creek that connects waterbod-
ies in the east branch of the survey zone, 
indicating that the floods were probably 
caused by water overflow in these areas.

Constrained by its survey zone, the 
USGS map could not reveal the complete 
inundation of the 2015 SC Flood in the 
study area. Most tweets and Flash Flood 
points were located outside of the inunda-
tion map survey area. Further away from 
waterbodies, these points may represent 
flash floods that occurred when soil sur-
faces reached saturation and could not 
hold additional moisture from excessive 

rainfall. When a flash flood quickly de-
veloped and retreated, areas around this 
flood may still hold high wetness levels 
that represented high risk of flooding. 
With a synoptic view, satellite imagery ac-
curately picks up the high wetness levels 
at these points, which makes it possible to 
assess flash flood risks. Not all flash floods, 
however, could be effectively detected 
from post-event satellite imagery. Consid-
ering the limits on timing and size, satel-
lite assessment of the localized flash floods 
is more difficult than water overflow. 

Potential of integrating 
remote sensing and social 
media in extreme weathers 
Extreme weather events such as floods 

have become more frequent in the south-
eastern US (Ingram et al. 2013). Due to 

Figure 5. The three wetness levels on October 8 overlaid on three ground truthing sources.
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high cloud cover and rainfall, optical im-
agery from airborne or satellite platforms 
could not be acquired during the flood 
event, which makes the real-time im-
agery assessment impossible. This study 
extracts surface wetness patterns from 
the post-flood satellite imagery and eval-
uates their temporal dynamics during the 
2015 SC Flood. The image acquired a few 
days after the flood easily picks up the 
remaining water in flooded areas. With 
more images acquired about 10 days later, 
the spatio-temporal changes of surface 
wetness will help to understand the path-
ways of water retreat and to identify the 
high flood-risk areas in case of continuous 
rainfall. Combined with the infrastructure 
network in Columbia, this information is 
of great value to quickly interpret flood se-
verity, quantify flood damage, and assess 
the security along roadways, bridges and 
dams for emergency responders. 

This study preliminarily explores the 
applicability of social media to assist sat-
ellite remote sensing in rapid flood as-
sessment. The flood-related tweets were 
mostly posted in real time during flood 
events. While their geo-locations contain 
high spatial uncertainties, these tweets 
help us gain quick knowledge about the oc-
currences and developments of local flood 
events. When authoritative ground truth 
data are not available during a flood event, 
this study indicates that social media pro-
vides valid “truthing” source for evaluation 
of satellite-extracted flood information. To 
reduce the effects of spatial uncertainties, 
this study simply calculates the maximum 
NDWI in a 150-m buffer to represent the 
flood event at a specific tweet point. The as-
sumption, however, could be questionable 
when the tweet points are close to natural 
waterbodies such as rivers and lakes. Flood 

development is highly related to topogra-
phy. Past studies have developed various 
statistical weighting approaches to esti-
mate flood inundation with elevation data 
(Apel et al. 2006; Li et al. 2017). In the fu-
ture, we will test similar  probability-based 
weighting approaches at the correspond-
ing tweet points to better assessing flood 
risks from satellite- extracted wetness 
across the study area.  

Challenges of Twitter data application 
also come from the verification of tweets 
related to a specific flood event. For the ex-
ample in this study, among over two thou-
sands of flood-related geotagged tweets 
posted after Hurricane Joaquin in City of 
Columbia, only 33 tweets were verified to 
show evidence of local floods. Manual se-
lection of these tweets is time- consuming 
and subjective. Tweets not verified did not 
necessarily indicate that these locations 
were not flooded. Rather, the tweets did 
not show the evidence of flooding, e.g. 
without a flood photo attached or the 
photo not matching the searching key-
words; therefore, we could not treat them 
as our “truthing” points in this study. Since 
social media data sets are big, highly un-
structured and noisy in nature, sophisti-
cated data mining algorithms are needed 
to automate the verification process from 
millions of tweets in a region. When au-
tomatic tweets verification approaches 
are available, social media could become 
important data sources for disaster assess-
ment and management. 

This study takes advantage of real-time 
tweets and large-coverage satellite im-
agery to compensate their drawbacks of 
locational uncertainty and the lack of spa-
tial contiguity (for tweets) and delayed 
acquisition (for imagery) for rapid flood 
assessment. Integrated with social media, 



178 wang et al.

the satellite-observed wetness maps help 
us better assess the flood severity in a 
timely manner, and thus quickly assist 
the resilience of society and environment 
responding to this extreme disaster. Nowa-
days, more guiding materials have become 
available to guide stakeholders or prac-
titioners during disaster events (APFM 
2017). VGI could thus be more involved in 
decision-making of disaster management 
by integrating authoritative reports with 
extended, crowdsourced databases. With 
improved crowdsourcing practices, the 
approaches tested in this study and future 
work could be applied for quick assessment 
of extreme events in a large geographic 
 extent such as the southeastern US.

conclusion 

This study conducts satellite image 
analysis to evaluate the spatio-temporal 
wetness dynamics in Columbia, SC in the 
upper Congaree River Watershed after 
the 2015 Flood event. With a normalized 
difference wetness index, surface wetness 
levels are categorized from two satellite im-
ages acquired on October 8 and 18, 2015, 
in which high wetness (Wet, High Wet, 
Water) areas represent high risks for flood 
watch. The peak flood occurred on October 
4 and 5 according to Twitter data. Within 
ten days, water retreated in flooded areas, 
but wetness within the City of Columbia 
remained high. These highly wet areas in 
the watershed deserve further attention for 
assessment of immediate flood risks and 
long-term impacts to the watershed. This 
study suggests that the post-event satellite 
imagery is useful for flood risk assessment 
because the surface wetness often remains 
high even after water retreats. The study 
also suggests that tweets could serve as a 

useful real-time source to leverage the post-
event satellite assessment. It contributes to 
the literature of integrating crowdsourcing 
with remote sensing to support geospatial 
assessment and rapid response of extreme 
weather events.
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