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ABSTRACT

Ghana’s capital, the Greater Accra Metropolitan Area, is vulnerable to flooding. This paper proposes a fusion of
satellite imagery and social media data to derive informed flood extent maps and to understand affected population
reports during a flood disaster. We use a change detection technique and present an automatic thresholding approach
for flood extent mapping using Sentinel-1 images. We explore four different speckle filters and compare them using
the VV, VH and VV/VH polarizations to determine the best polarization(s) for delineating flood extents. The VV
and VH bands together on Perona-Malik filtered images achieved the highest accuracy with an F1-score of 81.6%.
Moreover, we add social media data layers representing tweet text and images posted from the region to highlight
different ways these heterogeneous data sources can be used. The obtained signals complement each other and help
find flooded roads and areas which are not identified by the satellite imagery analysis.
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INTRODUCTION

Flooding in Ghana is an inevitable socio-natural disaster that has wreaked havoc over the last decade. In 2017
alone, 117 flood events have been recorded by Ghana’s National Disaster Management Organisation which affected
4124 people whilst damaging 5700 houses.! In particular, the Greater Accra Metropolitan Area (GAMA)—-Ghana’s
national capital and largest urban agglomeration—is the largest and fastest growing industrial hub in Ghana, and has
been experiencing unprecedented torrential rain in the form of intensive storm events. These storm events consist of
heavy rainfall over a short period of time which result in flash floods that devastate low-lying areas. With a total
population of almost 4.7 million people as of 2020, the number of people vulnerable to flooding is intensified
in GAMA.2 Some of the factors attributed to the flooding problem include changes in rainfall and temperature
patterns, rapid urbanization, poor physical planning, flaws in the drainage network, and coastal inundation and
erosion as a result of climate change (Appeaning Addo et al. 2011; Rain et al. 2011; Karley 2009).

Satellite-based flood inundation mapping is becoming increasingly important during a flood event. Not only does it
provide better situational awareness by drawing attention to the areas that require immediate action, but it also assists
crisis managers with flood risk preparedness, management, response, and mitigation at the time of disaster (Tiwari
et al. 2020). Whilst satellite-based flood extent maps can offer timely information right after a disaster, it fails to
provide information in real-time. This is where the potential of social media comes into play, as it provides insights
in real-time. With this advantage there comes the drawback of requiring verification and this weakness is actually

tThttps://www.desinventar.net/
2https://ghana.opendataforafrica.org/kzspqfg/population-size-ghana-by-region-2010-2020
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the strength of remote sensing, where satellite imagery is usually reliable and accurate. Since remote sensing data
and social media data complement each other well, as the strength of one is the weakness of the other, the fusion of
both sources for rapid flood mapping can be a powerful tool for crisis responders. This is because both the wide
perspective provided by the satellite view combined with the ground-level perspective from locally collected textual
and visual information can help in planning a rapid response. Obtaining this comprehensive view of the flood
situation is crucial because satellite images only give a bird’s-eye view of a flood event, but does not reveal the
impact the flood had on people’s lives. In such situations, social media information can be used to support the
conclusions one might be reaching from satellite images, and vice versa; thus allowing for the quick verification of
one data set against another.

This paper plans to leverage satellite imagery for flood detection and Twitter data to understand human activity
during a flood event. Satellite imagery, particularly synthetic-aperture radar (SAR) imagery, with the help of flood
detection algorithms, is the preferred method to delineating flood extent in near real-time as it can penetrate through
clouds, unlike optical sensors (Joyce et al. 2009). Likewise, many studies show the use of Twitter social network
during flooding, as locals inform one another about casualties, damages, and alerts during a disaster (Velev and
Zlateva 2012). Research studies show people closely located to a disaster produce more informative disaster-related
tweets (Peters and De Albuquerque 2015; De Albuquerque et al. 2015; Herfort et al. 2014). When it comes to
prioritizing relief efforts, it is crucial that the damage assessment maps visualize which buildings, roads, and
facilities are completely damaged or partially affected, along with the number of lives at risk. Altogether, this paper
aims towards using useful information from different heterogeneous data sources to build a map that would assist
crisis managers identify flood extent, determine most vulnerable areas and population and in prioritizing response
for communities at high risk.

We use the change detection technique on Sentinel-1 imagery taken before and after the Ghana October 10, 2020
flood event. We determine the best speckle filter for Sentinel-1 images when used with the Otsu’s threshold detection
technique. Moreover, we determine the best polarization(s) in delineating flood extent when using Otsu’s automatic
threshold detection technique. Due to the lack of ground-truth data from Ghana, we apply our proposed approach
on imagery taken from Enugu Otu in Nigeria and show promising results. Moreover, on top of the remote sensing
layer, we add two social media layers representing relevant tweets and images classified using deep learning models.
With the help of our consolidated map, we highlight the following three types of signals useful for crisis managers
(more details in the results section):

(1) Confirmatory signals: when remote sensing, tweets, and images show flooding in the same area.

(2) Complementary signals: when tweet text or images bring additional contextual information and report/show the
kind of damage (flooded roads, bridges, damaged building).

(3) Novel signals: when one of the sources (either remote sensing, or tweet text, or tweet images) shows flooding or
other useful information.

The rest of the paper is organized as follows. In the next section, we summarize related work followed by a section
on study area and data. We present our approach in the methodology section and show results in the results section.
Finally, we provide a discussion of the results and conclude the paper in the last section.

RELATED WORK
Remote Sensing for Flood Detection

Satellite-based remote sensing is a cost-effective way to delineate floods in near real-time due to the availability of
timely multi-temporal images. Two different types of satellites have been used to map floods, the first one being
optical followed by multispectral. Synthetic-aperture radar (SAR) is a form of radar imagery which is unaffected
by weather conditions such as cloud coverage during flooded periods, thus making it suitable for detecting floods
(Carreiio Conde and De Mata Muiioz 2019). However, SAR data produces flood extents with limited accuracy
in densely populated areas due to the increased amount of backscattering from buildings.> Optical data on the
other hand, is able to separate water from non-water regions much easily compared to SAR data due to the distinct
reflectance in water. However, getting access to zero cloud coverage optical data during a flood event is very unlikely
as the flooded areas are usually covered with clouds.

Based on the summaries by Liang and Liu (2020), various SAR-based flood detection techniques have been proposed
in literature, including histogram thresholding, fuzzy classification, interferometric coherence calculation, region

3https://un-spider.org/advisory-support/recommended-practices/recommended-practice-google-earth-engine-flood-mapping/
in-detail
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growing and active contour model, object-oriented classi cation, and change detection. Among these methods,
thresholding (manual and automated) is the most commonly adopted method due to its simplicity and ability to
achieve similar accuracies compared to more complex algorithms. Liang and Liu (2020) further divides thresholding
methods into two categories, the rst one being global thresholding which uses a single threshold for the entire
image, and the second category being local thresholding which uses varying thresholds for di erent parts of the
image. Most thresholding methods used in research rely on a single threshold to separate water from non-water,
where some researchers like Martinis et al. (2009) considered only a single SAR ood image of the ood event to
extract water regions, whilst others like Giustarini et al. (2012) make use of a non- ood reference image as well to
improve the ood extent. Ruzza et al. (2019) and Tiwari et al. (2020), for example, computed a global threshold
value using Otsu's method (Otsu 1979), which is a widely used automatic thresholding technique to di erentiate
water from non-water regions. According to Ruzza et al. (2019), the best results are obtained when the image
histogram is characterized by a bimodal or multimodal distribution.

A few studies have investigated the fusion of both SAR and optical data where Amoah Addae (2018) focused on a
oodplain in Accra. Results showed that the fusion of both optical (PlanetScope) derived inundation and radar
(Sentinel-1) derived ood extent resulted in an Intersection-over-Union (loU) of 88% as compared to 75% for the
optical image alone and50% for the radar image alone. This shows that the combination of ood inundation from

di erent satellite sources can be bene cial in achieving near-accurate ood extents.

Social Media to Detect Human Activity

Volunteered geographical information (VGI) is de ned as the collaborative user-generated content through
crowdsourcing where users voluntarily contribute geographic data via the web (Goodchild 2007). Based on the
systematic literature review conducted by Horita et al. (2013), VGI has been commonly used to manage oods and
res with the predominant research area being disaster response. Social media in particular is being utilized in
studies for the early detection of oods, the derivation of ood maps in real-time, and ood depth map generation.

Jongman et al. (2015) analyzed ood-related Tweets in Pakistan and the Philippines to determine its use in early
detection of oods. Results showed that ood-related tweets were posted one to seven days prior to the event
being reported to the humanitarian organization. For example, ooding due to an over owing dam in Pambujan in
Northern Samar, was reported to the national Philippines Red Cross Society on December 8, 2014. However, on
Twitter around 200 tweets and photos were posted two days earlier (December 6, 2014) discussing the start of the
ood, thus proving the potential for early ood detection.

Huang et al. (2018) proposed a novel approach on integrating post-event remote sensing optical data with real-time
VGI from Twitter to develop near real-time ood maps. A kernel-based weighting algorithm is used to assign a
higher weight to a VGI point if the satellite-extracted wetness, i.e., Normalized Di erence Water Index (NDWI), is
also higher. The proposed methodology was tested on a 2015 South Carolina Flood, where results showed an overall
72.04% match with the ground truth inundation map. Eilander et al. (2016) also studied the use of Twitter data for
developing near real-time maps in the city of Jakarta, Indonesia. Tweets that mentioned the physical characteristics
of a ood, such as ood depth and the location were utilized in combination with a Digital Elevation Model (DEM)

to derive ood probability maps. Results showed that the peaks in the number of tweets correlated with the water
level observations at the gauging station where 69% of the validation points were within 500m from the modelled
ood extent.

Fohringer et al. (2015) generated ood inundation depth maps from photos posted via Twitter and Flickr within the
city of Dresden, Germany during the June 2013 ood. Water depths from the photos were manually estimated, and
with the help of a DEM layer and water level observations from gauges, water level estimates were interpolated
throughout the area. Similarly, Li et al. (2018) also generated near real-time ood maps by using water height
points derived from tweets and stream gauges along with a DEM layer. The model was applied on the 2015 South
Carolina ood case study where the results provided a consistent and comparable estimation of the ood situation
in near real-time.

The use of social media to assist ood mapping has not yet been investigated in Ghana, and thus GAMA is a new
region to be investigated in this paper. Moreover, adding a remote sensing layer will highlight new opportunities to
better understand ood extent and associated contextual information from tweets and images.

STUDY AREA AND DATA

Study Area and Flood Event

In this study, we focus on the severe ooding event that happened on October 10, 2020 in various parts of Ghana.
The study area selected is the Greater Accra Metropolitan Area (GAMA), as seen in Figure 1, which has a land
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area of approximately 1585 2 (Addae and Oppelt 2019). On 10 October 2020, the GAMA region was severely

a ected by ash oods that lasted for over six hours. With raging oodwaters up to one metre deep, roads turned
into rivers which caused vehicles to be swept away, resulted in tra ¢ chaos, and also damaged many homes. Many
locals shared their sentiments on Twitter by posting images and videos to show the devastation caused by the rains
and ooding4 Figure 2 shows the devastating impact of the ash ood at the time of the event, where cars are
submerged and trees have been uprooted. Two days after the event, Figure 3 shows that the ood waters have also
inundated houses.

Figure 1. Map of Study Area

Figure 2. Tweet showing roads a ected Figure 3. Tweet showing a house inundated

Inttp://floodlist.com/africa/ghana-flash-floods-cause-traffic-chaos-in-accra
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Dataset
Remote Sensing Data

Level-1 Ground Range Detected (GRD) Sentinel-1 SAR images from the Google Earth Engine (GEE) cloud
computing platform (Gorelick et al. 2017) were used for ood detection (Table 1). The pre- ood image, i.e.,
the reference image, represents a day from the driest period in GAMA, between December 4 and February 10,
according to Weather Spaknalysis of historical data from the years 1980 to 2016 for Accra. Since there was

no Sentinel-1 imagery available on the day of the ood event (10 October 2020), the earliest post- ood imagery
available was three days after the event (13 October 2020). Both VV (Vertical transmit and Vertical receive) and
VH (Vertical transmit and Horizontal receive) polarization's were investigated to determine whether one single
band or a combination of both is best at delineating ood extent.

Speci cations Sentinel-1 (SAR Data)
Before Flood 12 Dec 2019
After Flood 13 Oct 2020
Polarization Mode VV and VH

Observation Mode Interferometric Wide (IW)
Pass Direction ASCENDING

Spatial Resolution 10 m

Acquisition Date

Table 1. Sentinel-1 data speci cations for GAMA

Social Media Data

In order to collect ood-related tweets about GAMA ooding events, we used the Arti cial Intelligence for Disaster
Response (AIDR) system (Imran et al. 2014). Speci cally, we collected 30,266 tweets from October 10 13, 2020
using di erent keywords and hashtags € 16) related to Accra oods, includingAccraFloods, # oodsAccra,

Accra ood, Accra ooding, Accra rained, Accra heavy downpour, Accra torrential ood, d#oreover, we
downloaded images corresponding to the collected tweets. Table 2 shows the daily distribution of tweets and images.

Oct10 Oct1l Octl2 Octi3
Number of tweets 7209 9974 6666 6417
Number of images 865 934 908 906

Table 2. Twitter data collection details: daily distribution of tweets and images

METHODOLOGY
Processing Remote Sensing Data

United Nations Platform for Space-based Information for Disaster Management and Emergency Response (UN-
SPIDER) recommends a practice for Flood Mapping and Damage Assessment using Sentinel-1 SAR data in Google
Earth Engines We ne-tuned this methodology to include an automatic Otsu thresholding algorithm (Otsu 1979)
rather than a static threshold. Moreover, a di erence of the before and after imagery is not taken directly after
applying the threshold, but rather it is applied as the last step. A ow chart of our detailed methodology adopted for
ood mapping using Sentinel-1 imagery is shown in Figure 4. Next, we describe these methodological steps in
detail.

thttps://weatherspark.com/y/42322/Average-Weather-in-Accra-Ghana-Year-Round#Sections- Precipitation
éhttps://un-spider.org/advisory-support/recommended- practices/recommended-practice-google-earth-engine-flood-mapping/
in-detail
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