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ABSTRACT. Detection of flooding in rural areas is now commonly performed by high-resolution
synthetic aperture radar (SAR) sensors. However, flooding in urban areas causes a
greater risk to lives and property. Urban flood detection is more challenging due to
SAR shadow, layover, and double scattering effects. Nevertheless, it may often be
identified using the fact that in a post-flood image, double scattering between build-
ing walls and adjacent floodwater generally exceeds that in a pre-flood image, where
double scattering occurs between buildings and adjacent ground. However, in the
event of the urban region being deeply flooded, only a part of the building walls may
remain above the flood level so that the post-flood double scattering may be reduced
and a flooded region may be misclassified as non-flooded. We investigate whether
flood detection can be improved for deeper urban floods using interferometric coher-
ence as an adjunct to double scattering. An urban area that is not flooded should
often exhibit high coherence between image pairs, whereas if there is flooding in one
of the images the coherence should be low. An urban flood in Japan that contained
deep-flooded, shallow-flooded, and non-flooded areas was used as a test example.
It was imaged by Sentinel-1, and WorldDEM Digital Surface Model data was used to
estimate flood depth and building orientation. An analysis of double scatterers of low
post-/pre-flood brightness ratio was carried out for deeply flooded and non-flooded
urban double scatterers. It was shown that using coherence, 58% of the deeply
flooded buildings could be detected at the cost of a 16% false-positive rate.
Without the use of coherence to supplement the brightness ratio, all these deeply
flooded buildings would be misclassified as non-flooded. This finding could be of use
in automating the detection of urban flooding as an aid to flood risk management.
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1 Introduction
Flooding from pluvial, fluvial, and coastal sources is a significant natural hazard in many parts of
the world. The influences of climate change and growing urbanization in floodplains and coastal
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regions mean that flooding is likely to become more frequent and severe in the future, leading to
an increased proportion of the population being exposed to floods.1,2

An important tool for operational flood incident management is a synoptic map of the extent
of the flooding produced in near real-time.3 Such flood extent maps can also provide data for
assimilation into flood models to assist them in their predictions (e.g., Refs. 4 and 5) and for
evaluation of flood inundation forecasting systems (e.g., Refs. 6–8). High-resolution synthetic
aperture radar (SARs) are useful sources of flood extent maps as they have the ability to see
through clouds and work at night as well as by day. The Sentinel-1 Global Flood Modeling
(GFM) product now provides probabilistic flood extents in near real-time on a global basis.9

In rural areas where floodwater has no emergent vegetation or significant water turbulence,
the SAR signal is specularly reflected away from the sensor by the water surface so that there is
low backscatter. Automated flood detection in rural areas has been extensively researched and
is reviewed in Refs. 10 and 11.

Even though the major portion of a flood may lie in rural areas, flooding in urban areas
causes a greater risk to lives and property. While the side-looking nature of SAR tends to simplify
automated flood detection in rural areas, it complicates it in urban areas. This is because it causes
extensive strong double scattering that occurs between buildings and adjacent ground surfaces
in urban areas. In addition, the presence of buildings results in radar shadow and layover,
obscuring substantial areas of the urban ground surface from the SAR. Nevertheless, a variety
of approaches to the problem have been studied, including the analysis of backscatter in a post-
flood SAR image,12–15 analysis of backscatter changes between pre- and post-flood SAR
images,16–21 use of interferometric coherence together with intensity backscatter in pre- and
post-flood SAR images,22–31 and multitemporal analysis of SAR images.32–34

This paper is concerned with the change detection approach, whereby urban flooding is
detected by comparing a post-flood image acquired when the area is flooded to a non-flooded
(pre-flood) image. The approach was first introduced in Ref. 16 to reduce over-detection in
inundated urban areas.

As double scattering is the dominant SAR scattering mechanism in the urban area, a change
detection method can be constructed using double scattering to discriminate between flooded and
non-flooded areas.16–21 This is because double scattering generated between suitably oriented
buildings and adjacent floodwater in the post-flood image should generally exceed that generated
from the buildings and adjacent non-flooded ground in the pre-flood image.

Thus, for an urban region subjected to shallow flooding compared with the building heights,
if the post-/pre-flood brightness ratio is greater than 1, it is likely that the region is flooded,
whereas if the brightness ratio is approximately equal to 1, the region is probably not flooded.
However, in the less common scenario of an urban region being deeply flooded so that only a part
of the building walls remains above the flood level, the brightness ratio may again reduce to 1,
and a flooded region may be misclassified as non-flooded (see Sec. 3). This is a limitation of the
double scattering brightness ratio method. Indeed, in the rare event that buildings are completely
submerged, the brightness ratio becomes much less than 1, similar to a rural flood.

A number of change detection studies have considered the use of interferometric coherence
as an adjunct to brightness ratio for detecting floods in urban areas.22–31 An urban area that is not
flooded should often show high coherence between post- and pre-flood images, whereas if there
is flooding, the coherence should be low. These studies are reviewed in Sec. 2. While they have
invariably shown improved classification of flooded/non-flooded urban areas compared with
using double scattering alone, the particular case of deep flooding does not appear to have been
investigated before. Interferometric coherence is likely to be particularly useful in this case, for
which the brightness ratio has little discriminatory power.

The objective of the paper is to investigate whether the change detection method based on
brightness ratio can be improved for deeper urban floods using interferometric coherence to assist
the brightness ratio in discriminating flooded from non-flooded regions. The method was tested
using as an example an extensive urban flood imaged by Sentinel-1 containing deep-flooded,
shallow-flooded, and non-flooded areas to allow comparison between them. The testbed used
was a change detection system developed to detect urban flooding on a global basis using 10-m
resolution Sentinel-1 and 12-m resolution WorldDEM Digital Surface Model (DSM) data.18 The
Sentinel-1 constellation provides open-access, processed, geo-registered data in near real-time on
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a global basis, thus is well-suited for flood detection. The DSM was used to estimate flood depth
and building orientation for brightness ratio calculation.

The structure of the paper is as follows. Section 2 reviews relevant literature on the use of
brightness ratio and interferometric coherence in urban flood detection. Section 3 discusses the
theoretical background, including the dependence of the double scattering post-/pre-flood bright-
ness ratio on the flood depth and other parameters, and the measurement of interferometric coher-
ence. Section 4 introduces the study event and associated data sets. Section 5 describes the
method involving the detection of double scatterers using the DSM. Section 6 gives the results
and shows that over half of the deeply flooded buildings can be detected at the cost of a false-
positive rate that is not too high. In Sec. 7, the results are discussed and we conclude that
supplementing brightness ratio with interferometric coherence could be an important step in the
process of automating the detection of urban flooding as an aid to flood risk management.

2 Use of Brightness Ratio and Interferometric Coherence
in Urban Flood Detection

Several change detection studies have considered the use of interferometric coherence as an
adjunct to (or replacement for) the brightness ratio for detecting floods in urban areas.
Reference 22 investigated the role of coherence for detecting floodwater in agricultural and urban
areas using COSMO-SkyMed images and showed that the use of coherence in urban areas
allowed a considerable reduction in classification errors compared with using intensity data only.
Reference 23 used strong double-scattering SAR returns from flooded buildings aligned roughly
with the satellite flight direction to first detect the urban area. The urban flooding determined
using SAR intensity was then refined using the change in coherence between pre- and post-flood
SAR images. The method was tested using Sentinel-1 data from Hurricane Harvey in Houston,
Texas, in 2017, with good results. Reference 24 employed unsupervised classification and a
Bayesian network fusion framework to detect urban flooding using SAR intensity and coherence.
It was shown that coherence provides valuable information in addition to intensity in urban
flood mapping, again using Sentinel-1 data from Hurricane Harvey. For the same flood, Ref. 25
also used an active self-learning neural network applied to TerraSAR-X intensity and coherence
information to perform urban flood mapping. Reference 26 tested numerous urban flood
mapping approaches including change detection and coherence using Canadian flood events.
Reference 27 studied urban flood detection in Indonesian floods using SAR intensity and coher-
ence. Reference 28 combined the brightness ratio and coherence information into a single mea-
sure of urban flooding, and, using an unsupervised classification of Sentinel-1 data of an urban
flood in Iran, showed that the urban flood measure gave improved classification compared with
using the brightness ratio alone. Reference 29 enhanced the mapping of urban floodwater using
both co- and cross-polarized SAR images to detect significant decreases in multitemporal InSAR
coherence and considered not only double scattering but also multiple scattering from buildings.
Reference 30 improved urban flood mapping by applying a deep convolutional neural network
with an urban-aware model to dual-polarization Sentinel-1 multitemporal intensity and coher-
ence data. Reference 31 mapped urban flooding using a deep learning convolutional Siamese
network employing change detection and coherence. Other studies have investigated using
coherence alone to detect urban flooding.33–35 All these methods have illustrated the considerable
discriminatory power of coherence for identifying urban flooding.

3 Theoretical Background
Double scattering caused by buildings may result from ground-wall or wall-ground scattering.
The resulting return generally has high intensity not only because of the high proportion of the
incoming radiation that is reflected to the sensor but also because the double scattering ray paths
all have the same length, corresponding to the slant range of the base of the wall.36 For co-polar-
ized data, double scattering is strongest when the building wall is parallel with the satellite’s
direction of travel.37

Reference 18 summarized Ref. 17, which used double scattering to develop a method of
local flooding level estimation in urban areas using VHR SAR images. They used the rationale
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developed in Ref. 37 to associate the building wall height h above the ground or water surface to
the contribution of the double scattering to the radar cross section σ0 –

EQ-TARGET;temp:intralink-;e001;114;712σ0 ¼ hfðpÞ (1)

where p is a vector of known parameters and p ¼ ðl; σ; L; εw; εs; θ;φÞ. Here, l is the building
length; σ and L are the standard deviations and the correlation length of the stochastic process
representing the ground surface, respectively; εw is the complex dielectric constant of the build-
ing wall; εs is the complex dielectric constant of the ground surface; θ is the SAR incidence
angle; and φ is the angle between the wall and the satellite direction of travel.

In this study, we acquire a pre-flood and a post-flood intensity image. The ratio, r, of the
calculated double scattering cross-section between the post- and pre-flood images is given by

EQ-TARGET;temp:intralink-;e002;114;604r¼ σ0w∕σ0g ¼ ðhA − hWÞfðpwÞ∕ððhA − hGÞfðpgÞÞ: (2)

In Eq. 2, we have assumed a water surface (σ0w) in the post-flood image and a ground surface (σ0g)
in the pre-flood image. The building wall height is given by hA, hW is the height of the flood-
water, hG is the ground height, and pwðpgÞ is p for water (ground).

To assess whether the ground around a correctly oriented building is flooded or not, it is
usually assumed that the flood depth is small compared with the building heights. If the depth of
flooding is small, Eq. (2) reduces to –

EQ-TARGET;temp:intralink-;e003;114;504r ≈ fðpwÞ∕fðpgÞ: (3)

From Eq. (3), if the ground is non-flooded, the ratio r should be 1. However, if the ground is
flooded, r > 1, primarily because the permittivity of water is higher than that of asphalt (see
Table 1 of Ref. 14). For an S-1 pixel, the ratio for a flooded building may be reduced due
to the size of the pixel. However, it should still be greater than 1.

The ratio is a maximum rmax when the flooding is small and when hW ≈ hG. If the building is
flooded to a significant height, hW > hG and r < rmax. Figure 1 illustrates the effect of varying
flood depth on the double scattering from a building. Figure 1(a) shows double scattering from
the ground (r ¼ 1) and Fig. 1(b) double scattering from a low flood depth (r > 1). When the
flood depth is equal to the building height [Fig. 1(c)], there is no longer any double scattering,
and the backscatter reduces to the level σ0r generally associated with a rural flood (r < 1).
It follows that there is a flood depth between these two cases where the backscatter is similar
to that in the non-flooded case (a), when r ¼ 1 [Fig. 1(d)]. In real situations, the backscattering
may be more complicated because of adjacent buildings.

Note that theoretical studies estimating the brightness ratio r for HH-polarized data found
that it was high at φ ¼ 0 deg but only small at φ > 10 deg,22 which implies that few double
scatterers might be detected in an urban area, which would limit the effectiveness of the method.
However, recently, it has been shown that for Sentinel-1 VV data, the modeling underestimates
the number of double scatterers with high brightness ratios in the φ range of 10 deg to 30 deg.38

In this study, the interferometric coherence is used as an additional feature to assist with the
discrimination of flooded and non-flooded double scatterers. The interferometric coherence at a
point is computed from N samples neighboring the point taken from a pair of complex SAR
images, S1 and S2, and is expressed as –

EQ-TARGET;temp:intralink-;e004;114;216γ ¼

���PN
i¼1 S1iS2i�

���
p�P

N
i¼1 jS1ij2

P
N
i¼1 jS2ij2

� . (4)

The coherence varies in the range [0, 1], with 1 indicating fully correlated data and 0 fully
uncorrelated data. In urban areas, two images with the same SAR parameters taken before the
flood (pre-event pair) will generally exhibit high coherence as there will be little change between
them. By contrast, if flooding is present in one of the images (co-event pair), coherence will
generally be low because the changes between the images result in decorrelation. In practice,
the coherence of the pre-event pair may be reduced somewhat due to anthropogenic changes
between the images caused, for example, by differing traffic conditions. To compensate for this,
a coherence ratio may be taken between the co-event and pre-event pair coherences, and the
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coherence ratio used to discriminate between flooded and non-flooded urban areas.28 Unlike
double scattering, coherence is independent of the orientation of buildings.39 Note however that
coherence is a local area measure centered on a pixel, whereas the brightness ratio is pixel-based
and therefore has a higher spatial resolution.

The method employed here requires three Sentinel-1 images t1, t2, and t3 of the same pass
and incidence angle, where t1 and t2 are acquired before flooding and image t3 is acquired
during flooding. The double scattering cross-section ratio r is

EQ-TARGET;temp:intralink-;e005;117;303r ¼ σ0t3∕σ0t2; (5)

and the interferometric coherence ratio coh_rat (0 < coh_rat ≤ 1) is

EQ-TARGET;temp:intralink-;e006;117;266coh_rat ¼ γt2t3∕γt1t2; (6)

where σ0t3 and σ
0
t2 are the backscattering cross-sections (linear scale) of images t3 and t2, respec-

tively; γt2t3 and γt1t2 are the coherences between images t2 and t3 (co-event pair), respectively;
and t1 and t2 (pre-event pair).

4 Study Event and Data Sets
The method was tested using as an example the urban flooding in the city of Koriyama in Japan
that occurred due to Typhoon Hagibis on October 12 to 13, 2019. The flooding included an area
of deep urban flooding as well as areas of shallow flooding and non-flooded areas, allowing the
scenarios to be compared. Typhoon Hagibis carried with it a large volume of warm air, resulting
in unprecedented rainfall across a third of Japan.40 The typhoon was extremely strong and
affected a vast area, generating heavy rain, storms, high waves, and storm surges. In Japan, the
total damage caused was calculated to be 15 billion USD. It has been estimated that thousands of
buildings were flooded in Koriyama itself.41

Fig. 1 Effect of flood depth on the double scattering brightness ratio (r ) from a building. (a) Double
scattering from the ground, (b) double scattering from a low flood depth, (c) backscattering (σ0r )
when a building is completely inundated, and (d) double scattering from a significant flood depth at
which backscatter intensity is equal to the case shown in panel (a) (after Ref. 35).
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A flood reference map of the extent of the flooding in Koriyama was published by the
Geospatial Information Authority of Japan (GSI) from the information collected up to
October 13 (Fig. 2).42 The map was developed using aerial images and elevation data. The main
urban region flooded in Koriyama was to the east of the Abukuma river, between this river and
a tributary. The flooding was imaged by Sentinel-1 (descending pass) on October 12, 2019
(Table 1).

Figure 3 shows an aerial photograph of the flooding, viewed from the east, taken on the
morning of October 13 just a few hours after the SAR overpass.43 It is apparent that the north
of the flooded region contains more factories than housing, whereas the south contains more

Fig. 2 Reference flood map of the Abukuma river flood (Abukuma river runs south to north).42

Table 1 Sentinel-1 IW VV/VH images used for flood detection (UTC = coordinated universal time).

Data type
Post-flood image acquisition

time (UTC)
Pre-flood image acquisition

time (UTC)

Intensity (GRD images) October 12, 2019, 20:42 UTC October 6, 2019, 20:43 UTC

Coherence (SLC images) October 12, 2019, 20:42 UTC October 6, 2019, 20:43 UTC

September 24, 2019, 20:43 UTC

Fig. 3 Aerial photograph of the flooding viewed from the East.43
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housing. Also, the buildings in the north often seem flooded quite deeply compared with those in
the south.

The Koriyama flood is a rare example of a deep flood over a large urban area that has been
imaged by S-1 and for which validation data exists. The area of deep flooding covers several
square kilometers and includes hundreds of flooded buildings. As a result, there are hundreds
of individual scenarios of lower buildings and higher buildings at different orientations in deep
floodwater, with associated double scattering and coherence measurements. Analysis of Google
Earth images of the deep-flooded region shows that the buildings are mostly surrounded by
asphalt and that most of the buildings are built of brick. This is similar to many urban areas
around the world, as asphalt surrounding brick-built buildings is very common.

Fig. 4 Pre-processing steps applied to the S-1 images. (a) S-1 GRD intensity image pre-process-
ing. (b) S-1 SLC image pair pre-processing to estimate coherence.

Fig. 5 (a) S-1 VV intensity image for October 12, 2019 (post-flood). (b) S-1 VV intensity image for
October 6, 2019 (pre-flood). (c) Coherence image for co-event image pair October 12, 2019, and
October 6, 2019. (d) Coherence image for pre-event image pair October 6, 2019, and September
24, 2019.
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A number of preprocessing steps were applied to the SAR images using the European Space
Agency (ESA) SNAP toolbox (Fig. 4). For the Ground Range-Detected (GRD) intensity images,
the preprocessing steps to extract backscatter intensity included image subsetting, orbit correc-
tion, radiometric calibration, and range-Doppler terrain correction. The resulting post- and pre-
flood intensity images were collocated to the DSM in the WGS84 coordinate system [Fig. 4(a)].

The Single-Look Complex (SLC) images were processed to extract image coherence as
described in Ref. 44 [Fig. 4(b)]. The processing sequence on each image pair included image
subsetting, orbit correction, back geocoding, enhanced spectral diversity, coherence measure-
ment (using an 80-m square window), deburst, and range-Doppler terrain correction. In one pair,
the image on October 6, 2019, was the master and the image on October 12, 2019, was the slave;
in the other pair, the image on September 24, 2019, was the master and the image on October 6,
2019, was the slave. Each pair was then collocated to the DSM.

Figure 5 shows the S-1 VV post-flood (October 12, 2019) and pre-flood (October 6, 2019)
intensity images, and the coherence images for the co-event image pair (October 12, 2019, and
October 6, 2019) and pre-event pair (October 6, 2019, and September 24, 2019).

The World Settlement Footprint (WSF) 2019 10-m resolution dataset was used to identify
the Koriyama urban area. The WSF mask is open-access data available on ESA’s Urban
Thematic Exploitation Platform (U-TEP).45 Only VV polarization data were used, as previous
results have indicated that VV polarization is better than VH at distinguishing flooded from
non-flooded double scatterers.38

5 Method
A supervised approach was adopted based on detecting double scatterer (DS) pixels in the urban
area that were aligned roughly parallel to the satellite track and determining whether these DS
were flooded or non-flooded using the flood reference map. The processing steps involved are
shown in Fig. 6.

Following Ref. 18, we use a Roberts edge detector46 to detect strong edges in the DSM
(mainly corresponding to building edges). The edge detector calculates the local gradient at
a pixel using a 2 × 2-pixel window centered on the pixel. The Roberts detector is used because
the width of streets in dense urban areas may be comparable to the DSM pixel size. Other edge
detectors typically have a larger kernel (e.g., Sobel) and would not be appropriate. Edges with a
large aspect angle to the satellite direction of travel (φ > 35 deg) are suppressed, as the SAR
image is unlikely to exhibit substantial double scattering at these edges. Non-maxima suppres-
sion is performed on these edges. Due to the fact that the aspect angle calculated can be rather
noisy, selected pixels are also required to have a backscatter above a threshold in the pre-flood
image. The rationale behind this is that a correctly oriented double scatterer should give a rea-
sonably sized backscatter even in the pre-flood image.

Fig. 6 Processing steps in the identification and classification of double scatterers.

Mason and Dance: Improved urban flood detection in deeper floods using synthetic. . .

Journal of Applied Remote Sensing 021007-8 Apr–Jun 2025 • Vol. 19(2)



At each edge pixel, the pixel and its immediate neighbors on either side of it along a line
perpendicular to its edge direction are selected. By examining these three pixels, we find the
maximum brightness ratio between the post-flood and the pre-flood image, the maximum
DSM height (assumed to be from a building roof), and the minimum DSM height. The minimum
height is required to be in the height range expected for flooding. This reduces outliers from
heights above reasonable flood levels. We assume that the minimum height is the local ground
height, where the DSM and the DTM coincide. Hence, there is no need to generate a separate
DTM from the DSM prior to the processing.

A DS is assigned to be wet or dry depending on its class in the corresponding position in the
Koriyama flood reference map. The coherence ratio coh_rat is also calculated for each DS. Note
that coh_rat is an areal measure from an 80-m square region centered on the DS, whereas the
brightness ratio is that at the DS pixel itself.

6 Results
This section begins with the estimation of flood depths over the flooded urban area (Sec. 6.1).
This is used in an analysis of DS brightness and coherence ratios in shallow-, deep-, and non-
flooded urban areas. The question of how the coherence ratio can assist with discrimination of
deep- and non-flooded DS of low brightness ratio is addressed (Sec. 6.2). The change in clas-
sification accuracy of DS of all brightness ratios when coherence is taken into account is also
measured (Sec. 6.3), as is the change in accuracy of the urban flood extent (Sec. 6.4).

6.1 Estimation of Urban Flood Depths
The flood reference map of Fig. 2 was used in conjunction with the DSM of the area (Fig. 7) to
develop an approximate urban flood depth map at the time of the SAR overpass. An approximate
estimate of the flood depth in the region of deep flood D (Fig. 7) was made as follows. An
analysis of the flood edge from the post-flood SAR image intersected with the DSM in the rural
area east of Koriyama (in region DH) near region D gave an average rural flood edge height of
227.4� 0.2 m. The calculation was made over an area of gently sloping fields so that heights
could be measured accurately. Almost 70% of the DS in region D have a ground height of
less than 227 m, the mean DS ground height being 225.3 m (standard deviation = 1.1 m).

Fig. 7 DSM of the area containing the main flooded region in Koriyama, with deep and shallow-
flooded regions demarcated.
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Assuming that the flood height does not change between regions D and DH, this gives a mean
flood depth for these DS of 2.1 m, which is reasonably deep. About 30% of DS in region D have
ground heights lower than 225.3 m and are flooded more deeply.

An approximate estimate of flood depth in the shallow flood region S (Fig. 7) was made in a
similar fashion. An analysis of the post-flood SAR image flood edge intersected with the DSM in
region SH near region S in a region of low slope gave an average flood edge height of
229.0� 0.1 m. The mean ground height of DS in region S is 228.5� 0.2 m, giving a flood
depth in region S of 0.5� 0.2 m. This analysis indicates that region S is an area of shallow
flooding, whereas region D is flooded more deeply. Between regions SH and DH, there was
a slight fall in flood elevation of 1.6 m over a distance of 2 km. Figure 8 shows the approximate
flood depth map over the whole flooded urban area developed using a flood-fill to the flood level
in the shallow flood area.

This finding is corroborated by the study carried out by the Japanese firm Synspective,
which analyzed the flood damage in Koriyama around the Abukuma river using Sentinel-1 data
observed on October 12, 2019 (the same post-flood image as used in the present study).41

Fig. 8 Approximate flood depth map over the flooded urban area.

Fig. 9 Synspective analysis of the Abukuma river flood.41
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Synspective found an area of shallow to medium flooding (<1.8 m) roughly corresponding to
region S and an area of deeper flooding (>1.8 m) roughly corresponding to region D (Fig. 9).
These areas also seem to be apparent in the aerial photo (Fig. 3).

6.2 Analysis of DS Brightness and Coherence Ratios
Figure 10(a) is a scatter plot of brightness ratio r versus coherence ratio for DS in the shallow-
flooded, deep-flooded, and non-flooded urban areas of Koriyama. The numbers of counts in
each class have been kept similar. The lowest number is in the shallow flooded class so other
classes have been subsampled. Figure 10(b) shows brightness ratio histograms generated from
Fig. 10(a).

Table 2 shows the class brightness ratio and coherence ratio means and standard deviations.
It is apparent that the mean brightness ratio for the deep-flooded class is quite high (6.0), though

Fig. 10 (a) Scatter plot of double scatterers in shallow-flooded, deep-flooded, and non-flooded
areas of Koriyama (blue = deep flood, green = shallow flood, yellow = non-flooded).
(b) Brightness ratio histograms generated from panel (a).
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with a large standard deviation (7.4). This is likely because of the mix of building heights that
occur in region D (Fig. 7). The mean building height associated with the DS in this region is
3.8 m, though the standard deviation is large at 2.6 m due to a number of taller buildings. The
higher buildings generate higher r values, though there are other lower buildings flooded more
deeply for which r is lower. The depth of flooding of some of the lower buildings is apparent by
comparing them to the taller buildings in the aerial photo (Fig. 3), which was acquired only a few
hours after the SAR overpass.

Note that the shallow flood class has a higher mean brightness ratio (13.4) than the deep
flood class, which is as expected given the lower depth of flooding in region S and the fact that
there are many buildings of similar height in regions S and D. The mean building height asso-
ciated with the DS in region S is 3.2 m, lower than in region D, but the much smaller standard
deviation (1.6 m) indicates a more uniform building height in region S.

Meanwhile, the non-flooded class has a lower mean brightness ratio (1.8) than the deep-
flooded class, though the histograms of these classes in Fig. 10(b) show there are many deep-
flooded DS at low ratios, and it appears that the deep flood class mean ratio has been raised by
higher buildings.

Regarding the coherence ratio coh_rat, the mean of this is lower for the two flooded classes
than the non-flooded class, as expected. From Fig. 10(a), it is apparent that some flooded DS
have coh_rat = 1.0, which appears to be due to the coherence from the pre-event image pair
t1 and t2 being low and similar to the coherence from the co-event image pair t2 and t3.

A further interesting fact is that the brightness ratio and coherence ratio turn out to have only
limited dependence. Analysis of the data used here indicates that the correlation between r and
coh_rat is −0.005 only.

Our aim is to examine how well coherence can assist with the discrimination of deep-flooded
and non-flooded double scatterers when these have a low brightness ratio. Figure 11 shows
coherence ratio histograms for low brightness ratio DS (r < 2) for the deep and non-flooded
classes. These DS samples are those for which the brightness ratio has low discriminatory power

Fig. 11 Coherence ratio histograms for low brightness ratio double scatterers (r < 2), for deep-
flooded and non-flooded classes.

Table 2 Class brightness and coherence ratio means and standard deviations.

Class Number of DS
Mean (s. dev.)

brightness ratio r
Mean (s. dev) coherence

ratio coh_rat

Shallow-flooded 66 13.4 (10.9) 0.69 (0.28)

Deep-flooded 71 6.0 (7.4) 0.65 (0.30)

Non-flooded 73 1.8 (1.5) 0.88 (0.13)
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for urban flood detection. All DS samples in the deep-flooded class have been used, together with
a similar size subsample from the non-flooded class. Table 3 shows coherence ratio means and
standard deviations for these low brightness ratio DS for these classes. For the deep-flooded DS,
a peak at low coherence ratio values around 0.4 to 0.5 is apparent, though there is a large spread
including samples with coh_rat = 1.0. The non-flooded DS generally have high coh_rat values,
with a strong peak at coh_rat = 1.0.

A ROC (receiver operating characteristic) curve analysis was used to identify an optimum
threshold for coh_rat (Fig. 12).47 A ROC curve plots the true-positive rate (TPR, recall) against
the false-positive rate (FPR) at each threshold setting. It is the cumulative distribution function
(CDF, area under curve from 0 to threshold) of the detection probability on the y-axis versus the
CDF of the false probability on the x-axis. The higher the area under the curve (AUC), the better
the model is at distinguishing deep-flooded from non-flooded DS.

The optimum threshold for coh_rat (coh_rat ≤ coh_rat_thr) was chosen as the value that
minimizes the sum of squares of (1-TPR) and FPR. Table 4 gives the optimum coherence ratio
threshold coh_rat_thr, and corresponding true- and false-positive rates, for a number of differ-
ent values of the brightness ratio threshold ratio_thr. The highest value of AUC occurred for
ratio_thr = 2.0, for which TPR = 0.58 and FPR = 0.16. The AUC value of 73% lies in the range
deemed acceptable.47 We found that coh_rat_thr was 0.70, independent of ratio_thr.

Table 3 Coherence ratio means and standard deviations for low
brightness ratio DS and for deep-flooded and non-flooded classes.

Class Number of DS
Mean (s. dev.) coherence

ratio coh_rat

Deep-flooded 147 0.68 (0.24)

Non-flooded 151 0.88 (0.14)

Fig. 12 ROC curve for brightness ratio threshold (ratio_thr) = 2.

Table 4 Optimum coherence ratio thresholds, and corresponding true- and false-positive rates,
for different brightness ratio thresholds.

Brightness ratio
threshold (ratio_thr)

Optimum coherence ratio
threshold (coh_rat_thr)

True-positive
rate (TPR)

False-positive
rate (FPR)

Area under curve
(AUC) %

2.5 0.70 0.57 0.16 72

2.0 0.70 0.58 0.16 73

1.5 0.70 0.56 0.14 71
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The ROC analysis shows that a reasonable detection rate of deeply flooded buildings can be
achieved for a false-positive rate that is not too high. If a lower false-positive rate is required, a
coh_rat_thr of 0.60 gives a TPR of 0.47 and an FPR of 0.08, for example. If the coherence ratio
was not being used to supplement the brightness ratio, all these deeply flooded buildings would
be misclassified as non-flooded.

Because there is a small negative correlation between r and coh_rat, the use of the coherence
ratio in conjunction with the brightness ratio should also increase the separation of flooded from
non-flooded DS for DS having brightness ratios above ratio_thr. In this case, it turned out that
only 25% of DS samples in the brightness ratio range 2 < r < 4 were non-flooded, and there
remained a significant fraction (25%) of flooded DS that had coh_rat = 1.0. Consequently, there
would be no gain in setting a separate coherence ratio threshold for the brightness ratio
range 2 < r < 4.

As a result, a rule that can be used to classify a DS sample with brightness ratio r, coherence
ratio coh_rat, is –

EQ-TARGET;temp:intralink-;e007;114;568ðr > ratio_thrÞjððr ≤ ratio_thrÞ& ðcoh_rat ≤ coh_rat_thrÞÞ ¼
�
TRUE; flooded

FALSE; unflooded
:

(7)

Figure 13 illustrates the discriminatory power of the coherence ratio for DS of low brightness
ratio, for DS within the gold square in Fig. 13(a) overlaying part of the deep-flooded area D of

Fig. 13 Illustration of the discriminatory power of the coherence ratio for DS of low brightness ratio.
(a) DSM of Koriyama with gold square overlaying part of the deep-flooded area D of Fig. 7. (b) DSM
within gold square overlain with DS classified using brightness ratio but not coherence ratio. The
DS are generally at the E of buildings as the SAR is looking W on a descending pass. (c) DSM
within gold square overlain with DS classified using brightness ratio and coherence ratio. The
discriminatory power of the coherence ratio is apparent compared with panel (b).
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Fig. 7. Figure 13(b) shows DS classified into true flooded (cyan) and false non-flooded (red)
using brightness ratio but not coherence ratio. The DS are generally at the Eastern edges of
buildings as the SAR is looking West on a descending pass. Figure 13(c) shows that by clas-
sifying DS using coherence ratio as well as brightness ratio (using coh_rat_thr = 0.6), those DS
of low brightness ratio and low coherence ratio can be classified as true flooded (yellow), rather
than being misclassified as non-flooded (red) as in Fig. 13(b).

6.3 Change in Classification Accuracy of DS of All Brightness Ratios
The accuracy results given above have been limited to the classification of DS of low-intensity
ratio that can be identified as flooded by having a low coherence ratio. It has been shown that
many of these can be detected as flooded rather than being misclassified as non-flooded while
misclassifying a few non-flooded DS as flooded.

There is also the wider question of the change in classification accuracy of DS samples of all
brightness ratios in the deep-flooded and non-flooded areas using the coherence ratio as well as
the brightness ratio (shallow-flooded DS classifications are not affected). In this case, any
improvement in accuracy achieved for flooded lower buildings will be diluted somewhat because
of the presence of the numerous taller buildings in the flood. These will not have a low brightness
ratio and will be detected as flooded irrespective of their coherence ratio so that any increase in
accuracy will be scenario-specific, whereas if all the buildings in a deep-flooded area were of low
height the coherence test would improve the overall accuracy more. Notwithstanding this pro-
viso, it was felt important to examine change in accuracy over the deep-flooded and non-flooded
areas, and this is discussed below.

The metrics of accuracy, recall, and precision were used to assess how well a classification of
DS performed.48 Accuracy is the fraction of predictions made by a model that were correct. In
this case of binary classification, the accuracy of DS classification = (TP + TN)/(TP + TN + FP +
FN), where TN = true positive, TN = true negative, FP = false positive, and FN = false negative.
Recall measures the proportion of true positives that were identified correctly (recall = TP/(TP +
FN)). Meanwhile, precision measures the proportion of positive identifications that were actually
correct (precision = TP/(TP + FP)).

Table 5 shows the confusion matrix giving the classification of DS using brightness ratio but
not coherence ratio. The matrix was constructed using all the DS samples from the deep-flooded
area and an equal number of DS samples from the non-flooded area (by limiting the height range
of the non-flooded DS). A DS sample was classified as flooded if its brightness ratio r was
greater than ratio_thr, else it was non-flooded. For this classification, the overall accuracy was
0.71, the recall 0.70, and the precision 0.71.

By contrast, Table 6 shows the confusion matrix giving the classification of DS using bright-
ness ratio and coherence ratio, using coh_rat_thr = 0.6. The rule used to classify a DS sample is
given in Eq. (7).

Table 5 Classification of DS using brightness ratio but not coher-
ence ratio.

Actual flooded DS Actual non-flooded DS

Predicted flooded DS 347 143

Predicted non-flooded DS 147 358

Table 6 Classification of DS using brightness ratio and coherence
ratio.

Actual flooded DS Actual non-flooded DS

Predicted flooded DS 407 165

Predicted non-flooded DS 87 336
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For the classification based on coherence ratio as well as brightness ratio, the accuracy was
0.75, the recall 0.82, and the precision 0.71. Thus, using the new rule, the classification accuracy
of DS samples increased from 0.71 to 0.75. For the non-flooded DS, their recall fell from 0.71 to
0.67 due to the increased false alarms. But this was more than offset by the increase in recall of
the deep-flooded DS, which rose from 0.70 to 0.82. We conclude that the use of coherence has
a positive effect also for this wider classification.

6.4 Change in Classification Accuracy of Urban Flood Extent
Another valid question to ask is, how does the reclassification of DS in the deep-flooded region
affect the accuracy of the overall urban flood extent generated from DS heights? It must be borne
in mind that any improvement in accuracy achieved for flooded lower buildings will be diluted in
this case also, not only because of taller buildings in the flood but also because DS in the shallow-
flooded as well as the deep-flooded region will influence the flood extent.

The unsupervised method of generating a flood extent described in Ref. 18 (briefly sum-
marized here) was used to investigate this. A set of DS is chosen that is likely to be mainly
flooded [i.e., TRUE according to Eq. (7)], together with another set whose members are likely
mainly unflooded [FALSE in Eq. (7)]. Each member of the first set must be spatially close to a
member of the second set and vice versa. This ensures that the flooded DS chosen are near the
flood edge so that their flood depths are likely to be shallow, as required by Eq. (3). To reduce
noise, the average height of the DS in each set is estimated. The local floodwater elevation is
chosen as the mean of the flooded and unflooded average heights. Assuming a uniform flood-
water elevation, pixels in the urban area with DTM heights less than the floodwater elevation are
regarded as flooded; otherwise, not. The flood extent so produced is compared with the urban
flooding in the validation image (Fig. 2) to estimate its accuracy.

Flood extents were produced for two scenarios, one using brightness ratio and coherence
ratio and classifying DS according to Eq. (7) and the other using brightness ratio only. The flood
extent using brightness ratio and coherence ratio was slightly more accurate (87.2%), but the
improvement was very small. This is probably because (a) there were many more DS in both
shallow- and deep-flooded regions (560 DS) than were reclassified from false unflooded to true
flooded using the coherence ratio in the deep-flooded region (73 DS), and (b) many of the DS
flooded/unflooded pairs were sited around the flood edge in the shallow-flooded region, which is
∼1 km away from the reclassified DS in the deep-flooded region. In this case, we conclude that
the use of coherence has little effect.

7 Discussion and Conclusions
Double scattering from appropriately oriented buildings in urban areas is a powerful means of
discriminating flooded from non-flooded buildings if the flooding is not too deep. However, in
the case of deep flooding, misclassification may often be avoided using image coherence. The
aim of this study has been to investigate how much discrimination in such cases can be improved
using the coherence ratio as an additional feature to supplement the brightness ratio. The flooding
in Koriyama caused by Typhoon Hagibis has been used as a test case.

An analysis of DS of low brightness ratio has been carried out for deeply flooded and non-
flooded urban DS. It has been shown that over half (0.58) of the deeply flooded buildings could
be detected at the cost of a false-positive rate that was not too high (0.16). In case the false-
positive rate needed to be reduced, halving the false-positive rate (to 0.08) still meant that almost
half (0.47) of the deeply flooded DS of low brightness ratio could be detected. Without the use of
the coherence ratio to supplement the brightness ratio, all these deeply flooded buildings would
be misclassified as non-flooded. However, as the brightness ratio of DS increased, double scat-
tering became the dominant discriminant feature compared with coherence.

On the wider question of the change in classification accuracy of DS samples of all bright-
ness ratios in the deep-flooded and non-flooded areas using the coherence ratio as well as the
brightness ratio, the accuracy increased from 0.71 to 0.75. While the recall of non-flooded DS fell
slightly due to increased false alarms, this was more than offset by the increase in recall of deep-
flooded DS, and the use of coherence appears to have been beneficial for this wider classification
also. However, the overall urban flood extent generated from DS heights proved to be only
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slightly improved by the use of coherence, due to the relatively small number of DS reclassified
using the coherence ratio in the deep-flooded area and their distance from the flood edge.

To the best of our knowledge, no previous publication exists of an urban flood classification
method that investigates deep flooding using double scattering and interferometric coherence in
conjunction with a high-resolution DSM. Our analysis provides a baseline against which
improvements due to image coherence can be assessed, by comparing classification results for
double scatterers with and without using the coherence ratio.

Note that our results are based on the Koriyama deep-flooded urban area, where the build-
ings are mostly built of brick and surrounded by asphalt. The SAR double scattering ratio
depends on the materials comprising the building walls and ground surface, and the coherence
ratio depends on the ground surface. We should add the caveat that the method should strictly
only be applied to flooding over similar urban areas. However, as asphalt surrounding brick-built
buildings is a very common urban cover, it should still be applicable to many urban areas around
the world.

As stated previously, the Sentinel-1 GFM product now provides probabilistic flood extents
in near real-time on a global basis.9 However, due to the problems of detecting flooding in urban
areas, these are currently masked out. The improved detection of deeper urban floods by
supplementing brightness ratio with interferometric coherence could be an important step in the
process of automating the detection of urban flooding as an aid to flood risk management.
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