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Abstract. High-resolution synthetic aperture radar (SAR) sensors are now commonly used for
flood detection. Automated detection tends to be limited to rural areas owing to the complicated
backscattering mechanisms occurring in urban areas. Flooding can be identified in urban areas
by searching for increased SAR backscatter in a postflood image due to double scattering
between water and adjacent buildings, compared with a preflood image where double scattering
is between unflooded ground and buildings. For co-polarized data, if ¢ is the angle between the
building wall and the satellite direction of travel, double scattering is strongest for ¢ = 0 deg
and falls off as ¢ increases. Theoretical studies estimating the ratio of flooded-to-unflooded
double scatterer (DS) radar cross section (RCS) using X-band SAR data, found that the ratio
was high at ¢ =0 deg but only small at ¢ > 10 deg. Ostensibly, this implies that few DSs
might be detected in an urban area. However, experiments on real images have called into ques-
tion the veracity of the modeling. We describe an empirical study to examine the relationship
between the flooded-to-unflooded DS RCS ratio and ¢ in Sentinel-1 (S-1) C-band data. We use
high-resolution light detection and ranging and aerial photographs so that ¢ can be measured
accurately and is based on S-1 images from flood events that occurred in the United Kingdom
during the storms of winter 2019 to 2020. Results indicate that vertical-vertical polarization is
better than vertical-horizontal at distinguishing flooded from unflooded DS; that the theoretical
model used underestimates the number of DS with high RCS ratios in the ¢ range 10 deg to
30 deg; and that sufficient DS ground heights can be determined to estimate an accurate local
average flood level, although in high density housing there are less of these due to the presence
of adjacent buildings. © The Authors. Published by SPIE under a Creative Commons Attribution 4.0
International License. Distribution or reproduction of this work in whole or in part requires full attribution
of the original publication, including its DOI. [DOI: 10.1117/1.JRS.17.016507]

Keywords: flood incident management; hydrology; synthetic aperture radar.
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1 Introduction

Floods are a major natural hazard in many parts of the world and are likely to become more
frequent and severe in the future due to climate change and growing urbanization." While the
majority of a flooded area may often be rural, it is in the urban areas that the risks to people and
property are highest.

High-resolution synthetic aperture radar (SAR) rather than visible band sensors are now
commonly the sensors of choice for flood detection, because of the ability of SAR to penetrate
the cloud that is often present during flooding and to image at night as well as during the day.
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The Sentinel-1 (S-1) constellation is particularly attractive for flood studies, as it provides open
access, processed, and geo-registered data in near real-time on a global basis.” Important uses
of the flood extents from near real-time SAR images are for operational flood incident
management’ and assimilation into urban flood inundation models.*”’

In rural areas, floodwater generally appears dark in a SAR image due to specular reflection
from the water surface away from the antenna, provided there is no significant surface water
turbulence. A substantial amount of research has been carried out on automated flood detection
in rural areas. For a discussion of the literature, see Refs. 8 and 9. This work has culminated
in the recent launch by the Copernicus Emergency Management Service of the Global Flood
Monitoring (GFM) product, which produces near real-time flood extents using an ensemble of
methods for all S-1 images acquired.'®!!

Unfortunately, SAR flood detection algorithms designed to work in rural areas tend not to
work so well in urban areas. In urban areas, substantial areas of ground surface may not be visible
to the SAR due to radar shadowing and layover caused by buildings. In addition, the image
may be confused by double scattering between ground surfaces and adjacent buildings. As a
result, automation of urban flood detection using SAR has lagged behind rural flood detection.
Despite this, several studies have now been made. Techniques employed include analysis of
backscatter in a postflood SAR image,'>"'® analysis of change in backscatter between pre- and
postflood SAR images,'” use of coherence as well as backscatter in pre- and postflood SAR
images,>'®?! and time series analysis of SAR images.?

Reference 23 recently developed a method for detecting flooding at high resolution in urban
areas using S-1 SAR and WorldDEM digital surface model (DSM) data. The method is a change
detection technique that estimates flood levels using pre- and postflood images. It searches for
increased SAR backscatter in the postflood image due to double scattering between water and
adjacent buildings, compared with that in the preflood image where double scattering is between
unflooded ground and adjacent buildings. The double scattering is caused by the corner reflector
formed from the wall of a building facing the satellite and the ground in front of the wall (Fig. 1).
The effect is particularly apparent for building walls that are roughly parallel to the satellite
direction of travel.>* For co-polarized data, if ¢ is the angle between the wall and the satellite
direction of travel, double scattering is strongest for ¢ = 0 deg, and falls off as ¢ increases. It
also depends on the wall height and length, the depth of flooding, the roughness of the ground
surface, and the complex dielectric constants of the building wall and ground surface.

Reference 18 used the theoretical model of Ref. 25 to estimate the post- to preflood radar
cross section (RCS) ratio for double scatterers (DSs) using very high-resolution horizontal—
horizontal (HH) polarized X-band SAR data, and found that it reduced rapidly from 11.5 dB
at @ = 0 deg to no more than 3.5 dB at ¢ > 10 deg. Reference 18 concluded that, for X-band
data, the increase of the double scattering due to floodwater was not very high if buildings were

*+ SAR

Ground

Fig. 1 Double scattering between wall and ground (SAR flying into paper) (¢ = angle between
wall and satellite flight direction).
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not roughly parallel to the SAR flight direction. The modeling assumed isolated buildings, and
in a complex urban environment it was thought that any increase would be further masked by
the effects of adjacent buildings. This implies a possible limitation in methods similar to that of
Ref. 23, since if the falloff with increasing ¢ is very rapid, this could reduce the number of DSs
that could be distinguished as flooded or unflooded in the postflood image.

Reference 25 considered the reliability of their theoretical model for predicting double
scattering power as a function of ¢ by comparing theoretical predictions with empirical
measurements. The model was found to underestimate the power returned at medium ¢
(10 deg < ¢ <40 deg) when the ground surface was asphalt. The authors questioned whether
it was even possible to develop better models, because of the variety of situations that might
occur, e.g., metal maintenance holes on the ground increasing the reflection.

This limitation suggests that the model-derived conclusion of Ref. 18 that the flooded-to-
unflooded RCS ratio should fall off very rapidly with ¢ may be worth further, more detailed
investigation. This is the object of this paper, which carries out an empirical study on real images
to examine the relationship between the ratio and ¢ for the case of S-1 C-band data. The study
builds on the work of Ref. 23 by measuring ¢ to much higher accuracy than in the latter using a
local high-resolution light detection and ranging (LiDAR) DSM rather than the global lower-
resolution WorldDEM DSM, and also uses supervised rather than unsupervised classification.

The structure of the paper is as follows. Section 2 derives a theoretical estimation of the post-
to preflood DS RCS ratio, which provides a benchmark against which empirical results can be
compared. Section 3 discusses the empirical study design, whereas Sec. 4 describes the study
events and data sets from the United Kingdom floods of winter 2019 to 2020. Section 5 describes
the estimation of flood levels from urban DSs, based on RCS ratios at strong urban edges in
the LiDAR DSM. Section 6 describes the experimental results, and Sec. 7 summarizes the
conclusions.

2 Theoretical Estimation of Post- to Preflood Double Scattering
Cross-Section Ratio

Double scattering caused by buildings may result from wall-ground or ground-wall scattering.
In general, the high intensity of the resulting return is partly because the double scattering ray
paths all have the same length, corresponding to the slant range of the base of the wall.?®

Reference 27 used geometric optics (GO) and zero-order physical optics (PO) solutions to
estimate the scattering due to a building on the ground surface. The authors showed that the
double scattering contribution to the RCS is stronger than single scattering from the ground
and also triple scattering contributions, so that only double scattering is considered below.
In their model, the building wall is assumed to be smooth, and therefore the scattered field
according to the GO approach is a plane wave propagating along the specular direction giving
nonzero backscatter only for ¢ = 0 deg in the range 0 deg < ¢ <45 deg. The ground surface
is modeled as a random rough surface with height standard deviation ¢. Reference 27 points out
that inclusion of ground roughness is of fundamental importance because roughness produces a
non-negligible double-scattering return also for values of ¢ > 0, in agreement with experimental
results and at variance with what is predicted by considering smooth ground. Given a radar
wavenumber k, the authors point out that GO should be used to model rough ground (ko > 1),
and PO to model smoother ground (ko <« 1). For S-1 C-band radar of wavelength 6 cm,
k =105 m~!. In an urban area, the ground surface adjacent to buildings will often be asphalt.
Using the height standard deviation for asphalt of 6, = 0.0014 m given by Ref. 18, ko = 0.15
(x1), which implies that the PO approach should be used to model scattering from the ground
surface.

Reference 28 used the rationale developed in Ref. 27 to associate the building wall height &
above the ground surface to the contribution of the double scattering to the RCS 6, such that

o’ =hf(p). M

where p is a vector of known parameters, p = (/,0, L, ¢, &, 0, ¢). Here, [ is the building length,
L is the correlation length of the stochastic process representing the ground surface, ¢, is the
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complex dielectric constant of the building wall, ¢, is the complex dielectric constant of the
ground surface, and € is the SAR incidence angle. Using the GO-PO approach

f(p) =[S,/ tan 6 cos ¢ exp(—4k*c? cos? 0)f(0. 9.0, L), )
where

f0.9,0,L) = "g] ((2ke cos 0)*" /m!)(k*L?/4m) exp(—(2kL sin 0 sin @)?/4m),  (3)
and §,, is the scattering matrix element, with p and ¢ standing for horizontal (H) or vertical (V)
polarization.”’

In Ref. 23, both pre- and postflood S-1 images are acquired with the same radar and orbit
parameters. If we assume an asphalt ground surface (¢9) in the preflood image and a water
surface (6%) in the postflood image, then the ratio of the double scattering RCS given as

r=0u/0q = (ha = hy)f(Pw)/((ha = h)f(Pa)). )

where %, is the building wall height, &y, is the height of the floodwater, A is the ground height,
and p,,(p,) is p for water (asphalt).

To consider the question of whether the ground around a correctly oriented building is
flooded or not, Ref. 23 assumes that the flood depth is small compared with the building heights.
If the depth of flooding is small, Eq. (4) reduces to

r& f(Pw)/f(Pa)- ©)

If the ground is flooded, from Eq. (5), » > 1, whereas if it is unflooded the ratio should be 1.
This is primarily because the permittivity of water is higher than that of asphalt (see table 1 of
Ref. 14). Expanding Eq. (5), the RCS ratio is then

|S;7V6] |2 exp(_4k26a COS2 e)f(ev ¢9 Oy LW)

~ , 6
" 54,1 exp(—4k*c?% cos® 0)f (6, ¢, 6,. L,) ©
where S, and S7, are the scattering matrix elements for water and asphalt, respectively.
Note that, from Eq. (6), if 6,, = 0, and L,, = L,
r S/ Shys (7)

so that in this case r is independent of ¢ and L, and just depends on the scattering matrix
elements.

The scattering matrix elements Sy and Syy for S-1 VV and VH polarizations, respectively,
are given in table IV of Ref. 27 and are reproduced in Appendix A for convenience. They depend
on 0, @, Rpar, Rperps Rparw> and Rperpw - Here, Ry, and Ry, are the Fresnel reflection coefficients
of the ground [f(0, ¢), where ¢ = complex dielectric constant for water (g,,) or asphalt (e,)],
and R,w and R, are the Fresnel reflection coefficients of the wall [f(y,ey), where
ew = complex dielectric constant for the wall and y is the incidence angle on the wall
(w = cos™!(sin & cos @)].

In Fig. 2, graph (a) shows the ratio r as a function of ¢ when o¢,, = 6, = 0.0014 m (from
Ref. 18), and L,, = L, = 0.15 m (from Ref. 28) (C-band, VV polarization). In the figure,
0 = 35 deg, near the center of the range for S-1. It can be seen that r is at least 8 dB over the
range 0 deg < ¢ <30 deg. Reference 28 states that, if the ground adjacent to the building is
flooded with water, the correlation length, L, should increase and the standard deviation, o,
should decrease. Graph (b) shows the prediction when the ground is flooded so that o,, < ¢,
[6,, = 0.001 m (from Ref. 18)], when r reduces to at least 5 dB. Graph (c) shows the effect of
increasing L as the ground is flooded [L,, = 0.2 m (from Ref. 28)] but with ¢,, = o0; this leads
to a steep fall in r to 3 dB at ¢ = 12 deg, which is a greater reduction than that which occurred
when the ground roughness was reduced. Graph (d) shows the situation when L,, = 0.2 m and
0,, = 0.001 m, showing that r reduces to 0 dB (i.e., an intensity ratio of 1) at ¢ = 12 deg.
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Fig. 2 Post- to preflood RCS ratio r (dB) versus angle ¢, for C-band, 6 = 35 deg and VV
polarization [Eq. (6)]. (@) oy =06,=0.0014m and L,=L,=0.15m. (b) 6, =0.001 m,
6,=00014m,and L, =L,=0.15m. (¢) 6, =6,=0.0014mand L, =02m, L,=0.15m.
(d) 6, =0.001 m, 6, =0.0014mand L, =02m, L, =0.15 m.

Graph (d) shows a situation that might occur in practice, which could imply a limitation for
the method of Ref. 23 because it could only detect DS from building walls with ¢ < 12 deg, and
there might be few of these. This is largely due to the increase in correlation length when water
replaces asphalt. The model result seems extremely sensitive to correlation length. This predic-
tion of the DS RCS ratio for C-band data is similar to that found by Ref. 18 for X-band data.

However, if the model proved not to be an accurate representation of reality, this prediction
might be unduly pessimistic. For example, there might be rendering on the building walls
(making them rough) or windows in the building, which might invalidate the model as the GO
calculation for the reflection from the building wall assumes that the wall is smooth. Or there
might have been a wind blowing when the S-1 image was acquired, so that the water was rougher
and its correlation length was shorter, in which case the actual line to use might be graph (a)
(which predicts a high RCS ratio over the range 0 deg < ¢ < 30 deg) rather than graph (d).

Figure 3 shows the graphs of Fig. 2 for VH polarization. These have RCS ratios of zero at
@ = 0 deg, have lower ratios than VV as ¢ increases, and show similar trends to VYV, so that,
for graph (d), r is only at or above 0 dB for the ¢ range 0 deg < ¢ <8 deg.

15

(a)
(c)
(d)

Post-/preflood RCS ratio (dB)

Angle of wall to satellite direction (deg)

Fig. 3 Post- to preflood RCS ratio r (dB) versus angle ¢, for C-band, § = 35 deg and VH polari-
zation [Eq. (6)]. (@) 6,y = 6, = 0.0014 mand L, = L, = 0.15 m. (b) 5, = 0.001 M, 6, = 0.0014 m
andL, =L,=0.15m.(c)s, =0,=0.0014 mand L, =02 m, L, =0.15 m. (d) 5, = 0.001 m,
6,=00014mand L, =02m, L,=0.15m.
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Fig. 4 Post- to preflood RCS ratio r (dB) versus angle ¢, for different SAR angles 6:
(@) 6 =235 deg, (b) 6 =29.1 deg, and (c) 6 =46 deg (C-band, VV polarization) [Eqg. (6)].
Parameters as for Fig. 2 graph (d), i.e., s, =0.001 m, 6, =0.0014m and L, =0.2 m,
L,=0.15m.

Figure 4 shows the post- to preflood RCS ratio r versus angle ¢, for different SAR incidence
angles 6 spanning the range (29.1 deg to 46 deg) covered by the S-1 interferometric wide (IW)
swath mode, the main acquisition mode over land. This is for VV polarization using the param-
eters of Fig. 2 graph (d). This shows that higher incidence angles give larger RCS ratios at
@ <5 deg, but also lead to ratios becoming zero at lower ¢ values. However, over the whole
incidence angle range, flooded DS with RCS ratios greater than 0 dB are again only predicted for
@ angles less than about 12 deg.

3 Empirical Study Design

In Ref. 23, urban DSs were detected using S-1 data in conjunction with the 12 m resolution
WorldDEM DSM. In this study, a 2 m resolution LIDAR DSM is used instead. In practice,
LiDAR would often not be available, and it might be necessary to use a lower-resolution DEM
that would probably introduce some reduction in accuracy. However, this approach allows the
most accurate DSM available to be used to measure ¢ as precisely as possible, to examine
whether, for flooded DS, high RCS ratios are produced at larger ¢ angles. It also allows more
accurate measurement of building height and length. In addition, very high-resolution optical
images provided by Google Earth are used to manually check and if necessary correct the ¢
angles measured using LiDAR.

Sets of urban flooded and unflooded buildings are selected manually using validation data.
DSs are automatically extracted from the post- and preflood SAR images for these buildings and
used as training data in a supervised approach. Flooded DSs are only selected if their flood depth
is less than 0.5 m, to satisfy the condition [Eq. (5)] that flood depth must be small compared with
building height. This approach differs from that used in Ref. 23 where unsupervised classifi-
cation was used to classify DS as flooded or unflooded prior to estimating flood levels.

4 Study Events and Data Sets

Two urban flood events from the severe flooding that occurred across the United Kingdom in
winter 2019 to 2020 were studied: the Fishlake flood of November 8-20, 2019 and the
Pontypridd flood of February 15-16, 2020. The Fishlake site was chosen as an example of mod-
erate housing density and the Pontypridd site as an example of high housing density, where
double scattering effects might be masked due to the presence of adjacent buildings. Further
details are given in Ref. 23. An advantage of using United Kingdom events was that environment
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agency LiDAR data (2 m resolution, 0.1 m height accuracy) could be obtained to estimate angle
@ and building height and length accurately.

Fishlake is a village in Yorkshire, England, near the river Don downstream of Doncaster.
It has a population of 700 and is surrounded by farmland. Some parts of Fishlake have high
housing density (30 houses/hectare), although the average density over the whole village is
15 houses/hectare. Figure 5(a) shows LiDAR imagery of part of the urban area of Fishlake.
The flooding was imaged by S-1 on November 11, 2019 and November 14, 2019 (Table 1).
The SAR images were obtained on the falling limb of the hydrograph. For each image, a refer-
ence image of the unflooded area was also acquired to allow comparison between the flooded
and unflooded areas. This was acquired from the same orbit with the same incidence angle,
polarization, and resolution as the flooded image. A number of aerial photos showing the urban
flooding were available for validation (see figure 3 of Ref. 23). According to the validation
images, there was little wind present when the SAR images were acquired. Urban flood levels
were estimated manually using the aerial photos in conjunction with the DSM. For the image of
November 11, 2019, the flood level was 4.4 m above ordnance datum (AOD), whereas for that of
November 14, 2019 the level was 4.2 m AOD.

Fig. 5 LiDAR imagery of urban study sites: (a) Fishlake (53.61N, 1.01W) and (b) Pontypridd
(51.60N, 3.34W). Yellow boxes mark positions of selected areas in Figs. 7 and 10.
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Table 1 S-1 IW VV/VH images used for flood detection. UTC, universal time coordinated.

Flood image acquisition Reference image Incidence
Site time (UTC) acquisition time (UTC) Pass angle (deg)
Fishlake November 11, 2019, October 18, 2019, Ascending 38
(53°36'47”N, 01°00'42"W)  17:49 17:49

November 14, 2019, September 15, 2019, Descending 42

06:14 06:14
Pontypridd February 16, 2020, February 4, 2020, Descending 34
(51°36'01"N, 3°20'42"W)  06:31 06:31

Pontypridd is a former coal-mining town to the north of Cardiff on the river Taff in Wales,
with narrow streets and dense Victorian terraced housing. It sits in a steep-sided valley. The
housing density is high, being 75 houses/hectare in the east of the old town next to the river.
Figure 5(b) shows LiDAR imagery of part of Pontypridd town center. Although the duration of
the flooding was not long, an S-1 image was acquired at 6.31 am on February 16, 2020 (Table 1),
only an hour or so after the flood peak, and validation photos were taken the same morning (see
figure 4 of Ref. 23). Again the validation images indicated little wind at the time of acquisition of
the SAR image. For this image, the flood level was 55.9 m AOD.

5 Estimation of Flood Levels from Urban Double Scattering

Strong edges in the LIDAR DSM were first detected using a Sobel edge detector. This calculates
the magnitude and direction of the local gradient at a pixel using a 3 X 3-pixel window centered
on the pixel. The edge thresholding selected only building walls that were greater than 3 m high.
Only edges in urban areas were selected, using the World Settlement Footprint (WSF) 10 m
resolution dataset.”” Edge pixels having too large an angle ¢ to the satellite direction of travel
were suppressed, and the range of ¢ values examined about the satellite look direction was
limited to +45 deg. This was not only because a SAR image is unlikely to exhibit substantial
double scattering at high ¢, but also because many buildings are rectangular in plan, so that if one
building wall had ¢ > 45 deg, the wall joining at right angles would have ¢ < 45 deg, so this
would be examined as a potential DS instead. Nonmaxima suppression was performed in a direc-
tion perpendicular to each edge. At this stage, a brightness ratio image was also calculated from
the post- and preflood images, and upscaled to the LiDAR resolution.

A connected component finder using 8-connectivity was used to label each remaining DS
edge longer than 4 pixels in the LIDAR image, as such an edge should fill the majority of a 10 m
S-1 pixel at least.*® For each such edge, a straight line was fitted to its pixels to obtain a more
accurate estimate of its angle ¢. This angle was checked manually using aerial photos from
Google Earth, and corrected if necessary. Although many buildings were rectangular, a fair pro-
portion were houses with an extension (i.e., an addition), especially in Fishlake. In cases where
the extension was at the end of the house, the house front was L-shaped, and the measurement of
@ using LiDAR could be slightly wrong. The ¢ measured should be that of the main house front
edge, not the compound edge including the house and extension. After correcting such errors,
the typical error on ¢ was only a few degrees.

Values of the RCS ratio, the pre- and postflood brightnesses, the DSM height and the digital
terrain model (DTM) height were averaged over the pixels forming the edge. This averaging was
carried out for five lines all at angle ¢, one along the edge of the same length as the edge, and four
other similar lines displaced laterally from the edge on either side by 1 and 2 pixels. The mini-
mum of the five DTM height averages was taken as the ground height of the DS, the maximum of
the DSM averages as the building height, and maximum of the ratios (calculated from the aver-
age line brightnesses) as the DS RCS ratio. If the ground height of the DS was less than the flood
level, the DS edge was marked as wet.

A regression of DS ground heights against DS RCS ratios was performed at this point, and
the slope of the regression was required to be negative. The purpose of this was to check that
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higher ratios were associated with lower flooded ground, rather than to remove outliers. The DS
edge objects were divided into flooded and unflooded sets. For flooded objects, only those with
small flooding depth (<0.5 m) were selected.

6 Results

6.1 Initial Classification Experiments

Reference 27 showed that, for VV polarization in C-band, there was a strong fall-off in double
scattering RCS oy as ¢ increased from 0 deg, but that o, was fairly uniform over a large ¢ angle
range for VH polarization (see figure 9 of Ref. 27). Note that this result was for the individual
pre- or postflood RCS o rather than for the RCS ratio. A linear discriminant analysis was per-
formed to estimate whether any gain would result if flooded and unflooded DSs were classified
using RCS ratios from both VV and VH polarizations, rather than from VV polarization alone.
The analysis was performed using training sets of DS from flooded and unflooded buildings
from the Fishlake S-1 image of November 14, 2019. The discriminant analysis involved training
the classifier, then reclassifying the DS with it. The Mahalanobis distance estimated using both
polarizations proved to be slightly larger than that using VV polarization alone. However, the
total misclassification was almost the same in both cases. While there may be a small reduction
in misclassification using both polarizations, in the interest of simplicity, the analysis below has
used VV alone.

In this case, training sets of flooded and unflooded buildings have been selected manually.
In the normal case using test data for which class labels are unavailable, flooded and unflooded
urban DS pixels can be distinguished using a threshold ratio_thresh on the DS RCS ratio for
VV polarization. The threshold was selected using a simple two-class Bayes classifier trained on
the histograms of the RCS ratios for flooded and unflooded urban DS pixels obtained from the
training data.’' Pixels from both the Fishlake S-1 images (on November 11, 2019 and November
14, 2019) were used to construct the histograms. The histograms were normalized to ensure
equal prior probabilities for both classes. The minimum misclassification of flooded and
unflooded DS pixels was achieved using a threshold of 2.5 dB. However, the ratio threshold
was set to 3 dB to give an improved proportion of flooded to unflooded DS having ratios above
the threshold. Above 3 dB, there were approximately three flooded pixels for every one
unflooded pixel. The overlap between the flooded and unflooded DS RCS ratio histograms
is the reason that two thresholds are used in the algorithm of Ref. 23, an upper ratio threshold
above which DS is classed as flooded, and a lower ratio threshold below which DS is classed as
unflooded. In addition, to distinguish it from a single scatterer, an urban DS was only considered
acceptable if its preflood RCS o, was greater than —11 dB, for both flooded and unflooded
classes.

6.2 Variation of RCS Ratio with Angle ¢

The results for the individual S-1 images are first considered separately to illustrate the wide
range of situations that may occur. Subsequently, the results from the three scenes are combined
to form an overview from which conclusions may be drawn.

6.2.1 Fishlake flooding of November 11, 2019

Figure 6 shows a plot of RCS ratio versus ¢ for flooded urban DS edges having edge lengths
>4 pixels for the Fishlake November 11, 2019 flooding. There are 18 DS with high RCS ratios
having 0 < ¢ < 10 deg and 7 having 10 deg < ¢ < 30 deg, so that 28% have ¢ > 10 deg. Soa
significant proportion of DS with high RCS ratios is generated by buildings with higher ¢.
Table 2 shows that the flooded DSs have a mean VV RCS ratio significantly larger than for
unflooded DS. Note that the table only includes urban DS with preflood RCS ¢, > —11 dB.
Figure 7 shows examples of DS edges with length >4 pixels and RCS ratio >3 dB in the
flooded urban area of Fishlake, constructed from post- and preflood images using S-1 ascending
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Fig. 6 Post- to preflood RCS ratio of flooded DS pixels versus ¢ for Fishlake November 11, 2019
flooding (VV polarization). High RCS ratios (blue) are above the 3 dB threshold, orange ratios
are below.

Table 2 Means and standard deviations of flooded and unflooded
urban DS for Fishlake November 11, 2019 flooding (VV polarization).

Mean VV Standard deviation No. of
Flood state ratio (dB) VV ratio (dB) edges
Flooded 3.9 3.8 48
Unflooded 14 2.3 43

X—S;tejite track
Look direction

Fig. 7 Examples of DSs in the flooded urban area of Fishlake constructed from post-
(November 11, 2019) and preflood images (October 18, 2019), using S-1 ascending passes
looking 8 deg north of east. These are superimposed on the LIDAR DSM. (Gray values =
LiDAR heights, lighter = higher; green = edge in LiDAR within 30 deg of look direction (edge
direction is defined as perpendicular to edge, from low to high height); edge with blue center =
DS with RCS ratio >3 dB, edge length > 4 pixels and building orientation angle ¢ < 10 deg,
edge with red center = DS with RCS ratio > 3 dB, edge length > 4 pixels, and ¢ > 10 deg. Note
that several edges are <4 pixels and not considered for DS.) See Fig. 5(a) for positions of
examples in main image.

Journal of Applied Remote Sensing 016507-10 Jan-Mar 2023 « Vol. 17(1)

Downloaded From: https://www.spiedigitallibrary.org/journals/Journal-of-Applied-Remote-Sensing on 03 Apr 2023
Terms of Use: https://www.spiedigitallibrary.org/terms-of-use



Mason, Dance, and Cloke: Toward improved urban flood detection using Sentinel-1...

Table 3 Comparison sets of data for flooded urban variables for Fishlake November 11, 2019
flooding (all samples have house heights >3 m and edge lengths > 4 pixels) (VV polarization).

Comparison 0 deg 10 deg 20 deg
Set Flooded variable < ¢ <10 deg < ¢ <20 deg < ¢ <30 deg
1 DS with ratio >3 dB, high preflood &, 18 4 3

2 All suitable edges, with no restriction 35 14 4

on ratio or preflood &g

3 Fraction of houses with DS of ratio 0.51 0.29 0.75
>3 dB, high preflood o,

passes looking 8 deg north of east. These DSs include examples with ¢ < 10 deg and
@ > 10 deg.

In Table 3, Comparison Set 1 is a histogram of the flooded data plotted in Fig. 6. This shows a
peak in counts at low ¢, which at first sight might be construed as predicted by graph (d) in
Fig. 2. However, Comparison Set 2 in Table 3 shows the total number of houses as a function
of ¢, with all houses having a wall height > 3 m being considered. This is included in case there
is some bias in bin counts with ¢. For example, many of the houses could be aligned roughly
parallel to the satellite track, so that there would be few houses at higher ¢ values. In the northern
hemisphere, unless constrained by topography or context, many houses are built facing south,
and the S-1 sensor is in polar orbit with inclination angle 98 deg, so that ascending/descending
passes image the west/east walls of a house at low ¢ values. Similarly, in the southern hemi-
sphere, many of the houses face north, and, in the tropics, many face east to reduce the heating
effect of the sun. Comparison Set 2 shows that the majority of houses producing flooded DS
has ¢ < 10 deg when viewed by the ascending S-1 pass looking east in Fishlake. In Comparison
Set 3, the values in Comparison Set 1 are normalized by those in the equivalent ¢ range in
Comparison Set 2, to give the fraction of houses in this range that give a ratio >3 dB. This
removes the peak in counts at low ¢, although the number of counts at higher ¢ is small.
Note that the error on ¢ is substantially less than the 10 deg Comparison Set bin width.

Also, for the samples in Comparison Set 1, the mean ratio for ¢ < 10 deg = 6.9 £ 2.4 while
that for ¢ > 10 deg = 5.4 2.2, consistent with little fall-off with increasing ¢, so that the
result looks more like graph (a) in Fig. 2 than graph (d).

Another relevant question is how many buildings in the urban area that are flooded provide a
DS with ratio >3 dB? From examination of the LIDAR DSM, the number of buildings in the
urban area that is below the flood_level, more than 3 m high and whose area is between 16 and
100 pixels is 85. From Table 3 Comparison Set 1, the number of edges with length > 4 that
provide a SAR DS with ratio >3 dB in the range 0 deg < ¢ <30 deg = 25. So about 29%
of these buildings give a high ratio DS. This may not provide a dense network of edge heights,
but can be used to estimate a good average flood height for a local region.

An alternative measure DS_dens is the number of urban edges that provide a DS with
ratio >3 dB and 0 deg < ¢ <30 deg per unit area. The number of flooded urban pixels in
Fishlake = 16,107 = 0.064 km?. So DS_dens = 25/0.064 = 391 DS/km?, in moderate den-
sity housing.

Note also that the number of flooded buildings >3 m in height with no restriction on the RCS
ratio = 53. So 53/85 = 66% of buildings >3 m in height have 0 < ¢ <30 deg. This means
that 34% of buildings are being lost because their ¢ values are higher than this, or because they
do not have edge lengths > 4 pixels.

6.2.2 Fishlake flooding of November 14, 2019

In contrast to the S-1 ascending pass used to image flooding on November 11, 2019, the Fishlake
flooding of November 14, 2019 was imaged on a descending S-1 pass. It might be argued that
the results of the descending pass image would be correlated with those of the ascending pass
image, as the same buildings are being imaged in both cases. However, the opposite sides of
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Fig. 8 Post- to preflood RCS ratio versus ¢ for flooded urban DS pixels for Fishlake November 14,
2019 flooding (VV polarization). High RCS ratios (blue) are above the 3 dB threshold, orange ratios
are below.

the buildings are being viewed, with different ground surfaces involved. In addition, there is
slightly less flooding on this later image. Consequently the descending pass results can add
further useful information.

Figure 8 shows a plot of RCS ratio versus ¢ for flooded urban DS edges having edge
lengths > 4 pixels for the Fishlake November 14, 2019 flooding. There are flooded DS edges
with high RCS ratios (>3 dB) for ¢ values up to 30 deg, although the sample size is small.
Specifically, 7 such DSs have 0 deg < ¢ < 10 deg and 13 have 10 deg < ¢ <30 deg, so that
65% of these DSs have ¢ > 10 deg. So again a significant proportion of DS edges with high
RCS ratios is generated by buildings with ¢ > 10 deg.

Table 4 shows that flooded DSs have a mean VV RCS ratio significantly larger than that for
unflooded DS. Note that the total number of edges in Table 4 differs from that in Table 2 because
the opposite sides of the buildings are imaged on the ascending and descending passes.

In Table 5, Comparison Set 1 is a histogram of the flooded data plotted in Fig. 8. This appears
fairly uniform, with no peak in counts at low ¢ as predicted by graph (d) in Fig. 2, although the

Table 4 Means and standard deviations of flooded and unflooded
urban DS for Fishlake November 14, 2019 flooding (VV polarization).

Mean VV Standard deviation No. of
Flood state ratio (dB) VV ratio (dB) edges
Flooded 4.7 3.1 29
Unflooded 2.1 2.3 81

Table 5 Comparison sets of data for flooded urban variables for Fishlake November 14, 2019
flooding (all samples have house heights >3 m and edge lengths > 4 pixels) (VV polarization).

Comparison 0 deg 10 deg 20 deg
Set Flooded variable < ¢ <10 deg < ¢ <20 deg < ¢ <30 deg
1 DS with ratio >3 dB, high preflood &, 7 7 6

2 All suitable edges, with no restriction 11 13 11

on ratio or preflood &g

3 Fraction of houses with DS of ratio 0.64 0.54 0.55
>3 dB, high preflood o(
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number of counts per bin is small. Comparison Set 2 in Table 5 shows the total number of houses
as a function of ¢, with all houses having a wall height >3 m being considered. In contrast to
Comparison Set 2 of Table 3, there is no obvious bias in Comparison Set 2. Often the houses
concerned are not those that produced flooded DS when Fishlake was viewed from the west on
November 11, 2019. In Comparison Set 3, the values in Comparison Set 1 are normalized by
those in the equivalent ¢ range in Comparison Set 2 to give the fraction of houses in this range
that give an RCS ratio >3 dB. This again appears fairly uniform, though the number of counts
is small.

Again, for the samples in Comparison Set 1, the mean RCS ratio for ¢ < 10 deg =5.2+2.3
while that for ¢ > 10 deg = 6.8 £ 2.2, consistent with little fall-off with increasing ¢, so that
the result looks more like graph (a) predicted by the model in Fig. 2 than graph (d).

From Table 5 Comparison Set 1, the number of edges with length > 4 that provide a DS with
ratio >3 dB in the range 0 < ¢ < 30 deg = 20. Given that there are 85 relevant buildings in the
flooded urban area, this means that about 23% of buildings give a high ratio DS. Again, this may
not provide a dense network of DS ground heights, but can be used to estimate a good average
flood height for a local region.

Also, the density of DS per unit area DS_dens = 20/0.064 = 312 DS/km?>.

Note also that the number of flooded buildings >3 m in height and edge length > 4 pixels
with no restriction on the RCS ratio = 35. So only 35/85 = 41% of such buildings have
0 deg < ¢ <30 deg. 59% of buildings are unable to provide suitable DS because their ¢ values
are higher than this or because they do not have edge lengths > 4 pixels.

6.2.3 Pontypridd flooding of February 16, 2020

The Pontypridd flooding of February 16, 2020 was imaged on an S-1 descending pass at the
flood peak. The houses here are generally terraced rather than detached, and the double scatter-
ing detection procedure was modified from that used for Fishlake, to split edges from long
terraces of houses into sections 5 pixels long, equal to the 10 m S-1 pixel size. For each section
with building height >3 m, the DS RCS ratio and ¢ were measured.

Figure 9 shows a plot of RCS ratio versus ¢ for flooded urban DS edges having edge lengths
>4 pixels for the Pontypridd flooding. Three high RCS ratio DSs have 0 < ¢ < 10 deg and five
have 10 deg < ¢ <30 deg, so that 63% have ¢ > 10 deg. So again a significant proportion
of high ratios is generated by buildings with ¢ > 10 deg.

Table 6 again shows that flooded DSs have a mean VV RCS ratio significantly larger than
that for unflooded DS.

Figure 10 shows examples of DS with edge length >4 pixels in the flooded area of
Pontypridd constructed from post- (February 16, 2020) and preflood images (February 4,

14
12

10

RCS ratio (dB)

¢ (deg)

Fig. 9 Post- to preflood RCS ratio versus ¢ for flooded urban DS pixels for Pontypridd February
16, 2020 flooding (VV polarization). High RCS ratios (blue) are above the 3 dB threshold, orange
ratios are below.
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Table 6 Means and standard deviations of flooded and unflooded
urban DS for Fishlake November 14, 2019 flooding (VV polarization).

Mean VV Standard deviation No. of
Flood state ratio (dB) VV ratio (dB) edges
Flooded 3.0 3.5 20
Unflooded 1.5 2.6 56

! " .
(a) (b)

Satellite track

Taff Street

Look direction

Fig. 10 Examples of DSs in the flooded urban area of Pontypridd constructed from post-
(February 16, 2020) and preflood images (February 4, 2020), using S-1 descending passes look-
ing 8 deg north of west: (a) Taff Street (wider part), (b) Taff Street (narrower part). (Gray values =
LiDAR heights, lighter = higher; green = edge in LiDAR within 30 deg of look direction (edge direc-
tion is defined as perpendicular to edge, from low to high height); edge with blue center = DS with
RCS ratio >3 dB, edge length > 4 pixels and building orientation angle ¢ < 10 deg, edge with red
center = DS with RCS ratio >3 dB, edge length > 4 pixels and ¢ > 10 deg. Note that several
edges are <4 pixels and not considered for DS.) See Fig. 5(b) for positions of examples in main
image.

2020), using S-1 descending passes looking 8 deg north of west. These are DS with RCS ratio
>3 dB, and include examples with ¢ < 10 deg and ¢ > 10 deg.

In Table 7, Comparison Set 1 is a histogram of the flooded data plotted in Fig. 9. Comparison
Set 2 shows that a number of buildings have walls that are again aligned roughly parallel to the
satellite track, understandable as Pontypridd lies in a valley running roughly N — S. As a result,
due to the topography, many houses face east or west. In Comparison Set 3, the values in
Comparison Set 1 are normalized by those in the equivalent ¢ range in Comparison Set 2,

Table 7 Comparison sets of data for flooded urban variables for Pontypridd February 16, 2020
flooding (all samples have house heights >3 m and edge lengths > 4 pixels) (VV polarization).

Comparison 0 deg 10 deg 20 deg
Set Flooded variable < ¢ <10 deg < ¢ <20 deg < ¢ <30 deg
1 DS with ratio >3 dB, high preflood &, 3 4 1

2 All suitable edges, with no restriction 7 7 4

on ratio or preflood &g

3 Fraction of houses with DS of ratio 0.43 0.57 0.25
>3 dB, high preflood o(
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to give the fraction of houses in this range that give an RCS ratio >3 dB. Again there is no peak
in counts at low ¢, though the number of counts is small.

The small number of counts in Comparison Set 1 may be due to the impact of adjacent
buildings on the DS. For example, in the narrower part of Taff Street [Fig. 10(b)], the buildings
on the east side of the street are putting much of the street in radar shadow. They are 12 m high
roughly, and the SAR incidence angle is 34 deg, so the shadow is 8 m wide, whereas the street is
only 10 m wide [Fig. 10(b), showing 2 DS with ¢ < 10 deg]. If the whole street was in shadow,
no double scattering would be observed. However, in Fig. 10(a), where Taff Street widens to
14 m, there are 3 DS with ¢ > 10 deg.

For Pontypridd, the density measure DS_dens (the number of urban edges that provide
a DS with ratio >3 dB with 0 < ¢ <30 deg per unit area) is lower than in Fishlake, probably
due to the high housing density in Pontypridd. The number of flooded urban pixels in
Pontypridd = 23,790 = 0.095 km?, so that DS_dens = 8/0.095 = 84 DS /km?.

Again, for the samples in Comparison Set 1, the mean RCS ratio for ¢ < 10 deg = 8.7 £4.3
while that for ¢ > 10 deg = 4.5 & 1.6, which while lower is not significantly so. Given the
limited number of events, this is consistent with little fall-off with increasing ¢, so that the result
looks more like graph (a) in Fig. 2 than graph (d).

6.3 Combined Results

The result of combining the flooded data from all three cases in Tables 3, 5, and 7 is shown in
Table 8.
A number of conclusions can be drawn from Table 8:

1. From Comparison Set 3, if the data for 10 deg < ¢ <20 deg and 20 deg < ¢ < 30 deg
are combined, then the fraction of DS with 10 deg < ¢ <30 deg having high
RCSratios = 0.45 4+ 0.21, which is significantly non-zero (probability > 99%), and
in fact only slightly less than the fraction of DS with 0 deg < ¢ <10 deg
(0.53 £ 0.13). This implies that there are likely to be a significant number of flooded
DSs with 10 deg < ¢ < 30 deg that could be distinguished in the postflood image. For
the samples in Comparison Set 3, there is no significant fall-off in the mean RCS ratio as
@ increases up to 30 deg, so the Comparison Set looks more like graph (a) predicted by
the model in Fig. 2 than graph (d). Some support for this conclusion comes from the
study of Ref. 32.

2. The predilection for building houses facing south in the northern hemisphere is apparent
in the Fishlake data of November 11, 2019. As the S-1 sensor is in polar orbit with
inclination angle 98 deg, descending/ascending passes image the east/west walls of a
house at low ¢ values. Similar arguments hold in the southern hemisphere and tropics.
This would favor the method of Ref. 23, as (even though there appears to be little fall-off
in the mean ratio as ¢ increases) a low ¢ gives DS with high RCS ratios in flooded areas.

3. For the Fishlake data, the above two effects combine so that about 23%—-29% of flooded
buildings give a high ratio DS. This may not lead to a dense network of edge heights, but

Table 8 Combined comparison sets of data for flooded urban variables (all samples have house
heights >3 m and edge lengths >4 pixels) (VV polarization).

Comparison 0 deg 10 deg 20 deg
Set Flooded variable < ¢ <10 deg < ¢ <20 deg < ¢ <30 deg
1 DS with ratio >3 dB, high preflood &, 28 +53 14 £ 3.7 10 £ 3.2
2 All suitable edges, with no restriction 53+7.3 34 +58 19+ 44

on ratio or preflood &g

3 Fraction of houses with DS of ratio 0.53 + 0.13 0.41 +0.13 0.53 = 0.21
>3 dB, high preflood o(
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can still be used to estimate an accurate average flood level for a local region. The same is
true for the Pontypridd data, although to a lesser extent.

4. The higher housing density in Pontypridd compared with Fishlake causes DS_dens to
fall in Pontypridd, probably due to the effect of adjacent buildings. For Pontypridd,
DS_dens = 84 DS/km?, whereas in Fishlake DS_dens = 312 — 391 DS/km>.

7 Conclusions

This paper has taken a step toward improving urban flood detection on a global basis, using S-1
images in conjunction with WorldDEM DSM data to detect double scattering from buildings.
A main conclusion is that a greater range of building orientations than predicted can contribute as
DSs, thus making accurate flood detection more likely.

An empirical study has been conducted to examine the relationship between the flooded-to-
unflooded DS RCS ratio and angle ¢. This shows that S-1 VV polarization is better than VH
polarization for discriminating flooded and unflooded DS using RCS ratios, as found by Ref. 21
(see Sec. 6.1). The theoretical model used predicts that, for C-band VV data, the ratio of
the flooded-to-unflooded DS RCS should be high at ¢ = 0 deg but only small at ¢ > 10 deg,
implying that few DSs may be detected in an urban area. However, the study of real images
clearly shows that the model tends to underestimate the number of DS with high RCS ratios
in the ¢ range 10 deg < ¢ <30 deg. We also note that building orientation preference can
in some circumstances lead to a preponderance of buildings with low @. Most significantly,
we conclude that sufficient DS ground heights can be determined in an urban area to estimate
an accurate local average flood level, although in high density housing there are less of these due
to the presence of adjacent buildings.

It was shown in Ref. 23 that the method described there was able to identify sufficient DSs to
detect flooding at high resolution in urban areas on a global basis using S-1 SAR and World DEM
DSM data. What Ref. 23 did not make clear was why sufficient DSs could be detected. Due to
the low resolution of WorldDEM, ¢ could not be determined sufficiently accurately to decide
whether simply by chance most of the flooded building edges had 0 deg < ¢ < 10 deg (giving
DS with high RCS ratios), or whether the theoretical scattering models were underestimating
the number of flooded DS with high ratios having 10 deg < ¢ < 30 deg. By its use of high-
resolution LiDAR data to measure ¢ accurately, this paper has been able to show that the latter is
true. This gives confidence in the ability of the method described in Ref. 23 to identify sufficient
DSs to detect urban flooding. Furthermore, it gives confidence in the ability of high and very
high-resolution SARs in general (in conjunction with high-resolution DSMs) to detect urban
flooding using double scattering, which is significant given that SAR is becoming ever more
employed as a tool for the rapid detection of flooding.

8 Appendix A: Scattering Matrix Element Calculations

The scattering matrix elements Syy and Syy for S-1 VV and VH polarizations, respectively, are
given in table IV of Ref. 27, and depend on 0, @, Rpars Rperps Rparw»> and Rperpw. Here, Ry, and
Ryerp are the Fresnel reflection coefficients of the ground [f (6, €), where £ = complex dielectric
constant for water (e,,) or asphalt (g,)], and Rp,w and R.q,w are the Fresnel reflection coef-
ficients of the wall [f(w, ewan), where ey, = complex dielectric constant for the wall and y is
the incidence angle on the wall (y = cos™!(sin 6 cos ¢)]

Syy = Ay[sin? 0 sin 2¢ + Ryery(0) sin 2¢p(1 + cos? 0)] + 2By R, (0) cos 6 cos 2,

Svit = Ay[=2R ey (0) cos 0 cos 2¢] + By [sin® @ sin 2¢ + Ry, (6) sin 2¢(1 4 cos? )],
where
AV = _(RperpW(l//) + derW(l//)) cos 6 cos @ sin P,
By = —Ryperpw (W)sin’p + Ryw (w)cos? 6 cos? g, (8)
Journal of Applied Remote Sensing 016507-16 Jan-Mar 2023 « Vol. 17(1)

Downloaded From: https://www.spiedigitallibrary.org/journals/Journal-of-Applied-Remote-Sensing on 03 Apr 2023
Terms of Use: https://www.spiedigitallibrary.org/terms-of-use



Mason, Dance, and Cloke: Toward improved urban flood detection using Sentinel-1...

and the Fresnel amplitude reflection coefficients are given as

Rparw = ((ewan — sin® )% — ey cos y)/((ewan — sin> w)*> + eway cos ),
Rperpw = (c0s g — (ewan — sin® y)*?) /(cos w + (eway — sin y)*?),

Ryur = ((e —sin? 0)% — & cos 6)/((e — sin* 0)* + ¢ cos 6)),

Ryerp = (cos 0 — (e —sin? §)*%) /((cos 6 + (e — sin? §)*), )

where for unflooded ground ¢ = ¢,, and for flooded ground ¢ = ¢,, (see Ref. 33, remembering
that € = n? (n = refractive index)).
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