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Abstract: In  recent years, several catastrophic flash floods have caused severe damages all over the world. 
For this work, we mapped flooding in Houston, Texas, following Hurricane Harvey. A common approach to 
natural hazard mapping with radar data is to use a gray-threshold technique. For this technique, images before 
and after the incident are used. However, because of intrinsic variation between the images, the gray-threshold 
technique may not successfully identify all pixels of interest and it also depends on the user to interpret the 
change in backscatter. To address these problems, we adopted a combination of backscatter and coherence 
change to create false-color composite images. We used seven ascending Sentinel-1 images from August 12, 
2017 and September 17, 2017. Data before Hurricane Harvey indicate that around 8% of the image is flooded. 
This aligns with weather reports of heavy rainfall at the time. The amount of flooded areas jumps up drastically 
from 0.3% to 18% on August 30, 2017. This is accompanied by a 4% increase in the flooded vegetation, By 
September 5, 2017 the flooding has decreased significantly, but the image is still not experiencing pre-Harvey 
conditions. The classification results before the flooding on August 18, 2017 also show that the image is made 
up of about 74% vegetation. After the flooding event, this number jumped to 84%, an overall increase of 
~10%. This work shows the utility of radar data to quantify the amount of flooding. 
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INTRODUCTION [6, 7, 8]. A healthy environment is elastic and will be able

Hurricane Harvey struck the Texas coast on August undergone subsidence lack this quality; flooding will thus
25, 2017, as a category four hurricane with winds above aid in further compacting the soil and drive subsidence
150 miles per hour [1, 2]. As the storm moved inland, it [6]. Flooding and subsidence are highly correlated, as has
slowed  considerably which allowed for an unprecedented been shown by Milliner et al. [9]; this relationship
level of rainfall during its 8-day trek. Historic flood levels necessitates accurate flood mapping.
were recorded across Southeast Texas, with some areas Both during and following Harvey, multiple
experiencing over 60 inches of rainfall. Hurricane Harvey organizations such as the U.S. Geological Survey (USGS)
was recorded as the most significant rainfall event in US and the Federal Emergency Management Agency (FEMA)
history  since  the  start  of the 1880 rainfall records [2]. set out to map the flooding extent, calculate the flood
The total wind and flood damage are estimated to be $125 magnitude and determine the probability of flood
billion with at least 68 direct casualties being linked to the occurrence [2]. Primary data for such studies include 74
storm. The worst flooding was recorded in Houston, streamflow-gaging stations, 34 National Oceanic and
Texas, a city previously notorious for large-scale Atmospheric Administration (NOAA) meteorological
subsidence [3, 1, 2]. Since the 1900s, losses of up to 3 m stations and in-situ high-water mark measurements
in elevation have been reported in the city of Houston, located throughout Southeast Texas. However, the in-situ
due  mainly  to  over-pumping  of  groundwater  [4, 5]. stations themselves were also affected by the storm with
This severe subsidence has increased the probability of multiple failures being recorded across the station
flooding and created a negative feedback loop in affected networks. At least 12 rain gauge stations were identified
areas. As flooding occurs, the overbearing weight of to  have  recorded  erroneous  data in the August report
floodwater acts to compress sediments in the subsurface [1, 2] (Harris County Flood Control District).

to spring back up after compaction. Areas that have
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Additionally, while in-situ measurements in the form August 12, 2017 and September 17, 2017, as shown below
of high-water marks provide much-needed data, they are (Figure 1). While the images share track and frame
slow to collect and generally lack a proper spatial numbers, the August 30, 2017 (20170830) image had a
distribution. High-water mark data are also a cumulative slightly different footprint, which resulted in no data
measurement that only shows the maximum water level. across the bottom of the image. Despite the missing data,
These data are unable to show any temporal variation this image was processed and analyzed as it covers the
associated with flooding events [2]. Furthermore, most period when the flooding was most severe [1]. These
efforts are directed towards mapping the flooding images are acquired in TOPSAR mode and contain three
associated with/or near rivers. However, this approach sub-swaths: IW1, IW2 and IW3. Data in each sub-swath
ignores the floods associated withurban environments, is acquired in multiple bursts which create seams in the
where poor drainage due to an abundance of impermeable image. These seams, or demarcations as they are also
surfaces is conventional. called, must be removed in TOPSAR processing through

Synthetic Aperture RADAR (SAR) is a space-borne the process of debursting [13].
remote sensing technique  that  is  ideal  for  mapping A common approach to  natural  hazard  mapping
large areas and detecting water bodies. SAR data are with SAR data is to use a gray-threshold technique. Using
unaffected by flooding conditions at the surface and two or more images, one before the incident known as the
unlike optical techniques, it can readily penetrate through archive image and another taken either during or post the
storm clouds and acquire data even during nighttime incident known as the crisis image, the gray-threshold
conditions [10, 11]. An additional benefit is the ability of technique  creates  a  false-color  composite  [10, 14].
SAR data to penetrate through the tree canopy and detect When a natural hazard strikes, such as a flood, the
returns that would otherwise be hidden by vegetation, backscatter becomes significantly altered in the affected
which  is essential to flood mapping where determining areas. For example, flooded areas not obscured by
the amount of flooded vegetation can be a significant vegetation or buildings will change to the scattering
challenge [10-12]. Moreover, the  high  temporal mechanism to specular reflectance and have decreased
resolution of SAR data allows for additional information brightness. The abrupt change in backscatter can be used
on  floods,  such  as drainage patterns to be detected to define a threshold that delineates the affected areas.
(ESA Online). The recent improvements in land coverage, The affected area can then be estimated by multiplying
data availability and revisit frequency (6 days for Sentinel- the number of pixels by the pixel size [10, 14, 15]. This
1) of SAR  data  have shown its potential for land use technique is currently used by the Dartmouth Flood
mapping and natural hazard monitoring [10]. Fully Observatory and the Advanced Rapid Imaging and
polarimetric radar data can readily distinguish between Analysis (ARIA) team at NASA's Jet Propulsion
different endmembers; however, the limited availability of Laboratory  for  global  food  monitoring.  Milliner et al.
fully polarized datasets does not make their use common [9] have also used the gray-threshold to delineate the
[10]. flooded extent of Hurricane Harvey. While the gray-

This work focuses on creating simple land-use maps threshold technique is rather simplistic, it is widely used
following Hurricane Harvey in 2017 to assess the flooding because of its computational efficiency and high
using single polarized data. Output maps are divided into effectiveness over simple targets. However, because of
1) urban areas, 2) bare soil, 3) water, 4) vegetation, 5) intrinsic variation between the images due to temporal
flooded areas and 6) flooded vegetation. This is done by decorrelation, geometric decorrelation, volume scattering
obtaining false-color composite images made up of RGB: and processing errors, the gray-threshold technique may
coherence, the mean backscatter and the backscatter not  successfully  identify  all  pixels  of   interest  [10].
difference  between  a SAR image pair as described by The threshold value is also user-dependent and does not
Kasischke et al. [10]. have strict rules. Moreover, this approach only gives

Methods  and  Data:  For this work, we examined the city information regarding the  surface  targets [14]. It is
of Houston, Texas recently following Hurricane Harvey mostly up to the user to interpret what is causing the
using seven ascending TOPSAR Sentinel-1 IW change in backscatter using outside information, which
(interferometric wide swath) VV polarized images from may not always be available.

users a measure of the intensity change, but no other
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Fig. 1: False-color composite images of RGB: coherence, mean backscatter and backscatter difference for a) August 18,
2017 (20170818), b) August 24, 2017 (20170824), c) August 30, 2017 (20170830), d) September 5, 2017 (20170905),
e) September 11, 2017 (20170911) and f) September 17, 2017 (20170917).

A more effective technique for SAR mapping would whereas a horizontally polarized (H) wave oscillates from
be to use fully polarimetric data [10, 14, 16, 17]. side to side. Both vertically and horizontally polarized
Polarization is used to describe how an electromagnetic waves are said to have linear polarization [17]. There are
wave oscillates as it travels. A vertically polarized (V) four possible polarization combinations, HH, HV, VV and
wave oscillates up and down as it moves forward, VH,  where  HH/VV  is called  co-polarized and HV/VH are
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sTable 1: Summary of scatter, brightness and coherence for common materials

Material Scatter Type Return Brightness Coherence
Water Bragg/surface Low Low
Vegetation Volume High Low
Bare Soil Surface Low High
Urban Area Dihedral/double-bounce High High
*Flooded Area* Bragg/surface Low Low
*Flooded Vegetation* Volume/Dihedral High Low

called cross-polarized. The different polarization modes Cutoff thresholds for endmembers in each image were
can be thought of as the wavelength equivalent of
multispectral data; fully polarized (having all four
polarization modes) datasets can be used for in-depth
textural analysis and identification/classification of end-
members [16, 17].

Unlike the gray-threshold method, polarimetric
techniques do not require multiple images for target
identification and classification [17]. However, the limited
availability of fully polarized datasets does not make their
use common. Instead, similar information may be extracted
from two or more single polarized images using the
backscatter and coherence changes [10].

The correlation of two images is called the coherence
image and it is a measure  of  how  well-related  features
are across the image pair, where the reference image (the
older image) is known as the master and the comparative
image (the younger image) is known as the slave [16, 18].
Areas of bare soil and urban areas, such as buildings or
bridges, experience little motion and are typically stable
over long periods. This behavior is called coherent and it
allows these features to be readily identified across
multiple images, even if the images are taken years apart
[16, 18-20]. Bare soil and urban areas are stable and thus
have very high coherence, while features like vegetation
and water, which change rapidly, have weak coherence
[12, 18,  19].  A  typical  scene  is  made  up  of  1)  water,
2) vegetation, 3) bare soil and 4) urban areas. Each of
these components has a distinct scatter type, return
brightness and coherence as summarized below in Table
1. Traditionally, the SAR coherence has been used for
urban mapping with over 95% accuracy; however recent
work has shown its potential for food mapping in  complex
environments such as urban or vegetated areas [18, 20].
The change in backscatter experienced by flooded areas
is highly dependent on the SAR satellite and target
geometry; subtle  changes  in  backscatter  associated
with natural hazards are hard to identify which can lead
to under detection in complex environments. Integrating
both backscatter changes and coherence into a
detection/classification scheme allows for the detection of
subtle features using a self-consistent approach [10, 18].

calculated by analyzing the histograms of the difference
and mean backscatter. As the images are made up of
flooded and dry areas, the histograms are bimodal.

Martinis and Rieke [15] compiled a list of common
vegetation types and their associated backscatter range
when flooded. For a coastal wetland, the backscatter was
found to decrease by 15.1-6.8 dB when flooded; for the
Houston area, a cutoff of -13.5 dB was used in this study.
For urban areas, the coherence cutoff been identified as
0.48 by Grey et al. [21]. The ocean areas in the southeast
were then masked using an SRTM 30m DEM and the
images were classified into 1) urban areas, 2) bare soil, 3)
water, 4) vegetation, 5) flooded areas and 6) flooded
vegetation. Lastly, a 3x3 arithmetic mean filter was applied
to each class to further smooth out any remaining speckle.
This filter was chosen because it preserved fine details
such as thin streams and flooded streets, while still
smoothing the image. Statistics for each image pair were
then computed to determine the percentage of each
component.

RESULTS

The false-color composite images are shown in
Figure 1 where blue color represents areas of low
backscatter and low coherence (water), yellow color are
areas of high backscatter and high coherence (urban),
green color are areas of high backscatter and low
coherence (vegetation) and red color are areas of low
backscatter and high coherence (bare soil/roads). This
simple visual classification works rather well except for the
case of Figure 1c (August 30, 2017; 20170830). Figure 1c
(August 30, 2017; 20170830) shows green color in the
lower right-hand corner that should be classified as water.
There is also an abundance of red color in what should be
urban areas. Such a drastic change compared to the other
images is due to the substantial coherence and
backscatter difference caused by the extreme flooding that
occurred at this time. August 30, 2017 (20170830) was
characterized by peak hurricane activity and large
amounts of rainfall which flooded much of the greater
Houston area and decreased the observed backscatter [1].
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Fig. 2: Classification images for a) August 18, 2017 (20170818), b) August 24, 2017 (20170824), c) August 30, 2017
(20170830), d) September 5, 2017 (20170905), e) September 11, 2017 (20170911) and f) September 17, 2017
(20170917).

The  increased  storm  activity  had  the  opposite effect insurface texture  also  made  it  necessary  to apply a
for the Gulf of Mexico where the surface texture was mask  over  the  sea  portion of the images and a
increased, causing   an   increase   in   the  backscatter. smoothing  filter  to  avoid   erroneous  classification.
To  accurately  classify  this   image,   threshold  values Note that the green area on the lower part of Figure 1c
for  the difference  and  mean backscatter had to be designated a lack of data and was not considered for
relaxed  to  detect  subtle  changes.  This increase classification.
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Fig. 3: Backscatter difference images where blue is water under normal conditions, cyan is flooded areas and red is
flooded vegetation. Images are as follows: a) August 18, 2017 (20170818), b) August 24, 2017 (20170824), c)
August 30, 2017 (20170830), d) September 5, 2017 (20170905), e) September 11, 2017 (20170911) and f) September
17, 2017 (20170917). 

Detailed   images   and  statistics  are  shown in portion of Figure 2c designated a lack of data and were
Figures 2 and 3 and Table 2. In Figure 2, green is not considered. The urban areas and bare soil become
vegetation, blue is water, light orange is bare soil and red harder to distinguish in the zoomed-out views as the
are urban areas. As before, the green areas on the lower flooding  intensifies  due  to  the  increase  in  backscatter.
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Table 2: Statistics of radar classification. The green color represents images that did not have to be manually coregistred,
while the yellow corresponds to images that had to be coregistered and had a different spatial extent. The open
water class is made up of all the detected water in the image, while the flooded class indicated what fraction of
the water is due to flooding

In these classification images, the water class designates this area deforming by about -1.4 cm under normal
the total amount of detected water and does not conditions. This will likely increase in the presence of
differentiate  between  flooded  and normal conditions. extensive flooding, each even likely deforming an
The same can be said for the vegetation class, which does additional 1-2 cm if of a similar magnitude/longevity as
not distinguish between dry and flooded vegetation. Hurricane Harvey [9].
These classes are broken up into the flooded and dry Looking at Table 2, the conditions before Harvey on
components in Figure 3. The backscatter differences August 18, 2017 (20170818) indicate that around 8% of the
images are shown for each date along with water under image is flooded. This aligns with weather reports of
normal conditions (blue), flooded areas of open water heavy rainfall at the time. The amount of flooded areas
(cyan) and areas of flooded vegetation (red). In order to jumps up drastically from 0.3% to 18% on August 30, 2017
reduce possible misclassification due to the backscatter (20170830). This is accompanied by a 4% increase in the
variability caused by storm conditions, classes were flooded vegetation and likely an underestimate due to the
defined as non-overlapping. The water under normal multiple targets and thick tree canopies as discussed
conditions was derived from the August 18, 2017 previously. By September 5, 2017 (20170905) the flooding
(20170818) image, before the flooding event. has decreased significantly, but the image is still not

It is to be noted that during this time rainfall was experiencing pre-Harvey conditions. The classification
experienced in the Houston area, which led to minor results before the flooding on August 18, 2017 (20170818)
flooding as shown in Table 2. Overall, the flooding was also show that the image is made up of about 74%
most prolonged along the lower left-hand side of the vegetation.After the flooding event, this number jumped
image corresponding to the Brazos River. This area to 84%, an overall increase of 10%.
started flooding as early as August 24, 2017 (20170824) It is unlikely that during this time vegetation grew so
and remained in such a state past September 17, 2017 drastically as to make up for the above change. However,
(20170917). From the following images, it does not appear the reduction in coherence that was experienced by
that the San Jacinto River was inundated for very long, flooded buildings with high backscatter may have caused
despite the slightly larger footprint recorded by USGS in- them to be misclassified as vegetation [18]. Similarly,
situ measurements. The heavy rainfall coupled with the water bodies experienced an increase in surface texture
long time it took to drain flood onHouston’s southeast during the storm, which resulted in misclassification as
corridor makes the southwest Houston area one to vegetation to a much lesser degree. These changes, along
monitor for future surface deformation and possible with the increase in vegetated debris following the
subsidence. The 4-year prediction from 2017-2021 shows flooding, can account for the increase in observed
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vegetation. Moreover, this information tells that around DISCUSSION
half of the observed buildings on August 18, 2017
(20170818) became inundated to some degree as a result Radar classification results were validated by
of Hurricane Harvey. A change in the comparing to urban areas from the City of Houston GIS
coherence/backscatter also affects the amount of detected Portal and derived flooded extents made up of flooded
bare soil. The bare soil is shown to increase during and areas and flooded vegetation to USGS in-situ
after the flooding due to the increase in surface texture measurements (Figures 4, 5 and 6). Building footprints for
caused by the storm, primarily over water bodies. As the city of Houston from August of 2016 were
satellite radar sensitive to target texture, areas that became downloaded  from  the   City  of  Houston   GIS  Portal.
textured were misclassified as bare soil. This can be The dataset is comprised of 649, 510 recoded buildings
avoided by applying a harsher filter over the detected listed as either existing, demolished, new, possibly
water bodies; however, this information can also be used changed, or unknown. These data were imported into
as a proxy for surface conditions. The most significant ArcMap along with the urban classes derived from the
amount of bare soil was detected in August 24, 2017 August 18, 2017 (20170818) image. This image was
(20170824) and the August 30, 2017 (20170830) images, selected because it was the furthest from the flooding
indicating that the storm was most active at these times. occurrence and thus had the least amount of water or

Fig. 4: Urban area classification validation showing the August 18, 2017 radar imagery in RGB: coherence, mean Sigm0
and difference Sigma0 where blue areas are water, red are bare soil/streets, green is vegetation and yellow
corresponds to urban areas. Red polygon indicates building footprint data from the City of Houston GIS Portal.
Study areas over primarily residential (a) and primarily urban (b) environments are shown for comparison. While
the radar data has a resolution of 14x14 m, it is still able to detect sub-pixel features such as houses and buildings.
The two datasets have good agreement overall, but the detection of urban features becomes more difficult over
complex targets such as thick vegetation
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Fig. 5: The inundated extent of the Upper Brazos River from in-situ measurements shown in pink and radar data shown
in blue and green. The blue corresponds to the cumulative flooded areas detected across all imagery, while the
green corresponds to areas of flooded vegetation from 20170830 and 20170905. Flooded extents of the A) Upper
Brazos River and B) the San Jacinto River is shown in the upper right-hand sub-view.

surface texture that might obscure features. The difference Watson et al. [2] provide in-situ flood measurements
in resolution, spatial extent and time between the datasets in shapefile  format  over various rivers across the
did not allow for a direct one-to-one comparison; only a Houston area. For this study, data over the upper Brazos
qualitative analysis could be made. However, the radar River and the San Jacinto River were analyzed in ArcMap
imagery, as shown in Figure 4, shows good agreement as they had the best image overlap. The cumulative
with the building footprint data over both residential and flooded areas derived from all processed imagery over
urban areas. While the radar data has a resolution of 14x14 unobstructed  areas  show  proper  alignment   with  the
m, it is still able to detect sub-pixel features such as in-situ  measurements,  as  shown  in  Figures 5 and 6.
houses and buildings over both residential (Figure 4a) Small scale features such as ox-bow lakes and inundated
and urban areas (Figure 4b). streets are readily made out. Discrepancies between the

The two datasets have good agreement overall, but satellite and in-situ measurements arise over more complex
the detection of urban features becomes more difficult targets, primarily over vegetation. As vegetation is a
over complex targets such as thick vegetation where both complex target and changes rapidly, only August 30, 2017
endmembers may exhibit high coherence and backscatter. (20170830)  and  September  5, 2017 (20170905) images
This is primarily an issue in residential areas and does not were  used  for  comparison   with   the   in-situ  data;
affect the larger urban core of the city of Houston. these  dates  correspond   to   the   most   severe  flooding.
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Fig. 6: The inundated extent of the San Jacinto River from in-situ measurements show in pink and radar data shown in
blue and green. The blue corresponds to flooded areas, or open water, while the green corresponds to areas of
flooded vegetation. Flooded extents of the A) Upper Brazos River and B) the San Jacinto River is shown in the
upper right-hand sub-view.

Comparing the flooded vegetation, it is more detectable in acts to block the radar signal, unlike the typical
images when surface texture is not a dominate component environment along riverbanks. Flooded vegetation in
and where there is no thick canopy. While image for these areas would be more detectable with a more
August 30, 2017 (20170830) experienced more flooding, extended wavelength system such as L-band which would
flooded vegetation is much harder to detect because of allow for further tree canopy penetration; the satellite
the tumulus ground conditions. A similar outline like the image would also be less sensitive to small-scale
USGS in-situ measurements in Figures 5 and 6 can be backscatter changes [12, 16]. Vegetation mapping may
faintly made out on the difference images of August 18, similarly be improved by utilizing a different polarization
2017 (20170818) and August 24, 2017 (20170824). such as HH or HV [19].

A possible method to reduce speckle while
preserving image quality could be the coregistration of all CONCLUSIONS
images and applying a temporal filter, as demonstrated by
White et al., 2015 for wetland mapping. Figures 5 and 6 While  this  mapping  approach  has shown promise,
lacks detected flooded vegetation along the river edges, it is still dependent on the user-defined threshold.
but farmlands are well detected. This phenomenon likely Similarly, to the gray-threshold technique, the threshold
occurs  because  most  farm crops lack a thick canopy that is  the  single most important factor for improving
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accuracy  and  providing quality results in a short time. 2. Watson, K.M., G.R. Harwell, D.S. Wallace, T.L.
The processing scheme could be improved by creating Welborn, V.G. Stengel and J.S. McDowell, 2018.
stricter guidelines for classification or by utilizing Characterization of peak streamflows and flood
universal threshold standards. While not tested in this inundation of selected areas in southeastern Texas
work, unsupervised and supervised classification and southwestern Louisiana from the August and
algorithms might also be employed for a consistent and September 2017 flood resulting from Hurricane
semi-automated approach. However, this required Harvey (No. 2018-5070). US Geological Survey.
knowledge of the number of endmembers present, their 3. Khan, S.D., Z. Huang and A. Karacay, 2014. Study of
spatial distribution, etc., whichmay or may not be ground subsidence in northwest Harris county using
available. To maintain a self-consistent approach, the use GPS, LiDAR and InSAR techniques. Natural Hazards,
of neural networks and machine learning may be utilized 73: 1143-1173 DOI 10.1007/s11069-014-1067-x
given that the study area is large enough to be detected 4. Kasmarek, M.C., 2012. Hydrogeology and simulation
[20]. However, even with such sophisticated methods, it of groundwater flow and land-surface subsidence in
may still be challenging to accurately classify images the northern part of the Gulf Coast aquifer system,
acquired at different times due to the high variability of Texas, 1891-2009 (No. 2012-5154). US Geological
backscatter. The lack of quantitative error analysis to this Survey.
and other remote sensing-based flood detection 5. Kearns, T.J., G. Wang, Y. Bao, J. Jiang and D. Lee,
techniques is another hurdle to overcome. Currently, there 2015. Current land subsidence and groundwater level
is only limited ground-truth data available that makes it changes in the Houston Metropolitan Area
hard to discern the performance of different (2005–2012). Journal of Surveying Engineering,
thresholds/methods in less than general terms. 141(4): 05015002.

However, despite the following limitations, 6. Kreitler, C.W., 1977. Fault Control of Subsidence,
spaceborne radar data show excellent potential for Houston, Texas a. Groundwater, 15(3): 203-214.
mapping natural hazards like floods and can provide real- 7. Galloway, D.L., D.R. Jones and S.E. Ingebritsen, 1999.
time solutions to aid in decision making. Unlike optical Land subsidence in the United States (Vol. 1182). US
remote sensing techniques, it can penetrate through storm Geological Survey.
clouds and tree canopy; it does not require daytime 8. Kasmarek, M.C. and J. Lanning-Rush, 2004. Water-
conditions to operate. By exploiting the high temporal level altitudes 2004 and water-level changes in the
resolution of data, the change in backscatter and Chicot, Evangeline and Jasper aquifers and
coherence components between two or more images can compaction 1973-2003 in the Chicot and Evangeline
be derived. These data can be used to quickly identify aquifers, Houston-Galveston region, Texas (No. 2004-
and map endmembers, similarly to multispectral datasets. 1084). US Geological Survey.
The broad availability of data also allows for time-series 9. Milliner, C., K. Materna, R. Bürgmann, Y. Fu, A.W.
analysis and change detection. Additional benefits of Moore, D. Bekaert and D.F. Argus,  2018. Tracking
radar data include being able to map the surface the weight of Hurricane Harvey’s stormwater using
deformation and soil moisture associated with floods, GPS data. Science Advances, 4(9): eaau2477.
without the need for time-consuming in-situ 10. Kasischke, E.S., J.M. Melack and M.C. Dobson, 1997.
measurements. As the data are acquired from space, it is The use of imaging radars for ecological
not prone to shortages associated with natural disasters. applications—a review. Remote Sensing of
Thus, SAR data and the technique presented in this work Environment, 59(2): 141-156.
will likely become an indispensable tool for flood analysis 11. Giustarini, L., R. Hostache, P. Matgen, G.J.P.
and other natural hazard studies. Schumann, P.D. Bates and D.C. Mason, 2012. A
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