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1 | INTRODUCTION

Manoochehr Shirzaei

Abstract

Extreme precipitation and flooding often lead to human and economic losses.
However, the high-resolution nationwide flooding exposure data are scarce.
Availability of all-weather space-borne SAR satellite data can potentially
improve the ability to generate high-resolution flood map extent and exposure
globally. In Iran, flooding is a major concern, given the socioeconomic vulner-
abilities and increased likelihood of climate extremes. Iran experienced
extreme flooding during January to March 2019, attributed to significant pre-
cipitation during October 2018 to March 2019, which is well above the long-
term averages for 1999-2019. Using Pettitt and Mann Kendall tests, nationwide
precipitation records were identified by significant decreasing and increasing
trends in north and south, respectively. Utilizing 673 Sentinel-1 SAR intensity
images, we applied a fast-marching algorithm for image segmentation in com-
bination with a Bayesian framework to obtain high-resolution probabilistic
flood maps. We found, 22, 9, and 15 states in January, February, and March,
respectively, experienced flooding that covered >15% of their area with high
flooded area percent in the northwestern and southeastern region. We esti-
mated that >15, >11.32, and >11.33 million people were exposed to floods in
January, February, and March, respectively. Our datasets inform flooding
models and management efforts under increasing climate extremes and chang-

ing land use and cover.
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events over the past decades (Coumou &
Rahmstorf, 2012; Taylor et al., 2017). They have projected

Changes in frequency, intensity, and timing of extreme
climate events, causing disasters, are associated with
changing climate (AghaKouchak et al.,, 2020; Dottori
et al.,, 2018; Shukla et al., 2019). Several studies have
reported an increased frequency of extreme rainfall

a future increase in such events due to elevated global
temperature, which in turn leads to an increase in
flooding frequencies, primarily due to an increase in
heavy rain days, though the total rainfall is decreasing
(Dottori et al, 2018; Hirabayashi et al, 2008).
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Hirabayashi et al. (2021) suggested that projected poten-
tial global exposure to flooding is proportional to the
degree of warming, leading to a more significant threat
given the climate models. Moreover, Sixth Assessment
Report (AR6) by the Intergovernmental Panel on Climate
Change (IPCC) stated that the heavy precipitation events
would become more frequent and intense than in the
recent past on a global and continental scale and trans-
lates to an increase in frequency and magnitude of plu-
vial floods such as surface water and flash floods with a
high degree of confidence (Seneviratne et al., 2021). Fur-
ther, various studies have also highlighted the influence
of anthropogenic and geomorphological factors such as
the role of land use and land cover changes on flooding,
flood intensification, and losses, in addition to hydrome-
teorological factors (Adnan et al., 2020; Rahman
et al., 2021; Rogger et al., 2017; Roy et al., 2020; Saghafian
et al., 2008). Flood changes at a catchment scale could be
caused by changes in forest management, agricultural
practices, and infrastructural developments (Hajian
et al., 2019; Pal et al., 2021; Rogger et al., 2017).

Such increased frequency of severe flooding, linked to
anthropogenically driven climate change, the influence
of anthropogenic factors, combined with growing world
population, has exacerbated the socioeconomic
vulnerability and exposure (Hirabayashi et al., 2021;
Intergovernmental Panel on Climate Change, 2014;
Wallemacq, 2018; Willis et al., 2016; Wobus et al., 2014;
Yamazaki et al., 2018). To develop resilience plans and
mitigation strategies, hindcast exposure models, and cal-
culate the insurance payouts, accurate maps of flooding
extent and socioeconomic exposure at management, rele-
vant resolution (10% m) are needed.

In January to March 2019, Iran experienced one of its
most severe precipitation and flooding. The 2019 flood of
Iran, causing $5.4 billion worth of damage, ranked the sec-
ond most expensive flood in Iranian history, after the
floods of April to June 1992, according to the International
Disaster Database (www.emdat.be). The death toll of the
2019 flood is also ranked as the 18th deadliest flood in
Iranian history. Iran’s population is expected to surpass
90 million by 2030 (United Nations, 2019) from the current
population of 80 million (Figure 1a), highlighting the
increased vulnerability and exposure to future extreme cli-
mate events. Although we do not have a definitive answer
to how changing climates may impact flooding events
such as that of 2019 Iran, a recent study suggests that Iran
is likely to experience more extended periods of extreme
temperature or precipitation in the future and total rainfall
of more than 110 mm in three consecutive days, leading to
more flooding (Vaghefi et al., 2019).

In an average meteorological year of Iran, three-
quarters of Iran's rain falls between December and
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March. Two main factors act in condition to concentrate
the rainfall, leading to disastrous flooding. Firstly, both
the Zagros mountains running across southwest Iran and
the Alborz mountains in the northeast act as barriers to
airflow, keeping the center of the country dry as the rain
is deposited on the windward side of the country high
ground. Secondly, the inability of rainfall to penetrate the
ground due to a combination of land use, soil type, and
terrain characterized by steep-sided valleys, causing flash
flooding (Vaghefi et al., 2019). Approximately six signifi-
cant floods occurred in arid and semiarid parts of the
country, which was not expected (Floodlist, 2018). Hajian
et al. (2019), highlighted that even in the absence of
deforestation (land use and land cover change), climate
change such as extreme rainfall presents a significant
flood hazard in the northern province of Iran in the
perimeter of the Caspian Sea. Further, given the geophys-
ical conditions and other factors, flooding is considered
the second most common natural hazard after earth-
quakes (World Bank, 2019).

Data provided by earth-observing synthetic aperture
radar (SAR) satellites enables mapping the disaster extent
in semi-real-time with a higher resolution and is of great
importance for flood exposure analysis and mitigation
efforts and future hazards assessments and management.
This is due to SAR sensors' all-weather day and night
image acquisition abilities and broad spatial coverage,
frequency, and repeat intervals (Alvan Romero
et al., 2020; Clement et al., 2018; Sherpa et al., 2020).
Unlike other space-based techniques such as optical sat-
ellites, SAR works as a significant resource for inunda-
tion mapping even in the presence of clouds, which is
often the case, especially during compound events such
as extreme rainfall and flooding. Based on the backscat-
tering intensity of the SAR image where water appears as
a dark area resulting in a low backscatter recording as
incident radar signals are reflected away from the radar
antenna (Henderson & Lewis, 1998), one can visualize
and interpret flooding based on various classification
methods. This includes a simple visual interpretation
approach (Matgen et al., 2007; Oberstadler et al., 1997;
Sanyal & Lu, 2004), image change detection (Bazi
et al., 2005; Clement et al., 2018; Nico et al., 2000), region
growing algorithms (Malnes et al., 2002; Mason
et al., 2012), supervised classification (Pulvirenti
et al., 2013; Townsend, 2002), histogram thresholding
(Chini et al., 2012; Elkhrachy et al., 2021; Pulvirenti
et al., 2016), and clustering algorithm (Ruzza et al., 2019).
Further, many flood detection approaches have used a
combination of thresholding, region growing, and change
detection utilizing a single SAR image (Giustarini
et al., 2016; Matgen et al., 2011). A more robust approach
for estimating flood extent is developed by Chini
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FIGURE 1
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et al. (2017) using the hierarchical split-based approach
to obtain the distribution of flooded and non-flooded
pixels building on the works of Matgen et al. (2011). The
hierarchical split-based approach is also utilized in
Sherpa et al. (2020).

Recent flood mapping algorithms are concerned with
probabilistic mapping of flood extent instead of a binary
approach that provides no information on the uncer-
tainty of pixels' flooding condition (Giustarini
et al., 2016). Studies have highlighted various sources of
uncertainty for a single SAR image and associated
flooding extent map, such as (i) classification threshold
value to determine a pixel as a flooded or non-flooded,
(i) uncertainty due to partial flooding of a pixel,
(iii) geocoding of images (Schumann et al., 2008), and
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(iv) uncertainty that derives from speckles (Giustarini
et al., 2015). Here we addressed all the error sources men-
tioned above, but the uncertainty due to partial pixel
flooding concerns the probabilistic approaches of
flooding mapping and exposure analysis. Such flood
extent maps with uncertainty are useful for data assimila-
tion where uncertainties associated with observations
have to be quantified to ensure optimal use of the assimi-
lation filters required by flood managers and insurance
companies and related agencies as it reflects the level of
confidence that can be attributed to the mapped flood
extent (Giustarini et al., 2016). Here, we apply a statistical
approach based on the Bayes theorem, in which each
pixel is characterized by a probability indicating the like-
lihood of the pixel being flooded. To set up the Bayesian
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framework and obtain marginal probability density func-
tions of flooded and non-flooded pixels, we implement a
fast-marching algorithm for SAR image segmentation
(Sethian, 1999). The presented framework here is a
semisupervised approach, scalable to a regional and
global scale with minimal effort. These maps are a low-
cost resource for rapid response efforts and evaluating
hazards impact, provided that vast SAR datasets from
civil and commercial satellites are becoming available
(Rosen, 2021).

To assess the long-term trends and changes in cli-
matic conditions, we further investigated the non-
stationarity of the time series of space-based precipitation
data from TRMM multisatellite precipitation analysis
(TMPA) by observing the presence of abrupt changes in
the mean as well as the monotonic trends. We performed
two statistical tests, including Pettitt (Pettitt, 1979) and
Mann-Kendall tests (Kendall, 1975; Mann, 1945). The
rationale behind this is that if there is a statistically sig-
nificant trend in the time series, it may persist into the
future, providing clues for the frequency of repeating a
flooding-type similar to that observed through 2019.

We use an available population database to evaluate
the flooding exposure at the county and state levels. At a
national and global scale, flood exposure analysis is usu-
ally performed using global scale population density data
and hydrodynamic flood models (Bates et al., 2010; Neal
et al., 2012; Smith et al., 2019; Tiecke et al., 2017). How-
ever, large-scale studies using high-resolution direct
observation of the flood extent, such as those provided by
SAR, are scarce. Thus, such probabilistic flood map and
exposure are essential for determining the socioeconomic
flood exposure for better risk management, developing
long-term resiliency plans, and data assimilation, which
is found to significantly improve the prediction of
streamflow and water level (Di Mauro et al., 2021; Scotti
et al., 2020). Further, this study also highlights the impor-
tance of earth-observing SAR data sets with open-access
policy, such as Sentinel and future NASA-ISRO SAR
(NISAR) mission, for rapid disaster response, where field
observations are not available due to severe weather con-
ditions and the broad extent of the affected area.

2 | DATA

2.1 | Precipitation data

To investigate the precipitation pattern in the study area,
we use the National Aeronautics and Space Administra-
tion (NASA) version 7 of TRMM Multisatellite Precipita-
tion Analysis daily level 3 data (Huffman et al., 2007,
2010). We used the “Precipitation (mm/hr)” product from
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January 1, 1999 to December 31, 2019 at a resolution of
0.25° x 0.25°. Further details of this data product can be
found in Kummerow et al. (1998). Darand et al. (2017)
showed the usefulness of the TRMM product over Iran
and specifically where rain gauge observation is sparse
and concluded that the spatial and temporal variations of
precipitation are well captured by the multisatellite prod-
uct TRMM products over Iran. Since our analysis was
over the entire country, we utilized the TRMM product
for precipitation analysis purposes.

The monthly average precipitation from 1999 to 2019
and the 2018 and 2019 monthly precipitations are shown
in Figure 1b. In 2019, most non-summer months experi-
enced precipitation higher than the 20-year average, with
a peak in March whose value is twice the average. Fur-
ther, monthly total precipitation aggregated over state
and counties of Iran for January, February, and March
2019 are shown in Figure 2. The northwest part of the
country experienced more precipitation in all 3 months,
with the highest in March (Figure 2) at both county and
state levels.

2.2 | Synthetic aperture radar (SAR) data
We obtained and analyzed the full archive of SAR images,
totaling 686 scenes, acquired by Sentinel-1 C-Band Satel-
lite from European Space Agency with a temporal sam-
pling of 12 days from January 1 to the end of March
(namely, 20190104141633 through 20190331145156, with
name formatting of YYYYMMDDhhmmss and hhmmss
denoting the Coordinated Universal Time) to map the
extent of 2019 Iran flood. We use Gamma software (Urs
et al, 2000; Wegniiller et al., 2016) for SAR data
processing, including single look complex (SLC) genera-
tion, radiometric calibration, and co-registration. We
applied multilooking factors of 30 and 5 in range and azi-
muth to obtain a pixel resolution of ~70 x 70 m. The
coarse co-registration is performed using satellite ephem-
eris data and a reference Shuttle Radar Topographic Mis-
sion (SRTM) DEM at 30-m resolution (Farr et al., 2007).
Next, an enhanced spectral diversity is applied for pre-
cisely align SAR images at sub-pixel precision (Shirzaei
etal., 2017).

For our flood mapping, we used the amplitude of the
SAR images. In the case of smooth water, the incident
radar signal is reflected away from the satellite
(Henderson & Lewis, 1998). Therefore, in a single SAR
log-transformed amplitude image, the smooth open water
appears as a dark area and has a low backscattering
recording. On the other hand, the non-flooded area and
terrain backscatter the signal in many directions and
result in a brighter intensity recording.
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that the color bars in the panel (a) and (b) are different

3 | METHODS

3.1 | Non-stationarity analysis

We examined the non-stationarity of the monthly precip-
itation time series data from 1999 to 2019 using TRMM
data to evaluate if the rainfall variable consistently
increases (decreases) through time using monthly
datasets. We applied statistical tests to detect the presence
of abrupt changes in the mean and a trend, as discussed
in the following.

A nonparametric Pettitt's test (Pettitt, 1979) was
applied to detect the monthly level change points. This test
is rank-based and evaluates the null hypothesis (Hy), at
which the rainfall variable follow one or more distribu-
tions with identical parameters, namely, the mean of a
time series does not change, against the alternative
hypothesis (H,), at which there is a change point where
variables distribution alters. Numerous studies have used
this test to analyze annual and seasonal rainfall and dis-
charge maxima (Bodian et al., 2020; Ouhamdouch &
Bahir, 2017; Serinaldi & Kilsby, 2014; Villarini &
Vecchi, 2012). Applying Pettitt's test to precipitation data,
we were able to detect change points.

Furthermore, trends in the time series of precipitation
were analyzed using the Mann-Kendall test (Kendall, 1975;

46 50 52 58 62

Monthly total precipitation aggregated over states (a) and counties (b) of Iran for January, February, and March 2019. Note

Mann, 1945). The Mann-Kendall test statistically assesses
the presence of a significant rising or falling trend in a time
series, but the trend may or may not be linear. Such non-
parametric tests, which are determined by the ranks and
sequences of time series rather than original values, can
handle non-normally distributed datasets and are less sensi-
tive to data gaps (Hirsch & Slack, 1984) and outliers
(Hamed, 2008), which are very common in hydrometeoro-
logical time series (Dong et al., 2019; Duan et al., 2019; Gao
et al., 2019). Mann-Kendall test is broadly used to analyze
various hydrological and meteorological observations
(Serinaldi & Kilsby, 2015; Villarini, 2012; Villarini
et al., 2011; Villarini & Vecchi, 2012). Here, the test evalu-
ated the null hypothesis (Hy) that no significant trend
(upward or downward) exists in the monthly rainfall data,
assuming independent data with the identical distribution.
For this study, all the statistical significances are tested at
three levels 0.01, 0.05, and 0.1.

3.2 | Probabilistic flood mapping

We applied a Bayesian framework to SAR intensity
images to calculate the probability of a SAR pixel being
flooded (Giustarini et al., 2016; Sherpa et al., 2020), for
which a likelihood probability density function was
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estimated, thereby providing a continuous value between
0 and 1 as a probabilistic flood map.

The conditional probability of a pixel being flooded for a
log-transformed SAR image denoted as p(F|c°) is given by

oy P(6°|F)p(F)
p(F|6 )_ p(GO) (1)
p(c°) =p(c°|F)p(F)+p(c°|F)p(F) (2)

where, ¢° is log-transformed backscattering intensity,
p(6°|F) denotes the probability of recording a given back-
scatter value ¢° for a water pixel (F) and p(c°[F) is the
probability of recording a given backscatter value ¢° for a
non-water pixel (F). Also, p(c°) is the marginal probabil-
ity of recording a given backscatter value ¢° for any pixel.
The terms p(F) and p(F) are the prior probabilities of a
pixel being flooded and non-flooded, respectively. As the
posterior probability distribution of flooded pixels
depends weakly on the selection of prior value
(Giustarini et al., 2016), the noninformative prior value is
chosen as p(F) = p(F) =0.5, that is, the chance of a pixel
being flooded is the same as being non-flooded following
Westerhoff et al. (2013). Although this prior value is arbi-
trary and may impact the results, a sensitivity analysis
performed by Guistarini et al. (2016) showed that results
remain reliable, in spite. To obtain an estimate of p(¢°|F)
and p(o-°|17) an image segmentation scheme using the
fast marching algorithm (FMA) is implemented
(Sethian, 1999). Starting from a reference flooded pixel,
the FMA provides a computationally efficient approach
for coding an image based on grayscale intensities differ-
ences concerning the reference pixel. FMA assigns a geo-
desic distance to each pixel, determining the degree to
which each pixel's gray value intensity is like that of the
reference pixel. Applying a threshold to this geodesic dis-
tance map provides a segmented image. Here we use the
MATLAB command “imsegfmm” to perform the FMA
based image segmentation with a threshold of 0.05 on the
geodesic distance map. Figure S1 shows an example of
implementing the algorithm above to the image
20190117150034. Here we select a single reference
flooded pixel manually within the water/flooded area,
identified visually. A review of the algorithm and applica-
tions are provided by Deschamps and Cohen (2001). The
SAR image amplitude is shown in Figure Sla, where a
water body is visible due to its low intensity. The probabi-
listic flood map is provided in Figure S1b, where the
water body is marked with probabilities near 1, while
near-zero values characterize land pixels. Note that there
are some pixels with moderate values near areas of high
topographic reliefs, which are likely artifacts due to
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observation noise and the oblique viewing geometry of
radar satellites. Figure Slc shows the geodesic distance
map calculated for each pixel concerning a reference
pixel located within the water body. Applying a threshold
of 0.05 to this map yields a segmented image shown in
Figure S1d. This binary map roughly divides the image
into a flooded and non-flooded pixel, whose histogram is
shown as an inset. These histograms are used to obtain
an analytical form for p(¢°|F) and p(¢°|F) used in Equa-
tions (1) and (2).

3.3 | Flood exposure analysis

The percent area exposed to flooding is estimated as the pixel
area's multiplication with its flooding probability for pixels
located within each county or state divided by the county or
state area. When more than one SAR acquisition is available
for an area within a month, we chose the one with maxi-
mum flooding probability for the given month to obtain
monthly flood area exposure maps. We only use pixels with
a probability larger than 0.75 to calculate the final flooded
area percent and exposure maps to reduce the uncertainty
due to pixels with low probability. We selected the threshold
value by try and error for flood exposure analysis, so mostly
flooded pixels are selected, compared with independent
datasets such as optical images of flooding areas. This selec-
tion allows mitigating the uncertainty in flood exposure
maps due to the inclusion of pixels that are not significantly
flooded or are affected by considerable speckle noise.

Next, the population exposure is calculated by multi-
plying each county or state's percent area exposure values
with their population, assuming a uniform population dis-
tribution. Here we focus on exposure as an intersection of
hazard, flooding probability map, and the population dis-
tribution. However, hazard and population interactions
(vulnerability) to produce risk (Kron, 2005) are not consid-
ered in this article. Despite the high-resolution flooding
maps obtained from SAR, our analysis is limited to expo-
sure analysis at the state and county level due to the lack
of high-resolution census datasets for Iran. Therefore, our
study demonstrates the usefulness of SAR-based flood
extent mapping and its full capacity yet to be tested for
assessing high spatiotemporal flooding exposure.

4 | RESULTS
4.1 | Rainfall change point and trend
analysis

Figure 3a shows the distribution of the p-value for
Pettitt's test obtained for the time series of monthly
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precipitation at each TRMM tile. The tiles with signifi-
cant p-value <0.01, 0.05, and 0.1 are color-coded (blue,
purple, and red, respectively) in Figure 3b, indicating
the TRMM tiles where the null hypothesis is rejected,
and thus a change point exists in the mean of a precipi-
tation time series. The white color indicates tiles with
p-values >0.1 meaning not significant for our study
purpose. Some of the TRMM tiles in the wet regions to
the north and arid areas in the southeast are character-
ized by a statistically significant change in their long-
term precipitation patterns. Next, we apply Mann-
Kendall's test to investigate the presence of a statisti-
cally significant precipitation trend at each TRMM tile.
Figure 3c shows tiles color-coded to significant pixels
with p-value <0.01, 0.05, and 0.1 and the white color
indicates tiles with p-value >0.1, for which null hypoth-
esis passes and the term is insignificant. Figure 3d
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shows the binary trend map distribution, classifying
tiles into increasing or decreasing trends. Tiles marked
by a red box in Figure 3c,d indicate that significant
trends in rainfall are observed. The rainfall decreases
through time at various significance levels denoted by
blue, dark blue, and red in the northern part of the
country. In contrast, a significant upward trend is pre-
sent in the southeast. Compared with Figure 3b, we
find a good correspondence between tiles with change
points and those with a significant trend, namely, tiles
with a strong precipitation trend are those that have
changed their precipitation behavior over the past two
decades. Notably, the northern titles experience a
decreasing trend (blue pixels), whereas an increasing
precipitation trend characterizes those in the southeast
(purple pixels) in the arid and semiarid regions of the
study area, marked by red boxes.
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FIGURE 3

(a,b) Pettitt's test of change point. Distribution of p-value for time series of monthly precipitation data from 1999 to 2019

estimated for each TRMM tile (a) and the tile with significant p-value\le0.1 (b). (c,d) Mann-Kendal test for a monotonic trend. Significance
level analysis for the existence of a monotonic trend in Iran's monthly precipitation data from 1999 to 2019 at different significance levels
(c) and trend map showing increasing or decreasing pattern in precipitation for the same period (d). The red box highlights the trend and

significance areas
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4.2 | Probabilistic flood extent and
exposure analysis

Figure S2 shows examples of probabilistic flood maps
obtained for four SAR images of frame 96 acquired at
January 16, 2019 14:18:37, February 2, 2019 14:18:36,
February 21, 2019 14:18:36, and March 5, 2019 14:18:36
over the Dasht-e Kavir, a large desert within the Iran Pla-
teau, where no permanent water body exit. The maps
show the extent of flooding caused by the unprecedented
precipitation as SAR pixels with significant marginal
probability. The extent of the major flooded area to the
northeast changes slightly across these images, indicating
the effect of precipitation and flooding. The southwest's
minor L-shaped flooded area varies in size, highlighted
by SAR pixels with a reduced flooding probability. Fur-
ther, the probabilistic flood maps for the 673 SAR images
spanning January to March 2019 are provided in an
online repository mentioned in the acknowledgment.
Figure 4 shows maps of monthly flood exposed area
percent at state and county levels for January through
March 2019. The main results of flooded area percentage,
flood exposed population number, and precipitation
(mm) value in January, February, and March are
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reported in Table 1. We found 22 states that more than
15% of their area was flooded in January, 9 states in
February, and 15 states in March. High flooded area per-
cent is observed in the northwestern and southeastern
parts of the country (Figure 4). Among states, Qazvin
experienced the highest flooding percent of 36% in
January, while 32% and 27% of the Kurdistan areas were
flooded in February and March. Furthermore, 71, 36, and
44 counties were flooded more than 30%, and 9, 2, and
2 counties were flooded more than 50% in January,
February, and March. Takestan, with a flooded area per-
cent of 73% in January, experienced the worst conditions
among counties. Overall, January and March were char-
acterized by the most extensive flooding.

Monthly population exposure to flooding at the state
and county level for January, February, and March 2019
are also shown in Figure 5, and the highlights are
reported in Table 1. Our analysis shows that, over the
entire country, about 15 million people were exposed to
flood in January, with more than 2.1 and 1.6 million peo-
ple in Tehran and Razavi Khorasan states alone. Further-
more, 11.3 million and 11.3 million were exposed in
February and March, respectively, with the highest
exposed population of 1.4 million and 1.6 million in

January

40

Kerman
X

3L Major Cities
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2019 Monthly Flood Exposed Area (County)
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FIGURE 4 The 2019 monthly flooding area exposure percentile in state level (a) and county (b). January, February, and March
2019 months are presented here. Note that the color bars in the panel (a) and (b) are different
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Razavi Khorasan state (Table 1). The results from a
detailed analysis of flooded area percentage and popula-
tion exposure for all the states and counties as well as the
associated precipitation for January, February, and
March, of 2019 are provided in an online repository with
a link given in acknowledgment.

5 | DISCUSSION

We conducted an extensive analysis of the area and popu-
lation exposed to Iran's 2019 flood, using the entire
archive (673 images) of Sentinel-1 data. We applied a
fast-marching algorithm combined with a Bayesian infer-
ence scheme and assigned to SAR pixels a flooding prob-
ability. SAR-based Bayesian approach was able to
characterize uncertainty associate with each pixel class.
Furthermore, this exercise provides vital information on
flood extent and exposure that are not often available by
analyzing optical imageries due to cloud cover. For vali-
dation purposes, an available optical dataset is shown in
Figure S3. In the lower panel, Landsat 8 (bands 6-5-3)
imagery acquired during January 7, February 24, and

SHERPA anp SHIRZAEI

March 12, 2019, are shown, highlighting water bodies in
dark blue. The corresponding SAR-based probabilistic
flood maps for similar dates are also shown in the upper
panel, Figure S3. We find a good agreement between the
two datasets. In our earlier study, Sherpa et al. (2020)
thoroughly validated the SAR-based probabilistic flood
mapping algorithm against independent datasets and
found results consistent with that of other publications
(Giustarini et al., 2016; Schlaffer et al.,, 2017). We
acknowledge that effects such as wind-induced roughen-
ing and SAR oblique incidence angle may reduce
waterbody classification accuracy. A mask can be devel-
oped based on an available digital elevation model and
SAR viewing geometry to mitigate these effects and iden-
tify and remove pixels affected by shadow, layover, or
foreshortening effects. Furthermore, a consistency verifi-
cation step can be applied, which exploits the idea that
neighboring pixels should be treated similarly in terms of
flooding probability and thus reduces the effect of local-
ized noise such as wind-roughening. Such rigorous analy-
sis is required when dealing with flood exposure at high
resolutions. However, for the county and state-level expo-
sure assessments done here, these corrections are not

January
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The 2019 monthly flooding population exposure map in state and county level for January, February, and March. Note
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applied, and the overall impact of such localized nuisance
is minimal in the overall result. We showed that flood
exposure analysis could be performed at the state and
county level using the mapped flood extent, determined
by the available coarse census data. However, if the
higher resolution census datasets become available, our
analysis can be readily expanded to a much higher reso-
lution. As for the uncertainty assessments, note that the
Bayesian approach is employed to estimate uncertainty
for flooding levels at each pixel. Thus a pixel with a larger
flooding probability is more likely to be flooded than a
pixel with a low probability. We also selected pixels with
a probability larger than 0.75 for the exposure analysis,
reducing the uncertainty from pixels with moderate and
low probability values.

Extreme precipitation events are likely to increase by
warming climate with significant frequency changes
(AghaKouchak et al., 2020). The precipitation data based
on NASA's TRMM products were analyzed using several
statistical tests to understand the study area's precipita-
tion patterns. We found high monthly precipitation com-
pared with the 20-year monthly average from October
2018 to March 2019, indicating intensified wet season in
years over the study area. We show that many states and
counties receive more than 80 and 150 mm precipitation
in January through March 2019. Our analysis showed
that over the past 20 years, contrasting precipitation pat-
terns affected parts of Iran with a significant decreasing
precipitation trend in the north and northeast and a sig-
nificant increasing precipitation trend in the south and
southeast. Modarres and Sarhadi (2009) used ground-
based measurements and showed increasing and decreas-
ing trends, where negative trends of annual rainfall char-
acterize northern and northwestern regions. In contrast,
positive trends affect the arid and semiarid regions of
Iran. Further, Alizadeh-Choobari and Najafi (2018)
suggested that heavy precipitation frequency changes
depending on the geographical location when consider-
ing warming climate conditions. Vaghefi et al. (2019)
predicted a rise of up to 100 mm yr~ ' in the Mediterra-
nean and Semi-Desert climates and the Caspian zones
and a modest increase in the central Cold Semi-Deserts
using RCP4.5. Also indicating the wet regions of the
country get wetter, while the dry areas get drier, which is
also suggested by Abbaspour et al. (2009). On the other
hand, a significant decrease in the precipitation of about
100 mm yr ' in the Hot Semi-Desert areas and a rela-
tively stable Caspian zone climate using climate scenario
of RCP8.5 in concluded by the same study (Vaghefi
et al., 2019).

In addition, various studies have shown increasing
and contrasting flood patterns in recent years around the
globe linked to various climatic, environmental, and
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anthropogenic factors. A study by Bloschl et al. (2019)
showed an increase in flood discharges in northwestern
Europe with decreasing pattern in the stream gauges in
southern and eastern Europe. Further, an increase in the
frequency of flood events is observed by Slater and Vil-
larini (2016) in the central United States, whereas a
decreasing trend is observed in the southeastern part of
the united states. Globally, an increasing trend in the
magnitude and frequency of floods was reported by
Berghuijs et al. (2017) from 1980 to 2009 with the largest
changes in Europe and the United States. Extreme
rainfall-related flooding is reported in India in the recent
year of 2019 (Mishra et al., 2018; Sherpa et al., 2020). Fur-
thermore, Vaghefi et al. (2019) anticipated an increase in
Iran's climate extremes, including extended periods of
maximum temperature, dry and wet conditions, and
extended dry periods interrupted by intermittent heavy
rainfalls, intensifying flooding.

The 2019 flood was ranked the second most costly
event in Iran's flooding history and led to more than
15 million exposure in January and 11 million in
February March to 2019 flood. An increase in the fre-
quency and intensity of such flooding events is antici-
pated within the coming years (Hoegh-Guldberg
et al., 2018). In addition, human activities, and interven-
tions such as deforestation, urbanization, water manage-
ment infrastructures, and modification of channels or
river flow regulations could attenuate extreme events
(Familkhalili & Talke, 2016; Hajian et al., 2019; Ralston
et al., 2019; Talke et al., 2018) alongside with geographi-
cal location or soil type or terrain which is also the major
case in locations like Iran where geophysical condition
and climate conditions induce flooding. Further, Hajian
et al. (2019), highlighted that even in the absence of
deforestation, climate change such as extreme rainfall
presents a significant flood hazard in the northern prov-
ince of Iran around the Caspian sea.

6 | CONCLUSIONS

This study investigated a climate extreme, that is, heavy
precipitation, and the associated flooding in Iran using
high-resolution ESA SAR and NASA TRMM data. We
also quantified the human exposure to climate events
and analyzed trends in monthly precipitation. Signifi-
cant increasing in the northern and decreasing precipi-
tation patterns in south and southwest regions of the
study area are observed during 1999-2019, with signifi-
cant precipitation during October 2018 to March 2019,
well above the long-term averages. We applied fast
marching algorithm approach for segmenting SAR
images into flooded and non-flooded pixels and applied
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a Bayesian framework to generate probabilistic maps of
flooding extent and exposure maps for January,
February, and March of 2019 over the entire country of
Iran. The generated maps are not impacted by cloud
cover and provide information on flooding conditions
independent from daylight and also provides uncertainty
associated with each pixel.

We observed high flooded area percent in the north-
western and southeastern parts of the country, with
22 states that more than 15% of their area was flooded in
January, 9 states in February, and 15 states in March in
the entire country. Our monthly population exposure
analysis to flooding at the state and county level showed
the exposure of 15 million people to flood in January,
11.3 million and 11.3 million in February and March.
Our analysis indicates the potential use of the Sentinel-1
SAR dataset and probabilistic flood maps for flood expo-
sure analysis during extreme rainfall events where gro-
und access may not be feasible.

Adaptation decision-making in response to climate
extremes causing flooding requires an enhanced under-
standing of physical and environmental hazards, future
exposure to hazards, social perceptions of risk, and
understanding the legal environment that facilitates or
obstructs adaptation strategies. The datasets provided
here give a direct measure of disasters’ socioeconomic
impact. They also can constrain physical models used for
future projections of flooding extent. Thus, our SAR-
based flood extent and exposure maps are critical compo-
nents of effective adaptation decision-making in the era
of climate change that extreme events are becoming
anorm.
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