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A B S T R A C T

Semi-urban vegetation system includes vegetation partly managed by humans and partly growing naturally. It 
plays a vital role in ecosystem stability but are vulnerable to floods across the world highlighting the need for 
strategies to enhance resilience to climate change. However, detecting floods is difficult using Earth Observation 
due to complex scattering between radar signals and varied surface conditions. To address this, Synthetic 
Aperture Radar (SAR) polarimetry provides information to distinguish scattering patterns of flooded from non- 
flooded areas. The study proposes a flood detection methodology using Sentinel-1 SAR aimed at combining the 
Degree of Polarization (DOP) and Linear Polarization Ratio (LPR) derived from Stokes parameters, and Eigen
values of the SAR covariance matrix. The proposed Flood Index (FI) integrates both amplitude and phase, unlike 
Normalized Difference Flood Index (NDFI) and VH/VV ratio that use only intensity data; the phase data helps 
separate smooth flooded surfaces from rough land or vegetation. A Random Forest model trained on the FI with 
bootstrap sampling detects flood extents accurately in Japan (2019 Typhoon Hagibis), India (2023 Delhi flood), 
and Greece (2023 Larissa flood). The model achieves F1 scores between 0.81 and 0.86 and Intersection over 
Union scores between 0.70 and 0.76. The proposed model is better than Otsu and NDFI across all study sites by 
maintaining lower False Negative Rate (0.09–0.17) and moderate False Positive Rate (0.19–0.39). Better 
transferability of the trained model is achieved across different flooded areas for scalable flood management in 
semi-urban vegetation areas.

1. Introduction

Floods are one of the most common and disastrous hazards for semi- 
urban and agricultural ecosystems across the globe (Schumann, 2024). 
Semi-urban vegetation system refers to land use land cover in 
urban-rural fringes that includes vegetation partly managed by humans 
and partly growing naturally (NVC, 2008). These landscapes, often 
densely populated and ecologically significant, require robust moni
toring to assess flood impacts and support climate resilience. Particu
larly, South and Southeast Asia including India, Bangladesh, Japan, 
Vietnam, Laos, and Cambodia experience frequent floods in semi-urban 
vegetation areas due to storm surges, sea level rise, and tropical cyclones 
(Subbarayan et al., 2025; Tavakoli et al., 2025). In the last decade, the 
frequency of extreme floods is reported to have increased by three folds, 
which is projected to further increase by the end of the mid-21st century 
(2020–2059) (Phy et al., 2022; Halder et al., 2023; Nayak and Takemi, 
2023). For instance, the floods in India, Brazil, UAE, China caused 
devastating damages of approximately 656 billion USD (Times, 2025). 

In the near past, Hagibis flood is ranked as the most economically 
devastating disaster globally in 2019 resulting in a loss of nearly 26 
billion USD (CRED, 2020; MLIT, 2021). According to the Intergovern
mental Panel on Climate Change (IPCC) 2022, the flooding situation in 
many Asian countries will worsen in the future highlighting the need for 
an effective flood disaster management (Tse-Hei Lee, 2020; Portner 
et al., 2022).

Therefore, mapping and monitoring the floods is essential for faster 
and effective relief operations (Ermagun et al., 2024), especially in flood 
prone nations of Asia. Satellite based Earth Observation including both 
optical and radar remote sensing datasets are a potential way to detect 
floods accurately (Adhikari et al., 2022). In recent times, multiple 
spaceborne sensors are available that are operational in visible and 
microwave bands with different swath widths, spatial resolution, and 
acquisition geometry. Among all the sensors, Synthetic Aperture Radar 
(SAR) sensor has the advantage of being operational during day and 
night as well as during cloud-covered weather conditions (Mehedi et al., 
2022, ; Adhikari, 2021; Kumar et al., 2025). Sentinel-1 (C-band), ALOS 
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PALSAR-2 (L-band), and TerraSAR-X (X-band) SAR sensors are used 
extensively for flood detection in urban and forested areas (Dasgupta 
et al., 2018; Tsyganskaya, 2019).

Ideally, fully polarized SAR data is needed for a complete under
standing of scattering mechanisms in a flooded area (Pirrone et al., 
2020). However, dual-polarized data is frequently available than fully 
polarized SAR data (Karanam et al., 2021; Garg et al., 2024). Decom
position models based on dual-polarized SAR data fail to provide the 
“anisotropy” descriptor that quantifies the relative importance between 
the second and third eigenvalues. For instance, second and third scat
tering mechanisms (multiple scattering from flooded vegetation, 
partially flooded urban areas, areas with floating debris and emergent 
vegetation) are important to detect flood extents. To counter the absence 
of “anisotropy”, we use the Stokes parameters that quantify the polari
zation state of the received signal. The Stokes parameters are g0, g1, g2, 
g3, defining total polarized power, power in linear polarization, power 
in + 45/− 45◦, and power in left/right circular polarization, respec
tively. The Stokes parameters are combined in the Stokes vector for 
further analysis (Supplementary section B). For Polarimetric descriptors 
derived from these parameters i.e. Degree of Polarization compensates 
for the missing anisotropy descriptor (Mandal et al., 2020). Anisotropy 
and Degree of Polarization (DoP) are similar since both measure the 
“purity” or “dominance” of scattering mechanisms; anisotropy through 
eigenvalue balance, and DoP through polarization state purity (Adhikari 
et al., 2023). Both decrease as scattering becomes more random 
(Yamaguchi, 2020). For dual-pol data, only DoP is possible to calculate 
(Mandal et al., 2020). Therefore, in this work, DoP is used in place of 
“anisotropy” for dual-polarized SAR image available for a flood event.

For effective determination of flood extents, classification methods 
are used along with polarimetric descriptors obtained from decompo
sition models. For instance, maximum-likelihood based Wishart classi
fication (Pulvirenti et al., 2016), machine learning classification 
methods including random forest and support vector machines (Gou 
et al., 2014; Kazemi Garajeh et al., 2022; Pierdicca et al., 2017), 
K-Nearest Neighbor (KNN) classifier (Tanim et al., 2022). Recently, 
U-Net is widely used for SAR data-based flood mapping due to its effi
ciency with limited labelled SAR data (Fakhri and Gkanatsios, 2025). 
Some studies have found good performance of Random Forest when 
compared with U-Net in flood extent mapping (Mandal et al., 2019). 
Collectively, we find the need of a machine learning based flood 
detection framework utilizing polarimetric descriptors to detect floods 
for different LULC classes.

Overall, we find few research gaps in flood detection that we attempt 
to solve in this work. First, the challenge of separating flooded building 
producing strong double bounce signals from flooded vegetation with 
greater depolarization effects. Second, the challenge of detecting floo
ded vegetation with mixed scattering behavior. Third, the challenge of 
detection of flooded urban areas. Finally, integrating solutions of 
aforementioned problems into a machine learning model for rapid flood 
detection using open-source SAR datasets.

As a solution, first we separate flooded buildings from flooded 
vegetation by quantifying the relative contribution of surface and 
double-bounce scattering. Flooded buildings exhibit higher Degree of 
Polarization (DoP) and lower Linear Polarization Ratio (LPR) due to 
dominant double-bounce returns, whereas flooded vegetation shows 
lower DoP and higher LPR resulting from depolarized volume scattering 
within the canopy. Second, we separate flooded vegetation with mixed 
scattering from flooded urban areas. We capture non-linear polarization 
effects caused by multiple scattering within vegetation. We also quantify 
changes in DoP between pre- and during-flood images to emphasize 
strong double-bounce reflections from flooded urban regions. Lastly, we 
propose a machine learning model to handle the proposed flood index 
derived from eigenvalues of covariance matrix, DoP and LPR. Our pro
posed method detects floods in different regions without retraining by 
using physical radar scattering properties and normalization to reduce 
speckle noise, working well across varied land covers in India, Greece, 

and Japan.
Therefore, in this work, we propose a Flood Index (FI) developed 

from polarimetric descriptors including Stokes parameters and Eigen 
values addressing the aforementioned challenges and proposing a ma
chine learning based framework to detect flood extents in a rapid 
manner. In Section 1, we discuss the limitations to existing studies. 
Following this in Section 2, we describe three study areas and datasets. 
Further in Section 3 we calculate FI for flooded areas for 3 countries i.e. 
Japan, India and Greece. Next, we propose a Random Forest model 
trained on FI derived for different flooding events across the world 
representing different flooded LULC. Finally, in Section 4 we demon
strate that the Stokes parameters and Eigenvalues are able to detect 
flood extents with enhanced discrimination between different flooded 
LULC using only the dual-polarized data.

2. Methodology

2.1. Study area and datasets

A world map in Fig. 1 displays global flood occurrence map prepared 
using the JRC Global Surface Water dataset in Google Earth Engine. On 
the map, three flood events are shown from Japan, India, and Greece 
that are used in this work. We consider the study area based on the flood 
extent, availability of SAR and optical datasets (Table T1 and T2 of the 
Supplementary section G), and visual inspection on the pre and during 
flood optical satellite images (Supplementary section G, Fig. S4). For the 
flood events in India and Greece, all high-resolution optical datasets 
were fully covered by clouds. PlanetScope (3 m) was the only dataset 
with few cloud-free patches, matching SAR acquisition time, where 
flooded areas were visible in India and Greece. Moreover, the study sites 
had broad land cover units (large fields, wider floodplains, and less 
fragmented land use), which made the coarser PlanetScope imagery 
sufficient for distinguishing flooded from non-flooded areas and prep
aration of labels. Whereas, the Nakashi area in Japan has a complex 
landscape with fine-scale land cover patterns, such as narrow rivers, 
paddy fields, and dense urban features. To accurately separate water 
from such detailed surroundings, higher spatial resolution was needed. 
Therefore, SPOT-6 (1.5 m) was used, as PlanetScope’s 3 m resolution 
would not have captured the small-scale flooded features distinctly. 
Optical satellite images of flooded region in Japan, India, and Greece are 
shown in Supplementary section F.

2.1.1. Japan
The typhoon Hagibis that made landfall in the Ibaraki Prefecture of 

Japan on October 12 (JST), 2019 is now considered as one of the most 
powerful typhoons to have occurred in Japan resulting in widespread 
floods and landslides (Das et al., 2020). Tay et al. (2020) reported that 
the Naka River as shown in Fig. 1(1), which flows through the Ibaraki 
Prefecture, was flooded resulting in the inundation of over 80,000 
houses and a large portion of agricultural land causing economic losses 
of over 27 billion USD. As mentioned by Fu et al. (2021), the data from 
the Hitachi-Omiya observation station of the AMeDAS (Automated 
Meteorological Data Acquisition System) shows the peak water levels 
(11.4 m and 2.7 m) at stations named as N2, N3 respectively on the Naka 
riverbed, which caused an overflow at these locations. Flooded area 
includes port area (mid-urban) to the N2 station, Red cross hospital, 
Ibaraki university, agricultural fields with scattered settlements.

2.1.2. India
A major rainfall induced flood occurred in the Delhi NCR (National 

Capital Region) of India between July 8 to 13, 2023 (Soudagar et al., 
2025). The water level reached 208.66 m in the Yamuna river 
(FloodList, 2023). Several low-lying areas along the river flood plain 
were flooded including human settlements and agricultural land. We 
select our study area by considering the extent of the flooding, and 
available Sentinel-1 and optical datasets.
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Fig. 1. (a) World map showing the global flood occurrence dataset spanning 38 years from March 1984 to December 2021, created by analysing 4.4 million Landsat 
5, 7, and 8 satellite images at 30-m resolution to indicate flood frequency patterns worldwide (Pekel et al., 2016). Study areas from three countries: (1) Region from 
Japan surrounding the Naka River in Ibaraki prefecture, which covers two flow observations stations N2 and N3, and important locations including hospital, 
university, parks, and agricultural lands in the vicinity of the Naka river; (2) Region from India surrounding the Yamuna river in Delhi NCR; (3) Region from Greece 
surrounding the Pineios river at Larissa area.
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2.1.3. Greece
A major torrential rainfall event occurred in Greece in 2023 that 

caused a major flood in the region of Larissa (CBS, 2023). The area in the 
vicinity of the Pineios river was inundated by flood water that caused 
large damage to infrastructure including part of the Athens-Thessaloniki 
highway. The study area in Greece is selected based on the similar 
acquisition time of Sentinel-1 and optical datasets as shown in Supple
mentary Table T1 and T2, respectively.

3. Methods

We describe a methodology to process Sentinel-1 SLC data to obtain 
polarimetric descriptors the degree of polarization and linear polariza
tion ratio, which are used for proposing the Flood Index. Next, we 
describe the Random Forest model that is trained on the Flood index and 
compared with standard methods of Otsu (1979) and NDFI to detect 
flood extents for three study areas.

3.1. Geolocation uncertainty analysis between SAR and optical images

To assess the geolocation uncertainty between Sentinel-1 and Plan
etScope, we measured Root Mean Square Error (RMSE) and Mean Ab
solute Error (MAE) at independent Ground Control Points, such as road 
intersections and building corners. The detailed explanation to minimize 
geolocation uncertainty is included in the Supplementary section D. 
After DEM-based orthorectification, the residual misalignment RMSE 
and MAE were obtained as 3.970 m and 3.795 m, respectively. This is 
less than the resampled Sentinel-1-pixel size of 5m, confirming minimal 
uncertainty (as discussed in Supplementary section D).

3.2. Pre-processing of Sentinel-1 SLC data

The pre-processing of raw data is crucial to generate a geocoded 
polarimetric 2 x 2 covariance matrix (C2). As shown in the flowchart in 
Fig. 2, the Terrain Observation with Progressive Scans SAR (TOPSAR) 

Fig. 2. The detailed flowchart of the methodology adopted in the study including the pre-processing of the Sentinel-1 data, extraction of polarimetric descriptors, 
development of Flood Index (FI), machine learning model training on the FI, comparison of trained model on FI with existing methods, and accuracy assessment.
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split is applied to select the intended burst before assigning precise orbit 
information to the data. The radiometric calibration corrects for varia
tions in the radar instrument’s sensitivity, ensuring that pixel values 
consistently represent radar backscatter values. Next, a deburst opera
tion is applied to obtain a continuous image from the signal (Supple
mentary section E).

The multi-looking operation reduces the spatial resolution for both 
the range and azimuth directions with additional noise cancellation. The 
final product is used to generate a polarimetric covariance matrix (C2) 
based on the Pauli vector. A Lee Refined filter is applied followed by 
terrain correction with 30 m SRTM DEM (Farr et al., 2007) for reducing 
signal clutter that leads to salt and pepper grainy texture in SAR images 
(Mandal et al., 2019).

3.3. Polarimetric parameters

After the pre-processing in the SNAP software, the Stokes parameters 
are obtained. The Stokes parameters are g0, g1, g2, g3, defining total 
polarized power, power in linear polarization, power in + 45/− 45◦, 
and power in left/right circular polarization, respectively. The Stokes 
parameter are related to each other as per Equation (6) of the Supple
mentary section B and are used to calculate Degree of Polarization 
(DOP), denoted by symbol ‘m’ (Supplementary section Equation (7)), 
and Linear Polarization Ratio (LPR) denoted by symbol ‘μL’ (Supple
mentary section Equation (8)). Next, Eigenvalues (EV1, EV2) are calcu
lated from the covariance matrix of the Sentinel-1 data using the 
PolSARPro software (Supplementary section Equations (10)–(12)).

The DOP is a measure of the polarization purity of a radar signal. It 
quantifies the degree of polarization of the received signal. The LPR is a 
measure of the ratio of the magnitude of linearly polarized radar returns 
to the total radar return, which includes both linearly and circularly 
polarized components. It occurs when the orientation of the scattering 
structures within a scene aligns with the linear polarization states of the 
transmitted radar signal. DOP and LPR are less sensitive to absolute 
magnitudes of received signal and provides comprehensive insight into 
the complex scattering processes in a flooded area (Felix et al., 2024).

We calculate the DOP and LPR for all the study sites (Japan, India, 
Greece) for pre-flood and during flood dates. Here, we show the analysis 
of DOP and LPR for Japan, whereas the DOP and LPR data for

Next, we calculate the sum of EV1 and EV2 to consider scattering 
properties from every type of flooded LULC and use it as weights for DOP 
and LPR to highlight dominant scattering while preserving physical 
characteristics represented by Eigenvalues. We have used EV1 and EV2 
since the covariance matrix has a rank of 2 for dual-pol Sentinel-1 data. 
The DOP and LPR are shown as follows (Eq. (1) & Eq. (2)) (Mandal et al., 
2020): 

Mpre =EVpre x mpre (1) 

Mduring =EVduring x mduring (2) 

where, 

EVpre =(EV1 +EV2)

Where EVpre is sum of the eigenvalues (EV1,EV2) from pre-flood con
dition and mpre is the degree of polarization for pre-flood data. Similarly, 
EVduring and mduring denote Eigenvalue and DOP during the flood, 
respectively. In the case of dual-pol (C2) data, the covariance matrix has 
rank 2 and thus only two non-zero eigenvalues (EV1, EV2), while the 
third pseudo-eigenvalue is identically zero by definition.

In a similar way, μLpre 
and μLduring 

are calculated. Further, weighted 
DOP and LPR are normalized as follows: 

MN =
Mpre − Mduring

Mpre + Mduring
(3) 

μL N =
μLpre − μLduring

μLpre + μLduring
(4) 

3.4. Flood index (FI) formation

Flood Index (FI) is developed using normalized Degree of Polariza
tion and normalized Linear polarization ratio that comprises of three 
components. The first component of FI highlights the difference between 
normalized DOP and LPR to detect flooded buildings and flooded 
vegetation. The second component enhances the detection of flooded 
vegetation due to multiple scattering, and the third component captures 
the scattering information from flooded buildings using DOP. The FI is 
obtained through multiplication of the three components since SAR 
backscatter follows multiplicative behavior enabling accurate repre
sentation of complex scattering mechanisms by preserving the charac
teristics of the backscattered wave (Guissard, 1994; Skolnik, 2014).

Since the FI is based on dual-pol SAR data (e.g. Sentinel-1) for its 
simplicity in application, we explain the flooded vegetation and flooded 
urban scattering mechanisms in terms of the Stokes parameters picto
rially in Fig. 3 that are included in the derivation of the FI. For instance, 
during floods partially submerged vegetation creates random scattering 
increasing DOP whereas completely submerged vegetation increases 
surface scattering causing higher LPR and lower DOP. For flooded urban 
areas, slight increase in LPR and larger increase in DOP is caused due to 
increased surface scattering and double bounce scattering mechanism.

3.4.1. Uncertainty sources
In flooded vegetation, several mechanisms effect radar backscatter. 

First, partially submerged vegetation causes random scattering, 
reducing the degree of polarization (DOP). Second, canopy interception 
occurs when C-band radar signals mainly reflect off the upper plant 
canopy, limiting interaction with the water surface below. Third, the 
absorption impact from water, which has a high dielectric constant, 
reduces the returned signal by absorbing more energy. Lastly, modified 
surface interaction arises when submerged vegetation enhances surface 
scattering (reflected more strongly), but reduces randomness in scat
tering, again lowering the DOP. In urban flooding, radar behaves 
differently due to man-made structures. Surface scattering increases 
when floodwaters cover buildings, enhancing the linear polarization 
ratio (LPR). Corner reflection occurs when water forms ideal conditions 
for double-bounce reflections between building walls and the ground, 
increasing both DOP and signal strength. Material enhancement also 
plays a role, as highly reflective urban surfaces (like concrete or metal) 
create stronger radar echoes. Finally, signal pathway efficiency im
proves in flooded areas due to less absorption and more multiple-bounce 
paths, which amplify the return signal.

3.4.2. Calculation of the first component of the flood index
In flooded urban areas, where double-bounce scattering dominates, 

LPR is lower, and DOP is higher due to strong return in both HH and VV 
channels leading to a smaller difference between the two Stokes pa
rameters. In contrast, flooded vegetation exhibits a slightly higher LPR, 
and lower DOP compared to flooded buildings due to volume scattering 
within the vegetation canopy that tends to depolarize the signal. This 
reduces the difference between HH and VV channels.

To discriminate between flooded buildings and flooded vegetation 
by quantifying the relative response of surface scattering, normalized 
LPR and normalized DOP are combined through multiplication as shown 
in Equation (5). 

Flood Index (FI 1)=
(
mN* μL N

)
(5) 

Further, the multiplication makes the output sensitive to extreme values 
so that FI_1 captures large changes in the (Mpre − Mduring

)
and (μLpre −

μLduring ) due to flood.
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3.4.3. Calculation of the second component of the flood index
A major challenge in flood water detection is to identify the mixed 

scattering component from various types of flooded vegetation (Brisco 
et al., 2013; Plank et al., 2017). This includes wetlands with emergent 
vegetation, flooded paddy field and sediment water that cause multiple 
scattering leading to non-linear polarization. The non-linear polariza
tion occurs due to wave transformation from linear to elliptical or cir
cular polarization through multiple interactions. The non-linear 
polarization can be quantified by subtracting the linear polarized power 
from the degree of polarization (i.e., mN − μL N).

This difference between normalized DOP and normalized LPR is 
multiplied with FI_1 to calculate the second component of FI_2 as fol
lows: 

Flood Index (FI 2)=
(
mN* μL N

)
*
(
1+ |mN − μL N

⃒
⃒
)

(6) 

Since (mN − μL N) can be zero due to similar values, we added 1 to the 
difference to avoid FI_2 becoming zero.

3.4.4. Calculation of the third component of the flood index
The third component of the Flood Index differentiates flooded urban 

areas from other targets. Flooded buildings exhibit enhanced double- 
bounce returns during floods whereas backscatter from other targets 
such as partially submerged vegetation is variable (Mason et al., 2014). 
The increased double-bounce component of flooded buildings can be 
quantified by calculating the difference of Eigenvalue weighted DOP of 
pre-flood date from during flood date 

(
Mduring − Mpre

)
. Although the 

difference falls on an infinite scale, it is useful when the first two com
ponents might become diminutive. This approach also allows greater 
influence for a small change in the Eigenvalue weighted DOP 

(
Mduring −

Mpre
)
. Further, we calculate the absolute value of the difference 

( ⃒
⃒Mduring − Mpre

⃒
⃒
)

to only extract the positive change indicating increase 
in backscattering magnitude. This approach effectively excludes the case 
when DOP decreases for smooth surfaces. In situations when ’M’ shows a 
negative change 

(
Mpre > Mduring

)
, the overall value becomes zero. For 

the case when Mduring > Mpre, we divide the total changed value by 2. 
Additionally, we implement a unitary summation of this component to 
ensure that when the output is zero, it does not nullify the entire FI 
calculation. The resulting component can be expressed as follows: 

FI 3=1 +

(
Mduring − Mpre

)
+
⃒
⃒Mduring − Mpre

⃒
⃒

2
(7) 

Finally, the third component is multiplied with the output from our 
second component (Eq. (6)) to give the final Flood Index (FI_F) as 
follows: 

Flood Index Final (FI F)=

[(
mN* μLN

)
*
(
1+

⃒
⃒mN − μLN

⃒
⃒
)]

*
[

1+

(
Mduring − Mpre

)
+
⃒
⃒Mduring − Mpre

⃒
⃒

2

]

(8) 

We performed sensitivity analysis to understand the effect of noise 
on FI_1, FI_2 and FI_3, since the proposed index should remain stable 
under different speckle noise conditions. Specifically, we perturbed DoP 
and LPR by ± 5 % to simulate speckle noise conditions. Next, we 
calculated mean and standard deviation of FI_1, FI_2 and FI_3 for 
different combinations of perturbed DoP and LPR. We observed no in
fluence of perturbations on the flood indices, indicating robustness to 
speckle noise in detecting flood extents. The detailed sensitivity analysis 
is included in the Supplementary section M.

Additionally, we perform an ablation study on the proposed flood 
index (FI_F) that shows the sensitivity of the FI_F to the contributing 
individual flood index components (FI_1, FI_2, FI_3). Specifically, we 
compared different combinations: FI_1 × FI_2, FI_1× FI_3, FI_2× FI_3 
with FI_F (FI_1× FI_2× FI_3) for flooded urban and flooded vegetation 
areas. The detailed analysis is included in the Supplementary section N. 
We found that FI_F produces the most balanced detection with contin
uous flood patches, reduced false alarms, and better separation of 
flooded and non-flooded areas without over-estimating flood extents.

For visual inspection of the performance of the three components of 
the Flood Index in detecting flood extents, we selected flooded urban, 
flooded vegetation and flooded sediment areas from Japan (Fig. 4 & 
Supplementary section K, Figs. S17–S19). For the flooded urban area 
(Fig. 4), we observe a significant improvement in the detection of 
flooded buildings from the first to the final index. FI_2 captures non- 
linear polarized backscatter more effectively than FI_1, particularly 
from vegetation and buildings oriented across the antenna’s line of sight. 
This allows FI_2 to better detect flooded buildings with such orienta
tions. FI_3 further enhances detection by capturing increased back
scatter from partially flooded buildings. In Fig. 4, the red circles 
highlight improved signal detection for flooded buildings from FI_1 to 
the final index FI_F.

For the flooded agricultural area (Fig. 4), we observe improvement in 
detection of flooded vegetation from FI_1 to FI_2 since FI_2 can capture 
multiple scatterings from different types of vegetation. The brighter 
pixels in FI_2 show fully submerged agriculture fields, improving 
contrast between water and flooded vegetation. FI_2 and FI_F look 
similar since FI_F is designed to identify flooded buildings along with 
flooded vegetation, but there are few flooded buildings in the examples 
shown in Fig. 4. Similarly, for test tile 5, FI_2 shows better delineation of 
flooded vegetation. FI_F identifies some flooded buildings as well, since 
FI_F is designed to detect both flooded vegetation and flooded buildings.

As discussed in Supplementary Section L, we calculate the proba
bility density plots for the three LULC classes, which shows development 
of the Flood Indices in three stages. The analyses compare the perfor
mance of three flood indices (FI_1, FI_2, FI_F) across different land cover 
types - urban, vegetation, and mixed urban & vegetation. A rightward 
shift and sharper peaks in FI_F consistently show improved flood 
detection accuracy in all the three LULC Test Tiles samples. The final 
Flood Index (FI_F) output for the three study areas, i.e. Japan, India, and 
Greece are shown in Fig. 5. The values range from 0 (low) to 1 (high). A 
higher value (shown in blue) implies the pixel is more likely to be 
flooded, while a lower value (shown in red) indicates the area is less 
likely to be flooded.

3.4.5. Proposed random forest (RF) model
Polarimetric parameters are often correlated and show non-linearity 

between radar signal and polarimetric descriptors (Wang et al., 2019). 
Moreover, flood areas exhibit a complex phenomenon with partially 
submerged man-made features and vegetation, resulting in a mixed 
aggregate of low and high backscatter returns that are difficult to 
distinguish from non-flooded high backscatter values. We, therefore, use 
the ensemble machine learning method of Random Forest (RF) (L. 
Breiman et al., 1984) to separate backscatter information from flooded 
urban and flooded vegetation areas. We collate training and test tiles 
from all the three study areas, Japan (Fig. 4), India, and Greece 
(Supplementary Figs. S28 and S29). The TEST Tiles are shown in red in 
Fig. 4, Figs. S28 and S29. The tile-based data sampling approach for 
handling data imbalance between flood and non-flood class pixels for 
training RF models is discussed in the Supplementary section Q and 

Fig. 3. Signal attenuation in presence of flood water in two LULC types i.e. Vegetation and Urban. Case 1 shows increase in linear polarization ratio due to volume 
scattering in partially flooded vegetation and decrease in degree of polarization due to multiple scattering that leads to weaker backscatter signal. A decrease in linear 
polarization ratio is observed for fully submerged vegetation. Case 2 shows moderate increase in linear polarization ratio due to wet surface of buildings and high- 
level increase of degree of polarization due to double bounce scattering which leads to stronger backscatter signal.
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Fig. S30. Next, we split the sampled data into 80 % Training and 20 % 
Validation data. We evaluate the top 20 Random Forest models with the 
lowest Out-Of-Bag score (as shown in Supplementary Table T5). Among 
these top models, we select the best-trained model based on the accuracy 
metric on the validation dataset.

We also estimated the average time for each test tile prediction as 13 
s that will assist in effective disaster response [Supplementary section Q 
(i)].

4. Results & discussions

We present results on the application of the Random Forest (RF) 
model on the proposed Flood Index (FI_F) and compare it with estab
lished flood detection methods of Otsu thresholding on sigma naught 
backscatter obtained from Sentinel 1 for flood dates across Japan, India, 
and Greece, and Normalized Difference Flood Index (NDFI) (Cian et al., 
2018). The details of Otsu and NDFI are given in Supplementary Sections 
J and K. We also apply Otsu thresholding on the proposed FI_F and 
compare with the other methods of flood detection.

Overall, across all the three study regions, the FI(RF) demonstrates 

Fig. 4. Comparison of Flood Indices (FI) in Japan for two Flooded Urban and Vegetation Samples: (A)&(a) High-resolution during-flood Optical image; (B)&(b) Flood 
Index output from first component (FI_1); (C)&(c) Flood Index output from second component (FI_2); (D)&(d) Final Flood Index (FI_F = FI_1 x FI_2 x FI_3). More 
detail on test tiles 1, 2, and 5 is shown in Fig. 5A.
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Fig. 5. Flood Indices (FI_F) for: (a) Japan (b) India (c) Greece. Blue color indicates the area is more likely to be flooded and red color indicates the opposite. (A) Seven 
AOIs shown for Japan. Test tiles are selected from all AOIs. All AOIs except test tiles are used for training. Optical images with flood extents are shown for each AOI. 
Optical images for flooded urban and flooded vegetation test tiles are shown. Base map of study area shows Flood Index (FI_F; Eq. (10)).
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the highest accuracy in detecting flooded urban areas, particularly in 
Japan (tile 1), India (tiles 1 and 5), and Greece (tile 2). The method also 
shows high accuracy in detecting flooded vegetation (excluding agri
culture areas) in Japan (tile 2), India (tiles 2 and 4), and Greece (tiles 1 
and 4). In contrast, flood water detection in agricultural areas remains a 
challenge due to the limitation of the C-band dual-polarized SAR data to 
penetrate the canopy and thus providing limited polarimetric informa
tion in agricultural areas. Next, we show the visual assessment of all the 
methods over the flooded urban and flooded vegetation areas in Japan, 
India, and Greece (Figs. S27–S28). The labels are white for flooded areas 
and black for non-flooded areas.

4.1. Japan

In Fig. 6, we show the application of the four methods on flooded 
urban test tiles 1 and 4 and flooded vegetation test tiles 3 and 5 in Japan. 
The RF (FI_F) shows the most accurate detection of flood boundary for 
both flooded urban and flooded vegetation test tiles. Otsu (FI_F) and 
Otsu (Sigma naught) perform similarly in urban areas. But, for flooded 
vegetation areas, Otsu (FI_F) shows slightly higher false negatives and 
Otsu (Sigma naught) shows slightly higher false positives, as indicated in 
Supplementary Fig. S34. NDFI shows higher false negatives by not 
detecting floods in both flooded urban and vegetation test tiles.

4.2. India

Fig. 7 shows the flooded urban test tiles 1 and 5 and flooded vege
tation test tiles 4 and 6 for India. Urban tiles depict flooded settlements 

with agriculture surrounded by flood water, unlike flood water within 
buildings as in Japan. We observe both the Otsu (Sigma naught) and RF 
(FI_F) detect the flood boundaries better than the other two methods for 
tiles 1 and 5. For vegetation tile 4, we observe that Otsu (Sigma naught) 
and Otsu (FI_F) has a higher FPR (0.78 and 0.79, respectively, Fig. S34) 
indicating that Otsu method is not able to detect flooded vegetation. RF 
(FI_F) has both lower FPR and FNR (0.50 and 0.11, respectively, 
Fig. S34) showing it is successful in detecting flooded vegetation.

For tile 6, RF (FI_F) shows higher FPR (0.54, Fig. S34), whereas Otsu 
(Sigma naught) and NDFI shows a better prediction of flood due to lower 
FPR. However, NDFI has a slightly higher FNR for tile 6. Otsu, however, 
detects existing river as flood. RF(FI_F) identifies few non-flooded 
agriculture plots as flood that are located within settlement areas, 
which could be due to wetting of the agriculture crops with similar 
backscatter signature to that of flooded vegetation surrounded by flood 
water and are not located within settlement areas.

4.3. Greece

Fig. 8 shows flooded urban test tiles 2 and 5 and flooded vegetation 
test tiles 1 and 3 for Greece. For flooded urban test tile 2, RF (FI_F) has 
the least number of false positives and false negatives, followed by Otsu 
(Sigma naught). Otsu (FI_F) and NDFI fails to predict flood extents 
accurately due to higher false positives for Otsu (FI_F) and higher false 
positives and false negatives for NDFI (Fig. S34). Similarly, for test tile 5, 
RF (FI_F) performs the best due to lower FPR and FNR. However, NDFI 
shows higher false negatives, and Otsu (sigma naught) shows higher 
false positives. This could be attributed to the complex scattering from 

Fig. 6. Flooded Urban test tiles 1 and 4 and Flooded Vegetation test tiles 3 and 5 in Japan. Flood detection using the four methods: (A) and (a) Optical imagery before 
the flood (SPOT 6, 1.5 m spatial resolution); (B) and (b) Optical imagery during the flood (Pleiades, 50 cm spatial resolution); (C) and (c) Otsu (Sigma naught); (D) 
and (d) NDFI; (E) and (e) Otsu (FI_F); (F) and (f) Random Forest (FI_F). The labels are white for flooded areas and black for non-flooded areas.
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flooded areas from a dense mix of urban and vegetation land cover 
where features are randomly oriented in test tile 5 as shown in Fig. 8. RF 
(FI_F) successfully detects scattered flooded pixels in between buildings 
and vegetation. For flooded vegetation test tiles 1 and 3, RF (FI_F) 
consistently shows higher F1 scores with lower FPR and FNR. Otsu 
(sigma naught) predicts flood extents with good accuracy for tile 1 but 
underperforms for tile 3 due to higher value of false positives in the 
vicinity of non-flooded vegetation. Otsu (FI_F) reports higher number of 
false negatives for both tiles 1 and 3. NDFI performs the least with the 
highest number of false negatives for both the tiles 1 and 3, incorrectly 
indicating absence of floods.

Collectively, random forest model trained on the proposed flood 
index performs the best across all the study areas with consistently good 
accuracy to predict flood extents across flooded urban and flooded 
vegetation class. The inaccurate results of RF (FI_F) are attributed to the 
limitations of dual-pol data in identifying different polarimetric scat
tering in flooded areas. Another limitation of the C band signal since is 
its inability to detect flood water under the canopy of the trees.

In agriculture tile 6 (India), FI mislabels wet but unflooded cropland 
as flooded due to similar backscatter from moist soils. Microwave 
backscatter in SAR is strongly influenced by the dielectric constant of the 
target. Water has a very high dielectric constant (~80) compared to dry 
soil (~3–5). When cropland is wet or irrigated, the higher dielectric 
values of soil increases the radar return and alters the scattering in a way 
that resembles inundated surfaces (Elkharrouba et al., 2022). In C-band 
SAR, where penetration into the canopy is limited, this effect is more 

pronounced because both wet soil beneath crops and shallow floodwater 
beneath vegetation give similar signatures (B. Zhang et al., 2022). As a 
result, the Flood Index (FI) incorrectly interprets wet cropland as floo
ded, since the sensor “sees” the high dielectric contrast caused by 
moisture but cannot separate whether it comes from soil wetness or 
actual standing water. Potential solutions include using temporal 
coherence, longer-wavelength SAR, or texture features to better separate 
wet fields from floods (Sghaier, 2018). A possible solution is to check 
stability of temporal coherence from longer-wavelength SAR (e.g., 
L-band) data since L-band provides better penetration through crops and 
represent texture features that capture spatial context and help distin
guish between true floodwater from wet agricultural fields.

Flood detection under vegetation is challenging because mixed 
scattering from wetlands, paddy fields, and sediment-laden water pro
duces non-linear polarization. Intensity-based Otsu methods fail to 
capture these conditions, as thresholding a single backscatter distribu
tion cannot separate mixed scattering from flood signals. Similarly, Otsu 
applied on the Flood Index improves performance but still struggles with 
class variability across different flooded land cover types. The Normal
ized Difference Flood Index (NDFI) also shows poor generalization, as 
spectral contrasts between water and other targets become ambiguous 
under vegetation or sediment-laden conditions. The second Flood Index 
component addresses the vegetation-related challenge by capturing 
mixed scattering effects, while the third component differentiates floo
ded urban areas by exploiting double-bounce signatures. The compar
ative results confirm these advances: while Otsu- and NDFI-based 

Fig. 7. Flooded Urban test tiles 1 and 5 and Flooded Vegetation test tiles 4 and 6 in India. Flood detection using the four methods: (A) and (a) Optical imagery before 
the flood (PlanetRGB, 3 m spatial resolution); (B) and (b) Optical imagery during the flood (PlanetRGB, 3 m spatial resolution); (C) and (c) Otsu (Sigma naught); (D) 
and (d) NDFI; (E) and (e) Otsu (FI_F); (F) and (f) Random Forest (FI_F). The labels are white for flooded areas and black for non-flooded areas.
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methods yield lower F1 and IoU and higher FNR, RF(FI) consistently 
achieves higher F1 (0.81–0.86) and IoU (0.70–0.76), with the lowest 
FNR across all study sites (Supplementary Section R, Fig. S34), 
demonstrating that the learning-based approach effectively resolves the 
limitations of threshold-based methods.

Further, we perform a 3-fold cross validation among the three study 
sites to assess the model performance on unseen spatially different 
testing areas (as discussed in Supplementary section S, Table T10). Ac
curacy metrics for Fold 1 (train and validation: India and Japan, test: 
Greece), Fold 2 (train and validation: India and Greece, test: Japan), and 
Fold 3 (train and validation: Greece and Japan, test: India) are included 
in Supplementary section Tables T11, T12 and T13 respectively. It was 
found that accuracy metrics of F1 and IoU were lower with higher False 
Negative Rate across all the Folds. For instance, the trained RF model for 
Fold 1 (train and validation: India and Japan, test: Greece), performs 
worse than the RF model trained on all the study sites and then tested on 
Greece test tiles (Fig. S37). Similarly, we found that trained RF models 
for Folds 2 and 3 perform worse than their corresponding RF model 
trained on all the study sites and then assessed on test tiles (Figs. S35 and 
S36). The primary reason of lower scores for each Fold is that the RF 
model was not trained on representative land cover of the flooded study 
site from where the test tile in obtained, thus, showing lower scores and 
higher FNR. In summary, we recommend training the RF model on 
representative land cover from flooded study sites from where the test 
tiles are obtained since we found that machine learning model perform 
worse if not trained on representative flooded samples. For example, if 

model is trained on India and Greece not on Japan flooded land cover, 
that model will perform worse than the one trained on representative 
flooded land cover from all the study sites.

The proposed flood index-based method is dependent on mechanism 
of SAR signal interactions with flooded areas. In relation to the multi- 
scale polarimetric spatial fusion approach (Q. Zhang and Hu, 2024), 
our method avoids complex segmentation and fusion pipelines by 
embedding Stokes-derived parameters directly into the FI, enabling 
robust mapping with simpler implementation and reduced computa
tional cost. Similarly, in comparison with the hybrid Bayesian-GMM 
strategy (Surampudi & Kumar, 2024), our method is not dependent on 
full polarimetric SAR acquisitions; it operates effectively on dual-pol 
Sentinel-1 data, making it broadly applicable to operational flood 
monitoring. Furthermore, in comparison with the attention U-Net 
approach (Fakhri and Gkanatsios, 2025), our framework demonstrates 
better generalization across diverse geographic regions without 
requiring region-specific retraining, owing to its reliance on physical 
scattering mechanisms rather than learned spatial patterns (as discussed 
in Supplementary Section S, Table T10 about 3-fold cross-validation). 
Relative to the convolutional Siamese network (Ghasemian Sorboni 
et al., 2024) where careful loss function tuning is required across urban 
and non-urban floods, our method maintains consistent performance 
across different land-cover types and less sensitive to speckle noise. 
Compared to thresholding and fuzzy logic methods (Amitrano et al., 
2024), which often struggle in heterogeneous areas due to assumptions 
of bimodal histograms and sensitivity to speckle, our methodology uses 

Fig. 8. Flooded Urban test tiles 2 and 5 and Flooded Vegetation test tiles 1 and 3 in Greece. Flood detection using the four methods: (A) and (a) Optical imagery 
before the flood (PlanetRGB, 3 m spatial resolution); (B) and (b) Optical imagery during the flood (PlanetRGB, 3 m spatial resolution); (C) and (c) Otsu (Sigma 
naught); (D) and (d) NDFI; (E) and (e) Otsu (FI_F); (F) and (f) Random Forest (FI_F). The labels are white for flooded areas and black for non-flooded areas.
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multi-dimensional polarimetric features to separate water from 
low-backscatter non-water surfaces (e.g., asphalt, bare soil), reducing 
false alarms without manual thresholding. Unlike the dual-pol fuzzy 
union and intersection method (Kim et al., 2025), requiring iterative 
membership updates and defuzzification, our approach combines 
polarimetric information into a single feature vector for a supervised 
classifier, avoiding iterative refinement while maintaining interpret
ability and efficiency. Overall, the proposed FI with Random Forest of
fers clear physical interpretability, easy implementation, and higher 
accuracy in complex land-cover conditions, overcoming the limits of 
existing methods.

5. Conclusion

As floods have become more frequent and severe in recent years, 
especially affecting urban systems, there is a growing need for fast and 
scalable flood prediction methods to support emergency response and 
spatial planning. In this study, we introduce an index-based machine 
learning framework for flood detection using SAR polarimetric de
scriptors to detect flood water in mixed LULC environments representing 
urban and agriculture areas using Sentinel-1 data. For instance, we have 
used polarimetric descriptors of Degree of Polarization (DOP), which is 
considered as the ‘anisotropy’ of dual-pol data, and Linear Polarization 
Ratio (LPR). We develop a Flood Index (FI) utilizing Stokes parameters 
(DOP and LPR) and Eigenvalues to detect flooded urban and flooded 
vegetation for precise flood mapping. We train the machine learning 
model of Random Forest on the proposed Flood Index, and we compare 
its performance with Otsu and NDFI. We find that the Random Forest 
model trained on the proposed FI shows higher accuracy in flood 
detection across three study sites in Japan, India, and Greece. This is 
because the proposed FI uses both amplitude and phase of the radar 
signal, unlike intensity-only methods [NDFI and Otsu’s (VH/VV)]; by 
capturing polarization state changes, the phase provides signal orien
tation and stability, for separating smooth flooded surfaces (stable 
phase, specular reflection) from rough land or vegetation (randomized 
phase), especially in mixed or vegetation areas. FI uses physically 
meaningful polarimetric descriptors (DOP, LPR, eigenvalues). The key 
contributions of our study are as follows: 

• Our proposed FI is able to detect floods across different regions using 
radar signals based on physical scattering properties rather than 
relying on spatial patterns learned from specific training data.

• We design the FI to reduce SAR speckle noise through normalization, 
using ratios of pre- and during-flood Stokes parameters that help to 
reduce both common additive and multiplicative SAR speckle noise.

• The proposed Flood Index detects flood extents for events in India, 
Greece, and Japan encompassing varied land cover and land use 
type. However, we do not claim the global applicability of the pro
posed index until applied at more test sites, which is a future scope of 
this work.

This study shows the significance of Stokes parameters-based index 
for flood water identification and mapping using dual-polarized open- 
source Sentinel-1 SAR data. While several polarimetric decomposition 
techniques are based on either fully polarized or compact polarized data 
for flood identification tasks, our proposed index offers a simpler 
method for identifying floodwater since dual-polarized data is widely 
available. Alongside, this method looks forward to using data from the 
upcoming NASA-ISRO NISAR mission, which will offer improved and 
frequent observations for better flood monitoring in cities. These Earth 
observation resources provide critical, all-weather, day-and-night im
aging capabilities that are essential for timely flood risk assessment and 
urban hazard monitoring.

Our recommendation for future work includes detailed Another di
rection for future research is to compare L-band ALOS-2 with dual- 
polarized C-band Sentinel-1 data in the flood affected areas using our 

proposed Flood Index.
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