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Abstract—Flooding is becoming increasingly frequent and
severe worldwide, posing significant risks to lives and property.
Accurate flood information, particularly regarding its extent
and location, is essential for effective mitigation efforts. This
study examines the May 2023 Emilia-Romagna flood in Italy to
enhance flood detection accuracy. For the first time, we applied
optimization of power difference and ratio polarimetric change
detection methods to identify the most effective flood detection
method. Additionally, we tested various reference images within
a time series to determine the most suitable reference image
using Sentinel-1 Synthetic Aperture Radar data spanning from
2017 to 2023. Results revealed that the Optimisation of Power
Ratio (OPRatio) method was most effective in detecting flooded
areas. Notably, we established that in the study area, the optimal
reference image is not always the one immediately preceding
the flood; instead, an image acquired a month before flood
or a composite of images from March across multiple years
provided the most accurate results. This approach, combined with
the OPRatio detector, achieved the highest accuracy and lowest
false alarm rates. When applied to a flood event in Scotland,
it similarly reduced false detections. This study underscores the
importance of employing polarimetric change detectors alongside
optimal reference images to improve the precision and reliability
of flood mapping.

Index Terms—Change detection, SAR Polarimetry, Flood map-
ping, Reference image selection, Sentinel-1, Polarimetric flood
mapping

I. INTRODUCTION

THIS article presents the application of SAR based polari-
metric change detection methods for open flood mapping

and the determination of the best reference image using time
series data. Floods are natural disasters that cause widespread
destruction of property and loss of life. They lead to con-
tamination of water sources resulting in water-borne diseases,
agricultural losses, and damages to livelihoods, affecting large
numbers of people, especially in dense population centres [1].
Daily extreme rainfall rates have been intensifying globally
throughout the 20th and 21st century [2] increasing the prob-
ability of flooding in many catchments [3]. The increase in
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severity and frequency of flooding impacts local populations
and affects critical infrastructure. Flood mapping is thus an
important exercise in assessing the damages resulting from
flooding and for organising relief efforts and can be used
as a planning and regulatory tool to help identify areas with
low flood risk for construction of infrastructure. However, the
accuracy of flood maps depends on the method used and input
datasets [4]. Flood mapping using remote sensing techniques
are valuable in large scale mapping exercises and offer rapid
assessment [5]. Remote sensing has also been identified as a
significant tool in supporting flood preparedness, mitigation
and recovery from flood disaster as described in the NASA
Global Flood Mapping System [6].

Recent studies have demonstrated the application and ef-
fectiveness of flood mapping using remote sensing. Optical
data from Landsat 5, 7, and 8 have been used in mapping
flood extents achieving strong correlation with ground mea-
surements [7]–[9]. Li et al. [10] combined low earth orbiting
(LEO) and geostationary (GEO) satellite imagery to develop
a global flood mapping system, with Landsat 8 OLI and
validated using Sentinel-2 imagery. Senitinel-2 data has been
used in flood mapping by applying different machine learning
techniques such as deep convolutional neural network [11],
random forests [12], support vector regression and hyper-
parameterisation in susceptibility mapping [13]. Indices such
as Normalized difference vegetation index (NDVI), Normal-
ized Difference Water Index (NDWI), Modified Normalized
Difference Water Index (MNDWI) and Normalized Difference
Pond Index (NDPI) have been applied in extracting water
features [14]. Although these methods have been accurate
in delineating flood and water extents, optical data which is
affected by cloud cover and can only be acquired during day
light hours, cannot detect floods under dense vegetation cover.
In some cases, distinguishing between permanent and flood
water is a challenge [15].

Synthetic Aperture Radar (SAR) which can collect data
at any time of day, any weather conditions is an alternative
source of data for flood mapping. Despite this advantage,
interpretation, and extraction of valuable information from
SAR is complex, complicated further by speckle noise in the
data [16]. Where floods occur under vegetation and in an urban
environment, extraction of flood surface is further complicated
by the double-bounce effect due to the side looking nature of
SAR and the vertical orientation of buildings and vegetation
[17]. Flood extent from a SAR image can be extracted by
classification using supervised and unsupervised classification,
thresholding of backscatter intensity, or change detection [18].
SAR based thresholding of single flood images was found to
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be robust in separating flood and non-flood areas, however,
the effect of radar shadow lowers the accuracy of detection
[18]. Known thresholding methods such as Otsu [19], KI
[20] either over-predicted or under-predicted the flooded areas
when applied on a single image. These methods are influenced
by the type of the probability distribution of the data. Change
detection on the other hand reduces the need for additional
data or processing [21] to eliminate shadows or existing water
bodies while offering improved accuracy when combined with
thresholding.

The selection of a reference image for change detection has
been flagged as a potential cause of misclassification when
selected mostly as a single image right before floods [18]. Li
et al. [22] applied the Jensen-Shannon (JS) divergence-based
index to select the reference image, which enabled selection
of the best image from a series of images. Zhao et al. [23]
applied an index to automatically select the reference image by
measuring the Euclidean distance between two Gaussian distri-
butions to measure the similarity between reference image and
the flood image. Despite the applied methods, significant false
alarms were recorded from the result and post-processing steps
were applied to reduce the false alarms. Besides the choice
of reference image and the detection method, the choice of
input data influences the accuracy of results. There was ob-
served difference in the results when VV polarisation (vertical
transmit and vertical received), HH (horizontal transmit and
horizontal received) and VH are compared [24]. Manavalan
et al. [25] and [24] established that VV polarisation was
effective at mapping partially submerged features. Different
performance was recorded where the VH data gave the best
detection accuracy [26], [27]. In general, studies have shown
that polarimetric data usage have better performance especially
in complex environments such as urban areas [28], [29]. The
use of polarimetric data enables understanding of the scattering
mechanism occurring in a scene. When fully polarimetric data
is present, it enables full characterization of the scattering
mechanism thus improving the accuracy of classification or
target detection. However, this data is not readily available, and
its access is costly. Sentinel-1 SAR data, which can not fully
characterise the scattering mechanism (SM), is freely available
and currently has 6 days repeat cycle enabling timeseries
analysis.

Sentinel-1 data has been used in operational flood map-
ping such as the Copernicus Emergency Management Service
(CEMS) which continuously monitors floods by integrating
three flood mapping algorithms to enhance accuracy. Pixels
are classified as flood if at least two algorithms identify
the pixel as flooded [30]–[32]. The three algorithms include
post-processing steps to improve the accuracy of the detec-
tion using features such as Height Above Nearest Drainage
(HAND) index. These methods use backscatter intensity only.
As established from previous research, the data, the reference
image and the change detection method all together influ-
ence the accuracy of flood mapping. A common practice in
flood mapping using changed detection methods has been to
select the last image before a flood as a reference image.
However, the selection of this reference image has been
identified as a source of uncertainty leading to over-prediction

or under-prediction of flooded areas. Considering the above,
there is need to have flood detection method that gives the
highest accuracy, least false alarms while offering reduced
post-processing steps. Since the existing literature identified
reference images as potential source of uncertainty, there is
need to reduce this potential source of uncertainty. Apart from
the reference image, the type of data has been identified as
source of uncertainty in flood mapping, therefore there is need
to utilise addition information stored in Sentinel-1 polarimetric
data to improve flood detection.

In this study, we are presenting for the first time, the
application of polarimetric-SAR change detectors for flood
mapping. We present the application of the Optimisation
of Power Difference (OPDiff) and Optimisation of Power
Ratio (OPRatio) polarimetric change detection methods in
mapping open flood areas. Similarly, we present a practical
reference image selection strategy where, for the first time,
all combinations of historical reference images (over 5 years
of SAR data) were assessed to determine the optimal refer-
ence image. Furthermore, we propose a practical approach to
reduce false alarms in flood mapping by combining the most
suitable polarimetric change detection method with the optimal
reference image.

II. MATERIALS AND METHODS

A. Test Sites

1) Test Site 1: Imola: The test site selected in this research
is the Emilia-Romagna region in Italy (Fig. 1). In May 2023,
the Emilia-Romagna region was impacted by flooding caused
by heavy rainfall. As of 2023-05-23, the Monte Albano rain
gauge had recorded precipitation amounts of 261.2 mm be-
tween 2023-05-15 and 2023-05-17. This resulted in flooding in
Bologna, Imola, and other southeast regions along the Adriatic
Sea. The flooding resulted in the displacement of up to 13,000
people, 13 fatalities and property losses [33]. This region is
prone to annual flooding from pluvial and fluvial causes.

2) Test Site 2: Forth Catchment, Scotland: Forth catchment
is in central Scotland and is drained by the river Forth.
The catchment is prone to annual flooding from precipitation
causing rivers to bust their banks. Here, a flood occurred on
2023-10-08 along two tributaries (river Teith and Forth). The
flood was a result of heavy rainfall with a two-day (2023-
10-06 to 2023-10-07) average recorded rainfall of over 150
mm. During these two days, the average rainfall over the
entire Scotland was recorded to be 64.1 mm amount which
is considered the wettest two-day period on record since the
1891 [34]. Sentinel-1 acquired data on the day of flooding.

B. Data

1) SAR Data: Sentinel-1 C-band Single Look Com-
plex(SLC) level 1 radar data was used in this study. The data
analysed were historical Interferometric Wide (IW) products
that were acquired over the study area between 2017 and 2023.
Detailed documentation on the processing algorithms and steps
are detailed in the product definition document [35]. There
are three satellite passes over the area of interest along three
different orbits (paths) and frame. These three passes covered
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Fig. 1. Test Site 1: The Imola study area (Emilia-Romagna, Italy) and the
coverage of Sentinel-1 C-band SAR datasets, acquired between 2017 and
2023, representing three satellite passes along three different orbits (see Table
1). Test Site 2: Forth river catchment in Scotland Sentinel-1 coverage. The
dashed polygons represent the entire SAR scene while the continuous lines
represent selected areas for analysis from the scene.

the area of interest on different dates and different incident
angles. These three different coverages of the area of interest
were analysed separately and here are referred to as ‘frames’,
as described in the table I. Data in frames 1 and 2 were used
for identifying the best reference image and detector while the
frame 3 was used for test these findings further. The data SLC
have two channels, VV and VH. The data acquired over Imola
was used to optimise the detection methods, and select the
reference image while the Forth flood event data was used for
comparison with existing products from CEMS.

2) Optical Data: PlanetScope optical data acquired by the
PSB.SD sensor (SuperDoves) onboard SkySats satellites were
used in assessing the accuracy of the tested detectors. This
3rd generation instrument has 8 bands (Coastal Blue 431-452
nm, Blue: 465-515 nm, Green I: 513. - 549 nm, Green: 547. -
583 nm, Yellow: 600-620 nm, Red: 650 - 680 nm, Red-Edge:
697 - 713 nm, and NIR: 845 - 885 nm). Blue, green, red and
Near Infra-red bands were used in this research [36] The data
have a resolution of 3 m and were acquired on the same day
as Sentinel-1 satellites.

TABLE I
TABLE OF SAR DATASETS USED IN THE ANALYSIS IN IMOLA, ITALY AND
FORTH CATCHMENT, SCOTLAND. ASC. REPRESENTS DATA ACQUIRED IN

ASCENDING ORBIT WHILE DES. IS DESCENDING ORBIT

RegionFrame Orbit Path No. of Product Swath/ Incidence
(frame) Images Sub-Swath angle

Imola

Frame 1 Des. 95 180 SLC IW2/ 38.30

(445) GRD 2-4
Frame 2 Asc. 117 196 SLC IW2/ 38.30

(143) GRD 1-4
Frame 3 Des. 168 185 SLC IW1/ 32.90

(444) GRD 1-4

Forth Frame 1 Asc. 30 18 SLC IW2/ 38.30

(182) GRD 1-4

Fig. 2. PlanetScope images before (2023-03-29) and during flood (22-05-
2023) event. Image © 2023 Planet Labs PBC

C. Data Analysis Approach

We applied a timeseries approach to determine the best
change detection method for mapping open floods and the
best reference image. To achieve this, the analysis of the data
followed the following steps:

• Pre-processing of all historical SAR data
• Creation of flood and no-flood area masks from optical

data to be used for accuracy assessment
• Selection of the reference image to be used in change

detection
• Testing the different change detection methods
• For every reference image used, estimate the optimal pa-

rameters from the change detection results and assessing
the accuracy

• Estimate the overall performance of each detector
The specific details carried-out in each step are discussed

in the subsequent subsections.
1) SAR Data Processing: Pre-processing and co-

registration processing steps were applied on the level-1
data prior to change detection. These two steps were batch
processed using ESA SNAP Graph Processing Tool (GPT).
The SLC pre-processing involved applying an orbit file,
TOPSAR split, calibration, TOPSAR De-burst, generation
of polarimetric matrices (Covariance Matrix), multi-looking,
polarimetric speckle filtering, terrain correction, and sub-
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setting. The GRD data was generated from the SLC data
after pre-processing. The pre-processing of the SLC data
before change detection results to the dual-pol covariance
matrix elements C11, C22, and C12 which correspond to the
intensities of VV, VH, and the cross correlation between VV
and VH (denoted as V V · V H∗), respectively.

2) Flood and No-Flood Mask: On the dates when floods
occurred, visually identified areas of flood and non-flood
areas were manually digitised into polygon shapefiles from
PlanetScope images with total area shown in table II. The
digitised polygons were then rasterised into raster file with
the same resolution and extent as the SAR data to ensure
consistency during analysis. It is important to note that there
may be slight over estimation or underestimation of flooded
area pixels due to the difference in the acquisition times
between SAR and optical data.

TABLE II
PLANETSCOPE DATA USED FOR GENERATING ACCURACY ASSESSMENTS.

THE FLOODED AND NON-FLOODED AREAS ARE DIGITIZED POLYGONS
FROM THE IMAGES.

Frame Sentinel-1 PlanetScope Flooded Area Non-flooded
date (time) date (time) (Ha) (Ha)

Frame 1 2023-05-22 2023-05-22 3237.95 3,881.93
(05:19:44) (09:07:48)

Frame 2 2023-05-23 2023-05-23 1682.47 2,740.35
(17:06:53) (09:48:22)

Frame 3 2023-05-27 2023-05-27 491.76 2,436.30
(05:27:54) (09:14:40)

3) Reference Image Selection: We applied all historical
images as reference images in during change detection. This
testing was done for Imola data only. This is to say, for frame 1
which had 180 images available on record (including the flood
image) we used each individual image as reference excluding
the flood image ( 2023-05-22) and performed change detection
on the flood image. Therefore, there were 179 change detection
results recorded as per the date of the reference image. This
was repeated for Frame 2. For Scotland, the best reference
image and change detection method identified from the test in
Imola was used as will be established in subsequent sections.

4) Change Detection: Scattering mechanisms (SM) such
as double bounce, surface, volume scattering or specular
reflection occur in a natural environment depending on factors
such as roughness, or dielectric constant [37]. In an area
where there is open flooding, the scattering mechanism is
mainly dominated by specular reflection. When two images
are compared where one is acquired before a flood and one
after/during a flood event, the one with floods will record
a drop in backscatter intensity. If these were areas covered
by vegetation before, there would be a removal of volume
scattering and an introduction of specular scattering as shown
in Fig. 3. Therefore, the analysis in this study aims at identify-
ing areas that are dominated by specular reflection. Since the
SM cannot be deterministically described, they are described
using the covariance matrix [C] [38]. The description is
only possible using polarimetry by applying decompositions
such as the Cloude-Pottier decomposition, which enables the

Fig. 3. Schematic image showing scattering mechanisms for an incident wave
on different surfaces

inference of the SM occurring in a scene (eigenvectors) and
the physical characteristics of the SM (eigenvalues) [38]. As
in our case of floods, this would correspond to a drop in
the scattering power(eigenvalues) between two dates. In this
research, the polarimetric information stored in elements of
the covariance matrix were used to identify flooded areas.
Five change detection methods are tested and compared in
time series. The Optimisation of Power Difference (OPDiff),
Optimisation of Power Ratio (OPRatio), and difference in
Cloude-Pottier eigenvalues were applied on polarimetric data
while the difference and the ratio of VV or VH were applied
on intensity data.

1) Optimisation of Power Difference (OPDiff)
The OPDiff is an additive model where the change
matrix [C∆] is calculated by getting the difference
between two covariance matrices [C1] and [C2] [39]. In
the case of flood studies, the [C1] and [C2] matrices rep-
resent images acquired before and after(during) flooding
respectively. The optimisation of the change matrix
[C∆] enables the quantification of whether the power
of the SM is increasing or decreasing. The quadratic
form of Equation 1 is optimised using the Lagrangian
optimisation to give minimum and maximum projection
vectors.

ω∗[C∆]ω (1)

Equation 2 is a result of constraining ω to be unitary,
differentiating and setting the derivative equal to zero.

[C∆]ω = λω (2)

where ω is the projection vector. A step-by-step deriva-
tion of the optimisation is detailed in [39]. The change
matrix [C∆] is normal with real eigenvalues. However,
these eigenvalues are not necessarily positive since they
are result of either the increase or decrease in the
power of the SM. The change matrix [C∆] contains
two eigenvalues which will correspond to the difference
between the maximum eigenvalues (Diff1) and mini-
mum eigenvalues (Diff2). Additionally, we investigate
the performance when using the information stored in
the eigenvectors. These eigenvectors are characterised by
as set of alpha angles(α) which describe the dominant
scattering mechanisms such that when α ≈ 00 surface
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scattering, α ≈ 450 for volume scattering and α ≈
900 for double bounce. This is done by getting the
product of the eigenvalues and the sine or cosine of the
alpha angles. The two products are Diff1*sin(alpha1)
and Diff2*cos(alpha2). This is because the eigenvector
contains physical information, and this may improve the
detection.

2) Optimisation of Power Ratio (OPRatio)
OPRatio is a multiplicative change detection model. In
this model, the optimisation is implemented by applying
a constrained Lagrangian method that returns a diago-
nalization as in Equation 3.

[C1]
−1[C2]ω = λω (3)

this results in projection vectors which suffer maxi-
mum/minimum changes and eigenvalues representing
the maximum/minimum ratio between the power of that
scattering mechanism. The change matrix [Cr] in the
OPRatio can be defined as in the Equation 4.

[Cr] = [C1]
−1[C2] (4)

This change matrix can be diagonalised resulting in real
positive eigenvalues. A step-by-step derivation of the
optimisation is detailed in [40]. The change matrix [Cr]
is normal, and the resultant eigenvectors are not bound
to be orthogonal. The eigenvalue lies between zero and
infinity. The resulting eigenvalues will be referred to as
Rat1 and Rat2 to represent the maximum and minimum
eigenvalues respectively of this matrix.

3) Cloude-Pottier Eigenvalues Difference
This method estimates the difference between the eigen-
values generated after the decomposition of the co-
variance matrix as proposed by Cloude-Pottier [38].
Unlike the previous two models where optimisation was
performed on a change matrix, here, eigenvalues are
extracted directly from [C1] and [C2] before getting their
difference. The eigenvalues generated for the covariance
matrix for the date before floods are referred to λmax

1

and λmin
1 . Similarly, two eigenvalues generated from

the dates with floods are referred to as λmax
2 and

λmin
2 . Afterwards, the maximum/minimum eigenvalue

from the first date are subtracted from corresponding
maximum/minimum eigenvalue of the second date as
shown in Equation 5 and 6.

λdiff1 = λ1
max − λ2

max (5)

λdiff2 = λ1
min − λ2

min (6)

The difference from the maximum eigenvalue λdiff1

will be referred to as LamD1 and the difference in the
minimum eigenvalues λdiff2 as LamD2.

4) Backscatter Intensity Difference and Ratio
The difference and ratio between the intensity of radar
backscatter between two dates can be used to estimate
the flooded areas. The difference is calculated by sub-
tracting data from corresponding polarisation between

the two dates for polarization VV and VH. The ratios will
be referred to as RatVV and RatVH while the difference
as DiffVV and DiffVH.

5) Optimal Parameter Selection and Accuracy Assessment:
The accuracy of using each reference image and methods were
evaluated first using the Area under the curve (AUC) of the
Receiver Operator Characteristic Curve and later by selecting
optimal parameters that are threshold depended. A realistic
classifier is not expected to have an AUC of less than 0.5
when a desired measure of prediction is close 1 [41]. To
do this, minimum and maximum values were identified from
each change detection results. An array of 1000 values was
generated ranging from minimum and maximum values of the
change detection results identified. Each value in the array was
used as a threshold to separate the flood and no-flood areas.
For each threshold value, the corresponding the probability
of detection (PD), probability of false alarm (PF), F1-score,
and accuracy were calculated by using the flood no-flood
masks generated earlier from optical images. ROC curves were
plotted for each date (result) and AUC calculated. Besides this,
threshold depended optimal parameters from each detector
and reference image was derived by selecting values that
fulfil the following conditions: PD > = 80% , PF < = 10%
and Accuracy >=80% where applicable. Afterwards, a single
value threshold values that has the highest accuracy and least
false alarm (PF) was selected. This process was repeated for
179 and 195 images in Frame 1 and Frame 2 respectively from
Imola data. The results of this analysis were analysed using
box-plots, ROC plots and tables as shown in the results section.
The method is semi-supervised since we selected areas of flood
and no-flood with optical data, but the procedure after that is
automatic. This method is customised for this study to select
optimal parameters only, other threshold selection methods can
be applied besides this depending on the user needs.

6) Estimation of Detector Performance and Overall Per-
formance: Since different detectors and reference will have
different values in PD, PF, Accuracy, F1-score, and the overall
measure of performance AUC. In an attempt to summarise this
in a single metric, we propose the following overall perfor-
mance. We combined all the derived performance indicators
using Equation 7:

OP =
(Accuracy + F1score+ PD + (1− PF ) +AUC)

n
(7)

where n represents the number of parameters combined, in
this case 5. This performance indicator has values from 0-
1 where the least performing detector has 0 and the perfect
detector has 1. Other linear combinations of performance
indicators can be used based on user requirements, but here
we use a simple scenario where all the indicators are weighted
equally. It should be noted that unlike the AUC which is
selected for a classifier on a certain reference image date, the
other parameters (PD,PF, accuracy, F1-score) are selected at a
single threshold value that gives the highest accuracy, PD and
least PF.

7) Testing on Independent Dataset: After testing how dif-
ferent detectors and reference images performed from the
analysis of Frame 1 and 2 from Imola, the best reference
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Fig. 4. Plot of C22 elements of the covariance matrix generated from the
SLC. Image 1(left) was acquired 1 month before flooding while image 2
(right) is during flooding. Image 1 was used as the reference image for change
detection. The two images are from Frame 1. Red rectangles depict flooded
regions

image and highest performing detectors were applied on data
from frame 3 and the accuracy assessed. Frame 3 flood image
(2023-05-27) is from the same region as Frame 1 and 2 but
has different acquisition characteristics from the other frames
as shown in Table I. Besides testing with Imola data, the best
detector was also applied to flood data acquired in Scotland as
described in section II-A2 and visually compared to existing
operational outputs applied in CEMS as shown in section
III-H3.

III. RESULTS

In the previous section, we described how polarimetric
SAR data acquired in May 2023 in the Emilia-Romagna
region during the flood period were processed to identify
flood inundated areas. Three change detection methods were
applied to the polarimetric data, while two were applied to the
backscatter intensity only. The performance of each detection
method was compared on a pixel-by-pixel basis against flood
areas identified from optical data acquired on the same day
as the SAR images. The section also outlined how multiple
reference images were used with the aim of identifying which
is the best for change detection. In this section, we present the
result of the analysis on the different detectors and reference
images.

A. Visual Inspection of Reference and Flood Image

We first visually inspected two images, acquired before
(2023-04-16) and during floods (2023-05-22), to identify
floods based on backscatter intensity (Fig. 4). The before
flooding images have low backscatter in open water surfaces,
while the flooding image shows additional areas with low
backscatter which represent the flooded areas.

B. Evaluation of Detector Performance and reference image
based on the AUC

The first step of the analysis was to assess the performance
of the detectors by plotting the ROC curves for every reference
images used, calculating the AUC and later getting the mean
AUC for all reference image dates used for each detector as
shown in Table III. Afterwards, we compared AUC of three
reference images as shown in Fig. 5. When the mean AUC
of frame 1 (mean of all images) is considered as shown in
Table III, Rat2 was the best detector closely followed by Rat1.
RatVH and RatVV are the third and fourth best detectors. Two

other detectors have values above 0.8 (LamD2 and DiffVH).
All other detectors have values below 0.8 as shown in Table
III. When frame 2 is considered, almost similar performance is
observed where the first two detectors are the same, the third
and fourth detector are RatVV and RatVH. All other detectors
had values below 0.8.

TABLE III
THESE RESULTS HAVE BEEN SORTED IN DESCENDING ORDER OF AUC OF
FRAME 1. THE HIGHLIGHTED CELL COLOURS INDICATE THE BEST METRIC

(GREEN) AND WORST METRIC (RED). COLUMNS REPRESENT MEAN
VALUES AUC (AREA UNDER THE CURVE).

Mean Area Under the ROC curve (AUC)

Rank Detector Frame 1 Frame 2

1 Rat2 0.930 0.853
2 Rat1 0.928 0.839
3 RatVH 0.904 0.802
4 RatVV 0.899 0.836
5 LamD2 0.843 0.738
6 DiffVH 0.831 0.729
7 LamD1 0.785 0.703
8 DiffVV 0.788 0.564
9 Diff2*cos(alpha2) 0.692 0.587

10 Diff1*sin(alpha1) 0.665 0.688
11 Diff2 0.611 0.430
11 Diff1 0.476 0.521

Reference image 2023-04-28: In frame 1, when the second
last image before a flood is used as a reference and the
AUC of the change detection is estimated, we note that
LamD2 is the best-ranked detector with an almost similar
performance to DiffVH. Rat2 and Rat1 are third and fourth
ranked while Diff2*cos(alpha2) is firth. The detectors RatVH,
RatVV, and LamD1 are sixth, seventh and eight with all the
eighth detectors having AUC values over 0.9.

Reference image 2023-05-10: When the image before a
flood in frame 1 was used as a reference, Rat2 was the best
detector followed by Rat1, RatVH and LamD2 covering the
first 4. Although the least AUC recorded was 0.627 from
Diff2*cos(alpha2), all detectors had lower AUC compared
to the previous reference image and only four detectors had
values of over 0.9. In summary, the two polarimetric detectors
of Rat2 and Rat1 are generally highest ranked cumulatively.
These are followed by two non-polarimetric ratio detectors
RatVH and RatVV. However, when considering the second
last image as reference, difference-based detectors (LamD2
and DiffVH) have similar or better performance compared to
Rat2 and Rat1. Detectors with the highest AUC are recorded
on 2023-04-28. The last image before floods doesn’t have the
highest AUC and most detectors are below 0.9 although the
least has 0.6. Detectors LamD1, DiffVV, Diff1*sin(alpha1),
Diff2, Diff1 are consistently poor detectors.

C. Estimating Threshold Depended Indicators of Detection
Performance

In the preceding section, we presented results of analysis
that was independent of thresholds used. In this section, we
present the result of analysis based on thresholds that gave
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Fig. 5. Plot of ROC curve in PD against log PF for frame 1. The subplots
represent the different dates of reference images acquired before flood where
2023-05-10 is the image before the flood image (2023-05-22), 2023-04-28
is the second image before a flood. For each date of plot, the AUC of each
detector is calculated and displayed next to the detector on the legend.

the best parameters(highest accuracy and PD, and least PF).
After estimating the best parameter for each reference date,
we calculate and present the mean of all dates of reference
image used as in Table IV.

TABLE IV
MEAN VALUES OF PERFORMANCE METRICS FOR THE DIFFERENT

METHODS FROM ALL DATES ANALYSED. THE HIGHLIGHTED CELL
COLOURS INDICATE THE BEST METRIC (GREEN) AND WORST METRIC

(RED). COLUMNS REPRESENT MEAN VALUES AUC FOR EACH DETECTOR

Detector Frame 1 Frame 2

PD PF Acc. F1 PD PF Acc. F1

Rat2 0.84 0.09 0.88 0.87 0.72 0.09 0.82 0.80
Rat1 0.85 0.10 0.87 0.87 0.72 0.14 0.79 0.78
RatVV 0.81 0.07 0.87 0.86 0.72 0.07 0.83 0.81
RatVH 0.86 0.14 0.86 0.86 0.74 0.20 0.77 0.77
Diff2 0.89 0.23 0.83 0.84 0.79 0.30 0.74 0.76
DiffVH 0.91 0.29 0.81 0.83 0.81 0.39 0.71 0.74
LamD2 0.92 0.29 0.81 0.83 0.81 0.36 0.72 0.75
Diff2 *cos(alpha2) 0.91 0.29 0.81 0.83 0.83 0.37 0.73 0.76
LamD1 0.84 0.31 0.76 0.78 0.73 0.32 0.71 0.71
Diff1*sin(alpha1) 0.83 0.32 0.76 0.77 0.72 0.32 0.70 0.71
DiffVV 0.87 0.36 0.75 0.78 0.74 0.32 0.71 0.72
Diff1 0.83 0.32 0.75 0.77 0.73 0.32 0.70 0.71

Accuracy: Generally, polarimetric ratio based detectors
Rat2 and Rat1 had higher accuracies followed by ratio based
intensity detectors RatVV and RatVH. The difference based
detectors had lower accuracies. This consistent for both frame
1 and 2. DiffVV was identified to be consistently poor.
Analysing the two frames we can say that Rat2, Rat1 and
the two backscatter intensity ratios of RatVV and RatVH are
the most accurate and DiffVV least accurate.

Rat1 had the highest accuracy score for Frame 1 followed by
Rat1. The two backscattering intensity ratio detectors, RatVV
and RatVH, are third and fourth respectively. In Frame 2,
RatVV had the highest accuracy followed by Rat2. The third
most accurate detector was Rat1 followed by RatVH. The
Diff2, and Diff2*cos(alpha2) are the fifth and sixth ranked

detectors. Interestingly, from the table, the DiffVV had consis-
tently low accuracy.

PD: Ratio based polarimetric detectors did not record the
highest PD scores. The high PD scores were recorded by
detectors LamD2, Diff2*cos(alpha2) and DiffVH in frame 1.
Similar characteristic is observed in frame 2. In general, the
detectors with high accuracies did not record high PD values.

PF: An interesting feature is identified when inspecting the
PF scores. In this score, the ratio detectors record the least PF
while the difference detectors have higher PF scores. RatVV,
Rat2 and Rat1 have PF scores equal to or less than 10% in
the two frames. RatVH has scores between 10% and 20%. All
the other detectors had over 20% PF scores, a phenomenon
evident in the two frames. From the analysis of the two frames,
Analysing the PF of two frames, we can say that RatVV, Rat2
and Rat1 are the best detectors and DiffVV is the poorest. We
can also say that the ratio-based detectors have lower PF rates
than the difference-based detectors.

In summary, the results show that the ratio based po-
larimetric detector Rat2 as the best detector. The ratio of
backscatter intensities of RatVV is the second-best detector.
Rat1 and RatVH are third and fourth best detectors. The ratio-
based detectors seem to be more robust than the difference.
DiffVH has almost comparable accuracy but records higher PF
rates. Interestingly, the DiffVV is consistently lowest ranked
in most parameters. Therefore, detectors DiffVV, LamD1,
Diff1*sin(alpha1), and Diff1 have been omitted from analysis
in subsequent section due to poor performance.

D. Variability of Detection with Changing Reference

In the previous section, we presented the mean results of
detectors based from all the reference images. In this section,
we present the results of the AUC of each reference image and
detector plotted according to the month in which the reference
image was acquired regardless of the year. That is, all the
images acquired in March between 2017 and 2023 are all
grouped together as shown in the box plot in Fig. 6. From the
analysis of the plot, there are observable variabilities of the
AUC across the year and within the months for all detectors.

Detectors: The detectors Rat1, Rat2, RatVH and RatVV are
observed to be less sensitive to the reference image selection
while difference based are considered to be generally poor
detectors. The ratio based detectors are consistently high
throughout the year an display minimal annual or intra-month
variability.

Reference image: The assessment of variability of the AUC
of the reference image shows monthly variability and intra-
monthly variability. For all detectors, there is least variability
in the AUC from images acquired in March. March is also
recorded to have the highest AUC for most detectors.

In summary, the analysis of the effect of selecting the
reference image shows that the accuracy of flood detection
is greatly influenced by the reference image selection. Images
acquired in March have highest AUC. Generally, the images
acquired in March will give the best detection of floods
regardless of the year in which they were acquired. Rat1, Rat2,
RatVV, and RatVH detectors are least sensitive to reference
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Fig. 6. Boxplot of the monthly variability of AUC using different reference
(including from different years) images in Frame 1. The plots are grouped in
months where each month in the box plot contains AUC values from which
reference images within the month lie in.

Fig. 7. AUC from the analysis of Frame 1 when different reference images
are used. The detectors are plotted on the X-axis while the performance in
each metric analysed on the Y-axis. The different colours represent the dates of
reference images used in the analysis. March(red) and October(blue) represent
a mean of all images in each month across all the years with data.

image selection. The backscattering intensity ratio RatVV and
RatVH have almost comparable performance to polarimetric
ratio-based detectors Rat1 and Rat2. The box plot analysis of
PD, PF, accuracy and F1-score FOR frames 1 and 2 display the
same characteristics as the AUC plot. Similarly, the AUC plot
for frame 2 shows the same characteristics. For this reason,
they have been omitted.

E. Single or Average of Images for Reference

In the last section, we established that the images acquired
in March from all years were have better performance in
separating flood from non-flood areas. In this section we are
presenting the results of comparison where we averaged all the
images in March for all the years and used the mean image
as reference against single images acquired before and after
flood. In addition to mean of March, mean of October were
also tested as shown in Fig. 7.

The analysis of frame 1 data shows that the second last
image acquired 24 days (2023-04-28) before the flood was

best in separating flooded areas for three difference based
tested detectors (LamD2, Diff2*cos(alpha2) and DiffVH). The
third image before a flood 2023-04-16 had almost similar
performance although slightly lower. The mean of March
image was best in three detectors Rat2, Rat1, and Diff2. Three
reference images acquired after the flood (2023-06-03, 2023-
06-15 and 2023-06-27) and the image just before the flood
(2023-05-10) had the lowest AUC compared to the 2023-04-
16 and mean images.

PF: Interestingly, when considering PF rates (results not
shown here), the mean of images acquired in March had the
lowest PF rates in Rat1 and Rat2, had second lowest PF rate
on LamD2 and had the third lowest PF rate after the 2023-04-
28 and 2023-04-16 images for Diff2, Diff2*cos(alpha2) and
DiffVH. The other reference and detectors images had higher
PF rates. The results of PD, PF, and accuracy depict similar
trend and have been ormited.

In summary, the results show that the image acquired right
before the flood does not necessarily give the best detection
of floods. The second and third image before may be the best
single reference image. An interesting observation is that the
mean of the images of the month gives the lowest PF rates
and almost comparable or better accuracy, and AUC when
using the Rat1 and Rat2 compared to the best reference. Rat1
and Rat2 detectors give the lowest PF rates. When accurately
selected, single image reference give low PF than the mean
of month images when using the ratio of backscatter intensity
RatVV an RatVH. The after-flood images are not the best to use
as reference images. Selecting the right reference image will
give the best accuracy of detection and the least PF rates. In
general, averaging images over a month reduces PF rates and
achieves almost comparable performance as the best reference
image. The key finding is that it may be advantageous to use
the mean of images over a month instead of a single image as
reference, when there is no certainty on which date is best used
as reference image. The analysis of Frame 2 shows similar
results to Frame 1 and is therefore omitted.

F. Performance of Mean of March against best Single Image
for all detectors

The previous section established that the use of mean of a
month improves performance of detection of floods in most
detectors. We also established that the best single image to be
used as reference is acquired a month before the flood, there-
fore, in this section we are comparing the best single reference
image (2023-04-28) for frame 1 against the mean of March and
extent the analysis to all detectors including those considered
poor detectors. There are differences in performance as shown
in Fig. 8. In general, there are instances where detection per-
formance improved, decreased or remain the same when using
the mean of March as reference. Five detectors that recorded
an improvement in AUC are Diff1, Diff2, Diff1*sin(alpha1),
DiffVV, and RatVH. The most improved detector was Diff1
increasing by 0.72 while the least improved (RatVH) increas-
ing by 0.02. Four detectors which decreased in their recorded
AUC were LamD2, Diff2*cos(alpha2), RatVV, and DiffVH
with the largest decrease being by 0.12 (Diff2*cos(alpha2))
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Fig. 8. The ROC curve plot of log PF against PD showing the performance
of detector. The AUC for each detector is given next to the detector in the
legend. The sub-plots represent the different reference images used for flood
detection in Frame 1.

and least by 0.01 (RatVV & LamD2). Other detector did
not record any change. In summary, there is an improvement
in performance of detection for most detectors when using
the mean of March images as reference with few detectors
showing reduced performance.

G. Overall Detection Performance

In this section, we rank the detectors based on their per-
formance using the overall performance indicator described in
section II-C6. The outputs of the combination are shown in Ta-
ble V where performance indicators from Frames 1 and 2 were
combined. The analysis shows that the Rat2 and RatVV are the
best ranked detectors. The third detector is Rat1. RatVH is the
fourth detector with over 80% performance. All other detectors
have les than 80% performance. Interestingly, two detectors
ranked second last (DiffVV) and last (Diff1) have performance
below 70%. In summary, the analysis of the performance
detectors shows that the ratio-based detectors perform better
than difference-based detectors. The best performing detectors
are polarimetric ratio-based change detectors (Rat1 and Rat2)
and backscatter intensity ratio (RatVV and RatVH) due to
low PF rates. The difference in the VV polarisation channel
(DiffVV) is a poor flood detector.

H. Testing on an Independent Dataset

1) Imola Frame 3: When we plot frame 3 data which has
different acquisition characteristics as the first 2 and acquired
4 days later, there are some interesting observations. When
we consider accuracy of detection, the mean of March images
improved the accuracy by at least 2% for all detectors except
for the RatVH when compared to the 2023-04-21 image and by
up to 10% for detectors earlier considered poor (results omitted
in the Fig. 9). It is also interesting to observe that all detectors
have an almost identical accuracy when using the mean of
March images with a maximum difference of 3% between the

TABLE V
RANK OF DETECTORS USING THEIR OVERALL PERFORMANCE

Rank Detector Overall Performance

1 Rat2 0.854
2 RatVV 0.849
3 Rat1 0.842
4 RatVH 0.823
5 LamD2 0.777
6 DiffVH 0.754
7 Diff2*cos(alpha2) 0.750
8 LamD1 0.739
9 Diff2 0.738

10 Diff1*sin(alpha1) 0.721
11 DiffVV 0.686
12 Diff1 0.683

Fig. 9. Plot showing validation results when analysis of Frame 3 is carried
out. The different colours represent date of reference (red-mean of March,
blue- 2023-04-21) while the symbol represents the parameter analysed

highest and lowest accurate detector from the six selected. A
closer look at the PF rates also shows another interesting and
observable difference across all detectors except the RatVV
and RatVH. The mean of March images gives the lowest PF
rates in the detectors except for RatVV and RatVH which had a
lower PF rate from the 2023-04-21 image. On the other hand,
the RatVV, Rat1, Rat2 and Diff1*sin(alpha1) have the least
PF rates of less than 10%. When using the 2023-04-21 image,
RatVV, Rat1 and Rat2 have the lowest PF rates between 8%
and 15% higher than the mean of March image. All other
detectors have PF rates between 15% and 35%.

In summary, the use of the mean of March image as refer-
ence for flood change detection generally leads to significant
and substantial reductions in false alarms (PF). The mean
image also improves the accuracy of the detection of floods
and almost equalises the performance of all detectors to have
the same accuracy. This can be very useful in the cases
were selecting one single image is not clear. We have also
established that the polarimetric change detector of Rat1 and
Rat2 are the best detectors with low PF rates. These results
confirm the performance of the mean of March images as a
reference is better than the single image references.
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Fig. 10. Plot of a snippet of a flooded area on 2023-05-27 (left) and visual representation of how each detector predicted the flooded areas (red). The first
sub-plot on the left is the C22 element of the area predicted. The top tiles represent results from change detection using the 2023-04-21 image as the reference
image. Bottom tiles represent results from change detection using the mean of all March images as reference

2) Visualising Detector predictions: The results of detec-
tion when the best single reference image 2023-04-21 (month
before flooding) and mean of a month (March) are shown
in Fig. 10 from frame 3. Rat2 seems to be detecting floods
better than any other detector. This is evident by how the areas
flooded have been isolated. RatVV detector is also good at
isolating flooded areas. The mean of March reference image
seems to be more realistic when comparing all detectors.
The 2023-04-21 image shows over-prediction in some areas
across most detectors. DiffVH seems to have the highest over
predicted areas (i.e. false alarms).

3) Forth Catchment, Scotland: In this section, we present
the application of the Rat2 detector over an area representing
a different flood event in a catchment in Scotland. The de-
tector was applied on SAR data acquired on 2023-10-08. The
reference image in this case was mean of September images.
September was selected in Scotland because like Imola, Italy,
most land parcels have been cleared and are ploughed in
preparation for the planting season. The results in Fig. 11
represents the flood extent map derived from the detector and
compared against the product of CEMS. The results show
that approximately 6,582 ha (441,514 pixels) of flooded area
was classified as flooded from Rat2 compared with 1,907.08
Ha derived from the CEMS. The Rat2 result is before the
application of any post-processing unlike the CEMS derived
flood extent. The visual inspection of the flood extent map
shows significant agreement between the two products along
areas that are flooded. This result demonstrates the potential
application of the detector in a different environment which is
a temperate climate like Emilia-Romagna region.

I. Estimated Flood Inundation Extents on 2023-05-22, 2023-
05-23, and 2023-05-27 in Imola

In this section, we are presenting the final flood map derived
after applying the best detector which is Rat2 and the mean
of threshold with the highest accuracy and lest PF rates for
Frame 1 and 2 for all dates. The results are presented as binary
maps plotted with corresponding C22 elements (VH intensity)
as shown in Fig. 12. The flood extent derived from the data
analysis for 2023-05-22 (Frame 1) shows that approximately

Fig. 11. Flood extent maps showing areas flooded in the Forth Catchment
on the 08/10/2023. The tile on the top is the product of application of the
Rat2 detector and the mean of September images as reference. The tile at
the bottom is a plot of a flood extent derived by the Copernicus Emergency
Management Service after the activation of a chatter following the flood event.

9,980 ha (380,400 pixels) of land were flooded. On 2023-05-
23, approximately 14,236 ha (542,400 pixels) were flooded
from the analysis of frame 2. Frame 3 had approximately 6,710
ha (255,750 pixels) of area classified as flooded. It is important
to note that this is only for the frame analysed and not for the
entire SAR scene and the results presented have not been post-
processed.
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Fig. 12. Flood extent map derived from the data on the 2023-05-22, 2023-05-23, and 2023-05-27 images using the Rat2 detector. The tile on top is the C22

element of the covariance matrix. Bottom is the binary flood extent derived plotted for a selected area of the SAR frame analysed. The binary result is without
any post-processing.

IV. DISCUSSION

In this article, we have applied polarimetric change detec-
tion methods of OPDiff and OPRatio for the first time to
map the areas inundated by floods. We have also applied
time series data available to determine the best reference
image to be used in the change detection. We established that
polarimetric change detection method Rat2 of the OpRatio
detector is the best at mapping open floods. This method has
the highest AUC which measures classifier performance [41].
Rat2 also has the highest threshold depended accuracy, PF
and F1-score. This detector is based on the second eigenvalue
from the dual-pol data. The other ratio based detectors Rat1
and backscatter intensity (RatVV & RatVH) were better at
detecting floods compared to difference based detectors such
as difference in intensity of VH and VV polarization. We also
established that the second eigenvalue of the Cloude-Pottier
decomposition is more accurate at mapping floods than the
difference in intensity of VH. When comparing two images,
and in agricultural areas, the second eigenvalue captures
information about depolarizing scatterers, like vegetation. A
flood image dominated by specular reflection from water leads
to a lower scattering power in the second eigenvalue which
was stronger in the image before floods. The first eigenvector
is more sensitive to changes, making it prone to false alarms.
We also found that VH intensity differences have significantly
lower accuracy than polarimetric detectors (Rat1, Rat2) and
backscatter ratios (RatVV, RatVH), with high false alarms.
DiffVV was the poorest detector for mapping open floods,
consistent with findings that VV polarization is sensitive to
surface roughness [24]. Previous researchers established that
DiffVH outperforms DiffVV [42], [43]. We have established
that in general, the ratio based detectors were more accurate
and robust than the difference between based detectors. These
detectors recorded higher accuracies, lower false alarm rates

and less sensitivity.
We applied a semi-automated technique to select the best

threshold value that gives the highest accuracy and least false
alarm when estimating the threshold-dependent parameters
(PD, PF, accuracy and F1-score). The technique is dependent
on the optical image used to evaluate the effectiveness. How-
ever, in a flood event, optical images are not readily available,
in the absence of this, other thresholding methods can be
applied to the image after change detection such as Otsu [19],
KI [20]. This is because we have established the detection
method that gives the largest separation distance between flood
and non-flood value. Selecting the correct reference image is
crucial for accurate flood mapping. Using an incorrect refer-
ence can increase false alarms and introduce uncertainty [18].
While prior studies applied the last image before a flood as the
reference [42], our research found this does not always ensure
accurate detection due to potential saturation and inundation.
In our study area, our analysis shows that using the second
or third image before a flood is better, typically taken a
month before the event. Unexpectedly, we found that using the
mean of all images in March across years improved change
detection. This study demonstrates that using a monthly mean
image (e.g., March) as a reference minimizes false alarms
compared to a single-date reference [44]. March in Italy is
characterized by ploughed fields, which results in backscatter
dominated by surface scattering and low soil moisture. We
recommend using a mean image of a month with similar
characteristics when reference image selection is uncertain,
as it reduces noise and focuses on backscatter reduction. The
downside is longer computation times, which can be mitigated
with pre-processing in operational scenarios, though rapid
environmental changes may complicate this approach.

We suggest that polarimetric change detection using the
OpRatio (Rat2) is the best for identifying open floods. In the
absence of polarimetric data, the VV backscatter ratio per-
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forms similarly. We also demonstrated a practical method for
selecting the reference image, improving detection accuracy.
Combining the suggested flood mapping method and reference
image selection will reduce false alarms. Although the refer-
ence image selection and best detector were tested in Scotland
resulting in comparable performance with established oper-
ational methods, we cannot confirm the performance of the
methodology in other parts of the world besides Europe. Fur-
ther studies in different regions are needed to understand the
environmental factors influencing reference image selection.
Since we assessed each index separately, future studies could
explore ensemble decision frameworks (including machine
learning ones) that integrate multiple indices (Rat2, RatVV,
Rat1, RatVH), which may complement individual detector
strengths and further reduce classification errors. This study
focused on open flooded areas, so future work will explore
how these methods perform in other flood scenarios, such as
those involving inundated vegetation. Additionally, soil condi-
tions influencing reference image selection were not examined.
The processing time required for polarimetric data processing
and reference images selection is longer compared to analysis
of backscatter intensity only. Regarding the data used, the lack
of the fully polarimetric data hinders the full quantification
of the scattering mechanism. Despite this, Sentinel-1’s global
coverage, open-access policy and high temporal resolution
makes it advantageous to use the data. For instance, with
the current Sentinel-1 constellation, an average 58% of global
flood events can be captured [45] with high accuracy offering
high reliability in flood mapping. The polarimetric change
detection methods have been previously applied in aquatic
vegetation mapping [46], [47], crop monitoring [48], and
plastic mapping [49] with over 80% accuracies demonstrating
wide application.

V. CONCLUSION

In this study, we analysed timeseries SAR data from Imola,
Italy, with a reference to a flood event in May 2023 to de-
termine how to improve the accuracy of flood mapping while
reducing false alarms. We utilised Sentinel-1 dual polarimetric
data and applied polarimetric change detection methods of
Optimisation of Power Difference and Optimisation of Power
ratio. We also for the first time tested all historical images
on record as reference image to determine the best reference
image for flood mapping.

By using a monthly mean of Sentinel-1 images as the
reference, we improved flood detection accuracy by over 3%
and reduced false alarms by approximately 5% compared
to conventional single-image methods. The Optimisation of
power ratio detector achieved overall accuracies above 85%
and false alarm rates below 10%. Furthermore, the results
for a major flood event in Scotland were comparable to
products from the Copernicus Emergency Management Ser-
vice, demonstrating the operational potential of our approach.
While the focus was on open water floods, the presented
methodology lays the groundwork for future investigations
into more challenging scenarios, such as flooding beneath
vegetation canopies or in diverse climatic zones. This work

addresses a critical challenge in SAR-based flood monitoring,
offering a more reliable and accurate technique for reference
image selection that can be readily integrated into operational
emergency response systems.
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