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Abstract: The synthetic aperture radar (SAR) imagery has been widely applied for flooding mapping
based on change detection approaches. However, errors in the mapping result are expected since not
all land-cover changes are flood-induced, and those changes are sensitive to SAR data, such as crop
growth or harvest over agricultural lands, clearance of forested areas, and/or modifications on the
urban landscape. This study, therefore, incorporated historical SAR images to boost the detection of
flood-induced changes during extreme weather events, using the Long Short-Term Memory (LSTM)
method. Additionally, to incorporate the spatial signatures for the change detection, we applied a
deep learning-based spatiotemporal simulation framework, Convolutional Long Short-Term Memory
(ConvLSTM), for simulating a synthetic image using Sentinel One intensity time series. This synthetic
image will be prepared in advance of flood events, and then it can be used to detect flood areas
using change detection when the post-image is available. Practically, significant divergence between
the synthetic image and post-image is expected over inundated zones, which can be mapped by
applying thresholds to the Delta image (synthetic image minus post-image). We trained and tested
our model on three events from Australia, Brazil, and Mozambique. The generated Flood Proxy
Maps were compared against reference data derived from Sentinel Two and Planet Labs optical data.
To corroborate the effectiveness of the proposed methods, we also generated Delta products for two
baseline models (closest post-image minus pre-image and historical mean minus post-image) and two
LSTM architectures: normal LSTM and ConvLSTM. Results show that thresholding of ConvLSTM
Delta yielded the highest Cohen’s Kappa coefficients in all study cases: 0.92 for Australia, 0.78 for
Mozambique, and 0.68 for Brazil. Lower Kappa values obtained in the Mozambique case can be
subject to the topographic effect on SAR imagery. These results still confirm the benefits in terms of
classification accuracy that convolutional operations provide in time series analysis of satellite data
employing spatially correlated information in a deep learning framework.

Keywords: spatiotemporal simulation; convolutional LSTM; deep learning; flood proxy map;
Sentinel 1

1. Introduction

Of all weather-related natural disasters, floods are thought to be the most widespread,
recurring, and disastrous [1]. Flooding can be triggered by many weather factors such
as intense or prolonged precipitation, snowmelt, storm surges from tropical cyclones,
or anthropogenic factors such as dams and levee rupture [2]. Due to their nature, the
onset of floods can occur within minutes or over a prolonged period, and their duration
can span hours, days, or even weeks. Over the last two decades, floods and storms
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generated worldwide financial damages of approximately 1680 billion USD, caused more
than 166,000 deaths, and affected more than three billion people [3]. It is projected that flood-
associated risks will increase globally, as a result of continued development in floodplains
and coastal regions, land-use change, and climate change [4-7]. When such flooding takes
place, timely mapping of and monitoring its development will be of the utmost value for the
stakeholders in assessing the impacts and coordinating disaster relief efforts [8]. However,
traditional flood delineation methods such as in-situ inspections and aerial surveillance are
often cost and time-intensive, dangerous, and therefore impractical [9].

Nowadays, one of the most feasible approaches is to employ data gathered by Earth
Observation Satellites (EOS) to map inundations over large geographical areas [10-12]. One
of the most common and simple approaches is to compare a pair of scenes acquired pre-
(dry conditions) and post-event (flooded conditions) [13-16]. Alterations in the surface as a
consequence of flooding are thought to be the principal cause behind the largest differences
in pixel values in the pre/post pair of images. A threshold is then applied to delineate the
areas likely to be flooded, and the mapping result is a product also known as a Flood Proxy
Map (FPM) [17,18].

Nonetheless, omission and commission errors in the classification are expected since
not all land-cover changes are flood-induced. It is very common to find that some discrep-
ancies in the pre and post-event satellite-based information can be attributed to a wide array
of sources such as crop growth or harvest over agricultural lands, clearance of forested
areas, and/or modifications on the urban landscape. Change detection methods that rely
solely on pre/during pairs of scenes fail to take the seasonal variability into account. We
hypothesized that by conducting a time series analysis on historical data it is possible to
boost the detection of flood-induced changes during extreme weather events.

In a stack of multi-temporal satellite images, the values for any given pixel can be
represented as a time series depicting the fluctuations in value at each time step. Based
on this information, it is possible to analyze the temporal signature of the pixel value.
If this process is repeated for every pixel that makes up the 2-D image, then we can
generate a synthetic image, representing expected values for the next time step. For this
purpose, the Long Short-Term Memory (LSTM), which is an artificial Recurrent Neural
Network (RNN) architecture, was applied to estimate the pixel value in the next time step.
Additionally, to incorporate the spatial signatures for the change detection, a modified deep
learning architecture, Convolutional Long Short-Term Memory (ConvLSTM) was applied
for simulating the synthetic image using Sentinel One intensity time series. The synthetic
image was generated to detect flood areas using change detection when the post-image
is available.

In this study, the Delta image (i.e., simulated minus observed) was produced to
assist the thresholding procedure for flood area delineation. Under normal conditions, we
expected the Deltas to be close to zero for most parts of the image. Nonetheless, when
the observed data corresponds to an image captured during an event such as flooding,
landslide, wildfire, earthquakes, or other events, we expected the Deltas to be much larger
over the affected zones (e.g., flooded areas). We trained and tested our model on three
flood events from Australia, Brazil, and Mozambique. The generated FPMs were compared
against reference data derived from Sentinel Two and Planet Labs optical data.

Our goal was to develop a Flood Proxy Mapping framework using the most recent
deep learning algorithms, which has the potential of leveraging the tools provided by
Big Data Cloud infrastructures such as Google Earth Engine (GEE) [19], thus allowing for
on-demand analysis scalability in temporal and spatial domains.

2. Models
2.1. RNN LSTM
A special structure of Recurrent Neural Network (RNN) is the Long Short-Term

Memory (LSTM), which has proven very capable of modeling long-term dependencies
in sequential data structures [20]. The input, output and forget gate embedded in the
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LSTM cell are responsible for ensuring the gradient can traverse through many time steps
using backpropagation through time, thus alleviating issues such as vanishing gradient or
gradient explosion. LSTM models have previously been applied to identify crop types in
Landsat time series [21] and to classify hyperspectral images [22].

The data fed into the LSTM model consisted of a large 2-D array where each row
represented an independent sample (pixel), and each column denotes the pixel’s backscat-
tering value at time steps ty, t;, tp, ..., tn. As a result, the 3-D stack with dimensions
rows X columns x depth was unraveled into a 2-D univariate time series array of size
(rows x columns) x depth. In this sequence-to-vector approach, the RNN LSTM iterates
across all available time steps and predicts the backscattering value for ty,1.

Our RNN LSTM model was composed of three stacked LSTM layers with 20 LSTM
cells, initialized using a Glorot uniform initialization [23], followed by the hyperbolic
tangent activation function. On top of the LSTM layers, there was a single dense layer
containing one neuron without any activation function.

This model was trained for a maximum of 20 epochs using the Adaptive Moment
Estimation (Adam) optimizer [24] with a fixed learning rate of 1073 and with early stopping
implemented to stop the training if the loss from the validation set did not improve after
5 iterations [25]. This was done to improve the model’s generalization, as well as to limit
training time [26]. We selected Mean Square Error (MSE) as the function to minimize during
training (i.e., loss function) given that it represents the average of the squared differences
between real and predicted values. To reduce overfitting, we applied L2 regularization on
a per-layer basis with a rate of 1072 [27]. After training, all pixels’ time series were fed into
the model to generate a prediction of the next value in the time series. The result was a 1-D
vector of length (rows x columns) x 1 that was then reshaped onto a 2-D raster with the
same size as the scenes in the stack.

2.2. ConvLSTM

The inherent spatial structure of remote sensing rasters is lost in the LSTM model
when deconstructing a 2-D array into a 1-D vector. To capture both spatial and temporal
dependencies in spatiotemporal sequence datasets, Shi et al. developed the Convolutional
LSTM network. As explained in previous works [28,29], the ConvLSTM input and output
elements, including the input-to-state and state-to-state transitions, are 3-D tensors that
preserve the spatial structure of the data. Previous studies have applied this deep learning
architecture in precipitation forecasting using sequences of radar images [28,29]. By lev-
ering the strong representational power of a model with stacked ConvLSTM layers, this
deep learning architecture can generate a synthetic image, given a sequence of previously
observed scenes, even over areas with complex dynamics.

The model architecture utilized in this study was inspired by the one established
by the authors of ConvLSTM: 2 stacked ConvLSTM layers with 20 cells in each layer,
initialized using Glorot uniform initialization and using the hyperbolic tangent as an
activation function. Each ConvLSTM layer applies a convolutional filter of size 3 and a
stride of 1. The top layer is a single3D convolutional layer, filter size of 3 and stride of 1
with no activation function that generates the final prediction.

The number of training epochs was also set at 20, with early stopping enabled. To
improve the generalization capabilities of our ConvLSTM model we applied L2 regulariza-
tion with a rate of 1072. In this model, we also selected Mean Squared Error (MSE) and the
Adam optimization algorithm as loss function and optimizer, respectively. The learning
rate was fixed at 1073, and a batch size of 8 was used during training.

This configuration yields a receptive field of 7: each value in the model’s output has
been generated by taking into consideration a region of 7 x 7 pixels from the model’s
input [30]. We believe this architecture provides a good balance between representational
power (e.g., ability to make predictions in a complex dynamical system) and training
time. In each study site, the image stacks were cropped into smaller patches of 50 x 50 to
100 x 100 pixels for Brumadinho and the other sites, respectively; each patch preserved the
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data across the time domain. Similar to the RNN LSTM model, the data was split using a
70-20-10 training, validation, and testing scheme. The training workflow for RNN LSTM
and ConvLSTM models can be seen in Figure 1.
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Figure 1. Processing workflow for the training of RNN LSTM and ConvLSTM models.

In this study, two main reasons justify cropping the arrays into subsets of smaller
dimensions. Firstly, enough data was required to train and test the ConvLSTM to spot
overfitting or under-fitting. The original Australian training set was composed of 13 images
covering an area of around 3588 km?; by dividing the data into smaller patches of 1 km? we
were able to generate 2336 training samples. Secondly, the maximum size of the training
batch was limited by the amount of Random Access Memory (RAM) available in the
Graphics Processing Unit (GPU); thus, feeding large training batches (i.e., subsets large in
the spatial domain and deep in the time dimension) is not recommendable.

2.3. Model Experiment

To corroborate the effectiveness of the proposed methods, four different models were
examined and compared in this study. Baseline model 1 (B1) uses the last pre-event image
before the flood event and Baseline model 2 (B2) uses the historical mean as the pre-event
image. The former one is the simplest approach, where the last value of the time series is
used. In other words, the last pre-event scene from the stack is compared to the post-event
image to construct a Delta image. In model B2, the Delta image is constructed by comparing
the per-pixel mean of the whole stack to the post-event scene, since the mean value can be
considered as a good estimation of the expected value in the time series. The other two
models, the RNN LSTM model (L1) and ConvLSTM model (L2), were designed to generate
the synthetic image that was compared with the post-event image in the change detection
step (see Figure 2).

Given a stack of S1 images spanning a date range ty, t; . .. t;, where the t, represents
the pre-event scene and t,,;1 corresponds to the post-event scene, then the per-pixel Delta
for each model is calculated as follows:

Aogy =0}, —0f, 1)

n 0

o
Aogy, = Zn E—0f )
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Figure 2. Workflow for the generation of Flood Proxy Maps based on forecasting from RNN LSTM
and ConvLSTM models.

The processing, training, and testing of the models were conducted in Google Co-
lab (https://colab.research.google.com/, accessed on 10 July 2020) Pro, a hosted Jupyter
notebook service that provides the access to computing resources essential for training
deep learning models (i.e., GPUs). The models were written using Tensorflow 2.0 in a
Python 3 environment.

3. Study Cases and Data
3.1. Australin—Cyclone Debbie

Tropical Cyclone (TC) Debbie made landfall over Airlie Beach, North Queensland
(Figure 3a), on 28 March 2017 at approximately 12:40 p.m. (AEST, UTC + 10:00) as a
category 4 storm with winds up to 263 km-h~! [31]. Strong gusts, extreme precipitation,
and slow movement of the system triggered flash and river flooding within the states
of Queensland and New South Wales [32]. In some areas of the Fitzroy River basin, the
recorded accumulation of precipitation was close to 1000 mm over the two days following
the landfall [31]. The estimated economic damage produced by Debbie was 1.7 billion
Australian dollars, the second-costliest cyclone in Australia as of 2018 [33], affecting,
especially, industries such as farming, mining, and tourism [34].

The Area of Interest (AOI) selected for this event encompasses approximately 3588 km?
and is located within the Bowen Basin, between the towns of Middlemount and Clarke
Creek, Queensland. It is composed mainly of flat terrains with a gentle slope of less than
5%, and elevation ranging from 90 to 540 m above sea level (mean elevation of 163 m). Soils
with low water-holding capacity and high clay content such as kandosols, vertosols, and
rudosols are the predominant soil types in the area [35]. In terms of the main types of land
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use, around 81% of the area is used as grazing native vegetation, 7.5% corresponds to the
production of native forest, and 2.6% for irrigated cropping [36].
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Figure 3. Sentinel 2 optical data showing the location of the three study sites: (a) Queensland,
Australia, (b) Mozambique (b), and (c) Brumadinho, Brazil.

Both optical and SAR data were acquired within a 5 h window, thus enabling a fair
comparison of the flooding extent captured on both datasets. Moreover, the large span
of the inundations provided large amounts of data for training and testing deep learning
models. Given the aforementioned reasons, we considered Debbie to be a suitable event to
compare the performance of different models.

3.2. Mozambigque—Cyclone Idai

Cyclone Idai landed as a category 2 storm over the African countries of Malawi,
Mozambique, and Zimbabwe (Figure 3b), on 14 March 2019. The winds of up to 175 km-h~!
generated a 4 m tall storm surge around the Pungwe River Delta [37], near Mozambique’s
coastal city of Beira, making it one of the most affected locations during this event. More-
over, the provinces of Sofala and Manica were also considerably affected by extreme rainfall
as the storm slowly displaced inland. Satellite measurements from NASA’s Global Pre-
cipitation Mission (GPM) showed that in some areas of Mozambique the accumulated
precipitation over five days exceeded 600 mm [38]. It is estimated that Cyclone Idai oc-
casioned damages upward of 1.4 billion US dollars, whilst affecting 1.8 million people in
Mozambique alone, of which 650 were reported dead [39].

In our previous study [40], we focused on this case to develop a texture-based Bayesian
probability approach for flood mapping employing the Normalized Difference Sigma-
Naught Index (NDSI) and Shannon’s Entropy of NDSI (SNDSI). For this study, we revised
this event for two reasons: first, to analyze the consistency in terms of accuracy of LSTM
and ConvLSTM models when applied to other extreme weather events on a different
geographic region; secondly, to compare such results against a model that do not make
use of a deep stack time series data, but rather focus on spatial features. We focused on an
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area of 276.48 km?, located 65 km northwest of Beira, Mozambique. This AOI is located
inside the Pungwe Riven catchment, where the Mean Annual Precipitation (MAP) can
reach up to 2020 mm [41]. The site is dominated by herbaceous vegetation (more than
50% of the area corresponding to this type of land cover), with a considerable presence of
cultivated vegetation and patches of open forest and shrubs. Soils in the area are classified
as clayey-sandy fluvial soils. This site is also characterized by its flat topography, with
maximum slopes of 2 degrees.

3.3. Brumadinho

On 25 January 2019, the sudden collapse of the iron ore tailing dam, located inside
the Cérrego do Feijao mine complex, Brumadinho, Minas Gerais State, Brazil (Figure 3c),
released almost 10 million cubic meters of mining waste in less than 5 min [42]. The waves
produced in the mudflow reached up to 30 m in height, traveling downhill for as much as
8.5 km until reaching the Paraopeba River [43] and destroying the mine’s administrative
center, railway network, and maintenance office along its path. It is estimated that the
mudflow affected an area of approximately 3.13 x 10° m? [44]. Reported on March of
2020, the total number of lives lost is set at 249, while 11 people are still missing. In
terms of the number of deaths and volume of waste material released, this incident is
considered to be the fifth-largest dam failure in history [45]. This event was selected to
explore the applicability of the proposed method on natural disasters other than flooding
and its effectiveness over mountainous terrains that pose a challenge to SAR-based change
detection methods. The site is located at an altitude of 900 m above sea level, with slopes in
the range of 15 to 30 degrees, and with more than 45% covered by closed forest and 25%
with open forest.

3.4. Sentinel 1 Image Datasets

Table 1 summarizes the datasets for each study site. For the Australia and Mozambique
sites, Sentinel 1 Ground Range Detected (GRD) Sigma naught (¢°) data were collected
from Google Earth Engine (https://earthengine.google.com, accessed on 12 December
2019). For the Brumadinho site, we acquired Sentinel 1 Gamma naught Radiometric
Terrain Corrected (7{) data from the Alaska Satellite Facility (ASF) Vertex Platform (https:
/ /search.asf.alaska.edu/, accessed on 20 July 2020). Sentinel 1 RTC products attempt to
correct the systematic radiometric effects induced by the terrain, which are more prominent
in sites like Brumadinho. The correction is done by normalizing for a local illuminated area
projected onto a plane perpendicular to the slant range [46].

Table 1. Data collected for the three study sites.

Stack’s Start Date Stack’s End Date

i 2
Site Area (km®) Number of Scenes (Day-Month-Year)  (Day-Month-Year) Path/Frame
Australia 3588.71 13 26 October 2016 19 March 2017 79/657
Mozambique 276.48 53 21 February 2017 07 March 2019 155/660
Brumadinho 21.90 29 23 November 2017 17 January 2019 118/669

3.5. Reference Data

The reference flood masks for Australia and Mozambique study cases were obtained by
contrasting pre- and post-event Sentinel 2-derived water masks using the Otsu thresholding
method [40]. For the Brumadinho case, the affected zone was manually digitized from 4 m
spatial resolution Planet Labs images. Therefore, we must highlight that the accuracy of the
flood maps reported in this study is relative to those derived from optical imagery, which
we believe represent a good benchmark in the absence of in situ data, but might present
any uncertainty inherent from remotely sensed data.
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4. Model Application and Assessment
4.1. Threshold Search Grid

Given that the difference in intensity between the simulated and observed images can
take either positive or negative values for any pixel, we simultaneously applied positive
and negative thresholds to capture areas over which discrepancies are more significant.

A grid search was carried out to try out different combinations of pairwise thresholds.
At each iteration, pixels with values higher than the positive threshold were labeled as the
flood-affected zone; conversely, those with values below the negative threshold were also
labeled as such. Subsequently, the resulting flood maps were compared to the reference
flood map to construct a confusion matrix. We evaluated the performance of the models
based on the following metrics derived from the confusion matrix:

Recall

Represents the fraction of correctly detected positive events calculated by:

TP
Recall = ——
T TP EN ©)
where T, F, P and N represent True, False, Positive, and Negative, respectively.
Precision
The fraction of true positive samples between the samples classified as positive by

the model:
TP

Precision = TP+ EP

(6)

F1 Score
The F; Score [47] can be seen as the harmonic mean of the precision and recall, where
both of those metrics have an equal relative contribution.

precision X recall
X

F=2
! precision + recall

@)

Critical Score Index

The Critical Score Index (CSI), also known as the threat score, represents the ratio
between correctly predicted observed positive observations and total positive observations.
It is seen as a metric that evaluates the detection accuracy when the amount of True
Negatives samples is larger than the others.

TP

Sl = T PP T EN

®)
Cohen’s Kappa
Cohen’s Kappa (x) [48] is a statistic that assesses the level of agreement between two
classifiers on a classification problem. It is calculated using:

_OA-P,

1D, )

where OA represents the overall accuracy and P, is the probability of random agreement
found by:

p, _ (TP EN)(TP + FP) + (TN + FN)(TN + FP) 10)
¢ (TP + TN + FP + FN)?

Cohen’s Kappa (k) can range from —1 to +1, where a value of 1 means the agreement
between the classifiers is perfect and a value of 0 indicates an agreement expected from
random chance.
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4.2. Multi Threshold Approach

The applicability of the thresholds determined from the Australia case was examined
on the Mozambique dataset, based on the premise that global thresholds for flood delin-
eation derived on one case can also be applied to other regions as long as the topographic
conditions and land cover present a certain degree of similarity. We selected 10 pairs of
negative and positive thresholds with the highest Kappa on the TC Debbie scenario, and,
with each pair, we created a binary flood map for Cyclone Idai. Furthermore, we stacked
the 10 FPMs and counted the frequency in which each pixel was detected as flooded, and
present it as relative frequency. Such results can be interpreted as an initial estimation of
the flood extent and can be further improved on as more knowledge of the situation and
local conditions are obtained.

5. Results and Discussion
5.1. Convolutional LSTM
5.1.1. Validation of Prediction

We assumed that the ConvLSTM model was capable of identifying the spatiotemporal
patterns within the data and consequently making an accurate prediction of the next value
in the time series. To confirm the forecasting capabilities of the ConvLSTM architecture,
we trained and tested ConvLSTM models using a dataset from the Australia site with no
flooded scenes. This setup used 21 S1 scenes acquired after Cyclone Debbie, from 4 April
to 8 December for model training. The predicted image was then compared to the scene
acquired on 22 December. Results of the experiment can be seen in Figures 4 and 5. For VV
polarization, the mean value of the Delta image was 0.31 dB (SD = 1.433, RMSE = 1.466); this
was slightly better than those for the VH channel (M = 0.799, SD = 1.715, RMSE = 1.892).

Simulated Observation Delta

=20 -15 -10 -5 0 =20 -15 -10 -5 0 -10 -5 0 5 10
Intensity (dB) Intensity (dB) A0 (dB)
030 030 030
0.25 0.25 0.25
< 020 0.20 0.20
2
o
o
°
g 015 015 015
©
g
= 010 010 0.10
0.05 0.05 0.05
0.00 + 0.00 + 0.00 +
-30 -25 -20 -15 -10 -5 0 5 -30 -25 -20 -15 -10 -5 0 5 -15 -10 -5 0 S 10 15
Intensity (dB) Intensity (dB) A0° (dB)

Figure 4. Simulated, real observation and Delta image with their respective histograms for VV
polarization. Real observation corresponds to 20 December 2017.
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Simulated Observation Delta
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Figure 5. Simulated, real observation and delta image with their respective histograms for VH
polarization. Real observation corresponds to 20 December 2017.

From the histograms, we observed the radiometric similarities between the fore-
casted and observed S1 images. It can also be seen that the distribution of Delta values
corresponded to a normal distribution centered around 0 £ 0.5 dB. Lower Delta values
highlighted a good agreement between prediction and observation, and thus it showcases
that the ConvLSTM model, thanks to the use of convolutional filters in input-to-state and
state-to-state transitions, can effectively leverage the spatiotemporal patterns to predict the
next scene in the S1 time series.

As we can see from the learning curves of the loss function (Figure 6), the training loss
and validation loss steadily decrease after a few epochs and reach a plateau after 15 epochs
or so. Moreover, the validation curves and training curves are close to one another, meaning
that the model is not overfitting too much and has good generalization capabilities.

=== Training loss [VH]
0.16 ~ == Validation loss [VH]
—— Training loss [VV]
0.14 1 —— Validation loss [VV]
0.12
b
S 0.10
0.08 A
0.06 A
0.04 A
0 3 6 9 12 15 18
Epoch

Figure 6. Mean Squared Error loss over iterations (Epochs) for ConvLSTM model.
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LSTM

After confirming the prediction capabilities of our spatiotemporal deep-learning
framework, we examined flood events in three study sites: Australia, Mozambique, and
Brumadinho. The analysis involved the generation of Delta images, thresholding us-
ing Delta histograms, deriving heatmaps for different accuracy metrics, and the flooded
zone delineation.

5.1.2. Australia Flooding (Cyclone Debbie)

From Figure 7, we observed that the main discrepancies between the target image and
the prediction corresponded to the inundated zones. Those areas represent outlier values
in the time series that the model has never seen during training, and therefore is unable to
forecast. If we compared the statistics of the Delta images (Table 2), we can see that when
the target image captures a flooding event there is higher disagreement with the prediction,
proven by a higher mean, root mean square error, and standard deviation.

ConvLSTM Real Observation

0
-5
-10
@
=
®
-15
-20

Figure 7. Images predicted by RNN LSTM (L1) and ConvLSTM (L2) models. Real observation
corresponds to 31 March 2017.

Table 2. Statistics of Delta images for Australia site.

Stack’s Start Date Stack’s End Date Target Image’s Date Polarization Mean Standard RMSE
(Day-Month-Year) (Day-Month-Year) (Day-Month-Year) Deviation
A4 —1.33721 3.979269 4.197937
26 October 2016 19 March 2017 31 March 2017 VH 131844 3.323956 3575884
. \A% 0.310615 1.432977 1.466256
12 April 2017 8 December 2017 20 December 2017 VH 0.799748 1714616 1.89196

Therefore, we can delineate the flooded areas through thresholding of the difference
between the prediction and the real observation. In this case, we applied positive and
negative thresholds in increments of -0.25 dB to the Delta image, and the resulting Flood
Proxy Map was compared against the reference. Results from the accuracy assessment for
all the models used in the cyclone Debbie case can be seen in Figure 8.
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Figure 8. Heat maps for Kappa, Critical Score, Recall, Precision, and F1-Score for all models tested in
the Cyclone Debbie (Australia) case.

The results of the accuracy assessment show that all models, in general, were capable
of achieving relatively high F1 and CSI scores, thanks to the high precision and recall
values (see Table 3). From the metrics implemented, we found Cohen’s Kappa to be more
sensitive to threshold changes. For this reason, we decided to use Kappa as a metric of
model performance in the two other study sites.

Table 3. Maximum value for the metrics used in the accuracy assessment.

Model Kappa CSI Recall Precision F1

B1VV 0.875038 0.974607 0.996750 0.999794 0.987140
Bl VH 0.753204 0.951082 0.992412 0.997383 0.974928
B2 VV 0.912961 0.981458 0.997580 0.999980 0.990642
B2 VH 0.874684 0.974804 0.996436 0.999978 0.987241
L1VV 0.914882 0.981816 0.997748 0.999986 0.990825
L1 VH 0.886047 0.976588 0.996371 0.999670 0.988155
L2vv 0.928039 0.984687 0.998459 1.000000 0.992285
L2 VH 0.917784 0.982375 0.996794 0.999992 0.991109

In Figure 9a, a clear distinction between flooded and non-flooded areas in the Delta
(Ac®) image can be observed. Bright areas represent pixels with a high Delta, mainly
caused by the loss of backscattering in the during-flood image. In open-water flooding,
the electromagnetic signal of the SAR satellite bounces away from the sensor when hitting
the water’s surface (specular reflection), assuming there is no influence of the wind and
capillary waves. Moreover, the large extent of the flooding for this case points to a large
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presence of pixels with high Delta, and the delineated flood-affected zone is shown in
Figure 9b.

Em Affected (Delta <= -11)
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Figure 9. Australia ConvLSTM Delta image of VV polarization (a), Flood Proxy Map (b), Histogram
of Delta image (c), and Cohen’s Kappa heatmap (d).

In Figure 9¢c, two populations of Ac® can be observed: one centered around Ac*
of —1.5 dB, and another centered at Ac® of 10 dB. We expected that the population of
open-water flooding pixels corresponded to the second population at the right of the
histogram, where Ac® is higher. The Cohen’s Kappa heat map generated in the threshold
grid search for VV polarization is shown in Figure 9d. Values in the X-axis are the positive
Delta thresholds, and Y-axis is the negative thresholds. This heat map shows threshold
combinations with high classification accuracy (i.e., high Kappa) in red and those with low
accuracy in blue. As seen on the heat map, the highest accuracy was achieved when using
positive Ac® around 2 or 3 dB, and negative Ac?° in the range —7 to —11. We applied the
pair Ac® > 2 and Ac?® < —11 (dash line in Figure 9c¢) to generate the FPM (Figure 9b), where
it is visible that most of the pixels labeled as flooded are those detected by the positive
threshold (displayed in yellow).

Additionally, it is important to mention that the Kappa heat map also indicates that
the FPM is more sensitive to positive thresholds, in the sense that the variations of Kappa
along the horizontal axis are higher than on the vertical axis, mainly because most of the
flooding was open-water. Some inundated urban areas within the boundaries can also be
observed, where double-bouncing may take place, that contributes pixels with negative
Ac? values.

In Figure 10, it can be observed that similar results were obtained for VH polarization
data. The spatial distribution of pixels with high Delta followed a similar pattern as in
the VV polarization. In terms of thresholding selection, we can also appreciate more



Remote Sens. 2022, 14, 246

14 of 24

0.8

Normalized Count
o
o

o
=

0.2

sensitivity, accuracy-wise, for positive Ac® values than for negative ones, as in the VV
polarization dataset.
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Figure 10. Australia ConvLSTM Delta image of VH polarization (a), Flood Proxy Map (b), Histogram
of Delta image (c), and Cohen’s Kappa heatmap (d).

In terms of error types, we observed that our change detection method based on
ConvLSTM (L2) predictions was prone to overestimate the extent of the inundated area
(i.e., higher commission error). The total area of false positives was 72.6% larger than false
negatives for the VV channel, and 48% higher for VH. The resulting FPM for VV and VH
polarizations are shown in Figure 11.

We further examined the errors of the ConvLSTM model according to land cover types
extracted from the 2017 Copernicus Global Land Cover Layer created by European Space
Agency (ESA) [49]. From Table 4 we can observe that the main source of error belonged to
areas covered by herbaceous vegetation, open forest, or closed forest, further corroborating
the fact that using C-band for flood mapping over vegetated areas remains a challenging
task [50-53].
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Figure 11. Flood Proxy Maps from ConvLSTM model with classification errors for VV polarization
(a) and VH polarization (b).

Table 4. L2 model error sources per Land Cover type (km?).

Land Cover Type FPVV FP VH FNVV FN VH
Shrubs 0.1436 (0.45%) 0.1286 (0.38%) 0.1546 (0.83%) 0.1877 (0.78%)
Herbaceous Vegetation 19.8078 (61.92%) 15.7974 (47.12%) 6.5184 (35.18%) 11.6577 (48.69%)
Cultivated and managed vegetation 0.9379 (2.93%) 0.4593 (1.37%) 0.1981 (1.07%) 0.5939 (2.48%)
Bare/Sparse Vegetation 0.0047 (0.01%) 0.0067 (0.02%) 0.0078 (0.04%) 0.0049 (0.02%)
Permanent water bodies 0.1372(0.43%) 0.2506 (0.75%) 0.2108 (1.14%) 0.1762 (0.74%)
Herbaceous wetland 0.9865 (3.08%) 0.9697 (2.89%) 0.3683 (1.99%) 0.4098 (1.71%)
Closed Forest (EBL) 0.1342 (0.42%) 1.1336 (3.38%) 0.0411 (0.22%) 0.0271 (0.11%)
Closed Forest (DBL) 3.7544 (11.74%) 7.5832 (22.62%) 3.9298 (21.21%) 3.4352 (14.35%)
Closed Forest (nmod) 0.0079 (0.03%) 0.0092 (0.03%) 0.0021 (0.01%) 0.0036 (0.02%)
Open Forest (DBL) 4.0868 (12.78%) 5.1380 (15.32%) 4.9406 (26.66%) 4.9188 (20.55%)
Open Forest (nmod) 1.9863 (6.21%) 2.0505 (6.12%) 2.1582 (11.62%) 2.5249 (10.55%)

EBD: Evergreen Broad Leaf; DBL: Deciduous Broad Leaf; nmod: not matching any of the other definitions.

5.1.3. Mozambique Flooding (Cyclone Idai)

For this event, the synthetic backscattering values were close to the real observations
by £1 dB, as shown by the Delta products” histograms in Figure 12c (VV polarization)
and Figure 13c (VH polarization). However, the distinction between inundated and dry
areas in terms of Ac?® values was not as clear as it was in the previous case. One possible
explanation is that the Mozambique site is a more dynamic landscape due to the land
cover types (e.g., crops), whose higher degree of variability across time makes it even
more challenging to correctly forecast the next value in the time series. Additionally, in
this proposed framework, we assumed that the biggest Delta values fell on flood-affected
zones; however, it is very likely that land cover changes not associated with flooding were
responsible for the significant disagreement between prediction and observation. One must
be aware that the probability of detecting such changes increases in dynamic sites with
high heterogeneity.
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Figure 12. Mozambique ConvLSTM Delta image of VV polarization (a), Flood Proxy Map
(b), Histogram of Delta image (c), and Cohen’s Kappa heatmap (d).
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Figure 13. Mozambique ConvLSTM Delta image of VH polarization (a), Flood Proxy Map
(b), Histogram of Delta image (c), and Cohen’s Kappa heatmap (d).



Remote Sens. 2022, 14, 246

17 of 24

For the mapped FPMs using VV and VH polarization data, the highest Kappa values
can achieve 0.72 and 0.75, respectively (Figures 12d and 13d), when positive Ac® of 3 dB for
the VV dataset and 5 dB for the VH dataset, and negative Ac® of —8 dB for both datasets,
were applied.

5.1.4. Brumadinho

The mapping of the mudslide event triggered by the dam failure in Brumadinho
represented the most challenging case in this study. The release of huge amounts of sludge
downstream occasioned several changes to the terrain, which we tried to map all at once,
including damage to infrastructure, riverside bank erosion, and flooding.

In Figure 14, most of the damage along the riverbank was enhanced, as well as the
changes that took place upstream, where the rupture took place, and the mapping accuracy
achieved by this method when analyzing the VV polarization dataset was suboptimal.
The changes to topography that took place in the site where the reservoir was located are
visible in the upper right part of the A9} product (Figure 14a). The transformation from a
flat surface to a hilly topography resulted in a substantial increase in the strength of the
return signal, hence the lower Av{ value. Moreover, quite the opposite took place when
the mud wave cleared the vegetation present at the riverside as it flowed downstream,
creating a bare surface once it settled down. The mapping accuracy of the ConvLSTM
method yielded the highest Kappa of 0.51 for the VV dataset (Figure 14d) and 0.66 for the
VH dataset (Figure 15d), which was slightly better than a random classification.
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Figure 14. Brumadinho ConvLSTM Delta image of VV polarization (a), Flood Proxy Map
(b), Histogram of Delta image (c), and Cohen’s Kappa heatmap (d).
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Figure 15. Brumadinho ConvLSTM Delta image of VH polarization (a), Flood Proxy Map
(b), Histogram of Delta image (c), and Cohen’s Kappa heatmap (d).

A higher Kappa value of the FPM was obtained with VH polarization. The best
results were derived by the ConvLSTM products when the thresholds Ay{ > 1.2 dB and
Ay} < —1.6 dB were set, achieving a Kappa of 0.66.

5.2. Model Comparison

Table 5 summarizes the flood mapping accuracies (Kappa) of the four tested models
in the three study sites. Overall, we obtained classification Kappa values above 0.72 from
the L1 and L2 models in Australia and Mozambique.

Table 5. Summary of Kappa values obtained in the three study sites.

Studv Sit Polarizati Baseline Model 1 Baseline Model 2 LSTM Conv LSTM Entropy *
udy Site olarization (BD (B2) (L1) (L2) NDSI
Australi \a% 0.87 0.91 0.91 0.93 -
ustralia VH 0.75 0.87 0.89 0.92 -
Mozambique A% - - 0.72 0.75 0.67
! VH - - 0.74 0.78 0.72
) A% 0.48 0.49 0.49 0.51 -
Brumadinho VH 0.59 0.61 0.63 0.66 -

* Kappa values are reported in Ulloa et al., (2020).

In the Australia study site, the four models were compared. The simple change detec-
tion, B1, achieves Kappa values of 0.87 and 0.75 for VV and VH polarizations, respectively.
For B2, using the mean of the stack in the Delta calculation further improved the results
in both polarizations with Kappa of 0.91 and 0.87. Furthermore, the L1 model slightly
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improved the accuracy of the VH dataset with a Kappa of 0.89. Finally, the L2 model
outperformed all the models with Kappa of 0.93 for VV and 0.92 in VH datasets.

When focusing on the application of L1 and L2 models in Australia and Mozambique
study sites, as expected, the use of spatiotemporal features advanced the performance of
the ConvLSTM. Unlike the LSTM model, in which all spatial correlation is lost due to the
unraveling of the arrays into a 1-D vector, the implementation of a convolutional kernel
in the ConvLSTM makes the model take advantage of the spatial correlation of adjacent
pixels. Also, in Mozambique, our results from the LSTM and ConvLSTM models were able
to outperform the accuracy of flood mapping from our previous study, using the Entropy
NDSI method [40], indicating that the LSTM-based Ac? thresholding method was able to
enhance the classification accuracy in both VV and VH datasets.

In the Brumadinho study site, the mapping accuracies were just slightly better than a
random classification. We considered that factors such as spatial scale, topography, and
land cover may have all affected the performance of the models.

In terms of spatial scale, the Brumadinho site was the smallest of the sites explored
in this study; it is 150 times smaller than the Australia site, and about 14 times smaller
than Mozambique. This could be an indication that the area analyzed in Brazil may not
be large enough for the ConvLSTM architecture to properly model such a dynamic and
complex landscape, since a smaller coverage translates to a lower number of training
samples. Lower performance can also be linked to the rugged topography of the site, with
slopes between 15 to 30 degrees, which consequently causes artifacts on the SAR intensity
images (i.e., layover and shadow effect), depending on the orbit and viewing geometry
during data acquisition. Additionally, the abundant forest cover of the site makes it difficult
to detect land-cover changes using basic intensity-based change detection methods. The
dynamic nature of the forest area makes the backscattering values over the same area
constantly vary as leaves’ dielectric properties (i.e., higher after rain), canopy growth and
other conditions determine how the radar signal interacts with the vegetation. However,
for model comparison, the best results were derived by the ConvLSTM products achieving
a Kappa of 0.66, showing an improvement of almost 10% when compared to the baseline
models, and 5% to LSTM.

These results indicate the feasibility of the proposed ConvLSTM to produce damage
maps for different and more complicated cases other than open-water flooding over flood-
plains. Also, in our case study, the VH polarization datasets constantly produced better
results, although the decision of which polarization works best seems to be case-dependent,
as the local conditions and damages to be mapped differ from zone to zone. However, the
VH-polarized data is suggested to generate preliminary FPM for an emergent case, as it
has shown to produce satisfactory results overall in this study.

5.3. Application of Multi-Threshold for Flood Mapping

The thresholds determined from the Australia case were tested in the Mozambique
dataset. Pairs of negative and positive thresholds with the highest 10 Kappa values ex-
tracted from the TC Debbie event were used to create 10 binary FPMs for Cyclone Idai.
Furthermore, by combining the 10 FPMs and counting the frequency of floods in each
pixel, the relative frequency/probability map can be produced to represent the likelihood
of flood occurrence.

The results from the multi-threshold approach are shown in Figure 16, using the
Mozambique flood as an example. The values in the final product ranged from zero
to one. A value of zero represents a pixel that was not considered as inundated in
any of the 10 iterations; conversely, a value of one means a flooded pixel under all the
thresholds applied.
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Figure 16. Mozambique Flood Relative Frequency for VV polarization (left) and VH polariza-
tion (right).

These products were then tested to perform a binary classification to generate FPM,
using 0.5 and 0.9 as cut values. Under these settings, the Kappa coefficient for the VH
polarization was 0.58 and 0.69, respectively. On the other hand, VV polarization achieved
accuracies of Kappa 0.75 and 0.73.

For the VH-polarized product, the performance dropped significantly when a 50%
relative frequency was used as a threshold, as a consequence of a larger commission error.
When a more conservative cut value was selected, the results were more in line with those
obtained in the threshold grid search.

If we solely focus on VV polarization, it is fair to say that this method can be replicated
in future flooding cases to generate preliminary flood extent maps that can provide a
first glance at the magnitude of the flooding, information that could be crucial for local
stakeholders who perform disaster relief tasks. Nonetheless, the same cannot be said of the
VH polarization. To further understand the factors that contributed to such a significant
gap in performance across the two polarizations, it may be helpful to take a look at the
principal land cover types of the sites.

5.4. Potential Effect of Land Cover on Model Application

Table 5 shows that both L1 and L2 significantly outperformed in Australia than in
Mozambique. A potential factor that leads to this difference could be subject to the char-
acteristics of the land surface in the two study sites. Figure 17 shows the five principal
land cover types that make up more than 95% of the sites of Australia and Mozambique,
provided by the Copernicus Global Land Cover Layer [49]. Herbaceous vegetation rep-
resented the major class as it covered more than 50% of the area in both sites. The study
scene in Australia is characterized by the presence of open and closed broadleaf forests,
whereas the Mozambique site shows a considerable presence of cultivated vegetation and
woody perennial plants (shrubs).

The difference in the types of vegetation present in the two areas can account for
the dissimilarity in performance when applying the thresholds of the Australia site to
the Mozambique dataset. We suggest the cross-polarization (VH) is more susceptible to
volumetric scattering mechanisms generated from canopy or trunks of vegetation; as a
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result, the thresholds used in one area would need to be reassessed when utilized on
another if the land cover characteristics are not similar, as in this scenario.
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Figure 17. Percentage of area for each of the mainland cover types for Australia and Mozam-
bique sites.

6. Conclusions

In this study, we have proposed a method for employing deep learning-based time
series analysis for Flood Proxy Mapping generation. Long Short-Term Memory and Convo-
lutional LSTM models are capable of properly simulating a synthetic pre-event image in a
Sentinel One intensity time series. The predicted images can subsequently be compared
to the post-event image to identify flooded areas where simulated and observed values
disagree significantly.

In the Australia case, LSTM and ConvLSTM models produced FPMs with the highest
classification accuracy when compared to the baseline models. The Cohen’s Kappa coeffi-
cient for the latter were 0.93 and 0.92, for VV and VH polarization, respectively. Similarly,
ConvLSTM outperformed the rest of the models in our Mozambique dataset in both polar-
izations, achieving Kappa values of 0.75 (VV) and 0.78 (VH). In the Brumadinho site, the
obtained results show lower accuracies across all models, which could be subjective to the
effect of hilly terrains. However, ConvLSTM was still able to generate moderately good
results (Kappa of 0.66) when the VH-polarized dataset was used, showing the applicability
of our proposed method in areas where traditional SAR-based change detection methods
struggle, such as mountainous and vegetated areas. These results demonstrate the perfor-
mance boost that convolutional operations provide in time series analysis of satellite data
incorporating spatial-related features.

The pre-calibrated Delta thresholds can be effectively applied to map inundated areas
across different study sites. By applying the 10 most effective thresholds of the Australia
case onto the Mozambique case, we were able to generate a map of the relative frequency
of flood pixels. When relative frequency cut values of 0.5 and 0.9 were selected, Kappa
values of 0.75 and 0.73 were obtained in VV data, respectively.

Potential future applications of the ConvLSTM Delta approach include the implemen-
tation of the model in the same site to delineate historic flooding events and subsequently
generate a baseline of flooded areas and their corresponding returning periods. Addition-
ally, by applying the multi-threshold approach on a larger number of sites and flooding
events, we could potentially uncover guiding physical-mathematical-statistical rules that
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may lead to establishing potential global thresholds for flooding detection in different
regions worldwide.

Finally, the length or range necessary to stochastically model the spatiotemporal
behavior of a random variable is quite important in the domain of frequency, space, or
time. Therefore, further studies could be conducted to evaluate the correlation between the
depth of stack and model performance.
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