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Abstract: Extreme climate events such as storms and severe droughts are becoming more frequent
under the warming climate. In the tropics, excess rainfall carried by hurricanes causes massive
flooding and threatens ecosystems and human society. We assessed recent major floodings on the
tropical island of Puerto Rico after Hurricane Maria in 2017 and Hurricane Fiona in 2022, both of
which cost billions of dollars damages to the island. We analyzed the Sentinel-1 synthetic aperture
radar (SAR) images right after the hurricanes and detected surface inundation extent by applying
a random forest classifier. We further explored hurricane rainfall patterns, flow accumulation, and
other possible drivers of surface inundation at watershed scale and discussed the limitations. An
independent validation dataset on flooding derived from high-resolution aerial images indicated
a high classification accuracy with a Kappa statistic of 0.83. The total detected surface inundation
amounted to 10,307 ha after Hurricane Maria and 7949 ha after Hurricane Fiona for areas with SAR
images available. The inundation patterns are differentiated by the hurricane paths and associated
rainfall patterns. We found that flow accumulation estimated from the interpolated Fiona rainfall
highly correlated with the ground-observed stream discharges, with a Pearson’s correlation coefficient
of 0.98. The detected inundation extent was found to depend strongly on hurricane rainfall and
topography in lowlands within watersheds. Normal climate, which connects to mean soil moisture,
also contributed to the differentiated flooding extent among watersheds. The higher the accumulated
Fiona rain and the lower the mean elevation in the flat lowlands, the larger the detected surface
flooding extent at the watershed scale. Additionally, the drier the climate, which might indicate
drier soils, the smaller the surface flooding areas. The approach used in this study is limited by
the penetration capability of C-band SAR; further application of L-band images would expand the
detection to flooding under dense vegetation. Detecting flooding by applying machine learning
techniques to SAR satellite images provides an effective, efficient, and reliable approach to flood
assessment in coastal regions on a large scale, hence helping to guide emergency responses and policy
making and to mitigate flooding disasters.

Keywords: coastal inundation; SAR; machine learning; discharges; major storms; Bayesian regression kriging

1. Introduction

Extreme climate events are becoming more frequent and severe under the warming
climate [1], and climate models have predicted increased extreme El Niño and extreme La
Niña events [2,3]. The increase in tropical cyclones, both in frequency and in intensity, and
the lengthy droughts, together with heat waves, are connected to large-scale mangrove
mortality globally [4,5]. Coastal regions support the highest population density, yet they
are more prone than inland areas to damage by tropical storms, as the lowlands in the
coast are more likely to be inundated [6,7]. In coastal regions, destructive tropical cyclones
have brought disastrous damage to ecosystems and threatened dense coastal communities
through events such as widespread floods resulting from heavy rainfall, coastal storm
surge, and rising sea level [8–10]. The exacerbation of more frequent and intense tropical
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cyclones on coastal compound flooding raises great concerns for flooding monitoring and
rapid responses [11,12].

Hydrodynamic modeling and remote sensing are the main tools to assess and monitor
coastal flooding [13,14]. Recent advances in remote sensing have greatly improved flooding
monitoring and assessment in accuracy, spatiotemporal resolution, and timing [15,16]. More
frequent and open high-resolution images such as Sentinel and Landsat images [17–19]
make it possible to monitor surface inundation at greater spatial and temporal resolutions.
Compared to optical sensors [14], the capability of cloud penetration by synthetic aperture
radar (SAR) makes all-weather monitoring possible, thus greatly enhancing the applications
of SAR in detecting surface inundation [16,20]. Furthermore, cloud computation platforms
such as Google Earth Engine (GEE) [21] significantly improve the efficiency, effectiveness,
and timeliness of surface inundation monitoring and assessment.

Inundated pixels are usually detected from remote sensing images by local or global
threshold of signals or their statistics [16,22], change detection between flooding and
non-flooding periods [23–26], and supervised or unsupervised classification [9,20]. Due
to low signals from the water surface, global and local threshold methods are effective,
efficient, and widely applied to detect water pixels by examining histograms of signals
from water and non-water surfaces [22]. Compared to a simple backscatter threshold
from one image, time series of multitemporal images help improve the accuracy of water
detection by comparing the signal against historical Z-scores during reference periods [16].
Machine learning techniques are also applied to classify flooding areas in rapid flood
assessment [20,27]. To fully automate the detection of flooding areas, Huang et al. used
existing datasets to select training samples and applied random forests for supervised
classification [27]. Unsupervised classification using deep learning methods such as convo-
lutional neural network (CNN) has also been applied to automatic flooding mapping with
a segmentation algorithm [20].

To understand mechanisms of surface inundations, hydrodynamic models and sta-
tistical models were developed to link the surface inundation extent and/or depth to
potential drivers such as stream discharges, rainfall, topography, etc. [15,28,29]. MODIS-
detected flooding was integrated with a flood routing model and a water balance model,
and river flows appeared as a main driver to flooding [28]. In another study, the decadal
MODIS-detected peak flooding areas exhibited a strong correlation (R2 of 0.93) with ground-
observed river flows [29]. However, comprehensive explorations of the roles of watershed
storm rainfall, discharges, topography, and climate setting in surface inundation are still
greatly needed to understand hydrodynamic watershed responses to storms in the tropics
and to plan for rapid response to flooding hazard.

In this paper, we assessed the flooding extent on the tropical island of Puerto Rico after
two hurricanes using SAR images and machine learning classification. We then explored
the roles of storm rainfall and the associated stream discharges, topography, and climate
setting in surface inundation. The results will further our understanding of the inundation
mechanisms in the tropics and inform emergency responses to help mitigate the damage
from coastal storms.

2. Methods
2.1. Study Areas

The tropical island of Puerto Rico, centered at 18◦15′N, 66◦30′W, is located between
the Caribbean Sea and the middle North Atlantic Ocean, and it is prone to disturbances by
tropical storms [30]. The land area amounts to almost 9000 km2 with 180 km from east to
west and 65 km from north to south (Figure 1). The prevailing easterly trade wind brings
large amounts of rainfall to the windward central mountains, e.g., more than 4000 mm in
annual rainfall in rainforests, and thus results in large alluvial plains on the northern coast,
while the rain shadow leads to less than 1000 mm annual rainfall in southern dry forests.
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Figure 1. Topography and land cover in Puerto Rico. Hurricane paths of Maria (2017) and Fiona (2022)
shown in red and blue lines, respectively. Created in ArcGIS Pro 3.2 (ESRI, Redlands, CA, USA).

Recently, Hurricane Maria and Hurricane Fiona made landfall in 2017 and 2022,
respectively. Hurricane Maria brought torrential rainfall and devastating gusty winds to
the island on 20 September 2017. The high-end category-four hurricane made landfall on
the southeast of the island with a sustaining wind of 249 km h−1 and traversed the island
from the southeast to the northwest (Figure 1). Hurricane rainfall was observed as high
as 965 mm (38 inches), and an estimation of 1.8–2.7 m (6–9 feet) of inundation along the
east coast was reported due to storm surges and tides [31]. Catastrophic flooding and flash
flooding occurred during and after the storm. In 2022, Hurricane Fiona, category one, made
landfall on the southwestern corner of the island on 18 September with a sustaining wind
speed of 139 km h−1 (Figure 1). The storm surge inundation was estimated to be 0.3–0.9 m
(1–3 feet) [32]. Although the wind was much less intense than that of Maria, Fiona brought
heavy rains to the island, especially the southern and eastern parts. The highest storm
rainfall of 823 mm (32.4 inches) was observed near Ponce in the south. Thus, some river
gauges, e.g., those in Rio Grande de Loiza and Rio Grande de Manati, were reported to
crest above major floods [32]. Flash floods and widespread river flooding were observed
across the island. While Hurricane Maria was recorded as the costliest hurricane in Puerto
Rico with $89.3 billion in damage, Hurricane Fiona was listed as the third costliest one with
a damage of $2.5 billion [33].

2.2. SAR Image Analyses

We used the Google Earth Engine (GEE) [21] platform to preprocess the satellite
images and further detect the surface inundation extent. The Sentinel-1 synthetic aper-
ture radar (SAR) images [19] taken around two hurricanes and another two big rainfall
events in late July 2020 and early November 2022 were used. The flooding images used
were those taken on the next day after the hurricanes or the big rainfall events accord-
ing to the available SAR images. For each event the reference images used are those
taken in the month before or after having the same descending or ascending orbit. These
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images are archived by GEE and were preprocessed for thermal noise removal, radiomet-
ric calibration, and terrain correction to a level-1 ground range detected (GRD) format
(sentinel.esa.int/web/sentinel/toolboxes/sentinel-1). Backscatter intensities were con-
verted to a backscatter coefficient (σ◦) in decibels (dB) by GEE. The volume model of an
angle-based radiometric slope correction, by means of a high-resolution digital elevation
model (DEM, 10 m) for the island, was further applied to improve the images [34,35].
The resulted images contained the backscatter γ0 in dB for VV (vertical transmitting with
vertical receiving) and VH (vertical transmitting with horizontal receiving) bands and the
layover/shadow masks [35].

We then applied a random forest classifier [36] to identify surface inundations for each
flooding event [9]. Random forest classification/regression is based on the CART (classi-
fication and regression tree) algorithm, which classifies objects or regresses a dependent
variable over attributes/covariates by building a hierarchical decision tree. CART works
well, but it depends heavily on the selection of the training dataset and is easily overfitted
with the training dataset. The random forest algorithm is designed to build multiple trees
by bootstrapping into the training dataset. The final decision of classification is based on
the majority of votes from all trees so that the consequence of overfit of an individual tree
is avoided. For each flooding event, we created 200 trees.

The independent variables of the classification included the bands of VV, VH, the ratio
of VV and VH, normalized difference flooding indices (NDFI) [24] based on VV and VH
bands respectively, and the high-resolution DEM and derived slope. Backscatter values in
dB were converted to natural values before calculating the indices. A reference condition
was marked by the median of signals in the month before or after the flooding event. The
NDFI values were calculated according to the following equations:

NDFIVV =
(VVre f − VV)

(VVre f + VV)
(1)

NDFIVH =
(VHre f − VH)

(VHre f + VH)
(2)

where VV and VH are the signals from the flooding images, and VVref and VHref are those
from the reference condition.

Samples of flooding, permanent water, mangroves, herbaceous cover, forests, and
urban cover were created with ground truth data, identified from high-resolution aerial
photographs (Environmental Response Management Application—Caribbean, ERMA by
NOAA and EPA), images during flooding and reference periods, and a high-resolution
(2 m) C-CAP land-cover map from NOAA [37]. For each flooding event, 70% of samples
were used for training the classifier, with the remaining for validation. For Hurricane
Maria, the classifier was further rigorously validated against a separate, independent
sample derived from available NOAA aerial photos (0.15 m resolution) taken right after the
event [9]. Permanent water areas were further calibrated using the water bodies delineated
in the USGS National Map, i.e., the areas classified as lake, pond or reservoir in the national
hydrography datasets (NHD waterbody, https://apps.nationalmap.gov/downloader/#/
accessed on 10 January 2024). The accuracy of the classification was assessed with the
overall accuracy, producer and user accuracies, and the Kappa statistic derived from a
confusion matrix. The overall accuracy A and the Kappa statistic K were calculated as
the following:

A =
∑n

i=1 Cii

C··
(3)

K =
∑n

i=1 Cii − ∑n
i=1

Ci·C·i
C··

C·· − ∑n
i=1

Ci·C·i
C··

(4)

https://apps.nationalmap.gov/downloader/#/
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where n is the number of classes, Cii is the number of samples correctly classified in the
class i, C·· is the number of total samples, and Ci· and C·i are the total number of samples
classified as class i and labeled as class i, respectively. Compared to the overall observed
accuracy, the Kappa statistic further considers a correct classification from random chance.

We distributed the surface inundation areas to each coastal watershed using the
watershed boundary (WBDHU10) delineated in the national hydrography datasets. To
explore the roles of topography in surface inundation, we further analyzed the profiles of
elevation as well as land cover within the detected inundation extent based on the DEM
and the NOAA C-CAP land-cover map [37].

2.3. Exploration of Drivers of Surface Inundation

To further understand the drivers of surface inundation, we analyzed the hurricane
rainfall pattern and the corresponding stream discharges observed during the hurricane
events. Many rain gauges were damaged by the fierce wind of Hurricane Maria, and records
were incomplete; thus, we chose the relatively complete rainfall records from Hurricane
Fiona to conduct this analysis. Cumulative hurricane rainfall from the weather stations of
NOAA (https://www.ncei.noaa.gov/cdo-web/ accessed on 21 September 2023) during
the 3-day period prior to that shown in the flooding map was obtained and interpolated
with the Bayesian regression kriging method (Geostatistical Analyst Module of ArcGIS Pro,
version 3.0, ESRI, Redlands, CA, USA). The DEM and the distance from the hurricane path
were incorporated into the regression as covariables to address their important roles in
rainfall distribution [38]. As stream discharge is a key source of flood water, we obtained
stream discharge in corresponding watersheds during the same period for each USGS
water gauge (https://waterwatch.usgs.gov/ accessed on 10 January 2024).

After removing sinks from the DEM, we computed the flow accumulation using the
Hydrology toolset for surface water (ArcGIS Pro, version 3.0, ESRI, Redlands, CA, USA).
The above interpolated rainfall was used as the weight during the calculation to count the
effects of the spatial heterogeneous pattern of rainfall on flow accumulation. The estimated
flow accumulations were then compared to the ground-observed stream discharges to
analyze their relationships using Pearson’s correlation coefficient. The correlation coefficient
was calculated as r = ∑ (xi − x)·(yi − y)√

∑(xi − x)2·∑(yi − y)2
, where xi and yi are the stream discharge

observed and the flow accumulation estimated at the corresponding gauge, respectively,
with the mean as x and y. Considering the heavy rainfall in a short time, the timing of the
wet season, and the cloudy weather, we assumed that the surface stream discharges were
the dominant component compared to other fluxes such as recharging soils/groundwater,
evapotranspiration, and canopy interception.

Finally, we explored the potential drivers of surface inundation in coastal watersheds.
We assumed that hurricane rainfall; topography, especially that of lowlands; and soil
moisture status were important in determining surface inundation. We thus calculated the
hurricane rainfall accumulation in each watershed by summing up the interpolated rainfall.
To quantify the effect of topography in lowlands, we first chose an elevation threshold
corresponding to the 70th percentile of elevation of the detected inundation pixels and
defined flat lowlands as those areas with elevation ≤ the elevation threshold and slope ≤ 5◦.
Then, the mean elevation of flat lowlands was calculated for each watershed as a topography
index. To incorporate the sharp moisture gradient from the north to the south of the island,
we assumed that the long-term mean annual rainfall highly correlated with soil moisture
and could be a substitute for moisture index. Thus, we interpolated the 30-year normal
annual rainfall from the NOAA weather station [38] and calculated the watershed mean
of normal annual rainfall. We explored the relationship between the detected surface
inundation extent and the covariates, including the watershed accumulated rainfall, the
watershed topography index, and the long-term normal rainfall, by regression using
R 4.2 [39].

https://www.ncei.noaa.gov/cdo-web/
https://waterwatch.usgs.gov/
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3. Results
3.1. Detection of Surface Inundation Extent

The Sentinel-1 SAR images clearly showed low backscatter signals during flooding
when compared to those in the reference period. The image from 19 September 2022
(Figure 2) showed a mean ± std of −14.3 ± 3.3 and −22.3 ± 2.9 for VV and VH, respectively,
for flooding pixels, in comparison to −9.5 ± 2.5 and −15.9 ± 2.7, respectively, for them
during the reference period.
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Figure 2. RGB composition of VV, VH, and their ratio from Sentinel-1 SAR on 19 September 2022
after Hurricane Fiona (a) and in the reference period of August 2022 (b). Dark blue represents water
with low backscattering. High-resolution Maxar image from 8 November 2022 (c) and the location
of the sample area (the red frame) in northeastern Puerto Rico (d). Created in ArcGIS Pro 3.2 (ESRI,
Redlands, CA, USA).

The validation of inundation classification against the independent dataset, derived
from the NOAA aerial photos (0.15 m resolution) right after Hurricane Maria, showed an
overall accuracy of 0.86 and a Kappa statistic of 0.83. We adjusted the parameter of the
volume correction buffer in the radiometric slope correction [35], which contributed to an
improved classification accuracy compared to that of a previous application [9]. The limited
canopy penetration capability of C-SAR made it difficult to detect floods under dense
vegetation. Both user and producer accuracies for inundation (without dense vegetation
cover) were 1, as well as those for permanent water. The user and producer accuracies
are 78% and 85% for mangroves, 87% and 83% for herbaceous cover, 45% and 64% for
upland forests, and 100% and 75% for urban covers, respectively. The accuracy for detecting
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surface flooding pixels was high for each flooding event studied (Appendix A Classification
Accuracies for Surface Inundation).

The detected surface inundation extent after Hurricane Maria in 2017 amounted to
10,307 ha, which was the greatest, followed by 7949 ha after Hurricane Fiona in 2022. The
detected inundations were much less on 6 November 2022 (2338 ha) and on 31 July 2020
(2205 ha). The image coverages on these dates were the same (Appendix A). Additionally,
the spatial pattern of the inundation was different between Hurricane Maria and Hurricane
Fiona (Figures 3, 4 and A1). Although some watersheds such as the Cano Tiburones Coastal
watershed, the Rio Cibuco watershed, and the Rio Coamo to Rio Seco watershed showed
more inundation areas during Maria than during Fiona; the watersheds of Rio Grande de
Manati, Rio Maunabo to Rio Humacao, and Rio Grande de Loiza exhibited more inundated
areas during Fiona due to the difference in the hurricane path and associated rainfall
patterns (Figure 4 and rainfall interpolation in the following section).
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Figure 4. Detected surface inundation (red patches) on the central northern coast on 21 September
2017, right after Hurricane Maria (path shown in red), and on 19 September 2022, right after Hurricane
Fiona (path shown in light blue). Blue lines are streams. Created in ArcGIS Pro 3.2 (ESRI, Redlands,
CA, USA).

3.2. Topography and Land Cover in Detected Surface Inundation Areas

The profile of topography in flooded areas showed a median elevation of 8.1 m during
Maria, 7.2 m during Fiona, 6.9 m on 6 November 2022, and 3.9 m on 31 July 2020. The 70th
percentile of the elevation in flooded areas was 55 m during Maria and 33 m during Fiona.
Both upland land covers, e.g., urban, upland herbaceous, or forest cover, and wetlands
encountered large inundations during the two hurricanes (Figure 5). For most of the land-
cover types, the inundation areas were larger during Maria than during Fiona, except the
upland herbaceous cover, for which inundated areas represented 2897 ha during Fiona
versus 2523 ha during Maria.
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3.3. Fiona Rainfall Interpolation and Flow Accumulation Compared to Observed Stream Discharge

The spatial interpolation of 3-day rainfall from Hurricane Fiona (Figure 6) resulted in
a root-mean-square error (RMSE) of 78 mm, a mean standardized value of 0.005, an average
standard error of 81 mm, and a root-mean-square standardized error (0.97) approaching 1.
In comparison, without covariates of elevation and distance from the hurricane path the
Bayesian kriging generated an interpolated rainfall pattern with an RMSE of 101 mm and
an average standard error of 104 mm.

Remote Sens. 2024, 16, x FOR PEER REVIEW  9  of  18 
 

 

 

Figure 5. Detected  surface  inundation extent within upland and wetland  land-cover zones. The 

events on 21 September 2017 and 19 September 2022 correspond  to  the flooding after Hurricane 

Maria and Hurricane Fiona, respectively. 

3.3. Fiona Rainfall Interpolation and Flow Accumulation Compared to Observed Stream 

Discharge 

The spatial interpolation of 3-day rainfall from Hurricane Fiona (Figure 6) resulted 

in a root-mean-square error (RMSE) of 78 mm, a mean standardized value of 0.005, an 

average standard error of 81 mm, and a root-mean-square standardized error (0.97) ap-

proaching 1. In comparison, without covariates of elevation and distance from the hurri-

cane path the Bayesian kriging generated an interpolated rainfall pattern with an RMSE 

of 101 mm and an average standard error of 104 mm. 

 

Figure 6. Fiona rainfall interpolation using Bayesian regression kriging with the covariates of DEM
and distance from the hurricane path (blue line). Created in ArcGIS Pro 3.2 (ESRI, Redlands, CA, USA).

The weighted flow accumulation from the interpolated Fiona rainfall revealed a
very high correlation with the ground-observed stream discharge (Figure 7). In general,
the weighted flow accumulation was higher than and increased with the corresponding
observation of stream discharge, and the Pearson correlation coefficient between the two
was 0.98. The discharge observed at the Rio Guanajibo NR Hormigueros in the southwest
was high, i.e., 160.6 Mton (Figure 7, the largest dot in the southwest on the map and the
orange dot on the lower right in the plot). However, the available observations of Fiona
rainfall in this area were not very high, i.e., in the range of 250–350 mm (Figure 6). Therefore,
the estimated flow accumulation weighted by the rainfall was lower when compared to
the observed discharge at this location (Figure 7 plot). The upstream areas of Rio Grande
de Manati, Rio de la Plata, and Rio Grande de Loiza (A–C in Figure 7 Map) received huge
amounts of hurricane rainfall, and the observations from downstream gauges showed large
stream discharges (Figure 7, the biggest dots on the map, except the one in the southwest).

Remote Sens. 2024, 16, x FOR PEER REVIEW  10  of  18 
 

 

Figure 6. Fiona rainfall interpolation using Bayesian regression kriging with the covariates of DEM 

and distance from the hurricane path (blue line). Created in ArcGIS Pro 3.2 (ESRI, Redlands, CA, 

USA). 

The weighted flow accumulation from the interpolated Fiona rainfall revealed a very 

high correlation with  the ground-observed stream discharge  (Figure 7).  In general,  the 

weighted flow accumulation was higher than and increased with the corresponding ob-

servation of stream discharge, and the Pearson correlation coefficient between the two was 

0.98. The discharge observed at the Rio Guanajibo NR Hormigueros in the southwest was 

high, i.e., 160.6 Mton (Figure 7, the largest dot in the southwest on the map and the orange 

dot on the lower right in the plot). However, the available observations of Fiona rainfall 

in this area were not very high, i.e., in the range of 250–350 mm (Figure 6). Therefore, the 

estimated flow accumulation weighted by the rainfall was lower when compared to the 

observed discharge at this location (Figure 7 plot). The upstream areas of Rio Grande de 

Manati, Rio de la Plata, and Rio Grande de Loiza (A–C in Figure 7 Map) received huge 

amounts of hurricane  rainfall, and  the observations  from downstream gauges  showed 

large stream discharges (Figure 7, the biggest dots on the map, except the one in the south-

west). 

 
 

 

Figure 7. Cont.



Remote Sens. 2024, 16, 503 10 of 17

Remote Sens. 2024, 16, x FOR PEER REVIEW  10  of  18 
 

 

Figure 6. Fiona rainfall interpolation using Bayesian regression kriging with the covariates of DEM 

and distance from the hurricane path (blue line). Created in ArcGIS Pro 3.2 (ESRI, Redlands, CA, 

USA). 

The weighted flow accumulation from the interpolated Fiona rainfall revealed a very 

high correlation with  the ground-observed stream discharge  (Figure 7).  In general,  the 

weighted flow accumulation was higher than and increased with the corresponding ob-

servation of stream discharge, and the Pearson correlation coefficient between the two was 

0.98. The discharge observed at the Rio Guanajibo NR Hormigueros in the southwest was 

high, i.e., 160.6 Mton (Figure 7, the largest dot in the southwest on the map and the orange 

dot on the lower right in the plot). However, the available observations of Fiona rainfall 

in this area were not very high, i.e., in the range of 250–350 mm (Figure 6). Therefore, the 

estimated flow accumulation weighted by the rainfall was lower when compared to the 

observed discharge at this location (Figure 7 plot). The upstream areas of Rio Grande de 

Manati, Rio de la Plata, and Rio Grande de Loiza (A–C in Figure 7 Map) received huge 

amounts of hurricane  rainfall, and  the observations  from downstream gauges  showed 

large stream discharges (Figure 7, the biggest dots on the map, except the one in the south-

west). 

 
 

 

Figure 7. Ground-observed stream discharge during Hurricane Fiona versus the flow accumulation
estimation weighted by Fiona rainfall (upper panel); spatial distribution of the observed stream
discharges (dots) during Hurricane Fiona, shown on the interpolated Fiona rainfall map (lower
panel). The dashed polygons show the watershed boundaries from USGS. A. Rio Grande de Manati
watershed, B. Rio de la Plata watershed, and C. Rio Grande de Loiza watershed. Map created in
ArcGIS Pro 3.2 (ESRI, Redlands, CA, USA).

3.4. Exploration of Potential Drivers to Surface Inundation

The detected surface flooding extents were highly and significantly correlated with
the accumulated Fiona rain received in the watersheds (Pearson’s correlation coefficient
0.59, p = 0.04). According to the topography of detected flooding pixels, the elevation of
33 m corresponds to 70th percentile of that in flooding pixels during Fiona. Regarding the
flat lowlands in each watershed, i.e., areas with elevation ≤ 33 m and slope ≤ 5◦, larger
flat lowlands corresponded to lower mean slope (Pearson’s correlation coefficient −0.72,
p = 0.008) and lower mean elevation (Pearson’s correlation coefficient −0.44, p = 0.15).
The mean elevation of the flat lowlands was significantly correlated with the mean slope
(Pearson’s correlation coefficient 0.57, p = 0.05).

The Fiona rain accumulated in each watershed alone could explain 35% of the variation
in the surface flooding extent detected in each watershed. When it was combined with the
topography index, i.e., the mean elevation of flat lowlands (DEM ≤ 33 m and slope ≤ 5◦),
together they could explain 50% of the variation in the surface flooding extent with a
p value of 0.04 for the regression. The higher the accumulated Fiona rain and the lower the
flat lowlands, the larger the surface flooding extent detected (Equation (5)).

Flooding = 0.34 + 0.58 RainAccum − 0.48 DEMLowland (5)

where Flooding is the surface inundation extent in hectare, RainAccum is the Fiona rain
accumulation in each watershed in million tons, and DEMLowland is the mean elevation of
flat lowlands in m. All the variables are standardized. The p value for the coefficient before
RainAccum and DEMLowland is 0.04 and 0.14, respectively.

The two southern watersheds, i.e., Rio Matilde to Rio Descalabrado and Rio Coamo
to Rio Seco, are close to the Fiona path and encountered high Fiona rain; however, both
watersheds showed relatively small inundation extents (Figure 8 upper panel). Climate
in the south of the island is usually much drier than that in the east and the north due to
the rain shadow effect of northeasterly trade winds [40]. When we applied normal annual
rainfall in the past 30 years [38] as an additional explanatory variable, the three independent
variables altogether explained 54.5% of the variation in surface flooding extent, with a
p value of 0.08 for the regression (Equation (6)). Additionally, the lower the normal rainfall,
that is, the drier the region, the smaller the surface flooding extent (Equation (6)).

Flooding = 0.11 + 0.68 RainAccum − 0.41 DEMLowland + 0.3 RainNormal (6)
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where RainNormal is standardized mean normal annual rainfall in mm for the watersheds.
The p value for the coefficient before RainAccum, DEMLowland, and RainNormal is 0.04, 0.22,
and 0.40, respectively. The coefficients in front of the independent variables indicate the
rank of impacts, i.e., the watershed accumulated Fiona rainfall had the largest impact
(positive), followed by the mean elevation of flat lowlands (negative) and the normal
annual rainfall (positive).
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4. Discussion

The surface inundation extent after tropical storms could be detected with high accu-
racy when applying a machine learning algorithm to SAR images. The supervised random
forest classifier applied in this study showed a Kappa statistic of 0.83 after Hurricane Maria,
and the producer and the user accuracies for flooding pixels were higher than 95%. Based
on a convolutional neural network (CNN) and a segmentation algorithm, Jiang et al. ap-
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plied an unsupervised machine learning approach to assess large-scale flooding during the
Yangtze River flood in 2020. And the results showed 93% and 94% for producer and user
accuracy, respectively [20], similar to the values in this study. Under the fast development
of deep learning algorithms, more applications of deep learning with SAR images have
appeared for terrain surface classification, as well as other fields such as object detection,
SAR-optical data fusion, etc. [41].

The C-Band SAR onboard Sentinel-1 has limited capability to detect floods under
canopies [24,42]. We tried to estimate the omission of flooding under dense vegetation by
exploring the depressions with forests and the nearby detected flooding pixels. However,
the approach came with large uncertainties since half of these depressions only had one
or two flooding pixels detected, which made it difficult to set up a reliable elevation
threshold for potential flooding. An alternative would be applications of L-band images
from PALSAR (phased array L-band synthetic aperture radar) and to-be-launched NISAR
(NASA-ISRO synthetic aperture radar), which will largely compensate for C-band images
to monitor surface floodings under canopies.

Torrential rain brought by major hurricanes, one of the major concerns of hurricane
impact other than fierce wind, often leads to pluvial as well as fluvial floods. The inter-
polation of hurricane rainfall by Bayesian regression kriging in this study resulted in a
low RMSE when elevation and distance from the hurricane path were incorporated as
covariates. In general, the higher the elevation and the closer to the hurricane path, the
greater the rainfall. The rainfall-derived flow accumulations are expected to be higher than
the observed stream discharges since other fluxes such as recharging soils/groundwater,
evapotranspiration, and canopy interception are not considered in the flow accumulation
estimation. Considering the rapid heavy rainfall and cloudy weather during hurricane
events, stream discharge might become the dominant component and exhibit a close corre-
lation with the rainfall-derived flow accumulation. In this study, the flow accumulation
was highly correlated with the ground-observed stream discharge during Fiona (0.98),
implying not only a reliable interpolation of Fiona rainfall but also the possibility of using
the interpolated rainfall in exploring drivers of surface inundation.

Remote-sensed surface inundation extents have been reported to be correlated with
stream gauged discharges in existing studies [14,15,43]. For example, Frazier and Page [44]
tried to relate wetland inundation extent to river flows using Landsat ETM images before
and after a flooding event. In this study, the accumulated watershed Fiona rainfall played a
significant role in determining the detected surface inundation extent and alone explained
35% of the variation in detected surface inundation. Heimhuber et al. [15] modeled Landsat-
derived surface water inundation and tried to connect it to the lagged surface water
inundation, stream discharge, local precipitation, evapotranspiration, and soil moisture.
They found an average r2 value of 0.65 for floodplain units that connected to river gauges,
and stream flows dominated in the explanation of surface water inundation dynamics.

Inundation patterns are related to the distance from the hurricane path and the direc-
tion since they partly determine the consequent rainfall distribution. Hurricane winds are
usually higher in areas on the right side of the path in the northern hemisphere [38,45]. As
shown in Figures 3 and 4, the watershed of Rio Cibuco is mostly on the near right side of
the Maria path and thus experienced more impacts from Maria and, consequently, more
inundated areas compared to those during Fiona. Regarding the watershed of Rio Grande
de Manati, most of its upstream area is on the left side of the Maria path, but on the right
side of the Fiona path, and consequently it experienced severer inundation during Fiona
than during Maria. The watershed of Rio de la Plata is among the biggest watersheds in
Puerto Rico, with an area of 62,472 ha, and was approximately cut down the middle by
the path of Maria. Therefore, the watershed experienced severe inundation during both
hurricanes (Figure 3, the highest during Maria and the second highest during Fiona).

Topography also plays an important role in inundation. The median elevation of the
detected inundation areas increased with the severity of the flooding event, e.g., 8.1 m
during Maria versus 7.2 m during Fiona. Although herbaceous wetlands only occupy 1.5%
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of the study area, the detected inundation in the herbaceous wetlands occupied 13% of the
total inundation extent during Maria and 11% during Fiona due to their lowland settings. In
the watershed of Rio Cibuco, although the accumulated Fiona rain was low, a great amount
of inundated area was still observed due to its low elevation setting (Figure 8). An opposite
case is the watershed of Rio de Bayamon to Rio Hondo with a relatively small inundation
extent due to higher mean lowland elevation (Figure 8). The incorporation of the lowland
elevation as an explanatory variable into the regression increased the explanatory capability
of surface inundation extent from 35%, when considering Fiona rainfall alone, to 50%. The
case here implies that the lower the flat lowland, which might also come with an increase
in area, the larger the detected surface inundation extent.

Interactions between surface water and groundwater and pre-flooding soil moisture
status are important in determining flooding extent and depth; however, these are less
studied in the literature on flooding monitoring and modeling [13]. Our results for the
potential drivers of flooding extent indirectly addressed the latter by incorporating the
normal climate index. The drier the site, which might come with less antecedent soil
moisture before the flooding event, the smaller the detected inundation areas. In general,
the soil moisture is less saturated at drier sites in the south of the island, which may be
a reason for the low inundation detected in the watershed of Rio Coamo to Rio Seco in
the south. This watershed received very high amounts of Fiona rainfall (Figure 8), but
since it is the driest site, the recharge of dry soils might have greatly reduced the flooding
potential. Further studies incorporating the interactions between surface and groundwater
are needed, especially in the Karst regions.

Our study on the hurricane impact on a tropical mountainous island thus highlights
that accumulated watershed rainfall amount and topography, especially that in the lowland,
dominate over other factors affecting the flooding risk; soil moisture and storm surge may
also contribute to potential inundation [15,28]. The prediction of more frequent and severer
tropical storms together with the trends of rapid intensification [46] raise great concerns
regarding coastal flooding risk and rapid response [12]. The integration of machine learning
algorithms and SAR images from cloud-computing platforms such as Google Earth Engine
therefore provides an efficient, effective approach to rapid flood monitoring and response,
post-disaster assessment, and the calibration/validation of hydrodynamic models for
future prediction.

5. Conclusions

Coastal flooding is a major threat to the dense populations living on the coast. Under
the warming climate, the rising sea level due to ocean thermal expansion and the melting
of glaciers and sea ice and the increasing extreme climate events, especially the more
frequent and intense tropical cyclones, exacerbate the coastal compound flooding from
heavy rainfall, storm surges, and high tides. The rapid assessment and monitoring of
coastal flooding are imperatives for emergency response and coastal hazard mitigation.

Advances in remote sensing, machine learning, and cloud computation greatly im-
prove flooding assessment in terms of all-weather monitoring, accuracy, and efficiency.
Using the cloud-computing platform Google Earth Engine, we assessed the surface flooding
patterns on the tropical island of Puerto Rico after the high-end category 4 Hurricane Maria
in 2017 and the category 1 Hurricane Fiona in 2022. We applied a random forest classifier
to Sentinel-1 SAR images, for which the signals could penetrate clouds during hurricanes.
To advance our mechanistic understanding of surface inundation, we interpolated the ob-
served Fiona rainfall by Bayesian regression kriging and compared the rainfall-derived flow
accumulation against the ground-observed stream discharge. Furthermore, we explored
the potential drivers of surface inundation such as hurricane rainfall, stream discharge,
topography, and climate setting.

In areas without dense vegetation cover, this approach could achieve high accuracy
in distinguishing flooding pixels from non-flooding ones. The spatial patterns of the sur-
face inundation after the two hurricanes are differentiated by the hurricane paths and the
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associated rainfall patterns. After elevation and distance from the hurricane path were
incorporated as covariates in the Bayesian regression kriging, the interpolated Fiona rainfall
showed a low RMSE. And the rainfall-derived flow accumulations exhibited high correla-
tions with the ground-observed stream discharges, which indicates a reliable interpolation
approach and a possibility of using rainfall directly in exploring the drivers of surface
inundation. The watershed accumulated Fiona rainfall and the watershed topography
in lowlands played important roles in determining the surface flooding detected. The
higher the accumulated Fiona rain and the lower the flat lowlands, the greater the de-
tected surface inundation. Additionally, the drier the watershed, the lower the detected
surface inundation.

The canopy penetration capability of C-band SAR limits the detection of flooding
under dense vegetations. Future applications of L-band SAR images would largely com-
pensate for C-SAR in monitoring the flooding with or without dense vegetation cover. The
surface flooding assessment and the exploration of drivers in this study would contribute
to the future integration of remote-sensed inundation with hydrological models to predict
flood risk under intensified storm scenarios.
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Appendix A Classification Accuracies for Surface Inundation

Table A1. Confusion matrix for the classification on 21 September 2017 using an independent
validation sample.
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Cover Forests Urban Producer
Accuracy

Permanent Water 30 0 0 0 0 0 1
Flooding 0 26 0 0 0 0 1

Mangroves 0 0 29 2 3 0 0.85
Herbaceous Cover 0 0 5 45 4 0 0.83

Forests 0 0 2 3 9 0 0.64
Urban 0 0 1 2 4 21 0.75

User Accuracy 1 1 0.78 0.87 0.45 1

Table A2. Classification results for the storms studied.

Date Kappa User Accuracy
for Flooding

Producer
Accuracy for

Flooding

Overall
Accuracy SAR Image Coverage

21 September 2017
(Maria,

independent
validation)

0.83 1 1 0.86

Remote Sens. 2024, 16, x FOR PEER REVIEW  16  of  19 
 

 

Table A2. Classification results for the storms studied. 

Date  Kappa 
User Accuracy 

for Flooding 

Producer Accu‐

racy for Flood‐

ing 

Overall Ac‐

curacy 
SAR Image Coverage 

21 September 2017 

(Maria, independent 

validation) 

0.83  1  1  0.86 

 

31 July 2020 

(after a big rainfall 

event) 

0.95  1  0.98  0.96 

 

19 September 2022 

(Fiona) 
0.93  1  1  0.94 

 

6 November 2022 

(after a big rainfall 

event) 

0.95  1  0.99  0.96 

 

https://www.ncei.noaa.gov/cdo-web/
https://coast.noaa.gov/dataviewer/#/
https://coast.noaa.gov/dataviewer/#/
https://waterwatch.usgs.gov/
https://waterwatch.usgs.gov/


Remote Sens. 2024, 16, 503 15 of 17
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