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A B S T R A C T

The loss of hydrological connectivity and fragmentation of natural wetlands are widespread drivers of wetland
degradation. Understanding where and how natural connectivity is impaired is essential for managing, pro-
tecting and remediating these ecosystems. Wetland Interferometric Synthetic Aperture Radar (Wetland InSAR)
can provide information on surface flow orientation in wetlands at a high spatial resolution, which can be used
for the detection of hydrological barriers in the wetland. However, the broad application of this approach is
constrained by the labour-intensive manual delineation of barriers based on mapped water levels. This study
presents the first deep learning-based methodology for the automated detection of hydrological barriers. We
trained a deep convolutional network to segment edge features of hydrological barriers in 22 image pairs
captured by ALOS PALSAR-1 L-Band InSAR between 2006 and 2011. The training dataset consisted of manually
labelled and delineated barriers showing abrupt changes in water surface elevation and wrapped interferograms
with high coherence. The model was trained and tested on six wetland sites of varying fragmentation levels and
wetland types in the United States, Cuba, Mexico, Colombia and Venezuela. Across these sites, the convolutional
network detected hydrological barriers with up to 80% accuracy. The model performed particularly well in
detecting linear hydrological barriers such as roads, levees and channels. Notably, we found that some barriers
impede flow only seasonally, appearing during low water levels and disappearing when water levels rise.
However, the model shows limitations in detecting barriers in highly dynamic environments with lower
coherence. Our automated approach to detecting and assessing wetland hydrologic connectivity can be applied
more broadly to support the effective management of fragmented wetland ecosystems.

1. Introduction

Hydrological connectivity controls the chemical composition, water
availability and ecological structure of wetland ecosystems (Manzoni
et al., 2020; Jaramillo et al., 2018). Connectivty describes the unim-
peded flow of water influenced by tidal cycles, gravity and freshwater
inflows or outflows (Ameli and Creed, 2017; Dai et al., 2020). It regu-
lates several processes essential for ecosystem functioning and integrity
(Pringle, 2003), including the propagation of plant seeds and propagules
(Wang et al., 2019), the dispersal of fish and amphibians across their
various life stages (Stoffels et al., 2022) as well as the transport of water,

sediments and nutrients. However, landscape features like levees,
channels or roads can obstruct surface hydrological connectivity within
wetlands. As such, monitoring hydrological connectivity and the iden-
tification of barriers are critical for targeted conservation and restora-
tion (Hermoso et al., 2012; Jaramillo et al., 2018; Jimenez and Lugo,
1985).

Numerous methods have been used to assess hydrological connec-
tivity and fragmentation in wetlands. These include hydrological and
hydrodynamic modelling (Ameli and Creed, 2017; Robinson et al.,
2015), dye-tracing experiments (Dai et al., 2020) and various geospatial
and optical remote sensing-based techniques (e.g. Li et al., 2021; Long

* Corresponding author at: Department of Physical Geography and Bolin Centre for Climate Research, Stockholm University, Stockholm SE-106 91, Sweden.
E-mail address: clara.hubinger@natgeo.su.se (C. Hübinger).

Contents lists available at ScienceDirect

Remote Sensing of Environment

journal homepage: www.elsevier.com/locate/rse

https://doi.org/10.1016/j.rse.2024.114314
Received 5 December 2023; Received in revised form 3 July 2024; Accepted 6 July 2024

mailto:clara.hubinger@natgeo.su.se
www.sciencedirect.com/science/journal/00344257
https://www.elsevier.com/locate/rse
https://doi.org/10.1016/j.rse.2024.114314
https://doi.org/10.1016/j.rse.2024.114314
https://doi.org/10.1016/j.rse.2024.114314
http://crossmark.crossref.org/dialog/?doi=10.1016/j.rse.2024.114314&domain=pdf
http://creativecommons.org/licenses/by/4.0/


Remote Sensing of Environment 311 (2024) 114314

2

and Pavelsky, 2013; Singh and Sinha, 2019; Vanderhoof et al., 2016; Wu
and Lane, 2017; Zhao et al., 2009). The presence of barriers is directly
linked to losses in surface hydrological connectivity in terms of contin-
uous water surface height, slope or flow (Delgado et al., 2013; Huff and
Feagin, 2017; Jaramillo et al., 2018; Liu et al., 2020; Tan et al., 2023).
However, pinpointing the location of these barriers remains challenging,
as their effects are often only measured and detected further down-
stream (Pringle, 2003).

The mapping of surface water extent with remote sensing comple-
ments traditional in-situ measurements of water depth and flow as it

provides spatially continuous data at fine resolutions (Long and Pavel-
sky, 2013; Wu and Lane, 2017). In vegetated wetlands, however, the use
of optical sensors is often limited by dense herbaceous vegetation or tree
canopy. Due to its ability to penetrate clouds and emergent vegetation,
Synthetic Aperture Radar (SAR) data has been used widely to monitor
wetlans. In particular, SAR sensors with high wavelengths such as L-
Band are useful for monitoring densely vegetated ecosystems such as
wooded swamps and mangrove forests (Chapman et al., 2015; Rose-
nqvist et al., 2007).

Interferometric SAR (InSAR) over wetlands further leverages SAR

Fig. 1. Processing pipeline for classifying line features and detecting hydrological barriers in interferometric imagery over wetlands. The processing is performed in
four steps: I) Several interferograms with short temporal baselines are created using ALOS-PALSAR 1 imagery over several wetlands with distinct fragmentation
patterns, II) A training dataset is created using manually delineated reference masks to match discontinuous phase patterns in the interferometric imagery, III) The
training dataset is fed into a UNet to automate the detection of the line features, IV) The performance of the segmentation model is assessed using precision, recall, F1
score and overall accuracy.
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imagery by comparing pairs of images taken at the same orbital location
at two different times to estimate water level change during the inter-
vening period (Mohammadimanesh et al., 2018a). Wetland InSAR has
been used for the assessment of water level changes in lakes (Palomino-
Ángel et al., 2022; Aminjafari et al., 2024) and wetlands (Hong et al.,
2010; Kim et al., 2009; Liao et al., 2020; Wdowinski et al., 2008; Xie
et al., 2013), the monitoring of flood inundation extent (Canisius et al.,
2019; Gondwe et al., 2010; Kim et al., 2017; Oliver-Cabrera and Wdo-
winski, 2016; Palomino-Ángel et al., 2019) and the classification of
wetland types (Brisco et al., 2017; Chen et al., 2020). The technique
relies on the signal from the double-bounce of inundated or emergent
vegetation, meaning that significant changes in vegetation cover or
transition to open water over time can induce a loss of coherence be-
tween InSAR signals (Oliver-Cabrera et al., 2022). By leveraging dis-
continuities in interferometric imagery over time across diverse wetland
environments, InSAR has proven to be a powerful tool for identifying
wetland hydrological barriers (Jaramillo et al., 2018; Liu et al., 2020).

While detecting hydrological barriers from InSAR is promising (e.g.,
Liu et al., 2020), manual delineation of barriers is burdensome and a
task well suited for deep learning and computer vision automation.
Supervised deep learning models have been used widely within remote
sensing applications to identify features in optical and radar imagery
(Ghamisi et al., 2016; Hu et al., 2015; Zhu et al., 2017). In wetlands, for
example, optical (Liu et al., 2018; Rezaee et al., 2018) and multi-sensor
approaches have been used for the classification of wetland types
(Hosseiny et al., 2022; Mahdianpari et al., 2018) and the monitoring of
inundation extent (Peña et al., 2024). As the phase differences from
obstructions result in sharp discontinuities on either side of a hydro-
logical barrier, InSAR data captured over wetlands is a good candidate
for detecting hydrological barriers using similar image segmentation
techniques.

Here, we propose the automated extraction of hydrological barriers
from the segmentation of unwrapped phase interferograms, building on
the InSAR methodology of Jaramillo et al. (2018) and Liu et al. (2020).
We train and apply our automated method in six tropical wetlands to
assess the ability of our segmentation approach to detect hydrological
obstruction across a range of environments. Our model validation
demonstrates it can identify barriers and evaluate their seasonal pres-
ence to help quantitatively assess hydrological connectivity in these
sites.

2. Methodology

The methodology for classifying the hydrological obstructions in
InSAR imagery is divided into four parts (Fig. 1). First, a reference
dataset of barriers is manually generated by visual interpretation of
interferometric imagery from several areas of interest and combined
with manually delineated reference barrier masks (I and II). Next, the
presence of line features within the InSAR imagery is predicted using a
UNet-based supervised segmentation model (III) and the accuracy of the
model output is evaluated through an independent validation (IV).
Finally, the model output and reference dataset are analyzed using op-
tical data and hydrological regime information to assess barrier presence
over time and identify the types of barriers detected.

2.1. Study sites

We train and validate our barrier detection methodology over six
tropical wetlands (Fig. 2A), where L-band InSAR proves useful due to its
ability to penetrate dense vegetation with the SAR signal. To ensure an
unbiased evaluation of the model performance and to avoid data
leakage, the training dataset does not include Areas of Interest (AOIs)
present in the validation dataset. Included in the training dataset are the
western and northern parts of the Everglades, the Louisiana wetlands in
the United States, and the Cienaga de Zapata in Cuba (Fig. 2). The
validation dataset includes the eastern side of the Everglades, the

Pantanos de Centla in Mexico, the northern Atrato River Floodplain in
Colombia, and the Cienagas de Juan Manuel in Venezuela. Since large
parts of the selected wetlands do not contain observable barriers, we
concentrate on smaller AOIs with distinct barrier patterns for the
training dataset (Fig. 2) while including larger areas for the validation
AOIs (VAOIs) to assess the model's robustness across various wetland
types on a broader scale.

In the Everglades, AOI 1 is located within the Big Cypress Preserve, a
swamp area dominated by bald cypress trees (Welch, 1999), while AOIs
2–3 and VAOI 1 are situated in sawgrass marshes where water flow is
regulated by multiple water conservation areas (Hong and Wdowinski,
2014). The area experiences a wet season during the summer months
and dry weather during the winter. While the cypress and mangrove
forests remain wet year-round, the drier weather during the winter re-
sults in the drying of the edges around the sawgrass marshes and the
appearance of hammocks covered by grass along non-flooded land
(Ordoyne and Friedl, 2008).

All AOIs in the Louisiana wetlands are located in the vegetated
freshwater swamps surrounding the Mississippi River and Lake Maur-
epas. The wetlands in the area are highly fragmented, with roads and
several flood control levees located along the Mississippi River (Oliver-
Cabrera and Wdowinski, 2016). The AOI selected for the Ciénaga de
Zapata includes a major channel along coastal marshes. Unlike the Ev-
erglades and the Louisiana wetland, the Ciénaga de Zapata does not
have water control schemes.

The Pantanos de Centla is a wooded swamp wetland in the south of
Mexico. Though it has been a protected Biosphere Reserve since 2006,
there are several canals and roads present in the core area of the wetland
in VAOI 2 (Guerra-Martínez and Ochoa-Gaona, 2008). Wetland marshes
and forests cover the VAOI 3 selected along the northern edge of the
Atrato floodplain. The area is one of the rainiest regions globally and
faces encroachment by anthropogenic activity (Palomino-Ángel et al.,
2019). Still, the selected region is of difficult access and rather pristine,
only exhibiting few obstructions to water flow. Similarly, only a small
number of barriers are observed in the swamp wetlands of the Cienagas
de Juan Manuel, primarily located along the northern and southern
edges of the wetland border in VAOI 4.

2.2. Interferometric processing

Active sensors such as SAR emit a radar beam and receive a reflected
signal, providing information on backscattering intensity, phase (θ), and
polarization influenced by ground surface properties. The signal phase
represents the distance traveled by the radar signal before it reaches the
ground surface and is presented as a number between -π and π. An
elevation change of the ground surface results in a different phase value
in the returned radar signal. In a process called unwrapping, typical of
InSAR, phase ambiguity larger than 2π phase cycles is removed to flatten
the interferogram and make the remaining phase variation directly
related to changes in surface height. Hence, the unwrapped phase dif-
ference between a reference and secondary signal recorded over a
wetland can determine water level changes between the times the two
signals were acquired. Apart from providing information on water level
changes (i.e., direction and the rate of change), the fringe patterns
visually representing the wrapped phase signal can vary in density,
which can help distinguish between steep gradients in the water surface
representing rapid flow from shallower gradients illustrative of slower
flow. A pattern of abrupt phase change between adjacent pixels in the
interferogram can identify the location of hydrological barriers. Such
patterns have been observed in InSAR imagery in the Louisiana wetlands
(Oliver-Cabrera and Wdowinski, 2016), the Everglades (Hong et al.,
2010), the Ciénaga de Santa Marta (Jaramillo et al., 2018), and the
Baiyangdian wetland (Liu et al., 2020).

This study employs ALOS-PALSAR 1 imagery, captured between
2006 and 2011 at L-Band wavelength in both single (FBS) and dual
polarization (FBD) modes. L-Band data was chosen as it has been shown
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Fig. 2. Study Area and Areas of Interest (AOI) selected to create the training and validation dataset. 2 A) shows the location of the six wetlands, 2B) the land cover
and location of the AOIs and validation AOIs (VAOIs) in each wetland. Imagery for the training dataset is collected over the Everglades (a), the Louisiana wetlands in
the United States (b), and the Cienaga de Zapata in Cuba (c). The interferograms were clipped to the boundaries of AOIs, as shown in red, to include only data with
distinct barrier patterns. We selected three AOIs in the Everglades, three in the Louisiana wetlands and one in the Cienaga de Zapata. The data for model validation
was collected across four wetland over larger VAOIs in the Everglades, the Pantanos de Centla in Mexico (d), the Atrato River Floodplain in Colombia (e) and the
Cienagas de Juan Manuel in Venezuela (f). The validation sites present varying degrees of fragmentation and land-use patterns, ranging from highly fragmented areas
like the Everglades and Pantanos de Centla to less affected landscapes such as the Atrato Floodplain and the Cienagas de Juan Manuel. Land Cover Data retrieved
from Dynamic World. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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to retain a high correlation between the reference and secondary image
in vegetated wetlands, even for longer temporal baselines, improving
the quality of the InSAR image (Kim et al., 2013). All images were
retrieved from the Alaskan Satellite Facility web portal. The images used
for model training and validation are listed in Tables S1 and S2,
respectively, in the supplementary material. The interferograms were
generated by pairing images with the same flight path, frame, and the
smallest temporal baseline. A 3-arc-second SRTM Digital Elevation
Model (DEM) was utilized to remove the phase distortion caused by
surface topography (the topographic phase) and geocode the final
image. No atmospheric correction was applied to the imagery. All pro-
cessing was done using the InSAR Scientific Computing Environment
(ISCE). In total, 38 interferograms were generated across all wetland
sites for the final training and validation datasets. Satellite revisit times
for the image pairs ranged from 46 days to up to 277 days between
reference and secondary image. Here, the interferograms were analyzed
in the wrapped phase to retain the raw phase information and to avoid
noise arising from unwrapping in areas with many discontinuities
(Oliver-Cabrera et al., 2022).

2.3. Training and validation data of obstruction presence

A reference set of hydrological obstructions was manually delineated
from a visual assessment of the interferograms (See selected image pairs
for training and validation in supplementary material). We classified as
barriers instances where we observe phase discontinuity in the InSAR
image. This discontinuity is caused by different changes in water levels
on either side of the barrier, indicating that these two parts of the
wetland are subject to different hydrological changes. To facilitate
interpretation, the interferogram speckle was smoothed using a median
filter with a 3-pixel kernel size, and each smoothed wrapped phase was
exported as a grayscale image with the values from - π to π and
normalized between 0 and 255. Obstructions were delineated as line
features in ArcGIS and then converted to polygons using 50-m buffers on
each side of the barrier lines. Across the six case study sites, more than
690 distinct obstructions were delineated manually (see Table 1),
amounting to a cumulative length of more than 2100 km. For both the
training and validation datasets, we excluded scenes that did not show
visible barrier patterns, including low-quality images where noise due to
low coherence obscured distinct phase discontinuities, preventing the
manual delineation of barriers, and images lacking visible barriers (a
table with information on excluded scenes can be found in the supple-
mentary material (Table S7), along with figures showing model pre-
dictions on excluded scenes (Fig. S2)). After the initial visual
recognition, the digitized objects were manually filtered to retain only
instances of true phase discontinuities. Fig. 3 shows an example of a
phase discontinuity in the training dataset along line A-C (different
colors on both sides of the line), representing a hydrological barrier
(Fig. 3B) and a continuous phase not considered a hydrological barrier
and hence discarded from the training dataset (Fig. 3C, line A-B; similar
colors on both sides of the line). The final polygons were then converted
to raster layers to match the grayscale interferograms. Before their use as
input to the segmentation model, each pair of reference image and
interferogram was split into tiles of 128 × 128 pixels in size. Finally, the
size of the training dataset was increased through several data
augmentation steps, including stretching, zooming into parts of the

imagery, and reversing the phase values between - π and π. The final
reference dataset consists of 1995 labelled tiles.

2.4. Implementation of the UNet

We employed a supervised segmentation model with a UNet struc-
ture to predict the linear features in the InSAR-wrapped phase inter-
ferogram. We selected a UNet structure because it has been successfully
used to identify linear features in remotely sensed imagery and has
shown good performance with training datasets of limited sizes (Hou
et al., 2021; Yang et al., 2022). The UNet is set in a decoder-encoder
architecture in which the spatial dimensions of the input data are first
decreased through a combination of 3 × 3 convolutional and 2 × 2
MaxPooling layers to extract information about the image structure and
then again increased through up-convolutional layers to create a seg-
mentation mask (Ronneberger et al., 2015). The spatial information is
retained between the decoder and encoder path through skipped con-
nections at each convolutional layer. The model performs a binary
classification on a per-pixel basis to determine the location of the line
features in the input imagery.

We trained the network over 100 epochs with a batch size of 100 and
a dropout rate of 0.06 over the entire training dataset consisting of 22
image pairs over 7 AOIs across 3 sites. The model weights were fitted to
optimize a Binary Cross-entropy loss function (Ruby, 2020) as it pro-
vided higher overall accuracies than Dice loss (Dice, 1945) and Hinge
loss functions (Wu and Liu, 2007). During model training, two metrics
are used to assess overall model performance: the intersection over
union (IOU) measuring the overlap between predicted and reference
masks, and the loss measuring alignment between predictions and
reference masks.

2.5. Model validation

Validation was performed on 16 scenes over four wetland sites (one
VAOI per site) of different wetland types and fragmentation levels (sites
shown in Fig. 2, scenes in supplementary material). Our approach
involved a per-AOI out-of-sample validation due to the geographic
partitioning of the training and validation sets, with only the Everglades
sharing training and validation AOIs. The scenes were first georefer-
enced to align the reference and predicted barriers. Following suggested
practices for the accuracy assessment of remote sensing based image
classification, 1000 control points were distributed across the scenes
using a random stratified sampling of barrier and non-barrier pixels
(Olofsson et al., 2014). Only 800 control points were selected for each
scene in the Atrato due to the limited number of barriers (the distribu-
tion of all ground control points are shown in Fig. S3 to S6 in the sup-
plementary material). The resulting confusion matrices were used to
calculate the performance scores precision, recall, F-score and overall
map accuract (Everingham et al., 2015). The precision indicates the
probability of a sample in the prediction correctly identifying a pixel in a
line feature as follows:

Precision =
True Positives

(True Positives+ False Positives)
(1)

The true positives indicate when the model correctly identifies a
pixel, while the false positives indicate pixels incorrectly identified as

Table 1
Summary of total area, number of scenes, and number of barriers (segments) delineated in the training and validation dataset across the wetland sites.

Training Dataset Validation Dataset

Area (km2) No. Scenes No. Barriers Area (km2) No. Scenes No. Barriers

Everglades (West and North) 4860 9 201 Everglades (East) 2500 9 109
Louisiana 1070 10 245 Pantanos de Centla 1500 3 43
Zapata 3050 3 60 Atrato Floodplain 3220 2 11

Cienagas de Juan Manuel 4900 2 25

C. Hübinger et al.
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edge features by the model. The recall score presents the number of
positive samples correctly identified by the model as

Recall =
True Positives

(True Positives+ False Negatives)
(2)

where the false negatives are the number of pixels missed by the model
in its prediction. The F1 score is calculated as the harmonic mean be-
tween precision and recall:

F1 Score = 2×
Precision× Recall
Precision+ Recall

(3)

The overall accuracy of each prediction map is calculated as:

Overall Accuracy =
True Positives+ True Negatives

(Positives+ Negatives)
(4)

2.6. Temporal analysis of barrier presence in sample study site

We chose the Everglades as a sample study site to assess temporal
dynamics in the presence of barriers and their relation to hydrological
regimes. We calculated the barrier length in km for each scene in the
validation dataset for VAOI1 (scenes pairs shown in table S1 in the
supplementary material) and identified both permanent and conditional
hydrological barriers (Liu et al., 2020) during dry and wet seasons. A
permanent barrier is an area in the AOI showing a phase discontinuity in
interferograms in both the dry and wet seasons, while a conditional
barrier only shows a phase discontinuity in the dry season. The barriers
can be either 1) man-made straight segments, signaling phase discon-
tinuities in space due to a road, an embankment, or a drainage channel,
or 2) not straight and following the occurrence of vegetation types or soil
types on the landscape or the limit of a water body. In the case of 2, we
assume these barriers to be naturally occurring.

3. Results

3.1. Model performance across wetland sites

The Fig. 4 shows two barrier maps spanning the entire Everglades,
depicting the minimum cumulative barrier length at the end of the wet
season (Fig. 2A) and the maximum at the end of the dry season (Fig. 2B).
To capture the entire wetland, a composite image was created using
three separate InSAR images along two flight paths (Fig. 2C). The
fragmentation map was generated by combining barriers from the
reference training dataset with model predictions from a validation
dataset. In the black square, model predictions are presented, while the
remaining barriers were manually delineated. The observed barrier
length more than doubles from the wet season to the dry season,
increasing from 114 km to 288 km, indicating increased fragmentation
during the dry season. Notably, within VAOI1, the north-eastern side of
the Everglades becomes almost entirely disconnected from the south-
eastern side during this period.

During training, the model achieved a maximum IOU of 0.87 and a
minimal loss of 0.01 on the dataset containing scenes from all wetland
sites. When tested with the validation dataset, most performance metrics
indicate that the model performs with similar accuracies across all
wetland sites (see Table 2). Detailed confusion matrices for each site are
provided in the supplementary material. These metrics demonstrate the
robustness of the model across different wetland environments. Overall,
the model attains an average precision of 0.99, a recall of 0.60, an F1
score of 0.74, and a final map accuracy of 80%. The Everglades, Pan-
tanos de Centla, and the Cienagas de Juan Manuel achieve a similar
recall score of 0.62 to 0.64, indicating that at least 35% of the barriers
are not captured by the model. The lowest performance is observed in
the Atrato Floodplains, where the recall score reveals that almost half of
the barrier pixels are not correctly identified. However, the high preci-
sion scores achieved in all wetland sites suggest that although the model

Fig. 3. A) Sample of an unwrapped interferogram over the Everglades from ALOS-1 images captured on 14 January 2008 and 29 February 2008. Transects TAB and
TAC were considered for inclusion in the reference dataset. Candidate barriers of B) Phase value across transect TAC C) Phase values across transect TAB. As no distinct
phase jump pattern can be seen in transect TAB, it is excluded from the dataset, while TAC is included.

C. Hübinger et al.
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may underestimate barrier presence, its predictions are accurate.
To evaluate the strengths and weaknesses of the model, we visually

inspect results over selected tiles across the study areas (Fig. 5). Accurate
predictions are made in areas with high SAR signal coherence and hy-
drological barriers form distinct patterns of phase discontinuity.

In the Everglades, water levels change very gradually over a large
area, resulting in a slow phase change across the landscape (seen in
Fig. 4B in the VAOI 1). Barriers present in this wetland cut across
extensive regions, entirely separating different parts. Fig. 5A illustrates
an area with several barriers that divide surface water both vertically
and horizontally. The different colors on either side of the fringe indicate
that water levels have changed at different rates on the sides of these
barrier. Due to the strong, distinct phase differences caused by the
barriers, they are easily recognized by the model, as shown by the true
positive prediction in Fig. 5B. However, when coherence is lowered,

resulting in a speckled image, uncertainties are introduced (orange
square in Fig. 5A).

In the Pantanos de Centla, open water in the form of small lakes and
channels introduces low coherence patterns into the interferograms,
complicating the prediction and identification of barriers. As a result,
the less distinct appearance of barriers leads to false negative and pos-
itive predictions.(Fig. 5D). Similar patterns can be observed in the Cie-
nagas de Juan Manuel, with two false negative predictions shown in
Fig. 5E and F. In addition, the barriers in both these wetlands are not
linear but may appear discontinuous and bent, further increasing the
difficulty of detection by the model. This discontinuous barrier pattern
and the surrounding phase values indicate that, unlike the barriers
shown in the Everglades (Fig. 5A and B), they do not entirely separate
parts of the wetland. Instead, they locally block surface water flow,
causing the phase discontinuity seen in Fig. 5D. When the barrier ends
and free water flow is restored, the phase gradually evens out, indicating
that the water separation occurred only locally.

Finally, Fig. 5G shows a false positive prediction along an area of
phase change caused by natural water level variations in the Atrato
Floodplains. While the pattern displays a phase discontinuity, it is not
due to a hydrological barrier but rather a phase cycle turnover from -π to
π. This turnover occurs when the water level change exceeds the
wavelength of the radar sensor. As the Atrato Floodplains are a very
dynamic and rainy region, these phase turnover patterns are frequently
observed. However, model prediction errors of this type remain minimal
across the wetland sites.

Fig. 4. Large scale barrier maps for a wet (Panel A; Path 149: October 19, 2009 - January 19, 2010, Path 150: December 21, 2009 - March 23, 2010) and dry (Panel
B; Path 149: April 21, 2010 - June 6, 2010, Path 150: May 8, 2010 - June 23, 2010) period in the Everglades. Panel C shows the flight path and frame ID for the
combined scenes used to produce the barrier map, the individual image frames are shown in red. Drawn in white is a composite of barriers from the reference and
validation dataset. The black square shows the barriers predicted by themodel. Shown in the background is a mosaic of Alos-1 images for the year 2009 (provided by
JAXA). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 2
Validation accuracy scores (precision, recall and F1 score) and number of scenes
included across the four validation sites.

Precision Recall F1
Score

Overall
Accuracy

No.
Scenes

Everglades 0.99 0.63 0.74 0.81 9
Pantanos de

Centla
0.99 0.62 0.77 0.81 3

Atrato 1 0.54 0.70 0.77 2
Juan Manuel 1 0.62 0.76 0.81 2
Mean (across

Scenes) 0.99 0.61 0.75 0.80 16

C. Hübinger et al.
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3.2. Temporal analysis of hydrological barriers

Using the Everglades as our case study, we assessed the occurrence of
hydrological barriers under varying hydrological conditions. To this
end, we evaluated the barrier length from predicted scenes in the vali-
dation dataset into a time series of barrier permeability over multiple
seasons (Fig. 6). The multitemporal analysis of the InSAR imagery over
the Everglades shows that the length of detectable hydrological barriers

varies across the dry and wet seasons.
Variations in water levels throughout the wet and dry seasons result

in the formation of both permanent and conditional barriers within the
wetland, with the conditional barriers obstructing water flow only
during periods of low water levels. Seasons with high barrier presence
are also associated with pools of water entirely isolated from the rest of
the wetland, further fragmenting the wetland habitat. The total length of
hydrological barriers in the Everglades AOI varies seasonally, with the

Fig. 5. Depiction of phase interferogram (row 1), reference barriers (row 2), and model prediction (row 3) across the Everglades (A-B), Pantanos de Centla (C-D),
Cienaga de Juan Manuel (E-F) andthe Atrato Flood Basin (G); with the occurrence of true positive predictions of hydrological barriers (green), false negative pre-
dictions where the model misses part of a barrier (orange), and false positive predictions where the model detects a barrier where none is present in the reference
mask (red). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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wet season seeing a reduction in barrier length by more than half rela-
tive to the end of the dry season (Fig. 6, measurements c & d). Barrier
length derived from images recorded during the dry season 2010 show
increasing barrier length, with a peak at the beginning of the wet season.

3.3. Detection of different types of barriers

An inspection of our results and reference barriers can help us un-
derstand which types of barriers can be captured by the model. Using
optical imagery alongside the interferogram confirms shows how
channels (Fig. 7, column A) and roads (column B) can act as barriers. On
the other hand, natural transitions, such as the change from mangrove to
marsh vegetation in the Cienaga de Zapata (column C), also manifest as
InSAR phase discontinuities and are identified as hydrological barriers

by the model. As such, while the model demonstrates sensitivity to phase
discontinuities, it is limited in discerning whether these arise from
natural land-cover transitions or anthropogenic hydrological barriers.

The absence of a fringe discontinuity in column D suggests that
despite the presence of a road in the optical image, surface water flow
remains unobstructed. Similarly, column E shows an example of a bar-
rier obstructing natural flow detected by InSAR but not seen in optical
imagery due to dense vegetation in the Louisiana wetlands. This un-
derscores the importance of using InSAR rather than optical methods to
accurately identify instances of obstructed water flow.

4. Discussion

Our results show that deep learning models can be applied

Fig. 6. Seasonal variations in the presence of hydrological barriers in AOI 1 in the Everglades across nine InSAR pairs based on model predictions. A) Interferograms
captured over the Everglades with predicted barriers in white and missing reference barriers in dashed red, B) Total length of the predicted barriers in each
interferogram during dry (October–April; white) and wet seasons (May to September; blue) shown in grey dots. The horizontal whiskers indicate the time between
reference and secondary measurements. Length of the barriers in the reference dataset shown as red crosses. (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article.)
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successfully for the automated mapping of hydrological barriers from
interferometric imagery and a training set of manually labelled barriers.
The methodology builds on previous InSAR-based techniques that detect
hydrological barriers by identifying phase discontinuities in interfero-
metric imagery. For instance, Jaramillo et al. (2018) identify several
artificial channels acting as hydrological barriers using manual identi-
fication of these discontinuous patterns in Colombia's Cienaga Grande
de Santa Marta. Expanding on this, Liu et al. (2020) identified barriers as
disconnected fringes along transects. Here, we automate the detection of
these phase discontinuities using a deep learning model trained with a
manually labelled dataset of barriers.

Previous studies detecting hydrological barriers in wetlands utilized
knowledge of local hydrological conditions and their changes over time
to identify impediments to flow (Delgado et al., 2013; Huff and Feagin,
2017). Others employ hydraulic modelling techniques to quantify the
impact of single barriers on hydrological connectivity (Tan et al., 2023),
typically at a single wetland study site, as in Jaramillo et al. (2018) and
Liu et al. (2020). Our automated methodology, however, can predict
hydrological barriers across large areas of different regions and over
time as long as high coherence can be retained in the InSAR images. This
allows for the simultaneous monitoring of wetlands and the capture of
seasonal patterns in the presence of hydrological barriers.

The predicted barriers from InSAR provide a rich data source for
quantitative assessment and modelling of hydrology within wetlands. A
broad-scale inventory of hydrological fragmentation is needed in many
degraded inland and coastal wetlands worldwide and may be enabled by
these InSAR measurements. Despite numerous studies of hydrological
barriers in wetlands and river networks worldwide (Januchowski-
Hartley et al., 2013; Belletti et al., 2020; Grill et al., 2019), the extent of
lateral fragmentation within these environments and between flood-
plains and river systems is not fully documented (Knox et al., 2022;

Steinfeld and Kingsford, 2013). Large-scale assessment of wetland dis-
connectivity is typically done through the encroachment of land uses in
wetlands (Andreadis et al., 2022; Devitt et al., 2023; Fluet-Chouinard
et al., 2023; Rajib et al., 2023) as well as databases of river levees (Ding
et al., 2023) and coastal levees (Enwright et al., 2016). A fully auto-
mated approach utilizing InSAR could provide comprehensive estimates
of hydrological fragmentation and seasonal permeability within wetland
sites to assess the impairment associated with each barrier and target
action to restore connectivity. By applying this method across entire
wetlands and for multiple seasons, fragmentation indices could be
developed for comparison across different sites and regions. In the
future, with a longer record of InSAR pairs, this approach could also help
evaluate the impact of climate oscillations and extreme events on
wetland connectivity.

While the predictions of this first implementation of a barrier
detection algorithm on interferometric imagery differ from the manual
interpretation in some cases, the relatively small training set suggests a
potential for development. The model performs best where coherence
remains high between the two measurements, and tidal sheet flow re-
sults in continuous fringe patterns. As can be seen from both the per-
formance scores and the application of the model in section 3.2, even
though the precision is high, the model underestimates the presence of
barriers by 37 to 46%. These errors are more prevalent in highly dy-
namic environments and areas with lower coherence around the bar-
riers. As such, the model currently has a higher likelihood of performing
well in more controlled environments, with the Everglades showing the
lowest omission rates. As coherence depends on the time difference
between the reference and secondary measurement, using radar images
with shorter temporal baselines could enhance accuracies and increase
the number of scenes that can be used by the model, since a considerable
number of scenes are currently excluded due to noise (Canisius et al.,

Fig. 7. Hydrological barriers observed in case study sites across the Everglades (A, B, and D), the Cienaga de Zapata (C) and the Louisiana wetlands (E). The barriers,
depicted in white, were manually delineated based on phase discontinuities in InSAR imagery. Interferometric images were generated using Alos-1 data, with
reference images recorded on January 14, 2008 (A, B and D), June 11, 2010 (C) and June 28, 2007 (E). Secondary images recorded on February 29, 2008 (A, B and
D), July 27, 2010 (C) and September 28, 2007. Optical imagery was captured using Landsat-5 on October 3, 2009 (A, B and D) and September 20, 2007 (E), and
Planet imagery for site C.
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2019; Mohammadimanesh et al., 2018b). Lastly, it is worth noting that
in this first implementation of the model, all instances where water flow
is obstructed, resulting in a discontinuity of the fringe, are classified as
barriers. Consequently, even natural shifts in wetland land cover may be
identified as obstructions, though their impact on wetland health and
fragmentation may differ from that of man-made barriers.

Increasing and diversifying the training dataset beyond the limited
training data manually delineated from phase discontinuities in the
InSAR images may improve model performance by addressing the cur-
rent limitation of the omission of barriers. In future iterations of the
model, automation of the training dataset generation may be imple-
mented by incorporating augmented predictions from the model back
into the training dataset or by adopting semi- and self-supervised stra-
tegies (Bountos et al., 2022). Similarly, employing a human-in-the-loop
strategy, where a manual annotator performs a final augmentation step
on the model predictions, can utilize existing computing resources while
maintaining high classification accuracies (Cruz et al., 2021). Future
research should explore adding further study sites for the generation of
training data and incorporating additional SAR L-Band data from sen-
sors such as ALOS-2 and SAOCOM (Satélite Argentino de Observación
COn Microondas) to increase dataset sizes. Additionally, with a tem-
poral baseline of 12 days and likely improved coherence between the
measurements, the upcoming SAR L-band mission NISAR (NASA India
Space Research Organization SAR) could be used in future iterations of
this model for this purpose (Kellogg et al., 2020).

5. Conclusion

We present the first fully automated approach for the segmentation
of barriers in wetlands by detection of phase discontinuities in InSAR
imagery. Our Deep Neural Network model correctly identified barriers
of different types; however, performance is affected in some cases by the
coherence of the interferometric imagery.The ability of InSAR data to
detect discontinuity in surface water level allows us to differentiate
which static infrastructure, like roads and channels, acts as hydrological
barriers to the water flow in wetlands and for how long. Furthermore,
the model's ability to detect barriers hidden by vegetation underscores
the significance of interferometric imagery over other methods for
monitoring connectivity in wetlands. A high omission rate remains a
limitation of the model, especially in highly dynamic environments with
lower coherence. The capacity of the deep learning model to predict
barriers across multiple wetland sites makes this methodology well
suited for monitoring hydrological connectivity of wetlands sites glob-
ally to inform conservation and restoration efforts worldwide.
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