Pre prints.org

Article Not peer-reviewed version

Deep Learning-Assisted Mapping of
Wetland Dynamics in the Niger Delta
Using Open-Access Multi-Sensor
Remote Sensing Data

Alex Okiemute Onojeghuo i , Christopher E. Ndehedehe , Ajoke Ruth Onojeghuo

Posted Date: 25 April 2025
doi: 10.20944/preprints202504.2146.v1

Keywords: wetlands; deep learning; Res-UNet; DeeplLabV3; drought; terrestrial water storage; sentinel-1
&2; change detection

Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.



https://sciprofiles.com/profile/2791560
https://sciprofiles.com/profile/1217749
https://sciprofiles.com/profile/517676

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 April 2025 d0i:10.20944/preprints202504.2146.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article

Deep Learning-Assisted Mapping of Wetland
Dynamics in the Niger Delta Using Open-Access
Multi-Sensor Remote Sensing Data

Alex O. Onojeghuo *, Christopher E. Ndehedehe 22 and Ajoke R. Onojeghuo !

Jolexy Environmental Research, Edmonton, Alberta, Canada; a.onojeghuo@gmail.com

School of Environment & Science, Griffith University, Nathan, QLD 4111, Australia; c.ndehedehe@griffith.edu.au
Australian Rivers Institute, Griffith University, Nathan, QLD 4111, Australia

Correspondence: alex.onojeghuo@jolexyenviro.com

x W N =

Abstract: Wetlands play a crucial role in the global hydrological cycle and act as natural buffers that enhance
resilience to extreme climatic events. However, they are increasingly being threatened due to human pressures.
In this study, we assembled a deep learning (DL) framework to document recent changes in wetland dynamics
in the Niger Delta using multi-temporal, multi-sensor satellite data. To achieve this, specific objectives were: (i)
identifying optimal sensor combinations for wetland classification, (ii) evaluating DL model performance, (iii)
performing land use/land cover (LULC) classification across two timeframes (2019/2020 and 2021/2022), and (iv)
analyzing hydrological variability through satellite indicators and comparing with wetland changes. Several
tests were undertaken to determine the best model for wetland mapping using the optimal multi-sensor image
dataset as input in the DL models (Res- UNet and DeepLabV3). The results showed that the Res-UNet model,
combined with the ResNet 152 backbone, outperformed the DeepLabV3 model (with identical backbones) in
segmenting wetlands, achieving high F1 scores and overall accuracy (the F1 scores ranged from 0.83 to 0.91).
Estimates of wetland transition across the landscape were obtained using the optimal DL model outputs as in-
puts for change detection analysis. Results from the change detection analysis revealed that converting dense
vegetation to wetlands was the main driver of wetland gain, while wetland loss primarily emanated from tran-
sitions to dense vegetation. The spatial extent of wetland loss was estimated to be 27,346 hectares, whereas gains
totalled 98,453 hectares. Furthermore, the study established links between hydroclimatic indicators and changes
in wetland, emphasizing the influence of climatic conditions and human activities on wetland expansion. Ulti-
mately, our findings illustrate the potential of advanced remote sensing and deep learning for wetland monitor-
ing and highlight the necessity of informed conservation strategies for fragile ecosystems.

Keywords: wetlands; deep learning; Res-UNet; DeepLabV3; drought; terrestrial water storage; sentinel-1 &2;
change detection

1. Introduction

Wetlands play an irreplaceable role in maintaining the global hydrological cycle, making the
protection of their ecosystem diversity a matter of great significance [1,2]. These globally threatened
habitats are vital to climate change mitigation, biodiversity, and human health [3], contributing di-
rectly and indirectly to the total economic value of the planet [4]. From a biodiversity perspective,
only one percent of the Earth’s surface is covered by freshwater wetlands, yet over 40 percent of the
world’s species reside within them [5]. The Niger Delta region is part of this fragile wetland and
terrestrial ecosystem, facing a diverse range of environmental challenges caused by anthropogenic
factors such as agricultural degradation, oil and gas-related pollution, seismic activities, overexploi-
tation of forest resources, rapid urbanization, and the illegal harvesting of trees for construction [6—
8]. Therefore, policymakers, the government, and key stakeholders need access to information re-
garding the spatial and temporal dynamics associated with these endangered wetland habitats.

Landsat satellite data has been extensively used for wetland and general land use and landcover
(LULC) inventories for change detection analysis, benefiting from its long-term records and broad
coverage [9-13]. However, Landsat’s 30-meter spatial resolution limits its ability to capture smaller

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202504.2146.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 April 2025 d0i:10.20944/preprints202504.2146.v1

2 of 6

wetland areas, and frequent cloud cover in tropical regions like the Niger Delta hinders the acquisi-
tion of cloud-free imagery [14,15]. Issues such as inundation fluctuations, spectral similarity, and
cloud pollution present unique challenges in wetland and LULC mapping in these areas [16]. Addi-
tionally, the 8-16-day temporal resolution of Landsat images restricts observation opportunities. Re-
cent studies highlight the integration of finer spatial resolution 10-meter multi-sensor fusion, such as
Sentinel-1 and Sentinel-2 satellite images, which offer more frequent revisit times (3-5 days) and in-
crease the chances of acquiring cloud-free imagery [16-19]. Combining multi-temporal spaceborne
multi-sensor data (including radar, optical, and elevation data) for large-scale land cover and biomass
mapping emphasizes the effectiveness of this approach for habitat mapping. This integration of S1
and S2 imagery enhances wetland and LULC mapping by addressing limitations associated with
single-use optical imagery and improving the overall quality and frequency of data collection [18,19].
The combination of Sentinel-1/2 time-series imagery and DEM data provides comprehensive datasets
that improve the classification accuracy of different wetland types [20,21].

Several studies have explored the combined use of optical, radar, and topographic information
to map wetlands and other LULC [22-27]. The RF-supervised machine-learning classifier has been
employed in wetland and LULC mapping on national and regional scales [28-30]. Past studies have
utilized RF feature importance selection to enhance LULC classification accuracy by combining S1
SAR, S2 optical, and DEM elevation data [20,31,32]. Considering the heterogeneous nature of wet-
lands in the Niger Delta [33] and the difficulties associated with spectral similarities, the role of fea-
ture selection is crucial in improving the performance of machine-learning approaches [34]. Hence,
effective feature selection is essential for image classification. It optimizes the model’s computational
efficiency by removing redundant variables from the modelling process while ensuring classification
accuracy. Using cloud computing platforms such as GEE, DL models (such as DeepLabV3 and Res-
UNet) can process large amounts of multi-source data, making this combination a scalable and effi-
cient approach [20].

Deep learning models, such as convolutional neural networks (CNNs), have been effectively
utilized to create accurate wetland and land use and land cover (LULC) map products [35-46]. CNNs
can learn complex image patterns and often outperform shallow learning algorithms like random
forests in remote sensing applications [21,39,47]. Studies have shown that integrating multi-temporal
radar and optical data significantly enhances model performance [22-27]. For instance, modified U-
Net models have outperformed other models in land cover classification tasks. Exploiting deep learn-
ing techniques like Res-UNet [21,40,41,44,46-49], CNN [35,37], and DeepLabV3 segmentation model
[45,50] for LULC mapping has shown great promise. Although limited studies are focusing on deep
learning techniques for wetland and LULC mapping in the Niger Delta due to limited ground train-
ing data and cloud-free imagery, the potential for managing these fragile ecosystems globally
through multi-source satellite data analysis is immense.

Both surface and sub-surface water dynamics, including factors such as rainfall, river inflows,
and groundwater, typically influence wetland hydrology [51,52]. In humid coastal regions, high rain-
fall and variations in drought intensity and frequency can significantly impact wetland water levels,
leading to seasonal changes in inundation and spatial distribution. Dyring, et al. [53] explored the
ecohydrological process in coastal groundwater-dependent ecosystems, such as wetlands, and how
these are affected by climate change. Similarly, Tiner [54] evaluated the hydrology of wetlands with
emphasis on the influence of tide, local weather conditions, and river discharge on wetland water
levels. More concerns include rising temperatures and shifting precipitation patterns, further disturb-
ing wetland hydrological balance. In the Niger Delta region, which is characterised by large lowland
forest and highly productive freshwater swamps, the cumulative effects of human interference have
heavily impacted wetland hydrology and distribution [55,56]. With advancements in hydrological
monitoring, such as remote sensing and ground-based measurements, access to essential data for
understanding these water cycles and assessing the effects of natural and anthropogenic changes on
wetland ecosystems is now possible. By exploring the use of satellite-based water budget indicators
(such as evapotranspiration, precipitation, drought conditions and terrestrial water storage), it’s pos-
sible to evaluate the relationship between wetland dynamics and hydrology. There are limited stud-
ies that have investigated this component of the study for the Niger Delta region.

The overall aim of the study is to enhance the mapping of wetland changes in the Niger Delta
using multi-temporal and multi-senor data as inputs in shallow and deep learning models developed
for the region. Additionally, a critical connection between hydrological variability and the
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productivity of wetlands (in terms of their distribution in time and space) was established using sat-

ellite-based climatic indicators. The following are the four main objectives:

1. evaluate the optimal combination of Sentinel 1 radar, Sentinel 2 optical, and topographic varia-
bles most suitable for wetland classification in the study area.

2. develop a workflow that utilizes the optimal multi-sensor combination as input to evaluate the
performance of two deep learning models (Res-UNet and DeepLabV3) and a random forest clas-
sifier.

3. use the optimal model identified in objective (ii) to perform a LULC classification of two time
periods (2019/2020 and 2021/2022) and a change detection analysis to understand the wetland
dynamics across the study area.

4. perform an integrated analysis using satellite-based water budget indicators (such as evapotran-
spiration, precipitation, drought conditions, and water storage) to understand better the region’s
hydroclimatic variability and its relationship with wetland change in the Niger Delta region.

2. Materials and Methods
2.1. Study Site

The Niger Delta is situated in the southwestern part of Nigeria. It comprises nine states: Ondo,
Edo, Delta, Bayelsa, Rivers, Imo, Abia, Akwa Ibom, and Cross River (Figure 1). Geographically, the
region is bounded between longitudes 7° 45" 0.9” and 9° 28’ 2.79” and latitudes 4° 16' 23” and 4° 22’
34”. The Niger Delta, like the rest of the country, has two alternating dry (January to March) and wet
(April to September) seasons. The region’s average annual rainfall is between 2000 and 4021 millime-
tres [57], with the peak of the wet season occurring between June and September and dryer months
starting in August every year. The main dry season begins in December and lasts until March. The
temperature in the region remains relatively constant throughout the year, with an average temper-
ature of approximately 27°C and minimal seasonal variation. Due to the proximity to the Atlantic
Ocean, the Niger Delta region is characterized by high surface humidity (estimated to fall below 75%)
and increases further inland [28,58].
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Figure 1. Map of study area showing the states (sub-regions) of the Niger Delta region, southwest of Nigeria.
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The region is dominated by lowland rainforest, freshwater swamps, mangrove forest, salt
marsh, and tidal mudflats along the shorelines [7,28] and is known to have a diverse range of flora
and fauna, including rare species in critical habitats [7,55]. However, high levels of environmental
pollution resulting from oil and gas-related activities, high pressures from urbanization and indus-
trialization, uncontrolled farming practices, and industrial activities (such as mining) have resulted
in devastating environmental problems such as wetland degradation and deforestation [9,55,59,60].

2.2. Inventory of Satellite Data Explored for Wetland Mapping

Due to the challenges associated with acquiring cloud-free optical imagery over the Niger Delta
region, a multi-temporal and multi-sensor approach was adopted in this study. For the optical satel-
lite images, only image scenes captured during the dry season (January to March) over multiple years
were used in the analysis to avoid issues with cloud coverage. To ensure consistency was maintained
for the radar datasets sourced from the S1 SAR sensors, a similar time frame was adopted for both
the dry season and the radar data acquired in the wet season (i.e., the primary wet months and the
late wet months).

In addition to the Sentinel satellite SAR and optical imagery, the Advanced Land Observing
Satellite (ALOS) Digital Elevation (DEM) model covering the Niger Delta region was sourced from
the GEE cloud computing platform. This section of the paper provides details of the satellite images
used in the study. Appendix S.1 in the Supplementary Information presents the GEE codes for the
Sentinel-1 and -2 image collection and global precipitation data used in the study.

2.2.1. Sentinel-2 Multispectral Imagery

All the 52 imagery used for this study was sourced from the GEE cloud-computing platform and
within the same time frame as the 51 imagery. The time intervals adopted for the study captured the
dry season months (January to March), the start of the wet season months (April to July), and the end
of the wet season months (September to November). However, due to dense cloud cover during the
wet months due to heavy rains, the S2 images used for the study were those captured during the dry
months for 2019-2020 (later referred to as 2019/20) and 2020-2021 (later referred to as 2020/21). The
52 image collection was filtered using cloud scenes with a “cloudy pixel percentage” threshold of
40%. Furthermore, the GEE platform incorporated a function for cloud masking and indices calcula-
tion into the code. All the S2 bands needed to generate the optical indices were reduced using the
median reducer function available on the GEE platform. As part of the GEE code, a function to cal-
culate all the S2 optical indices evaluated in this study was included (see Table 1).

Table 1. Sentinel-1, Sentinel-2, and ALOS DEM elevation data explored in the study (Where VH: Vertical trans-
mit and horizontal receive polarization, VV: Vertical transmit and vertical receive polarization, dry: January to
March; wet: April to July, late wet months: September to November, ANI: Normalization index seasonal differ-
ence (dry minus wet months), ARI: Ratio index seasonal difference (dry minus wet months), B: Band, B2: Blue
band, B3: Green band, B4: Red band, B5: red edge-1 band, B8: near-infrared band, B11: shortwave infra-red-1
band, and B12: shortwave infra-red-2 band, NDVI: Normalized Difference Vegetation Index, NDWI: Normal-
ized Difference Water Index, EVI: Enhanced Vegetation Index, SAVI: Soil Adjusted Vegetation Index (where L
is the correction factor, and ranges between 0 and 1, a value of 0.5 was used in the study), SWI: Sentinel-2 Water
Index, CMRI: Combined Mangrove Recognition Index, ALOS: Advanced Land Observing Satellite, DEM: Digital
Elevation Model, and TWI: Topographic Wetness Index (where A is the upslope contributing area, and f3 is the
local slope angle)).

Satellite Sensor Channels / Bands Calculated indices
Normalization index (NI) = - —VV)
ormalization index (NI) = WH V)
Dual polarization channels: (for dry, wet, and late wetlz}onths)
Sentinel-1 SAR data VVary | VViwet | VViate-wet Ratio index (RI) = VH

VHary | VHuet | VHiatewet (for dry, wet, and late wet months)

A NI'= Nlary = Nlwet
ARI= RIdry — Rlwet

NDVI = (B8 — B4)
Sentinel-2 optical Selected bands: ~ (B8 +B4)
data B2, B3, B4, B5, B8, B11, and B12. NDWI = (B3 — B8)

(B3 + B8)
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CEVI = 2.5 « ((Bs —B4) /((B8+6+B4) —7.5%B2) + 1)

GDVI = (BS — B2)
savi= 28— B% (1+1L)
= *
BS+B4+1L
yy — B5=B1D)
~ (B5+ B11)
CMRI = (NDVI — NDWI)

The NDVI [61] is a widely used vegetation health indicator and has been used in numerous
wetland mapping studies. The combination of optical indices (such as NDVI and NDWI), the NIR,
and SWIR bands are some standard input variables that have been shown to be valuable in land cover
and wetland classification studies [62]. The SAVI, developed by Huete [63], accounts for the differ-
ential between red and NIR extinction through the vegetation canopy. It's known to minimize the
effects of soil brightness, making it a valuable input variable for wetland mapping. The CMRI utilizes
information in the red, green, and NIR bands of the Sentinel-2 optical datasets. This optical index
incorporates outputs from NDVI and NDWI indices to discriminate mangrove vegetation from non-
mangrove by utilizing information related to greenness and water content (succulence) [64,65].

2.2.2. Sentinel-1 SAR Imagery

The S1 satellite SAR data used for the study were ground-range detected imagery captured in
the vertical-horizontal (VH) and vertical-vertical (VV) dual-polarimetric Wide Swath mode. The
study explored all available VV and VH dual-polarization channels acquired in the ascending and
descending modes that overlapped the study area. These S1 images were sourced from the GEE cloud
repository. The SAR images available on GEE were pre-processed using the Sentinel-1 Toolbox,
which included steps such as thermal noise removal, radiometric calibration, and terrain correction.
For this study, the S1 data were captured during the dry season months (January to March), the start
of the wet season months (April to July), and the end of the wet season months (September to No-
vember) in 2019/20 and 2021/22. This was necessary to generate false-colour composites that would
be used for visual interpretation and as inputs for the modelling component.

This study explored several S1 SAR-derived indices, including the seasonal normalized differ-
ence, ratio indices, and seasonal differences of selected SAR variables. Table 1 describes the S1 chan-
nels explored and the calculated indices.

2.2.3. ALOS DSM Elevation Data

For this study, the ALOS World 3D-30 m (AW3D30) asset available on the GEE cloud-compu-
ting platform was used as the source of topographic elevation data. The elevation dataset has a hori-
zontal resolution of 30 metres and is based on the DSM dataset (5-meter mesh version) of the World
3D Topographic Data [66-70].

To ensure the ALOS DEM was usable, the 30-meter dataset was resampled to 10 metres using a
bicubic interpolation technique to ensure proper grid overlap with the S1 and S2 imagery. Subse-
quently, the resampled grid was used to calculate the topographic wetness index (TWI). The TWTI is
a reliable proxy for relative soil moisture and shows levels of water accumulation in the earth’s to-
pography [71]. Table 1 shows the equation for calculating the TWI.

2.2.4. Standardized Precipitation Evapotranspiration Index

The areas under drought were identified based on the 12-month cumulated time series of stand-
ardized precipitation evapotranspiration index (SPEI) data [72], which is publicly available
(https://spei.csic.es/database.html). The SPEI is a multi-scalar biophysical indicator incorporating
land surface conditions (e.g., evapotranspiration), providing a framework for understanding drought
impacts and their cascading effects on hydrological systems [73]. The 12-month accumulation period
was chosen for this study because it allows for capturing the impacts of drought on hydrological
stores (e.g., soil moisture) and wetlands. Given that the Niger Delta region is typically wet, we define
drought conditions as occurring when the drought index is consistently negative and reaches a value
of -0.8. This threshold supports the characterization of hydrological drought, where decreased pre-
cipitation affects wetland productivity and was similar to the approach used in Cumbie-Ward and
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Boyles [74]. For this study, the different drought categories used for the SPEI and the Standardized
Precipitation Index (SPI), later discussed in this section, were based on a modified version of the U.S.
Drought Monitor (USDM) [75], which was more representative of local drought conditions in the
Niger Delta. Table 2 presents the drought classification categories used in the study.

Table 2. Drought and flood classification based on Standardized Precipitation Evapotranspiration Index (SPEI)
and Standardized Precipitation Index (SPI) values used in study.

Category Range for SPEI and SPI
Extreme Drought -3.6to-1.6
Severe Drought -1.6to-1.3
Moderate Drought -1.3t0-0.8
Mild Drought -0.8to-0.5
Near Normal -0.5t00.5
Mildly Wet 0.5t00.8
Moderately Wet 0.8t01.3
Severely Wet 1.3t0 1.6
Extremely Wet 1.6to3

2.2.5. Terrestrial Water Storage

The change in terrestrial water storage (TWS) is the sum of soil moisture, surface water, ground-
water, and canopy or wetland storage, based on gridded mascon monthly global water storage/height
anomalies relative to a time-mean (RL06.1Mv03), derived from GRACE/GRACE-FO. These data are
provided in a single netCDF file, with water storage/height anomalies expressed in equivalent water
thickness units (cm). RL06.1Mv03 is an updated version of the previous Tellus JPL Mascon
RLO6MvO02. Further processing details can be found in Watkins, et al. [76] and Wiese, et al. [77].

2.2.6. Precipitation Data

The precipitation data is based on the Climate Hazards Center InfraRed Precipitation with Sta-
tion data (CHIRPS) [78]. This dataset provides over 30 years of quasi-global rainfall data, combining
0.05° spatial resolution satellite imagery with in-situ station data to create gridded rainfall time series
for trend analysis and seasonal drought monitoring. West Africa is one of the regions in the world
where in-situ monitoring of rainfall and fluxes is limited. The CHIRPS data is a suitable and readily
available rainfall product that enables the assessment of hydrological conditions in this region.

2.2.7. Standardized Precipitation Index

In addition to the SPEI drought a finer resolution product to visually understand the trends of
drought severity was explored using the 12-month Standardized Precipitation Index (SPI-12),
drought indicator. The SPI drought index developed by McKee, et al. [79] is widely used to assess
metrological drought conditions. This drought index is versatile and capable of assessing precipita-
tion-based measures for different timescale (short and long term) and has demonstrated to be an
effective measure of metrological drought [80-82]. Short-term SPI is closely related to soil moisture,
while the long-term SPI can be related to groundwater and reservoir storage.

Obtaining fine spatiotemporal and reliable precipitation data required to accurately detect ex-
treme precipitation and drought conditions is necessary in studies like this Niger Delta based study.
Based on similar techniques as adopted by Yu, et al. [83], we employed the use of the Global Precip-
itation Measurements (GPM) mission joint operated by the National Aeronautics Space Administra-
tion (NASA) and the Japan Aerospace Exploration Agency (JAXA) global precipitation dataset at
high spatiotemporal resolution [84].

For this study, the GEE cloud-computing platform was used to source the GPM precipitation
data. The GEE image collection (ee.ImageCollection("NASA/GPM_L3/IMERG_V07”) with a date range
of January 2001 to December 2022 was downloaded for the ND. Considering the ND is predominant
covered by wetlands and tropical forest, all of which are heavily dependent on water no precipitation
mask was employed in this study. The long-term time series GPM precipitation data was down-
loaded and subsequently used to generate the SPI-12 measure for the study area. In this study, the
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SPI-12 was calculated using the SPI library in R. The “spi” library in R was designed for calculating
the SPI, which is a key tool for analyzing and assessing drought conditions over several time scales
(e.g., 1-3 months and 12 months). The raw precipitation data was fitted to a gamma distribution and
then transformed to a normal distribution. The SPI was obtained by converting the frequencies of
precipitation records into quantiles that correspond to the standard normal distribution as demon-
strated by Yu, Leng and Python [83]. In this study, a 12-month timescale was adopted and used to
generate yearly mean and quarterly plots for the study area from 2019 to 2022. The quarterly maps
(January to March, April to June, July to September, and October to December) were used to visualize
the spatial patterns of average annual total precipitation. The Supplementary Information contains
the link to the GEE for the GPM precipitation data used to calculate the SPI-12 measure.

2.3. Description of Classification Scheme

For this study, the land cover classification scheme used was in a similar format to the Food and
Agriculture Organization’s (FAO’s) hierarchical Land Cover Classification System (LCCS) scheme
[85] and similar studies [86,87]. The classification scheme employed in this study comprises the fol-
lowing classes: water, dense vegetation, wetlands, croplands, bare ground, and rangeland. Table 3
describes the land-use/land-cover (LULC) labels used in this study.

Table 3. Description of landcover class labels adopted in the study.

FAO /ESRI Class La-

bel Study Class Label Sample Description

These are areas predominantly covered by water throughout the year;
they do not contain sparse vegetation, rock outcrops, or built-up features.
Examples include rivers, lakes, ponds, oceans, and flooded salt plains.

Water Water

These are dense vegetation areas, with heights of approximately 15 feet
or higher and mostly closed or dense canopies. This land cover class en-
compasses dense or tall swamps and mangroves with temporary water or
a canopy that is too thick to detect water underneath, as well as wooded
vegetation and plantations.

Dense Vegetation or

Trees
Forested areas

Areas of any vegetation type with water intermixing for most of the year
include seasonally flooded areas, characterized by a mixture of grass,
shrubs, trees, and bare ground. Examples of this class are flooded man-
groves and emergent vegetation.

Flooded vegetation Wetlands

Agricultural croplands in the study area include fallow plots of struc-

Crops Croplands tured land, plantations, and fallow farmlands.

These are human-made structures, such as dense villages, towns, or cit-
ies, major roads and rail networks, and homogeneous impervious sur-
faces (e.g., office buildings and residential housing).

Built Area Developed Areas

Rocky or bare soil areas with very sparse vegetation cover for the entire

year. These areas are predominantly large expanses of land with limited

or no vegetation cover. Examples in the region include exposed rocks or
soil, mine sites, dried lake beds or dry salt flats.

Bare ground Bare ground
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These are open areas predominantly covered in homogeneous grasses
with relatively short vegetation. This class also consists of small or single-
plant clusters dispersed across large landscapes, with exposed soil or
rock elements. Examples of this class include scrub-filled clearings within
dense forests, moderate to sparse bush cover, savannas with sparse
grasses, trees or other plants, and shrubs.

Rangeland Rangeland

2.4. Remote Sensing Ancillary Datasets

A significant limitation of working in the Niger Delta region is the lack of access to reliable
ground validation and training data. To address this challenge, open-access thematic layers, results
from already published works focused on the region, existing global wetland products such as the
global wetlands map product produced by the Sustainable Wetlands Adaptation and Mitigation Pro-
gram [64], visual interpretation of available medium to high-resolution satellite imagery made avail-
able through platforms like Google Earth Pro, ESRI ArcPro basemaps, and false colour composites of
the S1 and S2 images were explored. In addition to these open-access data sources, the ESRI-devel-
oped 52 10m Land Use/ Land Cover time series product was explored while developing a database
of reference class labels used in building the shallow and deep learning models evaluated in this
study (Karra et al., 2021; ESRI, 2022). This product was built using deep learning AI models and
trained using billions of human-labelled image pixels [86-88]. Benhammou, Alcaraz-Segura,
Guirado, Khaldi, Achchab, Herrera and Tabik [86] describe the data source explored for training the
model and the methodology employed in generating the 10-meter S2 global land use/land cover
product.

2.5. Methods

Figure 2 presents this study’s workflow for wetland mapping and change detection analysis.
This workflow is outlined in five main steps, beginning with acquiring and preprocessing multi-
source satellite data in Google Earth Engine (GEE). This cloud-based computing platform served as
the source for already preprocessed and ready-to-use image collection for the S1 SAR, S2 optical, and
DEM elevation data.
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Figure 2. Adopted workflow for mapping wetland change in the study area. The steps employed are highlighted
in the six green headings (i.e., steps 1 to 6). Each section outlines the input data, primary output data, secondary
output and tools employed.

2.5.1. Extraction and Selection of Features for Modelling

The input features explored for the shallow and deep learning experiments were sourced from
the multi-sensor information sources outlined in Figure 2 and Section 2.2 of this paper. These SAR,
optical, and topographic features were inputs in a variable importance test using the RF classification
algorithm. The RF model variable importance assigns scores for a feature’s contribution to the
model’s performance. It entails calculating the mean decrease in impurity (MDI) and assigning higher
scores to the most critical variables for making predictions and lower scores to the least important

variables [89].

2.5.2. Building Class Labels for Eetland and LULC Modelling

The building of class labels used as input data for training, testing, and validating the developed
shallow and deep learning models was based on the variability of land cover classes and the distri-
bution of soil types across the study area. For this step, the harmonized world soil database version
2.0 (HWSD v2.0) [90] was employed for this study. The HWSD v2 dataset provides a global soil in-
ventory that provides insights into soil properties such as their chemistry, morphology, and physical
characteristics [91]. Figure 3 shows the HWSD layer used to determine the spatial distribution of the
training and testing areas of interest used in developing the shallow and deep learning models for
the Niger Delta region.
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Figure 3. Map of the Niger Delta showing the harmonized world soil database and the training and testing areas
of interest used for training and validating the shallow and deep learning models developed in the study.

Based on these two criteria, sample areas of interest that met the required conditions were dig-
itized as polygon extents and used to clip the ESRI-developed S2 10m LULC time series product. The
clipped areas were used as input data for training, testing and validating the shallow and deep learn-
ing models evaluated in the study.

Using the defined sample outlines, based on the soil type and land-use criteria, stratified random
sampling [92] was adopted to generate ground validation data for training the RF and DL models.
Considering the challenges of getting accurate ground truth and validation data in the study area,
selected areas (Figure 3) within the identified polygon extents defined using the soil properties served
as a practical solution to selecting and generating the required ground validation points. Fig. S1 in
the Supplementary Information presents the spatial distribution of training and validation data
points used for the RF experiments performed in this study. Table 4 provides an inventory of the
training labels for the RF models.

Table 4. Inventory of training and validation data used for developing the random forest model.

Class value Class name Count
1 Rangeland 1000
2 Wetlands 400
3 Croplands 485
4 Dense Vegetation 675
5 Bare ground 106
6 Developed Area 751
7 Water 515

2.5.3. Hyperparameter Optimization for Developed Models

2.5.3.1. Random Forest Hyperparameter Optimization

This study used the cloud-based RF algorithm available on GEE to classify the multi-sensor im-
age composite. The “Classifier” package on GEE handles supervised image classifications, including
“RandomForest.” The hyperparameter optimization significantly improves the model’s performance.
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For this task, a subset of the optimal multi-sensor imagery, comprising 10 image layers (as described
in Section 3.1, results of the variable importance test) for the 2019/20 time interval, was used as input
for the hyperparameter optimization test of the RF model. The results of this test were applied to the
2021/22 multi-sensor image composite. The RF hyperparameters employed in this study are as fol-
lows:

e numberOfTrees: This parameter refers to the number of trees used in the RF model. Increasing
the number of trees can significantly improve the classification accuracy of the RF model as it
captures more patterns in the input data. However, this is computationally demanding, result-
ing in greater processing time. After performing the hyperparameter optimization tests, the
number of trees for used for classifying the 2019/20 and 2021/22 optimal multi-source collection
was 100. The evaluated number of trees used for the hyperparameter evaluation was 50, 100,
and 200.

*  wvariablesPerSplit: The variables per split parameter specifies the number of variables (or features)
to consider at each split of the RF tree. By limiting the number of variables considered at each
split, this parameter introduces some degree of randomness to the model. It increases the diver-
sity among the trees, improving the RF model’s robustness and performance. The evaluated
variables per split were 2, 5, and 10. Following the GridSearchCV scikit-learn hyperparameter
test, the results indicated that 2 was the best variable per split for an optimal RF model perfor-
mance.

*  bagFraction: This parameter specifies the fraction of the input data to employ for each tree when
sampling with replacements (i.e., bootstrapping). Employing a fraction of the data for each tree
introduces a degree of randomness, which improves the RF model’s generalization level. It also
reduces overfitting by ensuring each tree has access to different subsets of the data, resulting in
a more robust model. For both RF classifications (2019/20 and 2021/22), the GEE bag fraction
default value of 0.5 was used.

*  minLeafPopulation: The “minLeafPopulation” parameter is used in decision tree-based classifiers
like RF in the GEE cloud-computing platform. It specifies the minimum number of samples re-
quired at a leaf node and controls the smallest size of the terminal node in the tree. After several
tests of the hyperparameters, the minimum leaf population variable was set to 1 to classify the
2019/20 and 2021/22 multi-sensor image composites. The multi-sensor image composite was
based on input variables that were determined to be the most important in implementing the RF
model, as identified through the variable importance test.

2.5.3.2. Res-UNet and DeepLabV3 models hyperparameter optimization

Hyperparameter optimization is crucial in training DL models for wetland and LULC segmen-
tation. Yu and Zhu [93] provides a comprehensive review of hyperparameter optimization algo-
rithms and applications to DL models such as DeepLabV3 and Res-UNet.

For this study, we explored using the same hyperparameters to allow for accurate comparison
during the accuracy assessment of generated models. The hyperparameter optimization was based
on the training data specific to each year considered in the study. The key hyperparameters consid-
ered for optimization are as follows:

Learning rates: The learning rate determines the step size at each iteration as the model moves
towards a minimum of the loss function. It dictates the speed at which a deep learning (DL) model
learns and is crucial for obtaining the best results. Table 5 outlines the minimum and maximum learn-
ing rates explored for the DL models implemented in this study.

*  Batch sizes: The batch size refers to the number of training samples used in one iteration of the
DL model. For this study, the number of image tiles processed in each model interface step can
be described. The batch size adopted for all the DL models generated in this study was 8.

*  Number of epochs: A value of 20 was selected and applied to all the generated models for this
study. Considering the complexity and size of the multi-source data, a larger number of epochs
would be recommended for future applications. This conservative value was selected to manage
the computational power available during the study’s implementation. The model’s
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performance was evaluated on a validation dataset comprising approximately 10% of the input
chips and labels used for training the DL model.

*  Data augmentation parameters: These parameters refer to techniques for enhancing the input
data required to train the DL model. Techniques such as rotation, scaling, overlapping, and flip-
ping are used to artificially expand the volume of training data artificially, thereby improving
model generalization. The training data are generated using the input multi-sensor image da-
taset and class labels representing the target landcover classes to be predicted. The tile sizes are
the dimensions of the image chips generated during the extraction of training data for predic-
tion. The tile sizes adopted in this study were 256 x 256 pixels (i.e., 2560m x 2560m). The padding,
which represents the number of pixels at the image’s border from which predictions are blended
for adjacent tiles, was set to 64. This approach reduces artifacts at the edges and smoothens the
generated output. For all the DL models evaluated, the “predict background” and “test time
augmentation” parameters were specified as false. The “predict background” parameter was set
to false. It specifies whether the background class was classified during prediction. The final
criterion, test time augmentation, was set to false for all the DL experiments conducted in this
study. When test time augmentation is set to true, it merges the predictions of rotated or flipped
variants of the input images into the final output.

*  Backbone selection: The selection and fine-tuning of backbone architecture are crucial in DL
modelling as they impact the model’s overall performance. The selection of a suitable backbone
depends on the complexity of the input data, computational needs, and required performance.
For this study, the ResNet backbone was selected. The Res-UNet and DeepLabV3 models com-
bined with ResNet-34, -50, and -152 architectures were evaluated. The validation loss monitor
metric was set to validation loss for all the DL experiments. When the validation loss does not
change significantly, the model stops. Figs. S4 and S5 show the training and validation loss
graphs for the DL models evaluated in the study (see Supplementary Information).

Table 5. A list of learning rate parameters for deep learning models developed in the study.

P ine ti
Period Model Backbone Learning rate (min) Learning rate (min) rocessing time

(hrs)
ResNet34 2.512E-06 0.0000251 5.0
Res-UNet ResNet50 3.311E-05 0.0003311 14.3
ResNet152 5.248E-06 0.0000525 35.2
201572020 ResNet34 2.089E-04 0.0020893 3.3
DeepLabV3 ResNet50 1.738E-04 0.0017378 5.0
ResNet152 3.631E-04 0.0036080 34.0
ResNet34 7.586E-06 0.0000759 4.0
Res-UNet ResNet50 4.365E-06 0.0000437 31.6
ResNet152 2.754E-05 0.0002754 33.2
202172022 ResNet34 7.586E-04 0.0075858 3.6
DeepLabV3 ResNet50 1.097E-03 0.0109650 44
ResNet152 2.512E-04 0.0025119 5.0

2.5.4. Wetland and LULC Classification and Segmentation

For this study, we evaluated the RF SL model and two deep learning (DL) segmentation models,
the Res-UNet and DeepLabV3 models, which share a similar ResNet backbone. This section describes
the SL and DL models evaluated in the study. This section of the manuscript focuses on the steps for
building the RF classification model and developing the deep learning segmentation models, specif-
ically the Res-UNet and DeepLabV3, which share similar backbone architectures (ResNet34, 50, and
152, respectively). This section of the paper outlines the modelling steps and parameters used, while
Section 2.6.5 presents the accuracy metrics employed in the study.
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2.5.4.1. Random Forest Machine Learning Model

The RF classifier model, a non-parametric “ensemble” model, was explored in this study to as-
certain the best input variables to explore for landcover classification in the Niger Delta. It utilizes
multiple decision trees (DT) in its classification process and is an effective tool for land cover classi-
fication studies. The RF algorithm classifies target features by constructing multiple bootstrapped
and uncorrelated DTs. These DTs are singular bootstraps that split each node into the Gini criterion.
In the context of remote sensing applications, the DTs with the majority vote are assigned a label
[29,94]. The GEE REF classifier (‘ee.Classifier.smileRandomForest’) was used in this study to identify the
input variables that perform best in the LULC classification and subsequent classification of the op-
timal multi-sensor variables. The RF-based variable importance was used to identify the multi-sensor
variables that show potential or value in accurately classifying LULC. After several trials, the follow-
ing parameters were selected for the RF classifier: 100 decision trees were used, and five variables
were selected per split. A total of 3932 samples, with classes consistent for both years analyzed in the
study, were employed for the RF classification, with 80% assigned to training and 20% to validation
(Table 3, Fig. S1 in the Supplementary Information).

2.5.4.2. Res-UNet Deep Learning Model

The Res-UNet deep learning model is a 34-layer CNN pre-trained on the ImageNet dataset,
which contains over 100,000 images across various classes designed for semantic segmentation of
remotely sensed data. It merges the UNet architecture with residual connections, effectively captur-
ing local and global features. The backbone of the Res-UNet comprises 33 convolutional layers, a 3 x
3 maximum pooling layer, an average pooling layer, and a fully connected layer [95]. The Res-UNet
utilizes the UNet architecture as its backbone, featuring an encoder and decoder structure [96]. The
residual connections mitigate the effects of vanishing gradient problems, allowing the model to learn
more complex features, such as those found in multi-source image datasets. The Pyramid Scene Pars-
ing Pooling technique captures contextual information at various scales, thereby enhancing the
model’s ability to segment objects of different sizes.

2.5.4.3. DeepLabV3 Deep Learning Model

The DeepLabV3 DL is a fully conventional neural network (FCN) model for semantic segmen-
tation. When used for semantic segmentation, a significant challenge of the FCN model is that the
input features to the model become smaller as they pass through the network’s convolutional and
pooling layers. This results in the loss of information on the input images and outputs, leading to
low-resolution predictions and fuzzy object boundaries. To address this limitation, the DeepLab
model utilizes the Atrous convolutions and Atrous Spatial Pyramid Pooling (ASPP) modules [97,98].
The architecture of the DeepLab model has since evolved, and the version used for this study was
the DeepLabV3.

The architecture of the DeepLabV3 model comprises the following: feature extraction utilizing
backbone networks such as ResNet, VGG, or DenseNet. For this study, the ResNet backbone was
used. It employs the use of atrous convolution in a few blocks of the backbone to control the size of
the feature map, an ASPP network to classify each pixel to their respective classes, and the passing
of generated output of the ASPP network through a 1 x 1 convolution to obtain the size of the final
segmented mask for the image. Several studies have explored the use of the DeepLabV3 DL model
for classifying medium and high spatial resolution satellite imagery [45,46,50,99,100].

2.5.4.4. Deep Learning —Data Preparation and Segmentation Parameters

Preparing input data to develop and fine-tune the model is a crucial component of the deep
learning (DL) workflow. Based on the RF variable importance test results, the optimal multi-sensor
image dataset and training data were utilized to generate multiple image and label chips necessary
for developing the ResU-Net and DeepLabV3 DL models. The training data used for both DL seg-
mentation models were generated using the ArcGIS Pro geoprocessing tool named “Export Training
data tool.” It's well-known that deep learning (DL) models require large volumes of training data for
predictions to accurately represent the mapped land use/land cover (LULC) classes. Hence, a more
extensive spatial representation of the target landcover classes was generated for the DL modelling
component (Fig. S2 and Fig. S3 in the Supplementary Information). Table S1 in the Supplementary
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Information presents a summary statistic of the exported training data analyzed in this study for DL
models based on the two time periods examined (2019/20 and 2021/22, respectively).

This study employed the “Classify Pixels Using Deep Learning” geoprocessing tool in ArcGIS Pro
to classify images. The classification parameters used for the DL models developed in this study in-
cluded the batch size, padding, predicted background test time augmentation, and tile size. For this
study, all the DL models evaluated had a batch size of 4 and tile sizes of 256 pixels. The batch size
refers to the number of image tiles processed in each model interface step. The tile sizes are the di-
mensions of the image chips generated during the extraction of training data for prediction. Addi-
tional details of the DL parameters are provided in Section 2.6.4.2, which focuses on the hyperparam-
eter optimization of the Res-UNet and DeepLabV3 DL models.

2.5.5. Accuracy Assessment of Wetland and LULC Predictions

The statistical measures used to evaluate the LULC products are a combination of the F1 score,
overall accuracy (OA), producer’s accuracy (PA), and user’s accuracy (UA). The F1 score ranges from
0to 1, with 0 representing the worst score and 1 representing the best. The F1-score is calculated using
this formula: F1 =2 * (precision * recall) / (precision + recall).

The OA, PA, and UA were calculated from the error matrices generated for each classified out-
put (see equations 1 to 3 below).

For the DL semantic segmentation product accuracy assessment, the mean intersection over un-
ion (IoU) was used to calculate the accuracies of the study’s outputs. The mean IoU was based on the
average of the individual class IoUs. The mean IoU gives users a better understanding of the segmen-
tation performance and indicates overall accuracy (see equation 4).

va =29, 100 1
X; 1)
pa= 20,100 @)
Xi
S
04 = =2+100 3)
n
loU = e 4)
0 = EN+TP +FP

where Xij=row in i column and j observations, Xi = marginal total of row I, Sa = total correctly classi-
fied pixels, n = a total number of validation pixels, TP = true positives, FP = false positives, and FN =
false negatives.

In addition to evaluating the accuracy of the DL model outputs, the time taken to train and de-
velop these models was critical. To test for differences in accuracy levels of generated products, the
McNermar’s non-parametric test (z statistic) was applied to confusion matrices [101,102]. Equation 5
below shows how the z statistic is calculated:

7 = (le _f21)
(le _f21)

where f12 and fz represent the off-diagonal entries in the matrix. The difference in accuracy between
a pair of classifications is considered significant at a 95% confidence level if the calculated z-score is
more significant than 1.96 (positive or negative). Additionally, if the z-score is more significant than
2.58, it has a 99% confidence level.

®)

2.5.6. Optimal Deep Learning Segmentation Versus Random Forest Prediction

To compare the performance of the optimal DL segmentation prediction and the RF prediction,
an independent set of validation points was generated using an equal stratified random sampling
approach [92,103,104]. Using the defined sample outlines, based on soil type and land-use criteria, an
equal number of sample points were generated to represent distinct land cover classes across the
study area. Considering the study’s focus is on wetlands, the seven-class generalized LULC products
were reclassified into four classes: water, dense vegetation, wetland, and others (comprising the
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following grouped classes: croplands, developed area, bare ground, and rangeland). The validation
points were ground locations with similar LULC over the two periods considered in this study. The
information was sourced from the S2 false-colour composites for both periods (2019/2020 and
2021/2022), Google Earth, and high-resolution optical imagery obtained from ArcGIS Pro. For this
study, 800 random sample points (200 per class) were generated each year and used for accuracy
assessment. This approach ensures that a balanced representation of the seven classes was considered
in the study. Fig. S7 in Supplementary Information illustrates the spatial distribution of sample points
used to evaluate the accuracy of the RF and optimal DL segmentation products generated in this
study.

2.5.7. Change Detection Analysis

To understand the recent changes in the spatial distribution of wetlands in the Niger Delta re-
gion, the four class wetland maps for each year were used as inputs for the change detection analysis
with the “change detection wizard” tool in ESRI ArcGIS Pro software [105]. The geoprocessing tool
enables the comparison of multiple raster layers captured at the exact location and at various times
to identify the magnitude and type of change. This study employed categorical change to identify
changes between the thematic grids (i.e., the optimal LULC prediction maps for 2019/20 and 2021/22).

2.5.8. Hydrological Indicator Trend Analysis

Hydrological conditions, including precipitation, water storage, and evapotranspiration, have
been shown to play a critical role in shaping wetland habitats [106]. This study component aimed to
gain a deeper understanding of the region’s recent climatic variability using satellite-based water
budget indicators, including evapotranspiration, precipitation, and water storage. This study aims to
gain a deeper understanding of the region’s recent climatic variability and investigate its relationship
with wetland dynamics in the study area using spaceborne sensors. The existence of wetlands is typ-
ically linked to precipitation; therefore, utilizing the CHIRPS spaceborne sensor provides an indica-
tion of rainfall effects in the region. By combining the precipitation data with the SPEI drought index
and TWS, complementary information on drought patterns can better inform the relationship be-
tween hydrology and spatial trends in wetlands across the study area. The timeframe of this investi-
gation corresponded with the wetland change detection analysis (i.e., 2019 to 2022). Synthesis of wet-
land dynamics and hydrological conditions would provide a better understanding of wetlands’ spa-
tial and hydrological dynamics in recent times. Monitoring wetland changes and hydrology signifi-
cantly impacts management practices, as it enables better-informed decision-making through using
hydrological indicator data (such as precipitation, evapotranspiration, and water budget) that inform
managers’ decisions.

3. Results
3.1. Optimal Combination of Multi-Sensor Input Variables for LULC Classification

The optimal input variables for the LULC classification were selected based on the RF variable
importance test results discussed in Section 2.6.1. The RF variable importance test evaluated the S1,
52, and ALOS DEM-derived variables described in Table 1. This test was performed using the 2019/20
multi-date and multi-source imagery.

The study explored a total of 28 multi-date and multi-sensor variables. Figure 4 shows the chart
of the multi-sensor variables evaluated in this study (Table 1) for the data acquired in 2019/20. The
multi-sensor variables classed as important by the variable importance test were: S2 SWIR bands (B11
and B12), ALOS DEM, SWI (52 optical index), VVary (51 SAR channel), CMRI (S2 optical index), NDVI
(52 optical index), VVwet (51 SAR channel), VHary (51 SAR channel), VHwet (S1 SAR channel), NDWI
(52 optical index), S2 red band (B4), SAVI (S2 optical index), GDVI (52 optical index), S2 blue band
(B2), and SAR indices (Nlary, Nlwet, Rlary, and Rlwet) (Figure 4). The least important multi-sensor vari-
ables for the RF model were excluded from subsequent analysis.
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Figure 4. Chart showing the random forest-derived variable importance test for the multi-source input variables
analyzed in the study.

From the 22 outstanding multi-sensor input variables classed as necessary for the modelling
process, those that provided duplicate or similar information to the model were excluded. For exam-
ple, only one optical band in the SWIR region was selected for this study, specifically B11. NDVI and
NDWI were dropped and replaced with CMRI because these input variables were used to generate
the index. The visible and NIR bands (i.e., B3, B4, and B8) were excluded, as these served as inputs in
some of the optical indices classed as significantly necessary in the RF model. The optical index ex-
cluded from further analysis was GDVI. Based on this criterion, a 10-band multi-sensor image com-
posite consisting of the following input variables: CMRI, SAVI, SWI, EVI, B11, VVary, VVwet, VHary,
VHuwet, and ALOS DEM was identified as the optimal multi-sensor dataset for wetland and LULC
mapping across the study area. This 10-band, multi-date, and multi-sensor dataset was used for RF
classification, Res-UNet, and DeepLabV3 DL segmentations.

3.2. Comparison of Deep Learning Segmentation

The performance of the Res-UNet and DeepLabV3 DL segmentation predictions was based on
the best combination of F-1 scores for all the classes, the mean F1 score, and IoU accuracy metrics.
Figure 5 presents the per-class metrics results of the deep learning model simulations performed in
the study. The Supplementary Information document presents additional information related to the
F1 scores (see Table S3). The results show that the best-performing deep learning (DL) model for both
years was the Res-UNet model, utilizing ResNet-152 and ResNet-50 backbones (later known as
ResUNet152 and ResUNet50). The inter-class F-1 scores for all classes in the Res-UNet152 and Res-
UNet50 models for both years (2019/20 and 2021/22) ranged from 0.4 to 0.95. For the 2019/2020 year,
the ResUNet152 model F1-scores were as follows: wetland F1 score = 0.865, mean F1 =0.831, and IoU
=0.908. The wetland F1 score, mean F1 and IoU measures for the 2021/2022 ResUNet152 model were
0.87, 0.764, and 0.886, respectively.
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Figure 5. Chart showing the inter-class F1 scores for the Res-UNet and DeepLabV3 deep learning models with
similar backbones (ResNet34, ResNet50, and ResNet152) for both years (2019/2020 and 2021/2022) evaluated in
the study.

Figures S8 and S9 in the Supplementary Information present the Res-UNet and DeepLabV3 seg-
mentation maps generated for both years in this study. The segmentation map products generated
using the DeepLabV3 model exhibit high degrees of overgeneralization, particularly in classes such
as croplands and water. In this study, the Res-UNet model has been demonstrated to outperform the
DeepLabV3 model in handling complex multi-sensor datasets for wetland and general land-use/land-
cover (LULC) prediction. Hence, for subsequent analysis, the optimal ResUNet152 model was se-
lected as the optimal DL model for both years and a suitable candidate for change detection analysis.

3.3. Res-UNet Deep Learning Segmentation Versus Random Forest Prediction

The next component of the study was comparing the performance of the ResUNet152 models
for both years with the RF predictions generated as part of this study. To accomplish this task, an
independent set of validation sample points not utilized in developing the deep or shallow learning
algorithms was used to assess the overall performance of the deep and shallow learning models (see
Fig. S7 in the Supplementary Information). To evaluate overall performance, the overall accuracy, F-
1 score for the wetland class, and McNematr’s test for significant differences were generated using the
error matrix of the Res-UNet and RF models. The overall accuracy of the ResUNet152 models for both
years outperformed the random forest predictions. For the 2019/2020 predictions, the ResUNet152
prediction was 96.8% compared to the RF 92.8%. Similarly, the ResUNet152 (97%) prediction outper-
formed the RF (88%) model for the 2021/2022 prediction. The results of McNemar’s test showed that
the ResUNet152 models for both years were significantly higher than the RF predictions (p <0.01, see
Table 6). The error matrix used to calculate the accuracy measures is presented in Table 54 in the
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Supplementary Information. Figure 6 shows the optimal ResUNet152 DL segmentation maps used
for the change detection analysis. Compared to the ResUNet152 segmentation maps, the shallow
learning RF predictions (Fig. S10 in the Supplementary Information) had prominent salt-and-pepper
noise effects and mixed pixels. Overall, the ResUNet model was better suited for wetland and general
LULC mapping and mitigating salt-and-pepper noise effects.

Table 6. Results of McNermar's test for the significant difference in overall accuracy generated for the Res-
UNet154 deep learning model and random forest classification.

Comparison Z-score value Significance level (%)
Res-UNet152 vs Random Forest
3.27 99%
(2019/2020) &
Res-UNet152 vs Random Forest
4.32 9
(2021/2022) 3 99%

I:l State boundary
B vater

- Dense vegetation
0 wettands

Non-wetlands

(@)

A g
(AKWASIBOM|

4

&

i
[ ] state boundary
B water
B oense vegetation
- Wetlands

Non-wetlands

(b)

Figure 6. Optimal deep learning models (Res-UNet with ResNet152 backbone) for (a) 2019/2020 and (b)
2021/2022.
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3.4. Wetland Change Detection Analysis

Using the Res-UNet152 wetland maps for both years, a change detection analysis was conducted
to understand the variations in wetland and surrounding non-wetland classes. Since this study fo-
cused on wetlands, a binary approach involving wetland and non-wetland classes was adopted to
present and discuss the change detection analysis results in this section of the paper. In 2019/20 the
spatial extent of wetlands in the ND was 277,445.72 hectares, while in 2021/22 it was recorded as
348,552.67 hectares (Figure 7). The change detection results showed that the spatial extent of un-
changed wetland class from 2019/20 to 2021/22 was approximately 250,100 hectares (2.3% of the entire
study area), while wetland loss and gain were 27,346.2 hectares (0.2% of the ND) and 98,453.1 hectares
(0.9% of the ND), respectively (see Table 7). Table 7 illustrates the spatial changes of wetlands and
non-wetland classes.
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Figure 7. Chart showing the spatial extent of wetland and non-wetland classes in the Niger Delta for 2019/2020
and 2021/2022.

Table 7. Change detection results showing spatial changes of wetlands and non-wetland classes in the Niger
Delta (where Dense veg = Dense vegetation).

Class value Class name Class From Class To Area (ha) % Change Description
1 Wetlands Wetlands Wetlands 250,099.5 1.3 Unchanged wetlands
2 Water->Wetlands Water Wetlands 4,174.9 8.7 Wetland gain
3 Dense Veg ->Wetlands Dense Veg Wetlands 94,007.3 90.8 Wetland gain
4 Others->Wetlands Others Wetlands 271.0 0.6 Wetland gain
Total wetlands gain extent (ha) 98,453.1 0.9
5 Wetlands->Water Wetlands Water 3,853.5 15.3 Wetland loss
6 Wetlands->Dense Veg Wetlands Dense Veg 22,965.4 81.0 Wetland loss
7 Wetlands->Others Wetlands Others 527.2 3.7 Wetland loss
Total wetland loss extent (ha) 27,346.2 0.2
8 Water Water Water 419,878.0 3.7 Unchanged water
9 Dense Veg. Dense Veg. Dense Veg  9,452,716.0 81.1 Unchanged Dense Veg
10 Others Others Others 452,944.7 4.6 Unchanged other classes
11 Water->Dense Veg Water Dense Veg 8,888.5 0.3 Water loss
12 Water->Others Water Others 3,346.6 0.1 Water loss
13 Forested Areas->Water Dense Veg Water 13,341.4 0.2 Water gain
14 Others->Water Others Water 1,997.7 0.1 Water gain
15 Dense Veg->Others Dense Veg Others 248,771.9 1.7 Dense Veg loss
16 Others->Dense Veg Others Dense Veg 59,053.6 5.1 Dense Veg gain
Total non-wetland dynamics extent (ha) 10,660,938.4 96.6

Total extent of Niger Delta extent (ha) 11,036,837.2
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Figure 8 shows the proportion of wetland loss and gain from 2019/2020 to 2021/2022 in the Niger
Delta. The dominant contributor of wetland loss in the ND over the time-interval analyzed was its
conversion to dense vegetation totalling 22,965 hectares, 84% of the affected wetland (See Figure 8a).
This was followed by wetlands transitioning to open water having an area of 3,854 hectares (14% of
total wetland loss), and the least contributor being wetlands transitioning to other land uses (pre-
dominantly, croplands, developed areas, and fallow land) with an area of 527 hectares (2% of total
wetland loss). For wetland gains, the results showed that the greatest contributor to wetland gain
was attributed to dense vegetation being converted to wetland habitats (a total of 94,007 hectares,
representing 95.5% of total wetland gain over the time analyzed (Figure 8b). The next significant
contributor to wetland gains in the ND was water classes converted to wetlands with a spatial extent
of 4,175 hectares totaling 4.2% of wetland gain between 2019/20 and 2021/22. Figures 9 and 10 show
the change detection map of the ND between 2019/2020 and 2021/2022 based on the optimal Res-
UNet model predictions.

A mixture of natural and human-induced factors causes these transformations in the landscape
across the ND. The impact of changes in hydrology, such as shifts in rainfall patterns, river overflows,
or alterations in groundwater levels, can lead to saturated forested soils, which, over time, make these
conditions suitable for wetland habitats. Other major human-induced drivers of forested area con-
version to wetlands in the study area are deforestation, intensified felling of trees for agricultural
purposes, over-exploitation of forest resources to logging activities, oil and gas exploration activities,
and urban expansion [9,107,108]. In a study focused on community participation in forest manage-
ment in the ND, Onojeghuo, Fonweban, Godstime and Onojeghuo [108] identified the several key
drivers of deforestation in the region. These included subsistence agriculture, fuel wood harvesting,
logging/timber extraction and intense commercial agricultural activities, overexploitation of forest
resources, pressure from the high human population, and intensified levels of industrialization. An-
other significant contributor to the ND wetland transition is climate change’s impact. In the discus-
sion section, the authors explore the connection between wetland dynamics and hydrological indica-
tors, such as changes in precipitation, evapotranspiration, and water budget.

(a) (b)
= Wetlands->Water = Water->Wetlands
= Wetlands->Dense Vegetation = Dense Vegetation->Wetlands
= Wetlands->Others = Others->Wetlands
o, 3,854 ha, 271 ha, 0.3%
527 ha, 1.9% / 14.1% © o\ 4175ha,42%

94,007 ha,
22,965 ha, 95.5%

84%

Figure 8. Pie charts showing the proportion of (a) wetland loss and (b) wetland gain from 2019/2020 to 2021/2022
in the Niger Delta.
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Figure 9. Change detection map showing wetland dynamics between 2019/2020 and 2021/2022 based on the optimal Res-UNet deep learning models.
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Figure 10. Change detection hotspot maps showing wetland dynamics between 2019/2020 and 2021/2022 for
parts of two states—Delta and River States in the Niger Delta based on the optimal Res-UNet deep learning
models (Left images: 2019/2020 ResUNet152 prediction, Middle image: 2021/2022 ResUNet152 model prediction,
and Right image: Change detection map based on both images). The insert map shows the spatial extent of two
hotspot locations located in Delta and Rivers States.

3.5. Hydroclimatic Indicator Trend Analysis

As indicated in Section 2.3, four hydrological indicators, namely the SPEI, TWS, SPI, and precip-
itation data, were employed to better understand the hydroclimatic conditions in the region and re-
late these proxies to changes in wetland over the period analyzed in this study. Typically, changes in
hydroclimatic conditions are a consequence of climatic variability and human activities, which in
turn can result in wetland degradation, loss of biodiversity and ecosystem services [109-111].

The TWS plays a significant role in better understanding changes in wetlands. Considering the
dynamic nature of wetlands and reliance on water balance availability, the insights provided by TWS
data show how these ecosystems are affected by natural and anthropogenic factors. The GRACE-
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derived TWS trend components result indicates a sharp rise in TWS between January 2019 and Jan-
uary 2020, with a peak that stabilized all through 2020 (Figure 11e). After this period, however, there
was a gradual decline in TWS trend (January 2020-2021) and maintained a relatively steady low trend
until mid-2023 (Figure 11e). In coastal West Africa, rainfall is the dominant driver of TWS [112], and
any decline in TWS here reflects limited precipitation and below-average changes in surface and sub-
surface water storage within the coastal wetlands. The slightly declining trend in TWS between 2019
and 2021 (Figure 11d and 11e) coincides with a pattern observed in the temporal variations for SPEI
during the same period, with falling SPEI values starting in late 2019 and culminating in a dry or
moderate drought event (Figure 11b). The amplitude of TWS in 2021 (Figure 11d) is one of the lowest
and coincides with that of SPEI (Figure 11b). However, the lowest amplitude in rainfall anomalies
observed in 2022 (Figure 11b) align with areas under drought in the same period (Figure 11a), but the
annual amplitude of change in TWS was markedly higher in the same year. This disparity re-empha-
sizes the impact of hydrological memory and the region’s lag between rainfall and TWS, especially
after a drought event as seen here.
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Figure 11. Hydrological indicators to track impacts of extreme events on wetland dynamics. The SPEI shows (a)
the proportion of areas under drought averaged over the study region and (b) temporal patterns of hydrological
conditions between 2019 and 2023. The thick red dotted line in (a) is the period this study focuses on. The (c)
anomalies in rainfall and the decomposition of TWS into (d) seasonal and (e) trend components are also indi-
cated. The red dotted line in (b) is the drought threshold used for this study.

The SPI drought index was used to illustrate the spatial patterns of drought events and wet
extremes across the ND from 2019 to 2022. This was averaged over a quarter basis and the results are
shown in Figure 12. Between 2019 and 2020, the mean SPI-12 values ranged from near normal to
extremely wet conditions (Figure 12). This trend corresponded with the rise in TWS over the same
period (Figure 11e) and positive trend in the SPEI-12, which showed mildly or moderately wet con-
ditions (Figure 11b) across the ND. The SPEI area under drought chart (Figure 11a) shows that the
study area experienced moderately wet conditions. However, between 2021 and 2022, the SPI-12 re-
sults indicate a general trend of mild to extreme drought conditions over the four quarters for the
ND. This corresponds with the steady decline in TWS for the same period as shown in Figure 1le,
negative trend in SPEI-12 values (Figure 11 b), and severe extreme conditions of areas under drought
as indicated in Figure 11a.
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Figure 12. Spatial patterns of the seasonally averaged annual standardized precipitation index (SPI) for January
to March, April to June, July to September, and October to December for 2019 to 2022.

Overall, the combination of all four hydroclimatic variables (namely, SPEI, SPI, TWS, and pre-
cipitation) explored in this study indicates a rise in wet conditions between 2019 and 2020 and a
subsequent decline to moderate and extreme drought conditions between 2021 and 2022.

4. Discussion
4.1. Optimal Multi-Date and Multi-Sensor Image Data Used in the Study

Based on the results of the variable importance test implemented in the study, an optimal multi-
date and multi-source imagery comprised of derivatives from the Sentinel-1/2 and ALOS DEM im-
agery was utilized for the SL and DL model implementation. The S1-SAR derivatives that proved the
most important were the multi-date VV and VH dual polarization channels captured during the dry
(January to March) and wet seasons (September to November) for both years (2019/20 and 2021/22)
investigated. Sentinel-1 SAR backscatter signals provide critical information, such as surface rough-
ness, vegetation structure and soil moisture, that can complement general LULC and wetland map-
ping [113,114]. The inclusion of multidate SAR imagery has been shown to improve classification
accuracy within mixed-vegetation zones significantly [115]Leveraging the massive cloud-based com-
putational power and rich repository of ready-to-use satellite image collections, such as the Sentinel
satellite SAR and optical data, this study generated cloud-free S2 optical imagery over the dry seasons
for the entire study area, combined with S1 SAR dual polarization channels captured over the dry
and wet seasons. The use of optical-derived vegetation (such as CMRIL, SAVI, SWI, and EVI) and the
SWIR channel (B11) is a valuable proxies that improve classification accuracy within mixed land-
scapes comprised of wetlands. Tran, et al. [116] explored DL models incorporating multispectral in-
dices for mangrove mapping from satellite data. The study investigated the use of 17 multispectral
indices, including the CMRI, SAVI, SWI and EVI, combined with time-series VV and VH dual polar-
ization channels, and 13 spectral bands as inputs in a U-Net model for mangrove mapping. In com-
parison to this study, we have explored the combined use of multi-date dual polarization VV and VH
channels, S2 optical indices calculated for the dry months (considering challenges associated with
cloud-affected imagery during the wet seasons in the ND), the 52 SWIR (B11) spectral band, and
topographic information contained in the ALOS DEM imagery. These input datasets were selected
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based on the variable importance test performed as part of this study’s workflow to ascertain the
optimal multi-date and multi-sensor dataset for subsequent use in the Res-UNet and DeepLabV3 DL
and RF SL model development for wetland mapping performed in the study. Previous studies aimed
at exploring the importance of specific spectral indices and spectral bands for wetland mapping con-
cluded that the red edge, NIR, and SWIR bands exhibited high importance for mapping [117-119].
Hence, spectral indices generated using these spectral bands would, in turn, encapsulate the spectral
attributes of the observed reflectance. Examples include the CMRI, SAVI, SWI, and EVI (see Table 1),
which rely on several combinations of the green, red, NIR, red edge, and SWIR bands. The inclusion
of optical spectral indices, SAR time series, and topographic elevation, as adopted in this study, has
been demonstrated to significantly improve wetland and general LULC mapping when employed as
inputs in DL models as compared to SL techniques (such as RF).

4.2. Relationship Between Wetland Change and Hydroclimatic Indicators

The change detection analysis showed that for wetlands, 2.3% (250,099.5 hectares) of the entire
landscape had unchanged wetlands between 2019/2020 and 2021/2022. For wetland gain and loss,
0.9% (98,453.1 hectares) and 0.2% (27,346.2 hectares) of the entire landscape were disturbed simulta-
neously. The trend of wetland gains over the four years could be attributed to natural and human-
driven factors. As demonstrated in this study, the changes in hydroclimatic conditions reveal a
change in the precipitation levels, fluctuations in TWS and drought conditions over the four-year
period. This change in climatic conditions can alter sea level rise and groundwater storage in the
coastal wetland regions of the Niger Delta, resulting in the inundation of previously dense vegetation
cover. In addition to climate change, the devastating effects of human-induced factors like deforesta-
tion, intensified agricultural practices, oil and gas-related activities, and mining activities have dev-
astating effects on the dense vegetation classes (which comprises dense or tall swamps and man-
groves with temporary water or a canopy that is too thick to detect water underneath, as well as
wooded vegetation and plantations—see Table 2). The disturbance of forests and dense vegetation
can disrupt the ecosystem and result in waterlogging or soil erosion, promoting wetland formation.
Wetland habitats play a crucial role in the environment, serving as natural sponges to mitigate flood-
ing, as a natural filter, and providing habitats for a vast range of plants and animals [120,121].

The impact of climate change is a prominent contributor to both wetland gain and loss [122,123].
For example, changes in precipitation and temperature can, in turn, lead to the rise or decline of water
levels in wetlands, allowing vegetation to grow and transition into forested areas or reducing spatial
coverage depending on the conditions. Other causes of wetland loss in the study area are anthropo-
genic factors resulting in land use changes such as reduced grazing or water management practices
that, in turn, alter the dynamics of this fragile ecosystem, which in turn promotes forest growth. The
fragile ecosystem of the ND makes it a unique and ecologically significant setting for investigating
hydroclimatic indicators and wetland changes. Although this study has focused on recent wetland
change over a 2-year epoch, we examined longer time-series hydroclimatic data (where available)
and relevant results overlapping the timeframe of this study were assessed. The ND region faces
significant environmental challenges that arise due to several factors, including climate variability,
land use change, and anthropogenic factors such as intense urbanization, deforestation, and oil and
gas exploration. These changes in LULC have resulted in high rates of forest loss, which are vital in
supporting biodiversity and maintaining ecosystem balance [124]. This combined use of wetland dy-
namics information obtained from the change detection analysis results and interpretation of the hy-
droclimatic indicators evaluated in this study (namely, SPEI, SPI, TWS, and precipitation measure-
ments) are an effective means of better understanding the transitional effects associated with wetland
habitats in the ecologically fragile ND region. This approach provides better context as to the state of
wetlands in the region and better informs decision-makers and policymakers on the next and best
steps to conserving wetlands and other important ecosystems in the region.

4.3. Utilizing Long-Term Hydro-Climatic Conditions to Understand Wetland Trends

Our results also emphasize the composite role of changes in climatic conditions (e.g., rainfall)
and human actions in driving significant land cover changes in a humid coastal region. The signifi-
cantly more substantial rainfall and TWS amplitudes during the 2019/2020 period likely led to water-
logging of forested areas, creating favourable conditions for wetland expansion. In coastal regions,
increased precipitation can saturate soil, reduce forest stability, and convert areas into wetlands. This
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is particularly pronounced in regions with poor drainage or already hydrologically connected to wet-
land systems. Subsequent moderate drought in 2022 highlights the vulnerability of wetlands to cli-
matic variability and underscores the delicate balance between hydrology and human influence in
shaping coastal ecosystems. The transition between dense vegetated areas and wetlands suggests
that forests in this region are particularly vulnerable to hydrological and anthropogenic pressures.
Wetland expansion at the expense of forests can indicate deforestation (natural or human-induced),
where forest clearing accelerates soil saturation and enhances wetland formation during wet years.
Deforestation and logging reduce evapotranspiration and increase surface runoff, promoting wet-
land conditions and can artificially increase water flow into low-lying areas. As demonstrated here,
the combined use of water budget indicators like rainfall and GRACE-derived TWS supported by
climate data (SPI and SPEI) provides a robust approach to enhancing understanding of water availa-
bility as an important driver of wetland dynamics, and human activities such as deforestation may
have exacerbated changes in wetland during this period.

The combination of these water budget indicators, including GRACE, rainfall and evapotranspi-
ration, provides an opportunity to understand climate change’s impact on the water balance and
changes in the wetlands of humid regions like the Niger Delta. For instance, Penatti, et al. [125]
demonstrated this using satellite data, including GRACE, to quantify Brazil’s hydrological dynamics
of continuous wetland habitats. They evaluated a combination of several sources of water storage
changes (sourced from GRACE), precipitation data (from the Tropical Rainfall Measuring Mission
sensor), and evapotranspiration from the MODIS 16 sensor over 10 years. Results from their study
demonstrated the value of estimating the hydrological regime and the entire basin’s internal varia-
bility based on the GRACE data. The change in TWS correlated well with precipitation, evapotran-
spiration and greenness over two to three-month intervals. Furthermore, the hydrological controls
on surface vegetation changes across West Africa, analyzed using NDVI and supported by GRACE
data, revealed distinct drivers in the region: while GRACE-derived TWS is a key driver in typically
arid regions, rainfall predominantly influences vegetation dynamics in wetland areas, including the
Niger Delta region [126]. Integrating advanced satellite geodetic methods, such as GRACE, with op-
tical remote sensing approaches offers valuable insights into wetland hydrology and eco-hydrologi-
cal processes [73]. This combination enhances our understanding of the connections between land
cover transitions and climate change and how this translates to ecological impacts.

5. Conclusions

This study investigates the recent dynamics of wetlands in the Niger Delta using deep learning
techniques and multi-temporal and multi-sensor satellite data. Wetlands are crucial for maintaining
biodiversity and mitigating climate change. Yet, these invaluable habitats face significant threats from
a mixture of changes in climate and anthropogenic activities such as pollution and urbanization. The
focus of this study was to map the spatial distribution and dynamics of wetlands in the Niger Delta
using multi-temporal and multi-senor data as inputs in shallow and deep learning models in the
Niger Delta. The study outlines four key objectives: evaluating optimal sensor combinations for wet-
land classification, developing workflows for deep learning model performance assessment, conduct-
ing LULC classification for two time periods, and analyzing hydrological variability using satellite-
based indicators.

The study identified a set of optimal input variables for LULC classification through the random
forest variable importance tests. The results indicate that specific SAR (VVary, VVwet, VHary, and
VHuwet), optical bands and indices (CMRI, SAVI, SWI, EVI], and B11), and ALOS DEM significantly
contribute to classification accuracy. The Res-UNet model, combined with the ResNet backbone, out-
performed the DeepLabV3 model (with the same backbone) in segmenting wetlands, achieving high
F1 scores and overall accuracy (wetland F1 score = 0.865, mean F1 = 0.831, and IoU = 0.908).

The change detection analysis results established that the spatial extent of mapped wetlands
increased from 277,446 hectares in 2019/2020 to 348,553 hectares in 2021/2022. The spatial extent of
wetland loss was estimated to be 27,346 hectares, while gains totalled 98,453 hectares. The change
detection analysis revealed that dense vegetation conversion to wetlands was the primary driver of
wetland gain, while wetland loss predominantly resulted from transitions to dense vegetation. Ad-
ditionally, the study investigated the relationship between hydroclimatic indicators, such as SPEI,
SPI, precipitation and terrestrial water storage (TWS), and wetland dynamics. The findings indicated
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a direct correlation between increased rainfall and wetland expansion, while fluctuations in SPEI,
SPI, and TWS were linked to drought conditions affecting wetland stability.

Overall, this research underscores the importance of utilizing advanced remote sensing tech-
niques, such as deep learning models, for effective wetland monitoring in the Niger Delta. These
findings contribute to a better understanding of wetland dynamics and highlight the need for ongo-
ing research to inform conservation strategies in fragile ecosystems. Policymakers and stakeholders
must access accurate information about these ecosystems to inform conservation efforts.

Supplementary Materials: The following supporting information can be downloaded at the website of this pa-
per posted on Preprints.org.
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