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ARTICLE INFO ABSTRACT

Keywords: Deforestation, environmental pollution, and the overexploitation of resources, in addition to the
Remote sensing Earth's natural cycles, are scaling up the impacts of climate change in the provision of Ecosystem
Machine 1earn‘iffg ) Services (ES). Green-Blue Ecosystems (GBE) are impacted by climatic conditions, topography,
Land use classification and water presence. Data-driven modelling techniques may effectively capture the effects of sea-

Aquatic ecosystems

. sonal variations while modelling natural ecosystems. This research proposes a hybrid modelling
Terrestrial ecosystems

approach that combines Deep Learning and traditional Machine Learning, Sensitivity Analysis
and Feature Importance Evaluation (FIE) to investigate seasonality effects on mapping GBE. The
models, built using satellite imagery from the Spring and Summer seasons of the Mediterranean
climate zone, included spectral indices, topography (DEM), and groundwater depth (GD). The
model that best suited the analysis was selected using sensitivity tests and hyperparameter opti-
mization. The study shows that land cover classes of transitional woodland shrubs, inland
marshes, cultivated land parcels, and watercourses are better classified in the Spring, with an ac-
curacy of 0.814. FIE indicates that spectral indices are the most important predictors for detect-
ing green ecosystems in both seasons. Additionally, DEM and GD are the most relevant predictors
to classify watercourses in the Summer. An analytical examination of the input data and hyperpa-
rameter settings facilitates understanding of models' behaviour while improving models' predic-
tion. This research provides an advanced understanding of the effects of seasonal variations on
the status of GBE and enhances understanding of modelling ES in areas with a growing need for
changes in land use and high water supply demand.

Spatiotemporal analysis

1. Introduction

To ensure the long-term viability of Ecosystem Services (ES), it is critical to identify drivers of change and to gather information
for their assessment (Meddens et al., 2022). The value of ES is favourably connected with the extent of vegetation and water but nega-
tively correlated with the area of bare land (Wang et al., 2021a, b). As competition for land use increases, natural resource manage-
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ment faces new challenges in maintaining GBE functioning and conditions (Doody et al., 2017). Urban sprawl, agriculture practices,
and climate change put continuous pressure on natural systems around the world, with ongoing biodiversity losses (Skidmore et al.,
2021).

Terrestrial and Aquatic Ecosystems, such as forests, croplands, wetlands, rivers, and lakes provide the most important services in
terms of ecosystem provisioning and regulation (Mugiraneza et al., 2019). Commonly referred to as Green-Blue Ecosystems (GBE),
the status and functioning of terrestrial and aquatic ecosystems depend on climatic variables, such as precipitation, evapotranspira-
tion, solar radiation, wind, and other variables included in the carbon and water cycles (Gwal et al., 2020). GBE health and behaviour
are also influenced by terrain conditions and the presence of groundwater, such as phreatophyte vegetation that requires water on a
permanent or episodic basis (Dwire et al., 2018). Seasonality has a substantial impact on these ecosystems during dry periods with lit-
tle rain, high temperatures and evapotranspiration. As a result, seasonal wetlands dry out while permanent wetlands decrease in ex-
tent, vegetation heterogeneity and crop production diminish as well as water yield (Kundu et al., 2022).

The association between aquatic and terrestrial ecosystems are usually observed within rivers that are surrounded by vegetation
(Bertrand et al., 2012), and where there is recharge and discharge of groundwater from and to water bodies (Eamus and Ray, 2006). It
is strongly influenced by biophysical parameters, such as climate, hydrology, topography, and human activities (Yang and Liu, 2020).
Groundwater over-abstraction, land-use conversion, climate change, and climate variability are important drivers to explain changes
in GBE (Wang et al., 2021a, b).

Satellite Earth Observation (SEO), Geographical Information Systems (GIS) and Machine Learning (ML) provide environmental
managers and decision-makers with a wide range of tools to assess and monitor ES (Alarcon Blazquez et al., 2023). SEO technology
gives a more in-depth perspective for studying land use and land cover change on the earth's surface, as well as a big source of data for
evaluating ES values, which is critical for environmental protection and national ecological security (Wang et al., 2021a, b). The inte-
gration of SEO data with ML is one of the most promising approaches to developing timely and accurate environmental monitoring
systems (Reddy, 2021). Traditional ML offers effective techniques for modelling relationships in data with vast feature spaces
(Domingos, 2012), but Deep Learning (DL) has been suggested as a better option when it comes to the extraction of significant charac-
teristics from complex datasets (Chang et al., 2019).

The research on the changes in the spatiotemporal aspects of land use and landscape patterns can provide a thorough understand-
ing of the dynamics of the Earth's surface caused by human activities, natural forces, and biological variables over time and space
(Chen et al., 2021). Therefore, the lack of guidelines for implementing multi-season satellite-based environmental models is a chal-
lenge for those who support decision-making with geospatial information (Doody et al., 2017). More research is needed to determine
the association between GBE and biophysical factors utilizing remote sensing data since environmental variables influence the spec-
tral response of ecosystems (Sahana et al., 2022). By reviewing the literature, we identified a common concern about advancing the
knowledge of methodologies, tools and strategies that improve the development of seasonal satellite-based data-driven models of
GBE, as most research has been focused on specific ecosystem types (green or blue) but not on understanding their relationship.

Recent studies combined SEO and ML to delineate GBE while investigating seasonality effects. Barron et al. (2014) proposed a
multi-season method to predict vegetation and waterbodies that can persist through a prolonged dry period, in the Ellen Brook re-
gion, an important groundwater basin in Western Australia's south-west. The region is characterized by a Mediterranean climate with
GBE associated with localised groundwater, diffuse discharge zones, and riparian vegetation. Mpakairi et al. (2022a, b) investigated
the effects of land use conversions and climate change on vegetation heterogeneity in the Khakea-Bray, a transboundary aquifer pri-
marily recharged by precipitation, located between southwestern Botswana and South Africa. The temperature and rainfall in the re-
gion are typical of semi-arid savannahs, with high evapotranspiration rates, minimal rainfall during the wet season, and high temper-
atures during the dry season. Kundu et al. (2022) developed an approach to explore seasonality effects in wetlands in a transboundary
river basin (Punarbhaba River) including India and Bangladesh by assessing hydro-period, water depth, and water presence consis-
tency. The study region has a subtropical monsoon climate with seasonal wet and dry spells as well as hot and cold thermal spells. The
annual rainfall averages 1500 mm, with 82% falling during the monsoon season (June to September), resulting in the greatest spatial
extension of wetlands found during this season. Zhang et al. (2022) classified GBE to assess the status of saline wetlands in the
groundwater discharge zones of the Great Plains Aquifer system in eastern Nebraska. In this area, the growing season of wetland vege-
tation is defined as continuous temperatures above 0 °C from April to October, with the highest water availability in the Autumn and
the lowest in the Summer. However, to the best of our knowledge, there is no research investigating the seasonal influence in map-
ping GBE and estimating their magnitude and relationship in the Lower Tagus Aquifer system. We argue that adopting a hybrid mod-
elling strategy that includes DL and classical ML, as well as hyperparameter optimization, sensitivity analysis, and Feature Impor-
tance Estimates (FIE), could close this gap.

The rationale of this study relies on what previous research noted concerning dealing with large datasets and combining tech-
niques to take advantage of each method. When handling large datasets, it is crucial to employ strategies that ensure efficient man-
agement and analysis and select optimized algorithms that allow for more efficient processing. Thus, the main aim of this research is
to overcome these concerns by developing a hybrid modelling approach to map GBE and estimate their relationship considering sea-
sonality. We propose a two-step modelling strategy that helps to manage and analyze effectively large geospatial datasets while en-
hancing overall efficiency in GBE mapping workflows.

In the context of climate change, Portugal is recognized as a hotspot among the most vulnerable European countries (Novo et al.,
2018). Recent studies have shown evidence of climatic changes, such as the long periods of drought recorded in 1990, 2004,/2005 and
2012 (Coelho et al., 2013; de Lima et al., 2015; Almeida and Cabral, 2021). The more frequent occurrence of these events is increas-
ing the severity of seasonality effects on GBE and compromising the provision of services such as freshwater supply, and consequently
crop production, and carbon storage and sequestration (Rijal et al., 2021). The selected study area is within a vulnerable groundwater
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body (Novo et al., 2018), the Lower Tagus Aquifer system located in the surroundings of Lisbon, the most populated and dynamic area
of mainland Portugal (Eurostat, 2023).

Findings from this research can contribute to improving understanding of how these natural systems can be modelled while con-
sidering land use dynamics, groundwater depth, and topography to investigate the impact of seasonality on mapping GBE. The pur-
pose of this study is to unveil the potential of SEO and ML in monitoring the response of GBE to seasonal changes and assessing land
cover dynamics.

2. Material and methods

2.1. Study area

Climate change, drought intensification, deforestation, erosion, desertification, urbanization, rural abandonment, and uncon-
trolled tourist development are jeopardizing Mediterranean ecosystems (Chrysafis et al., 2020). The Mediterranean climate is known
for its particular regional characteristics: large seasonal contrast in temperature and rainfall (hot dry summers and mild winters),
strong wind systems, intense precipitation, and Mediterranean cyclones (Li et al., 2012).

Like other Mediterranean regions, Portugal is susceptible to extreme climatic events, such as droughts and desertification effects
and is one of the European countries that are most reliant on water resources that originate outside their territory (Almeida and
Cabral, 2021). The Lower Tagus Aquifer (study area) is in the downstream area of the international river basin districts PTRH5A in
Portugal and its correspondence ES030 in Spain (Fig. 1). These catchments constitute an important source of water for both Mediter-
ranean countries.

With a length of roughly 1000 km and a catchment area of 80,630 km?, the Tagus River begins at a height of about 1600 m in
eastern Spain and flows into the Atlantic Ocean near Lisbon (Vis and Kasse, 2009). The river is known for its large size, productivity,
quality of its waters, and being responsible for the region's economic and demographic development. The river's proximity to agricul-
tural land facilitates water supply for agricultural intensification (Almeida and Cabral, 2023).

Temporary and permanent crops such as rice fields, and other inundated croplands, vineyards, fruit trees and olive groves are
well-developed in the region. Forest and seminatural areas are mostly represented by mixed forest and transitional woodland/shrub,
and water and groundwater interactions support the maintenance of ephemeral and permanent wetlands (Ramos et al., 2017).

Precipitation in the Tagus basin has a seasonal cycle, large inter-annual variability, and periodic episodes of extremely wet or ex-
tremely dry years (Vis et al., 2010). Spring (March through May) contributes 24% of annual precipitation, Summer (June through Au-
gust) 6%, Autumn (September through November) 28%, and Winter (December through February) 42% (Belo-Pereira et al., 2011).
This strong seasonality in precipitation results in maximum rainfall extreme occurrences (potentially leading to floods) and relatively
frequent extended drought spells (Espirito Santo et al., 2014). Long drought episodes typically cause agricultural damage and alter
water resources and availability for many uses (Oliveira et al., 2005).

2.2. Data

Sentinel-2 satellite imagery data with a spatial resolution of 10 m were downloaded from the Copernicus Open Access Hub. The
modelling process had as input two multispectral images from the Spring (March 26, 2018) and Summer (August 23, 2018) seasons of
the Mediterranean climate zone.

Spring and Summer were selected since they are typically the seasons with the lowest average contributions of precipitation, and
as a result, less soil water-holding capacity (Belo-Pereira et al., 2011). This is required to distinguish waterbodies from flooded areas
(Barron et al., 2014), as major floods that have occurred in the study area since 1980 were throughout the Autumn-Winter season
(November to February) (Espirito Santo et al., 2014), and detect the seasonal variation in the greenness of vegetated land (particu-
larly in the Summer) (Doody et al., 2017). The dates were selected based on the percentage of cloud cover, which was less than 5%.
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Fig. 1. Study area within the transboundary river basins — PTRH5A (Portugal) and ES030 (Spain).
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Satellite-derived indices such as the Normalized Difference Vegetation Index (NDVI), Normalized Difference Moisture Index
(NDMI), and Normalized Difference Water Index (NDWI), were calculated. The NDVI was included as a predictor to highlight and dis-
tinguish vegetation of different types and at different stages of its evolutionary seasonal cycle (Rouse et al., 1973). The NDMI was em-
ployed as it is an indicator of forest change and water stress that enables capturing the moisture differences between land use types
(Silleos et al., 2008). Finally, NDWI was used to distinguish water and soil (Gao, 1996) capturing water only in the areas of the deep-
est channels and with the cleanest water (Ji et al., 2015). The Sentinel-2 derived indices were computed using the following arith-
metic functions of bands: (1), (2), and (3):

Band 8 — Band 4

NDV] = ——MM—
v Band 8 + Band 4 M

NDMI = Band 8 — Band 11 @
Band 8 + Band 11

Band 3 — Band 8
NDWI'= Band 3 + Band 8 ®
The reference data for the first-stage modelling is based on the Corine Land Cover (CLC) map of 2018 (spatial resolution of 100 m)
(Copernicus Programme, 202.3), considering subclasses (CLC Level 3) of agriculture, forest and seminatural areas, wetlands, and wa-
ter bodies of the CLC Level 1. Surface water and groundwater bodies datasets are from the European Environment Agency — EEA
(EEA, 2023) in a version released in the same year. The Digital Elevation Model (DEM), with a spatial resolution of 30 m, is provided
by NASA (NASA, 2023) through the Shuttle Radar Topography Mission (SRTM), and the depth of groundwater is derived from the Na-
tional Information System of Hydric Resources - SNIRH (SNIRH, 2023).
Min-max normalization was applied to the original data to scale the predictors in the range (0, 1) while keeping the relationships
between them (4):
X — Xmin

Xs= ———m8M8M— “4)
Xmax — Xmin

where Xs represents the scaled value of X, Xmin represents the minimum value of X, and Xmax represents the highest value of X.

2.3. Methods

It is crucial when handling large datasets to employ strategies that ensure efficient management and analysis and implement opti-
mized algorithms that allow for more efficient processing (Nikparvar and Thill, 2021). Besides, instead of loading the entire dataset
into memory at once, a good practice is to break it down into manageable parts, or sub-setting the study area.

Automatic classifications with DL can take several hours to complete because training entails the generation of Convolutional
Neural Networks (CNN) from the training and validation datasets, requiring the implementation of parallel processing techniques to
speed up the analysis. For that, an NVIDIA Graphics Processing Unit (GPU) was configured before training to distribute the workload
across multiple cores allowing for faster computation and analysis of the data. The graphic card used in this task is the GEFORCE
RTX30 with 16 GB of dedicated memory.

The present approach proposes a hybrid method combining DL and traditional ML algorithms in a two-step process to take advan-
tage of the strengths of each technique. Fig. 2 shows the flowchart diagram of the modelling process.

The goal of the first stage of modelling is to classify land use by seasons with maximum accuracy. Multiclass and binary classifica-
tions will be performed using Sentinel-2 bands (2, 3, 4 and 8) and DL. Sensitivity analysis tests and hyperparameter tuning will be
used to choose the best models.

In the second stage, the main objective is to classify green and blue ecosystems (GE and BE) by seasons, using as input data the bi-
nary classification of GE and BE, spectral indices (NDVI, NDWI and NDMI), topography and depth of groundwater (GD). The final
models will be presented and discussed with a performance comparison between ML methods. Exploratory analysis and FIE will be
carried out to estimate the relationship between predictors of GE and BE by seasons, and then assess which variables contribute the
most to classifying GBE. This strategy allows to work with subsets of the data, reducing memory usage, and improving processing
speed, and overall efficiency.

2.3.1. First-stage: DL modelling

DL via neural networks uses stacked layers to enhance learning by building up representations of the input data in consecutive lay-
ers (Guo et al., 2021). To deal with data that needs to preserve its sequence, CNN is the recommended method (Zeiler and Fergus,
2013). This is a technique that convolves the input data to combine successive values to extract higher-level features (LeCun et al.,
2015). It has also shown excellent performance in extracting objects from images through down-sampling (Lobert et al., 2021). Utiliz-
ing deeper and, therefore, more powerful networks only became possible in recent years through methodological and technical ad-
vancements, such as better training algorithms and more powerful computers (A and S, 2023).

In supervised learning, the training data is known and labelled, allowing for direct improvement of the learner's performance. La-
bels for the training dataset were created based on the CLC 2018 nomenclature guidelines, considering the land use classes of agricul-
ture, forest and seminatural areas, wetlands, and water bodies included in the CLC level one. The artificial surface areas were used as
masks.
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Fig. 2. Overview of the methodology development.

Sensitivity analysis is carried out to understand the effects and behaviours in the outputs, testing different input values and hyper-
parameters of the model. The task started creating the training datasets in ArcGIS Pro 2.9.0 (ESRI, 2023) using the tool Export Training
Data for Deep Learning to convert the data into a format that can be used in the DL packages. The tool converted the labelled vector
data (land use classes) into classified image chips using the metadata format of Classified Tiles. The multispectral images (a composite
of four bands 2, 3, 4 and 8) generated image chips containing the respective class samples from the labelled vector. A few values for
image chip size, Tile Size and Stride (with and without) were tested to find the best model. This tiling strategy is important for large
images, to keep the context in the border of the tiles (Zeiler and Fergus, 2013).

The tool Train Deep Learning Model, which accepts as input the output folder of the preceding program, was used for training.
Model parameters, such as Max Epochs and Batch sizes were tested with few values to fit the model. The Model Type is the U-Net ap-
proach used for pixel-based classification. The U-Net architecture works as an encoder network followed by a decoder (Ronneberger
et al., 2015), with the learning occurring at different stages of the encoder (Zeiler and Fergus, 2013). The selected Backbone model is
the pre-trained classification network ResNet-34 trained on the Imagenet Dataset (Krizhevsky et al., 2012). The dataset contains more
than 1 million images and is 34 layers deep. The use of a pre-training dataset is a method known as Transfer Learning. The Learning
Rate is set to be extracted from the learning curve during the training process, and the Validation size is 20%.

Classification models need to be evaluated regarding quality and accuracy (Stehman and Foody, 2019). The following metrics are
calculated to validate the prediction power of all classification tasks: accuracy, recall, precision, and F1-score. The accuracy is the
fraction of correct prediction, recall measures how many of the true positive samples were correctly predicted by the model, while
precision measures how many negative samples were not labelled as positive. As a weighted harmonic mean factor, F1-score is associ-
ated with precision and recall, and was the guide to selecting the best model, as it is the best option to measure model quality in im-
balanced classification problems (Zhang and Urbanowicz, 2020). The model's output files are the trained model saved in a PyTorch
format, a file containing the model's definition (tile size, classes, and model type), and an HTML file with details about the model's
performance.

2.3.2. Second-stage: ML modelling
The DL model output is utilized as reference data for the second stage of modelling to differentiate between aquatic and terrestrial
ecosystems (GBE) by seasons, with spectral indices (NDVI, NDWI, NDMI), elevation (m), and aquifer depth (GD) (m) as predictors.
This process includes data preparation, exploratory analysis, cross-validation (CV) partitioning, FIE, and accuracy evaluation. De-
cision Trees (DT) and Support Vector Machines (SVM) were implemented using scikit-learn (Pedregosa et al., 2011). DT divides a
dataset into increasingly smaller subgroups using the same splitting decision iteratively (Zhang et al., 2019). It can handle nonlinear
relationships and mixed predictor categories by default, and it is resistant to outliers and collinearity effects (Osborne and Alvares-
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Sanches, 2019). The disadvantage of DT is related to accuracy and instability as a result of error propagation down via consecutive
splits in the tree (Breiman, 1984).

The SVM algorithm classifies data by establishing an optimal hyperplane that can divide training data into a predefined number of
classes (Boser et al., 1992). The algorithm is based on the principle of structural risk minimization overcoming the problem of overfit-
ting (Wang et al., 2021a, b). SVM draw attention due to their robustness, accuracy, and suitability for small training data. However,
SVM take longer to perform, particularly with large datasets (Khwarahm, 2021).

To avoid any data leakage before completing other processes, a 10-fold stratified data partition (CV) is carried out for both ML
models. Two filter algorithms, the mutual information (MI) (Peng et al., 2005) and MultiSURF (Urbanowicz et al., 2018) (a Relief-
based feature selection algorithm) are used to score the importance of a feature based on how well a feature's value distinguishes sam-
ples that are like one another but belong to distinct classes (Pudjihartono et al., 2022). MI is proficient at analysing univariate associa-
tions between a feature and the target, while MultiSURF is sensitive to feature interactions without evaluating combinations of fea-
tures and examining only individuals very near and very far from one another (Urbanowicz et al., 2022).

The same set of functions used to assess models' accuracy in the first stage is used to evaluate predictions in this step, except the
ROC-AUC which is the metric added in this stage. A Receiver Operating Characteristic (ROC) curve is a graph that depicts a classifica-
tion model's performance across all categorization levels. The AUC (area under the ROC curve) is a function of recall and translates
models' accuracy. AUC values close to one mean better-performing classifiers and higher discrimination ability (Mouta et al., 2021).

Statistical comparisons of algorithm performance applied Kruskal-Wallis one-way analysis of variance to determine if any ML al-
gorithm or datasets yielded significantly different performance than the others for each evaluation metric (Urbanowicz et al., 2022).
For any metric where a significant difference is observed, Mann-Whitney U-tests and Wilcoxon Rank test will be calculated to identify
which algorithm yielded significantly better or worse performance. The Kruskal-Wallis (Kruskal and Wallis, 1952) is a nonparametric
statistical test that compares the differences in a single, non-normally distributed continuous variable between three or more indepen-
dently sampled groups. The Mann-Whitney U test compares two groups based on a single ordinal variable with no specified distribu-
tion (Mann and Whitney, 1947; Wilcoxon, 1945). The null hypothesis states that the n populations sampled have all the same aver-
age, whereas the alternative hypothesis states that at least one sample comes from a distribution with a different average.

3. Results and analysis

3.1. First-stage modelling

A land cover classification mapping GBE in the study area is the main outcome of this first-stage modelling. Sensitivity analysis is
an integral part of the models' development, involving an analytical examination of the model's settings such as Max Epochs, Batch
size, Tile size, Stride, and the number of classes.

The first sensitivity tests considered the maximum number of land use classes presented in the study area (17 classes), maximum
values for Tile size and Stride, and minimum values for Max Epochs and Batch size. The best results were obtained when the image chip
size in both dimensions (x, y) (Tile size) and the distance that separate tiles (Stride) were kept to a minimum, combined with a maxi-
mum number of iterations (Max Epochs) and Batch size. Keeping the Stride equal to the Tile size guarantees no overlapping in the con-
volutions. Considering all the existing classes in the study area (a total of 17), the model detected six of them. The other 11 classes did
not have a representative number of images and features to be modelled with good accuracy. Table 1 shows the land cover classes
considered in the first classification task, and those final classes selected by the best sensitivity test.

Table 1
Land cover classes used in the classification task, grouped by sensitivity tests. Legend: CLC — Corine Land Cover.

Sensitivity Test ~CLCLevel 1 ~ CLC Level 3  Label Detected (*)
First 2 211 Non-irrigated arable land
212 Permanently irrigated land *
213 Rice fields
221 Vineyards
231 Pastures
242 Complex cultivation patterns *
243 Land principally occupied by agriculture, with significant areas of natural vegetation
244 Agro-forestry areas
3 311 Broad-leaved forest *
312 Coniferous forest
313 Mixed forest
321 Natural grasslands
324 Transitional woodland-shrub *
331 Beaches, dunes, sands
4 411 Inland marshes *
5 511 Watercourses *
512 Water bodies
Best 2 242 Complex cultivation patterns *
3 324 Transitional woodland-shrub *
4 411 Inland marshes *
5 511 Watercourses *
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Fig. 3 shows the ground truth (first column) and predictions (second column) of the summer and spring models’ output. These
are the results of the first set of sensitivity analyses classifying 17 land cover classes, generating image chips with a size of
224 x 224 px, number of iterations equal to 40 and 100, and batch sizes of 16 and 32.

Decreasing the size of the tiles did not improve the classification accuracy, considering 17 classes. To overcome this, we tested ex-
cluding the small classes keeping the most representative samples. After testing with 12, 8, 6, and 4 classes, the best results were con-
sidering the following: 242 - complex cultivation patterns, 324 - transitional woodland shrubs, 411 - inland marshes, and 511 - water-
courses. Land cover class 242 includes cultivated land parcels with different cultivation types (temporary and permanent crops and
pastures) referred to as agricultural areas; 324 represents areas of the natural development of forest formations, transitional bushy
and herbaceous vegetation, referred to as woodlands; 411 refer to the wetlands including herbaceous and high floating vegetation in
areas usually flooded in winter, or saturated by fresh water all the year; and 511 represents natural or artificial surface watercourses
serving as water drainage channels. Fig. 4 highlights the influence of tile size (64 and 32 px) by comparing ground truth and predic-
tions for both seasons, considering four land cover classes, and keeping the maximum number of iterations (100) and batch size (64).

Ground Truth / Predictions — 17 classes, 224 px

wv
°
=
o
—_
B
&
=
-~
(%]
c
3
3
m
=
1%
<
3
3
m
=

Spring (100; 32)

Fig. 3. Ground truth and predictions of two different models for both seasons. The models were tested with 17 classes, image size of 224 x 224 px, number of iterations
equal to 40 and 100, and batch size of 16 and 32. Legend: Season (number of iterations; batch size).
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Fig. 4. Ground truth and predictions of two different models for both seasons. The models were tested with 4 classes, image sizes of 64 X 64 px and 32 X 32 px, num-
ber of iterations equal to 100, and a batch size of 64.
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The accuracy of the best multiclass models (four classes, 32 x 32 px image size, 100 epochs and 64 batches, both seasons) is pre-
sented in.

Table 2. The models' accuracy was greatest for the spring model, with agricultural areas and watercourses showing the highest
results in all metrics, followed by forests and wetlands. The model for the Summer season did not detect wetlands, but classified
forests with greater precision than in Spring. The LR slice notation (low; high) represents the combination of low and high values
referring to the LR for the first layer and the remaining trainable part of the model, respectively. The LR changes with every itera-
tion. The low and high LR were the same for both seasons, explained by both models’ settings configured to complete the itera-
tions, even when the system stopped learning.

The final procedure of this stage was building a binary model mapping GBE. A binary classification task is performed to classify
complex cultivation patterns, transitional woodland shrubs, inland marshes, and watercourses into GE and BE by seasons to be used
as reference data for the second-stage modelling. The models included a set of 7086 images (32 X 32 px) with 139,156 features, Tile
size (32 px) and Stride (32 px). The best models were selected after testing the number of iterations and batch size. Table 3 shows the
best results for the binary classifications. The Spring model (100; 64) showed a better performance than the Summer model for all
metrics and tests. The accuracy for the best Spring model (100; 64) is 0.876 and 0.866 for the Summer model (100; 64).

Sensitivity analysis showed that the Spring model did not have a considerable improvement after the 20™ iteration, even after in-
creasing the Batch size. While the Summer model needed five times more iterations to show some improvements. Nevertheless, the
optimal LR extracted from the learning curve during training was the same for both Summer models. Fig. 5 shows the evolution
through the iterations of the two models’ evaluation functions, accuracy, and Fl-score. After the 10 epoch, the accuracy for both
seasons did not improve much and had very small variations, while the F1-score kept increasing, and did not stabilize before the 80
iteration.

The training and validation losses are shown in Fig. 6. The graph displays the amount of error as the model trained over time. Even
though the Spring model has more deviation losses for training and validation (0.050; 0.055) than the Summer (0.037; 0.054), the
mean value of losses in the Spring model was (0.390; 0.343) against (0.445; 0.368) for the Summer model. The larger values for the
latter are explained by the higher losses verified at the beginning of modelling.

Table 2
DL models’ performance evaluation summary, considering seasons, the maximum number of iterations and batch sizes (Max Epochs; Batch size). Legend: Land
cover classes: 242 — agricultural areas, 324 — woodlands, 411 — wetlands, and 511 — watercourses, LR — Learning Rate.

Type Model (100; 64) Class Accuracy F1-score Recall Precision LR (low; high)

Multiclass Spring 242 0.814 0.872 0.932 0.819 1.0965e-05; 1.0965e-04
324 0.627 0.518 0.795
411 0.481 0.354 0.752
511 0.785 0.770 0.801

Summer 242 0.790 0.862 0.950 0.789 1.0965e-05; 1.0965e-04
324 0.540 0.402 0.818
411 0 0 0
511 0.740 0.717 0.766
Table 3

DL models’ performance evaluation summary, considering seasons, number of iterations and batch size (Max Epochs; Batch size). Legend: LR - Learning Rate.

Type Model Accuracy Fl-score Recall Precision LR (low; high)

Binary Spring (100; 64) 0.876 0.650 0.576 0.740 9.120e-06; 9.120e-05
Summer (100; 64) 0.866 0.622 0.543 0.729 7.586€-06; 7.586e-05
Spring (20; 8) 0.876 0.648 0.575 0.743 2.754e-05; 2.754e-04
Summer (20; 8) 0.846 0.529 0.434 0.677 7.586e-06; 7.586e-05

Pixel accuracy and F1-score per epoch
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Fig. 5. Evolution of models' performance through iterations for both seasons.
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Training and Validation loss per epoch
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Fig. 6. Training and validation loss per epoch for the Spring and Summer models.

3.2. Second-stage modelling

3.2.1. Exploratory analysis

The exploratory analysis draws evidence about the relationship between predictors by calculating Pearson's correlation coeffi-
cient. The analysed datasets have 14,385 instances, five numerical features (NDMI, NDVI, NDWI, DEM and GD), and no missing val-
ues. A scatterplot matrix with correlations and variable distribution for each ecosystem type by season can be found in (Appendix A.
Supplementary Material - Fig. S1). Table 4 summarizes the results of Pearson's correlation by ecosystem type (GE and BE) by season.

For all ecosystem types and seasons, NDMI showed a high positive correlation with NDVI, and NDWI showed a high negative cor-
relation with NDVI and NDMI. The values for DEM followed a pattern of negative correlation with NDMI, and NDVI, and positive with
NDWI, except for BE in the Summer, where the associations oppositely changed. The relationship between DEM and GD was negative
for all seasons but for BE in the Summer, the value was twice higher (—0.747). The correlation between GD and the spectral indices
also followed a pattern, except for BE in Summer, where the values reversely changed.

The GE Spring model revealed a strong positive association between NDMI and NDVI (0.803), but negative correlations between
NDWI and NDMI (-0.732), and NDWI and NDVI (—0.969). The correlation of NDMI and NDWI with topography was at least three
times more in the Summer than in the Spring, and NDVI double increased between these seasons.

3.2.2. Estimates of feature importance

Fig. 7 compares the FIE between seasons and ML algorithms, for the GE. In the Spring, the DT model estimated NDMI (0.19) as
the most representative feature, while SVM predicted NDVI (0.23), but also NDWI (0.18) and NDMI (0.17). In the Summer, SVM and
DT estimated NDWI as the most relevant feature and all the other predictors were also considerably weighted, except DEM.

For aquatic ecosystems in the Spring season (Fig. 8), SVM highlighted NDWI (0.18) and NDVI (0.16) as the most relevant vari-
ables, while DT homogeneously weighted all predictors, except aquifer depth. In the SVM Summer model, elevation (0.30) and
groundwater depth (0.25) were the most important features estimated by those two algorithms. DT excluded NDWI as a predictor in
the classification of the BE and did not give much consideration to NDMI and NDVI.

Table 4
Pearson's correlation coefficient by ecosystem type (GE and BE) by season. Legend: GE — Green Ecosystems, BE — Blue Ecosystems, DEM - Digital Elevation Model,
GD - groundwater depth.

Ecosystem/Season Predictor Pearson Correlation

GE Spring NDMI NDVI NDWI DEM GD
NDMI 0.803 -0.732 -0.255 0.123
NDVI —-0.969 —-0.468 0.196
NDWI 0.467 -0.204
DEM —-0.388

GE Summer NDMI NDVI NDWI DEM GD
NDMI 0.795 -0.717 -0.617 0.185
NDVI -0.964 -0.900 0.293
NDWI 0.966 —-0.334
DEM —-0.386

BE Spring NDMI NDVI NDWI DEM GD
NDMI 0.791 -0.738 -0.120 0.048
NDVI —-0.963 —-0.305 0.132
NDWI 0.326 -0.133
DEM —-0.383

BE Summer NDMI NDVI NDWI DEM GD
NDMI 0.753 —-0.733 0.118 —-0.096
NDVI —-0.950 0.066 —-0.049
NDWI —-0.080 0.079
DEM -0.747
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Fig. 8. Blue Ecosystems feature importance estimates.

3.2.3. Models’ performance comparison

Table 5 displays the comparative performance between SVM and DT models. The overall results point out that SVM performed
best, with all values greater than those obtained using the DT algorithm. The GE Spring model overcomes the Summer results regard-
ing precision. The GE Summer model shows higher values for accuracy, recall, and F1-score. The BE Summer model performed bet-
ter than the BE Spring in all accuracy functions.

Statistical comparisons of algorithm performance applying Kruskal-Wallis one-way analysis of variance to determine if the algo-
rithms yielded significantly different performance for each evaluation metric. The Kruskal-Wallis significance results compare algo-
rithms for each metric/dataset combination, showing that accuracy, F1-score and recall were significantly different in the GE Spring
and Summer models. ROC-AUC is significantly different for GE Spring, and BE Spring and Summer models, and F1-score and preci-
sion for BE Spring.

Where these differences were observed, the Mann-Whitney U-tests and Wilcoxon Rank test were calculated to identify which algo-
rithm yielded significantly better or worse performance, but any of these tests was significant to point out a single ‘winner’ algorithm
across all metrics.

4. Discussion

Overall, this research was motivated by limitations acknowledged in previously published studies regarding the deployment of
multi-season satellite-based models to categorize GBE and establish the link between drivers. Few studies have investigated the re-
sponse of GBE to seasonality, such as Barron et al. (2014), Mpakairi et al. (2022a, b), Kundu et al. (2022) and Zhang et al. (2022), but
none have gone so far as this research to develop a hybrid approach to classify GBE and understand the relationship between ecosys-
tems, seasonal climate, and groundwater presence. The comparison between seasons captured the effects of seasonal climate varia-
tion and relationships between GE and BE. In dry periods, forests, lakes and rivers, and wetlands tend to show water stress, but if they
have access to water sources, such as groundwater, the impacts between seasons tend to be less.

Seasonal GBE mapping has been studied in various parts of the world, often limited to local-scale investigations or specific cli-
matic zones. Our study focused on analysing similar approaches carried out in river basins or aquifer systems that commonly experi-
ence dry events and understanding and overcoming their main challenges. The findings agreed with previous research as vegetation
uses groundwater more during the driest season of the year when alternative water sources become depleted and evapotranspiration
demand increases (Aldous and Gannett, 2021).

During the first stage of modelling, a set of sensitivity analysis tests was performed to understand which hyperparameters influ-
ence models' accuracy and to identify important uncertainty sources. Sensitivity analysis involves an analytical examination of the in-
put data and hyperparameter settings. The sensitivity tests increased our understanding of models' behaviours and improved models’
predictions. The use of this technique helped to provide guidance for future research and produce more accurate models. The out-
comes of this step can stand alone as an efficient method to classify land cover (multiclass and binary) using DL in ArcGIS Pro but also
can be used in an integrated approach, as proposed in this research.
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Table 5
Models’ performance values. Legend: Significance level set at 0.05 — Sig (*).

Model Algorithm Accuracy F1-score Recall Precision ROC-AUC
GE Spring SVM 0.781 0.870 0.781 0.984 0.861
DT 0.738 0.842 0.739 0.979 0.788
Statistic 3.857 3.857 3.857 2.333 3.857
P-Value 0.049 0.049 0.049 0.126 0.049
Kruskal-Wallis Sig(*) * * * *

Whitney U-tests Sig(*)
Wilcoxon Rank Sig(*)

GE Summer SVM 0.807 0.886 0.812 0.976 0.832
DT 0.774 0.864 0.776 0.975 0.826
Statistic 3.857 3.857 3.857 0.428 0.428

P-Value 0.049 0.049 0.049 0.512 0.512
Kruskal-Wallis Sig(*) * *
Whitney U-tests Sig(*)
Wilcoxon Rank Sig(*)

BE Spring SVM 0.800 0.366 0.785 0.238 0.875
DT 0.781 0.334 0.747 0.216 0.825
Statistic 1.190 3.857 0.428 3.857 3.857
P-Value 0.275 0.049 0.512 0.049 0.049
Kruskal-Wallis Sig(*) * * *

Whitney U-tests Sig(*)
Wilcoxon Rank Sig(*)

BE Summer SVM 0.935 0.689 0.980 0.532 0.982
DT 0.929 0.665 0.965 0.507 0.975
Statistic 0.784 1.190 2.333 0.428 3.857
P-Value 0.375 0.275 0.126 0.512 0.049

Kruskal-Wallis Sig(*) *
Whitney U-tests Sig(*)
Wilcoxon Rank Sig(*)

The results also showed that the DL classification models (Spring and Summer) performed better considering a smaller number of
classes, and a higher number of iterations and batch sizes. These models performed slightly better using the Spring dataset to classify
transitional woodland shrubs, wetlands, agricultural areas, and watercourses than using the Summer dataset, which did not capture
wetlands.

A good example of wetlands in the study region is the protected area Paul do Boquilobo Nature Reserve, a Biosphere Reserve rec-
ognized by UNESCO since 1981. It includes inland marshes with areas saturated with water long enough to promote aquatic
processes. The DL Spring model was able to delineate seasonal wetlands, discriminating the inland marshes class. The DL Summer
model could not differentiate wetlands from the other classes. Instead, it classified seasonal wetlands as a mix of herbaceous vegeta-
tion and surface water. Barron et al. (2014) also reported difficulties in the delineation of wetlands in a groundwater basin in the
south-west of Western Australia, as these ecosystems are mostly dependent on long-term hydrological regimes. In their study, it is
claimed that their approach is better suited for mapping GBE in places with a distinct and extended dry season, with an overall classi-
fication accuracy varying from 59% to 91%, which is in line with our results, ranging from 73.80% to 93.50%.

The second-stage modelling provides advanced understanding through exploratory data analysis, assessing the spatial-temporal
distribution of GBE and estimating the relationship between ecosystem types, predictors, and seasons. FIE demonstrates the novelty of
combining satellite-derived indices, topography, and aquifer depth to improve the model's quality. The comparison between ML algo-
rithms expanded our knowledge and pointed out baselines for future research.

Spectral indices (NDVI, NDWI, and NDMI) showed high positive and negative associations, in all models. Topography presented
relevant associations with the spectral indices particularly when modelling GE in the Summer season. In the BE Summer model,
aquifer depth and elevation were highly negatively correlated with each other. This contrasting relationship was expected in the
study area in this season, as the surface water yield depends on the groundwater level (Almeida and Cabral, 2023). This relationship
between drivers aids in the delineation of areas with a higher moisture signature at the surface and the detection of thermal anom-
alies, which are often linked to a higher level of water availability in groundwater discharge zones. Large changes in climatic condi-
tions, along with continued groundwater abstraction, may result in large variations in groundwater discharges to rivers, springs, and
wetlands, causing impacts on the extent of GBE.

FIE evidenced that satellite-derived indices are efficient in delineating GE in both seasons and BE in the Spring, and topography
and the aquifer depth for the BE Summer model. The results are compatible with those presented by Barron et al. (2014) in the
Mediterranean climate zone of Australia when interpreting the land surface response to dry from combined changes in spectral in-
dices (NDVI and NDWI). Their findings revealed that GBE are characterized by high NDVI and NDWI values at the start of the dry sea-
son, but rapidly decrease as vegetation dries up and the moisture content of the soil falls below the soil field capacity.

The high values of NDVI are also an indication of vegetation heterogeneity as demonstrated in the research carried out by
Mpakairi et al. (2022a, b). Their findings revealed that vegetation heterogeneity in a transboundary aquifer located between
Botswana and South Africa was higher during the wet season and lower during the dry season, and places with a high water table
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(e.g., a spring or groundwater seepage) are more ecologically varied than areas with a low water table in arid conditions. These find-
ings also justify the relationship between NDVI and GD in our results. Kundu et al. (2022) utilized NDWI to map water depth, hydro-
period, and consistency of water presence in a transboundary river (Punarbhaba River) that connects India and Bangladesh. The high-
est positive NDWI values suggest greater water thickness, which confirms our results regarding the importance of NDWI in mapping
GBE in the Spring.

The elevation and groundwater depth are some of the important variables in hydro-ecological models (O'Grady et al., 2011),
which was also verified in our results. The topography creates specific habitats that influence the occurrence of certain plant species,
and the groundwater depth is a proxy for detecting whether ecosystems can freely access water, periodically or not (Eamus et al.,
2006). The water presence has the potential to influence the status of GBE, therefore groundwater draw-down and unsustainable
groundwater abstraction are compromising ecological integrity at all levels (Eamus and Froend, 2006). Kundu et al. (2022) found
that water depth is a factor of ecosystem resilience, as many species that like to reside at different depths benefit from deeper water
depth.

Performance comparison between algorithms indicates that SVM was better than DT in mapping inland GE and BE in both sea-
sons. These methods are the most used to model complex class signatures (Maxwell et al., 2018). SVM may perform better with imbal-
anced data, due to its stronger generalization capacity, even with small training sample sizes (Tarantino et al., 2021). While DT has
the disadvantage of instability due to the propagation of errors down through subsequent splits in the tree (Breiman, 1984). Zhang et
al. (2022) tested six ML algorithms including SVM and DT to classify GBE in the groundwater discharge zones of the Great Plains
Aquifer system in eastern Nebraska. Their optimal model (SVM) achieves an overall accuracy of 99.95% for BE classification, against
93.50% obtained in our BE Summer model. For GE classification, their gradient tree boost model achieves an overall accuracy of
94.07% while here the best accuracy for GE is 80.70%, also with SVM.

Our findings require testing other algorithms and methods, in locations with similar environmental characteristics. The statistical
tests did not allow us to choose the best algorithm but evidenced that the performance comparisons within the selected metrics were
significantly different. Barron et al. (2014), Mpakairi et al. (2022a, b), and Kundu et al. (2022) refer as a limitation that the large-scale
technique may not discover seasonal GBE smaller than 30 x 30 m, suggesting efforts for model development using a finer scale, as
the present study does, using satellite imagery with 10 m spatial resolution.

Seasonal changes in the greenness of vegetated land can be linked to phenological patterns of vegetation and climate-vegetation
interactions. Because of limited rainfall, semi-arid and arid environments are water-scarce, and vegetation relies on surface or subter-
ranean water (Sahana et al., 2022). The GBE are potentially exposed to climate change because of this (Pandey et al., 2023). Apart
from climate and lowering of groundwater level, land cover changes also drive changes in GBE (Mpakairi et al., 2022a, b). Urban
sprawl, population growth, and increased agricultural area demand are the predominant drivers of land conversion (Kundu et al.,
2022).

Future work can expand the methodology to assess GBE at the national scale and explore other spectral indices, landscape metrics,
and contextual data to flag the location and characteristics of GBE. Classifying GBE by seasons in a two-step modelling approach has
the benefit of getting the most out of those techniques and adds value to the modelling process by working with subset types of the
data. An alternative way to overcome those concerns and handle those large datasets would be using cloud-based storage and com-
puting resources. Even though depending on spatial and spectral resolutions, the process would also require sub-setting.

Moreover, more research is needed to discriminate seasonal wetlands from flooded areas and shrublands, which may require dif-
ferent approaches as they have different responses in terms of reflectance, water requirements, phenology, and spatial and temporal
patterns. Concerns came out under this scenario and must be explored in future studies, such as 1) Would it be necessary to include
other bands that are specifically able to capture those unique ecosystems in the Summer, or to use other spectral indices or landscape
metrics to highlight them? 2) Which algorithms would better to capture these seasonal variations in wetlands? and, 3) Which should
be a reasonable scale of modelling to detect them?

5. Conclusions

The overall aim of the study is to have a better understanding of how GBE systems should be modelled considering the dynamics of
land use and seasonal climate effects. The approach uses SEO products to detect seasonal climate variations and relationships in the
implementation of seasonal satellite-based data-driven models. The sensitivity analysis advanced the knowledge in applying DL mod-
els in complex landscapes using GIS tools. The sensitivity tests showed that the hyperparameter settings are key to building accurate
models and maximizing the benefits of each technique. FIE demonstrated the novelty of applying satellite products with contextual
data to empower the model's quality. The findings of this study indicate the feasibility of using an observation strategy to continu-
ously monitor the GBE of the Lower Tagus Aquifer system, as well as in other parts of the world.
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