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Abstract: While groundwater-dependent ecosystems (GDEs) occupy only a small por-
tion of the Earth’s surface, they hold significant ecological value by providing essential
ecosystem services such as habitat for flora and fauna, carbon sequestration, and erosion
control. However, GDE functionality is increasingly threatened by human activities, rainfall
variability, and climate change. To address these challenges, various methods have been
developed to assess, monitor, and understand GDEs, aiding sustainable decision-making
and conservation policy implementation. Among these, remote sensing and advanced
machine learning (ML) techniques have emerged as key tools for improving the evaluation
of dryland GDEs. This study provides a comprehensive overview of the progress made in
applying advanced ML algorithms to assess and monitor GDEs. It begins with a systematic
literature review following the PRISMA framework, followed by an analysis of temporal
and geographic trends in ML applications for GDE research. Additionally, it explores differ-
ent advanced ML algorithms and their applications across various GDE types. The paper
also discusses challenges in mapping GDEs and proposes mitigation strategies. Despite
the promise of ML in GDE studjies, the field remains in its early stages, with most research
concentrated in China, the USA, and Germany. While advanced ML techniques enable
high-quality dryland GDE classification at local to global scales, model performance is
highly dependent on data availability and quality. Overall, the findings underscore the
growing importance and potential of geospatial approaches in generating spatially explicit
information on dryland GDEs. Future research should focus on enhancing models through
hybrid and transformative techniques, as well as fostering interdisciplinary collaboration
between ecologists and computer scientists to improve model development and result
interpretability. The insights presented in this study will help guide future research efforts
and contribute to the improved management and conservation of GDEs.

Keywords: anthropogenic pressure; data analytics; drylands; ecological integrity; hydrological
uncertainty; spatial data; water resources

1. Introduction

Groundwater plays a crucial role in supporting human systems and preserving the
ecological balance of Earth’s ecosystems, particularly amid growing uncertainties in surface
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water availability due to climate change, rainfall fluctuations, drought, and rapid popula-
tion expansion [1]. While accounting for 96% of the planet’s unfrozen freshwater resources,
groundwater serves as the primary drinking water source for approximately 1.5-3 billion
people [2]. Globally, groundwater satisfies half of the total water demand, a figure expected
to rise due to climate change-induced hydrological unpredictability [3]. Agricultural ac-
tivities drive 60-70% of global groundwater usage, while industrial needs account for the
remaining 40%. Unsustainable exploitation of groundwater resources leads to adverse
effects, including water quality degradation and diminished recharge of water bodies such
as lakes, wetlands, and water-dependent ecosystems [4]. Variations in temperature and
rainfall patterns alter hydrodynamic conditions, affecting groundwater recharge rates and
mineralization processes, leading to salinization [5,6]. Continued reliance on groundwater
threatens both human and ecological systems, especially groundwater-dependent ecosys-
tems (GDEs), which are susceptible to the unintended consequences of excessive groundwa-
ter extraction [7]. The structure, biodiversity, composition, and ecological functions of GDEs
are intricately linked to natural groundwater availability [8]. These ecosystems, which
include cave systems, terrestrial vegetation, and water-dependent surface features like
rivers, lakes, wetlands, and estuaries, provide vital ecosystem services such as biodiversity
maintenance, food production, recreation, flood control, carbon sequestration [9], erosion
prevention, and habitat provision [10,11]. Given the significant benefits of dryland GDEs
and the looming threat from global change, research into groundwater and ecosystem
conservation has become a pressing issue. Ecological conservation endeavors primarily
focus on broader ecosystems, with limited attention given to dryland GDEs, which are
particularly sensitive to fluctuations in water availability. Significant research efforts are
necessary to deepen our understanding of the intricate relationship between groundwater,
dryland GDEs, and global environmental changes, ensuring that socioeconomic progress
does not compromise ecosystem functionality. Consequently, it is imperative to devise
practical methodologies for efficient monitoring aimed at conserving dryland GDEs under
evolving climate conditions [12-14].

The spatial delineation of dryland GDE patterns and their extent poses significant chal-
lenges due to their heterogeneous nature. Conceptually, interactions between groundwater
and surface water, as well as between groundwater and vegetation, entail diverse hydrolog-
ical, physicochemical, and biogeochemical processes occurring across various spatial and
temporal scales, which are difficult to assess [15,16]. The evaluation of these interactions
demands assessment methodologies that are both financially viable and technically feasible,
applicable across both developing and developed nations [16,17].

Previous research has utilized ground-based field techniques to evaluate and monitor
vegetation health, diversity, composition, and above-ground biomass in GDEs [14]. For
instance, ref. [14] conducted field assessments to verify the presence of presumed GDEs,
employing various measurements such as soil coring to assess rooting depth, stable isotope
analysis, soil moisture analysis, and matching leaf water potential. Additionally, ref. [18]
investigated how groundwater depth influences leafing intensity through field surveys of
dryland phreatophytes. Although these methods are inferential, they yield precise data for
comprehensive assessments of dryland GDE status. However, field-based measurements,
while accurate, often suffer from limited spatial coverage. Consequently, capturing the
inherent distribution and composition of diverse vegetation species within dryland GDEs,
particularly in remote or resource-constrained areas, presents challenges [19]. Moreover, this
approach is labor-intensive, time-consuming, and expensive, without adequately addressing
the complexities associated with delineating the spatial extent of dryland GDEs. As a result,
the information derived from such methods is temporally and spatially constrained.
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Automated, near-real-time remotely sensed data have emerged as a critical resource for
acquiring spatially explicit information regarding the status and distribution of GDEs at both
local and global scales. The distribution of GDEs is characterized by sporadic occurrences,
with facultative GDEs exhibiting ephemeral characteristics, posing challenges for continuous
monitoring. To address these challenges, multi-spectral and hyperspectral remotely sensed
data obtained from satellite sensors have proven invaluable. Hyperspectral sensors like Project
for Onboard Autonomy (PROBA-1), PRISMA, and Hyperion offer detailed information owing
to their fine spectral resolution, although access to such data may be limited. Conversely,
multispectral datasets from sensors such as Moderate Resolution Imaging Spectroradiometer
(MODIS), Landsat, and Sentinel, while possessing lower spectral resolutions compared to
hyperspectral datasets, are readily accessible to the public for various applications, including
GDE assessments. The spectral characteristics of these datasets range from coarse to very high
spectral resolution, making them suitable for GDE assessments across different scales. Fur-
thermore, timely acquisition of remotely sensed data enhances the potential for distinguishing
GDEs through spectral texture analysis. Recent advancements have demonstrated not only
the potential of remotely sensed datasets for delineating GDEs but also for assessing their
composition, vegetation species diversity, water use characteristics, and land use/land cover
changes (LULCC) impacting GDE status. Moreover, advances in sensor technology have
facilitated the acquisition of freely available, high-quality satellite datasets, providing reliable
information necessary for detecting inherent temporal ecohydrological changes. Consequently,
research integrating remote sensing data is gaining traction, as it effectively addresses the
limitations associated with traditional ground-based measurements. The advancement in
sensor technology, data quality, and availability developed is coupled with advancement
classification and regression methods that make GDE assessment efficient. One of these is the
introduction of machine learning (ML) algorithms, which are statistical methods crucial in
extracting meaningful, mapping-predicted habitat suitability of GDEs from vast amounts of
geospatial data [20].

Furthermore, while previous studies have extensively reviewed remote sensing ad-
vancements in GDE assessments [20-24], they often lack a focused examination of the
nuanced application of machine learning (ML) to maximize the potential of freely ac-
cessible, open-source data for continuous GDE monitoring, especially in resource-limited
regions. The integration of ML is crucial for efficiently processing the complex and heteroge-
neous nature of GDEs, enabling precise mapping of their distribution, accurate assessment
of vegetation diversity and health, and effective analysis of temporal ecohydrological
dynamics [24-27]. Given the rapid proliferation of remote sensing data, sophisticated ana-
lytical tools like ML are indispensable for extracting meaningful insights [26]. Specifically,
ML algorithms offer enhanced capabilities in distinguishing subtle spectral differences,
vital for differentiating various GDE types, including small dryland wetlands, patchy
vegetation, and ephemeral water bodies with similar spectral characteristics [23,25]. This
systematic literature analysis aims to evaluate the geographic and temporal adoption of ML
in GDE studjies. It will also provide a background on relevant ML algorithms, assess their
application to diverse GDE types, and evaluate their performance in GDE assessments.
Moreover, this study will identify challenges in integrating ML into GDE studies and
provide recommendations for future research. This comprehensive approach is essential
for accurate GDE assessment and conservation, facilitating a deeper understanding of their
intricate relationships with groundwater and environmental changes.

2. Literature Search

A systematic literature search was conducted using the SCOPUS database to investi-
gate the role of remote sensing and machine learning, particularly within the application for
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GDE assessments. The search strategy employed the query: ALL (machine AND learning
AND vegetation AND phreatophyte OR wetland) AND PUBYEAR > 1999 AND (LIMIT-TO
(SUBJAREA, “EART”) OR LIMIT-TO (SUBJAREA, “ENVI”)). This yielded 480 articles,
which were subsequently filtered using the Preferred Reporting Items for Systematic Re-
views and Meta-Analysis (PRISMA) guidelines (Figure 1). Inclusion criteria were as follows:
(1) clear application of machine learning in GDE assessments, (2) publication in interna-
tional peer-reviewed journals, (3) English language, (4) availability of free PDF access, and
(5) provision of detailed methodologies and quantitative data for evaluating machine learn-
ing algorithms. Articles were automatically excluded if they did not meet these criteria, i.e.,
were duplicates, were literature reviews, or were not in English. This resulted in 178 articles.
For each provided article, data on title, country, and publication year were imported into
an Excel database for further analysis. Linear regression was used to analyze the temporal
evolution of publications, while a heatmap, generated using Matplotlib 3.10.0, was em-
ployed to visualize the geographical distribution of publications related to GDE assessment
and machine learning applications. Following the initial screening, titles, abstracts, and
full articles were assessed for relevance, focusing on studies that evaluated terrestrial GDE
distribution and composition using machine learning techniques and provided sufficient
quantitative information. This process resulted in 65 articles, which were analyzed in this
systematic review. Additional relevant articles were identified through the reference lists of
these remaining studies, following the methodology of ref. [28] indicated in Figure 1.

Scopus
(n=483)

Yourbndmap

#484

Records removed before screening:

records marked as ineligible by automation tools;
limit to research articles, journal, English, open
access

Screened by title and Screened based on
! Screened by abstract
abstract relevance of full text

Figure 1. Systematic review process.

3. Results and Analysis
3.1. Publication Trends in Machine Learning and GDE Assessments

The analysis reveals a significant increase in the application of machine learning tech-
niques for assessing GDE, more specifically wetlands, vegetation, and surface water bodies

maintained by groundwater. The analysis of publication trends from Scopus indicates a
dynamic and increasing cumulative trend in publications on GDEs using machine learning
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techniques (Figure 2). This indicates a growing interest and relevance of the application of
machine learning in this field. The increasing interest in and application of machine learn-
ing (ML) techniques for assessing groundwater-dependent vegetation and wetlands can
be attributed to advancements in technology, improved data availability, and heightened
awareness of the ecological value of these ecosystems. These factors have collectively fostered
innovations in monitoring and managing wetland environments, enabling a more detailed
and efficient approach to ecological studies. A significant contribution to this trend is the
integration of high-resolution remote sensing data with ML algorithms, which has trans-
formed the monitoring of wetland ecosystems. Applications utilizing multispectral imagery
and unmanned aerial vehicles (UAVs) have demonstrated that these technologies provide
superior spatial resolution and spectral data, essential for accurate classification of wetland
vegetation. Research indicates that machine learning models like Random Forest and Support
Vector Machines are effective in identifying and quantifying vegetation health and stress
indicators [29-31]. The capacity to process and analyze large datasets through ML allows for a
more comprehensive assessment of wetland conditions compared to traditional methods [31].
Moreover, the rising availability of big data has enabled scientists to implement machine
learning techniques across various ecological domains, fostering new insights into complex
interactions within ecosystems. Machine learning models do not impose strict assumptions
about data distribution, which enhances their applicability in ecological studies characterized
by nonlinear relationships [32]. This flexibility empowers researchers to predict changes in
GDEs in response to varying environmental conditions [33]. Furthermore, there is a renewed
focus on the ecological importance of GDEs as vital habitats supporting biodiversity and
ecosystem services, which has spurred research interest. The challenges posed by climate
change and human impacts underscore the necessity for effective monitoring tools. Conse-
quently, the application of ML in assessing ecological health and forecasting future changes
has become increasingly pertinent [31-35]. The ability of ML techniques to synthesize vast
amounts of information and provide actionable insights is critical in establishing effective
conservation strategies for these delicate ecosystems. Finally, the cross-disciplinary nature
of machine learning encourages collaboration among ecologists, computer scientists, and
data analysts, enhancing the sophistication of ecological models and methodologies [23,36].
Collaborative networks that share data and ML models contribute to a broader appreciation
and understanding of these approaches within ecological research [37]. Despite the growing
interest, a total of 100 publications over 17 years presents opportunities for further research
and the development of ML-based assessment techniques for GDEs.
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Figure 2. Comparison of total publications and semi-arid publications from 2010 to 2024.
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3.2. Geographical Trends of Machine Learning-Based Research on GDEs

Figure 3 illustrates the global trend in GDE studies utilizing ML. Most of these studies
originate from United States of America (USA) (65), China (49), and Germany (34). In contrast,
Africa demonstrates a significant gap, with only 42 publications across the entire region. The
dominance of ML applications for assessing GDEs and wetlands in regions like the USA,
China, and Germany, contrasted with their limited use in Africa, can be attributed to several
interrelated factors linked to socio-economic context, technological infrastructure, research
capacity, and data availability. First, the level of technological advancement and infrastructure
supporting scientific research varies significantly between these regions. Countries like the
USA, China, and India have extensive research funding, advanced technological capabilities,
and established institutions dedicated to environmental studies, enabling the integration of
ML techniques in GDE assessments [38,39]. In contrast, many African nations face challenges
including limited research funding, a shortage of trained professionals in data science and
ecology, and less access to advanced technologies necessary for deploying ML algorithms
and analyzing large datasets [40,41]. Furthermore, the disparity in data availability plays a
crucial role in the application of ML in ecosystem studies. High-resolution data from remote
sensing technologies and comprehensive ecological datasets in developed countries facilitate
the use of sophisticated ML techniques that require vast and diverse training datasets [30,42].
Conversely, data scarcity in Africa, often compounded by inadequate localized studies or
insufficient infrastructure for data collection, hampers the effective application of ML in
assessing GDEs [43,44]. For instance, research in the USA and Europe leverages data collected
over decades, while in many African regions, similar datasets are often still being compiled or
are inconsistent and fragmented [40,41,45]. Additionally, there is generally greater awareness
and recognition of the ecological importance of GDEs in developed nations, which translates
into proactive environmental policies and conservation efforts that incorporate ML method-
ologies [30,46]. Subsequently, there is opportunity to expand research on GDEs and to build
capacity for leveraging ML and freely available datasets to support GDE conservation efforts
more specifically in African countries.

751

50 4

254

-25

-50

-75

1‘0 Zb 3’0 40 50 60
Number of Publications by Country
Figure 3. Heatmap of the number of publications by country for the period 2008-2024. The regions in
white represent countries with no record of groundwater-dependent ecosystems studies utilizing
machine learning.
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4. Analytical Algorithms for Evaluating GDEs Using Remotely
Sensed Data

Compared to traditional field monitoring, GIS and remote sensing offer rapid and
efficient methods for GDE assessment. GIS approaches can be broadly categorized as
either human-computer interactive visual interpretation or automated (supervised and
unsupervised) classification methods [20,47,48]. While visual interpretation, conducted
by experienced experts, yields high-quality classifications, it is time-consuming, prone to
bias, and difficult to scale [20,40]. Conversely, automated, pixel-based classifiers are swift,
cost-effective, and scalable across various temporal and spatial scales. Consequently, they
are widely employed in GDE monitoring [14,49,50]. For example, ref. [50] successfully
mapped water-dependent wetlands and their temporal changes using a combination of
hierarchical object-based image analysis, user-defined parameters, and a classification
regression tree algorithm, achieving high mapping accuracies (>90%). This highlights the
efficacy of automated pixel-based methods for rapid GDE classifications. Unsupervised
classification, an automated technique involving clustering without human input, offers
unbiased and rapid image classification. However, it often suffers from lower accuracy,
particularly with low-quality or sparsely distributed data [51]. Supervised classification,
which requires training models with manually selected sampling points, generally yields
more accurate results due to the use of artificial ancillary training [51]. The accuracy of
supervised classification is, of course, influenced by the method used and data quality.

With the advancement of satellite sensors providing high and moderate resolution
imagery, object-based image (OBI) classification has gained prominence. OBI classification,
which considers spectral signatures and pixel characteristics like texture, shape, and spa-
tial context, improves upon pixel-based classifiers [52,53]. OBl is particularly suited for
high-resolution datasets, as image segmentation reduces heterogeneity and noise [54]. This
enhances spectral separability for classifying complex features like dryland GDEs, which
have inconsistent shapes and spectral responses [55,56]. However, image segmentation
in OBI can reduce accuracy if not properly calibrated, leading to mis-segmented images
and classification errors [57,58]. Hybrid methods, combining pixel-based classification and
object-based segmentation, have demonstrated improved vegetation monitoring accuracies
(>90%) [59-62], indicating the potential of OBI classification for GDEs, especially when
integrated with high spatial resolution data and advanced machine learning algorithms.
While single indicator methods from unsupervised classification can be used for GDE clas-
sification, they often overlook crucial factors, resulting in lower accuracy [51]. Multi-scale
object-based image analyses, which incorporate numerous variables and image segmenta-
tion, provide contextual information vital for classifying heterogeneous GDEs. However,
managing these large datasets requires appropriate analytical algorithms.

Machine learning algorithms, such as RF, Classification and Regression Trees (CART),
and Support Vector Machines (SVM), have proven effective in mapping and modelling
GDE distribution by mitigating the effects of feature selection [56,62,63]. These algorithms
can handle diverse data types and correlated variables, which is particularly useful in
GDE studies [62]. Table 1 provides a summary of commonly used ML algorithms for
GDE classification, including decision trees, SVM, RF, Naive Bayes (NB), Gradient Tree
Boosting (GTB), and Artificial Neural Networks (ANN). Decision trees are valued for their
interpretability, while SVMs excel with high-dimensional data [63,64]. RF, by aggregat-
ing multiple decision trees, improves predictive accuracy and reduces overfitting [64,65]
ANNSs are adept at modelling non-linear relationships, common in ecological data. In
ref. [56,64,66], the authors demonstrated the effectiveness of RF, SVM, and CART in map-
ping seasonal wetlands, while NB performed poorly. Ensemble learning methods and
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hybrid models, blending deep learning with traditional statistics, are also gaining traction,
offering improved accuracy and interpretability [67].

Table 1. Characteristics of commonly used machine learning classifiers.

Artificial .
Factor Neural Decision Trees Random Forest Gr;i;eslzitn"l;'ee Sull\)/})a(lli:izzztor Naive Bayes
Networks
Type Connectlor.ust, Tree-based Ensemble Enserr}ble Kernel—bas.ed, Probabilistic
deep learning (bagging) (boosting) geometric
. . . Moderate to
Computational High (especially Low to Moderate High high (with Very low
Cost deep models) moderate
kernels)
- High (easy to Moderate Low (complex . ModeFate' High (sgr}ple
Interpretability Low (black box) understand) (harder than ensemble) (difficult in high probability
DTs) dimensions) outputs)
Feature Minimal Requires Requires Requires
Engineerin (automatically ~ manual feature Minimal Minimal feature scaling independent
& & learns features) selection and selection features
Good
Performance Poor (needs Good Good Moderate to (especially with Excellent
on Small Data large datasets) good kernels)
Overfitting High (needs High (prone to Low (averages Mode‘ratg Low to
A deep trees . (regularization Low
Tendency regularization) overfitting) multiple trees) heeded) moderate
Long Slow (especially lailoe‘/\::lg’/:;lstgts
Training Time  (especially deep Fast Moderate with many & Very fast
models) trees) anl(il Comlp)l ex
ernels
. . Moderate
Generalization High (with . . .
Ability enough data) (depen.ds on High High High Moderate
pruning)
. . High (for small .
sty IO gl oty MG Medeeto Rty g
big data)
Climate change
. Simple L . impact . .
disstl;)ie‘tftlliison environmental Els(:s;‘s]g:gf modelling, im}l));)cutusttlsgies classiiaczlt(iion of
modelling, impact species—habitat h.ablta.t land cover species,
Best Use Cases ; assessments, . . suitability e .
remote sensing, rule-based relationships, rediction classification, early-warning
habitat . ecological risk p L ecological niche ecological
e ecological species .
classification assessment . modelling assessments
models population
dynamics

These ML algorithms, however, come with limitations, such as slow training and

biases in RF, underperformance with large data in SVM, longer training times in CART,
and inability to model class dependencies in NB [56]. Studies like ref. [53] have shown that
combining airborne imagery with RF and OBIA can effectively map vegetation in complex

environments. Ancillary data, like topography and geology, can further enhance accuracy,

especially when combined with supplementary variables and indices. Deep learning al-
gorithms, such as Convolutional Neural Networks (CNNs) and Multilayer Perceptrons
(MLPs), along with hyperparameter optimisation, are also increasingly used in ecosystem
studies [65]. Furthermore, the adaptability of ML models to evolving datasets and envi-
ronmental contexts is crucial, particularly in ecosystems affected by climate change [68,69].
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Feature selection and data preprocessing are essential for improving model performance
and reducing computational costs [70-73]. Finally, interpretability techniques, like SHAP,
are vital for understanding the mechanisms driving predictions [67,71].

While a diverse array of ML algorithms can be applied to GDE assessments, several criti-
cal factors influence ML model selection. Firstly, the specific type of GDE assessment required,
whether it involves mapping distribution, analysing vegetation dynamics, or modelling
ecohydrological processes, dictates the suitability of different ML techniques. For instance, de-
tailed vegetation analysis may benefit from algorithms capable of handling high-dimensional
spectral data, like SVM or RF, while time-series analysis of GDE dynamics might necessitate
Recurrent Neural Networks (RNNs) or Long Short-Term Memory (LSTM) networks. Secondly,
data quality is paramount. This includes considering the spatial and spectral resolution of
the remote sensing data, as well as the frequency of data acquisition. High spatial resolution
data, such as that from airborne imagery or advanced satellite sensors, allow for detailed
object-based image analysis, which is particularly effective with algorithms that can leverage
textural and contextual information. Conversely, coarse resolution data might necessitate
pixel-based approaches with algorithms robust to noise and variability. Spectral resolution
influences the ability to distinguish subtle differences in vegetation and soil characteristics,
which is crucial for accurately classifying diverse GDE components. The temporal frequency
of data collection impacts the ability to monitor GDE changes over time, requiring algorithms
that can handle time-series data effectively. Thirdly, the availability and quality of training
data are fundamental. Supervised ML algorithms, such as SVM, RF, and CNNs, rely on
labelled training data to learn patterns and make accurate predictions. Insufficient or biased
training data can lead to significant errors in classification and modelling. Therefore, it is
crucial to ensure that training datasets are representative of the variability within the study
area and are of sufficient size to train robust models.

In summary, robust ML algorithms are indispensable for accurately mapping GDEs,
which is crucial for understanding their function and monitoring their response to envi-
ronmental changes. The multifaceted nature of ML, combining various algorithms and
techniques, enhances prediction accuracy and improves our understanding of ecological
processes, essential for effective conservation and management. However, the capabil-
ities of the ML algorithms can be realized when applied to appropriate objectives with
the correct data and computational capacity. Subsequently, further research is needed to
determine appropriate, region-specific ML algorithms for assessing the ecohydrological
dynamics of dryland GDEs.

5. Analysis of Machine Learning Algorithms for Detecting
Groundwater-Dependent Ecosystems (GDEs) and Composition

Based on a review of existing studies, the key models for detecting GDEs and veg-
etation diversity assessments within GDEs are RF, SVM, CNN, and object-based image
analysis (OBIA) (Table 2). Random Forest is an ensemble learning algorithm that combines
multiple decision trees to improve classification accuracy and reduce overfitting. It has
demonstrated superior performance in GDE mapping because it handles high-dimensional
remote sensing data (e.g., Landsat, Sentinel-2, UAV imagery). RF has been successfully
applied to classify wetlands, springs, and surface water bodies using high-dimensional
remote sensing datasets (e.g., Landsat, Sentinel-2, UAV imagery). Studies show RF achiev-
ing 99.9% accuracy in surface water mapping [74] and 93.3% accuracy in wetland GDE
classification [75]. For instance, ref. [76] demonstrated that RF models had moderate to high
agreement with field and remote sensing training data. Their study, a comparative analysis
of Analytic Hierarchy Process (AHP) and RF models was conducted to map groundwater-
dependent vegetation (GDV) across Mediterranean biomes in the USA, South Africa, Italy,
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and Australia. The study highlighted variations in the type and quality of spatial datasets
across these regions and presented a significant challenge to a unified global analysis.
However, the researchers were able to compare the performance of machine learning
models based on the intensity of field training data versus remote sensing data. Notably,
the RF model trained with extensive field data exhibited the highest performance (Kappa
coefficient, K = 0.76). The study further revealed that the type of input data significantly
influenced variable importance (weighting), which, in turn, affected model performance.
Additionally, model overestimation was observed, potentially attributable to the misclassi-
fication of drought-resistant vegetation as GDV. Furthermore, unlike traditional statistical
methods, RF does not require data to follow a specific distribution. It is resilient to noise and
missing values, making it suitable for complex ecological data. RF provides insights into
the most important predictors, aiding in the interpretation of ecological drivers affecting
GDEs. Compared to Support Vector Machines (SVM) and decision trees (CART, C4.5),
RF consistently shows higher accuracy and robustness in mapping GDEs. For example,
ref. [52] evaluated the capabilities of RF, SVM, CART, and NB to characterize and map small,
seasonal wetlands in an arid environment using field and Sentinel-2 data. RF performed the
best, with an overall accuracy of 85%, with NB (25%) performing the worst and the other
models producing moderate accuracies. Additionally, they noted that model performance
was low for wetlands with limited field training data. Moreover, algorithms exhibited
limitations such as slow training and bias when dealing with categorical data in the case of
RE underperformance when handling large data in the case of SVM, more time required
to train the model in the case of CART, and the inability of dependencies amongst classes
to be modelled when using NB. RF struggles with very high-resolution imagery, where
deep learning approaches, such as CNN, outperform it. It is also less effective in capturing
fine-scale vegetation details compared to object-based or deep learning models.

Table 2. Previous studies using machine learning and remote sensing data for GDE assessment

in Drylands.
GDE Type Purpose Model Performance Key Findings Citation/Country
Monitoring small RF: 68.8-80.55%, SVM:
seasonal wetlands 66.60-62.29% CART: RF performed best,
Wetland using Google Earth ) ’ 00’ ) while NB had the [52]
| 62.30-75.00%, NB:
Engine & 29.50-25.00% lowest accuracy.
ML algorithms. ’ e
Automated wetland
and water body RF: 93.33% High accuracy achieved
Wetland monitoring using (Kappa: 0.811) with hyperspectral data. 73]
hyperspectral images.
. High accuracy for
Develop1'ng a wgtland OA > 91% for different mapping lakes, rivers,
Wetland observation service . [77]
) ) wetland classes estuaries, and
using Sentinel-2 data.
vegetated wetlands.
Comparing BSVM: OA > 78%, Soil  Soil moisture
WorldView-2 & . o . .
Wetland . moisture (r = 0.58, estimation feasible with [78]
Sentinel-2 data for o . .
o NMSE = 19%) optical remote sensing.
wetland monitoring.
Mapping wetlands and SGB improved
Wetland riparian areas using Classification Tree: OA  classification [10]
N Landsat ETM+ & 73.1%, SGB: OA 86% performance over

decision trees.

traditional decision trees.
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Table 2. Cont.
GDE Type Purpose Model Performance Key Findings Citation/Country
. . RF outperformed the
Vegetation ~ Mapping pGDV in RF:86.7% (Kappa: 0.76)  AHP, which [76]
Mediterranean Biome .
overestimated pGDV
Predict groundwater (GLM, GAM, MaxEnt, Modelled wetland and
Vegetation influenced ecosystems Random Forest). RF: surface water GDEs in [79]
using ensembled models AUC = 81% two distinct ecoregions.
Mapping Prosopis REF: 86.59% (Kappa: tscf)legxt\l;z}: cc;‘r;gljéggied
Vegetation glandulosa in a 0.84), SVM: 85.98% P [80]
.. . accuracies for
semi-arid environment. (Kappa: 0.83) .
some species.
Spgth—temporal . RF (Shannon-Weiner RF models explained
. variation of vegetation  Index): MAE = 30.37, . .
Vegetation h o B environmental drivers [81]
eterogeneity in RMSE = 33.25, affectine heteroseneit
arid GDEs. %RMSE = 63.94 & genetty:
Surface water extent RF: OA 99.9%, .
analysis over three Producer’s Accuracy: Accuracy increased
Surface Water . o , ' with newer sensors but [74]
decades using 87%, User’s was lower in wet vears
Landsat data. Accuracy: 96% years.
30 years of monitoring Spatial resolution
Surface Water ~ small water bodies OA: 0.872, Kappa: 0.745 limited detection of very [82]
using Landsat datasets. small water bodies.
Estimating Phragmites High accuracy (>98%)
Vegetation & australis cover using CNN: OA 94.7%, for reeds, leaf litter, and [83]
Surface Water UAVs and F-score: 0.945 trash; lowest for bare
neural networks. ground (41%).
Mapping groundwater  RF: 80.6%, SVM: 80.2%, MDA had th? highest
. : . . ] o . accuracy, while BRT
Springs spring potential with MDA: 83.2%, BRT: handled missin [1]
ML models. 78.0%, MARS: 75.5% &
data well.
Comparing robustness Linear Model Tree:
pating AUC-ROC 0.9, C4.5 Linear Model Tree was
. of models for - .\ )
Springs roundwater Decision Tree: sensitive to input [29]
8T . AUC-ROC 0.831,SVM:  data changes.
spring potential. AUC-ROC 0.889
Accuracy assessment of Fusion of OBIA & Mask Combined methods
OBIA & Mask . .
Phreatophytes . R-CNN improved were more effective for [59]
R-CNN segmentation accuracy by 25% vegetation segmentation
in drylands. y Ry e & & '
Explored environmental =~ RF models explained RF models provided
Phreatophytes  drivers affecting environmental drivers  insights into [84]

vegetation heterogeneity.

affecting heterogeneity

environmental drivers.

CNN s are deep learning architectures designed to extract spatial and spectral features

automatically from images. They are particularly effective in high-resolution vegetation

mapping and classification. CNNs capture both spectral and textural differences within

vegetation communities, making them ideal for fine-scale classification. UAV-based wetland

and vegetation classification studies reported CNNs achieving 94.7% overall accuracy [83].

Unlike RF, which primarily relies on predefined features (e.g., NDVI, texture), CNNs learn

deep, hierarchical patterns, enabling better differentiation of vegetation classes. CNNs
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outperform pixel-based methods in distinguishing multiple vegetation types and structural
variations at fine scales. This is useful for segmenting heterogeneous landscapes found
in GDEs. However, CNNs require large, labelled datasets and computational resources.
Training can be slow, and performance depends on the quality of training data. Moreover,
CNN:s are less interpretable compared to RF, making ecological insights harder to extract.
The study by [83] utilized UAVs and CNNs to estimate the cover of Phragmites australis
reeds and other wetland features in a large inland floodplain wetland in Western New
South Wales, Australia. Their validation process demonstrated an overall high precision
and reproducibility in recognizing Phragmites australis reeds and other wetland features.
The model demonstrated that it could correctly identify Phragmites australis with a TP rate
of >98% and an FP rate of 0.002%. The very high accuracy and precision in recognizing
Phragmites australis was attributed to the plant having a distinct structure and phenology
compared with the other vegetation at each site. Machine learning using remote sensing has
been shown to be most effective when the target species has unique spectral and textural
differentiation [83,85].

Studies integrating OBIA, which segments images into meaningful objects before
classification, thereby reduce misclassification errors common in pixel-based approaches
like ML. ML classifies at the pixel level, which may lead to spectral confusion in hetero-
geneous landscapes. OBIA aggregates similar pixels into objects, improving classification
accuracy. OBIA is particularly effective in segmenting scattered vegetation patches, which
are common in dryland GDEs. A study showed that fusing OBIA with CNN increased
classification accuracy by 25% [59]. Furthermore, OBIA minimizes spectral confusion,
making it suitable for mapping mixed ecosystems such as wetlands, riparian zones, and
phreatophytes. Integrating OBIA requires expert knowledge to fine-tune segmentation
parameters. It is computationally intensive for large datasets, and its performance de-
pends on segmentation quality and feature selection. Furthermore, Cellular automata
(CA) enhance machine learning models by incorporating spatial dependencies, enabling
dynamic simulations, and improving accuracy in environmental predictions. In the study
by [86], ANN-CA models wetlands by capturing complex, non-linear interactions while
ensuring spatial continuity. Unlike traditional models, CA allows fine-grained, pixel-level
predictions and iterative forecasting, making it ideal for long-term wetland monitoring. By
integrating ANN with CA, the model achieves better generalization, higher accuracy, and
improved interpretability.

By adopting a hybrid approach, researchers can maximize classification accuracy
while improving the ecological interpretability of results. For instance, RF is suitable for
initial classification of GDEs using multi-spectral data, CNN for high-resolution vegetation
segmentation, particularly from UAV and hyperspectral imagery, and OBIA to refine
classification by incorporating object-based segmentation. This combination leverages the
strengths of each method to improve GDE detection and vegetation diversity assessment,
ensuring high accuracy and ecological interpretability. Further research should focus on
optimizing these models for specific environmental conditions and integrating additional
data sources, such as LIDAR and climate models, for enhanced GDE monitoring.

6. Challenges in Determining a Suitable Machine Learning Model for
GDE Detection and Vegetation Diversity Analysis

The determination of the most effective machine learning model for detecting and
assessing groundwater-dependent water bodies, wetlands, and vegetation is complicated by
the diverse evaluation methods employed across different studies. Each model has unique
strengths and weaknesses, depending on the characteristics of the datasets and the evaluation
metrics utilized, thereby impacting interpretability and decision-making in model selection.
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Ref. [87] evaluated the machine learning algorithms SVM and RF in extracting water
bodies using modified Normalized Difference Water Index (MNDWI) indices. They high-
light the importance of the evaluation framework, as results vary significantly depending
on surface complexity; simple threshold methods are effective for uncomplicated environ-
ments, whereas supervised methods like SVM are recommended for more challenging
scenarios. This suggests that model selection can significantly depend on the chosen eval-
uation strategies, as different environments demand different approaches. Furthermore,
ref. [88] emphasizes the need for varied performance metrics when comparing ML meth-
ods. They investigate multiple models using R?>, RMSE, and MAE, demonstrating how
different evaluation metrics can lead to varying conclusions regarding model effectiveness.
This reinforces the notion that evaluation methods can bias the perceived performance
of a model, complicating the selection process, as stakeholders may prioritize different
aspects based on specific application needs. Moreover, refs. [§9,90] adopt different methods
for detecting water bodies, with [89] utilizing unsupervised techniques, while ref. [90]
employs object-based analysis through machine learning algorithms such as RF and SVM.
This methodological variety contributes to uncertainty in the field, as the application and
outcomes of different methods are not directly comparable without a unified evaluation
rubric. The integration of various model evaluation approaches also renders it challenging
to determine which model is best suited for specific applications.

The evaluation challenge increases when considering the influence of data sources
and feature selection strategies, as highlighted by [91]. They note that the performance
of ML models for estimating vegetation diversity can vary greatly depending on the
multidimensional spectral data used. For instance, models based on single data, such
as Sentinel-2 and Lidar, had lower performance than the combined model. This finding
suggests that differences in data characteristics, combined with evaluation methods, could
complicate the decision-making process regarding optimal model selection. Additionally,
the ensemble learning approach advocated by [92] adds another layer of complexity to
model comparison. By integrating multiple machine learning algorithms, the ensemble
model aims for enhanced performance accuracy. However, it raises questions regarding
how the performance of individual models compares to ensembles when different evalu-
ation metrics are selectively applied, complicating the task of identifying a singular best
model. Therefore, a cohesive evaluation framework is essential for future studies to ensure
comparability and clarity in model selection. This framework should prioritize the use of
standardized evaluation metrics and benchmarked datasets. Adopting common evaluation
metrics and datasets would enable fairer comparisons across studies employing diverse
models. Consequently, this standardization would facilitate the identification of the most
appropriate machine learning approach for specific environments and available data.

7. Application of Machine Learning Assessments of GDEs: Challenges
and Recommendations

The application of machine learning (ML) algorithms in managing wetland, vegetation,
and surface water bodies influenced by groundwater presents significant challenges and
promising mitigation measures. These challenges primarily revolve around the complexity
of ecological dynamics, data quality, interpretability issues, and regional variability.

One critical challenge lies in the complexity of the GDEs themselves. As pointed out
by [53,93] the performance of ML algorithms varies when applied in different geographical
contexts, complicating the formulation of generalized models for tasks such as ecological
mapping [53]. This ecological complexity adds layers of unpredictability, making it difficult
to rely solely on historical data for accurate predictions. Furthermore, ref. [94] highlight
that standard ML methods, such as deep neural networks, act as “black boxes”, resulting in
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poor interpretability of their outputs, which poses significant challenges in environmental
management, where understanding underlying mechanisms is crucial [94].

Moreover, data quality and availability pose formidable obstacles to effective ML
applications. In many ecosystems, data on water quality parameters are sparse and incon-
sistently gathered [95-97]. This lack of robust datasets can lead to challenges in training ML
models effectively, resulting in inaccurate or unreliable predictions. Ref. [98] emphasizes
the necessity of ongoing monitoring of water quality parameters to ensure any predictive
model retains its reliability over time [98]. Thus, even with sophisticated algorithms, the
absence of comprehensive data undermines the potential of ML applications.

To mitigate these challenges, several strategies can be employed. First, reduce data
redundancy. The study by [99] demonstrates the effectiveness of using dimensionality re-
duction techniques to extract meaningful variables from multiple earth observation sources,
such as Digital Elevation Models (DEMs), optical imagery, and Synthetic Aperture Radar
(SAR) data [99]. This approach not only streamlines the model input but also enhances clas-
sification accuracy by focusing on uncorrelated variables that best represent the study area.
Moreover, utilizing complementary datasets from instruments like Sentinel-1 and Sentinel-2
can provide superior insights into GDE dynamics [99,100]. Ref. [101] highlights the bene-
fits of integrating multiple data types, boosting the accuracy and comprehensiveness of
GDE classification efforts [101,102]. This synergistic application allows for a more holistic
understanding of GDE features while addressing challenges posed by spectral confusion
between classes. Additionally, enhancing data collection practices through IoT technology
could improve the richness and accuracy of datasets utilized for training ML models, as
indicated by [103]. This could enable more real-time monitoring and adjustments based on
recent ecological changes [103,104].

Furthermore, utilizing hybrid ML models that integrate domain knowledge, as dis-
cussed by [105] et al., may improve predictive accuracy while adhering to ecological con-
straints [105]. Such models could be particularly effective in ensuring that biological reali-
ties are considered during prediction, thus enhancing model reliability and interpretability.
Another significant mitigation measure is employing advanced algorithms capable of gener-
ating interpretable results. RF and Gradient Boosting tend to provide better interpretability
and can handle diverse datasets more efficiently [106]. For instance, Wen and Hughes em-
phasize the efficacy of ensemble techniques over traditional single-algorithm approaches,
providing robust classification outcomes against changing environmental conditions [107].
Additionally, employing ensemble neural network architectures, as showcased in the work
of [102], which combines different classifiers to enhance prediction accuracy while mini-
mizing errors associated with individual model limitations [102]. This can be particularly
useful in complex GDE ecosystems where distinct classes may often overlap. Additionally,
ref. [108] applied deep convolutional networks to achieve high accuracy in classifying
GDEs based on intricate features derived from high-resolution datasets [108]. Such models
are capable of learning complex patterns that traditional methods may overlook.

Moreover, the innovative application of vision transformers has demonstrated poten-
tial in enhancing classification processes [109]. These approaches leverage vast amounts
of data for training while accommodating the unique aspects of wetland environments,
thus increasing the reliability of classifications. Another vital strategy involves specialized
pre-processing and post-processing techniques tailored to remote sensing data. Properly
handling atmospheric corrections and aligning images temporally can significantly im-
prove model performance. The authors of [52] demonstrated that image OBIA techniques
can mitigate challenges arising from noise and overfitting inherent in ML models, allowing
for more stable and accurate classifications [56]. In post-processing phases, applying thresh-
olding and reclassification based on hydrologic conditions can refine preliminary results,
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allowing for iterative improvements and validations of the classification model [79,110].
This feedback mechanism can incorporate continuous learning and adaptation to shifting
ecological conditions, enhancing long-term monitoring capabilities. Furthermore, adaptive
and iterative modeling techniques should be employed, as they allow models to improve
over time through feedback loops based on updated data, effectively adapting to ecological
changes, as suggested by [95]. Continuous model evaluation can ensure that the predictions
remain relevant as ecological conditions evolve.

Additionally, fostering interdisciplinary collaboration between ecologists and com-
puter scientists would enhance model development and the interpretability of results
within ecological contexts [111]. Continuous education and training of practitioners in
these integrated approaches is crucial, as it can enhance effective communication of model
outcomes to stakeholders involved in water management decisions.

8. Conclusions

The literature research highlights that the use of advanced machine learning is still
at its infancy for determining or assessing the spatial distribution of GDEs. Furthermore,
the application of GDE studies dominates in China, USA, and Germany. There is still
limited application in Africa; this presents opportunities for further work in that region.
Furthermore, machine learning is a multifaceted field that combines various algorithms
and techniques to tackle complex ecological data challenges. The most widely used ML
algorithms in GDE studies are RF, SVM, and XGBoost. The integration of these methods
into ecological research is not only enhancing prediction accuracy but also improving our
understanding of ecological processes, which is essential for effective conservation and
management practices. Various machine learning techniques demonstrate differing perfor-
mance levels in assessing groundwater-dependent ecosystems under varying conditions.
Random Forest and Artificial Neural Networks show robust performance across multiple
contexts, while Support Vector Machines provide accurate predictions under specific con-
ditions. Deep learning models capture temporal complexities effectively, particularly in
dynamic environments such as agricultural landscapes, while ensemble methods enhance
overall predictive capabilities. The key challenges in the application of ML for GDE studies
are ecological complexity and regional variability, which complicate model generaliza-
tion, while sparse and inconsistent data limit training effectiveness. Many ML models
lack interpretability, making it difficult to understand underlying mechanisms, which is
crucial for environmental management. These limitations can be mitigated by embracing
hybrid models, improving data collection, ensuring model interpretability, and fostering
interdisciplinary collaboration. The potential of machine learning in this crucial area can
be significantly realized. As research continues to evolve in this field, these methods offer
robust solutions to advance the precision and reliability of GDE assessments.
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