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AHP: Analytic Hierarchy Process

ANN: Artificial Neural Network

CNN: Convolutional Neural Network

DEM: Digital Elevation Model

EVI: Enhanced Vegetation Index

GAN: Generative Adversarial Network

GIS: Geographic Information System

LIME: Local Interpretable Model-agnostic Explanations
LST: Land Surface Temperature

MAE: Mean Absolute Error

MCDM: Multi-Criteria Decision-Making

ML: Machine Learning

MLP: Multi-Layer Perceptron

NDVI: Normalized Difference Vegetation Index

PINN: Physics-Informed Neural Network

PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses
RF: Random Forest

RMSE: Root Mean Square Error

RNN: Recurrent Neural Network

RS: Remote Sensing

SAR: Synthetic Aperture Radar

SAVI: Soil Adjusted Vegetation Index

SCV: Spatial Cross-Validation

SHAP: SHapley Additive exPlanations

SVM: Support Vector Machine

TOPSIS: Technique for Order of Preference by Similarity to Ideal Solution
UAV: Unmanned Aerial Vehicle

XAI: Explainable Artificial Intelligence

XGBoost: Extreme Gradient Boosting

1. Introduction

Soil salinity and vegetation cover are important components of natural resource management
in arid and semi-arid regions. Soil salinity is recognized as a major constraint on agricultural
production and vegetation development in these environments and can affect natural
ecosystems and agricultural productivity at large spatial scales (Morgan et al., 2018; Chen et
al., 2022; Kaplan et al., 2023). Soil salinity, particularly in sandy and semi-arid soils, can
substantially alter soil physical and chemical properties, resulting in reduced productivity and
biodiversity (Mzid ef al., 2023). Sustainable resource management therefore requires effective
monitoring of the spatial and temporal dynamics of soil salinity and vegetation cover.

Remote sensing (RS) provides an effective means of monitoring these dynamics by offering
spatially and temporally consistent observations of vegetation and soil conditions. For example,
Yaghobi ef al. (2026) applied the Standardized Precipitation Index (SPI) and NDVI to quantify
drought impacts on vegetation cover in western Iran, reporting a 15-20% reduction in NDVI
values during extreme drought years. Recent studies have also demonstrated the applicability
of machine learning (ML) methods, including ensemble and neural network approaches, for
mapping soil properties in desert environments (Fathizad ef al., 2025). These developments
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highlight the potential of integrating remote sensing and machine learning to characterize
vegetation condition, soil salinity, and their temporal dynamics (Allbed and Kumar, 2013;
Sulieman et al., 2023).

Several machine learning algorithms, including Random Forest (RF), Support Vector
Machines (SVM), Artificial Neural Networks (ANN), and Extreme Gradient Boosting
(XGBoost), have been increasingly applied to soil salinity mapping because of their ability to
capture nonlinear relationships between environmental variables and remotely sensed
observations (Ivushkin ef al., 2019; Wang et al., 2021). However, much of the existing literature
remains focused on improving predictive accuracy within individual study areas rather than
developing generalized approaches for long-term environmental monitoring. Temporal
variability is also frequently represented using a limited number of observation dates, restricting
the ability of models to characterize continuous salinity dynamics under changing climatic and
land-use conditions (Wang et al., 2023; Chen et al., 2025).

Despite the increasing use of multi-temporal remote sensing and machine learning, several
methodological challenges remain. Many studies are constrained by limited temporal continuity
and insufficient integration of multi-source remote sensing data, which can reduce the ability
to characterize long-term environmental changes and progressive land degradation (Reisi
Gahrouei et al., 2024; Samadzadegan et al., 2025). Model transferability across climatic and
ecological conditions is another challenge because environmental characteristics and training
data distributions vary substantially among regions (Meyer et al., 2018). In addition, spatial
autocorrelation, uncertainty quantification, and spatial cross-validation are not consistently
addressed, while the integration of predictive outputs into operational decision-support systems
remains limited (Ploton ef al., 2020; Roberts et al., 2017). These limitations are particularly
relevant in arid and semi-arid environments, where low-quality ground-reference data, high soil
surface reflectance, environmental heterogeneity, and class imbalance can further complicate
predictive modelling.

This review critically examines recent advances in the application of remote sensing and
machine learning for monitoring vegetation dynamics and soil salinity in arid and semi-arid
regions. Particular emphasis is placed on studies integrating multi-temporal Landsat and
Sentinel imagery with widely used machine learning algorithms, including RF and ANN, as
well as on the integration of multi-source remote sensing data. Rather than proposing a new
empirical modelling technique, the review synthesizes existing approaches and identifies
methodological priorities for improving long-term, change-oriented environmental monitoring.

In terms of its scope and scientific contribution, this study adopts a hybrid structure combining
a systematic review with a conceptual framework. Three main synthetic contributions are
developed. First, a comparative analysis evaluates studies conducted in arid and semi-arid
environments, with particular attention to the challenges associated with ground-reference data
quality, soil surface reflectance, environmental heterogeneity, and class imbalance. Second, the
review critically examines attempts to integrate multi-criteria decision-making (MCDM)
techniques with machine learning algorithms for environmental monitoring, an area that has
received comparatively limited attention in previous reviews. Third, a change-oriented
conceptual framework is proposed to synthesize existing approaches and identify
methodological priorities for future research, including multi-temporal analysis, hybrid
machine learning, spatial cross-validation, uncertainty assessment, and Explainable Artificial
Intelligence (XAI).

The proposed framework is presented in Figure 1. In contrast to conventional remote sensing
workflows that are often implemented as linear processes, the proposed framework adopts an
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iterative, feedback-based structure. It integrates data from multiple sources, including optical
satellite imagery, Sentinel-1 radar observations, and UAV data, with machine learning methods.
Spatial cross-validation is incorporated to address the effects of spatial autocorrelation, while
uncertainty assessment and explainable modelling provide additional information for
interpreting predictive outputs and supporting adaptive land management.

For the systematic presentation of the literature through the PRISMA framework, three main
research questions (RQs) guide the review:

RQ1: What are the common remote sensing databases and machine learning techniques
employed in analyzing vegetation dynamics and soil salinity in arid and semi-arid areas?

RQ2: What are the major methodological limitations, including spatial autocorrelation,
limited reference data, and computational costs, that hinder the practical application of these
predictive models?

RQ3: How can approaches such as XAl and MCDM help connect the outputs of machine
learning models with adaptive land management practices?

The principal aim of this hybrid review is therefore to critically synthesize current approaches,
identify methodological gaps, and develop a change-oriented conceptual framework for
integrating remote sensing, machine learning, spatial validation, uncertainty assessment, and
decision-support approaches in the monitoring and management of arid and semi-arid
ecosystems.
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Figure 1. Conceptual framework integrating remote sensing, machine learning, spatial cross-validation,
and uncertainty mapping for adaptive monitoring of arid ecosystems. Developed with assistance from
ChatGPT (OpenAl).
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Tablel. Recent Studies on Soil Salinity and Vegetation Analysis Using Machine Learning and
Remote Sensing
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proves y ’ Sentinel-2 SVR Egypt (2023)
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igB(;OSetcfrzrlf?rfgilsgsb;;; R2, RMSE, Multispectral XGBoost, Heihe River  Zhao et al.,
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vegetation periods.
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outperformed traditional Prediction = Remote Sensing  Transformer- Iran Saki et al.,
methods in soil quality Accuracy Data based Models (2024)

analysis

1.1. Conceptual Workflow of the Proposed Change-Oriented Framework

The proposed change-oriented conceptual framework is intended as a synthesis of current
methodological advances in remote sensing (RS) and machine learning (ML) rather than as a
novel predictive algorithm or operational workflow. Based on the critical evaluation of the
reviewed literature, the framework integrates the principal methodological components
required for monitoring vegetation dynamics and soil salinity in arid and semi-arid
environments. Unlike conventional static workflows, the proposed framework emphasizes the
continuous integration of multi-temporal observations, adaptive model refinement, uncertainty
assessment, and decision-support processes to support dynamic environmental monitoring.

1.2. Multi-temporal Data Integration

The first component of the framework involves the integration of multi-temporal and multi-
source datasets acquired from complementary remote sensing platforms. Optical imagery (e.g.,
Landsat and Sentinel-2) provides detailed spectral information for vegetation and soil
characterization, whereas Synthetic Aperture Radar (SAR) supplies structural information that
is largely independent of cloud cover and illumination conditions. Thermal observations
provide information on land surface temperature and moisture stress, while LIDAR and UAV-
derived products improve the representation of vegetation structure and surface topography.
Climate variables, digital elevation models (DEMs), and field observations further complement
remotely sensed data by providing environmental and ground-reference information. The
integration of these heterogeneous datasets improves the characterization of land degradation
processes while reducing the limitations associated with single-sensor observations (Reisi
Gahrouei et al., 2024; Samadzadegan et al., 2025).
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1.3. Temporal Feature Extraction

Following data acquisition, all observations are conceptually harmonized through standard
preprocessing procedures, including atmospheric correction, radiometric calibration, geometric
co-registration, cloud masking, temporal harmonization, and spatial normalization. Temporal
features are subsequently extracted from sequential observations to characterize environmental
dynamics rather than isolated environmental conditions. These features include vegetation
indices (e.g., NDVI, SAVI, and EVI), soil salinity indices, land surface temperature, texture
measures, terrain derivatives, and temporal descriptors representing long-term trends, seasonal
variability, and change trajectories. Temporal feature extraction enables machine learning
algorithms to capture complex non-linear relationships and long-term environmental dynamics
that cannot be adequately represented using single-date observations (Meyer et al., 2018;
Ivushkin et al., 2019).

1.4. Machine Learning and Hybrid Modeling

The extracted temporal and environmental variables are subsequently incorporated into
machine learning models for environmental prediction and spatiotemporal change analysis.
Rather than recommending a single algorithm, the proposed framework highlights the
complementary roles of conventional machine learning algorithms, deep learning architectures,
hybrid modeling approaches, and multi-source data fusion techniques. Model selection should
be guided by the characteristics of the available datasets, monitoring objectives, computational
requirements, and environmental complexity. Recent studies have demonstrated that hybrid
approaches integrating multiple data sources and learning algorithms frequently improve
prediction accuracy, robustness, and model generalization across heterogeneous landscapes
(Taghadosi et al., 2021; Reisi Gahrouei ef al., 2024; Samadzadegan et al., 2025).

1.5. Model Evaluation and Uncertainty Assessment

Reliable environmental monitoring requires rigorous model evaluation beyond conventional
random validation approaches. Previous studies have shown that random cross-validation
frequently overestimates predictive performance because spatial autocorrelation violates the
assumption of independent observations (Ploton et al., 2020). Therefore, the proposed
framework explicitly incorporates spatial cross-validation, independent validation datasets,
uncertainty quantification, and Explainable Artificial Intelligence (XAI) techniques such as
SHAP and LIME to improve model reliability, interpretability, and transferability. Integrating
these components enables researchers and decision-makers to evaluate not only predictive
performance but also the confidence associated with spatial predictions under different
environmental conditions (Roberts et al., 2017; Ploton et al., 2020).

1.6. Adaptive Feedback Mechanism
A key feature of the proposed framework is the incorporation of an adaptive feedback
mechanism that supports continuous environmental monitoring. Unlike conventional static
workflows, the proposed feedback loop is not intended to represent a mathematical optimization
algorithm. Instead, it operates as an iterative conceptual process in which model evaluation
results, uncertainty estimates, newly acquired remote sensing observations, and updated field
measurements are continuously incorporated into successive monitoring cycles.

Following each prediction cycle, model performance is evaluated using independent
validation datasets, spatial cross-validation, and uncertainty assessment techniques. When
model performance no longer satisfies predefined validation criteria or when newly acquired
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observations become available, the monitoring workflow is updated by re-extracting temporal
features, incorporating additional multi-temporal remote sensing observations, recalibrating the
machine learning model, and generating revised prediction maps. The updated outputs are
subsequently re-evaluated before being integrated into the next monitoring cycle. This iterative
process continues until model performance stabilizes and newly available observations no
longer provide substantial improvements in predictive capability.

Consequently, the adaptive feedback mechanism enables continuous refinement of feature
extraction, model calibration, and prediction strategies, thereby improving the robustness,
adaptability, and long-term applicability of environmental monitoring systems. Adaptive
monitoring frameworks are increasingly recognized as essential for sustainable natural resource
management under rapidly changing environmental and climatic conditions (Roberts et al.,
2017; Meyer et al., 2018; Ploton et al., 2020; Samadzadegan et al., 2025).

Overall, the proposed framework should be interpreted as a conceptual synthesis of current
scientific knowledge rather than as a novel predictive algorithm. Its primary contribution lies
in systematically integrating the major methodological components identified across the
reviewed literature into a unified change-oriented framework that supports future research,
improves methodological consistency, and facilitates evidence-based environmental decision-
making in arid and semi-arid regions.

Beyond generating spatial prediction maps, the proposed framework is intended to support
evidence-based environmental decision-making. The outputs generated throughout the
workflow, including vegetation change maps, soil salinity predictions, uncertainty maps, and
model interpretation results, provide valuable information for identifying land degradation
hotspots, prioritizing field surveys, optimizing restoration strategies, and evaluating the
effectiveness of land management practices. Rather than representing an end in themselves,
these outputs are designed to provide scientifically robust evidence that supports adaptive
management and informed policy development in arid and semi-arid regions.

The integration of spatial cross-validation, uncertainty assessment, and Explainable
Artificial Intelligence (XAI) further strengthens the reliability and transparency of model
predictions. These components enable decision-makers to evaluate the confidence associated
with spatial predictions while improving understanding of the environmental variables driving
vegetation change and soil salinity. Consequently, the framework facilitates risk-informed
decision-making by supporting the identification of priority intervention areas and guiding
future monitoring and field verification efforts.

A key feature of the framework is the adaptive feedback mechanism, which enables the
monitoring system to evolve as new remote sensing observations and field measurements
become available. By continuously incorporating updated information, the framework supports
iterative model refinement and the regular updating of monitoring products. This adaptive
process enhances the ability of environmental agencies to evaluate management outcomes,
revise restoration priorities, and adjust land management strategies in response to changing
climatic and land-use conditions. Therefore, the proposed framework should be viewed as a
conceptual decision-support system that strengthens the connection between scientific evidence
and sustainable natural resource management rather than as a standalone predictive model
(Cash et al., 2003; Jakeman et al., 2006; McNie, 2007).

1.7. Decision-Making Component of the Proposed Framework
The Decision-Making component represents the final stage of the proposed framework, where
the outputs generated throughout the monitoring workflow are translated into practical
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environmental management actions. Rather than relying solely on spatial prediction maps, the
framework integrates vegetation change maps, soil salinity predictions, uncertainty maps, and
model interpretation results to support evidence-based decision-making. This integrated
information enables decision-makers to identify priority areas for restoration, optimize field
survey planning, support sustainable land and water management, prioritize soil salinity
mitigation measures, and allocate financial and technical resources more -efficiently
(Malczewski, 2006; Geneletti, 2008).

The framework also promotes transparent and reliable decision-making by explicitly
incorporating uncertainty assessment and model interpretability into the evaluation process.
Instead of assuming that all model predictions are equally reliable, uncertainty maps identify
areas where additional field observations or further analyses are needed before management
actions are implemented. At the same time, model interpretation techniques help explain the
environmental factors driving vegetation change and soil salinity, providing greater confidence
in management decisions and reducing the risk of inappropriate interventions (Ascough et al.,
2008; Mahmoud et al., 2009).

Finally, the adaptive feedback mechanism ensures that decision-making remains dynamic
rather than static. As new remote sensing observations, field measurements, and monitoring
results become available, management priorities and restoration strategies can be periodically
reassessed and updated. This iterative process supports adaptive management by allowing
decisions to evolve in response to changing environmental conditions, land-use dynamics, and
newly available scientific evidence. Consequently, the proposed framework provides a flexible
decision-support approach that strengthens the link between scientific evidence and sustainable
natural resource management while facilitating continuous improvement of environmental
monitoring and management practices (Williams et al., 2009; Gregory et al., 2012).

1.8. lllustrative Decision-Making Scenario

Regarding the application of predictive models within the domain of natural resources
management, their translation into practical conservation actions necessitates the combination
of machine learning with MCDM approaches (Malczewski, 2006; Nguyen & Liu, 2019). Based
on the existing literature, although ML-based models generate accurate and relevant spatial
information in the form of, for example, maps of soil salinity risks as well as maps of spatial
uncertainties related to them (Ascough et al., 2008), MCDM techniques, including AHP, are
crucial for prioritizing socio-economic and ecological objectives (Saaty, 1980). In other words,
when it comes to choosing between alternative solutions that should be implemented in order
to address the land degradation problem (such as extensive biological rehabilitation vs passive
grazing), there are several aspects that need to be considered besides the environmental risk
(Geneletti, 2008).

As a result, regions that are at high risk of land degradation and have low ML prediction
uncertainty are allocated more investments for costly land restorations. On the other hand, in
those regions where ML algorithms have high uncertainty in their predictions owing to the lack
of ground truth information on heterogeneous landscapes, MCDM methods will discourage
expensive treatments, and encourage passive management approaches or even sample
collection from the field (Mahmoud ef al., 2009).

2. Systematic Review Methodology
In order to conduct a systematic, thorough, and replicable synthesis of the literature, PRISMA
(Preferred Reporting Items for Systematic Reviews and Meta-Analyses) guidelines were
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employed in this research. The method involved three main stages which include literature
search, criteria for inclusion/exclusion, and data extraction.

2.1. Search Strategy

A thorough review of the literature has been carried out from three prominent scientific sources
namely Web of Science (Core Collection), Scopus, and Google Scholar. The search was
confined to articles up to June 2026 for the latest updates in the field of machine learning and
remote sensing. The search approach used a combination of Boolean logic operators (AND,
OR) based on title, abstract, and keyword fields. The main search query was constructed as
follows: ("machine learning” OR "deep learning" OR "artificial intelligence") AND ("remote
sensing" OR "satellite imagery" OR "UAV") AND ("soil salinity" OR "vegetation dynamics"
OR "land degradation") AND ("arid" OR "semi-arid" OR "dryland").

2.2. Inclusion and Exclusion Criteria

Criteria for selection of the reviewed literature have been set to ensure its validity and relevancy.
The following criteria were used for inclusion of the articles: (1) they had to be peer-reviewed
primary and secondary sources of research; (2) they had to be written in English; (3) they had
to be specifically dedicated to the use of machine learning and remote sensing; and (4) they had
to be carried out in arid or semi-arid climates. For exclusion, the following criteria were used:
(1) grey literature and preprints; (2) studies that did not contain any modeling or machine
learning techniques; (3) research conducted in tropical or humid climates (environmental
variables are different from those of drylands); and (4) full text inaccessibility.

2.3. Paper Screening and PRISMA Workflow

From the search of the initial database, 620 documents were retrieved. After the elimination of
140 duplicates through reference management software, 480 unique documents remained to be
reviewed during the first round of screening. In this stage, titles and abstracts of all documents
were scrutinized, and 285 of them were subsequently filtered out from further consideration due
to the non-relevance of their themes. Afterwards, the full-text review was conducted to check the
applicability of the 195 remaining articles in accordance with strict inclusion/exclusion criteria.
After such a meticulous process, 93 papers have been discarded due to inadequate methodological
information, irrelevant climatic aspects, or absence of machine learning applications. As a result,
102 high-quality peer-reviewed documents were included into the scope of data extraction and
synthesis to develop the suggested theoretical framework.

3. Remote Sensing Data and Foundations

3.1. Remote sensing to be used in Environmental Analysis

Remote sensing (RS) is considered as the most important approach to monitor vegetation and
soil salinity in areas where water is scarce. Landsat and Sentinel are two of the most commonly
used satellite data (Almalki et al., 2022). Vegetation indices, including NDVI (Tucker, 1979)
and EVI (Yan et al., 2025), are reliable indicators of the state of vegetation. Moreover, the
salinity of the soil can also be determined indirectly using some spectral indices. For example,
Salimi et al., (2019) conducted a study where they applied indices that are particularly sensitive
to salinity to model soil salinity over the area of Iran. These approaches are especially necessary
in situations where field data are scarce (Allbed & Kumar, 2013). Still, dependent on one index,
like NDVI, one has to face some drawbacks. NDVI might get blocked in highly vegetated
regions or produce contaminated data in the case of areas where soil has high reflectance.
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To give an example, Fathizad et al. (2020) deployed advanced predictive machine learning
models to the study of soil salinity mapping in the central desert of Iran. The outcomes were
characterized by R? values in the interval of 0.84-0.89 and RMSE of 0.12-0.15 dS/m over
several locations which, in fact, indicated that combining RS data with machine learning
provides reliable estimates even in remote data-scarce arid regions. Likewise, Fathizad et al.,
(2022) made use of ML models to monitor soil organic carbon fluctuations and gave
spatiotemporal predictions with over 85% accuracy.

3.2. The Multi-source and Multi-temporal Data Role.

Data fusion from diverse sources leads to more precise analysis. Among them were optical,
radar (SAR), and thermal data (Gorelick et al., 2017; Chen et al., 2022). Multi-temporal data
gives a picture of the environment during the time of the study (. Fathizad et al., (2025) showed
that the combination of multi-source RS data with support from ML models (MLP, Decision
Tree, and RF) results in soil texture mapping with the coefficient of determination (R?) reaching
0.91 and root mean square error (RMSE) dropping to 0.10 (see Table 2).

Table 2. Role of Remote Sensing Data in Vegetation and Soil Salinity Analysis

Remote Sensing Data Application in Vegetation and Soil Salinity

Features and Benefits

Type Analysis
Optical Data Wide coverage, frge access, various Vegetation monltorlpg, NDVI, SAVI
spectral indices extraction
Thermal Data Surface temperature measprement, plant  Analysis of temper.ature—.sahmty/drought
stress analysis relationship
Cloud-independent, sensitive to soil Identification of moisture and soil texture
Radar Data .
moisture changes
. Examining the role of physiography in
Elevation Data (DEM) Topography, slope, slope aspect salinity distribution
Multitemporal Data Temporal changes analysis Long-term vegetation and soil salinity trend

monitoring

A comparison of multitemporal, multisource, and textual/unstructured data in remote
sensing is shown in Table 3, highlighting the features and applications of each.
3.3. Methodological Synthesis
The core conceptual synthesis in this review is the shift from a conventional, single-day
predictive mapping design to an evolutionary, change-oriented monitoring framework. Through
the assessment of recently published literature, this review illustrates how authors handle multi-
temporal remote sensing datasets to monitor continuous temporal dynamics in vegetation
indices and salinity-related spectral characteristics. Furthermore, our synthesis demonstrates
that integrating these multi-temporal parameters into machine learning frameworks serves as
an excellent approach for assessing the spatiotemporal changes in vegetation and soil salinity.

3.4. Role of 3D Structural Data in Supporting Soil Salinity Mapping

Three-dimensional (3D) remote sensing data, particularly those derived from LiDAR and UAV
photogrammetry, do not directly measure soil salinity. Instead, they provide detailed
information on terrain morphology, micro-topography, surface roughness, and vegetation
structure, all of which influence hydrological processes, water redistribution, drainage patterns,
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and ultimately the spatial distribution of soil salinity. These structural variables can be
incorporated as auxiliary predictor variables within machine learning models, together with
optical, thermal, SAR, and field-derived data, to improve the accuracy and robustness of soil
salinity mapping. Therefore, the contribution of 3D structural data is indirect, enhancing model
performance by providing complementary information on the environmental factors controlling
salinity distribution rather than directly detecting soil salinity itself (Reisi Gahrouei et al., 2024;
Samadzadegan ef al., 2025).

Table 3. Comparison of Multi-temporal and Multi-source Remote Sensing Data for
Environmental Monitoring

Feature Multi-temporal Data Multi-source Data
.. Sequential satellite observations acquired over  Integration of complementary datasets
Definition . . . . }
different time periods from multiple remote sensing platforms
. Monitoring temporal dynamics and Improving environmental characterization
Primary purpose . . .
environmental changes through complementary information
Typical data Landsat, Sentinel-2, MODIS, PlanctScope Optical, SAR, Thermal, LIDAR, UAV,
sources DEM
Extracted Temporal trends, seasonal variability, change Spectral, structural, thermal, topographic
information trajectories and geometric information
Vegetation dynamics, soil salinity evolution, Soil salinity mapping, vegetation
Applications drought monitoring, land degradation classification, land cover mapping,
assessment environmental monitoring
Captures long-term environmental changes  Improves prediction accuracy, robustness,
Advantages . .
and change rates and environmental representation
o Sensitive to missing observations, cloud Requires data harmonization, co-
Limitations

contamination, and temporal inconsistency  registration, and computational resources

Integration of Sentinel-1 SAR and
Sentinel-2 optical imagery for soil salinity
assessment

Representative ~ Multi-year Landsat time series for vegetation
examples monitoring

3.5. Hyperspectral remote Sensing Role

Though multispectral remote sensing is popular, hyperspectral remote sensing can provide
more superior services in the specific analysis that can be carried out on the soil salinity.
Hyperspectral sensor, as opposed to multispectral sensors collect hundreds of narrow spectral
bands and spectra adjacent to each other. This spectral resolution enables the detection of
distinctive absorption characteristics of salinity-related minerals and physiological stresses in
vegetation, which are not easily detected (Allbed and Kumar, 2013). It has been demonstrated
in many studies that the hyperspectral data can generate soil salinity maps that are much more
accurate than multispectral data (Farifteh ez al., 2007). Nevertheless, such factors as the cost of
data are high and the size of data has restricted its use.

3.6. Positioning of UAV Remote Sensing in Multiscales Research

The Unmanned Aerial Vehicle (UAV) remote sensing device is a field that warrants special
attention because it is a special tool in multi-scale studies. The UAVs can obtain data on
extremely high spatial scales (i.e. centimeter level) that are in the gap between ground-based
point data and lower quality satellite data. The large level of resolution allows identifying very
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small-scale pictures of soil salinity or vegetation stress. The ability of UAVs to schedule flights
enables researchers to take data at key time points and thus it is a key instrument towards
calibrating satellite-based models and creating accurate and field-scale management models
(Feng et al., 2015).

The use of UAVs successfully fills the critical spatial gap between sparse field observations
and moderate-resolution satellite images (e.g., Landsat or Sentinel). The ability of UAVs to
generate ultra-high-resolution data makes them extremely useful in monitoring small-scale
spatial heterogeneities of arid landscapes by mapping individual plant canopies and
microtopography linked to surface soil salinity. Within machine learning applications, UAV
images serve as a valuable source of highly accurate training data that improves the calibration
and validation of complex models, such as Convolutional Neural Networks (CNNs) and tree
ensembles.

Modern UAVs may be equipped with a range of advanced sensors (multispectral,
hyperspectral, thermal cameras, and LiDAR), which allows for creating a comprehensive
environmental profile. Nonetheless, there are certain practical obstacles related to the extensive
use of UAVs in desert areas. These obstacles include limited flight times because of battery
capacity, sensitivity to adverse meteorological conditions (e.g., strong winds and dust storms
that are common in arid environments), strict airspace regulations, and the heavy computation
needed to process large amounts of photogrammetric and hyperspectral data.

3.7. Model Selection, Hyperparameter Tuning, and Computational Trade-offs

The successful adoption of machine learning algorithms in environmental monitoring depends
heavily on rigorous model selection and hyperparameter optimization techniques. In spatial
applications, model selection often requires a difficult balance among predictive performance,
interpretability, and input data demands (Maxwell et al., 2018). Although highly advanced
Deep Learning (DL) algorithms offer superior performance when modeling complex non-linear
spatiotemporal relationships, their lack of transparency and massive data requirements make
ensemble tree-based models (such as Random Forest and XGBoost) more desirable in regions
with sparse ground-truth data (Belgiu & Dragut, 2016).

Optimizing these models also demands extensive computational resources associated with
hyperparameter tuning. Recent studies highlight the need to move away from the conventional
exhaustive Grid Search toward more efficient techniques, such as Randomized Search and
Bayesian Optimization, which decrease computational costs while mitigating overfitting
(Schratz et al., 2019). This brings up another critical practical issue: computational trade-offs.
Scaling high-resolution predictive models across vast arid landscapes requires substantial
processing power and memory. Consequently, an increasing number of researchers rely on
cloud-computing platforms, such as Google Earth Engine (GEE), which alleviate local
hardware limitations but simultaneously restrict the ability to deeply configure models and
optimize their hyperparameters (Gorelick et al., 2017; Tamiminia et al., 2020).

3.8. Benchmark Datasets and Standardized Test Sites

While great progress in machine learning algorithms has been made due to the availability of
benchmark datasets in general remote sensing applications (such as Sen12MS for land cover
classification), a critical problem remains: the lack of standard benchmark datasets specifically
designed for arid and semi-arid environments. Currently, almost all research devoted to
studying vegetation dynamics or soil salinity relies on localized, proprietary field sampling
data. This fragmentation greatly hinders the reproducibility of studies and the objective
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comparison of different machine learning frameworks (Wadoux et al., 2020).

To improve the practical application of machine learning in monitoring desertification and
soil degradation processes, developing open-access benchmark datasets is vital. Such initiatives
could include creating a global spectral library for saline soils and assembling annotated
datasets for arid vegetation characteristics acquired from UAVs. Furthermore, establishing
globally recognized standardized test sites (similar to LTER networks) will allow researchers
to conduct rigorous evaluations of novel algorithms, standardize hyperparameter tuning
procedures, and ultimately develop more transferable predictive models (Schmitt ez al., 2019).

4. Methods of Environmental Modeling using Machine Learning

The application of machine learning (ML) models to analyze remote sensing data has seen
continuous growth due to the unprecedented availability of spatial data. Furthermore, the use
of Multi-Criteria Decision-Making (MCDM) models together with ML models in hybrid
techniques helps to enhance natural resource management. For example, the use of ML models
alongside the Analytic Hierarchy Process (AHP) technique can assist in determining the priority
areas for the management of vegetation and soil salinity in arid regions (Nguyen & Liu, 2019).

4.1. Introduction to Machine Learning Models

In order to handle large volumes of information and analyze environmental patterns, non-linear
models like Random Forest (RF) (Breiman, 2001) and Artificial Neural Networks, especially
the Multi-Layer Perceptron (MLP), are commonly selected (Ouma et al., 2023; Su et al., 2024).
As an example, RF has been extensively used to simulate vegetation cover variations (Rezaei
et al., 2025); meanwhile, MLP and Digital Soil Assessment approaches have proven to be
effective instruments for forecasting soil salinity and soil quality dynamics in a long perspective
with great accuracy and up to 30 years ahead (AbdelRahman, 2023; Fathizad et al., 2020). The
second trend caused by the growing complexity of spatial data is the shift towards deep learning
algorithms. CNNs and RNNs have become the standard tools for feature detection in the context
of images and time series data; the efficiency of these algorithms has been significantly
improved in terms of both accuracy and computational speed (Zhu et al.,2017; Ma et al., 2019;
Table 4).

There are a number of machine learning approaches used to monitor vegetation and forecast
soil salinity in the recent decade. All these algorithms differ from one another concerning their
methodological framework, computer requirements, and applications. Rather than finding out
what approach performs better than others, recent literature reviews prove that the performance
of models depends on various factors including geographical characteristics of the area under
analysis, variables used for forecasting, sample size, spatial and temporal resolution, data
quality, and validation method (Belgiu & Dragut, 2016; Maxwell et al., 2018; Ma et al., 2019).
In addition, some recent methodological developments showed that the use of standard random
validation leads to a large overestimation of prediction accuracy when spatial models are
analyzed because of spatial autocorrelation (Meyer et al., 2018; Ploton et al., 2020). That is
why comparisons presented in Tables 4 and 5 should be seen as a qualitative summary of
evidence regarding methodological features, benefits, weaknesses, and common applications.of
evidences regarding methodological features, benefits, weaknesses, and common applications.
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Table 4. Characteristics of Common Machine Learning Algorithms for Vegetation and
Soil Salinity Monitoring

Machine Commonly Reported
Learning Typical Applications Commonly Reported Strengths on'y =ep

. Limaitations
Algorithm

Robust to noisy and high-
dimensional data; captures
nonlinear relationships; provides

Vegetation classification,
soil salinity prediction,

Higher computational cost;

Random Forest reduced interpretability

(RF)

digital soil mapping variable importance compared with simpler models
e Vegetation dynamics, soil ~ Effectively models complex Requires extensive
Artificial Neural roperty prediction nonlinear relationships; highl hyperparameter tuning;
Network (ANN) property p ] . ps, gy susceptible to overfitting;
environmental modeling flexible . :
computationally demanding
Extre.me Soil sal.lmty mapping, High predictive performance; -,
Gradient vegetation prediction, . LR Sensitive to hyperparameter
) . efficient optimization; handles . ; .
Boosting regression and nonlinear interactions tuning; lower interpretability
(XGBoost) classification
. . . . Sensitive to kernel and
Land-cover classification, Effective for small and medium- .
Support Vector . . . . parameter selection;
. vegetation mapping, soil sized datasets; strong . . .
Machine (SVM) - e o o computationally intensive for
salinity prediction generalization capability
large datasets
Sensitive to feature scaling and
K-Nearest . . . . . . . :
Neighbor Image classification, Simple implementation; no irrelevant predictors;
(KNN) land-cover mapping explicit training phase computationally expensive for

large datasets

Note: The aforementioned characteristics provided in the table are based on the synthesized literature and reflect
general methodological trends in machine learning performance instead of universal rankings. The performance
of machine learning models is dependent on the purpose of the research, environmental conditions, predictor
variables, number of observations, remote sensing datasets, feature extraction, and validation process. In addition,
to facilitate clarity, the qualitative ratings are defined as follows: Computational Cost: "Low" implies models that
can be executed using typical CPUs; "High/Very High" requires cloud-based computing or Graphics Processing
Units (GPUs). Data Requirement: "Low/Medium" implies models working well with small samples; "High/Very
High" implies the necessity of using large, contiguous spatial datasets.

4.2. Deep Learning

With a multi-layer neural network (CNN and RNN), Deep Learning has a remarkable capacity
to produce features of data in remote sensing images. Such techniques have worked especially
well in tasks such as object detection, image recognition, and in time-series analysis. Ma et al.,
(2019) also applied CNN in classifying Sentinel-2 satellite images with improved results
compared to the traditional models such as SVM. The application of the CNN and RNN in Zhu
etal.,(2017) contributed to the study of vegetation shifts over the years; the F1 score was raised
by the mean of 8.

4.3. Reinforcement Learning

With the capability to come up with the best decisions when dealing with dynamic
environments, Reinforcement Learning has become a promising process of analysing remote
sensing data. These models have a practical use in such areas as the management of resources
and monitoring the natural phenomena. Diaz-Vitor et al., (2025) applied the TD3 algorithm to
optimize the routes of drones to track fire. Furthermore, Ganapathi Subramanian et al., (2018)
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demonstrated that the reinforcement learning might become a potent predictor of the fire spread
path by considering satellite images.

4.4. Transformer Models and Attention Mechanism

Another missing point in most of the classic reviews is the aspect of Transformer models, which
are fast becoming a norm of processing remote sensing time-series data. Transformer models
were originally designed to be used with natural language processing, but they feature a strong
module known as the self-attention that is used to reflect long-range dependencies in sequential
data (Vaswani et al., 2017). Transformers are able to attend time-steps unlike RNNs or LSTMs
that process information sequentially. This parallel processing enables them to create better
complex and non-linear temporal patterns. It has been proven that Transformer-based models
are more efficient than the older ones because they are more capable of learning temporal
dynamics, which has proven to be effective in specific tasks such as crop classification and
drought prediction (Garnot et al., 2021; Saki et al., 2024).

4.5. New Frontiers: Generative Models and Physics-Informed Neural Networks

In addition to the architectures mentioned above, there are two new areas of study that are
transforming the landscape of environmental modeling. The former is Physics-Informed Neural
Networks (PINNs). As opposed to being strictly data-driven, PINNs encode the governing
physical laws of a phenomenon into the loss function of the neural network when being trained,
in a way that makes predictions physically sensible, even where field data are sparse (Willard
etal. 2022).

The second one is Generative Models, including Generative Adversarial Networks (GANSs).
They are important and ubiquitous in their remote sensing applications. As an example, they
can be applied to data augmentation, removing clouds in satellite images, and image super-
resolution to address some of the inherent weaknesses of satellite data (Dash ef al., 2023).

4.6. How to solve Data Scarcity by transfer learning

Transfer learning is a critical approach that can be used to overcome the problem of data scarce
in arid areas. The method consists of fine-tuning a model (usually a deep neural network) that
was initially trained on a large, general data set with a smaller, task-specific data set. The model
does not have to learn everything and uses the rich feature representations as an initial point
obtained through the large dataset. It is a common method of remote sensing to substantially
enhance the performance of models, particularly when the number of labeled data is small (Zhu
etal.,2017; Kussul et al., 2017).

4.7. Spatial Decision-Making Models (MCDM) Integration

Decision-making in the natural resource management requires multi-criteria and integrative
decision-making. Multi-Criteria Decision-Making (MCDM) models, including AHP, ANP, and
TOPSIS can be viewed as effective prioritization and risk assessment tools in this scenario
(Saaty 1980; Zengxiang et al., 2016). The combination of ML models and MCDM techniques
allows conducting data analysis more accurately and in-depth and facilitates effective decision-
making (Nguyen & Liu, 2019). Further evolution of hybrid models of MCDM and machine
learning could introduce new perspectives of accurate forecasting and intelligent management
of the environmental crisis (Rezaei et al., 2025). Since the current machine learning algorithms
used in remote sensing are varied, the performance of different algorithms in various aspects is
important in the selection of the correct method in different applications. In this section, three
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major categories of models have been compared analytically. The comparison is performed...
as well as takes into account such practical aspects as computational complexity, data training
needs, flexibility, and generalization ability (Table 5 and Table 6).

Table 5. Analytical Comparison of Modern Machine Learning Models in Remote Sensing

Feature Hybrid Models Deep Learning Reinforcement Learning

Integration of complementary Hierarchical feature learning Learning optimal actions through

Primary concept algorithms and/or data sources directly from data interaction with the environment

Adaptive environmental

Soil salinity prediction, vegetation Image classification, semantic
management, resource

Typical applications monitoring, environmental segmentation, object detection, .
. . allocation, autonomous
modeling change detection o
monitoring
Tralrlung data Moderate to high Generally large labeled datasets Epv1ronment 1nteract10r} or
requirements simulation-based learning
Computatlonal Moderate to high High High
requirements
Interpretability Moderate (model-dependent) Generally limited Generally limited

Supports adaptive decision-
making under dynamic
conditions

Combines complementary
Major strengths information; improves robustness
and predictive performance

Automatically extracts complex
spatial and temporal features

Increased model complexity and  Large computational cost and Limited practical applications in

Major limitations . . .
J parameter tuning data demand environmental remote sensing

Representative

Scikit-learn, XGBoost, R TensorFlow, PyTorch RLIib, Stable-Baselines
software

Note: The aforementioned characteristics provided in the table are based on the synthesized literature and reflect
general methodological trends in machine learning performance instead of universal rankings. The performance
of machine learning models is dependent on the purpose of the research, environmental conditions, predictor
variables, number of observations, remote sensing datasets, feature extraction, and validation process. In addition,
to facilitate clarity, the qualitative ratings are defined as follows: Computational Cost: "Low" implies models that
can be executed using typical CPUs; "High/Very High" requires cloud-based computing or Graphics Processing
Units (GPUs). Data Requirement: "Low/Medium" implies models working well with small samples; "High/Very
High" implies the necessity of using large, contiguous spatial datasets.

Table 6. Integration of Machine Learning Models with Multi-Criteria Decision-Making (MCDM) Methods
in the Analysis of Spatial Changes in Vegetation and Soil Salinity in Arid and Semi-Arid Regions

Machine Potential
. MCDM . .
Learning Method Synergy / Advantages Application Domain
Model Strength
Random . . Ability to combine data-driven  Identification of priority zones for
Forest AHP High Potential patterns with expert knowledge vegetation and soil salinity changes

Effective for ranking alternatives
ANN TOPSIS  High Potential based on complex non-linear
predictions

Prediction and prioritization of
vegetation and salinity trends

Analysis and ranking of spatio-

Very High  High predictive power combined temporal changes in vegetation and

XGBoost ELECTRE

Potential with robust outranking method .
salinity
Moderate Low sensitivity to noisy data Modeling and prioritizing spatial
SVM AHP Potential combined with structured expert changes in arid and semi-arid

weighting regions
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The application of ML and MCDM aims to address the key gap between the generation of
predictive maps and active land management (e.g., Shang et al., 2023; Ghosh, 2021). Thus,
when applying AHP, continuous probability maps generated via ML methods such as the spatial
prediction of high soil salinity risk can be reclassified and used as a primary criterion in the
quantitative assessment of suitability. This ML-derived criterion is then organized within a
decision matrix and weighted by experts alongside other socio-environmental factors, such as
proximity to agricultural infrastructure, slope, and water availability (Rabie ef al., 2025). The
final result is a suitability map that highlights priority zones for soil reclamation in arid regions.

In the same manner, methods such as the Technique for Order of Preference by Similarity
to Ideal Solution (TOPSIS) can directly incorporate the outputs of ML algorithms to rank
specific management actions (Parsian et al., 2021). For example, if an ensemble machine
learning algorithm predicts the future level of vegetation degradation across different land
parcels, TOPSIS can evaluate these specific parcels against various operational constraints.
This comparison integrates both the ML-predicted vegetation degradation level and other
variables, such as intervention costs and ease of access. This process helps to identify the
optimal management parcel that minimizes economic costs while maximizing conservation
impacts (Batar & Watanabe, 2021).

5. Model Evaluation, Uncertainty and Validation

Rather than treating these challenges as isolated methodological limitations, the proposed
change-oriented framework integrates several complementary strategies to address them
systematically. Specifically, the integration of multi-source and multi-temporal remote sensing
data reduces information gaps associated with individual sensors and improves the
characterization of environmental dynamics. Hybrid machine learning approaches enhance
model robustness under heterogeneous environmental conditions, while spatial cross-validation
and uncertainty assessment improve the reliability and generalizability of predictive models. In
addition, Explainable Artificial Intelligence (XAI) techniques increase model transparency by
facilitating the interpretation of predictor importance and model behavior. Accordingly, the
following section provides a critical synthesis of the principal methodological challenges
identified in the reviewed literature and discusses how each challenge is addressed within the
proposed conceptual framework through an integrated monitoring strategy rather than as an
isolated methodological issue.

The precise evaluation of ML-RS models is fundamental as the trustworthiness of the model
literally speaks through its applications and, hence, decision-making (Belgiu & Dragut, 2016).
The standard measures for regression models are the coefficient of determination (R?), root
mean square error (RMSE), and mean absolute error (MAE) (Emadi et al., 2020; Heung et al.,
2014). Nash-Sutcliffe efficiency (NSE) is often the preferred metric in hydrology studies (Nash
& Sutcliffe, 1970; Melsen et al., 2025). For classifiers the confusion matrices give access to the
computations of overall accuracy, precision, recall, and F1 score.

K-fold cross-validation is the go-to method for small data sets or non-uniform distributions
as a means to counteract overfitting (Rodriguez-Galiano et al., 2012). Validation datasets kept
independent are of utmost strength when it comes to the assessment of generalizability (Wang
etal., 2021).

5.1. Spatial Cross-Validation and Transferability
The challenge of data scarcity and spatial heterogeneity in drylands presents a unique hurdle
for predictive modeling. Spatial Cross-Validation (SCV) addresses this issue by partitioning a
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geographical region into separate, non-overlapping blocks to account for spatial autocorrelation
and provide highly reliable accuracy estimations (Roberts et al., 2017). For example, Fathizad
et al. (2020) applied SCV in the central Iranian desert; this approach successfully reduced the
overestimation of soil quality predictions by 12% compared to standard random sampling.

Transferability describes a model's ability to maintain predictive performance across
different geographic regions. In this context, Domain Adaptation involves applying transfer
learning to fine-tune a model-originally trained on a data-rich source region for application in
a data-poor target region (Tuia et al., 2016). Demonstrating this capability, Fathizad et al.
(2025) showed that Random Forest (RF) and Multilayer Perceptron (MLP) models, after
undergoing transfer learning, provided highly accurate soil texture maps (R?>=0.87—0.90) across
varying desert subregions in Iran.

5.2. Uncertainty Analysis

Beven & Freer (2001) posited that in order to distinguish between reliable and unreliable areas,
the models should estimate prediction uncertainties. One of the uses of uncertainty maps is to
indicate the locations where more field data is needed. In a case study, Fathizad ef al., (2022)
produced uncertainty maps for soil organic carbon, pinpointing spots with over 15% uncertainty
that called for extra sampling and thus, increasing the trust of the overall model.

The proposed framework addresses this challenge by combining multi-source remote
sensing datasets with an adaptive feedback mechanism. As new remote sensing and field
observations become available, they are incorporated into the monitoring process to update and
refine the model. This iterative approach helps reduce information gaps, improves the temporal
consistency of environmental observations, and increases the reliability of machine learning
predictions under changing environmental conditions.

5.3. Ground Truthing

Ground truth data (field samples, GPS surveys, or high-resolution images) are essential to adjust
and verify predictive models (Foody & Atkinson, 2002). The optimal spatial distribution of
these ground data significantly enhances a model's applicability and generalization capabilities
(Heung et al., 2014). For instance, Fathizad et al. (2020) utilized 201 field samples in the central
Iranian desert to test soil salinity models. The collection of these ground-truth samples was not
random; rather, it was rigorously designed to address the high environmental heterogeneity of
the site. Specifically, a Conditioned Latin Hypercube Sampling (cLHS) strategy was employed
to allocate the sampling points (Minasny & McBratney, 2006). This advanced sampling method
ensured proportional coverage across the multidimensional space of the environmental
covariates (e.g., topographic gradients, remote sensing indices, and land cover types). By
utilizing cLHS, the potential problem of sample clustering in easily accessible locations was
avoided, ensuring that the full spectrum of environmental variability was represented.
Consequently, the Random Forest (RF) predictions achieved high accuracy, with an RMSE of
0.13 dS/m and an R? of 0.86.

Beyond robust data collection, a critical challenge in modern spatial modeling is the
interpretability of complex algorithms. The proposed framework addresses this challenge by
incorporating Explainable Artificial Intelligence (XAI) techniques as an integral component of
the model evaluation stage. Rather than relying solely on prediction accuracy, the framework
emphasizes understanding how different environmental variables contribute to model
predictions. Methods such as SHAP and LIME can be used to identify the relative importance
of predictor variables and to improve the transparency of machine learning models. This
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information helps researchers and decision-makers better interpret model outputs and increases
confidence in the application of machine learning for environmental monitoring and natural
resource management (Ribeiro ef al., 2016; Lundberg & Lee, 2017; Ploton et al., 2020).

5.4 Specific Challenges in Arid Regions

Heterogeneous land cover along with soil reflectance variability has made it difficult to make
predictions using remote sensing in arid regions (Chlingaryan et al., 2018). It is a common
phenomenon to have class imbalance, for example, datasets might not include highly saline
areas which would then lead models to favor the majority class (Sun et al., 2009). One of the
solutions for this problem is employing SMOTE for sampling and using evaluation metrics that
are resistant to imbalance, like F1-score or Kappa coefficient.

Within the proposed framework, computational complexity is addressed through a flexible
model selection strategy rather than by recommending a single machine learning algorithm.
The choice of model depends on the monitoring objective, the availability and quality of input
data, computational resources, and the required level of prediction accuracy. Simpler models
may be appropriate for routine monitoring tasks, whereas more advanced hybrid or deep
learning approaches can be adopted when sufficient data and computational capacity are
available. This flexibility allows the framework to be applied under different environmental
and operational conditions without relying on a single modeling approach (Belgiu & Dragut,
2016; Maxwell et al., 2018; Ma et al., 2019).

5.5. Model Evaluation and Uncertainty Assessment

For reliable environmental monitoring, it is crucial that models are evaluated strictly to provide
more realistic estimation of their prediction capabilities. As neighboring pixels in remote
sensing datasets are usually spatially auto-correlated, the traditional method of random cross-
validation will lead to an optimistic prediction assessment of the model (Roberts ef al., 2017;
Ploton ef al., 2020). That is why the proposed model includes spatial cross-validation as one of
the essential elements of the model evaluation process. In the spatial cross-validation technique,
the study area is divided into independent spatial folds.

Along with the spatial validation of predictions, the framework includes uncertainty
mapping that helps measure the reliability of the predictions spatially. It is possible to estimate
the prediction uncertainty by using any of the following methods: ensemble models, bootstrap
sampling, or the prediction variance from multiple models. The produced maps of uncertainties
show the zones in which the model predictions have lower reliability.

In the suggested system, the results from the spatial cross-validation and uncertainty analysis
are included in the adaptive feedback loop. Those areas with large uncertainty in predictions
and low validity are selected for further data collection and modeling iterations. This leads to
improvements in feature selection, model calibration, and prediction accuracy through each
monitoring cycle, making the monitoring system more robust and sustainable.

6. Challenges, Policy Implications and Opportunities

6.1. Real-Life Problems and Obstacles

Models of machine learning (ML) and remote sensing (RS) provide a great deal of support for
the sustainable management and monitoring of natural resources in the dry regions. One of their
main advantages is the detection and analysis of complex and intricate patterns, which makes
them perfect candidates if data are weak or noisy (Kuhn & Johnson, 2013). The near real-time
monitoring implemented by RS when partnering with ground observance, which is a process
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always advantageous in difficult-to-access desert regions where field surveys are extremely
expensive and time-consuming (Chlingaryan et al., 2018), is one of the main benefits of this
technology in such areas.

Yet, there are some challenges:

1. Data Quality and Availability: A major challenge in spatial modeling is the lack of high-
quality and reliable datasets for most remote and arid regions (Grimm et al., 2008). For instance,
according to the findings by Fathizad et al. (2020), only one-third of the collected soil salinity
field measurements could be utilized. This significant data attrition occurred because the rest
of the data was compromised by logistical constraints inherent to harsh desert conditions, such
as extreme weather events and severe accessibility issues.

2. Model Complexity and Black-Box Nature: In many cases, it is very difficult to extract the
reasoning behind the decisions made by deep learning systems and hybrid ML models, which
can adversely affect their acceptance and also create distrust among local in decision-making
authorities (Molnar, 2022).

3. Computational Costs: In many instances, the use of high-resolution, multi-temporal
datasets along with complex ML models entails huge computational costs that may not be easily
met by developing countries.

Possibilities:

1. Free and Open-Access Data: The data provided by Sentinel and Landsat satellites
combined with the use of cloud computing like Google Earth Engine allow for fast and low-
cost large-scale analyses (Gorelick et al., 2017).

2. Hybrid ML Approaches: The ML technology together with Multi-Criteria Decision-
Making (MCDM) allows better identification of actionable insights. For instance, Fathizad et
al., (2026) combined NDVI trends with standardized precipitation indices for the purpose of
identifying drought-prone vegetation areas. Figure 2 shows a conceptual map that explains the
correlation between these main challenges and opportunities.

Challenges Opportunities
¢ Data Scarcity ¢ Multi-Source
¢ Model Uncertainty Data Fusion

e Low Transferability ¢ Hybrid Models

¢ ‘Black Box’ Models / Sustainable (ML # MCDM)
—| Management |_,e Explainable Al
of Arid (XAIl)
Regions ¢ Advanced
Validation

Figure 2. Conceptual synthesis of key challenges and future directions in ML-based environmental
monitoring of arid regions.

6.2. Accessibility and Software Development

Advanced software like Google Earth Engine (GEE), ENVI, and QGIS provide the ability to
conduct multiple satellite data analysis with very little local computing resources. The majority
of cloud-based computing power is dedicated to the processing of massive data sets for
environmental conservation and prediction (Matejicek, 2012).
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To illustrate, Fathizad et al., (2019) deployed MLP neural networks on GEE to model land use
changes in the 500 km? area of central Iran, which was faster by 70% than the local systems.

6.3. Implications of the Environmental Policy

The effective development of environmental policies in dryland regions consistently requires a
balance among ecology, economy, and society (Meadowcroft, 2002). Historically, policy-
makers in arid countries have depended on reactive approaches, which often fail due to the
absence of accurate spatial data. Today, evidence-based policy-making is entirely dependent on
the availability of continuous, high-resolution data. The combination of ML and RS facilitates
a proactive approach that translates complex spatial predictions into actionable policies.

Case Study of Iran: Iran's national programs addressing soil salinity and land degradation
have previously relied on post-crisis engineering approaches that are expensive and temporary.
However, a new approach for predicting soil salinity at the watershed scale using remote
sensing techniques, geographical information systems, and spatial modeling has recently been
adopted (Fathizad et al., 2020; Khajehzadeh et al., 2022). By generating highly accurate spatial
vulnerability maps, the government can implement targeted interventions. From a national
policy perspective, this entails imposing restrictions on excessive groundwater extraction in
highly vulnerable regions, optimizing the distribution of scarce freshwater resources, and
treating severely degraded lands through bioremediation.

Egypt’s Nile Delta: In Egypt, the agricultural sector is at severe risk due to seawater intrusion
and land overexploitation. In this regard, modern spatial algorithms directly support national
policies aimed at ensuring food security. For example, the joint application of Sentinel-1 radar
and Sentinel-2 optical imagery led to a 15-20% enhancement in the precision of salinity
predictions compared to previous methods based on a single data source (Abou Samra & Alj,
2023). This specific achievement is crucial for Egyptian policy-makers, as it allows them to
adapt land reclamation projects (e.g., in the Western Desert), optimize the spatial planning of
agricultural expansion, and implement early warning systems for farmers in the Nile Delta.

In conclusion, these localized cases demonstrate that the integration of modern ML-RS tools
into national policy frameworks extends beyond academic mapping; it enables the creation of
Spatial Decision Support Systems (SDSS). These systems are vital for implementing adaptive
management, ensuring efficient resource utilization, and supporting long-term sustainable
development in sensitive dryland environments.

6.4. Ethical Considerations, Reproducibility, and Open Science

Given the increasing role that machine learning platforms play in the process of decision-
making related to environmental issues, it is essential to consider ethical implications,
reproducibility issues, and open science methods. The incorporation of high-resolution data
from remote sensing using UAVs poses privacy problems that call for a strict adherence to data
policy and ethical data collection in the region where the study takes place.

Moreover, the reproducibility crisis in artificial intelligence is an important impediment in
environmental modelling. A lot of scientific papers do not include details of hyperparameters
used, selection of features, and data preparation procedures that make their models hardly
reproducible. Thus, future research should be conducted according to the principle of Open
Science in which annotated field data, algorithm source code and model weights should be
shared via public repositories such as GitHub or Zenodo. What is more, creating standardized
benchmark data sets aimed at soil salinity and vegetation measurements in drylands will ensure
that the algorithms under development can be compared with each other fairly and reliably.
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6.5. Institutional Barriers and Capacity Building

However, despite the rapid technical development of ML and RS tools, substantial institutional
constraints persist, hampering their implementation in dryland environmental management
(Benos et al., 2021). The first major constraint is an acute shortage of properly trained staff.
Although environmental ministries typically employ professionals in soil science and ecology,
they frequently lack experts in advanced data science, cloud computing, and spatial analytics
(Klerkx et al., 2019). This skills gap hampers governments' ability to independently update and
maintain complex algorithms long after academic research projects conclude.

Moreover, restrictive data-sharing practices and the fragmentation of institutional
governance constitute major challenges to the effective utilization of these tools. In many
developing countries located in arid regions, critical environmental data (such as local
meteorology, groundwater extraction rates, and historical soil profiles) are housed separately
across different ministries (Klerkx et al., 2019; Meinard et al., 2021). The reluctance of
authorities to share these data prevents the creation of the consolidated and standardized
geodatabases required to properly train machine learning algorithms.

7. Conclusion and Future Research Recommendations

Changes in vegetation and soil salinity are among the most critical environmental issues in arid
and semi-arid lands, exerting widespread effects on the sustainability of natural resources and
food security. In recent years, the integration of advanced machine learning models, remote
sensing data, and Geographic Information Systems (GIS) has created new opportunities for
monitoring, analyzing, and controlling these changes. This article aimed to review these models
and their ability to detect and forecast spatiotemporal changes in vegetation and soil salinity.
Based on this synthesis, the main findings are outlined below, followed by recommendations
for future research.

Finally, it is important to recognize the limitations of this review. While a systematic search
strategy was adopted across key academic databases, the strict exclusion of grey literature—
such as government reports and policy papers-may have caused an important set of regional
case studies and practical experiences to be overlooked. Additionally, because the inclusion
criteria focused exclusively on English-language peer-reviewed journals, there is a possibility
that a language bias was introduced to this study. Consequently, this constraint may have caused
valuable localized information published in native languages to be excluded from the analysis.

7.1. Summary of Findings
This comprehensive review proves that the incorporation of modern machine learning (ML)
tools with RS and GIS data offers a powerful method to monitor vegetation changes and soil
salinity in arid and semi-arid environments. Through critical analysis of the literature, this paper
concludes that there are several important lessons:

Predictive Stability and Data Integration: Machine learning techniques including
Random Forest (RF), Artificial Neural Networks (ANN), and XGBoost exhibit high stability
when it comes to the prediction of spatio-temporal environmental changes (Fathizad et al.,
2020). Moreover, the incorporation of multiple source high-resolution data (spectral, radar,
UAV data) significantly improves the efficiency and accuracy of models in heterogeneous
desert areas (Fathizad et al., 2025).

Efficiency of Hybrid Frameworks: The combination of ML predictions with Multi-Criteria
Decision-Making (MCDM) techniques has higher practical significance. Such hybrids can be
effectively used to prioritize and monitor drought-affected vegetation (Yaghobi et al., 2026).
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Change in Focus towards Multi-Temporal Dynamics: Static modeling is not enough
when dealing with gradual degradation processes. It is vital to use continuous, multi-temporal
RS data to detect long-term trends in spatiotemporal changes of soil properties and vegetation
cover (Fathizad et al., 2022).

In summary, the move from a fragmented predictive mapping model to a more holistic,
transformative concept is likely to improve the accuracy of environmental monitoring while
ensuring the sustainable management of natural resources.

7.2. Future Research Recommendations

The methodological gaps and weaknesses that were found for the conceptual framework need

to be addressed, and these include the following priorities:

e Maximizing Data Fusion: In order to deal with the bottleneck of having sparse and noisy
data from the field in remote arid regions, future researchers should aim at maximizing the
data fusion of optical, radar, thermal, and UAV datasets. For example, combining Sentinel-
1 radar datasets with UAV images was successful in increasing the resolution of salinity
mapping by 18% in central Iran (Fathizad et al., 2025).

o Dealing with "Black-Box'" Models Using XAI Techniques: In order to solve the problem
of the black-box approach in using complex models such as deep learning or hybrid models,
future frameworks should use Explainable Artificial Intelligence (XAI). This will increase
interpretability and build trust among policymakers and local managers regarding feature
importance in model predictions.

e Addressing the Problem of Uncertainty through Proactive Analysis: In order to
overcome the bottleneck of model uncertainty caused by inconsistent prediction errors in
different environments, future models should be characterized by proactive analysis of
uncertainty and sensitivity. Creating uncertainty maps for particular areas allows scientists
to identify precisely which places need further field studies, and hence helps avoid the
misclassification of saline soils (Fathizad et al., 2020).

e Solving the Problem of Poor Transferability Using Localized Models: In order to address
the issue of poor performance of models when it comes to their transferability, future
research needs to concentrate on adjusting particular models according to local climatic
conditions. Adapting neural networks (e.g., MLP) specifically for regional desert climates
results in highly accurate and transferable models (Fathizad et al., 2019).

e Overcoming Short-Term Static Observation with Temporal Modeling: In order to
overcome the shortcomings of short-term and static observation models, research needs to
use multi-decade datasets (for example, Google Earth Engine time-series). Spatiotemporal
modeling is needed in order to discover long-term degradation trends such as declines in soil
organic carbon during decades (Fathizad et al., 2022).

e Implementing Evidence-Based Action Through ML-MCDM Hybrid Early Warning
Systems: To finally close the loop between modeling and management, future models need
to incorporate ML outputs along with MCDM to produce effective early warning systems.
The combination of NDVI and drought indexes can help produce very accurate seasonal
alerts, allowing for appropriate action to be taken on time (Yaghobi ef al., 2026).
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