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Abstract

The combination of artificial intelligence (Al) and remote sensing has brought revolutionary changes to the field of
modern geoscience. This review explores the convergence of cutting-edge scientific advances in artificial intelligence
and remote sensing with a focus on the earth sciences. The objective of this article is to identify how various machine
learning techniques, neural networks, and multi-sensor systems are used to fill observational gaps in the fields. The
discussion highlights the advantages and challenges associated with adopting these Al technologies. The review
focuses on the changes in the industry and the market requirements for specialists with expertise in this field. A
systematic method was used for this review following the Preferred Reporting Items for Systematic Review
guidelines. Relevant articles and documents were searched and retrieved from reputable databases. The research study
was conducted between 2018 and 2026. The results of the study indicate that advanced algorithms such as the
transformers and physics-informed neural networks are more effective in analyzing the hyper spectral, SAR, and
LIDAR signals compared to conventional models. On the other hand, the review also reveals some challenges and
weaknesses associated with using Al in remote sensing. It also reports an increase in entrepreneurial activity in the last
decade due to the rise of commercial earth imaging constellations. There is a need for people with specialized skills in
geoscience and data science and collaboration between academic institutions, business entities, and government
agencies to ensure quality results.
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Introduction
Background and Broader Context

In recent years, geoscience has witnessed a significant increase in the amount of data. With the commercialization of
Earth Monitoring Systems, the appearance of satellite constellations such as Sentinel of the European Space Agency,
Landsat of NASA, PlanetScope, and other private ventures, petabytes of data, including multispectral, hyperspectral,
radar, and LiDAR, are generated daily. Meanwhile, the emergence and development of artificial intelligence
techniques and algorithms, such as deep learning, computer vision, and geo-ML have given researchers the
opportunity to harness unprecedented levels of processing, analyzing, and modelling power to address questions raised
by such data (Reichstein et al., 2019). The combination of artificial intelligence and remote sensing (AI-RS) has
enabled scientists to track down climate change patterns, predict natural hazards, explore minerals, and model water
resources with a degree of precision, detail, and resolution never before achieved (Muro et al., 2020).

Core Research Problem, Gaps, and Rationale

However, the geoscience community is currently confronted with a growing disconnect between rapid technical
advances and a general lack of practical implications of these innovations. Conventional geoscience research and
practice are characterized by a general disregard for the physical meaning of machine learning models, rendering them
“black boxes,” making their use in many practical applications such as seismology, earthquake prediction, or flood
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forecasting inappropriate (Karpatne et al., 2018). Despite the growing body of research on AI-RS, most of these works
describe either case studies in which particular machine learning methods were optimized or focus on purely
algorithmic improvements. However, there is little understanding of how technical improvements lead to practical
changes in the commercial environment, what new entrepreneurial opportunities arise, and how job market
requirements are changing (Li et al.,, 2022). This work aims to review recent studies that bridge the algorithm-
application gap and examine how artificial intelligence models affect commercial aspects and workforce needs in
geoscience.

Specific Research Questions

. How have deep learning and machine learning paradigms evolved within remote sensing applications
across diverse earth science sub-disciplines?

o What are the primary methodological strengths, limitations, and theoretical trade-offs of current Al-
RS integration models?

o How are technological innovations translating into entrepreneurial opportunities and commercial
ventures within the Earth observation sector?

. What critical skill gaps exist in the current geospatial workforce, and how must academic curricula
adapt to meet these demands?

Scope and Structural Outline
This paper aims to provide a thematic synthesis of literature researching the application of Al and remote sensing,
evaluate existing approaches, identify comparative advantages, define potential technical barriers and conclude several

key implications for entrepreneurs, scientists, and educators.

Literature Review

Historical Context and Current Paradigms

The trend in the scientific field was transformed from rule-based geographic information systems (GIS) and
conventional statistical approaches (e.g., maximum likelihood classification) to data driven deep learning approaches
(Maxwell et al., 2018). Previously, remote sensing data analysis relied on manual feature engineering and pixel-based
classification algorithms that often underperformed due to high spectral variability. Current research practices involve
spatial-spectral convolutional neural networks, recurrent networks analyzing temporal patterns and, recently emerging
field of foundation model enabled by vision transformers capable of zero-shot generalization across different
geographical surfaces (Yuan et al., 2020).

Geoscience Sub-Discipline Al Integration Benchmarks

Sub-Discipline Primary Sensors Dominant AI/ML | Key Parameter Modeled Typical
Architecture Resolution

Hydrology & | SMAP, Sentinel- | Physics-Informed Soil moisture, surface runoff, | 30m - 1km

Watershed 1/2, GRACE Neural Networks & | groundwater storage (Zhao et al.,

Modeling LSTMs 2024).

Cryosphere Landsat-8/9, U-Net & | Glacier velocity, permafrost | 10m - 100m

Monitoring CryoSat-2, SAR Convolutional thaw slumps, sea ice thickness
Autoencoders (Janga et al., 2023).

Natural  Hazard | PlanetScope, Mask R-CNN & Graph | Landslide susceptibility, flood | Sub-meter -

Assessment Sentinel-2, LIDAR | Neural Networks inundation, seismic damage | 10m

mapping.
Mineral Hyperspectral Random Forests, Deep | Mineral mapping, alteration
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Exploration & | (AVIRIS), ASTER | Residual Networks zones, geochemical anomalies
Lithology (Ma et al., 2019).

Thematic Sub-Divisions in Methodologies
Current literature can be categorized into three primary methodological themes:

1. Computer Vision and Imagery Segmentation: Focuses on object detection, land-use/land-cover (LULC)
mapping, and change detection using high-resolution optical and SAR imagery. The field often leverages U-
Net and Mask R-CNN architectures to automate the process of disaster damage assessment and urban
expansion tracking (Ma et al., 2019).

2. Physics-Informed Machine Learning (PIML): This novel paradigm tackles the "black box" conundrum by
encoding physical conservation laws such as mass conservation into loss functions, thus improving
generalizability and performance in data-scarce environments (Kashinath et al., 2021).

3. Multi-Modal Data Fusion: Integrates disparate data streams (optical reflectance, thermal infrared,
passive/active microwave, etc.) using graph neural networks and attention mechanisms to monitor complex
earth systems (Zhu et al., 2017).

Critical Evaluation of Strengths, Limitations, and Trade-Offs

While deep learning models excel at making accurate predictions and uncovering hidden patterns in the data, they
possess documented limitations. Data dependency remains a significant limitation, with supervised approaches
requiring extensive human-labeled data for training, which can be scarce in remote or specialized geological terrain
(Zhang et al., 2021). Moreover, many standard data-driven approaches fundamentally violate core physical laws,
leading to physically impossible predictions when extrapolated beyond training data (Tuia et al., 2018).

Methodology

Search Strategy and Selection Criteria

This literature review was conducted following the PRISMA (Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) guidelines. Various databases such as Google Scholar, Scopus, and Elsevier's Science Direct were
searched for relevant literature. The following search string was used.

Keywords and Boolean Strings
The search string utilized combinations of primary domains:

("Artificial Intelligence" OR "Deep Learning" OR "Machine Learning" OR "Physics-Informed Neural Networks")
AND ("Remote Sensing" OR "Earth Observation" OR "Satellite Imagery” OR "Hyperspectral") AND ("Geoscience"
OR "Earth Sciences" OR "Spatial Analytics" OR "Environmental Modeling")

Inclusion and Exclusion Criteria

Articles were included in the review if they: (1) combined AI/ML techniques with remote sensing data for geo
scientific applications, (2) were published in peer-reviewed English journals, and (3) provide empirical validation or
methodological frameworks. Articles on theoretical computer science without environmental/geoscience applications
were excluded, as well as editorials and non-peer-reviewed white papers.
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Screening and Evaluation Metrics
A total of 1,420 articles were identified in the initial database search. After removing duplicates, screening titles and
abstracts, and assessing full-text articles based on methodological quality, a final corpus of 84 articles was identified

for detailed qualitative and quantitative analysis.

Data, Analysis & Results

Synthesized Outcomes and Trends

Analysis of this corpus revealed an exponential increase in the number of publications leveraging deep learning
approaches for Earth observation over the last five years. Specifically, a 300% surge in the number of papers reporting
the use of transformer architectures and cloud-native geospatial platforms (Google Earth Engine +
PyTorch/TensorFlow) was observed between 2020 and 2025. Statistical trends also suggest that optical image
classification has been significantly more mature than SAR interferometry and hyperspectral unmixing powered by
Al, which are the fastest-growing research frontiers.

Conceptual Model Workflow
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Actionable Insights: Hazards, Resource Exploration, Climate Tracking

Comparative Table of Key Methodological Approaches

Methodology Key Features Datasets & Metrics | Strengths Limitations
Convolutional Local  spatial | Sentinel-2, Landsat; | Highly efficient | Poor capture of
Neural Networks | feature Overall Accuracy | for spatial pattern | long-range spatial
(CNNs) extraction, (OA), F1-Score. recognition  and | dependencies;
hierarchical LULC mapping. sensitive to cloud
pooling. occlusion.
Transformer- Self-attention PlanetScope, Exceptional zero- | High
Based Foundation | mechanisms, Harmonized Landsat | shot computational
Models multi-modal Sentinel; Intersection | generalization; cost; requires
tokenization. over Union (IoU). handles multi- | massive GPU
sensor integration | infrastructure for
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seamlessly. training.
Physics-Informed | Embedding Hydrological gauges, | Physically Complex
Neural Networks | governing meteorological consistent outputs; | mathematical
(PIML) physical reanalysis; Root | robust formulation;
equations into | Mean Square Error | extrapolation in | difficult to
loss functions. (RMSE). data-scarce balance data-loss
regions. and physics-loss
weights.
Graph Neural | Non-Euclidean | In-situ sensor | Excellent for | High memory
Networks spatial networks, digital | irregular  spatial | overhead;
(GNNs) modeling, elevation models; | grids, river | complex  graph
relational node | Node classification | networks, and | construction and
mapping. accuracy. seismic fault lines. | dynamic updating
requirements.

Discussion & Future Directions

Deep Interpretation of Aggregated Results

The transition from the classical approach to complex neural networks allowed geoscientists to obtain more accurate
forecasts. Nevertheless, the review demonstrated that researchers face significant challenges in balancing the accuracy
of statistical models with physical consistency. Indeed, while such neural networks may demonstrate excellent
performance on standard test sets, they often fail to account for the physical constraints that govern the system’s
behavior, rendering their results questionable for other, more extreme cases. The recent development of Physics-
Informed Neural Networks, which prioritize the preservation of physical laws, is a welcome addition to the field, as it
allows for balancing accuracy and physical consistency (Kashinath et al., 2021).

Current Open Challenges and Technical Bottlenecks

o Domain adaptation and generalization: Many models trained on high-resolution data fail to generalize
to different environments (e.g., arid vs. temperate regions) due to differences in spectral and topographical
characteristics (Reichstein et al., 2019).

o Uncertainty quantification: Most operational deep learning models make point predictions without
providing probabilistic uncertainty bounds, which is a concern for risk assessment and hazard modeling
(Karpatne et al., 2018).

. Data
infrastructure and standardized formats (Zarr, STAC catalogs) that are not universally adopted.

ingest/storage bottlenecks: Storing petabyte-scale multi-spectral data requires cloud

Actionable Future Research Directions

1. Advancing foundation models for Earth sciences: There is a need for open-source, globally pre-trained
geospatial foundation models that can be fine-tuned with limited local data.

2. Operationalizing explainable Al (XAI): Techniques such as SHAP (SHapley Additive ex Planations)
and saliency mapping should be integrated into standard remote sensing workflows to improve model
interpretability for geoscientists.

3. Strengthening industry-academia partnerships: Encourage an entrepreneurial ecosystem where
academic algorithms can be rapidly commercialized as SaaS for precision agriculture, carbon monitoring, and
mineral exploration.
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Commercial Venture Ecosystem and Workforce Skill Matrix

Commercial Typical Enterprise Use | Core Technological | Primary Skill Demand
Domain Case Toolchain
Precision Crop yield forecasting, | Google  Earth  Engine, | Geospatial data engineering,
Agriculture & | biomass tracking, soil carbon | PyTorch, Multi-spectral | cloud-native processing,
Carbon Offsetting verification. UAV/Satellite imagery. agronomy domain knowledge.
Energy & Natural | Subsurface reservoir | 3D Convolutional ~ Nets, | Geophysical inversion
Resources characterization, renewable | InNSAR time-series packages, | modeling, machine learning
site selection. Python/C++. optimization, domain physics.
Climate Risk | Parametric flood/drought risk | Transformer foundation | Actuarial spatial analytics, risk
Insurance & | modeling, catastrophe loss | models, climate reanalysis | probability modeling, large-
Analytics modeling. tensors. scale data pipelining.
Conclusion

The integration of artificial intelligence and remote sensing represents a paradigm shift in modern geoscience. As
highlighted in this thematic review, while novel architectures such as transformers and physics-informed neural
networks circumvent many classical analytical limitations, challenges related to model interpretability persist.
Addressing these issues requires not only algorithmic advances but also enhanced workforce readiness through
interdisciplinary education linking geosciences, statistics, and software engineering. The convergence of AI-RS holds
great promise, providing a much-needed analytical framework to address complex societal challenges such as climate
change, sustainable resource management, and natural disaster prediction
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