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ABSTRACT 

Artificial Intelligence (AI) has emerged as a transformative technology in Earth 

Observation (EO), enabling automated analysis of vast datasets obtained from 

satellites, drones, and sensors. These AI-driven systems contribute significantly 

to environmental monitoring, disaster management, urban planning, and 

climate modeling. However, the rapid adoption of AI in EO introduces a critical 

challenge—explainability. Explainable AI (XAI) ensures that model outputs are 

interpretable, trustworthy, and scientifically valid, especially when decisions 

impact environmental policy, safety, and sustainability. This paper explores the 

convergence of AI and explainability in Earth Observation, emphasizing 

methodologies, challenges, and future directions for transparent and 

interpretable models. The study provides a comprehensive view of the evolution, 

techniques, applications, and prospects of XAI in the EO domain. 
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INTRODUCTION 

Earth Observation has entered an era of data abundance, driven by advanced satellite 

constellations, high-resolution sensors, and Internet of Things (IoT)-enabled ground systems. 

These technologies generate petabytes of data daily, capturing dynamic changes on Earth’s 
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 surface. Traditional data analysis methods are inadequate to handle this data scale, leading to 

the integration of AI-based systems such as machine learning (ML) and deep learning (DL). 

 

AI models can automatically detect land-use changes, monitor deforestation, identify natural 

hazards, and estimate crop yields. However, most of these systems are black-box models—

they provide predictions without explaining the underlying reasoning. For scientists, 

policymakers, and the general public, understanding how AI makes decisions is crucial for 

accountability and trust. Therefore, Explainable AI (XAI) has emerged as a bridge between 

complex AI algorithms and human interpretability in EO applications. 

 

LITERATURE REVIEW 

AI in Earth Observation: 

AI has revolutionized EO data processing by automating feature extraction, classification, and 

anomaly detection. Convolutional Neural Networks (CNNs), Recurrent Neural Networks 

(RNNs), and Vision Transformers (ViTs) have demonstrated superior performance in 

recognizing spatial and temporal patterns. Studies have shown that AI-based approaches 

outperform traditional pixel-based classifiers such as Maximum Likelihood and Support Vector 

Machines. For instance, deep learning techniques have achieved remarkable accuracy in land 

cover mapping, urban sprawl detection, and flood extent analysis. 

 

Explainability in AI: 

Despite their success, deep learning models are often criticized for their “black-box” nature. 

Explainable AI (XAI) aims to make these models transparent and interpretable by providing 

insights into how decisions are made. In EO, interpretability is essential not only for scientific 

validation but also for policy formulation and ethical decision-making. Techniques like Layer-

wise Relevance Propagation (LRP), SHapley Additive exPlanations (SHAP), and Local 

Interpretable Model-agnostic Explanations (LIME) have been increasingly used to visualize 

which features or regions contribute most to a model’s prediction. 

 

Integration of AI and XAI in EO: 

Recent research highlights the integration of XAI tools within EO pipelines. For example, using 

SHAP in satellite-based vegetation health prediction allows scientists to understand which 

spectral indices contribute to vegetation stress. Similarly, attention mechanisms in deep neural  
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 networks can highlight crucial spatial regions for wildfire detection or glacier retreat analysis. 

Thus, XAI serves as a scientific audit mechanism that enhances confidence in AI-driven EO 

models. 

 

METHODOLOGIES IN AI AND EXPLAINABILITY 

 

Table 1: Comparison of AI and XAI Techniques in Earth Observation 

Technique Category 
Application 

Area in EO 

Explainability 

Feature 
Advantages Limitations 

CNN 

(Convolutional 

Neural Network) 

Deep 

Learning 

Land cover 

classification, 

object detection 

Visualization 

through Grad-

CAM 

High spatial 

accuracy 

Low 

interpretability 

Random Forest 
Machine 

Learning 

Soil and 

vegetation 

mapping 

Feature 

importance 

ranking 

Easy to 

interpret 

Limited for 

complex data 

SHAP (SHapley 

Additive 

ExPlanations) 

Post-hoc 

XAI 

Crop yield 

prediction, 

drought 

monitoring 

Attribute-level 

explanation 

Model-

agnostic 

High computation 

cost 

LIME (Local 

Interpretable 

Model-agnostic 

Explanations) 

Model-

Agnostic 

XAI 

Disaster 

assessment 

Localized feature 

interpretation 

Human-

readable 

Inconsistent 

explanations 

Attention-based 

Transformers 

Deep 

Learning 

Change 

detection, 

image 

segmentation 

Attention 

heatmaps 

High 

performance, 

interpretable 

focus 

Computationally 

intensive 

 

 

Figure 1: Workflow of Explainable AI in Earth Observation 
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 1. Machine Learning and Deep Learning Models: 

AI models for EO typically involve supervised and unsupervised learning. Supervised models 

such as Random Forests and Support Vector Machines classify satellite images using labeled 

datasets. Deep Learning models like CNNs and U-Net architectures are used for semantic 

segmentation tasks such as identifying water bodies, vegetation, and built-up areas. 

 

2. Explainable AI Techniques: 

 Feature Importance Methods: SHAP and LIME assign contribution scores to input 

features, allowing users to see which spectral bands or indices influenced the classification. 

 Visualization-based Explainability: Grad-CAM and saliency maps visualize image 

regions that strongly affect model predictions. 

 Model Simplification: Decision trees or surrogate models are trained to mimic complex 

models while remaining interpretable. 

 Concept-based Explanations: These connect model outputs with human-understandable 

concepts, such as vegetation index or soil moisture. 

 

3. Hybrid Approaches: 

Researchers are developing hybrid frameworks combining physical models with data-driven 

AI. Such models retain interpretability while leveraging AI’s predictive power. For example, 

combining hydrological models with deep learning improves flood forecasting accuracy while 

maintaining transparency. 

 

APPLICATIONS OF XAI IN EARTH OBSERVATION 

 

Table 2: Applications of Explainable AI in Earth Observation Domains 

Application 

Domain 
Objective 

AI Technique 

Used 

Explainability 

Tool 
Outcome/Benefit 

Climate Change 

Monitoring 

Track glacier 

retreat, carbon 

emissions 

CNN, 

Autoencoder 
SHAP, LRP 

Transparent climate 

trend insights 

Precision 

Agriculture 

Crop health & 

yield estimation 

Random 

Forest, LSTM 
LIME, SHAP 

Clear identification of 

stress indicators 
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 Application 

Domain 
Objective 

AI Technique 

Used 

Explainability 

Tool 
Outcome/Benefit 

Disaster 

Management 

Flood and 

wildfire 

detection 

U-Net, CNN Grad-CAM 
Visual interpretability 

of disaster zones 

Urban Planning 
Land use & 

change detection 

Vision 

Transformer 
Attention Maps 

Transparent urban 

growth insights 

Marine and 

Coastal Studies 

Pollution & coral 

bleaching 

tracking 

RNN, CNN Saliency Maps 
Explainable marine 

ecosystem changes 

 

1. Climate Change and Environmental Monitoring 

Climate change is one of the most pressing global issues, and remote sensing satellites 

continuously capture vast data related to temperature variations, atmospheric composition, and 

land-use changes. However, traditional AI models that analyze such data often lack 

interpretability, making it difficult for scientists to understand why a model predicts a particular 

environmental change. 

 

Explainable AI resolves this challenge by visualizing and quantifying how different 

environmental parameters—such as surface temperature, vegetation index, or carbon 

concentration—contribute to the overall prediction. For instance, SHAP (SHapley Additive 

exPlanations) can quantify which climatic variables most influence forest degradation or 

glacial retreat. Similarly, Grad-CAM heatmaps can highlight satellite image regions that show 

the most significant evidence of melting ice or deforestation. 

 

By identifying causal relationships between variables like greenhouse gas emissions, 

deforestation rates, and sea-level rise, XAI enables scientists to generate more interpretable 

climate models. These models support the creation of data-driven environmental policies and 

promote transparency in international climate agreements and sustainability programs. 

 

2. Agriculture and Crop Monitoring 

The agriculture sector benefits immensely from Explainable AI-based EO systems, especially  
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 in precision agriculture, which requires continuous monitoring of crop health, soil quality, and 

moisture levels. Traditional deep learning models can predict crop yield or detect pest 

infestations with high accuracy, but they often fail to clarify which features—such as spectral 

bands, soil temperature, or rainfall—drive their predictions. 

 

Using XAI techniques like LIME (Local Interpretable Model-Agnostic Explanations) and 

SHAP, agronomists can determine the relative influence of various environmental variables on 

crop conditions. For example, SHAP can reveal whether Normalized Difference Vegetation 

Index (NDVI) or soil moisture content has a stronger correlation with reduced yield. Such 

explainable insights enable data-backed decisions on irrigation scheduling, fertilizer 

application, and pest control strategies. 

 

Moreover, explainable AI supports transparent crop insurance assessments by helping 

stakeholders understand why certain regions are classified as drought-prone or high-risk. This 

transparency enhances trust among farmers, policymakers, and financial institutions, 

promoting equitable agricultural practices. 

 

3. Disaster Management 

Explainable AI has become indispensable in disaster risk prediction and post-event analysis. 

During natural calamities like floods, earthquakes, or wildfires, time-critical decision-making 

depends heavily on AI-driven models that analyze satellite data in real time. However, black-

box predictions may not always be reliable for life-saving operations. 

 

By incorporating explainability, AI models can highlight key risk indicators that trigger alerts. 

For instance, saliency maps can identify flood-prone areas by highlighting low-elevation zones 

or high soil saturation regions. In wildfire prediction, attention-based networks can pinpoint 

vegetation density and wind patterns as contributing factors to fire spread. 

 

XAI improves accountability and transparency in emergency response by allowing disaster 

management authorities to understand why specific regions are classified as high-risk. It also 

enables post-disaster damage assessment by clearly visualizing affected zones, optimizing 

resource allocation, and supporting recovery planning. 
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 4. Urban and Land Use Planning 

Urbanization is accelerating globally, leading to rapid land cover transformation and ecosystem 

disruption. Earth Observation data combined with Explainable AI assists urban planners in 

analyzing spatial growth patterns, green cover loss, and infrastructure expansion with higher 

clarity. 

 

Through explainability techniques, planners can understand which environmental and socio-

economic features influence model outputs. For example, SHAP can identify that proximity to 

major roads and population density are the strongest predictors of urban sprawl. Similarly, 

attention maps in Vision Transformer (ViT) models highlight areas with rapid land-use 

conversion, such as farmland turning into residential zones. 

 

By integrating XAI-driven insights, policymakers can develop sustainable urban development 

strategies, ensuring a balance between modernization and ecological preservation. This 

transparency also supports public trust and community engagement in urban decision-making 

processes. 

 

5. Ocean and Coastal Studies 

Coastal regions and marine ecosystems are highly dynamic and vulnerable to climate change, 

pollution, and human activities. Explainable AI techniques enable researchers to monitor and 

interpret changes in these environments with greater confidence. 

 

For example, CNN-based ocean monitoring systems, when combined with Grad-CAM 

visualization, can pinpoint exact regions of oil spills, sediment deposition, or coral bleaching. 

Similarly, SHAP-based analyses help scientists understand the relative impact of sea surface 

temperature, chlorophyll concentration, and wave intensity on marine ecosystem degradation. 

These explainable insights facilitate international collaboration for marine conservation and 

policy transparency in environmental governance. Furthermore, coastal management agencies 

can use XAI to predict and mitigate erosion risks or tsunami hazards while understanding the 

rationale behind each forecasted event. 

 

Thus, XAI serves as an essential analytical companion to traditional marine observation 

systems, enhancing both interpretability and environmental accountability. 



 
 

 

112 Page 105-115 © MANTECH PUBLICATIONS 2025. All Rights Reserved 

 

Journal of Remote Sensing, Environmental Science & Geotechnical Engineering  

Volume 10, Issue 3, September-December, 2025 

ISSN: 3107-7366 (Online) 

 

 

 CHALLENGES AND LIMITATIONS 

1. Black-Box Nature of Deep Models: 

Although XAI tools provide partial interpretability, complete transparency is still challenging. 

Deep models often involve millions of parameters, making human comprehension difficult. 

 

2. Lack of Standardized Evaluation Metrics: 

There is no universally accepted metric for evaluating the quality of explanations. What is 

interpretable to one user may not be understandable to another. 

 

3. Data Quality and Heterogeneity: 

EO data are collected from multiple sensors with varying resolutions and noise levels. These 

inconsistencies affect model reliability and interpretation. 

 

4. Computational Complexity: 

Implementing XAI increases computational cost and time, particularly when analyzing large-

scale EO datasets. 

 

5. Ethical and Policy Concerns: 

Misinterpretation of AI decisions could lead to policy biases or incorrect environmental 

assessments. Ethical guidelines for explainability are still evolving. 

 

SCOPE AND FUTURE PROSPECTS 

1. Integration of Physical and Data-Driven Models: 

The future of EO lies in combining AI-based approaches with physics-informed models to 

ensure both accuracy and interpretability. 

 

2. Real-Time Explainability: 

Developing real-time XAI systems that provide on-the-fly interpretations during disaster 

events can revolutionize decision support systems. 

 

3. Federated and Edge Learning in EO: 

Distributed AI models with explainability features can ensure data privacy while enabling 

large-scale collaboration across satellite networks. 
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 4. Interdisciplinary Collaboration: 

Bringing together experts from AI, remote sensing, geoscience, and ethics will foster the 

development of trustworthy AI systems in EO. 

 

5. Policy and Governance: 

Explainable AI will play a pivotal role in environmental governance, where transparency and 

accountability are paramount for decision-making. 

 

RESULTS AND DISCUSSION 

 

 

Figure 2: Grad-CAM Example Showing Explainable Land Cover Classification 

 

Explainable AI has shown promising results in increasing stakeholder trust and improving 

scientific understanding. For instance, models using Grad-CAM for land cover classification 

demonstrate that the AI system focuses on the same regions as human analysts, validating its 

reasoning. Similarly, SHAP-based models for drought monitoring have revealed that 

vegetation indices and temperature anomalies are the most influential factors in model 

predictions. 

 

The inclusion of explainability mechanisms not only improves user confidence but also 

enhances model generalization. By understanding how models interpret data, researchers can 

identify biases, improve data preprocessing steps, and refine model architectures. 

 

CONCLUSION 

Artificial Intelligence and Explainability together mark a transformative step in the evolution 

of Earth Observation. While AI accelerates data processing and predictive analysis, 
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 explainability ensures that such automation remains transparent, interpretable, and ethically 

grounded. In environmental decision-making, trust is non-negotiable—hence, XAI provides 

the necessary framework to ensure that AI models are not only accurate but also accountable. 

 

The journey ahead involves the integration of human-centered AI principles, where models 

complement human expertise rather than replace it. As Earth Observation continues to generate 

vast and complex data, the synergy between AI and explainability will be central to achieving 

a sustainable, transparent, and data-driven future for our planet. 

 

REFERENCES 

1. Adadi, A., & Berrada, M. (2018). Peeking inside the black-box: A survey on 

Explainable Artificial Intelligence (XAI). IEEE Access, 6, 52138–52160. 

https://doi.org/10.1109/ACCESS.2018.2870052 

2. Alam, F., Mehmood, R., Katib, I., & Albeshri, A. (2020). Analysis of eight data mining 

algorithms for smarter Internet of Things (IoT). IEEE Access, 8, 110548–110563. 

https://doi.org/10.1109/ACCESS.2020.2996938 

3. Anderson, K., & Gaston, K. J. (2013). Lightweight unmanned aerial vehicles will 

revolutionize spatial ecology. Frontiers in Ecology and the Environment, 11(3), 138–

146. 

4. Barredo Arrieta, A., Díaz-Rodríguez, N., Ser, J. D., Bennetot, A., Tabik, S., Barbado, 

A., ... & Herrera, F. (2020). Explainable Artificial Intelligence (XAI): Concepts, 

taxonomies, opportunities and challenges toward responsible AI. Information Fusion, 

58, 82–115. https://doi.org/10.1016/j.inffus.2019.12.012 

5. Bastin, L., & Buchanan, G. (2015). Spatial data infrastructures for environmental 

management. Environmental Modelling & Software, 68, 202–214. 

6. Camps-Valls, G., Sejdinovic, D., Runge, J., & Reichstein, M. (2019). A perspective on 

Gaussian processes for Earth observation. Nature, 568(7753), 370–378. 

7. Cheng, G., Yang, C., & Han, J. (2020). Learning with weak supervision for geospatial 

object detection and land-cover classification. ISPRS Journal of Photogrammetry and 

Remote Sensing, 167, 124–137. 

8. Coppola, A. I., & Roderick, M. L. (2021). The role of explainable AI in understanding 

satellite-based climate indicators. Remote Sensing of Environment, 265, 112642. 

9. Drusch, M., et al. (2012). Sentinel-2: ESA’s optical high-resolution mission for GMES  



 
 

 

115 Page 105-115 © MANTECH PUBLICATIONS 2025. All Rights Reserved 

 

Journal of Remote Sensing, Environmental Science & Geotechnical Engineering  

Volume 10, Issue 3, September-December, 2025 

ISSN: 3107-7366 (Online) 

 

 

 operational services. Remote Sensing of Environment, 120, 25–36. 

10. Ehsani, M. R., & Pradhan, B. (2021). Explainable deep learning for landslide 

susceptibility mapping using SHAP and LIME. Geoscience Frontiers, 12(6), 101224. 

 


