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GEOspatial Artificial Intelligence (GEOAI) group
• Lebanese National Center for Remote Sensing - CNRS
• established in April 2015
• rely on openly available satellite imagery
• geogroup.ai
• know-how (deep learning, time-series imagery, in-house python library)
• GEOAI offers: AI-based solutions for Earth Observation (EO) across several verticales.
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http://geoai.cnrs.edu.lb/urbanmodels/
https://geogroup.ai/project/solar-potential-map-for-lebanon/
http://geoai.cnrs.edu.lb/qaraaoun/
https://geogroup.ai/project/crop-monitoring/


Introduction & Problem Statement:
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•The Rise of AI in Geospatial: AI models are increasingly used for critical tasks like building 

extraction and scene understanding.

•The "Black Box" Problem: These models lack transparency, making it difficult to trust their 

decisions or debug errors.

•The Gap:

•Explainable AI (XAI) exists, but evaluation methods are designed primarily for image 

classification, not semantic segmentation.

•Current evaluation is often qualitative (visual inspection), which is subjective and 

unreliable.

•Objective: To propose a comprehensive quantitative evaluation framework specifically for 

semantic segmentation.



Proposed Methodology: The Framework

We evaluate XAI methods by manipulating input images based on "heatmaps" and measuring 

the impact on the model's output.
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Background Only: Assessing the importance of identified features by removing them.

Highlighted Only: Isolating features to test their direct influence.

Predicted Mask & Ground Truth (PMGT): Evaluating spatial accuracy against the model's 
prediction and the actual ground truth.

Key Strategies
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Quantitative Evaluation Metrics:

To move beyond visual "sanity checks," we utilize pixel-level metrics:
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•Pixel Classification:

•True Positives (TP): Correctly identified important pixels.

•False Positives (FP): Irrelevant pixels highlighted as important (Noise).

•False Negatives (FN): Important pixels missed by the explanation.

•Derived Metrics:

•Precision: reflects the ability to pinpoint relevant features (avoiding false positives)

•Recall: signifies the completeness in capturing all crucial features (avoiding false negatives)

•IoU (Intersection over Union): Spatial overlap accuracy.

𝐼𝑜𝑈 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁



Experimental Setup:
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•Dataset: WHU Building Dataset (High-quality building extraction for remote sensing).

•Task: Semantic Segmentation of buildings.

•Evaluated XAI Methods:

•Grad-CAM, Grad-CAM++, XGrad-CAM (Gradient-based)

•Score-CAM (Perturbation-based)

•Eigen-CAM, Ablation-CAM.

•Environment: CUDA 12 GPU-powered environment.



Framework:
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Visual Results:
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Quantitative Results:
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Quantitative Results:
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Quantitative Results:
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Key Findings:
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1- The framework provides a well-rounded way to assess XAI methods, moving beyond 

qualitative visual inspection.

2- In semantic segmentation, contextual pixels around the target object play a fundamental 

and significant role in the model's performance.

3- Score-CAM stood out as the most effective and reliable XAI method, consistently delivering 

high true positive rates, low false positives, and strong precision and IoU scores across all 

strategies.



Conclusion:
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•Contribution: Our work offers a novel, rigorous quantitative evaluation framework that is 

essential for developing transparent, trustworthy, and accountable semantic segmentation 

models.

•Impact: The framework ensures AI transparency and trust in safety-critical domains like 

geospatial analysis and remote sensing.

•Future Work: This evaluation framework is not limited to remote sensing; its generic 

methodology is built to address the fidelity and robustness of explanations and can be applied 

to a wide range of applications, such as medical imaging.

We believe this work advances the development of reliable XAI for any critical application 

requiring trustworthy AI-based semantic segmentation.


