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Abstract

This project introduces Al for Environmental Decision Intelligence
(AI-EDI), an advanced predictive and prescriptive framework
designed to forecast environmental patterns and generate
data-driven sustainability strategies. It integrates multi-source
datasets, including time-series and spatial data on pollution levels,
carbon emissions, and biodiversity fluctuations, to construct
dynamic environmental forecasts. Through these models, AI-EDI
identifies emerging ecological threats, projects future risks, and
recommends adaptive policy responses that promote long-term
planetary health.

The system employs hybrid machine learning methodologies,
regression, ensemble forecasting, and reinforcement learning to
combine prediction accuracy with intelligent decision simulation.
By evaluating potential outcomes of various sustainability
interventions (such as reforestation drives, clean energy
integration, or wurban emission caps), AI-EDI provides
decision-makers ~ with actionable insights for mitigating
environmental degradation before it escalates. This dual
predictive—prescriptive  capability  transforms environmental
management from reactive policymaking into proactive and
evidence-based governance.

! Research conducted at the [AI Forecasting Hackathon - UAE Local Site (Link)], 2025


https://luma.com/s490n61u?tk=p12izV

1.

In an era of climate volatility, deforestation, and ecological degradation, traditional
environmental models struggle to capture the complexity and interdependence of
Earth’s systems. Accelerating environmental change demands adaptive, predictive

Aligned with the United Nations Sustainable Development Goals
(SDGs), notably Climate Action (SDG 13), Sustainable Cities and
Communities (SDG 11), and Life on Land (SDG 15), AI-EDI
aspires to strengthen environmental foresight, resilience, and
sustainability intelligence. By blending technology with ethical
innovation, the project envisions a future where artificial
intelligence becomes an integral ally in shaping a more sustainable
and informed world. The project will be released as an open-source
toolkit with reproducible notebooks, clear documentation, and a
policy brief template to accelerate adoption. We evaluate
performance against baseline models, report uncertainty measures,
and outline ethical safeguards to ensure equitable implementation
and long-term monitoring across regions and stakeholders.
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Introduction

systems that transform uncertainty into actionable insight.

Overview:

AI-EDI combines machine learning, data-driven forecasting, and ethical Al
governance to empower decision-makers with real-time environmental intelligence.
It translates diverse datasets into predictive insights, guiding evidence-based

interventions for sustainable outcomes.

Research Questions

How accurately can Al forecast key ecological indicators such as air
quality, carbon emissions, and biodiversity loss?

Can Al-driven frameworks enhance environmental governance with
dynamic, data-informed interventions?

What ethical or technical risks, including bias, overfitting, or

misinterpretation, arise from large-scale Al in sustainability forecasting?
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Hypotheses

e H1: Integrating environmental datasets with neural forecasting models
improves predictive accuracy for ecological trends compared to classical
methods.

e [2: Al-driven decision support systems accelerate and optimize
policymaking through interpretable, data-backed recommendations.

Contribution and Impact
AI-EDI bridges environmental science and computational intelligence, turning raw
environmental data into actionable forecasts. Its contributions include:

e [Enhancing Al interpretability in ecological modeling

e Providing open-access forecasting tools for developing nations

e HEmbedding ethical oversight and algorithmic transparency in environmental

Al

Aligned with UN SDGs 13 (Climate Action), 11 (Sustainable Cities), and 15 (Life
on Land), AI-EDI moves stakeholders from reaction to anticipation, supporting
sustainable decision-making.

Ethical and Security Considerations

AT-EDI addresses algorithmic bias, data imbalance, and the environmental cost of
computation, ensuring technology complements ecological stewardship. By merging
scientific precision with ethical responsibility, it positions Al not just as an observer
but as a protector of the planet.

2. Methods

The Al for Environmental Decision Intelligence (AI-EDI) framework integrates
machine learning, real-time forecasting, and uncertainty-aware analytics to provide
actionable environmental insights through four stages: data aequisition,
preprocessing, model development, and decision synthesis.
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Data Acquisition

e Aggregated diverse environmental datasets:

o

Air quality indices (CO, NOy, PM2.5, AQI) from UAE stations and
global APIs

Expert forecasts from Metaculus on climate trends, emissions, and
renewables

Historical datasets (Epoch CO concentrations 2006-2015)

Satellite and climate metrics (temperature, humidity, rainfall)

Data Preprocessing

e Processed in Python (Pandas, NumPy, Scikit-Learn) with steps including:

o

Normalization, feature scaling, missing data imputation, and noise
filtering

Temporal alignment and merging of live forecasts with historical
data

Creation of unified feature matrices for sequential learning

Model Development

e Hybrid sequential modeling:

o

LSTM networks for pollutant time-series forecasting
Monte Carlo Dropout for uncertainty estimation
Fine-tuning on recent sequences for dynamic adaptability

Hyperparameter optimization (Grid Search CV) using MAE and
R2-score
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Decision Synthesis
e Prescriptive rules based on pollutant thresholds
e [Forecast uncertainty informs conservative vs. moderate interventions

e (enerates interpretable advisories for actionable environmental strategies

Implementation & Tools

3. Developed in Google Colab and VS Code, version-controlled via GitHub
4. Visualizations with Matplotlib, Seaborn, and Plotly

5. Modular pipeline allows easy integration of new pollutants, forecasts, or
datasets

6. Results

https://github.com/lenasajj117/Al-for-Environmental-Decision-Intelligence---The
-Al-Forecasting-Hackathon-
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Figure 1 — Representation of benchmarking Number Comprehension Conflation

Forecasts (Next Time-Step)

e (CO:-10.77 +4.13

o NOy: 99.28 + 3.47

Conservative Thresholds

e (CO:-4.58

o NOy:104.49

Policy Recommendations
e High Pollution: enforce emission control & temporary vehicle restrictions

e Rapid deployment of urban reforestation & emergency air filters
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Visualizations
e Forecasts with uncertainty bands for CO and NO,

e Threshold markers highlighting potential risk periods

Forecasts were generated with an LSTM model fine-tuned on recent
pollutant sequences. MC Dropout quantified uncertainty and informed
conservative, safety-first policy actions.

7. Discussion and Conelusion

The work demonstrates that combining time-series modelling, real-time expert
forecasts and historical emission data can yield both predictive accuracy and
decision-relevant insights in environmental monitoring. Our LSTM-based pipeline,
enhanced with Monte Carlo Dropout for uncertainty quantification, produced
actionable forecasts of CO and NO, in the UAE context. While some predicted
values (e.g., negative CO mean) indicate calibration or data-alignment issues, the
approach nonetheless highlights the value of integrating expert-forecast features
(via Metaculus) and historical emission trends for improved foresight. From a
governance and policy standpoint, the uncertainty-aware decision layer allowed
threshold-based triggers for emissions mitigation and urban resilience measures. In
real-world deployment, such a system would benefit from richer live data feeds,
systematic calibration of safety thresholds, and careful validation against
ground-truth. In conclusion, the approach offers a promising template for “Al for
Environmental Decision Intelligence,” enabling forecasting systems that do more
than predict. Future work should address data scarcity, expand pollutant and
spatial coverage, and further refine explainability for stakeholder trust.
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9. Appendix

Potential Limitations
1. Data Integrity Risks:

o Reliance on live data sources (e.g., Metaculus API, Epoch datasets)
exposes the model to incomplete, outdated, or tampered data.

o CSV and Excel files may contain encoding errors or missing values,
potentially skewing predictions.

2. Model Vulnerabilities:

o Monte Carlo Dropout introduces stochasticity, but adversarial
inputs could still mislead the model.

o Fine-tuning on limited recent sequences may cause overfitting or
biased predictions in rare scenarios.
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3. Privacy Concerns:
o Public datasets often contain aggregated data, but merging with
location-specific or timestamped datasets may inadvertently expose
sensitive trends.

4. System Security Risks:

o Pulling datasets from external URLs without verification may
expose the pipeline to malicious files.

o Unsanitized JSON responses from APIs could introduce parsing
errors or injection vulnerabilities.

Suggestions for Future Improvements
1. Data Validation & Verification:
o Implement checksum or hash verification for downloaded datasets.

o Use schema validation for JSON responses to ensure expected
structure and completeness.

2. Robustness & Adversarial Testing:

o Test the model against outliers and synthetic adversarial sequences
to gauge reliability.

o Include uncertainty bounds in visualizations to clearly communicate
prediction confidence.

3. Access Control & Security Protocols:
o Limit API keys and sensitive credentials to authorized users only.

o Ensure secure HTTPS endpoints and verify SSL certificates for all
remote data sources.

4. Continuous Monitoring & Updates:

o Regularly audit and update the codebase, libraries, and dataset
sources.

o Automate alerts for anomalous predictions or sudden data shifts.
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