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Abstract

Climate change poses one of the most critical challenges of our time, intensifying the frequency and severity
of extreme weather events, sealevel rise, and environmental degradation. Traditional climate modeling
systems, primarily physics-based, are powerful but limited by high computational demands, long runtimes,
and coarse resolutions. In recent years, artificial intelligence (Al), particularly machine learning (ML) and
deep learning (DL), has emerged as a transformative tool in climate modeling and forecasting. By leveraging
vast amounts of observational, satellite, and reanalysis data, Al models can identify complex nonlinear
patterns, improve forecast accuracy, and dramatically reduce computational costs. Al-driven systems like
FourCastNet, Atmo Al, and QuickClim deliver faster, more granular forecasts, enhancing early warning
systems for disasters such as floods, cyclones, and heatwaves. This paper explores the architecture, realaworld
applications, and resilience-enhancing capabilities of Al-driven climate models, emphasizing their role in
supporting policymakers, urban planners, agricultural managers, and emergency responders. While promising,
the use of Al in climate science also raises challenges around data quality, explainability, ethical concerns,
and environmental costs related to model training. Addressing these challenges is key to ensuring Al's
responsible and equitable deployment. This review synthesizes cutting-edge research, performance metrics, and
real-time applications, providing insights into how predictive analytics can strengthen global environmental
resilience.
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1. INTRODUCTION

Climate change has become an undeniable global challenge, manifesting through rising
temperatures, melting ice caps, intense storms, and unpredictable weather patterns. According
to the World Meteorological Organization (WMQO, 2024), the past decade has been the hottest
on record, with global mean temperatures exceeding pre-industrial levels by 1.1°C. Traditional
climate models, based on solving the Navier-Stokes equations and physical conservation laws,
have been the cornerstone of climate prediction for decades. However, these models are
computationally expensive, require supercomputing resources, and often struggle with fine-scale,
regional, or extreme event prediction.

Al has emerged as a complementary solution, offering the ability to model highly complex and

nonlinear systems through data-driven approaches. Unlike traditional models that simulate
physical processes explicitly, Al models learn patterns from large datasets—combining satellite
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data, reanalysis products, ground observations, and even social-environmental inputs. The rise of
hybrid systems, blending physics and Al, has unlocked new capacities, such as near real-time
climate forecasting, enhanced resolution, and probabilistic risk estimates. This paper reviews
these advancements, focusing on their contribution to enhancing environmental resilience.

2. ARCHITECTURE OF AI-BASED CLIMATE MODELS
Al-based climate models can be broadly categorized into three types: emulators, hybrid systems,
and data assimilation frameworks.

Emulators: These are deep learning models, such as neural networks or transformer architectures,
trained to mimic the outputs of complex climate models like the CMIP6 ensemble. For example,
the QuickClim emulator can produce end-of-century surface temperature projections with a
speedup of ~ 1,000,000 times compared to traditional simulations. Such emulators allow rapid
exploration of emission scenarios, supporting policy and research without massive computational
costs.

Hybrid systems: These systems combine machine learning with physical models to improve
forecasting accuracy. Notablyy, ECMWZF’s Artificial Intelligence Forecasting System (AIFS)
integrates deep learning modules to enhance medium-range weather predictions. Hybrid systems
capitalize on AI's pattern recognition while retaining the interpretability of physics-based
methods, providing superior performance in complex atmospheric conditions.

Data assimilation frameworks: Advanced Al models are now used to integrate heterogeneous
data sources into forecasting systems. For instance, frameworks combining Vision Transformers
with ensemble Kalman filters (EnKF) enable continuous assimilation of satellite, radar, and
sensor data. This integration is critical for real-time updates and adaptive forecasting, particularly
in regions where observational data is sparse or delayed.

System Architecture of Al-Based Climate Forecasting
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Diagram 1: System Architecture of Al-Based Climate Forecasting
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3. USE CASES AND REAL-TIME SYSTEMS
Al-driven climate models have transitioned from academic experiments to operational systems
delivering real-time societal benefits.

Nowcasting and short-term forecasting: NVIDIA’s FourCastNet 3 is an Al-based weather
prediction system capable of generating 15-day global forecasts in under 64 seconds—an
achievement that dramatically reduces turnaround times for decision-makers. Similarly, Atmo Al
has been deployed operationally to deliver local weather forecasts up to 14 days ahead,
outperforming advanced numerical models by 50% in accuracy, especially in under-monitored
regions.

Extreme event prediction: DeepMind’s Al models are used for cyclone tracking, improving lead
times and path accuracy. The FloodGate platform, developed by a team of young innovators, uses
Al to predict flood risks and integrate them with 3D urban mapping for actionable insights. Such
tools enable faster evacuation planning and targeted infrastructure defense, potentially saving
thousands of lives.

Agricultural and resource management: Al models inform crop planting strategies, drought
anticipation, and water resource allocation. Real-time analytics platforms like PRISM (Platform
for Real-time Impact and Situation Monitoring) used by the World Food Programme monitor
climate risks alongside social indicators, helping governments and aid agencies deploy resources
effectively.

Performance Comparison of Al-Based Climate Models
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Graph 1: Performance Comparison of Al Based Climate Models

The graph above shows a performance comparison of key Al-based climate models, highlighting
both their speedup over physical models and their forecast accuracy. QuickClim, for example,
achieves a million-fold speedup, while systems like FourCastNet 3 and Atmo Al balance near-
instant processing with high precision, setting new standards for operational climate analytics.

4. PERFORMANCE EVALUATION AND REAL-TIME DATA INSIGHTS

1764



International Journal of Environmental Sciences
ISSN: 2229-7359

Vol. 11 No. 18s, 2025
https://www.theaspd.com/ijes.php

Evaluating Al-based climate models requires balancing speed, accuracy, and practical relevance.
Traditional climate models, like those used in CMIP6 (Coupled Model Intercomparison Project
Phase 6), often require weeks of supercomputing time to simulate century-scale scenarios. In
contrast, Al emulators such as QuickClim can reproduce comparable results within minutes,
enabling rapid scenario testing under varying greenhouse gas concentrations.

Real-time data plays a central role here. For instance, NOAA reports indicate that 2024 saw
unprecedented ocean surface temperatures, exceeding prior records by 0.2°C. Feeding such up-
to-date data into Al frameworks sharpens predictions, allowing near-instant recalibration. Table
1 summarizes the performance metrics of major Al models, comparing speed-ups, forecast
horizons, and application domains.

Model Speed-Up Fore.cast Accuracy Level Application
Horizon
QuickClim 1,000,000% End-of- 95-979% Lo§g—t§rm climate
faster century projections
FourCastNet - 150 faster 15 days 97-98% Short to medium-term
3 weather
Atmo Al ~40,000x faster 1-14 days  98% Local real-time
forecasts
ECMWF ~1,000% faster Medium- Comparable to physics Global c.limate
AIFS range models forecasting

Table 1 These improvements are not just academic but translate into actionable insights. For
example, in March 2024, FourCastNet accurately predicted a sudden warming event over
Greenland, leading to early mobilization of emergency services and mitigation of infrastructure
risks.

5. ENVIRONMENTAL RESILIENCE: BUILDING A SAFER FUTURE

The ability to predict climate extremes with greater accuracy has significant implications for
environmental resilience. Resilience refers to the capacity of ecosystems, societies, and economies
to anticipate, prepare for, respond to, and recover from adverse climate impacts. Al-powered
systems are playing a central role in transforming this landscape.

One notable application is in early warning systems. Traditional weather warnings often provide
limited lead times, sometimes only hours, which is insufficient for large-scale evacuations or
preparations. With machine learning models trained on historic storm tracks, ocean
temperatures, and atmospheric pressure data, agencies can now issue flood and cyclone warnings
several days in advance. For instance, Al-enabled systems predicted the path of Cyclone Mocha
in 2023 with 20% higher accuracy than prior systems, allowing authorities in Bangladesh and
Myanmar to relocate thousands, significantly reducing casualties.

In agriculture, Al models forecast rainfall, drought patterns, and pest outbreaks, helping farmers
optimize planting cycles and select resilient crop varieties. For example, the use of Al by the
Indian Agricultural Research Institute (IARI) improved seasonal monsoon predictions, reducing
wheat and rice losses by an estimated 15% during the 2023 season.

Urban planners also benefit. Al-driven heat island maps help cities like New Delhi, Los Angeles,
and Madrid identify vulnerable neighborhoods, guiding investments in tree planting, reflective
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roofing, and public cooling centers. These actions are not just theoretical; they directly save lives,
especially among low-income populations without access to air conditioning.

Ecosystem management is another promising area. Conservationists use Al to monitor changes
in forest cover, predict wildfire risks, and manage water resources in sensitive ecosystems such as
the Amazon, Arctic, and Great Barrier Reef. By combining satellite data with predictive analytics,
they can intervene proactively, preserving biodiversity and ecosystem services.

6. CHALLENGES, ETHICAL CONSIDERATIONS, AND THE ROAD AHEAD
Despite its promise, Al in climate science comes with challenges that must be responsibly

addressed.

Data limitations are a primary issue. Many parts of Africa, South America, and the Pacific Islands
lack dense observational networks, making it difficult to train or validate Al models. Al
predictions are only as good as the data they ingest; biased, incomplete, or outdated data can lead
to flawed forecasts, creating a false sense of security or, worse, policy missteps.

Transparency and explainability pose another challenge. Many Al models, particularly deep
neural networks, are opaque in how they reach conclusions. For decision-makers, it is vital to
understand why a certain storm track or drought forecast is generated. Lack of explainability can
erode trust among government agencies, communities, and international partners.

Environmental costs are also increasingly under scrutiny. Training large Al models consumes
significant energy. For example, GPT-3 reportedly required over 1 GWh of electricity during
training, equivalent to the energy consumption of 1,000 U.S. households for a month. Climate
Al developers are now exploring low-carbon computing, renewable-powered data centers, and
energy-efficient algorithms to align their tools with climate goals.

Equity and access remain critical. Cutting-edge Al systems are often developed and deployed in
wealthy countries, leaving developing nations at risk of falling behind. To address this, initiatives
like open-source climate models, shared data platforms, and global partnerships are essential.
Collaborative efforts, such as the Global Framework for Climate Services, aim to make forecasts
accessible across borders, regardless of financial resources.

7. INTEGRATION OF A1 WITH POLICY AND GOVERNANCE

Al models are not just scientific tools; they increasingly influence climate policy, governance,
and international negotiations. Predictive analytics informs decisions on emissions targets,
adaptation funding, and disaster risk reduction.

For example, the European Union uses Al-enhanced climate projections in its Green Deal
policies to assess carbon pricing impacts. Similarly, the United Nations Framework Convention
on Climate Change (UNFCCC) employs Al models to simulate how different mitigation
pathways affect global temperature rise and economic stability.

National governments are incorporating Al forecasts into insurance schemes, infrastructure
investments, and land-use planning. In the U.S., the Federal Emergency Management Agency
(FEMA) has piloted Albased flood risk maps to guide rebuilding efforts after hurricanes.
Meanwhile, cities like Rotterdam are using machine learning models to design nature-based flood
defenses, integrating urban sustainability with cutting-edge science.
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However, integrating Al into policy requires careful ethical safeguards, ensuring that decisions
are fair, inclusive, and account for local knowledge. Policymakers must also balance model
outputs with public input, making room for social and cultural factors that Al cannot capture.

8. FUTURE RESEARCH DIRECTIONS IN AI-CLIMATE SCIENCE
The future of Al in climate science lies in hybrid modeling, uncertainty quantification, and
democratization of tools.

Hybrid models—which merge physics-based knowledge with Al learning—promise to overcome
the limitations of purely data-driven approaches. They can simulate rare events, such as sudden
stratospheric warming or tipping points in ice sheet dynamics, with greater realism.

Uncertainty quantification is another frontier. Scientists are developing methods to not only
predict outcomes but also measure how confident the model is. This is crucial for risk
communication, as it helps planners prepare for worst-case scenarios without overreacting to
every fluctuation.

Democratization of Al tools will be essential for global climate resilience. Open-source software,
cloud-based analytics platforms, and capacity-building programs can empower scientists and
policymakers in low- and middle-income countries to use state-of-the-art models without massive
infrastructure investments.

Exciting research is also happening at the intersection of generative Al and climate science,
where models can create synthetic data to fill gaps, explore alternate futures, or generate climate
narratives that help communicate risks to the public.

CONCLUSION

Al-driven climate modeling and forecasting mark a paradigm shift in how we understand, predict,
and respond to climate challenges. By integrating massive datasets, learning complex patterns,
and delivering rapid, high-accuracy predictions, Al enhances environmental resilience in ways
previously unattainable. Whether predicting the track of a tropical cyclone, estimating heatwave
risks, or simulating century-long climate trajectories, these tools provide stakeholders with critical
foresight.

However, technology alone is not a panacea. Effective use of Al models requires addressing data
gaps, ensuring fairness, and fostering cross-sector collaboration. It also demands ethical
frameworks that prioritize transparency, sustainability, and inclusivity. Without careful
stewardship, the benefits of Al could remain confined to a few, exacerbating global inequalities.

Looking forward, the integration of hybrid models—blending physics-based and Al methods—
holds exceptional promise. These approaches can combine the interpretability of physical
principles with the flexibility of machine learning, providing robust and scalable solutions.
Moreover, as computational hardware becomes more energy-efficient, the environmental
footprint of training Al models is expected to decline.

In conclusion, Al’s role in climate modeling is not merely a technical innovation; it is a societal
tool with profound implications. If harnessed wisely, it offers humanity a better chance to
navigate the uncertainties of a changing planet, turning predictive insights into resilient action.
Researchers, policymakers, and communities must work together to ensure these technologies
serve as bridges toward a more sustainable and equitable future.
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