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“The advent of AI era”
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The advent of AI era,
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“What is the Role of AI”
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“AI for ALL”
 (A4A)
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“AX (AI Transformation)”

AX represents a fundamental change that goes beyond technology, 

impacting social and workflows

AX plays the role of spreading AI everywhere, not just in depth
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If AI for All, AX,

What can they do for 

Climate Change?
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“AX in Climate Change”

 

In the context of the climate crisis, AX (AI Transformation) represents a

fundamental paradigm shift. 

It moves us beyond simply observing environmental changes to

intelligently managing and re-engineering our response to them.
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Sector AX

Energy
Transitioning to Smart Grids where 
AI balances the intermittency of 
renewables.

Disaster Response (DRR)
Securing the "Golden Hour" by 
simulating floods or wildfires in 
real-time to minimize loss.

Agriculture
Building Precision Farming systems 
that select climate-resilient crops 
and optimize resource use.

Carbon Footprint

Tracking supply chain emissions 
transparently and having AI 
suggest the optimal path to Net 
Zero.

Key Examples of AX in Climate ChangeAX is the process of embedding AI at the heart

of climate strategy, allowing it to act as the

"central brain" for planetary health.

▪ Intelligent Decarbonization: Moving beyond manual

monitoring to automated systems that analyze energy

consumption patterns and minimize carbon output in

real-time.

▪ Predictive Adaptation: Shifting from reactive

measures to proactive ones by using AI modeling to

forecast unprecedented weather events with hyper-

precision.

▪ Discovery Acceleration: Speeding up the R&D of 

sustainable materials through AI-driven simulations.
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Limitations of Traditional Models:

Traditional physics-based models struggle with increasingly complex 

climate patterns due to computational speed and resolution 

constraints.

A Paradigm Shift with AI: 

Shifting focus from reactive disaster recovery to proactive, 

anticipatory action powered by AI.

“Climate AX”

 (ClimaX)
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AI Tech for Enhancing Climate Resilience and DRR
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Automation of climate risk assessment Automatic detection of habitats and 

carbon sinks

Wildfire spread prediction, wildfire 

suppression optimization

Advanced weather forecasting (time 

constraints, spatial resolution)

Model ESA

Model ESA



AI-Based Automative Climate Risk Assessment 

➢ Conventional IPCC-Based Risk Assessment

      - Regional risk quantification is central to climate adaptation, with the IPCC framework remaining the standard methodology.

      - Reliance on human induced weighting limits consistent application in regions lacking sufficient data and expertise.

➢ Transition to an AI-Based Assessment System

      - Regions with scarce data and experts require an AI driven risk assessment framework.

      - GAT based assessment delivers both spatial precision and global transferability across constrained regions.

▪ Paradigm Shift in Region-Specific Risk Assessment for Climate Adaptation

Case

13



14



Near-Real Time Mangrove Detection Using AI

➢ Limitations of Conventional Monitoring Approaches

✓ Mangrove ecosystems play a vital role in coastal carbon storage and climate 

adaptation, yet efficient tools for systematic large-scale monitoring remain 

limited

✓ In regions with insufficient data and expertise, maintaining consistent and 

regular monitoring continues to present practical challenges

➢ Transition to a Deep Learning-Based Detection Framework (AMAP)

✓ A U-Net based segmentation model enables automated, pixel-wise mangrove 

classification from satellite imagery at regional scale

✓ Outputs are readily compatible with existing GIS environments and national 

forest monitoring systems, supporting integration into carbon reporting 

workflows

▪ Advancing Mangrove Ecosystem Mapping for Climate Reporting

Case
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Near-Real Time Mangrove Detection Using AI Case
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AI based Wildfire Expansion Forecasting
▪ knowledge-based artificial neural network structure and training process for wildfire spread prediction

Case

Definition of a loss 

function based on the 

spatial error between 

the predicted fire line 

and the observed 

situation map

Progressive optimization of 

diffusion parameters after 

integration into a 

hierarchical Bayesian 

reinforcement learning 

structure

Calculating the final loss 

function through the 

definition of multi-scale loss 

functions (Regional, local)

The final loss function is 

calculated to generate 

an optimal prediction 

result reflecting the 

updated parameters
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AI based Wildfire Expansion Forecasting
▪ knowledge-based artificial neural network structure and training process for wildfire spread prediction

Case

➢ Applied AI models

✓ U-Net Based Auto Encoder

✓ Differentiable Process-based Modelling

✓ Knowledge-guided Neural Networks

✓ Reinforcement Learning
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AI based Firefighter Route Optimization Case

Enhancing Firefighter Safety and Operational 

Efficiency Through Intelligent Pathfinding

Operational Challenges in Wildfire Suppression

- Wildland firefighters are often required to 

traverse mountainous terrain on foot, as fire 

lines frequently extend beyond existing trail 

and road networks.

- The absence of established routes in 

affected areas necessitates real-time, 

adaptive pathfinding solutions to ensure both 

safety and efficiency.

Proposed AI-Based Pathfinding Framework

- Trail and forest road networks are prioritized 

where available, an algorithmic pathfinding 

system enables real-time route calculation 

for off-trail terrain navigation.

- Reinforcement learning dynamically adjusts 

weighting factors such as safety and travel 

speed, enabling real-time route adaptation.
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Deep Learning-Based 1-Month Temperature Forecasting System:

A Pipeline for Forecast Innovation
A Hybrid Forecasting Workflow Combining ERA-5 Reanalysis Data and Deep Learning Models to Improve 1-Month Temperature Forecast Accuracy

Deep Learning Research and Forecasting Pipeline

Data Preparation and 

Preprocessing

Construction of Training Datasets 

by Processing Daily ERA-5 

Reanalysis Climate Data 

Accumulated Since the 1960s

1-Month Temperature Forecasting Deep Learning Model

Learning Spatiotemporal Features of Climate Data by 

Combining Bi-directional ConvLSTM and U-NET 

Architectures

Rolling Prediction Method

Operational Forecast Application and Evaluation

Generating Probabilistic Forecasts Applicable to 

Real-World Forecast Operations Using ECMWF 51-

Member Ensemble Climate Data as Input

14-Day 

Input

1-Day 

Prediction

Rolling Prediction Method

The model takes 14 days of input data to 

predict 1 day ahead, and the predicted result 

is recursively reused as input for repeated 

forecasting over n iterations

Data Shuffling Strategy

During model training, the data are randomly 

shuffled to construct Training (80%) and 

Validation (20%) datasets, improving learning 

efficiency and model generalization.

Hybrid Approach

By combining traditional climate forecasting 

methods with deep learning, the forecasting 

limit is extended from the conventional 2-

week range to up to 1 month

Deep 

learning

Traditional Climate 

forecasting
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Limitations of current Global Climate Models

• Spatial resolution is too coarse

• Limited usability for regional risk assessment and 

adaptation planning

High-Resolution Climate Data Generation

AI-Enhanced Prediction Accuracy

Higher Resolution,
Better Performance

Rising Urgency of Climate Crisis

• Increasing frequency and intensity of heatwaves, 

floods, and droughts

• Immediate, localized responses are required

Why Do We Need

More Precise Climate Prediction?

Solution:

High-Resolution Downscaling Approaches

Key Results:

Accuracy and Usability Verified

Core of Climate Crisis Response:

High-Resolution Climate Prediction

• Combines artificial intelligence and statistical 
methods

• ERA5 (0.25) data downscaled up to 4x higher 
resolution

• Significant improvement in spatial detail and 
reliability

Multivariate Downscaling
(Cokriging)

Satellite-based
AI Models
(XGBoost)

Deep Learning
Super-Resolution

(EDSR)

• 500 m outperforms the 1 km 
model

• Machine learning (XGBoost) applied
• Correlation coefficient improved 

from 0.65 to > 0.80

Improved Rainfall Prediction

Data-Driven Policy Support

• Integrated impact indicators
• Supports evidence-based decision-

making
• Enhances practical usability for 

climate adaptation policies

• Converts low-resolution climate data into 

high-resolution information

• Accurately reflects local topography and 

regional characteristics
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Global Climate Change, Innovative Monitoring & 
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Take-home

Messages 

AI for ALL 

Artificial intelligence has 

become a technology for 

everyone, no longer 

limited to specific 

individuals or fields

“ClimaX” 

AI transforming climate 

change response, more 

effective and quickly

Accessibility

The activation of AI leads 

to the development of 

easy-to-use tools and 

provides significant 

assistance in capacity 

building

Automative tools 

 AI-based automated tools 

contribute to improving 

climate resilience and DRR

(Rapid Assessing & Alert, 

Optimizing Solutions etc.)
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