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Online Workshop

The era of automation and artificial intelligence for
DRR and climate resilience

Prof. Chul-Hee Lim (Kookmin University, Korea)

Department of Forestry, Environment and Systems
Department of Climate Technology Convergence

12 - 14 May 2026

14:30 - 18:00 Seoul, GMT+9
12:30 - 16:00 Bangkok, GMT+7
01:30 - 05:00 New York , GMT-5

Joint Certificate Programme

D f :
nited |pmens  @unitar g cifal @IUNDRR (MGR ) s

Resilient

:!.r

[ |
L'
CCTCN
\h.
enwronment

prﬂgramme UNC]mt Technology Centre & Network

v
R M T
" : )
T awa o im0 wp -~
.

R

Y T e

Photo from : The"Malaysian:Resenrve



< C

nited
ations

Department of
Economic and
Social Affairs

e .
@unitar
| tions Institute for Training and Research

United Nation

“The advent of Al era”

7
N
UN &

environment
programme

¥ wy

L‘f’C Y e
\1 V

A N 4

UN Climate Technology Centre & Network



Department of

(&) United | coon0e
=g Natlons Social Affairs

oy /48

q&{i’ﬂ{lﬂﬂﬂl

e

-
v -
» o

e e

e ooo )
FUTURE Sequ, H

. . ’."“ - -
] sof Al HEALTHCARE |+
y b~ .\

/T__

', oy
: -

-

)

>~

@unitar g cifal

v

)

oo

e
™ —

@

o
G)
diMmme

C©CTCN

UN Climate Technology Centre & Network

“)UNDRR

UN Office for Disaster Risk Reduction

; . ‘A4 '

- Al Diagnosis " | | R

-éERSgNALIZED HEALTH MANAGEMENT /8

: INT g Tt .; :
AUTONOMOUS MOBILITY (S BSsESe-. -
- AI-DRIVEN AUTONOMOUS VEHICLES = Nt f
- REAL-TIME TRAFFIC & DRONE DELIVERY " 1B

CLIMATE RESILIENCE & E)RR v
- Early Warning Systems \
- Disaster Risk Modeling

CREATIVE ASSISTANCE

:AI"[ & DESign
PNERATIVE 1 7




f | RN . oy g‘:.-..é g \ —
amess @unitar g cifal @IUNDRR (MR e UN® ©CTCN

SOC | a| Affa Irs  HIHEMESIRENINS Aot ms et o UN Office for Disaster Risk Reduction RESilient programme UN Climate Technology Centre & Network

g@% United
¥ Nations

“What is the Role of Al”



Department of
Economic and
Social Affairs

(e (>
UN & E@T%C i CI
environment i

programme UN Climate Technology Centre & Network

{
‘ix;t"

nited Nations Institute for Training and Res

g@ United
¥ Nations

¢‘AI fOr ALL”
(A4A)



Al for a CONNECTED SOCIETY:
"TRANSFORMING EVERY SECTOR
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“AX (Al Transformation)”

AX represents a fundamental change that goes beyond technology,
impacting social and workflows

AX plays the role of spreading Al everywhere, not just in depth
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“AX In Climate Change”

In the context of the climate crisis, AX (Al 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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AX is the process of embedding Al at the heart Key Examples of AX in Climate Change
of climate strategy, allowing it to act as the
"central brain" for planetary health. sector AX
= |Intelligent Decarbonization: Moving beyond manual Transitioning to Smart Grids where
monitoring to automated systems that analyze energy Energy Al balances the intermittency of
: C e : renewables.
consumption patterns and minimize carbon output In
real-time.
Securing the "Golden Hour" by
* Predictive Adaptation: Shifting from reactive Disaster Response (DRR) simulating floods or wildfires in
measures to proactive ones by using Al modeling to real-time to minimize |oss.
forecast unprecedented weather events with hyper-
Precisigii Building Precision Farming systems
_ Agriculture that select climate-resilient crops
* Discovery Acceleration: Speeding up the R&D of and optimize resource use.

sustainable materials through Al-driven simulations.

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

Carbon Footprint

10
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“Climate AX”
(ClimaX)

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 Al:
Shifting focus from reactive disaster recovery to proactive,
anticipatory action powered by Al.
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Al Tech for Enhancing Climate Resilience and DRR

Automation of climate risk assessment Automatic detection of habitats and
T carbon sinks

Elderly - Children - Low-Income
- Underground housing

Cooling - Medical
- Green Space - Shelters

Mangrove classification map
[ £5A WorldCover v100

Wildfire spread prediction, wildfire Advanced weather forecasting (time

suppressmn optlmlzatlon " g A £ constraints, spatial resolution)

2m Temperature (%)

Artificial Intelligence / APCC

12
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Al-Based Automative Climate Risk Assessment

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

> Conventional IPCC-Based Risk Assessment
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UN Climate Technology Centre & Network

Case

- 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 Al-Based Assessment System

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

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

Actions to reduce
Hazards

Examples include:
* Ecosystem-based measures

to reduce coastal flooding
*Mangroves to alleviate coastal
storm energy
*Water reservoirs to buffer
low-flows and water scarcity

Limits to Adaptation

+E.g. physical, ecological, technological,
economic, political, institutional,
psychological, and/or socio-cultural

Vulnerability

Actions to reduce
Vulnerability
Examples include:
«Social protection
* Livelihood diversification

* Insurance solutions

* Hazard-proof housing
and infrastructure

Actions to reduce
Exposure

Examples include:

* Coastal retreat and resettiement
* Risk sensitive land use planning

« Early warning systems and

evacuations

Graph Attention
Network (GAT)
for Learned —
Component
Interactions

=)

Spatially-Conditioned Latent
Risk Representation

Hazard

Ki.S/

Vulnerability

Urbah
Heat
Risk

f(5,4)

Vulnerability

|

— Social Sensitivity (S)

Elderly - Children - Low—-Income
- Underground housing

Societal Vulnerability:
Human Susceptibility &
Coping Capacity

Cooling - Medical

- Green Space - Shelters

1. Physics-Constrained
Input Processing

2. Differentiable
Spatiotemporal Fusion

HEV ¥ hy
g
— X
hy = ReLU(Wyxy, + by)
(Enforcing Non-negativity)

- + N

Temporal (Decay)
As Ay

Spatial (KNN)

HE Y h
X w—p i — B
— X
hg = ReLU(Wgxy + bg)
(Enforcing Non-ncgnlivi!y)»
\'AY

Asr = Softmax(a - As + (1 - a) - Ar)}-b

y hs | Initial Feature
S w—p Tensor
(Sensitivity) .1 H©®
Ya
? L
AC =P f
(Adaptive hac

Capacity) (Risk Reduction)
hy = ReLU(fygq(hs, hac))
(Integrated V: S & AC Interaction,
Positive Risk Contribution)

y

Fused Adjacency Matrix
Asr

3. Cross-Component GAT Layer &
Final Qutput (Risk Amplification)

()
AR

CE{HEY)

[hﬁ“’u( Y, allwOn?

+3 afl_’.,;w(”hj")
JENST

3. Cross-Component GAT Layer
(Message Passing)

13
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Heat Vulnerability Index — the conventional approach

Al replaces the conventional index — and matches actual health outcomes

Seoul 2018 - 25 distncts - GATNCC ARS ws PCA-HW vs NHIS per-capta summmer HIU

Conventional PCA-HVI GAT-AR6 (this work)

Actual per-capita summer HRI

E
oo GAY vz ground-truth MRI - scatter & best fit 04 £ as

= 10 — \ 4 Notrraiioed risk [ HVI v v

T [ Distance correlation = 0,537 | © § o

§ o8- | (p < 9.801, paper reports 0.443) @ % £ a4

& ' 3

€ 06

3 2oa ]

g o4 E a2 !

1 - 5 al :

f 003 ' 2 a0~ l—'—.—_‘__._f:. | 9,904 : s

00 0l o4 o an 10 3 Dadiars WV PCA B here GAT ARé
GAT-ARS risk ddstrict) (¥ (Rend 200 {Cotdeon 20000 (Tha peper) s paper)

Aggregated, subjectively weighted, weakly validated against actual health outcomes

14
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Near-Real Time Mangrove Detection Using Al

Google Earth Engine (API)
» Limitations of Conventional Monitoring Approaches .n.ﬁtn::gn!m.mm
i 1
v' Mangrove ecosystems play a vital role in coastal carbon storage and climate et ) frereY.

Setting Area of Interest (AOI)

= Advancing Mangrove Ecosystem Mapping for Climate Reporting

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

i NO
oo 20206 Al e z AQI cloud cover < 30%
I i -t d (Year: 2020s, Analysis year}/
YES
v

v" In regions with insufficient data and expertise, maintaining consistent and [ cwmomimmn | —
|

| Cloud masking

| Cloud masking ‘ ¢

regular monitoring continues to present practical challenges

Calculate mangrove indices (Label Data)
(MI, EMI, CMRI, MFI and etc.)

Pre-processing SAR imagery

Clipping label data
| Composite mangrove indices | (AQI Scale)

> Transition to a Deep Learning-Based Detection Framework (AMAP) l ,, ¢ L tocal

Export SAR polarization Export SAR polarization Export mangrove indices Export mangrove indices Export label data
(Analysis year, patch size) (2020, paich size) (Analysis year, paich size) (2020s, paich size) (AOI| Scale)

v" A U-Net based segmentation model enables automated, pixel-wise mangrove _ _ -
classification from satellite imagery at regional scale S S S S
v' Outputs are readily compatible with existing GIS environments and national . — S —
forest monitoring systems, supporting integration into carbon reporting —__ M —
v v
Wo r kfl OWS Mangrove habitat detection » Mangrove habitat detection
v v
scruracy assosement Scouracy sssessment 15
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ear-Real Time Mangrove Detection Using Al Case

United Nations Climate Change CASE STUDY

Technology Executive Committee

SAFEGUARDING COASTAL ECOSYSTEMS: SOLOMON ISLANDS'
INTEGRATED COASTAL ZONE MANAGEMENT (ICZM) WITH AMAP

Country: Solomon Islands
Entities involved: Government of the Solomon Islands, CTCN

Brief description

/ rtlfl(:lal | ntel | Igence The degradation of coastal ecosystems, such as mangroves, poses a significant
f Cl . t Q t. threat to the country’s biodiversity, food security, and resilience to climate change.
Ad : M t t the Solomon Islands, with support from the CTCN's technical assistance project,

vandi ng I Iga 1on has implemented ecosystem-based adaptation solutions for mangrove protection.

and Ada ptation in The development of Al-based Mangrove Adaptive mapping tools in Pacific Island

D l : C t : regions (AMAP), the output of the CTCN technical assistance (TA), represents a
eve Oplng ountries significant step in this direction.

Mangroves play a crucial role in coastal protection, providing a natural barrier
against storms and erosion. To address these challenges, the G Government of

AMAP processes satellite images, filtering out those with excessive cloud cover
and removing clouds from the remaining images. It then calculates a mangrove- k
specific index to facilitate mangrove detection. The U-Net deep learning algorithm — r— : y ggl;:;;;@‘;"c“gz,.‘.’,‘ilx"
is employed to classify mangroves based on the mangrove-specific index. This -
enables the generation of detailed maps illustrating mangrove distribution, aiding
in conservation, restoration, and management efforts. AMAP leverages historical
climate data and climate change scenarios to develop models using various machine
learning algorithms. These models are then combined through an ensemble approach

to predict changes in vegetation species, including mangroves.

Climate Change Mitigation and/or Adaptation Impacts and Results

Improved Monitoring: AMAP facilitates the assessment of mangrove health and
distribution over time, supporting the identification of areas requiring protection
or restoration. Enhanced Management: The system equips managers with the

information needed to make informed decisions about conservation and adaptation
strategies, which ensures the sustainable management of mangrove ecosystems.

Climate Change Adaptation: AMAP’s ability to predict future habitat distributions
under different climate change scenarios supports the development of proactive
adaptation measures to protect mangroves and the communities that depend on
them. Resource Optimization: By automating the analysis of satellite imagery and
providing detailed mangrove maps, AMAP saves valuable time and resources, allowing
for more efficient and effective conservation efforts. 17
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Al based Wildfire Expansion Forecasting Q) Fsne

= knowledge-based artificial neural network structure and training process for wildfire spread prediction

Feedback Loop for Training Adjusted Outputs
(ROS, Wind & Slope Factor)

------------------------------------------------------------

Initial Parameters

- " " Lo Adjusted Outputs
: i aliihi o o Céﬁ Q «j 1i|R The final loss function is
unction based on e o | i Q8|00 N calculated to generate
spatial error between a | \ o' é. - ) gener
th\)e redicted fire line o / [ o 000 - an optimal prediction
P = ## Observed Fireline 9 Q [\ ® result reflecting the
and the observed ‘s £/ - O O updated parameters
situation map — Predicted Fireline ' ¥
(Calibrated) Initial PDF Calibrated PDF
of Parameters of Parameters

structure

-
E' Process-Based Outputs
@ Process-
o A Based
= Propagation
'E r'\l"llt]dEI
g
ol |-t o , Domain
Progressive optimization of P L B8 - ' K""w'figsez'ﬂas“’ Calculating the final loss
T Climate o . -
dlffu:_5|on par_am_eters after E Topography % Sl Propagation _ function through the
integration into a 2 Fuel 5 3 NETE] : ) definition of multi-scale loss
hierarchical Bayesian z @ % Networks IR LOSH functi Regional, local
ey tly ; = 2 - S unctions (Regional, local)
reinforcement learnin o =
° :
a

R

Bomm r mm romm opomm onomm o o MM M R mm N OER R MR P MR P MM Y M Y MR Y MR Y MR N OMS N W™ P WS P OSSN P OMN P WS D MmO Mmm G oEm 7™ % omm R omm R owm P Py
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Case

knowledge-based artificial neural network structure and training process for wildfire spread prediction

2) Differentiable

» Applied Al models

v

v
v
v

U-Net Based Auto Encoder

Differentiable Process-based Modelling

Knowledge-guided Neural Networks

Reinforcement Learning

- 1) U-Net Based Auto Encoder

e |

Process-based

)
Ny

I
| Modelling
I _ Input A -
' (128x 128 x 9) [
1 E Climate Input L
1 (128 x 128 x 2) . l
Slope Input -
| Conv2D 1 x 1
| (128 x 128 x 1) | (110x 110 x 9) |
Fuel Input 1
| (128 x 128 x 6)

I nnnnnnnnnnn 1 ___________ '

Layer
(124 x 124 x 32)
1

Max Pooling 2 x 2
(62 x 62x 32)

Up Sampling 2 x 2

(116 x 116 x 128)

|

Layer
(58 x 53 x 128)

Activation “Softplus”
(110 x 110 x 9)

lx-.

X; if “x; is not 0" else 0
(110 x 110 x 9) X

ROS Layer .
(110 x 110 x 1)

Wind Factor Layer
(110x 110 x 1)
Slope Factor Layer
(110x 110 x 1)

Domain Knowledge-Based
Loss 1

Domain Knowledge-Based
Loss 2

Reduced Mean
(Scalar)

Drop Out
(128 x 128 x 1)
hi

Abstract
(128 x 128 x 1)

Input B }_
(128x 128 x 7) !

Process-Based Output
— {128 %328% 3 — — -

Adjusted Output
(128 x 128 x 3)

Adjustment
(128 x 128 x 1)

[ Initialized with random parameters Optimization
—
[ o L.

1 Tl { Tl A
'E" | M - o L R B T - £ | 1 M 4
— i —
.E i 1] ||I Vs 1 P 4
% . = - \ e | .
= e,
:3. | T _"ﬂ-\.\_\_\_\_\-\-\-\-\_ o | R 4 | MAE
=-| 1 § TRAE TR A 4 (]

"= LT sz | . . " ' e,

4 ] s & e 1 T T T e et e e 1 Had T T IV 5 | BT 1 Dy

X-Coordinate (m)

3 Observed fireline

X-Coordinate {m)

X-Coordinate (m)

Predicted fireline based on optimized ROS, slope factor, and wind factor

X-Coordinate {m)

S (0SS 10 LDSTD ST

X-Coordinate (m)
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Al based Firefighter Route Optimization

o 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 Al-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.

Resilient

i:.-f-"

f o 4 X —
UN& ()
N i
environment =

programme UN Climate Technology Centre & Network

Case

[Al-based Wildland Firefighter Route Optimization Framework]

Input Spatial Data

GIS Raster Processing

Al-based Route Optimization

e

s

Al based Engine

D*Lite pathfinding algorithm
for dynamic route search

PPO(Proximal Policy Optimization)
reinforcement learning
for adaptive weight adjustment

!

Real-time
risk aware decision making

Outputs

s Safest access route

> Minimum-time access route

_I—> Adaptive PPO-adjusted route

—5 Firefighter access path
visualization

21



Wildfire Fighter Path Simulation

entry: entry_path_20260428 163956 geojson
TN 04 l:l.
evac HA 5

Step: 1/ 53

Cell: (1643, 1094)
100

-
~

Elapsed: 0.00 min (0 sec)

SAFE: Fire 1in 9999.0 min

150

Distance: O m

[Entry Path]

200

250

B Non-forest (FCD 1)

B Sparse (FCD 2)

B Medium (FCD 3)
Dense (FCD 4)
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Wildfire Fighter Path Simulation

100

150

200

Fire Fighter Route Info

entry: path_rank1_safest_20260508_065226 geojson

evac - evac_pa th geajson

Step: 1 / 91

Cell: (1661, 1304)

m

lapsed: 0.00 min (0 sec)

SAFE: Fire 1n 9999.0 min

Distance: O m

[Entry Path]
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Deep Learning-Based 1-Month Temperature Forecasting System: ¢ Apcc

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

e
T

............. k=2 ISIGISISI
@IRIEIEIRIEI
PV QY

| ._ i \
| — .
| - o : - :
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| = S - 1 | TN ' .

@ | |20 6t ' ! \ ' . (/) ?“)ﬁ'/?').-” S ?‘7‘.7‘3
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Data Preparation and Construction of Training Datasets 1-Month Temperature Forecasting Deep Learning Model ~ Operational Forecast Application and Evaluation

Reanalysis Climate Data Combining Bi-directional ConvLSTM and U-NET Real-World Forecast Operations Using ECMWF 51-
Accumulated Since the 1960s e Member Ensemble Climate Data as Input

Rolling Prediction Method

1-Day Train T
= Validation
Prediction (80%) (" (20%)
| Traditional Climate Deep
forecasting learning
Rolling Prediction Method Data Shuffling Strategy Hybrid Approach

The model takes 14 days of input datato  During model training, the data are randomly By combining traditional climate forecasting
predict 1 day ahead, and the predicted result  shuffled to construct Training (80%) and  methods with deep learning, the forecasting
is recursively reused as input for repeated Validation (20%) datasets, improving learning limit is extended from the conventional 2- 24
forecasting over n iterations efficiency and model generalization. week range to up to 1 month



Core of Climate Crisis Response:
High-Resolution Climate Prediction

Why Do We Need Solution: Key Results:
More Precise Climate Prediction? High-Resolution Downscaling Approaches Accuracy and Usability Verified

High-Resolution Climate Data Generation

"5 § Higher Resolution,
. Better Performance

* (Converts low-resolution climate data into

high-resolution information

* Accurately reflects local topography and

s

» .

regional characteristics

* 500 m outperforms the 1 km
model

Limitations of current Global Climate Models

« Spatial resolution is too coarse
* Limited usability for regional risk assessment and
adaptation planning

* Machine learning (XGBoost) applied
* Correlation coefficient improved
from 0.65 to > 0.80

Satellite-based Deep Learning

Al Models Super-Resolution
(XGBoost) | (EDSR) > = .
e /|, * < | Data-Driven Policy Support
Al-Enhanced Prediction Accuracy I 1 %r L . y, A

* Combines artificial intelligence and statistical

Rising Urgency of Climate Crisis

00060

methods
* Increasing frequency and intensity of heatwaves, * ERAS (0.25) data downscaled up to 4x higher  Integrated impact indicators
floods, and droughts resolution * Supports evidence-based decision-
P e e e D T e e e e  Significant improvement in spatial detail and making
’ p q reliability « Enhances pra¢fical usability for

climate adaptation policies
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Al for A.LL | “ClimaX” Ta ke' h o m e
Messages

Al transforming climate

become a technology for
change response, more

everyone, no longer
limited to specific
individuals or fields

effective and quickly

Prof. Chul-Hee Lim (Kookmin Univ., Korea)
Global Climate Change, Innovative Monitoring &
Modeling Lab (CLIM Lab)

Automative tools Accessibility

The activation of Al leads
to the development of

Al-based automated tools
contribute to improving
climate resilience and DRR
(Rapid Assessing & Alert,
Optimizing Solutions etc.)

clim@kookmin.ac.kr

easy-to-use tools and
provides significant
assistance in capacity
building
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