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Abstract

Climate change has intensified environmental, social, and economic risks, creating an urgent
need for reliable climate-risk assessment and forward-looking planning. Conventional
climate-risk assessment approaches frequently depend on historical observations, scenario
modelling, expert assessment, and statistical forecasting. While these methods remain
valuable, the increasing availability of satellite observations, sensor networks, geospatial
information, socioeconomic datasets, and high-frequency environmental data has created new
opportunities for Artificial Intelligence (Al)-based predictive assessment. This study
examines the application of Al and predictive analytics to climate-risk assessment and
evaluates their potential contribution to resilient environmental and economic planning. A
qualitative and conceptual methodology based on secondary literature is adopted to examine
Al applications in extreme-weather forecasting, flood and drought prediction, wildfire risk
assessment, agricultural vulnerability, infrastructure resilience, and economic impact
estimation. The analysis proposes an integrated framework connecting climate data
acquisition, Al-based prediction, vulnerability assessment, risk mapping, scenario analysis,
and adaptive planning. The study finds that Al can improve the speed, granularity, and
responsiveness of climate-risk assessment by identifying complex patterns across large and
heterogeneous datasets. However, challenges related to data quality, model uncertainty,
explainability, computational requirements, geographical bias, cybersecurity, and unequal
technological capacity remain significant. The study argues that Al should complement
established climate science rather than replace physical climate models or expert judgment.
Effective climate-resilient planning requires hybrid approaches combining Al, climate
science, socioeconomic analysis, local knowledge, and institutional governance. The study
concludes that responsible Al-based climate-risk assessment can strengthen anticipatory
decision-making and support more resilient environmental and economic systems.
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1. Introduction

Climate change represents one of the most significant long-term challenges for environmental
and economic systems. Increasing temperatures, changing precipitation patterns, rising sea
levels, droughts, floods, heatwaves, wildfires, and other climate-related hazards can disrupt
ecosystems, infrastructure, agriculture, financial markets, supply chains, and livelihoods.

The effects of climate change are not distributed equally. Communities with limited
infrastructure and financial resources may have lower capacity to prepare for and recover
from climate-related disasters. Businesses and governments also face increasing uncertainty
concerning future environmental conditions and their potential economic consequences.
Effective climate adaptation therefore depends on the ability to identify risks before they
become severe.

Traditional climate-risk assessment uses historical climate observations, physical models,
statistical methods, vulnerability assessments, and expert knowledge. These approaches
provide essential foundations for understanding climate risks. However, modern
environmental systems generate enormous volumes of data from satellites, weather stations,
remote sensors, geographic information systems, ocean observations, and socioeconomic
databases.

Artificial Intelligence provides tools capable of analysing these complex datasets and
identifying nonlinear relationships that may be difficult to capture using conventional
analytical techniques.

Machine-learning algorithms can be used to forecast extreme rainfall, classify wildfire risk,
estimate drought probability, identify flood-prone areas, and assess climate-related impacts
on infrastructure and agriculture.

However, predictive accuracy alone is insufficient for climate planning. Decision-makers
must understand model uncertainty, limitations, assumptions, and potential biases.

This study therefore examines how Al-based predictive approaches can contribute to climate-
risk assessment while considering the scientific, institutional, ethical, and economic
challenges associated with their use.

2. Conceptualising Climate Risk
Climate risk can be broadly understood as the interaction between:

Hazard + Exposure + Vulnerability = Climate Risk
A climate hazard may include a flood, drought, heatwave, wildfire, cyclone, or extreme
precipitation event.
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Exposure refers to people, infrastructure, economic assets, ecosystems, or other elements
located in areas affected by hazards.

Vulnerability represents the susceptibility of exposed systems to damage and their ability to
cope with and recover from impacts.

Consequently, a severe climate hazard does not necessarily produce the same level of risk in
every location.

For example, the same rainfall event may have very different consequences in two cities
depending on drainage infrastructure, land use, population density, and emergency-response
capacity.

Al-based risk assessment can therefore combine physical climate information with
socioeconomic and geographic data to generate more comprehensive risk profiles.

3. Artificial Intelligence for Climate Prediction

Al includes a range of computational techniques that can identify patterns, classify
information, and generate predictions.

Major technigues relevant to climate-risk assessment include:

e Machine learning.

e Deep learning.

e Neural networks.

« Random forests.

e Support vector machines.

o Gradient-boosting algorithms.

e Convolutional neural networks.

« Recurrent neural networks.

e Spatiotemporal modelling.

e Reinforcement learning.

These methods can process large datasets from different sources and provide predictions at
relatively high spatial and temporal resolution.

4. Research Objectives

The study aims to:

Examine the role of Al in climate-risk assessment.

Analyse predictive approaches for environmental hazards.

Examine the contribution of Al to economic resilience planning.

Identify major challenges associated with Al-based climate prediction.

Develop an integrated Al-based climate-risk assessment framework.

Provide recommendations for responsible application of predictive climate technologies.

ok wbdpE
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5. Research Methodology

This study adopts a qualitative, conceptual, and literature-based methodology.

Academic literature concerning Al, climate modelling, environmental risk, climate
adaptation, disaster management, and economic resilience is reviewed.

The analysis focuses on six dimensions:

Climate-data acquisition.

Predictive modelling.

Hazard identification.

Vulnerability assessment.

Economic impact estimation.

6. Resilience planning.

A conceptual framework is then developed to connect Al predictions with environmental and
economic decision-making.

ok b

6. Sources of Climate-Risk Data
Al-based climate-risk assessment depends on diverse data sources.

6.1 Satellite Data

Earth-observation satellites provide information about:
e Land cover.

e Vegetation.

o Surface temperature.

e Soil moisture.

o Water bodies.

o Forest conditions.

e Atmospheric characteristics.

6.2 Weather Stations
Ground-based weather stations provide observations of:
e Temperature.

e Rainfall.
e Wind speed.
e Humidity.

e Atmospheric pressure.

6.3 10T Sensors
Connected environmental sensors can provide real-time information about local
environmental conditions.
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6.4 Geographic Information Systems
GIS datasets allow climate risks to be mapped spatially.

6.5 Socioeconomic Data
Population density, income, employment, infrastructure, health, and economic activity can
help identify vulnerable communities and sectors.

7. Al Applications in Climate-Risk Assessment

7.1 Flood Prediction

Machine-learning models can analyse rainfall, river levels, terrain, soil conditions, drainage
characteristics, and historical flood events.

Al models can generate flood-risk predictions and support early-warning systems.

7.2 Drought Prediction

Drought prediction can combine precipitation, temperature, soil moisture, vegetation
indicators, and historical drought records.

Predictive models can help governments and farmers prepare for water shortages.

7.3 Wildfire Risk Assessment

Al can analyse temperature, vegetation dryness, wind conditions, historical fires, terrain, and
satellite imagery to identify areas with elevated wildfire risk.

Early identification can support resource allocation and emergency planning.

7.4 Heatwave Prediction

Urban heat risks can be assessed using temperature observations, land-use data, building
density, vegetation coverage, and socioeconomic characteristics.

Al can help identify neighbourhoods requiring cooling centres, emergency services, or other
adaptation measures.

7.5 Agricultural Climate Risk

Agriculture is highly sensitive to climate variability.

Al models can estimate potential impacts of changing rainfall, temperature, drought, and
extreme weather on crop productivity.

This information can support crop selection, irrigation planning, insurance, and food-security
policies.
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Table 1. Al Applications in Climate-Risk Assessment
Climate Planning
Risk Al Approach Data Sources Application
Flooding Machine learning Rainfall, terrain, river data Flood preparedness
Drought Predictive modelling Rainfall, soil moisture Water planning
- e Weather, ion, i
Wildfire Classification models eathe Ve%?f; ton, sateflite Emergency response
Spatiotemporal .
Heatwaves . Temperature, land use Urban adaptation
modelling
Crop Failure Predictive analytics Weather, soil, crop data Agricultural planning
. . Infrastructure
Coastal Risk Al + GIS Sea level, terrain .
planning
Storm Risk Deep learning Atmospheric data Early warning

8. Al-Based Environmental Risk Mapping
Risk mapping is essential for climate adaptation because decision-makers need to understand
where risks are concentrated.
Al can combine multiple spatial layers to create dynamic risk maps.

For example:

Climate Hazard Data + Geographic Data + Infrastructure Data + Socioeconomic Data — Al

Risk Map

Such maps can identify areas where climate hazards intersect with vulnerable populations and
critical infrastructure.
This allows authorities to prioritise adaptation investments.

9. Economic Applications of Climate-Risk Prediction
Climate risks have substantial economic consequences.
Businesses may face:

e Supply-chain disruptions.

e Infrastructure damage.

e Reduced agricultural production.
e Energy demand fluctuations.

« Insurance losses.

e Labour productivity losses.

e Asset devaluation.
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Al-based climate-risk systems can support economic planning by estimating the probability
and potential magnitude of these impacts.

9.1 Supply-Chain Resilience

Companies can use climate-risk predictions to identify vulnerable suppliers, transportation
routes, ports, warehouses, and production facilities.

Al can support alternative-route planning and inventory strategies.

9.2 Financial Risk Assessment

Banks and investors increasingly need to understand climate-related risks associated with
assets and investments.

Predictive systems can combine climate scenarios with geographic and financial data to
identify potentially vulnerable assets.

9.3 Insurance

Insurance companies can use climate and historical claims data to estimate changing risk
patterns.

Al can support:

« Risk classification.

e Loss prediction.

e Claims analysis.

« Catastrophe modelling.

However, responsible use is important because highly granular risk classification may create
affordability or accessibility problems for vulnerable populations.

10. Al and Infrastructure Resilience

Infrastructure systems such as roads, bridges, electricity networks, water systems, and
telecommunications may be vulnerable to extreme climate events.

Al can help authorities identify infrastructure at elevated risk.

For example, predictive models can combine:

o Asset age.

o Historical failures.

o Climate projections.

e Geographic location.

« Maintenance records.

o Hazard exposure.

This can support preventive maintenance and infrastructure investment.

AJAMRI Volume 5, Issue 3, May-June 2023 90



http://www.ajamri.com/

@;ﬁ) American Journal of Advanced Multidisciplinary

= Research and Innovation (AJAMRI)
AJAMRI

E-ISSN: XXXX-XXXX e Website: www.ajamri.com e Email: editor@ajamri.com

11. Proposed Al-Based Climate-Risk Assessment Framework

The study proposes a seven-stage framework:

Data Collection — Data Integration — Al Prediction — Hazard Assessment — Vulnerability
Analysis — Risk Prioritisation — Adaptive Planning

Stage 1: Data Collection
Collect climate, geographic, environmental, infrastructure, and socioeconomic information.

Stage 2: Data Integration
Combine heterogeneous datasets within a common analytical environment.

Stage 3: Al Prediction
Use appropriate machine-learning or deep-learning models to estimate future hazards.

Stage 4: Hazard Assessment
Determine the probability, severity, and geographical distribution of hazards.

Stage 5: Vulnerability Analysis
Identify populations, ecosystems, infrastructure, and economic sectors likely to experience
significant impacts.

Stage 6: Risk Prioritisation
Rank risks according to probability, severity, exposure, and adaptive capacity.

Stage 7: Adaptive Planning
Translate predictions into investments, policies, early warnings, emergency plans, and long-
term adaptation strategies.

12. Case Study: Al-Based Urban Flood Risk Planning

Consider a rapidly growing city experiencing increasingly intense rainfall events.
The city government integrates:

o Historical rainfall data.

e Real-time weather observations.

o Drainage-network information.

o Digital elevation models.

e Land-use data.

o Population density.

« Historical flood records.
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An Al model analyses the information and identifies neighbourhoods with high flood
probability.

The system produces dynamic risk maps and estimates which roads and critical facilities may
be affected.

City authorities can then:

1. Prioritise drainage improvements.

2. Identify evacuation routes.

3. Position emergency equipment.

4. Issue targeted warnings.

5. Develop long-term land-use policies.

The case demonstrates how Al can connect environmental prediction with practical economic
and infrastructure planning.

13. Data Analysis
The conceptual analysis suggests that the effectiveness of Al-based climate-risk assessment
depends on the integration of three major information categories:

Environmental Data
Climate, weather, ecosystem, and hazard information.

Spatial Data
Geographic location, land use, infrastructure, and topography.

Socioeconomic Data

Population, income, economic activity, health, and institutional capacity.

The integration of these dimensions provides a more complete understanding of climate risk
than environmental data alone.

Table 2. Climate-Risk Planning Dimensions

Dimension Key Indicators Planning Objective
Hazard Frequency and intensity Forecast climate events
Exposure Population and assets Identify affected areas
Vulnerability Sensitivity and capacity Identify high-risk groups

Economic Impact Losses and disruption Prioritise investments

Infrastructure Asset condition Improve resilience
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Dimension Key Indicators Planning Objective
Adaptation Preparedness measures Reduce future risk
Monitoring Real-time observations Update predictions

Note: Table 2 is a conceptual analytical framework rather than an empirical risk assessment
for a specific geographic area.

14. Benefits of Al-Based Climate-Risk Assessment

14.1 Improved Prediction

Al can identify complex relationships in large datasets and support high-frequency
predictions.

14.2 Greater Spatial Resolution
Al can help produce more localized risk estimates when sufficient data are available.

14.3 Real-Time Monitoring
Integration with sensors and satellite systems enables continuous risk monitoring.

14.4 Early Warning
Predictive models can identify emerging hazards before they reach critical levels.

14.5 Better Resource Allocation
Governments can prioritize adaptation investments based on estimated risk.

14.6 Economic Resilience
Businesses can use climate information to strengthen supply chains and protect assets.

15. Limitations and Challenges
15.1 Data Quality
Al models depend on the accuracy and completeness of input data.

15.2 Model Uncertainty
Climate systems are inherently complex, and predictions contain uncertainty.

15.3 Explainability
Some deep-learning models can be difficult to interpret.
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15.4 Geographic Bias
Models trained using data from one region may not perform equally well elsewhere.

15.5 Computational Requirements
Large-scale Al models may require significant computing resources.

15.6 Data Gaps
Developing regions may have limited historical climate and socioeconomic datasets.

15.7 Cybersecurity
Connected climate-monitoring infrastructure may become vulnerable to cyberattacks.

16. Al Should Complement Climate Science

Al should not be treated as a complete replacement for physical climate models.

Climate systems are governed by physical processes that must remain central to climate
analysis.

A stronger approach is a hybrid modelling framework that combines:

Physical Climate Models + Statistical Methods + Al + Expert Knowledge

This approach can potentially improve predictive performance while preserving scientific
interpretability.

Al can identify patterns in observational data, while physical models provide information
about underlying climate mechanisms and future scenarios.

17. Ethical and Governance Considerations

Al-based climate-risk assessment can influence decisions concerning infrastructure,
insurance, land use, public spending, and emergency management.

Therefore, governance mechanisms are essential.

Important principles include:

e Transparency.

« Explainability.

o Data protection.

« Scientific validation.

e Fairness.

e Accountability.

e Public participation.

« Continuous monitoring.

Climate-risk information should not disproportionately disadvantage communities simply
because predictive models identify them as high risk.
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Instead, risk assessments should guide investment in adaptation and resilience.

18. Strategic Recommendations

Governments, businesses, and environmental institutions should:

1. Develop integrated climate-data platforms combining environmental and socioeconomic
datasets.

2. Invest in high-quality observation systems, including satellites, sensors, and weather

stations.

Use hybrid Al-climate models rather than relying exclusively on black-box prediction.

Develop localized risk models using region-specific data.

Strengthen climate-data sharing between institutions.

Improve Al and climate-science capacity within public agencies.

Use predictive risk assessments to prioritize adaptation investments.

Establish transparent model-validation procedures.

Protect environmental and socioeconomic datasets through strong cybersecurity.

10. Ensure that vulnerable communities benefit from risk information through targeted
adaptation measures.

© o N AW

19. Questionnaire
5-Point Likert Scale: 1 = Strongly Disagree, 5 = Strongly Agree

No. Statement
1 Al can improve the accuracy of climate-risk assessment.
2 Predictive analytics can improve disaster preparedness.
3 Al can support more effective environmental planning.
4 Climate-risk models should incorporate socioeconomic data.
5 Al can improve infrastructure resilience planning.
6 Real-time environmental data can strengthen climate early-warning systems.
7 Model uncertainty should be clearly communicated to decision-makers.
8 Al-based climate models should be validated using established climate-science methods.
9 Developing economies require greater investment in climate-data infrastructure.
10 Al-based climate-risk assessment can improve long-term economic resilience.

20. Future Research Directions
Future research should focus on developing hybrid Al models that integrate physical climate
simulations with machine-learning algorithms.
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Empirical studies should evaluate Al predictions against established climate models and real-
world observations.

Future research should also examine climate-risk prediction at the municipal and community
levels, particularly in developing economies where climate vulnerability may be high but data
availability is limited.

Another important area is the development of explainable Al methods for climate-risk
applications. Decision-makers need to understand not only what a model predicts but also the
factors contributing to the prediction.

Future research should additionally examine the economic value of Al-based climate
forecasting by estimating whether improved predictions lead to measurable reductions in
disaster losses, infrastructure costs, agricultural losses, and business disruption.

21. Conclusion

Climate change creates complex and interconnected environmental and economic risks that
require increasingly sophisticated approaches to assessment and planning. Artificial
Intelligence offers significant potential to strengthen climate-risk prediction by processing
large volumes of environmental, geographic, and socioeconomic data.

Al can support flood prediction, drought forecasting, wildfire assessment, heatwave
monitoring, agricultural planning, infrastructure resilience, supply-chain management,
insurance, and financial risk analysis.

However, predictive technology should not be considered a substitute for climate science or
institutional expertise. Al models can produce misleading results when data are incomplete,
biased, poorly calibrated, or geographically inappropriate.

The most effective approach is therefore a hybrid and human-centred climate-risk framework
combining Al, physical climate modelling, statistical analysis, expert knowledge,
socioeconomic assessment, and local understanding.

Ultimately, the value of Al in climate planning should be measured not only by prediction
accuracy but by its ability to support timely, equitable, scientifically informed, and
economically resilient decisions.
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