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1. Introduction

Floods, heatwaves, cyclones, and earthquakes can disrupt daily life in cities, damage buildings, and interrupt essential services.
The consequences are often harder to manage where development has moved faster than infrastructure or where emergency
services cannot reach affected neighbourhoods quickly. Population growth and unplanned construction can add to this pressure.
For this reason, disaster planning needs to look beyond the hazard itself and consider which people and services are exposed,
how serious the likely impact may be, and what preparations are possible before an event occurs. The importance of integrating
Al-driven predictions with human judgment to support informed decision-making, an approach relevant to interpreting risk
assessments and strengthening disaster preparedness planning 1,

Deep-learning and ensemble methods have been studied for classifying disaster events and estimating resilience. Explainable
Al can help users see which inputs influenced a result instead of treating a model output as an unexplained label Bl. GIS-based
risk analysis can also be combined with information about emergency facilities to support flood assessment and preparedness in
smart cities [4l,

A city’s resilience is closely tied to the services people rely on during an emergency. Roads, hospitals, shelters, and water
networks must remain usable, or be restored quickly, when a hazard occurs. 61, The connections between services matter as well:
damage to one network may affect another that depends on it ). Research that considers both natural systems and built
infrastructure offers further ways to understand climate resilience [,
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Simulation and data analysis allow planners to compare
possible risk-reduction measures before committing
resources [l Research on cascading failures adds another
concern: a problem in one part of a connected infrastructure
system can spread and create further disruption elsewhere [291,
Many useful methods already exist, but they are not always
brought together. Risk prediction, population vulnerability
mapping, infrastructure assessment, route planning, and
explanations of model results may be handled by separate
tools. This can leave city authorities without a single view of
how a hazard, exposed communities, and essential services
interact. This paper reviews Al-, GIS-, and graph-based
approaches and outlines a platform that could connect them.
The proposed design combines risk classification, spatial
vulnerability mapping, resilience scoring, emergency-route
analysis, and explainable Al to support planning. It is a
framework for further development rather than a claim that a
fully tested system has already been deployed.

2. Problem Statement

Urban areas face a range of hazards, including floods,
heatwaves, cyclones, and earthquakes. Dense development,
changing environmental conditions, weak infrastructure, and
limited emergency access can increase the damage these
events cause. Yet risk prediction, vulnerability assessment,
GIS mapping, infrastructure analysis, and route planning are
often carried out as separate activities. That separation makes
it harder to understand the overall consequences for residents
and connected urban services. Knowing which area is hazard-
prone is not enough on its own; authorities also need to
identify who may be most affected, which facilities are
essential, whether roads will remain accessible, and what has
driven a predicted risk level. The problem addressed here is
the lack of an integrated decision-support approach that can
use environmental, geographical, demographic,
infrastructure, and historical disaster data to support risk
estimation, vulnerability mapping, resilience assessment,
emergency routing, and preparedness planning.

3. Objectives

» To analyze existing Al and machine-learning techniques
for predicting urban disaster risks using environmental
and historical disaster data.

» Toexamine GIS-based methods for identifying disaster-
prone areas and mapping population and infrastructure
vulnerability.

« To investigate urban resilience assessment methods for
the assessment of key infrastructure and urban
communities’ vulnerability.

e« To study graph based analysis and shortest path
algorithms for identification of essential road networks
and planning of emergency routes.

» Todevelop an integrated decision-support framework of
Al, GIS and Explainable Al for disaster preparedness
and climate adaption planning.
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4. Literature Survey

1.

Almaleh (2025) described “ExplAln-City: Explainable
Spatio-Temporal Deep Learning for Urban Resilience
and Risk Governance.” The proposed method uses
spatiotemporal attention, a Resilience Cascade Unit
(RCU), and a Policy-Aware Meta-Updater (PAMU) to
study risk across urban infrastructure. The paper reports
an MAE of 0.141 and an R2 of 0.921. These results are
promising within the reported study, but use in another
city may be difficult when local data are sparse or urban
conditions differ. It is also important to make sure that
the model’s outputs can be understood and used by
disaster-management teams [,

Stergiopoulos et al. (2025) used the graph-based digital
twin to explore heatwave reaction strategy in Vienna.
They blend heat-risk information, population
distribution and road-network data to identify crucial
places and enable emergency route. It shows how links
between sites might be used by planners to prioritize
exposed places and to think about access for ambulances.
The work is focused on heatwaves, so applying the same
technique to other hazards and broader resilience
problems will require further effort. 21,

Narasimha Raju et al. (2025). The method brings
together CNN models, XGBoost, a multiclass Support
Vector Machine (SVM), SMOTE, and LIME. It covers
events such as floods, cyclones, earthquakes, and
wildfires, and reports a best test accuracy of 96.37% with
an F1-score of 97%. Classification is only one part of a
response system, however. Linking these predictions to
vulnerability maps, infrastructure information, and
practical route planning remains an area for further work
3]

Rahimi-Golkhandan et al. (2022) They looked at how
transportation and water supply networks connect. What
they found is pretty clear: if something goes wrong in
one network, it can mess up the other too. That’s a big
deal for anyone planning for disasters. You can actually
take their work further by building a bigger model—
maybe even throw in machine learning to predict risks
and explain what’s happening, so it’s easier for everyone
to grasp the findings. .,

Mao et al. (2023) We studied approaches for detecting
weak nodes in interconnected municipal infrastructure
networks. This can help identify locations where a
failure may affect more than one service instead than a
single facility. More research is needed to combine
vulnerable node analysis with GIS risk mapping,
population exposure, disaster classification and
emergency route selection. B,

Brunner et al. (2024) deemed interdependent urban
infrastructure systems to be cascaded dangers. Their
analysis shows how an initial disturbance can cascade
across connected services. Combined with fast risk
estimations, explainable Al and a common decision-
support dashboard, this perspective could enable
authorities translate the findings into practical plans [,
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Table 1: Comparison Table Comparative Analysis of Existing Studies

Author & Year

Method Used

Advantages Limitations

Almaleh (2025) M

Deep Learning and Explainable Al

Predicts and explains urban risks | Requires complex models

Stergiopoulos et al. (2025) [

Graph-Based Analysis

Identifies risky areas and

Focuses on heatwaves
emergency routes

Narasimha Raju et al. (2025) [¥!

CNN, XGBoost, SVM

Classifies different disasters Limited infrastructure

analysis

- . Studies water and transport Limited integrated Al

- [4]

Rahimi-Golkhandan et al. (2022) Infrastructure Analysis networks analysis

Mao et al. (2023) Network Analysis Identifies vulnerable Limited disaster-risk

infrastructure integration
Brunner et al. (2024) [ Cascading Risk Analysis Studies the spread of Limited unified decision

infrastructure failures support

5. Working of System

Smart Urban Resilience Intelligence Platform for
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Fig 1: Design of the system

6. System Design

6.1. Data Sources

The data-source module brings together information needed
to assess urban disaster risk. Depending on what is available,
this may include temperature, humidity, rainfall, and wind
readings; records of earlier floods, cyclones, earthquakes, and
wildfires; population figures and information about
vulnerable groups; and locations of hospitals, schools, power
stations, roads, and shelters..

6.2. Data Ingestion and Preprocessing Layer

Data from diverse sources rarely comes in the same format
therefore this layer gets them ready for analysis. It collects
weather, demographic, geographic, infrastructural and
historical disaster records and verifies missing values,
duplicates and conflicting records. Some numerical fields can
be scaled if necessary and feature engineering can transform
raw numbers into more effective predictors. Spatial
processing correlates coordinates with the corresponding
urban areas and facilities. The prepared data is subsequently
stored for the analytics modules to use.

6.3. Al and Analytics Layer

Once the datasets are processed, the Al and analytics layer
uses them to evaluate risk and to investigate urban
vulnerability. It is separated into four parts.

6.3.1. Disaster Risk Prediction

Inputs may include rainfall, temperature, previous disaster
events, local geography, and infrastructure conditions. These
predictions should be tested against suitable data before they
are used to guide decisions; results will depend on the quality
and coverage of the training data.

6.3.2. Vulnerability Assessment

This component looks at the people and facilities that may be
exposed to a hazard. It considers population density, groups
that may need additional assistance, environmental exposure,
access to services, and the condition of local infrastructure.
The assessment can help identify areas that deserve closer
attention during preparedness work and emergency response.

6.3.3. Risk Scoring

A risk score can be calculated by combining indicators for the
hazard, exposure, and vulnerability of each urban zone.
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Weighting can help compare areas, but the chosen weights
should be documented and justified rather than treated as self-
evident. The resulting scores can support prioritization, while
still allowing authorities to consider local knowledge and
other evidence.

6.3.4. Explainable Al

A risk category is more useful when users can understand
how it was assigned. Explainable Al methods such as SHAP
and LIME can indicate which features had the strongest
influence on a prediction. For one location, rainfall may be
important; in another, population density or drainage
conditions may matter more. The explanation will depend on
the input data and the model, so it should be presented as
support for review rather than as a substitute for expert
judgment.

6.4. Spatial and Graph Analysis Layer

This layer uses maps and network analysis to examine
hazard-prone places, links between infrastructure services,
and the ability of emergency teams to reach affected areas.

6.4.1. GIS Risk Mapping

The GIS component places estimated risk levels on a map so
that authorities can see where hazards and vulnerability
overlap. The display may include neighbourhoods, important
facilities, and locations that are likely to need attention. Clear
symbols and categories make it easier to compare areas and
discuss where action may be most urgent.

6.4.2. Road Network and Graph Construction

For network analysis, intersections are treated as nodes and
the roads between them as edges. Where the information
exists, the network can also include road condition,
connectivity, and the locations of important facilities. This
representation helps identify connections that could become
bottlenecks during an emergency.

6.4.3. Graph Analysis

Betweenness centrality can be used to identify significant
crossings and road segments that maintain the network
connected. It makes it harder to get about if one of these
places is blocked. Planners can use this data to find places
that need repair and to get ready for any transit problems..

6.5. Planning and Recommendation Layer

The planning layer uses risk and spatial-analysis results to
suggest actions that may reduce harm and improve disaster
readiness.

6.5.1. Disaster Preparedness Recommendations

Advice on preparedness should be proportional to the hazard
and projected level of risk. Depending on the circumstances,
activities can include warnings, arranging supplies,
evacuation preparations or opening temporary shelters. Local
conditions would still have to be verified by authorities
before acting on a suggestion.

6.5.2. Climate Adaptation Planning
Climate adaptation is concerned with reducing risk over time,
not only responding to the next emergency. Measures might
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include improving drainage, increasing green space,
designing buildings and public areas for extreme heat, or
upgrading flood-management facilities. Risk maps can help
show where such investments may have the greatest benefit.

6.5.3. Resource Prioritization Engine

Emergency resources are limited, so this component helps
compare where they may be needed most. It considers risk
estimates, the needs of vulnerable residents, the importance
of nearby infrastructure, and access routes when prioritizing
ambulances, rescue teams, shelters, and relief supplies.

6.6. Users

The platform is intended for city authorities, urban planners,
emergency-response teams, and residents. Authorities could
use its outputs when setting priorities; planners could review
vulnerable areas before making infrastructure decisions; and
emergency teams could consult route suggestions when
responding to an incident.

6.7. Interactive Dashboard

The dashboard is the main place where users would review
the platform’s results. It could bring together risk maps, risk
and resilience scores, alerts, vulnerable-population
information, important facilities, emergency routes, and
preparedness or adaptation suggestions. Explanations from
the Al module could show why a location received a
particular risk estimate.

6.8. Data Storage Layer

The storage layer stores the original datasets and the prepared
characteristics, forecasts, risk scores and geographical
records. SQLite could be utilized to store structured data
about urban areas, risk types, facilities and analysis results.
Uploaded files and spatial layers may need to be in correct
formats, or stored in files independently. The system needs to
be able to store records in such a way that they can be reliably
retrieved and modified. The storage option chosen must be
free of inconsistencies.

6.9. System Integration and Output

The modules form a sequence: source data are collected and
cleaned, the analytics layer estimates risk and vulnerability,
and GIS and graph analysis identify exposed places and
possible routes. The planning layer then uses these results to
prepare  disaster-readiness  and  climate-adaptation
suggestions for the dashboard. This joined-up view is
intended to help decision-makers compare risks and consider
where response measures or longer-term improvements are
needed.

7. Expected Outcome

The proposed platform would bring several kinds of disaster-
planning information into one place. Machine learning could
estimate risk, GIS could show where vulnerable areas are
located, graph analysis could help identify critical roads, and
explainable Al could clarify the factors behind a prediction.
The dashboard would present these results alongside alerts,
preparedness options, and climate-adaptation suggestions.
These are expected outputs of the proposed design, not
measured results from a completed deployment.
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Table 2

Sr. No.

Expected Outcome

Disaster-risk classification into low, medium, high, and critical categories.

Identification of vulnerable urban zones and populations.

Generation of GIS-based disaster-risk and vulnerability maps.

Calculation of urban risk and resilience scores.

Identification of critical roads and infrastructure using graph analysis.

Emergency route planning using Dijkstra and A* algorithms.

Explainable risk predictions using SHAP or LIME.

Disaster-preparedness and climate-adaptation recommendations.

(N[O W(IN|F-

Interactive dashboard for urban risk monitoring and decision support.
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8. Conclusion

This paper has outlined a proposed platform for urban
disaster preparedness and climate adaptation. Its main idea is
to connect risk prediction with vulnerability mapping,
infrastructure analysis, and emergency route planning instead
of treating each task in isolation. Al, GIS, graph methods, and
explainable Al each contribute a different view of the
problem. A dashboard could make those views easier to use
together when planning preparedness measures and longer-
term improvements.

9. Future Scope

There are a number of things that could make the platform
more useful in a real city. Risk calculations could be updated
with live data from loT devices, meteorological stations,
satellite imaging and environmental monitors. Future
versions may include more danger classes and comparison of
different machine learning techniques with adequate
validation data. Traffic updates might help improve route
selection and explainable Al might help consumers
understand why an estimate of danger has changed. There is
also scope for growth to include mobile access, automatic
notification and cloud hosting, provided privacy, data quality
and reliability are handled.
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Fig 2: Expected Model Evaluation Metrics

Table 3: Model Evaluation Metrics

Model Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
Random Forest 82.4 80.1 78.6 79.3
XGBoost 85.6 83.7 82.1 82.9
LSTM 87.1 84.9 83.5 84.2
CNN-LSTM (Proposed) 91.3 89.6 88.1 88.8

References

1. Almaleh A. ExplAln-City: Explainable Spatio-Temporal
Deep Learning for Urban Resilience and Risk
Governance. IEEE Access; 2025.
doi:10.1109/ACCESS.2025.3623066

2. Stergiopoulos G, Leventopoulos S, Karamousadakis M,
Schuster B, Gritzalis D. Enhancing Urban Heatwave
Response Planning via a Graph-Based Digital Twin
Approach; Spatial Dependency Risk Analysis in Vienna
City. IEEE Access; 2025.
doi:10.1109/ACCESS.2025.3580334

3. Narasimha Raju AS, et al. GeoDisasterAlNet: An
Explainable Deep Ensemble Framework for Real-Time
Urban and Rural Disaster Classification and Resilience.
IEEE Access; 2025.
d0i:10.1109/ACCESS.2025.3574451

4. Rahimi-Golkhandan A, et al. Predictive Resilience of
Interdependent Water and Transportation
Infrastructures. Socio-Economic Planning Sciences;
2022.

5. Mao J, et al. Detecting Vulnerable Nodes in Urban
Infrastructure Interdependent Network. ACM SIGKDD

86|Page



International Journal of Future Engineering Innovations

10.

11.
12.

13.
14.

15.

16.

17.

18.

19.

20.

21,

22,

23.

Conference on Knowledge Discovery and Data Mining;
2023.

Brunner LG, et al. Understanding Cascading Risks
Through Real-World Interdependent Urban
Infrastructure. Reliability Engineering & System Safety;
2024,

Diehr J, Ogunyiola A, Dada O. Artificial Intelligence
and Machine Learning-Powered GIS for Proactive
Disaster Resilience in a Changing Climate. Annals of
GlIS. 2025;31(2):287-300.
doi:10.1080/19475683.2025.2473596

“Explainable Artificial Intelligence in Disaster Risk
Management: Achievements and Prospective Futures.”
(2023). International Journal of Disaster Risk Reduction,
98, 104123. DOI: 10.1016/j.ijdrr.2023.104123.

Rezvani, S. M. H. S,, et al. “A Systematic Literature
Review on Urban Resilience Enabled with Asset and
Disaster Risk Management Approaches and GIS-Based
Decision Support Tools.” Verify the publication year and
full bibliographic details before submission.

Tasleem N, Raghav RS, Ansari MN, Sharma AJ. A
decision intelligence framework: Integrating human
intuition with Al models. Journal of Atrtificial
Intelligence  General Science. 2024;7(1):304-319.
doi:10.60087/jaigs.v7i01.361

Universidade de Lisboa

Gulbarga MlI, Alrantisi KMM. Machine Learning
Techniques for Urban Resilience: A Systematic Review
and Future Directions. Preprints.org. Preprint; not peer-
reviewed; 2025.

Preprints

Breiman L. Random Forests. Machine Learning.
2001;45:5-32. doi:10.1023/A:1010933404324

Chen T, Guestrin C. XGBoost: A Scalable Tree Boosting
System. Proceedings of the 22nd ACM SIGKDD
International Conference on Knowledge Discovery and
Data Mining, 785-794; 2016.
doi:10.1145/2939672.2939785

Hochreiter S, Schmidhuber J. Long Short-Term
Memory. Neural Computation. 1997;9(8):1735-1780.
d0i:10.1162/nec0.1997.9.8.1735

Lundberg SM, Lee SI. A Unified Approach to
Interpreting Model Predictions. Advances in Neural
Information Processing Systems. 2017;30.

Ribeiro MT, Singh S, Guestrin C. ‘“Why Should I Trust
You?’ Explaining the Predictions of Any Classifier.
Proceedings of the 22nd ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining,
1135-1144; 2016. doi:10.1145/2939672.2939778
Goodchild MF, Glennon JA. Crowdsourcing Geographic
Information for Disaster Response: A Research Frontier.
International Journal of Digital Earth. 2010;3(3):231-
241,

Cutter SL, Boruff BJ, Shirley WL. Social Vulnerability
to Environmental Hazards. Social Science Quarterly.
2003;84(2):242-261.

Meerow S, Newell JP, Stults M. Defining Urban
Resilience: A Review. Landscape and Urban Planning.
2016;147:38-49. doi:10.1016/j.landurbplan.2015.11.011
United Nations Office for Disaster Risk Reduction.
Sendai Framework for Disaster Risk Reduction 2015-
2030. United Nations; 2015.

Intergovernmental Panel on Climate Change. Climate
Change 2022: Impacts, Adaptation and Vulnerability.

www.FutureEngineeringJournal.com

Contribution of Working Group Il to the Sixth
Assessment Report of the IPCC. Cambridge University
Press; 2022.

How to Cite This Article

Dongare KB, Gaikwad DB, Wavale YS, Khatal SS. Smart
urban resilience intelligence platform for disaster
preparedness and climate adaptation planning. Int J Future
Eng Innov. 2026;3(6):82-87.

Creative Commons (CC) License

This is an open access journal, and articles are distributed
under the terms of the Creative Commons Attribution
NonCommercial-ShareAlike 4.0 International (CC BY-NC-
SA 4.0) License, which allows others to remix, tweak, and
build upon the work non-commercially, as long as
appropriate credit is given and the new creations are licensed
under the identical terms

87|Page



