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Abstract 

Cities are dealing with growing pressure from floods, heatwaves, and other hazards as 

urban areas expand and the climate changes. Disaster planning often examines weather 

risks, exposed communities, infrastructure, and transport access in separate stages. 

This paper reviews how artificial intelligence (AI), machine learning (ML), 

Geographic Information Systems (GIS), graph analysis, and explainable AI have been 

used in urban disaster preparedness and climate adaptation. It considers work on 

disaster classification, mapping of vulnerable locations, infrastructure dependencies, 

and emergency route selection. The review points to a practical gap: decision-makers 

need a shared view of hazard conditions, population exposure, essential services, and 

road access rather than separate outputs from disconnected tools. In response, a Smart 

Urban Resilience Intelligence Platform is outlined. Its proposed modules cover risk 

prediction, vulnerability assessment, resilience scoring, emergency routing, and 

preparedness recommendations. The paper also notes issues that would need attention 

before deployment, including data quality, the clarity of model explanations, links 

between infrastructure systems, and testing with real urban data. The framework is a 

proposal; its effectiveness would need to be established through implementation and 

validation.
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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 

AI-driven predictions with human judgment to support informed decision-making, an approach relevant to interpreting risk 

assessments and strengthening disaster preparedness planning [10]. 

Deep-learning and ensemble methods have been studied for classifying disaster events and estimating resilience. Explainable 

AI can help users see which inputs influenced a result instead of treating a model output as an unexplained label [3]. GIS-based 

risk analysis can also be combined with information about emergency facilities to support flood assessment and preparedness in 

smart cities [4]. 

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. [6]. The connections between services matter as well: 

damage to one network may affect another that depends on it [7]. Research that considers both natural systems and built 

infrastructure offers further ways to understand climate resilience [8]. 
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Simulation and data analysis allow planners to compare 

possible risk-reduction measures before committing 

resources [9]. Research on cascading failures adds another 

concern: a problem in one part of a connected infrastructure 

system can spread and create further disruption elsewhere [10]. 

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 AI-, 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 AI 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 AI and machine-learning techniques 

for predicting urban disaster risks using environmental 

and historical disaster data. 

• To examine 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. 

• To study graph based analysis and shortest path 

algorithms for identification of essential road networks 

and planning of emergency routes. 

• To develop an integrated decision-support framework of 

AI, GIS and Explainable AI for disaster preparedness 

and climate adaption planning. 

 

4. Literature Survey 

1. Almaleh (2025) described “ExplAIn-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 [1]. 

2. 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. [2]. 

3. 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]. 

4. 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. [4]. 

5. 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. [5]. 

6. 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 AI and a common decision-

support dashboard, this perspective could enable 

authorities translate the findings into practical plans [6]. 
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Table 1: Comparison Table Comparative Analysis of Existing Studies 
 

Author & Year Method Used Advantages Limitations 

Almaleh (2025) [1] Deep Learning and Explainable AI Predicts and explains urban risks Requires complex models 

Stergiopoulos et al. (2025) [2] Graph-Based Analysis 
Identifies risky areas and 

emergency routes 
Focuses on heatwaves 

Narasimha Raju et al. (2025) [3] CNN, XGBoost, SVM Classifies different disasters 
Limited infrastructure 

analysis 

Rahimi-Golkhandan et al. (2022)[4] Infrastructure Analysis 
Studies water and transport 

networks 

Limited integrated AI 

analysis 

Mao et al. (2023) [5] Network Analysis 
Identifies vulnerable 

infrastructure 

Limited disaster-risk 

integration 

Brunner et al. (2024) [6] Cascading Risk Analysis 
Studies the spread of 

infrastructure failures 

Limited unified decision 

support 

5. Working of System

 

 
 

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. AI and Analytics Layer 

Once the datasets are processed, the AI 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 AI 

A risk category is more useful when users can understand 

how it was assigned. Explainable AI 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 

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 AI 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 AI 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 

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

2 Identification of vulnerable urban zones and populations. 

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

4 Calculation of urban risk and resilience scores. 

5 Identification of critical roads and infrastructure using graph analysis. 

6 Emergency route planning using Dijkstra and A* algorithms. 

7 Explainable risk predictions using SHAP or LIME. 

8 Disaster-preparedness and climate-adaptation recommendations. 

9 Interactive dashboard for urban risk monitoring and decision support. 

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. AI, GIS, graph methods, and 

explainable AI 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 IoT 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 AI 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.

 

 
 

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 
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