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KEYWORDS ABSTRACT
Artificial Intelligence; Disaster management in metropolitan areas, particularly in the face of earthquakes, is one of the
Metaheuristic Algorithm; critical challenges of the modern era, requiring effective strategies for optimal resource allocation.
Smart City; This study develops a hybrid model based on artificial intelligence and metaheuristic algorithms
Multi-objective Optimization; with a multi-objective approach to optimize resource allocation. The primary aim of the proposed
Disaster Management. model is to reduce risk, cost, and response time in disaster situations. In the first phase, machine

learning algorithms, namely KNN and XGBoost, are employed to predict the impact of
earthquakes across 22 districts of Tehran. The prediction is carried out using three key indicators:
urban deterioration, population density, and infrastructure intensity. After evaluating classification
metrics such as accuracy, precision, recall, and fl-score, the superior algorithm is selected, and its
outputs are incorporated into the mathematical model. The proposed model is then solved using a
combination of an exact method and the NSGA-II metaheuristic algorithm. Results indicate that
NSGA-II provides superior computational efficiency. Furthermore, integrating machine learning
algorithms with the optimization model significantly enhances the objective functions, resulting
in reduced risk, lower costs, and improved service response time. Sensitivity analysis reveals that
increased demand for resources has the greatest influence on the risk objective function. Moreover,
among the predictive variables, population density emerges as the most influential factor in
estimating earthquake impact, while deterioration and infrastructure exhibit similar effects and
rank lower. Consequently, population density is identified as the most critical feature in the
proposed machine learning model.

Extended Abstract

1. Introduction

risis management in megacities, particularly in the face of earthquakes, represents one of the most complex challenges

of the modern era. High population density, widespread urban deterioration, and fragile infrastructures amplify the

vulnerability of these urban areas to disasters. Under such conditions, the optimal allocation of resources becomes a
critical necessity to reduce risks and accelerate emergency response. Despite significant advances in disaster prediction, most
previous studies have been constrained by linear models and small-scale analyses, limiting their ability to address multi-criteria
decision-making at a metropolitan scale. Moreover, traditional resource allocation methods appear insufficient and ineffective
when confronted with the nonlinear and uncertain nature of natural disasters.
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To bridge this gap, the present study proposes a hybrid model based on artificial intelligence and metaheuristic algorithms
to optimize resource allocation under crisis conditions through a multi-objective approach. In the first step, machine learning
algorithms, namely KNN and XGBoost, are employed to predict earthquake impact severity across the 22 districts of Tehran
using key indicators such as population density, urban deterioration, and infrastructure availability. The prediction outcomes
are then fed into a multi-objective mathematical model, which is solved through an integration of exact methods and the NSGA -
II metaheuristic. The primary objective of this research is to minimize risk, cost, and response time in the aftermath of an
earthquake. Accordingly, the main innovation of this study lies in integrating intelligent prediction techniques with multi-
objective optimization at a metropolitan scale, thereby offering both a scientific and practical tool for decision-makers in
disaster management.

2. Methodology

In this study, the problem of resource allocation optimization for disaster management was designed within the context of
a smart city framework. The primary goal of the model is to minimize risk, cost, and response time to earthquakes in Tehran
megacity. At the first stage, earthquake impact severity was predicted using machine learning algorithms (KNN and XGBoost)
based on three key indicators: infrastructure, population density, and urban deterioration. The predicted impact severity (Y),
considered as a categorical output variable, was then incorporated into the mathematical optimization model, providing a
predictive basis for subsequent decision-making.

The proposed mathematical model was formulated as a multi-objective optimization framework, encompassing three main
objectives: (1) minimizing the expected citywide risk, calculated based on disaster probability, impact severity, and regional
importance; (2) minimizing the total costs of resource allocation and reactive measures, including logistics, human resources,
and equipment costs; and (3) minimizing response time, measured by the duration required to deliver resources to critical
regions. A set of constraints was introduced to ensure model feasibility, including resource availability, minimum coverage for
high-risk areas, regional capacity limitations, budgetary restrictions, and maximum allowable emergency response time.

The model parameters consist of disaster occurrence probability, machine learning-based impact severity, regional
importance (in terms of population or critical infrastructures), allocation costs, absorption capacity, and operational budget.
Decision variables include the level of resources allocated to each region, activation of the warning system, and priority indices
for proactive management. The case study was conducted on the 22 districts of Tehran under a simulated scenario of a
magnitude-7 earthquake. For solving the model, a combination of exact methods and the NSGA-II metaheuristic algorithm was
employed to generate a set of Pareto-optimal solutions. This approach allows decision-makers to choose among efficient trade-
offs between risk, cost, and response time according to their priorities. The methodological novelty lies in integrating machine
learning-based intelligent prediction with multi-objective optimization at a metropolitan scale, thus providing an effective
decision-support tool for disaster management in smart cities.

3. Findings

The findings of this study are presented in two main parts: results of machine learning implementation and optimization
model performance. In the first stage, the performance of KNN and XGBoost algorithms was evaluated using data from the 22
districts of Tehran. The purpose was to identify the most effective method for predicting earthquake impact severity based on
four metrics: Accuracy, Precision, Recall, and F1-score. The results indicated that XGBoost slightly outperformed KNN across
all metrics. For instance, the accuracy of XGBoost was 0.968 compared to 0.965 for KNN. The ROC curve further confirmed
the superiority of XGBoost, although the confusion matrices showed similar classification outcomes for both algorithms.
Feature ranking analysis highlighted population density as the most significant predictor of earthquake impact severity,
followed by urban deterioration and infrastructure, which exhibited equal importance.

In the second stage, the proposed optimization model for emergency resource allocation was tested under different
dimensions. The model was solved using both the exact method (GAMS software) and the NSGA-II metaheuristic algorithm,
and the results were compared. The exact method achieved lower risk values, whereas NSGA-II demonstrated higher efficiency
in computational time. Moreover, both methods yielded very close results in terms of cost and service time, confirming the
model’s validity and robustness.

Finally, the integration of machine learning predictions into the optimization model was assessed. A comparison between
the scenarios “with prediction” and “without prediction” revealed that the inclusion of machine learning significantly improved
all three main objectives: risk reduction, cost minimization, and service time reduction. These findings emphasize the
effectiveness of the proposed hybrid approach as a decision-support tool for disaster management in smart cities.

4. Conclusion

In this study, an integrated approach combining machine learning and metaheuristic methods was proposed to optimize
resource allocation and assess earthquake risk in metropolitan areas. In the first step, the earthquake impact intensity was
estimated using three key indicators: population density, urban deterioration, and infrastructure conditions, and the regions
were systematically classified accordingly. Subsequently, a multi-objective mathematical model with three objectives—
minimizing risk, cost, and response time—was developed and solved using both the exact method in GAMS and the NSGA-II
metaheuristic algorithm. The results indicated that the two methods provided close solutions in terms of accuracy, with NSGA-
IT showing superiority in computational time, while the exact method performed better in reducing risk. Regarding machine
learning, the XGBoost algorithm outperformed KNN, particularly in improving risk, cost, and computational time. Sensitivity
analysis further revealed that increasing available resources had the greatest impact on risk reduction, followed by cost and
response time. The findings also highlighted that population density is the most influential factor in earthquake impact intensity,
while urban deterioration and infrastructure variables showed nearly equal contributions. Overall, the proposed framework
demonstrates the capability of simultaneously addressing risk, cost, and response time, while leveraging machine learning

Journal of Industrial Innovations 2(3) (2024) 301 - 319



303 Farshad kaveh, Mahdi Karbasian, Omid Boyer, Hadi Shirouyehzad

algorithms to provide more efficient and optimized solutions for earthquake risk management. These results can assist urban
managers and crisis decision-makers in prioritizing high-risk areas and allocating resources more effectively, thereby reducing
both human and financial losses and significantly enhancing the speed and efficiency of relief operations.

5. Limitations and Future Work

Despite the valuable outcomes of this study, several limitations should be acknowledged. First, the developed model
captured only a subset of the inherent uncertainties in earthquake crisis conditions, while more complex aspects such as dynamic
population changes, transportation network disruptions, and infrastructure constraints were not considered. Second, the dataset
used was limited, whereas in real-world scenarios, incomplete, noisy, or delayed data are far more likely, which may affect the
accuracy of the results. Third, the analysis was conducted only within the context of a single metropolitan area, and the
generalization of findings to other regions with different social, economic, and physical structures requires further investigation.
Fourth, in the comparison of metaheuristic approaches, only NSGA-II was employed, while other advanced and hybrid multi-
objective algorithms, such as MOEA/D or NSGA-III, were not evaluated. Accordingly, future research is recommended to
incorporate a broader treatment of uncertainty through scenario-based planning, robust optimization, stochastic modeling, or
fuzzy approaches. Moreover, employing more realistic and real-time datasets, extending the model to diverse geographical
scenarios, and testing advanced multi-objective optimization algorithms could significantly enrich and strengthen both the
scientific development and the practical applicability of disaster management strategies.
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