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Abstract. Seismic resilience assessment of transportation networks is essential 

for effective emergency response and infrastructure management. However, 

traditional Monte Carlo simulation-based methods are computationally inten-

sive, making them impractical for real-time decision-making. To address that 

problem, this study employs deep learning techniques as a surrogate model to 

accelerate seismic resilience assessment and enhance decision-making process-

es. The proposed deep neural network integrates key factors, including regional 

seismic hazards, the seismic performance of roads, network topology, and traf-

fic demand, to improve prediction accuracy and reliability. To demonstrate its 

effectiveness in delivering rapid and reliable assessments, the developed model 

is applied to the transportation network in Colorado, USA. Results show that 

the deep learning-based approach significantly reduces computational costs 

while maintaining high accuracy, making it a practical alternative to traditional 

simulation techniques. Furthermore, based on the outcomes, emergency resili-

ence enhancement strategies are proposed to improve the robustness of trans-

portation networks against seismic events. This study provides critical insights 

into seismic emergency resilience assessment and contributes to the advance-

ment of data-driven decision-making frameworks for disaster management.  
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1 Introduction  

Seismic emergency resilience of transportation networks refers to their ability to with-

stand, recover from, and maintain functionality during and after an earthquake [1]. It 

encompasses the network’s capacity to sustain critical connectivity, facilitate emer-

gency response, and support rescue operations in the immediate aftermath of seismic 

events [2]. The rapid restoration of transportation infrastructure is essential for ensur- 
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ing timely access to affected areas, enabling the deployment of emergency services, 
and minimizing disruptions to disaster relief efforts. Given the crucial role of trans-
portation networks in post-earthquake emergency response, accurately assessing their 
resilience is essential for developing effective mitigation and recovery strategies. 

A typical transportation network comprises numerous components, including 
roads, bridges, and intersections. However, earthquakes—particularly those causing 
severe damage to bridges and critical road segments—can significantly disrupt net-
work functionality, delaying life-saving interventions [3]. These components are in-
herently vulnerable to seismic events, which can lead to structural failures, reduced 
capacity, and widespread transportation disruptions, further complicating emergency 
response efforts [4]. The impact of seismic hazards is inherently uncertain, as varia-
tions in ground motion intensity, structural vulnerabilities, and cascading failures lead 
to unpredictable damage patterns [5]. To account for these uncertainties, conventional 
assessment methods rely on Monte Carlo simulation (MCS)-based approaches, gener-
ating numerous probabilistic realizations to estimate network performance under 
earthquake conditions [6]. However, these methods have two major limitations: (1) 
their extensive computational demands make them impractical for real-time decision-
making in emergency scenarios, and (2) they require predefined probabilistic models 
that may not fully capture the complex interdependencies between network compo-
nents and seismic hazards. These constraints highlight the need for more efficient and 
scalable alternatives that can rapidly assess network resilience while incorporating 
data-driven insights into seismic impact modeling. 

Recent advancements in artificial intelligence (AI) have promoted the development 
of intelligent simulation techniques, such as deep neural networks (DNNs), which 
offer superior nonlinear learning capabilities compared to traditional methods [7]. 
Unlike conventional physics-based models that rely on explicit numerical simulations, 
DNNs can learn complex relationships from large datasets, capturing intricate patterns 
in seismic hazards [8], structural responses [9], and network disruptions [10]. To fur-
ther enhance their applicability in seismic resilience assessment, this study integrates 
key network configuration parameters—such as road connectivity, bridge locations, 
traffic flow, and redundancy—into the DNN framework. By incorporating these criti-
cal factors, the model can more accurately predict network-wide seismic resilience 
and support real-time decision-making. Additionally, the use of DNNs as surrogate 
models significantly reduces computational costs while maintaining high predictive 
accuracy, making them a promising alternative for rapid resilience assessment and 
emergency response planning. 

The remainder of this paper is organized as follows: Section Ⅱ presents the meth-
odology, including data formulation and model development. Section Ⅲ discusses the 
case study in Colorado, based on which the emergency resilience enhancement strate-
gies are discussed.  



72             X. Guan et al.

2 DNN-based Seismic Resilience Assessment Methodology 

2.1 Data Preparation 

A typical transportation network can be represented by a graph model, G={V, E}, 
where V={vi} and E={eij} denote the node set and link set, respectively. The primary 
function of the transportation network is to accommodate traffic demand, expressed 
as Q={qij}, which defines the flow between origin-destination (OD) pairs. As illus-
trated in Figure 1, the proposed DNN-based seismic resilience assessment process 
follows a structured flow that breaks down the problem into manageable components: 

Network Decomposition.  
The transportation network is first divided into two primary components 
a) Network Topology: This includes the structure of the network, such as nodes 

(intersections, terminals) and edges (roads, bridges, etc.). The network topology is 
typically represented as a graph model where nodes are connected by edges. 

b) Traffic Demand Extraction (OD Sets): The origin-destination (OD) traffic de-
mand matrix reflects the demand between various pairs of locations before and after 
the earthquake. 

Estimating the Effects of Earthquakes on Link Properties and Traffic Demand. 
Link Property Evaluation: The physical properties of network components (such as 

roads, bridges, and intersections) are affected by seismic hazards. This includes as-
sessing damage to links, such as structural failure, road subsidence, or bridge col-
lapse, and how such damage impacts link capacity, travel times, and overall network 
connectivity. 

Traffic Demand Assessment: Earthquakes alter traffic flow by affecting road ca-
pacity, rerouting traffic, and modifying travel times. The post-disaster traffic demand 
is re-estimated based on these disruptions. 

Traffic Distribution and Assignment: The post-earthquake network performance is 
captured using traffic assignment models. The adjusted OD matrix is used to simulate 
how traffic demand is redistributed across the network, accounting for damaged links 
and changes in travel times. This assignment can be done using User Equilibrium 
(UE) or System Optimal (SO) methods, which predict the flow of traffic given the 
constraints of the damaged network. 

Post-Disaster Emergency Functionality: Once the traffic distribution and assign-
ment are completed, the post-disaster emergency functionality of the transportation 
network can be assessed. This involves evaluating the accessibility and connectivity 
of critical routes, determining the effectiveness of rerouted traffic, and identifying 
bottlenecks that may impede emergency response efforts. 

Emergency Resilience Evolution: Emergency resilience evolution is a process of 
continuously evaluating the recovery potential and ability of the network to function 
under increasing levels of disruption. This is done by analyzing the network’s perfor-



 

           73Real-time Seismic Emergency Resilience Assessment and …  

mance over time, considering recovery strategies and interventions, and tracking how 
the network’s resilience evolves. 

A well-structured transportation network database is designed to support deep 
learning-based seismic resilience assessment by integrating diverse attributes essential 
for modeling transportation networks under seismic hazards. By iterating through the 
forward steps, a comprehensive dataset can be generated, encompassing network 
topology (node and edge characteristics, road types, and connectivity), seismic effects 
on link properties (damage states of roads, bridges, and intersections), traffic demand 
adjustments (modifications in origin-destination matrices due to disruptions), traffic 
distribution and assignment (post-earthquake traffic flow redistribution), and emer-
gency resilience evolution (temporal changes in network performance and recovery 
strategies). This dataset serves as both the training set and test set for the DNN model, 
ensuring extensive coverage of various seismic scenarios and network conditions. The 
database enables efficient feature extraction and scalable learning, making it a valua-
ble foundation for real-time seismic resilience assessment and decision-making. 

 

Fig. 1. Framework for seismic emergency resilience assessment of transportation networks 
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2.2 DNN Surrogate Development 

To overcome the computational challenges of traditional simulation-based seismic 
resilience assessment, a DNN surrogate model is developed to capture the
relationships between the transportation network characteristics and its emergency 
resilience. By integrating key attributes—such as network topology, seismic effects 
on links’ properties, and traffic flow dynamics—the model enables real-time, data-
driven resilience assessments for emergency response applications. Leveraging graph-
based network representation and deep learning, the approach generalizes across 
diverse transportation network configurations and seismic hazard scenarios. Training 
on a comprehensive dataset of earthquake-induced disruptions ensures accurate 
predictions without the need for explicit numerical simulations. Additionally, by 
incorporating topology, link’s residual functionalities, and traffic demand shifts, the 
model captures critical resilience indicators, making it a valuable tool for real-time 
assessment, optimized recovery planning, and adaptive traffic management in post-
disaster scenarios. 

Mathematically, the DNN learns a function ( , )f=y x θ  that maps input features x 
(links’ properties and OD traffic demands) to resilience outcomes y (traffic flow 
across the network). The hyperparameters ( θ ) will be iteratively updated using 
supervised learning with historical seismic simulation data during the training process 
during the training process. The optimization follows a gradient-based learning 
approach, where the model minimizes the chosen loss function by adjusting the 
parameters through backpropagation and stochastic gradient descent (SGD) with the 
Adam optimizer. To enhance generalization and prevent overfitting, additional 
regularization techniques such as dropout, batch normalization, and early stopping are 
applied. The model's performance is periodically evaluated on a validation set, 
ensuring that the learned representations generalize well beyond the training data. 
Once validated, the DNN surrogate is deployed for real-time seismic resilience 
assessment. 

2.3 Resilience Enhancement Recommendations 

Following an earthquake, the repair strategy for a transportation network is crucial for 
restoring emergency mobility. However, due to limited resources—such as repair 
funds, labor, and equipment—it is essential to optimize the repair sequence to maxim-
ize the speed of resilience recovery. The repair strategy set is defined as S={S1, S2, 
S3,…}. Each repair strategy Sk represents a specific repair measure, such as bridge 
reinforcement, road rehabilitation, or signal restoration. The decision-making process 
for resilience enhancement involves the following steps: 

Post-disaster emergency functionality assessment: Evaluate the post-earthquake 
functionality of the transportation networks based on the DNN-predicted results. 

Restoration Strategy Selection: Identify candidate strategies based on available re-
sources and repair feasibility. 

Resilience Impact Estimation: Simulate the effect of each strategy Sk on network 
recovery, as follows: 
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where t0 and th denote the occurrence time and duration of the earthquake, respective-
ly, with an associated intensity measure (IM), respectively. ( , , | )F IE V Q  and 

( ( , , | )F S IME) V Q  represent the emergency resilience values before and after applying 
the repair strategy Sk, respectively. They can be determined based on the network 
functionality ratio relative to the intact state, such as total system travel time. The 
higher the EI(Sk) value, the more effective the repair strategy Sk is in enhancing net-
work resilience. 

Optimization and Prioritization: based on the traffic information over the network, 
a multi-objective optimization problem can be formulated. The goal is to maximize 
network resilience while minimizing constrained repair resources and time. 

3 Applications and Discussions 

3.1 Case Study 

To demonstrate the applicability of the proposed methodology, a case study is con-
ducted on a transportation network in Colorado, USA, as shown in Figure 2. The se-
lected network consists of 12 major interconnected regions, represented as nodes, and 
20 road links connecting them. To account for variations in road infrastructure, the 
road links are revised into two-lane, four-lane, six-lane, and eight-lane configurations. 
Each lane has a traffic capacity of 220 passenger car units per hour (pch/h), with a 
free-flow speed of 80 km/h. 

 

Fig. 2. Schematic layout of the transportation network in Colorado, USA 

To simulate post-earthquake disruptions, the Monte Carlo simulation method is 
employed. The road capacity is randomly assigned between 10% and 100% of its 
intact state, capturing the probabilistic nature of seismic damage. They can reflect the 
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impact of traffic restrictions imposed on roads after an earthquake. A total of 104 
transportation network samples are generated, each representing different post-
earthquake scenarios. The emergency resilience of each network sample is evaluated 
using the proposed methodology, forming a comprehensive dataset for further analy-
sis and model training. 

3.2 DNN-based Surrogate Development 

To facilitate model training and validation, the dataset consisting of 10,000 transpor-
tation network samples is randomly split into a training set (80%) and a testing set 
(20%). This ensures that the DNN learns patterns from a diverse range of earthquake-
induced scenarios while maintaining an independent dataset for evaluation. The de-
signed DNN model consists of multiple fully connected layers: (1) Input Layer (32 
neurons): 12 neurons representing traffic demand attributes for the 12 nodes in the 
network. 20 neurons representing the traffic capacity attributes for the 20 road links in 
the network; (2) Hidden Layers: layer 1: 254 neurons, layer 2: 128 neurons, layer 3: 
64 neurons; (3) Output Layer (40 neurons): 20 neurons representing the predicted 
traffic flow for each road link, 20 neurons representing the free-flow speed for each 
road link. The DNN architecture (32-254-128-64-40) is trained using the Adam opti-
mizer with a learning rate of 0.001, minimizing the mean squared error (MSE) loss 
function. ReLU activation functions are applied to all hidden layers to introduce non-
linearity, and training is performed in mini-batches of size 64 for 200 epochs to en-
sure stable convergence. A validation set (20% of training data) monitors overfitting 
during training. Finally, the model is evaluated on the test set (2,000 samples) using 
mean absolute error (MAE) and R² score to assess its predictive accuracy and general-
ization performance. 

Based on the training results, the DNN model can directly predict resilience 
indicators with high accuracy. Figure 3 presents the predicted total system travel time 
(TSTT) resilience and network congestion resilience (NC) indicators, demonstrating a 
strong agreement with the ground truth values. In Figure 3(a), the mean absolute error 
(MAE) for TSTT resilience prediction is 0.023 for the training set and 0.022 for the 
test set, indicating that the model is well-trained and generalizes effectively. 
Similarly, in Figure 3(b), the congestion resilience prediction achieves MAE values of 
0.012 (training set) and 0.013 (test set), further validating the model’s precision. The 
low error rates in both indicators confirm that the DNN-based surrogate model 
accurately captures the impact of seismic damage on transportation network 
performance and effectively estimates resilience evolution. 

Notably, while a single numerical simulation requires 13.2 seconds, the DNN 
model achieves the same prediction in just 0.05 seconds, representing a significant 
improvement in computational efficiency. This acceleration is particularly
advantageous for scenarios requiring large-scale Monte Carlo simulations, making the 
proposed method highly suitable for rapid seismic resilience assessments. 
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(a) Total system travel time resilience indicator 

 

(b) Network congestion resilience indicator 

Fig. 3. Comparison of the numerical and DNN-predicted emergency resilience results of the 
case study 

4 Conclusions 

This study presents a real-time seismic emergency resilience assessment and decision-
making framework for transportation networks using deep learning techniques. By 
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replacing traditional Monte Carlo-based simulation methods, the proposed approach 
achieves accurate computational results while significantly enhancing computational 
efficiency. Based on model predictions, resilience enhancement strategies are 
proposed to optimize post-earthquake recovery efforts. The findings contribute to the 
development of data-driven decision-making frameworks for disaster management, 
offering valuable insights into strengthening transportation networks against seismic 
disruptions. The proposed strategies can be practically implemented by integrating 
them into transportation management and emergency response systems. The DNN-
based model can be used for real-time seismic resilience assessment, helping 
authorities quickly evaluate post-earthquake network performance and identify 
critical disruptions. Additionally, the model supports optimized recovery planning by 
prioritizing repair strategies based on their impact on network resilience, ensuring 
efficient allocation of limited resources. It can also be incorporated into intelligent 
traffic management systems, dynamically adjusting traffic flow and rerouting 
strategies to maintain connectivity and support emergency response efforts. 

Future research will explore advanced AI algorithms that better capture the 
structural characteristics of transportation networks, such as graph neural networks 
(GNNs), to further improve prediction accuracy and resilience assessment.
Additionally, incorporating real-time traffic data and adaptive recovery strategies will 
enhance the model’s applicability to large-scale networks and dynamic disaster 
response scenarios. 
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