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Abstract: 

Urban pathways play a critical role in the functionality and safety of cities, especially during 

and after seismic events. Earthquakes, by their very nature, pose significant risks to urban 

infrastructure, often resulting in the collapse of buildings and the subsequent blockage of roads 

and pathways. The resilience of these urban pathways is crucial for ensuring that emergency 

services can reach affected areas, that evacuation routes remain open, and that the city can 

recover quickly from the disaster. This paper explores the seismic resilience of urban pathways, 

focusing on the challenges posed by building debris and the strategies needed to mitigate these 

risks. Understanding and enhancing the resilience of these pathways is crucial for decreasing 

the impact of earthquake on populations and infrastructure. In network restoration planning, 

various uncertainties have been accounted for by probabilistic models to calculate the average 

of pathways recovery time. To evaluate network performance after an earthquake, a network 

functionality index has been suggested. A Simulated Annealing-based framework is developed 

to maximize resilience. The optimization algorithm gives the maximum amount of needed 

resources and the optimal order of network recovery. The suggested approach is applied to 

Region 2 of the Tehran metropolitan area. According to the optimization results, the 10 

resources can unblock the transportation network within predefined goal times. Also, the 

findings show that as the amount of resources increases, the influence of resources on decreasing 

network completion time diminishes. 

D

D 

1. Introduction 

In urban environments, the resilience of transportation 

networks is crucial for ensuring a prompt response and 

recovery in the aftermath of seismic events. Earthquakes can 

lead to the collapse of buildings, resulting in the blockage of 

roads and hindering emergency response efforts, evacuation 

procedures, and post-disaster recovery. Understanding the 

mechanism of urban road obstruction caused by falling 

building debris and devising effective strategies for restoring 

transportation networks are imperative for mitigating the 

impact of earthquakes on urban communities. 

Many instances of roadside structure collapses causing route 

obstructions during previous large earthquakes have been 

documented [1].  

The primary cause of post-earthquake traffic blockage in 
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metropolitan areas is the collapse of buildings near the paths 

[2], which may greatly impact the speed of emergency 

services responses [3]. Therefore, the prediction of road 

blockage resulting from building collapses during 

earthquakes is a critical step in disaster preparedness and 

response planning. By accurately forecasting the areas most 

likely to be affected by road blockages, emergency 

responders can strategize their efforts  and allocate resources 

efficiently, potentially saving lives and minimizing 

disruptions to essential services. 

Establishing an emergency restoration strategy and 

forecasting the state of the road obstruction caused by 

building collapses are challenging due to uncertainty. This 

work uses probabilistic models to address this issue, 

explicitly accounting for various uncertainties such as 

earthquake magnitude, rupture locations of fault, seismic 

intensity, building damage, debris width, blockage 

conditions, debris volume, and the uncertainty in debris 

evacuation rates. 

RESEARCH PAPER 
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There is limited research on traffic blockages caused by 

falling building debris after an earthquake. Existing research 

does not address network recovery after the blockage; 

instead, it only predicts the route "vulnerability" [4,5], 

"blockage probability" [6,7], or "network performance 

degradation" [8,9] due to falling building debris. 

Only theoretical models have been developed for network 

recovery planning in certain Operations Research studies. 

These models were created employing Graph Theory [10–

12] and Linear Programming Methods [13–16], usually 

without doing a comprehensive obstruction assessment and 

with hypothetical recovery times. Network blockage 

evaluation and network recovery strategy must be taken into 

account continuously in an exhaustive framework since this 

has not been done in the literature. Predicting the quantity of 

debris and the time needed to clear each obstructed route is 

necessary to offer network restoration plans. Since system 

recovery planning is the objective, "restoration time" has to 

be calculated. Using the mean value of debris volume and 

debris removal rate, we compute the mean recovery time for 

every route in this study. Within our technique, the 

anticipated values of the critical reconnection time courses 

feed an optimization algorithm that determines the necessary 

resources and the best order of recovery activities. 

The main objective of the research is to fill the gap 

between i) anticipating transportation network obstruction, 

ii) optimizing resource allocation for network recovery 

planning, and iii) maximizing network resilience in the 

medical reaction stage.  

The remaining sections of the study are organized as 

follows: Section 2 outlines the definition of the Resilience 

Factor. Section 3 describes the interdependent probabilistic 

models to predict  the mean time to evacuate a blocked route.  

In Section 4 the emergency functionality index of the 

network is proposed. Section 5 develops an algorithm to 

solve the optimization model. Section 6 provides a case 

study, and section 7 is the conclusion of this study . 

2. Resilience Factor 

In past years, the notion of resilience has emerged as a 

pivotal concept in various fields, ranging from disaster 

management to organizational psychology  [17]. One of the 

seminal contributions to this discourse comes from Bruneau 

et al. [18], whose definition of seismic resilience provides an 

exhaustive basis for conceptualizing resilience in the face of 

seismic events.  As outlined in the concept by Bruneau et al. 

[18], seismic resilience is the capacity of the system to return 

to normal performance in the shortest possible time. Key 

aspects include robustness, resourcefulness, redundancy, 

and rapidity to guarantee the system can withstand and 

quickly restore from seismic events [19,20]. Robustness: 

This dimension focuses on the system's capability to 

withstand extreme events. It evaluates the structure and 

infrastructure stability, as well as the resilience of social and 

economic systems. A robust system can resist damage and 

maintain functionality even when faced with significant 

stressors. 

Rapidity: rapidity  refers to the speed and efficiency of the 

restoration process following a seismic event. It assesses 

how quickly essential services can be restored, damaged 

infrastructure repaired, and disrupted activities resumed. A 

rapid response is crucial for minimizing the impact of 

disasters and facilitating swift recovery. 

Resourcefulness: resourcefulness highlights the ability to 

mobilize and allocate resources effectively for system 

restoration. This dimension evaluates the availability of 

financial, human, and material resources, as well as the 

efficiency of resource management mechanisms. 

Resourcefulness ensures that necessary resources are 

promptly deployed to support recovery efforts and address 

critical needs. 

Redundancy: redundancy pertains to the presence of 

alternative or backup systems/components that can fulfill 

essential functions during extreme events. It assesses the 

degree of redundancy built into infrastructure, systems, and 

processes to ensure continuity of operations in the face of 

disruptions. Redundancy minimizes vulnerabilities by 

providing fallback options and enhancing system resilience. 

Various analytical relationships have been introduced for 

quantifying resilience  [21-23]. A well-known quantitative 

resilience indicator that is generated from the functionality 

recovery trajectory is used in this investigation [24,25]. Eq. 

(1) presents the seismic resilience index (RI) derived from 

the functionality-time curve: 

𝑅𝑒𝑠𝑖𝑙𝑖𝑒𝑛𝑐𝑒 =
∫ 𝑄(𝑡)𝑑𝑡
𝑡𝑓+𝑇𝑅𝐸
𝑡0

𝑇𝑅𝐸
   (1) 

Q (t) denotes the network functionality that is reliant on 

time, the beginning moment of network restoration is 

indicated by 𝑡0, 𝑡𝑓 + 𝑇𝑅𝐸  signifies the finishing moment of 

restoration, and 𝑇𝑅𝐸  is the restoration period, as illustrated in 

Figure 1. 

 

Fig. 1: Diagrammatic depiction of resilience. 
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3. Probabilistic Models 

The probabilistic models method has been utilized to 

characterize resilience evaluation uncertainties. Mahsuli and 

Haukaas initially introduced the probabilistic model's 

procedure in earthquake risk evaluation using reliability 

techniques [26]. Using the mentioned approach, every 

source of uncertainty is simulated  as a separate random 

variable. The advantage of the probabilistic models 

approach is that random variables explicitly model sources 

of uncertainty unlike implicit modeling of uncertainty 

through conditional probability models [27]. 

 Probabilistic models such as Magnitude, Rupture Location, 

Intensity, Damage, Debris, Blockage, and Evacuation 

models have been used in this article. Figure 2 illustrates the 

flowchart  of probabilistic models. Random parameters are 

input into the models, each of which generates an array of 

outputs which are then used as inputs for the subsequent 

model. Below is a brief overview of the probabilistic 

models, which are described in detail in our recent studies 

[28,29]. The parameters of the probabilistic models in Fig. 2 

are explained in Table 1. 

3.1. Magnitude model: Takes into account the maximum 

magnitude ( 𝑀𝑚𝑎𝑥) that a particular fault is capable of 

producing, depicting the most severe potential outcome. 

3.2. Location model: Calculates the hypocentral distance 

(𝑅ℎ𝑦𝑝𝑜) to different building locations based on the 

assumption that the rupture point distributes evenly along 

the fault zone. 

3.3. Intensity Model: Takes magnitude and hypocenter 

distance as inputs and calculates PGA at the place of every 

structure. The basis of the intensity model is the attenuation 

equation for Iran developed by Darzi et al. [30].  

3.4. Damage model: The damage index (DI) is the model's 

output, and its input parameters are PGA and the structural 

characteristics of the structure. Fallah Tafti et al. [31] 

established fragility curves for common Iranian structures 

that provide the damage model's basis. The damage factor is 

classified into five categories and varies between 0 and 4. 

Damage indices that are passed on to the subsequent model 

are those associated with complete collapse (ranging from 3 

to 4). 

3.5. Debris model: Employing the Argyroudis-developed 

debris expansion [4], [9], [32,33], this model forecasts the 

debris width (𝑤𝑑) for a collapsed structure. 

3.6. Blockage Model:  Three types of obstruction are 

distinguished by this model: non-blockage, minor blockage, 

and complete blockage (See Ref. [28] for detailed 

information) and this model estimates mean debris volume 

(𝐸(𝑉𝑑
𝑝
) that needs to be eliminated to open the blocked path.  

3.7. Evacuation Model: The mean time to evacuate a 

blocked route is computed using the Eq. (2): 

𝐸(𝑡𝐸
𝑝
) = (debris volume removing rate⁄ )  (2) 

                       Fig. 2: Probabilistic models flowchart used for calculating the mean of required time to clear a blocked route. 
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Table 1: Explanation of the parameters of probabilistic models in Fig. 2. 

   Symbol Description Parameter type 

𝝁𝑴 & 𝝈𝑴  Mean and standard deviation of maximum magnitude, respectively Constant 

𝑴𝒎𝒂𝒙 Maximum magnitude Random 

𝜽 Fault location coordinates Constant 

𝜹 Dip angle of the fault Constant 

∆𝒁𝑶𝑻 Depth to top of the fault Constant 

𝑹𝒉𝒚𝒑 Hypocentral distance Model response 

𝑽𝒔 Shear wave velocities at building locations Constant 

𝑺𝑶𝑭 Style-of-faulting mechanism Constant 

𝜺 Model error term Random 

𝑷𝑮𝑨𝒋 Peak ground acceleration at the jth building site Model response 

𝑴𝒋 Building j Material Constant 

𝑯𝒋 Building j Height Constant 

𝒀𝒋 Building j Year built Constant 

𝑫𝑰𝒋 Building  j Damage Index Model response 

𝝓𝒋 Building j collapse angle Random 

𝑲𝒗𝒋 Building j volume reduction coefficient Random 

𝒘𝒋 Building j width Constant 

𝒘𝒅𝒋 Building j debris width Model response 

𝒘𝒑𝒋 Width of the p-th path in front of the j-th building Constant 

𝒘𝒔𝒋 Building j-th to path distance Constant 

𝒘𝒎𝒋 Middle width of path in front of the j-th building Constant 

𝒘𝑬 Width required for emergency vehicles passage Constant 

𝑳𝒃𝒋 Length of the j-th building (dimension parallel to the path) Constant 

𝑬(𝑽𝒅
𝒑
) Expected value of p-th path emergency debris volume Model response 

𝝁𝑹𝒅  & 𝝈𝑹𝒅 Mean and standard deviation of resource removing rate, respectively Constant 

𝑬(𝒕𝑬
𝒑
) Expected value of p-th path emergency debris evacuation time Model response 

4. Network functionality 
The blockage of paths can severely disrupt the flow of 

emergency services, the transportation of essential goods, 

and the overall response to emergency situations. Therefore, 

assessing and improving the performance of networks under 

emergency conditions after an earthquake is a critical 

necessity. Eq. (3) characterizes the critical functionality of 

the transportation network: 

𝑄(𝑡) =
[∑ ∑ 𝛿𝑏𝑎

𝑡 × 𝜔𝑏 × (𝑁𝐸𝐷𝑏) × 𝜔𝑎 × (𝑁𝐸𝐷𝑎)
𝐵
𝑎=𝑏+1

𝐵−1
𝑏=1 ]𝑡

[∑ ∑ 𝛿𝑏𝑎 × 𝜔𝑏 × (𝑁𝐸𝐷𝑏) × 𝜔𝑎 × (𝑁𝐸𝐷𝑎)
𝐵
𝑎=𝑏+1

𝐵−1
𝑏=1 ]𝑇𝑚𝑎𝑥 

 

(3) 

𝑄(𝑡): Network functionality such that 𝑄(𝑇𝑚𝑎𝑥) = 1 

𝑎 = [1,2, … , 𝑏, … , 𝐵]: The array of nodes 

𝛿𝑎𝑏 = 1 When node 𝑏 and node 𝑎 are linked, otherwise 

𝛿𝑎𝑏 = 0 

𝑇𝑚𝑎𝑥: Network recovery completion time 

𝜔𝑎: Distance weight of node 𝑎 

𝑁𝐸𝐷𝑎: Emergency demand of node 𝑎 

𝜔𝑎 is computed based on the shortest distance from node 𝑎 

to the closest urgent node (i. e.  min {disE1−a,

disE2−a,  disE3−a ,    ⋯     disEe−a}) by Equation (4): 

 𝜔𝑎 =
𝜑𝑎

∑ 𝜑𝑎
𝐴
𝑎=1

  

𝜑𝑎 =
1

min {𝑑𝑖𝑠𝐸1−𝑎, 𝑑𝑖𝑠𝐸2−𝑎,  𝑑𝑖𝑠𝐸3−𝑎 ,    ⋯     𝑑𝑖𝑠𝐸𝑒−𝑎}
 

(4) 

Where   𝐸 = {𝐸1, 𝐸2, ⋯ 𝐸𝑒} is the array of critical nodes in 

study area. 

Normalized emergency demand of node 𝑎, 𝑁𝐸𝐷𝑎, is 

determined by the emergency demand in the district. 

The assumption is that the need for emergency aid  in a 

district is linked to the level of building damage and the 

population size of the district. Equation (5) assesses the 

overall emergency demand of the district instead of focusing 

on the damage to individual buildings. 

(𝐷𝐸𝐷𝑑) ∝ (∑ 𝜌𝑏𝑡 × 𝐷𝐼𝑏𝑡 |

𝐵𝑇

𝑏𝑡=1

𝑃𝐺𝐴(𝑑𝑖𝑠𝑡𝑟𝑖𝑐𝑡 𝑐𝑒𝑛𝑡𝑒𝑟 ))

𝑑

× (𝑃𝑜𝑃)𝑑 

(5) 
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𝐷𝐸𝐷𝑑: The need of d-th district for emergency aid 

𝜌𝑏𝑡 : The proportion for every specific building type within 

district 

𝐷𝐼𝑏𝑡: The damage index for the building type (bt) 

(𝑃𝑜𝑃)𝑑: The district's (d-th) population 

Equation (6) converts district emergency demand into nodal 

emergency demand, as shown below: 

𝑁𝐸𝐷𝑎 =∑
 (𝐷𝐸𝐷𝑑)

𝑁𝑑

𝐷

𝑑

      (6) 

𝑁𝐸𝐷𝑎: The u-th node's emergency the demand 

𝑁𝑑: The whole node count in the vicinity of district (d) 

D: The quantity of districts that are linked to node u 

5. Optimization of network restoration 

The goal of optimization is to identify the quantity of 

resources needed during the medical response stage, 

determine the most efficient order of routes unblocking, and 

calculate the time that each task should begin and end. The 

optimization approach, outlined in the flowchart of Figure 3, 

is developed using the Simulated Annealing (SA) algorithm.  

The decision variables in this study include the number of 

required resources (Rmax), the optimal task sequence for 

each resource (χ(r)), the start and finish times of each task 

(ST(r), FT(r)), and the prioritized pathways for restoration 

to optimize network resilience and minimize network total 

restoration time. 

The optimization constraints and assumptions are: 

1) The restoration operation starts from the emergency node.  

2) The operation is carried out by a limited number of 

resources and each resource can handle one blocked road in 

a moment. 3) The travel times of resources between 

restoration tasks are ignored because restoration times are 

much longer than travel times. 4) The resource units cannot 

traverse debris-blocked roads, i.e., for a resource to reach a 

debris-blocked edge; there needs to be a cleared path to the 

path from the resource's current location. In other words, a 

task can start when all the predecessors have already been 

done.  A brief explanation of each step in the optimization 

flowchart is given in Figure 3. 

Step 1: Information on the emergency stage and the 

topology of the network is acquired, and the optimization 

process receives input from probabilistic models. 

Step 2: A shortest path tree (SPT) is generated using the 

emergency nodes as the reference points, and the restoration 

efforts are organized into three priority levels. The 

emergency shortest path tree (ESPT) constitutes a subset of 

the graph that includes all emergency nodes, characterized 

by the lowest weight and the fewest possible number of 

links. Dijkstra's approach [34] is used to generate the ESPT, 

and the edge weights, or pathways, are specified in Eq. (7): 

𝐿𝑊𝑎𝑏 =
1

𝜔𝑎 × 𝜔𝑏 × (𝑁𝐸𝐷𝑎) × (𝑁𝐸𝐷𝑏)
   (7) 

𝐿𝑊𝑎𝑏: The weight of the route between nodes a and b. 

Routes restoration is organized within three levels, guided 

by the ESPT. At the initial level, the ESTP paths with direct 

connections to urgent nodes should be reinstated. In the next 

stage, the remaining routes of the ESPT are restored, and at 

the final level, the recovery of the rest of the network's paths 

must be done. The recovery in three levels creates what is 

known as predecessor array, referred to as 'Pred List' or (PL) 

in Figure 3. The PL dictates that  an obstructed route must be 

reinstated just after all its preceding paths are unblocked. 

Step 3: Random order for restoring the obstructed route is 

created and represented as the (q). 

Step 4: Using the PL along with a repair mechanism, the (q) 

is converted to a feasible sequence (p). 

Step 5: For the r-th  resource, the tasks (χ(r)) and their order, 

Starting Time (ST(r)) and Finishing Time (FT(r)) are 

defined . Resources are allocated based on constraints (8-12) 

as follows: 

∑(𝑈𝑅(𝑡) + 𝑅𝑅(𝑡))

𝑡

= 𝑅𝑚𝑎𝑥 (8) 

𝑡1𝑝 = 𝑆𝑇𝑝 ≥ 𝑚𝑎𝑥{𝐹𝑇𝑧|𝑧 ∈ 𝑃𝑟𝑒𝑑𝐿𝑖𝑠𝑡(𝑝)}   (9) 

𝑡2𝑝 = 𝑆𝑇𝑝 ≥ 𝑚𝑖𝑛{𝑡|(𝑅𝑅(𝑡 + 𝐸(𝑡𝐸
𝑝
)) ≥ 1}    (10) 

𝑆𝑇𝑝
𝑟 = max(𝑡1𝑝, 𝑡2𝑝) (11) 

𝐹𝑇𝑝
𝑟 = 𝑆𝑇𝑝

𝑟 + 𝐸(𝑡𝐸
𝑝
))   (12) 

UR: Utilized Resources 

RR: Remaining Resource  

Rmax: Maximum available resources  

𝑆𝑇𝑝:  p-th work start time  

𝑆𝑇𝑝
𝑟: p-th work of r-th resource start time  

𝐹𝑇𝑝
𝑟: p-th work of r-th resource finish time  

𝐸(𝑡𝐸
𝑝
)): mean of pth route unblocking duration. 

Constraint (8) states that the sum of the Used Resources 

(UR) and Remaining Resources (RR) is equal to the 

maximum available resources (𝑅𝑚𝑎𝑥), at any time. 

Constraint (9) satisfies the predecessor time relations and 

states that the start time of the p-th task (𝑆𝑇𝑝) must be greater 

than all its predecessor tasks' finish time (𝐹𝑇𝑧).  Constraint 

(10) gives the first time that the resource is available to start 

and finish the p-th  task. In Constraint (10), 𝐸(𝑡𝐸
𝑝
) represents 

the duration of the p-th  task according to Section 3.7. Start 

time for the p-th  task of the r-th  resource (𝑆𝑇𝑝
𝑟) and its 

corresponding finish time is determined by Equations (11) 

and (12). 
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Fig. 3: Flowchart of the proposed algorithm utilizing the Simulated Annealing method.
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Step 6: For each resource, a stepwise functionality curve is 

created and the loss of resilience (S'(r)) is computed. 

Step 7: The objective function of this study, as outlined in 

Equation (13), is to minimize the total network restoration 

time (Tmax) and resilience loss, S' (r). It can be achieved by 

optimizing resource allocation and task sequencing. 

𝑍 = 𝑚𝑖𝑛 [𝑐. 𝑇𝑚𝑎𝑥 + (1 − 𝑐) ∑ (1 × 𝑇𝑟 − 𝑆(𝑟))
⏞          

𝑆′(𝑟)𝑅𝑚𝑎𝑥

𝑟=1

] (13) 

𝑇𝑚𝑎𝑥 = 𝑚𝑎𝑥{𝑇𝑟|𝑟 = 1…𝑅𝑚𝑎𝑥} 

𝑐 ∈ [0,1]: Weighting factor 

𝑆′(𝑟): Resilience loss area for r-th resource 

Steps 8 and 9: A new solution, denoted as (𝑃𝑛𝑒𝑤), is 

created, and its associated cost is calculated using Equation 

(13). This new solution is generated through the use of three 

different techniques: (a) Swap, (b) Reversion, and (c) 

Insertion. If 𝑍(𝑃𝑛𝑒𝑤) < 𝑍(𝑃), then 𝑃𝑛𝑒𝑤  is immediately 

selected as the best candidate for restoration order. If  

𝑍(𝑃𝑛𝑒𝑤) > 𝑍(𝑃), then 𝑃𝑛𝑒𝑤  is evaluated using an alternative 

acceptance criterion based on the Boltzmann probability 

distribution, as described in Eq. (14): 

𝑝(∆𝑍) = 𝑒
𝑍(𝑃)−𝑍(𝑃𝑛𝑒𝑤)

𝑇𝑒𝑚𝑝  (14) 

𝑇𝑒𝑚𝑝: The heat in the refrigeration process 

The 𝑃𝑛𝑒𝑤   is considered the optimal one if 𝑝(∆𝑍) exceeds a 

randomly generated number between 0 and 1. 

Step10: The iterative process is concluded when the change 

between two successive iterations, denoted as 𝛿𝑒, meets a 

predefined threshold, serving as the termination criterion 

0 < 𝛿𝑒 < 0.01. 

Step11: Two goals have been established for recovery: 

TargetTime 1 focuses on recovering the ESPT, while 

TargetTime 2 aims to restore the network completely. 

The requirements of Eq. (15) must be satisfied in order to 

determine the number of resources needed for recovery: 

𝑇𝐸𝑠𝑝𝑡 < 𝑇𝑎𝑟𝑔𝑒𝑡𝑇𝑖𝑚𝑒 1   &   𝑇𝑚𝑎𝑥 < 𝑇𝑎𝑟𝑔𝑒𝑡𝑇𝑖𝑚𝑒 2 (15) 

𝑇𝐸𝑠𝑝𝑡  : ESPT recovery time 

𝑇𝑚𝑎𝑥  : Total network recovery time 

Step 12: Step 12 provides the final results, which include the 

number of resources needed 𝑅𝑚𝑎𝑥, the best work order for 

every resource 𝝌(𝒓), and the starting time (ST(r)) and 

finishing time (FT(r)) of works. 

6. Case study 
Due to its position on numerous active fault lines, Tehran is 

considered one of Iran's seismically active areas.  North 

Tehran is among the main faults in this area, which have 

historically caused destructive earthquakes. These faults, 

driven by tectonic activities in the region, are prone to 

generating major earthquakes, posing significant risks to 

Tehran and its surrounding areas. Given the high population 

density and extensive construction in Tehran, the occurrence 

of severe earthquakes could result in substantial human and 

financial losses. Therefore, seismic resilience studies are of 

critical importance in this city. For this research, Region 2 

of Tehran has been chosen as the focus of the case study with 
a population of 620,000. Figure 4 provides a detailed view 

of the route network analyzed in this research. As illustrated 

in Figure 4(a), this area contains a total of six hospitals. 
according to Figure 4(b), there are 33 districts, 51 nodes, and 

81 pathways in the route network. In Figure 4(b), the road 

numbering is represented by yellow boxes, nodes by blue 

loops, and district numbering by the loop inside every 

district. 

 
(4a) 
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(4b)                                      (4c)   

Fig. 4: (a) Tehran's Region 2, featuring six hospitals designated as 

urgent nodes, (b) the network configuration, (c) a close-up view 

of path 81. 

6.1. Probabilistic Models Calibration 

As outlined in the flowchart in Figure 3, this part uses 

probabilistic models to determine the mean time for the 

opening pathways. The fundamental inputs required for 

fine-tuning probabilistic models include seismic source 

information, building characteristics, and the geometric 

dimensions of each path. The North Tehran fault has been 

determined as the seismic source affecting the road network; 

Figure 5 shows the geometry of the fault line. 

 

Fig. 5: The linear fault's geographic location. 

Figure 6 classifies the structures in the study region 

according to their elevations. The input parameters of the 

probabilistic models outlined in Section 3 need to be 

specifically adjusted for the study region. Table 2 

summarizes the values of the probabilistic models’ 

parameters. In Table 2, the mean values of normal and log-

normal parameters are taken from the given references. 

 
(6a) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

                                                                             (6b) 

Fig. 6: (a) Building classification by height  model, (b) a close-up 

view of path 81 and roadside structures. 
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Table 2: Parameters of probabilistic models for the case study 

area. 

Symbol Characteristics 

𝑀𝑚𝑎𝑥 Log Normal(7.2,0.2), [35] 

∆𝑧𝑜𝑡 2 km, [35] 

𝛿° 75°, [35] 

𝑉𝑠 375-750 m/s )soil type II( 

𝐹𝑆𝑂𝐹 Reverse, [35] 

ε Normal (0, 0.259), [30] 

𝜙 Log 𝑁𝑜𝑟𝑚𝑎𝑙 (45°, 15°), [9] 

𝑘𝑣 Log 𝑁𝑜𝑟𝑚𝑎𝑙 (0.5,15), [9] 

𝛾𝑣 1.1 

𝑅𝑑 Log Normal (250,50) 
𝑚3

ℎ𝑟
 , [36] 

As shown in Table 2, a lognormal distribution has been 

considered for the path-opening rate of a resource (𝑅𝑑) with 

a mean of 250 
𝑚3

ℎ
 and a standard deviation of 50 

𝑚3

ℎ
 [36]. A 

thorough examination is necessary to identify the makeup of 

a resource unit (or an emergency response team), 

encompassing the quantity of personnel, equipment, and 

materials. To reduce relevant uncertainty, a specific crisis 

management organization can evaluate the path-opening rate 

capacity of its available resources (in the preparation stage) 

and change the mean and standard deviation following the 

capacity of its own resources. 

 

 

Fig. 7: Values of (𝜔). 

Fig. 8: Values of (𝜌𝑏𝑡).
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6.2. Optimizing the recovery of network 

This research examines the maximum potential magnitude 

that the North Tehran fault could produce, specifically 

𝑀𝑚𝑎𝑥  =  7.2, as outlined in Table 2. According to the 

optimization process illustrated in Figure 3, step (1) requires 

calculating the (ω) and (NED) for the nodes, respectively. 
Figure 7 presents (ω) value for each node, computed as 

described in Section 4.   

In order to calculate NED using Equations (5) and (6), it's 

essential to identify the percentage of each structure type in 

every district  (𝜌𝑏𝑡) and determine the population of that 

district (𝑃𝑜𝑃)𝑑. Figure 8 shows the value of 𝜌𝑏𝑡, and 

Figures 9 and 10 display the population count for each 

district and the categorization of population blocks 

respectively. Figure 11 demonstrates the NED values for the 

nodes. 

 

 

                  

 

Fig. 10: Population block categorization within the study region. 

 

Fig. 9: Values of (𝑃𝑜𝑃)𝑑. 
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Fig. 11: The values of 𝑁𝐸𝐷. 

 

Fig.12: The mean of unblocking duration for routes 𝐸(𝑡𝐸
𝑝
). 

As outlined in step (2) of Figure 3, the ESPT that includes 

urgent nodes should be identified to create the PL for 

network recovery. The ESPT obtained using the Dijkstra 

method and edge weights from Equation (7) is shown in 

Figure 13. There are three different levels involved in the 

network recovery procedure, as shown in Figure 13. In the 

initial level (highlighted in red), the routes of the ESPT that 

are linked to the urgent nodes should be opened. The 

remaining ESPT segments are reinserted in the second level, 

and the residue of routes is opened in the third level. 

Table 3 lists the precise tuning parameters used during the 

optimization process, and Figure 14 shows the 

optimization's outcomes. 

As shown in Figure 14(c), when 10 resources are available 

(𝑅𝑚𝑎𝑥  =  10), the values for 𝑇𝑠𝑝𝑡 and 𝑇𝑚𝑎𝑥  are 79 hours and 

118 hours, respectively. Both of these times are shorter than 

Target Times 1 = 80h and Target Times 2 = 120h. Thus, 

using 10 resources (𝑅𝑚𝑎𝑥  =  10) satisfies the resilience 

aim. 
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Fig. 13: The ESPT that includes urgent nodes. 

Table 3: Parameters for optimization. 

Symbol Description value 

NB Number of blocked paths 55 

C 
The weighting factor of the cost 

function 
0.6 

(𝑻𝒆𝒎𝒑)𝟎 Initial temperature 10 

𝜶 
Temperature reduction 

coefficient 
0.98 

Target Time 1 
Time required to restore 

shortest-path tree 
80h 

Target Time 2 Total network restoration time 120h 

 

Figure 14(a) shows how resource units affect the network's 

performance. In other words, the contribution of each 

resource to the network's functioning by clearing obstructed 

pathways at time t is represented by 𝑄𝑟(𝑡) in the Figure 

14(a). At the end of the functionality curves, the sum of all 

functionalities has to equal1 − 𝑄0. The network's remaining 

functionality to obstructions is reflected in the term 𝑄0, 

which denotes its post-earthquake robustness. There are 26 

unobstructed pathways (paths with zero opening time),  

indicated in Figure 12, and the sum of their functions is 𝑄0 = 

0.154. Consequently, the total functionality at the end time 

must equal 1 − 𝑄0 = 0.846. 

Equivalent functionality profiles (𝑄𝑒(𝑡)) are produced and 

shown in Figure 15 to clearly assess the influence of 

resource amount on network resilience. The optimal 

functionalities at each moment in time are summed together 

to generate the 𝑄𝑒(𝑡). 
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(a) (b) 

 
(c) 

Fig.14: Network restoration optimization based on resilience (with 10 resources). (a) The functionality-time trajectories for network 

restoration and the optimal recovery, (b) Optimal cost with the number of function evaluations (NFE), (c) The optimal sequence for 

restoring blocked paths.

 
Fig. 15: Resilience of the network assessed through an equivalent functionality curve. 
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For every resource level, the functionality curves are set to 

reach a value of one at the end time (i.e. 𝑄𝑒(𝑇𝑚𝑎𝑥) = 1). 

This standardization facilitates a clear comparison of how 

varying numbers of resources affect the network's resilience 

and the optimal time for restoration. Figure 15 illustrates that 

with ten resources, network restoration is both quicker and 

more efficient, as shown by the resilience areas and 

completion duration  (Tmax). Figure 15 shows that as more 

resources are added, the variation in completion durations 

(dt) diminishes. For instance, using two resources shortens 

the completion duration by 590 hours in comparison to one 

resource (i.e. ∆𝑇𝑚𝑎𝑥,𝑅𝑚𝑎𝑥=1,2 = 𝑇𝑚𝑎𝑥,𝑅𝑚𝑎𝑥=1 −

𝑇𝑚𝑎𝑥,𝑅𝑚𝑎𝑥=2 = 1178 − 588 = 590ℎ), while adding a third 

resource further decreases the time by 194 hours in 

comparison to using two resources (i.e. ∆𝑇𝑚𝑎𝑥,𝑅𝑚𝑎𝑥=2,3 =

𝑇𝑚𝑎𝑥,𝑅𝑚𝑎𝑥=2 − 𝑇𝑚𝑎𝑥,𝑅𝑚𝑎𝑥=3 = 588 − 394 = 194ℎ). In the 

end, adding a tenth resource has only shortened the 

completion duration by 15 hours in comparison to using nine 

resources. Figure 16 presents curves depicting the 

completion duration ratio (
(𝑇𝑚𝑎𝑥)𝑅𝑚𝑎𝑥
(𝑇𝑚𝑎𝑥)𝑅𝑚𝑎𝑥=1

) and the resilience 

surface proportions(
𝑆𝑅𝑚𝑎𝑥

𝑆𝑅𝑚𝑎𝑥=1
), clearly showing the influence 

of resource amount on network recovery time.  
As can be seen in Figure 16, the completion time curve has 

converged at 0.1, indicating that the reduction in network 

restoration time is not significantly affected by adding more 

than 10 resources. As the result,  as more resources are added, 

the variation in maximum completion times diminishes.  In 

other words, the effectiveness of additional resources in 

shortening maximum completion times decreases. 

 
Fig. 16: The influence of the resources amount on recovery time and resilience area. 

7. Conclusion 

This study highlights the critical importance of seismic 

resilience in urban pathways, particularly in the context of 

building collapses following an earthquake. Through 

detailed analysis and modeling, we developed an optimized 

recovery plan that prioritizes the reopening of critical 

pathways to ensure rapid and effective emergency response. 

The proposed plan outlines the necessary resources and 

optimal sequence for debris removal and pathway 

restoration. Various probabilistic models were applied to 

simulate uncertainties in resilience assessments, including 

earthquake magnitude, epicenter location, structural 

damage, seismic intensity, debris, blockage, and evacuation. 
The mean of unblocking duration for every route serves as 

the ultimate outcome of probabilistic models. To optimize 

emergency resilience, a Simulated Annealing-based 

algorithm has been proposed. The proposed procedure  has 

been implemented in a case study involving a transportation 

network in the Region 2 of Tehran metropolis, consisting of 

51 nodes, 81 paths, and 6 emergency nodes. Desired 

durations for recovery have been set at 80 and 120 hours, 

respectively, and according to the calculations, ten resources 

are needed for network restoration. To investigate the 

influence of resource amount on network resilience, 

equivalent functionality curves have been developed. The 

equivalent curves demonstrated that using ten resources 

enables a rapid and efficient network recovery. It was shown 

that the impact of resource quantity on completion duration 

reduction diminishes with resource addition. The results 

indicate that the proposed methodology can be advantageous 

for optimizing emergency resilience and resource allocation 

in urban road networks. Our findings underscore that a 

proactive, well-coordinated recovery strategy significantly 

enhances the resilience of urban infrastructure, minimizing 

the disruption to emergency services and facilitating quicker 

recovery for affected communities. 
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