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1. Introduction

The increase in freight transportation intensity has changed the frequency and duration of traffic congestion 
in densely populated areas. To mitigate costs, transport systems are often configured to operate close to their 
capacity (Mattsson & Jenelius, 2015). Occasional disturbances in the road network (e.g. traffic accidents, traffic 
congestions, flooding) may lead to impacts over economic, social and environmental aspects, which are initially 
perceived by users as traffic congestions.

Indeed, contemporary governmental policies have focused on mobility and land use. Nonetheless, there are 
still negative externalities related to urban transportation, especially the intensification of individual motorized 
transport and the use of fossil-fueled vehicles, expanding traffic volume in the road network and greenhouse 
gas (GHG) emissions. Thus, travel demand has been upward at a highly statistically significant rate, imposing 
pressure on system´s capacity (Bevrani et al., 2017). This phenomenon has major implications on energy use 
and GHG emissions into the atmosphere (Lyons & Davidson, 2016).

Literature defines two types of traffic congestions: (1) recurring, whether it depends on traffic flows and density; 
and (2) non-recurring, when it is the result of external events, such as an traffic accident (Conca et al., 2016). 
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To create a robust and reliable transportation system, it is important to understand the mechanisms and 
interrelationships that can better engender disaster recovery, turning it more resilient to disturbances (Mattsson 
& Jenelius, 2015).

The assessment of road network vulnerability involves fundamentally: links disruptions or capacity reduction; 
and impacts on travel time and costs (Jenelius & Mattsson, 2012). Along these lines, there are methods in the 
literature that can be conducted, which are divided into two groups (Knoop et al., 2012). The first group contains 
the complete calculation methods, in which all links are disrupted, and the road network is scanned to find 
out which links are most critical in case of disasters. The second group uses pre-defined criteria for searching 
the most vulnerable links. In this approach, we first select links that are possibly vulnerable, based on specific 
characteristics (e.g. land use, topology, accessibility conditions, disasters historical). After that, a more detailed 
analysis is conducted by disrupting the selected links.

Adopting methods that fit into the second group is interesting from the point of view of network modeling, 
in order to reduce iterations when simulating the experiment (Goes & Bertoncini, 2016). It is possible to identify 
critical links of the road network in an indirect way. For road networks in densely populated areas, the use of 
these methods can lead to cost savings.

There are several studies that relate climate change to vulnerability of urban areas (Füssel & Klein, 2006; 
Althor et al., 2016; Davis & Vincent, 2017), however, usually the basic elements of analysis rely on adapting 
cities to sea level rise or flooding. In other words, studies involving the GHG emitted from traffic rearrangement 
after a random disturbance are scarce in the literature.

Considering these research gaps, this study aims to accounting for GHG from traffic rearrangement, using a 
network vulnerability framework. Specifically, we conduct a vulnerability assessment from a pre-defined criterion 
of risk (road-traffic crashes). Here, vulnerability is measured in terms of distance increase and CO2 equivalent 
emissions (CO2e).

To identify in the specialized literature which risk factors, metrics and methods are being used in vulnerability 
assessments, we conduct a systematic literature review on vulnerability, aiming to summarize the results of 
previous researches.

Apart from this introduction, this paper is divided into six sections. Section 2 discusses the concept of risk. 
Section 3 summarizes the systematic literature review. Section 4 discusses the procedure developed in this 
research to analyze the vulnerability of a road network. Section 5 shows the experiment and analyses results. 
Section 6 concludes the study and presents recommendations for future work.

2. Literature review

Risk estimative is based on the chances of a random event occurring and its consequences (Faturechi & 
Miller-Hooks, 2014). We opted to evaluate the risk of road-traffic crashes, developing a method based on the 
study of Haimes (1998), which is still pertinent to contemporary transport-related problems.

Thus, the expected value of risk is essentially the product of the consequences of each threat by the 
chances of occurrence. After that, we summarize all products in the universe of possible events. For each 
conceivable risk scenario, the assessment can be structured as a “triplet”: (1) scenario description; (2) probability; 
and (3) measurement of damage (Mattsson & Jenelius, 2015).

Here, consequences are related to socio-environmental and economic aspects. In relation to the probability 
and exposure to traffic accidents, literature points to crash prediction models that seek to measure the exposure 
to accidents in a particular link or intersection, using variables that can explain the risk exposure (Cardoso & 
Goldner, 2007).

On the other hand, vulnerability assessments consider the consequences on system performance after several 
links or nodes disruptions (Faturechi & Miller-Hooks, 2014). Therefore, the vulnerability of transportation network 
can be seen as a problem of reduced accessibility (Chen et al., 2007).

Impedances in transportation-related models consider variables of distance, monetary value etc. (Jenelius et al., 
2006), however, the use of travel time is the most widespread variable in vulnerability assessments. Literature 
suggests that changes in travel time have equivalent effects on trip cost (Altiparmak et al., 2006; Gen et al., 
2006; Taylor et al., 2006; Sullivan et al., 2010).

Regarding GHG emissions, there are several studies that calculate emissions from counties, but most focuses 
on aggregate amount of GHG emitted from the different activities that support city functioning (Romero-Lankao 
& Dodman, 2011). The approaches to estimate emissions from traffic varies across countries and usually depend 
on the country’s infrastructure and road network design.
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3. Method

Figure 1 illustrates the methodological steps to account carbon emissions from traffic accidents, evaluating 
the road network vulnerability. The procedure is focused on urban road networks with the presence of traffic 
congestions.

For aggregate results, studies conventionally adopt a top-down approach, which require the information 
of overall energy consumption from transport activities. In turn, to measure emissions using a disaggregated 
approach (bottom-up), it is important to consider the sum of all vehicles that are in use in a specific time 
interval (Brasil, 2014, 2016).

The use of disaggregated approaches for carbon emissions calculations provides a higher level of details, 
enhancing the analysis results. For this reason, we opted to use a bottom-up approach, described in the study 
of Intergovernmental Panel on Climate Change (2006) and applied in the study of Brasil (2014).

Considering these researches fields, we conducted a systematic review protocol to identify researches gaps in 
the literature regarding the use of road-traffic crashes risk and GHG emissions during the process of vulnerability 
assessment. The review protocol is based on the study of Thomé et al. (2016). The search was conducted in the 
Web of Science database, considering the following strings: “vulnerability” AND “transport*” OR “freight” AND 
(“exposure” OR “risk”), applied to the title, abstract and keywords over the last 10 years.

Studies related to vulnerability assessment, but not specifically to accessibility of transportation network, 
were not included. Hence, the selected studies were evaluated according to the criteria:

•	 Phenomenon: congestion, natural disaster, traffic accidents or closure;

•	 Scenario scale: urban or regional;

•	Metric: complete calculations (all links are disrupted); group of links (predefined criteria);

•	Method: Statistical analysis (parametric and non-parametric models, regression analysis and risk models); 
Probabilistic model (dynamic modeling and Bayesian networks); Theory of complex networks (e.g. graph theory) 
and Simulation (e.g. Monte Carlo);

•	 Environmental aspects: estimates emissions of GHG or atmospheric pollutants.

Table  1 summarizes the results. None of the studies addresses vulnerability under the scope of GHG 
emissions. One of the possible arguments is that when assessing the vulnerability most studies consider the 
adaptation perspective due to climate changes or recurrent disasters. Which means that few studies exploit the 
GHG mitigation from changes in traffic patterns.

Only two studies deal with the use of pre-defined criteria for searching the most vulnerable links. Moreover, 
only one article considers traffic accidents as a phenomenon responsible for link disruptions in vulnerability 
assessments but did not simulated the effects.

As a matter of fact, besides considering travel time and distance, this study also inserts GHG emissions derived 
from traffic rearrangement after a link disruption, which contributes to mitigation and adaptation policies at 
micro-and meso-scales. Table 1 summarizes the results.

Table 1. Review results.

Author Phenomenon Scale Metric Method
Environmental 

Aspects

Knoop et al. (2007) Closure Regional Full Calculation Methods Simulation -

Luathep et al. (2011) Congestion Urban Full Calculation Methods Complex Networks Theory -

Demirel et al. (2015) Natural disasters Regional Pre-defined criteria Simulation -

Ambituuni et al. (2015) Traffic accidents Regional Pre-defined criteria Probabilistic Modeling -

Kermanshah & Derrible (2016) Natural disasters Urban Travel Time Simulation -

Inanloo et al. (2016) Congestion Urban Travel Time Probabilistic Modeling -

Muriel-Villegas et al. (2016) Natural disasters Urban Travel Time Probabilistic Modeling -

Asadabadi & Miller-Hooks (2017) Natural disasters Urban Travel Time Probabilistic Modeling -

Thorisson & Lambert (2017) Traffic accidents Urban Travel Time Statistical Analysis -

Fialkoff et al. (2017) Congestion Regional Travel Time Statistical Analysis -
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The fundamental phases to account emissions from the perspective of vulnerability are: (1) Characterizing the 
transportation system and data collection; (2) Choosing data approach; (3) Risk estimative; and (4) Vulnerability 
assessment.

3.1. Scenario description

The experiment was conducted in a densely populated area of Fortaleza, Brazil. In addition, it is close to 
industrialized zones and strategic delivery bases. In Brazil, there are not well-structured national vehicle licensing 
records to provide information about vehicles counts per model-year that are in fact being used and where they 
are located. There is no official data on transport activity per year and transportation mode either. For these 
reasons some assumptions were adopted.

First, we considered three different traffic flow rates: 1,000, 1,250, and 1,500 vehicles per hour (vph), 
depending on the characteristic of the street (Colella et al., 2004; Karim & Adeli, 2002). The speed limits are: 
40 km/h (collector) and 60 km/h (arterial). All emissions are reported according to a time period of one hour.

According to these features, travel time for each link under free-flowing traffic is approximately 0.1 minute 
(arterial street) and 0.16 minute (collector street). Figure 2 illustrates the experiment area.

We used a deterministic equilibrium protocol to assign traffic onto the network. This calculation was also 
used by reference studies as Jenelius et al. (2006), Scott et al. (2006), Tampère et al. (2008), Sullivan et al. 
(2010), and Huang et al. (2012). Therefore, we assume that users look for paths that minimize their costs based 
on the perception of travel time.

Travel time was estimated according to Equation 1, proposed by the Bureau of Public Roads (BPR), specifically 
in NCHRP 365 (Transportation Research Board, 1998).

	 ,

y
a

a 0 a
a

ft t 1 b
cap

   = +  
   

 	 (1)

where: ta = travel time on link a; t0, a = travel time on link a (free-flow); fa = flow over link a; capa = capacity 
of link a; y = constant; b = constant.

Figure 1. Assessment procedure considering accident risk and emissions.
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We adopted the values of 4 and 0.15 for constants y and b. These values were suggested by the BPR engineers 
and widely used in traffic engineering analysis, such as Wang (2005) and Yin & Lawphongpanich (2006), which 
conducted network robustness studies applied to cities from developing countries.

3.2. Unabridged road network scenario

We considered the following GHG: carbon dioxide (CO2), methane (CH4) and nitrous oxide (N2O), which 
are direct GHG presented in most of national sectoral reports (Brasil, 2014, 2016). The emission factors of 
CO2 (2.60 kg/l), CH4 (0.06 g/km) and N2O (0.03 g/km) were obtained in the study of Companhia Ambiental do 
Estado de São Paulo (2017).

It is important to state that emissions factors from GHG non-CO2 are local and vary according to the vehicle 
technology, which means that they require a bottom-up Tier 3 approach to account emissions. Also, CO2 is 
estimated based on local emission factors, although they do not vary according to the vehicle-technology, which 
represents a bottom-up Tier 2 approach (Intergovernmental Panel on Climate Change, 2006). Nonetheless, Tier 
1 and Tier 2 are considered as higher-level approaches (European Environment Agency, 2016).

Fuel economy was estimated based on field data and Companhia Ambiental do Estado de São Paulo (2017). 
Emissions data were converted into CO2e by measuring the global warming potential (GWP) of each gas, 
considering the Fifth Assessment Report (AR5), periodically revised by the Intergovernmental Panel on Climate 
Change (IPCC) (Myhre et al., 2013).

To estimate the road-traffic crashes risk, we adopted the crash prediction model developed by Cardoso 
& Goldner (2007), composed by all steps from Phase 3, presented in Figure 1. The model is based on two 
fundamental equations, which require the identification and collection of risk variables.

Along these lines, the significant variables identified are: (1) daily average volume of vehicles (Vol_Ve); 
and (ii) average speed (Sp_Ve). Primary values of these variables were simulated by modeling the network and 
applying the Equation 1.

The next step was based on coding the collected variables to the same numerical basis using the Equation 2.

	 Vobs AVcod
B A

−
=

−
 	 (2)

wherein: Vcod = coded value of the variable (ranging from 0 to 1); Vobs = observed value of the variable; A = lowest 
observed value of the sample; B = highest observed value of the sample.

Figure 2. (A) Complete road network; (B) Area of the experiment.
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The protocol to establish the gradation of risk of each road network link was adapted from Budetta & Nappi 
(2013). Each VR was pondered by the traffic volume of the respective link, adding consistence to the outputs.

The assessment of vulnerability is conducted by the variation of traveled mileage and CO2e emissions. 
Table 3 shows the values of average mileage and emissions obtained from the 16 disruptions (n) conducted in 
each scenario.

In order to simulate the effects over time, we also employed a Monte Carlo simulation, assuming that the 
phenomenon can be represented by a normal distribution.

Then, the coded variables of risk exposure (significant variables) were inserted in the crash prediction function, 
represented by Equation 3.

	
n

0 i i
i 1

b b x
VR e =

 +∑ 
 =

 	 (3)

wherein: VR = variable response; e = Euler’s number; bo = constant; bi = model parameters; xi = significant 
variables (risk factors).

We adopted the value of 1.4338 (b0) and 0.7724 for the parameter b associated with the “daily average 
volume of vehicles” variable. For the variable “average speed”, we adopted the same constant b0 (1.4338) and 
the value of 0.4388 for the parameter b. These are the same measures suggested by Cardoso & Goldner (2007).

Moreover, these outputs are important to establish a gradation of risk (high, average and low) of each road 
network link considering the variables adopted.

3.3. Disrupted road network scenario

In summary, 32 scenarios of links disruption from traffic accidents were simulated. From this, 16 disruptions 
were conducted in high-risk links, while the other 16 were conducted in low-risk links. Table 2 shows the variable 
response (VR) of each network link.

Table 2. Variable response by link.

Links
Variable 
response

Gradation of 
risk

9;10;11;12;13;14;15;19;20;21;22;23;24;25;29;30;32;33;34;35;39;40;49;50;57;59;60;61;62;63;64;68;69. VR≤18 Low

1;2;3;5;6;7;8;16;18;26;27;28;31; 36;37;38;41;46;48;53;54;56;58;67;72. 18<VR≤25 Average

5;17;42;43;44;45;47;51;52;55;65;66;70;71;73;74. 25<VR High

Table 3. Input parameters for Monte Carlo simulation.

Scenarios Emission CO2e (kg) Standard deviation Traveled distance (km) Standard deviation

Unabridged road network 1,192.81 - 2,285.25 -

Scenario 11 µ3 = 1,291.70 σ = 71.10 µ = 2,474.71 σ = 136.23

Scenario 22 µ = 1,227.61 σ = 49.76 µ = 2,351.93 σ = 95.33
1Data collection of links with high accident risk (n = 16); 2Data collection of links with low accident risk (n = 16); 3Expected mean values.

4. Discussion

Figure 3A compares the CO2e emitted by the traffic when disrupting links of low-risk scenarios and high-risk 
scenarios. It should be noted that both fundamental outputs (CO2e and distance traveled) vary more in high-risk 
scenarios. This trend can also be observed in Figure 3B, which represents the CO2e emissions over time. In this 
case, 1,000 iterations were simulated.

Table 4 summarizes the results for both scenarios. In the first case, CO2e varies up to 9.19% compared to the 
unabridged network scenario, while the mileage traveled varied until 8.51%. In the second case, CO2e emissions 
increased 5.54% and distance traveled 2.38% respectively.

In the unabridged road network scenario, the total emission of CO2e reaches 1,192.81 kg in a time period 
of one hour. In the other two scenarios, total amount emitted are 1,302.48 kg and 1,258.83 kg respectively. 
Moreover, emissions occurred by traffic rearrangement from changes in accessibility patterns are 109,67 kg 
(Scenario 1) and 66,02 kg (Scenario 2). This information can support resilience assessments of megacities, in 
which traffic volume suffers constant changes from several disturbances Nagpure et al. (2013).
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Table 4 summarizes the results for both scenarios. In the first case, CO2e varies up to 9.19% compared to the 
unabridged network scenario, while the mileage traveled varied until 8.51%. In the second case, CO2e emissions 
increased 5.54% and distance traveled 2.38% respectively.

Scenario 1 presented a greater variation that can be explained by the significant variables adopted in the 
crash prediction model (Vol_Ve and Sp_Ve). In other words, the daily traffic volume is more significative in 
predicting accident risk.

In the experiment, links with high-risk of traffic accident are located in areas with high economic activity 
levels, which generates and attracts more trips. When these links are disrupted, they may affect a greater number 
of users, increasing the distance traveled in the network.

When assessing GHG emissions, the simulation showed that CO2e emissions are significant in case of high‑risk 
links, since the distance traveled increases in the same proportion.

As a result, there are indications that road-traffic crashes risk is directly related to the most vulnerable links 
of an urban road network. Moreover, GHG emissions are directly related to traffic accidents, and the effect can 
be significant in greater networks or even at regional scale.

5. Conclusions and policy implications

This study aimed to accounting for GHG from traffic rearrangement, using a network vulnerability framework. 
Specifically, we conducted a vulnerability assessment from a pre-defined criterion of risk (road-traffic crashes). 
Vulnerability was measured in terms of distance increase and CO2 equivalent emissions (CO2e).

The literature review indicated opportunities related to the use of traffic accident as pre-defined criteria to 
find the most vulnerable links of an urban road network. These results contribute to the study of Knoop et al. 
(2012), specifically in the use of pre-defined criteria to find the most vulnerable links of an urban road network.

No article addressed the GHG emissions from path changes after a link disruption as a mitigation measure 
that could be further employed in governmental policies. These preliminary conclusions attest another innovative 
contribution of this work.

In addition, we observed that mileage traveled, observed in scenario 1, varies up to 8.51% compared to the 
unabridged network scenario. On the other hand, mileage traveled of low-risk scenarios varies only 2.38% in 

Figure 3. (A) Traveled distance vs CO2e emissions by scenario; (B) Simulation of CO2e emissions over.

Table 4. Monte Carlo simulation results.

Scenarios Emission CO2e (kg) Change (%)3 Traveled distance (km) Change (%)

Unabridged road network 1,192.81 - 2,285.25 -

Scenario 11 µ = 1,302.48 9.19 µ = 2,479.70 8.51

Scenario 22 µ = 1,258.83 5.54 µ = 2,339.66 2.38
1High road-traffic crashes risk; 2Low road-traffic crashes risk; 3Variation in relation to the Unabridged road network scenario.
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case of disruption. As a matter of fact, CO2e emissions presented the same trend: high-risk scenarios varied up 
to 9.19% (109.67 kg) and low-risk scenarios varied only 5.54% (66.02 kg) in case of disturbance.

Despite the experiment being conducted in a restricted area, the number of scenarios modeled were effective 
in simulating disruptions under various scenarios of uncertainties. Moreover, the procedure proved to be feasible 
in verifying the effect of traffic accidents in municipal GHG emissions.

This study may support others researches from cities with different characteristics and backgrounds. It would 
be possible to develop benchmarking studies to determine the best actions on GHG mitigation regarding traffic 
rearrangement, under various political and economic contexts.

For future research, we recommend employing the model in a larger network, to assess the actual impact of 
traffic accidents on municipal GHG emissions. This could support long-term assessment of network robustness 
improvements and explain how it could mitigate emissions in microscale traffic simulation.
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