
ww.sciencedirect.com

j o u rn a l o f t r a ffi c a nd t r an s p o r t a t i o n e n g i n e e r i n g ( e n g l i s h e d i t i o n ) 2 0 1 9 ; 6 ( 5 ) : 4 5 5e4 6 9
Available online at w
ScienceDirect

journal homepage: www.keaipubl ishing.com/j t te
Original Research Paper
Assessment of traffic performance measures and safety
based on driver age and experience: A microsimulation
based analysis for an unsignalized T-intersection
Mehmet Baran Ulak a,*, Eren Erman Ozguven b, Ren Moses b, Thobias Sando c,
Walter Boot d, Yassir AbdelRazig b, John Olusegun Sobanjo b

a Department of Civil and Engineering, Stony Brook University, Stony Brook, NY 11794, USA
b Department of Civil and Environmental Engineering, FAMUeFSU College of Engineering, Tallahassee, FL 32310, USA
c School of Engineering, College of Computing, Engineering and Construction, University of North Florida, Jacksonville, FL

32224, USA
d Department of Psychology, Florida State University, Tallahassee, FL 32306, USA
h i g h l i g h t s
� A microsimulation based approach is used to assess traffic performance and safety.

� Traffic conflicts are analyzed for a T-intersection in terms of risk they pose.

� The effect of driver risk propensity on the traffic safety is investigated.

� Age and experience specific driving behavior parameters are developed for VISSIM.
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Traffic safety and performance measures such as crash risk and queue lengths or travel

times are influenced by several important factors including those related to environment,

human, and roadway design, especially at intersections. Previous research has studied

different aspects related to these factors, yet these characteristics are not fully investigated

with a focus on age and experience of drivers. In this paper, we investigate this issue by

using a two-phase approach via a case study application on a critical T-intersection in the

City of Tallahassee, Florida. The first phase includes a scenario-based microsimulation

analysis through the use of a microscopic simulation software, namely VISSIM, to illustrate

the variations in traffic performance measures with respect to driver compositions of

different age groups in the traffic stream. A variety of scenarios is created where the driving

characteristics are provided as inputs to these scenarios in terms of decision making and

risk taking. This is also supported by a sensitivity analysis conducted based on the driver

composition in the traffic. The second phase includes the analysis of microsimulation

outputs via a tool developed by Federal Highway Administration tool, namely the Surrogate

Safety Assessment Model (SSAM), in order to determine the traffic conflicts that occur in

each scenario. These conflicts are also compared with real-life crash data for validation
.
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purposes. Results show that (a) the differences in risk perception that affect driving

behavior might be significant in influencing traffic safety and performance measures, and

(b) the proposed approach is considerably successful in simulating the actual crash conflict

points.

© 2019 Periodical Offices of Chang'an University. Publishing services by Elsevier B.V. on

behalf of Owner. This is an open access article under the CC BY-NC-ND license (http://

creativecommons.org/licenses/by-nc-nd/4.0/).
Fig. 1 e Location of study area.
1. Introduction

Providing reliable and safe transportation is one of the pri-

mary objectives of federal, state and local agencies. This re-

quires a thorough understanding of human-, environment-,

and roadway-related factors that lead to risky traffic situa-

tions, and jeopardize the safety and well-being of drivers and

passengers on roadways. Previous research has investigated

several factors influencing the roadway safety and perfor-

mance; however, effects of risk perception-based differences

on traffic is still an area that needs further investigation.

Furthermore, grasping this understanding becomes even

more challenging and complex when differences between

driving behavior of different driver groups are considered. For

instance, cognitive, behavioral, and health limitations have

been shown to influence the driving behavior of aging drivers

(persons 65 years and older), and affect their risk perception

(B�edard et al., 2002). Several studies have similarly shown that

aging brings substantial changes in physical fitness (Sifrit

et al., 2010), and the deterioration of sight and reflexes is

much more tangible in the aging population (Alzheimer's
Association, 2009; National Institutes of Health, 2013).

Furthermore, previous studies show that there are

significant geospatial, causal, and temporal differences in

crash involvement patterns between different age group

drivers (Abdel-Aty et al., 1999; Bayam et al., 2005; Omidvar

et al., 2016; Ulak et al., 2017; Vemulapalli et al., 2016). This

indicates that, while some people such as aging populations

are more risk averse while driving, others are more risk

prone (e.g., younger drivers). This variation in the perception

of risk affects both traffic safety and performance measures

significantly.

Via a case study application on a critical T-intersection in

the City of Tallahassee, Florida, the objective of this study is

twofold. The first objective is to create a scenario-based

microsimulation analysis via a microscopic simulation soft-

ware, namely VISSIM (Lownes and Machemehl, 2006). This

analysis will be performed in order to illustrate the

variations in traffic performance measures with respect to

different driver compositions in the traffic stream. For this

purpose, the drivers are divided into three groups, which

can also be associated to risk taking tendency: young (16e24

years old), mid-age (25e64 years old), and aging (65 þ years

old) drivers. Driving characteristics of these groups, in terms

of decision making and risk taking, are provided as inputs to

each scenario created. A thorough literature review is also

provided in order to support this analysis. The utmost

importance is given to focusing on the aging group;
therefore, a sensitivity analysis is conducted based on the

aging driver composition in the traffic. The second objective

is to conduct a traffic conflict-focused analysis based on the

investigation of microsimulation outputs using a tool

developed by the Federal Highway Administration tool,

namely the Surrogate Safety Assessment Model (SSAM)

(Wang, 2012). This investigation aims to determine the

traffic conflicts that occur in each scenario. Resulting

conflict points of this analysis is compared with the real-life

crash data for validation purposes.

This paper focuses on an unsignalized T-intersection

located in the City of Tallahassee, Florida (Figs. 1 and 2).

Although this is a simple intersection, site observations show

that it can impose several difficulties and complexities,

especially on aging drivers due to the following reasons: (a)

there is no signalization, whichmakes the left turns especially

risky (Boot et al., 2013; Staplin, 1995), and (b) there is a bus stop

in the vicinity of the intersection. A bus stopping to pick up

http://creativecommons.org/licenses/by-nc-nd/4.0/
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Fig. 2 eMicroscopic simulation in the City of Tallahassee. (a) Turningmovements. (b) Schematic drawing of the intersection.

(c) Histograms of westbound speed distributions on West Pensacola. (d) Histograms of eastbound speed distributions on

West Pensacola.
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passengers can block the view for both left and right turning

vehicles. This risk may also be related to the difficulty of

necessary body movements such as the rotation of head or

torso for aging drivers (Hellinga and Macgregor, 1999; Isler

et al., 1997). Indeed, Isler et al. (1997) stated that the ability of

head movements were reduced by 33% for aging drivers.

Moreover, unsignalized intersections place greater demands

on perceptual and cognitive abilities than signalized ones

due to the necessity of the gap acceptance decision and

peripheral detection of other vehicles. For example, Hellinga

and Macgregor (1999) showed that aging drivers at T-

intersections were unable detect vehicles further away than

50 m without making additional eye, head, and torso

movements. Hellinga and Macgregor (1999) also stated that

maneuvering at intersections required higher-level cognitive

abilities which were shown to decline with age. These tasks

may differentially impact and be challenging to aging drivers

(Hellinga and Macgregor, 1999; Uchida et al., 1999). For

instance, gap acceptance problem imposed by unsignalized

intersections on aging drivers was studied by Zhou et al.

(2015).

In this study, researchers have collected field data in order

to conduct a microsimulation-based statistical analysis, to

compare the behavior of aging drivers and those belonging to

other age groups, and to study the effects of this behavior on

the traffic delay. Results show that under same traffic condi-

tions, gap acceptance behavior is different in aging drivers

than other age group drivers. This brings about significant

differences in delay time and traffic flow characteristics for

aging drivers compared to other age group drivers. Previously,

a microsimulation-based study was conducted by

Habtemichael and Santos (2014) in order to investigate the

effects of aggressive driving on traffic safety and travel times

under congested and uncongested traffic conditions for a

freeway segment. This study, on the other hand, focuses on

a microsimulation-based approach to analyze traffic

conflicts, travel times, delays and queue lengths at an urban

unsignalized T-intersection where traffic conditions and

design complexity are totally different than freeways in

nature. Findings indicate that the severity of conflicts

substantially increase for aggressive drivers while there is

little reduction in the travel times, which indicates that

aggressive driving has substantial adverse effects compared

to negligible benefits. In the literature, this type of

intersection is especially found to be challenging and

overwhelming for aging drivers due to their physical and

cognitive limitations (Hellinga and Macgregor, 1999).
2. Literature review

2.1. Driving behavior, risk propensity, and age

Traffic safety and performance measures are affected by

several elements such as traffic flow conditions, roadway ge-

ometry, environmental events, and human-related factors.

Among these elements, the effects of human factors are not

easy to comprehend due to the complex nature of human

behavior. Researchers have identified some of these human

factors as follows: demographic and socio-economic
characteristics (age, gender, income, etc.), reaction time,

temporal and spatial anticipation, aggressiveness or risk-

taking propensity, and driving skills (Saifuzzaman and Zheng,

2014).

However, human factors are not independent from each

other. Most of the factors are correlated with the demographic

characteristics, particularly with age. For instance, reaction

time, estimation error and perception threshold are closely

related to age since it is known that cognitive capabilities and

speed of motor responses decline with aging (Hellinga and

Macgregor, 1999; Merat et al., 2005; Summala, 2000). Further-

more, issues such as spatial anticipation or driving skills are

affected by aging-related deterioration of visual acuity and

health (Merat et al., 2005). For example, it was shown that

aging drivers (70 years and older) experience difficulties in

seeing vehicles further than 50 m (165 feet) at T-

intersections, for which they tend to need additional body

movements such as the rotation of the head or torso

(Hellinga and Macgregor, 1999). Moreover, Romoser et al.

(2013) suggested that older drivers would scan less for

hazards at T intersections than younger and experienced

roadway users. However, these aforementioned body

movements might be difficult due to restrictions imposed on

the body such as arthritis due to aging. Temporal

anticipation capability is another factor that declines by

aging (Hellinga and Macgregor, 1999; Mori and Mizohata,

1995; Scialfa et al., 1991). Researchers also showed that aging

drivers require longer gaps than younger counterparts due

to the misjudgment of speed and distance.

Considering the aggressiveness and propensity to take risk,

studies have verified that aging drivers are not very prone to

take risks in the traffic, and they tend to be less aggressive

than younger drivers (Das et al., 2015; Krahe and Fenske, 2002;

Rong et al., 2011). Given the adversity of aging, older drivers

develop some coping mechanisms against these unfavorable

changes influencing their driving skills and capabilities. For

instance, older drivers are known to compensate age-related

perceptual and cognitive declines by slowing down and

increasing the error margin, which can lead to a performance

comparable with young drivers in case of a distraction (Hor-

berry et al., 2006;Mårdh, 2016). It was shown that aging drivers

drive safer than younger drivers in terms of speeding, speed

variation, focus on roadway, signal use, and distance gap

(Boyce and Geller, 2002).

Driving behavior is definitely affected by the characteris-

tics of young and aging drivers. For modeling purposes,

drivers could be divided into three classes according to their

aggressiveness (i.e., aggressive driver, moderate driver, and

conservative driver) (Wen et al., 2016). This type of

differentiation will be used in this paper while creating the

driver groups needed for the proposed microsimulation

analysis.

2.2. Microscopic simulation and driving behavior

First, we use a microscopic simulation software, namely VIS-

SIM (Lownes and Machemehl, 2006), which adopts a

psychophysical model-based car-following model that

integrates physical features of traffic with the psychological

human factors (Schulze and Fliess, 1997). In this car

https://doi.org/10.1016/j.jtte.2018.05.004
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following model, a driver can be in four driving modes: free-

driving (no reaction), approaching (reaction), following

(unconscious reaction), and braking (deceleration) (Panwai

and Dia, 2005). These four modes and transitions between

these modes govern the longitudinal vehicle movements

(car-following) within the traffic flow in the simulation.

Furthermore, lateral movements (lane change) are regulated

according to a rule-based algorithm.

In VISSIM, there are three variations of this psychophysical

car-following model defined for different traffic conditions.

First, researcher may choose no interaction between vehicles.

This is usually recommended for designing pedestrian flows.

Second type is the so-called “Wiedemann 74”, which is suit-

able for urban traffic and merge areas. Finally, the “Wiede-

mann 99” is appropriate for simulating freeway traffic without

any merging (PTV, 2015). In this study, the focus is on the

“Wiedemann 74” since it is the most suitable one for

simulating the urban traffic. In the “Wiedemann 74” model,

the reaction of vehicles such as acceleration, deceleration,

braking, and stopping are determined with respect to

variations in the distance and speed difference between two

vehicles.

Lane change is also very important to model the driving

behavior accurately, which is heavily influenced by the

driver characteristics. For instance, aggressiveness is an

important driver characteristic that has a significant effect

on lane change decision of the drivers (Sun and Elefteriadou,

2011). VISSIM provides substantial parameters such as

maximum deceleration, minimum headway, and safety

distance reduction to model the lane change behavior.

These parameters have to be determined to reflect the real-

life traffic conditions, and they should be calibrated

appropriately.

2.3. Traffic safety and conflict analysis

The number and type of conflicts can be regarded as an indi-

cator of the traffic safety (Archer, 2005; Wang, 2012). There-

fore, observing the variation in number and type of conflicts is

critical to comprehend safety conditions in the traffic. The

surrogate safety assessment model (SSAM), developed under

sponsorship of Federal Highway Administration (Pu and Joshi,

2008), enables the identification of the traffic conflicts by

analyzing the vehicle trajectory data obtained from any

microscopic simulation software such as VISSIM (Pu and

Joshi, 2008). Therefore, SSAM can be used as a tool to assess

the surrogate safety measures for the roadway segments

and intersections (Sayed, 1998). SSAM provides the following

indicators of a conflict based on the trajectory file obtained

from the scenario run by a microsimulation software: time-

to-collision (TTC), conflict speed, and post-encroachment

time (PET). These identified conflicts can be classified into

six severity levels based on the relationship between the

conflict speed and TTC (Hyden, 1987). However, it was

identified that the relationship between TTC and another

metric called “maxDelta V” is the most accurate estimator of

the severity of the conflict (Souleyrette and Hochstein, 2012).

The “maxDelta V” is the maximum change between the

conflict velocity and post-collision velocity of the vehicles

involved in the conflict (Pu and Joshi, 2008). In this study,
the change in the number of conflicts for each severity class

was used as an indicator of the variation in safety induced

by the different compositions of aging drivers in the traffic.
3. Microscopic simulation application

3.1. Study area and data

The microscopic simulation application was conducted for an

unsignalized T-intersection located in the City of Tallahassee,

Florida (Fig. 1). The intersection, which is at the corner ofWest

Pensacola and Mabry streets, is located in the western part of

the city, closer to the Florida State University (Fig. 2(a)). The

schematic drawing of the T-intersection (Fig. 2(b)) shows the

traffic flow direction on each approach, roadway lanes,

possible traffic movements on each lane as well as the

westbound, eastbound, and northbound directions.

Moreover, the bus stop location and pedestrian crossing that

are part of the intersection are also presented in Fig. 2(b).

The studied intersection is an unsignalized intersection with

three legs, and each approach has 2 lanes with an additional

median turning lane on the major approach (eastbound and

westbound). The minor approach (northbound), on the other

hand, is stop sign controlled with one right-turn and one left

turn lane. The westbound traffic flows from east of the city

towards west with two possible flow directions: through and

left turn. The eastbound traffic, on the other hand, flows

from west of the city towards east with two possible flow

directions: through and right turn. The northbound traffic

(minor approach) has to flow towards either east or west via.

right lane or left lane, respectively. There is a bus stop on

the outermost lane of eastbound approach towards the

minor road, which has the potential to significantly affect

the queues and conflicts on this lane and also for the entire

eastbound approach. Furthermore, immediately after this

bust stop, there is a pedestrian crossing on the minor road

which could influence the right turning movements from

the major right lane that has the bus stop as well as

eastbound approach in general. The left turn lane on the

minor road (northbound) is particularly critical since the

vehicles which need to make this turn safely are required to

check the traffic from multiple direction. These include a

variety of maneuvers occurring at the same time, such as

the through eastbound and westbound traffic, left turning

vehicles from the westbound, and maneuvers at the median

turning lane at the eastbound.

The turning movement and speed data was collected dur-

ing the PM peak and mid-day periods on a weekday (Fig. 2(c)),

which was utilized in the simulation model to reflect the

actual speed distribution on the roadways. Table 1, on the

other hand, provides the 15 min interval traffic volume

counts collected by the research team that composed of

graduate students. To collect the turning movements and

traffic counts, the researchers installed cameras that can

capture the traffic at each approach of the intersection.

These cameras were installed to the following locations: (1)

across the minor approach, and (2) at the corners of minor

approach and major approach facing towards eastbound and

westbound major lanes, respectively. Afterwards, vehicles

https://doi.org/10.1016/j.jtte.2018.05.004
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Table 1 e Turning movement counts, peak hour factor, and truck and bus percentages for each type of movement at the
intersection.

Traffic data West Pensacola
westbound

Mabry northbound West Pensacola
eastbound

through left right left pedestrian right through

Turning movement 4:00 PM 211 51 44 10 10 18 190

4:15 PM 209 51 54 17 2 15 149

4:30 PM 232 43 61 18 4 8 194

4:45 PM 240 56 68 18 1 21 144

Total 892 201 227 63 17 62 677

PHF (15 min) 0.93 0.90 0.83 0.88 0.74 0.87

Truck (%) 2.24 4.48 0.44 1.59 3.23 0.74

Bus (%) 0.90 1.00 0.44 0.00 0.00 0.74

Note: PHF is the peak hour factor.

J. Traffic Transp. Eng. (Engl. Ed.) 2019; 6 (5): 455e469460
were counted using the methods of video footage and

processing. Vehicles were recorded for every traffic

movement at the intersection for 15 min intervals. Free flow

speed, on the other hand, was collected by radar guns.

In addition, in order to compare and validate the results of

the proposed conflict analysis, real-world crash data was ob-

tained from the Florida Department of Transportation for the

years of 2013 and 2014. Utilizing this data set, T-intersection

crashes that occurred in theDistrict 3 of FloridaDepartment of

Transportation (which includes the City of Tallahassee) were

extracted with respect to different severity levels as follows:

property damage only, injury, severe injury and fatality. Se-

vere injury and fatality crashes were also classified in terms of

different type of collisions: angle, rear to end, and side swipe.

This differentiation in severity and collision type helped

comparing the results of the conflict analysis conducted by

the SSAM software with real-life data.

3.2. Simulation model

The intersection model, shown in Fig. 3, was created using a

satellite image based on the Traffic Analysis Handbook of

the Florida Department of Transportation (FDOT) Office of

Systems Planning (FDOT, 2014). Actual roadway dimensions

were utilized including the bus stop located on the West

Pensacola Street (Fig. 3(a)). Due to the high number of

pedestrians crossing the Mabry Street, pedestrian traffic was

also included in the model (Fig. 3(a)).

In order to measure the traffic performance, queue coun-

ters and travel time clocks were placed at several locations

(Fig. 3(a) and (b)). Since this intersection is unsignalized, it is

very important to model the right of way for each merging

and crossing operation. For this purpose, the “Conflict

Areas” tool of VISSIM was implemented in order to model

the right of way for each movement. The resulting conflict

areas are illustrated in Fig. 3(c). In this figure, it is possible to

see three different colors, namely red, green, and yellow.

These colors have particular functions which altogether

govern the flow and right of way at the intersection. In

general, all potential conflict regions are highlighted in

yellow color by VISSIM. When user assigns a right of way to

one of the conflicting maneuvers, the color changes

accordingly. That is, red color indicates that the vehicles
performing the red-colored maneuver have to yield to those

making green-colored maneuvers. Therefore, vehicles

making green-colored maneuvers have the right of way at

those particular conflicting regions. Yellow color, on the

other hand, indicates that there is no actual conflict or no

right of way during those yellow-colored maneuvers. For

example, merging movements in Fig. 3(c) are red- and green-

colored based on the right of way whereas yellow color is

assigned when there is a diverging movement to enter the

turning lanes. Note that vehicles approaching to the major

street (West Pensacola) from the minor street (Mabry) are

controlled by a stop sign. Therefore, we include a stop sign

to the end of Mabry Street in the model, where vehicles have

to stop. Another important aspect of modeling is the vehicle

input and vehicle routes, which is illustrated in Fig. 3(d). The

number of vehicles, and their percentages and composition

(percent of trucks and buses) were obtained from the

turning movement counts given in Table 1.

In this paper, three types of drivers were identified: young,

mid-age, and aging drivers without any actual knowledge of

the composition of the drivers in the traffic. The literature

shows that there is an evident correlation between the risk

propensity and the age and experience of the driver. That is,

while younger drivers (16e24 years old) are more willing to

take risks, aging (65 years and older) drivers tend to be more

risk averse. Mid-age drivers, on the other hand, are distributed

along the spectrum of different risk propensity levels. How-

ever, none of the driver groups are homogeneous in terms of

driving behavior and risk propensity. In this paper, we adopt

the aforementioned types of drivers for the sake of feasibility

and applicability. As such, we utilized the U.S. Census data,

which shows that 28% of the total Tallahassee population is

residents aged between 16 and 24, and 9.4% of population is

65þ residents as of 2010 (U.S. Census Bureau, 2015). Thus, 28%

of drivers were defined as young drivers. Since this study

proposes a sensitivity analysis for the aging drivers,

different compositions have been assigned to the drivers

that belong to this group. Consequently, five scenarios were

analyzed to investigate the traffic safety and traffic

performance parameters with respect to the increase in the

number of aging drivers. The selected different composition

of aging drivers in the traffic stream were 10%, 15%, 20%,

25%, and 30%, respectively. Mid-age driver compositions

https://doi.org/10.1016/j.jtte.2018.05.004
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J. Traffic Transp. Eng. (Engl. Ed.) 2019; 6 (5): 455e469 461
were varied accordingly to ensure that the composition of all

drivers sum up to 100%.

Finally, driving behavior parameters, which provide infor-

mation on correlation of driving behavior with age, were

determined based on the values reported in literature, as

shown in Table 2. Note that there exist various studies to

accurately quantify driving parameters for microsimulation

applications in the current literature (Cunto and

Saccomanno, 2008; Ge and Menendez, 2012; Habtemichael

and Santos, 2012). However, these studies mostly focused on

the parameters of the “Wiedemann 99” car following model
Fig. 3 e VISSIM model for the unsignalized, T-shape intersectio

bus stop. (b) Locations of travel time clocks with start and finish

of ways (green has the right of way, red waits). (d) Designed ve
(which is for highway traffic only), and do not offer a

suitable way to quantify driving parameters for specific age

groups. Therefore, driving behavior parameters for each age

group were chosen based on the aggressiveness and

tendency of taking risk. Selection of these parameter values

guarantees that aging drivers become less aggressive and

more reluctant to take any risk in the model whereas young

drivers are more aggressive. Moreover, deterioration in

health, vision and cognitive skills of aging drivers, who are

assumed to belong to the aging group in this paper, were

accounted by parameters such as “look ahead distance”,
n. (a) Locations of queue counters, pedestrian crossing and

positions. (c) Conflict areas in the intersection with the right

hicle routes in the intersection.

https://doi.org/10.1016/j.jtte.2018.05.004
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Table 2 e Driving behavior parameter.

Driving behavior parameter Driver type

Recommended1 Mid-age Young Aging

Car-following

Look ahead distance

Minimum (feet) e 0 0 0

Maximum (feet) e 300 300 200

Number of observed vehicles e 4 3 4

Look back distance

Minimum (feet) e 0 0 0

Maximum (feet) e 150 150 100

Temporary lack of attention

Duration (s) e 1 2 1.5

Probability (%) e 5 25 20

Smooth closeup behavior e ✓ 7 ✓

Wiedemann 74 parameters

Average standstill distance (feet) > 3.28 6.56 4.92 6.56

Additive part of safety distance 1.0e3.5 2.0 1.5 3.5

Multiplicative part of safety distance 2.0e4.5 3.0 2.5 4.5

Lane change

Necessary lane change

Maximum deceleration (ft/s2) (own/trailing) < �12/< �8 �9/�6 �12/�8 �8/�6

�1 ft/s2 per distance > 100/> 50 100/100 60/60 100/100

Accepted deceleration (ft/s2) (own/trailing) < �2.5/< �1.5 �2/�1 �2.5/�1.5 �1.5/�1

Minimum headway (feet) 1.5e6.0 3.5 2.5 6.0

Safety distance reduction 0.1e0.9 0.6 0.5 0.9

Maximum deceleration (ft/s2) �32.20e�3.00 �9.84 �19.32 �6.00

Advance merging ✓ ✓ ✓ ✓

Note: 1 Traffic Analysis Handbook (FDOT, 2014).
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“look back distance”, and “temporary lack of attention”. This

was also suggested by Romoser et al. (2013), where they

found out that aging drivers were not able to scan enough

for hazards at T-intersections. Moreover, according to the

National Traffic Law Center (2017) report, one-third of the

U.S. drivers between the ages of 18 and 64 years engage in

distractive tasks (that take 4.6 s on average), which can be

translated into the “temporary lack of attention.” Therefore,

this driving behavior parameter was calibrated based on this

information considering that engaging with distractive tasks

would be more common in younger drivers. All driving

behavior parameters for the three driver groups and their

recommended values (FDOT, 2014) are presented in Table 2.

Note that, there are risk-averse and risk-prone drivers in all

age groups with a different distribution of risk taking

tendency. The driving behavior parameters provided here

were assumed to represent the behavior of an average driver

from each analyzed age groups.

3.3. Simulation runs

Five scenarios were created based on the aging driver com-

positions in the traffic stream: 10% (base), 15%, 20%, 25%, and

30%. Note that driver age, experience, and personality char-

acteristics are introduced into the analysis through driving

behaviors (three types of drivers based on driver age and

experience). These types of drivers (Table 2) are assigned to

the drivers of the vehicles fed into the simulation. The

amount of drivers that belong to each driver type group is

determined based on the driver composition. For instance, if
the aging driver composition is equal to 15%, then 15% of all

drivers in the simulation were assigned to that aging driver

type group. The simulation model has been run ten times

for each scenario. Each run approximately took 7200

simulation seconds, and ten runs for each vehicle

composition sum up to two actual hours. Consequently, the

whole analysis took ten actual hours so that the research

team can complete the whole fifty runs.

3.4. Conflict analysis

The effect of aging driver composition on the safety was

assessed through implementing the traffic conflict analysis

approach via. the SSAM software. Ten trajectory files were

used for the conflict analysis of each scenario. A simulation

runwas set to be two hours (7200 simulation seconds), and the

first hour of a run was dedicated to be a warm-up and training

period. Only the data collected in the second hour of simula-

tion run was used in the conflict analysis. Time-to-collision

(TTC) (Eq. (1)) and post-encroachment time (PET) (Eq. (2))

thresholds were set to be 1.5 and 5 s, respectively (Hyden,

1987; Souleyrette and Hochstein, 2012). TTC is the remaining

time before collision and evaluated based on the location,

speed and trajectory of vehicles. PET, on the other hand, is

the time that passes while a following vehicle arrives to the

same position of a leading vehicle.

To distinguish the identified conflicts, we assigned

different severity levels to each conflict based on the rela-

tionship between the “maxDelta V” (Eq. (3)) and the TTC

values. Note that “maxDelta V” is the maximum change

https://doi.org/10.1016/j.jtte.2018.05.004
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between the conflict velocity and post-collision velocity of the

vehicles involved in the conflict (Pu and Joshi, 2008). For this

purpose, six severity levels were used, which were first

defined by Hyden (1987) and then modified by Souleyrette

and Hochstein (2012). According to this definition, the most

severe conflicts were marked as severity level 6 whereas the

least severe or non-severe conflicts were marked as severity

level 1. Results indicate that the highest severity level

attained in this study was severity level 5. In addition, we

marked all conflicts that are within the severity levels 1, 2,

and 3 as severity level 3 crash, for the sake of simplicity.

That is, severity level 1, 2, and 3 conflicts can be regarded as

non-serious conflicts. The conflict analysis also provided the

types of these conflicts: crossing, lane change, and rear end.

These types were determined according to the angle of the

vehicles at the moment of the conflict. To illustrate, conflicts

that occurred within the angles of 0�and 30� were

considered as rear end whereas an angle of 0�indicates that

two vehicles were aligned and advanced in the same

direction (Other conflicts: lane change between 30� and 85�,
and crossing between 85� and 180�). Equations for TTC, PET,

and maxDelta V are given as follows (Hou et al., 2014;

Laureshyn et al., 2010).

TTCi ¼
XiðtÞ � XjðtÞ � li
ViðtÞ � VjðtÞ cViðtÞ>VjðtÞ (1)

where XiðtÞ, XjðtÞ, ViðtÞ and VjðtÞ are the positions and speeds of

vehicle i and j at time t, respectively, and li is the length of

vehicle i.

PETi ¼ tiðx; yÞ � tjðx; yÞ ctiðx; yÞ> tjðx; yÞ (2)

where tiðx; yÞ and tjðx; yÞ are timeswhen vehicle i and j arrive at

position ðx;yÞ.

maxDelta Vði; jÞ ¼ max
�
Vc � Vpc

�
ci; j (3)

where Vc is collision speed and Vpc is post-collision speed of

each vehicle i and j in the collision.
3.5. Comparison of conflict analysis with real-life crash
data

To compare and validate the results obtained from the conflict

analysis, real-life crash data for the years of 2013 and 2014
Table 3 e Summary of crash data of District 3 obtained from F

Aging driver
composition (%)

Crashes numbers with
respect to severity levels

Type of severe
fatal crashe

All
crashes

PDO Injury Severe
and fatal

Angle Side
swipe

F
to

10 5437 4067 1277 93 30 1

15 9864 7334 2329 201 74 2

20 5337 3961 1261 115 42 1

25 2105 1570 491 44 17 1

30 1303 993 284 26 10 0

Note: PDO means “property damage only” crash.
were investigated. Since the microsimulation analysis was

conducted for a T-intersection, we only utilized the actual T-

intersection crashes for comparison purposes. Moreover,

crashes were separated with respect to drivers' residences in

order to reflect the driver composition conditions in the five

different scenarios proposed. For this purpose, the U.S.

Census block groups (U.S. Census Bureau, 2010) were divided

into five different classes according to the aging population

percentages in each group. This was followed by assigning

each T-intersection crash in District 3 to their individual

residence. That is, for example, if a driver involved in a

crash lives in a block group with a 13% aging population

compared to the total population, that crash was considered

within the 15% aging driver composition group. This

population-based approach was adopted since it was not

possible to identify the actual driver composition in the

traffic stream at the time of the crash. Therefore, the driver

composition for the selected T-intersection crash was

assumed to be equal to the population percentage of the

census block where driver involved in that crash lives.

Next, all T-intersection crashes were divided into five

different groups according to previously identified aging

driver compositions (10%, 15%, 20%, 25%, and 30%) similar to

the proposed microsimulation analysis scenarios. Following

this classification, crashes with different severity levels and

type of collisions (for both severe injury and fatal crashes)

were identified (Table 3). In addition, crash numbers were

normalized by the total number of 18 years or older

population (presumably population with a driving license) in

each driver composition bin in order to (a) find the number

of crashes per capita, and (b) unveil the effect of unequal

number of population on the crash counts (i.e., the higher

the population number, the higher the number of crashes).

Finally, severity levels 3, 4, and 5 conflicts were compared

with PDO, Injury, and severe injury and fatality crashes ob-

tained from real-life data, respectively. Crossing, lane change,

and rear end conflicts, on the other hand, were comparedwith

angle, side swipe, and front to rear crashes obtained from real-

life data, respectively. Note that some rear end crashes might

actually be caused by a lane change action, and some side

swipe crashes might be due to a crossing action. However, the

available data does not provide a better resolution in terms of

crash occurrence details. Therefore, it was not possible to

distinguish those crash types in this paper.
DOT for years of 2013 and 2014 (actual crash data).

and
s

Number of 18 years or older population in District 3
within different driver compositions

ront
rear

11 291,292

24 401,097

13 235,894

4 109,064

3 63,829
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4. Results

4.1. Traffic performance analysis

VISSIM simulation results show that we do not observe a

considerable variation in queue lengths with respect to

different scenarios (Table 4). However, there is a slight

increase in the length of queues when aging driver

composition increases in the traffic stream. For instance, the

maximum queue length at the left turn lane of West

Pensacola St. is 25% longer than the maximum queue length

of the base scenario (10% of all drivers are aging drivers)

when aging driver percentage is 30%. The average queue

length is calculated by taking the average of each time step,

which may include many zeros. Therefore, average queue

length could be shorter than the length of a single vehicle.

Maximum queue length, on the other hand, includes the

maximum value of each time step.
Table 4 e Variation in average, standard deviation,
minimum, and maximum values of queue lengths and
maximum queue lengths with respect to aging driver
composition.

Queue lengths (feet) Aging driver composition (%)

10 15 20 25 30

Mabry right turn lane

Queue length Average 4.4 4.6 4.6 4.7 4.8

Std. dev. 0.7 0.6 0.6 0.7 0.6

Minimum 3.3 3.6 3.6 3.7 3.6

Maximum 5.5 5.6 5.3 5.8 5.8

Max queue length Average 123.5 134.2 124.9 125.0 131.1

Std. dev. 24.0 14.8 23.0 27.4 19.8

Minimum 88.0 104.0 88.0 88.9 88.0

Maximum 167.5 164.2 166.4 166.7 163.9

Mabry left turn lane

Queue length Average 1.6 1.5 1.6 1.8 1.9

Std. dev. 0.7 0.5 0.8 1.0 0.7

Minimum 0.9 0.9 0.7 1.0 1.1

Maximum 3.4 2.7 3.6 4.4 3.3

Max queue length Average 71.6 68.1 71.6 78.4 72.8

Std. dev. 17.4 10.8 18.0 24.0 11.6

Minimum 43.1 54.0 53.8 52.2 53.8

Maximum 100.2 92.4 109.1 136.5 96.9

W. Pensacola left turn lane

Queue length Average 10.7 10.2 10.5 13.8 14.1

Std. dev. 5.7 2.1 1.6 4.5 3.8

Minimum 6.6 7.9 8.3 9.6 9.8

Maximum 26.5 13.4 14.0 25.7 22.8

Max queue length Average 196.3 198.4 213.5 246.1 246.6

Std. dev. 78.5 56.0 64.5 76.9 72.2

Minimum 120.7 128.1 131.9 132.4 161.5

Maximum 381.0 327.4 334.6 391.8 371.6

Behind bus stop - W. Pensacola

Queue length Average 1.7 1.5 1.5 1.8 1.7

Std. Dev. 1.4 1.4 1.5 1.7 1.7

Minimum 0.2 0.2 0.2 0.4 0.2

Maximum 4.8 4.6 4.9 6.0 5.6

Max queue length Average 167.0 148.7 150.6 167.7 162.0

Std. Dev. 68.4 63.6 64.6 71.5 66.4

Minimum 36.5 36.5 33.5 38.6 37.2

Maximum 261.5 258.2 252.4 253.7 254.7
Travel times, unlike the queue lengths, demonstrate a

consistent increase when aging driver composition is

increased (Table 5). Previous studies show that traffic flow

rates might increase when the number of aggressive drivers

in the traffic stream increased (Rong et al., 2011). This may

imply a shorter travel time; however, it was also shown that

the change in the travel time due to aggressive driving is

quite marginal (Habtemichael and Santos, 2014).

Nevertheless, we cannot claim that there is a considerable

change in travel times in this analysis. Similarly, the average

delay per vehicle and total delay in the system have a

similar pattern like the travel times (Table 6). However,

overall delay seems to remain more or less steady in

different scenarios.
4.2. Conflict analysis

Results illustrate that the change in aging driver composition

in the traffic stream has a considerable effect both on number

and on type of conflicts. In this study, conflicts were dis-

aggregated into different severity levels based on the “max-

Delta V” and TTC values for the five different scenarios

studied in this paper (Souleyrette and Hochstein, 2012).

Investigating the number and type of conflicts in each

scenario provides a useful insight in terms of the variation

amongst different scenarios. Fig. 4(a) shows the rate of

change in the number of conflicts for each severity level

with respect to the values obtained in the base scenario (10%

aging). For instance, the number of severity level 5 conflicts

obtained for the 20% aging driver scenario (20 conflicts) is

1.54 times higher than that of the base scenario (13

conflicts). We observe that the number of all conflicts as

well as the number of conflicts in each severity level

increases when aging driver composition in the traffic

stream is increased. Moreover, the most drastic increase is

observed for the number of severity level 5 conflicts. This

notable upsurge in the number of conflicts is important

since these are the most serious conflicts identified in this

study. This result suggests that traffic safety might

deteriorate when aging driver composition increases. This

might appear to be counterintuitive, however, note that less

risky driving behavior adopted by aging drivers may not be

sufficient to cope with adverse effects of aging. That is,

adverse effects of aging associated with deterioration in

driving capability is still evident despite these drivers' efforts
to avoid risky situations. Fig. 4(b) shows the variation in the

number of different type of conflicts within the severity level

5. Results show that crossing and rear end type of conflicts

increase when there is a higher number of aging drivers in

the traffic. This increase may imply that increasing the

number of aging drivers might cause more conflicts of this

type possibly due to their cognitive and physical limitations

of drivers in aging group. Moreover, we observe an inverse

relationship between the lane change and rear end conflicts.

This might indicate that aggressive driving behavior within

the traffic decreases with the increase in the number of

aging drivers in the traffic stream since risky lane change

behavior is usually associated with aggressive driving (Sun

and Elefteriadou, 2011).
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https://doi.org/10.1016/j.jtte.2018.05.004


Table 5 e Variation in average, standard deviation, minimum, and maximum values of travel times with respect to aging
driver composition.

Travel time (s) Aging driver composition (%)

10 15 20 25 30

Mabry right to W. Pensacola Average 27.0 27.2 27.4 27.6 27.7

Std. dev. 0.4 0.4 0.3 0.4 0.3

Minimum 26.3 26.6 26.8 26.8 27.0

Maximum 27.7 27.7 27.9 28.2 28.1

W. Pensacola Left to Mabry Average 32.5 32.7 33.1 35.2 35.6

Std. dev. 3.3 1.7 0.9 2.7 1.8

Minimum 29.9 30.8 31.9 32.7 33.0

Maximum 41.3 36.1 34.4 42.2 39.4

W. Pensacola Right to Mabry Average 22.0 22.2 22.3 22.4 22.7

Std. dev. 1.4 1.6 1.3 1.4 1.7

Minimum 20.6 20.4 20.7 20.8 20.9

Maximum 25.6 26.5 25.7 26.1 27.1

Mabry left to W. Pensacola Average 25.7 25.7 26.2 26.6 27.2

Std. dev. 1.7 1.5 1.6 2.0 1.9

Minimum 23.1 24.0 24.0 24.6 24.9

Maximum 29.3 28.8 29.9 30.4 29.7
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4.3. Comparison of conflict analysis with real-life crash
data

The objective of this comparison was to verify the results of

the proposed conflict analysis by using real-life crash data.

The actual number of crashes at each severity level was also

normalized by the numbers in the base scenario as it was done

before to illustrate the variation in conflicts. Visual compari-

son between Figs. 4 and 5 shows that the conflict analysis

conducted by SSAM results in slightly different patterns than

the real-life crash frequency patterns. Thismight be due to the

30% young driver composition used in the simulation. Note

that, generally when aging population increases in a traffic

stream, younger population decreases (due to where they

usually live). Nevertheless, simulated conflicts that unveil

driver composition-based variations in crash frequencies (of

different severity levels) appear to follow a similar trend

compared with the variation obtained from the actual crash

data (Fig. 5) considering the change with respect to the base

scenario. For example, severity level 5 conflicts and crashes

are increasing considerably more than other severity level

conflicts and crashes with an increase in the aging driver

composition. Moreover, we observe that the higher the aging

driver composition, the higher the all severity level conflicts

and crashes. While there is a slight increase in the severity
Table 6 e Variation in average, standard deviation, minimum,
respect to aging driver composition.

Delay per vehicle (s)

10

Average vehicle delay Average 2.36

Std. dev. 0.41

Minimum 1.93

Maximum 3.36

Total delay Average 8796

Std. dev. 1610

Minimum 6967

Maximum 12,807
levels 3 and 4 conflicts with more aging drivers in the traffic

stream, there is no such explicit increase in PDO and light

injury conflicts up until the composition with the highest

aging drivers. Nonetheless, considering the variations of

crash frequencies with respect to different driver

compositions, trends of these conflicts are still akin to PDO

and light injury crashes, particularly for that highest aging

driver composition.

The second part of the conflict analysis was to identify the

collision types of severity level 5 conflicts. To verify the

simulation-based results with real-life crash data, we identi-

fied the collision types of severe injury and fatality crashes.

Results indicate a consistency between simulated conflicts

and actual crashes similar to the above comparison. For

example, crossing conflicts are the dominant types of collision

for severity level 5 conflicts for all driver compositions. This

observation is comparable to the findings obtained for the

type of severe injury and fatality crashes (angle collision).

Furthermore, the trends in the variation of rear end and lane

change conflicts are quite similar to the front to rear and side

swipe crashes. Note that the conflict analysis identified higher

number of lane change conflicts than the number of rear end

conflicts for lower aging driver compositions. In addition, the

number of rear end conflicts surpasses lane change conflicts

when aging driver composition increases. In contrast, the
and maximum values of average and total delay with

Aging driver composition (%)

15 20 25 30

2.28 2.33 2.46 2.47

0.23 0.24 0.44 0.33

1.96 2.02 2.04 2.05

2.68 2.76 3.28 3.05

8480 8678 9144 9207

881 911 1633 1250

7083 7321 7359 7422

10,041 10,304 12,486 11,187
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Fig. 4 e SSAM simulated result. (a) Variation in the number of conflicts relative to the base scenario (10%). (b) Variation in the

number of each type of severity level 5 conflicts.

Fig. 5 e Real-life crash data. (a) Variation in the number of T-intersection crashes relative to the base scenario (10%). (b)

Variation in the collision type for the total number of severe and fatal T-intersection crashes in District 3.
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number of front to rear crashes is always higher than the

number of side swipe crashes even though the difference is

very small. This small difference is may be due to the lack of

information related to crash occurrence details. For example,

some of the front to rear crashes might have been due to a

lane change action; however, those crashes were considered

as part of rear end conflicts during the comparison. Therefore,

adopting only side swipe crashes might be underestimating

the number of crashes involving lane changes. Nevertheless,

both for the conflict analysis results and crash data, the dif-

ference between the numbers of front to rear (rear end) and

side swipe (lane change) crashes and conflicts increased at the

highest aging driver composition.

The comparison of conflicts with real-life crash data also

illustrates that the conflict analysis is considerably successful

in simulating the actual crash conflict points despite the

aforementioned minor differences. This validation is signifi-

cantly affected by the adopted assumptions and imposed

limitations such as identifying the driver compositions based

on census data. However, results presented here are still

valuable in terms of illustrating the accuracy of conflict

analysis (SSAM) in simulating the actual crash patterns.
5. Conclusions

This study presented a microscopic simulation-based

approach in order to investigate the effects of driver age- and

experience-related differences on traffic performance mea-

sures and safety. Five scenarios were analyzed with different

composition of aging drivers in the traffic stream, namely 10%,

15%, 20%, 25%, and 30%, in order to investigate the traffic

safety and traffic performance parameters with respect to the

increase in the number of aging drivers in the traffic stream.

Results demonstrate that different compositions of aging

drivers, from low to high, marginally influence the queue

lengths, travel times, and delays. Nonetheless, travel times

appear to be more affected than the queue lengths are. This

finding is interesting since one might expect a more signifi-

cant variation in queue lengths than the travel times due to

the increasing number of aging drivers in the traffic stream.

This observation might be due to the high number of young

drivers (28%) used in this study, which possibly dominates the

traffic flow, and censors the effect of aging drivers on the

findings. Therefore, focusing on different compositions both

for aging and young drivers may result in more evident vari-

ations in travel times and queue lengths, which is a good

future direction of work. As such, this study can serve as an

initial step towards developing a better microsimulation

analysis that can incorporate the actual risk propensity levels

of drivers with respect to their ages. The driving behavior

parameters used here might be under- or over-estimating the

aggressiveness of different driver age groups. Unfortunately,

the existing literature is very limited in order to come up with

more accurate driving behavior parameters for the analysis.

An extensive future study that can address this issue for

different driver groups would be beneficial to successfully

calibrate these parameters, and enhance the accuracy of

microsimulation applications.
Results based on the SSAM suggest that the higher the aging

drivers in the traffic, the higher the conflict risk. Although this

may sound counterintuitive, note that the declining cognitive

and physical abilities of aging drivers can lead to the prob-

lematic issues such as misjudging the unexpectedly complex

traffic conditions that occur at the studied unsignalized inter-

section. Therefore, this may actually neutralize the effect of

risk-averse driving behavior of aging drivers, which confirms

the results of a previous study (Zhou et al., 2015). This can also

be due to the increased driver fragility, which could result in a

shift to more serious and fatal crashes with an increase in the

aging drivers in the traffic stream, even though these drivers

are usually more risk averse (Li et al., 2003; Preusser et al.,

1998). In addition, this issue can also be related to a variety of

factors such as the intersection design and geometry rather

than the driving behavior of aging drivers. Therefore, in order

to assess the most probable reasons behind this elevated risk,

driving simulator-based studies and field observations are

needed to confirm and validate these results, which can be a

very interesting future direction.

The comparison of conflicts with real-life crash data also

illustrates that the proposed approach is considerably suc-

cessful in simulating the actual crash conflict points. How-

ever, this comparison is based on several assumptions and

limitations. In order to address these issues, this study can be

expanded with a focus on different compositions of young

drivers. This will help in evaluating the combined effect of

varying compositions of aging and young drivers in the traffic

stream. Furthermore, a sensitivity analysis focusing on

different driving parameters would eminently be beneficial in

order to identify the most appropriate parameters for

different driver groups.
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Mårdh, S., 2016. Identifying factors for traffic safety support in
older drivers. Transportation Research Part F: Traffic
Psychology and Behaviour 38, 118e126.

Merat, N., Anttila, V., Luoma, J., 2005. Comparing the driving
performance of average and older drivers: the effect of
surrogate in-vehicle information systems. Transportation
Research Part F: Traffic Psychology and Behaviour 8 (2), 147e166.

Mori, Y., Mizohata, M., 1995. Characteristics of older road users
and their effect on road safety. Accident Analysis &
Prevention 27 (3), 391e404.

National Institutes of Health, 2013. Dementia: Hope Through
Research. National Institute of Health, Bethesda.

National Traffic Law Center, 2017. Investigation and Prosecution
of Distracted Driving Cases. National Traffic Law Center,
Washington DC.

Omidvar, A., Ozguven, E.E., Vanli, O.A., et al., 2016. Understanding
the factors affecting the frequency and severity of aging
population-involved crashes in Florida. Advances in
Transportation Studies (S2), 113e130.

Panwai, S., Dia, H., 2005. Comparative evaluation of microscopic
car-following behavior. IEEE Transactions on Intelligent
Transportation Systems 6 (3), 314e325.

Preusser, D.F., Williams, A.F., Ferguson, S.A., et al., 1998. Fatal
crash risk for older drivers at intersections. Accident
Analysis & Prevention 30 (2), 151e159.

PTV AG, 2015. VISSIM 8 User Manual. PTV, Horten.
Pu, L., Joshi, R., 2008. Surrogate Safety Assessment Model (SSAM):

SoftwareUserManual.FederalHighwayAdministration,McLean.
Romoser, M.R.E., Pollatsek, A., Fisher, D.L., et al., 2013. Comparing

the glance patterns of older versus younger experienced
drivers: scanning for hazards while approaching and
entering the intersection. Transportation Research Part F:
Traffic Psychology and Behaviour 16, 104e116.

Rong, J., Mao, K., Ma, J., 2011. Effects of individual differences on
driving behavior and traffic flow characteristics.
Transportation Research Record 2248, 1e9.

Saifuzzaman, M., Zheng, Z., 2014. Incorporating human-factors in
car-following models : a review of recent developments and
research needs. Transportation Research Part C: Emerging
Technologies 48, 379e403.

Sayed, T., 1998. Estimating the safety of unsignalized
intersections using traffic conflicts. In: Third National Access
Management Conference, Fort Lauderdale,1998.

Schulze, T., Fliess, T., 1997. Urban traffic simulation with psycho-
physical vehicle-following models. In: 1997 Winter Simulation
Conference, Atlanta, 1997.

Scialfa, C.T., Guzy, L.T., Leibowitz, H.W., et al., 1991. Age
differences in estimating vehicle velocity. Psychology and
Aging 6 (1), 60e66.

Sifrit, K.J., Stutts, J., Staplin, L., et al., 2010. Intersection crashes
among drivers in their 60s, 70s and 80s. In: The Human
Factors and Ergonomics Society Annual Meeting,
Washington DC, 2010.

http://refhub.elsevier.com/S2095-7564(17)30596-2/sref1
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref1
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref1
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref1
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref2
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref2
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref2
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref3
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref3
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref3
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref3
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref4
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref4
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref4
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref4
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref4
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref5
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref5
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref5
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref5
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref5
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref5
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref6
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref6
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref6
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref6
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref7
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref7
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref7
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref7
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref7
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref8
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref8
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref8
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref8
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref8
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref8
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref9
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref9
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref9
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref9
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref9
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref10
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref10
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref11
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref11
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref11
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref12
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref12
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref12
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref12
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref12
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref13
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref13
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref13
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref13
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref13
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref14
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref14
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref14
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref14
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref15
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref15
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref15
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref15
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref15
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref15
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref16
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref16
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref16
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref17
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref17
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref17
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref18
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref18
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref18
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref18
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref18
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref19
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref19
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref19
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref19
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref20
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref20
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref20
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref20
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref20
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref20
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref21
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref21
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref21
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref21
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref21
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref22
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref22
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref22
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref22
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref23
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref23
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref23
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref23
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref24
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref24
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref24
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref24
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref24
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref25
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref25
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref25
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref25
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref26
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref26
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref27
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref27
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref27
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref28
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref28
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref28
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref28
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref28
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref29
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref29
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref29
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref29
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref30
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref30
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref30
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref30
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref30
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref31
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref32
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref32
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref33
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref33
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref33
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref33
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref33
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref33
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref34
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref34
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref34
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref34
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref35
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref35
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref35
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref35
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref35
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref36
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref36
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref36
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref37
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref37
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref37
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref38
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref38
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref38
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref38
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref39
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref39
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref39
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref39
https://doi.org/10.1016/j.jtte.2018.05.004
https://doi.org/10.1016/j.jtte.2018.05.004


J. Traffic Transp. Eng. (Engl. Ed.) 2019; 6 (5): 455e469 469
Souleyrette, R., Hochstein, J., 2012. Development of a Conflict
Analysis Methodology Using SSAM. Iowa State University,
Ames.

Staplin, L., 1995. Simulator and field measures of driver age
differences in left-turn gap judgments. Transportation
Research Record 1485, 49e55.

Summala, H., 2000. Automatization, automation, and modeling of
driver's behavior. Recherche Transports Securite 66, 35e45.

Sun, D.J., Elefteriadou, L., 2011. Lane-changing behavior on urban
streets: a focus group-based study. Applied Ergonomics 42 (5),
682e691.

U.S. Census Bureau, 2015. 2010 US Census Blocks in Florida.
Available at: http://www.fgdl.org/metadataexplorer/explorer.
jsp (Accessed 15 January 2015).

U.S. Census Bureau, 2010. 2010 US Census Blocks in Florida.
Available at: http://www.fgdl.org/metadataexplorer/explorer.
jsp (Accessed 1 October 2015).

Uchida, N., Fujita, K., Katayama, T., 1999. Detection of vehicles on
the other crossing path at an intersection: visual search
performance of elderly drivers. Journal of Society of
Automotive Engineers 20 (3), 381e386.

Ulak, M.B., Ozguven, E.E., Spainhour, L., et al., 2017. Spatial
investigation of aging-involved crashes: a GIS-based case
study in Northwest Florida. Journal of Transport Geography
58, 71e91.

Vemulapalli, S.S., Ulak, M.B., Ozguven, E.E., et al., 2016. GIS-based
spatial and temporal analysis of aging-involved accidents: a
case study of three counties in Florida. Applied Spatial
Analysis and Policy 10 (4), 537e563.

Wang, C., 2012. A New Simulation-Based Conflict Indicator as a
Surrogate Measure of Safety (PhD thesis). University of
Kentucky, Lexington.

Wen, H., Rong, Y., Zeng, C., et al., 2016. The effect of driver's
characteristics on the stability of traffic flow under honk
environment. Nonlinear Dynamics 84 (3), 1517e1528.

Zhou, H., Lownes, N.E., Ivan, J.N., et al., 2015. Left-turn gap
acceptance behavior of elderly drivers at unsignalized
intersections. Journal of Transportation Safety & Security 7
(4), 324e344.

Dr. Mehmet Baran Ulak received his PhD
degree from Department of Civil and Envi-
ronmental Engineering at FAMU-FSU College
of Engineering. He currently works as a
postdoctoral associate at the Department of
Civil Engineering, Stony Brook University.
His research interests include transportation
modeling, traffic safety and crash analysis,
advanced statistical analysis, spatial anal-
ysis, and smart city concepts.
Dr. Eren Erman Ozguven is an assistant
professor at the Department of Civil and
Environmental Engineering at FAMU-FSU
College of Engineering. Dr. Ozguven holds a
PhD degree in civil and environmental en-
gineering from the Rutgers University (New
Brunswick, NJ, USA) with concentration in
emergency supply transportation opera-
tions. His research interests include smart
cities, urban mobility, traffic safety and reli-
ability, emergency transportation, and

intelligent transportation systems.
Dr. Ren Moses is a professor at the Depart-
ment of Civil and Environmental Engineer-
ing at FAMU-FSU College of Engineering. Dr.
Moses's research interests include intelligent
transportation systems, highway safety,
traffic engineering, operations, and safety,
intelligent transportation systems, traffic
modeling and simulation, transportation
workforce development.
Dr. Thobias Sando is an associate professor
at the College of Computing, Engineering
and Construction at University of North
Florida. Dr. Sando's research interests
include transit intermodal facility design,
traffic operations, transportation planning,
network traffic flow modeling and simula-
tion, applications of global positioning sys-
tem (GPS) in transportation, applications of
geographical information systems (GIS) in
transportation, modeling of safety data, ap-

plications of remote sensing technologies in transportation engi-

neering, evaluation of emerging transportation technologies.

Dr. Walter Boot is an associate professor at
the Department of Psychology at Florida
State University. Dr. Boot's research interests
include research in visual cognition,
training, and transfer of training. Currently
investigating video games as a means to
improve perceptual and cognitive abilities.
Other research interests include visual
search, attention capture, eye movement
control, and visual attention across the
lifespan.
Dr. Yassir AbdelRazig is a professor at the
Department of Civil and Environmental En-
gineering at FAMU-FSU College of Engineer-
ing. Dr. AbdelRazig's research interests
include information technology applica-
tions, artificial intelligence applications,
infrastructure management, scheduling and
project control GIS/GPS applications.
Dr. John Olusegun Sobanjo is a professor at
the Department of Civil and Environmental
Engineering at FAMU-FSU College of Engi-
neering and director of Center for Accessi-
bility and Safety for an Aging Population
(ASAP). Dr. Sobanjo's research interests
include infrastructure engineering and
management, materials, construction
methods, and sustainability, transportation
engineering, advanced technologies
including GPS and GIS.

http://refhub.elsevier.com/S2095-7564(17)30596-2/sref40
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref40
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref40
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref41
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref41
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref41
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref41
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref42
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref42
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref42
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref43
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref43
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref43
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref43
http://www.fgdl.org/metadataexplorer/explorer.jsp
http://www.fgdl.org/metadataexplorer/explorer.jsp
http://www.fgdl.org/metadataexplorer/explorer.jsp
http://www.fgdl.org/metadataexplorer/explorer.jsp
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref46
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref46
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref46
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref46
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref46
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref47
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref47
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref47
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref47
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref47
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref48
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref48
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref48
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref48
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref48
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref49
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref49
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref49
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref50
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref50
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref50
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref50
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref51
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref51
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref51
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref51
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref51
http://refhub.elsevier.com/S2095-7564(17)30596-2/sref51
https://doi.org/10.1016/j.jtte.2018.05.004
https://doi.org/10.1016/j.jtte.2018.05.004

	Assessment of traffic performance measures and safety based on driver age and experience: A microsimulation based analysis  ...
	1. Introduction
	2. Literature review
	2.1. Driving behavior, risk propensity, and age
	2.2. Microscopic simulation and driving behavior
	2.3. Traffic safety and conflict analysis

	3. Microscopic simulation application
	3.1. Study area and data
	3.2. Simulation model
	3.3. Simulation runs
	3.4. Conflict analysis
	3.5. Comparison of conflict analysis with real-life crash data

	4. Results
	4.1. Traffic performance analysis
	4.2. Conflict analysis
	4.3. Comparison of conflict analysis with real-life crash data

	5. Conclusions
	Conflict of interest
	Acknowledgments
	References


