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Abstract: This study aims to examine the differences in drivers’ reaction time (RTs) while driving on
horizontal curves and straight roadway segments, among different driver classes, and in different
driving environments to better understand human driver behavior in typical car-following situations.
Therefore, behavioral measures were extracted from naturalistic car-following trajectories to estimate
the RT. The RT was estimated for two stimulus–response pairs, namely, the speed–gap and relative
speed–acceleration pairs, by using the cross-classification method. The RT was estimated separately
for each driver and aggregated based on location and based on driver class. The results reveal that
drivers’ RTs on curves are consistently higher than their RTs on straight segments, and this difference
is statistically significant. The comparison between normal drivers and aggressive drivers indicates
that regardless of the location, aggressive drivers have a significantly longer RT than normal drivers,
as aggressive drivers can accept closer gaps and higher relative speed. Also, cautious drivers have a
longer RT compared with normal drivers; however, the difference is not significant in most cases.
Furthermore, cautious and normal drivers have longer RTs on curves compared with their RTs on
straight segments. Additionally, the RT on rural horizontal curves is longer than the RT on urban
curves, yet the differences are insignificant.

Keywords: reaction time; horizontal curves; naturalistic driving; driver behavior; autonomous
vehicles; car following; aggressive driving; human factors

1. Introduction

Car-following behavior modeling is essential to understanding and simulating human
driver behavior and to emulating safe human driver behavior while transitioning to a
fully autonomous vehicle (AV) environment and can also contribute to sustainable traffic
safety, which is a pillar of sustainable transport. Accordingly, numerous studies have
followed various approaches to developing car-following models by using mathematical
formulations [1–4] or machine learning techniques [5–7]. The literature has recognized that
one of the important human factors that impacts the reliability of car-following models
and affects traffic dynamics microscopically and macroscopically is driver reaction time
(RT) [8–12]. Therefore, huge research efforts have attempted the integration of RT into
car-following model development [2,5,13–17]. In addition to car-following modeling, RT is
an essential element in highway geometric design [18] and traffic signal design [19].

A driver’s RT (or reaction delay) is defined in the car-following modeling literature
as the time lag of a response to its stimulus [16]. In other words, the RT is the time that
elapses from the presence of a stimulus (i.e., perception) to the driver’s foot hitting the
pedal (either the brake or gas pedal) (i.e., physical response) [20–23].

Although some studies have acknowledged the heterogeneous nature of driver behav-
ior while developing car-following models [13] and the variation in driver RT due to traffic
conditions changes [24], the typical RT (i.e., non-emergency RT) is implicitly assumed to
be unaltered with surrounding infrastructure changes. However, previous studies have
revealed that a change in the surrounding infrastructure can significantly impact driver
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behavior [25,26]. One of the critical changes in the surrounding infrastructure that a driver
can face is the transition from driving on a straight roadway segment to a horizontal curve
(HC). Generally, HCs should be designed to ensure that drivers travel across a horizontal
alignment safely and conveniently. Nonetheless, drivers could experience higher visual
demands during HC entry and navigation [27], in addition to higher discomfort levels that
will impact their behavior [28]. Moreover, drivers on HCs will be exposed to an additional
mental workload that can impact their behavior and their safety [29–31].

Therefore, this study aims to investigate the change in driver non-emergency RTs
during typical car-following situations on HCs. To reach this goal, the following objectives
should be achieved:

1. Examine the differences in driver RTs while driving on straight segments and HCs
(intra-driver heterogeneity).

2. Investigate the differences in various driver classes (i.e., cautious, normal, and aggres-
sive drivers) on straight segments and HCs (inter-driver heterogeneity).

3. Explore the change in RT in different driving environments (i.e., urban and rural).

Intra-driver heterogeneity is defined in this study as the diversity in driver behavior or
performance, specifically when it pertains to RT, among different drivers. This heterogeneity
is examined among different driver groups (i.e., cautious, normal, and aggressive). On
the other hand, inter-driver heterogeneity is defined here as the divergency that the same
driver exhibits when driving in different contexts, such as straight segments vs. HCs and
rural vs. urban areas.

The following vehicle’s location, speed, acceleration, gap, and the relative speed
between the leading and the following vehicles were extracted from a total of 7483 car-
following trajectories. These parameters were used as stimulus–response pairs to estimate
the RT for each car-following situation by using the cross-correlation method, which is a
commonly used method to estimate RT for car-following model development [16,32–35].
The RT was separately estimated for straight segments and HCs and based on various
segment lengths of the car-following trajectory (i.e., 5, 8, and 10 s for the car-following
trajectory, as well as the whole trajectory as one segment). Also, the RT was estimated for
each driver in the dataset, and based on the driver classification reported in [26], the RT of
different driver classes (i.e., cautious, normal, and aggressive drivers) were compared by
using statistical testing. Furthermore, the RT change in different driving environments (i.e.,
urban and rural) was assessed.

2. Previous Work

Driver RT has been considered in several areas of transportation research, including
but not limited to distracted driving [36,37], driver impairment [38,39], traffic safety for
the aging population [40,41], reliability-based design [42,43], and cut-in behavior [44]. In
addition to these areas, RT was included and investigated in different forms in several
studies for emergency braking situations and forward collision warning/avoidance system
development [45–48]. On the other hand, non-emergency RT is an integral component
of typical car-following models. Since this study focuses mainly on RT in typical car-
following situations, this section will present some examples related to car-following model
development and how RT is considered in these models.

Zhou et al. proposed a recurrent neural network model to predict traffic oscillation
behavior under stop-and-go conditions. To account for RT in the model, multiple behavioral
measures (e.g., relative speed, following vehicle’s speed, gap, etc.) at a 0.1 s time step were
prepared as inputs to the model [49]. Khodayari et al. (2012) proposed a modified neural
network model to predict the following vehicle’s acceleration in car-following situations.
The instantaneous RT, which was estimated based on a stimulus–response idea, was
considered an input to the proposed model [5]. Also, Yao et al. considered a constant RT
value for three car-following cases while investigating the interactions between connected
automated vehicles and human-driven vehicles [10].
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Yang and Peng (2010) proposed a stochastic car-following model that can generate
nominal and erroneous driver behavior. The reaction delay was included as a source of
driver error in addition to another two sources (i.e., human perceptual limitation and
distraction). Although the reaction delay was acknowledged in the model by a stochastic
function, roadway alignment was not considered [50]. Davis (2003) proposed a modification
to the optimal velocity car-following model to incorporate driver RT. This modification
eliminates the unphysical short-period oscillations of vehicle velocity due to short RT in
this type of car-following model [51].

Moreover, Harth et al. (2022) incorporated the human reaction delay into a long short-
term memory-based car-following model. Although the model has an input variable for
HCs, the model is based on a fixed RT (one second). The model also accounts for differences
between drivers, and the study compared the results with other car-following models [52].
Aghabayk et al. highlighted the significant influence that heavy vehicles can have on the
car-following behavior between heavy vehicles and passenger cars including the RT. The
RT was found to have its highest value when car following included two heavy vehicles;
conversely, the RT with two passenger cars in a car-following situation had its lowest value.
This change in RT, in addition to the variation in other measures (e.g., acceleration, space
and time headway, etc.), can significantly impact [53] car-following model thresholds [54].

Zhang (2014) investigated the nature of multianticipative car following by using
a multiple linear regression approach. To interpret this behavior in congested traffic
conditions, the RT was investigated [33]. Xie et al. studied the heterogeneity in car-
following behavior and among driver classes by analyzing various parameters, including
RT. It was concluded that RT changes from one class to another based on aggressiveness
and sensitivity [34]. Also, Ding et al. used RT to propose a driver identification method
that models the driver’s internal stochasticity [35]. On the other hand, some studies
proposed car-following decision-making models by using deep reinforcement learning or
developing a multivariant modeling framework by using a coupled hidden Markov model
and comparing the similarities of different driving styles based on naturalistic driving data,
yet these studies indirectly considered the RT through some modeling assumptions [55,56].

Although RT is recognized as a fundamental factor in the development of car-following
models, the impact of horizontal alignment change (i.e., HCs) on RT has not been explicitly
examined. For example, HC was included in car-following model development, but the RT
was fixed and limited to one second [52]. On the other hand, while the variability in RT was
considered [5,55], the impact of HCs on the RT was not considered. Therefore, this study
sheds light on the impact of the change in RT on HCs compared with straight segments
across different driver classes.

3. Materials and Methods
3.1. Data Description

Naturalistic driving study (NDS) data have been identified as a reliable data source
when studying driver behavior and human factors. These data record drivers’ actual
behavior and performance measures while driving in different environments (e.g., rural,
urban, free flow, congestion, etc.) and in various situations (e.g., car following, lane
changing, driver distraction, etc.), considering all network features and infrastructure (e.g.,
intersections, HCs, tunnels, etc.). Therefore, this study uses an NDS dataset to compare
normal driver RT on straight segments versus HCs. The NDS dataset used in this study
comes from Safety Pilot Model Deployment (SPMD), which is a data collection effort under
real-life conditions in Ann Arbor, Michigan, US [57,58]. The dataset was collected from
host vehicles equipped with Integrated Safety Devices (ISDs). Each second, the ISD unit
recorded data including position and GPS details (e.g., latitude, longitude, elevation, speed,
and GPS-based data fidelity measures) and driver behavior data (e.g., braking status, speed,
yaw rate, and acceleration). In addition, the dataset contains radar data collected from the
ISD unit. The radar data provide information about the detected vehicle type (e.g., light
vehicle, heavy vehicle, bike, pedestrian, or unclassified), status (i.e., moving and on the
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path), the distance from the host vehicle, and the speed relative to the object in front of the
host vehicle [57,59]. This dataset has been used in several driver behavior and car-following
modeling studies [56,60,61]. For more details about the dataset used in this study, readers
are directed to [26,46,60–62].

3.2. Car-Following Period Extraction and Preparation

In order to estimate the RT for drivers, first, the NDS dataset was filtered; then, the
car-following periods were identified and extracted. The main goal of this process was to
ensure that the leading and following vehicles were moving and following each other in
the same lane during the entire car-following period. The following steps summarize the
data preparation and car-following period extraction process.

1. Preparing and filtering the data:

(a) We removed all invalid GPS points and invalid radar data points.
(b) We removed all sensed object types, except those which were recognized as

light vehicles (i.e., passenger cars). For instance, the objects that were detected
as bikes, pedestrians, and heavy vehicles (i.e., trucks) were removed. This
was performed as this study focuses on interactions of drivers of light vehicles
and since car-following-truck behavior is different from car-following-car
behavior [54,63].

2. Car-following period extraction criteria were adapted from previous studies that
have dealt with car-following modeling [13,64], and these criteria are summarized
as follows:

(c) The leading vehicle ID remained the same for 15 s at least during the car-
following period.

(d) The maximum range between the following and leading vehicles was 120 m to
avoid free-flow conditions.

(e) The maximum lateral distance between the following and leading vehicles was
2.5 m to ensure that both were in the same lane.

(f) The maximum speed during the car-following period was more than 20 km/h
to avoid having the entire car-following period in a stop-and-go condition.

After extracting the car-following events, the Hampel filter was applied to the behav-
ioral measures used in this study, including the following vehicle’s speed and acceleration
and the relative speed and distance between the following and leading vehicles [65,66] to
remove any noise that may exist in these behavioral measures.

A total of 7483 car-following periods were extracted for all the drivers in the dataset.
The minimum, average, and maximum length of these car-following periods were 15, 36.9,
and 318.9 s, respectively. To facilitate the comparison between the drivers, any driver
that had less than 10 car-following periods regardless of the length of the car-following
periods was excluded. Accordingly, 55 drivers (out of 63 drivers) were qualified for further
180 investigations in this study. Among the extracted car-following periods, by using
ArcGIS 10, 357 car-following situations were identified to occur on HCs with minimum,
average, and maximum lengths of 5, 15.3, and 67.2 s, respectively. A minimum of 5 s of
car-following was accepted as long as these curve-related 5 s segments were portions of a
car-following period that lasted 15 s or more.

The identified 357 curve-related car-following trajectories occurred on 43 horizontal
curves (including 10 curves in an urban context and 33 curves in a rural context). The
average radius of the rural curves was about 900 m and 300 m for the urban curves. The
car-following periods processed in this study did not have any evasive maneuvers [67],
which is evident in the following summary statistics of the acceleration values:

• The average acceleration was 0.525 m/s2, and the standard deviation was 0.298 m/s2;
• The maximum acceleration was 5.13 m/s2;
• The average deceleration was −0.483 m/s2, and the standard deviation was 0.297 m/s2;
• The maximum deceleration was −6.54 m/s2.
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3.3. Reaction Time Estimation

Due to the importance of driver RT estimation, several methods have been used in the
literature for this purpose. For example, Gurusinghe et al. proposed a graphical method to
measure the RT manually between a local minimum/maximum relative speed value and
the following local minimum/maximum acceleration value [68]. This method was used
by [69] to assess the impact of forward collision warning on RT. However, this method is
inefficient in terms of processing and extraction time, as highlighted by [69]. Also, Ma and
Andreasson introduced spectrum analyses to estimate the RT; however, this method was
inefficient when dealing with narrow-band time series (e.g., relative speed), in addition to
its higher difficulty level to be applied and validated in practice [21].

On the other hand, one of the most commonly used RT estimation methods that are
applied to NDS for car-following behavior modeling is the cross-correlation method. This
method was introduced by [16,70] and used in various car-following modeling efforts, such
as [6,32–35]. Also, previous research has highlighted that this method is more efficient when
dealing with relative speed (or narrow-band signals) compared with spectrum analysis [21].

To estimate the RT on HCs and straight segments, the cross-correlation method was
adopted in this study. The cross-correlation method estimates the RT by identifying the time
lag at which the highest cross-correlation coefficient between stimulus–response time series
can be obtained. It is worth noting that the estimation of RT includes both acceleration and
deceleration maneuvers. To find this time lag, the cross-correlation coefficient is calculated
for several artificial time lags that are applied between both time series (i.e., stimulus–
response time series). The cross-correlation method can be summarized in the following
equations starting with the cross-correlation function, which can be formulated in the
following form in Equation (1), and the correlation coefficient, which can be formulated as
shown in Equation (2).

Rxy (T) = E[x(t)y(t + T)] (1)

where Rxy (T) is the cross-correlation function, E [] is the expectation function, x(t) is the
stimulus time series, y(t + T) is the response time series, and T is the time lag in seconds,
while the cross-correlation coefficient is calculated according to the following equation:

ρxy (T) = (Rxy (T) − µx µy)/(σx σy) (2)

where ρxy (T) is the cross-correlation coefficient, and µ and σ are the mean and standard
deviation of the stimulus (x) and response (y) series. The reaction time (RT) is defined as
the time lag that has the maximum correlation between the stimulus–response time series
and can be described by the following equation:

RT = T|max(ρxy (T)), 0.4 ≤ T ≤ 3 (3)

As presented in Equation (3), the time lag range adopted here is between 0.4 and 3 s,
since the RT has been estimated to fall within this range in previous studies [6,32,70–72]. For
stimuli and responses, previous studies have used relative speed and the acceleration of the
following vehicle as a stimulus–response pair to estimate the RT [5,6,16,32,73], while other
studies have used the speed–gap (i.e., following distance) pair for the same purpose [74,75].
Therefore, both pairs (i.e., relative speed–acceleration and speed–gap) were explored in this
study to capture any potential difference in the estimated RT due to the stimulus–response
pair that has been used.

To capture the time-varying nature of RT, Ma and Qu suggested applying the cross-
correlation method on smaller segments of the extracted car-following trajectory and
estimating the RT for each of these smaller segments. The lengths of these segments were
selected to be 5, 8, and 10 s [6]. For the purpose of this study, Ma and Qu’s method was
adopted in addition to applying the cross-correlation method on the whole car-following
trajectory without any segmentation. Based on this segmentation, part of the trajectory
segment may fall within an HC, while the rest of the trajectory segment falls on the tangent,
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as shown in Figure 1. Therefore, the RT for a trajectory segment is identified as the RT on
an HC if the percentage of the trajectory segment that falls within this curve is equal to
or higher than a specific threshold percentage. To examine the impact of this percentage
on the RT, the threshold percentage was selected to range from 100% to 30% with a 10%
increment. For example, if 65% of the trajectory segment length falls within an HC and the
threshold is set to 60%, then the RT estimated for this trajectory segment is considered the
RT on an HC.
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Furthermore, the impact of the driver class (i.e., cautious, normal, or aggressive) on RT
was explored by calculating the average RT for each driver and statistically comparing the
RT between driver classes. This study adopted the driver classification results that were
published in [26], which used the same dataset.

Finally, the change in the RT on HCs in rural and urban areas was also examined in
this study. A speed limit of 35 mph was established as the primary criterion to distinguish
between urban and rural HCs. In other words, if the posted speed limit on an HC was
higher than 35 mph, then it was considered a rural HC and vice versa.

4. Results
4.1. Reaction Time on HCs and Straight Segments

To investigate the difference in driver RT on HCs and straight segments, the two-
sample Anderson–Darling (AD) test [76] was used. The null hypothesis was that the
RT values on HCs and straight segments were from the same continuous distribution.
The RT estimation in the literature uses gap–speed and relative speed–acceleration as
stimulus–response pairs. To be consistent with previous work, this study estimated the
RT for each pair (i.e., gap–speed and relative speed–acceleration), and the results of the
RT estimation are reported in Table 1. The RT estimation was characterized by the mean,
standard deviation (STD), and 85th-percentile values for both straight segments and HCs.
Also, the RT was estimated for each trajectory segment length (i.e., 5, 8, and 10 s), in
addition to the whole trajectory without segmentation, as shown in Table 1. Moreover, the
RTs were estimated for each percentage of the car-following trajectory occurring within the
HC (i.e., 30% to 100% with an increment of 10%) for each segment length as reported in
the table.
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Table 1. Estimated RTs on straight roadway segments and HCs.

Trajectory Segment Length Curve %

Gap–Speed Pair Relative Speed–Acceleration Pair

Straight Segment Curve
p-Value

Straight Segment Curve
p-Value

Mean STD 85% Mean STD 85% Mean STD 85% Mean STD 85%

5 s

100% 1.82 0.78 2.70 1.78 0.79 2.70 0.475 1.76 0.82 2.70 1.84 0.79 2.70 0.013 *

90% 1.82 0.78 2.70 1.78 0.79 2.70 0.467 1.76 0.82 2.70 1.83 0.80 2.70 0.018 *

80% 1.82 0.78 2.70 1.79 0.79 2.70 0.536 1.76 0.82 2.70 1.84 0.80 2.72 0.013 *

70% 1.82 0.78 2.70 1.79 0.78 2.70 0.469 1.76 0.82 2.70 1.83 0.80 2.78 0.013 *

60% 1.82 0.78 2.70 1.80 0.78 2.70 0.727 1.76 0.82 2.70 1.83 0.80 2.70 0.012 *

50% 1.82 0.78 2.70 1.82 0.79 2.70 0.792 1.76 0.82 2.70 1.82 0.80 2.70 0.022 *

40% 1.82 0.78 2.70 1.82 0.79 2.70 0.705 1.76 0.82 2.70 1.82 0.80 2.70 0.028 *

30% 1.82 0.78 2.70 1.83 0.79 2.70 0.596 1.76 0.82 2.70 1.81 0.80 2.70 0.025 *

8 s

100% 1.74 0.77 2.70 1.77 0.74 2.70 0.561 1.67 0.79 2.60 1.68 0.79 2.60 0.863

90% 1.74 0.77 2.70 1.77 0.74 2.70 0.509 1.67 0.79 2.60 1.68 0.79 2.69 0.836

80% 1.74 0.77 2.70 1.78 0.74 2.70 0.423 1.67 0.79 2.60 1.68 0.78 2.60 0.842

70% 1.74 0.77 2.70 1.78 0.74 2.66 0.392 1.67 0.79 2.60 1.68 0.79 2.66 0.894

60% 1.74 0.77 2.70 1.78 0.74 2.70 0.289 1.67 0.79 2.60 1.68 0.79 2.70 0.863

50% 1.74 0.77 2.70 1.77 0.74 2.70 0.402 1.67 0.79 2.60 1.68 0.79 2.70 0.884

40% 1.74 0.77 2.70 1.77 0.74 2.70 0.325 1.67 0.79 2.60 1.68 0.79 2.70 0.809

30% 1.74 0.77 2.70 1.78 0.75 2.70 0.300 1.67 0.79 2.60 1.69 0.78 2.70 0.634

10 s

100% 1.73 0.75 2.60 1.84 0.73 2.70 0.129 *** 1.70 0.77 2.60 1.70 0.75 2.60 0.886

90% 1.73 0.75 2.60 1.84 0.75 2.70 0.110 *** 1.70 0.77 2.60 1.71 0.77 2.60 0.913

80% 1.73 0.75 2.60 1.85 0.75 2.74 0.049 * 1.70 0.77 2.60 1.72 0.76 2.60 0.756

70% 1.73 0.75 2.60 1.84 0.76 2.80 0.054 ** 1.70 0.77 2.60 1.73 0.77 2.60 0.614

60% 1.73 0.75 2.60 1.85 0.75 2.70 0.027 * 1.70 0.77 2.60 1.70 0.76 2.60 0.724

50% 1.73 0.75 2.60 1.85 0.76 2.80 0.012 * 1.70 0.77 2.60 1.70 0.78 2.60 0.830

40% 1.73 0.75 2.60 1.83 0.76 2.70 0.039 * 1.70 0.77 2.60 1.68 0.78 2.60 0.578

30% 1.73 0.75 2.60 1.83 0.77 2.70 0.033 * 1.70 0.77 2.60 1.69 0.78 2.60 0.735

Whole trajectory - 1.62 0.73 2.50 1.75 0.78 2.67 0.010 * 1.71 0.72 2.60 1.75 0.71 2.60 0.458
* Significant at 95% confidence level. ** Significant at 90% confidence level. *** Significant at 85% confidence level.
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For the gap–speed pair, as shown in Table 1, the RT on HCs was higher than the RT
on straight segments except for the trajectory segment length of 5 s. For the 5 s segment
length, although the RT on curves was slightly higher than the RT on straight segments in
most of the cases, the differences between the RTs on straight segments and curves were
not significant according to the AD test. For all the cases, the 85th percentile of the RT on
curves was either equal to or higher than the RT on straight segments. For trajectories
with a segment length of 10 s, there were significant differences between the RT on straight
segments and HCs for almost all the cases at different confidence levels, as shown in Table 1.
When estimating the RTs for the whole trajectory without any segmentation, there was a
significant difference between the RT on straight segments and HCs at a 95% confidence
level. Moreover, the 85th-percentile RT on HCs was substantially higher than the RT on
straight segments, as shown in Table 1. Furthermore, there was a decrease in the RT values
on straight segments when the trajectory length increased. For example, for the gap–speed
pair, the mean RT was 1.73 s for the trajectory length of 10 s, while it was decreased to
1.62 s when the RT was estimated for the whole trajectory. On the other hand, for HCs, this
pattern was not as consistent as noticed for straight segments. Nonetheless, the mean RT
for the 5 s trajectory length was longer than the mean RT for the whole trajectory in both
cases. This observation agrees with what was reported in the literature when estimating
the RT for different trajectory segment lengths [6].

On the other hand, for the relative speed–acceleration pair, the estimated mean, STD,
and 85th percentile of the RTs are shown in Table 1. For all the cases of the 5 s trajectory
segment lengths, the estimated RTs on HCs were significantly different, at a 95% confidence
level, and higher than the RTs on straight segments. Also, the 85th-percentile values for
the RTs on HCs were equal to or higher than the values on straight segments. The same
trend was noticed for trajectories with the 8 s segment length; however, the differences
were not statistically significant. For the 10 s segment lengths, the mean RTs on HCs were
either equal or higher than the RTs on straight segments for almost all the cases, except for
when only 40% or 30% of the trajectory fell within the HC, as shown in Table 1. In these
two cases (i.e., 40% and 30% of the trajectory were within the HC boundaries), the mean
RTs on HCs were marginally shorter than the mean RTs on straight segments. Furthermore,
the 85th-percentile RT values on curves were equal to or higher than the 85th-percentile
RT on straight segments. For the RT that was estimated for trajectories as a whole, despite
the difference being statistically insignificant, the mean RT on HCs was higher than the
mean RT on straight segments, and the 85th percentiles were the same for curves and
straight segments.

4.2. Reaction Time for Different Driver Classes

The differences in RT for different driver classes (i.e., cautious, normal, and aggressive)
were explored in this study based on the results reported by Tawfeek and El-Basyouny [26].
According to Tawfeek and El-Basyouny [26], three different classes are identified for this
dataset, including Groups 1, 2, and 3, which represent cautious, normal, and aggressive
drivers, respectively. The mean RT was calculated for each of these three groups, as shown
in Table 2, for both stimulus–response pairs. Moreover, the AD test was used to compare
the RT between cautious and normal drivers and between normal and aggressive drivers.
It is worth mentioning that the mean RTs for the driver classes were calculated on straight
segments only for the 5, 8, and 10 s trajectory segment lengths. Moreover, the mean RTs
for the three groups were calculated for the whole trajectory on straight segments and the
whole trajectory on HCs.
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Table 2. Mean RTs for gap–speed pair for different driver classes.

Trajectory Segment Length

Gap–Speed Relative Speed–Acceleration

Driver Class p-Value Driver Class p-Value

Cautious
(Group 1)

Normal
(Group 2)

Aggressive
(Group 3) 1 vs. 2 2 vs. 3 Cautious

(Group 1)
Normal

(Group 2)
Aggressive
(Group 3) 1 vs. 2 2 vs. 3

5 s (straight segments) 1.72 1.79 1.88 0.102 ** 0.022 * 1.76 1.69 1.81 0.342 0.022 *

8 s (straight segments) 1.64 1.68 1.83 0.619 0.012 * 1.62 1.62 1.76 0.730 0.004 *

10 s (straight segments) 1.63 1.68 1.79 0.370 0.053 ** 1.63 1.67 1.77 0.539 0.134

Whole trajectory (straight
segments only) 1.46 1.54 1.73 0.057 ** 0.022 * 1.51 1.65 1.87 0.118 0.020 *

Whole trajectory
(curves only) 1.71 1.73 1.79 0.979 0.888 1.78 1.80 1.87 0.842 0.667

p-Value (straight segments
vs. curves) 0.048 * 0.013 * 0.450 - - 0.032 * 0.027 * 0.179 - -

* Significant at 95% confidence level. ** Significant at 90% confidence level.
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As shown in Table 2, the mean RTs for aggressive drivers were consistently higher
than for the other two classes (i.e., cautious and normal) for all the cases. Furthermore, the
difference between the aggressive and normal driver groups was statistically significant
for all the examined trajectory segment lengths at a 95% confidence level according to
the AD test, except for the 10 s trajectory segment length. In this case, the difference was
significant at a 90% confidence level for the gap–speed pair and at an 85% confidence
level for the relative speed–acceleration pair. Moreover, the difference between these two
driver groups (i.e., normal and aggressive) was statistically significant at a 95% confidence
level when the whole trajectory (i.e., without segmentation) on segments is examined. On
the other hand, the differences between the normal and cautious driver groups were not
statistically significant, except for the case of the whole trajectory on segments for the
gap–speed pair. Despite these insignificant differences, the normal driver group had higher
mean RTs compared with the cautious drivers, except for the 5 and 8 s trajectory segment
lengths for the relative speed–acceleration pair.

Furthermore, each driver group had longer RTs on HCs compared with straight
segments. The difference in RT was statistically significant at a 95% confidence level for all
the groups except for the aggressive drivers, as shown in Table 2. This finding confirms that
driver RT when driving on HCs is longer than their RT when driving on straight segments
regardless of the driver class.

4.3. Reaction Time on HCs in Rural and Urban Areas

The RTs aggregated based on different trajectory segment lengths (i.e., 5, 8, and 10 s)
and for the whole trajectory within an HC were estimated. Table 3 summarizes the results
for RTs in rural and urban areas, including mean, standard deviation, and 85th percentile
for both stimulus–response pairs. As shown in the table, there were differences between
the RTs in rural and urban environments; however, these differences were not statistically
significant according to the AD test, except for the 10 s trajectory length for the gap–speed
pair. In most cases, the RTs on HCs within the rural environment were higher than in the
urban environment based on the mean and the 85th-percentile values.



Sustainability 2024, 16, 6182 11 of 16

Table 3. Mean RTs on HCs in rural and urban areas.

Trajectory Segment Length

Gap–Speed Relative Speed–Acceleration

Rural Urban
p-Value

Rural Urban
p-Value

Mean STD 85% Mean STD 85% Mean STD 85% Mean STD 85%

5 s 1.74 0.80 2.70 1.83 0.78 2.79 0.343 1.87 0.78 2.80 1.81 0.80 2.70 0.421

8 s 1.82 0.76 2.70 1.70 0.71 2.60 0.209 1.68 0.75 2.50 1.67 0.83 2.70 0.657

10 s 1.98 0.69 2.72 1.60 0.74 2.40 0.006 * 1.77 0.74 2.60 1.61 0.76 2.60 0.191

Whole trajectory
(curves only) 1.73 0.81 2.70 1.77 0.74 2.60 0.513 1.77 0.71 2.60 1.74 0.71 2.60 0.757

* Significant at 95% confidence level.
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5. Discussion

Based on the results presented earlier, the RT values can change based on the car-
following trajectory length, the stimulus–response pairs used, roadway alignment (i.e.,
HCs or straight segments), driver class (i.e., cautious, normal, or aggressive), and driving
environment (i.e., rural or urban). Despite these changes in RT values, the RT was noticed
to be consistently longer on HCs compared with straight segments. The mean values
of the RTs on HCs were up to 8% higher than the RT on straight segments, and the RT
85th-percentile values on HCs were up to 8% higher than on straight segments. This finding
implies that drivers need a longer time to react to a stimulus when driving on HCs. The
reason behind this longer RT on HCs may be attributed to a higher mental workload and
the complex alignment of HCs compared with straight segments.

For the RT estimation parameters, the variation in RT values between different car-
following trajectory lengths considering the same stimulus–response pair was considerable
and statistically significant in some cases; for example, the RTs for the 5 s trajectory length
and the whole trajectory for the same stimulus–response pair were statistically different.
This means that the selection of the trajectory length during the estimation of RT should
be handled with caution and based on the application, as the estimation parameters (e.g.,
car-following trajectory length) can cause significant differences between the RT values, as
shown in Table 1. Also, the results show some differences in the mean RT values between
the gap–speed and relative speed–acceleration pairs for the same trajectory lengths. These
differences may be attributed to how sensitive each of these pairs is to driver reactions. In
general, the speed–gap pair can capture the differences in RT between HCs and straight
segments for longer trajectory segment lengths, such as 10 s and the entire trajectory. On
the other hand, the relative speed–acceleration pair captures these differences for shorter
trajectory segment lengths (i.e., 5 s). However, this relation should be investigated in more
depth, and it is not within the scope of this study.

On the other hand, the mean RT on HCs insignificantly changed due to the change
in the percentage of the trajectory length on curves. Nonetheless, the RT values on HCs
remained higher than the RT values on straight segments for all the examined percentages.
This finding shows that even if a small portion of a car-following period is on an HC, the
HC (i.e., the change in the horizontal alignment) has an impact on the driver’s RT, and this
impact is significant in some cases.

From a different perspective, when comparing the RTs of different driver classes (i.e.,
cautious, normal, and aggressive), the results show that the RT of aggressive drivers was
typically longer than that of the other two groups regardless of the roadway alignment
or trajectory segment lengths. This observation can be interpreted as aggressive drivers
tending to delay their responses as they allow for shorter following distances and higher
relative speeds. This is unlike cautious drivers, who respond to a stimulus quickly to avoid
close proximity to a leading vehicle. This finding is consistent with previous research,
which showed that cautious drivers have shorter RTs [69]. Also, the results show that all
driver classes had consistently longer RT on HCs compared with straight segments. The
differences in RT on HCs and straight segments were significant for cautious and normal
drivers but insignificant for aggressive drivers.

Finally, the driving environment (i.e., urban and rural) of HCs may have an impact on
RT. Despite the insignificant impact of the driving environment on RT, the estimated RTs
on rural HCs were higher compared with the RT on urban HCs.

6. Conclusions

This study investigated the differences in driver RT on straight segments and HCs
(i.e., intra-driver heterogeneity). The results show that there are differences between the RT
estimated on HCs compared with the RT estimated on straight segments. Generally, the RT
on HCs was up to 8% longer than the RT on straight segments. This study also analyzed
the differences in RT among different driver classes (i.e., cautious, normal, and aggressive)
on straight segments and HCs (inter-driver heterogeneity). The results reveal that the mean
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RT on HCs was significantly longer than the mean reaction on straight segments for all
driver classes. Moreover, aggressive drivers had the longest RT compared with other driver
classes. Furthermore, the study examined the change in RT in rural and urban HCs, and
the results show that the RT on rural HCs was longer than the RT on urban HCs.

In summary, the main contributions of this study are as follows:

• Highlighting the difference between RT on straight segments and RT on horizontal
curves (intra-driver heterogeneity). It is crucial to consider this change in RT on HCs in
different aspects of transportation engineering. For example, transportation engineer-
ing professionals widely acknowledge that the RT default value is 2.5 s [18]. However,
based on the 85th percentile of the RT reported in this study, the RT can exceed this
standard value by 4–12% on HCs, which may lead to a potentially risky situation. Us-
ing a shorter RT than what the driver’s need is can result in a shorter braking distance,
which in turn results in a shorter-than-needed stopping sight distance from a driver’s
perspective. Hence, considering the findings of this study can directly contribute to
sustainable safe roads that consider the variation in human driver behavior.

• Recognizing the changing nature of RTs for the same driver and from one driver to
another while developing these car-following models (inter-driver heterogeneity),
given the fact that RT is a fundamental component in car-following modeling.

• Leveraging the development of CAV applications, especially in the transition period
when human-driven vehicles are still on the road. The estimated values in this study
can be used within these CAV applications by acknowledging that the surrounding
human-driven vehicles can be delayed in their response to a stimulus on HCs, which
will contribute to the reliability of these applications.

On the other hand, as part of future research, the sensitivity of each of the used
stimulus–response pairs to driver reactions on HCs should be investigated in more depth.
Also, the change in RT due to the change in the traffic characteristics on HCs (including
AADTs and peak-hour volumes) should be analyzed. The data used in this study were col-
lected under clear weather conditions; therefore, the impact of different weather conditions
on RT on HCs should be assessed in the future.
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