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Human-related factors are a crucial inducement of traffic accidents. Understanding the influence of freeway environments on the
driving behavior and workload experienced by drivers has been demonstrated to be of primary importance for improving traffic
safety. To study the effect of alignment, traffic flow, and sign information on drivers’ mental workload and behavior, 16 scenarios
were constructed using the orthogonal design method, and simulated driving experiments were carried out with 45 participants.
During driving, indicators such as the mean and standard deviation of vehicle speed and lane departure were collected, and the
NASA-TLX questionnaire was adopted to measure workload. Analysis of variance results indicated that the radius of the
horizontal curve, gradient, flow, and sign information level have a significant influence on drivers’ workload and speed keeping
ability. In addition, the horizontal curve radius has a significant effect on lane keeping ability.(e importance of safety influencing
factors on driving workload and performance was quantitatively ranked by integrating the trend of Deng’s correlation degree,
comprehensive correlation degree, and similar correlation degree, whose weight was calculated using the entropy method. Traffic
sign information was found to have the greatest impact on workload. In terms of driving performance, traffic volume has the
greatest influence on the mean and standard deviation of vehicle speed, followed by the amount of sign information. Lane
departure is most affected by the radius of the horizontal curve. (ese findings provide guidance for freeway traffic safety
regulation, including workload control and road facility optimization.

1. Introduction

Statistics of road traffic accidents show that 80% of accidents
and 65% of dangerous driving conditions are directly or
indirectly caused by human factors, and that the driver has
no obvious illegal and subjective errors in 41% of these
accidents [1]. In 1988, John [2] proposed the concept of
mental workload, also known as mental load or cognitive
load, and noted that the cognitive process of information will
consume the memory resources of the brain and cause a
certain workload. Extended to the field of transportation,
driving workload is considered to be a measure of mental
resources occupied by a series of activities related to driving

tasks, such as receiving external stimuli, rapidly processing
information and forming a clear judgment [3]. Mental
workload can be defined as the ratio between the capacity of
the information processing system needed to correctly
perform the task and the amount of available attentional
resources [4]. From the driver’s point of view, every driving
event provokes a specific level of workload depending on its
complexity and the road environment, such as road design,
road layout, and traffic flow [5].

Mental workload is a multifaceted concept, and the
measures available for the assessment of workload can be
grouped into three categories: subjective, physiological, and
performance. Subjective measures rely on the assumption

Hindawi
Journal of Advanced Transportation
Volume 2021, Article ID 6566207, 11 pages
https://doi.org/10.1155/2021/6566207

mailto:lnc@whut.edu.cn
https://orcid.org/0000-0002-0926-9140
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2021/6566207


that workload effectively experienced by consulted drivers is
the most accurate judgment, which is collected after the task
without interference to the driving. One of the most com-
mon self-report questionnaires is the NASA-Task Load
Index (NASA-TLX) [6]. Physiological indexes can be real-
ized continuously through online evaluation of driving
workload based on the real-time observation through re-
cording medical device that comprises blood pressure, pulse,
heart rate, skin temperature, galvanic skin, EEG, and other
indicators [7]. Performance measures refer to drivers’ op-
eration behavior as an alternative indicator of mental load,
which potentially reflects the state of stress. Driving behavior
measurements include not only the analysis of the primary
task indicator but also the investigation of secondary ac-
tivities [8]. In general, the primary task measurement mainly
focuses on the driver’s operating characteristics for com-
pleting driving tasks in specific scenarios. In previous
simulation driving research, indicators such as vehicle speed,
reaction time, and the number of driver mistakes are often
used to measure performance. In field tests, characteristics
such as vehicle trajectory, steering wheel, accelerator, and
brake pedal control are considered [9]. Secondary task
measurement is often used when the driver needs to
complete multiple tasks.(ere are two main paradigms: task
loaded and subordinate task. Neng-Chao et al. [10] proposed
quantifying direction sign information via information
entropy theory and used different signs to load driving
workload, which was verified to be effective. Baldauf et al.
[11] studied the feasibility of perception time as a driving
workload evaluation index. Experiments show that the more
complex the driving environment, the longer the driver’s
reaction time to peripheral tasks, and the higher the
workload experienced.

Driving performance can not only be used as an eval-
uation index of workload [12] but also interact with driving
workload, because the perception and information trans-
mission of the road environment runs throughout the
driving process. To quantify the relationship between
driving workload and behavior, Ryu and Myung [13] pro-
posed a single-resource model. When the task demand
increases, the central nervous system increases the resource
supply so that the task can be better completed. When all
psychological events share the same cognitive resources,
each individual has a limited ability to process information.
Based on the single-resource model, Wiberg et al. [14] be-
lieve that there are different types of resources, such as visual
channels, auditory channels, information processing, and
response execution. If several tasks need to use the same
channel resources, the workload will increase. Consistent
with the Yerkes-Dodson law, Zokaei et al. [15] tracked
drivers’ physiological response and behavior under different
workload levels and found that to maintain the best driving
performance the workload should not be too high or too low.

Although driving workload and driving performance are
affected by the individual differences, strategies, and emo-
tions of drivers [16], the impact of the external traffic en-
vironment, which includes road alignment, flow, traffic
facilities, etc., is of greater concern to scholars. Among these
factors, road geometry undoubtedly plays a key role.

Complex road alignments, such as curves or slopes, have
been shown to demand more driver attention [17]. As the
uncertainty of the road ahead increases due to insufficient
viewing distance, drivers must allocate more attention re-
sources to collecting information and decision making,
which results in an increased driving workload [18]. Tight
horizontal radius curves associated with abrupt grade
changes, as well as compound curves, were identified as a
threat to the controllability of cars and can contribute to
severe crashes [19]. (e driver must adjust the vehicle speed
and lane offset to adapt to the alignment changes and even
use corner cutting action or continuous pedal control to
regulate the engine’s output power and braking force to
maintain driving stability [20]. Considering that pedal op-
eration on steep downhill sections can easily lead to an
increase in mental workload, Hu et al. [21] proposed de-
signing the definition standard of long and steep sections
based on driving demand to design long and vertical slope
sections from the driving needs to define standards, which is
conducive to improve the driving performance. In contrast,
few geometric changes combined with repetitive and
stimulus-free environments create a monotonous driving
experience that can lead to mind wandering and task dis-
engagement and subsequently affect drivers’ performance
[22].

It is widely known that there are limitations to the
amount of information humans can process; the more in-
formation displayed to a driver at one time, the more dif-
ficult it is for the driver to accurately process all of the
information [23]. Studies have shown that drivers’ recog-
nition time increases with increasing sign information, and
when the sign information reaches a certain threshold, the
recognition time will increase significantly [24]. Multiboard
signs present information more dispersedly, which requires
the drivers to search for longer periods of time to find the
target, which undoubtedly increases the task processing
demand [25]. In addition to a longer reaction time, a
complex visual environment will lead to a higher workload
and lower driving speed, as shown in simulated driving
conditions [26]. According to the comprehensive efficiency
of the cognitive response of road signs, the number of place
name thresholds of highway direction signs should be 6 to 7
[25, 27].

Traffic density is an important indicator of traffic com-
plexity. With an increase in traffic flow, drivers’ workload
shows a linear upward trend until the level of medium traffic
flow. When lane change occurs in front of the driver’s field of
vision, the driving workload increases; the closer the distance,
the greater the workload [28]. Similarly, Fitzpatrick [29]
found that compared with free driving, traffic congestion will
lead to an increased driving workload based on an analysis of
drivers’ attention and reaction time to the deceleration of the
car in front. In some special road sections, such as ramps,
vehicle interleaving conflict increases drivers’ lane offset and
deteriorates lane keeping capacity, resulting in increased
driving load [30]. Meanwhile, an increase in the number of
heavy trucks will lead to an increase in the psychological load
of adjacent drivers and an increase in safe distances between
vehicles [31].
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Previous studies have shown that during driving, drivers’
situational awareness, decision making, and vehicle oper-
ating capacity are limited [14]. Higher driving demands were
found to increase subjective workload levels and impair
performance, particularly through behaviors associated with
attention [32]. (e task capability interface model [33] poses
that the loss of control may occur when the demand of the
driving task is greater than the ability of the driver because
driver attention is probably detached from context driving
tasks, such as situational awareness, which results in per-
ception, decision making, and operational errors. Con-
versely, drivers who are in a state of low workload for long
periods of time are prone to drowsiness or distraction. Both
high and low levels of mental workload have been shown to
lead to inaccurate perceptions, low levels of attention, and
insufficient time for accurate information processing, which
are the main causes of road collisions [34]. (erefore, it is of
great significance to clarify the influence of driving envi-
ronment factors on mental workload and performance to
reduce traffic accidents and improve driving safety.

Road alignment, sign information, and traffic flow are
the most common components of freeways, and they can
interact and create complex traffic situations. Although the
impact of the external road environment on drivers has been
widely considered by scholars, there are few studies com-
paring the influencing factors. Currently, it is difficult to
determine how and which factors profoundly affect driving
workload and behavior. (erefore, the purpose of this study
was to study the influence of various road environmental
factors on drivers’ psychology and behavior on the basis of
previous research [35]. In current study, the L16(45) or-
thogonal experimental design was used to select represen-
tative points from the overall experiment, which reduced the
number of experiments and resulted in a small data sample,
and the reflected information was inaccurate and incom-
plete, with gray characteristics. Meanwhile, in view of the
disadvantage that the L16(45) orthogonal test cannot analyze
the interaction of various factors, the gray correlation
method has been proposed to quantitatively evaluate the
influence of the horizontal curve radius, longitudinal slope,
traffic flow, and sign information on driving workload and
performance, which is suitable for the analysis of uncertainty
problems with the characteristics of small sample size, ir-
regular data, lack of information, and insufficient experience
and has been widely used in the analysis of influencing
factors in various fields [36].

2. Materials and Methods

(e supplementary experiment was carried out on the basis
of a previous study [35]. (e number of subjects increased
from 11 to 45 in this research. More details of the experi-
mental design can be found in a previous study.

2.1. Experiment Design and Procedure

2.1.1. Apparatus. (e driving simulation platform devel-
oped by the Intelligent Transportation Systems Research
Center of Wuhan University of Technology was used to

conduct the experiment and collect the data, which were
composed of an instrumented vehicle and UC-win/road
software, as shown in Figure 1.

2.1.2. Subjects. (rough the supplementary experiment, the
number of subjects was increased to 45 due to equipment
failure, wherein one person data sample was removed, and
finally, a total of 44 subjects’ data were collected. Among
them, 39 are males and 5 are females. Participants ranged in
age from 22 to 62 years (M� 31.07± 9.78); participants had
held a valid driver’s license between 2 and 28 years
(M� 6.80± 6.37) and drove between 2 and 100 thousand
kilometers per year (M� 15.7± 19.0).

2.1.3. Scenario Design. (e present study focused on the
effect of radius, slope grade, traffic flow, and sign infor-
mation on driving workload and performance. Taking into
account the different levels of each factor, an orthogonal test
was designed according to the L16(45) orthogonal table,
which was used to reduce the number of trials. Finally, 16
simulated driving test scenarios were designed. More details
of the scene design parameters can be found in [35].

2.1.4. Procedure. Prior to testing, participants were asked to
read and sign an informed consent form, fill out a personal
information questionnaire, and confirm that they were in
good health and had no serious disease or serious accident
experience. By explaining the meaning of the NASA-TLX
scale and each question, we confirmed that each subject could
accurately evaluate the degree of driving workload experi-
enced under different scenarios after adaptation exercises,
which made them proficient in driving tasks. At the same
time, the participants were confirmed to have no vertigo or
other uncomfortable reactions through a pre-experiment.

(en, irrelevant personnel were required to leave the
simulation cab and turn off all communication tools to keep
the room quiet. (e subjects were reminded to choose a
comfortable driving posture and to maintain their driving
habits. Data acquisition began at this time. Before entering
the test section, experiment coordinators told the subjects
the destination and asked them to state the driving direction
of the destination when driving past the guide signs to
ensure that subjects were able to complete visual recognition
of the sign. After completing a test scene, the experiment
coordinator assisted the subjects in finishing the NASA-TLX
scale for the scene through oral questions.

To avoid the learning effect, driving scenarios were
randomly sorted. When all 16 test scenarios were completed,
the subjects were required to fill in the item paired com-
parison table of the NASA-TLX scale. Finally, the data
collection was turned off, and the data were stored.

2.1.5. Data Collection. In this study, two categories of data
were collected: subjective workload and vehicle motion. (e
NASA-TLX questionnaire was used to measure drivers’
subjective workload, which has been proven to be reliable for
measuring different workload levels [37]. After completing a
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certain test section, participants were asked to rate their
workload using the NASA-TLX questionnaire, which con-
sists of six subscales of workload (10-point rating scale):
mental demand, physical demand, temporal demand, per-
formance, effort, and frustration. (e overall NASA-TLX
workload score was calculated by multiplying each di-
mension by the corresponding rating.

During the experiment, operating data (steering, gas,
brake, etc.), vehicle motion data (speed, acceleration, yaw rate,
etc.), and maneuver data (time headway, lane deviation, etc.)
were collected in real time at a frequency of 10Hz. As per-
formance measures, driving speed and lane deviation were
derived for each participant, which indicated the driver’s
longitudinal and lateral control performance, respectively [38].

2.2. Gray Correlation Analysis Method. (e basis of gray
correlation analysis is to determine whether a comparison
sequence is closely related to a reference sequence according
to the degree of similarity of the geometric shape of the
sequence curve.

2.2.1. Data Sequence and Dimensionless. (e purpose of this
study is to evaluate the effects of the horizontal curve radius,
longitudinal slope, traffic flow, and sign information on driving
workload and performance. (erefore, in this paper, the
subjective workload, the mean, and standard deviation of
vehicle speed and lane offset are used as reference sequences
{x0 (t)} (t� 1, 2,...). (e horizontal curve radius, longitudinal
slope, traffic flow, and sign information are taken as com-
parison sequences, namely, {x1 (t)}, {x2 (t)}, {x3 (t)}, and {x4 (t)}.

Due to the different units of the data sequence of each
factor, it is necessary to standardize the original data to
eliminate the influence of dimensions. (e conversion
formula is as follows:

Xi
′(k) �

Xi(k) − Xi

σ
, (1)

where Xi and σ are the mean value and standard deviation of
the data column X

(0)
i (k).

2.2.2. Deng’s Correlation Degree. (e correlation coefficient
(c0i(k)) represents the difference in geometric shape be-
tween the sequence curves. (e difference between the

curves is used as the basis to measure the correlation co-
efficient as

c0i(k) �
minimink x0′(k) − xi

′(k)


 + ξmaximaxk x0′(k) − xi
′(k)




x0′(k) − xi
′(k)


 + ξmaximaxk x0′(k) − xi

′(k)



,

k � 1, 2, . . . , n; i � 1, 2, . . . , m,

(2)

where ξ is the resolution coefficient, which is in the range of
(0, 1), usually 0.5; minimink| x0′(k) − xi

′(k) | and
minimink| x0′(k) − xi

′(k) | are the maximum and the mini-
mum difference of the two levels, respectively.

(e correlation degree (c0i) is expressed quantitatively
by the average value of the correlation coefficient at each
time of the sequence as

c0i �
1
n



n

k�1
c0i(k), i � 1, 2, . . . , m, (3)

where c0i is the correlation degree between the comparison
sequence and the reference sequence and n is the length of
the comparison sequence.

2.2.3. Synthesis Correlation Degree. Suppose the sequences
Xi and Xj have the same length and the initial value is not
equal to zero; εij and rij are the absolute correlation degree
and relative correlation degree of Xi and Xj, respectively,
and θ∈[0, 1]; then, ρij is the gray synthesis correlation degree
of Xi and Xj, which is

ρij � θεij +(1 − θ)rij. (4)

(e synthesis correlation degree not only reflects the
similarity degree of broken lines Xi and Xj but also reflects
the closeness of the change rate of Xi and Xj relative to the
starting point, which is a quantitative index to compre-
hensively characterize the relationship between sequences.
Generally, it is suggested to use θ � 0.5.

2.2.4. Similarity Correlation Degree. Suppose the sequences
Xi and Xj have the same length, εij is the gray correlation
degree of Xi and Xj based on the similarity perspective,
which is calculated as

Figure 1: Driving simulator and scene.
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εij �
1

1 + si − sj




, (5)

where si − sj � 
n

1(X0
i − X0

j)dx. In the integral, the inte-
grand X0

i − X0
j is a broken line formed by the sequence X0

i −

X0
j connecting the adjacent nodes.
(e similarity correlation degree is used to measure the

geometric similarity of sequences Xi and Xj. (e more
similar the geometry, the greater the value of εij, and vice
versa.

2.2.5. Comprehensive Evaluation Based on Entropy Weight
Method. Due to the problem of the fluctuation of correla-
tion coefficient in the calculation method of gray correlation
degree having an effect on the calculation results of corre-
lation degree [39], the weighted average of Deng’s corre-
lation degree, comprehensive correlation degree and similar
correlation degree is carried out based on entropy weight
method, and the comprehensive evaluation model of cor-
relation degree are established.

Entropy has its origins as a concept in thermodynamics
and is a measure of the disorder degree of the system. In-
formation entropy is often used to measure the degree of
order of the system state. (e entropy weight method uses
the size of the effective amount of information contained in
the data to measure the impact of each indicator on the
comprehensive evaluation [40]. (e smaller the information
entropy of the evaluation index, the greater the amount of
information provided, and the greater the role it plays in the
comprehensive evaluation, the greater the weight of the
index.

According to the definition of information entropy, the
calculation is as follows:

Ej � −
1

ln n


n

i�1
pijlnpij

 , (6)

where pij � yij/
m
j�1 yij and yij are the different types of

correlation degree values for influencing factors. If pij � 0,
then pijlnpij

� 0.
(e weight of each correlation index is calculated by

information entropy as follows:

wj � −
1 − Ej 

m − 
m
j�1 Ej

. (7)

3. Results

3.1. Subjective Workload Measurements. (e distribution of
subjective workload scores under different test scenarios is
shown in Figure 2.(ere was a significant difference for each
scenario (F (15,688)� 18.719, p< 0.001). (e average
workload score was between 28.9 and 62.5. Among the
scenarios, the driver’s workload on the 9th section was the
highest, reaching 62.5, which consisted of a sharp curve
(R� 300m), steep slope (i� −5.5%), large traffic flow
(1400 pcu/h•ln), and greater sign information (199 bit). Not
only is the perception and processing load of environmental

information large, but vehicle handling is also complex in
sharp curves and steep slope sections. In contrast, the
minimum average workload value of 28.9 appeared on the
16th test section, which contained gentle road alignment and
low traffic flow and sign information.

3.2. Driving PerformanceMeasurements. (e distribution of
the mean and standard deviation of vehicle speed under
different test scenarios is shown in Figure 3.(emean value
of vehicle speed (F (15,688) � 11.052, p< 0.001) and stan-
dard deviation of vehicle speed (Brown Forsythe andWelch
corrected p< 0.001) are significantly different in each
scenario. From the average speed, the speed of the sharp
curve section with a small horizontal curve radius (such as
scene 1, 7, 9, and 11) is significantly reduced. For speed
stability, the largest average value of the standard deviation
of each driver occurs in the 9th test section, and the change
range of the standard deviation of the speed is also the
largest, indicating that different drivers show different
speed stabilities in this complex section with sharp curves
and steep slopes.

(e mean value and standard deviation of lane devi-
ation under different test scenarios are shown in Figure 4.
(ere were significant differences in the mean and stan-
dard deviation of lane departure under each scenario
(Brown Forsythe and Welch corrected p< 0.001). Al-
though the vehicle speeds in sharp curve sections (such as
scenes 1, 7, 9, and 11) are significantly reduced, the lane
offset is relatively high. In addition to the mean value of
lane offset increasing, the standard deviation of lane offset
is also relatively high. However, the fluctuation range of
the standard deviation of lane offset is large, especially in
the 9th and 7th test sections, which indicates that subjects
show different lane keeping abilities in specific test
sections.

3.3. Effect of Factors on Workload and Performance

3.3.1. Results of Multivariate Analysis of Variance. (e re-
sults of multivariate analysis of variance of the orthogonal
test are listed in Table 1. (e table shows that the radius of
the horizontal curve had a significant effect on drivers’
workload, vehicle speed, and lane keeping ability (p< 0.001).
Slope and sign information had a significant effect on
drivers’ workload and speed keeping ability (p< 0.05). Al-
though there was not a significant difference in the mean
value of lane offset (p � 0.935, p � 0.342), the standard
deviation of lane offset showed a significant difference
(p< 0.05). Traffic flow only had a significant effect on
subjective workload and vehicle speed (p< 0.05), and the
mean and standard deviation of lane offset were not sig-
nificantly different (p � 0.607, p � 0.506). Although vari-
ance analysis can analyze the influence of traffic
environment factors on workload and driving behavior, it
cannot quantitatively evaluate the degree of influence for
each factor and determine the importance of different
influencing factors.
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3.3.2. Results of Gray Correlation Analysis. (ree gray
correlation models, namely, Deng’s correlation degree,
synthesis correlation degree, and similarity correlation de-
gree, were used to calculate the correlation coefficients
between various factors of the driving environment and the
workload and performance. Based on the entropy weight
method, the weight of each correlation method is deter-
mined, and the workload and driving performance influ-
encing factors were comprehensively evaluated and ranked,
as shown in Table 2.

(e comprehensive evaluation values of the correlation
degree corresponding to the sign information, flow, slope,
and radius are 0.892, 0.712, 0.575, and 0.566, respectively. It
is concluded that the amount of sign information has the
greatest impact on the driver’s workload. (e volume of
traffic flow has the greatest influence on the mean and

standard deviation of vehicle speed, with comprehensive
evaluation values of 0.809 and 0.773, respectively, which
were higher than the correlation degree of other factors. (e
radius of the horizontal curve has the greatest impact on the
mean and standard deviation of lane offset, and the com-
prehensive evaluation values were 0.849 and 0.874,
respectively.

4. Discussion

(e objective of this study was to supplement the previous
study and further quantify and rank the influencing factors
of driving workload and performance, including radius,
slope, flow, and sign information. To this aim, the simulation
experiment was carried out through an orthogonal exper-
imental design, and the driver’s subjective workload, speed,
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lane offset, and other performance indicators were collected.
Based on the entropy weight method, three different cor-
relation degree models were comprehensively evaluated.

4.1. Influence ofFactors onSubjectiveWorkload. As expected,
a higher mental workload subjective estimation (NASA-TLX
questionnaire) was obtained for the complex experimental
scenario compared to the simple experimental scenario.
(us, different levels of driving environment and task de-
mand lead to corresponding self-estimated workload in line
with previous studies [4]. Further, Neng-Chao et al. [10]
confirmed that the driving workload can be loaded through

the designed driving environment and is controllable by
researching the relationship between environmental factors
and driving workload indexes.

A ranking of four factors that affect the driver’s workload
is shown in Figure 5, based on the comprehensive evaluation
of the entropy weight method. As shown, three types of gray
correlation results have similar trends. (e amount of sign
information has the greatest impact on drivers’ workload,
followed by traffic volume, according to the result that
rS> rF> rR> rI. Analyzing the six items of the NASA-TLX
questionnaire, as the amount of information on the signs
increases, the mental demand and temporal demand were
found to increase during driving, and the degree of effort
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Figure 4: Mean and variance of lane deviation for each test section.

Table 1: MANOVA results for subjective workload and driving performance.

Source Indicators Type III sum of squares df Mean square F Sig.

Radius

Workload 5859.036 3 1953.012 8.798 0.000
Mean of speed 21576.295 3 7192.098 37.471 0.000

Variance of speed 372.335 3 124.112 5.876 0.001
Mean of lane deviation 3.001 3 1.000 22.646 0.000

Variance of lane deviation 5.515 3 1.838 53.026 0.000

Grade

Workload 10812.170 3 3604.057 16.235 0.000
Mean of speed 3626.594 3 1208.865 6.298 0.000

Variance of speed 342.024 3 114.008 5.398 0.001
Mean of lane deviation .019 3 0.006 0.141 0.935

Variance of lane deviation .457 3 0.152 4.394 0.004

Flow

Workload 2917.339 3 972.446 4.380 0.005
Mean of speed 3093.921 3 1031.307 5.373 0.001

Variance of speed 595.479 3 198.493 9.398 0.000
Mean of lane deviation .081 3 0.027 0.612 0.607

Variance of lane deviation .081 3 0.027 0.779 0.506

Sign information

Workload 40714.972 3 13571.657 61.135 0.000
Mean of speed 2248.253 3 749.418 3.905 0.009

Variance of speed 175.308 3 58.436 2.767 0.041
Mean of lane deviation .148 3 0.049 1.116 0.342

Variance of lane deviation .473 3 0.158 4.548 0.004
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invested also increases. (e results indicate that the drivers’
cognition of freeway directional signs will lead to increased
driving workload, which is consistent with other studies
[25]. On the other hand, an increase in driver effort is
conducive to maintaining appropriate driving performance
and achieving better sign recognition [41].

4.2. InfluenceofFactors onDrivingPerformance. As shown in
Figure 6, there is a partial crossover in the three gray cor-
relation curves between the mean and standard deviation of
vehicle speed and influencing factors. (e change trends of
the three rankings are integrated using the entropy method,
and the traffic flow and sign information are found to have a
greater impact on maintaining the vehicle speed with a
correlation coefficient between 0.741 and 0.809. (e slope
and radius of the road alignment have a relatively small
impact with a correlation coefficient between 0.564 and
0.606. Vehicle speed and headway time are commonly used
parameters for safety judgments and have attracted

continuous attention from drivers. Generally, in complex
scenarios, to maintain a safe headway and obtain enough
time for sign recognition, drivers will adopt deceleration
strategies and other compensation behaviors [42, 43].
Moreover, this indicates that driving workload has a neg-
ative impact on the longitudinal driving performance [19],
the most obvious effect is a decrease in the stability of vehicle
speed under high workload. A similar phenomenon was
obtained in this research.

According to a ranking of the correlation degree of each
influencing factor, the mean and standard deviation of lane
offset are found to most affected by the radius of curve, fol-
lowed by the amount of sign information (see Figure 7).
Dijksterhuis et al. [44] determined that the standard deviation
of the lateral position (SDLP) may show a downward trend
after additional efforts were mobilized to serve the steering task
when the demand for lateral control increased during driving.
However, a curved road design increases the difficulty of ve-
hicle control, which requires drivers to adopt more precise
pedal and steering control to adapt to changes in curvature.
When the demand exceeds the range that can be compensated
by the degree of effort, the lane keeping ability decreases.
(erefore, the curve is still the focus of lane lateral control
optimization and sideslip and rollover accident prevention.

In conclusion, this work proposes a comprehensive
evaluation based on the entropy weight method, which
realizes the quantification and ranking of workload and
driving performance influencing factors. (e findings clarify
that factors should be the focus of workload and driving
behavior analysis. (is can not only provide a reference for
the selection of index weights for constructing a compre-
hensive evaluation model of traffic safety considering peo-
ple-vehicles-roads-environment but also provide guidance
for freeway alignment design, sign optimization, and driving
workload regulation.

Table 2: Correlation degree between dependent variables and influencing factors.

Indicators Model Radius (R) Grade (I) Flow (F) Sign.info (S)

Workload

Deng’s correlation 0.560 0.677 0.891 0.939
Synthesis correlation 0.560 0.525 0.743 0.833
Similarity correlation 0.598 0.508 0.550 0.895
Overall evaluation 0.575 0.566 0.712 0.892

Mean of speed

Deng’s correlation 0.712 0.575 0.900 0.904
Synthesis correlation 0.534 0.547 0.723 0.712
Similarity correlation 0.512 0.563 0.753 0.576
Overall evaluation 0.606 0.564 0.809 0.756

Variance of speed

Deng’s correlation 0.672 0.565 0.901 0.880
Synthesis correlation 0.514 0.600 0.646 0.602
Similarity correlation 0.501 0.685 0.557 0.504
Overall evaluation 0.605 0.603 0.773 0.741

Mean of lane deviation

Deng’s correlation 0.905 0.672 0.558 0.882
Synthesis correlation 0.620 0.525 0.542 0.630
Similarity correlation 0.514 0.500 0.557 0.501
Overall evaluation 0.849 0.645 0.556 0.831

Variance of lane deviation

Deng’s correlation 0.890 0.674 0.572 0.876
Synthesis correlation 0.578 0.529 0.523 0.556
Similarity correlation 0.503 0.500 0.514 0.500
Overall evaluation 0.874 0.667 0.569 0.859
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Figure 5: Ranking of influencing factors for workload.
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4.3.RelationshipbetweenDrivingWorkloadandPerformance.
It has been demonstrated that an increase in road context
complexity can lead to impaired performance due to an
increase in mental workload and could cause unsuitable
maneuvers and even road accidents [38]. In line with the
results of Figures 3 and 4, which indicated that in complex
scenes, such as the 9th section, not only does the driver
experience the highest workload but also the average and
amplitude of the variance of speed and lane deviation reach
the maximum. However, the increased complexity of the
environment may not always lead to increased driving
workload or driving behavior damage. When drivers are
engaged in secondary tasks, to manage workload and control
driving risk, they will take strategies of interrupting,
delaying, and resuming secondary tasks [45]. (is may
trigger drivers to adopt a compensation strategy to reduce
the driving workload. For example, to obtain more time to
process information for a foggy vehicle, both speed and
acceleration are decreased, and the following distance of the
vehicle is increased, an intentional strategy taken by the
driver [23]. Fitch et al. [41] found that from a single task to
multiple tasks, although the subjective workload score in-
creased, the standard deviation of the lateral position (SDLP)
decreased, which suggests that an increase in workload may
improve driving performance. Similarly, it indicated that
longitudinal and lateral performance parameters remain or
even improve according to the task [46]. In this paper, it is

found that the speed of the sharp curve section with a small
horizontal curve radius (such as scenes 1, 7, 9, and 11) was
significantly reduced, as shown in Figure 3, which poten-
tially indicates that the deceleration compensation strategy
has been adopted.

However, the relationship between workload and driving
behavior is very complex. A large number of simulated and
field driving experiments show that complex driving con-
texts trigger drivers to adopt compensation strategies [47].
However, it remains unclear when to take compensation
behavior, the characteristics of compensation behavior, and
the interaction mechanism between workload and driving
behavior, which will be the focus of the author’s follow-up
research.

5. Conclusion

(rough orthogonal experimental design, a simulated
driving experiment with 16 test scenarios was carried out,
and the influence of the radius, slope, traffic flow, and sign
information factors on driving workload and performance
was studied. (e results of one-way ANOVA showed that
there were significant differences in drivers’ workload and
performance under different test scenarios. In the 9th test
section, drivers not only showed a higher subjective
workload score but also showed the characteristics of large
speed fluctuation and unstable lane maintenance. (is is a
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Figure 6: (a) Ranking of influencing factors for the mean value of vehicle speed and (b) standard deviation of vehicle speed.

0.0

0.2

0.4

0.6

0.8

1.0

Radius (R) Grade (I) Flow (F) Sign.info (S)

C
or

re
la

tio
n 

de
gr

ee

Deng’s correlation
Synthesis correlation

Similarity correlation
Overall evaluation

0.0

0.2

0.4

0.6

0.8

1.0

Radius (R) Grade (I) Flow (F) Sign.info (S)

C
or

re
la

tio
n 

de
gr

ee

Deng’s correlation
Synthesis correlation

Similarity correlation
Overall evaluation

Figure 7: (a) Ranking of influencing factors for the mean value of lane offset and (b) standard deviation of lane offset.
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result of the 9th test section being a sharp curve and steep
slope section with a large traffic volume and too much road
name information on signboards. Drivers not only have a
high demand for information perception and processing
but also require complex vehicle control on sharp curves
and steep slope sections. Although the control strategy of
reducing vehicle speed is adopted, some drivers still ex-
perience deteriorated driving performance. Multivariate
analysis of variance of the orthogonal test indicated that all
of the influencing factors have significant effects on the
driver’s workload and speed keeping ability, but driver’s
lane keeping ability was only significantly affected by the
horizontal curve radius. (e comprehensive evaluation of
the correlation degree using the entropy weight method
demonstrated that the amount of sign information has the
greatest impact on the subjective workload, the traffic flow
has the greatest influence on the mean and standard de-
viation of vehicle speed, and the radius of curve has the
greatest effect on the mean and standard deviation of lane
offset.

Note that since the research object is a freeway, it has the
characteristics of full access control and a relatively simple
traffic composition. Variable workloads caused by uncertain
environments, such as traffic events, and their impact on
driving behavior are not considered. (erefore, the estab-
lished correlation degree model has a specific scope of ap-
plication. For further research, we could introduce a
comprehensive evaluation method such as the human fac-
tors analysis and classification system (HFACS) [48] to
analyze the influencing factors from a systematic perspec-
tive, considering humans, vehicles, the environment, and
management.
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