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ABSTRACT This study aims at investigating drivers’ risk perception ability. To achieve this objective, the
risk sensitivity and risk judgment thresholds of drivers of different ages were calculated. Five scenarios of
intersections with risks were established for the driving simulator experiment. The driving behavior data of
fourteen younger drivers and fourteen elderly drivers during the risky event and the subjective evaluation
of risk by an expert driver were collected. The expert driver’s conflict degree and subjective feeling were
combined to classify the risk level of driving scene; then, fuzzy signal detection was used to calculate the
driver’s risk sensitivity (d’) and judgment threshold (β). The β with the greatest difference was selected
for cluster analysis and drivers were divided into four types according to the threshold. Finally, a driver
classification discriminant model was constructed based on Fisher discriminant analysis. The results show
that d’ and β of younger drivers are both better than those of elderly drivers, younger drivers can detect
and respond risks in time, while elderly drivers need be closer to risks and have intuitive feelings to make
judgments. The results of the cluster analysis showed that younger drivers account for a large proportion
of the sensitive type, indicating that younger drivers can find risks more sensitively in risk scenarios than
elderly drivers, while elderly drivers easily ignore risks due to physical and psychological weakness. The
correlation analysis showed that age, saccade amplitude and heart rate are the main factors that affect the
risk judgment threshold.

INDEX TERMS Driver behavior, elderly driver, risk sensitivity, risk judgment threshold, cluster analysis.

NOMENCLATURE
ABBREVIATIONS
UFOV useful field of view
VL very low
L low
M medium
H high
VH very high
RLS risk level of the scene
ROC receiver operating characteristic
AUC area under the curve
SRD situational risk degree
HI hit report
FA false report
MR missing report
CN correct negation
RJT risk judgment threshold
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DS driver’s sex
DA driving age
SA saccade amplitude
FT fixation time
HRA heart rate
V velocity
BPD brake pedal depth

SYMBOLS

RLOW the lower limit of the fuzzy value range
RHIGH the upper limit of the fuzzy value range
I driver’s value of response
Imean the average response
HR the probability that the driver records

a response
FAR the probability that the driver falsely

reports
H i the fuzzy response value of the driver’s

hit response in scene i
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FAi the false response value of the driver
in scene i

S i the situational risk of experimental
scene i

d’ the risk sensitivity
β the risk judgment threshold
C the distance of an incomplete braking

instance
S the expert’s subjective evaluation of

risks
P the critical conflict value
D the average deceleration of a small

vehicle
T the braking coordination time
x i the standardized value of the expert

driver’s four-dimensional subjective
evaluation

D(t) the distance between the test vehicle
and the risk conflict

v0 the initial speed of test vehicle
v1 the initial speed of conflict vehicle
θ0 the test vehicle’s directions of move-

ment in terms of angles with the x-axis
θ1 the conflict vehicle’s directions of

movement in terms of angles with the
x-axis

t the movement time
(x0, y0) the position of the test vehicle
(x1, y1) the position of the conflict vehicle
x1, x2, x3, x4, x5 the risk judgment threshold of the

drivers in scenes 1-5
y the discriminant score

I. INTRODUCTION
China is becoming an aging society. By 2030, it is expected
that the proportion of elderly people (aged 65 years and older)
will be 15.8%. For better mobility and flexibility, increasingly
more elderly people are choosing to continue driving, which
has led to an increasing number of traffic crashes involv-
ing elderly drivers [1]. Traffic accidents are most likely to
occur at intersections [2]–[4]. Age-related deterioration in the
physiology of elderly drivers leads to a decline in respon-
siveness and operational capacity [5]. The effects of low
risk perception ability on driving behavior in a risky driving
environment were studied to provide a theoretical basis for
the safe driving of elderly drivers. At present, there are some
methods for testing the risk perception of elderly drivers, such
as the picture test [7]–[8], driving simulator tests [9]–[13] and
vehicle test [14]–[16]. The driving simulator test and vehicle
test are used widely, but the driving simulator test is safer
and more convenient. Therefore, the main method for testing
the risk perception ability of elderly drivers is the driving
simulator test.

The driving behavior of elderly drivers is influenced
by changes in the road environment. Elderly drivers rely

heavily on road signals to detect risks, reflecting the situation
of elderly drivers who have mastered traffic environments
through rich driving experience [17]. The driving behavior
of elderly driver is differing greatly across different envi-
ronments. The driving behaviors of elderly drivers differ
on urban, suburban and rural roads; for example, elderly
drivers cannot stop in emergency situations due to poor visi-
bility and other issues on rural roads without shoulders [18].
There has differences on drivers’ scanning behavior at signal-
ized and unsignalized intersections [19]. Both environmental
and personal factors affect the occurrence of traffic acci-
dents. The main factors affecting traffic accidents involving
elderly drivers through a summarization of the causes of traf-
fic accidents were personal and environment factors, while
the personality attitude and self-evaluation affected driving
behavior [20]. Elderly drivers ignore the risk of surrounding
objects due to their concentration on the road ahead, resulting
in traffic accidents [21]. The relationship between the physi-
cal conditions of intersections and pedestrian safety related
to elderly drivers was investigated; a multivariable logistic
regression model was constructed to determine the pedes-
trian collision factors associated with elderly drivers [22].
Elderly drivers are vulnerable to impact when they turn left at
crossroads [23]. Traffic congestion negatively affected driver
behavior on the post-congestion roads and will easily led to
accidents [24]. Drivers can understand themselves objectively
and avoid traffic accidents by testing their risk perception
ability; the driving simulator test is more realistic and safer
than other methods. The skin potential reflex was found to
be useful as an evaluation index for the risk response ability
of elderly drivers through the driving simulator test [25].
Through a driving simulator test, it was found that drivers’
consciousness of lifeless obstacles is lower than that of living
obstacles [26]. Elderly drivers maintained a longer distance
from the vehicle and showed instability in the distance and
the velocity through a driving simulator experiment [10].
In driving simulator experiment, elderly drivers were more
dependent on in-vehicle assistance systems and chose a larger
gap to pass through intersection than younger drivers [27].
In addition, risk perception can also be detected by watching
a video. There is a correlation between the risk perception
ability of elderly drivers and accident incidence, which is
discoverable through watching videos [28]. The vehicle test
method has more traffic safety risks than other methods,
but it has the highest authenticity. Drivers of different ages
have different fatigue conditions and fatigue accumulation
speeds during driving, and the optimal driving times are
different [29]. Drivers of different ages have different risk
perception abilities; the difference between elderly drivers
and younger drivers is obvious. In an experiment involving
elderly drivers and younger drivers, the elderly drivers were
inclined to scan the routes they already paid attention when
turning at T-intersections or four-legged intersections; this
behavior leads to ignoring the risk of turning and entering
risky areas [21]. The risk perception of elderly drivers is
slower than that of younger drivers, and the risk perception
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behavior of drivers is significant correlated in the useful field
of view (UFOV) test [8]. Fuzzy signal detection method is
an effective method to compare the perception difference
between younger and elderly drivers. There is a difference
in risk perception between new drivers and experienced
drivers based on fuzzy signal detection theory [30], [31].
Experienced and trained drivers respond faster than novices
in a hazard perception test based on fuzzy signal detection
theory [32].

In the research of behavior characteristics and risk per-
ception ability of elderly drivers, researchers seldom further
subdivide the type of driver based on factors which affect
the risk perception ability of elderly drivers and analyze the
characteristic of drivers based on the type of driver. The
paper takes the difference in the drivers’ risk perception as
the starting point, and the risk perception ability of different
types of drivers was analyzed. Then, fuzzy signal theory was
used to calculate risk sensitivity and risk judgment threshold;
the risk sensitivity and risk judgment threshold were used to
analyze the difference between younger drivers and elderly
drivers. Cluster analysis was used to classify drivers and
obtain a driver classification discriminant model. At last, the
correlation analysis was used to found that some factors have
significant correlation with drivers’ risk judgment threshold.
The experiment showed that the driver classification type has
a certain reliability based on the risk judgment threshold.
Driver classification discriminant model brings more accu-
rate self-assessment to drivers, which is helpful to correct
their own shortcomings, and reducing the occurrence of traf-
fic accidents.

II. EXPERIMENT
A. PARTICIPANTS
In total, 39 drivers with driving licenses were recruited to
participate the experiment. Six drivers did not finish the
experiment due to dizziness in the simulator and five drivers’
data were missing. Finally, 28 drivers’ operating data were
selected (15 male drivers and 13 female drivers). To avoid the
influence of objective factors such as driving age and driving
experience on the experimental results, all the drivers had
more than three years of driving experience and more than
10,000 km of actual driving mileage. Among them, fourteen
drivers were younger drivers (average age of 34.3±7.5 years
old), and fourteen drivers were elderly drivers (average age
of 66.0±3.5 years old). All the participants were recruited in
Yunnan Province of China for age diversity.

B. APPARATUS
A KMRTDS driving simulator, which was developed inde-
pendently by the School of Transportation, Kunming Uni-
versity of Science and Technology (KUST), was used in the
experiment (Fig. 1). The driving simulator system platform
is composed of six subsystems: a cockpit system, vehicle
dynamics simulator system, visual image generation system,
traffic microsimulation system, sound simulation system and

FIGURE 1. KMRTDS driving simulator.

computer control system. The simulator is composed of a
real car cab with an automatic transmission gearshift and
three large screens that create a visual angle of 140◦. The
roadway was virtually projected onto the screens and was
refreshed at 60 Hz. PsyLAB was used to collect the drivers’
physiological data and psychological data, iView HED4 eye
tracker was used to collect the saccade and fixation data. The
output parameters of driving simulation system are shown in
Table 1.

TABLE 1. Output parameters of driving simulation system.

C. EXPERIMENTAL SCENARIOS
VS-Design software (developed by the School of Transporta-
tion, KUST) was used to design and establish 3D virtual
experiment scenarios. According to the traffic risk situations
that often take place in urban road intersections, five intersec-
tions scenarios with traffic risks were designed and connected
into one experimental section. To avoid the objective impact
of the signal on the experiment, the five risk scenarios in the
experiment involve no signal intersections on urban roads.
Traffic conflicts were triggered by setting the trigger zones.
Vehicles, bicycles and pedestrians moved according to the
designed routes and speeds when the test vehicle entered into
the trigger zone. The description of specific intersection risks
is shown in Table 2.

D. PROCEDURE
The KMRTDS driving simulator, including basic driving
operation such as starting, throttle, braking, steering, etc., was
introduced to the driver before entering the driving simulator
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TABLE 2. Design of the dynamic risk scenarios.

cabin. After the driver entered the simulator cabin, he or
she was assisted in adjusting the seat and safety belt for
optimal driving. After the driver adapted to the driving in
the simulator, a formal simulated driving experiment was
conducted in which the drivers were required to follow daily
driving habits and road signs in five scenarios (the velocity
limit is 60 km/h). After the experiment finished, the drivers
filled out a subjective questionnaire.

III. RISK DISCRIMINATION OF DRIVING SCENARIOS
In the experiment, the severity of the risk in the driving
situation was defined as the ‘‘driving scene risk level’’ and
was used to sort and segment the different scenarios in the
experiment. The risk level division needs to apply the traffic
conflict information and the result of the driver’s subjective
evaluation. The situational risk based on traffic conflicts is a
value greater than 0, and the value of the situational risk based
on the subjective evaluation is between [0, 1]. The risk will
be more significant with a higher level of driving scene risk,
and there will be more danger to the driver.

The ‘‘driving situation risk assessment method’’ based on
a driving simulator experiment was proposed in [6]. Through
the conflict degree and subjective questionnaire obtained
from the real-time operational data of the simulator, the
driver’s subjective feelings of the risk scene were calculated

and adjusted to obtain an effective driving scene risk rating.
In the paper, the driving scenario risk level was defined as the
risk level of the scene (RLS):

RLS = C · S (1)

In (1), C is the distance of an incomplete braking instance.
The main role of C in the formula is to quantify the number
of conflicts. S is the expert’s subjective evaluation of risks.
The expert driver indicates that a driver who has rich driving
experience, solid driving theory knowledge and subjective
evaluation ability, so that they can evaluate risks subjectively
and has a certain degree of credibility.

C is mainly related to the speed and distance in the conflict
process and is affected by vehicle deceleration due to braking.
The severity of conflict through the above variables can be
determined with (2):

C = P
/
T = D

/
VT = 0.175+ 0.08V

/
T (2)

P is a critical conflict value, and the critical conflict value is
mainly determined by the braking condition of the vehicle.
D is calculated from the ‘‘Safety Technical Conditions for
Motor Vehicle Operation’’ (GB7258-2012), which indicates
that the average deceleration of a small vehicle is 6.2 m/s2 or
more (the value used in this paper is 6.2 m/s2) and the braking
coordination time for a vehicle with hydraulically brakes is
less than or equal to 0.35 s (the value used in this paper is
0.35 s).

T is the time that the conflict occurred between the test
vehicle and the risk. The idea of two-dimensional space
was used to calculate the conflict time. The coordinates and
motion trajectory of the test vehicle and the conflict object are
shown in Fig. 2. The initial speeds are v0 and v1, the directions
of movement in terms of angles with the x-axis are θ0 and θ1.
At time t, the position of the test vehicle and the conflict
object are x0(t) = 0, y0(t) = v0t; x1(t) = x1(0) +v1t·cosθ1,
and y1(t) = y1(0) +v1t·sinθ1.
At this time, the distance D(t) between the test vehicle and

the risk conflict is expressed as:

D2 (t) = x21 (t)+ [y1 (t)− y0 (t)]2 (3)

D2(t) is derived as follows:

tm =
y1 (0) · (v0 − v1 sin θ1)− x1 (0) · v1 cos θ1

v21 + v
2
0 − 2v1v0 sin θ1

(4)

When t= tm, D(t) is minimized. When there is a conflict, the
collision time is T = tm.

When 0 < C < 1, the conflict is not serious; when C ≥ 1,
the conflict is very serious; the closer the value of C is to 1, the
more serious the conflict. When T > 5s, it can be considered
that there is no conflict, and C = 0.

The driver’s subjective evaluation was derived from the
four-dimensional subjective risk assessment method, and an
expert driver was invited to subjectively evaluate the risk in
the driving situation based on four dimensions (perception,
decision, manipulation and consequences) and with a level
between 0 and 10. After the simulated driving experiment was
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FIGURE 2. Schema of traffic conflict.

TABLE 3. Risk levels of the driving scenes.

completed, the expert driver provided a subjective evaluation
from the four aspects of perception, decision, manipulation
and consequence, and a four-dimensional hierarchical sub-
jective evaluation function was constructed:

S =
1
2

 4

√√√√ 4∏
i=1

xi +
1
4

4∑
i=1

xi

 (5)

In (5), x i (i = 1,2,3,4) is the standardized value of the expert
driver’s four-dimensional subjective evaluation of the risk
level.

Vehicle motion data and subjective evaluation data were
obtained through the driving simulator experiments and the
expert driver’s evaluations. The above comprehensive traffic
risk rating function based on traffic conflicts and subjective
evaluationswas applied to calculate the risk level values of the
five scenarios in the risk scenario experiment (Table 3). The
five risk scenarios were ranked according to the RLS from
low to high: L1 is the lowest, L5 is the highest.

IV. MATHEMATICAL METHOD
A. FUZZY SIGNAL DETECTION
To explore the perception of younger drivers and elderly
drivers in the risk scenarios, the fuzzy signal recognition
method was used to calculate the driver’s risk sensitivity and
judgment threshold, and the risk response ability of drivers
was analyzed at different risk levels.

The perception of the operational judgment after the
driver received the traffic information was divided into the

following levels: very low (VL) = (0,1,2,3), low (L) =
(2,3,4,5), medium (M) = (4,5,6), high (H) = (5,6,7,8), and
very high (VH) = 7,8,9,10) [33]. The membership func-
tion can describe as Fig.3 based on fuzzy signal detection
theory.

FIGURE 3. Fuzzy evaluation variables correspond to membership
functions.

TABLE 4. Correspondence of the fuzzy numbers and fuzzy value ranges.

The maximum membership degree was applied to grade
the fuzzy numbers of the subjects’ subjective choices. After
grading, the fuzzy number was reselected through a formula
to obtain the range and to defuzzify the fuzzy value. The
subjective rate was expressed as (6) and the fuzzy value range
was assigned to a fuzzy number as in Table 4.

pλ

=

{
[(p2−p1)λ+p1,(p2−p3)λ+p3] · · · · · ·

_
p= (p1,p2, p3)

[(p2−p1)λ+p1,(p3−p4)λ+p4] · · · · · ·
_
p= (p1,p2, p3, p4)

(6)

The lower limit of the fuzzy value range is defined as RLOW ,
the upper limit is defined as RHIGH , and the defuzzification
formula was defined as:
I =

1
2

[
(1− k)

1∑
λ=0.1

RLOW1λ+ k
0.9∑
λ=0.1

RHIGH1λ

]
λ = 0, 0.1, 0.2 . . . . . . , 1;1λ = 0.1

(7)

In (8), I is the driver’s value of response, the average response
Imean of the subject in each scenario was calculated, and Imean
was used as a comprehensive experimental response value for
each driver.

Imean
1
n

n∑
i=1

Ii (i = 1, 2, . . . , n) (8)
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B. CALCULATION OF THE RISK SENSITIVITY AND
THRESHOLD
The formula of the implication function [34] was applied
to represent fuzzy set members. The values of the hit
response (HI) and false report (FA) were calculated, and then
the rates of driver’s HI and FA were calculated from (9).

HR =
N∑
i=1

Hi/
N∑
i=1

Si

FAR =
N∑
i=1

FAi/
N∑
i=1

(1− Si)

(9)

In (9), HR represents the probability that the driver records
a response in a risk scene (a ‘‘hit’’), FAR represents the
probability that the driver falsely reports a risk of the risk
scene. Hi represents the fuzzy response value of the driver’s
hit response in scene i; FAi represents the false response
value of the driver in scene i; Si is the situational risk of
experimental scene i.

The risk sensitivity (d’) is a parameter that measures the
sensitivity of the driver. In signal detection, the degree of
separation between noise distribution and signal distribution.
The larger the degree of separation is, the higher the corre-
sponding sensitivity; the smaller the degree of separation is,
the lower the sensitivity. A PZO conversion table was used
to calculate the risk sensitivity, the PZO conversion table is
a kind of normal distribution table, P is the area of (−∞, Z),
Z and O are abscissa and ordinate of curve’s point. As in (10).

d , = φ−1(HR)− φ−1(FAR) = ZHR − ZFAR (10)

In signal detection theory, β is an indicator of the risk
judgment threshold; it is the ratio between the conditional
probability of a particular sensation caused by a signal plus
noise and the conditional probability caused by noise. A PZO
conversion table was used to calculate the risk judgment
threshold. Specifically, the ratio of the distribution of the sig-
nal and the noise distribution on the vertical axis is calculated
with (11).

β =
1
√
2π

exp−Z (HR)
2/2
/

1
√
2π

exp−Z (FAR)
2/2

= OHR/OFAR (11)

V. RESULTS
The comprehensive response value of each driver was cal-
culated in both age groups. The risk sensitivity and judg-
ment threshold were calculated through the probability of hit
response and false report. The accuracy of the experiments
was determined based on the probability of a hit response and
false report, and a difference analysis of the risk sensitivity
and judgment threshold was performed.

A. DETECTION OF THE ROC CURVE
A receiver operating characteristic (ROC) curve was used to
test the accuracy of the experiment, the diagnostic indica-
tor for the ROC curve is the area under the curve (AUC).

TABLE 5. Area of curve.

The greater the AUC is, the stronger the diagnostic ability
of the indicator to the target. The range of the AUC is (0, 1).
In general, AU C ≤ 0.7 means that the indicator has a low
differential diagnostic value; 0.7<AUC≤ 0.9 means that the
indicator has amoderate differential diagnostic value; AUC>
0.9 means that the indicator has a high differential diagnostic
value.

According to the experimental results, the driver’s false
report rate and hit response rate were used as the horizontal
axis and vertical axis, respectively, of the ROC plot (Fig. 4).
If the curve is convex and close to the upper-left corner, then
the accuracy of the test results is high, and the diagnostic
value is high.

FIGURE 4. Driver ROC curve.

The ROC curve reflects the risk perception ability of the
different age groups. FromTable 5, anAUCof 0.788 indicates
that the curve has 78.8% efficiency to distinguish the risk
perception of younger drivers and elderly drivers.

B. ANALYSIS OF THE DRIVER’S RISK SENSITIVITY AND
JUDGMENT THRESHOLD
The risk sensitivity was calculated through a PZO conver-
sion table and (10). Then, a difference analysis of the risk
sensitivity between younger drivers and elderly drivers was
performed, and the results are shown in Table 6.

From Table 6, the risk sensitivities of younger drivers and
elderly drivers in the five scenarios are 1.283 and 1.176,
and P = 0.044 indicates that there is a significant difference
between the two groups of drivers.
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TABLE 6. Differences in the risk sensitivity.

The judgment threshold was calculated through a PZO
conversion table and (11). Then, a difference analysis
of the judgment threshold between younger drivers and
elderly drivers was performed, and the results are shown in
Table 7.

TABLE 7. Differences in the risk judgment threshold.

From Table 7, the risk judgment threshold of younger
drivers and elderly drivers in the five scenarios is 7.296 and
7.699, and P = 0.038 indicates that there is a significant
difference between the two groups of drivers.

C. DRIVER CLASSIFICATION DISCRIMINANT MODEL
BASED ON RISK PERCEPTION
To have a clearer understanding of the differences in risk
perception between younger drivers and elderly drivers, clus-
ter analysis was used to classify the 28 drivers based on the
risk sensitivity and judgment threshold. Cluster analysis is a
multivariable statistical method for classifying samples [35];
the essence is to classify samples with similar attributes or
characteristics into the same group according to the stan-
dard. The difference between the two types of drivers’ risk
perception ability can be discerned more objectively through
classification.

1) CLUSTER ANALYSIS OF DRIVERS
Because the risk judgment threshold β is significantly differ-
ent between younger drivers and elderly drivers, this parame-
ter was selected for driver classification. K-means clustering
was used to classify the drivers into four categories. Among

them, ten drivers belong to driver category 1 (e.g., driver
1); six drivers belong to driver category 2 (e.g., driver 7);
five drivers belong to driver category 3 (e.g., driver 3); seven
drivers belong to the driver category 4 (e.g., driver 9). The
comparative results are shown in Fig. 5.

Drivers were divided into four types through the line
chart: ‘‘sensitive’’, ‘‘negligent’’, ‘‘emotional’’ and ‘‘compos-
ite’’ (Table 8).

TABLE 8. Driver classification based on the judgment threshold.

2) DRIVER CLASSIFICATION DISCRIMINANT MODEL BASED
ON FISHER DISCRIMINANT ANALYSIS
Based on the classification result of drivers, the fisher dis-
criminant method was applied to fit the parameters, and then
obtained the discriminant model. The basic principle of fisher
discriminant analysis is to project the independent variable
combination in various categories of high-dimensional space
to low-dimensional space, so that the coincidence of various
categories in the low-dimensional space is minimized [36].
The coefficient of discriminant model as Table 9.

TABLE 9. Coefficient of the discriminant model.

The driver classification discriminant function based on the
driver’s risk judgment threshold in five risk scenarios as (12),
as shown at the bottom of the page.

In (12), x1, x2, x3, x4, and x5 represent the risk judgment
threshold of the drivers in scenes 1-5, and y represents the
discriminant score.

y =


10.026x1 + 1.382x2 + 1.353x3 + 1.006x4 + 2.446x5 − 38.415 (Sensitive)
15.181x1 + 1.536x2 − 0.210x3 + 1.808x4 + 3.325x5 − 45.596 (Negligent)
12.446x1 + 0.600x2 − 0.009x3 + 2.177x4 + 2.820x5 − 35.010 (Emotional)
9.574x1 + 0.945x2 + 1.187x3 + 1.195x4 + 1.784x5 − 27.080 (Composite)

(12)
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FIGURE 5. Comparative analysis of the drivers.

A driver’s score can be calculated into four types through
(12), then the driver can be categorized based on the score.

VI. DISCUSSION
A. RLS AND FUZZY METHOD
VS-Design software was used to design five traffic risk sce-
narios, including three common intersection risk scenarios:
vehicle to vehicle, vehicle to nonmoving vehicle, and vehicle
to pedestrian. The RLS was proposed to indicate the risk,
there has study defined the traffic risk at an intersection as the
situational risk degree (SRD) [6]; the higher the SRD is, the
greater the driving risk in the driving situation. Both of these
metrics are static and dynamic: static indicates the risk level
in a risk scene at a particular moment, and dynamic represents
the set of static risks over time; these concepts can reflect the
change in traffic risk during driving more comprehensively
than previous metrics. A driving simulator was applied to
calculate C, which was combined with the S of the expert
driver to obtain the risk scene level values under five risk
scenarios. Scene 3 has the highest risk level value, indicating
that scene 3 brings the most intuitive risk to the driver.

Considering that drivers’ judgments of risk during driving
are rather vague, vague judgment words such as ‘‘some risk’’
or ‘‘feel some risk’’ are generally used, and this vagueness led
to an inability to accurately judge the drivers’ risk perception

abilities. For this purpose, fuzzy signal recognition was used
to process the driver’s operational judgment. The operation
judgment was divided into five language levels after the
driver accepted the traffic information. The maximum mem-
bership degree was applied to defuzzify the language level,
the formula was used to obtain the fuzzy value range, and
the comprehensive response value was calculated. To eval-
uate the driver’s risk perception ability quantitatively, the
implied function was used to calculate the HI, FA, missing
report (MR) and correct negation (CN) of the fuzzy set
members. The MR and CN were not used because they do
not usually provide new information. The HI and FA were
used to calculate the probability of the driver hitting the risk
and falsely reporting the risk, respectively, in the driving risk
scenarios. The risk sensitivity and risk judgment threshold,
which can reflect the driver’s risk perception ability to a
certain extent, these values were obtained through the PZO
conversion table.

B. SENSITIVITY AND THRESHOLD
The risk sensitivity is the degree of separation between a
hit response and a false report. The larger the degree of
separation, the higher the risk sensitivity, and the better the
driver’s ability to distinguish and respond to risks. In scene
1, the risk sensitivity of younger drivers and elderly drivers is
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less than 0, indicating that both sets of drivers were tense at
the beginning of the experiment and had more false reports
of risk. After adapting to the experiment, the participants
resumed stable driving. The peak risk sensitivity of both
sets of drivers appeared in scene 3, which is had highest
level, indicating that both drivers can capture risks and react
more accurately in scenarios with more obvious risks. In five
risk scenarios, the values of the risk sensitivity of younger
drivers and elderly drivers are 1.283 and 1.176, respectively;
the higher risk sensitivity of younger drivers indicates that
younger drivers can more accurately identify risks in the
scenarios and respond in a timelier manner. Younger drivers
can maintain a more cautious driving state during driving
and have higher risk identification ability. The value of P
was maintained at approximately 0.05 in the five risk scenar-
ios, indicating a significant difference between the younger
drivers and elderly drivers.

The risk judgment threshold reflects the driver’s subjec-
tive perception of risk. For a larger threshold, the driver’s
judgment ability will be weaker, and the response will be
slower with larger threshold. In the five risk scenarios, the risk
judgment thresholds of the younger drivers were lower than
those of the elderly drivers, indicating that younger drivers
drive more conservatively in risky environments and make
risk judgments in advance. The risk judgment ability of an
elderly drivers would decrease with increasing age, which
will cause the elderly drivers judge the risk when they closer
to the risk and have a more intuitive feeling in the driving
process. The risk judgment thresholds of the younger drivers
and the elderly drivers in the five scenarios showed significant
differences (P < 0.05), the risk judgment threshold (P =
0.038) can show the difference between younger drivers and
elderly drivers better than the risk sensitivity (P = 0.044).

C. ANALYSIS OF DRIVER CLASSIFICATION
The risk judgment threshold with a higher difference was
used to classify the drivers; the study showed that the
risk judgment threshold can more accurately determine the
driver’s risk perception ability than the sensitivity [28].
In Fig. 5, a and c show that the risk judgment threshold
increased as the risk level increased, which shows that these
drivers can still drive cautiously under low-risk conditions,
and there will be tension and panic that results in an error in
the judgment of the risk when the risk level increase, causing
an increase in the judgment threshold. This type of person is
classified as a sensitive driver, and driver 4 in c was not classi-
fied first because his judgment threshold suddenly increased
in scene 2. In Fig. 5b, the driver’s judgment threshold showed
a repeated increase and decrease trend and did not have a
certain regularity with the change in the risk level. In scene 3,
which has the highest risk level, a relatively low judgment
threshold can be maintained, indicating that such a driver
has a higher risk perception capability than other drivers.
In scene 4 and 5, which have the lower risk levels than scene 3,
a higher judgment threshold was displayed, indicating that
such drivers were relaxed in the low-risk situation and driving

more casually, which led to the risk judgment. Therefore, the
driver was classified as an emotional driver. In Fig. 5d, the
driver’s judgment threshold showed an increasing trend first
and then decreased as the risk level increase, indicating that
such drivers can maintain certain judgment ability in high-
risk situations but ignore some risks in low-risk situations.
Therefore, this type of drivers was classified as a negligent
driver; driver 13 was not classified first because his judg-
ment threshold changed suddenly in scene 5. Driver 4 and
driver 13 experienced a sudden change in their risk judgment
thresholds during the driving process, but they only experi-
enced a sudden change in one scene, so they were classified
as composite drivers.

From Table 8, in the sensitive category, there are eight
younger drivers and six elderly drivers, which were half of
the test drivers. This finding indicates that drivers who have
a certain driving experience can maintain cautious driving
in a risky scene and are relatively sensitivity to risk. The
relatively large proportion of younger drivers indicated that
younger drivers had a more accurate risk judgment than
elderly drivers. One younger driver and five elderly drivers
were classified as negligent drivers. Elderly drivers made up
a high proportion of negligent drivers, indicating that elderly
drivers are assess risks slower than younger drivers due to
issues such as weak eyesight and slow nerve reflexes in risk
scenarios, and it is easy to ignore some risks, resulting in
higher judgment thresholds. Three younger drivers and three
elderly drivers were classified as emotional, indicating that
there is a certain proportion of emotional drivers in both
groups. This type of driver had the ability to full judge
risks, but the external environment and the behavior of other
vehicles may cause emotional changes in such drivers and
lead to a large change in risk judgment, which would result
in the inaccurate evaluation and analysis of this kind of driver.
Two younger drivers were categorized as composite drivers,
indicating that they can maintain the same driving character-
istic of other drivers, but there are occasional unpredictable
factors that led to errors in judgment. According to the four
types of classification, the risk judgment ability of younger
drivers is indeed better than that of elderly drivers. Elderly
drivers easily ignore risks due to physical and psychological
weaknesses.

D. ANALYSIS OF CORRELATION
Four classification discriminant functions were calculated
based on the fitting parameters of the Fisher discriminant
function. The function type was used to characterize the
driver’s type to reflect the driver’s risk perception ability.

To reflect the characteristic of drivers intuitively, corre-
lation analysis was performed between the risk judgment
threshold (RJT) and driver’s sex (DS), age, driving age (DA),
saccade amplitude(SA), fixation time(FT), heart rate (HRA),
EDA, velocity (V), EMG and brake pedal depth (BPD). The
results are shown in Table 10.

From Table 10, a high correlation was shown in the risk
judgment threshold with age, saccade amplitude and heart

VOLUME 8, 2020 125509



D. Ni et al.: Determination of Risk Perception of Drivers Using Fuzzy-Clustering Analysis for Road Safety

TABLE 10. Correlation analysis of the risk judgment threshold.

TABLE 11. Correlation analysis of the risk judgment threshold.

rate. From Table 11, the mean saccade amplitude of the four
types of drivers (sensitive, negligent, emotional and compos-
ite) are 2.11◦, 1.85◦, 1.53◦, and 1.09◦, respectively, indicat-
ing that sensitive drivers have a greater saccade amplitude
when driving than the other types of drivers. They have a
comprehensive grasp of the risks of surrounding things and
have high risk perception ability. The mean heart rate of
the four types of drivers (sensitive, negligent, emotional and
composite) are 82.11 times/min (t/m), 90.23 t/m, 95.27 t/m,
85.96 t/m, respectively, which indicates that sensitive drivers
can maintain a relatively stable mentality while driving, and
negligent drivers have a high heart rate due to late detection of
risks; negligent drivers are mainly elderly drivers. Emotional
drivers are susceptible to external influences; their mood
swings result in faster heartbeats and lead to a higher heart
rate. The composite driver group is a mutation based on the
sensitive driver group, so the heart rate in this group is slightly
lower than that in the sensitive driver group. The saccade
amplitudes of younger drivers and elderly drivers are 2.21◦

and 2.01◦, respectively, and the heart rate of sensitive younger
drivers and elderly drivers are 80.31 t/m and 83.9 t/m, respec-
tively, because sensitive drivers are mainly younger drivers
and their saccade amplitude are larger than those of elderly
people, indicating that younger drivers can focus on more
information and detect risks earlier and they have better
risk perception ability and less stress than elderly drivers,
as indicated by lower heart rates. The saccade amplitude and
heart rate of the negligent younger drivers are 1.74◦ and 82.78
t/m, respectively, and those of negligent elderly drivers are
1.95◦ and 97.67 t/m, respectively, which indicates that the
saccade amplitude of elderly drivers is wider than that of
younger drivers, but the heart rate of elderly drivers is higher
so that they cannot maintain a steady state of mind when

driving. Therefore, the risk sensitivity of negligent drivers is
lower than that of sensitive drivers. The saccade amplitude
and heart rate of emotional younger drivers are 1.48◦ and
94.29 t/m, respectively, and those of emotional elderly drivers
are 1.58◦ and 96.24 t/m, respectively, which indicates that
the risk sensitivity of emotional younger drivers is lower than
that of emotional elderly drivers. Emotional younger drivers
are more susceptible to their external environment than emo-
tional elderly drivers and their mood changes greatly. Emo-
tional drivers’ risk sensitivity is not easily captured. Two
of the composite drivers are younger drivers, the saccade
amplitude and heart rate are 1.09◦ and 85.96 t/m, respectively;
their saccade amplitudes are narrow than that of other drivers,
but they can maintain a steady state to mitigate risks. It can
be seen that driver classification based on the risk judgment
threshold has an obvious hierarchy and can discriminate the
driver’s risk perception ability to a large extent through the
saccade amplitude and heart rate, which are highly correlated
with the risk judgment threshold.

E. APPLICATION
From section E, saccade amplitude is the most influence fac-
tor that affected driver’s perception ability, so drivers should
maintain a wider saccade amplitude while driving so that they
can grasp the traffic conditions and then risks can be avoided
effectively. In the future, advanced driving assistance systems
can incorporate a saccade system which can remind drivers
to fully scan the surrounding environment and then ensure
driving safety.

VII. CONCLUSION
To explore the differences in the risk perception abilities of
drivers of different ages, it was found that the risk perception
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ability of younger drivers is better than that of elderly drivers
based on the risk sensitivity and risk judgment threshold. Dif-
ferent driving personalities will affect drivers’ risk response
abilities; therefore, cluster analysis was used to divide the
participants into four driver types, and a risk perception
ability evaluation model was constructed. Then, the drivers’
ages, saccade amplitudes and heart rates were compared
across the different types that were more relevant to drivers.
It was found that the saccade amplitude of younger drivers
is larger than that of elderly drivers, and younger drivers’
heart rate is relatively stable. This finding strongly indi-
cated that younger drivers are able to deal with risks more
calmly than elderly drivers. The disadvantage of the exper-
iment is that no real vehicle experiments were performed.
The elderly drivers adapted to the driving simulation system
slower than the younger drivers; therefore, it is necessary to
use a real vehicle and repeat the experiment to ensure the
accuracy.
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