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Abstract: While driving, stress and frustration can affect safe driving and pose the risk of causing
traffic accidents. Therefore, it is important to control the driver’s anxiety level in order to improve
the driving experience. In this paper, we propose and implement an intelligent system based on
fuzzy logic (FL) for deciding the driver’s anxiety level (DAL). In order to investigate the effects of the
considered parameters and compare the evaluation results, we implement two models: DAL Model 1
(DALM1) and DAL Model 2 (DALM2). The input parameters of DALM1 include driving experience
(DE), in-car environment conditions (IECs), and driver age (DA), while for DALM2, we add a new
parameter called the accident anxiety state (AAS). For both models, the output parameter is DAL.
We carried out many simulations and compared the results of DALM1 and DALM2. The evaluation
results show that the DAL is very good for drivers’ ages between 30 to 50 years old. However, when
the driver’s age is below 30 or above 50, DAL tends to decline. With an increase in DE and IECs,
the DAL value is decreased. But when the AAS is increased, the DAL is increased. DALM2 is more
complex because the rule base is larger than DALM1, but it makes a better decision of DAL value.

Keywords: VANETs; fuzzy logic; driver anxiety level

1. Introduction

As the number of COVID-19 infections declines, economic activities are resuming,
and the traffic volume will be increased in the future. Thus, drivers may face heightened
stress due to traffic congestion, which could lead to irritation. Such emotions can impair
the ability to drive safely and increase the risk of causing traffic accidents. Driving a car is
a constant source of stress, as it demands that drivers remain vigilant of surrounding traffic
conditions in order to make appropriate decisions and precise maneuvers. A survey on
Japanese drivers’ behaviors indicates that the primary emotions experienced while driving
include anger/irritation, fear of accidents, and impatience, as shown in Figure 1 [1].

There are many factors that cause these emotions such as the behavior of other drivers
with aggressive cutting in, dangerous actions of cyclists and pedestrians, and the surround-
ing traffic environment, such as traffic jams. Also, when other vehicles do not adhere to
traffic rules or are driven aggressively, it often irritates many drivers. Controlling emotions
is crucial for safe driving. Regardless of driving proficiency, the inability to manage emo-
tions, especially under significant stress, can impair concentration. This often results in
hazardous driving behaviors, potentially leading to severe accidents [2].

Substantial research is currently being conducted by industry, governmental bodies,
and academic entities to develop effective systems and infrastructure for preventing car
accidents. This has led to an increased emphasis on collaboration among researchers,
culminating in the creation of intelligent transportation systems (ITSs).

ITSs are dedicated to the application of advanced transportation technologies, merging
state-of-the-art information, communication, and control technologies to craft sustainable
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networks that integrate people, vehicles, and roadways. Within ITSs, vehicular ad hoc
networks (VANETs) provide critical roles, primarily focusing on enhancing safety, stream-
lining traffic flow, boosting efficiency, and facilitating the convenience of both drivers
and passengers. In VANETs, vehicles, functioning as network nodes, are equipped with
capabilities to relay vital data, including safety alerts and road or traffic updates, among
themselves through vehicle-to-vehicle interactions and to roadside units via vehicle-to-
infrastructure communication. Despite the practical deployment of VANETs incorporating
various applications, existing architectures encounter a myriad of challenges.
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Driving anxiety is related to many factors such as transportation, clinical, cognitive
psychological, social, and technical aspects. However, most of the studies about driving
anxiety are based on questionnaires, and they investigate only the feelings and emotions
associated with this problem, while the quantification of its detrimental effects while
driving is rarely undertaken. Most of the behavioral measures are determined by accident
reports and assessments of subjective experiences. They are mainly related to the extent of
driving avoidance in different situations [3–8].

Fuzzy logic (FL) significance arises from the general nature of human reasoning, which
is typically approximate, particularly in the realm of common sense. FL employs linguistic
variables to articulate control parameters, allowing complex issues to be expressed and
understood through straightforward linguistic terms. Additionally, the use of linguistic
variables enables the description of vague parameters. Fuzzy sets, representing linguistic
labels, deploy membership functions to rank preferences for the potential interpretations of
these labels. There are many applications of FL in different fields of science and engineer-
ing [9,10].

This paper presents an intelligent FL-based system for deciding the driver’s anxiety
level (DAL). In order to investigate the effects of the considered parameters and compare
the evaluation results, we implemented two models: DAL Model 1 (DALM1) and DAL
Model 2 (DALM2). The input parameters of DALM1 were the driving experience (DE),
in-car environment conditions (IECs), and the driver’s age (DA), while for DALM2, we
added a new parameter called the accident anxiety state (AAS). For both models, the output
parameter was DAL. We carried out many simulations and compared the results of DALM1
and DALM2. The evaluation results show that DALM2 is more complex because the rule
base is larger than DALM1, but it makes a better decision of DAL value.

By our study, we aimed to close the gap between psychological and emotional
fields and the technical approaches. To the best of our knowledge, there are no tech-
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nical papers that consider FL to determine the driver’s anxiety level. Presently, in dif-
ferent fields, researchers have used artificial intelligence (AI) and machine learning (ML)
algorithms [11,12]. However, they are used as black boxes. By using FL, we can build
explainable intelligent systems.

The organization of this paper is outlined as follows: Section 2 introduces the concept
of VANETs. A brief overview of FL and a FL controller (FLC) is provided in Section 3.
The design of our FL-based system is presented in Section 4. In Section 5, we present the
simulation results, while in Section 6, we expand on them through discussion. The paper
concludes with a summary and suggestions for prospective research in Section 7.

2. VANETs

A VANET (vehicular ad hoc network) is a type of mobile ad hoc network (MANET),
which can facilitate the exchange of information between vehicles as well as between
vehicles and roadside infrastructure. These networks can support V2V (vehicle-to-vehicle)
and V2I (vehicle-to-infrastructure) communication. They are expected to evolve with ad-
vancements in autonomous vehicles, smart cities and 5G technology. More sophisticated
applications such as platooning, where vehicles travel in a group formation to reduce fuel
consumption and improve traffic flow, will be integrated into VANETs. Thus, VANETs
represent a crucial advancement in transportation technology, promising significant im-
provements in safety, efficiency, and convenience for future road networks.

Key components of VANETs are as follows.

• Vehicles: The vehicles are equipped with Onboard Units (OBUs) that facilitate commu-
nication with other vehicles and roadside units.

• Roadside units (RSUs): The RSUs are fixed units along the road, which provide
connectivity to vehicles, serving as gateways to the internet and other networks.

• OBUs: The OBUs are communication devices installed in vehicles, which enable the
transmission and reception of data.

• Application Units (AUs): The AUs are part of vehicle’s onboard system, which utilize
VANET data to operate various applications.

In VANETs, the V2V communication is the direct communication between vehicles,
which is essential for collision avoidance, traffic information dissemination, and cooperative
driving. While V2I refers to the communication between vehicles and infrastructure, such
as traffic signals or toll booths. This facilitates traffic management, toll collection, and the
provision of real-time traffic updates. While VANETs possess many advantages, they have
extensive and constantly changing topologies as well as fluctuations in the capacity of
wireless links. They are constrained by bandwidth and hard delay constraints. Also, the
high mobility, speed, and low density of vehicles lead to brief contact durations. In addition,
limited transmission ranges, physical barriers, and interference result in intermittent and
disrupted connectivity.

For the implementation of VANET applications, it is essential to develop appropriate
networking mechanisms capable of addressing challenges inherent in vehicular environ-
ments [13–19].

Mobility pattern recognition is a complex task in VANETs because the driving state
of each vehicle is different. For traffic control and accident prevention, the human driver
behavior should be analyzed to identify mobility patterns and predict the driver’s state [20].
The diver’s state is affected by different factors such as the external environment, the car
safety device, their driving skill, driver emotions, driver age, transportation information,
and so on, as shown in Figure 2.



Future Internet 2024, 16, 348 4 of 13
Future Internet 2024, 16, x FOR PEER REVIEW 4 of 13 
 

 

 
Figure 2. Factors affecting driver’s state. 

3. FC and FLC 
The FL system considers values between true and false, rather than being confined to 

binary extremes, thus enhancing traditional logic frameworks. It can process both linguis-
tic and numerical data by mapping from input vectors to a singular output value via an 
online algorithm. Unlike conventional binary logic, which operates strictly at 0 or 1, FL 
functions across a continuum from 0 to 1. This allows for more nuanced interpretations of 
data, aligning well with the mimicking complex, nonlinear relationships and managing 
situations with varying degrees of certainty. Consequently, FL offers a closer approxima-
tion to human reasoning and decision-making processes. Also, it proves beneficial in a 
variety of applications. 

Fuzzy control (FC) emerges as the predominant field of application. The FLC process 
is initiated with fuzzification, in which crisp numerical input values are transformed into 
fuzzy sets based on predefined linguistic variables. This transformation enables the sys-
tem to manage imprecision and ambiguity effectively. Such a step is crucial for translating 
real-world sensor data into formats that the FLC can interpret in terms of degrees of truth, 
rather than binary on/off states. The inference engine assesses the fuzzy inputs along with 
the rule base, which consists of a collection of if–then rules encoding expert knowledge 
and decision logic. These rules determine the output of the controller in fuzzy terms, tak-
ing into account all possible input combinations and their respective actions. 

Finally, the defuzzification mechanism transforms the set of fuzzy outputs into a 
crisp value, which is subsequently utilized for control purposes. This output is a single 
value representing the aggregated result of the fuzzy inference process, optimized to 
achieve the desired control objective. Consequently, the FLC can make decisions that 
mimic human reasoning, facilitating sophisticated control strategies in complex and non-
linear systems [21–24]. 

4. Proposed Simulation System 
In this paper, we consider FL to implement the proposed simulation system. The pro-

posed system structure is shown in Figure 3. In the implemented system, sensors will 
detect and quantify the input parameters for the FL-based system. 

We implement two models: DALM1 and DALM2. The input parameters of DALM1 
include driving experience (DE), in-car environment conditions (IECs), and driver age 
(DA), while for DALM2, we add a new parameter called the accident anxiety state (AAS). 
For both models, the output parameter is the DAL. We explain each parameter in the fol-
lowing paragraphs. 

Figure 2. Factors affecting driver’s state.

3. FC and FLC

The FL system considers values between true and false, rather than being confined to
binary extremes, thus enhancing traditional logic frameworks. It can process both linguistic
and numerical data by mapping from input vectors to a singular output value via an
online algorithm. Unlike conventional binary logic, which operates strictly at 0 or 1, FL
functions across a continuum from 0 to 1. This allows for more nuanced interpretations of
data, aligning well with the mimicking complex, nonlinear relationships and managing
situations with varying degrees of certainty. Consequently, FL offers a closer approximation
to human reasoning and decision-making processes. Also, it proves beneficial in a variety
of applications.

Fuzzy control (FC) emerges as the predominant field of application. The FLC process
is initiated with fuzzification, in which crisp numerical input values are transformed into
fuzzy sets based on predefined linguistic variables. This transformation enables the system
to manage imprecision and ambiguity effectively. Such a step is crucial for translating
real-world sensor data into formats that the FLC can interpret in terms of degrees of truth,
rather than binary on/off states. The inference engine assesses the fuzzy inputs along with
the rule base, which consists of a collection of if–then rules encoding expert knowledge and
decision logic. These rules determine the output of the controller in fuzzy terms, taking
into account all possible input combinations and their respective actions.

Finally, the defuzzification mechanism transforms the set of fuzzy outputs into a
crisp value, which is subsequently utilized for control purposes. This output is a single
value representing the aggregated result of the fuzzy inference process, optimized to
achieve the desired control objective. Consequently, the FLC can make decisions that mimic
human reasoning, facilitating sophisticated control strategies in complex and nonlinear
systems [21–24].

4. Proposed Simulation System

In this paper, we consider FL to implement the proposed simulation system. The
proposed system structure is shown in Figure 3. In the implemented system, sensors will
detect and quantify the input parameters for the FL-based system.

We implement two models: DALM1 and DALM2. The input parameters of DALM1
include driving experience (DE), in-car environment conditions (IECs), and driver age
(DA), while for DALM2, we add a new parameter called the accident anxiety state (AAS).
For both models, the output parameter is the DAL. We explain each parameter in the
following paragraphs.
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• Driving Experience (DE)

In general, it is known that experienced drivers are able to make more appropriate
responses than inexperienced drivers. Also, the driving experience can affect the traffic
safety behavior. Specifically, young people have peculiar driving behavior such as driving
faster, decelerating and accelerating more abruptly, being less likely to come to a full stop at
stop signs and tailgating other cars, in comparison to middle-aged and older drivers [25].

• In-car Environment Conditions (IECs)

The IECs are related to the vehicle conditions such as the air quality aspects influencing
environmental conditions in vehicles. Especially with the mobile age and associated lengthy
periods of stay in enclosed cars, maintaining healthy air hygiene in the car interior is very
important. There are different factors that influence the vehicle environment such as
temperature, window-opening, the correct usage of automated air conditioning systems,
and indoor air filters. These factors are useful for improving the environmental conditions
of vehicles and optimizing the interior air hygiene. These are related also with the different
endowments, ages and models of vehicles [26].

• Driver Age (DA)

Aging combined with injury or disease can affect the physical and mental capabilities
required for the task of driving. There are different difficulties for older people such as
maintaining a constant speed and keeping within the lane, turning the head and body
during parking, the reduced field of view and unintentional speeding, identifying road
signs and driving at night, reduced reactions and longer decision times, and difficulty with
ingress/egress. Thus, the age of drivers has a great effect on DAL [27].

• Accident Anxiety State (AAS)

The AAS refers to a specific type of anxiety experienced by individuals who have been
involved in, witnessed, or even heard about car accidents. This anxiety can significantly
affect the person ability to drive or even be a passenger in a vehicle. The symptoms and
impacts of the driver AAS include physical symptoms, emotional symptoms, behavioral
symptoms, cognitive symptoms, and so on. The AAS can severely limit the person in-
dependence and freedom, making it challenging to carry out daily activities that involve
driving. It can also affect one’s ability to commute to work, attend social events, or perform
assigned errands [28].
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The terms set for input and output parameters are defined as shown in Table 1.
For the implementation of the proposed system, we consider triangular and trapezoidal
membership functions as shown in Figure 4 because they are good for real-time systems
and applications [29]. The membership functions are shown in Figure 5. We set the DE,
IEC, AAS and DAL values to range from 0 to 1 unit. The DE value range we set from 20 to
90 considering the driver ages in Japan [25]. The DAL is considered in 6 levels for DALM1
and 7 levels for DALM2. When the DAL value is DAL1, the amount of the driver’s anxiety
is good, while when it is DAL6 (DALM1) or DAL7 (DALM2), this is the worst case.

Table 1. Parameters and term set.

Parameters Term Sets

Driving Experience (DE) Not Good (NG), Good (G), Very Good (VG)
In-car Environment Conditions (IECs) Bad (Ba), Normal (Nor), Good (Gd)

Driver Age (DA) Young (Yo), Middle (Mi), Old (Ol)
Accident Anxiety State (AAS) Low (Lo), Middle (Mid), High (Hi)

DALM1: Driver Anxiety Level (DAL) Driver Anxiety Level1 (DAL1), DAL2, DAL3, DAL4,
DAL5, DAL6

DALM2: DAL DAL1, DAL2, DAL3, DAL4, DAL5, DAL6, DAL7
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The fuzzy rule base (FRB) for DALM1 is shown in Table 2 and has 27 rules, while the
FRB for DALM2 is shown in Table 3 and has 81 rules. The control rules are constructed by
“if . . . then . . .” expressions, such as the following:

Table 2. FRB for DALM1.

Rule DE IEC DA DAL Rule DE IEC DA DAL Rule DE IEC DA DAL

1 NG Ba Yo DAL6 10 G Ba Yo DAL5 19 VG Ba Yo DAL4
2 NG Ba Mi DAL4 11 G Ba Mi DAL3 20 VG Ba Mi DAL2
3 NG Ba Ol DAL6 12 G Ba Ol DAL6 21 VG Ba Ol DAL5
4 NG Nor Yo DAL5 13 G Nor Yo DAL4 22 VG Nor Yo DAL3
5 NG Nor Mi DAL3 14 G Nor Mi DAL2 23 VG Nor Mi DAL1
6 NG Nor Ol DAL6 15 G Nor Ol DAL5 24 VG Nor Ol DAL4
7 NG Gd Yo DAL3 16 G Gd Yo DAL2 25 VG Gd Yo DAL2
8 NG Gd Mi DAL2 17 G Gd Mi DAL1 26 VG Gd Mi DAL1
9 NG Gd Ol DAL5 18 G Gd Ol DAL4 27 VG Gd Ol DAL3

If the DE is NG, the IECs are Ba and the DA is Yo, then the DAL is DAL6 (Rule 1 of
Table 2), or If the AAS is Hi, the DE is VG, the IECs are Gd and the DA is Ol, then the DAL
is DAL3 (Rule 81 of Table 3).

We explain the membership functions as follows. The triangular membership function
is denoted by f (), while the trapezoidal membership function is denoted by g(). The
maximum value for the triangular membership function is denoted by x0, while the edges
are denoted by x0 – a0 and x0 + a1, for the left and right sides, respectively. For the
trapezoidal membership function, the maximum values are denoted by x0 and x1, while
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the edges are denoted by x0 – a0 and x1 + a1, for the left and right sides, respectively. The
FRB for both models is tuned based on our experience and the related work on a driver’s
anxiety [25–28]. When we want a strong effect of the parameter for a peak value, we select
the triangular membership function, while in cases when we want the strong effect of the
parameter in a region, we use the trapezoidal membership function.
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µNG (DE) = g (DE; NG0, NG1, NGw0, NGw1)

µG (DE) = g (DE; G0, G1, Gw0, Gw1)

µVG (DE) = g (DE; VG0, VG1, VGw0, VGw1)

µBa (IEC) = g (IEC; Ba0, Ba1, Baw0, Baw1)

µNor (IEC) = f (IEC; Nor0, Norw0, Norw1)

µGd (IEC) = g (IEC; Gd0, Gd1, Gdw0, Gdw1)
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µYo (DA) = g (DA; Yo0, Yo1, Yow0, Yow1)

µMi (DA) = g (DA; Mi0, Mi1, Miw0, Miw1)

µOl (DA) = g (DA; Ol0, Ol1, Olw0, Olw1)

µLo (AAS) = g (AAS; Lo0, Lo1, Low0, Low1)

µMid (AAS) = f (AAS; Mid0, Midw0, Midw1)

µHi (AAS) = g (AAS; Hi0, Hi1, Hiw0, Hiw1)

Table 3. FRB for DALM2.

Rule AAS DE IEC DA DAL Rule AAS DE IEC DA DAL Rule AAS DE IEC DA DAL

1 Lo NG Ba Yo DAL6 28 Mid NG Ba Yo DAL7 55 Hi NG Ba Yo DAL7
2 Lo NG Ba Mi DAL4 29 Mid NG Ba Mi DAL6 56 Hi NG Ba Mi DAL7
3 Lo NG Ba Ol DAL7 30 Mid NG Ba Ol DAL7 57 Hi NG Ba Ol DAL7
4 Lo NG Nor Yo DAL5 31 Mid NG Nor Yo DAL6 58 Hi NG Nor Yo DAL7
5 Lo NG Nor Mi DAL3 32 Mid NG Nor Mi DAL5 59 Hi NG Nor Mi DAL6
6 Lo NG Nor Ol DAL6 33 Mid NG Nor Ol DAL7 60 Hi NG Nor Ol DAL7
7 Lo NG Gd Yo DAL4 34 Mid NG Gd Yo DAL6 61 Hi NG Gd Yo DAL7
8 Lo NG Gd Mi DAL2 35 Mid NG Gd Mi DAL4 62 Hi NG Gd Mi DAL5
9 Lo NG Gd Ol DAL5 36 Mid NG Gd Ol DAL6 63 Hi NG Gd Ol DAL7
10 Lo G Ba Yo DAL4 37 Mid G Ba Yo DAL5 64 Hi G Ba Yo DAL6
11 Lo G Ba Mi DAL2 38 Mid G Ba Mi DAL3 65 Hi G Ba Mi DAL5
12 Lo G Ba Ol DAL5 39 Mid G Ba Ol DAL6 66 Hi G Ba Ol DAL7
13 Lo G Nor Yo DAL3 40 Mid G Nor Yo DAL4 67 Hi G Nor Yo DAL6
14 Lo G Nor Mi DAL1 41 Mid G Nor Mi DAL2 68 Hi G Nor Mi DAL4
15 Lo G Nor Ol DAL4 42 Mid G Nor Ol DAL5 69 Hi G Nor Ol DAL6
16 Lo G Gd Yo DAL2 43 Mid G Gd Yo DAL3 70 Hi G Gd Yo DAL5
17 Lo G Gd Mi DAL1 44 Mid G Gd Mi DAL2 71 Hi G Gd Mi DAL3
18 Lo G Gd Ol DAL3 45 Mid G Gd Ol DAL4 72 Hi G Gd Ol DAL6
19 Lo VG Ba Yo DAL2 46 Mid VG Ba Yo DAL3 73 Hi VG Ba Yo DAL5
20 Lo VG Ba Mi DAL1 47 Mid VG Ba Mi DAL2 74 Hi VG Ba Mi DAL3
21 Lo VG Ba Ol DAL3 48 Mid VG Ba Ol DAL4 75 Hi VG Ba Ol DAL6
22 Lo VG Nor Yo DAL1 49 Mid VG Nor Yo DAL2 76 Hi VG Nor Yo DAL4
23 Lo VG Nor Mi DAL1 50 Mid VG Nor Mi DAL1 77 Hi VG Nor Mi DAL2
24 Lo VG Nor Ol DAL2 51 Mid VG Nor Ol DAL3 78 Hi VG Nor Ol DAL5
25 Lo VG Gd Yo DAL1 52 Mid VG Gd Yo DAL2 79 Hi VG Gd Yo DAL3
26 Lo VG Gd Mi DAL1 53 Mid VG Gd Mi DAL1 80 Hi VG Gd Mi DAL1
27 Lo VG Gd Ol DAL1 54 Mid VG Gd Ol DAL2 81 Hi VG Gd Ol DAL4

The membership functions of DAL are defined as follows.

µDAL1 (DAL) = g (DAL; DAL10, DAL11, DAL1w0, DAL1w1)

µDAL2 (DAL) = f (DAL; DAL20, DAL2w0, DAL2w1)

µDAL3 (DAL) = f (DAL; DAL30, DAL3w0, DAL3w1)

µDAL4 (DAL) = f (DAL; DAL40, DAL4w0, DAL4w1)

µDAL5 (DAL) = f (DAL; DAL50, DAL5w0, DAL5w1)

µDAL6 (DAL) = f (DAL; DAL60, DAL6w0, DAL6w1)

µDAL7 (DAL) = g (DAL; DAL70, DAL71, DAL7w0, DAL7w1)

5. Simulation Results

In this section are presented the simulation results, illustrating the correlations between
input and output parameters as shown in Figures 6–9. We discuss the relations among
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various parameters in DALM1 and DALM2. For implementation of our system, we use
FuzzyC software developed in our Lab [2,29].
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5.1. Simulation Results of DALM1

The simulation results of DALM1 are shown in Figure 6. We show the relationship
between DAL and DA, DE and IECs input parameters. The DE is considered a constant
parameter. We increased the values of the DE and IECs from 0.1 to 0.9 and the DA from 20
to 90.

In Figure 6a, when IEC is 0.1 and DA is 40, the DAL is 0.8. When the IEC value is
increased to 0.5 and 0.9, the DAL is 0.62 and 0.4. So, the DAL value is decreased about 18%
and 40%, respectively. In Figure 6b,c, we changed the DE to 0.5 and 0.9, respectively. We see
that with increase of DE parameter, the DAL is decreased. For DE 0.5 and 0.9, comparing
with Figure 6a, when the DA is 40 and the IEC is 0.9, the DAL is decreased by 12% and
28%, respectively.

5.2. Simulation Results of DALM2

The simulation results of DALM2 are shown in Figures 7–9. We show the relationship
between DAL and DA for different values of IECs, AAS and DE. We investigate the effect
of AAS on DAL, which is considered as a new parameter. We consider the AAS and DE as
constant parameters and we change the IECs value from 0.1 to 0.9, and the DA value from
20 to 90.

We can see in Figure 7a that when the DA value is 40, IEC is 0.1, AAS is 0.1 and DE is
0.1, the DAL is 0.7. Comparing the same point with Figure 6, the DAL is decreased 10%.
In Figure 7b, we changed the DE from 0.1 to 0.5. It can be seen that the DAL is decreased
compared with Figure 7a. Also, in Figure 7c, the values of DAL have decreased much more.

In Figures 8 and 9, we changed the AAS values from 0.1 to 0.5 and 0.9. We see that for
the same point when the DA value is 40, IECs is 0.1 and DE is 0.1, the DAL is 0.8 and 0.92,
respectively. Comparing with the same point of Figure 7a, the DAL is increased by 10%
and 22%, respectively.

Thus, when the AAS value is increased, the DAL in DALM2 increases much more
compared with DALM1. This shows that the AAS has a great effect on the driver’s
anxiety level.

6. Discussion

In this section, we discuss the simulation results. In the case of DALM1, when dealing
with inexperienced drivers (DE = 0.1), the results show the highest values of DAL. The low
experience coupled with bad in-car environment conditions increase the driver’s anxiety.
For a moderate value of driver experience (DE = 0.5), the anxiety level is decreased, and the
best behavior is that for middle-aged drivers. In the case of experienced drivers (DE = 0.9),
we see that the anxiety level is very low, especially for middle-aged drivers and good in-car
environment conditions.

For DALM2, we have scenarios: a low-level accident anxiety state (AAS = 0.1: Scenario
1), a moderate-level accident anxiety state (AAS = 0.5: Scenario 2) and a high-level accident
anxiety state (AAS = 0.9: Scenario 3).

In the case of Scenario 1, the drivers have a low level of accident anxiety, so the driver
experience coupled with in-car environment conditions and driver age have a great effect
on the driver’s anxiety level. The low level of DAL occurs when the driver is middle-aged,
the in-car environment conditions are good and they have good experience. In the case
of Scenario 2, the accident anxiety state is moderate, so the values of DAL are increased
compared with Scenario 1. The values of DAL are increased more in Scenario 3 because
the level of the accident anxiety state is high. The worst case of Scenario 3 occurs when
the driving experience is low, in-car environment conditions are bad, with young and
old-aged drivers.

7. Conclusions and Future Work

In this paper, we presented a FL-based system for assessing driver anxiety levels by
considering various input parameters. We examined two models: DALM1 and DALM2.
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We evaluated the proposed models through simulations. From the evaluation results,
we conclude that the DAL is very good for drivers within the ages of 30 to 50 years old.
However, when the driver’s age is below 30 or above 50, the DAL tends to decline. With
increasing values of DE and IECs, the DAL value is decreased. But when the AAS is
increased, the DAL is increased. This shows that the AAS has a great effect on the driver’s
anxiety level. Comparing complexity, DALM2 is more complex than DALM1. However,
DALM2 also considers the AAS, which makes the system more reliable.

In future research, we would like to make extensive simulations to evaluate the
proposed system. Also, we will implement a testbed and compare the simulation results
with experimental results.
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