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Abstract: This paper proposes a data-driven human-like driver model (HDM) based on the analysis
and understanding of human drivers’ behavior in path-tracking tasks. The proposed model contains
a visual perception module and a decision-making module. The visual perception module was
established to extract the visual inputs, including road information and vehicle motion states, which
can be perceived by human drivers. The extracted inputs utilized for lateral steering decisions
can reflect specific driving skills exhibited by human drivers like compensation control, preview
behavior, and anticipation ability. On this basis, an adaptive neuro-fuzzy inference system (ANFIS)
was adopted to design the decision-making module. The inputs of the ANFIS include the vehicle
speed, lateral deviation in the near zone, and heading angle error in the far zone. The output is
the steering wheel angle. ANFIS can mimic the fuzzy reasoning characteristics of human driving
behavior. Next, a large amount of human driving data was collected through driving simulator
experiments. Based on the data, the HDM was established. Finally, the results of the joint simulation
under PreScan/MATLAB verified the superior performances of the proposed HDM.

Keywords: human-like driver model; path tracking; visual perception of drivers; steering behavior;
ANFIS

1. Introduction

Driven by advanced sensor technology and artificial intelligence, autonomous vehicles
(AVs) are progressing towards the stage of becoming viable products and entering com-
mercial markets. It is conceivable that, in the near future, AVs and human-driven vehicles
(HVs) will co-exist in transportation systems [1]. AVs have not yet become prevalent on
today’s roads. In this situation, implementing the automatic controller to operate the
vehicle in a manner similar to a human driver is a pragmatic and viable strategy [2,3],
although it may not be optimal. However, previous research on vehicle motion control
mainly focused on tracking accuracy and stability. Seldomly does research concern human
personality. Therefore, this paper aimed to develop a human-like driver model (HDM) for
path-tracking tasks.

The driver model is a mathematical representation of human driving behaviors. It
was first proposed in the 1950s. Since then, a growing number of driver models for path
tracking control have been proposed. According to the preview behavior, the driver model
can be divided into the compensation tracking model and preview tracking model. The
crossover model [4] proposed in 1959 is a typical model for modeling the human driver by
a transfer function, and it is a basic feedback compensation control only using the current
lateral deviation as the model input. Later, preview information was incorporated in the
driver model for the first time in [5], which resulted in better tracking performance. On this
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basis, various preview path-tracking models were proposed, one typical example being
the optimal preview control model proposed by MacAdam [6], which has been applied in
some commercial software like CarSim1.0 and Adams2.0.

The preview information can be defined based on a single point [7], two points [8,9],
or multiple points [10,11] along the future road. The single-point preview model assumes
that drivers mainly focus on one point of the future road to obtain the lateral deviation
and, then, control the direction of the vehicle. However, the preview distance needs to
be adjusted under different vehicle speeds and road situations. The multi-point preview
model assumes that drivers focus on a region of the future road to optimize the steering
wheel angle according to the lateral deviations of multiple points. It makes full use of road
information and can obtain ideal control results, whereas it is slightly different from human
drivers’ behavior. In reality, drivers focus on the information of some areas of interest on
the road rather than the whole road. Studies have shown that drivers use the information
of both near and far regions of the road ahead during steering [12]. Hence, the two-point
preview model may be more consistent with the preview behavior of human drivers. It
needs to be emphasized that most driver models are designed to track the centerline of the
lane. However, the lane centerline is actually nonexistent and invisible to human drivers.
What is more, drivers do not accurately drive along the lane centerline [13] due to some
physical limitations of human senses and driving habits [14]. Thus, the model’s input
derived from the virtual centerline of the lane is seemingly unrealistic and unreasonable
for a human-like driver model.

As for the control methods, there are three main types: classical control based on
transfer functions such as proportional–integral–derivative (PID) control [15], modern
control based on state space models such as the linear quadratic regulator (LQR) [11,16]
and model predictive control (MPC) [17], and intelligent control based on the imitation
of driver behavior such as fuzzy logic (FL) [9,18] and neural networks (NNs) [19]. The
classical control methods are generally applied to a single-input, single-output system and
are not suitable for the control of time-varying and nonlinear vehicle models. The modern
control methods depend on the vehicle dynamics model, while usually having difficulty
obtaining accurate models. Besides, to reflect the driver’s behavior more comprehensively,
it is a general trend that neuromuscular dynamics and sensory dynamics in the form of
transfer functions are applied in the driver models [20,21]. As a result, a full understanding
of human driving behavior in the psychological and physiological aspects is required.
The parameters that characterize the driver behavior such as time delays, noise, and
perception thresholds are uncertain under various conditions [22]. Some identification
methods for these parameters have been proposed [23,24]. However, it is difficult to
measure all parameters directly in realistic driving conditions. Artificial intelligence (AI)
approaches, making machines capable of learning and solving problems [25], are relatively
straightforward for the modeling of human behavior. Among them, fuzzy logic (FL) and
artificial neural networks (ANNs) are significant methods to simulate human intelligence.
FL imitates the human thinking mode, which refers to the concept, judgment, and reasoning.
From the perspective of the connection mechanism of the human brain’s nervous system,
ANNs imitate human brains in processing information with the ability of self-learning,
distributional memory, and parallel processing. Fuzzy neural networks (FNNs) combine
the advantages of FL and ANNs together. The adaptive neuro-fuzzy inference system
(ANFIS) proposed by Jang [26] is one of the most-popular FNN systems. It is widely used
in the modeling or control of nonlinear and multi-variable complicated systems.

Driving a car, which is a complex and highly dynamic behavior of humans, is the
result of cognitive processes [27] containing information perception, decision-making,
and subsequent motion execution [28,29]. For a driver model, it needs to reflect some
driving skills and behavioral characteristics, to distinguish it from “automatic driving
controllers” [30]. In this paper, we establish a path-tracking human-like driver model
based on the analysis of human drivers’ visual and steering behavior. The proposed driver
model contains a visual perception module and an ANFIS-based decision-making module,
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which respectively mimic human drivers’ perception and decision-making. Based on a
driver-in-the-loop simulation platform, human driving data were collected. One part was
used as the data set for training ANFIS, and the other part was used for the result analysis.
Compared with a common driver model, the simulation results demonstrated that the
proposed model has higher similarity to human driving behavior in terms of the steering
wheel angle. The main contributions of this paper can be summarized as follows:

(1) Based on the visual behavior in path tracking, a visual perception module was estab-
lished to extract the visual inputs similar to human drivers’ behavior, which considers
the compensation, preview, and anticipation characteristics of driving.

(2) Based on the ANFIS method, a decision-making module is proposed to generate the
steering wheel angle, which can learn the steering behavior from human driving data
and mimic the fuzzy description and reasoning mechanism of humans.

The remainder of the paper is organized as follows. Section 2 proposes the human-
like driver model containing visual perception and steering control. The experimental
setup, test road, procedure, and more details about the collection and processing of the
human driving data are described in Section 3. Then, the model verification based on the
PreScan2016/MATLAB2016 joint simulation environment and the result analysis are given
in Section 4. Finally, conclusions are made in Section 5.

2. Human-like Driver Model and Visual Perception

In the process of driving, a driver perceives information like vehicle motion and the
road environment via various sensory organs, uses the brain to infer and make decisions
on relevant actions of steering, accelerating, or braking, and then, manipulates the controls.
That is to say, a driver serves as both the sensing link to the surroundings and the decision-
making link to vehicle manipulation in the human–vehicle–road closed-loop system.

2.1. Human-like Driver Model

The main sensory dynamics used in human driving are the visual, vestibular, and
somatosensory systems. The specific cue information associated with these senses during
the driving process are given in existing neuroscience research and illustrated in Table 1. It
shows that both road information and vehicle motion can be obtained by visual perception.
Obviously, vision occupies the dominant position in the actual driving process while other
sensory systems play a supplementary role. Therefore, our study only considered the
influence of visual perception on the driver’s steering behavior.

Table 1. Sensory cues in the driving process.

Sensory System Information Relevant to Driving

Visual
Spatial location and geometry of the future road such as road curvature and
heading [22] and vehicle’s motion relative to the surrounding environment
such as lateral, longitudinal, and yaw velocity [22].

Vestibular Rotational and translational motion such as angular velocity and
acceleration [22].

Somatosensory Angle and torque of steering wheel [22] and displacement and force of
pedals [22].

The human eye has two kinds of visual states: foveal vision and peripheral vision.
From the perspective of driving, human drivers preview the road geometry by foveal vision
(gaze behavior) and sense the vehicle speed and lateral position by peripheral vision [31].
The brighter the object, the easier to catch and distinguish through vision. The perception
of drivers relies heavily on lane markings with bright paints in curve driving, which act
not only as spatial constraints, but also as visual guidance.

With regard to which parts of the road ahead supply visual information needed when
driving, experiments [12] have shown that the near region of the road ahead is necessary at
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low speed while both the near and far regions are required at moderate and high speeds,
which is in accordance with our driving experience and realistic behavior. There is no clear
definition of the near and far regions when curve driving in existing studies, but to some
extent, the far region can be regarded as the fixation region of the driver’s preview behavior.
The driver’s preview time is greatly affected by the road alignment or curvature, and it is
mostly 1.5–2.5 s on the curved section [32].

The consensus is that there is a certain link between gaze behavior and steering control.
Besides, it is commonly agreed that drivers will direct their gaze towards where they are
going. However, the issue on which points are most frequently fixated in curve driving
remains controversial, giving rise to two major visual strategies (as shown in Figure 1).
Some researchers hold the point of view that drivers generally look at the tangent point
(TP), while others insist that gaze is mainly towards a point or points on the future path
(FP). The points are taken as various “steering points” to generate visual inputs for different
mechanisms of steering control, respectively [33].

Figure 1. Two visual strategies in curve driving.

To explain the disagreement, studies [34] have found that diverse scenarios and
varying road designs can yield distinct outcomes, favoring one strategy over the other, that
is gaze targets are influenced by the openness of the curve. What is more, drivers never look
at a single location or object for a long time during driving, and the visual behavior is more
like a scanning process with the rapid saccade–fixate–saccade pattern [35] for information
selection and integration. There is nothing inherently incompatible between the TP and FP
due to the flexibility of human visual behavior, and yet, the TP is the most-salient feature
of the road edge in naturalistic driving conditions. Consequently, it may be more realistic
to use different target points in different scenes when negotiating curves.

Based on the above analysis and understanding of the research findings on the visual
perception mechanism and behavior in curve driving, the visual inputs (as illustrated in
Figure 2) for steering control are determined with further explanations.

Figure 2. Diagram for visual inputs of decision-making module: (a) when the TP is existent in the
defined far zone; (b) when the TP is inexistent in the defined far zone.

1. Vehicle longitudinal velocity v, which is a remarkable influence factor of human
steering behavior except road curvature.

2. Lateral deviation el (el =
DL−DR

2 ), which reflects the vehicle’s lateral position in the
lane at a near zone of the road ahead. It is derived from the relationship between the
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vehicle heading and the visible lane lines and does not need the information of the
invisible centerline. DL denotes the distance between the vehicle heading and the left
lane line 6 m ahead; DR denotes the distance between the vehicle heading and the
right lane line 6 m ahead.

3. Heading angle error eθ (eθ = θt when the TP is existent; eθ = θ f when the TP is
inexistent), which reflects the road curvature at a far zone of the future road, as well
as the effect of the road geometry on the driver’s preview distance ). θt denotes the
angle between the vehicle heading and the line segment connecting the VP and TP; θ f
denotes the angle between the vehicle heading and the line segment connecting the
VP and FP′.

The choice of the values of Dn and D f needs to be specially explained here. The near
point is defined as a close distance at which the driver can see the road through the front
windshield; the specific far zone defined in our study was determined by referring to the
relevant literature on the preview time [32,36], as well as according to the road curvature.

The process of screening, calculating, and obtaining the above perceivable visual
inputs is termed the visual perception module in our driver model. It extracts the visual
information that is available to the human driver and is the perception part of the driver
model. More significantly, taking the vehicle motion feedback and the information of the
near and far road ahead as the inputs for the steering decision, to some extent, can reflect
human characteristics like the compensation control, preview behavior, and anticipation
ability in the driving process.

The inputs of this module include vehicle motion states and road information. In
the simulation, the outputs—speed, lateral deviation, and heading angle error—were
obtained by the Lane Marker Sensor and some theoretical calculations in PreScan. The
theoretical calculations included the vehicle dynamics model in MATLAB/Simulink, the
computational formulas of the last two outputs (el , eθ), and the tangent point information.
In practical applications, these outputs of the visual perception module can also be obtained
by the theoretical calculations and certain sensors.

2.2. Steering Control

With the perceived information of the surroundings and self-motion states, an ap-
propriate steering action (steering wheel angle output) is selected from the knowledge
base and experience of a driver in real-time for lateral control. The process of human
driver’s perception and decisions is semantic and indistinct. In other words, there are much
vagueness and randomness in the knowledge description and reasoning mechanism. The
vehicle velocity, position, and heading, as well as road curvature are perceived in the form
of natural language instead of accurate values. The decision-making for control behavior is
based on experience and is difficult to explain clearly and describe precisely.

On account of these characteristics, ANFIS is a satisfactory way of modeling human
drivers’ steering control. It is actually a fuzzy inference system implemented in the form of
an ANN. On the one hand, it represents vague information using fuzzy sets and makes
decisions in the form of if–then rules based on human knowledge and experience, which
resembles the fuzzy inference behavior of humans. On the other hand, the rules can be
acquired by learning from data, which resolves the complexity of the uncertainty and
nonlinearity of the driver’s steering behavior.

Here, an ANFIS based on the Takagi–Sugeno model was adopted to map the rela-
tionship between the visual inputs and steering wheel angle. For a Sugeno-type fuzzy
inference system with three inputs and one output, the if–then rules can be represented by
the following general expression:

Rk: IF x1 is Ak
1 and x2 is Ak

2 and x3 is Ak
3, Then uk = fk,

where x1, x2, x3 are the input variables; Ak
i is the linguistic label associated with the i-

th input for the k-th rule; uk is the output of the k-th rule. Usually fk is the first-order
polynomial of all input variables, fk = pk

0 + pk
1x1 + pk

2x2 + pk
3x3; when fk is a constant (called
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the zero-order T-S model), fk = pk. The corresponding equivalent ANFIS architecture
is formed by five feedforward layers, as shown in Figure 3. Each layer of ANFIS is
explained below.

Figure 3. Structure of ANFIS with 3 inputs, 1 output, and 125 rules.

Layer 1: In the first layer, also called the fuzzification layer, each input of the model
is defined using five linguistic labels with triangular membership functions, as given in
Equation (1):

µ
Aj

i
(xi) = trim f (xi, [aij, bij, cij]), i = 1, 2, 3, j = 1, · · · , 5, (1)

where µ
Aj

i
(xi) is the membership degree of the i-th input variable to the j-th fuzzy language;

aij, bij, and cij are referred to as the “premise parameters”, which determine the shape of the
membership function accordingly. Each adaptive node in this layer outputs a membership
grade belonging to the corresponding set:

O1
i,j = µ

Aj
i
(xi), i = 1, 2, 3, j = 1, · · · , 5. (2)

Layer 2: In the second layer, also called the rule layer, 53 = 125 rules are generated,
and each fixed node labeled with ∏ outputs the firing strength of the k-th rule ωk by
multiplying all input values calculated from the first layer:

O2
k = ωk =

3

∏
i=1

µAk
i
(xi), i = 1, 2, 3, k = 1, · · · , 125. (3)

Layer 3: In the third layer, also called the normalization layer, each fixed node labeled
with N outputs a normalized value ω̄k by calculating the ratio of the corresponding rule’s
firing strength to the sum of all rules’ firing strengths:

O3
k = ω̄k =

ωk

∑125
k=1 ωk

, k = 1, · · · , 125. (4)

Layer 4: In the fourth layer, also called the defuzzification layer, each adaptive node
outputs a product of the normalized firing rule strength and rule value:

O4
k = ω̄k fk = ω̄k pk, k = 1, · · · , 125, (5)

where the membership function type of each rule’s output is set to a constant value, and
p1, · · · , p125 are referred to as the “consequent parameters”.
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Layer 5: In the fifth layer, also called thew summation layer, there is a single and fixed
node labeled with Σ, and this calculates the final output of ANFIS by summing up all
outputs from the fourth layer:

O5 = Σ125
k=1ω̄k fk =

Σ125
k=1ωk fk

Σ125
k=1ωk

. (6)

The ANFIS model was designed and trained by using the Neuro-Fuzzy Designer
(ANFIS functions) in the MATLAB2016 software. After loading the data sets (which contain
the training set and validation set, as stated in Section III Part E) and setting the number
(five) and type (triangle) of the membership functions for each input variable and output
variable, an initial Sugeno-type FIS structure was automatically generated using grid
partitioning. The parameters of ANFIS were adjusted through the training process using a
hybrid learning algorithm, which combines the least-squares and backpropagation gradient
descent methods. The model was trained and updated until the set epochs was reached.
The training epochs were set by trial and error with the aim of achieving the minimum
training error.

In combination with the above, a human-like driver model is proposed from visual
perception to steering control. The overall structure of the driver model is shown in
Figure 4. With regard to the visual perception module, it tries to extract the same perceivable
information that human drivers actually use, such as the vehicle velocity, the vehicle lateral
position in the lane through peripheral vision, and a preview of the upcoming road through
the gaze behavior. With regard to the decision-making module, an ANFIS was adopted
to mimic the fuzzy description and reasoning mechanism of humans and to construct the
nonlinear mapping from the visual inputs (v, el , eθ) to the steering wheel angle δsw driven
by the data.

Figure 4. Structure of the driver model.

3. Collection of Human Driving Data

There are two ways to obtain human driving data: real vehicle tests and simulation
tests based on a driving simulator. A driving simulator experiment is not as realistic as a
field test. However, compared with the field test, a driving simulator experiment has the
advantages convenience, high efficiency, low cost, and safety. Specifically, it is easier to
control the variables and collect the data, more economical to acquire large-sample data,
and safer for the participants. Therefore, the method of the driving simulation test was
used for data collection in this study.

3.1. Setup

The driver-in-the-loop simulator was a virtual driving platform consisting of a 34-inch
curved-display screen, a driving seat, and a set of Logitech G29 devices with a force
feedback steering wheel, brake/acceleration pedals, clutch, and shift lever (as shown in
Figure 5). It is acceptable and not unusual to use a similar driving simulation platform [37]
for the study of driver behavior. The driving scenario was built based on PreScan. What is
more, the range and angle of the view for the driver can be set up in “Human View” (as
shown in Figure 6). The “2D Simple” vehicle dynamics model containing the driveline,
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engine, and steering was chosen in PreScan and generated in MATLAB/Simulink. It is
capable of simulating a car’s longitudinal, lateral, and roll motion. The numerical values of
some essential parameters of the vehicle model are listed in Table 2. The driver’s inputs
acting on the Logitech G29 were transmitted to the virtual vehicle in PreScan, and then,
the vehicle motion states and driver operation signals were collected and stored via the
Simulink module with a sampling frequency of 100 Hz.

Figure 5. Driver -in-the-loop simulation platform.

Figure 6. “Human View” setting in PreScan. It is actually a camera for visual aid during simulation;
we linked it to the vehicle and placed it at the position of the eyes of the driver, which can simulate
the real driver’s view angle.

Table 2. Parameters of the vehicle model.

Description Value Unit

Total mass of the vehicle 1480 kg
Moment of inertia of the vehicle body around the z-axis 2562 kg·m2

Cornering stiffness of the front/rear tires (left, right merged) 62,191/98,727 N/rad
Vehicle width 1.86 m

Distance from the center of gravity to the front/rear axle 1.059/1.641 m
Steering ratio 20 –

Maximum steering wheel angle 500 deg
Maximum steering wheel angle rate 1200 deg/s
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3.2. Test Road

The experiments were conducted on a curved four-lane road in a horizontal plane.
The width of each lane was 3.5 m. The test road was in total 2359.5 m in length, and road
curvature changed continuously. It was built based on PreScan and linked by “straight
road”, “spiral road”, and “bend road” segments (note that “straight road”, “spiral road”,
and “bend road” are the terms of three types of road segments in the PreScan software).
Among them, there were ten various circular curves with a radius from 80 m to 500 m. The
details of each circular curve are shown in Figure 7. When taking SP1 as the start point,
there were 7 right turns and 3 left turns; when starting from SP2, there were 3 right turns
and 7 left turns.

Figure 7. Test road: (a) scenario in PreScan; (b) road curvature (SP1 is the start point).

3.3. Procedure

In consideration of the personalized driving style of different drivers, all driving
data were collected by a human driver. The driver was a 26-year-old female with 4 years
of driving experience. Research [13] has shown that, after repeated driving, the driving
behavior of a human driver tends to stabilize, and even a novice driver can perform as well
as an experienced driver. Therefore, to guarantee the training data were appropriate, the
human driver was instructed to practice several times and adapt to the driving simulator
experiment before the data collection. The driving route started from SP1 and SP2 separately.
Longitudinal control of the vehicle was not considered in this study, and a PID controller
was used to keep the vehicle at a specified longitudinal velocity, 20 km/h, 30 km/h,
40 km/h, 50 km/h, and 60 km/h, respectively. The human driver only needed to turn the
steering wheel to control the vehicle’s direction by sensing the vehicle motion and road
geometry from the visual display. Besides, to reduce accidental error and obtain more
steering situations in curve driving as well, experiments of each speed on each driving



Electronics 2024, 13, 61 10 of 18

route were conducted 20 times. Meanwhile, to some extent, the matter of the variability of
human behavior was considered.

3.4. Tangent Point Information

During the experiments, three kinds of data were collected: vehicle motion states
(e.g., vehicle trajectory, velocity, yaw rate, acceleration, lateral deviation, and heading angle
error), driver operation signals (steering wheel angle), and road information. These data
were calculated and recorded by the vehicle dynamics model and the Lane Marker Sensor.
The information of the tangent point needed to be further calculated and obtained according
to the vehicle motion states and road information. Through the analysis, it was easy to
know that the tangent point was not fixed in the dynamic visual scene when the vehicle
was moving, and its position depended on both the road geometry and vehicle location.
An approximate method for searching for the tangent point is described in Figure 8.

Figure 8. An approximate method for searching for the TP.

Assume the starting point of the human driver’s sight line is at the CG of the vehicle;
the position of the TP depends on the location of the vehicle on a curved road. The
simulation results were composed of discrete data points. Similarly, the continuous road
curves can be represented by sequential discrete points with position and curvature. Hence,
the following:

(1) The left and right lane lines were replaced with certain discrete points in an equidistant
way: L1(Xl1, Yl1, Cl1), · · · , Ln(Xln, Yln, Cln), · · · ; R1(Xr1, Yr1, Cr1), · · · , Rn(Xrn, Yrn,
Crn), · · · . Ln denotes the n-th point of the left lane line; Rn denotes the n-th point
of the right lane line; Xln, Yln, and Cln denote the X-coordinate, Y-coordinate, and
curvature of the n-th point on the left lane line; Xrn, Yrn, and Crn denote the X-
coordinate, Y-coordinate, and curvature of the n-th point on the right lane line.

(2) Calculate the first-order difference quotient of two adjacent points, and use the value
as an approximation for the slope of the tangent at certain positions on the certain lane

line: Kln =
Yl(n+1)−Yln
Xl(n+1)−Xln

; Krn =
Yr(n+1)−Yrn
Xr(n+1)−Xrn

. Kln denotes the approximation for the slope

of the tangent at the n-th point on the left lane line; Krn denotes the approximation
for the slope of the tangent at the n-th point on the right lane line; the value, to some
degree, represents the heading at the corresponding position of the road.

(3) Determine the start point (S) for searching, which is the point of the lane line nearest
to the vehicle’s current position P(X, Y).
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(4) Determine the calculation range. Search the points of the lane lines from 10 to 30 m
in front of the vehicle’s current position: 10 ≤

√
(X− Xln)2 + (Y−Yln)2 ≤ 30;

10 ≤
√
(X− Xrn)2 + (Y−Yrn)2 ≤ 30.

(5) Calculate the mathematical formulas: Kvln = Yln−Y
Xln−X ; Kvrn = Yrn−Y

Xrn−X . Kvln denotes the
slope of the segment connecting the CG of the vehicle and the n-th point on the left
lane line; Kvrn denotes the slope of the segment connecting the CG of vehicle and the
n-th point on the right lane line.

(6) Calculate the following mathematical formulas: Eln = |Kvln−Kln|; Ern = |Kvrn−Krn|.
The calculated value Eln shows the absolute difference between Kvln and Kln; Ern
shows the absolute difference between Kvrn and Krn.

(7) If Eln < T (a threshold value) and Cln > 0, the TP is the point satisfying min(Eln); if
Ern < T and Crn < 0, the TP is the point satisfying min(Ern); the coordinates of the
TP (Xt, Yt), the curvature at the TP Ct, as well as the distance between the TP and the
vehicle Dt can be obtained; if not, specify Xt = 0, Yt = 0, Ct = 0, and Dt = 30.

The TP information of one driving process is shown in Figure 9. As can be seen from
Figure 9a, the tangent points (limited within 30 m ahead of the vehicle) were mainly located
on the curved road with a big curvature. This also provides an intuitive understanding
about which parts of the curved road the TP or FP information are respectively used as
the inputs for the steering decision. In addition, analyzing the road curvature of Figure 7b,
Figure 9b shows the Dt value with the change of road curvature. We can clearly observe
that the distance from the vehicle and TP decreases with the increase of the road curvature.
Accordingly, the result suggests that the parameters related to the tangent point may reflect
and present some road information in the driving process.

3.5. Data Processing

From here, 200 (20 × 5 × 2) experiments were conducted, and 200 sets of driving
data were collected. The data set used for ANFIS training was made up of three input
variables and one output variable. The input variables were the vehicle longitudinal speed,
lateral deviation at the near zone, and heading angle error at the far zone, which were
acquired by the visual perception module, as mentioned earlier; the output variable was
the steering wheel angle. In total, nearly 5.076 million pairs of input–output data were
produced. All data were divided into two parts by a ratio of 8:2. Specifically, among the
data of each speed and driving route, 16 sets were randomly selected as the training data,
and the remaining 4 sets were taken as the validation data. Because the sampling interval
was short and the vehicle speed was not too fast, the distance traveled by the vehicle to
the adjacent data points was close; the driving data of the adjacent region also had little
difference. Considering both the computing load and the diversity of driving situations,
the data under 20 km/h, 30 km/h, 40 km/h, 50 km/h, and 60 km/h were filtered every 60,
40, 30, 24, and 20 data pairs, respectively. Finally, 116,817 pairs of data were used as the
training set to train the ANFIS model, and 29,208 pairs of data were used as the validation
set during the training to avoid overfitting.

Driven by the data, the ANFIS-based decision-making module for the steering wheel
angle was obtained. Combined with the visual perception module for the visual inputs’
calculation, the human-like driver model proposed in Section II was ultimately established.
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Figure 9. TP information of one driving process: (a) TP distribution; (b) distance between the TP and
vehicle. The distance between the vehicle and TP is denoted by Dt; the serial number of the sampling
data can reflect the road length to some degree. It is noted that we define Dt as 30 m when the TP
is located outside the far zone. That is to say, Dt is different from the actual distance between the
vehicle and TP when the TP is inexistent within the range of 30 m.

4. Model Simulation and Result Analysis

In order to validate the effectiveness and adaptability of the proposed human-like
driver model, the model served as the lateral control algorithm of the vehicle and was
demonstrated in the PreScan/MATLAB joint simulation environment. Furthermore, to
make a comparative analysis with an existing driver model, the simulation of a com-
mon driver model—the single-point preview optimal curvature model—was added. As
illustrated in Figure 10, the corresponding steering wheel angle δ∗sw was derived as:

δ∗sw =
2isL
D2 [ f (t + T)− y(t)− Tẏ(t)] =

2isLe∗

(vT)2 , (7)

where is is the steering ratio, L is the wheel base, D is the preview distance, T is the preview
time and set to 1 s in the simulation, and e∗ is the preview lateral deviation.

Figure 10. Single-point preview optimal curvature model.
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4.1. Validation Scenario and Speed
4.1.1. Validation on the Original Test Road

In view of the goal that the model is proposed to more truly represent human steering
behavior, the model simulation results needed to be compared with the driving data of the
human driver in the driving simulator. Twenty sets of the human driver’s steering data
were separately collected at each of the six speeds—10 km/h, 20 km/h, 30 km/h, 40 km/h,
50 km/h, and 60 km/h—in Section III. To verify the effectiveness of the proposed model,
the simulations of two models (the proposed human-like driver model and single-point
preview optimal curvature model) were conducted on the same test road (as shown in
Figure 5) with the corresponding speeds.

4.1.2. Validation on a New Test Road

Different vehicle motion states and road geometries have different visual inputs of
the established human-like model and, then, influence the steering output generated by
the model. Thus, it is meaningful to verify the adaptability of the model to various driving
situations from the above two factors. First of all, a new multi-curvature curved road was
built in PreScan. The road consisted of one straight segment for the start and eight curves
with various radii, as shown in Figure 11. Based on this, the simulations of the two models
and the driving simulator experiments were, respectively, carried out at speeds of 36 km/h
and 54 km/h. Ten sets of the human driver’s steering data at each speed were collected. It
needs to be made explicit that we chose a speed different from the training speeds to verify
the applicability of the model to other driving speeds; of course, this can be replaced by
any other value ranging from 10 km/h to 60 km/h, except for 10 km/h, 20 km/h, 30 km/h,
40 km/h, 50 km/h, and 60 km/h.

Figure 11. New test road for validation.

4.2. Model Evaluation

Above all, to compare the different sets of driving data, all the time series data of the
human driver and models needed to be converted into the data related to the road length.
Then, the mean values of the human driving data of each test road and speed were taken
for the following comparison and analysis.

For the quantitative analysis, the Pearson correlation coefficient (PCC), root-mean-
squared error (RMSE), and mean absolute error (MAE) were used as the indexes to evaluate
the model performance of human-like steering behavior. The PCC measures the similar-
ity of the variation trends between two sets of data, with the following computational
Equation (8). The RMSE and MAE measure the deviation of the numerical values between
two sets of data, with the following computational Equations (9) and (10).
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PCC =
∑m

z=1(Hz − H̄)(Mz − M̄)√
∑m

z=1(Hz − H̄)2(Mz − M̄)2
, (8)

RMSE =

√
1
m

m

∑
z=1

(Hz −Mz)2, (9)

MAE =
1
m

m

∑
z=1
|Hz −Mz|, (10)

where H is the steering wheel angle of the human driver, M is the steering wheel angle of
the model, and m is the total number of data points of the steering wheel angle. The closer
the PCC value is to 1 and the smaller the RMSE and MAE values are, the more similar the
two sets of data are.

4.3. Result and Analysis

The simulation results of the vehicle’s lateral position of the proposed driver model on
the two test roads are shown in Figure 12. The lateral position of the vehicle is defined as
the distance (lateral deviation) between the vehicle’s current trajectory point and the virtual
lane centerline; the value is positive if the vehicle is on the right side and negative if the
vehicle is on the left side. On both test roads, all the lateral positions of the vehicle under
different speeds varied in a certain range of −0.6 to 0.6 m, indicating that the vehicle was
controlled to drive within the lane all of the time. Further, there was no risk of collision with
vehicles on other lanes, and the driving safety can be guaranteed when the model is applied
to vehicle lateral control. Thus, the simulation results demonstrated that the proposed
human-like driver model had the basic ability of following and negotiating curved roads.

Figure 12. Simulation results of lateral position of the proposed driver model: (a) on the original test
road; (b) on the new test road.

The steering wheel angles of the human driver and the two models were put together
for comparison, as shown in Figure 13. Among them, (a)–(e) show the comparison of
the steering wheel angles under the six speeds on the original test road and (f) and (g)
show the comparison of the steering wheel angles under the other two speeds on the
new test road. Overall, the steering wheel angles of the two models had a consistent
variation tendency with the human driving data. The steering wheel angle values of the
three basically coincided, as would be expected as well. Indeed, the shape of the steering
wheel angle corresponded to that of the road curvature; because of the understeering
characteristics, the amplitude of the steering wheel angle increases with the vehicle speed.



Electronics 2024, 13, 61 15 of 18

Figure 13. Comparison of steering wheel angles: (a) on the original test road, at 20 km/h; (b) on the
original test road, at 30 km/h; (c) on the original test road, at 40 km/h; (d) on the original test road, at
50 km/h; (e) on the original test road, at 60 km/h; (f) on the new test road, at 36 km/h; (g) on the
new test road, at 54 km/h.

More specifically, it is clearly seen from Figure 13 that, for the human driver, there
existed a few minor adjustments throughout the whole process of curve negotiation, rather
than a single perfect steering maneuver, especially the overshooting of the steering wheel
angle when entering each curve. As for the single-point preview optimal curvature model,
the steering wheel angle jittered frequently and obviously when the vehicle negotiated some
curves at a relatively low driving speed; the steering wheel angle showed overshooting
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when the vehicle entered each curve at a relatively high driving speed. By contrast, we
observed that the steering wheel angle of the human-like driver model changed smoothly
overall with some small fluctuations. Moreover, although the steering wheel angle of the
proposed model sometimes changed more frequently than that of the human driver, it had
a narrower fluctuation margin than that of the human driver.

It should be noted that not all steering behaviors exhibited by the human driver were
good and worth mimicking. The steering wheel angle generated by the human-like driver
model was smoother without overshooting compared to the human driver’s. We believe
this shows the superiority of the proposed model. The probable reasons we analyzed were
as follows. From the viewpoint of the human driving data, the overshooting of the steering
wheel angle mainly occurred when entering each curve. Hence, this part of the driving
data only accounted for a very small proportion of all the data and had little impact on
the training of the ANFIS model, which was used as the decision-making module for the
steering. From the viewpoint of the inputs of the steering decision, the visual perception
module of the human-like driver model actually generalized this special situation. Besides,
these inputs are defined as linguistic variables by fuzzification in ANFIS. Therefore, in the
case of a small difference in the input values, the output—the steering wheel angle—may
have little or no change.

Only from the visual comparison, the curve difference of the three steering wheel
angles was not obvious. This needed further quantitative analysis. The calculation results
of the performance indexes of the two models on the two test roads with the corresponding
speeds are shown in Table 3. At 30 km/h to 40 km/h, some performance indexes showed
that the steering wheel angle of the single-point preview optimal curvature model was
closer to the human driver. However, overall, the PCC values of the human-like driver
model were greater than that of the single-point preview optimal curvature model, and
the RMSE and MAE values of the human-like driver model were smaller than that of the
single-point preview optimal curvature model. The above results showed that, compared
with the single-point preview optimal curvature model, the proposed human-like driver
model had a higher correlation and a lower deviation compared to the steering wheel angle
of the human driver.

Table 3. Results of the performance indexes.

Validation
Scenario

Speed
(km/h)

Human-like Driver Model Single-Point Preview
Optimal Curvature Model

PCC RMSE MAE PCC RMSE MAE

the original
test road

20 0.9980 1.3772 1.0207 0.9959 1.9572 1.4915
30 0.9977 1.6330 1.2146 0.9977 1.6166 1.2427
40 0.9967 2.2237 1.6110 0.9971 2.0803 1.4797
50 0.9955 2.9782 2.1483 0.9952 3.1237 2.2065
60 0.9946 3.8313 2.7433 0.9882 5.7221 3.7759

the new
test road

36 0.9951 2.1811 1.4564 0.9952 2.1643 1.4462
54 0.9957 2.6366 1.9420 0.9924 3.4846 2.3408

We can also find that the RMSE and MAE values increased with the driving speed.
This is reasonable and acceptable for the further analysis. As we know, for the human
driver, the steering control of the vehicle at a high speed generally is more difficult and
has more variations than that at a low speed. Therefore, from the human driving data
themselves, the difference between the different sets of driving data at a high speed was
greater than that at a low speed; the difference between the human driving data and the
model data was even greater.

In conclusion, there was a high similarity between the proposed human-like driver
model and the human driver with respect to the steering wheel angle, indicating that the
proposed model can represent certain human steering behaviors.
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5. Conclusions

To conclude, a data-driven path-tracking model mimicking human drivers’ perception
and decision-making was proposed in this paper. The visual perception module was
established to extract visual inputs, which resembled the information perceived by human
drivers. Considering the fuzzy characteristic and complexity of human behavior, an ANFIS
driven by driving data was adopted to make the steering decision. Human driving data
were collected via a driver-in-the-loop simulation platform. Learning from the data set,
which contained the vehicle speed, lateral deviation at the near zone, and heading angle
error at the far zone as the input variables and the steering wheel angle as the output
variable, the ANFIS model was obtained. Finally, the driver model was demonstrated in
the PreScan/MATLAB joint simulation environment.

With the proposed human-like driver model, vehicles are able to pass various curves
successfully. Compared with the existing driver model, its steering behavior was more
similar to the human drivers’. It was based on both theory and data, not entirely an
“end-to-end” model. In other words, the inputs for the steering decision were extracted
from the vehicle motion states and road scene. Therefore, it is adaptable to different
driving conditions. In addition, because of the trained ANFIS model, the established driver
model demonstrated a personalized driving style. The engineering application of the
proposed method and the integrated longitudinal and lateral driver model will be our
future research work.
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