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ABSTRACT Recently, the ever-increasing vehicle population has become a severe challenge to traffic safety,
especially the problem of a single-vehicle overtaking a platoon on the Two-Lane Two-Way (TLTW) road.
Platooning has the potential to improve traffic efficiency and safety. However, there exists a perilous situation
of ‘‘Neither overtake nor give up’’ when the single-vehicle overtakes a platoon on the TLTW road. This
paper presents a flexible framework to automatically filter a large quantity of Advanced Driver Assistance
Strategies (ADAS) and select the most suitable driver assistance information for the single-vehicle overtakes
a platoon on the TLTW road. A step-by-step Single Vehicle Overtakes Platoon (SVOP) algorithm is designed
to generate the coarse ADAS, which had given plenty of consideration to the vehicle safety, traffic efficiency,
and driving comfort. Then, this paper obtains the raw data about the single-vehicle overtakes a platoon on the
TLTWby usingCARLA,which can help us to get 20 drivers’ upper and down boundaries of both velocity and
acceleration. In addition, the extracted ranges of velocity and acceleration are used to quantitatively analyse
the drivers’ driving features and filter the ADAS information. Finally, a Bayesian nonparametric approach
is developed to segment driver’s driving raw data temporal sequences into small analytically interpretable
components without using prior knowledge. So that the accurately overtaking characteristics can be obtained,
and the ADAS can be further filtered. Experimental results demonstrate that the obtained coarse ADAS are
only valid in theory but not acceptable by most of the drivers. Nonetheless, by leveraging the nonparametric
Bayes algorithm, the driver’s overtaking behavior can be divided into different primitives, from which some
could obtain the driver’s acceptance range for the velocity and acceleration. 92.3% ∼ 94.78% invalid SVOP
ADAS could be filtered out by leveraging the primitive-based SVOP approach. Thus, after filtering, the
overtaking scheme is the most acceptable strategy for drivers.

INDEX TERMS Two-lane two-way, single vehicle overtaking platoon, non-parametric Bayesian algorithm,
advanced driver assistance systems.

I. INTRODUCTION
Single vehicle overtakes platoon scenario in this paper refers
to the scenariowhere a single vehicle (human-driven vehicle),
following a platoon(human-driven vehicle or autonomous
vehicle), tries to overtake the platoon step-by-step on the
TLTW road [1]. It is one of the most complex and chal-
lenging driving scenarios for human-driven cars [2]–[4]. The
latest statistical data indicates that TLTW roads serving as
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connectors and local roads occupy more than 60 percent on
mileage extent in the urban traffic system [5]. Moreover, as
the shared trunk highway, the TLTW road accounts for more
than 95 percent of the total road mileage in the western region
of China and plays an indispensable role in highway net-
works [6]. When operating on the TLTW road, the motorized
vehicles must use the opposing lane to overtake the vehicles
in front, which is ubiquitous in many developing countries in
Asia, such as China and Vietnam. As the number of vehicles
in the platoon increases, the single-vehicle may be trapped
in the perilous situation of ‘‘Neither overtake nor give up.’’
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It is common for platoons to appear on the TLTW road,
and those overtaking behaviors lead to potential accident
risks and traffic congestion [7], [8]. For the single vehicle,
the typical process of overtaking a platoon usually con-
sists of a closed-loop of ADAS generating, decision mak-
ing (whether to accept ADAS or not), and control. Duo to
uncertainties on both the gaps within the platoon and the
acceptable gap range for the single-vehicle driver, ADAS
generating and decision making are becoming the most cru-
cial and challenging components. Thus, in order to make
a single vehicle able to overtake the platoon smoothly
and safely, both the ADAS generating and driver’s accept-
able range of kinematics parameters should be thoroughly
investigated.

Many solutions have been developed to analyze and model
the overtaking behavior on the TLTW roads, for example,
Wang and Cartmell developed a mathematical model that
enables the determination of safe passing sight distance and
calculates the desired trajectory for overtaking in two-lane
highways [9]. However, the approach only considers one
single vehicle overtakes another single vehicle. Actually, the
SVOP scenario requires the prior knowledge of, for example,
platoon conditions (e.g., vehicle number or platoon length,
gaps within platoon) [10], [11] and opposite vehicle condi-
tions (e.g., the velocity of the opposite vehicle) [12]–[14],
which makes it more challenging to get the driver assis-
tant strategies. Also, since the gaps within the platoon are
non-unique, the vehicle has different overtaking schemes by
leveraging the different gaps, and every scheme will impact
one or more aspects of traffic such as vehicle safety, traffic
efficiency, and driving comfort, etc.

In order to know whether the generated ADAS will
be accepted or not, recently, some cognitive methods of
driver behavior feature have been implemented to obtain the
characteristic parameters of driver behavior accurately. For
example, Haneen Farah collected the data on the overtaking
behavior of 100 drivers by analyzing the data features. The
results show interesting and significant differences in the
overtaking behavior of drivers depending on their age and
gender [15]. Although this method has been successfully
implemented in specific cases, it is still limited to be used
to understand the context behind the behaviors and may
need huge data storage resources. Thus, segmenting driver
behavior into recognizable patterns can help us understand
the driver’s intention, and thereby facilitate storage-cost
algorithms to practice, for example, non-parameter Bayesian
(NPB) [16]–[19]. The NPB method is a common and exible
way to model classification problems of driver behavior
characteristics under uncertainties of the driver’s driving
patterns by providing a mathematically rigorous framework.
For instance, wenshuo Wang, et al. analyzed the vehicle
following data and got the driver’s following behavior char-
acteristics, because the following behavior exists all the time
for two vehicles running in one lane [20]. Thus, segmenting
complex driving behaviors into discrete patterns can facilitate
the driver behavior characteristics obtaining process and

reduce the computational cost and storage cost, especially
for the issues in high dimensional space.

According to the discussion above, it is necessary to
develop an approach that can semantically decompose the
complex overtaking behavior into discrete states with less
prior knowledge. However, the complexity and uncertainty
of the SVOP scenario make it hard to find a mathematically
rigorous united approach to generate the ADAS for SVOP
scenario and filter the ADAS by capturing the driving behav-
ior features.

This paper will introduce a step-by-step SVOP algorithm,
which can generate the ADAS for considering vehicle safety,
traffic efficiency, and driving comfort. Also, a primitive-
based framework, which can automatically decompose the
drivers’ driving behavior into several interpretable patterns
with less prior knowledge by integrating Bayesian nonpara-
metric learning algorithms, is introduced to filter the gener-
ated ADAS.

This paper can be seen as an extension of the author’s
previous work [6]. The main contributions of this paper are
threefold.
• Developing a primitive-based SVOP approach to gen-

erate the ADAS information and filter out the invalid
ADAS by learning the drivers’ overtaking features on the
TLTW road.
• Verifying the effectiveness of our proposed framework

for both generating the ADAS and analyzing drivers’ over-
taking behavior features, through emulation driving data.
• Comparing the effectiveness of two methods for filtering

the coarse ADAS and prove that the primitive based frame-
work is better than using the raw driving data to get the
boundaries of velocity and acceleration.

The remainder of this paper is organized as follows.
Section 2 introduces the step-by-step SVOP algorithm and
generates the coarse ADAS. Section 3 introduces the devel-
oped primitive-based framework. Section 4 displays the
experiments and data collection. Section 5 discusses and
analyzes the experimental results. Section 6 concludes this
work and discusses future work.

II. STEP-BY-STEP SVOP ALGORITHM
In order to characterize the features of risk area when a
single-vehicle overtakes a platoon, this paper first defines
the critical position and critical time: before reaching the
critical position, the single-vehicle could give up overtaking
and return to the original lane, once the single-vehicle runs
beyond the critical position on the opposing lane, it enters
the risk area. The critical time is the time interval that the
single-vehicle travels from the original lane to the critical
position.

A. RISK AREA OF SVOP ON THE TLTW ROAD
(1) The conditions of safely overtaking are that: the single-
vehicle should avoid collision with the opposite vehicle and
maintain a necessary safe distance with the leader vehicle of
the slower platoon. Above all, the sight distance and the three
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safe space headway of safely overtaking are as follows,

R ≥ (vs + vob)× (t0 + t1)+ J
s→op
1 (1)

J s→op
1 = (vs + vob) h1 (2)

J s→`e = vp`h2 (3)

J s→`a1 = vs (t0 + t1)− J s→`e − `1
−
[
vp` (t0 + t1)+ (n− 1)vp`h3

]
(4)

where R denotes the sight distance for safely overtaking.
J s→op
1 , J s→`e denote the space headway between the single
vehicle and the opposite vehicle as well as that between the
single vehicle and the leader vehicle of the platoon when
overtaking ends, respectively. J s→`a1 denotes the space head-
way between the single vehicle and the last vehicle in the
platoon, vs, vob, vp` denote the velocity of the single vehicle,
the opposite vehicle, and the platoon, respectively. h1, h2, h3
denote the time headway of J s→op

1 , J s→`e, J s→`a1 , respec-
tively. t0 denotes critical time, t1 denotes the remaining time
for overtaking after t0. `1 denotes the length of the single
vehicle. n denotes the vehicle quantity in the platoon.
The lower limit of sight distance R1 for safely overtaking

can be obtained by (1)∼(4).

R1 ≥
(vs + vob)

[
vp` (h2 + (n− 1)h3)+ `1 + J s→`a1

](
vs − vp`

)
+ (vs + vob) h1 (5)

(2) The conditions of safely returning to the original lane
after giving up the overtaking are: maintaining the safe dis-
tance between the single-vehicle and the opposite vehicle,
keeping the safe distance between the single-vehicle and the
downstream vehicle in the slower platoon. At the same time,
in order to avoid obstructing the rear vehicle, the speed of the
single-vehicle should not be too low when it returned to the
original lane. Above all, the sight distance and the two safe
space headway of safely overtaking are as follows,

R ≥ vst0 + vst2 −
d
2
t22 + vob (t0 + t2)+ J

s→op
2 (6)

J s→op
2 = (vs − dt2 + vob) h1 (7)

J s→`a2 = h4 (vs − dt2) = vp` (t0 + t2)− `2

+ J s→`a1 − vst0 − vst2 +
dt22
2

(8)

where J s→op
2 and J s→`a2 denote the space headway between

the single vehicle and the opposite vehicle as well as that
between the single vehicle and the last vehicle of the platoon,
respectively. h4 denotes the time headway of J s→op

2 , and d
denotes deceleration of the single vehicle. t2 denotes the time
from giving up overtaking to returning to the original lane.
`2 denotes the length of the vehicles in the platoon.

The lower limit of sight distanceR2 for safely returning can
be obtained by (6)∼(8).

R2 ≥ (vp` + vob + h4d)t2 + (vp` + vob)t0
− `2 − J s→`a1 − h4vs + (vs − dt2 + vob)h1 (9)

Selecting the smaller sight distance as the safely overtaking
condition:

R = min (R1,R2) (10)

Once the sight distance can meet, neither safely overtaking
nor returning conditions, the vehicle is caught in the risk area.
For analyzing the factors that affect the scope of risk area,
this paper sets the parameters as follows, `1 = `2 = 5m,
h1 = 3s, h2 = h3 = h4 = 2s(the saturation headway ranges
from a low of 1.8s to a high of 2.4s [21]), vs = 80km · h−1,
vp` = 60km · h−1, and the length of the risk area is shown
as Fig. 1.

FIGURE 1. Surface plot of dangerous overtaking area.

From Fig. 1 we can see that the overtaking risk area is
related to the vehicle number in the platoon and the velocity
of the opposite vehicle, that means the more vehicles in
the platoon and the higher velocity of the opposite vehicle,
a longer length of the risk area can become.

Since the single-vehicle has to use the opposing lane to
overtake the platoon, the velocity of the opposite vehicle
should not be affected. From Fig. 1 we can know that the
unique way to decrease the length of the risk area is to reduce
the vehicle number in the platoon, based on which this paper
proposed the step-by-step single-vehicle overtakes platoon
algorithm, as shown in Fig. 2 in the Gray box.

B. SINGLE-VEHICLE OVERTAKES PLATOON ALGORITHM
PROCESS
This paper assumes that there exists a Cloud Computing
Center (CCC) which could be seen as a realistic road infras-
tructure or a virtual information processing center, used for
dealing with the vehicle motion information and outputting
the velocity guidance strategies. The optimal ADAS selection
process is shown in Fig. 2. Firstly the CCC makes sure that
there exists the risk area for the single-vehicle overtakes the
platoon. Secondly, the overtaking strategies are generated by
the SVOP algorithm. At last, this paper selects the optimal
strategy by considering the drivers’ driving features. The
SVOP process is as follows:

Step 1: After the single-vehicle submits the overtaking
application, the CCC obtained the essential motion infor-
mation from all the vehicles, such as position, velocity,
and acceleration. Additionally, the maximum acceleration,
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FIGURE 2. Optimal ADAS selection process.

the maximum deceleration, and vehicle length should be
obtained.

Step 2: The CCC predicts whether the single-vehicle will
travel into the risk area or not. If the risk area is inexistent,
the CCC will provide the safely overtaking signal to the
single-vehicle.

Step 3: If the risk area exists as predicted, the CCC will
selects two vehicles from the platoon to form the secure slot.
Consequently, the single-vehicle could return to the original
lane by leveraging the secure slot after accomplishing the first
overtaking behavior.

Step 4: After outputting the velocity guidance information
for the single-vehicle, the vehicle in front of the secure slot,
and the vehicle behind the secure slot, the CCC selects the
better strategies by matching the maximum acceleration and
the minimum deceleration of the three vehicles.

Step 5: The single-vehicle, the vehicle in front of the
secure slot, and the vehicle behind the secure slot have to
travel as the speed guidance information provided by CCC.
The single-vehicle sends the single-step overtaking comple-
tion signal to the CCC after accomplishing the overtaking
behavior.

Step 6: The CCC updates the essential motion information
of all the vehicles, repeats steps 2-4, and outputs the speed
guidance strategy for the next overtaking process after receiv-
ing the single-step overtaking completion signal.

Two vital technical issues exist in the step-by-step SVOP
algorithm: how to make the single-vehicle safely merge into
the platoon in each step, and how to select the two vehicles
to form the secure slot and get the coarse strategies for both

the single-vehicle and the platoon. This paper will solve these
two issues in the following two parts.

C. STRATEGY FOR SAFELY MERGING INTO THE PLATOON
Since a positive correlation exists between the length of the
secure slot and the velocity of the single vehicle, whenmatch-
ing the two, it is indispensable to meet both the efficiency and
the safety requirements; i.e., the velocity of the single-vehicle
can neither be too low to restrict the velocity of the platoon
nor be too high to increase the burden on the platoon to form
the secure slot.

When the single-vehicle returns to the original lane, there
exists two following relationships. One is the vehicle, which
behind the secure slot, follows the single-vehicle. The other is
the single-vehicle following the vehicle in front of the secure
slot. This paper first researches the safe following distance
between two vehicles and then gets the minimum secure slot
for the single-vehicle merging into the platoon.

1) SAFE FOLLOWING DISTANCE BETWEEN TWO VEHICLES
This paper assumes that vr and vp denote the velocity of
the rear vehicle and the preceding vehicle, respectively. The
distance between the two vehicles isH , da0 and da1 denote the
maximum deceleration of the rear vehicle and the preceding
vehicle, respectively. t3 denotes the reaction time of the driver,
and t4 denotes the time of deceleration increase. Once the
vehicles stop, the safe distance between the two vehicles
should be larger than `.

Two velocity relationships occur between the preceding
vehicle and the rear vehicle

(1) The velocity of the rear vehicle is equal or greater than
that of the preceding vehicle.

H1 = vr t3 +
v2r
2da0
−

v2p
2da1

+ (vr − vp)td +
1
4
(da1 − da0 )t

2
d + ` (11)

(2) The velocity of the rear vehicle is less than that of the
preceding vehicle.

H2 = vr td +
vr
da1

(
vp − vr −

da1 td
2

)
+ H1 (12)

The detailed derivation process of (11) and (12) can be
found in these papers [6], [22].

2) MINIMUM SECURE SLOT FOR MERGING
Since there are two velocity relationships between every two
vehicles when following, as to the single-vehicle, the vehicle
in front of the secure slot, and the vehicle behind the secure
slot, there are four relationships among the three vehicles
when the single-vehicle merges into the platoon. They are
(vs ≥ vp, vs ≥ vr ), (vs < vp, vs ≥ vr ), (vs ≥ vp, vs < vr ),
and (vs < vp, vs < vr ), where vs, vp, vr denote the velocity of
the single-vehicle, the preceding vehicle, and the rear vehicle,
respectively. The minimum secure slot for the single-vehicle
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merges into the platoon under different velocity relationships
are as shown in Fig. 3.

FIGURE 3. Secure slot distributions under different velocity relationships.

From Fig. 3 we can know that, in every scheme, the left
figure is the secure slot distributions under different veloc-
ity relationships, and the right figure is the length of the
secure slot when setting the single-vehicle a specific velocity
(36km/h, 72km/h, and 90 km/h). Also, we learn that, the
length of the secure slot will extend 80 meters when the
velocity of the single-vehicle is in some particular domain
of velocity in scheme 1, 3, and 4. However, for scheme 2,
the maximum length of the secure slot is less than 80 meters,
whichmeans this scheme needs theminimum slot tomake the
single-vehicle merge into the platoon in the same situation. In
conclusion, for getting the minimum secure slot, the velocity
of the single-vehicle should be less than that of the preceding
vehicle, but higher than that of the rear vehicle.

D. SELECTING THE TWO VEHICLES TO FORM THE
SECURE SLOT
The process of forming the secure slot is a multi-objective
optimization process. This paper sets parameters as follows:
vL denotes the speed limit of the two-lane two way, t6, t9,
and t10 denote the acceleration time, deceleration time, and
the whole overtaking time of the single-vehicle, respectively,
a2 and da5 denote the maximum acceleration and the merging

deceleration of the single-vehicle, respectively. During the
whole process of SVOP, t7 and t8 denote the acceleration
time of the preceding vehicle and the deceleration time of the
rear vehicle, respectively. v′k denotes the velocity of the rear
vehicles in the platoon, where k = 1, 2, . . . , n− 1(n denotes
the number of vehicles in the platoon), a3 and da4 denote the
acceleration of the preceding vehicle and deceleration of the
rear vehicle, respectively. t5 denotes the time headway of two
adjacent vehicles in the platoon. The distance between the
single-vehicle and the opposite vehicle is D, while k denotes
the number of vehicles that be overtaken by the single vehicle
in the first overtaking step. Also, the velocity of the opposite
vehicle is considered constant.

The upper and lower limits of the whole overtaking time is
as follows,

t10 ≤
D

vs + vob
(13)

t10 ≥

√
(vob + vs)2 + 2a2D− vob − vs

a2
(14)

Assuming that S1, S2 and S3 denote the traveling distance
of the single-vehicle, the preceding vehicle, and the rear
vehicle during the whole overtaking process, respectively.

S1 = vst6 +
a2t26
2
+ (vs + a2t6) (t10 − t6 − t9)

+ (vs + a2t6) t9 −
da5 t

2
9

2
(15)

S2 = v′k+1t7 +
a3t27
2
+
(
v′k+1 + a3t7

)
(t10 − t7) (16)

S3 = v′k t8 −
da4 t

2
8

2
+
(
v′k − da4 t8

)
(t10 − t8) (17)

The reason why the single-vehicle does the overtaking
behavior is to increase operating efficiency, based on which
this paper set the maximum traveling distance as the first
optimal object (Z1). For increasing safety, the frequency
of overtaking behavior should decrease, which means the
single-vehicle should overtake as many vehicles as possible
in every single step. Since the distance between the single-
vehicle and the rear vehicle should larger than 0 and be as
less as possible, the second optimal object is Z2. Also, in order
to keep comfort, the absolute value of both the acceleration
and deceleration should be as small as possible. So that the
third optimal object is Z3. The multi-objective optimization
functions in the single step of the SVOP algorithm are as
follows.

o.b.


minZ1 = −S1
minZ2 = max {0, S1 −max (kvst5 + S3)}

minZ3 = min
(
|a3| + |da4 |

) (18)

For the constraints, the first three items are the range of
both acceleration and deceleration. The following five items
are the velocity limitation and time limitation, for the single-
vehicle and the preceding vehicle, the maximum velocity
should less than the velocity limit on the road, both the
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acceleration time and the deceleration time of the single-
vehicle, the acceleration time of the preceding vehicle, the
deceleration time of the rear vehicle should all be less than
the whole overtaking time. The last two items are the safety
conditions for both the single-vehicle follows the preceding
vehicle, and the rear vehicle follows the single-vehicle. The
constraint condition is as follows.

s.t.



0 ≤ a3 ≤ 4

−7 ≤ da4 ≤ 0

−7 ≤ da5 ≤ 0

vs + a2t6 ≤ vL

v′k+1 + a3t7 ≤ vL

0 < t6, t7, t8, t9 ≤ t10

t6 + t9 ≤ t10√
(vob+vs)2+2a2D− vob − vs

a2
≤ t10 ≤

D
vs + vob

S1 − S3 − kvst5 ≥ H2(v′k , vs)

S1 − S3 − kvst5 ≥ H2(v′k , vs)
(19)

In general, the coarse ADAS information could be gener-
ated once the multi-objective optimization problem has been
solved. The author has detailed the optimization process in
the previous work [6].

III. DRIVING FEATURE OBTAIN ALGORITHM
This paper divides the driving process into different primi-
tives, each representing a kind of driving behavior. The dif-
ferent display order of primitives shows the driving features
of different drivers. The conversion process of different prim-
itives could be viewed as the probabilistic inference process.
In this work, we view the dynamic process of primitive driv-
ing patterns in lane-changing behaviors as a Markov process.
Thus, driver behaviors can be modeled based on the structure
of Hidden Markov models.

The core of HMM consists of two layers: a layer of hid-
den state and a layer of observation or emission, as shown
in Fig. 4, where the shaded nodes are observations, and the
unshaded nodes are latent states.

FIGURE 4. Structure of HMM.

Given a time-series data sequence B = {bt }Tt=1 and a set of
hidden state A, each hidden state At at time t will be subject
to one entry of A. The transition probability from hidden
state Ai to Aj is denoted as Ti,j with Ti = [Ti1,Ti2,Ti3, . . .].

FIGURE 5. Graph model structure of DP.

FIGURE 6. Structure of sticky HDP-HMM.

TABLE 1. The parameter list.

The observation bt at time t given hidden state At is generated
by Bt = f

(
Bt |At , xAt

)
, called the emission function. There-

fore, the HMM can be described as

Ai|Ai−1 ∼ TAi−1 (20)

Bt |At ∼ f
(
xAt
)

(21)
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TABLE 2. The coarse ADAS information(partial data).

FIGURE 7. Design of simulation platform.

where f (·) is the emission function and xAt is the emission
parameter. Drivers behaviors, however, are changing and
open, such that the parameter space regarding hidden states
in the model becomes potentially infinite. Specifically, the
dimension of the set space of hidden states |A|, is unknown.
In such situations, we must define a prior probability distri-
bution on an infinite-dimensional space. A distribution on an
infinite dimensional space is a stochastic process with a spe-
cific path. Usually, the Dirichlet processes (DP) rapidly yield
intractable computations. In what follows, we will introduce
a hierarchical DP (HDP).

We assume that the number of latent states is previously
unknown and these modes of HMM are subject to a specific
distribution defined over a measure space. The Dirichlet pro-
cess (DP) is a measure on measures, denoted by DP(α,H ),
and provides a distribution over discrete probability mea-
sures with an infinite collection of items on a parameter
space that is endowed with a base measure H . The Graph

model structure of DP is shown in Fig. 5. Here, the weights
βi sampled by a stick-breaking construction and we denote
β ∼ GEM (γ ), with β = [β1, β2, β3, . . . ] and

∑
i=1 βi = 1.

G0 =

∞∑
i=1

βiδθi , θ ∼ H (22)

βi = vi
i−1∏
l=1

(1− vl) , vi ∼ Beta(1, γ ) (23)

According to the above discussion, an HDP can be used to
define a prior state on the set of HMM transition probability
measures Gj,i.

Gj,i =
I∑
i=1

Tj,iδθi (24)

where δθi is amass concentrated at θ . Assuming that each
discrete measure Gj is a variation on a global discrete

VOLUME 8, 2020 77291



J. Chen et al.: ADAS for a Single-Vehicle Overtaking a Platoon on the TLTW Road

measure G0, thus the Bayesian hierarchical specification
takes Gj ∼ DP (α,G0), where G0 is draw from DP(γ,H ):

G0 =

∞∑
i=1

βiδθi , β|γ ∼ GEM (γ ) (25)

Gj =
∞∑
i=1

Tj,iδθi , Tj|α, β ∼ DP(α, β) (26)

Since Wen-Shuo and Zhao [23] has compared HDP-
HMM, HDP-HSMM, and sticky HDP-HMMmethods, sticky
HDP-HMM has the same sample structure as the HDP-
HMM(HDP-HSMM has a more complex structure), and it
could obtain a similar amount of the primitive driving patterns
with the HDP-HSMM approach(HDP-HMM method get the
fewest primitive driving patterns) so that this paper select the
sticky HDP-HMMmethod to generate the driving primitives.

For the sticky HDP-HMM(γ, α,H ), by adding an extra
parameter κ > 0, that biases the process toward self-
transition in (26), increasing the expected probability of
self-transition by an amount proportional to κ . The graphic
illustration is shown in Fig. 6, Therefore, we can obtain

Ti|α, β, κ ∼ DP
(
α + κ,

αβ + κδi

α + κ

)
(27)

All the hyper-parameters are set as a Gamma distribution
for the convenience of estimating the posterior probability
of hidden states. This method has been used and proved
in [19]. We use the leave-one-out cross-validation method
for splitting data into nine training data sets and one testing
data set. We evaluate the utility of the developed approach to
segment different lane-changing driving data sequences into
primitive driving patterns based on the ability of the learned
models to predict the duration of each primitive driving pat-
tern for the test data. Similar to [19], predictive log-likelihood
is employed to evaluate the fidelity of the learned models.
For each driver and corresponding test datasets, we apply the
training data to learn parameters of the sticky HDP-HMM
model, and then the learned model is used to predict the
probability distribution of durations for each primitive driving
pattern at each frame of the test data.

IV. SIMULATION EXPERIMENT AND RESULT ANALYSIS
This paper divides the simulation section into two parts.
One is the mathematical simulation part, which used for
generating the coarse ADAS information, while the other is
the CARLA experiment, which is used for obtaining the raw
data of overtaking behavior.

A. MATHEMATICAL SIMULATION DISCUSSION
To generate the coarse ADAS information for the single-
vehicle, this paper sets the essential vehicle motion param-
eters as Table 1.

Based on the SVOP algorithm mentioned in the section II,
the coarse ADAS information for the single-vehicle wasman-
ifested in Table 2.

B. OVERTAKING STYLE EXPERIMENT
Since the drivers could not accept all the guidance informa-
tion for overtaking a platoon, the optimized results should be
filtered according to drivers’ driving style.

In order to observe how a human reacts to situations in the
presence of a platoon and extract the boundaries of veloc-
ity and acceleration with specific characteristics, an experi-
ment is done with some reasonable assumptions. We observe
20 human drivers’ overtaking behavior in the presence of a
platoon. This paper repeated the experiment for 20 times for
each driver on the same settings. For this experiment, we
make a CARLA [24] simulation of a platoon moving with
a certain velocity and time headway between vehicles. The
platoon moves in the right lane, whereas the Human-driven
vehicle starts from the left lane, as shown in Fig. 7, bottom of
the black block part.

At the same left lane and a particular distance of
300meters, an obstacle vehicle is placed to act as a hindrance.
The human-driven vehicle is expected to overtake the platoon
and avoid a collision with the obstacle vehicle, and at the
same time, we observe what slot the driver selects in the
presence of the platoon. Inside the Human-driven vehicle,
i.e., the ego-car, the driver is able to see towards the front,
left, right, and back according to their condition by changing
the camera as shown in Fig. 7, the part circled red. The data
of change in camera gaze is also recorded for further analysis.

FIGURE 8. The trajectories of overtaking vehicles.

After generating the overtaking raw data, the overtak-
ing trajectory for each human-driven vehicle is obtained, as
shown in Fig. 8, from which we can know that different
drivers have different inflection point for overtaking (The
curves in different colors represent the overtaking trajectories
of different drivers). Also, the inflection point changes in
every experiment for the same driver, which means that these
drivers have different acceptance of time to collision(TTC:
the distance between the single-vehicle and the preceding
vehicle divided by the sum of velocity of the single-vehicle
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FIGURE 9. Acceleration of different drivers when overtaking.

FIGURE 10. Velocity of different drivers when overtaking.

FIGURE 11. Standard of classification for the time to collision, relative
velocity, and acceleration.

FIGURE 12. Example of experiment results of SVOP event for driver ]1.

and the preceding vehicle), and for the same driver, the
overtaking style changes under different traffic conditions.
We can decipher the distribution of acceleration and veloc-
ity for each driver, as shown in Fig. 9 and Fig. 10 (The
boxes in different colors represent the maximum, minimum,
and average value of velocity and acceleration for differ-
ent drivers in every experiment), from which we learn the

FIGURE 13. Example of experiment results of SVOP event for driver ]2.

FIGURE 14. Example of experiment results of SVOP event for driver ]3.

FIGURE 15. Example of experiment results of SVOP event for driver ]4.

range of velocity and acceleration that could be accepted
by the driver. However, we cannot get the accurate driver
behavior characteristics with some rare event existing in the
statistics.

V. DATA PREPROCESSING AND PARAMETERS SETTING
Early on, Gipps [25] proposed a deterministic lane-changing
model concept based on gap-acceptance, in which a driver’s
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FIGURE 16. Lane-changing style probability for driver ]1 ∼ ]4.

behavior is governed by two primary considerations: main-
taining the desired speed or being in the correct lane for an
intended turning maneuver.

For our experiment, the human drivers have two perfor-
mances in the overtaking process, adjusting velocity in the
left lane and merging into the platoon. Since the human-
driven vehicle can drive straight with high speed in the left
lane, it does not need to change the lane, based on which
we consider that these two things are in order. This paper
set the last two primitives as the velocity adjusting primi-
tive and the lane-changing primitive, respectively. We can
determine the time to collision characteristics of the single-
vehicle from the penultimate primitive and the characteristics
of relative velocity with the platoon and acceleration from the
last one primitive.

Since the raw data, generated by the simulation exper-
iment, is not enough to fit the real parameter distribu-
tion of overtaking behavior, this paper assumes that all the
parameters follow the Gaussian process, based on which we
divide the TTC into 3 clusters. At the same time, we divide
the relative velocity and acceleration into 4 clusters. The
classification standard of driving style parameter is shown
in Fig. 11 (a) and (b). The statistical results are shown
in Table 3.

We can get the corresponding TTC and 1v from the
coarse SVOP ADAS information by using (28) and (29).

TABLE 3. Variable segmentation.

Also, a could be obtained from the coarse SVOP ADAS
information directly.

TTC =
J s→op
1

vs + vob
(28)

1v = vs + at − vp` (29)

Here, for clarity and concision, we only show three
experiment results from representative trails of each driver
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(]1 ∼ ]4). An example of segmentation results using the
sticky-HDP-HMM approaches is shown in Fig. 12∼Fig. 15.

Fig. 12∼Fig. 15 presents examples of primitive extraction
results for the driving process from the operation beginning to
the end of lane-changing. We note that the sticky HDP-HMM
can automatically learn primitives and assign the primitives
with similar attributes to the same cluster, labeled with the
same color, from which we can see that the driving process
is composed of different driving primitives. Not only do
different drivers have a variety of performance, but the same
driver has different performance in a different experiment.
For instance, the TTC , 1v, and a curves in the second and
third experiment for both driver ]1 and driver ]2 are similar.
We cannot tell the difference in detail. However, driving
primitives could show us the truth. Since we divide the lane-
changing process into two parts, the TTC value, 1v and a
value could be obtained from the penultimate primitive and
the last one primitive, respectively. The duration time of both
the two primitives is the preparing time for the driver to adjust
velocity and change the lane. In this paper, we get the TTC ,
1v, and a value, which in the left boundary of the primitive,
as the statistic result.

For each driver with single-vehicle overtaking pla-
toon events, the normalized probability of each pattern is
computed by

g(m) =
f mij,k∑
i,j f

m
ij,k

(i ∈ 1v, j ∈ a, k ∈ TTC) (30)

where m is the number of drivers for the experiment, g(m) is
the driver’s driving style. i, j, k represent the relative velocity,
acceleration, and time to collision, respectively. f mij,k is the
quantity of one driving style. Thus, we obtain the normalized
frequency distribution for each driver with three time to col-
lision patterns (i.e., long time range, middle time range, and
short time range). Each primitive driving pattern is clustered
and labeled according to Table 3.

Fig. 16 shows examples of the normalized frequency dis-
tribution of primitive driving patterns for four drivers. Green
represents that the driver has a higher probability of acting
in this pattern, and blue represents that the driver has a lower
probability (nearly equal to zero) of driving in this pattern. For
instance, in the long TTC range, driver ]1 prefers to change
to the lane with the low relative velocity and acceleration.
Driver ]2 tends to change to the lane with a high relative
velocity and acceleration. Driver ]3 likes to change to the
lane with the high relative velocity and the tiny acceleration,
while driver ]4 often changes to the lane with the low relative
velocity and the vast acceleration. The different overtaking
styles represent the different status adjustments before chang-
ing the lane. For instance, driver ]1 and driver ]3 tend to
adjust the velocity in the original lane, so that they will not
make the big velocity adjustment after changing the lane.
Driver ]2 and driver ]4 tend to change the lane first and
then make the velocity adjustment according to the platoon
headway. When a single vehicle overtakes the platoon in a

FIGURE 17. Accurate SVOP ADAS strategies for driver ]1 ∼ ]4.

middle or short TTC range, our proposed approaches can also
provide an intuitive explanation for researchers.

We can get the acceptable SVOP ADAS strategies by
analyzing the raw data of velocity and acceleration for each
driver from Fig. 9 and Fig. 10. Also, once we determine the
overtaking pattern by analyzing the primitive statistic results,
we can get the accurate SVOP ADAS information from the
coarse strategy set. We transfer all the coarse SVOP ADAS
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TABLE 4. The number of strategies in different ADAS sets.

strategies into the form of time to collision, relative veloc-
ity, and acceleration by leveraging (28) and (29), as shown
in Fig. 17, in which every point represents one kind of SVOP
strategy, more especially, the points with light blue color,
are the acceptable strategies for the driver by considering the
velocity and acceleration boundaries. As the same, the points
with red color, are the accurate SVOPADAS strategies for the
driver by considering the overtaking pattern. We can see that,
for each driver, the position and proportion of both the accept-
able and the accurate SVOP ADAS strategies are different;
for instance, driver ]4 has the maximum range of acceptable
SVOP strategy, but for the accurate SVOP strategies, driver ]3
has the largest strategy set. The number of different ADAS
sets is shown in Table 4. we can learn that 57.97% ∼ 84.6%
invalid SVOP ADAS could be filtered out by considering
the drivers’ upper and down boundaries of both velocity and
acceleration. Also, 92.3% ∼ 94.78% invalid SVOP ADAS
could be filtered out by leveraging the primitive-based SVOP
approach.

VI. CONCLUSION
This paper provided a primitive-based SVOP approach with
unsupervised learning to filter the generated ADAS by learn-
ing the drivers’ overtaking patterns. The step-by-step SVOP
algorithm was employed to get the coarse ADAS by consid-
ering vehicle safety, traffic efficiency, and driving comfort.
The Bayesian nonparametric learning was employed to seg-
ment the driver’s overtaking raw data into driving primitives,
which be used to filter the generated ADAS. Experiment
results from simulation driving data indicate that the gener-
atedADAS are only valid in theory but not acceptable bymost
of the drivers, the human overtaking patterns on the TLTW
road could be decomposed into finite kinds of semantically
interpretable groups. The distributions of driving primitives
of several drivers were investigated, which demonstrated that
the distribution of human overtaking patterns could be used to
filter the coarse ADAS. The primitive-based SVOP approach
presented in this paper is suitable to generate and filter the
ADAS for the human-driven vehicle overtakes platoon on
the TLTW. Although all the vehicles in our paper are with
the same type (vehicle length) because of the limitation of
data, our proposed framework could be easily extended to the
platoon with different vehicle types, which will be one of our
future work.

The Bayesian nonparametric method developed in this
paper is based on a mathematically rigorous framework,

which can be used to filter the ADAS by analyzing the
overtaking raw data. Also, it can analyze other raw driving
data, such as vehicle following behavior and drivers’ stress
response behavior data. The collected data in this paper
only consists of all the vehicles are with the same type,
and the communication between vehicles is reliable. Hence,
our future work will be articulated around two axes. The
first one is to extend the developed method to multi-type of
vehicle, which means the vehicles in the platoon will have
the different kinematics parameters, for example, vehicle
length, maximum and minimum acceleration, and maximum
velocity. In this way, more features of platoon presenting on
the TLTW road can be extracted, thus allowing us to take
further analysis of complex interactions among road users.
The second objective is to consider other factors that could
impact the V2V communication, such as delay and packet
loss. Semantically understanding the drivers’ overtaking pat-
terns on the TLTW road could provide a set of recogniz-
able discrete states about complex dynamic systems, thereby
benefiting for ADAS filtering to guarantee the step-by-step
SVOP strategies to be accepted by drivers.

REFERENCES
[1] F. Wang, M. Yang, and R. Yang, ‘‘The intelligent vehicle coordination of

the cybernetic transportation system,’’ Int. J. Adv. Robot. Syst., vol. 6, no. 1,
pp. 53–58, Mar. 2009.

[2] J. Sun, H. Liu, and Z. Ma, ‘‘Modelling and simulation of highly mixed
traffic flow on two-lane two-way urban streets,’’ Simul. Model. Pract.
Theory, vol. 95, pp. 16–35, Sep. 2009.

[3] A. T. Kashani andA. S.Mohaymany, ‘‘Analysis of the traffic injury severity
on two-lane, two-way rural roads based on classification tree models,’’ Saf.
Sci., vol. 49, no. 10, pp. 1314–1320, Dec. 2011.

[4] C. Chen, J. Chen, andX. Guo, ‘‘Influences of overtaking on two-lane traffic
with signals,’’ Phys. A, Stat. Mech. Appl., vol. 389, no. 1, pp. 141–148,
Jan. 2010.

[5] Highway Functional Classification Concepts, Criteria and Procedures,
U.S. Department of Transportation Federal Highway Administration,
Washington, DC, USA, 2013.

[6] J. Chen, B. Cai, W. Shangguan, J. Wang, and L. Chai, ‘‘Slot control opti-
mization of intelligent platoon for dual-lane two-way overtaking behav-
ior,’’ J. Traffic Transp., vol. 19, no. 2, pp. 178–190, Apr. 2019.

[7] A. Al-Kaisy and C. Durbin, ‘‘Platooning on two-lane two-way highways:
An empirical investigation,’’ J. Adv. Transp., vol. 43, no. 1, pp. 71–88,
Jan. 2009.

[8] R. Hamzeie, B. Vafaei, J. J. Kay, P. T. Savolainen, and T. J. Gates, ‘‘Short-
term evaluation of transition from differential to uniform speed limit for
trucks and buses on two-lane highways,’’ Transp. Res. Rec., J. Transp. Res.
Board, vol. 2637, no. 1, pp. 83–88, Jan. 2017.

[9] Y. Wang and M. P. Cartmell, ‘‘New model for passing sight distance
on two-lane highways,’’ J. Transp. Eng., vol. 124, no. 6, pp. 536–545,
Nov. 1998.

[10] F. H. Robertson, F. Bourriez, M. He, D. Soper, C. Baker, H. Hemida,
and M. Sterling, ‘‘An experimental investigation of the aerodynamic flows
created by lorries travelling in a long platoon,’’ J. Wind Eng. Ind. Aerodyn.,
vol. 193, Oct. 2019, Art. no. 103966.

[11] L. C. Davis, ‘‘Dynamics of a long platoon of cooperative adaptive cruise
control vehicles,’’ Phys. A, Stat. Mech. Appl., vol. 503, pp. 818–834,
Aug. 2018.

[12] A. Takenouchi, K. Kawai, and M. Kuwahara, ‘‘Traffic state estimation and
its sensitivity utilizing measurements from the opposite lane,’’ Transp. Res.
C, Emerg. Technol., vol. 104, pp. 95–109, Jul. 2019.

[13] A. Arikere, D. Yang, andM. Klomp, ‘‘Optimal motion control for collision
avoidance at left turn across path/opposite direction intersection scenarios
using electric propulsion,’’ Vehicle Syst. Dyn., vol. 57, no. 5, pp. 637–664,
May 2019.

77296 VOLUME 8, 2020



J. Chen et al.: ADAS for a Single-Vehicle Overtaking a Platoon on the TLTW Road

[14] D. Xiao-Feng, D. Xia, and H. Wang, ‘‘Dilemma zone in two-lane high-
ways,’’ J. Highway Transp., vol. 24, no. 3, pp. 111–114, Mar. 2007.

[15] H. Farah, ‘‘When do drivers abort an overtaking maneuver on two-lane
rural roads?’’ Transp. Res. Rec., J. Transp. Res. Board, vol. 2602, no. 1,
pp. 16–25, Jan. 2016.

[16] R. Hamada, T. Kubo, K. Ikeda, Z. Zhang, T. Shibata, T. Bando, K. Hitomi,
and M. Egawa, ‘‘Modeling and prediction of driving behaviors using a
nonparametric Bayesian method with AR models,’’ IEEE Trans. Intell.
Vehicles, vol. 1, no. 2, pp. 131–138, Jun. 2016.

[17] W. Zhang and W. Wang, ‘‘Learning V2 V interactive driving patterns at
signalized intersections,’’ Transp. Res. Part C: Emerg. Technol., vol. 108,
pp. 151–166, Nov. 2019.

[18] M. J. Johnson and A. S. Willsky, ‘‘Bayesian nonparametric hidden semi-
Markov models,’’ J. Mach. Learn. Res., vol. 14, no. 1, pp. 673–701, 2013.

[19] E. Fox, E. B. Sudderth, M. I. Jordan, and A. S. Willsky, ‘‘Bayesian
nonparametric inference of switching dynamic linear models,’’ IEEE
Trans. Signal Process., vol. 59, no. 4, pp. 1569–1585, Apr. 2011.

[20] W. Wang, J. Xi, and D. Zhao, ‘‘Driving style analysis using primitive
driving patterns with Bayesian nonparametric approaches,’’ IEEE Trans.
Intell. Transp. Syst., vol. 20, no. 8, pp. 2986–2998, Aug. 2019.

[21] S. Teply and A. M. Jones, ‘‘Saturation flow: Do we speak the same
language?’’ in Transportation Research Record. Jan. 1991, pp. 144–153.

[22] W. Bai and C. J. Li, ‘‘Overtaking model based on different limiting speed,’’
J. Transp. Syst. Eng. Inf. Technol., vol. 13, no. 2, pp. 63–68, Apr. 2013.

[23] W. Wang and D. Zhao, ‘‘Extracting traffic primitives directly from
naturalistically logged data for self-driving applications,’’ IEEE Robot.
Autom. Lett., vol. 3, no. 2, pp. 1223–1229, Apr. 2018.

[24] D. Alexey, R. German, A. L. Felipe, K. Vladlen, ‘‘CARLA: An open
urban driving simulator,’’ in Proc. PMLR, vol. 78, 2017, pp. 1–16.

[25] P. G. Gipps, ‘‘A model for the structure of lane-changing decisions,’’
Transp. Res. B, Methodol., vol. 20, no. 5, pp. 403–414, Oct. 1986.

JUNJIE CHEN received the B.S. degree from
Yanshan University, Hebei, China, in 2013.
He is currently pursuing the Ph.D. degree
with the School of Electronic and Informa-
tion Engineering, Beijing Jiaotong University.
From 2018 to 2020, he was a Visiting Scholar
with the Safe AI Laboratory, Carnegie Mel-
lon University. His researches concentrate on
intelligent transportation systems, cooperative
vehicle infrastructure system of China (CVIS-C),
and vehicle operational control of CVIS.

MANOJ BHAT received the B.Tech. degree from
Manipal University, India, in 2018. He is cur-
rently pursuing the master’s degree with Carnegie
Mellon University. He is currently a Research
Assistant with the Safe AI Laboratory, Carnegie
Mellon University. His work is on perception
and simulations. His research interest includes
machine learning analysis in enhancing robustness
of perception systems in autonomous vehicles.

SHIYAN JIANG is currently an Assistant Pro-
fessor with North Carolina State University. Her
work focuses on designing intelligent educational
technologies with the power of natural language
processing and machine learning, and leveraging
cutting-edge deep learning technologies. Further-
more, she studies technology-enhanced learning
environments to facilitate the development of dis-
ciplinary identities and engage early adolescents in
career exploration.

DING ZHAO received the Ph.D. degree from the
University of Michigan, Ann Arbor, in 2016. He
is currently an Assistant Professor with Carnegie
Mellon University. His research interests include
autonomous vehicles, intelligent/connected trans-
portation, traffic safety, human–machine interac-
tion, rare events analysis, dynamics and control,
machine learning, and big data analysis.

VOLUME 8, 2020 77297


