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a b s t r a c t
Self-driving vehicles, combining automobiles with autopilot systems, enable intelligent and safe driving. Selfdriving vehicles can achieve accurate automatic navigation, trajectory tracking, and automatic overtaking by
using GPS, radars, and inertial measurement unit (IMU). Among them, overtaking is essential in order to avoid
excessive waiting time and improve the traﬃc eﬃciency. When following a large truck or bus, the self-driving
vehicle cannot ensure the safe overtaking because the line-of-sight (LOS) range detected by the radar and camera
is blocked, thus unable to perceive the surrounding environment accurately. A commonly adopted mitigation
is to follow the truck or bus at a reduced speed, at the cost of reduced traﬃc eﬃciency and more traﬃc jams.
To mitigate this deﬁciency, this paper develops an auxiliary sensing system using edge computing to locate
nearby vehicles for self-driving vehicles, called ECASS. Specially, infrastructure deployed along the road like
servers are utilized to accurately locate vehicles according to GPS and wireless information such as WiFi or DSRC.
Subsequently, the server will transmit the localization information of nearby vehicles to the self-driving vehicle,
based on which it can determine the driving state for the next moment despite of the obstruction. Extensive
simulations verify that ECASS based trajectory is much closer to the real trajectory than GPS. Especially when
GPS error is set within 10 m, ECASS can reduce the mean absolute localization error from more than 7 m to about
3 m.

1. Introduction
In recent years, self-driving vehicles have attracted extensive attention from both industry and academia because of its safety and travelling eﬃciency [1–3]. In particular, with the increase in the number
of vehicles, the injured persons and deaths in traﬃc accidents are also
increasing. As a critical technique in future vehicles, autopilot can substantially decrease the traﬃc accidents induced by human factors and
thus enhance the travelling safety. The traﬃc sharing based on the automatic driving technique can eﬀectively alleviate the traﬃc congestion
and pollution problems [4,5].
Researchers have designed various detection algorithms based on
the image and signal processing, to accurately sense the environments
around the self-driving vehicle [6–8]. The self-driving vehicle will then
determine the driving state for the next moment, such as overtaking,
acceleration/deceleration, or travelling at the original speed based on
the acquired environmental information.
Compared to acceleration/deceleration, or travel at the original
speed, the execution of overtaking for self-driving vehicles becomes
much more complicated. It mainly consists of three steps. Firstly, the
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self-driving vehicle changes the lane according to the planned trajectory. Secondly, it drives along the overtaken vehicle at a prescribed lateral distance. Finally, it will return to the original lane in front of the
overtaken vehicle [9,10]. Majority of research work on this problem
has focused on the planning or prediction of the overtaking trajectory
[9,11,12].
Available literature has planned their overtaking trajectories under
the premise that the radar or camera integrated in the self-driving vehicle can detect and track obstacles without buses or trucks around when
overtaking. However, under some special circumstances, the camera and
radar may be blocked by the truck or bus in front or behind, rendering
the self-driving vehicle partially or even completely unknown about the
surroundings. Therefore, it has to follow the truck or bus at a reduced
speed [13]. Obviously, this approach incurs increased time consumption
and traﬃc congestion.
However, GPS based localization errors can reach up to 10 m, and
even localization errors in map-matching based GPS suﬀer from 5 m
[14,15]. Such a large localization error may cause the wrong driving
state adoption for self-driving vehicles, risking the traﬃc safety. In result, the auxiliary sensing system named ECASS is developed to provide
accurate vehicle localization information in the proximity of the self-
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driving vehicle based on edge computing, when it cannot accurately
locate nearby vehicles only using the camera and radar.
In particular, when the self-driving vehicle cannot accurately sense
the surrounding environments due to obstruction, it will send a request
to nearby servers, so as to inform these servers of obtaining the current vehicle localization near the self-driving vehicle. In these servers,
an information fusion algorithm with regard to the wireless signal and
GPS is designed to estimate the position of nearby vehicles. Finally, the
location of each vehicle near the self-driving vehicle will be transmitted to the self-driving vehicle. The self-driving vehicle determines the
driving state for the next moment based on the acquired localization
information, despite of the obstruction. In this paper, the driving state
includes overtaking, changing lanes, acceleration, deceleration, braking,
and travelling at the original speed.
The contributions of this paper are listed as below:

Both detailed analysis and performance evaluation have been carried
out based on the proposed benchmark. Unlike camera based detection,
a signal processing algorithm based on radar is designed to estimate the
speed and size of vehicles in [26]. Finally, some research work proposes
to build a vehicle detection system fusing radar and vision data [27].
Trajectory plan algorithm According to the accurate understanding
of surrounding environments, self-driving vehicles can determine the
driving state for the next moment [28,29], such as braking, acceleration,
changing the lane, or overtaking. Among them, overtaking is the most
complicated process. To achieve safe overtaking, Milanes et al. [30] develop a fuzzy-logic based controller to control the lateral movement and
longitudinal movement of vehicles. Meanwhile, a stereo vision system
is applied to detect any preceding vehicle and trigger the autonomous
overtaking manoeuvre. Furthermore, a mathematical model and adaptive controller for autonomous overtaking maneuver is presented in [9].
Especially, an adaptive control scheme is designed to allow tracking
the desired trajectories with unknown velocity of the overtaken vehicle
compared to previous work. The authors of [31] proposed an path planning scheme for the self-driving car under the complex environments.
It mainly consists of three parts, respectively as the novel path representation, the collision detection and the path modiﬁcation. Finally, a
multiple-goal reinforcement learning framework is constructed to tackle
multiple criteria for overtaking in [12]. Simulation results demonstrate
the high eﬃciency of the proposed strategy.

• We propose an edge computing based framework to assist selfdriving vehicles to achieve accurate nearby vehicle localization and
tracking when self-driving vehicles cannot accurately sense the surrounding environment.
• In roadside servers, an fusion algorithm related to GPS and wireless
signal information is developed to measure the location of vehicles
near the self-driving vehicle. According to these acquired localization information, the self-driving vehicle can determine the driving state for the next moment even when partially or completely
blocked.
• Extensive simulations are carried out to demonstrate ECASS’s high
eﬃciency. Compared to GPS, ECASS based localization is much
closer to the real vehicle position, especially when the GPS based
localization error becomes larger.

3. Preliminaries
In this section, we present the motivation behind ECASS and the
problem statement.

The paper is organized as follows: Section 2 presents the related
literature on self-driving vehicles. The preliminaries are introduced in
Section 3, including the motivation and problem statement. Then, the
system overview, algorithm design, and the selection strategy of servers
are presented in Section 4, and we present the performance evaluation
in Section 5. Finally, we conclude this paper in Section 6.

3.1. Motivation
Nowadays, the traﬃc condition becomes increasingly complicated in
metropolises. Therefore, there exist several critical challenges for selfdriving vehicles to deal with various kinds of traﬃc scenarios. For example, the self-driving vehicle can be easily blocked by the truck or bus in
front or behind, as shown in Fig. 1, in which case the self-driving vehicle is travelling behind the truck. Then, the radar or camera mounted on
the top of the self-driving vehicle cannot detect and locate any obstacle
in region 1, due to be blocked by the truck in front.

2. Related work
Up to now, there exists substantial research work related to the autopilot technique, including the hardware design such as detection radar
and camera, algorithm design in terms of information fusion from these
hardware, and the trajectory plan in the travelling process [16–18].
Hardware Hardware is the fundamental part for autopilot. Highquality hardware is able to perceive nearby information more accurately
[19,20]. For example, Mercedes-Benz equip S-Class S 500 INTELLIGENT
DRIVE with close-to-production sensor hardware. In particular, vision
and radar sensors combined with digital maps are employed to sense
nearby traﬃc conditions [21], and this system has been tested in an autonomous manner from Mannheim to Pforzheim, Germany. As a promising technique, lidar can also perceive the environment in the same way
as radar. Due to much shorter wavelength, the high resolution and reliability render it a necessity for driverless cars in the future [2]. However,
the size, complexity, and cost of the current generation of lidar sensors hinder its commercialization. Therefore, extensive academic and
industry research has attempted to make lidar sensors smaller, easier to
manufacture, and cheaper [6,22].
Information fusion algorithm After obtaining the information
about nearby environments, how to deal with these massive information
becomes crucial for self-driving vehicles [23,24]. Based on the stereo
camera system, Franke et al. [25] present the vision algorithms for object recognition and tracking, free-space analysis, traﬃc light recognition, lane recognition, as well as self-localization. Further, in order to
realize an accurate visual understanding of complex urban street scenes,
a benchmark suite and large-scale dataset named Cityscapes is introduced to train and test pixel-level and instance-level semantic labeling.

Fig. 1. The scenario when the self-driving vehicle is blocked.
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Consequently, the self-driving vehicle cannot determine the travelling state for the next moment because it cannot accurately perceive the
surrounding environment. The traditional strategy that self-driving vehicles adopt is to follow the truck or bus in front at a reduced speed.
Therefore, this mechanism will incur much more time consumption and
traﬃc congestion, thus resulting in more pollution.
3.2. Problem statement
In recent years, edge computing has been proposed to provide faster
network response and more safety guarantee using the open platform
integrated with networking, computing, storage and application close
to objects or data sources, compared to data center based computing
[32]. In this paper, we combine self-driving vehicles with edge computing to accurately locate vehicles near the self-driving vehicle in case of
obstruction.
In self-driving vehicles, one second is divided into n time slots. For
each slot, the self-driving vehicle will execute instructions from vehicle controllers, to ensure the travelling safety. Assuming at time t, the
self-driving vehicle waits for the driving state instruction for the next
moment–𝑡 + 1∕𝑛. Then, the vehicle controller will determine the travelling state for the next moment according to the acquired localization
information.
As in Fig. 1, the self-driving vehicle, referred to as vehicle a, is
blocked by the truck in front. Although equipped with the camera and
radar, the self-driving vehicle still cannot detect and locate vehicles b
and c on the left side of the truck. The roadside infrastructure like servers
are proposed to assist vehicle a to detect and locate vehicles b and c
through information interaction. According to these acquired information, the self-driving vehicle a can determine the driving state for the
next moment.
To accurately locate vehicles near the self-driving vehicle, GPS localization information and wireless signals from vehicles will be delivered to nearby servers. According to the wireless signal information,
the server can obtain the angle of arrival (AOA) relative to the vehicle
[33]. In the presence of obstruction, an accurate vehicle localization algorithm for self-driving vehicles can be developed based on the fusion of
GPS localization and AOA information. Assuming the true location for
vehicle b is bt,x and bt,y , the measured position bm,x and bm,y based on
the designed vehicle localization algorithm should satisfy the formula
as below.
(√
)
min
(𝑏𝑡,𝑥 − 𝑏𝑚,𝑥 )2 + (𝑏𝑡,𝑦 − 𝑏𝑚,𝑦 )2 .
(1)

Fig. 2. The framework of ECASS.

4. System design

Fig. 3. The workﬂow of ECASS.

The framework of ECASS is shown in Fig. 2. In this section, the workﬂow of ECASS is presented, followed by the introduction of vehicle localization algorithm. Finally, we present the selection scheme of servers
near the self-driving vehicle.

designed information fusion algorithm. The self-driving vehicle will receive nearby vehicles’ location information from these servers. Finally,
it can determine whether to overtake, decelerate, or accelerate based on
the obtained localization information.
We focus on the location measurement of vehicles on the server side,
which is based on the fusion of GPS and wireless signal information
transmitted from vehicles. Therefore, the time overhead can also be cut
down since the vehicle location estimation is executed on the server
side. In this paper, we call it the vehicle localization algorithm.

4.1. System overview
In the proposed system, every self-driving vehicle is integrated with
GPS and one wireless antenna such as WiFi antenna or DSRC antenna.
The GPS localization information of vehicles is delivered to nearby
servers through wireless communication. The wireless antenna in vehicle a is referred to as Ana . Ana will select two nearby servers to communicate with, so as to accurately locate vehicle a. The workﬂow of
ECASS is presented as follows, as shown in Fig. 3.
If the self-driving vehicle can accurately sense the surrounding environment according to the traﬃc condition obtained from the camera,
radar, and IMU, then it plans the driving state based on the decision
algorithm. Otherwise, it will send a request to roadside severs for obtaining nearby vehicle location. Subsequently, these nearby servers will
estimate the vehicle’s location near the self-driving vehicle using the

4.2. Design of the vehicle detection algorithm
To accurately locate vehicles in the blocked area for the self-driving
vehicle, edge computing based on the roadside infrastructure is utilized.
As shown in Fig. 4(a), the wireless antenna Anb on vehicle b communicates with two nearby servers B and C simultaneously. Vehicle b delivers
its own GPS localization information to nearby servers B and C. Specifically, servers can harness the incoming wireless signals to derive the
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Fig. 4. Communication between the vehicle and servers.

(a)

(b)

AOA [34]. On the server side, the location and AOA information can be
fused to improve the localization accuracy of vehicle b according to the
designed localization algorithm. Meanwhile, servers will transmit their
own location information and IDs to vehicle b, based on which it can
realize the selection of nearby servers.
For ease of understanding, Fig. 4(a) can be abstracted into Fig. 4(b).
In Fig. 4(b), points B and C represent server B and C, respectively. The
wireless antenna Anb is placed at point D. The connection line between
points B and C is set as the Y axis. And the line perpendicular to the line
BC is set as the X axis. bx and by represent the abscissa and ordinate of
the antenna Anb . These localization information can be obtained from
GPS embedded in the vehicle. Meanwhile, the coordinates of server B
are denoted as bB,x and bB,y , while bC,x and bC,y are the coordinates of
server C. The distance between two servers is set to d.
We consider the scenario that the wireless antenna communicates
with two nearby servers. Speciﬁcally, Anb transmits the GPS localization
information bx and by to servers B and C. Therefore, a geometric triangle
△BCD can be established, as shown in Fig. 4(b). Assuming that the AOA
from D to B is 𝛼 and the AOA from D to C is 𝜃 according to the received
wireless signals, then the following equation can be established.
𝑑𝐵𝐷 × sin(𝜋 − 𝛼) = 𝑑𝐶𝐷 × sin(𝜃),

There exist some constraints on the optimization problem. Firstly,
Eqs. 3 and 4 should be satisﬁed at the same time. Secondly, 𝜃 should be
larger than 0, yet smaller than 𝜋/2. In conclusion, the optimization is related to the antenna Anb mounted on the vehicle b, and the optimization
problem can be converted into:
(√
min
(𝑏𝑥 − 𝑏𝐵,𝑥 )2 + (𝑏𝑦 − 𝑏𝐵,𝑦 )2 × 𝑐𝑜𝑠(𝜋 − 𝛼)+
)
√
(𝑏𝑥 − 𝑏𝐶,𝑥 )2 + (𝑏𝑦 − 𝑏𝐶,𝑦 )2 × 𝑐𝑜𝑠(𝜃) − 𝑑 ,
𝑠.𝑡.

√
2 × 𝑐𝑜𝑠(𝛼 − 𝜃) × (𝑏𝑥 − 𝑏𝑏𝐵,𝑥 )2 + (𝑏𝑦 − 𝑏𝐵,𝑦 )2×
√
(𝑏𝑥 − 𝑏𝐶,𝑥 )2 + (𝑏𝑦 − 𝑏𝐶,𝑦 )2 = (𝑏𝑥 − 𝑏𝐵,𝑥 )2 + (𝑏𝑦 − 𝑏𝐵,𝑦 )2 +
(𝑏𝑥 − 𝑏𝐶,𝑥 )2 + (𝑏𝑦 − 𝑏𝐶,𝑦 )2 − 𝑑 2 ,
√
(𝑏𝑥 − 𝑏𝐵,𝑥 )2 + (𝑏𝑦 − 𝑏𝐵,𝑦 )2 × 𝑠𝑖𝑛(𝜋 − 𝛼)
√
= (𝑏𝑥 − 𝑏𝐶,𝑥 )2 + (𝑏𝑦 − 𝑏𝐶,𝑦 )2 × 𝑠𝑖𝑛(𝜃),
0 ≤ 𝛼 − 𝜃 ≤ 𝜋,

(2)

𝜋∕2 ≤ 𝛼 ≤ 𝜋,

where dBD represent the length of line segment BD, and dCD denote the
length of line segment CD. This equation can be formulated as below.
√
(𝑏𝑥 − 𝑏𝐵,𝑥 )2 + (𝑏𝑦 − 𝑏𝐵,𝑦 )2 × sin(𝜋 − 𝛼)
√
(3)
= (𝑏𝑥 − 𝑏𝐶,𝑥 )2 + (𝑏𝑦 − 𝑏𝐶,𝑦 )2 × sin(𝜃).

0 ≤ 𝜃 ≤ 𝜋∕2,
𝑑𝐿,𝑆 ≤ 𝑏𝑥 ≤ 𝑑𝐿,𝑠 + 𝐵𝑤 ,
0 ≤ 𝑏𝑦 ,
where Bw represents the width of the road, dL,S denotes the distance
between the server and the road. For each request, the optimization operation is executed on the server side once, and then send the estimated
vehicle location to the self-driving vehicle. Through collecting these localization information from nearby servers, the self-driving vehicle can
determine its driving state based on the decision strategy.

In the meantime, the following equation can also be established according to the law of cosines.
√
2 × cos(𝛼 − 𝜃) × (𝑏𝑥 − 𝑏𝐵,𝑥 )2 + (𝑏𝑦 − 𝑏𝐵,𝑦 )2×
√
(4)
(𝑏𝑥 − 𝑏𝐶,𝑥 )2 + (𝑏𝑦 − 𝑏𝐶,𝑦 )2 = (𝑏𝑥 − 𝑏𝐵,𝑥 )2 + (𝑏𝑦 − 𝑏𝐵,𝑦 )2 +
(𝑏𝑥 − 𝑏𝐶,𝑥 )2 + (𝑏𝑦 − 𝑏𝐶,𝑦 )2 − 𝑑 2 .

4.3. The selection of nearby servers

Finally, we can also get another equation: The sum of the length of
line segment BE and the length of line segment CE is equal to the length
of line segment BC, which can be formulated as:
√
(𝑏𝑥 − 𝑏𝐶,𝑥 )2 + (𝑏𝑦 − 𝑏𝑏𝐶,𝑦 )2 × cos(𝜃)+
√
(5)
(𝑏𝑥 − 𝑏𝐵,𝑥 )2 + (𝑏𝑦 − 𝑏𝐵,𝑦 )2 × cos(𝜋 − 𝛼) = 𝑑.

The proposed system assumes that nearby servers are employed to
assist the self-driving vehicle realize vehicle detection and localization,
and they can communicate with each other. As designed in Section 4.2,
two nearest servers on the same side are selected as the assistant infrastructure to locate the vehicle accurately. This is because the closer to the
vehicle, the stronger wireless signal from the vehicle can be received by
servers. Further, it contributes to more accurate AOA estimation.
As demonstrated in the framework, servers, within the communication coverage of self-driving vehicles, will send their information including their ID and localization to the self-driving vehicle. Subsequently,
the self-driving vehicle will select two nearest servers on the same side
to assist accurate vehicle localization. As shown in Fig. 5, the antenna
Ana will select servers B and C since they are the two nearest servers
when the self-driving vehicle is at position 1. After a period of time,
when at position 2, servers C and D are selected. Detailed algorithm for
the server selection are demonstrated in Algorithm 1 .

These equations hold when the GPS based localization and AOAs
are accurate. However, as mentioned above, even map-matching based
GPS localization suﬀers from meters of errors. The error of measured
AOAs are at a level of several degrees. Therefore, there exists a gap
between the length of line segment BC and the sum of the length of line
segment BE and the length of line segment CE. The aim of the designed
localization algorithm in ECASS is to minimize the gap between these
two values, which can be formulated as:
(√
min
(𝑏𝑥 − 𝑏𝑏𝐶,𝑥 )2 + (𝑏𝑦 − 𝑏𝐶,𝑦 )2 × cos(𝜃)
√
)
(6)
+ (𝑏𝑥 − 𝑏𝐵,𝑥 )2 + (𝑏𝑦 − 𝑏𝐵,𝑦 )2 × cos(𝜋 − 𝛼) − 𝑑 .
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Fig. 6. The settings in the simulations.

5.2. Simulation results
In the simulation part, we evaluate ECASS with various velocities,
diﬀerent GPS errors, and diﬀerent number of vehicles.
5.2.1. Simulation with various velocities
First of all, we mimic the scenario of only one vehicle travelling at
a constant speed of 10 m/s. The vehicle moves in a straight line of lane
1. The GPS localization error is set within 2 m, and the angle estimation
error based on wireless signals is set within 5°. According to the velocity,
real AOA values of the antenna related to two nearby servers are equal to
arctan(11.5/10t) and 𝜋 − 𝑎𝑟𝑐𝑡𝑎𝑛(11.5∕(200 − 10𝑡)), as shown in Fig. 7(a)
and (b), respectively.
The simulation results about the trajectory tracking are shown in
Fig. 8(a). Obviously, ECASS based trajectory tracking is closer to the
vehicle real trajectory than GPS based trajectory.
The absolute error
between ECASS based position and real posi√

Fig. 5. The travelling process when passing through one server.

Algorithm 1: The server selection algorithm.

1
2
3
4
5
6

input : (𝑥𝑣,𝑎 , 𝑦𝑣,𝑎 ): the position of vehicle 𝑎; 𝑆: the set of servers
that are in the communication range of the vehicle 𝑎;𝑁:
The number of servers in set 𝑆; 𝑆𝑖 : server 𝑖; (𝑥𝑠,𝑖 , 𝑦𝑠,𝑖 ): the
position of server 𝑖
output: 𝑆𝑝𝑟𝑒 : the set of communication base stations
√
𝑑min ← (𝑥𝑣,𝑎 − 𝑥(𝑠, 1))2 + (𝑦𝑣,𝑎 − 𝑦(𝑠, 1))2 ;

10

if (𝑑 < 𝑑min ) then
𝑑min ← 𝑑;
𝑘 ← 𝑚;
𝑚 ← 𝑗;

11

𝑗 ← 𝑗 + 1;

7
8
9

12
13
14

tion is equal to

𝑆𝑝𝑟𝑒 ← ∅;
𝑚 ← 0;
𝑘 ← 0;
while (𝑗 < 𝑁) do
√
𝑑 ← (𝑥𝑣,𝑎 − 𝑥(𝑠, 𝑗))2 + (𝑦𝑣,𝑎 − 𝑦(𝑠, 𝑗))2 ;

(𝑏𝑡,𝑥 − 𝑏𝑚,𝑥 )2 + (𝑏𝑡,𝑦 − 𝑏𝑚,𝑦 )2 for vehicle b, and the

absolute
error between GPS position and real position is equal to
√
(𝑏𝑡,𝑥 − 𝑏𝑥 )2 + (𝑏𝑡,𝑦 − 𝑏𝑦 )2. These two kind of absolute errors are referred
to as 𝐸𝐸𝐶𝐴𝑆 𝑆 −𝑅𝑒𝑎𝑙 and 𝐸𝐺𝑃 𝑆−𝑅𝑒𝑎𝑙 , respectively.
The CDF of 𝐸𝐸𝐶𝐴𝑆 𝑆 −𝑅𝑒𝑎𝑙 and 𝐸𝐺𝑃 𝑆−𝑅𝑒𝑎𝑙 along the trajectory is plotted in Fig. 8(b). From this ﬁgure, it can be observed that the absolute
localization errors based on ECASS are smaller than that based on GPS.
When the GPS localization errors are set within 2 m, the mean absolute error between ECASS based position and real position is about 1 m,
which is 0.4 m less than that between GPS based position and real position. Consequently, it veriﬁes the high localization accuracy of the
proposed algorithm.
With regard to the angle estimation, the simulation results are plotted in Fig. 9(a) and (b), for the AOA between the vehicle with the server
behind, and the AOA between the vehicle and the front server, respectively. Both ﬁgures verify that ECASS based angles are much closer to
the real angles and remain much stabler than the estimated angles based
on wireless signals.
In the meantime, we also investigate the angle values based on
the server selection scheme when passing through one server in the
travelling process. The simulation results are shown in Fig. 10(a) and
(b). It clearly demonstrates that the measured angles based on ECASS
can track the real angle much more accurately compared to wireless
signal based angles along the trajectory. Even when the vehicle passes
through one server, ECASS based angle estimation is still much more
accurate.
Above simulations are based on the constant velocity, which cannot
be satisﬁed in most actual scenarios. Therefore, we investigate the scenario that the vehicle velocity changes over time. The set velocities are
shown in Fig. 11(a) and (b), respectively, in which the highest speed of
the vehicle is limited to 20 m/s. As shown in the left ﬁgure, the vehicle

𝑆𝑝𝑟𝑒 ← 𝑆𝑝𝑟𝑒 ∪ 𝑆𝑚 ;
𝑆𝑝𝑟𝑒 ← 𝑆𝑝𝑟𝑒 ∪ 𝑆𝑘 ;
return 𝑆𝑝𝑟𝑒 ;

5. Performance evaluation
Extensive simulations are conducted to verify the high eﬃciency of
ECASS.
5.1. Simulation settings
The simulations are developed by MATLAB. As shown in Fig. 6, there
are two lanes in the same direction. Each lane width is set as 3 m. The
distance between two adjacent servers along the road is set as 200m.
The distance from the server to the nearest lane is set as 10 m. Vehicles
travel along the X axis. Therefore, the coordinates of the ﬁrst server can
be set as (0,0), and the coordinates of the second server can be set as
(200,0).
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Fig. 11. The set velocity.
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Fig. 12. The trajectory tracking when travelling with the uniform acceleration motion.
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follows the uniform acceleration motion, and the velocity in the right
ﬁgure is irregular, which is closer to realistic scenarios.
The simulation results are plotted in Fig. 12(a) and (b). ECASS based
vehicle trajectory shows a superior performance in terms of both the
trajectory tracking and absolute error compared to those based on GPS
information. In the meantime, the mean absolute error based on ECASS
remains about 0.4 m less than that based on GPS.
The angle estimation is shown in Fig. 13(a) and (b). We can observe
that ECASS based angle measurements nearly match with the real angles, while angles estimated based on wireless signals ﬂuctuate in a large
range.
Finally, we carry out simulations based on the velocity set in
Fig. 11(b). The simulation results shown in Fig. 14(a) and (b) verify
that ECASS based trajectory is more accurate than GPS based trajectory
even when the vehicle velocity is irregular.
Therefore, it can be concluded that when the GPS localization error
is set within 2 m, ECASS based trajectory tracking shows a superior per-

formance compared to GPS based trajectory despite of various vehicle
speeds.

5.2.2. Simulation with diﬀerent GPS errors
Above simulations are carried out with the GPS localization error set
within 2 m. In this subsection, we will explore the simulation scenario
with diﬀerent GPS localization errors since the GPS localization accuracy can be inﬂuenced by diﬀerent factors, such as the refraction eﬀect
caused by ionosphere and multipath eﬀect.
Firstly, we set the GPS localization error within 6 m. Fig. 15(a) and
(b) demonstrate the simulation results in terms of the localization accuracy. ECASS based trajectory is much closer to the real trajectory compared to that based on GPS. The mean absolute error is 2 m less than
that based on GPS.
The angle measurements are shown in Fig. 16(a) and (b). Both two
AOAs based on ECASS show an accurate estimation and stable perfor264
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mance compared to the estimated AOAs based on wireless signals during
the simulation time.
Finally, Fig. 17(a) and (b) plot the tracked trajectory when the GPS
localization error is set within 10 m. The vehicle trajectory based on
ECASS shows a much better performance than the trajectory based on
GPS. The mean absolute error based on the designed algorithm is about
3 m, which is 4.1 m less than that based on GPS.
Finally, it is observed that the accuracy improvement based on
ECASS can be enhanced with larger GPS localization errors. Although
the mean absolute error based on the designed algorithm is about 3 m
when the GPS error is set within 10 m. We can see that this relatively
large error is mainly caused by the localization error in X axis. In convention, there should exist a large safety distance between two nearby
vehicles. Therefore, these much smaller errors in comparison with the
safety distance have a small inﬂuence on the driving state determination. Yet, the large GPS localization error will lead to wrong determinations. We can conclude that ECASS can work more eﬃciently when the
GPS errors become larger.

5.2.3. Simulation with two vehicles
In the subsection, we will deploy two vehicles to demonstrate the
high eﬃciency and robustness of ECASS. The velocities set for these
two vehicles are shown in Fig. 11(a) and (b). In order to simulate more
complex scenarios, vehicle 1 will change the lane in the 10 second with
the initial location set in lane 2, while vehicle 2 will change the lane
in the 4 second. The initial position of vehicle 1 is set as (0,0), and the
initial position of vehicle 2 is set as (20,0).
The simulation results for vehicle 1 are plotted in Fig. 18(a) and
(b). It clearly demonstrates that the trajectory based on ECASS performs
much better than GPS based trajectory. It can be seen that the trajectory can also accurately track the real trajectory even when the vehicle
changes its lane in the travelling process.
The simulation results of the estimated angle values under the scenario of two vehicles are shown in Fig. 19(a) and (b). It veriﬁes that
ECASS can achieve a high accuracy of AOA estimation even when the
vehicle changes its lane.
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6. Conclusion and future work

self-driving vehicle can be achieved. These information will be delivered
to the self-driving vehicle, based on which it can determine the driving
state for the next moment. Extensive simulation results have veriﬁed the
high eﬃciency of the proposed system.
Although we have proposed a novel framework using the roadside
infrastructure to locate vehicles in the proximity of the self-driving vehicle, there exist some deﬁciencies, which are listed as below.

With the rapid development of the autopilot technique, self-driving
vehicles has attracted substantial attention from both industry and
academia. Majority of available literature has focused on the hardware
design such as vehicle borne radar and camera, algorithm design related to the information fusion, and vehicle trajectory planning. However, most trajectory planning algorithms are based on the assumption
that radar, camera, and IMU can perceive the environment around the
self-driving vehicle. Nevertheless, in real traﬃc scenes the vehicle may
be blocked by the truck or bus ahead or behind, the radar or camera integrated within the vehicle cannot sense the surrounding environments
accurately. In addition, GPS based localization accuracy cannot ensure
the safety for automatic driving.
Therefore, we combine self-driving vehicles with edge computing to
realize nearby vehicle detection and localization when self-driving vehicles are partially or even completely blocked by trucks or buses. Leveraging the roadside infrastructure, accurate vehicle localization near the

• Eﬃcient communication strategies are necessary to cut down the
transmission time consumption since the time cost plays a vital role
in the reaction of autopilot system.
• In the future work, the vehicle localization algorithm should be designed in combination with the trajectory plan, in order to deal with
various kinds of traﬃc conditions.
• Instead of simulations, real trace experiments should be carried out
to test the designed scheme in actual scenarios.
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