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Abstract— Edge-cloud computing for autonomous driving has
been a challenge due to the lack of fast and reliable networks to
handle a large amount of data and the traffic cost. The recent
development of 5th Generation (5G) mobile network allows us
to consider an edge-cloud computing model for autonomous
vehicles. However, previous work did not strongly focus on
the edge-cloud computing model for autonomous vehicles in
5G mobile network. In this paper, we present an edge-cloud
computing model for autonomous vehicles using a software
platform, called Autoware. Using 1 Gbit/s simulated network as
an alternative of 5G mobile network, we show that the presented
edge-cloud computing model for Autoware-based autonomous
vehicles reduces the execution time and deadline miss ratio
despite the latencies caused by communications, compared to
an edge computing model.

I. INTRODUCTION

In recent years, autonomous driving has captured the
attention from all over the world, such as the DARPA
Urban Challenge [1], and many manufacturers have been
working to realize autonomous vehicles. As the state-of-the-
art embedded computers lack in scalability, most products are
either used in restricted and controlled space or developed
to handle partial functions, such as an emergency brake [2].

SAE Standards J3016 [3] defines Level of driving: Level
0 being normal driving and Level 5 being completely auto-
mated driving. Level 4 and Level 5 driving analyzes moving
objects from a camera and predicts their paths in real time
and, therefore, demands a large amount of computation
resources.

In such situations, distributed computing is common in
many fields. There are two main distributed system models
for autonomous driving: edge-cloud computing model and
cloud-based vehicular network (CVN) model.

The edge-cloud computing model for autonomous vehicles
deploys edge devices in the vehicle to reduce latency and
power consumption and cloud servers to provide a large
amount of computation resources. There are a few studies of
the edge-cloud computing model for autonomous vehicles.
Kumar et al. [4] introduced a cloud-assisted system, called
Carcel, and experimented with a golf cart and six iRobot
Create robots. Although this study suggested the usefulness
of edge-cloud computing for autonomous driving, Carcel
required sensors on multiple locations and the car was driven
at 2m/s.
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providing ROSBAG data to test.

Another distributed model, CVN, is a model where multi-
ple vehicles create a wireless link network, called Vehicular
Ad hoc Networks (VANETs) [5], through which vehicles
share data or computational resources. Although CVNs have
been studied in previous works, VANETs are only useful in
platoon vehicles and difficult to use if the vehicle is driven
alone.

Edge-cloud computing models for autonomous driving
are rarely analyzed due to the unreliable mobile network.
For example, mobile networks such as the 4th Generation
(4G) and Wi-Fi have an unreliable and narrow network
bandwidth. The prior work noted that the mobile network
was insufficient and its latency was critical for edge-cloud
computing [4].

5th Generation (5G) mobile network has 20 Gbit/s band-
width [6] in theory and much faster than the 4G network,
which has 1 Gbit/s bandwidth at best [7]. 5G mobile network
is beneficial to autonomous vehicles in various ways and
provides sufficient bandwidth to send a large amount of
data and receive the result with little latency. Thanks to
5G mobile network, vehicle vendors can use scalable cloud
servers to execute heavy tasks while running light tasks
in edge devices. This is both energy-efficient and cost-
effective, therefore, energy-efficient offloading in 5G mobile
network are studied in other fields such as mobile edge
computing [8]. Meanwhile, the practicality of applying edge-
cloud computing models to autonomous driving in 5G mobile
network is an unsolved matter.

In this paper, we present an edge-cloud computing model
for autonomous vehicles in 5G mobile network. We create
1 Gbit/s ethernet network between an NVIDIA DRIVE
PX2, an NVIDIA’s automotive computer, and a desktop
machine to simulate 5G mobile network between an edge
device and a cloud server. Since 5G has 20 Gbit/s at best
and the target bandwidth is 1.2Gbit/s, 1 Gbit/s ethernet
network is enough to simulate the bandwidth of 5G mobile
network. We quantitatively evaluate the effectiveness of the
presented edge-cloud computing model in Level 4 and Level
5 autonomous driving, called Autoware [9].

In the rest of the paper, the background is introduced
in Section II. The overview of the presented edge-cloud
computing model is explained in Section III. The evaluations
of the presented edge-cloud computing model are introduced
and the results are discussed in Section IV. We compare our
work with related one in Section V and conclude this paper
in Section VI.
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Fig. 1. Publisher/subscriber model in ROS

II. BACKGROUND

A. ROS

The most of automated driving applications use Robot
Operating System (ROS) [10] as a main framework. ROS
is an open-source meta-operating system for robots and
provides extensive tools and libraries designed for processing
data from sensors and actuators. An ROS process is called
a node, and developers can easily specify which node runs
on which machine.

Fig. 1 shows a publisher/subscriber model in ROS. A
node communicates with another node using a message
queue called topic. A system using ROS framework creates
a directed acyclic graph structure where a vertex represents
a node and an edge of two vertexes represents a communica-
tion between two nodes. The communication between nodes
is sent by TCPROS protocol which uses persistent, stateful
TCP/IP socket connections. Hence, even when two nodes are
on different machines, one node can seamlessly acquire the
topic data over the network.

B. Autoware

Autoware [9] is an ROS-based open-source platform de-
veloped for autonomous vehicles. Autoware collects the
signals from various sensors such as camera, IMU, LiDAR,
and GNSS, then, estimates the location of the vehicle, plans
the path, and controls the vehicle. Autoware is designed
for Level 4 and Level 5 autonomous driving and tested in
demonstrated experiments in Japan [11], [12]. Now Auto-
ware is maintained by the Autoware Foundation [13], which
is a non-profit organization and composed of more than 20
global members. We use Autoware to simulate the real-world
autonomous driving situation.

III. PRESENTED EDGE-CLOUD COMPUTING MODEL

In this section, we explain the presented edge-cloud com-
puting model. Before explaining the model, our simulation
model and ROS component model are introduced.

Fig. 2 shows the actual 5G cloud model and simulation
model. The actual 5G cloud model uses edge devices in the
vehicle and cloud servers connected with 5G mobile network.
In contrast, the simulation model uses an NVIDIA DRIVE
PX2 and Desktop PC as an edge device and a cloud server,
respectively.

We consider the situation where a vehicle runs on actual
roads, and focus on two main features in Autoware [9]: the
self-localization and path planning. We use Normal Distribu-
tions Transform (NDT) matching [14] and A* path planner
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Fig. 2. Actual 5G cloud model and simulation model
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Fig. 3. Overview of our ROS component model

[15] as the self-localization and path planning, respectively,
because these features are mainly used for Autoware-based
autonomous vehicles.

Fig. 3 shows the overview of our ROS component model.
astar navi has the period of 0.5Hz (2,000ms) and other
components have the period of 10Hz (100ms). Our ROS
component model is composed of the following 9 compo-
nents.

1) play reads point clouds from ROSBAG data (record-
ing and playing back data).

2) velodyne nodelet manager creates 360 degree
point clouds by Velodyne LiDAR data.

3) voxel grid filter downsamples the point cloud
data (Velodyne LiDAR data in this case) by taking a
spatial average of the points in the cloud.

4) ndt matching handles NDT matching, which is
used as the self-localization algorithm. NDT is a laser
scan matching algorithm of self-localization that uses
two point cloud data. One is made beforehand (ref-
erence scan) and the other is acquired from vehicle
sensors (input scan).

5) ray ground filter removes ground from point
clouds.

6) points2costmap creates 2D projection from 3D
point clouds.

7) grid map filter creates non-entering area from
2D obstacle points.
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8) astar navi handles A* planner, which heuristically
calculates the shortest path from the start point to the
goal point.

9) pure pursuit is responsible for controlling vehicle
actuators.

Fig. 4 shows the presented edge-cloud com-
puting model. The edge devices execute play,
velodyne nodelet manager, ray ground filter,
points2costmap, voxel grid filter, and
pure pursuit. In contrast, the cloud servers execute
grid map filter, ndt matching, and astar navi.

Preliminary Evaluations: The reason why the presented
edge-cloud computing model is suitable for Autoware-based
autonomous vehicles is because we have conducted the
preliminary experiments with several edge-cloud comput-
ing models. In these edge-cloud computing models, these
components are assigned to an edge device or a cloud
server, respectively, in order to evaluate the execution time
and communication cost. The results of the preliminary
evaluations show that ndt matching on DRIVE PX2
has the worst case execution time of 283ms. In addi-
tion, astar navi on DRIVE PX2 often takes more than
10,000ms. The results indicate that DRIVE PX2 cannot
execute NDT matching or A* planner within respective dead-
lines: 100ms and 2,000ms. Therefore, we conclude that the
main processes of NDT matching (ndt matching) and A*
planner (grid map filter and astar navi) should be
run on the cloud server. Under this condition, we have chosen
this model because of the lowest traffic (40 to 100MiBs).
Other edge-cloud computing models exceeded 120MiB and
1 Gbit/s ethernet network could be the bottleneck. Therefore,
these models would not be suitable.

We have made several modifications to Autoware, which

TABLE I
SPECIFICATION OF EDGE DEVICE AND CLOUD SERVER

Edge Cloud
CPU 2x Tegra X2 1x Core i7-8700

Architecture 2x NVIDIA Denver + Intel x86 6 Core
4x ARM Cortex A57 (12 Thread)

CPU Frequency 2.0GHz (Denver) + 3.2GHz
2.0GHz (Cortex A57)

Memory 16GB LPDDR4 32GB DDR4
GPU 1x Pascal GPU 1x GTX1080

Total CUDA Core 512 1280
GPU Memory 4GB GDDR5 8GB GDDR5
Linux Kernel 4.9.38-rt25-tegra 4.16.5-041605-generic

Ubuntu Version 16.04
ROS version kinetic

Autoware version 1.9.1

are a mere fix to run on two machines. We do not modify the
actual data processing algorithm that might compromise the
execution time. Our main modification is creating the sync
node to observe the message queue in each experiment and
evaluate the execution time. Our implementation is available
at https://github.com/pflab-ut/distributed-autoware.

IV. EVALUATIONS

A. Setups

The evaluations use the edge device and cloud machine,
which are connected to the same network with 1 Gbit/s
ethernet to simulate 5G mobile network. Table I shows the
specification of the edge device and cloud server.

We use the simulation feature in Autoware. The simulation
data used in the evaluations are those obtained by using
the Velodyne HDL-32E LiDAR which covers 360 horizontal
Fields Of View (FOV). The Velodyne HDL-32E LiDAR has
32 channels and covers +10 to 30 vertical FOV. The scan
frequency is 10Hz and scan matchings are executed with
100ms period.

The input scan data used for simulations are available
on ROSBAG STORE (https://rosbag.tier4.jp/index/), #178.
These data are taken around Nagoya University, Japan, and
the vehicle in this simulation travels in the same path for 3
minutes.

We denote the experiments, which are executed on the
edge machine as Eedge, those on the cloud machine as
Ecloud, and those under the edge-cloud computing model
as Eec.

Since our ROS component model has two different periods
as shown in Fig. 3, we use A* planner and NDT matching
because these features are mainly used for Autoware-based
autonomous vehicles.

B. A* Planner

The execution time of A* planner depends on the location
of the vehicle and the location of the goal. Therefore, we
make four cases in which one autonomous vehicle parks on
the campus street in Nagoya University, Japan, and starts to
drive. These cases set the same start point and different goal
points, and measure the execution time of A* planner to find
the path to each goal.
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Fig. 5. Start, goal, and results of A* planner of case 1, 2, 3, and 4. The
green arrow denotes the start point and the blue arrow denotes the goal
point. The white line represents the presented path of A* planner. Red,
green, and yellow points represent points acquired from LiDAR sensors.

Fig. 5 shows the start, goal and, results of A* planner of
case 1, 2, 3, and 4. The green arrow denotes the start point
and the blue arrow denotes the goal point. We execute 100
trials of each case and measure the execution time to find
the path to each goal. The white line represents the generated
path of A* planner.

Fig. 6 shows the execution time of A* planner of case 1,
2, 3, and 4. For goal 1, the execution time of A* planner is
within 2,000ms deadline in every model. Eedge misses the
deadline in the goal 2 while Ecloud and Eec are well within
the deadline. For goal 3, Eedge is 24,037ms and Ecloud

is 2,450ms. However Eec is within the deadline, 1,949ms.
Finally, for goal 4, although Eec misses the deadline, Eedge

has about 10.4 times longer execution time compared to Eec.
As A* planner is a CPU dependent task, Ecloud and Eec have
significant advantages against Eedge. Furthermore, since the
computation is distributed into two machines, the results also
show that Eec performs better than Ecloud, up to 8%.

These results strongly clarify the contribution of the
presented edge-cloud computing model. In addition, they
address the importance of the model because even the slight
change of the goal point will result their execution time to
be varied drastically.

C. NDT Matching

In NDT matching, the specific parameters must be defined
with considering the trade-off between execution time and
accuracy. Our parameters of NDT matching are as follows.
The voxel size is 1 meter. The maximum step size of
Newton’s method is 100. Convergence threshold is 0.0001.
The input point clouds from these LiDARs are downsampled
by voxel grid filter. When downsampled, input point
cloud spaces are divided into a cubic voxel. The size of
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Fig. 6. Execution time of A* planner of case 1, 2, 3, and 4. The red dotted
line represents 2000ms, the deadline of A* planner.
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Fig. 7. Round-trip execution model

each cubic voxel, called leaf size, is set to 2.0. For pa-
rameters of A* planner, the resolution is 0.2, the maximum
distance of grid map filter is 1 meter, and the filter
is points2costmap. We measure two metrics in NDT
matching: execution time and deadline miss ratio.

(i) Execution Time: We measure the round-trip execution
time that takes to complete NDT matching. Fig. 7 shows
the round-trip execution time (edge-cloud-edge) in NDT
matching, as shown in Fig. 4. We run 2,000 scans of NDT
matching for Eedge, Ecloud, and Eec.

Fig. 8(a) shows the round-trip execution time of every
scan. On average, Ecloud takes 13.9ms and Eedge takes
55.4ms, while Eec takes 35.1ms, 57% faster than Eedge. In
Fig. 8(b), the worst case execution time of Eedge is 348ms
and that of Eec is 103ms. This indicates that the presented
edge-cloud computing model reduces the execution time
compared to the edge computing model and slightly increases
the execution time compared to the cloud computing model.

On Eec, only 2 of 2,000 scans are longer than 100ms.
This implies that even with unpredictable traffic cost, the
presented edge-cloud computing model has more clustered
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Fig. 8. Round-trip execution time of NDT matching
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Fig. 9. Deadline miss ratio of NDT matching

execution time than the edge computing model. The ex-
istence of outlier is fatal in NDT matching because the
accuracy of the algorithm heavily relies on the previous data.
When the execution time of a certain scan is longer than
100ms, the next scan cannot use the previous data and make
self-localization less accurate and longer to compute, which
leads to another overload in NDT matching. This supports
the fact that some of the spikes in Fig. 8(a) are clustered.

(ii) Deadline Miss Ratio: At the same time, we measure
the deadline miss ratio of NDT matching as the following
definition.

Deadline Miss Ratio = 1− Npp

Nvel
, (1)

where Npp is the number of message pure pursuit
received and Nvel is the number of message
velodyne nodelet manager sent.

The deadline miss ratio can be derived from the
overview of the message queue. Since the message
queue size of the every topic is set to 1, and
velodyne nodelet manager tries to send new data
every 100ms. If the component of ndt matching misses
its deadline (100ms), it does not fetch the latest data from
velodyne nodelet manager. This causes the overflow

of the queue when velodyne nodelet manager tries
to send the data in the next scan. Thus, the number of queue
overflows equals to the deadline miss ratio. One scenario
runs 2,000 scans like Fig. 8(a) as one trial. We run 100
trials of the scenario and measure the deadline miss ratio in
each trial. Therefore, the total number of measurements is
200,000 (= 2,000 scans * 100 trials).

Fig. 9(a) shows the deadline miss ratio of each model.
Out of 100 trials, Eec achieves 98 trials without any deadline
miss, which is almost the same as Ecloud. Meanwhile, Eedge

has the maximum of 3% deadline miss ratio and every set
has at least one deadline miss. As Fig. 9(b) shows, the best
case in Eedge is 0.35%, which is worse than the worst case in
the edge-cloud computing model (0.20%). This experiment
ensures us the stability in the execution time of the presented
edge-cloud computing model. Only 6 of 200,000 measured
are longer than 100ms deadline, which puts the success ratio
(Npp/Nvel) of the presented edge-cloud computing model as
99.997%.

V. RELATED WORK

Edge-cloud computing is an uprising field due to the
widespread use of IoT and mobile devices. One of the well-
known applications is mobile edge computation offloading



(MECO) [16], which is used in mobile applications. Mobile
devices have constraints in their computation power of
mobile devices and their battery life. Many applications,
depending on their uses, offload some of their computation
on to their servers over the internet. There are many opti-
mization methods introduced which parts of the application
are offloaded to the cloud. Mao et al. focused on energy
consumption and computation power [17], while Huang et
al. focused on network latency and computation power [18].

Kumar et al. focused on the edge-cloud computing model
for autonomous vehicles [4]. They introduced an ROS-based
cloud-assisted system, Carcel, and conducted demonstrated
experiments with a golf cart and six iRobot Create robots.
Carcel collects data by the UDP connection from the vehicle
and sensors placed in multiple locations, analyzes the data,
calculates the path using RRT* algorithm [19] at a cloud
server, and returns the result to the vehicle. Carcel reduced
the average time to detect obstacles such as pedestrians
by 4.6 times compared to contemporary systems without
access to the cloud. While Carcel requires multiple sensors
as roadside infrastructures, our system does not require any
additional sensors other than map data and sensors on the
vehicle, and hence its use is flexible.

Another distributed model, CVN, is a model where mul-
tiple vehicles create a wireless link network to communicate
with each other, called VANETs [5]. Through VANETs, a
vehicle can share map data and computational resources to
improve vehicle infrastructures, or a vehicle can share its
positions to other vehicles to improve inter-vehicle com-
munication and safety of passengers. Since VANETs re-
quire multiple vehicles, they are difficult to use when non-
autonomous vehicles are involved, especially when a heavy
vehicle between vehicles leads to frequent disconnection
problems called shadowing [20]. Unlike VANETs, this paper
focuses on improving standalone autonomous vehicles by
utilizing scalable cloud servers to compute heavy tasks.

VI. CONCLUSION

We presented the edge-cloud computing model for au-
tonomous vehicles. The presented edge-cloud computing
model assigns ROS components to edge devices or cloud
servers, respectively, in order to satisfy the requirement of
the execution time and communication cost. We use 1 Gbit/s
simulated network as an alternative of 5G mobile network.
The simulation results by ROSBAG data demonstrate that the
presented edge-cloud computing model reduces the execution
time and deadline miss ratio compared to the edge computing
model and slightly increases them compared to the cloud
computing model.

In future work, we will investigate the behavior of the
presented edge-cloud computing model in actual 5G mobile
network, especially focusing on the schedulability analysis
considering communication delay and losses that would
occur under mobile networks are desirable. In addition, we
will add the cloudlet (micro datacenters in close to proximity
to edge devices) [21] to the presented edge-cloud computing
model for more realistic use cases.
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