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Abstract— We propose a novel autonomous driving frame-
work that leverages graph-based features of roads, such as road
positions and connections. The proposed method is divided into
two parts: a low-level controller which follows the trajectory
calculated by a graph-based path planner, and a high-level
controller which determines the speed of the vehicle to follow
the traffic flow. The high-level controller uses a road graphical
neural network (Road-GNN), which encodes a road graph into
latent features to perceive the surrounding environment. We use
a 3D driving simulator to test the performance of Road-GNN,
which is implemented based on the satellite image data of 30
roundabout intersections. To show that the proposed method
can be generalized to various road environments, the proposed
method is tested using roundabouts which are different from
the training set. In the experiment, the proposed method
successfully trains the agent and drives an ego-vehicle through
various roundabout environments. The results show that the
graph-based method is effective for autonomous driving.

I. INTRODUCTION
Along with increasing interests in autonomous driving,

the investigation of reinforcement learning (RL) using the
driving simulator has been actively carried out by a number
of researchers. However, most of the previous works cannot
be generalized to other driving environments. One of the
most widely used examples is the highway environment
[1], [2], but their works are only limited to a single one-
way road. There are more complex environments, such as
merging roads [3], [4], intersections [5], or city streets [6].
The previous studies, however, use only a simple and fixed
road environment for training and testing.

One of the main reasons for the generalization difficulty
is that it is difficult to capture the generalized feature of the
road environment. For example, [1] and [2] use the relative
speed and position of vehicles as inputs features, but they
cannot capture information about how vehicles move on a
complex road. Another example is the semantic top-view
image, which includes road lines [7]. However, as shown in
the recent studies [8], [9], it is not efficient to use images
for representing the topology of roads.

In this paper, we propose a generalized autonomous driv-
ing framework to use graphical representation of roads. The
proposed graphical representation includes the information
about the structure of roads, and the positional relationship
between vehicles and the road. Unlike other works using
the graph representation [8], [9], there are four distinctive
features of the proposed framework.
• It is the first work which uses graph-based features to

control vehicles to the best of our knowledge.
• We do not focus on a simple environment such as

highways or merging roads but on various roundabout
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Fig. 1. Overview of training a Road-GNN based controller and autonomous
driving using Road-GNN in unseen environments.

intersections, where the topology of the road is more
complicated and multiple vehicles can enter from mul-
tiple directions simultaneously.

• The relationship between vehicles and the road is also
considered when calculating graph features

• We use long short-term memory (LSTM) [10] along
with graph neural networks (GNN) [11] to capture the
historical features of vehicles on the road graph.

The proposed method uses a two-level controller: First, a
low-level PID controller follows a trajectory determined by
a graph-based path planner. The path planner perceives the
road graph and finds a path based on the Dijkstra algorithm.
Second, a high-level controller determines the target speed
of the vehicle to follow the traffic flow. The high-level
controller uses the encoded feature of the road graph, which
is extracted by a road graphical neural network (Road-GNN).
A Road-GNN compresses the graph features of the road into
a latent feature used for the high-level controller. We use
the RL framework to train the network, and it successfully
controls the vehicle in various and complex unseen road
environments. Figure 1 shows an overview of how Road-
GNN works in training and test phases.

We trained the network from a set of road environments
and tested it on a different set to show the generalizabil-
ity of Road-GNN. We have collected satellite images of
roundabouts for training and testing and applied them to our
driving simulator to simulate a realistic road environments
and structures. Note that the satellite images are only used
to construct road models and get state representations, and
we use a 3D simulator and a 3D dynamic model for the
experiments. The image data are collected from Google
search and NAVER Maps [12], an online mapping service.
We have created road environments by pre-processing and
reconstructing the collected images. The simulator is imple-
mented within ROS Gazebo [13], and the 3D vehicle model
we use is the ROS Prius model [14], which has throttle,
brake, and steering control similar to a real vehicle. In the
experiment, we show that our agent successfully drives in
an unseen environment by learning road graph features. The
proposed method outperforms the other methods, which use
different features and networks.
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Fig. 2. An example of a roundabout environment. (a) A part of the original
roundabout image data. (b) The 3D simulator used in the experiments. The
vehicle model we use is the ROS Prius model [14] whose dynamics is
similar to a real vehicle. The roads in the simulator are reconstructed based
on the satellite image data. (c) The point-level graph Gp, which is organized
from the data. The red dots are the nodes in Gp and the white arrows are
the edges connecting the nodes. (d) The segment-level graph Gseg . Each
segment is colored with different colors and tagged with the numbers. The
white arrows are the connection between the segments in Gseg .

II. RELATED WORK

There are several works that simulate road environments.
One of the most popular examples is the highway simulator
using the NGSIM dataset [15]. CARLA [6] is another
example of road environments, which simulates a city street.
In most of the works using these simulators, however, the
road structures do not change from training to testing [1], [2].
If the driving agent is tested on a new unseen environment,
it is likely to fail to drive because it lacks the knowledge of
the new environment [6], [16].

Reinforcement learning is one of the most widely used
algorithms to train an autonomous driving agent. Ippei Nishi-
tani et al. [3] used a deep RL network to train a vehicle
controller that can merge into a highway while reducing the
impact on the overall traffic flow. Dhruv Mauria Saxena et
al. [17] trained an RL agent which can drive in a simulator
that simulates a dense and crowded road. However, those
works are limited to a simple 2D simulator and their road
environments are fixed to simple highway models that do
not actually exist in the real world. Błażej Osiński et al.
[18] implemented a driving simulator based on real-world
data and trained an autonomous driving agent through RL.
However, it is assumed that no other moving vehicles exist
in the simulator, which makes it less realistic.

Graph representation of a road is studied in VectorNet [8].
VectorNet vectorizes components on a road and expresses
the relationship between each vector as a graph. LaneGCN
[9] proposed a lane graph representation that preserves the
structures of roads. Both VectorNet and LaneGCN use GNN
to extract graph-based features, but they only focus on the
prediction of vehicle movements.

III. ROUNDABOUT ENVIRONMENT

We consider a driving environment where multiple vehi-
cles are moving on a road and interacting with each other. In
the environment, vehicles other than the ego-vehicle, which
is controlled by the agent, are controlled by a pre-defined
controller. Also, each simulated vehicle follows a pre-defined
path. The goal of the agent is to successfully follow the given
path and make the ego-vehicle reaching the goal position

safely. To follow the traffic flow, the agent must regulate the
speed properly and know when and where to stop. This is
only possible if the agent is sufficiently trained to recognize
the surrounding circumstance.

We formulate the problem by a Markov decision process
(MDP). For every time step t, the policy of the agent π
observes the current state s and executes an action a from
the discrete action set. Then, the agent obtains a reward r
and the next state s′ from the environment as a result of the
action a. We then optimize the policy π to maximize the
expected sum of the rewards with a discount factor γ.

Eπ[
∑
t

γtr(t)] (1)

In the remainder of this section, we describe state, action,
and reward setup. After that, we also explain how other
vehicles move in the environment.

A. State
In our environment, the state s is represented by using a

graph representation. An example of the graph representation
is shown in Figure 2. The topology of the road can be
expressed by both the point-level graph Gp and the segment-
level graph Gseg . First, the point-level graph Gp contains
each point pi as a node, and each pi represents a 2D point
on the map M . The edge from the point pi to the point pj is
represented by ei→j . The edges of Gp are connected along
the direction in which vehicles are allowed to move. Second,
the segment-level graph Gseg contains each segment segk as
a node, and each segment segk represents a set of the points.
Depending on the position, each point pi belongs to one of
the segment segk in Gseg . Similar to Gp, the graph Gseg is
connected in the direction of the traffic flow.

Each edge ei→j and node pi of the graph Gp has its
own features that reflect the vehicle and road conditions.
For example, the edge feature of ei→j is calculated from the
relative position between pi and pj .

Feature(ei→j) := Pos(pj)− Pos(pi) (2)

Here, Pos(pi) represents the 2D position vector of pi on
the map M. If the edge ei→j does not exist in the graph
Gp, the edge feature is considered to be a zero vector. The
node feature of pi is calculated depending on the vehicle
conditions such as position and velocity. Here, we assume
that there are a total of N vehicles including the ego-vehicle,
and each vehicle is numbered as v0, · · · , vN−1. For a vehicle
vk, the node pi has the features of vk if the node pi is the
nearest point to the vehicle vk on the graph Gp. The feature
includes the position and velocity of vk, and an occupancy
indicator, which is 1 if pi is the nearest point to the vehicle
vk and 0 otherwise.

Feature(pi) := [F (v0), F (v1), · · · , F (vN−1)], (3)

where

F (vk) =

f(vk), if pi = argmin
pj∈Gp

d(vk, pj)

0, otherwise
(4)

f(vk) =
[
PosRk

(vk)
T
, V elRk

(vk)
T
, 1
]T

(5)

Here, d(vk, pj) is the L2 distance between the vehicle vk
and the point pj . PosRk

(vk) and V elRk
(vk) are the position



and velocity vector of the vehicle vk, respectively, which
are relatively calculated from the nearest edge to the vehicle
vk. When enearestk is the nearest edge to the vehicle vk,
pnearestk is the starting node of enearestk , and θk is the
angle of the direction of enearestk , then

PosRk
(vk) := R−1k [Pos(vk)− Pos(pnearestk)] (6)
V elRk

(vk) := R−1k V el(vk), (7)

where

Rk =

[
cos θk − sin θk
sin θk cos θk

]
(8)

The matrix Rk is the rotation matrix of θk.
The agent observes the state s, where the observation is

a subset of graph Gp, which includes the K nearest nodes
to the ego-vehicle. The subset graph is given to the agent
in the form of the adjacency matrix A, the node feature
matrix AN , and the edge feature matrix AE . The node and
edge feature matrix contain each node and edge features as
elements. Since there are K nodes in the subset graph and
N vehicles on the environment, A, AE , AN matrix have the
size of (K×K), (K×N×5), and (K×K×2), respectively.

B. Action
For every time step, the agent controls the vehicle using

a two-level controller. The low-level controller adjusts both
the throttle and steering through PID control while the high-
level controller determines the target speed of the vehicle.
The action is defined as the target speed given to the vehicle.
Similarly to other recent works which use an MDP formula-
tion in driving [3], [19], we discretize the actions as the set
of target speeds {0m/s, 3m/s, 6m/s, 9m/s, 12m/s}.

The low-level controller is designed to follow a pre-
determined path. For each episode, the start and goal seg-
ments are chosen randomly and the path is set to connect
segments. The path is calculated from the entire graph
representation and the Dijkstra algorithm. The detailed path
finding process is as follows: First, the shortest path in the
segment-level graph Gseg is calculated using the Dijkstra
algorithm. Here, the weights for each edge is considered
equal to ones. From the segment-level path, the point-
level path is constructed from the points belonging to
each segment. For example, when the segment-level path is
{seg0, seg1, · · · , segn}, then the point-level path is defined
as follows.

path = seg0 ∪ · · · ∪ segn (9)

Note that the segment segk is an ordered set of the points p.
When segi =

{
pi0, · · · , pili−1

}
, segj =

{
pj0, · · · , p

j
lj−1

}
,

and the two segments are connected in the direction of
segi → segj , then the two sets are combined as follows:

path =
{
· · · , pi0, · · · , pili−1, p

j
0, · · · , p

j
lj−1, · · ·

}
(10)

Here, li is the number of points in the segment segi. There
can be cases where two segments segi and segj have edges
in both directions segi → segj and segj → segi. The
physical meaning of it is that each segment represents one of
the two lanes of a multi-lane road, and a vehicle can change
the lanes between them. In these cases, the two segments are
combined at a random point when calculating the path. For

example, if a point pirand is randomly selected from segi
and the nearest point to pirand in segj is pjnear, then the two
segments are combined as follows:

path =
{
· · · , pi0, · · · , pirand, pjnear, · · · , p

j
lj−1, · · ·

}
(11)

The low-level PID controller follows the point-level path
by controlling both the throttle and steering of the vehicle.
First, the steering is controlled to minimize the deviation of
the vehicle from the path. The deviation is calculated by the
nearest edge e, which connects the two points in the point-
level path. Here, we define xpos as the length of the line
perpendicular from the vehicle to the nearest edge e. xdirect
is the difference of the angle between the direction of the
vehicle vk and the nearest edge e. The steering PID controller
minimizes the sum of two values: xpos+xdirect. Second, the
throttle is controlled to set the speed of the ego-vehicle to
a given target speed. Using PID control, the throttle inputs
minimize the difference between the ego-vehicle speed and
the target speed. Since the throttle cannot take a negative
input, the brake input is taken instead when the speed is
higher than the target speed.

For safety, there is also a collision-avoidance system in
the controller. First, the future position of each vehicle is
estimated using a unicycle vehicle model. The vehicle steps
on the brake when a collision is expected. After the vehicle
has stopped completely, the system re-estimates the future
positions assuming that the vehicle can move at a low speed.
If a collision is not expected, then the vehicle moves again
based on the agent and PID controller.

C. Reward
The goal of the agent is to make the vehicle moves from

the start area to the goal area. We set a positive reward of +1
when the agent successfully reaches the goal area. The start
and goal areas are pre-determined and randomly changed
before an episode starts. To prevent the ego-vehicle from
being stationary in one place, we also give a small negative
reward of −0.01 for each time step before the agent reaches
the goal area or exceeds the time limit.

D. Other Vehicle Movements
There are several other vehicles that move in the simulator.

We use the same path planner and PID controller used in
the ego-vehicle to simulate the other vehicle movements.
Each vehicle is set up to follow different paths, which vary
from episode to episode. Each controller for the simulated
vehicle and the ego-vehicle differs in two ways: First, the
simulated vehicles only move at the fixed target speed 9m/s
while the ego-vehicle changes the target speed according to
input actions. Note that although the target speed is constant,
the speeds of the vehicles are not maintained due to the
collision-avoidance system. Second, the simulated vehicle is
re-spawned in a new random starting position when it reaches
the goal area. This re-spawning repeatedly occurs until the
ego-vehicle finally reaches its goal area.

IV. ROAD-GNN
We now explain our road graphical neural network (Road-

GNN), which is used to train the agent. Road-GNN processes
a graph observation of the state and calculates the encoding
used for the policy and value networks of the agent. Through
this networks, we train the RL agent and control the ego-
vehicle. Road-GNN takes three steps to encode the road



Fig. 3. The overall process of Road-GNN. (a) Node-and-Edge-Level encoding. (b) Graph-Level encoding. (c) Time-Level encoding.

graph: (1) node-and-edge-level encoding, (2) graph-level
encoding, and (3) time-level encoding. The overall process
of Road-GNN is illustrated in Figure 3.

A. Node-and-Edge-Level Encoding
Since each node and edge feature have different units,

we first regularize them using the node and edge encoder
networks, ψnode and ψedge. If the graph observation at time
t is Gt, and the number of the nodes in Gt is K, then the
networks encoding for each node and edge are as follows:

encpi = ψnode(Feature(pi)), for 0 ≤ i < K (12)
encei→j

= ψedge(Feature(ei→j)), for 0 ≤ i, j < K (13)

In the case of node features, encoding is processed individ-
ually for each vehicle features.

encpi = ψnode(Feature(pi)) (14)
= [ψv(F (v0)), ψv(F (v1)), · · · , ψv(F (vN−1))] (15)

For the vehicle feature encoding network ψv , we use a simple
fully-connected network. Here, the network ψv is not shared
among all the vehicles vk. To distinguish the features of the
ego-vehicle from the other vehicles, we use ψego for the
ego vehicle vego, and ψother for all the other vehicles. The
network ψother is shared among each vehicle vk except for
vego. By encoding the elements in the feature matrix AN
and AE , we can get the encoded feature matrix ÃN and
ÃE , which have the size of (K×N ×Z) and (K×K×Z)
respectively, where Z is the size of the encoded vector.

B. Graph-Level Encoding
After node-and-edge-level encoding, we use a GCN [11]

based model for graph-level encoding. First, ÃN and ÃE
are incorporated into a single matrix. The edge encoding
matrix ÃE is summed up along starting node index, and
then concatenated with the node encoding matrix ÃN .

Sum(ÃN ) =

[∑
i

encei→0
, · · · ,

∑
i

encei→K

]
(16)

X0 = Concat(ÃE , Sum(ÃN )) (17)

Starting from X0, a GCN network ψgraph iteratively calcu-
lates the next layer output Xk+1 from Xk. The layers are
stacked H times, and the final output of GCN is XH .

Xk+1 = σ(D̃−1/2ÃD̃−1/2XkWk +Bk), (18)

where

Ã = A+ I (19)

D̃i,j =

{∑
j Ãi,j , if i = j

0, otherwise
(20)

Here, A is the adjacency matrix, σ is a non-linear function,
W is a weight, and B is a bias. Only for the first layer
GCN0, the results of each vehicle channel in X0 is added
into one as like a 3D convolution layer.

X1 = σ(
N∑
j=0

D̃−1/2ÃD̃−1/2Xj
0W

j
0 +Bj0) (21)

C. Time-Level Encoding
Each graph observation Gt at time t is encoded by the

graph encoding network. In Road-GNN, the network uses
the historical memory of Gt with a time length of T . To
deal with a historical data, we use a long short-term memory
(LSTM) [10] model. First, a readout layer ψread converts the
graph-level encoding of each Gt−T+1, · · · , Gt into a series
of vectors. Each vector is entered into a LSTM encoding
network in the order of time. The final output of the LSTM
network becomes the final feature which is used for the
policy and value network of the RL agent.

D. Learning Algorithm
We train the agent using proximal policy optimization

(PPO) [20], which is a widely used reinforcement algorithm
for many recent studies [7], [17]. In our PPO implementation,
the agent has the actor and critic networks, and each network
shares the common input features, as shown in Figure 3.

V. EXPERIMENTS

In the experiment, we examined the generalizability of the
proposed method. We have tested the proposed method in
various realistic scenarios and environment we implemented.

A. Environment and Network Details
To implement the roundabout environment, we collected

30 satellite images of roundabouts. As illustrated in Figure
4, the collected images have various road structures. Each
image is paired with a graph representation constructed from
the map structure. We generated the graph representation
of a map in the following steps: First, we manually drew
the possible trajectories and posed the start and goal area
on the map. The nodes of the graph are regularly sampled
from the trajectories and grouped into the segments. The
grouping process is also performed manually, and we divided
the segments at the intersection points. The edges between
the nodes and the segments are connected depending on the
map structure and the road direction. When the graph is
entered into Road-GNN, some additional edges are added
to make GNN features flow through the edges. The edge is
added if one of the following conditions is satisfied.
• The two nodes are close (<2m).
• It is possible to change the lane between the two nodes.
• The two nodes are occupied with vehicles



Raw image Point-level graph Segment-level graph Simulation

Fig. 4. Examples of collected map images. The first column shows raw images of roundabouts. The second column shows point-level graphs extracted
from raw images. Red dots represent nodes, and white arrows represent edges. The third column shows segment-level graphs. Numbers in yellow represent
the index of each segment and red arrows represent the connection between segments. The last column shows how each roundabout appears in a simulator.

TABLE I
NETWORK ARCHITECTURE PARAMETERS

Network Value
ψnode, ψedge FC 5× 8, FC 2× 8

GCN K, N , Z, H 64, 8, 8, 3
History Length T 10

ψread FC 512× 64
Actor FC 64× 8 - FC 8× 8 - FC 8× 5
Critic FC 64× 8 - FC 8× 8 - FC 8× 1

Non-Linear function Leaky-ReLU [22]

The number of nodes, K, is selected considering the
trade-off between the computational cost and the road repre-
sentability. Empirically, we found that large K requires more
computational time, while small K does not fully capture
road information. In the environment, the number of vehicles
is kept to eight, including the ego-vehicle. The PID controller
of each vehicle is executed at 30Hz, while the action and
its target speed are updated at 6Hz. For RL training, we
used the implementation of [21] but converted it into a
discrete version (PPO2) [20]. We implemented the encoder
and readout networks, i.e., ψnode, ψedge, and ψread, using
fully-connected networks. The LSTM encoding network has
two stacked hidden states with the size of 64×64. The details
of the network architecture is described in Table I.

B. Experimental Results
In each experiment, we choose six different maps for train-

ing and three different maps for testing. The agent cannot see
maps used for testing during training. We have trained the
agent with three different random seeds and tested it with 100
episodes for each random seed. We use five baseline methods
for comparison. Method A and B are not learning-based
methods. Method A is a random controller that selects the
target speed randomly. Method B is the controller that has the
knowledge of the target speed of nearby and controls the ego-
vehicle with the same target speed as other vehicles. Since
the main contribution of the paper is the representative power
of Road-GNN, we fix an RL algorithm and compare Road-
GNN against other widely used representations and network
models. Both MLP and LSTM methods use the history of
all the vehicle features such as the velocity and positions,
but no traffic information is used. CNN method rasterizes
images of the map as described in [7]. The rasterized image
channels include the road lines of the maps and the history
of the locations of the ego and other vehicles. The network
model in the CNN method perceives an area of 32m×24m
around the ego-vehicle with resolution of 320× 240. Figure
5 shows learning curves of different algorithms we tested.

In the performance comparison experiment, we have first
measured the mean speed and cumulative reward of the ego-

Fig. 5. Learning curve of RL algorithms. The shaded regions represent
the standard deviations of the results.

TABLE II
PERFORMANCE COMPARISON

Method Mean Speeds
[m/s] Rewards #Param Flops

Method A 3.035 0.407 - -
Method B 5.525 0.727 - -

MLP 5.009 0.582 0.104M 0.208M
LSTM 4.602 0.557 0.070M 1.396M

CNN [7] 4.747 0.641 11.528M 163.380M
Road-GNN 5.838 0.743 0.101M 3.631M
Road-GNN
w/o LSTM 5.518 0.710 0.080M 2.369M

vehicle to test if the agent can select a proper speed. As
given in Table II, the proposed method shows the highest
performance in terms of both the speed and cumulative
reward. Meanwhile, the other RL-based method, such as
MLP, LSTM, and CNN methods, cannot reach the perfor-
mance of Road-GNN and failed to drive properly. They
were even much slower than not only Road-GNN but also
Method B which uses the same controller as other simulated
vehicles. The proposed method is the only method that has
outperformed Method B in terms of both the speed and the
cumulative reward. Therefore, it can be said that the graph
representation and Road-GNN is useful for training an RL
agent and for driving complicated road environments.

We also checked the number of parameters and flops of
each network to test the efficiency of Road-GNN. While the
proposed method uses about the same number of parameters
as MLP and LSTM, it shows better performance than all
compared methods. However, it should be taken into account
that MLP and LSTM methods do not consider road structural
information. Compared with CNN [7], which also can con-
sider road structures, Road-GNN shows a better performance
than CNN even though it uses fewer parameters and flops.

As an ablation study, we also trained Road-GNN without



Fig. 6. Experiment with various difficulty levels. Each dot represents a
test result in one map. Each method is tested 20 times per map.

TABLE III
EXPERIMENT WITH AGGRESSIVE DRIVERS

Method Collision
Rates [%]

Mean Speeds
[m/s] Rewards

Method A 48.3 2.749 0.031
Method B 19.3 5.175 0.488

MLP 18.0 4.838 0.395
LSTM 33.0 4.212 0.225

CNN [7] 22.3 4.547 0.436
Road-GNN 13.3 5.716 0.602

an encoder LSTM [10] model which is described in Section
IV-C. We instead encoded time-series features by simple
fully-connected layers. In the ablation study, Road-GNN was
more effective when it uses an LSTM model. The result
shows that LSTM is helpful for Road-GNN to encode time-
series features although it requires more parameters.

To show that the proposed method can be generally
deployed in various driving environments, we conducted an
experiment on eight different maps that have different driving
difficulty levels. We tested each method 20 times per map. As
a metric of the difficulty, we measured the traffic density of
each map, which is defined by the number of vehicles divided
by the area of the road. Figure 6 shows the results of the
difficulty test. The speed of the vehicles tended to decrease
as the traffic density increases. As shown in Figure 6, the
proposed method shows the highest performance evenly
regardless of the driving difficulty of the environment.

We conducted an additional experiment to test the stability
of the proposed method. We assume a more hazardous
scenario where some drivers ignore the safety rules. We
changed the controllers of some simulated vehicles to move
more aggressively on the simulator. The target speed of two
simulated vehicles is changed to 12m/s, which is faster than
the other vehicles. We also made them ignore the collision-
avoidance system. The result is shown in Table III. The
proposed method shows the lowest collision rate and the
highest performance, even though it has been trained in a
safe environment. In conclusion, Road-GNN is stable and
can drive more safely in hazardous environments.

VI. CONCLUSIONS

In this work, we have proposed a new autonomous driv-
ing framework, which can be generalized to various road
environments, using the GNN based structure named Road-
GNN and an RL based controller. The proposed network,
Road-GNN, is designed to perceive a graph representation
of a road, which includes the road connection and vehicle
information. In the experiments, the proposed method has
outperformed the other methods which do not use the graph

representation. The results have shown that the proposed
method can generalize different road structures well and the
knowledge learned from roads in the training set can be
easily transferred to unseen road structures. For the future
works, we plan to incorporate road traffic information such
as traffic lights and road signs.
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