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Abstract—Although numerous studies on end-to-end au-
tonomous driving systems based on deep learning have been
conducted, many of them used shallow feedforward neural
networks, which are unsuitable for extracting useful information
from complicated contexts and are mainly focused on video
frames. This study investigates a LiDAR point cloud-based end-
to-end autonomous steering problem in structured roads. The
control command to the vehicle is focused on the steering angle
of the wheel, which is discretized into continuous integers as
the direction category. The problem is then converted into a
classification task, which is a mapping connection between the
original point cloud data and the driving direction category. On
the basis of the PointNet++ framework, we propose using K-
means, KNN, and weighted sampling, to perform the steering
decision making. Using the CARLA simulation environment, we
have shown that the proposed approach is performing effective
autonomous decision making with a rate strictly higher than 91%
while requiring less inference speed compared to benchmarks.

Index Terms—LiDAR, autonomous driving, steering control,
point cloud.

I. INTRODUCTION

The typical driving automation technology is generally a
rule-based method, which obtains environmental information
through on-board sensors and develops automated driving
rules based on those of human driving [1], [2]. The vehicle
completes the autonomous driving control according to the
expert rule system. However, in actual driving tasks, most of
the complex and changeable road environments are difficult
to abstract into formulas or logics. Therefore, it is very chal-
lenging for a rule-based system to achieve fully autonomous
driving. Moreover, a rule-based expert system is expensive and
difficult to maintain.

With the development of artificial intelligence technology,
Deep Learning (DL) models have emerged as a new branch of
autonomous driving systems [3]. The end-to-end autonomous
driving systems based on deep reinforcement learning directly
output control commands by inputting sensor data without
considering the intermediate states. Compared with the tra-
ditional rule system, it is low-cost and has the advantage of
being easy maintenance. Many 2D image-based autonomous
driving systems have been developed, however without depth
information, the picture of the barrier in front of the vehicle
is insufficient to determine whether the car should stop,
continue straight, or turn. As a result, depending only on two-
dimensional picture elements makes it challenging for vehicles
to assess complicated road scenarios.

LiDAR (Light Detection and Ranging) has now become an
essential sensor for many autonomous driving experimental
platforms [4], [5]. It is an efficient source of generating
point clouds of the surrounding environment. For point-cloud
classification problems, there are four common deep learning

methods for 3D data processing: (i) First, convolutional neural
network based on multi-view projection: The image is the pro-
jection of the three-dimensional space on the two-dimensional
space. Therefore, the three-dimensional data can be projected
to different phase planes from different perspectives, and on
different two-dimensional projections. This method requires
that the extracted features do not change significantly with
the rotation of the original point cloud, which puts forward
high requirements for both perspective selection and fea-
ture extraction methods. (ii) Voxel-based convolutional neural
network: Many researchers have opted to discretize point
cloud data into three-dimensional grid data. However, these
methods need to strike a balance between perception accuracy
and calculation speed. (iii) Graph-based convolutional neural
network: For 3D data that are supported by metadata that gives
the relationships between points, convolution operations can
be constructed from the graph, but this network can only be
used for equidistant, known connected 3D data. Finally, (iv)
End-to-end neural network [6]: Through excellent structural
design, the neural network can take the original point cloud
as input, can effectively extract features, and directly obtain
classification results. End-to-end networks are the ultimate
goal of neural network-based point cloud classification tasks.

Although many achievements have been made in end-to-
end autonomous driving, there are still some remaining issues
such as: (i) the scale of the data set is huge, hence, the training
process is computationally complex, and (ii) the convolutional
neural network is unsuccessful to extract the information of
the targeted road, due to the lack of attention guidance.

In end-to-end autonomous driving, we aim to overcome
the fact that the environment point cloud is subjected to
spatial transformation, as this may lead to changes in the
environment information described by the spatial point cloud,
such as straight road becoming curved, obstacles dislocation,
etc. However, in an uncontrolled natural environment, LiDAR
cannot fully guarantee the orderliness of the collected data.
In this paper, we propose to use the MaxPooling operation
in PointNet++ to suppress the point cloud disorder issue [7].
Furthermore, we propose that the autonomous driving problem
may be turned into the mapping relationship between the
original LiDAR point cloud data and the directions, that is,
the classification problem. In this study, we focus on making
steering decisions for autonomous vehicles based on LiDAR
point cloud data only. This study is an initial step to enable
effective autonomous driving with minimum data information.
The generic scenario including acceleration, deceleration, and
barking decisions is left for a future extension of this work.
The CARLA platform is used to simulate the driving environ-
ment and driving tasks [8]. The simulation results indicate that



our proposed model can accomplish end-to-end autonomous
steering decision-making. According to our comparisons with
a benchmark solution, the proposed autonomous steering
decision-making model has quicker control capabilities.

II. METHODOLOGY

In this section, we present the design and the processes
of our method. At first, the control data is collected by
manipulating the vehicle (simulator) to drive. In this process,
the road scene LiDAR point cloud around the current vehicle
is recorded. While collecting different road conditions, it is
necessary to record the control parameters of the vehicle under
human manipulation (correct operation), such as the steering
wheel angle. When training the deep neural network model,
the collected road condition point cloud data is used as the
input parameters of the model, and the steering wheel angle
value of the car is the output of the model. After the neural
network model is trained based on these point clouds of the
road statuses and control parameters, the model has a certain
ability to predict the road condition scenes collected by the
LiDAR, and can further give the control parameters of the
vehicle, which are input to the car control unit, so as to
achieve the purpose of controlling the autonomous driving of
the vehicle.

In order to facilitate the experiment, we linearly discretize
the steering wheel angle into an integer between [0, 180], and
convert it into a classification problem. In practice, the steering
wheel’s rotation angle is continuous, however owing to the
imperfection of human driving behavior and the mechanical
flaws of the data collecting platform, we may infer that the
steering wheel angle generated by the model is fair if it falls
within a given range.

Unlike typical deep learning models for image perception,
deep learning methods for unordered point cloud data has not
yet reached maturity. This is due to the fact that: (i) the point
cloud is disordered, (ii) the sampling coverage of LiDAR has
strong sparseness compared to the scale of the scene, and (iii)
the amount of point cloud information is limited. One of the
deep neural networks to directly handle unordered point cloud
data is PointNet++. In general, deep neural networks need
input data in a normalized format, such as two-dimensional
pictures, time-series audio, and so forth. However, the initial
3D point cloud data consists of a collection of disorganized
point sets in space. If a point cloud comprises N 3D points,
each of which is represented by (x, y, z) 3D coordinates, there
are N ! possibilities only by the order and arrangement of
these points, even if occlusion, changes in perspective, and
other factors are ignored. Therefore, a symmetric function
whose value is unaffected by the order of the input data is
needed. The PointNet++ uses the MaxPooling layer as the
main symmetric function, which can effectively increase the
efficiency of processing point cloud data.

In this paper, we use PointNet++ as the basic neural
network, to fully utilize its high-efficiency ability to process
the point cloud data. PointNet++ is a hierarchical structure,
and each layer uses PointNet to extract features of different
scales [9]. The PointNet++ network consists of a series of set
abstraction layers. The set abstraction layer sets the matrix

N × (d+C) as input, where N is the number of points; d is
the dimension of the point, and C is the dimension of each
point feature. The output is N ′ × (d+ C ′), where N ′ is the
number of points after sampling and C ′ is the feature dimen-
sion matrix integrating local information. Each set abstraction
layer is composed of three layers: sampling, aggregation, and
PointNet. The sampling layer selects the center point from
the previous layer using iterative farthest point sampling, the
aggregation layer gathers the distance from these center points
using a radius parameter smaller than the points within the
radius parameter, and the PointNet layer extracts local features
for the point cloud clustered near each center point. The point
cloud-to-point cloud classification results are acquired by the
integration of the fully connected network after the features
are retrieved through the set abstraction layer.

III. PROPOSED MODEL

A. Integration of K-means

Since the initial point cloud has only (X,Y, Z) three-
dimensional coordinate information and in order to improve
the training efficiency of the model, a new feature extraction
layer, the K-means layer, is added after the sampling layer of
the original PointNet++ network model. The K-means layer
performs cluster analysis on the sampled point cloud and adds
clustering features for the following model training. For a
point cloud dataset with d dimensional features P = (p1, ,
p2, · · · , pn) ,K-means divides n points into K classes: A =
{A1 , A2, · · · , AK}. The distance between the center and
surrounding points must be the shortest. It is calculated as
follows:

Distance = argmin

K∑
i=1

∑
p∈Ai

∥p− µi∥2 , (1)

where µi is the root mean square error.

B. Adding KNN Layers

PointNet can only perform the MaxPooling operation after
extracting single-point features, and does not extract local
features. Therefore, the primitive PointNet model has a weak
ability to describe the point cloud features in the local neigh-
borhood, which makes the local features learned in the process
of training and testing insufficient. In order to obtain higher
classification accuracy, we propose to adopt KNN algorithm
into the PointNet network to extract local features.

As shown in Fig. 1, the classification network consists
of four KNN layers, six pooling layers (two N dimension
pooling layers and four K dimension pooling layers), and
three fully connected layers. Weights are shared among the
convolutional layers of the network. In each KNN layer, the
K dimension is pooled, the features of K neighborhood points
are aggregated, and then the output features of all KNN
layers are globally aggregated. Then, the local feature map
is obtained. Using an idea similar to the residual network,
the hierarchical local feature map is combined with the global
map of independent point features to form a one-dimensional
descriptor that contains both independent point features and
local features. Through the fully connected layer, the proba-
bility matrix of class C can be generated.



Fig. 1. The architecture of the improved PointNet component, which replaces
the original PointNet layer in the PointNet++ framework. The output proba-
bility matrix of class C is then transformed into the corresponding steering
angle value.

C. Weighted Sampling
In general road scenes, the situation of going straight

accounts for almost more than 90% of the obtained point
cloud data, which can be regarded as the majority class,
and the Left Steering or Right Steering accounts for a small
proportion, which can be regarded as the minority classes.
This phenomenon of the large difference in the number of
samples between categories is a typical problem of unbalanced
category data in classification tasks and hence, certain limita-
tions when applying supervised learning classification methods
can be encountered [10]. For example, the model will tend
to learn the correct classification of the majority class and
will not pay attention to the class with fewer samples. Left
Steering and Right Steering are two of the key behaviors in
autonomous driving, but usually the point density is low and
the samples are small. If the training model and classification
are constructed directly using the sample data with unbalanced
categories, the classification accuracy will be affected. In this
experiment, weighted processing is used to reduce its impact
on the classification accuracy of the minority classes.

In order to reflect the impact of the difference in the
number of point clouds on the classification accuracy, we use
a loss function that has weights, thereby increasing the cost
of misclassifying the minority categories. The weights can be
calculated according to the proportion of each category in the
total number of training sets.

D. Loss Function
In order for the neural network to have the ability to learn,

the self-encoding network needs to establish a loss function
that is task-oriented and can describe the difference between
the estimated value and the true value, so that the gradient
update direction is correct and effective when driving the
network backpropagation. The Mean Squared Error (MSE)
loss, denoted by LMSE is expressed as follows:

Lmse =
1

M

M∑
i=1

T∑
t=1

wt (yti − y∗ti)
2
, (2)

where M is the total number of samples and T is the number
of categories (in our case three categories). Finally, y and

(a) (b)
Fig. 2. (a) A driving scenario example in CARLA. (b) The corresponding
point cloud frame collected by LiDAR. In the training phase, the point cloud
frame and corresponding car steering angle value will be fed into the neural
network.

y∗ represent the model-predicted value and the ground truth
value; in our case the steering value. The parameter wt is the
weight of each category t. When the deviation is large, the
MSE loss gradient will increase in the form of a parabola,
prompting the network to increase the correction range of the
weight. On the contrary, when the deviation tends to zero,
the MSE loss gradient will gradually decrease, making the
network more accurate at the end-stage.

IV. SIMULATIONS AND RESULTS

The experimental environment is Ubuntu18.04, with
NVIDIA GeForce RTX 3050 Ti GPU. Python 3.7 and Pytorch
(torch1.2.0) deep learning framework are utilized. The simu-
lation environment uses the open-source autonomous driving
simulation simulator CARLA. The test task is to let the vehicle
smoothly travel a distance of 200 meters while ignoring traffic
signals and speed limits.

CARLA defines several test tasks: straight, left steering,
right steering, navigation, and navigation with dynamic obsta-
cles. There are no dynamic obstacles in the first three tasks. In
this paper, we follow these three experimental task settings to
train and test the model in two scenarios, Town 1 and Town 2
(Town 1 for training and Town 2 for testing). The training task
adopts the method of randomly generating the starting point,
whereas the test task adopts the method of fixing the starting
point and the ending point. In our CARLA simulations, the
LiDAR has the following specifications: 32 channels, 20-meter
range, and 56000 points per second. The dataset contains
a total of 300 episodes of LiDAR point cloud, image, and
vehicle control information data collected successively. The
accumulated data duration exceeds three hours, and the total
number of frames exceeds 300,000 frames. An example of an
image and a corresponding point cloud is shown as in Fig. 2.

The Adam optimizer is utilized in the deep feature extrac-
tion network’s training process. The Adam optimizer dynam-
ically adjusts the learning rate of each parameter by using
first-order moment estimation of the gradient and second-order
moment estimation. Our parameter configuration is as follows:
the learning rate is set 10−4 and the exponential decays for the
first and second moment estimates are set to 0.9 and 0.999,
respectively. Under the condition that the loss function can be
guaranteed to converge, the fastest training occurs when the
learning rate is set to 1× 10−4. In addition, the batch size is
set to 64, and the training period is 600 epochs.

The improved model’s loss function is presented in Fig. 3;
the loss function begins at 0.24 and grows every so often.
Because the transformation matrix needs to be retrained each
time the convolution transformation is applied, the loss func-
tion’s value will increase. The value of the loss function will



Fig. 3. The value changes of loss function during training. The loss gets more
gradual after 10,000 steps.

Fig. 4. The success rates in respect of Left Steering, Straight, and Right
Steering. All of the success rates are within our expectations for performance,
particularly in the Left Steering tasks. The car performs better in tasks
requiring Left Steering, but not so well in tasks requiring Straight. The
sample weights have a tendency to enhance natural turn, which might be
the explanation.

decrease when the transformation matrix training is done, and
the ultimate loss function value will be 0.004. Overall, the
reduction of the loss function value proves that the calculation
process of the network model is convergent.

The straightforward evaluation metric is the success rate in
autonomous driving tasks. In a single test task, if the vehicle
can smoothly travel a distance of 200 meters while ignoring
traffic signals and speed limits, it will be counted as one
successful driving. As shown in Fig. 4, the driving success
rates vary depending on the different distributions of training
data in various driving tasks and the sample weights used.

To effectively handle high-dimensional input, [11] proposed
a 4D spatiotemporal convolutional neural network named
MinkowskiNet for 3D video perception. In MinkowskiNet,
trilateral-stationary conditional random fields are used to main-
tain consistency. Overall, the technique retains the neighbor-
hood structure of 3D point clouds in an unobtrusive manner.
Its standard data structure also enables the direct use of
standard 3D convolutions, resulting in a constant improvement
in performance. In this study, we compare the inference
speed metric performance of our proposed technique to that
of MinkowskiNet and its optimized model employing kernel
optimization. Our proposed methodology, as shown in Fig. 5,
can reach up to 45 frames per second, which significantly
enhances inference speed.

V. CONCLUSION

Deep convolutional neural networks offer high data fea-
ture extraction capabilities, but there are few studies on

Fig. 5. The inference speed comparison with MinkowskiNet and its optimized
model. Our method achieves at least twice as fast as their models in respect
of inference speed.

the development of end-to-end autonomous driving systems
utilizing deep neural networks and LiDAR point clouds. We
have successfully broadened the applicability of PointNet++
in autonomous driving tasks. The vehicle steering control
problem is transformed into a classification challenge using
LiDAR point clouds. In the CARLA simulation environment,
our technique has been shown to perform optimally for au-
tonomous driving.

Since the self-driving problem does not only rely on in-
dicators on the dataset to compare the pros and cons of the
method, but also requires actual testing in the real environment
to clearly test the effect of the method. Therefore, the actual
driving tests under diverse real road scenarios will also be
performed in the future. Moreover, this study will be extended
to enclose other decision-making actions for autonomous
driving such as acceleration and braking.
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