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Abstract: In this paper, we propose a deep learning-based perception method in autonomous driving
systems using a Light Detection and Ranging(LiDAR) point cloud data, which is called a simultaneous
segmentation and detection network (SSADNet). SSADNet can be used to recognize both drivable
areas and obstacles, which is necessary for autonomous driving. Unlike the previous methods, where
separate networks were needed for segmentation and detection, SSADNet can perform segmentation
and detection simultaneously based on a single neural network. The proposed method uses point
cloud data obtained from a 3D LiDAR for network input to generate a top view image consisting of
three channels of distance, height, and reflection intensity. The structure of the proposed network
includes a branch for segmentation and a branch for detection as well as a bridge connecting the
two parts. The KITTI dataset, which is often used for experiments on autonomous driving, was
used for training. The experimental results show that segmentation and detection can be performed
simultaneously for drivable areas and vehicles at a quick inference speed, which is appropriate for
autonomous driving systems.

Keywords: autonomous driving; perception; deep learning; segmentation; detection; LiDAR;
point cloud

1. Introduction

An autonomous driving system involves recognizing the driving environment using sensors
installed on a vehicle and deciding an optimal path for driving the vehicle autonomously. In general,
autonomous driving systems consist of three modules for perception, decision, and control, and
each module consists of algorithms corresponding to the role of a driver. The perception module
recognizes the environment around the vehicle and evades static or dynamic obstacles using sensors
installed on a vehicle while recognizing circumstances such as the location of a vehicle [1]. The decision
module decides on driving strategies such as passing, turning, accelerating, or decelerating based
on the recognized environment and determines the driving path to evade obstacles while driving
on the target path. The control module controls the actuator to the targeted steering angle and
vehicle speed according to the values determined by the judgment module [2]. The three modules of
perception, decision, and control are closely related to each other in an autonomous driving system.
In particular, the decision module and control module must have accurate perception to ensure
safety and reliability [3]. Recently, there have been many studies on deep learning-based semantic
segmentation and object detection using the data obtained from environment recognition sensors
as input for the perception of an autonomous driving system for many-sided purposes in various
environments [4–6].
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Cameras and LiDAR are the most widely used sensors for recognizing the driving environment
in an autonomous driving system. A camera is useful for recognizing the types of static and dynamic
obstacles that a vehicle may encounter while driving. However, a camera is easily affected by
environmental factors such as weather and intensity of illumination in which distortion may occur due
to the characteristics of the camera lens. On the other hand, LiDAR is less affected by environmental
factors than a camera, and it can obtain information on the environment around a vehicle through
omnidirectional scanning without distortion. In general, moreover, LiDAR provides more accurate
distance information than a camera and shows better environmental robustness than a camera.
The most widely used deep learning-based perception methods for autonomous vehicles include
semantic segmentation and object detection. First of all, semantic segmentation [7] is a process of
classifying each pixel of an image into a distinct class label. Many sensors, such as camera or LiDAR,
have been used for deep learning-based semantic segmentation [8,9]. Meanwhile, object detection [10]
refers to classifying the class of each object in input images having multiple objects and even finding
the location of those objects. To find the location, a bounding box is used in a regression analysis for
prediction. Recently, research has been conducted on object detection using radar and camera [11,12].

A class corresponding to a certain bounding box can be identified through semantic segmentation,
and the type of a specific object within a bounding box can be identified through object detection.
Semantic segmentation and object detection are similar in the sense that the type and location of
multiple objects can be identified. However, semantic segmentation has the advantage of being able to
find specific areas within a space (such as drivable areas) by classifying them in a pixelwise manner,
while object detection can find specific objects such as vehicles or pedestrians since the type of an object
can be identified within a bounding box. Therefore, semantic segmentation and object detection use
different methods depending on the target and purpose of recognition; thus, both processes are required
for the perception in an autonomous driving system. In most studies, however, semantic segmentation
and object detection have been considered as separate tasks. From the perspective of training, when
networks are separately trained and inferred for segmentation and detection, time and resources are
wasted in an autonomous driving system with limited computing resources. Namely, both semantic
segmentation and object detection are very important roles for autonomous vehicle systems but need
very large computational resources.

In many previous studies, semantic segmentation to which Fully Convolutional Network(FCN) [13]
and U-Net [14] structures are applied has been performed based on images obtained using a camera,
or object detection using Faster-RCNN [15], RetinaNet [16], or YOLOv3 [17] networks, with FCN
modifying models trained for existing image classification in order to make them appropriate for
the purpose of semantic segmentation. FCN is able to have spatial information by replacing a fully
connected layer with a full-convolution layer, thus overcoming the limitations of a fully connected layer
and influencing many subsequent semantic segmentation-related studies. U-Net uses the extended
decoding method from FCN, U-Net proposed a semantic segmentation model in which encoders
and decoders have symmetrical structures in the form of ‘U’ characters. Through the structure of
connecting layers corresponding to each other in the encoder and decoder, more accurate localization
is possible while maintaining semantic information. Faster-RCNN is a two-stage object detector that
combines RPN, suggesting where the object might exist, and a detector that classifies the type of
object and predicts the location of object. RetinaNet proposes a focal loss that gives small weights
for well-classified classes and large weights for classes that are difficult to classify, so that all classes
are well classified. YOLOv3 is a one-stage object detector that improves the existing YOLO and has
better detection performance than other detectors. However, these image-based approaches have the
limitations mentioned above, and only one semantic segmentation or object detection task is targeted.
Furthermore, studies are being conducted on semantic segmentation such as RangeNet++ [18] and
PointSeg [19] using a point cloud obtained by LiDAR and on object detection by PIXOR [20] and
MV3D [21]. RangeNet++ is a method for performing rapid semantic segmentation by performing
a spherical projection method for a 3D point cloud. PointSeg uses the light-weight network SqueezNet
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to improve speed and model accuracy. PIXOR performs object detection at high speed by reducing
dimension by means of a top view projection of a 3D point cloud. MV3D is a method for performing
object detection by fusing the top view projection, front view projection, and camera image of a 3D
point cloud as input. However, these are also methods for either segmentation or detection, making
them unsuitable for an autonomous driving system. Therefore, we introduce a SSADNet based on
LiDAR that is stronger in terms of reliability than cameras for recognition, and integrates semantic
segmentation and object detection into a single architecture.

In this paper, therefore, we introduce a method for performing segmentation and detection
simultaneously for an autonomous driving system that uses LiDAR. This method can be applied to
any type of environment without distortion to ensure the safety and reliability of the decisions and
control modules that need to be processed in real world implementation using limited computing
resources. The proposed network aims to be more favorable for real-world processing (which is
necessary for an autonomous driving system) and the reasonable performance of segmentation
and detection. While previous networks require more than one processor for each network, using
more than one independent network to perform two functions, the proposed algorithm allows two
functions to be performed simultaneously in one network structure, with fewer processors than
conventional algorithms.

The results of the proposed network can be applied to lane-keeping, steering control, evading
obstacles, collision prevention, speed control, and creating a driving path for autonomous driving
and driving assistance. According to many recent studies, it is predicted that the development of
autonomous driving technology and the spread of autonomous vehicles in the near future will lead
to more advanced traffic safety standards, reduced environmental pollution, and improved social
equality [22,23]. It is also expected that the annual number of self-driving cars will increase by
50 percent by 2030, global trade volume by 70 percent, and that the current number of cars will double
to 1.2 billion by 2050 [23]. Accordingly, the purpose of this research is to enable safer and more reliable
autonomous driving.

As input into the proposed network, a three-dimensional voxel-based point cloud obtained by
a 3D LiDAR is first converted to a top view image of two-dimensional pixels. A pixel requires less
storage space than a voxel and is more advantageous than a voxel in terms of the number of required
operations [20]. The network for simultaneous segmentation and detection proposed in this study is
trained using the point cloud top view image as input, and the training results can be used to obtain the
segmentation and detection results. The network has a parallel structure of a segmentation branch and
a detection branch. The segmentation branch transforms and expands the network (LoDNN) [24] for
detecting the road, while the detection branch consists of a CNN that we designed. The segmentation
and detection performance and the inference speed of the proposed network are investigated through
training experiments.

This paper is structured as follows. Section 1 introduces the purpose and method of the research.
In Section 2, the input data used for training and the configuration method are proposed. In addition,
then, we explain the structure of the proposed network, and Section 3 introduces the experiments used
for verifying the performance of the proposed network and the relevant results. Finally, we provide
conclusions in Section 4 of this paper.

2. Simultaneous Segmentation and Detection Network (SSADNet)

2.1. Input Data Preprocessing

2.1.1. Point Cloud Data Representation

A point cloud is a set of points obtained using a 3D scanner such as LiDAR. As shown in Figure 1,
each point includes information on the 3D location coordinates and the reflection intensity of the object
surface. The coordinates of an object consist of the x-coordinate, y-coordinate, and z-coordinate on the
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3D LiDAR coordinate system. The reflection intensity of the light (laser) is determined by the material
color and the distance from a reflector.
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Figure 1. The configuration of a point cloud.

2.1.2. Point Cloud Top View Image

Generally, the input type of deep learning network for image processing consists of three channels.
Each pixel of a normal three-channel image consists of information on the RGB color. However, since
the type of data from LiDAR are different from the type of data in an image, we transformed the LiDAR
data to image-type data. Each channel is configured using information from the point cloud data as
shown in Figure 2.
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Using the point cloud data, we created a new three-channel input for the proposed network.
We generated three channel inputs using values of distance, reflection intensity, and height normalized
within the range of [0, 255] for LiDAR point cloud data, and these are applied as input data for training
the network.

The first channel of the point cloud top view image computes the distance information on the
x-y plane of the 3D LiDAR coordinate system as in Equation (1). The second and third channels contain
the reflection intensity and the height values (z-coordinate on the 3D LiDAR coordinate system) of the
point cloud, respectively.

Distance =
√

x2 + y2 (1)

The size of the point cloud top view image is associated with the ranges of x and y of the point
cloud. The resolution of a 3D LiDAR sensor decreases as the distance increases; thus, the area of a
point cloud in this study is limited for conversion to a top view image. The x-axis on the 3D LiDAR
coordinate system ranged from 6 m to 46 m, while the y-axis ranged from −10 m to 10 m. In other
words, the x-axis and the y-axis have a range of 40 m and 20 m, respectively. Furthermore, considering
different heights of various vehicle types, the z-axis ranged from −2.5 m to 2.5 m for a 5 m range.
Therefore, a top view image is generated only using a point cloud that is within the range of x∈ [6, 46],
y∈ [−10, 10], and z∈ [−2.5, 2.5]. One pixel of the image represents a gap of 0.1 m. The generated point
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cloud top view image is 200 × 400 × 3 (width × height × channel). Figure 3 shows the top view image
of the generated point cloud.
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2.2. Simultaneous Segmentation and Detection Network (SSADNet)

In this section, we explain the structure and features of the network for the simultaneous
segmentation and detection network (SSADNet) proposed in this paper. SSADNet trains the network
using a point cloud top view image as input. It has the advantage of generating the results of
segmentation and detection at the same time based on inference using the trained model.

2.2.1. Architecture of SSADNet

The basic architecture of SSADNet is shown in Figure 4. SSADNet has two branched networks,
i.e., the segmentation branch and detection branch, and a bridge part connecting the two branches.
As opposed to other general CNN-based networks, SSADNet is applied with a fully convoluted layer
structure [13] instead of a fully connected layer. A fully convoluted layer structure can have fewer
parameters and a simpler model structure than a fully connected layer, thus allowing quick training
and inference.
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Moreover, SSADNet is applied with a dilated convolution filter [25] instead of a regular convolution
filter to create a large receptive field with few parameters. Spatial dropout [26] was used in place
of regular dropout [27,28]. Hence, the limitation of having dropouts with insignificant effects in
a convolution layer was overcome, allowing us to maintain the regional features and prevent overfitting
through generalization (which is the purpose of dropout). Moreover, an exponential linear unit (ELU)
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was applied as an activation function in which the slope did not reach 0 even with negative input, thus
preventing the slope from plateauing. The ELU activation function is as shown in Equation (2).

f (x) = x if x > 0
f (x) = α(ex

− 1) if x 5 0
(2)

A. Segmentation Branch

The segmentation branch in SSADNet for segmentation training and inference consists of
four parts: the encoder–context module–decoder, and the fully convolutional layers for pixel classifiers.
The structure of the segmentation branch was expanded and transformed to the LoDNN [24] structure
so it could detect various types of vehicles and drivable road areas. Figure 4 shows the composition of
a segmentation branch, and Figure 5 shows the detailed structure of a segmentation branch. The encoder
in a segmentation branch compresses the input point cloud top view image, and extracts features.
The context module was used to extract features from the compressed feature map to train it to decide
which class each pixel belonged to. The decoder reconverted the compressed feature map to its original
size and restored the location information. In the context module, a 3 × 3 dilated convolution filter
having various receptive field sizes was applied using various dilation ratios (as shown in Table 1 and
Figure 5) to extract information on drivable areas and the locations of vehicles. Furthermore, spatial
dropout was used to maintain the extracted regional features while preventing overfitting. A pooling
layer was applied several times, which simplified the structure of the encoder and decoder since larger
receptive fields were obtained using a dilated convolution filter. The context module was used in
between the simplified encoder–decoder structure to extract features. A softmax transfer function,
which is a pixel classifier connected to the last layer, was used to perform classification.Appl. Sci. 2020, 10, x FOR PEER REVIEW 7 of 16 
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Table 1. Context module of segmentation branch.

Context Module Dilation Rate (Width, Height) Receptive Field

1 (1, 1) 3 × 3

2 (1, 2) 5 × 7

3 (2, 4) 9 ×15

4 (4, 8) 17 × 31

5 (8, 16) 33 × 63

6 (16, 32) 65 × 127

7 (32, 64) 129 × 255

8 - 129 × 255

Unlike other previous semantic segmentation networks based on fully convolutional networks,
and comprising an encoder–decoder structure, our proposed segmentation branch of SSADNet applies
a context module between the encoder and decoder. The dilated convolution filter is to expand the
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receptive field by adding zero-padding to the convolution filter, and we constructed the context module
using a dilated convolution filter with various dilation rates. Therefore, the context module is able
to play a role in extracting the feature with a dilated convolution filter with various receptive field
and different sizes of receptive fields can be enabled to extract feature from objects of different sizes.
This means that the encoder and the corresponding decoder can be simplified, because they can have
a large receptive field by applying a dilated convolution filter so that the pooling does not require
compression of the feature map. For point cloud top view images, it is more appropriate to extract
features from high-resolution feature maps by dilated convolution than to compress feature maps
through pooling, because transformed images become sparse data.

The structure of encoder before the context module is a 3 × 3 convolution filter with zero-padding
of stride 1 and an ELU activation function twice in total, and 2 × 2 maxpooling with stride 2 for making
a half size feature map. As shown in Table 1, the context module is designed with a 3 × 3 dilation
convolution filter with increasing dilation rate and increasing reception field, spatial dropout, and ELU
activation, and the last part is designed with a 1 × 1 convolution filter. The decoder corresponds to the
reverse order of the encoder, restoring the reduced feature map from the encoder to its original size
through max unpooling, 3 × 3 convolution filter and zero-padding of stride 1, and the ELU activation
function repeats twice in total.

B. Detection Branch

A detection branch in SSADNet for detection training and inference has an FCN structure,
including a bridge connecting the segmentation branch and the detection branch, a feature extractor,
and bounding box regressor as shown in Figure 4. The bridge stacks the activation map obtained from
the decoder of a segmentation branch in the direction of the input and channel. We expected this to
suggest areas where the object being detected was located within the input image. The feature extractor
performed extraction through convolution and pooling layers. The feature maps obtained from the
feature extractor were placed in four bounding box regressors for predicting the x and y coordinates of
a center point as well as the width and height of a bounding box. Each feature map was trained by
updating parameters. The object class can be found from the class that corresponds to the coordinates
of the center point of the bounding box in a segmentation map.

In SSADNet, the detection branch was connected to the segmentation branch to perform
segmentation and detection simultaneously. The detection branch consists of the feature extractor and
the bounding box regressor. Figure 6 shows (a) the feature extractor block (F.E. Block) for the feature
extractor, and (b) the bounding box regressor block (B.B.R. Block) for the bounding box regressor,
and Figure 7 shows the detailed structure of the detection branch. The feature extractor consists of
five F.E. blocks. An F.E. block has a convolution filter layer which abstracts from simple features such as
color, texture, edge, etc., to complex features which represent each class well, an activation layer, which
gives non-linearity to the feature map in order to represent a complex model, and a pooling layer to
reduce the feature map size or to prevent overfitting. In the detection branch, there are five F.E. Blocks
(Feature Extractor) consisting of two 3 × 3 convolution filters with stride 1, batch normalization, ELU
activation function, and 2 × 2 max pooling with stride 2, in order, and after each F.E. block except
the first and last F.E. blocks, an additional 3 × 3 convolution filter with stride 1 is applied to extract
the features.
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After feature extraction from the feature extractor, the bounding box regressor branches out
into four small branches, each re-regulating the width, height, and center point x and y coordinates,
because the scales of the bounding box’s width, height, and center point x and y coordinate values are
different. The bounding box regressor in the detection branch consists of four B.B.R. Blocks connected
to the last F.E. Block. Each B.B.R. Block repeats the dropout and ELU to prevent over-fitting on the
1 × 1 convolution filter, after applying the 1 × 1 convolution filter and the ReLU activation and global
average pooling [29].

2.2.2. Object Function

The overall loss function for optimizing the performance of backpropagation in the network
proposed in this study is defined as shown in Equations (3)–(5). The overall loss function was calculated
by separately multiplying the respective loss weight with a segmentation loss function and with
a detection loss function and summing the resulting values. The loss function for segmentation,
shown in Equation (4), is the cross-entropy loss between the ground truth and predicted results of the
pixelwise classification performance [30]. The loss function for detection, shown in Equation (5), is the
mean squared error of the bounding box label and predicted results regarding the x and y coordinates
of a center point as well as the width and height of the bounding box. When training SSADNet,
the detection loss was 10 times larger than the size of segmentation loss, which was set as a base.
Hence, 0.1 times the loss weight of the detection loss was applied. In Table 2, the overall objective



Appl. Sci. 2020, 10, 4486 9 of 16

function consisted of a segmentation loss function and a detection loss function, and the notations of
each item are shown. See Appendix A for more details.

Ltot = lwseg × Lseg + lwdet × Ldet (3)

Lseg = −
1

N ×W ×H

N∑
n=1

W∑
w=1

H∑
h=1

(yn,w,h
true
× log

(
yn,w,h

pred
)
) (4)

Ldet = Lcenter_x + Lcenter_y + Lwidth + Lheight (5)

Lcenter_x, Lcenter_y, Lwidth, Lheight =
1
N
×

N−1∑
n=0

(yn
true
− yn

pred)
2

(6)

Table 2. Notation related to loss function.

Ltot Total Loss

Lseg Segmentation loss (Cross-entropy)

Ldet Detection loss

Lcenter_x Loss about center x coordinate of bounding box (MSE)

Lcenter_y Loss about center y coordinate of bounding box (MSE)

Lwidth Loss about width coordinate of bounding box (MSE)

Lheight Loss about height coordinate of bounding box (MSE)

lwseg Segmentation loss weight (=1.0)

lwdet Detection loss weight (=0.1)

N Batch size

W Width of the Segmentation map

H Height of the Segmentation map

3. Experiment Results and Discussion

3.1. Dataset

The KITTI dataset [31,32] provides sensor data of diverse weather conditions obtained on clear,
rainy, or cloudy days and of various driving environments including downtown areas, outskirts,
and highways using a camera, LiDAR, and GPS, along with annotation data for segmentation and
detection. In this paper, we used the object detection database in the KITTI dataset. The KITTI object
database consist of 7481 frames of labeled data and 7518 frames of unlabeled data, and the labels
include object locations and pose information in each frame for object detection. To develop SSADNet,
we used both label data and their LiDAR data.

3.1.1. Bounding Box Label

The left-top and right-bottom coordinates of a vehicle provided as a front view were converted to
the top view coordinate system. The coordinates were then rotated using the yaw value. Then, the
center point as well as the width and height of the bounding box (x, y) were calculated.

3.1.2. Segmentation Ground Truth

For the ground truth of a vehicle, the coordinates of a vehicle in a front view provided by the
KITTI dataset were converted in the same way as the bounding box label. The predicted results of
the network for detecting road regions (LoDNN) [24] were applied to the KITTI dataset in order to
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generate the ground truth of the drivable areas. There is a limitation in generating a ground truth that
is identical to the actual object, because the resolution of LiDAR decreases as the distance increases.
However, we verified that it was possible to generate ground truth in the experiment. In the generated
segmentation answer shown in Figure 8, the blue color represents the ‘drivable region’, the magenta
color represents a ‘car’, the green color represents a ‘van’, the yellow color represents a ‘truck’, and the
red color represents ‘other regions (background)’.Appl. Sci. 2020, 10, x FOR PEER REVIEW 10 of 16 
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Figure 8. An example of ground truth for segmentation.

3.2. Implementation Details

An Adam optimizer [33] with standard momentum was used for optimizing the objective function.
The initial learning rate was 0.00001, and if loss was not reduced during 100 epochs for the validation
set, the learning rate was reduced by 0.5 times. For the dataset, a total of 7481 pairs of point cloud top
view images and answer data were divided at a ratio of 7:2:1 to form the training set (5237), validation
set (1496), and test set (748). The distance, reflection intensity, height, and RGB values of the point cloud
top view image used as input data were normalized in the range of [0, 1]. The x and y coordinates of
the center point and the width and height of the bounding box in the answer data were also normalized
in the range of [0, 1]. The size of the batch used for training was set to 8 to apply the maximum size
allowed by the GPU according to the network structure or input method.

All codes for the experiment were written using Python 3. We implemented the deep learning
model, and training, inference, and evaluation were performed using the Keras API and Tensorflow
framework. The proposed network was trained using a NVIDIA GTX 1080Ti GPU having 11 GB
of memory.

3.3. Results and Discussion

In this section, we introduce the indicators used for evaluating the performance of training.
Among the performance indicators shown in Table 3, the segmentation performance was evaluated
by pixelwise accuracy and average precision (AP). Moreover, to evaluate the detection performance,
the critical value of mean intersection over union (mIoU) was set to 0.5 or greater (mIoU@0.5) and
0.7 or greater (mIoU@0.7). Then, the average of when the IoU of detected objects was equal to or
greater than the critical value was calculated. The inference speed of each network was assessed in
terms of frames per second (FPS). To assess the performance of the proposed network, we conducted
a quantitative evaluation using performance indicators and a qualitative evaluation using visual
images of segmentation and detection results.
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Table 3. Performance metrics.

mAP Weighted Average of the Number of Data Belonging to the Class for the Precision of Each Class

mIoU Average of the ratio of overlapping areas to the sum of the real and predicted areas in the bounding box

FPS The number of inference frames per second

Tables 4 and 5 show the performance of the SSADNet. The segmentation performance had
a pixelwise classification accuracy of 96.9%. The mAP was 96.9%, while the detection performance
had a mIoU@0.5 of 70.5% and a mIoU@0.7 of 79.0%. The inference speed was 33 FPS. Figure 9
shows the visual results of SSADNet. From the left, each column in the figure represents an input
image, segmentation result, detection result, and the results when segmentation and detection were
performed simultaneously.

Table 4. Quantitative performance of SSADNet segmentation.

ACC [%] mAP [%] mIoU [%]

96.9% 96.9% 83.57%

Table 5. Quantitative performance of SSADNet detection.

mAP50 [%]
mIoU [%]

@0.5 @0.7

85.02% 70.48% 79.03%

Tables 6 and 7 show performance comparisons with other algorithms. Since our method was
developed by converting 3D into 2D, we compared algorithms using frame image data which is same
as LiDAR data.

Table 6. Segmentation performance comparison.

Method mIoU [%]

FCN-VGG16 [13] 94.14%

LoDNN [24] 85.68%

SSADNet (Proposed) 83.57%

Table 7. Detection performance comparison.

Method mAP50 [%] mIoU [%]

RetinaNet-ResNet50 [16] 79.07% 81.36%

YOLO v3 [17] 77.78% 75.74%

SSADNet (Proposed) 85.02% 70.48%

In both detection and segmentation performance, the proposed method does not show much
difference in performance from the other method. However, the advantage of SSADNet is that it
provides sufficient computational speed with a single processor, while other algorithms need dual
processors for deep learning to run segmentation and detection at the same time.
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4. Conclusions

In this paper, we proposed a SSADNet that could simultaneously perform segmentation and
detection of drivable regions and moving or non-moving vehicles in an autonomous driving system by
generating a top view image using a point cloud obtained from 3D LiDAR.

The network was trained using the KITTI dataset, which is commonly used in research on
autonomous driving systems. For network input, we generated a point cloud top view image
having three channels of distance, reflection intensity, and height using the LiDAR point cloud.
The segmentation performance of the proposed network had a pixelwise classification accuracy of
96.9%. The mAP was 96.9%, while the detection performance had a mIoU@0.5 of 70.5% and a mIoU@0.7
of 79.0%. The inference speed was 33 FPS. The experimental results can be applied for lane keeping,
steering control, evading obstacles, collision prevention, speed control, and creating a driving path in
autonomous driving or driving assistance.

The contributions of this paper are as follows: (1) we proposed a 3D point cloud-based detection
and segmentation network using deep learning and (2) an algorithm that can perform two functions
in one network structure simultaneously was proposed instead of a separate network structure
that performs two functions. Namely, unlike previous algorithms need more than one processor
for each network for detection and segmentation simultaneously, SSADNet can obtain detection
and segmentation results for autonomous driving using a single network, so it can be done using
a single processor.

However, this study has some limitations, in that the detection performance is poorer than the
segmentation performance. SSADNet was not used for pre-trained models, so performance is limited
when using the same number of training data, and after detection, reliable detection of obstacles is
required through tracking algorithms such as the Kalman filter. Therefore, we will conduct further
research (1) on improving the detection performance while maintaining the segmentation performance
by enhancing the proposed network, (2) on increasing the speed to be more suitable for an autonomous
driving system using pre-trained models, and (3) implementing the tracking algorithm in the time
domain using Kalman filter, etc.

Author Contributions: Conceptualization, S.P.; methodology, Y.L. and S.P.; software, Y.L.; validation, Y.L.; formal
analysis, Y.L. and S.P.; data curation, Y.L.; writing—original draft preparation, Y.L. and S.P.; writing—review and
editing, Y.L. and S.P.; visualization, Y.L.; supervision, S.P.; project administration, S.P.; funding acquisition, S.P.
All authors have read and agreed to the published version of the manuscript.

Funding: This works was supported by the National Research Foundation of Korea (NRF) grant funded
by the Korea government (MSIP; Ministry of Science, ICT & Future Planning) (NRF-2017RIC1B5018101) and
Soonchunhyang university 20160844.

Acknowledgments: The authors are very appreciate to journal editors and reviews.

Conflicts of Interest: The authors declare no conflict of interest.

Appendix A

To help readers understand, this section provides details of the performance metrics used to
evaluate the performance of SSADNet.

First, we can evaluate segmentation performance using the IoU matrix in Figure A1a. The IoU can
be calculated as the ratio of the overlapping pixel numbers between the real area and the predicted area.
mIoU is obtained as the average value of all IoU of the segmented object for all test data. Precision in
Equation (A3) can be obtained as a ratio of correctly predicted pixels (TP) that match the actual class
with the predicted class among all pixels (TP + FP) predicted for one class, and mAP is obtained by
averaging the Average Precision (AP) for all classes over the entire test set.
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Detection evaluates performance using a ground truth bounding box and the predicted bounding
box in Figure A1b. The IoU can be calculated as the ratio of the overlapping area between the real
bounding box and the predicted bounding box. mIoU is obtained as the average value of the IoU for all
images in the test set. Meanwhile, the precision of the detection is obtained as shown in (A3) by using
TP for IoUs larger than the threshold set, and FP for IoUs smaller than the threshold. The mAP increases
the recall from 0 to 1 (0, 0.1, 0.2, . . . , 1) and calculates the average of the corresponding precision when
recall value is increasing over the entire class.
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