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ABSTRACT Road boundary estimation is an essential task for autonomous vehicles and intelligent driving
assistants. It is considerably straightforward to attain the task when roads are marked properly with indica-
tors. However, estimating road boundary reliably without prior knowledge of the road, such as road markings,
is extremely difficult. This paper proposes a method to estimate road boundaries in different environments
with deep learning-based semantic segmentation, and without any predefined road markings. The proposed
method employed an encoder-decoder-based DeepLab architecture for segmentation with different types
of backbone networks such as VGG16, VGG19, ResNet-50, and ResNet-101 while handling the class
imbalance problem by weighing the loss contribution of the model’s different outputs. The performance
of the proposed method is verified using the ‘ICCVO9DATA’ dataset. The method outperformed other
existing methods and achieved the accuracy, precision, recall, f-measure of 0.95964-0.0097, 0.9453+0.0118,
0.936940.0149, and 0.9408+0.0135 respectively while using RestNet-101 as a backbone network and Dice
Coefficient as a loss function. The detailed experimental analysis confirms the feasibility of the proposed
method for road boundary estimation in different challenging environments.

INDEX TERMS Augmentation, class imbalance, deep learning, DeepLabV3+ architecture, road boundary,

semantic segmentation, transfer learning.

I. INTRODUCTION

Nowadays, autonomous vehicles [1] are getting popular
worldwide, and are considered to be driver-less, effec-
tive, and crash avoiding perfect automobiles of the future.
Autonomous vehicles must be able to see their surroundings
to comprehend where they can and can’t drive, recognize
other vehicles on the street, and brake for pedestrians. It is
anticipated that there will be around 20.8 million autonomous
vehicles in operation alone in the United States by 2030 [2].
Autonomous vehicle in high-level automation (where vehi-
cle drives on its own) requires ideal road conditions, which
are not always possible. They are driven by Al and collect
data through sensors. Sensors used in autonomous vehicles
include LiDAR, Cameras, GPS, etc. enabling the vehicle to
see and sense any adverse condition on the road. Al decides
on steering, accelerating, and braking based on the data
provided by various sensors so that the vehicle can drive
safely, detect obstacles or other vehicles on the road, and
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deal with any unforeseen road conditions. Figure 1 provides
a high-level view of the physical system of an autonomous
vehicle where the visual road information from the front
camera is fed into a neural network architecture for road
boundary estimation.

Autonomous vehicles require the perception of the road
for safe driving. The most crucial piece of information
the autonomous vehicle needs is a complete understand-
ing of the road it is driving on, including knowledge of
the lane, lane/road boundary, lane markers, etc. so that it
can perform multiple maneuvers such as lane switching,
collision avoidance, overtaking, stopping, and so on. Very
often road boundaries are broken, not clearly or perfectly
defined, or sometimes not marked at all. Furthermore, var-
ious conditions like road bending, poor road marking, decay
of painted indicators, blurred frames, background clutter,
varying lighting conditions, occlusions, etc. make it chal-
lenging for the autonomous vehicle to detect the exact
road boundaries. All of these factors have motivated us to
develop a method that can accurately estimate road bound-
aries despite non-uniform road shapes, changing illumination
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FIGURE 1. High-level view of the physical system.

conditions, and, most importantly, the absence of road
markers.

Two main approaches have been used to solve this problem
in the past decade. The first approach is the pre-defined
feature extraction [3]-[5], where it uses lane markings and
road boundaries. The disadvantage of the pre-defined features
is that it may not work for all roads due to environmental dif-
ferences, lighting conditions, and scale mismatch. The second
is the model-based techniques [6], [7] where different models
are employed to determine curves and straight lines from the
edge features.

Our foremost goal is to design an intelligent method to
detect road boundaries suitably in different environmental
and weather conditions so that the vehicles are safe on
roads and secured from accidents. To achieve this objective,
we used deep learning-based image segmentation method to
detect the drivable region. In digital image processing, image
segmentation is an important task. In this work, we have
employed semantic segmentation [8] to estimate the road
boundary. The aim of semantic segmentation is to classify
each pixel and label them according to a predefined class.
It is used to classify different objects in the image. It can
also be used for various disease and physical injury detection
[9], [10] from medical images. Fully Convolutional Network
(FCN) [11], ENet [12], U-Net [13], SegNet [14], DeepLab
[15] are the most popular algorithms for semantic segmenta-
tion that don’t need features in advance and can discover rel-
evant features from the training data. In this work, we applied
the DeepLabV3+ architecture for the segmentation.

Previous research such as Mana et al. [16] did not address
the class imbalance problem which led to poor performance
on precision, recall, and f-measure. Our proposed method not
only handles the class imbalance problem but also considers
the size of the dataset to develop a better model. The major
contributions of this research are summarized as follows:

o Use of different types of augmentation techniques in
the preprocessing phase of the method to deal with data
shortage and overfitting problems.

« Employment of customized loss functions such as Dice
Coefficient loss, Jaccard Index loss, and weighting the
loss contribution of the model’s various outputs based
on the number of samples of different classes for solving
the class imbalance problem.

« Employment of different backbone networks, that take
the advantage of transfer learning to extract useful fea-
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tures from images, in the encoder and decoder part of
DeepLabV3+ architecture to address the issue of small-
sized dataset.

o Improvement of different evaluation parameters such
as accuracy, precision, recall, and f-measure over other
existing techniques to verify the robustness of the pro-
posed method.

The rest of the paper is organized as follows: Section II
describes the related works that have been conducted pre-
viously in this field. In Section III, the concept of the
DeepLabv3+ architecture and the methodology of this work
are demonstrated in detail. Section IV illustrates the exper-
iments and presents the result analysis of the proposed
method. The conclusion is drawn in Section V.

Il. RELATED WORK

Road boundary estimation has drawn attention recently due
to the rapid advancement of autonomous vehicles around
the world. Light Detection and Ranging (LiDAR) is one
of the most popular methods for road boundary detection.
Several papers [17]-[19] used this approach to detect road
boundaries.

Satti et al. [20] applied a machine learning approach for the
detection and tracking of road boundaries. Initially, ConvNet
merged with 3x3 Sobel filters are utilized to identify edges.
The outputs of this process were fed to a line detection
module where the Hough transform is used to recognize
lines. Finally, the Kanade-Lucas-Tomasi method tracks the
lines. Mana et al. [16] employed U-Net architecture for road
boundary estimation. They used particle filters to handle the
occasional boundary detection failures problem and gener-
ated a more consistent prediction. However, their model is
only effective for the unbranched roads and strives to detect
boundaries for other types of roads such as intersections and
acutely curved roads.

Yadav et al. [21] proposed a novel approach based on
CNN and the color lines model for unmarked road segmen-
tation. The pre-trained SegNet model is used to discover
the road texture effectively. In addition, they applied the
conditional random field-based graphical model to deal with
varying illumination situations. Chiu and Lin [22] suggested
a color-based segmentation approach for lane detection in a
complex environment. First, they determined the threshold
from the region of interest, and then the threshold is used to
recognize potential road boundaries. Their approach requires
lower computation power and memory. Hernandez et al. [23]
proposed a combination of color-based and texture line detec-
tor approach to detect boundaries for unstructured roads.
In the color-based detector, a white balance algorithm is
utilized to reduce the impact of illuminations while the texture
line detector combines the Canny edge detector with Hough
transform to identify parallel boundaries of the road. Their
system used the Unscented Kalman Filter (UKF) which fil-
ters the noise and is able to recognize the boundaries when
the roads are occluded. Chiku and Miura [24] suggested a
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FIGURE 2. lllustration of atrous convolution with kernel size 3 x 3 for
different dilation rates.

multi-sensory road estimation framework for autonomous
navigation which includes piecewise-linear road models,
state transition, likelihood evaluation, resampling, and result
estimation. Their system considered various shapes of the
roads and can switch between different road models so that it
can accurately calculate the boundaries.

In [25], Rakotondrajao and Jangsamsi assumed that at the
time of image acquisition most of the 2D images contain
perspective distortion which makes the lane detection quite
difficult. Hence, they try to automatically recognize four
points for executing Inverse Perspective Mapping (IPM) to
minimize the distortion effects. As in numerous urban and
rural areas, there is hardly any road markings, Kiihnl and
Fritsch [26] suggested a vision-based system for detecting
road boundaries where road markings are not expected. Their
system includes obtaining SPatial RAY (SPRAY) features,
Boundary vicinity classification, Boundary extraction and
finally applying partial linear regression to filter out the
outliers. Nishida and Muneyasu [27] used both conventional
and hyperbolic road models for the detection of road bound-
aries however, their proposed algorithm is computationally
expensive.

For developing an occlusion-free road segmentation sys-
tem, Yan et al. [28] proposed a LiDAR-based LMRoadNet
network where the network is trained using a weighted loss
function. Using a 1/4 scale feature map, they can perform
road ground height prediction and road topology detection
simultaneously with reduced complexity, and their fusion
strategy can expand the field of view of the autonomous
driving system. Perng et al. [29] demonstrated a system for
detecting road boundaries, that takes into account a variety
of road types (structured, unstructured) and conditions (day-
time, nighttime, rainy day). A convolution autoencoder first
removes unwanted objects from the image, leaving just lane
markers to be fed to a hyperbolic model, and then the lanes
are tracked by a particle filter. However, their system strug-
gles to distinguish boundary features from the background
especially at night time.

For off-road scene understanding, Gao et al. [30] proposed
a contrastive learning technique that employs contrasting
positive and negative samples in a self-supervised pipeline
to gain discriminative representations. Their system can pro-
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FIGURE 3. lllustration of Atrous Spatial Pyramid Pooling (ASPP). One
1 x 1 convolution, three 3 x 3 atrous convolutions with rate
parameters 6, 12, 18, and image pooling are applied to generate

the ASPP feature map.

duce fine-grained semantic results that deliver rich infor-
mation for robots traversing difficult off-road environments.
Their system, on the other hand, sometimes fails to differen-
tiate against unseen category samples, which might lead to
erroneous predictions. Abdollahi et al. [31] applied MUNet
which is a modified version of U-Net in the generative
section of the Generative Adversarial Network (GAN) to
generate high-resolution segmentation output. Before feeding
the image to the network, Laplacian filtering is used as a
pre-processing step. The accuracy of their proposed system
is slightly lower compared to the other evaluation metrics
such as precision, recall, fl-score, etc. For the estimate of
road boundaries, Dewangan and Sahu [32] suggested an
encoder-decoder-based system using U-Net, Seg-Net, and
Fully Convolutional Network (FCN). They concluded that
U-Net architecture with dice coefficient can predict better
results compared to other models. A brief summary of the
related work is presented in Table 1.

lll. METHODS AND MATERIALS

A. DeepLab FOR IMAGE SEGMENTATION

DeepLabv3+ [41] is an encoder-decoder based network for
semantic segmentation. This network is based on the concept

of Atrous Convolution and Atrous Spatial Pyramid Pooling
(ASPP).

1) ATROUS CONVOLUTION

In Atrous convolution, the active field of view of the convo-
lution is managed by a rate parameter. The generalized form
of atrous convolution can be presented as follows:

il = " xli+r - kIwlk] e)
k

where w is the filter, i represents each location of output y,
x is the input feature map and r represents the atrous rate
which corresponds to the stride. In a regular convolution
layer, the kernel size restricts the area on which the operation
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TABLE 1. Brief summary of the related work.

Authors

Techniques

Dataset

Weakness/Remarks

Mano et al. [16]

U-Net + Particle filter

ICCVO09DATA [33]

Only works for unbranched roads and failed to handle class
imbalance problem.

LiDAR + Integrated prob-

Hanetal. [17] abilistic data association Self-build The estimation of roll and pitch angles needs to be improved.
filter IPDAF)
. LiDAR + Adaptive break- . Extraction of the breakpoints and estimation of roll and pitch need
Yalcin et al. [18] points detection algorithm Self-build to be improved.
LiDAR + histogram-based ) Required to identify all relevant road boundaries in the occupancy
Homm et al. [19] approach Self-build grid.
. CNN + Hough transform . . .
Satti et al. [20] Self-build The feature extraction process can be improved.

+ Kanade-Lucas-Tomasi
(KLT)

pre trained SegNet + Color

KITTI [34] & CamVid

Did not address class imbalance and evaluation metrics can be

Yadav et al. [21] Lines Model [35] improved.
When dealing with traffic signs drawn on the road and light
Chiu and Lin [22] Color-based segmentation Self-build problems caused by reflections, imperfect lane recognition can
still be observed.
Canny edge detector
Hernandez et al. [23] with Hough transform + Self-build Did not address different shapes of roads such as intersections and
Unscented Kalman Filter acutely curved roads etc.
(UKF)
] . Piecewise linear Road ] Needs to switch between different road models to correctly detect
Chiku and Miura [24] models + particle filter Self-build road boundaries.
Rakotondrajao and Inverse Perspective Map- ] . ]
Jangsamsi [25] ping (IPM) Self-build Lane marking required.
SPRAY Features + Bound- Doesn’t require road markings, however the vicinity classifier can

Kiihnl and Fritsch [26]

ary Vicinity Classification

KITTI-ROAD [36]

be improved to obtain a better recognition rate.

Nishida and Muneyasu
[27]

Hyperbolic road model +
Hough transform

Self-build

Computationally expensive.

Self-build Multi Road

Yan et al. [28] LMRoadNet dataset based on Se- | Able to recognize the integrated road area even when it is oc-
manticKITTI [37] cluded.
Convolutional auto-
Perng et al. [29] encoder + hyperbolic SELab lane dataset & Required lane markings, only applicable for single lane.

model + particle filter

Caltech dataset [38]

Gao et al. [30]

Contrastive Learning

Self-build off road
dataset

The prediction process requires a considerable amount of compu-
tational cost. To improve computational efficiency, temporal and
spatial consistency needs to be investigated.

Abdollahi et al. [31]

Generative  Adversarial
Network (GAN)

Massachusetts road
dataset [39]

Cannot estimate continuous road parts and hardly identify roads in
complex areas.

Dewangan and Sahu [32]

U-Net, Seg-Net, FCN-32

Camvid dataset [40]

The system needs to be investigated in challenging environments.

is to be performed. Hence, a larger area demands a large
kernel. However, working with a large kernel is operationally
expensive and time-consuming. This problem can be solved
by using atrous convolution [42]. It decides the working area
with the size of the kernel as well as the dilation factor. Stan-
dard convolution is a particular case of atrous convolution
where dilation rate » = 1. Depending on the dilation rate,
the kernel expands and then the rest of the positions are filled
with zeros. As a result, an atrous convolution with kernel size
3x3 and dilation rate r = 2 works as a regular convolution
with a kernel size of 5x 5. A convolution with kernel size 3 x3
and dilation rate r = 3 works as a convolution with kernel
7x7. Figure 2 illustrates this concept. In general, a kxk
kernel with an atrous dilation rate » will produce a kernel
k. = k + (k — 1)(r — 1) and introduces r — 1 zeros within
consecutive filter values. This process helps to secure denser
features without the cost of learning any extra parameters.

2) ATROUS SPATIAL PYRAMID POOLING (ASPP)
To retrieve information on a different scale, several atrous
convolution layers can be applied to the image. The ASPP
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can capture multi-scale data efficiently with several atrous
rates. The ASPP includes (a) one convolution with kernel
size = 1x1 and three convolutions with kernel size = 3x3
and dilation rates (6, 12, 18) respectively (b) the image-level
features with image pooling. As shown in Fig. 3, the resulting
features from the five branches are concatenated together and
passed through a 1x 1 convolution.

DeepLabv3 works as an encoder and extracts useful fea-
tures at arbitrary resolution. Besides, the ASPP can explore
the convolutional features at various scales with differ-
ent dilation rates. Hence, the rich semantic information
can be found from the output feature map of the encoder
networks which generally contains 256 channels and is
32 times smaller compared to the resolution of the input
image.

The rich encoded features from the encoder networks are
upsampled bilinearly with a factor of 4 and then concatenated
with the lower level features that come from a backbone net-
work with the same shape. As the lower-level features include
a substantial number of channels, they are reduced using
1x1 convolution before the concatenation so that they can-
not outweigh the encoded features. After the concatenation,
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FIGURE 4. Different types of augmentation techniques applied in the
method during training phase.

the features are passed through a few 3x3 convolutions and
finally experienced another bilinear upsample by a factor of 4.

B. IMAGE AUGMENTATION AND SCALING

Semantic segmentation is one kind of classification. To per-
fectly classify each pixel of the test set, the model should
learn to classify on a different scale. So we randomly applied
20% zoom on the training dataset. Horizontal flip is applied
randomly to rearrange the position of the road in the image.
Different types of augmentation techniques are illustrated
in Fig. 4. All the images are resized to 256x256. Images in
the dataset are in the RGB color model so, it contains values
of the pixels between (0—255) in three different channels.
We divide it by 255 to maintain the range between (0—1).
Then the train set of the dataset is divided into two parts:
training and validation set.

C. BackBone NETWORKS

It’s common to train a ConvNet on a dataset that is consid-
erably large, and then use the ConvNet in initialization or as
a fixed feature extractor for the task at hand with the help of
transfer learning.

Transfer learning [43] concentrates on storing experiences
while solving one problem and applies that experience in
resolving other related problems. In deep neural networks,
initial layers extract general features. Hence, it is beneficial
to apply the weights of a pre-trained model, trained on a larger
dataset, for training other models with a small dataset to get
better performance. Some popular datasets for pre-trained
models are ImageNet [44], MNIST [45], CIFAR [46]. All
of those datasets contain a large number of images. Back-
bone networks are used for feature extraction from images.
Deep Convolutional Neural Network (DCNN) based back-
bone networks can extract high-level features and also down-
sample images from the input. Generally, a DCNN based
backbone network includes Convolution, pooling, activation
function, etc. We tried with 4 different state-of-the-art DCNN
based backbone network architectures i.e. VGG16, VGG19,
ResNet-50 and ResNet-101 for our method.

1) VGG
VGG16 and VGGI19 architectures were introduced by
Simonyan and Zisserman [47] for large scale image recogni-
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TABLE 2. Architecture of VGG16 and VGG19. The parameters of the
convolutional layer are shown as “conv(receptive field size)-(number of
channels).”

16 Weight | 19 Weight
Layer Name Output Shape Layers Layers
conv3-64 conv3-64
blockl_convz 224 x 224 conv3-64 conv3-64
block1_pool 112x 112 maxpool
conv3-128 | conv3-128
block2_convx 112 x 112 conv3-128 | conv3-12%
block2_pool 56 x 56 maxpool
conv3-256 | conv3-256
conv3-256 | conv3-256
block3_convz 56 x 56 conv3256 | conv3-256
— conv3-256
block3_pool 28 x 28 maxpool
conv3-512 | conv3-512
conv3-512 | conv3-512
block4_convx 28 x 28 comv3312 conv3ST2
— conv3-512
block4_pool 14 x 14 maxpool
conv3-512 | conv3-512
conv3-512 | conv3-512
block5_convz 14 x 14 conv35T2 T conv3ST2
— conv3-512
block5_pool Tx7 maxpool
FC-4096
FC-4096
FC-1000
soft-max

tion back in 2014. VGG16 is based on VGG architecture with
16 layers. It consists of 5 convolution blocks and some fully-
connected layers. The First 2 convolution blocks have 2 con-
volution layers each and the other 3 convolution blocks have
3 convolution layers each. The convolution operation uses a
kernel of size 3x3. Those convolution layers automatically
extract features from images. After each convolution layer,
arectified linear unit (ReLU) is used as an activation function.
There is a max-pooling layer after each convolution block,
so a total of 5 such layers. Each pooling operation is done by
a kernel of size 2x2 with a stride of 2 and no padding. At the
end, there are three fully-connected layers. First, two of them
have 4096 channels each and the last layer has 1000 channels.

VGG19 is another variant of VGG architecture that con-
tains 19 weight layers. It also has 5 convolution blocks and the
same fully-connected layers. However, the last three convolu-
tion blocks contain an extra convolution layer each compared
to VGG16. Details are presented in Table 2.

2) ResNet

The residual network [48] is quite appropriate for the train-
ing of deeper networks. The ResNet introduced the idea
of ‘identity shortcut connection’ as shown in Fig. 5. Deep
Neural Networks suffer from vanishing gradient problem as
the gradient can easily shrink to zero. In ResNets, gradients
can flow through skip connections and backpropagate to the
earlier layers. A residual building block can be defined as

y=F@ {Wi}) +x @
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FIGURE 5. Building block of residual learning with skip connection.

TABLE 3. Architecture of ResNet-50 and ResNet-101. The building blocks
for these architectures are shown in brackets, with the numbers of blocks
stacked.

Layer Output
Name Shape 50-Layers 101-Layers
convl 112x112 7x7, 64, stride 2 7x7, 64, stride 2
3%3 max pool, 3%3 max pool,
stride 2 stride 2
conv2_x 56x56 1x1, 64 1x1, 64 ]
3x3,64 | x3 3x3,64 | x3
1x1, 256 1x1, 256
1x1, 128 1x1, 128]
conv3_x 28x28 3x3, 128 | x 4 3x3, 128 | x 4
1x1,512 1x1,512
1x1, 256 1x1, 256 |
convd_x 14x14 3x3,256 | x6 3x3,256 | x23
1x1, 1024 1x1, 1024
1x1, 512 1x1, 512
convb_x Tx7 3x3,512 | x3 3x3,512 | x 3
1x1, 2048 1x1, 2048
Ix1 3%3 average pool, 3%3 average pool,
1000-d fc 1000-d fc

where the x, y represent the input and output vectors and
F(x, {W;}) depicts the residual mapping. For Fig. 5, F =
Who (Wix) where o is the ReLLU activation function. For
changing dimensions, a linear projection Wy needs to be
performed to adjust with the dimension.

y=F(x, {Wi}) + Wyx 3

Therefore, we can inject shortcuts to produce a residual
version of a deep network. When the input and output have
the same dimension, the identity shortcuts can be inserted
using Eq. (2) and for matching the dimensions, a projection
shortcut can be employed using Eq. (3). Residual networks
with 50 layers are called ResNet-50. ResNet-101 also works
with the same idea as ResNet-50. ResNet-101 has 101 layers
so it can go deeper than ResNet-50 and extract more advanced
features. Table 3 illustrates the detailed architecture for the
ResNet-50 and ResNet-101.

In this work, we employed VGG16, VGG19, ResNet-50,
and ResNet-101 as pre-trained models and used ‘Imagenet’
weight in those models. First, a deep neural network-based
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model is pre-trained where some generalized features are
extracted from different layers of that network. These features
are fed to the encoder and decoder of DeepLab architecture
based on their depth to enhance the performance of the
method. Eventually, we fine-tuned our proposed model on the
segmentation dataset while using augmentation techniques to
reduce the overfitting.

D. CLASS IMBALANCE

Multi-class classification expects all classes to be equally
distributed. When members of some class (minority class) are
much lower than the members of other class or the number
of elements of some class (majority class) is strictly higher
than the members of other class or classes, then a class imbal-
ance problem occurs. With this problem, the model is biased
towards the majority class. Sometimes it may neglect some
classes if the amount of training data is too low compared to
the majority class. Semantic Segmentation also expects that
pixels of all classes should be equal in quantity.

For solving the class imbalance problem, we applied dif-
ferent customized loss functions such as the Dice coefficient
and the Jaccard index in our method and analyze their effect
on the performance of the system. The Dice coefficient D and
Jaccard Index J between two volumes p, g can be written as

AN o
Dip.g) = et DT )
YupitY qte
N
I(p.g) = 2 pidite s)

P+ X~ X piai+ €
where € is a small positive number which is added to
avoid divide by zero error. To formulate the loss function,
we employed 1 — D(p, g) and {1 —J(p, )} x € in the method
as Dice Coefficient Loss and Jaccard Index Loss respectively.

Secondly, we try to weigh the loss contributions of different
model outputs using Eq. (6). The final loss used by the model
is the weighted sum of all the individual losses.

Wi = samplest ©)

classt x samples;

where w; is the weight for i class, samplest represents the
total number of samples in the dataset, classt is the total
number of unique classes and samples; denotes the total
number of samples in class i.

E. MODEL ARCHITECTURE

In this work, we applied an encoder-decoder based network
which resembles the DeepLabV3+4- [41] architecture for seg-
mentation. According to Fig. 6, we extract two different
layers L, and Ly from the backbone network for the encoder
and decoder respectively. The detailed information about
different layers and their respective shapes are illustrated
in Table 4. The method utilized VGG16, VGG19, ResNet-50,
and ResNet-101 as backbone networks. The ASPP of the
encoder applied different dilation rates r = (6,12, 18)
for capturing multi-scale information. After concatenation,
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FIGURE 6. Architecture of DeepLabV3+ with backbone network.

TABLE 4. Detailed information about various layers extracted from different backbone networks and employed in the encoder and decoder of

DeeplLabV3+ architecture.

Backbone Layer Extracted For , Layer Extracted For , . Total Trainable
Networks Encoder (L.) Le Layer’s Shape Decoder (L) Lq Layer’s Shape | Pre-trained Parameters
VGG16 ‘block5_conv3’ 16 x 16 x 512 ‘block3_conv3’ 64 x 64 x 256 ‘Imagenet’ 20,150,947
VGG19 ‘block5_convd’ 16 x 16 x 512 ‘block3_convd’ 64 x 64 x 256 ‘Imagenet’ 25,460,643
ResNet-50 ‘convd_block6_2_relu’ 16 x 16 x 256 ‘conv2_block3_2_relu’ 64 x 64 x 64 ‘Imagenet’ 11,819,875
ResNet-101 ‘convd_block23_2_relu’ 16 x 16 x 256 ‘conv2_block3_2_relu’ 64 x 64 x 64 ‘Imagenet’ 30,838,115

the features are fed through an 1x 1 convolution and upsam-
pled by a factor of 4 so that it can again be concatenated
with the features of the decoder. In the last state of the
decoder, the features are again upsampled by a factor of 4
and fed through an 1x1 convolution before giving the final
output.

As semantic segmentation requires substantial spatial
information, feature maps with the smaller resolution are not
very effective for this kind of task. The atrous convolution of
the encoder of our method can maintain spatial resolution by
using different dilation rate at different blocks of the ASPP.
Therefore, the size of the feature map is not reduced and the
architecture provides better result at segmentation.

IV. EXPERIMENTS

A. DATASET

We used the ‘ICCVO9DATA’ dataset [33] for evaluating our
method. This dataset, also known as ‘The Stanford Back-
ground Dataset’ introduced in Gould et al. [33] for evaluating
models for semantic scene understanding is very suitable for
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Input Images

Segmentation
According to
ICCV09DATA

Segmentation
Used in Our
Method

FIGURE 7. Detailed visualization of the ICCVO9DATA [33] and the 3 class
segmentation used in the experiments.

our research as we applied semantic segmentation-based deep
learning to estimate the road boundary. It contains images
with approximately 320-by-240 pixels. The pixels are divided
into 8 different classes: sky, tree, road, grass, water, build-
ing, mountain, and foreground object. Figure 7. shows those
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TABLE 5. Performance comparison of different methods with respect to various loss functions. Values of the metrics are based on the mean + the margin
of error at 95% confidence interval.

Methods Input Loss Loss Evaluation Metrics
Shape Function Weight Accuracy Precision Recall F-measure
Mano etal. [16] | 256x256x3 — | 0955+0.0047 | 0.609+0.0393 | 0.55240.0399 | 0.571-£0.0392
U-Net 256x256x3 | Caesorical ‘no” | 0.9157+0.0108 | 0.3782+£0.0721 | 0.3748+0.0772 | 0.391740.0756
Cross Entropy
Categorical
SegNet 256x256%3 alegorica ‘no’ | 0.9131£0.0109 | 0.3572+0.0719 | 0.3716+0.0778 | 0.345340.0737
Cross Entropy
ical
FCN8s 256x256x3 | Cesorica ‘no’ | 0.905540.0117 | 0.3735+0.0712 | 0.409840.0758 | 0.395540.0742
Cross Entropy
Categorical
ENet 256x256x3 ategorica ‘no’ | 0.9087+0.0117 | 0.3937+0.0729 | 0.3778+0.0772 | 0.330240.0720
Cross Entropy
Categorical ‘no” | 0.9528+0.0105 | 0.9371+0.0154 | 0.9219+0.0162 | 0.9294+0.0157
Cross Entropy | ‘yes” | 0.9545+0.0107 | 0.939740.0156 | 0.9242-£0.0165 | 0.9319+0.0160
DeepLabV3+ ‘no’ | 0.9553:£0.0098 | 0.9385+0.0144 | 0.9286+0.0149 | 0.9335+0.0146
256x256x3 Jaccard Index
(VGG16) ‘yes' | 0.9547£0.0095 | 0.9376+0.0139 | 0.9277-£0.0144 | 0.9326+0.0142
. _ ‘no’ | 0.9542£0.0107 | 0.9384+0.0156 | 0.92514+0.0165 | 0.9317+0.0160
Dice Coefficient
‘yes' | 0.9543+0.0100 | 0.937740.0147 | 0.926240.0152 | 0.9319-£0.0149
Categorical ‘no” | 0.9523+0.0107 | 0.93660.0156 | 0.9208+0.0166 | 0.9286+0.0161
Cross Entropy | ‘yes' | 0.9548+0.0110 | 0.9388+0.0162 | 0.92650.0168 | 0.9326-0.0165
DeepLabV3+ ‘no” | 0.9530£0.0112 | 0.9350+0.0165 | 0.9251+0.0169 | 0.9300%0.0167
256x256x3 Jaccard Index
(VGG19) ‘yes” | 0.9550+0.0106 | 0.938140.0156 | 0.9283+0.0161 | 0.9332+0.0158
. . ‘no” | 0.9551-£0.0097 | 0.9400+0.0140 | 0.9259+0.0151 | 0.932940.0145
Dice Coefficient
yes” | 0.955240.0100 | 0.9393+0.0146 | 0.927140.0155 | 0.9333-0.0150
Categorical ‘no” | 0.9574£0.0099 | 0.9438+0.0145 | 0.9292+0.0153 | 0.9364+0.0149
Cross Entropy | ‘yes’ | 0.9575+0.0099 | 0.9448+0.0143 | 0.9280+0.0155 | 0.9363-0.0149
DeepLabV3+ ‘no” | 0.9563-+£0.0095 | 0.9399+0.0140 | 0.9300+0.0145 | 0.9349+0.0142
256x256x3 Jaccard Index
(ResNet-50) ‘yes' | 0.9580+0.0085 | 0.9425+0.0123 | 0.9326+0.0130 | 0.9375-£0.0126
. O ‘no’ | 0.9578£0.0085 | 0.9434+0.0123 | 0.9306+0.0133 | 0.9370+0.0128
Dice Coefficient
yes' | 0.95814+0.0088 | 0.943240.0126 | 0.9319+0.0136 | 0.9375-£0.0131
Categorical ‘no’ | 0.9581£0.0103 | 0.9448+0.0149 | 0.9289+0.0161 | 0.937240.0155
Cross Entropy | ‘yes’ | 0.9592+0.0103 | 0.94510.0149 | 0.9316=0.0158 | 0.9391-£0.0154
DecpLabV3+ | oo oo o | o no | 0.9576+0.0107 | 0.9419+0.0157 | 0.9320+0.0162 | 0.9369+0.0159
(ResNet-101) yes' | 0.9579+0.0100 | 0.9423£0.0146 | 0.9324+0.0152 | 0.9373-£0.0149
. . ‘no’ | 0.9582:£0.0086 | 0.9446+0.0124 | 0.9307+0.0134 | 0.9375+0.0129
Dice Coefficient
yes' | 0.9596+0.0097 | 0.945310.0118 | 0.9369-0.0149 | 0.9408-£0.0135

TABLE 6. Performance comparison of different backbone networks in the DeepLabV3+ architecture over Dice Score, Dice Score Loss, Jaccard Index, and

Jaccard Index Loss.

Method Dice Score Jaccard Index Dice Score Loss Jaccard Index Loss
ethods

unweighted weighted unweighted weighted unweighted weighted unweighted weighted
D?if’é‘éliz)3+ 0.9547£0.0107 | 0.955140.0099 | 0.955610.0098 | 0.9550+£0.0094 | 0.0452£0.0107 | 0.044940.0099 | 0.04441-0.0098 | 0.0450+0.0094
DeepLabV3+
(VGG19) 0.95544-0.0097 | 0.9558+0.0100 | 0.9533+0.0111 | 0.9553+0.0106 | 0.0445+0.0097 | 0.0442+0.0100 | 0.046740.0111 | 0.044640.0106
DeepLabV3+
(ResNet-50) 0.95844-0.0085 | 0.9589+0.0087 | 0.9565+0.0095 | 0.9583£0.0084 | 0.0416£0.0085 | 0.0411£0.0087 | 0.043540.0095 | 0.041740.0084
esNet-5
DeepLabV3+
(ResNet-101) 0.95861+-0.0086 | 0.9601+0.0097 | 0.9579+0.0106 | 0.9584-+£0.0099 | 0.0414-£0.0086 | 0.0399+0.0097 | 0.0421+0.0106 | 0.04161-0.0099
esNet-

classes [8 colors with their corresponding class]. We keep the
road portion of the images and make others as background.
Then we create a border between road and background which
creates 3 classes: background, road, and road boundary. This
dataset contains 715 images. We kept 100 images randomly
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as the test set and used the other 615 images for training
purposes.

We have also tested 14 images containing different shapes
of roads. These images are collected from ‘The Geograph®
Britain and Ireland Project’ [49].
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TABLE 7. McNemar's test on different methods with respect to DeepLabV3+(ResNet-101, pre-trained on imagenet, Dice Coefficient with Weight Loss).

McNemar’s Test
Methods Loss Functions Loss Weight ‘p-value’ with ‘p-value’ with
no continuity correction | continuity correction

U-Net Categorical Cross Entropy ‘no’ 5.123513xe~ 79 5.887469x e~ 79
SegNet Categorical Cross Entropy ‘no’ 5.448216x e~ 105 6.402622 x e~ 105
FCNS8s Categorical Cross Entropy ‘no’ 1.935747 x e =51 2.808303x e~ 51
ENet Categorical Cross Entropy ‘no’ 4.053112xe=87 5.820169 x e~ 87
Categorical Cross Entropy ‘no’ 1.174144 x =210 2260219 xe—210
‘yes 9.466543 x e 230 1.807002 x e—229
DeepLabV3+ Jaceard Index ‘no’ 1.148780x e~ 228 2.112613xe 228
(VGG16) ‘yes’ 2.827925x e~ 226 5.634394 x e —226
Dite Costricient ‘no’ 3.437014x e 133 6.056248 x e~ 133
‘yes 8.584517xe~76 1.262509 x e~ 7°
Categorical Cross Entropy ‘no’ 6.305704 x e~ 72 9.092791 x e~ "2
‘yes 2.495180x e~ 130 4.342783x e~ 130
DeepLabV3+ Jaccard Index ‘no’ 5.352554x e~ 182 9.696584 x ¢~ 182
(VGG19) ‘yes’ 2.179004 x ¢ =80 3.319981 x e~ 80
Dice Cosfficient ‘no’ 3J88415Xe—{45 5625502Xe—{45
‘yes 2.693779 x e =38 3.643865x e~ 38
Categorical Cross Entropy ‘no’ 1.765894 x ¢~ 16 2.239808 x e~ 16
‘yes 1.481467 x e~ 94 2.393157xe~ 9%
DeepLabV3+ Jaceard Index ‘no’ 1.997798 x e~ 131 3.442275x e~ 131
(ResNet-50) ‘yes’ 4.876897 x e~ 29 6.350494 x e—29
Dice Coefficient ‘no’ 2243259 x =92 3.825357xe=92
‘yes 7.292309 x e 253 1.502996 x e —252
Categorical Cross Entropy ‘no’ 7.786661 x e*éi 1.229495 x e*Z ;

DeepLabV3+ ‘yes 1717040 x e~ 2.465138x e~
(ResNet-101) Taccard Index ‘no’ 9.159958 x e =299 1.946905 x ¢ —298
‘yes 1.02527 x e~ 129 1.781583 x e~ 129
Dice Coefficient ‘no’ 1.133959 x e~ 196 2.209380x e~ 196

model 2 model 2
correct incorrect

a b

model 1
correct

C d

model 1
incorrect

FIGURE 8. lllustration of contingency table for McNemar's test.

B. EXPERIMENTAL SETTING

The method is implemented on a Windows 10 PC which has
a RAM of 16GB, an Intel Core i7 processor, a CPU speed
of 3.60 GHz, and an Nvidia GeForce GTX 1050Ti graphical
processing unit (GPU) (768 Nvidia Cuda cores). We used
Python 3.6 and ‘Keras’ API to build the proposed model.

C. EVALUATION METRICS

Accuracy, precision, recall, and f-measure are utilized for the
quantitative evaluation of the segmentation task. The metrics
are computed according to Egs. (7)—(10) where T, Ty, Fp,
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F, are the number of true positives, true negatives, false
positives, and false negatives at the pixel level, respectively.

T,+ T,
Accuracy = Ty + 1) @)
Ty +Fy,+T,+Fy)
. Ty
Precision = ————— 3
(T, + Fp)
Tp
Recall = ———— )
(Tp, + F)
(Precision x Recall)
F-measure = (10)

x (Precision + Recall)

McNemar’s Test or within-subjects chi-squared test is a
non-parametric statistical test that signifies the predictability
of models. The McNemar’s test uses a contingency table that
tabulates the outcomes of two different models as described
in Fig. 8. The McNemar test statistic (sometimes known as
the “‘chi-squared”) is calculated as follows:

2 _(b—op
 (b+o)

When the total of the b and c cells is considerably large,
x? follows a one-degree-of-freedom chi-squared distribution,
and we can estimate the p-value assuming that the null
hypothesis is true after setting a significant threshold, such
as o = 0.05. Another often used variety of the McNemar

(11
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FIGURE 9. Loss versus Epochs graphs during training and validation phases with respect to different loss functions.

statistic, the continuity corrected version, can be calculated
as follows:

2 _(b—cl =17

) 12)

D. PROCEDURE

In the proposed method, we applied different types of
pre-trained models such as VGG16, VGG19, ResNet-50, and
ResNet-101 with the ‘imagenet’ weight for the initial fea-
ture extraction. We have taken the output from two different
layers (L., Ly) with two different depths from each of those
backbone networks for the encoder and decoder respectively.
For the encoder, we applied ‘block5_conv3’, ‘block5_conv4’,
‘convd_block6_2_relu’, ‘convd_block23_2_relu’ as L. and
for decoder, ‘block3_conv3’, ‘block3_convd’, ‘conv2_b

lock3_2_relw’, ‘conv2_block3_2_relu’ layers are extracted
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as Ly from VGG16, VGG19, ResNet-50 and ResNet-
101 respectively. The details of these layers can be found
in Table 4.

The last column of Table 4 represents the total number
of trainable parameters for each of the backbone networks.
In the training phase, these parameters are adjusted by the
optimizer after backpropagation was employed for gradient
computation which means the ResNet-101 with a total train-
able parameter of 30,838,115 will need a substantial amount
of computation during the training process.

In the model, we have employed two types of activa-
tion functions. ReLU [50] activation function for internal
layers and Softmax [51] activation function in final layer
for the multi-class classification. For upsampling, we uti-
lized Bi-linear Interpolation to estimate the necessary val-
ues. We used Dice Coefficient Loss, Jaccard Index Loss and
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FIGURE 10. Accuracy versus Epochs graphs during training and validation phases with respect to different loss functions.

Categorical Cross-Entropy separately as loss functions and
the ‘adam’ optimizer while compiling the model. As most
of the pixels of our dataset are in the background, it creates
a class imbalance problem. That’s why we applied the Dice
Coefficient, Jaccard Index as loss functions to deal with the
problem and weighted the model’s loss contribution accord-
ing to Eq. (6).

E. RESULT ANALYSIS
The trained models are tested on the 100 images which
are different from the training dataset. We also tested the
proposed model on some of the other images from ‘The
Geograph® Britain and Ireland Project’ [49] to verify the
robustness of the model.

To understand the improvement of the proposed method
with ResNet-101 and dice coefficient loss over other
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methods, we compared the performance of different meth-
ods in Table 5 in terms of accuracy, precision, recall,
and f-measure. All of the evaluation metrics are pre-
sented with a margin of error at a 95% confidence
interval. Although Mana et al. [16] achieved a notable accu-
racy of 0.955+0.0047, it performs inadequately as it only
managed to produce 0.60940.0393, 0.55240.0399, and
0.571£0.0392 for precision, recall, and f-measure respec-
tively. This is also true for other popular segmenta-
tion methods such as U-Net, SegNet, FCN8s, and ENet
where we haven’t applied any pre-trained backbone dur-
ing the training process. We applied four different back-
bone networks (VGG16, VGG19, ResNet-50, ResNet-101),
three different loss functions (Categorical Cross Entropy,
Jaccard Index Loss, Dice Coefficient Loss) and com-
bine them with and without ‘loss weight’ so that we
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FIGURE 11. Comparison of different backbone networks used in DeepLabV3+ architecture with respect to multi-class ROC AUC on

ICCVO9DATA.

can analyze their effect on the method. In most cases,
the weighted version performs better than the unweighted
version of the loss functions. Every version of the mod-
els of the proposed method provides satisfactory results
with respect to the four evaluation factors i.e. accuracy,
precision, recall, and f-measure. Our method provides the
best result for ResNet-101 while using the Dice Coefficient
Loss with ‘loss weight’ and achieves accuracy, precision,
recall, and f-measure of 0.95961+0.0097, 0.9453+0.0118,
0.9369+0.0149, and 0.9408+0.0135 respectively which is
very promising compared to Mana et al. [16].

In Table 6, we attempted to evaluate the impact of
Dice Score, Jaccard Index, Dice Score Loss, and Jac-
card Index Loss for the test set. We applied Dice Score
and Jaccard Index in the model to quantify the perfor-
mance of the segmentation method. Again, the weighted
version produces better outcomes than the unweighted
version i.e. Dice_Scoreypyeightea < Dice_Scoreyighred,
Jaccard _Index,pyeighted < Jaccard _Indexyyeighted »
DS_Lossynweighteda > DS_L0SSyeighted, and likewise
JI_LOSSunweighted > JI_Lossweighted .

Specifically, the ResNet-101 outperforms other models as
it achieves a Dice score of 0.9586+0.0086, 0.960140.0097,
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a Jaccard Index of 0.957940.0106, 0.9584+0.0099, a Dice
Score Loss of 0.041440.0086, 0.03994+0.0097, and a Jac-
card Index Loss of 0.0421+0.0106, 0.04164+0.0099 for the
unweighted and weighted version respectively.

A non-parametric statistical test such as McNemar’s test
has been carried out on different methods to demonstrate the
statistical significance of the proposed ResNet-101 model.
The details of the experiment are presented in Table 7. Table 7
shows that the p-value of the test is considerably less than
the threshold i.e. 0.05 in both cases, regardless of whether
the continuity correction is used or not which indicates that
we can reject the null hypothesis for both cases and conclude
that the performance of the proposed model is significantly
different from the other methods.

For determining the best loss function for our method,
the effects of different loss functions on the models are
analyzed in Fig 9. Every loss function is expressed with and
without ‘loss weight’. For categorical cross-entropy, the loss
is presented on the scale of (0 ~ 3) and for other loss func-
tions, a scale of (0 ~ 0.5) is used. Every subfigure exhibits
the loss vs epochs curve for the training and validation phase
and for each of the backbone networks. According to Fig. 9a,
and Fig. 9b, in categorical cross-entropy, for both versions,
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FIGURE 13. Segmentation outputs from the DeepLabV3+ architecture based on different backbone networks with various loss functions.

the training loss decreases after each epoch and the validation
loss remain approximately constant after decreasing at a cer-
tain point. For other loss functions i.e. Jaccard Index Loss and
Dice Coefficient Loss, both the training and validation loss
decrease after each epoch. While categorical cross-entropy is
maintaining the approximately same loss for the validation
set, Jaccard Index and Dice Coefficient Loss are assisting
the models to learn significantly on the training and valida-
tion data by decreasing the train and validation loss in each
epoch. Moreover, the loss generated by models with Dice
Coefficient Loss for the training and validation phase is much
lower compared to models with other loss functions. There-
fore, from the graphical representation of loss functions, it is
evident that the models with dice coefficient loss perform
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better than the models compiled with other loss functions.
Similarly, we inspected the accuracy vs epochs curves for
every model, as shown in Fig.10 which provides sufficient
evidence that the proposed DeepLabV3+ architecture with
ResNet-101 model compiled with Dice Coefficient loss with
Loss weight is free of overfitting. Table 8 shows the average
time of each epoch during the training process for different
methods, where averages are calculated over 100 epochs.
The DeepLabV3+- with ResNet-101 and dice coefficient loss
takes relatively a little bit more time for a single epoch than
other methods.

In Fig. 11, we present the ROC plot for the different back-
bone networks with Dice Coefficient Loss, where class 0,
classl, and class 2 indicate road, background, and road
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TABLE 8. Average time per epoch for different methods during training
phase along with different loss functions such as Categorical Cross
Entropy (C_Cross), Jaccard Index (Jaccard), and Dice Coefficient (Dice).

higher area presents that the model has high-class separation
capability. According to the plot, ResNet-101 performs more
reliably as it maintains a significant area under curve for

Methods Input LOS_S L(,’SS Time every class. Fig.12 illustrates the loss and accuracy graphs of
Shape Function | Weight | (Seconds) h d DeepLabV3+(ResNet-101 ined .
U-Net 256x256x3 | C_Cross | ‘mo’ | 253714 the proposed DeepLabV3+(ResNet-101, pre-trained on ima-
SeaNet 256x256x3 | C_Cross no’ 27.6504 genet) with respect to other popular segmentation networks
FCNS8s 256%256x3 | C_Cross ‘no’ 31.0459 (without any pre-trained backbones). The proposed method
ENet 256x256x3 | C_Cross ‘no’ 28.7024 has a lower training and validation loss than other methods,
C Cross ‘no’ 30.5015 as demonstrated in Fig.12. Similarly, the training and val-
yes 30.0419 idation accuracy is higher than the respective training and
D?:%é‘i:; T | 256x256x3 | Jaccard ‘";, 53.232(7) validation accuracy of other methods. Furthermore, for both
) Zil p 315774 subgraphs, the proposed method converges in less numb(?r of
Dice “yes’ 297571 epochs compared to other methods (without any pre-trained
C Cross ‘no’ 29.3566 backbone networks).
- ‘yes’ 29.0868 To estimate the best model with respect to the loss function,
De:}’éé‘i\g’“ 256x256x3 | Jaccard | 1O ;(1);;1; the segmentation outputs of different models for various loss
( ) yes : functions are illustrated in Fig. 13. The first and second
. ‘no’ 30.7830 . .
Dice yes 303579 column present different shapes of roads and their corre-
e o’ 302095 sponding ground truth values. Later, we offer the results of
—TOSS s 283215 each of the input images for different backbone networks
DeepLabV3+ | o ooc n | Jaccard ‘no’ 28.4802 with three different loss functions. After carefully analyzing
(ResNet-50) yes 30.4335 the segmentation results, it is apparent that the output gener-
Dice no 29.2432 ated by ResNet-101 with dice coefficient loss approximately
‘yes’ 28.5952 .
o 30,9885 resembles the corresponding ground truth values.
C_Cross — Jes 31.4643 Figure 14 compares the segmentation r§sults of ' the
DeeplabV3+ | oo hee o | oo “no’ 31.4009 proposed DeepLabV3+-(ResNet-101, pre-trained on ima-
(ResNet-101) DX acear ‘yes’ 31.2117 genet) with other popular segmentation methods where no
Dice “HO” 33.4448 pre—tra.ined network is appliefi during the trainir.lg process.
yes 34.0404 To verify the robustness of different methods, Fig. 14 uses

different shapes of roads as inputs, and all the models are

boundary respectively. The higher the area, the better the
model is at predicting different classes. Also, a model with a
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trained for 100 epochs. Although the results generated by
U-Net, SegNet, FCN8s are almost good, these models clearly
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need much more number of epochs during training to reach
convergence and the segmentation results of the ENet are
deeply inadequate compared to other methods. On the other
hand, the proposed method accurately identifies the road,
road boundaries, and background for each of the images.
These results clearly show that the proposed method is quite
effective in estimating the boundaries of various challenging
shaped roads.

V. CONCLUSION

The revolution introduced by autonomous vehicles will
transform the traditional transportation system for good.
Therefore, accurate detection of the road boundary can
help to develop intelligent vehicles for future road
transportation.

In this paper, we proposed a method with DeepLabV3+-
Architecture and by adopting different pre-trained deep neu-
ral network based models for road boundary estimation.
One of the advantages of the work compared to traditional
feature-based methods is that our method does not require any
existing road markings for the estimation of road boundaries.
The atrous convolution of DeepLab preserves the spatial
resolution of feature maps which is quite beneficial for seg-
mentation. The robustness of the model is further accelerated
by transfer learning as it allows our method to use pre-trained
networks, trained on the Imagenet dataset, for the segmen-
tation task. Besides, as the number of background pixels
is considerably high compared to road and road boundary,
we applied customized loss functions i.e. Dice Coefficient
loss and Jaccard Index loss as they consider overlap while
estimating loss function and weighted the loss contribution
of the model’s different output. Analyzing the outputs of
the method, we can conclude that the proposed method with
ResNet-101 and Dice Coefficient Loss is quite adequate for
challenging environments such as the different shapes of
roads and various brightness situations as the method out-
performed other networks regarding the accuracy, precision,
recall, and f-measure.

For uniform and straight roads, our method is capable of
determining the road boundary. Although the overall bound-
ary estimation for crossroads and roads with bending is com-
paratively good, it requires further improvement. Very often
potholes and damaged roads are the cause of road accidents.
In the future, we also plan to develop models that can detect
potholes and road damages along with road boundaries so that
undesired accidents and mishaps can be prevented.
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