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Abstract : This research sought to address the crucial challenge of enhancing nighttime curb segmentation in autonomous
driving systems. The study delved into the limitations of using cameras, especially in low-light conditions, and its effects on
image semantic segmentation and curb detection. To overcome these challenges, a camera-based method was proposed,
leveraging both synthetic day images and real images for domain transfer. The algorithm comprised a dedicated generator
network for translation and a segmentation network trained with a conventional loss function. The results of the experiment
demonstrated a 124 % improvement in curb segmentation performance by F1 score, along with a 24 % increase in precision,
compared to the benchmark. The findings underscored the method’s significant potential in augmenting nighttime curb
segmentation. This approach would be poised to contribute substantially to the development of safer autonomous vehicles
that are equipped with heightened perception capabilities.

Key words : Autonomous vehicle, Curb detection, Contrastive unpaired translation, Domain translation, Semantic
segmentation

1. Introduction measuring the vehicle’s surroundings and inertial sensors

With the increasing interest and investment in measuring the vehicle’s motion states are utilized.
autonomous driving system, research on autonomous Environmental sensors commonly include cameras,
vehicle technology is advancing. Research on autonomous LiDAR, and radar, while inertial sensors include an Inertial

vehicle can be divided into generally four parts: Measurement  Unit(IMU). Cameras, being the most

perception, localization, decision-making, and control."*
Perception is the process of recognizing the vehicle’s
surrounding situation to understand its current state.
Localization measures the vehicle’s current position
directly or indirectly. Decision-making involves determining
what actions to take in the current state, and control is the
process of executing those actions. Among these,
perception is the first and crucial step in autonomous
driving, and the accuracy of perception can significantly
impact the other three functions.” In extreme cases,
inaccurate perception may lead to serious accidents.
Therefore, accurate and robust perception is essential for
autonomous driving system.”

In perception for autonomous driving, environmental sensors

*Corresponding author, E-mail: juhuigim@changwon.ac.kr

informative sensor, play a fundamental role, and semantic
segmentation is a primary method for recognizing objects
from camera images.”® This method can detect curbs, lane
markings, road signs, traffic signals, pedestrians, and other
vehicles. Curb detection is crucial as it signifies the
boundary of the roadway, ensuring that the autonomous
vehicle remains in the appropriate region.

There are various methods for detecting curbs using

1) classified into filter-based”'® and deep

cameras,
learning-based  approaches.””'®  Filter-based ~methods
require engineer intuition, demanding significant effort and
time. In contrast, deep learning-based methods require less
effort for design and offer superior performance.

There is a critical issue in using camera images for curb
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(b) night

Fig. 1 Curb in images of (a) daytime and (b) nighttime

detection. Particularly at night, when the visibility of
camera images is lower than during the day, the visibility is
poor, as shown in Fig. 1 where the red boxes indicate the
curbs. Due to the insufficient lighting in nighttime scenes,
information within the images decreases, leading to a
reduction in object distinguishability. This adversely
affects the performance of image semantic segmentation,
increasing the risk of accidents for autonomous vehicles
operating at night. While lane markings are often designed
to be easily visible in nighttime driving environments
through the use of special coatings, curbs are typically
located in areas not illuminated by vehicle headlights.
Additionally, the visibility of curbs in camera images is
further compromised as the emphasis is on spatial
distinctiveness rather than visibility. Consequently, it has
been observed that the detection performance of curbs
significantly declines during image segmentation in
nocturnal environments. Although methods utilizing
LiDAR in addition to camera images have been proposed
to enhance curb detection performance at night,'®*" they
have not been widely adopted in production vehicles yet
due to the cost and maintenance considerations associated
with LiDAR. Thus, image-based curb detection remains
affordable and
lower-maintenance solution, despite the higher perception
performance offered by LiDAR.

This study introduces a curb detection algorithm that

crucial as it provides a more

combines semantic segmentation with a domain translation
technique aimed at enhancing the visibility of nighttime
images, all without relying on less practical and costly
sensors. The domain translation technique, designed using
the Contrastive Unpaired Translation(CUT)?

effectively minimizes the domain gap between night and

approach,

day scenes.
The subsequent sections of the paper are organized as
follows: Chapter 2 delves into the foundational techniques

employed in crafting the proposed algorithm. Chapter 3
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provides a detailed explanation of the algorithm. Chapter 4
presents the evaluation results of the algorithm. Finally,
Chapter 5 summarizes the conclusions drawn from the

study.

2. Background Knowledge

Our primary approach for proposing a segmentation
algorithm involves combining a segmentation technique
with a domain translation technique to enhance curb
detection performance at night. To elaborate on the details
of our approach, we introduce the background research for

the proposed method.

2.1 PSPNet for Segmentation

Semantic image segmentation entails classifying pixels
in an image based on semantic categories, essentially
assigning each pixel a label corresponding to its semantic
content. Typically learned through supervised learning
with images and corresponding labels, research in semantic
image segmentation often centers on determining the
model architecture and effective training methods.
Convolutional Neural Networks(CNNs), well-known for
feature extraction in images, are commonly employed in

this context.”>>

Recently, there has been significant
attention on methods utilizing Vision Transformers
(VIT),?**® known for their superior performance compared
to CNNs. However, VIT poses challenges in training as it
requires a substantial amount of data.

Meanwhile, Pyramid Scene Parsing Network(PSPNet)*
is renowned as one of the popular image semantic
segmentation networks. PSPNet consists of an encoder and
decoder, utilizing different sizes of average pooling
between them. This design allows PSPNet to consider both
large-scale and small-scale features. Therefore, we
employed PSPNet for segmentation in the proposed

algorithm.

2.2 CUT for Domain Translation

Domain translation is a task involving the transfer of
images from one specific domain to another. Numerous
studies have aimed to enhance performance by modifying
various aspects such as the training structure, loss
functions, models, and input data. Image-to-image domain
translation is typically categorized into paired translation

and unpaired translation, commonly trained using the
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Generative Adversarial Network(GAN) framework.””

When a sufficient amount of paired data is available,
establishing a clear relationship between the source and
target domains allows for the existence of correct answers
for domain translation. An influential learning method for
paired translation is Pix2Pix,*” which applies the
conditional GAN idea to image-to-image translation.’”
Pix2Pix employs a generator that takes input data from the
source domain and a discriminator that considers both
target and source domain data, maximizing paired
characteristics to enhance learning performance.

In the case of unpaired data, where no clear correlation
between the source and target domains exists, research has
focused on defining relationships before and after domain
translation to improve performance. A representative

32) which utilizes two generators for

example is CycleGAN,
transforming from A to B and B to A, along with
discriminators for each domain. The loss function is
designed based on the premise that when A is transformed
into B and then reconstructed back into A, the results
should be similar.

However, the loss function of CycleGAN is often too
strict, imposing limitations on performance improvement.
To address this issue, CUT was developed. CUT applies
contrastive learning to unpaired image-to-image translation,
defining the loss function at the feature level rather than
the pixel level, thereby enhancing learning performance.

In this study, where the source domain is daytime and
the target domain is nighttime, each with unpaired data, the
structure of CUT was modified to determine the training

structure.

3. Proposed Method

We propose a new segmentation algorithm for
enhancing nighttime curb segmentation performance. The
algorithm design process consists of an algorithm
architecture design and a training architecture design. The
algorithm architecture is designed to be implemented as a
detection function of autonomous vehicles. The training
architecture is designed for effective training the algorithm

network.

3.1 Algorithm Architecture
The algorithm architecture comprises a domain

translation network and a segmentation network, as

| Domain o |
| Transtation [ '] ——+rSegmentation

Qriginal night image T * Synthetic day image " Curb segmentation

Fig. 2 Algorithm architecture of proposed method
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Fig. 3 Network structure for (a) domain translation and (b)
segmentation

illustrated in Fig. 2. The domain translation network aims
to enhance the visibility of nighttime images by
transforming the input images from the night domain to the
day domain. The domain translation network is designed
with typical encoder-decoder structure with residual
blocks, as depicted in Fig. 3(a). The synthetic image
generated by the domain translation network exhibits
higher visibility than the original input image.

The segmentation network functions by processing the
concatenation of the original image and the synthetic
image as its input. Including the original image in the input
prevents the segmentation network from losing crucial
information, thereby ensuring a performance level at least
equivalent to conventional methods. The segmentation
network is structured with an encoder-decoder architecture
featuring a pyramid average pool network, as depicted in
Fig. 3(b). The output of the segmentation network involves
pixel-level classification with two classes, determining

whether a pixel corresponds to a curb or not.

3.2 Network Training Method
To train the networks within the algorithm architecture,
we propose a new training method illustrated in Fig. 4. The

architecture consists of four networks: Generator (G),
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Fig. 4 Training architecture (a) Stagel for training the
segmentation network and (b) Stage 2 for training
domain translation network

Feature extractor (F), Discriminator (D), and Segmentation
(S) networks. G, the encoder part of G, is used to extract
some features from synthetic images. In this proposed
structure, the generator performs domain transition, and its
network is trained using the loss function adopted from the
CUT method.

The training process consists of two stages: Stage 1 and
Stage 2, each executed in turn and iteratively. In Stage 1,
the discriminator and the segmentation network are
trained, while the generator remains frozen, as depicted in
Fig. 4(a). The discriminator evaluates both authentic

daytime domain images and synthetic daytime images

660 s=EAEaSEE =2 A32A A8E, 2024

Day image

prediction (0~1)
(Real or Synthetic)

(a) Discriminator network

—l i we |0 O

809

Input images

Features of input images from G, Features of input images from F

(b) Feature Extractor network

Fig. 5 Functions of (a) discriminator (b) feature extractor

generated by the generator, determining whether the input
is genuine or not, as illustrated in Fig. 5(a). Meanwhile, the
segmentation network handles the original nighttime image
and its corresponding synthetic daytime image, generated
from the nighttime images. When provided with a daytime
image, the segmentation network takes an array that
concatenates two original daytime images as its input. The
total loss of Stage 1 is given by:

Lo =WurLetn(G, D, X, Y)+w_ L (G,S,X,Y,C), )

stagel segseg
where wus and w,, are weighting factors for the
adversarial GAN loss L. and the segmentation loss Li.,,
respectively. X refers the dataset of nighttime, Y stands for
the dataset of daytime, C means the segmentation labels
for given datasets.

The adversarial GAN loss is expressed in the form of

Binary Cross-Entropy (BCE) as:

L4(G.D.X.Y)= E (logD(y))+ E (1~ log D(G(x))). @)

The segmentation loss is defined using Cross-Entropy
(CE), as follows:

L (G,S,X,Y,C)=

| E CE(S(x,G(x)e)+ E CE(S(ry)e,). (€)

¢ ~C, ¢,~C,

It is noteworthy that the blue-boxed part of the training
architecture of Stage 1 shown in Fig. 4(a) is exactly the

same as the algorithm architecture. Therefore, the
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segmentation network is trained similarly to the algorithm
architecture.

In Stage 2, the generator and feature extractor are
trained, while the discriminator and segmentation network
remain frozen. Fig. 4(b) illustrates the training architecture

of Stage 2. The total loss of Stage 2 is defined as follows:

L

stage2

Wadvl‘udv(G’D’X’Y)+w L (G’F’X)

con™"con

+w. L (G,S,X,Y,C),

segseg

4)

where L., is the patch noise contrastive estimation
(PatchNCE) loss™ and w.,, is the corresponding weighting
factor.

The PatchNCE loss is crucial in the context of CUT.
PatchNCE focuses on feature-level similarity rather than
pixel-level similarity between real and synthetic images.
Consequently, it offers a less stringent definition of loss for
image comparison, making it suitable for reconstruction
loss in unpaired image-to-image translation. As shown in
Fig. 5(b), a feature extractor is required to compare two
images at the feature level.

It is also worthwhile to mention that the red boxed part
of the training architecture of Stage 2, as shown in Fig.
4(b), is exactly the same as the training architecture of
CUT. The generator is trained similarly to CUT for domain
transition, and we incorporated segmentation loss into the
CUT architecture to account for segmentation performance
in image generation.

The objective of overall training process including

Stages 1 and 2 is as follows:

min max{L
0;.05.0p 0,

Ls/agez}’ (5)

'stagel +

where O, Os, OF, and Op network parameters of G, S,
F and D, respectively. The overall training flow of the

proposed method is shown in Table 1.

3.3 Dataset and Training Result

The “Autonomous Driving 3-D Image under Unusual
Environmental Conditions” dataset was acquired from
AI-Hub.*® Comprising 11,763,600 data points, it includes
front-view images, LiDAR point clouds, 2D segmentation
annotations, bounding boxes of 3D objects, and additional

environmental information such as weather. A subset of the
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Table 1 Nighttime curb segmentation training algorithm

Algorithm: Training method of nighttime curb segmentation

Input: night and day domain dataset X, Y; generator G;
discriminator D; Feature Extractor F; Segmentation network S;

1 Initialize G, D, F, S with random weights
2 for epoch do

3 for batch do

4 Get batch x~X, y~Y

5 <Stage 1>

6 Freeze G, F and activate S, D

7 Generate Synthetic day image x from night image x
8 Calculate Adversarial GAN loss

9 Predict curb at night domain

10: Predict curb at day domain

11: Calculate Segmentation loss

12: Calculate Stagel loss

13: Update network S, D

14: <State 2>

15: Freeze S, D and activate G, F
16: Generate Synthetic day image X from night image x
17: Calculate Adversarial GAN loss
18: Calculate PatchNCE loss

19: Calculate Segmentation loss

20: Calculate Stage 2 loss

21: Update networks G, F

22: end for

23:  end for

Table 2 Hyperparameters for training

Parameter Value
Batch size 2
Max epoch 300
Learning rate for G 2x10*
Learning rate for D 2x10*
Learning rate for F 2x10*
Learning rate for S 1x10°
Waay for Stage 1 1.0
Wieg for Stage 1 1.0
Waay for Stage 2 1.0
Wieg for Stage 2 1.0
Weon for Stage 2 1.0
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Fig. 6 Training loss of the proposed method

data, comprising 1,000 night domain images and
segmentation annotations sampled from the full night
dataset, along with 2,759 day data from the complete day
dataset, was used for training. The image size was resized
from 1,920 x 1,200 to 640 x 400.

The major hyperparameters for training are listed in
Table 2. The validation was conducted in a Python 3.10.6.
For implementing deep learning network, we use pytorch
1.13.0. All algorithms were processed by the workstation
which consists of Intel Xeon CPU E5-2630 v4 @ 2.20
GHz and Nvidia GeForce RTX 4090 GPU.

In Fig. 6, the training loss across epochs is depicted.
Both Ly, for Stages 1 and 2 exhibit a gradual decrease.
Additionally, L., for Stage 2 also shows a gradual
decrease. The adversarial losses, La, for both Stage 1 and
Stage 2 are trained in an adversarial manner. Consequently,
at the initial stages of training, L.s for Stage 2 decreases
while L4 for Stage 1 increases, indicating the generator’s
initial advantage over the discriminator. However, as
training progresses, L.q for Stage 2 increases, and L, for
Stage 1 decreases, signifying a shift where the

discriminator begins to outperform the generator.
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Fig. 7 (a) The architecture and (b) the network structure of
the benchmark algorithm

4. Algorithm Evaluation

4.1 Test Dataset

The test data utilized in this study is also extracted from
the AI-Hub dataset. In validating the proposed method, a
distinct test dataset, separate from the training phase, is
employed. Specifically, 100 night images and 177 day

images are utilized for testing.

4.2 Benchmark Algorithm

The comparison between the proposed method and a
benchmark method is conducted using the test dataset. In
Fig. 7, the network and training architecture of the
benchmark algorithm are illustrated. The benchmark
algorithm infers curb segments based on the original
image, utilizing a cross-entropy loss function identical to
Ly, in the proposed method. The parameters of the
benchmark network align with the segmentation network
of the proposed network, and the learning rate for the

benchmark algorithm is set at 1 x 107,

4.3 Metrics

For validation, metrics such as Precision and F1 score
are employed, which are commonly used in segmentation
tasks. Precision represents the proportion of correct
positive predictions among all positive predictions,
indicating a high level of confidence in the predictions
when Precision is high. F1 score is the harmonic mean of

Precision and Recall, where Recall is the ratio of correct
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positive predictions to all actual positive ground truth,
revealing how many of the positive answers were correctly
predicted.

If a model is solely focused on increasing Precision, the
model aims to minimize positive predictions for a higher
value of Precision. Similarly, if a model is solely focused
on increasing Recall, the model aims to maximize positive
predictions for a higher value of Recall. Therefore, F1
provides a balanced metric to evaluate segmentation
performance. Additionally, excessively low Precision may
lead to ‘spurious detections’ and create issues in
autonomous vehicle control. Hence, both Precision and F1

are utilized as crucial validation metrics.

4.4 Result
Fig. 8 presents the validation results comparing the
benchmark method to the proposed method. The proposed

algorithm demonstrates a 24 % higher Precision and a 124

Performance of night-time curb segmentation

[N Benchmark
[ Proposed

0.4227

0.6 0.5513

0.5
0.4
0.3
0.2
0.1

F1-score

Precision

Fig. 8 Performance of nighttime curb segmentation

Benchmark

Fig. 9 Qualitative results of five sample cases

% higher F1-score for nighttime segmentation compared to
the benchmark algorithm.

In Fig. 9, segmentation results for five representative
cases are illustrated. The first column displays the original
night image, while the second and third columns represent
predictions from the benchmark algorithm and the
proposed algorithm. The background image in the third
column consists of synthetic day images created by the
generator. The green and yellow areas indicate the ground
truth curb, while the red and yellow areas represent the
curb predictions of each algorithm. Although the synthetic
images resemble daytime scenes, they lack realism. This is
attributed to the L, of Stage 2, which prompts the
generator to prioritize segmentation performance.
Consequently, the generator produces images that are
realistic yet optimized for segmentation performance. In
Case 1, the benchmark algorithm fails to detect the curb on

the right side, whereas the proposed method successfully

Table 3 Performance metrics of sample cases

Case Benchmark Proposed
number Precision Fl-score Precision F1-score
Case 1 0.5462 0.4203 0.6229 0.6718
Case 2 0.8375 0.0663 0.5426 0.4606
Case 3 0.4322 0.1399 0.8521 0.8573
Case 4 1.0000 0.4214 0.9895 0.7394
Case 5 0.5052 0.4901 0.5593 0.6233
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Fig. 10 Histogram of performance metrics
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identifies all curbs in the image.

Table 3 provides performance metrics for the cases
depicted in Fig. 9. The Fl-score of the proposed method
surpasses that of the benchmark algorithm in every case. In
Cases 2 and 4, where the curb is nearly undetected,
Precision values are remarkably high, indicating minimal
false positives. However, the overall performance is better
evaluated through the F1-score.

Fig. 10 illustrates the histogram of the performance
metrics. Compared to the benchmark algorithm, the
proposed algorithm demonstrates a reduction in cases with
low performance and an increase in cases with high
performance.

In summary, the results and analysis lead to the
conclusion that the proposed algorithm structure, combined
with the training methodologies, effectively enhances

segmentation performance during nighttime conditions.

5. Conclusion

In this research, we proposed a method to enhance
nighttime curb segmentation performance. The central
concept of our algorithm architecture involved using
synthetic day images and real images as inputs for the
segmentation network. To generate synthetic images, we
designed a generator network for domain translation. The
segmentation network underwent training with a typical
loss function for pixel-wise segmentation, while the
translation network was trained using the loss function
adopted from the CUT method. The proposed algorithm
demonstrated a 24 % increase in precision and a 124 %
improvement in curb segmentation performance by Fl1
score compared to the benchmark. This study reveals that
the method significantly enhances nighttime curb
segmentation performance. Consequently, the enhanced
nighttime curb segmentation is anticipated that
autonomous vehicles will possess more robust perception

capabilities, fostering the development of safer systems.
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