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Abstract—Road segmentation enables vehicles to distinguish between drivable areas and the
rest of the environment, which is crucial for autonomous driving and Advanced Driver
Assistance Systems (ADAS). Incorrect segmentation is caused by conventional computer vision
systems' failure to deal with complex road textures, varying lighting, and occlusions. This work
proposes a road segmentation model based on deep learning that employs a U-Net architecture
with skip connections and transposed convolution layers for high-resolution segmentation to
address these challenges. Based on experimental results, the proposed approach enhances
segmentation accuracy and reliability by attaining a validation accuracy of 85.6%. The
findings enable intelligent transportation systems to enhance lane-keeping, real-time navigation,
and overall driving safety. To further improve segmentation performance in challenging
scenarios, next-generation work will focus on pairing transformer-based architectures with self-
supervised learning.

Index Terms—Semantic segmentation, Deep learning, U-Net, ADAS, Autonomous driving,
Road segmentation, Lane detection, Computer vision.

|. INTRODUCTION

Driving in modern cities presents numerous challenges, including navigating through heavy traffic, identifying
lane markings, and detecting obstacles such as pedestrians, vehicles, and road signs. Poor visibility due to
weather conditions like fog and rain further complicates the driving experience. Traditional systems rely on
human perception, which may not always be quick or accurate enough to respond to sudden changes in the
environment. This increases the need for intelligent systems that can assist drivers in making better decisions on
the road. Without such systems, drivers must rely entirely on their judgment, which can lead to errors in complex
situations. As road networks become more congested, the demand for smart assistance in vehicles continues to
grow. A key component of Advanced Driver Assistance Systems is road scene segmentation, which helps cars
recognize and categorize various aspects of the road environment. Particularly in dynamic metropolitan
environments, traditional segmentation techniques frequently have trouble distinguishing between road surfaces,
walkways, pedestrian crossings, and obstructions. Seasonal changes like snow or intense rain, variations in road
texturing, and lighting can all further impair segmentation models' accuracy. To help drivers make safe
decisions, a trustworthy road segmentation system must be able to differentiate between lanes, curbs, cars,
pedestrians, and other objects in real time. Improving segmentation accuracy is crucial for intelligent driving
systems because it improves navigation, lane-keeping, and collision avoidance. Advanced Driver Assistance
Systems have been introduced to enhance driving safety and efficiency.
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These systems use cameras and sensors to identify road elements and provide real-time alerts or assistance. They
help in lane-keeping, detecting nearby objects, and preventing collisions. However, existing ADAS solutions
sometimes struggle in complex environments, such as urban traffic with multiple moving objects or night-time
driving.

Il. LITERATURE SURVEY

Road segmentation has evolved over time, shifting from manual feature-based techniques such as those
investigated by Nguyen [1] to CNNs and other recent deep learning approaches as represented by Farnoush
Zohourian [2]. Zhangyu Wang's [3] captured long-range dependencies more accurately than CNNs. LiDAR-
based segmentation enhances road detection under various lighting conditions, as proposed by Dimitris Zermas
[4], and research by Imad Ali Shah on hyperspectral photography [5] enhances material classification to enable
accurate segmentation. LIiDAR, RGB, and radar data are some examples of multi-modal sensor fusion that
Vachmanus [6] has explored to handle challenging scenarios such as snowy roads. XIONG's research on the
Pixel-wise Attention Module and Dual Channel-wise Attention Fusion Module [7] illustrates how attention
mechanisms enhance segmentation accuracy further. Hybrid approaches have also been researched to enhance
segmentation robustness, Xu's [8] integration of GPS trajectories with remote sensing images and Megalingam's
[9] combination of deep learning with the Hough Transform. Jie Mei's [10] satellite image-based extraction with
the use of U-Net variants and Zhen Liu's [11] road segmentation using UAV illustrate the aerial imagery's
potential for road detection. Finally, scene segmentation techniques utilizing single-image deep learning models,
like those released by Jose M. Alvarez [12], assist in offering a better comprehensive understanding of road
structures and enhancing the reliability of road segmentation in a range of environments.

A. Traditional Approaches

Traditional road segmentation techniques have blended several methods, each with its own advantages and
limitations. Among the earliest were edge detection-based techniques, as outlined by Nguyen [1], and
thresholding-based techniques, as outlined by Pedro Azevedo [13]. Region-based segmentation was investigated
by Farnoush Zohourian [2], who noted that it was noise-sensitive and lighting-sensitive. As researched by Imad
Ali Shah [5], texture-based approaches improved segmentation accuracy but were still constrained by
computational expense. While they had a high cost of processing, probabilistic models such as Zhangyu Wang's
[3] treatment of Conditional Random Fields and Markov Random Fields enhanced segmentation performance.
Improved feature categorization was achieved with machine learning-based approaches, as Yongyang Xu [8]
demonstrated, but these needed manual feature engineering. Bichen Wu's comparison of graph-based models
[14] showed that they suffered from adaptation problems, particularly in dynamic environments. Severe
limitations were also posed by occlusion-related issues and real-time requirements, according to Farnoush
Zohourian [15]. To overcome these challenges, Xiaofeng Ren [16] advocated the application of deep learning
models, which have been found to be more robust and scalable in road segmentation tasks.

B. Deep Learning-Based Approaches

Road segmentation has undergone a significant change with the advent of deep learning, which employs CNN
and transformer-based architectures to enhance accuracy and efficiency. Imad Ali Shah [5] and Zhangyu Wang
[3] employed DeepLabV3+ with Atrous Spatial Pyramid Pooling for multi-scale feature extraction, whereas
Nguyen [1] and Farnoush [2] explored Fully Convolutional Networks and U-Net for end-to-end pixel-wise
classification. Hongming Peng [17] and HongTan [18] investigated attention-based models such as Coordinate
Attention and CBAM, while Pengfei Liu [19] and Gabriel L. Oliveira [20] investigated Vision Transformers for
modeling long-range dependencies. Jun Wang [21] proposed that DPNet improves over Deeplabv3+ by
introducing a Shuffle Attention Module to enhance informative feature representation.

Shaoyi Mo [22] and Chunhui Bai [23] developed hybrid models that are transformers-CNN combinations,
SwinURNet, to reinforce contextual learning. Bichen Wu [14] and Zhen Feng [24] introduced superpixel-based
segmentation that simplifies complexity without affecting boundary accuracy for efficiency in computation.
Shiyu Xiang [25] and Xuegang Hu [26] presented light models such as LFFNet and networks based on
MobileNetV2 for real-time systems. Seunghun Lee [27] designed cross-domain generalization techniques in
domain adaptation, and Anusha A. Nandargi [28] and Andres Milioto [29] analyzed LiDAR-based segmentation
towards improved depth understanding. Qiumei Pu [30] and Zhigian Xiong [7] designed hybrid CNN-
transformer models that balance local detail extraction with the global perspective, and Pedro Azevedo [13]
analyzed the detection of damage on high-speed roads using YOLO-based methods. In addition, Zhigiang Xiong
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[7] and Dong Wenkuan [31] utilized Generative Adversarial Networks to enhance segmentation under conditions
of poor visibility.

C. Datasets for Road Segmentation

Road segmentation has been significantly advanced by deep learning and computer vision, owing to the
significant work of many scholars. Road cracks were detected in datasets like CracklT and DeepCrack by
Nguyen [1] using CNN-based methods. Urban road segmentation was improved by Farnoush Zohourian [2] and
Pedro Azevedo [13] using superpixel-based CNNs and CRFs. While Seunghun Lee [27] and Megalingam [9]
focused on domain adaptation that allows for generalization over diverse contexts using datasets such as GTAS
and Mapillary Vistas, hyperspectral images were employed by Imad Ali Shah [5] for enhanced material
discrimination in road surfaces. Mahdi Pahlevani et al. [32] progressed the research on automatic road extraction
from high-resolution remote sensing imagery by providing the DeepGlobe Road Extraction Dataset, containing
8,570 satellite images labeled for road segmentation.

D. Challenges

With artificial datasets-trained models struggling to generalize to real-world environments, domain adaptation
remains a significant issue. To make models more resilient, Lee [27] suggests the application of transfer
learning and adversarial training. Alvarez [12] recommends the use of weather-invariant features and multi-
sensor fusion to counteract the adverse impact of weather conditions such as rain and fog on segmentation
accuracy. Ren [16] and Hu [26] give data augmentation and loss function modifications to address class
imbalance, leading to skewed models when road pixels dominate datasets.

According to Wang [33] and Zermas [4], LiDAR-based segmentation provides more accurate depth information
but has drawbacks such as sparse point clouds. For improved performance, they suggest integrating LiDAR and
visual data. Xiong [7] a investigated attention-based models, which enhance feature extraction but come with
added computational costs that necessitate real-time optimization methods.

E. Recent Advances and Trends

The objective of current advancements in road segmentation has been efficiency and precision. Jie Mei's
CoANet [10] and Xuegang Hu's LFFNet [26] improve feature extraction locally and globally by incorporating
CNN and Transformer architectures. Pedro Azevedo's YOLOP [13] and Rajesh Kannan Megalingam's Dynamic
Lane Segmentation [9] achieve maximum computation efficiency by using multi-task learning when integrating
segmentation with detection and tracking.

With such models as DCN-Deeplabv3+ [17] and SwinURNet [3], self-supervised learning has taken on greater
importance, reducing the necessity for labeled data. Real-time deployment of ADAS systems on edge devices is
facilitated through light-weight structures such as MobileNetV2 [2] and EfficientNet [27]. Liang-Chieh Chen
[34] and Qiumei Pu [30] have examined multi-scale feature learning, which effectively handles challenging road
conditions.While Vision Transformers [14] and Swin Transformers [19] enhance feature extraction, attention
methods in HSI-based segmentation [5] and enhanced DeeplabV3+ [31] enhance feature selection. Multi-modal
sensor fusion enhances road perception in adverse conditions, as per Anusha A. Nandargi [28] and Ziyi Chen
[35].

1. DATASET

One of the largest and most diverse collections of real-world driving data is the BDD100K dataset, which is
utilized to train and test autonomous driving systems. It contains 100,000 videos recorded in a range of
environments, including residential areas, highways, and urban streets. This dataset includes a diverse set of
driving conditions, such as different weather conditions, differences in lighting, and volumes of traffic,
compared to other datasets that focus on one particular condition.

The large annotations in the dataset are one of its primary strengths, and it is well-suited for a wide range of
computer vision applications. Lane lines, drivable areas, and labeled objects such as cars, pedestrians, bicycles,
and traffic lights are all represented. For the task of road segmentation, in which models must accurately separate
roadways, sidewalks, and other elements in a scene, it is helpful. The pixel-level comments give detailed
information that helps deep learning models to better understand road structures.

The data is particularly vital for two essential ADAS development tasks: segmentation and lane detection. Road
markings can become erratic due to weather, wear, or obstructions, so models trained with this dataset can detect
lanes even when partially occluded or discolored. The dataset also includes driving conditions at night, under
low visibility, which makes the detection systems more robust. Scientists can develop deep learning models that
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enhance road scene understanding using this dataset. This will enhance the performance of driving assistance
systems in offering real-time feedback and overall road safety.

IV. METHODOLOGY

A. Data Preprocessing

Image and mask files are first loaded and arranged from the training and validation directories in preparation to
organize the dataset. The dataset is then shuffled before it is processed in a bid to introduce randomness and
prevent overfitting. In a move to ensure uniformity across the collection, all images are resized to a set
resolution of 192 x 256 pixels. Though segmentation masks are resized by a nearest-neighbor approach to
maintain categorical label integrity, images are resized by a high-quality interpolation scheme that maintains fine
details.

To enhance numerical stability in training, the images are normalized through pixel value scaling into a uniform
range. In an effort to provide uniformity in label distribution, the masks for segmentation that contain class-
specific labels undergo a refinement stage during which unknown objects' labels are reassigned to a reserved
category. The masks are further subjected to structured color mapping so that the regions of segmentation can be
visually discriminated.

After preprocessing, masks and images are converted to a format most suitable for deep learning models. To
save on computational expense and facilitate efficient loading during training, the dataset is saved efficiently.
The dataset is assured to be in place for the subsequent training and evaluation stages courtesy of this structured
pretreatment process.

B. Model Architecture

To design a robust and adaptive lane recognition system that is applicable in numerous road conditions is the
objective of the research strategies applied in this research. Variable illumination, curve of the road, and
meteorological conditions such as fog and rain posed challenges, and thus a deep learning-based approach
incorporating a UNet-based architecture was adopted. In terms of semantic segmentation tasks, UNet has
become widely accepted due to its effectiveness as it can retain high-level contextual information while still
keeping spatial information. Skip connections are implemented within the network in order to enhance feature
propagation and retain fine-grained lane markers during the upsampling process. It is also the preferred choice
for lane segmentation tasks because UNet is capable of pixel-wise classification.

C. Encoder

The encoder, which is the core part of the model, is responsible for acquiring hierarchical spatial features of
input images. A ReLU activation function, which provides non-linearity to enhance the learning capacity,
follows each one of the convolutional layers. To recognize patterns such as lane boundaries, road edges, and
background elements, the convolutional layers use filters of varying sizes. Max-pooling operations are
performed on the extracted feature maps, growing the depth of feature representations but reducing spatial
dimensions. This hierarchical feature extraction mechanism allows the network to learn high-level structural
patterns required for lane detection along with fine-grained textures.

D. Bottleneck

The bottleneck is where high-level representations of high-level lane data are captured and where this data is
reduced, serving as an important middle ground between the encoder and decoder. Two convolutional layers
and multiple filters enable the network to encode abstract but important spatial information. ReLU activations
are implemented after these layers to provide non-linearity to ensure the model can precisely capture complex
lane patterns and changes. Dropout layer is included for enhancing regularization by turning neurons off
randomly at training time in an attempt to prevent the network from overfitting. By compelling the network to
learn disjunct feature representations, this dropout mechanism improves the generalization power of the network.

E. Decoder

One of its most significant enhancements is the inclusion of skip connections to the decoder. Skip connections
allow direct spatial information transfer from the encoding path to the decoding path by linking corresponding
layers of the encoder and decoder. The downsampling operations of the encoder can typically ruin critical lane
structures, but skip connections help maintain fine-grained features. Thus, even under complicated driving
scenarios, the decoder may output segmentation masks that exactly demarcate lane boundaries.
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E. Output Layer

The output layer of the U-Net model is crucial to generating the final segmentation predictions. The output layer
in this method is a 1x1 convolutional layer with 20 filters, which is the same as the number of segmentation
classes. The softmax activation function of the output layer enables the model to predict class probabilities for
each pixel in the input image. It relies upon the most extreme probability ranking as it assures to assign every
pixel to among the 20 viable classes. The 1x1 convolution of the output layer acts as a classifier, converting the
deep feature representations of the network to class labels. The 1x1 convolution is suitable for pixel-wise
classification tasks such as semantic segmentation because it is only focused on depth-wise feature modification,
unlike larger convolutional filters that deal with spatial correlations. A distinct distinction among various
segmented areas is enabled by the use of the softmax activation, which ensures the sum of the class probabilities
predicted for each pixel is one.

Sparse Categorical Crossentropy, suited for integer-encoded class labels, is the loss function used at training time
since the model is for multi-class segmentation. The loss function trains the probability distribution over the 20
classes such that the model minimizes the difference between the ground truth labels and the predicted class
probabilities.

F. Training

For the model to learn effective representations for lane detection, the training phase is crucial. The U-Net
structure is iteratively refined in this process, enhancing its accuracy in lane marking segmentation. The model
learns to associate pixel patterns with the presence of lanes through a dataset comprising lane images and the
segmentation masks that accompany them. To ensure stability and computational efficiency in gradient updates,
a batch size of 16 is employed, which ensures effective learning while managing memory constraints.
Backpropagation and gradient descent are two techniques that are employed in the systematic process of training
to minimize the loss function. Through constant updating of the model parameters, the Adam optimizer
accelerates convergence as well as prevents issues such as vanishing gradients. In addition, a starting epoch
setting is employed to continue training from a previous phase to allow the model to maintain previously
acquired traits and continue enhancing its performance.
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Figure 1. Road Scene Segmentation Figure 2. Training and Validation Loss over Epochs

V. RESULTS

Table | presents the outstanding road segmentation performance of the proposed model. An accuracy of
validation of 85.60% and a minimal loss value indicate effective learning and generalization. The segmentation
metrics illustrate how well the model is able to differentiate road sections from the background, even in varying
conditions, with outstanding precision and recall. Dice Coefficient and Mean loU values offer further support for
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the model's robustness in accurately segmenting road surfaces without compromising on consistency across a
large number of test cases.

TABLE |. TYPE SIZES FOR CAMERA-READY PAPERS

Metric Value

Loss 0.1525
Training Accuracy 94.99%
Validation Accuracy 85.60%
Mean loU 72.00%
Mean Dice Coefficient 81.50%
Mean Precision 83.25%
Mean Recall 79.80%

With input images, ground truth labels, and the corresponding model predictions, Fig. 1 offers a qualitative
comparison to visually assess the model's segmentation capability. The model's ability to properly represent
road structures is evidenced by the close agreement between the predictions and the ground truth. But handling
occlusions, harsh weather, and changing lighting conditions remains challenging. Further contextual information
and feature extraction method improvement could be the primary objectives of future research to enhance
segmentation performance in difficult real-world environments.

V1. CONCLUSION AND FUTURE WORKS

With a validation rate of 85.6%, this paper presents a road segmentation method using deep learning. The model
holds great potential for real-world use through the successful segregation of road sections in a range of test
environments. Fig. 2 shows the ability of the model to accurately delineate road areas is evidenced by qualitative
results involving input images, ground truth labels, and expected outputs. With safe navigation being necessary
and accurate road detection crucial, this research improves road segmentation algorithms for autonomous
driving. Future work will focus on improving the functionality of the model by exploring advanced architectures,
such as multi-scale networks and attention mechanisms, to better represent minute details of roads. The model's
robustness will be enhanced by training it on a greater variety of datasets that consider various types of roads,
lighting conditions, and weather. For the purpose of vehicle safety, road segmentation is vital in Advanced
Driver-Assistance Systems, and the model will also be used there. Reducing complexity in computing,
enhancing real-time performance, and readying the model for practical use in self-driving vehicles are significant
goals.
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