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RESUMO

Este trabalho propde o uso de redes neurais profundas (RNP) para resolver o
problema de inferir a localizacdo de vias trafegaveis e as suas propriedades
relevantes, como os direitos de mudancga de pista, ainda que as marcagdes de linha
estejam pouco visiveis ou ausentes. Este problema é relevante para a operagéo de
carros autbnomos que demandam mapas e caminhos precisos. Nossa abordagem
para o problema € o uso de RNP para segmentagdo semantica de mapas de grade
de remisséao de laser, gerando mapas de grade de vias trafegaveis. Ambos os mapas
de grade, os de remissao de laser e os de vias trafegaveis, sdo matrizes quadradas
nas quais cada célula representa caracteristicas de uma pequena regidao 2D quadrada
do mundo real (p. ex., 20cm x 20cm). Uma célula de um mapa de grade de remisséo
de laser contém as informacdes sobre a intensidade média da remisséo de laser na
superficie daquele local especifico. Uma célula de mapa de grade de vias trafegaveis
contém as informacdes semanticas sobre o pertencimento daquela area a uma via
trafegavel ou a uma marcagdo de linha na pista ou a uma area néao trafegavel. Os
coédigos semanticos associados as células dos mapas de vias trafegaveis contém
informacdes necessarias para a construcdo de uma rede de caminhos validos,
necessarios para os carros autbnomos construirem os seus planos de caminho. A
técnica aqui pesquisada € inovadora para a construcdo automatica de planos de
caminho viaveis para carros autbnomos. Em nossos experimentos, usamos o carro
autébnomo da UFES, a IARA (Intelligent Autonomous Robotic Automobile). Bases de
dados anotadas manualmente sdo usadas para treinar e validar RNP de segmentagéo
semantica para gerar mapas de grade de vias trafegaveis a partir de mapas de grade
de remisséao de laser. Os resultados obtidos atingiram uma precisao de segmentacao
de 94,7% nos casos de interesse. Os planos de caminho gerados automaticamente a
partir dos mapas de vias trafegaveis inferidos foram testados no mundo real usando a
IARA e demonstraram desempenho equivalente aos dos planos de caminho gerados

manualmente.

Palavras-chaves: Carros Autbnomos; Remissao de Laser; Mapas de Grade; Redes

Neurais Profundas; Detecc¢ao de Vias; Planejamento de Caminho.
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ABSTRACT

This work proposes the use of deep neural networks (DNN) for solving the problem
of inferring the location of drivable lanes of roadways and their relevant properties such
as the lane change right-of-way, even if the line markings are poor or absent. This
problem is relevant to the operation of self-driving cars which requires precise maps
and precise path plans. Our approach to the problem is the use of a DNN for semantic
segmentation of LIDAR remission grid maps into road grid maps. Both LiDAR
remission grid maps and road grid maps are square matrices in which each cell
represents features of a small 2D-squared region of the real world (e.g., 20cm x 20cm).
A LiDAR remission grid map cell contains the information about the average intensity
of laser reflection remission on the surface of that particular place. A road grid map cell
contains the semantic information about whether it belongs to either a drivable lane or
a line marking or a non-drivable area. The semantic codes associated with the road
map cells contain all information required for building a network of valid paths, which
are required for self-driving cars to build their path plans. Our proposal is a novel
technique for the automatic building of viable path plans for self-driving cars. In our
experiments we use the self-driving car of UFES, IARA (Intelligent Autonomous
Robotic Automobile). We built datasets of manually marked road lanes and use them
to train and validate the DNNs used for the semantic segmentation and the generation
of road grid maps from laser remission grid maps. The results achieved an average
segmentation accuracy of 94.7% in cases of interest. The path plans automatically
generated from the inferred road grid maps were tested in the real world using IARA

and has shown performance equivalent to that of manually generated path plans.

Keywords: Self-Driving Cars, Laser Remission, Grid Maps, Deep Neural Networks,

Lane Detection, Path Planning.
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1. INTRODUCTION

To enable the effective operation of self-driving cars, an internal model of the
external environment is crucial. On roadways, a self-driving car must remain within its
lane to accommodate other vehicles. This necessitates an internal map of road lanes.
Human drivers use horizontal road markings to stay within lanes, and numerous
studies have addressed the automatic detection of these markings for Advanced Driver
Assistance Systems (ADAS) and autonomous vehicle systems [1]-[8]. However,
horizontal markings are often degraded or absent. While this may complicate human
driving, it does not make it impossible, as humans can infer lane positions based on
contextual information. In contrast, the absence of these markings can render

autonomous driving impractical if the vehicle's system relies solely on them.

To overcome this limitation, we propose leveraging deep neural networks (DNNs)
to infer the position and characteristics of lanes on roads where horizontal markings
are degraded or absent. Our method employs semantic segmentation to process
LiDAR (Light Detection and Ranging) remission grid maps (Fig. 1 (b)), which capture
the intensity of the reflected laser pulses, converting them into detailed road grid maps

(Fig. 1 (c)) that depict the inferred lane structure.

To train the DNNs for this task, we created a dataset covering tens of kilometers
of manually annotated road lanes'. After training, the model achieved an average
segmentation accuracy of 94.7%, reflecting a high proportion of correctly classified
cells in the remission grid maps. While this accuracy is not absolute, it underscores the
DNN's capability to accurately infer lanes, even when they are missing in the ground
truth (Fig. 1 (d)).

! Available at https:/bit.ly/road_ds.



We tested this approach in the real world using the Intelligent Autonomous Robotic
Automobile (IARA, Fig. 3), an autonomous vehicle developed at the Universidade
Federal do Espirito Santo (UFES), Brazil. IARA is equipped with the necessary
hardware and software for autonomous driving (detailed in Section 3), but until now, it

lacked an automatic mechanism for lane inference.

Unmarked
road lanes .

(c) (d)

Fig. 1. (a) Satellite image of a region of interest. (b) Remission grid map of the same region; areas
never scanned by LIDAR beams are shown in blue. (¢) Ground truth road map of the same region.

(d) DNN-generated road map; some inferred lanes were unmarked in the ground truth.

Previously, IARA relied on Route Data Definition Files (RDDF [9]), with precisely
annotated waypoint sequences, to navigate autonomously. With the integration of our



DNN-based module, IARA can now autonomously generate RDDFs from DNN-inferred
road maps (Fig. 2).

This system was tested on a 3.7 km stretch of urban roads, and the results were
comparable to those produced by manually generated RDDFs, demonstrating the

effectiveness of our approach in real-world scenarios.

1.1. Hypothesis

The central hypothesis of this research is that viable path plans for self-driving cars
can be automatically generated using LIDAR remission data, pre-processed into
remission grid maps, and a pre-trained semantic segmentation DNN capable of
transforming these remission grid maps into semantically coded road maps (Fig. 2).
This approach enables the DNN to interpret the road structure from the remission data,

facilitating the creation of accurate and reliable path plans for autonomous navigation.

Fig. 2. Example of a semantically coded road grid map, represented in shades of green and red. The

black dots correspond to path plans (RDDF waypoints) automatically extracted from the road grid map.



1.2. Objective

The primary objective of this research is to design, develop, and evaluate a novel
approach for automatically generating road grid maps and extracting viable path plans

from these maps.
To achieve this, we outline the following specific objectives:
e Develop a grid-mapping technique that accurately represents road characteristics.

e Design a method for automatically generating road grid maps from LiDAR

remission grid maps.

e Create a technique to automatically extract viable path plans from the generated

road grid maps.
e Assess the accuracy of the proposed techniques.

e Test and validate these techniques in real-world scenarios using a self-driving car.

1.3. Contributions

This work presents a series of contributions to the field of autonomous driving,
particularly in the areas of road mapping and path planning using LIDAR remission
data and deep neural networks (DNNs). The key innovations and advances made in

this thesis are as follows:

e Development of a Road Mapping Methodology from LiDAR Data: We
introduce a novel approach for generating detailed road grid maps from LiDAR
remission grid maps. This methodology leverages the intensity of reflected
LIDAR pulses to construct accurate semantic representations of road
environments. These coding pattern representations capture both the drivable



lanes and non-drivable areas, providing a robust foundation for autonomous

vehicle navigation.

Semantic Segmentation Using DNNs: One of the main contributions of this
research is the implementation of advanced DNN architectures, such as U-Net,
ENet, Swin-Unet, and ST-UNet, for semantic segmentation of LiDAR data.
These models are trained to transform LiDAR remission data into semantically
coded road grid maps, effectively distinguishing between lanes, road
boundaries, and other key road features, even in environments with poor or

missing horizontal signalization.

Creation of a Comprehensive Dataset: A substantial dataset comprising tens
of kilometers of manually annotated road lanes was developed and made
publicly available to the research community. This dataset serves as a
benchmark for future research in the field of autonomous driving and road

mapping, encouraging the exploration of new models and techniques.

Automatic Generation of Route Data Definition Files (RDDFs): This work
provides a mechanism for extracting path plans (RDDFs) directly from the
DNN-generated road grid maps. The ability to autonomously generate RDDFs
is a critical advancement, as it enables the system to navigate without relying
on pre-defined, manually created path plans. This reduces the need for

extensive manual input and enhances the flexibility of autonomous systems.

Real-World Validation with the IARA Autonomous Car: The techniques
proposed in this thesis were rigorously tested in real-world environments using
the IARA (Intelligent Autonomous Robotic Automobile). The experiments
demonstrated that the DNN-based road mapping and path planning
subsystems performed at a level comparable to manually generated RDDFs.
These real-world tests underline the practical viability of the approach and its

potential for deployment in real autonomous driving systems.

Improved Generalization in Unseen Environments: Compared to previous

work [10], this research addresses the limitations of model generalization to



new and unseen regions. The DNN architectures developed here exhibit
improved accuracy and reliability when generating road maps in areas that
were not included in the training dataset, making the system more adaptable

to diverse driving scenarios.

Performance and Scalability: In addition to enhancing accuracy, this work
also focuses on the computational efficiency of the proposed methods. By
implementing optimized versions of DNN architectures, the system can operate
in real-time environments with lower processing power requirements, making

it suitable for deployment in both urban and rural settings.

The contributions outlined in this thesis pave the way for more robust, flexible, and

accurate autonomous driving systems, particularly in challenging environments where

road markings are either degraded or absent. These advancements represent a

significant step forward in reducing the dependency on manual annotations and

increasing the autonomy of self-driving vehicles.

The following papers were published during my doctoral program:

Raphael V. Carneiro, Rafael C. Nascimento, Ranik Guidolini, Vinicius B.
Cardoso, Thiago Oliveira-Santos, Claudine Badue, Alberto F. De Souza.
“Mapping Road Lanes Using Laser Remission and Deep Neural Networks”. In
2018 International Joint Conference on Neural Networks (IJCNN), pp. 1-8.
IEEE. 2018.

Ranik Guidolini, Raphael V. Carneiro, Claudine Badue, Thiago Oliveira-
Santos, Alberto F. De Souza. “Removing Movable Objects from Grid Maps of
Self-Driving Cars Using Deep Neural Networks”. In 2019 International Joint
Conference on Neural Networks (IJCNN), pp. 1-8. IEEE. 2019.

Claudine Badue, Ranik Guidolini, Raphael V. Carneiro, Pedro Azevedo,
Vinicius B. Cardoso, Avelino Forechi, Luan Jesus, Rodrigo Berriel, Thiago M.

Paixao, Filipe Mutz, Lucas Veronese, Thiago Oliveira-Santos, Alberto F. De



Souza. “Self-Driving Cars: A Survey”. Expert Systems with Applications, v. 165,
p. 113816, 2021.

e Sabrina S. Panceri, Filipe Mutz, Vinicius B. Cardoso, Raphael V. Carneiro,
Thiago Oliveira-Santos, Claudine Badue, Alberto F. De Souza. “Detecting
Cancerous Tissue in Mammograms Using Deep Neural Networks”. In 2021
International Joint Conference on Neural Networks (IJCNN), pp. 1-8. IEEE.
2021.

e Jodo P. A. Andrade, Leonardo S. Paulucio, Thiago M. Paix&o, Rodrigo F.
Berriel, Teresa C. J. Carneiro, Raphael V. Carneiro, Alberto F. De Souza,
Claudine Badue, Thiago Oliveira-Santos. “A Machine Learning-based System
for Financial Fraud Detection”. In XVIII Encontro Nacional de Inteligéncia
Artificial e Computacional, pp. 165-176. SBC. 2021.

e Pedro Azevedo, Raphael V. Carneiro, Alberto F. De Souza, Thiago Oliveira-
Santos, Claudine Badue. “A Planning Pipeline for Software Systems of
Autonomous Vehicles”. SSRN preprint, 2023. doi: 10.2139/ssrn.4690921.

e Raphael V. Carneiro, Ludmila Dias, Thiago Oliveira-Santos, Claudine Badue,
Alberto F. De Souza. “Generating Road Grid Maps for Self-Driving Vehicles
Using LIDAR Data and Swin Transformers”. SSRN preprint, 2024. doi:
10.2139/ssrn.4996339.

Lastly, in 2019, during my doctoral program, a group of researchers from
LCAD Lab at UFES University, Brazil, including myself, created a startup company
named Lume Robotics. The founding members were researchers who were actively
involved in the Intelligent Autonomous Robotic Automobile (IARA) project, developed
at LCAD. We successfully completed numerous proofs of concept and secured two
rounds of investment. Additionally, we are currently working on six implementation
contracts, in demanding environments such as mining operations, port operations,

railway operations, and industrial plants.



1.4. Outline
The work is organized as follows:

e Section 2: Related Work — This section reviews previous research on road
lane detection and classification methods, covering traditional approaches

and Al-based solutions using camera images, LIDAR, and other sensors.

e Section 3: The IARA Self-Driving Framework — This section provides a
comprehensive description of the IARA system, detailing its hardware and
software architectures. Special attention is given to the route and path

planning subsystems, which are essential for the scope of this research.

e Section 4: Proposed Semantic Segmentation of Road Grid Maps — This
section introduces our methodology for generating road grid maps from
LiDAR remission data using semantic segmentation. The transformation

process from remission grid maps to road grid maps is explained in detail.

e Section 5: DNNs for Semantic Segmentation of Road Grid Maps — This
section evaluates the deep neural network architectures used in this
research. Different models such as U-Net, ENet, Swin-UNet, and ST-UNet

are discussed, with design comparisons.

e Section 6: Applications of Road Grid Maps in Autonomous Vehicle
Navigation — This section focuses on practical applications of road grid
maps in real-world autonomous driving scenarios. We discuss
enhancements to the IARA system that allow for dynamic path inference
and the generation of Route Data Definition Files (RDDFs) from the road

grid maps using the new developed algorithms.

e Section 7: Experimental Methodology — This section outlines the
methodology used to evaluate the proposed techniques. We describe the
datasets, experimental setup, and ground-truth marking procedures

employed in our validation process.



Section 8: Experimental Results — This section presents and analyzes
the results of the experiments, including those conducted with the IARA in
real-world environments. Both accuracy metrics and real-time performance
evaluations are discussed, highlighting the system's ability to perform

autonomous navigation tasks.

Section 9: Discussion — This section delves into the interpretation of the
experimental results, providing a critical analysis of their significance and

limitations.

Section 10: Conclusion — The final section summarizes the main
contributions of this thesis, discusses the implications of the results, and

proposes potential directions for future research.
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2. RELATED WORK

Numerous solutions have been proposed for detecting and classifying road lanes
in images. Recent systematic reviews of lane detection methods can be found in [11]
and [12]. Traditional approaches mentioned in these reviews typically include image
preprocessing, feature extraction, lane model fitting, and tracking of line markings in
camera images. More advanced methods leverage Al-based systems, such as
machine learning techniques, deep neural networks, and hybrid approaches. While
most methods depend on input data from cameras, other equipment, including radar,
GPS, and LiDAR, is also being employed to gather datasets. Cameras, though cost-
effective, are sensitive to lighting conditions, whereas LIDAR can detect whether a

beam has intercepted asphalt or a road painting, regardless of light levels.

In our review, we classified relevant studies into three primary categories:
(i) methods based on lane markings; (ii) methods using image segmentation; and
(iii) methods utilizing LiDAR data.

2.1. Methods Based on Lane Markings

In [13], Jung et al. introduce a method that utilizes aligned spatiotemporal images,
generated by accumulating the pixels along a scanline over time. The aligned
spatiotemporal image is binarized, and two dominant parallel straight lines, resulting
from the temporal consistency of lane width on a given scanline, are detected using a
Hough transform. The system outputs a cubic spline for both the right and left lanes (in
the car’s track), besides, each lane class. Similarly, Berriel et al. [3] propose a system
that processes a temporal sequence of images, applying inverse perspective mapping
and a particle filter for each image to track the lane over time. This system also outputs
a cubic spline for both the right and left lanes (in the car’s track), and the lane class.

Sultana et al. [14] propose an edge detection method that incorporates a
comprehensive intensity threshold range, and a two-step lane verification algorithm

based on geometric constraints (angle and length) to validate the characteristics of
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lane markings. A lane tracking method predicts the lane position in the next frame by
defining a range of horizontal lane positions. Sang and Norris [15] present a self-tuned
algorithm that integrates fuzzy logic-based adaptive functions with edge identification
and line detection modules, allowing the system to adjust the image in response to
challenging weather conditions. The tracking function utilizes previous detection

results to refine the selected range of interest.

Bharadwaj et al. [16] employ image calibration and perspective transformation
techniques, converting perspective view into a bird’s-eye view of the road, and then
mathematical procedures to detect and monitor lane lines. Yu et al. [17] propose a lane
detection method suitable for diverse road conditions, which preprocesses camera
images through grayscale conversion using a weighted average and binarization with
Otsu’s algorithm. The system uses the Canny operator for edge extraction and applies
the Hough transform, and the least squares method to fit straight lines and curved
lanes. Alamsyah et al. [18] present a method that uses Canny edge detection and

Hough transforms, with clustering via spatio-temporal incremental clustering

Banerjee et al. [19] and Padmaraja et al. [20] focus on noise removal and edge
detection for lane detection using the Canny operator and Hough transform. Garg et
al. [21] propose using gamma correction to enhance contrast and improve lane
recognition at night. Bin Abdul Razak et al. [22] suggest a combination of Gaussian

blur, masking, Canny edge detection, and Hough transform for lane detection.

More recently, Convolutional Neural Networks (CNNs) have surpassed traditional
image processing methods in accuracy. Lee et al. [23] developed a dataset with 20,000
images with lanes labeled and trained a CNN to detect and track lanes and road
markings at a pixel segmentation level, producing a confidence map for lane detection
and classification. Yalabaka et al. [24] propose a CNN model that extracts necessary
features from camera images to identify lanes, while Luo et al. [25] utilize a
transformer-based approach for 3D-lane detection from front-view monocular images.
Yao et al. [26] introduce a CNN with a transformer encoder to capture global context

by extracting local anchor features from camera images.
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Li et al. [27] propose a multi-lane detection method by fusing factorized and
depth-wise convolution, increasing the network’s receptive field. The approach
employs location-based instance detection to flexibly distinguish lanes using the lane
start locations at the image boundaries. Alzubaidi et al. [28] explore spatial variance
using a hyperbolic space technique combined with a neural network and bidirectional
Long Short-Term Memory (LSTM) model for lane detection. Islam et al. [29] present a
CNN for recognizing lane and road border markings after applying Canny edge
detection and Sobel operators. Rath et al. [30] propose a CNN-based lane detection
method that classifies camera image pixels as lane marking or background, followed
by post-processing with Canny edge detection, Hough transform, clustering and curve

fitting.

Moraes et al. [31] present a real-time image-based path planner using CNN and a
path model to infer paths from camera images, while Tabelini et al. [32] leverage
temporal information by integrating lane marking detection into a deep neural network

model that extracts features from multiple video frames.

However, these methods are limited to the presence of lane markings, do not

generate a full road map, and have not been tested on real autonomous vehicles.

2.2. Methods Based on Image Segmentation

A second category of solutions focuses on detecting roads through pixel-level
segmentation. Wang et al. [33] propose a road detection algorithm that generates a
pixel-level confidence map using likelihood estimation. Laddha et al. [34] introduce an
automatic dataset generation method, for pixel-level road image annotations,
leveraging OpenStreetMap data, vehicle pose, and camera parameters to train a road
detection CNN. Teichmann et al. [35] present an end-to-end approach that integrates
classification, detection, and semantic segmentation within a unified architecture,
where a shared encoder extracts rich abstract features. The model includes three
decoders: one classifies the image as highway or minor road, the second detects
vehicles, and the third segments road pixels.



13

Wang et al. [36] propose a Siamese fully convolutional network (FCN) for road
segmentation, which takes an RGB image and a semantic contour map (generated via
fast contour detection) as input to output pixel-level road regions. Zhang et al. [37]
present an instance segmentation method that uses split attention to improve the
feature representation for slender and sparse annotations, such as lane markings. The
method incorporates self-attention distillation to enhance the network’s ability to

represent features.

Zhou et al. [38] introduce a lane detection technique that represents lanes as a
series of line segment endpoints. A specially designed loss function detects semantic
lanes using heatmaps, and an unsupervised embedding vector groups the endpoints
into lanes. A non-maximum suppression algorithm is applied to merge the heatmap

and embedding vectors to produce final lane predictions.

Suresh et al. [39] propose an entropy-based fusion model that improves lane and
object detection results through CNN-based segmentation. A clustering method groups
detected points, and a best-fit line is applied in the mean square sense to detect lanes.
Zhang et al. [40] use a DNN with a feature shift aggregator between encoder and
decoder to enhance prediction accuracy, employing data augmentation and a filter

estimator to address the problem of glitches during lane changes.

Gautam et al. [41] use a DNN for semantic segmentation to classify 14 different
object classes, including the background, from camera images. Long et al. [42]
propose a geometric attention-aware network for lane detection, employing a
multi-task branch architecture with attention information propagation between
branches. This method combines semantic segmentation with geometric distance

embedding to improve lane detection, particularly in challenging conditions.

However, these methods do not generate a complete road map and have not been

tested on real autonomous vehicles.
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2.3. Methods Based on LiDAR Data

Several solutions have been proposed that rely primarily on LiDAR data for road
detection. Han et al. [43] present a method that fuses LIDAR and image data. Their
approach begins by projecting LIDAR point clouds onto monocular images using
cross-calibration and a joint bilateral filter, resulting in high-resolution height data. Next,
pixels classification is performed using scores computed from an Adaboost classifier,
leveraging features such as unary potential, pixel height, color information, and

pairwise potential. This system detects roads on both images and LIiDAR point cloud.

Caltagirone et al. [44] propose a deep learning-based road detection approach
using only LiDAR point clouds. Their method employs a fully convolutional network
(FCN) that processes top-view LIDAR images, encoding basic statistics such as mean
elevation and density. This approach reduces the problem to a single-scale problem.
Their FCN is designed for pixel-wise semantic segmentation, combining a large
receptive field with high-resolution feature maps. This system classifies LiDAR points
belonging to the road. In a subsequent work [45], Caltagirone et al. integrate LiDAR
point clouds, GPS-IMU data, and Google driving directions to generate driving paths.
This system uses an FCN to jointly learn perception and path generation from
real-world driving sequences, outputting classifications of LIDAR points that belong to
the path. Despite de advancements, these methods do not focus on lane detection or
generate comprehensive road maps, and they were not evaluated on real autonomous

vehicles.

Hernandez et al. [46] develop a system based on 2D LiDAR reflectivity to detect
roads and lanes, though it does not produce a road map and was not tested in
autonomous driving conditions. Similarly, Kim et al. [47] employ 2D LiDAR reflectivity
for lane detection and map generation. Joshi and James [6] combine 3D LiDAR data
with OpenStreetMap information to apply a particle filter-based method, estimating
lane centerlines and creating road maps, but without classifying road lanes. Gwon et
al. [8] use 3D LIiDAR intensity and GPS to extract lane markings, estimate road
geometry, and produce road map representations with polynomial curves, which were

tested on a real autonomous car. Reddy et al. [48] implement lane marking detection
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algorithms using LiDAR point clouds and trajectory data, while Huang et al. [49]
propose a real-time lane marking detection method by classifying road and curb points
from LiDAR data.

However, these approaches rely on classical machine learning methods with
human-defined feature extractors, which often underperform compared to DNNs in

visual recognition challenges such as Pascal VOC and ImageNet.
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3. THE IARA SELF-DRIVING FRAMEWORK

This section provides a description of the Intelligent Autonomous Robotic
Automobile (IARA)’s hardware and software framework. IARA is an autonomous
vehicle that has been developed since 2009 for scientific purposes by researchers of
the High-Performance Computing Lab (LCAD) at the Universidade Federal do Espirito
Santo (UFES). IARA’s architecture is also described in [50].

IARA’s software architecture is based on CARMEN [51], an acronym for Carnegie
Mellon Navigation Toolkit, developed by researchers of the Carnegie Mellon
University, located in Pittsburgh, USA. CARMEN is an open-source collection of
modular software for mobile robot control, designed to provide basic navigation
functionalities such as sensor control, logging, mapping, localization, path planning
and obstacle avoidance. This framework has been reengineered into the
CARMEN-LCAD System, with free access for the public?, and comprising the modules
presented in Fig. 6. Since its inception in 2010, the CARMEN-LCAD system has

provided autonomous capabilities to the IARA and other autonomous robots as well.

The path planning based on road grid maps presented in this thesis was integrated
into CARMEN-LCAD and evaluated in the real world using the IARA. The remainder
of this section is organized as follows. The hardware and software architectures of
IARA are described in Sections 3.1 and 3.2, respectively. The IARA’s route planning
and path planning are described in Section 3.3. The non-automated techniques for

creating routes for IARA are described in Section 3.4.

2 Available at https:/github.com/LCAD-UFES/carmen_lIcad.
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3.1. The IARA’s Hardware Architecture

IARA is built upon a standard mass-produced passenger car, model Ford Escape
Hybrid 2011. The low-level automation was implemented by Torc Robotics? to enable
the vehicle to receive driving commands from a computer, such as the steering wheel
movements, the throttle, and braking actions. The research in the LCAD/UFES

improved the automation, adding new hardware modules.

An embedded workstation, model Dell Precision R5500 with 2 Xeon X5690
six-core 3.4GHz processors and one NVIDIA GeForce GTX-1030, powered by the
330-Volt battery of the hybrid car, runs the CARMEN-LCAD self-driving system

software.

IARA’s sensors comprise wheel's odometers, two multi-layer LIiDARs (Light
Detection and Ranging, models Velodyne HDL-32E and SICK LD-MRS), stereo
cameras, IMU (Inertial Measurement Unit, model Xsens MTi), and a dual RTK GPS
(Real-Time Kinematic Global Positioning System, based on model Trimble BD982
receiver) as illustrated in Fig. 3. For conciseness, these sensors will be referred just by

odometer, LIDAR, camera, IMU, and GPS, from now on.
The odometer reads the car’s linear velocity and the steering wheel angle.

The LiDAR located on the car top (Velodyne HDL-32E) has 32 laser beams
assembled one above the other, vertically aligned. Each laser beam measures the
distance (range) to the surface hit by the beam, and the intensity of the reflection
(reflectivity) of the beam on that surface. The set of 32 range and reflectivity readings
are assumed to be obtained at the same time and it is referred as a shot. A rotating
motor turns the 32 laser beams around the vertical axis. For each shot, the sensor also
returns the horizontal angle of the rotating motor. The set of all shots making a

complete 360° round is referred as a point cloud. By turning round and round, the point

3 https://torc.ai
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clouds can provide a 3D-view of the environment around the vehicle. Fig. 4 presents

examples of point clouds captured by IARA’s LiDAR on the car top.

e

LIDAR
@« MU

Fig. 3. The Intelligent Autonomous Robotic Automobile (IARA) of LCAD/UFES. IARA uses several
sensors to build an internal representation of the external world. A video of IARA’s autonomous

operation is available®.

The LIiDAR located at the car front (SICK LD-MRS) has 4 laser beams. It is used
for long-range obstacle avoidance in a narrow field of view. The LiDAR on the car top
is also used for mid-range obstacle avoidance in a 360° horizontal field of view. So, for

that purpose, both LiDARSs work in a redundant way in a certain range and field of view.

The GPS reads the position in the world coordinate system. If the car velocity is
above a defined minimum value, the car orientation (x and y axes) is estimated using

two consecutive GPS readings.

4 Available at https://bit.ly/iara_mpp.
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The IMU reads the acceleration and angular velocity in the directions of the x, vy,
and z axes, as well as the orientation in the world coordinate system using a

magnetometer.

The odometer, the GPS, the IMU, and the LiDAR located on the car top are the
sensors used for the Simultaneous Localization and Mapping (SLAM) algorithms,

considering the fusion of all the readings.

Fig. 4. Examples of camera images and LiDAR point clouds captured by IARA’s sensors.

The camera images are used for the computer vision algorithms, using deep
neural networks for detection, classification and tracking of objects around the
autonomous vehicle, such as pedestrians, semaphores, and other vehicles. The
cameras may capture images in various resolutions: VGA (640x480 pixels), HD
(1366x720 pixels) and Full HD (1920x1080 pixels).
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Fig. 5. The IARA’s coordinate system.

The IARA’s coordinate system’s origin is defined to be located at the middle of the
car’s rear axle. The IARA’s x axis points forward, the y axis points to the left, and the
z axis points upwards (Fig. 5). Each sensor has its own coordinate system’s origin and
axis orientations. So, the relative poses of each sensor are manually measured, in
relation to the IARA’s coordinate system, and the proper translation and rotation

operations are performed to integrate all readings.

3.2. The IARA’s Software Architecture

By the time the IARA project started in 2009, the Carnegie Mellon Navigation
Toolkit (CARMEN [51]) was chosen as the development framework because it was
more stable and simpler than emerging platforms. The project extended it and created
a new version named CARMEN-LCAD® that was used to develop the IARA’s
autonomous system. When in autonomous mode, the IARA system is currently

5 Available at https:/github.com/LCAD-UFES/carmen_lIcad.
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composed of more than 25 modules (programs) that work together thanks to the
Inter-Process Communication (IPC [52]) library. The IPC implements the publish-

subscribe paradigm.

We briefly describe here below the IARA’s software modules that are relevant for

the comprehension of the current study (Fig. 6).

The Mapper module [53] functions in two different modes: offline and online. While
in offine mode, the Mapper module usually takes as input the sensor data previously
logged when the vehicle was manually operated, and then generate as output the grid
maps of the surrounding locations where the sensor data was captured. These grid
maps, referred to as offline maps, aim to depict the static features of the environment
as accurately as possible, and are stored in hard disks for later use. The most common
types of grid maps generated by the Mapper module are the occupancy grid map, in
which each map cell contains the information about the probability of that small region
of the world being occupied by some obstacle (e.g. a barrier, a pole, a curb, a deep
hole, et cetera); and the remission grid map, in which each map cell contains the
information about the intensity of the reflectivity of the laser beams that hit the surface
of that small region of the world. The remission grid maps are computed using a

technique like that of Levinson and Thrun [54].

The Localizer module [55] is responsible for estimating the autonomous vehicle’s
current pose, including the current coordinates and the orientation to which the vehicle
is heading (orientation equal zero means North, 72 T means West, -2 T means East,
-1 means South), in relation to the current map. At system startup, the Localizer
module usually does not have a current map to which relate, so it performs a global
localization [56] using GPS data only and publishes it to the modules that need this
information (subscriber modules). Afterwards, whether the autonomous vehicle is
moving or not, the Localizer module estimates the current pose using a probabilistic
approach, by performing position tracking using a particle filter based on offline
occupancy grid maps and LiDAR point clouds [55] and publishes it to the subscriber
modules. It performs the pose estimation in a cyclic manner, according to the LiDAR

point cloud publishing frequency (usually at 20 Hz).
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Fig. 6. IARA’s software simplified block diagram.

The Map Server module uses the initial pose published by the Localizer module
to retrieve the offline maps available from the disk: the occupancy grid map and the
remission grid map corresponding to the pose coordinates and publishes them to the
modules that need this information (subscriber modules). Each published map
represents a world region of dimensions 210 m x 210 m, and combines nine stored
submaps of dimensions 70 m x 70 m. The Map Server module fetches the submaps
from disk in such way as to have the autonomous vehicle in the central submap. As
the vehicle moves, the Localizer module keeps publishing its updated current pose,
and at the same time the Map Server module may fetch new submaps, so to keep the
autonomous vehicle always within the central submap (Fig. 7 — see also the example
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video®). Every time the autonomous vehicle crosses the limits of the central submap,
new submaps are fetched from disk and a new grid map is built and published. Other
types of grid maps that have the same dimensions and coordinates as of the
occupancy grid maps and the remission grid maps, might be available from disk; if so,
all of them will be published together by the Map Server module.

These
New submaps
submaps will be
will be discarded
fetched

Fig. 7. IARA’s Map Server module fetching and discarding submaps as needed. The vehicle is depicted

as a small rectangle, moving in the direction indicated by the white arrow.

The Mapper module switches to online mode during autonomous operation. In this
mode, real-time sensor data is used to create online grid maps representing the
characteristics of the areas scanned by the sensors embedded in the autonomous
vehicle, including the presence of both static and moving obstacles, such as
pedestrians and nearby vehicles. These online maps are then combined with the offline
maps to generate merged maps that incorporate both real-time and pre-existing
information about the environment. The merged grid maps provide details about both

static and dynamic elements [53].

¢ Available at https://youtu.be/dkYKzvSZWVQ.
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The Obstacle Distance Mapper module processes the online merged grid maps to
generate a different type of online map, where each map cell contains the distance of
the nearest obstacle relative to that cell. These obstacle distance grid maps are then
published, allowing dynamic obstacles to be considered by modules responsible for
the decision-making and planning tasks, such as the Behavior Selector, Motion

Planner, and Obstacle Avoider modules.

The Route Planner module is detailed in the following section. In summary, the
Route Planner module retrieves all available routes from disk. These routes were
previously created using non-automated techniques such as hand-drawing graphical
tools or pose-estimation based on logged sensors and vehicle odometry data. Using
the available routes, the module employs the A* search algorithm to determine the
optimal path from the current pose to the specified destination. Routes may exist at
multiple levels, but the final output must be expressed at the lowest level. This output
is a path consisting of a sequence of waypoints from the origin to the destination, with

an average distance of 0.5 meters between each consecutive waypoint.

If either the origin pose or the specified destination is not close enough to any
waypoint of the main path computed by the Route Plan module, the Off-Road Planner
module computes connecting paths, using obstacle distance grid maps and advanced
search algorithms [57]. This ensures seamless transitions and accurate path planning,
even in off-road areas. These connecting paths are then combined with the main path,

generating a complete path from the origin to the destination.

The Behavior Selector module subscribes to the current path provided by the
Route Planner module and the obstacle distance grid maps, which considers both
static and moving obstacles. It also gathers other relevant information, such as
annotations placed along the route (e.g., speed limits, speed bumps, barriers), traffic
signal status, pedestrian crossing status, and more. Using this information, the
Behavior Selector module decides the next driving behavior, such as lane keeping,
overtaking, or stopping before a traffic sign or an obstacle. The Frenet Frames Path
Planner [58] is used to provide alternative paths to avoid obstacles, offering options a

short distance to the left and right of the current path. Finaly, the Behavior Selector
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module publishes the selected path among the alternatives and a goal consisting of a
pose to be reached within a few seconds (usually five seconds ahead) according to
the selected path plan, along with the desired velocity for the autonomous vehicle by

the time it reaches that pose.

The Motion Planner module [59] subscribes to the path and goal published by the
Behavior Selector module and plans the vehicle’s movements from its current state
(pose, velocity, and steering angle) to a state as close as possible to the goal. The
motion plan consists of a trajectory made up of a sequence of control commands,
including the desired linear velocity, steering wheel angle, and execution time. It
employs a model-predictive approach that follows the path provided by the Behavior
Selector module while satisfying the vehicle’s kinematic and dynamic constraints. The
Motion Planner module computes and publishes the optimum motion plan cyclically
(typically 20 times per second) to keep the autonomous vehicle as close as possible
to the path plan while maintaining a safe distance from both static and dynamic

obstacles.

The Obstacle Avoider module [60] subscribes to these motion plans and updates
them as needed to avoid trajectories that could lead to collisions. It simulates the
execution of the trajectory along the obstacle distance map. If the trajectory intercepts
an obstacle, the module adjusts by decreasing the linear velocity of the commands to

prevent a collision.

The Controller module [61] subscribes to the trajectories updated by the Obstacle
Avoider module and computes action commands for the steering wheel, throttle, and
brake actuators, which are sent directly to the vehicle. It employs a Proportional
Integral Derivative (PID) approach. Using the planned trajectory and the vehicle’s
odometry readings, the Controller module estimates an error between the vehicle’s
actual steering wheel angle and velocity and those specified in the trajectory. New

action commands are then computed to minimize this error.
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3.3. The IARA’s Route Planning and Path Planning

Route planning and path planning both refer to the processes of determining the
most efficient way from a starting point to a destination. This involves considering
various factors such as distance, travel time, road conditions, traffic patterns, and
specific requirements like avoiding certain areas. Route planning is essential for
logistics, navigation systems, and autonomous vehicles to optimize travel routes,
reduce travel time, and improve overall efficiency. Path planning is crucial in robotics,
navigation systems, and autonomous vehicles to ensure safe, efficient, and reliable

movement through complex environments.

While route planning and path planning share common goals and methodologies,

they differ primarily in their applications and focus:

e Scope and application: Route planning is typically used in larger-scale
navigation, such as determining the best route for vehicles on road
networks. It focuses on finding the optimal path over a network of
predefined routes considering traffic, road conditions, and other factors.
Path planning is commonly used in robotics and autonomous systems to
navigate through a specific environment. It focuses on navigating through
spaces with obstacles and dynamic elements, requiring real-time

adjustments.

e Granularity: Route planning operates on a macro level, dealing with entire
road networks and infrastructure. Path planning operates on a micro level,
dealing with precise movements and navigation through detailed and

complex environments.

e Techniques and algorithms: Route planning uses algorithms like Dijkstra’s,
A*, and various heuristic methods to find the shortest or fastest route on a
map. Path planning uses techniques such as Rapidly-exploring Random
Trees (RRT), Potential Fields, and occupancy grid mapping to navigate
around obstacles and plan feasible paths in real-time.
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e Environmental interaction: Route planning is primarily concerned with static
road networks and may include real-time traffic updates. Path Planning
continuously interacts with dynamic environments, requiring frequent

updates and re-planning to avoid obstacles and adapt to changes.

e Output: Route planning provides a sequence of roads and turns to follow,
often used in GPS navigation systems. Path planning provides a detailed
trajectory or series of waypoints that must be followed to reach its

destination safely.

The primary function of the IARA’s Route Planner module is to perform route
planning at a macro level, handling the entire static road network. Additionally, it
executes the initial stage of the path planning pipeline [58] at a micro level, selecting a
series of detailed waypoints to follow. Each function uses a specific level of the offline
routes, which were previously created using non-automated techniques and stored in
disk files as a road network. The macro-level planning operates at the lane level of the
road network (Fig. 8), while the micro-level planning operates at the waypoint level of

the road network (Fig. 9).

The IARA’s road network is structured as a weighted directed graph. Each vertex
represents a valid waypoint, and each edge connecting two consecutive vertices
represents a valid path segment. The weight of and edge indicates the cost of
traversing that specific path segment. Currently, the implemented cost function is the
edge’s length, which is the physical distance between its two vertices. However, the
system architecture allows for future implementation of more sophisticated cost
functions, such as the average time spent traversing each edge, or the average
expenditure for traversing each edge (including factors like fuel consumption, toll fees,

vehicle maintenance and depreciation).

Fig. 8 illustrates an example of the lane-level representation of a road network,

denoted as R;, = {vy, ..., v}, ..., V|g|}, Where each v; is a vertex of the lane-level graph,
represented by a tuple v; = (x,y,0,d), where x and y are the map coordinates, 6 is

the orientation angle in relation to North, and d is the direction of movement (forward
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or backward). In this example, there are two starting vertices (v, and vy), three ending
vertices (v,, Vs, and vg), three forking vertices (v,, vs, and v,), and two merging vertices
(vs and v,). When searching for routes using this graph, the forking and merging

vertices might act as either starting or ending vertices.

Each edge is represented by a tuple E; = (v;, vy, ¢), where v; and vy are the initial
and final vertices, respectively, and ¢ denotes the cost of traversing the road segment
represented by that edge. In a lane-level graph like this one, each edge represents a

road segment that may include curves and ramps, but no detours.

The system assumes there is only one possible sequence of waypoints that

connects the vertices v; and vy of any edge. The detailed sequence of waypoints

corresponding to each lane-level edge is defined in the waypoint-level graph (Fig. 9).

Fig. 9 illustrates an example of the waypoint-level representation of a road
network, denoted as Ry, = {wy,..,wj,..,wg|}, Where each w; is a vertex in the
waypoint-level graph. In this example, each one of the eight vertices numbered v, to
vg in the lane-level graph (Fig. 8) corresponds to a vertex w; with the same pose but

different incoming and outgoing edges.

The lane-level graph shown in Fig. 8 consists of only eight vertices and eight
edges, with each edge representing a road segment ranging from a few tens to a few
hundred meters in length. In contrast, the waypoint-level graph depicted in Fig. 9
contains several hundred vertices and edges, with each edge representing a road

segment averaging 0.5 meters in length.

For improved performance, the Route Planner module searches for the routes
using the lane-level road network graph, which has significantly fewer vertices and

edges compared to the waypoint-level graph.
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Fig. 9. Example of the waypoint level of a road network. Each small dot w; is a single waypoint.
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Fig. 10. Example of the route planning process using the lane-level road network graph. The red lines

represent the graph edges that make the optimal route from point p; to p;.

In IARA’s route and path planning processes, the initial and final poses are always
predefined for every mission. Fig. 10 illustrates an example of route planning, given an
initial pose p; and a final pose p;. The algorithm identifies that the nearest edge to the
initial pose is the one connecting vertex v; to v,, thus selecting v, as the starting vertex.
Similarly, it determines that the nearest edge to the final pose is the one connecting
vertex v; to v,, choosing v, as the ending vertex. The A* search algorithm is then

executed, resulting in the optimal lane-level route R, , = {vy, v,,v3,v,} shown in red.

Once route planning is completed, path planning is carried out in three distinct

steps, each executed by a separate module.

The first step of path planning is performed by the Route Planner module using
the waypoint-level road network graph. Fig. 11 illustrates an example of this process.
The Route Planner module retrieves the sequences of waypoints corresponding to
each edge in the optimal route. The algorithm then identifies that the nearest waypoint

to the initial pose is w;, which belongs to the sequence of waypoints corresponding to
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the initial edge. Similarly, it determines that the nearest waypoint to the final pose is

wg, Which belongs to the sequence of waypoints corresponding to the final edge.
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Fig. 11. Example of the path planning process using the waypoint-level rode network graph. The red

dots represent the optimal path from point p; to py.

The second step of path planning is performed by the Off-Road Planner module,
as shown in Fig. 11. The Route Planner module identifies that the distance between
waypoint w; and initial pose p; exceeds a predefined maximum limit. Consequently, it
selects an alternative waypoint from the main path, w,sf, based on the coordinates
and orientation angle 6 of p; and the vehicle’s kinematics. The Off-Road Planner
module is then invoked to compute a connecting path from p; to w,¢;. This path is
designed to merge smoothly with the main route, using available grid maps and
advanced algorithms [57]. A similar approach is applied to the waypoint w; and the
final pose py. In this example, wy and p, coincide, so no additional connecting path is
needed. The connecting path is then combined with the main path, generating a

complete path plan from the origin p; to the destination p;, shown in red.
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The Router Planner module receives the complete path plan from p; to ps and

stores it in memory for reference throughout the travel. As the autonomous vehicle
follows this path, the Route Planner module continuously publishes a cropped
sequence of 150 waypoints ahead of the current pose and 50 waypoints behind (if
available). The Behavior Selector module subscribes to this current path plan and uses

it for the third step of path planning and the decision-making process.

Fig. 12 and Fig. 13 illustrate examples of the third step of path planning, performed
by the Behavior Selector module, using obstacle distance grid maps and the Frenet
Frames Path Planner. They display images generated by the Navigator Graphical User
Interface module, captured 10 seconds apart. These images feature an occupancy grid
map as background, where each white cell represents obstacle-free ground, and dark
cells indicate obstacles with a minimum height above or depth below the ground. The
blue rectangle represents the vehicle’s current pose, as published by the Localizer
module, while the yellow rectangle indicates the goal pose, as published by the
Behavior Selector module. The blue long line represents the current path, as published
by the Route Planner module, and the orange long line shows the available nearby

offline routes.

The numbered elements (e.g., 14, 15, 16, 17) represent dynamic obstacles that
were not present in the offline maps but are now detected near the autonomous
vehicle. To navigate around these dynamic obstacles, the Frenet Frames Path Planner
is invoked. This planner computes a set of alternative paths ahead of the vehicle’s

current pose, both to the left and to the right, using the main route as a reference.

The red and purple lines in Fig. 12 represent the Frenet Frames alternative paths
that put a high risk of collision with the dynamic obstacles numbered 15 and 16. In
contrast, the two green lines on the far-right side of the Frenet Frames indicate
alternative paths with negligible collision risk. The Behavior Selector module chooses
the green alternative path that is closest to the main route. This constitutes the third

step of path planning.
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Fig. 13, captured 10 seconds later, shows that the autonomous vehicle
(represented by the blue rectangle) had successfully avoided the dynamic obstacles
numbered 15 and 16. Subsequently, the Frenet Frames Path Planner computed a new
set of alternative paths ahead of the vehicle’s current pose, aiming to merge back with
the main route. As before, the red and purple lines represent the alternative paths with
high risk of collision with the dynamic obstacle numbered 17. The Behavior Selector

module then selects the green alternative path that is closest to the main route at that

moment.
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Fig. 12. Example of the path planning process using the Frenet Frames at time t1.
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Fig. 13. Example of the path planning process using the Frenet Frames at time ta.
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As depicted in this section, IARA’s route planning and path planning follow a
top-down approach. It begins with the highest-level available information: lane-level
offline routes of a road network previously generated using non-automated techniques.
Next, it utilizes waypoint-level offline routes previously created. Finally, it employs
obstacle distance grid maps to compute either off-road paths or sets of alternative

paths for avoiding dynamic obstacles.

3.4. The Creation of Routes using Non-Automated Techniques

This section describes the process of building static routes from grid maps using
non-automated techniques. These methods demand significant human effort, either for
sensors data logging or graphical editing. This underscores the motivation for the
present study, which aims to develop artificial intelligent techniques to reduce the effort

required for low-level route creation.

LiDAR
point cloud

vehicle velocity,
steering angle
sensor data,
vehicle odometry,
timestamps

data log

Fig. 14. Logging sensor data: LiDAR, IMU, GPS, camera, and vehicle odometry data.

Creating a route or path requires an existing grid map of the region the pathway
traverses. For the IARA System, the standard procedure for generating grid maps
begins with logging sensors and vehicle odometry data (Fig. 14). This involves running

the sensor drives and the Logger module while manually driving the vehicle through
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the entire area that needs to be mapped. Because the Controller module is not active
during this procedure and the vehicle is manually operated, the logging process is

considered an “offline” process.

Subsequent offline processes utilize the logged data, employing algorithms
inspired by Graph SLAM [62] [63], to apply optimization techniques to the simultaneous

localization and mapping (SLAM) problem. Fig. 15 depicts these processes.

Odometry Data

Calibration Synchronization Graph SLAM
poses
N
Graph SLAM
Playback Publisher
I I
S f b
Mapper Localizer
\- Y,

> )
offline route RDDF Builder
(waypoints) )

Fig. 15. IARA’s offline processes simplified block diagram.

Once the data log is available, the first pre-processing step for the Graph SLAM is
the Odometry Calibration module. This module processes the entire data log to
compute calibrated odometry poses, along with the multiplier and bias factors for

vehicle velocity and steering angle measurements.
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The Data Synchronization module processes the entire data log, applying the
calibrated multiplier and bias factors to generate synchronized data that integrates all

sensors readings.

The Graph SLAM module processes the synchronized data, applying the
optimization algorithm [62] to produce a set of optimized poses that accurately

represent the vehicle’s trajectory during the logging process.

Once the optimized poses are available, the mapping process begins by running
the Playback module, which reads the data log and publishes all the sensors and

vehicle odometry data to the subscriber modules.

The Graph SLAM Publisher module reads the set of optimized poses generated
by the Graph SLAM module and uses this information to provide corrected fused
odometry to the Localizer module. This localization reference is then published to the
Mapper module for generating the offline maps and to the RDDF Builder module for

creating a single waypoint-level route.

The overall procedure described in this section can be executed multiple times
across adjacent regions and pathways, allowing for the creation of multiple offline

maps and routes.

The Waypoints Editor [58] provides a graphical tool for manually editing the shape
and coordinates of one or multiple waypoint-level routes. This process is particularly

important for ensuring that two routes intersect correctly.

Fig. 16 shows two images of the Waypoints Editor. On the left side, three lines in
distinct colors — magenta, orange, and green — represent different waypoint-level
routes. Each gray dot on the magenta line corresponds to an individual waypoint that
can be manually edited. In this instance, the magenta and the green lines do not
intersect correctly, which would cause the route planning process to fail in creating a
composed route connecting them. On the right side, the Waypoints Editor displays the
magenta route after the editing process, where it now correctly intersects with the
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green route. Following this adjustment, it becomes possible to create a coherent road

network.

Fig. 16. The Waypoints Editor is used to adjust route intersections.

The Road Network Generator module processes the entire set of waypoint-level
routes available for a region and creates a directed graph, as shown in Fig. 11. In this
road network graph, each waypoint functions as a vertex, and each edge connecting
two vertices considers the presence of merging and forking intersections, where
applicable. Once the waypoint-level graph is created, the Road Network Generator

module further processes it to produce the lane-level graph, as depicted in Fig. 10.

As outlined in this section, the creation of routes and paths for the IARA System
follows a bottom-up approach. It starts with the waypoint-level routes, which are
generated either though pose estimation based on logged sensor data or by manually
editing graphical tools — both of which are time-intensive processes. Once the low-level

graph is available, it is then used to compute a higher-level graph.

This process involves several offline stages, beginning with the logging of sensor
and vehicle odometry data and progressing through various stages, requiring
substantial human intervention, particularly in the manual adjustment of waypoints and

the editing of route intersections.

The challenges inherent in these traditional methods underscore the importance
of developing more advanced, automated approaches to route creation. The significant

time and effort required for generating and refining low-level and high-level graphs
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reveal a critical need for innovative solutions that can streamline these processes. By
leveraging artificial intelligence (Al) techniques, it is possible to reduce the time and

effort required to create and optimize routes.

The present study aims to address these challenges by exploring and developing
Al-based techniques that can automate the low-level route creation process. While the
current non-automated methods for creating static routes from grid maps are effective,
the development of Al techniques to automate these processes holds significant
potential to enhance the efficiency and accuracy of route creation, thereby improving
the overall performance of autonomous systems like IARA. The shift towards Al-driven
methods represents a crucial step forward in the evolution of autonomous navigation,

envisioning more reliable route generation in dynamic and complex environments.
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4. PROPOSED SEMANTIC SEGMENTATION OF ROAD
GRID MAPS FROM REMISSION GRID MAPS

In this work, we represent roads using what we call road grid maps. The road grid
maps we propose are square matrices, C = {cg, ..., Ci j, -+» Cs—1,5-1}, Where: s X s is
the size of C in cells; each element c; ; represents a small square region of real-world
space; and the value of each c; ; is a code associated with the semantics of the road

grid map.

In the IARA System, remission grid maps are square matrices, R =
{ro,0 s Tij» s Ts—1,s—1}, Where each cell r; ; represents a small square region of real-
world space with dimensions 0.2 m x 0.2 m. The value of each r; ; corresponds to the
average LiDAR remission (the intensity of the returned laser pulse) for that region as
observed during mapping. If a grid map cell was never scanned by any LIiDAR beam,
its corresponding value is set to —1, and this cell is depicted in blue in all figures of

remission grid maps.

The dimensions of the road grid maps are identical to those of IARA’s remission
grid maps, with each map having a size of s =1,050. The physical area of real-world

space represented by each cell ¢; ; in the grid corresponds to 0.2 m x 0.2 m. Therefore,

any single road grid map or remission grid map covers a total area of 210 m x 210 m.

The coding pattern proposed for the road grid map cells was defined to
differentiate between cells representing potential pathways (lanes) and those that fall
outside drivable areas (off lane). Additionally, it distinguishes cells located near the
center of a lane from those near the edges. Another important characteristic encoded
in the map is the type of lane border: whether it is a broken line, permitting vehicle

overtaking, or a solid line, which restricts it.

We defined and tested two distinct sets of coding patterns.
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Set #1 consists of 17 classes, with the possible values of ¢; ; defined in TABLE 1.

Refer to Fig. 17 for a visual representation of the coding pattern.

TABLE 1. CODING PATTERN #1 FOR ROAD GRID MAP CELLS

Class Road Feature Distance from Lane Center

0 Off Lane N/A

1 Solid Line Marking N/A

2 Broken Line Marking N/A

3 Partial Solid Line Marking N/A

4 Partial Broken Line Marking N/A

5 Within Lane 0 (Center)

6 Within Lane 1/22 of lane width

7 Within Lane 2/22 of lane width

8 Within Lane 3/22 of lane width

9 Within Lane 4/22 of lane width

10 Within Lane 5/22 of lane width

11 Within Lane 6/22 of lane width

12 Within Lane 7/22 of lane width

13 Within Lane 8/22 of lane width

14 Within Lane 9/22 of lane width

15 Within Lane 10/22 of lane width

16 Within Lane 11/22 or 1/2 lane width

In this coding pattern, we assumed a fixed lane width of 3.2 m.

In summary, the table classifies each map cell based on its position relative to the

lane, indicating whether it is inside or outside the lane, its proximity to the lane center,

and its alignment with road markings. This classification aids in interpretation of the

map in relation to the road infrastructure, providing valuable use for autonomous

driving and road analysis tasks.
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Fig. 17.(a) A cropped section of a remission grid map. (b) Same cropped section overlaid with the

ground truth road grid map. The zoomed-in view highlights nine map cells ¢; ; arranged in a 3 x 3 grid.

The value of each cell, ¢;;, in the road grid map ground truth corresponds to
different feature classes: c; ; = 0 represents an Off Lane area, indicating a non-drivable
region, as shown in Fig. 17 (a); ¢;; = 1 indicates a Solid Line marking near the lane
boundary, as depicted in (a) and color-coded in red in (b); ¢;; = 2 denotes a Broken

Line marking near the lane boundary, also shown in (a) and color-coded in blue in (b);

values of ¢; ; ranging from 5 to 16 represent varying distances from the map cell to the

center of the lane, with different shades of green used for color coding in (b).

4.2. Coding Pattern #2
Set #2 consists of 6 classes, with the possible values of c; ; defined in TABLE 2.

Coding pattern #1 is more granular, providing finer detail in classifying a map cell's
position within the lane, whereas pattern #2 simplifies this by consolidating multiple

positions into broader categories. Pattern #1 is more complex and detailed, which
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makes it suitable for applications requiring high precision, while pattern #2 is simpler

and might be more practical for applications where such granularity is unnecessary.

Both sets encode the most relevant road features. The purpose of testing these
two distinct approaches is to assess their impact on the performance of training and

the accuracy of the selected DNNs.

TABLE 2. CODING PATTERN #2 FOR ROAD GRID MAP CELLS
Class Road Feature Distance from Lane Center
0 Off Lane N/A
1 Solid Line Marking N/A
2 Broken Line Marking N/A
3 Within Lane Up to 1/22 of lane width
4 Within Lane From 2/22 to 6/22 of lane width
5 Within Lane From 7/22 to 11/22 or 1/2 lane width

As with Set #1, in this coding pattern we assume a fixed lane width of 3.2 m.
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S. DNNs FOR SEMANTIC SEGMENTATION OF ROAD
GRID MAPS

We selected various DNNs to evaluate the feasibility of generating semantic
segmentation of road grid maps based on remission grid maps. The selection criteria

included:

(i) Availability for multi-purpose tasks: Once a DNN has demonstrated success
across a variety of segmentation use cases, it is more likely to effectively

handle new tasks, including the one proposed in this work.

(i) Open licensing: DNNs with free licensing promote collaboration within the
scientific community, encouraging further research, advancing applications,

and facilitating meaningful comparisons.

(i)  Low resource requirements for training and testing the DNNs: Given that
the primary goal of this work is to develop embedded solutions for
autonomous vehicles, minimizing resource consumption is a critical

consideration.

5.1. U-Net — U-shaped Encoder-Decoder

The encoder-decoder architecture was first introduced in [64] for Recurrent Neural
Networks (RNNs) and has since become a foundational approach in a wide range of
deep learning tasks, particularly in natural language processing, image processing,

and semantic segmentation.

U-Net [65] is an encoder-decoder convolutional neural network (CNN) architecture
specifically developed for biomedical image segmentation. Its design allows for
effective performance even with limited training data, making it highly valuable in the
medical imaging field, where annotated datasets are often scarce. U-Net’s versatility,
however, extends beyond biomedical applications; it has proven effective in other

domains that demand precise segmentation, such as satellite imagery [66], agricultural
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analysis [67], and autonomous driving [68]. This widespread utility has made U-Net

one of the most popular and influential architectures in the field of image segmentation.

The U-Net architecture is distinguished by its U-shaped encoder-decoder
structure, which consists of a contracting path and an expansive path. This design
enables U-Net to effectively capture both high-level contextual information and
fine-grained details, which are essential for accurate segmentation tasks. In Fig. 18,
the U-Net architecture is illustrated, where each blue box represents a multi-channel
feature map. The number of channels is indicated above each box, while the spatial
dimensions are noted below. White boxes depict copied feature maps, and the arrows

illustrate the various operations performed through the network.
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Fig. 18. The U-Net U-shaped encoder-decoder architecture.

The contracting path, or the encoder, is responsible for capturing the context of
the input image. It consists of repeated applications of two 3x3 convolutional layers,
each followed by a rectified linear unit (ReLU) activation function and a 2x2 max
pooling operation with a stride of 2. This downsampling process reduces the spatial
dimensions of the feature maps while increasing the number of feature channels. The
reduction in spatial resolution allows the network to focus on larger regions of the

image, capturing more contextual information, which is crucial for segmentation tasks.
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As the network goes deeper, it captures more abstract features that are essential for

distinguishing between different structures in an image.

Between the contracting and expansive paths, there is a bottleneck that represents
the lowest resolution of the feature maps. This bottleneck consists of two convolutional
layers with ReLU activation, followed by a max pooling layer. The bottleneck serves as
the bridge between the encoder and decoder, capturing the most abstract and

high-level features of the image.

The expansive path, or the decoder, is symmetric to the contracting path. It is
responsible for upsampling the feature maps back to the original image resolution,
allowing for precise localization of the segmented regions. The upsampling is achieved
through a 2x2 transposed convolution (also known as up-convolution or deconvolution)
that halves the number of feature channels. Each upsampling step is followed by the
concatenation of the corresponding feature map from the contracting path. This
concatenation process is critical because it provides the decoder with high-resolution
features that were previously captured during downsampling. After concatenation, two
3x3 convolutions with ReLU activation are applied, refining the features and enhancing

the segmentation accuracy.

U-Net employs skip connections between the encoder and decoder at each
corresponding level. These skip connections transfer the fine-grained information from
the encoder directly to the decoder, allowing the network to retain spatial details that
might otherwise be lost during downsampling. This strategy ensures that the network
can generate detailed and accurate segmentation maps, even for complex and small

structures.

The final layer of U-Net is a 1x1 convolution that maps the 64-component feature
vector at each pixel to the desired number of output classes (N). U-Net typically uses
a softmax activation function in its output layer, when applied to multi-class image
segmentation tasks. The result is a pixel-wise classification map, where each pixel is

assigned a class label, effectively segmenting the image.
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U-Net was designed to be trained with limited annotated data, which is common

in biomedical imaging. To achieve high performance despite the small dataset size,

the authors of U-Net introduced several key training strategies:

Data augmentation is critical in the training process to artificially expand the
training dataset and teach the network invariances. U-Net utilizes various
augmentation techniques such as elastic deformations, rotations, shifts,
and intensity variations. Elastic deformations are effective in biomedical
imaging because they simulate realistic variations in tissue structures,
making the network robust to such changes. This approach enables U-Net
to generalize well even when trained on a small number of annotated

images.

U-Net uses a pixel-wise softmax combined with a cross-entropy loss
function to evaluate the accuracy of the segmentation. The softmax function
assigns a probability to each class at every pixel, while the cross-entropy
loss penalizes the network for incorrect predictions. Additionally, the
authors introduced a weighted loss function to address the challenge of
segmenting touching objects of the same class. This is achieved by
assigning higher weights to the background labels between touching
objects, encouraging the network to learn the separation boundaries more

effectively.

Proper initialization of the network weights is essential to ensure stable and
effective training. The weights in U-Net are initialized using a Gaussian
distribution with a standard deviation that is scaled according to the number
of incoming connections in each layer. This initialization helps prevent
issues like vanishing or exploding gradients. The network is then trained
using stochastic gradient descent (SGD) with a high momentum, which
allows the network to make use of past gradients to accelerate

convergence.
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5.2. ENet — Efficient Neural Network

ENet (Efficient Neural Network) [69] is a deep learning model designed for
real-time semantic segmentation, specifically tailored for applications requiring high
efficiency and speed, such as autonomous driving, robotics, and augmented reality.
ENet addresses the challenge of deploying neural networks in environments where

computational resources are limited, and real-time performance is critical.

ENet is built on the concept of efficiency, balancing model complexity with
performance. ENet has an encoder-decoder DNN architecture [64] [70] inspired by the
well-known ResNet [71] [72] model but introducing several modifications to optimize
for speed and memory usage. Unlike the typical U-Net [65], ENet uses an asymmetric
encoder-decoder structure where the encoder is designed to be lightweight and the
decoder even more so, relying heavily on the encoder's ability to retain critical spatial

information (Fig. 19).
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Fig. 19. The ENet encoder-decoder asymmetric architecture.
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The encoder of ENet is designed to capture spatial features from the input image.
It consists of multiple stages of convolutional layers, each followed by batch
normalization and parametric ReLU (PReLU) activation functions. The initial layers
downsample the image, reducing its spatial resolution and increasing the number of
feature channels. This downsampling is critical to maintaining efficiency, as it reduces
the computational load for subsequent layers. ENet uses dilated convolutions in later
stages of the encoder to maintain a larger receptive field without increasing the

computational burden.

The decoder in ENet is significantly smaller than the encoder and is responsible
for upsampling the feature maps back to the original image resolution. The upsampling
is performed using learned deconvolution (also known as transposed convolution)
layers. However, unlike typical segmentation networks, ENet's decoder is minimalistic,
relying on the encoded features to carry the bulk of the segmentation information. The
idea is to achieve sufficient segmentation accuracy while keeping the network

lightweight and fast.

To mitigate the loss of spatial information due to downsampling in the encoder,
ENet incorporates skip connections between the encoder and the decoder. These
connections allow feature maps from earlier layers of the encoder to be directly fed
into corresponding layers of the decoder, helping to preserve fine-grained details in the

segmentation output.

ENet is similar to SegNet [73] [74], but with a shorter decoder and several other
modifications to allow faster operation without significant degradation of segmentation
performance. ENet extensively uses bottleneck modules, which consist of a sequence
of convolutions designed to reduce the number of parameters and operations. A typical
bottleneck module includes a 1x1 convolution to reduce the number of channels,
followed by a 3x3 convolution, and then another 1x1 convolution to restore the channel
dimension. The use of these modules significantly reduces the model's complexity and

enhances its efficiency.
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ENet is trained in two stages. In the first stage, only the encoder is trained
(receiving as input, in our case, a crop of a remission grid map, and as target the
associated crop of the road grid map ground truth). Since the encoder reduces
dimensionality by a factor of 8, it is necessary to perform an upsample of its output to
compare to the ground truth. So, a temporary single deconvolution layer is connected
at the output allowing the calculation of a softmax classifiers matrix with the size of the
target ground truth (120 x 120 cells in our case). In the second stage, this temporary
layer is removed and the decoder is connected at the output of the encoder (the output
of the decoder is also a matrix of softmax classifiers with the size of the target ground

truth). Then, the full network is trained.

During the test phase, the ENet receives as input a crop of the remission grid map
and outputs the inferred road grid map in the form of a matrix of softmax classifiers:
the class most active of each softmax classifier will be the value inferred for the

corresponding c; ; of the road grid map.

One of the primary applications of ENet is in autonomous driving, where the ability
to perform real-time segmentation of road scenes is crucial. ENet's efficient design
allows it to process high-resolution images at high frame rates, enabling vehicles to
quickly interpret and react to their surroundings. Additionally, ENet has been used in
robotics for tasks like obstacle detection and navigation, where real-time environmental
understanding is necessary. ENet’s lightweight architecture allows it to run on devices
with limited processing power, such as mobile devices and embedded systems. ENet
has been shown to achieve reasonable accuracy on datasets like Cityscapes, which is

widely used for evaluating segmentation models in urban driving environments.

While ENet offers a good balance between efficiency and accuracy, it is not without
limitations. The aggressive downsampling in the encoder can lead to a loss of
fine-grained details, which might result in lower accuracy compared to more complex
models, especially in scenarios requiring precise segmentation boundaries.
Additionally, ENet's performance may degrade when dealing with highly complex
scenes or tasks that require very high-resolution outputs.
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5.3. Swin-Unet — Vision Transformer using Shifted Windows

Transformer [75] is a type of DNN architecture that has revolutionized the field of
artificial intelligence, particularly in natural language processing (NLP) and computer
vision. The core idea of a Transformer is the self-attention mechanism, which allows
the model to focus on different parts of the input sequence when making predictions.
For example, in language processing, the word "it" might refer to a previously
mentioned noun, and self-attention helps the model identify these relationships by
assigning higher importance to relevant words. In computer vision tasks, transformers
can capture complex relationships between different parts of an image. Vision
Transformers (ViTs) [76] and other variants have shown impressive results in image

classification, object detection, and segmentation.

Transformers consist of multiple layers of self-attention and feedforward neural
networks. The layers are stacked together, and the output of one layer becomes the
input to the next. The standard Transformer architecture has an encoder and a
decoder, each consisting of several layers. Unlike Recurrent Neural Networks (RNNSs),
which process sequences one step at a time, Transformers can process entire
sequences in parallel. This parallelization makes them much faster and more efficient,

especially when dealing with long sequences.

An efficient hierarchical Vision Transformer, called Swin Transformer [77], was
proposed as a vision backbone. The name "Swin" comes from “Shifted Windows”,
which is a key innovation introduced in this model. Unlike traditional ViTs, which apply
self-attention globally across the entire image, the Swin Transformer applies
self-attention within local, non-overlapping windows. These windows are then shifted
in subsequent layers to allow cross-window connections. This approach helps to
reduce computational complexity while maintaining the ability to model long-range

dependencies (Fig. 20).
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Fig. 20. Swin Transformer hierarchical approach in contrast to traditional Vision Transformers.

Swin Transformers introduce a hierarchical architecture that processes images at
multiple scales, similar to how Convolutional Neural Networks (CNNs) work. The image
is progressively downsampled, and feature maps of increasing size are produced at
each stage. This hierarchical approach allows the model to capture both fine-grained

details and global context.

Fig. 20 (a) shows the Swin Transformer building hierarchical feature maps by
merging image patches in deeper layers. It has linear computation complexity to input
image size due to computation of self-attention only within each local window. Fig.
20 (b) shows in contrast, previous ViTs building feature maps of a single low resolution.
It has quadratic computation complexity to input image size due to computation of

self-attention globally.

The Swin Transformer has been shown to perform well across various vision tasks,
including image classification, object detection, and semantic segmentation. Its design
allows it to be used as a general-purpose backbone for many vision-related

applications.
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Fig. 21. The Swin-Unet architecture.

The Swin-Unet model [78] combines the power of Swin Transformers with the
traditional U-Net architecture, which is typically based on convolutional operations. In
recent years, convolutional neural networks (CNNs) with U-shaped architectures, such
as U-Net [65], have been widely used. However, the inherent limitation of CNNs in
capturing global and long-range semantic information due to the locality of convolution
operations has driven the exploration of alternative approaches that can overcome

these challenges.
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The Swin-Unet follows the classic encoder-decoder structure of U-Net but with
significant differences. Fig. 21 shows the architecture of Swin-Unet, which is composed
of encoder, bottleneck, decoder and skip connections. Encoder, bottleneck, and

decoder are all constructed based on Swin Transformer block.

The input image is divided into small patches, which are then treated as tokens
and fed into an encoder based on Swin Transformers. These encoders are responsible
for extracting contextual features from the image, which are then upsampled by a
symmetric decoder to restore spatial resolution. The multi-scale features extracted by
the encoder are fused with the features recovered in the decoder through skip

connections, which are essential for maintaining spatial accuracy.

In the encoder, Swin-Unet divides the images into non-overlapping 4x4 patches.
These patches are then processed by several Swin Transformer blocks and patch
merging layers, which reduce the resolution and increase the dimensionality of the
features. The bottleneck of the model consists of only two Swin Transformer blocks,
reflecting the controlled depth of the model to avoid convergence issues. In the
decoder, patch expanding layers perform the upsampling of the features, restoring the

image's original resolution.

5.4. ST-UNet — Swin Transformer Embedding UNet

Traditional CNN-based methods, while effective, struggle with capturing global
context due to the locality of convolution operations. ST-UNet [79] addresses this issue
by embedding the Swin Transformer [77], which is known for its global modeling
capabilities, into the U-Net [65] architecture. The ST-UNet is a hybrid model that
combines the strengths of CNNs and transformers by using a dual encoder structure.
The CNN-based encoder captures local features, while the Swin Transformer-based

encoder models global dependencies.
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The architecture includes:

e Spatial Interaction Module (SIM) to improve global feature correlation,
focusing on pixel-level correlations, mitigating the impact of occlusions, and

improving the segmentation of objects that are partially hidden.

e Feature Compression Module (FCM) to enhance small-scale feature
representation, reducing information loss during downsampling process by
using dilated convolutions and soft-pooling techniques, particularly for

small-scale objects, thereby improving segmentation accuracy.

e Relational Aggregation Module (RAM) to combine global and local features
effectively, integrating global dependencies captured by the Swin
Transformer into the CNN features, enhancing the model's ability to

differentiate between similar objects.

The Swin Transformer block is a key component of ST-UNet, offering a
window-based self-attention mechanism that scales efficiently with image size. The
block uses a shifted window approach to improve global context modeling while

maintaining computational efficiency.

Fig. 22 illustrates the overall architecture of the ST-UNet, a hybrid model that
combines the strengths of the Swin Transformer and the U-Net for semantic

segmentation of images.

The left side of the architecture represents the main encoder, which is based on a
CNN, specifically a ResNet-50 [80] with half-compressed channels. This encoder is
responsible for extracting deep features from the input image. The features extracted
by each layer of the CNN are denoted as A,,, where n indicates the stage or level of

the encoder.

Parallel to the main encoder, the auxiliary encoder is composed of Swin
Transformer blocks. These blocks are responsible for capturing global context
information and long-range dependencies in the image. The output features of the

Swin Transformer at each stage are denoted as S,,.
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Fig. 22. The ST-UNet architecture.

Positioned within the auxiliary encoder, the SIM module is designed to enhance
the information exchange across different spatial dimensions, compensating for the
limitations of the window-based self-attention mechanism in the Swin Transformer.
This module introduces pixel-level attention, which helps in resolving ambiguities
caused by occlusions in the image. The SIM module works by focusing on the
relationships between pixels rather than just patch tokens, making the transformer

more effective for image segmentation tasks.

The FCM module is also integrated into the auxiliary encoder. Its role is to address
the potential loss of fine details that can occur during the patch token downsampling
process in the Swin Transformer. The FCM ensures that small-scale features are
preserved, which is crucial for accurately segmenting small objects in the images. It
uses a combination of dilated convolutions and soft-pooling to gather more detailed

information and maintain structural integrity.
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The RAM module serves as a bridge between the two encoders. It takes the output
features from both the main encoder (4,,) and the auxiliary encoder (S,,) and integrates
them to form more discriminative feature representations. The RAM does this by
leveraging deformable convolutions and channel attention mechanisms, which help in
refining the features based on the global context information provided by the Swin

Transformer.

The decoder in ST-UNet follows the traditional U-Net structure, where it
progressively upsamples the feature maps to reconstruct the image's spatial
resolution. The decoder uses skip connections to concatenate the high-level semantic
features from the encoder stages with the corresponding decoder stages. These skip
connections are critical for preserving spatial information and improving segmentation

accuracy, especially in the finer details of the image.

The flow of information in ST-UNet starts with an input image being fed into both
the CNN-based main encoder and the Swin Transformer-based auxiliary encoder. For
the auxiliary encoder, the input image is first divided into small patches. Each patch is
a small section of the image, usually of a fixed size (e.g., 8x8 pixels). After these
patches are extracted, the flatten operation converts each 2D patch into a 1D vector.
For example, an 8x8 patch with 3 channels (RGB) would be flattened into a vector of
size 192 (8x8x3). This flattened vector can then be fed into a linear embedding layer,
where it is projected into a lower-dimensional space or prepared for further processing.
In the case of the Swin Transformer, this flattened vector is used to create a sequence

of "tokens" that the transformer can process.

The CNN extracts local features through its residual blocks, while the Swin
Transformer captures global context features. At each stage, the RAM fuses the
features from both encoders, enriching the local CNN features with global context from
the Swin Transformer. This fused feature set is then passed to the next stage of the
main encoder. The fused features are decoded through the U-Net's decoder structure,
which progressively increases the resolution of the feature maps until the original
image resolution is restored. The final segmentation map is generated as the output.



57

The final output of the decoder is a high-resolution segmentation map, where each
pixel is assigned a semantic label. This output is obtained by applying a 3x3
convolutional layer followed by a linear interpolation upsampling, which ensures that

the segmentation map matches the resolution of the input image.
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6. APPLICATIONS OF ROAD GRID MAPS IN
AUTONOMOUS VEHICLE NAVIGATION

The road grid map we have developed has numerous important applications in the
field of autonomous vehicle. For instance, it can estimate the distance between the
autonomous vehicle and the center of the nearest lane or indicate whether the vehicle
is permitted to overtake another vehicle based on the lane markings (e.g., broken or
solid lines). Additionally, it can be utilized to construct a detailed graph of the mapped

road network, among other uses.

In this study, we propose the use of road grid maps to build low-level path plans,
called RDDFs (Route Data Definition Files), which are essential for the autonomous
operation of IARA. In the IARA System, RDDFs are structured in a simple text format,
consisting of a sequence of waypoints spaced approximately 0.5 meters apart. Each
waypoint is defined by coordinates in the UTM system and includes a recommended
vehicle orientation (yaw angle). Additionally, waypoints may be enriched with road
annotations, such as speed limits, speed bumps, crosswalks, and other relevant

features, providing a detailed and precise representation of the road environment.

TABLE 3. ExampLE OF RDDF FORMAT USED IN THE IARA SYSTEM — WAYPOINTS FILE
X Coord Y Coord Yaw Velocity Steering Timestamp
(m) (m) (rad) (mls) (rad) (s)
7757673.76 | -363604.52 0.687 2.81 0.010953 1502316065.290736
7757674.19 | -363604.22 0.689 3.08 0.013366 1502316065.490572
7757674.71 -363603.80 0.690 3.30 0.007510 1502316065.690336

TABLE 3 shows an example of the RDDF format used in the IARA System. The
Waypoints file consists of a sequence of waypoints, each defined by three primary
values: X and Y coordinates in meters, and the vehicle’s orientation angle (yaw) in

radians. The last three columns, which are optional, include information about the
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logged velocity, steering angle, and timestamp. These are present only if the RDDF

was generated by the RDDF Builder module, as described in Section 3.4.

In the IARA System, the X and Y coordinates are derived from the UTM (Universal

Transverse Mercator) coordinate system, using the following conversion formulas:

IARA X = UTM_Y

IARAY = —-UTM_X

(1)

(2)

In TABLE 4, the Road Annotations file details the relevant features of the road

environment, which are defined by: the type and subtype (code) of the annotation, the

applicable orientation angle (yaw) in radians, the X and Y coordinates in meters, and

an additional parameter required for specific types of annotations. The applicable yaw

angle is particularly important because traffic signs often apply only to lanes in one

direction, not to those in the opposite direction. In this example, the extra parameter

for the pedestrian track annotation is 9.00, indicating that the system must monitor a

circular area with a radius of 9.00 meters around those coordinates to detect the

presence of pedestrians. For the traffic light annotation, the extra parameter is 3.32,

indicating that the traffic light is located at those coordinates, 3.32 meters above the

ground.
TABLE 4. ExampLE OF RDDF FORMAT USED IN THE IARA SYSTEM — ROAD ANNOTATIONS FILE
Description Type Code (Yr:(vjv) X c(:::)"d Y C(:rc:]c)wd Param
SPEED_LIMIT 7 8 -2.015 | 7753405.40 -364951.60 0.00
PEDESTRIAN_TRACK 3 0 0.103 7757355.40 -364102.40 9.00
TRAFFIC_LIGHT 8 0 0.451 7757077.60 -363696.00 3.32
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6.1. Proposed Enhancements in the IARA System

With the adoption of the proposed road grid maps and the implementation of
appropriate inference processes for generating low-level path plans (RDDFs), the
IARA System can benefit from enhanced capabilities. Fig. 23 presents a simplified
block diagram of the new proposed IARA’s software architecture, building on the

diagram previously shown in Fig. 6.
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The primary enhancements proposed for the IARA System focus on the Map
Server and the Route Planner modules. A new Deep Neural Network (DNN) module

has been introduced to perform semantic segmentation of road grid maps derived from
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offline remission grid maps. This DNN module, tailored and trained based on one of
the architectures detailed in Section 5, can operate in two distinct modes: (a) as an
offline process that reads all the offline remission grid maps and generates
corresponding road grid maps, which are stored on disk for later use; or (b) as an online
process invoked by the Map Server module to dynamically process offline remission

grid maps and publish online road grid maps to the subscriber modules in real time.

The major advantage of method (a) is its reduced resource demand during the
online cycle of the IARA System, as all intensive DNN processing is completed offline.
The IARA System’s cycle, which consists of sensing — localizing — mapping — path
planning — behavior decision-making — motion planning — controlling — sensing (in a
continuous loop), must be completed in no more than 50 milliseconds to maintain a
frequency of 20 Hertz. Therefore, each online module’s task should take significantly

less than 50 milliseconds to avoid degrading the overall system performance.

In contrast, method (b) requires substantially more online computational resources
but offers key benefits such as reduced disk storage, fewer disk 1/0 operations, and
greater flexibility to handle dynamic online remission grid maps, rather than relying on
pre-processed offline versions. This approach would involve enhancing the Mapper

module to integrate real-time LiDAR readings with offline remission grid maps.

In the experimental tests described in the following sections, method (a) was
utilized due to resource constraints in the embedded computing devices of the IARA

System.

Using either method (a) or (b), a road grid map is published for use by the
subscriber Route Planner module. The Route Planner then invokes a new Path
Inference process, responsible for computing a low-level path plan directly from a road
grid map (refer to Section 6.2). This new approach replaces the initial step of path
planning previously managed by the Route Planner, as detailed in Section 3.3. In this
new proposed structure, there is no longer a need to store low-level routes
(waypoint-level graph) on disk, as they are dynamically inferred by the Path Inference

module. The Route Planner now only requires macro-level routes (lane-level graph) to



62

carry out the route planning process that precedes the path planning steps. This new
approach offers several benefits, including reduced disk storage requirements, fewer

disk I/O operations, and the flexibility to use the outputs of dynamic online mapping.

6.2. Computing Path Plans from Road Grid Maps

To compute the waypoints of an RDDF from a road grid map, we use Algorithm 1.
When RDDFs are generated in this manner, the IARA System employs the Path

Inference module depicted in Fig. 23.

Algorithm 1: compute rddf from road grid map()

Input: pose, road grid map
Output: RDDF crop

1: rddf wps _ahead < get waypoints_ahead(pose, road grid map, 150)
2:rddf wps _behind < get waypoints_behind(pose, road grid map, 50)
3:RDDF crop <« smooth_rddf using conjugate gradient(rddf)
4:return (RDDF crop)

Algorithm 2: get waypoints_ahead()

Input: pose, road grid map, num_waypoints
Output: wps ahead

1: next _pose <— pose

2:for i = 0 to num_waypoints — 1

wps_ahead[i] < get lane central pose(next pose, road grid map)

next_pose «— add_distance to pose(wps_ahead[i], 0.5)

next_pose.yaw <«— atan2(next_pose.y —wps_ahead[i].y, next_pose.x — wps_ahead[i].x)
6: return (wps_ahead)

DAl

In Algorithm 1, lines 1 and 2 compute 150 waypoints ahead and 50 waypoints
behind the vehicle’s current pose using the functions "get_waypoints_ahead()" and
‘get_waypoints_behind()’, respectively. These waypoints cover a distance of 75
meters ahead and 25 meters behind the vehicle. In line 3, the combined set of
waypoints are smoothed using the ‘smooth_rddf _using_conjugate_gradient()

function. Smoothing is essential because the waypoints computed in lines 1 and 2 are
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centered within map cells, and the cell dimensions (0.2 m x 0.2 m) are close to the
average separation between waypoints (0.5 m). Without smoothing, this can result in

a serrated path.

Algorithm 2 implements the "get_waypoints_ahead()" function. In line 3, the next
waypoint in the sequence is computed using the "get_lane_central_pose()" function.
This function takes as input ‘next_pose = {x, y, yaw} and returns the *{x, y}
coordinates of the road grid map cell closest to the lane center, based on an orthogonal
line crossing through "next_pose’ (illustrated by the yellow line in Fig. 24 (b)). Initially,
‘next_pose’ is set to the vehicle’s current pose (line 1), so "get_lane_central_pose()’
finds the map cell nearest to the lane center at the vehicle’s current location. For the
remainder of the loop, this function generates waypoints along the lane center, spaced

0.5 meters apart, due to the incremental distance added to "'next_pose’ in line 4.

Algorithm 3: get waypoints behind()

Input: pose, road grid map, num_waypoints
Output: wps behind

1: previous _pose < pose

:for i = 0 to num_waypoints — 1

wps_behind[i] < get lane central pose(previous pose, road grid map)

previous_pose <— add_distance opposite to pose(wps_behind[i], 0.5)

previous_pose.yaw <«— atan2(wps_behind[i].y — previous_pose.y,
wps_behind[i].x — previous pose.x)

AR N

*))

:return (Wps_behind)

The “get_waypoints_behind()" function, implemented in Algorithm 3, operates

similarly to "get_waypoints_ahead()" but locates waypoints in the opposite direction.

We implemented the ‘'smooth_rddf_using_conjugate_gradient()" function by
modeling the smoothing optimization problem using the same objective function as
Dolgov et al. in [81], but focusing exclusively on the last term that quantifies the path’s
smoothness (equation 1 in [81]). Therefore, the objective function defined in our

algorithm is as follows:
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D @iy - Awy)? @)

e N: Number of waypoints.
e w; ={x;,y;}: Coordinates of the i-th waypoint.

e Aw; = w; —w;_,: Distance between the i-th waypoint and the previous one.

(@) (b)

Fig. 24. (a) A cropped section of a remission grid map. (b) The same section with a superimposed road

grid map and the inferred RDDF waypoints.

In Fig. 24 (b), the vehicle is depicted as a transparent rectangle with black outlines,
and its current pose is represented by the origin of the black line segment inside the
rectangle. The yellow line segment indicates the orthogonal line used to search for the
lane center. The black dots represent the waypoints ahead (‘'wps_ahead’) found by
‘get_lane_central_pose()’ function, while the white line illustrates the final
"RDDF_crop’, a smoothed path derived from ‘wps_ahead™ and ‘wps_behind" using

the 'smooth_rddf_using_conjugate_gradient()’ function.
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7. EXPERIMENTAL METHODOLOGY

To evaluate the real-world application of path plans inferred from road grid maps
segmented by DNNs, we employed the IARA autonomous vehicle (Fig. 3). Both the
hardware and software of IARA were developed by researchers at UFES. The vehicle’s
hardware is based on a Ford Escape Hybrid car, which has been modified to enable
electronic control of the steering, throttle, and brakes, in addition to capturing vehicle
odometry data and powering multiple high-performance computers and sensors. IARA
is equipped with a Velodyne HDL 32-E LiDAR, a Trimble dual RTK GPS, an Xsens
MTi IMU, a Point Grey Bumblebee camera, a Point Grey Bumblebee XB3 stereo

camera, and two Dell Precision R5500 computers.

IARA’s software architecture consists of multiple modules that communicate via
messages using the publish-subscribe paradigm. These modules were developed
within the UFES version of the Carnegie Mellon Robot Navigation Toolkit
(CARMEN [51]). The entire source code of IARA, including the code developed for this

study, is publicly available’.

To train the DNNs for segmenting road grid maps from remission grid maps, we
created datasets covering tens of kilometers of manually marked road lanes. These
datasets are publicly available®: (i) the UFES dataset (Fig. 26), which covers 3.7 km of
the ring road at Universidade Federal do Espirito Santo (UFES) in Vitéria, Brazil; (ii)
the Highway dataset (Fig. 27), covering 32.4 km along Rodovia do Sol, a highway
connecting the cities of Vila Velha and Guarapari, Brazil (distant from UFES); and (iii)
the Industrial Plant dataset (Fig. 29), covering a route of 0.65 km in an industrial plant

located in the State of Sdo Paulo, Brazil.

7 Available at https:/github.com/LCAD-UFES/carmen_lIcad.

8 Available at https:/bit.ly/road_ds.
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7.1. Ground-Truth Marking Procedure

Each dataset consists of multiple cropped remission grid map images paired with

their corresponding road grid map ground truth images. To create the ground truth

images, we utilized the Inkscape® vector graphics software. For that, we saved each

remission grid map as a PNG image and followed the procedure we developed (Fig.

25), which involves the following steps:

1.

Open the image: Load a remission map image file in Inkscape and draw a

polyline all the way along the center of each road lane.

Extend polyline limits: Position both the start and finish points beyond the

image boundaries to ensure a better fit for each polyline.

Align with driving direction: Ensure that the lanes’ driving orientation aligns

with the direction from the polyline’s start point to the finish point.

Handle intersections: If two polylines intersect, merge, or fork, draw the

primary polyline first, followed by the secondary one.

Smooth the polyline: Set each polyline point to auto-smooth mode,

converting the polyline into a cubic Bézier curve.

Set lane width: Adjust the stroke width of each polyline to the standard lane
width we defined (3.2 m, or 16 cells).

Apply color coding: Assign the appropriate stroke color to each line

according to the color code shown in TABLE 5.

This process is time-consuming. To expand the dataset’s size and diversity, we

augmented each pair of remission grid map and road grid map ground truth crops by:

? http://inkscape.org
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(i) rotating them at different angles; and (ii) translating them by various distances

across the vehicle’s orientation direction (yaw).

TABLE 5. COLOR CODING FOR LINE MARKINGS IN THE GROUND TRUTH MARKING PROCEDURE

Color RGB Value Coding Description

(255, 000, 000) = #ff0000 | Solid line marking on both sides

(255, 000, 127) = #ff007f | Solid line marking on the right and broken line on the left side

(127, 000, 255) = #7f00ff | Broken line marking on the right and solid line on the left side

(000, 000, 255) = #0000ff | Broken line marking on both sides

(000, 255, 000) = #00ff00 | No line marking on both sides

(255, 127, 000) = #ff7f0O0 | Solid line marking on the right and no line on the left side

(127, 255, 000) = #7fff00 | No line marking on the right and solid line on the left side

(000, 127, 255) = #007fff | Broken line marking on the right and no line on the left side

(000, 255, 127) = #00ff7f | No line marking on the right and broken line on the left side
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Fig. 25. The ground truth marking procedure using the Inkscape vector graphics software.
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7.2. UFES Dataset

The UFES dataset consists of 658 cropped sections of 120 x 120 cells (covering
an area of 24 m x 24 m) of remission grid maps, along with corresponding ground truth
road grid maps. These were captured along the 3.7 km ring road of UFES (Fig. 26),
with a spacing of approximately 5 meters between each section.

To augment the size and diversity of the dataset, we generated a total of 168 pairs
for each original pair of remission grid map and corresponding road grid map ground
truth crops. This was achieved by: (i) applying 24 different rotations (15 degrees apart),
and (ii) translating them with 7 different shifts (-1.5 m, =1.0 m, —=0.5 m, 0.0 m, 0.5 m,

1.0 m, 1.5 m) across the direction of the ring road at the location of the original pair of

crops. The final UFES dataset comprises 110,544 (658 x 168) pairs of crops.

Fig. 26. The 3.7 km ring road of the Universidade Federal do Espirito Santo (UFES), Brazil, located at
coordinates 20°16.4313'S 40°18.3653'W.

To mitigate potential overfitting issues, which we suspected were caused by
excessive data augmentation, we defined a subset of the UFES dataset with a reduced
number of transformations. This subset, named UFES-II, includes only 15,792 rotated

image pairs (658 x 24), excluding all translated image pairs from this subset.
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Rodoyia dorSoli0)

Fig. 27. The 32.4 km of the Rodovia do Sol highway in the State of Espirito Santo, Brazil, located at
coordinates 20°27.5838'S 40°20.5988'W.

7.3. Highway Dataset

The Highway dataset consists of 3,556 cropped sections of 120 x 120 cells
(covering an area of 24 m x 24 m) of remission grid maps, along with corresponding
ground truth road grid maps, captured along 32.4 km of the Rodovia do Sol highway
(Fig. 27), with a spacing of approximately 12 meters between each section. This
dataset was used primarily for testing; therefore, no rotations or translations were
applied. We used the Highway dataset to evaluate our model’s ability to generalize in

a different context that was not encountered during training of the DNNs.
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7.4. Industrial Plant Dataset

The Industrial Plant dataset was generated following the standard procedure

outlined in Section 3.4.

The odometry and sensor readings were collected using a Mercedes-Benz Atego
1730 truck, as shown in Fig. 28. The vehicle was equipped with three Ouster OS1-32
LiDARs: one mounted on top of the truck cabin, attached to a metal box, configured in
below-horizon mode, with a vertical field of view ranging from the horizon down to 22.5
degrees below; and two units mounted on each side of the vehicle, just above the
headlights, configured in uniform mode, with a vertical field of view spanning from 22.5

degrees above to 22.5 degrees below the horizon.

In autonomous mode, this truck operates using a hardware and software

framework closely aligned with the one detailed in Section 3.

T ad

Fig. 28. Mercedes-Benz truck used for logging odometry and sensor readings at the industrial plant.
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Fig. 29. The 0.65 km route of an industrial plant in the State of Sao Paulo, Brazil, located at coordinates
22°43.0933'S 46°47.4720'W.

The Industrial Plant dataset consists of 145 cropped sections of 120 x 120 cells
(each covering an area of 24 m x 24 m) of remission grid maps and corresponding
ground truth road grid maps, captured along a 0.65 km route of an industrial plant, as
shown in Fig. 29, with a spacing of approximately 5 meters between each section.

To augment the dataset's size and diversity, we generated a total of 24 pairs for
each original pair of crops by applying 24 different rotations, each 15 degrees apart.

The final Industrial Plant dataset comprises 3,480 (145 x 24) pairs of crops.
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7.5. U-Net DNN

We employed a slightly modified version of the U-Net architecture, available at a
GitHub repository'®. Our modifications include integrating dropout and batch

normalization layers to reduce overfitting and improve the training process.

The model processes 256 x 256-pixel remission images as input, with
256 x 256-pixel road grid maps serving as the ground truth. To ensure compatibility
with these image dimensions, padding is applied prior to feeding the images into the

model and removed before calculating the evaluation metrics.

In the experiments detailed in Section 8, the model was trained using different
training sets: (i) the UFES dataset alone; (ii) both the UFES and Industrial Plant
datasets; and (iii) a combined set consisting of UFES, Industrial Plant, and Highway

datasets.

The U-Net model was trained with a batch size of 8 and an initial learning rate of
0.001. The LION optimizer was employed with a weight decay of 0.001. The
CrossEntropy loss function was used, with class weights computed based on the

distribution of the training data.

To evaluate the model's performance, we used multiple metrics. Class average
accuracy was calculated as the ratio of correctly predicted classes to the total number
of evaluated map cells. F1 score was also employed to provide a harmonic mean of
precision and recall, ensuring a balanced assessment of the model’s accuracy. Lastly,
the mean Intersection over Union (mean loU) was used to measure the overlap
between predicted and ground truth segments, offering a comprehensive evaluation of

segmentation performance across all classes.

10 https://github.com/xiaochengcike/pytorch-unet-1
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7.6. ENet DNN

We utilized two versions derived from the original ENet architecture. The first
version was modified to accept grayscale PNG images of 120 x 120 pixels
representing remission grid maps as input, with corresponding 120 x 120-pixel road
grid maps serving as ground truth. This version was assessed in [10] and is available
at a GitHub repository''. This model was trained using the UFES dataset, and its
performance was evaluated on both the UFES test dataset (20% of the images) and

the entire Highway dataset.

The training process for the encoder utilized the following parameters: a batch size
of 16, an initial learning rate of 0.005, reduced by a factor of 10 every epoch, and the
ADAM optimizer, configured with a first momentum of 0.9, a second momentum of
0.999, and a weight decay of 0.0002. These same parameters were applied during the

training of the full network (encoder and decoder).

To assess ENet’s performance, we used class average accuracy as the primary
metric. This was calculated as the ratio of correctly predicted classes to the total
number of evaluated map cells, chosen for its simplicity and suitability for this
segmentation task. Additionally, qualitative metrics related to the model's practical
application in navigation were considered, specifically: (i) the ability to maintain the
vehicle centered in the lane, and (ii) avoiding abrupt steering movements, which are

critical for assessing real-world usability.

The second version of the ENet model, available at a GitHub repository'?, was
adapted to accept 256 x 256-pixel remission images as input, with 256 x 256-pixel

road grid maps as the ground truth. To handle varying image dimensions, padding was

" hitps://github.com/LCAD-UFES/carmen_lcad/tree/master/sharedlib/ENet

12 https://github.com/iArunava/ENet-Real-Time-Semantic-Segmentation/tree/master
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applied before feeding the images into the model and removed prior to calculating

evaluation metrics.

For this version of ENet, the same training datasets were used as in the U-Net
experiments, including the UFES, Industrial Plant, and Highway datasets. The training
configuration also mirrored that of U-Net, with a batch size of 8, an initial learning rate
of 0.001, the LION optimizer with a weight decay of 0.001, and the CrossEntropy loss

function with class weights calculated based on the training data distribution.

The performance of this ENet model was evaluated using the same metrics as
those applied to U-Net: class average accuracy, F1 score, and mean Intersection over

Union (mean loU), ensuring consistency in the assessment of both architectures.

7.7. Swin-Unet DNN

We used a slightly modified version of Swin-Unet, available at a GitHub
repository’3. The primary modification involved adapting the model to accept

single-channel grayscale images as input.

The model was designed to process 256 x 256-pixel remission images as input,
with 256 x 256-pixel road grid maps as the ground truth. To handle varying image
dimensions, padding was applied before feeding the images into the model and

removed prior to calculating evaluation metrics.

For this model, the same training datasets were used as in the U-Net experiments,
including the UFES, Industrial Plant, and Highway datasets. The training configuration

also mirrored that of U-Net, with a batch size of 8, an initial learning rate of 0.001, the

13 hitps://github.com/Wzysaber/ST_Unet_pytorch_Semantic-segmentation/tree/main/model/SwinUnet
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LION optimizer with a weight decay of 0.001, and the CrossEntropy loss function with

class weights calculated based on the training data distribution.

The performance of this model was evaluated using the same metrics as those
applied to U-Net: class average accuracy, F1 score, and mean Intersection over Union

(mean loU), ensuring consistency in the assessment of both architectures.

7.8. ST-UNet DNN

We used a slightly modified version of ST-UNet, available at a GitHub repository'.
The modification involved configuring the model to accept single-channel (grayscale)

images as input.

The model was designed to process 256 x 256-pixel remission images as input,
with 256 x 256-pixel road grid maps as the ground truth. To handle varying image
dimensions, padding was applied before feeding the images into the model and

removed prior to calculating evaluation metrics.

For this model, the same training datasets were used as in the U-Net experiments,
including the UFES, Industrial Plant, and Highway datasets. The training configuration
also mirrored that of U-Net, with a batch size of 8, an initial learning rate of 0.001, the
LION optimizer with a weight decay of 0.001, and the CrossEntropy loss function with

class weights calculated based on the training data distribution.

The performance of this model was evaluated using the same metrics as those
applied to U-Net: class average accuracy, F1 score, and mean Intersection over Union

(mean loU), ensuring consistency in the assessment of both architectures.

14 hitps://github.com/Wzysaber/ST _Unet_pytorch_Semantic-segmentation/tree/main/model/ST_Unet



TABLE 6 summarizes the training of all DNNs.

TABLE 6. DNN TRAINING CONFIGURATION
Batch . . . Training Number of
Model Size Computing Configuration Time Parameters
GPU: RTX 2080, 8GB
U-Net 8 CPU: AMD Ryzen Threadripper 3970X 02:56:50 31,042,694
32-Core Processor
62 GB RAM
GPU: NVIDIA T4, 15 GB
ENet 8 CPU: Intel(R) Xeon(R) 2.20GHz 01:51:43 353,052
12.7 GB RAM
GPU: NVIDIA T4, 15 GB
Swin-Unet 8 CPU: Intel(R) Xeon(R) 2.20GHz 02:13:22 12,306,058
12.7 GB RAM
GPU: RTX 2080, 8 GB
ST-UNet 8 CPU: AMD Ryzen Threadripper 3970X 03:26:41 105,321,958

32-Core Processor,
62 GB RAM
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8. EXPERIMENTAL RESULTS

A series of experiments were conducted to evaluate the performance of semantic
segmentation using the proposed coding patterns, the selected DNNs, and different

combinations of datasets for training, validation and testing.

Experiment #1 reported in [10] evaluated the ENet DNN with coding pattern #1,
using UFES dataset for training, and the Highway dataset for testing. Experiment #2
evaluated the ENet DNN with coding pattern #2, comparing it to the results from the
first experiment, which used coding pattern #1. Additionally, it compared the
performance of four models (U-Net, ENet, Swin-Unet, ST-UNet) with coding pattern
#2, using UFES dataset for training, and both the Highway and the Industrial Plant
datasets for testing. Experiment #3 reduced the number of samples of UFES training
dataset, by eliminating the original augmentation, and included the Industrial Plant
dataset in the training data, using the Highway dataset for testing. Experiment #4 used
the three datasets for training and testing (UFES, Industrial Plant, and Highway), but
ensured that the samples included in the testing dataset were not used in the validation
during training. Additional experiments were conducted with the IARA autonomous car

to evaluate the performance of the proposed method in the real world.

8.1. Experiment #1

The first experiment, conducted in [10], evaluated the performance of ENet DNN

(version 1) using coding pattern #1, a batch size of 16, and 3 epochs of training.

TABLE 7. EXPERIMENT #1 CONFIGURATION
Model ENet (version 1)
Training Dataset UFES (80%): 88,368 images in 16,569 batches
Validation Dataset UFES (20%): 22,176 images
Testing Dataset 1 UFES (same used for validation)
Testing Dataset 2 Highway: 3,556 images
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Fig. 30 presents the experimental results for training full ENet model (encoder and
decoder). On the x-axis, the number of batches trained is shown, while the y-axis
represents the model's accuracy. As illustrated, accuracy improves steadily with the
number of training batches but plateaus around 2,000 batches. A second increase is
observed when the learning rate is reduced to 0.0005, reaching another plateau at
around 5,000 batches. Further reductions in the learning rate did not result in
noticeable improvements, with the accuracy stabilizing at approximately 78% during

the training.

Fig. 31 shows that ENet achieved an average accuracy of 83.7% on the UFES
test dataset, exceeding the accuracy observed during training. This improvement is
attributed to the use of SpatialDropout [82] during training, which enhances
generalization. Since SpatialDropout is disabled during testing, the model’s
performance appears higher. When tested on the Highway dataset, ENet achieved an

average accuracy of 64.1%.
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Fig. 30. Experiment #1: ENet encoder-decoder’s accuracy achieved during training.
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Fig. 31. Experiment #1: Box plot of ENet’s accuracy achieved during testing.

(a) (b)

Fig. 32. Test of inference on the ring road of UFES. (a) Crop of a remission grid map. (b) Same as (a)

with superimposed road grid map inferred by ENet with 83% of class average accuracy.
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(a) (b)

Fig. 33. Test of inference on the Highway dataset. (a) Crop of a remission grid map. (b) Same as (a)

with superimposed inferred road grid map with 64% of class average accuracy.

Fig. 32 presents an example of ENet inference on a segment of the UFES test
dataset. In Fig. 32 (a), the input remission grid map is shown, while Fig. 32 (b) displays
the same remission grid map with the inferred road grid map superimposed. Fig. 33
provides an example of ENet’s performance on the Highway dataset. Despite the lower
accuracy, the model was still able to reasonably extract the road grid map from the
remission grid map, even in an unseen region with significantly different surroundings

from those in the training data.

8.2. Experiment #2

The second experiment evaluated the performance of ENet DNN (version 2) using
coding pattern #2, comparing it to the results from the first experiment. Additionally, it
compared the performance of several models trained with coding pattern #2, using a

batch size of 8 and 3 epochs of training.



TABLE 8.

EXPERIMENT #2 CONFIGURATION

Models

U-Net, ENet (version 2), Swin-Unet, ST-UNet

Training Dataset

UFES (80%): 88,368 images

Validation Dataset

UFES (20%): 22,176 images

Testing Dataset 1

UFES (same used for validation)

Testing Dataset 2

Industrial Plant: 3,480 images

Testing Dataset 3

Highway: 3,556 images
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The following tables and figures show the results of experiment #2. In the table,

the legend (t) denotes that the testing dataset was not used for validation during

training, while (v) indicates that it was included for validation.

TABLE 9. COMPARED PERFORMANCE OF ENET USING DIFFERENT CODING PATTERNS
Model Coding Testing Average Median IQR
Pattern Dataset Accuracy Accuracy Accuracy
ENet Exp #1 UFES (v) 83.75% 84.78% 2.68%
ENet Exp #2 UFES (v) 93.23% 94.51% 2.27%
ENet Exp #1 | Highway (t) 64.10% 66.41% 7.73%
ENet Exp #2 | Highway (t) 64.38% 65.50% 9.94%

TABLE 9 shows that coding pattern #2 allowed a significant improvement in the

accuracy of the model using UFES dataset. In other words, the DNN was able to learn

more precisely the dataset used during training. There was no significant variation in

the accuracy using the Highway dataset, which was not seen during training. This

means that the model’s generalization ability was not improved, neither reduced.

Fig. 34 to Fig. 37 show compared performances of multiple models using coding

pattern #2, on the three datasets. Using UFES dataset, ST-UNet achieved a

performance slightly better than U-Net and ENet, and significantly better than

Swin-Unet. Using the Industrial Plant dataset, all four models achieved a similar

performance. Using the Highway dataset ST-UNet achieved the best performance.

Using any of the three datasets. U-Net and ENet achieved very similar performances.
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Results of Test by Metric - UFES Dataset
mU-Net mENet OSwin-Unet BST-Unet
100% 93,1% 93,2% 94,7%
90% 84,2% 84,1% 87.2%
80%
70%
60%
50%
40%
30%
20%
10%
0%

71,8% 72,0%

F1 Score Mean loU Mean Accuracy

Fig. 34. Performance metrics of multiple DNNs using UFES dataset and coding pattern #2.

Results of Test by Metric - Industrial Plant Dataset

@mU-Net mENet OSwin-Unet mST-Unet
100%
90%
80%
70%
60%
50%
40%
30%
20%
10%
0%

68,1% 67,6% 68.9%

13,5% 13,4%

11,3% 11,3% 11,5%

F1 Score Mean loU Mean Accuracy

Fig. 35. Performance metrics of multiple DNNs using the Industrial Plant dataset and coding pattern #2.

Results of Test by Metric - HIGHWAY Dataset

BU-Net BENet OSwin-Unet BST-Unet
100%
90%
80% 74,7%
70%
60%
50%
40%
30%
20%
10%
0%

49,0%

F1 Score Mean loU Mean Accuracy

Fig. 36. Performance metrics of multiple DNNs using the Highway dataset and coding pattern #2.
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37. Box plot of accuracy of multiple DNNs using the three datasets and coding pattern #2.

8.3. Experiment #3

In the third experiment, we reduced the number of samples of UFES training

dataset, by eliminating the original augmentation made with 6 translations per image.

Additionally, we included the Industrial Plant dataset in the training data.
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TABLE 10. EXPERIMENT #3 CONFIGURATION

Model U-Net

UFES-II (80%): 12,624 images

Training Dataset
Industrial Plant (80%): 2,784 images

UFES-II (20%): 3,168 images
Industrial Plant (20%): 696 images

Validation Dataset

Testing Dataset 1 UFES-II (same used for validation)
Testing Dataset 2 Industrial Plant: (same used for validation)
Testing Dataset 3 Highway: 3,556 images

TABLE 11 compares the performance of the U-Net DNN in the third experiment
with the results from the second experiment. In the table, the legend (t) denotes that
the testing dataset was not used for validation during training, while (v) indicates that

it was included for validation.

TABLE 11. COMPARED PERFORMANCE OF U-NET USING DIFFERENT TRAINING DATASETS
Model Training Testing Average Median IQR
Dataset Dataset Accuracy Accuracy Accuracy
U-Net Exp #2 UFES-II (v) 93.12% 94.13% 2.40%
U-Net Exp #3 UFES-II (v) 93.87% 94.77% 2.11%
U-Net Exp #2 | Industrial Plant (t) 68.07% 66.90% 5.32%
U-Net Exp #3 | Industrial Plant (v) 87.41% 90.72% 6.93%
U-Net Exp #2 Highway (t) 68.55% 70.86% 10.18%
U-Net Exp #3 Highway (t) 69.02% 70.54% 14.45%

TABLE 11 and Fig. 38 show that the accuracy of the model using UFES dataset
was not impacted by the shortening of the samples included in the training dataset of
experiment #3. Presumably, the augmentation produced by merely translating the
images was not helpful for accuracy. The model was able to learn much more precisely
the Industrial Plant dataset, as it was used during training. There was no significant

variation in the accuracy using the Highway dataset, which was not seen during
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training. This means that the DNN’s generalization ability was not improved, nor

reduced.
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Fig. 38. Box plot of accuracy of U-Net DNN using the datasets from experiments #2 and #3.
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In the fourth experiment, we reduced the number of samples of UFES training

dataset from 12,624 to 11,040, thus saving 1,584 samples for the testing dataset,

which was not used for validation during training. Likewise, we reduced the number of

samples of the Industrial Plant training dataset from 2,784 to 2,424, thus saving 360

samples for the testing dataset, which was not used for validation during training.

Additionally, we included 2,488 samples of the Highway dataset in the training data,

saving 356 samples for the testing dataset, which was not used for validation during

training.
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TABLE 12. EXPERIMENT #4 CONFIGURATION

Models U-Net, ST-UNet

UFES-II (70%): 11,040 images
Training Dataset Industrial Plant (70%): 2,424 images
Highway (70%): 2,488 images

UFES-II (20%): 3,168 images
Validation Dataset Industrial Plant (20%): 696 images
Highway (20%): 712 images

Testing Dataset 1 UFES-II (10%): 1,584 images
Testing Dataset 2 Industrial Plant (10%): 360 images
Testing Dataset 3 Highway (10%): 356 images

TABLE 13 compares the performance of the U-Net DNN in the fourth experiment
with the results from the third experiment. In the table, the legend (t) denotes that the
testing dataset was not used for validation during training, while (v) indicates that it

was included for validation.

TABLE 13. COMPARED PERFORMANCE OF U-NET USING DIFFERENT TRAINING DATASETS
Model Training Testing Average Median IQR
Dataset Dataset Accuracy Accuracy Accuracy
U-Net Exp #3 UFES-II (v) 93.87% 94.77% 2.11%
U-Net Exp #4 UFES-II (v) 92.74% 94.59% 2.87%
U-Net Exp #4 UFES-II (t) 86.97% 90.21% 10.92%
U-Net Exp #3 | Industrial Plant (v) 87.41% 90.72% 6.93%
U-Net Exp #4 | Industrial Plant (v) 85.05% 90.38% 14.52%
U-Net Exp #4 Industrial Plant (t) 74.58% 82.90% 27.34%
U-Net Exp #3 Highway (t) 69.02% 70.54% 14.45%
U-Net Exp #4 Highway (v) 82.76% 84.85% 10.83%
U-Net Exp #4 Highway (t) 82.61% 84.61% 11.04%
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Fig. 39. Box plot of accuracy of U-Net DNN using the datasets from experiments #3 and #4.

TABLE 13 and Fig. 39 show that the accuracy of U-Net, tested on the UFES and
Industrial Plant datasets, dropped by 7 percentage points in experiment #4, while the
interquartile range (IQR) increased. This reduction can be attributed to the fact that, in
experiment #4, the testing dataset contains only samples that were not used for
validation during the training. In contrast, performance remained relatively stable when
the testing dataset was included in the validation during training. For the Highway
dataset, U-Net demonstrated significantly better learning in experiment #4, even when

the testing dataset was not part of the validation set during training.

0 compares the performance of the ST-UNet DNN in the fourth experiment with
the results from the second experiment. In the table, the legend (t) denotes that the
testing dataset was not used for validation during training, while (v) indicates that it

was included for validation.

TABLE 14. COMPARED PERFORMANCE OF ST-UNET USING DIFFERENT TRAINING DATASETS

Model Training Testing Average Median IQR
Dataset Dataset Accuracy Accuracy Accuracy
ST-UNet Exp #2 UFES-II (v) 94.66% 95.35% 1.68%
ST-UNet Exp #4 UFES-II (v) 93.06% 95.17% 2.82%
ST-UNet Exp #4 UFES-II (t) 83.57% 86.05% 16.77%
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Model Training Testing Average Median IQR
Dataset Dataset Accuracy Accuracy Accuracy
ST-UNet Exp #2 | Industrial Plant (t) 62,98% 62,71% 9,09%
ST-UNet Exp #4 | Industrial Plant (v) 89.88% 93.88% 8.06%
ST-UNet Exp #4 Industrial Plant (t) 77.91% 83.42% 25.00%
ST-UNet Exp #2 Highway (t) 74.69% 76.51% 10.13%
ST-UNet Exp #4 Highway (v) 84.25% 85.79% 9.92%
ST-UNet Exp #4 Highway (t) 83.41% 83.98% 11.92%
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Fig. 40. Box plot of accuracy of ST-UNet DNN using the datasets from experiments #2 and #4.
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0 and Fig. 40 show that the accuracy of ST-UNet, tested on the UFES dataset,

dropped by 10 percentage points in experiment #4, while the interquartile range (IQR)

increased. This reduction can be attributed to the fact that, in experiment #4, the testing

dataset contains only samples that were not used for validation during the training. In

contrast, performance remained relatively stable when the testing dataset was

included in the validation during training. For the Industrial Plant and Highway datasets,

ST-UNet demonstrated significantly better learning in experiment #4, when the testing

dataset was not part of the validation set during training.
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8.5. Experiments with IARA in the Real World

A key question to consider is: what constitutes an appropriate evaluation metric
for this specific semantic segmentation task? As highlighted by Csurka et al. [83], this
is not a trivial matter. Different segmentation algorithms may perform optimally under
different evaluation metrics, making it essential to align the chosen metric with the
success criteria of the target application. In our case, the end application is the IARA
path planning process, where a high-quality road grid map is defined by its ability to
accurately preserve the shape and center of each lane. While commonly used metrics
such as average class accuracy, precision, recall, F1 score, and mean loU are valid
and useful, they may not fully capture the overall effectiveness of the proposed system

in achieving its specific purpose.

To evaluate the proposed system’s ability to generate suitable RDDFs from road
grid maps, we first set IARA to drive autonomously using an RDDF extracted from a
manually annotated road grid map of UFES’s ring road. In this experiment, IARA
demonstrated autonomous navigation performance equivalent to that achieved using
the previously employed, precisely annotated RDDF, which was used before the

implementation described in this research. No human intervention was required.

In the final experiment, we used the ENet DNN to generate a road grid map of
UFES’s ring road, and IARA was set to drive autonomously using the RDDF extracted
from this generated road grid map. Remarkably, IARA’s navigation performance in this
experiment was equivalent to that observed in the first experiment described above.
Once again, no human intervention was needed. A video comparing these two
experiments is available'. This version of the ENet DNN achieved an average
accuracy of 83.7%. Consequently, the experiment with IARA demonstrates that this
level of accuracy is sufficient to enable reliable autonomous operation with our

approach, requiring no human intervention.

15 Available at https://bit.ly/road_vid.
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A noteworthy aspect of the new IARA System, which now relies on road grid maps,
is that the high-level decisions IARA must make during navigation are primarily limited
to (i) determining whether to change lanes (for instance, to overtake another vehicle),
and (ii) choosing a direction at intersections (whether to turn right, left, or continue
straight, as illustrated in Fig. 32). This simplifies the path planning process, allowing
the use of online tools such as OpenStreetMap, Google Maps or Waze, similar to how

humans plan routes when traveling to a new destination for the first time.
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9. DISCUSSION

The purpose of this work is to advance the state of the art in addressing the specific
research problem of automatically generating road grid maps and path plans for
autonomous vehicles based on sensor data. Autonomous navigation is a complex task
that requires a robust understanding of road structures, surrounding environments, and
dynamic factors. This work aims to contribute a method that enhances the reliability

and adaptability of autonomous vehicles across diverse scenarios.

The proposed method, as detailed in Section 8, demonstrates significant potential
through several experiments. One notable strength is its robustness in conditions that
challenge traditional approaches. For instance, compared to methods relying on frontal
camera images, our approach offers the key advantage of being unaffected by low
illumination at night — a limitation shared by the human vision system and many existing
autonomous vehicle solutions. This robustness makes it well-suited for nighttime

driving and poorly lit environments.

Another advantage lies in its ability to function effectively in environments where
lane markings are poor or nonexistent. Traditional methods that rely on lane marking
detection can fail in such scenarios, but our approach leverages broader contextual
information about the roadway and its surroundings. This enables the system to
generate path plans in a wider variety of conditions, such as rural roads, unpaved

paths, or temporary roadways, which often lack clearly defined lane markings.

The DNN models used in this work have shown consistent performance when
trained with an expanded dataset that includes diverse road scenarios. This highlights
the importance of dataset quality and diversity in improving the adaptability of
autonomous systems. To further enhance the method, the dataset could be extended
to include a broader variety of road pavements, such as asphalt, concrete, pavers,
clay, and gravel. Additionally, incorporating images from varied contexts — spanning
urban and rural environments, with different types of sidewalks, buildings, and
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vegetation — would improve the model's ability to generalize and adapt to new

environments.

These enhancements are crucial because road and environmental diversity plays
a significant role in real-world autonomous navigation. By accounting for differences in
texture, lighting, and structural context, the DNN can better predict paths and generate

accurate road grid maps, even in challenging or unfamiliar conditions.

While the method offers promising advancements, it is important to acknowledge
its limitations. The accuracy of the proposed approach heavily depends on the quality
and completeness of input sensor data. If the sensor data fails to capture critical road
characteristics, such as ground and background textures or roadway context, the DNN

may struggle to identify driving lanes.

Abnormal situations pose another significant challenge. For example, conditions
such as flooded roads, roadsides covered with mud, or obstacles like debris and fallen
trees can prevent the DNN model from properly identifying paths. However, it is worth
noting that such extreme conditions often also disable human drivers’ ability to
navigate safely, rendering the affected roads inaccessible to traffic regardless of the

navigation method used.

Addressing these limitations presents an opportunity for future research. One
avenue is the integration of multi-modal sensor data, such as combining LiDAR, radar,
and thermal imaging, to enhance the system's ability to handle edge cases like
occluded or poorly visible roadways. Another direction is the development of adaptive
learning techniques that enable the model to refine its understanding of road features

over time, even in changing environments.

Finally, the inclusion of real-time feedback mechanisms could allow the system to
dynamically adjust its behavior in response to environmental changes, improving its
resilience to unexpected conditions. These advancements, combined with ongoing
improvements in dataset diversity and model architecture, have the potential to push
the boundaries of autonomous vehicle navigation, making it safer and more reliable

across all operating conditions.
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10. CONCLUSION

In this work, we introduced a novel approach for enabling autonomous vehicle
operation on roads with degraded or missing horizontal markings. We employed
various DNNs for semantic segmentation of road grid maps, derived from remission
grid maps obtained via LIDAR data. These road grid maps are structured as square
matrices, with each element representing a small section of region of real-world space
and encoding semantic information about the road structure. Simple algorithms were
developed to extract path plans (RDDFs) from these road grid maps, which were then
employed to navigate an autonomous vehicle from its initial position to a desired

destination.

We conducted experimental evaluations of selected DNNs using datasets we
created by manually annotating tens of kilometers of roadways. These datasets have
been made publicly available to support future research involving various types of
autonomous vehicles. The results demonstrated a segmentation accuracy up to
94.7%, indicating that the DNNs were able to successfully infer road features, even

identifying unmarked lanes in the ground truth.

We further validated this approach using the IARA autonomous vehicle over a 3.7
km stretch of urban roads, demonstrating performance comparable to that of a system
reliant on manually generated RDDFs. This result indicates that a segmentation

accuracy of 83.7% suffices for effective autonomous operation with our method.

For future work, there are several opportunities to enhance both the accuracy and
generalization capacity of the DNN used for road grid map segmentation. The training
datasets could be expanded with additional ground truth examples, and the DNN
architectures could be further optimized or replaced with new models to improve

performance.

Moreover, improving the methods for extracting viable path plans from road grid
maps could facilitate the creation of more comprehensive road network graphs, which
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would significantly benefit tasks related to route planning, path planning, and trajectory

generation for autonomous vehicles.
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