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ALGORITHMS APPLIED
IN AUTONOMOUS VEHICLE SYSTEMS
Abstract. Many research centres in the world that deal with the problems of the manufacture of land
vehicles, especially those intended for transport and communication in urban traffic, are still working on the
development of a vehicle equipped with systems that do not require human participation in the process of driving
a vehicle. The goals to be pursued are to ensure maximum safety (minimize accidents involving people) and to
optimize transport costs (eliminating the driver from the vehicle, optimal route selection). This article, which is
the result of broad studies conducted at OBRUM, discusses the development paths of autonomous vehicles and
key algorithms of autonomous vehicles described in detail in the literature cited. The presented results constitute
a starting point for further work on an autonomous vehicle to be carried out at OBRUM.
Keywords: algorithmics, autonomy, autonomous vehicle, autonomous vehicle system.

1. INTRODUCTION
The article presents and discusses basic algorithms applied in autonomous vehicle
systems (land vehicles), the use of which may vary depending on the assumed level of
autonomy and the sensors used. The most important tasks of autonomous vehicle systems,
regardless of the level of automation and the type of sensors, include collecting information
about the environment, estimating their position in the environment, predicting the movement
of other objects and sending calculations made to the vehicle control systems (steering wheel,
throttle, brake, etc.). The material presented in the article is divided into two parts: historical
(section 2) and solutions currently applied (section 3).
2. HISTORICAL SKETCH
A debatable, or perhaps even controversial issue may be the need to implement
autonomous vehicle systems in the context of passenger cars, their users and forthcoming car
rental services [1]. History shows that such attempts have already been made after the
appearance of the first man-operated vehicles. The above doubts do not refer, of course, to
military solutions [2] and the concepts of autonomous urban transport systems [3], [4].
2.1. First attempts on control automation
The history of the first attempts to automate vehicle control dates back to the 1920s,
when in 1926 the Chandler company presented a vehicle radio-controlled by an operator
sitting in another vehicle following the unmanned vehicle. This, of course, was not a case of
vehicle autonomy, but it was the first time a car was moving on the road without a crew [5],
[6]. In 1956 General Motors equipped an experimental Firebird II model with a receiver of
guiding signals transmitted from a wire embedded in the roadway of the so-called highway of
the future [7]. In 1979 an experimental Stanford Cart was able to move in closed space
without human intervention using an image processing algorithm called The Cart’s Vision
Algorithm. This algorithm was inspired by the Blocks World planning method and it consisted
in the reduction of the image to a set of edges, but it proved unsuitable for outdoor use where
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many complex shapes and colours existed [8]. However, the 1960 Blocks World method is
today one of the best known methods in the field of artificial intelligence planning [9] and
environment recognition [10], [11].
2.2. The first autonomous vehicle
In 1995, the experimental VaMP vehicle travelled over a thousand kilometres without
human assistance and it was the first autonomous car able to move around a specific area. The
prototype was able to drive in traffic and to overtake vehicles, and the implemented EMSVision autonomy system was based on data acquired from bifocal camera systems (45 and 15
degrees) mounted on biaxial platforms [12]. Such a selection of cameras (more recent
versions of the EMS-Vision system use a system of three cameras [13]) was dictated by highspeed driving, observation of potential obstacles at larger and smaller distances, terrain
unevenness and the ability to interpret the spatial layout. EMS-Vision made use of the
following:
 road network map;
 static objects on the map that were used as landmarks (waypoints);
 statistical data (e.g. traffic lane width).
Acquiring dynamic knowledge, i.e. collecting information about the environment
while driving, consisted in identifying objects (markers), calculating the positions of objects
(location and orientation) in space using the HTC (Homogeneous Coordinate Transformation)
algorithm and creating a scene tree containing these objects (the elements connecting objects
in the scene tree were their relative positions). The system additionally had decision-making
units for maintaining important objects in the field of vision (to be analyzed by specialized
modules), for steering the vehicle, and a central decision-making unit. The central unit had a
decision-making priority in the absence of tasks, conflicts between the control unit and the
attention keeping unit, and also in the case of other problems. Specialized modules included
in EMS-Vision:
 road recognition - the algorithm not only recognized the way, but created its
model from linked segments and on this basis determined the position of the
vehicle;
 attention control – responsible for communication with a two-axis rotary head that
performs jump (saccadic) manoeuvres related to object tracking;
 navigation - the module calculated several routes to the destination along with the
start and end time of the travel, the length of the route and the estimated travel
ability (planning phase). The calculation results were sent to the central unit,
which decided on the route selection. The selected route was added to the task list
in the mission plan. The mission plan included tasks such as the selected route,
tracking objects (road, landmarks) and other. It was possible to change the original
mission plan during the mission, for example when an expected intersection could
not be found;
 vehicle control (steering) - the module was responsible for analyzing information
coming from decision-making units and performing algorithms for feedback
control, feedforward control and transitional rules. The module evaluated the
resulting sets of equations, calculated the corrective variables and controlled the
actuators [14].
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The above description of the EMS-Vision system does not include modifications [13],
[15], which were created after 1995, but it illustrates the degree of complexity and the number
of algorithms used, meant as defined actions necessary to perform specific tasks in
autonomous vehicle systems.
2.3. DARPA Grand Challenge
Of great importance in the development of autonomous vehicle systems was a
competition sponsored by DARPA (Defense Advanced Research Projects Agency), in which
participants had to construct a vehicle that could drive 241 km (150 miles) across the Nevada
desert. In 2004, none of the teams completed the task, and the best team travelled only 13
kilometres (8 miles). The problem was related to image analysis and the difficulty of
recognizing the environment in which there are no clear lines (e.g. roadside with a pavement),
and the difficulty of interpreting a large number of shadows on irregular desert terrain.
Standard algorithms of image analysis (creating contours, matching lines, etc.), object
identification and strategies to bypass obstacles did not work in 2004. In 2005, the use of
machine learning was started in image analysis processes and five vehicles managed to
complete the route [16].
The use of machine learning in image analysis gave rise to a new trend in building
systems for autonomous vehicles. Major companies began building their own intelligent
systems for autonomous vehicles, e.g. the Waymo project launched in 2009 by Google
(members of the Stanley team who won the DARPA Grand Challenge in 2005 also
participated in the project [17]). The system software of the Stanley vehicle contained
100,000 lines of code and was responsible for interpreting sensor data and making navigation
decisions [18].
2.4. DARPA Urban Grand Challenge
In 2007, an urban competition was held in Victorville, California, with the
participation of 53 teams. 11 teams made it to the final, of which 6 managed to complete the
route. The software of the competition winner, the Tartan Racing team [19], consisted of
500,000 lines of code and allowed unattended navigation in the city street traffic. The Boss
vehicle (Chevrolet Tahoe with hardware and software) used perceptual, planning and
behavioural software to infer traffic conditions and make decisions while moving to the
destination. The vehicle was equipped with a number of lasers, cameras and radars, which
allowed it to plan the route taking into account static and dynamic obstacles (moving objects).
Information on the environment was gathered by algorithms for finding and recognizing lane
restrictions, parking limits, road signs and more. In addition, algorithms have been
implemented to identify the dangerous behaviour of other drivers. The most important
features of the technology developed by the Tartan Racing team include:
 driving in accordance with the road traffic rules (taking into account the priority
rules of crossing intersections);
 detection and tracking other vehicles over long distances;
 finding parking spaces and parking itself;
 maintaining safe distance to followed vehicles;
 reacting to non-standard events (e.g. traffic jams) [20].
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2.5. The first autonomous vehicles approved for road traffic
In 2014, Tesla launched the S model with software called Autopilot Firmware 7.0,
which offered the second level of automation [21]. The description of the automation levels
according to SAE International (previously SAE - Society of Automotive Engineers) is
presented in Table 1.
Table 1. Automation levels according to SAE [22]
Level

Name

Description

0

No Automation

Complete lack of automation. All decisions and actions
are taken by the driver.
assistance
systems,
for
example
in
Driver
accelerating/decelerating, based on external information.
This level requirements are met by ACC (Adaptive
Cruise Control), Parking Assistance and Lane Keeping
Assistance (LKA).
The systems of level 1 are assumed autonomous, but the
driver must monitor the environment continuously.
The vehicle is driven by automatic systems, but the
driver is obliged to react when he/she considers the
decision of the automatic system to be incorrect.
The vehicle is driven by automatic systems even when
the driver does not respond appropriately in a dubious
situation.
Full autonomy. The vehicle is able to perform all driving
tasks under any conditions. The driver may still be able
to control the vehicle.

1
Driver Assistance

2

Partial Automation

3

Conditional Automation

4

High Automation

5

Full Automation

It certainly was not a fully autonomous vehicle (model S) yet, but the then version of
the software allowed autonomous driving along the road, changing lanes and parking on
demand. The S model was one of the first autonomous cars available on the market (not fully
autonomous, however, it aroused discussions about the manufacture and use of autonomous
vehicles) [23].
Other manufacturers, the few to offer automation in their cars at that time, were: Ford
(lane keeping assistance, automatic parallel parking, accident avoidance) [24], Mercedes [25],
Audi and Nissan [26].
Currently, there is a race between passenger car manufacturers in providing their
customers with the safest and, where possible, maintenance-free products. High
competitiveness leads to limited access to information and the inability to accurately analyze
the systems used in practice by car manufacturers.
3. CURRENT SOLUTIONS
This part of the article will present basic algorithms of image analysis, information
storage and decision algorithms, which are used in the construction of prototype autonomous
systems (not necessarily different from commercial solutions).
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The number of events that may occur on the road, image diversity (landscape, season,
time of day), different traffic rules in different countries (e.g. left-hand or right-hand traffic,
road signs) requires a lot of knowledge and a number of proven solutions for the development
of software for a fully autonomous vehicle. It is no exaggeration to say that every image
processing and analysis algorithm can be used in autonomous vehicle systems. However, the
number of algorithms used is limited by computational capabilities and is determined by the
type of sensors used: camera, LASER, GPS, Infrared, LIDAR, etc. The algorithms are
reviewed here in the following respects:
 environment recognition with the help of camera image (section 3.1):
• traffic lane (road) recognition;
• semantic image segmentation and identification of objects;
• image based environment mapping (visual SLAM);
 environment recognition with the help of sensors (section 3.2):
• sensor data based environment mapping (SLAM);
 detection and tracking of moving objects (DATMO, section 3.3);
 planning and decision-making (section 3.4);
• route planning algorithms;
• methods of planning and control of vehicle movement;
• decision making mechanisms;
• artificial intelligence.
3.1. Environment recognition with the help of camera image
Image from cameras is the richest and indispensable source of information in the
process of environment identification. In addition to cameras, radar sensors (insensitive to
weather, dust and pollution) and more expensive laser sensors - lidars are used [27].
3.1.1. Traffic lane (road) recognition
Convergence of parallel lines at one point in three-dimensional space constitutes
valuable information in road identification, because the parallel lines that form the lane meet
at one point in a two-dimensional image (image from a camera). Identification of a lane on the
road consists in finding lines that converge at one point.
The VP (Vanishing Point) method for finding road in a desert, proposed by C.
Rasmussen [28], consists in calculating the dominant orientations in image segments (image
resolution 640 x 480 pixels divided into 72 segments), estimating the position of the point of
convergence and tracking that point in subsequent image frames. The Rasmussen method,
developed to recognize the road in a desert area, today plays an important role in detecting
road lanes in an image [29] and forms the basis for more advanced algorithms [30].
3.1.2. Semantic image segmentation and identification of objects
Modern methods of image analysis, which make use of machine learning (machine
vision), enable detecting specific categories of objects, including people, road signs and cars
in complex images.
Machine learning can be used for semantic segmentation of images (e.g. FRNN (Full
Resolution Residual Networks) method [31]) and for detailed description of an image, i.e.
segmentation with an exact outline of objects. However, due to the large computational cost
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and the numerous artefacts created, image segmentation methods are not applied in practice
[27], [32], [33], [34]. This approach may change with the development of dedicated
equipment [35] [36] and of new, faster methods of semantic segmentation [33] [37].
Machine vision is used to detect specific (predefined) image features: detect traffic
lanes, obstacles, moving objects and to estimate distance [27]. Specialized Advanced Driver
Assistance Systems (ADAS) are able to identify road signs, traffic lights and markings on the
road. More effective methods of machine learning to recognize road signs (and other image
elements), along with the algorithms used, which appeared in various studies and were
described in scientific articles, can be divided into 3 groups [34]:
 general algorithms of machine learning:
• Viola-Jones method of 2001 [38];
• SVM (Support Vector Machine) methods preceded by feature extraction
algorithms, such as:
 Histograms Of Gradients (HOG) [39],
 Pyramid Histograms Of Gradients (PHOG) [40];
 method that enables constructing a strong classifier from a large number of
weaker classifiers – AdaBoost (Adaptive Boosting) [41];






Haar-like feature classifier [39];
feature extractor MSER (Maximally Stable Extremal Regions) [42];
HOG with MSER WaDe algorithms for region extraction [43];
HOG with LDA (Linear Discriminant Analysis) [44][45];
HOG with BCT (Bilateral Chinese Transform) and VBT (Vertex Bisector
Transform) [46];
• AdaBoost methods combined with:
 feature detector LBP (Local Binary Pattern) [47];
 image pyramid and HOG [48];
 Haar-like classifier [49];
• other:
 methods that use genetic algorithms (K. Kaplan) [50];
 BoVW (Bag of Visual Words) with SIFT (Scale-Invariant Feature
Transform) algorithm [51];
 artificial neural networks:
• VG-RAM-WNN (Virtual Generalizing Random Access Memory Weightless
Neural Networks) [52];
• PNN (Probabilistic Neural Networks) with CPT (Central Projection
Transformation) and ACIS (Adaptive Colour Image Segmentation) [53];
 deep machine learning:
• CNN (Convolutional Neural Network) [54];
• CNN preceded by grey scale image processing by SVM [55];
• use of two CNN networks to detect signs in an image and to identify the signs
[56];
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• CNN with RPN (Region Proposal Network) algorithm [57] in a Fast R-CNN
(Fast Region-Based Convolutional Neural Network) [58];
• Faster R-CNN (Faster Region-Based Convolutional Neural Network) methods
for detecting objects within the area of interest, including road signs [59].
According to [34] the most popular and most tested methods used for road sign
recognition are the SVM methods. AdaBoost is characterized by fast execution time, and
neural network methods are the slowest. Deep machine learning methods have demanding
hardware requirements and can therefore be difficult to apply in ADAS systems. Faster RCNN may be an alternative for the semantic image segmentation.
3.1.3. Image based environment mapping (visual SLAM)
SLAM (Simultaneous Localization And Mapping) enables precise determination of
user's own position relative to the environment. In SLAM both the trajectory of the platform
and the location of all landmarks are estimated on-line without the need for any a priori
knowledge of location [60]. In the case of algorithms that use images, in which landmarks
must be identified and tracked in every frame of the camera image, the requirements set for
the equipment used (computing power) are very stringent. A three-dimensional map of the
environment is built based on the landmarks, and the SLAM method itself is in the form of
algorithms:
 EKF-SLAM (EKF - Extended Kalman Filter) algorithm of 1987, which makes
use of the Kalman filter as the main estimator of environment structure [61];
 FastSLAM algorithm which uses RBPFs (Rao-Blackwellised Particle Filters)
[62], [63];
 FastSLAM 2.0, a hybrid solution with combined use of Kalman filter and particle
filters [64];
 RGB-D SLAM which utilizes image and image depth (Kinect) [65];
 ORB-SLAM and ORB-SLAM2 for single images, stereo images (stereoscopic
vision) and RGB-D cameras [66]. The algorithm utilizes the ORB (Oriented FAST
and Rotated BRIEF) descriptor [67];
 a system based on computational models of navigational processes in the
hippocampus (part of the mammalian brain) called RatSLAM [68];
 LSD-SLAM – an algorithm that generates depth maps from individual image
frames without using landmarks [69];
 L-SLAM – an algorithm that reduces the dimensionality of FastSLAM algorithms
[70].
Visual SLAM methods are used primarily in vehicles of small dimensions, e.g. drones
(example source: [71]).
3.2. Environment recognition with the help of sensors
RADAR (Radio Detection And Ranging) and LIDAR (Light Detection and Ranging)
are the basic sensors used in practice for recognizing the environment [32], [72], [73]. Radar
has been used in the automotive industry for a long time for the determination of speed, range
and orientation of objects. It is not sensitive to weather conditions. Lidar, which is heavier and
more expensive, but provides more accurate results (measurements), started to be used on a
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larger scale in 2007 (DARPA Urban Challenge) [74]. The use of radar and lidar is associated
with environment mapping and SLAM algorithms, which are not burdened with the problem
of identifying landmarks in the image.
A less advanced and, therefore, cheaper group of devices are ultrasonic sensors [75],
mounted on, for example, car bumpers (parking sensors), which allow measuring distance to
an obstacle.
3.2.1. Sensor data based environment mapping (SLAM)
SLAM algorithms can be classified according to the type of sensor:
 Radar:
• GraphSLAM offline algorithm [76], based on constructing graphs and mapping
environmental grid [77];
• Graph-Based SLAM based on constructing graphs and finding node
configurations of minimal error [78];
• Real-Time Radar SLAM, which utilizes FastSLAM and GraphSLAM, and
which is performed within 45 milliseconds (Intel Core i7-3830K) [79].
 Lidar:
• ML-SLAM (ML – Maximum Likelihood) based on maximum likelihood
estimation [80];
• Credibilist SLAM (or C-SLAM) [82] based on TBM (Transferable Belief
Model) [81];
• ICP-SLAM [84] which utilizes ICP (Iteractive Closest Point) method of
registering three-dimensional shapes [83];
• Google's Cartographer SLAM, which utilizes, in addition to a lidar, IMU
(Inertial Measurement Unit) and images from cameras [85], [86].
The LOAM algorithm (Lidar Odometry And Mapping), which consists in using
distance measurements made by a biaxial lidar moving in six degrees of freedom, is also used
for environment mapping [87].
3.3. Detection and tracking of moving objects (DATMO)
The DATMO (Detection And Tracking of Moving Objects) algorithms may be applied
when images from a camera [88], radars [89] and lidars [90] are used.
When using the DATMO and SLAM methods, the benefits are mutual. The
identification of dynamic objects in the environment and ignoring them by SLAM algorithms
is of fundamental importance in precise mapping of urban areas with a large number of
moving objects. On the other hand, the possibility of using the SLAM algorithm when
tracking moving objects allows to better estimate global speeds and positions, and thus to
better estimate the trajectories of moving objects [91]. A list of solutions with combined use
of SLAM and DATMO, based on [92], is given in Table 2.
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Table 2. SLAM and DATMO methods
Author(s)

Wang 20022004 [93]

DATMO Method
Tracking
Data relations

SLAM Method

Environment

Grid-based (EKF) MHT (Multiple
IMM (Interactive
Open space
Hypothesis Tracking) Multiple Model) [95]
[94]
Grid-based (Bayes SBJPDA (Sample-based Joint Probabilistic Open space
filter)
Data Association Filters) [97]

Hähnel,
Schulz,
Burgard 2003
[96]
Montesano, Grid map
Minguez,
Montano 2005
[98]
Solà 2007
BiCamSLAM (two
[100]
cameras)
Vu 2009 [91] ML-SLAM and
EKF
Vu, Burlet,
Bayes, ICP
Aycard 2010
[101]

NNR (Nearest
Neighbor Rule) [99]

EKF

Objects

Humans, cars,
bicycles, buses

Humans

Room

Humans, doors

EKF

Room

DDMCMC (Data-Driven Markov Chain
Monte Carlo)
MHT
IMM

Open space

Humans, boxes,
tables, baskets
Humans, cars,
bicycles, buses
Humans, cars

Open space

DATMO methods of object detection and tracking developed independently, i.e. without
employing SLAM methods, with the use of various sensors and in various configurations, are
the subject of many studies, e.g.
 RoadPlot-DATMO with radars, 2D lidars and 3D lidar [102];
 the algorithm described in 2016 by F. J. Both [103] which utilizes GIW-PHD
(Gaussian Inverse Wishart - Probability Hypothesis Density), a radar sensor and
two cameras.
3.4. Planning and decision-making
Identification of unusual events on the road that can occur almost always and
everywhere and can create potential problems must be resolved in a safe manner. Numerous
studies have focused on ethical considerations, in cases where passengers' (or, in the case of
incomplete autonomy, operator's) and other traffic participants' health is endangered, and on
autonomous decisions in such cases [104], [105], [106].
3.4.1. Route planning algorithms
One of the first decisions to be taken by an autonomous vehicle is to choose a route
(path) to the designated point, most often according to the criterion of distance, travel time or
assumed fuel consumption. Heuristic algorithms, which take into account the criterion of
travel, i.e. the cost on the node-connecting edges (weighted graph) in directed graphs, include:
 Bellman-Ford algorithm, with the restrictions in the form of the need to define
edges of non-negative weights [107], [108];
 Dijkstra algorithm, which can be applied if the topology of roads is known [109];
 A* algorithm of 1968 [110] which, along with its modifications [111], is the
solution most often applied [112], [113].
To locate your own vehicle and to determine the route on the map (known a priori),
GPS sensors and geographical position data are applied in the first place. There are also
solutions where maps based on 3D lidar data [114] and image semantics [115] are used.
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3.4.2. Methods of planning and control of vehicle movement
According to [116], methods of planning and control of vehicle movement fall into the
following categories:
 those where advanced methods of perception and decision making are utilized
sequential planning, with the following classification:
• traditional methods:
 non-linear control [117] consisting in tracking the trajectory of the vehicle
movement and maintaining it by steering the vehicle along the designated
route;
 Model Predictive Control (MPC) [118] consisting in precise determination
of vehicle trajectory using traffic optimization and prediction techniques;
 feedback-feedforward control [119], the aim of which, in feedforward
control, is to estimate the steering angle required to drive on the road of
known curvature and speed profile, and in feedback control, to minimize the
feedforward control error;
 shared control or parallel autonomy, in which the autonomous system
functions as a guardian angel, providing additional safety by taking over the
driver's tasks in dangerous situations. Systems of parallel autonomy may
also take over vehicle operation at the driver's request, and this is referred to
as interleaved autonomy [116];
• end-to-end methods based on machine learning which replace the traditional
algorithms of environment perception (described in sections 3.1, 3.1.1, 3.1.2,
3.1.3, 3.2, 3.2.1 and 3.3). These end-to-end methods apply to single
components of the system (as distinguished from the end-to-end autonomy
described further on), e.g. to keeping the vehicle within a lane [118];
 behaviour-aware planning can be treated as an open challenge due to the amount
of interaction between the various traffic users. Socially compliant driving and
cooperation with real human drivers is of great importance for safety in uncertain
environments [116]. Situations such as turning left at a congested road, driving
through a narrow passage with no traffic lights (alternating traffic), incorrect road
marking and other drivers' mistakes are just examples of situations that a fully
autonomous road vehicle and decision making system must cope with. This article
does not describe solutions for unusual traffic situations, but there have been a
number of attempts to solve and describe these problems, e.g. [121], [122], [123];
 end-to-end planning (end-to-end autonomy), which is a solution based on machine
learning and on a holistic approach, i.e. without any breakdown into components
responsible for some part of the system (e.g. keeping the vehicle within a lane).
There are systems in which a convolutional neural network learns to carry out
perception and generates the route solely on the basis of the driving sequence and
the lidar data [124]. A similar solution utilizing camera images, lidar and semantic
image segmentation (KITTI data model [125]) was developed the same year
[126].
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3.4.3. Decision making mechanisms
Driving decision-making mechanisms (DDM) are considered a key technology in
ensuring the autonomous vehicle driving safety. The DDM mechanisms determine the vehicle
movement strategy based on the information collected, i.e. the results of applying algorithms
used in autonomous vehicle systems (mentioned above in the document) and sensor data.
The author has not aimed to accurately classify the decision-making mechanisms due
to the large number of solutions applied that depend on the capability (or necessity) of using
decision making mechanisms (e.g. individual decisions related to identification of road signs
and reliability of estimates or a series of decisions related to vehicle travel to the point of
destination), separate system components (e.g. maintaining safe distance to another vehicle,
active cruise control ACC) and the level of automation. It is, however, possible to present
some decision-making models that may be based on:
 decision trees [127], [128] and diagrams [129];
 Partially Observable Markov Decision Processes (POMPD) [130];
 machine learning:
• Support Vector Machine Regression (SVR) with Particle Swarm Optimization
(PSO) [131];
• Markov Decision Processes (MPD) with Reinforcement Learning (RL) [132];
• Deep Reinforcement Learning (DRL) [133].
3.4.4. Artificial intelligence
Traffic planning, vehicle control and decision making using machine learning methods
only, i.e. end-to-end autonomy, is a very simplified approach, taking into account the number
of algorithms for the detection, identification, tracking of objects, environment mapping and
reacting to unusual events (discussed in sections 3.1 to 3.4.3). In theory, artificial intelligence
can solve any of the problems discussed, but its effectiveness would depend on the number
and selection of training data, i.e. the examples that the artificial intelligence needs to learn.
Another problem, certainly a solvable one, may be the need to carry out appropriate tests to
check the safety of such a system in different situations, under different conditions and in
different locations. Currently, what can be learned from [134], methods of testing autonomous
vehicle systems are not developed in a reliable way and neither are they very demanding.
The end-to-end autonomy was already implemented in 1989 in an ALVINN
(Autonomous Land Vehicle in a Neural Network) system [135]. NVIDIA used deep machine
learning (convolutional neural networks) in 2016 [136]. Nowadays imitation learning
techniques [137] are becoming popular, in which the network learns on the basis of images
that imitate reality (simulators) [138].
4. SUMMARY
Autonomous vehicle systems combine various techniques of perceiving the
environment using popular sensors [75] and algorithms. Methods that solve specific tasks
(environment recognition, planning, decision-making) use analytical algorithms as well as
methods of artificial intelligence, which in some cases produce much better results. Replacing
all algorithms with artificial intelligence (end-to-end autonomy) does not seem to be a viable
solution today because that would require gathering huge amounts of adequate data.

130

Michał BUGAŁA

It will certainly be a long time before fully autonomous vehicles populate the roads.
The process will impose changes in traffic law, create issues of liability for accidents caused
by autonomous vehicles, ethical issues (the trolley problem) and will require determining the
rules of the driving licence test for this type of driver. Nevertheless, the technological progress
in IT will have a continuous impact on the choice of algorithms used in autonomous vehicle
systems and on the emergence of novel methods and algorithms.
This summary does not provide a list of the best algorithms to be used in autonomous
vehicles, as the choice of such algorithms depends on:
 computational power of the equipment used, which affects the speed of algorithm
execution;
 type of sensors, which depends on the dimensions and use of the vehicle;
 quality of the sensors, which is determined by the available budget (a 3D lidar
with a 300 metres range costs more than ten thousand dollars);
 level of automation.
The aim of the article (based on a literature review and literature studies) was to
collect information on algorithms used so far in autonomous vehicle systems, including
algorithms developed for use in practical solutions. The extensive bibliography on the topic
may serve as a guidepost for those interested in looking deeper into the algorithmics of
systems used in autonomous vehicles.
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